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ABSTRACT 

Named Entity Recognition (NER) is an essential task for many applications in Natural 

Language Processing (NLP), which aims to make computers capable of comprehending and 

processing human language. This study addresses the challenge of developing an NER system 

for Kafinoonoo, a low-resource language spoken in Ethiopia, which has limited linguistic 

resources and NLP infrastructure. The main objective was to develop and assess a deep 

learning-based NER system that was specifically tailored to the Kafinoonoo language's 

characteristics. In this study, we explored combinations of input representation methods, 

context encoders, and tag decoders to determine the most effective architecture. The input 

representations included traditional word embeddings such as Word2Vec and FastText, as well 

as transformer-based language models like BERT and RoBERTa, which provided richer, 

context-sensitive representations. Recurrent neural networks, specifically BiLSTM and 

BiGRU, were utilized as context encoders to capture language patterns, while Softmax and 

Conditional Random Fields (CRF) served as tag decoders for classifying named entities. The 

results demonstrated that models employing transformer-based representations with recurrent 

encoders and CRF decoders consistently outperformed other configurations. Notably, the 

combination of RoBERTa with BiLSTM and CRF achieved the highest F1 score of 0.90, 

underscoring the effectiveness of advanced architectures and CRF in enhancing tagging 

accuracy. This research enhances Kafinoonoo language preservation, search engine 

efficiency, and information extraction, promoting digital literacy and cultural preservation 

within the Kafecho community. It addresses the unique linguistic difficulties of Kafinoonoo and 

offers a strong basis for developing NER systems for low-resource languages. The work has 

constraints that might impact generalizability despite its contributions, such as a limited 

dataset size and a lack of thorough annotated corpora. In order to enhance performance, future 

work should concentrate on growing annotated datasets, utilizing semi-supervised and 

unsupervised learning approaches, and investigating data augmentation strategies. 

Keywords: Named Entity Recognition, Kafinoonoo, Natural Language Processing, Low-

Resource Languages, Deep Learning, Transformer Models, CRF 
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CHAPTER ONE 

1. INTRODUCTION 

1.1 Background of the Study 

Language is one of humanity's most essential communication tools, allowing us to express our 

ideas, thoughts, and feelings to one another. Over the years, it has been the foundation for how 

people work, develop civilizations, and solve issues together. In today's globalized world, the 

ability to communicate in many languages is more important than ever, bringing up new 

chances and connections. This increased need for seamless communication has resulted in 

technology developments aimed at breaking down language barriers, making interactions 

between individuals from various cultures easier and more efficient. Natural Language 

Processing (NLP) is a branch of Artificial Intelligence (AI) that teaches machines to interpret 

and modify human language, whether through text or speech [1]. NLP has become a key 

component of modern technology, propelling improvements in fields such as automatic 

translation, voice-activated assistants, and more intelligent search engines. Its effect extends 

beyond sectors, providing practical solutions to improve communication, data analysis, and 

user experience. 

One of the core tasks in natural language processing (NLP) is named entity recognition (NER), 

which is the process of locating and categorizing named entities in unstructured text into pre-

established groups like persons, locations, and organizations. Because of its significance in 

several NLP applications, NER has attracted a lot of interest [2]. It is an essential pre-

processing stage for activities such as machine translation, information retrieval, and question 

answering. Additionally, by detecting named entities, NER is essential to semantic search, 

allowing search engines to comprehend the ideas and intents underlying user searches [3].  

Despite the considerable progress in NER research, the majority of studies have predominantly 

focused on well-resourced languages, leaving low-resource languages with scant attention. 

This disparity presents significant challenges when developing NER systems for languages 

such as Kafinoonoo, which lacks adequate linguistic resources and infrastructure for NLP 

model development. Consequently, there exists a critical need to address this gap and develop 

effective NER systems tailored to low-resource languages.  
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Kafinoonoo, spoken by the Kafecho people in southwestern Ethiopia across the Bonga, Bench 

Sheko, and Sheka Zones, as well as parts of the Jimma Zone, holds official status as the working 

language in the Kafa Zone. It is increasingly used in educational settings, from primary schools 

to university degree programs. As a member of the North-Omotic Southern Gonga subgroup 

of the Afro-Asiatic superfamily [4], Kafinoonoo presents unique features that challenge NER 

model development. Notably, it uses a Latin-based alphabet, adapted to include 32 letters, five 

of which are borrowed from other languages such as English and Amharic [5]. Kafinoonoo 

also has distinctive long consonant and vowel forms, which can alter word meanings. 

Additionally, its Subject-Object-Verb (SOV) syntactic structure differs from the more 

commonly used Subject-Verb-Object (SVO) structure, influencing word formation and 

sentence syntax. These characteristics make it both unique and challenging for NER, as they 

demand accurate recognition of subtle phonetic and morphological distinctions. 

Given the lack of linguistic resources for Kafinoonoo, transfer learning emerges as a powerful 

approach to leverage pre-trained models developed on more resourced languages, providing a 

foundation for developing robust NER systems. For Kafinoonoo, multilingual models such as 

mBERT and XLM-RoBERTa are particularly effective because they capture diverse language 

representations, including those from other African languages with similar linguistic 

properties. Transfer learning from these multilingual sources is beneficial as it allows for 

adaptation to Kafinoonoo’s distinct morphosyntactic structures and phonological 

characteristics, ensuring better performance than solely monolingual or high-resource 

languages. 

Artificial Intelligence (AI), especially deep learning, has proven effective in NER due to its 

ability to learn and represent semantic relationships in text [6] [7]. Recent advancements in 

deep learning models for NLP, including RNNs (such as LSTMs and GRUs) and Transformer-

based models like BERT, have shown substantial success in recognizing complex relationships 

and capturing contextual representations within text [8], enhancing the robustness of NER 

systems. This thesis leverages these deep learning techniques, incorporating pretrained 

language models, bidirectional RNNs, and Conditional Random Fields (CRF), to develop an 

effective NER system for Kafinoonoo.  
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This study aims to advance the development of natural language processing (NLP) systems for 

low-resourced languages such as Kafinoonoo, thereby supporting linguistic preservation and 

bridging the digital divide. As linguist Edward Sapir noted, "Language is not just a means of 

communication but a reflection of human culture" [9]. By establishing an effective framework 

for Named Entity Recognition (NER) in Kafinoonoo, this thesis contributes to the preservation 

of a vital language while facilitating its integration into the digital landscape. This work 

provides the Kafecho community with increased access to NLP resources, promoting inclusive 

technological use, enhancing communication, and broadening opportunities for information 

exchange. 

1.2 Statement of Problem 

The generation of Kafinoonoo electronic text is rapidly increasing, leading to a substantial 

accumulation of digital data in organizations such as media outlets, educational institutions, 

and other entities that extensively utilize the Kafinoonoo language in their daily operations [4]. 

However, these organizations face significant challenges in efficiently retrieving relevant 

information from this growing pool of electronic data. The absence of a dedicated NLP 

application capable of processing Kafinoonoo digital documents exacerbates this issue. NER 

systems are fundamental to many NLP applications, such as named entity disambiguation [10], 

information extraction [11], information retrieval (search) [12], sentiment analysis [13], and 

question answering [14]. Given Kafinoonoo's growing relevance in fields like education, 

media, and government, there is an increasing need for a dedicated NER system tailored to this 

language. 

Current research on Named Entity Recognition (NER) for the Kafinoonoo language [15] 

employs ensemble approaches, which combine strategies including dictionary-based 

approaches, rule-based systems, pattern matching, and Hidden Markov Models (HMM). 

Although these strategies make use of voting and priority systems to optimize individual 

capabilities, they are severely hindered by the linguistic complexity of Kafinoonoo. The 

dictionary-based and rule-based methods, for instance, are resource-intensive and challenging 

to scale for low-resource languages since they mostly rely on pre-established patterns, training 

data, and gazetteers. Furthermore, generalizing across a variety of circumstances is difficult 

due to these approaches' inability to capture the intricate semantics and contextual relationships 

inherent in Kafinoonoo. 
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The limitations of conventional methods underscore the need for deep learning-based 

approaches that can automatically learn abstract representations and high-level features from 

data, reducing the reliance on manual resources while adapting to the unique linguistic 

characteristics of Kafinoonoo [16]. While NER solutions designed for other languages may 

exist [17], [18], [19], [20], they are often inadequate for the Kafinoonoo language due to its 

limited resources and distinct grammatical structures. Existing NER solutions also rely heavily 

on large labeled datasets, particularly those rich in named entity terms, which are scarce for 

Kafinoonoo. This study aims to address these challenges by developing a deep learning-based 

NER system tailored to the specific needs of the Kafinoonoo language. 

1.3 Research Questions 

1. What unique challenges exist in designing a deep learning-based NER model for the 

Kafinoonoo language, and what solutions address these challenges? 

2. What are the effects of different model configurations on the performance of the NER 

system for Kafinoonoo? 

3. Which input representations, architectures, or decoding methods have the most 

significant impact on the effectiveness of the NER model for Kafinoonoo? 

4. To what extent the performance of the proposed model enhances NER for Kafinoonoo? 

1.4 Objectives of the Study 

1.4.1 General Objective 

The general objective of this study is to design and enhance a Named Entity Recognition (NER) 

system for the Kafinoonoo language using a deep learning approach. 
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1.4.2 Specific Objectives 

➢ To review the relevant literature on NER and deep learning, and gather appropriate 

NER data for the Kafinoonoo language. 

➢ To collect and pre-process representative NER data specific to the Kafinoonoo 

language. 

➢ To identify key features that contribute to effective NER in Kafinoonoo.  

➢ To design a deep learning NER model for the Kafinoonoo language. 

➢ To analyze and compare various configurations of the developed deep learning models 

for Kafinoonoo NER. 

➢ To enhance model performance through error analysis and optimization techniques. 

1.5 Significance of the Study 

This study holds significance for both academic and societal domains. Firstly, it advances NLP 

research for low-resource languages through the development of a deep learning-based Named 

Entity Recognition (NER) model tailored to the linguistic features of the Kafinoonoo language. 

Since NER systems are essential tools for NLP researchers, this work serves as a foundational 

resource for future research and applications involving the Kafinoonoo language, enabling 

investigations into various NLP tasks such as machine translation, text summarization, and 

question answering. Additionally, the study addresses the specific linguistic challenges of 

Kafinoonoo, contributing to the larger goal of democratizing access to NLP technologies for 

low-resource languages. 

The significance of this research lies in its potential to advance NLP for low-resource languages 

like Kafinoonoo. As Kafinoonoo gains prominence in sectors such as education, media, and 

government, the development of accurate and efficient NER systems is becoming increasingly 

vital. By building a deep learning-based NER system, this study aims to address the unique 

challenges faced by Kafinoonoo speakers and bridge the gap between well-resourced and low-

resource languages in the digital age. This research lays the foundation for future studies in the 

field and ensures greater inclusivity in the development of language technologies. 
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The indirect benefits of this study are particularly significant for the Kafecho community. 

Improved named entity recognition and classification accuracy in Kafinoonoo texts promote 

better interaction with digital information, fostering literacy, knowledge sharing, and 

education. Teachers and students can engage more effectively with educational resources in 

their mother tongue, creating opportunities for enhanced learning. 

Furthermore, the study has socioeconomic implications, as companies and government 

organizations may adapt the NER model to process and analyze text data in Kafinoonoo, 

facilitating regional growth and communication. Culturally, the research plays a vital role in 

the revival and preservation of the Kafinoonoo language. By ensuring its representation in 

digital formats, this effort empowers the Kaffa people and safeguards their linguistic heritage 

in the digital era. Increased language usage and visibility in digital spaces not only strengthen 

Kafinoonoo identity but also elevate the language's global recognition and value. 

1.6 Study Scope and Limitations 

1.6.1 Scope 

This study focuses on developing a Named Entity Recognition (NER) system tailored to the 

Kafinoonoo language, addressing the problem of entity recognition for person, location, 

organization, and datetime categories. The study covers the collection and manual annotation 

of a labeled dataset and explores various deep learning techniques, including traditional word 

embeddings (Word2Vec, FastText) and transformer-based models (BERT, RoBERTa) for 

input representations. It further investigates the use of recurrent neural networks (BiLSTM, 

BiGRU) as context encoders and Softmax and Conditional Random Fields (CRF) as tag 

decoders for optimizing the recognition and classification of named entities. 

1.6.2 Limitations 

The study faced limitations due to the low-resource nature of the Kafinoonoo language. The 

dataset size was relatively small, potentially limiting the model's ability to generalize across 

contexts. Computational constraints restricted the exploration of more advanced architectures 

and comprehensive hyperparameter tuning. Furthermore, the study focused only on four entity 

types—person, location, organization, and datetime—leaving other potential categories for 

future work. 
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1.7 Thesis Organization 

The first chapter presents the study by providing background information, identifying the 

research topic, developing research questions, and describing the objectives. It also emphasizes 

the importance of the study and describes its scope and boundaries. 

The second chapter provides a detailed assessment of the available literature on NER. It covers 

a variety of NER methodologies, including rule-based, statistical, and deep learning techniques. 

It also investigates Recurrent Neural Networks (RNN) and neural language models, including 

BERT and RoBERTa, with an emphasis on their application to the Kafinoonoo language. 

In the third chapter, the research methodology is detailed. This includes the research design, 

data sources, instrumentation, data gathering procedures, and data analysis techniques. The 

chapter makes sure the approaches used are suitable for answering the research questions. 

The fourth chapter demonstrates how the deep learning-based NER system was designed and 

implemented. It covers system architecture, input representation, context encoders, tag 

decoders, and pre-processing steps like dataset acquisition, tokenization, and data annotation. 

It also discusses the preparation of pretrained embeddings and the process of model training 

and evaluation. 

Chapter five presents the experimentation setup and results discussion. It outlines the dataset 

and model configurations, describes hyperparameter fine-tuning, and analyzes the performance 

of various models. The chapter compares baseline models with enhanced models   pretrained 

embeddings and discusses the application of Conditional Random Fields (CRF) on the best-

performing models. 

The last chapter outlines the significant findings, considers their ramifications, and offers 

suggestions for further study. It concludes the study by reflecting on the research process and 

addressing any challenges encountered. 
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CHAPTER TWO 

2. LITERATURE REVIEW 

2.1 Named Entity Recognition  

The study of artificial intelligence (AI) that focuses on how computers can communicate with 

humans through language is called natural language processing, or NLP. Algorithms and 

models must be created in order for computers to be able to understand, interpret, and 

reconstruct human language in a meaningful and practical way [6]. By bridging the gap 

between human language and computational systems, natural language processing (NLP) 

enables machines to process and analyze vast amounts of text, extract insightful information, 

and perform tasks like text summarization, sentiment analysis, machine translation, and named 

entity recognition (NER). This is why NLP is critical to artificial intelligence (AI). 

Finding and extracting crucial information from unstructured data is known as information 

extraction, or IE. It involves transforming unstructured or just loosely organized data into a 

structured format to facilitate its use in Natural language processing, information retrieval, and 

data mining, among other applications [11]. Named entity recognition, relation extraction, 

event extraction, and sentiment analysis are some of the major tasks involved in information 

extraction. Correctly identifying specific entities is the primary objective of named entity 

recognition, such as persons, organizations, and locations. Relation extraction looks for 

relationships between these entities, whereas event extraction is more concerned with finding 

the entities that are part of the events. In contrast, sentiment analysis assists robots in 

identifying the feelings or viewpoints conveyed in text, including evaluations left by customers. 

