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Abstract — The article presents a comprehensive
examination and comparison of several machine learning
algorithms, such as Artificial Neural Network, K-Nearest
Neighbor, Support Vector Machines, Decision Tree, and
Random Forests, with a specific focus on the significance
of neural networks in classification tasks. This study
employs three distinct datasets: (1) the "Titanic" dataset is
about the sinking of the British transatlantic liner, which
resulted in the deaths of 1502 of the 2224 people who were
on board. On April 15, 1912, the event occurred in the North
Atlantic Ocean; (2) the "MNIST" dataset, which consists of
70,000 grayscale images (28x28 pixels) of handwritten
digits; (3) and the "Fashion-MNIST" dataset, which
showcases images of 10 fashion item classes such as T-
shirt/Top, Trouser, Pullover, Dress, Coat, Sandals, Shirt,
Sneaker, Bag, Ankle boots which have been classified. The
analysis evaluates the strengths and weaknesses of each
algorithm based on the research outcomes. The results
suggest that for certain classification tasks, the use of
machine learning algorithms may be more appropriate, as
the accuracy levels may remain relatively unchanged, and
vary depending on the size of the dataset used with the
features it includes in the classification tasks.
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1. Introduction

1.1. Objective of the Study

Machine learning and deep learning represent
fields within artificial intelligence that apply distinct
methods and algorithms to resolve problems
associated with classification, regression, image
recognition, and the automation of various processes
[1-3].

The problem of choosing the best algorithm
surfaced during the examination of the Titanic dataset
[4], which entails estimating a person's chances of
surviving based on particular traits. The objective is to
evaluate which algorithms are most appropriate for
handling categorization tasks. The objectives of this
study are to train neural networks and machine
learning algorithms on a variety of classification
problems, compare and analyze performance metrics
such as Accuracy (ACC), training time, prediction
delay, and model memory, and assess whether
applying methods to particular issues is feasible.

In this study, the selected algorithms and
techniques include the Support Vector Machine
(SVM) [5], a machine learning strategy that
establishes a separating hyperplane in the parameter
space. The K-nearest neighbor (KNN) [6] method
classifies an object by examining the classes of its K-
nearest neighbor. A Decision Tree (DT) algorithm is
utilized to create decision paths based on the
evaluation of various features [7]. Random Forest
(RF) [8] is another machine learning approach that
merges the results from multiple decision trees.
Furthermore, the backpropagation method is applied
to train the standard neural network model referred to
as an artificial neural network (ANN).

In the present investigation, the primary emphasis
is placed on the importance of neural networks in
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classification endeavors in relation to alternative
algorithms, utilizing a range of datasets. This implies
that for particular classification tasks, using accuracy
as a metric for each algorithm is used to identify the
most effective classification approach, as shown
below.

1.2. Literature Review

In recent decades, a variety of classification
methods have been introduced [9]. Among the most
frequently used techniques are KNN [10], ANNs [11-
13], SVM [14,15], and ensembles of classification
trees, such as Random Forest [16,17]. Algorithms that
utilize Decision Trees are relatively easy to
implement, as they require the estimation of fewer
parameters; thus, they demonstrate a significant level
of automation. However, this practical benefit of DT
over ANN can be diminished by a tendency to overfit
the data [18]. For these reasons, DT models and, to a
lesser extent, ANN have, in some applications, been
supplemented or replaced by more advanced and
easier-to-train machine learning algorithms (MLAs).
Over the last decade, kernel methods like SVM
[19,20] and tree ensembles such as RF [21] have
emerged as highly effective methodologies for
classification tasks. Numerous studies suggest that
MLAs often outperform statistical techniques like
discriminant analysis or logistic regression, especially
when the feature space is complex or when the input
datasets are expected to display varying statistical
distributions [22]. As computational power has
improved, MLAs have garnered more attention, and
the performance of pattern recognition systems has
correspondingly enhanced [23]. In many studies, RF,
SVM, and gradient boosting methods are considered
among the top-performing classifiers, while KNN
remains a simple and interpretable baseline [24]. The
essential steps in deciding which algorithm to use will
depend on several factors, including the number of
examples in the training set, the dimensions of the
feature space, the existence of correlated features, and
the risk of overfitting [25]. Once these considerations
have been addressed, the suitable algorithm can then
be chosen. By applying methods from statistical
physics, the generalization performance of SVM,
which has historically been considered a robust
alternative to ANN for certain classification tasks, was
investigated [26].

1.3. Data Preprocessing

Data preprocessing occurs before the training of
models. For each classification task, both a training set
and a test set are created. The dataset containing
various attributes of a selected group of Titanic
passengers is referred to as the "Titanic" dataset. The
dataset consisting of a collection of handwritten digit

samples is known as the "MNIST" dataset [27].
Additionally, the dataset comprising images of
clothing items is called the "Fashion-MNIST" dataset
[28]. A fundamental principle underpins the
processing of all algorithms: to achieve optimal
results, hyperparameters must be determined through
trial and error following the training of each machine
learning algorithm and neural network on the training
set. The subsequent step involves evaluating the
models' accuracy using the test set after the training
phase.

