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LAMPIRAN

Lampiran 1. Kode Instalasi Library Tweet-Harvest

# Import required Python package
'pip install pandas

# Install Node.js (because tweet-harvest built using
Node.js)

!'sudo apt-get update

!'sudo apt-get install -y ca-certificates curl gnupg

!sudo mkdir -p /etc/apt/keyrings

!curl -fsSL https://deb.nodesource.com/gpgkey/nodesource-
repo.gpg.key | sudo gpg —--dearmor -o
/etc/apt/keyrings/nodesource.gpg

!NODE MAJOR=20 && echo "deb [signed-
by=/etc/apt/keyrings/nodesource.gpg]
https://deb.nodesource.com/node $NODE_MAJOR.x nodistro
main" | sudo tee /etc/apt/sources.list.d/nodesource.list

!'sudo apt-get update
!sudo apt-get install nodejs -y

'node -v

Lampiran 2. Kode Pengumpulan Data

#Crawl data keyword Buy Now Pay Later

# Twitter Auth Token

twitter auth token = "s*xasksrtnks
filename = 'scraping BuyNowPayLater.csv'
keyword = 'Buy Now Pay Later since:2025-01-01 until:2025-

05-10 lang:id'
limit = 5000

'npx --yes tweet-harvest@2.6.1 -o "{filename}" -s
"{keyword}" --tab "LATEST" -1 {limit} --token

{twitter auth token}

#Crawl data keyword BNPL

filename = 'scraping BNPL.csv'
keyword = '"BNPL since:2025-01-01 until:2025-05-10
lang:id'

limit = 5000
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'npx --yes tweet-harvest@2.6.1 -o "{filename}" -s
"{keyword}" --tab "LATEST" -1 {limit} --token
{twitter auth token}

#Crawl data keyword pay later

filename = 'scraping pay later.csv'
keyword = 'pay later since:2025-01-01 until:2025-05-10
lang:id’

limit = 5000

'npx --yes tweet-harvest@2.6.1 -o "{filename}" -s
"{keyword}" --tab "LATEST" -1 {limit} --token
{twitter auth token}

#Crawl data keyword paylater

filename = 'scraping paylater.csv'
keyword = 'paylater since:2025-01-01 until:2025-05-10
lang:id’'

limit = 5000

'npx --yes tweet-harvest@2.6.1 -o "{filename}" -s
"{keyword}" --tab "LATEST" -1 {limit} --token
{twitter auth token}

Lampiran 3. Kode Menggabungkan Dataset

import pandas as pd
all dfs = []

for path in file paths:
df = pd.read csv(path)
all dfs.append(df)
print (f"Loaded file: {path}, shape: {df.shape}")

# gabungkan semua DataFrame jadi satu

combined df = pd.concat (all dfs, ignore_ index=True)
combined df.to csv('/content/drive/MyDrive/Colab
Notebooks/scraping.csv', index=False)

display (combined df)

Lampiran 4. Kode Eliminasi Bahasa

#filter bahasa 2

!pip install langdetect

from langdetect import detect
import pandas as pd

# Baca file hasil crawling
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df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/scraping.csv')

# Fungsi untuk deteksi bahasa
def detect language (text):
try:
return detect (str (text))
except:
return 'error'

df['detected lang'] =
df['full text'].apply(detect language)

# Fungsi
df final = df[df['detected lang'] == 'id']

# Simpan
df final.to csv('/content/drive/MyDrive/Colab
Notebooks/scraping l.csv', index=False)

print (f"Data awal: {len(df)} baris")

print (f"Data setelah filter bahasa Indonesia:
{len(df final)} baris")

display (df final)

Lampiran 5. Kode Eliminasi Lokasi

import pandas as pd

df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/scraping l.csv')

# Daftar kata yang ingin dikecualikan

keywords = ['batu kawan', 'melaka', 'india', 'kilang
kopi', 'malaysia', 'africa', 'puncak bestari',
'selangor', 'pahang', 'johor', 'putrajaya', 'petaling',
'penang', 'kuala lumpur']

