MODEL COMPARISONS

Model

Logistic
Regression

XGBoost

Random Forest

Deep Learning

Accuracy

Precision Recall F1 Score

100.0%

All of the models have high accuracy.
XG Boost has the best AUPRC & ROCAUC

Random Forest has O False Positives

AUPRC
(Positive Fraud)

0.992

ROC AUC
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LIBRARS AND MODULES

& for data handling and

CCIlCUlCItIOI‘IS import pandas as pd
import numpy as
& fOI" ViSUCIIiZCItiOhS import matplotlib.pyplot as plt
import seaborn as sns
{ o) normalize Amount cmcl from sklearn.preprocessing import
Time from sklearn.model_selection import train_test_split

from sklearn.ensemble import RandomForestClassifier
° o from sklearn.metrics import (
to divide data for ’

&l o accuracy_score, precision_score, recall_score, fl_score,
trcllnmg/testlng classification_report, confusion_matrix,
st precision_recall_curve, average_precision_score, roc_curve, auc
for model training
import warnings
fOI" model evaluation warnings.filterwarnings('"ignore")
(accuracy, precision, ROC, etc.) i

to hide warnings in output



df = pd.read_csv("creditcard.csv")

df .head( )
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Data Pre-processing

Checking for Null Values

#Check for missing values
df.isnull().sum()
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Data Pre-processing

Checking for Duplicated Values

df.duplicated().sum()

df.shape

(284807, 31)

df = df.drop duplicates()

df.shape

(283726, 31)



Data Analysis

Info

#Info & Statistics

df.info()

<class 'pandas.core.frame.DataFrame'>

Index: 283726 entries, @ to 28486

Data columns (total 31 columns):
Column Non-Null Count

6 non-null floate4d
non-null floatse4
non-null floate4a

6 non-null floate4d

non-null floate4

non-null floatea
non-null floats4d
non-null floate4
non-null floatsa
non-null floatsa
non-null floate4
non-null floate4
non-null floatea
non-null floatea

6 non-null floatead
non-null floats4
non-null floate4
non-null floats4
non-null floate4
non-null floate4
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Data Analysis

Statistics

df .describe()

L | V3 V5 V7 vE V21 Va3 vae Class
count  2F 00 233726000000 233726.0000 2833726.0000 283 o0 28 MO0 z 283 0000 283726.000000 283726.000000 . 233726.000000 233 } 233726.000000 253726.000000 283726.000000 23 000 733726.000000 253726.000000 2f 00 233726.000000
mean 18 0 003817 0 1 3 002956 528 L001¢ -0.000854 { B ) 7 -0.000015 0. 2 .0 : 2 1 0. 3 7 6 0.00166T
1.179054 1.085492 0% 0.724550
-13.4340668 . 3 -10.933144 : 73 2053497 -2.6045 2 565670 - : 0.000000 0.000000
-0.644221 230 -0. 703 0354453 -0.31742 -0. 3 00706 C.B00000
-0.022243 3 -0.27 23 1 : 2 052598 . . 0. 1 -0.0111549 : 3 -0, 2 0.001479 2 22 000000
0.730647 B12218 0.3946792 0570474 0.325704 593877 186104 528245 0.147748 0.43 3 0.350667 4 0. 3 77.510000 0.000000

16.875344 34801666 73301626 1205804504 20.007208 50450 . 27.202830 10.503090 22528412 4 584544 7.51058 3517346 31 3 3 302 25601160000 1000000

Time ranges from 0 to ~172,000 seconds (~48 hours).

Mean is around 94,000 — the dataset has more higher values

Amount has a wide range, from O to over 25,000, with a skewed mean of about 88.
This suggests that just a few high-value transactions pull the mean right.

Class is binary, with a mean close to 0, confirming imbalance.”



