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LAMPIRAN 
 

Lampiran 1. Data Hasil TF-IDF 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 vaksin gak covid kalau jadi … sabtu cegah gk gamau ntar 

0 0,000968 0 0,067814 0 0 … 0 0 0 0 0 

1 0,002516 0 0 0 0 … 0 0 0 0 0 

2 0,001797 0 0,251882 0 0 … 0 0 0 0 0 

3 0,002795 0 0 0 0 … 0 0 0 0 0 

4 0,001301 0,060004 0,060799 0,06451 0 … 0 0 0 0 0 

5 0,001572 0 0,220397 0 0 … 0 0 0 0 0 

6 0,000839 0 0,117545 0 0 … 0 0 0 0 0 

7 0,002287 0 0 0 0 … 0 0 0 0 0 

8 0,003431 0 0,160288 0 0 … 0 0 0 0 0 

9 0,002516 0 0,352634 0 0 … 0 0 0 0 0 

10 0,000968 0 0 0 0 … 0 0 0 0 0 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 
1990 0,002096 0 0 0 0 … 0 0 0 0 0 

1991 0,000898 0 0,125941 0 0 … 0 0 0 0 0 

1992 0,001398 0 0 0 0 … 0 0 0 0 0 

1993 0,001572 0 0 0,23385 0,233445 … 0 0 0 0 0 

1994 0,001797 0,248588 0 0 0 … 0 0 0 0 0 

1995 0,002096 0 0,146931 0 0 … 0 0 0 0 0 

1996 0,000699 0 0 0 0 … 0 0 0 0 0 

1997 0,001144 0,105462 0 0,113382 0 … 0 0 0 0 0 

1998 0,000812 0,168398 0 0 0,060244 … 0 0 0 0 0 

1999 0,002096 0 0 0 0 … 0 0 0 0 0 
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Lampiran 2. Syntax Klasifikasi Data Menggunakan Python 3.7 

 

# import Cross Validation Score Function 

from sklearn.model_selection import cross_val_score 

 

#import machine learning library 

from sklearn.linear_model import LogisticRegression 

from sklearn.naive_bayes import GaussianNB 

from sklearn.naive_bayes import BernoulliNB 

from sklearn.ensemble import RandomForestClassifier 

 

import warnings 

warnings.filterwarnings('ignore') 

# model 1: Logistic Regression 

print(cross_val_score(LogisticRegression(solver='newton-cg', multi_class='ovr'), 

sentence_vectors, y, cv=3)) 

print(cross_val_score(LogisticRegression(solver='newton-cg', multi_class='ovr'), 

tf_idf_model, y, cv=3)) 

 

scores = cross_val_score(LogisticRegression(solver='newton-cg', 

multi_class='ovr'), tf_idf_model, y, cv=3) 

print("Accuracy of Logistic Regression %0.2f" % (scores.mean())) 

 

# model 2: Naive Bayes Classifier 

print(cross_val_score(BernoulliNB(), sentence_vectors, y, cv=3)) 
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print(cross_val_score(BernoulliNB(), tf_idf_model, y, cv=3)) 

 

scores = cross_val_score(BernoulliNB(), sentence_vectors, y, cv=3) 

print("Accuracy of Naive Bayes Classifier %0.2f" % (scores.mean())) 
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Lampiran 3. Syntax Crawling Data Menggunakan Python 
 

# import library 

import tweepy 

import pandas as pd 

 

# variable untuk mengakses twitter API 

ACCESS_TOKEN = 'your access secret'  

ACCESS_SECRET = 'your access secret'  

CONSUMER_KEY = 'your access secret'  

CONSUMER_SECRET = 'your access secret'  

 

# akses ke API 

def connect_to_twitter_OAuth(): 

    auth = tweepy.OAuthHandler(CONSUMER_KEY, CONSUMER_SECRET) 

    auth.set_access_token(ACCESS_TOKEN,ACCESS_SECRET) 

    api = tweepy.API(auth) 

    return api 

 

