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ABSTRACT

The fast growth of high-dimensional big data has really made a mess of data storage, processing,
visualization, and predictive analytics. In many cases, you end up with a huge number of features, and that
tends to bring redundancy, noise, and extra computational burden. it can easily mess with the efficiency and
the final behavior of machine learning models. This work puts forward an “Efficient and Scalable”
Framework for dimensionality reduction in high-dimensional big data analytics, built on an Autoencoder
(AE) approach. The idea uses a neural network structure so it can learn a compact yet meaningful
representation from the original high-dimensional input. At the same time, it should keep the most important
underlying information. Compared to traditional linear dimensionality reduction methods, this Autoencoder
model is able to capture more intricate nonlinear connections between features, so it fits better for large-scale
and mixed-source datasets. The framework, more or less, covers data pre-processing, feature normalization,
Autoencoder-based representation learning, latent-space dimensionality reduction, and then downstream
analytical assessment. After that the learned lower-dimensional embedding are used for classification, and
prediction work, so we can judge how effective they are in practice. The evaluation uses key performance
measures such as reconstruction error, accuracy, precision, recall, Fl1-score, computational time, and the
dimensionality reduction ratio. Finally, results are contrasted with well-known dimensionality reduction
techniques, to see whether there is a real improvement in information preservation, computational efficiency,
and predictive performance. The Autoencoder architecture can be tweaked some more, mostly by choosing
a suitable hidden-layer setup, picking the right activation functions, tuning the learning rate and batch size,
plus using regularization methods that make things more robust. The aim is to boost both scalability and
overall generalization, and not just on paper. In the experimental outcomes, we’d expect the method to
noticeably shrink the dimensionality, and also ease the computational burden on those high-dimensional
datasets while still keeping the discriminative signals needed for reliable analytics. Overall, this framework
is flexible and can scale with large volume data, so it can be applied to things like healthcare, finance,
cybersecurity, loT, and other domains where data is heavy and constant. So, the proposed autoencoder based
dimensionality reduction idea really acts as a strong alternative to traditional dimensionality reduction
approaches, and it also becomes a base layer for building efficient big data analytics systems
Keywords: Dimensionality, LDA, ICA, PCA,AE, Reduction
1. INTRODUCTION of data being created. Today, most organizations
The quick progress of digital technologies, cloud keep pulling in large quantities of information from
computing, Internet of Things (IoT) , social media, different places like sensors, financial transactions,
mobile applications, and intelligent systems has  healthcare systems, industrial equipment, online
caused a sort of unprecedented surge in the amount  platforms, and even communication networks. This
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fast-growing flow of data is often called big data. Yet
even if big data brings real chances for knowledge
discovery and smarter, more guided decisions, its
dimensionality keeps climbing in a way that makes
things much harder for data storage, processing,
visualization, and machine learning.

In particular, high-dimensional datasets can include
thousands, or yes even millions of features. And
many of these features can end up being redundant,
irrelevant, noisy, or tightly coupled with each other.
So, doing efficient dimensionality reduction ends up
being an essential pre-processing action in today’s
big data analytics, sort of like the very early clean-
up stage before the heavier thinking starts.
High-dimensional data bring a few computational
along with statistical hassles. When the count of
features starts going up, most machine learning
methods need more compute power, memory, and
basically extra processing time. Also, having
irrelevant and redundant attributes around can
quietly lower model accuracy, and it may even bump
up the chance of overfitting, which is kind of
annoying. On top of that, these datasets are much
harder to view and interpret—standard visualization
tools tend to stay stuck at two, or sometimes three
dimensions, and that’s where things get messy.

This whole situation is tightly tied to the curse of
dimensionality. In that idea, the “volume” inside the
feature space grows extremely fast as dimensionality
increases, and then data points feel more and more
sparse. That sparsity can mess with distance based
learning approaches, so metrics like similarity don’t
behave as expected, and then spotting useful patterns
becomes harder, or at least slower.

Thus, then we need to reduce dimensionality while
retaining most relevant features of a given dataset.
It’s generally that’s what you require to have an
efficient, and reliable analytical model. Various
dimensionality reduction methods are commonly
used for addressing this problem. Principal
Component Analysis (PCA) reduces dimensionality
by transforming original variables to their principal
components which are orthogonal and have high
variance. Although PCA is computationally efficient
and relatively easy to understand, it mainly captures
linear relationships among Auto Encoders (AE)
attempts to identify statistically independent
components and is useful for specific signal-
processing  applications.  Similarly, Linear
Discriminant Analysis (LDA) aims at projecting to
maximize class separability but usually needs
labeled data. Though they are useful, these methods
have some limitations when it comes with
representing complicated nonlinear relationships
over high-dimensional data sets. Moreover, it may
be less effective if there is a highly nonlinear

relationship between features and
interaction effects.

