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Abslracl 

Deep learni ng, a poten! machine learning technique, learns several layers of 

representations or characteristics of the data 10 produce cutting-edge prediction outputs. 

In addi tion to its popularity in a variety of fie lds of application, deep learning has been 

success fully used in sentiment analys is on a large scale in recem years. Nowadays, social 

media plays a signi fi cant role in s Wllying pub lic opinion in favor of or against a 

government or organi zation. Therefore, an eITective strategy is necessary to analy..:e the 

mood of any social media posting. 

This research paper ex plores the appiicn lion of deep learning that automatica lly extracts 

sentiments from Am hari c text, Sent iment ana lysis for Amharic in the pol iti cal domain . 

Social media platfonns have become enleial for shaping publ ic opinion and scntiment 

toward govcnuncnts and organiza tions. A lot of research is being conducted for the 

devclopment of sentiment anal ys is in diffcrcnt languages. However, sentiment analysis 

for under-rcsou rced languages like Amharic has received little attenti on . 

The study proposcs a supervi sed deep-learn ing for sentiment class ification and 

demonstrates its effectiveness in anal yzing Amh aric language data. Data was extracted 

frorn FANA broadcasting corporation and Ethiopian Prime Minister ABlY Ahmed Ali's 

official F<lcebook p<lge and manuall y almot:l\ed into pos iti ve and negative classes. And 

this study exa mines the effecti veness of usi ng a diffe rent train ing dataset and pre-tra ined 

word embedding and tokcnizers experiment on purposes and improving the text 

categorization effecti veness of deep learni ng models. 

The study compares the pcrforman ce of five different dcep learning models, incl uding 

LSTM, CN N, RNN, GRU, and bi-LSTM, wilh various archit ectures and parameters. The 

ex perimenls revea l that the GRU modcl achieved an accuracy of 82.49%, the LSTM 

model achieved the highest accuracy of 79.4 1 % while the CNN model allained an 

accuracy of 77% the bi-LSTM model obtained an accuracy of 74.2% and the R !N 

model achieved an accuracy of 73.3%. These resu lts suggest that using a large trai ning 

dataset, pre-trained embedding, pre-trained Tokeni zer, and Adams optimizer can 

significan tl y increase lext categorization performance using deep leaming models. 

Kcywo"ds - Sent imen t analysis, Amharic language, deep learning, polities. 
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I. Introduction 

1.1. Background 

Chaptcr Onc 

Sentiment analysis is the process of controlling opinions, feelings, and subjective content 

(Wankhadc ct 011., 2022). As it looks at various reviews lind tweets, Sentiment anal ysis 

hel ps understand data about public opinions. It is a tried-nnd-true tcchniQue for 

forecasting several significant events, such as Ihe box office performance of fi lms and 

gcncml elections (Schmidt ct aI. , 2022). Pub li c reviews, wh ich arc avai lab le on a variety 

of wcbsitcs like Amazon, arc utilized for assessing a certai n entity. such as a person, a 

product, or a location . One can classify opi nions as negative, positive, or neutral. 

The sent iment analys is's objective is to automatica ll y pinpoint the expressive tonc of uscr 

assessments (Yenkikar ct aI., 2022). According to (Katrekar, 20 19), sent iment analysis 

ca n be conductcd at differcnt Icvels: document level, sentcnce level . and aspect level . At 

thc document level, the sentiment of the enti re document is c lassilied as positive. 

negative, or ncutra l. Similarl y, at the scn tence level, each sentence is categorized 

accordi ngly. However, OIl the aspect level, the analysis focllses on identifying the 

scntiment towards specili c featllres or aspects within the document or sentence. 

T his study focuses on sent iment analysis wi th a deep Icamin g method; Deep leaming 

:.Ll gorit hrns arc capablc of automatically le:ll'lling hierarchi clll representations of data. 

whieh allows them to capture intri cate relationships and dependencies within the text. 

Sentimen t analysis involves understanding the subjective opi nions, elllot ions, and 

attitudes ex pressed in text , which oneil requirc a decp understandi ng of context, 

semanti cs, and even subtl e nuances. Deep Icaming modcls exce l in this rega rd, as they 

can Icam intricate fea tures and represen tations of the text through multiple layers of 

processing. 

The demand for sen timent analysis Iws 3fown as a result of the ri sing requirement for 

analyzing and organiz ing unstmctured data that is obtained from social medi a in the fonn 

of hidden in formation (A lsayal, 2022). People now primarily convey their daily 

activities, reactions, and elllotions through social media platfonns. TIle most popular 

type of socia l media is blogs :lT1d microblogs (Marouf et ai., 2022) . Users share ideas. 

discussions, and thoughts on blogs, which arc infonnal webs itcs on lhe intemct 

(Fraul11ann & Colavi7..za , 2022). Microblogs, on the other hand , are smaller blogs with 

brief posts up to a few signs (Ali el aI., 2020). Eaeh ofthern has the option to li st entries 



in reverse chronological order, with the most current news al the lOp. They are resources 

that let people discuss and comment on infonnation Ihat other users have shared. They 

stand out for their modern ism and li vel iness. 

As of Decembcr 202 1, there were 21,147,255 Internet users or 17.7% of the Ethiop ian 

population. 6.3% of Eth iopia's population of 7,535,700 users of Faeebook in January 

2022 (10 Top Ethiopia FlIccbook Pages 2023 - AIJabolltETl-II0 , n.d.) . The majori ty of 

the ci tizens wh o use the intemct pan icipate in many topics and provide input in th eir 

mothcr tongue on thosc that havc been brought up by thei r friends, blogs, medi a, or 

ncwspapers. However, there hasn't been enough work done on deep leami ng·bascd 

sentiment mining for the politi cal domain ut iliz in g opini onated Amharic tex t. 

1.2. Statement of t he Problem 

The widespread adoption of socia l media has tmnsfonned people's lives, particularly in 

Ethiopia , where it scrves as a vita l plalfonn fo r pol it ica l :lctivisl11 and infonnation 

exchange. As socinllllcd ia usage continlles to increase, it becomcs crucial for legislators, 

businesses, and community service providers to recognize the significance of gathering 

and analyzing data from thcse platforms. Such analysis can provide va luable insights into 

publ ic opi nion regarding scrvices, products, ru les. and regulations, enabling decision­

makers 10 make in fanned choices :lligned wi th thc needs :lIld desi res of the gencra l 

public. Intcgrat ing social media data analysis inlO decisiOlHnaking processcs can bridge 

th c gap bctwecn pcop lc and dccisiOlHl1akers, lc:!ding to a more responsivc and effeet ivc 

governance system. 

Howcvcr, ana lyzing sen timcnts, feedb:lck, and ex prcssions written or cxpressed in 

natural la nguages, especiall y for undcr-resourced languages li ke Amha ric, poscs a 

challenge. Understandi ng and intc'llreting senti men ts and fccdbaek shared on social 

mcdia , pm1 ieularly in specialized domai ns or topics, requirc specia lized knowl edge and 

contex t understandi ng. While prcvious attempts havc bccn made to dcvelop Amhari c 

sentiment analysis modcls havc becn dcvelopcd by rcscarchcrs uti lizi ng machinc 

leaming methods likc Suppon Vector Machincs (SV M), Naive Bayes B), and 

Convol utiona l eural Networks (Kindeneh, 2020; Neshir ct al., 202 1; Saran & Zelelew, 

202 1) despitc prior attcmpts to dcvelop emotion analysis models and opinion·mini ng 

tech niques for the Amharic dia lect. 

The contcx t of the text is onc of the major variablcs that affect sentiment analysis. When 

uti lized in a different contex t, words, and phrases that could have a pos itivc or bad 
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connotation in one area could have a different sentiment orientation (Liu c:t aI., 2020) . 

The focus of the anal ysis of sentiment has shifted to context-dependent variation in 

sentiment orientation. To increase the quality of sentiment analysis, rcsearchers arc using 

increasingly advanced algori thms and approaches to recognize and examine the con text 

in wh icl, words and phrases arc employed. Sentiment analysis can offer a more 

soph isti cated assessment of the tex t's emoti onal intensity by taki ng con text in to account. 

Words arc powerful, but their power is not sole ly deri ved from the ir defin itions. When 

employed in several phrase situations, th e same word may elicit various emotions. 

The feature engineering process is not someth ing that trudi tiona l machine leaming 

algorithms call do on their OWIl , and thus, may stmgglc wi th understanding the nuances 

of language. However, deep leaming algori thms arc capable of pcrform ing semantic 

composi tion, it entails creating a text unit's vector of representation quickly and in a low­

dimensional space by mergi ng its finer-gra ined parts or entiti es. As a result, the 

algorithm is beller abl e to discern the sentiment of the tex t by understanding the meaning 

behind words and how they relate to one another in a sentence. 

To retrieve con textual infonn:lIion from feature sequenccs in foreign languages, some 

academics have investigat ed sentiment ana lysis utilizing deep !caming approaches 

(Oalakrishnll ll ct al ., 2022; Guo, 2022; Iqbal el :11. , 2022; Kaur cl aI., 202 1; Reviews et 

aI., 2022). The resu lts of thi s rescarch, however, cannot be immediately transferred to the 

Am haric dialect because of the di stinctive featu res that set it apan from the other 

investigated languages. Furthermore, The Amha rie hlnguage 1:lcks sumeient context­

based sentiment anal ys is research employing deep learning. To best capture contex tual 

information for sentiment analysis of Amll:lri c texts, 

This rescarch aims to ex plore the application of deep leaming algorithms for sentiment 

analysis in Amhari c texts by focusing on th e retrieval of con textua l infonna tion from 

feature sequences. Amharic is a complex language with unique lingui stic characteristics, 

and sentimcnt ana lys is in this language presents specifi c cha llenges that require 

speciali zed approaches. 

The study will investi gate various deep leaming algorithms and techniques that can 

effceti vely capture the contextual infonnation present in Amhari c texts. By leveraging 

deep leaming techniques, the research aims to enhance the efficiency of sentiment 

analys is in Amhari c texts. Tradit ional scntimellt analysis methods often struggle to 

capture the nuances and intricacies of sentiment exprcssed in Amharic duc to the 

language's rich morphol ogy, syntax, and con tcx t-dependent nature. Deep leaming 
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algorithms, with their capacity to !cam complex representations and hand le large-scale 

datasclS, otTer promising solutions to overcome these challenges. 

The investigation will invo lve training deep learning models on a substantial collection 

of Amharic texis annota ted wilh sentiment labels. These models will learn to ex tract 

relevant features from the input sequences and capture the contextual infonnarion crucial 

for accurate sentiment analysis. The research will compare and evaluate the pcrfomlancc 

of di fTcrcn l deep ]caming architectures in Icnns of their efficiency in sentiment analysis 

tasks, slLch as sentiment classifi cation or sentiment polarity detection. 

The fi ndin gs of thi s research arc ex pected to contriblUC 10 the advancement of scntiment 

analysis in Amharic tex ts by providi ng insights into the efTcctiveness of various deep 

learn ing :Ipproaches. 8y ident ifying the most suitable :I lgorit hms and techniques, the 

rese:u'eh aims to enhance the accuracy :lIld effic iency of sentiment :ll1alysis appli cat ions 

in the Amharic language. 

1.3 . Research Question 

Th e res(!lll'c:h sllU/)' will (ult/ress the/ ollowing rest!lIrch qllestitms (flO). 

RQ I: Which deep learning models are most efTective for Amharic sentiment analys is? 

RQ2: Which deep learning model performs the best when ana lyzing sentiment III 

Amharic, CUl l lP" !'C tu uther Slntc-o f-lhe-ar1 mode ls? 

RQ3 : \Vhat effects do the amount of the training data, Transfer Leaming, and 

optimization strategies have on the Amhari c SA models? 

1.4·. The Objective of the Study 

1.4 .1. Gell era lObjective 

This research is aimed to ilwesligatc the appl ic:ltion of D N approaches for the 

development of Amharic senti ment analysis political texts. 

1.4.2. Specifi c Object ives 

The fo llowing particular goals arc the focus of lhis resea rch work . 

a) Collect Amhari c social media reviews. 

b) Annotating Amharic reviews. 

e) Devclop an Amharic sentiment analysis model using supervised learni ng of 

difTerent DN N approaches. 

d) Compare the perfomlanee of the models developed . 

e) Interpreti ng the results of the comparison and drawing conclusions. 

4 
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1.5. Scope 

nle scope of thi s thesis is to crcale nn an31ysis model for Am haric comments that are 

onl y written in Ethiopic characters (Fide l). The study is limited to textual data, and other 

fomls of media such as audio, images. and videos arc excluded. The study's 

concentration is on sentiment analysis; it docs not cover other aspectS of nnlurallanguage 

processi ng. nle study wi ll also not consider idiomatic expressions, symbolic language, 

and sarcasm, as these arc com plex forms of language that require n deeper level of 

linguist ic analys is. 

nle senti ment polarity will be limited to two labels. positi ve lind negati ve and using on ly 

supervised learnin g techn iques, and the dutascl will be manuall y labeled by hu man 

annotators. Standard assessmen l melrics will be used to assess the model's performance. 

1.6. Methodology 

The methodology for exa mining the viabil ity of deep leami ng-based sentimcnt anal ysis 

on Amharic comments within the contex t of Ethiopian I>olitica l debate entails several 

cruc ial steps. 

Introduction: Wc will g ivc a summary of the research topic and its import:lTlce in the 

project's introduction. We will also outline the 111:1in research question that we seck 10 

answer through this study. Addi tionally, we will 1Ipccify the general and specifi c 

objectives of the research, whi ch wi ll guide our investigation and analysis. In add ition, 

we wi ll emphasize the study's scope, which will outli ne the confi nes of the investigation. 

Lit erature n c\'iew: is a criti cal aspect of li lly research study, as it allows researchers to 

build upon ex isting knowledge and ga in insigh ts into the theorctical background of their 

fi eld . In thi s work, Am haric sent iment analysis which exami nes sentiment in the 

Amharic language is the main topic of interest. The lit erature review will examine the 

parti cul ar difficu lties in\'o lved in anal yzing sentiment in Amharic. including word 

representations and data accessibility, to get a thorough understanding of th is subject. 

The revi ew will especiall y concentrate 0 11 works reiating to Amhari c sentiment analysis 

in addition to looki ng at research 0 11 sentiment analysis in other foreign languages. To 

create a model that can successfully assess scntimcnt in Amharic, lhe fi nest 

methodologies and tools will lastl y be exam ined, picked, implemented, and/or upda ted. 

TIle li terature review will act as the research study'S basis, offering a thorough 

understandin g of the subj ect and directing Ihe creation of an cfficient model. 

l)al :1 Coll ecti on: The datasels (commcllts) for Ihe ex periment were automatica ll y 
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\ gathered from the officia l Faccbook p;lges of Dr. Abiy Ahmed Ali and the FANA 

television company. Data wns gathered using a Python scmper script and Fnccbook's 

onli ne comment exporter tool . TIle reason for selecting this tool was its abili ty to galher 

large arnounts of camments efficiently and quick ly. The se lection of FA A broadcasting 

corpormion and Dr. Abiy Ahmed Ali officia l Fnccbook page as sources for daHl 

collection was based on their popu lnrilY Bnd relevance to lhe research questi on. 

Ana lyze and Des ign: In this project, creat ing a sentiment analysis model for Amharic 

comments in the context o f Eth iopian po lit ica l debate is the main goa\. A dcep Icaming 

strll tcgy is lIsed to do Ih is, wilh V[lriOliS well-known algorithms: includ ing Long Short­

Term Memory (LSTM ), Ili-Direetiolla l LSTM Network (Ili- LSTM) , Convolut ional 

Nellral Nctwork (CNN), Basic Recurrent Neura l Network (R N) model, and Ga ted 

ReclllTCn t Unit (G RU) is used to experimen t with various archit ectures and 

hyperparameters to discover the optimulll model for the given problem. The deep 

leaming models wi ll be trained on an appropri ate dataset, and they wi ll be modified to 

achie"e the best level of accuracy. 

[":Ilu:llioll : The effecti veness of an experiment 'S evaluat ion melrics delenn ines whether 

it is a succcss. In this experiment, m:llly melries will be used to assess the models' 

pcrfVlIn:lllce, ;1I11ong which accuracy is the primary Qlle. All imponant eva luation 

indicator, accuracy assesses how well the model correctl y pred icted the output. 111C 

pcrformance of the model improves wi th accuracy. In addition to accuracy, the 

performance of the model s may also be assessed using Illetrics like precision , recall , F I­

score, and A UC-ROC. Thcsc measuremcnt s prov ide a more comprehensive picture of 

the modcl's performance :Uld aid in dctermini ng each model's ad va ntages and 

di sadvan tages. As a result, choosing the ri ght eva luation measures is essenti al to the 

outcome of every experimcnt . 

Tools: Machine leaming models were developed for the eXI>criment, and for this 

purpose, Python, a high- level programming language, was used. Python offers a wide 

range of machine-learning packages and lools, making it a popular choice among 

researchers and practi tioners. To build Ihe machine learning modc!s, two popular deep 

learning libraries, PyTorch and Keras, were used. While Kera.s is a high-level neural 

nelworks AP I lhat provides a user-fri endly interface for creating deep learning models, 

PyTorch is an open-source machine leaming tOOlkit thai supports lhe de\'elopmelll of 

neural nctworks and tensor eomputalions. Along wilh Ihese libraries, other important 

libraries such as Pandas, Num lly, and Scikit-leam were also used. Panda is a toolkit for 
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data manipulation that ofTers simple data structures for data analys is, a library for 

numcrical computi ng ca ll ed Num Py supports numerical opcrations on big matriccs and 

arrays. A machi ne learni ng library call ed Sc ikit-Icam offers many methods for 

clustering, regression, and classi fi cation. These libraries worked together to ofTer the 

tools and capabi lities needed to preprocess the data, train and va lidate the models, and 

eva luate the modcls' perfonnancc. 
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\ Chapler Two 

2. Literature Review 

In this study's pan, many previous works in the research field arc: examined, and 

important ideas related 10 those works arc presented. TIle idea also discusses and reviews 

scvcml sentiment class ificat ion approaches, sentiment feature extraction, level of 

se ntiment analysis, lind eval uation methodologies. Socin l media overviews, also included 

urc a concept of sentiment analysis and a study of how the Amharic langu:lgcs behave. 

2. 1. Thcorclicn l Background 

2.1.1. Sentim ent Analysis 

Sentiment analysis is a method for identi fying und cxt ructing subjective informat ion 

from lext, such as views, altitudes, emolions, and sentiments. It is a type of natura l 

language processing. II is frc(\u cntl y utilized in man y diffcrcnt appli cations, such as 

market resea rch, brand reputation m:lI1agemcllt, customer fcedback analysis, :lI\d social 

mcdia monitoring. Tex t prcparation, ex traction of fe:umes, classification of sentiment, 

and eva luation arc some o f the common processes in the sentiment analysis process. 

The origi n:11 tex t infonnati oll is cleancd up lind convertcd into an anal ysis- rcady format 

duri ng test preparation. Finding pertincnt textual clements, such as wordS, phrascs, or 

other 1:lI1 guage trends, that might be pred ictive of sentimcnt is known as rcaturc 

extract ion. Givin g the tex t n SClitirnellt score or label, which can be positivc , ncgati ve, or 

nClLtral, is the task orthe scnti mcnt classifi cllli on phasc. Severa l lllcthods, including ml c­

b:lsed approaches, machinc Icn rn ing :l lgorilh111s, and decp lcaming modcls, call be used 

to do this (Rodriguez & Spiriing, 2022) . 

