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Introduction

Within this assignment, there will be an evaluation of two machine learning algorithms. These algorithms will be used alongside the MNIST fashion dataset [1]. This data set contains several labelled images and will be used to demonstrate the uses of the modern supervised classification ML algorithms. 
Selection of Classifiers 

KNN (K Nearest Neighbours)
KNN as described by A. Kumar is one of the most “fundamental” [2] algorithms that can be used within machine learning. Like other machine learning algorithms, KNN relies on a set of inputs to predict an outcome and is described as a form of “supervised learning” [3]. This means that the algorithm will learn patterns and relationships between data, producing a result that can then be used. There are many steps for using KNN. The first of these steps is data preparation. This is where the data is processed to ensure that the data is “usable and suitable” [4] for the KNN algorithm. 
This typically involves separating some of the data into “training data” [5] and “test data” [6]. Training data is used to make sure that the test being done will provide a prediction of what an accurate result may turn out like once the real test is done. Then testing data will be used to perform the actual test once the data is predicted to perform well. This generally results in the data being split up into one larger set for training and smaller set for testing to ensure there has been enough data to “configure” [7] the correct training of the algorithm. This will hopefully provide more accurate results as more data has been used to test the algorithm before using the data we want to test.  
The next step involves choosing a K value. K or K-means is the name given to the “Number of Neighbours” [8], this value can be selected and then changed to find the datapoints what are nearest to the value K. Changing this K value will provide good training of the data to ensure that it is accurate before using the data that is going to be tested. Also known as the next step, “evaluation and tuning” [9]. This process involves looking at metrics like “regression and mean squared error” [10] which are types of machine learning that helps in locating relationships between variables. Mean squared error is used to perform operations like calculating the difference between the real values and predicted the predicted values. Finally, once all of this is done, you can use the algorithm and present new data if required and see what findings and predictions are made from the steps carried out. 


KNN (Python Example)
(To see the full view of the code See Appendix 1.1)

[image: ]
The first section of code that was included can be seen above. This is a collection of libraries that were required to be imported so that the code included in the rest of the script is usable. Towards the very bottom, there is a file being called, this is the fashion MNIST training data, this data is a ‘.CSV’ file and is stored in the same environment as this file so that it can be accessed. We are giving it a new name that we will use through the code and this name is ‘mnistTrain’ to show it is the training data. 

[image: ]
This is the next snippet of code. It is a simple print just to see what the data within the ‘mnistTrain’ data. This data contains a much larger amount of data visible by looking at the file directly. However, to get an idea of the format and layout the first few are shown. 


[image: ]
This is the next section of code. As you can see there is a function used at the top, this is to split the dataset provided into a training and testing set. It will shuffle the data and split it into two portions. As you can see from the comment above, originally this split was going to be 75% to 25% for the training set to the testing set. However, due to the limitations of my machine, there was not enough disk space to run a test size of a larger % of the data later. (See Appendix 1.2) So therefore, the test size has been reduced to a number that was able to be used to show any sort of results with the further steps of the process. This was 0.005% of the dataset. Then you can see that 10% of this training data has been split for further use when validating. 
Next, you can see three prints and they have been produced to show the number of datapoints within the Training data, validation data points and Testing Data points. This has been done just to keep track of how big the datasets are and if the code would be able to be run with the limitations of my machine. The last section of code is what is creating the KNN classifier model and then training it using the dataset. This is so that data can then be used to run this model and produce some results. Ten has been used as the number of nearest neighbors here to create a “smoother decision boundary, reducing the variance” [11] since there is a larger number of values within the data. Using a number that is smaller could have been used, however they can sometimes cause a more complex model to be created. 
We can see then below the output of the code within section three and see that the classifier has been made and the points data information above.
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Then we can see code that is used to double check the training data points for section three and additionally to this we are provided with the number of columns that make up the rows. This is beneficial to have just to have a further understanding of the data and what is going on with the code that is being created along with way. 