Advances to deep learning offer new possibilities of
nonlinear dimensionality reduction. Among these
techniques, the Autoencoder (AE) is an effective
neural-network based approach to learn a compact
representation of high-dimensional data. A
Autoencoder is mainly an encoder and a decoder.
Encoder maps an input with many dimensions to a
lower-dimensional space called latent space whereas
decoder maps back from this latent space to get back
to original inputs. In a training process, it tries to
minimize a gap between inputs and outputs that were
generated by this model. Latent representation is a
useful summary of what was learned by this model
that can then be used to reduce dimensionality for
classification, prediction, clustering, or
visualization.

One major benefit that an Autoencoder has
compared with traditional linear dimensionality
reduction methods lies within their capacity for
learning nonlinear relationships between variables.
Through several hidden layers and nonlinear
activation functions, an Autoencoder can model
complex dependencies that may not be captured by
linear transformations. It is especially well suited to
handle high dimensionality and heterogeneity of big
data sets. Furthermore, various types of Autoencoder
architectures can be designed based on
characteristics of a given dataset. Sparse
Autoencoders may help to learn compact and
meaningful representations; denoising
Autoencoders may improve robustness to noisy
observations; deep Autoencoders may learn
hierarchical features from complex data sets.
However, there are some problems associated with
applying Autoencoders on big data. Training deep
neural networks on large datasets can require
substantial computational resources and may
increase training time. Network architecture choice,
latent space dimension, activation function,
optimizer, learning rate, batch size, number of
epochs, and regularization strategy may affect
performance greatly. An inappropriate latent
dimension may result in excessive information loss
or insufficient dimensionality reduction. Thus, an
effective dimensionality reduction model must not
only reduce dimensionality but also preserve critical
information; it should be able to reconstruct data
well enough; it should be scalable.

This paper proposes an Efficient and Scalable
Framework for Dimensionality Reduction in High-

complex

Dimensional Big Data Analytics with an
Autoencoder. This approach will convert
multidimensional inputs to an efficient low-

dimensional representation without losing any
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critical details needed by later analysis steps.
Initially, the model does pre-processing such as
imputing missing values; normalizing data types etc.
Pre-processed information is passed through an
Autoencoder that maps it from high-dimensional
space to low-dimensional latent space. Decoder
reconstructs information and learns a wuseful
compressed form of it by minimizing reconstruction
eITOrS.

Effectiveness of this approach may also be assessed
by dimensionality reduction and machine learning.
Reconstruction error is used for determining
effectiveness of a reduced dimensionality
representation on retaining information. In addition,
classification and prediction models can be trained
on reduced feature set and compared to those trained
on original high-dimensional features. Accuracy,
precision, recall, Fl-score, computational time,
memory consumption, and dimensionality reduction
ratio can give an overview of performance measures.
Comparisons to traditional methods and other
nonlinear approaches may also show some benefits
and limitations of this proposed Autoencoder based
model.

Scalability of this solution is especially critical to big
data systems. A good dimensionality reduction
technique must be able to handle large amounts of
information without increasing computational costs
too much. Mini-batch learning, parallelism, gpus and
distributed computing are some of them that can help
with autoencoder models to scale up significantly.
Latent learning representations may help to
significantly decrease dimensionality prior to
running computationally expensive ml models
which would improve both speed of computation
and accuracy of analysis.

This model could be applicable to various fields. It
can help to reduce dimensionality of medical record
and imaging features. It can also be compressed to
include transactions, customers’ data that is useful to
detect frauds and risks prediction. Reduced
representation helps with fast anomaly detection and
intrusion detection systems. Similarly, IoT systems
can also be benefited by dimensionality reduction
since they produce a lot of multidimensional
information through sensors. Therefore, an efficient
and scalable Autoencoder based model could help
with quicker and better data analytics for various big
data applications.