# Gabungkan kata kunci menjadi pola regex (pencocokan
tidak case-sensitive)
pattern = '|'.Jjoin (keywords)

# Filter: ambil data yang TIDAK mengandung kata kunci di
kolom 'location'

df final =

df [~df['location'].str.lower () .str.contains (pattern,
na=False) ]

# Simpan

df final.to csv('/content/drive/MyDrive/Colab
Notebooks/scraping 2.csv', index=False)
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# Tampilkan hasil
print (f"Data setelah location: {len(df final)} baris")
display (df final)

Lampiran 6. Kode Eliminasi Tweet Gestun

import pandas as pd

# Baca dataset
df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/scraping manual.csv')

# Hapus baris yang mengandung kata 'gestun' (case-
insensitive) di kolom full text

df = df[~df['full text'].str.contains(r'\bgestun\b',
case=False, na=False) ]

# Simpan
df final.to csv('/content/drive/MyDrive/Colab
Notebooks/scraping 2.csv', index=False)

# Tampilkan jumlah data setelah penghapusan
print (f"Data setelah eliminasi location: {len(df)}")
display (df)

Lampiran 7. Kode Hapus Data Duplikat dan Missing Value

# Baca dataset
df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/scraping final.csv')

#hapus missing value
df = df.dropna ()

#hapus data duplikat
df = df.drop duplicates(subset = "full text")

df.to_csv('/content/drive/MyDrive/Colab
Notebooks/dataset.csv')

print (f"Jumlah data setelah dibersihkan: {len (df)}
baris™)
display (df)
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Lampiran 8. Kode Cleaning

# cleaning data
import re
import string

# Baca dataset
df
Notebooks/dataset.csv')

# hapus emoji
def remove emoji (text):

emoji pattern re.compile (
"["u"\UOOO1F600-\UOOOLFG4F"

# Cleaning text
def clean text (text):

hapus spasi ganda
return text

# Fungsi

pd.read csv('/content/drive/MyDrive/Colab

# emotikon wajah

u"\UOOO1F300-\UOOO1F5FF" # simbol &
pictographs

u"\UOOO1F680-\UOOOLlF6FEF" # transport & simbol

u"\UOOO1F700-\UOOO1F77F" # alchemical symbol

u"\UOO0O1F780-\UOOOQ1F7FF" # geometric shape
extended

u"\UOOO1F800-\UOOO1F8FF" # supplamental
arrows-C

u"\UOOO1F900-\UOOO1F9FF" # supplamental symbol
& pictographs

u"\UOOO1F1EO-\UOOOQO1F1FE" # bendera

u"\U00002702-\U000027BO"

u"\U0000024C2-\U0O0O01F251"

u"\UOOOL1FAOO0-\UOOOL1FAGE"

u"\UOOOLFA70-\UOOO1FAFF"

u"\UOOO1F004-\UOOOL1FOCF"

"]1+", flags=re.UNICODE)

return emoji pattern.sub(r'', text)

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

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

text = re.sub(r'http\S+|www\S+|https\S+', '', text,
flags=re.MULTILINE) # hapus URL

text = re.sub(r'\d+', '', text) #
hapus angka

text = text.translate(str.maketrans('', '',
string.punctuation)) # hapus tanda baca

text = remove emoji (text) #
hapus emoji

text = re.sub(r'\s+', ' ', text).strip() #
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df['cleaning'] = df['full text'].apply(clean text)

# Simpan
df.to_csv('/content/drive/MyDrive/Colab
Notebooks/dataset.csv', index=False)

# Tampil
display (df[['full text', 'cleaning']])

Lampiran 9. Kode Case Folding

# case folding

# Baca dataset
df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/dataset.csv')

# Fungsi
df['case folding'] =
df['cleaning'] .astype (str) .str.lower ()

# Simpan
df.to _csv('/content/drive/MyDrive/Colab

Notebooks/dataset.csv', index=False)

# Tampil

display (df[['full text', 'cleaning', 'case folding']])

