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ABSTRACT:

Introduction/purpose: The utilization of machine learning methods has become indispensable in analyzing large-scale, complex
data in contemporary data-driven environments, with a diverse range of applications from optimizing business operations to
advancing scientific research. Despite the potential for insight and innovation presented by these voluminous datasets, they
pose significant challenges in areas such as data quality and structure, necessitating the implementation of effective management
strategies. Machine learning techniques have emerged as essential tools in identifying and mitigating these challenges and
developing viable solutions to address them. The MNIST dataset represents a prominent example of a widely-used dataset in this
field, renowned for its expansive collection of handwritten numerical digits, and frequently employed in tasks such as classification
and analysis, as demonstrated in the present study.

Methods: This study employed the MNIST dataset to investigate various statistical techniques, including the Principal
Components Analysis (PCA) algorithm implemented using the Python programming language. Additionally, Support Vector
Machine (SVM) models were applied to both linear and non-linear classification problems to assess the accuracy of the model.
Results: The results of the present study indicate that while the PCA technique is effective for dimensionality reduction, it may
not be as effective for visualization purposes. Moreover, the findings demonstrate that both linear and non-linear SVM models
were capable of effectively classifying the dataset.

Conclusion: The findings of the study demonstrate that SVM can serve as an efficacious technique for addressing classification
problems.

KEYWORDS: statistical analysis, machine learning, SVM, PCA, classification.
Pe s310oM e ;

BeeacHue/ueab: B coBpeMeHHOM Mupe HCIIOAB3OBAaHHE METOAOB MALIMHHOTO OOYYCHMS CTAAO HC3AMCHHMBIM IIPH AHAAHM3C
KPYIHOMACIITAOHBIX M CAOKHBIX AQHHBIX. A\QHHBIC METOABI IIMPOKO IIPUMEHSIOTCA B PASAMYHBIX O0AACTAX: OT ONTHMHUSALUK
GH3HEC-OICpPALMil AO IPOABIDKCHHS HayIHBIX HCCACAOBaHMH. HecMoTpst Ha TO 4TO Takue Goabmme HAGOPBI AAHHBIX OTKPBIBAIOT
BOSMOXKHOCTH AASl TAYOOKOTO IOHMMAHWS M MHHOBALUI, OHM TAKXKE INPEACTABASIOT CEPbE3HYIO NPOOAECMY B TAKUX 00AACTAX,
KaK KadeCTBO M CTPYKTYPa AAHHBIX, KOTOPbIC TPEOYIOT IPUMEHEHNS 3P PEKTHBHBIX CTPATErHH yIpaBACHUS. MeTOABI MAIIMHHOTO
O6y‘ICHI/IH CTAaAU KAKYEBBIMU I/IHCTPYMCHTQ,MI/I B BBISIBACHUU U CMSITYCHHUHU BBIIICOIIMCAHHBIX HPO6ACM, a TAKXKE B paSpa60TKC
coorserctByromux pemennit. Habop aamnpix MNIST npeacraBasier co60i spKuil IpuMep IMHMPOKO MCIOAB3yeMOro Habopa
ARHHBIX B 9TOH 00AACTH, OTAMYAIOLIETOCS OTPOMHOMN KOAACKLIMCH PYKONUCHBIX Up. AQHHBI HAGOP 4aCTO HCIIOAB3YETCS B TAKUX
32A29aX, KaK KAACCHQUKALVS U AaHAAH3, O YeM CBUACTCABCTBYET HACTOSIIIICE HCCACAOBAHHUE.