[image: ]Now we have the code to create a prediction using the KNN model that has already been created, this output is an array of labels which have been predicted for the corresponding rows that they represent within the test Data that we separated earlier. The reason to include this code is to be able to see how well it has predicted compared to the actual labels. 
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There are some of the test labels that they data in the array is referring to, having this presented to view what is intended allow it to be understood a bit more easily, rather than just looking at the code and trying to interpret what it is doing and where the data has come from. 
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This is the next section of the code. This uses the confusion matrix function from the metrics library to produce a confusion matrix about the data. We can then convert the test labels into a NumPy array which flattens the data into a one-dimensional array. This is required for this data as there are labels and data, but we can only use one array for the further steps to work correctly. Ravel has also been used for this purpose on labels and predicted labels. The results above are the results from using this function.
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[image: ]We then have the concluding section of code which shows us the precision, recall, f1-score and the accuracy and averages of these values. From this report, we can see that the overall accuracy is around 49%, this is not typically great as it shows that less than 50% of the time it is working correctly. This suggests that future improvements need to be made, especially to provide a more accurate result and a more useful model to be used in the future. There are classes which show high precision and recall, suggesting that they are effective, however, there are cases that could be considered exceptionally low which would need to be changed to provide a better working model. These instances with extremely low recall and precision could be responsible for the accuracy being as low as it is so focusing on these would provide the model with more accuracy. This model, although not providing the best results is still beneficial as it provides an insight into what could be achieved and how much better it could be with more refinement, and data processing, especially if more of the data was able to be used within the model testing. This could also be a reason the current data is not as useful. Suggesting that if the data were able to be used it could impact the findings of the model and prove that it is more effective than first thought.


Decision Trees 
Decision trees are also a form of supervised learning and can be used for regression scenarios but are used more commonly for "solving classification problems” [12]. This is down to the decision tree using branches to classify data into specific rules and each leaf represents an outcome like the shape of a real-life tree. There are several steps to complete to have a successful decision tree. The first of these is data collection. Like KNN, decision trees require you to have a usable data set, and this means that you need to load the data from the files, documents, or sources that you have. 
Once this is done it is then required to process the data, looking at any inconsistencies in the data, this could be things such as missing values, data, or labels if the data is presented within a table. This is important because “the missing data will decrease the predictive power of your model” [13]. Suggesting that you create a classifier that processes incorrect data so any tuning you do or steps you put in place may cause issues with other sets of data which you want to be correct and as accurate as they can be. To make sure that this does not occur, the instances where a value is missing should be removed. Once this is done the data can then be split into sections. Like KNN you also need to have a training and testing data set, this will be used to train the model and then provide results based on data that has not been used to create the model. 
The next step involves constructing the decision tree now that we have the data we are going to use. This contains four steps “The root node, decision nodes, leaf nodes, and then branches” [14]. The root node is the beginning of the tree, the issue or decision that warrants creating the tree. From this the decision nodes are decided, these are solutions or answers to that problem. The selection of these is made based on the root node. Following this, the leaf nodes are outcomes, this can be the result of the solution, or the result of a decision made. Branches are then used to connect the elements to understand the links that have been made and used, like the appearance of a tree connecting them all together. Furthermore, after a tree has been created, there is an option to be able to prune the decision tree. Pruning the tree like real life means to “remove parts of the tree which prevent it from growth” [15]. This within the decision tree means  that you are stopping the tree early from developing a new branch or node, this can be done and also tuned to prevent “overfitting” [16], which is undesirable as it is may work for specific data but might not work for any new data that is presented, like the test data that will be used after the training. 
Finally, the concluding steps involve predicting and evacuating. The prediction is completed to know what should be expected based on the training. This should also be the outcome expected when the test data is used. Once this prediction has been made the model can then be used with the testing data and the model's performance can also be evaluated. This is done using different metrics like “accuracy, precision, recall, or F1-score” [17]. Accuracy is used to find the proportion of the correctly classified instances based on the total number made. This will show how well the decision tree is working and how dependable it is, the more accurate it is the better the decision tree. Precision is the accuracy of positive predictions. This is useful when the “cost of false positives is high” [18]. Meaning that you want the decisions being made to be accurate to reduce the occurrence of bad decisions being made, causing real-life issues or problems as a result. Recall is like precision in a way that it is “the measure of our model correctly identifies true positives” [19]. This then shows how accurate the model is when selecting the relevant data. The F1-score is the calculation of the mean of precision and recall, it is “between 0-1" [20], where one is the best possible value, so the closer the calculation is to that value the better it will be. 
Decision Trees (Python Example)
This section contains an attempt to create a solution to the decision tree example. However, it is not complete but instead tries to present the steps that would have been taken if this was completed. This will hopefully present an understanding of the code rather than produce a viable solution showing results. (See Appendix 1.3 for the full code)
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This first screenshot shows the initial libraries that are being brought into the environment. These can be used to perform functions within the libraries that are pre-defined pieces of code which can be used and adapted to perform tasks. There is an initial random seed created so that there is reproducibility for the code that we are going to create. This seed is not just a random seed but more a sequence of random numbers which is labelled as ‘42’, this can be used then to perform other pieces of code and provide as a way for others to achieve comparable results when being reproduced. There are some lines of code to change the view of aspects within decision trees, they change the font sizes just so that the axis values will be larger. 

