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Abstract: Machine learning (ML) has become a significant interdisciplinary field within artificial intelligence (AI)
due to the rapid growth of digital data and the increasing need for data-driven analysis, prediction, and decision
support in various domains. The effective application of ML is contingent on problem formulation, data quality,
algorithm selection, evaluation, interpretability, computational requirements, security, and deployment conditions.
This study aims to provide an analytical overview of ML by integrating four interconnected dimensions: the ML
process, major learning algorithms, application domains, and emerging challenges. In particular, it examines the
relationship between problem properties, data properties, algorithm selection, model performance, and practical
application. An analytical narrative literature review combined with document analysis was adopted. Foundational
books, peer-reviewed studies, and selected authoritative technical sources were reviewed and analysed to identify
the main learning paradigms, algorithm selection criteria, application patterns, and implementation challenges.
According to the review, ML should be viewed as a multi-stage process encompassing problem definition, data
acquisition, data preparation, model development, evaluation, deployment, and monitoring. Supervised,
unsupervised, and reinforcement learning constitute the principal learning paradigms, while ensemble learning
represents a model-combination strategy. Algorithm selection is influenced by task characteristics, data structure and
quality, dataset size, computational requirements, evaluation criteria, and interpretability needs. Major challenges
include limited or poor-quality data, overfitting, generalization, computational demands, privacy, security,
interpretability, and deployment conditions. The study emphasizes that algorithm suitability and ML performance
should be assessed within the specific context of the problem, data, and operational requirements.

Keywords: Machine Learning; Artificial Intelligence; Algorithm Selection;, Model Interpretability; Data-Driven
Decision-Making.

1. Introduction

The rapid expansion of digital data, computing capacity,
and data-intensive technologies has significantly
increased the need for methods to extract useful patterns
from complex datasets. Machine learning has therefore
become one of the main methodological areas of
artificial intelligence, providing a computational
approach through which systems can learn relationships
and patterns from data and perform tasks such as
classification, regression, clustering, prediction, and
decision support (Jordan & Mitchell, 2015; Bishop,
2006). Unlike traditional rule-based programming, in
which explicit rules are specified in advance, many ML
approaches estimate patterns or relationships from
observed data and apply them to new data.

The theoretical basis of machine learning is closely
linked to statistics, computer science, optimization,
pattern recognition, and artificial intelligence. The field

has evolved over several decades from early studies of
computational learning and neural models to a wide
range of statistical and computational methods. Classical
approaches such as linear models, nearest-neighbor
methods, decision trees, support vector machines, and
probabilistic models have been complemented by
ensemble methods and, more recently, deep neural
architectures  capable  of  learning  complex
representations from large-scale data (Bishop, 2006;
Goodfellow et al., 2016; Maleki et al., 2020).

The development of machine learning has also
significantly expanded its scope of application.
Contemporary ML systems are used in medical imaging
analysis, clinical prediction, financial forecasting,
recommendation, speech recognition, computer vision,
transportation, agriculture, wildlife monitoring, and
genomic analysis, among other areas. These applications
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demonstrate the broad applicability of ML but also
highlight an important methodological issue: an
algorithm that performs effectively in one context cannot
necessarily be expected to perform similarly in another.
Model performance depends on the relationship between
the learning method, data characteristics, task definition,
evaluation procedure, and operational environment
(Jordan & Mitchell, 2015; Maleki et al., 2020).

At the same time, the increasing use of machine learning
has made model development more than an algorithm-
selection problem. A practical ML system typically
involves several interconnected stages, including
problem definition, data identification and collection,
data preparation and representation, model selection and
training, performance evaluation, hyperparameter tuning,
and deployment and monitoring. Errors or limitations
introduced at an early stage can affect later stages.
Consequently, high model performance cannot be
attributed solely to algorithmic sophistication; it may
also depend on data quality, feature representation,
evaluation design, and the correspondence between the
model and the intended task (Bishop, 2006; Maleki et al.,
2020).

Data are a crucial component of this process. Incomplete,
noisy, biased, poorly represented, or insufficiently
relevant data may limit model reliability and
generalizability. Furthermore, data availability may be
constrained by privacy, security, organizational, legal, or
ethical considerations, particularly in sensitive domains
such as healthcare and financial services. Therefore,
developing effective ML systems requires attention not
only to algorithms and computational resources but also
to data quality, representativeness, accessibility, and
governance.

Another critical issue is algorithm selection. Machine
learning includes a wide variety of methods, each with
different assumptions, computational requirements,
strengths, and limitations. Unsupervised methods
attempt to discover structure in data without predefined
target labels, whereas supervised learning methods are
generally appropriate when labeled observations are
available and the target wvariable 1is known.
Reinforcement learning addresses sequential decision-
making through interaction with an environment and
feedback in the form of rewards or penalties. Within and
across these paradigms, the choice of a specific
algorithm should be guided by the characteristics of the
problem and data rather than by the assumption that one
method is universally optimal (Bishop, 2006; Maleki et
al., 2020).

The rapid development of machine learning has also
created challenges that go beyond predictive capabilities.
The practical value of an ML system may be influenced
by overfitting, limited generalization, hyperparameter
selection, computational requirements, data privacy,
security, interpretability, and changing data conditions.
In high-stakes applications, models may need to meet

requirements beyond predictive accuracy, such as
transparency, reliability, robustness, and appropriate
handling of sensitive data. These considerations have
increased interest in developing more effective,
interpretable, secure, and trustworthy machine learning
systems.