Among the most essential tasks in NLP is NER which aims to recognize and classify certain 

entities in text [21]. These entities can include names of people, places, organizations, drugs, 

dates, clinical procedures, and biological proteins, among others. NER systems are 

fundamental to several applications such as topic modeling, information retrieval, co-reference 

resolution, and question answering. By accurately recognizing and categorizing named entities, 

NER systems enable effective information extraction, retrieval, and analysis from text data. 
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According to [22], MUC-6 (Message Understanding Conference) held in 1995 focused on 

information extraction and named entity recognition. There were three primary categories of 

named entities identified during MUC-6: ENAMEX, TIMEX, and NUMEX. ENAMEX 

represents named entities related to people, organizations, locations, and miscellaneous proper 

nouns. Names of people, places, and organizations are among the entities it includes. TIMEX 

refers to temporal expressions or time-related entities mentioned in the text, including specific 

dates, durations, time intervals, and other temporal expressions. NUMEX represents numeric 

expressions or numerical entities mentioned in the text, including numerical values, 

percentages, and measurements. There are various applications of NER in NLP. Among the 

most used applications are information extraction [11], question answering [14], named entity 

disambiguation [10], sentiment analysis [13], and information retrieval [12].  

2.2 NER approaches 

To increase the accuracy and effectiveness of NER systems, researchers have developed a 

number of techniques for handling NER tasks. The three approaches for NER that are most 

frequently explored are statistical and machine learning approaches, gazetteers and rule-based 

procedures, and deep learning approaches. 

2.2.1 Gazetteers and Rule-Based Approaches. 

Gazetteers and rule-based approaches for NER rely on large lists of names for persons, 

locations, and organizations. However, maintaining these lists is impractical due to their size 

and rapid obsolescence. Moreover, these approaches struggle with the ambiguity of named 

entities and require extensive manual effort to develop and maintain lists for different entity 

categories. Despite attempts to use grammatical patterns and rules for context-based 

recognition, these methods often fail to handle ambiguous or unseen cases effectively [23].  

Rule-based approaches, on the other hand, use established rules, regular expressions, or 

handcrafted patterns to identify named entities [24]. These rules are developed using linguistic 

patterns, capitalization, part-of-speech (POS) tags, and other syntactic or semantic data. 

Although rule-based approaches can be effective in some domains or languages, they typically 

have inconsistencies and need a lot of manual labor to establish and update. 
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2.2.2 Statistical and Machine Learning Approaches 

Statistical and machine learning methodologies that utilize annotated training data to learn 

patterns and features conducive to identifying named entities [25]. Support Vector Machines 

(SVMs) [26], Hidden Markov Models (HMMs) [27], and Conditional Random Fields (CRFs) 

[28]are popular NER techniques that employ feature engineering and statistical modeling to 

capture contextual information and generate predictions based on training data. 

Machine Learning (ML) approaches, specifically HMMs, SVMs, and CRFs, were employed to 

transform systems based on grammatical rules to those based on features. Through direct 

feature and pattern learning from data, these strategies enable NER systems to recognize 

entities with greater accuracy and reliability. All these methods approach NER as a "Structured 

Prediction Problem," where the objective is to predict the output sequence y given the input 

sequence x and identify the model parameters θ that maximize the score function Ψ (x, y; θ). 

Mathematically, this can be expressed as: 

𝒚 = 𝑎𝑟𝑔𝑚𝑎𝑥𝒚 ∈ 𝒀(𝒙)𝜳(𝒙, 𝒚; 𝜽) 

The three most commonly used machine learning-based approaches for Named Entity 

Recognition (NER) are HMMs, SVMs, and CRFs, all of which operate based on the principles 

discussed earlier. In order to efficiently capture sequential patterns in data, HMMs calculate 

the likelihood of sequence tag assignments. SVMs use their high-dimensional space handling 

capabilities to recognize word parts as entities. CRFs, on the other hand, display the conditional 

probability of classifying a sequence based on an input. However, CRF-based NER systems 

performed better than others because of their unique ability to capture intricate word-label 

correlations. 

While these machine learning approaches have significantly improved NER performance and 

flexibility by reducing reliance on handcrafted rules, they still face challenges such as labor-

intensive feature engineering, limited generalization, information loss, and scalability issues. 

Even with these limitations, machine learning-based methods have transformed named entity 

recognition, leading to more precise and flexible systems for identifying entities. 
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2.2.3 Deep Learning-Based NER Approaches 

Deep learning-based Named Entity Recognition approaches use deep neural networks to 

autonomously identify and extract named entities from text. In recent years, deep learning 

transformed NER, by offering advantages like end-to-end learning, representation learning, 

improved performance, generalization, and transfer learning [29]. The majority of end-to-end 

NER systems utilizing deep learning consist of three main parts: distributed input 

representations, a context encoder, and a tag decoder. These components cooperate to let deep 

learning models identify named entities in text. 

Distributed Representations for Input 

Different representations for the input exist, including word-level, character-level, and hybrid 

embeddings. Word-level representations are typically pre-trained using algorithms like 

continuous bag-of-words (CBOW) or skip-gram models, yielding embeddings such as 

Word2Vec [30], GloVe [31], and fastText[32]. Character-level representations explicitly 

model sub-word information and provide a solution for handling out-of-vocabulary words. 

Architectures utilizing CNN and RNN models learn character-level representations, while 

hybrid solutions combine word and character-level representations and may incorporate 

additional linguistic features. End-to-end training allows for additional refinement of these pre-

trained embeddings. 

Context Encoder 

The context encoder employs a variety of architectures, including transformer-based models, 

convolutional neural networks (CNNs), and recurrent neural networks (RNNs), to determine 

contextual relationships. RNNs, including their advanced forms like Long Short-Term Memory 

(LSTM) [33] and, Gated Recurrent Unit (GRU) [34] are great at handling sequential data and 

remembering long-term dependencies. Still, traditional RNNs, including LSTM and GRU, can 

struggle with issues like the vanishing gradient problem. To tackle this problem, Bidirectional 

GRU (BiGRU) and Bidirectional LSTM (BiLSTM) architectures were created. These 

bidirectional models do both forward and backward analysis of the input sequence., so they 

can gather information from words that come before and after a given word. On top of that, 

Transformer-based models, driven by pre-trained language models like BERT, have brought a 

fresh approach to named entity recognition. They use attention mechanisms to effectively 

capture relationships across the entire text. 
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Tag Decoders 

Based on the context encoder's output, tag decoders provide probability distributions for each 

word's possible named entity tags. Methods like linear layers, softmax layers, and Conditional 

Random Fields (CRFs) [35] are often employed for tag decoding, allowing the model to predict 

the most likely named entity tags. Conditional Random Fields (CRFs) are particularly useful 

in capturing the dependencies between adjacent tags in the sequence, leading to more coherent 

and accurate predictions. CRFs frequently perform better when the context encoder is a 

Bidirectional RNN, which efficiently leverages the past as well as future information at each 

time step. 

2.3 Deep Learning 

Deep learning, an advanced subset of machine learning, has transformed fields such as 

computer vision, speech recognition, and natural language processing (NLP) by automatically 

learning complicated patterns from data [7]. These models, which use deep neural networks 

with numerous layers, can extract and represent input at various levels of abstraction, making 

them especially useful for difficult tasks like language processing and sequence prediction. 

Deep learning models have shown to be quite effective in NLP for processing sequential data, 

such as text. Their ability to recognize relationships between words, phrases, and sentences 

makes them more effective in Named Entity Recognition (NER) and machine translation tasks. 

Among the several deep learning architectures, Recurrent Neural Networks (RNNs) and its 

advanced derivatives, Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU), 

have proven to be especially effective for processing sequences by conserving information over 

time. 

2.3.1 Recurrent Neural Networks (RNNs)  

A particular kind of artificial neural network called a recurrent neural network (RNN) uses 

feedback connections to process sequential input. What sets RNNs apart is their ability to keep 

an internal memory or state, which helps them recognize patterns and dependencies over time. 

Their proficiency in tasks such as speech recognition, natural language processing, and time 

series data analysis stems from this. An RNN processes data by means of a network of 

connected nodes, or "cells," where each cell gets input from both the preceding and current 

time steps. The network can take into account the temporal relationships and context of the 
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data thanks to this feedback link. Generally, each RNN cell receives inputs using a non-linear 

activation function, processes them into an output, and then moves on to go to the following 

time step. The vanishing gradient problem, nevertheless, affects conventional RNNs, where the 

network propagates gradients backward over time, substantially reducing the influence of 

previous inputs [6]. This constraint makes it more difficult for RNNs to identify long-term 

dependencies. Various kinds of RNNs have been created to overcome this problem. 

2.3.2 Long Short-Term Memory (LSTM) 

To allow memory cells and gating mechanisms to update and store information over time in a 

selective manner, Hochreiter and Schmidhuber [33] came up with LSTM networks. LSTMs 

can record and convey pertinent information over lengthy sequences thanks to the memory 

cells, which are made up of input, forget, and output gates. LSTM networks are composed of 

three main gates: forget, input, and output gates. With the help of these gates, the network can 

regulate information flow and choose which data to keep or delete at each time step. The input 

gate controls the amount of new data that may enter the memory cell, whereas the forget gate 

selects which data should be erased from it. The output gate, in the end, regulates the 

information sent from the cell to the output layer or the next time step.  

 

Figure 2.1: LSTM Structure (adapted from[33]) 
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The mathematical operations of an LSTM can be described as follows: 

Forget Gate: selects which data should be erased from the state of the cell 

𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) 

𝒇𝒕 : Forget gate activation vector. 

𝝈 : Sigmoid function. 

𝑾𝒇: Weight matrix for the forget gate. 

𝒉𝒕−𝟏: Hidden state from the previous time step. 

𝒙𝒕𝑝: Input at the current time step. 

𝒃𝒇: Bias vector for the forget gate. 

Input Gate: Selects the input values that will be utilized to update the state of the cell. 

𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) 

𝐶𝑡̃ = tanh(𝑊𝐶 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶) 

𝒊𝒕: Input gate activation vector. 

𝑪𝒕̃: Candidate cell state vector. 

𝐭𝐚𝐧𝐡(): Hyperbolic tangent function. 

𝑾𝒊,𝑾𝑪: Candidate cell status and input gate weight matrices. 

𝒃𝒊, 𝒃𝑪: Bias vectors for the candidate cell state and input gate. 

Cell State Update: Utilize the input and forget gates to modify the state of the cell 𝑪𝒕. 

𝑪𝒕 = 𝑓𝑡 ∗ 𝑪𝒕−𝟏 + 𝑖𝑡 ∗ 𝐶𝑡̃ 

𝑪𝒕: Vector of the cell state at time step 𝑡t. 

𝑪𝒕−𝟏: Vector representing the cell state from the previous time step. 

∗: Element-wise multiplication. 
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Output Gate: Selects which portion of the cell state is going to be output. 

𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) 

ℎ𝑡 = 𝑜𝑡 ∗ tanh(𝐶𝑡) 

    𝒐𝒕: Vector that activates an output gate. 

   𝒉𝒕: Vector of hidden states at each time step  𝑡. 

   𝑾𝒐: A matrix of weights for the output gate. 

   𝒃𝒐: Bias vector for the output gate. 

These gates work together to decide what information should be kept and what should be 

discarded at each step, allowing the LSTM to effectively remember important details over long 

periods. 

Bidirectional Long Short-Term Memory (BiLSTM) 

BiLSTM is often used for tasks such as Named Entity Recognition (NER) [36]. It consists of 

two parts: the reverse long short-term memory (LSTM), which processes the sequence 

inversely and gathers context from right to left, and the forward LSTM, which processes the 

input sequence forward. Through bidirectional processing of inputs, BiLSTM is able to extract 

contextual data from both past and future states. 

 

Figure 2.2: BiLSTM Architecture [37] 
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Unlike the normal LSTM, the bidirectional LSTM allows input to flow in two ways. Typically, 

the combined output is obtained by concatenating the forward and backward hidden states.: 

𝒉𝒕 = [𝒉𝒕
⃗⃗⃗⃗ ; 𝒉𝒕

⃗⃗⃗⃗ ] 

Where: 𝒉𝒕
⃗⃗⃗⃗  is the hidden state of the forward LSTM and 𝒉𝒕

⃗⃗⃗⃗  is the hidden state of the backward 

LSTM. This bidirectional architecture is effective in understanding the context around named 

entities in text.  

2.3.3 Gated Recurrent Unit (GRU) 

In order to simplify the Long Short-Term Memory (LSTM) architecture, Cho et al. [34] 

introduced Gated Recurrent Unit (GRU) networks, which integrate the cell state and hidden 

state into a single representation and consolidate the forget and input gates into a single 'update 

gate'. This simplification improves training efficiency by lowering the number of parameters. 

GRU networks, in contrast to LSTMs, have a more straightforward architecture and utilize 

gating methods as well. GRUs are more computationally efficient and can capture 

dependencies in sequential data since they contain fewer gating units. The gating mechanism 

in GRUs effectively captures long-distance dependencies in input sequences, enabling them to 

retain and forget information as needed during training. RNNs face the problems of vanishing 

and exploding gradients. GRUs solve these issues using components like reset gates and update 

gates. 

These gate units regulate the information flow inside the network, enabling it to alter and retain 

data for extended periods of time. The GRU design uses activation functions like tanh and 

sigmoid to govern the input flow throughout the network, making it essential for applications 

like time-series processing and forecasting. The following formulas give a mathematical 

foundation for comprehending the processes of GRU networks by formalizing the information 

flow within them. 
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Figure 2.3: GRU Structure [34] 

1. Update Gate: decides how much of the hidden state from before will remain. 

[𝑧𝑡 = 𝜎(𝑾𝒛 ⋅ [𝒉𝒕−𝟏, 𝒙𝒕] + 𝒃𝒛)] 

  𝑧𝑡: Update gate activation vector. 

  𝑾𝒛: The update gate's weight matrix. 

  𝒃𝒛: update gate's bias vector. 

2. Reset Gate: determines the amount of the past hidden state to be forgotten. 

𝑟𝑡 = 𝜎(𝑾𝒓 ⋅ [𝒉𝒕−𝟏, 𝒙𝒕] + 𝒃𝒓) 

  𝑟𝑡: Reset gate activation vector. 

  𝑾𝒓: The reset gate's weight matrix. 

  𝒃𝒓: The bias vector of the reset gate. 

Afterward, the candidate hidden state is determined as: 

𝒉𝑡̃ = tanh(𝑾𝒉 ⋅ [𝑟𝑡 ∗ 𝒉𝒕−𝟏, 𝒙𝒕] + 𝒃𝒉) 

 

The final hidden state is produced by combining the candidate hidden state with the prior 

hidden state: 

𝒉𝒕 = (1 − 𝑧𝑡) ∗ 𝒉𝒕−𝟏 + 𝑧𝑡 ∗ 𝒉𝑡̃ 
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Bidirectional Gated Recurrent Unit (BiGRU) 

As an extension of the GRU, the BiGRU network processes the input sequence both forward 

and backward, working similarly to the BiLSTM. 

 

Figure 2.4: BiGRU Architecture [38] 

The two main components of the BiGRU architecture are the forward GRU and the reverse 

GRU. The forward GRU processes the input sequence left-to-right, whereas the reverse GRU 

processes it right-to-left, just like the BiLSTM. By allowing it to retain context from both the 

past and the future, this bidirectional information flow aids the BiGRU in comprehending the 

linkages and meanings of the incoming text. 

The ultimate result obtained by concatenating the outputs of the forward and backward GRUs 

is as follows: 

𝒉𝒕 = [𝒉𝒕
⃗⃗⃗⃗ ; 𝒉𝒕

⃗⃗⃗⃗ ] 

(𝒉𝒕
⃗⃗⃗⃗ ): The forward GRU's hidden state. 

(𝒉𝒕
⃗⃗⃗⃗ ): GRU's hidden state in backwards. 

 

BiGRU processes inputs in both directions, allowing it to gather contextual knowledge from 

both past and future states, making it useful for comprehending the context around named 

entities in text. 
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2.3.4 Conditional Random Fields (CRF) 

Conditional Random Fields (CRF) is a type of discriminative probabilistic model that is used 

for sequence labeling tasks such as NER [39]. CRF is a type of Markov model that models the 

probability of the current state given the previous states and the current observation. The CRF 

model is trained on a labeled dataset and learns to predict the label sequence that maximizes 

the conditional probability of the label sequence given the input sequence. The CRF 

architecture consists of two main components: feature extraction and transition probability 

estimation. The feature extraction component extracts feature from the input sequence that are 

relevant to predicting the label sequence. The transition probability estimation component 

estimates the probability of transitioning from one label to another. 

