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[bookmark: _Toc157435723]Abstract
This report investigates the MNIST fashion data, its origins, and purpose, and investigates what previous research completed on the dataset and what results they produced. Once the previous research has been evaluated the report will document the implementation of two classifiers using various Python libraries. The results of the two classifiers will be compared and the results will be evaluated.

[bookmark: _Toc157435724]Introduction
This report will document a literature review on Machine Learning and different algorithms that are available to perform experiments on the Fashion-MNSIST dataset.  The Machine Learning methodology will be explained and how the experiments were implemented. Finally, the results will be compared using different metrics to evaluate their performance.
[bookmark: _Toc157435725]What is the fashion-MNIST dataset?
The Fashion-MNIST dataset evolved from the MNIST dataset which was considered too simplistic for modern supervised machine learning algorithms.

According to Xiao et al [1] the fashion-MNIST dataset's purpose is to serve as a dataset that can be used to evaluate benchmarking algorithms It consists of 70,000 images of fashion products from 10 categories, each including 7,000 images. The data set is split into 60,000 test and 10,000 training images. The products come from different groups: men, women, children and neutral. 

[bookmark: _Toc157435726]Literature review
This literature review will explore what the term machine learning means, some of the advances in machine learning in recent years, the different types of machine learning, what algorithm types have been used on the fashion-MNIST dataset, deep learning approaches and what transferable skills have been discovered by researchers when analysing the Fashion-MNIST dataset.

According to research by Mahesh:
Machine learning is the scientific study of algorithms and statistical models that computer systems use to perform a specific task without being explicitly programmed [2].
This was substantiated in 1959 by Arthur Samuel an expert in Machine Learning who described it as the “field of study that gives computers the ability to learn without being explicitly programmed” [3].

Machine Learning (ML) has advanced since Samuel’s research using it to play checkers, Mangp and Perozzi [4]  research scientists have published that due to advances in ML, it is possible for machines not only to recognise and comprehend natural language but also hold conversations and draw images. Advances also mean that developers no longer have to be concerned about how efficiently the models run as this can automatically optimised by an inbuilt compiler.

There are three different types of machine learning:  supervised, unsupervised and reinforcement learning. According to Russel and Norvig the way to tell them apart is:
Any situation in which both the inputs and outputs of a component can be perceived is called supervised learning.  In learning the condition-action component, the agent receives some evaluation of its action but is not told the correct action this is called reinforcement learning.  Learning when there is no hint at all about the correct outputs is called unsupervised learning [5].

Bhatia [6] explains unsupervised learning as being different to supervised learning as it contains no labels and allows the modeller to approach the problem with very little knowledge of what the results will look like.

In their research paper Nkouanga and Vajda [7]  state that k-Nearest Neighbour (kNN) is one of the most frequently used algorithms used to experiment on the Fashion-MNIST dataset. The kNN algorithm is a supervised classification algorithm, which Mucherino et al [8] explains uses a training set and test set to predict the classification of its nearest neighbour samples.

In their research paper, Xiao et al [1] experimented on the Fashion-MNIST dataset using different algorithms (kNN, Perceptron, Linear regression) and compared the results to the original MNIST dataset to provide a comparison.  The paper only contained examples of supervised learning algorithms, however in their research Agarap and Alcarraza [9] detail how they have used the unsupervised k-Means Clustering algorithm using soft nearest neighbour loss and an annealing temperature facture to obtain the test clustering of 85.6% accuracy on the Fashion-MNIST data. This is comparable to the accuracy percentages achieved by Xiao et al [1] in their experiences.

In their recent research Shrestha and Mahmood [10]have been investigating how deep learning is replacing traditional classifications as they can provide efficient training and hierarchical representation of multi-dimensional training. Deep earing includes Deep Convolution and Deep Residual Neural Networks.

The Fashion-MNIST dataset is used to train algorithms that are going to be used for a myriad of different purposes. In their research, Elsaadouny et al [11] explain how the dataset was used to train a convolutional neural network and then transfer learning was applied to use the learned features with the Ground Penetrating Radar (GPR) dataset. The reason that the algorithm was not trained solely on the GPR dataset is that this dataset is very limited and would not have a large enough number of images to train the algorithm to a high level of accuracy and precision.

