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LAMPIRAN

Lampiran 1 : Dataset Harga Saham PT. Vale Indonesia Tbk.

Keseluruhan dataset yang digunakan dalam penelitian ini dapat diakses pada link
berikut:

https://finance.yahoo.com/quote/INCO.JK/history

Lampiran 2: Source Code Python

Berikut lampiran source code python dalam membuat model Light Gradient
Boosting Machine:

Library yang digunakan

import os

import numpy as np

import pandas as pd

from google.colab import drive

from tgdm.auto import tgdm

import joblib

import time

import datetime

import matplotlib.pyplot as plt

from pathlib import Path

import matplotlib.style as style

import random

import seaborn as sns

from matplotlib import pyplot

from matplotlib.ticker import ScalarFormatter
import lightgbm as 1lgb

from lightgbm import LGBMRegressor

from lightgbm import early stopping

from lightgbm import Dataset

from lightgbm import callback

import optuna

from sklearn import svm

from sklearn.model selection import train test split
from sklearn.metrics import mean absolute percentage error
from sklearn.metrics import mean squared error
from sklearn.datasets import make regression
from sklearn.preprocessing import MinMaxScaler
from tabulate import tabulate

import math

import warnings
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import logging

import json

Import Dataset

data = pd.read csv('/content/drive/MyDrive/Dataset/INCO.JK
(4) .csv")
data.info ()

Reduce Memory

#Reduce Memory
def reduce mem usage (df) :
start mem = df.memory usage () .sum() / 1024**2
print ('Penggunaan memori awal adalah {:.2f}
MB'.format (start mem) )

for col in df.columns:
col type = df[col].dtype

if col type != object:
¢ min = df[col].min ()
df [col] .max ()
if str(col type) [:3] == 'int':

C_max

if ¢ min > np.iinfo(np.int8).min and ¢ max <
np.iinfo(np.int8) .max:
df[col] = df[col].astype(np.int8)
elif ¢ min > np.iinfo(np.intl6) .min and c max
< np.iinfo(np.intl6) .max:
df[col] = df[col].astype(np.intl6)
elif ¢ min > np.iinfo(np.int32).min and c max
< np.iinfo(np.int32) .max:
df[col] = df[col].astype(np.int32)
elif ¢ min > np.iinfo(np.int64) .min and c max
< np.iinfo(np.int64) .max:
df[col] = df[col].astype(np.int64)
else:
if ¢ min > np.finfo(np.floatl6).min and c_max
< np.finfo(np.floatl6) .max:
df[col] = df[col].astype(np.floatl6)
elif ¢ min > np.finfo(np.float32).min and
c max < np.finfo(np.float32) .max:
df[col] = df[col].astype(np.float32)
else:
df[col] = df[col].astype (np.float64)
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else:
df[col] = df[col].astype('category')
end mem = df.memory usage().sum() / 1024**2
print ('Penggunaan memori setelah optimasi adalah: {:.2f}

MB'.format (end mem) )
print ('"Menurun hingga {:.1f}%'.format (100 * (start mem -

end mem) / start mem))

return df

data = reduce mem usage (data)

Data Transform

# Transform Data
data['Date'] = data['Date'].astype('datetime64[ns]"')

data = pd.read csv('/content/drive/MyDrive/Dataset/INCO.JK
(4) .csv', index col='Date', parse dates=['Date'l])
data.head ()

df = data.drop(['Adj Close'], axis=1)
df.head ()

Missing Value

# missing values?
df.isna () .sum{()

df .describe ()

Visualisasi masing-masing harga saham

#Grafik data open
plt.figure(figsize=(8,5))
plt.title('Grafik Data Open')
plt.plot (df['Open'])

plt.xlabel ('Date')
plt.ylabel ('Price')
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currentFig = plt.gcf ()
currentFig.set facecolor('white')
plt.show ()

#grafik data high
plt.figure(figsize=(8,5))
plt.title ('Grafik Data High')
plt.plot (df['High'])

plt.xlabel ('Date'")
plt.ylabel ('Price')

currentFig = plt.gcf ()
currentFig.set facecolor('white')
plt.show ()

#grafik data low
plt.figure(figsize=(8,5))
plt.title ('Grafik Data Low')
plt.plot(df['Low'])

plt.xlabel ('Date'")
plt.ylabel ('Price')

currentFig = plt.gcf ()
currentFig.set facecolor('white')
plt.show ()

