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ABSTRACT ‘

The phenomenon of big data poses distinct challenges for analysis, especially when
the data contains a very large number of variables. High complexity, potential redundancy,
and the risk of overfitting are major issues that must be addressed through dimensionality
reduction techniques. Principal Component Analysis (PCA) is a common method effective
for data with linear relationships, but it has limitations in identifying nonlinear patterns.
This research aims to improve classification performance by introducing an autoencoder
to handle nonlinear relationships, data noise, missing values, outliers, and data with
varying scales. This study employs a quantitative approach by analyzing simulated and
empirical data in the form of the Village Development Index from the Central Statistics
Agency, which contains variables with various measurement scales. Both dimensionality
reduction methods—PCA and neural network-based autoencoders—are tested across
various data scenarios. The evaluation is based on their effectiveness in preserving the data
structure and on the Mean Squared Error (MSE) values during the reconstruction process.
The results indicate that PCA excels in computational efficiency and accuracy for data with
linear relationships. In contrast, the autoencoder demonstrates superior performance in
detecting nonlinear patterns, achieving lower Mean Squared Error (MSE) values with
stable MSE standard deviations. Additionally, the autoencoder proves more robust to
missing values and outliers than PCA. The selection of dimensionality reduction methods
highly depends on the characteristics of the analyzed data. Autoencoders are a superior
alternative for handling complex, nonlinear data, though they require parameter tuning.
Further research is recommended to explore the influence of autoencoder network
architecture and training strategies on dimensionality reduction performance.
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1. INTRODUCTION

The phenomenon of big data has become a hot topic among researchers and academics. Big data refers
to a collection of data that is very large and varied, posing challenges in storage, analysis, and visualization
[1]. The complexity of the data itself naturally makes analysis difficult. One common problem encountered
in big data is the presence of a very large number of variables. Data sets with more variables generally contain
more information, but as the number of variables increases, the likelihood of noise and redundancy also rises

. Additionally, this leads to longer computational processes, and some statistical methods are unable to
handle such complexity [3]. High data complexity often leads to overfitting [4]. Although the amount of data
collected is very large, it does not necessarily mean that the data is evenly distributed in a high-dimensional
space [5]. Furthermore, strong correlations among variables can lead some variables to disproportionately
influence prediction results, reducing the model's robustness and interpretability [6].

Dimensionality reduction is the process of transforming high-dimensional data into a lower number of
dimensions while preserving its essential information [7]. Techniques for dimensionality reduction provide a
foundation for effectively analyzing and interpreting high-dimensional datasets [ &]. This process enables data
representation with fewer features by employing unsupervised methods that uncover relationships among
variables and eliminate redundancy. Typically, dimensionality reduction is categorized into two primary
methods: feature selection (FS) and feature extraction (FE). FS is regarded as an effective approach for
mitigating dimensionality challenges by reducing redundancy, removing superfluous data, and enhancing the
interpretability of results. In contrast, FE focuses on identifying a representative and informative feature set,
thereby improving processing efficiency [9], , , [12].

The complexity of data with a large number of variables makes dimensionality reduction an important
step in data preprocessing to improve accuracy and reduce computation time [13]. Some advantages of
dimensionality reduction include reducing data storage memory, enabling quick data visualization, and
decreasing complexity in data analysis [ 14]. One of the popular and widely used methods for dimensionality
reduction is Principal Component Analysis (PCA) [ 15]. This method was first introduced by Pearson in 1901
and developed by Hotelling in 1933 [16], . In simple terms, PCA is a way to transform data into a new
set of coordinates so that the first coordinate captures the most variation, the second the next most, and so on.
PCA is an unsupervised learning method that decomposes data into linear combinations [19]. Additionally,
PCA assumes that the relationships between variables are linear and that all variables must be measured at
the interval or ratio level. Therefore, PCA may not always be the most appropriate analysis method [20].
Some other popular dimensionality reduction methods besides PCA include Linear Discriminant Analysis
(LDA) [21], Singular Value Decomposition (SVD) , and others. Designed to capture linear patterns, these
methods tend to perform poorly on data with non-linear relationships. Similarly, PCA can only capture linear
patterns, and its performance will decline if the data exhibit curvature/non-linear patterns [23]. The same
thing happens with LDA [24].

