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1 System Configuration

The project has been done on IS-6300UCPU Windows 10 Pro operating system with 8GB
ram with extended 7.8 usable GB, and x64-based processor having a base clock speed of
2.50 GHz.

Device specifications

Device name DESKTOP-GS

Processar Inte

Installed RAM
Device 1D

Product ID
System type

Pen and touch

Copy

Rename this PC

Windows specifications

Edition 510 Pro
Version

Installed on

OS5 build

Experience Windows Feature Experience Pack 100

Figure 1: System Configuration

2 Software Requirement

For the project execution Google Colab environment has been used.
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Figure 2: Google Colab Environment

3 Python Libraries

The project uses following python libraries :

e numpy
e matplotlib
e pandas
e sklearn
e seaborn
e uuid
e C(CatBoost
4 Dataset

e Publicly published data was taken from open source site, Kaggle.com. Dataset
consist of four source files including; product, customer, transaction and clickstream
data of E-commerce store.

e Dataset contained website record from Aug 2016 to July 2022 of clothing brand, in
Indonesia.

5 Data Preprocessing

e To perform analysis, all for datasets were combined on the basis of shared identifier
among datasets

e In this step of analysis data cleaning has been performed using mean strategy to fill
critical column and mode for categorical columns.

e Perhaps, some of redundant columns from data has been dropped, (blank columns;
‘unnamed 3’ and ‘unnamed 4’)



) Display basic imformation about each dataset
primt("Clickstream Data:")
primt(click_stream.info())
print(click_stream.describe())
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Clickstream Data:

«<class 'pandas.core.frame.DataFrame’>
REngeIndex: 1848575 entries, @ to 1848574
pata columns (total 5 columns):

# Column Non-hNull Count Dtype
8 session_id 1848575 non-null
1 event_name 1848575 non-null
2 event_time 1848575 non-null
3 event_id 1848575 non-null

4 traffic_source 1848575 non-null
dtypes: object(s)
MEMOry Usage: 4@.8+ ME

None
session_id event_name
count 1848575 1248575
unigue E4545 9
top Fff267cd-1f6c-4575-8831-eaa32cd3acab Click
freg 77 219248
event_time event_id

count 1848575 1848575
unigue 1847236 1843575
top 2219-98-15T@3:32:44, 3567177 9c4388c4-C00b-4678-b5ca-e2chod734189
freg 29 1

traffic_source
count 1848575
unigue 2
top MOBILE
freg 942298

Figl. EDA on all clickstream dataset
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print("\nCustomer Da
print{customer.info(

print{customer.describe())

)

Customer Data:

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 1e2eee entries, e to 99999
Data columns (total 4 columns):
#  Column Non-null Count
@ customer_id  1002€@ ncn-null intes
1 gender 1ee22@ non-null object
2 birthdate 1e82e8 non-null object
3 home_country 1eeeee non-null object
dtypes: inte4(1), cbject(3)

memory usage: 3.1+ MB

Nene

custemer_id
count  199200.200002
mean Se2ea, 580028
std 28867.657797
min 1.2@082¢
25% 25@88. 750088
Se 52200 ,500028
75% 75208, 250088
max 199200 . 200022

Fig2. EDA on all customer dataset
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print("\nProduct Dat.
print(product.info())
print (product.describe())

Product Data:

<class 'pandas.core.frame.DataFrame’ >
Rangelndex: 44425 entries, @ to 44424
pata columns (total 3 columns)

- 42225 non-null
1 masterCategory 44425 non-null object
2 season 42475 non-null object
: ints4(1), cbject(z}

memory usage: 1.8+ MB

Ncne

customer_id
count  44425.820808
meam  257@3.83399%9
std  17844.873653
min 1153.020000
25%  14785.220000
Sef  23612.920000
75%  44533.020000
max  56290.220009

Fig3. EDA on all product dataset
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print("\nTransacti
print(transactions.info(
print(transactions.describe(})

