[bookmark: _GoBack]Evaluating KNN and Decision Tree on MNIST Fashion Dataset
Xu Yang
University of Wales
Trinity Saint David, UK
2200550@student.uwtsd.ac.uk






Abstract—KNN and decision trees are two fundamental machine learning algorithms that can be applied to classification tasks. In this paper, firstly, KNN algorithm and decision tree algorithm are studied, and based on their principles, two classifiers are created to classify the Fashion-MNIST dataset  using sklearn library, so as to analyze the efficiency of the two algorithms. Then, the models are continually tuned by modifying the parameters to achieve the best results. In this procedure, the classification outcomes of each best classifier are evaluated using metrics like confusion matrix, F1-score, recall and accuracy. Finally, the effectiveness of the two best classifiers is compared, and the effectiveness of KNN and the characteristics of KNN and decision trees are discussed.
Keywords—KNN, Decision Tree, Scikit-learn, Fashion-MNIST 
Introduction 
MNIST is a handwritten digit image dataset that includes a sizable number of handwritten digits. This dataset has previously been utilized by researchers in the field of artificial intelligence as one of the benchmarks for evaluating algorithms. However, because to the fact that MNIST is overly simple, a large number of algorithms perform admirably on the test set, making it hard to compare the performance of different methods.
A new image dataset called Fashion-MNIST has been created to replace the MNIST handwritten digit set, which includes frontal pictures of 70,000 different commodities divided into 10 categories. Fashion-MNIST is identical to MNIST in terms of size and format. It also separates the dataset into 10,000 test set and 60,000 train set, each sample is a 28*28 grayscale image[1]. It is more complex and more suited to current usage circumstances as an alternative to MNIST.
In this study, two classifiers—KNN and Decision Tree—are created in Python to categorize photos from the Fashion-MNIST dataset. Each classifier's model was tuned by changing its parameters, evaluated using various metrics, to achieve the greatest performance. Subsequently, the author will compare the best KNN  classifier and the best decision tree classifier, and analyze their advantages and disadvantages.
Related work
Following are studies of the KNN algorithm and decision tree algorithm's processes and principles.
KNN Algorithm
K Nearest Neighbors(KNN), which is one of the simplest and most commonly used classification algorithms. Unlike  the K-means algorithm,it is a supervised learning classification algorithm. This is how it works: the classifier will first have a training set with labeled data in it. When entering new data that has not yet been labeled, the KNN classifier will compare each feature with each feature in the training set,then determine their distance from one another and choose the K training data that are closest to the new data[2].Finally, it counts the most occurrences among them to determine the label for the new data,and the K in KNN comes from this. K is typically an odd integer that is not greater than 20.
Through the distance metric, similarities in KNN can be distinguished[3]. The most widely utilized distance is Euclidean distance, however other distances like Manhattan distance and Hamming distance can also be used.Given below are two points in space and their respective Euclidean distances:


Expanding it to multi-dimensional space as follows:


The KNN algorithm's crucial step is choosing the K value.A smaller K number is equivalent to utilizing a training instance in a smaller field for prediction. Only a training instance that is similar to or related to the input instance will have an effect on the outcome of the prediction. The estimating error will also get worse, which is an issue. In other words, when K value decreases, the whole model is more complex and is more likely to overfit.
A greater K value is means that the classifier will take training example from a larger field for prediction. Its benefit is that it can lessen learning's estimating error; however, it has the drawback of making learning's approximation error worse. As K increases, the entire model gets simpler since the training instance, which is separated from the input instance, will now also affect the predictor and cause a prediction error.

