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ARTICLE INFO ABSTRACT

Sentiment analysis is a (g@ processing technique aimed at identifying
opinons and emotions wa a sentence. Machine learning is commaonly
applied in this area, with algorithms such as Naive Bayes, Support Vector
Machine (SVM), and Random Forest being frequently used. However,
achieving optimal accuracy remains a challenge, particularly when dealing
with unstructured text data, such as content from social media platforms.
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predictive strengths of several base models. The base models selected for
this study are Naive Bayes, SVM, and Random Forest, while Random

Machine Leaming Forest also serves as the meta-model to generate final predictions.

The study focuses on sentiment analysis in a specific context—public
opimon following the announcement of the Indonesian presidential
election results in 2024, The dataset comprises 6,737 tweets collected from
the X platform using web scraping technigques in 2024, Results show that
mdividual models achieved varying levels of accuracy: Naive Bayes at
SVM at 77.74%, and Random Forest at 74.78%. In contrast, the
g ensemble model achieved a sign ntly higher accuracy of
b 15 improvement highlights the effectiven of ensemble
leaming in integrating different algorithmic perspectives to enhance
predictive performance. By leveraging the complementary strengths of
cach base model, stacking not only boosts accuracy but also increases
model robustness, making it highly suitable for real-world sentiment
analysis applications that involve noisy and mformal textual data from
social media.
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1.  INTRODUCTION

The Ensemble Leaming is a method in machine leaming that combines several models o create a new
model that is stronger than and has superior performance compared to when the algonthms are used
individually [1], [2]. There are several ensemble leaming techmiques such as bagging, stacking, averaging
and boosting, each technigue is mguished by how the model s trained and combined [1].

Stacking is an ensemble learning technique that works by combining the results of several different base-
models. Each base-model will learn and have its own prediction results, after that a final model will be
created which will combine the prediction results of all the base-models which is called a meta-model [3],
[4]. The Stacking technique is based on the idea that cach basic model has its own advantages and
disadvantages [5]. By combining predictions from different base-models, the resulting meta-model can
learn and balance these advantages and disadvantages appropriately, so that the overall performance of the
stacking model can exceed the performance of any individual model and makes it a fairly pood technique
for improving predictive power of the ¢l r [6]. [T]. This is the advantage of the stacking technique
compared to other ensemble leaming technigues and makes stacking a suitable technigue for creating
maodels for processing quite complex data such as sentiment analysis [ 8]

Sentiment analysis is the process of understanding, extracting and processing textual data automatically
to obtain information on opinions, feelings and emotions contained in a sentence [9]. Sentiment analysis
aims to understand a person’s level of satistaction and dissatisfaction with a service or product, as well as
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understanding public perceptions regarding a person's agreement and disagreement with a particular topic
[1o]

Sentiment analysis is generally made using cla ation algorithm models such as Support Vector
Machine (SWM ), Decission Tree, K-Nearest-Neighbor (KNN), Naive Baye: ete[11],[1
Several cl ication algorithms have been used in several previous studies regarding sentiment ana
carried out on opinions taken from social media X or Twitter in Indonesian and each algor:
accuracy [11]. Comparing the SVM algorithm with other algorithms such as Naive Bayes, Deci
and KNN in sentiment analysis with different cases or topics, the result is that SVM accuracy is better when
compared to other algorithms. Even though Naive Bayes 1s not superior inaccuracy to the SVM algonthm,
if we refer to rescarch conducted Naive Bayes sull has better accuracy results when compared to the
Decision Tree and KNN algorithms [13]. Then, if we refer to research which compares the Random Forest
algorithm with other algonthms such as Naive Bayes, KNN, Decission Tree and Lo Regression, it can
be seen that Random Forest produces better accuracy than other algorithms meludmg SVM [14]. Other
research that shows that Random Forest is superior to SVM is research From these studies, it can be seen
that the Random Forest, SVM and Naive Bayes algonthms are some of the algorithms with the best
accuracy in terms of sentiment analysis.

Even so, sentiment analysis isnot an easy task to do. The complexity of language and vanations in human
eXpressions in various sentences make sentiment analysis a challenge [15],[16]. Building a model that can
produce accuracy and good performance is also a challenge in sentiment analysis [17] especially sentiment
analysis of unstructured text, for example data taken from social media such as X or Twitter has its own
challenges because the language used is usually not appropriate. standard words, involving abbreviations,
as well as words that are not in the dictionary, thus affecting accuracy[ 18], [19]. So the accuracy of the
sentiment analysis model can still be improved with the help of other methods, for example by using the
ensemble stacking method.