Transacticns Data:
<tlass 'pandas.core.frame.DataFrame’>

RangeIndex: 852584 entries, @ to gs2582
pata columns (total 11
#  Column

unt  Dtype
@ customer_id 852584 non-null  intss
1 beooking_id 852584 non-null object
2 sessicn_id 852584 non-null object
3 payment_method 852534 non-null object
4 payment_status 852524 non-null object
5 promec_code 852584 non-null object
& shipment_fee 852584 non-null intsd
7  totsl_amount 852584 non-null
8 i 786668 non-null i
786568 non-null floats4
86668 non-null floatss
ints4(3), object(s)
memory usage: 71.6+ ME

None

customer_id  shipment_fee total_smount product_id
count  §52584.0@008¢ E52584.008000 £.515840e+05 TOE66S.200002

mean 49839.214853 9183 152 5.499165e+85  296595.803287
std 28999.329513 9377.856335 8.15376le+95  17@58.551733
min 2.200082 2.002208 1.837508e+04 1153, 200082
25% 2.889288 2,837928s+85 14

Sex 10082,000208 3.023808e+05 2862

75% 74957.200088  10092.800800 5.147@22e+85 44583,

max 192200,.80080¢ SB0S2.008208 2.35e440e+07  COGS8.200002

gquantity item_price

Fig4. EDA on all transaction dataset

6

Data Analysis

¢ In this step, all data files were merged for ML models implementation.
e Missing values further dealt with mean and mode strategy, data type has been
ensured to be Integer.
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2 @ # convert event_time to datetime
click_stream["event_time'] = pd.to_datetime(click_stream['event time'])

# Create session duration feature

click stream["session start'] = click_stream.groupby("session_uuid"}['event_time'].transform{ 'min"}
click_stream["sessiocn_end'] = click_stream.groupby('sessicn_uuid')["event_time'].transform{ 'max')
click_stream["session_duration'] = (click_stream['session_end'] - click stream['session_start']).dt.t

# Drop unnamed columns
product.drop({columns=[ "Unnamed: 3', "Unnamed: 4'], inplace=True, errors="ignore'}

# Handle missing values in transactions data
transactions["product_id'].fillna(transactions[ 'product_id"].mode()[e], implace=True}
transactions["quantity”].fillna(transactions[ "quantity ' ].mede(}[@], inplace=True}
transactions["item price'].fillna({transactions['item price"].mean(), inplace=True}

# Convert necessary columns to appropriate data types before merging

customer([ "customer_id'] = customer[®custemer_id'].astype(int)

product[ 'customer_id'] = product['customer_id"].astype(int)
transactions["customer_id'] = transactions['customer_id'].astype{int)
click_stream["session duration'] = click stream['session_duration'].astype(int)

# Merge datasets
merged_dfl = transactions.merge(customer, on="customer_id', how='left').merge{preduct, on="customer_i
merged_df = click stream.merge{merged_dfl, on='session_id', how='left')

Fig5. Integration of datasets on the bases of common identifiers across all source files
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i ° # Handling duplicated session_id by merging their event_times
| import uuid
click_stream[ "session_uuid'] = click_stream[ "session_id'].apply{lambda x: str{uuid.uuids(uuid.NAMESPA

# Drop duplicate event entries to keep unigque session data|
# click_stream = click stream.drop_duplicates{subset=["session uuid'])

Fig6. Handling duplication of session_id

e UUID lib imported to handle duplication of session id in data. The objective of
employing UUID was to ensure to consider that multiple events can be taken in
one session.



