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BAB V 

PENUTUP 

5.1 Kesimpulan 

Berdasarkan hasil penelitian yang telah dilakukan mengenai analisis 

sentimen masyarakat terhadap Program Makan Bergizi Gratis (MBG) pada 

media sosial TikTok menggunakan kombinasi model IndoBERT dan 

Support Vector Machine (SVM), maka dapat diperoleh beberapa 

kesimpulan sebagai berikut: 

1. Distribusi sentimen masyarakat didominasi oleh sentimen negatif 

sebanyak 2.106 komentar, diikuti sentimen positif sebanyak 745 

komentar, dan sentimen netral sebanyak 739 komentar dari total 3.590 

komentar. Hasil tersebut menunjukkan bahwa opini masyarakat 

terhadap implementasi Program Makan Bergizi Gratis masih 

didominasi oleh berbagai tanggapan kritis, meskipun sebagian 

masyarakat juga memberikan dukungan terhadap tujuan dan manfaat 

program. 

2. Penerapan metode IndoBERT–Support Vector Machine (SVM) mampu 

mengklasifikasikan sentimen komentar TikTok dengan performa yang 

baik. Berdasarkan empat skenario pengujian, performa terbaik 

diperoleh pada dataset non-hybrid dengan penerapan class weight yang 

menghasilkan akurasi sebesar 83,70%, precision sebesar 84,43%, recall 

sebesar 77,74%, dan F1-score sebesar 80,43%. Hasil tersebut 
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menunjukkan bahwa representasi fitur menggunakan embedding 

IndoBERT yang dikombinasikan dengan algoritma SVM efektif dalam 

melakukan klasifikasi sentimen pada data komentar berbahasa 

Indonesia yang bersifat informal. 

3. Pengaruh distribusi data terhadap kinerja model menunjukkan bahwa 

penerapan class weight pada dataset yang masih mengalami 

ketidakseimbangan kelas mampu meningkatkan performa model 

dibandingkan tanpa pembobotan. Sementara itu, proses hybrid 

labelling tidak menghasilkan peningkatan performa klasifikasi 

dibandingkan dataset non-hybrid. Namun demikian, hybrid labelling 

berhasil meningkatkan kualitas ground truth melalui validasi manual 

terhadap data ambigu oleh tiga annotator berdasarkan pedoman anotasi, 

yang didukung oleh hasil Intra-Annotator Consistency Check dengan 

nilai Cohen's Kappa sebesar 0,9197 (Almost Perfect Agreement). 

Dengan demikian, penelitian ini menunjukkan bahwa class weight lebih 

berpengaruh terhadap peningkatan performa model, sedangkan hybrid 

labelling berkontribusi dalam meningkatkan validitas dan reliabilitas 

label pada dataset. 

5.2 Saran  

Berdasarkan hasil penelitian yang telah dilakukan, beberapa saran yang dapat 

diberikan untuk penelitian selanjutnya maupun pihak terkait adalah sebagai 

berikut. 
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1. Menggunakan jumlah data yang lebih besar dan berasal dari berbagai 

platform media sosial, seperti X (Twitter), Instagram, Facebook, 

YouTube, maupun portal berita daring sehingga dapat memberikan 

gambaran sentimen masyarakat yang lebih luas dan representatif. 

2. Membandingkan performa Support Vector Machine (SVM) dengan 

algoritma klasifikasi lainnya, seperti Random Forest, XGBoost, Logistic 

Regression, maupun model berbasis deep learning untuk mengetahui 

metode yang paling optimal dalam melakukan klasifikasi sentimen. 

3. Menerapkan metode penanganan ketidakseimbangan data lainnya, 

seperti SMOTE, ADASYN, atau teknik oversampling dan 

undersampling untuk membandingkan efektivitasnya dengan pendekatan 

class weight. 

4. Mengembangkan proses hybrid labelling dengan melibatkan lebih 

banyak annotator serta melakukan pengujian Inter-Annotator Agreement 

selain Intra-Annotator Consistency, sehingga kualitas ground truth yang 

dihasilkan dapat diukur secara lebih komprehensif. 

5. Bagi pemerintah dan pemangku kebijakan, hasil penelitian ini 

diharapkan dapat menjadi bahan evaluasi dalam meningkatkan kualitas 

implementasi Program Makan Bergizi Gratis, khususnya terhadap isu-isu 

yang banyak menjadi perhatian masyarakat, seperti kualitas makanan, 

keamanan pangan, transparansi pelaksanaan, dan efektivitas penggunaan 

anggaran, sehingga tingkat kepercayaan dan penerimaan masyarakat 

terhadap program dapat semakin meningkat.
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Lampiran 1  

Kode Program 

from google.colab import drive 

drive.mount('/content/drive') 

#PROSES CLEANING DATA 

import pandas as pd 

import re 

df = pd.read_csv('/content/drive/MyDrive/SKRIPSI/SKRIPSI2/dataset_tiktok-

clean.csv') 

def cleaning(text): 

    text = str(text) 

    # hapus URL 

    text = re.sub(r'http\S+|www\S+|https\S+', '', text) 

    # hapus mention 

    text = re.sub(r'@\w+', '', text) 

    # hapus hashtag 

    text = re.sub(r'#\w+', '', text) 

