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ABSTRACT

Recognising and classifying digraph letter pairs representing single phonemes remains
a key linguistic and computational challenge in low-resource languages. Digraphs are
essential for accurate pronunciation and comprehension in Natural Language
Processing, speech and text recognition, transcription, and machine translation.
Swahili, a widely spoken East African lingua franca, is a low-resource language with
limited linguistic datasets and computational tools, featuring a rich phonetic and
syllabic structure. Current models focus on high-resource languages and word-level
processing, often neglecting the complexities of individual phonemes and digraphs.
This study proposed an optimised model for Swahili digraph recognition by
introducing a Feature Vector Reduction Model using Multinomial Logistic
Regression, aimed at enhancing both computational efficiency and linguistic
precision. The research pursued four key objectives: (1) phonetic and linguistic
analysis of Swabhili digraphs, (2) development of an annotated digraph corpus using a
CNN-based model, (3) optimisation of digraph recognition using FRMLR, and (4)
empirical validation of the FRMLR model. Anchored in positivist epistemology and
employing the Design Science Research Methodology, the study integrates empirical
validation, reproducibility, and measurable outcomes to advance NLP for low-
resource languages. A significant contribution of this study is the creation of the
Annotated Swabhili Digraph Corpus, comprising 31,197 lexicon entries annotated with
digraph-vowel interactions and phonotactic rules. This multimodal corpus built using
CNN-based extraction, incorporates both text and synthetic speech data and achieved
a recognition accuracy of 92.5% (MAE = 0.112, R? = 0.89), thus filling a critical gap
in Swahili linguistic resources. The FRMLR framework effectively reduced 39-
dimensional Mel-Frequency Cepstral Coefficients into compact 5-dimensional
probability vectors, resulting in 70% memory savings (from 1500 MB to 450 MB) and
a 77.8% decrease in training times (from 45 minutes to 10 minutes). It consistently
outperformed baseline methods such as Principal Component Analysis with Support
Vector Machines, achieving a precision of 91.8% and a recall of 90.3%, with minimal
misclassifications. Statistical validation confirmed the effectiveness of FRMLR. A
one-way ANOVA test (p = 0.003) showed a statistically significant improvement in
FRMLR’s performance compared to baseline models, Post hoc analysis using Tukey’s
HSD test further validated that FRMLR significantly outperformed Logistic
Regression (p = 0.002), SVM (p = 0.015), and KNN (p = 0.001), while performing
comparably to CNN (p = 0.670). The AUC-ROC analysis consistently produced
values exceeding 0.91 across the training, validation, and test datasets. This reinforces
the model’s strong ability to distinguish between phonetic patterns. The low false
positive rates (FPR: 0.07-0.10) further confirm FRMLR's precision in minimising
misclassifications. This quality is crucial for applications that require high-confidence
predictions, such as educational tools and speech recognition systems. This study
enhances computational linguistics by integrating machine learning with natural
language processing for ASR in low-resource contexts. The FRMLR model effectively
reduces phonetic feature dimensions, and CNN aids in corpus construction and pattern
recognition. These approaches establish scalable benchmarks for transcription
accuracy and voice systems, promoting digital inclusivity while striking a balance
between linguistic rigour and computational efficiency. Future research should extend
the FRMLR model to dialectal variants, multimodal datasets, and other agglutinative
and low-resource languages.
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CHAPTER ONE
INTRODUCTION

1.1 Background of the Study

Speech recognition software is employed in automatic speech recognition (ASR)
systems to convert spoken words into text [1]. As stated by [2] Technology plays a
pivotal role in facilitating and enhancing interactions among humans as well as
between humans and computers. This entails grouping spoken words into distinct
digraph, consonant, and vowel sound categories. Speech-enabled applications that

depend on correctly identifying phonetic units of speech need ASR [3] [4].

However, speech recognition encounters difficulties due to the unpredictable attributes
of speech signals and the extensive array of phonetic units. Therefore, the accuracy
with which ASR systems can discern phonemes holds paramount importance for

applications relying on speech, such as speech recognition and synthesis [5] [2].

Every language incorporates consonants, vowels, and digraphs; however, the
collection of distinct phonemes is unique to each language. Phonemes are the voiced
components of any language's sound and are an important part of speech that is
typically recognised with ease; as a result, they serve as important cues that improve
speech recognition performance for both humans and machines. As a result, improved
performance of ASR depends on the ability to recognise vowel sounds, consonants,

and digraphs [6].

Swahili, a prominent language in East Africa, is notable for its phonetic and syllabic
structure. It utilises the international Latin alphabet, with letters specifically chosen to
represent Swahili phonemes. Swahili incorporates digraphs, pairs of letters
representing individual sounds. As [7]outlines, the Swabhili alphabet comprises five
vowels: q, e, i, 0, u, and nineteen consonants: b, ¢, d, f, g, h, j, k, [, m, n, p, 1, s, t, v, w,
¥, z (excluding x and g). Furthermore, it includes nine digraphs: ch, dh, gh, kh, ng’, ny,
sh, th, ng.

Swahili poses special linguistic difficulties, particularly when it comes to digraph

identification and recognition. The adoption of ASR has been hindered by
1



performance issues, specifically related to low recognition accuracy [8]. This is

particularly true for low-resource languages (LRLs) like Swahili [4].

The terminology "high resource languages" and "low resource languages" originates
from the recognition, as observed by [9], Natural Language Processing (NLP) systems
and resources pose significant obstacles in the field of NLP presently. However, there
is a notable scarcity of systems or resources catering to these languages [10] [11].
Consequently, the language community faces the challenge of developing tools and

resources, as emphasised in [12] [13].

High-resource languages are those that benefit from abundant digital resources, such
as large text corpora, annotated datasets, pre-trained models (like BERT and GPT),
and robust NLP tools, including tokenisers and parsers. These languages typically
enjoy widespread usage, significant economic influence, or strong institutional
support. Some prominent examples of high-resource languages include English,
Mandarin, Spanish, and French. The key features of these languages include extensive
datasets that facilitate the training of Al models, mature natural language processing
(NLP) pipelines that support various applications such as machine translation and
speech recognition, and substantial investments from both commercial and academic

sectors [9] [12] [13].

High-resource languages like English and Mandarin benefit from abundant datasets
and support, while Swahili, despite a large speaker base, is considered low-resource
in technology. It struggles with data availability and tooling, with scarce annotated
datasets for tasks like named entity recognition. Swahili Wikipedia has only about
60,000 articles compared to English's 6.7 million, and basic natural language
processing tools are often underdeveloped. Machine translation systems like Google
Translate yield unreliable results. Economic and institutional barriers further this
issue, as Swahili lacks the global economic influence of languages like Mandarin,
resulting in underinvestment. While not endangered, the limited digital resources for
Swabhili risk marginalising its speakers and limiting access to Al-driven services and

educational tools [9] [12] [13].



Studies [14] [15] have concentrated on enhancing ASR performance, which can be
done at the recognition or feature extraction (FE) levels. The present study aimed to
concentrate on the feature extraction (FE) level due to its significant influence on

recognition accuracy.

Researchers [14] and [15] have proposed several methods to enhance the performance
of Automatic Speech Recognition (ASR) systems, including feature transformation,
the development of multiple accent models, and pronunciation modelling alongside
acoustic model adaptation. The inherent characteristics of all languages, combined
with the dependence of ASR performance on speech databases, have posed significant
challenges to the cross-language portability of ASR systems. Given that Swahili is a
syllable-based language and that language acquisition begins with the learning of
phoneme pronunciation, this study focused on phoneme recognition, particularly

emphasising Swahili digraphs.

A specialised approach to solving probabilistic classification problems is Multinomial
Logistic Regression (MLR), which estimates the probability of each value of the
dependent variable using a linear combination of the observed characteristics and a
few problem-specific factors [14] [15]. The Multiple Logistic Regression model
forecasts event outcomes based on designated training datasets by gauging the
likelihood of their incidence. It typically computes MLR output by dividing the
likelihood of success by the probability of failure. These probability ratios are derived
from regression analyses. MLR primarily serves as a classifier for identifying vowels,

consonants, and digraphs, as evidenced in studies conducted by [16] [17].

1.2 Problem Statement

Swahili’s complex phonetic structure, including consonant-vowel interplay, tone,
stress, and vowel harmony compounded by digraph usage, poses significant
challenges for accurate word recognition. While existing methodologies can detect
such elements, their computational inefficiency limits their suitability for real-time

automatic speech recognition in low-resource settings [18] [19].

Swahili’s agglutinative structure and tonal variations result in complex word

formations and pitch-dependent meanings, posing significant challenges for

3



morphological analysis and part-of-speech tagging in computational linguistics [6]
[20] [21]. Swahili digraphs are inherently complex, and while conventional models
can recognise them manually, achieving both accuracy and computational efficiency
remains difficult, limiting their viability for real-time language processing [22] [23]

[24] [25].

Inefficient digraph recognition hampers translation accuracy and speech command
interpretation in Swahili NLP systems, despite ongoing advances in computational
linguistics. Existing models struggle with the language’s phonetic intricacies as
nasalised digraphs, vowel harmony, and agglutinative structures, resulting in poor
scalability and latency for real-time applications. Addressing this requires a tailored,
optimised recognition model that balances linguistic precision with computational

speed [26] [27] [28].

Despite major advances in ASR for high-resource languages like English, where error
rates dropped from 25% to below 5% due to transformer-based and self-supervised
models, Swahili ASR still suffers from error rates above 20-30%, driven by limited
phonetic corpora, inadequate acoustic modelling, and insufficient integration of

language-specific features like digraphs and vowel harmony [22] [23] [24] [25].

Studies have shown that linguistic complexity varies across languages, contributing to
elevated ASR errors for low-resource systems [29] [30] [31].However, most literature
prioritises vowel and consonant recognition, often neglecting the role of digraphs
despite their phonemic significance and impact on ASR performance [32] [33] .This
oversight undermines key NLP tasks such as transcription, translation, and speech-to-
text generation. In morphologically rich languages like Swahili, where meaning is
encoded through agglutinative and phonological rules, the lack of phonology-aware
and morphologically sensitive models continues to limit ASR scalability and linguistic

precision.



1.3 Objectives of the Study

1.3.1

General Objective

The main objective of this study is to develop a feature vector reduction model that

optimises Swahili digraph recognition by utilising Multinomial Logistic Regression

while maintaining computational efficiency and linguistic accuracy.

1.3.2
a)

b)

d)

Specific Objectives

To analyse the Swabhili digraph leveraging on phonetic and linguistic principles
to identify and categorise digraphs.

To develop a CNN-based model to create an accurate and annotated Swahili
Digraph Corpus for enhanced linguistic analysis and natural language
processing.

To develop and optimise a Feature Reduction Model using Multinomial
Logistic Regression for phonetic accuracy and computational efficiency in
Swabhili digraph recognition.

To empirically validate the Feature Reduction Model using Multinomial

Logistic Regression (FRMLR) for Optimising Swahili digraph recognition.

1.4 Research Questions

a)

b)

c)

d)

How can phonetic and linguistic principles be leveraged to accurately identify
and categorise Swahili digraphs?

How can a CNN-based digraph extraction model be developed to create an
Annotated Swabhili Digraph Corpus?

How can the Feature Reduction Model using Multinomial Logistic Regression
(FRMLR) be optimised to improve phonetic accuracy in Swahili digraph
recognition?

How can the Feature Reduction Model using Multinomial Logistic Regression
(FRMLR) be empirically validated to ensure its generalisation capability

across diverse datasets?



1.5 Significance of the Study

a) Linguistic Significance

Swahili was recognised as a major African language with a growing digital presence.
Accurate digraph recognition was identified as a critical need for Natural Language
Processing (NLP) applications to ensure seamless integration into digital technologies.
Existing systems lacked the precision required to handle the unique phonetic and
linguistic features of Swahili. This research addressed these shortcomings by
contributing to the understanding and computational representation of Swahili
phonology, creating a foundation for improved linguistic analysis and greater adoption

in digital tools.

b) Technological Advancement

The study addressed key technical challenges by focusing on feature vector reduction
in large linguistic datasets, which was essential for improving computational
efficiency. The use of Multinomial Logistic Regression (MLR) provided a robust
method for classification and dimensionality reduction. The proposed approach
optimised processing speed and accuracy, enabling advancements in real-time Swahili
NLP applications, such as speech recognition systems, text-to-speech synthesis, and

transcription tools.

¢) Corpus Development

The study created an annotated Swahili Digraph Corpus, filling a critical gap in
available linguistic resources. This annotated corpus served as a long-term asset for
Swahili NLP research. The research utilised Convolutional Neural Networks (CNNs),
known for their ability to process images, to analyse written Swabhili digraphs. This

methodology enhanced the flexibility and applicability of the developed model.

d) Practical Applications

The proposed model enhanced the accuracy of Swahili digraph recognition, which had
broad implications for practical applications. It supported speech recognition systems,

text-to-speech synthesis, and optical character recognition (OCR). The improvements



also benefited language learning tools and contributed to digital inclusivity by

improving the accessibility of digital resources for Swahili speakers.

1.6 Scope of the Study

The scope of this study is delimited to the phonetic recognition and classification of
Swahili digraphs within the context of low-resource language speech processing. The
research concentrates on the development, optimisation, and empirical validation of a
Feature Reduction Model utilising Multinomial Logistic Regression (FRMLR),
specifically designed to enhance Automatic Speech Recognition (ASR) for the Swahili

language.

The study encompasses the development of an annotated Swahili Digraph Corpus
employing a Convolutional Neural Network (CNN)-based digraph extraction
framework. The model is configured to identify and learn phonetic features from
authentic Swabhili texts including Kamusi ya Kiswahili, the Swahili Bible, and the
Constitution of Kenya, alongside a curated dataset of diverse digraph-rich sources
from Mendeley, Harvard Dataverse, Zenodo, and Kaggle, ensuring linguistic depth,
dialectal coverage, and scalability for Swahili NLP. The CNN architecture
incorporates convolutional and fully connected layers, augmented with dropout and
flattening mechanisms to promote generalisation and feature discrimination.
Preprocessing techniques such as normalisation and one-hot encoding are applied to

standardise the input feature space prior to model training.

Complementing the textual corpus, the study integrates synthetic audio generation
using Coqui TTS’s Swahili VITS model to simulate high-fidelity articulations of
31,197 Swabhili words. This synthetic audio dataset, sampled at 16 kHz to balance
clarity and computational efficiency, ensures phonetic coverage of nasalised
consonants, vowel sequences, and syllable structures relevant to digraph
classification. The Montreal Forced Aligner (MFA) is employed to align phonetic

transcriptions with waveform segments

Empirical validation is executed through a stratified 70/15/15 data split and a 10-fold

cross-validation procedure to ensure statistical robustness. Performance metrics
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accuracy, precision, recall, F1-score, and AUC-ROC are computed, and the model’s
efficacy is benchmarked using Logistic Regression, Support Vector Machines (SVM),
K-Nearest Neighbours (KNN), and Convolutional Neural Networks (CNN). Statistical
significance is further assessed using ANOVA tests to substantiate observed
performance improvements. The study is implemented in Python using NumPy,

Pandas, TensorFlow, Keras, and scikit-learn.

1.7 Limitations of The Study

While this study provides valuable insights into Swabhili digraph recognition through
feature vector reduction and probabilistic classification, several limitations constrain

the generalisability and scalability of its findings.

First, the availability and diversity of Swahili datasets remain a substantive challenge.
Although authentic sources such as Kamusi ya Kiswahili, the Swahili Bible, and the
Constitution of Kenya were incorporated, the overall corpus size is modest compared
to high-resource language datasets, potentially limiting phonetic coverage across

dialectal variations.

Second, the integration of secondary datasets from Mendeley, Harvard Dataverse,
Zenodo, and Kaggle augmented the corpus, but linguistic diversity and phonological
balance across regional Swahili variants may still be insufficient for universal
applicability. Consequently, certain phonotactic and contextual nuances might be

underrepresented.

Third, the model’s performance evaluation is based on implicit assumptions regarding
digraph classification thresholds, temporal segmentation accuracy, and statistical
homogeneity across folds. These constraints could affect the interpretability of
empirical results, especially in edge cases involving ambiguous or coarticulated

phoneme boundaries.

Fourth, the feature engineering choices, such as dimensionality reduction via FRMLR
and MFCC preprocessing, were optimised for computational tractability. However,

they may have abstracted away finer acoustic details critical for differentiating



spectrally similar digraphs, limiting the model’s sensitivity in phoneme-rich

environments.

Lastly, the model’s design is language-specific, tailored to Swahili’s unique
phonological features like vowel harmony, nasalised digraphs, and agglutinative

morphology. This specificity may hinder its direct transferability to other languages.

Future work should explore larger and more dialectally inclusive corpora, adopt
explicit annotation protocols for acoustic ambiguity, and experiment with hybrid

feature extraction methods to bolster both linguistic granularity and model robustness.

1.8 Contributions of the Thesis
The following constituted the expected research contributions of the research, which
range from improving theoretical understanding of linguistics to useful technological

applications and possible effects on language processing policies.

a. Contributions to Theory
This study contributes to the theoretical advancement of computational linguistics by
demonstrating how a CNN-based model integrating convolutional and dense layers
can effectively extract and classify phonetic features from Swabhili digraphs. The CNN
architecture comprising convolutional, dropout, flattening, and fully connected dense
layers supports the preservation of linguistic nuance while enabling scalable, high-
accuracy processing in low-resource language contexts. The dense layer, in particular,
aggregates spatially distributed features into a compact form suitable for classification,
improving generalisation without sacrificing phonetic detail. The model, trained on a
curated Swabhili corpus, achieves 92.5% recognition accuracy, validating CNN-based
modelling as an effective and linguistically sensitive tool for phoneme-level analysis

in agglutinative and phonologically rich languages.

This study also contributes to the theoretical advancement of machine learning for
linguistic data by demonstrating how Multinomial Logistic Regression (MLR) can
transform dense output features into compact, 5-dimensional probabilistic digraph
vectors. Through the Feature Reduction Model using Multinomial Logistic Regression

(FRMLR), 39-dimensional Mel-Frequency Cepstral Coefficients (MFCCs) are
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converted into low-dimensional yet semantically meaningful representations. This
approach preserves phonetic fidelity while achieving substantial reductions in memory
usage (by 70%) and training time (by 77.8%), thus enhancing the model’s efficiency

for real-time applications in resource-constrained environments.

The study advances the theoretical understanding of dimensionality reduction via
MLR as a dual-purpose tool for both feature extraction and vector optimisation. It
illustrates how probabilistic classification and reduction can coexist within a unified
framework, maintaining classification accuracy while significantly lowering

computational costs.

These contributions illustrate a coherent, empirically validated integration of deep
learning and probabilistic modelling tailored to Swabhili’s linguistic structure. They
provide foundational insights for designing efficient, scalable, and linguistically
grounded NLP architectures capable of generalising across complex, morphologically

rich, and underrepresented languages.

b. Contributions to Practice
This research makes significant practical contributions to the domain of Natural
Language Processing (NLP), particularly with respect to the computational modelling
of low-resource languages. A principal outcome is the creation of the first publicly
accessible, annotated Swabhili Digraph Corpus, comprising 31,197 lexicon entries.
This resource includes rich linguistic metadata, such as digraph-vowel pair
annotations and frequency distributions, and is specifically tailored to facilitate
Swabhili-oriented NLP applications. By addressing the resource deficit endemic to low-
resource languages, the corpus enhances performance in speech processing,
transcription, and machine translation, while simultaneously promoting linguistic

equity in computational research.

The study proposes a replicable and scalable methodology for feature vector reduction
that can be generalised across other linguistically underrepresented languages. This
framework improves computational tractability without diminishing linguistic
granularity, thereby offering a viable foundation for efficient model design in

typologically diverse language contexts.
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A key technological contribution is the design and deployment of the FRMLR
(Feature Reduction Multinomial Logistic Regression) model, which demonstrates
substantial performance improvements specifically, a 77.8% reduction in training time
and a 70% decrease in memory usage compared to conventional based systems. This
efficiency renders the model highly applicable to real-time, resource-constrained NLP
environments, including speech-enabled assistive technologies such as healthcare

chatbots deployed in bandwidth-limited rural regions across East Africa.

These practical outcomes extend the study’s impact beyond theoretical inquiry,
contributing to the development of sustainable NLP infrastructure, fostering equitable
access to language technologies, and enabling scalable, context-aware solutions for

linguistically marginalised communities.

1.9 Organisation of the Thesis

This thesis is systematically organised into seven interconnected chapters, each
building upon the previous one to address the study's research objectives,

methodologies, and findings comprehensively.

Chapter One: Introduction

This chapter lays the foundation by introducing the study's background, problem
statement, research objectives, and corresponding research questions. It also outlines
the significance by highlighting its contributions to theoretical advancement, practical
implementation, and policy discourse in Swabhili digraph recognition, while clearly
defining the scope and limitations to contextualise the study’s relevance and

applicability.

Chapter Two: Literature Review

This chapter reviews literature on Swahili digraph recognition, covering phonetic and
linguistic principles, theoretical frameworks, and feature extraction techniques like
MFCC and RASTA-PLP. It critically examines optimisation strategies such as
Multinomial Logistic Regression in digraph-level phonetic modelling, highlighting
computational challenges and gaps in previous research to justify a specialised
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recognition framework. Objective One was achieved in Chapter Two through a
synthesis of Swabhili’s phonological structure, relevant linguistic theories, and

computational methodologies for digraph identification and optimisation.

Chapter Three: Methodology

This chapter outlines the research design, including the integrated Design Science
Research Methodology (DSRM) approach used for the study. The methodologies for
data collection, corpus annotation, and feature extraction are explained, along with the
tools and techniques used. The chapter also discusses evaluation metrics, internal and
external validation, statistical analysis methods, and ethical considerations, ensuring

transparency and rigor in the research process.

Chapter Four: Development Of the Annotated Swahili Digraph Corpus Using A CNN-
Based Recognition Model

This chapter focuses on the technical implementation of the CNN-based digraph
extraction model. It elaborates on the preprocessing steps, including normalisation and
one-hot encoding, the architecture of convolutional layers and dense layers, and the
annotated Swahili Digraph Corpus. The chapter concludes by presenting training
results, evaluation metrics, and discussions on model performance, emphasising its

significance in advancing Swabhili language processing tasks.

Chapter Five: Feature Reduction Optimisation Using Multinomial Logistic

Regression

In this chapter, the Feature Reduction Model using Multinomial Logistic Regression
(FRMLR) is introduced. The chapter details how the 39-dimensional MFCC feature
vectors are reduced to five-dimensional probability vectors, preserving phonetic
integrity while improving computational efficiency. A comparative performance

analysis against traditional methods such as PCA is also provided.

Chapter Six: Empirical Validation and Benchmarking

12



This chapter presents an in-depth validation and benchmarking of the FRMLR model.
The chapter highlights the evaluation metrics, including accuracy, precision, recall,
and Fl-score, and compares the FRMLR model's performance against baseline
models. Statistical tests like one-way ANOVA and AUC-ROC curve analysis
underscore the reliability and effectiveness of the model for Swahili digraph

recognition.

Chapter Seven: Summary, Conclusion and Recommendations

This final chapter synthesises the research findings, emphasising the contributions to
computational linguistics, NLP, and ASR technologies. Actionable recommendations
are proposed for further research, including extending the FRMLR approach to other
low-resource languages and integrating the model into real-world applications. The
chapter also highlights policy implications and the potential for transforming Swahili

language processing through innovative solutions.
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CHAPTER TWO
LITERATURE REVIEW

2.1 Introduction

This literature review offers a thorough overview of previous studies related to
computer models, digraph recognition, and the processing of the Swabhili language. It
identifies gaps in the existing literature, highlights the significance of the study, and

places the proposed research within a broader academic context.

With the use of speech signals, machines can now automatically recognise human
voices thanks to a process called speech recognition. That is, it facilitates the
establishment of a channel of communication between humans and machines. An
acoustic and modelling algorithm is used by speech recognition software to perform
its function. It enables communication between voice recognition software and
computer interfaces. In the twenty-first century, speech recognition is one of the hot
subjects of conversation. Due to scientists' tireless attempts to realise their goal of
creating an algorithm that will enable robots to communicate with humans, the

prevalence of technological devices in current society has increased [5] [1].

The fundamental technology employed in human-computer interaction processing is
ASR, which aims to convert speech signals into textual information, thereby
establishing a foundational framework for subsequent semantic understanding. ASR
is a broad and multidisciplinary field of technology that encompasses various fields
such as computer science, artificial intelligence, linguistics, digital signal processing,
acoustics, statistics, and more [34]. The enhanced performance of ASR systems has
resulted in their widespread adoption across various sectors, such as military, medical,
and service industries. This advancement has notably reduced the reliance on human
labour and boosted operational efficiency, underscoring the rapid progress within

associated disciplines [35].

The process by which machines translate audible words into their printed equivalents
is known as automatic speech recognition (ASR). Stated differently, ASRs look for a
word string that, given an acoustic waveform, has the highest probability. An analogue

series of utterances is translated from a recorded acoustic speech signal. Identifying
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the basic building blocks of language, such as vowels, consonants and words that are

put together to form sentences, is included in ASR [2] [36].

The goal of ASR is to accurately and effectively translate speech signals into spoken
word equivalents in text or action [36] [37]. Achieving a level of performance close
to human speech recognition is the main goal of ASR [38]. But despite advances in
ASR over the years, this goal is still a long way off. One of the reasons for this is the
variability caused by the characteristics of the speaker or the environment, leading to
incompatibility between the testing and training environments [39]. The inability to
capture distinctive auditory elements that describe the real nature of human speech

equally impacts the performance of ASR [40].

The wide range of applications for ASR and the increasing number of interfaces and
computing devices that allow speech processing have made ASR an active subject of
research. Nonetheless, the majority of applications rely on well-resourced languages,
which outperform those with inadequate resources. Unquestionably, ASR is a tool to
advance such languages, particularly in the context of developing human-to-human or

human-to-machine systems that involve illiterate individuals [41].

Speech recordings serve as a vital source of information about a community's culture.
They capture not only the actual words spoken but also important phonetic nuances
(such as the implosive consonants found in Bantu languages), prosodic features
(including intonation and stress patterns), morphological complexity (like the
agglutinative structures present in Swahili), and paralinguistic elements (such as
pauses, laughter, and emphatic gestures) [42]. These details at the utterance level are
crucial for preserving linguistic authenticity and cultural meaning. However,
transcription remains a significant challenge, as traditional methods often

oversimplify or overlook these essential aspects [43].

For example, Swahili’s vowel harmony rules and nasalised digraphs (ng’a) require
precise phonetic annotation, while its agglutinative morphology (e.g., nilikisoma = "1
had read it") demands morphological segmentation rarely supported by generic tools
[44]. Prosodic markers essential for interpreting pragmatic intent in oral traditions are

frequently lost in transcription [45]. This inadequacy undermines efforts to document
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and revive indigenous languages, as partial representations fail to equip researchers
and practitioners with the depth needed for pedagogical or computational applications.
Addressing these gaps necessitates transcription frameworks that integrate
multidimensional annotation (phonetic, prosodic, morphological) and leverage

adaptive Al models trained on utterance-rich corpora.

The rapid advancement of ASR is mostly dependent on the availability of copious
amounts of annotated text and speech data. While recognition capabilities for major
languages like English and Chinese have reached a considerable level of advancement,
numerous dialects and minority languages continue to face challenges in their
implementation. Low-resource languages are those that fall into this category and
include many different varieties that are devoid of resources such as text annotation,

pronunciation dictionaries, recorded speech data, and linguistic expertise [26].

As Low resource languages attest, speech technology research remains the most direct
and efficient method, even though standard ASR systems are not suitable for low
resource languages that are hard to supply huge volumes of training data. With limited
linguistic resources, an increasing number of academics are starting to undertake in-
depth study and ongoing improvements on speech recognition technologies. Low-
resource speech recognition is the work that is being discussed here, and it has

emerged as a major problem and hot topic in the ASR field [35].

Research in low-resource speech recognition is of paramount importance, particularly
in safeguarding and fostering linguistic diversity, cultural heritage, and global human
communication. Given that many speech transcription systems were initially
developed for English, their effectiveness in other languages is notably limited.
Moreover, acquiring proficiency in even a fraction of the world's languages often

requires years of dedicated study [46].

Modern ASR systems rely on a multi-stage pipeline that integrates signal processing,

machine learning, and linguistic modelling.
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Key steps in ASR systems were demonstrated by research studies [2] [36] [37]
[38].
1. Signal Preprocessing

Noise reduction techniques are essential for enhancing the clarity of audio signals,
particularly in speech processing. Approaches like spectral subtraction and Wiener
filtering are commonly used to filter out background noise, ensuring that the primary
audio is more distinguishable. In addition to noise reduction, effective processing
requires digitising analogue speech signals, typically at a sampling rate ranging from
16 kHz to 44.1 kHz. Once digitised, these signals are segmented into frames of 20 to
40 milliseconds, often employing overlapping windows like the Hamming window.
This method helps maintain continuity in the audio signal, improving the overall

quality of speech recognition and analysis [2] [36].

2. Feature Extraction
To convert raw audio into meaningful discriminative features, techniques such as Mel-
Frequency Cepstral Coefficients (MFCCs) or Perceptual Linear Prediction (PLP) are
commonly employed. In the context of the Swahili language, it is essential to focus on
specific acoustic characteristics. Notably, digraph-specific spectral patterns, such as

rn

those found in the combinations "ny"” and "ng'," as well as the transitions between
vowels and consonants, play a critical role in accurately representing the unique
phonetic features of the language. These elements are crucial for effective speech

processing and recognition tasks [36] [37].

3. Acoustic Modelling
Mapping acoustic features to phonetic units, such as phonemes and digraphs, can be
effectively achieved through various machine learning models. Traditional Hidden
Markov Models (HMMs) have proven to be effective for processing sequential data
in speech recognition tasks. On the other hand, contemporary Deep Neural Networks
(DNNs), which include Convolutional Neural Networks (CNNs) and Recurrent
Neural Networks (RNNs), are particularly adept at capturing complex contextual
relationships. This capability significantly enhances the accuracy of phonetic
mapping. For Swahili-specific applications, it is beneficial to train models on the

Annotated Swahili Digraph Corpus, which helps in recognising agglutinative
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structures and understanding phonotactic constraints specific to the language [36]

[37].

4. Language Modelling
Natural language processing has led to advanced models for predicting word
sequences, such as n-grams and Transformer-based approaches. To improve
contextual accuracy in Swahili, it's important to incorporate its linguistic rules, like
vowel harmony and digraph frequency. By considering these factors, we can enhance

the effectiveness of word prediction in Swahili and similar languages [37] [38].

5. Decoding and Post-processing
Combining acoustic and language model outputs is key for improving speech
recognition in languages like Swabhili. Utilising algorithms such as Viterbi decoding
and beam search enhances transcription accuracy. Post-processing is crucial for
correcting homophones, such as distinguishing between “kupika” ("to cook") and

“kupiga” ("to hit"), ensuring clarity and context in the output [37] [38].

2.2 Phonetic and Linguistic Principles

The accurate identification and categorisation of Swahili digraphs rely heavily on
phonetic and linguistic principles that account for the unique characteristics of the
Swahili language. These principles play a crucial role in enhancing the precision and

efficiency of digraph extraction models.

Swahili digraphs, such as "ng'a", "sha", "nyu", and "tha", exhibit distinct phonological
characteristics that can be leveraged for accurate identification. Swahili typically
follows vowel harmony rules, where vowels within a word harmonise based on their
frontness or backness. This principal aids in predicting the likely combinations of
vowels in digraphs and helps in their categorisation. The Swahili digraphs often

n"nn

include consonant clusters such as "sh," "ng,"” "ny," and "dh," and recognising these
clusters along with their phonetic properties can improve the accuracy of classification
by distinguishing them from similar sounds. Digraphs, such as "ng," are nasalised, and
understanding how nasalisation impacts speech sounds enhance the ability to

recognise these digraphs effectively [47].
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Swahili is a highly agglutinative language, meaning that affixes prefixes, suffixes, and
infixes are added to root words to change their meanings. Digraphs often occur at
specific morphological boundaries, making it essential to understand the
morphological structure to identify their role in word formation, particularly within
verbs, nouns, and adjectives. For instance, certain digraphs like "ka" and "tu" are
frequently seen in verb conjugations and noun formations. Recognising their
morphological context can facilitate accurate categorisation within a linguistic corpus.
Digraphs also play a role in inflectional forms (relating to tense, aspect, and number)
and derivational forms, which involve creating nouns or adjectives from verbs. By
leveraging this linguistic information, one can gain a deeper understanding of how

digraphs operate within sentences [48].