Given the phenomenon of big data, methods capable of capturing nonlinear patterns are needed. One
such method is autoencoders (AE). This method is a type of neural network that projects high-dimensional
data into a low-dimensional latent space [25]. In AE, the input layer and output layer have the same number
of nodes [26]. Several applications of the AE method include research by , which compared PCA, LDA,
LLE, Isomap, and AE methods on the MNIST dataset. The study results indicated that AE performed better
than the other methods because it not only reduces dimensionality but also detects repetitive structures. A
similar study compared PCA and AE on the MNIST data and found that AE yielded a lower mean squared
error (MSE) than PCA [28].

However, most of these studies remain limited to image data such as MNIST, which has very specific
characteristics and does not reflect the complexity of other data types in real-world practice, including non-
image data, data with nonlinear relationships, or data containing noise. The novelty of this research lies in
extending the evaluation of PCA and autoencoders beyond commonly used image datasets, incorporating
diverse nonlinear relationships, multiple levels of data disturbances, and empirical data with varied
measurement scales, thereby providing a more realistic and comprehensive benchmark for dimensionality
reduction in practical applications. Therefore, this study aims to examine and compare the performance of
AE and PCA across a broader range of data characteristics, both simulated and empirical. Specifically, the
objectives of this research include (1) evaluating the performance of AE and PCA on linearly correlated data
with variations in the number of observations and components; (2) comparing the performance of AE and
PCA on data with nonlinear relationships (e.g., sinus, Cosine, tangent, exponential, logarithm, square root,
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Arccos, and archin); (3) analyzing the robustness of AE and PCA against data disturbances such as missing
values and outliers at various levels (5%, 10%, and 15%); and (4) comparing their performance on empirical
data in the form of the Village Development Index from the Central Statistics Agency, with various
measurement scales.

2. RESEARCH METHODS

This study uses simulated data with diverse characteristics to assess the effectiveness of AE and PCA
methods for identifying patterns. Additionally, the study incorporates empirical data to evaluate the
performance of both methods in real-world scenarios. The next section will outline the data simulation design
implemented in this study.

2.1 Principal Component Analysis (PCA)

PCA is a classical statistical method utilized for dimensionality reduction . It can be
mathematically defined as a technique that transforms data into a new orthogonal coordinate system. In this
system, the first coordinate captures the greatest variance of the data, the second coordinate captures the
second greatest variance, and so forth . Furthermore, PCA allows for the representation of original
variables as integrated factors that reflect the information contained within them . This methodology
involves a series of steps that convert the original variables into new orthogonal variables known as principal
components, specifically designed to maximize the variance explained by the original data. The stages of the
PCA process are as follows

1. Calculating the variance matrix of observation data

1 2
Var(x) = 0% = Ez?zl(zij - llj) ) (1)

Cov(x,y) = anl (xij = pa) (Vi = Hyj), (2)
with p, and u, is the sample average of variables x and y, where x; and y; are the values of the
observation of variables x and y.

2. Find the eigenvalues and eigenvectors of the covariance matrix that has been obtained.
Det(A—AlI) =0. 3)
3. Determining the PCA proportion value
Eigen Value

PC(%) = _ _ x 100%. 4)
Variance Covariance

4. Calculating loading factor [32]
Ax = Ax ®))
Obtained linear combination, namely:
a. 14,45, 45, ..., 4, are eigenvalues of matrix A
b. xq1,%3,x3, ..., X, are eigenvectors
The equation of eigen value decomposition is:
AX = XD, (6)
CA=XDX1, 7
where:
A :nXxnmatrix that has n eigen values,
D : eigen value of its eigen vector,
X :eigen vector of matrix 4,

X~1: inverse of eigen vector x.
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2.2 Autoencoders (AE)

