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Spotify Reviews Sentiment Classification Using Machine Learning Techniques

Saranporn Kanjanasukhon ", Sirisup Laohakiat’®
Abstract

Currently, social media plays an increasingly important role as a channel for consumers to express their
opinions about various products and services. Sentiment Analysis is thus a crucial tool in understanding
consumer sentiment. The objective of this research is to create and compare models for sentiment classification
from English language opinions of users of the Spotify app, using data from 54,708 reviews sourced from Kaggle.
These reviews are categorized into positive and negative sentiments based on the given scores. The data is
divided into a training set (75%) and a test set (25%), and then subjected to feature extraction using TF-IDF and
Word2Vec methods. Subsequently, models were then built using various machine learning techniques including
Random Forest (RF), Naive Bayes (NB), Logistic Regression (LR), Support Vector Machine (SVM), XGBoost (XGB),
and Transformer DistilBERT (DB). The study finds that DistilBERT performs most effectively in sentiment
classification, with Precision at 92.53%, Recall at 89.62%, F1-score at 91.05%, ROC at 90.46%, and Accuracy at
90.39%. Additionally, feature importance is studied to understand significant factors affecting sentiment
classification, both positive and negative, by measuring Coefficients and SHAP Value. This explanation of model
predictions helps to understand important factors in classification and leads to further improvement of model
efficiency. The developed models can be utilized as tools for analyzing user sentiment, enabling data-driven

development and enhancement of products and services to better meet user needs.
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® Random Forest (RF)
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Wi (Fl-score) WuAadseisimtinssuinimnuiio swavidoniu gnslunisAi fe

2 x (Precision x Recall) / (Precision + Recall)

ROC Curve LansAUdunussening TP (Sensitivity) kag FP (1-Specificity) iiiaUsziduanuaiusalunis

v

IuunUszinnvedluieg lnglumanfagiidulda ROC ilnayuuudieveansm gastunisAuiu fe

Sensitivity = Recall Wwag Specificity = TN/(FP+TN)

MSDS CS SWU @2024

203



2024 4% Proceeding of the Data Science Conference

YunauR 5 : MIMANANYENdAYY (Feature Importance)
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A1579 2 Han1sUsELIUUSEANS AN ILAazlung

Feature Algorithm | F1-Score Precision Recall ROC Accuracy
Extraction
RF 0.8530 0.8785 0.8289 0.8456 0.8440
NB 0.8555 0.8872 0.8260 0.8499 0.8477
TF-IDF LR 0.8896 0.9054 0.8743 0.8823 0.8816
SVM 0.8913 0.9117 0.8718 0.8852 0.8840
XGB 0.8830 0.9013 0.8654 0.8758 0.8748
RF 0.8623 0.8920 0.8345 0.8566 0.8546
NB 0.8308 0.8740 0.7917 0.8273 0.8240
Word2Vec LR 0.8711 0.8908 0.8522 0.8633 0.8623
SVM 0.8660 0.9023 0.8415 0.8660 0.8638
XGB 0.8642 0.8866 0.8430 0.8567 0.8555
Distilbert 0.9105 0.9253 0.8962 0.9046 0.9039

WATANLNTORAAINAGNS ROC vadufazdanasiulananIn

Receiver Operating Characteristic (ROC) Curve - Word2Vec

' —— XGBoost W2V (AUC = 0.86)
Pd — Logistic Regression W2V (AUC = 0.86)
- Naive Bayes W2V (AUC = 0.83)
—— SVM W2V (AUC = 0.87)
— Random Forest W2V (AUC = 0.86)

Receiver Operating Characteristic (ROC) Curve - TF-IDF
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Receiver Operating Characteristic (ROC) Curve
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A9 4 wadws ROC Curve vosdano37iu DistilBERT

a

PnuamsUssiiudseansnmluusazdanasiuliisnisananudnuaemeds TF-IDF wuiidane3fiu SVM

Ionandl Usvdnsanlaeinganianiunn 9 A1vesininUsednsain tnefian F1-Score 89.13%, 1 Precision 91.17%,

f1 Recall 87.18%, A1 ROC 88.52% HayA1 Accuracy 88.40%

2)  waRaENwyTidAnAan1sIUNUIEINY (Feature Importance)
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Coefficients #2838 TF-IDF saufiudane3iiu Logistic Regression Wandlanan1nil 7 uazAady SHAP ¢e75