# membuat objek API 

api = connect_to_twitter_OAuth() 

 

# mengakses tweets berdasarkan hastag/keyword "data vaksin" 

result = [] 



 

46 

for tweet in tweepy.Cursor(api.search, q='vaksin|vaksinisasi -filter:retweets', 

tweet_mode='Extended', lang='id', ).items(1000): 

    result.append(tweet) 

# mengubah list menjadi dataframe 

def toDataFrame(tweets): 

    DataSet = pd.DataFrame() 

    DataSet['Tweet'] = [tweet.text for tweet in result] 

    DataSet['userLocation'] = [tweet.user.location for tweet in tweets] 

    return DataSet 

DataSet = toDataFrame(result) 

DataSet.to_excel('DataVaksin.xlsx') 
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Lampiran 4. Syntax Input dan Praproses Data Menggunakan Python 3.8 

 

#import library 

import pandas as pd 

import re 

 

from nltk.tokenize import word_tokenize 

from Sastrawi.StopWordRemover.StopWordRemoverFactory import 

StopWordRemoverFactory 

from Sastrawi.Stemmer.StemmerFactory import StemmerFactory 

import datetime, nltk, string 

nltk.download("popular") 

import warnings 

warnings.filterwarnings('ignore') 

data = pd.read_excel('DataVaksin covid.xlsx') 

x = data['Tweet'] 

stemmer = StemmerFactory().create_stemmer() 

stopwords = StopWordRemoverFactory().get_stop_words()                      # default 

stopwords 

more_stopword = ['yg', 'daring', 'nya', 'kan', 'sih', 'pak', 'jg',  

                  'dong', 'aja', 'kok', 'apa', 'dah', 'loh', 'nih',  

                   'tuh', 'eh', 'lah', 'si']               # more stopword 

stopwords = stopwords + more_stopword  
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def text_preprocess(tweet, stemmer, stopwords): 

    for i in range(len(tweet)): 

        tweet[i] = re.sub(r'@[\w:]+', '', tweet[i])         # menghilangkan @....... 

        tweet[i] = re.sub(r'https?:\/\/\S+', '', tweet[i])  # menghilangkan tulisan https:.. 

        tweet[i] = remove_punctuation(tweet[i])             # menghilangkan karakter 

tdk penting 

        tweet[i] = tweet[i].lower()                         # mengubah semua kata menjadi 

hurup kecil 

        tweet[i] = re.sub('[0-9]+', '', tweet[i]) 

        tweet[i] = replace_words(tweet[i])  

        tweet[i] = re.sub(r'\b[a-z]\b', '', tweet[i]) 

    tweet = tweet.apply(lambda x: ' '.join([stemmer.stem(item) for item in x.split() 

if item not in stopwords])) 

    return tweet 

data['processed_text'] = text_preprocess(x, stemmer, stopwords) 
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Lampiran 5. Contoh Kasus Algoritma NBC 

Contoh tweet pada gambar 2.3 sebagai data training dan contoh tweet “Ayo kita 

cegah dan tolak covid19” Sebagai data testing. Perhitungan dilakukan untuk 

mengklasifikasikan apakah contoh positif atau negatif. Hal pertama yang dilakukan 

adalah menghitung probabilitas setiap kelas sentimen dengan persamaan (2.4). 

sebagai berikut. 

𝑃(𝑣1) =
|𝑑𝑜𝑐 1|

|𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔|
=

1

2
= 0,5 

𝑃(𝑣2) =
|𝑑𝑜𝑐 2|

|𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔|
=

1

2
= 0,5 

 

Dimana 𝑃(𝑣1) adalah probabilitas sentimen positif dan 𝑃(𝑣2) adalah probabilitas 

sentimen negatif. Kemudian dilakukan perhitungan probabilitas kemunculan setiap 

kata pada masing-masing kategori dengan persamaan (2.5) Seperti berikut: 

