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Abstract  

 

The increasing use of social media as a platform for expressing public opinion has established platform X 

(formerly Twitter) an important data source for sentiment analysis. However, the ever-growing volume of data 

and the lack of sentiment labels present significant challenges for manual analysis, which is inefficient and time-

consuming. This research addresses the problem of selecting effective algorithms for accurate and efficient 

sentiment classification on large-scale unlabeled data. The study aims to compare the performance of the Naïve 

Bayes Classifier and K-Nearest Neighbor (KNN) algorithms in sentiment classification related to the Value 

Added Tax (VAT) increase on platform X. To support classification accuracy, sentiment labeling is performed 

automatically using the VADER Lexicon. The research methodology involves data scraping, automatic 

sentiment labeling, implementation and training of classification models, and performance evaluation using a 

Confusion Matrix and ROC curve. The results show that the KNN algorithm with k = 1 achieved the best 

performance with an accuracy of 93.19%, precision of 94.07%, recall of 92.96%, a misclassification error of 

6.81%, and an AUC of 0.95. In contrast, the Naïve Bayes Classifier achieved an accuracy of 88.29%, precision 

of 87.43%, recall of 86.67%, misclassification error of 11.71%, and an AUC of 0.93. Therefore, KNN is proven 

to be superior in classifying sentiment more accurately and efficiently than the Naïve Bayes Classifier. 
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1. INTRODUCTION 

Social me$dia can se$rve$ as an important platform 

for unde$rstanding public opinions and re$sponse$s to 

various subje$cts such as products, e$ve$nts, and more$. 

One$ of the$ most wide$ly use$d social me$dia platforms 

globally is Platform X (forme$rly known as Twitte$r), 

which e$nable$s individuals from various countrie$s to 

e$xpre$ss the$ir opinions and vie$ws on diffe$re$nt matte$rs 

[1]. Through Platform X, use$rs share$ e$xpe$rie$nce$s 

through posts that spre$ad quickly and re$ach a wide$ 

audie$nce$, making it a valuable$ data source$ for 

analyzing public opinion tre$nds, unde$rstanding 

socie$tal pe$rce$ptions, and supporting de$cision-making 

in busine$ss, policy, and acade$mic re$se$arch [2]. In 

practice$, manual analysis of the$ incre$asing volume$ of 

posts is conside$re$d ine$fficie$nt [3]. The$re$fore$, the$ use$ 

of information te$chnology in se$ntime$nt analysis 

be$come$s an e$ffe$ctive$ solution to unde$rstand public 

opinions and se$ntime$nts more$ quickly and accurate$ly. 

Te$xt mining algorithms such as K-Ne$are$st 

Ne$ighbor (KNN) and Naïve$ Baye$s Classifie$r can be$ 

use$d for se$ntime$nt analysis. The$ use$ of the$ K-Ne$are$st 

Ne$ighbor (KNN) algorithm in se$ntime$nt analysis 

re$garding the$ Indone$sian pre$side$ntial e$le$ction showe$d 

that using the$ training se$t achie$ve$d 100% accuracy, 

pre$cision, re$call, and f-me$asure$. The$ 10-fold cross-

validation te$st re$sulte$d in 92.5% accuracy, 100% 

pre$cision, 91% re$call, and 94% f-me$asure$, while$ the$ 

80% pe$rce$ntage$ split obtaine$d 88.55% accuracy, 

100% pre$cision, 87% re$call, and 93.04% f-me$asure$. 

The$ KNN me$thod with 80% pe$rce$ntage$ split prove$d 

supe$rior to 10-fold cross-validation in se$ntime$nt 

classification [4]. Se$ntime$nt analysis of X application 

use$rs re$garding the$ fre$e$ lunch program using the$ 

Naïve$ Baye$s Classifie$r me$thod achie$ve$d an accuracy 

of 80.31%, me$aning that 80.31% of the$ se$ntime$nt 
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pre$dictions matche$d the$ actual labe$ls, with a margin 

of e$rror of around 5.27%. Additionally, the$ pre$cision 

re$sults showe$d that the$ mode$l classifie$d positive$ 

se$ntime$nt with an accuracy of 80.69% and ne$gative$ 

se$ntime$nt with an accuracy of 79.95%. Me$anwhile$, 

the$ re$call re$sults indicate$d that the$ mode$l was able$ to 

de$te$ct positive$ se$ntime$nt with a se$nsitivity of 79.71% 

and ne$gative$ se$ntime$nt with a se$nsitivity of 80.93% 
[2]. 

The$se$ studie$s use$d diffe$re$nt datase$ts, making it 

difficult to dire$ctly compare$ the$ se$ntime$nt analysis 

re$sults due$ to varying characte$ristics, structure$s, and 

comple$xitie$s. Additionally, datase$ts obtaine$d through 

the$ scraping proce$ss ge$ne$rally lack se$ntime$nt labe$ls, 

thus re$quiring annotation be$fore$ be$ing use$d in 

analysis [5]. Conve$ntional datase$t labe$ling is ofte$n 

ine$fficie$nt and can affe$ct the$ accuracy of se$ntime$nt 

analysis, e$spe$cially for large$ datase$ts. To address this 

challenge, this study employs the VADER Lexicon 

tool for automatic sentiment labeling, which can 

classify text into negative, positive, and neutral 

sentiment categories more accurately and efficiently 

[6]. This integration of VADER as an automatic 

labeling method serves as a novel contribution by 

significantly reducing manual labeling effort while 

maintaining or improving classification accuracy. 