In the evalu:l tion sta gc. the quality and cfficicncy of the cmot ion ana lysis system arc 

cval uated, rrequcntl y ulilizing mcasures like precision, rccall. nnd FI -score. Scntiment 

analysis may hcli> businessC5 and organizations make beller dceisions and increase 

pcrronnancc by offering insightrul inronnntion about recdbaek rrom customers, onl ine 

community trcnds, and other types or textual d:ua (Manish. 2020). 

2.1.1.1.I.evcls of Sentiment Analys iS 

Typically. sctltimcllf analysis is dotle at three flif!cretl,le\·e/s (Mehta & Pand)'a, 2020): 

Documcnt -!c\'cl Sen ti ment Anal ysis: TIli!. kind of analY7l ng sentiment is concerned 

with figuri ng out the general attitude o f a substantial text or document, hke a blog post, 

review, or twcet. It conveys a rundamental impression o r the text's tone, whether it is 
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neutral , negative, o r positive:. 

Sc nl cncc~ l cvc l Sentiment Ana lysis: The sentiment of specific ph~s in a document or 

text is examined at this phase of sentiment analYSIs. It provides II morc dClni lcd 

understandi ng of the sentiment ponraycd in the lex t beCAuse difTerent sentences in 

identical documents may indicate various emotions. 

ASJlect-level Senliment Ana lysis: This fonn of anal ysis of sentiment focuses on 

dctcnnining the attitude toward particulur qualities or ch:tn,clcristics o f a good, servi ce. 

or person referenced in th e lex I. It involves nnal yzing the sent iment of individual phrases 

or clauses that refer to II parlicutur aspect. such os price. quality. or customer service . 

This type of analysis is part icu larly use ful in understanding the strengths nnd wcaknessts 

of a product or service and cnn help businesses to improve their offeri ngs. 

Z, 1.J.Z.SctlLiment Anulysis AplJronclws 

Sentiment analysis is a type of nntura l lan guage processing (NLll) that involves the usc 

of computat ional algori thms to detenninc the el11otioliUI tone of a piece of text, such as 

positive, negative, or neUiral. TIlere arc severnl approaches to sentiment analysis, 

includ ing: 

The lexico n-blued aplu'o:lcll : To detennine Ihe gener:.ll fecling of a picce of text, 

senti mcnt ana lysis uses predctcrTnincd glossaries of words and thei r correspond ing 

elllotioliS (positive, negative, or neutral) (Oie le CI nl. , 2022), In this lIIethod, a set of 

terms and their correspondi ng sentim ent rnlin gs arc found in a dictionary or sentimellt 

lex icon. A word's sentim cnt score mi ght be good, neg:.t ive, or neutral. 

The lex icon can be created by h:1IId or :lutomaticllll y yin stati stical methods or :. Igori thms 

based on machine lcamin g on a sizable corpus of text. To determine the tex l's sentimcnt, 

the terms in the lex t arc contrasted with those in the senti ment lex icon. The overa ll 

sentimen t score for the lext is then calcu lated by adding the scores for sen timen t for the 

matched tenns, 

Thcre arc severa l approaches to calculating the sentiment score, like addi ng up the 

emotional scores of the matched words, avcrnglllg the scntllllent scores. or util iz.ing more 

complex techniques like TF· IDF weighting or regression analysis. TIlC lexicon-based 

technique has the bcnefit of not requirin g data that is labeled for lroining, mak ing It 

sim ple to usc and adaptable to di vcrsc domains and languages. TIli s approach has some 

difficulties, toO, as the sen timcnt of a word might vary based on 1I0w it is used, It may 

also be unabl e to convey the subtl eties and contcxlUall y-depcndcnt lI::1turc of sent nllenL It 

is crucial 10 cmploy a lexicon of emolions that IS SUI table for the tcx t's particular domam 
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and contex t. 

T he machin e Ica rning·based approach: Machi ne learn ing algorithms arc trained on a 

dataset that is labcled with text documents and the associated sentiments 10 perfonn 

sentiment analysis. Based on the patlerns it has discovered from the training data, the 

algorithm learns to categorize fresh tex ts into positive, negative, or neutral feelings (X u 

c( ai. , 2022). 

Ncur:11 Nc(works (NNs): arc parti cular kinds of machine leami ng II lgorithms that tak e 

thcir cues from how the human brai n is organized and operates. NNs consis t of 

intcrconnccted layers of neu rons that process input data and produce output predictions 

(Sa h, 2020). The input layer, hidden layer(s), and output layer nrc the three diffe rent sorts 

of la ycrs that mak e up a conventional neural network . TIle input layer takes the data as 

input , which is then processed by one or more hidden la yers to create the prediction o f 

the outcome from the output layer. 

Thc computing unit known as a neuron in a neural network conducts a wei ghted sum of 

its inputs, assigns an activation function to the tota l, and sends the outcome to the 

following layer. By uti lizi ng an optimization algorithm like gradient descent during 

training, the biases and weights of the neurons arc learned. The activation function o f a 

neuron determines ils output, which can be binary (0 or I), con tinuous (between 0 and I). 

or an y other func tion that maps the input to an output. 

Thc sigmoid function and the rect ified linear unit (ReLU) function :Ire the twO act ivation 

functions that arc cmp loyed the 1110st frequently. To reduce thc error between the 

antici patcd result and thc actua l output, thc neural network modifies the biases and 

wei ghts of the neurons during training. Using an optimi zation method , this procedure, 

known as back propagation. calculatcs the gradi ent of th e crror for the biases and weights 

and updates thcm. 

Severa l mach inc leaming tasks, such as classification, regrcssion, and speech and picture 

recognition, can be performcd using neura l networks. For jobs invol ving high· 

dimensional dal'a and non-li near correlations among features and the target variable, they 

arc especia lly effective. The key benefits o f neural nctworks arc their capaci ty to leam 

intri cate pattems in data, versatil ity in processing various input data sources, and good 

gencra lization to new data. To avoid over fin ing, they may nced a lot of data and can be 

computationally chanengi ng to train . 
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Modcl cva lu at ion: A distinct set of tex t documents is used to tcst thc cffi cacy f thc 

trai ned model in predicting sentimcnt. A fcw cxamp lcs of eva luat ion fll ctri cs [l rc the 

ROC curve, F I-score, recall, accuracy, :md prccision, 

The classification of freshl y written materi al illlo ei ther positi ve or ncg:\live cmotions cnn 

be done using a l1l[lchine lc:mling [lppronch after it hus been trained and cvnluatcd. As thc 

technique learns to underswnd the pallems and interactions bctwccn the datu and the 

sentiment labels, one benefit of a machine learning-based method is that it can record the 

convoluted and dependent upon-contex t nature of sentiment. Il owever, this method 

needs a lot of labeled training data, and it could stnf gglc: with topics or dialects thnt arc 

qui te dissim il ar to the trai ning da ta. 

Deep le:lnling: is a branch of machine 1caruing that makes usc of deep ncura l networks 

fo r data-dri ven Icarning. Dcep neural networks, which havc scvcral hidden laycrs, nrc 

neun,l networks that can recognizc more intri cntc patl ems and connections in data , Deep 

learn ing has proven to be rcmarkably effecti ve in a vuri ety of II pplicati ons, ineludin g 

spccch recognition , visual processing, natural languagc processing. and gamin g, For 

insta nce, :Idv<tnccs in picture classifi cation, Object recogni tion, and image scgmcn tation 

exerciscs have been madc poss ible by dc.:cp lenrni ng. It has al so been used to develop 

mode ls of language that can generatc tcxt that sounds nalUra l and speech rceognition 

so ft ware that precisel y records spokcn words, 

Large volumcs of labcled data are oftcn uscd for tTamms deep learning modc ls, and 

methods based on gradi ents, likc stochastic gradicnt descent , arc used for optimization , 

To reduce a loss function, which calcul ntcs the gnp between the anticipated output and 

the actual output, the neura l network's weightS and biases arc adjusted during the tra mll1g 

phase. 

Convohuional neural nctworks (CNNs) for procCSSIIlS nnnges, RNNs (recurrent neura l 
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networks) for consecutive processi ng of datu, and networla of transfonncrs for natural 

language processing are some examples of popular deep learmng archllecture. In their 

respective fi elds, these architectures arc very success ful ( hen et al ,. 2021). Deep 

le3ming has also sparked the creation of cultlllg-cdge methods like remforcement 

learni ll g (RL) for teaching agents how to make decisions in complex SlIuatlons and 

generati ve adversarial networks (GANs) for producing realistiC image , 

Recurrent neura l networks (RNNs): This paniculnr neural network architecture WIIS 

created with processing sequell tial data in mind. RNNs preserve II hidden s ta te that cnn 

store knowledge about e .. rlier inputs ill th e sequencc, in contrust to fced· forward neurnl 

networks which analyzc input data in a single pass (Oagehi, 2022), Natu ral language 

process ing, audio ident ifi cation and time series predi ction arc just II few of the sequential 

dnta-rela ted appl icati ons where RN Ns have demonstrnted outstanding pcrfonnancc, They 

arc part icula rly e ffecti ve for jobs involving variable-length sequcnces becausc the hidden 

s tate may adjust to the input's length. 

1\ recurrent layer, that analYl.es the init ial information consecut ivcly and keeps an 

unnoticed state that changes at each time step. is the fundamental compo nent o f an R N. 

1\ non-linear activation fUllet ion, such as the hyperbolic tangen t or the corrected linear 

unit (ReLU), is commonly lIsed to pass the hidden SUIte through. TILe ultimate hidden 

St:ltc or the s tate that is invisible at every s tep in the l)fOCCSS can be used to calcu late the 

RNN's ou tput. 

The 10l1 g short-tcrm memory (LSTM) nctwork is a populur v:Lriation o f the standard 

RNN architecture that was created to dea l with the van ishing gradient problem that can 

arise during the training of deep RN s. The LSTM network employs n memory cc ll with 

long-term information storage capacity and three gates to regu late data now through and 

out of the cell. 

The gated recurrent unit (G RU), a different form that is comparable to the LSTM but 

cmploys fewer specifications and is theoret ically more effective, is another option. 

Creating a loss function that eva luatcs the dL~crcp:mey between the output that IS 

predicted and the actual output is a common step In traLllms an R r . 

Gradient descent is then lIsed to opti nllze the network's parameters , The network 

parametcrs' gradients of the loss function afe calculated USIIlS the back propagation 

algorithm, :lIld thesc grndi ents arc then utilized to alter the seulIlgs LI1 a way that 

min im izes the loss. 

R Ns arc a poten l and adaptable kind of neurnl network which can Identify IIltricatc 
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links and pattems in sequent ial data . They arc hi ghl y suited for a varicty ofopplicotions 

in t ime series analys is, speech recogn iti on, and natural langua gc processing due to thcir 

capacity to represent the temporal changes of a sequencc . 

1..0 11 1; Sho rt-Term Memory (LSTM): a spccific type of recurrent neuml nctwork 

(RNN) ereatcd to deal with the issue of vanishing gradient3 that COil happen during the 

train ing of decp RNNs. Thrcc gatcs that regulate the fl ow of data through and OUI of Ihe 

memory ccll urc used in LSTM networks together with a cell of memory Ihut CIIll retuin 

data for ex tcnded periods. The entry gale, the forget g:nc, and the outcome gate arc the 

three gates of un LSTM network. These gates control lhc inform:lIion now ;111 0 and out 

of the storage cell , enabl ing the LSTM to precisely retai n and access in formation as 

necessary (Yang et al., 202 1). 

Il ow much fresh data should be inSCr1ed into the memory cell is decided by the input 

gate. It processes the prior hidden stale and the current input via a sigmoid acti va tion 

function to yield a number betwecn 0 and I. The amount of fresh dat:! thai has to be 

stored in the mcrnory ce ll is indicated by thi s v:ll ue. Which data shou ld be removed from 

the memory cel l is decided by the forget ga le. It processes the prior hidden state and the 

current input through a sigmoid activati on function to yield a number betwecn 0 lind I. 

The amoullt o f data that should bc removed from th e Illemory ce ll is represented by th is 

va lue. Whi ch information to be output from the mcmory cell is decided by the output 

gate. II accepts as input the present input , the prior concell led state, the present values of 

the memory cel l, and the curren t input. 

To generatc a number betwecn -1 and I, th ese values arc put via sigmoi d and hyperbolic 

tun gent activation functi ons. The outpUI of th e LSTM al the ClllTcnt time step is 

represented by thi s number. Accordi ng to the results of the input gate, forge t gate, 

CUITent input , and prior concealed state, the storagc cell is updated . The prior contcnts of 

the memory cell and the incoming input arc combined linearly and graded via the gate 

for input and forget gate, respectively, to detcrminc the mosl recent contents of Ihe 

memory cell. Man y difTcrent appl icati ons, including spcech recogni tion , image 

captioning, and natural lan guage processing, benefit greatly from the usc of LSTr"1 

networks. They arc hi ghl y suited to activities involving long-term dependencies due to 

the ir capacit y to deliberately kecp and retrieve data over cx tended periods. 
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Figure 1: Architecture oJLSTM (rang ef ul , 1011) 

Bidi rccti oll :d Long Short-T er m Memory (Bi-LSTM): is:\ kind of LSTM network that 

employs backward and forward processing of the input sequence. Oi-LSTMs work we ll 

for tasks like sent iment analysis or named entity recogni tion that need 11 gr.:tSp of Ihe 

contex t of a word or phrase within a sentence or paragra ph. In a Bi-I TM network, a 

forward LSTM layer processes th e input sequence fi rs t, processing it from the fi rst input 

\0 the last input in a forward direction . 

/\ backw.ud LSTM layer receives the output of the forward LSTM layer and processes 

the sequence from the final in put \0 the first input in the opposite way ( houdhary c i al. , 

2022). A final output sequencc that includes data from each of the forward and backward 

con tex ts is crcated by concatcnating the output frolll the forward and backward LSTM 

layers. Due to its abil ity to rccord int erdependence in both directions, the lli-LSTtvl can 

now have a morc thorough knowledge of th e circumstances in which a word or phrase is 

used. 

A second LSTM layer capable of processing the pal1em in the opposite direction is added 

to the regu lar LSTM's design to create a Bi ·LSTM. E.1ch LST 1 layer has its memory 

ccll and gates, and th e final output sequence is created by concatenating thc output frol11 

both laycrs. Bi.LSTMs arc effective for many different NLP applications, including 

sentimcn t analysis, spcech recognition, and machine Inlllsiation. Given that they can 

rccol'd interconnections in every direction and gi\'e Ii morc thorough knowledge of the 

input scquence, Ihey arc especia ll y hclpful in jobs whcre context is .:rucia1. 
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Convolutional Nellnll Networks (CNNs): have emerged as n powerful 1001 for 

sentimen t ana lysis in tex t post comments . Originully developed for IInnge recognition 

tasks, CNNs 11<Ivc shown great potell tial in 3nal)7ing tex tual daHl. due to their abili ty to 

capture local patterns and hierarchica l fea tures. [n th e contex t of senliment llnalys is, 

Ns can errective ly identify and extract relevant features fr In Ihe tex t, such as words, 

phr:lsCS, or even sentiment-spec ifi c patterns, by applyi ng convolut ional filt ers across 

diffe rent parts of the inpul. This allows the model to lcam discriminuli\'c rcprcscnullions 

that capture the sentiment information with in the comments. Oy combining these Icamcd 

feiltures with subsequent layers, such as pooling ,lI1d fu lly connected laycrs. 

CNNs can effecti vc ly class ify the sCliti mcnt of tex t pOSI commcntS. cnabling app! icntions 

in areas like social media analysis, customer feedb:tck processing, and market sentiment 

tracking. The adaptabili ty o f CNNs, coupled with th ei r ability to Butomat ieall y leanl 

mean ing ful rcpresentations, make them II valuable tool ill senti mcn t analysis tasks, 

improv ing our understanding o f people's opinions and cmotions ex pressed in the text 

(W:mgpoonsarp el aI., 2020). 

0... __ .......... ------.-.... ------

~­
"~-----

-------
Fig 'lI'e~: eonl'ol'ltionul Neural Netll'o,A. (eVil') ",odelfor lut dussificlJllon ( lI'angpoonsarp tl ai , 1010) 
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2.1.2. Word Represenl:.3tions 

Using the word embedding technique , words can be represented as \ eel rs of numbers In 

II high-dimensional space in natural language proccssmg (N I..P). The goal of word 

embedding is to capture the grnmrnalical and SynlllCIIC rc1l1llonslllp between words In a 

languoge; it can then be applied to enhonce the efTectlveness of vanOllS N Jl :asks like 

sentiment ana lysis, language translation, and text categorization. ( amach(K:oliados & 

Pilchvar, 2020). When learning a relation across every word on the collection 10 a vector 

in llI l ongoing high-dimensional splice, word embedding (Ilgorithms onen SIan wi th a 

huge corpus of text drlta as their input. Similar Icnns lIrC assigned to similar vectors in 

the embedding space, and the resulting vectors arc mllde to eneode scmont ic Ilssoc ialiolls 

bctwcen words. 

The veetors for "king" and "queen" should , for instance, be closer together than lhose for 

"king" and "applc" in a wc ll-trained word embcddll1g. nlcre nre scvernl populnr 

algorithms for generating word cmbcddings, sueh :IS Word2Vee, GloVe:. lind fustText. 

Once a word embedding has been trained. it can be used as a featurc repreSentallOn ~ r 

downstream NLP tasks, either by using the word vectors directly or by feedll1g them as 

input to a machi ne- leami ng model (Sc ienec, 202 1). 

2. 1.2.1.A,Jl1roacllCs Lo word embeddillg 

In processing natura l languagc (NLP) , word clllbcddings can bc approached in various 

ways, such as: 

2: 1.2.1.1 . Count-basc rllll cthods 

Thcse techniques work by counting the times words appear togelhcr in Il huge body of 

tex!. The term frequency-i nverse doelLment frequency (TF-IOF) wcighting scheme, 

which provides more weight to words th:1I arc more inforrnall vc Ilnd less comlllon in the 

corpus, is the most oncn used count-basco strategy. Latcnt Semantic AnalyS IS (LSA) and 

Il yperspace Analogue \0 Language (IIAL) are twO funher count -based techniques. 

Te l'll! frequ ency- invcrsc doc ulll cnl frequ eucy (TF- IO F): IS Ii metnc lhat quanufics the 

weight givcn to a tcnn in a corpus or document Each phrase 111 a plcce of \\Titll1g or 

corpus is given a score dependi ng on how frequcntl y It appears and how rclevant 1\ is 10 

the corpus as a whole (Science, 2021). The fundamental tenet ofTF-!I)F IS that 3 lenn 

that frequentl y appears in a document but is unCOlllmon throughout the corpus has 

greater significance than a tenn that frequently appears everywhere III the document and 

the corpus. As a result, TF-II)F gives phrases that are comll1on III a document but 

uncommon across the board a high weight (Jnhh fa rd ct al ., 202 1). TIlc tenn frequency 
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(TF), a measure of how frequendy the tenn shows up in the document, and the Inverse 

frequency of the document (IDF), which represents how important the phrase is over the 

entire corpus, are combined to provide the TF· IDF score for a tenn in a document. The 

fonnula for TF·IDF is TF· ID F - TF • IDF, where TF - log (Iolal number of 

documents/number of documents with a teml in it) and ·!DF - (number of time lenn 

appears in document) I (total number of tenllS in the document). The TF· IOF is 

frequent ly cmploycd for infonnation retricvi ng, dllta mining. and nnlu ml langunge 

processing to class ify documents based on their content, mnk the value of documents to a 

query, and extract key phrases from a corpus. 

