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Lampiran 2 Contoh berita

. —- Calon wakil presiden nomor urut 3 Mahfud MD menyindir program makan
siang dan susu gratis yang dicanangkan pasangan calon nomor urut 2 Prabowo
Subianto dan Gibran Rakabuming Raka.Mahfud membandingkan program itu
dengan program yang ia dan Ganjar Pranowo tawarkan yang dinamakan
Gastronomi."Makan siang gratis susu dan sebagainya itu kan impor, kira-kira
barang-barang impor. Kalau Gastronomi dari bumi-bumi kita dan laut laut kita,"
kata Mahfud MD saat jumpa pers di Djakarta Theatre, Jakarta, Sabtu (30/12).
Lihat Juga :Mahfud Pamer 21 Program Unggulan: Lebih dari Sekadar Makan
SiangMahfud mempertanyakan prospek jangka panjang program makan siang dan
susu gratis yang ditawarkan oleh Prabowo dan Gibran.la mengatakan rakyat
ibaratnya harus diberi kail pancing, bukan cuma ikan. Di sisi lain, pasangan
Ganjar-Mahfud merancang program jangka panjang soal pemberian gizi bagi
masyarakat. Mereka ingin memberi makanan yang betul-betul bernilai
gizi."Bukan hanya makan siang, tapi makanannya juga sehat,” ujar Mahfud
MD.Ganjar-Mahfud menghadapi dua pasangan calon di Pilpres 2024. Dua
pasangan itu adalah Anies Baswedan-Muhaimin Iskandar dan Prabowo Subianto-
Gibran Rakabuming Raka.Salah satu program yang populer di pilpres ini adalah
program makan siang gratis dari pasangan Prabowo-Gibran.Sebelumnya,
Prabowo-Gibran gencar mengkampanyekan program makan siang dan susu gratis.
Program itu mereka tawarkan untuk menjawab persoalan stunting dan tantangan
generasi emas Indonesia.Lihat Juga :Ganjar Desak DPR Usut KPU soal Surat
Suara di Taipei: Kalau Lalai LucuMega proyek itu diprediksi butuh Rp400 triliun
per tahun. Dewan Pakar TKN Prabowo-Gibran Panji Irawan yakin anggaran
Indonesia cukup untuk mendanai program itu."Kami sudah menghitung. Jadi
memang angkanya bisa mencapai mungkin ratusan triliun, tetapi kita juga sudah
menghitung bahwasanya di dalam kita punya koleksi dari tax (pajak) masih
banyak kebocoran," ungkap Panji. (dhf/pra)
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Lampiran 3 Source code preprocessing data

#case folding

data['content'] = data['content'].astype(str)
data['content'] = data['content'].apply(lambda =x:" ".
join(x.lower() for x in x.split()))
data['content'] .head ()

#punctuation removal

data['content'] = data['content'].str.replace('[*\w\s]','
';regex = True)

data['content']

#number removal

data['content'] = datal['content'].str.replace(r'[\d+]'," ',
regex = True)

data['content']

#stopword

additiocnal stopwords = ['baca', 'gr', 'gram', 'seks',
'lainnya', 'tujuannya', 'pemeriksaan', 'iye', 'ndag', 'sih’,
'per', 'gairah', 'simak', 'video', 'gambas', 'wdw', 'fds',
'persen', 'persennya', 'tak', 'ngga', 'cm', 'mmhg', 'foto',
'egaly; Tscrolll, Yto'y ‘“centinue’; 'with',; Yeontent’s
'advertisement', 'prf', 'lihat', 'fey', 'chs', 'daftar', 'mmu',
Yade", Yedd', Yup', "ain'!, "axd", Yade', YreEst, Ywesad?,
'miligram', 'tips', 'hut', 'advertorial', 'resep', 'halaman',