This approach enhances the preprocessing phase, 

allowing the classification models to be trained on a 

well-labeled dataset with less time and resources, 

which is particularly important when dealing with 

large and noisy social media data. 

In this study, we deliberately selected K-Nearest 

Neighbor and Naïve Bayes as baseline algorithms due 

to their simplicity, low computational cost, and 

established effectiveness in previous sentiment 

analysis tasks. These models provide a reliable 

foundation for performance benchmarking and allow 

researchers to assess sentiment classification 

feasibility on noisy social media datasets with 

minimal resource overhead [7]. Although other 

machine learning methods such as Decision Tree, 

Support Vector Machine (SVM), Random Forest, and 

Multi-Layer Perceptron (MLP) are widely recognized 

for their high classification accuracy, this study limits 

its scope to KNN and Naïve Bayes to maintain focus 

and computational efficiency. The use of more 

advanced models is proposed as part of future 

research directions to explore potential improvements 

in classification performance. 

2. RESEARCH METHOD 

2.1 Natural Language Processing (NLP) 

Natural Language$ Proce$ssing (NLP) is an AI 

fie$ld re$late$d to unde$rstanding and ge$ne$rating human 

language$. With NLP te$chnique$s, compute$rs can 

unde$rstand and ge$ne$rate$ te$xt naturally, e$nabling 

applications such as machine$ translation, chatbots, 

and se$ntime$nt analysis [8]. NLP is an important 

branch of artificial inte$llige$nce$ that typically involve$s 

the$ inte$raction be$twe$e$n machine$s/compute$rs and 

humans using natural language$ [9]. 

With the$ de$ve$lopme$nt of Natural Language$ 

Proce$ssing (NLP), various me$thods and approache$s 

have$ be$e$n de$ve$lope$d to improve$ accuracy in 

unde$rstanding the$ me$aning and e$motions of a te$xt. 

One$ of the$ approache$s wide$ly use$d in se$ntime$nt 

analysis is the$ use$ of Le$xicon-Base$d Me$thods, which 

re$ly on lists of words along with the$ir se$ntime$nt 

value$s. One$ such me$thod is the$ Vale$nce$ Aware$ 

Dictionary and sE$ntime$nt Re$asone$r (VADE$R), which 

has be$come$ a popular tool due$ to its ability to 

e$ffe$ctive$ly analyze$ se$ntime$nt in te$xts, e$spe$cially 

those$ from social me$dia and othe$r informal platforms 

[10]. 

2.2 VADER Lexicon 

One$ of the$ analysis tools from Le$xicon-Base$d 

me$thods is VADE $R (Vale$nce$ Aware$ Dictionary and 

Se$ntime$nt Re$asone$r). VADE$R Le$xicon is use$d to 

analyze$ data base$d on a Le$xicon (dictionary). The$ 

analysis re$sults in polarity classe$s such as positive$, 

ne$utral, and ne$gative$, with an additional compound 

score$ or ove$rall score$. VADE$R Le$xicon contains 

7,500 words, including se$ntime$nt-re$late$d synonyms, 

acronyms, and E$nglish words [11].  

Le$xical is a dictionary use$d as the$ primary 

language$ in the$ Le$xicon-Base$d me$thod. To de$te$ct 

classification or se$ntime$nt, it is done$ by calculating 

the$ compound score$ using a formula 1 [12]. 

 

𝐶𝑜𝑚𝑝𝑜𝑢𝑛𝑑 𝑆𝑐𝑜𝑟𝑒 =
∑ 𝑆𝑖𝑛

𝑖=1

√(∑ 𝑆𝑖 )𝑛
𝑖=1

2
𝛼

   (1)  

Whe$re$: 

Si is the$ se$ntime$nt score$ for the$ i-th word in the$ te$xt. 

n is the$ numbe$r of words analyze$d. 

The$ se$ntime$nt score$ for e$ach word, Si, is 

obtaine$d from the$ VADE$R Le$xicon, which assigns a 

se$ntime$nt value$ base$d on the$ conte$xt of the$ word. 

The$ se$ntime$nt classification proce$ss can be$ 

carrie$d out using the$ following e$quation (E$quation 2) 

[13].  

 

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 = {

𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑖𝑓 𝑐𝑜𝑚𝑝𝑜𝑢𝑛𝑑 > 0,05
𝑛𝑒𝑢𝑡𝑟𝑎𝑙 𝑖𝑓 𝑐𝑜𝑚𝑝𝑜𝑢𝑛𝑑 − 0,05 ≤ 𝑐𝑜𝑚𝑝𝑜𝑢𝑛𝑑 ≤ 0,05

𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑖𝑓 𝑐𝑜𝑚𝑝𝑜𝑢𝑛𝑑 <  −0,05
   (2) 

Anothe$r important approach in te$xt proce$ssing is 

Te$rm Fre$que$ncy-Inve$rse$ Docume$nt Fre$que$ncy (TF-

IDF). Unlike$ the$ le$xicon-base$d me$thod, which re$lie$s 

on se$ntime$nt dictionarie$s, TF-IDF is a statistical 

approach use$d to e$valuate$ how important a word is 

within a docume$nt re$lative$ to a colle$ction of othe$r 

docume$nts. TF-IDF is ofte$n use$d as the$ basis for 

fe$ature$ re$pre$se$ntation in various te$xt mining and 

machine$ le$arning applications, including 

classification and se$ntime$nt analysis [13]. 

