
Copyright © 2024 by Author/s and Licensed by Kuey. This is an open access article distributed under the Creative Commons Attribution 

License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

Educational Administration: Theory and Practice 
2024, 30(6), 5008-5012 
ISSN: 2148-2403 

https://kuey.net/          Research Article 

 

Leveraging Eigenvalues and Eigenvectors for Principal 
Component Analysis: A Deep Dive Into Dimensionality 

Reduction Techniques 
 

Krishana1, Dr. Vinod Kumar2 

 
1*Research Scholar, Department of Mathematics, Om Sterling Global University, Hisar, Haryana 
2Professor, Department of Mathematics, Om Sterling Global University, Hisar, Haryana 
 
Citation: Krishana, et al (2024) Leveraging Eigenvalues and Eigenvectors for Principal Component Analysis: A Deep Dive Into 
Dimensionality Reduction Techniques , Educational Administration: Theory and Practice, 30(6) 5008-5012 
Doi: 10.53555/kuey.v30i6.9097 
 

ARTICLE INFO ABSTRACT 
 It gauges if PCA has a significant effect on a learning machine's performance as 

regards its performance. The applicability of PCA lowers huge high-dimensional 
data to significant features that retain all critical variance. This would add up to 
efficiency and higher accuracy in modeling prediction outcomes. Using PCA is better 
than not using PCA on all those models, namely, Logistic Regression, Decision 
Trees, and Support Vector Machines, with improved performance in modeling 
outcomes. It yields higher accuracy, precision, recall, and F1-score than the baseline 
on high dimensions. Noise and redundancy reduction will help the models focus on 
significant features, thus enhancing their generalization capabilities. The results 
affirm the importance of PCA in optimizing the machine learning workflows, 
especially in handling large and complex datasets, as well as improving model 
interpretability and computational efficiency. 
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1. INTRODUCTION 

 
With the fast growth of big data and advances in analytics, it is now imperative to have proper mechanisms to 
process, analyze, and interpret large amounts of data. Principal Component Analysis is one such strong 
technique that has become increasingly popular due to its ability to reduce the dimensionality of data without 
losing its important features. The core of PCA lies in the mathematical theories of eigenvalues and 
eigenvectors, which forms the backbone for identifying principal components of a data set. These components 
describe the directions wherein the variance of data is maximized, thus yielding insights about the underlying 
structure of that data. It will discuss how eigenvalues and eigenvectors are involved with PCA, which indeed 
forms an important theoretical dimension and actual practical application to reduce dimensionality. 
PCA is based on the fundamentals of linear algebra specifically while analyzing covariance or correlation 
matrices. Although high-dimensional data creates various problems such as inefficiency of computation, 
overfitting, and poor visualization, use of eigenvalues along with eigenvectors of covariance matrix helps PCA 
overcome this difficulty by transforming the entire coordinate system. This transformation highlights the 
most prominent features while discarding noise and redundancy, allowing a more efficient representation of 
the data. 
Eigenvalues reflect the amount of variance contained in each principal component, while eigenvectors 
describe a direction of those components in the feature space. These components enable us to rank and select 
the most informative ones to apply PCA to other purposes, like visualization or clustering or for building a 
predictive model; that's only feasible due to the reduction in dimensions, hence enhancing computational and 
interpretational advantages. Today, it is an ideal tool not only for people working with machine learning but 
also even more than anything in bioinformatics. 
In addition, reliance of PCA on eigenvalues and eigenvectors underlines the generality and mathematical 
beauty. Besides compression of data, such ideas help to gain deeper understanding of complex phenomena in 
very-high dimensional spaces. For example, the technique is often applied for feature extraction in image 
processing and portfolio optimization in finance or for the analysis of the patterns in genomic data. Focusing 
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on the underlying theories and real advantages behind PCA, this paper seeks to extensively analyze how 
eigenvalues and eigenvectors are exploited in gaining dimensional reduction without loss. 
The remainder of this paper will involve an investigation into the mathematical foundations of eigenvalues 
and eigenvectors, their relationships to covariance matrices, and their roles in the PCA process. Moreover, 
case studies and real-life applications will be presented for demonstrating the use of PCA to overcome present 
analytical challenges. 
 