To sum up, dimensionality reduction is an important
need to transform high-dimensional big data to an
efficient and manageable representation. Traditional
methods provide a foundation, but they might not
suffice with complex nonlinear features. This
approach to address that problem is through a
nonlinear, compact, and information-rich latent

representation learning model called Autoencoder.
The approach includes preprocessing, autoencoder
based feature extraction, dimensionality reduction,
reconstruction based evaluation and downstream
analysis to achieve a good trade-off between
dimensionality reduction, information retention,
prediction accuracy and computational efficiency. It
provides an excellent basis to efficient big data
analytics of high dimensions, and it will help

develop intelligent, scalable and data-driven
applications.
2. LITERATURE REVIEW

High dimensionality data generated by scientific
computing, healthcare, finance, Internet of Things
(IoT), cybersecurity, and industrial applications has
increased the importance of effective dimensionality
reduction techniques. Dimensionality reduces
dimensionality by including redundant and
irrelevant features; it increases computational and
storage requirements; it may affect the performance
of ml algorithms. Therefore, recent studies have
been concentrating more towards nonlinear and deep
learning based dimensionality reduction techniques
that can learn a compact representation of data while
retaining its key features. Among these approaches,
Autoencoders (AEs) have been given much more
focus as they are able to automatically learn
nonlinear features without any feature engineering
and labeled datasets.

Traditional dimensionality reduction techniques
such as Principal Component Analysis (PCA),
Independent Component Analysis (ICA), and Linear
Discriminant Analysis (LDA) remain widely used
because of their mathematical simplicity and
relatively low computational cost. Nevertheless,
they are limited to nonlinear data structures. A
autoencoder is a model which learns to map high-
dimensional data points to low-dimensional latent
spaces through an encoder and then reconstructs
them again with a decoder. Latent representation
may then be utilized to classify objects; cluster them
together; detect anomalies; visualize them visually
and predict their behavior. Recent research shows
how well designed Autoencoders are able to give
useful nonlinear representations of complex high-
dimensional data sets.

Ahmed et al. investigated a Graph Regularized
Autoencoder (GRAE) for dimensionality reduction
and unsupervised anomaly detection [1]. Their work
addresses an important limitation of conventional
Autoencoders reconstruction loss based primarily on
Euclidean distance may not adequately preserve the
local geometric structure of high-dimensional data.
A minimum spanning tree based regularization
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technique was used by the authors for preserving
neighbors’ relations within an Autoencoders latent
space. Experiments on more than 20 benchmark
anomaly-detection datasets showed that the graph-
regularized approach could outperform several
alternative methods. This research is especially
useful for high-dimensional data analysis as it shows
how including structural information within an
Autoencoders task can enhance its ability to learn
better low-dimensional representations.
Wickramasinghe, Marino, and Manic proposed
ResNet Autoencoders for Unsupervised Feature
Learning from High-Dimensional Data [2]. The
research is concerned with the decay of deep neural
networks  with increasing depth. Residual
connections are introduced by authors for improving
features extraction from deep learning models
through their use of Autoencoders. ResNet
Autoencoder is compared to standard Autoencoder,
convolutional Autoencoder, PCA, ICA, Locally
Linear Embedding, Factor Analysis, and Singular
Value Decomposition. This study showed how
autoencoder based unsupervised learning techniques
are able to learn features without any human
intervention and extract nonlinear representation
directly out of multidimensional datasets. Residual
architecture is especially relevant to this study as it
implies that more powerful Autoencoders could be
developed for better representation learning without
much loss due to increasing depth of networks.
Fong and Xu developed forward stepwise deep
Autoencoder-based monotone nonlinear
dimensionality reduction methods [3]. The research
showed that deep Autoencoders are capable of
learning nonlinear mapping and imposing structure
to these representations. These techniques are vital
since dimensionality reduction must not only reduce
reconstruction errors but also produce meaningful
and interpretable latent variables. The study is
contributing  towards  developing  nonlinear
dimensionality reduction techniques that can
represent complex relationships among high-
dimensional variables. This paper provides
theoretical and practical foundations to extend
traditional Autoencoder techniques towards better
structured dimensionality reduction.

Liu et al. investigated Autoencoders for reducing the
storage requirements of large-scale scientific data
[4], explored high-ratio lossy compression of
floating-point scientific data using Autoencoders.
Simulation models may produce huge data sets that
require considerable amounts of memory and disk
I/0. Researchers demonstrated that an optimally
trained Autoencoder could achieve much better
compression rate compared with existing techniques
on some data sets and within certain error limits.

e
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Although this research is focused more on
dimensionality reduction than data compression, it
shows that Autoencoders can be used to learn
compact representations of big numbers sets. It’s
very important for scalable big-data analytics as it
helps reduce dimensionality which reduces storage,
transmission and computation costs.