In this context, a comprehensive understanding of
machine learning requires an integrated examination of
its processes, algorithms, applications, and challenges.
Focusing solely on algorithms may overlook the
importance of data preparation and deployment, while
examining applications without considering algorithmic
and methodological requirements may lead to overly
general conclusions. This review therefore considers
these dimensions as interconnected components of the
broader ML lifecycle.

2. Theoretical Foundations and Literature Review

2.1. Machine Learning and Its Major Application
Domains

Machine learning has developed from a theoretical area
of artificial intelligence into a broad methodological
field used across science, industry, public services, and
digital technologies. Its central premise is that
computational systems can learn patterns or relationships
from data and use them for prediction, classification,
clustering, recommendation, and decision support
(Jordan & Mitchell, 2015; Bishop, 2006).

The expansion of ML has been supported by the
increasing availability of digital data and computational
resources. However, its effectiveness depends strongly
on the characteristics of the data and the task.
Applications include medical image analysis, disease
prediction, and clinical decision support in healthcare
(Esteva et al., 2021; Avct & Karakaya, 2023);
forecasting, risk analysis, fraud detection, and decision
support in finance (Ren et al., 2019; Kureljusic & Metz,
2023); and language representation, text classification,
information extraction, and language generation in
natural language processing (Mikolov et al., 2013;
Devlin et al., 2019; Brown et al., 2020).

Other applications include intelligent transportation and
traffic prediction (Boukerche & Wang, 2020),
recommendation systems (Marchand & Marx, 2020),
sustainable agriculture (Menaga & Shanmugam, 2022),
wildlife conservation (Tuia et al., 2020), and genomics
(Zou et al., 2019). These applications demonstrate the
broad applicability of ML while also showing that
algorithm effectiveness varies according to data
characteristics, task objectives, evaluation criteria,
computational constraints, and application requirements.

2.2. Historical Development of Machine Learning

Machine learning has evolved through contributions
from computer science, statistics, artificial intelligence,
neural  computation, pattern  recognition, and
optimization. Its development can be broadly described

69



Int. J. Adv. Eng. Comput. Sci. 2026, 2(4),; 68-80

as a progression from early computational and neural
models to statistical learning, large-scale data-driven
methods, deep learning, and modern representation-
learning systems.

2.2.1. Early Theoretical Foundations

Important foundations emerged during the 1940s and
1950s. McCulloch and Pitts (1943) developed a
mathematical model of artificial neurons, while Hebb
(1949) proposed a theory of learning based on changes
in neural connections. Turing (1950) contributed to the
conceptual foundations of machine intelligence through
the imitation game. Rosenblatt (1958) introduced the
perceptron as an early learning model, and Samuel (1967)
demonstrated the potential of improving computational
performance through experience.

2.2.2. Statistical and Computational Learning

Subsequent research expanded ML through statistical
methods, pattern recognition, decision trees, nearest-
neighbor methods, regression, and other computational
approaches. This period strengthened the relationship
between machine learning, probability, statistics, and
optimization, while increasing attention was given to
learning from examples and generalization to unseen
observations. Limitations in computational resources and
available data, however, constrained the development of
complex neural systems for some time.

2.2.3. Expansion of Large-Scale Machine Learning

The growth of digital data and computational capacity
substantially expanded the practical scope of ML.
Statistical learning theory and methods such as support
vector machines, ensemble learning, and probabilistic
models broadened the range of available techniques,
while larger datasets increased attention to scalability,
data representation, evaluation, and generalization.

2.2.4. Rise of Deep Learning and Representation
Learning

Advances in large datasets and computational resources
contributed to the renewed development of neural-
network-based methods. ImageNet supported major
progress in computer vision (Deng et al., 2009), while
large-scale unsupervised learning demonstrated the
potential for learning high-level representations from
unlabeled data (Le et al., 2012). AlexNet demonstrated
the effectiveness of deep convolutional neural networks
for image classification (Krizhevsky et al., 2012), and
distributed word representations advanced representation
learning in natural language processing (Mikolov et al.,
2013). Other notable developments included DeepFace,
generative adversarial networks, IBM Watson, and
AlphaGo, demonstrating the expanding capabilities of
deep learning and integrated learning systems (Taigman
et al.,, 2014; Goodfellow et al., 2014; Ferrucci et al.,
2010; Silver et al., 2016).

2.2.5. Modern Al and Large-Scale Representation
Models

Recent developments have increasingly focused on
large-scale representation learning and general-purpose
neural architectures. Generative pre-training and BERT
demonstrated the potential of large language models and
Transformer-based approaches for language
understanding and generation (Radford & Narasimhan,
2018; Devlin et al., 2019), while research on model
scaling demonstrated the benefits of increasing model
size and computational resources (Tan & Le, 2019).
GPT-3 further demonstrated the capabilities of large-
scale language models in few-shot learning and diverse
language tasks (Brown et al., 2020).

Overall, the historical development of ML reflects a
progression from early computational and neural models
to statistical learning, large-scale data-driven methods,
deep representation learning, and general-purpose neural
architectures. These developments have expanded rather
than replaced classical approaches, and algorithm
suitability continues to depend on the characteristics of
the problem, data, computational environment, and
intended application.

2.3. The Machine Learning Process

The process of machine learning is more accurately
characterized as a multistage process rather than as the
application of an algorithm in isolation. A typical ML
project starts with the formulation of a specific problem
and progresses through data acquisition, data preparation,
model development, training, evaluation, and, when
necessary, deployment and monitoring. Since each stage
can affect subsequent stages, weaknesses in problem
formulation or data preparation may influence model
performance even when an advanced algorithm is
employed (Bishop, 2006; Maleki et al., 2020).