    # hapus simbol dan emoji 

    # angka tetap dipertahankan 

    text = re.sub(r'[^a-zA-Z0-9\s]', '', text) 

    return text 

df['CLEANING'] = df['TEKS'].apply(cleaning) 

tabel_cleaning = df[['TEKS', 'CLEANING']] 

tabel_cleaning.head(10) 

tabel_cleaning.to_csv('/content/drive/MyDrive/SKRIPSI/SKRIPSI2/hasil_cleanin

g.csv', index=False) 

print("Jumlah data sebelum hapus duplikat:", len(df)) 
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#HANDLING DUPLICATE  

df = df.drop_duplicates(subset=['CLEANING']) 

df = df.reset_index(drop=True) 

print("Jumlah data setelah hapus duplikat:", len(df)) 

tabel_duplicate.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/hasil_handling_duplicate.csv', 

    index=False) 

#PROSES CASE FOLDING 

def case_folding(text): 

    text = text.lower() 

    return text 

df['CASE_FOLDING'] = df['CLEANING'].apply(case_folding) 

tabel_casefolding = df[['CLEANING', 'CASE_FOLDING']] 

tabel_casefolding.head(10) 

tabel_casefolding.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/hasil_casefolding.csv', 

    index=False) 

#PROSES NORMALISASI 

slang_df = pd.read_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/slang_indo.csv', 

    sep=';') 

slang_dict = dict(zip(slang_df['tidak baku'], slang_df['baku'])) 

def normalisasi(text): 

    kata = text.split() 

    hasil = [] 

    for i in kata: 

        if i in slang_dict: 
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            hasil.append(slang_dict[i]) 

        else: 

            hasil.append(i) 

    return ' '.join(hasil) 

df['NORMALISASI'] = df['CASE_FOLDING'].apply(normalisasi) 

tabel_normalisasi = df[['CASE_FOLDING', 'NORMALISASI']] 

tabel_normalisasi.head(10) 

tabel_normalisasi.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/hasil_normalisasi.csv', 

    index=False) 

#HYBRID LABELLING 

#1. Pre-Trained labelling IndoBERT 

!pip install transformers 

!pip install torch 

from transformers import pipeline 

import pandas as pd 

classifier = pipeline( 

    "sentiment-analysis", 

    model="mdhugol/indonesia-bert-sentiment-classification") 

label_map = { 

    'LABEL_0': 'positif', 

    'LABEL_1': 'netral', 

    'LABEL_2': 'negatif'} 

#auto-labelling-non-hybrid 

hasil_label = [] 

for text in df['NORMALISASI']: 

    result = classifier(str(text))[0] 
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    label_asli = result['label'] 

    label_sentimen = label_map[label_asli] 

    hasil_label.append({ 

        'NORMALISASI': text, 

        'LABEL': label_sentimen, 

        'CONF_SCORE': result['score'] }) 

classifier.model.config.id2label 

label_df = pd.DataFrame(hasil_label) 

label_df.head(10) 

jumlah_sentimen = label_df['LABEL'].value_counts().reset_index() 

jumlah_sentimen.columns = ['Sentimen', 'Jumlah'] 

jumlah_sentimen 

# distribusi diagram auto-labelling 

import matplotlib.pyplot as plt 

urutan = [ 

    'positif', 

    'netral', 

    'negatif'] 

# hitung jumlah label dan urutkan 

label_count = label_df[ 

    'LABEL' 

].value_counts().reindex( 

    urutan, 

    fill_value=0) 

# warna tiap sentimen 

color_map = { 

    'positif': 'green', 
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    'netral': 'gray', 

    'negatif': 'red'} 

colors = [ 

    color_map[label] 

    for label in label_count.index] 

# buat diagram batang 

ax = label_count.plot( 

    kind='bar', 

    figsize=(6,4), 

    color=colors) 

# judul dan label 

plt.title( 

    'Distribusi Hasil Auto Labeling IndoBERT') 

plt.xlabel('Sentimen') 

plt.ylabel('Jumlah Data') 

plt.xticks(rotation=0) 

# tampilkan jumlah di atas batang 

for i in ax.patches: 

    ax.annotate( 

        str(int(i.get_height())), 

        ( 

            i.get_x() + i.get_width()/2, 

            i.get_height() 

        ), 

        ha='center', 

        va='bottom') 

plt.show() 
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label_df_csv = label_df.copy() 

label_df_csv['CONF_SCORE'] = label_df_csv['CONF_SCORE'].round(4) 

label_df_csv.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/hasil_auto_labeling_indobert.csv', 

    index=False, 

    encoding='utf-8-sig') 

#menentukan Threshold dengan persenti 25% 

import matplotlib.pyplot as plt 

threshold = label_df['CONF_SCORE'].quantile(0.20) 

print("Threshold:", threshold) 

#pisahkan data 

#confident data 

data_confident = label_df[ 

    label_df['CONF_SCORE'] >= threshold] 

#low confident data 

data_low = label_df[ 

    label_df['CONF_SCORE'] < threshold] 

# menentukan persentil 

persentil = 0.20 

# menghitung threshold 

threshold = label_df['CONF_SCORE'].quantile(persentil) 

print("Threshold :", threshold) 

print("Persentil :", persentil * 100, "%") 

# membuat histogram 

plt.hist(label_df['CONF_SCORE'], bins=30) 