Based on the description above, a sentiment analysis model will be built using the ensemble leaming
stacking method, with the aim of increasing the accuracy of the model in sentiment analysis on unstruc
text, which in this case is data collected via the social media platform [10], [20]. This senti
public's opinion regarding the results of the 2024 Indonesian Presidential Election. We propose to use Naive
Bayes, Random Forest and Support Vector Machme as base models and Random Forest as a meta model
because these models are suitable for sentiment analysis and have been widely used by previous rescarchers.
Besides that, these models also have different charactenistics.

METHOD
The research flow presented in this experiment outlines the structured steps taken to achieve the
objectives of the study. It begms with the wentification of the problem, which serves as the foundation for

formulating the research questions and determining the appropriate methodology. This initial phase is
crucial to ensure that the rescarch direction is clear and aligned with the intended goals.

Following problem identification, the flow continues through stages such as data collection, analysis,
and interpretation. Each step is mterconnected, allowing the pro to build logically upon the previous
one. This structured approach not only helps in maintaining the consistency of the study but also enhances
the reliability and validity of the results obtained.

Figure 1 provides a visual representation of this rescarch flow. It serves as a guide to understand how the
expenment was conducted from start to finish. By presenting the process ma flowchart format, it becomes
casier to grasp the overall methodology and appreciate the systematic effort involved in reaching the
research conclusions,
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Fig 1. Flow of Research

A. DATA COLLECTION
Based on the description above, a sentiment analysis model will be bult using the ensemble leaming
stacking method, with the aim of increasing

B. DATA PRE-PROCESSING

This process includes a series of steps to prepare the data before creating a sentiment analysis model. Stages
that will be carried out in the process pre-processing data is as follows:

1) CLEANING TEXT

At this stage, text data will be cleaned has been collected from scrapping results so that the text can be made

casier processed by the next stage. Data cleanmg includes several processes such as deleting numbers and

symbols, changing text to lowercase and also normalize the text or change cach word in asentence becomes

standard or normal form for omission non-standard words, abbreviations, slang words, typo words ete. Text

normalization This is done by referring to the dictionary provided which contains non-standard words and

actual standard words.

2) TOKENIZATION

At this stage, every text data has been cleaned will be convert into small parts of each word in sentences
called tokens. For example, sentence “Indonesia Lebih Maju™ will be converted to ["Indonesia”, "lebih”,
"maju"]

3) STOPWORD REMOV AL

At this stage, any common words are not make ificant contributions to the meaning of the text will be
removed. The stopword dictionary will be taken from a library that has provided a list the stop words are
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Sastrawi. Some examples of words included in the stopword and will be deleted are like “yang”, “dan”,
“di”, “adalah”.

4) STEMMING

At this stage, every word in the text will be changed be the basic word. Words with the same ending or
words those with affixes will be changed to the basic form

C. DATA LABELING

The method that will be used for data labeling is Lexicon Based. Lexicon based Approach can be used to
create labeled training datasets for sentiment analysis machine leaming algorithms that require labels at the
start of his training [23]. The idea behind the lexicon based approach is that the meaning of'a text is greatly
influenced by the polanty of the words and phra e. This meludes words such as adjectives, adverbs,
nouns, verbs, as well as phrases and sentences that contain them [24]. This approach makes use of a
dictionary or list of words with predefined sentiment labels. Any data will be camried out Check the total
score of positive words and negative words. It the word score positive exceeds negative scores, then the
label is positive, and vice versa then the label is negative. However, if the score is the same or 0, then the
label will be neutral.

D. FEI.'RE EXTRACTION

In this process, feature extraction will be carried out using the Term Frequency-Inverse Document
Frequency (TF-IDF). At thig stage. every tweet will be represented as a numerical feature vector, where
cach component The vecto Il represent the weight of cach word in the existing word dictionary. This
weight calculated based on the frequency of occurrence of words in tweets (TF) and inverse proportional
to the occurrence (J;ﬁ word in the entire collection of tweets (IDF). This feature extraction process aims
to change the tweet text into a numerical representation that can be used by the model to perform further

analysis. The formulas used for caleulating Term Frequency-Inverse Document Frequency (TF-1DF) are as
follows
TE(LA) = number of occurences of word in document in
° total number i f words in document
IDE(t, D)y =log log ( N } @
A f(e, D)
TE—IDF(t,d) = TF (t,d)x I DE(t, 1) &)
To implement the TF-IDF method effectively, it is essential to understand the
meaning of each variable used in the formulas. Below are the definitions of the terms
imvolved:
. : Total number of documents n the collection
« dfitD) : Number of documents in the collection contaming term t
e TE(td) : Term Frequency of term t in document d
¢ [DF(LD) : Inverse Document Frequency of term t in all documents D
o Wtd) : Weight of term t ina ducumc‘m{ ____--‘[ C [1]: What does this part mean? If explaining
the formulas, add the Y first,

These vanables are used in the equations for TF, IDF, and the final TF-IDF score, which together represent
the importance of a term within a specitic document in relation to a corpus of documents.