Latent Sem:ll1ti c Analysis (LSA): is a technique used in the process ing f natural 

languages to examine the relationships between a group of fi les nnd th e words Ihey 

contain . Based on the connect ions between words and texts. it is a mathematical 

approach for encoding mean ing. LSA works by constructing a matrix of word 

frequenc ies across all the doculllents in a corpus. This matrix is then decomposed inlO a 

set of sma ller matri ces tlwt represent the underlying patterns or Mlatellt" relationshi ps 

between the words and documents. These patterns arc referred 10 as "latent semantic 

factors", The hi gh.dimensional word frequency matrix is converted into a lowcr· 

dimensional space using a technique called LSA. 

This makes it poss ible to spot patterns and connections alllong words and fil es that 

would not have been obviolLs in the original high-dimensional space. LSA can be used 

for a range of app lications, such as document elussirieation and in formation retrieval , nud 

automatic summarization. In information retrieval, LSA can be used to improve scarch 

result s by identifying documents that arc semantica lly re lated to a qu ery, even if they do 

not conta in the sallle keywords. In document classi fi cation, based on the underl ying 

semantic stlll clure of the texts, LSA can be used to group th e documents, In automatic 

SlLmmary. LSA can be used to identify the most imponant sentences in u document based 

on thei r semantic content LSA is a powerful technique for analyzing and extracti ng 

meanin g from large collect ions oftexi data. 

The Hyp el's pace An:ll ogue to L:lIIgu:lt.;e (HAL): is a natural language proccssmg 

technique developed by $tuan C. Shapiro in the 1980s. 1IAL IS a knowledge 

representation technique that represents the meanings of words and phmscs based on the 

con tex ts in which they appear, The method is pred icated on the notion thai a word's 

meaning is connected 10 the words that frequenll y appear in slIlHl ar settings to It. To 

build a semanti c network in II AL that illustmles the rciatlonslHps between words, a 
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sizable corpus ofu::x t is procCS5(:d Each \\.l>rd I rcprt"kntcd u • \ CC1or of eo-occurrcncc 

mtC5 wllh other ternlS In the corpw: to crcII(: the nct\\. A collection of clUJlen 

representing various semanti c domainS IS produccd when the \CC10f1 are grouped 

,ccordlllg to their commonalities HAL can be used ~ r I number of the prOC Ing of 

natuml lnnguages, such as infon,ul1lon retneval, ICXI c:uegonlluon, Ind tc"a produ lion, 

once n scmanlic network hus been bUill. 

In infonnalion retri eva l, II AL enn be used to find documenu thlt IIrc cmlliltiully Id llied 

10 n query. evcn if thcy do nOI cOllin III the same keywor In lext cia. lfi :u.on. II AL 

can be used 10 classify documentS based on thclr underlylll8 sc mBnll e Ollleni U'1Il8 the 

con neclions amongst words in the cm:mlle network, HAL Can be u cd to generate new 

lex t. IIA [ .. is :UI effecl ive method for rcprcsell tlllg phmst! nnd words based on the 

settings in which they arc used. It is effective II cnpttlrllig Ihe U IletlCJ of langullge u e 

and hilS been employed in Illany nntuml lnnguage proc 1Il83Pp1l 3110n 

2. 1.2. 1.2. I'rcdi c(lo ll-bascd IIIclholis 

These tcchniques work by learning a model to alltLclp'lIC 3 word', contex t from liS 

surrou nding termS. Thc most wcl l· knowl1 prediction-based leehnlque 15 WordlVec. 

which forccasls the sell ing of a wOfd-b:lsed N and the word around II USIIl" • 'hallo\\ 

Ilcuml nelwork . The Glob:l! Vectors for Word Keprescnl3110n ( loVe). nnOlher well · 

known prediction· based technique, cmploys IIltllrl)C faetorml11011 to dc\elop word 

embedding based on Ihe eo·oecurrenec stat lSlies of words ( 31l13eho-eollados & 

Pilehvar, 2020). 

Wonl2Vcc: is a mclhod ofnaturallanguagc processlIIg used to leam word dLSlnbutlon~ 

based 011 the circumstances in which they nppear II IS n neural l1elwork·based stmtesy 

Ihnl Tomas Mikolov and his coworkers at Google IIItrodueed 111 2011 tlll7lng Ihe 

words thllt cOlllmonly appear III C0l1 te).15 thai arc comparable 10 II, one e&n use I rna sive 

corpus of litcmtu re to discover the vector representallon for each word. Word2Vcc U5CS 

lhe basic principle of word co-occurrence. This IS done by tnullIng I neural network 10 

predict the likelihood Ihal a word "III emerge 111 I ~pec l fie elfCUlllSllOCC Word 

cmbcddlllg5 arc the vector representallOns ere.Hed by the neural nct\\.Ofk once It \\b 

traliled on a sigmficant corpus of texi 

Word2Vec pnmanly uses the Contlnuou Blg-of·Woros (C80\\ ') model and the S),.IP~ 

Gram model. The Skip-Gram model forcclblS the other conte I \\.Of Kcordmg 10 thc 

current w rd, whcreas the BOW model predlcls the \\.ant It h.&nd dcpc:ndmg on the 

adjacent eonlext words . It IS learned by bolh model wt \\ords h.a\C \cctor 
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representat ions thdt preserve their grammatical and semantic connections to other 

phrascs in thc corpus. In language processing applications like te"t categorization, 

rctri cval of data, and machine translation, the generated word embcddmg5 are frequentl y 

employed as features. Word2Vee has been utilized in a wide range of applications and is 

sllccess fu l at catchi ng the underlying semantic links between words. Word2Vec is a 

potent method fo r learning word representations that nrc dispersed and capture Ihe 

semant ic and syntactic connections between terms in:1 corpus of te" t. 

G loba l Vectors fo r Word Representa tio n (G loVe): nl is method of word embedding 

leaming in natural language processi ng captures the two Iypes of synloctic and semantic 

links bctwecn words. Ex perts at Stanfo rd Universi ty introduced GloVe in 20 14. The 

foundation of GloVe, like Word2Vec, is the concept of aC(luiri ng vector ill ustrations for 

words according to their inlel""".1c tion statistics in II signilicnnt corpus of literature. 

Contrary to Word2Vcc, which employs a neura l network strategy, GloVe makes usc ofa 

ma trix f:l ctorization techn ique. GloVe's fundamental premise is to generate a vector 

illustration for every word in an archive based on the odds that those words will appear 

together. To create a co-occurrence matri" , the co-occurrence probability is calculated 

usi ng a window of words around the target tenn. The word embedd ing is lhen obtaincd 

by factorizing the co-occurrence matrix lIsi ng :1 low-rank approximation. 

GloVc's goal is to record word contex t on a global scal e rather than a local one. This 

indicn tes that the method learns word embeddinss by considering the fu ll corpus of tcxt 

rat her than simply considering the local selli llS of each word. Becllusc of this, GloVc can 

capture more complex word sem:lI1ti e associmions than Word 2Vec. alur:l l languagc 

processing activities incl udi ng lext categori zati on. retrieva l of information, and machine 

lransl:lti on frequentl y employ the outcome of word embedding as a feature. GloVe has 

been uti lized in a wide range of appl icmions because it is efTective at catching the 

fundamental semantic and syntactic links between words. TIle gloVe is an efTectivc 

method for learnin g word vector representations that capture their ovcrall semantic and 

syntactic associat ions with other phrascs in a corpus of text. 

2. 1.2.1.3. Hybrid methods 

These met hods combine count- based and prediction-based approaches to word 

embeddi ng. For example, fast Text is a hybrid method that extends Word2Vec by using 

character-lcvel n-grams to capture the morphology of words in addllion to their context. 

Fast Text : is a lightweight, open-source library that m lly be used 10 conduct text 

e:llegori 7..ation tasks and learn word embeddi ngs. It was de\eloped by Facebook AI 
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Research in 20 16 as an extension of the WordlVcc algorithm. Fast Text and WordlVec 

diffcr primaril y in that Fast Tex t also trai ns sub-word representation as well as word 

represcntations. Fast Text treats each word as being composed of character n-grams. 

Thus, the character n-gram sum represents the vector fo r a word. ConSider the Icnn 

vector " tt'1/)" is produced by multiplying the vectors of the n-grams. tn , tt'Jf'I,1/). Is lhe 

outcome of adding the vectors of the n-grams. Additionally, Fast Text anucipatc vectors 

for words that arc not in its train ing set based on its character n-grams . Glove and 

Word2vec, in cOlltrast, trcat unseen words as out-o f-vocubulary terms. 

The fast Tex t li brary includes several pre-trained models fo r va riO lLS lan guages, as we ll 

as lools fo r trai ning custom models 0 11 use r-del1ned corpora . In addition to Ic:mli ng word 

em bedding, fast Text can be util ized for tasks reluted to lex t class ification including topic 

categorization and sellti ment analysis. The library uses simple ncural network 

architecture with a soOmax class ifier, wh ich clln bc trai ncd using either supcrvi sed or 

unsupervi sed learn ing techniques. Fast Tex t is u use ful tool for NLP researchers and 

practiti oners who want to perfonll word embedding and tex t classil1catioll tasks quick ly 

and with high accuracy. 

2. t .3. Opti mi zcrs 

An optimizer in machine lellmi ng is an :llgorithl11 Ihnt modifi es 11 model's weights and 

biases during trai ning to reduce thc di ffcrence bcl\vccn expecled and aCllial results. 

Ilerc (,re some pop fllur optimi1.ers " sed itt deep Icuming: 

C nHli ent descent : is a typical oplirni1.aliontechniquc used in deep leamin g li nd maehinc 

lea rnin g. Duri ng train ing, it is utili zed to updatc a model's parameters to reduce a loss 

function (Zhang ct aI., 202 1). By eSlim:lting th e gradi ent of thc loss function for each 

parameter and shi fting the parameters in Ihe reverse direct ion of the gradien t, the primary 

principle behind gradient descent is to iterati vely lTlodify the weights and biases of a 

model. This causes the loss to decrease. The following fonnulatlon represcnts the 

gradient descent update ml e: thcta is equa l to theta - alpha· d d. Theta stands for the 

model's weights or biases, al pha for the learning rate that regulates the update step size, L 

for the loss function and dUd (theta) for the gradient of the loss for the parameters. 

There (fI'e ,!tree 'Jpes ()/gl'tulielll IlesCi!tt l afgoril/lml': 

I. Bat ch g r:ldi ent descent : This method In\'olves tnunlng the model once on the 

full dataset. The weights arc adJlIsted once every epoch, and the gradlcnt of 

Ihe loss for the parameters is calculated for the entire dataset 
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2. Stochastic gradient desce nt (SCI»: This mcthod involves training the model 

on just onc training event at a time. Following each example, the weights are 

revised according to the gradient of the loss for the associnted parameters. 

3. Mini-batch gradi ent descent : This method involvcs training the model on 

small groups of trai ning instances. Following cach batch, the weights arc 

revised per the gradient of the loss for the batch's parameters. 

Due to its e fficacy and simplicity, gradien t descent is (Ill oncll-used opt imi7.ation process. 

Howevcr, it has certain drawbacks, includ ing the potenti:11 to become trapped in loca l 

min ima and the requirement to carefully se lect the rate of leaming to IIvoid convergence 

problems. 

Stochastic G radient Descent (SCD): an itcrative opti miziltion procedurc uscd to 

increase the target outcome of a machine Icaming model or minimize the cost function. It 

is freq uently employed in the training of deep learning models, including neura l 

networks (Mehta & Pandya, 2020). The primary idea behind SGD is to modify the model 

parameters by taking gmdually in the direction of the cost function's neglltive gradient 

using a random ly selected fraction of the Icaming data 3t each iteration. By not ulili2ing 

the comp lete training sct during each it cration. thc al)proach is morc effectivc than 

traditional gradient descent. 

The SGD algorithm is composed of the following steps: Initializ.e the model's parameters 

wi th random values. Select a random mini -batch, also referred to as a portion of the 

training data. Find the gradi cnts of thc cost function for thc model pammctcrs using the 

mini-batch. Move a lillY amoun t in the preferred direction of the cost function'S negati ve 

gradient to adj ust the model's parameters. Un til convergence is obta ined or for a certai n 

amount of repeti ti ons, steps should bc repeated. SGD is hclpfu l when working with hugc 

datasets or modcls with nUlllcrous par.1Il1cters since it can convcrge more quick ly titan 

other opt imization strategies. It may, howevcr, be hypersensitive to the mini-batch sizc 

and Icarning ratc. To addrcss some of SGD's drawbacks, scvera l enhanecmcnts, 

including momcntum and adj ustable training rates. havc been proposed_ 

Adam (Adaplh'e Moment Estim at ion): ulxiatcs the paramcter valucs of neural network 

models throughout training using an optimization teehniquc. It IS :1 well-known 

modification of the stochastic gradient oescent (SGD) algorithm that accelerates 

convergence by adding momcntum and adaptive learning rates (Lino et aI., 2022). To 

adjust the tra inin g rate for each weight, Ad:ml retains an exponentl:tlly dcchnmg average ' 

of earl ier gradi ents and earl ier squared gradients . Adam may modIfy the slep size for 
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each weight based on the gradiellt's .itrcngth thank to the adaptive learning rate, 

allowing for faster convergcnce and improved perfomlance compared to tnldit ional 

SGO. Adam has become a popular optimization algorithm due to its ability to handle 

sparse gradients and adaplive learni ng rates. 

Ad:lgrad (Adaptive Gradie nt Algorithm): is a machine learn ing technique that updates 

a model's parameters while il is being trai ned. olllparabJe to stochastic gradient descent . 

Adagmd mod ifies the acquisition rate for ellch p:.rameter following the previous 

gradi ents, which can enhance convcrgence (Zhang el aI., 202 1). Adagrad's mai n principle 

is to vary the rale of Jearning for cllch panlll1cter in a mllnner that is invcrsely 

proportional to the total number of squarcd gradients for that fenture. As a result, 

parameters with lower gradients wi ll h;.ve higher learni ng rates than those with bigger 

gradients, which can aid in acce lerating convergence :lIld preventing oscilll1liolls. 

Adagrad perfonns well with lillie information. where some input anributes could be 

slwradic. Adagrad can, however, bui ld up gradients over time and reduce the successfu l 

retention rate, making it chall engi ng to make significant parnmeter modificlltions after 

the tra in ing phase. Other adapti ve optim iz:ll ion methods. includi ng RMSprop and Adam. 

have been created to overcome this problem. 

Ri\1Spt·op (Root Mean Squ:lre PI'ofla ~a lioll ): is II well -liked optimization method for 

gradi ent-based optimization of a neura l network's parameters in machine leami ng. It is II 

rnodifieil ti on of tbe stoc hastic gradi ellt descellt (SGD) technique, which modifies the 

network weights based on the gradient of the weights' loss fUllction (Til1n el ilL, 2023). 

The fun damental principle of RM Sprop is to modify the acqu isition pace fo r each weight 

parameter according to the strength of the gradients observed thus far during trainin g. To 

ach ieve this adaptation, di vide the learning rate by Ihe average va lue of the squared 

gradi ents, whi ch decays exponenti ally. 

The leami ng ra te is changed to beller match each weight's behavior using the squared 

gradient, which is a measurement of how much the gradient differs for n speci fi c we ight. 

For non-convex optimization issues where thc objective function could have numerous 

loe:.1 minima , RMSprop is highly effective. Rt\'ISprop can move more quickly lind 

effecti vely across the space of paramcters and converge to a satisfactory solution by 

changi ng the rate at wh ich it leams for each weight. Rl\1 Sprop IS frequent ly the dcfault 

optimiza tion techn ique for many neural network designs and has been widely employed 

in deep leami ng applications. 
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2.2. Re lated Work 

2.2. 1. Sentiment Analysis fo r foreign la nguage 

The paper titled "Eva lu:uing pre-trained word embeddmg and neural network 

architectures for sentiment analysis in Spanish linancial tweeLS" was presented to lhe 

3udicIJCC at the Mexican Internationa l Conference on Artificia l hHclligcncc (A rouri & 

Sayyafzadch, 2022). The authors, J. A. Garcia-Dial. O. Apolillilrio-Anubc, and R. 

Valencia-Garcia, aimed to explore the effectiveness of pre-trained word embedding and 

neural network architectures for sentiment analysis of Spanish fin rlOcial tweeLS. The 

paper eva luated three different pre-trained word crnbcddings, namely Word2Vcc, loVc, 

and Fast Text, along with three differellt neural network arch it ectures, namely 

Convolutiona l Neural Networks (CNN), Long Sholl -Term Memory (LSTM). nnd 

Bidirect io nal LSTM (Bi-LSTM). 

The authors used a dataset of 4,000 tweets related to the Mexi can stock markel. which 

werc annotated w ith sentiment labels (positive, lIeg:ltivc. or nculral) by hurIHIIl 

annotators. Onley then trained and tested various modcls using dilTerent combina tions o f 

pre-train cd word embcddings and neural network architcctures. and cvaluated their 

performance using metri cs sllch as accuracy, precision, rec:lll , and F I-score. nle findin gs 

reve:.l ed that the Fast Tex t embedding r erfomlcd tlte best among the three pre-trained 

cmbeddings. while thc Bi-LSTM architccture outperformed the other two architectures. 

The au thors also discovered thai lhe models' effectivcness varicd :Iccording to the 

scntiment class, with thc neutra l elass being the most chall cnging 10 classi fy accuratcly. 

The paper prov ides useful insights into the etTectivcness of prc- trained word cmbcdd ings 

and neura l network architectures for scnt imcnt analysis in Spnnish financial tweets and 

highlight s thc importancc o f selecting appropriate models for different tasks and datasets . 

The anicle titlcd "Deep Bidirectional LSTM letwork Lcaming- Based Sentiment 

Ana lysis for Arabic Tcxt" was publishcd in thc Journal of Intell igent Systems in January 

202 1. The authors of the article arc H. Elfa ik and E. II . Ifaoui (Liao et al. . 2022). The 

at1icle prcscnts a sentiment analysis approach for Ambie text using a deep bidirectional 

LSTM nctwork. The tcchniquc o f finding and classifying the sentiment expressed in a 

text, such as positive, ncgative, or ncutral , is known as scntimcnt analYSIS. 

The proposed approach utili zcs dccp lcaming techniques to accurately classify Arabic 

text into these senti mcnt catcgories. nle authors fi rst preprocess the ArabIC text by 

removing stop words, stclllming, and tokcn izing thc text. They then use a deep 

bid irecti onal LSTM network to learn the featurcs of the tcxt and classi fy It IIl IO one of the 
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three sentiment categories . On two Arabic datasets. the suggested method IS tested and 

found to have high sentiment class ifi cation accuracy, 

Thc article concludcs that the proposcd approach can effcctivel y perfonn sentiment 

analysis on Arabi c text, th is has a variety of uses, includ ing socia l media moni toring and 

analyzing cl ient feedback, an:! opinion mining. This art ic le describes a deep 1enmi ng· 

bascd approach for scntiment analysis of Roman Urdu tex l. The author used data from 

10,000 Roman Urdu tweets for tra in ing their model. which consisted of a convolut ional 

neura l network (CNN) and a recurrcnt ncural nctwork (RNN) with long shorH enn 

mcmory (LSTM) uni ts (Mustapha ct al. , 202 1). Thc stop words wcrc first takcn Ollt of 

thc text data and appl ied to the stern by the writers. They then convened the text into a 

nu mcrical rcpresentati on using a word cmbedding technique ca11ed Word2Vec. 

