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1 Introduction

An Enhanced Deep Learning Approach for
High-Dimensional and Complex Datasets
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Abstract Theincreasing availability of extensive datasets with many features in contemporary sce-
narios imposes serious limitations on traditional machine learning and deep learning models due to
such challenges as feature redundancy, noise sensitivity, and scalability restrictions. Therefore, this pa-
per presents a powerful deep learning approach that, through its adaptive feature learning, integrated
regularization, and efficient optimization strategies, is capable of overcoming these difficulties. The pro-
posed method performs the feature selection and focus on the most informative features automatically,
while the redundant and irrelevant ones are eliminated. As a result, the representational quality and
generalization ability can be significantly enhanced. Extensive results obtained on benchmark as well as
real-world datasets hardly any cases have been proposed to prove not only the superiority of the newly
developed method over the baseline machine learning methods and even the latest deep learning mod-
els in terms of accuracy and robustness but also its application potential in the practice. Further, the
component removal experiments provide support for the significance of the different parts of the de-
sign and the statistical significance tests justify the reliability of the performance gains observed. Also,
the suggested technique results in improved computational performance, and as a result, it could be im-
plemented in scenarios associated with a large amount of data and high-dimensional data processing.
To sum up, their results highlight that the proposed model provides an effective and scalable solution
to tackle complicated datasets.
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ever the main challenge is that they must be properly
utilized for smart modelling and extracting valuable

The rapid advancement of sensing technologies, huge
data collection systems, and digital instruments has
largely increased the volume, velocity, and diversity of
data [1]. New application areas like health care check-
ups, remote sensing, financial record keeping, social
site analysis, and loT systems usually produce high-
dimensional and intractable data with many features,
mixed forms of data and deep underlying relationships.
These data sets are large and rich in information how-

(ec) T

This work is licensed under a Creative Commons Attribution 3.0 License.

information [2]. Dimensional data poses a huge prob-
lem. Features of dimensional data are increasing at an
extremely fast rate. They even increase faster than the
number of samples we are provided with. This leads to
the data becoming scattered and that's why it becomes
very hard for computers to learn dimensional data [3].
Another challenge we face is using real-world
datasets. These datasets are typically plagued with
various issues. For example, there might be mixed
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data types of dimensional data. Some features of the
dimensional data are more significant than others. Also
in high dimension data there might be only a few classes
that have a lot more samples than the others. Noise,
missing values and redundant features still makes the
learning process much difficult. Rendering traditional
machine learning and simple deep learning models are
incapable of performing robust and scalable analysis [4].

Deep learning is excellent in extracting information
from large datasets, enabling it to even discern non-
explicit factors. Convolutional Neural Networks are
great at discovering patterns in images and signals [5].
Besides detecting visual features, they are also very
effective in auditory analysis. On the other hand, Re-
current Neural Networks excel in analyzing sequential
data. They are very popular for understanding temporal
phenomena such as time-series and text data. In fact,
deep learning as well as Convolutional Neural Networks
and Recurrent Neural Networks are very crucial in this
context. Recently, architectures based on Transformer
have become very popular because of their ability to
capture long-range dependencies by means of atten-
tion mechanisms, thereby enhancing scalability and
parallelism [6].

Recently, hybrid deep learning models comprising
more than one architecture, for instance, CNN RNN or
CNN Transformer, have been introduced for comple-
mentary feature learning capabilities. Despite all these
developments, one primary limitation is that when deep
learning models are applied directly to high-dimensional
and complex datasets, they encounter over parame-
terization problems, require excessive computational
resources, and tend to generalize poorly, especially
when the data is of low quality or quantity [7].

In order to address the issues stemming from high
dimensionality, feature selection and dimensionality
reduction techniques have been the focus of quite a
few investigations, e.g. Principal Component Analysis
(PCA), auto-encoders, and embedded feature selection
strategies that not only aim at reducing redundancy
but also keep the discriminative information preserved.
The implementation of these approaches can lead to
better learning efficiency; however, too drastic dimen-
sionality reduction may result in the loss of some key
domain-specific features [8-10].
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Unlike traditional feature selection and attention
methods, our proposal presents the idea of adaptive
feature weighting where the model itself determines a
weight vector to scale the input feature vector. There
is no requirement for expensive pairwise feature
interactions that are characteristic of self-attention
mechanisms here. Consequently, our model delivers
an efficient and easy-to-scale approach for managing
high-dimensional data without losing essential feature
information. Besides, by adapting feature weights, the
model not only gives different features different levels
of importance in a dynamic way but also becomes more
resilient when facing noisy and redundant features.