[bookmark: _Toc157435727]Methodology
There are 7 steps to an ML workflow lifecycle:
i. Data Collection
ii. Data Preparation
iii. Choose an algorithm
iv. Training Model
v. Evaluate Model
vi. Parameter tuning
vii. Make Predictions
Ashmore et al  [12] expound on the importance of understanding the ML lifecycle before starting the process. Otherwise, the model's predictive results will be below the level that will be useful to the modeller.

For this project an extra step has been added to explore the structure of the Fashion-MNIST dataset, examining the images and labels to understand what the dataset contains and how it is organised.

[bookmark: _Toc157435728]Workflow pre-processing steps
[bookmark: _Toc157435729]Data collection
The Fashion-MNIST dataset is an open resource and can be loaded directly from:

i. TensorFlow – Python library
ii. GitHub - https://github.com/zalandoresearch/fashion-mnist

[bookmark: _Toc157435730]Feature scaling
Geron [13] states that one of the most important transformations that you can perform on any dataset is feature scaling.  Sharma [14] explains that scaling aims to attempt to reduce the distance between the data units.

There are two commonly used methodologies used in scaling: min-max scaling and standardisation.  The min-max scaler is sometimes known as normalisation and rescales data units so that they range between 0 and 1. Standardisation transforms the data so that it has a mean of 0 and a standard deviation of 1.  This is used when working with algorithms sensitive to the input features' scale.

[bookmark: _Toc157435731]Testing and training split
The training and testing split according to Geron [13] is a vital step in the process as it ensures that your model is designed to its optimum. Although there are no strict guidelines on what the split should be Roshan [15] suggests that an 80/20 split is a realistic training/test split.
Acharay [16] goes further than Geron [13] and reports to improve the model's accuracy a training, validation and test split should be employed where the validation set is used to evaluate and fine-tune the ML model during training. This is the split that is going to be used on the Fashion-MNIST dataset to train the chosen algorithms.

[bookmark: _Toc157435732]Supervised ML Algorithms
[bookmark: _Toc157435733]K Nearest Neighbour
K Nearest Neighbour is a Supervised ML classifier used for classification and regression predictive analysis, it works using proximity to make predictions about how individual elements within a defined dataset are grouped. 
Parameters
A pivotal parameter is ‘n_neighbor’ which regulates how many neighbours should be checked when an item is being classified, if the parameter is not set the default setting is 5. There is a weight parameter ‘uniform’ that signifies how weight should be distributed between neighbouring values. The ‘Algorithm’ parameter is the value that signifies which algorithm is going to be used to calculate nearest neighbours.

[bookmark: _Toc157435734]Decision Tree Algorithm
Builds predictive models in the shape of trees, where the classified data is grouped into categories that represent tree trunk to branches to leaves.  It uses the mathematical rules of if-then to create subgroups that can provide the modeller with a very precise categorisation of the data.
[bookmark: _Toc157435735]Naïve Bayes Classifier
Is a probability-based classifier that calculates the possibility that any given data point may fall into one or more of a group of categories.
[bookmark: _Toc157435736]Support Vector Machines
Can create 3-dimensional classification models and make first-rate classifiers as the more complex the data they are fed the more accurate a prediction they can make. The visualisations they create are not only accurate but also produce an aesthetically pleasing multidimensional model.
[bookmark: _Toc157435737]Artificial Neural Networks
Are software algorithms designed to solve complex mathematical calculations? They are made of nodes which are called artificial neurons which are software modules.

[bookmark: _Toc157435738]Chosen Algorithm
After researching the performance of the above algorithms on the GitHub [17] due to their high-performance rating when applied to the Fashion-MNIST dataset, with some experiments hitting a performance rating of 99%, the two algorithms chosen for this project are k-nearest neighbour and the decision tree algorithms.



[bookmark: _Toc157435739]Evaluation
To evaluate the model’s performance the predictions, need to be compared to the actual class labels. For each class, it is possible to calculate true positives, false positives, negatives and false negatives. Both the k-nearest neighbour and the decision tree algorithms create four output parameters:

i. Precision
The ratio of true positive predictions to the total number of positive predictions made by the model. It measures the accuracy of the positive predictions made by the model.
ii. Recall
Is the positive ratio of the true positive predictions to the total number of actual positives within the Fashion-MNIST dataset. Its purpose is to measure the ability of the model to capture all the positive instances.
iii. F1 Score
Is the harmonic mean of precision and recall, its purpose is to provide a balance between precision and recall. It can be particularly useful when there is an uneven class distribution.
iv. Support
Is used in the calculation of precision, recall and F1 score for each class. It is a crucial component in the calculation of various evaluation metrics and can provide insights into the distribution of classes in the dataset.
[bookmark: _Toc157435740]Experimental Setup
The programming language used to create the algorithms was Python.  Taylor [18] recommends using Python to create ML algorithms due to its readability, scalability, extensive open resource libraries and frameworks, strong community support (i.e. GitHub) and compatibility with other languages.

