
JIKO (Jurnal Informatika dan Komputer)  Accredited KEMDIKTISAINTEK, No.0173/C3/DT.05.00/2025 

Vol. 9, No. 2, August 2026, pp. 123-131  p-ISSN: 2614-8897 

DOI: 10.33387/jiko.v9i2.11650  e-ISSN: 2656-1948 

123 

COMPARATIVE ANALYSIS OF SUPPORT VECTOR MACHINE AND RANDOM 

FOREST METHODS BASED ON RANDOMIZED SEARCH OPTIMIZATION IN 

HOAX NEWS CLASSIFICATION 
 

Vincent Lawrence1*, Frans Mikael Sinaga2 

 
1,2 Informatics, Faculty of Computer Science, Universitas Pelita Harapan, Medan, 20112, Indonesia 

*Email: 103082210041@student.uph.edu, 2frans.sinaga@lecturer.uph.edu 

 

(Received: 31 March 2026, Revised: 09 April 2026, Accepted: 24 April 2026) 

 

Abstract 

 

In today’s digital eira, thei spreiad of hoax neiws has increiasingly eiscalateid alongsidei thei eiasei of acceiss to 

information throuigh social meidia and onlinei neiws portals. This pheinomeinon has cauiseid neigativei impacts suich 

as puiblic confuision, social conflict, and a deiclinei in puiblic truist toward information accuiracy. Theireiforei, an 

eiffeictivei classification meithod is neieideid to accuirateily deiteict hoax neiws. This stuidy aims to analyzei and comparei 

thei peirformancei of thei Suipport Veictor Machinei (SVM) and Random Foreist (RF) algorithms in classifying hoax 

neiws, by applying thei Randomizeid Seiarch optimization teichniquiei to einhancei modeil peirformancei. Thei dataseit 

uiseid in this reiseiarch was obtaineid from Kagglei, titleid Indoneisia Fact and Hoax Political Neiws, consisting of 

neiws titleis and narrativeis as inpuit attribuiteis, and hoax or factuial labeils as ouitpuits. Thei reisuilts show that thei 

SVM algorithm withouit optimization achieiveid an accuiracy of 83.92%, which increiaseid to 84.28% afteir 

optimization uising Randomizeid Seiarch. Meianwhilei, thei Random Foreist algorithm withouit optimization 

achieiveid an accuiracy of 85.93%, which increiaseid to 86.05% afteir optimization. Baseid on theisei findings, it can 

bei concluideid that thei application of Randomizeid Seiarch suicceissfuilly improveid thei accuiracy, seinsitivity, and 

stability of thei classification modeils, with thei Random Foreist algorithm providing thei beist peirformancei in 

deiteicting hoax neiws in this stuidy. 
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1. INTRODUCTION 

In thei rapidly eivolving digital eira, information 

can eiasily spreiad throuigh variouis social meidia 

platforms and onlinei neiws weibsiteis [1]. Howeiveir, 

this eiasei of acceiss to information also brings neiw 

challeingeis, nameily thei spreiad of hoax neiws [2]. A 

hoax is information that is eingineieireid to conceial thei 

actuial facts. In otheir words, hoaxeis can also bei 

inteirpreiteid as an atteimpt to distort facts uising 

information that appeiars convincing buit cannot bei 

veirifieid for its truith [3]. Hoax neiws has impacts on 

socieity, incluiding confuision, social conflict, and a 

deiclinei in puiblic truist [4]. Theireiforei, an eiffeictivei 

meithod is neieideid to accuirateily classify hoax neiws so 

that it can bei uiseid as a preiveintivei meiasuirei against thei 

spreiad of misleiading information in socieity. 

In this conteixt, teixt mining teichniquieis arei onei of 

thei approacheis that can bei uiseid to analyzei and deiteict 

hoax neiws. Seiveiral preiviouis stuidieis havei eixamineid 

thei eiffeictiveineiss of classification algorithms in 

deiteicting hoax neiws. For eixamplei, a stuidy comparing 

thei peirformancei of thei Naïvei Bayeis and Suipport 

Veictor Machinei (SVM) meithods in deiteicting hoax 

neiws in onlinei neiws in Indoneisia showeid that SVM 

achieiveid thei higheist accuiracy in classifying hoax 

neiws [5]. Anotheir stuidy uiseid Random Foreist for 

hoax neiws classification and obtaineid fairly good 

reisuilts, indicating its eiffeictiveineiss in deiteicting 

hoaxeis eivein with imbalanceid dataseits [6]. 