# garis threshold 

plt.axvline( 
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    threshold, 

    linestyle='dashed', 

    label=f'Threshold = {threshold:.3f}\nPersentil = {persentil*100:.0f}%') 

# label grafik 

plt.xlabel('Confidence Score') 

plt.ylabel('Jumlah Data') 

plt.title('Distribusi Confidence Score') 

# tampilkan legenda 

plt.legend() 

plt.show() 

# 2. VALIDASI LEXICON berdasarkan threshold 

#kamus inset lexicon posotif dan negatif 

positive = pd.read_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/positive.tsv', 

    sep='\t') 

negative = pd.read_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/negative.tsv', 

    sep='\t') 

print("Jumlah kata positif :", len(positive)) 

print("Jumlah kata negatif :", len(negative)) 

total = len(positive) + len(negative) 

print("Total kamus leksikon :", total) 

#ubah le dictionary 

positive_dict = dict( 

    zip( 

        positive['word'], 

        positive['weight'] 
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    )) 

negative_dict = dict( 

    zip( 

        negative['word'], 

        negative['weight'])) 

#fungsi labeling leksikon 

def lexicon_label(text): 

    score = 0 

    words = text.split() 

    for word in words: 

        if word in positive_dict: 

            score += positive_dict[word] 

        elif word in negative_dict: 

            score += negative_dict[word] 

    if score > 0: 

        return 'positif' 

    elif score < 0: 

        return 'negatif' 

    else: 

        return 'netral' 

#terapkan pada data 

data_low['LEXICON_LABEL'] = data_low[ 

    'NORMALISASI' 

].apply(lexicon_label) 

#data valid 

data_valid_low = data_low[ 

    (data_low['LABEL'] == 
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     data_low['LEXICON_LABEL'])] 

#data ambigu 

data_ambigu = data_low[ 

    ((data_low['LABEL'] == 'positif') & 

        (data_low['LEXICON_LABEL'] == 'negatif')) 

    | 

    ((data_low['LABEL'] == 'negatif') & 

        (data_low['LEXICON_LABEL'] == 'positif')) 

    | 

    ((data_low['LABEL'] == 'netral') & 

        (data_low['LEXICON_LABEL'] == 'positif')) 

    | 

    ((data_low['LABEL'] == 'netral') & 

        (data_low['LEXICON_LABEL'] == 'negatif')) 

    | 

    ((data_low['LABEL'] == 'positif') & 

        (data_low['LEXICON_LABEL'] == 'netral')) 

    | 

    ((data_low['LABEL'] == 'negatif') & 

        (data_low['LEXICON_LABEL'] == 'netral'))] 

data_valid_final = pd.concat([ 

    data_confident, 

    data_valid_low]) 

print("Jumlah Data valid confident :", len(data_confident)) 

print("Jumlah Data valid low :", len(data_valid_low)) 

print("Jumlah Data Valid :", len(data_valid_final)) 

print("Jumlah Data Ambigu :", len(data_ambigu)) 
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#simpan data valid 

data_valid_final.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/data_valid_lexicon1.csv', 

    index=False) 

#simpan data ambigu 

data_ambigu.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/data_ambigu1.csv', 

    index=False) 

data_ambiguauto = pd.read_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/data_ambigu1.csv') 

# 3. CEK MANUAL dan Intra-Annotator Consistency Check 

from sklearn.metrics import cohen_kappa_score 

data_ambigu = pd.read_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/data_ambigu_manual1.csv') 

ambiguauto_count = data_ambiguauto['LABEL'].value_counts() 

print(ambiguauto_count) 

#buat distibusi data ambigu yang dilabeli manual 

ambigu_count = data_ambigu['FINAL'].value_counts() 

print(ambigu_count) 

jumlah_sample = int(len(data_ambigu) * 0.10) 

print("Jumlah Sampel :", jumlah_sample) 

#Intra-Annotator Consistency Check 

#ambil sampel acak 

sample_check = data_ambigu.sample( 

    n=jumlah_sample, 

    random_state=42) 

label_asli = sample_check[ 
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    ['NORMALISASI', 'P1']] 

#buat file recheck 

recheck_file = sample_check[ 

    ['NORMALISASI'] 

].copy() 

recheck_file['RECHECK_LABEL'] = '' 

recheck_file.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/sample_recheck.csv', 

    index=False) 

hasil_recheck = pd.read_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/hasil_sample_recheck1.csv') 

compare_df = pd.merge( 

    label_asli, 

    hasil_recheck, 

    on='NORMALISASI') 

from sklearn.metrics import cohen_kappa_score 

kappa = cohen_kappa_score( 

    compare_df['P1'], 

    compare_df['RECHECK_LABEL']) 

print( 

    "Cohen's Kappa :", 

    round(kappa, 4)) 

jumlah_sama = ( 

    compare_df['P1'] 

    == 

    compare_df['RECHECK_LABEL'] 

).sum() 



127 
 

 
 

persentase = ( 

    jumlah_sama / 

    len(compare_df) 

) * 100 

print( 

    "Persentase Kesesuaian :", 

    round(persentase, 2), 

    "%") 

if kappa >= 0.81: 

    interpretasi = "Perfect Agrimeent" 

elif kappa >= 0.61: 

    interpretasi = "Near Perfect Agreement" 

elif kappa >= 0.41: 

    interpretasi = "Moderate Agreement" 

elif kappa >= 0.21: 

    interpretasi = "Fair Agreement" 

else: 

    interpretasi = "Slight Agreement" 

print("Interpretasi :", interpretasi) 