SHAP $4ATWA 8 ANUATRU
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Top 20 Positive Features by Coefficient

love
great
best

good
amazing
easy
awesome
music
nice
excellent
thank
enjoy
favorite
perfect
love app
great app
wonderful
like

wish

best music

Feature

12.67
10.98
10.05
8.89
71.36
7.34
7.12
6.97
5.93
5.39
4.99
4.45
4.40
4.35
4.33
3.87
3.84
373
3.71

16.16

N
F
@

8 10 12 14
Coefficient

2NN 7 AnanwaueidAYNTIUNUTEANAUINAIEIT TF-IDF $aufiu Logistic Regression

good
overall
beyond
awesome
clean
generally
hello
usually
alright
classic
baby
solved
thesis

difference
thank
great
sometimes
surprisingly
favourite
love

Word

k
0.00

Top 20 Words of Positive with Highest Average SHAP Values

0.27
0.23
0.22
0.16
0.16
0.16
0.15
0.15
0.13 |
012
0.12
0.12
0.11
0.10
0.10
0.10
0.10
0.10
p.m

0.34

T T
0.05 0.10 0.15 0.20 0.25
Average SHAP Value

2NN 8 AnAN WA AYNTIUNUTEANTIUINAIETT SHAP

'
s [ = [ LYY

0.30

0.35
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it

q
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A3 3 AuaNvaEdAITuUnUsTIMBIuInINsaNiuszdng 2 33

TF-IDF + Logistic Regression SHAP

Word Coef. Word SHAP
Love 16.16 Love 0.10
Great 12.67 Great 0.10
Good 10.05 Good 0.34
Awesome 7.34 Awesome 0.22
Thank 5.39 Thank 0.10
Favorite 4.45 Favorite 0.10

® AauinuurIuunUsEIANNd Ay UsTLANIBaY

'
[ a

nadnsflaannismandnvaeNdAgiignitwunussiamduaufaiiudau daeisdaeen

Coefficients #2835 TF-IDF s2uiusane3fiu Logistic Regression ua@ndlaninni 9 LazAtady SHAP

f875 SHAP f90 19 10 muanau

Top 20 Negative Features by Coefficient

cant 4

-71.18

worst 1
play 1
update -
even -

fix

stop
constantly 1
buggy 1
bad
playing -
worse -
misinformation
doesnt
keep -
terrible -
randomly -
crash
trash
wont 4

Feature

6.79

-6.15
.07
5.38
-5.19
5.00
4,99
-4.74
4,69
458
-4.55
-4.53
-4.47
-4.39
-4.33
-4.30
-4.28
-4.20
-4.19

A9 9 AndnYE AR ITMUNUTENNBIAUAEIT TF-IDF 59U Logistic Regression
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Top 20 Words of Negative with Highest Average SHAP Values

stupid 0.70
confusing 0.69
hate 0.63
horrible 0.59
broken 0.43
terrible 0.40
constantly 0.39
forced 0.39
idiot 0.39
° poorly 0.36
update 0.36
suck 0.35
unstable 0.34
dumb 0.34
longer 033
stopping 0.32
dump 0.32
joke 0.31
lose 0.30
loading 0.28

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Average SHAP Value

Al 10 audnvafddyiduunyssnmiBsauseds SHAP

[

PINAMNIINERANIINNGENSAUEN wauzfid1Aey 20 Sudu wsniaausean Coefficients uazen

Ao 1Y '