E. STACKING MODELLING

At this stage a model will be built for sentiment analysis. Before that, The data will first be split into 2 parts,
namely training data and testing data with a percentage of 80% training data and 20% test data. Then, it
will be done training on each base model, namely naive Bayes, support vector machine and random forest
use data that has been split. Every base the model will generate predictions based on these features. As part
of the stacking ensemble learning technigue, the output from each base model is used as mput for the meta
model to generate the final prediction. This process is illustrated in Figure 2, which shows the stacking

model architecture. Meanwhile, Table 1 describes the algorithm used, outlining the steps of traming base Commented [2]: In this section, it is necessary to mention

o] . o .- P w3 " N B — Figure 2 and Table 1 as references. In addition, it is necessary
n';:]di_ll.s,h(_‘ullt‘{_tlﬂg)éh‘iilr Pl:-‘d ; o ‘.s,. amlj_ilc‘t ng IhLIEn .Im(.].[h;i mi‘_:; In_'mdLI; ;!'hls .slrlu‘(.run_ T R e e e rithm atl
allows the meta model to leam from multiple perspectives, improving overall prediction performance. 45 e 9 ] .

f ¥
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Fig 2. Stacking Model Wustration
Here is the algorithm for the stacking model that will be created

Table 1. Algortihm Stacking
Algorithm 1. Stacking

Input: X_train, y_train, x_test, base_models, meta_model
Output: prediction meta maodel
I. START

2. base_model_outputs train =[]

3. FOR model in base_models THEN

4. model fit{X_train, y_train}

5. probas_train = model predict proba(X_train)

. base_model_outputs_train append{probas_train)
7. ENDFOR

meta features_train = np.hstack(base_model outputs_train)
meta_model fit(meta_features_train, v_train)

8. base model outputs test =[]
FOR maodel in base_models THEN

9. probas_test = model predict_proba(X_test)
10. base_model_outputs_testappend(probas_test)
I1. END FOR

meta_features_test = np.hstack{base_model_outputs test)
final_predictions = meta_model. predict(meta_features test)
12. END

F. [EVALUATION]

[3]: This section should be bolded.

Adfter the model building process is complete, the next step is evaluate model performance using confusion

matrix. Evaluation is carried out agamnst each base model and meta model itself, so you can see the
comparison of class ion results between models. Because this sentiment analysis involves three
classes—positive, negative, and neutral—the evaluation uses weighted average calculations. The metrics

applied are Accuracy (Equation 4), Precision (Equation 5). Recall (Equation 6), and F1-Score
(Equation 7) to ensure fair assessment across all classes.
Total True Positives (TF) 4]
Accuracy s ———— "0
Total Sumple
- _ T, (Precision, x Total Data,)  (5)
Predsion egntea EL Total Data,
) _ TR, (Recall x Total Data,) {6
Recallyagniea T¥, Total Data,
F = 150078 weighted {7
T, (F - 1score, x Total Data))

=T I T N

= T
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These evaluation metrics provide a comprehensive view of the model's shility to correctly classify
sentiments across all classes. By using weighted averages. the metrics take mto account the proportion of
cach class, ensuring that imbalanced class distributions do not bias the results. This 1s particulady mportant
in multiclass classification pmhlgs where some classes may dominate. The use of these formulas allows

for a fair comparison of perfo ¢ between base models and the meta model.

3. RESULTS AND DISCUSSION
A. WEB SCRAPPING RESULT
The total data collected was 8094 tweets with details of each keyword are as follows

able 2. Data Collected by keyvword. _— [4]: In the table format section, it needs to be

G
adjusted to the provisions in the JINITA journal.

Keyword Query Search Result
Hasil pemilu lang:id until:2024-04-30 since:2024-03-20

Hasil pemilu e - 3487 tweet
-filter:links -filter-repliess
Hasil pemilu presiden Hasil pemilu presiden lang:id until: 2024-0 4-30 156 tweet
since:2024-03-20 -filter:links -filter: repliess
Hasil pilpres Hasil pilpres langad until:2024-04-30 sinc ¢:2024-03- 1983 tweet
20 -filter:links -filter:replies
Pemenang pemilu Pemenang pemilu lang:id until:2024-04-3 0 since:2024- 1000 tweet
03-20 -filter:links -filter:rep liess
Pemenang pilpres Pemenang pilpres lang:id until:2024-04-3 0 since:2024- 08 tweet
03-20 -filter:dinks -filter:rep hiess
Pemenang presiden Pemenang presiden lang:id until:2024-04 30 274 tweet
since:2024-03-20 -filter:links -filter:replies
Pengumuman pemilu Pengumuman pemiln lang:d until:2024-0 4-30 221 tweet
since:2024-03-20 -filter:links -filter: repliess
Pengumuman pilpres Pengumuman pilpres lang:id until:2024-0 4-30 170 tweet