Data Analysis

Class Value Counts

df|[ 'Class’ ].value counts()

Class

g 283253

1 473

Name: count, dtype: 1nt64




Data Analysis

Visualisation

VISUa|IZE]tIOI’1 - # Pie chart of class

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

" ].value_counts(), labels=['Non-Fraud®, "Fraud’],
sns.set(style="whitegrid") autopct="%1.4t%%", colors=['skyblue’, ‘red’], startangle=140)
.title("Fraud vs Non-Fraud Distribution™)
.axis('equal")
.show()

#Class distribution coun
plt.figure(figsize

sns.countplot(x="C data=df) Fraud vs Non-Fraud Distribution
plt.title("Fraud (1) vs Non-Fraud (@) Class Distribution")

plt.yscale('log")

plt.show()

Fraud (1) vs Non-Fraud (0) Class Distribution

0.1667%

99.8333%

Non-Fraud




Data Analysis

Transaction Time Distribution

# Histogram of transaction times by class

plt.figure(figsize=(10, 5))

sns.histplot(df[df['Class'] == @][ 'Time'], color="blue', label='Non-Fraud', bins=18@, stat="density', kde=True)
sns.histplot(df[df['Class'] == 1]['Time'], color="red', label='Fraud', bins=100, stat="density', kde=True)
plt.title("Transaction Time Distribution (Density)")

plt.legend()

plt.show()

Transaction Time Distribution (Density)

Non-Fraud
Fraud

AT | AR
i “| || ““u | ||....I. L

0 25000 50000 75000 100000 125000 150000 175000
Time

Around 0-50,000 seconds, fraud activity is relatively high Fraud density drops and
picks up again in certain mid-ranges.




Data Analysis

Histplot Fraud Transactions By Hour

hours

hour of day

'] = 1]

plt.

sns.hi : e, color="red")
plt.

plt.xlab

plt.y

plt.xtic

plt.grid(True)

plt.show()

Fraud Transactions by Hour of Day
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During the day, there are fraud peaks around hour 10-12
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Data Analysis

KDE Plot of Transaction Amount by Class

Figure(figsize=(18
"Amount’ ], label="Non-Fraud', fill=True)
.kdeplot( “Amount”’ ], label="Fraud®', fill=True)
Lxlim( p@) # focus on most common amounts
of Transaction Amount by Class®)

.legend( )
.show()

KDE Plot of Transaction Amount by Class
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Data Analysis

Bar Plot For Summary

import matplotlib.pyplot as plt
import seaborn as sns

fraud_df = df[df[’'Clas

totalFrauds = len(fraud_df)
meanfmount = fraud_df[’
meanHour = fraud_df['Tim

y=[totalFrauds
.title("Fraud Transaction Summary
.ylabel("Values™)
.show()

Fraud Transaction Summary

Total Frauds Mean Amount Avg Time (hr)




Data Analysis

Correlation

CORRELATION

corr_matrix = df.corr()

# Correlation with Class

corr_with_class = corr_matrix['Class’].drop(‘Class’).sort_values(ascending=False)
print(“\nTop Positively Correlated Features with Class:")
print(corr_with_class.head(18))

print(“\nTop Negatively Correlated Features with Cla
print{corr_with_class.tail(18))

Top Positively Correlated Features with Class:
V11 8.149067

V4 @.129326

V2 @.884624

V19 @.833631

Va 0.8330638

V21 @.826357

V27 @.821892

V28 0.821486

V28 ©.889682

Amount Q.805777

Name: Class, dtype: floated

Top Negatively Correlated Features with Class:
Va -8.094821

V1 -8.094486

Vis -9.185340

V7 -8.172347

V3 -8.182322

Vie -9.187186

Viae 8.206971

Viz -8.258711

Vid @.293375

V17  -8.313498

Name: Class, dtype: floatéd

Top Positively Correlated: V11, V4,V2,V19,V8,V21,V27,V20,V28
Top Negatively Correlated: V17, V14, V12, V10, V16,V7,V3,V18,V1,V9




Data Analysis

HeatMap

t

# Heatmap of
plt.figure(fi

sns.heatmap(df[top_features].cor annot=True, cmap='Spectral’)
plt.title("Top Correlated Featur )
plt.show()

Top Correlated Features

0.014 -0.013 -0.0079 -0.0091 -0.0082 -0.0088 0.0074 0.0037

0.01 0.00017-0.0091 -0.003 -0.0038 0.0077 0.0028

0.013 -0.01 1 -0.0069 -0.0074 -0.0059 -0.0062 0.0056 0.0034

-0.0079 0.00017 -0.0069 1 -0.0037 0.0096 -0.014 0.00084 0.0028

0.0091 0.0091 0.0074 0.0037 1 -0.0044 -0.0059 0.0048 0.0033

-0.0082 -0.003 -0.0059 -0.0096 -0.0044 1 -0.012 0.0023 0.0028

-0.0088 -0.0038 -0.0062 -0.014 -0.0059 -0.012 1 0.0025 0.0047
0.0074 0.0077 0.0056 0.00084 0.0048 0.0023 0.0025 1 0.0012 0.0021
0.0037 0.0028 0.0034 0.0028 0.0033 00028 0.0047 -0.0012 1 0.0023