The principal stages of the machine learning process are
summarized in Table 1.

Table 1. Principal Stages of the Machine Learning
Process

Stage Main Activities Description
The practical or
oy research problem is
Define objective, pr
: translated into a well-
1. Problem target variable,
o . defined ML task, such
Definition constraints, and . .
. . as classification,
evaluation criteria . .
regression, clustering,
or prediction.
Appropriate and
Identify sources, relevant data are
2. Data collect identified and
Collection observations, obtained while
and integrate datasets, considering
Acquisition and assess representativeness,
accessibility privacy, security, and
data availability.
3. Data Cleaning, handling =~ Raw data are
Preparation missing values, transformed into a
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form suitable for
model development.
The quality and
representation of the
data can substantially
influence subsequent
model performance.
Candidate models are
trained and evaluated
using appropriate
metrics. Model

detecting outliers,
transformation,
encoding,
normalization, and
feature engineering

Select algorithm,
divide data, train

4. Model model, tune .
selection and
Development, hyperparameters,
- hyperparameter
Training, and evaluate R
5 optimization are
Evaluation performance, and .
compare conducted according
al terlrjlatives to the characteristics
of the problem and
available data.
A validated model is
integrated into the
Deploy model, intended operational
monitor environment and
5. Deployment .
and performance, monitored to
o detect drift, update = determine whether its
Monitoring

or retrain when
necessary

performance remains
appropriate as data
and conditions
change.

2.3.1. Problem Definition

The first step is the formulation of the problem. Before
an algorithm is chosen, the researcher or practitioner
should determine what the system is intended to do,
including the target variable, when applicable, the input
information, the population or environment of interest,
the desired output, and the criteria by which model
performance will be measured. Poor problem
formulation can result in an inappropriate learning task
or an evaluation procedure that does not align with the
actual objective (Bishop, 2006).

For example, predicting a continuous quantity is
generally formulated as a regression problem, whereas
assigning observations to predetermined categories is
formulated as a classification problem. The definition of
the problem therefore provides the basis for subsequent
decisions concerning data requirements, algorithm
selection, and evaluation.

2.3.2. Data Collection and Acquisition

The second phase is to identify and acquire suitable data.
Data may be obtained from databases, sensors, surveys,
transactions, digital platforms, medical records, images,
text corpora, or other sources. At this stage, factors such
as accessibility, representativeness, privacy, security,
sampling, and potential sources of bias should be
considered.

Although the amount of data is important, data quantity
alone does not necessarily ensure that a model will
perform well. The relevance, quality, representativeness,

and suitability of the available data for the defined
problem are also important considerations.

2.3.3. Data Preparation

Before raw data are used for model training, they
typically need to be prepared. This process can involve
identifying and correcting errors, handling missing
values, detecting outliers, transforming variables,
encoding categorical information, normalizing or
standardizing numerical features, constructing or
selecting features, and dividing the data into training,
validation, and test sets (Bishop, 2006; Maleki et al.,
2020).

Data preparation is therefore not merely a preliminary
technical step. The quality and representation of the data
can substantially influence model development and
subsequent performance.

2.3.4. Model Development, Training, and Evaluation

After the data are prepared, suitable learning algorithms
are selected and models are trained. The selected
algorithm should be appropriate for the problem
structure, available data, and desired output. Candidate
approaches may include linear and logistic models,

decision trees, support vector machines, nearest-
neighbor methods, ensemble methods, or neural
networks.

The training process involves estimating model

parameters from the available data. Many algorithms
also require the selection of hyperparameters, which are
settings determined outside the parameter-estimation
process and can significantly affect model performance.

Model evaluation should use metrics appropriate to the
problem. For classification, relevant measures may
include accuracy, precision, recall, F1-score, or the arca
under an appropriate curve. For regression, measures
may include mean absolute error or root mean squared
error. The choice of evaluation metric depends on the
research or operational objective and the relative
consequences of different types of prediction errors
(Bishop, 2006; Maleki et al., 2020).

An important consideration at this stage is overfitting,
which occurs when a model captures patterns that are too
closely associated with the training data and
consequently performs poorly on previously unseen
observations. The balance between fitting the available
data and generalizing to new observations can be
affected by model complexity, data quantity,
regularization, validation procedures, and
hyperparameter selection.

2.3.5. Deployment and Monitoring

Strong performance during model development does not
necessarily mean that a model will continue to perform
effectively after deployment. Changes in the distribution
of input data, relationships among variables, user
behavior, or operational conditions can result in data

71



Int. J. Adv. Eng. Comput. Sci. 2026, 2(4),; 68-80

drift or concept drift and may reduce model performance
over time.

Deployment should therefore be accompanied by
appropriate monitoring procedures. These may include
monitoring predictive performance, input distributions,
error patterns, system reliability, and other indicators
relevant to the application. Where necessary, models
may need to be updated or retrained using more recent
data.

This stage highlights the distinction between an ML
model as a computational artifact and an ML system as
an operational process. A model may perform well on a
benchmark dataset while still requiring substantial
monitoring, maintenance, management, and adaptation
when applied in a changing real-world environment.

2.3.6. Interdependence of the Stages

The stages described above should not be regarded as a
purely one-directional sequence. In practice, machine
learning development is often iterative. Evaluation may
reveal problems with the initial formulation, data
preparation may require additional data collection, and
deployment may reveal changes that necessitate
redevelopment of the model.

