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Autoencoders for Clinical Data Analysis: Application of Neural Network-Based Dimensionality Reduction on Fine-Needle Aspiration Breast Data


Abstract
Objective: Machine learning provides powerful tools for analyzing large datasets; however, it faces challenges such as high computational costs and overfitting. To overcome these issues techniques that reduce the dimensionality of data are frequently used. Dimensionality reduction aims to eliminate redundant or unnecessary information in the dataset thereby reducing computational load and improving the model's ability to generate more accurate results. The primary objective of this study is to evaluate the performance of the Autoencoder algorithm, one of the dimensionality reduction methods. This study will thoroughly examine the effectiveness of the Autoencoder algorithm in terms of data loss processing time and the model’s performance on new data. 
Material and Methods: This study aims to evaluate the applicability of the Autoencoder algorithm on quantitative features of cell nuclei derived from digitized images of fine-needle aspiration (FNA) samples of breast masses. The dataset was obtained from the widely referenced Wisconsin Diagnostic Breast Cancer (WDBC) dataset, and sample images can be accessed through an online repository provided by the University of Wisconsin–Madison. In this study, commonly used dimensionality reduction techniques, including Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA), and Autoencoders, were introduced and compared in the context of existing literature. The application on the clinical dataset focused on how the Autoencoder method reduces data dimensionality and which information is preserved or lost during this process. The rationale for selecting the Autoencoder algorithm, its advantages, and its contribution to working with clinical data were discussed. The algorithm’s effectiveness was validated by manually evaluating the first five individuals’ four features from a dataset comprising 569 cases. The flexible architecture of the Autoencoder allows for more effective learning of the most relevant features in the data.
Results: This study focused on the comparative analysis of four core variables Radius mean, smoothness mean, compactness mean, and concavity mean using both the original dataset and the reconstructed dataset obtained through an Autoencoder model. Based on the original data, the mean values for these variables were calculated as 14.13, 0.10, 0.10, and 0.09, respectively. The corresponding standard deviations were found to be 3.52, 0.01, 0.05, and 0.08, providing insight into the natural variability and distribution within the dataset. At the output layer, the Autoencoder successfully reconstructed the input variables, yielding identical mean values of 14.13, 0.10, 0.10, and 0.09 for the same features. However, the standard deviations were reduced to 2.38, 0.01, 0.05, and 0.07, indicating that the reconstructed data exhibited slightly lower variability particularly in radius mean and concavity mean. The primary objective of the Autoencoder is to ensure that the output closely resembles the original input by utilizing a hidden layer (h) that captures the essential structure of the data. Aligned with this purpose, the algorithm effectively compressed the four-dimensional input into a more compact latent representation while preserving key characteristics. The analyses showed that the hidden layer representations were highly consistent with the original data and were optimized successfully. Consequently, the dimensionality of the dataset was reduced from four variables to a lower-dimensional representation, enabling a more efficient and informative encoding of the data.
 Conclusion: This study examined the effectiveness of the dimensionality reduction method by manually analyzing the data of the first five individuals from a dataset of 569, aiming to evaluate the Autoencoder algorithm’s ability to make accurate predictions. The findings demonstrate that dimensionality reduction plays a significant role in the analysis of clinical data. Moreover, while performing dimensionality reduction the Autoencoder algorithm also reduces computational costs. This characteristic confirms its potential as an alternative tool for dimensionality reduction. In conclusion, the use of Autoencoders has the potential to enable faster more accurate, and more efficient processing of healthcare data, thereby enhancing the effectiveness of clinical decision support systems.
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1. Introduction