-0.0053 0.0045 -0.0035 -0.0025 -0.0054 0.0035 -0.0043 0.0021 0.0023

V17 V14 V12 : 3 y V4




Data Analysis

Feature Scaling

Feature Scaling

scaler = StandardScaler()

df[ 'scaled amount'] = scaler.fit_transform{df[[ "Amount’]])
df[ "scaled_time'] = scaler.fit_transform(df[[ 'Time’]])
df.drop([ "Amount’, 'Time'], axis=1, inplace=True)




Data Analysis

UnderSampling

Undersampling

fraud = df[df[ 'Class’]
non_fraud = df[df[ " 'Clas:

print({“\nBefore resampling:"”
print{f"Fraud cases: {len(fraud)} | Mon-fraud cases: {len(non_fraud);")
# Undersample majority class to match minority

non_fraud sampled = non_fraud.sample(n=len(fraud), random state=42)
new df = pd.concat([fraud, non_fraud sampled], ignore index=True)
print("\nAfter undersampling:")

print(new_df[ Class’].value counts())

(I

new_df.drop('C
new_df[ 'Class’

Before resampling:
Fraud cases: 473 | Non-fraud cases:

473
MName: count, dtype: intbtd




LOGISTIC REGRESSION

Logistic Regression is a interpretable
mOdel used for b|n0ry ClOSS|f|COt|On Here, from sklearn.linear_model import LogisticRegression

x_train, x_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

it learns to separate fraudulent from # Model training

legitimate transactions by finding the best ~ Ir 7 Lesistictearessionrandon state=iz, nax_icer=1000)
decision boundary based on the training

dOtO. # Evaluation

print("\nLogistic Regression Metrics:")

print("Accuracy:", accuracy_score(y_test, y _pred_1r))
print("Precision:", precision_score(y_test, y_pred_1r))
print("Recall:", recall_score(y_test, y_pred_1lr))

print("F1 Score:", fl_score(y_test, y pred_lr))
printE”AUPRC:”, average_precision_score(y_test, y_scores_lr)m

print("\nClassification Report:\n", classification_report(y_test, y _pred_1lr))

This code shows how well the Logistic s oos
RegreSSion mOdel performs USing Logistic Regression Metrics: .

Accuracy: 0.97894736842108527

W Theus i
values show high accuracy and excellent 1 Score: 0.077011494252873%
balonce between detecting fraud and

minimiZing fOlse pOSitiveS." precision recall fl-score support

@ 0.97 9.99 0.98 102

1 0.99 0.97 0.98 88
accuracy 0.98 190
macro avg 0.98 0.98 0.98 190

weighted avg 0.98 0.98 9.98 190



LOGISTIC REGRESSION

# LONTUS1on MatrlxX pLot

plt.figure(figsize=(5, 4))

sns.heatmap(confusion_matrix(y_test, y pred_1lr), annot=True, fmt='d', cmap='Blues',
xticklabels=['Non-Fraud', 'Fraud']l, yticklabels=['Non-Fraud', 'Fraud'])

plt.xlabel('Predicted')

plt.ylabel('Actual')

plt.titbe("Logistic Regression - Confusion Matrix") ThIS plot VISUC”IZeS the mOde|’S predICtIOHS AVAS)
P P actual labels, showing how many and
- _ _ _ cases were correctly or incorrectly
Logistic Regression - Confusion Matrix

classified.
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.figure(figsize=(6, 5))

.plot(fpr_lr, tpr_1lr, label=f"ROC AUC = {roc_auc_lr:.4f}", color='blue")
.plot([@, 11, [®, 1], linestyle='—-"', coler='gray')

.xlabel('False Positive Rate')

.ylabel('True Positive Rate')

.title('Logistic Regression - ROC Curve')

. legend()

«grid(True)