[ 1 # Calculate session duration
merged_df[ "session_duration'] = {merged_df['session_end'] - merged df['session_start']).dt.total_se

# Define bounce rate: sessions with very short duration (e.g., <10 seconds) are considered bounces
merged_df[ "bounce_rate'] = np.where(merged_df[ "session_duration®] < 18, 1, &)

# Convert bounce_rate to integer
merged_df[ "bounce_rate'] = merged_df[ "bounce_rate'].astype(int)

print(merged_df.describe())
# # Create unique_user feature: Count unique sessions per customer
# merged_df[ 'unique_user'] = merged df.groupby('customer_id')["session_id'].transform{ ' nunique")

# print{merged_df.shape)

merged_df.head()
print(merged df.columns)
print(merged df.describe())
print(merged df.head()}

5% coumt 992131.208082 999131.000808 9.991310c+85 1.848575£+86
= mean 28306.857573 1.458885 2.49813%e+85 2.187622e-84
std 17892.367163 1.572581 1.117818s+85 1.4516132-82
min 1152 . ca0a2 1.@02208 1.5232082+82 O.2200222+02
25% 14982, 260888 1.002¢08 1.6257282+85 0,080008c+08
5@k 2870].200022 1.868268 2.333588e+35 0.2200222+08
75 44774200082 1.86888 3.137938c+85 O.220822c+08
max 59992, 200022 41.082288 1.859753e+86 1.220022c+80

session_id event_name %
fhaabfoe-fdla-44dd-b5ca-2834d534b81c  Homepage
fbeabfee-fdla-42dd-b5ce-25823405a4b81c scroll
7despasl-ee7a-4d36-b324-geffde3edlae Homepage
7d440441 -ef7a-4d35-b324-Beffde3edlse  addtocart
Tdespaa) -ef7a-4d35-b324-2afFdE36d 166 Bocking

Fig.7 New feature engineering
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[1]
# Encode cateporical variables
le = LabelEnceder(}
click_stream["event_name_encoded'] = le.fit transform(click_stream[ "event_name'])
click_stream["traffic_source_encoded"] = le.fit_transform{click_stream["traffic_source'])
customer["gender_encoded'] = le.fit transform{customer['gender])
product| 'masterCategory_enceded'] = le.fit_transform{product[ 'masterCategory'])
product[ 'season_encoded”] = le.fit_transform(product[’season'])
transacticns[ " payment_method_encoded®] = le.fit_transform(transactions[ ' payment_method'])
transacticns["promc_code_encoded'] = le.fit_transform(transactions[ "promo_code'])
transacticns["purchase’] = le.fit_transform(transacticns["payment_status'])

Fig8. Encoding of variables for ML models
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# Count the occurrences of each payment status

purchase_counts = transactions['payment_status'].value_counts(}
primt("\nCount of Each Payment Status:")

print{purchase_counts)

# Assuming 'success® and 'failed' are the unique values in 'payment_status' column
success_count = purchase_counts.get('success', 1)
failed_count = purchase_counts.get("failed', @)

# Select relevant features for the model and drop irrelevant oneq
features_to drop = ['booking_id®, 'session_id®, 'event_name®, ‘eventi_time', "event_id", 'traffic_sour
merged_df.drop{columns=features_to_drop, inplace=True, errors="ignore')

# Ensure that only numeric columns are present in the feature set

X = merged df.select_dtypes(include=[np.number])

¥ = merged_df.get("purchase", pd.series([e] * len{merged df))) # Creating duemy if "purchase" is not
# Fill missing values before splitting

imputer = simpleImputer{strategy="mean')
¥_imputed = imputer.fit_transform{x}

Fig9. Setting merged_df (features and target variable) for models

e Features to drop: showing the drop command for features those has already
been encoded with LableEncoder to be used in merged_df

7 Model Training and Testing

[ 1 from sklearn.model selecticon import train_test_split
# Split data into training and testing sets
X_train, X test, y_train, y_test = train_test split(x_imputed, y, test_size-2.2, random state-=42z)

primt("Data preprocessing complete. Shapes of train and test sets:™)
primt("¥_train:", X_train.shape, "y_train:", y_train.shape}
primt("X_test:", X_test.shape, "y_test:", y_test.shape)

