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Abstract – This report evaluates the performance of Random Forests and Support Vector Machines (SVMs) on the MNIST fashion dataset, putting emphasis on the challenges posed by diverse fashion items compared to the conventional MNIST handwritten digit dataset. The report covers classifier comparison, hyperparameter tuning, and evaluation metrics, providing insights into the adaptability of these algorithms for complex datasets. The transition from handwritten digits to fashion items adds complexity, requiring nuanced evaluation criteria.
The analysis focuses on Random Forests and SVMs, both prominent classifiers in machine learning. Random Forests exhibit reliability in handling high-dimensional data but face challenges in accurate classification, especially in specific classes. SVMs, with superior accuracy, excel in capturing intricate patterns but encounter similar challenges in certain class predictions.
The findings highlight the distinctive strengths and weaknesses of both Random Forests and SVMs, emphasizing ongoing optimization, including hyperparameter tuning and addressing class imbalances. These insights contribute to discussions on algorithmic adaptability to complex datasets, guiding researchers in algorithm selection for image classification tasks. As the field of machine learning advances, refining classifier performance on intricate datasets remains a critical focus for practical applications.


INTRODUCTION.

In machine learning (ML), the MNIST fashion dataset [1] has replaced the conventional MNIST handwritten digit dataset [2], necessitating more intricate evaluation criteria for modern supervised classification ML algorithms. This report evaluates the performance of two prominent ML algorithms; Random Forests and, Support Vector Machines (SVMs) on the MNIST fashion dataset.


A. Background

The MNIST fashion dataset offers a diverse set of labelled images representing varying fashion items, providing a robust evaluation platform for ML algorithms in real-world scenarios. Differing from the original MNIST dataset, focused on handwritten digits [2], the MNIST fashion dataset introduces a challenge due to the complex nature of both a combination of diverse features and variations in fashion items [1].

B. Objectives

i. Classifier Comparison:

Evaluate and compare Random Forests and SVMs in classifying fashion items within the MNIST dataset.


ii. Hyperparameter Tuning:

Optimize Random Forests and SVMs through exploration of various hyperparameters on the MNIST fashion dataset.

iii. Evaluation Metrics:

Assess and compare both classifiers using standard metrics such as confusion matrices, recall, precision, F1 score, and classification accuracy.

Gaining insights into how Random Forests and SVMs perform on the MNIST fashion dataset is essential for selecting relevant and appropriate algorithms in image classification [1]. These results provide valuable contributions to the ongoing discourse on the adaptability of ML algorithms to intricate and complex datasets, offering guidance to researchers and practitioners in selecting algorithms for similar tasks [1].

RELATED WORK.

A. Evolution of MNIST Datasets

The evolution from the MNIST handwritten digit dataset to the MNIST fashion dataset marks a significant transition in evaluating machine learning algorithms. Xiao et al. [3] conducted an in-depth analysis of the MNIST fashion dataset, characterizing it as a challenging benchmark for modern supervised classification algorithms [3]. Their work provides critical insights into the dataset's unique attributes, including intricate patterns and diverse fashion items, shaping the environment for future subsequent algorithmic evaluations.

B. Algorithmic Adaptability in Complex Datasets

Recent explorations in machine learning adaptability to intricate datasets have drawn insights from practical sources. In a Medium article by Jalasutram [4], various classification algorithms were pitted against each other across diverse datasets. This hands-on analysis sheds light on the subtleties of algorithmic behaviour in complex scenarios, laying a practical foundation for the authors investigation into Random Forests and SVMs on the MNIST fashion dataset.
When developing a greater understanding of intricate datasets, the insights from Bhatia [5] on Random Forests captured the authors attention. Their practical experience with Random Forests formed a basis for the selection of Random Forests as a key classifier. Bhatia’s demonstration puts emphasis on the algorithms effectiveness in handling high-dimensional data, a critical consideration for image classification tasks.

C. Application of Random Forests and SVMs

The adaptability and effectiveness of Random Forests and Support Vector Machines (SVMs) have been subjected to extensive exploration in the literature. Breiman's foundational work on Random Forests [6] introduced the concept of ensemble learning, showcasing its effectiveness in complex classification tasks. Breiman's insights offer a detailed understanding of the construction and operation of Random Forests, influencing the authors decision of this algorithm as one of the chosen classifiers. Similarly, the work of Cortes and Vapnik on SVMs [7] laid the foundation for understanding the algorithm's capacity to discern optimal decision boundaries in high-dimensional spaces. Their study elucidates the mathematical underpinnings of SVMs, providing a theoretical foundation for our selection of SVMs as a classifier. The meticulous considerations in their implementation details serve as a guide for our exploration of SVMs on the MNIST fashion dataset.