'membaca’', 'wva', 'lus', 'ribu', 'kg', 'kilogram', 'survei',
'deh', 'wjung', 'ujungnya', 'sang', 'wib', 'senin', 'selasa',
'rabu', 'kamis', 'jumat', 'sabtu', 'minggu', 'satu', 'dua',
'tiga', 'empat', 'lima', 'enam', 'tujuh', 'delapan',
'sembilan', 'triliun', 'kna', 'bbn', 'juta', 'kilometer',
Venn™, Tsimak?!, "lhg®, Yaom”, "kkal?, "%, YErmik®, ‘detik?,
'ten', 'agt', 'mengutip', 'bercinta', 'libido', 'foreplay',
'tahan', 'yook';, 'mah', 'miliar', 'live', 'pt', 'saksikan',
'psp', 'agn', 'januari', 'februari', 'maret', Tapril', 'mei',
'Juni', 'juli', 'agqustus', 'september', 'oktober', 'november',
'desember', 'asr', 'papar';, 'rt', 'rw', 'rp', 'g', 'menit',
'avd', '"fir', 'klik', 'berikut', 'instagram',6 'pixabay',
'istockphoto', 'ilustrasi', 'ekor', 'kilo', 'vs', 'nma',
'selamat', 'mencoba', 'els', 'review', 'youtube', 'tiktok',
'tiktoknya', 'tv', 'bmw', 'pikiran', 'rakyat', 'cnnindonesia',
g1V, 'update', 'sdm', "sdt', “tim*, "tayang', "eatat', 'rea’,
'laper', 'seksual', 'photo', 'fat', 'sbmptn', 'prodi',
'jurusan', 'sendok', 'fef', 'nomor', 'bernomor', 'jam',
'galau', 'derajat', 'celcius', 'perguruan', 'ltmpt', 'wis',
‘dirumahajat, "ard?, Tiwd', 'ptj", Ywita", Yinfegratfais"', YELT,
'oz', 'cerita', 'ita', 'tokoh', 'figur', 'year', 'review',
'x1"'; "m', "piala'; 'kilas', '"dosen', "dilansir'; 'penulis’',
Yrast, Tidn', “timest, "aff', 'dl', 'akun', 'osg',



'mengunjungi’', 'whatsapp', 'livestrong', 'kuliner', 'intip',
'saintek', 'soshum', 'artikel', 'iwd', 'youtubenya', 'bumbu',
'gambaran', 'teruskan', 'lo', 'bir', 'inflasi', 'ekonomi',
'‘perckonemian’! ; tmell; taud'; ‘cupt; ‘mell; '‘melansizy;
"cangkir', 'imb', 'twitter', 'dihubungi', 'detikfocd',
"snmptn', 'imbuhnya', 'box', 'pmg', 'isa', 'eks', 'dl', 'oh',
Typali, Yiyal, "se', ‘asyik';, "downlpad'; “lth!, Tdel', "l
'detikhealth', 'tbk', 'semoga', 'detikcom', 'wip', 'wvip',
Tert, '"inh', "tst', "Saksikan', "infe', “piala", "har,
Ysruk!’, "unggahan', 'please', 'peop', 'us', 'dzu', 'rzr', 'fby'
'rasulullah', 'saw',; "nabi'; 'page'; "dhf', Tain'; '"food';
"'ndtv', 'aor', 'ceo', "xl1', 's', 'mab', 'pua', '"next', 'inh",
Lral?, Tesat, teix", Yery', 'sur', ‘@nf', 'daftar', 'dsi%,
tEra; Ydal'y 'sfr'; ‘dzuly; 'pub'; ‘surxat!;
'pixabayilustrasi', 'man', 'sarap', 'tinggal', 'baiknya',
'berkali', 'kali', 'kurangnya', 'mata', 'olah', 'sekurang',
'setidak', 'tama', 'tidaknya'l]

with open('/content/drive/MyDrive/SKRIPSI/Topic
Modeling/2019/stopword.txt') as file:
stopwords = file.read().split ()

all stopwords = stopwords + additional stopwords

data['content'] = data['content'].apply(lambda x:
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r