Meroast: B sanHOM necaeaoBannu ncnoassosascst Habop aanabix MNIST AAst H3yUeHNUS pasAMYHBIX CTATUCTHICCKUX METOAOB,
BKAIOYASI AATOPHTM aHaAH3a ocHoBHbIX komroHeHToB (PCA), ¢ moMompbio CKPHUITOBOTO sA3bIKA Tporpammuposanust Python.
Taoxe MIPUMEHSAUCH MOACAH OIIOPHBIX BEKTOPOB (SVM) AASI OI[EHKH TOYHOCTH MOACAU B 33Aa49aX AMHCHHOU U HEAMHCHHOU
KAaCCHHUKALIMM.
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a  University of Debrecen, Doctoral School of Informatics, Department of Data Science and Visualization, Debrecen, Hungary; Northern Technical
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PesyabraTsr: PesyabraThl HACTOSIIETO MCCACAOBAHMS ITOKasbIBAIOT, 4TO XOTS MeTOs PCA adexTHBEH AASL yMEHBUICHUS
PasMEPHOCTH, OH MOXCET OKa3aThCsl HE CTOAb 3QPEKTHBHBIM AASL LICACH BH3yaAH3alUH. Doaee TOro, MOAYYECHHBIC PE3YABTATHI
IIOKA32AH, YTO AMHEHHBIE, TAK K¢ KaK U HeAHHelHble SVM-MoaeAr 3G PpeKTUBHO KAACCHPULMPYIOT HAOOP AAHHBIX.

BoiBoabr: Peayabrarel mccacaoBaHus mokasaad, uto SVM sBasiercss 9QQEKTUBHBIM METOAOM AASl PCUICHHs IpobaeM
KAACCHHKAIIHH.

KniodyeBb e ¢ JT 0B a: CTaTUCTUYECKUIH aHAAU3, MAIUHHOE O6y‘{CHI/IC, SVM, PCA, KAacCHHKAIIHA.

ABSTRACT:

yBOA/L[I/IA)Z MCTOAI/I MAIIUHCKOT y‘icma ImoCTaAu Cy HE3aMCHAUBU y AHAAM3H CAOXXCHHX ITOAATAKa BEAUKOT O6I/IM3. y CaBPeMCHI/IM
OKPY>XCHHMa 3aCHOBAHHUM Ha IOAALIMMA. I_IpHMe}byjy C€ Y Hajpa3AHYHUTHJUM obaacTHMa, OA ONTUMH3AlIUj€ MOCAOBHMX IpoIieca
AO CAOXXCHHX Hay‘IHI/IX I/ICTpa)KI/IBaH)a. YHpKOC TOME IIITO OBAaKBU O6I/IMHI/I CKyHOBI/I ImopaTaka HYAC MOFthOCTI/I AYGI/IHCKOF
CATACAABAIHA, KAO M MHOBAIU]A, OHH IIPEACTABAA]Y U BEAMKH M3a30B Y 00AACTHMA KAO LITO Cy KBAAUTET M CTPYKTYPa IIOAATAKA, IITO
3aXTeBa IPUMEHY eQUKACHUX CTPATETHja yIPaBsdarbha. [eXHUKE MAIIMHCKOT YYCHa CY CE TOKA3aA€ KA0 CYIITHHCKU BRKHU aAATH
33 MACHTUQUKALIM]Y M CMAUBAE THX M3a30B4, KA0 U 3a pasBujame Moryhux pemema. Ckyn nmoaaraka MHUMCT npeacrasma
M3Pa3UT IPUMEP IMHPOKO KopnmheHHx CETOBA MIOAATAKA Y OBOj 00AaCTH, TO3HAT IO CBOjOj BEAUKOj KOAEKILIUjH PYKOM MUCAHUX
uudapa, 1 4ecTo je ynorpebrasan 3a KaacuHKalMje H aHAANSE, KAO LITO je TO IIOKA3aHO Y OBOj CTYAHjH.

Merope: Cxyn nosaraka MHMCT kopuutheH je 3a ncnutnparbe pasAMMUTHX CTATUCTHYKUX [IOCTYIIAKA, yKay4yjyhu asropuram
anaause raasHux komnoHentH (Principal Components Analysis (PCA - ITL]A)) ys nomoh nporpamckor jesuxa ITajron. Takobye,
IPHMEEHH CY MOAEAH METOAR TOTHOPHHUX BekTopa (Support Vector Machine (SVM - CBM)) sa nponemuBatme TAYHOCTH MOAEAR
y AI/IHCaPHI/IM u HCAI/IHeapHI/IM KAaCH@I/IKaHI/IOHI/IM HPOGACMI/IMa.