AE is a classical unsupervised neural network architecture that uses the backpropagation algorithm for
learning and is commonly applied in dimensionality reduction tasks [33], [34]. This method was first
proposed by Le Cun in 1987, with early works on AE focusing on dimensionality reduction or feature
learning. AE consists of three main stages: encoding, activation, and decoding. The encoder is the initial layer
of the autoencoder that receives input from the original data [35]. The activation function performs nonlinear
mapping to transform the encoded coefficients into a specific range [36]. The decoder, which serves as the
bottleneck layer, reconstructs the encoded representation back to the original input dimensions [37]. As
illustrated in Fig. 1, an AE consists of an encoder network, a bottleneck layer representing the low-
dimensional feature space, where o denotes the activation function, and W and b represent the weights known
as latent hidden vectors, followed by a decoder network. For more details, see Fig. 1 below.

> z >
> >
N 0 :
Input > O > Output
X N O " %
> Feature >
> >

Encoder Decoder

Figure 1. Autoencoders Illustration
The stages of the autoencoder (AE) in performing dimension reduction are outlined as follows [43]:

1. Data input preparation
Input data is in the form of a vector x € R% with dimention d
2. Encoding (Encoder Function fy)

Transforming input data x € R%into a latent representation z € R™, where m < d

z = fp(x).
3. Decoding (Decoder Function gg)

Transforming the latent representation z € R™ back to the original dimension for output
reconstruction £ € R%

X = go(2). ®)
4. Calculating reconstruction loss

L(x,%) = ||x = 2||%. )

2.3 Simulation Approach

At this stage, we generate data based on two specific criteria: linear and nonlinear relationships, with
varying numbers of observations and components. For more details, please refer to Table 1 below.

Table 1. Information On Linear and Nonlinear Data Simulation
Step Relationship Correlations Observations Component
Step 1 Linear 50 Variables with Correlation 70%-100% 500 10
20
30
1000 10
20
30
10000 10
20
30
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Step 2 Non-Linear 10 Sinus Variables 500 10
10 Cosine Variables 20
10 Tangent Variables 30
10 Exponential Variables 1000 10
20
30
10000 10
20
30
Step 3 Non-Linear 10 Sinus Variables 500 10
10 Cosine Variables 20
10 Tangent Variables 30
10 Exponential Variables 1000 10
10 Logarithmic Variables 20
10 Square Root Variables 30
5 Arccos Variables 10000 10
5 Archin Variables 20
30
Step 4 Non-Linear 10 Sinus Variables 1000 30
(Missing 5%, 10 Cosine Variables
10%, 15%) 10 Tangent Variables
10 Exponential Variables
Step 5 Non-Linear 10 Sinus Variables 1000 30
(Outlier 5%, 10 Cosine Variables
10%, 15%) 10 Tangent Variables

10 Exponential Variables

outlines the data generation design implemented in Python to evaluate the performance of the
AE and PCA methods. This evaluation considers variations in relationship types, correlation levels, the
number of observations, and the number of components. For datasets exhibiting nonlinear relationships, the
base data are generated from a uniform distribution ranging from -3 to 3. These data are subsequently
transformed into various nonlinear functions, including sine, cosine, tangent, exponential, logarithmic, square
root, arccosine, and arcsine. Additionally, disturbances such as noise, missing values, and outliers are
introduced at different levels (5%, 10%, and 15%). This process aims to assess the robustness of both
methods.

2.4 Empirical Approach

The empirical data were obtained from the Central Statistics Agency and consist of the Village
Development Index, which includes 74 variables and 1,199 observations, measured on various scales,
including nominal and ratio scales. These variables represent multiple socio-economic and infrastructure
characteristics across villages, which naturally lead to heterogeneous relationships, including both linear and
nonlinear patterns among variables. This data is used to evaluate the performance of AE and PCA in handling
real-world data that are heterogeneous in terms of variable relationships and measurement scales. In
particular, the analysis compares how well AE and PCA preserve data structure when reducing
dimensionality under these heterogeneous conditions. provides information related to the empirical
data used.