since:2024-03-20 -filter:links -filter: repliess

B. DATA PRE-PROCESSING

The pre-processing stage is the first step in preparing the dataset by camrying out several stages, namely
cleanimg text, tokenzation, stopword removal and stemming as well as deletmg duplicate data. Data
cleaning of scrapped tweet text includes several processes such as deleting mentions, deleting hashtags,
deleting retweets, deleting URLs, deleting non-alphanumeric characters, deleting double spaces and
transform the text into lowercase. Then, text normalization will be carnied out to change words such as
abbreviations, non-standard words, and slang words into normal and formal words. Finally, to avoid data
duplication, tweet data that has the same or duplicate sentences will be deleted. So the final total of tweet
data that will be used in the next stage until the end is 6737 tweets. The following results are based on the
analysis shown in the reference image.

ember 2019
LA VKX XX
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2

. madem barget dat

Fig 3. Cleaning Text Result

Adter the normalization stage 1s complete, the next step in the dat preprocessmg process 1s tokenization.
Tokenization 1s the process of breakmg down text into small parts called tokens, usually single words. This
process aims to separate each element in asentence so that it can be explamed in ually by the modeling
algorithm. In this study. tokenization was carried out on tweet text that had been cleaned and normalized
previously. For example, the sentence "is not surprised by the presidential election results announced by
the KPU tonight ..." will be changed mto a series of words such as [‘already’, 'not’, 'surprised’, ‘with', results,
‘presidential election’, 'which', 'di', "announce’, 'kpu', ‘night', This process is very important because it
allows each word to be identified as a feature that can be used for sentiment analysis. With tokenization,
the model can understand the context of words in a sentence and separate words that have significant
meaning. Tokenization is also a crucial initial stage before further processes such as removing stop words,
stemming, and extracting features using the TF-IDF method are carried out.

saan -

. i r ’ ke . . e by, ‘mengeral, haui
44 . - H

47

Fig 4. Tokenization Result

After going through the tokenization stage, the next process in data preprocessmg 1s stopword removal,
which 1s the removal of words that are considered not to have a significant contribution to the meaning of
the text. Stopwords are common words such as "yvang”, "dan". "di", "ini", "dari". and so on, which often
appear in the text but do not provide important mformation m the context of sentiment analysis. In this
study, the stopword removal process was carried out using the Sastrawi library, which provides a list of
common words in Indonesian that are classified as stopwords. Each tokenized token will be checked and
compared with the list, thenremoved if found in the list. For example, a tokenized sentence such as ['sudah',
'tidak’, 'kaget', 'dengan’, 'hasil', "pilpres’, 'yang', ‘umumkan', "kpu', "'malam’, | after being process
hecomes [kaget', "hasil', "pilpres”, ‘umumkan’, 'kpu', 'malam’], with words such as "sudah", "yan,
"ini" having been removed. This process helps reduce noise in the data and ensures that only important
words are used in the next stages of analysis, such as stemming and feature extraction. Thus, stopword
removal plays a vital role in improving the efficiency and accuracy of sentiment nalysis models.

JINITA Vol x, No. x, December 2019
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kecurangan, ‘yang', tdak, beradabr] “ecurangan’, beradal]

Fig 5. Stopword removal Result

The final process in the data preprocessing stage 1s stemming, which is the process of changing words that
have affixes such as prefixes, suffixes. or a combination of both mto a basic form (oot word). The purpose
of this process 1s to weave variations m word forms that have the same meaning, so as to improve data
consistency and analysis effectiveness. In this study, the stemming process was carried out using the
Sastrawi library, which is specifically designed to handle Indonesian language morphology. For example.
words such as "ngumumin” are changed to "umum”, "orangorang” to "orang”, and "bangett” to "bang;
After stemming, the form of tokens that have been combined will be recombined mto plam text, which will
be used in the next stage, namely feature extraction. With stemmung, the number of word variations in the
dataset can be minimized, so that the machine learning model can recognize patterns more accurately and
efficiently. This process 1s very important, especially in handling unstructured data such as tweets. which
contain many non-standard words and spelling variations.

text attor_stopword text_after_stem:

ing

FEsceet. Tami. Ppeees. Crnoswia, | b ilpres urmnum kpu mslam swal sejak mk kpu
ki, "malolackan’, ‘gibran', ‘menjad, ‘calon’, ‘wakil, | keget hasil pilpres umum kipu mskaem swl seiak i
1440 sa diclar e ’ ¥
t ng GG, 'Sinetron’ kandiclat capres pemilu b
= > = of cerita tunggu sinetron episode ikut ma
1441 [pemila, hasil', banses!, V] il Pl Bassas ©