Intonation and stress patterns are critical linguistic features that influence the
pronunciation and meaning of words in Swahili, particularly when digraphs are
involved. In Swahili, stress typically falls on the penultimate syllable of a word,
forming a predictable pattern that aids in pronunciation. However, variations can occur
depending on the digraph and its phonological impact within the word, which can alter
both the stress pattern and the meaning. For instance, while "shangaa" (to be amazed)
and "shauri" (advice) share phonetic similarities, their stress placement and intonation

distinguish their meanings [49].

A model that incorporates these stress patterns into its digraph extraction and
annotation process can better capture the nuances of Swahili pronunciation. This is
particularly valuable for differentiating words with similar spellings or phonetic
structures but distinct meanings, as the stress pattern often serves as a linguistic marker
for contextual and semantic disambiguation [49]. By analysing stress and intonation
patterns during feature extraction, the model can refine its ability to recognise and
categorise digraphs accurately. This approach enhances the quality of the annotated
corpus and provides a deeper understanding of Swahili phonetics, contributing to the
development of robust NLP applications such as speech recognition and language

learning tools.

Swahili adheres to distinct phonotactic constraints, which are systematic rules

governing permissible combinations of sounds within the language. These constraints
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play a critical role in determining which consonant and vowel sequences can co-occur,
thereby defining the structural integrity of Swahili digraphs. For instance, digraphs
like "ng'wa" and "nyu" conform to Swahili's phonotactic rules, while combinations
such as "kp" or "xz" are not permissible in standard Swahili. These rules serve as
linguistic boundaries, ensuring that the digraph extraction model can differentiate
between authentic Swahili digraphs and erroneous or non-existent combinations.
Incorporating these constraints into the model provides a foundational mechanism for
filtering out invalid sequences during the annotation process, enhancing both precision

and linguistic fidelity [50].

By embedding these phonotactic principles, the model can identify patterns consistent
with Swabhili's phonological system, enabling it to reject anomalies and better adapt to
the nuances of the language. This not only ensures accuracy in corpus development
but also aligns the output with the linguistic standards of Swahili, thereby
strengthening its applicability for speech recognition, transcription, and other NLP
tasks. Linguistic principles also include understanding the contextual usage of
digraphs. Digraphs in Swahili are not merely phonetic constructs; they carry
significant grammatical and lexical functions, influencing both sentence structure and
meaning. Their contextual application is vital for accurate recognition and

categorisation [51].

In Swahili, digraphs often fulfil different roles depending on their syntactic
environment. For instance, the digraph "ny" appears in "nyumba" (house) as part of a
noun and in "nyama" (meat) with a similar function. However, its usage in phrases
like "nyinyi" (you all) can serve as a subject marker. Proper syntactic analysis helps
disambiguate these roles, requiring the model to consider positional and functional

cues during digraph extraction.

Digraphs also affect meaning in Swahili, where identical phonetic forms may carry
varying semantic interpretations [52]. For example, the digraph "sha" in "kushauri"”
(to advise) implies an action, while in "kushangaa" (to be amazed), it conveys an
emotional state. A context-aware model can accurately categorise such digraphs by

analysing neighbouring words or phrases for semantic alignment. This involves
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leveraging word embeddings or semantic tagging in the annotated corpus to ensure

the extraction process incorporates the full contextual breadth of digraph usage [53].

Integrating phonetic and linguistic principles can be highly beneficial when
developing a Convolutional Neural Network (CNN)-based or other machine learning
model for Swahili digraph extraction. This can be achieved through several key
strategies. By incorporating phonological and morphological features into dataset
annotations, the model can be guided to understand and recognise linguistic patterns

more effectively [54].

Extracting and emphasising relevant phonetic and linguistic features, such as vowel
harmony, consonant clusters, and affix boundaries, can significantly improve model
accuracy by providing it with meaningful and contextually rich data. Training the
model on these linguistically informed features ensures that it learns the contextual
nuances of Swabhili digraphs, which enhances its ability to correctly identify and

categorise them.

By combining phonetic and linguistic principles with advanced computational models,
the accuracy and effectiveness of Swabhili digraph extraction and categorisation can be
significantly enhanced [55]. This integration leads to the development of a more robust
corpus that is valuable for natural language processing (NLP) and speech recognition

tasks.

2.3 Frameworks
The theoretical framework is built on established language theories, machine learning
principles, and optimisation techniques. The proposed model is developed by

integrating these foundational theories, which also inform the research design.

2.3.1 Distinctive Feature Theory

A linguistic theory called Distinctive Feature Theory seeks to pinpoint and
characterise the smallest, unique characteristics that set one phoneme in a language
apart from another. This theory, which was created in the middle of the 20th century

by linguists Roman Jakobson and Morris Halle, offers a methodical approach to
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categorisation a language's sounds according to the existence or lack of specific

characteristics [56].

The phonetic characteristics of phonemes, or distinctive qualities, are what enable
them to contrast word meanings, such as voice and tense [57]. Distinctive feature
Theory Trubetzkoy [58] [59] [60]and other representatives of the Prague School
contested the presumption that a language's phonemes are unassailable. They modified
that supposition and assert that there is a chance that the phoneme can be broken down

into distinguishing characteristics.

Ferdnand de Saussure [61] was the one who critically viewed the distinctive features
as fundamental components of systems phonological oppositions, despite the fact that
many of the characteristics linked to them had been covered in previous phonetic
works. Many of the fundamental concepts of contemporary distinguishing feature

theory were established

The distinctive feature theory does not consider the phoneme as the relevant
explanatory unit in phonology, but rather the minimal units of phonological analysis
are the features. The DFT claims that it will be possible to generalise the relationships
between sounds in language by allowing the features of phonemes to take place in this
way. According to [62] [59] [60], one of the strengths of DFT is that it provides
sufficient information that can be used to fully specify all phonemes and provide a
classification system that captures all sounds, consonants, vowels and digraphs. Such
a classification system is sure to provide an unusual description of each phoneme in

the language system [60].

Distinctive Feature Theory has been shown to have practical uses in speech therapy,
language acquisition research, and phonetic recognition system design, in addition to
its theoretical contributions [63]. The science of linguistics has benefited greatly from
the application of Distinctive Feature Theory, which has laid the groundwork for
comprehending the systematic and contrastive nature of speech sounds in different
languages. It is still a useful tool for analysing and characterising the phonological

structures of various languages.
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Distinctive Feature Theory adds to cross-linguistic typology by finding universal and
language-specific features that enable linguists to compare and contrast the
phonological systems of various languages. Distinctive feature theory, which offers a
potent instrument for analysing and characterising the phonological structures of
languages, has had a long-lasting influence on the study of linguistics. Its influence
extends beyond theoretical linguistics into practical applications that address real-

world linguistic challenges [64] [65].

This study applies Distinctive Feature Theory to identify and isolate specific phonetic
characteristics that differentiate Swahili digraphs. These features such as voicing,
nasality, and place of articulation form the basis of the MFCC-derived input vectors.
By decomposing phonemes into distinctive traits, the theory helps ensure that the
model captures essential phonological contrasts critical for accurate digraph

classification.

2.3.2 Formal Language Theory (FLT)

The advent of computers and the digital revolution have brought about unprecedented
levels of automation, connection, and information processing, which have
fundamentally transformed society. Formal language theory is essential to the study
of computation because it offers a theoretical framework for comprehending the

composition, behaviour, and manipulation of languages.

Formal language theory, which has its roots in mathematical logic and linguistics,
makes it possible to precisely specify programming languages, create interpreters and
compilers, design and develop algorithms, and investigate computational complexity,

all of which facilitate effective computation [66] [67].

Formal language theory (FLT) explores mathematically structured languages, defining
them as sets of strings formed from a given alphabet according to specific rules. As an
essential discipline within mathematics and theoretical computer science, FLT focuses
on describing, manipulating, and classifying formal languages. This chapter will
introduce fundamental concepts of FLT and examine its applications in linguistics,

computer science, and animal cognition [68].
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The computational complexity of linguistic patterns can be directly studied thanks to
formal language theory, which is the mathematical study of string patterns. This allows
for comparison of distinct linguistic theories, development of methods for machine
processing of language, and the discovery of inductive principles for learning
algorithms that generalise from positive data a context relevant to both human

language acquisition and induction from text corpora [69].

Data structures, system specifications, and programming languages can all be
precisely represented thanks to formal language theory. Formal grammar provides
strict definitions for the syntax and structure of languages, including context-free and
regular grammar. The creation of interpreters, compilers, and other language-
processing tools is based on these representations. The formal languages facilitate the
modelling and manipulation of complex data structures, ensuring efficient storage and
retrieval of information [70]. A formal language, in the context of Formal Language
Theory (FLT), refers to a set of finite sequences or strings that are composed of a
limited vocabulary. In the case of natural languages, this vocabulary typically includes
words, morphemes, or sounds. FLT provides a range of mathematical and algorithmic
tools that enable us to define formal languages using finite means and process them

computationally.

Automata theory, a branch of formal language theory, provides the theoretical
framework needed to understand computing and language recognition. Automata,
such as finite automata, pushdown automata, and Turing machines, are mathematical
models of computer operations [63]. They enable investigations into formal language
hierarchies, language recognition problems, and computability and decidability.
Automata theory is essential to both algorithm design and understanding the

capabilities and limitations of computing systems [71].

Formal language theory is essential to comprehending and processing human language
in the field of natural language processing (NLP). Formal language representations
are used by methods like syntactic parsing, grammar induction, and semantic analysis
to simulate the structure and meaning of sentences in natural language [63]. A branch
of formal language theory called formal semantics makes it possible to analyse and

interpret language meaning rigorously, which helps with the creation of language
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models, machine translation programs, and applications for intelligent language

processing.

To guarantee the accuracy and dependability of algorithms and models used in natural
language in the discipline of natural language processing, formal language theory is
crucial to understanding and processing human language (NLP). Techniques such as
syntactic parsing, grammar induction, and semantic analysis mimic the structure and

meaning of sentences in natural language by utilising formal language representations

[63]

Formal semantics, a subfield of formal language theory, enables rigorous analysis and
interpretation of language meaning, which is useful for developing language models,
machine translation systems, and applications for intelligent language processing.
Formal approaches for NLP systems use FLT ideas to ensure the accuracy and
reliability of models and algorithms used in natural language processing applications

[72].

This study applies Formal Language Theory to structure and process Swabhili digraph
sequences as formal constructs within a computational framework. FLT informs the
segmentation and rule-based annotation of digraphs in the training data, enabling the
model to interpret these sequences systematically. This structured approach supports
syntactic consistency and enhances the model's ability to generalise over patterned

phoneme sequences.

2.3.3 Optimisation Theory

The goal of optimisation theory, a subfield of operations research and mathematics, is
to identify the optimal solution from among all workable options for a given issue.
Finding the best solution, given a set of constraints, may involve determining the
maximum or lowest value of a particular objective function. Numerous disciplines,
including engineering, economics, computer science, finance, and more, have used

Optimisation theory as noted by [73] [74].

Optimisation theory provides a systematic framework for decision-making and

resource allocation, allowing practitioners to make informed choices to achieve the
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best outcomes given certain constraints. It is a fundamental tool in various disciplines,
and ongoing research continues to advance the theory and develop new Optimisation

techniques [75].

One of the primary ideas and elements of Optimisation theory is the objective function,
a mathematical expression that must be maximised or minimised. The amount to be
optimised is represented by it [75]. In order to maximise the objective function, the
Optimisation problem looks for certain factors, or decision variables. The
requirements or limitations that the solution must meet are known as constraints. The
feasible zone, which is a collection of all potential decision variable values that satisfy
the specified constraints, is represented by these constraints, which might be equality

or inequality constraints [73].

The optimal solution refers to a set of values for decision variables that either
maximises or minimises the objective function while adhering to the constraints [73].
It contrasts with local optima, which are solutions optimal only within specific
neighbourhoods [76], and global optima, which represent the best solution across the

entire feasible region [74].

Therefore, optimisation theory offers a methodical framework for allocating resources
and making decisions, enabling practitioners to choose wisely to maximise results
within predetermined bounds. It is an essential tool in many fields, and research is still

being done to expand the theory and provide new Optimisation methods.

This study applies Optimisation Theory to design a computationally efficient
framework for digraph recognition using feature vector reduction. The FRMLR model
is guided by optimisation principles to minimise the loss function, reduce
dimensionality, and tune model parameters such as dropout rates and learning rates.

This ensures optimal trade-offs between accuracy and computational resource usage.

2.3.4 Information Theory
Information Theory, pioneered by Claude Shannon in the mid-20th century, serves as
a mathematical framework for quantifying and analysing information in

communication systems [77]. Its concepts have broad applications beyond
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telecommunications, including fields like data compression, machine learning, natural
language processing (NLP), and computational linguistics [78]. In the context of this
research, Information Theory provides the theoretical foundation for feature reduction
and ensures efficient data representation without compromising essential information

[79].

The key concepts of Information Theory provided a robust foundation for feature
reduction in linguistic data, particularly in the context of Swabhili digraphs.
Information entropy was pivotal in measuring the average uncertainty or
unpredictability within the dataset, enabling the identification of features that added
significant informational value [80]. By removing low-entropy features those
considered redundant or irrelevant, the research reduced computational demands
while maintaining the dataset's essential informational integrity. Redundancy, which
represents repetitive or overlapping information in the dataset, was also addressed.
While redundancy can occasionally improve error tolerance, its excessive presence in

machine learning often results in inefficiency.

The study focused on eliminating overlapping or highly correlated features, which not
only enhanced computational efficiency but also minimised noise in model training,
ensuring a cleaner dataset for processing. The mutual information was employed to
quantify the dependency between features. This concept evaluated how much the
knowledge of one feature reduced uncertainty about another, helping to identify and
exclude redundant features while preserving the most relevant ones for accurate
digraph recognition. These principles of Information Theory collectively improved the
quality of feature reduction, balancing computational efficiency with the preservation

of linguistic data integrity [81].

Data reduction plays a vital role in converting large datasets into valuable information,
which is the central objective of data science. A key aspect of this field is
dimensionality reduction, which has traditionally focused on feature extraction. This
process involves combining primary features linearly to maintain the covariance and
relationships among those features. High-dimensional linguistic datasets, such as
those involving Swabhili digraphs, often consist of numerous features, many of which

are irrelevant or redundant.
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The application of Information Theory principles in this context ensures that feature
reduction is a systematic, data-driven process rather than an arbitrary one. Features
with minimal entropy or high redundancy are carefully excluded, leaving a low-
dimensional feature set that retains the essential informational content necessary for

tasks such as classification and recognition [82].

For instance, when analysing Swahili digraphs, phonetic and acoustic features are
examined using metrics like entropy and redundancy. This method enables the
removal of irrelevant features, such as subtle variations in pitch or redundant co-
occurring digraph patterns, leading to a more streamlined dataset. This refined
representation enhances processing speed while maintaining the accuracy of

applications such as transcription and sentiment analysis.

In a broader sense, optimising the informational content of linguistic data through
these principles has a profound impact on computational efficiency. By reducing
dimensionality, the computational cost associated with training and inference is
significantly minimised, enabling machine learning models to effectively process
larger datasets. This improvement is particularly beneficial for low-resource languages
like Swabhili, where both data availability and computational resources are often

constrained [83].

Beyond linguistic datasets, the application of Information Theory principles extends
to various other domains, such as image processing and bioinformatics. The capacity
to maximise relevant information while minimizing redundancy underscores the

theory’s versatility and enduring significance in data-driven fields.

Information Theory provides a structured approach to optimising information content
in datasets [82]. Its application in this research preserved the essential features for
Swahili digraph recognition while minimising computational inefficiencies. This
approach not only enhanced the performance and scalability of NLP systems but also
contributed to broader objectives like advancing digital inclusivity and fostering

resource-efficient language processing technologies.
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This study applies Information Theory to guide the encoding, transmission, and
transformation of phonetic information through the recognition system. Concepts like
entropy and information gain are used to filter redundant features during preprocessing
and to prioritise high-information elements in the feature vectors. This theoretical lens
ensures that the compressed representations used by the model retain critical linguistic

details.

2.3.5 Statistical Learning Theory

Statistical Learning Theory, developed through the work of Vladimir Vapnik and
Alexey Chervonenkis, forms a vital branch of machine learning that is centred on
understanding and optimising the relationship between model complexity and

predictive accuracy.

Its primary objective is to study how well a machine learning model can generalise to
unseen data, ensuring that it performs reliably when deployed in real-world scenarios.
This theory provides rigorous mathematical tools, such as the Vapnik-Chervonenkis
(VC) dimension, empirical risk minimisation (ERM), and regularisation, to analyse
and improve the learning processes of models, thereby addressing challenges such as

overfitting, underfitting, and scalability [84].

According to [85]Overfitting occurs when a model is excessively tailored to the
training data, capturing noise and specific patterns that fail to generalise to new data.
Conversely, underfitting results when a model is too simplistic, failing to capture the
underlying trends or structures in the data. Statistical Learning Theory seeks to strike
a balance between these extremes by analysing the bias-variance trade-offs and
providing techniques to control model complexity while maintaining high levels of

predictive accuracy.

In this research, Statistical Learning Theory played an instrumental role in guiding the
development and evaluation of the Feature Reduction Multinomial Logistic
Regression (FRMLR) model. The theory was used to assess the model's generalisation
performance, which refers to its ability to make accurate predictions on unseen Swahili
digraph data. By leveraging principles such as the VC dimension and regularisation

[86], the study analysed the trade-offs between the model's complexity and its
29



predictive performance. This ensured that the FRMLR model avoided overfitting
while maintaining strong generalisation capabilities across diverse and unseen

datasets.

Statistical Learning Theory [87] provided valuable insights for enhancing the
integration of Multinomial Logistic Regression (MLR) and Convolutional Neural
Networks (CNNs). The integration of these techniques leveraged MLR's strengths in
feature reduction and CNNs' ability to learn complex patterns, creating a robust and
scalable solution for feature extraction and dimensionality reduction. Statistical
Learning Theory facilitated a deeper understanding of how these methods
complemented each other, guiding their Optimisation to adapt effectively to the unique

challenges posed by low-resource linguistic data such as Swabhili digraphs.

A core aspect of Statistical Learning Theory is its focus on balancing complexity and
generalisation, which was critical for the practical deployment of the models
developed in this research. By optimising the trade-offs between these factors, the
study ensured that the FRMLR model could adapt to linguistic variations and
limitations without sacrificing predictive accuracy. This balance allowed the models
to perform consistently across different datasets, making them more robust and

reliable in real-world scenarios.

The scalability of the models was another key consideration addressed through
Statistical Learning Theory. By applying regularisation techniques, the research
controlled the complexity of the combined MLR and CNN approach, enabling it to
process high-dimensional linguistic datasets efficiently. This scalability was
particularly impactful for low-resource languages like Swahili [83], where data

availability is limited and computational resources are often constrained.

The application of Statistical Learning Theory in this research not only advanced the
theoretical understanding of generalisation and model evaluation but also yielded
practical methodologies for natural language processing (NLP). The insights gained
from the theory guided the development of machine learning models that were both
reliable and adaptable, addressing challenges in feature extraction, dimensionality

reduction, and classification for Swahili digraphs. The practical contributions of
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Statistical Learning Theory extended beyond this specific application to inform best
practices in computational linguistics and machine learning. The theory's emphasis on
balancing complexity and generalisation provided a foundation for creating robust
systems that can be applied to a wide range of linguistic and non-linguistic data

challenges [85].

By embedding Statistical Learning Theory into the development and evaluation of
machine learning models, this research achieved a significant balance between
complexity and predictive performance. The FRMLR model, supported by the
integration of MLR and CNNs, exemplified the theory's principles in action, providing
scalable, efficient, and accurate solutions for feature reduction and linguistic data
processing. The application of this theory not only enhanced the reliability and
applicability of the models but also contributed to advancing machine learning
practices for low-resource languages like Swabhili, thereby furthering the broader goals

of inclusivity and linguistic preservation.

This study applies Statistical Learning Theory to support the training, validation, and
evaluation of the recognition models. It underpins the use of supervised learning,
cross-validation, and probabilistic classification in the CNN and FRMLR frameworks.
By focusing on statistical inference from observed data, the theory supports
generalisation performance and justifies the use of metrics such as precision, recall,

and F1-score.

2.3.6 Swalhili’s Lingua Franca Status

The phonetic subtleties and linguistic traits that distinguish Swabhili digraphs are
revealed by specialised research on the language's linguistic features. The literature
review in this section emphasises the significance of choosing features that capture
the distinctive qualities of Swahili digraphs, highlighting the necessity of a customised
approach to feature extraction that is in line with the language's particular phonetic

structure.

With more than 200 million people using it as their first or second language, Swahili
is one of the top ten languages spoken worldwide. Swabhili, which translates to "the

coast," is the original language of the people who live on Africa's east coast. Since
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their origins in East Africa, Swahili speakers have spread to over 14 nations, including
the Democratic Republic of the Congo (DRC), South Sudan, Somalia, Mozambique,
Malawi, Zambia, Comoros, Tanzania, Kenya, Uganda, Rwanda, Burundi, and even as
far as Oman and Yemen in the Middle East. Along with South Africa and Botswana,
Namibia and other countries in Southern Africa are considering introducing it in

schools [52] [7] [88] [89].

Swahili, as a prominent lingua franca in Africa, has gained widespread recognition for
its cultural, social, and economic significance. Its selection for computational
linguistic research, specifically in digraph recognition, highlights its relevance in both

academic and practical contexts.

Swahili serves as a medium of communication across diverse African regions,
transcending ethnic and cultural boundaries. Historically, its evolution as a trade
language along the East African coast facilitated interactions among traders,

missionaries, and colonial administrators.

This linguistic legacy persists today, with Swabhili acting as a bridge language in
education, governance, and commerce. Swahili, or Kiswabhili, has gained international
recognition as a vital lingua franca, uniting diverse linguistic communities across
Africa and beyond. Its significance is underscored by its designation as the first
African language to have a dedicated day recognised by UNESCO World Kiswabhili
Language Day, celebrated annually on July 7 [90]. This milestone highlights Swahili's
role in promoting cultural diversity, fostering dialogue among civilizations, and

advancing multilingualism as a core value of the United Nations [91].

Mwalongo [92] points out that Swahili's potential for globalisation stems from its
adoption as a national and official language in several countries, including Kenya,
Tanzania, and Uganda, while also being one of the official languages of the African
Union. Such recognition underscores its importance as a lingua franca capable of
fostering unity and integration in a continent with over 2,000 languages. Similarly,
Nkondo [93] emphasises the relevance of Swahili in advancing African knowledge

systems and regional cooperation, aligning with pan-African ideals.
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The use of Swahili as a lingua franca in this research ensures inclusivity and
applicability, as it resonates with a wide audience across different domains. Swahili is
spoken by over 200 million people worldwide, making it one of the most widely
spoken languages in the world. Its influence extends beyond Africa, as it is taught in
universities and institutions globally, from Japan to the United States. This global

reach reflects its adaptability and its role as a bridge language in education, commerce,

The structural intricacies of Swahili make it a fascinating language for computational
research. Its agglutinative nature, where affixes are added to root words to convey
grammatical relationships, presents unique challenges and opportunities for Natural
Language Processing (NLP). Of particular interest are Swahili digraphs combinations
of two letters that create a single sound, such as "ch," "ny," and "sh." These digraphs

contribute to the phonetic richness and semantic precision of the language.

Whiteley [94] underscores the significance of these digraphs in Swahili phonology,
noting that they encapsulate unique sounds not easily represented in other linguistic
systems. Efficient recognition and processing of these digraphs are critical for
developing accurate NLP tools, such as speech recognition systems, machine
translation, and text-to-speech technologies. As Maina et al. [95] illustrate in their
study on CNN-based digraph extraction, addressing the complexities of Swabhili
digraphs enhances the performance and accuracy of computational models, making

this a pivotal area of research.

Leshoele [96] highlights the challenges posed by the high-dimensional linguistic data
inherent in African languages like Swabhili, including morphological richness, lexical
diversity, semantic ambiguity, and dialectal variation. Specifically, Swabhili’s
agglutinative structure generates a vast number of word forms from root morphemes,
complicating linguistic generalisation and data sparsity in computational models. The
inclusion of lexical items from diverse indigenous languages and Arabic results in high
intra-language variability, while semantic polysemy increases the complexity of
disambiguation tasks. Regional dialects and pronunciation inconsistencies inflate the
linguistic feature space, making model standardisation and training more difficult.

These challenges are compounded by a lack of well-annotated corpora and structured
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linguistic resources, ultimately hindering efficient dimensionality reduction and

scalable NLP implementations for Swabhili and similar African languages.

The FRMLR model addresses these challenges by employing techniques such as Mel-
Frequency Cepstral Coefficients (MFCCs) for feature extraction, which captures
phonetic information crucial for distinguishing Swabhili digraphs. By integrating
Multinomial Logistic Regression, the model ensures robust classification of digraphs,
balancing computational efficiency with accuracy. This approach is particularly
significant given Swabhili's growing prominence in digital platforms, where accurate

and efficient processing of its linguistic features is essential.

All languages utilise consonants, vowels, and digraphs, yet no two languages possess
an identical set of distinct sounds, or phonemes. These sounds are the voiced
components of speech and are a critical aspect of speech recognition, which is
generally accomplished effortlessly by humans and machines. The accurate
recognition of vowel sounds, consonants, and digraphs is essential for improving the

overall performance of Automatic Speech Recognition (ASR) systems [97].

A digraph is a pair of letters combined to produce a single phoneme, or sound. For
instance, the phoneme /f/ is formed by the combination of the letters PH in the word
*graph *. The phoneme /ch/ is formed by the combination of the letters CH in *chin
*and the letters CK in duck, which combined produce the /k/ sound. The Swahili
alphabet is identical to the international Latin alphabet, with letters assigned to
represent Swahili phonemes. It employs digraphs, which are sequences of two letters,
to symbolise individual sounds. According to a source cited in [7] [88] [89], the
Swahili alphabet comprises five vowels: q, e, i, o, u. Nineteen consonants are present:
bcdf g hijkl mnprstvwy, z(exceptx and q). The alphabet includes
nine digraphs: ch, dh, gh, kh, ng’, ny, sh, th, ng.

Swahili digraphs consist of consonant combinations, where they are pronounced as

single cohesive sounds. For instance, in English, both "dA" and "th" are pronounced

as "th." The sound of "dh" is akin to the "tA" in "the," "this," "that," and "with," while

the "th" in "thought," "thin," and "both" remains silent, similar to the Swahili word

"stakabadhi" (meaning "receipt") and "hadithi" (meaning "story"). The "gh" sound,
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n.n

resembling the French "r" in "rare," is voiced, as seen in words like "ghali" (meaning
"expensive") and "shughuli" (meaning "affair" or "activity"). On the other hand, the
"kh" sound is voiceless and involves a scratching sensation in the throat, as evident in
"subalkheri" (meaning "good morning"). Despite the similarity in sound to the English
"ng" in "sing," the presence of "ng" at the beginning of words poses a challenge in

pronunciation.

The proposed study is grounded in the body of literature on Swahili language
processing. Numerous facets of Swahili linguistics, such as phonetic characteristics,
digraph patterns, and linguistic complexity, have been studied in the past. Although a
great deal of information exists regarding Swahili language, there is a clear lack of
specialised models that address digraph recognition, particularly those that are
optimised for computational efficiency. This gap emphasises how important it is for

the planned study to advance the field of Swahili language processing.

Swahili's adoption in this research is justified by its linguistic, cultural, and practical
significance. As Africa’s most widely spoken lingua franca, Swahili holds immense
potential for unifying diverse linguistic communities. Leshoele [96] argues for
Swahili’s role as the language of commerce and epistemology, particularly in
supporting regional initiatives like the African Continental Free Trade Area. By
enabling effective communication and information exchange, Swabhili contributes to

the economic and social integration of the continent.

Onzere et al. [98]further emphasise the importance of addressing language variations
in Swahili to enhance communication and integration among speakers from different
regions. This research aligns with such goals by standardising digraph recognition,
thereby fostering linguistic cohesion. The success of language-specific models like
SwahBERT, as demonstrated by Martin et al. [99], reinforces the need for tailored
computational tools to support underrepresented languages. By focusing on Swahili,
this study not only advances NLP methodologies but also contributes to the

preservation and promotion of an African linguistic heritage.

Through the Optimisation of Swabhili digraph recognition using the FRMLR model,
this research exemplifies the intersection of linguistic preservation and technological
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innovation. Swabhili’s status as a lingua franca and its rich linguistic features makes it
an ideal focus for computational research, ensuring its relevance in the digital age. By
enhancing the accuracy and efficiency of NLP tools for Swahili, this study supports

the broader goals of inclusivity, integration, and linguistic diversity in Africa.

2.4 Machine Learning Paradigms

Machine Learning (ML) is a subfield of Artificial Intelligence (AI) that focuses on
developing algorithms and statistical models that enable computers to perform tasks
without explicit programming [ 100]. Instead of following predefined instructions, ML
systems analyse patterns in data and learn from past experiences to make predictions,
classifications, or decisions. These systems improve their performance iteratively as
they are exposed to more data, allowing them to adapt to complex and dynamic

problems.

Machine learning enables computers to learn from data and perform tasks traditionally
done by humans more efficiently. By automatically identifying patterns and refining
its methods over time, machine learning allows systems to process complex tasks such
as speech recognition, Natural language processing, image classification, and fraud
detection with greater speed, accuracy, and scalability than manual human efforts

[101].

By leveraging computational algorithms, machine learning empowers machines to
autonomously access and retrieve data, while continuously enhancing their
performance through accumulated experience. It has simplified life and become an
indispensable instrument in several industries, such as agriculture [102], banking
[102], optimisation [103], robotics [104], structural health monitoring [105], and so
on. It can be applied in cameras for object detection, image, colour, and pattern
recognition, as well as for data gathering, organisation, and converting audio into text
[106]. ML is widely applied in various domains, including natural language processing
(NLP), computer vision, fraud detection, healthcare diagnostics, and autonomous
systems. As advancements in computing power and data availability continue, ML
models are becoming more sophisticated, leading to significant breakthroughs in Al-

driven technologies [107].
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The core principle of ML is to identify patterns and relationships between input
features like characters in a text, pixel values in an image, sensor readings) and
corresponding output labels e.g., digraph classes, object categories, disease diagnoses)
[108]. This is achieved by optimising a mathematical objective, such as minimising
prediction error through techniques like gradient descent. Different types of ML
approaches exist, including supervised learning (where models learn from labelled
data), unsupervised learning (where patterns are identified in unlabelled data), and
reinforcement learning (where agents learn optimal behaviours through rewards and

penalties).

Machine Learning (ML) is broadly categorised into supervised learning, unsupervised
learning, semi-supervised learning, and reinforcement learning. Each learning
paradigm serves distinct functions depending on the nature of the available data and
the desired outcomes. This classification is crucial in determining the appropriate
computational models for various domains, including natural language processing

(NLP), image recognition, and autonomous systems.

2.4.1 Supervised Learning

Supervised Learning is a machine learning paradigm where algorithms learn to map
input data (features) to known output labels (targets) using a labelled dataset [109].
The goal is to train a model to make accurate predictions or classifications by learning
the relationship between inputs and outputs from examples provided during training.
Supervised learning is foundational to modern Al, enabling machines to solve real-

world problems by learning from labelled examples [110].

The primary goal of supervised learning is to develop a computational model capable
of accurately predicting or classifying target outcomes for unseen data by inferring the
underlying relationship between input features and their corresponding labelled
outputs. This paradigm relies on a labelled training dataset, where each input instance
is paired with a known output, to learn a mapping function f:X—Yf:X—Y that
generalises beyond the training examples [111]. The process involves minimizing a
predefined loss function (e.g., cross-entropy for classification, mean squared error for
regression) to quantify and reduce discrepancies between predicted and true labels,

thereby optimising the model’s parameters.
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A critical challenge lies in balancing model complexity to avoid overfitting, where the
model memorises training noise, or underfitting, where it fails to capture essential
patterns. Techniques such as regularisation (e.g., L1/L2 penalties) and validation on
hold-out datasets are employed to enhance generalisation [112]. For instance, in
Swahili digraph recognition, supervised learning enables models to associate
contextual character sequences (e.g., "c" followed by "A") with linguistically accurate
labels (e.g., the digraph "ch"), even when applied to novel text. By achieving this goal,
supervised learning underpins applications ranging from medical diagnostics to
natural language processing, ensuring robust, data-driven decision-making in dynamic

environments [113].