Table 2. Measurement Scale

Measurement Scale Number of Variables
Nominal 63
Ratio 11
As shown in , the total number of variables is 74, comprising 63 nominal variables and 11 ratio

variables. The dataset is sourced from the Village Development Index (Indeks Desa Membangun) published
by the Central Statistics Agency (BPS), which describes socio-economic, infrastructure, and environmental
characteristics at the village level. The 1,199 observations correspond to villages within the selected study
area, allowing this dataset to reflect real-world conditions with heterogenecous measurement scales and
variable relationships. This makes the dataset suitable for evaluating the performance of dimensionality
reduction methods such as AE and PCA.
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2.5 Evaluation Models

Model performance evaluation is essential to measure the effectiveness of both methods in retaining
important information while reducing data complexity. For this purpose, two commonly used statistical
metrics are Mean Squared Error (MSE) and Coefficient of Determination (R?).

2.5.1 Mean Squared Error (MSE)

MSE is one method used to measure a model's goodness. It measures the average of the squared error
between the model's predicted value and the actual value [44]. The smaller the MSE value in a model, the
better the model is. In the context of dimension reduction, the formula for MSE is as follows:

P EY)
msp =25 (10)

2.5.2 Coefficient of Determination (R?)

R-Squared, also called as co-efficient of determination, is one of the metrics used to measure the
goodness of a model. The greater the R?, the greater the proportion of variation that can be explained by the
model. If R? approaches 1, it means that the model has a very good fit and if it approaches 0 the model cannot
explain the variation of the data well or is not fit [45]. The formula for the coefficient of determination from
the application of dimension reduction is as follows:

i 2o (xij — 2j)?

R2=1- .
oy Xy — %)?

(11)

3. RESULTS AND DISCUSSION

Based on the analysis conducted using two different approaches, simulated and empirical, interesting findings
emerged regarding the performance of the two evaluated methods.

3.1 Linear Relationship

Based on the simulation conducted on data with linear relationships, the results are presented in Fig. 2 below.
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Figure 2. Comparison of PCA and AE on data with linear relationships for various numbers of components and
sample sizes: (a) Component = 10, N = 500; (b) Component = 10, N = 1000; (c) Component = 10, N = 10000; (d)
Component = 20, N = 500; (¢) Component = 20, N = 1000; (f) Component = 20, N = 10000;

(g) Component = 30, N = 500; (h) Component = 30, N = 1000; and (i) Component = 30, N = 10000.

compares MSE values for the AE and PCA methods on data with linear correlations. The MSE
decreases as the number of components increases, indicating that more information from the original data is
retained. Overall, the MSE values for AE and PCA are similar, as evidenced by the overlapping MSE curves
for both methods. This similarity is particularly apparent with a large number of observations, such as 10,000.
However, the MSE values tend to diverge when the sample size is only 500. In this case, PCA performs
slightly better than AE for smaller datasets. Nevertheless, the difference is not particularly significant when
looking at the actual MSE values produced by both methods. PCA shows a slight advantage in producing
lower errors for small datasets, while AE demonstrates greater stability on datasets with many observations.

The overall MSE values for AE and PCA are similar, particularly for data with linear correlations and
large sample sizes. However, there are notable differences between the two methods. Despite its simplicity,
PCA has an advantage when dealing with datasets with fewer observations due to its greater stability and
faster computational speed. On the other hand, AE requires a more complex training process and is sensitive
to network architecture parameters. This sensitivity can be a limitation for AE, especially if proper parameter
tuning is not implemented. To clarify the comparison between these two methods, the output is presented in