The CNN was util ized to pu 11 fca tures out oflhc tex t, whi le the RNN with LSTM uni ts 

was lIsed to capturc the tcmporal rel ationships between words. The accuracy. precision, 

recall, and F I· score were some of the common mctrics uscd by thc authors to assess thc 

perfonllance of thei r model. 

The outcomes demonstrated that their strategy. which was based on deep learnin g. beat 

scvcral other machine learn ing tcchniques frequcntl y cmploycd for sentimcnt ~ma l ysis, 

achicving an accuracy of 81.2%. This arliclc dcmonSlmtes the efficacy of deep learni ng 

tcchniques for sentimcnt analysis of Roman Urdu ICXI. Thcse tcchniqucs can be used in 

rca l. world scu ings like socia l mcdia moni toring and cuStomcr feedback analysis. This 

artic lc prcscnts a sharcd Convolut ional Neura l Nctwork (CNN) and Long Short-Tcnn 

Memory (LSTM) approach for opin ion mini ng in Arabic language text. 

The authors used a dataset of on line rcviews in the Arnbi e 1:lIlguagc ror trai ning li nd 

tcsting thei r modcl (Garcia-Din ct al., 2023). First , thc authors uscd stem ming and 

normalization algorithms to rcmove SlOP words and punctuation from the text data, They 

then represented the text using Word2Vee cmbcdding and fed il to a combina tion of 

CNN and LSTM laycrs to ex tract fealUrcs and capture tcmporal reituionships. The 

accuracy, prccision, rccall, and FI·score werc some of the common I1lctrics used by the 

authors to asscss thc pcrfonnancc of their model. 

Thc findi ngs demonstratcd that their joint CN '·LST ·1 appro.1ch outpcrfonned several 

olhcr machinc lcarning and dccp Icarning algori thms comlllonly used for opmion mining 

in Arabic language tcxt. In a comparative analysis of scvcrnl fea ture cxtrnctlon methods 

and model architccturcs, thc authors dcmonstrated Ihat thcl r suggcstcd combm31'10n 

CNN. LSTM model outpcrfonncd thcm al l. Finall y, the authors discussed the practica l 
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app lications of their approach in areas such 8S market research. cilcnt input ana ly is. and 

social media analysis. This articlc demonstrates the effectiveness of combining C and 

LSTM mode ls for opinion mining in Arabic language texl, which can have important 

appli cations in va rious domains where the Ambic langu[tge is used. 

TIle par.er "Sentiment Analysis on Bangia Tex t uJing Long hort-Tenn Memory 

(LSTM) recurrent neural network" was publi shed in the Trends in omputing and 

Cognitive Engineering: Presentations of the International Conference in 202 1 (A hmcd & 

Yousuf, 202 1). The paper was edited by M.S. Kaiser, A. Bandyopadhyay. M. Mahmud , 

and K. Ray and was publi shed in Advances in Intell igent Systems and ol11pu ting. vol. 

1309, by Springer, Singapore. 

The paper describes the usc o f a Long Sh0l1-Term Mcmory (LSTM) recurrent neural 

network for sentiment analysis on Dangl:. tcxt. The authors have used a dataset of Bangia 

movie reviews to train and test their model. The LSTM model has been realized using 

the Keras deep learn ing framework with TensorFlow liS thc backcnd. The :Iuthors have 

evalu:ned the performance of the LSTM model lIsing various metrics. such as accuracy, 

prccision, recall, and Fl-scorc. 

The expcrimenta l results show that the proposed LSTM model outperforms other statc­

o f-the-art mach inc lcnming nlgori thms in terms o f accuracy and F I score. Th is p:tl)Cr 

con tributes to the growi ng body o f literature on selltill1CIll analysis in non-English 

languages, speci fically Bangia. The suggcsted LSTM model has the potentin l to be 

real isti c to other non-Engli sh languages as well , which cou ld havc important implications 

for naturallallguage processing tasks in multilingual contex ts. 

2.2.2. Sentiment Analys is for Amha ri c 

A paper titlcd "Exploring Amlll1ric Sentiment Analysis frolll Social Media Texts: 

Building Annotation Tools and Classifi cation Modc ls." authored by S. Yimalll, II. 

Alemayehu, and U. Hamburg. The paper was published in the proceedings of the 2020 

IEEE International Conference on Big Data (Dig Data). and it appcared on pages 1048-

1060 (yima lll et aI., 2021). In this paper, the au thors explore sentiment ana lysis in 

Amharic social media texts. Specifically. they devclop annotation tools for creating a 

man ually labeled dataset of Amharic socinl media texts and use this dataset to lmin and 

eval uate differen t classification models, includ ing VM, Random Forest, and Naive 

lJayes. 

The authors also test several feature selection tcchniques and evaluate how well the 

models perform under various experimental circumstances. O\'ernll , thc paper presents a 
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comprehensive study on sentiment analysis in Amharic social maila texts and gives 

infonnation about the di fficulties and opponuni tics faemg thiS fi~ ld of research. llased 

on the title and infonnation provided. 

The Master s thesis by Y. Getachew focuses on ana lYZlllg sell1llllent 111 the Amharic 

language using deep leam:ng methods. Ethiopians speak the emitlc- language of 

Amharic, and The method of locating and calegori1ing the subjcctive viewpoints 

conveyed in the tex t is known as sentiment anulysis (Get:lehew, 20 19). In addi tion to a 

descri ption of the Amharic dialect and its distinctive features, the thesis most likely 

includes a survey or related research on emotion nnalysis ond deep learning. This study is 

based 0 11 inronllalion acquired rrom Facebook without regA rd to the domain, as we ll as 

comments a:ld replays that arc categorized as ravorable, negative, or neutm l. 800 

experimental annotated data sets arc used to cvn luate the model utilizing APls 

(Applicat ion Program Interraces) to retrieve annotated dAta. 

The ex periment's findi ngs demonstrate that the approach perfonns with 92% precision 

and 82% reca ll ror the positi vc class, 94% precision and 96% recall ror the nega tive 

class, and 90% recall and 90% precision for the neutra l class when determining opinion 

words. Overall, this Master's thesis may aid ill the creatIon or Amharic-language 

se ntimen t ana lys is tools that might be used in a variety or contexts, includ ing socia l 

media analysis, politics, and marketing. 

The unpub lished Master's thesis by S. Gebremeskels focuses on deve loping fl sentiment­

mining model ror opin ionated Amha ric tcx ts(To, 20 10). The thesis contains a study or 

rclevant works on sentiment evaluation and machine learning methods, as well as an 

overview or the Amharic langunge and its unique cllIInlcteristics. The author may have 

also coll ected and preprocessed a d.:ltasct or Amharic tex ts ror sentiment analysis and 

imp lemented a using machine-learning 31gorilhm to categori7C the mcssages' elllolions. 

The aut hor's model may have included reature extraction methods like word embedding 

or bag-of-words as well as classi fi cat ion algorithms like sUPI>ort vector machines or 

neura l networks. 

Metrics like precision, recall , and F I-score may have beell used to assess the model's 

perrorm anee. Th is master's thesis could aid in the creation or Amharic sentiment anal ysis 

too ls and show thai low-resource languages can successfu ll y employ machme-Ieammg 

approaches ror sentimcnt analysis. 

The Master's thesis by Sultan Ayita focuses on usmg deep lemnmg-based tcchnlques for 

sentiment analysis or short Amharic texIS ( ullan Ayita AA , 2022). The thesiS mcludcs 
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a survey of per-i nent an icles on emOlion ana lysis as wcll as deep learning. as ..... ell as an 

overvi ew of the Amharic language and its unique chamctenstlcs. 

The author may have also collected and preprocessed a dataset of Amharic short tex ts for 

sentiment analysis and implemented a deep leaming model to classi fy the scnlLmcnt of 

these texts. In this research, the researchers proposc.d to use supervised, semi -supervised. 

and unsupervised learning that automatically extracts sentiments from Amharic text. In 

addition, the resea rchers investigate the impllct of training datu size on sentiment una lys is 

for Amhari c text in all three leaming approaches. 

To eva lulIlc sen timent prediction on Amhari c text by deve loping II deep learni ng and 

clustering model , thc experi ment was carri ed out with a tota l of 20,597 Amharic tex tunl 

comments . The results rcveal that supervised learning with the Oi- LSTM al!;orithm 

outperforms CNN and LSTM algorithms with 69 % aeeur:ley; scmi - ul>crvi sed lcaming 

with the CNN algorith m gives 62% hi gher accuracy than LSTM and l3i -LSTM 

algorithms, and unsupervi sed leaming with the k-11leans algorithm gives 50% higher 

accuracy than an agglomerative algorithm. 

And also, the result shows the increase in training data size positi vely affects model 

accuracy for all three learning approaches in Amlmric texts. 11le advancemel1l of 

sen timent analys is techniques for the Amharic languugc, panicularl y for brie f tex ts like 

social media posts, may be aided by this master's thesis. It might also show that deep 

learning- based methods for analY-li ng sentiment in low-resource languages arc 

practi cable. 

The thesis work conducted by ZemeTlu MekOTlnen focuscs on scnt iment analysis in the 

context of Amharic language using a deep learning approach (Technology, 2022), 

speci fi cally at the aspect level. Sentiment analysis, also known as opinion mining, is a 

branch of natural language processing (NLP) that aims to extract subjectivc infonnation 

from text, enabling companies to bcner understand lhe socia l sentimcnt surrounding their 

brand, product, or service. 

The research conducted by Zemenll Mekonnen utiti7ed a dataset collected from the 

Amhara Media Corporation's official Facebook page. The researcher applied ,'anous data 

preprocessing techniq ues such as lokeni zation, stop word removal. handling cmojls, and 

punctuation, and eliminating non-Amharic texts. AddItionally, the rescarcher converted 

Engl ish-language comm ents to Amharic and employed comment exponer sofi"\\are to 

collect a dataset consisti ng of 10,000 eomlllents. To pcrfonn senllment analYSIS at the 

aspect level, the researcher ex pl ored different deep learning models, tnelttdtng 
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Convolutional Neural Networks (Cl'N). Long Short-Tenn Memory (LSTM). Il tbnd 

CNN with Gated Recurrent Units (GRU), and hybrid N with LSTM. These models 

were trained and evaluated to detennine their performance III eI.o.ssifYlIlg senllment at the 

aspect leve l. After conducting experiments and evuluating the models, the researcher 

fou nd that the Hybrid CNtJ with GRU approach yielded the best a curacy among the 

tested mode ls. Thi s hybrid model combines the strengths of NN and GRU. which 

contributed to its superior perfonlHUlce in sentiment analysis for Amhuric text. 

The research conducted by Zemenu Mekonnen fill s a gn p in the ex isti ng lil er:nure on 

Amha ric sentiment analysis, part icularl y at the aspect leve l. as we ll as utilizi ng It deep 

lea rn ing approach. This work provides vll luable insights for companies, such as Amho m 

Mcdia Corporation, by enabli ng them to quickly understand customer sentiments 

towards their selVices or products. The findings of this thesis enn contribute I improving 

customer sati sfaction and en hancin g business stmtegies based on cust mer feedback 

ana lysis. 

In the related works of Deep Leami ng for Amharic Sentiment Amllysis: In the ontcx t of 

Polit ical Discourse in Ethiopia ," several gaps were identified. Firstly. there was a lack of 

com prehensive datasets specifically tai lored for sent iment nnalysis in the Amhuric 

languugc, particularl y in the context of political discourse. Existing datnscts were either 

limited in size or focused on general scnt iment analysis, failing to capture the nuances 

and complex ities of political sentiments ex pressed in Amharic. 

Secondl y, the research on deep learning tcchni<lues for Amharic sent iment analysis was 

relatively scarcc, with few studi es cx ploring the appli cation of advanced models like 

recurrent neural networks (RNNs) or transformcr-based archi tectures. This limited 

understandin g of the effectiveness and suitability of different deep learning models for 

Amharic sentiment analysis. Lastly, the absence of standardized e"aluation metrics and 

benchmarks further hindered the progress ill thi s field, making it challengmg 10 comparc 

and assess the performance of di fferellt models and techniques. Addressing these gaps 

wou ld significantl y contribute to the de"elopment of accurote and rcllable sentlmenl 

analysis systems for polit ical discourse in Ethiopia. 
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Chapler Three 

3. Amharic Language 

In this chapler, we have explored the origins, chamelcristics. and chall cnges o f the 

Amharic language in sent iment ana lysis. From its roots in Ge'cz to its complex 

grammatical structure and unique wri ting system, Amhari c sl:lnds as a le51:1I11CI11 10 

Ethi opia's linguistic and cultural diversity. In Ihe following chupl ers. we wi ll delve 

deeper into specific aspects of the Janguage, including vocllbulury, grammar, and its role 

in Ethiopian society. 

3. 1. Background 

Am haric is an ancient Sem itic language that belongs to lhe Afro-Asimic langua ge fa mil y 

(Linguistics, 2010) . It is primaril y spoken in Elh iol)ia , where it serves as the official 

language and holds signifi cant cultunll and historical impo rtance. Amharic is 11 150 spoken 

by a considerable number of Eth iopians residing in neighboring countries and Ethi opian 

immi grant communities worldwide. The origins of Amharic can be traecd back to the 

Aksumi tc Empire, which flourished from the 1st to the 7th century E in the northenl 

regions o f present-day Ethiopia and Eritrea. Thc language developed and evolved, 

influenced by variOliS factors such as migrat ion, cu ltural imcmctiol1s, and politi cal 

changes wi thin the region. 

Amha ric's promin ence increased during the medieval period when it became the 

I;mguagc o f th e Ethiopian Empi re, which emerged in the 13th century an d cndu rcd for 

severa l centuries (Bender, 1968). The empire ex pandcd its territory, culture, and 

in fl uence, leading to the spread of Amharic across d ifferent regions of Elhiopia. Amhari c 

served as II unifying force, facilitat ing communication alllong di verse ethnic groups 

within th e empire. 

One of Ihe definin g features of Amha ric is its \\Tiling system. It employs n unique script 

known as Ge'ez o r Fidel. wh ich has its rOOIS in ancicnt South Arabian scripts . Gc'cz 

scri pt is written from len to right and consists of a set o f ch11'ncters representing 

consonant-vowel combinations. It has been adapted 10 write several other languages of 

Eth iop ia as wel l. Amharic has a rich literary tradition uult dates back many cenruries. It 

has been used as a medium for rel igious texIS. historica l chron icles, poetry, and other 

fo rms of creative express ion. NOlabl y, the Ethiopian Orthodox Tcwahedo Church. onc of 

the oldest Christian denominations in thc world. hilS played a slglllfieant role III 

presc[v in g and promoting the usc o f 1\ l11haric in reli gIOUS and cultuml contexts . 
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In reccnt times, Amharic has experienced further development and modem l'l.ation. II has 

adapted to accommodate new words and concepts from fie lds such as technology, 

sciencc, and politics. The language has also been innuenced by contact wilh olher 

languages, both regionall y and globally. 

Amharic is renowned for i:s unique grammatical structure and features. It is cl assified as 

an agglutinat ive lanl,ruage, where words arc formed by addin g prefixes, suffixes, and 

other morphemes to a root or stem. n le language exhibits It complex system of verb 

conjugati on and noun declension, with a vari ety of grammatical forms to indicate tense, 

aspect, mood, and gender. Today, Amhari c holds ~ I vita l position in Ethiopia's cultura l 

and lingui sti c landscape. It serves as a symbol of national ident ity. connecting Eth iopians 

from different regions and ethnic backgrounds. The language continues to evolve and 

adapt to meet the changing needs of its spe;lkers, while ;tlso preserving its rich historicnl 

and cultural heri tage. 

3.2. Linguistic Characteristics 

Amharic, as a language, exhibits scveral distinctive li nguistic characteristics that 

con tribute to its uniqueness withi n the Afro·Asiatic langunge fumily. lIere arc some 

notable linguistic features of Amharic (Aynlew, 20 13). 

3 .2.1. Phonetics and Phonology 

Amha ric has a ri ch inventory of consonant and \lowel sounds. It includes unique sounds 

sllch as emphatic consonan ts, which arc pronounced wi th a stronger II rticulation. Vowel 

length is phonemic in Amharic, meani ng that the duration of a vowel ca n ch.mge the 

meaning ofa word. 

3.2.2. Aggl utinative Nature 

The words i~ the agglutinative language Amharic arc created by the addition of affixes, 

such as prefixes nnd suffixes, to a root or stem. These nffixes carry grammatical 

in formation related to tense, aspect, mood, person. gender, and number. TIllS 

agglutinative nature contributes to the complexity of Amharic grammar. 

3.2.3. COlllpl ex Verb Syste m 

A I . I I ' I I d [ d verb sv<;telll Verbs call be conj ugated to mdicate tense. m lan c las a lI g 1 Y eve ope r' 

. I ' I 'ugation patlems based on the dltTerent aspect, mood, and vOice. Thcre arc IllU lip e COI1J 

~ us depcndmg on the subject and obJ cct types of verbs, and each pallenl has numerous on 
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of the sentence. The .... erb system also includ .. " a nOch SCI or, 1 d·-I .... p mClp es an ver..,.. noun . 

3.2.4. Gender and Number Agreement 

Amharic employs gender and number agreement in various pans of speech. Quns, 

pronouns, adjectives, and dctcnnincrs agree: with the: gender and number of thc: noun they 

modify. The gender system in Amharic classifies nouns into masculine fcminine and • • 
sometimes ncuter genders. 

3.2.5. Verb-Subject-Object Word Order 

Am haric ge nerall y fo llows a Vcrb-$ubjccl-Objccl (VSO) word order. Nonnully, the vcrb 

comes first in a sentence, then the subject, and last the object. However, word ordc:r cnn 

be ncx iblc, and emphasis and focus can in fluence the positioning of clements wi thin 1\ 

sc:ntence. 

3.3. \Vriting System 

The Amharic language is one of the major 1:lIlguages spoken in Ethiopia and is primanl y 

written using a writi ng system known as the Amharic script . TIle script is unique to the 

Amharic language and has its roots in the ancient Ge'cz script. which was used to write 

Ge'cz. an older Eth iopian Semit ic language. TIle Amharic script is an abugida. which 

me'lIls that each character represents a consonant wi th 3n inherent vowel sound. 

Howevcr, the inherent vowel can bc modified or suppressed using additioTlal diacritic 

marks. The script consists of a set of 33 bilsic chanlcters reprcscnting consonants, and 

these characters arc modified to represent the different "owel sou nds (Meyer, 2017). The 

basic characters in the Amharic script arc call ed "Fidel" in Amharic. It has additi ona l 

leiters that arc not present in the Ge'ez script, like (!f), (i'i). and (ct\). Each fidel 

represcnts a consonant sound, and when combined wilh the appropriate "owcl sound, it 

forms II syllable. 