MAIN BODY.


C. Data Pre-Processing

i. Loading the MNIST Fashion Dataset:

The MNIST fashion dataset serves as the foundation for this experimentation. This collection has been curated to comprise of grayscale images of fashion items categorized into 10 classes [1]. The dataset is loaded, allowing for a better understanding of its structure and distribution.  

ii. Exploring and Visualizing the Data

Exploratory data analysis (EDA) is utilized to uncover crucial insights within the dataset [8]. This examination involves gaining a deep understanding of the data's structure and characteristics, with a particular focus on identifying potential imbalances in class distributions [8]. The aim is to inform subsequent model decisions based on the insights derived from the analysis.

iii. Normalizing and Pre-Processing the Images

For the sake of uniformity and to expedite model convergence, pixel values are normalized. This critical step scales pixel intensities between 0 and 1. Further preprocessing addresses outliers and missing data points, fortifying the dataset for subsequent machine learning tasks [8].
D. Splitting the Dataset

Strategic division into training, testing, and evaluation subsets is standard and almost essential. Approximately 64.29% of the data is allocated for training, affording 21.43% for model evaluation. And the remainder of 14.28% reserved for an unbiased testing.

E. Classifier 1: Random Forest Algorithm

i. Random Forest Classifier

Random Forest, a versatile ensemble learning algorithm [4], is selected as the first classifier. Comprising an ensemble of decision trees, it excels in handling high-dimensional data and offers robustness against overfitting [4]. Its adaptability to image classification aligns with the characteristics of the MNIST fashion dataset.

ii. Experimenting with the Hyperparameters

A systematic exploration of Random Forest hyperparameters was conducted. Variations in the number of trees, tree depth, and maximum features were tested using Python and the Sci-kit learn package. The range for the hyperparameters were: (max depth = 10-15) , (max features = 10-20), and (number of trees = 100, 300). These parameters were applied and tested to avoid over/under fitting and decrease the variance without effecting performance [4].

iii. Training and Tuning the Model

[bookmark: _Hlk155026327]The Random Forest algorithm undergoes training on the training subset of data, capturing underlying patterns. At the same time, it undergoes a tuning phase, utilizing the evaluation set, refines hyperparameter values. Techniques like grid search efficiently navigate the hyperparameter space, ensuring optimal model performance [8].


F. Evaluation Metric for Random Forest Algorithm

i. Metric Performance Assessment

Performance evaluation for the Random Forest algorithm obtained the following metrics:


Accuracy: 0.87
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Figure 1: Random Forest Model Confusion Matrix
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Figure 2: Random Forest Model Classification Report

ii. Discussion of Random Forest Model

The Random Forest model achieved an accuracy of 0.87 on the testing set, indicating that it correctly predicted the class labels for approximately 87% of the instances. 
Confusion Matrix:
The confusion matrix provides insight into the specific misclassifications. For example, there is a notable number of instances from class 6 misclassified as class 0 and class 2.

Precision: 
The model demonstrated high precision across most classes with particularly strong performance in class 1 (precision = 0.99), class 5 (precision = 0.97), and class 8 (precision = 0.95). The relatively lower precision (0.74) and recall (0.56) in this model’s evaluation indicate potential class imbalances or inherent difficulties in distinguishing class 6 from others. 

Recall: 
Recall values, indicating the ability to capture instances of a given class, are generally high. Noteworthy recalls are observed in class 8 (recall = 0.97), class 1 (recall = 0.95), and class 9 (recall = 0.95).

F1 Score: 
The F1-score, balancing precision, and recall is generally impressive. Classes with high F1-scores include class 1 (F1-score = 0.97), class 8 (F1-score = 0.96), and class 5 (F1-score = 0.95).