Machine learning methods are generally known as algorithmic approaches that require high computational power. Traditional machine learning techniques, especially when compared to more complex models such as artificial neural networks tend to perform better with lower-dimensional data. However, working with low-dimensional and standardized data in both methods makes the processes faster and more cost-efficient. In this context, dimensionality reduction techniques offer significant advantages in data analysis processes. One of the key benefits of dimensionality reduction is its ability to visualize data in two or three dimensions. This enables easier identification of fundamental patterns and relationships between variables in the data. Additionally, dimensionality reduction enhances the model's ability to generalize by focusing on the key features of the data while reducing the risk of overfitting. In light of these advantages, it can be stated that dimensionality reduction techniques generally provide the following benefits [1]:
· Reduces computational costs, enabling algorithms to operate more efficiently.
· Minimizes the risk of overfitting by focusing only on the essential and important information in the data.
· Simplifies visualization and data analysis processes by reducing the high-dimensional feature space to a lower dimension.
In practice, dimensionality reduction can also be performed using simpler methods, such as calculating the mean or sum of the features. However, for more accurate and reliable results the use of dimensionality reduction algorithms is preferred. These algorithms facilitate the extraction of meaningful insights from datasets by providing the high accuracy and reliability required for complex data analyses and modeling processes. The aim of this study is to introduce and compare the theoretical characteristics of dimensionality reduction techniques such as PCA, LDA, and Autoencoder in light of the existing literature as well as to examine why the Autoencoder algorithm is preferred and how applicable it is in clinical studies. In this context, the manual calculation of the Autoencoder algorithm on a small sample dataset is demonstrated and the results are evaluated to assess whether this method can be applied to large datasets in the clinical field. 
2. MATERIALS AND METHODOLOGY
2.1. Data Collection
In this study, the data consist of quantitative features extracted from digitized images of fine-needle aspiration (FNA) of breast masses. These features describe the structural and morphological properties of the cell nuclei present in the images. The dataset was obtained from the widely referenced Wisconsin Diagnostic Breast Cancer (WDBC) dataset, and sample images can be accessed through an online repository provided by the University of Wisconsin–Madison.
To demonstrate the manual computation of the Autoencoder algorithm, four primary features radius mean, smoothness mean, compactness mean, and concavity mean from five randomly selected observations within the full dataset of 569 samples were used as input variables. This selection was designed to illustrate the operational principles of the Autoencoder, including its dimensionality reduction capability and reconstruction performance, using a small and nonlinear subset of the data. This approach reinforces the theoretical foundations supporting the use of Autoencoder architectures by providing a practical example that highlights the algorithm’s functioning as a sequence of mathematical transformations. Furthermore, it allows for the assessment of the algorithm’s applicability, reliability, and potential performance in clinical and biomedical datasets, including those with larger and more complex structures.

2.2.Statistical Analyses
The data analysis was manually performed using Microsoft Office Excel 2016 (R), and the results obtained were analyzed to evaluate the effectiveness of the algorithm. The findings clearly demonstrated the potential of the Autoencoder algorithm in the fields of dimensionality reduction and data processing. 
3. [bookmark: _GoBack]METHODOLOGY

Autoencoders are deep learning-based neural network models commonly used in various applications such as noise reduction and data reconstruction [2]. This study focuses on the use of autoencoders, particularly in the context of dimensionality reduction. Although Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA), and Autoencoders share similar objectives for dimensionality reduction they exhibit significant differences in terms of data processing and representation methods. In this context, the study provides a detailed comparison of the similarities and differences between these three algorithms examining the conditions under which each may be more effective. Below, the key characteristics of these algorithms and the differences in their application areas are summarized.
List 1: Comparison of Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA), and Autoencoders
	Feature
	PCA
	LDA
	Autoencoders

	Data Type
	Linear
	Linear
	Linear, Non-linear

	Algorithm Type
	Unsupervised
	Supervised
	Supervised, Unsupervised

	Dimensionality Reduction Focus
	Variance focused
	Class separation-focused
	Reconstruction-focused

	Flexibility
	Low
	Medium
	High

	Computational Cost
	Low
	Medium
	High



Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA) are methods that operate on linear relationships, whereas autoencoders are neural network-based algorithms capable of modeling non-linear relationships. While PCA aims to maximize the variance in the dataset, LDA focuses on maximizing the separation between classes. On the other hand autoencoders work by minimizing a defined cost function attempting to reconstruct the data. PCA is an unsupervised learning method that is applied without requiring class labels whereas LDA is a supervised learning approach that relies on class labels. The primary reason for preferring the autoencoder algorithm is that PCA and LDA require more technical knowledge and preprocessing compared to autoencoders. Therefore, dimensionality reduction based on autoencoders provides a more flexible and efficient solution.