Pesyararu: ITokasano je aa, naxo texnuka ITLI1A jecte edpukacHa y peayKoBamy AUMEH3MOHAAHOCTH, OHA HUj€ TOAUKO ePpUKaCcHA
3a Busyaausanyjy. [llraBume, Harasu noxasyjy Aa cy u auHepanu u HeauHeapHu moaeau CBM ycnean pa epuxacHo xaacudpukyjy
CKYII IIOAQTAKA.

3akayuak: Pesyararu cryauje nokasyjy aa CBM moxe aa 6yac edpukacHa TexHnKa 3a pemaBarbe npobaeMa kaacupuranmje.

KEYWORDS: crarucTiyka aHaAM3a, MAITHHCKO yuewe, CBM, T1LIA, xaacuukarmja.

INTRODUCTION

Classification and data analysis are central to the discipline of machine learning, as they enable the effective
comprehension of data (Suthaharan, 2014; Wang et al, 2019; Subasi, 2020; Ahmed et al, 2022). In
this study, statistical methods were utilized to gain a deeper understanding of the data. Two machine
learning techniques, namely the Support Vector Machine (SVM) and the Principal Components Analysis
(PCA), were employed on the MNIST dataset, the largest collection of handwritten digit images used for
classification problems (LeCun, 2023). The MNIST dataset consists of 70,000 handwritten digits, divided
into 60,000 training images and 10,000 testing images (Al-Hamadani, 2015). Simple statistical techniques
were applied to the MNIST dataset to improve the knowledge about the data. The PCA, an unsupervised
machine learning technique, was utilized for visualization purposes, utilizing two principal components for
plotting (Abdi & Williams, 2010). The SVM, a supervised machine learning technique, was utilized in linear
and nonlinear models to classify the MNIST dataset into classes (Suthaharan, 2016).

The paper is organized as follows: Section 2 provides an overview of the dataset, programming language,
and statistical techniques employed. In Section 3, the PCA algorithm utilized for visualization is explained,
as well as the determination of the number of principal components for dimensionality reduction. The SVM
linear and nonlinear models are discussed in Section 4. Finally, conclusions and future work are presented
in Section 5.
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RESEARCH METHOD
Dataset

The MNIST (Modified National Institute of Standards and Technology) dataset is the largest and most well-
known handwritten digits dataset for recognition and classification problems in machine learning (LeCun
et al, 1995). This dataset has been taken from Yann LeCun website (LeCun, 2023). The MNIST dataset
consists of 70,000 images of handwritten digits, each labeled with a number from 0 to 9. These images were
collected by the National Institute of Standards and Technology (NIST) and split into two parts (Nielsen,
2019). The first part includes 60,000 images which were provided by 250 individuals, including employees
of the US Census Bureau and high school students. These images were normalized and centered in (28 *28)
=784 gray scale pixels per image. Each pixel is represented by a value between 0 and 255, with 0 being black,
255 being white, and any value in between representing a shade of gray. The second part of the MNIST
dataset includes 10,000 images for testing, which were also provided by 250 different individuals to properly
evaluate the performance of the algorithms trained on the dataset.

Program

Python has gained widespread popularity among data scientists due to its simplicity and ease of use in coding
(Hao & Ho,2019). Python is a widely-used programming language that supports various programming styles
such as object-oriented, functional, and imperative programming (Raschka et al, 2020). Nowadays, most
of machine learning complex problems, or Al in general, are being solved by using Python. Python can be
written and developed using various Integrated Development Environments (IDEs), including PyCharm
and Google Colab. For this paper, we have used both IDE:s for building models over the MNIST dataset.

Visualizing and analyzing the MNIST dataset

To better understand the MNIST dataset, we need to analyze and visualize it. We started by examining the
training and testing parts of the dataset to see if the data is balanced in terms of understanding the number
of classes and their attributes. Also, we checked the dimensionality of each part of the dataset. Additionally,
we plotted some samples from the training dataset to visualize the digits included in the MNIST dataset.
Furthermore, we used the describe () method to calculate some statistical data such as mean, standard
deviation, and percentile of the numerical values in the data frame. Table 1 shows the dimensionality of the
training and testing dataset.

In Table 2, we have computed various statistical measures. One of them is the standard deviation which
indicates how spread out the data in a dataset is from the mean.