Ultimately, the Random Forest model proved itself to be a notable classifier with some strengths, including a  noteworthy accuracy of 0.87 and a well-balanced precision-recall trade-off across various classes. Random Forests ability to handle high-dimensional data and resist overfitting contributes to its overall reliability.
However, challenges are evident particularly in the accurate classification of instances in certain classes, most notably class 6. Addressing class imbalances and fine-tuning hyperparameters, especially regarding model complexity, are considerations for further optimization. Additionally, the model's interpretability remains a concern due to its "black box" nature, prompting the need for techniques like feature importance analysis. Despite these areas for improvement, the Random Forest algorithm stands as a powerful tool and ongoing efforts in refining its performance will contribute to its efficacy in practical applications.


G. Classifier 2: Support Vector Machine (SVM)


i. SVM Classifier

Support Vector Machine (SVM) emerges as the second classifier, chosen for its proficiency in identifying optimal decision boundaries in high-dimensional spaces [9], and . Its suitability for image classification tasks is absolute, considering the intricate nature of the MNIST fashion dataset.


ii. Experimenting with Different Hyperparameters

Like Random Forest, an exhaustive exploration of SVM hyperparameters unfolds. Variations in the choice of kernel, temperature strength, and degree was tested.  Unlike the approach taken with the Random Forest model a systematic method of evaluating ranges of values was investigated with the aims to pinpoint configurations that augment SVM's classification positively. Alternative models of this classifier with varying configurations and results can be found within Appendix D.

iii. Training and Tuning the Model on the Training Set


Training the SVM model involves exposing it to the training subset, where it harnesses its ability to recognize intricate patterns [9]. Subsequently, the model undergoes a tuning phase on the testing set, iterating through different hyperparameter values. This iterative fine-tuning process aimed to enhance the model's classification accuracy, aligning with the systematic exploration of hyperparameters discussed in the experiment section.





H. Evaluation Metrics for SVM


i. Metric Performance Assessment

Performance evaluation for the Support Vector Machine (SVM) algorithm resulted in the following metrics:
Accuracy: 0.90
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Figure 3: SVM Model Confusion Matrix
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Figure 4: SVM Model Classification Report

ii. Discussion of SVM Model

The SVM model achieved an accuracy of 0.90 on the testing set, indicating that it correctly predicted the class labels for approximately 90% of the instances.
Confusion Matrix:
The confusion matrix reveals again the specific misclassifications, with notable instances such as class 6 being misclassified as class 0 and class 2.
Precision:
The SVM model demonstrated high precision across most classes, with particularly strong performance in class 1 (precision = 0.98), class 5 (precision = 0.98), and class 8 (precision = 0.98).


Recall:
Recall values, indicating the ability to capture instances of a given class, are generally high. Noteworthy recalls are observed in class 1 (recall = 0.98), class 8 (recall = 0.96), and class 9 (recall = 0.96).
F1 Score:
The F1-score, balancing precision, and recall is consistently high, with classes like 1 (F1-score = 0.98), 8 (F1-score = 0.97), and 5 (F1-score = 0.96) demonstrating excellent performance.

The SVM model showcases impressive classification accuracy and precision-recall, outperforming Random Forest in terms of accuracy by a significant margin of 3%. While Random Forest had strengths in handling high-dimensional data, SVM excels in capturing intricate patterns, especially when required to distinguish between classes.
However, challenges remain in accurately classifying instances in certain classes, like Random Forest. Fine-tuning hyperparameters and addressing class imbalances are areas for further optimization. The SVM model's interpretability is also a consideration, and techniques such as feature importance analysis may enhance the overall transparency.
Both Random Forest and SVM prove to be powerful classifiers, each with its unique strengths and areas for improvement. Ongoing efforts in refining their performance will contribute to their uses in practical applications.