1.4. Evaluating Algorithm Performance

For the algorithms being studied, the prediction
accuracy was selected as a crucial criterion. The
Kaggle platform was used to gauge the algorithms'
accuracy on the Titanic dataset classification task.
After submission, the predicted outcomes were
evaluated against the ground-truth labels stored on the
platform. Test accuracy was also used to evaluate
performance on the MNIST and Fashion-MNIST
datasets. The accuracy metric is calculated using the
following formula:

sam eS_l A
TIPS @i =) (1)

In multi-label classification, this function returns
the subset accuracy [29]. If the entire set of predicted
labels for a sample exactly matches the true set of
labels, then the subset accuracy is 1.0; otherwise, the
value is less than one. If the predicted value is the §; of
the i sample and y; is the corresponding true value,
then the proportion of correct predictions out of
Nsamples 18 determined by the above formula.

Accuracy measures the proportion of correctly
predicted instances (both positive and negative in
binary classification) over the total number of
instances.

In addition to “accuracy”, the following parameters
are used for comparison: the training time, the
prediction time of the result, and the storage space
occupied by the model on the storage device. The
tasks for each dataset and a comparison of the
effectiveness of the algorithms will be described
below.

Accuracy =

Nsamples

2. Data Exploration
The study examines three specific tasks: "Titanic",

"MNIST", and "FashionMNIST", which will be
explained as follows:

2.1. Titanic Dataset

For the Titanic task, the objective is to predict the
survival outcome of each passenger based on selected
features. In processing the data, four representative
features selected for the model are listed in Table 1.
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Table 1. Key features of the Titanic dataset.

Variables Definition Key

Passenger | rieketclass | 1= 1st,2=2nd, 3 = 3rd

Class

Gender Female, Male

Sibling = brother, sister,
Siblings / stepbrother, stepsister

Sibsp spouses aboard | Spouse = husband, wife

the Titanic (excluding non-marital partners
and unofficial relationships)

The number of | Parent = mother, father

parents and Child = daughter, son,

Parch children stepdaughter, stepson
(including Some children travelled only
foster children) | with a nanny, therefore parch=0
aboard. for them.

The target variable for this analysis is survival.
The training dataset comprises 891 instances, while
the testing dataset includes 418 instances. In the neural
network model, the Adam optimizer is employed to
enhance the learning process [30], alongside the
"binary crossentropy"” loss function and the accuracy
metric for performance evaluation. The architecture
consists of four neurons in the input layer, 18 neurons
in the hidden layer utilizing the Relu activation
function, and a single neuron in the output layer with
a Sigmoid activation function. The model is trained
over 40 epochs.

2.2. The MNIST Dataset

The MNIST dataset contains labeled images of
handwritten digits in the training data and unlabeled
images of handwritten digits in the testing data. The
testing data is only used when submitting to the
competition and these images are unlabeled because if
the testing data labels were provided, then it would be
possible to cheat and to get a perfect score in the

competition.
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Figure 1. MNIST dataset examples.

In order to evaluate classifiers, scikit-learn's
cross_val score or train_test split functions are used

to set a portion of labeled training data for model
evaluation.

The MNIST dataset comprises a total of 70,000
images, each measuring 28%28 pixels, representing
handwritten digits from O to 9. This dataset is divided
into a training set containing 60,000 images and a test
set with 10,000 images. The primary features for
analysis are the individual pixels of these images as
shown in Figure 1.

2.3. Fashion-MNIST Dataset

The objective is to identify the type of garment
depicted in a 28%28-pixel image. I will be using the
Fashion-MNIST dataset, which is a collection of
70,000 images (28x28 pixels each). The collection
contains ten types of clothing to be classified. The
training sample contains 60,000 images, and the test
sample contains 10,000 images. The input features
are the pixel values of the images (see Figure 2).
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Figure 2. Fashion-MNIST dataset examples.
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3. Result and Discussion

3.1. Titanic Classification

The default hyperparameters were utilized for the
Decision Tree model. The tasks analyzed in this study
include "Titanic", "MNIST", and "FashionMNIST”.

In the Random Forest model, the number of trees
utilized (n_estimators) is set to 50, the k-neighbors
parameter is configured to k=4. In the SVM model, all
hyperparameters were applied with their default
settings. The predicted outcomes were submitted to
the Kaggle platform for the Titanic machine learning
competition to assess prediction accuracy on the test
dataset. The results were documented by evaluating
the developed model on the test dataset, employing the
"accuracy" metric as shown in Table 2.
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Table 2. Results of classification accuracy
on the Titanic dataset.

Metric . Time to
ACC ”tljrm;nng predict test Stora}llg(eB
Classifie ime/sec. sample /sec. space

ANN 0.772 15.8800 0.2640 100.00
KNN 0.777 0.0029 0.0400 72.80
SVM 0.772 0.0030 0.0100 22.30

DT 0.764 0.0020 0.0003 9.55

RF 0.774 0.1920 0.0270 367.00

3.2. MNIST Classification

The following configurations were used to adapt
the neural network: the "Adam" optimizer was utilized
alongside the "categorical crossentropy" loss
function. The network architecture included 784 input
neurons, a first hidden layer with 128 neurons
activated by the "relu" function, a second hidden layer
also consisting of 128 neurons with the "relu"
activation, and an output layer featuring ten neurons
with the "softmax" activation function. The training
process spanned 30 epochs.