[bookmark: _Toc157435741]Python libraries
[bookmark: _Toc157435742]The below table includes all the libraries used to create the algorithms

[bookmark: _Toc157435766]Table 1 Python Libraries
	Library Name
	Description

	Tensorflow
	Used to build neural networks on graph data and includes tools for preparing input data and training models.

	Keras
	Used to provide an interface for artificial neural networks.

	Matplotlib
	Makes it easy for the modeller to create static, animated, interactive visualisations and quality plots.

	
Pandas
	Is a library used to work with datasets, that is analysing, cleaning, exploring and manipulating the data. W3Schools [19] recommends using Pandas as it can clean very messy datasets and make them readable.

	Sklearn
	Is also a tool used for predictive data analysis, it is open source and is built on NumPy, SciPy and matplotlib.

	Seaborn
	Is a Python data visualisation library based on matplotlib. It provides high quality drawing for statistical graphs.

	NumPy
	Used to perform several different mathematical calculations. It can perform calculations with arrays and matrices and provides high level mathematical functionality.

	SciPy
	Stands for scientific python and provides more utility functions for optimisation, statistics and signal processing.




[bookmark: _Toc157435743]Splitting data into training, test and validation sets
The dataset was split into training, test and validation sets using the below codes.

X_train_full=train_data.drop('label', axis=1)
y_train_full = train_data['label']

The X_train_full variable holds the features of the training data. It is created by dropping the ‘label’ column from the original training data.
The y_train_full variable holds the corresponding labels of the training data. It is created by extracting the ‘label’ column from the original training data.

X_test = test_data.drop('label', axis=1)
y_test = test_data['label']

This data does the same as the above but for the test set data.

X_train, X_val, y_train, y_val = train_test_split(X_train_full, y_train_full, test_size=0.1, random_state=42)

 X_train and y_train variables hold the features and labels, and they are obtained by further splitting the original training data into training and validations using the train_test_split functions. The  X_val and y_val variables hold the features and labels of the validation set. The validation set comprises 10% of the original training data. The test_size=0.1 parameter specifies the proportion of the data to include in the validation split. The random_state=4 parameter ensures reproducibility by fixing the random seed for the split.

[bookmark: _Toc157435744]Standardisation of dataset

The code used to standardise the features of the dataset used the `StandardScaler` from the scikit-learn library.  Standardisation is a common pre-processing step in ML where the features are rescaled to have a mean of 0 and a standard deviation of 1. This process is also known as z-score normalisation. 

The code scaler = StandardScaler() is used to scale the features of the dataset.

The fit transform method   X_train_scaled = scaler.fit_transform(X_train) is used to compute the mean and the standard deviation of the features in the training set and then applies the transformation to standardise the features.

The transform method is used on the validation set X_val_scaled = scaler.transform(X_val) to apply the same scaling transformation as was used on the training set. The same transform method is also applied to the test set    X_test_scaled = scaler.transform(X_test).

Standardisation is essential when working with ML algorithms like the k-nearest neighbour which are distant-based algorithms. It helps ensure that all the features contribute equally to the model training process.

[bookmark: _Toc157435745]Evaluation

This code defines a function named `evaluate_classifier` that takes a classifier, training set, validation set, and test set as inputs, fits the classifier to the training data, and then evaluates its performance on the training, validation, and test sets. The evaluation includes printing classification reports and displaying a breakdown of each part of the code:

The Function Definition def evaluate_classifier(classifier, X_train, y_train, X_val, y_val, X_test, y_test, classifier_name): takes a classifier training/validation/test features and labels and a classifier name as input.

The classifier is trained on the training set (`X_train`, `y_train`).

Evaluation is performed on the training set using :
y_train_pred = classifier.predict(X_train)
 print(f"--- {classifier_name} - Training Set Evaluation ---")
print(classification_report(y_train, y_train_pred))
The classifier’s predictions on the training set are computed and a classification report is printed. The same process is performed on the validation and test sets.