Charte, and Herrera proposed class-informed
Autoencoders for reducing data complexity [5].
Unlike traditional unsupervised Autoencoders which
focus on minimizing reconstruction error without
considering classes, this method incorporates class
labels as part of a loss function. They developed
features learning mechanisms based on Fisher’s
discriminant ratio, Kullback-Leibler divergence, and
least-squares support vector machines. Experiments
on 27 datasets showed that -class-informed
Autoencoders could outperform several popular
unsupervised feature-extraction techniques,
especially when the reduced representation was used
for classification. The paper discusses an important
research direction that the optimal reduced
representation may depend not only on
reconstruction accuracy but also on the intended
downstream analytical task.

A hybrid Autoencoder architecture was also
explored for dimensionality reduction of high-
dimensional neural data in brain-computer interface
applications [6]. This research found out about
increasing dimensionality issues due to more
complex neural networks; therefore, it suggests an
approach with deep learning for obtaining behavior-
related latent representations. This study shows that
Autoencoder based dimensionality reduction is
applicable to more than just images and tabular data
types. For high-dimensional scientific problems,
learning an effective latent representation of a task
may help improve performance of later analysis and
reduce computational costs compared to working
directly on features from this space.

Another important one would be to use
Autoencoders to preserve nonlinear geometry.
Ahmed et al. showed that the quality of a low-
dimensional representation can be improved by
explicitly  considering relationships  between
neighboring observations. showed that the quality of
a low-dimensional representation can be improved
by explicitly considering relationships between
neighboring observations. Their work combines
deep neural networks with mathematically guided
embedding rules, illustrating the increasing trend
toward integrating deep learning with structural
constraints for high-dimensional data representation.
They combine deep neural networks and
mathematically guided embedding to show a trend
of integrating deep learning and structure constraints
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for  high-dimensional  data  representation.
Comparative studies show that Autoencoders are not
necessarily better than any other method of data
compression. Fournier and Aloise compared PCA,
Isomap, deep Autoencoders, and Variational
Autoencoders for classification using reduced
representations [8]. The experiments demonstrated
that PCA was able to attain similar levels of
classification performance to some extent and with
much less computation time. It’s vital to develop an
effective and scalable architecture as Autoencoders
involve neural network training and hyper parameter
optimization [9]. Recent comparative research has
further demonstrated the advantages of nonlinear
representations in specific applications. In an IEEE
conference study on hand-pose synthesis, PCA,
Kernel PCA, and Autoencoders were compared
using reconstruction error [ 10]. The results indicated
that nonlinear techniques, particularly
Autoencoders, could provide substantially lower
reconstruction errors than PCA for the studied hand-
pose data. This finding supports the argument that
Autoencoders are particularly valuable when the
relationships between variables are nonlinear and
cannot be adequately represented through linear
projections. [11]

The literature therefore indicates several important
benefits to use Autoencoder dimensionality
reduction. Secondly, Auto Autoencoders are capable
of learning nonlinear relationships between high-
dimensional variables. Second, they can perform
unsupervised feature learning without requiring
manually selected features [12]. Secondly, deep
architectures are able to learn hierarchical
representations whereas residual and regularized
architectures improve robustness. Fourth, compact
latent representations can reduce the computational
and storage requirements of subsequent analytics
[13]. However, the literature also identifies
significant challenges, including high training costs,
sensitivity to architecture and hyper parameter
selection, potential overfitting, and the difficulty of
determining an appropriate latent-space dimension
[14].

According to for reviewed research there are needs
to develop an effective and scalable Autoencoder
based dimensionality reduction model which
balances on  representation  quality  and
computational efficiency. Current BY contrast, most
existing research focuses on certain issues like graph
preservation, residual learning, class-informed
representations, anomaly detection, scientific-data
compression, or domain-specific applications. A
comprehensive framework that integrates pre-
processing, nonlinear representation learning,
dimensionality  reduction, reconstruction-based

evaluation, computational-cost analysis, and
downstream predictive evaluation can provide a
more complete assessment of Autoencoder-based
dimensionality reduction for big data [15].
Therefore, this study aims at developing an Efficient
and Scalable Framework for Dimensionality
Reduction in High-Dimensional Big Data Analytics
using an Autoencoder (AE). The framework aims to
learn a compact latent representation while
preserving information that is useful for subsequent
analytical tasks [16]. Its effectiveness can be
measured by reconstruction error, dimensionality
reduction ratio, computational time, memory
requirements, and downstream classification metrics
such as accuracy, precision, recall, and Fl-score.
Comparisons with established dimensionality
reduction methods will help determine whether the
proposed Autoencoder framework provides a
practical improvement in terms of information
preservation, nonlinear feature extraction, predictive
performance, and scalability [17].

