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Abstract

In this study proposed a new combined Principal Components Analysis/ Neural Networks model for predicting organisation
performance, Principal Components Analysis assists in solving the dimensionality limitation by transforming data in such a
manner as to provide raw data sets, and Neural Networks assists in defining the non-linear relationships amongst the various
predictor variables by defining non-linear relationships between each predictor variable, thus resulting in improved accuracy of
the resulting prediction model. The results from this study also indicate that the new hybrid predictive model developed in this
study has produced more precise predictions than previously published empirical predictions due to the increased accuracy of
predictions from traditional methods (R*2 = 0.938; 93.8%). Additionally, the combination of Principal Components Analysis and
Neural Networks provides a comprehensive methodology for reducing overfitting and complexity, thereby increasing RMSE
(0.154) and MAE (0.116). Furthermore, by combining Neural Networks with Principal Components Analysis, were able to
decrease the number of input features from 20 to 8; this results in (a) increased computational efficiency (32%); and (b) faster
convergence. These results demonstrate that the combination of Principal Components Analysis and Neural Networks provides
an alternative means of accurately predicting organisational performance, without increasing computational times, compared to
traditional methods. Therefore, organisations may wish to use the models developed in this study to assist with forecasting their
respective future performance, in order to enhance operational policy development.

Keywords: Organizational performance, Principal Component Analysis, Neural Networks, Hybrid Models, Dimensionality
reduction, Predictive accuracy, Computational efficiency.

— A

1. Introduction

Organizational performance prediction is vital for business decision-making, resource allocation, and long-term
strategic planning [16]. It has traditionally used standard performance evaluation metrics, including financial
ratios, productivity measurements, and employee satisfaction [2][10][12]. As businesses are now faced with
constantly changing environments, wide-ranging amounts of data require more sophisticated methods of
predicting organizational performance. Especially within the organizational environments, conventional
regression analyses not adequately account for, or be able to model, the complexity and high dimensionality of
the dataset. Because of this, there has been increased interest in hybrid models that combine several analytical
techniques (e.g., PCA, NN) to enhance predictive capabilities [4][7].
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Predicting the performance of organizations with a high level of accuracy remains a major challenge, despite all
of the advances made using data-driven decision-making. Traditional models may be unable to deal with the
large-scale, high-dimensional datasets associated with organizations, and as a result, face challenges, such as
overfitting and/or interpretation problems. A specific research gap remains in the limited integration of
dimensionality reduction techniques (e.g., PCA) with advanced predictive models (e.g., neural networks) [3].
Therefore, a need exists for a robust hybrid approach that integrates these methods for improving prediction
accuracy and modeling complex and nonlinear relationships present within the organizational dataset.

This research aims to create a Hybrid Model that integrates PCA with Neural Networks to Predict Organizational
Performance. PCA is used for Dimensionality Reduction to allow for the management of data with a large number
of Features while maintaining the important features needed to Predict Organisational Performance accurately.
PCA is used together with Neural Networks to capture the Complex and Non-Linear relationships within the data
used to measure the performance of Organizations and subsequently improve Predictive Ability. The
performance of this model is evaluated against Traditional Methods to determine Improved Prediction Accuracy
and Generalizability of the Model, therefore illustrating the advantages of the Hybrid Model for Predicting
Organizational Performance.

1. A combination of PCA to reduce features plus neural networks to forecast is a faster way to predict how well
an organization were performed.

2. A hybrid model enhances the accuracy of predictions of how well an organization to perform by overcoming
some of the issues related to high dimensionality that more conventional models would be able to handle.

3. The proposed model are practical in helping organizations to make decisions based on how likely it is to predict
their performance, and therefore assist in making decisions based on data.

The following is the organization of the paper. Section 1 describes the issue of Organizational Performance
Prediction, identifying the knowledge gap. Section 2 presents a literature survey reviewing related studies of
hybrid models. Section 3 outlines how to collect data, preprocess, and develop a hybrid model. Section 4 presents
results based on performance metrics, which show improvements over conventional performance prediction
approaches. Section 5 discusses the advantages & limitations of the model, as well as its practical implications.
Section 6 provides a summary of findings and future research trends.