Therefore, the ML process is better understood as an
iterative lifecycle in which information obtained at later
stages can lead to revisions of earlier decisions. This
perspective is particularly important when comparing
machine learning methods, because algorithm selection
should not be treated as an isolated technical decision
made only after data preparation. Instead, the selection
of an algorithm should be considered in relation to the
problem definition, data characteristics, evaluation
requirements, and intended deployment environment.

3. Findings: Thematic Analysis

A thematic analysis of the reviewed literature identified
four closely interconnected dimensions of machine
learning: learning paradigms and algorithms, algorithm
selection, application domains, and implementation
challenges. The analysis further indicates that these
dimensions cannot be considered independently. The
characteristics of the problem and its data influence
algorithm selection; the choice of algorithm affects
computational requirements and predictive performance;
and the requirements of the application environment
determine whether a technically effective model can be
applied reliably in practice (Bishop, 2006; Jordan &
Mitchell, 2015; Maleki et al., 2020).

3.1. Major Machine Learning Algorithms and Their
Characteristics

A machine learning algorithm is a computational
procedure that learns patterns or relationships from data
according to a defined learning objective. Different
algorithms make different assumptions about data

structure and therefore may perform differently across
tasks and datasets (Bishop, 2006; Alzubi et al., 2018).

The literature generally identifies three principal
learning paradigms: supervised, unsupervised, and
reinforcement learning. Supervised learning uses
labelled observations, unsupervised learning identifies
patterns  without predefined target labels, and
reinforcement learning learns through interaction with an
environment and reward-based feedback (Jordan &
Mitchell, 2015; Maleki et al., 2020). Ensemble learning,
including bagging, boosting, and stacking, is better
understood as a model-combination strategy rather than
an independent learning paradigm (Bishop, 2006;
Goodfellow et al., 2016).

3.1.1. Supervised Learning

Supervised learning uses labelled observations to learn a
relationship between input variables and a known target.
It is commonly divided into classification and regression
according to whether the target is categorical or
continuous (Bishop, 2006; Maleki et al., 2020).

Classification: Classification assigns observations to
predefined categories. Common methods include logistic
regression, support vector machines (SVMs), k-nearest
neighbors (KNN), naive Bayes, decision trees, random
forests, gradient boosting, and neural networks.

Logistic regression provides a relatively simple
probabilistic approach to classification. SVMs identify
decision boundaries with maximum separation and can
represent nonlinear relationships through kernel
functions. KNN classifies observations according to the
labels of nearby observations, while naive Bayes applies
probabilistic ~ reasoning based on  conditional
independence assumptions.

Decision trees use recursive feature-based partitioning
and can be relatively interpretable, although uncontrolled
growth may lead to overfitting. Random forests combine
multiple decision trees and can improve generalization
compared with individual trees. Gradient boosting
constructs models sequentially to reduce previous errors
and can provide strong performance on structured data.
Neural networks can represent complex nonlinear
relationships and are particularly important for high-
dimensional data, although they may require substantial
data and computational resources (Goodfellow et al.,
2016).

Regression: Regression addresses problems involving
continuous target variables. Common approaches
include linear regression, support vector regression,
decision-tree  regression, random-forest regression,
gradient-boosting regression, and neural networks.

Linear regression provides a relatively simple and
interpretable representation of relationships between
predictors and a continuous outcome. Support vector
regression can model nonlinear relationships through
appropriate kernels, while tree-based and ensemble
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methods can capture more complex relationships.
Neural-network-based regression can represent highly
nonlinear  functions but may require greater
computational resources.

3.1.2. Unsupervised Learning

Unsupervised learning is used when target labels are not
predetermined. Its main purpose is to identify patterns,
structures, or relationships within the available data.

Clustering methods group observations according to
similarity. K-means forms groups around cluster
centroids, while hierarchical clustering produces a
hierarchy of nested groups. Dimensionality-reduction
methods transform data into lower-dimensional
representations; Principal Component Analysis (PCA) is
a widely used example. Association-rule learning
identifies recurring relationships among items or events
and is commonly applied to problems such as market-
basket analysis.

3.1.3. Reinforcement Learning

Reinforcement learning addresses sequential decision-
making in which an agent interacts with an environment
and receives rewards or penalties. The objective is to
learn actions or policies that maximize cumulative
reward. It has been applied to areas such as games,
robotics, and other problems involving sequential
decisions and control.

3.1.4. Ensemble Learning

Ensemble methods combine multiple learning models to
improve predictive performance or generalization.
Bagging aggregates models trained on resampled data,
boosting builds models sequentially with emphasis on
previous errors, and stacking combines different base
learners through a meta-learner.

Although ensemble methods can provide strong
performance, their effectiveness depends on the quality
and diversity of the component models, the dataset, and
the method used to combine predictions (Bishop, 2006;
Goodfellow et al., 2016).