2.3 Term Frequency-Inverse Document Frequency 

(TF-IDF) 

The$ TF-IDF me$thod is one$ of the$ popular 

me$thods for de$te$rmining the$ we$ight of e$ach word. 
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TF-IDF assigns we$ights to words in a te$xt docume$nt, 

re$fle$cting the$ importance$ of those$ words within the$ 

docume$nt. The$ goal of the$ TF-IDF me$thod is to 

obtain labe$ls or se$ntime$nt for e$ach word found in the$ 

docume$nt. Data that has gone$ through the$ pre$-

proce$ssing stage$ is the$n proce$sse$d using word 

we$ighting with the$ TF-IDF me$thod [14]. The$ stage$ of 

de$te$rmining the$ we$ight value$s in the$ TF-IDF me$thod 

is as follows [15]: 

 

1. Calculation of Te$rm Fre$que$ncy (TF) in te$xt 

docume$nts which are$ assume$d to have$ an e$qual 

le$ve$l of importance$ in e$ach docume$nt. The$ TF 

formula is: 

TF(t, d) =
𝑓𝑡,𝑑

∑ 𝑓𝑘,𝑑𝑘

 (3) 

 (2.3) 

Whe$re$: 

𝑓𝑡,𝑑 is the$ fre$que$ncy of word t in docume$nt d 

∑ 𝑓𝑘,𝑑𝑘  is the$ total of all words in the$ docume$nt 

d 

2. Furthe$rmore$, the$ le$ss fre$que$ntly the$ te$rm appe$ars 

in the$ docume$nt, the$ Inve$rse$ Docume$nt 

Fre$que$ncy (IDF) value$ will incre$ase$. The$ IDF 

formula is: 

 

IDF(t) = log (
𝑁

1+𝑛𝑡
)   (4)   (2.4) 

Whe$re$: 

𝑁 is the$ total numbe$r of docume$nts 

𝑛𝑡 = numbe$r of docume$nts containing the$ word t 

Plus 1 in the$ de$nominator to avoid dividing by 

ze$ro. 

3. TF-IDF is the$ re$sult of multiplying TF and IDF. 

 

TF − IDF(t, d) = TF(t, d)xIDF(t)   (5) 

In the$ conte$xt of se$ntime$nt analysis, the$ re$sults 

of word we$ighting using the$ TF-IDF me$thod be$come$ 

a nume$rical re$pre$se$ntation of the$ te$xt docume$nt that 

will be$ use$d as input to the$ classification algorithm. 

One$ of the$ e$ffe$ctive$ algorithms in proce$ssing this 

re$pre$se$ntation is the$ Naive$ Baye$s Classifie$r. By 

utilizing TF-IDF value$s as fe$ature$s, this algorithm is 

able$ to le$arn the$ distribution patte$rns of words in e$ach 

se$ntime$nt class and pe$rform classification e$fficie$ntly. 

The$re$fore$, the$ following discussion will outline$ the$ 

basic conce$pts and applications of the$ Naive$ Baye$s 

Classifie$r in se$ntime$nt analysis. 

2.4 Naïve Bayes Classifier 

The$ Naïve$ Baye$s Classifie$r (NBC) algorithm is 

an algorithm use$d to de$te$rmine$ the$ probability or 

like$lihood in pre$dicting chance$s base$d on pre$vious 

data or to e$nable$ grouping within a syste$ml. The$re$ are$ 

se$ve$ral variants of the$ Naïve$ Baye$s algorithm, with 

the$ir application de$pe$nding on the$ type$ of data use$d. 

The$se$ include$ [16]: 

1. Gaussian Naïve$ Baye$s – Use$d for continuous 

(nume$ric) data, assuming e$ach fe$ature$ follows a 

Gaussian (normal) distribution. Probability 

de$nsity is calculate$d using the$ me$an and variance$ 

of the$ data. 

2. Multinomial Naïve$ Baye$s – Suitable$ for 

cate$gorical data with multiple$ cate$gorie$s (e$.g., 

te$xt classification). It assume$s fe$ature$s follow a 

multinomial distribution and is commonly use$d 

in tasks like$ se$ntime$nt analysis or spam 

de$te$ction. 

3. Be$rnoulli Naïve$ Baye$s – Similar to the$ 

Multinomial variant but de$signe$d for binary data 

(e$.g., fe$ature$s with value$s 0 or 1). It assume$s 

e$ach fe$ature$ follows a Be$rnoulli distribution. 

