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LAMPIRAN 

Lampiran 1 Source Code Preprocessing 

a.  Data Integration 

df = pd.read_csv('path.csv', encoding='utf-8') 

jakarta = pytz.timezone('Asia/Jakarta') 

time_date = "%m/%d/%Y %H:%M" 

df['datetime_created'] = df['Datetime'].apply(lambda 

x:datetime.strptime(x,time_date)) 

df['date_created'] = df['datetime_created'].apply(lambda 

x:x.date()) 

df['time_created'] = df['datetime_created'].apply(lambda 

x:x.time()) 

df = df.drop(['datetime_created'],axis=1) 

 

#emoticon senang 

emoticon_senang = set([ 

    ':-)', ':)', ';)', ':o)', ':]', ':3', ':c)', ':>', '=]', 

'8)', '=)', ':}', 

    ':^)', ':-D', ':D', '8-D', '8D', 'x-D', 'xD', 'X-D', 'XD', 

'=-D', '=D', 

    '=-3', '=3', ':-))', ":'-)", ":')", ':*', ':^*', '>:P', ':-

P', ':P', 'X-P', 

    'x-p', 'xp', 'XP', ':-p', ':p', '=p', ':-b', ':b', '>:)', 

'>;)', '>:-)', 

    '<3'  

    ]) 

#emoticon sedih 

emoticon_sedih = set([ 

    ':L', ':-/', '>:/', ':S', '>:[', ':@', ':-(', ':[', ':-||', 

'=L', ':<', 

    ':-[', ':-<', '=\\', '=/', '>:(', ':(', '>.<', ":'-(", 

":'(", ':\\', ':-c', 

    ':c', ':{', '>:\\', ';(' 

    ]) 

#emoji patterns 

emoji_pattern = re.compile("[" 



38 

 

 

 

                           u"\U0001F600-\U0001F64F"  # 

emoticons 

                           u"\U0001F300-\U0001F5FF"  # symbols 

& pictographs 

                           u"\U0001F680-\U0001F6FF"  # 

transport & map symbols 

                           u"\U0001F1E0-\U0001F1FF"  # flags 

(iOS) 

                           u"\U00002702-\U000027B0" 

                           u"\U000024C2-\U0001F251" 

                           "]+", flags=re.UNICODE) 

 

#gabung emoticon senang dan sedih 

emoticons = emoticon_senang.union(emoticon_sedih) 

 

my_file = open('cleaning_source/combined_stop_words.txt','r') 

content = my_file.read() 

stop_words = content.split('\n') 

file_2 = 

open('cleaning_source/update_combined_slang_words.txt','r') 

content2 = file_2.read() 

slang_words = ast.literal_eval(content2) 

file_3 = open('cleaning_source/indonesia_dictionary.txt', 'r', 

encoding="utf-8") 

content3 = file_3.read() 

indonesia_dictionary = content3.split('\n') 

my_file.close() 

file_2.close() 

file_3.close() 

 

b. Clean Text 

def clean_text(text): 

    # Remove url 

    text = re.sub(r'https?://[^\s]+','',text) 

    # Remove hashtag 

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

    # Remove mentions 

    text = re.sub(r'@\w+','',text) 
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    # Remove word that containing number 

    text = re.sub(r'\b\w*\d\w*\b', '', text) 

     

    text = re.sub(r':', '', text) 

    text = re.sub(r'‚Ä¶', '', text) 

    #replace consecutive non-ASCII characters with a space 

    text = re.sub(r'[^\x00-\x7F]+',' ', text) 

     

    #remove emojis from text 

    text = emoji_pattern.sub(r'',text) 

     

    #remove punctuation 

    text = re.sub('[^a-zA-Z]',' ', text) 

     

    #remove tags 

    text=re.sub('&lt;/?.*?&gt;","&lt;&gt;','',text) 

            

    #remove digits and special chars 

    text = re.sub("(\\d|\\W)+"," ",text) 

     