The mean is the average of a set of numbers and can be found by adding all the numbers together and
dividing by the number of values. In the table, the mean of the 10 classes (ranging from class 0 to class 9)
is 4.45.

Additionally, the minimum and maximum values in each column are shown in Table 2.

Lastly, we have calculated the quantiles which divide the dataset into groups containing an equal number
of data points.
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TABLE 1
Dimensionality of the MNIST training and testing dataset

MNo. Dataset Dimensions
{Shape)

1 Training (20000, 724)
Data

2 Training (E0000, 1)
Labkels

3 Testing (10000, 784)
Data

4 Testing (10000, 1)
Labels

Tabauna 1 — Pasmeprocts Ha60pa AQHHBIX AAST 06y‘{CHI/I${ u tecruposanust MNIST
Tabena 1 — AuMeH3HOHAAHOCT CKYIIa T0AQTaKa 32 yBC)KGaBaI—bC u recrupare MHUCT

TABLE 2
Statistical distribution of the MNIST training dataset
index Label Pixel0 pixel1 Pixel2 Pixeld Pixeld Pixel5 Pixelé Pixel7
count 60000.0 600000 60000.0 600000 600000 600000 600000 600000 G0000.0
mean 4.4539333333333335 00 0.0 0.0 0.0 0.0 00 00 00
std  2.8802704373730795 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0
min 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
25% 20 00 0.0 0.0 0.0 0.0 0.0 00 0.0
50% 4.0 0.0 0.0 0.0 0.0 0.0 00 00 00
5% 7.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
max 9.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Tabanna 2 — Crarucruyeckoe pacnpeacacHue Habopa AaHHbIX Asst 06yaenmst MNIST
Tab6eaa 2 — CratncTiika pacnoseaa ckyma noparaxa sa ysexbasawe MHCT

To continue with the visualization part, we have checked the number of observations for each class in the
MNIST dataset by plotting randomly some samples from the dataset, as the following:

MNIST training dataset

It contains 60,000 images of handwritten digits (ranging from 0 to 9). Figure 1 shows the ratio of the training
set. At the same time, Table 3 shows the number of the observations with the corresponding digits.
We observed that the training set is balanced because each class has 6,000 images approximately.
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Number of Observation with its Corresponding Digits

7000 A
6000 1
5000 1
+» 4000 1
[=
-
© 3000 -
2000 1
1000
0 -
0 1 2 3 - 5 6 7 8 9
Label
FIGURE 1
Number of observations for each digit-training set
Puc. 1 - KoanuecTBo pacniosHaBaHH 110 KaxA0¥ Ludpe B yae6HOM Habope
Cauxa 1 - Bpoj oncepsanuja 3a cBaky 1uépy y cery 3a yBexbasame
TABLE 3
Number of observations in the MNIST training set
MNIST Training Number of
Dataset Classes Ohservations
0 5923
1 5742
2 5958
3 5131
4 S84z
5 5420
5 5918
7 5265
8 53551
a 5949
Tabauna 3 — KoaundectBo pacniosHosanuii B o6yuaromei Boibopke MNIST
Tabeaa 3 — bpoj oncepsanuja y cery 3a yBexbasawe MHICT
MNIST testing dataset

It contains 10,000 images of handwritten digits (ranging from 0 to 9). Figure 2 shows the ratio of the training
set. At the same time, Table 4 shows the number of the observations with the corresponding digits. We
observed that the training set is balanced because each class has 1,000 images approximately.
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Number of Observation with its Corresponding Digits

1000 -

800 1

€00 -

count

400 -

200 -

Label

FIGURE 2
Number of observations for each digit-testing set

Puc. 2 — KoandecTBo pacno3HaBaHuUiA 10 KOXAOH LUpe B TECTOBOM Habope
Canxa 2 — Bpoj oncepanuja 3a cBaky uQpy y CeTy 3a TECTHpPakbe

TABLE 4
Number of observations in the MNIST testing set

MNIST Training Number of
Dataset Classes Observations
80

1135

1032

1010

g2

592

as8

1023

ar4

10039

WG | R R 2

Tabanua 4 — Koandectso pacniosnapannii B recroBom Habope MNIST

Tab6eaa 4 — Bpoj onceppauyja y cety 3a Tectupame MHHICT
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Samples plotting from the MNIST dataset