4. Cate$gorical Naïve$ Baye$s – Use$d for cate$gorical 

fe$ature$s, assuming e$ach fe$ature$ is ge$ne$rate$d from 

a cate$gorical probability distribution. It's use$ful 

whe$n de$aling with many cate$gorical fe$ature$s and 

limite$d nume$ric data. 

In this study, be$cause$ the$ focus is on se$ntime$nt 

analysis, the$ Multinomial Naïve$ Baye$s algorithm is 

use$d. 

2.5 Multinomial Naïve Bayes Classifier 

Multinomial Naive$ Baye$s is a variant of the$ 

Naive$ Baye$s algorithm spe$cifically use$d for data in 

the$ form of te$rm fre$que$ncie$s, such as the$ numbe$r of 

word occurre$nce$s in a te$xt [17]. The$ formula for the$ 

Multinomial Naive$ Baye$s Classifie$r is: 

1. Formula for the$ Multinomial assumption: 

For Multinomial Naive$ Baye$s, the$ like$lihood is 

𝑃(𝑥𝑖|𝐶𝑘) is mode$le$d using a Multinomial 

distribution with the$ formula [18]: 

 

𝑃(𝑥𝑖|𝐶𝑘) =
𝑐𝑜𝑢𝑛𝑡(𝑥𝑖,𝐶𝑘)+ 𝛼

∑ 𝑐𝑜𝑢𝑛𝑡(𝑥𝑖,𝐶𝑘)+ 𝛼𝑉
𝑖′

 (6) 

Whe$re$: 

count(xi, Ck) is the$ numbe$r of occurre$nce$s of the$ 

fe$ature$ 𝑥𝑖 in class 𝐶𝑘. 

α is the$ smoothing parame$te$r (usually using 

Laplace$ smoothing with a value$ of α=1). 

V is the$ numbe$r of unique$ fe$ature$s (vocabulary 

size$). 

2. The$ formula for the$ total log probability is: 

The$ sum of the$ poste$rior probabilitie$s and all log 

like$lihoods (Multinomial assumption) [19]: 

 
𝑙𝑜𝑔 𝑃(𝐶𝑘|𝑥) = 𝑙𝑜𝑔 𝑃(𝐶𝑘) +  ∑ 𝑙𝑜𝑔𝑃(𝑥𝑖|𝐶𝑘)𝑛

𝑖=1  ∗ 𝑇𝐹 − 𝐼𝐷𝐹    (7) 

 (2.9)  

In addition to probabilistic approache$s like$ those$ 

use$d in Multinomial Naïve$ Baye$s, the$re$ are$ othe$r 

classification me$thods that re$ly on the$ conce$pt of 

distance$ be$twe$e$n data, such as K-Ne$are$st Ne$ighbor 

(KNN). This algorithm doe$s not e$xplicitly build a 

mode$l, but inste$ad de$te$rmine$s the$ class of a data 

point base$d on its proximity to the$ ne$are$st training 

data. The$re$fore$, to e$nhance$ the$ unde$rstanding of 

comparing the$ pe$rformance$ of classification 

algorithms in se$ntime$nt analysis, the$ following 

discussion will e$xplain the$ principle$s and application 

of K-Ne$are$st Ne$ighbor. 
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2.6 K-Nearest Neighbor 

K-Ne$are$st Ne$ighbors (KNN) classification is a 

simple$ and commonly use$d non-parame$tric 

classification algorithm. The$ KNN algorithm works 

by storing all the$ training data along with the$ir 

re$spe$ctive$ labe$ls (classe$s). Whe$n a ne$w data point 

ne$e$ds to be$ classifie$d, KNN doe$s not build a mode$l 

be$fore$hand, but inste$ad compare$s the$ ne$w data with 

all e$xisting training data base$d on the$ distance$ 

be$twe$e$n the$m. This distance$ is typically calculate$d 

using the$ E$uclide$an Distance$ formula [20]. 

 

(8) 

Information: 

d(x,y)= distance$ 

xi= training data 

2.7 Confusion Matrix 

Confusion Matrix is one$ of the$ commonly use$d 

me$thods for e$valuating mode$ls in data mining 

algorithms by pre$dicting the$ corre$ctne$ss of an obje$ct 

classification. The$ value$s ge$ne$rate$d through the$ 

Confusion Matrix me$thod se$rve$ as e$valuations as 

follows [21]: 

1. Accuracy: The$ pe$rce$ntage$ of data re$cords that 

are$ corre$ctly classifie$d (pre$dicte$d) by the$ 

algorithm. Formula: 

 

         (TP + TN) / Total data = Accuracy                 (9) 

 

2. Pre$cision: The$ pe$rce$ntage$ ratio of corre$ctly 

pre$dicte$d positive$ case$s compare$d to the$ total 

pre$dicte$d positive$ case$s. Formula: 

 

(TP) / (TP + FP) = Pre$cision                           (10) 

 

3. Re$call: The$ pe$rce$ntage$ ratio of corre$ctly 

pre$dicte$d positive$ case$s compare$d to the$ total 

actual positive$ data. Formula:  

 

       (TP) / (TP + FN) = Re$call                              (11) 

 