2 Literature Review

High-dimensional data analysis has been extensively
investigated in machine learning and deep learning
research due to its importance in domains such as
bioinformatics, remote sensing, financial analytics, and
Internet of Things (loT) systems. Several methodological
directions have been proposed to address challenges
such as feature redundancy, noise sensitivity, and
computational complexity.

2.1 Sparsity-Based Feature Selection

Methods
One of the earliest strategies for handling high-
dimensional datasets involves sparsity-based feature
selection techniques. These approaches attempt to
reduce dimensionality by selecting only the most infor-
mative features while eliminating redundant attributes.

Mutual information-based feature selection meth-
ods estimate the dependency between features and
target variables. Evolutionary algorithms together with
mutual information have been utilized, for example,
to find the best feature subsets that also have the
least redundancies that are the minimum number of
features containing most of the information [11]. Such
methods enhance interpretability and computational
efficiency but, at the same time, they may not be able
to uncover complex nonlinear relationships that exist in
the nowadays datasets.

Statistical techniques for reducing dimensionality,
such as Principal Component Analysis (PCA) and Linear
Discriminant Analysis (LDA), have themselves been
extensively used. These techniques change the original
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data with a high number of features into a lower number
of features while keeping as much of the data variance
or class separations as possible. Unfortunately, when
the original data still illustrates nonlinearity, the linear
projection methods have a hard time coping.

On the same theme, researchers have looked into
sparse auto-encoders, which add sparsity to neural net-
works in order to obtain compact latent representations.
While these techniques help eliminate redundancies in
the features, if one goes very far with them one risks that
the important domain-specific information that is the
basis of accurate prediction is lost due to the intensive
dimensionality reduction.

2.2 Attention-Based Learning Methods
Recent deep learning architectures are progressively us-
ing attention mechanisms to automatically find relevant
features in large input spaces. Attention models work by
giving adaptive weights to the input elements, thereby
allowing the networks to focus more on the most infor-
mative parts during training. Transformers are a good
example of this line of development. They employ self-
attention mechanisms wherein each feature can interact
with every other feature in the input sequence.

This design not only facilitates modelling of long-
range dependencies but also allows for parallel com-
putation on large datasets. Even though models based
on transformers have done very well in tasks of natural
language processing and computer vision, they would
be very computationally expensive if one were to apply
them directly on very high-dimensional tabular data.
Because the complexity of the self-attention mechanism
is quadratic, it most often leads to higher memory usage
and longer training times.

2.3 Hybrid Deep Learning Models

Several researchers proposed hybrid deep learning ar-
chitectures to combine the power of multiple architec-
tures. For example, they combined a convolutional neu-
ral network (CNN) with a recurrent neural network (RNN)
so that they could recognize time and space patterns si-
multaneously.

Hybrid models have found their use in remote sens-
ing and geospatial data analysis as well, where heteroge-
neous datasets consist of both spatial and spectral fea-
tures. These methods increase the accuracy of predic-
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tions; however, they usually necessitate precise architec-
tural configuration and availability of high computational
resources.

2.4 Challenges in Learning from

High-Dimensional Data
Despite significant progress, several challenges remain:

1. Curse of dimensionality, which leads to sparse sam-
ple distributions in large feature spaces.

2. Feature redundancy, resulting in unnecessary
model complexity.

3. Noise sensitivity, which reduces model robustness.

4. Scalability limitations, particularly for deep architec-
tures with large parameter counts.

These limitations motivate the development of an en-
hanced deep learning framework that integrates adap-
tive feature weighting, regularization, and efficient opti-
mization strategies within a unified architecture.

Regularization and adaptive learning strategies are
components in the broad exploration toward achiev-
ing robustness of the model. Just to mention a few,
dropout, weight decay, batch normalization, and adap-
tive optimization algorithms among several others
largely accepted in controlling over fitting as well as
making the training stable. An adaptive learning rate
schedule and attention feature weighting mechanism
is included so that relevant features can dynamically
be emphasized. Most of these strategies have been
applied separately and thus cannot holistically handle
the coupled problems of dimensionality, heterogeneity,
and noise. A summary of major methodologies, dataset
characteristics, and drawbacks of precedent approaches
toward high-dimensional and complex data analysis is
presented in Table 1.