Data preprocessing complete. Shapes of train and test sets:
¥_train: (565334, 12) y_train: (565334,)
¥_test: (141332, 18) y_test: (141334,)

(3]

[ 1 from sklearn.metrics import classification_report, accuracy_score
from sklearn.linear_model import LogisticRegressicn

# Check the distribution of the target wariable in the trainimg set
primt("Training target distribution:'n", y_train.value_counts(}}

# Baseline Model: Logistic Regression

baseline_model = LogisticRegression(max_iter=laoa)
baseline_model.fit(X_train, y_train)

y_pred_baseline = baseline_model.predict(X_test)
y_pred_proba_baseline = baseline_model.predict_proba(x_test)[:, 1]

# Evaluation

print("Baseline Model - Logistic Regression"}

primt("Accuracy:", accuracy score(y_test, y_pred_baseline})

print("Classification Report:\n", classification_report(y_test, y_pred baseline)}

# Printing the predicted probabilities for better understanding
primt("Predicted Probabilities (first 18 samples):\n", y_pred_proba_baseline[:18])

Fig.10 Split model for training and implementation of Baseline model



Training target distribution:

purchase
1 Li0E6E
2 24468

Mame: count, dtype: imtes4

Baseline Model - Legistic Regression
Accuracy: 8.95685214315826815
Classification Report:

precisicn recall f1l-score  support

a 2,88 Q.88 a.8a 6145

1 2,96 1.82 B.95 135189

gocuracy B.9 141334
macro avg 2.48 a.52 8.4 141334
weighted avg 8.91 8,95 8,94 1413324

Predicted Probabilities (first 12 samples):
[8.25952535 @.86835765 @,98995171 2.97362724 8.,97266748 2.97239443
2.94337264 B.97646479 @,97790974 B8,82443363]
fusr/local/lib/pythonz.18/dist-packages/sklearn/metrics/_classification.py:1471: uUndefinedmetricWarnin
_warn_prf{average, medifier, msg_start, len{result)}
Jfusr/localflib/python2.18/dist-packages/sklearn/metrics/ _classification.py:1471: UndefinedMetricharnin
_warn_prf{average, medifier, msg_start, len{result)}
fusr/local/lib/pythonz.18/dist-packages/sklearn/metrics/_classification.py:1471: uUndefinedmetricWarnin
_warn_prfi{average, modifier, msg_start, len{result))}

Fig11. Results from Baseline model

Advanced models, RF and GB

0 from sklearn.ensemble import RandomForestClassifier, @radientBeostingClassifier
from sklearn.metrics import classification_report, accuracy_score

# Random Forest Classifier

rf_medel = rRandomForestClassifier({n_estimators=188, random_state=42)
rf_model.fit(x train, y_train)

y_pred_rf = rf_model.predict{¥_test)

primt("rRandom Forest Classifier”)
primt({"Accuracy:", accuracy_score(y_test, yv_pred_rf))
primt("Classification Report:\n", classification_report(y_test, y_pred rf))

Randcm Forest Classifier
Accuracy: 1.8
Classification Report:

4

precisicn recall fl-score  support

a 1.82 1.88 1.28 5145

1 1.82 1.88 1.28 135182

accuracy 1.28 1413324
macro avg 1.82 1.88 1.28 141334
weighted avg 1.82 1.88 1.28 141334

Fig.12 Implementation and results of advance model -RF



] from sklearn.ensemble import RandomForestClassifier, GradientBoostingClassifier

# gradient Boosting Classifier

gb_medel = eradiemtBoostingClassifier{n_estimators=1e2, random_state=42}
gb_model.fit(¥X_train, y_train)

y_pred_gb = gb_model.predict{¥_test)

primt("Gradient Boosting Classifier™)
primt("Accuracy:", accuracy_scorely_test, y_pred_gb))
primt(“Classification Report:yn", classification report{y_test, v pred gb))