Decision Tree Algorithm
As a supervised learning algorithm, the decision tree algorithm employs the mapping relationship between attribute values and objects to resolve issues. Its fundamental classification concept is to implement classification using conditional judgment logic like If-Else[4]. When an input is given, the application traversal is performed at each branch node and repeated recursively until the final terminal leaf node is reached.
A root node, multiple internal nodes, and numerous leaf nodes make up the majority of the decision tree's nodes. These nodes have a one-to-one or one-to-many mapping relationship, depending on the object attribute Key and object value of the individual nodes.Among them, the root node covers all training sample sets (test set, verification set); the branch from the root node (Root Node, RN) to each leaf node (Leaf Node, LN) corresponds to a decision-making rule. The decision tree's leaf nodes represent the outcomes of the ultimate decision.Each internal node represents a conditional judgment process, and the sample set is split into the matching left or right child node relying on the result of the conditional judgment process at the parent node[5].The shape of the branch results is similar to a tree's trunk and branches since the final screening criteria are different, giving the decision tree name. Here is the concrete decision tree model:
[image: ]
Decision Tree process
How is a decision tree built? The three parts of this procedure are typically feature selection, Decision tree generation, and decision tree pruning.
1.Feature selection: A feature is chosen from a large number of features in the training data to serve as the current node's splitting standard. In order to choose features, there are many distinct quantitative evaluation standards from which to generate diverse decision tree methods.
2.Decision tree generation: Recursively create child nodes from top to bottom in accordance with the chosen feature assessment norm; once the data set is indivisible, the tree stops expanding.
3.Pruning is frequently required in decision trees to reduce their size and avoid overfitting because these trees are prone to it.
The ID3, CRAT, and C4.5 decision tree algorithms are the most widely used algorithms.
In the ID3 algorithm, features are chosen based on information entropy size, and the judgment module is always the feature with the highest value[6]. The following is the information entropy formula:


The CART (Classification And Regression Tree) algorithm employs the Gini Index (Gini Index) as a measure of the feature division of the dataset [6]. The Gini coefficient formula is as follows:


Main body
Implement the KNN model
       The pre-process of the data is necessary. Due to the large scale of the MNIST data set, singular values and outliers may appear, which will affect the prediction results. Before training, it is necessary to limit the range of the data set first, and limit all feature values between 0-255. Then, normalize all the attribute values to speed up the convergence speed of the KNN algorithm and improve efficiency.
This article intends to use K-fold cross-validation to search for the best K value, so the data set needs to be divided[7]. Firstly, the program load the officially provided Fashion-MNIST dataset, merge the officially divided training set and test set, and then use the shuffle function to shuffle the order of the data row by row to ensure randomness.The so-called K-fold cross-validation, the steps are as follows:
      (1) Assuming that there are m training samples in S, divide the complete training set S into K disjoint subgroups, so each subset will include m/k training samples.
      (2) Every time, choose one of the divided subsets to serve as the test set and the other k-1 to serve as the train set.
      (3) Obtain the model based on the train set.
      (4) To find the accuracy rate, test the test set using the model.
      (5) Take the average of the accuracy of K times as the final accuracy of the model
This article uses 10-fold crossover.
    Now, the KNN model can be constructed with processed data. Sklearn.neighbors.KNeighborsClassifier, which is a function of the sklearn  is used to build the KNN model .The core hyper parameter can be tuned is the K number[8]. The Sklearn library also provides cross-validation functions.  Cross-validation divides the data set more than once and averages the evaluation findings from each division, eradicating the negative impacts of an uneven data split in a single division.
In the program code, there is a loop to traverse all odd K values from 3 to 19, and obtain the average accuracy through each 10-fold cross-validation. All results will be displayed on a line graph to compare the performance of classifiers under various K values and find the optimal K value.
According to the best K value obtained, we use the train set and test set in the original official data to test the model, evaluating the classifier by calculating the confusion matrix, confusion matrices, recall, precision, F1-score and classification accuracy and other indicators.
Implement the decision tree model
Data processing is carried out in the same way as KNN algorithm to limit and normalize the data set.
In this paper, the Decision Tree algorithm does not use K-fold cross validation, it directly uses official data division of Fashion-MNIST, that is, training set and test set 6:1.
       This article uses the sklearn.tree.DecisionTreeClassifier provided in the sklearn library to build a decision tree[9]. The decision tree model can be optimized by adjusting the following crucial 	parameters:
1. Criterion: Choose to use the Gini coefficient or information entropy as the quantification standard.
2. Random_state: Configure the branch's random mode's parameters. It can make sure that the sample is drawn at random in the same way each time by setting a fixed value.
3.max_depth: Limit the tree's maximum depth so that overfitting is prevented. The recommended value is 5-20.
4.min_samples_leaf : The minimum number of samples required to split internal nodes. The model can be smoothed out using min_samples_leaf combined with max_depth. Overfitting will result from setting this parameter's value too low, while model learning will be impeded by setting it too high. It is advised to begin with 5.
5.min_samples_leaf: The minimum number of samples on a leaf node. Before a node is permitted to branch, it must have at least min_samples_split training samples; otherwise, the branch will not take place.
Through multiple loops in the program, with accuracy as the evaluation standard, the values of the 4 parameters are traversed within a certain range, and finally the optimal parameters are obtained.
With the best parameters value got above, the confusion matrix, confusion matrices, recall, precision, F1-score and classification accuracy can be produced.
Result and discussion
Result of KNN and Analysis
 The figure below shows the process of KNN model training and parameter adjustment.