[image: ]
[bookmark: _Int_PEVFW84A][bookmark: _Int_XCW1ggTO]Also, within section one the code will be used once the decision tree has been created, the first part makes sure that the current directory is the root directory of the project, this just means that all the creations made from this code will be saved within the same location as the python code itself. The following code about the ‘image_path’ and the ‘save_fig’ also fit this same purpose. There are also additional lines of code to ensure that the layout is properly adjusted and that the image is saved as a .PNG file so that it can be accessed easily. 
[image: ]
[bookmark: _Int_RViLIaCK]This next section of code begins by importing more libraries of code required in this section. Then we load in the dataset and how the data is being separated. For this, it is the mnist fashion training data, and we know that commas are separating this. Then we have a section of code that was tried to create the decision tree. Within this we are trying to get the values of the data frame which are the labels, this being the names of the pixels. We are saying that they are going to be int values as this is what the pixels are within the dataset, and then we want to create an array of these values with the values also being defined as int values. We then select all the values within the arrays columns to be used later. 
The next set of code is required to actually create the decision tree itself; it calls the decision tree classifier function; we then provide the number of trees we want which is 4 and the random state which we defined earlier being 42. Then we provide the values for this and the array to make the decision tree operational. This would then be the point where the code would create a decision tree based on the values provided to it and then it would produce an outcome. We follow this up by printing some data to see the sort of values that have been used and just to check that everything would be working properly. Then we attempt to create a prediction, this will be used to see if what was create is like the results that have been created by the decision tree. 
[image: ]
After this is complete, we can use the above code to make sure that the created decision tree is being exported from the python code and saved within a location where the python code is located. This will be called fashion.dot as the main file so that we can access the data before it is produced into a imagine if we need it. At this stage we also define some aspects of the graph so that when it is accessed it can be visible in a way that is understandable. Then we can use the following code beneath this to create a .PNG of the exported decision tree, this will allow us to open the imagine up and see a created decision tree with the results and findings of the data set. Although, this is not currently available as the code does not function in the way as it is intended, we can assume that once this code is functional, it will provide us details about the Gini, which is the measure of how often a randomly chosen element occurs incorrect. If this value was closer to one than zero, then it suggests more splits of the data may need to be done. Samples would also be provided to show the number of datapoints of instances within the dataset. The values would also be provided to show how these samples are broken down and finally the class would refer to the label that is being given to the data within the dataset.
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Appendix 
1.1 Full Code KNN Screenshot
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1.2 Attempting to use 25% of the Data.
[image: ]
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As you can see above the memory error is at the very bottom of the screen. 


