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Abstract
In recent years, many efficient machine learning algorithms has been developed. Decision tree and KNN are regarded to be the most famous algorithms in classification area. Many researches have been conducted to extend these two algorithms. In this essay, conducted experiments on Fasion_MNIST by using decision tree and KNN. Literature of both algorithms are also provided. The basic ideas and principles are illustrated. Furthermore, the results of experiments are shown and analyzed. As a result, discussion and compare are made upon KNN and decision tree.  
I. Introduction
1. The Purposes 
In this paper, two machine learning algorithms, KNN and decision tree, are used to classify the data in Fasion-mnist dataset, and different parameters are adjusted to achieve higher performance. Then, for each algorithm, estimate and compare its different results, and summarize the regularity. Next, compare the results of the KNN with the results of the decision tree. The performance will be demonstrated through confusion matrix, accuracy rate, F1-Score and other standards.
2. KNN and Applications
KNN is a very simple but efficient way to classify data. KNN trains by all training data and classifies new inputs based on  k nearest neighbors according to its own features. k in KNN represents the number that indicates how many nearest neighbors should be involved, and then the new data would be labeled in the later majority voting process. A data sample is labeled by majority votes from its k nearest neighbors. 
Searching the correct value of k is crucial for better accuracy in KNN. And the process of searching for the right k is called parameter tuning. 
What we need is not a model that is too general or too specific. Our goal is to create a robust and accurate model.
Fig.1-1 shows a simple KNN example. In this case, the blue point is an unknown data point need to be classified. When K =4, there are 3 green points in the 4 nearest point around blue point, so blue point would be classified as the class which the green represent.
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Fig.1-1. A simple KNN[1]
KNN has many advantages, it is simple, comprehensive and scalable. It takes a few times to train a model and make a good prediction afterward. It is suitable for large training datasets. KNN performs well in classification as well as regression. [1]
Among them, in the classification problem, KNN is used to predict the category. Generally, the "voting method" is used to select the category that appears most among the k samples as the category of the test sample.
In regression problems, KNN predicts a value by using the "average method", the average of the real-valued outputs of k samples is used as the output of the test sample.
KNN also has some disadvantages. It takes more time to calculate the distances between each known data point and unknown data point which need to be labeled. When the training dataset is not balance, which means it has a number of samples in one class but a few samples in another, in this case, KNN would not work very well. 
KNN can be applied for many areas. Such as medical predictions, financial modeling and data mining. [1]
3. Decision tree and Applications
Decision tree is a supervised machine learning algorithm. It can be trained by labeled training tuples and construct a top-down decision tree model which can classify new data after. It is famous for its intuitive and comprehensive. It contents a root node and some sub-nodes and leaves. Those nodes are connected by branches and search through those nodes to the leaves is the process of classification. Fig. 1-1 shows a simple example of Decision tree.
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Fig. 1-2. Example on Decision Tree[2]
Attribute selection procedures are applied to choose the feature that best split the original dataset into different partitions during tree building process. There are some algorithms that popular in decision tree construction. ID3(Iterative Dichotomiser), which later expanded as C4.5(a successor of ID3). C4.5 became a standard to which other supervised classification algorithms are often compared.  Another algorithm call CART(Classification and Regression Trees) , which defined the generation of binary decision trees. [3]
Advantages & Disadvantages
Decision trees can be easy understanded and explained, able to visualization. It can apply to discreet and continuous data. It responses well and fast to large data samples and has a good outcome.
Although decision tree has many advantages, it also has some disadvantages. Such as easy overfitting, result vary by using difference splitting algorithms. The model become more complex as the size of input dataset increased. [4]
Decision tree has been successfully applied to many fields[2] like medical disease analysis, images recognition, user smartphone classification, data mining and text classification.
4.  Fasion-MNIST Dataset
Fasion-MNIST is an MNIST-like dataset that contains 70,000 28*28 images and each image with a label from 10 classes.  Those ten labels are: pullover, coat, sandal, shirt, sneaker, bag ankle boot, dress, trouser and t-shirt. 
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Fig. 1-3. Classes in Fasion-MNIST dataset
In this experiment, we use keras to load Fasion-MNIST and then divided to form a 60,000 training dataset and a 10,000 test set.
5. The Structure of Essay
For the structure of this essay, section I makes a brief introduction. Section II concludes some related work in literature about KNN and Decision tree. Section III explains the basic principles of KNN and Decision tree, the framework sklearn that used in this experiment also introduced in this section. Section IV shows the result of this experiment Section V make a discussion upon the result showed in section IV and make a reasonable analysis. Section VI make a conclusion of this essay. The code of this experiment can be found in the Appendix. 
II. Related Work in Literature
1. KNN Development
There are many developments and techniques of RNN. 
[10] provides a locally adaptive KNN which selects the parameter k that would be used cross-validation examination in the related neighbors and then classify a new input based on those examinations
The algorithm by [11] indicates that the distances should be weighted when classify a new data point. Which can see in sklearn framework. 
KNN keep the same number of k for every new data point. [12] provide an adaptive KNN which can search for a suitable value of K for each new data.
[13] presented an improved KNN algorithm by choosing communal and similar nearest neighbors which can calculate the distance between new input and its nearest neighbor data points. [1]
Normally, the setting of k depends on the datasets, causing it hard to select the parameter accordingly with different applications. [14] provided a novel method that dealings the informativeness of objects to be classified. It calculates the importance of data. It needs two inputs K and I in this algorithm, the main class of the majority informative training data will be the label of the new input. [1]
2. Decision Tree Development
In the past 30 years, lots of decision tree variant has been proposed by several pioneers. [4] Lim et al. [5], have compared 22 decision tree algorithms based on performance standards like accuracy and running cost. 
Loh [6] made a remarkable survey on classification and regression tree models, those model have been applied in the past 5 decades. In his paper, he surveyed the most of the algorithms that have excellent performances and working well for a long time. His work also provided the development and key concepts that supporting those up-to-date algorithms.
Hu et al. [7] demonstrated the first applied algorithm to improve DT for binary classification. The method is a cooperate design of analysis limitations concerning a specific bit vector collection and data structures that narrow the search area. It shows a better form of construction and lower the running cost.[8]
Hussain et al. [9] proposed a recent method, call a Pixel Label Decision Tree(PLDT), and search if it can reach  a improved dedicated femur segmentation effectiveness in DXA imaging. This method can be applied to discover secret patterns found in DXA images compare to photographic images. [8]
III. Methodology
1. Basic Ideas of KNN and Related sklearn library 
KNN algorithm classify new data by observe the K nearest neighbors and take the majority of votes by those neighbors as the label of new data. 
To finds out the K nearest neighbors, we will calculate Euclidean distance. 
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Fig.3-1. Two points in the plane
As in Euclidean distance, the distance between two points in the plane with coordinates (x, y) and (a, b) as shown in the Fig.3-1 is given by formular 1:
	