The CRF model computes the conditional probability P(Y∣X) of a label sequence Y given an 

input sequence X as follows: 

𝑃(𝑌 ∣ 𝑋 ) =
1

𝑍(𝑋)
exp(∑∑𝑤𝑗

𝑘

𝑗=1

𝑓𝑗

𝑛

𝑖=1

(𝑦𝑖−1, 𝑦𝑖, 𝑋, 𝑖)) 

Here, Z(X) is the normalization term, ensuring that the probability distribution over all possible 

label sequences sums to one. 𝑤𝑗 represents the weight parameter associated with feature 

function 𝑓𝑗, which captures the correlation between adjacent labels 𝑦𝑖−1 and 𝑦𝑖 at position i in 

the sequence. In our case, X typically represents the input text sequence, 𝑦𝑖−1represents the 

label assigned to the 𝑖 − 𝑡ℎ token in the sequence, and k denotes the number of possible labels. 

The score of a label sequence Y given an input sequence X is calculated as follows: 

𝑠𝑐𝑜𝑟𝑒(𝑋, 𝑌) =  ∑∑𝑤𝑗

𝑘

𝑗=1

𝑓𝑗

𝑛

𝑖=1

(𝑦𝑖−1, 𝑦𝑖, 𝑋, 𝑖) 

The final decoding step involves finding the label sequence Y∗ with the highest score, which 

can be expressed as:  

Y* = 𝑎𝑟𝑔 𝑚𝑎𝑥 𝒔𝒄𝒐𝒓𝒆(𝑿, 𝒀) 

To compute Y*, the Viterbi algorithm is commonly used, as it efficiently finds the most likely 

tag sequence given the input sequence and model parameters. 
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2.4 Neural Language Models (NLM) 

NLMs have become an essential component of NLP, particularly for applications such as NER. 

NLMs go beyond typical static word embeddings, providing a more sophisticated and context-

aware approach to language comprehension.  

Historically, approaches such as Word2Vec [30] and GloVe [31] established the foundation 

for word vector representation by converting unstructured text into numerical vectors that 

capture semantic information. Two main methods were provided by Word2Vec: Continuous 

Bag of Words and skip-grams. While CBOW predicts the core word based on its surrounds, 

skip-gram predicts the surrounding words depending on the center word. GloVe, on the other 

hand, uses a co-occurrence matrix to collect local and worldwide statistical data on word usage. 

However, Word2Vec and GloVe produce static word vectors, which implies that each word 

comprises a single, fixed representation that is not affected by context. This issue is most 

obvious in complicated documents, such as those used in network security, where the same 

term might have many interpretations depending on the context.  

Embeddings from Language Models) [40], one of the most sophisticated neural language 

models developed to address above problem. ELMo is an early innovation in contextualized 

word embeddings, using Bi-LSTMs to generate word vectors that are sensitive to the words 

around them. This method enables ELMo to produce alternative embeddings for the same word 

depending on its context inside a phrase or document, resulting in a more accurate 

comprehension of polysemous words (those with several meanings). Unlike static models, 

NLMs such as ELMo dynamically alter word representations based on the complete input 

sequence, collecting more semantic information.  

Neural language models, particularly those based on Transformer architectures, have made 

significant improvements in NLP. One of the most revolutionary models in this field is BERT 

(Bidirectional Encoder Representations from Transformers), which expands on the 

transformative potential of the Transformers design as described in the seminal 2017 paper, 

"Attention Is All You Need" [41]. 
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Figure 2.5: The Architecture of the Transformer [41] 

In the overall transformer architecture described, a sequence of fully connected and self-

attention layers is layered on top of one another by both the encoder and the decoder. The 

encoder begins by converting the input sequence into high-dimensional vectors and adds 

positional encodings to include position information. It then calculates self-attention scores to 

highlight relevant words, processes these through a feedforward neural network for non-linear 

transformations, and continually refines the representation through multiple layers. The 

decoder, similar to the encoder, adds positional encodings, uses masked self-attention to 

prevent future information use, computes attention over the encoder output, and repeats these 

steps for multiple layers. Finally, the decoder generates output using a linear transformation 

and softmax, maintaining auto-regressive generation [41].  

Building on the Transformer architecture's basic notions, BERT introduces ground-breaking 

advances in natural language processing. BERT transforms contextual modeling of languages 

by introducing bidirectional encoding, which enables it to capture significant linguistic 

distinguishes inside a single text. 
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2.4.1 BERT Language Model 

Bidirectional Encoder Representations from Transformers, or BERT for short, was introduced 

by Devlin and associates as a contextual language model. Bidirectional encoding is a critical 

feature gained by eliminating the masking requirement in the self-attention mechanism, which 

enables the model to compute the context vector for each word in the sequence while 

considering both previous and subsequent words. Pre-training objectives like the Masked 

Language Model (MLM) help with this by masking off certain phrases so the model can 

anticipate them by analysing the context. Additionally, the Next Sentence Prediction (NSP) 

objective aids in understanding sentence-level relationships and coherence. During NSP, two 

sentences denoted as A and B, are inputted with a separation token [SEP] between them. The 

model must predict whether these sentences are consecutive or unrelated, thereby enhancing 

its understanding of textual context [42]. 

 

Figure 2.6: The architecture of BERT[42] 

BERT's input is tokenized using the WordPiece tokenizer, which breaks words into smaller 

sub-word units, facilitating flexible handling of morphologically rich languages and out-of-

vocabulary words. Positional and segment embeddings are added to the input embeddings to 

further enhance them. Positional embeddings provide the token's location inside the sentence, 

while segment embeddings indicate whether the token is part of the first or second phrase in 

the pair.  
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Recent advancements and modifications in BERT architecture and training strategies include 

removal of the Next Sentence Prediction before training, and training on larger sequences to 

support a 512-token context window. Dynamically changing the masking pattern during pre-

training, utilizing a byte-level Byte Pair Encoding (BPE) as a tokenizer with a larger token 

vocabulary, and eliminating segment embeddings, as the separation token < /s > is sufficient 

to delineate between segments. 

2.4.2 RoBERTa Language Model 

The RoBERTa [43], short for Robustly Optimized BERT Approach, represents the extension 

and optimization based on the BERT architecture introduced by Liu et al. in 2019. It builds 

upon the success of BERT by addressing certain limitations and fine-tuning various 

components for improved performance on downstream tasks like Named Entity Recognition 

(NER). When extracting contextual information from input sequences, RoBERTa, like BERT, 

makes use of a multi-layer bidirectional transformer encoder architecture. However, RoBERTa 

incorporates several key modifications and training strategies to enhance its robustness and 

effectiveness. 

A notable enhancement in RoBERTa is the elimination of the Next Sentence Prediction (NSP) 

pre-training objective, with an exclusive focus on the Masked Language Model (MLM) tasks. 

This allows RoBERTa to better exploit the bidirectional context provided by the transformer 

architecture, leading to more effective representation learning. In order to allow the model to 

adaptively mask various tokens in each training session, it incorporates dynamic masking 

patterns during pre-training. This method encourages the model to learn more complete and 

reliable representations of the input data. 

 

RoBERTa also benefits from training on longer sequences, allowing for a larger context 

window size of up to 512 tokens. By considering more extensive context during training, 

RoBERTa can better capture complex linguistic patterns and dependencies within text 

sequences [43]. 
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Figure 2.7: The architecture of RoBERTa [43] 

RoBERTa tokenizes input using the WordPiece tokenizer, which breaks words into sub-word 

units, facilitating the effective handling of morphologically rich languages and out-of-

vocabulary words. Input embeddings are augmented with positional embeddings to encode the 

token's position in the sequence.  Through byte-level Byte Pair Encoding (BPE) tokenization 

combined with an extended token vocabulary, RoBERTa improves its capacity to express a 

diverse array of language variants and structures. In contrast to BERT, RoBERTa just uses the 

separation token < /s > to differentiate between segments, doing away with the need for 

segment embeddings. In general, RoBERTa's architecture and training methods are made to 

maximize the representation learning process, It improves functionality across several natural 

language processing applications, including Named Entity Recognition. 
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2.5 Kafinoonoo Language  

The Kafinoonoo language, spoken by the Kafecho people in southwest Ethiopia, holds 

significant importance in the region. It belongs to the North-Omotic Southern Gonga subgroup 

of the Afro-Asiatic language superfamily [4]. Since 1987, Kafinoonoo has been recognized as 

a separate subject at primary and secondary levels, despite its limited attention in the past two 

decades. Referred to as the language of Keficho, which translates to "the mouth of Kaffa," 

Kafinoonoo has transitioned from primarily being an oral language to adopting the use of the 

Latin script for writing. It is noteworthy that primary schools now use it as a teaching medium., 

with the Bonga Teacher Training Institution and other educational institutions offering courses 

taught entirely in Kafinoonoo for elementary teachers. Moreover, the language is taught as a 

subject at Bonga region junior and secondary schools, demonstrating its increasing popularity 

in formal educational settings. 

2.5.1 Linguistic Characteristics of Kafinoonoo 

There are 32 letters in Kafinoonoo overall, including letters that are borrowed from other 

languages. There are 27 basic alphabets known as Kafinoonoo alphabets, out of 32 letters, five 

of which are browed [5]. Both Kafinoonoo and English are currently written in a left-to-right 

direction. 

 

Figure 2.8: Kafinoonoo Letters Alphabet 

In terms of its linguistic features, the Kafinoonoo alphabet comprises 32 letters, including 

characters borrowed from different languages. However, by excluding certain characters, the 

core Kafinoonoo alphabet consists of 27 letters. Among these letters, there are 22 consonant 

phonemes, with six of them having both long and short variations. Additionally, Kafinoonoo 

has borrowed five consonants from English and Amharic, reflecting the influence of these 

languages on its phonetic inventory. The distinction between long and short consonants and 

vowels contributes to variations in meaning within the language. For instance, the word "kexo" 

signifies "home," while "keexo" refers to "ripping."  
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Kafinoonoo employs a subject-object-verb (SOV) word order, which sets it apart from 

languages with a more commonly used subject-verb-object (SVO) order [44]. This particular 

syntactic structure affects how words are formed and sentences are put together, which adds to 

the originality of Kafinoonoo in the Ethiopian language family. 

2.5.2 Word Categories of Kafinoonoo 

There are two primary classifications for words in the Kafinoonoo language: closed-class types 

and open-class types. terms in closed classes have members who are mostly stable, but terms 

in open classes can change constantly or take vocabulary from other languages. Six-word 

classes make up Kafinoonoo, noun, adjective, verb, adverb, preposition, and pronoun. There 

are more subclasses for a few of these word classes [44].  

Noun (Shigo): In Kafinoonoo, nouns are used to represent or identify names of places, people, 

things, or ideas, just like in other languages. For instance, the names of places are Jimmi 

(Jimma), Boongi (Bonga), Wuushi (Wushwush), objects are kexo (home), beroo (bed), and 

mixo (wood), and people are Aabeti (Abeti), Qocciti (Kochito), and Keri (Kero).  

Pronoun (Shikeroo): In Kafinoonoo, pronouns serve as substitutes for nouns, making 

sentences more concise and avoiding repetitive use of the same noun. Pronouns in Kafinoonoo 

can be classified into three main categories: personal pronouns, demonstrative pronouns, and 

interrogative pronouns. Each category plays a specific role in communication. Example: 

"aree/aroo" (he/she) replaces a noun. 

Verb (Kanno): Kafinoonoo follows the subject-object-verb (SOV) agreement grammatical rule 

when constructing sentences, just like other Afro-asiatic languages. A verb describes the action 

that the subject performs on the object. Certain Kafioonoo verbs, such as womo (come), qollo 

(beg), woco (run), duubo (sing), and qemo (sleep), express an action on the subject. 

Adverbs (Shakanno): The adverbs in Kafi Noonoo modify a verb to convey place, time, and 

manner, just like in other Afro-Asiatic languages. Words that modify or quantify verbs, 

adjectives, and other adverbs are called adverbs. In Kafi Noonoo, adverbs include sharta 

(yesterday), kaate (quickly), gubi (back), and bekech (now). 
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Prepositions (Shigillo): Prepositions are words that follow a noun or pronoun in the Kafi 

Noonoo language to indicate location, source, destination, and relationship to another element. 

Prepositions like aaf, gubb, dech, damba, and toommo are used in Kafi Noonoo, and suffixes 

like -aa, -o, -ooche, -ich, -ichee, -ch, -iwaan, -oona, and -eexi are added to the preposition to 

inflect words. 

Adjectives (Ashigeena'o): Words that come before a noun or pronoun to describe, quantify, or 

identify the word they come before are called adjectives. Adjectives in the Kafi Noonoo 

language include, for instance, mocero (green), giisho (small), nooco (sweet), beello 

(excellent), gamino (wide), and genjoo (long). 

2.5.3 Named Entity Recognition in the Kafinoonoo Language 

Named entities in the Kafinoonoo language often appear within nouns and proper nouns, 

covering categories like persons, locations, organizations, and dates. Named Entity 

Recognition (NER) is the process of grouping named entities in a text into standardized 

categories that are generally linguistically identical. Person, Location, Organization, and Dates 

are the most popular categories, and they work with many languages, including Kafinoonoo 

[45]. However, identifying these entities presents unique challenges due to word formation and 

contextual usage. The Kafinoonoo language presents several challenges for NER due to its 

unique features. For instance, a single word can function as a noun, verb, or adjective 

depending on context, complicating the identification of entity boundaries. Borrowed terms 

from Amharic and English, like yuniversiiti for "university," vary in spelling and phonetic 

representation, leading to inconsistencies. Proper nouns often lack capitalization or consistent 

markers, making it difficult to distinguish them from common nouns. Additionally, the 

language's SOV word order and agglutinative nature make multi-word entities, such as "Bonga 

Zone Administration Bureau," prone to misclassification. These challenges, combined with the 

absence of annotated resources, necessitate advanced techniques to improve the accuracy and 

contextual understanding of named entity recognition in Kafinoonoo. 
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Linguistic and cultural differences need to be considered when adopting these categories to a 

language such as Kafinoonoo. Accurate categorization requires addressing issues like context-

sensitive analysis, the impact of borrowed phrases from languages like English and Amharic, 

and the handling of ambiguous concepts (such geographical names used as human names). 

Furthermore, it may be necessary to refine the conventional NER categories due to 

Kafinoonoo's syntactic structures and morphological variances. The NER system is able to 

capture the complexity of Kafinoonoo by taking into account these unique characteristics. This 

allows the system to identify not just conventional named items but also words and place names 

that are culturally significant and may not have direct translations in other languages. 

2.6 Review of Related Studies 

Named Entity Recognition (NER) forms the foundation of natural language processing, which 

makes it simpler to extract and categorize entities like people, places, and organizations. While 

much research has been conducted on NER in major languages, there is an increasing interest 

in successful models for under-resourced languages such as Kafinoonoo, Afaan Oromo, and 

Amharic. These languages provide distinct problems due to limited resources and grammatical 

intricacies. To develop accurate and resilient NER models, researchers investigated a variety 

of methodologies, including both conventional machine learning and deep learning 

methodologies. This section discusses studies on Kafinoonoo and other languages, 

emphasizing the methodology, findings, and features implemented. 

2.6.1 Studies on NER for Kafinoonoo Language  

The only study on Named Entity Recognition (NER) in the Kafinoonoo language, titled 

"Named Entity Recognition for the Kafinoonoo Language Using Ensemble Methods," focuses 

on developing a NER system utilizing ensemble techniques [15]. The study uses approaches 

such as the HMM Machine Learning algorithm and a rule-based approach to categorize and 

predict Named Entity classes within texts. The authors develop an efficient NER system using 

ensemble methods such as voting and prioritization. The evaluation of human-annotated data 

produces encouraging findings, with an F1 score of 87.19%. However, because this score was 

derived using sklearn rather than the standard seqeval library, it may not be completely 

consistent with the evaluation criteria used in Named Entity Recognition (NER) tasks. 