Table 2. Major Machine Learning Algorithms and Their Characteristics

Learning .
Paradigm / Task Algorithm /
Method
Strategy
Sup ex:vnsed Classification Logistic Regression
learning
Classification Sup port Vector
Machine
. . K-Nearest
Classification N
Classification Naive Bayes
Classification Decision Tree
Classification Random Forest
Classification Gradient Boosting
Classification Neural Networks
Sup ex:vnsed Regression Linear Regression
learning
. Support Vector
Regression Regression
Reoression Decision Tree
er Regression
. Random Forest
Regression .
Regression
Reoression Gradient Boosting
er Regression
Reoression Neural Networks
e for Regression
Unsu!J ervised Clustering K-Means
learning
Clusterin Hierarchical
& Clustering
Dimensionality Principal
reduction Component

Principal Characteristic

Probabilistic linear
classification model
Margin-based classification;
kernels enable nonlinear
boundaries

Prediction based on similarity
to neighboring observations
Probabilistic classifier based on
conditional independence
assumptions

Recursive rule-based
partitioning

Ensemble of randomized
decision trees

Sequential error-correcting
ensemble

Nonlinear representation
learning

Linear relationship between
predictors and continuous target

Margin-based regression
Recursive partitioning

Aggregation of regression trees

Sequential ensemble
optimization

Nonlinear function
approximation
Partitioning around cluster
centroids

Hierarchy of nested groups

Lower-dimensional
representation

Typical Applications

Binary classification, risk
prediction

Classification, text and
image tasks

Pattern recognition,
classification

Text classification,
document categorization

Classification, decision
support

Classification,
structured/tabular data
Classification, risk and
prediction

Vision, language,
complex prediction

Forecasting, estimation

Nonlinear regression

Prediction, structured
data

Nonlinear prediction

Forecasting and
prediction

Complex continuous
prediction
Segmentation, pattern
discovery
Exploratory and
biological analysis
Visualization, feature
reduction
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Analysis
Association Association-Rule
analysis Learning
Reinforcement Sequential Reinforcement
learning decision-making Learning
Ensemble strategy = Multiple tasks Bagging
Multiple tasks Boosting
Multiple tasks Stacking

Recurring relationships among
items or events

Learning through interaction
and reward

Aggregation of models trained

Market-basket analysis

Games, robotics, control

Classification and

on resampled data regression
Sequential improvement based  Classification and
on errors regression
Combination of heterogeneous = Prediction and
learners classification

Source: Compiled by the authors based on Bishop (2006), Jordan and Mitchell (2015), Alzubi et al. (2018), Maleki

et al. (2020), and Goodfellow et al. (2016).

3.2. A Framework for
Algorithms

Selecting Appropriate

The selection of an appropriate machine learning
algorithm is a context-dependent decision. No single
algorithm can be considered universally optimal because
algorithm performance depends on the characteristics of
the problem, the available data, computational resources,
evaluation requirements, and operational conditions.
Therefore, algorithm selection should be approached as a

structured process in which several factors are

considered simultaneously.

The first consideration is the type of problem.
Regression, binary classification, multiclass
classification, clustering, recommendation, anomaly
detection, image classification, and natural language
processing involve different learning objectives and
therefore require different candidate methods.

Table 3. Illustrative Framework for Algorithm Selection According to Problem Type

Problem / Task
Regression

Binary Classification

Multiclass
Classification

Clustering

Image Classification

Text Representation
and Information
Extraction

Recommendation

Anomaly Detection

Learning Setting
Supervised

Supervised

Supervised

Unsupervised

Supervised / Deep
Learning

Supervised / Self-
Supervised / Deep
Learning

Supervised /
Unsupervised /
Hybrid
Unsupervised /
Semi-Supervised

General Approach
Learn a mapping from
predictors to a
continuous target

Assign observations to
one of two classes

Assign observations to
one of several
predefined classes
Identify groups
according to similarity

Learn visual
representations and
assign images to
predefined categories
Learn linguistic
representations and
identify patterns or
information in text
Infer preferences from
user-item interactions
and related information
Identify observations
that differ substantially
from expected patterns

Key Question
What numerical
value should be
predicted?

Which of the two
classes does the
observation belong
to?

Which category
best represents the
observation?
What natural
groups exist in the
data?

What class does
the image belong
to?

What information
or linguistic
structure can be
extracted?

Which items or
content may be
relevant to a user?
Which
observations
appear unusual?

Representative Methods
Linear Regression, SVR,
Decision Tree Regression,
Random Forest Regression,
Gradient Boosting, Neural
Networks

Logistic Regression, SVM,
Decision Tree, Random Forest,
Neural Networks

Logistic Regression, SVM,
Decision Tree, Random Forest,
Neural Networks

K-Means, Hierarchical
Clustering

CNNs, ResNet and related
architectures

Word Embeddings,
Transformer-Based Language
Models

Collaborative Filtering, Matrix
Factorization, SVD, Hybrid
Recommenders

One-Class SVM, Isolation
Forest, PCA-Based Methods

3.3. Criteria for Algorithm Selection and Model
Evaluation

The reviewed literature indicates that algorithm selection
should be based on multiple criteria rather than a single

measure of predictive accuracy. The following factors
are particularly important.

3.3.1. Predictive
Criteria

Performance and Evaluation
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The first consideration is whether a candidate model can
adequately address the intended task. However,
performance must be evaluated using metrics
appropriate to the problem. Accuracy may be useful in
some balanced classification problems but can be
misleading when classes are highly imbalanced.
Similarly, a regression model should be evaluated using
measures appropriate to the practical consequences of
prediction errors (Bishop, 2006; Maleki et al., 2020).

3.3.2. Computational Cost and Training Time

Algorithms differ substantially in computational
requirements. Some conventional models can be trained
rapidly on moderate-sized datasets, whereas deep neural
networks and large-scale ensemble models may require
considerable computational resources. Computational
cost should therefore be considered alongside predictive
performance, especially when models must operate
under limited hardware or time constraints.