3.1. PCA Algorithm
The Principal Component Analysis (PCA) algorithm is a technique that enables dimensionality reduction by preserving the highest possible variance in the data. The general process of the PCA algorithm involves the following steps:
Step 1: Standardization of the Data: First, the data is standardized. This step is applied to ensure that each feature has a mean of zero and a standard deviation of one. This standardization ensures that variables with different scales are made comparable.
Step 2: Calculation of the Covariance Matrix: The covariance matrix is computed to understand the relationships between each feature in the data. This step identifies the linear dependencies among the variables.
Step 3: Calculation of Eigenvalues and Eigenvectors: Eigenvalues and eigenvectors are calculated from the covariance matrix. The eigenvalues represent the variance of the data along different components, while the eigenvectors define the directions of these components.
Step 4: Calculation of PCA Scores: Using the computed eigenvectors, the PCA scores are obtained. In this step, the dimensionality of the data is reduced, and the most important components are selected.
After completing the above steps, the principal components are obtained with the help of Equation 1, and the dimensionality of the data is reduced. This process allows the data to be transformed into a smaller space while retaining the most significant features thereby making data analysis and modeling processes faster and more efficient. The model function is [3];
						(1)
It is given by. Here, : represents the value of the i-th principal component. αi :​ represents the normalized elements of the eigenvector corresponding to the largest eigenvalue (λ) in the covariance matrix, and is expressed as . : ​ denotes the i-th observation value of the j-th independent variable. The n independent variables are defined by  where .
3.2. LDA Algorithm
Linear Discriminant Analysis (LDA) is a more technical method compared to Principal Component Analysis (PCA) and is primarily used for dimensionality reduction based on class labels. LDA aims to maximize the separation between the different classes in the data. The computational process of LDA, unlike PCA, is based on analyzing the between-class variance and the within-class variance. The general operation of the LDA algorithm is expressed using the formulas provided in Equations 2 and 3. The calculation process described by Equations 2 and 3 involves the analysis of within-class and between-class covariance matrices to optimize the separation between classes. LDA calculates the mean value for each class and then transforms these means to best highlight the differences between classes. This process aims to maximize the distinguishing features between classes while reducing the dimensionality of the data. The LDA algorithm enhances the separation of the classes, which leads to higher accuracy rates in classification and modeling processes.
The computation of the LDA algorithm is a more technical method compared to PCA, and its general structure is given as follows in Equations 2 and 3;
										(2)
										(3)
ile tanımlanır. Burada; S: Seperation(ayrım) matrisi. W: Grup içi birleştirilmiş kovaryans matrisi. B: Guruplar arası kovaryans matrisi. T: Toplam kovaryans matrisi.
Linear Discriminant Analysis (LDA) algoritması, sınıflar arasındaki ayrımı maksimize ederek boyut indirgeme işlemini gerçekleştiren sistematik bir yöntemdir. Bu sürecin adımları şu şekilde sıralanabilir:
It is defined as follows. Here, S: Separation matrix, W: Within-class pooled covariance matrix, B: Between-class covariance matrix, T: Total covariance matrix.
Linear Discriminant Analysis (LDA) is a systematic method that performs dimensionality reduction by maximizing the separation between classes. The steps of this process can be outlined as follows:
Step 1: Calculation of the Between-Class Covariance Matrix: The between-class covariance matrix is calculated to determine the variance between classes. This matrix represents the differences between different classes.
Step 2: Calculation of the Within-Class Pooled Covariance Matrix: The within-class covariance matrix is computed, which evaluates the variance within each class. This matrix represents the distribution of data within each class.
Step 3: Calculation of the Separation Matrix: The separation matrix is obtained by subtracting the within-class covariance matrix from the between-class covariance matrix. The separation matrix allows for a clear visualization of the differences between classes.
Step 4: Calculation of Eigenvalues and Eigenvectors from the Separation Matrix: Eigenvalues and eigenvectors are computed from the separation matrix to best represent the data. These eigenvalues indicate the components that best capture the separation between the classes.
Step 5: Calculation of LDA Scores from Eigenvectors: The LDA scores are calculated using the obtained eigenvectors. These scores transform the data into a lower-dimensional space while maximizing the separation between the classes.
After completing the above steps, the linear discriminants are obtained using the following equation, and the dimensionality of the data is reduced [4]. 
							(4)
It is given by the following equation. Here, ​ represents the i-th linear discriminant value. αi ​ refers to the normalized components of the eigenvector corresponding to the largest eigenvalue (λ)  in the covariance matrix, and it is expressed as . ​ denotes the i-th observation of the j-th independent variable. The nnn independent variables are defined as , where .