Nonetheless, it is effective at identifying a variety of named entities, including DateTime, 

currency, and percentage values. 
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While ensemble methods offer valuable contributions to Kafinoonoo NER, deep learning 

approaches, like BiLSTM-CRF [25], [45], show advantages over traditional methods. These 

models excel in capturing language patterns and contextual relationships, yielding more 

accurate NER. Deep learning models, unlike standard approaches, automatically learn 

characteristics from data, removing the need for human engineering and increasing accuracy. 

These models excel in capturing language patterns and contextual relationships, yielding more 

accurate NER. Deep learning models, unlike conventional approaches, automatically learn 

characteristics from data, removing the need for human engineering and enhancing accuracy. 

Despite these advantages, ensemble methods have limitations, such as model selection 

challenges and computational expenses. These drawbacks can be addressed and the 

Kafinoonoo NER model's accuracy and robustness increased by integrating deep learning 

techniques.  

2.6.2 Related Studies in Other Languages 

This work [17] presents a Hadiyya language NER system based on deep learning, which shares 

similarities with Kafinoonoo in terms of being a low-resource language with limited annotated 

computational resources. The system utilizes a newly annotated dataset of 26,098 tokens for 

training and evaluation. Various models, including RNN, LSTM, and BiGRU algorithms, with 

the BiGRU model demonstrating the best performance. However, depending entirely on 

BiGRU (Bidirectional Gated Recurrent Unit) models for a new language, such as Kafinoonoo, 

may limit the ability to capture its distinctive linguistic characteristics. This emphasizes the 

importance of experimenting with alternative embedding strategies, such as transformer-based 

models to increase Named Entity Recognition (NER) performance. 

A new Amharic Named Entity Recognition (NER) system designed by Jibril E and TantĖ A 

[46] has been developed on a BiLSTM with a CRF layer in 2023. Their research set a new 

state-of-the-art performance for Amharic NER, achieving a remarkable F1 score of 93%. The 

study includes the creation of a new Amharic NER dataset, and the authors explore various 

feature sets, emphasizing the significant achievements of their Amharic NER system and its 

effectiveness in the specific language domain.  
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Afan-Oromo Named Entity Recognition, an innovative method that combines machine 

learning, rule-based techniques, and pattern matching to improve Named Entity Recognition 

(NER) for Afaan Oromo, is introduced by [47]. AOroNER attains a remarkable mean F1 score 

of 86.4% for a variety of entities, including person names, organization names, locations, 

date/time expressions, money, percentage, and cardinal numbers. For AOroNER Using 

Bidirectional RNN, [18] develop a strong NER system. With the use of a BiLSTM technique, 

the system has the capability to recognize named entites with an outstanding F1-score of 97.3% 

after cross-validation. Trained and evaluated on a newly annotated dataset from the Ethiopian 

Broadcasting Corporation's Afan-Oromo program, the system performs well, highlighting the 

importance of larger annotated corpora for addressing linguistic complexities. However, 

limitations persist, including heavy reliance on linguistic resources and the necessity for larger 

annotated corpora. Addressing these limitations requires further research into advanced models 

that can effectively handle linguistic complexities with limited resources and innovative 

techniques for data augmentation to enhance NER systems in low-resource language contexts.  

The first NER datasets for Tigrinya (V1 and V2) are introduced in the work [48]; these datasets 

comprise 40,627 tokens and 69,309 tokens, respectively. The work makes use of TigRoBERTa, 

a pre-trained language model based on RoBERTa that has been improved on NER and POS 

tagging tasks, with the CoNLL 2003 BIO (Beginning, Inside, Outside) labeling scheme. The 

approach outperforms or is on par with the baseline technique (CNN-BiLSTM-CRF), 

achieving 92% accuracy for POS tagging and 84% F1-score for NER. This study addresses 

NLP issues in minority languages such as Tigrinya, demonstrating how well the suggested 

approach improves NER performance. 

The authors make a major attempt to address the underrepresentation of the African continent 

in NLP research in the work [49]. Their contribution is the first large-scale, high-quality, 

publicly-available named entity recognition (NER) collection in 10 African languages. 

Through the use of language annotators and online news corpora, the research brings together 

language speakers, dataset curators, NLP practitioners, and assessment specialists. Across a 

range of African languages, the authors use and assess cutting-edge NER models, including as 

CNN-BiLSTM-CRF, mBERT, and XLM-R. They are noteworthy for their exploration of 

cross-lingual and cross-domain transfer learning, which highlights the potential and difficulties 

these models face when applied to low-resource languages. The paper emphasizes the need for 

further research on NER for African languages, echoing the broader call for attention to low-
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resourced languages in Africa, including Kafinoonoo. The comprehensive evaluation, dataset 

curation, and model releases provided in the paper pave the way for future advancements in 

African NLP.  

By utilizing Google BERT, a deep bidirectional language model that has been refined with a 

CRF layer, the study [50] presents a technique for named entity recognition (NER) in Persian. 

By optimizing BERT for NER, the model exceeds prior state-of-the-art techniques and delivers 

notable advances in performance. The model surpasses prior techniques with Word level F1 

score of 88.4% and phrase level F1 score of 83.5% on the Peyma dataset including 7,145 

phrases with a total of 302,530 tokens, of which 41,148 tokens are labeled with seven distinct 

classes. The suggested model tackles the shortcomings of NER in low-resource languages like 

Persian by using BERT's pre-trained architecture and its efficient contextual information 

gathering. The study illustrates the potential of BERT-based models in advancing NER tasks 

across various linguistic settings and emphasizes the significance of transfer learning in NLP, 

especially for languages with inadequate labeled data.  

In order to address the Arabic Named Entity Recognition (NER) challenge, study [20] presents 

a neural network architecture based on bidirectional Long Short-Term Memory (LSTM) and 

Conditional Random Fields (CRF). The CRF layer models label dependencies, and the 

bidirectional LSTM efficiently extracts contextual information from past and future words. The 

study focuses on a deep learning method that does not require domain-specific knowledge or 

human feature engineering. The authors use character-based representations and pre-trained 

word embeddings to experiment with various input attributes and hyperparameters. These 

characteristics improve entity identification by allowing the model to capture morphological 

and semantic information. With an outstanding F1 score of 90.6%, the suggested architecture 

achieves state-of-the-art performance on the ANERCorp corpus. Contextual dependencies are 

efficiently captured and proper entity sequences are guaranteed by the combination of 

bidirectional LSTM and CRF. The results show how deep learning works well for managing 

challenging language tasks and advance Arabic NER. 
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The work [51] presents a deep architecture for named entity recognition in Hindi text sentences 

that is based on Bidirectional Long Short-Term Memory (BiLSTM). The study explores two 

improvements to the fundamental BiLSTM approach in order to improve performance: 

conditioning LSTM and de-noising autoencoder (DAE) LSTM. Different batch sizes and pre-

trained word embeddings—FASTtext and BERT in particular—are used to train the models. 

The BiLSTM with Fasttext embeddings outperforms the BERT embeddings, according to 

experimental results. Furthermore, compared to the underlying BiLSTM model, the suggested 

hierarchical model (DAE LSTM) shows minor gains. However, while working with terms that 

are not in the lexicon, the performance deteriorates. The authors come to the conclusion that 

more research is required to resolve this problem and propose that employing BERT word 

embeddings to improve the performance of the NER system may involve raising network 

parameters or training data. 

2.7 Summary of Related Study 

Neural networks, especially when paired with Conditional Random Fields (CRF), have been 

shown in previous Named Entity Recognition (NER) research to be highly effective in reaching 

high accuracy without the need for manually created features. These developments, however, 

have mostly been limited to made in high-resource languages with a wealth of annotated data 

and an adequate NLP infrastructure. On the other hand, the research still mostly ignores low-

resource languages like Kafinoonoo, Amharic, Hadiyya, and Afaan Oromo. Lack of adequate 

annotated datasets, scarce linguistic resources, and unique morphosyntactic patterns provide 

serious difficulties for these languages. The creation of reliable NER systems is made more 

difficult by the distinctive features of Kafinoonoo, such as its borrowed language parts, long 

and short phonemic differences, and Subject-Object-Verb (SOV) syntax.On the other hand, the 

research still mostly ignores low-resource languages like Kafinoonoo, Amharic, Hadiyya, and 

Afaan Oromo. Lack of adequate annotated datasets, scarce linguistic resources, and unique 

morphosyntactic patterns provide serious difficulties for these languages. The creation of 

reliable NER systems is made more difficult by the distinctive features of Kafinoonoo, such as 

its borrowed language parts, long and short phonemic differences, and Subject-Object-Verb 

(SOV) syntax. 
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Conventional NER techniques, such as statistical and rule-based methods, are not well adapted 

to handle these issues. These approaches frequently rely on manually selected dictionaries, 

predetermined patterns, and rules—all of which are either unavailable or insufficient for low-

resource languages. Additionally, their usefulness and applicability are limited by their 

inability to adjust to the underlying complexity and diversity of these languages. Furthermore, 

a lot of previous research has not looked at ways to take use of cross-lingual similarities or deal 

with the particular linguistic ambiguities of these languages, like homonyms or culturally 

distinctive phrases that need to be interpreted with context. 

 

A notable gap in the area is highlighted by the paucity of research focusing on low-resource 

languages, especially in terms of developing NER systems that can manage the linguistic 

diversity and resource limitations of these languages. This disparity calls for more research into 

techniques that can overcome these obstacles, such as those that more accurately represent 

contextual relationships, take into account linguistically particular structures, and function well 

in settings with limited data. To make sure that low-resource languages don't fall behind in the 

development of natural language processing, these gaps must be filled. 
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CHAPTER THREE 

3. METHODOLOGY 

This chapter provides a detailed description of the experimental methodology used to evaluate 

deep learning pipelines for Named Entity Recognition (NER) in the Kafinoonoo language. It 

describes the study plan, which consists of controlled experiments evaluating several aspects 

of NER performance, such model architecture and preprocessing methods. In order to ensure 

quality and ethical compliance, the research paradigm places a strong emphasis on the usage 

of customized neural network designs, backed by data gathered from primary and secondary 

sources. The chapter addresses issues such as lack of standardization, limited language 

resources, and limitations in establishing named entity categories, all of which have an 

influence on the design and experimentation of the research. It also explains the software and 

hardware tools used for model construction. 

3.1 Research Design 

This thesis adopts an experimental research design to systematically study the efficacy and 

performance of deep learning pipelines for the Named Entity Recognition (NER) algorithm 

trained for the Kafinoonoo language. The controlled experiments systematically study the 

factors that impact NER model performance, including model architecture, dataset 

composition, preprocessing techniques, hyperparameter tuning, and feature engineering. A 

sequence of controlled experiments is part of the study design, as follows: 



35 

 

 

Figure 3.1: Research Design 

As shown in Figure 3.1 the process for each controlled experiment begins by selecting factors 

from the independent variables to study its impact on NER model performance. The chosen 

factors are then used to train the NER model, and to guarantee the validity and reliability of the 

outcomes, control factors like the environment and assessment metrics are maintained constant. 

The model's performance is measured with predefined metrics, which include accuracy, 

precision, recall, and F1 score, in detecting and categorizing named objects in the Kafinoonoo 

language. In order to determine how the chosen component affects the model's performance, 

the assessment results are examined and compared to the baseline performance to spot any 

notable increases or decreases. This process is repeated for each independent variable, 

providing insights into the individual and combined effect that multiple factors on the 

performance of the NER model. Finding the best configurations for training a NER model for 

the Kafinoonoo language will help develop more precise and effective NER systems for low-

resource languages. This will be accomplished by methodically adjusting and testing these 

variables while controlling for other conditions. 
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3.2 Research Paradigm  

In the framework of Deep Learning, this work focuses on using neural network architectures 

to develop a Named Entity Recognition (NER) system specifically tailored for the Kafinoonoo 

language. The research paradigm guides the methodology and implementation of the study, 

providing a structured approach to address the unique challenges of NER in underrepresented 

languages. A diagram depicting the flow of data and processes through the research paradigm 

is provided below in Figure 3.2.  

 

Figure 3.2: Research Paradigm 

The study procedure begins with data, which includes the Kafinoonoo text data and linguistic 

resources required for later analysis. The pre-processing phase involves essential processes 

such as data cleaning (removal of noise), tokenization (splitting text into tokens), sentence 

segmentation, and annotation (tagging named entities) to ensure the text data is compatible 

with the deep learning model. During the modelling phase, the neural network architecture is 

designed, trained on pre-processed data, and optimized through hyperparameter tuning 

(learning rate, dropout rate, etc.) to improve model performance and prevent overfitting. The 

model’s effectiveness is evaluated through the result phase, where its performance is tested on 

unseen data, using evaluation metrics such as F1 score, precision, and recall, to assess its ability 

to accurately recognize named entities in Kafinoonoo text. 

3.3 Source of Data 

The data for this study were gathered from both primary and secondary sources, with primary 

data coming from institutions such as Bonga College and Kafa Television, and secondary data 

coming from existing linguistic studies and resources, particularly those on Named Entity 

Recognition (NER). 
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3.3.1 Primary Data Sources 

The primary source of data for this study is unannotated Kafinoonoo texts that were gathered 

from organizations including the Kaffa Zone Administration Bureau, Kafa Television, and the 

Department of Kafinoonoo Language at Bonga College of Teacher Education. The raw data 

from these sources included administrative records, literature, and news stories written in 

Kafinoonoo. By annotating the data, language specialists ensured high-quality labeled 

information and were instrumental in turning these unannotated texts into useful datasets. Inter-

annotator agreement assessments were used in this procedure to ensure dependability and 

consistency. 

3.3.2 Secondary Data Sources 

The secondary data sources of this study include existing studies and resources related to the 

Kafinoonoo language, especially within the area of Named Entity Recognition (NER). These 

sources encompass linguistic resources, such as dictionaries, grammar, and relevant 

publications, providing foundational knowledge about the language. These secondary sources 

offer insights into NER methodologies and best practices, directing the development of 

Kafinoonoo's deep learning NER model. 

3.4 Data Gathering Procedure 

The data collecting strategy for this study included numerous systematic stages to guarantee 

that we collected comprehensive and relevant textual material for our Kafinoonoo Named 

Entity Recognition (NER) system. The steps are outlined below. 

1. Identification of Data Sources: The initial phase involved identifying and selecting 

appropriate sources for data collection. This included primary sources such as the 

Department of Kafinoonoo Language at Bonga College of Teacher Education, Kafa 

TV, and the Kaffa Zone Administration Bureau, as well as secondary sources such as 

existing studies, linguistic resources, and publications related to the Kafinoonoo 

language and NER. 
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2. Collection of Written Texts: Once the sources were identified, written texts were 

collected from these sources. These texts included Kafinoonoo news articles, literature, 

office work letters, dictionaries, grammar books, and other relevant publications. The 

collection process aimed to gather a diverse range of textual data representing various 

linguistic contexts and semantic structures. 

3. Handling of Electronic Formats: The collected texts were in various electronic 

formats, including Word documents, PDFs, and plain text files. To ensure uniformity 

across formats and facilitate further processing, systematic handling procedures were 

employed. This involved converting texts to a standardized format and resolving any 

formatting issues or inconsistencies. 

4. Quality Assurance: Quality assurance approaches were implemented throughout the 

data gathering process to assure the accuracy and applicability of the data. This included 

verifying the authenticity of the sources, cross-referencing information from multiple 

sources, and checking for accuracy and consistency in the collected texts. 

5. Documentation and Organization: Proper documentation and organization of the 

collected data were essential for efficient data management and retrieval. Each text 

document was appropriately labeled, categorized, and stored in a structured manner to 

facilitate easy access and retrieval during subsequent stages of the study. 