1.3 Full Code Decision Trees 
[image: ]
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image7.png
In [71: W [# 7. now we are going to make o confusion matrix
print(netrics. confusion matrix(testLabels. to_nunpy().ravel(),
y_predz.ratel()))
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image8.png
n [s]: W [# print the precision and recall, among other metrics
print(netrics. classification_report(testLabels.to_nunpy().ravel(),
y_predz.ravel(), igits=3))
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In (8] M|[# Print the precision and recall, anong other metrics
print(netrics. classification_report(testLabels.to_nunpy().ravel(),

y_predz.ravel(), digits=3))
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n [1]:

M # 1. Bring in Libraries that will be needed to make the decision trees.
from _ future__ import division, print_function, unicode_literals
import numpy as np
import os

# Creating the seed so that the solution will be stable across
# the different attempts made.
np.random. seed(42)

# This code is used to edit the decition trees axis to make the
# Graph Look more presentable and readable.

#matplotlib inline

import matplotlib

import matplotlib.pyplot as plt

plt.rcParams[ 'axes.labelsize'] = 16
plt.rcParams['xtick.labelsize'] = 14
plt.rcParams['ytick.labelsize'] = 14
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# This code is used to save the created decision tree in a specific Location.
PROJECT_ROOT_DIR = "."
CLASSIFIER = "decision_trees”

# This causes any images created to also be saved within a specific Location.
def image_path(fig_id):
return os.path.join(PROJECT_ROOT_DIR, "

mages”, CLASSIFIER, fig_id)

# This also causes any images created to also be saved within a specific Location,
# and makes sure they are a '.png' file.
def save_fig(fig_id, tight_layout=True;
print("Saving figure", fig_id)
if tight_layout:
plt.tight_layout()
plt.savefig(image_path(fig_id) +

.png"”, format='png’, dpi=300)
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In [2]:

M | # 2. We start by bringing in more Libraries that will be needed to make the decision trees
# within this section.
from sklearn.tree import DecisionTreeClassifier
import pandas as pd
import numpy as np

# We need to Load in the fashion data so that it can be used within the decision tree.
df = pd.read_csv('fashion-mnist_train.csv', delimite )

# This is an attempt at extracting the data from the fashion mnist training data.
mtarget = df.values

mtarget = np.array(mtarget, dtype='int')

values = np.array(df.values,dtype="int")

values = values[:,0:785]

‘targetNames=[]

feature_names=1ist(df)
tree_clf = DecisionTreeClassifier(max_depth=4, random_state=:
tree_clf.fit(values, mtarget)

2)

# We now want to print out the data that we have collected from the data set.
feature_names=feature_names[0:785]

print(feature_names)

print(values)

print(mtarget)

# Now we make a prediction on what the results should be expected to apear Like.
y_pred2=tree_clf.predict(values)
y_pred2
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In [ 1: M # 3. Creating a file name fashion.dot to export the created decision tree.
from sklearn.tree import export_graphviz

export_graphviz(
tree_clf,
out_file="fashion.dot",
feature_names=feature_names,
class_names=targetNames,

filled=True

In [ ]: M # 4. Converting the DOT file into a PNG imagine that can be seen.
import pydot

(graph,) = pydot.graph_from_dot_file("fashion.dot')
graph.urite_png(' fashion.png')
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print(mistTrain.head())
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In (31 M[# 3. e now need to take the data that we have wrich is the MNISTFashion
# data called ‘mristrrain’. We will split it up 75% for training and
# 25% for testing.
(trairData, testoata, trainlabels, testlabels) - train_test_split(np.array(
mnistirain),mistTrain, test_size-2.06s, randon_state-t2)

# now, Let"s take 16% of the training data and use that for validation
(traimata, valbats, traintabels, vallabels) - train_test_split(
traimata, treinlabels,test Size-0.1, randon_state-sd)

can see the anount that have been Split.
raining data points: {}".format(len(trainLabels)))
jalidation data points: {}".format(len(velLabels)))
esting data points: {}".format(len(testLabels)))

neighbors. KieighborsClassiier (n_neighbors=16)
nogel it(trainbats, trainLabels)