13

Gradient Boosting Classifier
Accuracy: 1.8
Classification Report:
precisicn recall fl-score  support

a 1.88 1.8 1.848 £145

1 1.88 1.8 1.848 135185

gocuracy 1.24 141324
macra avg 1.88 1.8 1.848 141324
weighted avg 1.82 1.88 1.2a 141324

Fig.13 Implementation of advance model -GB

8 Application of Techniques for Imbalanced class

[ 1 from imblearn.over_sampling import SMOTE

# Handle imbalanced dataset using SMOTE
smote = SMOTE(random_state=42)
¥_train_balanced, y_train_balanced = smote.fit_resample(x_train, y_train}

# Check the distributicon after applying SMOTE
print(“Balanced training target distribution:\n", y_train_balanced.value_counts{}}

# Baseline Model: Logistic Regression with Class Weights

baseline_model = LegisticRegression(max_iter=1gea, class_weight='balanced')
baseline_model.fit(X_train_balanced, y_train_balanced)

y_pred_baseline = baseline_model.predict(X test)

y_pred_proba_baseline = baseline_model.predict_proba(x_test)[:, 1]

print(“Baseline Model - Logistic Regression with SMOTE and Class Weights™)

prinmt(“Accuracy:", accuracy score(y_test, y_pred_baseline}}
print("Classification Report:\n", classification_report(y_test, y_pred_baseline}}

=~ Balanced training target distributicn:

purchase
1 Rl
2 S4BEES

Hame: count, dtype: inmtss4
Baseline Model - Legistic Regression with SMOTE and Class Weights
ACCuracy: @.8192777392552469
Classification mepert:
precision recall fi-score  support

=] 2.84 @.36 a.83 5145

1 2.9 a.63 8.76 135189

accuracy B.52 141334
macro avg 2.58 B.49 B.42 141334
weighted avg 2.92 a.62 B8.73 141334

Fig.14 Implementation of SMOTE to handle imbalanced class.



[ 1 # Hyperparameter tuning for Logistic Regression
from sklearn.model_selection import GridSearchCW, cross_val_score

param_grid_lr = {
'c': [8.1, 1, 18],
'solver': ['lbfgs', 'liblinear']

3

grid_search_lr = GridsearchCv{estimator=LogisticRegression{max_iter=1eee, class_weight='balanced'},
grid search_lr.fit(x_traim_balanced, y_traim_balanced})

# Best model from grid search
best_lr_model = grid_search_lr.best_estimator_

# Predictions and Evaluaticon

y_pred_lr = best_1r_model.predict(x test)

primt("Logistic Regression (After Hyperparameter Tuming)"}
primt("Accuracy:", accuracy_score(y_test, y pred 1r))

primt("Classification Report:\n", classification_report(y test, v pred 1r))

Fitting © folds for each of & candidates, totalling 2@ fits
Logistic Regression (After Hyperparameter Tuning)
Accuracy: 8.9999787736858297
Classification Report:
precisicn recall fl-score  support

4

a 1.82 1.82 1.2a 6145

1 1.88 1.88 1.2a 135189

gCCcuracy 1.2a 141334
macro avg 1.88 1.88 1.2a 141334
weighted avg 1.82 1.82 1.2a 141324

Figl5. Implementation of Hyperparameter tuning for improved performance
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] from sklearn.model_selection import RandomizedSearchCv, cross_val score
from sklearn.ensemble import RandomForestClassifier, GradientBocostingClassifier
from xghoost import XGBClassifier
from scipy.stats import uniform, randint

# Handle imbalanced dataset using SMOTE
smote = SMOTE(random_state=42)
¥_train_balanced, y_train_balanced = smote.fit_resample(X_train, y_train)

