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LAMPIRAN

Lampiran 1. Coding Program Inflasi

# Loading Library

import pandas as pd

import numpy as np

import os

import matplotlib.pyplot as plt
plt.style.use('fivethirtyeight')
import warnings
warnings.filterwarnings ('ignore')
# establish path data

data path = r'C:\JACQLIEN\INFLASTI'
# import data

def load data(file name):

# load data
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dataset = pd.read excel (os.path.join(data path, file name))

# unpivot from wide to long format

dataset = dataset.melt(id vars='Year',

value name='Rate')

var name='Month',

from pandas.tseries.offsets import MonthEnd

# assign last day of month

dataset [ 'Date'] = pd.to datetime (dataset[['Year',

'Month']].assign (DAY=1)) + MonthEnd(1)

# order ascending data values

dataset = dataset.sort values(by='Date',

# drop unnecessary columns

ascending=True)



dataset = dataset.drop(['Year', 'Month'], axis=1)

# set date column as index

dataset.set index('Date', inplace=True)

# drop NaN rows

dataset.dropna (subset=['Rate'], inplace=True)

return dataset

file name='Inflasi Sulsel Umum yoy.xlsx'
df = load data(file name)
df.tail()

print (df)

# visualize target data
def plot time series(series):
mean rolling = series.rolling(window=12) .mean ()

std rolling = series.rolling(window=12) .std()

# plot inflation rates

series.plot (figsize=(12, 5), label='Original')

mean rolling.plot(color='crimson', label='Rolling Mean')
std rolling.plot(color='black', label='Rolling std')
plt.title('Grafik'+' '+file name)

plt.grid(axis='y', alpha=0.5)

plt.legend(loc="best"')

plt.show()

from statsmodels.tsa.seasonal import seasonal decompose
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# plot decomposition components

decomp = seasonal decompose (series, model='additive')
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fig, axes = plt.subplots(ncols=1, nrows=4, sharex=True,

figsize=(12, 5))

fig.suptitle('Seasonal Decomposition')

decomp.trend.plot (ax=axes[0], legend=False)

axes[0].set ylabel ('Trend')

decomp.seasonal.plot (ax=axes[1l], legend=False)

axes[l].set ylabel('Seasonal')

decomp.resid.plot (ax=axes[2], legend=False)

axes[2].set ylabel ('Residual')

decomp.observed.plot (ax=axes[3], legend=False)
axes[3].set _ylabel ('Original')

plt.show ()

plot time series(df['Rate'])
# ADF statistical test
def adf test(series):

from statsmodels.tsa.stattools import adfuller

result = adfuller(series, regression='c', autolag='AIC')
print ('=s====== Augmented Dickey-Fuller Test Results
======= \ n' )

print ('l. ADF Test Statistic: {:.6f}'.format (result[0]))
print ('2. P-value: {:.6f}'.format (result[1l]))

print ('3. Used Lags: {}'.format(result[2]))

print ('4. Used Observations: {}'.format (result[3]))

print('5. Critical Values:')



for key, value in result[4].items():

print ("\t{}: {:.6f}"'.format (key, value))

critical value = result[4]['5%"']

if (result[l] <= 0.05) and (result[0] < critical value):
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print ('\nStrong evidence against the null hypothesis (HO),

reject the null hypothesis.\
Data has no unit root and is stationary.')

else:

print ('\nWeak evidence against null hypothesis, time

series has a unit root, indicating it is non-stationary.')

return

# run function

adf test(df['Rate'])

# ARIMA Method

from pmdarima.arima.utils import ndiffs

print ("ADF Test: ", ndiffs(df['Rate'], test='adf'))
print ("KPSS Test: ",ndiffs(df['Rate'], test='kpss'))

print ("PP Test: ",ndiffs(df['Rate'], test='pp'))

# plotting ACF and PACF
from statsmodels.graphics.tsaplots import plot acf, plot pacf
fig = plt.figure(figsize=(8,7))

axl = fig.add subplot(2,1,1)

fig = plot_acf (df, ax=axl)
ax2 = fig.add subplot(2,1,2)
fig = plot pacf (df, ax=ax2)
plt.show ()

# Original Series
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fig, (axl, ax2, ax3) = plt.subplots(3)

axl.plot(df['Rate']); axl.set title('Original Series');
axl.axes.xaxis.set visible(False)