" ".join(word for word

in x.split ()

in all stopwords))
print(data['content’'])
#Tokenizing

import re

# Function to Tokenize words
def tokenize (text):

tokens = re.split ('\W+', text) #W+ means that either a
word character (A-Za-z0-8 ) or a dash (-) can go there.

return tokens
def convertToString(term):
if type(term) is str:
return term
alse:
return str (term)
data['content'] = data['content'].apply(lambda x:
tokenize (x.lower ()))
#We convert to lower as Python is case-sensitive.
data.head()

if word not
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#stemming

#create stemmer

factory = StemmerFactory ()

stemmer = factory.create stemmer ()

fstemming process

def kata stem(teks):
stem teks = " ".join([stemmer.stem(i) for i in teks])
return stem teks

data['content'] = data['content'].apply(lambda x:

kata stem(x))

data.head()

ftokenizing
def tokenilze (text) :
tokens = re.split('\W+', text) #W+ means that either a
word character (A-Za-z0-8 ) or a dash (-) can go there.
return tokens
data['content'] = data['content'].apply(lambda x:
tokenize (x.lower ()))
#We convert to lower as Python is case-sensitive.
data.head()
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Lampiran 4 Source code feature extraction

# Baca file C8V (ganti 'nama file.csv' dengan nama file yang
sesuai)

df = pd.read csv('/content/drive/MyDrive/SKRIPSI/Topic
Modeling/2019/preprocessinggizi2019.csv')

# Kolom yang ingin digunakan (ganti 'content' dengan nama
kolom yang sesuai)
content column = 'content'

# Tokenisasi (misalnya, dengan memisahkan berdasarkan spasi)
def preprocess(text) :
return text.lower ().split()

# Hitung TF (Term Frequency)
def calculate tf (term, document):
tokens = preprocess (document)
term count = tokens.count (term.lower (})
total words = len(tokens)
return term count / total_words

# Hitung DF (Document Frequency)
def calculate df (term, documents):
doc_count = sum(l for doc in documents for item in
preprocess (doc) if term.lower() == item.lower())
return doc count

# Hitung IDF (Inverse Document Frequency)
def calculate idf (term, documents):
N = len(documents)
df = calculate df(term, documents)
idf = math.log(N / (df + 1))
return idf

# Hitung TF-IDF untuk semua kata
all documents = df[content column]
tfidf scores = {}
for doc content in all documents:
tokens = preprocess(doc_content)
for token in tokens:
tf = calculate tf(token, doc content)
df = calculate df (token, all documents)
idf = calculate idf (token, all documents)
tfidf = £f * idf
tfidf scores[token] = (tf, df, idf, tfidf)

# # Tampilkan hasil
# print(Ef"™{"Kata':¥25} {'TE':<18} {"BF':<B} {'IDE':<x12} {'TF-
IDE' <1031 ™)
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# print("-" * 65)

# for word, (tf, df, idf, tfidf) in tfidf scores.items():

#* print (F"{wordy<25} {tf.5E} {dEy<8F {idf:  5E}
{efrdf o 5L

# Membuat DataFrame baru dari hasil perhitungan TF-IDF
tfidf df = pd.DataFrame (tfidf scores).T

Efidf dfcolumns = [MEY, 'BEY; TIDE'; 'TE-IDE']

tfidf df.index.name = 'Kata'

# Menyimpan DataFrame ke dalam file CSV
tfidf df.to_csv('/content/drive/MyDrive/SKRIPSI/Topic
Modeling/201%/hasil tfidf 2019.csv')

# Menampilkan DataFrame (opsiocnal)
print (tfidf df)

#Create Bigram & Trigram

#bigram & trigram

df = pd.read csv('/content/drive/MyDrive/SKRIPSI/Topic
Modeling/2019/preprocessinggizi2019.csv') #create data frame

text = df['content’']

text list = []

for i in range(len (text))
bbb = textli] .replags("[", ")
bbb = bbb.replace(']', '')
bbb = bbb.replace("'", "")

bbb = bbb.replace(",", "")

temp = []

for 7 in bbb.spliti()
temp.append (])

text list.append(temp)

print (len(text list))
df.head ()
print (text_list)