The Fidel characters arc written in II unique calligraphic style With distinct shapes and 

curves. Amharic is written frOIll left to right, and the script has a numerical system. The 

script docs not typicall y usc spaces betwccn words. so COllle:<t and falmlianty With the 

languagc arc important for understanding th e:: mean ing of tJle text. lI owe"er, modem 

Amharic writing sometimes includes spaces betwecn words to aid rcadablilty, especinlly 

in printed materia ls. In addition to the basic fidel characters, the Amharic scnpt mcludcs 

various diacritic marks to ind icate vowel sounds and othcr mo(ilficatlons. These 

diacriti cs arc placed abovc, below, or beside the fidel charactcrs. For example, there arc 
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diacritics to indicate the absence of a vowel, 10 ind. ale long 

• • • • • • •• • • • • • • • 
" U ~ , , , U V , h ... n " 1\ h " ~ , • • ~ , " • {p < .1> 1> 1\ ... " 1> .. 
" ~ '" '" 

.., ... • • " • • 1!1 • • • " • .(11) <J> "" "' .. ,.. 
" '" 0 0 , • , 0 , 

• II' 
U> '" ~ .. I" ~ ~ • H • • H • • , • , < , • , ( ( & I W W )( " " \( " 1( 

• 0 • " 
, 
" 0 0 , , . • • , , • • 

• n • ~ ~ • • • ~ • • ... ... ... • t • ~ , . • • • • ~ • • , . :r. :r. • :r. • X :t 

• n " " 
, 
" • r • · , 1 '\ ) '\ " 

, , 
• n • ~ ~ • ~ • ~ , m m m "1 m '" '" "l 

• , t , , • • • , .. .. .. '" .. "'''' .... 
• f • ~ f 'I ~ • f • • • ... , • • , ~ , , 1 '\ ) '\ , ~ ~ • • • ... , ... • • ~ , , > \ < • ) • t I , 0 , , , • , , , , 

" • 
, , , [ , < • • • • < t , 

, , , , , , , , 
• T • T J , , T I 

Figure J: Amharic ulIlgullgd [IMop;Il" AlphuMI 

Vowels, or to modify the pronunci:ltion o f a consonant . One distinctive fealurc of the 

Amharic script is the presenec ofa set ofeharaelers known as "ha hu Amharic." These 

characters are used to write foreign or borrowed words that do 110t have equivalent 

sounds in the Amharic languagc. They (Ire nOI part of the traditional Amha ric script but 

were lIdded to accommodate the representati on of non-Amharic voe:. bu I a ry. The 

Amhari c scri pt has been adapted and used 10 write other languages spoken in Ethiopia, 

sllch as Tigrinya and Ti gre. While the basic chnrnctcrs rcmnin lhc samc, slighl 

modifications and additional characters arc lIscd to reprcsentthc !'pccific sounds ofthcsc 

languages. 

In recent years, thc Amharic script has becn digili7ed, and various keyboard layouts and 

so ft ware have been developed to facilitatc typing in Amharic on compuu::rs and mobile 

devices. This has made it easier for Amharic speaker:; to eommunlcatc III Ihelr natl\'C 

language in the digi tal age. Overall, thc Amhari c script is a beautifully umquc \Vntlllg 

system thai has played a signi fi cant role in prcscrvlllg thc Amhanc languagc and 

Ethiopian culture. It continues to be ,111 integml part of dtlll y IIfc. used m literature, 

education , media, and offici31 documents throughout Elhiopla (Grover, 2009). 
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3.4. \Vord Classes 

Amharic words can be divided into five eategones based on where they appear In a 

sentence fl 'fO (noun), ., fl (verb), ... e II (adje tlve). + a>II n ., n (Ad\'crb), and 

a"f"l + tp I: I:(preposit ion) arc the five categories (Fissehn. 2020). 

Noun 

In the Amharic languagc, a noun (I'l 'fO) is a word thnt represents a person. place. thing. or 

idcil. Nouns playa crucia l role in eonstmcting sentences nnd conveymg menning. A steill 

and onc or ma rc affixes make up an Amhnrie noun . Even though Amhanc has el111 1n 

unusual plura l fo rms (e.g., 'an')., ,....;t-~ (governments), is a plu ml form of a noun 

' GO') ., I'l T (government)'). 

The Amhari c nOlln suffix with the most widespread pluml form is ". >0 'f /. 'PT If a n un 

ends in a consonan t >0 T. you should IIlnke it plural . wi ll be appended to the end of the 

noun, and vowels '0' affect the way the last letter is fanned (e .g. n 'P 'f (n Q)o_>o 'f). II 

serves as the subject of a sentence. Prior lingu ists just copied the Engli sh langua ge 

structure for Amharic, but pronouns, which were previously thought of as (Ill IIldepcndent 

category by linguists, h:lve now been grouped with nouns after taklllg 11110 account th e 

distinetivc natu rc of the language. 11le following arc a few AmhariC pronouns 

t- U ,i ." (). , "I'l tp, "\ , h '} + ,h '} T ... ;quuntifiablc speci fi cnllons. such as 1\ 1 t: . 

h ,}.Il ,} f:, "''I: ~ , n ",9" ... ; possessor-spec ific terms such I' ~ \ • t' ~,,+ , I' "ft. ..... 
Vcl'lJ 

An action , occurrcnce, or sta te of being can be expressed by a verb. AmhariC verbs, like 

those in other Semiti c languages, arc exceedingly eomplietltcd . Both the subject and the 

object of a ph rase can be expressed with a single Amharic verb. For example, the tenn 

".e.~<1JC::~"" means in English "he will tell me,~ and it implicitly Slates both the subject 

(hc) and the objcet (me). Verbs in Amharic arc made lip of II stem with ONE. nvo, or 

MORE affixes. Pre fi x, infix , suffix, and circum fi x are all types of affi 'l(3tlOn. A vcrb'S 

stem is made up of a root and a template. 

The funda menta l lex ical part of the vcrb is represented by the roolS. 1115 dcscnhcd 3..5 a 

series of "radicals" or consonants. Tcnsc. aspect, mood, and one of . few denv3110nal 

categories- passive-reflexive, transitive, causative, Iterau\e. reciprocal. and e3U53tl\'e 

reciprocal- arc represented by slots for vowel that arc put among the consonant of a 

root to produce a stelll. Verbal stems in Amhari e arc made up of a root, vowels. and a 

template. For instance, the stem seber ('brokc') is fomlcd by sbr + ce + V V Each 
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Icxcmc has four possible tcnse-aspect moods (TAM). 

• perfeeli, "e: .J:t.n tkr_es-tz 

• imperfeeli,"e: , • .J:CilA yl-tkrs-al 

• Jussl\"e: ,.r: t.fI yl -dres 
lmperall\"e: .J:" t.fI dr~.s 

• gerundi\"e: .J:C" .urs-o 

Figure 6: Amharic I'crb cxampfCJ ill/our TAM t)'pu (Fuuhu. 1010) 

A vcrb in Amharic must concur with its subject. In some TAM categoric. such as 

pcrfective and gerundive, suffixes arc used cxclusive ly to communicate ubjcct. vcrb 

agreement. In other TAM categories, such as imperfcelive and jussiv iml)erati ve, 

prefi xes and suffixes are combined. Described the following clltcgories of \'crhs: 

Perfecti ve verbs are produced by incorporating suffi xe such as (h- , tI , 7i , 'X. h =f , h:tj, 

~) It provides the idea l verb stem with person, gender, and number indications. As 3 11 

illustrat ion, from a verb stem " J': , the perfective verbs " J': h- . " J': n , 't J': 7i , ".e , 't .e:f , 

" ~ :P , and " ~ can be created. 

Ge rundive verbs arc created by fini shing genllld ive verbs with suffi xes to denote 

person, gender, and number. Suffi xes like: ("0' . h U. h 7i, h , h:f , h '\ , h =f 0' and 

" .to II' r..) be included into a verb stell l. For illustration, the stel11 fI C: gerundi ve verbs 

such as (n toLr ,fI to U ,fit. 71 ,1'1 t. ,fl t.:r ,fit. '\ ,fI t-:r 0' and fI C + cP iI )can be fonned. 

Imperrcc th'c verb :; are created by adding morph emes to them, such as (" -h. ,T , lo · h. , 

f.. _ h. , '\ . "' , T.'" and £. . ,.. ) thai illdic:ltcs gcnder, person, and number. Il ere arc some 

instances of verbs thaI arc genera ted from steam that nre imperfect. " f!: : (/\ '( J':, T" 1: , 

+" :( , £.'( J':, '\ '(.£' , T"~ and £." 4.) . 

. Jussive and impcrativc verbs arc sometimes referred 10 as mood verbs and Jussl\'e 

\'erhs arc used to convey command for the fi rst and tIurd person, rcspeclln:::ly, ..... hllst 

imperative verbs are used to ex press the second person III both the singular and pluml 

Adjectives 

When used to modify nouns, :lcIjcctives indieatc a tiling's quality and mdlcate how 

different it is rrom other Ihi ngs. It precedes a noun to descnbc the word's 517C, son . and 
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action . For instance, in the phrase (.,..'" c ""h. Cj ) the word ("'. C) IS used to qualify the 

color or lhe noun (D"h, 'i ). Adjectives in Amharic share a similar morphology to nouns 

Adverb 

An adverb quali fies a verb by providi ng additional conlext for the sentence. Ad verbs 

frequently come t:eforc the verbs they describe or modify. A few cl(ftmples of adverbs III 

Amharic arc as follows: (T Cj 1 T . ... n- , n .. ;:r • and h t 1 'I{) . 

3.5. Jlhrases 

A phrase is a linguistic construction made up of one or morc words. Noun phmscs, verb 

phrases, adjectiva l phrases, adverbia l phrases, :lIId prcl>osil ional I)hrascs lIfC the five 

types o f phrases in Amharic. Each phrase type cun be divided into "simple" {lnd 

"complex" categories depending on how many different word classes arc included. 

Noun I)hrascs 

A noun phrase (N P) is a syntactic constnl ction ill which a noull or pr 1I0un serve AS the 

headword. The phrase's head is always located (It the conclusion, These expressions can 

be s tra ightforward or complex . A single noun or pronoun mak es up the simplest noun 

phr(lse, (IS in : (11 fl. , 11 '.\ , 11 ~ fl.) . A complex noun phmse can consist of a nOUIl (called the 

head) and other word classes such as complements, specifiers. IId verbial and adjecti va l 

modifi ers. These modifiers change the head from different aSJleets. 1\ compl ex noun 

phrase in the Amharic language contains 1111 embedded sentence with in the phrase. For 

instance, ('"'/ tJ Ii t' '/ Ii :f (J). '1'41';' n C " ) a SOI)histic:tted NP whose head is n c " . This 

head and the complement arc un ited. '1'41~ to creme the short noun phrase ('T'<t 4- n c"). 

In tu rn . the dependent clause has been combined with this noun phrase ('"'I U t1 

f 1 '1 :r. m.) to make the complex NP described above. If there is a "r" before the verb. it 

means that the clause is subordinate and cannot stand alolle. 

Vcr" Phrases 

A verb phrase (VP) is made up of a verb acting as the phmse's head and other wor<h like 

complements , mod ifiers, and specifiers. As wilh noun phrnscs. verb phrasal expressions 

can be simple or complicated. An embedded sentencc that functions as a complcment or 

a modi fi er can be found inside a complex verb phrase. Considcr the follo\\mg example, 

(n ann'i flI.e. T 9l'tJ C T f'\ T 'i.e.:f ). nle adverb n ann. 'i and prepos itional phrase «(1)1. 

T 9btJ C T t1. T) have modified the verb (" t f). 

Adjectiva l Phnlses 

A A I . d ' . I pl,,"sc ,'s co"structed similarly to a noun phrase and a verb 
. n 111 lane " Jcctlva 
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phrase. II is made up or a head (adj~ctl\"e) . • s "~II .s eompl~U\cn • mocilfim. and 

spec ifiers. For example, (n "'~ =t- it ~ -h. , "-~" IS • Ipcafier, (n ",,.) II • mochfier thai 

modifies the adjeclive's head (=t- II ... ) . 

Prellosilional Phrase 

Prepos itions serve as the "head~ orpre:poSll lonal phrases, "hlch also Include noun , noof\. 

phrases, verbs, verb phrases, etc . Prel>ositionai ph , unlike: olher (onns of phn 

always slort with the head of the senten e. As un IlIuslmllon, the preposlll nil ph",,~ 

(h + 'Jllt ip:r ) C Olf T 9D U C T n =t-) for instAnce:, h ;JC I\nd cn.e Ire prepo III n whl h 

[Ire combincd with the nouns + ItIjt ip:r- And =t- '1"U C =t- n T. rcsp«tl\ cly to form thClr 

preposi tional phrase. 

Ad\'crbi al I'hrascs 

A phrase with an adverb as its headword is known u an u(l\e,bull phrase: II cnn be 

crcatcd from :1 single adverb or severnl. Adverbs dcscrlbe the locution . occaS lo~. or 

parti culars of the activity mentioned by the verb , For cJ( llmple, (n c;:"..,!to ~'). 

n ~"..~ T is the only advcrb that cxprcssc how strong the verb IS 

3.6. Clauses 

A clause is a coll ection o f words. At least one verb phrase must be pr elll 11\ • clau~c 

Independcnt clauses, or main clauses, and dependent dou d. or ubordmate e!3us«, are 

the two different sorts of clauses. 

!lId epend cnt Clau se (Main clausc) 

A clause Ihal can st:lnd :I lonc and conveys n clear. COIllI)letc Idea I~ an mdepc:ndent 

cI:lUsc. It is a short sentence with a verb and a subJcct. For example. the c1ou~ : (t ., "\ h 

IJ..h '1 II ), has a subject, ~ '1 "\ h , :I verb, '1 tl • and [Ill obJeel,lJ..h TIle ne" part goes 11110 

1I10re deta il about the Amharic simp le sentcnce klllds and structure 

A depend ent cla use (s ubordin ate clause) 

A clause that depends on another clause to form a full ~ntencc I re(erred to as • 

dcpcndenl (subord inatc) clausc. Although they have a subjcct and a vcrb. ubonhnale 

clauses do not fully comlllunicatc a thought ubonhnatc conjUnctiON 10 Engll h an: 

used to identify subordinate clauses. FollowlOg, although, as, Ir. bccaU5C. before:, e\en 

If, evcn though, if. to, si nce. though, unless. till , "hale\Cf. \\heIDer, "hen, \\ hcnc\ cr. and 

while are some examples of subordlllotc colljuncuonS m Lngll(h ThcK kuxb o( clau 

function in senlences as an ad\crb. LlIll13r to an :td\"crb. Ihey i!I\C IOromuhon to thc 

. I I here "hy 00\\ haw much or under \\ hal 
maan phrase that elaboratcs on I Ie \\ lcn. " • . ' ' 
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circumstances the action in the sentence occurs. In conlraM to wglt h. Amharic 

subordi nate clauses arc distinguished by verbal sum F h b ) . xes. 'or IOsumcc. I c: vcr (1'1 m 

May be given new ronus by the addition of affixes (I.e .• n 1\ ·n "', A , -1'1 m, n n m, n.. 
n m·" '1"', ctc.). A son of subord inate clause known as • n:llllcd clause serveS a an 

adjective and describes a noun. When speaki ng English, relative senl(~n C$ use pronoun 

like who, whom, whose, that, and which. On Ihe olher hand, the morpheme (f) that I 

j oined to a verb can be used to recogni ze Amharic relative clnustS . 

Examples oj Amharic relative clauses: 

· :r" '} T I' -a<>n)il). n (l). 

• " n n p -h 7 1(1).1 n (J). 

• n " t{'> P -7 ti ~ (J). ~Ctj 

3.7. Sentences 

A sentence is made up of one or morc clauses Ih:'ll communicute somctJung illl(>()I1nnl. 

Amharic fo ll ows a subject-objeet-verb (SOV) grnnllnntlenl pattern. unlike English. 

which has a subject-verb-object word order. For instance. ('"IU" (%)f T fD U C T 1\ T 

" .e. f) . The subj ect and verb arc the two main components of Amhanc phrases. nle 

sentenee's subject, which is a lIoun phmse, is always pul before the \erb. It could be 

class ified as s imple, compo und, or compl ex . A verb is always lidded :.ncr an Amharic 

sentence. Based on thei r structure, Amhari c phmscs call be dLvided Into four groups. 

Sentences: simpl e, compound , compl ex , and cornpl ex-compound. 

Simp le Sentence 

A sentence is considered simp le if on ly one independent clausc is present. An 

independent clause is a set of words that represents a complete notion and compnsC5 

bOlh a subject and a verb. It is composed of a straightforward noun phrase, thcn a 

straightforward verb phrase wi th just one vcrb. For exmnplc, ('"IU " 1JIIlt'1 fj: 1 " ~ ) IS an 

independent clause. If contai ns a subject ("'Ie :i') , an object (ao,t '1 fj: ), and a \ erb (1 " T). 

and it expresses a complete thought. Simple sentences come III four different Onors : 

exclamatory, interrogative, declarative, and imperative. 

I)eclal'atiye se nt ences arc employed to convey knowledge. Occlaratl \'e sentences In 

Amharic always conclude with the punctuation mark ~ :: .. which IS a period (.) In English 

Example: ( Il G"1 f) 11l t'l-r :i'1l'1 m£ h n C 1\t\.i'>1 -nc h 1'1 f ::) 

Interrogative sentences arc sentences that ask a question In Amhane. thC5C types of 

sentences always end with a question mark (i .e. " 7"). Example : (ri ao"\ t'I, h t'l -r Jolt 1 
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--------------------------~. 

(tit h '\ T >-. .., .e., 1) 

Complex Sentence 

A comp lex statemen t is created by combining an independent clause with onc or more 

subord inate clauses. Multiple verb phrases can be found III complex $Cnten cs For 

example, the sentence: (mt ~f' att-'! tl (1).1' fl A. 'l' 9WC Tn tl ~ +~ 1J' 1. ? hl' ... , n 

~"'1: +., 1\ ~ ::) is made up of dependent clauses Ihat cannot stand al nco There IS .3 

subordinate cl ause in the noun phrase of the main senlence (i.e" "0l1 Q).i\' I' Cf\'\ n (J)o 

I' fI 1\ .,.. '1"C T (I' fI t\.,.. '1"£: T ) and n verb phrase (i .e., III 1 m4\' I' "VI n (1)0). There IS II 

subord inate clause in the verb phrase of the main sentence (I.c .• n n ~ + '( lJ-\ ;I­

" I' 1> ~ 1'1 augol1'l-i:). [t is fomlcd from an adverbial phrase (i.e .. n h ~ + '( U'\?) and 1\ 

simple verb phrase (11 I' ... ~ fI QD9"mi: ). 

Compound Sentence 

A sentence that has al least two independent clauses with connected Ideas IS s(ud I be a 

compound sentence. Typicall y. a coordirHllor (a lso known as a oordmntc conJu nct Lon) 

joins the cl auses. E.g .• (h Ij' , m£ 9", -11 ), and so coordmate cl:m es nrc those between 

which a coordinate conjunction appears. A sentence's coordinatmg cl3use shares the 

same signifi cance as the main clause. Despite sharing Ihe subject. the object, or the verb 

of the main phrase, some coordinate clauses arc entire sent ences that can stand on thCL f 

own. 

