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Lampiran 1. Data Primer Penelitian 
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Lampiran 2. Codingan Segmentasi dan Random Forest 
import numpy as np 
import pandas as pd 
import datetime as dt 
import matplotlib.pyplot as plt 
import seaborn as sns 
from sklearn.preprocessing import StandardScaler 
from sklearn.preprocessing import MinMaxScaler 
from yellowbrick.cluster import KElbowVisualizer 
from scipy.stats import probplot 
from yellowbrick.cluster import SilhouetteVisualizer 
from imblearn.under_sampling import RandomUnderSampler 
from imblearn.over_sampling import SMOTE 
from sklearn.metrics import confusion_matrix 
import plotly.express as px 
from sklearn.metrics import classification_report 
from sklearn.ensemble import RandomForestClassifier 
from sklearn.metrics import accuracy_score 
from sklearn.preprocessing import RobustScaler 
from sklearn.naive_bayes import GaussianNB 
from datetime import date 
from lifetimes import BetaGeoFitter, GammaGammaFitter 
from lifetimes.utils import \ 
    calibration_and_holdout_data, \ 
    summary_data_from_transaction_data, \ 
    calculate_alive_path 
from lifetimes.plotting import \ 
    plot_frequency_recency_matrix, \ 
    plot_probability_alive_matrix, \ 
    plot_period_transactions, \ 
    plot_history_alive, \ 
    plot_cumulative_transactions, \ 
    plot_calibration_purchases_vs_holdout_purchases 
import warnings 
warnings.filterwarnings('ignore') 
 
pd.set_option('display.max_rows', 500) 
pd.set_option('display.max_columns', 500) 
pd.set_option('display.width', 1000) 
df_data = pd.read_csv('/content/drive/MyDrive/PENELITIAN/preprocessed_data 
(1).csv') 
 
missing_values = df_data.isnull().sum() 
# Kolom Missing Value 
print("Kolom Missing value") 
print(missing_values[missing_values > 0]) 
 
kolom = ['VehicleModel', 'CreditNoteNo', 'ProgramName', 'DiscountType'] 
for col in kolom: 
    df_data[col] = df_data[col].fillna("None") 
 
missing_values = df_data.isnull().sum() 
# Kolom Missing Value 
print("Kolom Missing value") 
print(missing_values[missing_values > 0]) 
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customer = pd.read_excel('/content/drive/MyDrive/Predictive Sparepart 
Maintenance/dataset/Data Customer.xlsx') 
customer.head(10) 
 
missing_values = customer.isnull().sum() 
# Kolom Missing Value 
print("Kolom Missing value") 
print(missing_values[missing_values > 0]) 
 
df_data['InvoiceDate'].isna().sum() 
df_data.head(5) 
df_data['InvoiceDate'] = pd.to_datetime(df_data['InvoiceDate']) 
 
count_per_tahun = df_data['InvoiceDate'].dt.year.value_counts().sort_index() 
# Membuat bar plot 
plt.figure(figsize=(10, 6)) 
bars = count_per_tahun.plot(kind='bar', color='skyblue') 
plt.title('Jumlah Pengamatan per Tahun') 
plt.xlabel('Tahun') 
plt.ylabel('Jumlah Pengamatan') 
plt.xticks(rotation=45) 
plt.grid(axis='y', linestyle='--', alpha=0.7) 
# Menambahkan label jumlah di atas setiap bar 
for bar in bars.patches: 
    plt.text(bar.get_x() + bar.get_width()/2 - 0.2, bar.get_height() + 10, 
str(int(bar.get_height())), 
             ha='center', va='bottom', color='black', fontsize=9) 
plt.show() 
 
# Menggabungkan dataframe 
df_com = df_data.merge(customer, on='FrameSerialNo', how='inner') 
# Menampilkan DataFrame hasil 
df_com.shape 
 
