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INTISARI

Perkembangan teknologi yang pesat telah mengubah cara bisnis dan layanan
berkomunikasi dengan pelanggan mereka. Salah satunya adalah aplikasi KAI
Access yang diluncurkan oleh PT. KAI untuk memudahkan konsumen dalam
memesan tiket. Namun, banyak sekali review negatif terhadap aplikasi tersebut di
google playstore. dibalik keberhasilan aplikasi KAl ACCESS sendiri tentu saja
memiliki Tingkat kepuasan berbeda pada pengguna dan pengalaman yang berbeda.
Sehingga ulasan yang ada pada Google Playstore memiliki ulasan positif, negative.
Ulasan tersebut juga merupakan hal penting untuk perkembangan aplikasi
kedepannya. Penelitian ini menggunakan algoritma Naive Bayes dan SVM untuk
analisis sentiment data ulasan aplikasi KAl ACCESS yang didapat dari hasil
scraping Google Play Store. Dataset yang dikumpulkan diberi label menggunakan
pendekatan Lexicon dan manual untuk mempermudah preprocessing dataset
dengan casefolding, data cleaning, tokenizing, stop Removal, steamming.
Kemudian data dibagi menggunakan teknik K-Fold Cross Validation untuk
membandingkan performa algoritma SVM dan Naive Bayes. Hasil penelitian
menunjukkan bahwa Naive Bayes mencapai akurasi rata-rata 68,88% dan SVM
mencapai 73,95% ketika menggunakan pelabelan Lexicon. Sementara itu, dengan
pelabelan manual, Naive Bayes mencapai akurasi 77,65%, sedangkan SVM
mencapai 81,23%. Hal ini menunjukkan bahwa SVM bekerja lebih baik dalam
analisis sentimen ulasan aplikasi KAI Access pada Google Play Store, baik dengan
menggunakan pelabelan Lexicon maupun manual, karena nilai rata-rata akurasi
SVM lebih tinggi dibandingkan dengan Naive Bayes.

Kata kunci: Analisis Sentiment, KAl ACCESS, SVM, Naive Bayes.
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ABSTRACT

The rapid development of technology has changed the way businesses and
services communicate with their customers. One such example is the KAI Access
application, which was launched by PT KAI with the objective of facilitating ticket
reservations for consumers. However, a considerable number of unfavorable
reviews of the application have been published on the Google Play store. It is
evident that the success of the KAl ACCESS application is contingent upon the
varying levels of satisfaction and experiences of its users. Consequently, thereviews
on Google Playstore are a combination of positive and negative evaluations. These
reviews are also important for the future development of the application. This study
employs Naive Bayes and SVM algorithms for the sentiment analysis of KAI
ACCESS application reviews, obtained through scrapingthe Google Play Store. The
collected dataset is labeled using Lexicon and manual approaches to facilitate
dataset preprocessing with casefolding, data cleaning, tokenizing, stop removal,
steamming. Then the data was divided using K-Fold Cross Validation technique to
compare the performance of SVM and Naive Bayes algorithms. The results
demonstrated that the Naive Bayes algorithm attained an average accuracy of
68.88% and the SVM algorithm achieved 73.95% when Lexicon labeling was
employed. In contrast, when manual labeling was employed,Naive Bayes attained
an accuracy of 77.65%, while SVM reached 81.23%. This illustrates that SVM is
more effective than Naive Bayes in sentiment analysis of KAl Access application
reviews on the Google Play Store, both with Lexicon and manual labeling, as
evidenced by the higher average accuracy value of SVM.

Keyword: Sentiment Analysis, KAl ACCESS, SVM, Naive Bayes.
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