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INTISARI

Di dalam penelitian ini, peneliti melakukan penelitian untuk mengetahui
efek dari feature selection pada Support Vector Machine dalam melakukan
klasifikasi sentimen pada tweet di Twitter. Input space yang diberikan terhadap
SVM vyaitu sebuah feature yang telah diproses melalui tahapan Part-of-Speech
Filtering, yang berguna untuk menentukan porsi kata-kata yang sesuai untuk
proses pembelajaran model dari perspektif teoritis maupun linguistik. Terdapat 4
tag yang di seleksi yaitu tag kata benda(NN), kata kerja(VB), kata sifat(JJ), dan
kata keterangan(RB).

Input Space tersebut sebelumnya telah diolah-melalui perhitungan bobot
TF-IDF. Setelah TF-IDF masing-masing tweet diketahui, lalu akan diukur
kedekatan TF-IDF tersebut dengan feature list positif, negatif, dan netral melalui
perhitungan Cosine Similarity. Ketiga bobot Cosine Similarity ini yang nantinya
akan di klasifikasi oleh Support Vector Machine.

Kesimpulan yang dihasilkan dari penelitian ini adalah akurasi model yang
didapatkan oleh model tanpa proses POS Filtering mengungguli-model dengan
proses POS Filtering dengan persentase masing-masing 96.66 % dan 99.25 %.
Adapun persentase akurasi prediksi yang dilakukan oleh masing-masing model
yaitu sebesar 53,33% untuk pos filter dan 56,66% untuk POS Filter.

Kata Kunci : Support Vector Machine, Part Of Speech, Part Of Speech Filtering,
Data Mining, Text Minning, Filtering Feature Selection, Analisis Sentimen.
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ABSTRACT

In this research, the authors doing a research to determine the effects of
feature selection on the Support Vector Machine in classifying sentiments on
Twitter tweets. The input space given to SVM is a feature that has been processed
through the Part-of-Speech Filtering stage, which is useful for determining the
portion of words appropriate for the learning process model from theoretical and
linguistic perspectives. There are 4 tags that are selected, that is the noun tag
(NN), verb (VB), adjectives (JJ), and adverbs (RB).

Input Space has previously been processed by the calculation of TF-IDF
weight. After TF-IDF of each tweet has been calculated, next step is measure the
similarity of TE-IDF between each positive, negative and neutral feature list by
calculating Cosine Similarity weights. These three Cosine Similarity weights will
be classified by the Support Vector Machine.

In addition, the comparison of two models (POS Filter and without POS
Filter) clarified that the models without POS Filtering outperformed the model
with POS Filtering with the percentage of accuracy by 99,25%. The percentage of
accuracy that obtained by the model with POS Filtering is 96.66%. The
percentage of prediction accuracy done by each model is equal to 53,33% for
filter post and 56,66% for POS Filter. This proves that the number of features in
features list used in the Cosine Similarity weighting process has an effect on the
classification process done by Support Vector Machine.

Keywords : Support Vector Machine, Part Of Speech, Part Of Speech Filtering,
Data Mining, Text Minning, Filtering Feature Selection, Sentiment Analysis.
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