SHAP AT IAUIENIN 2 75 WAAIAINITIN

o
£

A3 4 AnanwaENddyNTMuNUsTIMBIuInINsaNiuszdng 2 35

TF-IDF + Logistic Regression SHAP
Word Coef. Word SHAP
Update 6.07 Update 0.36
Constantly 4.99 Constantly 0.39
Terrible 4.33 Terrible 0.40

a '

NI YazTid1AeIEn1538mAY Coefficients WazA1TMIAT SHAP Value M3a8d38 @1113a
Anseinudnvdeyaiidfyld Insnadnsanismsatnnudnuy TF-DF 53 Logistic Regression Lfunns
Fuans Coefficients ilevnandnuasfiddgdadunadndlnsnsanlinaiignadiedu luvnsi SHAP Wun1sesuTe

nadnslasnshicmesuieiusasananvasinasgalsrensinnglaesiuvedung
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d3UNAN133Y

¥

mATedaunsduunUszaneuddnvedigliuinsuenaefivihomeisnisifeuivenaios Tned
Fumeundng fail Funounsniduannsnusudeyaiiantvdinguresuenalainioainiiuled Kagle S1uau
61,594 31 ndurhmanisadeyalneseyUssvanuidneenidu 2 Ussin Aeilsuanuandaay annsldpzuuu
Fudushuus ldtusnsiaitasuuu 3 AuVRetLA 54,708 337 wiadupnuAniudsnniitasiuuninni 3 s1unu
29,937 ¥ uaranuAnfiudsaviifiazuuutionndt 3 S1uau 24,771 391 wdsnduiinisvheuarendeyaiiewsen
arumdeudmiunisiiluaidluing luduneumsadislinng yadoyaregnuisesnidugadeyadmsuflndu 75% uas
yadoyadmiunnany 25% anduihdeyaiignizuiunsatnaud nuaezdieis TF-IDF uay Word2vec iioudas
fonnuleglusiuunnmeiimngaudmsumsaialung ndsnduiaalunafedansifiusie #un Random
Forest, Naive Bayes, Logistic Regression, Support Vector Machine, XGBoost L.a¥ DistilBERT lae &3y DistilBERT
fuldliRsnmsularomudunnmesnnduuuiiiunsfinaousiuds (Pre-trained model) Wigldlunaimuaud 3
lunaaeudszansaniuyadeyanaaounayinraneiieg laui F1-Score, Precision, Recall, ROC Way Accuracy

=

HaUs1ngi18anesiu DistilBERT linanisduunUssianaiuidnlaniian lasdd F1-Score 91.05%, Precision
92.53%, Recall 89.62%, ROC 90.46% uar Accuracy 90.39% usninilaaintiu 1uideildalainismamudnueid
ANudAFaNIsIwUNUTEIANANNIENTIUINLEELTIaU 20 duduwsn TngldisnsAuinean Coefficients annnsaria

[

AMAN®LAIY TF-IDF S9uiudanasviy Logistic Regression wagfA1 SHAP Value fenaidnwasinaiilazelmndilada

oy
yaa =

Yadeiidmasionsduunuszamandanldfisdu uazanunsmiluufuguasimunlunasiolulusunan
MNneATInsiuunyszamanuiEnvediilduinisuenatednieseitnsitouive o ideiausuuy
ilesiesenuaziinnnnuitelusuman leun msifiadeyaiininundsdug fiflanumainmaienisnivinazensual
anuEnilerinuszavsamnisduun nsliideimaysuesuaiazauidnlumsinthedeyaununsldasuunii
dionrugnieauazutugiunntu nmsufudsdaaaine TiiussAnBnimgstu nisvenensduunlugensuainnudin
Uimm/l’guﬁ] wazn1InAaaUUsTIIUlULAALUY Deep Learning %30 Transformer #1499 Wiafa i BERT, LSTM %39

CNN iai3guliigulasmIsnsimunzauigadmsuanuduunussinmanusan

AnRNSSUUSZANA

o aw va o

nsiavinddelasunisatvanuuantaudininends unnivendeasuasunsilsa lunisdiaueranuide 3deds

U
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