.show(ﬂ

v 0s
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Logistic Regression - ROC Curve
Non-Fraud Fraud

Predicted

This curve shows the trade-off between and >

The ROC AUC score indicates overall model
performance — higher is better.
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—— ROC AUC = 0.9891
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False Positive Rate




AGBOOST MODelL

import xgboost as xgb

# Model training
xgb_clf = xgb.XGBClassifier(use_label_encoder=False, eval_metric="'logloss', random_state=42)
xgh_clf.fit(x_train, y_train)

XGBoost is an advanced gradient boosting method that
builds multiple decision trees sequentially. It focuses on

# Confusion Matrix plot
plt.figure(figsize=(5, 4))
sns.heatmap(confusion_matrix(y_test, y_pred_xgb), annot=True, fmt='d', cmap='Blues’,

. . . xticklabels=['Non-Fraud', 'Fraud'], yticklabels=['Non-Fraud', 'Fraud'])
, making it very effective for complex datasets. plt.xlabel('Predicted')

plt.ylabel('Actual’)
plt.title("XGBoost - Confusion Matrix")
pLt.showi()]

v 0.0s

XGBoost - Confusion Matrix

o
>
E

e
o

=

This heatmap shows correct and incorrect predictions by the XGBoost model.
It helps understand model accuracy on each class.

Non-Fraud Fraud
Predicted




AGBO0OST MODeL

fpr_xgb, tpr_xgb, _ = roc_curve(y_test, y_scores_xgb)
roc_auc_xgb = auc(fpr_xgb, tpr_xgb)

plt.figure(figsize=(6, 5))

plt.plot(fpr_xgb, tpr_xgb, label=f"ROC AUC = {roc_auc_xgb:.4f}", color='orange')
plt.plot([e, 11, [@, 1], linestyle='—-', color='gray')

plt.xlabel('False Positive Rate')

it rnes < ot G e This ROC curve shows the trade-off
plt.legend()

between true positive rate and false

plt.show()

/ oos positive rate.
e The closer the curve is to the top-left, the
better the model.

e The AUC score tells overall performance
(higher is better).
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ROC AUC = 0.9982
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RANDOM FOREST MODEL

x_train, x_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

rf = RandomForestClassifier(n_estimators=100, random_state=42)
rf.fit(x_train, y_train)
y pred = rf.predict(x_test)

v/ 0.2s

# Classification Report

print("\nClassification Report:\n")

print(classification_report(y_test, y _pred))

v 0.0s

Classification Report:

precision

0 8.95

1 1.00
accuracy

macro avg 0.98

weighted avg 0.97

recall fl-score

1.00
0.94

0.97
0.97

0.98
0.97

0.97
0.97
0.97

support

102
88

190
190
190

Train a random forest with
100 decision trees to learn
fraud patterns.

This report shows precision, recall, Fl-
score, and support for both classes
(fraud and non-fraud).

It's a quick summary of how well the
model is doing on each class.



RANDOM FOREST MODEL

# Confusion Matrix

plt.figure(figsize=(5, 4))

sns. heatmap(confusion_matrix(y_test, y_pred), annot=True, fmt='d', cmap='Blues’,
xticklabels=['Non-Fraud', 'Fraud'], yticklabels=['Non-Fraud', 'Fraud'])

plt.xlabel('Predicted")

plt.ylabel('Actual')

plt.title("Confusion Matrix")

plt.show()

v 0.0s

Confusion Matrix

=
-
@
(1
c
(=]
=

Non-Fraud Fraud
Predicted

This heatmap shows the number of fraud
and non fraud predictions.

# ROC Curve
fpr, tpr, _ =

roc_curve(y_test, y_scores)

roc_auc = auc(fpr, tpr)

plt.
plt.
plt.

plt.>

plt.
plt.
plt.
plt.
plt.