Digit 1 Digit 3

Digit 9

5

,_,
un
E

=
-
Ln
[
=

FIGURE 3
Plotting samples from the MNIST dataset

Puc. 3 - opmuposanue Boi6opok us Habopa sanusix MNIST
Cauxka 3 — Y3opuu aobujern naorosameM 3a ckyn noaaraka MHHICT

PRINCIPAL COMPONENTS ANALYSIS (PCA)

The PCA is unsupervised machine learning and statistical technique that is used to examine relationships
between multiple variables in a dataset (Abdi & Williams, 2010). It aims to extract important information
from the data by findinga new set of variables, known as principal components. These variables can describe
the data more efficiently. These principal components are orthogonal (uncorrelated) and are ranked by their
ability to explain the variance in the data. The PCA relies on the decomposition of positive semi-definite
matrices using eigenvalues and eigenvectors, as well as the decomposition of rectangular matrices using
singular values and singular vectors (Mishra et al, 2017). Therefore, the PCA is a statistical technique used
for dimensionality reduction and visualization of high-dimensional datasets such as, in our case, the MNIST
dataset. Since each digit in the MNIST dataset consists of 784 features (dimensions) or pixels, the PCA
reduces this number into a smaller number of dimensions while keeping as much of the variance in the data.
This method is useful in terms of reducing the computational cost of training machine learning techniques,
reducing the problem of overfitting in the data, and making the data easy for plotting in 2D or 3D plots.
To determine the principal components of a dataset, the PCA performs the following steps as shown in

Figure 4:
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Covariance
Matrix
Computation

Eigen Vectors and

Standardization EigenValues

Feature Vector

FIGURE 4
PCA processing flowchart

Puc. 4 — Baok-cxema o6paborkn PCA
Canuka 4 —Tok npouecupama ITLTA

Standardization

This step is known as standardization and is often referred to as a preprocessing step. Standardization involves
transforming the data so that each variable has a mean of zero and a standard deviation of one. This helps
to ensure that all of the variables are on a similar scale and have similar variances, which can improve the
accuracy of the PCA analysis. Standardization can be done as follows:

_ Variable values — mean
"~ Standard deviation

We have used the whole MNIST training dataset which contains 60,000 handwritten digits. For this
purpose, we used this method (standardized_data = StandardScaler().fit_transform(data)).

Covariance matrix computation

A covariance matrix is a square matrix that shows the correlation between any two or more elements
(attributes) in a multidimensional dataset.

Var(x,) ceneee Cov(X X))

COV(X_,X) - Var(x)

The correlation between the attributes can be either positive covariance or negative covariance. Positive
covariance means that increasing the value of one variable is associated with an increase in the value of some
other variable and vice versa. Negative covariance means that increasing the value of one variable is associated
with a decrease in the value of some other variable. Therefore, we calculate the covariance matrix which is
equal to (ANT * A) using this method (covar_matrix = np.matmul(sample_data.T , sample_data)).
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Eigenvectors and eigenvalues

Eigenvectors and eigenvalues are mathematical concepts that are used in linear algebra, and they are closely
related to the diagonalization of matrices. Given a square matrix A, an eigenvector of A is a non-zero vector
v such that 4v = av, where '\ is a scalar value known as the eigenvalue associated with the eigenvector v. The
eigenvectors of a matrix are often used to represent the "directions” of the maximum variance in a dataset and
are used as the principal components. Therefore, finding the eigenvector with the highest eigenvalue is the
principal component of the dataset. To project the data onto a 2D space, we can find the top two eigenvalues
and the corresponding eigenvectors, and use these to transform the data.