    #remove other symbol from tweet 

    text = re.sub(r'â', '', text) 

    text = re.sub(r'€', '', text) 

    text = re.sub(r'¦', '', text) 

    text = text.lower() 

 

    return text 

 

c. Normalisasi Text Slang 

word_tokens = word_tokenize(text) 

 

for w in word_tokens: 

    if w in slang_words.keys(): 

        word_tokens[word_tokens.index(w)] = slang_words[w] 
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d. Stopwords dan Stemming 

filtered_tweet = [w for w in word_tokens if w not in stop_words] 

    filtered_tweet = [] 

     

    for w in word_tokens: 

        #check tokens pada emoticons, punctuations dan stopwords 

        if w not in emoticons and w not in string.punctuation 

and w not in stop_words: 

            filtered_tweet.append(w.lower()) 

     

    #stem kata 

    filtered_tweet = [stemmer.stem(word) for word in 

filtered_tweet] 

    return ' '.join(filtered_tweet) 

 

Lampiran 2 Source Code Lexicon Based  

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

import pytz 

import re 

import nltk 

import ast 

import string 

import itertools 

import seaborn as sns 

from datetime import datetime,timedelta 

from nltk.corpus import stopwords 

from nltk.tokenize import word_tokenize 

from wordcloud import WordCloud 

from Sastrawi.Stemmer.StemmerFactory import StemmerFactory 

import random 

 

from sklearn.model_selection import train_test_split 

from sklearn.metrics import accuracy_score, precision_score, 

recall_score, f1_score 

from sklearn.preprocessing import MinMaxScaler 

from sklearn.metrics import confusion_matrix 
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from sklearn.metrics import classification_report 

 

df = pd.read_csv('path.csv', encoding='utf-8') 

 

# Import Lexicon-Data dan buat list kata negasi 

negasi = ['bukan','tidak','ga','gk','g', 'ngga', 'nggak', 'no'] 

lexicon = pd.read_csv('path.csv') 

lexicon = lexicon.drop(lexicon[(lexicon['word'] == 'bukan')| 

                               (lexicon['word'] == 'tidak')| 

                               (lexicon['word'] == 'ga')| 

                               (lexicon['word'] == 'gk')| 

                               (lexicon['word'] == 'ngga')| 

                               (lexicon['word'] == 'nggak')| 

                               (lexicon['word'] == 'no')| 

                               (lexicon['word'] == 

'gk')].index,axis=0) 

lexicon = lexicon.reset_index(drop=True) 

 

#Hitung nilai sentimen tiap kalimat 

 

sencol =[] 

senrow =np.array([]) 

nsen = 0 

factory = StemmerFactory() 

stemmer = factory.create_stemmer() 

sentiment_list = [] 

# fungsi untuk menulis nilai kata jika ditemukan 

def found_word(ind,words,word,sen,sencol,sentiment,add): 

    # jika terdapat pada matrix Bag of Words, tingkatkan 

nilainya 

    if word in sencol: 

        sen[sencol.index(word)] += 1 

    else: 

    # jika tidak, tambahkan kata baru 

        sencol.append(word) 

        sen.append(1) 

        add += 1 

    # jika terdapat kata negasi sebelumnya, nilai sentimen akan 

menjadi negatif 
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    if (words[ind-1] in negasi): 

        sentiment += -

lexicon['weight'][lexicon_word.index(word)] 

    else: 

        sentiment += lexicon['weight'][lexicon_word.index(word)] 

     

    return sen,sencol,sentiment,add 

     

# memeriksa setiap kata, jika terdapat pada kamus lexicon, maka 

hitung nilai sentimennya 

for i in range(len(df)): 

    nsen = senrow.shape[0] 

    words = word_tokenize(df['Clean_Text'][i]) 

    sentiment = 0  

    add = 0 

    prev = [0 for ii in range(len(words))] 

    n_words = len(words) 

    if len(sencol)>0: 

        sen =[0 for j in range(len(sencol))] 

    else: 

        sen =[] 

     

    for word in words: 

        ind = words.index(word) 