# Hyperparameter tuning for Random Forest
param_dist rf = {
‘n_estimators': randinmt(10@, 288},
'max_features': ['auto', 'sgrt', "log2'l,
‘max_depth": randint(ie, e},
"min_samples_split': randimt{z, 18),
'min_samples leaf': randint(1, 4)

b

random_search_rf = Randomizedsearchov(estimator=RandomForestClassifier(random state=42, class_weight=
randce_search_rf.fit({X_traln_balanced, y_train_balanced)

# Best model from randcam search
best_rf_meodel = random_search_rf.best_estimator_

# Predictions and Evaluaticn

y_pred_rf = best_rf_model.predict(x test)

print("rRandom Forest Classifier {aAfter Hyperparameter Tuning)"}
primt{"Accuracy:", accuracy scorely_test, v _pred_rf))
primt({"classification Report:ywn", classification_report(y_test, y_pred_rf))

# Cross-validation score

cv_scores = cross_val score(best_rf_model, X train_balanced, y_train_balanced, cw=5)
print("Cross-validation Scores:™, cv_scores)

primt({“Mean Cross-valldaticn Score:™, cv_scores.mean())

Fig.16 Advanced model with hyperparameter tuning

9 Application of Downsampling

[ 1 df_majority downsampled = resample(df majority,
replace=False, # sample without replacement
n_samples=len{df_minority), # to match minority class
random_state=42} # reproducible resulfs

# Combine mimority class with downsampled majority class
df_downsampled = pd.concat([df_majority_downsampled, df_minority])

[ 1 print{df_downsampled.shape)
df_downsampled.head()

Fig.17 Implem.entation of Downsampling
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[ ] # Baseline Model: Logistic Regression after downsampling
from sklearn.metrics import classification_report, accuracy_score
from sklearn.linear_model import LogisticRegressionCw

baseline_model = LogisticRegressionCvimax_iter=1ea)
baseline_model.fit(X¥_train, y_train)

y_pred_baseline = baseline model.predict{X test)
y_pred_proba_baseline = baseline_model.predict_proba(x _test)i[:, 1]

primt({“"Baseline Model - Logistic Regression with Dowmsampling™)
primt{"Accuracy:", accuracy_score(y_test, y_pred_baseline}}
primt({"Classification Report:in", classification_report(y_test, y_pred_baseline)]

== Baseline Model - Logistic Regression with Downsampling
ACCuracy: 2.e5658588578851441
Classification Report:
precision recall fl-score  support

a 2.66 8,59 B.67 40585

1 2.63 8.64 B.658 49781

gCcuracy B.67 S93ar
macro avg 2.67 a.67 B.65 S93a7
weighted avg 3.67 8.7 B.86 53387

Fig 18. Results of Baseline model with downsampling

12
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o from sklearn.ensemble import RandomForestClassifier, GradientBoostingClassifier
from xgboost import XGBClassifier
from sklearn.metrics import classification_report

# Random Forest Classifier

rf_medel = RandomFeorestClassifieri{n_estimators=18, random_state-=42}
rf_medel.fit{X_train, y_train)

y_pred_rf = rf_model.predict(x_test)|

print("Random Forest Classifier with Downsampling®

primt("Accuracy:", accuracy scorely_test, y_pred_rf))
primt("Classification Report:in”, classification_report(y_test, y_pred_rt))

# Gradiemt Boosting Classifier

gb_medel = GradientBoostingClassifier{n_estimators=12, random_state=42)
gb_meodel.Fit{X_train, y_train)

y_pred_gb = gb_model.predict{x_test}

print("eradient Boocsting Classifier with Downsampling™)

primt("Accuracy:", accuracy_score(y_test, y_pred gb))
prinmt("Classification Report:in”, classification_report(y_test, y_pred_gb))

# XGBoost Classifier

»gb_model = ¥GBClassifier{n_estimators=18, random_state=42)

xgb model.fit(X_train, y_train)

y_pred_xgb = xgb_medel.predict(X_test)

print("XGBoost Classifier with Downsampling™}

primt("Accuracy:", accuracy_score(y_test, y_pred_xgh))
print("Classification Report:in", classification_report(y_test, y_pred_xgb)}