3.3.3. Parameters and Hyperparameters

A distinction should be made between model parameters,
which are learned from data during training, and
hyperparameters, which are specified or optimized
outside the direct parameter-estimation process.
Appropriate hyperparameter selection can substantially
affect model performance and should be incorporated
into a valid model-selection procedure rather than tuned
against the final test data (Bishop, 2006).

3.3.4. Number and Quality of Features

The number, relevance, redundancy, and representation
of features can influence algorithm performance. Some
methods perform effectively in high-dimensional spaces,
while others may be sensitive to irrelevant or highly
correlated  variables. Feature selection  and
dimensionality-reduction techniques can therefore be
important components of model development (Bishop,
2006; Maleki et al., 2020).

3.3.5. Dataset Size

The amount of available training data influences which
algorithms are practically appropriate. Some models can
perform effectively with relatively limited datasets,
whereas data-intensive deep-learning approaches may
benefit substantially from larger datasets. However,
increasing dataset size does not automatically improve
model quality if the additional observations are noisy,
biased, redundant, or poorly representative.

3.3.6. Data Structure and Relationship Complexity

The structure of the data and the complexity of
relationships among variables are central to algorithm
selection. Linear models may be suitable when
relationships ~ are  approximately  linear  and
interpretability is important, whereas nonlinear methods
may be more appropriate when interactions and complex
relationships are present. For image and language data,
specialized deep-learning architectures can learn
hierarchical representations that are difficult to capture
with many conventional models (Goodfellow et al.,
2016).

3.3.7. Data Quality

Missing  values, measurement errors, outliers,
inconsistent records, class imbalance, and distributional
bias can affect model performance. Consequently,
algorithm selection should not be separated from data-
quality assessment. In many cases, improving data
quality may produce greater practical benefits than
simply replacing one algorithm with another (Maleki et
al., 2020).

3.3.8. Interpretability

Interpretability becomes particularly important when
model outputs influence high-stakes decisions. Some
models provide relatively transparent decision structures,
whereas complex ensemble and deep-learning systems
may require additional interpretability techniques.
Therefore, the acceptable level of model complexity
should be considered in relation to the consequences of
model-supported decisions.

Overall, the selection of an ML algorithm should be
treated as a multi-criteria decision problem involving
predictive performance, data characteristics,
computational cost, interpretability, and operational
requirements.

3.4. Major
Learning

Application Domains of Machine

The literature demonstrates that machine learning has
been adopted across a broad range of scientific,
economic, technological, and social domains. However,
the objectives, data structures, performance requirements,
and consequences of errors differ substantially among
applications.

Table 4. Selected Application Domains of Machine Learning

Application Domain
Healthcare and Medicine

Representative Applications

decision support
Finance and Banking

support
Natural Language
Processing extraction, language modeling
Transportation Traffic prediction and

systems

Medical image analysis, disease prediction, clinical
Financial forecasting, risk analysis, financial decision
Language representation, classification, information

intelligent transportation

Illustrative Evidence

Esteva et al. (2021); Avc1 & Karakaya
(2023)

Ren et al. (2019); Kureljusic & Metz
(2023)

Mikolov et al. (2013); Devlin et al.
(2019); Brown et al. (2020)

Boukerche & Wang (2020)
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E-Commerce and Product recommendation

Recommendation personalization

Wildlife Conservation Automated monitoring, image analysis, ecological
data interpretation

Sustainable Agriculture Data-driven agricultural management and intelligent
farming

Biotechnology and Genomic analysis and biological prediction

Genomics

Computer Vision Image classification, object recognition,
verification

Complex Decision-Making

The evidence summarized in Table 4 indicates that
machine learning has moved beyond a narrow set of
computer-science applications. Nevertheless, successful
transfer across domains requires adaptation to the
characteristics of the relevant data and the operational
environment. For example, medical applications may
require strong validation and interpretability, whereas
transportation systems may place greater emphasis on
real-time processing and changing data conditions.
Recommendation systems, by contrast, depend heavily
on user-item interactions and behavioral data.

and preference-based

Sequential decision-making and control

Marchand & Marx (2020)
Tuia et al. (2022)

Menaga & Shanmugam (2022)
Zou et al. (2019)

face = Krizhevsky et al. (2012); Taigman et al.

(2014)

Silver et al. (2016)

This domain diversity reinforces the importance of
treating algorithm selection as a contextual decision
rather than assuming that the same method should be
applied uniformly across different fields.

3.5. Major Challenges in the Machine Learning
Process

Although machine learning provides powerful analytical
capabilities, several challenges can affect model
performance, reliability, security, and practical usability.
These challenges can be grouped into four categories:
data, modeling and evaluation, deployment and
operations, and security and governance.

Table 5. Major Challenges Affecting Machine Learning Systems

Challenge Category Major Challenge

Data Limited data availability

Data Poor data quality

Data Missing or inconsistent data

Data Irrelevant or redundant features
Data Class imbalance and sampling bias

Modeling and Evaluation
Modeling and Evaluation
Modeling and Evaluation
Modeling and Evaluation
Deployment and Operations
Deployment and Operations
Deployment and Operations
Security and Governance
Security and Governance Security threats
Security and Governance Interpretability and trust
3.5.1. Data-Related Challenges

Overfitting
Limited generalization

Computational complexity
Model deployment

Data and concept drift
Monitoring and maintenance
Privacy and confidentiality

Data quality is a fundamental determinant of ML
performance. Incomplete, noisy, biased, or poorly
represented data can limit the ability of a model to learn
meaningful relationships. Increasing data volume cannot
compensate for systematic errors or inadequate
representation. Irrelevant or redundant features may also
increase complexity and contribute to overfitting.
Therefore, data preparation, feature engineering, and
appropriate representation are integral parts of the ML
process (Bishop, 2006; Maleki et al., 2020).