        # Memeriksa apakah terdapat pada kamus lexicon 

        if word in lexicon_word : 

            sen,sencol,sentiment,add= 

found_word(ind,words,word,sen,sencol,sentiment,add) 

        else: 

        # jika tidak, periksa kata dasarnya 

            kata_dasar = stemmer.stem(word) 

            if kata_dasar in lexicon_word: 

                sen,sencol,sentiment,add= 

found_word(ind,words,kata_dasar,sen,sencol,sentiment,add) 

        # jika masih tidak ditemukan, coba gabungkan dengan kata 

sebelumnya 

            elif(n_words>1): 

                if ind-1>-1: 

                    back_1    = words[ind-1]+' '+word 
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                    if (back_1 in lexicon_word): 

                        sen,sencol,sentiment,add= 

found_word(ind,words,back_1,sen,sencol,sentiment,add) 

                    elif(ind-2>-1): 

                        back_2    = words[ind-2]+' '+back_1 

                        if back_2 in lexicon_word: 

                            sen,sencol,sentiment,add= 

found_word(ind,words,back_2,sen,sencol,sentiment,add) 

    # jika ditemukan kata baru, maka perluas matrix 

    if add>0:   

        if i>0: 

            if (nsen==0): 

                senrow = np.zeros([i,add],dtype=int) 

            elif(i!=nsen): 

                padding_h = np.zeros([nsen,add],dtype=int) 

                senrow = np.hstack((senrow,padding_h)) 

                padding_v = np.zeros([(i-

nsen),senrow.shape[1]],dtype=int) 

                senrow = np.vstack((senrow,padding_v)) 

            else: 

                padding =np.zeros([nsen,add],dtype=int) 

                senrow = np.hstack((senrow,padding)) 

            senrow = np.vstack((senrow,sen)) 

        if i==0: 

            senrow = np.array(sen).reshape(1,len(sen)) 

    # jika tidak, perbarui matrix lama 

    elif(nsen>0): 

        senrow = np.vstack((senrow,sen)) 

         

    sentiment_list.append(sentiment) 

     

df['Lexicon_Score'] = cek_df['lexicon_sentiment'] 

 

def sentiment(score): 

    if score < 0: 

        return 'Negative' 

    elif score > 0: 

        return 'Positive' 

    else: 

        return 'Neutral' 

         

df['Lexicon_Sentiment'] = df['Lexicon_Score'].apply(sentiment) 
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df.to_csv('../Cleaning/dataset/crawling_data_kesehatan_mental.cs

v', index=False) 

 

Lampiran 3 Source Code LSTM 

import numpy as np 

import pandas as pd 

import re 

from sklearn.model_selection import train_test_split 

import matplotlib.pyplot as plt 

from sklearn.metrics import accuracy_score, precision_score, 

recall_score, f1_score 

 

from keras.models import Sequential 

from keras import layers 

from keras.layers import Embedding 

 

import seaborn as sns 

sns.set(style = 'whitegrid') 

 

from mlxtend.plotting import plot_confusion_matrix 

from sklearn.metrics import confusion_matrix 

from sklearn.preprocessing import MinMaxScaler 

 

from keras.preprocessing.text import Tokenizer 

from tensorflow.keras.preprocessing.sequence import 

pad_sequences 

from keras import regularizers 

from sklearn.metrics import classification_report, 

confusion_matrix 

from keras.optimizers import Adam 

 

df = 

pd.read_csv('../Cleaning/dataset/crawling_data_kesehatan_mental.

csv', encoding='UTF-8') 

 

data = df['Clean_Text'].values.tolist() 

 

import tensorflow as tf 

labels = np.array(train['Lexicon_Sentiment']) 
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y = [] 

for i in range(len(labels)): 

    if labels[i] == 'Neutral': 

        y.append(0) 

    if labels[i] == 'Negative': 

        y.append(1) 

    if labels[i] == 'Positive': 

        y.append(2) 

y = np.array(y) 

labels = tf.keras.utils.to_categorical(y, 3, dtype="float32") 

del y 

 

max_words = 5000 

max_len = 100 

 

tokenizer = Tokenizer(num_words=max_words) 

tokenizer.fit_on_texts(data) 

sequences = tokenizer.texts_to_sequences(data) 

tweets = pad_sequences(sequences, maxlen=max_len) 

print(tweets) 

