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Halaman Persembahan / Motto

”A good name is to be more desired than great wealth, Favor is better
than silver and gold.”

Proverbs 22:1 (NASB)
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ANALISIS SENTIMEN PUBLIK TERHADAP KINERJA KOMISI
PEMILIHAN UMUM DENGAN MENGGUNAKAN

LONG SHORT-TERM MEMORY (LSTM)

Lifosmin Simon

ABSTRAK

Dalam beberapa tahun terakhir,peran media sosial dan platform daring
menjadi peran utama bagi masyarakat untuk menyampaikan pandangan,
opini, dan respons terhadap berbagai isu termasuk kinerja lembaga-lembaga
pemerintahan seperti Komisi Pemilihan Umum (KPU). Menjelang pemilihan 2024,
pemahaman terhadap sentimen publik terhadap kinerja KPU menjadi krusial
untuk meningkatkan keterlibatan demokratis. Oleh karena itu analisis sentimen
masyarakat perlu dilakukan untuk memberi masukan pada kinerja KPU. Penelitian
ini menganalisis kinerja analisis sentimen terhadap Kinerja KPU pada Pemilu 2024
dari X menggunakan label kamus leksikon dan metode long short-term memory
(LSTM) yang merupakan salah satu tipe dari recurrent neural network (RNN). Data
didapatkan dari hasil scraping dengan kata kunci ”KPU ID” di X sebanyak 8413
data dengan pebagian data positif 3399 data, netral 2475 data, dan negatif sebesar
2541. Data akan dilewati tahap preprocessing dan cleaning dan hasilnya analisis
melalui confussion matrix. Akan dilakukan perubahan hiperparameter seperti
pengubahan learning rate, batch size, lstm hidden units, embedding dims, dan data
distribution untuk mendapat akurasi tertinggi. Hasil dari penelitian menunjukkan
akurasi tertinggi didapatkan sebesar 70.03%, Precision 70%, recall 70,3%, dam
f1score 70.1% tercapai ketika hiperparameter laju pembelajaran diatur pada 0.001,
dengan ukuran batch sebesar 128, 128 unit LSTM, 100 dimensi embedding, dan
pembagian data training 90% serta data testing 10%. Analisis sentimen kinerja
KPU pada pemilu 2024 di media sosial X menunjukkan dominasi sentimen positif.

Kata kunci: analisis sentimen, confusion matrix, deep learning, Komisi
Pemilihan Umum, hiperparameter, long short-term memory,
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Analysis of Public Sentiment on the Performance of the General Election
Commission Using Long Short-Term Memory (LSTM)

Lifosmin Simon

ABSTRACT

In recent years, technological advancements have bridged communication
barriers, with social media as primary channels for individuals to express
views, opinions, and responses to various issues, including the performance of
governmental institutions such as the General Election Commission (KPU). As
the 2024 election approaches, understanding public sentiment toward the KPU’s
performance becomes crucial for enhancing democratic engagement. Therefore,
analyzing societal sentiment is necessary to provide feedback on the KPU’s
performance. This research analyzes sentiment analysis performance regarding the
KPU’s performance in the 2024 elections from X, using lexicon dictionary labeling
and LSTM methods. Data were obtained through scraping with the keyword
”KPU ID” in X, resulting in 8413 data points categorized into 3399 positive, 2475
neutral, and 2541 negative. The data undergo preprocessing and cleaning stages,
and the analysis results through a confusion matrix. Hyperparameter adjustments,
such as changing the learning rate, batch size, LSTM hidden units, embedding
dimensions, and data distribution, will be performed to achieve the highest accuracy.
The research results show the highest accuracy achieved is 70.03%, with precision
at 70%, recall at 70.3%, and an F1-score of 70.1% when the learning rate is set
to 0.001, with a batch size of 128, 128 LSTM units, 100 embedding dimensions,
and a data split of 90% training and 10% testing. Sentiment analysis of the KPU’s
performance in the 2024 elections on social media in X indicates a predominance
of positive sentiment.

Keywords: sentiment analysis, confusion matrix, deep learning, Komisi
Pemilihan Umum, hyperparameters, long short-term memory
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