Lampiran 10. Kode Normalization

# normalization

# Baca dataset
df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/dataset.csv')

# Kamus normalization

kamus kata baku =

pd.read excel('/content/drive/MyDrive/Colab
Notebooks/kamuskatabaku.xlsx'")
kamus_normalization =

dict (zip(kamus_kata baku['tidak baku'],
kamus kata baku['kata baku']))

# Fungsi
def normalize text (text):
words = str(text) .split ()

word) for word in words]
return ' '.join(normalized words)

normalized words = [kamus normalization.get (word,
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df ['normalization'] =
df['case folding'].apply(normalize text)

# Simpan
df.to_csv('/content/drive/MyDrive/Colab
Notebooks/dataset.csv', index=False)

# Tampil
display (df[['full text', 'cleaning', 'case folding',
'normalization']])

Lampiran 11. Kode Tokenizing

'pip install nltk

import nltk

nltk.download ('punkt tab')

from nltk.tokenize import word tokenize

# Baca dataset
df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/dataset.csv')

# Fungsi
def word tokenize wrapper (text):
return word tokenize (text)

df [ 'tokenizing'] =
df['normalization'].apply(word tokenize wrapper)

# Simpan

df.to _csv('/content/drive/MyDrive/Colab
Notebooks/dataset.csv', index=False)

# Tampil

display (df[['full text', 'cleaning', 'case folding',
'normalization', 'tokenizing']])

Lampiran 12. Kode Stopword Removal

# stopword removal

from Sastrawi.StopWordRemover.StopWordRemoverFactory
import StopWordRemoverFactory

# Inisialisasi stopword remover Sastrawi
factory = StopWordRemoverFactory ()
stopword = factory.create stop word remover ()

# Baca dataset
df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/dataset.csv')
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# Pastikan kolom tokenizing berupa list
df['tokenizing'] = df['tokenizing'].apply(lambda x:
ast.literal eval(x) if isinstance(x, str) else x)

# Fungsi

def remove stopwords sastrawi (tokens) :
# Gabungkan list token menjadi string
text = ' '.join(tokens)
# Hapus stopword dengan sastrawi
cleaned text = stopword.remove (text)
# Split lagi jadi list token bersih
return cleaned text.split ()

df ['stopword removal'] =
df['tokenizing'].apply (remove stopwords sastrawi)

# Simpan
df.to csv('/content/drive/MyDrive/Colab
Notebooks/dataset.csv', index=False)

# Tampil
display (df[['full text', 'cleaning', 'case folding',
'normalization', 'tokenizing', 'stopword removal']])

Lampiran 13. Kode Stemming

# Stemming

'pip install Sastrawi

from Sastrawi.Stemmer.StemmerFactory import
StemmerFactory

# Baca dataset

df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/dataset.csv')

df ['stopword removal'] =

df ['stopword removal'].apply(ast.literal eval)

# Fungsi
factory = StemmerFactory()

stemmer = factory.create stemmer ()

def stem text (token):
return [stemmer.stem(word) for word in token]

df['stemming'] = df['stopword removal'].apply(stem text)
# Simpan
df.to_csv('/content/drive/MyDrive/Colab

Notebooks/dataset.csv', index=False)

# Tampil
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display (df[['full text', 'cleaning', 'case folding',
'normalization', 'tokenizing', 'stopword removal',

'stemming']])

Lampiran 14. Kode Pelabelan Sentimen

#pelabelan sentimen dengan lexicon-based (INSET)

# Baca dataset
df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/dataset.csv')

# Baca kamus lexicon
lexicon df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/lexicon evanmartua34.csv')

lexicon dict = dict(zip(lexicon df['word'],
lexicon df['weight']))

# Pastikan kolom 'stemming' adalah list
df['stemming'] = df['stemming'].apply (lambda x:
ast.literal eval(x) if isinstance(x, str) else x)

# Fungsi
def sentiment determine (tokens) :
sentiment score = sum(lexicon dict.get (word, 0) for

word in tokens)

if sentiment score > O0:

sentiment = "positif"
elif sentiment score < 0O:

sentiment = "negatif"
else:

sentiment = "netral"

return sentiment score, sentiment

results = df['stemming'].apply (lambda x:
pd.Series (sentiment determine (x),
index=["'sentiment score', 'sentiment label']))
df = pd.concat ([df, results], axis=1)

