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ABSTRACT – The development of modern statistics faces the challenge of high-dimensional data complexity, which 
requires an efficient yet interpretable approach. Linear algebra offers a solution through matrix representation, but 
its limitations in non-linear contexts and high-dimensional interpretation need to be examined in greater depth. This 
study analyzes algebraic methods through case studies of linear regression (normal equation solutions) and PCA 
(eigen decomposition), tested on synthetic datasets and MNIST. The results show: (1) a 40% computational 
acceleration in matrix-based regression, (2) PCA successfully reduces the MNIST dimension to 3 main components 
(retaining 85% of the variance), but a survey reveals that 73% of practitioners have difficulty interpreting high-
dimensional components. Despite its efficiency advantages, algebraic methods require further development through 
hybrid approaches (kernel PCA) and interpretable techniques to address limitations in linearity and high-dimensional 
complexity. 

Keywords – Linear Algebra, High-Dimensional Statistics, Interpretability, Computational Efficiency, Principal 
Component Analysis 

 

Aljabar Linear untuk Statistik Modern: Efisiensi dan Tantangan 
Interpretabilitas dalam Regresi dan PCA 

ABSTRAK – Perkembangan statistik modern menghadapi tantangan kompleksitas data berdimensi tinggi yang 
membutuhkan pendekatan efisien namun tetap interpretabel. Aljabar linear menawarkan solusi melalui representasi 
matriks, namun keterbatasannya dalam konteks non-linear dan interpretasi dimensi tinggi perlu dikaji lebih 
mendalam. (Metode) Penelitian ini menganalisis metode aljabar melalui studi kasus regresi linear (solusi persamaan 
normal) dan PCA (dekomposisi eigen), diuji pada dataset sintetik dan MNIST. (Hasil) Hasil menunjukkan: (1) 
percepatan komputasi 40% pada regresi berbasis matriks, (2) PCA berhasil mereduksi dimensi MNIST ke 3 komponen 
utama (mempertahankan 85% varian), tetapi survei mengungkap 73% praktisi kesulitan memaknai komponen 
dimensi tinggi. (Kesimpulan) Meski unggul dalam efisiensi, metode aljabar perlu dikembangkan dengan pendekatan 
hybrid (e.g., kernel PCA) dan teknik interpretabel untuk mengatasi keterbatasan linearitas dan kompleksitas dimensi 
tinggi. 

Kata Kunci – Aljabar Linear, Statistik Dimensi Tinggi, Interpretabilitas, Efisiensi Komputasi, Analisis Komponen 
Utama 

1. INTRODUCTION 

Over the past few decades, statistics has 
undergone significant transformation alongside 
technological advancements and the increasing 
complexity of data. From simple scalar-based data to 
multidimensional datasets with billions of 
observations, the need for efficient and scalable 

analysis methods has become a major challenge. This 
is where linear algebra emerges as an indispensable 
mathematical backbone. By representing data in the 
form of matrices and vectors, linear algebra not only 
simplifies statistical computations but also opens the 
door to deep geometric interpretations. 

However, despite its great potential, this algebra-
based approach faces criticism regarding its rigid 
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linearity assumptions and difficulties in 
interpretation in high-dimensional spaces. For 
example, methods such as Principal Component 
Analysis (PCA), which rely on eigen decomposition, 
although powerful, often produce components that 
are difficult to interpret substantively in real-world 
applications. Additionally, the explosion of big data 
and machine learning demands adaptations of 

classical algebraic methods to handle non-linearity, 
sparse data, and parallel computation. This article 
aims to address three critical questions: (1) How do 
linear algebraic concepts underpin modern statistical 
methods? (2) What are the limitations of their 
application in real-world cases? (3) What innovations 
are needed to address the challenges of the big data 
era?  

Through literature studies and case analyses, we 
demonstrate that the integration of linear algebra 
with numerical techniques and visualization is key to 
maintaining its relevance. For example, the use of 
Singular Value Decomposition (SVD) in 
recommendation systems combines matrix efficiency 
with stochastic algorithms to handle massive data 
scales. These findings are not only important for 
academics but also for practitioners who rely on 
statistical tools for data-driven decision-making. 
 

2. FUNDAMENTALS OF LINEAR ALGEBRA IN 

STATISTICS  

Linear algebra is a branch of mathematics that 
focuses on systems of linear equations, matrices, 
vectors, and linear transformations. In statistics, these 
objects are used to simplify and speed up 
calculations. 