#confusion matrix intra annotator  

from sklearn.metrics import ( 

    confusion_matrix, 

    ConfusionMatrixDisplay) 

import matplotlib.pyplot as plt 

cm = confusion_matrix( 

    compare_df['P1'], 

    compare_df['RECHECK_LABEL'], 
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    labels=[ 

        'negatif', 

        'netral', 

        'psoitif']) 

disp = ConfusionMatrixDisplay( 

    confusion_matrix=cm, 

    display_labels=[ 

        'negatif', 

        'netral', 

        'positif']) 

disp.plot(cmap='Blues') 

plt.title( 

    'Confusion Matrix Intra-Annotator') 

plt.show() 

data_ambigu['LABEL'] = ( 

    data_ambigu['FINAL']) 

data_valid_final = data_valid_final[ 

    ['NORMALISASI', 'LABEL'] 

]data_ambigu_final = data_ambigu[ 

    ['NORMALISASI', 'LABEL']] 

#4. DATASET HYBRID dengan gabung dataset valid dan ambigu 

dataset_final = pd.concat([ 

    data_valid_final, 

    data_ambigu_final]) 

dataset_final = ( 

    dataset_final 

    .reset_index(drop=True)) 
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print( 

    "Jumlah Dataset Final :", 

    len(dataset_final)) 

final_count = dataset_final[ 

    'LABEL' 

].value_counts() 

print(final_count) 

dataset_final.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/dataset_final.csv', 

    index=False) 

import matplotlib.pyplot as plt 

def plot_distribusi_final(dataset_final): 

    # urutan label 

    urutan = [ 

        'positif', 

        'netral', 

        'negatif'] 

    # hitung jumlah tiap sentimen 

    final_count = dataset_final[ 

        'LABEL' 

    ].value_counts().reindex( 

        urutan, 

        fill_value=0) 

    # warna tiap sentimen 

    color_map = { 

        'positif': 'green', 

        'netral': 'gray', 
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        'negatif': 'red'} 

    colors = [ 

        color_map[label] 

        for label in final_count.index] 

    # buat diagram batang 

    ax = final_count.plot( 

        kind='bar', 

        figsize=(6,4), 

        color=colors) 

    # judul dan label 

    plt.title( 

        'Distribusi Dataset Hybrid') 

    plt.xlabel('Sentimen') 

    plt.ylabel('Jumlah Data') 

    plt.xticks(rotation=0) 

    # tampilkan jumlah di atas batang 

    for i in ax.patches: 

        ax.annotate( 

            str(int(i.get_height())), 

            (i.get_x() + i.get_width()/2, 

                i.get_height()), 

            ha='center', 

            va='bottom') 

    plt.show() 

plot_distribusi_final(dataset_final) 

#split data 80:20 

from sklearn.model_selection import train_test_split 
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X = dataset_final['NORMALISASI'] 

y = dataset_final['LABEL'] 

X_train, X_test, y_train, y_test = train_test_split( 

    X, 

    y, 

    test_size=0.20, 

    random_state=42, 

    stratify=y) 

print( 

    "Jumlah Data Training :", 

    len(X_train)) 

print( 

    "Jumlah Data Testing :", 

    len(X_test)) 

#presentase distribusi 

# hitung persentase training 

train_dist = ( 

    y_train 

    .value_counts(normalize=True) 

    * 100).round(2) 

# hitung persentase testing 

test_dist = ( 

    y_test 

    .value_counts(normalize=True) 

    * 100).round(2) 

# jumlah data training 

train_count = y_train.value_counts() 
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# jumlah data testing 

test_count = y_test.value_counts() 

# gabungkan tabel 

distribusi_df = pd.DataFrame({ 

    'Jumlah Training': train_count, 

    'Training (%)': train_dist, 

    'Jumlah Testing': test_count, 

    'Testing (%)': test_dist 

}) 

# urutkan label 

urutan = [ 

    'positif', 

    'netral', 

    'negatif'] 

# tambahkan total 

total_row = pd.DataFrame({ 

    'Jumlah Training': [ 

        distribusi_df['Jumlah Training'].sum() 

    ], 

    'Training (%)': [ 

        distribusi_df['Training (%)'].sum() 

    ], 

    'Jumlah Testing': [ 

        distribusi_df['Jumlah Testing'].sum() 

    ], 

    'Testing (%)': [ 

        distribusi_df['Testing (%)'].sum()] 
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}, index=['TOTAL']) 

# gabungkan total ke tabel 

distribusi_df = pd.concat([ 

    distribusi_df, 

    total_row]) 

# tampilkan tabel 

distribusi_df 

#gabungkan menjadi dataframe 

train_df = pd.DataFrame({ 

    'NORMALISASI': X_train, 

    'LABEL': y_train}) 

test_df = pd.DataFrame({ 

    'NORMALISASI': X_test, 

    'LABEL': y_test}) 

train_df = train_df.reset_index(drop=True) 

test_df = test_df.reset_index(drop=True) 

train_df.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/data_training.csv', 

    index=False) 

test_df.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/data_testing.csv', 

    index=False) 

 