6. Ethical Considerations: During the data collection process, ethical concerns were 

made, particularly with regard to the usage of copyrighted content and sensitive 

information. Proper permissions and authorizations were obtained where necessary, 

and confidentiality and privacy of data were maintained by ethical guidelines and 

regulations. 

3.5 Research Tools 

This section describes the tools, software, and hardware utilized for implementing a deep 

learning model for the Kafinoonoo language. 
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3.5.1 Software and Libraries 

The following Python libraries were employed for model development, training, and 

evaluation: 

• seqeval: A sequence labeling evaluation library that is used to calculate NER metrics 

including recall, precision, accuracy, and F1-score. 

• torch, torch.nn: PyTorch and its neural network module used for building and training 

models. 

• datasets: A library for loading and preprocessing datasets, used for managing the NER 

dataset. 

• transformers: The Hugging Face Transformers library is used for accessing pre-trained 

language models and token classification architectures. 

• torchcrf: A library providing Conditional Random Fields (CRF) implementation for 

PyTorch, used for sequence labeling. 

• prettytable: A library for displaying tabular data in a visually appealing American 

Standard Code for Information Interchange format. 

• pandas, numpy: Libraries for data manipulation and numerical operations. 

• seaborn, matplotlib.pyplot: Libraries for data visualization. 

• AdamW: An implementation of the AdamW optimizer, used for training the model with 

weight decay. 

3.5.2 Hardware 

Model training and evaluation were carried out in a computer environment with the following 

particular specifications: 

• Google Colab GPU: Utilized for accelerated training of deep learning models. 

• HP EliteBook 840 G3 Laptop: The host machine for running the Google Colab 

environment. 

• Processor:Intel (R) Core (TM) i5-6300U CPU @ 2.40GHz to 2.50GHz 

• Memory: 8GB DDR4 SDRAM 
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3.6 Gaps and Challenges in Methodology 

Working with a low-resource language like Kafinoonoo has a number of unique obstacles, 

which the research technique implementation for this study brought to light. The next section 

discusses how these difficulties affected the study's design, data collection, and adherence to 

research procedures.  

Limited Availability of Linguistic Resources 

The lack of linguistic resources for the Kafinoonoo language was one of the main issues with 

the methodological approach. Kafinoonoo lacks these fundamental resources, in contrast to 

high-resource languages that profit from substantial linguistic research, dictionaries, and digital 

corpora. It was challenging to provide a solid theoretical foundation and points of reference for 

the Named Entity Recognition (NER) system because of this gap. The lack of Kafinoonoo-

specific linguistic tools, grammatical documentation, and research papers presented a challenge 

early on in the process of developing the study and establishing the methodological framework. 

Lack of Standardization in the Kafinoonoo Language 

From a methodological standpoint, developing consistent research methods was made more 

difficult by the lack of established Kafinoonoo norms and regulations. For example, diverse 

regional spelling and pronunciation variances necessitated the development of unique criteria 

and procedures for data inclusion and exclusion. Decisions about the study's design were 

impacted by this lack of uniformity, especially when it came to determining the parameters and 

standards for entity recognition. As a result, the technique needed to be flexible and adaptable 

in order to account for these language differences while ensuring consistency across the whole 

study process. 
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Ethical and Logistical Constraints in Data Gathering 

Due to administrative and practical difficulties, obtaining authorization and entry to main data 

sources—such as government agencies and educational institutions—was difficult throughout 

the data gathering phase. Methodologically, this made it more difficult to quickly collect a wide 

variety of data. In order to guarantee that all data was utilized in accordance with institutional 

and local norms, ethical issues also needed to be given top priority. The study design became 

more sophisticated as a result of the need for extensive documentation and methodological 

openness. 

Challenges in Defining Named Entity Categories 

The linguistic and cultural subtleties that are absent from high-resource languages made it 

difficult to establish a set of predefined categories for named items in Kafinoonoo. For instance, 

Kafinoonoo does not directly translate several entities that are well-defined in other languages. 

Therefore, in order to capture the distinctive qualities of Kafinoonoo, the analytical approach 

has to include entity categories that are sensitive to context and culture. This necessitated 

repeated discussions with linguists and a review of the accepted NER classifications, which in 

turn affected the general study plan and techniques. 
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CHAPTER FOUR 

4. SYSTEM DESIGN AND DATA PREPROCESSING 

This chapter describes the system architecture and preprocessing approaches for creating a 

Named Entity Recognition (NER) system in the Kafinoonoo language. It explains the complete 

system architecture, which starts with text input and includes preprocessing activities like as 

cleaning, tokenization, and annotation to ensure data quality for model training. The chapter 

next delves into the deep learning-based NER model components, which include context 

encoders (BiLSTM, BiGRU) and tag decoders (Softmax, CRF). It also discusses word 

embedding preparation (Word2Vec, BERT), as well as the training procedure, which focuses 

on the strategies for improving model performance. 

4.1 System Architecture  

The Kafinoonoo language's Named Entity Recognition (NER) system architecture is structured 

in a pipeline designed to address the challenges of this low-resource language. The process 

begins with Kafinoonoo text data as input, which goes through a series of preprocessing stages, 

including data cleaning, tokenization, sentence segmentation, and annotation. These 

preprocessing steps ensure the data is ready for subsequent analysis. The preprocessed data is 

then split into training, validation, and test datasets. The training data is used to train the model, 

during which it learns patterns and relationships from the data. Simultaneously, the model's 

performance is evaluated on the validation data to fine-tune hyperparameters and prevent 

overfitting, ensuring the model generalizes well. After model training is complete, the test data 

is used to evaluate the model’s performance on unseen data. The evaluation phase focuses on 

assessing the model’s accuracy, precision, recall, and F1 score to measure its ability to 

recognize named entities in Kafinoonoo text. 
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Figure 4.1 The overall system architecture 

4.1.1 Pre-processing 

Building a Natural Language Processing (NLP) model requires pre-processing, especially for 

tasks like Named Entity Recognition (NER). This phase involves several key steps, including 

input text acquisition, data cleaning, segmentation, tokenization, data annotation, and inter-

annotator agreement analysis. To guarantee that the data is reliable, consistent, and relevant—

basis for both correct semantic comprehension and strong model development—each of these 

processes is essential. Below, we detail the specific steps involved in the pre-processing phase. 
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Figure 4.2: Steps of Data Preprocessing 

4.1.1.1 Input Text Acquisition 

This section describes the careful procedure of gathering the dataset required to train the NER 

model. The first stage includes the comprehensive gathering of text data from diverse sources 

to ensure the dataset's richness and relevance to the NER task. The collected data encompasses 

various electronic formats, including Word documents, PDFs, and plain text files, necessitating 

systematic handling to ensure uniformity across formats. This diversity in data sources ensures 

a broad coverage of linguistic contexts, making the dataset robust and comprehensive. 

4.1.1.2 Data Cleaning 

Following data collection, rigorous cleaning procedures are implemented to eradicate non-

textual elements such as tags, emojis, special characters, and irrelevant metadata. This 

cleansing process enhances the overall quality of the dataset by removing noise and ensuring 

that the remaining text is relevant and meaningful. The data cleaning phase is crucial for 

preserving the linguistic integrity of the text, ensuring that the model learns from high-quality, 

clean data. This process includes normalization of text formats, correcting inconsistencies, and 

standardizing the dataset to a common structure. 
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Pseudocode for Data Cleaning 

def clean_text(raw_text): 

    # Remove HTML tags 

    text = re.sub(r'<.*?>', '', raw_text) 

    # Remove special characters and emojis 

    text = re.sub(r'[^\w\s]', '', text) 

    # Normalize whitespace 

    text = re.sub(r'\s+', ' ', text).strip() 

    # Convert to lowercase 

    text = text.lower() 

    return text 

4.1.1.3 Data Segmentation 

This stage involves manually dividing the cleaned text data into manageable portions, such 

sentences and paragraphs. For a language with distinct syntactic structures like Kafinoonoo, 

this procedure guarantees accuracy. Through the methodical division of text blocks, 

segmentation makes tokenization and annotation easier while guaranteeing that every text unit 

is suitably separated for analysis. This phase maintains the coherence and context required for 

precise Named Entity Recognition (NER) processing. 

4.1.1.4 Tokenization 

The segmented text is manually tokenized, which divides it into discrete tokens. This procedure 

uses whitespace as a separator to break sentences up into words and punctuation. To preserve 

linguistic integrity, necessary punctuation is kept, such as forward slashes, single quotes, and 

language-specific symbols. By carefully preserving semantic structures and subtleties, our 

tokenization ensures consistency with both the language features of Kafinoonoo and the needs 

of NER tasks. 

 

To illustrate this process, let's consider an example: 

Input Text: Bocce uumiyee shuunoo Duubi Xuggooch kaamoona kottito 

tunemmona dubbiyee qeejjee kooree kechi wulleeno Dn. Ketema Kefiyali 

showee toomooch shaggiti ikkonoomi kepheena'on haa'iyoch goyee gattee 

heeno oogeto tunoon maletechii ebich hallee gaannee quyoonaa shiimo 

gaachecho tunoon biriitone.   
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Manual Tokenization: ['Bocce', 'uumiyee', 'shuunoo', 'Duubi', 'Xuggooch', 

'kaamoona', 'kottito', 'tunemmona', 'dubbiyee', 'qeejjee', 'kooree', 

'kechi', 'wulleeno', 'Dn.', 'Ketema', 'Kefiyali', 'showee', 'toomooch', 

'shaggiti', 'ikkonoomi', "kepheena'on", "haa'iyoch", 'goyee', 'gattee', 

'heeno', 'oogeto', 'tunoon', 'maletechii', 'ebich', 'hallee', 'gaannee', 

'quyoonaa', 'shiimo', 'gaachecho', 'tunoon', 'biriitone', '.']  

The example shows how every word and punctuation mark in the input text was carefully 

tokenized into separate tokens. This methodical procedure guarantees the preservation of the 

text's semantic structure and linguistic nuances, providing a strong basis for NER tasks that 

follow later. 

4.1.1.5 Data Annotation 

During the data annotation phase, each data instance is carefully labeled using the BIO 

(Beginning, Inside, Outside) labeling scheme, designed to differentiate the beginning, inside, 

and outside segments of named entities. Annotators manually identify and label entities within 

an Excel file based on predefined criteria, assigning appropriate tags to corresponding tokens 

in the text. This process ensures that each token is precisely categorized, enhancing the dataset's 

utility for training the NER model. 

Table 4.1 Sample Tokens and Its Corresponding Tags 

Tokens Tags 

Bocce O 

uumiyee O 

shuunoo O 

Duubi B-LOC 

Xuggooch I-LOC 

kaamoona O 

kottito O 

… … 

Every segmented sentence and token were carefully annotated using the BIO tagging technique 

throughout the data annotation step. This dataset contains a diverse variety of language digital 

text, including places, organizations, people, and datetimes, guaranteeing a comprehensive 

representation of language contexts and semantic structures. 
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4.1.1.6 Inter-Annotator Agreement Analysis 

To ensure consistency and accuracy in the annotation process, multiple annotators 

independently labeled the dataset. In this study, three annotators with expertise in the 

Kafinoonoo language participated in the annotation process. After the initial annotation phase, 

the results provided by each annotator were compared to assess inter-annotator agreement 

using Cohen’s Kappa coefficient [52]. This statistical measure evaluates the reliability and 

consistency between annotators, indicating the quality of the annotations. 

Table 4.2: Inter-rater Agreement (kappa) 

Individuals Kappa’s score Level of Agreement 

Person 1 Vs Person 2 0.86 Near perfect agreement 

Person 2 Vs Person 3 0.89 Near perfect agreement 

Person 3 Vs Person 1 0.80 Substantial agreement 

There were some disagreements even with the high agreement ratings. When the three 

annotators were unable to agree, a majority vote method was used, with the final annotation 

being the label that was approved by at least two annotators. This strategy preserved excellent 

annotation quality while guaranteeing a fair representation of many viewpoints. As an instance, 

if a token was annotated by two people as "Location" and by one person as "Organization," the 

annotation that was finalized would be "Location" based on the majority. 

Experts in the Kafinoonoo language were consulted when making decisions about more 

complicated disputes or unclear issues. The accuracy of the dataset's representation of the 

linguistic subtleties of the language was guaranteed by this expert examination. Aside from 

increasing the overall quality of the dataset used for training and assessing the NER models, 

the integration of majority vote, expert consultation, and statistical assessment significantly 

increased the annotations' consistency. The dataset included in this study offers a strong basis 

for creating reliable and consistent NER models for the Kafinoonoo language especially to the 

rigorous annotation procedure and quality evaluation. 
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4.2 Deep Learning-based NER System 

Deep Learning NER, the cornerstone of our system architecture, is discussed in more detail in 

this subsection. The Deep Learning NER model consists of three fundamental components 

those are input data representation, context encoders, and tag decoders. 

 

Figure 4.3: Deep Learning NER Model Architecture 

The system design starts with input data representation, where pre-processed text is 

transformed into dense, contextualized representations using word embeddings like Word2Vec 

or FastText, or pre-trained language models like BERT or RoBERTa. Syntactic and semantic 

linkages in the data are captured in this stage. These embeddings are then processed by the 

context encoders, such as BiLSTM and BiGRU, which extract contextual connections and 

sequential dependencies from the text. For languages like Kafinoonoo, where word patterns 

and sentence structures are crucial for precise entity recognition, these encoders are critical. 

Lastly, the tag decoders apply labels to each token after processing the embeddings. For this, 
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Conditional Random Fields (CRF) or Softmax are utilized. Softmax individually allocates 

probability to each token's tag, whereas CRF specifically records relationships between tags, 

guaranteeing consistency in output sequences. Encoders are required to capture linguistic 

patterns and dependencies within a sequence, while decoders translate these learned patterns 

into meaningful, token-level classifications. Together, they ensure that the Kafinoonoo NER 

system achieves both high accuracy and robustness. 

4.2.1 Input Representation 

Word2Vec, FastText, BERT, and RoBERTa are instances of input representation techniques 

utilized to convert raw textual data into numerical embeddings. These embeddings consist of 

morphological and syntactic information required for NER tasks in the Kafinoonoo language. 

Experimentation involves testing different embedding methods to identify the most effective 

approach for encoding Kafinoonoo text data. 

Word2Vec  

Operating on the principle of distributional semantics, Word2Vec aims to capture word 

meanings based on their contextual usage [30]. In our Kafinoonoo NER architecture, 

Word2Vec serves as an input representation technique, generating dense vector representations 

(word embeddings) for words in the vocabulary. Despite its lack of contextual understanding 

compared to more advanced models, Word2Vec's computational efficiency and semantic 

relationship-capturing ability make it suitable for basic NER tasks. 

To enhance the NER model's performance, we employed Word2Vec embeddings trained using 

the CBOW approach on 13,664,557 tokens of unlabeled text. This unlabeled data undergoes 

preprocessing to ensure its quality for subsequent training. Tasks such as cleaning, 

tokenization, and sentence segmentation are performed to prepare the text for Word2Vec 

training. The resulting Word2Vec model, with a file size of 29.3 MB, captures semantic 

similarities and relationships among Kafinoonoo words by predicting each word's context 

within a specified window based on neighboring words. The NER model benefits significantly 

from these embeddings as they enable the model correctly identifying named entities in the 

text. 
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FastText  

FastText extends Word2Vec by considering subword information, effectively handling 

morphological variations and out-of-vocabulary words [32]. Within our architecture, FastText 

plays a crucial role in capturing morphological nuances present in Kafinoonoo text. By 

constructing word embeddings based on character n-grams, FastText improves the model's 

ability to recognize and categorize named entities correctly. 

In preparation for feature embedding tasks with our NER model, we used FastText embeddings 

that have been trained on a substantial corpus of unlabeled data that comprises 13,664,557 

tokens. Following rigorous preprocessing to refine the raw text data, including cleaning and 

tokenization, we train the FastText model. The resulting FastText model, with a file size of 

846.24 MB, considers subword information alongside full words, allowing it to efficiently 

handle terms that are not in its vocabulary and capture morphological variants. The 

contextualized representations of words provided by FastText significantly benefit the NER 

model's performance. By incorporating FastText embeddings trained on unlabeled data, our 

NER model gains a comprehensive understanding of semantic intricacies within the 

Kafinoonoo language. 