below.
Table 3. Comparison of Average MSE And Standard Deviation of MSE
Component 10 Component 20 Component 30
Method Sample Average Std. Average Std. Average Std.
Deviation Deviation Deviation
PCA 500 0.0042 0.0011 0.0029 0.0016 0.0020 0.0018
1000 0.0035 0.0008 0.0024 0.0013 0.0017 0.0015
10000 0.0027 0.0006 0.0018 0.0010 0.0013 0.0011
AE 500 0.0044 0.0011 0.0031 0.0017 0.0022 0.0018
1000 0.0036 0.0008 0.0025 0.0013 0.0018 0.0015
10000 0.0027 0.0006 0.0018 0.0010 0.0013 0.0011
Based on , which presents the average MSE and the average standard deviation of MSE between

the PCA and AE methods across various sample sizes and component numbers, it is evident that PCA and
AE yield similar results. Although the average and standard deviation of the MSE for PCA are slightly lower
than those for AE, the differences are not particularly significant. However, these minor differences can
influence method selection depending on computational speed and performance stability, with PCA showing
greater stability, especially on smaller datasets. Overall, both methods provide important insights: as the
sample size and number of components increase, their performance becomes more stable on data structures
with linear relationships.

According to the analysis presented, the performance of AE and PCA depends heavily on the structure
of the relationships among variables. Generally, for data with linear relationships, the performance of AE and
PCA appears comparable, which aligns with previous studies stating that AE tends to be on par with PCA in
terms of reconstruction and dimensionality reduction , . However, when the number of observations
is limited, PCA tends to outperform AE due to its greater stability and computational efficiency. Conversely,
AE requires a complex training process and is sensitive to parameter settings, such as the number of hidden
neurons, the number of epochs, and the activation functions.
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3.2 Nonlinear Relationship Data

When the data structure among variables is nonlinear, the differences between AE and PCA become
more apparent. In this condition, PCA, being based on linear transformations, faces limitations in capturing
complex patterns. This scenario is illustrated in Fig. 3 below.
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Figure 3. Comparison of PCA and AE on nonlinear data (sin, cosin, tangent, and exponential) for various numbers of
components and sample sizes: (a) Component = 10, N = 500; (b) Component = 10, N = 1000;
(c) Component = 10, N = 10000; (d) Component = 20, N = 500; (¢) Component = 20, N = 1000;
(f) Component = 20, N = 10000; (g) Component = 30, N = 500; (h) Component = 30, N = 1000; and
(i) Component = 30, N = 10000.

In this condition, PCA based on linear transformation experiences significant limitations, especially in
capturing complex patterns. Fig. 3 shows that PCA exhibits higher, more unstable MSE values across varying
numbers of components and observations, indicating suboptimal performance on nonlinear data. On the other
hand, AE appears to represent non-linear data patterns well. The MSE value in AE tends to be stable even in
the fourth dimension, especially when the data is constructed using non-linear functions such as sine, cosine,
tangent, and exponential. The superiority of AE becomes more apparent as the number of components
increases, due to its ability to capture the complex structure of non-linear data. The difference is seen in Table
4, which presents the average MSE values and the average standard deviation of MSE from both methods.

Table 4. Comparison of Average MSE And Average Standard Deviation of MSE For Nonlinear Relationship Data
(Sinus, Cosine, Tangent, And Exponential)

Component 10 Component 20 Component 30
Method Sample Average Std. Average Std. Average Std.
g Deviation g Deviation g Deviation

PCA 500 0.0100 0.0143 0.0066 0.0134 0.0044 0.0113
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Component 10 Component 20 Component 30
Method Sample Average Std. Average Std. Average Std.
Deviation Deviation Deviation
1000 0.0124 0.0166 0.0064 0.0132 0.0043 0.0112
10000 0.0124 0.0167 0.0063 0.0133 0.0042 0.0113
AE 500 0.0001 0.0002 0.0019 0.0036 0.0014 0.0027
1000 0.0011 0.0013 0.0007 0.0008 0.0007 0.0007
10000 0.0002 0.0004 0.0002 0.0006 0.0001 0.0002

The output in Table 4 provides clear information regarding AE’s ability to capture data patterns with
nonlinear relationships. Overall, the average MSE and the average standard deviation of MSE from AE are
significantly lower compared to PCA. This study finds that AE performs better in the presence of nonlinear
relationships. The use of nonlinear activation functions in the model enables AE to capture complex patterns
in the data and enhances the model’s stability. Furthermore, as the number of samples increases, the average
MSE consistently decreases, indicating improved performance.