The confusion matrix visualisation is created using:
conf_matrix = confusion_matrix(y_test, y_test_pred)
sns.heatmap(conf_matrix, annot=True, fmt='d', cmap='Blues', xticklabels=['Class 0', 'Class 1'], yticklabels=['Class 0', 'Class 1'])
plt.title(f"Confusion Matrix - {classifier_name}")
 plt.show()
The confusion matrix for the test set is computed using `confusion_matrix` from scikit-learn. It is then visualised using a heatmap with seaborn (`sns`). The x-axis and the y-axis labels are set to represent the class names.

This function is designed to streamline the evaluation process for a given classifier, making it easier to assess its performance on different sets (training, validation, and test) and visualize the confusion matrix. The `classification_report` provides metrics such as precision, recall, and F1-score for each class, giving a comprehensive view of the classifier's performance.

[bookmark: _Toc157435746]Implementation

This code implements and evaluates two different classifiers, a k-Nearest Neighbors(kNN) classifier and a Decision Tree classifier. It utilizes the `evaluate_classifier` function defined earlier to train each classifier on the training set, make predictions on the training, validation, and test sets, and then print classification reports and visualize confusion matrices for the test set. 

An instance of kNN is created with `n_neighbors=5` indicating that it will consist of 5 nearest neighbours for making the predictions. The `evaluate_classifier` function is then called with the kNN classifier and the training/validation/test sets along with their respective scaled features. 
knn_classifier = KNeighborsClassifier(n_neighbors=5)
evaluate_classifier(knn_classifier, X_train_scaled, y_train, X_val_scaled, y_val,    X_test_scaled, y_test, "K-Nearest Neighbors")
  
 An instance of the Decision Tree classifier is created with `random_state=42` to ensure reproducibility. The `evaluate_classifier` function is called again, but this time with the Decision Tree classifier and with the 3 sets (training, validation, test) along with their respective scaled feature.
tree_classifier = DecisionTreeClassifier(random_state=42)
evaluate_classifier(tree_classifier, X_train_scaled, y_train, X_val_scaled, y_val, X_test_scaled, y_test, "Decision Tree")

The purpose of this code is to compare and evaluate the performance of the kNN classifier and the Decision Tree classifier on the given dataset. The evaluation includes examining how well each classifier performs on the training, validation, and test sets, as indicated by the printed classification reports and confusion matrices. This information helps in assessing the strengths and weaknesses of each model and aids in making informed decisions about model selection.

[bookmark: _Toc157435747]Results
[bookmark: _Toc157435748]K-Nearest Neighbour
Evaluating the performance of class 0 in the KNN training set shows that the precision is 0.82 indicating that 82% of the instances predicted for class 0 were correct. Recall is 0.92 indicating that 92% of the actual instances of the class were correctly predicted. The F1 score is 0.87 which considers both false positives and false negatives. The support is 5399 which means that there were 5399 instances of class 0 in the training set. The accuracy is the overall correctness of the classifier calculated as the ratio of correctly predicted instances to the total number of instances. The overall accuracy of the training set is 0.90 or 90%. The Macro average and Weighted Average scores are the averages of the metrics precision, recall and F1 score across all the classes, giving each of the classes equal weight, both of these scores are also 90%. The evaluation of the training set suggests that the kNN classifier performs reasonably well across different classes The high values for precision, recall and F1-score for the classes indicate that the model is making accurate predictions



[bookmark: _Toc157435767]Table 2 kNN Training Set Evaluation
--- K-Nearest Neighbors - Training Set Evaluation ---
              precision    recall  f1-score   support

           0       0.82      0.92      0.87      5399
           1       0.99      0.98      0.99      5424
           2       0.82      0.86      0.84      5358
           3       0.92      0.91      0.92      5369
           4       0.84      0.84      0.84      5413
           5       0.99      0.89      0.94      5444
           6       0.79      0.70      0.74      5382
           7       0.91      0.97      0.94      5390
           8       0.99      0.95      0.97      5442
           9       0.93      0.97      0.95      5379

    accuracy                           0.90     54000
   macro avg       0.90      0.90      0.90     54000
weighted avg       0.90      0.90      0.90     54000

[bookmark: _Toc157435768]Table 3 kNN Validation Set Evaluation
--- K-Nearest Neighbors - Validation Set Evaluation ---
              precision    recall  f1-score   support