Deep learning has made some progress. It still has
some problems when we use it with big and complicated
sets of data. One big issue is that the models get too
good at remembering the training data of learning
things that they can use in other situations. This is
especially true when we do not have a lot of labelled
samples to work with. The fact that deep learning
networks have many parameters makes this problem
even worse when we are dealing with high-dimensional
feature spaces. Such deep learning models contain
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Table 1. Comparative Summary of Existing Approaches for High-Dimensional Data Analysis

Ref.  Methodology Dataset Characteristics

Key Outcomes / Limitations

[12] Random Forest

[13] Kernel Machines / SVM

[14] DL for Remote Sensing

[15] Geostatistics + ML + RS

[16] ML-based analysis

[171  Physical Neural Networks

[18]  Statistical evaluation

[19] Pairwise statistical comparison
[20]  Survey analysis

High-dimensional tabular data
High-dimensional feature spaces

High-dimensional soil datasets
Agricultural datasets

Multi-algorithm studies
Algorithm performance datasets
Complex industrial datasets

Large-scale heterogeneous spatial data

Physics-driven high-dimensional systems

Robust to noise but performance degrades with high feature redundancy.
Strong theoretical guarantees; high computational cost.

Improved accuracy; sensitive to noise and resource intensive.

Improved prediction accuracy; integration complexity.

Feature interactions critical; risk of over fitting.

Effective learning but limited scalability.

Advocates beyond binary significance testing.

Reliable comparison; no scalability focus.

Highlights heterogeneity; limited DL optimization.

many parameters. That is why they are difficult to work
with high-dimensional data. Deep learning remains
unsatisfactory, in dealing with such circumstances.

Computational inefficiency and scalability is another
highly important constraint. High-level models that
are written to execute in high-performance computing
environments might not be useful in large data sizes
or other resource-constrained environments. The train-
ing of such models can require large computational
resources and extensive training periods, which restricts
their practical use.

The above disadvantages highlight the need to have
a harmonized and enhanced deep learning approach
capable of handling high-dimensionality data, non-
homogeneous data, and noise and still maintain healthy
generalization and computational performance. The
existing methods do not have a unified system, which is
able to deal with feature redundancy, adaptive learning,
and scalability simultaneously. This gap is what led
us to conduct research on the need to bridge it with
a well-thought-out deep learning model that balances
efficiency and representational strength.

Self-attention mechanisms used by existing attention-
based models, especially Transformer architectures,
work by computing pairwise relationships between
features, which in turn results in a serious increase in
computational complexity, particularly when dealing
with high-dimensional datasets. Alternatively, the ap-
proach described here avoids such overhead by directly
learning a feature importance vector, which greatly
reduces computational cost while still providing good
feature representation. This disparity indicates that the
proposed model is not only efficient, but also well-suited
for scenarios involving high-dimensional tabular data.

2.5 Major Contributions
The primary contributions of this study can be briefly
listed as:

1. An innovative adaptive feature weighting method
working effectively even on thousands of features
and without the need of complicated attention com-
putations.

2. A deep learning model that combines feature
weighting and multi-layer dense neural networks
to learn representations more effectively.

3. A method which is both computationally and mem-
ory efficient than the widely used Transformer
architectures when dealing with high-dimensional
tabular dataset.

4. A better resilience to noise and redundancy in fea-
tures using the dynamic mechanism of learning fea-
ture importance.

5. Detailed experiments validating that the proposed
model's performance is significantly better than
that of the baseline models.

This is how the rest of the paper is structured. The
problem formulation and main difficulties related to
high-dimensional and complex datasets are presented
in Section 2. The suggested improved deep learning
method is thoroughly explained in Section 3. The exper-
imental setup, datasets, and outcomes are described
in Section 4. The work is finally concluded in Section 5,
which also suggests future research areas.

3 Problem Formulation and Challenges
Let a dataset be represented as

D ={(x;, Y}, (1)
where:
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+ x; € R? denotes the input feature vector of dimen-
siond

* y; € Y represents the corresponding class label or
target value

+ Nis the number of samples

When a dataset's feature dimension is enormous
and equal to or greater than the number of samples
(d =2 N), it is said to be high-dimensional. Furthermore,
datasets that display one or more of the following traits
are deemed complex:

* Heterogeneous feature types

* Nonlinear and hierarchical feature interactions

* Presence of noise, missing values, and class imbal-
ance

Such datasets pose significant challenges to learning
algorithms due to sparse data distributions and unstable
model estimation.