2. Literature Survey

Forecasting the performance of organizations has long been an area of focus within the data-driven decision-
making research area. Several models focused on this area and attempted to address the major challenge of high
dimensionality in data. One such model referenced in the literature is the hybrid model that combines PCA and
machine learning algorithms. For example, the study used a hybrid model that combined classification and
regression techniques, specifically particle swarm optimization and auto-associative neural networks (ANNs),
using Non-Linear PCA; this combination resulted in an increase in the accuracy of prediction for complex datasets
across various domains [1][13][21]. This type of model illustrates the potential for dimensionality reduction
techniques such as PCA to be used in conjunction with advanced models to capture the complexities of
forecasting organizational performance [14][22].

In their research, several authors have studied the effectiveness of using PCA for dimensionality reduction while
retaining important features of the data. For example, the combined PCA and ANNs to forecast trends in the stock
market, demonstrating that the reduction in dimensionality associated with PCA can help to simplify the data
while still retaining important characteristics of the data (which improves the accuracy of prediction) [6][8][9].
The study demonstrated this same concept through their development of a hybrid PCA-ANFIS (Adaptive Neuro-
Fuzzy Inference System) model to monitor the quality of products being coated in the coating industry, providing
evidence that the use of PCA to reduce the number of features described in the feature space improves the overall
performance of hybrid models [15][20].

Hybrid models have also been used to forecast organizational performance across multiple industries. For
example, applied a hybrid PCA and ANN model to detect drowsiness in drivers, and demonstrated that the
combined use of PCA and ANN can identify non-linear relationships among the data, thereby leading to greater
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accuracy in predictions [5]. Additionally, in another study on hybrid models, the study demonstrated the
potential of using PCA and ANNs for fault diagnostics of rolling bearings within mechanical systems, exemplifying
the versatility of hybrid models for forecasting performance across multiple industries [17].

Hybrid models derived from using PCA have also been applied to financial forecasting and bankruptcy prediction
[18]. In this study, a hybrid DEA-PCA model was proposed to forecast bankruptcy of publicly listed companies in
Iran, and it was noted that dimensionality reduction is critical to achieving high accuracy of prediction [11]. The
study presented a PCA model in association with ANNs to forecast operational performance of filtration plants,
demonstrating that the hybrid combination of PCA and ANNs provides enhanced prediction of operational
performance in the environmental sector [19]. Overall, these studies support the notion that hybrid models
continue to shape how individuals develop successful forecasting methods to make well-informed decisions
within numerous industries.

The research literature indicates that hybrid models that combine PCA with machine learning techniques,
specifically ANNs, increase the accuracy of forecasts for organizational performance by reducing data
dimensionality while retaining key attributes of the data. These hybrid models also increase efficiency and
scalability of forecasting across numerous sectors due to their ability to capture non-linear relationships and
reduce the likelihood of over-fitting for complex data.

3. Methodology

Data Collection

For the purposes of this study, data provided included organizational performance metrics and metrics
pertaining to employee productivity; as well as financial metrics and other KPIs were collected through publicly
available organizational data sets (i.e., government agency websites), and company reports that provided
information pertaining to their organizational performance. The metrics used to define KPIs within these data
sets represent the organization's profitability, efficiency, and overall satisfaction of employees. The use of these
performance metrics provides a comprehensive dataset that is utilized to train data for predictive models related
to the organization.

Preprocessing

To process the collected data, various processes are needed to clean and prepare the data for use in modeling.
For example, numeric features must be standardized so that have a common measurement scale (normalization)
in order not to allow larger-scale feature variables to dominate. Any missing data filled ("imputed") by replacing
the missing entry with the mean (or median) of the values for that feature (variable). If there are any categorical
variables, it is converted into numeric values through "one-hot" encoding so that it can be used as input into the
models as well as by the models.

Principal Component Analysis

PCA is a technique for reducing high-dimensional data, through a process of transforming data from a higher-
dimensional space to a lower-dimensional space while keeping all of the information contained within that
original higher-dimensional dataset (a new lower dimensional dataset have no correlation between any set of
dimensions). By performing PCA on the data, you are reducing the number of input variables, thereby reducing
computational complexity and decreasing the possibility of overfitting, all while preserving essential data
necessary to perform the prediction task.