¢, lostumy,
vy atakan

e
aclor

kacau tum nasdem partai

dem’, "partai’ permily kok a

menerima’, “hasi sokong utam: no nyata terima hasil per

", “shuman] copat cucl maska sona blar suman
gy ‘mengakul, ‘pemimpin’. hasil,  tetap lawan tolak pemilu eurang aku pimpin g
1443
adal
N tminta’, kebijaksan ketual, kyai, ‘mengenai’, ‘hasil minta bijaksana mui tuai kyai kena hasil pemil
** “pemilc’, ‘umat’, “istam, i ‘e islam tuntut adil cc

taag kok. ngumumin’, ‘hasir,

. ‘penting’, ‘tengaky, ‘malem’, ‘bangett’,  kok ngumumin hasil pemilu penting tengah malem
dahih, “orangorang’, rata’, )|

tarwiti] bangett dahh crangorang rata tidur tanwin

", kalf, mayoritas’, onesia’,  hasil pemity kali tabu mayoritas duduk indonesia minim

yaay INIMY Titerasi, “suka berdasarkar, ‘teari fakta’,  literasi suka debat dasar teori data fakta cende:
‘cenderundg’. ‘duniawi’, “sef . buat’, ‘besok’, ‘pikirinnya duniawi sekarang sekarang buat besok pikirineya besok
besok’, "aja’. ‘lebih’, "suka’, "kekerasan’, ‘cont’] aja lebih suka keras cont

Fig 6. Stemming Result

C. LEXICON BASED LABELLING

At this stage, labeling of text data that has been previously processed will be carned out using a lexicon-
based approach. At this stage, a dictionary has been prepared contaming the words positive sentiment and
also negative sentiment. In this section, it 1s necessary to mention the image used as a reference m the
explanatory sentence. After labeling is carried out, the data distribution for each positive, negative, and
neutral sentiment is shown in the reference Fig. 7.
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Fig 7. Sentiment Distribution

. FaTURE EXTRACTION TF-IDF

In this process, feature extraction is carried out usmg the Term F

Inverse Do

F

{TF-1DF) method to convert text data mto a numerical format that can be processed by a machine leaming
model. The results of the TF-IDF process produce 7256 features or words which have therr respective
weights in vector form. Figure 4.12 1s an example of TF-IDF features and their weights m each document.
The columns in the table represent each word n the entire sentence, while each row represents the
sequence of the document or text. This arrangement is illustrated in the reference image (see Figure §).

2993
2994
2995
2996
2997
2998

2999

bansos

0.000000
0.000000
0.000000
0.000000
0.000000
0.000000

0.000000

curang

0.278981
0.000000
0.000000
0.000000
0.000000
0.000000

0.000000

01692016

0.000000

0.000000

0.000000

0.000000

0.186157

0.000000

0.000000 0.126922
0.168127 0.000000
0.205216 0.000000
0.000000 0.000000
0.000000 0.000000
0.126858 0.000000

0.000000 0109154

Fig 8 Word in the entire sentence

E. STACKING MODELLING
At this stage, a sentiment analysis model will be built using the ensemble leaming stacking method
involving three algorithms as the base model, namely Naive Bayes, Random Forest, and Support Vector
Machine, as well as Random Forest as a meta model. The data used in creating this model 1s divided in a
ratio of 80:20, where 80% of the data is used for traming and 20% for testing. The result is 5389 training
data and 1348 testing data. The following represents sample data, as depicted i the reference image (see

Figure 9)

pilpres

0.000000
0121763
0.074312
0.124070
0.000000
0.091874

0.000000

prabowo
0.000000
0.000000
0.000000
0.196398
0.165893
0.000000

0227116

tolak

0.000000
0.000000
0.000000
0.000000
0.000000
0.000000

0.000000
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text after_stemming sentiment
150  hiv indonesia raya tingkat azab praroro nepo baby pemenang pemily Megatif
151 terus lampias marah presiden kalah pilpres hasil resmi kpu rubah apa presiden wakil presiden pilih sah MNetral
152 paman mahkamah kenstitusi mbatalin hasil pemilu wakanda wakanda Megatif
153 Pidak banjir pesisir utara minggu minggu ganjar duluan terjun asih bantu presiden capres pemenang pemilu tidak milai e

soembong rakyat
154  silaturahmi maksud politisasi terima hasil pemilu Positif

men mahkamah kanstitusi tidak rubah hasil pilpres gandeng pilpres pelitikus malin kundang anak mantu Mtra