3.1 Problem Statement
Given a high-dimensional and complex dataset D, the ob-
jective is to learn a predictive function

fx;0):RY -y )

parameterized by 6, such that the expected risk is
minimized:

mein Ex,)~plL(X; 0), y)] 3)

where £(-) denotes an appropriate loss function.

Achieving strong generalization while preserving com-
putational efficiency in the face of large dimensionality,
feature redundancy, and poor data is the fundamental
difficulty [21].

Data points become sparsely distributed as dimen-
sionality increases because the volume of the feature
space expands exponentially. The distance between
samples gets less informative. It might be stated as

follows:
X; — X mi
lim H i j”mln 1 4)
d—o0 [|Xj — Xj[Imax
where || - | denotes a distance metric. This phe-

nomenon degrades the discriminative power of conven-
tional learning models and leads to poor generalization.
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3.2 Feature Redundancy

High-dimensional datasets are very likely to have corre-
lated features or even features that are completely irrele-
vant to the prediction. Redundancy in features only adds
to the complexity of the model without improving the
performance and such can be measured by using corre-
lation or mutual information measures [11]:

Redundancy(Xm, Xn) = I(Xm; Xn) (5)

where [(-) is mutual information. Too much redun-
dancy results in over-parameterized models and unsta-
ble training dynamics. In numerous real-world datasets,
the distribution of classes is such that:

Ply =c1) > Py = ¢3) (6)

For minority classes ¢,, the imbalance in this case
greatly affects the learning process to be biased towards
the majority classes and the performance of the minority
classes to decrease. Moreover, noisy samples can be
defined as:

X=X+e 7)

where e is additive noise, thus resulting in distorted
feature representations and gradients that are not reli-
able during training.

3.3 Computational Constraints

In general, deep learning models for high-dimensional
data are associated with a very large number of parame-
ters [22]:

16| = O(d x h) 8)

where h is the number of hidden units. This is the
main reason for high memory consumption, longer train-
ing time, and increased energy usage. Efficient learning
with limited computational resources is still a very crit-
ical challenge, particularly when it comes to large-scale
datasets.

4 Proposed Enhanced Deep Learning
Approach

The enhanced deep learning strategy in the proposal
is intended to efficiently work with high-dimensional
and complicated datasets by merging adaptive feature
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learning, regularization, and efficient optimization into
one framework.

Assume that x € R is the input feature vector. The
model we propose converts X to a concise and discrimi-
native latent representation through a series of nonlin-
ear mappings. The total layout of the enhanced deep
learning model to be developed is shown in Fig 1. The
general framework is made up of the following four main
parts:

* Input pre-processing and normalization
+ Adaptive feature learning module

+ Deep representation learning layers

+ Output prediction layer

The proposed model is fundamentally different from
the traditional attention-based methods. Instead of
calculating attention scores for all pairs of features, the
model uses a direct weighting mechanism feature-wise,
whereby each feature gets an adaptive importance
score. This strategy cuts down on computation cost
and enhances interpretability since the weights learned
clearly show the importance of features.

Every module is jointly optimized in an end-to-end
manner to minimize the prediction loss while controlling
model complexity. Provided an input sample x, the
propagation forwarded through the network is defined
as:

h") = g WOR=D 4 pDy, 1=1,2,..., L, ©9)

where h(® = x, W) and b() are the weights and biases
of the /-th layer, and ¢(-) is a nonlinear activation function.
The output layer produces the final prediction y.

4.1 Network Architecture Specification

The architecture (Table 2) of the proposed enhanced
deep learning model consists of multiple fully con-
nected layers designed to learn hierarchical feature
representations from high-dimensional data.

The use of Rectified Linear Unit (ReLU) activation
functions enables efficient gradient propagation and
mitigates the vanishing gradient problem during train-
ing.

The Leaky RelU activation function is introduced in
deeper layers to improve gradient flow for negative input
values.
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Mathematically, the activation function is defined as:

ReLU: f(x) = max(0, x) (10)

X if x>0
Leaky ReLU: f(x) = (11)
0.01x otherwise
These nonlinear transformations allow the network
to capture complex feature interactions present in high-
dimensional datasets.

