Comparative Study of KNN Algorithm and Decision Tree Algorithm on MNIST Fashion Dataset
Wenzhou Yu
2203627@student.uwtsd.ac.uk
Abstract- In the past few years, the concept of machine learning has been widely used in many disciplines. It has achieved significant results as human society transitions into the information age. As a result of the advent of the information age, the algorithm of machine learning has its own advantages and disadvantages. Choosing the correct algorithm and parameter configuration will help us to get a more accurate model. To study the Fashion-MNIST dataset recognition problem in this paper, the KNN algorithm will be used in conjunction with the decision tree algorithm, and the results will be analyzed according to the characteristics of the two algorithms.
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1 Introduction
Fashion-MNIST is a dataset of images that replaces the handwritten digit set of MNIST with an image dataset. In this case, the research arm of Zalando, a German fashion technology company, is providing the information. It covers a total of 70,000 frontal images of different products from 10 categories [1]. In the classic MNIST dataset, a large number of handwritten digits are used to represent the data. In the past decade, the MNIST data set has been used as one of the standards to measure the quality of an algorithm. In addition, it has been utilized in the areas of machine learning, machine vision, artificial intelligence, and deep learning. In addition, it has been utilized in other fields in which algorithms are used. There is no doubt that the MNIST dataset has become one of the most popular test datasets for algorithm authors over the years. In recent years, machine learning, as the core technology to realize artificial.
The energy boundary has attracted extensive attention, and the use of machine learning methods has improved recognition performance
It has surpassed the traditional pattern statistical recognition method [2,3].
The algorithms used in this article are based on two classic learning algorithms, one of which is the KNN algorithm. The other is the decision tree algorithm. Furthermore, the performance of the top-performing KNN classifier as well as the highest performing decision tree classifier is compared on the MNIST fashion dataset. This is done in order to compare their performance. Additionally, various metrics can be used to evaluate the performance of the trained model, such as the confusion matrix, recall, accuracy, F1 score, and classification accuracy.
[bookmark: _Hlk124184549][bookmark: _Hlk124184594]2 Basic introduction of KNN algorithm and decision tree algorithm
2.1 Basic introduction of KNN algorithm
The k nearest neighbor algorithm (KNN) is a non-parametric statistical method mainly used for classification and regression [4]. The KNN algorithm was proposed by Hart and Cover in 1967. Taking the KNN algorithm as an example, The underlying principle of this algorithm is that given a training data set, for a new input instance, find the k closest neighbors of the instance in the training data set, based on the training data set，Columns that are accurate. It is determined that the input real columns are classified into this category if most of the k real columns belong to that category.
As can be seen in Figure 1, the sample column consists of two categories. One is the category represented by the triangle, and the other is the category represented by the square. A newly added sample category is given below: circle. Using the KNN algorithm, we first assume a k value. If k=3, then examine the 3 sample points closest to the circle to see if there are more triangles or more squares. As shown in the figure, it is obvious that circles and triangles are divided. It is a class, because there are two triangles and only one square. If k=6, find the 4 sample points closest to the circle. Because are 4 squares and two triangles, then the circle and the square are classified into one category.
[image: ]
Fig.1 Understand the schematic diagram of the KNN algorithm

There are two difficulties that need to be overcome in order for the KNN algorithm to be successful. The first difficulty is how to determine how high to make the K value. The second difficulty is how to determine what are the nearest K samples to the sample to be tested. In this paper, we propose the following solutions to the problem. As we know, the prediction process for the first problem will be complicated if K is too large. In addition, the prediction time will be very long if K is too large. It is possible that the K value may not be accurate enough if the K value is too small. To verify the size of the K value, we use the cross-validation method, which is a method where part of the data in the training set is used for training, and the other part is used for verification, and by adjusting the value of K continuously based on the samples from the verification set, we are able to determine the size of the optimal K value based on the data from the training set. In this case, the best value of K is 5. In order to determine the K samples closest to the sample to be predicted, the second question needs to be answered. In order to solve this problem, it is critical to know how to calculate the distance between two samples. Currently, there are two main methods of calculating distance: the Euclidean Distance and the Manhattan Distance. However, the distance design method can also be determined by the actual situation. Let us take the example of two nodes (x1, y1) and (x2, y2) in two-dimensional space as an example. There is a formula for calculating the Euclidean distance as well as a formula for calculating the Manhattan distance, which can be found in Formulas 1 and 2:
Euclidean distance=         (1)
Manhattan distance=            (2)
2.2 Basic introduction of decision tree algorithm