BERT  

BERT's bidirectional transformer design gathers contextual data in a text sequence derived 

from both the words before and after [42]. In our architecture, BERT serves as a powerful input 

representation technique, generating contextualized word embeddings that encapsulate 

nuanced linguistic patterns and semantic dependencies. Optimizing a pre-trained BERT model 

on Kafinoonoo text enables leveraging its deep contextual understanding for accurate named 

entity identification. 
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In our embedding approach utilizing BERT for Kafinoonoo language processing, we have 

employed mBERT (Multilingual BERT) [53], a variant built upon the BERT architecture. 

mBERT is specifically designed to handle multilingual text processing tasks, involving many 

different kinds of languages, including low-resource languages like Kafinoonoo. This variant 

inherits the powerful contextual understanding capabilities of BERT while extending its 

applicability to diverse linguistic contexts. By utilizing mBERT, we ensure that our model can 

effectively capture the semantic nuances and syntactic structures present in Kafinoonoo text 

data, even in scenarios with limited labeled resources. The tokenization and contextual 

embedding generation process are pivotal for our embedding approach with mBERT.  

Tokenization, managed by the mBERT tokenizer, dissects the input text into individual tokens, 

including full words and subwords, ensuring compatibility with mBERT's multilingual 

vocabulary and tokenization scheme. 

Sample Output: 

Kafinoonoo Tokenized: ['Xooboocha', '20', 'tunemmi', "xuumeena'och", 'Kafi', 

'Guude', 'hayibe', 'wushiyee', 'gaabbe', 'kokexo', 'qannayiti', 'xumi', 

'tahoo', 'buusho', 'hakkeete', '.'] 

 

BERT Tokenized: ['[CLS]', 'X', '##oo', '##bo', '##ocha', '20', 'tune', 

'##mmi', 'x', '##uum', '##eena', "'", 'och', 'Ka', '##fi', 'G', '##uu', 

'##de', 'hay', '##ibe', 'w', '##ush', '##iye', '##e', 'ga', '##abb', 

'##e', 'ko', '##ke', '##xo', 'q', '##anna', '##yi', '##ti', 'x', '##umi', 

'ta', '##ho', '##o', 'bu', '##ush', '##o', 'hak', '##kee', '##te', '.', 

'[SEP]'] 

This initial step lays the foundation for subsequent processing by mBERT. Following 

tokenization, the contextual embedding generation unfolds, wherein mBERT generates 

embeddings for each token based on its surrounding context. These contextual embeddings 

capture the intricate contextual information within the text, providing valuable insights into 

semantic nuances and syntactic structures present in Kafinoonoo text data. This process 

empowers our NER model to achieve enhanced performance and accuracy in extracting named 

entities from Kafinoonoo text, bolstering its effectiveness in various language processing tasks. 
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RoBERTa  

RoBERTa further refines the BERT architecture, optimizing performance on downstream NLP 

tasks [43]. In our architecture, RoBERTa offers several enhancements, including the removal 

of certain pre-training objectives and dynamic masking strategies. These optimizations enable 

RoBERTa to handle deep contextual understanding and diverse linguistic phenomena within 

Kafinoonoo text, optimizing named entity recognition and classification efficiency. 

In our NER model's embedding strategy, we've incorporated RoBERTa, specifically XLM-

RoBERTa [54], to enhance contextual understanding of Kafinoonoo language processing. 

Tokenization, managed by the XLM-RoBERTa tokenizer, breaks down input text into tokens, 

including full words and subwords, ensuring compatibility with its multilingual vocabulary and 

tokenization scheme. This initial step lays the groundwork for subsequent processing by XLM-

RoBERTa. 

Sample Output: 

Kafinoonoo Tokenized: ['Xooboocha', '20', 'tunemmi', "xuumeena'och", 'Kafi', 

'Guude', 'hayibe', 'wushiyee', 'gaabbe', 'kokexo', 'qannayiti', 'xumi', 

'tahoo', 'buusho', 'hakkeete', '.']  

RoBERTa Tokenized: ['<s>', '▁Xo', 'o', 'boo', 'cha', '▁20', '▁tu', 'nem', 

'mi', '▁xu', 'ume', 'ena', "'", 'och', '▁Ka', 'fi', '▁Guud', 'e', 

'▁hay', 'ibe', '▁w', 'us', 'hiye', 'e', '▁ga', 'abb', 'e', '▁koke', 

'xo', '▁qan', 'nay', 'iti', '▁xu', 'mi', '▁ta', 'hoo', '▁bu', 'us', 

'ho', '▁ha', 'kkeet', 'e', '▁', '.', '</s>']  

Following tokenization, XLM-RoBERTa generates contextual embeddings for each token, 

capturing intricate semantic nuances and syntactic structures within the text. Leveraging 

RoBERTa's robust language understanding capabilities, enriched for multilingual contexts, 

XLM-RoBERTa empowers its embeddings with contextual information, effectively 

representing linguistic nuances across diverse languages, including low-resource languages 

like Kafinoonoo. These contextual embeddings enable our NER model to achieve heightened 

performance and accuracy in extracting named entities from Kafinoonoo text. By integrating 

RoBERTa's contextual embeddings, our NER model gains a comprehensive understanding of 

the Kafinoonoo language, enhancing its effectiveness in various language processing tasks. 
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4.2.2 Context Encoders 

Context encoders, including architectures like BiGRU and BiLSTM, are employed to capture 

contextual dependencies within the input data. By analyzing sequential information 

bidirectionally, these encoders extract rich contextual features essential for accurate named 

entity recognition. Different combinations of context encoders are experimented with to 

determine their impact on NER performance.  

Bidirectional Gated Recurrent Unit (GRU)  

BiGRU enhances contextual understanding by leveraging bidirectional Gated Recurrent Unit 

(GRU) networks. By simultaneously employing forward and backward GRU networks, 

BiGRU adeptly assimilates information from both previous and future circumstances. The 

model can represent complex relationships between words in both temporal directions due to 

this bidirectional method, effectively encoding the sequential structure of the input text. 

Through experimentation and the utilization of contextual embeddings, BiGRU encapsulates 

rich contextual nuances within its hidden states, providing invaluable insights crucial for the 

accurate prediction of named entities and their boundaries. 

Bidirectional Long Short-Term Memory (LSTM) 

By adding bidirectional Long Short-Term Memory (LSTM) networks, the BiLSTM layer 

improves the architecture. BiLSTM effectively captures word dependencies both in the forward 

and reverse directions LSTM networks, enhancing the model's comprehension of context. 

Sequential processing of the experimentally derived contextual embeddings enables BiLSTM 

to meticulously capture the sequential arrangement of the input text. The hidden states of 

BiLSTM serve as reservoirs of rich contextual information, indispensable for the precise 

prediction of named entities and their boundaries in the Kafinoonoo language context. 

4.2.3 Tag Decoders 

Tag decoders, such as softmax layers and Conditional Random Fields (CRFs), are utilized to 

generate probability distributions over possible named entity tags for each word. These 

decoders play a critical role in forecasting the most probable named entity labels while ensuring 

coherence within the predicted sequences. Experimentation involves evaluating the 

effectiveness of different decoding strategies in enhancing NER accuracy for Kafinoonoo text. 
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Softmax Layers 

Softmax layers serve as intermediary components within the NER architecture, tasked with 

transforming the output of the context encoder into interpretable feature representations. These 

representations, derived from contextual embeddings, undergo further processing to generate 

probability distributions over Potential named entity tags for every token of the input series. 

By normalizing the output scores using the softmax function, these layers facilitate the 

identification of the most probable named entity tags, thereby enabling accurate prediction of 

entities in the Kafinoonoo language context. 

Conditional Random Fields (CRFs): 

In contrast to softmax layers, CRFs work at a higher level of abstraction inside the NER 

architecture. overseeing the decoding of entity labels and enforcing coherence in the predicted 

sequences [28]. Functioning at the sequence level, CRFs assign labels to individual tokens 

while considering dependencies between neighboring labels. By computing transition scores 

and penalizing improbable transitions, CRFs ensure global coherence and consistency in the 

predicted label sequence. This comprehensive method improves the accuracy and coherence of 

named entity predictions, especially in the complicated language environment of Kafinoonoo. 

4.3 Model Training 

The training process for NER in the Kafinoonoo language involves several stages, starting with 

baseline models using Bidirectional GRU (BiGRU) and Bidirectional LSTM (BiLSTM) layers. 

Hyperparameters are selected via grid search, and these models serve as benchmarks. Then, 

the BiGRU and BiLSTM layers combine Word2Vec and FastText, pre-trained word 

embeddings, to improve the models' semantic comprehension. Using BiLSTM and BiGRU 

layers, pre-trained language models BERT and RoBERTa can possibly get further refined. 

Meticulous hyperparameter tuning ensures optimal performance. Finally, the best models are 

enhanced by integrating Conditional Random Fields (CRF) to capture dependencies between 

output labels, further improving NER accuracy. These advanced models undergo rigorous 

training to ensure optimal performance. 
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4.3.1 Baseline Model Training 

The baseline model training for NER in the Kafinoonoo language begins with a thorough 

preprocessing of the dataset. After then, this dataset is divided into test and training sets. The 

training process involves selecting hyperparameters for both BiGRU and BiLSTM layers 

through a grid search, exploring combinations of parameters such as GRU/LSTM units, 

dropout rates, batch sizes, learning rates, and embedding dimensions. Based on the validation 

set, the hyperparameters which yield the highest F1-score are chosen. The Adam optimizer is 

used to construct and compile the models, and they are trained across a number of epochs with 

early stopping and learning rate reduction callbacks to avoid overfitting. This method 

guarantees effective generalization and convergence. Standard measures are used to assess the 

baseline models' performance, giving rise to a thorough knowledge of their capabilities. 

4.3.2 Pretrained Word Embeddings Training 

Pre-trained word embeddings—Word2Vec and FastText, in particular—are used in the 

embedding-based strategy for BiGRU and BiLSTM to improve the model's semantic 

comprehension. The embedding layer of the NER model is initialized by loading these 

embeddings, which have been pre-trained on the Kafinoonoo language dataset. A consistent 

training methodology is followed for both embeddings: grid search is employed to explore 

hyperparameter combinations, including GRU/LSTM units, dropout rates, batch sizes, and 

learning rates. Models are defined using either BiGRU or BiLSTM layers, and F1-score 

performance is used to determine which hyperparameters work best. The final models are built, 

compiled using the Adam optimizer, and trained using callbacks for learning rate reduction and 

early stopping over several epochs. The training process ensures the models are effectively 

optimized to recognize named entities in the Kafinoonoo language. 
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4.3.3 Pretrained Language Model Training 

Training the pre-trained language model embeddings using BERT and RoBERTa architectures 

involves fine-tuning these models for the NER task. Two variations of the NER model are 

crafted for each PLM, incorporating either BiLSTM or BiGRU layers as context encoders, 

resulting in four configurations: BERT + BiLSTM, RoBERTa + BiLSTM, BERT + BiGRU, 

and RoBERTa + BiGRU. Hyperparameter tuning is conducted using grid search, focusing on 

parameters such as learning rate, dropout probability, batch size, and weight decay. Once 

optimal hyperparameters are identified, the final models are trained using these configurations. 

The entire model, including the PLM backbone and additional RNN layers, is fine-tuned on 

the NER task using the entire training dataset. Early stopping mechanisms is employed to 

ensure efficient convergence and prevent overfitting. This rigorous training process ensures the 

models are optimized for recognizing named entities within the Kafinoonoo text. 

4.3.4 CRF Integration on Outperformed Models Training 

Conditional Random Fields (CRF) are being integrated into the best-performing models, which 

were previously based on pre-trained language models and bidirectional RNNs for NER. The 

specific configurations include BERT + BiLSTM + CRF, RoBERTa + BiGRU + CRF, 

RoBERTa + BiLSTM + CRF, and BERT + BiGRU + CRF. For each model, the architecture 

comprises a pre-trained language model, a bidirectional RNN layer (BiLSTM or BiGRU), and 

a CRF layer. The training begins by loading the pre-trained language models and initializing 

the BiLSTM/BiGRU layers, followed by adding the CRF layer. A grid search identifies the 

optimal hyperparameters, such as learning rate, dropout probability, batch size, and weight 

decay. The AdamW optimizer is used during the training phase to fine-tune all of the model, 

including the pre-trained language model, RNN layers, and CRF layer. Early stopping 

mechanisms ensure efficient convergence and prevent overfitting. The models are trained on 

the NER task using the full training dataset. This rigorous training process ensures the models 

are effectively optimized for recognizing named entities within the Kafinoonoo text, with the 

CRF layer enhancing sequence labeling by modeling dependencies between output labels. 
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4.4 Model Evaluation 

The performance of the developed models is evaluated utilizing rigorous assessment 

approaches to determine their efficacy in the Named Entity Recognition (NER). Through the 

use of common NER metrics including recall, precision, accuracy, and F1-score, the evaluation 

process thoroughly examines how the model predictions match the actual labels. By reducing 

the number of false positives and false negatives, these metrics aid in evaluating how well the 

model recognizes named entities.  

Accuracy shows the percentage of named entities that the model accurately recognized; recall 

quantifies the percentage of actual named entities that the model properly identified. Precision 

and Recall are combined into an aggregate score called the F1 Score, which offers a fair 

evaluation of the model's overall effectiveness. Moreover, Accuracy quantifies the percentage 

of correctly identified named entities across all entities, encompassing both true positives and 

true negatives. The F1 Score is frequently utilized as the primary measure and is calculated as 

the harmonic average of Precision and Recall in NER tasks, gives a comprehensive assessment 

of model performance. Higher Precision and Recall numbers indicate better accuracy and recall 

rates, albeit they may occasionally clash. As a result, the F1 Score strikes an excellent 

compromise between Precision and Recall. 

Mathematically: 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 +  𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 +  𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =  2 ∗  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗  𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 

Confusion matrices are also created and displayed to show how the models categorize various 

entity kinds, offering a more thorough understanding of their advantages and disadvantages. 

Moreover, the training and validation losses, as well as accuracies, are plotted over epochs to 

track the learning dynamics and generalization performance of the models. These evaluation 

procedures collectively contribute to a thorough assessment of the developed NER models, 

guiding further refinements and insights for future research and applications. 
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CHAPTER FIVE 

5. EXPERIMENTATION AND RESULT DISCUSSION 

In this chapter, we embark on a comprehensive exploration of our experimentation and 

go into more detail about the outcomes.  Our primary objective is to assess the efficacy and 

advancements of Named Entity Recognition (NER) system in the Kafinoonoo language using 

various deep learning models. We carefully compare different model architectures and input 

representations to identify the most suitable approach for NER, highlighting their respective 

strengths and weaknesses. 

5.1 Experimental Setup 

5.1.1 Dataset Overview 

The dataset utilized in our experimentation was sourced from diverse source and meticulously 

pre-processed to ensure optimal performance. This dataset consists of 1,463 sentences, totalling 

34,485 tokens, annotated into distinct categories, including locations (LOC), organizations 

(ORG), persons (PER), datetimes (DT), and Others (O) using the BIO tagging scheme. Table 

5.1 provides a detailed distribution of entities within the dataset. 