Feature vector

Feature vectors are constructed by selecting the top eigenvectors from the covariance matrix of the
original dataset (Manshor et al, 2011). The eigenvectors are determined by calculating the cigenvalues and
eigenvectors of the covariance matrix, which capture the most important features or variations of the data.
These eigenvectors are then sorted by eigenvalues in a descending order to determine which ones represent
the most important features. The final feature vector can be in this form:

v = (eigi, eiga, e1gs, ......, €1gn)

Plotting

Bl
ag
18
20
id
a0
50
LX-]
4
L X-]

20d_peincipal

res e g

1st_princapal

FIGURE 5

2D data points visualization
Puc. 5 ~Busyaansauus touex 2D paHHBIX
Cauka 5 — Busyasnsanmja rasaka 2, moaaraxa

The overlappingof classes in Figure 5 suggests that the PCA is not the most effective method for visualizing
high-dimensional data, as it is unable to clearly distinguish between different classes. In such cases, it may
be more effective to use other visualization techniques such as t-SNE, UMAP or non-linear dimensionality
reduction techniques, which are more effective in visualizing high-dimensional datasets.
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To determine the number of principal components that we keep for the purpose of visualization in our
work, we take into consideration what we really want from the PCA in order to deduce the right value of
the number of components. We applied the following methods:

1. Since we use the PCA for the purpose of visualization, we need to select 2 or 3 principal components
in order to plot them as 2D or 3D. Therefore, we convert high dimensional data into 2-dimensional data to
visualize it in a 2D plot. This is shown in Figure 5.

2. We can create a scree plot which is the visual representation of eigenvalues that define the magnitude
of eigenvectors (principal components). Figure 6-A shows the explained variance ratio for each component.
Figure 6-B shows the eigenvalues for each component on the y-axis and the number of components on the
x-axis. By these two plots, we can determine the number of principal components we have to keep.

Note: We used the PCA for visualization only in this paper.

Scree Plot

10 A1

B B
2
e
o

3 61
=
R
o
=

° a4
c
3
a
=
w

2 -

D -

0 100 200 300 400 500 600 700 800
Number of components
FIGURE 6A

Scree plot of the explained variance ratio for each component
Puc. 6a — Tpaduk ochinm 0GBICHEHHON AUCIIEPCHH PO KAKAOMY KOMIIOHCHTY
Canxa 6a — Scree plot objammeHe BapujaHce 32 CBAKY KOMIIOHEHTY
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Scree Plot

300000

250000 4

200000 A1

150000 +

kigenvalues
(]

100000 -

srme

50000 -

0-

0 100 200 300 400 500 600 700 800
Number of components

FIGURE 6B
Scree plot of the eigenvalues for each component

Puc. 66 — Ipadpux ocbinu coHCTBEHHDIX 3HAYCHUI KaXKAOTO KOMIIOHEHTa
Cauxa 66 — Scree plot concTBeHNX BpEAHOCTH 3a CBAKy KOMIIOHCHTY

Dimensionality reduction

We applied the Principal Component Analysis (PCA) for dimensionality reduction. As shown in Figure 7,
the first 300 components explain almost 90% of the variance in the data. Based on this, we can reduce the
dimensions of the dataset by selecting only the most important components, which will preserve a high level
of variance while also significantly reducing the complexity of the data. This can be useful for tasks such as
classification or clustering, where a high-dimensional dataset may be more difficult to work with.
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Scree Plot

300000 -

250000 A

200000 A

150000 o

tigenvalues
.

100000 -

50000 -

0_

0 100 200 300 400 500 600 700 800
Number of components

FIGURE 7
Cumulative sum of variance with the components

Puc. 7 — CoBokynHasi cyMMa AUCIIEPCHHU C KOMIIOHEHTAMH
Cauka 7 — KymyaarusHu 36up BapHjaHce ca KOMITIOHEHTaMa

CLASSIFIER
Support Vector Machine (SVM)

The Support Vector Machine is a well-known supervised machine learning technique that can be applied
to solve big data classification and regression problems (Suthaharan, 2016). The SVM is relatively robust
to overfitting that occurs in other machine learning algorithms, especially when using a nonlinear kernel
(Guenther & Schonlau, 2016). There are two main types of SVM models which are linear and nonlinear
(Saputra et al, 2022). The SVM is called linear when data classes can be separated by a linear line or a
hyperplane using the simple mathematical model # = ## + # where # is the response (dependent) variable, # s
the predictor (independent) variable, # 8 is the estimated slope, and # is the estimated intercept. The optimal
hyperplane can be selected by finding the hyperplane with the maximum margin which is the distance
between the nearest data points of different classes. This is in case the problem can be solved by a linear
hyperplane. If a problem cannot be solved linearly, then the data can be separated into different classes using
alinear boundary in a transformed space called the feature space. This case is called the nonlinear SVM which
uses the mathematical model # = ##(#) + # where the # is the kernel function (Suthaharan, 2016).