4.2 Enhanced Feature Learning

Mechanism
In order to cope with the problems of high dimension-
ality and feature heterogeneity, the authors have come
up with an adaptive feature weighting mechanism that
is capable of selectively emphasizing the most informa-
tive features. A weight of importance that is learnable is
attributed to each feature dimension:

X=X0a (12)

where a € RY stands for the adaptive feature weights
and © is the element-wise multiplication. This method
allows the system to highlight the most informative fea-
tures and, at the same time, to downplay those which are
less relevant. Feature redundancy is mitigated by enforc-
ing sparsity on the adaptive weights using an ¢4-norm
penalty:

Rspar = M|l (13)

where )\ refers to the sparsity strength. This helps
the model to automatically lower the impact of those fea-
ture dimensions which are redundant or irrelevant thus,
the model generalization and interpretability get better.
A mixture of weight decay and dropout is used to further
avoid overfitting in high-dimensional spaces. The regu-
larized objective function is given by:

L
Rreg =2y [WO|3 (14)
I=1
where ), is the regularization coefficient. Dropout is
introduced to the hidden layers during training to make
the model resistant to noisy features.
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Figure 1. Overall architecture of the proposed enhanced deep learning framework

Table 2. Network Architecture Specifications

Layer Neurons Activation Function
Input Layer d (feature dimension) —

Hidden Layer 1 256 RelLU

Hidden Layer2 128 RelLU

Hidden Layer3 64 Leaky ReLU
Output Layer C (number of classes) Softmax

4.3 Model Optimization Strategy
In the case of classification tasks, the categorical cross-
entropy loss function is employed:

N C
1 .
Les = N Z ZYI,C log(V/,c)
i=1 =1
where C is the total number of classes. Regression
tasks are associated with the use of mean squared error

loss function:

(15)

N
1 R
Lreg = 3 ;m — i) (16)
=

The overall training objective is expressed as:

Liotal = £+ Rspar + Rreg 17)

The model parameters are fine-tuned with the help
of adaptive gradient-based methods like Adam:

e (18)

Ots1 =60t —n—=
Ve te

where 7 is the learning rate, and m; and V; are the
bias-corrected first and second moment estimates.
Crucial hyperparameters such as learning rate, batch
size, regularization coefficients, and network depth
are adjusted through validation-based methods. Grid
search or Bayesian optimization is used to find the best
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configurations that provide a good trade-off between
accuracy and computational efficiency. The entire
training process of the proposed method is outlined in
Algorithm 1.

Table 3. Hyperparameter Configuration of the Proposed

Model
Parameter Value
Learning Rate (n) 0.001
Optimizer Adam
Batch Size 64
Epochs 100
L1 Regularization (A4) 0.0005
L2 Regularization (A;) 0.001
Dropout Rate 0.3
Hidden Layers 3

Activation Functions  RelLU / Leaky RelLU

Hyperparameters (Table 3) were selected using
validation-based tuning to achieve a balance between
model accuracy and computational efficiency.

4.4 Computational Complexity Analysis
Let N be the number of training examples, d the input
dimension, and h the number of hidden units. The com-
putational complexity of a forward-backward pass is:

ON-d-h) (19)

which scales linearly with the number of examples
and feature dimensions. The adaptive feature weighting
module adds very little overhead to the core network op-
erations.

5 Experimental Setup and Results
The proposed advanced deep learning method was
tested with a mix of benchmark and real-world datasets
that are highly dimensional, heterogeneous, and have
different levels of noise and class imbalance. These
datasets were chosen to ensure reproducibility and
practical relevance. This behavior is further validated
through the confusion matrix analysis presented in the
Results section.

Using deep learning frameworks like Tensor-
Flow/Keras, the proposed model has been developed
in Python. The design comprises three fully connected
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hidden layers containing 256, 128, and 64 neurons
sequentially. In hidden layers ReLU activation is used, on
the other hand, at the output layer of the classification
task a Softmax activation function is employed. The
adaptive feature weighting approach goes through the
neural network layers, where the input feature vector
x is conditioned on a learnable weight vector . The
hardware utilized for all the experiments is an Intel i7
processor, 16 GB RAM, and an NVIDIA GPU system. The
coding is done in Python 3.x, other libraries that are
used include NumPy, Pandas, and Scikit-learn for data
pre-processing as well as evaluation.