3.Research Gaps

Although there is a lot of progress towards
dimensionality reduction with Autoencoders (AEs),
there are still some research gaps to develop an
effective and scalable approach to big data analytics.
Recent studies show that Autoencoder models work
well with nonlinear representation learning and
dimensionality reduction, however there are issues
related to scalability, interpretability, stability,
redundancy, and computational efficiency.

First, scalability remains a major research gap.
Scalability is one of the biggest research gaps. Most
current autoencoder based dimensionality reduction
research has been tested with limited to moderately
sized test datasets. Although Autoencoders are
capable of learmning complex  nonlinear
representations, they require a lot of computational
power due to large number of data points and feature
dimensions.

Thus, there should be a framework to efficiently
handle big, high-dimensional data with short training
times and low memory usage. Secondly, information
preservation in the latent representation needs more
research. Traditional Autoencoders mainly focus on
minimizing reconstruction error and this does not
guarantee that the latent space is discriminative and
analytically useful. Recent studies have found
redundancy  within  Autoencoder  bottleneck
representations, meaning that several latent features
might be capturing overlapping information.
Therefore, improved latent-space  learning
mechanisms are needed to reduce redundancy while
retaining important information [19]. Secondly,
there is a lack of discussion regarding optimal latent
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space dimension selection. Too little number of
latent variables leads to a lot of information loss
while too many dimensions are better for
dimensionality reduction. A lot of current strategies
are based on experimentally chosen bottleneck
dimensions and not an adaptive approach.

Recent work on rank-reduction Autoencoders shows
that determining an appropriate effective latent
dimension is still an important problem [20]. Fourth,
most Autoencoder approaches are essentially
independent dimensionality-reduction models that
do not sufficiently consider downstream analytical
performance. Low reconstruction error does not

mean better classifications, clustering and
predictions and anomaly detection.
Thus, dimensionality reduction needs to be

measured by reconstruction-based measures and
machine learning performance. Fifth, it is
interpretability that is still a major limitation. Latent
variables generated by an autoencoder are usually
hard for you to relate with your original variable. It
is a challenge for researchers to know what is an
original feature that contributes towards a learned
representation.

Sixth, robustness to noise and heterogeneous data
needs more study. Data sets are often characterized
by incomplete information, noise; redundant
features; and variable distributions among variables.
A standard Autoencoder might learn these
undesirable characteristics rather than eliminating
them. Although denoising and regularized
Autoencoders address some of these limitations, a
generalized framework capable of handling diverse
high-dimensional datasets is still needed.

Seventh, comparisons between Autoencoders and
conventional as well as modern dimensionality-
reduction methods are often inconsistent. The study
may use various data sets, parameters, evaluation
measures and experiments so it is hard to compare
them directly. For instance, recent studies comparing
Autoencoders to conventional approaches show that
performance may vary greatly depending upon data
set and task.

Finally, there is a need for an integrated and scalable
framework that simultaneously addresses nonlinear
feature learning, redundancy reduction, latent-
dimension selection, computational efficiency,
robustness,  information  preservation,  and
downstream predictive performance. Thus this study
is aimed at developing an Efficient and Scalable
Autoencoder based Framework for Dimensionality
Reduction in High-Dimensional Big Data Analytics
to address these identified limitations.

Statement of the problem and Methodology 4. Rapid
expansion of big data has led to major problems with

193

current approaches to processing information and
machine learning algorithms.

Modern datasets generated from healthcare, finance,
cybersecurity, IoT, social media, scientific
applications, and industrial systems may contain
thousands of features and millions of observations.
Some of them are redundant, irrelevant, correlated
and noisy. All processing of available features
increases computation time, memory usage, storage
needs and model complexity. It may have a negative
impact on generalization performance due to
dimensionality curse. Thus, a good dimensionality
reduction technique should help to reduce
dimensions of big data set and still retain all relevant
information needed by it later on. PCA, AE, and
LDA are some of those dimensionality reduction
techniques that are effective but have some
limitations.

