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INTISARI

Perkembangan Artificial Intelligence (Al) yang pesat memunculkan
beragam respons dari masyarakat, mulai dari dukungan hingga kekhawatiran
terhadap dampak negatif yang ditimbulkan. Media sosial seperti YouTube menjadi
wadah utama bagi masyarakat untuk mengekspresikan opini tersebut melalui kolom
komentar, sehingga analisis sentimen penting dilakukan guna memahami
kecenderungan opini publik terhadap dampak Al. Penelitian ini menganalisis
sentimen masyarakat terhadap dampak Al berdasarkan komentar YouTube
menggunakan tiga varian algoritma Naive Bayes, yaitu Multinomial, Gaussian, dan
Bernoulli serta menguji pengaruh variasi nilai parameter Alpha terhadap algoritma
Multinomial Naive Bayes. Data yang digunakan telah melalui Preprocessing dan
diklasifikasikan menggunakan metode Naive Bayes, dengan pengukuran performa
melalui metrik akurasi, presisi, recall, dan F1-score.

Hasil pengujian menunjukkan bahwa Multinomial Naive Bayes
memberikan performa terbaik dalam klasifikasi sentimen, dengan akurasi tertinggi
sebesar 90,28%, precision sebesar 94% dan 86%, recall 87% dan 94%, serta F1-
score 91% dan 90% untuk masing-masing kelas. Sementara itu, algoritma Gaussian
dan Bernoulli menunjukkan performa lebih rendah, dengan akurasi masing-masing
sebesar 68,06% dan 68,52%. Pengujian parameter Alpha pada Multinomial Naive
Bayes menunjukkan bahwa nilai Alpha mempengaruhi akurasi model, di mana
Alpha 0.1 menghasilkan akurasi 87,04%, dan Alpha 0.3 serta 0.5 sebesar 87,50%.
Dengan demikian, Multinomial Naive Bayes tanpa parameter Alpha terbukti paling
efektif untuk Klasifikasi sentimen berbasis teks komentar.

Kata kunci: Analisis Sentimen, Artificial Intelligence, YouTube, Naive Bayes,
Alpha.
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ABSTRACT

The rapid development of Artificial Intelligence (Al) has generated diverse
responses from society, ranging from support to concerns about its potential
negative impacts. Social media platforms such as YouTube serve as major spaces
for people to express their opinions through comments, making sentiment analysis
essential to understand public perceptions of Al. This study analyzes public
sentiment regarding the impact of Al based on YouTube comments using three
variants of the Naive Bayes algorithm Multinomial, Gaussian, and Bernoulli and
examines the effect of varying Alpha parameters on the Multinomial Naive Bayes
algorithm. The collected data underwent preprocessing and was classified using
the Naive Bayes method, with performance evaluated through accuracy, precision,
recall, and F1-score metrics.

The results indicate that Multinomial Naive Bayes delivers the best
performance in sentiment classification, achieving the highest accuracy of 90.28%,
with precision scores of 94% and 86%, recall scores of 87% and 94%, and F1-
scores of 91% and 90% for each respective class. In contrast, the Gaussian and
Bernoulli algorithms showed lower performance, with accuracies of 68.06% and
68.52%, respectively. The Alpha parameter testing on Multinomial Naive Bayes
demonstrated that the Alpha value influences the model's accuracy, where an Alpha
of 0.1 yielded an accuracy of 87.04%, and Alphas of 0.3 and 0.5 both resulted in
87.50%. Thus, the Multinomial Naive Bayes algorithm without the Alpha parameter
proved to be the most effective for text-based sentiment classification of YouTube
comments.

Keyword: Sentiment Analysis, Artificial Intelligence, YouTube, Naive Bayes,
Alpha.
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