# Pembentukan Nilai RFM dan T 
today_date = dt.datetime(2023, 1, 31) 
 
cltv_df = df_com.groupby('FrameSerialNo').agg({ 
    'InvoiceDate_x': [ 
        lambda x: (x.max() - x.min()).days,  # recency 
        lambda x: (today_date - x.min()).days  # T 
    ], 
    'ServiceInvoice': lambda x: x.nunique(),  # frequency 
    'Revenue': lambda x: x.sum()  # monetary 
}) 
 
cltv_df.columns = cltv_df.columns.droplevel(0) 
cltv_df.columns = ['recency', 'T', 'frequency', 'monetary'] 
cltv_df = cltv_df[cltv_df['monetary'] > 0] 
# nilai moneter adalah pendapatan rata-rata per transaksi 
cltv_df['monetary'] = cltv_df['monetary'] / cltv_df['frequency'] 
# mengubah hari menjadi minggu 
cltv_df['recency'] = cltv_df['recency'] / 7 
cltv_df['T'] = cltv_df['T'] / 7 
 
# Model Beta Geometri 
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bgf = BetaGeoFitter(penalizer_coef=1e-06) 
bgf.fit(cltv_df['frequency'], 
        cltv_df['recency'], 
        cltv_df['T']) 
 
# Melihat eksperasi transaksi 1 minggu dan 1 bulan kedepan 
bgf.conditional_expected_number_of_purchases_up_to_time(1, 
                                                        cltv_df['frequency']
, 
                                                        cltv_df['recency'], 
                                                        cltv_df['T']).sort_v
alues(ascending=False).head(10) 
cltv_df["expected_purc_1_week"] = bgf.predict(1, 
                                              cltv_df['frequency'], 
                                              cltv_df['recency'], 
                                              cltv_df['T']) 
bgf.predict(4, 
            cltv_df['frequency'], 
            cltv_df['recency'], 
            cltv_df['T']).sort_values(ascending=False).head(10) 
cltv_df["expected_purc_1_month"] = bgf.predict(4, 
                                               cltv_df['frequency'], 
                                               cltv_df['recency'], 
                                               cltv_df['T']) 
cltv_df.sort_values("expected_purc_1_month", ascending=False).head(10) 
 
# Model Gamma Gamma 
ggf = GammaGammaFitter(penalizer_coef=0.01) 
ggf.fit(cltv_df['frequency'], cltv_df['monetary']) 
# 10 pelanggan paling teratas 
ggf.conditional_expected_average_profit(cltv_df['frequency'], 
                                        cltv_df['monetary']).sort_values(asc
ending=False).head(10) 
cltv_df["expected_average_profit"] = 
ggf.conditional_expected_average_profit(cltv_df['frequency'], 
                                                                            
 cltv_df['monetary']) 
cltv_df.sort_values("expected_average_profit", ascending=False).head(10) 
 
# Pembentukan Nilia CLTV 
cltv = ggf.customer_lifetime_value(bgf, 
                                   cltv_df['frequency'], 
                                   cltv_df['recency'], 
                                   cltv_df['T'], 
                                   cltv_df['monetary'], 
                                   time=6,   # 6 month 
                                   freq="W", # Weekly 
                                   discount_rate=0.01) 
cltv.head() 
cltv = cltv.reset_index() 
cltv.sort_values(by= "CLTV", ascending=False).head() 
# 50 pelanggan paling berharga dalam 6 bulan 
cltv.sort_values(by="CLTV", ascending=False).head(20) 
cltv_final.describe() 
cltv_final.head(2) 
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latest_transactions = 
df_com.loc[df_com.groupby('FrameSerialNo')['InvoiceDate_x'].idxmax()] 
# Menggabungkan CreditNoteNo dan DiscountType dengan koma 
combined_data = df_com.groupby('FrameSerialNo').agg({ 
    'CreditNoteNo': lambda x: ','.join(x.dropna().astype(str)), 
    'DiscountType': lambda x: ','.join(x.dropna().astype(str)) 
}).reset_index() 
# Gabungkan data transaksi terbaru dengan data yang digabungkan 
result = pd.merge(latest_transactions, combined_data, on='FrameSerialNo', 
how='left') 
# Menampilkan hasil 
print("Data pelanggan dengan transaksi terbaru:") 
 
df_use = result[['FrameSerialNo', 'Branch_x', 
                 'DealerType','CurrentMileageRecord', 
                 'Branch_y','Provinsi' 
                 ]] 
 