	(1)


After calculated the distances between the new data and each known data, select the first k nearest known point and the majority votes would be the class of the unknown data.
In this experiment, we used a module name neighbors in sklearn framework to conduct KNN algorithm on Fasion-Mnist dataset. 
sklearn.neighbors.KNeighborsClassifier[15] can help implementing the k-nearest neighbors vote. You only have to set up some parameter that affect the performance. Here we try to tune two main parameters. First, “n_neighbors”, default=5, number of neighbors to use by default for kneighbors queries. Second, “weights”, can choose “uniform”, “distance”, callable or None. Default=”uniform”. [15]
By “uniform”, All k nearest neighbors has the same weight, which would be easy affected by noise and outlier. Therefore, there is another option is “distance”. In this option, closer neighbors have a greater weight than those neighbors which are more far away from the query data point.
2. Basic Ideas of Decision Tree and Related sklearn library
A decision tree is a top-down tree structure in which each internal node (non-leaf node) represents a test on an attribute, each branch represents the result of the test, and each leaf node (or terminal node) contents a class label. Given a new input X, its attribute values are tested against the decision tree. Start from the root node and form a path according to its own value until a meet a leaf node, which holds a class label for this new data. [3]
ID3, C4.5, and CART use a greedy method in which decision trees are built in a top-down recursive manner. 
In each round of attribute selection, we want to split data partition D into smaller partitions and reach a “best” interest. 
Here we will introduce the main concepts of those algorithms. [3]
There are several attribute selection criteria, gain ratio and gini are the most common used measures.
The criteria used by ID3 is information gain.  We need to calculate the information of a given partition D of tuples which given by:
	
	(2)


Where pi  is the nonzero probability that an arbitrary tuple in D belongs to class Ci. Info(D) is also called the entropy of D. 
After the partitioning, we need to know how much more information we need to arrive at an exact classification which can be calculate by:
	
	(3)


Information gain is defined as the difference between the original information requirement and the new request (i.e., gained after splitting on A). Which is,
	
	(4)