156 1M tidak hak tuan rumah anies tolak hak mas gibran temu anies sesok anies diri diri sengketa hasil pilpres belum f—

selesal =
157 kpu umum pemenang pilpres pasang prabowo gibran menang jokowi versi secc akun Pos

158 ambil contoh pp muhammadiyah sikap hesil pemilu dewasa sabar Pesitif

159 bangga juara pileq tidak terima hasil pilpres otak kerdi Natra
Fig 9. Training Data Sample

tuxt after stemming sentiment

150 agam nasil pen nargal Positif

=gl keputuzan mahkamah konstitusi tidak terima has

151 Magatif
mahka 5i manis tidak tau umum pilpres tau mahkamah .
152 skt vicdak ual e
153 aju mohan kait sel il pamilibuan phpo pilpees prabows subisnte Pasitil
154 malam ngobrolin hasil permily pajak pacar gars rekonsilissi israel Metra
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e ik pribadi bibik Megatif
159 tiktok ribut hasil pemilu kall ribut hasi pemilu ribut kpop sesmed il ngantuk kerja stegh Netra

Fig 10. Testing Data Sample

Adter the data 1s shared, each base model will be trained using the tmming data and will later produce
predictions on the test data. Through the prediet_proba function, each model will provide a probability for
whether the data s labeled positive, negative or neutral. [The class or label that has the highest probal

will be used as the final prediction of the model|in the Figure 11.

Fig 11. Stacking Code

Figure 2 shows the prediction results and the class probability of each model against the test data r['hc order
of classes 0, 1 and 2 in the table shows the negative, neutral and positive classes|in the Figure 12.
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ot nb_class0 b class1 nb_class2  predict
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o :Jcna: orang tuntut benar rebut benar rebut jujur benar Liur patak suara mayoritas 0564754 0209396 0225850  Negarif
rasil pemilu dasar sejacah angka angka tipu tentut jujus benar
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0427 ATT46 2.
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Fig 12. Naive Bayes Probability Result
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Fig 13. Random Forest Probability Result
o s _class0  svm_classd  sum classd  predice
=0 coieop  Diimeds omaszsm ;e
a5 0742923 0206424 GO0653  Mepaur
152 [ p—— 0114347 o7mes2a  coreze
oczizen  oscases  oasraaa
ciisasr  oremer  oorasve
0002718 0012429 0SGMES1  Posmr
oamiz7z  Gzieala 0361914 Hega
0515361 G0N @I19IE  Hegaur
il guget
1sm errsietous OASIBIE  OSTEIIS  G.OOTO  hiwgaut

Fig 14. SVM Probability Result

After all base models have ther own predictions, the prediction results will be combined and used as
features of the meta model. So the meta model will carry out traming and testing data using these new
features. [The following is an example of a feature that will be used by the meta model to make final

pmdictinm‘l in figure 15. [¢ 4 [7]: In this section, it is necessary to mention

the image usedas a in the: Y it
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ni_classt  nb_class1  nb class2 o classD  of class1 el class2  swm class0  swm_class®  swm_class2  predict
150« 2 0.081357
181

152 «©

0.5amnm

183 ossosor  o2szons

154 0.1 1 0594748
155

156«

1s7 a.410em8

188« ERPELTE] 38057 5 0.261340

159 o 0341746 O.za088s : oa7oRsT 0% 62122 c CREETET)

Fig 15. Stacking Dataset And Result

F. EVALUATION

At this stage, all models that have been trained and have produced predictions will be evaluated to see their
performance using the Confusion Matrix. The evaluation matrix used includes accuracy, precision recall,
and F1-score. Each matnx will be calculated using the followng formula

h'hc Confusion Matnx for the Naive Bayes model shows that the model succeeded in predicting correctly
(True Positive) 323 data with positive sentiment, 105 data with neutral sentiment, 473 data with negative

sentiment|in figure 16. f_-—-{ [ [B]: In this section, it is necessary to mention

the image usedas a in the: ¥

Negatif 45 7 m - 400

Metral 154 105 ar

True label

Negatt Netral Fositil
Predicted label

Fibli Naive bayes Model’s Confusion Matrix

Below are calculations to find the accuracy, precision, recall, and Fl-score of the Naive Bayes model
323 + 105 + 403 829

Accuracy = 3 = T8 0.6684
The accuracy of the Naive Bayes model is 0.6684

o - 323 323
Precision Positif = ————— = — = 0.7374

3234115 438
Precision N ! —105 _10 0,7047

ecision Netral = TEsm " 19- Y

. ) 473 473

Precision Negalif = —————— = —— = [,6216

473 4288 761
(444 % 0,7347) + (386 x 0,7047) + (518 X 0,6216)