#grafik data close
plt.figure(figsize=(8,5))
plt.title('Grafik Data Close')
plt.plot(df['Close'])

plt.xlabel ('Date')
plt.ylabel ('Price')

currentFig = plt.gcf ()
currentFig.set facecolor('white')
plt.show ()

#grafik data volume
plt.figure(figsize=(8,5))
plt.title('Grafik Data Volume')
plt.plot (df['Volume'])

plt.xlabel ('Date')
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plt.ylabel ('Volume"')

currentFig = plt.gcf ()
currentFig.set facecolor('white')
plt.show ()

Penentuan feature dan target

# Menentukan fitur dan target

features = ['Open', 'High', 'Low', 'Volume']
target = ['Close']

Split Data

# Split data into train (80%) and test (20%)
def dataset (dataframe) :
train size = int(len(dataframe) *0.8)
train dataset, test dataset =
dataframe.iloc[:train size],
dataframe.iloc[train size:]
return train dataset, test dataset

train dataset, test dataset = dataset (df)

# Membagi data menjadi set pelatihan dan pengujian
X train = train dataset[features]
y train = train dataset[target]

X test
y test

test dataset[features]

test dataset[target]

print (f"Ukuran set pelatihan: {len(X train)}")
print (f"Ukuran set pengujian: {len(X test)}")

# Membuat dataset LightGBM

train data = lgb.Dataset (X train, y train)
test data = lgb.Dataset (X test, label=y test,
reference=train data)
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# Plot train dan test data

plt.figure(figsize = (10, 5))
plt.rcParams|['figure.dpi'] = 240
plt.plot (train dataset.Close, linestyle="-")
plt.plot (test dataset.Close, linestyle="-")

plt.xlabel ('Date', fontsize=12)

plt.ylabel ('Price', fontsize=12)

plt.title ('Plot Harga Saham', fontsize=12)
plt.legend(['Data Latih', 'Data U3ji']l, loc='upper left',
prop={'size': 10})

print ('Dimension of train data: ', train dataset.shape)
print ('Dimension of test data: ', test dataset.shape)

Penentuan Parameter LightGBM

params = {
'objective': 'regression',
'metric': 'rmse',
'boosting type': 'gbdt',
'num leaves': 31,
'learning rate': 0.1,
'feature fraction': 0.9,

'bagging fraction': 0.8,
'bagging freq': 5,

'verbose': -1
}
evals result = {}
Training Model

#Implementasi LightGBM
def train model LGBM(train data, test data, X train,
categorical feature index=21):

#Train Model
bst = lgb.train (
params,
train data,
valid sets=[train data, test data],
num boost round=100,
feature name=[f'f{i + 1}' for i in
range (X _train.shape[-1])],
categorical feature=[21],
callbacks=[
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lgb.record evaluation (evals result)

bst.save model ('model.txt'")

y pred = bst.predict (X train,
num iteration=bst.best iteration)

print ('Plotting metrics recorded during training...')
ax = lgb.plot metric(evals result, metric='rmse')
plt.show ()

print ('Plotting feature importances...')
ax = lgb.plot importance(bst, max num features=10)
plt.show ()

print ('Plotting 54th tree...')
ax = lgb.plot tree(bst, tree index=53, figsize=(15, 15),

show info=['split gain'])
plt.show ()
print ('Plotting 54th tree with graphviz...')

graph = lgb.create tree digraph (bst, tree index=53,
name="'Treeb4")
graph.render (view=True)

print ('Plot Predictid Matrix')

y test sorted = y train.sort index()

y _pred sorted = pd.Series(y pred,
index=y test sorted.index)

# Plotting

plt.figure(figsize=(8, 5))

plt.plot(y test sorted, color='blue', label='Actual
Prices')

plt.plot(y pred sorted, color='red', label='Predicted
Prices')

plt.title('Stock Price Prediction')

plt.xlabel ('Date')

plt.ylabel ('Stock Price')

plt.legend()

plt.show ()

print ("Model Evaluation:")
rmse = np.sgrt(mean squared error(y train, y pred))

mape = mean absolute percentage error(y train, y pred)
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print( '"RMSE: %2.2f' % rmse)
print ('"MAPE: %.2f%%' $ (mape*100))

return bst, y pred, rmse, mape

e Hyperparameter Tuning

# Definisi fungsi objektif untuk Optuna
def objective(trial):

params = {
'objective': 'regression',
'metric': 'rmse',
'boosting type': 'gbdt',
'num leaves': trial.suggest int ('num leaves', 2,
256),