           0       0.77      0.87      0.81       601
           1       0.99      0.96      0.97       576
           2       0.78      0.82      0.80       642
           3       0.89      0.89      0.89       631
           4       0.75      0.73      0.74       587
           5       0.99      0.85      0.92       556
           6       0.64      0.58      0.61       618
           7       0.90      0.96      0.93       610
           8       0.99      0.94      0.97       558
           9       0.92      0.97      0.95       621

    accuracy                           0.86      6000
   macro avg       0.86      0.86      0.86      6000
weighted avg       0.86      0.86      0.86      6000








[bookmark: _Toc157435769]Table 4 kNN Test Set Evaluation
--- K-Nearest Neighbors - Test Set Evaluation ---
              precision    recall  f1-score   support

           0       0.77      0.87      0.82      1000
           1       0.99      0.97      0.98      1000
           2       0.77      0.80      0.78      1000
           3       0.91      0.88      0.90      1000
           4       0.79      0.80      0.80      1000
           5       0.98      0.83      0.90      1000
           6       0.67      0.61      0.64      1000
           7       0.88      0.94      0.91      1000
           8       0.98      0.94      0.96      1000
           9       0.89      0.96      0.93      1000

    accuracy                           0.86     10000
   macro avg       0.86      0.86      0.86     10000
weighted avg       0.86      0.86      0.86     10000


However, it is crucial to also consider the results of the validation and test sets to assess the performance of the model. The results for the test and validation sets were the same at 86% which is lower than the training set. This might be a case of overfitting as the model performs well on the training set but less well on the unseen data of the validation and test sets.

[bookmark: _Toc157435749]Decision Tree Algorithm
[bookmark: _Toc157435770]Table 5 Decision Tree Training Set Evaluation
--- Decision Tree - Training Set Evaluation ---
              precision    recall  f1-score   support

           0       1.00      1.00      1.00      5399
           1       1.00      1.00      1.00      5424
           2       1.00      1.00      1.00      5358
           3       1.00      1.00      1.00      5369
           4       1.00      1.00      1.00      5413
           5       1.00      1.00      1.00      5444
           6       1.00      1.00      1.00      5382
           7       1.00      1.00      1.00      5390
           8       1.00      1.00      1.00      5442
           9       1.00      1.00      1.00      5379

    accuracy                           1.00     54000
   macro avg       1.00      1.00      1.00     54000
weighted avg       1.00      1.00      1.00     5400

[bookmark: _Toc157435771]Table 6 Decision Tree Validation Set Evaluation
--- Decision Tree - Validation Set Evaluation ---
              precision    recall  f1-score   support

           0       0.78      0.78      0.78       601
           1       0.93      0.94      0.94       576
           2       0.72      0.71      0.72       642
           3       0.80      0.78      0.79       631
           4       0.66      0.66      0.66       587
           5       0.91      0.90      0.90       556
           6       0.55      0.57      0.56       618
           7       0.89      0.90      0.89       610
           8       0.92      0.92      0.92       558
           9       0.91      0.91      0.91       621

    accuracy                           0.80      6000
   macro avg       0.81      0.81      0.81      6000
weighted avg       0.80      0.80      0.80      6000

[bookmark: _Toc157435772]Table 7 Decision Tree Test Set Evaluation
--- Decision Tree - Test Set Evaluation ---
              precision    recall  f1-score   support

           0       0.76      0.76      0.76      1000
           1       0.95      0.96      0.95      1000
           2       0.70      0.68      0.69      1000
           3       0.80      0.81      0.80      1000
           4       0.69      0.70      0.70      1000
           5       0.91      0.89      0.90      1000
           6       0.56      0.57      0.56      1000
           7       0.87      0.86      0.87      1000
           8       0.92      0.91      0.91      1000
           9       0.88      0.90      0.89      1000

    accuracy                           0.80     10000
   macro avg       0.80      0.80      0.80     10000
weighted avg       0.80      0.80      0.80     10000

The results produced by the Decision Tree algorithm show that the training sets accuracy totals are 100% but the test and validation sets are way below that figure at 80%. This could also be a case of overfitting.