Training dats points: 53730
valigation data points: 5372
Testing data potnts: 202

out(z]: [ KileighborsClassifier

| cvesgnborsciassiFier(n_neignbors=10)

In (2] M|[# 4.Finging out the train data shape
print("Train Data Shape:", trainbata.shape)

Train Data shape: (5373e, 785)

In (51 M|# 5. Kow we can make g prediction ustng the test dota
¥_pred2-nodeL. predict(testData)
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# 7. Now we are gotng to make o confusion matrix
print(netrics. confusion_natrix(testLabels. to_numpy().ravel (),
y_predz.ravel()))

# print the precision and recall, anong other metrics
print(netrics. classification report(testiabels. to_numpy().ravel(),
y_predz.ravel(), digits-3))
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In 173 M|# 7. Now ue are going to make o confusion motrix
print(netrics. confusion matrix(testLabels. to_numpy () .ravel(),
y_predz.ravel()))

# print the precision and recall, anong other metrics
print(netrics. classification_report(testLabels.to_numpy().ravel(),
y_predz.ravel(), digits=3))
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out[2])

W|[# 3. e now need to take the aata that we have which is the MNIsTFashion
# data called ‘mristrrain’. We will split it up 75% for training and
# 25% for testing.
#(trainbata, testoata, traintabels, testiabels) = train_test_split(mp.array(
% mristirain),mistTroin, test_size-0.005, randon stotesz)

(traimata, testoata, trainiabels, testlabels) - train test_split(np.array(
mnistirain) mistTrain, test_size-s.2s, randoe_stote-22)

# now, Let"s take 16% of the training data and use that for validation
(traimata, valDats, traintabels, vallabels) - train test split(
traimata, treinlabels,test Size-0.1, randon state-s4)

# Now we can see the anount that have been Split.

print("Training data points: {}".format(len(trainLabels)))
int("Validetion data points: (}".fornat(len(vallabels)))

Testing data points: {}".fornat(lentestLabels)))

)

mogel = neighbors. KieighborsClassifier (n_neighbor:
nogel it (rainbats, trainLabels)

Training dats points: 2ese0
valigation data points: 2562
Testing data potnts: 15208
KileighborsClassifier
Kieighborsclassifier (n_neighbors=16)
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W[ # 5. Now we can mate a prediction using the test dota
¥_pred2-nodeL. predict testoata)
Yopred2

Xror_squared)
32 i Y_norn_squared. shape

1, ¥.shape(e]):

m Faise Valueerror(
3 " Incompatible irensions for ¥ of shape (V.shape} and "
35 #°Y_norm_squareg of shape {original_shape}.

3 )
> 338 retun _euclidean_sistances(x, Y, X_norm_squared, Y_nore_squared, sauared)

File ~\anaconda3\Lib\site-packages\sklearn\netrics\pairuise.py:379, In _euclidean distances(x, ¥, X_norm_squared, Y_nom_
Squared, squared)

375 distances - _euclidean cistances_upcast(x, Xi, Y, ¥V)

377 elser

375 % if dtype is already floatss, no need o chunk and upcast
> 379 distances - 2 * safe_sparse GOL(X, V.T, Gense_output-True)

3 distances - X

31 distances - vV

MesoryErrors Unsble to sllocate 1.98 GI8 for an array with shape (3312, 20562) and Gata type floates
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M # 1. Bring in Libraries that will be needed to make the decision trees.
from _ future__ import division, print_function, unicode_literals
import numpy as np
import os

# Creating the seed so that the solution will be stable across
# the different attempts made.
np.random. seed(42)

# This code is used to edit the decition trees axis to make the
# Graph Look more presentable and readable.

#matplotlib inline

import matplotlib

import matplotlib.pyplot as plt

plt.rcParams[ 'axes.labelsize'] = 16
plt.rcParams['xtick.labelsize'] = 14
plt.rcParams['ytick.labelsize'] = 14

