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SVM (Support Vector Machine)
Logistic Regression
Random Forest

GBM (Gradient Boosting Machine)
XGB (eXtreme Gradient Boosting)

LGB (LightGBM)
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3.2.1. HO[H =&

Yelpcome HAER /5 FHshed 9y AHEHE o
EAR 2Rl EFEo|th & AT A E YelpolA AlFste
Open Dataset(https:/www.yelp.com/dataset) s 838151 01, o]
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7 Tiffany N. G220
San Francisco, CA
@25 ®172 879

P
(Review)

I (Rating)

1 Found this gem of a place and surprised | didn't find it sooner! We came on a weekday for lunch and 1
! there was a good amount of people in there already. We ordered the Thai tea, Tom yum, papaya

| salad, and pad kee mao. The pad kee Mac was good but missing some spice and flavor, The mango
| sticky rice for dessert was also a win. Everything else was delicious. Service was fast and loved the

: ambiance and modern vibes. Would be back again!
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3.3.3. Random Forest
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3.3.5. XGBoost (eXtreme Gradient Boosting)
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3.3.6. LightGBM (Light Gradient Boosting
Machine)
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3.4. 2 "I} (Evaluation)

3.4.1 "I xE

1A stg BEe] s Hrhe kst whise] EAgt
£ Ao A= Confusion matrixE ©]&35} Ei‘%—% B39
t}. Confusion matrixs= 5 249 A 5
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True Positive(TP)> E@o] AAZ A HoJHE =
A FYLE 5T A9-0lL, True Negatwe(TN)% mdo] A

AZ 24 doles SuEA AP0z o33 Ffolth
False Positive(FP)i= A 2= S/0]A| 1 Zdlo] Q%ﬁﬂ’ﬂ %
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AZE oAt Rdo] A3 FAHoR 5% A¢
(Type 1I Error)S SE3H}
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<# 1> Confusion matrix max_depth 4,6, 10 4
Predicted GBM learing_rate 0.1, 0.15, 0.2 0.1
Positive Negative n_estimators 100, 400, 1000 1000
Positive True _IFositive False (l;lﬁ)gative max_depth 4,610 4
XGB learning_rate 0.1, 0.15, 0.2 0.1
Observed -
. . n_estimators 100, 400, 1000 1000
Negative False Positive True Negative
(FP) (TN) max_depth 4,6, 10 4
LGB learning_rate 0.1, 0.15, 0.2 0.1
- . . - n_estimators 100, 400, 1000 400
o] 23 confusion matrix2] 47}4] Q.40 7Hlete] 5 nd

Q
o Ae AxsS ANE F Stk 2 dAFelAE Accuracy,
Precision, Recall, F1 scores &-&3l5+dl, o] A EE AAl
e < 2> 7]sHo] Utk Accuracys WA dlolE F
=HEA FR7E dolH g v&E YEPAT Precision o5
H ¢ dolH S AAR A dlolE g vEs YEeRH,
Recall& AA &3 oy FelA dvht 22 dole7)
dor SutEA AFHIEAE dERdth F1o Scores
Precision®} Recall®] Z3}3 o]t}

<E 2> ZE M5 ot X=E
Metric Formula
Accuracy TP+TN | (TP+FP+TN+FN)
Precision TP / (TP+FP)
Recall TP | (TP+FN)
F1 Score 2* (Precision*Recall) / (Precision+Recall)
V. ASEM A3

dlole] dAz & #aled 2] d5s Fdgstr] $s)

Azt 2l A3kst sho]s oh2}n] E (hyperparameter) S Al
geta, 7t7te) stetn|elE #HAskele wgo] Fasith 3t
olgdEulEs BEd g5 S Aofste Fo% WMFE,
nd {3 whgl Aol dEiFith <E 3> A4
AHESE Zb mElo] stolsalEtule e} 1ol digh A Ak
o]t}

{0

¢}

<HE 3> 5lo|mu}2ta|E{(Hyperparameter) A X

Result of

Model Hyperparameter Range tuning

- C 0.01, 0.1, 1, 10, 100 10
Logistic "newton-cg’, 'Ibfgs’