# 1st Differencing

ax2.plot(df['Rate'].diff ()); ax2.set title('lst Order
Differencing'); ax2.axes.xaxlis.set visible (False)

# 2nd Differencing

ax3.plot (df['Rate'].diff () .diff()); ax3.set _title('2nd Order
Differencing')

plt.show ()

from statsmodels.graphics.tsaplots import plot acf

fig, (axl, ax2, ax3) = plt.subplots(3, 1, figsize=(10, 8))

# Plot ACF untuk Data Asli
plot acf(df['Rate'], ax=axl, lags=20)

axl.set title('ACF of Original Series')

# Plot ACF untuk 1st Order Differencing
plot acf(df['Rate'].diff().dropna(), ax=ax2, lags=20)

ax2.set title('ACF of 1lst Order Differencing')

# Plot ACF untuk 2nd Order Differencing
plot acf(df['Rate'].diff().diff().dropna(), ax=ax3, lags=20)

ax3.set title('ACF of 2nd Order Differencing')

plt.tight layout ()

plt.show()

from statsmodels.graphics.tsaplots import plot pacf
fig, (axl, ax2, ax3) = plt.subplots (3, 1, figsize=(10, 8))

# Plot PACF untuk Data Asli



plot pacf(df['Rate'], ax=axl, lags=20)

axl.set title('PACF of Original Series')

# Plot PACF untuk 1lst Order Differencing

plot pacf(df['Rate'].diff () .dropna(), ax

ax2.set title('PACF of 1st Order Differencing')

# Plot PACF untuk 2nd Order Differencing

plot pacf(df['Rate'].diff().diff().dropn

ax3.set title('PACF of 2nd Order Differencing')

plt.tight layout ()
plt.show()
# Prediksi Auto Arima

from pmdarima.arima import auto arima

model fit auto = auto arima(df['Rate'],
test="adf',

max p=5, max_ g=5,

seasonal=True,
start p=0,

D=None,
trace=True,

error action='igno
suppress_warnings=

stepwise=True)

model fit auto.summary ()

re',

True,

=ax2, lags=20)
a(), ax=ax3, lags=20)
start p=1, start g=1,
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forecast arima auto =
pd.concat ([model fit auto.predict in sample(),

model fit auto.predict(n_periods=5, typ='levels',
dynamic=False) ])

print ("last 5 data")
print (forecast arima auto.tail(5))
print ("forecasted data")

print (forecast arima auto.tail(5))

# final plot

forecast arima auto.iloc[:].plot (legend=True, label="'Forecast',
figsize=(14,5), color='red'")

df['Rate'].iloc[:].plot (legend=True, label='Actual')
plt.title('Proyeksi Auto ARIMA'+' '+file name)
plt.show ()

# Prediksi Arima Manual

from statsmodels.tsa.arima.model import ARIMA

# fitting the model

model arima manual = ARIMA(df['Rate'], order=(1, 1 ,1), freg='M')
model fit manual = model arima manual.fit ()

print (model fit manual.summary())

# predict values

forecast arima manual = model fit manual.predict (start=0,
end=len(df) + 4, typ='levels', dynamic=False)

print (forecast arima manual.tail(5))

# final plot

forecast arima manual.iloc[:].plot (legend=True,
label='"'Forecast', figsize=(14,5), color='red')

df['Rate'].iloc[:].plot (legend=True, label='Actual')

plt.title('Proyeksi Manual'+' '+file name)
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plt.show ()
# Model Evaluation

pred arima manual = model fit manual.predict (start=0, end=len (df)
- 1, typ='levels', dynamic=False)

pred arima auto = model fit auto.predict in sample ()

model fit manual.plot diagnostics(figsize=(9,9))

plt.show ()

model fit auto.plot diagnostics(figsize=(9,9))

plt.show()

from sklearn.metrics import mean squared error

from sklearn.metrics import mean absolute error

rmse manual = mean squared error (pred arima manual, df['Rate'],
squared=False)

corr manual = np.corrcoef (pred arima manual, df['Rate']) [0,1]
mae manual = mean absolute error (pred arima manual, df['Rate'])
rmse_auto = mean squared error (pred arima_ auto, df['Rate'],

squared=False)
corr auto = np.corrcoef (pred arima auto, df['Rate']) [0,1]

mae auto = mean absolute error(pred arima auto, df['Rate'])

table eval = ©pd.DataFrame([['rmse', rmse _manual, rmse_auto],
['corr', corr manual, corr_ auto],