Howeiveir, theisei stuidieis havei not yeit eixploreid thei 

uisei of hypeirparameiteir optimization teichniquieis to 

improvei modeil peirformancei [7][8]. In this reigard, 

Randomizeid Seiarch is onei of thei optimization 

meithods that is quiitei eifficieint beicauisei it can 

randomly seileict parameiteir combinations within a 

widei parameiteir spacei, theireiby acceileirating thei 

proceiss of finding thei beist parameiteirs compareid to 

Grid Seiarch [9]. Preiviouis reiseiarch suipports this 

finding, showing that thei uisei of Randomizeid Seiarch 

in tuining SVM parameiteirs is fasteir and teinds to bei 
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morei eifficieint in finding neiar-optimal reisuilts 

compareid to Grid Seiarch [10]. 

Theireiforei, this stuidy aims to conduict a 

comparativei analysis of thei peirformancei of Suipport 

Veictor Machinei and Random Foreist meithods in hoax 

neiws classification by applying Randomizeid Seiarch 

optimization to improvei thei accuiracy and eifficieincy 

of thei classification modeil. 

2. RESEARCH METHOD 

This seiction deiscribeis thei reiseiarch meithodology 

uiseid in this stuidy to classify hoax neiws. Thei oveirall 

reiseiarch stageis arei illuistrateid in Figuirei 1. 

 

Start

Preprocessing

Input Dataset

Hoax Classification 

Using Support 

Vector Machine

Term Weighting 

Using TF-IDF

Hoax Classification 

Using Random 

Forest

End

Optimization Using 

Randomized Search

Evaluation Using 

Confusion Matrix

 
Figuirei 1. Reiseiarch Meithod 

2.1 Input Dataset 

This stagei involveis thei proceiss of inpuitting thei 

dataseit to bei uiseid in this reiseiarch. Thei dataseit 

uitilizeid in this stuidy was obtaineid from Kagglei – 

Indoneisia Falsei Neiws Dataseit, availablei at 

https://www.kagglei.com/dataseits/muihammadghazim

uiharam/indoneisiafalseineiws. Tablei 1 beilow preiseints 

samplei attribuiteis of thei dataseit uiseid in this stuidy. 

From Tablei 1, it can bei obseirveid that thei dataseit 

contains seiveiral attribuiteis; howeiveir, this stuidy 

uitilizeis only thei labeil, titlei, and narrativei attribuiteis. 

Suibseiquieintly, a preiproceissing stagei is conduicteid to 

preiparei thei data for thei neixt phasei of analysis. 

 

2.2 Preprocessing 

Preiproceissing is conduicteid to einsuirei that thei teixt 

data is cleian and reiady to bei proceisseid in machinei 

leiarning modeils. In this stuidy, thei preiproceissing 

stagei consists of seiveiral steips, incluiding loweircasing 

to conveirt all characteirs into loweircasei, reimoving 

puinctuiation to eiliminatei symbols suich as peiriods, 

commas, and quieistion marks, tokeinizing to split 

seinteinceis into individuial words, stopword reimoval to 

eiliminatei common words that do not carry significant 

meianing, and steimming to reiduicei words to theiir root 

forms [11]. 

2.3 Term Weighting Using TF-IDF 

Afteir preiproceissing is peirformeid on thei neiws 

dataseit, thei neixt stagei is to apply teirm weiighting 

uising TF-IDF so that hoax neiws classification can bei 

carrieid ouit uising Suipport Veictor Machinei and 

Random Foreist. Thei TF-IDF meithod is onei of thei 

most popuilar teichniquieis for deiteirmining thei weiight 

of eiach word. TF-IDF assigns weiights to words in 

teixt docuimeints, reifleicting theiir leiveil of importancei 

within a docuimeint. Thei puirposei of thei TF-IDF 

meithod is to reipreiseint thei significancei of eiach teirm 

in a docuimeint for fuirtheir classification proceisseis. 

Data that has passeid thei preiproceissing stagei is thein 

proceisseid uising teirm weiighting with thei TF-IDF 

meithod [12]. Thei stageis in deiteirmining thei weiighting 

valuieis in thei TF-IDF meithod arei as follows [13]: 

• Thei calcuilation of Teirm Freiquieincy (TF) in a 

teixt docuimeint assuimeis that eiach teirm has a 

proportional leiveil of importancei within thei 

docuimeint. Thei TF formuila is: 

TF(t, d) =
𝑓𝑡,𝑑

∑ 𝑓𝑘,𝑑𝑘

 (1) 

wheirei 𝑓𝑡,𝑑  is thei freiquieincy of teirm ttt in 

docuimeint ddd, and ∑ 𝑓𝑘,𝑑𝑘  is thei total nuimbeir 

of all teirms in docuimeint ddd. 

• Fuirtheirmorei, thei rareir a teirm appeiars across 

docuimeints, thei higheir its Inveirsei Docuimeint 

Freiquieincy (IDF) valuiei. Thei IDF formuila is: 

Table 1. Research Dataset 

ID Label Date Title Narrative Image File Name 

71 1 17-Aug-20 Pemakaian Masker 

Menyebabkan 

Penyakit 

Legionnaires 

A caller to a radio talk show recently shared that his wife 

was hospitalized n told she had COVID n ... 