3.3 Autoencoders Algorithm
Autoencoders are a type of neural network model commonly used in various applications such as noise reduction and data compression. This study focuses on the use of the Autoencoder algorithm for dimensionality reduction. An Autoencoder is a neural network with hyperparameters such as the number of layers and nodes [5]. The fundamental principle of this architecture is to ensure that the output of the input data is as similar as possible to the original data. In an Autoencoder architecture, the number of neurons in the input layer is greater than the number of neurons in the hidden layer [6]. The number of neurons in the output layer is designed to be equal to that of the input layer. Through this network architecture, the input data, initially in a high-dimensional space is compressed into a lower-dimensional space (encoding phase) and then reconstructed back to its original dimensions (decoding phase). This process enables the reduction of the data’s dimensions while preserving its key features thus representing the data more efficiently. The advantage of the Autoencoder algorithm lies in reducing the dimensionality of the data while preserving its original structure as much as possible. Visual representations of this process can be seen in Figures 1 and 2. 
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	Figure 1: Dimensionality Reduction with Autoencoder
	Figure 2: Autoencoder Architecture



The data received from the input layer is compressed into a smaller dimension (encoding). Then, this compressed data is expanded back into a larger dimension (decoding). During this process, the "bottleneck," which is the narrowest point of the model, becomes apparent. Figure 3 visually illustrates these steps. This approach ensures that important information is preserved while reducing the dimensionality of the data, helping the model to function more efficiently.
  [image: ]
Figure 3: The relationship between the encoder and the decoder.

An autoencoder can be compared to a lever mechanism that maintains balance by generating an output that closely resembles the input data. The training process of the autoencoder architecture must follow a systematic approach. This process can be defined as follows:
Step 1: The input data is generally standardized to help the model learn more efficiently.
Step 2: A suitable loss function is chosen to measure the performance of the model.
Step 3: The input data is passed through the encoder layer to obtain a low-dimensional latent representation.
Step 4: The latent representation is passed through the decoder layer to reconstruct the original input data.
Step 5: The difference between the input data and the reconstructed data is calculated using the loss function.
Step 6: To minimize this loss, backpropagation and optimization techniques are applied to update the weights of the network.
Step 7: These steps are iteratively repeated until the network learns optimally.
The application of these steps plays a critical role in ensuring the validity and reliability of the model. The loss function of the network, which is represented in Equation 5 and the cost function to be minimized represented in Equation 6 are mathematical tools used to minimize the target error during the learning process.
                							 (5)
				 (6)
The aim here is to take an input x, pass it through a transformation via h and reconstruct it as  through the process  . In other words, the objective of the model is to accurately reproduce x by minimizing the difference between x and . This process involves encoding the input data x into a low-dimensional latent representation h and subsequently decoding it to obtain the reconstructed output . Ultimately, the model’s performance is evaluated by measuring the similarity between x and , thereby assessing the learning capability based on how well   is achieved.
The aim is for the model’s predictions to be as close as possible to the input data x. This convergence is achieved through the weight parameters W, and the resulting h scores represent the new, lower-dimensional form of the input. Gradient descent is employed as a method to reduce the model’s error. In this approach, derivatives are calculated to determine the direction in which the error decreases, and the model’s weights are updated step by step accordingly. A schematic representation of these derivative computations is presented in Figure 4. This process, which occurs during the model’s learning phase, aims to minimize the difference between x and , thereby assisting the model in finding an optimal solution. 

Figure 4:  A schematic illustration of the complete architecture of the network

According to Equation 5, the derivatives of the loss function play a crucial role in the learning process of the model. These derivatives aim to minimize the difference between the input x and the reconstructed  by updating the model’s weights. The gradient descent algorithm optimizes the weights based on these derivatives. The equations below present the mathematical expressions for the computation of the derivatives with respect to the loss function and during the training process, these derivatives are utilized to obtain the optimal weights for the model.
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When factoring out  ;
 
 
 
and similarly, the following equations are obtained.
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Up to this point, the necessary derivatives are calculated using the chain rule and at each step the effect of each parameter on the loss function is considered. These derivatives allow for the accurate updating of the model's weights. The weights are updated through the equations below and this updating process is repeated until the cost function converges to zero. The updates performed using the gradient descent method increase the model’s accuracy ensuring that the predictions are as close as possible to x. This process forms the foundation of the model's learning phase where the network's parameters are optimized at each iteration.
						 (7)
	
	
	
	
	
	
	
	




4. RESULTS AND DISCUSSION
4.1 Results
In the application section of this study, the training process of the Autoencoder algorithm has been followed step by step.
Step 1: The input data has been standardized to enable more efficient learning by the model.
Table 1: Normalized Input Features, Hidden Layer Activations, Reconstructed Outputs, and Loss Values for Selected
	Ex. No
	radius_mean
	smoothness_mean
	compactness_mean
	concavity_mean
	z
	h
	
	
	
	
	L

	1
	-0.593
	-0.629
	-0.840
	-0.818
	-1.880
	0.132
	1.132
	1.132
	1.132
	1.132
	6.887