I. Algorithmic Comparison: Random Forest vs. SVM


i. Metric Performance Assessment for Comparative Analysis

In this assessment of performance metrics, both the Random Forest and Support Vector Machine (SVM) classifiers were subject to a detailed evaluation, employing a set of identical metrics. The objective being to unravel the complex aspects of their respective performances, shedding light on their relative strengths and weaknesses.
The accuracy metric serves as the initial point of comparison, providing an overall glimpse into the classifiers' ability to correctly classify instances. The Random Forest model achieved an accuracy of 0.87, while the SVM model outperformed with an accuracy of 0.90. This initial observation prompts a closer inspection into the precision, recall, and F1 score metrics to understand the classifiers' performance at a lower level.
Precision, a measure of the models' ability to avoid false positives [10], showcases that both Random Forest and SVM exhibit high precision across most classes. However, both models demonstrated struggles in precision for certain classes, such as class 6, indicating potential challenges in accurately predicting instances of this category. On the other hand, SVM managed to demonstrate consistently high precision values, showcasing its capabilities in minimizing false positives.
Recall, which indicates the models' ability to capture instances of a given class [11], reveals noteworthy performance in both classifiers. However, challenges are evident in specific classes, such as class 6 for both models, where recall is scored relatively lower. This suggests that both models face difficulties in correctly identifying instances of class 6, highlighting potential weaknesses in their classification capabilities.
The F1 score proves a balance between precision and recall, providing detailed view of the overall effectiveness of the classifiers. Random Forest achieves high F1 scores across various classes, showcasing a well-balanced trade-off between precision and recall. However, the challenges observed in precision and recall for certain classes impact the overall F1 score. In contrast, SVM maintains consistently high F1 scores, proving a strong overall performance across different classes.




ii. Comparative Analysis of Classifiers

The comparative analysis provides insight into the specific strengths and weaknesses of the Random Forest and SVM classifiers based on their performances on the MNIST fashion dataset.
Random Forest, despite its slightly lower accuracy, exhibits some strengths. The ability to handle high-dimensional data and resist overfitting contributes to its reliability. However, challenges surface in accurately classifying instances, especially in class 6, pointing towards potential improvements needed in addressing class imbalances and fine-tuning hyperparameters.
On the other hand, SVM demonstrates strengths in capturing intricate patterns, evident in its superior accuracy. Its proficiency in identifying optimal decision boundaries in high-dimensional spaces is well-suited for image classification tasks. The model excels in precision and recall, showcasing a balanced trade-off. Challenges, much alike Random Forest, lie in the accurate classification of instances in certain classes. Fine-tuning hyperparameters and addressing class imbalances remain areas for further optimization.
In summary, Random Forest and SVM each exhibit distinct strengths and weaknesses. Random Forest's ensemble nature and resistance to overfitting contribute to reliability, but challenges in specific class predictions persist. SVM, with its superior accuracy and robust precision-recall trade-off, excels in capturing intricate patterns but encounters similar challenges in accurate classification. Considerations for optimization, including hyperparameter tuning and addressing class imbalances, are crucial for maximizing the effectiveness of both classifiers in practical applications.




CONCLUSION.

In summarize, this report evaluated two machine learning algorithms, Random Forests and Support Vector Machines (SVMs) on the challenging MNIST fashion dataset. 

The exploration of Random Forests and SVMs revealed their unique strengths and areas for improvement in handling intricate image classification tasks. The Random Forest algorithm demonstrated robustness with a notable accuracy of approximately 0.87 which showcased an adaptability to high-dimensional data and its resistance to overfitting. However, challenges were evident in accurately classifying instances in certain classes, highlighting the need for further optimization, including addressing class imbalances and fine-tuning hyperparameters.

On the other hand, the Support Vector Machine (SVM) outperformed the Random Forest in terms of accuracy, achieving a significant margin of 3% with an accuracy of approximately 0.90. The SVM excelled in capturing intricate patterns, showcasing a balanced precision-recall trade-off. Like the Random Forest, challenges persisted in accurately classifying instances in certain classes, emphasizing the importance of hyperparameter tuning and addressing class imbalances for better optimization.

The analysis between Random Forest and SVM highlighted their distinct strengths and weaknesses. Random Forest's ensemble nature and resistance to overfitting contributed to its overall reliability, while SVM's proficiency in identifying optimal decision boundaries in high-dimensional spaces made it well-suited for image classification tasks. Both classifiers demonstrated challenges in accurate classification for specific classes, emphasizing the ongoing need for refinement in their performance.

In practical applications, the insights gained from this study provide valuable guidance to researchers in selecting appropriate algorithms for image classification tasks. Accuracy, precision, recall, and F1 score must be carefully considered based on the specific requirements of the application. 