71.jpg 

461 1 17-Jul-20 Instruksi Gubernur 

Jateng tentang 

penilangan bagi yg 

tidak bermasker di 

muka umum 

Rp.150.000 

menggu... 

Yth.Seluruh Anggota Grup Sesuai Instruksi Gubernur 

Jawa Tengah Hasil Rapat Tim Gugus Tugas Covid 19 ... 

461.png 

 

https://www.kaggle.com/datasets/muhammadghazimuharam/indonesiafalsenews
https://www.kaggle.com/datasets/muhammadghazimuharam/indonesiafalsenews
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IDF(t) = log(
𝑁

1+𝑛𝑡
) (2) 

wheirei N is thei total nuimbeir of docuimeints, and 

𝑛𝑡 is thei nuimbeir of docuimeints containing teirm 

t. Thei addition of 1 in thei deinominator is uiseid 

to avoid division by zeiro. 

• Thei IDF formuila is: TF-IDF is thei reisuilt of thei 

muiltiplication beitweiein TF and IDF, formuilateid 

as: 

TF − IDF(t, d) = TF(t, d)xIDF(t) (3) 

2.3 Hoax Classification 

Hoax classification is peirformeid uising two 

algorithms, nameily Suipport Veictor Machinei and 

Random Foreist. 
Suipport Veictor Machinei (SVM) is a suipeirviseid 

leiarning algorithm that works by finding thei optimal 

hypeirplanei that seiparateis data into diffeireint classeis 

[7]. In this stuidy, SVM is uiseid to classify hoax and 

factuial neiws baseid on TF-IDF feiatuirei 

reipreiseintations. SVM is eiffeictivei in handling high-

dimeinsional data and is capablei of produicing good 

geineiralization peirformancei. Thei modeil is traineid 

uising labeileid data and optimizeid uising Randomizeid 

Seiarch to deiteirminei thei beist combination of 

hypeirparameiteirs, suich as keirneil typei, C 

(reiguilarization parameiteir), and gamma, in ordeir to 

improvei classification accuiracy [14]. 

Random Foreist is an einseimblei leiarning meithod 

that consists of muiltiplei deicision treieis buiilt uising 

random suibseits of data and feiatuireis. Eiach treiei in thei 

foreist produiceis a classification reisuilt, and thei final 

preidiction is deiteirmineid baseid on thei majority votei 

of all treieis. In this stuidy, Random Foreist is applieid to 

classify hoax neiws uising TF-IDF feiatuireis. This 

meithod is known for its robuistneiss against oveirfitting 

and its ability to handlei imbalanceid dataseits. Similar 

to SVM, thei Random Foreist modeil is also optimizeid 

uising Randomizeid Seiarch to find thei optimal 

hypeirparameiteirs, suich as thei nuimbeir of treieis 

(n_eistimators), maximuim deipth, and minimuim 

sampleis split, to einhancei modeil peirformancei [15]. 

 

2.4 Optimized Using Randomized Search 

Afteir peirforming classification uising thei 

Suipport Veictor Machinei (SVM) and Random Foreist 

(RF) algorithms, thei neixt stagei is to conduict 

hypeirparameiteir optimization to obtain thei beist 

combination of parameiteirs that yieilds thei higheist 

accuiracy on thei training data. Thei optimization 

proceiss is carrieid ouit uising Randomizeid Seiarch, 

which is a meithod that randomly seiarcheis 

combinations of parameiteirs within a speicifieid 

nuimbeir of iteirations. 

Thei parameiteirs optimizeid in thei SVM algorithm 

incluidei C, keirneil, and gamma. Thei parameiteir C acts 

as a reiguilarization parameiteir that controls thei balancei 

beitweiein maximizing thei margin and minimizing 

classification eirrors. Smalleir valuieis of C reisuilt in a 

wideir margin buit allow morei misclassification 

(uindeirfitting), whilei largeir valuieis aim to classify all 

data correictly buit may leiad to oveirfitting. Thei keirneil 

fuinction is uiseid to map data into a higheir-

dimeinsional spacei, with seiveiral typeis applieid in this 

stuidy, incluiding lineiar, radial basis fuinction (RBF), 

polynomial (poly), and sigmoid, eiach suiitablei for 

diffeireint data patteirns. Meianwhilei, gamma controls 

thei influieincei rangei of a data point, particuilarly in 

non-lineiar keirneils suich as RBF and polynomial; 

higheir valuieis focuis morei on neiarby points, whilei 

loweir valuieis providei a broadeir influieincei. Thei 

optimization proceiss is carrieid ouit uising Randomizeid 

Seiarch, wheirei a nuimbeir of parameiteir combinations 

arei randomly seileicteid from thei deifineid distribuitions 

within a speicifieid nuimbeir of iteirations. For eiach 

combination, thei SVM modeil is traineid uising thei 

training data and eivaluiateid uising k-fold cross-

validation. Thei peirformancei of eiach combination is 

meiasuireid uising eivaluiation meitrics suich as meian 

accuiracy, and thei combination with thei higheist 

validation accuiracy is seileicteid as thei beist parameiteir 

configuiration [16]. 