# Add bigrams and trigrams to docs,minimum count 25 means only
that appear 25 times or more.

bigram = Phrases (text list, min count=20)

trigram = Phrases(bigram[text list])

for idx in range(len(text list)):
for token in bigram[text list[idx]]:
if ' ' in token:



# Token is a bigram, add to document.

text list[idx].append (token)
for token in trigram[text list[idx]]:
if Y ' inl tokens

# Token is a bigram, add to document.

text list[idx].append (token)

# Menampilkan bigram dan trigram
print ("Bigrams: ", bigram)
print ("Trigrams: ", trigram)

141



142

Lampiran 5 Source code topic modeling

# Create a dictionary representation of the documents.
dictionary = corpora.Dictionary(text list)

dictionary.filter extremes(nc below=1l, no above=0.1)

#no below (int, optional) - Keep tokens which are contained in
at least no below documents.

fno above (float, optional) - Keep tokens which are contained
in no more than no_above documents (fraction of total corpus
size, not an absolute number).

print (dictionary)

#build corpus
doc term matrix = [dictionary.doc2bow(doc) for doc in
text list]

print (len(doc_term matrix))
print (doc term matrix[100])

tfidf = models.TfidfModel (doc_term matrix) #build TF-IDF model
corpus tfidf = tfidf[doc term matrix]

import numpy as np
from tabulate import tabulate

class LDA:
def init (self, num topics, alpha, beta, num iters,
random state=None) :
self.num topics = num topics
self.alpha = alpha
self.beta = beta
self.num iters = num iters
self.random state = random state

def fit(self, corpus tfidf, dictionary,

random_state=None) :

if self.random state is not None:

np.random. seed (self.random state)

# Initialize

self.corpus = corpus_tfidf

self.dictionary = dictionary

self.num docs = len(corpus_tfidf)

self.vocab_size = len(dictionary)

self.doc lengths = [sum(freq for , freq in doc) for
doc in corpus tfidf]

# Initialize topic assignments randomly

self.doc topic counts = np.zeros((self.num docs,
self.num topics))
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self.topic word counts = np.zeros((self.num topics,
self.vocab size))

self.topic counts = np.zeros(self.num topics)

self.dist topics = np.zeros((self.num docs,
self.num_topics}))

for doc idx, doc in enumerate (corpus tfidf):
for word _id, freq in decc:
topic = np.random.randint (self.num_topics)
self.doc topic counts[doc idx, topic] += freg
self.topic word counts[topic, word id] += freq
self.topic counts[topic] += freqg

# Gibbs sampling
for _ in range(self.num iters):
for doc idx, deoc in enumerate (corpus tfidf):
for word id, freq in doc:

topic = self. sample topic(doc_idx,
word id)

self.doc topic _counts[doc idx, topic] +=
fregq

self.topic word counts[topic, word id] +=
freq

self.topic counts|[topic] += freq

# Compute topic distributions
self.dist topics = (self.dec topic counts +
self.alpha) / (
np.sum(self.doc_ topic_counts, axis=1)[:,
np.newaxis] + self.num topics * self.alpha

)
self.dist words = (self.topic word counts + self.beta)

np.sum(self.topic _word counts, axis=1) [:,
np.newaxis] + self.vocab size * self.beta

)

def sample topic(self, doc idx, word id):
probs = (
(self.topic_word counts[:, word id] + self.beta) /
(self.topic counts + self.vocab size * self.beta)