# Pembentukan kategori lokasi 
dalam_kota = ['URIP SUMOHARJO GENERAL REPAIR', 'URIP SUMOHARJO BODY PAINT', 
'SERUI GENERAL REPAIR','ALAUDDIN GENERAL REPAIR'] 
# Fungsi untuk mengkategorikan cabang 
def categorize_branch(branch): 
    if branch in dalam_kota: 
        return 'DalamKota' 
    else: 
        return 'LuarKota' 
# Terapkan fungsi untuk membuat kolom baru 'kategori lokasi' 
df_use_filtered['ServiceLocationCategory'] = 
df_use_filtered['Branch_x'].apply(categorize_branch) 
df_use_filtered['DealerBeliLocationCategory'] = 
df_use_filtered['Branch_y'].apply(categorize_branch) 
 
df_use1 = df_use_filtered[['FrameSerialNo', 
                           'ServiceLocationCategory', 
                           'DealerBeliLocationCategory', 
                           'DealerType', 
                           'CurrentMileageRecord' 
                           ]] 
 
# Menggabungkan dataframe CLTV dan dataframe pelanggan 
df_usage = pd.merge(df_use1, cltv_final, on='FrameSerialNo', how='inner') 
 
# Mengecek outlier 
numeric_columns = df_usage.select_dtypes(include=[np.number]).columns 
num_cols = len(numeric_columns) 
fig, axes = plt.subplots(nrows=num_cols, ncols=1, figsize=(20, num_cols * 
5)) 
# Membuat boxplot untuk setiap kolom numerik 
for i, col in enumerate(numeric_columns): 
    sns.boxplot(x=df_usage[col], ax=axes[i]) 
    axes[i].set_title(f'Boxplot for {col}') 
 
plt.tight_layout() 
plt.show() 
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# Mengidentifikasi kolom numerik 
numeric_columns = df_usage.select_dtypes(include=[np.number]).columns 
# Ulangi setiap kolom angka 
for col in numeric_columns: 
    # Hitung rentang interkuartil (IQR) 
    Q1 = df_usage[col].quantile(0.25) 
    Q3 = df_usage[col].quantile(0.75) 
    IQR = Q3 - Q1 
    # Tentukan batas outlier 
    lower_bound = Q1 - 1.5 * IQR 
    upper_bound = Q3 + 1.5 * IQR 
    # Ganti outlier dengan batas terdekat 
    df_usage[col] = df_usage[col].clip(lower=lower_bound, upper=upper_bound) 
# Menampilkan hasil data 
df_usage.head() 
 
# Kembali melihat hasil dari handling outlier 
numeric_columns = df_usage.select_dtypes(include=[np.number]).columns 
num_cols = len(numeric_columns) 
fig, axes = plt.subplots(nrows=num_cols, ncols=1, figsize=(20, num_cols * 
5)) 
# Membuat boxplot untuk setiap kolom numerik 
for i, col in enumerate(numeric_columns): 
    sns.boxplot(x=df_usage[col], ax=axes[i]) 
    axes[i].set_title(f'Boxplot for {col}') 
plt.tight_layout() 
plt.show() 
 
# Melakukan Label Encode pada data kategori 
from sklearn.preprocessing import LabelEncoder 
label_encoders = {} 
categorical_columns = ['ServiceLocationCategory', 
'DealerBeliLocationCategory', 'DealerType'] 
for col in categorical_columns: 
    le = LabelEncoder() 
    df_usage[col] = le.fit_transform(df_usage[col]) 
    label_encoders[col] = le 
 
# Melihat mapping dari label endcode 
for col in categorical_columns: 
    le = label_encoders[col] 
    print(f"Mapping for {col}:") 
    for class_index in range(len(le.classes_)): 
        print(f"{class_index} -> {le.classes_[class_index]}") 
 
from sklearn.preprocessing import MinMaxScaler 
# Menyimpan kolom FrameSerialNo 
frame_serial_no = df_usage['FrameSerialNo'] 
# Menghapus kolom FrameSerialNo dari df_usage 
df_usage_noframe = df_usage.drop(['FrameSerialNo'], axis=1) 
# Inisialisasi MinMaxScaler 
scaler = MinMaxScaler(feature_range=(0, 1)) 
# Melakukan scaling pada fitur 
scaled_features = scaler.fit_transform(df_usage_noframe) 
 
from sklearn.decomposition import PCA 
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# Reduksi kolom dengan melihat hasil PCA 
pca_full = PCA() 
pca_full.fit(scaled_features) 
 
