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Halaman Persembahan / Motto

”The best way to not being hopeless is to get up and do something.”

Barrack Obama
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PERBANDINGAN ANALILSIS SENTIMEN TERHADAP ULASAN
PELANGGAN AMAZON ANTARA ALGORITMA LOGISTIC

REGRESSION DAN MULTINOMIAL NAIVE BAYES

Sarah Nabila Khairunisa

ABSTRAK

Amazon adalah salah satu penyedia jasa penjualan daring terbersar di dunia.
Amazon memiliki banyak pembeli dan berbagai macam produk dan layanan yang
dijual. Terkadang para pembeli amazon bingung saat ingin membeli produk
yang cocok untuk mereka. Oleh karena itu pembeli harus bisa mengetahui
ulasan pelanggan sebelumnya sebelum membeli produk. Pembeli harus bisa
membedakan ulasan positif dan negatif agar bisa mengetahui apakah produk
yang ingin dibeli bagus atau tidak. Pada penelitian ini, dibuat model analisis
sentimen untuk mengetahui apakah sebuah ulasan bersifat positif atau negatif
dengan membandingkan 2 algoritma yaitu Logistic Regression dan Multinomial
Naive Bayes. Skenario pengujian dilakukan dengan rasio data latih dan data uji
sebesar 80:20 dan 70:30 untuk kedua algoritma. Setelah itu, pada masing-masing
model diterapkan metode Synthetic Minority Oversampling Technique (SMOTE)
untuk menyeimbangkan antara data-data dengan kelas positif dan negatif pada
kumpulan data latih. Hasil klasifikasi menunjukkan bahwa model dengan algoritma
Logistic Regression dengan rasio data latih dan data uji sebesar 80:20 dan telah
diterapkan SMOTE memiliki hasil akurasi yang paling tinggi yaitu sebesar 86.47%.
Hasil presisi pada model tersebut adalah 56.31%, recall sebesar 72.96% dan f1-
score sebesar 63.56%.

Kata kunci: Amazon, Analisis Sentimen, Logistic Regression, Multinomial Naive
Bayes, Python, Synthetic Minority Oversampling Technique
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THE COMPARISON BETWEEN LOGISTIC REGRESSION AND
MULTINOMIAL NAIVE BAYES IN THE SENTIMENT ANALYSIS OF

AMAZON CUSTOMER REVIEWS

Sarah Nabila Khairunisa

ABSTRACT

Amazon is one of the biggest e-commerce platforms in the world. It has a lot of
customers and offers a lot of products and services for sale. Sometimes Amazon
customers get confused while picking the right product for them. Therefore,
customers have to know previous customer reviews before buying a product.
Customers should be able to tell the difference between positive and negative
reviews to determine if the product they want to buy is good or bad. In this research,
a sentiment analysis model was made to determine if a review is positive or negative
by comparing 2 different algorithms which are Logistic Regression and Multinomial
Naive Bayes. There were a few different scenarios, first with 80:20 train-test split
and second with 70:30 train-test split for both algorithms. Then, for each model,
Synthetic Minority Oversampling Technique (SMOTE) was implemented to balance
the amount of positive-labelled reviews and negative-labelled reviews in the train
data. The classification result showed that the model with Logistic Regression
and 80:20 train-test data ratio that had been implemented SMOTE had the biggest
accuracy which was 86.47%. The precision was 56.31%, the recall was 72.96% and
the f1-score was 63.56%.
Keywords: Amazon, Logistic Regression, Multinomial Naive Bayes, Python,
Synthetic Minority Oversampling Technique
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