• 
• 

• 

Exa mples: 

" " '"n1 h !-atjh I' at>o'I'j =f ~ (l).~ 1 C -11 "n n h I'\ T m-t'I '1' til f":l 

"nn (tit !-alJl\'L.£'£:r"" Ol£9",,4\mrtl h~lC ilTCtIftITT"ilT Il 

'"JG 1; h T 9"U C T 1'\ T at>o'I'jT h Ij' + <:' Til 

Co mp ound-Compl ex Se ntences 

Compound sentcnces and complicatcd scntences arc combined to create compound­

complex sentences. AI least IWO independent c1 :IUSes and one subordmate clause arc 

present. In a compound-complex scntcncc, the independent clauses that arc coordm:lIed 

by a coord ina ting conj unction arc known as coord mate clauses. The mdependenl clauses 

in this COtll l>OLmd-cotllplex statement arc bolded as an example. (r (hOPT ~ ~ £ h TQlftl 

i' h~C 'HI '"1.£'(-1 hm.llll(l).) 1 C -11 tU. "Il1j'1"I hi\.) nl hf'lh N I'I'1T tlh 

h 1'\ T "" (JJfIl(J).o9"). This sentence has t\ .... o independent clauses and two dependent 

clauses. The dependent cl ause (f' (hip T ~ '1 1- h T Qlftl) and (II" "Il ~ 1"1 hill n l ) 

cannot stand on thei r own as a complete sentcnee; they arc dependent Ilowe .... er. the 

illdependelll clauses (I' "-I C 1- tl '"It: l "'l h mJlII Q).) and (II f'I h "'" n'1 + tl f'I h n1' 
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h (r, mfl)Q:IJ1") can be complete sentences on their own. The independent clauses are JOllied 

by coord inate conjunction () 1 C ~ 1 ). 

3.8. Challenges of Amharic Sentimental A na lysis 

TIle majority of scntiment analysis research is done in languages like English and Amblc, 

which ha ve a wea lth of resources. The resu lts of this research, however, cannot be: 

directl y transferrcd to the Amharic language . The Amharic language differs from the 

other languages being studied in that it has unique tmits. This aspect which may pose a 

chall enge to the direct transfer of the described methodologies to other languages is 

covered in greater detai l below. 

Morphologica l Complexily: Amharic has n complex morphology which makes it 

challenging to tokenize and lemmat ize the language. 11lis complexity can lead to errors 

in sentiment analysis. For instance, a Root T "" ~ Dasic stems ;f-It. '" may have several 

variants ;rio.. ~ • r ;f-A ~ • h ;rio.. ~ , ;f-A It. • 1i . ;f-II, it> . Muhiple synonyms and 

polysemous words exist Words with the same meaning but n different wordi ng is called 

synonyms. For instance, the word "" il + O1Jt " which menns "teacher" can be called 

differently, such as "atl t;D U C to. Words that have multiple meanings can be identified as 

polysemous by emphasizing spcc ific leiters as you read. For instance, th e word "'P t;'" 

which means "swimm ing "can have another mcaning of "Main" when ~Ij''' is stressed. 

C haractcr Rcdund a ncy: in the Amharic writing system, somc leiters or symbols have 

the same sound when read, furthennorc to several mcthods of sayi ng thc SJlnc thing Dnd 

consonants that sound the same. For instance, thc tel'lII lJl 6-'eT "A nny" is trnnslatable 

into Amharic as n &. C{I T, and peopl e interchangeably usc lellers like UI, fI , U , ..+. or .., 

and 1\ or e to write the same word. 
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Chapter Four 

4. Data Collection and Analysis 

An overview cf the data gathering and sample techniques used 10 ann 131C the dalaset IS 

provided in this section. We will go over the difficulties of annotalmg language data Wllh 

limi ted resources as well as the shortcomings or tlle current ann uuion 1001s. We suggest 

a novel annotat ion tool made especially for low-resource lingui stic dAHl ollecling 10 

overcome these problems. This section seeks 10 aid in Ihe creation of sucec sfu llllcthods 

for low-resource lanb'llagc data annotation by offering illsights into our datil 8111hcring 

and annotat ion procedures. 

4.1. Data Acquisilion and l)alllScl Chullclcrlstlcs 

Since the data were not earlier gathered and released for a specified purpose. Ihls slUdy 

used primary d:lta collection. The shins in our political diSCUSS ion and mvol vement 011 

socia l media and the trends of replics with post-it belong arc dlscovercd Vl3 carcful 

analysis of these data. To follow sentiment analysis. thc stud y employs n bmnry 

categorizati on. Therefore, sentiment analysis includes two distinct classifications; the 

binary classification, where thought s fa ll into one of two eau:goncs (for instnncc. 

positive or negativc); the multiclass classification, where opinions fall into one of severol 

categories (for instance, strongly agrec, agrce, fai r, disagree. and strongly disagree); and 

the subjecti vity classificat ion, where criti ques or sentences are examined. Vanous 

methods have been employed in this licld of rcseurch in terms of the instruments and 

procedures used to loeatc and collect datu. 

Thc study's initia l objectivc was to ident ify the d:l1a's source and gather the data w lIlg 

various al rcady-developed and re,Hly-m:lde methods, such as the Fnccbook API, Python 

scripts, anG comment-export ing websiles. Employing the ready-made Faeebook scraper 

tool, we c<ln quickly extract posts nnd comlllentS from any public Facebook Page or 

Group and export them to Excel sprcadsheets. nle lirst Ihing we had to do to view the 

public page material was sign up for a Facebook account. Finall y. uSing I)ython code. we 

downloaded Faccbook page comments and posts 10 Excel. 

The li rst part of the infonnation was acquired from both pm'Dle and pubh ne",'S 

websitcs that uscd socia l media to reach their followers and audiences who spoke 

Eth iopian. Religion, sports, cniertainlllcnt. and other unrclaled sc:cllOn of media 

categories arc excluded frolll our study. We chose Fana broadcastll1g corponue (rn ) as 
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the govemmental or public TV and radio that . uses SOCial media as an alternative tool 

s ince nearly all federal and regional govcmm d' ent me: II! try to rcltase the me kind of 

news, especially political news, and the news language that IS broadcast IS Amhanc and 

other we choose Ethiopian Prime Minister Dr Ab" AI d . Ie InIC All from II privately held 

Fa.::cbook page because, they have a greater number of followers than the ther members 

and emp loy Amharic as a means of transmission (10 T E h' F op ' I lopin 'I ebook Ilages 202 

- AliaboutETHlO, n.d.). 

Table J' 1)(,lu /I co ecllOII .Iou/rill: 

'f edia peoplc eople Ilk UI<" 't: rlfled .'('i:orlc~ 

ollow his .dEC 

his page ,g, 
ffi cialFANA ,445,573 ,736,793 mps;!l ..... w_w.J accbook C(l cnficd i cd.alnew. 

Broadcasting n/f anllhrn:tdC!lC!lnBi. fompany 

rorporatc 

FBC) 

' accbook 

age 

Official Abiy .2M IUPS" www u k CQ cnlied OhllCIiUl 

hilled Ali "lIl'MAb"Ahm. dAt,/ 

;acebook 

)3gC 

4.1.1. Sa mple Data Size 

In the context of our research, data was gathcred during thc CUTTcnt political tranSition 

period in Ethiopia, which lasted from June 1,2018, to March 20. 2023. The study chose 

thi s period because, first, there was a s:gn ificant political mOVCl11cnt in thc nation and, 

second, many pcoplc used social ,nedia to openl y exprcss thclr opInions WIthout hemg 

frustrated by the executive branch oJr the dominant party. The infonnation about J omalll­

based systems was carefu lly gathered, manually, and by sclcctmg pohtleal coverage that 

was extensivel y covered by all major national news outlets. The study collected data 

from roughl y 500 posts from the selccted Inrge·scale public and pm-ate social media 

news, each of which had 500 or llIorc commcnts_ Jl o"c\-cr, throughout thc data 

coll ection pen od, the stud y rejected non-pol itical POSIIIIg8 and posts With fewer VICW 

frorn Ihose data sources. 
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4,1.2, Annot.don Str.t~gy 

One of the time-consuming and challenging steps m creating machme learning 

components is annotation, In countries where technology IS underullhzed. peoplc oOen 

conduct surveys or annotati ons using human labor, for cxample . by responding to printed 

questionnaires . Thi s n'!eessitates the conversion of thc questionnaire InIO an electrontc 

form for the machine learning strategy. wh ich is time-consumi ng and may POltTllllllly 

result in encoding errors. 

Crowdsourcing systems arc required to annotate II huge number of dlllaselS wit h the least 

mnount of pay. However, most crowdsourcing sites havc a difficult rcgiSlra tion pr ess. 

espccially if you want to include worker paymen t tr:IIlSnctiolls. For inslnnce. Amn70n 

Mechanica l Turk (MTurk) docs not allow job requesters from Etillopllt to register. We 

arc unable to use MTurk's platform for Amharic sentiment analysi s beenusc thtre nren', 

enough Amharic speakers there and there aren't enough on line payment methods 

ava ilable in Ethiopia. We, therefore, used a spreadsheet application where we di stributed 

our data in a tabular style as our first feasible method for labelin g our dataset (sec Figure 

7). 

In thi s research experiment, the dat:1 is meticu lously annotatcd by a dedicated IIIdl"ldu31, 

ensuring a high level of accuracy and consistency throughout the annotallon process. TIle 

annotator carefull y examines eaeh data point and assigns relevant labe ls or tags based on 

predefi ned criteri a. To ensure qual ity control, a second pcrson thorough ly checks the 

annotations, vcrifying thcir correctncss find flddressing any potential crrors or 

ambigui ties. While intcr-annot:ltion agreement measures arc not tested in thiS par1 iculnr 

case due to the involvement of a single annotator, the dili gent approach and mctlcu lous 

checking undel1akcn by both ind ividuals contributc to the success ful annotallon of the 

data , bolstering its rel iab il ity for subsequent analysis and interpretation . We discovered 

that utilizing a spreadsheet 10 annotate the data is IlIlle-consullllng, error-prolle, and 

ehall cnging to usc. 

-' - -> ....... 'II'''''''" ... , 'f'Vf 61111 -

"""~ -• ~""~,,,,",,,,, nc .. I"""' tO'*" ... _ 
..... -~~- -• ~t ...... ..".nc"""',._·_ ........ O<---- ..... _ _ 
,~"",uca<IA"''''' '''''''.....v: "" '''''·'''- '''':'::'~~'':''' .... ",,,'_'' -• _V¥l{"""".~_f'('O"t-""«~:,..,..w;1I'<H""""C"'''''*'" -
t _ .. n'."'.r('I,..,.._,_ ..... *~"-­......... ...,.,IJ'\U_ .... ~_ .... __ .. "WO[ __ 

" 1'l'1;'I\'N:"\J'_ .. ~,~1'tf ' ... _0'«0""" .. , ...... __ ..... - -.. """ ... , ........ _1_ "" ... ·-' -
" tI(.l'nt 

Figure 7: User inferfaces oflht £:crtl s"« I/or 0,,"01<111011 
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4.2. Pre-processing and prepara lion or dala 

Dala pre.processing and preparation of Amharic ~l1lcnc (ollow the me pnnclpld 

in olher languages. However, some language-specific conSldCnllJOM need to be taken 

into account. Here arc some sleps that can be taken for pre·procwmg Ind prepanng 

Amharic sentences for analysis: 

Tokc niza tion : Splitting the text into words or tokens. In Amhanc. words are scparntcd 

by spaces, so tokcnization com be pcrfonncd by simply sphumg the sentence a' each 

space. In thi s work, Tokcnizcrs arc created and used by ulil11'1ng pre-trnmcd lokcnll.C:rs 

using Kera's, a Python deep computing toolki!. Keras Is It popular dcep-Iearnmg library 

in Python that provides a high· level interface for bUIldi ng tll1d IrnlTllllg deep ncural 

networks. Keras also includes several utilities for texi I)rocessmg nnd Illilunal Inngullge 

processing (NL!» , including tokcni Z'lIion. A lext sequence 15 lokenlled when It IS 

divided up into smaller pieces, or tokens. 

These tokens in NLP arc frequentl y words or sub-words, but Ihcy enn nlso be elmrneter 

or olher unils, depending on the application. Kerns prOVides a Tokem1er In thai can be 

used to tokenize lext data frolll II Utilizing the fit_olUexlS mcthod . the tokclll /er obJcct 

is fitt ed to the text data. As a result, an alphabetical hst of all the dlffcrent phrases III the 

written informal ion is created, and each word is givclI a dlstmc! Intcger mdcx The tCJ(t 

data can Ihen be transformed inlO sequences of IIl tcScr tokcl1 usms thc 

teX IS_la_sequences method. One of the entered texts is represented by cach IIlner hst of 

thc output, which is a eolleclion of lists. Many NLP lasks. lIleludms text entegori1J1l10n, 

language modcling, and machine translation, depend 011 tokelllzalloll. As pan of a 

broader deep- leaming work now. Keras offers an easy and adaptable method 10 tokemzc 

tex l input. 

NOl'lll a li zi ng ch:lrac ler level : in Amharic words ctln be challcngtng due 10 the complex 

naturc of thc language. Amharic has a unique scnpt that conSIsts of 3J baSIC charactcrs 

and a large number of combinations and V3natl liS of those chamclcrs. Amh:.ne 

chamcter normalization refers 10 the reduction procedure oflhc vanous fonns ofa leltcr 

or symbol in Am haric script to a standardi1cd fonn. TIll is donc to 5unphfy the data and 

reduce the number of differenl rcpreselll:uions of II gl\'en character, faclhtatlng the 

processing of data by machine learning aigontlulls and an31)'71118 Amhanc text data 

N 
.. 'd · le\ cl but character-level nOfTllah1allon 

onna ilzallon can be penonne at vanoUS ' 

involves standardi zing the reprcsellullion of IIIdl\ldual eha"dcfS. which can h3\e 
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differen t fonns based on where Ihel arc in a word 0 Ih h r c :tf'lctm Ihq' Ire adJa.,;ntt 10 

Oy nonnaliz ing Amharic characters 31 Ihe character Ie - I h I .. c • mlC inC camm, model can 

more accurately recognize and interpret Amharic lext h • Increasmg t c prCCI Ion of many 

NLP tasks includ ing sentiment analysis and lex , clac" fi,e., 0 d h I .. I n, III mac mc trillS ilion 

Normalizing words wilh Labialized Amharl, ' h , , ., I .• A . uu trJ: •.•• 11 .. 11 '''xu Aml~nc 

characters arc those that have n labitl lizotion fCAIurc. such a the addition 0 .... '" .. 

sound al th e end of a con SOl1lml. Nommli Ling words with Lubllll17Cd AmhariC ChiUllClct 

can be a challenging task for machine learning (f\'IL) n rmall/IUlon bc<:tlUSC tht.)C 

characters can change the meaning of II word. Therefore. 11 I unponnnt to properly 

handle them duri ng nomlul ization to ensure accuracy In lex t procesSIIlg. 

Ile approach is to convert the labia lii'ed character to (l non· labtni llcd form . whIch can 

be achicved Ihrough various methods such lIS mal)pmS them to IhClr ICllpccl l\ C non· 

labialized counterparts or using n phonetic transcriptIon )'Ilem u h 11$ n Ir. .... /r. r 

n II i:" II to n 111: iI . This nonlla liznlion process can Improve the per onnancc of 'II 

models in a variety of applications, includi ng recognI tIon of spee h ind proc lila f 

natural languages, where accurate transcription and understandmg of Amhnnc le..:1 arc 

crucia l. 

Oal :1 C lc:llli ng: Removing any unwanted chnr:tcters. puncluatlon. or specIal ymbol 

from the text. 

In a comprehensive research project, a tOlnl of 00 posts were carefully annlped. 

resulti ng in the coll ection of an impressivc datuscl of 150,000 valuublc data 1>OlI1ts, TIll!! 

extensive col lcction process involved meticu lous extrael lon and organization ofrc!cvant 

information from lhe posts. FUl1hcnnore, the dntnsct was ubJcctcd to a thorough 

cleaning process, ensuring that the commcnts were rcfincd and rcfined to thclr opumal 

qu:t lity. To enhance the resc..1rch findings. an additIonal step wa takcn to cnhancc thc 

dataset's depth and accuracy. A remarl.:able 45,000 comments wcrc dlhgcntl)' annotated. 

a task that required an immensc amount of cfTon and ancnllon to detail n.c annotltlon 

process in volved categori zing and labeling Ihc cOlllments based on pctlfie entenl 

This significant volume of alillotatcd comments scrves IS I cruCial rcaoun;e ror lhe: 

research, faci litating the cxploration of various trtnds. pattem. and insights 1llC careful 

collection and annotation of this c..;lensl ... ·c data ct contnbule 10 the robwoln and 

reliability of the research findings, ensurlllg n comprchen\l\e Inll).1 Ind aliov.IO, fOf 

we ll. infonncd conclusions for this Research u(e a tOlill l)f 2~94 fJ'I»llIvC and 2072 

Negative. 
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Chapler Five 

S. Proposed Approach and Archilecl"r. 

n le researched deep learning framework fo d .. r clcrmmmg the polarity of Amh:m e tex t 

uti lizing the S imple RNN. CNN LSTM GRU d no LST" . ' " . an ul- I~'I deep leam mg models arc 

Irll d out In the proposed architecture. D 1 . atn co lection, data prc-proce5S lII g and 

preparation, feature extracti on, and sentiment catcgorization make up the majori ty of its 

components. The next secti on talks about each cOll1pOnclIl's specifics. 

Data 1 Collec tio n 

Dafa preprocessIng 
and J)fCl).1l':UiOll 

t callU e tltl")CbOU :m d 

SCllln llt'1l1 c1Ulllic;ItIOIl 

e 
Amh..ric 

....... ..,..n. fn>m 
'..,.book 1'"'11'" 
poil. icool.-I 

I 

J 

, A ggj 
_ a..... .. , ... 

L-___ -

i 

Figrlre 8: The ArcMlecwre o/tht! ProlXJuti Apl1'oodr 

5. 1. Data preprocess ing and prcpnalioll 

Modd 
An:lllt«turt' 

" .. ... 
~ .. --
@ 

In the dllla prc-proccssing phase of Amharic text for sent imcnt analysis. sc"eral stcps arc 

invo lved to ensurc the appropriate fonnal. Thesc stcpS lIIc1udc punctuation rCllloval , 

L11i n letter removal, stop word remova l, digits removal, tokenil..allon. and nonnahlaUon 

These lin guistic operations arc implemented 10 eliminate word ambiguity and Improve 

the accuracy and e ffectiveness of the researcher's anal YSIs. 

Tokc nization is the process of divid ing the tex t lnlO mdlvidual tokens or words, 

typicall y separated by spaces. This allows for funhcr proccssmg WHhout necessaril y 

understa ndin g the meaning or connections between the words. In thIS work. Kens. a 

Python deep-learning library, is uti lized 10 create a tOkentlcr. 
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I' uncluation marks such as J! -: II • .. ' l d ' 1-, , , .,' ··· f arc remove .Tom the leX I a they do nol 

contribute to the researcher's approach and analysis. 

Latin charactcl'"S and di gits that appear in the documents but do nOt hold any meamng 

or relevance to the research arc also eliminated. 

Word normalization is pcrfomlcd Ie reduce the various forms of II leiter wlthm a word 

to a single (o m l , For example, variations like U l.h, '1 , and.., arc: normah lcd to U. whil e: 

t'1 and UI arc nonnalized to f1 , and" , 1'1 , ~ , and 0 arc nonlllll i7cd 10 " . TIlls proce 5 

helps in achieving consistency and reducing redundancy in the l ex !. 

5.2. Data Annotation 

In the process of data annotation for machine learning. our primary task ;s 10 annOllue the 

data by add ing sentiment-related infolnmtion. The objective is to assign selu iment lube ls 

to each data instance, which typ icall y consists of tex t sentences. nlcse labe ls ~erve to 

indicate whether the sentences convey a positive. negat ive. or neutral scnt iment 

5.3. Scntimcnt Classification 

The senti ment classificat ion section ex plores the backgrollnd of SCnllll1enl cillsslfier 

architecture IIsing deep learn ing models, word embedding, and supervised approaches . II 

covcrs the princip lcs of deep learn ing models and their applie:ltioll III senl1lncnt analYSIS. 