# Hitung rasio varians kumulatif yang dijelaskan 
explained_variance_ratio = pca_full.explained_variance_ratio_ 
cumulative_explained_variance = explained_variance_ratio.cumsum() 
# Gambarkan rasio varians kumulatif yang dijelaskan untuk menemukan jumlah 
komponen yang optimal 
plt.figure(figsize=(10, 6)) 
plt.plot(range(1, len(cumulative_explained_variance) + 1), 
cumulative_explained_variance, marker='o', linestyle='--') 
plt.title('Cumulative Explained Variance by PCA Components') 
plt.xlabel('Number of PCA Components') 
plt.ylabel('Cumulative Explained Variance') 
plt.grid(True) 
plt.axhline(y=0.95, color='r', linestyle='-')  # 95% variance line for 
reference 
plt.text(0.5, 0.85, '95% cut-off threshold', color = 'red', fontsize=16) 
# Tentukan jumlah komponen yang menjelaskan setidaknya 95% varians 
optimal_num_components = 
len(cumulative_explained_variance[cumulative_explained_variance >= 0.95]) + 
1 
# Sorot jumlah komponen optimal pada plot 
plt.axvline(x=optimal_num_components, color='g', linestyle='--') 
plt.text(optimal_num_components + 1, 0.6, f'Optimal Components: 
{optimal_num_components}', color = 'green', fontsize=14) 
plt.show() 
# Mengembalikan jumlah komponen yang optimal 
optimal_num_components 
 
optimal_num_components = 6 
# Menerapkan PCA dengan jumlah komponen yang optimal 
pca = PCA(n_components=optimal_num_components) 
pca.fit_transform(scaled_features) 
pca.transform(scaled_features) 
pca_result = pca.fit_transform(scaled_features) 
 
# Terapkan PCA dengan jumlah komponen optimal 
pca = PCA(n_components=optimal_num_components) 
pca_result = pca.fit_transform(scaled_features) 
# Verifikasi hasil PCA 
print(f"Shape hasil PCA: {pca_result.shape}") 
# Dapatkan komponen PCA (loadings) 
pca_components = pca.components_ 
# Buat DataFrame untuk visualisasi dan analisis lebih lanjut 
pca_loadings_df = pd.DataFrame(pca_components, 
columns=df_usage_noframe.columns, index=[f'PC{i+1}' for i in 
range(optimal_num_components)]) 
# Tampilkan loadings 
print(pca_loadings_df) 
# Heatmap dari loadings 
plt.figure(figsize=(12, 6)) 
sns.heatmap(pca_loadings_df, cmap="YlGnBu", annot=True) 
plt.title('PCA Loadings') 
plt.show() 
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# Creating a 2D plot for the first two PCA components 
plt.figure(figsize=(10, 8)) 
plt.scatter(pca_result[:, 0], pca_result[:, 1]) 
plt.xlabel('Principal Component 1') 
plt.ylabel('Principal Component 2') 
plt.title('2D PCA Results') 
plt.grid(True) 
plt.show() 
 
# Extract the absolute values of the PCA loadings 
pca_loadings_analysis = pd.DataFrame( 
    np.abs(pca.components_), 
    columns=df_usage_noframe.columns, 
    index=[f'PC{i+1}' for i in range(pca.n_components)] 
) 
# Identify the top contributing features for each principal component 
top_features_per_pc = pca_loadings_analysis.apply(lambda s: 
s.nlargest(5).index.tolist(), axis=1) 
pd.options.display.max_colwidth = 200 
# Display the top contributing features for each principal component 
top_features_per_pc 
 
# Optimal_num_components seharusnya sesuai dengan jumlah komponen di 
pca_result 
optimal_num_components = pca_result.shape[1]  # Menyesuaikan dengan hasil 
PCA yang sebenarnya 
# Membuat DataFrame dari hasil PCA dan menambahkan kembali kolom 
'FrameSerialNo' 
pca_df = pd.DataFrame(pca_result, columns=[f'PC{i+1}' for i in 
range(optimal_num_components)]) 
pca_df['FrameSerialNo'] = frame_serial_no  # Menambahkan kembali kolom 
'FrameSerialNo' 
# Menampilkan beberapa baris pertama dari DataFrame dengan nilai PCA 
pca_df.head() 
 
pip install kneed matplotlib scikit-learn 
import numpy as np 
import pandas as pd 
import matplotlib.pyplot as plt 
import plotly.express as px 
 
