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LAMPIRAN 

Lampiran 1. Perbandingan training prediction model terhadap nilai aktual 

1. Training Prediction Model Vanilla LSTM 

 

2. Training Prediction Model Peephole Connection LSTM 
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(lanjutan) 

3. Training Prediction Model Facebook’s Prophet 
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Lampiran 2. Sintaks model LSTM dan Prophet 

Mengimpor library yang digunakan 
#Import Modules 

import math 

import pandas_datareader as web 

import numpy as np 

import pandas as pd 

import matplotlib.pyplot as plt 

import matplotlib.ticker as plticker 

import tensorflow as tf 

from tensorflow_addons.rnn import PeepholeLSTMCell 

from sklearn.preprocessing import MinMaxScaler 

from tensorflow.keras.models import Sequential, Model 

from tensorflow.keras.layers import Dense, LSTM, RNN 

from tensorflow.keras import Input 

from matplotlib.dates import DateFormatter 

from sklearn.metrics import mean_absolute_error, mean_squared_error 

from prophet import Prophet 

import time 

Mengambil dan membaca data dari website Yahoo! Finance 
df = web.DataReader('TLKM.jk', 

                    data_source='yahoo', 

                    start='2005-09-30', 

                    end='2021-06-11') 

Menampilkan 5 data terakhir 
df.tail() 

Menampilkan grafik harga penutupan (close price) saham TLKM 
fig, ax = plt.subplots(figsize=(16,8)) 

ax.set_title('Historikal Harga Penutupan TLKM') 

ax.plot(df['Close']) 

one = ax.get_xticks() 

two = np.array(one) + np.array([1,0,1,0,1,0,1,0,1,0]) + 365 

year_ticks = np.array([one,two]).T.flatten().tolist()[:-1] 

ax.set_xticks(year_ticks) 

ax.xaxis.set_major_formatter(DateFormatter("%Y")) 

ax.set_xlabel('Tahun', fontsize=18) 

ax.set_ylabel('Harga penutup (IDR)', fontsize=18) 

ax.grid() 

Mengambil data harga penutupan (close price) 
new_df = pd.DataFrame() 

new_df['y'] = df['Close'] 

new_df['ds'] = df.index 

new_df.reset_index(inplace=True,drop=True) 

new_df 
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Data preparation 
NUM_TEST_DAYS = 30 

INPUT_LENGTH = 60 

def preprocess(stock): 

    stock = stock.reshape(-1,1) 

    #Normalization 

    scaler = MinMaxScaler() 

    transformed = scaler.fit_transform(stock) 

 

    X=[] 

    Y=[] 

 

    for i in range(stock.shape[0] - INPUT_LENGTH): 

        X.append(transformed[i : i+INPUT_LENGTH]) 

        Y.append(transformed[i+INPUT_LENGTH]) 

    X = np.array(X) 

    Y = np.array(Y) 

    return X, Y, scaler 

Menormalisasi data 
X, y, scaler = preprocess(np.array(new_df['y'])) 

pd.DataFrame({'actual':new_df['y'], 'normalized':MinMaxScaler().fit_transform(np.a

rray(new_df['y']).reshape(-1,1)).flatten().tolist()}).to_excel('normalized.xlsx') 

 

X_train = X[:-NUM_TEST_DAYS] 

X_test = X[-NUM_TEST_DAYS:] 

y_train = y[:-NUM_TEST_DAYS] 

y_test = y[-NUM_TEST_DAYS:] 

 

df_train = new_df.iloc[:-NUM_TEST_DAYS] 

df_test = new_df.iloc[-NUM_TEST_DAYS:] 

Menampilkan data yang telah dinormalisasi 
y 

Mendefinisikan fungsi Facebook’s Prophet 
prophet = Prophet(changepoint_prior_scale=0.5) 

prophet.add_country_holidays(country_name='ID') 

time1=time.time() 

prophet.fit(df_train) 

time2 = time.time() 

print(time2-time1) 

Melatih model peramalan Prophet 
# Train predictions 

forecast_train = prophet.predict(df_train.drop('y',axis=1)) 

 

y_true_train = df_train.y.values 

y_pred_train_prophet = forecast_train['yhat'].values 

 

forecast_train[['ds', 'yhat', 'yhat_lower', 'yhat_upper']].tail() 
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Menampilkan changepoint tren Prophet 
fig1 = prophet.plot(forecast) 

Menampilkan komponen trend, weekly seasonality, yearly seasonality, dan holiday 

pada data train (Prophet) 
fig_train_component = prophet.plot_components(forecast_train) 

Menampilkan komponen trend, weekly seasonality, yearly seasonality, dan holiday 

pada data test (Prophet) 
fig2 = prophet.plot_components(forecast) 