#ekstraksi fitur embedding IndoBERT 

import torch 

import numpy as np 

from transformers import ( 
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    AutoTokenizer, 

    AutoModel) 

model_name = 'indobenchmark/indobert-base-p1' 

tokenizer = AutoTokenizer.from_pretrained( 

    model_name) 

model = AutoModel.from_pretrained( 

    model_name) 

#FUNGSI EMBEDDING INDO-BERT Menggunakan:CLS token embedding 

def indoBERT_embedding(text): 

# tokenisasi 

    inputs = tokenizer( 

        text, 

        return_tensors='pt', 

        truncation=True, 

        padding=True, 

        max_length=128) 

    # nonaktifkan gradient 

    with torch.no_grad(): 

        outputs = model(**inputs) 

    # ambil CLS token 

    embeddings = outputs.last_hidden_state[:,0,:] 

    return embeddings.squeeze().numpy() 

#embedding data training 

X_train_embed = np.array([ 

    indoBERT_embedding(text) 

    for text in X_train]) 

#embedding data testing 
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X_test_embed = np.array([ 

    indoBERT_embedding(text) 

    for text in X_test]) 

#simpan embedding 

np.save( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/X_train_embed.npy', 

    X_train_embed) 

np.save( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/X_test_embed.npy', 

    X_test_embed) 

#simpan label 

y_train.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/y_train.csv', 

    index=False) 

y_test.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/y_test.csv', 

    index=False) 

#STANDARISASI scaling 

from sklearn.preprocessing import StandardScaler 

scaler = StandardScaler() 

X_train_scaled = scaler.fit_transform( 

    X_train_embed) 

X_test_scaled = scaler.transform( 

    X_test_embed) 

import pandas as pd 

# Pilih dimensi yang akan ditampilkan 

kolom = [0, 1, 2, 766, 767] 
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# Sebelum scaling 

before = pd.DataFrame( 

    X_train_embed[:5, kolom], 

    columns=[ 

        'Dim_1', 

        'Dim_2', 

        'Dim_3', 

        'Dim_767', 

        'Dim_768']) 

# Sesudah scaling 

after = pd.DataFrame( 

    X_train_scaled[:5, kolom], 

    columns=[ 

        'Dim_1', 

        'Dim_2', 

        'Dim_3', 

        'Dim_767', 

        'Dim_768']) 

# Gabungkan 

comparison = pd.concat( 

    [before, after], 

    axis=1, 

    keys=[ 

        'Sebelum Scaling', 

        'Sesudah Scaling']) 

comparison = comparison.round(4) 

comparison 
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comparison.to_excel( 

    "/content/drive/MyDrive/SKRIPSI/SKRIPSI2/Perbandingan_Embedding_Scali

ng.xlsx", 

    index=True) 

np.save( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/X_train_scaled.npy', 

    X_train_scaled) 

np.save( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/X_test_scaled.npy', 

    X_test_scaled) 

#hyperparameter tunning dengan gridsearchCV 

from sklearn.svm import SVC 

from sklearn.model_selection import ( 

    GridSearchCV) 

svm_model = SVC() 

# ruang parameter hyperparameter tuning 

param_grid = { 

    'C': [ 

        0.1, 

        1, 

        10, 

    ], 

    'kernel': [ 

        'linear', 

        'rbf']} 

grid_search = GridSearchCV( 

    estimator=svm_model, 
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    param_grid=param_grid, 

    cv=5, 

    scoring='accuracy', 

    verbose=1, 

    n_jobs=-1) 

#training gridsearch dengan data scaling 

grid_search.fit( 

    X_train_scaled, 

    y_train) 

#simpan hasil tunning 

cv_result = pd.DataFrame( 

    grid_search.cv_results_) 

cv_result = cv_result[[ 

    'param_C', 

    'param_kernel', 

    'mean_test_score', 

    'rank_test_score']] 

cv_result 

#training final dg best parameter 

best_svm = grid_search.best_estimator_ 

best_svm.fit( 

    X_train_scaled, 

    y_train) 

#SKENARIO KE 3 prediksi testing TANPA CW 

y_pred = best_svm.predict( 

    X_test_scaled) 

hasil_prediksi = pd.DataFrame({ 
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    'TEXT': X_test, 

    'ACTUAL': y_test, 

    'PREDICT': y_pred}) 

hasil_prediksi.head() 

hasil_prediksi.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/hasil_prediksi_svm.csv', 

    index=False) 

#evaluasi prediksi klasifikasi model 

from sklearn.metrics import ( 

    accuracy_score, 

    classification_report, 

    confusion_matrix) 

#akurasi 

accuracy = accuracy_score( 

    y_test, 

    y_pred) 

print( 

    "Accuracy :", 

    accuracy) 

# MCC 

from sklearn.metrics import matthews_corrcoef 

mcc3 = matthews_corrcoef( 

    y_test, 

    y_pred) 

print("MCC :", round(mcc3,4)) 

#CLASSIFICATION REPORT 

print( 
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    classification_report( 

        y_test, 

        y_pred)) 

import seaborn as sns 

from sklearn.metrics import confusion_matrix, classification_report 

# Prediksi 

y_pred = best_svm.predict(X_test_scaled) 

# Hitung confusion matrix BARU 

cm = confusion_matrix( 

    y_test, 

    y_pred, 

    labels=['negatif', 'netral', 'positif']) 