The signi fi cance of word embedd ing techniques in capturing IIlcamTlg :tnd reprcsent Jllg 

words numerically is discusscd. Additionally, the section explores the SUI)CI"\'lsed 

approach, tra ining models on labeled d:lta to predict senti ment labels for ncw lex t 

samples. 

5.3. 1. Word embedding 

A met hod used in natural language processing (NlP) call ed word embedding eTlublcs 

words to be expressed as vectors of actual integers. It is a means to mathematically 

record the relationships between phrases in a high.dimensional space where the l1leanmg 

of words can be represented (Ortis et aI., 2020). Word embedding seeks to a550C\3te 

scmantica ll y rclevant words with vectors that arc within range of one another III me 

embcdding space, It docs this by mapping words in a vocabulary to hlgh-dllnenslonal 

vectors. Wiih the usc of processes like vector addillon and , ector subtraction, \\C rna)' 

. . ' I ' bel 'ccn "'ord, Word cmbcddtn"<o. can be modify Ihc vcctors and Identtfy corre allOns \, . -
. . . h ns predlction·based techmques like 

crcated uSLng a vancty or techmques, suc 

Word2Vcc, GloVe, and FastTcx t, as well ns counl-based techmques like Tcnn 
rr ' IOF) d I tent emantle Anal)~ls eLSA ). 

Frequcncy- Inverse Documenl Frequcncy \ ' I'· nn..a 
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In the instance of the continuous bag-or-words model or the skip-gram modd, 

Word2Vec, a well-known prediction-based method for building word embeddlngs. uses II 

ncural network to predict the likelihood of II word given ils COnlC)(t or the contex t given II 

word. 

5.3.2. I'adding 

Padding is a data processing technique used in machine ieaming, especially. 10 add In rc 

datil to the input to make it the right size or shape. Padding is commonly used when th e 

data needs to be transfonncd or prepared before it cnn be used in II particular model or 

algorithm. Padding is frequen tly upplicd to sequences of dUlu in machine learning. such 

as sent ences of d ifferent lengths in natural 1anguagc or audio sampl es, To Illake shorter 

sequences casier to process with some algorithms, padding is the process o f tlddlng 1eros 

or ot her fill er data to the end of shorter sequences to make all sequences the same length. 

5.3.3. Supervised Approach 

When using a supervised technique, a framework gets trained on labeled dahl . meanlllg 

every input data point has an associated output label . The goal of supervised learrllng IS 

to develop a function for mappinG that can predict the labels of the output for II vel, 

unknown inputs. TIle algorithm has to be fed a set of labeled samples throughout the 

tra ining phase to discovcr the fundamental trends and corre lations between the Input dalll 

and the output labe ls. The framework can be utilized for predicting results for fresh datu 

sets after bei ng trained. 

5.3.4. Deep lea rning models 

To acquirc know ledge and ex tract fcatures from complex data, deep leaming models arc 

a subtype o f artificial neural networks (ANN) mude tip or numerous layers or 
interconnected nodes. TIl ese models arc capable of c:lrrying out :1 variety or tasks, such 

as speech dctection, natural language processing, image recognition. and more. Deep 

leamill g mode ls' capaci ty to leam from huge datasets without manuall y designing 

features is onc of thei r key advdntages. Instcad, the model IS capable o f rec.ogn1l.lIlg 

relevant characteristics frolll the data, which makes them espeCially helpful In Situations 

when thc fundamental trends or stnlctures arc unclear. 

5.3. 4'.1. Recurretlt Neural Network (RNN) 

A parti cul ar class of neural network is created to process sequential d3t3, lIleludlllg tunc-

series data, audio, natura l languagc tex t. and other dat3 with a tcmporal component Thc 

foundation of R~'N s is the idea of using an ident ical set of WClghts O\'cr all time teps 

. f ' d ra tIon and keep track of pnor tnputs. 
As a result, they can analyze lIlputS 0 varylll g u. 
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which helps them predict future OUlputs An RNN's fundamc tid " 1 1 . II a cSlgn UiS n ooplllg 

li nk that enables data to be transmitted from one step to the next. The abi li ty of RNN s to 

cope wi th sequential data with a dynamic length and orientation is their ma in advantage 

over standard neural networks. This qualifies them for a variety of applica tions. 

including sentiment analysis, image captioning, machine translation, and speech 

recognition . RNNs come in a variety of fonns, including the fundamental RN , LSTM 

networks, and gated recurrent units (GRUs). The morc com plex RNN varia nts such as 

LSTM and bi·LSTM arc better at modelin g dependency over lime while pre venting the 

vanishing gradient problem. 

5.3.4.2. Bosic RNN Model 

A particular kind of neural network intended for sequential data processing, where the 

current result is based on the prior input. Each input x I to an RNN is fed into n hidden 

slate h_t together with the hidden slate h_ I-Ilhat came before it. The output y_t is then 

obla ined by pass ing the hidden state h_t through 11 lion-lin car activation rUliction. where 

h_1 = f_ W (X_I, h_ I- I), and Lt ::: !L W(lU), respectively, where C Wand 1L W are non­

linear functions quantifi ed by the weight matrix \Y. The rundamental concept ofRNNs is 

that they can keep a "memory" of previous inpuls by using the hidden state h-," This 

makes the model suitable for jobs like linguislic modeling, recognizing speech, :lI1d 

machine translation since it enables the model to generate recommendations :Iccording to 

Ihe context of prior inputs. Typically, durin g training, a loss runcti on like cross-entropy 

or mean squared error is used to train the model to reduce the v3 rianee between its 

anticipated resul t y I and the tme output y_t* . Backpropag3t ion through time, which 

updates the parameters W using an optimization algorithm like stochastic gradient 

descent (SGD), computes gradients for the paramelcrs W at each time step. The problem 

of vanish ing grad ients is addressed by 11 v'lriclY or RNN Illodilicalions, including Long 

Short-Term Memory and Gated Recurrent Unit networks. whi ch enhance th e model's 

performance on long-tCnll dependencies. 

5.].4.3. Gated Recurrent U/1it (GRU) 

GRU s are made to handle sequential data, just like LSTMs. and arc especially userul for 

applications that ca1l ror capturing long-tcrm depcndeneies (Mu, 2022). RUs and 

LSTMs differ pri marily in that GRUs havc a more strnightfor.vard architecture and rewer 

P t S
" "I LS1"M GI'Us "sc gat ing techniques to regulate the exchange of 

aramc crs. um ar to S, ' ' 
"" 1 1 1 tWO "a'cs as opposed to three. The 
H. formatlon a-:: rosS the network, but tley on Y lave o' . • 

r tl tWO "IlICS in a GRU. nJ(~ update gate 
reset gate and the update gale arc the names 0 Ie 0 ' 
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in a GRU defines what percentage of the latest hidden slate should be based on what is 

currentl y input and how much should be based on the previous hidden stale. The reset 

gale in a GRU determines how much of the previous hidden Slate should be forgotten. 

GRUs arc particularly suited for tasks that involve model ing long-tcnn dependencies 

because they can arbitrarily modify and forget data over lime uti lizi ng these gating 

processes. 

5.3.4,4.LQng Short-Term Memory (LSTM) Model 

An RNN architecture design was created primari ly to overcome the vaniShing grad ient 

issue with conventional RNNs. The difficulty in the model's abilit y to leam dependencies 

that last forever is due to the vanishing gradient problem, which happens when gradients 

get too small to be effective during backpropagation across tillle (BergSlrom & Hjelm. 

2019). The state that is hidden h_t and the cell state c_t in an LSTM modcl arc calculated 

using gated units that regulate the information Oow. The entry gate, forget gate. and 

output gate are the names of these components. 

5.3.4.5. Bidir ectional LSTM (Long Short· Term Memory) model 

a specifi c variety of rccurrent nellral networks that can process scqucntial data both 

forward and backward. It's compriscd of two LSTMs, onc of which moves thc input 

scquclll.:c fo rwanl and the other of which moves it backward (Arom & Bansa l, 2022). 

The in put sequence is given to the ini tial LSTM laycr at the forward pass, which crcates 

a serics of hi dden slates that store the previously leamed information. The second I..STM 

layer receives the input sequcnce during the baekw;ml pass in reverse order, creating a 

series of hidden states th at record thc data from the fu ture. The final output sequence is 

created by concatenating the results from both I..STMs. When anticipating the subsequent 

word in a phrase or the nex t element in II time serics, the kcy benefi t of utilizing a 

bidi rectional LSTM is that it can takc into account both past and future con tcxt. 

5.3.4.6. Con vo lutional Neural Network (CNN) ModeJ 

a specific class of deep neural network model that's main ly uti lized for Image and Object 

ident ifi cation tasks. By convolving many (ilters o\"er the input and employing poohng 

procedures to reduce the size of thc resulting feature maps, it is intended to analyze 

infonnation wi lh a grid-l ike structure, such as photographs or audiO spectrograms. 

Convo lut ional layers, pooling layers, and ent irely eonn ccted layers make up the 

founda tion of a CNN. Convolutional layers produce a set of feature mapS by applying a 
" "I" 1 duces the spatial si1e of the maps by 

co llecti on of fi lters to the II1pUI. Poo ll1g ayers re 
, I ,s nrc l)rOCesscd by fully connccted 

downsampling th e fea ture maps. The Icature 11\ 1\ 
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----------------------~ ... 
layers to produce a fi nal prediction or classification. Several convolutional laycrs :m: 

followed by pooling layers, which are foll owed by a few fully linked layers that make up 

a standard CNN design. A softmax layer, which produces possibili ties for every category 

in a classification job, is typically the last layer of a CNN. By adjusting the weights of 

the filters and fully connected layers while learning to reduce a loss fu nction , inclu.ding 

cross-entropy loss, CNNs can be trained via hackpropagation (Uprcti , 2022). 
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Chapter Six 

6. Experiment and Performance Evaluation 

6.1. Introduction 

In th is chapter, we present the results obtained from the experiment conducted based on 

the concepts discussed in the previous chapters. This experiment aims 10 identify the best 

polarity classification solution among five deep learning algorithms, name ly CNN, 

simple RNN, LSTM, Bi-LSTM, and GRU. The researcher used supervised learning 

techniques to evaluate their effectiveness in identifying sentiments. 111e test data size 

used in the experiment was 0.2, and the train-lest split was implemented using the Scikil­

learn Python machine learning library via the train_test_spl it 0 function. 

To guarantee the rel iabi lity and correctness of the findings, the researcher used various 

types of archi tecture, parameters, data size, optimizers, and pre-trained model s to protect 

the models from underfitting and ovcrfitting. The purpose of my thesis experiment was 

to explore and transfonn raw data using the Python libraries Pandas and Numpy. These 

libraries were essent ial for cleaning and processing the data to prepare it for analysis. To 

aid in the visual ization of the data, I uti lized the Matplotlib, Seaborn, and Plotly libraries. 

These libraries allowed me to create insightful graphs, charts, and interactive plots that 

helped to illustrate key trends and patterns within the data. To bui ld and train accurate 

predictive modcls, r employcd a range of AI and machine learning techniques using the 

Scikit-Jeam, TensorFlow, Kerns, PyToreh, and XGBoost libraries. 

These libraries prov ided a powerful set oflools for model selection, feature engi neerin g, 

and evaluation. In gcneral, my usc of these libraries cnabled me to conduct a thorough 

and comprehensive analysis of the data, yielding valuable insights :md predictive models 

th at could be used for future research and real-world applications. TIle findin g:, of this 

experiment wi ll be useful for sedtiment analysi s applications including sociai media 

monitoring and client feedback analysis, and product review anal ysis. The results 

obtained from this ex periment will help researchers and practitioners in sclecting the best 

I 
. . d . nl,·n,cnl ana lysis systems' accumcy. 

a gOl'llhm to snalY-.le sentiment an lOcrease se • . 

6.2. Dataset 
, . I d· I c'dl,"ncs and comlllents and labeled them 3S 

We scraped data ll'Om soCta me ta 1" ' 

positive, negative, and Neutral, which consists of a IOtal of 45.000 roWS We 

d fill erinl' out ell1ojis, numbers, t\lld 
preprocessed the data by, removing all slap war s. t:> 
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symbols, normalizing characters, toko!nizing each word convcrt,·ng Ih I , em 0 sequences, 

and padding the sequences to a maximum length of 10. 

6.3. Evaluation Metrics 

In our deep learning sentiment analysis model experiment, we used a variety of 

evaluation indicators to as~ess the model's pcrfonnancc, including Accuracy, Precision, 

Recall , F I score, and ROC AVe. There arc several reasons why we might choose to tlSC 

multipl e evaluation metrics. 

Accuracy: is a widely used evaluation metric for lext sent iment prediction mode ls. II 

cal culates the percentage of all predictions that the model made Ihal was accurate. 

Accuracy, then, is a measure of how frequently a model can (Inlicipme a text's emotional 

content. Even though accuracy is a useful metric, it might be deccptive in somc situati ons 

where there is a class imbalance. Class imbalance occurs whcn one senti ment is much 

more frequent in the data than the others. In such cases, the model may be biased towards 

the more common sentiment, resulting in high accuracy for that panicular sentiment but 

poor performance for the other sentimcnts. This could result in an elToneously optimistic 

assessment of the model's efficiency. Other eva luation metrics, lik e precision, recall , and 

F I-score, can be utilized to get around this problem. These measurements arc marc 

resis tant to class imbalance since they account for both true positives and fal se positives. 

Because of thi s it's crucial to choose evaluation criteria carefully based 0 11 Ihe paniculars , 

of the task at hand. 

' )I'ccision: is a machine learning assessment metric used to gauge how well a model 

performs at foreseei ng positive occurrences . In the realm of elllotion an3 lysis, positive 

instances might refer to texts that do so. Precision is defined as the proportion of the 

model's positive predictions that arc accurate. In other words, prccision quantifies the 

modcl's accuracy in forecast ing positive in stances, or the percenlage of positive instances 

correctly predicted out of all positive instances anticipated. Preci sion is espccially helpful 

when reducing false positives is crucial. 

A 
C I . . J . d · J d· agnosis for instance could prompt needless 
la se POSitive resu t In a me Ica " .. , ' 
. . . h ' t To reduce the possibilit y of false 

mcdlcatlon or surgery that IS hannful to I e patten. 
. . d J . I " J)recision is essential. As a measure 

POSitives in sueh circumstances, a mo e Wit 1 gre. 
. . . .' lSt:U1CCS precision is a valuable 

of the effect iveness of the modcl In forecastmg positive II. , 

J
. d Is It is particularly relevant in 

measure of assessment for sentimcnt ana YSIS mo e . 

circumstances when limiting fa lse posil ives is important. 
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Recall : This is a crucial evaluation parameter used to judge 'how well deep-kaOlins 

sentiment models perfonn. It calculates the percentage of real posit ive sa mples in the 

dataset that the model correctly predicted as true positives R e II th I . c a , en, assesses t Ie 

model's accuracy in properly identifying every positive sample in the dataset. The recan 

is very-helpful when minimizing false negatives, which arc instances where the model 

predicts an inappropriately adverse outcome for a positive sample. For instance, fal se 

negatives in illness detection can be extremely dangerous because they can result in II 

delayed or missed diagnosis. Simil arly to this, fal se negatives in spam filtering might 

cause critical emails to be ignored or fillered into the spam folder. 

Reca ll optimization allows the model to better recognize all positive samples. this cnn 

assist to lessen fa lse negatives and enhance the model's overall performance. The 

percentage of true positive forecasts and generally favorab le predictions provided by the 

model is measured by precision, which is an important factor to consider whi le 

max imizing for recall. Therefore, depending on the particular use case and model 

objectives, it is crucial 10 achieve a compromise between reca ll and precision. 

FI sco re: The F l score is a popular evaluation statistic in deep nmchine leaming 

sentiment analysis . It is a perfonnance metri c for the model that accounts for both recall 

and precision, giving a balanced picture of how effectively the model perfonns on both 

positive and negative classes. Out of all the cases the model has classifi ed as positive, 

precision measures how frequent ly it docs it accurately. Contrarily, reenll is a 

measurement of how frequent ly the model properly recognizes all positive cases. The 

harmonic mean ofreeall and precision is the F l score. 

The Fl score will be low if either precision or recall is poor since the hannonic mean 

gives more weight to the lesser of the two figures. Since it offers a bal:mced assessmen t 

of the mode l's efficacy on both positive and negative classes, it is a helpful Illetric when 

the classes are unbalanced. When there is a trade-off between recall and precision , the Fl 

score is a useful metric. For instance, precision may be more important in sent imcnt 

analys is if we wish to avoid mislabeling negative sentiment as positive. As an 

alternative, if we want to ensure thai we don't overlook any instances of unfavorable 

sentiment, we could wish to prioritize recollection. We can detennine the ideal ratio 

between these two parameters using the Fl score. 

RO C AUC: ROC AUe (Receiver Operating Characteristic - Arca Under the Curve) is a 
. t ' 1 an:llysis ll v comparing 

frequently used evaluat ion statisti c in deep learning sen l111en " . J • 

. . (FPR) for various threshold values. It 
the trlle positive rale (TPR) and fal se prySl tlve rate ' 
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assesses the model's capacity to distinguish between positive and negative classes. The 

TPR and FPR values of the model are shown against onc another for various threshold 

values to determine the ROC AUe score. The percentage or lrue positive cases that the 

model correctly classifies as true positive is represented by the TPR, whereas the 

proportion of true negative instances that the model wrongly classi fies as true posi tive is 

represented by the FPR. The resu lting figure is a curve that shows how well the 

algori thm can differentiate between positive and negative cases when the threshold for 

class ification is altered. 

The ROC AUC score is the area that is underneath Ihis curve, which has a mogc of 0 to 

I. A score of 0.5 denotes guessing at random, whereas a score of 1.0 denotcs the nllwless 

separation of positive and negative groups. The model's perfonnancc is summcd up in a 

singlc number by the ROe Aue score across all potential threshold val ues. It is 

especia lly helpful when the classes arc unbalanced because it gives a total assessment of 

how well the model can categorize both bcneficial and detrimental examples. llle RO 

AUe score is particularly helpful since it cnables the user to select the best threshold for 

classification based on their unique requirements whcnever the cost of fal se positives and 

fal se negatives isn't equal. 

6.4. Model Architecture and parameters 

The choice of init ial parameters in machin c lellrning model s is innuenccd by existing 

research and literature. Different initial parllllleters arc explored during experimentation 

to achi eve optimal resu lts. Factors such as model complexi ty, problem.specifi c 

considerations, generalization, over fitting, optimization landscal)C, and model 

ini ti al ization methods all playa rolc in determ ining these plIrameters. Researchers aim to 

slrike a ba lance between model performllllce and gcncralization to ncw data . In this 

speci fic case, various types of architectures, parameters, prc- lTained tokcnizers, and pre· 

trained word embeddi ng have becn used fo r different models. 

The LSTM model includes LSTM laycrs with 32 ncurons cach, followcd by a DCllse 

layer with 64 neurons and an activation f!.lnction. A dropout mtc of 0.5 is cmployed to 

prevent overfitling. The modcl also has twO final Dcnsc layers wi lh 32 ncurons and a 

. . ..' . d ' d cmbedding of dimcnsion 100 IS added 
SIgmOid activatIon functIOn. A prc-tra1llc \\or 

for the Amharic languagc. Thc eNN model architccturc consists of a convl d laycr \V1th 

32 ncurons, followed by a global max pooling Id laycr and anothcr Dense laycr With 32 

rate of 0.5 ,'s used 10 ])revent ovcrfilling. Similarly. a pre-trained 
neurons . A dropollt 
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word embedding of dimension 100 is incorporated for the Amharic langullge. The R 

model architecture consists of a simple RNN layer with 32 neurons, 0.2 12 kernel 

regularization , 0.2 12 rceurrent regularization , a balch nommlization layer, anOlher dense 

layer with 32 neurons, and a dropout layer with 0.5 . It is followed by II fully connected 

layer with:: sigmoid activation function . 