However, the advantages of AE are not without drawbacks; the training process of AE requires tuning
parameters such as the number of hidden neurons, the number of epochs, and the activation functions, which,
if not optimally set, can lead to overfitting or underfitting. Additionally, the computation time of AE tends to
be higher than that of PCA. On the other hand, although PCA appears less stable for non-linear data, it still
offers advantages in terms of computational speed and ease of implementation, especially if only a rough
estimate of the data structure is needed. Advanced simulations can incorporate other non-linear functions,
such as logarithms, square roots, archin, and Arccos, to further test the robustness of AE. The study aims to
determine the limits of AE's ability to handle increasingly complex patterns and to compare it with PCA as a
simple baseline.
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Figure 4. Comparison of PCA and AE on nonlinear data (sinus, Cosine, tangent, exponential, logarithm, square root,
archin, and Arccos) for various numbers of components and sample sizes: (a) Component = 10, N = 500;
(b) Component = 10, N = 1000; (c) Component = 10, N = 10000; (d) Component =20, N = 500;
(e) Component = 20, N = 1000; (f) Component = 20, N = 10000; (g) Component = 30, N = 500;

(h) Component =30, N = 1000; and (i) Component = 30, N = 10000.

The addition of variables with nonlinear relationships to the dataset further strengthens AE's consistent
performance. AE can capture nonlinear data patterns, as reflected in significantly lower, more stable MSE
values compared to PCA. Furthermore, as the number of variables increases, the MSE values for AE continue
to decrease, whereas in PCA, increasing the number of nonlinear variables leads to greater inconsistencies.
As in the previous results, AE successfully captures the presence of nonlinear variable groups in the data.
The stabilization of the MSE values for AE occurs at the seventh dimension, while for PCA, it stabilizes at
the twelfth dimension. At this point, the MSE values of the two methods become comparable. The level of
MSE stability for the two methods is presented in below.

Table 5. Comparison of Average MSE And Average Standard Deviation of MSE For Nonlinear Relationship Data
(Sinus, Cosine, Tangent, Exponential, Logarithm, Square Root, Arcsin, And Arccos)

Method Sample Component 10 Component 20 Component 30
Average Std. Deviation Average Std. Deviation Average Std. Deviation
PCA 500 0.0108 0.0152 0.0056 0.0119 0.0038 0.0101
1000 0.0104 0.0148 0.0054 0.0116 0.0036 0.0098
10000 0.0100 0.0143 0.00509 0.0112 0.0034 0.0094
AE 500 0.0013 0.0010 0.0008 0.0007 0.0007 0.0006
1000 0.0007 0.0006 0.0005 0.0006 0.0004 0.0005
10000 0.0001 0.0002 0.0001 0.0002 0.0001 0.0001
Overall, the results in demonstrate that the AE method consistently produces a lower average

MSE and a lower average standard deviation of MSE than PCA. The inclusion of four additional nonlinear
transformation functions: logarithm, square root, arsinh, and arcosh, does not degrade AE’s performance. On
the contrary, AE has been shown to be effective at capturing complex nonlinear patterns. Furthermore,
increasing the number of components and sample sizes tends to reduce MSE values in both methods;
however, the reduction is significantly more pronounced in the AE method. Beyond testing on variables with
nonlinear relationships, AE was also evaluated on datasets with missing values across variables, further
validating its robustness under real-world data conditions.