['mae', mae manual, mae_ auto]],

columns=['"'Type', '"Manual', 'Auto'])

print (table eval)
if rmse auto < rmse manual:

print ('Pilih Hasil Model Auto Arima')
else:

print ('Pilih Hasil Model Manual Arima')



Lampiran 2. Coding Program PDRB
import pandas as pd

import numpy as np

import os

import matplotlib.pyplot as plt
from pptx import Presentation
plt.style.use('fivethirtyeight')
import warnings
warnings.filterwarnings ('ignore')

# establish path data

data path r'C:\JACQLIEN\PDRB'

file name = 'Data PDRB Sulsel.xlsx'

df = pd.read excel(os.path.join(data path, file name))

df['date'] = (

pd.to datetime (

df['"tanggal'].str.split (' ") .apply(lambda x:
"' Join(x[::-11]))
))
df['date'] = df['date'] + pd.offsets.QuarterEnd(0)

df = df.drop(['tanggal']l, axis=1)
df.set index('date', inplace=True)
df.tail()

def plot time series(series):

mean rolling = series.rolling(window=12) .mean ()

std rolling = series.rolling(window=12) .std()

# plot inflation rates

series.plot (figsize=(12, 5), label='Original')

mean rolling.plot(color="crimson',

label='Rolling Mean')

std rolling.plot(color="'black', label='Rolling Std')

plt.title('Grafik'+' '+file name)

80



plt.grid(axis='y', alpha=0.5)
plt.legend(loc="best")

plt.show ()

from statsmodels.tsa.seasonal import seasonal decompose

# plot decomposition components

decomp = seasonal decompose (series, model='additive')

fig, axes = plt.subplots(ncols=1, nrows=4, sharex=True,

figsize=(12, 5))

def

fig.suptitle('Seasonal Decomposition')

decomp.trend.plot (ax=axes|[0], legend=False)

axes[0].set ylabel('Trend')

decomp.seasonal.plot (ax=axes[1l], legend=False)

axes[l].set ylabel('Seasonal')

decomp.resid.plot (ax=axes[2], legend=False)

axes[2].set ylabel ('Residual')

decomp.observed.plot (ax=axes[3], legend=False)
axes[3].set ylabel ('Original')

plt.show()

adf test(series):

from statsmodels.tsa.stattools import adfuller

result = adfuller(series, regression='c', autolag='AIC')
print ('======= Augmented Dickey-Fuller Test Results
===\n")

print('l. ADF Test Statistic: {:.6f}'.format (result[0]))

print ('2. P-value: {:.6f}'.format (result([1l]))
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print ('3. Used Lags: {}'.format(result[2]))

print ('4. Used Observations: {}'.format (result[3]))
print ('5. Critical Values:')

for key, value in result[4].items():

print ("\t{}: {:.6f}'.format (key, value))

critical value = result[4]['5%']
if (result[l] <= 0.05) and (result[0] < critical value):

print ('\nStrong evidence against the null hypothesis
(HO), reject the null hypothesis.\

Data has no unit root and is stationary.')
else:

print ('\nWeak evidence against null hypothesis, time
series has a unit root, indicating it is non-stationary.')

return
def define pdg(column) :
from pmdarima.arima.utils import ndiffs

from statsmodels.graphics.tsaplots import plot acf,
plot pacf

import matplotlib.pyplot as plt

# Calculating the number of differences required
print ("ADF Test: ", ndiffs(df[column], test='adf'))
print ("KPSS Test: ", ndiffs(df[column], test='kpss'))

print ("PP Test: ", ndiffs(df[column], test='pp'))

# Plotting ACF and PACF for the original series
fig, (axl, ax2) = plt.subplots(2, 1, figsize=(8, 7))

plot pacf (df[column], ax=axl, title='PACF - Original
Series')

plot acf (df[column], ax=ax2, title='ACF - Original Series')
plt.tight layout()

plt.show ()
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# Plotting Original Series and its Differencing
fig, (axl, ax2, ax3) = plt.subplots(3, 1, figsize=(10, 8))

axl.plot(df [column]); axl.set title('Original Series');
axl.axes.xaxis.set visible(False)

ax2.plot(df [column] .diff()); ax2.set title('lst Order
Differencing'); ax2.axes.xaxls.set visible (False)

ax3.plot (df [column] .diff () .diff()); ax3.set title('2nd Order
Differencing')

plt.tight layout ()

plt.show ()