 

X_train, X_test, y_train, y_test = train_test_split(tweets, 

labels, test_size = 0.2, random_state = 42) 

a, X_val, b,y_val = train_test_split(X_train,y_train, test_size 

= 0.25, random_state = 42) 

print(X_train.shape, y_train.shape) 

print(X_test.shape, y_test.shape) 

 

model2 = Sequential() 

model2.add(layers.Embedding(max_words, 40, 

input_length=max_len)) 

model2.add(layers.BatchNormalization()) 

model2.add(layers.Bidirectional(layers.LSTM(20,dropout=0.2))) 

model2.add(layers.Dense(3,activation='softmax')) 

model2.compile(optimizer=Adam(learning_rate=0.001),loss='categor

ical_crossentropy', metrics=['accuracy']) 

 

history = model2.fit(tweets, labels, 

epochs=5,validation_data=(X_val, y_val)) 
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def plot_training_hist(history): 

    '''Function to plot history for accuracy and loss''' 

     

    fig, ax = plt.subplots(1,2,figsize=(10,4)) 

    #first plot 

    ax[0].plot(history.history['accuracy']) 

    ax[0].plot(history.history['val_accuracy']) 

    ax[0].set_title('Akurasi Model') 

    ax[0].legend(['Latih', 'Validasi'], loc='best') 

    #second plot 

    ax[1].plot(history.history['loss']) 

    ax[1].plot(history.history['val_loss']) 

    ax[1].set_title('Model Loss') 

    ax[1].legend(['Latih', 'Validasi'], loc='best') 

 

plot_training_hist(history) 

 

# Predict sentiment on data test by using model has been 

created, and then visualize a confusion matrix 

y_pred = np.argmax(model2.predict(X_test), axis=1) 

y_true = np.argmax(y_test, axis=1) 

accuracy = accuracy_score(y_true, y_pred) 

print('Model Accuracy on Test Data:', accuracy) 

confusion_matrix(y_true=y_true, y_pred=y_pred) 

fig, ax = plt.subplots(figsize=(8,6)) 

sns.heatmap(confusion_matrix(y_true=y_true, y_pred=y_pred), 

fmt='g', annot=True) 

ax.xaxis.set_label_position('top') 

ax.xaxis.set_ticks_position('top') 

ax.set_xlabel('Prediksi', fontsize=14) 

ax.set_xticklabels(['Negatif', 'Netral', 'Positif']) 

ax.set_ylabel('Aktual', fontsize=14) 

ax.set_yticklabels(['Negative', 'Netral', 'Positif']) 

plt.show() 

 

 

# predict classes for test set 

y_pred = np.argmax(model2.predict(X_test), axis=-1) 
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# convert one-hot encoded true labels to integer class labels 

y_test_int = np.argmax(y_test, axis=1) 

 

# calculate metrics 

print(classification_report(y_test_int, y_pred)) 

 

# calculate confusion matrix 

conf_mat = confusion_matrix(y_test_int, y_pred) 

print(conf_mat) 

 

# Calculate the accuracy, precision, recall, and F1-score 

accuracy = accuracy_score(y_test_int, y_pred) 

precision = precision_score(y_test_int, y_pred, average='macro') 

recall = recall_score(y_test_int, y_pred, average='macro') 

f1 = f1_score(y_test_int, y_pred, average='macro') 

 

# Print the results 

print('Accuracy: {:.2f}%'.format(accuracy * 100)) 

print('Precision: {:.2f}%'.format(precision * 100)) 

print('Recall: {:.2f}%'.format(recall * 100)) 

print('F1-score: {:.2f}%'.format(f1 * 100)) 
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Lampiran 4 Lembar Perbaikan Skripsi 

 

 

 

 

 