Algorithm 1. Enhanced Deep Learning Algorithm for
High-Dimensional and Complex Datasets

Require: High-dimensional dataset D = {(x,-,y,-)}ﬁ1,
learning rate 7, regularization parameters \q, Ay,
number of layers L, maximum epochs T

Ensure: Trained deep learning model f(x; )

1: Normalize input features and handle missing values

2: Split D into training, validation, and test sets

3: Initialize network weights W), biases b{) for | =
1,...L

4: Initialize adaptive feature weight vector «

5. fori=1toTdo

6:  for each mini-batch B € D do

7 Compute weighted input features: x =X «

8 Forward propagation:

o h) = g WOR(=D + Dy, =1, L
10: Compute network output y
11: Compute task-specific loss £
12: Add regularization terms:
13: Ligtal = L+ Mlexl|1 + Ap Sy [IWO2
14: Back propagate gradients of Lty
15: Update parameters using adaptive optimiza-
tion:
16: 0 — 0 —nVoLliotal
17: end for
18: Evaluate model on validation set
19: Check convergence criteria
20: end for

21: Evaluate final model on test dataset
22: return Trained model f(x; 8)

In order to intensify the experimental assessment,
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several other high-dimensional datasets have been
brought into the research. More precisely, some well-
known datasets including ISOLET and Arcene have been
added to the original MNIST, Gisette, and Madelon sets
to allow for a broader examination of the model. These
datasets differ widely not only in the number of features
but also in the number of samples and their class distri-
bution. This variety makes it possible to perform a very
thorough test of the proposed method’s stability and
ability to work well with new high-dimensional, sparse,
and noisy data cases.

The datasets dimensionality varied from a few hun-
dred to several thousand features, thus providing a
suitable environment for the robustness and scalability
tests of learning algorithms in complex data scenarios.
Before training, all datasets went through the same
pre-processing pipeline.  Continuous features were
normalized using standardization or min-max scaling,
and categorical features were encoded using suitable
encoding methods. To resolve the issue of high dimen-
sionality, initial dimensionality handling was performed
to remove redundancy, and then the proposed adaptive
feature learning mechanism was used during model
training. Each dataset was divided into training, valida-
tion, and testing sets using a stratified split and the ratio
was normally 70:15:15.

Additional experimental results on two more high-
dimensional datasets, i.e. ISOLET and Arcene (Table 4),
are an extra proof of the effectiveness of the proposed
framework. The proposed model is able to keep up the
level of performance at a very satisfactory point com-
pared to the baseline methods even with the increased
number of features and different data distributions.
This demonstrates the ability of the model not only to
identify the most relevant features but also to minimize
the effect of those that are irrelevant and noisy.

The new method's efficiency was tested against differ-
ent baseline models. These included not only traditional
machine learning methods like Random Forest and Sup-
port Vector Machines but also advanced deep learning
models. To make a fair comparison, all baseline models
were thoroughly fine-tuned. We measured the perfor-
mance using the usual metrics like accuracy, precision,
recall, and F1-score for classification problems, whereas
error-based metrics were employed for regression tasks.
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Moreover, computational efficiency was determined by
measuring training time, inference time, and memory us-
age to assess scalability. Also, to confirm the trustworthi-
ness of the reported performance improvements, pair-
wise comparison methods were executed for statistical
significance testing.

In Table 5, the datasets were selected due to their
varying dimensionality and complexity, enabling a com-
prehensive evaluation of the proposed model under dif-
ferent data conditions.

The numerical comparative results of the deep
learning method developed in this paper with baseline
models are presented in Table 6. As shown in the table,
the deep learning method developed here yields the
highest accuracy precision recall, and F1-score values
among all the models tested. In fact, the performance
gain is very evident when the proposed method is
benchmarked with the traditional machine learning
algorithms such as SVM and Random Forest, thereby
validating the deep representation learning's capability
for high-dimensional data [23]. The improvement in
the results of the methods proposed by the author as
compared to the state-of-the-art deep learning models
is thus additional proof that the author contributions
have been substantial.

92.4
a0 88.1 89.3
86.9

5 g5| 846
63
£
g 80
3!
-,

75

70

SVM RI CNN Transtormer Proposed

Figure 2. Accuracy comparison of baseline models and the
proposed method

The accuracy trends across different models are vi-
sually illustrated in Fig 2. The bar chart makes it very
clear that the new method is better than all the base-
line methods in terms of accuracy. The single continu-
ous improvement demonstrates that the adaptive fea-
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Table 4. Dataset Summary Table

Dataset Name

Number of Features (d) Number of Classes

Number of Samples (N)

MNIST 70,000 784 10
Gisette 7,000 5,000 2
Madelon 2,600 500 2
ISOLET 7,797 617 26
Arcene 900 10,000 2
Table 5. Dataset Characteristics Used in Experiments
Dataset Samples (N) Features (d) Classes
MNIST 70,000 784 10
Gisette 7,000 5,000 2
Madelon 4,400 500 2
Synthetic High-Dimensional Dataset 10,000 3,000 5

ture learning mechanism [24] is able to effectively sup-
press the redundant features and facilitate discrimina-
tive representation learning in complex datasets.