Table 5.1: Entity Distribution in the Dataset 

Entity Count 

Locations (LOC) 1810 

Organization (ORG) 1610 

Person (PER) 1348 

Datetime (DT) 1255 

Others(O) 28462 

The distribution of entities highlights the prevalence of different types of annotations within 

the dataset, with 'Others' (O) being the most frequent, followed by locations, organizations, 

persons, and datetimes. The 'Others' (O) category encompasses any word or punctuation that 

does not belong to the annotated named entity categories of locations (LOC), organizations 

(ORG), persons (PER), or datetimes (DT). This includes conjunctions, prepositions, common 

nouns, and other non-entity tokens that are essential for preserving the overall context and 

structure of the text. 
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The annotation process involved human annotators tagging each token in the dataset with the 

appropriate entity label using the BIO tagging scheme, ensuring compatibility with NLP 

models. To maintain annotation quality, inter-annotator agreement metrics, such as Cohen's 

kappa, were used to assess consistency. The dataset was divided into three categories—training 

(80%), validation (10%), and testing (10%)—to enhance model performance. This 80:10:10 

split optimizes resource utilization and ensures a balanced representation of entities, enabling 

robust model evaluation. 

Here is an example of the pre-processed and tokenized data, prepared for experimentation: 

Sentence # Words Tags 

… … … 

5 hakkiyoo O 

5 . O 

6 Goyee B-ORG 

6 Ministeroochee I-ORG 

6 icheti O 

6 aachi O 

6 jenereteroon O 

6 5 O 

6 xuggeena'ooch O 

6 shakkiyoona O 

6 gochii O 

6 qeyechon O 

6 gaachecho O 

6 tuniyoona O 

6 yeeyoonaa O 

6 yeeyittinoono O 

6 daakkoo O 

6 hakkeete O 

6 itone O 

6 wulleeno O 

6 . O 

7 Gochii O 

7 qeyecho O 

… … … 

This structured format ensures that the model receives tokenized input along with BIO (Begin, 

Inside, Outside) tagging for named entities, enabling effective learning and evaluation during 

experimentation. 
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5.1.2 Model Configuration 

For every trained model version, model configurations include unique architectural details, 

including the kind and quantity of layers, activation functions, and any task-specific 

modifications applied for named entity identification. Along with the optimizer used, 

hyperparameters like batch size, learning rate, dropout, weight decay, and epoch count are 

supplied. To enhance model performance and avoid overfitting, learning rate reduction 

techniques and early stopping mechanisms were applied. An HP EliteBook 840 G3 laptop with 

an Intel i5 CPU and 8GB of RAM was used for data preprocessing and model setup chores 

throughout the experiment, which was carried out under the Google Colab environment to take 

advantage of GPU acceleration. High memory requirements and processing durations might 

have limited the studies; thus, model complexity and parameter ranges were carefully adjusted 

due to these computing resources. Model development and training were conducted using the 

PyTorch library, and Colab's GPU support improved model training speed and efficiency, 

particularly for transformer-based models like BERT and RoBERTa. 

5.1.3 Hyperparameter Fine-Tuning 

This section outlines the hyperparameter fine-tuning procedure, in which each model variant 

was trained using configurations tailored to its specific architecture and task requirements. For 

every model, we employed grid search for hyperparameter tuning across all configurations, 

including baseline models, pretrained embeddings, pretrained language models, and CRF-

enhanced models, to ensure optimal performance. The effects of each hyperparameter were 

meticulously analyzed through grid search. The choice of the hyperparameter optimization 

method provided a systematic framework for parameter selection, which was essential for 

achieving the high accuracy and stability required for the Kafinoonoo NER task.’ 
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Grid search ensured that the models were trained with the best parameters by offering a 

thorough investigation of hyperparameter combinations. Furthermore, we used a learning rate 

reduction approach to pretrained word embeddings and baseline models to dynamically modify 

the learning rate in response to validation loss, improving model stability and convergence. In 

order to avoid overfitting, the early stopping criterion stopped training when there was no 

discernible improvement in validation loss, using a patience value of 5. In order to ensure 

adequate training while efficiently managing computing resources, training for Pretrained 

Language Models (PLM) and CRF-enhanced models proceeded until either the early stopping 

conditions were satisfied or a limit of 50 epochs was achieved. The major hyperparameters 

listed below were adjusted to optimize each model configuration's efficacy: 

Batch Size 

Batch size is necessary to balance training speed and memory needs. While a bigger batch size 

was used where resources permitted faster convergence, a smaller batch size was explored in 

complicated models to control computing restrictions. 

Learning Rate 

Learning rate is fine-tuned to optimize the convergence rate and reduce the likelihood of 

divergence. For transformer-based models, smaller learning rates were prioritized to avoid 

overfitting due to the high complexity of pretrained embeddings. 

Dropout and Weight Decay: 

Dropout and weight decay is fine-tuned to reduce overfitting while ensuring generalization 

capability. Dropout rates were carefully adjusted, especially for CRF-enhanced models, to 

achieve robust sequence labelling. 
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Table 5.2 Hyperparameter Ranges for Kafinoonoo NER Model Configurations 

Model Type Hyperparameter Range 

Baseline (BiLSTM, BiGRU) Units [64, 128, 256] 

Dropout Rate [0.1, 0.2, 0.3, 0.5] 

Batch Size [16, 32, 64] 

Learning Rate [1e-3, 2e-3, 3e-3, 5e-3] 

Embedding Dim [50, 100, 200] 

Pretrained Word Embeddings (PWE) Units [64, 128, 256] 

Dropout Rate [0.1, 0.2, 0.3, 0.5] 

Batch Size [16, 32, 64] 

Learning Rate [1e-3, 2e-3, 3e-3, 5e-3] 

Pretrained Language Models (PLM) Batch Size [8, 16, 32] 

Learning Rate [1e-5, 2e-5, 3e-5, 4e-5] 

Dropout Prob [0.3, 0.2, 0.4, 0.5] 

Weight Decay [1e-4, 5e-5, 1e-5] 

CRF-Enhanced Models Batch Size [8, 16, 32] 

Learning Rate [1e-5, 2e-5, 3e-5, 4e-5] 

Dropout Prob [0.3, 0.2, 0.4, 0.5] 

Weight Decay [1e-4, 5e-5, 1e-5] 

In order to guarantee optimal model performance within the limitations of available computing 

resources, these parameter ranges were chosen with some minor adjustments based on early 

tests and previous research and typical NLP model setups. A thorough investigation of these 

ranges was made possible using the grid search method, which also made it easier to adjust the 

models for better results on the Kafinoonoo NER challenge. Accuracy, F1 score, precision, and 

recall were selected as the main assessment criteria for each setup. These measures provide an 

objective assessment of model performance on Kafinoonoo NER and are well suited to 

sequence labeling tasks. Particularly, the F1 score was chosen as the primary metric because it 

strikes a good mix between recall and precision, making it ideal for evaluating entity 

identification in this low-resource language context. 
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5.2 Model Performance Analysis 

5.2.1 Baseline Models: BiLSTM and BiGRU 

In the Kafinoonoo Language dataset, BiLSTM and BiGRU model function as basic baseline 

models for named entity recognition (NER). These models establish a benchmark for 

evaluating more sophisticated architectures. BiGRU uses Gated Recurrent Units (GRU) to 

capture sequential dependencies in the input data, whereas BiLSTM uses LSTM units to do the 

same. Both models show some ability to recognize named entities, although having moderate 

performance metrics (as determined by recall, precision, and F1 score). However, as the 

moderate results show, there is still space for development. 

Table 5.3: Baseline Model Performance 

Deep Learning Models Precision Recall F1 Score 

BiLSTM 0.67 0.59 0.63 

BiGRU 0.67 0.58 0.62 

5.2.2 Enhanced Models with Pretrained Embeddings 

The baseline models are enhanced by incorporating pretrained word embeddings and language 

models, specifically Word2Vec, FastText, BERT, and RoBERTa. 

Pretrained Word Embeddings 

Word2Vec embeddings provide semantic representations of words by utilizing patterns of co-

occurrence over a substantial corpus. However, their performance does not show significant 

improvement compared to the baseline, suggesting that Word2Vec may not effectively capture 

the required semantic nuances for Kafinoonoo NER tasks. On the other hand, FastText 

embeddings, which consider subword information, exhibit better performance by capturing 

morphological variations and handling out-of-vocabulary words more effectively. This leads 

to improved precision, recall, and F1 scores compared to Word2Vec embeddings. 
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Table 5.4: Performance with Pretrained Word Embeddings 

Deep Learning Models Precision Recall F1 Score 

Word2Vec + BiLSTM 0.61 0.61 0.61 

FastText + BiLSTM 0.69 0.67 0.68 

Word2Vec + BiGRU 0.60 0.58 0.59 

FastText + BiGRU 0.65 0.65 0.65 

Pretrained Language Models 

BERT and RoBERTa, pretrained transformer-based language models, offer contextualized 

embeddings that capture rich semantic information from the input text. These models 

outperform the baseline and pretrained word embedding models, demonstrating superior 

performance in capturing complex linguistic patterns and contextual dependencies. 

Table 5.5: Performance with Pretrained Language Models 

Deep Learning Models Precision Recall F1 Score 

BERT + BiLSTM 0.80 0.85 0.83 

RoBERTa + BiLSTM 0.85 0.84 0.85 

BERT + BiGRU 0.86 0.84 0.85 

RoBERTa + BiGRU 0.83 0.87 0.85 

 

5.2.3 Applying CRF on Outperformed Models 

The models that perform better are given Conditional Random Fields (CRF), which improves 

their capacity to identify and label dependencies in the output sequence as well as capture 

sequential dependencies. The pretrained language models utilizing BiLSTM/BiGRU and CRF 

together produce the best results in terms of F1 scores, precision, and recall of any model. CRF 

helps in refining the output sequence by considering label dependencies, leading to more 

coherent and accurate named entity recognition. 
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Table 5.6: Performance with CRF Integration 

Deep Learning Models Precision Recall F1 Score 

BERT + BiLSTM + CRF 0.87 0.88 0.88 

BERT + BiGRU + CRF 0.90 0.88 0.89 

RoBERTa + BiLSTM + CRF 0.91 0.89 0.90 

RoBERTa + BiGRU + CRF 0.86 0.91 0.89 

5.3 Result Analysis  

The performance of several deep learning models for Named Entity Recognition (NER) in the 

Kafinoonoo language is compared in this section. Based on a range of parameters, such as 

accuracy, recall, and F1 score, in addition to other elements like training dynamics, robustness, 

and efficiency, we emphasize the benefits and drawbacks of each model. 

5.3.1 Comparison of Baseline Models 

BiLSTM and BiGRU models serve as the starting points for evaluating NER tasks in the 

Kafinoonoo language. With an F1 score of 0.63, the BiLSTM model outperformed the BiGRU 

model, which achieved a 0.62 score. These results show that both models provide a solid 

baseline but are outperformed by more advanced models. One of the strengths of these models 

is their training efficiency, as they have relatively low training times. This makes them suitable 

for scenarios with limited computational resources or where quick prototyping is necessary. 

However, this efficiency comes at the cost of lower accuracy and less robust performance. 

While BiLSTM and BiGRU models are efficient and provide a useful benchmark, their 

limitations underscore the need for more advanced approaches to achieve higher accuracy and 

better performance in NER tasks. 
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5.3.2 Impact of Pretrained Embeddings 

Incorporating pretrained embeddings into NER models yields mixed results, depending on the 

type of embeddings used. When Word2Vec embeddings were combined with BiLSTM and 

BiGRU models, there was no significant improvement in performance, with F1 scores of 0.64 

and 0.62, respectively. This indicates that Word2Vec embeddings do not add substantial value 

to these models for the Kafinoonoo language NER task. On the other hand, FastText 

embeddings demonstrated a noticeable enhancement in model effectiveness. The BiGRU 

model scored 0.66 while the BiLSTM model with FastText obtained an F1 score of 0.68. 

FastText’s strength lies in its ability to capture subword information and handle out-of-

vocabulary words, which contributes to this improved performance. 

5.3.3 Effectiveness of Pretrained Language Models 

We evaluated how effective pretrained language models are for NER in the Kafinoonoo 

language by testing four different architectures: bert_bilstm_model, bert_bigru_model, 

roberta_bilstm_model, and roberta_bigru_model. These models combine the advanced features 

of BiLSTM and BiGRU with powerful embeddings from BERT and RoBERTa to enhance 

their performance. The performance of these models, assessed through F1 scores and loss 

metrics, highlights the advantages and nuances of different model combinations in handling 

the complexities of the Kafinoonoo language. 
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Figure 5.1: Training and validation loss of pretrained language model 

Figure 5.2 depicts training and validation loss patterns of all four NER models throughout 

epochs. The roberta_bigru_model demonstrates the most stable and lowest validation loss, 

reflecting its highest F1 score of 0.85, indicating robust training and effective generalization. 

The roberta_bilstm_model also shows good performance with a low validation loss, though 

with minor fluctuations after epoch 6. The bert_bilstm_model exhibits a steady decrease in 

both training and validation loss, stabilizing at a low value, corresponds to a 0.83 F1 score. The 

bert_bigru_model shows consistent reduction and stabilization in loss values, achieving an F1 

score of 0.81. Overall, the Roberta-based models exhibit better generalization and stability 

compared to the Bert-based models, with the BiGRU architecture providing a slight 

performance advantage. 

5.3.4 CRF Integration 

In evaluating the integration of Conditional Random Fields (CRF) with pre-trained models, we 

explored four configurations: bert_bilstm_crf_model, bert_bigru_crf_model, 

roberta_bilstm_crf_model, and roberta_bigru_crf_model, with F1 scores of 0.88, 0.89, 0.90, 

and 0.89, respectively, demonstrating the effectiveness of combining CRF with BERT and 

RoBERTa architectures for NER tasks in the Kafinoonoo language. This integration clearly 

improved the ability of the model to understand sequence dependencies and overall 

performance when compared to its non-CRF competitors. 
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Figure 5.2: Losses in CRF training and validation with a pre-trained language model 

The loss curves for these models indicate effective training and convergence behaviour. For 

the bert_bilstm_crf_model, we observe a consistent decrease in both training and validation 

loss, stabilizing around 0.1 for validation loss. A similar tendency can be seen in the 

bert_bigru_crf_model, where the validation loss stabilizes at about 0.15, but the training loss 

decreases more quickly. The roberta_bilstm_crf_model and roberta_bigru_crf_model also 

show a consistent decrease in loss values, with roberta_bilstm_crf_model achieving a slightly 

lower final validation loss. These curves demonstrate how effectively the models can 

generalize from training data to previously unseen validation data, demonstrating the improved 

performance and robustness of CRF integration in these trained models. 
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The confusion matrices shown in Appendix III for the roberta_bigru_crf, roberta_bilstm_crf, 

bert_bigru_crf, and bert_bilstm_crf models reveal strong performance for identifying person-

name entities (B-PER, I-PER), with nearly perfect accuracies across all models. However, 

multi-token entities, particularly I-ORG and I-LOC, show notable misclassifications, 

highlighting challenges in boundary detection and contextual understanding. While 

roberta_bilstm_crf demonstrates slightly better accuracy for I-LOC (0.83) and handles multi-

token boundaries more effectively, bert_bilstm_crf achieves higher performance overall for 

temporal entities (B-TIM, 0.90) and person names (B-PER, 0.99). Models with CRF layers 

generally outperform in maintaining sequence-level dependencies, reducing boundary errors. 

Nevertheless, frequent confusions between similar entity classes like B-ORG and B-LOC 

indicate the need for better context-sensitive token representations. 

5.4 Discussion 

The This study provides significant insights into the development of a deep learning-based 

Named Entity Recognition (NER) system for the Kafinoonoo language, addressing key 

challenges and demonstrating the effectiveness of various configurations. Through systematic 

experimentation, the findings offer a robust foundation for understanding how different model 

components and strategies contribute to performance and the broader implications for low-

resource languages. 

Designing NER system for Kafinoonoo posed unique challenges, including its Subject-Object-

Verb syntax, borrowed characters, long consonant/vowel forms, and limited annotated data. 