𝑃(𝑎𝑦𝑜 | 𝑣1)    = (1+1)/(9+10) = 0,1052 

𝑃(𝑎𝑦𝑜 | 𝑣2)    = (1+1)/(4+10) = 0,1428 

𝑃(𝑖𝑛𝑔𝑎𝑡 | 𝑣1)   = (1+1)/(9+10) = 0,1052 

𝑃(𝑖𝑛𝑔𝑎𝑡 | 𝑣2)   = (0+1)/(4+10) = 0,0714 

𝑃(𝑢𝑛𝑡𝑢𝑘 | 𝑣1)   = (1+1)/(9+10) = 0,1052 

𝑃(𝑢𝑛𝑡𝑢𝑘 | 𝑣2)   = (0+1)/(4+10) = 0,0714 

𝑃(𝑠𝑦𝑢𝑘𝑢𝑟 | 𝑣1)   = (1+1)/(9+10) = 0,1052 

𝑃(𝑠𝑦𝑢𝑘𝑢𝑟 | 𝑣2)   = (0+1)/(4+10) = 0,0714 

𝑃(𝑣𝑎𝑘𝑠𝑖𝑛| 𝑣1)  = (1+1)/(9+10) = 0,1052 

𝑃(𝑣𝑎𝑘𝑠𝑖𝑛 | 𝑣2)   = (1+1)/(4+10) = 0,1428 

𝑃(𝑠𝑖𝑎𝑝 | 𝑣1)    = (1+1)/(9+10) = 0,1052 
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𝑃(𝑠𝑖𝑎𝑝| 𝑣2)    = (0+1)/(4+10) = 0,0714 

𝑃(𝑐𝑒𝑔𝑎ℎ| 𝑣1)    = 1+1)/(9+10) = 0,1052 

𝑃(𝑐𝑒𝑔𝑎ℎ| 𝑣2)    = (0+1)/(4+10) = 0,0714 

𝑃(𝑛𝑢𝑙𝑎𝑟 | 𝑣1)   = (1+1)/(9+10) = 0,1052 

𝑃(𝑛𝑢𝑙𝑎𝑟 | 𝑣2)    = (0+1)/(4+10) = 0,0714 

𝑃(𝑐𝑜𝑣𝑖𝑑19 | 𝑣1)   = (1+1)/(9+10) = 0,1052 

𝑃(𝑐𝑜𝑣𝑖𝑑19 | 𝑣2)    = (1+1)/(4+10) = 0,1428 

𝑃(𝑡𝑜𝑙𝑎𝑘 | 𝑣1)    = (0+1)/(9+10) = 0,0526 

𝑃(𝑡𝑜𝑙𝑎𝑘  | 𝑣2)   = (1+1)/(4+10) = 0,1428 

 Selanjutnya adalah mencari probabilitas tertinggi dari tweet yang diujikan. 

Tweet testing setelah dilakukan praproses teks., maka terdiri dari kata “ayo”, 

“cegah”, “tolak” dan ”covid19”. Sehingga dicari probabilitas tertinggi dari setiap 

kata pada tweet tersebut menggunakan persamaan (2.3). 

P( 𝑣1) ∏ 𝑃(𝑎𝑖|𝑣1)𝑖  = (0,5)(𝑃(𝑎𝑦𝑜|𝑣1)  ×  𝑃(𝑐𝑒𝑔𝑎ℎ|𝑣1) ×  𝑃(𝑡𝑜𝑙𝑎𝑘|𝑣1) ×

𝑃(𝑐𝑜𝑣𝑖𝑑19|𝑣1)  

=(0,5) (0,1052 × 0,1052 × 0,0526 × 0,1052)  

= 0,5 × 0,0000612 

= 0,0000306 

 

P( 𝑣2) ∏ 𝑃(𝑎𝑖|𝑣2)𝑖  == (0,5)(𝑃(𝑎𝑦𝑜|𝑣2)  ×  𝑃(𝑐𝑒𝑔𝑎ℎ|𝑣2) × 𝑃(𝑡𝑜𝑙𝑎𝑘|𝑣2) ×

𝑃(𝑐𝑜𝑣𝑖𝑑19|𝑣2)  