# Visualisasi 

plt.figure(figsize=(6,5)) 

sns.heatmap( 

    cm, 

    annot=True, 

    fmt='d', 

    cmap='Blues', 

    xticklabels=['negatif','netral','positif'], 

    yticklabels=['negatif','netral','positif']) 

plt.xlabel("Predicted Label") 

plt.ylabel("Actual Label") 

plt.title("Confusion Matrix SVM") 

plt.show() 

#CLASS WEIGHT 

svm_model = SVC( 
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    class_weight='balanced') 

#melihat bobot setiap sentimen 

from sklearn.utils.class_weight import compute_class_weight 

classes = np.unique(y_train) 

weights = compute_class_weight( 

    class_weight='balanced', 

    classes=classes, 

    y=y_train) 

class_weights = dict( 

    zip(classes, weights)) 

print(class_weights) 

weight_df = pd.DataFrame({ 

    'Sentimen': classes, 

    'Jumlah_Data': [ 

        y_train.value_counts()[c] 

        for c in classes], 

    'Bobot': weights}) 

weight_df 

 

#SKENARIO KE 4 SVM dengan class weight 

svm_final = SVC( 

    C=10, 

    kernel='rbf', 

    class_weight='balanced') 

#training 

svm_final.fit( 

    X_train_scaled, 
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    y_train) 

#prediksi SVM 

y_pred_balanced = svm_final.predict( 

    X_test_scaled) 

hasil_svm_balanced = pd.DataFrame({ 

    'TEXT': X_test, 

    'ACTUAL': y_test, 

    'PREDICT': y_pred_balanced}) 

hasil_svm_balanced.to_csv( 

    '/content/drive/MyDrive/SKRIPSI/SKRIPSI2/hasil_svm_class_weight.csv', 

    index=False) 

#acuracy 

from sklearn.metrics import accuracy_score 

accuracy_balanced = accuracy_score( 

    y_test, 

    y_pred_balanced) 

print( 

    "Accuracy:", 

    accuracy_balanced) 

#MCC 

mcc4 = matthews_corrcoef( 

    y_test, 

    y_pred_balanced) 

print("MCC :", round(mcc4,4)) 

#classification report 

from sklearn.metrics import classification_report 

print( 
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    classification_report( 

        y_test, 

        y_pred_balanced)) 

#confusion matrix 

from sklearn.metrics import confusion_matrix 

cm = confusion_matrix( 

    y_test, 

    y_pred_balanced) 

print(cm) 

plt.figure(figsize=(6,5)) 

sns.heatmap( 

    cm, 

    annot=True, 

    fmt='d', 

    cmap='Blues', 

    xticklabels=[ 

        'negatif', 

        'netral', 

        'positif' 

    ], 

    yticklabels=[ 

        'negatif', 

        'netral', 

        'positif']) 

plt.xlabel( 

    'Predicted Label') 

plt.ylabel( 
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    'Actual Label') 

plt.title( 

    'Confusion Matrix SVM + Class Weight') 

plt.show() 

#distribusi prediksi sentimen tanpa pembobotan kelas 

pred_no_weight = pd.Series( 

    y_pred 

).value_counts() 

distribusi_no_weight = pd.DataFrame({ 

    'Sentimen': pred_no_weight.index, 

    'Jumlah': pred_no_weight.values}) 

distribusi_no_weight 

#distribusi prediksi sentimen model dengan pembobotan kelas 

pred_weight = pd.Series( 

    y_pred_balanced 

).value_counts() 

pred_weight 

 

# DATA NON-HYBRID dengan indoBERT 

label_df 

label_df.columns 

#split data 

from sklearn.model_selection import train_test_split 

X = label_df['NORMALISASI'] 

y = label_df['LABEL'] 

X_train_auto, X_test_auto, y_train_auto, y_test_auto = train_test_split( 

    X, 
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    y, 

    test_size=0.2, 

    random_state=42, 

    stratify=y) 

indoBERT_embedding(text) 

print( 

    "Jumlah Data Training :", 

    len(X_train_auto)) 

print( 

    "Jumlah Data Testing :", 

    len(X_test_auto)) 

# jumlah data training 

train_auto_count = y_train_auto.value_counts() 

# jumlah data testing 

test_auto_count = y_test_auto.value_counts() 

# gabungkan tabel 

distribusi_df = pd.DataFrame({ 

    'Jumlah Training': train_auto_count, 

    'Training (%)': train_dist, 

    'Jumlah Testing': test_auto_count, 

    'Testing (%)': test_dist}) 

# urutkan label 

urutan = [ 

    'positif', 

    'netral', 

    'negatif'] 

# tambahkan total 
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total_row = pd.DataFrame({ 

    'Jumlah Training': [ 

        distribusi_df['Jumlah Training'].sum()], 

   'Training (%)': [ 

        distribusi_df['Training (%)'].sum() 

    ], 

    'Jumlah Testing': [ 

        distribusi_df['Jumlah Testing'].sum() 

    ], 

   'Testing (%)': [ 

       distribusi_df['Testing (%)'].sum()] 

}, index=['TOTAL']) 

# gabungkan total ke tabel 

distribusi_df = pd.concat([ 

    distribusi_df, 

    total_row]) 

# tampilkan tabel 

distribusi_df 

#embedding 

X_train_embed_auto = X_train_auto.apply(indoBERT_embedding) 