These linguistic complexities necessitated techniques capable of capturing contextual and 

morphological subtleties while minimizing reliance on manually crafted resources. The 

incorporation of pretrained embeddings (e.g., FastText, BERT, RoBERTa) provided a solution 

by leveraging representations trained on broader multilingual datasets, thereby addressing data 

scarcity and enabling transfer learning. Moreover, advanced architectures such as BiLSTM and 

CRF proved effective in learning sequential patterns and enforcing global label consistency, 

respectively. These approaches mitigate the drawbacks of traditional ensemble methods by 

offering scalability and flexibility. 
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The experiments revealed notable differences in performance across configurations. Baseline 

models (BiLSTM, BiGRU) achieved F1 scores of 0.63 and 0.62, respectively, highlighting 

their computational efficiency but limited linguistic representation. Enhancements with 

pretrained embeddings showed incremental gains: Word2Vec embeddings yielded minor 

improvements (F1 scores of 0.61 for BiLSTM and 0.59 for BiGRU), whereas FastText 

embeddings demonstrated significant benefits (F1 scores of 0.68 for BiLSTM and 0.65 for 

BiGRU) by effectively handling subword variations. Transformer-based embeddings further 

improved performance, with RoBERTa+BiGRU achieving an F1 score of 0.85 and 

BERT+BiLSTM achieving 0.83. The integration of CRF further refined predictions, leading to 

the highest-performing configuration (RoBERTa+BiLSTM+CRF) with an F1 score of 0.90. 

Pretrained embeddings, particularly those from transformer models like BERT and RoBERTa, 

played a pivotal role in capturing contextual relationships. While FastText embeddings handled 

subword information effectively, transformer models demonstrated superior capabilities in 

managing both out-of-vocabulary words and complex patterns. Context encoders such as 

BiLSTM and BiGRU contributed by modeling sequential dependencies, while CRF decoding 

improved sequence-level predictions by enforcing label dependencies. The study underscores 

the synergistic effect of combining these components, particularly in 

RoBERTa+BiLSTM+CRF, which emerged as the best-performing architecture. 

The proposed model substantially enhances NER performance for Kafinoonoo, surpassing 

traditional methods in both scalability and accuracy. The RoBERTa+BiLSTM+CRF model's 

F1 score of 0.90 represents a significant improvement over the prior study's reported score of 

87.19%, which relied on ensemble techniques and non-standard evaluation methods. The use 

of seqeval ensured reliable benchmarking, confirming the robustness of the proposed model. 

Regularization techniques like dropout and weight decay, combined with hyperparameter 

tuning and early stopping, mitigated overfitting despite the small dataset size. Error analysis 

identified remaining challenges, such as entity type confusion and boundary errors, guiding 

avenues for future improvements. 
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This study demonstrates the effectiveness of leveraging pretrained embeddings and advanced 

deep learning architectures to address the challenges of Named Entity Recognition (NER) for 

low-resource languages like Kafinoonoo. Transfer learning, through models like BERT and 

RoBERTa, proved essential in overcoming data scarcity by capturing rich contextual 

relationships and addressing linguistic complexities. The combination of contextualized 

embeddings, sequential encoders such as BiLSTM and BiGRU, and structured decoders like 

CRF maximized performance, with the RoBERTa+BiLSTM+CRF model achieving the 

highest F1 score of 0.90. Standardized evaluation metrics ensured reliable benchmarking, 

underscoring the robustness and scalability of the proposed system. Beyond Kafinoonoo, this 

framework provides a scalable solution for other low-resource languages, offering valuable 

insights for future developments in Natural Language Processing (NLP). 

5.4.1 Error Analysis 

The Kafinoonoo NER system's error analysis highlights areas for improvement and identifies 

important issues that affect performance. The most important problems found, along with 

examples, are listed below: 

Boundary Errors: 

Locations names and compound organizations were examples of multi-word entities that were 

frequently only partially recognized. For instance, the system might only identify "Xallee 

Dubbiyee"(Tello Kebele) as an entity in the phrase "Xallee Dubbiyee Goyoonaa Hallee 

Gaannee Uumiyee Koree Kexo,"(Tello Kebele Human Resource Office) leaving out 

"Goyoonaa Hallee Gaannee Uumiyee Koree Kexo."(Human Resource Office) This problem is 

brought on by a lack of training examples that include multi-word entities, which restricts the 

model's capacity to handle them as coherent units. 

Entity Type Confusion: 

Words with overlapping contextual usage led to frequent misclassifications. For instance, the 

term "Gaaweti" (a good girl) was incorrectly tagged as a Location (LOC) instead of Person 

(PER). This confusion stems from inadequate differentiation in the training data, particularly 

for culturally specific terms. 
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Rare Entity Challenges: 

Rarely occurring entities were often missed, particularly those unique to the Kafinoonoo 

context. For example, the name "Michiiti" (a local location) was not identified as a Location 

(LOC) because it appeared only once in the dataset. This highlights the difficulty of 

generalizing for underrepresented entities, a common problem in low-resource languages. 

Contextual Ambiguity: 

Ambiguous contexts sometimes caused incorrect tagging. For example, in the sentence "Kafa 

has a strong cultural heritage," the word "Kafa" was occasionally labeled as an Organization 

(ORG) rather than a Location (LOC) due to its varied usage in different contexts. The lack of 

fine-grained context understanding contributes to such errors. 

Overfitting Patterns: 

During training, overfitting happened, especially in later epochs when the model began to 

internalize the training data. The model consistently identified "Gesha" as a Location (LOC), 

for example, even in non-entity contexts like "Gesha butter is famous." Even though 

regularization strategies like weight decay and dropout were used to lessen this, the problem 

was made worse by the dataset's small size. 

Trade-Offs Between Precision and Recall: 

Certain configurations, such as transformer embeddings with Softmax decoders, demonstrated 

higher recall but lower precision. For example, the model sometimes labeled generic terms like 

"ageno" as a Datetime (DT) due to over-generalization. CRF-enhanced models reduced these 

errors by leveraging sequence-level label dependencies, improving overall tagging accuracy. 

Through an analysis of these particular weaknesses and their causes, the study emphasizes how 

crucial it is to improve entity distinction, remove border errors, and broaden the dataset to 

include uncommon and diverse entity examples. These findings will guide future efforts to 

improve the NER system and adapt it to the particular linguistic difficulties of the Kafinoonoo 

language. 
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5.4.2 Interpretation of Results 

The results from our study underscore the exceptional performance of BERT and RoBERTa 

models, particularly when augmented with Conditional Random Fields (CRF), in performing 

NER tasks for the Kafinoonoo language. These transformer-based models excel in capturing 

intricate linguistic patterns and rich contextual information, which are vital for accurately 

processing and understanding diverse and low-resource languages. The combination of BERT 

and RoBERTa's deep contextual understanding with CRF's ability to capture label 

dependencies results in a powerful approach that not only handles the nuances of the 

Kafinoonoo language but also demonstrates resilience to noisy data and strong generalization 

capabilities to unseen data. This makes these models highly practical and effective for real-

world applications where data quality and variability are common challenges. 

5.4.3 Practical Implications 

The implications of these findings are far-reaching, particularly in enhancing information 

extraction, improving search engine accuracy, and supporting language preservation efforts for 

Kafinoonoo languages. The integration of advanced pretrained language models like BERT 

and RoBERTa with CRF provides a robust framework for developing more precise and reliable 

NER systems. These advancements have the potential to greatly increase the quality of 

automated text processing, making it simpler to extract useful information from enormous 

datasets. For search engines, this means more accurate results and better user experiences. 

Moreover, for language preservation efforts, these technologies offer powerful tools to 

document and analyze linguistic data, helping to maintain and revitalize languages that are at 

risk of being lost. 
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CHAPTER SIX 

6. CONCLUSION AND RECOMMENDATIONS 

6.1 Conclusion 

This study advances Named Entity Recognition (NER) for low-resource languages, focusing 

on the Kafinoonoo language. Addressing the challenges of limited linguistic resources, we 

employed advanced deep learning techniques to identify the most effective configurations for 

Kafinoonoo NER. Through systematic experimentation, we found that models combining 

transformer-based embeddings (BERT and RoBERTa) with RNN-based architectures 

(BiLSTM, BiGRU) significantly enhanced performance over traditional word embeddings. 

These combinations leveraged the rich, context-sensitive representations of transformer 

embeddings with the sequential learning capabilities of RNNs, resulting in higher accuracy for 

identifying and classifying named entities. 

The RoBERTa + BiLSTM + CRF model outperformed the other evaluated configurations with 

the highest F1 score of 0.90, indicating the resilience of combining Conditional Random Fields 

(CRF), RNN architectures, and transformer-based embeddings for NER tasks in Kafinoonoo. 

The study also demonstrated how pretrained embeddings affect model performance; whereas 

Word2Vec demonstrated only modest improvement, FastText embeddings successfully 

managed out-of-vocabulary words and captured subword information, highlighting the 

significance of choosing embeddings that meet the particular morphological and lexical 

features of the language. 

The established NER system provides notable benefits in terms of digital language 

preservation, search engine optimization, and information extraction. By promoting literacy 

and increasing access to digital information, this study aids in the economic growth and cultural 

preservation of Kafinoonoo-speaking communities. Despite these improvements, there are still 

several limits, including the tiny dataset size, which may have hindered the model's ability to 

generalize well, as well as issues with unusual objects and contextual ambiguity.  
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6.2 Recommendations 

The findings of this study show that deep learning models, particularly those that use 

transformer-based architectures such as BERT and RoBERTa, considerably improve the 

performance of Named Entity Recognition (NER) for the Kafinoonoo language. Despite these 

advances, there remain areas for improvement and further exploration. The following 

recommendations are aimed at addressing current limitations, enhancing the robustness of NER 

systems, and ensuring their practical applicability in diverse real-world scenarios, especially 

for low-resource languages like Kafinoonoo. These suggestions are intended to guide future 

research and development efforts to build more effective and comprehensive NER systems. 

1. Future study should focus on increasing the Kafinoonoo dataset to include more varied 

and representative samples. It enhances the generalizability and robustness to the NER 

models. 

2. To use unlabeled data and improve model performance, utilize strategies like as self-

training, data augmentation, and generative modelling. 

3. Investigate other multilingual models and transfer learning techniques to fine-tune 

models more effectively for Kafinoonoo. 

4. Integrate external linguistic resources such as lexicons and ontologies to improve entity 

recognition and classification. 

5. Investigate domain adaptation techniques to improve NER performance in specific 

domains (e.g., legal, medical, or historical texts) relevant to the Kafinoonoo language. 

6. The developed NER system can play a key role in preserving the Kafinoonoo language 

by ensuring its representation in digital formats. Collaborations with linguistic and 

cultural organizations can help in creating comprehensive digital archives and resources 

for Kafinoonoo. 

7. Establish a pipeline for continuous updating and fine-tuning of the NER models with 

new data and linguistic insights to keep the system up-to-date and improve its 

performance over time. 
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8. APPENDIXES 

Appendix I: Annotated Dataset Samples 

Sentence # Word Tag 

1 Showee O 

   1 daqqoona O 

1 iiwe O 

1 gattoona O 

1 kobereet O 

1 gaawe O 

1 daachoyich O 

1 attee O 

1 giddiye O 

1 gaaceena'och O 

1 heeno O 

1 oogeto O 

1 tunoon O 

1 Iiwee B-ORG 

1 Minsitereno I-ORG 

1 Dr. O 

1 Liya B-PER 

1 Tadesi I-PER 

1 gettitone O 

1 . O 

2 Topphiyee B-LOC 

2 attee O 

2 giddiye O 

2 gaacee O 

2 shuunee O 

2 yawoon O 

2 andi O 

2 gooreecho O 

2 tuniyoonaa O 

2 shitteto O 

2 tuniyooch O 

2 yechet O 

2 yameena'ooche O 

2 ikkoo O 

2 qelloona O 

2 koceetina'och O 

2 yamoon O 

2 shuunee O 

2 toommoch O 

2 heechiyoo O 

2 tunoo O 

2 bireete O 
 

Sentence # Word Tag 

2 . O 

3 Ebichi O 

3 timoona O 

3 pirojekite O 

3 kooree O 

3 kexon O 

3 neechoona O 

3 Sodor B-ORG 

3 getteet O 

3 aagetee O 

3 daqqee O 

3 sofit O 

3 woyero O 

3 giddiyechi O 

3 kocoona O 

3 mashaamoo O 

3 dukkeete O 

3 . O 

4 Dr. O 

4 Liya B-PER 

4 Tadesi I-PER 

4 mashaamee O 

4 shafiroocha O 

4 bo O 

4 geddit O 

4 yibaatoona O 

4 Tophiyee B-LOC 

4 iiwee O 

4 gattoona O 

4 showee O 

4 daqqoonaa O 

4 aagetee O 

4 daqqoona O 

4 meeti O 

4 gallame O 

4 daacheena'on O 

4 bi O 

4 koberiyoon O 

4 biriyoona O 

4 , O 

4 ebi O 

… … … 
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Appendix II: Installation and Setup 

This appendix outlines the installation and setup process for developing the Named Entity 

Recognition (NER) system, covering preprocessing, training, and evaluation. 

Installation 

The required Python libraries can be installed using the following pip commands: 

!pip install torch datasets seqeval pytorch-crf 

In Google Colab, many libraries are pre-installed. If not using Colab, additional libraries need 

to be installed. This study used Python 3.10. 

Import Libraries 

import numpy as np 

import pandas as pd 

import torch 

import torch.nn as nn 

from datasets import Dataset 

from torch.utils.data import DataLoader 

from transformers import AutoTokenizer, RobertaForTokenClassification, 

BertForTokenClassification, DataCollatorForTokenClassification, AdamW 

from tqdm import tqdm 

from seqeval.metrics import classification_report, accuracy_score, 

precision_score, recall_score, f1_score 

from sklearn.metrics import confusion_matrix 

from torchcrf import CRF 

from prettytable import PrettyTable 

from IPython.display import clear_output 

import matplotlib.pyplot as plt 

import seaborn as sns 

Device Configuration 

device = torch.device("cuda" if torch.cuda.is_available() else "cpu") 

Model Training and Evaluation Pipeline 

Refer to the full code provided via Google Drive link (access required) for additional details, 

including  

➢ Datasets: Preprocessing and preparation steps. 

➢ Data Loaders: Splitting data into training, validation, and testing sets. 

➢ Training Loops: Step-by-step guidance for model training. 

➢ Evaluation Metrics: Implementation of accuracy, precision, recall, F1 score, and 

confusion matrix. 

https://drive.google.com/drive/folders/1-7PLOYLFVqPYOETe33k8qz5haBJgYjeL?usp=drive_link
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Appendix III: Training Logs  

I. roberta_bigru_crf 

 

II. roberta_bilstm_crf 

 

 

 

 

 

 

 

 

 



84 

 

III. bert_bigru_crf 

 

IV. bert_bilstm_crf 
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Appendix IV: Confusion Matrix 

roberta_bigru_crf

 

roberta_bilstm_crf

 

bert_bigru_crf

 

bert_bilstm_crf
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Appendix V: Result Summary Table 

Model Type                    Deep Learning Model           Precision   Recall   F1 Score 

Baseline Models               

                              

 BiLSTM                        0.67        0.59     0.63 

 BiGRU                         0.67        0.58     0.62 

Pretrained Word 

Embeddings                                 

 Word2Vec + BiLSTM             0.61        0.61     0.61 

 FastText + BiLSTM             0.69        0.67     0.68 

 Word2Vec + BiGRU              0.60        0.58     0.59 

 FastText + BiGRU              0.65        0.65     0.65 

Pretrained 

Language Models 

                              

                              

 BERT + BiLSTM                 0.80        0.85     0.83 

 RoBERTa + BiLSTM              0.85        0.84     0.85 

 BERT + BiGRU                  0.86        0.84     0.85 

 RoBERTa + BiGRU               0.83        0.87     0.85 

With CRF 

Integration          

                              

                                   

 BERT + BiLSTM + CRF           0.87        0.88     0.88 

 BERT + BiGRU + CRF            0.90        0.88     0.89 

 RoBERTa + BiLSTM + CRF        0.91        0.89     0.90 

 RoBERTa + BiGRU + CRF         0.86        0.91     0.89 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