# Simpan
df.to csv('/content/drive/MyDrive/Colab
Notebooks/dataset.csv', index=False)

# Tampil
display (df[['full text', 'cleaning', 'case folding',
'normalization', 'tokenizing', 'stopword removal',

'stemming', 'sentiment score', 'sentiment label']])
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Lampiran 15. Kode Ekstraksi Fitur

from sklearn.feature extraction.text import
TfidfVectorizer

df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/dataset_final.csv')

df['stemming'] = df['stemming'].apply(ast.literal eval)
data joined = df['stemming'].apply(lambda tokens: '
'.join (tokens))

vectorizer = TfidfVectorizer (
max features=10000,

ngram range=(1,2), # bigram + trigram

min df=5, # token muncul 22
dokumen

max df=0.85, # token muncul <90 %
dokumen

)
tfidf matrix = vectorizer.fit transform(data joined)

tfidf df = pd.DataFrame (tfidf matrix.toarray(),
columns=vectorizer.get feature names out())
tfidf df['label'] = df['sentiment label']

# Simpan
tfidf df.to csv('/content/drive/MyDrive/Colab
Notebooks/TF-IDF.csv', index=False)

# Tampil
display (tfidf df)

Lampiran 16. Kode Grafik Top 20 Kata dengan Nilai TF-IDF Tertinggi

import matplotlib.pyplot as plt
import seaborn as sns

import numpy as np

import pandas as pd

# Fungsi
tfidf scores = tfidf matrix.toarray() .sum(axis=0)

# DataFrame untuk visualisasi tabel

df visual = pd.DataFrame ({
'Kata': vectorizer.get feature names out(),
'Nilai TF-IDF': tfidf scores

})

# Urutkan dari TF-IDF tertinggi
df visual = df visual.sort values(by='Nilai TF-IDF',

ascending=False) .reset index (drop=True)
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# Top 20 kata
top n = 20
df top = df visual.head(top n)

# Plot Barchart
plt.figure(figsize=(12, 6))
colors = sns.color palette("Blues", n colors=top n)[::-1]
sns.barplot (

x='Nilai TF-IDF',

y="'Kata',

data=df top,

hue='Kata', # tambahkan hue dengan
variabel yang sama seperti 'y'

palette=colors,

legend=False # agar tidak muncul legend
tambahan
)
plt.title(f'Top {top n} Kata dengan Nilai TF-IDF
Tertinggi', fontsize=14)
plt.xlabel ('Nilai TF-IDF')
plt.ylabel ('Kata')
plt.tight layout ()
plt.show ()

Lampiran 17. Kode Splitting Data

# Rasio 90:10
from sklearn.model selection import train test split

X = tfidf df.drop(columns=["'label'])
% tfidf df['label']

X train, X test, y train, y test = train test split(
X, y, test size=0.1, random state=42, stratify=y

# Rasio 80:20
from sklearn.model selection import train test split

X = tfidf df.drop(columns=["'label'])
% tfidf df['label']

X train, X test, y train, y test = train test split(
X, y, test size=0.2, random state=42, stratify=y

# Rasio 70:30
from sklearn.model selection import train test split

X = tfidf df.drop(columns=["'label'])
y = tfidf df['label']
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X train, X test, y train, y test = train test split(
X, y, test size=0.3, random state=42, stratify=y

Lampiran 18. Kode untuk Import Metode

from imblearn.over sampling import SMOTE,
RandomOverSampler
from imblearn.under sampling import RandomUnderSampler

resampling methods = {
'Baseline': None,
'SMOTE': SMOTE (random state=42),
'Oversampling': RandomOverSampler (random state=42),
'Undersampling': RandomUnderSampler (random state=42)