The performance differences between the two methods become more pronounced when applied to data
with nonlinear relationships. Under such conditions, PCA has limitations in capturing data patterns
characterized by nonlinear relationships, as it only performs linear transformations. In contrast, AE, designed
with nonlinear activation functions, is more flexible and can effectively represent complex data structures.
Across varying numbers of observations and components, the MSE values for AE tend to be lower and more
stable than those of PCA. When data are grouped by the number of functions, such as sine, tangent, cosine,
exponential, logarithm, square root, arccos, and arcsin. AE successfully captures these patterns, as evidenced
by stable MSE values after surpassing dimensions corresponding to the number of specified functions. AE’s
ability to handle data structures with nonlinear relationships is consistent with previous findings, though the
training process of AE requires careful parameter tuning to avoid overfitting or underfitting ,
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3.3 Data Noise (Missing Value and Outlier)

The introduction of noise into the data does not negatively affect the AE's performance in
dimensionality reduction. The AE demonstrates greater stability than PCA, even under varying levels of

noise, as shown in Fig. 5.
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Figure 5. Comparison of PCA and AE on nonlinear data containing missing values for various numbers of missing:
(a) Missing=5%, N = 1000; (b) Missing=10%, N = 1000; (c) Missing=15%, N = 1000; (d) R? AE and PCA with
Missing=5%, N = 1000; (¢) R2AE and PCA with Missing=10%, N = 1000; (f) R?> AE and PCA with Missing = 15%,

N=1000

Based on the visualization in Fig. 5, the AE method consistently outperforms PCA on datasets with
missing values. The variations in the proportion of missing values do not affect AE's ability to produce low
MSE values and consistently high R? values. In the first dimension, AE captures over 60% of the data's
variance, while PCA captures approximately 20%. However, as the number of dimensions increases, PCA
shows a significant improvement in its ability to capture data variance. In contrast, AE maintains a stable
performance within the range of 55% to 70%, demonstrating its effectiveness, particularly with data that
exhibit nonlinear patterns and missing values. Both methods show a decline in R? at the first dimension when
the proportion of missing values per variable reaches 15%, though the decline is not substantial. We will

apply both methods to data that contains outliers in each variable.
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Figure 6. Comparison of PCA and AE on nonlinear data containing outlier values for various numbers of outliers:
(a) Outlier=5%, N = 1000; (b) Outlier =10%, N = 1000; (c) Outlier =15%, N = 1000; (d) R?> AE and PCA with Outlier
=5%, N =1000; (e) RZAE and PCA with Outlier =10%, N = 1000; (f) R?> AE and PCA with Outlier =15%, N = 1000

The results demonstrate that the AE consistently achieves lower MSE values than PCA, indicating its
superior ability to reconstruct data despite the presence of outliers. PCA’s linear framework and sensitivity
to extreme deviations limit its effectiveness in handling outliers. AE’s robustness is further supported by
higher R? values relative to PCA, where R? quantifies the closeness of the reconstructed data to the original,
with higher values reflecting better performance. This evidence confirms AE’s resilience against outliers.
Beyond the 25th principal component, the performance gap between AE and PCA narrows, suggesting both
methods become comparably effective in representing the data. The average MSE and standard deviation of
MSE on noisy datasets further elucidate the comparative performance.

Table 6. Comparison of Average MSE And Average Standard Deviation of MSE For Nonlinear Relationship Data
with Addition of Missing Values and Outliers

Missing 5% Missing 10% Missing 15%
Method Sample Outlier 5% Qutlier 10% Qutlier 15%
Average S.t d'. Average S.t d'. Average S.t d'.
Deviation Deviation Deviation
PCA 1000 0.0060 0.0110 0.0076 0.0109 0.0088 0.0109
0.0109 0.0067 0.0202 0.0124 0.0284 0.0174
AE 1000 0.0033 0.0015 0.0051 0.0026 0.0066 0.0036
0.0069 0.0059 0.0150 0.0112 0.0237 0.0157

Despite the addition of noise such as missing values and outliers at various levels (5%, 10%, and 15%),
the AE method continues to demonstrate more consistent performance, evidenced by lower average MSE and
average standard deviation of MSE compared to PCA. This evidence confirms that AE is more reliable in
accurately reconstructing complex data than PCA. When data are subjected to disturbances such as outliers
and missing values, AE exhibits superior stability. These findings reinforce the literature indicating AE’s
robustness in recognizing hidden patterns even when portions of the data are missing [44], [43]. AE
consistently demonstrates lower MSE and higher R? values, whereas PCA is more vulnerable to data
containing outliers or missing values. Subsequently, both methods were tested on empirical data with varying
measurement scales, including nominal, interval, and ratio.