2. REVIEW OF LITREATURE 
 

Bookstein (2019) puts forward a critical discussion of the problems that often arise in between-groups PCA 
of geometric morphometric data. The paper outlines a few weaknesses and biases associated with PCA, 
particularly if such a method is applied to multiple-group data sets. One important strength of this particular 
paper lies in emphasizing problems that often arise from interpreting principal components not quite faithful 
to the within-group variation. It means that selection of PCA must consider the structure as well as the 
distribution of data variance before the actual application. The results show that PCA is rather robust, but its 
applicability is compromised if applied without taking into consideration specifics characteristic features of 
the data set. 
Chepushtanova et al. (2020) is a pretty elementary book on dimensionality reduction, focusing primarily 
on PCA. Mathematically, the book provides very detail on how PCA is implemented through the use of 
eigenvalues and eigenvectors of transforming data. Since its background is in the backdrop of dimensionality 
reduction techniques, such comparisons can be drawn even with other methods like t-SNE and autoencoders. 
The book highlights one of its exceptional features as trading interpretations with computationally intensive 
complexity in dimension reduction techniques. Further, it deals with certain practical applications such as 
data visualization and feature extraction so as to make it an excellent source toward understanding PCA from 
the dimensions of theory and application alike. 
García (2021) adds to the literature by comparing a number of dimensionality reduction algorithms, 
including PCA. The work does a very nice job in evaluating PCA comparatively with other methods and 
discussing metrics like computational efficiency, interpretability, and accuracy. It highlights how versatile 
PCA can be in datasets with linear relationships dominating. However, the study also points out the 
limitations of PCA with nonlinear data, which can be overcome using kernel PCA or manifold learning 
methods, showing better performance in such scenarios. The comparative framework in this work helps 
understand the strengths and weaknesses of PCA in the larger context of dimensionality reduction 
techniques. 
García-Gutiérrez Espina (2023) has conducted a detailed analysis of dimensionality reduction 
techniques with specific emphasis on the interpretation of their coefficients and how it impacts learned 
models. This Ph.D. dissertation is a comprehensive overview of the various dimensionality reduction 
techniques available, such as PCA, LDA, t-SNE, and even more complex autoencoders. In conclusion, the way 
in which coefficients arising from these techniques influence subsequent models and their interpretation is as 
important as it is underappreciated, and is a topic to which Espina dedicates significant effort in her work. 
Discussions on interpretability of low-dimensional features are particularly necessary to guarantee that 
computationally efficient results come hand-in-hand with meaningful interpretations. The dissertation also 
explains how the dimensionality reduction technique affects the accuracy of the model, especially in high-
dimensional settings. This research adds depth to the literature by linking dimensionality reduction with the 
interpretability of machine learning models, a topic often underexplored in traditional PCA literature. 
 

3. RESEARCH METHODOLOGY 
 
This study is aimed at ascertaining the use of eigenvalues and eigenvectors in PCA to reduce dimensionality, 
while focusing on model performance and interpretability. The research method is designed to assess how 
these techniques using eigenvalues-based dimensionality reduction can help optimize data processing, 
especially on high-dimensional datasets, for better performance in machine learning models. 
 
3.1 Research Design 
The study adopts a quantitative research design, utilizing secondary data from publicly available datasets and 
applying PCA for dimensionality reduction. The focus is on datasets with multiple features, where the 
dimensionality can be reduced to capture the principal components that explain the most variance in the 
data. The research involves several key steps: 
1. Dataset Selection: Various datasets, including both structured (e.g., financial datasets, healthcare data) 
and unstructured (e.g., image datasets), are selected to cover a range of applications. The datasets are chosen 
for their high dimensionality, which justifies the need for dimensionality reduction techniques. 
2. Data Preprocessing: Data is cleaned and preprocessed to ensure consistency, removing any missing 
values and standardizing the features (mean = 0, standard deviation = 1). Normalization is performed to 
ensure the data is on the same scale. 
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3. Principal Component Analysis (PCA): PCA is applied to each dataset to reduce its dimensionality. 
The covariance matrix of the data is computed, and eigenvalues and eigenvectors are extracted to determine 
the principal components. The number of components retained is based on the cumulative explained 
variance, with a threshold set at 90% to capture the most significant features. 
4. Modeling and Evaluation: Machine learning models (e.g., Logistic Regression, Decision Trees, and 
Support Vector Machines) are trained on both the original high-dimensional data and the reduced-
dimensional data (after applying PCA). The performance of the models is evaluated using cross-validation, 
with metrics such as accuracy, precision, recall, and F1-score used for comparison. 
5. Statistical Analysis: The effectiveness of PCA in dimensionality reduction is analyzed through a 
comparison of model performance before and after applying PCA. The statistical significance of the 
improvement in model performance is tested using paired t-tests. 
 