# This code is used to save the created decision tree in a specific Location.
PROJECT_ROOT_DIR "
CLASSIFIER = "decision_trees"

# This causes any images created to also be saved within a specific Location.
def image_path(fig_id):
return os.path.join(PROJECT_ROOT_DIR, "images", CLASSIFIER, fig_id)

# This also causes any images created to also be saved within a specific Location,
# and makes sure they are a '.png" file.
def save_fig(fig_id, tight_layout=True.
print("Saving figure", fig_id)
if tight_layout:
plt.tight_layout()
plt.savefig(image_path(fig_id) +

_png” pg', dpi=360)
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M| # 2. We start by bringing in more Libraries that will be needed to make the decision trees

# within this section.

from sklearn.tree import DecisionTreeClassifier
import pandas as pd

import numpy as np

# We need to Load in the fashion data so that it can be used within the decision tree.
df = pd.read_csv('fashion-mnist_train.csv', delimiter=',")

# This is an attempt at extracting the data from the fashion mnist training data.
mtarget = df.values

mtarget = np.array(mtarget, dtyp
values = np.array(df.values,dtyp
values = values[:,0:785]
targetNames=[]
feature_names=1ist(df)

tree_clf = DecisionTreeClassifier(max_depth=4, random_state=42)
tree_clf.fit(values, mtarget)

int')
int')

# We now want to print out the data that we have collected from the data set.
feature_names=feature_names[0:785]

print(feature_names)

print(values)

print(mtarget)

# Now we make a prediction on what the results should be expected to apear Like.
y_pred2=tree_clf.predict(values)
y_pred2
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In [*]: M # 3. Creating a file name fashion.dot to export the created decision tree.

from sklearn.tree import export_graphviz

export_graphviz(
tree_clf,
out_file="fashion.dot",
feature_name:

Feature_names,
class_names=targetNames,

In [*]: M # 4. Converting the DOT file into a PNG imagine that can be seen.
import pydot

(graph,) = pydot.graph_from_dot_file("fashion.dot')
graph.urite_png(' fashion.png")
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In [11: W [# 1. ke need to include ol of these pockages to make sure
# that alL of the things we can to use can be.
#ron sklearn ingort neighbors, datasets
ron sklearn.neighbors inport Kieighborsclassifier
ron sklearn.nodel_selection inport train_test_split
ron sklearn inport netrics
inport numpy as np
nport pandas as pd

# b then need to Load in the datasets
mnistTrain = pd.read_csv(*fashion-mnist_train.csv')
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n [2]: W|[# 2. e can view that this data Looks Like by using the following code.
print(mistTrain.head())
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W|[# 3. e now need to take the aata that we have which is the MNIsTFashion
# data called ‘mristrrain’. We will split it up 75% for training and
# 25% for testing.
(trairData, testoata, trainlabels, testlabels) - train_test_split(np.array(
mnistirain),mistTrain, test_size-2.06s, randon_state-t2)

#(trainbata, testoata, traintabels, testiabels) = train_ test split(mp.array(
# mristrroin),mistroin, test_size-0.2s, rondon stafesz)

# now, Let"s take 16% of the training data and use that for validation
(traimata, valDats, traintabels, vallabels) - train test split(
traimata, treinlabels,test Size-0.1, randon state-s4)

# Now we can see the anount that have been Split.
print("Training data points: {}".format(len(trainLabels)))
print("validation data points: {}".fornat(len(valLabels)))
print("Testing data points: {}".format(len(testLabels)))

mogel = neighbors. KieighborsClassiier(n_neighbors=16)
nogel it (rainbats, trainLabels)

Training dats points: 53730
valigation data points: 5372
Testing data points: 202
KileighborsClassifier
Kieighborsclassifier (n_neighbors=16)
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0 [2]: W [# 4.Finding out the train data shape
print("Train Data Shape:", trainbata.shape)

Train Data shape: (5373e, 785)
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In (51 M[# 5. Kow we can make a prediction using the test doto
¥_pred2-nodeL. predict testoata)
Ypred2
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