Neural Network Model

The predictive model used is a multi-layer perceptron (MLP), which consists of an input layer that receives the
PCA-reduced feature set, and multiple hidden layers that use ReLU activation functions in order to represent non-
linear relationships between input and output variables. Finally, the output layer of the MLP provides the
prediction of the organizational performance. These characteristics make the multi-layer perceptron well-suited
for this application since it can learn complex and non-linear representations of data, and is able to generalize
across different types of data sources to predict organizational performance based on a variety of inputs.
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Hybrid Model

The hybrid model combines PCA for dimensionality reduction with the neural network for prediction. First, PCA
is applied to the data to reduce its dimensionality, and the resulting components are fed into the neural network
as input features. This integration helps in addressing high-dimensionality issues, allowing the neural network
to focus on the most informative features, thus improving prediction accuracy and computational efficiency. The
model is trained using backpropagation with an Adam optimizer to minimize the loss function and enhance
prediction accuracy.

Hybrid PCA - Neural Network Architecture for Organizational
Performance Prediction
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Figure 1: Hybrid PCA-Neural Network Architecture for Organizational Performance Prediction

Figure 1: The proposed Hybrid Model for predicting Organizational Performance, as illustrated in the figure
below, shows the workflow of the combined use of PCA for dimensionality reduction and a Neural Network to
generate prediction models for organizational performance. The workflow begins at the data collection and
preprocessing stage, followed by the feature extraction via PCA, followed by the actual Neural Network model to
generate predictions. Lastly, the success of the model is evaluated using RMSE, MAE, and R? metrics. Each
component of the workflow can be found in the figure below and how it relates to the overall workflow of
extracting, eliminating, or modifying the data using both techniques to generate a prediction for an organization's
performance.

Mathematical Description for Key Methodology Components

. Principal Component Analysis (PCA)

PCAis used for dimensionality reduction, helping to simplify the data while retaining its most important features.
The primary steps include:
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. Covariance Matrix: The covariance matrix Ccaptures the relationships between the variables in the
dataset:
—_1 yT
C= n—1X X 1)
In Equation (1), where Xis the data matrix.

. Eigenvalue Decomposition: Next, the covariance matrix C of the dataset is decomposed into k
eigenvalues A; and k eigenvectors v; in order to produce k principal components.

. Dimensionality Reduction: The data is then projected onto the top keigenvectors (principal
components), reducing the number of features while maintaining the majority of variance:

X=XV, (2)
In equation (2) where Vi.contains the top keigenvectors and X'is the reduced feature set.
o Neural Network

A feedforward neural network can be used to create models for making predictions on the outcome of an
organization’s performance. The feedforward neural network uses the following steps to create a model for
making predictions:

. Forward Propagation: Input feature values (reduced by PCA) are passed through the neural network,
layer by layer. The general transformation function of an input feature is as follows:

al=wlhl"t +b! (3)

In equation (3), where a'!is the input from the previous layer, W'is the weight matrix, and b'is the bias.

o Activation Function (ReLU):

The hidden layers of the neural network use ReLU for activation functions. The general form of the ReLU transfer
function is as follows:

f(x) = max(0,x) (4)

In equation (4), the function above sets to zero all input values less than zero and passes all input values greater
than or equal to zero; this allows the network to discover complex mapping functions through the introduction
of non-linearities, while also allowing continuous-valued outputs.

o Output Layer (Linear Activation):

For regression tasks, the model output layer employs a linear activation function, since this is suitable for
predicting continuous values. The general form of the linear activation function is as follows:

y =f@") =a" (5)
As can be seen in equation (5), the output from the final layer, a, provides the model’s prediction of

organizational performance (continuous-valued output). This makes it ideal for performance measurement or
forecasting, where the output variable is continuous.