R . = i) y 9, )

egression solver liblinear’, sag), 'saga’ saga
C 0.1, 1, 10 1

SWM gamma ’scale’, "auto’ 'scale’

kernel linear’, ’rbf’, ’sigmoid’ "linear’

n_estimators 100, 400, 1000 100

Random max_depth 4, 6, 10 10
Forest min_samples_split 2, 5,10 10
min_samples_leaf 1, 4, 10 1

<E 4 2 A7l ST YA deErt A3

E Qoksl Flojt} o] AFL Yelp H HolEHE 7WoR
thekst wAled BEle] & As-g vlasty, sto]ukehi]El
F93} 3-Fold 22} 715(3-Fold Cross Validation)2 %3] 2
o)

245 A *5}7] -r]?SH 7‘]"%‘5}03‘:}. i} A5 Bd s
A o HoEl Al 3719
B i(folds)g ‘Jr‘roi Eas itoﬂ’ﬁ Ao R sh5dt 3
Ve sk olth olE Bl Yo dvtsl s A
%8 4 9T} ®3h Accuracy, Precision, Recall, F1 Score %k
7} 3 (weighted average)s 28801, B &3 HoJE oA
T A7 AEetA W HES AEE 1ot

<E 4> slo|fujetole! §Y & 3-Fold WA} HS9| A1}

Algorithm Accuracy Precision Recall F1-score

Logistic Regression 0.91 0.91 0.91 091

SVM 0.91 0.91 0.91 0.91

Random Forest 0.82 0.85 0.82 0.74

GBM 0.89 0.89 0.89 0.88

XGB 0.90 0.90 0.90 0.90

LightGBM 0.91 0.91 0.91 0.90

(Accuracy, Precision, Recall, F1 score= weighted avg2| {2 E7I)

<1 6>~<1% 11> & d7olx ARS 6719 mAled
& 18]52 Confusion matrix® A|Z}3Fst Zlolt) o]E %3,
7t daglgo] oA5e A3E AAl dHolEd Hludl How

g daelsol dvht dgs] ERdeA, LR 2

@ sElo] Foleld] AzHoR sterstudt sk

4.1. Logistic Regression, SVM, LightGBM

o] Al 714 &aE]EL 0912 Accuracys 71535 71 =
2 % & HoIFQT. Precision, Recall, F1 Score L
0.90~091 Afele] A3t Ao Uehllon], o A &
4 Bz diE 7 FE A5 45e Jrisith <k 4
o} <19 6>~<1FJ8>°1W g APARE AT 5 gk

A& &% SH)AE, Logistic RegressionZ SVMO] Light
GBMEU w=2A dgo] gzt o]& T3l AFE A4
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Actual label

Actual label

Actual label

WAy

Hof| Al Logistic Regression, SVM= A-8-3}+
a3t

Confusion matrix for Logistic Regression
Predicted label
- 1200
216 100 - 1000
- 800
- 600
- 400

50

- 200

0 1

<712l 6> Confusion matrix for Logistic Regression

Confusion matrix for SVM
Predicted label
1200
202 114 1000
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4.2 XGBoost (XGB)
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4.3. Gradient Boosting Machine (GBM)
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4.4. Random Forest
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A Study on Machine Learning-Based Modelling of
Online Review Sentiment Analysis

Minsu Kim*
Juhee Kim™

Abstract

Online reviews play a crucial role in assessing a company’s market value and are a significant factor influencing profitability. As such,
sentiment analysis of online reviews has emerged as a key indicator for predicting business success. This study focuses on restaurant
reviews from Yelp, one of the leading online review platforms, utilizing the Yelp Open Dataset. Six machine learning algorithms were
applied to predict the sentiment polarity of these reviews: Logistic Regression, Support Vector Machine (SVM), Random Forest, Gradient
Boosting Machine (GBM), XGBoost, and LightGBM. Performance evaluations demonstrated that Logistic Regression, SVM, and
LightGBM achieved the highest accuracy, with a score of 0.91. The primary contribution of this study is its ability to transform
unstructured review text into quantifiable data, enabling businesses, especially startups, to effectively analyze customer feedback and
predict ratings. These insights are expected to assist business owners in forecasting consumer behavior and developing strategic marketing

approaches.
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