Menampilkan contoh perhitungan komponen Prophet pada 𝑡 = 9 Feb 2021 
forecast_train[forecast_train['ds']=='2021-02-

09'][['trend','weekly','yearly', 'holidays', 'yhat']] 

Membuat hasil peramalan Prophet menggunakan data test 
# Test predictions 

forecast = prophet.predict(df_test.drop('y',axis=1)) 

 

y_true = df_test.y.values 

y_pred_prophet = forecast['yhat'].values 

 

forecast[['ds', 'yhat', 'yhat_lower', 'yhat_upper']].tail() 

Membuat model Vanilla LSTM 
# Vanilla 

model = Sequential() 

model.add(LSTM(50, return_sequences=True, 

               input_shape=(INPUT_LENGTH, 1))) 

model.add(LSTM(50, return_sequences=False)) 

model.add(Dense(25)) 

model.add(Dense(1)) 

 

model.compile(optimizer='adam', loss='mean_squared_error') 
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Membuat model Peephole Connection LSTM 
# Peephole 

units = 50 

output_size = 1  

def build_model(): 

    lstm_layer = RNN( 

        PeepholeLSTMCell(units), input_shape=(INPUT_LENGTH, 1), return_sequences=T

rue 

    ) 

    lstm_layer2 = RNN( 

        PeepholeLSTMCell(units), return_sequences=False 

    ) 

    model = Sequential( 

        [lstm_layer, 

         lstm_layer2, 

         Dense(25), 

         Dense(output_size), 

        ] 

    ) 

    return model 

model2 = build_model() 

model2.compile(optimizer='adam', loss='mean_squared_error') 

Melatih model Vanilla LSTM 
history1 = model.fit(X_train, y_train, batch_size=1, epochs=100) 

Melatih model Peephole Connection LSTM 
history2 = model2.fit(X_train, y_train, batch_size=1, epochs=100) 

Meramalkan data train menggunakan model Vanilla LSTM   
# Train predictions 

y_pred_train_lstm = model.predict(X_train) 

y_pred_train_lstm_denorm = scaler.inverse_transform(y_pred_train_lstm) 

y_train_denorm = scaler.inverse_transform(y_train) 

Meramalkan data test menggunakan model Vanilla LSTM 
# Test predictions 

y_pred_lstm = [] 

 

last_60 = X_train[-1:].flatten().tolist() 

for i in range(NUM_TEST_DAYS): 

    y_pred_lstm += model.predict(np.array(last_60[-

INPUT_LENGTH+i+1:]+[X_test[i][INPUT_LENGTH-

1][0]]+y_pred_lstm).reshape(1,INPUT_LENGTH,1)).flatten().tolist() 

y_test_denorm = scaler.inverse_transform(y_test) 

y_pred_lstm_denorm = scaler.inverse_transform(np.array([y_pred_lstm])).reshape(NUM

_TEST_DAYS,-1) 
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Meramalkan data train menggunakan model Peephole Connection LSTM 
# Train predictions 

y_pred_train_peephole = model2.predict(X_train) 

y_pred_train_peephole_denorm = scaler.inverse_transform(y_pred_train_peephole) 

y_train_denorm = scaler.inverse_transform(y_train) 

Meramalkan data test menggunakan model Peephole Connection LSTM 
# Test predictions 

y_pred_peephole = [] 

 

last_60 = X_train[-1:].flatten().tolist() 

for i in range(NUM_TEST_DAYS): 

    y_pred_peephole += model2.predict(np.array(last_60[-

INPUT_LENGTH+i+1:]+[X_test[i][INPUT_LENGTH-

1][0]]+y_pred_peephole).reshape(1,INPUT_LENGTH,1)).flatten().tolist() 

y_test_denorm = scaler.inverse_transform(y_test) 

y_pred_peephole_denorm = scaler.inverse_transform(np.array([y_pred_peephole])).res

hape(NUM_TEST_DAYS,-1) 

Menampilkan grafik peramalan data train 3 model 
# Training plot 

fig, ax = plt.subplots(figsize=(12,6)) 

ax.plot(df_train['ds'][60:], y_train_denorm, label='Actual', color='#000') 

ax.plot(df_train['ds'][60:], y_pred_train_lstm_denorm, label='Vanilla LSTM Predict

ion', color='#FF7274') 

ax.plot(df_train['ds'][60:], y_pred_train_peephole_denorm, label='Peephole LSTM Pr

ediction', color='#20948B') 

ax.plot(df_train['ds'][60:], y_pred_train_prophet[60:], label='Prophet Prediction'

, color='#DE7A22') 

ax.set_title('Training') 

ax.grid() 

ax.legend() 