# Class KMeansClustering 
class KMeansClustering: 
    def __init__(self, X, num_clusters): 
        self.K = num_clusters  # number of clusters 
        self.max_iterations = 100  # max iterasi 
        self.num_examples, self.num_features = X.shape  # number of 
examples, number of features 
        self.plot_figure = True  # plot figure 
 
    #  inisialisasi random centroids 
    def initialize_random_centroids(self, X): 
        centroids = np.zeros((self.K, self.num_features))  # row, column 
full with zeros 
        for k in range(self.K): 
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            centroid = X[np.random.choice(range(self.num_examples))]  # 
random centroids 
            centroids[k] = centroid 
        return centroids  # return random centroids 
 
    # create clusters 
    def create_clusters(self, X, centroids): 
        clusters = [[] for _ in range(self.K)] 
        for point_idx, point in enumerate(X): 
            closest_centroid = np.argmin(np.sqrt(np.sum((point - centroids) 
** 2, axis=1)))  # centroid terdekat 
            clusters[closest_centroid].append(point_idx) 
        return clusters 
 
    # calculate new centroids 
    def calculate_new_centroids(self, clusters, X): 
        centroids = np.zeros((self.K, self.num_features))  # row, column 
full with zeros 
        for idx, cluster in enumerate(clusters): 
            new_centroid = np.mean(X[cluster], axis=0)  # find the value for 
new centroids 
            centroids[idx] = new_centroid 
        return centroids 
 
    # predict clusters 
    def predict_clusters(self, clusters, X): 
        y_pred = np.zeros(self.num_examples)  # row filled with zeros 
        for cluster_idx, cluster in enumerate(clusters): 
            for sample_idx in cluster: 
                y_pred[sample_idx] = cluster_idx 
        return y_pred 
 
    # plot scatter plot 
    def plot_fig(self, X, y): 
        fig = px.scatter(X[:, 0], X[:, 1], color=y) 
        fig.show()  # visualize 
 
    # fit data 
    def fit(self, X): 
        centroids = self.initialize_random_centroids(X)  # initialisasi 
random centroids 
        for _ in range(self.max_iterations): 
            clusters = self.create_clusters(X, centroids)  # create clusters 
            previous_centroids = centroids 
            centroids = self.calculate_new_centroids(clusters, X)  # 
menghitung new centroids 
            diff = centroids - previous_centroids  # menghitung difference 
            if not diff.any(): 
                break 
        y_pred = self.predict_clusters(clusters, X)  # predict fungsi 
        if self.plot_figure:  # if true 
            self.plot_fig(X, y_pred)  # plot fungsi 
        return y_pred 
 
# mendefinisikan Elbow Method 
def elbow_method(data, max_k): 
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    inertias = [] 
    for k in range(1, max_k + 1): 
        kmeans = KMeansClustering(data, k) 
        y_pred = kmeans.fit(data) 
        inertia = 0 
        for i in range(k): 
            cluster_points = data[y_pred == i] 
            centroid = np.mean(cluster_points, axis=0) 
            inertia += np.sum((cluster_points - centroid) ** 2) 
        inertias.append(inertia) 
    return inertias 
 
# mendefinisikan Silhouette Score 
def silhouette_score(data, y_pred): 
    n_samples = len(data) 
    unique_clusters = np.unique(y_pred) 
    n_clusters = len(unique_clusters) 
 
    if n_clusters == 1 or n_clusters == n_samples: 
        return -1 
 
    silhouette_avg = 0 
    for i in range(n_samples): 
        same_cluster = data[y_pred == y_pred[i]] 
        other_clusters = [data[y_pred == label] for label in unique_clusters 
if label != y_pred[i]] 
 
        a = np.mean([np.linalg.norm(data[i] - point) for point in 
same_cluster if not np.array_equal(data[i], point)]) 
        b = np.min([np.mean([np.linalg.norm(data[i] - point) for point in 
other_cluster]) for other_cluster in other_clusters]) 
 
        silhouette_avg += (b - a) / max(a, b) 
 
    return silhouette_avg / n_samples 
 
np.random.seed(37) 
# arr_usage adalah hasil PCA 
arr_usage = scaled_df.values  # Gunakan data yang sudah diskalakan tanpa 
indeks 
 