)
1]
o
@
=
=
(7}]
o
o
@
=
’_

grid(True)
show( )

AUC = {roc_auc:.4f}",

color="purple’)

1], linestyle="--', color="gray’)

itive Rate")

#

ROC Curve

—— ROC AUC =0.9970

04 0.6
False Positive Rate

1.0




DEEP LEARNING MODEL (KERAS)

[39]

> v

[4@]

[41]

import tensorflow as tf

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense, Dropout
from tensorflow;keras.callbacks import EarlyStopping

v 4.0s

#Model architecture
model = Sequential( [

Python

Dense(32, input_dim=x_train.shape[l], activation='relu'),

Dropout(©.3),

Dense(16, activation='relu'),

Dropout(0.2),

Dense(l, activation="sigmoid') # Binary classification output

1)
v 0.2s

2025-06-16 10:13:26.066073:
2025-06-16 10:13:26.06626@:
2025-06-16 10:13:26.066266:
2025-06-16 10:13:26.066597:
2025-06-16 10:13:26.066917:

# Compile the model

HH H = H

Python

metal_plugin/src/device/metal_device.cc:1154] Metal device set to: Apple M1
metal_plugin/src/device/metal_device.cc:296] systemMemory: 8.00 GB
metal_plugin/src/device/metal_device.cc:313] maxCacheSize: 2.67 GB

tensorflow/core/common_runtime/pluggable_device/pluggable_device_factory.cc:306] Could not identify NUMA node oi |

tensorflow/core/common_runtime/pluggable_device/pluggable_device_factory.cc:272] Created TensorFlow device (/jot

model.compile(optimizer="adam",
loss='binary_crossentropy',
metrics=["'accuracy', tf.keras.metrics.Precision(), tf.keras.metrics.Recall()])

# Early stopping to avoid overfitting
early_stop = EarlyStopping(monitor="'val_loss', patience=5, restore_best_weights=True)

v 0.0s

Python

This neural network has layers
that learn complex data
patterns by transforming inputs
through nonlinear functions
(ReLU). Dropout layers randomly
deactivate neurons during
training to prevent overfitting.
Early stopping halts training
when performance on validation
data stops improving.



DEEP LEARNING MODEL (KERAS)

[> -

# Train- the model

history = model.fit(
x_train, y_train,
epochs=5@,
batch_size=64,
validation_split=0.2,
callbacks=[early stop],
verbose=2

Epoch 1/58
WARNING:tensorflow:From c:\Users\cholt\anaconda3\envs\envilib\site-packages\keras\srchutils\tf utils.py:492: The name tf.ragged.RaggedTensorValue is deprecated. Please use tf.compat.vl.ragged.RaggedTensorValue instead.

WARNING: tensorflow:From c:\Usersh\cholth\anacondadlenvshenviliblsite-packagesi\kerash\srchengine'\base layer utils.py:384: The name tf.executing eagerly outside functions is deprecated. Please use tf.compat.vl.executing eagerly

18/18 - 2s loss: 1.1789 accuracy: 8.5629 - precision: 8.54&87 recall: @.7869 - wval_loss: 8.5158 val _accuracy: 8.7171 - val _precision: 8.6637 - val_recall: 8.9375 - 2s/epoch - 198ms/step
Epoch 2/5@

18/18 - @s loss: 8.8849 accuracy: 8.6159 - precision: 8.591@ recall: @.7770 - val_loss: 8.376l val _accuracy: 8.8355 - val precision: 8.8395 - val_recall: 8.8588 - 72ms/epoch - 7ms/step
Epoch 3/5@

la/1@ - @s loss: 8.6167 - accuracy: €.7886 - precision: 8.6817 - recall: ©.7934 - val loss: @.3358 - val_accuracy: ©.8421 - val_precision: ©.8784 - wval_recall: 8.8125 - 79ms/epoch - 8ms/step
Epoch 4/5@

18/19 - @s loss: 8.5571 accuracy: 8.7318 - precision: 8.7147 recall: @.7883 - val loss: 8.3144 - val accuracy: 8.8487 - val precision: 8.8994 - wval recall: @.8125 - 75ms/epoch - 8ms/step
Epoch 5/5@

18/1@ - @s loss: 8.5337 accuracy: 8.7798 - precision: 8.7575 recall: @.8295 - val_loss: 8.2995 val _accuracy: 8.8487 - val_precision: 8.8994 - val recall: 8.8125 - 7éms/epoch - 8ms/step
Epoch 6/5@