[image: ]KNN Classifier  Accuracy
The following is the accuracy change line graph.
[image: ]
Line graph of accuracy change 
From the graph, it is clear that the accuracy rate is at its highest when K is 5, and its accuracy is 0.8598 at this time. When K is bigger than 5, the accuracy rate keeps becoming worse as K gets higher. This demonstrates that when K rises, the classifier model becomes simpler, so it becomes harder to determine which point is closest to the input data.  When K is 3, because the K value is too small, it is easy for classifier to have an estimation error, so the number 5 is the most appropriate K value.
The result of confusion matrix and other metrics is as shown below.


[image: ]
KNN Confusion Matrices[image: ]
Other Indicators
According to the confusion matrix and F1-score, we can intuitively see the recognition performance of the classifier for each category. 
 For category 1-pants and category 8 bags, the recognition rates are the highest, with F1-scores of 0.98 and 0.97 respectively. In the recognition of pants, 965 out of 1000 recognitions are correct; in the recognition of bags, 953 out of 1000 recognitions were correct. Because these two categories are very different from other fashion clothing, it is not easy to confuse them. 
However, for the category 6- shirts, the error rate is the highest, the F1-score is only 0.63, which means that only 583 of the 1000 classifications are correct. And the recall is only 0.58, which shows that when the true value is shirts, the classifier is likely to identify it as something else. The reason for this may be that the differences between shirts and other clothing such as coats and dresses is small, and the shirts do not have obvious characteristics themselves. 
To solve this problem, it may be necessary to collect enough data to increase the complexity of the model, improve the classification ability of the model, and make the accuracy rate higher. Additionally, the number of shirt samples should not be increased only, but the number of all samples should be increased in a balanced manner, otherwise it will result in unbalanced samples. However, an excessively large data scale may further increase the computational complexity and space complexity of the KNN algorithm and reduce its efficiency, which is also the shortcoming of the KNN algorithm.
Result of Decision tree and Analysis
The figure below shows the outcome of Decision tree model training and parameter adjustment.
[image: ]Decision Tree Classification result 
From the graph, we can find that the best accuracy is 0.8082. When the classification performs best, the max_depth is 15, the min_samples_leaf is 2, and  min_samples_split is 2.
The result of confusion matrix and other metrics is as shown below.
[image: ]
Decision tree Confusion Matrices
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Other Indicators
Since random_state is set to a fixed value, the optimal decision tree model can be reproduced. The accuracy rate at this time is 0.8082, which is consistent with the accuracy rate of the optimal model in the parameter tuning process. According to parameters such as the confusion matrix, the classification performance of the decision tree classifier can be assessed.
 For category 1-pants and category 8 bags, the recognition rates are the highest, with F1-scores of 0.98 and 0.97 respectively. In the recognition of pants, 965 out of 1000 recognitions are correct; in the recognition of bags, out of 1000 recognitions Right 953. Because these two categories are very different from other fashion clothing, it is not easy to confuse them. 
Not surprisingly, the best performing categories are still pants and bags. The problem that still exists is that the recognition rate of shirts is too low. Only 518 shirts are recognized in 1000 times, which is slightly higher than 50%, and its F1-score is only 0.56. On the whole, the recognition rate of the decision tree classifier for the Fashion-MNIST data is lower than that of KNN, the Precsion index has slightly decreased, and the recall index has significantly decreased, which means the ability to identify the true value is even weaker.
To address the issue of low accuracy, it is required to increase the amount of datasets. The decision tree algorithm can handle the training and modeling of high-dimensional and large-scale data, so it is believed that its performance can be better improved by adding various types of data in a balanced way.
Comparison of the two models