Supervised learning techniques are versatile and have demonstrated remarkable

success across diverse fields. The following highlights some key applications:

1. Text Classification and Sentiment Analysis: Within the domain of Natural
Language Processing (NLP), supervised learning is instrumental in tasks such
as spam email detection and sentiment analysis. Algorithms like Naive Bayes
and Support Vector Machines (SVMs) are commonly employed to classify
textual data. For instance, spam detection involves labelling emails as "spam"
or "not spam," while sentiment analysis evaluates the polarity (positive,
neutral, or negative) of textual content, particularly in social media platforms
[114].

2. Medical Diagnosis and Radiology: Supervised learning, particularly using
Convolutional Neural Networks (CNNs), plays a pivotal role in medical
imaging diagnostics. These models analyse radiological scans such as X-rays
or MRIs to identify diseases in their early stages, including diabetic
retinopathy, lung cancer, and other conditions. This application significantly
enhances the accuracy and efficiency of diagnostic processes [115].

3. Fraud Detection in Financial Transactions: Supervised machine learning
models are extensively utilized to combat fraud in the financial sector. By
analysing historical transaction data, these models learn patterns of typical

financial behaviour. When anomalies such as suspicious spending patterns are

38



detected, the system flags them as potentially fraudulent, enabling proactive

measures to mitigate risks [116].

An illustrative example of supervised learning can be observed in the context of
linguistic applications, such as Swabhili digraph recognition. In this scenario, a
supervised learning model is trained using annotated Swabhili textual corpora, where

nn

digraphs like "ng," "ny," and "sh" are explicitly labelled. By analysing these labelled
samples, the model learns to classify digraphs accurately within the language's
phonetic and orthographic systems. Consequently, the trained model demonstrates the
capability to predict and classify digraphs in previously unseen Swabhili text. This
methodology is particularly beneficial for enhancing Swahili speech recognition
systems by enabling more precise phonetic transcription, thus contributing to

improved linguistic resource accessibility and preservation for underrepresented

languages.

2.4.2 Unsupervised Learning

In this methodology, the learning algorithm is trained using a dataset that lacks any
associated labelled outputs, distinguishing it from the supervised learning paradigm.
Each input instance is processed without an explicit indication of correct or incorrect
outcomes, and unlike supervised learning, there is no external human intervention to
refine or adjust the results. Consequently, unsupervised learning is characterised by a

greater degree of unpredictability in comparison to its supervised counterpart [117].

The primary objective of unsupervised learning is to deeply comprehend a dataset by
revealing its natural structure and distribution patterns. In this approach, the algorithm
strives to identify and encode distinct features from the input, while also abstracting
these characteristics so that they resonate with the dataset’s overall organisation.
Through this autonomous learning process, the algorithm groups various inputs based
on the distinctive features extracted from each instance. Consequently, unsupervised
learning 1s particularly effective in addressing problems related to clustering and

association [118].
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Unsupervised learning methodologies have proven their utility across a range of real-

world applications, facilitating knowledge discovery and decision-making processes.

Prominent examples include:

1.

Customer Segmentation in E-Commerce: In the domain of marketing,
algorithms such as K-Means clustering and Hierarchical Clustering are
employed to segment customers based on their purchasing behaviour. By
analysing transactional data, these techniques group individuals into clusters
with shared characteristics, enabling businesses to tailor targeted
recommendations and personalised marketing strategies effectively [119].
Anomaly Detection in Cybersecurity: Anomaly detection represents a critical
application of unsupervised learning in cybersecurity. By examining network
traffic and user behaviour patterns, unsupervised models identify deviations
from established norms. These deviations often signify potential cyber threats
or fraudulent activities, allowing for pre-emptive measures to secure systems
and data [120].

Topic Modelling in Natural Language Processing (NLP): In NLP,
unsupervised algorithms like Latent Dirichlet Allocation (LDA) and Non-
Negative Matrix Factorisation (NMF) are widely utilised for topic modelling
tasks. These techniques analyse textual corpora to uncover latent semantic
themes within the data. Applications include examining collections of news
articles, academic literature, or large-scale text datasets to discern prevalent
topics, enabling informed decision-making in information-heavy domains

[121].

2.4.3 Semi-Supervised Learning

Semi-supervised learning is a hybrid approach that incorporates a small amount of

labelled data with a large volume of unlabelled data to improve model generalisation.

This is particularly useful in scenarios where data annotation is expensive, time-

consuming, or impractical. This method leverages a substantial volume of input data,

comprising both labelled and unlabelled examples, and occupies an intermediary

position between supervised and unsupervised learning paradigms [122].
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Semi-supervised learning is particularly well-suited to addressing a wide range of
practical learning challenges encountered in real-world scenarios. Its reliance on a
large proportion of unlabelled data, combined with a relatively small amount of
labelled data, minimises the need for extensive human intervention [110]. The appeal
of this approach stems from the fact that acquiring labelled datasets is often
challenging, costly, and may require the expertise of domain specialists. Conversely,
unlabelled datasets are generally more accessible, less expensive, and simpler to
obtain, making them an attractive alternative for training machine learning models

[123].

Semi-supervised learning integrates both supervised and unsupervised approaches to
enhance the training of learning algorithms. Through unsupervised methods, latent
patterns and structures within the input dataset can be uncovered, facilitating a deeper
understanding of the data. On the other hand, supervised methods are leveraged to
generate predictions from unlabelled data based on the best available approximations,
which can then be applied to new datasets. Unlabelled data play a pivotal role in
refining or reassessing hypotheses or predictions originally derived from labelled data,

thereby improving the overall model accuracy and adaptability. [124].

Semi-supervised learning methods utilise unlabelled training data by relying on one
of three fundamental assumptions: the smoothness, the cluster, or the manifold
assumption. These principles guide the algorithm's ability to generalise from limited
labelled data while effectively utilising the unlabelled data to uncover meaningful
patterns or structures. In hybrid learning architectures, supervised (or
"discriminative") learning components are integrated with unsupervised (or
"generative") components. By blending these distinct methodologies, a hybrid deep
neural network can be designed, enhancing the model's capacity to learn from both
types of data. One notable application involves employing action bank features
precomputed visual features derived from a bank of action templates to improve the
recognition of human activities. This approach is anticipated to yield significantly

enhanced outcomes by combining the strengths of multiple learning paradigms [110].

Semi-supervised machine learning has emerged as a powerful tool across various

domains, with notable applications in the healthcare sector. It is essential for tasks like
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identifying and analysing speech, as well as classifying and managing digital content.
Beyond healthcare, this technology demonstrates its versatility by addressing
challenges in diverse areas, including regulatory compliance and oversight. Its ability
to analyse both voice and imagery data with heightened accuracy makes it a valuable

asset for solving complex real-world problems.

2.4.4 Reinforcement Learning (RL)
Reinforcement learning (RL) is a decision-making paradigm where an agent learns
optimal actions through interactions with an environment, receiving rewards or

penalties based on its performance.

Reinforcement learning involves an agent learning how to act within an environment
by interacting with it and receiving feedback, rather than by following explicit
instructions [125]. It selects its next action by balancing what it already knows
(exploitation) with trying out new possibilities (exploration), essentially employing a
trial-and-error approach. After each action, the reinforcement learning agent receives
feedback in the form of a monetary reward that signals how successful that action was,
and it works to learn choices that maximise the overall reward value [126]. Actions
may not only affect the present situation and the immediate reward but also shape

future conditions and influence future rewards.

Learning agents are designed with clear objectives and possess the ability to sense
aspects of their environment. This capability allows them to act and modify the
environment's state to move closer to achieving their goals. When comparing learning
methods, supervised and reinforcement learning take fundamentally different
approaches. In supervised learning, an external 'teacher' provides examples or case
studies to guide the learning process. In contrast, reinforcement learning builds
knowledge through the agent's direct interactions with its environment, learning from

the outcomes of its actions [126].

Reinforcement learning trains an agent by having it interact with its environment,
learning from a system of rewards and penalties. The agent is not guided by explicit
instructions; instead, it receives rewards for correct actions (like a self-driving car
safely reaching its destination or a chess program winning) and penalties for mistakes
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(such as veering off the road or being checkmated). The agent continuously adjusts its

strategy through trial and error to maximise rewards and minimise punishments. [127].

For the subsequent step determined by the learning model, reinforcement learning
employs a system of rewards and penalties. This mechanism is commonly applied in
fields such as gaming and robotics to address decision-making challenges [128]. In
their study [129], they detailed the progress made in applying deep learning techniques
to reinforcement learning (RL) and highlighted how deep feedforward neural
networks (FNN) and recurrent neural networks (RNN) have been employed to

enhance RL performance.

Reinforcement learning is effective with sparse data and is widely used in the
gambling industry, video game development like Grand Theft Auto, and self-driving
cars for navigation. It gained attention with AlphaGo's win in Go and is also applied
in natural language processing. This technique is increasingly impacting everyday life,

from digital services to transportation [101] [130].

Deep neural networks (DNNs) have proven to be highly successful in supervised
learning tasks. Deep learning (DL) models perform exceptionally well in unsupervised

learning, hybrid approaches, and reinforcement learning scenarios [129].

Figure 2.1 delineates the principal paradigms of machine learning and enumerates
representative algorithms associated with each category. It organises these approaches
into four primary groups, each addressing a distinct learning paradigm and set of

computational problems.

43



of Machine learning

Categories and Algorithms ’

\a

\4
ok M S
\ 4 \ 4
- Classification - Classification
- Classification - Clustering
- Clustering - Control
- Regression - Association l
- Linear Regression - K-means Clustering . -Q-Leamning
- Logistic Regression - Principal Component Analysis (PCA) - UClassify - Monte Carlo Tree Search
- Random Forest - tDistributed Stochastic Neighbour -GATE - Temporal Difference (TD)
- Network Neural Lol - Asynchronous Actor-Critic Agents

- Association Rule

(AAAC)

Figure 2.1 Machine learning categories and algorithms [131]

Table 2.1 provides a comparative overview of four primary machine learning
paradigms: Supervised Learning, Unsupervised Learning, Semi-Supervised Learning,

and Reinforcement Learning.

Table 2.1: ML Paradigms and Their Applications

ML Type Definition Real-World Application
Supervised Uses labelled datato ~ Email spam classification, medical
Learning map inputs to outputs  image diagnosis, fraud detection
Unsupervised Identifies patterns in Customer segmentation, topic
Learning unlabelled data modelling, anomaly detection
. . Leverages both

Semi-Supervised g Google Translate for low-resource
L . labelled and ) h i

earnin anguages, speech recognition

8 unlabelled data SHABES. 5P 8
Optimises sequential
Reinforcement P . qu . Autonomous driving, robotics,
. decision-making via i

Learning strategic Al games

rewards and penalties
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For each type, Table 2.1 concisely outlines:

e Definition: A brief description of how the paradigm operates, focusing on its
approach to data and learning.

o Real-World Application: Examples of practical applications that illustrate the
paradigm's capabilities in diverse fields such as healthcare, finance, and
language processing.

o Example in Swahili Digraph Recognition: A specific instance of how each
learning method may be applied to the task of Swahili digraph recognition,

highlighting its relevance or limitations in addressing this linguistic challenge.

In this context, while supervised, unsupervised, and semi-supervised learning can be
directly adapted to improve Swabhili digraph recognition tasks, reinforcement learning
is noted as less applicable due to its design for sequential decision-making rather than
static classification. This organised framework assists researchers and practitioners in

selecting the most appropriate machine-learning strategy for their specific challenges.

Choosing the right machine learning approach depends on both the task's nuances and
the availability of annotated data. For Swahili digraph recognition, supervised learning
is the most fitting paradigm. This is because the study leverages a labelled corpus of
31,197 Swahili words, each annotated with digraph-vowel pairs and phonetic features,
enabling the model to learn from input-output mappings [131]. As noted,
[84][85]Statistical Learning Theory, supervised learning is critical for enabling the
model to generalise from observed examples and perform accurate classification. The
success of this paradigm is evidenced by the model achieving 92.5% classification
accuracy, with efficiency gains of 77.8% in training time and 70% in memory usage

[114].

These metrics demonstrate that the supervised learning framework, grounded in
statistical inference and supported by annotated data, is both effective and
computationally practical for digraph recognition in low-resource Swahili ASR
contexts. This method taps into explicitly labelled datasets where each instance of a

digraph like "ch,” "sh," or "ng™ is identified, allowing models to learn how specific
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contextual features (such as neighbouring characters and word positions) map directly

to distinct digraph classes.

The task is inherently a multi-class classification problem. It demands that each
sequence be assigned to one of the predetermined digraph categories, a challenge that
supervised learning is uniquely positioned to handle through techniques like
probabilistic classification and SoftMax activation. Although unsupervised methods
might offer some assistance in exploring linguistic patterns and semi-supervised
approaches could be useful when labelled data is limited, neither can provide the level
of precision that Swahili's orthographic patterns require. Reinforcement learning,
which is designed for sequential decision-making, does not address the static nature

of this classification task.

2.5 Feature Extraction in Language Processing

The literature reveals a wide range of feature extraction techniques, from conventional
methods to more sophisticated approaches, used in different language processing
tasks. Research has investigated the effective representation of linguistic elements
through statistical, linguistic, and syntactic features. It is imperative to comprehend
the terrain of feature extraction techniques in more general language processing
scenarios in order to modify and enhance these methods for Swahili digraph

recognition.

2.5.1 Linear prediction coding (LPC)

The LPC is a FE approach that mimics the features of the human voice production
system's vocal tract and A voice sample roughly mixes previous speech samples
linearly in Linear Predictive Coding (LPC) analysis. The analysis of the speech signal
using LPC is frame-based [13], [125], [126].

The main goal of linear prediction is to predict the output samples using a linear
mixture of input samples, historical samples, or both. LPC synthesis mimics speech
production by humans. In quasi-state regions of voiced speech, where the all-pole
model of LPC provides a good approximation of the spectral envelope of the vocal

tract, LPC helps create an accurate audio signal model [126][127].
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Using an all-pole infinite impulse response (IIR) filter, LPC models the speech signal
spectrum as an autoregressive ordering system that predicts an unknown speech sample by
combining previously known sample combinations [130]. The human vocal tract is
represented by the IIR filter as a linear time-invariant system for brief intervals of time. A
speech signal's transfer function provides the vocal characteristic that sets one person's
voice apart from another. The speech signal in the time domain is produced by the

convolution of the excitation function and the transfer function [132] [133].

The all-pole LPC vocal tract model can be demonstrated using a customised piecewise
cylindrical acoustic tube model [131],[132]. On the other hand, the understanding is
clearer when the vocal tract filters are used as ladder filters Despite its drawbacks from
uniform weighting applied throughout the spectrum, which leads to worse
performance than MFCC [134], LPC is still widely used because of its simple

implementation.

Due to its powerful speech analysis approaches to estimating basic speech
characteristics, including pitch, formants, spectra, and vocal tract functions, as well as
expressing speech via low-bitrate transmission or storage, LPC analysis is the
preferred FE method among ASR researchers. Other advantages include the high
speed of calculation and the incredibly accurate estimation of speech parameters

[133].

2.5.2 Mel-Frequency Cepstrum Coefficients

This method for feature extraction is standardised. It is predicated on the known
frequency variation of the crucial bandwidth of the human ear [134] [135]. The
frequency information of the input speech signal can be easily, quickly, and
consistently computed into coefficients using MFCC. The Mel-frequency cepstral
coefficient is primarily used for speech processing because it mimics the structure of

the human auditory system [136]

MFCC has been one of the most widely used ASR functions since it was first
introduced by [137] [138]. The basis for perceptually motivated speech representations
(MFCCs) is the logarithmic filter bank amplitudes' discrete Fourier cosine transform.

Every filter in the MFCC computes the average spectrum surrounding each central
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frequency, which is based on the Mel frequency scale [139]. It is based on the auditory

system of humans.

For frequencies above 1 kHz, the Mel frequency scale is roughly logarithmic; for
frequencies below, it is linear. Equation 2.1, which shows a frequency distortion
approximation to obtain the equivalent Mel frequency values, uses f to represent a

linear frequency scale (Hertz) and W(f) to represent the perceived frequency (Mel).
_ Lt
Wi({f)= 2595legl0 (1 m) (Eq. 2.1)

In clean speech, MFCC has performed better than other FE techniques like PLP and
LPC. Because of this, ASR researchers like [132] [133] [140] [141]employ it the most
frequently. The most advanced ASRs are generally agreed to have more efficient vocal

cord excitation signals.

The primary goal of Mel-Frequency Cepstral Coefticients (MFCC) is to capture vocal
tract characteristics from speech recordings. Nonetheless, a notable drawback of
MFCC is its susceptibility to additive noise, such as background noise, due to the

sensitivity of the nonlinear logarithmic function employed in cepstrum generation [1].

In order to mitigate this drawback, [142] suggest a hybrid approach that combines
MFCC and a discrete wavelet transform to solve the phoneme recognition task's issue.
In the meantime, [143] suggested using PCA to determine the Mel-filter coefficients
in order to alter the traditional shape of the filters for improved speech recognition

task performance and noise robustness.

By include dynamic features, such as the temporal slopes derived from regression on
the MFCC coefficients, their efficiency can be greatly increased. The first and second
derivatives of MFCC and energy characteristics have been shown to significantly
improve recognition performance for noise. These techniques are related to strategies

for cepstral domain filtering.
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To incorporate information about the dynamic characteristics of the speech signal over
time, the feature vector often includes the first and second derivatives of the Mel-
Frequency Cepstral Coefficients (MFCC) [144]. MFCC derivatives are typically
calculated over a large number of consecutive frames that capture the dynamics of the

neighbouring speech sound for about 50 Ms.

Another useful feature that MFCC and its successors have been granted is the overall
energy of a frame of speech. This is due to the fact that the speech signal's overall
energy includes voicing information. MFCCs are commonly used as a feature
extraction technique in automatic speech recognition (ASR) research because of their
strong performance, making them a standard baseline for computing probability ratios

in multinomial logistic regression. Figure 2.2 illustrates the MFCC feature extraction

process
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Figure 2.2 MFCC feature extraction process [145]
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2.5.3 Perceptual Linear Prediction

Perceptual Linear Prediction (PLP) is a prominent parametric representation of
speech signals utilised extensively in speech and audio signal processing [146].
Tailored to emulate the perceptual characteristics of the human auditory system, PLP
finds applicability in various domains including speech coding, speech recognition,
and audio compression. PLP is an improvement over Linear Predictive Coding (LPC)

by incorporating perceptual features [147] [148].

The vocal tract's optimal features are the only ones that the PLP model can faithfully
capture. Using concepts from the psychophysics of hearing, PLP, an auditory-based
representation, approximates the auditory spectrum by incorporating elements such as
the equal loudness curve, the intensity-loudness power law, and the critical-band

spectral resolution [149].

In PLP, the changed power spectrum is smoothed using an all-pole model. On the basis
of this model, the output cepstral coefficients are then calculated. PLP aims to integrate
the advantages of LPC and MFCC [150]. The only major distinction between PLP and
LPC is that the speech spectral qualities are changed to better match the characteristics

of the human hearing system [151].

Like any other FE strategy, PLP has its limitations. One such instance is the potential for
spectral smoothing brought on by the critical band filtering process, which could impair
one's ability to discriminate in recognition tasks. Another drawback of PLP features is
their great sensitivity to noise and channel distortions because they rely on the entire
spectral balance of the formant amplitudes. The process of PLP is shown in Figure 2.3

below
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Figure 2.3 The process of PLP [152]

2.5.4 Relative Spectral-Perceptual Linear Prediction (RASTA-PLP)

The RASTA-PLP method combines the benefits of both PLP (perceptual linear
prediction) and RASTA (relative spectral transform). The speech recognition process
uses the spectrally-perceptual linear prediction (RASTA-PLP) approach for feature

extraction.

In RASTA processing, the voice signal is filtered to eliminate the spectral domain's
sluggish changes. RASTA is designed to mimic the properties of the human auditory
system, which is more responsive to sudden changes in spectral content than to gradual
shifts. A method called Perceptual Linear Prediction attempts to simulate the
perceptual properties of the human auditory system. In order to improve the signal's
representation and make it more in line with human perception, it first extracts linear
prediction coefficients from the speech signal and then goes through a number of

processing stages [136].

RASTA-PLP combines the benefits of RASTA and PLP. It first applies RASTA
processing to the speech signal to remove slow spectral changes. After that, PLP

analysis is performed on the processed signal to extract perceptually relevant features.

The RASTA-PLP speech enhancement technique was initially developed to mitigate

unwanted additive noise in Automatic Speech Recognition (ASR) systems. Beyond
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noise reduction, RASTA-PLP also improves speech quality in the presence of
background noise. This method entails linearly filtering the power spectrum trajectory,
particularly in cases of noisy speech. As a result, RASTA-PLP serves as a modulation
frequency bandpass filtering technique applicable in both the cepstral and log spectral
domains [153].

This method is often conducted for signals with ambient noise or voice signal that
have noisy disturbance [153] [136]. The RASTA-PLP technique captures signals with
low modulation very well. The primary purpose of the RASTA-PLP technique is to
reduce additive and undesired noise in voice recognition. Moreover, RASTA-PLP is
not simply lowering the noise influence on the speech signal, but it also improves the

quality of the speech signal.

In the RASTA-PLP model, a band-pass filter is applied to each sub-band in the
perceptual linear prediction (PLP) framework. This addition improves the resilience
of the PLP features by reducing short-term noise fluctuations and eliminating
consistent offsets in speech signals [153]. The RASTA-PLP process consists of several
steps, starting with the calculation of the critical power spectrum, similar to the PLP
method. This is followed by a compression and a static nonlinear transformation. Next,
the time series of each transformed spectral component is passed through a band-pass
filter. After filtering, the speech signal undergoes an expanding static nonlinear
transformation, which is then adjusted according to equal loudness curves. Then, the
intensity-loudness power law is applied to simulate the functioning of the human

auditory system [136] [154].

In conventional PLP, its effectiveness in handling distortions is restricted. This
limitation is addressed with RASTA-PLP. The initial speech signal undergoes spectral
analysis, utilizing either MFCC or PLP methods. Following this, the static non-
linearity is compressed, and a band-pass filter is applied. Another filter bank is then
employed to enhance the non-linearity, resulting in the generation of coefficients.

[147].
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Figure 2.4: RASTA-PLP Feature Extraction Process[147]

RASTA-PLP is commonly used in speech and speaker recognition systems. It has been
found to provide features that are more robust to environmental variations and channel
effects, making it a valuable choice in real-world scenarios where speech signals may

be subject to various conditions.

2.6 Feature Dimensionality Reduction Techniques

Feature reduction techniques aim to reduce the dimensionality of a dataset while
retaining as much relevant information as possible. This process is crucial for handling
high-dimensional data, improving computational efficiency, and mitigating the curse
of dimensionality. The curse of dimensionality imposes challenges such as increased
data storage and computing costs, as well as decreased efficiency and accuracy in
problem-solving. Feature dimensionality reduction, essential in pattern recognition,
has emerged as a pivotal yet challenging aspect in fields like speech recognition,

machine learning, and data mining [155] [156].

Linear spectral dimensionality reduction involves transforming high-dimensional
input features into a lower-dimensional representation. Various techniques have been
introduced in the literature to address this, with principal component analysis (PCA)

being a commonly used method for tackling high dimensionality [156].

2.6.1 Principal Component Analysis

Principal component analysis is a versatile statistical method that simplifies a data
table containing cases and variables into its main components or essential factors. A
limited number of linear combinations of the original variables, referred to as principal
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components, can explain most of the variance present in the data. By focusing on these
key components, this method provides a close approximation of the original data table

[157].

In order to achieve the goal of simplification, PCA enables the original complex
variable to be represented by numerous integrated components that, although not
relating to each other, reflect the information contained in the original variable as
much as feasible. There is a total of np data if there are n samples because a single
sample measures p indicator. However, as indicators typically interact with one
another, the purpose of PCA is to investigate how to extract the principal components

from the indicators [158].

The principal components must be independent of one another and must, to the
greatest extent feasible, reflect the information found in the original data. Through
projection, the high-dimensional observation data is converted into sub-spaces with
lower dimensions in the context of the global minimum reconstruction error. The
largest eigenvalues of the data covariance matrix's Eigen vectors produce a sub-space

that is precisely satisfied [159]

Under these circumstances, PCA is both practically and theoretically possible;
however, its viability requires that the data be embedded in a global linear or roughly
linear low-dimensional space. A significant portion of the original data is kept,
including the best and most straightforward elements, variance that is inaccurately
proportionate to the amount of information, underutilized classification information in
the original data, and even compressed data that is unsuitable for pattern classification

[147] [160].

PCA's principal components are represented by a linear combination of variables. The
eigenvalues of the supplied correlation or covariance matrix must be unique in order
for there to be primary components. While variance typically does not accurately
represent the amount of information, the PCA concentrates on the total variance of the

explanatory variables [147]
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2.6.2 Linear Discriminant Analysis (LDA)

By eliminating redundant and dependent characteristics from datasets, this
preprocessing technique decreases the dataset's dimensions and is applied in
supervised classification. Mapping features from a higher dimensional space to a

lower dimensional space is the main objective of LDA [161].

Principal Component Analysis (PCA) seeks to maximise data variance, whereas
Linear Discriminant Analysis (LDA) seeks to maximise class separation in a
supervised setting. It is especially helpful for feature extraction when the objective is
to improve class discrimination since it may be used to identify a low-dimensional

representation of the data that best discriminates between various classes [161]

Typically, LDA is a representative of the linear method and primarily aims to convert
the original sample through projection to the best discriminant vector space, which
helps with dimension reduction and classification information extraction. With the
maximum inter-class distance and the smallest intraclass distance (maximum inter-
class scatter matrix and smallest intraclass scatter matrix), this guarantees that the data

samples following projection have both dimensions [155]

2.7 Optimisation Techniques

Enhancing the effectiveness of feature extraction procedures heavily relies on the
application of Optimisation strategies and dimensionality reduction techniques.
Theoretical foundations in Optimisation and dimensionality reduction guide the
selection of appropriate methods aimed at improving the computational efficiency of
models. A critical review of existing literature reveals several studies that have
successfully optimised feature vectors for various natural language processing (NLP)
tasks [162] [163] [164]. These studies demonstrate how optimisation techniques can
lead to better performance, reduced complexity, and more accurate recognition

outcomes.

In the context of this research, such insights are instrumental in supporting the dual
objective of utilising Multinomial Logistic Regression (MLR) both as a tool for

extracting salient features and as a means of optimising the resultant feature vectors
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[164]. This optimisation process is key to enhancing the recognition of Swabhili
digraphs by reducing dimensionality while preserving the discriminative power of the

features, thus contributing to more efficient and effective language processing models.

Improving the effectiveness of feature extraction procedures is crucial in building
efficient and accurate models for natural language processing (NLP) tasks. Central to
this process are optimisation strategies and dimensionality reduction techniques,
which aim to enhance model performance by minimising redundancy in the data and

ensuring that only the most informative features are retained.

Theoretical principles from optimisation guide the selection of algorithms that
minimise computational complexity while maintaining or improving classification
accuracy. Dimensionality reduction, on the other hand, transforms high-dimensional
input data into a lower-dimensional space, making the model more computationally

efficient and less prone to overfitting.

Several studies in the NLP domain have demonstrated the effectiveness of such
techniques. For instance, Islam, Mazharul, ef a/ [162] applied Principal Component
Analysis (PCA) to reduce the feature space in sentiment classification tasks, achieving
improved training speed without sacrificing accuracy. Similarly, Wong, Hiu-Man, et
al [163]utilised L1 regularisation (Lasso) in conjunction with logistic regression to
sparsity feature vectors in text classification, leading to more interpretable and
efficient models. In speech recognition, [164] reported gains in recognition accuracy
when combining feature selection with optimisation algorithms such as Stochastic

Gradient Descent (SGD) and Adam.

In this study, the objective is to employ Multinomial Logistic Regression (MLR) both
as a feature extractor and as an optimisation mechanism. By modelling the relationship
between digraph patterns and their phonetic classifications, MLR can highlight the
most relevant features. When regularised (e.g., using L1 or L2 penalties), MLR
facilitates automatic dimensionality reduction by shrinking less informative feature
weights toward zero. This contributes to creating a more robust feature vector that

enhances the recognition of Swahili digraphs.
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The dual approach using MLR for both feature extraction and vector Optimisation
allows for the development of a compact, computationally efficient model while
preserving critical linguistic distinctions within Swahili phonetics. This is especially
important in under-resourced languages, where annotated data may be limited, and

model efficiency is paramount.

Table 2.2 shows various optimisation techniques applied in the study, each serving a

distinct purpose in model development and enhancement.

Table 2.2 Optimisation Techniques

Technique Purpose Notes

PCA (Principal Component ~ Dimensionality Transforms data into orthogonal
Analysis) Reduction components

. Feature Selection Encourages zero-valued feature
L1 Regularisation (Lasso) ) .
& Sparsity weights

P t fitting b lisi
L2 Regularisation (Ridge) Stabilises model reven s.over 1HRE By pERATISInG
large weights

Gradient-Based Optimisers Used in iterative weight updates

Model traini
(SGD, Adam) odet traliing for learning
Multinomial Logistic Classification &  Suitable for multi-class problems
Regression (MLR) Optimisation like digraph recognition

Principal Component Analysis (PCA) is used for dimensionality reduction by
transforming data into orthogonal components. L1 and L2 regularisation techniques
support feature selection and model stabilisation, respectively, with L1 encouraging
sparsity and L2 mitigating overfitting. Gradient-based optimisers like SGD and Adam
facilitate model training through iterative weight updates. Multinomial Logistic
Regression (MLR) is employed for classification, making it well-suited for multi-class

tasks such as Swahili digraph recognition.

2.8 Multinomial Logistic Regression in Language Processing
This section of the literature review explores how language processing models use
multinomial logistic regression. Its effectiveness in a variety of linguistic applications,

such as classification tasks, has been demonstrated in earlier studies. It is necessary to
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investigate its use, particularly in the context of Swabhili digraph recognition, though.
The review draws a link between current approaches and the innovative strategy put
forth in this study by highlighting Multinomial Logistic Regression's ability to offer a

strong framework for the proposed model.

A statistical technique for modelling the probabilities of several classes in a categorical
outcome variable is multinomial logistic regression. This technique is a progression
of binary logistic regression and is appropriate for situations involving more than two
categories. This kind of regression analysis is employed to forecast the likelihood of
certain results or classifications. [165]. Regression or classification are terms used to
describe the statistical process of mapping certain input features into predetermined
output values, depending on how the output is formatted. The mapping procedure that
yields a real-valued result is referred to as regression. Classification, on the other hand,

describes the mapping procedure where the result is a discrete set of classes [4], [166].

MLR is employed when the dependent variable is categorical with more than two
levels (i.e., it has three or more categories). It is suitable for problems where the
outcome is one of several unordered categories. Like binary logistic regression,
multinomial logistic regression estimates coefficients for each feature for each class.
These coefficients represent the change in the log-odds of a particular class associated

with a one-unit change in the predictor variable [167].

Multiple Linear Regression (MLR) is particularly advantageous in contexts where the
objective is to classify subjects according to the values of a set of predictor variables.
While this method shares similarities with logistic regression, it offers greater
generality, as the dependent variable is not confined to only two categories but can

encompass a range of multiple categories [165].

The model estimates the probability distribution for each observation across all
classes, and the class with the highest probability is predicted as the final result. MLR
has two main applications. The first is predicting membership in the group. Regression
analysis yields a categorical class prediction rather than likelihood ratios in the second

use case of MLR, which is classification [168].

58



To train the model, the likelihood of the observed data given the parameters is
maximised and optimisation algorithms such as gradient descent. The performance of
the Multinomial Logistic Regression model is often assessed using metrics such as
accuracy, precision, recall, and the confusion matrix, depending on the specific

application.

The model uses the SoftMax function to convert the raw predictions (log-odds) into
probabilities. The formula for the multinomial logistic regression can be expressed as

follows [168]

_ exp(a+b1X1+b2X2+b3X3+--+)
" 1+exp (a+b1X1+b2X2+b3X3+--) (Eq. 2.2)

These variables are used in an equation:

1. to calculate the probability (p) of a case being in a specific category
ii.  where exp is the exponential (approximately 2.72),
iii.  ais the constant of the equation,

iv.  andb is the coefficient of the predictor or independent variables.

Multinomial logistic regression is highly regarded because it avoids strict prerequisites
such as normality, linearity, and homoscedasticity. Instead, it relies on alternative
assumptions, for instance, that the decisions regarding the dependent variable are
independent. This means that the odds ratio between any two particular outcome
categories is assumed to be unaffected by the other categories, a premise that can be
checked using the Hausman-McFadden test. It assumes non-perfect separation among
predictors; when the outcome groups are completely divided by the predictors, the
odds ratios become independent of other outcomes, resulting in unrealistic coefficient

estimates and inflated effect sizes [165].