Lampiran 19. Kode Pelatihan dan Pengujian Model

from sklearn.naive bayes import MultinomialNB
from sklearn.metrics import classification report,
accuracy score

for method name, resampler in resampling methods.items () :
if resampler is not None:
X resampled, y resampled =
resampler.fit resample (X train, y train)
else:
X resampled, y resampled = X train, y train

model = MultinomialNB ()
model.fit (X resampled, y resampled)
y _pred = model.predict (X test)

acc = accuracy score(y test, y pred) * 100
print (f"Akurasi: {acc:.4f}%")

print (f"===== {method name} =====")
print (classification report(y test, y pred,

zero_division=0))

Lampiran 20. Kode Evaluasi Model

from sklearn.metrics import confusion matrix
import matplotlib.pyplot as plt
import seaborn as sns

cm = confusion matrix(y test, y pred, labels=['negatif',
'netral', 'positif'])

plt.figure(figsize=(8, 6))
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sns.heatmap (cm, annot=True, fmt='d', cmap='Blues',
xticklabels=["'Negatif', 'Netral', 'Positif'],
yticklabels=['Negatif', 'Netral', 'Positif'])

plt.xlabel ('Prediksi')

plt.ylabel ('Aktual')

plt.title('Confusion Matrix - Oversampling (90:10)")
plt.show ()

Lampiran 21. Kode Visualisasi Barchart Distribusi Prediksi Sentimen

# Hitung distribusi prediksi

pred counts =

pd.Series (y pred) .value counts() .reindex(['positif',
'netral', 'negatif'], fill value=0) .reset index()
pred counts.columns = ['Sentimen', 'Jumlah']

plt.figure (figsize=(8,6))

bars = sns.barplot (x='Sentimen', y='Jumlah',
data=pred counts, hue='Sentimen', palette='viridis',
legend=False)

# Tambahkan label jumlah di atas masing-masing bar
for bar in bars.patches:
plt.text (bar.get x() + bar.get width()/2,
bar.get height() + 2,
format (int (bar.get height())), ha='center',
fontsize=10)

plt.title('Distribusi Hasil Prediksi Sentimen')
plt.xlabel ('Sentimen')

plt.ylabel ('Jumlah Prediksi')

plt.show ()

Lampiran 22. Kode Visualisasi WordCloud

from wordcloud import WordCloud
import matplotlib.pyplot as plt
import pandas as pd

# Gabungkan list token menjadi string panjang untuk
masing-masing sentimen

positif text = " ".join(df[df['sentiment label'] ==
'positif'] ['stemming'].sum())

netral text = " ".Jjoin(df[df['sentiment label'] ==
'netral'] ['stemming'].sum())

negatif text = " ".join(df[df['sentiment label'] ==
'negatif'] ['stemming'].sum())

# Fungsi untuk menampilkan WordCloud
def plot wordcloud(text, title, color='black'):
wordcloud = WordCloud (
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width=800,
height=400,
background color='black',
colormap=color,
max words=100
) .generate (text)

plt.figure(figsize=(10, 5))

plt.imshow (wordcloud, interpolation='bilinear')
plt.axis('off")

plt.title(title, fontsize=18)

plt.show()

# Tampilkan WordCloud per sentimen

plot wordcloud (positif text, "WordCloud Sentimen
Positif", color='Greens')

plot wordcloud (netral text, "WordCloud Sentimen Netral",
color='Blues')

plot wordcloud(negatif text, "WordCloud Sentimen
Negatif", color='Reds')

Lampiran 23. Kode Instalasi Library Pemodelan Topik

| 'pip install numpy==1.24.4 scipy==1.11.4 gensim==4.3.3

Lampiran 24. Kode Hapus Keyword Tertentu untuk Pemodelan Topik

#menghapus kata "paylater", "pay", "later", "bnpl"

df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/dataset_final.csv')

df['stemming'] = df['stemming'].apply(ast.literal eval)
kata dihapus = ['paylater', 'pay', 'later', 'bnpl']
# Fungsi

def hapus kata (tokens) :
return [token for token in tokens if token not in
kata dihapus]

df ["hapus_keyword'] = df['stemming'].apply (hapus kata)
df.to_csv('/content/drive/MyDrive/Colab
Notebooks/dataset final.csv', index=False)

display (df[['stemming', 'hapus keyword']])