Randcm Forest Classifier with Downsampling
ACCuUracy: 2.7126833768459938
Classification Report:
precision recall fl-score  support

(4]

Fig.19 Advanced models with Downsampling
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[ 1 !'pip install catboost

4

Collecting catboost

Downloading catboost-1.2.5-cp318-cp3la-manylinux281s x26 &4.whl.metadata (1.2 kB)
Requirement already satisfied: graphwiz in fusr/local/lib/pythen3.1@/dist-packages (from catbeost) (8.
Requirement already satisfied: matpletlib im fusr/local/lib/pythonz.18/dist-packages (from catboost) (
Requirement already satisfied: numpy»=1.16.8 in fusr/lecal/lib/python3.18/dist-packages (from catbeost
Requirement already satisfied: pandas»=8.24 in Jusr/lecal/lib/pytheon3.l18/dist-packages (from catboost)
Requirement already satisfied: scipy in fusr/local/lib/python3.18,/dist-packages {from catboost) (1.12.
Requirement already satisfied: plotly im Jfusr/locals/lib/python3.le/dist-packages (from catboost) (5.15
rRequirement already satisfied: six in fusr/lecal/lib/python3.le/dist-packages (from catboost) (1.16.8)
Requirement already satisfied: python-dateutil»=2.8.2 in fusr/local/lib/python2.18/dist-packages (from
rRequirement already satisfied: pytz»=2028.1 in Jusr/local/lib/pythen3.i1e/dist-packages (from pandas»=8
Requirement already satisfied: tzdatar=2822.1 in fusr/local/lib/python3.1@/dist-packages (from pandas>
rRequirement already satisfied: comtcurpy»=1.2.1 in Jusr/local/lib/python3.1e/dist-packages (from matpl
Requirement already satisfled: cycler»=8.16 in Jusri/local/lib/pythen3.18/dist-packages (from matpletli
rRequirement already satisfied: fonttools»=4.22.8 in Jusr/lecal/lib/pythen3.1e/dist-packages (from matp
Requirement already satisfied: kiwisclver»=1.2.1 in (fusr/local/lib/pythonz.18/dist-packages (from matp
Requirement already satisfied: packaging»=28.2 in fusr/local/lib/python3.1e/dist-packages (from matplo
Requirement already satisfied: pillow:=6.2.@ in /Jusr/local/lib/pythonz.i1e/dist-packages (from matplotl
Requirement already satisfied: pyparsing»=2.3.1 in Jusr/local/lib/python3.l8/dist-packages (from matpl
Requirement already satisfied: tenacity»=6.2.@ in /usr/local/lib/pythonz.le/dist-packages (frem plotly
Downloading catboost-1.2.5-cp31e-cp21@-manylinux221s =86 64.uwhl (98.2 MB)
98.2/98.2 MB 6.4 MB/s eta 9:00:82

Installing collected packages: catboost
successfully installed catboost-1.2.5

4 4

Fig.20 Installation of CatBoost Lib
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Successtully insta]]ea céEE-ccst-l.z.s

4
+ 4o 0@

O # catboost Classifier
from catboost import cateoostrlassifier
cbt_model = CatBoostClassifier()
cbt_model.fit(X_train, y_train)
y_pred_cht = cbt_model.predict(X_test)
primt("CatBoost Classifier with Downsampling™)
primt(“Accuracy:", accuracy_score(y_test, y_pred xgb))
prinmt("classification Report:\n", classificationm_report(y_test, y_pred xsh))

3% Learning rate set to @.132855
:H learn: 8.6663384 total: 197ms remaining: 3m 1&8s
1: TrArR: A.RIAESAT total: 2E3Im= remainine: ?m GR=

Fig.21 CatBoosting classifier results with Downsampling.
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