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Abstract; In today’s digital age, enormous volumes of data are generated every moment. Data mining
leverages mathematical and statistical methods—alongside machine learning, database management, and
data visualization—to extract valuable knowledge from these large data sets. Its techniques are applied
successfully in diverse areas, including business, government, healthcare, science, and sports, with use
cases such as database marketing, fraud detection, retail analytics, credit scoring, astronomy, and
molecular biology. Mathematics provides the backbone of these processes through statistics,
optimization, linear algebra, probability theory, and other fields. Together, mathematical and statistical
methods enable efficient preprocessing, accurate modeling, reliable forecasting, and optimization. Their
integration makes large-scale data easier to process and analyze, ultimately supporting informed
decision-making across multiple domains.
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Application Areas of Data Mining

Data mining is applied across a wide range of industries. Its methods have achieved significant success in
healthcare, finance, retail, telecommunications, and marketing. In fact, data mining technology can be
implemented in all areas of human activity where retrospective data (researchers’ reliance on past records
or previously collected information) exists (CaBuenko & bexutckuii, 2015). The main fields include:

e Business problem-solving: banking, finance, insurance, manufacturing, telecommunications, e-
commerce, marketing, stock markets, and more.

e Public sector: detecting tax evasion, developing counter-terrorism tools, and other state-level
applications.

e Scientific research: medicine, biology, molecular genetics and genetic engineering,
bioinformatics, astronomy, and other sciences.

¢ Web applications: information-retrieval systems, web analytics, and traffic counters.

Through mathematics, data mining enables the analysis of information, the construction of models, and the
discovery of hidden patterns. There is a close relationship between mathematics and data mining, as the
field frequently combines statistics, geometry, algebra, optimization, and probability theory. Several
core examples illustrate how mathematics is applied in data mining (I"aBpunoBa & Xopomresckuii, 2001).
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The Role of Mathematics in Data Mining

Mathematics is a widely used tool in data mining, applied across a variety of tasks ranging from data
analysis to forecasting and optimization. Mathematical models and methods help data mining achieve more
efficient and accurate outcomes. Their application facilitates the processing and analysis of large-scale data
and provides essential information for making sound decisions.

In many cases, specialists need to understand the basics of mathematics to apply methods correctly. For
other purposes, ready-made APIs or algorithms may be sufficient, but deeper insights require mathematical
knowledge.

The first stage of data mining is data preparation (preprocessing). At this stage, mathematical and
statistical techniques are used to detect inexact, missing, or erroneous data. For example, faulty data can be
identified and corrected through statistical or algebraic methods. Different mathematical approaches are
applied to transform raw inputs into a usable format. In fact, data analysis and statistical modeling form the
very foundation of data science, covering a wide spectrum of mathematical techniques and methods.

Core Methods Used in Data Mining
1. Mathematical methods:
e Linear algebra (vectors, matrices)
e Optimization methods
e  Graph theory
e Discrete mathematics
2. Statistical methods:
e Regression analysis (linear and nonlinear)
e Correlation and covariance
e Hypothesis testing
e Probability distributions
Main functions of data mining include:
¢ Classification: assigning objects to defined categories.
e Clustering: grouping similar objects together.
e Association rules: uncovering hidden relationships among data.
e Prediction/forecasting: estimating future outcomes.
e Anomaly detection: identifying unusual or rare events.
Key Mathematical Foundations

Probability theory and statistics form the core of data analysis. Probability theory is essential for reasoning
under uncertainty, such as in Bayes’ theorem, which provides a framework for updating probabilities as
new evidence becomes available.
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Mathematical statistics covers the systematization, processing, and interpretation of data, and provides both
scientific and practical conclusions. Here, “statistical data” refers to a comprehensive set of indicators
describing an object. The foundation of mathematical statistics rests upon probability theory.

Meanwhile, statistics as a discipline is concerned with the collection, organization, analysis, interpretation,
and presentation of data. This dual role—probability as the theoretical backbone and statistics as the applied
practice—makes them indispensable for effective data mining.

Core Mathematical and Statistical Methods in Data Mining
Descriptive Statistics

Descriptive statistics include measures such as the mean, median, mode, standard deviation, variance, and
range. These tools are used to summarize and understand data at a glance, providing a snapshot of key
trends and variability.

Inferential Statistics

Inferential statistics involve drawing conclusions about a population from a sample. This is typically based
on random sampling techniques. Common methods include hypothesis testing, chi-square tests, t-tests, and
analysis of variance (ANOVA). These techniques allow researchers to generalize findings from limited data
to larger populations with a defined level of confidence.

Linear Algebra

Linear algebra is the branch of mathematics dealing with vector spaces and linear mappings between them.
It is a fundamental area widely applied in data analysis. Linear algebra focuses on matrices and vectors,
solving linear equations, and studying linear functions. In simple terms, it helps to understand
multidimensional geometric concepts and to perform calculations on them. Concepts from linear algebra
are used in regression analysis, principal component analysis (PCA) for dimensionality reduction, and as
the computational backbone of many machine learning (ML) models (Kharkovyna, 2019).

Calculus

Calculus, the study of continuous change, is applied in optimization tasks within data analysis and
especially in machine learning. For instance, gradient descent is an optimization algorithm that iteratively
moves in the direction of the steepest decrease in order to minimize a function. This relies on derivatives to
determine the slope and direction of change, thereby helping to locate minima or maxima of loss functions.