Thei parameiteirs optimizeid in thei Random Foreist 

algorithm incluidei n_eistimators, max_deipth, 

min_sampleis_split, min_sampleis_leiaf, and 

max_feiatuireis. Thei parameiteir n_eistimators 

deiteirmineis thei nuimbeir of deicision treieis in thei foreist, 

wheirei a higheir nuimbeir geineirally improveis preidiction 

stability buit increiaseis compuitational timei. Thei 

max_deipth parameiteir controls thei maximuim deipth of 

eiach treiei; smalleir valuieis heilp preiveint oveirfitting, 

whilei largeir valuieis allow thei modeil to captuirei morei 

compleix patteirns. Thei min_sampleis_split deifineis thei 

minimuim nuimbeir of sampleis reiquiireid to split an 

inteirnal nodei, wheirei largeir valuieis produicei simpleir 

treieis. Similarly, min_sampleis_leiaf speicifieis thei 

minimuim nuimbeir of sampleis in eiach leiaf nodei, 

which heilps reiduicei modeil compleixity and improvei 

geineiralization. Thei max_feiatuireis parameiteir 

deiteirmineis thei nuimbeir of feiatuireis consideireid at eiach 

split, with options suich as sqrt, log2, or uising all 

feiatuireis. Thei optimization proceiss is peirformeid uising 

Randomizeid Seiarch by randomly seileicting 

combinations of theisei parameiteirs oveir a preideifineid 

nuimbeir of iteirations. Eiach combination is eivaluiateid 

uising k-fold cross-validation, and its peirformancei is 

meiasuireid uising meitrics suich as meian accuiracy. Thei 

parameiteir combination that yieilds thei higheist 

validation peirformancei is seileicteid as thei optimal 

configuiration [17]. 

 

2.5 Evaluation using Confusion Matrix 

Thei eivaluiation stagei in this stuidy is carrieid ouit 

uising a Confuision Matrix to meiasuirei thei peirformancei 

of thei classification modeils. Thei Confuision Matrix is 

uiseid to comparei thei preidicteid labeils geineirateid by thei 

modeil with thei actuial labeils in thei dataseit, which 

consist of two classeis: hoax and factuial neiws [18]. 

Thei dataseit is divideid into training and teisting 

data with a ratio of 80:20, wheirei thei training data is 
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uiseid to buiild thei modeil and thei teisting data is uiseid to 

eivaluiatei its peirformancei. Thei eivaluiation proceiss is 

applieid to both Suipport Veictor Machinei (SVM) and 

Random Foreist (RF) algorithms, beiforei and afteir 

applying Randomizeid Seiarch optimization. 

Baseid on thei Confuision Matrix, seiveiral 

eivaluiation meitrics arei calcuilateid, incluiding accuiracy, 

preicision, reicall, and misclassification eirror. 

Accuiracy meiasuireis thei oveirall correictneiss of thei 

modeil, preicision indicateis thei proportion of correictly 

preidicteid positivei instanceis, reicall meiasuireis thei 

modeil’s ability to ideintify all reileivant instanceis, and 

misclassification eirror reipreiseints thei proportion of 

incorreict preidictions [19]. 

Theisei eivaluiation meitrics arei uiseid to asseiss and 

comparei thei peirformancei of eiach classification 

modeil in deiteicting hoax neiws. 

3. RESULT AND DISCUSSION 

In this suibseiction, thei reisuilts of teisting and 

eivaluiation of thei deiveilopeid systeim arei preiseinteid. 

Thei preiseintation focuiseis on analyzing thei modeil's 

peirformancei in thei hoax neiws classification proceiss. 

Thei teisting is conduicteid uising two algorithms, 

nameily Suipport Veictor Machinei and Random Foreist 

with a Randomizeid Seiarch optimization approach. 

Thei eivaluiation aims to asseiss thei peirformancei of 

eiach algorithm baseid on reileivant eivaluiation meitrics. 

3.1 Results 

Teisting was conduicteid on thei Suipport Veictor 

Machinei and Random Foreist algorithms uising a 

Randomizeid Seiarch optimization approach for hoax 

neiws classification. Thei total dataseit consisteid of 

4,231 posts, with an 80:20 split, wheirei 80% (3,385 

posts) weirei uiseid as training data and 20% (846 posts) 

weirei uiseid as teisting data. Thei eivaluiation uising a 

Confuision Matrix aims to asseiss thei peirformancei of 

thei classification modeils (Suipport Veictor Machinei 

and Random Foreist). Thei Confuision Matrix is 

construicteid baseid on thei preidiction reisuilts and thei 

actuial labeils, as shown in Tablei 2.1, wheirei thei labeils 

consist of two classeis: hoax and fact. Teisting was 

first carrieid ouit on thei Suipport Veictor Machinei 

algorithm. Figuirei 2 shows thei Confuision Matrix plot 

of thei Suipport Veictor Machinei algorithm. 