Since the SVM is a binary classification method,it is used to support classification for two classes. In our
case, we used the SVM algorithm for multiclass classification. In multiclass classification, the SVM approach
mainly involves splitting the dataset into several binary classification sub-datasets and then fitting a separate
binary classifier for each one. There are two different types of multiclass classification for this SVM approach
which are one versus one (OvQO) and one versus the rest or all (OvR).

The OvO method is splitting the Multiclass dataset the data into Multiple binary classification problems.
This approach splits the dataset into one dataset for each class versus every other class. The formula for
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calculating the number of binary datasets is: (Num_Classes * (Num_Classes — 1)) / 2. For the MNIST
dataset is (10 *(10-1)/2)=45 binary classification problems.

The OvR method is also splitting the multiclass dataset into multiple binary classification problems. This
approach trains a binary SVM classifier for each class, where the class is treated as a positive class and all
other classes are combined into a single negative class. For example, class No (0) versus all the other classes
combined as one class.

In this paper, we used the SVC (Support Vector Classification) method which implements the “one-
versus-one” approach for multi-class classification.

For our MNIST dataset, we build linear and nonlinear SVM models to check the accuracy of these models.
For the linear SVM model, we build it with its default hyperparameters to check the accuracy using the
confusion matrix. The confusion matrix provides a decision that has been collected in training and testing
which contains the actual labels with the predicted ones (Saputra et al, 2022). Accuracy can be calculated
based on this equation:

TP + TN
(Tp + TN + FP + FN)

Accuracy =

where true positive (TP) refers to the data that has been correctly classified as positive, true negative (TN)
refers to the data that has been correctly classified as negative while false positive (FP) refers to the data that
has been incorrectly classified as positive and false negative (FN) refers to the data that has been incorrectly
classified as negative.

We build the nonlinear SVM with its randomly chosen hyperparameters using the RBF kernel (Specifying
the kernel type since it has several types such as “linear”, RBF, which is the radial basis function, “poly”, which
is polynomial kernel function, “Sigmoid”) and it is used to take the data as an input and transform it into a
required form of processing data. We used the RBF kernel because it is a commonly used kernel function due
to its ability to perform well in classification tasks, as well as due to its flexibility since it does not require prior
information about the dataset to be used effectively. When C=1, it is the regularization parameter which
controls the trade-off between maximizing the margin and minimizing the trainingerror in the model. When
the value of the regularization parameter C is large, the model prioritizes correctly classifying all training
points over having a larger margin. On the other hand, when C is small, the model will prioritize having
a larger margin, even if it leads to misclassifying more training points. Both models have been built using
sklearn.svm.SVC from scikit-learn (Scikit-learn, 2023). Table 5 shows the accuracy of linear and nonlinear

SVM models.

TABLE 5
Accuracy of linear and nonlinear SVM models

SVM Model Accuracy
Linear SVM 91 %
Nonlinear SVM 94 %

Tabauna S —TouHOCTb AMHEHHBIX U HeAUHEHHBIX SVM-Mopeaeit
Tabeaa 5 — Ipenusnoct auneapuux u Heanneaprux CBM mopeaa
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CONCLUSION

In recent years, understanding and analyzing datasets have been a major challenge in the field of machine
learning, To address this issue, we used the MNIST dataset which is the largest collection of handwritten
digits. We applied various statistical techniques, including the PCA, to analyze the dataset. While the PCA
was effective for dimensionality reduction, it was not as effective for visualization. In addition, we used both
linear and nonlinear SVM models to classify the dataset. These models achieved accuracies of 91% and 94%,
respectively. For future endeavors, utilizing the PCA and the SVM together can enhance the efficiency and
accuracy of the classifier. The PCA will perform dimensionality reduction by transforming features into a
set of principal components, thus reducing the number of features in the dataset. Subsequently, training the
SVM on this reduced dataset will result in quicker training times and improved performance.
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