In order to verify the contribution of each component,
we performed an ablation study. The results are shown
in Table 7 and Fig 3. The bar chart obviously indicates
that our whole model surpasses the networks in terms
of accuracy and F1. Omitting either adaptive feature
learning or regularization results in a significant reduc-
tion of performance, which proves their importance.
The biggest decline in performance is witnessed when
both feature weighting and regularization are removed;
this underlines their combined role in the suggested
framework.

100 =
% B Accuracy
92.4 .
0.92 ! Fl-score
80 S e 87.9 0.87
]
~ 70+ 852 g5
®
S 60
S s50-
< 50
40
30-
201 . T : - — -
Full Model Without Without Without Feature
(Proposed)  Adaptive Feature Regularization Weighting
Learning & Regularization

Figure 3. Ablation study results

The visualization of the ablation study confirms that
all components of the proposed model are necessary
for its best performance. Especially, the adaptive feature
learning is essential to acquiring meaningful feature
representations, and the regularization is effective in
enhancing generalization and minimizing the risk of
overfitting.

To further confirm the excellent classification ability
of the proposed method, the Receiver Operating Charac-
teristic (ROC) curve has been shown in Fig 4. It is a graph
that displays the compromise between the true positive
rate (TPR) and false positive rate (FPR) at different thresh-
olds. Our approach obtains a very nice classification per-
formance with an AUC (Area Under Curve) value of 0.97,
implying that the model can still very efficiently distin-
guish classes even when it deals with high-dimensional
and noisy data.

A higher AUC value close to 1 suggests better per-
formance of the model, thus proving the success of the
newly introduced adaptive feature weighing scheme.

Pairwise significance testing is utilized to verify the
statistical validity of the performance improvement
results in the experiment. Pairwise significance testing,
which is shown in Table 8, serves as a tool for validating
the statistical reliability of the unveil performance im-
provements. In fact, the very small p-values obtained in
the comparison of the proposed method and baseline
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Table 6. Performance Comparison across High-Dimensional Datasets

Model Accuracy (%) Precision Recall F1-score
SVM 84.6 0.83 0.82 0.82
Random Forest 86.9 0.86 0.85 0.85
CNN 88.1 0.87 0.87 0.87
Transformer 89.3 0.88 0.89 0.88
Proposed Method 924 0.92 0.92 0.92

Table 7. Ablation Study of the Proposed Framework

Configuration Accuracy (%) F1-score
Full Model (Proposed) 92.4 0.92
Without Adaptive Feature Learning 88.6 0.88
Without Regularization 87.9 0.87
Without Feature Weighting & Regularization 85.2 0.85

1.0

w—— Proposed Model (AUC = 0.97) -7
w= Chance Level (AUC = 0.50) -

AUC =0.97

True Posittive Rate (Sensitivity)

0.2 0.4 0.6 0.8 1.0

False Positive Rate (1 - Specificity)

Figure 4. ROC curve of the proposed model

models [25] suggest that the performance improve-
ments are statistically significant. This kind of analysis
ensures that the performance improvements seen are
not due to random fluctuations but indeed are the result
of the proposed method changes.

Besides the predictive performance, computational
efficiency was also considered. Fig 5, which compares
the training time, shows that our method is not only
more accurate than deep learning models but also takes
less time to train. So, the proposed method can strike a
nice balance between performance and computational

Table 8. Statistical Significance Analysis (Pairwise Comparison)

Comparison p-value Significance
Proposed vs. SVM 0.002 Significant
Proposed vs. Random Forest  0.005 Significant
Proposed vs. CNN 0.011 Significant
Proposed vs. Transformer 0.018 Significant

efficiency, making it a compelling alternative for real-
world applications that deal with high-dimensional and
complicated datasets.

The confusion matrix of the proposed model, shown
in Table 9, fully explains the classification accuracy of
each class. The high figures on the diagonal line indicate
that there are many correct predictions, whereas the
low figures at other places indicate very few misclassifi-
cations. Plus, the precision, recall, and F1-score values
are almost the same for all classes, which supports
that the proposed model is good performing and is not
biased towards any particular class.