Decision tree learning [5][6] is an instance-based inductive learning algorithm. The focus of Decision tree is to develop classification rules for the formation of decision tree representations from a set of unordered and irregular cases. This is in order to infer classification rules. In the field of classification and prediction, decision tree technology is used. Decision trees are a way to classify data. Basically, it incorporates some disordered and irregular things into a decision tree to categorize them. This technology adopts a top-down recursive method, analyzes the difference between each node according to the internal composition of the decision tree, and then obtains the result according to the distribution of the decision tree. There are certain rules for the selection of nodes, and the rules are obtained through the analysis of each group. In decision trees, trees can be thought of as Boolean functions. In terms of functions, the attributes of the required things can be input first, and the output is the decision value of "yes" or "no". In the decision tree test, it is necessary to associate a certain attribute with each branch node. The Boolean function value is also the node of the leaf, and each branch also represents the value of the test attribute. Among them, the most classic one is the ID3 decision tree. This comes from the concept learning system CLS, and then becomes the C4.5 algorithm that can deal with continuous attributes through continuous changes. The algorithm is capable of guided learning, forming a decision tree by training subsets. When the decision tree cannot identify it correctly, another training subset can be selected, and then the correct decision set can be obtained through repeated experiments. A decision tree is generated based on the training set, and the instance set is classified based on the corresponding attribute values. When classifying it, you can start at the bottom, find the attributes of the test object, walk in the corresponding order, and finally get to the leaf node. Leaf nodes refer to the class of objects in the classification process. Decision trees are widely used. There are many current decision tree methods, such as the most commonly used ID3, C4.5 algorithm, and some PUBLIC, CART, CN2, SLIQ, SPRINT, etc. With the continuous development of information technology, decision trees can improve the efficiency of data mining. They can find certain information that is of interest to people, so that they can extract effective information and learn certain rules.
2.3 Classification of Decision Tree Algorithms
The ID3 algorithm is a decision tree learning algorithm based on information entropy proposed by Quinlan [7] in 1986. He introduced the information theory of C.E.Shannon [8] into the decision tree algorithm, and used information entropy as the criterion for selecting test attributes. Classify the training sample set and construct a decision tree to predict how to divide the entire sample space by the test attributes. The information entropy theory is mainly used in the ID3 algorithm. In the test, it can be measured according to the data in the sample, and the value with a large amount of information can be selected for testing. In the test, the attribute value is mainly selected, and different sample sets can be obtained according to the attribute of the test. In the test, attention should be paid to observing the leaf nodes on the decision tree. In building the decision tree, we can find out the rules based on data mining, and then compare the non-leaf nodes with the following nodes to get the path, ensure the depth value of the decision tree, and then further divide it in detail. In the ID3 algorithm, information theory can be used to measure the instability of the data set, and it can be measured according to the gain value of the inf information will be smaller. In the test, the amount of information that non-leaf nodes can carry should be obtained according to the algorithm. In the ID3 algorithm, to classify the sample set, the composition of the decision tree is based on the training sample set. After the decision tree is generated, it can be pruned according to the sample set, and then according to different classifications Dispose of some nodes that do not meet the requirements. The ID3 algorithm is carried out through continuous loops, which can improve the efficiency of the decision tree and find a suitable decision tree. The decision tree constructed by the ID3 algorithm is summarized from top to bottom, and can be divided into two types in terms of distinction, one is true, and the other is false. The attribute value is a discrete finite value, which is also divided into two categories: Integer, second is a real number. Through comparison, we can see that the advantages of the ID3 algorithm are as follows: (1) It can use the meaning of information gain. This method is relatively simple, and mainly consists of a linear function through some nodes and examples. (2) It can turn the data search into a hypothetical space, and search according to the objective function without danger. (3) It can make full use of the training data without the trouble of subtracting the training examples. When counting, it is necessary to start from the whole, so that the noise can be better reduced. The disadvantage of this algorithm: When there are many data values, it will easily cause data accumulation, which is not conducive to simple calculations. It can be converted into binary features in calculations. The ID3 algorithm is relatively dense in terms of noise, and it is easy to appear certain noise in the test. The generation of noise comes from eigenvalue error and category error. As the number set increases, the ID3 decision tree will also change, which is not conducive to progressive learning.
The C4.5 algorithm was proposed in 1993, which is a continuation of the ID3 algorithm and provides a certain basis for future algorithms. Not only does C4.5 have the ID3 algorithm, but it also has brand-new features. The C4.5 algorithm has high efficiency and can improve the accuracy of data mining. C4.5 is a brand-new algorithm based on ID3, focusing on continuity, that can handle null values when they appear, and can also perform better pruning. With the help of different pruning techniques, the situation of fitting can be reduced, improving ID3 to some extent. Using the information gain rate, this can reduce some problems that will occur with the information gain attribute. It can also be processed centrally, so that some lost information can be restored in this way. 