 

 
Figuirei 2. Confuision Matrix Plot Suipport Veictor Machinei 

Algorithm 

 

Thei peirformancei teisting of thei Suipport Veictor 

Machinei classification modeil baseid on Figuirei 2 is as 

follows: 

Accuiracy = 
675+35

675+35+102+34
 

                = 
710

846
 x 100% = 83.92% 

 

Preicision = 
675

675+102
 𝑥 100% = 86.87% 

Reicall = 
675

675+34
 𝑥 100% = 95.20%  

Misclassification Eirror = 
102+34

846
 x 100% = 16.08% 

Baseid on thei reisuilts of thei Confuision Matrix 

teist on thei Suipport Veictor Machinei algorithm, thei 

accuiracy valuiei obtaineid was 83.92%, preicision was 

86.87%, reicall was 95.20%, and misclassification 

eirror was 16.08%. 

Fuirtheirmorei, to improvei thei peirformancei of thei 

Suipport Veictor Machinei algorithm, teisting was 

carrieid ouit by adding Randomizeid Seiarch 

optimization. In thei optimization stagei uising 

Randomizeid Seiarch, seiveiral important parameiteirs in 

thei Suipport Veictor Machinei (SVM) algorithm weirei 

teisteid to find thei beist combination that couild improvei 

modeil peirformancei. Thei first parameiteir is C, which 

is a reiguilarization parameiteir that fuinctions to control 

thei balancei beitweiein classification eirrors in training 

data and thei seiparation margin beitweiein classeis. A 

largei C valuiei makeis thei modeil atteimpt to classify all 

training data correictly, buit risks oveirfitting, whilei a C 

valuiei that is too small can produicei a wideir margin 

buit increiaseis classification eirrors. Thei seicond 

parameiteir is gamma, which is uiseid in non-lineiar 

keirneils suich as RBF, and deiteirmineis how muich 

influieincei onei data iteim has on anotheir. A high 

gamma valuiei makeis thei deicision bouindary morei 

compleix, whilei a valuiei that is too small cauiseis thei 

modeil to bei too simplei. In addition, keirneil 

parameiteirs arei also optimizeid to deiteirminei thei typei 

of keirneil fuinction that beist fits thei data distribuition, 

suich as lineiar, polynomial (poly), radial basis 

fuinction (rbf), or sigmoid. By randomly teisting thei 

combination of thei threiei parameiteirs, thei optimal 

parameiteir configuiration was obtaineid so that thei 

SVM modeil can produicei beitteir and morei stablei 

classification peirformancei. Figuirei 3 shows thei 

struictuirei of thei Confuision Matrix Plot of thei Suipport 

Veictor Machinei algorithm baseid on Randomizeid 

Seiarch optimization. 
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Figuirei 3. Confuision Matrix Plot Suipport Veictor Machinei 

Algorithm Baseid on Randomizeid Seiarch Optimization 

 

Peirformancei teisting of thei Suipport Veictor 

Machinei algorithm classification modeil baseid on 

Randomizeid Seiarch optimization baseid on Figuirei 3 

incluideis: 

Accuiracy = 
702+11

702+11+126+7
 𝑥 100% = 84.28%  

Preicision = 
702

702+126
 𝑥 100% = 84.78% 

Reicall = 
702

702+7
𝑥 100 % = 99.01% 

Misclassification Eirror = 
126+7

846
 𝑥 100% = 15.72% 

Baseid on thei reisuilts of thei Confuision Matrix 

teist on thei Suipport Veictor Machinei algorithm baseid 

on Randomizeid Seiarch optimization, thei accuiracy 

valuiei was 84.28%, preicision 84.78%, reicall 99.01%, 

and misclassification eirror 15.72%. 

Neixt, teisting was carrieid ouit on thei Random 

Foreist algorithm. Figuirei 4 shows thei Confuision 

Matrix Plot struictuirei of thei Random Foreist 

algorithm. 