4. DATA ANALYSIS AND RESULT 
 
In this section, we will present the results of applying Principal Component Analysis (PCA) for dimensionality 
reduction, followed by the evaluation of machine learning models trained on both the original and reduced 
datasets. The goal is to assess how the application of PCA influences model performance in terms of accuracy, 
precision, recall, and F1-score. 
 
4.1 Dataset Overview 

Table 1: Dataset Overview 
Dataset Type Number of 

Features 
Number of 
Observations 

Preprocessing Steps 

Financial Data Structured 100 10,000 Standardized, 
Normalized 

Healthcare 
Data 

Structured 50 5,000 Standardized, 
Normalized 

Image Data Unstructured 1,000 15,000 Standardized, 
Normalized 

 
The datasets selected for the study include both structured data (financial and healthcare) and unstructured 
data (image data), each with a varying number of features. These datasets are preprocessed to ensure 
consistency and standardization before applying PCA. 
 
4.2 PCA Results: Variance Explained 

Table 2: PCA Results: Variance Explained 
Dataset Original Features Retained Principal Components Cumulative Explained 

Variance (%) 
Financial Data 100 10 90% 
Healthcare Data 50 6 88% 
Image Data 1,000 50 92% 

 
For each dataset, the number of principal components retained is selected based on the cumulative explained 
variance, with the threshold set at 90%. The table shows that a significant portion of the variance in each 
dataset is captured by the reduced number of components. 
 
4.3 Model Performance Comparison 
To assess the impact of PCA on model performance, we compare the results of training machine learning 
models on both the original and PCA-reduced datasets. We evaluate models such as Logistic Regression, 
Decision Trees, and Support Vector Machines using cross-validation. 
 

Table 3: Model Performance Comparison 
Model Dataset Accuracy (%) Precision (%) Recall (%) F1-Score (%) 
Logistic Regression Original Data 82.5 80.0 85.0 82.5 
Logistic Regression PCA Reduced 85.0 83.0 88.0 85.5 
Decision Tree Original Data 78.0 75.0 80.0 77.5 
Decision Tree PCA Reduced 81.0 79.5 84.0 81.5 
Support Vector Machine Original Data 85.0 82.5 87.0 84.7 
Support Vector Machine PCA Reduced 87.5 85.0 89.0 87.5 
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4.4 Statistical Analysis of PCA Impact 
A paired t-test is performed to determine whether the improvement in model performance due to PCA is 
statistically significant. The p-values for the comparisons between models trained on original data and PCA-
reduced data are computed for each dataset. 
 

Table 4: Statistical Analysis of PCA Impact 
Dataset Model p-value (Accuracy) p-value 

(Precision) 
p-value 
(Recall) 

p-value 
(F1-
Score) 

Financial Data Logistic Regression 0.02 0.03 0.01 0.02 
Healthcare Data Decision Tree 0.05 0.04 0.03 0.04 
Image Data Support Vector Machine 0.01 0.02 0.01 0.01 

The results show that the p-values are less than the 0.05 significance level, indicating that the improvements 
in model performance after PCA are statistically significant. 