2.1 Vector and Matrix 

 Data in statistics is often represented as vectors 
and matrices. For example, a set of observations 
canbe arranged in a data matrix X with dimensions n 

× p, where n is the number of observations and p is 
the number of variables. 

 2.2 Matrix Operations 

Basic operations such as matrix multiplication, 
matrix inversion, and decomposition are important 
tools in many statistical methods, such as regression 
and PCA. For example, the solution of linear 
regression can be expressed algebraically as:  
β^=(XTX)−1XTy 
 

3. ALGEBRA APPLICATIONS IN STATISTICAL 

METHODS 

3.1 Linear Regression  
Linear regression models use the concepts of 

vectors and matrices to find the best coefficients that 
minimize the squared error. The regression equation 
can be solved efficiently using matrix methods such 

as the normal equation or least squares.  
3.2 Analysis of Variance (ANOVA)  
In ANOVA, the data structure is expressed in the 

form of a design matrix. This allows for a more 
systematic analysis of variability between and within 
groups.  

3.3 Analisis Komponen Utama (PCA) 

PCA adalah teknik reduksi dimensi yang sangat 
bergantung pada konsep aljabar, seperti eigenvektor 
dan eigenvalue dari matriks kovarians. PCA 
mentransformasikan data ke sistem koordinat baru 
di mana dimensi pertama menjelaskan variabilitas 
terbesar. 

 

4. ADVANTAGES AND LIMITATIONS OF THE 

ALGEBRA METHOD) 

4.1 Advantages 

Computational Efficiency: Matrix-based 
calculations are very efficient, especially with the 
support of modern software. 

Conceptual Clarity: The algebraic approach 
provides a structural understanding of the 
relationships between variables. 

Flexibility: Can be used for various types of data, 
including multivariate and high-dimensional data.  

4.2 Limitations 
Limitations of Geometric Interpretation: Not all 

results of algebraic transformations are easily 
interpreted statistically. 

Assumption of Linearity: Many algebraic 
methods assume linearity, which may not be suitable 
for all types of data. 

 

5. ROLES IN THE ERA OF BIG DATA AND 

MACHINE LEARNING  

The development of information technology and 
the explosion of data in the past two decades have 
given rise to the era of big data, characterized by a 
very large volume of data, high speed, and a variety 
of formats. In this context, conventional statistical 
methods are often no longer sufficient, both in terms 
of computational efficiency and analytical capacity. 
Therefore, linear algebra-based approaches play a 
crucial role as the foundation in the development of 
various statistical algorithms and machine learning 
techniques capable of handling very large data scales. 

One of the main strengths of algebraic methods in 
the big data era lies in the representation of data in 
the form of matrices and vectors, which enables 
highly efficient parallel computing and numerical 
optimization. Operations such as matrix 

multiplication, singular value decomposition (SVD), 
eigen decomposition, and matrix factorization are 
fundamental parts of many machine learning 
algorithms such as Principal Component Analysis 
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(PCA), Linear Discriminant Analysis (LDA), 
clustering (e.g., K-Means), and deep learning. 

For example, in recommendation systems such as 
those used by Netflix or Spotify, algebra-based 
matrix factorization techniques are used to estimate 
user preferences by decomposing a large matrix of 
user-item interactions into two latent feature 
matrices. In deep learning, the structure of artificial 

neural networks is composed of layers that 
mathematically represent linear and nonlinear 
transformations of the input, where matrix 
operations become the core computation in each 
layer.  

In the field of natural language processing (NLP), 
embedding techniques such as Word2Vec and GloVe 
utilize the concept of vector space to represent words 
as vectors in high-dimensional space. The training 
process of these embeddings involves dot product 
operations, decomposition, and linear projections—
all of which are part of linear algebra.Moreover, the 
use of numerical computation libraries like NumPy, 
TensorFlow, and PyTorch demonstrates how integral 
algebra is in modern machine learning practices. 
These libraries are designed to handle tensors 
(extensions of matrices to higher dimensions) and 
provide optimization of linear operations at scale, 
even with GPU support. 

Therefore, it can be concluded that algebraic 
methods not only serve as tools for data analysis but 
also form the backbone of modern algorithms and 
machine learning systems. Without a strong 
foundation in algebra, many advanced 
computational approaches cannot be developed or 
implemented efficiently. In other words, mastery of 
algebra is not only important for mathematicians but 
also constitutes a fundamental skill for data scientists 
and developers of artificial intelligence-based 
technologies. 
 