# Plotting ACF and PACF for the differenced series
fig, ax = plt.subplots(3, 2, figsize=(12, 10))

plot acf(df[column], ax=ax[0, 0], title='ACF - Original
Series')

plot pacf(df[column], ax=ax[0, 1], title='PACF - Original
Series')

plot acf (df[column].diff().dropna(), ax=ax[l, 0], title='ACF
- 1lst Order Differencing')

plot pacf(df[column].diff () .dropna(), ax=ax[1l, 1],
title="'PACF - 1st Order Differencing')

plot acf (df[column].diff().diff().dropna(), ax=ax[2, 0],
title="ACF - 2nd Order Differencing')

plot pacf(df[column].diff () .diff().dropna(), ax=ax[2, 1],
title='PACF - 2nd Order Differencing')

plt.tight layout ()

plt.show()

# Analisis

nama_kolom = 'yoy'

plot time series(df[nama kolom])
adf test (df[nama kolom])

define pdg(nama_ kolom)



# (p, 4, 9 = (1, 1 ,1) -> from graph
# Prediksi Auto Arima

from pmdarima.arima import auto arima

model fit auto = auto arima (df [nama_ kolom], start p=1,

start g=1,
test='adf',

max p=5, max_ g=5,

seasonal=True,

start pP=0,

D=None,

trace=True,
error_action='ignore',
suppress _warnings=True,

stepwise=True)

model fit auto.summary ()

forecast arima auto =
pd.concat ([model fit auto.predict in sample(),

model fit auto.predict(n periods=5, typ='levels',

dynamic=False)])

print ("last 5 data")
print (forecast arima auto.tail(5))
print ("forecasted data")

print (forecast arima auto.tail(5))

# final plot

forecast arima auto.iloc[:].plot (legend=True,
figsize=(14,5), color='red')

label="'Forecast',

df [nama_kolom] .iloc[:].plot (legend=True, label='Actual')
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plt.title('Proyeksi Auto ARIMA'+' '+file name)
plt.show ()
# Prediksi Arima Manual

from statsmodels.tsa.arima.model import ARIMA

# fitting the model

model arima manual = ARIMA (df[nama kolom], order=(1, 1 ,1),

freq=TQ')
model fit manual = model arima manual.fit ()

print (model fit manual.summary () )

# predict wvalues

forecast arima manual = model fit manual.predict (start=0,
end=len (df) + 4, typ='levels',6 dynamic=False)

print (forecast arima manual.tail(5))

# final plot

forecast arima manual.iloc[:].plot (legend=True,
label='"'Forecast', figsize=(14,5), color='red')

df [nama_kolom] .iloc[:].plot (legend=True, label='Actual')
plt.title('Proyeksi Manual ARIMA'+' '+file name)

plt.show()

# Model Evaluation

pred arima manual = model fit manual.predict (start=0,

end=len(df) - 1, typ='levels',6 dynamic=False)

pred arima auto = model fit auto.predict in sample ()

model fit manual.plot diagnostics (figsize=(9,9))

plt.show()

model fit auto.plot diagnostics(figsize=(9,9))

plt.show ()
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from sklearn.metrics import mean squared error
from sklearn.metrics import mean absolute error

rmse manual = mean squared error (pred arima manual,
df [nama_ kolom], squared=False)

corr manual = np.corrcoef (pred arima manual,
df [nama_kolom]) [0, 1]

mae manual = mean absolute error(pred arima manual,
df [nama kolom])

rmse auto = mean squared error(pred arima auto, df[nama kolom],
squared=False)

corr auto = np.corrcoef (pred arima auto, df[nama kolom]) [0,1]

mae auto = mean absolute error(pred arima auto, df[nama kolom])
table eval = pd.DataFrame([['rmse', rmse manual, rmse auto],
['corr', corr manual, corr auto],

['mae', mae manual, mae auto]],

columns=["'Type', 'Manual', 'Auto'l])

print (table eval)
if rmse auto < rmse manual:

print ('Pilih Hasil Model Auto Arima')
else:

print ('Pilih Hasil Model Manual Arima')
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Lampiran 3. Diskusi bersama ahli ekonom Bank Indonesia KPw Sulawesi Selatan

BANK INDONESIA
BANK SENTRAL REPUBLIK INDONESIA
KANTOR PERWAKILAN PROVINS| SULAWES| SELATAN