	2
	-0.471
	-0.504
	-0.531
	-0.662
	-1.168
	0.237
	1.237
	1.237
	1.237
	1.237
	6.342

	3
	-0.508
	-0.450
	-0.782
	-0.743
	-1.484
	0.185
	1.185
	1.185
	1.185
	1.185
	6.563

	4
	-0.650
	-0.544
	-0.670
	-0.780
	-1.644
	0.162
	1.162
	1.162
	1.162
	1.162
	6.660

	5
	-0.527
	-0.677
	-0.741
	-0.712
	-1.657
	0.160
	1.160
	1.160
	1.160
	1.160
	6.670

	
	
	
	
	
	
	
	
	
	
	
	

	
	14.127
	0.096
	0.104
	0.089
	
	
	
	
	
	
	6.027

	
	3.521
	0.014
	0.053
	0.080
	
	
	
	
	
	
	


Note: µ, σ and  calculated for all dataset.

	Ex.  No
	dL/dh
	dh/dz
	dw5
	dw6
	dw7
	dw8
	db1
	db2
	db3
	db4
	dw1
	dw2
	dw3
	dw4
	db0

	1
	7.410
	0.115
	0.228
	0.233
	0.261
	0.258
	1.725
	1.762
	1.973
	1.950
	-0.505
	-0.535
	-0.715
	-0.696
	0.851

	2
	7.117
	0.181
	0.405
	0.413
	0.420
	0.451
	1.708
	1.741
	1.769
	1.899
	-0.606
	-0.649
	-0.684
	-0.852
	1.288

	3
	7.223
	0.151
	0.313
	0.302
	0.364
	0.356
	1.692
	1.635
	1.967
	1.928
	-0.553
	-0.490
	-0.851
	-0.809
	1.088

	4
	7.292
	0.136
	0.293
	0.276
	0.297
	0.315
	1.812
	1.706
	1.832
	1.942
	-0.643
	-0.539
	-0.663
	-0.772
	0.990

	5
	7.298
	0.135
	0.270
	0.294
	0.305
	0.300
	1.688
	1.837
	1.901
	1.872
	-0.518
	-0.664
	-0.727
	-0.699
	0.982

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	
	Average
	0.762
	0.745
	0.694
	0.705
	1.555
	1.555
	1.555
	1.555
	-0.262
	-0.131
	-0.287
	-0.345
	0.806

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	


Note: Average calculated for all dataset.
Step 2: An appropriate loss function has been defined, and the necessary derivatives have been obtained to perform gradient computations through this function. 
	
Step 3: The encoder part of the Autoencoder model has taken the input data and generated a lower-dimensional latent representation h. The latent representation value (for Example No. 1 in Table 1) was calculated as follows.
 
 
 
Step 4: This latent representation was then processed by the decoder part, and the input data  was reconstructed. The latent representation was passed through the decoder, and the input data (for Example No. 1) was recalculated as follows. 




Step 5: The difference between the obtained  and the input data x was calculated through the loss function and the weights were updated using gradient descent methods to minimize this loss. This process ensured that the model followed a systematic approach in its learning process. For Example No. 1, this was calculated as follows.




Throughout the training process, the model’s parameters were updated with the goal of accurately reconstructing the input data. Each of these steps has served as an indication that the Autoencoder algorithm is functioning correctly and learning effectively.
Step 6: The weights were calculated and updated for Example No. 1 as shown below using backpropagation and optimization methods.

 1 *1.725 + 1*1.762 + 1*1.973 + 1*1.950 = 7.410












0.115 * 7.410 = 0.851
New parameter values updated:













In this process, the error (loss) between the model’s predicted output and the actual input was first calculated and then this error was propagated through the network layers via backpropagation using the chain rule. The derivatives obtained from each layer determined how the weights would be updated using the gradient descent algorithm. As a result of these calculations the weights were optimized in line with the model’s learning process and the model’s error was minimized. The weight update process performed for Example No. 6 enabled the identification of the parameters necessary for the model to make more accurate predictions. This update step helped optimize the weights by considering the effect of each parameter on the loss function. This process is a critical step for the progression of the model’s training process and the improvement of its accuracy.
In the training process of the Autoencoder architecture, in Step 1, the input data was standardized, and in Step 5, the loss between the input data and the reconstructed data was calculated to assess the model's performance. During this process the weights and derivatives calculated through the equations mentioned above were updated based on the gradients. In the gradient descent algorithm the learning rate was set to ,and these values were computed for the first iteration. The calculated weights and derivatives were used to update the model's weights. These computations were made to determine the effect of each parameter on the loss function. The updated weight values for the first iteration are shown in Table 2, while the computed results for the derivatives and gradients are presented in Table 3. These tables provide a detailed presentation of the parameter updates in the early stages of the model’s training process.