Menampilkan grafik peramalan data test 3 model 
# Testing plot 

fig, ax = plt.subplots(figsize=(12,6)) 

ax.plot(df_test['ds'], y_test_denorm, label='Actual', color='#000') 

ax.plot(df_test['ds'], y_pred_lstm_denorm, label='Vanilla LSTM Prediction', color=

'#FF7274') 

ax.plot(df_test['ds'], y_pred_peephole_denorm, label='Peephole LSTM Prediction', c

olor='#20948B') 

ax.plot(df_test['ds'], y_pred_test_lstm_denorm2, '--

', label='Vanilla LSTM Prediction (with actual values)',  color='#FF7274') 

ax.plot(df_test['ds'], y_pred_test_peephole_denorm2, '--

', label='Peephole LSTM Prediction (with actual values)', color='#20948B') 

ax.plot(df_test['ds'], y_pred_prophet, label='Prophet Prediction', color='#DE7A22'

) 

ax.set_title('Testing') 

ax.grid() 

ax.legend() 
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Menghitung nilai Mean Absolute Error 3 model 
mae_train_prophet = mean_absolute_error(y_train_denorm, y_pred_train_prophet[60:]) 

mae_train_lstm = mean_absolute_error(y_train_denorm, y_pred_train_lstm_denorm) 

mae_train_peephole = mean_absolute_error(y_train_denorm, y_pred_train_peephole_den

orm) 

 

mae_test_prophet = mean_absolute_error(y_test_denorm, y_pred_prophet) 

mae_test_lstm = mean_absolute_error(y_test_denorm, y_pred_lstm_denorm) 

mae_test_peephole = mean_absolute_error(y_test_denorm, y_pred_peephole_denorm) 

Menghitung nilai Root Mean Squared Error 3 model 
rmse_train_prophet = np.sqrt(mean_squared_error(y_train_denorm, y_pred_train_proph

et[60:])) 

rmse_train_lstm = np.sqrt(mean_squared_error(y_train_denorm, y_pred_train_lstm_den

orm)) 

rmse_train_peephole = np.sqrt(mean_squared_error(y_train_denorm, y_pred_train_peep

hole_denorm)) 

 

rmse_test_prophet = np.sqrt(mean_squared_error(y_test_denorm, y_pred_prophet)) 

rmse_test_lstm = np.sqrt(mean_squared_error(y_test_denorm, y_pred_lstm_denorm)) 

rmse_test_peephole = np.sqrt(mean_squared_error(y_test_denorm, y_pred_peephole_den

orm)) 

Menampilkan barplot hasil perhitungan MAE 3 model 
def autolabel(rects): 

    for rect in rects: 

        height = rect.get_height() 

        ax.text(rect.get_x() + rect.get_width()/2., height+0.015, f'{height:.3f}', 

                ha='center', va='bottom') 

 

labels = ['prophet', 'vanilla LSTM', 'peephole LSTM'] 

x = np.arange(len(labels))  # the label locations 

width = 0.35  # the width of the bars 

fig, ax = plt.subplots(figsize=(12,8)) 

 

rects1 = ax.bar(x - 0.02 - width/2, [mae_train_prophet, mae_train_lstm, mae_train_

peephole], width, label='training', color='#FBB1A8', edgecolor='#A77670') 

rects2 = ax.bar(x + 0.02 + width/2, [mae_test_prophet, mae_test_lstm, mae_test_pee

phole], width, label='testing', color='#B0D5BF', edgecolor='#758E7F') 

autolabel(rects1) 

autolabel(rects2) 

 

title = 'Mean Absolute Error by each model' 

ax.set_ylabel('Mean Absolute Error') 

ax.set_title(title) 

ax.set_xticks(x) 

ax.set_xticklabels(labels) 

ax.legend(loc='lower right') 

ax.grid() 
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Menampilkan barplot hasil perhitungan RMSE 3 model 
labels = ['prophet', 'vanilla LSTM', 'peephole LSTM'] 

x = np.arange(len(labels))  # the label locations 

width = 0.35  # the width of the bars 

fig, ax = plt.subplots(figsize=(12,8)) 

 

rects1 = ax.bar(x - 0.02 - width/2, [rmse_train_prophet, rmse_train_lstm, rmse_tra

in_peephole], width, label='training', color='#FBB1A8', edgecolor='#A77670') 

rects2 = ax.bar(x + 0.02 + width/2, [rmse_test_prophet, rmse_test_lstm, rmse_test_

peephole], width, label='testing', color='#B0D5BF', edgecolor='#758E7F') 

 

autolabel(rects1) 

autolabel(rects2) 

title = 'Root Mean Squared Error by each model' 

 

ax.set_ylabel('Root Mean Squared Error') 

ax.set_title(title) 

ax.set_xticks(x) 

ax.set_xticklabels(labels) 

ax.legend(loc='lower right') 

ax.grid() 

 