Optimization Methods

Optimization techniques aim to find the best (or optimal) solution when constraints exist. Optimization
problems arise naturally in data analysis and ML. For example, training a model often involves optimizing
a loss function to improve predictive performance.

Graph Theory

Graph theory, a branch of discrete mathematics, studies the properties of graphs (nodes and edges). It is
particularly useful in analyzing social networks, ranking web pages, and understanding relationships within
large datasets. In data mining, graph-based methods help with network analysis and certain clustering
algorithms.
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Differential Equations

Differential equations describe the relationship between a function and its derivatives. Because such
relationships are common across disciplines, differential equations play a central role in engineering,
physics, economics, and biology. In data mining, they are used in time-series analysis, where data are
modeled as functions of time. They also underpin processes such as training neural networks, where
iterative updates can be represented as differential systems.

Matrix Operations and Decomposition

Matrix operations (multiplication, transposition, inversion) and decomposition techniques (e.g., Singular
Value Decomposition, SVD) are fundamental in many data-analysis contexts. Machine learning projects
often deal with complex objects such as audio, video, and images, where classifiers rely on linear algebraic
techniques to extract features and reduce errors. Matrix decomposition serves as the computational engine
behind the efficient processing of large, high-dimensional data sets. These methods provide the principles
and tools necessary for converting raw data into useful, actionable knowledge.

Databases and Machine Learning in Data Mining

Data mining relies on two fundamental components: databases and machine learning (Brownlee, 2019a).
The database component provides methods for storing, managing, and retrieving data, while the machine-
learning component supplies methods for analyzing and interpreting that data.

It is important to note that data mining by itself does not “learn” independently. It follows predefined rules
and algorithms to solve specific problems. In contrast, machine-learning algorithms can adapt, change their
rules based on circumstances, and discover new solutions in flexible ways.

Types of Machine Learning

In the context of data mining, three main types of machine learning are commonly applied (Brownlee,
2019a):

¢ Supervised learning. In this approach, the algorithm is trained on input—output pairs that have
been pre-labeled by humans. The system is provided with examples of the desired outcome,
enabling it to map inputs to outputs and generalize to new data (Brownlee, 2019b).

¢ Unsupervised learning. Here, the input data are unlabeled. The algorithm searches for
commonalities, patterns, and features within the data without predefined categories. Because
unlabeled data are far more abundant than labeled data, this method is especially valuable (Mishra,
2017).

o Reinforcement learning. In this setting, the system learns by interacting with its environment,
receiving rewards or penalties based on its actions, and gradually improving its performance.

Linear Algebra in Machine Learning

Linear algebra is one of the core mathematical tools in machine learning. Nearly all ML models are built
on operations involving vectors and matrices. These concepts form the computational language of
algorithms, making it possible to represent, manipulate, and optimize large and complex datasets.

The next section explores practical applications of linear algebra in ML, including data representation,
linear models, neural networks, dimensionality reduction, similarity measures, and optimization.
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Linear Algebra Applications in Machine Learning
1. Data Representation

Observations (samples) and their properties (features) are often represented as vectors or
matrices.
Example: Exam scores of three students across three subjects:

85 90 78
x=|70 65 80

95 88 92

Here, each row corresponds to a sample (a student), and each column corresponds to a feature (a subject).

2. Linear Models

Linear regression can be expressed as:

y=Xw+b

where \(X\) is the data matrix, \(®\) is the weight vector, \(b\) is the bias term, and \(y\) is the output.
Predictions are calculated simply through the product of a matrix and a vector.

3. Neural Networks

In each neural-network layer, the output is computed as:
z=Wx+b

where \(W)\) is the weight matrix, \(x\) the input vector, and \(b\) the bias. These are linear algebra
operations, followed by a nonlinear activation function.

4. Dimensionality Reduction

o Principal Component Analysis (PCA): identifies eigenvalues and eigenvectors to reduce
dimensionality while retaining maximum variance.

o Singular Value Decomposition (SVD): projects data onto its most significant directions.
5. Similarity and Distances

Linear algebra enables computation of distances and similarities:

d(4,B) = | Y (@~ b)?

A-B
Al B
These are widely applied in natural language processing (NLP) and recommender systems.

o Euclidean distance:

o Cosine similarity:

cos(@) =

6. Optimization (Gradient Descent)
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Training machine-learning models involves minimizing a loss function. Gradients, often
represented as vectors or Jacobian matrices, are computed and used to iteratively update weights
toward an optimal solution.

Conclusion

Linear algebra is the “language” of machine learning. Vectors, matrices, eigenvalues, orthogonality, and
norms all stand at the foundation of ML. As a field, linear algebra—concerned with vectors, matrices, and
linear transformations—is used not only in physics and engineering but also in computer science. Its
applications in machine-learning algorithms include data analysis, prediction, classification, visualization,
and regression (Mishra, 2017).

Thus, data mining combines mathematical methods and statistical analysis to evaluate and interpret
information. These tools allow practitioners to understand customer behavior, make forecasts, discover
relationships, and detect anomalies. From preprocessing to modeling and optimization, mathematics—
particularly linear algebra—helps data mining achieve more accurate, efficient, and scalable results for
decision-making.
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