Table 2: Standardized input, neural network weights, biases, and sigmoid output (h) values for the 1st iteration.
	Example No
	X1
	X2
	X3
	X4
	z
	h
	
	
	
	
	L

	1
	-0.593
	-0.629
	-0.840
	-0.818
	-1.896
	0.131
	1.114
	1.114
	1.114
	1.114
	6.752

	2
	-0.471
	-0.504
	-0.531
	-0.662
	-1.182
	0.235
	1.217
	1.217
	1.218
	1.218
	6.202

	3
	-0.508
	-0.450
	-0.782
	-0.743
	-1.499
	0.183
	1.166
	1.166
	1.166
	1.166
	6.426

	4
	-0.650
	-0.544
	-0.670
	-0.780
	-1.659
	0.160
	1.143
	1.143
	1.143
	1.143
	6.524

	5
	-0.527
	-0.677
	-0.741
	-0.712
	-1.672
	0.158
	1.141
	1.141
	1.142
	1.142
	6.534



 Table 3: Partial derivatives and gradients computed throughout the network for the 1st iteration.
	Example No
	dL/dh
	dh/dz
	dw5
	dw6
	dw7
	dw8
	db1
	db2
	db3
	db4
	dw1
	dw2
	dw3
	dw4
	db0

	1
	7.283
	0.114
	0.223
	0.228
	0.255
	0.252
	1.707
	1.743
	1.954
	1.932
	-0.490
	-0.520
	-0.695
	-0.676
	0.827

	2
	6.987
	0.180
	0.396
	0.404
	0.411
	0.441
	1.688
	1.721
	1.749
	1.879
	-0.591
	-0.632
	-0.667
	-0.831
	1.255

	3
	7.095
	0.149
	0.306
	0.295
	0.356
	0.349
	1.673
	1.616
	1.948
	1.909
	-0.538
	-0.477
	-0.828
	-0.787
	1.059

	4
	7.164
	0.134
	0.287
	0.270
	0.290
	0.308
	1.793
	1.688
	1.813
	1.923
	-0.625
	-0.524
	-0.645
	-0.751
	0.963

	5
	7.170
	0.133
	0.264
	0.288
	0.298
	0.293
	1.669
	1.818
	1.882
	1.853
	-0.504
	-0.646
	-0.707
	-0.680
	0.955



The data in Table 3 was calculated using the updated parameters, w and b, which were derived by the formulas shown in Equation 7. This mathematical expression (Equation 7) is used to determine the weight updates of the model, reflecting the effect of the derivatives and gradients computed through the gradient descent algorithm on the weights. As a result of these calculations, the network parameters were optimized, improving the model's prediction accuracy and minimizing the loss function. The values presented in Table 3 clearly illustrate the parameter changes obtained at each step of this update process.
	Step 7: This process was repeated until the network learned optimally. Iteratively, the weight and bias values were updated and after approximately 10000 iterations the optimal point was reached. At each iteration, the model’s loss was minimized and the parameters were optimized to achieve more accurate predictions. After 10000 iterations, the model's learning process was completed and the final parameters were obtained. In Table 4 the final weights, bias values, loss and predicted values obtained after 10000 iterations are calculated and presented.
Table 4: Weights, biases, loss and predicted (output) values for the 10000 th iteration of the neural network.

	Ex. No
	X1
	X2
	X3
	X4
	h
	
	
	
	
	L
	b

	1
	-0.593
	-0.629
	-0.840
	-0.818
	0.164
	-0.595
	-0.586
	-0.794
	-0.802
	0.002
	b0
	-0.713

	2
	-0.471
	-0.504
	-0.531
	-0.662
	0.199
	-0.483
	-0.475
	-0.644
	-0.650
	0.007
	b1
	-1.123

	3
	-0.508
	-0.450
	-0.782
	-0.743
	0.181
	-0.540
	-0.532
	-0.720
	-0.727
	0.006
	b2
	-1.106

	4
	-0.650
	-0.544
	-0.670
	-0.780
	0.176
	-0.557
	-0.548
	-0.743
	-0.750
	0.007
	b3
	-1.499

	5
	-0.527
	-0.677
	-0.741
	-0.712
	0.174
	-0.560
	-0.552
	-0.748
	-0.755
	0.009
	b4
	-1.514

	w
	w1
	w2
	w3
	w4
	w5
	w6
	w7
	w8
	
	0.644
	
	

	
	0.282
	0.283
	0.377
	0.313
	3.225
	3.177
	4.304
	4.348
	
	
	
	


Note:  calculated for all dataset.