4. Misclassification (E$rror) Rate$: The$ pe$rce$ntage$ of 

data re$cords that are$ incorre$ctly classifie$d 

(pre$dicte$d) by the$ algorithm. Formula: 

 

(FP + FN) / Total data = Misclassification Rate$ (12) 

 

2.8 Receiver Operating Characteristic (ROC) 

Curve 

The$ Re$ce$ive$r Ope$rating Characte$ristic (ROC) 

curve$ is a me$thod for e$valuating the$ pe$rformance$ of 

classification mode$ls, particularly in machine$ 

le$arning and statistics. This curve$ is use$d to de$scribe$ 

the$ mode$l's ability to diffe$re$ntiate$ be$twe$e$n positive$ 

and ne$gative$ classe$s at various thre$shold value$s.The$ 

Y-axis of the$ ROC curve$ re$pre$se$nts TPR, while$ the$ 

X-axis re$pre$se$nts FPR. A good mode$l will have$ a 

curve$ be$nding toward the$ top-le$ft of the$ graph, 

indicating high TPR and low FPR. An important 

me$asure$ in ROC is the$ Are$a Unde$r the$ Curve$ (AUC), 

which shows how we$ll the$ mode$l can distinguish 

be$twe$e$n classe$s (Nur & Oktora, 2020). An AUC of 

1.0 indicate$s a pe$rfe$ct mode$l, ≥ 0.9 indicate$s ve$ry 

good pe$rformance$, be$twe$e$n 0.7 and 0.9 indicate$s 

good pe$rformance$, and ≤ 0.5 sugge$sts the$ mode$l is no 

be$tte$r than random gue$ssing [22]. 

2.9 Research Steps 

Figure$ 1 shows the$ flow of the$ re$se$arch 

me$thodology use$d to achie$ve$ the$ re$se$arch analysis 

obje$ctive$s. 

 

Start

Preprocessing

Scraping 

Dataset

Post Sentiment 

Classification With 

Naïve Bayes 

Classifier

Word Weighting 

With TF-IDF

End

Labeling With Vader 

Lexicon

Testing With 

Confusion Matrix

Translate With Deep 

Translate Library

 
Figure $ 1. E$xample $ using picture $ 

 

Base$d on Figure$ 1, the$ stage$s of the$ analysis 

proce$ss include$: 

1. Scraping Datase$t. 

The$ datase$t scraping proce$ss use$s the$ Twe$e$py library, 

focusing on posts re$late$d to the$ se$ntime$nt of the$ 
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incre$ase$ in Value$ Adde$d Tax (VAT) with the$ 

hashtags #TolakPPN12Pe$rse$n, #PPN12Pe$rse$n, 

and #PPN Me$mpe$rkuatE$konomi. 

2. Translate$ with the$ De$e$p Translate$ Library. 

Ne$xt, the$ datase$t is translate$d into E$nglish using 

the$ De$e$p Translate$ library be$cause$, for labe$ling 

with the$ Vade$r Le$xicon, the$ post datase$t must be$ 

in E$nglish. This is be$cause$ the$ Vade$r Le$xicon is 

a se$ntime$nt dictionary spe$cifically de$signe$d to 

analyze$ te$xt in E$nglish. 

3. Pre$proce$ssing. 

Ne$xt, the$ translate$d post datase$t unde$rgoe$s pre$-

proce$ssing, which consists of 8 stage$s: re$moving 

me$ntions, de$le$ting URLs, re$moving colons, 

e$liminating hashtags, pe$rforming case$ folding 

(conve$rting te$xt to lowe$rcase$), re$moving 

punctuation, e$liminating e$xtra space$s, 

normalizing spe$cial characte$rs, and re$moving 

stopwords. 

4. Word We$ighting with TF-IDF. 

Afte$r se$ntime$nt labe$ling on the$ post datase$t using 

the$ Vade$r Le$xicon, word we$ighting is pe$rforme$d 

using TF-IDF to e$nable$ se$ntime$nt classification 

using the$ NBC and KNN algorithms. 

5. Se$ntime$nt Classification of Posts. 

Se$ntime$nt classification of posts is pe$rforme$d 

using two algorithms:  

a. Naïve$ Baye$s Classifie$r.  

Model: Multinomial Naive Bayes classifier, 

suitable for discrete features such as TF-IDF 

word counts. 

Input Features: TF-IDF vectorized data, treated 

as frequency-like features. 

Training Data: TF-IDF vectors generated from 

the training subset of preprocessed posts. 

Testing Data: TF-IDF vectors generated from the 

testing subset of preprocessed 

posts.Assumptions: Features are conditionally 

independent given the class. 

Prediction: Probability estimation for each class, 

choosing the class with the highest posterior 

probability. 

b. K-Ne$are$st Ne$ighbor. 

Number of Neighbors (k): 1 until 3 

The K-NN classifier uses the nearest neighbor 

approach with k=1, meaning the classification 

decision is based on the single closest training 

sample in the TF-IDF vector space. 

Input Features: TF-IDF vectorized representation 

of the preprocessed text data. 

Distance Metric: Default Euclidean distance 

(used implicitly by scikit-learn’s 

KNeighborsClassifier). 

Training Data: Vectorized posts from the training 

folds. 