As machine learning continues to advance, the adaptability of algorithms to intricate and complex datasets remains a critical area of research. This report contributes to the ongoing discourse by providing a detailed systematic evaluation on algorithmic performance on the MNIST fashion dataset, paving the way for further contributions to be made and refinement in the field of image classification using machine learning algorithms.
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ESSENTIAL RESOURCES.
Google Collaboratory
Python 3.x.x
Seaborn
Pandas









Appendix A – Random Forest Python Code; Primary
	#Random Forests Training

# Step 1 Import Relevant Packages
import pandas as pd
from sklearn.model_selection import train_test_split, GridSearchCV, cross_val_score
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy_score, classification_report, confusion_matrix
from sklearn.preprocessing import StandardScaler
import matplotlib.pyplot as plt
import seaborn as sns

# Step 2 Import MNIST fashion train dataset
filePath1 = 'fashion-mnist_test.csv'
filePath2 = 'fashion-mnist_train.csv'

# Read the test dataset into a Pandas DataFrame
testDataFrame = pd.read_csv(filePath1)

# Read the training dataset into a Pandas DataFrame
trainDataFrame = pd.read_csv(filePath2)

# Step 3: Explore the Data

###
### Exploring the Test Data
###

# Display general information about the dataset, including data types and missing values
print("Dataset Information:")
print(testDataFrame.info())

# Display summary statistics of numerical features in the dataset
print("\nSummary Statistics:")
print(testDataFrame.describe())

# Display the count of missing values for each feature in the dataset
print("\nMissing Values:")
print(testDataFrame.isnull().sum())

# Visualize the distribution of classes using a count plot
plt.figure(figsize=(8, 5))
sns.countplot(x='label', data=testDataFrame)
plt.title('Class Distribution')
plt.show()

# Step 3

###
### Exploring the Training Data
###

# Display general information about the dataset, including data types and missing values
print("Dataset Information:")
print(trainDataFrame.info())

# Display summary statistics of numerical features in the dataset
print("\nSummary Statistics:")
print(trainDataFrame.describe())

# Display the count of missing values for each feature in the dataset
print("\nMissing Values:")
print(trainDataFrame.isnull().sum())

# Visualize the distribution of classes using a count plot
plt.figure(figsize=(8, 5))
sns.countplot(x='label', data=trainDataFrame)
plt.title('Class Distribution')
plt.show()

# Step 4: Data Preprocessing
X_test = testDataFrame.drop('label', axis=1)  # Test Data Features
Y_test = testDataFrame['label']  # Test Data Labels

X_train = trainDataFrame.drop('label', axis=1)  # Training Data Features
Y_train = trainDataFrame['label']  # Training Data Labels

# Step 5: Split the Data
X_train, X_val, Y_train, Y_val = train_test_split(X_train, Y_train, test_size=0.25, random_state=42)

# Step 6: Normalize Data Features (Standardization)
scaler = StandardScaler()
X_train = scaler.fit_transform(X_train)
X_val = scaler.fit_transform(X_val)
X_test = scaler.transform(X_test)

# Step 7: Create a Random Forest Classifier and Tune Hyperparameters using Grid Search

# Define the hyperparameter grid for the Random Forest Classifier
param_grid = {
    'n_estimators': [100, 300],  # Number of trees in the forest
    'max_depth': [10, 15],       # Maximum depth of the trees
    'max_features': [10, 20]     # Maximum number of features considered for splitting a node
}

# Create a Random Forest Classifier instance with a fixed random state for reproducibility
rf_classifier = RandomForestClassifier(random_state=42)

# Use Grid Search Cross-Validation to find the best combination of hyperparameters
grid_search = GridSearchCV(
    estimator=rf_classifier,   # The classifier to be tuned
    param_grid=param_grid,     # Hyperparameter grid
    cv=8,                      # Number of folds in the cross-validation
    scoring='accuracy'         # Scoring metric to optimize (accuracy in this case)
)

# Fit the Grid Search to the training data, exploring different hyperparameter combinations
grid_search.fit(X_train, Y_train)

# Prints best Parameters after hypertuning
best_params = grid_search.best_params_
print("\nBest Parameters for Model: ")
print(best_params)

# Step 8: Cross-Validation
cv_accuracy = cross_val_score(grid_search.best_estimator_, X_val, Y_val, cv=8, scoring='accuracy')

# Prints Cross Validation Accuracies
print("\n", cv_accuracy)

# Step 9: Create the Best Model
best_rf_classifier = grid_search.best_estimator_

# Step 10: Train the Best Model
best_rf_classifier.fit(X_train, Y_train)

# Step 11: Evaluate on Test Set
predictions = best_rf_classifier.predict(X_test)

# Step 12: Evaluate Performance
accuracy = accuracy_score(Y_test, predictions)
conf_matrix = confusion_matrix(Y_test, predictions)
classification_rep = classification_report(Y_test, predictions)

print(f"Accuracy: {accuracy:.2f}")
print("\nConfusion Matrix:")
print(conf_matrix)
print("\nClassification Report:")
print(classification_rep)