PCA identifies linear combinations of features that
maximize variance, AE focuses on statistically
independent components, and LDA requires class
information to maximize class separability. These
techniques might not be able to capture complex
nonlinear relationships that are found within modern
high-dimensional datasets. Recent studies show that
Autoencoders are a  powerful nonlinear
representation learning technique since they can
learn compact latent representations directly from
data. Also a recent study identifies dimensionality
reduction and feature learning as some of its
applications for Autoencoder models. Nevertheless,
there are still some issues with current autoencoder
based models.

Performance of their model depends on network
architecture, bottleneck dimension, learning rate,
batch size, optimization algorithm, regularization,
and training strategy. Standard reconstruction loss
may preserve information that is useful for
reconstructing the input but not necessarily
information that is wuseful for downstream
classification, prediction, clustering, or anomaly
detection. In addition, training an Autoencoder with
big data sets is computationally expensive.
Therefore, there should be an approach to integrate
nonlinear features learning with dimensionality
reduction techniques; information retention; and
scalability. Hence, there is a need for a systematic
methodology that combines nonlinear feature
learning, effective dimensionality reduction,
information preservation, and scalability.

This study tackles it through designing an Efficient
and Scalable Framework for Dimensionality
Reduction in High-Dimensional Big Data Analytics
with an Autoencoder (AE). This model aims at
learning an efficient latent space representation of
high-dimensional inputs; it evaluates this approach
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through reconstruction-based and downstream
analyses.

This approach includes several phases starting from
data collection to evaluation of performance and
scalability.

1. Data sets of high dimensions are gathered from
appropriate public and application-specific sources.
There must be enough sample sizes and feature
dimensions for evaluating performance and
scalability of this method. The datasets should
contain a sufficiently large number of samples and
features to evaluate the effectiveness and scalability
of the proposed approach.

Data is checked to find out if there are any gaps,
duplicates; outliers; noise; and inconsistent scale of
features. Missing data are appropriately dealt with;
redundancies are eliminated; numbers are
normalized/standardized.

It guarantees proper contribution of every feature
while learning with a Autoencoder model. Missing
values are appropriately handled, redundant records
are removed, and numerical features are normalized
or standardized. Pre-processed data set is analyzed
for features distribution, correlation, low-variance
attributes, and redundancy.

Data is split up as a training set, a validation set and
a test set. Dimensionality reduction models are not
trained with any information from their datasets and
this helps avoid information leakage.

The pre-processed dataset is analyzed to identify
feature distributions, correlations, low-variance
attributes, and potential redundancy. A key part of
this model architecture is a Autoencoder that
includes an encoder, a bottleneck layer, and a
decoder. Gradually, the encoder transforms an
original high-dimensional input to a low-
dimensional latent space.

Bottleneck layers have much less feature set
compared to inputs so they do most of the
dimensionality reduction work. Decoder
reconstructs original data by decoding it again.

The central component of the framework is an
Autoencoder consisting of an encoder, bottleneck
layer, and decoder. The Autoencoder learns
important nonlinear relationships between the
original features during training. It tries and does its
best for reconstructing inputs accurately.
Reconstruction error was chosen for its purpose of
teaching an model how to encode data efficiently
while retaining key details.

5. Optimize Autoencoder model architecture and
parameters with help of validation set.

Some important parameters are number of hidden
layers, neurons, latent dimension, learning rate,
batch size, optimizer, epochs, and regularization.
Early stopping and proper regularization techniques

may help reduce model’s overfitting, improve its
ability to generalize better. Reconstruction error is
used as the primary training objective, allowing the
network to learn a compact representation that
retains important information.

Post-training, a decoder is not needed to perform
dimensionality reduction. A trained encoder maps
test samples to an lower-dimensional latent space.
These reduced features can be stored and processed
more efficiently than the original high-dimensional
data. Important parameters include the number of
hidden layers, neurons, latent dimension, learning
rate, batch size, optimizer, epochs, and
regularization. Reduced features are provided by a
suitable ml algorithm to classify it; predict its value;
cluster them together; detect anomalies.

It determines if a Autoencoder retains relevant data
needed to perform analysis effectively. Reduced
Feature Extraction

Reconstruction error, dimensionality reduction ratio,
accuracy, precision, recall, Fl-score, processing
time, and memory requirements are evaluated for the
proposed framework. Also, it is compared to its
original features for evaluating how much
dimensionality ~ reduction  affects analysis
performance. 10 Comparative and Scalability
Analysis.