'learning rate':
trial.suggest loguniform('learning rate', 0.005, 0.5),
'feature fraction':
trial.suggest uniform('feature fraction', 0.1, 1.0),
'bagging fraction':
trial.suggest uniform('bagging fraction', 0.1, 1.0),
'bagging freq': trial.suggest int('bagging freq',
1, 10),
'n estimators': trial.suggest int('n estimators',
100, 1000, step=50),
'verbose': -1

evals result = {}

bst = 1lgb.LGBMRegressor (**params)
bst.fit (X train, y train)

y _pred = bst.predict (X train)
mse = mean squared error(y train, y pred)

rmse = np.sqrt (mse)

return rmse

# Optimasi hyperparameter dengan Optuna
optuna.logging.set verbosity (optuna.logging.ERROR)
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study = optuna.create study(direction='minimize')
study.optimize (objective, n trials=100)

best params = study.best params
best score = study.best value

print ('Number of finished trials:', len(study.trials))
print ('Best trial:', study.best params)
print ('Best score:', study.best value)

# Model akhir dengan parameter terbaik

def LGBM with optuna(X train, y train):
model = lgb.LGBMRegressor (**best params)
model.fit (X train, y train)

warnings.filterwarnings ("default")

# Prediksi harga saham
prediction = model.predict (X train)

# Plot pentingnya fitur untuk model terbaik dengan optuna
print ('Plotting metrics recorded during training...')
lgb.plot importance (model, figsize=(10, 6),

title="'Feature Importance (Best Model) ')
plt.show ()

print ('Plotting 54th tree...')

ax = lgb.plot tree(model, tree index=53, figsize=(1l5,
15), show info=['split gain'])

plt.show ()

print ('Plot Predictid Matrix')

test sorted = y train.sort index()

prediction sorted = pd.Series(prediction,
index=test sorted.index)

# Plotting

plt.figure(figsize=(10, 6))

plt.plot(test sorted, color='blue', label='Actual
Prices')

plt.plot (prediction sorted, color='red',
label="Predicted Prices')

plt.title('Stock Price Prediction')

plt.xlabel ('Date')

plt.ylabel ('Stock Price')
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plt.legend()
plt.show ()

print ("Model Evaluation:")

# Evaluasi model

mse optuna = mean squared error (y train, prediction)

rmse optuna = np.sqgrt (mse optuna)

mape optuna = mean absolute percentage error(y train,
prediction)

# Print hasil
print (f"Best Parameters: {best params}")
print ('RMSE: %2.2f' % rmse optuna)
print ("MAPE: %.2f%%' $ (mape optuna*100))

return model, predictions, rmse optuna, mape optuna

Hasil Prediksi dengan Data Uji

# Model akhir dengan parameter terbaik

def final model LGBM(X test, y test):
final model = lgb.LGBMRegressor (**best params)
final model.fit (X test, y test)

warnings.filterwarnings ("default")

# Prediksi harga saham
predictions = final model.predict (X test)

# Plot pentingnya fitur untuk model terbaik dengan optuna
print ('Plotting metrics recorded during training...')
lgb.plot importance (final model, figsize=(10, 6),

title="'Feature Importance (Best Model) ')
plt.show ()

print ('Plotting 54th tree...')

ax = lgb.plot tree(final model, tree index=53,
figsize=(15, 15), show info=['split gain'])

plt.show ()

print ('Plot Predictid Matrix')

test sorted = y test.sort index()

prediction sorted = pd.Series (predictions,
index=test sorted.index)
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# Plotting

plt.figure(figsize=(10, 6))

plt.plot (test sorted, color='blue', label='Actual
Prices')

plt.plot (prediction sorted, color='red',
label='"'Predicted Prices')

plt.title('Stock Price Prediction')

plt.xlabel ('Date')

plt.ylabel ('Stock Price')

plt.legend()

plt.show ()

print (' Data Prediction :'")
print (prediction sorted)

print ('Data Actual : ")
print (test sorted)

print ("Model Evaluation:")
# Evaluasi model
mse final = mean squared error(y test, predictions)

rmse final np.sqgrt(mse final)

mape final mean absolute percentage error (y test,

predictions)

# Print hasil
print (f"Best Parameters: {best params}")
print ('RMSE: %2.2f' % rmse final)
print ('"MAPE: %.2£f%%' % (mape final*100))

return final model, predictions, rmse final, mape final
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