# Elbow Method 
inertias = elbow_method(arr_usage, 10) 
 
plt.plot(range(1, 11), inertias, 'bx-') 
plt.xlabel('Values of K') 
plt.ylabel('Inertia') 
plt.title('The Elbow Method using Inertia') 
plt.show() 
 
# Silhouette Scores untuk berbagai jumlah cluster 
silhouette_scores = [] 
for k in range(2, 11): 
    kmeans = KMeansClustering(arr_usage, k) 
    y_pred = kmeans.fit(arr_usage) 
    score = silhouette_score(arr_usage, y_pred) 
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    silhouette_scores.append(score) 
 
silhouette_df = pd.DataFrame({'Number of Clusters (K)': range(2, 11), 
'Silhouette Score': silhouette_scores}) 
print(silhouette_df) 
plt.plot(range(2, 7), silhouette_scores, 'bx-') 
plt.xlabel('Number of Clusters (K)') 
plt.ylabel('Silhouette Score') 
plt.title('Silhouette Scores for different K values') 
plt.show() 
 
# Mendeteksi knee point 
kneedle = KneeLocator(K, inertias, curve='convex', direction='decreasing') 
optimal_k_inertia = kneedle.elbow 
 
# Plot Inertia 
plt.figure(figsize=(8, 6)) 
plt.plot(K, inertias, 'bx-', marker='o', linestyle='--', color='blue') 
plt.axvline(x=optimal_k_inertia, color='red', linestyle='--') 
plt.xlabel('Values of K') 
plt.ylabel('Inertia') 
plt.title('Inertia for Different K') 
plt.show() 
print(f"Optimal number of clusters based on inertia: {optimal_k_inertia}") 
 
# Optimal k berdasarkan silhouette score 
optimal_k_silhouette = K[silhouette_scores.index(max(silhouette_scores))] 
# Plot Silhouette Score 
plt.figure(figsize=(8, 6)) 
plt.plot(K, silhouette_scores, 'gx-', marker='o', linestyle='--', 
color='green') 
plt.axvline(x=optimal_k_silhouette, color='red', linestyle='--') 
plt.xlabel('Values of K') 
plt.ylabel('Silhouette Score') 
plt.title('Silhouette Score for Different K') 
plt.show() 
print(f"Optimal number of clusters based on silhouette score: 
{optimal_k_silhouette}") 
 
# Menentukan jumlah klaster dari 2 hingga 11 
for k in range(2, 11): 
    # Melakukan clustering menggunakan KMeans 
    kmeans_model = KMeans(n_clusters=k, random_state=37) 
    cluster_labels = kmeans_model.fit_predict(arr_usage) 
    # Menghitung silhouette score 
    silhouette_avg = silhouette_score(arr_usage, cluster_labels) 
    # Menyimpan silhouette score 
    silhouette_scores.append(silhouette_avg) 
# Membuat DataFrame untuk menampilkan hasil silhouette scores 
silhouette_df = pd.DataFrame({'Number of Clusters (K)': range(2, 11), 
'Silhouette Score': silhouette_scores}) 
# Menampilkan tabel silhouette scores 
print(silhouette_df) 
 
plt.figure(figsize=(8, 6)) 
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plt.plot(range(2, 11), silhouette_scores, marker='o', linestyle='--', 
color='green') 
plt.axvline(x=optimal_k_silhouette, color='red', linestyle='--') 
plt.xlabel('Number of Clusters (K)') 
plt.ylabel('Silhouette Score') 
plt.title('Silhouette Score for Different Number of Clusters') 
plt.grid(True) 
plt.show() 
 
k =5 
kmeans = KMeans(n_clusters=k) 
labels_minmax = kmeans.fit_predict(arr_usage) 
silhouette_minmax = silhouette_score(arr_usage, labels_minmax) 
print(f"Silhoute Score Min Max: {silhouette_minmax}") 
 
from sklearn.metrics import davies_bouldin_score, calinski_harabasz_score 
# Menghitung score Davies-Bouldin Index 
dbi_score = davies_bouldin_score(arr_usage, labels_minmax) 
print(f"Davies-Bouldin Index: {dbi_score}") 
 
