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INTISARI

Salah satu alat vang digunakan pengguna web untuk mengakses, berbagi,
dan mendiskusikan subjek yang sedang diminati adalah media sosial. Salah satu
situs jejanng sosial, Twitter, senng digunokan secara real time untuk
berkomunikasi ini. Karena dampak negatifnya yang signifikan baik bagi kesehatan
maupun ekonomi, merokok masth menjadi topik perdebatan dan perdebatan rutin
di Indonesia. Penelitian ini dilakukan untuk menilal sentimen terhadap perokoek dan
membedakan antara emosi positif dan negatift Data vang digunakan dalam
penelitizn in diperoleh dengan melakukan crawling peda jaringan media sosial
Twitter. Tiga teknik, yaitu Naive Bayes (NB), Support Vector Machine (SWM). dan
Logistic Regression digunakan dalam  penelitian ini. Dalam pepelitian ini,
pe Twitter lebth banvak tidak setiju dengan keberadaan perokok di
Indonesia. Metode Support Vector Machine digunakan dalam penelitian ini,
memberikan nilai akurmsi tertingg 90% dengan menggunakan 20% data latth dan
R0% data uji.

Kata kunck: Anafisis Sentimen, .Pemlcnh Naive Bayes, Support Vector Machine,
Decision Tree.
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ABSTRACT

One of the tools web users use to access, share, and discuss subjects of
interest is social media. One social networking site, Twitter, is often used in real
time (o communicate this. Due to its sigmficant negative impacts on both health
and the economy, smoking is still a topie of regular debate and debate in Indonesia.
This research was conducted to nssess sentiment towards smokers and differentiate
between positive and negative emotions, The data used in this study were obtained
by crawling the Twitter social media network. Three techniques, namely Naive
Bayes (NB), Support Vector Machine (SVM). and Logistic Regression are used in
this study. In this study, Twitter users disagreed with the existence of smokers in
Indonesia. The Support Vector Machine method was used in this study, giving the
highest accuracy value W0%6 using 2006 traming data and 807 test data.

Keyword: Sentiment Analysis, Smokers, Naive Bayes, Support Vector Machine,
Decision Tree.

xvili



	 Cover - Dewi Setiyawati_001.pdf (p.1)
	 Cover - Dewi Setiyawati_002.pdf (p.2)
	 Cover - Dewi Setiyawati_003.pdf (p.3)
	 Cover - Dewi Setiyawati_004.pdf (p.4)
	 Cover - Dewi Setiyawati_005.pdf (p.5)
	 Cover - Dewi Setiyawati_006.pdf (p.6)
	 Cover - Dewi Setiyawati_007.pdf (p.7)
	 Cover - Dewi Setiyawati_008.pdf (p.8)
	 Cover - Dewi Setiyawati_009.pdf (p.9)
	 Cover - Dewi Setiyawati_010.pdf (p.10)
	 Cover - Dewi Setiyawati_011.pdf (p.11)
	 Cover - Dewi Setiyawati_012.pdf (p.12)
	 Cover - Dewi Setiyawati_013.pdf (p.13)
	 Cover - Dewi Setiyawati_014.pdf (p.14)
	 Cover - Dewi Setiyawati_015.pdf (p.15)
	 Cover - Dewi Setiyawati_016.pdf (p.16)
	 Cover - Dewi Setiyawati_017.pdf (p.17)
	 Cover - Dewi Setiyawati_018.pdf (p.18)
	 Cover - Dewi Setiyawati_019.pdf (p.19)