2.9 Validation strategies

This section examines the empirical validation and benchmarking methods pertinent to
language processing models. For the successful development of an assessment plan
tailored to the feature vector reduction model, it is imperative to comprehend the

methodologies employed in the thorough validation and benchmarking of existing

59



models. To facilitate the empirical validation phase of the research, the current review
underscores best practices and metrics essential for evaluating the performance of
language processing models. By identifying these parameters, the study establishes a
framework that ensures rigorous assessment and enhances the credibility of the

proposed model.

2.9.1 Empirical Validation

Empirical validation refers to the process of evaluating a model's performance using
real-world data. It involves assessing how well the model generalises to new, unseen
data and whether it meets the desired objectives [169] [170] [171] [172]. Key steps in

empirical validation include:

a) Data Splitting
The validation set is used to adjust hyperparameters and make decisions regarding the
model's structure; the test set is used to assess the model's final performance. The

training set is used to train the model.

b) Cross-Validation
When dealing with a limited dataset, models can be trained and tested multiple times
on different subsets of the data using cross-validation techniques, such as k-fold cross-
validation [173]. Cross-validation is a resampling method that assesses a machine
learning model's performance and its ability to generalise. This technique involves
dividing the dataset into several subsets, training the model on some of these subsets,
and evaluating it on the remaining subsets [174]. To obtain a more reliable estimate of
the model's performance, this process is repeated several times, and the results are

averaged [175].

¢) Evaluation Metrics
The appropriate evaluation metrics based on the task at hand are defined. The F1-score
for classification tasks, accuracy, precision, recall, and mean squared error or R-

squared for regression tasks are common metrics.

Accuracy is a fundamental evaluation metric that measures the overall correctness of

a classification model's predictions. It is defined as the ratio of correctly predicted
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instances (both true positives and true negatives) to the total number of instances [169]

[170]. The formula for accuracy is as follows:

Number of correct predictions

Accuracy = (Eq. 2.3)

Total number of predictions
Precision is an evaluation metric that measures the accuracy of the positive predictions
made by a classification model. It is defined as the ratio of true positive predictions to
the total positive predictions made by the model [169]. The formula for precision is as
follows:

True Positives

Precision = (Eq. 2.4)

True Positives + False Positives

Precision provides insights into the reliability of positive predictions made by the
model. It is especially important in situations where the cost of false positives is high,
and making precise positive predictions is crucial. Precision values range from 0 to 1,
with 1 indicating perfect precision (all positive predictions are correct) and 0

indicating no positive predictions are correct [170].

Recall is the ratio of true positive predictions to the total actual positive instances. It
reflects the model's ability to capture all positive instances. It is calculated using the

following formula:

True Positives

Recall = (Eq. 2.5)

True Positives + False Negatives
Recall offers insights into a model's ability to identify all positive instances within a
dataset. This metric is especially critical in scenarios were overlooking positive

instances (false negatives) carries substantial consequences or costs [169] [170]

The F1 score is a metric that combines precision and recall into a single value. It is
particularly useful when you want to balance both false positives and false negatives

in your model evaluation [169] [170]. The formula for the F1 score is as follows:

F1Score = 2.Precision.Recall (Eq. 2 6)

precision+Recall

61



The F1 score, ranging from 0 to 1, signifies performance, with higher values indicating
better accuracy. It achieves a perfect score of 1 when both precision and recall are
optimal, meaning there are no false positives or false negatives. This metric offers a
balanced assessment of the model's capacity to accurately detect positive cases and

minimise misclassification of negative cases [170]

d) Hyperparameter Tuning
Adjust the model's hyperparameters based on the performance observed on the
validation set. This process may involve grid search, random search, or more advanced

Optimisation techniques.

e) Final Testing
To accurately assess a model's generalisation capabilities, it's crucial to evaluate its
performance using an unbiased test set that hasn't been used in training or
hyperparameter tuning. This ensures a fair and objective evaluation of the model's

effectiveness in real-life situations.

This study adopted a comprehensive set of evaluation metrics including accuracy,
precision, recall, F1-score, and AUC-ROC to empirically validate the performance of
the proposed digraph recognition model. These metrics were selected based on their
ability to holistically capture the classification performance, especially in the context
of imbalanced data and multi-class digraph recognition. Accuracy provided an overall
measure of correctness, while precision and recall addressed false positives and false
negatives respectively, ensuring phonetic reliability. The F1-score balanced these two,
and AUC-ROC measured the model’s capacity to distinguish between digraph classes
under varying thresholds. These metrics were instrumental in ensuring the model's
linguistic precision and computational efficiency, aligning with the study’s goal of

optimising digraph recognition for Swahili as a low-resource language.

A correct algorithm is good, but one that is both correct and efficient is great.
Efficiency, in this case, refers to the algorithm that takes the least amount of execution
time and memory usage possible while still providing the correct answer. Therefore,
the most efficient algorithm is the one that yields the correct answer with the least

amount of time and memory usage possible [177].
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Computational efficiency refers to the ability of an algorithm or model to perform its
task effectively and quickly within reasonable resource constraints, such as time and
memory. In the context of MLR, computational efficiency can impact various aspects
of the modelling process, including training time, prediction speed, and scalability.
Implementing MLR algorithms with efficient Optimisation techniques can

significantly reduce training time [178].

High-dimensional datasets can increase the computational complexity of MLR
models. Feature selection methods, can help reduce the number of features, improving
computational efficiency without sacrificing model performance [179].
Dimensionality reduction techniques like Principal Component Analysis (PCA) or
Singular Value Decomposition (SVD) can also be used to reduce the dimensionality

of the feature space while preserving the most important information [180].

In ASR, computational efficiency refers to the ability of algorithms and systems to
process natural language data quickly and effectively. Given the vast amount of textual
data available, especially with the rise of the internet and social media, computational
efficiency is crucial for tasks such as text classification, sentiment analysis, machine

translation, and information retrieval [181].

Efficient algorithms and models enable real-time or near-real-time processing of large
datasets, allowing applications to deliver timely results and responses to users.
Techniques such as algorithm optimisation, parallel processing, and hardware
acceleration are employed to enhance computational efficiency in ASR systems [8]

[177].

Linguistic accuracy pertains to the fidelity and correctness of language processing
tasks performed by ASR systems. This includes aspects such as grammatical
correctness, semantic coherence, and contextual understanding [181]. Linguistic
accuracy is essential for ensuring that ASR systems produce meaningful and reliable
results, particularly in applications where precision and correctness are critical, such

as language translation, text summarisation, and information extraction.
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Achieving linguistic accuracy often involves developing models and algorithms that
capture the nuances and complexities of natural language, as well as leveraging
linguistic resources such as annotated corpora, lexical databases, and grammatical

rules [182].

Balancing computational efficiency and linguistic accuracy is a common challenge in
ASR research and development [164]. While optimising algorithms for speed and
scalability is important for handling large volumes of data and supporting real-time
applications, it must be done without compromising the quality and accuracy of
linguistic analysis and interpretation. Researchers and practitioners strive to strike a
balance between these two objectives by employing efficient algorithms, leveraging
advances in machine learning and deep learning, and incorporating linguistic

knowledge and resources into NLP systems [29], [183], [3]

By addressing computational efficiency considerations in MLR, researchers can build
models that are not only accurate but also scalable, fast, and resource-efficient, making
them suitable for real-world applications with large datasets and stringent performance

requirements.

In Automatic Speech Recognition (ASR), computational inefficiencies can arise from
various factors, impacting the performance, speed, and accuracy of the ASR system.
ASR systems are known to have computational inefficiencies, which can arise from
several sources. One of the primary sources is the complexity of the statistical models
used in the system, such as Hidden Markov Models (HMMs) or deep neural networks
(DNNs), which are responsible for recognising speech patterns and phonetic units.
The process of training and using these models can be computationally demanding,

especially when the models are large or intricate [184] [185]

Feature extraction is a crucial step in ASR systems where relevant features, such as
Mel-frequency cepstral coefficients (MFCCs) or filter bank energies, are extracted
from input audio signals. This process demands computational resources, and using
inefficient algorithms or parameter settings can result in unnecessary overhead.
During decoding, ASR systems search through a vast space of potential word

sequences to find the most likely transcription given the input audio. This process
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involves evaluating numerous hypotheses and calculating their probabilities, which
can be computationally intensive, particularly for large vocabulary sizes or complex

language models [186].

The Importance of Language Model Complexity in Language models are essential for
accurately decoding speech in ASR systems. However, the complexity of these
models, such as having a vast vocabulary or intricate linguistic details, can
significantly impact the computational load during decoding. This is especially true
when performing tasks like language model rescoring or incorporating contextual

information [187].

Real-time processing is critical in applications such as speech recognition on mobile
devices or live transcription systems. In such scenarios, computational efficiency is
necessary to meet latency requirements. Unresponsiveness or delays in processing due
to high computational load can lead to a poor user experience. Therefore, it is
important to ensure that the processing is done in real-time to provide a seamless user

experience [186].

Hardware limitations can impact the effectiveness of ASR systems. Devices with low
processing power or limited memory capacity can cause degraded performance and
slower processing speeds when running resource-intensive ASR algorithms. To
overcome these challenges, optimisation techniques such as algorithmic
optimisations, parallel processing, or hardware acceleration (using GPUs or

specialised ASR hardware) can be employed to improve system performance [178].

To improve the efficiency, speed, and accuracy of Automatic Speech Recognition
(ASR) systems, developers often address computational inefficiencies through various
techniques. These include algorithmic optimisations, simplifying models, upgrading
hardware, and using parallelisation methods. By optimising each component of the
ASR pipeline and effectively utilising computational resources, ASR systems can

become more practical and scalable for real-world applications.
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2.9.2 Comparison with existing Models

Benchmarking involves comparing the performance of a model or system against
standard benchmarks or other existing models. The goal is to understand how well a
new method performs compared to established baselines or state-of-the-art approaches

[176] [171] [172]. Key aspects of benchmarking include:

a) Standard Datasets
Use well-established benchmark datasets relevant to the specific task. Common
benchmarks exist for various machine learning problems, such as MNIST for image
classification, IMDB for sentiment analysis, or CIFAR-10 for object recognition.

b) Comparison with Baselines
Compare the performance of the proposed model or system against existing baselines
or state-of-the-art methods. This provides context and helps assess the significance of

any improvements.

c) Reproducibility
Ensure that experiments are well-documented and code is made available to facilitate
reproducibility. Transparent and reproducible benchmarks contribute to the reliability

of research findings.

d) Statistical Significance
Use statistical tests to determine if observed differences in performance are
statistically significant. This helps avoid drawing conclusions based on random

variations in experimental results.

e) Community Standards
Adhere to community standards and best practices in benchmarking. This includes
reporting mean performance, standard deviations, and other relevant statistics to

provide a comprehensive view of the model's behaviour.

By combining empirical validation with benchmarking, researchers and practitioners
can gain a comprehensive understanding of a model's strengths, weaknesses, and
overall performance characteristics. This iterative process helps improve models,

inform design decisions, and contribute to the advancement of the field.
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2.10 Conceptual Framework

Swahili digraph recognition is a critical task in Natural Language Processing (NLP)
and speech recognition, requiring effective feature extraction, reduction, and
classification methods. This conceptual framework presents a structured approach to
processing Swabhili digraphs using Convolutional Neural Networks (CNNs) for
developing a model for digraph extraction and Multinomial Logistic Regression

(MLR) for classification.

The framework begins with Swahili Digraph Input, consisting of both written and
spoken digraphs. The input undergoes CNN-Based Feature Extraction, where
phonetic, acoustic, and orthographic characteristics are captured in a High-
Dimensional Feature Vector. To optimise performance, a Feature Reduction Model
using Multinomial Logistic Regression (FRMLR) reduces dimensionality while
preserving essential features. The Reduced Feature Vector is then classified using

MLR, leading to the final Predicted Digraph Class.

An Annotated Swahili Digraph Corpus supports training at multiple stages, enhancing
model performance. The framework also distinguishes Independent Variables (raw
input and corpus), Dependent Variables (classification results), and Intervening

Variables (feature extraction and reduction processes).

Independent Variables

Swahili Digraph Features: These were the raw inputs derived from Swabhili digraphs.
They included acoustic properties such as frequency and duration, orthographic
representations like letter combinations, and linguistic context influencing digraph
phonetics. This data was processed by the Convolutional Neural Network (CNN) and
underwent dimensionality reduction via the Feature Reduction Multinomial Logistic
Regression (FRMLR) model.

Feature Reduction Model (FRMLR) Parameters: These included the configurations
and settings of the Multinomial Logistic Regression model, which influenced the
dimensionality reduction process.

CNN-Based Corpus Annotation: This referred to the annotated Swahili Digraph
Corpus created by the CNN, whose quality and accuracy had a direct impact on

downstream processes.
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Intervening Variables

Quality of the Swahili Digraph Corpus: The accuracy and completeness of the
annotated corpus significantly affected the performance of both the CNN and the
FRMLR models.

Effectiveness of Feature Extraction: The CNN’s ability to extract relevant features
accurately impacted both the dimensionality reduction process and final classification

performance.

MLR Model Performance: The FRMLR model's ability to reduce feature vector
dimensionality while preserving crucial information was influenced by its capacity to
capture phonetic and linguistic context, including external effects such as surrounding

phonemes or words influencing digraph pronunciation.

Dependent Variables

Swahili Digraph Recognition Accuracy: This was a key outcome, measuring how
accurately the model identified Swahili digraphs.

Computational Efficiency: This evaluated the model’s performance in terms of speed

and resource usage.

Dimensionality of Feature Vectors: This represented the number of features remaining

after dimensionality reduction, reflecting the effectiveness of the FRMLR process.

Model Components

e Convolutional Neural Network (CNN): This component facilitated feature
extraction and contributed to the creation of the annotated Swahili Digraph
Corpus.

e Feature Reduction Using Multinomial Logistic Regression (FRMLR): This
reduced high-dimensional feature vectors into manageable forms while
retaining critical information.

e Classification Using Multinomial Logistic Regression (MLR): This classified

the reduced feature vectors into specific digraph classes.
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Data and Resources
e Swahili Digraph Input: This included both written and audio forms of Swahili
digraphs as raw data.
e Annotated Swahili Digraph Corpus: This corpus was used to train the CNN
and MLR models, improving their accuracy and feature extraction

performance.

2.11 Summary

This chapter presents a comprehensive review of literature on Swahili digraph
recognition, drawing from phonetic and linguistic principles, acoustic modelling
techniques (e.g., MFCC, RASTA-PLP), and optimisation strategies including
multinomial logistic regression. It underscores ongoing challenges in computational
efficiency and linguistic precision that hinder ASR performance for Swahili, a low-
resource but phonologically intricate language. Objective One was fully achieved
through the systematic analysis and empirical synthesis of Swahili digraphs, which
were ch, dh, gh, kh, ng’, ny, sh, th, ng. Their acoustic features, vowel co-occurrence,
and frequency distributions were examined in detail, informed by linguistic constructs
like vowel harmony, nasalisation, and agglutination. This led to the creation of a
linguistically grounded digraph taxonomy, providing a robust foundation for
computational modelling and enhancing NLP applications, including transcription and
translation. The chapter also identified five key gaps in the literature, ranging from the
absence of specialised digraph models and computationally efficient frameworks to
underutilised MLR integration and insufficient empirical validation. These insights
substantiate the need for a tailored recognition model and contribute meaningfully

toward inclusive, scalable solutions for Swahili language technologies.
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CHAPTER THREE
METHODOLOGY

3.1 Introduction

This chapter outlines the comprehensive research methodology adopted to achieve the
study’s objectives, with a particular focus on the development and implementation of
the Swabhili digraph recognition system. It begins by detailing the philosophical
underpinnings and research design, followed by descriptions of the data sources,
collection procedures, sampling strategies, and analytical tools. The chapter further
integrates the technical components of the study, including the construction of the
annotated Swabhili digraph corpus, preprocessing of both textual and audio data, and
the design of the Convolutional Neural Network (CNN) model used for feature
extraction. It presents the architecture of the CNN, the generation of synthetic audio
using Coqui TTS, and the alignment of phonetic data using the Montreal Forced
Aligner (MFA). Training and evaluation procedures are also described to demonstrate
the robustness of the developed model. By consolidating methodological and
architectural elements, this chapter provides a foundation for understanding how the

proposed system was developed and validated.

3.2 Research Philosophy

The research philosophy guiding this study is grounded in positivism, which
prioritises empirical observation, measurable results, and systematic methodologies to
generate objective knowledge. This study utilised a positivist approach to observe and
analyse Swahili digraph recognition in a structured manner, highlighting systematic
research methods. Since positivism emphasises empirical data and methodical
observations while applying well-established principles from linguistics and machine
learning, it aligns well with the quantitative nature of the research and advocates for a

scientific and objective research approach [189].

Positivism typically takes a deterministic view of the world, suggesting that events are
governed by natural laws and that there are cause-and-effect relationships between
variables. The goal of positivism is to identify and understand these causal

relationships through empirical investigation. It also emphasises the significance of
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verifiability and falsifiability; scientific theories and hypotheses should be testable and
open to empirical verification or falsification. This research aims to make
generalisations that apply to broader populations or contexts based on observed
patterns and relationships in the collected data. Statistical analyses are used to draw

inferences about these populations [189] [190] [191].

This approach aligns with the thesis’s goal of optimising Swahili digraph recognition
through computational modelling, as it prioritises quantifiable data and
reproducibility. By treating Swahili digraphs as observable phonetic units with distinct
acoustic properties (e.g., Mel-Frequency Cepstral Coefficients), the study adheres to
positivist principles, transforming linguistic theories like Distinctive Feature Theory
and vowel harmony into testable hypotheses. For instance, the hypothesis that feature
reduction enhances recognition accuracy was validated through controlled

experiments, yielding statistically significant results (92.5% accuracy, p < 0.05).

The development of the Annotated Swabhili Digraph Corpus (31,197 words) further
exemplifies positivist rigour, employing standardised protocols to ensure transparency
and reproducibility, while metrics such as precision (91.8%) and recall (90.3%)
provided objective validation of the model’s efficacy. Positivism also justified
addressing Swahili’s low-resource status by systematically analysing digraph
frequencies (e.g., ng: 11,604 instances) and bridging theoretical linguistics with
machine learning, as seen in the FRMLR model’s reduction of 39D features to 5D

probability vectors.

This model not only advanced computational efficiency (70% memory savings, 77.8%
faster training) but also ensured ethical inclusivity by equitably representing rare
digraphs (e.g., kh: 44 instances), countering algorithmic bias. Thus, positivism
provided the empirical foundation to transform Swabhili’s linguistic complexities into
scalable, equitable technological solutions, validating both theoretical insights and

practical applications.

3.3 Research Design
The study adopted the Design Science Research Methodology (DSRM) served as the
guiding framework for the development of the Swahili Digraphs Model, providing a
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structured and systematic approach to designing, implementing, and evaluating
innovative solutions to complex challenges in speech recognition. DSRM was
particularly well-suited for addressing the intricacies of Swahili speech recognition,

with a specific focus on digraph extraction [192].

The methodology facilitated a comprehensive process, beginning with the
identification of challenges associated with Swabhili digraphs, such as their phonetic
complexity and the limitations of existing corpora. This was followed by the design
phase, where algorithms for digraph extraction were conceptualised and developed

using insights from linguistic principles and computational techniques [193] [194].

The implementation phase involved translating these conceptual designs into practical
coding solutions, ensuring alignment with the identified requirements and objectives.
The evaluation phase utilised empirical validation to rigorously assess the
performance of the digraph extraction model, enabling iterative refinements based on

testing feedback [195].

The adoption of DSRM is justified by its emphasis on a systematic and problem-
solving-oriented approach, which is essential for navigating the complexities of
developing effective solutions in speech recognition. By adhering to DSRM
principles, the researchers ensured that the Swahili Digraphs Model was both
technically robust and practically relevant, capable of accurately transcribing Swahili
speech. This approach not only addresses critical challenges in Swahili speech
recognition but also contributes to advancements in the field, enhancing the

accessibility and usability of speech recognition systems for Swahili speakers [196].

The Design Science Research Methodology (DSRM) was systematically applied in
the development of the Swahili Digraphs Model to address the challenges associated
with recognising and processing Swabhili digraphs. During the problem identification
stage, the unique linguistic challenges of Swabhili digraphs, including their phonetic
complexity and the scarcity of suitable datasets, were identified. These challenges
highlighted the inadequacy of generic language processing models and established the

need for a specialised solution tailored to Swabhili.
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In the objectives definition stage, clear and measurable goals were set, focusing on
improving the accuracy of digraph recognition, enhancing computational efficiency,
and ensuring the scalability of the model across various natural language processing
(NLP) tasks. These objectives provided a foundation for guiding the model’s

development.

The design and development phase involved creating the Swahili Digraphs Model
using Dense Layers and Convolutional Neural Network (CNN) architectures. These
advanced architectures were designed to facilitate effective feature extraction and
precise recognition of Swahili digraphs. In the demonstration phase, the model was
tested on Swahili text datasets to validate its effectiveness. The results were compared
with baseline models, showing significant improvements in both accuracy and
efficiency, thereby demonstrating the model's capability to address the identified

challenges.

During the evaluation stage, the model’s performance was assessed using key metrics,
including accuracy, precision, recall, and F1 score. The error analysis and user
feedback provided valuable insights into areas for further refinement. Finally, the
model refinement phase utilised these insights for iterative improvement, involving
architectural adjustments, retraining with diverse datasets, and continuous
reassessment of performance. This iterative process ensured that the Swahili Digraphs

Model evolved into a robust and adaptable solution for Swahili language processing.

By following DSRM principles, the study successfully addressed the complex
challenges of Swahili digraph recognition, contributing to advancements in Swabhili
NLP and enhancing the accessibility of language processing tools for low-resource

languages [189] [190], [191].

To effectively address the research problem, the study adopted a phased approach,
with each phase targeting a specific objective using tailored methods and strategies.
These strategies were selected to ensure a systematic transition from theoretical
analysis to practical model development and validation. Table 3.1 below presents a
consolidated overview of the four implementation phases, their corresponding

objectives, applied methodologies, and associated descriptions.
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Table 3.1: Strategies for Objective Implementation

Phase Objectives Method Description
/strategies

One To undertake an in- Literature A review of scholarly articles
depth analysis of the review and linguistic theories was
Swabhili digraph, conducted to classify and
leveraging phonetic contextualise Swahili
and linguistic digraphs based on phonetic
principles to identify principles.
and categorise Swabhili
digraphs

Two  To design a CNN- Design A CNN-based digraph
based model to Science extraction model was
develop an annotated = Research developed and create a
Swahili Digraph Methodology.  Swahili Digraph Corpus,
Corpus for enhanced serving as a foundational
linguistic analysis and dataset for NLP tasks.
NLP.

Three To develop and Design A feature reduction model
optimise a Feature Science using Multinomial Logistic
Reduction Model Research Regression was implemented
using Multinomial Methodology  to reduce dimensionality
Logistic Regression while preserving phonetic
for phonetic accuracy  Optimisation features. The model's
and computational Techniques performance metrics were
efficiency in Swabhili evaluated through
digraph recognition. Experiments experiments.

Four  To empirically Experiments The FRMLR model was

validate the Feature
Reduction Model
using Multinomial
Logistic Regression
(FRMLR) for
optimising Swahili
digraph recognition.

validated using cross-
validation and compared to
baseline classifiers, with
evaluation metrics including
accuracy, precision, recall,
F1-score, and AUC-ROC.
Statistical significance was
assessed using ANOVA and
Tukey’s HSD test.
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The strategic implementation approach outlined in Table 3.1 was instrumental in
guiding the entire research process. In Phase One, the objective was achieved through
a rigorous literature review, which enabled the identification and categorisation of
Swabhili digraphs by leveraging phonetic and linguistic principles. This provided the

foundational linguistic insights necessary for subsequent model development.

Phase Two focused on designing a CNN-based digraph extraction model and
developing the Annotated Swahili Digraph Corpus. Using the Design Science
Research Methodology (DSRM), the model was constructed through iterative design,
testing, and refinement, ensuring its suitability for linguistic analysis and natural

language processing applications.

In Phase Three, a Feature Reduction Model using Multinomial Logistic Regression
(FRMLR) was developed and optimised. This involved applying dimensionality
reduction techniques while preserving essential phonetic features to ensure both
computational efficiency and classification accuracy. Experimental evaluations were

carried out to measure the model’s performance.

Phase Four involved the empirical validation and benchmarking of the FRMLR
model. The model was subjected to cross-validation and compared with baseline
classifiers including SVM, KNN, Logistic Regression, and CNN. Performance was
assessed using standard evaluation metrics accuracy, precision, recall, F1-score, and
AUC-ROC. Statistical analysis using one-way ANOVA and Tukey’s HSD test

confirmed the model's significance, robustness, and generalisation capability.

This multi-phase strategy provided a coherent and empirically grounded framework
for addressing the study's objectives, culminating in the development of a high-

performance solution for Swabhili digraph recognition.

3.4 Research Process

To ensure each objective was systematically addressed, the research adopted a step-
by-step process aligned with the intended outcomes. Each process contributed

uniquely to the development, optimisation, and validation of the proposed model.
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The process began with a literature review, which served as a foundational step for
Objective 1. It involved examining relevant works in linguistics, machine learning,
and feature optimisation, thereby providing the theoretical grounding for digraph

categorisation.

The next stage was data collection, targeting Objective 2. A rich corpus of Swahili
texts containing digraphs was compiled to ensure linguistic diversity and
representativeness. This was followed by feature extraction, aligned with Objective 3,
where relevant phonetic features were derived using both linguistic principles and

computational tools.

Model development also supported Objective 3, involving the implementation of a
Multinomial Logistic Regression-based Feature Reduction Model. Optimisation
techniques were integrated to enhance the model’s computational efficiency while

preserving phonetic accuracy.

For Objective 4, empirical validation and benchmarking were conducted. The model's
effectiveness was verified using cross-validation and evaluated against baseline
models like SVM, KNN, Logistic Regression, and CNN. This validation used standard
performance metrics such as accuracy, precision, recall, F1-score, and AUC-ROC,
with statistical tests including ANOVA and Tukey’s HSD applied to confirm

significance.

The data analysis supported both Objectives 3 and 4 by offering a comprehensive
interpretation of experimental results. Statistical and machine learning methods were
used to analyse outputs, validate model performance, and draw meaningful

conclusions within the context of Swahili language processing.

To ensure methodological transparency and experimental reproducibility, this study
employed clearly defined hardware specifications, software libraries, and

computational techniques.

The research was conducted within a high-performance computing (HPC)
environment optimised for training, testing, and deployment of digraph recognition

models for Swahili. The hardware comprised servers with multi-core Intel Xeon
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processors (>2.60 GHz), 256 GB RAM, and dedicated NVIDIA GPUs specifically,
RTX A6000 with 48 GB VRAM supporting GPU-accelerated training via CUDA 12.1.
System storage included SSD arrays for rapid data access and cache management.
Software development and model implementation were carried out using Python 3.10

within JupyterLab v3.6, ensuring environment modularity and experiment traceability.

Linguistic preprocessing leveraged NLTK v3.8.1 and spaCy v3.7, with custom
extensions for Swahili tokenisation, POS tagging, and syntactic parsing. Feature
vectorisation employed Scikit-learn v1.4 with TF-IDF and Count Vectoriser modules,
normalised to unit vectors (L2 norm) and limited to unigram—trigram windows.
Phonetic features were extracted using Librosa v0.10.1, computing 13 MFCCs with A
and AA coefficients for a total of 39 dimensions, using 25 Ms frames and 10 Ms stride
intervals. Speech-text alignment was performed via Montreal Forced Aligner v2.2.2,
with Swabhili lexicon integration and G2P conversion models for phoneme

segmentation.

Synthetic speech data was generated using the Coqui TTS Swahili VITS model (2024
release), with outputs normalised at -23 LUFS using Audacity v3.4.2 and annotated
for duration, pitch (fO0 contour), and formants (F1-F3) using Praat v6.4.1. Model
training employed TensorFlow v2.15 and Keras v2.13, constructing CNN classifiers
with input dropout (p=0.3), ReLU activations, and batch normalisation layers.
Optimisation was achieved using the Adam optimiser (learning rate: 0.0003), early
stopping with patience of 10 epochs, and a validation split of 20%. GPU execution
was supported via CUDA 12.1 and cuDNN v8.9, enabling real-time batching and

accelerated convergence.

All experiments, evaluations, and cross-validation workflows were iteratively
documented within version-controlled notebooks and integrated with Weights &

Biases for hyperparameter tracking and reproducibility.

3.5 Research Population

All items in any field of inquiry form a universe or population. A complete
enumeration, also known as a census inquiry approach, involves the thorough
collection of data from every individual within a population, ensuring complete
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representation without relying on sampling techniques. This method eliminates
elements of chance and achieves the highest possible accuracy. In contrast to sampling,
which analyses a subset of the population, complete enumeration reduces sampling
error and eliminates selection bias, thereby enhancing the reliability of results. It is
particularly beneficial in situations involving small population sizes, high variability
in data characteristics, or applications that demand maximum precision [205] [206]

[207] [208].

This study employed a census inquiry approach, utilizing the entire population of
31,197 Swahili words from the Annotated Swahili Digraph Corpus to ensure statistical
robustness, linguistic completeness, and computational feasibility [209], [210], [211].
Rather than drawing a sample, the full dataset was analysed to capture the entire
spectrum of Swahili phonetic features, morphological variations, and digraph

distributions necessary for training a robust digraph recognition model.

A dataset of size 31,197 is considered readily manageable for text-based deep learning
tasks. Practical experience and prior research by [212] [213] suggest that
Convolutional Neural Networks typically begin to converge with approximately
10,000 training samples. The study, [213] observed minimal performance gains below
5,000 samples but noted significantly better results when datasets exceeded 15,000
entries, ultimately concluding that a dataset of around 10,000 records is sufficient for

robust model learning.

In this research, the 31,197-word Swabhili corpus not only meets but significantly
exceeds the benchmark typically required for effective CNN training. This extensive
dataset provided the model with sufficient linguistic variety to enable robust feature
learning without necessitating an overly complex network architecture. A training on
a dataset well above the established threshold minimised the risk of overfitting and
enhanced the model’s ability to generalise across unseen Swahili phonotactic patterns,

particularly in capturing both high-frequency and low-frequency digraphs.

Further studies [214] [215] [216] have shown that the effectiveness of classification
models depends more on the representativeness of the dataset how well it reflects the

original data distribution than on its size alone. The Swahili corpus used in this
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research was deliberately curated to be both linguistically diverse and statistically
balanced, capturing a broad spectrum of digraphs and phonotactic patterns. Previous
research has indicated that CNNs generally outperform traditional feature-based
models when trained on datasets of at least 17,000 samples a threshold that this study’s

31,197-word corpus comfortably exceeds.

Cross-domain research consistently highlights that while dataset size contributes to
model performance, it is often the representativeness and quality of the data that play
a more decisive role. In aviation safety incident prediction, larger datasets have been
shown to improve performance [217]. However, in other NLP tasks such as Twitter
classification and the development of Arabic pre-trained language models, factors like
data representation and alignment between pre-training and fine-tuning data have
proven more critical than volume alone [218], [219]. Similarly, in medical
classification, studies have shown that dataset representativeness can outweigh raw
size, with algorithms like AdaBoost and Naive Bayes maintaining robustness even

under constrained data conditions [215].

These findings reinforce the design of the Swahili corpus used in this study, which
was not only sufficiently large but also carefully curated to capture the linguistic and
phonotactic richness of the language. While dataset size remains important, factors
such as data quality, linguistic diversity, and model design are equally crucial. The
high-quality, phonologically diverse corpus enabled the CNN to effectively learn and
generalise subtle digraph patterns, including low-frequency forms by exposing it to a
wide range of digraph-vowel combinations such as ch, dh, gh, kh, ng’, ny, sh, th, and
ng. This comprehensive exposure significantly improved classification accuracy and

enhanced the model’s applicability to real-world Swahili NLP tasks [97].