[bookmark: _Toc157435750]Confusion Matrix
[bookmark: _Toc157435763]Figure 1Confusion Matrix for kNN
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[bookmark: _Toc157435764]Figure 2 Confusion Matrix Decision Tree
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The x-axis and y-axis of the heatmaps represent the predicted classes and actual classes, respectively. Each cell in the heatmaps corresponds to the count of the instances for a particular combination of the predicted and actual classes. The colour intensity in each cell represents the count, with darker blues representing higher counts. The diagonal elements from the top left to the bottom right represent the true positives for each class. A higher value on the diagonal is desirable as it indicates correct predictions. Interpreting the confusion matrix helps to understand where the model is making errors and is crucial for assessing the performance of a classifier. Comparing the models it would appear that the kNN algorithm is performing higher with its correct predictions than that of the decision tree which would tie into the accuracy figures that were higher for the kNN algorithm (86%) for the test and validation sets than those of the decision tree (80%).
[bookmark: _Toc157435751]Discussions
The algorithms k-Nearest Neighbors (kNN) and Decision Trees are both popular machine learning algorithms, each with its strengths and weaknesses. 

[bookmark: _Toc157435752]k-Nearest Neighbour
One of kNN’s strengths is its simplicity, it is easy to understand and implement, and its concept is predicting a data points class based on the majority class of its neighbours. The model learns from the training data during the predictive phase, and it does not make assumptions about the underlying data distribution. However, the data does need to be standardised as it is sensitive to the scale features, and it is also sensitive to outliers as they can influence the majority class in the neighbourhood.  When predicting a new instance it does require calculation distances to all training instances, which can make it computationally expensive for large datasets,

[bookmark: _Toc157435753]Decision Tree
Like kNN the Decision Tree algorithm is easy to understand, one of its main strengths is that it can implicitly capture feature importance by a hierarchy of splits in the tree. Unlike kNN, they can handle both numerical and categorical data without the need for feature scaling. As proven in the above experiments they can be prone to overfitting, but a technique like pruning can be used to address this. Small changes in the data can lead to a completely different tree structure, which can lead to the decision tree being seen as less stable than the kNN algorithm.

[bookmark: _Toc157435754]Script Improvement
To improve the performance of the script the function could be amended to encapsulate the data loading, data splitting and scaling into functions. Cross-validation could be considered instead of a single validation set using the ‘cross_val_score’ from scikit-learn. 

In kNN, the hyperparameters have been set to `n_neighbors=5` to improve the performance a grid search or random search could be implemented to find the optimal values.

As suggested previously pruning could be used on the Decision Tree algorithm, this is the process of removing part of the tree that does not provide signification power in predicting target value. Decision trees are prone to overfitting which our model has shown, this is when the model learns the training data too well, capturing noise and specific patterns that do not generalise well to new, unseen data. Pruning is used as a method to address such overfitting.

[bookmark: _Toc157435755]Conclusion 
The main findings of the assignment are that the k-Nearest Neighbour seem to perform with the most accuracy when evaluating the results of both algorithms. The Decision Tree algorithm seems to suffer badly from overfitting, and this would need to be assessed and a pruning technique employed to improve the algorithm performance. The hyperparameters on the kNN algorithm could be improved using a grid technique and it would be interesting in the future to compare the results from Fashion-MNIST to the original MNIST dataset as has been done by other researchers.
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[bookmark: _Toc157435765]Figure 3 Fashion-MNIST
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[bookmark: _Toc157435773]Table 8 Files contained in the Fashion-MNIST dataset.
	Name
	Description
	Examples
	Size

	train-images-idx3-ubyte.gz
	Training set images
	60,000
	25mbytes

	train-labels-idx3-ubyte.gz
	Training set labels
	60,000
	140bytes

	t10k-images-idx3-ubyte.gz
	Test set images
	10,000
	4.2mbytes

	t10k-labels-idx3-ubyte.gz
	Test set labels
	10,000
	92bytes



[bookmark: _Toc157435759]Python Code
[bookmark: _Toc157435760]Dataset investigation
from tensorflow.keras.datasets import fashion_mnist
# Load the Fashion MNIST dataset
(x_train, y_train), (x_test, y_test) = fashion_mnist.load_data()
print("Training data shape:", x_train.shape)
print("Training labels shape",y_train.shape)
print("Testing data shape:", x_test.shape)
print("Testing labels shape:", y_test.shape)
#This script uses the mnist.load_data() function from the tensorflow.keras.datasets to load the mnist dataset.
#It then assigns the training and testing data to variables x_train y_train and x_test and y_test
#finally it displays the shapes of the training and testing data and labels using shape.
#Output the data