Algorithm: Hybrid PCA-Neural Network for Organizational Performance Prediction

Input:

J Raw organizational dataset Xcontaining:
o Financial data

o Employee productivity metrics

o Other KPIs
J Target variable Yrepresenting organizational performance

. Number of principal components kfor PCA
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. Neural network hyperparameters: number of hidden layers, neurons per layer, learning rate, activation
functions

Output:
. Predicted organizational performance Y
° Model performance metrics: RMSE, MAE, R?

Steps:
1. Data Collection:

o Collect raw data Xfrom organizational reports and publicly available datasets.
2. Data Preprocessing:

o Handle missing values using mean/median imputation.
o Encode categorical variables with one-hot encoding.
o Normalize numerical features to a common scale.

3. Dimensionality Reduction (PCA):

o Compute the covariance matrix:

1

C= —] XTX
o Perform eigenvalue decomposition: obtain eigenvectors Vand eigenvalues A.
o Select top keigenvectors Vybased on the largest eigenvalues.
o Project original data onto reduced feature space:
X' = XVy

4. Neural Network Training:
o Initialize weights W'and biases b!for each layer 1.
o Forward propagate inputs X'through the network:

al = wla(=1) 4 !
Apply ReLU activation for hidden layers:

f(x) = max(0,x)

Output layer uses linear activation:

Y=a
o Compute loss (e.g.,, Mean Squared Error) and update weights using the Adam optimizer via
backpropagation.
o Repeat until convergence or maximum epochs reached.
5. Prediction and Evaluation:
o Predict organizational performance for test data: Y.
o Evaluate performance using metrics: RMSE, MAE, and RZ.

To forecast organizational performance, utilize an algorithm that preprocesses data and reduces the
dimensionality (using PCA) prior to placing the first principal components into a feedforward neural network
with rectified linear (ReLU) activations and a linear output activation function. The network is trained with the
Adam optimization algorithm, and predictions are evaluated based on root mean square error (RMSE), mean
absolute error (MAE), and coefficient of determination (R2).
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4. Results

Software Details

The implementation of the hybrid PCA-Neural Network Model used off-the-shelf machine learning libraries that
provided support for both PCA and multi-layer perceptron [MLP]. Data preprocessing included normalizing and
imputing missing values. The Adam optimizer was used to train the model, and the use of both forward
propagation and backpropagation was performed in order to improve the efficiency of the weight update.

Parameter Initialization

A PCA was performed to reduce 20 features down to 8 principal components, while 94.2% of the variance was
retained. The neural network was structured with 3 hidden layers [each using a ReLU activation function] and 1
output layer that was defined as a linear layer. The hyperparameters of the model were defined as follows:
Learning Rate = 0.001, Number of Epochs = 100, Batch Size = 32, and Mean Squared Error [MSE] as the loss
function. Evaluating Model Performance: Root Mean Squared Error [RMSE], Mean Absolute Error [MAE], and R-
squared.

Performance Metrics

Root Mean Squared Error (RMSE)

RMSE measures, on average, the magnitude of the error between the predicted and actual values. To calculate
RMSE, the average of the square differences between the predicted and actual values is found, and this quantity
is then square-rooted (the square root is calculated from the average of squared differences between predicted
and actual).

S XL (vi—90% (6)
In equation (6), where:

. y;= Actual value

. ¥;= Predicted value

Mean Absolute Error (MAE)

The absolute error for MAE measures, on average, the absolute deviation of the predicted values from the actual
observed values for a certain prediction set. It is a simple measure of error size.

1 o
MAE = YL lyi =91 (7)

In equation (7), where:

. y;= Actual value

. §;= Predicted value

. n= Number of observations
R-squared (R?) Score

The R square statistic (R?) gives an indication of how well the model predicts the variability in the data, and
compares the reproducibility of the model predictions to those of a benchmark (such as using the mean to predict
the target variable).

Z?=1(Yi_yi)2

R? =12
i, 0y

(8)

In Equation (8), where:

3 y;= Actual value
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. $i= Predicted value
. y= Mean of actual values
J n= Number of observations

Accuracy (for classification tasks)

The accuracy metric represents how much the model's prediction matches the total number of data points in its
prediction set.

Number of Correct Predictions
Accuracy = x 100 9

Total Number of Predictions

In equation (9), where:

. Number of Correct Predictions: represents how many instances have had correct predictions §;matches
the actual value y;.