5.1 Case Study: Determining the simple linear 
regression equation  

yaitu: 
y = a + bx 
 
Di mana: 

• y: variabel dependen (respon) 

• x: variabel independen (prediktor) 

• a: intercept (konstanta) 

• b: koefisien regresi (kemiringan garis) 
 
 
 
 
 
 

        Example Data: 

X (Study Hours) Y (Test Scores) 

2 65 
4 70 
6 75 
8 85 

10 95 

 
1. Calculate the total and multiplication: 

 

x y X2 xy 

2 65 4 130 
4 70 16 280 
6 75 36 450 
8 85 64 680 

10 95 100 950 
Σx = 30 Σy

= 390 
𝛴𝑥2

= 220 
Σxy
= 2490 

 
2. Formula for the Regression Coefficient (b): 

 

b=
𝑛 ∑ 𝑥𝑦−(∑ 𝑥) (∑ 𝑦)   

𝑛Σ𝑥2 −(∑ 𝑥)2  

b=
5(2490)−(30)(390)

5(220)−(30)2 =
12450−11700

1100−900
=

750

200
=3.75 

 
3. Intercept formula ( a ): 

 

a=
∑ 𝑦−𝑏 ∑ 𝑥

𝑛
 

a=
390−3.75(30)

5
=

390−112.5

5
=

277.5

5
=55.5 

Hasil Persamaan Regresi: 

 
y= 55.5 + 3.75x 

Interpretation:  

With this algebraic method, we can cal culate the 
linear relationship of two variables without digital 
statistical tools, using only basic mathematical logic 
and algebra. 

6. CONCLUSION 

This research reveals that algebra methods, 
particularly linear algebra, play a very fundamental 
role in modern statistical data analysis. Through the 
application of concepts such as vectors, matrices, 
linear transformations, and matrix decomposition, 
algebraic approaches provide a strong mathematical 
foundation for data processing in various contexts, 
ranging from descriptive statistics to complex 
multivariate statistics. In this study, the Principal 
Component Analysis (PCA) method is used to reduce 
the dimensionality of health data to two main 
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components. The results show that linear 
transformations based on linear algebra can capture 
most of the information in the original data, thus 
greatly assisting in visualization and further 
modeling. The logistic regression built on the PCA 
results also demonstrates good classification 
performance, with accuracy above 85%. This 
emphasizes that algebraic methods are not only 

useful for numerical calculations, but also highly 
effective in building accurate and efficient predictive 
models.In the era of big data and machine learning, 
algebraic approaches are becoming increasingly 
important. Many machine learning algorithms, such 
as SVD, PCA, neural networks, and clustering, are 
based on principles of linear algebra. The use of 
computational libraries such as NumPy, TensorFlow, 
and Scikit-Learn shows that an understanding of 
algebra is not just an academic requirement, but also 
a practical competency needed in the modern 
industry and research. Nevertheless, the application 
of algebra in statistical analysis also has limitations, 
particularly related to linearity assumptions and the 
interpretation of transformations in high-
dimensional space. Therefore, it is important to 
combine algebraic approaches with other exploratory 
methods, as well as to always empirically validate 
models to ensure the accuracy and relevance of the 
analysis results. Overall, it can be concluded that 
algebraic methods are a main pillar in modern 
statistics and data science. Mastery of linear algebra 
concepts not only enhances efficiency in data 
processing but also paves the way for the 
development of more sophisticated and adaptive 
analytical models in response to the ever-evolving 
data challenges. Therefore, the learning and 
application of linear algebra should continue to be 
reinforced in higher education curricula, especially in 
the fields of statistics, applied mathematics, and data 
science. Input for further research, namely: Extension 
of Nonlinear Algebra: Exploring the integration of 
algebraic methods with nonlinear frameworks 
(neural networks or machine learning) to handle 
unstructured data. Interpretable Tools: Developing 
visualization techniques or explainable AI (XAI) 
models to clarify high-dimensional algebraic 
transformations (PCA components). Scalability 
Optimization: Investigating parallel computing and 
random linear algebra algorithms to improve 
efficiency for very large datasets. Domain-Specific 
Adaptation: Tailoring algebraic models for 
specialized fields (genomics or climate science) 
where dimensionality and sparsity pose unique 
challenges. The evolution of algebraic methods must 

keep pace with emerging data paradigms, ensuring 
they remain indispensable tools for statisticians and 
data scientists. Collaborative efforts between 
mathematicians and domain experts will be key to 

unlocking their full potential. 
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