Testing Data: Vectorized posts from the testing 

folds. 

Prediction: The model predicts the sentiment 

label based on the nearest neighbor's label. 

6. Te$sting with Confusion Matrix. 

After the sentiment classification of posts is 

completed, the performance of the classification 

models (Naïve Bayes & KNN) is tested using the 

Confusion Matrix. 

3. RESULT AND DISCUSSION 

3.1 Model Development Results 

The$ mode$l de$ve$lope$d use$s two algorithms, 

name$ly Naïve$ Baye$s Classifie$r and K-Ne$are$st 

Ne$ighbor, with the$ he$lp of the$ Vade$r Le$xicon as a 

se$ntime$nt analysis tool. The$ built mode$l was the$n 

inte$grate$d into a we$bsite$, allowing use$rs to acce$ss and 

vie$w the$ se$ntime$nt classification re$sults dire$ctly. The$ 

following shows the$ display of the$ algorithm 

comparison re$sults on the$ de$ve$lope$d we$bsite$, as 

shown in Figure$ 2. 

 

 
Figure $ 2. One $ of the $ we $bsite$ displays is the$ Algorithm Comparison 

Re$sults page$. 

3.2 Testing Results 

The$ te$sting was conducte$d using the$ Naive$ 

Baye$s Classifie$r and K-Ne$are$st Ne$ighbor algorithms 

for se$ntime$nt analysis on social me$dia platform X 

with the$ Vade$r Le$xicon. The$ datase$t consists of 2,359 
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posts, with a 90:10 split, whe$re$ 90% (2,124 posts) 

was use$d for training data and 10% (235 posts) for 

te$sting data. The$ re$sults of the$ te$sting are$ as follows: 

1. Confusion Matrix Te$sting. 

The$ Confusion Matrix te$sting aims to e$valuate$ 

the$ pe$rformance$ of the$ classification mode$ls 

(Naïve$ Baye$s & KNN). Figure$ 3 shows the$ 

structure$ of the$ Confusion Matrix Plot for the$ 

Naïve$ Baye$s Classifie$r algorithm. 

 

 
Figure $ 3. Confusion Matrix Plot of the $ Naïve $ Baye$s Classifie$r 

Algorithm 

Base$d on the$ Confusion Matrix te$sting re$sults 

for the$ Naïve$ Baye$s Classifie$r algorithm, an accuracy 

of 78.72%, pre$cision of 81.04%, re$call of 79.28%, 

and a misclassification e$rror of 21.28% we$re$ 

obtaine$d. Figure$ 4 shows the$ structure$ of the$ 

Confusion Matrix Plot for the$ K-Ne$are$st Ne$ighbor 

algorithm. 

 

Figure $ 4. Confusion Matrix Plot of the $ K-Ne $are $st Ne $ighbor 

Algorithm 

The$ summary of the$ pe$rformance$ te$sting re$sults 

of the$ K-Ne$are$st Ne$ighbor algorithm in se$ntime$nt 

analysis on social me$dia platform X is shown in 

Table$ 1. 

 
Table$ 1. Summary of Te $sting Re$sults for the $ K-Ne $are $st Ne$ighbor 

Algorithm 

k-value 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

Missclassifica

tion Error 

(%) 

1 93.19 94.07 92.96 6.81 

3 68.51 76.33 67.47 31.49 

5 66.38 72.77 65.56 33.62 

 
In Table$ 1, it can be$ se$e$n that the$ value$ of k=1 

has the$ be$st pe$rformance$ and is the$re$fore$ use$d as the$ 

re$fe$re$nce$ in this study. The significant difference in 

performance when varying the value of k can be 

explained by the nature of the K-NN algorithm. A 

smaller k, such as k=1, considers only the closest 

neighbor, allowing the model to capture very specific 

local patterns in the data, which leads to higher 

accuracy and precision. However, as k increases, the 

algorithm averages over more neighbors, which can 

smooth out noise but also causes the model to lose 

sensitivity to fine-grained distinctions, resulting in a 

decline in performance. This effect shows that 

selecting an appropriate k is crucial to balance 

between sensitivity to local patterns and 

generalization to the broader data distribution. 

2. Se$ntime$nt Analysis Distribution Te$sting 

Re$sults. 

The$ se$ntime$nt analysis distribution te$sting is 

pre$se$nte$d in the$ form of a bar chart to provide$ a cle$ar 

visualization of the$ numbe$r of data points in e$ach 

se$ntime$nt cate$gory, name$ly ne$gative$, ne$utral, and 

positive$. This bar chart he$lps in illustrating the$ 

proportion of class distribution in the$ datase$t or the$ 

re$sults of the$ mode$l's classification. Figure$ 5 shows 

the$ se$ntime$nt analysis distribution bar chart using the$ 

Vade$r Le$xicon tools. 

 
Figure $ 5. Se $ntime $nt Analysis Distribution Te$sting Re$sults 

 

Base$d on the$ bar chart in Figure$ 5, it can be$ se$e$n 

that the$ numbe$r of ne$gative$ se$ntime$nt analyse$s is 814 

posts, ne$utral is 751 posts, and positive$ is 794 posts. 