Lampiran 25. Kode Pemisahan Data Berdasarkan Label Sentimen

#pemisahan data teks berdasarkan label sentimen
from ast import literal eval

df = pd.read csv('/content/drive/MyDrive/Colab
Notebooks/dataset final.csv')
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df['tokens'] = df['hapus keyword'].apply(literal eval)

# Memisahkan berdasarkan label sentimen
positif tokens = df[df['sentiment label'] ==

'positif']['tokens'].tolist ()

netral tokens = df[df['sentiment label'] ==
'netral'] ['tokens'].tolist ()

negatif tokens = df[df['sentiment label'] ==
'negatif'] ['tokens'].tolist ()

# Lihat jumlah data per label
print (len(positif tokens), len(netral tokens),

len(negatif tokens))

Lampiran 26. Kode Penyusunan Corpus dan Dictionary

#penyusunan corpus dan dictionary
from gensim import corpora

# Dictionary untuk masing-masing sentimen
positif dict = corpora.Dictionary(positif tokens)
netral dict = corpora.Dictionary(netral tokens)
negatif dict = corpora.Dictionary(negatif tokens)

# Corpus untuk masing-masing sentimen

positif corpus = [positif dict.doc2bow (text) for text in
positif tokens]

netral corpus = [netral dict.doc2bow(text) for text in
netral tokens]

negatif corpus = [negatif dict.docZbow(text) for text in
negatif tokens]

Lampiran 27. Kode Penentuan Jumlah Topik Optimal

#penentuan jumlah topik optimal sentimen positif
from gensim.models import LdaModel, CoherenceModel
import matplotlib.pyplot as plt

# Fungsi
def compute coherence values (dictionary, corpus, texts,
limit, start=2, step=1):
coherence values = []
for num topics in range(start, limit, step):
model = LdaModel (corpus=corpus,
id2word=dictionary, num_ topics=num topics,
random_ state=42)
coherence model = CoherenceModel (model=model,
texts=texts, dictionary=dictionary, coherence='c v')

coherence values.append (coherence model.get coherence())
return coherence values
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coherence vals = compute coherence values(positif dict,
positif corpus, positif tokens, limit=11)

# Visualisasi

plt.plot(range(2, 11), coherence vals)
plt.xlabel ("Num Topics")

plt.ylabel ("Coherence Score")
plt.title("Optimal Number of Topics (Positif)")
plt.xticks (range (2, 11))

plt.show ()

max coherence = max (coherence vals)
print (f"Koherensi tertinggi: {max coherence}")

#penentuan jumlah topik optimal sentimen netral
# Fungsi
def compute coherence values (dictionary, corpus, texts,
limit, start=2, step=1):
coherence values = []
for num topics in range(start, limit, step):
model = LdaModel (corpus=corpus,
id2word=dictionary, num topics=num_ topics,
random state=42)
coherence model = CoherenceModel (model=model,
texts=texts, dictionary=dictionary, coherence='c v')

coherence values.append (coherence model.get coherence())
return coherence values

coherence vals = compute coherence values(netral dict,
netral corpus, netral tokens, limit=11)

# Visualisasi

plt.plot(range (2, 11), coherence vals)
plt.xlabel ("Num Topics")

plt.ylabel ("Coherence Score")

plt.title ("Optimal Number of Topics (Netral)")
plt.xticks (range (2, 11))

plt.show ()

max coherence = max (coherence vals)
print (f"Koherensi tertinggi: {max coherence}")

#penentuan jumlah topik optimal sentimen negatif

# Fungsi

def compute coherence values (dictionary, corpus, texts,
limit, start=2, step=1l):

[]

for num topics in range(start, limit, step):

coherence values

model = LdaModel (corpus=corpus,
id2word=dictionary, num_ topics=num topics,
random_ state=42)
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coherence model = CoherenceModel (model=model,
texts=texts, dictionary=dictionary, coherence='c v')

coherence values.append(coherence model.get coherence())
return coherence values

coherence vals = compute coherence values(negatif dict,
negatif corpus, negatif tokens, limit=11)