# Mendapatkan centroids 
centroids = kmeans.cluster_centers_ 
# Menampilkan centroids 
print("Centroids:") 
print(centroids) 
 
df_seg_pca = pd.concat([df_usage.reset_index(drop=True), 
pd.DataFrame(arr_usage)], axis=1) 
# Rename the last 8 columns to 'Component 1', 'Component 2', ..., 'Component 
dst' 
df_seg_pca.columns = list(df_seg_pca.columns[:-6]) + [ 
    'Component 1', 
    'Component 2', 
    'Component 3', 
    'Component 4', 
    'Component 5', 
    'Component 6' 
] 
# Add the cluster labels 
df_seg_pca['Cluster_PCA'] = kmeans.labels_ 
 
centroids = kmeans.cluster_centers_ 
 
# Hitung jarak antara setiap titik data dan centroidnya 
distances = [] 
for i in range(len(arr_usage)): 
    dist = np.linalg.norm(arr_usage[i] - centroids[kmeans.labels_[i]]) 
    distances.append(dist) 
# Buat DataFrame untuk menyimpan label dan jarak cluster 
df_distances = pd.DataFrame({ 
    'Cluster': kmeans.labels_, 
    'Distance_to_Centroid': distances 
}) 
# Melihat the DataFrame 
print(df_distances) 
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# Plot distribusi cluster 
plt.figure(figsize=(8, 6)) 
sns.countplot(x='Cluster_PCA', data=df_seg_pca) 
plt.title('Countplot of Clusters') 
plt.xlabel('Cluster') 
plt.ylabel('Count') 
plt.show() 
 
# Menghitung jumlah data pada masing-masing cluster 
cluster_counts = df_seg_pca['Cluster_PCA'].value_counts() 
# Membuat bar chart 
plt.figure(figsize=(10, 6)) 
bars = plt.bar(cluster_counts.index, cluster_counts.values, color='green') 
# Menambahkan label jumlah pada setiap bar 
for bar in bars: 
    yval = bar.get_height() 
    plt.text(bar.get_x() + bar.get_width()/2, yval, int(yval), 
va='bottom')  # va='bottom' untuk menampilkan label di atas bar 
plt.xlabel('Cluster') 
plt.ylabel('Jumlah Data') 
plt.title('Jumlah Data per Cluster') 
plt.xticks(cluster_counts.index)  # Menambahkan label x-ticks 
plt.show() 
 
df_seg_pca.head(5) 
columns_to_normalize = ['ServiceLocationCategory', 
'DealerBeliLocationCategory', 'DealerType', 'CurrentMileageRecord', 
'recency', 
                        'T', 'frequency', 'monetary', 
'expected_average_profit', 'CLTV'] 
# Memisahkan fitur dan label target 
X = df_seg_pca[columns_to_normalize] 
y = df_seg_pca['Cluster_PCA'] 
# Normalisasi data hanya pada fitur 
scaler = MinMaxScaler(feature_range=(0,1)) 
X_scaled = scaler.fit_transform(X) 
X_scaled_df = pd.DataFrame(X_scaled, columns=columns_to_normalize) 
# Konversi label target menjadi kategori 
y_cat = y.astype('category') 
X_arr = X_scaled_df.to_numpy() 
y_arr = y_cat.to_numpy() 
 
from sklearn.model_selection import cross_val_score 
from sklearn.model_selection import KFold 
#kfold split data-5 
kf = KFold(n_splits= 5) 
fold_number = 1 
for train_index, test_index in kf.split(X_arr): 
  X_train = X.iloc[train_index] 
  X_test = X.iloc[test_index] 
  y_train = y_cat.iloc[train_index] 
  y_test = y_cat.iloc [test_index] 
 