In short, Gain(A) indicates how much would be gained by split on A.
C4.5 algorithm uses gain ratio, which is an extension to information gain. Firstly we need to calculate a value knowns as “split information” by:
	
	(5)


This value denotes the future information produced by splitting the training dataset, D, into v partitions, corresponding to the v results of a test on attribute A. The gain ratio can be calculated by : 
	
	(6)


The attribute with the highest gain ratio would be choose as next splitting attribute.
CART algorithm uses Gini index instead of gain information or gain ratio. The gini index calculate the impurity of D, a subset data or set of training dataset, as:
	
	(7)


Calculate the Gini of a partition A and then the reduction in impurity is defined by:
	
	(8)


The attribute that maximizes the reduction in impurity is selected as the splitting attribute.
Decision tree can be overfitting and overgrow become a large tree due to noise or outliers. Tree pruning was introduced to solve this problem. Pruned trees usually faster and better at correctly classifying independent test data than unpruned trees. 
When actually constructing a decision tree, pruning is usually performed to deal with the overfitting problem caused by noise and outliers in the data. There are two kinds of pruning: pre-pruning and post-pruning.
In this experiment, we use a module called “DecisionTreeClassifier” in sklearn framework. DecisionTreeClassifier provide a simple to implement a decision tree algorithm. User can use this module to construct a decision tree model and use it to make a prediction. This module has two parameters we need to tune in this experiment. First one is “criterion”, we can choose “gini”, “entropy”, “log_loss”, default=”gini”. Second one is “max_depth”, which we use to prune to decision tree.
IV. Results
1. The Result of KNN
The result of KNN is shown below, here we use brute force loop to find the best parameters for KNN in this experiment. There are two loops, first loop selects different weights and for each weight method run another loop which search k from 1 to 30. 
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Fig.4-1 Accuracy of uniform weight
Fig.4.1, the horizontal axis represents the number of K and the vertical axis represents the accuracy, shows the accuracy for uniform weight which k from 1 to 30. The best acc is 0.8577, when K = 4. The lowest acc is 0.8357, when K = 30.
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Fig.4-2 Performance matric when k=4
Fig.4.2 shows the performance matric of the best performance K with uniform weight. Precision, recall, f1-score can be seen in this table.
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Fig.4-3 Accuracy of distance weight
Fig.4.3, where the horizontal axis represents the number of K and the vertical axis represents the accuracy, shows the accuracy for distance weight which k from 1 to 30.. The best acc is 0.8597, when K = 4. The lowest acc is 0.8357, when K = 30.
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Fig.4-4 Performance matric when k=4
Fig.4.4 shows the performance matric of the best performance K with distance weight. Precision, recall, f1-score can be seen in this table.