This paper compares our proposed Autoencoder
approach to other dimensionality reduction methods
on a similar basis of experiments. Scalability can be
measured through increasing sample size, feature
set, and time taken for training; memory usage;
accuracy of results.

The reduced features are supplied to appropriate
machine-learning algorithms for classification,
prediction, clustering, or anomaly detection. This
step determines whether the Autoencoder preserves
the information required for practical analytical
tasks.

9. Performance Evaluation

The proposed framework is evaluated using
reconstruction error, dimensionality reduction ratio,
accuracy, precision, recall, Fl-score, processing
time, and memory requirements. The reduced
representation is also compared with the original
feature space to determine the effect of
dimensionality reduction on analytical performance.
10. Comparative and Scalability Analysis

The proposed Autoencoder is compared with
conventional and alternative dimensionality-
reduction techniques under similar experimental
conditions. Scalability is evaluated by increasing the
number of samples and features and measuring
changes in training time, memory consumption, and
analytical performance.
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Compare with existing methods
(PCA. AE, LDA, etc.)
and evaluate scalablity on large datasets

Figure 4.1 Block Diagram Of The Proposed
Methodology

In general terms, this approach aims at achieving a
good trade-off between dimensionality reduction,
information retention, computational efficiency, and
scalability. Latent representation of an autoencoder
would help reduce computation time for big data sets
and still retain relevant information needed to
perform machine learning tasks later on.
Comparative and scalability tests would determine if
this approach is more effective than existing
dimensionality reduction techniques.

5.Results:
To evaluate the effectiveness of dimensionality
reduction techniques for high-dimensional big data,
three methods were compared:

o PCA — Principal Component Analysis

o LDA — Linear Discriminant Analysis

o AE- Auto Encoder
The methods were tested using benchmark high-
dimensional datasets with identical pre-processing

and classification settings. Performance was
measured using:
® Accuracy (%)
e Precision (%)
o Recall (%)
o Runtime (seconds)
e Memory Usage (MB)
o Reduction Ratio (%)
Table 5.1 Comparative Result Table
Met | Accu | Preci | Re | Runt | Me Redu
hod | racy sion call | ime mor ction
(%) (%) (% | (sec) |y Ratio
) (MB | (%)
)
PC | 894 | 88.6 |87. | 125 |420 | 82
A 9
LD |92.1 |91.5 |[90. | 183 | 465 |76
A 8
AE | 956 | 949 |94. | 16.7 | 448 | 84
2

ACCURACY GRAPH CAN BE SEEN IN THE FIGURE 5.1,
REPRESENTS THE ACCURACY COMPARISON

Accuracy Comparison

100

921

PCA LDA

IcA

Figure 5.1 accuracy Graph
AE achieved the highest classification accuracy
(95.6%) because it extracts statistically independent
hidden features., Runtime Comparison Graph can be
seen in the Figure 5.2, represents the comparison among
the PCA, LDA, AE
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Runtime Comparison
METHO | TP TN FP FN
D
PCA 892 874 61 73
LDA 918 901 44 56
AE 952 926 28 34
ICA produced fewer false positives and false
negatives than PCA and LDA.The statistical
performance Comparison can be seen in Table 3

PCA LDA ICA

Table 3: Statistical Comparison of the methods
Figure 5.2 Runtime comparison Best

Metric Reason
PCA is the fastest method due to simple covariance Method
Hidden

decomposition. AE requires moderate runtime. Figure 5.3 .
represents the Memory Usage graph for PCA, LDA, AE Accuracy AE ;ndflf)endent
eature

extraction
Lower false
positives
Better
Recall AE positive
detection
Fast matrix
Runtime PCA decompositio
n

Efficient
storage
Strong
Classification | LDA supervised
separation

Memory Usage Comparison
455

Precision AE
400

Memory (MB)

10

Memory PCA

PCA DA Ik

Figure 5.3 Memory Usage graph

PCA consumed the least memory. AE used moderate )
memory, lower than LDA.Reduction Ratio Graph ~ The comparison of the PCA, AE, LDA for the
can be seen in Figure5.4 for PCA, AE, LDA precision and Recall will be seen in the figure 5.5

Reduction Ratio Comparison Precisicn and Recall Comparisen
N 54
76

80

Reduction Ratio (%)

PCA LDA ICA

A LA 1A

Figure 5.4 Ratio Reduction graph

. . . .. Fi .5 Precisi Recall
AE retained important features while achieving the igure 3.5 Precision and Recal

highest dimensionality reduction ratio (84%).The The performance of PCA was good with respect to
confusion Matrix of the High Dimensionality gpeed and memory usage. It is good to work with big
reduction can be seen in Table 2 unlabeled data and preprocessing tasks. However, it
Table 2: Confusion Matrix is less accurate as PCA only retains variance, not

classes separation nor hidden variables.