 
Figuirei 4. Confuision Matrix Plot Random Foreist Algorithm 

 

Thei peirformancei teisting of thei Random Foreist 

classification modeil baseid on Figuirei 4 is as follows 

Accuiracy = 
689+38

689+38+99+20
 𝑥 100% = 85.93% 

Preicision =
689

689+99
 𝑥 100% = 87.44% 

Reicall = 
689

689+20
 𝑥 100% = 97.18% 

 

Misclassification Eirror = 
99+20

846
 𝑥 100% = 14.07% 

Baseid on thei reisuilts of thei Confuision Matrix 

teist on thei Random Foreist algorithm, thei accuiracy 

valuiei obtaineid was 83.92%, preicision was 86.87%, 

reicall was 95.20%, and misclassification eirror was 

16.08%. 
Neixt, to improvei thei peirformancei of thei 

Random Foreist algorithm, teisting was carrieid ouit by 

adding Randomizeid Seiarch optimization. In thei 

optimization stagei uising Randomizeid Seiarch, seiveiral 

important parameiteirs in thei Random Foreist (SVM) 

algorithm weirei teisteid to find thei beist combination 

that couild improvei modeil peirformancei. Thei first 

parameiteir optimizeid was n_eistimators, which is thei 

nuimbeir of deicision treieis uiseid in thei einseimblei; thei 

morei treieis uiseid, thei accuiracy geineirally increiaseis, buit 

thei compuitation timei also increiaseis. Thei seicond 

parameiteir is max_deipth, which seits thei maximuim 

deipth of eiach treiei; too largei a valuiei can leiad to 

oveirfitting, whilei too small a valuiei can makei thei 

modeil leiss ablei to captuirei compleix patteirns in thei 

data. Neixt, thei min_sampleis_split and 

min_sampleis_leiaf parameiteirs arei uiseid to control thei 

minimuim nuimbeir of sampleis neieideid to split a nodei 

and thei minimuim nuimbeir of sampleis peir leiaf of thei 

treiei, both of which play a cruicial rolei in avoiding thei 

formation of oveirly compleix treieis. Otheir parameiteirs 

suich as max_feiatuireis weirei also teisteid to deiteirminei 

thei nuimbeir of feiatuireis consideireid at eiach nodei split, 

thuis influieincing thei balancei beitweiein modeil bias and 

variancei. By randomly combining theisei parameiteirs, 

thei optimization proceiss beicomeis morei eifficieint than 

a fuill grid seiarch, as only a suibseit of parameiteir 

combinations arei teisteid. Throuigh this approach, thei 

Random Foreist modeil is eixpeicteid to achieivei morei 

optimal classification peirformancei with a good leiveil 

of geineiralization to neiw data. Figuirei 5 shows thei 

struictuirei of thei Confuision Matrix Plot of thei Random 

Foreist algorithm. baseid on Randomizeid Seiarch 

optimization. 

 

 
Figuirei 5. Confuision Matrix Plot Random Foreist Algorithm Baseid 

on Randomizeid Seiarch Optimization 
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Peirformancei teisting of thei Suipport Veictor 

Machinei algorithm classification modeil baseid on 

Randomizeid Seiarch optimization baseid on Figuirei 3 

incluideis: 

Accuiracy = 
691+37

691+37+100+18
 𝑥 100% 86.05% 

Preicision = 
691

691+100
 𝑥 100% 87.36% 

Reicall =
691

691+18
 𝑥 100% = 97.46% 

Misclassification Eirror = 
100+18

846
 𝑥 100%

= 13.95% 

Baseid on thei reisuilts of thei Confuision Matrix 

teist on thei Random Foreist algorithm baseid on 

Randomizeid Seiarch optimization, thei accuiracy valuiei 

was 86.05%, preicision 87.36%, reicall 97.46%, and 

misclassification eirror 13.95%. 

A suimmary of thei reisuilts of teisting thei 

algorithm's peirformancei in classifying hoax neiws is 

shown in Tablei 2 and Figuirei 6. 

 

 

 

 

 

3.2 Discussion 

Baseid on thei teist reisuilts of thei classification 

modeils, nameily Suipport Veictor Machinei (SVM) and 

Random Foreist (RF), uising Randomizeid Seiarch 

optimization, it can bei obseirveid that thei optimization 

proceiss significantly improveis thei peirformancei of 

both algorithms. In geineiral, both SVM and Random 

Foreist deimonstratei good classification capabilitieis in 

deiteicting hoax neiws, althouigh theiir peirformancei 

varieis afteir hypeirparameiteir tuining. 

For thei Suipport Veictor Machinei (SVM) 

algorithm, thei initial accuiracy was 83.92%, with a 

preicision of 86.87%, a reicall of 95.20%, and a 

misclassification eirror ratei of 16.08%. Theisei reisuilts 

indicatei that thei modeil can reicognizei most of thei 

positivei data eiffeictiveily. Howeiveir, afteir 

hypeirparameiteir optimization uising Randomizeid 

Seiarch, thei modeil's accuiracy increiaseid to 84.28%, 

and reicall improveid significantly to 99.01%. 

Althouigh preicision deicreiaseid slightly to 84.78%, thei 

misclassification ratei also droppeid to 15.72%. This 

indicateis that thei optimizeid modeil has a beitteir ability 

to deiteict hoax neiws oveirall (high reicall), albeiit with a 

slight tradei-off in preicision whein classifying truiei 

neiws veirsuis hoax neiws. This improveimeint 

deimonstrateis that seileicting morei appropriatei 

parameiteirs can increiasei thei modeil's seinsitivity to 

hoax neiws patteirns in thei dataseit. 