It can be$ conclude$d that the$ public still holds a 

ne$gative$ opinion re$garding the$ se$ntime$nt about the$ 

incre$ase$ in Value$ Adde$d Tax (VAT). 

3. ROC Curve$ Te$sting Re$sults. 

The$ re$sults of the$ ROC (Re$ce$ive$r Ope$rating 

Characte$ristic) curve$ te$sting are$ pre$se$nte$d in the$ form 

of a graph that illustrate$s the$ pe$rformance$ of the$ 

classification mode$l in distinguishing be$twe$e$n 

classe$s. The$ ROC curve$ shows the$ re$lationship 

be$twe$e$n True$ Positive$ Rate$ (Re$call) and False$ 
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Positive$ Rate$ for e$ach de$cision thre$shold use$d. Figure$ 

6 shows the$ re$sults of the$ ROC curve$ te$sting. 

 

 
Figure $ 6. ROC Curve$ Te $sting Re$sults 

 

The$ te$sting re$sults using the$ ROC curve$ in 

Figure$ 6 show that the$ K-Ne$are$st Ne$ighbor (KNN) 

algorithm has an AUC value$ of 0.95, while$ the$ Naive$ 

Baye$s Classifie$r (NBC) algorithm has an AUC value$ 

of 0.93. An AUC value$ close$ to 1 indicate$s that both 

algorithms have$ ve$ry good classification pe$rformance$ 

in distinguishing be$twe$e$n classe$s. Howe$ve$r, with a 

slightly highe$r AUC value$, it can be$ conclude$d that 

the$ KNN algorithm has be$tte$r classification ability 

than the$ Naive$ Baye$s Classifie$r in this te$st. 

3.3 Discussion 

The$ first te$st conducte$d was using the$ 

Confusion Matrix to me$asure$ the$ pe$rformance$ of the$ 

mode$l. Base$d on the$ te$st re$sults, the$ Naive$ Baye$s 

Classifie$r algorithm achie$ve$d an accuracy of 78.72%, 

with an ave$rage$ pre$cision of 81.04%, re$call of 

79.28%, and a misclassification e$rror of 21.28%. This 

accuracy indicate$s that the$ Naive$ Baye$s Classifie$r 

mode$l can classify se$ntime$nt data we$ll, although 

the$re$ are$ some$ e$rrors in pre$dicting se$ntime$nt, 

e$spe$cially in the$ ne$utral class. 

Me$anwhile$, the$ K-Ne$are$st Ne$ighbor algorithm 

with k=1 showe$d be$tte$r pe$rformance$, with an 

accuracy of 93.19%, pre$cision of 94.07%, re$call of 

92.96%, and a misclassification e$rror of 6.81%. This 

shows that KNN with k=1 can pre$dict se$ntime$nt ve$ry 

we$ll, e$ve$n more$ accurate$ly than the$ Naive$ Baye$s 

Classifie$r. Whe$n te$ste$d with k=3 and k=5, the$ 

pe$rformance$ of KNN starte$d to de$cline$, with 

accuracie$s of 68.51% and 66.38%, along with an 

incre$ase$d misclassification e$rror rate$. The$re$fore$, it 

can be$ conclude$d that k=1 provide$s the$ be$st re$sults in 

this te$st. 

For the$ Naive$ Baye$s Classifie$r algorithm, the$ 

highe$st pre$cision was found in the$ ne$utral class, at 

94.23%, indicating that the$ mode$l is ve$ry good at 

classifying ne$utral se$ntime$nt. Howe$ve$r, the$ re$call for 

the$ ne$utral class was only 59.04%, me$aning the$ 

mode$l struggle$s to ide$ntify all ne$utral data. On the$ 

othe$r hand, the$ ne$gative$ class has a ve$ry high re$call 

(94.81%), but lowe$r pre$cision (73.00%), indicating 

that the$re$ are$ some$ e$rrors in classifying ne$gative$ data 

as positive$ or ne$utral. 

K-Ne$are$st Ne$ighbor with k=1, on the$ othe$r hand, 

shows a more$ balance$d pre$cision and re$call. Pre$cision 

for the$ ne$gative$, ne$utral, and positive$ classe$s are$ 

97.26%, 86.46%, and 98.48%, re$spe$ctive$ly. 

Me$anwhile$, re$call for the$ ne$gative$ and positive$ 

classe$s is also quite$ high (92.21% and 86.67%), but 

the$ ne$utral class has pe$rfe$ct re$call (100%) with 

minimal misclassification. 

Base$d on the$ re$sults obtaine$d from te$sting the$ 

Naive$ Baye$s Classifie$r (NBC) and K-Ne$are$st 

Ne$ighbor (KNN) algorithms, it can be$ conclude$d that 

K-Ne$are$st Ne$ighbor with k=1 has be$tte$r pe$rformance$ 

than Naive$ Baye$s Classifie$r in te$rms of accuracy, 

pre$cision, and re$call. The$se$ re$sults are$ consiste$nt with 

the$ re$se$arch conducte$d by Abdillah e$t al. (2024), 

which compare$d the$ Naïve$ Baye$s and K-Ne$are$st 

Ne$ighbor me$thods in se$ntime$nt analysis of Ze$nius 

app use$rs. The$ study found that the$ accuracy of Naive$ 

Baye$s was 88.41%, while$ KNN re$ache$d 100% [23]. 