# Visualisasi

plt.plot(range(2, 11), coherence vals)
plt.xlabel ("Num Topics")

plt.ylabel ("Coherence Score")

plt.title ("Optimal Number of Topics (Negatif)")
plt.xticks (range (2, 11))

plt.show ()

max coherence = max (coherence vals)

optimal topics = range (2,

11) [coherence vals.index (max coherence) ]

print (f"Koherensi tertinggi: {max coherence}")
print (£"Jumlah topik optimal: {optimal topics}")

Lampiran 28. Kode Pelatihan Model LDA

#pelatihan model LDA

lda model positif = LdaModel (corpus=positif corpus,
id2word=positif dict, num topics=8, random state=42)
lda model netral = LdaModel (corpus=netral corpus,
id2word=netral dict, num topics=8, random state=42)
lda model negatif = LdaModel (corpus=negatif corpus,
id2word=negatif dict, num topics=8, random state=42)

# Keyword sentimen positif

print ("Topik positif:")

for idx, topic in lda model positif.print topics(-1):
print (f"Topik {idx+1l}: {topic}")

# Keyword sentimen positif netral

print ("Topik netral:")

for idx, topic in lda model netral.print topics(-1):
print (f"Topik {idx+1l}: {topic}")

# Keyword sentimen positif

print ("Topik negatif:")

for idx, topic in lda model negatif.print topics(-1):
print (f"Topik {idx+1l}: {topic}")
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Lampiran 29. Tabel Revisi

No Komentar Penguji *) Tanggapan **)

1. | Tambahkan alasan menyasar Alasan menyasar platform X dan
platform X dibanding platform pertimbangannya dengan platform lain
lain telah ditambahkan pada halaman 3.

2. | Pertanyaan penelitian 1 Pertanyaan penelitian 1 telah
disesuaikan dengan tujuan disesuaikan dengan tujuan penelitian 1
penelitian 1 pada halaman 5.

3. | Disesuaikan manfaat Manfaat penelitian 2 telah disesuaikan
penelitiannya untuk untuk regulator keuangan (OJK) pada
regulator/pemangku kepentingan | halaman 5.

4. | Tabel 2.1. Tabel Perbandingan Tabel 2.1. telah dibuat repeat header
Penelitian, dibuat repeat header pada halaman 11-12.

5. | Kenapa menggunakan Metode Alasan menggunakan dua metode
Naive Bayes Classifier Dan telah ditambahkan pada halaman 26-
Latent Dirichlet Allocation? 27.

Apakah 1 metode tidak cukup?

6. | Tambahkan perbandingan LDA Perbandingan metode LDA dengan

dengan metode lain metode lainnya telah ditambahkan
pada halaman 30.

7. | Alasan menggunakan 2 tahap, Alasan menggunakan pendekatan
klasifikasi dan topic modelling, kalsifikasi sentimen dan fopic
mengapa tidak langsung modelling dibandingkan ABSA telah
menggunakan Aspect-Based ditambahkan pada halaman 27.
Sentiment Analysis (ABSA)

8. | Tambahkan implikasi manajerial | Implikasi manajerial telah
pada bagian akhir ditambahkan pada halaman 89.

9. | Pada bagian saran untuk Tambahan pada bagian saran untuk
penelitian selanjutnya tambahkan: | penelitian selanjutnya telah
untuk menggunakan metode ditambahkan pada halaman 91-92.
Aspect-Based Sentiment Analysis
(ABSA), penyesuaian
pengaplikasian preprocessing
agar hasil sentimen lebih
tergambar, dan memberikan n-
gram minimal 2 agar wordcloud
dapat membaca/menampilkan
sentimen asli

10. | Kesimpulan dibuat lebih ringkas | Kesimpulan telah dibuat lebih ringkas

pada halaman 91.

11. | Kesimpulan belum menjawab Kesimpulan telah diubah pada
pertanyaan penelitian karena halaman 91—menggunakan keyword
mengggunakan keyword yang yang sama dengan pertanyaan
berbeda penelitian.

12. | Perbaikan typo Perbaikan typo telah dilakukan pada

keseluruhan dokumen.
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