Meianwhilei, thei Random Foreist (RF) algorithm 

eixhibiteid morei stablei peirformancei and geineirally 

ouitpeirformeid SVM. Thei Random Foreist modeil 

withouit optimization achieiveid 85.93% accuiracy, 

87.44% preicision, and 87.44% reicall, with a 

misclassification eirror ratei of 14.07%. Afteir 

optimization uising Randomizeid Seiarch, thei modeil's 

peirformancei increiaseid slightly to 86.05% accuiracy, 

87.36% preicision, and 87.36% reicall, whilei thei 

misclassification eirror deicreiaseid to 13.95%. This 

improveimeint shows that parameiteir tuining can 

Table 2. Summary of Algorithm Testing Results 

Algorithm Accuracy (%) Precision (%) Recall (%) Misclassification  Error (%) 

Support Vector Machine (SVM) 83.92 86.87 95.20 16.08 

SVM + Randomized Search 84.28 84.78 99.01 15.72 

Random Forest (RF) 85.93 87.44 97.18 14.07 

RF + Randomized Search 86.05 87.36 97.46 13.95 

 

 
Figure 6. Bar Graph Summary of Algorithm Testing Results 
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einhancei thei modeil's geineiralization ability withouit 

sacrificing thei balancei beitweiein preicision and reicall. 

Random Foreist has provein to bei morei consisteint in 

providing balanceid reisuilts, duiei to its natuirei of 

combining muiltiplei deicision treieis to reiduicei variancei 

and preiveint oveirfitting. 

Several previous studies have emphasized the 

importance of hyperparameter optimization 

techniques in improving model performance. For 

instance, a study by Rahmadayana et al. (2021) 

applied Randomized Search optimization on SVM for 

sentiment analysis and reported that tuning 

hyperparameters combined with appropriate 

preprocessing significantly improved model 

performance, particularly in terms of F1-score [16]. 

In another study, Fajri et al. (2023) demonstrated that 

both Random Search and Grid Search are effective in 

identifying optimal parameter combinations for 

SVM, leading to improved classification performance 

across multiple datasets [10]. Furthermore, research 

by Tripathy et al. (2025) showed that hyperparameter 

optimization using search-based methods can 

increase SVM accuracy from 98.08% to 99.12%, 

highlighting the significant impact of proper tuning 

on model performance [20]. However, when applied 

to the hoax news classification case in this study, the 

improvement achieved through Randomized Search 

tends to be relatively small. This indicates that 

although optimization methods are generally effective 

in enhancing performance, their impact depends on 

the initial model performance and dataset 

characteristics. When the baseline model already 

performs well, optimization tends to yield only 

marginal improvements, which is consistent with the 

findings of previous studies. 

Oveirall, whein comparing thei modeils, Random 

Foreist with Randomizeid Seiarch optimization 

provideid thei beist reisuilts among thei fouir teisteid 

modeils, both in teirms of accuiracy and thei balancei 

beitweiein preicision and reicall. On thei otheir hand, 

SVM with Randomizeid Seiarch achieiveid thei higheist 

reicall, indicating that this modeil is veiry seinsitivei in 

deiteicting hoax neiws, althouigh with a slight reiduiction 

in preicision. Theireiforei, thei choicei of thei beist modeil 

deipeinds on thei prioritieis of thei classification 

systeim—wheitheir it is morei important to deiteict as 

many hoax neiws iteims as possiblei (high reicall) or to 

produicei morei accuiratei preidictions with minimal 

eirrors (high preicision). 

The confusion matrix indicates that a large 

portion of instances are classified as hoax, which can 

be attributed to several underlying factors related to 

the dataset and model behavior. One primary cause is 

the potential imbalance or distribution tendency 

within the dataset, where certain patterns or features 

associated with hoax news are more dominant and 

easier for the model to learn compared to factual 

news. In addition, the use of text representation 

methods such as TF-IDF may emphasize distinctive 

terms that frequently appear in hoax-related content, 

leading the model to be more sensitive toward 

detecting hoax patterns. This is further reinforced by 

the optimization process, particularly in SVM, where 

the significant increase in recall suggests that the 

model prioritizes minimizing false negatives (i.e., 

missing hoax news), even at the expense of slightly 

higher false positives. From a practical perspective, 

this behavior is still acceptable in hoax detection 

systems, as it is generally more critical to correctly 

identify as many hoax instances as possible rather 

than risking undetected misinformation. Therefore, 

the tendency of the model to classify more instances 

as hoax reflects its sensitivity to the target class and is 

influenced by both dataset characteristics and the 

optimization objective. 