 
5. DISCUSSION 

 
The results from this study show that Principal Component Analysis (PCA) effectively improves machine 
learning models by reducing dimensionality while preserving essential data variance. Models trained on PCA-
reduced data outperformed those trained on the original high-dimensional data across all metrics: accuracy, 
precision, recall, and F1-score. For example, Logistic Regression improved from 82.5% to 85.0% accuracy on 
the financial dataset, and Decision Trees showed similar improvements. This highlights the value of PCA in 
simplifying data while enhancing model performance. 
PCA’s ability to capture the most significant variance in data with fewer components is another key finding. 
For instance, in the financial dataset, only 10 components retained 90% of the variance, while 6 components 
sufficed for 88% of the variance in the healthcare dataset. These results suggest that PCA can reduce data 
complexity without losing critical information, making it particularly useful for high-dimensional datasets. 
The statistical significance of PCA’s impact was confirmed through paired t-tests, with p-values consistently 
below 0.05, indicating that the improvements in model performance were not due to random chance. This 
strengthens the argument that PCA leads to reliable and meaningful gains in model accuracy and other 
performance metrics. 
In addition to improved model performance, PCA offers computational benefits. Reducing the number of 
features speeds up training times and helps mitigate overfitting, especially in complex models like Support 
Vector Machines (SVM). It also makes the model easier to interpret by focusing on the principal components, 
which simplifies the underlying structure of the data. 
However, PCA does have limitations. It assumes that the most informative features are those with the highest 
variance, which may not always be true. In cases where important features have lower variance, other 
dimensionality reduction techniques might be more appropriate. Additionally, PCA reduces the 
interpretability of individual features, as principal components are linear combinations of multiple original 
features. 
Future research could explore combining PCA with other dimensionality reduction techniques or applying it 
to more diverse datasets, such as time-series data. These advancements could address PCA’s limitations and 
expand its applicability in various domains. 
In conclusion, PCA proves to be a valuable tool for dimensionality reduction in machine learning, improving 
performance while simplifying data. Its application across different datasets demonstrates its robustness and 
potential for enhancing model outcomes in diverse fields. 
 

6. CONCLUSION 
 
This study highlights the effectiveness of Principal Component Analysis (PCA) in improving machine learning 
model performance by reducing dimensionality while retaining key variance in high-dimensional datasets. 
Models trained on PCA-reduced data consistently outperformed those on original datasets, demonstrating 
significant gains in accuracy, precision, recall, and F1-score. PCA also offered computational benefits by 
speeding up training times and reducing overfitting, while enhancing model interpretability. Despite its 
strengths, PCA's reliance on high variance for feature selection may not always capture the most predictive 
elements, suggesting the need for complementary techniques in some cases. Overall, PCA proves to be a 
powerful tool for dimensionality reduction, streamlining complex data and optimizing model performance 
across various domains. 
 
  



5012                         Krishana, et al / Kuey, 30 (6), 9097                                         

 

REFERENCES 
 

1. Bookstein, F. L. (2019). Pathologies of between-groups principal components analysis in geometric 
morphometrics. Evolutionary Biology, 46(4), 271-302. 

2. Chepushtanova, S., Farnell, E., Kehoe, E., Kirby, M., & Kvinge, H. (2020). Dimensionality reduction. 
In Data Science for Mathematicians (pp. 291-337). Chapman and Hall/CRC. 

3. Garcıa, J. (2021). Comparison between dimensionality reduction algorithms. 
4. García-Gutiérrez Espina, M. Á. (2023). Study of dimensionality reduction techniques and interpretation 

of their coefficients, and influence on the learned models (Doctoral dissertation, ETSI_Informatica). 
5. He, L., Bucci, A., & Liu, Z. (2021). Combining dimensionality reduction with neural networks for realized 

volatility forecasting. Available at SSRN 3824136. 
6. Kanuboyina, V., Shankar, T., & Penmetsa, R. R. V. (2022). Electroencephalography based human 

emotion state classification using principal component analysis and artificial neural network. Multiagent 
and Grid Systems, 18(3-4), 263-278. 

7. Karimi, A. H. (2018). Exploring new forms of random projections for prediction and dimensionality 
reduction in big-data regimes (Master's thesis, University of Waterloo). 

8. Waggoner, P. D. (2021). Modern dimension reduction. Cambridge University Press. 
9. Zhang, W., & Wang, Z. (2022). PCA-Pruner: Filter pruning by principal component analysis. Journal of 

Intelligent & Fuzzy Systems, 43(4), 4803-4813. 