Thc G RU modcl architecturc comprises a GRU layer with 32 neurons and 0.2 12 kernel 

regu lari zation. It is connected to a fully connected loyer wilh II sigmoid aCli"olion 

function . A dropout rate of 0.2 is applicd before the last layer to prevent overfiu ing. The 

hi-directional LSTM model architecture includes a bi-directional LSTM layer with 32 

neurons, 0.01 12 kernel regularization, and 0.01 recurrent regularization . [t is connected 

to a dense layer of 32 neurons and a dropout of 0.2. Finally, a full y connected layer with 

a sigmoid activation function is employed. A dropout rate of 0.5 is used before the last 

layer to prevent overfill ing. 

6.5. Experiment Results 

6.5.1. LSTM Model Results 

The implementation of additional data, pre-trained word embeddings, and pre-tmined 

token izers allow us to enhance the extraction of meani ngfu l insights and predictions from 

textua l data. However, during the training of our model, we carefully tackle the 

challenges of ovcrfitting and underfitting to achieve thc most approprillte model fit . By 

adopting the appropriate methodology, we ensure that our modcls cffectively capture the 

subtleties of language, resulting in reliable and valuable outcomes. Our LSTM model 

. . 0 1 I .. ( 'ld a (cst accuracy of 79.41 % 0 11 the demonstrated a prcclslon of 80 10 on t Ie trallilng se ,,\ ., 

test sel <md the ROe AUe for the model was 0.87. The tabl e below ill ustrates the 

precision, recall , and FI score for both positi ve and negati ve classes: 

Table 2: LSTM precisiQn. Recall. FI score RCSIlII 

Met ric Negative l'ositi\'(' 

Precision 0.79 0.80 

Recall 0.74 0.84 

Fl Score 0.76 0.82 
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6.5.2. CNN Model Results 

• • 

• » 

Fo llowing th e incorporation of additional data and pre-trained word cmbcddings, a 

noteworth y enhancement in the pcrfonnancc of our model has been observed, whil e 

success full y avoiding any il'slanccs of overfilling. Notably, the cOllvcrgcnc:c speed of the 

model surpassed that of the LSTM architecture. However, it is iml)Ortant to acknowledge 

that Ihe accuracy of C'lf model fell short of th"l achi eved by LSTM. It is imperative to 

bear in mi nd that the selection of the most appropriate model hinges upon the precise 

specifications of the problem at hand. Our CNN mode l demonstrated an accurney of 

82.9% on the training set and 77% on thc test set. Furthennore. the model exhibited 11 

Rece iver Operati ng Characteri stic Area under the Curlc (ROC AUC) value of 0.85. For 

further evaluation, the precision, recall , and FI score about both posithfe and negative 

classes arc presented in the foll owing table: 

Table 3: CNN predsiol/, Recoil, f"J score ResullS 
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Metric 

Precision 

Recall 

FI Score 
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6.5,3. RNN Model Results 

The introduction of additional data and pre·trai ned word embeddings yielded poSitive 

outcomes by e ffectively mitigating ovcrfitli ng and enhancing the performancc of the 

model. However, despite these notable improvcmcnts, the model under considcration 

displayed the lowest performance among all the models explored, exlnbitmg a 

considerable degree of variability. This emphasizes the significance of employmg 

diverse approaches and tcchniqucs when developing Illllchine learning models, as \,,'cll as 

the necessity for fu rther experi mentation to cffectivcly address ovcrfillmg and OpllmllC 

the model's perfonnance. Regard ing our RN I model, il aclncved an aceurocy of 73 .1'!. 

on thc trai ning set and 73.3% on thc test SCI. Fun hcnnore, the model yielded a Reeclver 

Operating Characteristic Area Undcr the Curvc (ROC AUC) value of 0.81 The 

prceis ion, recall , and F I score for both the positivc and ncgalivc clnsscs arc proVided m 
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the (1Jllowing table: 

Table 4' Precision rec If Q • an dFJ rtsulu for (hI! H.NN ",odd 

Metric 

Precision 

Recall 

Fl Score 
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6.5.4. GRU Model Results 

.. ..... ~ 

• 

Among the various models investigated, our GRU (Gated Recurrent Unit) model hns 

dcmonstmtcd superior performance, ex hibi ting notable gains in aecurney and reduced 

loss. Particu larl y noteworthy is the GRU mOOeJ's abi li ty to make improved prc(hcllons 

on the test SCI, showcasi ng its proficiency in copturing the underl ying pallcms within the 

input data . Thi s outcome serves as a testament 10 the efficacy oflhc GRU archllecture for 

tasks involving sequential data model ing. The findings obtained from this study have the 

potcnt ial to s ignificant ly cn:lance thc perfonnance of diverse applicatIon .. thai rely on 

sequence modeling techniques. our GRU model achie\'cd an accumey of 82.972'/, on Ihe 
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train in g set, while on the test set, it achieved an accuracy of 82 .49%. Aduitiollally, the 

exhibited a Receiver Operating Characteristic Area Under the Curve (ROC AUq 

f 0.90, signifying its strong discriminatory power. The precision, reca ll , and FI 

or both the positive and negative classes are presented in the following table: 

model 

value 0 

score fi 

Table 5: GRU precision, Recall, FI score Resu/ls 
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6.5.5. 

The 

Bi· LSTM Model Results 

Shol1-Tcnn Memory) model ex hibited a positive 
bi-directional LSTM (Long 

chara 

Howe 

subpa 

patten 

" " f overfilling which is a notable advantage. 
cterisli c by demonstratmg no sIgns 0 , . 

1 d ' IS perforlllance was rclaln ely 
vcr, in comparison 10 Ihe olher models eva uate , I 

r. The model struggled to effectively capture the underlying rcl~lionships ~n~ 
" "its dilllin ished pcrfonnallcc. our bl·LST ,I 111 c 

1S present in the data, resultlllg 111 
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ach ieved an accuracy of 74.6% on the training sct and 74.2% on the test seL 

Additionally, the model obtained a Receiver Operating Characteristic Area Under the 

Curve (ROC AUC) value of 0.83, indicating a moderate level of discriminatory power. 

The precis ion, recall , and FI score for both the positive and negative classes are provided 

in the fo llowing table: 

Table 6: 8i-LSTM model precision. recall. and FI JCQrtl reJl.llu 

Metric Ncgaliv~ 1'05111\'( 

Precision 0.72 0.71 

Recall 0.72 0.74 

FI Score 0.72 0.72 
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6.S.6. Data size and model accuracy dependency res ult f 
bserved 10 greatly enhance the accuracy 0 

Increasing the size of the dataset has been 0 . 

. . hi between the number of data Instances and 
algorithms. Thi s suggests a direct relations p 

the dataset grows. the accuracy of the 
the resulting accuracy, indicating that as 

algorithms al so increases. 
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Accuracy as a function of tr3ining data size for different deep le:ami mode _. ~ 
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Figure 14: Dala size effecl onfille Jup learning model uccurocy. 

The plot shows the accuracy achieved by deep learning modcls on the Y-axis, as a 

function of the training data size on the X-axis. The modcls compared arc COllvolutional 

Neuml Networks (CNN), Simple Recurrent Neural Networks (RNN), Long Short·Tent1 

Memory (LSTM), Bidirectional LSTM (Bi.LSTM), and Gated Recurrent Unit (GRU) 

algori thms. At small er data sizes, all models tend to have lower accuracy. 

However, as the amount of training data increases, the accuracy o r the models improves. 

In genera l, models that are not complex, such as GRU and LSTM, tend to have better 

accuracy than complex models likc RNN, CNN, and Bi -LSTM. At a certain point, the 

llccuracy of cllch model levels off and stops improving with additiona l data. 

Depcnding on thc particular dataset and task at hand, Ihis moment may change. 

However, in general , the more complex models Icnd to require more data to reach Ihis 

point of diminishing returns. The plot demonstrates a clear correlation between the 

volumc of training data and model precision. and that more complex models tend to 

perrorm better with larger amounts of data. 
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Chapter Seven 

7. Conclusion and Recommendations 

7.1. Conclusion 

In conclusion, the utilization of data collection and annotation methods and technologies 

proves to be highly beneficial fo r the development of Amharic sentiment analysis of the 

politi cal corpus. In Ethiopia, the scarci ty of avai lable datascts for research purposes, 

particularly in the field of sentiment analysis, poses a sign ificant challenge. With limited 

AI and media organizations collecting, processing, and providing data for academic usc, 

and cumbersome registration processes on most crowdsourcing siles, altcnllllivc 

approaches become necessary. By employing Python scraping scripts for data collectioll 

and leveraging freely available wcbsilcs to facilitate manual annotation processes, 

researchers can overcome these obstacles and obtain valunbl e datasets for academic 

research. 

FurthemlOre, this study demonstrates that deep learning models yield the most accurate 

results when analyz ing sentiment in Amharic. Factors such as the size of the tmining 

data, regularizatio n techniques, and optimization strategies great ly innuence the 

performance of Amharic sentiment analysis models. The implementation of add itional 

data, pre-trained word cmbeddings , and pre-trained lokcni zers enhance Ihe extraction of 

mean ingfu l insights and predi ctions from textual data in the supervised approach for 

Amharic sentiment classification. 

Among the class ifi ers evaluated, including GRU, LSTM, CNN, Bi ·LSTM. and R N , 

respective resu lts (82 .49%, 79.4 1%, 77%, 74.2%, 73.3%), the GRU classifier achieves 

the highcst a~curacy, with results of 82.49%, Qutpcrfonn ing LSTM, CNN, Bi· LSTM, 

and RNN classifiers. This indicates that, despite the li mited data available, less complex 

models like the GRU classifier arc more su itable for supervised Amharic senlimelu 

classification compared to LSTM, CNN, Bi·LSTM, and RNN deep classifi ers, 

Morcover, this study highlights the deep learni ng model's ability to learn intricate 

. . r fi · . lly when working with small 
pauems but a lso emphaSIzes the fisk 0 over lltmg. especta 

datasets. To mitigate this, employi ng various regularizat ion and optimization strategies 

b 
. . 1 1 'rr this research underscores the 

ecomes essenti al 10 obtam the best resu IS. n summ , 
. . . d t' ethods and technologies for 

s lgmfi cance of employing data collection an armola ron m 

Amharic sentiment analysis. It also emphasi zes the advantages of utilizing deep Icamlllg 
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models and the importance of careful consideration when selecting classifiers, 

regularization techniques, and optimization strategies. Oy addressing these factors, 

researchers can maximize the accuracy and effectiveness of Amharic sentiment 

class ifi cation and extract meaningfu l insights from limited data . 

I-fere (Ire some remarks tllal could be forwarded 10 readers 0/ a thl!!i;l· or future 

de.,e!opers a/sentiment analysis: 

I'd like to share a few observations based on the results of this thesis. First of all , it is 

crit ical to emphasize that although thi s study offers encouraging results for analyzin g 

feelings in the Amharic language, more research is required to assess lhe models' 

generalizability and robustness using diverse datasets and situations. 

Moreover, the practical implicati ons of this study 3re vast, espeeially In disciplines 

including consumer feedback analysis, market research. and social media mon itoring in 

Amharic-speaking regions. The potential for sentiment analysis in these areaS is 

enonnous, and Future research can be bui lt on tbe findings of this study. 

In addi tion , fo r future researchers who plan to usc deep leaming approaches, a signifi cant 

volume of labeled data is necessary. Deep learning algorithms have higher performance 

and deeply learn patterns, which can cause overfill ing in small dataset sizcs. TIlerefo rc. 

us ing simple layered deep it:arn ing models like GRU, simple RNN, or redueil1g 

parameter s izes, such as dropout rate, dense layer, learning rate, batch size. and epoch 

size can help in reducing overfitting and improving pcrfonnanee. 

Lastl y, furt her research could explore the applie;lti01l of pre-trained Fast Text word 

embedding in other languages and domains. Th is could lead to the creation of sentim ent 

ana lysis model s that are more precise and effective in various languages and domai ns. 

In conclusio n, sentiment analysis in the Amharic language has significant potent ial, and 

thi s research offers insiohtful infonnation on the creation of models using deep learning 
o 

for sentiment analysis. However, there is still much to ex plore and improve upon, and 

future researchers can build upon the findings of this study to further advance the fi eld of 

senti ment analysis in tbe Amharic language. 

7.2. Recommen datio ns 

Here arc some suggestions based 011 research examining the vmbility of deep learnlllg-
. . .. . nvirontTlent of political debate 

dn ven analysis of sentiment for Amhanc oplTIIOnS m an c 

in Ethiopia: 

7.2. 1. 
Increase the size of the dataset: Although there is no standard 
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sentiment corpus available for Amharic sentiment classification 

experiments, the researcher can gradually improve the accuracy of each 

model's performance, and enhance the dataset. More data on training 

can significantl y improve how well the suggested strategy perfomlS. 

7.2.2. Usc pre-trained word embedding: The study found that using pre­

trained word embedding achieved beller pcrfonnancc compared to 

other models such as word vec, GloVe. There fore, th e researcher should 

usc the fast Text open-source library deve loped by Faccbook AI 

Research to develop a bcttcr-pcrfonn ing senti ment analysis as it 

includes pre-trained word embedding for va rious languages, including 

A mharic . By using pre-trained models, the researcher call save time 

and computational resources and focus on otJlcr aspects of model 

development 

7.2.3. Use different regularization and opthniza tion strategies : The study 

used several types of architecture and parameters And found Ihal using 

32 neurons, followed by a Dense layer with 64 neurons, a dropout rale 

of 0.5, and a fina l two Dense layers wilh 32 neurons, and the last layer 

w ith a sigmoid activation function, and using different Trni ning 

Procedure achieved the best result. The researchcr should consider 

us ing these specific modcl architectures and parameters to achieve 

better results. 

7.2 .4. Use pre-trained Tokcnizcr: The study fou nd that using a pre-trained 

Tokenizer may greatl y incre(lse the precision and effectiveness of 

activities involving natural language processing. By improving the 

qual ity of the modcl. Therefore, the researcher should usc a trained 

Tokenizer that has been properly trained \0 recognize words on a 

spec ific dataset or corpus of text and classify different patterns and 

structures within the text. 
. . d t' the researcher can increase the 

Fmall y, by implementing lhe aforementlOllC sugges IOns, 
. . . r . e t for Amharic opin ions III the 

vmbllity o f deep learning-powered analYSIS 0 senum n 

contex t o f Ethiopian political debate. 
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Annexes 

Annex A: The user interface of Python data scraping scripl. 

Annex B: Sample of collected data. 

,_.,_ • ..-..;,_"" __ .... "',....,.,..,...,~l< ..... ~ __ _ 
- - - -'..... '- "". -- <- ........ ._ .... .. . ,,: .. • •• .. ... ........ • •• _. 

• •• •• • ~!' <11 ....... <_. ~ . , 
,- """ , 

'. ( 0 • • Q • =::-1 __ ' .. _ """'.......,. . .."......,, __ ........ 1pUo. '_~ .. '~~""""'-,.. 

... .".(' ...... ~ ...... , ....... '" - --- --........ ,- .. ,""""",.,. ~ .. """ • t 'll\ _ AlC ' ..... --................. _ .. """"""',, t>IO>I>. UiU' 
nco _ fIW' """ ."c M' >'If .\t~, _1Jf. "','" ---,- .. """",\0,>1, QfO>f1I~ __ 00f000 .... _-·--,.· --

,-~ .. _'m, _ ".-'" • .y,,'t1\lW1"""""'M ----..... _' .... - -- _II,,,,,., • -_ ..... 
" _.- • .c~s ---- 0>/021>,10.1- • 
" -- .,.'tol"lVII!\U~"'" I\>I~ . .... on ' ----- Ol/Illhl """'-" • 
u ,-- ,---..-.,---'-" ----- o>tWII,"""lI • 
U -- _ ...... -"-_ .... _------.--............ " 01/CJlf1 .... , ... • --u • -~- -~ -- • .... ~ 
u u --- --_ .. _-, ....... -_ ... --"'Y.IOD&"" . ' .~t>/tl_ ... • 
" " -- , .. _-... " .. _------_ .. _ .. ---.... ,'" ... " .. ' .""'tn""''' u " '''''''~- --................. , 0lI0>.'''' ,,,.0 .. • - ..... - --" .. , .. _- ... ,,.,.,..no>J OJ/O>llJ , t"-l ' -U -.. .. -- I'\Pt( ' ... I.n ...... .to,...,,.. --.. ... ,,,,,,,mom tl/CJlfll.-A"'" 

" ... oto h .... '- ... """""""" tJ/f>I/U "oS'''' •• '011 "' .... --.. .. _l~~~'·-, .. - -----. .. , <Q>nt> •• " ,,"""' .... -. 
u " ~.-"" 

11\0"""".&1-"'1"" H\.IOrtI1<& I.I-,.. ' W ___ .. ,~"" .. "~,, .. ,~ .. 
u " 

... __ ...... H\t. !l..H'I1I1111fl1'''' . ~~N<fl . ... t''-.. -
" 

"" ,""""""'" ~""). • _ .... '" M-t nt_ ........... l-Nlf'1tf1"'t- . .... -~' .. ---.. "'~ ~"u~.u • 
" ~-

.. ,,,,,,,,,,,,,," <~O"',.:>O • ..,/.P'~ t1( ff'U .... ~.".P' ..... -~ .... "-.... '-_.- " ---
70 



Annex C: Amharic character homographs. 

mharic character ormalizeto character mha ric character orm"ze tocha:rxt 

• ~ . O 

Annex 0: Labialized Amharic characters 
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Annex E: Us cd Python libraries dur ing an c,;pcrimcnt. 
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Ann ex F: Sample Epoch of the model. 
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Annex G: Python script for pre·processing 

I I Mf'iI.. ' ._.(hl, 
_ .11.'_' II .... , .... ,- ]" 

<I ....... I~ l or .. I~ , ..... '11111(" 'I II _ ~ I. i'OO._J 
_.11 •• _._1' '.pv.I,I'_) "Vblll 

,.1 __ ~._lh/h): 
_.1> , II 
.... , .... ,. 10, 

_.I •. • .,.06/_jl.""'I.<o._jljl_1 

Mf .joI" ........... I.I.< ...... (hl: 
,.".1 •• [J .... ,u. I. II: 

t • • , • ",(t .. !) 
I . .. • .... ""'("[ ·1 · • • ' ,u.q 
_lI'04 . .... • ro . • uII("[II\fIO\ JI"-"\o\lI·\(I)\..II'JI(')I:\·I·'.I·\·\·,·III.I.I.V\"",,\\\ I \ '\., ,." \ 
_.I0._"'( _ _ U,od • ••• , ) ........ _.1. 

Mf _.,,'11.""._'0'): 
_.10 • \I 
' ........ 1_ I. h : 

••• \.1_ • ",( t .. ,.I.,.'1 
........ _ .... II ••• •• J!>( ·[":;C"."] • ,,,'1.1_) 
.... .... . J!>(. 11'1",,... ,.urc, 'J.' ....... - . - . .. (11) 

73 