X_test_embed_auto = X_test_auto.apply(indoBERT_embedding) 

import numpy as np 

X_train_embed_auto = np.vstack(X_train_embed_auto) 

X_test_embed_auto = np.vstack(X_test_embed_auto) 

#scalling 

from sklearn.preprocessing import StandardScaler 

scaler_auto = StandardScaler() 
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X_train_scaled_auto = scaler_auto.fit_transform( 

    X_train_embed_auto) 

X_test_scaled_auto = scaler_auto.transform( 

    X_test_embed_auto) 

#class weight data non-hybrid 

from sklearn.utils.class_weight import compute_class_weight 

import numpy as np 

classes = np.unique(y_train_auto) 

weights = compute_class_weight( 

    class_weight='balanced', 

    classes=classes, 

    y=y_train_auto) 

class_weight_dict = dict( 

    zip(classes, weights)) 

print(class_weight_dict) 

weight_df = pd.DataFrame({ 

    'Sentimen': classes, 

    'Jumlah_Data': [ 

        y_train_auto.value_counts()[c] 

        for c in classes 

    ], 

    'Bobot': weights}) 

weight_df 

#training SVM no class weight 

from sklearn.svm import SVC 

svm_auto = SVC( 

    C=10, 



148 
 

 
 

    kernel='rbf') 

svm_auto.fit( 

    X_train_scaled_auto, 

    y_train_auto) 

# SKENARIO 1 NON HYBRID prediksi SVM TANPA CLASS WEIGHT 

y_pred_auto = svm_auto.predict( 

    X_test_scaled_auto) 

from sklearn.metrics import accuracy_score 

acc_auto = accuracy_score( 

    y_test_auto, 

    y_pred_auto) 

print( 

    "Accuracy Auto Labeling:", 

    round(acc_auto,4)) 

#MCC 

mcc1 = matthews_corrcoef( 

    y_test_auto, 

    y_pred_auto) 

print("MCC :", round(mcc1,4)) 

from sklearn.metrics import classification_report 

print( 

#CLASIFICATION MATRIX 

    classification_report( 

        y_test_auto, 

        y_pred_auto)) 

from sklearn.metrics import confusion_matrix 

import seaborn as sns 
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import matplotlib.pyplot as plt 

# confusion matrix 

cm = confusion_matrix( 

    y_test_auto, 

    y_pred_auto, 

    labels=['negatif', 'netral', 'positif']) 

# plot 

plt.figure(figsize=(6,5)) 

sns.heatmap( 

    cm, 

    annot=True, 

    fmt='d', 

    cmap='Blues', 

    xticklabels=['negatif', 'netral', 'positif'], 

    yticklabels=['negatif', 'netral', 'positif']) 

plt.title('Confusion Matrix SVM (Auto Labeling)') 

plt.xlabel('Prediksi') 

plt.ylabel('Aktual') 

plt.show() 

#SKENARIO KE 2 NON HYBRID SVM dengan class weight 

from sklearn.svm import SVC 

svm_cw = SVC( 

    C=10, 

    kernel='rbf', 

    class_weight=class_weight_dict) 

#training dengan scaling 

svm_cw.fit( 
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    X_train_scaled_auto, 

    y_train_auto) 

#testing dengan SVM 

y_pred_cw = svm_cw.predict( 

    X_test_scaled_auto) 

$AKURASI 

from sklearn.metrics import accuracy_score 

acc_cw = accuracy_score( 

    y_test_auto, 

    y_pred_cw) 

print( 

    f'Accuracy: {acc_cw:.4f}') 

#MCC 

mcc2 = matthews_corrcoef( 

    y_test_auto, 

    y_pred_cw) 

print("MCC :", round(mcc2,4)) 

#CLASIFICATION REPORT 

from sklearn.metrics import classification_report 

print( 

    classification_report( 

        y_test_auto, 

        y_pred_cw)) 

#CONFUSION MATRIX 

cm_cw = confusion_matrix( 

    y_test_auto, 

    y_pred_cw, 
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    labels=[ 

        'negatif', 

        'netral', 

        'positif']) 

plt.figure(figsize=(6,5)) 

sns.heatmap( 

    cm_cw, 

    annot=True, 

    fmt='d', 

    cmap='Blues', 

    xticklabels=[ 

        'negatif', 

        'netral', 

        'positif' 

   ], 

    yticklabels=[ 

        'negatif', 

        'netral', 

        'positif']) 

plt.title( 

    'Confusion Matrix SVM + Class Weight') 

plt.xlabel('Label Prediksi') 

plt.ylabel('Label Aktual') 

plt.tight_layout() 

plt.show() 

#evaluasi perbandingan 4 skenario 

from sklearn.metrics import classification_report 
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import pandas as pd 

#auto 

report_auto = classification_report( 

    y_test_auto, 

    y_pred_auto, 

    output_dict=True) 

#auto+cw 

report_auto_cw = classification_report( 

    y_test_auto, 

    y_pred_cw, 

    output_dict=True) 

#hybrid 

report_hybrid = classification_report( 

    y_test, 

    y_pred, 

    output_dict=True) 