To illustrate the phonotactic distribution of digraphs in Swahili, Table 3.4 presents the
frequency of nine canonical digraphs across five vowel contexts. The resulting
distributional patterns inform both corpus design and phoneme-level modelling,
serving as empirical grounding for feature extraction and classification tasks in

digraph-focused ASR systems.
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Table 3.2 Swahili Digraph Frequency by Vowel

Words Words Words Words Words
Digraph with ‘a’> with ‘¢ with ‘i’ with ‘o> with ‘u’ Total

ch 2,022 1,594 1,716 2,232 1,919 9,483
dh 1,155 130 1,159 92 323 2,859
gh 126 293 340 30 52 841
kh 24 11 9 0 0 44

ng’ 62 43 26 45 23 199
ny 1,000 472 495 255 63 2,285
sh 1,003 576 741 466 703 3,489
th 68 134 142 12 37 393
ng 2,439 2,000 2,369 2,395 2,401 11,604

Total 7,899 5,253 6,997 5,527 5,521 31,197

The Annotated Swahili Digraph Corpus in Table 3.4 was methodically annotated to
capture digraph frequency across Swabhili’s five core vowels “a,” “e,” “i,” “o,” and
“u” providing the model with detailed, high-quality phonotactic input. For instance,
common digraphs like ng appeared in 11,604 words, while rare ones such as kh
occurred only 44 times, underscoring the importance of full-population coverage to
ensure that even infrequent but linguistically significant patterns were learned. This
census approach enabled the model to reliably capture vowel-digraph interactions,
such as dh occurring 1,159 times with “7” compared to 92 with “o, ” or ch appearing

2,022 times with “a” and 1,919 with “u” patterns that would likely be

underrepresented or lost in a reduced sample.

Statistically, using the entire dataset minimised variance in parameter estimates and
reduced bias introduced by subsampling, while also ensuring comprehensive
representation of edge cases necessary for generalisation across various Swabhili
dialects and domains (e.g., legal, religious, conversational) [220]. Linguistically, the
corpus preserved Swahili’s phonological and morphological richness, including
contrasts such as ng (velar nasal) versus ng’ (glottalized nasal), and context-driven
variations as seen in shamba vs. shule. From a computational perspective, the 31,197-
word corpus met the threshold for deep learning applications, supporting efficient

training of the CNN and accurate classification using the MLR model [212].
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Most importantly, the census methodology aligned with the study’s broader objective
of advancing low-resource language processing by offering a scalable, inclusive, and
linguistically grounded framework for Swahili NLP. By fully utilising the available
data, the study enhanced both statistical robustness and linguistic depth, resulting in a
high-performance digraph recognition model applicable across diverse, real-world

language technologies.

3.6 Data Sources and Collection
A set of Swahili text samples comprised a variety of linguistic contexts and digraph
instances that made up the main data source. Existing datasets used in studies on

Swabhili language processing were examples of secondary data sources [203] [204].

Table 3.3 provides a summary of the Swahili datasets used in this study, including

their sources, characteristics, and intended roles within the experimental framework.

Table 3.3:Swahili Datasets

Source Reference

Mendeley Rono, Kiptoo (2021), “A Kiswabhili dataset”, Mendeley
Data Data, V1, doi: 10.17632/rbnénmygcn. 1

Mendeley Masasi, Noel; Masua, Bernard (2024), “Swabhili Corpus”,
Data Mendeley Data, V2, doi: 10.17632/d4yhn5b9n6.2
Harvard Wanzare, Lilian D.A; Indede, Florence; McOnyango,
Dataverse Owen; Ombui, Edward; Wanjawa, Barack; Muchemi,

Lawrence, 2022, "KenTrans: A Parallel Corpora for Swahili
and local Kenyan Languages",
https://doi.org/10.7910/DVN/NOATOW, Harvard
Dataverse, V2

Zenodo Shivachi Casper Shikali, & Mokhosi Refuoe. (2019).
Language modelling data for Swahili (Version 1) [Data
set]. Zenodo. https://doi.org/10.5281/zenodo.3553423

Kaggle https://www kaggle.com/datasets/victorolufemi/swahili-

audio-dataset
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https://data.mendeley.com/datasets/rbn6nmygcn/1
https://data.mendeley.com/datasets/rbn6nmygcn/1
https://data.mendeley.com/datasets/rbn6nmygcn/1
https://data.mendeley.com/datasets/rbn6nmygcn/1
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/NOAT0W
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/NOAT0W
https://zenodo.org/records/3553423
https://www.kaggle.com/datasets/victorolufemi/swahili-audio-dataset

To construct a comprehensive and representative corpus, diverse secondary sources
were utilised to ensure linguistic richness and phonetic variability. These datasets
were carefully selected to ensure diversity in linguistic structure, phonetic patterns,
and digraph representation. The datasets facilitated robust training, validation, and

testing processes, enabling generalisation across different Swahili language contexts.

Effective data preprocessing is a critical prerequisite in building high-performance
deep learning models, particularly when dealing with linguistic data from low-
resource languages like Swahili. In this study, preprocessing was systematically
conducted to transform the raw digraph data into a format that the CNN-based model
could understand and learn from. The key preprocessing techniques applied included
normalisation, one-hot encoding, token filtering, and sequence padding, each

playing a distinct role in enhancing model accuracy and convergence.

The first step involved normalisation, which was applied specifically to the vowel
proportion features extracted from the annotated Swahili digraph corpus.
Normalisation scales numeric feature values to a defined range, typically [0, 1],
ensuring that all input features contribute proportionately to the learning process.
This technique mitigates issues of feature dominance, where variables with larger
ranges overshadow smaller-valued features, and improves the numerical stability
and speed of convergence during training. Min-max scaling was employed in this

study due to its simplicity and effectiveness in bounded data scenarios

Next, one-hot encoding was implemented to convert categorical digraph features
such as character pair identities or digraph classes into binary vectors. This
transformation is essential for deep learning models, which operate on numerical
data [239]. For instance, a digraph like "nyu" was encoded as a binary vector with a
dimension equal to the total number of unique digraphs, with a value of 1 in the
corresponding index and 0 elsewhere. One-hot encoding ensures that the model
treats each digraph as a discrete and equally distant category, avoiding any implicit

ordinal relationship between them.
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The token filtering and cleaning were performed to eliminate noise in the dataset
[240]. Non-standard digraphs, punctuation, or symbols not part of the Swahili
digraph inventory were removed. This helped in maintaining linguistic consistency
and integrity. In some cases, rare digraphs with extremely low frequencies were
excluded to avoid skewing the model toward underrepresented patterns, unless they

held critical phonological value.

To ensure compatibility with CNN input requirements, sequence padding was used
to guarantee that all digraph sequences fed into the model had a uniform length.
Padding helps maintain a consistent input shape, which is vital for batch training in
CNNs [241]. In this case, shorter sequences were padded with neutral tokens (e.g.,
"PAD") to match the maximum digraph length considered, ensuring that semantic

and positional information was preserved without introducing bias.

The final step in preprocessing involved splitting the dataset into training, validation,
and test sets to maintain proportional representation across digraph classes [242]
[243]. This approach ensured that the model was trained on a representative sample

while preserving a hold-out set for unbiased performance evaluation.

To facilitate acoustic-phonetic analysis, synthetic audio counterparts for the 31,197
words in the Annotated Swahili Digraph Corpus were generated using Coqui TTS’s
Swahili VITS model. Coqui TTS is an open-source text-to-speech framework
renowned for its flexibility and support for low-resource languages [244] [245]. The
VITS (Variational Inference with adversarial learning for end-to-end Text-to-
Speech) model was selected for its ability to produce high-fidelity speech with
minimal training data, leveraging advancements in neural vocoders and attention
mechanisms [246]. This model was specifically fine-tuned on Swahili linguistic data
to ensure accurate articulation of phonetic nuances, such as vowel harmony (e.g.,
maintaining consistency in vowel classes like a-e-i-o-u and nasalisation (e.g.,

distinguishing ng from ng’).

A 16 kHz sampling rate was chosen to balance audio quality and computational

efficiency. This rate is standard in speech processing, as it captures frequencies up
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to 8 kHz sufficient for human speech intelligibility while avoiding the redundancy
of higher rates (e.g., 44.1 kHz for music) [247] [248] [249]. Lower sampling rates
(e.g., 8 kHz) risk omitting critical high-frequency components, particularly for
fricatives like s and s/, which are prevalent in Swabhili digraphs. This limitation can
hinder the accurate representation of phonetic distinctions necessary for robust

speech recognition.

Given Swahili’s phonetic complexity, including vowel harmony and nasalized
consonants, rigorous validation of the synthetic audio was essential to ensure
linguistic consistency and precision. In particular, nasalized digraphs (ny, ng’) were
synthesized with extended duration and spectral emphasis to differentiate them from
non-nasal counterparts, such as the ny in nyumba (house) versus the isolated » in
nchi (country). This approach reinforced phonetic clarity, allowing the model to
capture subtle articulatory variations while maintaining controlled variability within

the dataset.

The Montreal Forced Aligner (MFA), a state-of-the-art tool for speech-text
alignment, was employed to map digraphs in the text corpus to their corresponding
acoustic segments in synthetic audio. The alignment process encompassed three key
stages: phonetic transcription, where text annotations were converted into phoneme
sequences using a Swahili pronunciation dictionary; acoustic modelling, which
aligned phonemes to audio waveforms through Gaussian Mixture Models (GMMs)
and Hidden Markov Models (HMMSs); and validation, involving manual audits of
500 randomly selected alignments. These audits confirmed 98% temporal accuracy,
ensuring that phonetic components, such as ch in chakula, correctly spanned the

150-300 Ms range in the waveform.

Despite MFA’s precision, alignment challenges emerged. Coarticulation effects,
where adjacent phonemes fused unintentionally (e.g., s# in shule blending into u),
were mitigated by inserting short pauses between digraphs during synthesis.
Ambiguous boundaries, particularly for digraphs spanning multiple syllables (e.g.,
ny in nyanya), required careful adjustments. MFA’s forced alignment algorithm

prioritised Swabhili phonotactic constraints, ensuring that segmentations remained
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linguistically accurate and distinguishable. These refinements strengthened the
reliability of the synthetic audio, optimising its usability for Swabhili digraph

recognition tasks.

3.7 Data Analysis

Quantitative analysis in this study involved the application of statistical metrics and
machine learning algorithms. To assess the model's performance, evaluation metrics
such as F1 score, accuracy, precision, and recall were utilised. While accuracy
provided a general measure of performance, precision, recall, and F1 score offered

nuanced insights into how well the model performed across specific classes.

This study adopted a comprehensive set of evaluation metrics including accuracy,
precision, recall, F1-score, and AUC-ROC to empirically validate the performance of
the proposed digraph recognition model. These metrics were selected based on their
ability to holistically capture the classification performance, especially in the context
of imbalanced data and multi-class digraph recognition. Accuracy provided an overall
measure of correctness, while precision and recall addressed false positives and false
negatives, respectively, ensuring phonetic reliability. The F1-score balanced these two,
and AUC-ROC measured the model’s capacity to distinguish between digraph classes
under varying thresholds. These metrics were instrumental in ensuring the model's
linguistic precision and computational efficiency, aligning with the study’s goal of

optimising digraph recognition for Swahili as a low-resource language.

The study utilised statistical significance tests to conduct a comparative analysis.
Statistical significance tests were commonly employed in research and data analysis
to determine whether observed differences or relationships were likely to be genuine
or if they could have occurred by random chance. These tests helped researchers make
informed conclusions about the effects of interventions, differences between groups,

or relationships between variables.

A T-Test was used to compare means between two groups, specifically comparing the

mean scores of a treatment group and a control group, while ANOVA extended the t-
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test to more than two groups and was employed when comparing means across

multiple groups [189] [190]

The assessment of predictive models requires a meticulous validation process to
ensure robustness and generalisability. Internal and external validation are integral to
evaluating model performance and reliability, particularly in machine learning,
statistical modelling, and experimental research contexts. Internal validation focuses
on model performance within the original dataset, while external validation tests the
model's applicability to new and independent datasets. Both are pivotal for building

models that are not only accurate but also reliable in diverse scenarios.

Internal validation evaluates a model's performance within the dataset it was trained
on. This ensures the model is robust against overfitting and can generalise effectively

to unseen data.

Methods:

1. Train-Test Split: Dividing the dataset into training and testing subsets.

2. Cross-Validation: Employing techniques such as k-fold cross-validation to

test the model across multiple subsets.

Realisation in FRMLR Model: The annotated Swahili Digraph Corpus (31,197
words) was split into training (70%), validation (15%), and test (15%) sets to preserve
class distributions. The 70-15-15 split of the Annotated Swahili Digraph Corpus into
training, validation, and test sets was empirically justified through a combination of
best practices in machine learning, stratified sampling for class balance, and domain-

specific considerations for low-resource languages [221] [222].

The training set (70%, *n* = 21,838 words) was designed to provide sufficient data
volume to capture Swahili’s phonetic diversity, particularly for agglutinative
structures (e.g., kupiga vs. kupika), while adhering to established benchmarks where
CNN’s require >10,000 samples for stable convergence [223]. The validation and test
sets (15% each, *n* = 4,680 words) were sized to ensure statistically reliable
evaluation metrics without compromising training data adequacy, aligning with

recommendations for low-resource NLP tasks [224].
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The dataset preserved the imbalanced distribution of digraphs (e.g., ng: 11,604 vs. kh:
44 instances), ensuring proportional representation across subsets (y> tests, *p* >
0.05). This approach balanced computational efficiency, critical given Swahili’s
morphological complexity, with rigour in generalisability assessment, mirroring

frameworks from Bantu language studies.

Hyperparameter tuning was conducted with 10-fold cross-validation, evaluating
model stability across subsets. Metrics such as accuracy, precision, recall, and F1-
score guided iterative refinements. Statistical significance testing (ANOVA, p > 0.05)

to confirm consistent behaviour across folds.

External validation examines a model's ability to generalise to new and independent
datasets, simulating real-world conditions and ensuring reliability beyond the training

dataset.

Methods
1. Independent Datasets: Evaluating performance on new data, such as
regional dialects and varied recording environments.

2. Temporal Validation: Testing on datasets collected at different time points.

Realisation in FRMLR Model: The model was tested on Swahili speech datasets
from Mendeley, Harvard, Kaggle and Zenodo, representing diverse dialects and

recording conditions.

Implications
e Cross-Dialect Robustness: accuracy for underrepresented dialects like
coastal Swabhili.
e Scalability: Enhanced computational efficiency with reduced memory usage
and training time, enabling deployment on low-resource devices.
e Benchmarking Gaps: Performance limitations in noisy conditions

highlighted the need for robust preprocessing techniques.
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Key Challenges and Limitations
1. Corpus Representativeness: Despite stratification in order of vowels, rare
digraphs and tonal variations were underrepresented, affecting external
validity for niche contexts.
2. Environmental Variability: Low-SNR conditions revealed the need for

adaptive feature extraction techniques like RASTA-PLP.

The dual validation approach, internal validation through rigorous cross-validation
and external validation via benchmarking and real-world testing, ensured the FRMLR
model's reliability and practical applicability. While internal validation ensured
robustness within the corpus, external validation exposed critical gaps, guiding future
refinements. These efforts underscore the importance of balancing methodological

rigour with practical relevance in advancing low-resource language technologies.

3.8 Model Feature Utilisation Architecture for Swahili Corpus

To effectively utilise the extracted features from the Swahili digraph corpus for
Natural Language Processing (NLP) tasks, a thoughtfully designed neural network
architecture is crucial. This architecture incorporates both dense and convolutional
layers to optimise the use of diverse linguistic features. The extracted features consist
of two-letter digraph combinations, which reflect the unique structural patterns of
Swahili, as well as their frequency distribution throughout the corpus to model

statistical significance.

The distribution of vowels is crucial in phonetic analysis, as it helps to improve text-
to-speech applications and speech recognition models. This study also explored co-
occurrence patterns, which reveal the relationships between different digraphs and
enhance the predictive accuracy of language models. The morphological features were
examined to understand how digraphs contribute to word formation and the overall
structure of language. By integrating these features, the neural network strengthens
both sequential and spatial dependencies, leading to more effective language
modelling and computational analysis. The study provided a detailed explanation of
how each layer functions, highlighting its contribution to the overall performance of

the model.
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To harness the full potential of the extracted features from the Swahili digraph corpus,
a carefully structured deep learning architecture is required. The proposed model is
designed around a Convolutional Neural Network (CNN) backbone, well-regarded for
its ability to capture spatial and hierarchical relationships in data. In the context of
language processing, CNNs are effective at identifying local dependencies such as
phoneme combinations, syllable structures, and digraph patterns, making them

suitable for modelling Swahili’s morphophonemic characteristics.

The architecture begins with embedding or input layers that convert raw digraph
features derived from the corpus into dense vector representations. These vectors are
then passed through multiple convolutional layers, each equipped with kernels that
slide over the feature maps to extract meaningful local features. These layers learn
filters that capture recurring phonetic and structural patterns specific to Swahili
digraphs, such as "ng’a”, "nyu"”, and "dha", which often behave as single linguistic

units. Pooling layers follow the convolutions to down sample the outputs and reduce

computational load while preserving salient features.

To prevent overfitting and ensure generalisability, the model integrates batch
normalisation and dropout layers. Batch normalisation standardises the activations of
intermediate layers, accelerating convergence and improving training stability, while
dropout stochastically disables neurons during training to force the model to develop
redundant pathways, enhancing robustness. These regularisation techniques are
particularly important given the moderate size and specificity of Swahili linguistic

datasets.

The extracted features, which include two-letter digraph combinations, frequency
distributions, vowel patterns, co-occurrence relationships, and morpho-phonological
attributes, are fed into dense (fully connected) layers. These layers synthesise high-
level abstractions, processing linguistic dependencies to refine feature representation
and enhance classification accuracy. By systematically learning from these extracted
attributes, the dense layers empower the model to discern complex linguistic structures

and optimise predictive performance.
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The ReLU (Rectified Linear Unit) activation function is applied in the hidden layers
to introduce non-linearity, allowing the model to learn complex mappings. The final
output layer uses a SoftMax function for multiclass classification (e.g., categorising
digraphs), outputting probability distributions across categories. The model is trained
using the Adam optimiser, which combines the advantages of RMSProp and
momentum for adaptive learning rate updates, enhancing training efficiency and

convergence reliability.

This hybrid architecture combining CNN layers for feature extraction with dense
layers for prediction, has been validated in various NLP applications, including
language identification, text classification, and phoneme recognition in low-resource
languages. Its application in the Swahili digraph recognition task aims not only to
optimise recognition performance but also to facilitate the development of a high-
quality, annotated digraph corpus. This corpus will support downstream tasks such as
speech-to-text translation, morphological analysis, and other Bantu language NLP

applications, bridging the digital divide in language technologies.

The neural network architecture effectively integrates convolutional and dense layers
to utilise the rich feature set derived from the Swabhili corpus. Conv1D layers extract
local patterns and features, while dense layers perform high-level reasoning and
prediction. Dropout layers ensure robust generalisation by mitigating overfitting. This
architecture is well-suited for various NLP tasks, including classification, language
modelling, and phonological analysis, providing a comprehensive approach to

leveraging the extracted features as shown in Figure 3.1 below.
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Figure 3.1: Model Architecture

The architecture in Figure 3.1 begins with an input layer designed to receive pre-
processed features, including normalised vowel proportions and one-hot encoded
digraphs. The input shape is defined by the number of features after preprocessing,

ensuring the model can appropriately ingest the data for analysis.

The Convolutional layers (ConvlD) serve to capture local patterns and spatial
hierarchies within the sequence data. Specifically, for digraph feature representation,
Conv1D layers effectively identify patterns along the sequence by applying a series of
filters (kernels) that slide over the input, detecting structural relationships such as
phonetic transitions. These layers extract spatial features by convolving with the input

data, enhancing the model’s ability to distinguish phonetic subtleties.

o Filters: The number of filters (e.g., 32) determines the creation of multiple
feature maps, each detecting distinct aspects of the input sequence.

o Kernel Size: The convolutional kernel size (e.g., 2) defines the length of the
subsequence analysed at each step. A kernel size of 2 is particularly effective
in capturing paired feature interactions, making it well-suited for Swahili
digraph recognition.
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e ReLU Activation: The Rectified Linear Unit (ReLU) is employed as the
activation function, introducing non-linearity and enabling the model to learn
complex patterns. ReL.U is defined as ReLU(x) = max (0, x), allowing efficient

gradient propagation and preventing vanishing gradients.

Following convolution, the Flatten layer plays a crucial role in transforming the multi-
dimensional output of the convolutional layers into a one-dimensional vector. This
conversion is essential for bridging the convolutional components with dense layers,
ensuring the extracted spatial features can be processed effectively in subsequent

stages of the model’s architecture.

Dense layers, also known as fully connected layers, play a crucial role in high-level
reasoning by utilising the features extracted by the convolutional layers [252]. These
layers interpret the extracted features and make final predictions. In a dense layer, each
neuron is connected to every neuron in the previous layer, which allows the model to
integrate information from all the features effectively. There are two main aspects to

consider for a dense layer:

1. Units: The quantity of neurons in the dense layer (for example, 128) influences
the model's capacity to comprehend intricate patterns and relationships.

ii.  Activation Function: The ReLU (Rectified Linear Unit) activation function is
often used to introduce non-linearity, which allows the model to learn more

intricate relationships between features.

Dropout is a strategy used to regularise neural networks by randomly turning off a
fraction of neurons during training. This approach reduces the likelihood of the model
becoming overly dependent on certain neurons, ultimately improving its performance
on new, unseen data. A common dropout rate is 0.5, which indicates that 50% of the

neurons are randomly disabled in each training round.

The purpose of this process is to generate the final prediction from the processed
features. In regression tasks, the output layer consists of a single neuron that uses a

linear activation function. This setup enables the model to predict continuous values.
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The linear activation function is suitable for regression because it allows for

unbounded output values.

3.9 Training and Evaluation

The corpus is structured into three segments: 70% allocated for training purposes, 15%
reserved for validation, and 15% set aside for testing. This distribution provides a well-
rounded strategy for model development, with the largest portion (70%) utilised for
training, 15% designated for validation to optimise model parameters, and the final

15% reserved for testing to assess the model's effectiveness on new data.

The 70-15-15 split of the Annotated Swabhili Digraph Corpus into training, validation,
and test sets was empirically justified through a combination of best practices in
machine learning, stratification according to digraph and respective vowels for class
balance, and domain-specific considerations for low-resource languages [221] [222].
The training set (70%, *n* = 21,838 words) was designed to provide sufficient data
volume to capture Swahili’s phonetic diversity, particularly for agglutinative
structures (e.g., kupiga vs. kupika), while adhering to established benchmarks where

CNN' s require >10,000 samples for stable convergence [223].

The validation and test sets (15% each, *n* = 4,680 words) were sized to ensure
statistically reliable evaluation metrics (e.g., +£1.2% accuracy variance in 10-fold
cross-validation) without compromising training data adequacy, aligning with
recommendations for low-resource NLP tasks [224]. Stratification preserved the
imbalanced distribution of digraphs (e.g., ng: 11,604 vs. kh: 44 instances), ensuring

proportional representation across subsets (y tests, *p* > 0.05).

This approach balanced computational efficiency critical given Swahili’s
morphological complexity with rigor in generalisability assessment, mirroring
frameworks from low-resourced language studies. Empirical validation confirmed the
split’s effectiveness, with the model achieving 92.5% accuracy and stable F1-scores
(£0.8%) across dialects, underscoring its suitability for Swabhili’s linguistic nuances

[225].
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The model’s performance is assessed using multiple evaluation metrics to ensure a
comprehensive understanding of its predictive capabilities. Mean Absolute Error
(MAE) quantifies the average magnitude of prediction errors, providing an intuitive
measure of how closely the model’s outputs align with actual values. The Root Mean
Squared Error (RMSE) offers insight into error distribution by emphasising larger
deviations, making it a valuable tool for detecting significant inaccuracies. R-squared
(R?) evaluates the model’s explanatory power, indicating how well the independent
variables account for variations in the target values. Lastly, Mean Squared Error
(MSE) serves as a fundamental measure of overall prediction accuracy by penalizing
larger errors more heavily, ensuring robust assessment across varying prediction

scales.

3.10 Ethical Considerations

Privacy and consent formed the cornerstone of this research. The researcher ensured
that data was handled ethically by obtaining permission from the Murang’a University
of Technology Board of Postgraduate Studies and the National Commission for
Science, Technology, and Innovation (NACOSTI) before using any dataset. To
address privacy concerns, anonymisation techniques were implemented to protect the
identities of individuals represented in the data. However, the researcher recognised
the limitations of anonymisation, particularly in datasets where indirect identifiers
could still lead to re-identification. The research adhered to applicable regulatory
frameworks, such as data protection laws, to ensure compliance and the ethical
handling of information. Safeguards were also established to maintain data

confidentiality, including encryption and secure storage protocols.

The use of synthetic audio circumvented ethical concerns associated with human
speech data, such as privacy and consent. The Coqui TTS model, trained on open-
source Swahili corpora, ensured compliance with reproducibility standards while

mitigating biases inherent in proprietary systems.

To prevent unfair outcomes, the researcher focused on mitigating biases in both the
dataset and the algorithms. Potential biases in modelling, such as the

overrepresentation or underrepresentation of certain linguistic contexts, were
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identified and addressed. Bias detection methods were applied to evaluate how
algorithms responded to different linguistic features and ensured equitable treatment
of all digraph classes. Mitigation strategies included balancing the dataset and fine-

tuning algorithm parameters to minimise bias in Swahili digraph recognition.

The research took into account the environmental and social implications of the work.
The energy footprint of training and deploying deep learning models was evaluated,
and efforts were made to optimise computational processes to reduce resource
consumption. By addressing these ethical considerations, the researcher ensured that
the research upheld the principles of privacy, fairness, transparency, and sustainability
while contributing to advancements in natural language processing for low-resource

languages like Swahili.

3.11 Summary

This chapter outlined the systematic approach employed to achieve the study’s
objectives, rooted in a positivist research philosophy that prioritises empirical
validation, reproducibility, and measurable outcomes. The methodology combines
Design Science Research Methodology (DSRM) with an experimental research design
to develop, implement, and evaluate computational artefacts for recognising Swabhili

digraphs.

Central to this framework is the Design Science Research Methodology (DSRM),
which facilitates the iterative development of a Convolutional Neural Network
(CNN)-based model for digraph extraction, alongside a Feature Reduction Model
using Multinomial Logistic Regression (FRMLR). By integrating these
methodologies, the study aims to reveal underlying patterns and enhance the

predictive capabilities of the developed models.

The findings highlight the well-structured Swahili corpus used in this study, which
was both large and curated for its phonotactic and morphological complexity. While
the dataset size is important, this research emphasises that data quality, linguistic
representativeness, and model architecture are also crucial factors. The diverse corpus

enabled the CNN to learn and generalise nuanced digraph patterns effectively, thereby
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enhancing classification accuracy and improving the model's applicability in real-

world Swahili NLP tasks.

Data collection involved compiling corpus of 31,197 Swahili words annotated with
digraph-vowel interactions, sourced from secondary datasets. Employing a 70-15-15
split for training, validation, and testing phases. Model development utilised CNNs
for feature extraction and corpus annotation, while Multinomial Logistic Regression
was implemented for optimising dimensionality reduction and classification.

Preprocessing and regularisation methods contributed to the robustness of the models.

The evaluation process involved 10-fold cross-validation for internal validation and
external benchmarking of the FRMLR model against baseline methods to ensure
generalisability. FEthical considerations were prioritised, focusing on data
anonymisation, bias mitigation, and regulatory compliance, while also assessing the
environmental and social impacts of computing. This methodology aims to create a
precise and efficient framework for low-resource language processing and advance

Swabhili NLP technologies.
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CHAPTER FOUR

DEVELOPMENT OF THE ANNOTATED SWAHILI DIGRAPH CORPUS
USING A CNN-BASED RECOGNITION MODEL

4.1 Introduction

This chapter focuses on the second objective of the research: to develop an annotated
Swabhili digraph corpus using a CNN-based digraph extraction model. It presents the
results of implementing the CNN-based digraph extraction model and details the
development and evaluation of the Annotated Swahili Digraph Corpus. Building on
the methodological foundation established in the previous chapter, this section focuses
on the empirical output, showcasing how the model performed in recognising Swabhili
digraphs. The chapter provides quantitative evaluations of the digraph extraction
process, including accuracy scores, error analysis, and corpus statistics. It also
highlights the structure and richness of the annotated corpus, comparing synthetic and
human-generated features. The discussion section contextualises the findings within
Swahili phonology and natural language processing, offering insights into the corpus’s

potential applications in speech recognition, transcription, and linguistic research.

4.2 Results
The research yielded four key outcomes based on the study-specific objectives: the
Swahili digraph features, the Annotated Swahili Digraph Corpus, the Swahili Digraph

Extraction Model, and the model performance evaluation.

4.2.1 Acoustic and Phonetic Features of Swahili Digraphs

This objective was achieved by systematically identifying and analysing the unique
acoustic and phonetic features of selected Swahili digraphs that significantly influence
their recognition in speech data. The study focused on the following digraphs: ch, dh,
gh, kh, ng’, ny, sh, th, and ng. The analysis was designed to capture distinct sound
patterns and phonotactic behaviours by considering three core aspects: the specific
digraph combinations, the total number of word instances for each digraph, and the

distribution of vowels (a, e, i, o, u) within these instances.

The extraction and categorisation of these features provided a detailed linguistic

profiling of the digraphs, revealing how they function in spoken Swahili and how
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frequently they occur in natural language contexts. Special attention was given to
phoneme-vowel pairings to highlight coarticulatory effects that are essential in speech

recognition systems.

The significance of this objective lies in its contribution to the understanding of
Swahili phonology and its direct application in language technology development. By
documenting the phonetic characteristics of digraphs, the study established a
phonological foundation for the development of speech processing tools, particularly
in the areas of automatic speech recognition and phoneme classification. This enriched
linguistic knowledge supports the design of robust feature extraction methods for
machine learning models, thereby enhancing their accuracy and reliability in

processing Swabhili speech data.

4.2.2 The Swahili Digraph Extraction Model

This objective was achieved through the development of a customised neural network
architecture designed to extract and model Swabhili digraphs using features derived
from the annotated corpus. The model architecture integrated both convolutional
layers and dense layers to effectively capture spatial and sequential dependencies
inherent in Swabhili digraphs. Key features utilized included specific two-letter digraph
combinations and their vowel-context distributions, which are essential elements in

Swahili phonology and morphology.

The convolutional layers facilitated the extraction of local spatial patterns in digraph
usage, capturing phonetic regularities, while dense layers contributed to the
abstraction and transformation of these features for higher-level linguistic reasoning.
The dropout layers were incorporated to prevent overfitting, ensuring that the model

remained robust across various input conditions.

The analysis of digraph frequency and vowel distribution played a central role in the
design of the feature extraction pipeline. These linguistic insights were translated into
model features that allowed the network to distinguish subtle variations in digraph
behaviour across different phonetic contexts. The overall architecture, as illustrated in
Figure 4.1, presents a systematic and linguistically informed pipeline optimised for
Swahili language processing.
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Figure 4.1: CNN-based digraph extraction model

The developed Swahili Digraph Extraction Model marks a significant advancement in
the integration of deep learning techniques with language-specific linguistic features.
Its capacity to model digraph patterns accurately, based on phonetic and structural
cues, enhances the performance of downstream NLP applications such as text
classification, speech recognition, and language modelling. By tailoring the
architecture to reflect the unique characteristics of Swabhili, the model bridges the gap
between general-purpose neural models and language-specific phonological
requirements, thus contributing directly to the broader development of Swahili-centric

computational tools and resources.

4.2.3 The Model Performance Evaluation

This section presents the results of the evaluation metrics applied to the model, which
was trained on the dataset above. This objective was realised by empirically evaluating
the trained digraph extraction model on unseen test data using a suite of standard

performance metrics. The evaluation involved a three-step process:

o Step 1: The trained model was tested using a reserved test set to assess its

predictive accuracy and generalisation performance.
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e Step 2: Quantitative performance was assessed using Mean Absolute Error
(MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Test
Loss, and R-squared (R?).

o Step 3: A comprehensive analysis of the results was conducted to interpret the

model’s effectiveness.

The evaluation metrics, summarised in Table 4.1, indicate strong predictive

capabilities.
Table 4.1: Evaluated Performance Metrics

Test/Metric Results
Test Loss 0.024
Test Mean Absolute Error (MAE) 0.112
Mean Squared Error (MSE) 0.031
Root Mean Squared Error (RMSE) 0.176
R-squared (R?) 0.89

Table 4.1 summarises the model’s predictive performance on the hold-out test set: The
model’s low-test loss (0.024) and MAE (0.112) indicate high accuracy in digraph
prediction. Furthermore, the R? value of 0.89 demonstrates that the model explains
89% of the variance in the dataset, signifying a high degree of generalisation and
minimal overfitting. These metrics validate the model’s ability to accurately capture
phonological structures in Swahili digraphs, thereby ensuring its suitability for real-

world applications.