3.5.2. Modeling and Generalization Challenges

Overfitting occurs when a model learns patterns too
closely associated with training data and performs less
effectively on unseen observations. Relatedly, a model
may perform well on a benchmark dataset but less

Model and hyperparameter selection

Potential Effect

Restricts training and may reduce generalization
Introduces noise and errors

Reduces model reliability

Increases complexity

May produce misleading performance

Weak performance on unseen data

Reduced reliability in new environments

May reduce performance or increase complexity
Increases training and inference requirements

Creates integration and maintenance requirements

May reduce performance over time

Requires continuous assessment and possible retraining
Restricts access to sensitive data

Creates risks of manipulation or unauthorized access
May restrict adoption in high-stakes settings

effectively when applied to a different population,
geographic setting, time period, or operational
environment. Appropriate validation and representative
evaluation data are therefore essential.

Algorithm and hyperparameter selection also require
careful evaluation because extensive configuration
searches can increase computational cost and create risks
of overfitting the selection procedure.

3.5.3. Deployment and Operational Challenges

Deploying an ML model in a real operational
environment introduces requirements related to latency,
hardware, interoperability, reliability, maintainability,
and system integration. In addition, real-world data may
change over time because of changes in user behavior,
environmental conditions, or underlying relationships.
Data drift and concept drift can therefore reduce model
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performance, making continuous monitoring and, when
necessary, retraining important.

3.5.4. Security, Privacy, and Trust

The use of personal, medical, financial, or organizational
data creates privacy and security requirements. ML
systems may also face threats involving manipulation of
inputs, training data, or model behavior, highlighting the
relationship between ML and cybersecurity (Nguyen &
Reddi, 2019).

Interpretability is particularly important in high-stakes
applications. Users may require explanations of model
outputs and evidence that models behave reliably across
relevant populations. Therefore, ML systems should be
evaluated not only by predictive performance but also by
transparency, robustness, security, privacy, and the
consequences of errors.

3.6. Major Benefits and Capabilities of Machine
Learning

Machine learning provides important analytical and
operational capabilities when appropriately designed and
validated. Its main benefits include learning patterns
from data, automating analytical tasks, supporting
prediction and decision-making, processing large
datasets, and assisting human expertise.

Table 6. Major Benefits and Capabilities of Machine
Learning

Benefit / Capability
Enhanced analytical and
predictive capability

Description

Identifies complex
relationships and generates
predictions from data.
Automates classification,
prediction, detection, and
pattern-recognition tasks.
Provides analytical information
to support human decision-
making.

Uses available data to estimate
outcomes and potential risks.

Automation of analytical
tasks

Data-driven decision
support

Predictive analysis

Personalization Supports individualized
recommendations and services.
Scalability Processes large datasets and

supports large-scale
applications.

Identifies complex patterns and
unusual observations.

Reduces repetitive analytical
workload and supports resource
allocation.

Enables approaches to
problems that may be difficult
to address using conventional
methods.

Supports experts through
predictions, classifications, and
analytical evidence.

Pattern and anomaly
detection
Operational efficiency

Innovation and new
analytical capabilities

Augmentation of human
capabilities

The benefits of machine learning depend on data quality
and the suitability of the selected method. ML does not

automatically guarantee greater accuracy, lower costs, or
better decisions; these benefits depend on appropriate
alignment among the learning method, data, evaluation,
and deployment environment (Jordan & Mitchell, 2015;
Maleki et al., 2020).

The findings also demonstrate that the four central
dimensions of this review—process, algorithms,
applications, and challenges—are interconnected.
Problem characteristics influence data requirements and
algorithm selection, while the selected algorithm affects
computational requirements and model behavior. The
application context determines the acceptable balance
among performance, interpretability, security, and
operational feasibility.

4. Discussion

The findings of this review indicate that machine
learning should be understood as an interconnected
process involving problem definition, data preparation,
algorithm selection, model development, evaluation,
deployment, and monitoring. The effectiveness of an ML
system therefore depends not only on the selected
algorithm but also on the quality and characteristics of
the data, evaluation strategy, and operational
environment.

4.1. Algorithms and the Machine Learning Process

The review identifies supervised, unsupervised, and
reinforcement learning as the principal learning
paradigms, while ensemble learning represents a strategy
for combining multiple models. The choice of a specific
algorithm should be determined by the characteristics of
the problem, data structure, dataset size, computational
requirements, evaluation criteria, and interpretability
needs (Bishop, 2006; Jordan & Mitchell, 2015; Maleki et
al., 2020).

This finding emphasizes that algorithmic complexity
should not be considered an objective in itself. A
relatively simple model may be preferable when it
provides adequate performance, lower computational
requirements, and greater interpretability. Conversely,
complex models may be justified when the problem
involves high-dimensional or nonlinear data and
sufficient computational resources are available.

4.2. The Importance of Data Quality
Characteristics

and

A major conclusion of the review is that algorithmic
sophistication cannot compensate for inadequate data.
Missing values, inconsistent records, measurement errors,
irrelevant variables, sampling bias, and class imbalance
can affect model development and generalization
(Bishop, 2006; Maleki et al., 2020). Therefore, data
quality, representation, and preparation should be
considered integral components of the ML process.