Additionally, the$se$ re$sults align with the$ re$se$arch 

conducte$d by E$lfansyah e$t al. (2024), who compare$d 

the$ K-Ne$are$st Ne$ighbor and Naïve$ Baye$s me$thods in 

se$ntime$nt analysis of Dana e$-walle$t app use$rs using 

TF-IDF fe$ature$ e$xtraction. The$ study found that the$ 

KNN and Naive$ Baye$s me$thods showe$d diffe$re$nt 

accuracy base$d on data labe$l source$s. For the$ le$xicon-

labe$le$d data, KNN achie$ve$d 78% accuracy and Naive$ 

Baye$s 74% [24]. 

The performance difference between K-Nearest 

Neighbor and Naive Bayes in this sentiment analysis 

is due to K-NN's ability to capture local patterns and 

complex dependencies among features [25], while 

Naive Bayes is limited by the feature independence 

assumption that is rarely met in text data [26]. 

Therefore, K-NN with k=1 produces more accurate 

results in TF-IDF-based sentiment classification 

compared to Naive Bayes. 

The$ se$ntime$nt analysis distribution conducte$d 

using Vade$r Le$xicon provide$s a cle$ar picture$ of the$ 

public's se$ntime$nt towards the$ issue$ be$ing studie$d, in 

this case$, the$ incre$ase$ in Value$ Adde$d Tax (VAT). 

From the$ se$ntime$nt analysis distribution te$st re$sults, 

it can be$ se$e$n that the$ majority of the$ public te$nd to 

have$ a ne$gative$ se$ntime$nt (814 posts), followe$d by 

positive$ se$ntime$nt (794 posts) and ne$utral se$ntime$nt 

(751 posts). This indicate$s that the$ majority of pe$ople$ 

are$ dissatisfie$d with the$ VAT policy, although a small 

numbe$r have$ positive$ or ne$utral vie$ws on the$ policy. 

E $valuation using the$ ROC curve$ provide$s a 

de$e$pe$r pe$rspe$ctive$ on the$ mode$l's ability to 

distinguish be$twe$e$n se$ntime$nt classe$s. The$ AUC 

value$ of 0.95 for K-Ne$are$st Ne$ighbor indicate$s that 

this mode$l is ve$ry good at distinguishing be$twe$e$n 

se$ntime$nt classe$s. Me$anwhile$, Naive$ Baye$s achie$ve$d 

an AUC of 0.93, which also indicate$s good 

classification pe$rformance$, although slightly lowe$r 

than KNN. Ove$rall, both algorithms pe$rform ve$ry 
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we$ll in se$ntime$nt classification, but KNN has a slight 

e$dge$ in distinguishing be$twe$e$n se$ntime$nt classe$s. 

4. CONCLUSION 

The$ re$sults of the$ te$sting indicate$ that the$ K-

Ne$are$st Ne$ighbor (KNN) algorithm with k=1 

outpe$rforms Naïve$ Baye$s in se$ntime$nt classification, 

achie$ving an accuracy of 93.19%, pre$cision of 

94.07%, re$call of 92.96%, and a misclassification 

e$rror of 6.81%. In comparison, Naïve$ Baye$s re$corde$d 

an accuracy of 88.29%, pre$cision of 87.43%, re$call of 

86.67%, and a misclassification e$rror of 11.71%. The$ 

ROC curve$ e$valuation furthe$r supports KNN's 

supe$rior pe$rformance$ with an AUC of 0.95, slightly 

highe$r than Naïve$ Baye$s, which had an AUC of 0.93. 

Both algorithms showe$d strong classification 

abilitie$s, but KNN was more$ accurate$ and e$fficie$nt in 

distinguishing be$twe$e$n se$ntime$nt classe$s. The$ use$ of 

the$ Vade$r Le$xicon tool for automatic se$ntime$nt 

labe$ling prove$d to be$ e$ffe$ctive$ in spe$e$ding up the$ 

labe$ling proce$ss and e$nhancing pre$proce$ssing 

e$fficie$ncy, without compromising the$ classification 

accuracy of e$ithe$r KNN or Naïve$ Baye$s. The$ 

se$ntime$nt distribution re$ve$ale$d that ne$gative$ 

se$ntime$nt dominate$d, with 814 posts labe$le$d as 

ne$gative$, followe$d by 794 positive$ posts and 751 

ne$utral posts. This sugge$sts that the$ majority of the$ 

public e$xpre$sse$s dissatisfaction with the$ VAT 

incre$ase$ policy. 

However, this study has several limitations that 

should be addressed in future research. First, the data 

scraping was limited to 100 posts per month due to 

developer platform constraints, potentially affecting 

the representativeness of the dataset. Second, only 

two classification algorithms (KNN and Naïve 

Bayes) were explored, while incorporating other 

models like Random Forest or XGBoost may 

improve performance. Lastly, the analysis was 

confined to a single topic, so testing the models on 

different topics or datasets is necessary to assess the 

generalizability and robustness of the sentiment 

classification approach. 
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