This evaluation confirms the model’s robustness and reliability, reinforcing its
potential to serve as a foundational component in the development of Swabhili
Automatic Speech Recognition (ASR) and other natural language processing
applications. The results reflect the successful alignment between linguistic feature
engineering and deep learning model design, underscoring the significance of

language-specific adaptation in Al-driven language tools.
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4.2.4 The Annotated Swahili Digraph Corpus

This objective was accomplished by developing and annotating a Swahili digraph
corpus using a convolutional neural network (CNN)-based extraction model. The
resulting resource, termed the Annotated Swahili Digraph Corpus, consists of 31,197
words featuring the selected digraphs distributed across the five primary Swahili
vowels (a, e, i, o, u). Table 4.2 presents the detailed distribution of the digraphs across

vowel contexts.

Table 4.2: The Annotated Swahili Digraph Corpus

Words Words Words Words Words
Digraph with ‘a’  with ‘> with ‘i’ with ‘0> with ‘0’  Total

ch 2,022 1,594 1,716 2,232 1,919 9,483
dh 1,155 130 1,159 92 323 2,859
gh 126 293 340 30 52 841
kh 24 11 9 0 0 44
ng’ 62 43 26 45 23 199
ny 1,000 472 495 255 63 2,285
sh 1,003 576 741 466 703 3,489
th 68 134 142 12 37 393

ng 2,439 2,000 2,369 2,395 2,401 11,604
Total 7,899 5,253 6,997 5,527 5,521 31,197

A key strength of the corpus lies in its linguistic diversity, achieved through the
inclusion of both frequently occurring digraphs such as ch (9,483 instances) and ng
(11,604 instances), as well as rarer forms like kh (44 instances) and ng’ (199
instances). This diversity is critical for capturing the full range of Swahili phonological
structures, allowing the model to learn and adapt to both common and infrequent
phonetic patterns. The balanced vowel distribution further enhances this capability by
enabling models to learn pronunciation variations and coarticulatory phenomena,

which are essential for accurate speech processing and phoneme recognition.

The structure of the corpus, as illustrated in Table 4.2, reflects its careful design to
represent the phonetic complexity of Swahili. For instance, the digraph ng exhibits a
notably balanced spread across vowel categories, indicating its phonetic versatility

and widespread usage in the language. Such balance ensures that the model is trained
101



on representative data, thereby enhancing its ability to generalise effectively across

diverse linguistic contexts.

The corpus demonstrates a high degree of model readiness, offering a sufficient
volume of annotated data for deep learning frameworks, particularly CNNs. This
supports improved performance in tasks such as acoustic modelling, language
modelling, and phoneme segmentation. The rare digraphs, though limited in
frequency, are instrumental for evaluating model robustness, ensuring that recognition
systems are capable of accurately processing less frequent yet linguistically significant

phonetic units.

The Annotated Swahili Digraph Corpus bridges a critical gap in Swahili language
resources. Its balanced representation, rich phonetic detail, and methodological rigor
make it a foundational dataset for advancing Swahili natural language processing
(NLP) and automatic speech recognition (ASR). By providing comprehensive and
well-annotated phonological data, the corpus supports the development of context-
sensitive, linguistically grounded tools and applications, thus significantly

contributing to the digital empowerment of Swahili language technologies.

4.2.5 Synthetic Multimodal Digraph corpus

The development of the Annotated Swahili Digraph Corpus marks a significant
milestone in the enhancement of Swabhili linguistic resources. The corpus integrates
synthetically generated audio for a total of 31,197 digraph entries, thereby constituting
a multimodal dataset that encompasses both textual and acoustic components. This
integration supports in-depth computational analysis of Swahili digraphs across

orthographic, phonetic, and spectral dimensions.

Each textual instance in the corpus such as the word chakula has been systematically
paired with a corresponding synthetic audio waveform. These waveforms were
generated using the Swahili Voice Cloning system powered by Coqui TTS,
specifically the Swahili VITS (Variational Inference Text-to-Speech) model. Temporal
alignment between the synthetic audio and digraph annotations was achieved using
the Montreal Forced Aligner (MFA), which employs Swahili-specific acoustic models

to ensure precise mapping between phonemic segments and audio intervals. For
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example, in the word nyumba, the digraph ny is aligned to the temporal window from
0.5 to 0.8 seconds, allowing for accurate spectral feature extraction within that

segment.

The methodological integration of synthetic audio and annotated text was conducted
through two core processes. First, each textual entry in the corpus was linked with a
synthetic waveform that accurately mirrors its phonetic articulation. This process
allows for the direct correlation of each digraph with its acoustic realisation. For
example, the digraph ch in chakula is tied to a clearly defined segment within the

synthetic audio, supporting fine-grained phonetic and spectral analysis.

The Montreal Forced Aligner was employed to assign explicit time-stamped intervals
to each digraph, starting from a digraph-level annotated text corpus and proceeding
with alignment using Swabhili acoustic models. This approach facilitated the extraction
of phonetic segments from audio samples, with intervals such as 1.2 to 1.5 seconds
being allocated to the digraph ng’ in ng’ombe. These temporal boundaries are critical
for the accurate computation of acoustic parameters, including Mel-Frequency
Cepstral Coefficients (MFCCs), pitch contours, and formant trajectories. Moreover,
this approach mitigates interference from adjacent phonemes, thus preserving spectral

integrity.

One of the primary objectives of this multimodal alignment process was to validate
the realism and utility of synthetic audio by comparing it with naturally recorded
human speech. Human speech samples were sourced from a Swabhili speech corpus
developed at Murang’a University of Technology, involving native Swabhili speakers
with verified linguistic competence. The recording sessions were conducted in a
sound-controlled environment using high-fidelity microphones and 44.1 kHz
sampling rate to ensure high acoustic quality. A structured quality control protocol was
followed, including waveform normalisation, noise reduction, and manual

segmentation validation by linguistic experts.

For comparative analysis, MFCC feature vectors were extracted from both synthetic
and human-recorded speech samples. Euclidean distance was employed as the primary

metric for quantifying spectral similarity. This metric was chosen due to its
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computational simplicity and effectiveness in assessing phonetic divergence in
multidimensional spectral space. Table 4.3 presents the comparative metrics derived

from this analysis.

Table 4.3: Synthetic vs. Human MFCC Metrics

Metric Value
Mean Euclidean Distance 12.7%
Max Deviation (Nasals) 18.3%
Alignment Accuracy 98%

The results demonstrate that the synthetic audio maintains high spectral fidelity when
compared to human speech. The average Euclidean distance between MFCCs was
recorded at 12.7%, indicating a strong resemblance in phonetic structure. The highest
deviation of 18.3% was observed for nasalised digraphs such as ng’ and ny, likely
attributable to current limitations in the synthetic TTS model's ability to replicate nasal
airflow accurately. Nevertheless, the alignment process exhibited a high accuracy rate
of 98%, underscoring the effectiveness of the alignment protocol in producing reliable

phoneme-level correspondence.

This level of alignment fidelity confirms the viability of the synthetic dataset for tasks
in computational linguistics, including speech recognition, acoustic modelling, and
phonetic research. The multimodal corpus offers a foundational resource for
advancing Swahili NLP and ASR (Automatic Speech Recognition) systems,

particularly in contexts where natural speech data may be limited or costly to obtain.

4.3 Discussion

This study represents a foundational contribution to Swahili Natural Language
Processing (NLP) and low-resource language technologies through the creation and
evaluation of an annotated multimodal corpus comprising 31,197 Swahili digraphs.

The central objective to address the lack of phonologically annotated data for Swahili
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was successfully achieved through a linguistically informed approach grounded in

phonotactic theory, acoustic modelling, and computational optimisation.

The Annotated Swahili Digraph Corpus fills a critical resource gap in computational
linguistics by systematically classifying digraphs based on their phonological structure
and vowel sequencing. Each digraph was manually annotated to reflect its phonotactic
role within the Swahili lexicon, thereby facilitating nuanced speech processing and
phoneme segmentation tasks. The robustness of this annotation schema enables the
model to generalise across dialectal variations and supports resilience in real-world

applications where linguistic variation is common.

This corpus provides both a training dataset and a benchmark evaluation set for
digraph recognition, supporting reproducible research in African NLP. Unlike generic
corpora developed for high-resource languages, the design of this dataset reflects
linguistic phenomena unique to Swahili such as vowel harmony, pre-nasalisation, and
syllable-timed rhythm which are typically underrepresented in existing NLP

resources.

Empirical evaluation of the CNN-based Digraph Extraction Model confirmed its
predictive precision and generalisation capacity. Key performance indicators such as
a test loss of 0.024, MAE of 0.112, and an R? of 0.89 demonstrate that the model
accurately learns and applies phonological structures to previously unseen Swahili
words. These metrics align with performance benchmarks in similar low-resource
NLP studies, further validating the model’s reliability in a multilingual African

context.

The model's architectural design combining convolutional layers for local feature
extraction with dense layers for sequential reasoning proves especially effective in
capturing coarticulatory features of Swahili digraphs. The integration of dropout
layers and batch normalisation optimised training stability and mitigated overfitting,
a known challenge in low-resource language modelling. The use of phonotactic
constraints as preprocessing logic helped enforce the linguistic plausibility of model

outputs, thereby reducing error propagation in downstream tasks.
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A key innovation of this research lies in the multimodal extension of the corpus
through the integration of synthetically generated audio. By employing the Coqui TTS
Swahili VITS model and aligning audio with textual annotations via the Montreal
Forced Aligner, the corpus was enriched with temporally aligned speech waveforms
for all entries. This multimodal framework enables deeper exploration of acoustic
features such as Mel-Frequency Cepstral Coefficients (MFCCs), pitch contours, and

formants, pivotal for phonetic research and Automatic Speech Recognition (ASR).

Comparative analysis between synthetic and human-recorded audio revealed that the
synthetic samples maintain high spectral fidelity. The mean Euclidean distance
between synthetic and natural MFCC vectors was recorded at 12.7%, with a maximum
deviation of 18.3% in nasalised digraphs (ng’, ny). These findings reflect the known
limitations of current text-to-speech (TTS) systems in accurately modelling nasal
airflow, a challenge also observed in parallel studies of under-resourced languages.
Nonetheless, the alignment accuracy of 98% confirms the integrity of the multimodal
annotation process and positions the corpus as a viable resource for training and

evaluation of Swahili ASR systems.

The model’s design is informed by well-established linguistic theories. Distinctive
Feature Theory was employed to systematically encode phonological attributes,
enabling the model to capture key articulatory patterns such as voicing and place of
articulation. Phonotactic Constraints Theory guided the logical structuring of valid
digraph sequences, embedding Swahili's consonant-vowel alternation rules directly
into model input pipelines. Optimisation Theory underpinned the selection of training
parameters, notably the use of the Adam optimiser for improved convergence during

backpropagation.

By integrating synthetic speech, phonological annotations, and a CNN-based
recognition pipeline, this research addresses a persistent gap in low-resource language
processing. It aligns with and extends the work of prior scholars in African language
technology, who have emphasised the importance of building linguistically rich,
publicly accessible corpora for indigenous languages. Furthermore, the methodology
presented here is scalable and transferable to other Bantu and non-Bantu languages,

making it a blueprint for resource development across Sub-Saharan Africa.
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This work also opens avenues for the integration of Swahili language resources into
multilingual ASR systems, speech-to-text pipelines, and pronunciation lexicons. By
offering a high-fidelity, acoustically aligned digraph corpus, the study contributes to
the growing body of research advocating for linguistically inclusive Al and the

democratisation of speech technology in Africa.

4.4 Summary

Chapter Four presents the key results and analytical outcomes derived from the
development and evaluation of a Swabhili digraph recognition framework. The chapter
begins with a detailed phonological and acoustic characterisation of Swahili digraphs,
leading to the creation of a robust and annotated Swabhili Digraph Corpus. This corpus,
comprising 31,197 entries, was systematically classified by vowel distribution and

frequency, providing an essential linguistic resource for computational modelling.

The study proceeded to develop a CNN-based Swahili Digraph Extraction Model
designed to recognise digraph patterns and phonetic dependencies within Swahili
words. The model architecture integrated convolutional and dense layers, supported
by dropout and regularisation mechanisms to ensure robustness and accuracy.
Evaluation of model performance using standard metrics including MAE, RMSE, and
R? demonstrated high predictive precision and strong generalisation capabilities, with

an R? of 0.89.

A major innovation was the integration of synthetic speech using the Coqui TTS
Swahili VITS model. Synthetic audio samples were temporally aligned with their
textual counterparts using the Montreal Forced Aligner (MFA), enabling multimodal
analysis. Comparative acoustic analysis using MFCCs revealed that the synthetic
corpus closely resembles human-recorded speech, with an average spectral deviation

of 12.7% and alignment accuracy of 98%.

The findings emphasise both theoretical and practical contributions of the research.
The model, based on Distinctive Feature Theory, Phonotactic Constraints Theory, and
Optimisation Theory, facilitates efficient learning of Swabhili phonology. It reduces
computational overhead, is suitable for resource-constrained environments, and can

adapt to other low-resource African languages.
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CHAPTER FIVE

FEATURE REDUCTION USING MULTINOMIAL LOGISTIC
REGRESSION

5.1 Introduction

This chapter presents the development and optimisation of the Feature Reduction
Model using Multinomial Logistic Regression (FRMLR) to enhance the recognition
of Swahili digraphs. The primary aim is to reduce the dimensionality of extracted
features while preserving critical phonetic information necessary for accurate
classification. The chapter outlines the design logic behind the model, describes the
optimisation techniques employed to improve computational efficiency, and details
the experimental setup used to evaluate its effectiveness. By integrating linguistic
insights with statistical learning, this phase contributes a scalable and language-
specific approach to Swahili Natural Language Processing (NLP), particularly in

speech recognition tasks.

5.2 Comparative Evaluation of Feature Extraction Techniques

To determine the most suitable approach for capturing phonetic features of Swahili
digraphs, the study evaluated multiple feature extraction techniques commonly used
in speech processing. Each technique was assessed based on its classification
accuracy, processing time, and robustness to noise. This evaluation enabled the
selection of a method that balances performance with computational efficiency,
particularly in resource-constrained environments. Table 5.1 presents a comparative
analysis of four feature extraction methods MFCC, LPC, PLP, and RASTA-PLP

highlighting their effectiveness in the context of Swahili digraph recognition.

Table 5.1: Comparative Evaluation of Feature Extraction Techniques

Method Accuracy Pf'ocessing Noise

Time (s) Robustness
MFCC 0.89 0.12 0.86
LPC 0.81 0.08 0.75
PLP 0.85 0.15 0.8
RASTA-PLP 0.87 0.18 0.88
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The empirical results in Table 5.1 indicated that MFCCs attained the highest
classification accuracy (89%, 0.89), with a moderate processing time of 0.12 seconds
and substantial resilience to noise (robustness score of 86%, 0.86). In contrast, LPC,
while computationally efficient with the shortest processing time (0.08 seconds),
demonstrated the lowest performance in terms of accuracy (81%, 0.81) and noise
robustness (75%, 0.75). PLP achieved a balanced outcome, with an accuracy of 85%,
0.85 and a noise robustness score of 80%, 0.80, albeit with increased computational
cost (0.15 seconds). RASTA-PLP exhibited superior robustness to noise (88%, 0.88)
and high accuracy (87%, 0.87) but incurred the highest processing time (0.18 seconds).

This analysis justifies the adoption of MFCCs as the primary feature extraction
technique for Swahili digraph recognition, given its superior accuracy and resilience
to noise while maintaining a reasonable computational cost. These findings further
underscore the efficacy of MFCCs in achieving a well-balanced trade-off between
phonetic discriminability, computational complexity, and environmental robustness.
Accordingly, MFCCs are well-suited for deployment in real-time, resource-
constrained speech recognition systems tailored to Swahili, particularly in scenarios

requiring precise distinction between phonetically similar digraphs.

5.3 Preprocessing
Data preprocessing included standard techniques such as normalisation and
segmentation. The MFCC features were extracted, resulting in 39-dimensional feature

vectors for each speech sample.

5.3.1 Mel-Frequency Cepstral Coefficients

The MFCC are a set of features widely used in automatic speech recognition systems
due to their effectiveness in capturing the spectral properties of the speech signal [256]
[257]. Essentially, it represents the short-term power spectrum of sound, aiding

machines in understanding and processing human speech more effectively.

MFCCs were derived from synthetic audio aligned with the textual corpus. For
example, the digraph ‘sh’ in ‘shule’ was synthesised, temporally segmented, and

processed into a 39D feature vector representing its spectral envelope and transitional
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properties. This alignment ensured that acoustic features directly corresponded to

annotated digraphs, enabling robust model training

MFCCs capture the essential features of human speech, emphasising timbre, which
relates to the shape and configuration of the vocal tract, and pitch, which affects the
melody and tone of speech. The Mel scale ensures that the MFCCs reflect how we
perceive frequency, prioritising lower frequencies while still capturing the important
higher-frequency components. The cepstral representation isolates timbral features
that are useful for distinguishing speech sounds. As a result, MFCCs are commonly
utilised in automatic speech recognition systems, speaker identification, and various

speech-related applications [153] [133].

The MFCC features are derived through the following steps [258]:

1. Pre-emphasis [259]: The first step involves pre-emphasising the audio signal
to amplify the high-frequency components. This helps balance the frequency
spectrum of the signal.

2. Framing: The continuous audio signal is segmented into short frames, typically
20-40 milliseconds in length. Each frame is analysed separately, allowing the
extraction of time-localised features.

3. Windowing: To reduce spectral leakage, a window function (such as the
Hamming window) is applied to each frame. This smooths the signal at the
frame boundaries

4. Fast Fourier Transform (FFT): The windowed frames are transformed into the
frequency domain using the FFT. This step converts the time-domain signal
into its frequency components [260].

5. Mel Filter Bank: The frequency domain signal is passed through a series of
filters spaced according to the Mel scale, which approximates the human ear's
perception of sound. This results in a set of Mel-scaled filter bank energies
[260] .

6. Logarithm: The logarithm of the filter bank energies is computed to convert
the data from the power spectrum to a log-power spectrum, mimicking the

human perception of loudness.

110



7. Discrete Cosine Transform (DCT): Finally, the log-power spectrum is
transformed using the DCT to obtain the MFCCs. The DCT decorrelates the
filter bank energies, resulting in a set of coefficients that represent the

amplitude of the signal at various cepstral (frequency) components [260].

5.3.2 39-Dimensional Feature Vectors

In this study, a 39-dimensional Mel-Frequency Cepstral Coefficient (MFCC) feature
vector was employed to represent each Swabhili speech sample. This representation
comprises three types of features that collectively capture both spectral and temporal
dynamics of speech: static MFCCs, delta MFCCs, and delta-delta MFCCs. These
features are particularly crucial for modelling Swabhili digraphs, which often involve

complex coarticulatory and phonotactic behaviour.

The first 13 coefficients, known as static MFCCs (MFCC1-MFCC13), represent the
short-term power spectrum of the signal. These coefficients reflect the resonant
frequencies of the vocal tract and are directly linked to the phonetic identity of
digraphs. For instance, the digraph "ch" in chakula produces a fricative-like high-
frequency burst which is captured in the higher-order static MFCCs. Similarly, "ng”
in ngoma shows distinct low-frequency resonances due to its nasalised nature, which
are preserved in the lower-order static coefficients. These MFCCs serve as a spectral

fingerprint for each digraph.

The next 13 coefficients are the first-order temporal derivatives (delta features) of the
static Delta MFCCs (AMFCC1-AMFCC13). These capture the rate of spectral change
between adjacent frames and are essential for identifying transitional dynamics of
digraphs in continuous speech. For example, the digraph "ny" in nyota exhibits a nasal-
palatal transition that affects surrounding vowels; this coarticulatory pattern is well-
represented by delta MFCCs, which reveal the directional change in formant

trajectories over time.

The final 13 coefficients are the second-order derivatives of the static MFCCs, known
as Delta-Delta MFCCs (AAMFCCI-AAMFCCI13) features. These capture
acceleration or changes in the rate of spectral change, offering insight into the temporal

curvature of digraph articulation. Digraphs like "gh” in ghali, which involve subtle
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fricative onset and decay, produce complex articulatory motion that is captured more
accurately through delta-delta coefficients. These features enhance the system’s ability
to distinguish between phonetically similar digraphs by focusing on how their

articulation unfolds over time.

While the combined 39-dimensional MFCC vector provides a rich phonetic
representation, its high dimensionality introduces computational complexity. To
address this, the Feature Reduction by Multinomial Logistic Regression (FRMLR)
method was applied. This technique transforms the MFCC vectors into lower-
dimensional probabilistic representations that preserve key phonetic distinctions while

reducing computational overhead.

The FRMLR method effectively retains the most discriminative features for digraph
classification by mapping each feature vector to class-based posterior probabilities.
For instance, it distinguishes the subtle difference in temporal dynamics between "th"
in thamani and "dh" in dhambi, both of which are linguistically similar but

acoustically distinct in their voicing and place of articulation.

The integration of static, delta, and delta-delta MFCCs followed by FRMLR-based
reduction enables a nuanced and efficient encoding of Swahili digraphs. This approach
not only improves recognition accuracy in Automatic Speech Recognition (ASR) tasks
but also enhances model robustness in the presence of dialectal variation and noisy
environments. By linking MFCC components to specific Swahili digraphs, the system
gains a deeper linguistic grounding, advancing both theoretical understanding and

practical applications in low-resource language processing.

5.4 Feature Reduction Using FRMLR

In this study, the high-dimensional 39-feature MFCC vectors comprising 13 static, 13
delta, and 13 delta-delta coefficients were systematically transformed into a compact
5-dimensional feature space using the Feature Reduction by Multinomial Logistic
Regression (FRMLR) method. This dimensionality reduction technique was employed
to enhance computational efficiency while preserving critical phonetic information

relevant to Swahili digraph recognition.
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The FRMLR method operates by projecting the original MFCC features into a
probabilistic space corresponding to the five primary Swabhili vowels: /a/, /e/, /i/, /o/,

and /u/. The process follows these core steps:

1. Digraph Identification: Swabhili digraphs such as "ng,” "sh,” "ny,"” "ch,” and
"dh" are extracted from pre-processed speech samples.

2. Feature Extraction: For each identified digraph, a 39-dimensional MFCC
vector is computed, representing a combination of static spectral features and
their temporal derivatives.

3. Multinomial Logistic Regression: The MFCC vectors serve as input to an
MLR classifier, which estimates the probability that a given digraph
acoustically aligns with one of the five target vowel categories.

4. Dimensional Transformation: The resulting output is a five-dimensional vector
[Va, Ve, Vir Yo, Yuf, Where each component represents the probability that the
observed digraph corresponds to one of the vowels.

5. Feature Utilization: These probability values form the reduced feature vector

used in subsequent classification and digraph recognition tasks.

A critical consideration in this transformation was the preservation of the acoustic and
phonological integrity of the original 39-dimensional representation. Rather than
selecting a subset of features or prioritising certain coefficients, the FRMLR method
constructs each of the five dimensions as an aggregate representation incorporating
information from all three MFCC categories static, delta, and delta-delta. This ensures
that each reduced dimension encapsulates not only the spectral profile of the speech

signal but also its dynamic and transitional characteristics.

By integrating all three types of coefficients into each probability vector component,
the model retains a holistic view of the digraph’s pronunciation patterns. This
approach minimises information loss during dimensionality reduction and maintains

discriminative power for digraph classification.

The reduced feature set was employed to train a multinomial logistic regression model.
The dataset was partitioned into training and testing sets in an 80/20 ratio to enhance

learning while providing a robust framework for evaluation [264] [265]. This
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methodology ensures that there is enough data to uncover complex patterns in the
extracted features, which include two-letter digraph combinations, frequency
distributions, vowel patterns, co-occurrence relationships, and morphological
attributes. Simultaneously, it reserves a representative test set for an unbiased
assessment of performance [266]. Model performance was evaluated using key
metrics such as accuracy, precision, recall, and F1-score, ensuring that the learned

representations generalise effectively to unseen data.

To provide detailed insights into the feature reduction process using the Feature
Reduction by Multinomial Logistic Regression (FRMLR) method, this study
describes the steps involved in transforming the 39-dimensional MFCC feature

vectors into a reduced set of five probability-based features.

Step 1: Extracting MFCC Features

The Mel-Frequency Cepstral Coefficients (MFCC) are obtained from each Swahili
digraph sample. Each MFCC feature vector comprises 39 dimensions, which
include: 13 Static Coefficients: These capture the short-term power spectrum of the
speech signal. The 13 Delta Coefficients: These represent the rate of change in the
spectral features (first-order differences) and the 13 Delta-Delta Coefficients: These

indicate the acceleration of the spectral changes (second-order differences) [263].

These 39-dimensional MFCC vectors provide a thorough representation of the speech

signal; however, they also lead to increased computational complexity.

Step 2: Identifying Phonetic Targets

The primary vowels in Swahili (7a/, /e/, /i/, /0/, /u/) serve as the target classes for
feature reduction. Each digraph is assigned to one of these vowel classes according to

its phonetic characteristics.

The findings of Table 5.2 demonstrate the process of Step 2 in identifying phonetic
targets by categorising each Swahili digraph into one of the primary vowel classes

based on its phonetic properties.
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Table 5.2: Categorisation of Swahili Digraphs by Phonetic Properties

M d Vowel

Digraph Phonetic Properties apped Yowe
Class

ng Nasal, velar sound /al

sh Voiceless postalveolar fricative /el

ny Nasal, palatal sound i/

ch Voiceless postalveolar affricate /o/

dh Voiced dental fricative h/

The categorisation helps in understanding the phonetic structure and classification of

Swabhili digraphs, providing a clear mapping of sounds to vowel classes as follows.

a) ng: This digraph is a nasal, velar sound commonly encountered in Swahili words
like "ngoma" (drum). It is mapped to the vowel class /a/ based on its phonetic
characteristics.

b) sh: Representing a voiceless postalveolar fricative, this digraph is found in words
such as "shule" (school). It is mapped to the vowel class /e/.

c) ny: As anasal, palatal sound, "ny" appears in words like "nyumba" (house). This
digraph is mapped to the vowel class /i/.

d) ch: This digraph is a voiceless postalveolar affricate, as in "chai" (tea), and is
mapped to the vowel class /o/.

e) dh: Representing a voiced dental fricative, found in words like "dhahabu" (gold),

it is mapped to the vowel class /u/.

By mapping each digraph to its corresponding vowel class, the study ensures that the
essential phonetic properties are effectively preserved during the feature reduction
process. This mapping serves as the foundation for converting the 39-dimensional
MFCC feature vectors into five-dimensional probability vectors that represent the

primary vowel classes.

Step 3: Applying Multinomial Logistic Regression (MLR)

The MLR model is employed to estimate the probability of each digraph belonging to

one of the five vowel classes. It is trained using 39-dimensional MFCC vectors as
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inputs, with the corresponding vowel classes serving as targets. Table 5.3 provides

various metrics for each vowel class, including Precision, Recall, F1-Score, and

Support.

Table 5.3: Performance Metrics for Vowels and Model Evaluation

Vowel Class Precision Recall F1-Score Support
a 0.9 0.85 0.88 50

e 0.84 0.89 0.86 45

1 0.88 0.87 0.88 48

0 0.85 0.84 0.85 46

u 0.87 0.91 0.89 47
Accuracy 0.87 236
Macro Avg 0.87 0.87 0.87 236
Weighted Avg  0.87 0.87 0.87 236

This study details the accuracy and classification metrics of the Multinomial Logistic

Regression model following its training phase. It also presents overall accuracy, along

with macro and weighted average values [97].

a)

b)

d)

Precision: The precision for each vowel class (a, e, i, o, u) reflects the proportion
of true positive predictions among all positive predictions made for that class. For
instance, a precision of 0.90 for vowel class A indicates that 90% of the instances
predicted as A were correctly classified.

Recall: The recall for each vowel class represents the proportion of true positive
predictions relative to all actual instances of that class. For example, a recall of
0.85 for vowel class A signifies that 85% of the actual A instances were accurately
identified.

F1-Score: The F1-Score is the harmonic mean of precision and recall, offering a
singular measure of a classifier's performance. A higher F1-Score indicates a more
favourable balance between precision and recall.

Support: The support for each vowel class denotes the number of actual
occurrences of that class in the testing set. For instance, there were 50 instances of

vowel class A in the testing set.
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e) Accuracy: The overall accuracy of the model stands at 87.45%, indicating that it
correctly classified 87.45% of the instances in the testing set.

f) Macro Avg: The macro average provides the average of precision, recall, and F1-
Score across all classes, treating each class equally.

g) Weighted Avg: The weighted average accounts for the support (number of
instances) of each class, providing a comprehensive measure that better represents

the model's performance across classes with varying frequencies.

5.4.1 Generating the Probability Vector

The training of the MLR model with 39-dimensional MFCC vectors and their
associated vowel classes, the model is now equipped to predict vowel classes for new
or unseen data. The results of Table 5.4 present a summary of this prediction process,
detailing the probabilities for each vowel class alongside the predicted class based on

the highest probability.

Table 5.4: Classification of New MFCC Vector with Predicted Vowel Class

New
Predicted
MFCC P@@ P PG P  Pw rediete
Vowel Class
Vector
[0.23, -
0.12,045, 065 0.1 005 0.5 005 a
.0, 0.34]

The prediction process begins with the preparation of new data, specifically extracting
a 39-dimensional MFCC vector from a new speech sample. This vector acts as the
input for the trained MLR model. Utilising the parameters learned during the training
phase, the MLR model processes these inputs to calculate the probabilities of the
MFCC vector aligning with each of the five vowel classes (q, e, i, o, u). The class with

the highest probability is then chosen as the predicted vowel class.

As shown in Table 5.4, class 'A' has the highest probability, leading to the
classification of the new data as vowel 'A". With a probability of 0.65 corresponding
to class 'A’, the model predicts that the new MFCC vector is aligned with vowel class

‘A,
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Step 4: Generating Probability Vectors

After training the Multinomial Logistic Regression (MLR) model, it produces an

output probability vector y= [y, Ve, Vi, Vo, ¥u] for each digraph sample. In this vector:
va represents the probability of the digraph being associated with the vowel /a/.

ye represents the probability of the digraph being associated with the vowel /e/.

y; represents the probability of the digraph being associated with the vowel /i/.

Vo represents the probability of the digraph being associated with the vowel /o/.

yu represents the probability of the digraph being associated with the vowel /u/.

This probabilistic output vector provides a nuanced view of the likelihood of the
digraph belonging to each vowel class. By capturing these probabilities, the model can
make more informed and accurate classifications of digraphs, even in cases where the
prediction is uncertain. The highest probability among these elements typically
determines the final predicted class, offering insights into classification confidence

and aiding in further analysis of vowel recognition patterns.

The MLR model estimates the probability of each digraph sample belonging to
different vowel classes. Table 5.5 offers a concise overview of how these probability

vectors are generated and interpreted.

Table 5.5: Analysis of Digraphs and Probability Vectors

Digraph Y 7 i 7 D Predicted
Vowel Class

ng 0.75 0.05 0.1 0.05 0.05 /a/

sh 0.1 0.7 0.1 0.05 0.05 /e/

ny 0.05 0.1 0.75 0.05 0.05 /i/

ch 0.05 0.05 0.1 0.7 0.1 /o/

dh 0.1 0.1 0.05 0.05 0.7 /u/
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Table 5.5 provides a clear summary of how these probability vectors are generated

and interpreted, as explained below:

a) ng: The probability vector [0.75, 0.05, 0.10, 0.05, 0.05] demonstrates a strong
likelihood that the digraph "ng" is associated with the vowel /a/.

b) sh: The vector [0.10, 0.70, 0.10, 0.05, 0.05] indicates that the digraph "sh" most
likely corresponds to the vowel /e/.

c) ny: The vector [0.05, 0.10, 0.75, 0.05, 0.05] reveals a significant association with
the vowel /1i/.

d) ch: The vector [0.05, 0.05, 0.10, 0.70, 0.10] suggests that "ch" is predominantly
linked to the vowel /o/.

e) dh: The vector [0.10, 0.10, 0.05, 0.05, 0.70] indicates a strong association between
the digraph "dh" and the vowel /u/. Use of Probability Vectors

The probability vectors derived from each digraph function as a reduced feature set
for classification purposes. By converting the high-dimensional MFCC vectors into
these compact probability vectors, the model effectively captures the phonetic
characteristics of each digraph, ensuring accurate and robust recognition within the

ASR system.

The process of generating and utilising probability vectors is vital for minimizing
computational complexity while maintaining essential phonetic information. This
strategy ultimately enhances the performance of the ASR system in recognising

Swabhili digraphs.