2. The Result of Decision Tree
The result of decision tree is shown below, here we use brute force loop and GridSearch(a module in sklearn) to find the best parameters for decision tree in this experiment. There are two loops, first loop selects different criterion and for each criterion run another loop which search max_depth from 1 to 30. 
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Fig.4-5 Accuracy of using entropy
Fig.4.5, where the horizontal axis represents the maximum depth and the vertical axis represents the accuracy, shows the accuracy for entropy criterion with a tree maximum depth from 1 to 30. The best accuracy is 0.8149 when max_Depth = 11.
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Fig.4-6 Accuracy of using gini
Fig.4.6, where the horizontal axis represents the maximum depth and the vertical axis represents the accuracy, shows the accuracy for gini criterion with a tree maximum depth from 1 to 30. The best accuracy is 0.8105 when max_Depth = 13.
In decision tree, also used a GridSearch module to find the best parameters for decision tree model construction. 
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Fig.4-7 Best parameters search by GridSearch
By these parameters, the best accuracy is 0.804.
V. Discussion
1. KNN Result Analysis
Applying the KNN algorithm to the Fasion_MNIST dataset, after tuning the parameters using brute force algorithm, the best accuracy rate is 0.86. It can be seen that the accuracy rate of the KNN algorithm in image classification is comparatively low, and the performance is average. It can be seen from the performance matric that among all classes, the second and sixth classes are the most difficult to be classify, which is also the reason for the low accuracy rate. 
When K increased the accuracy increased before K reach 4 and then continued to drop after. By this, we can guess that no need to try bigger number for K. Although there are papers suggest that the best K usually estimate around . Which n is the size of dataset. In this case, it would be around 240, which is much greater than the best k we found. Large value of k smooth over things, but can left only few samples in a category and it will always be out voted by other categories. And the default number of K in sklearn framework is 5, which very close to the best k in this experiment which is 4. 
2.  Decision Tree Result Analysis
As we can see in section IV, accuracy increased as maximum depth increased. It reached the highest point when max_depth equals 11 in entropy criterion and equals 13 in gini criterion. After that, continued to increase maximum depth made almost no improvement. 
The best accuracy is 0.815 when using entropy criterion with a 11 max_depth.
Used GridSearch to find better parameters matric which only reach a 0.804 accuracy, it is lower than the accuracy achieved in BF parameter searching. On the other hand, GridSearch took hours for searching each possible parameter in order to achieve a better performance. So it is not worth in this experiment.
3.  Comparison
The best accuracy of KNN is 0.86 which a little higher than decision tree’s best accuracy 0.815. Both algorithms using BF loop to search for best performance. KNN ran fast and cost less system resources. In fact, both KNN and decision tree did not work well in Fasion_MNIST. KNN can perform better due to its principle to classify new data which looking at data simplicity. Decision tree split dataset into sub-dataset by calculate each attribute’s impurity or gain ratio determent by the chosen criterion. In Fasion_MNIST, the attributes of each image are not distinguished that might be the reason that decision tree did not achieve a high accuracy. As for run cost, KNN is easy trained but need more time to classify new data. By contrary, decision tree is more complex to construct and can quickly classify new data. KNN and decision tree can set relatively few parameters, and the performance of the algorithm is prone to bottlenecks. The advantage is that the running speed of the two algorithms is relatively fast, the modeling is simple using the public API, and the results are obvious.
4.  Exploration
There are several ways that might make KNN and decision tree, such as normalize the training data and test data, use combination and variant KNN, use random forest to improve the performance of decision tree. According to other experiment in other machine learning like CNN, RNN, also achieve a much better accuracy in image classification and recognition. 
VI. Conclusion
In this paper, KNN and decision tree are used to make an experiment on Fasion_MNIST dataset. It is difficult to choose the right K for KNN algorithm so a BF loop was introduced to search the best k. As for decision tree, both criterions were searched for best performance. KNN is popular due to its simplicity and comprehensibility.  It achieved a higher accuracy than decision tree in Fasion_MNIST, a lot of other methods to find the best K can be explored further in this experiment. Decision Tree is an analytical decision making measures in risk management process and decide its probability by constructing a decision tree to indicate the next step. It is a diagrammatic method of an intuitive use of probability analysis. In machine learning, a decision tree is a model that can predict new input data into a mapping class based on data features. 
In future, I should try more variants or combinations of both KNN and decision tree, and conduct another more specific experiment against Fasion_MNIST dataset to achieve a better performance.
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18] import tensorflow as tf
inport numpy as np

from tensorflow inport keras
inport matplotlib.pylab as plt
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Load fasion-mnist from tensorflow
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print (ace)
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I [16] # Print the precision and recall, among other metrics
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Try different K and Weights
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model. £it (x_train, y_train)
y_pred-nodel. predict (x_test)
ace = metrics. acouracy_score (y_pred, y_test)
scores. append (acc)
if (acc > maxhos)
mazhos = ace
nak = x
if (ace < minkee)
minkee = acc
nink = x
print (When K = *, % *:*, file = 1)
print (netrics. classification report (y_test, y_pred, digits=3), file=f)
print (netrics. confusion matrix (y_test, y_pred), file=f)
print (", flush-True, file=f)
plt.plot (range (30), scores)
plt.title("Aoc of using “+weights)
plt. show()
print (scores)
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from sklearn. tree import DecisionTreeClassifier

tion

#Build a decision tree
dtct = DecisionTreeClassifier (eriterion=" entropy’,

dtef. it (x_train, y_train)
score = dtof. score (x_test, y_test)

0.799

29

dtet. get_depth()
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)

splitter='best’,
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Search for better parameters by using loops

(78] for x in ["entropy’, "gini’]
scores = [1
mazoe
best_naxDepth = 0
for i in range(1,31)
#4ddd Hodel training
dtef = DecisionTreeClassifier (criterion=x,
splitter='best’,
randon_state=1,
nax_dept}

)

# criterion can chose gini or entropy
dtef. it (x_train, y_train)
score = dtof. score (x_test, y_test)
if (score > maxhec)
mazhos = score
best_maxDepth = i
scores. append (score)
plt.plot (range (30), scores)
plt.title("hoc of using "+x)
plt. show()
print (scores)
print ("The mazhce is :”, maxhos, “when maxDepth = °, best_maxDepth)
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Use gridSearch to find the best parameter

I [64] fron sklearn.nodel_selection import GridSearchCV
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