Precision,g gy 444 4386 £ 518 = 0.6835

The precision of the Naive Bayes model 1s (.6835

Recall Positif = oo = 32 _ 07775
ecall Positlf = g3 121~ aaa =

1 105
Recall Netral = oo = 0272

105+ 281 386

ember 2019
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. 473 473
Recall Negatif = ———— = — = 09131
4734+ 45 518
(444 % 0,7275) + (386 x 0272) + (518 % 0.9131)

444 4 386 4 518 = 0.668¢

Recall yeighted =
The recall of the Naive Bayes model 1s 0.6684
(0,7374 % 0,7275) _

F = 1Score Positif = 2x — ' _—"_"-=10,7324
core Poslelf = 2x 07374+ 0,7275)
F — 1 Score Netral = 2 (07047 x 0,272) _ 03925
- hocore Retrat = 2x (0,7047 + 0272)
_ (06216 x09131)
F—1Score Negatif = 2x = 07397

(0,6216 + 0,9131)
(434 X 0,7324) + (386 X 0.3925) + (518 X 0.7397)
F = 15coreyeigniea = 144 + 386 + 518 =0.6379

The F-1 Score of the Naive Bayes model is 0.6379

h'hc Confusion Matnx for g Random Forest model shows that the model succeeded in predicting correctly
i positive sentiment, 232 data with neutral sentiment, 428 data with negative

[ 4 [9]: In this section, it is necessary to mention
the image usedas a in the: ¥ it

- 400
Negatd

q - N

- %00

2 [

5 50
2 Netral

2

= - 200

- 150

Positif 60 ] = 00

MNegatif Metral Positif
Predicted label

Fig 17. Random Forest Model's Confussion Matrix

Below are calculations to find the accuracy, precision, recall, and Fl-score of the Random Forest model
Total True Positives (TP) _ 348+ 2324 428 1008

Accuracy = = = 07478
couracy Total Sample 1348 1318
The accuracy of the Random Forest model 15 0.7478
Precision Positi 348 M8 _ o705
recision Positif = T8 +90-a;m- "
o 232 232
Precision Netral = ———— = — = 0,7205
232 +90 222
o R 428 428
Precision Negatif = — = 0,7279

128 + 160 588
i _ (444X 07945) +(386x 07205) + (518 x 07279) _ -~
eCiSioMyeighted = 444 4 386 + 518 o

The precision of the Random Forest model 1s 0.7477
Recall Positif = 38 _ =0,7838
ecall Positif = 3556 = aaa~
232 232
Recall Netral = = 0.601

232+ 154 386
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. 428 428
Recall Negatif = ——— = — = 0.8263
4284 90 518
(444 % 0,7838) + (386 x 0.601) + (518 % 0.8263)

444 4 386 + 518 =0.7478
The recall of the Random Forest model 15 0.7478

Recall yeighted =

(0,7945 x 0,7838) _

F = 1Score Positif = 2 =0,7891
core Poslelf = 2x (07945 + 0,7838)
F — 1 Score Netral = 2 (07205 x 0.601) _ 06553
- hocore Retrat = 2x (0,7205 + 0,601)
. (0,7279 % 0,8263)
F = 1Score Negatif = 2x 0,774

(07279 + 0,8263)
F o Lseore _ (444 X0,6718) + (386X 05771) + G18 X 0.7157) _
T e weighted = 444 + 386 + 518 =5

The F-1 Score of the Random Forest model is 0.745

h'hc Confusion ix for the SVM model shows that the model succeeded m predicting correctly (True
Positive) 370 dal ith positive sentiment, 252 data with neutral sentiment, 426 data with negative

sentiment|in Figure 18. ] G 4 [10]: In this section, it is necessary to mention

the image usedas a in the: ¥

True lat

el

8
..F
[

2 “

TrE

Posite k] 4 ..

Negaiit

Pradicted labal

Fig 18. S¥M Model's Confusion Matrix

Below are calculations to find the accuracy, precision, recall, and Fl-score of the SVM model
Total True Positives (TP) 370+ 252+ 426 1048

Accuracy = = = ——= 07774
ceuracy tal Sample 13512 1351
The accuracy of the SVM mo s (0.7774
Precission Positi — 370 _ oats

ecission Positif = il

Precission Netral = —252 = —252 = 0,7039
¢ T 2574106 358

426
Precission Negatif = — = 0,7984

426+ 110 536
(444 % 0,815) + (386 x 0,7039) + (518 x 0,7984) _

Precissionge gneq = 444 1386 £ 518 = 0.7754

The precission of the naive Bayes model 15 0.7754

Recall Positif = — o = 370 _ 4 8333
ecall Posttlf = 225752 = aqa ~ O

252 252
Recall Netral = ———— = —— = 0.6528

252 4+ 134 386
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. 426 426

Recall Negatif = ———= — = 0.8224
4264 92 518

(444 x 0,8333) + (386 x 0.6528) + (518 x 0.8224)

