


Percentage of Missing Data in Each Column

Heatmap of Missing Data

Rotation Speed (rpm)

df.head(10).style.background gradient(cmap="Blues") taliy
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Checking Missing Data

Torque (Nm) -

Ambient T (C) -
Process T (C) -
Rotation Speed (rpm)
Tool Wear (min) -
Machine Status -

df.isnull().sum()

QLI-EI ]. l'tjf ) Not Mllssmg

Ambient T (C)
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Rotation Speed (rpm)
Torque (Nm)

Tool Wear (min)
Machine Status

dtype: inte4d

Missing

Data Presence



Heatmap of Missing Data Percentage of Missing Data in Each Colurmn

numeric_cols = df. types(include= num

Quality 4

mean_imputer = Simplelmputer(strategy

Ambient T (C) 4

numeric_cols_imputed - mean_imputer.fit t n(numeric_cols)

Process T (C) 4

df [ numeric_cols.col numeric_cols_imputed
w
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num duplicates = df.duplic ().sum() Not Missing Missing
Data Presence
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Feature Engineering

Dummy Variables Veritying Outliers

Boxplot of Ambient T (C) Boxplot of Process T (C) Boxplot of Rotation Speed (rpm)
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Data Visualisation (Machine Status

Machine Status Count Percentage (%)

1 Normal = 18428 97.194093

2 Abnormal 532 2.805907

Machine Status Distribution Machine Status Distribution

Abnormal

Machine Status



Data Visualisation (Univariate Analysis

Histogram of Ambeent T (C) Histogram of Process T (C)
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Data Visualisation (Univariate Analysis)

Quality Stacked Bar Chart Quality Pie Chart

Stacked Bar Chart of Quality Levels Distribution of Quality Levels

i
Low Quality
Medium Quality

B High Quality




Data Visualisation (Bivariate Analysis
Pairplot

Different Quality

Relationship with
Machine Status

Histogram for Comparison of Quality Levels and Machine Status
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Correlation Heatmap of Dataset Features
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X = df.drop{"Machine Status", axis = 1)

X _train, X test, Y train, Y test = train_test split(X, ¥, test size = 6.2, shuffle = True, random_state 28)

Y = df["Machine Status™]

print("Train Test Split Successfully Executed")

print("Feature and Target Separation Successfully Executed™) Train Test Ep]_j_t SUCCESS'FLI].].}F Executed

Feature and Target Separation Successfully Executed

Dummy Baseline

Accuracy Balanced Accuracy Recall F1 Score ROC AUC

DummyClassifier 0.500791 0.4606/73 0.500/91 0.646458 0.5



Model Training
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model
LogisticRegression
KNeighborsClassifier
sSvC
DecisionTreeClassifier
RandomForestClassifier
AdaBoostClassifier
GaussianNB
GradientBoostingClassifier
Perceptron
ExtraTreesClassifier
RidgeClassifier
RidgeClassifierCV
SGDClassifier

Bazeline
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Accuracy Balanced Accuracy Recall F1S5Score ROC AUC
RandomizedSearchCV  0.973431 0560313 0973431 09642271 0.910909
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Gradient Booster Classifier

¥ Random(zedSearchCV Model (GBC
| o

Accuracy Balanced Accuracy F1 Score ROC AUC
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Balanced Accuracy Recall ROC AUC
RandomizedSearchCV (AdaBoost) 0. 0.588269 0.975607 L 0.970166

GridSearchCV (AdaBoost) 0. 0.588269 0.975607 L 0.970166

K Neighbors C|O ssifier

Accuracy Balanced Accuracy Recall F1 S5core ROC AUC

RandomizedSearchCV (KNN) 1.000000 1.000000  1.000000 1.000000  1.000000

GridSearchCV (KNN) 0.974283 0.556282 0.97: 0964441 0973147



Voting Classitier

Initial Test Results

Accuracy Balanced Accuracy Recall F1 Score
VotingClassifier (0.98365 0.693607 098365 0.980278

Threshold Improvement

F1 Score vs Threshold

Initial Confusion Matrix

Confusion Matrix for Voting Classifier

2
S
)
o
-
L

0.6
Threshold

Predicted



Confusion Matrix for Voting Classifier (Threshold = 0.3202)

Accuracy Balanced Accuracy Recall F1 Score Threshold

VotingClassifier 0.989451 0.570419 0.9459451 0.9389175 0.3202

Predicted



Voting Classitier’s Feature Importance

Feature Importance for Voting Classifier

Tool Wear (min)
Power Indicator
Temperature Gradient
Torque (Nm)

Rotation Speed (rpm)
Ambient T (C)
Quality_L

Process T (C)

Quality M

o
M
=




VotingClassifier
LogisticRegression
KNeighbors
MNaiveBayes
DummyClassifier

Accuracy Balanced Accuracy

0.939451

0.974420

0.930749

0.9443854

0.499473

0.870419

0.579602

0.726885

0.768077

0.450062

Recall

0.989451

0.974420

0.980745

0.9443834

0.499473

F1 Score Threshold

0.989175

0.967892

0.978843

0.955257

0.645478

0.2202

0.5

0.5

0.5

0.5



joblib.dump{voting clf, "'CAl-Saved-Models/final-model A.pkl"}

print{“Voting Classifier Model Saved Successfully™)

Voting Classifier Model Saved Successfully
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