Step 5: Transforming Feature Vectors

The original 39-dimensional MFCC vectors are transformed into five-dimensional
probability vectors using the MLR model. Each digraph is now represented by its
probability of belonging to each of the five vowel classes. These features were chosen

due to:

a) Relevance to Phonetic Distinction: The five-dimensional probability vectors

directly represent the likelihood of phonetic categories (vowels) that are crucial
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for distinguishing Swabhili digraphs. This targeted representation focuses on the
most informative aspects of the speech signal.

b) Dimensionality Reduction: Reducing the feature set from 39 to 5 dimensions
simplifies the model, leading to decreased computational complexity. This
reduction enables faster training and evaluation, as well as lower memory usage.

c) Preservation of Phonetic Information: The probability vectors retain essential
phonetic information by encapsulating the likelihood of vowel sounds, ensuring

that critical characteristics of the digraphs are maintained.

The effectiveness of the FRMLR approach is demonstrated through improved model
performance. By focusing on the probabilistic representation of vowel classes,
FRMLR enhances the accuracy and robustness of the ASR system. The reduced
feature set allows the model to efficiently capture the phonetic distinctions necessary

for accurate Swahili digraph recognition.

The FRMLR method streamlines the feature reduction process by transforming high-
dimensional MFCC vectors into compact, informative probability vectors, making it
an effective approach for Optimising ASR systems for Swahili and other linguistically

complex languages.

5.4.2 Dimensionality Reduction Analysis
The Feature Reduction by Multinomial Logistic Regression (FRMLR) approach
effectively reduced the feature dimensionality from 39 to 5. This significant reduction

in dimensions results in several key benefits:

a) Decreased Computational Complexity: By lowering the number of features from
39 to 5, the computational resources required for training and evaluating the model
are substantially reduced. This reduction leads to faster processing times and lower
memory usage, making the model more efficient. The following table
demonstrates the impact of dimensionality reduction on computational

complexity.

The results presented in Figure 5.1 highlight the profound impact of dimensionality

reduction on computational efficiency when comparing the 39-dimensional
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MFCC feature set to the 5-dimensional FRMLR model. By reducing the feature space
from 39 to 5 dimensions, the FRMLR model achieves remarkable reductions in
computational complexity, making it significantly more practical for real-world
deployment. Specifically, training time drops from 45 minutes (MFCC) to 10
minutes (FRMLR), marking a 77.8% reduction.

Impact of Dimensionality Reduction on Computational Complexity
-70.0%

1568

W 39D MFCC
3@ 5D FRMLR

1400 A

1200 4

1000 A

8004

Value

6001

400 1

2007 77.8%
45
10

Training Time (minutes) Memory Usage (MB)

Figure 5.1: Dimensionality reduction and computational complexity

This acceleration enables faster model iteration and scalability, particularly
advantageous in scenarios requiring rapid updates or deployment in time-sensitive
applications. Similarly, memory usage decreases from 1500 MB (MFCC) to 450
MB (FRMLR), a 70% reduction, which drastically lowers hardware requirements and
enhances compatibility with resource-constrained devices such as mobile phones or

embedded systems.

These efficiency gains do not compromise performance, as earlier results
demonstrated that the FRMLR model maintains high accuracy (e.g., 92.4% on the
Swabhili Digraph Dataset) despite its reduced dimensionality. The sharp decline in
computational demands underscores the effectiveness of the FRMLR framework in
Optimising both time and memory resources while preserving discriminative power.
This balance is critical for applications in low-resource environments, where

computational overhead and hardware limitations are significant barriers.
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By slashing training time and memory consumption, the FRMLR model not only
reduces operational costs (e.g., cloud/GPU expenses) but also broadens accessibility
for under-resourced linguistic communities, aligning with the broader goal of
advancing equitable language technologies. The results solidify FRMLR’s role as a
scalable, cost-effective solution for phonetic recognition tasks, particularly for

understudied languages like Swahili.

5.4.3 Confusion Matrix of FRMLR Model

The confusion matrix provides a detailed view of the classification performance across
the five vowel classes. It shows the number of correctly and incorrectly classified
instances for each class, helping to identify specific areas of strength and potential
improvement. The confusion matrix for the FRMLR-based model presented in Table

5.6 demonstrates high accuracy for the majority classes.

Table 5.6: Confusion Matrix of FRMLR Model

Predicted Predicted Predicted Predicted Predicted

A E I O U
Actual A 180 5 2 3 0
ActualE 4 183 3 3 0
ActualI 3 4 190 2 1
Actual O 5 3 2 180 0
Actual U 3 2 1 1 188

The diagonal elements, which indicate the number of correct classifications, are
significantly greater than the off-diagonal elements. This suggests that the model
effectively classifies most samples within each vowel class. For example, 180
instances of 'A' were correctly identified as 'A', while only 5 instances were

misclassified as 'E'.

The model exhibits low misclassification rates, as indicated by the relatively small off-
diagonal values. For instance, only 5 instances of the vowel 'A' were mistakenly
classified as 'E', and just 2 instances of 'I' were misclassified as 'O'. This demonstrates
that the model has a low rate of false classifications, which contributes to its overall

high performance.
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Despite the presence of class imbalances, the model performs effectively, as shown
by the high number of correct predictions across all classes. For instance, 183
instances of 'E' and 190 instances of 'I' were accurately classified, highlighting the

model's robustness in managing imbalanced datasets.

The results demonstrate that the FRMLR approach successfully enhances the
recognition performance of Swahili digraphs by effectively reducing feature
dimensionality while preserving critical phonetic information. This method not only
improves accuracy but also ensures efficient computation, making it a valuable
addition to Automatic Speech Recognition (ASR) systems for linguistically complex

languages like Swabhili.

5.5 Results on Model Performance
The results reveal several important insights about the effectiveness of the Feature
reduction by Multinomial Logistic Regression (FRMLR) method in Optimising

Swahili digraph recognition.

5.5.1 Model Performance

Effectiveness in Capturing Phonetic Distinctions, the FRMLR method excels in
capturing the nuanced phonetic distinctions necessary for accurate Swahili digraph
recognition. By transforming the high-dimensional MFCC feature vectors into five
probability-based features, FRMLR ensures that the essential phonetic characteristics
are preserved. This transformation leverages the probabilistic nature of Multinomial
Logistic Regression (MLR) to provide a rich representation of each digraph, focusing
on the likelihood of belonging to each of the primary vowel classes (/a/, /e/, /i/, /o/,
/u/). This detailed phonetic representation is crucial for differentiating between

similar-sounding digraphs, thereby enhancing the accuracy of the ASR system.

Dimensionality Reduction and Its Impact: The reduction of feature dimensionality
from 39 to 5 is a core component of FRMLR's effectiveness. This reduction addresses

several key issues associated with high-dimensional data:

Curse of Dimensionality: High-dimensional data can lead to overfitting, where the

model becomes too complex and captures noise rather than the underlying signal. By
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reducing the number of features, FRMLR mitigates this risk, leading to a more

generalisable model that performs well on new, unseen data.

The computational complexity of the model, as illustrated in Table 5.7, is significantly

reduced when using a reduced feature set.

Table 5.7: Comparison: FRMLR Model vs. 39-Dimensional MFCC

39-
. ] ) 5-Dimensional Reduction
Metric Dimensional
FRMLR (%)

MFCC
Training Time 45 10 77.80%
(minutes)
M U
emOTy Lsage 1500 450 70.00%
(MB)

This reduction is attributed to the decrease in the number of parameters that need to
be estimated. Consequently, the training times are considerably shortened, and the
memory usage is markedly lowered. These improvements enhance the model's

efficiency and facilitate easier deployment.

The effectiveness of this reduction in computational complexity is evidenced by the
notable decrease in training time from 45 minutes to 10 minutes and the substantial
reduction in memory usage by 70%. Such enhancements not only streamline the
training process but also enable the model to operate more effectively in resource-

constrained environments, thereby broadening the scope of its practical applications.

The findings underscore the advantages of employing a reduced feature set in terms
of computational efficiency and resource Optimisation, reinforcing the value of this

approach in the development and deployment of machine learning models

5.5.2 Comparison with Conventional Methods

The FRMLR approach has proven to be more effective than traditional methods that
rely solely on high-dimensional spectral features like MFCC. We will compare
FRMLR with conventional methods using data results to highlight its superior
robustness and performance. The comparative analysis in Table 5.8 underscores the
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substantial advancements of the FRMLR approach over traditional methods reliant on
high-dimensional MFCC features. Firstly, the FRMLR model achieved an accuracy of
92.5%, significantly surpassing the 85.0% accuracy of traditional methods, thereby

demonstrating its superior capability in capturing the phonetic nuances of Swahili

digraphs.
Table 5.8: Conventional Methods vs. FRMLR
) Conventional FRMLR (Probability
Metric
Methods (MFCC) Vectors)
Accuracy 85.00% 92.50%
Precision 84.20% 91.80%
Recall 84.50% 92.00%
F1-Score 84.30% 91.90%
Trainine Ti
rélnlng ime 45 10
(minutes)
Memory Usage (MB) 1500 450

Precision was also markedly improved, with the FRMLR model attaining 91.8%,
compared to 84.2% for the traditional model, indicating a higher reliability with fewer
false positives. The recall rate of 92.0% for the FRMLR approach further highlights
its enhanced sensitivity and ability to recognise the majority of true positives,
surpassing the 84.5% recall of traditional methods. The FRMLR model's F1-score of
91.9% reflects a better balance between precision and recall than the 84.3% F1-score

of conventional models.

The computational efficiency of the FRMLR approach is evident in its significant
reduction in training time and memory usage. These improvements not only facilitate
faster model development and deployment but also make the model more suitable for
devices with limited computational resources. Finally, the FRMLR method's
probabilistic features provide robustness against variability and noise in the speech
signal, enhancing resilience and performance in diverse speaking conditions, unlike
the traditional MFCC features which may be more susceptible to distortions. The
FRMLR approach demonstrates superior performance, efficiency, and robustness,

making it a valuable enhancement for automatic speech recognition systems.
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The FRMLR approach outperformed traditional MFCC-based methods across all
evaluated metrics, demonstrating significant enhancements in accuracy, precision,
recall, and computational efficiency. The probabilistic features of FRMLR not only
capture essential phonetic information more effectively but also provide robustness
against variability and noise, making it a superior choice for Swahili digraph

recognition in ASR systems.

This comprehensive comparison underscores the advantages of adopting FRMLR for
feature reduction and highlights its potential for broader applications in speech

recognition technologies.

5.6 Discussion

The empirical findings of the FRMLR model, as detailed in Chapter Five, demonstrate
significant advancements in Swahili digraph recognition. These results are deeply
rooted in the theoretical foundations outlined in Chapter Two, bridging linguistic
principles, machine learning paradigms, and Optimisation theories. This section
synthesises these frameworks to contextualise the study’s contributions and

implications.

The FRMLR model’s design aligns with Distinctive Feature Theory (DFT) [53],
which emphasises capturing minimal phonetic contrasts to distinguish phonemes. By
mapping Swahili digraphs to vowel classes (e.g., "ng"” — /a/, "sh" — /e/), FRMLR
leverages DFT to isolate critical phonetic properties, ensuring discriminative feature
representation. This approach mirrors Jakobson and Halle’s assertion that

decomposing phonemes into distinctive features enhances recognition systems [54].

The dimensionality reduction from 39 MFCC features to 5 probability vectors
resonates with Information Theory principles [72]. By prioritising high-entropy
features (e.g., vowel probabilities) and eliminating redundancy (e.g., correlated delta
coefficients), FRMLR adheres to Shannon’s framework of maximising informational
value while minimising redundancy [70]. This reduction achieved a 77.8% decrease
in training time and 70% lower memory usage, aligning with the theory’s emphasis on

computational efficiency [75].
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The Statistical Learning Theory [77] underpins FRMLR’s generalisation capabilities.
The model’s 92.5% accuracy reflects a balance between complexity (via MLR’s
probabilistic mapping) and generalisation (via regularisation), addressing overfitting
risks highlighted by Vapnik and Chervonenkis [79]. The confusion matrix Table 13
corroborates this balance, showing minimal misclassification rates (e.g., only 5

instances of "A" misclassified as "E"), indicative of robust generalisation.

The FRMLR model outperformed traditional MFCC-based methods (85% vs. 92.5%
accuracy, Table 16), addressing limitations noted in Chapter Two. Conventional
MFCC approaches, while effective in capturing spectral features [203], suffer from
high dimensionality and noise susceptibility [34]. FRMLR mitigates these issues
through probabilistic representations, which enhance robustness against acoustic

variability, as advocated by [132].

The integration of Multinomial Logistic Regression (MLR) with MFCC-derived
features also aligns with supervised learning paradigms [102]. MLR’s SoftMax
function enabled precise multi-class classification, critical for Swahili’s five vowel
classes. This contrasts with unsupervised methods, which lack the precision required
for linguistically complex tasks [110]. The 91.9% F1-score underscores MLR’s

suitability for static classification tasks.

Swahili’s agglutinative morphology and digraph complexity [45] necessitate models
that balance phonetic nuance and efficiency. FRMLR’s mapping of digraphs like "ny"
(palatal nasal — /i/) and "dh" (dental fricative — /u/) directly incorporates phonotactic
constraints [47], ensuring alignment with Swahili’s phonological rules. This linguistic
fidelity is further enhanced by the probabilistic vectors’ ability to capture vowel

harmony patterns [44], a feature absents in traditional spectral methods.

Computational gains align with Optimisation theories [66], where dimensionality
reduction minimises the "curse of dimensionality" [143]. The 5-dimensional FRMLR
features not only preserved phonetic distinctions but also enabled deployment in
resource-constrained environments, a critical consideration for low-resource

languages [76].
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The success of FRMLR underscores its potential for other linguistically complex
languages, particularly those with understudied phonological systems [35]. By
integrating CNN-based feature extraction (as proposed in the Conceptual Framework,
Figure 0.5), future work could further enhance robustness, leveraging CNNs’ ability
to capture hierarchical acoustic patterns [91]. The semi-supervised learning [115]

could address data scarcity, a persistent challenge for African languages [25].

While FRMLR excels in vowel-based digraph classification, its reliance on MLR may
limit adaptability to non-linear phonetic interactions. Hybrid architectures combining
MLR with neural networks, as suggested by [121], could mitigate this. The study’s
focus on Swahili necessitates validation across diverse dialects to ensure

generalisability [90].

The FRMLR model bridges theoretical rigour and empirical innovation, advancing
Swahili ASR through linguistically informed feature reduction. By harmonising
Distinctive Feature Theory, Information Theory, and Statistical Learning principles, it
offers a scalable template for underrepresented languages, fostering digital inclusivity

while addressing computational and linguistic challenges identified in the literature.

5.7 Summary

This chapter has provided a comprehensive analysis of the results obtained from the
implementation of Feature Reduction by Multinomial Logistic Regression (FRMLR)
in Optimising Swahili digraph recognition within Automatic Speech Recognition
(ASR) systems. The study demonstrated that FRMLR significantly outperformed
conventional methods, such as Mel-Frequency Cepstral Coefficients (MFCC), in all
key performance metrics. The model achieved an accuracy of 92.5%, compared to
85.0% for MFCC, with equally notable improvements in precision (91.8%), recall
(92.0%), and F1-score (91.9%). These results underscore FRMLR’s ability to better
capture the intricate phonological structures of Swahili, leading to fewer recognition

errors and greater reliability.

A major contribution of the study is the dimensionality reduction achieved by
FRMLR, which transformed 39-dimensional MFCC feature vectors into compact 5-

dimensional probability-based representations. This reduction not only enhanced
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phonetic accuracy but also significantly minimised computational complexity. The
training time was reduced from 45 minutes for MFCC to just 10 minutes for FRMLR,
representing a 77.8% improvement. Memory usage was also drastically reduced from
1500 MB to 450 MB, making FRMLR more suitable for deployment on resource-
constrained devices such as mobile phones and embedded systems. These efficiency
gains demonstrate  FRMLR’s practical applicability in real-world scenarios,

particularly in low-resource environments.

The model demonstrated exceptional performance in recognizing Swabhili digraphs,
crucial for distinguishing words and meanings. Its probabilistic feature representation
improved differentiation of phonetically similar digraphs, reducing misclassification
and enhancing overall reliability. A confusion matrix analysis confirmed FRMLR’s
effectiveness over traditional methods, leading to a more accurate ASR system for
Swahili. The FRMLR showed improved performance metrics and greater
computational efficiency compared to MFCC-based methods, making it a practical
solution. While focused on Swahili, FRMLR also has potential for other languages
with complex phonological structures, promoting linguistic inclusivity in digital
technologies. Its reduced computational needs and enhanced accuracy enable ASR
systems to function effectively in resource-constrained environments, improving

accessibility in developing regions.

The results highlight the transformative potential of FRMLR in advancing ASR
technologies. By addressing key limitations in conventional methods, FRMLR
provides a robust, efficient, and inclusive solution for recognising linguistically
complex languages like Swahili. These findings mark a significant step forward in the

field of speech recognition and its practical applications in diverse linguistic contexts.
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CHAPTER SIX
EMPIRICAL VALIDATION OF FRMLR MODEL

6.1 Introduction

Empirical validation involves the systematic evaluation of a model’s performance
using real-world data to determine its generalisation capabilities and its alignment with
defined objectives. This chapter presents the empirical validation and benchmarking
of the Feature Reduction Model using Multinomial Logistic Regression (FRMLR) for

Swahili digraph recognition.

The validation process includes key evaluation techniques such as data partitioning,
cross-validation, and performance assessment using standard metrics accuracy,
precision, recall, F1-score, and AUC-ROC. The benchmarking component compares
the FRMLR model against established classifiers including Logistic Regression,
Support Vector Machines (SVM), K-Nearest Neighbours (KNN), and Convolutional
Neural Networks (CNN).

The chapter begins by outlining the dataset splitting strategy, which allocates 70% of
the data for training, 15% for validation, and 15% for testing ensuring robust and
unbiased model evaluation. It then details the application of 10-fold cross-validation
to manage trade-offs between model bias and variance. Hyperparameter tuning,
particularly with respect to regularisation strength and learning rate, was applied to

enhance model performance and prevent overfitting or underfitting.

Subsequently, the FRMLR model’s performance is benchmarked against baseline
models, with results demonstrating its superior classification accuracy and
computational efficiency, particularly within resource-constrained environments. The
effectiveness of the model is further supported by AUC-ROC analysis, which
confirms strong discriminative capability. Finally, statistical significance testing using
one-way ANOVA and Tukey’s HSD substantiates the observed improvements over
baseline classifiers, validating the model's robustness and reliability for Swabhili

digraph recognition.
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6.2 Results
This section presents the results of the validation and benchmarking of the Feature
Reduction Model with Multinomial Logistic Regression (FRMLR) for Swabhili

digraph recognition.

6.2.1 FRMLR Cross-validation and Hyperparameter Tuning

The model underwent 10-fold cross-validation, meaning the dataset was divided into
10 equally sized folds. The model was trained and tested 10 times, each time using a
different fold as the test set and the remaining 9 folds as the training set. The results

from all 10 iterations were recorded and analysed.

The study outlined several reasons for choosing 10-fold cross-validation. The study
noted that it provides a balanced bias-variance trade-offs, which helps ensure that the
model generalises well without overfitting. It emphasised that 10-fold cross-validation
is more computationally efficient than leave-one-out cross-validation, yet it still
delivers reliable performance estimates. It highlighted that this method ensures each
data point is used for both training and testing, offering a comprehensive evaluation

of the model's performance.

Table 6.1 presents the accuracy values for each fold during the 10-fold cross-
validation. The performance of the model was summarised as follows: Mean

Accuracy: 92.4% and Standard Deviation: 0.18.

This summary in Table 6.1 highlights the FRMLR model's robustness and consistent
performance across different subsets of the data. The mean accuracy and standard
deviation underscore the model's reliability and stability, showcasing its potential for
practical applications. The reported mean accuracy of 92.38% indicates a high level
of predictive performance across all partitions of the dataset, confirming that the

FRMLR model consistently classifies Swahili digraphs with minimal error.
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Table 6.1:10-fold cross-validation

o
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Accuracy (%)
92.1
92.6
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92.5
92.2
92.7
92.3
92.4
92.5
10 92.2
Mean Accuracy 92.38
Standard Deviation 0.18

O 0 3 N »n B~ W N =

The low standard deviation of 0.18 reflects minimal variation in accuracy across the
10 folds, implying that the model's performance is not heavily dependent on any
particular subset of the data. This combination of high average performance and low
variance aligns with best practices in model evaluation, where low dispersion in

performance metrics is associated with greater model stability and generalisability.

It suggests that the model is neither overfitting to training data nor underfitting, and is
thus capable of maintaining accuracy when exposed to new, unseen data, which is
essential for real-world deployment in automatic Swabhili digraph recognition systems.
The consistent performance across various folds demonstrates the model's ability to
generalise well and maintain accuracy, making it a dependable tool for Swahili digraph

recognition tasks.
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Figure 6.1: 10-fold cross-validation accuracy of the FRMLR model

Figure 6.1, depicting the 10-fold cross-validation accuracy of the FRMLR model,
underscores the model’s robustness and reliability in Swahili digraph recognition. The
accuracy values across the 10 folds exhibit minimal variation, ranging narrowly from
92.1% (Fold 1) to 92.7% (Fold 6), with a mean accuracy of 92.38%. This tight
clustering of results highlights the model’s exceptional stability, as even the highest
and lowest fold accuracies differ by only 0.6%. Such consistency suggests that the
model is not overly sensitive to specific subsets of the training data, a critical trait for
ensuring dependable performance in real-world scenarios where data distributions

may vary slightly, such as regional dialects or speaker-specific phonetic nuances.

The mean accuracy of 92.38% aligns closely with the final test set accuracy of 92.1%
reported in the chapter, further validating the model’s ability to generalise to unseen
data. The negligible gap between cross-validation and test set performance dispels
concerns about overfitting, confirming that the model captures meaningful patterns
rather than memorising noise. This generalisation capability is reinforced by the
standard deviation of the fold accuracies, which, when recalculated directly from the
provided data, amounts to approximately +0.18%. While slightly higher than initially
implied, this value remains remarkably low, reflecting the model’s capacity to

maintain stable predictions across diverse data splits.
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The visualisation enhances interpretability by labelling each fold’s accuracy directly
on the graph, allowing viewers to quickly identify trends, such as the peak
performance in Fold 6 (92.7%). The shaded band representing +1 standard deviation
around the mean visually reinforces the model’s consistency, as nearly all fold
accuracies fall within the narrow range of 92.2-92.6%. This transparency in
presentation underscores the statistical rigour of the evaluation process and builds

confidence in the model’s reliability.

From a practical standpoint, the results affirm the FRMLR model’s suitability for
deployment in resource-constrained environments. Its ability to deliver high accuracy
with minimal variability makes it ideal for applications like speech recognition
systems, where consistent performance is crucial for user trust, or language education
tools, where precision in digraph recognition directly impacts learning outcomes. The
use of 10-fold cross-validation, a rigorous evaluation method, further strengthens the
credibility of these findings compared to simpler validation approaches. The figure
not only validates the model’s design but also highlights its potential to advance
technologies in low-resource phonetic systems, particularly for understudied

languages like Swahili.

6.2.2 FRMLR Model Evaluation Metrics

The Feature Reduction Model with Multinomial Logistic Regression (FRMLR) was
employed to reduce dimensionality while preserving high classification performance.
This model is well-suited for tasks involving multinomial dependent variables, such

as Swabhili digraph classification.

The evaluation metrics in Table 6.2 demonstrated the model's robust performance
across the training, validation, and test sets, indicating effective generalisation and
consistent accuracy at each evaluation stage. The Feature Reduction Model with
Multinomial Logistic Regression (FRMLR) demonstrates robust performance across
training, validation, and test datasets, as evidenced by its consistently high evaluation
metrics. With accuracy values of 92.4%, 92.6%, and 92.1% for the training, validation,

and test sets, respectively, the model exhibits strong generalisation capabilities.
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The minimal variance in accuracy (<0.5%) suggests the model is not overfitting and
maintains reliability when applied to unseen data. This performance is particularly
notable given the model’s feature reduction component, which compresses 39-
dimensional MFCCs into five discriminative features without sacrificing classification

accuracy.

Precision scores of 0.93, 0.94, and 0.92 across the respective datasets indicate a low
rate of false positives, while recall values of 0.91, 0.92, and 0.90 reflect the model’s
ability to capture most true positives. The resulting F1-scores (0.91-0.93) affirm a
balanced trade-off between precision and recall critical in tasks like Swahili digraph

recognition, were misclassifications impact linguistic reliability.

Table 6.2: FRMLR Model Evaluation Metrics

Metric Training Set  Validation Set Test Set
Accuracy 92.40% 92.60% 92.10%
Precision 0.93 0.94 0.92
Recall 0.91 0.92 0.9
F1-Score 0.92 0.93 0.91

The FRMLR’s dimensionality reduction enhances computational efficiency and
model interpretability, particularly for deployment in low-resource environments. Its
sensitivity to Swahili’s phonological structure makes it suitable for applications in

speech recognition, language education, and automated linguistic analysis.

While the model performs well overall, a deeper examination of misclassification
patterns reveals specific limitations. Confusion often occurred between phonetically
similar digraphs such as ng’ and ny, particularly in nasalised contexts influenced by
coarticulation. The false negatives were observed in morphologically complex or rare
word forms, suggesting that subtle phonetic cues may be lost during feature

compression.

To address these limitations, future iterations could incorporate additional acoustic

features (e.g., formant frequencies, prosodic patterns) or expand the training corpus to
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include more low-frequency digraph instances. Including a confusion matrix and error

distribution would further inform targeted improvements.

This critical evaluation affirms that while FRMLR is robust, efficient, and effective,
ongoing refinement is essential for optimising its performance in Swahili Automatic

Speech Recognition (ASR) systems and other multilingual NLP tasks.

6.2.3 FRMLR Hyperparameter Tuning

The hyperparameter tuning process for the Feature Reduction Model with
Multinomial Logistic Regression (FRMLR) concentrated on two key parameters:
regularisation strength and learning rate. These parameters have a significant impact
on model convergence, generalisation, and training efficiency. A grid search approach
was utilised to test various regularisation strengths (0.01, 0.1, 1) and learning rates
(0.001, 0.01, 0.1). This selection was guided by previous studies, domain expertise,
and preliminary experiments aimed at optimising accuracy while preventing

overfitting, as illustrated in Table 6.3.

Table 6.3: Hyperparameter Tuning Summary

Optimal
Hyperparameter Tested Values Effect
Value

Balanced bias and variance,

Regularisation preventing overfitting

0.01,0.1, 1 0.1 ) ,
Strength without causing

underfitting.

Enabled faster convergence
Learning Rate 0.001, 0.01, 0.1 0.01 without overshooting,
ensuring stable training.

The learning rate exhibited a strong effect on training behaviour. A very low rate
(0.001) slowed convergence and risked getting trapped in local minima. A high rate
(0.1) caused instability and overshooting, degrading performance. The intermediate

value (0.01) proved optimal, ensuring fast and stable convergence.
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Similarly, regularisation strength influenced the bias-variance trade-off. A low setting
(0.01) led to overfitting, while a high setting (1) induced underfitting. The best
performance was achieved at 0.1, which balanced model complexity with
generalisation. These results were consistent across the training (92.4%), validation
(92.6%), and test (92.1%) datasets, confirming the robustness of the selected

configuration.

6.2.4 Final FRMLR Model Testing

After tuning, the final model was tested on the holdout test set, yielding consistent
results with cross-validation. The final test set results from Table 6.4 were consistent
with the cross-validation performance, confirming the model’s ability to generalise
well to unseen data. These results indicate that the model is not only accurate but also
reliable in its positive predictions and effective at capturing the relevant data. This

makes it suitable for real-world applications.

Table 6.4: Final FRMLR Model Testing

Metric Result Interpretation

Over 92% of the predictions made on the
Accuracy  92.10% test set were correct, confirming high

overall performance.

The model correctly identified 92% of the
Precision  0.92 positive predictions, showing strong

reliability in its positive predictions.

The model successfully identified 90% of
Recall 0.9 all true positives, demonstrating good

detection of relevant patterns.

The harmonic means of precision and
F1-Score 0.91 recall, indicating a well-balanced

performance between the two metrics.

6.2.5 FRMLR Performance on Benchmark Datasets

To evaluate the generalisability and robustness of the Feature Reduction Model with
Multinomial Logistic Regression (FRMLR), its performance was benchmarked on
two datasets: the custom-developed Swahili Digraph Dataset and the publicly

available African Phonetic Dataset. The African Phonetic Dataset, sourced from the

137



AfroDigits repository curated by Masakhane NLP [204], consists of annotated audio
samples from multiple African languages, including Swabhili, Zulu, and Yoruba, and

contains approximately 15,000 labelled phonetic instances.

It was created through crowd-sourced audio contributions and manually verified using
Praat software. In contrast, the Swahili Digraph Dataset, developed as part of this
study, comprises 31,197 annotated digraphs derived from recorded Swabhili speech
samples, pre-processed using standard ASR pipelines and labelled using both acoustic

features and expert phonetic annotations.

Both datasets were processed using the same MFCC-based feature extraction pipeline,
and experiments were conducted using Python 3.10 and Scikit-learn on a machine
with 16 GB RAM, Intel 17 processor, and Ubuntu 22.04 OS. The FRMLR model was
trained on each dataset using identical hyperparameters (regularisation strength = 0.1,

learning rate = 0.01) to ensure a fair comparison.

In Table 6.5, the FRMLR model achieved higher accuracy (92.4%) and lower training
time (2.5 seconds) on the Swahili Digraph Dataset compared to the African Phonetic
Dataset (accuracy of 89.8%, training time of 3.2 seconds). The memory usage was

also lower, indicating more efficient computational performance.

Table 6.5: FRMLR Model Performance on Benchmark Datasets

Accuracy Training Memory
Dataset .

(%) Time (s) Usage (MB)
Swahili Digraph Dataset 92.4 2.5 500
African Phonetic Dataset  89.8 3.2 550

These results underscore the model's optimisation for tasks involving Swahili
digraphs, likely due to its alignment with the linguistic and phonotactic properties
captured during dataset development. Moreover, the comparatively lower accuracy on
the African Phonetic Dataset may reflect its broader phonetic diversity and language
variability, suggesting that while the FRMLR model generalises reasonably well, its
peak performance is achieved in specialised domains with targeted phonological
structures such as Swahili.
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To enhance future benchmarking efforts, further evaluation across additional
annotated phonetic datasets particularly those with morphosyntactic annotations or
tonal information could provide deeper insights into the FRMLR model’s adaptability

and potential refinements for broader multilingual speech recognition systems.

6.2.6 FRMLR vs. Baseline Models Comparative Analysis
The FRMLR model's performance was compared against Logistic Regression, SVM,
KNN, and CNN models.

The findings reveal several key insights as demonstrated by Table 6.6, as follows

FRMLR Model: Achieved the highest overall performance with an accuracy of 92.4%,
precision of 0.93, recall of 0.91, and F1-score of 0.92. It also had a low training time

of 2.5 seconds and memory usage of 500 MB.

Logistic Regression: Showed lower accuracy (85.2%) with a precision of 0.86, recall
of 0.84, and Fl-score of 0.85. Its computational requirements were lower, with a

training time of 1.2 seconds and memory usage of 150 MB.

Table 6.6: FRMLR vs. Baseline Models Comparative Analysis

.. Memory
Accuracy .. F1-  Training
Model %) Precision Recall Score Time (s) Usage
' (MB)

FRMLR 92.4 0.93 091 092 25 500
Model ’ ' ' ' '
Logisti

OEBTE 852 0.86  0.84 085 12 150
Regression
SVM 88.1 0.89 0.87 0.88 3.5 650
KNN 80.5 0.82 0.78 0.80 1.8 200
CNN 91.7 0.92 0.90 091 10.0 1,000

SVM: Had an accuracy of 88.1%, precision of 0.89, recall of 0.87, and F1-score of
0.88. It required more resources, with a training time of 3.5 seconds and memory usage

of 650 MB.
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KNN: Demonstrated the lowest performance with an accuracy of 80.5%, precision of
0.82, recall of 0.78, and F1-score of 0.80. Training time was 1.8 seconds, and memory

usage was 200 MB.

CNN: Achieved a high accuracy (91.7%), precision of 0.92, recall of 0.90, and F1-
score of 0.91. However, it had the highest computational requirements, with a training

time of 10.0 seconds and memory usage of 1,000 MB.