But there is an insufficiency in the decision tree C4.5 algorithm in this case. Since it is very easy to overfit the decision tree algorithm, it is necessary to prune the decision tree generated by the algorithm. It is also possible to generate a multi-fork tree with C4.5, which means that a parent node can have multiple child nodes. There is no doubt that the binary tree model will be more efficient on the computer than a multi-tree model. If a binary tree is used, it can be improved Efficiency. C4.5 can only be used for classification. If the decision tree can be used for regression, its scope of use can be expanded. Due to the use of the entropy model in C4.5, there are a large number of time-consuming logarithmic operations, and if it is a continuous value, there are also a large number of sorting operations.
3 Using python to realize the classification of the Fashion-MNIST dataset
This article utilizes python language to implement KNN's preprocessing of Fashion-MNIST data set as well as classification and recognition of Fashion-MNIST data set using scikit-learn library, calculates the precision rate, accuracy rate, confusion matrix, and F1 score. 
3.1 Selection of Fashion-MNIST dataset
Among the most popular Python machine learning libraries, scikit-learn can be considered one of the most widely used. Datasets can be downloaded and loaded from the OpenML website using this program. As far as the dataset is concerned, it contains 60,000 images of 28x28 grayscale in 10 fashion categories, as well as a test set of 10,000 images. The array that represents the features of the dataset is a numpy array with the shape (n_samples, n_features) representing the samples in the dataset. As you can see, it is an array of 28x28 grayscale images, each of which is represented as a 1D array of 784 values (28x28).
[bookmark: _Hlk124198586][bookmark: _Hlk124175240]3.2 KNN algorithm implementation process
[bookmark: _Hlk124199582]The implementation of the python code for the KNN classification algorithm is described in Table 1.
[bookmark: _Hlk124199706][bookmark: _Hlk124199622]Table 1 also shows: (1) Load the MNIST fashion dataset. (2) Split the data into training set and test set. (3) Create KNN classifier. (4) Fit the classifier to the training data. (5) Make predictions on test data. (6) Calculate confusion matrix. (7) Calculate precision score. (8) Calculate recall score. (9) Calculate F1 score. (10) Calculate accuracy score.
3.3 Decision tree algorithm implementation process
The implementation of the python code for the Decision tree algorithm is described in Table 2.
Table 2 also shows: (1) Load the MNIST fashion dataset. (2) Train the model. (3) Make predictions on the test data. (4) Calculate the accuracy of the model. (5) Calculate the precision of the model. (6) Calculate the recall of the model. (7) Calculate the F1 score of the model. (8) Calculate the confusion matrix.
3.4 KNN recognition Fashion-MNIST data set results analysis
Based on the Fashion-MNIST test set, this paper presents the prediction results from the KNN algorithm implemented in this paper. The KNN algorithm implemented in this paper has an overall accuracy rate of 0.8567, a precision rate of 0.8567, a recall rate of 0.8567, and an F1 score of 0.8567 on the Fashion-MINIST test set.
3.5 Decision tree recognition Fashion-MNIST data set results analysis
The prediction results of the decision tree algorithm implemented in this paper on the Fashion-MNIST test set are presented in this paper. On the Fashion-MINIST test set, the Decision tree algorithm implemented in this paper reported an overall accuracy rate of 0.792, a precision rate of 0.792, a recall rate of 0.792, and an F1 score of 0.792.
4 Conclusion
Based on the Python and scikit-learn libraries, this paper implements the KNN algorithm based on the Fashion-MNIST image dataset, and then tests it on the data set. As part of the method described in this paper, we first download the Fashion-MINIST dataset which is contained in the scikit-learn library. To train and test the KNN algorithm, you will need images and label data, then cross-validation and Euclidean distance will be used to determine the K value, and you will construct a KNN classifier, using the images from the training dataset to train the KNN model, and finally using the model to fashion images from the test data so it can predict the future. Based on the Fashion-MNIST test set presented in this paper, the prediction accuracy of the method that is described in this paper is 0.8567. In this paper, we present experimental results that demonstrate that the KNN algorithm used in this paper is capable of identifying the Fashion-MNIST data set with high accuracy. For the decision tree algorithm, we can start by building a decision tree, first select an attribute as the root node, and then use the Gini index formula, because the lower the Gini index, the better the classification effect. After obtaining the Gini index, use the average weighting formula to calculate. As a result, by the same token, internal nodes and leaf nodes are obtained to build a complete decision tree.
According to the analysis, for the problem of handwritten digital recognition, the advantage of the KNN algorithm is that it is simple and easy to implement, and the disadvantage is that it takes a long time. From this point of view, for the recognition of the Fashion-MNIST dataset, the KNN algorithm is superior in terms of accuracy and difficulty.
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