The confusion matrix results clearly demonstrate that
the proposed model effectively handles class imbalance
by maintaining consistent classification performance
across all classes.
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Figure 5. Training time comparison of deep learning models

Table 9. Combined Confusion Matrix with Performance
Metrics (Proposed Model)

Proposed Model ClassA ClassB ClassC Recall

Class A 162 5 3 0.95
Class B 6 158 4 0.94
Class C 4 7 151 0.93
Precision 0.94 0.93 0.95 —
F1-score 0.95 0.94 0.94 —

6 Discussion

The experimental results demonstrate that the pro-
posed adaptive feature learning framework consistently
outperforms both traditional machine learning models
and recent deep learning architectures.

The better performance of our method is due to how
it can focus on the important features and ignore the
unnecessary ones. While Transformer-based models
depend on complicated self-attention operations, our
adaptive weighting mechanism allows us to very directly
and efficiently identify feature importance. Therefore,
our model is especially capable of dealing with problems
related to feature redundancy in high dimensional
datasets. What is more, our approach can be scaled
to real-world applications with minimal increase in
computation.

By bringing in more datasets like ISOLET and Arcene,
the research is aiming at finding out how well the new
model can be scaled and adapted. To be more specific,
the Arcene dataset, which has very high-dimensional fea-
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tures, is a good example of a situation where the adap-
tive feature weighting method can efficiently tackle the
problem of redundant features. Also, the results on ISO-
LET show that the model can work well with complicated
multi-class and high-dimensional data situations.

A key observation from the experiments is that the
proposed approach achieved higher predictive accuracy
compared to transformer-based models when applied to
high-dimensional tabular datasets.

Analyzing the ROC curve reinforces the idea that
our model is robust and good at balancing sensitivity
and specificity. This balancing act is crucial in high-
dimensional datasets due to various types of noise
and feature redundancy that can significantly degrade
classification performance.

This performance improvement can be attributed to
three primary factors.

6.1 Effect of Adaptive Feature Weighting
The adaptive feature weighting mechanism gives the
model the ability to flexibly allocate importance levels
to each feature. In case of datasets with very high
number of features, a lot of features might be either
redundant or irrelevant to the prediction task. The
weighting mechanism reduces the influence of such
features thus allowing the network to concentrate on
the most informative ones.

6.2 Regularization and Robustness
Combining L1 and L2 regularization makes the model
more robust against overfitting. The feature weights
with many zeroes created by L1 regularization are help-
ful in removing redundant parameters, and on the other
hand, L2 regularization makes the changes of weights
during training less fluctuate.

6.3 Comparison with Transformer Models
While transformers are very powerful in handling se-
qguences, they might not be the best choice in some
cases, for example with very high-dimensional tabular
data. Self-attention mechanisms necessitate pairwise
interactions of the features, which only add to the
computational complexity.

On the other hand, the model that is being proposed
makes use of a feature weighting mechanism which is lin-
early complex, thereby permitting the efficient handling
of large feature spaces. This option in the design makes
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the model capable of delivering a high level of prediction
accuracy and at the same time, being less computation-
ally intensive.

7 Conclusion

This research has introduced an enhanced deep learning
method for effective learning from high-dimensional
and complex datasets. The proposed framework, by
coupling adaptive feature learning with regularization
and efficient optimization strategies, essentially resolves
scalability, noise, and feature redundancy issues arising
from the nature of the data. The experimental results
on benchmark and real-world datasets have shown that
the proposed model outperforms traditional machine
learning methods and the state-of-the-art deep learning
models consistently, which is further corroborated by
ablative studies and statistical significance analysis.
Besides improved predictive accuracy, the proposed
method also achieved good computational efficiency,
thus it can be used in large-scale applications in practice.
The findings, in general, demonstrate that the proposed
method constitutes a robust and scalable solution to
the problem of high-dimensional data analysis and can
be seen as a solid basis for further research in this field.
The testing on several well-known datasets, like ISOLET
and Arcene, also reveals that our approach remains
effective and capable of generalizing when working
with different types of high-dimensional data. Future
work will concentrate on broadening the proposed
framework in order to support streaming and real-time
high-dimensional data scenarios. Besides, we will also
explore the possibility of incorporating state-of-the-art
attention mechanisms to significantly improve feature
representation. Furthermore, the developed model
has the potential to be adopted in various real-world
sectors where high-dimensional data is the norm and
reliable predictive modelling is indispensable, such as
healthcare analytics, financial risk prediction, and smart
agriculture.
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