KNN algorithm and decision tree algorithm are two popular and commonly used machine learning algorithms.In the performance of Fashion MNIST dataset recognition, KNN classifier performances better than decision tree classifier. For categories with obvious features, such as pants and bags, both of the two classifier can achieve a high recognition rate, while for clothes with unclear features, such as shirts, due to the interference of other similar categories, the recognition accuracy is very low. When dealing with increasingly complicated datasets, both of them have limited recognition abilities. Their average accuracy rate is roughly 80 even after parameter tuning. However, the accuracy rate of current mainstream image recognition algorithms such as CNN for classification of Fashion MNIST datasets can easily reach more than 90%.
Compared with the decision tree, KNN is less complex and easier to comprehend.Even people without a certain mathematical foundation can easily build and use it[10]. KNN has fast learning speed for small-scale data and good prediction effect. However, as data size grows, the computing and data storage costs for the KNN method soar, as do the equipment requirements. Additionally, because KNN is an online learning algorithm, its efficiency will decrease as calculation time increases for big amounts of data. Another drawback of KNN is that it can't explain the intrinsic meaning of the data, doesn't care about how features relate to one another, and just uses distance measurements.
Even though the decision tree performs poorly on the Fashion-MNIST dataset when compared to KNN, the model it creates is easier for users to explained. he decision classification procedure is clearly visible when the decision tree is drawn. And the decision tree is an algorithm that is trained first and then used. The training time is long, but the use time is fast, which means that its efficiency may be higher in real usage scenarios. The accuracy of its identification can be further enhanced by increasing the data size. Decision trees may  perform well in certain usage cases.
conclusion
	From this research, it can be found that KNN algorithm is more accurate than Decision Tree for classification of Fashion-MNIST dataset. After continuous model tuning, the best accuracy rate of the former is 85.89%, and that of the latter is 80.82%. The two algorithms have their own characteristics.: KNN is straightforward and easy to achieve, and has a high accuracy rate in dealing with some classification problems. The decision tree algorithm can create models that are simple to comprehend, and it has a lot of potential. Enhancing the quantity of the data set will increase the accuracy of the two classifiers while also raising the complexity of time and space of them. As the two basic algorithms of machine learning, KNN and decision trees, the two fundamental machine learning algorithms, have greatly influenced the advancement of these methods. The research and improvement of the two algorithms are also ongoing. I think there will be even better algorithms available in the future to assist with image classification issues. It can be expected that in the future there will be more excellent algorithms to aid people address image classification problems.
References
[1]	H. Xiao, K. Rasul, and R. Vollgraf, "Fashion-mnist: a novel image dataset for benchmarking machine learning algorithms," arXiv preprint arXiv:1708.07747, 2017.
[2]	M.-L. Zhang and Z.-H. Zhou, "ML-KNN: A lazy learning approach to multi-label learning," Pattern recognition, vol. 40, no. 7, pp. 2038-2048, 2007.
[3]	 D. Bajpai and L. He, "Evaluating KNN performance on WESAD dataset," in 2020 12th International Conference on Computational Intelligence and Communication Networks (CICN), 2020: IEEE, pp. 60-62. 
[4]	A. J. Myles, R. N. Feudale, Y. Liu, N. A. Woody, and S. D. Brown, "An introduction to decision tree modeling," Journal of Chemometrics: A Journal of the Chemometrics Society, vol. 18, no. 6, pp. 275-285, 2004.
[5]	G. Bonaccorso, Machine learning algorithms. Packt Publishing Ltd, 2017.
[6]	S. Singh and P. Gupta, "Comparative study ID3, cart and C4. 5 decision tree algorithm: a survey," International Journal of Advanced Information Science and Technology (IJAIST), vol. 27, no. 27, pp. 97-103, 2014.
[7]	 S. Yadav and S. Shukla, "Analysis of k-fold cross-validation over hold-out validation on colossal datasets for quality classification," in 2016 IEEE 6th International conference on advanced computing (IACC), 2016: IEEE, pp. 78-83. 
[8]	 Y. Yinghua and W. Xiulong, "Fault diagnosis optimization algorithm based on k nearest neighbor," in 2019 Chinese Control And Decision Conference (CCDC), 2019: IEEE, pp. 457-461. 
[9]	F. Pedregosa et al., "Scikit-learn: Machine learning in Python," the Journal of machine Learning research, vol. 12, pp. 2825-2830, 2011.
[10]	 O. Nurdiawan, D. Kurnia, D. Solihudin, T. Hartati, and T. Suprapti, "Comparison of the K-Nearest Neighbor algorithm and the decision tree on moisture classification," in IOP Conference Series: Materials Science and Engineering, 2021, vol. 1088, no. 1: IOP Publishing, p. 012031. 