Model performance may also change after deployment
because user behaviour, environmental conditions, or
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relationships among variables can change over time.
Consequently, continuous evaluation and monitoring are
important for maintaining model reliability. Data-related
challenges may also involve privacy, confidentiality,
data governance, and organizational access rather than
purely computational limitations.

4.3. Applications and Domain-Specific Requirements

The reviewed literature demonstrates the broad
applicability of machine learning in healthcare, finance,
natural language processing, transportation,
recommendation  systems,  agriculture,  wildlife
conservation, genomics, and computer vision. However,
the requirements and consequences of ML applications
differ across domains.

For example, healthcare applications require attention to
clinical relevance, validation, data quality, and the
consequences of errors, whereas financial applications
may place greater emphasis on forecasting, security,
timeliness, and changing market conditions (Ren et al.,
2019; Kureljusic & Metz, 2023). Transportation and
recommendation systems also involve specific temporal,
environmental, and user-related requirements
(Boukerche & Wang, 2020; Marchand & Marx, 2020).

These differences demonstrate that an algorithm that
performs effectively in one domain cannot automatically
be expected to produce similar results in another.
Algorithmic effectiveness is therefore context-dependent.

4.4. Interpretability, Security, Privacy, and Trust

Predictive accuracy is an important -criterion for
evaluating ML systems, but it is not sufficient in all
applications. Interpretability, privacy, security, reliability,
and trust are particularly important when models process
sensitive information or support consequential decisions.

Interpretability requirements differ according to the
purpose of the system and the consequences of its
outputs. Similarly, ML systems may face security risks
related to data, models, communication channels, and
deployment environments (Nguyen & Reddi, 2019).
Privacy and confidentiality are especially important
when training data contain personal, medical, financial,
or other sensitive information.

These considerations indicate that trustworthy ML
requires a broader evaluation framework that considers

predictive performance together with reliability,
interpretability, security, privacy, and operational
suitability.

4.5. Emerging Directions for Future Research

The review identifies several important directions for
future ML research. First, self-supervised and semi-
supervised learning may reduce dependence on large
quantities of manually labelled data, particularly where
data annotation is costly or requires specialized expertise.

Second, computational efficiency is likely to remain
important as models become increasingly complex.
Model compression, efficient architectures, parameter
optimization, and resource-aware deployment can
support applications operating under computational,
energy, or latency constraints (Tan & Le, 2019).

Third, further research is needed on interpretable and
trustworthy ML, particularly methods for evaluating
whether model explanations are meaningful and
appropriate for their intended users. Hybrid and
ensemble approaches may also remain useful for
complex problems, provided that their additional
complexity offers meaningful advantages over simpler
alternatives.

Finally, developments in edge computing, the Internet of
Things, and decentralized learning may create new
environments in which ML systems must operate under
constraints different from those of conventional
centralized computing.

4.6. Limitations of the Review

This study has several limitations. First, it is an
analytical narrative literature review rather than a formal
systematic review based on an exhaustive search and
quantitative synthesis. Therefore, the reviewed literature
should be understood as a structured selection of
relevant scholarly and technical sources rather than a
complete representation of all ML research.

Second, the study does not conduct an independent
empirical experiment using a common dataset to
compare algorithms under controlled conditions.
Consequently, it does not establish that one algorithm is
universally superior to another; rather, it identifies the
factors that influence algorithm selection.

Third, machine learning is a rapidly developing field,
and new architectures, learning strategies, applications,
and deployment frameworks continue to emerge. Some
recent developments may therefore extend beyond the
literature considered in this review.

Overall, the discussion demonstrates that the practical
value of machine learning depends on the alignment
among the problem, data characteristics and quality,
learning method, evaluation strategy, and deployment
environment. This alignment is more important than
algorithmic complexity considered in isolation.

5. Conclusion

Machine learning has developed into a multidisciplinary
field applied across many areas because digital data and
computational methods enable pattern recognition,
prediction, decision support, and automated analysis
(Jordan & Mitchell, 2015). This analytical review
examined ML from four interrelated perspectives: the
ML process, algorithms, applications, and emerging
challenges.
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The review indicates that algorithm selection is
inherently context-dependent. Supervised, unsupervised,
and reinforcement learning represent the principal
learning paradigms, while ensemble methods provide
strategies for combining multiple models. Algorithm
selection depends on the nature of the task, data quality
and quantity, feature characteristics, evaluation criteria,
computational requirements, and the level of
interpretability required by the application (Bishop, 2006;
Alzubi et al., 2018; Maleki et al., 2020).

The wide range of ML applications demonstrates the
flexibility of learning-based approaches, but domain-
specific requirements mean that an approach that
performs well in one setting may not provide equivalent
results in another. Model development and evaluation
must therefore consider the application environment,
data characteristics, consequences of errors, and
operational constraints.

The major challenges identified include data quality and
availability, missing or imbalanced data, overfitting,
limited generalization, model and hyperparameter
selection, computational requirements, deployment and
monitoring, privacy, security, and interpretability. These
findings indicate that increasing model complexity alone
is insufficient; reliable performance depends on the
interaction among data, algorithms, evaluation
procedures, and deployment conditions.

Future research is expected to focus increasingly on
learning from limited labelled data, computationally
efficient models, interpretable and trustworthy ML,
secure and privacy-conscious learning, and evaluation
frameworks that reflect actual operating conditions.
Finally, the main insight of this review is that the success
of machine learning depends not only on algorithmic
complexity but also on the fit among the problem, data,
learning method, evaluation strategy, and application
environment.
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