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ABSTRAK

ANALISIS KINERJA HYBRID CHI-SQUARE DAN BINARY PARTICLE
SWARM OPTIMIZATION DENGAN ADAPTIVE INERTIA WEIGHTS PADA
DISTANCE BIASED NAIVE BAYES UNTUK KLASIFIKASI SENTIMEN
(Oleh: Muhammad Imam Sufiazi; Pembimbing: Irwan Budiman, S.T., M.Kom. dan
Muhammad Itgan Mazdadi, S.Kom, M.Kom.; 2023; 103 halaman)

Media sosial adalah ruang terbaik bagi pengguna untuk dapat mengekspresikan
pandangannya dengan berbagai perspektif. Twitter menjadi media sosial yang
sangat populer hingga saat ini, pengguna dapat membagikan berbagai opininya
dengan melakukan tweet dan retweet. Akan tetapi, dengan semakin banyaknya
opini yang dibagikan oleh pengguna di Twitter setiap hari, dibutuhkan teknologi
untuk dapat menganalisisnya secara akurat dan presisi, yang dikenal dengan analisis
sentimen. Analisis sentimen juga dikenal dengan opinion mining, yang
menggabungkan bidang text mining, dan natural language processing. Namun, ada
tiga masalah mendasar pada analisis sentimen, yaitu identifikasi sentimen, seleksi
fitur dan Kklasifikasi sentimen. Dengan demikian, salah satu masalah utama dalam
analisis sentimen adalah untuk meningkatkan kualitas seleksi fitur. Pada penelitian
ini, akan melakukan seleksi fitur menggunakan metode Hybrid Chi-Square dan
Binary Particle Swarm Optimization dengan Adaptive Inertia Weights, serta
klasifikasi sentimen menggunakan metode Distance Biased Naive Bayes, pada
dataset sentimen dengan topik mengenai COVID-19 berbahasa Indonesia dan
Weather berbahasa Inggris yang bersumber dari Twitter. Dari penelitian ini, pada
dataset COVID-19 model tanpa seleksi fitur menghasilkan performa terbaik dengan
nilai accuration, precision, recall, f1-score dan time computation secara berurutan
sebesar 80,00%, 75,00%, 90,00%, 81,81%, dan 16,59 detik, sedangkan model
dengan seleksi fitur menghasilkan performa terbaik dengan nilai accuration,
precision, recall, f1-score dan time computation secara berurutan sebesar 87,50%,
82,60%, 95,00%, 88,37%, dan 1,87 detik. Kemudian pada dataset Weather tanpa
seleksi fitur menghasilkan performa terbaik dengan nilai accuration, precision,
recall, f1-score dan time computation secara berurutan sebesar 77,27%, 73,07%,
86,36%, 79,16%, dan 17,28 detik, sedangkan model dengan seleksi fitur
menghasilkan performa terbaik dengan nilai accuration, precision, recall, f1-score
dan time computation secara berurutan sebesar 86,36%, 83,33%, 90,90%, 86,95%,
dan 0,60 detik. Dapat disimpulkan bahwa model dengan seleksi fitur pada analisis
sentimen dapat memberikan peningkatan yang signifikan dibandingkan dengan
model tanpa seleksi fitur.

Kata kunci: Opinion Mining, Text Mining, Natural Language Processing, Analisis
Sentimen, Seleksi Fitur, Kilasifikasi, Chi-Square, Binary Particle Swarm
Optimization, dan Distance Biased Naive Bayes.



ABSTRACT

PERFORMANCE ANALYSIS OF HYBRID CHI-SQUARE AND BINARY
PARTICLE SWARM OPTIMIZATION WITH ADAPTIVE INERTIA
WEIGHTS AT DISTANCE BIASED NAIVE BAYES FOR SENTIMENT
CLASSIFICATION

(By: Muhammad Imam Sufiazi; Supervisor: Irwan Budiman, S.T., M.Kom. and
Muhammad Itgan Mazdadi, S.Kom, M.Kom.; 2023; 103 pages)

Social media is the best space for users to be able to express their views with various
perspectives. Twitter has become a very popular social media to date, users can
share various opinions by tweeting and retweeting. However, with the increasing
number of opinions shared by users on Twitter every day, technology is needed to
be able to analyze them with accuracy and precision, which is known as sentiment
analysis. Sentiment analysis is also known as opinion mining, which combines the
fields of text mining and natural language processing. However, there are three
basic problems in sentiment analysis, namely sentiment identification, feature
selection and sentiment classification. Thus, one of the main problems in sentiment
analysis is to improve the quality of feature selection. In this study, feature selection
will be carried out using the Hybrid Chi-Square and Binary Particle Swarm
Optimization methods with Adaptive Inertia Weights, as well as sentiment
classification using the Distance Biased Naive Bayes methods, on sentiment
datasets with the topic of COVID-19 in Indonesian and Weather in English sourced
from Twitter. From this study, the COVID-19 dataset model without feature
selection produces the best performance with values of accuracy, precision, recall,
fl-score and time computation respectively of 80,00%, 75,00%, 90,00%, 81,81%,
and 16,59 seconds, while the model with feature selection produces the best
performance with values of accuracy, precision, recall, fl-score and time
computation respectively of 87,50%, 82,60%, 95,00%, 88,37%, and 1,87 seconds.
Then the Weather dataset without feature selection produces the best performance
with values of accuracy, precision, recall, fl-score and time computation
respectively of 77,27%, 73,07%, 86,36%, 79,16%, and 17,28 seconds, while the
model with feature selection produces the best performance with values of
accuracy, precision, recall, f1-score and time computation respectively of 86,36%,
83,33%, 90,90%, 86,95%, and 0,60 sec. It can be concluded that the model with
feature selection in sentiment analysis can provide a significant improvement
compared to the model without feature selection.

Keywords: Opinion Mining, Text Mining, Natural Language Processing, Sentiment
Analysis, Feature Selection, Classification, Chi-Square, Binary Particle Swarm
Optimization, and Distance Biased Naive Bayes.
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