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INTISARI

Instagram merupakan salah satu media sosial yang populer di Indonesia.
Dengan 1nstagram, pengguna bisa membagikan momen kehidupannya dalam
bentuk foto atau video. Para pengguna instagram dapat saling mengikuti satu sama
lain. Namun ketika seorang pengguna sudah mempunyai followers yang banyak .
banyak juga akun instagram vang menanggapi postingan dengan komentar yang
dapat di kategorikan sebagai spam. Komentar spam biasanya banyak ditemui pada
setiap postingan akun yang mempunyai followers banyak, terutama para public
figure di Indonesia dan tentunya hal ini sangat mengganggu. Instagram telah
menyediakan services untuk menghapus atau menyembunyikan komentar , akan

tetapi masih diperlukan model untuk mendeteksi komentar itu spam atau notspam.

Algoritma Naive Bayes akan mencari probabilitas setiap kelas ketika
komentar yang akan di prediksi di inputkan. Sebelum komentar di hitung nilai
probabilitasnya pada masing-masing kelas, komentar akan diproses melalui tahap
preprocessing yaitu casefolding, cleaning, tokenizing, dan stemming. Setelah di
ketahur nilai probabilitas dan masing-masing kelas, selanjutnya akan dr
bandingkan nilai probabilitasnya. Jika nilai probabilitas yang tertinggi adalah
komentar yang dicek dengan hipotesa kelas spam, maka komentar itu dilabeli
sebagai spam. Jika nilai probabilitas yang tertinggi adalah komentar yang dicek

dengan hipotesa kelas notspam, maka komentar itu dilabeli sebagai notspam.

Kata kunci: Naive Bayes, Bayesian, Text Classification, Preprocessing, Instagram
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ABSTRACT

[nstagram is one of the most popular social media in Indonesia. With
instagram, users can share their moments of life in the form of photos or videos.
Instagram users can follow each other. But when a user already has many
followers, many instagram accounts also respond to posts with comments that can
be categorized as spam. Spam comments are usually found in every account post
that has a lot of followers, especially public figures in Indonesia and of course this
is very annoying. Instagram has provided services to delete or hide comments, but

a model is still needed to detect comments that are spam or notspam.

The Naive Bayes algorithm will look for the probability of each class
when the comments are inputed. Before the comments probability are caleulated
Jor each class, comments will be processed through the preprocessing stage,
namely casefolding, cleaning, tokenizing, and stemming. After knowing the
probability value of each class, then the probability value will be compared. If the
highest probability value is a comment that is hypothesized as spam class, then the
comment will be labeled as spam. If the highest probability value is a comment that
is hypothesized as notspam class, then the comment will be labeled as notspam. this
research has demonstrated the ability of Naive Bayes Algorithm to classify spam
comments on instagram, obtained an accuracy of 80% with a balanced training

dataset.

Keyword: Naive Bayes, Bayesian, Text Classification, Preprocessing, Instagram
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