18/18 - @s loss: 8.4685 accuracy: 8.8846 - precision: B.8826 recall: @.8131 - val_loss: ©.2982 val _accuracy: 8.8487 - val _precision: 8.8984 - val recall: 8.8125 - 74dms/epoch - 7ms/step
Epoch 7/5@

le/1@ - @s loss: 8.4861 - accuracy: 8.7831 - precision: @.7736 - recall: ©.8866 - val loss: @.2840 - val_accuracy: ©.8487 - val_precision: ©.8984 - val_recall: 8.8125 - 7lms/epoch - 7ms/step
Epoch 3/5@

18/19 - @s loss: @.4601 accuracy: 8.7964 - precision: 8.7935 recall: @.8@66 - wval loss: @. val accuracy: 8.8487 - val precision: 8.8994 - val recall: @.8125 - 7lms/epoch - 7ms/step
Epoch 9/5@

18/16 - A< loss: ARRG Accracy: Alaz precision: 8176 peralle /197 val losg: : 2 ic : 2004

# Predictions and evaluation
y _pred dl prob = model.predict(x test).flatten()

PR T = Jrea B GPED S Do) o EEERE AT Early stopping to avoid overfitting and train over 50 epochs.

] - 85 2ms/step
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DEEP LEARNING MODEL (KERAS)

print("\nDeep Learning Model Metrics:")

print("Accuracy:", accuracy_score(y_test, y_pred_dl))
print("Precision:", precision_score(y_test, y_pred_dl))
print(“Recall:", recall_score(y_test, y_pred_dl))

print("F1 Score:", fl_score(y_test, y_pred_dl))

print("AUPRC:", average_precision_score(y_test, y_pred_dl_prob))

print("\nClassification Report:\n", classification_report(y_test, y_pred_dl))

v 0.0s

Deep Learning Model Metrics:
Accuracy: 0.9631578947368421
Precision: 0.9655172413793104
Recall: 0.9545454545454546

F1 Score: 0.96

AUPRC: 0.9937471319415195

Classification Report:

precision recall fl-score

@ @.96 9.97 @.97

1 0.97 0.95 0.96
accuracy 0.96
macro avg 0.96 0.96 0.96

weighted avg 9.96 0.96 0.96

support

102
88

190
190
190

e Shows how well it detects
fraud (Precision, Recall, F1).

e AUPRC tells how well the
model ranks fraud cases.

e classification_report gives
detailed per-class metrics.



DEEP LEARNING MODEL (KERAS)

# Confusion Matrix plot s bk
fpr_dl, tpr_dl, _ = roc_curve(y_test, y pred_dl_prob)

plt.flgure(flgs:LZE:l{S, 4”_ ) roc_auc_dl = auc(fpr_dl, tpr_dl)
sns.heatmap({confusion_matrix(y test, y _pred_dl), annot=True, fmt='d', cmap="Blues',
xticklabels=['Non-Fraud', 'Fraud'], yticklabels=['Non-Fraud', 'Fraud'l]) plt.figure(figsize=(6, 5))
plt.xlabel('Predicted') plt.plot(fpr_dl, tpr_dl, label=f"ROC AUC = {roc_auc_dl:.4f}", color='red')
plt.ylabel('Actual’) plt.plot([@, 11, [@, 1], linestyle='—--', color='gray"')
e " . . . el plt.xlabel('False Positive Rate')
plt.title("Deep Learning Confusion Matrix") DltiyiabelltTrue Positive |Rate")
plt.show() plt.title('Deep Learning - ROC Curve')
plt.legend()
! plt.grid(True)
i v 0.0s plt.show()
] " 0.0s

Deep Learning - Confusion Matrix
Deep Learning - ROC Curve
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—— ROC AUC = 0.9938
Non-Fraud Fraud ROCAUC =099
Predicted 0.4 0.6 0.8 1.0

False Positive Rate

This ROC curve shows how well the deep learning model distinguishes
This plot shows how many fraud and non-fraud cases the deep fraud from non-fraud at different thresholds.
learning model predicted correctly vs incorrectly The closer the curve follows the top-left corner, the better the model.
The AUC score summarizes the performance.



MODEL COMPARISONS

Model

Logistic
Regression

XGBoost

Random Forest

Deep Learning

Accuracy

Precision Recall F1 Score

100.0%

All of the models have high accuracy.
XG Boost has the best AUPRC & ROCAUC

Random Forest has O False Positives

AUPRC
(Positive Fraud)

0.992

ROC AUC
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