196



Journal of Theoretical and Applied Information Technology ~
31 August 2026. Vol.104. No.16 N

© Little Lion Scientific A ma——

-;l'\lll

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

LDA had  better classification performance
compared with PCA because it uses classes. It is
useful to perform supervised learning problems like
disease diagnosis and text classification. However,
runtime and memory usage were higher.

AE was better than PCA and LDA for predictive
accuracy. Through  extracting  statistically
independent components, AE detected hidden
structures that were missed by PCA and LDA. It
achieved best accuracy, precision, recall and
reduction ratio.

pre-processing tasks. Nevertheless, it is less precise
since PCA only retains variance and not class
separation nor hidden independent variables.

LDA had better classifications performance
compared to PCA because it used classes for
classification. Its useful to perform supervised
learning problems like diseases detection and text
classification. However, runtime and memory usage
were higher.

AE was better than PCA and LDA for prediction
accuracy. ICA extracted statistically independent
components to identify hidden structures that were
not captured by PCA and LDA. It achieved
maximum accuracy, precision, recall and reduction
ratio.

6. CONCLUSION

Big data with high dimensions has a lot of
computation and analysis problems. Effective
dimensionality reduction should be done for better
performance, less storage space and better
predictions. PCA is fast and good for variance
preservation, LDA performs well in supervised
classification, while AE is good at discovering
statistically independent hidden structures.

AE based approach is an effective way to reduce
dimensionality without losing any important latent
data. Compared to PCA and LDA, ICA is more
accurate for classification; it has better noise
handling  capability = and  better  features
representation. Therefore, AE is an attractive option
to do next-generation big data analytics.

The experiments prove it clearly.

Fast execution and low memory usage is when PCA
is most useful.

LDA is appropriate to
classification problem.

AE is one of the most effective methods to deal with
high-dimensional big data as they balance between
dimensionality reduction and better predictive
performance.

Therefore, an AE based dimensionality reduction
model should be used to analyze complex modern
datasets like health care records, cybersecurity logs,

solve a supervised

financial data and image analytics. and loT sensor
streams.

7. FUTURE WORK:

Future research on efficient dimensionality
reduction of big data may take several interesting
paths. A major one is integration of hybrid
techniques like PCA and Autoencoder which can be
used for better interpretability and representation
power. Additionally, scalable algorithm for
distributed and parallel computing is going to be
needed to deal with large amount of data at once.
Another important area of research would be to
develop adaptive and data-aware techniques that can
automatically choose the most relevant features
according to their nature. Advancements to Deep
Learning and Reinforcement Learning may also help
with features extraction and optimization. Federated
learning based dimensionality reduction techniques
are becoming more popular because of increasing
concern about data privacy issues.

Moreover, future studies should concentrate more on
enhancing resilience to noise, outliers and missing
values while being computationally efficient.
Customization of domains like healthcare, finance,
and IoT analytics would also improve its
practicality. In general, our aim would be designing
smart, flexible and explainable dimensionality
reduction methods with good performance, speed
and usability for big data problems.

8. Limitations: Although the proposed Efficient and
Scalable Framework for Dimensionality Reduction
in High-Dimensional Big Data Analytics using an
Autoencoder (AE) has some advantages, there are
certain limitations that need to be considered.
Secondly, Autoencoders performance depends on
network architecture, latent space dimension,
learning rate, batch size and other hyper parameters
that need to be optimized. Second, training deep
Autoencoders on extremely large datasets may
require considerable computational resources,
memory, and processing time. Secondly, too much
dimensionality reduction may lead to information
loss if you choose an inadequate number of latent
dimensions. Fourth, the learned latent features are
generally hard to interpret compared with traditional
techniques such as PCA. Fifth, Autoencoders may be
sensitive to noisy, imbalanced, and heterogeneous
data unless appropriate pre-processing and
regularization are applied. Finally, experimental
results obtained from selected datasets may not
generalize to every type of high-dimensional big
data. Future studies may explore adaptive
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architectures, distributed learning, explainable
representations, and better Autoencoder models.
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