3.4 Empirical Approach

Further testing was carried out to assess the performance of both methods in representing complex
empirical data across different measurement scales. Fig. 7 depicts the behavior of AE and PCA based on the
values of Mean Squared Error (MSE) and R?.
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Figure 7. Comparison of PCA with AE on Empirical Data: (a) Component 25, N=1199; (b) R>?AE

Scale variation in the data does not significantly impact the performance degradation of the AE
compared to PCA. This advantage is evidenced by AE’s lower MSE and higher R? values, as depicted in
. The average and standard deviation of MSE for AE are 0.2412 and 0.1564, respectively, compared to
0.2553 and 0.2333 for PCA. These results substantiate AE’s superior ability to capture latent representations
of nonlinear data, particularly in complex datasets with significant scale variability. Although the average
MSE values are comparable across methods, AE shows lower variability, as reflected in its lower standard
deviation. AE’s adaptability to diverse input types and measurement scales constitutes a primary advantage.
In contrast, PCA’s strengths include simplicity, computational efficiency, and effective handling of linear
numerical data with well-defined structures. PCA remains pertinent for practical applications necessitating
rapid interpretation and lightweight dimensionality reduction. Nonetheless, PCA’s dependence on linearity
assumptions and ideal data distributions limits its effectiveness when confronted with complex, noisy, or
nonlinear data. While AE offers higher accuracy and greater flexibility, it requires more computational
resources, and its encoded representations are more difficult to interpret directly. Therefore, the choice of
method should be aligned with the data context and analytical needs: AE is preferable for in-depth exploration
of complex data, whereas PCA is suitable for rapid modeling and clear interpretation of linear and well-
structured data.

AE’s ability to adapt to variations in scale and input types makes it a flexible tool for latent data
representation. Although PCA remains advantageous for computational efficiency and ease of interpretation,
it relies heavily on assumptions of ideal data distribution and linear relationships among variables. Therefore,
method selection should be aligned with the data characteristics and analytical objectives. AE's superior
performance when handling complex data with nonlinear inter-variable relationships compensates for its
longer computational time

4. CONCLUSION

The AE method is a dimensionality reduction technique that can serve as an alternative to PCA. AE
can provide results comparable to PCA in data with linear relationships between variables. However, when
the data exhibit strong linear relationships, PCA is still recommended due to its computational efficiency over
AE. Nevertheless, PCA has limitations in capturing nonlinear data patterns. In this study, the observed data
exhibited nonlinear relationships, rendering PCA less effective at preserving the underlying structure. This
limitation becomes a challenge in analyzing complex data that does not meet the linearity assumption. Based
on simulation studies and empirical research, AE has shown better performance than PCA in detecting
nonlinear patterns. This advantage is evidenced by the lower MSE, indicating higher data reconstruction
accuracy in the AE model. In this study, computational efficiency refers to the execution time required in the
dimensionality reduction process, while accuracy is evaluated using the Mean Squared Error (MSE) obtained
during reconstruction.

The main advantage of AE lies in its ability to map data into a latent space while preserving important
nonlinear information. However, this method also presents several challenges, including higher
computational requirements and dependence on training parameters, such as the number of epochs and the
number of hidden layers. The determination of these parameters significantly affects the model's
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performance: too few epochs can cause the model to fail to learn data patterns optimally, while too many
epochs risk overfitting. Therefore, a trial-and-error approach is often necessary to achieve the optimal
configuration. Furthermore, studies have demonstrated the robustness of AE in handling missing values,
outliers, and varying measurement scales. The flexibility and stability of AE in handling diverse data
conditions demonstrate its outstanding potential as an adaptive and reliable dimensionality reduction method
across modern data analysis scenarios.
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