Essential Resources
       This article uses resources such as the Fashion-MNIST dataset on Moodle,  and refers to the student handbook.

Appendices
       The core python code is shown below, and the source code has been submitted along with the explanation video.
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Data process code
[image: ]Code to train and tune KNNmodels
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Code to get the confusion matrix and other Indicators of  KNN
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Code to train and tune Decision tree models
[image: ]
Code to get the confusion matrix and other Indicators of  DT
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3 The mean accuracy= 0.8586714285714285
5 The mean accuracy= 0.859842857142857
7 The mean accuracy= 0.8578428571428572
9 The mean accuracy= 0.8567857142857143
11 The mean accuracy= 0.8554428571428572
13 The mean accuracy= 0.8545

15 The mean accuracy= 0.8520857142857142
17 The mean accuracy= 0.8501857142857144
19 The mean accuracy= 0.8493714285714287
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best_score= 0.8082
best_criterion entropy
best_max_depth 15
best_min_samples_leaf 2
best_min_samples_split 2
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n 21
#Data Pre-process

#limit the data range and normalize the data
def Dataprocess(Data):

P_Data = np.clip(Data,0,255)

M_Data = P_Data/255

return M_Data
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#Import the original data
M_Train = pd.read_csv("fashion-mnist_train.csv')
M_Test = pd.read_csv("fashion-mnist_test.csv')
Merge the data

Total = pd.concat([M_Train,M_Test])

Total_array = np.array(Total)

#shuffle the merged data by row

TotalMat = shuffle(Total array)

#separate characteristic values from labels

X = TotalMat[:,1:785]

y= TotalMat[:,0]

accuracy = [1

#60 through all K values from 3 to 21

for 1 1n Tange(3,21,2):
#create a KWV model
KNN = Kie1ghborsClassifier(n_neighbors = 1)
#K-fold cross validation
cvresult = CUS(KNN, X, y, cv = 10)
#prant the mean accuracy each time
print(*when K=", 1, The mean accuracy:
#record the mean accuracy each time
accuracy.append(cvresult.mean())

Jcvresult.mean())

#Draw the image according to the accuracy of the classifier under different K values

K = np.arange(3,21,2).astype(dtype=str)

plt. figure(Figsize=(10,6))

pLt.plot(K,accuracy, color="blue’, linestyle='dashed’, marker='o’,
markerfacecolors'red", markersize=10)

pLt.title(’Accuracy vs. K')

plt.xlabel('Different K')

plt.ylabel( mean Accuracy’)
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#This cell is to evaluate the best KNN classifier

#Get the original train set
M_Train_array = np.array(M_Train)
TrainMat

M_Train_array[:,1:785]
Dataprocess(TrainMat)
Trainlabel = M_Train_array[:,6]
##Get the original test set
M_Test_array = np.array(M_Test)
TestMat = M_Test_array[:,1:785]
TestMat = Dataprocess(TestMat)
Testlabel = M_Test_array[:,0]

TrainMat

#select K as 5 to create the KNN model

BKNN = KNeighborsClassifier(n_neighbors=5)

#train the model

BKNN.fit(TrainMat,TrainLabel)

#Calculate the confusion matrix
PredLabel=BKNN.predict(TestMat)

cm = confusion matrix(y_true=TestLabel, y_pred=PredLabel)

# Print confusion matrix
print("Confusion Matrix:
print(cm)

print(*\n")

# Print precision ,recall and accuracy
print(classification_report(TestLabel,PredLabel))
print('mean accuracy=', BKNN.score(TestMat,Testlabel))
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#use the best paraneter values to create the Decision tree model
07 = DecistonTreeClass1fier(criter o= entsopy  max_depthe 15, max_featurese'auto’,min_saaples_Leaf=3,min_ssmples_split=7, sandon_state=s)

oL t(TratnMat, Tratntabel)

sCatcutate the confusion matrix

predeOT. pregict (Testhat)

a » confusion_mateix(y_truesTestLabel, y_predepred)

princ(-confusion Matrix: *)

princ(em)

prine(\ar)

# print precision ,recall and accuracy
prine(classification report(Testlabel, pred))
print(‘nesn accuracys", DT.score(Tesulat, Testiabel))
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