# Print the size of the data for the current fold 
print(f"Fold {fold_number}") 
print(f"Number of samples in X_train: {X_train.shape[0]}") 
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print(f"Number of samples in X_test: {X_test.shape[0]}") 
print(f"Number of samples in y_train: {y_train.shape[0]}") 
print(f"Number of samples in y_test: {y_test.shape[0]}") 
print("\n" + "-"*50 + "\n") 
fold_number += 1 
 
train_scores, test_scores = list(), list() 
#parameter kedalaman pohon 
values = [i for i in range(1, 13)] 
for i in values: 
  model = RandomForestClassifier(max_depth=i) 
  model.fit(X_train, y_train) 
  train_yhat = model.predict(X_train) 
  train_acc = accuracy_score(y_train, train_yhat) 
  train_scores.append(train_acc) 
  test_yhat = model.predict(X_test) 
  test_acc = accuracy_score(y_test, test_yhat) 
  test_scores.append(test_acc) 
 

plt.plot(values, train_scores, '-o', label='Train') 
plt.plot(values, test_scores, '-o', label='Test') 
plt.legend() 
plt.show() 
 
# Mencari Paramter terbaik 
from sklearn.model_selection import RandomizedSearchCV as RSCV 
param_grid = {'n_estimators': np.arange(50, 200, 10), 
              'max_features': np.arange(0.1, 1, 0.1), 
              'max_depth': [3, 5, 7, 9, 12], 
              'max_samples': [0.3, 0.5, 0,8]} 
model = RSCV(RandomForestClassifier(), param_grid, n_iter=15). fit(X_train, 
y_train) 
model = model.best_estimator_ 
print("Best Model:") 
print(model) 
 
# Model Random forest 
from sklearn.metrics import classification_report 
from sklearn.ensemble import RandomForestClassifier 
rfc = RandomForestClassifier( 
    n_estimators= model.n_estimators, 
    max_depth= model.max_depth, 
    max_features = model.max_features, 
    criterion='entropy', 
    random_state= 42, 
    oob_score=True, 
    bootstrap= True) 
rfc = rfc.fit(X_train, y_train) 
y_pred_train = rfc.predict(X_train) 
y_pred_test = rfc.predict(X_test) 
 
# Menampilkan pohon keputusan 
from sklearn import tree 
plt.figure(figsize=(40, 15)) 
for i in range (len(rfc.estimators_)): 
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  tree.plot_tree(rfc.estimators_[i], 
                 feature_names=X.columns, class_names=True, filled=True) 
 
n_trees = 1  # kita hanya ingin melihat satu pohon 
for i in range(n_trees): 
    plt.figure(figsize=(20, 10))  # Atur ukuran gambar untuk setiap pohon 
    tree.plot_tree(rfc.estimators_[i], 
                   feature_names=X.columns, 
                   class_names=True, 
                   filled=True, 
                   max_depth=3,  # Memplot hanya 3 level dari pohon 
                   fontsize=10) 
    plt.title(f'Tree {i + 1}') 
    plt.show() 
 
# Melihat Fitur paling berpengaruh 
model.feature_importances_ 
imp_df = pd.DataFrame({ 
    'Varname': X_train.columns, 
    'Imp': model.feature_importances_ 
}) 
 
imp_df.sort_values(by='Imp', ascending=False) 
 
# Proses melihat akurasi dari k fold 
scores = cross_val_score(rfc, X_scaled_df, y_cat, cv = 5) 
# Menampilkan hasil akurasi untuk setiap fold 
for i, score in enumerate(scores): 
    print(f"Fold {i+1}: Accuracy = {score:.4f}") 
# Menampilkan rata-rata akurasi dan standar deviasi 
print(f"Mean Accuracy: {scores.mean():.4f}") 
print(f"Standard Deviation: {scores.std():.4f}") 
 
# Evaluasi model pada data train 
print(classification_report(y_train, y_pred_train)) 
accuracy = accuracy_score(y_train, y_pred_train) 
print("Akurasi train:", accuracy) 
# Evaluasi model pada data test 
print(classification_report(y_test, y_pred_test)) 
accuracy = accuracy_score(y_test, y_pred_test) 
print("Akurasi test :", accuracy) 
 
from sklearn.metrics import confusion_matrix 
# Confusion Matrix untuk data train 
conf_matrix_train = confusion_matrix(y_train, y_pred_train) 
print("Confusion Matrix - Train:") 
print(conf_matrix_train) 
# Confusion Matrix untuk data test 
conf_matrix_test = confusion_matrix(y_test, y_pred_test) 
print("Confusion Matrix - Test:") 
print(conf_matrix_test) 
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Lampiran 3. Dokumentasi Wawancara dan Diskusi 
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