(x_train, y_train), (x_test, y_test) = fashion_mnist.load_data()
import matplotlib.pyplot as plt
for i in range(10):
    plt.imshow(x_train[i],cmap='gray')
    plt.title(f"Label:{y_train[i]}")
    plt.show()

import matplotlib.pyplot as plt
print("Fashion MNIST Dataser Description:")
print(f"Number of training samples:{len(x_train)}")
print(f"Number of testing samples:{len(x_test)}")
print(f"Shape of it image:{x_train[0].shape}")
print(f"Number of Classes:{len(set(y_train))}")

#Show a sample of the data
print("\nSample Images")
sample_images = x_train[:5]
sample_labels = y_train[:5]

for i,image in enumerate(sample_images):
    plt.subplot(1,5, i+1)
    plt.imshow(image, cmap='gray')
    plt.title(f"Label:{sample_labels[i]}")
    plt.axis('off')
plt.tight_layout()
plt.show()

#output 20 rows of image
num_rows = 20
num_cols = 10
fig, axes = plt.subplots(num_rows,num_cols, figsize=(num_cols, num_rows))

for row in range(num_rows):
    for col in range(num_cols):
        axes[row, col].imshow(x_train[row*num_cols + col],cmap='pink')
        axes[row, col].axis('off')
             
plt.tight_layout()
plt.show()

[bookmark: _Toc157435761]Algorithm Script
import pandas as pd
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn.neighbors import KNeighborsClassifier
from sklearn.tree import DecisionTreeClassifier
from sklearn.metrics import classification_report, confusion_matrix
import seaborn as sns
import matplotlib.pyplot as plt

# Load the training dataset
train_data = pd.read_csv(r'fashion-mnist_train.csv')

# Load the test dataset
test_data = pd.read_csv(r'fashion-mnist_test.csv')

# Split the training data into features and labels
X_train_full = train_data.drop('label', axis=1)
y_train_full = train_data['label']

# Split the test data into features and labels
X_test = test_data.drop('label', axis=1)
y_test = test_data['label']

# Split the training data again into training and validation sets (10% of the training data for validation)
X_train, X_val, y_train, y_val = train_test_split(X_train_full, y_train_full, test_size=0.1, random_state=42)

# Standardize the features
scaler = StandardScaler()
X_train_scaled = scaler.fit_transform(X_train)
X_val_scaled = scaler.transform(X_val)
X_test_scaled = scaler.transform(X_test)

# Function to evaluate and print classification reports for a classifier
def evaluate_classifier(classifier, X_train, y_train, X_val, y_val, X_test, y_test, classifier_name):
    classifier.fit(X_train, y_train)

    # Evaluate on training set
    y_train_pred = classifier.predict(X_train)
    print(f"--- {classifier_name} - Training Set Evaluation ---")
    print(classification_report(y_train, y_train_pred))

    # Evaluate on validation set
    y_val_pred = classifier.predict(X_val)
    print(f"--- {classifier_name} - Validation Set Evaluation ---")
    print(classification_report(y_val, y_val_pred))

    # Evaluate on test set
    y_test_pred = classifier.predict(X_test)
    print(f"--- {classifier_name} - Test Set Evaluation ---")
    print(classification_report(y_test, y_test_pred))

    # Plot confusion matrix for the test set
    conf_matrix = confusion_matrix(y_test, y_test_pred)
    sns.heatmap(conf_matrix, annot=True, fmt='d', cmap='Blues', xticklabels=['Class 0', 'Class 1'], yticklabels=['Class 0', 'Class 1'])
    plt.title(f"Confusion Matrix - {classifier_name}")
    plt.show()

# Implement and evaluate K-Nearest Neighbors Classifier
knn_classifier = KNeighborsClassifier(n_neighbors=5)
evaluate_classifier(knn_classifier, X_train_scaled, y_train, X_val_scaled, y_val, X_test_scaled, y_test, "K-Nearest Neighbors")

# Implement and evaluate Decision Tree Classifier
tree_classifier = DecisionTreeClassifier(random_state=42)
evaluate_classifier(tree_classifier, X_train_scaled, y_train, X_val_scaled, y_val, X_test_scaled, y_test, "Decision Tree")
[bookmark: _Experiments][bookmark: _Toc157435762]Experiments 

	Classifier
	Highest %
	Lowest %

	Decision Tree
	79
	77

	K Nearest Neighbour
	85
	83

	Logistic Regression 
	84
	83

	Perceptron
	78
	72

	Random Forest
	87
	82
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