# Step 13: Feature Importances
feature_importances = best_rf_classifier.feature_importances_
print("\nFeature Importances:")
for feature, importance in zip(X.columns, feature_importances):
    print(f"{feature}: {importance:.4f}")

# Step 14: Visualize Feature Importances
feat_importances = pd.Series(feature_importances, index=X.columns)
feat_importances.nlargest(10).plot(kind='barh')
plt.title('Top 10 Feature Importances')
plt.show()




































Appendix B – SVM Python Code; Primary
	#SVM Model Training

# Step 1 Import Relevant Packages
import pandas as pd
from sklearn.model_selection import train_test_split, RandomizedSearchCV
from sklearn.svm import SVC
from sklearn.metrics import accuracy_score, confusion_matrix, classification_report
from sklearn.preprocessing import StandardScaler
import matplotlib.pyplot as plt
import seaborn as sns

# Step 2 Import MNIST fashion train dataset
filePath1 = 'fashion-mnist_test.csv'
filePath2 = 'fashion-mnist_train.csv'

# Read the test dataset into a Pandas DataFrame
testDataFrame = pd.read_csv(filePath1)

# Read the training dataset into a Pandas DataFrame
trainDataFrame = pd.read_csv(filePath2)


# Step 3: Explore the Data

###
### Exploring the Test Data
###

# Display general information about the dataset, including data types and missing values
print("Dataset Information:")
print(testDataFrame.info())

# Display summary statistics of numerical features in the dataset
print("\nSummary Statistics:")
print(testDataFrame.describe())

# Display the count of missing values for each feature in the dataset
print("\nMissing Values:")
print(testDataFrame.isnull().sum())

# Visualize the distribution of classes using a count plot
plt.figure(figsize=(8, 5))
sns.countplot(x='label', data=testDataFrame)
plt.title('Class Distribution')
plt.show()

# Step 3

###
### Exploring the Training Data
###

# Display general information about the dataset, including data types and missing values
print("Dataset Information:")
print(trainDataFrame.info())

# Display summary statistics of numerical features in the dataset
print("\nSummary Statistics:")
print(trainDataFrame.describe())

# Display the count of missing values for each feature in the dataset
print("\nMissing Values:")
print(trainDataFrame.isnull().sum())

# Visualize the distribution of classes using a count plot
plt.figure(figsize=(8, 5))
sns.countplot(x='label', data=trainDataFrame)
plt.title('Class Distribution')
plt.show()

# Step 4: Data Preprocessing
X_test = testDataFrame.drop('label', axis=1)  # Test Data Features
Y_test = testDataFrame['label']  # Test Data Labels

X_train = trainDataFrame.drop('label', axis=1)  # Training Data Features
Y_train = trainDataFrame['label']  # Training Data Labels

# Step 5: Split the Data
X_train, X_val, Y_train, Y_val = train_test_split(X_train, Y_train, test_size=0.25, random_state=42)

# Step 6: Normalize Data Features (Standardization)
scaler = StandardScaler()
X_train = scaler.fit_transform(X_train)
X_val = scaler.fit_transform(X_val)
X_test = scaler.transform(X_test)

# Step 7: Create an SVM model with specified parameters
svm_model = SVC(C=40, kernel='poly', degree=3, random_state=42)

# Step 10: Train the SVM Model
svm_model.fit(X_train, Y_train)

# Step 8: Cross-Validation
y_pred_val = svm_model.predict(X_val)
validation_accuracy = accuracy_score(Y_val, y_pred_val)
print("Validation Accuracy: {:.2f}%".format(validation_accuracy * 100))

# Step 11: Evaluate on Test Set
predictions = svm_model.predict(X_test)

# Step 12: Evaluate Performance
accuracy = accuracy_score(Y_test, predictions)
conf_matrix = confusion_matrix(Y_test, predictions)
classification_rep = classification_report(Y_test, predictions)

print(f"Accuracy: {accuracy:.2f}")
print("\nConfusion Matrix:")
print(conf_matrix)
print("\nClassification Report:")
print(classification_rep)
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