(self.doc topic counts[doc idx, :] + self.alpha)
)
probs /= np.sum(probs)
return np.random.choice(self.num topics, p=probs)

def get topiecs(self, num words=10):
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topics = []
for topic_idx in range (self.num topics):
topic dist = self.dist words[topic idx, :]
top word ids = np.argsort(topic dist) [::-
1] [:num_words]
top words = [self.dictionary([word id] for word id
in top word ids]
topics.append (top_words)
return topics

def get document topics(self):

document topics = []

for doc idx in range (self.num docs) :
topic probs = self.dist topics[doc_idx, :]
top topic_idx = np.argmax(topic_probs)
top topic prob = topic probs[top topic idx]
document topics.append((top topic idx,

top topic prob))
return document topics

def inference(self, corpus tfidf):
doc topic dists = []
for doc in corpus tfidf:
doc_topic dist = np.zeros(self.num topics)
for word_id, freq in doc:
word _topic dist = (
(self.topic word counts[:, word id] +
self.beta) /
(self.topic_counts + self.vocab size *
self.beta)
)
word topic dist /= np.sum(word topic dist)
doc topic dist += word topic dist * freg #
Mengalikan dengan frekuensi
if np.sum(doc topic dist) == 0:
doc _topic dist = np.cnes(self.num topics) /
self.num topics # Handle kasus di mana semua distribusi topik
adalah nol
else:
doc_topic_dist /= np.sum(doc_topic_dist) #
Normalisasi distribusi topik dokumen
doc topic dists.append(doc topic dist)
return np.array(doc topic dists), None # Menambahkan
nilai kedua yang diharapkan oleh pyLDAvis

# Panggil fungsi untuk membuat model LDA
num topics = 9

alpha = 0.1

beta = 0.01
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num iters = 100

random state = 42 # Atur sesuai kebutuhan Anda
lda = LDA(num_topics, alpha, beta, num iters,
random_state=random state)

lda.fit (corpus_tfidf, dictionary)

# Menampilkan representasi topik dengan kata-kata dan bobotnya
print ("\nRepresentasi Topik:")
topics = lda.get topics(num words=10) # Mengambil 10 kata
teratas untuk setiap topik
for topic idx, topic in enumerate(topics):

topic repr = " + ".join([£"{weight:.5E}*\" {word}\"" for
word, weight in zip(topic, lda.dist words[topic idx])])

print (f"Topik {topic_idx}:")

print (£" ({topic repr})")

# Mendapatkan representasi dokumen dengan topik terbesar
document topics = lda.get document topics()

# Menyilapkan data untuk ditampilkan

table data = []

for topic idx in range (lda.num topics):
topic words = lda.get topics() [topic_idx]

top words_str = ", ".join(topic words) # Perubahan di
sini

topic docs count = sum(l for doc topic in document topics
if doc topic[0] == topic idx)

table data.append([topic_idx, top words_str,
topic docs count])

# Menampilkan tabel
print ("\n", tabulate(table data, headers=["Topic", "Kata
Penyusun (Top 10 kata)", "Jumlah Dockumen"], tablefmt="grid"))

def compute coherence values(dicticnary, corpus, texts, limit,
start, step):

coherence values = []

model list = []

for num topics in range(start, limit, step):
lda = LDA(num_topics, alpha, beta, num iters,
random_ state=random state)
lda.fit(corpus tfidf, dictionary)
medel list.append(lda)

topics = lda.get topics()
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coherence model lda =
CoherenceModel (topics=topics, texts=texts,
dictionary=dictionary, ccherence='c v')

coherence values.append (coherence model lda.get coherence())
return model list, coherence values

start=1

limit=11

step=1

model list, coherence values =

compute coherence values (dicticnary, corpus=corpus tfidf,

texts=text list, start=start, limit=limit, step=step)
#show graphs

import matplotlib.pyplot as plt

X = range(start, limit, step)

plt.plot (x, coherence values)

plt.xlabel ("Num Topics")

plt:ylabel ("Coherence score"}

plt.legend( ("coherence values"), loc='best')
plt.show()

# Print the coherence scores
for m, cv in zip(x, coherence values):

print ("Num Topics =", m, " has Coherence Value of",
round (cv, 5))

Lampiran 6 Tautan source code lengkap topic modeling

Topic Modeling