These values indicate that the model's training process has been successfully completed and the optimal solution has been achieved.
In the Autoencoder architecture, which we use for dimensionality reduction, our goal is to encode and decode the input x in such a way that the output  (prediction) is as similar as possible to the input x. In this process, the encoder layer transforms the data into a lower-dimensional latent representation h, while the decoder layer attempts to reconstruct the input data from this representation. To test the similarity between the input and output layers (), the standardization process applied during the model's learning phase was reversed and the predicted values were compared with the input data (Equation 8). This comparison was made to assess how accurately the model made predictions and how successfully it reconstructed the input data. The results of the comparison are presented in Table 6, which provides valuable insights into the model's learning success and accuracy.

								(8)

Table 5: Comparison of the similarities between the values of input and output variables
	Ex. No
	radius_mean (X1)
	smoothness_mean (X2)
	compactness_mean (X3)
	concavity_mean (X4)
	h
	
	
	
	
	
	
	
	

	1
	12.04
	0.09
	0.06
	0.02
	0.164
	-0.595
	-0.586
	-0.794
	-0.802
	12.03
	0.09
	0.06
	0.02

	2
	12.47
	0.09
	0.08
	0.04
	0.199
	-0.483
	-0.475
	-0.644
	-0.650
	12.43
	0.09
	0.07
	0.04

	3
	12.34
	0.09
	0.06
	0.03
	0.181
	-0.540
	-0.532
	-0.720
	-0.727
	12.23
	0.09
	0.07
	0.03

	4
	11.84
	0.09
	0.07
	0.03
	0.176
	-0.557
	-0.548
	-0.743
	-0.750
	12.17
	0.09
	0.07
	0.03

	5
	12.27
	0.09
	0.07
	0.03
	0.174
	-0.560
	-0.552
	-0.748
	-0.755
	12.15
	0.09
	0.06
	0.03

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	µ
	14.127
	0.096
	0.104
	0.089
	For example 1, :
	