#hybrid+cw 

report_hybrid_cw = classification_report( 

    y_test, 

    y_pred_balanced, 

    output_dict=True) 

hasil_perbandingan = pd.DataFrame({ 

    'Skenario': [ 

        'No-Hybrid + No Class Weight', 

        'No-Hybrid + Class Weight', 

        'Hybrid  + No Class Weight', 

        'Hybrid + Class Weight' 
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    ], 

    'Accuracy': [ 

        acc_auto, 

        acc_cw, 

        accuracy, 

        accuracy_balanced 

    ], 

    'Precision': [ 

        report_auto['macro avg']['precision'], 

        report_auto_cw['macro avg']['precision'], 

        report_hybrid['macro avg']['precision'], 

        report_hybrid_cw['macro avg']['precision'] 

    ], 

    'Recall': [ 

        report_auto['macro avg']['recall'], 

        report_auto_cw['macro avg']['recall'], 

        report_hybrid['macro avg']['recall'], 

        report_hybrid_cw['macro avg']['recall'] 

    ], 

    'F1-Score': [ 

        report_auto['macro avg']['f1-score'], 

        report_auto_cw['macro avg']['f1-score'], 

        report_hybrid['macro avg']['f1-score'], 

        report_hybrid_cw['macro avg']['f1-score'] 

    ], 

    'MCC': [ 

        mcc1, 
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        mcc2, 

        mcc3, 

        mcc4 

    ] 

}).round(4) 

hasil_perbandingan 

 

#WORD CLOUD 

!pip install wordcloud 

!pip install Sastrawi 

from Sastrawi.Stemmer.StemmerFactory import StemmerFactory 

from Sastrawi.StopWordRemover.StopWordRemoverFactory import 

StopWordRemoverFactory 

from wordcloud import WordCloud 

import matplotlib.pyplot as plt 

from Sastrawi.StopWordRemover.StopWordRemoverFactory import 

StopWordRemoverFactory 

 

# Stopword bawaan Sastrawi 

stop_factory = StopWordRemoverFactory() 

stopwords = set(stop_factory.get_stop_words()) 

# Custom stopword untuk data TikTok/MBG 

custom_stopwords = { 

    'tidak','di','ada','nya','jadi','buat','aja','nih','sih','dong', 

    'kan','kok','lah','pun','iya','ya','yang', 

    'ga','gak','udah','terus','semua', 

    'orang','banget','kalo','kalau','juga','dari','pada','atau','utk','tapi','sekali', 

    'harus','mau','si','kamu','lebih','bagi','cuma'} 
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# Gabungkan stopword bawaan + custom 

stopwords.update(custom_stopwords) 

# Fungsi stopword removal 

def remove_stopword(text): 

    words = str(text).split() 

    words = [ 

        word 

        for word in words 

        if word.lower() not in stopwords] 

    return ' '.join(words) 

# Terapkan ke dataset 

dataset_final['TEXT_STOPWORD'] = dataset_final[ 

    'NORMALISASI' 

].apply(remove_stopword) 

dataset_final[ 

    ['NORMALISASI','TEXT_STOPWORD'] 

].head(10) 

#STEMMING 

from Sastrawi.Stemmer.StemmerFactory import StemmerFactory 

factory = StemmerFactory() 

stemmer = factory.create_stemmer() 

def stemming_text(text): 

    return stemmer.stem(str(text)) 

dataset_final['TEXT_STEMMING'] = dataset_final[ 

    'TEXT_STOPWORD' 

].apply(stemming_text) 

dataset_final[ 
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    ['TEXT_STOPWORD','TEXT_STEMMING'] 

].head(10) 

import os 

# folder penyimpanan word cloud 

folder_save = "/content/drive/MyDrive/SKRIPSI/SKRIPSI2/WordCloud" 

os.makedirs( 

    folder_save, 

    exist_ok=True) 

sentimen_list = [ 

    'positif', 

    'netral', 

    'negatif'] 

plt.figure(figsize=(18,5)) 

for i, sentimen in enumerate(sentimen_list): 

    text = ' '.join( 

        dataset_final[ 

            dataset_final['LABEL']==sentimen 

        ]['TEXT_STEMMING'].astype(str)) 

    wc = WordCloud( 

        width=1000, 

        height=500, 

        background_color='white', 

        collocations=False 

    ).generate(text) 

    plt.subplot(1,3,i+1) 

    plt.imshow( 

        wc, 
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        interpolation='bilinear') 

    plt.axis('off') 

    plt.title( 

        f'Sentimen {sentimen.capitalize()}') 

    # simpan masing-masing word cloud 

    wc.to_file( 

        f"{folder_save}/wordcloud_{sentimen}.png") 

plt.tight_layout() 

plt.show() 
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Lampiran  2 

 Kamus Inset (Indonesia Sentiment) 
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Lampiran  3 

Link Dataset, Kamus InSet dan Hasil Analisis 

https://drive.google.com/drive/folders/1PIBMhA3hgtkXOuh2XC4UlvulP-

C0f7sh?usp=sharing 

 

 

 

 

 

 

 

 

 

https://drive.google.com/drive/folders/1PIBMhA3hgtkXOuh2XC4UlvulP-C0f7sh?usp=sharing
https://drive.google.com/drive/folders/1PIBMhA3hgtkXOuh2XC4UlvulP-C0f7sh?usp=sharing
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Lampiran  4 

Kartu Bimbingan 
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Lampiran  5 

Kartu Sempro 

 