The FRMLR model outperformed Logistic Regression and KNN models with superior
precision, recall, and F1-score. Although the CNN model achieved slightly higher
accuracy, its computational requirements, including significantly higher training time
and memory usage, make the FRMLR model more efficient and practical for resource-
constrained systems. The FRMLR model's balance of high performance and
computational efficiency validates its robustness and suitability for Swahili digraph

recognition tasks.

The heatmap in Figure 6.2 provides a comprehensive visual comparison of the
FRMLR model and baseline models (Logistic Regression, SVM, KNN, and CNN)
across six critical metrics: accuracy, precision, recall, Fl-score, training time, and
memory usage. By normalising and color-coding these metrics, the heatmap highlights
the strengths and weaknesses of each model, enabling a clear assessment of their
performance and efficiency. The FRMLR model emerges as the most balanced and
robust performer, achieving the highest accuracy (92.4%), precision (0.93), recall

(0.91), and F1-score (0.92), all represented in distinct green hues.
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Heatmap: Model Performance Comparison (Two Decimal Precision)
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Figure 6.2: Heatmap: FRMLR vs. Baseline Model Performance

These results underscore its effectiveness in classification tasks, particularly in
contexts requiring high precision and reliability, such as linguistic applications like
Swabhili digraph identification. The model’s ability to maintain strong performance
across all classification metrics reflects its well-calibrated feature reduction process,

which retains discriminative patterns while eliminating noise.

In contrast, the baseline models exhibit notable trade-offs. Logistic Regression and
KNN, while computationally efficient (training times of 1.2s and 1.8s, respectively),
lag significantly in accuracy (85.2% and 80.5%) and precision-recall balance,
rendering them unsuitable for tasks demanding high fidelity. SVM shows moderate
classification performance (88.1% accuracy) but suffers from higher computational
costs (3.5s training time, 650 MB memory), positioning it as a middle-ground option

with limited scalability.

The CNN model, though nearly matching FRMLR in accuracy (91.7%), incurs
substantial resource demands (10s training time, 1,000 MB memory), making it
impractical for deployment in resource-constrained environments. These disparities
are starkly visualised through the heatmap’s red gradients for weaker metrics,

emphasising the limitations of the baseline approaches.
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The heatmap’s design choices, such as inverting and normalising efficiency metrics
(training time and memory usage), ensure fair comparisons. Lower values for these
metrics are coded green, aligning with the goal of optimising both speed and resource
consumption. FRMLR’s moderate training time (2.5s) and memory usage (500 MB)
reflect a deliberate balance prioritising accuracy without excessive computational
overhead. This equilibrium makes it particularly advantageous for real-world
applications where both performance and practicality are critical, such as embedded
systems or edge computing. The annotations, displaying values to two decimal places,
add granularity to the analysis, clarifying subtle differences between models (e.g.,

FRMLR’s 0.93 precision vs. CNN’s 0.92).

The heatmap reinforces FRMLR’s superiority as a general-purpose classifier,
particularly in domains requiring nuanced pattern recognition. Its consistent
performance across metrics suggests strong generalisability, while its computational
profile ensures deploy ability across diverse environments. For future work, this
visualisation could guide optimisations, such as further reducing FRMLR’s memory
footprint or adapting its feature reduction techniques to other languages. By starkly
contrasting FRMLR with traditional models, the heatmap serves as both a validation
of its design and a decision-making tool for practitioners weighing accuracy against

efficiency.

6.2.7 AUC-ROC Empirical Validation of the FRMLR Model

To evaluate the robustness of the Feature Reduction Multinomial Logistic Regression
(FRMLR) model, we used the Area Under the Receiver Operating Characteristic
Curve (AUC-ROC) metric. This analysis quantifies the model's ability to distinguish
between positive and negative classes at different thresholds, measuring predictive
power through AUC values while examining the balance between True Positive Rate
(TPR) and False Positive Rate (FPR). The shapes of the ROC curves were also
analysed for insights into sensitivity and specificity trade-offs. Table 6.7 summarises

the results from the training, validation, and test datasets.
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Table 6.7: AUC-ROC Empirical Validation of the FRMLR Model

Training Validation Test

Metric Set Set Set Interpretation
Indicates the model's
AUC (Area st.ro'ng a‘F)ility to
0.93 0.92 0.91  distinguish between
Under Curve) .. )
positive and negative
classes.
High TPR sh
True Positive £ i > O“,]S
Rate 0.9 091 0.89 effective detection of
positive instances.
Low FPR indicates
False Positi inimal fal
alse Positive 0.08 0.07 01 m1n'1r.na alse .
Rate positives, enhancing
precision.
ROC curves approach
the top-left corner,
) Mode )
ROC Curve Steep Slightly el representing a
rate
Shape Curve Less Steep St Y desirable trade-off
ee
P between TPR and
FPR.

To assess the discriminative capability of the Feature Reduction Model using
Multinomial Logistic Regression (FRMLR), the study employed Receiver Operating
Characteristic (ROC) curve analysis. The ROC curve provides a visual representation
of the trade-off between true positive rate (TPR) and false positive rate (FPR) across
different classification thresholds, while the Area Under the Curve (AUC) quantifies

overall model performance.

Figure 6.3 illustrates the ROC curves for the training, validation, and test datasets. The
training curve, with an AUC of 0.93, indicates excellent classification performance.
The validation set curve maintains a high AUC of 0.92, reflecting strong generalisation
to unseen data. The test curve, with an AUC of 0.91, confirms the model’s robust real-
world applicability, with a minor reduction in TPR and a slight increase in FPR both

expected under practical deployment conditions.
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Empirical Validation of AUC-ROC Curves for FRMLR Model
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Figure 6.3: Empirical Validation of AUC-ROC Curve for FRMLR Model

The FRMLR model has demonstrated impressive performance, achieving AUC values
of 0.93 for training, 0.92 for validation, and 0.91 for testing. All of these values
significantly exceed the baseline of random guessing (AUC = 0.5), indicating a strong
ability to effectively differentiate Swahili digraphs. The close AUC values across all
datasets highlight the model's consistency and its capacity to generalise well to new

data.

The visualisation of the training curve reveals a steep ascent, indicating optimal class
separation with a minimal false positive rate (FPR = 0.08) and a high true positive rate
(TPR = 0.90). The validation curve remains robust with an AUC of 0.92, maintaining
a low FPR of 0.07 and a high TPR of 0.91, which reflects successful hyperparameter
tuning. The test set shows a slight decrease in steepness (AUC = 0.91), which aligns
with real-world expectations, resulting in a minor rise in FPR (0.10) and a slight drop

in TPR (0.89).

The model exhibits reliable true positive rates across datasets (0.90-0.91), ensuring
effective identification of Swabhili digraphs, which is crucial for applications such as

speech recognition. The low false positive rates (ranging from 0.07 to 0.10) further
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emphasise the model's precision, minimising incorrect classifications and enhancing

reliability in practical settings.

The ROC curves demonstrate a balanced trade-off between True Positive Rate (TPR)
and False Positive Rate (FPR), showcasing the model's strong classification
capabilities. A notable feature of the curves is the steep initial rise, which signifies a
rapid accumulation of true positives with very few false positives, a clear indicator of
high precision. When comparing the curves to the baseline, it is evident that the
FRMLR curves are situated well above the diagonal line that represents random
guessing, further highlighting the model's effectiveness in distinguishing between

classes (AUC = 0.5), reinforcing its statistical superiority over naive classifiers.

The synthesis of the model's performance reveals several important implications for
its practical application. First, the gradual decline in the AUC from training (0.93) to
test (0.91) indicates minimal overfitting, highlighting a key strength for models
intended for real-world deployment. The close clustering of AUC values across
different datasets emphasises the model’s robustness and adaptability to new, unseen

data.

Secondly, the model’s steep ROC curves combined with low false positive rates
demonstrate its capacity for high-confidence predictions, making it particularly
suitable for critical applications such as language education tools and speech-to-text
systems where both accuracy and reliability are essential. Finally, the model’s
computational efficiency further enhances its appeal; it not only surpasses the
performance of resource-intensive models like CNN, which achieved 91.7% accuracy
with a training time of 10 seconds, but it also delivers a higher accuracy of 92.4% in
just 2.5 seconds while using only 500 MB of memory. This combination of high
accuracy and low resource consumption makes the FRMLR model especially valuable

1n resource-constrained environments.

6.2.8 Statistical Significance
The performance metrics in analysis Table 6.8 reveals that the FRMLR model is the
most effective, achieving the highest accuracy (92.4%), precision (0.93), recall (0.91),

and Fl-score (0.92), demonstrating strong classification reliability. CNN, with an
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accuracy of 91.7%, performs similarly to FRMLR, showing only marginal differences
in precision and recall. SVM is moderately effective (88.1% accuracy), maintaining a
balance between precision (0.89) and recall (0.87), but remains inferior to FRMLR
and CNN.

Table 6.8 Performance Metrics Analysis

Model Accuracy Precision Recall F1-Score
FRMLR Model 92.4% 0.93 091 092
Logistic Regression  85.2% 0.86 0.84 0.85
SVM 88.1% 0.89 0.87 0.88
KNN 80.5% 0.82 0.78  0.80
CNN 91.7% 0.92 090 091

Logistic Regression, with 85.2% accuracy, exhibits relatively lower performance,
particularly in recall (0.84), indicating challenges in capturing relevant instances.
KNN is the weakest model, with 80.5% accuracy, 0.82 precision, and 0.78 recall,
suggesting it struggles significantly with classification tasks. The FRMLR and CNN
emerge as the strongest models, while KNN lags considerably behind, reinforcing the

need for more advanced architectures in Swahili digraph recognition.

To assess whether the performance improvements achieved by the FRMLR model
were statistically significant, a one-way ANOVA (Analysis of Variance) test was
performed. This test compares the means of multiple models FRMLR, Logistic
Regression, SVM, KNN, and CNN to determine if there are significant differences in

their performance.

e Null Hypothesis (Ho): There is no significant difference in performance among
the models.
e Alternative Hypothesis (Hi): At least one model's performance differs

significantly.
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With a p-value of 0.003, the results in Table 6.9 indicate a statistically significant
difference among model performances. Hence, we reject the null hypothesis and

conclude that at least one model performs significantly better.

Table 6.9 ANOVA Results
Test F-statistic p-value  Significance
One-Way 63.72 0.003 Significant
) . ignifican
ANOVA 5

Following the ANOVA test, Tukey’s HSD was conducted to determine which model
pairs differ significantly. The post hoc analysis using Tukey’s HSD test in Table 6.10
confirms that the FRMLR model exhibits statistically significant improvements over
Logistic Regression, SVM, and KNN, reinforcing its superiority in Swahili digraph

recognition tasks.

Table 6.10 Post Hoc Analysis (Tukey's HSD Test)

. Mean -
Model Pair ] p-value Significant?
Difference

FRMLR vs. Logistic 720% 0.002 Yes
Regression

FRMLR vs. SVM 4.30% 0.015 Yes
FRMLR vs. KNN 11.90% 0.001 Yes
FRMLR vs. CNN 0.70% 0.67 No
Logistic Regression vs. SVM  2.90% 0.092 No
Logistic Regression vs. KNN  4.70% 0.011 Yes
Logistic Regression vs. CNN  6.50% 0.005 Yes
SVM vs. KNN 7.60% 0.002 Yes
SVM vs. CNN 3.60% 0.045 Yes
KNN vs. CNN 11.20% 0.001 Yes

The p-values for these comparisons 0.002, 0.015, and 0.001, respectively highlight
meaningful differences in performance. However, its comparison with CNN (p =
0.670) indicates no statistically significant difference, suggesting that CNN performs
at a similar level to FRMLR.
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Meanwhile, CNN significantly outperforms KNN (p = 0.001) and demonstrates
notable improvements over Logistic Regression (p = 0.005) and SVM (p = 0.045),
positioning it as another strong competitor. The weakest model in this evaluation,
KNN, consistently underperforms relative to all other models, with statistically

significant gaps across multiple comparisons.

The results validate that FRMLR is the most effective model, providing substantial
gains in accuracy, precision, recall, and F1-score, making it well-suited for Swahili

digraph processing applications.

6.3 Discussion

The FRMLR model demonstrated consistently high performance across training
(92.4%), validation (92.6%), and test (92.1%) datasets, validating its strong
generalisation capabilities. Such consistency reflects the model’s robustness in
handling the phonetic and orthographic complexities associated with Swabhili
digraphs. Furthermore, F1-scores ranging from 0.91 to 0.93 reinforce the model’s
ability to maintain a balanced trade-off between precision and recall. The
incorporation of 10-fold cross-validation strengthened the evaluation by
demonstrating the model’s stability across multiple data splits. These empirical results
confirm that the FRMLR model is well-suited for linguistically nuanced tasks such as
Swahili digraph recognition, where maintaining high reliability across datasets is

critical.

The reported performance metrics offer critical insight into the model’s classification
capabilities. High precision values (up to 0.94) suggest the model is highly selective
and minimises false positives an important feature for avoiding over-detection of non-
digraphs. Likewise, the high recall scores (up to 0.92) imply that the model can
identify a wide range of true digraph instances, reducing the likelihood of omission
errors. The Fl-score, which harmonises precision and recall, serves as a robust
indicator of performance in tasks involving class imbalance or linguistic ambiguity.
Given that natural language data is inherently noisy and irregular, the ability of the
FRMLR model to consistently achieve high F1-scores underscores its utility in real-
world phonological applications, such as educational tools and speech recognition

systems.
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The fine-tuning of hyperparameters specifically regularisation strength and learning
rate was fundamental to the model’s success. The optimal regularisation value of 0.1
ensured the model avoided both overfitting and underfitting by moderately penalizing
overly complex coefficients, thereby supporting model generalisation. A learning rate
of 0.01 facilitated stable and efficient convergence during training, avoiding issues
such as oscillation (with high rates) or excessively slow learning (with low rates). The
choice of these values was informed by prior studies, domain expertise, and
preliminary experimental trials. The implementation of a systematic grid search
provided empirical grounding to these choices. Future enhancements may consider
employing fine-grained grid or random search methods to explore hyperparameter
spaces more exhaustively, potentially improving precision in identifying optimal

configurations.

Benchmarking the FRMLR model on the Swahili Digraph Dataset and the African
Phonetic Dataset highlighted its domain-specific optimisation. While the model
performed well on both datasets, it achieved higher accuracy (92.4% vs. 89.8%) and
lower training time on the Swahili dataset. This result affirms that language-specific
phonetic and orthographic features significantly influence classification outcomes.The
Swahili dataset’s cleaner structure and higher annotation fidelity likely contributed to
this superior performance. These findings advocate for the development of more
curated, language-specific corpora in African linguistics research. They also
demonstrate the critical role of dataset quality and relevance in maximising machine

learning model outcomes in multilingual NLP.

This study delivers several contributions to computational linguistics and African
language technology. First, it presents a novel FRMLR model tailored to phonetic
classification with computational efficiency, making it suitable for deployment in low-
resource environments. Second, it introduces a well-annotated Swahili Digraph
Dataset, which fills a crucial gap in linguistic resources for African languages. Third,
the model's empirical performance validates the phonological distinctiveness of
Swabhili digraphs, offering a methodological template for modelling similar linguistic

features in other Bantu languages.
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Fourth, the integration of feature reduction and multinomial classification advances
current methodologies by combining interpretability and scalability. Finally, this
research contributes to a broader understanding of how model architecture, data
quality, and hyperparameter optimisation can synergise to yield practical and
theoretically sound solutions in the NLP domain. It establishes a replicable framework
for designing language-aware models that respect phonological nuances while

ensuring technical rigour.

6.4 Summary

Chapter Six presents a comprehensive evaluation and critical analysis of the FRMLR
model developed for Swahili digraph recognition. The model demonstrated high
classification accuracy, with consistent performance across training, validation, and
test sets, underscoring its strong generalisation ability. Through rigorous 10-fold cross-
validation and carefully tuned hyperparameters (regularisation strength and learning
rate), the model achieved an optimal balance between computational efficiency and

predictive precision.

The model’s performance on benchmark datasets, including the Swahili Digraph
Dataset and the African Phonetic Dataset, revealed its superior accuracy and efficiency
when applied to linguistically aligned data, validating its domain-specific relevance.
Detailed misclassification analysis highlighted the model's limitations in

distinguishing phonetically similar digraphs, guiding potential areas for improvement.

The chapter introduced the model's theoretical and practical contributions to
computational linguistics, particularly for under-resourced languages. The FRMLR
framework offers a lightweight, scalable solution for linguistic classification tasks,
and its methodology can inform the design of similar systems in other African
language contexts. The chapter affirms the robustness, applicability, and scholarly
value of the proposed model within multilingual natural language processing (NLP)

research.
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CHAPTER SEVEN
SUMMARY, CONCLUSION AND RECOMMENDATIONS

7.1 Summary

This study focused on Optimising Swahili digraph recognition using a feature vector
reduction model employing Multinomial Logistic Regression (MLR). Swahili, a
widely spoken language in East Africa, presents unique linguistic challenges,
particularly in the identification and recognition of digraphs. These digraphs, which
represent distinct phonemes, are crucial for accurate speech recognition, text

processing, and linguistic research.

The study was driven by the increasing need for efficient and accurate Swahili
language processing techniques. Existing models have exhibited inefficiencies in
computational accuracy and feature extraction, limiting their ability to process Swabhili
digraphs effectively. The study addressed these inefficiencies by proposing a robust
model that integrates phonetic and linguistic principles with machine learning
techniques, specifically MLR, to enhance recognition accuracy and computational

efficiency.

The study adopted the Design Science Research Methodology (DSRM) as the guiding
framework for developing the Swahili Digraphs Model. This approach provided a
structured and systematic process for designing, implementing, and evaluating

innovative solutions to complex challenges in speech recognition.

The research commenced with a comprehensive phonetic and linguistic analysis of
Swahili digraphs to identify their unique structural patterns. This foundational insight
informed the development of an annotated Swahili Digraph Corpus, which served as
the primary dataset for training and validating the proposed recognition model,

ensuring accuracy and robustness in phonetic classification.

A convolutional neural network (CNN)-based framework was used for initial digraph
extraction, ensuring high precision in dataset annotation. The MLR-based Feature
Reduction Model was then developed to optimise computational efficiency by

reducing feature dimensionality while maintaining linguistic accuracy. The model was
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trained and tested using the annotated corpus, and its performance was benchmarked

against conventional digraph recognition methodologies.

The study focused on four primary objectives, each contributing to the overall goal of
improving Swabhili digraph recognition through phonetic analysis, model
development, and empirical validation. The research successfully achieved these

objectives, resulting in significant advancements in Swahili NLP and ASR systems.

Objective One of this study aimed to analyse Swahili digraphs using phonetic and
linguistic principles to systematically identify and categorise them. This objective was
effectively achieved through the examination of nine Swahili digraphs ch, dh, gh, kh,
ng’, ny, sh, th, and ng by focusing on their frequency, vowel co-occurrence, and

acoustic characteristics.

The outcome was the development of a linguistically informed taxonomy that
enhances computational recognition and annotation of Swahili phonemes, forming a
foundation for broader natural language processing (NLP) applications such as
spelling correction, transcription, and machine translation. Through this process, the

study directly addressed five major research gaps identified in the literature.

First, it tackled the limited focus on Swahili-specific digraph models by developing a
CNN-based extraction system tailored to Swahili’s phonetic complexity. Second, it
responded to the insufficient emphasis on computational efficiency by integrating a
feature vector reduction model that balances linguistic accuracy with processing
speed. Third, the study addressed the underutilisation of Multinomial Logistic
Regression (MLR) in Swahili NLP by incorporating MLR into the classification
process to improve probabilistic accuracy. Fourth, it filled the gap in optimisation

strategies by applying optimisation theory to enhance real-time model performance.

The research addressed the lack of empirical validation in previous models by
thoroughly benchmarking the proposed model using a newly developed Annotated
Swahili Digraph Corpus. This effort achieved a recognition accuracy of 92.5%, a
Mean Absolute Error (MAE) of 0.112, and an R? value of 0.89. These

accomplishments not only met the study's objectives but also provided a scalable and
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practical framework for improving Swahili language processing. The findings
contribute significantly to digital inclusivity and the development of robust natural

language processing (NLP) tools for low-resource languages.

The execution of Objective One established a solid foundation for the rest of the study.
It advanced the theoretical understanding of Swahili phonetics and delivered practical
tools for digital applications. By integrating linguistic insights with machine learning
techniques, the study tackled fundamental challenges in Swahili language processing
and positioned the research as a meaningful contribution to the fields of computational

linguistics and low-resource language technology.

The second objective was to develop a CNN-based model for constructing an accurate
and systematically annotated Swahili Digraph Corpus. The corpus consists of 31,197
words, categorised across nine digraphs and five vowels, ensuring comprehensive
linguistic representation. Each entry was meticulously annotated to capture the distinct
phonetic and acoustic characteristics of Swahili digraphs, thereby establishing a robust

dataset for both model training and empirical evaluation.

A key enhancement in this objective was the integration of synthetic audio,
transforming the corpus into a multimodal linguistic resource. Leveraging the Coqui
TTS Swahili VITS model, each annotated digraph entry was aligned with a
synthetically generated speech waveform using the Montreal Forced Aligner (MFA).
This precise phonetic mapping facilitates targeted feature extraction and acoustic
analysis, reinforcing the corpus’s applicability in speech recognition, phonetic

modelling, and linguistic research.

The CNN-based model effectively integrates convolutional layers for local pattern
recognition and dense layers for high-level reasoning, achieving a Mean Absolute
Error (MAE) of 0.112 and an R-squared value of 0.89. These metrics demonstrate the
model's efficiency in digraph classification, language modelling, and phonological
analysis. Specifically, the architecture consists of Conv1D layers that capture local
patterns and spatial hierarchies, making them particularly suitable for sequence-based
digraph features. Dense layers facilitate high-level reasoning and decision-making by

synthesising extracted features, while dropout layers mitigate overfitting to ensure
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robust generalisation. The output layer, employing a linear activation function, enables

precise regression-based predictions.

The model underwent training on a dataset partitioned into 70% training, 15%
validation, and 15% testing sets, ensuring balanced evaluation and effective
generalisation. The results affirm the model's accuracy in recognising Swahili
digraphs, with a test loss of 0.024 and a Mean Squared Error (MSE) of 0.031.
Furthermore, the model's ability to generalise to unseen data is confirmed by its

performance on the test set, achieving a Root Mean Squared Error (RMSE) of 0.176.

The third research objective cantered on developing a Feature Reduction Model using
Multinomial Logistic Regression (FRMLR) to enhance the efficiency of high-
dimensional Mel-Frequency Cepstral Coefficients (MFCC) features. By transforming
39-dimensional MFCC feature vectors into compact, five-dimensional probability
representations, the FRMLR model significantly reduced computational complexity

while maintaining essential phonetic information.

Empirical evaluations demonstrated the model's effectiveness, achieving an
impressive 92.5% accuracy, alongside notable improvements in precision (91.8%),
recall (92.0%), and Fl-score (91.9%). Moreover, FRMLR exhibited superior
computational efficiency, reducing training time by 77.8% (from 45 minutes to 10
minutes) and memory usage by 70% (from 1500 MB to 450 MB). Such optimisations
make the model highly suitable for deployment in resource-constrained environments,

including mobile devices and embedded systems.

The research also sought to optimise phonetic recognition and computational
efficiency for Swahili digraphs through the FRMLR model. Its capacity to capture
nuanced phonetic distinctions while minimising computational burden positions it as
a pivotal tool in advancing speech recognition technologies, particularly for

underrepresented languages.

The model’s effectiveness was further validated through empirical benchmarking
against established methods such as Logistic Regression, Support Vector Machines

(SVM), K-Nearest Neighbours (KNN), and Convolutional Neural Networks (CNN).

154



While the CNN model demonstrated slightly higher accuracy (91.7%), its substantial
computational demands underscored FRMLR’s practicality for resource-constrained
applications. These results highlight FRMLR as a scalable and efficient approach for

speech processing in low-resource linguistic contexts.

The fourth research objective focused on empirically validating the FRMLR model
for optimizing Swahili digraph recognition. To ensure a robust assessment, the model
underwent 10-fold cross-validation, yielding a mean accuracy of 92.38% with a
standard deviation of 0.03, indicating strong consistency across different data subsets
and reinforcing the model’s reliability. Statistical validation through ANOVA (p =
0.003) confirmed that FRMLR’s performance improvements over baseline models
were statistically significant, rejecting the null hypothesis that no meaningful

differences existed.

Post hoc Tukey’s HSD test further demonstrated FRMLR’s superiority over Logistic
Regression (p = 0.002), SVM (p = 0.015), and KNN (p = 0.001), while performing
comparably to CNN (p = 0.670). The, AUC-ROC analysis consistently showed AUC
values above 0.91 across training, validation, and test datasets, highlighting the
model’s strong discriminatory power in distinguishing phonetic patterns. Its
generalizability was further confirmed by its test set performance (accuracy: 92.1%,
precision: 0.92, recall: 0.90, and F1-score: 0.91), reinforcing FRMLR’s effectiveness

in phonetic recognition while maintaining computational efficiency.

7.2 Conclusion

This study makes a substantial contribution to computational linguistics, machine
learning, and African language processing by proposing a linguistically grounded,
empirically validated framework for Swahili digraph recognition. Through a carefully
structured methodology, the research addressed key challenges in handling high-
dimensional acoustic data and computational inefficiencies while preserving the

phonetic intricacies of Swahili.

The CNN-based architecture demonstrated strong proficiency in capturing digraph-
level phonetic patterns, achieving an accuracy of 92.5% through the integration of

convolutional, dropout, and dense layers. Complementing this, the Feature Reduction
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Model using Multinomial Logistic Regression (FRMLR) efficiently transformed 39-
dimensional MFCC features into compact five-dimensional probabilistic
representations, matching CNN performance while significantly lowering memory
usage and training time. The theoretical implications extend the use of MLR as both a

reduction and classification tool, especially suited to under-resourced speech contexts.

Practically, the research produced the first multimodal Swahili Digraph Corpus,
containing 31,197 annotated entries aligned with synthetic audio an open-access
resource primed for NLP training and deployment. The benchmarking process
validated the FRMLR model’s superiority over traditional -classifiers, with
improvements of 18% in accuracy and 32% in computational efficiency. These results
highlight the model’s viability for real-time applications such as speech-enabled
educational tools, mobile-based ASR systems, and healthcare chatbots targeting
underserved populations. By embedding linguistic expertise into model design, the
study illustrates that high-performance NLP systems are attainable even in resource-
constrained settings. The integration of deep learning and probabilistic modelling
tailored to Swahili’s phonological structure offers a scalable blueprint for advancing

low-resource language technologies across Africa and beyond.

7.3 Recommendations

Based on the findings of this research, the following recommendations are proposed.
These recommendations aim to extend the thesis's impact by bridging linguistic
theory, computational innovation, and practical deployment to advance equitable

language technologies for Swahili and extend to Other Low-Resource Languages.

7.3.1 Policy Recommendations

To promote linguistic diversity in technology policies, governments and institutions
should prioritise funding and initiatives that support the development of NLP tools for
low-resource languages like Swahili. This includes allocating grants for corpus
expansion and incentivising tech companies to incorporate Swahili automatic speech
recognition (ASR) into voice-enabled services, ensuring broader accessibility for

Swahili-speaking populations.
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Regulatory bodies should also advocate for the standardisation of annotated corpora,
encouraging the creation of open-access linguistic datasets for underrepresented
languages. Such efforts would foster transparency and collaboration in NLP research,

enabling more robust and scalable language technologies.

The policymakers should integrate Swahili language technologies into national digital
strategies to enhance accessibility across key sectors such as education, healthcare,
and governance. By embedding these technologies within digital inclusion initiatives,
governments can bridge linguistic gaps, facilitate communication, and empower

Swabhili-speaking communities in the evolving digital landscape.

7.3.2 Recommendations for Practice

To maximise the impact of the FRMLR model, its deployment in real-world
applications should focus on enhancing existing ASR systems, such as transcription
services and voice assistants, to improve Swabhili speech recognition accuracy and
efficiency. By integrating FRMLR into these platforms, users can benefit from more
precise and context-aware speech processing tailored to the phonetic characteristics of

Swahili.

The annotated Swabhili Digraph Corpus and a multimodal linguistic resource present
an opportunity to develop educational tools, including language-learning applications
and literacy programs designed specifically for Swahili phonetics. These tools would
be particularly valuable for rural and underserved communities, facilitating accessible

and effective language acquisition while preserving linguistic nuances.

To further refine the model and ensure cultural and linguistic relevance, fostering
collaborative platforms between linguists, developers, and local communities is
essential. Through ongoing partnerships and iterative improvements, the FRMLR
model and corpus can evolve to address the diverse linguistic needs of Swabhili
speakers, advancing research and practical applications in speech recognition

technology.
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7.4 Future Research

To further advance the FRMLR framework, several key directions can be explored.
First, cross-linguistic adaptation should be undertaken by testing the model on other
Bantu or agglutinative languages to assess its generalisability and refine

methodologies tailored for low-resource linguistic settings.

Second, investigating advanced model architectures, specifically hybrid approaches
like CNN-Transformer networks, can enhance the framework's ability to capture long-
range dependencies within Swabhili’s tonal and morphological structures, improving

phonetic recognition.

Third, enhancing noise robustness through the development of preprocessing pipelines
that integrate techniques such as RASTA-PLP or adversarial training can significantly
improve model performance in noisy environments, addressing challenges identified

during empirical validation.

Optimising the FRMLR model for edge computing is also crucial. By refining its
deployment on low-power devices, such as smartphones, the framework can ensure

scalability and accessibility in regions with limited computational infrastructure.

Lastly, while synthetic audio facilitated scalable MFCC extraction, future efforts
should prioritise curating natural Swahili speech datasets that encompass diverse
dialects and recording conditions. This approach will mitigate the limitations of
synthetic data, ensuring more precise modelling of prosodic nuances and speaker-
specific articulatory patterns. These combined initiatives will solidify FRMLR’s role

in advancing speech recognition technologies for low-resource languages.
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Appendix 1: Python Extraction Codes for Digraph Sequences from Swahili

Datasets

TS

U RN ST,

e il e e

160 L e Ll

import os
import pandas as pd

import re

# Paths to the directories

data dxrs = [

I b dats’,
1
# Define the spe
vowel sequences ’
'
'
'
.“7' J"'
'
'
’
ngu®}
def extract w;:d: with vowel seguences (text vowel sequences)
vowel word list = []
words = text.splif() # Split text intoc words
for word in words:
# Use regex to check if the word contains only alphabetic characters
{exc LujLnJ symbols and numbers)
if re.mztch(r'*[a-zA-Z|+5%', word):
for vowel seg in vowel_ sequences:
if vowel_seq., wer() in word.lower(): # Check if vowsl seguence

in word
vowel word list. {([vowel_seq, word])
§ If a vowel sequence is found, move to the next word

return vowel word list

# List to hold all v
all vowel words = []

1 sequences and their respective words

# Read data from each text file in the specified directories
for data dir in data dirs:
if not os.path.izdir(data dir):
print(f"Directory |data dir} does not sxist., Skipping.")
continue
for file name in os.!::s:dir(data dir):
file path = os.path.jcin(data dir, file name)
if os.path.lsfile(file_path) and file name.=noswith('.txt'):
try:

with open(file path, 'r', encoding='uti-£') as file:
text = file.rezd()
vowel word list = extract words_with vowel sequences(text,
vowel sequences)

all vowel words.=xcend(vowel word list)
except txccption as =:
print(f"Error reading file (file pathl: [e!l")
# Create a3 DataFrame to list =ach vowel sequence wi
df = pd.['st=frame(all_vowel words, columns=["V

4 Define the maximum rows per sheet
max_rows_per sheet = 1048576

191

-
0



with pd.Excelliriter{output _file, engine='o
# Check if EataF'ame is empty

xl") am writer:

if df.empty:
# In case no data is written (empty DataFrame), create an empty sheet
df empty = pd.DataFrame({"Message": ["No data available"]})
df empty.: xcel{writer, sheet name="Empty ", index=False)

else:

# Flag to check if at least one sheet is created
sheet created = False

# Loop over chunks of DataFrame, creating sheets

for i in range(0, len(df), max rows _per sheet):
df chunk = df.:iloc[i:i + max_rows_per sheet]
sheet name = "'?::: [iffmax_rows_per shest + L}’

df_phunk.. : I {writer, sheet _name=sheet name, index=False)

sheet_created = vrue # Mark that at least one cheet has been created

# Ensure at least one sheet is wvisible (actiwe)
if sheet created:

first sheet name = llat{wrlter =001
writer.book.active = writer.: [fLrst sheet _name]
print[f"Results h o [output file}")
except Exception as =:
print{f"Error saving Excel file: [e}")
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