For the KNN algorithm, the number of neighbors
(k) was set to five. In the case of the SVM and
Decision Tree models, all hyperparameters were
maintained at their default settings. The Random
Forest model was constructed using 130 trees.

The performance of the models was evaluated by
testing them on the dataset's test sample, with results
measured using the "accuracy" metric, as shown in
Table 3.

Table 3. Results of classification accuracy

conventional machine learning methods might fail to
identify essential correlations. However, in practice,
the performance of the algorithms was found to be
roughly equivalent. This may be attributed to the
simplicity of the digit images, which allows machine
learning algorithms to effectively classify the data
[31].

3.3. Fashion-MNIST Classification

The value of & for the KNN classifier was set to 5,
representing the number of neighbors. All
hyperparameters for both SVM and Decision Trees
were used with their default values. The Random
Forest model consisted of 130 trees. The results were
reported by computing the accuracy metric from the
developed model over the utilized dataset's test set, as
shown in Table 4.

Table 4. Results of classification accuracy
on the Fashion-MNIST dataset.

Metric

Training Tilfle to Storage
AcC time/sec. predict test space/KB
Classifier sample /sec.
ANN 0.830 140.00 0.640 1.36
KNN 0.8388 0.17 42.560 363.00
SVM 0.8828 392.98 170.680 125.00
DT 0.7919 77.28 0.029 2.00
RF 0.8751 195.12 1.718 266.00

The best prediction accuracy was achieved by the
SVM algorithm, although the neural network followed
closely. The Decision Tree model achieved relatively
low accuracy. However, it trained quickly and

on the MNIST dataset. required minimal memory. Compared with other
Metric Training Time to Storage machine learning algorithms, the accuracy of the SVM
Classil ACC | nelsec, Predllct/test space/KB algorlthm was high, al.th.ough it requ.lre.d significantly
assitier sample /sec. more time for both training and prediction.
ANN 0.897 204.015 0.71700 1.5300
KNN 0.793 0.08970 47.4330 373.00 ) 2 = :
SVM 0.769 302.024 106.432 84.600 JC 8 B < Fred]
DT 0.867 21.6012 0.18200 1.0030 o . g ~ $3% :
RF 0.878 59.7898 0.61200 158.00 700 °

The best prediction accuracy was achieved using a
neural network; however, this approach required more
time for training compared to other algorithms. KNN
required minimal training time since it stores the
training data without explicit learning, but it requires
substantial storage capacity. It was found that using an
ANN for this specific task is beneficial, as long as the
time needed for training the model isn't a major
concern.

Random Forest is a viable alternative for reducing
training time. It was anticipated that neural networks
would outperform traditional machine learning
algorithms in the task of digit recognition, given that
each pixel in the image serves as a parameter. Neural
networks are generally recommended for scenarios
involving a high number of parameters, where

$433484334230 4000000ttt ersseq /100

Fashion-MINST
BANN =KNN =SVM T Decision tree

Titanic

MINST

% Random forest

Figure 3. General diagram.

It was anticipated that the neural network would
outperform traditional machine learning algorithms in
clothing recognition. Although it was anticipated that
the neural network would achieve the highest
performance, the SVM algorithm  slightly
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outperformed it in terms of accuracy. Subsequently,
we will summarize the study's results (see Figure 3).

Each approach is assigned a designated number of
points according to a formula that involves
multiplying each measurement by specific
coefficients after all measurement data has been
collected. The coefficient for accuracy is set at 1000,
while the coefficients for training time, prediction
time, and occupied space are -0.4, -0.6, and -0.4,
respectively.

A substantial positive coefficient is selected for
accuracy, as it is the most critical parameter and is
evaluated in relative terms. In contrast, the
coefficients for time and space utilization are assigned
negative values, reflecting their inherently negative
dimensions. A diagram is created for the Z-final
scoring, illustrating that although certain models may
exhibit high accuracy, they can receive low scores in
other criteria, which can considerably influence the
overall evaluation.

Consequently, it cannot be definitively asserted
that neural networks possess a substantial advantage
over machine learning algorithms. The findings
indicate that for certain classification tasks, employing
machine learning algorithms may be more
appropriate, as the accuracy levels may remain
relatively unchanged.

4. Conclusion

In this paper, we argue that the most effective
method for assessing the strengths and weaknesses of
various algorithms, including ANN, kNN, SVM,
Decision Trees, and Random Forests, is to conduct a
comprehensive evaluation across multiple datasets.
Furthermore, the article examines the applicability of
these algorithms to specific issues, highlighting that
the ANN classifier demonstrated the highest accuracy
in its results.

The researchers will persist in their efforts to
evaluate the effectiveness of machine learning
algorithms in comparison to neural networks across
various tasks. They are particularly focused on areas
such as traffic management, resource distribution, and
the prediction of signal levels in 5G and 6G mobile
networks.
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