	σ
	3.521
	0.014
	0.053
	0.080
	
	12.03 = -0.595 * 3.521 + 14.127



Using the Autoencoder architecture for dimensionality reduction we first encoded the data with two attributes into a lower-dimensional space (one attribute). Then this lower-dimensional representation was decoded back into a higher-dimensional (two-dimensional) space where we reconstructed our original input values in the output layer. This process allows us to perform a dimensionality reduction operation in the hidden layer mapping the input to the output or more specifically input to input. In this way while our model learns a more compact and meaningful representation of the input data we have also reduced its dimensionality.
As a result working with a reduced-dimensional dataset enables machine learning algorithms to operate more quickly and efficiently. This approach shortens the learning time of the model with fewer features while also helping preserve important information. This method provides an effective approach particularly for large datasets to optimize processing time and enhance the overall performance of the model.
 4.2. Discussion
In this study, the theoretical foundations and usage characteristics of three different dimensionality reduction methods PCA (Principal Component Analysis), LDA (Linear Discriminant Analysis) and the Autoencoder algorithm were explained. Dimensionality reduction is a crucial step for enhancing the efficiency of algorithms especially in large datasets as reducing the dimensionality of the data decreases computational costs and helps the model learn more quickly and effectively [7,12]. In the synthetic dataset used in our study, the mean value for the SBP variable was found to be 129 ± 2.10, and for the DBP variable, it was 82 ± 2.83. For the predictions made using the Autoencoder algorithm the mean values for SBP and DBP were calculated as 129 ± 1.91 and 82 ± 2.64 respectively. These results demonstrate that Autoencoders can provide high accuracy even with small datasets and successfully perform dimensionality reduction tasks. Moreover, similar studies in the literature that evaluate the performance of dimensionality reduction techniques have also been considered [13,14,17]. For example, in a study conducted on the MNIST dataset, the combination of PCA + Classifier achieved an accuracy score of 92.9%, LDA + Classifier achieved an accuracy score of 80.85%, and the combination of Autoencoders + Classifier achieved an accuracy score of 93.4% [8]. This study demonstrates that the Autoencoders algorithm provides higher accuracy compared to other techniques in the fields of dimensionality reduction and classification. These results are consistent with our study and validate the high performance of the algorithm in dimensionality reduction tasks. In another study, different dimensionality reduction techniques were compared on meteorological data. In this study, the test R² score obtained with PCA + ANFIS (Adaptive Neuro-Fuzzy Inference System) was 0.806, the test R² score with LDA + ANFIS was 0.403 and the test R² score obtained with Autoencoders + ANFIS was 0.919 [9].
These results demonstrate that Autoencoders exhibit superior performance, especially on complex data structures, providing high accuracy after dimensionality reduction. These findings highlight the significant advantage of Autoencoders' deep learning-based structure in learning nonlinear relationships offering a notable improvement over traditional methods. In another study on face recognition systems, the combination of GABOR + PCA + LDA achieved an accuracy rate of 62.5 %, while the combination of GABOR + SAE + PCA + LDA reached an accuracy rate of 100 %. The inclusion of the Autoencoders algorithm increased the accuracy rate from 62.5% to 100%, showcasing the performance-enhancing effect of Autoencoders [10].
In this study, it has been demonstrated that Autoencoders contribute significantly to dimensionality reduction and the more accurate reconstruction of data. Each dimensionality reduction method offers different advantages and limitations depending on the specific requirements of the application. PCA (Principal Component Analysis), a statistical method attempts to identify the linear components that explain the highest variance in the data. Therefore, while it is highly effective on linear data structures it may exhibit limited performance on nonlinear data structures. The primary advantage of PCA is its low computational cost and ease of implementation making it a commonly preferred method in the initial stages. However, PCA has limitations such as its ineffectiveness on nonlinear data structures and its inability to work with labeled data. LDA (Linear Discriminant Analysis), on the other hand is a method that seeks to maximize the difference between classes while minimizing the variance within classes. This characteristic makes LDA particularly suitable for classification problems. However, the linear class assumption and the dimensionality reduction capacity limited by the number of classes in LDA may create limitations in nonlinear data structures and multiclass datasets. As a result the performance of LDA may weaken on nonlinear data structures. Autoencoders are a deep learning-based dimensionality reduction method that can be effective in complex data structures. Due to their multilayer architecture Autoencoders have the capacity to learn nonlinear relationships which enables them to achieve successful results on more complex datasets[13,14,16]. This algorithm encodes the data into a lower-dimensional latent space and then aims to reconstruct the data. This process typically results in higher accuracy and improved data integrity. However, the training process of Autoencoders generally takes longer and requires significant computational power which may be a limiting factor in certain applications.

5. CONCLUSİON
In conclusion, the choice of dimensionality reduction techniques depends on the structure of the data and the specific requirements of the application. This study examined the flexibility and effectiveness of the Autoencoders algorithm with complex data structures. The theoretical foundations were explained and it was applied to a synthetic dataset. The results demonstrate that the algorithm is valid and reliable in terms of both accuracy and dimensionality reduction. It was observed that Autoencoders achieve higher accuracy particularly in non-linear data structures. Therefore, Autoencoders emerge as an advantageous method for working with complex data. Furthermore, the obtained results are consistent with other studies in the literature[13,15]. For instance, in classification experiments conducted on the MNIST dataset the Autoencoders algorithm achieved higher accuracy compared to the PCA and LDA-based classifier combinations.
Although Autoencoders is an effective method particularly for dimensionality reduction and data compression tasks it has some limitations. The longer training times and high computational power requirements may hinder its use in real-time applications or resource-constrained environments. The algorithm’s success fundamentally relies on mathematical operations and the forward-backward propagation mechanisms in artificial neural networks. This study provided an in-depth examination of the theoretical and technical infrastructure of Autoencoders. Additionally it was found that the selection of the correct parameters (e.g., number of layers and neurons) directly affects the success of the model. This highlights the importance of hyperparameter optimization. It was concluded that the model's performance can be improved by appropriately adjusting the hyperparameters.

Future research is expected to conduct detailed studies to better understand the potential of artificial neural networks and machine learning algorithms. In this context, hyperparameter optimization using new algorithms could be employed to enhance the efficiency of Autoencoders and other deep learning methods while reducing computational costs. These developments could increase the efficiency and accuracy of dimensionality reduction, making them more suitable for a wider range of applications. Studies on the performance of Autoencoders' hyperparameter optimization and model architectures across different datasets could expand the model’s areas of application. Finally, this study aims to guide researchers who seek to understand the potential of artificial neural networks and machine learning algorithms in critical fields such as healthcare and provide direction for future research. It is believed that more advanced studies in this area will form a crucial foundation for improving the efficiency of Autoencoders and similar deep learning methods.
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