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ABSTRAK

Nama :  Daniel Christianto

Program Studi : Informatika

Judul :  Pengenalan Emosi dalam Teks dengan Algoritme Long Short
Term Memory

Pengenalan emosi dalam teks merupakan topik penelitian yang banyak dilakukan
beberapa tahun terakhir. Berbagai penelitian telah dilakukan untuk menyelesaikan
masalah pengenalan emosi dari teks. Jumlah data teks yang semakin meningkat
serta diaplikasikan pada berbagai bidang telah membuat penelitian pengenalan
emosi berkembang pesat termasuk dalam penelitian ini. Penelitian ini menguji
akurasi menggunakan metode LSTM dan menguji pengaruh parameter terhadap

akurasi deteksi emosi dalam teks.

Terdapat 3 indikator utama dalam penelitian ini, yaitu jumlah emotion dimension &
embedding weights, learning rate, dan dropout rate. Dataset yang digunakan dalam
penelitian ini, yaitu dataset dari Computational Linguistics at Concordia (CLaC)
Lab yang memiliki jumlah data sebanyak 30.160 yang memiliki fitur zext dan label.
Pada penelitian ini dilakukan klasifikasi terhadap 4 kelas, yaitu others, happy, sad,
dan angry.

Berdasarkan pengujian jumlah emotion dimension & embedding weights, learning
rate, dan dropout rate, didapatkan nilai akurasi terbaik untuk setiap kelas yang ada
pada penelitian deteksi emosi dalam teks. Pada kelas others didapatkan nilai
akurasi tertinggi sebesar 82%, pada kelas happy didapatkan nilai akurasi tertinggi
sebesar 93%, pada kelas sad didapatkan nilai akurasi tertinggi sebesar 91%, dan

pada kelas angry didapatkan nilai akurasi tertinggi sebesar 94%.

Kata kunci: Deep Learning, Long Short Term Memory (LSTM), Natural Language
Processing (NLP), GloVe (Global Vector), Emotion Detection.
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ABSTRACT

Name :  Daniel Christianto

Department . Informatics

Title : Emotion Recognition in Text with Long Short Term Memory
Algorithm

Recognition of emotions in text is a topic of research that has been widely carried
out in recent years. Various studies have been carried out to solve the problem of
recognizing emotions from texts. The increasing amount of text data that can be
applied to various fields has made emotion recognition research develop rapidly,
including in this study. This study tested the accuracy using the LSTM method and

tested the effect of parameters on the accuracy of emotion detection in the text.

There are 3 main indicators in this study, namely the number of emotion dimensions
& embedding weights, learning rate, and dropout rate. The dataset used in this
study is a dataset from the Computational Linguistics at Concordia (CLaC) Lab
which has a total of 30160 data that has text and label features. In this study, 4

classes will be classified, namely others, happy, sad, and angry.

Based on testing the number of emotion dimensions & embedding weights,
learning rate, and dropout rate, it was found that the best accuracy value for each
class in the emotion detection research in text was obtained. In the others class the
highest accuracy value is 82%, in the happy class the highest accuracy value is
93%, in the sad class the highest accuracy value is 91%, and in the angry class the

highest accuracy value is 94%.

Keywords: Deep Learning, Long Short Term Memory (LSTM), Natural Language
Processing (NLP), GloVe (Global Vector), Emotion Detection.
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