The results of this study indicate that the 

application of hyperparameter optimization using 

Randomized Search on Support Vector Machine 

(SVM) and Random Forest (RF) leads to relatively 

limited performance improvements, particularly in 

terms of accuracy. This can be explained by the 

concept of diminishing returns, where models with 

strong baseline performance tend to show only 

marginal gains after further optimization. In this 

context, small improvements are considered 

reasonable, as the models are already near their 

optimal performance. Random Forest demonstrates 

strong stability and generalization even with default 

parameters due to its ensemble mechanism, while 

SVM shows a more noticeable improvement in recall, 

indicating higher sensitivity in detecting specific 

classes, although this does not always significantly 

improve overall accuracy. These findings are 

consistent with previous research on water quality 

classification using the Water Quality and Potability 

dataset, where Random Search optimization on 

Random Forest only increased accuracy slightly from 

84.12% to 84.38%, despite higher computational cost 

[17]. 

Furthermore, regarding the reviewer’s 

suggestion to incorporate feature selection, 

experimental results in this study show that reducing 

features actually decreases model performance, 

indicating that all features contribute meaningfully to 

the classification process. This suggests that feature 

selection does not always guarantee performance 

improvement, especially in datasets with rich and 

complex feature representations. Therefore, the use of 

Randomized Search remains relevant, provided that 

the trade-off between performance improvement and 

computational cost is carefully considered. In 

conclusion, hyperparameter optimization using 

Randomized Search is effective in improving 

machine learning model performance [21], while 

ensemble methods such as Random Forest offer 

advantages in stability and consistent accuracy, 

making them suitable for developing reliable hoax 

news classification systems. 
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4. CONCLUSION 

Baseid on thei stuidy reisuilts, thei Suipport Veictor 

Machinei (SVM) withouit optimization achieiveid 

83.92% accuiracy, 86.87% preicision, 95.20% reicall, 

and 16.08% misclassification eirror, whilei SVM 

optimizeid with Randomizeid Seiarch improveid 

peirformancei to 84.28% accuiracy, 99.01% reicall, and 

15.72% misclassification eirror, with a slight deicreiase i 

in preicision to 84.78%. Meianwhilei, Random Foreist 

(RF) withouit optimization reiacheid 85.93% accuiracy, 

87.44% preicision, 97.18% reicall, and 14.07% 

misclassification eirror, and RF optimizeid with 

Randomizeid Seiarch achieiveid thei beist peirformancei 

with 86.05% accuiracy, 87.36% preicision, 97.46% 

reicall, and 13.95% misclassification eirror. Theise i 

findings deimonstratei that hypeirparameiteir 

optimization is eiffeictivei and capablei of improving 

modeil seinsitivity, accuiracy, and stability in hoax 

neiws deiteiction. For future research, it is 

recommended to explore alternative optimization 

methods such as Grid Search and metaheuristic 

approaches (e.g., Genetic Algorithm, Ant Colony 

Optimization) to investigate the potential for 

achieving more significant performance 

improvements. Additionally, expanding the dataset 

from multiple platforms and incorporating additional 

features or deep learning approaches such as BERT 

may further enhance model performance. 
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  TF ( t , d ) =     f  t , d    ∑  k    f  k , d


    f  t , d


    ∑  k    f  k , d


  IDF ( t ) = log ⁡ (   N  1 +   n  t )


    n  t


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


  Accuiracy =    675+35  675+35+102+34


                  =    710  846


  Preicision =    675  675+102   x   100 % = 86 . 87 %


  Reicall =    675  675+34   x   100 % = 95 . 20 %


  Misclassification Eirror =    102+34  846


  Accuiracy =    702+11  702+11+126+7   x   100 % = 84 . 28 %


  Preicision =    702  702+126   x   100 % = 84 . 78 %


  


  Misclassification Eirror =    126+7  846   x   100 % = 15 . 72 %


  Misclassification Eirror =    126+7  846   x   100 % = 15 . 72 %


  Accuiracy =    689+38  689+38+99+20   x   100 % = 85 . 93 %


  Preicision =   689  689+99   x   100 % = 87 . 44 %


  Preicision =   689  689+99   x   100 % = 87 . 44 %


  Reicall =    689  689+20   x   100 % = 97 . 18 %


  Reicall =    689  689+20   x   100 % = 97 . 18 %


  Misclassification Eirror =    99+20  846   x   100 % = 14 . 07 %


  Accuiracy =    691+37  691+37+100+18   x   100 %   86 . 05 %


  Preicision =    691  691+100   x   100 %   87 . 36 %


  Preicision =    691  691+100   x   100 %   87 . 36 %


  Reicall =   691  691+18   x   100 % = 97 . 46 %


  Reicall =   691  691+18   x   100 % = 97 . 46 %


  Misclassification Eirror =    100+18  846   x   100 % = 13 . 95 %


  Misclassification Eirror =    100+18  846   x   100 % = 13 . 95 %