=(0,5) (0,1428 × 0,0714 × 0,1428 × 0,1428 )  

= 0,5 × 0,000207 

= 0,000103 
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𝑉𝑀𝐴𝑃 = arg𝑚𝑎𝑥
𝑣𝑗=𝑉

 P( 𝑣𝑗) ∏ 𝑃(𝑎𝑖|𝑣𝑗)𝑖 = 𝑣2   

 Nilai probabilitas kata setiap tweet testing yang terbesar adalah probabilitas 

setiap kata pada sentimen negatif sehingga tweet testing tersebut diklasifikasikan 

sebagai tweet dengan sentimen negatif.  

 

Lampiran 6. Syntax Word Cloud Menggunakan Python 3.8 

# visualization with word cloud data Pro 

words = ''.join([word for word in data['processed_text'][data['Label']=='Pro']]) 

wordCloud = WordCloud(background_color = 'white').generate(words) 

 

fig = plt.figure() 

fig.set_figwidth(8) 

fig.set_figheight(8) 

plt.imshow(wordCloud, interpolation='bilinear') 

plt.axis('off') 

plt.show() 

fig.savefig('Sentiment Pro.jpg') 

 

# visualization with word cloud data Kontra 

words = ''.join([word for word in data['processed_text'][data['Label']=='Kontra']]) 

wordCloud = WordCloud(background_color = 'white').generate(words) 

fig = plt.figure() 
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fig.set_figwidth(8) 

fig.set_figheight(8) 

plt.imshow(wordCloud, interpolation='bilinear') 

plt.axis('off') 

plt.show() 

fig.savefig('Sentiment Kontra.jpg') 

Lampiran 7. Tabel Chi-Kuadrat 

 

DF 

Probabilitas 

0,5 0,1 0,05 0,01 0,05 

1 0,45494 2,70554 3,84146 6,63490 3,84146 

2 1,38629 4,60517 5,99146 9,21034 5,99146 

3 2,36597 6,25139 7,81473 11,34487 7,81473 

4 3,35669 7,77944 9,48773 13,27670 9,48773 

5 4,35146 9,23636 11,07050 15,08627 11,07050 

6 5,34812 10,64464 12,59159 16,81189 12,59159 

7 6,34581 12,01704 14,06714 18,47531 14,06714 

8 7,34412 13,36157 15,50731 20,09024 15,50731 

9 8,34283 14,68366 16,91898 21,66599 16,91898 

10 9,34182 15,98718 18,30704 23,20925 18,30704 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 

190 189,3338 215,3711 223,1602 238,2664 223,1602 

191 190,3337 216,4368 224,2446 239,3856 224,2446 

192 191,3337 217,5024 225,3288 240,5046 225,3288 

193 192,3337 218,5678 226,4127 241,6232 226,4127 

194 193,3337 219,6331 227,4964 242,7415 227,4964 

195 194,3337 220,6981 228,5799 243,8595 228,5799 

196 195,3337 221,7631 229,6632 244,9772 229,6632 

197 196,3337 222,8278 230,7463 246,0947 230,7463 

198 197,3337 223,8924 231,8292 247,2118 231,8292 

199 198,3337 224,9568 232,9118 248,3286 232,9118 

200 199,3337 226,021 233,9943 249,4451 233,9943 
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Lampiran 8. Output Program 

 

Omnibus Tests of Model Coefficients 

 Chi-square df Sig. 

Step 1 Step 655.908 200 .000 

Block 655.908 200 .000 

Model 655.908 200 .000 

 

Hosmer and Lemeshow Test 

Step Chi-square Df Sig. 

1 7.372 8 .497 

 

Classification Tablea 

 

Observed 

Predicted 

 
target Percentage 

Correct 
 

0 1 

Step 1 target 0 503 343 59.5 

1 205 949 82.2 

Overall Percentage   72.6 

a. The cut value is .500 

 