444 4 386 4 518 =077

Recallyeighted =

The recall of the SVM model s 0.7774
(0,815 % 08333)

F —1Score Positif = 2x 2" 2220 _ g gag
core Posiclf = 2x (0815+0,8333)
F =1 Score Netral = 2 {0.7039 x 0,6528) _ 0,6774
T oeore e = SX 107030 + 0,6528)
) (07984 x 0,8224)
F—15Score Negatif = 2x ————~ = (,8084

(0,7984 + 0,8224)
(444 % 0,824) + (386 x 0.6774) + (518 x 0.8084)
F = 1Sc0reweigneea = = 10,8084

444 4+ 386 + 518
The F-1 Score of the SVM model is 0.8084

The Confusion Matrix for the stacking model shows that the model succeeded in predicting comrectly (True
Positive) 396 data with positive sentiment, 256 data with neutral sentiment, 447 data with negative
sentiment in Figure 19

Megatt 447 £ =
-. -
- 250

Mestral 70 -

]
- =200
= 150
Positif Fod Fal - 100
- “
Magast el Pt
Predicted labsl

True label

Fig 19. Stacking Model’s Confusion Matrix

Total True Positives (TF) _ 396 4 256 4+ 447 _ 1099

Accuracy = = = ——= 08153
couracy Total Sample 13512 1351
Below are calculations to find the accuracy. precision, recall, and Fl-score of the Stacking model
o . 396 396
Precision Positif = ———— = — = (0.8089
396 493 489
Prn N, L 256 56 0.8127
ton Netral = oe6+50 315
Precision N L, 7 sl 08127
ecision Nega !f7447+977 Tl
precis (#44 x 08089) + (386 x 08127) + (518 x 08127) _
ECLStO el ghted = 444 + 386 + 518 =
The accuracy of the Stacking model 15 0.8152
Recall Positi, ——396 = 396—089‘19
ecall Positlf = =5e =48 = aax "
Recall N . 256 256
2l etral = 256 + 130 — 386 0.6632
) 447 147
Recall Negatif = — = 0.8629

#7+71 518

(444 X 0,8919) + (386 X 0.6632) + (518 X 0.8629)
welghted = FYFEECT NI = 10,8153
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The recall of the Stacking model is 0.8153

F —1Score Positif = 2x o008 X 08I19) _ 0169
(0,8098 +0,8919)
(0,8127 x 0,6632)
F =1 5core Netral = 2x m = 10,7304
) o (08217 x 0,8629) _
F = 15Score Negatif = 2x m— 08418
(444 % 0,6718) + (386 x 0.5771) + (518 x 0.7157) _

F = 15coreyeigheea = 444 + 386 + 518 =0.8122
The F-1 Score of the Stacking model 15 0.8122
The Result of all model can be seen in the table below
able 3. Results Of Model _—— C 4 [11]: In the table format section, it needs to be
j to the provisions in the JINITA journal.
Model Accuracy Precision Recall F-1 Score
Naive Bayes a 06684 0.6835 06684 0.6379
Support Vector Machine 0.7774 0.7754 07774 0,776
Ran Forest 0.7478 0.7477 0,7478 0,745
Ensemble Stacking (RF) 0.8153 0.8152 08153 0.8122

4. CONCLUSION

As a result of this experiment, an ensemble learning stacking model was formed with several
different base models, namely the SVM, Random Forest and Naive Bayes algonthms. Each model carries
out training and predictions on sentiment analysis data. The results, starting from the lowest, are the Naive
Bayes algonthm with an accuracy of 66_84% followed by Random Forest with an accuracy of 74.78%, and
the highest is SVM with an accuracy of 77.74%. The results of the three base models are compiled and used
as input for a meta model that uses the Random Forest algorithm. The results show that the stacking
ensemble method applied produces better accuracy than a single clas r, namely 81.53%. The
implementation of ensemble learning through stacking, combinimg 8VM, Random Forest, and Naive Bayes
as base models with a Random Forest meta-model, significantly enhances the accuracy and robustness of
sentiment analysis on unstructured text data. demonstrating its effectiveness as a key contribution of this
research.. The findings in this study not only demonstrate the success of the stacking technique in improving
the accuracy of sentiment analysis, but also have important appl ons in social and practical contexts. In
practice, this model can be applhied by govemment agencies, media, or research organizations to
automatically aggregate public opinion on national issues, such as election results. This allows for more
responsive and accurate data-driven decision-making. In addition, this study contributes to the development
of a robust machine leaming model for unstructured data in Indonesian, which has so far been limited in
the Iiterature. Further research can explore this integration model with deep learning or apply it in different
domains such as consumer opinion or public services.
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