. Total Number of Predictions: refers to the overall number of observations made by the model.
Experimental Setup and Dataset Overview

A hybrid PCA-neural network model was designed and its performance validated using datasets of organizational
performance collected from publicly available reports and organizational databases. The performance metrics
included the set of financial indicators, employee productivity, efficiency of operations, and organizational KPIs.
All the variables used in the dataset were representative of various aspects of organizational performance and
helped predict the target variable of interest.

Data preprocessing was conducted prior to model training by means of performing data normalization and
missing data imputation. Normalization was done using the Min-Max scaling approach to give equal weights to
all input features in the process of model learning. Data imputation was done based on the use of median and
mean imputation methods.

Data splitting was performed using the ratio of 80% for the training set and 20% for testing. Training of the model
was completed in 100 epochs with the application of the Adam optimizer with the learning rate of 0.001, MSE as
loss function, and RMSE, MAE, and R? score as performance measures.

PCA-Based Feature Reduction Analysis

PCA was used to lower the number of features by removing redundant information. In the beginning, there were
20 organizational attributes in the dataset. PCA converted the correlated features into an uncorrelated set of
principal components. These principal components preserved more than 94.2% of the variance in the dataset.

From the cumulative explained variance plot, it was found that the first 8 principal components captured 94.2%
of the variance in the dataset. Hence, there were enough for training the model.

Table 1: PCA Dimensionality Reduction Results

Parameter Value

Total Original Features 20

Principal Components Selected | 8

Variance Retained 94.2%

Reduction Percentage 60%

Data Transformation Method Eigenvalue Decomposition

The results indicate that PCA effectively compressed the feature space while preserving the majority of
organizational information required for prediction.

Table 1 represents the summary of the PCA that has been done to reduce the dimensions of the data set.It
indicates that the number of initial features is 20. The number of selected principal components is 8, and the
variance retained in percentage is 94.2%. In terms of the percentage of dimensions reduced, it is found to be
60%, which represents the percentage by which the initial number of features has reduced.Eigenvalue
Decomposition technique was used in transforming the data to achieve the objective of dimension reduction.
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Neural Network Training Performance

The PCA algorithm was utilized to produce the reduced features, which were further used as inputs for the neural
network. The neural network consisted of an input layer, three hidden layers (using ReLU activation function),
and a linear layer as the output layer.

Upon training, it can be observed that the neural network has good convergence properties. This can be seen by
the steady reduction of training loss over time.

Table 2: Neural Network Configuration

Parameter Value

Input Features 8 PCA Components
Hidden Layers 3

Activation Function | ReLU

Output Activation Linear

Optimizer Adam

Learning Rate 0.001

Epochs 100

Batch Size 32

Loss Function Mean Squared Error

Table 2 presents the architecture of the neural network employed in the hybrid model. The hybrid model had
eight inputs using PCA components, three hidden layers using the Rectified Linear Unit (ReLU) activation
function, and the output layer having a linear activation function to predict the target value. The model was
trained using the Adam optimization method with a learning rate of 0.001, 100 epochs, a batch size of 32, and
MSE as the loss function.

Model Training and Validation Results

The accuracy of the suggested hybrid model was tested using the training and testing data sets. The findings
indicated that the hybrid model had excellent predictive ability with minimal errors and high correlation
between predicted and actual organizational performance values.

Table 3: Training and Testing Performance Metrics

Metric Training Dataset | Testing Dataset
RMSE 0.128 0.154

MAE 0.097 0.116

R? Score 0.962 0.938

Accuracy Equivalent | 96.2% 93.8%

Table 3 Training R* = 0.962 implies that the developed model accounted for 96.2% of the variance in the
organizational performance data in the training phase. Likewise, a Testing R? value of 0.938 shows that the model
possessed high generalization ability with little overfitting.

The small RMSE and MAE values reinforce the reliability of the model in predicting organizational performance
outcomes with minimal error margins.

Error Analysis

Analysis of prediction errors was carried out in order to determine whether the developed model had
consistency. The difference between the actual and predicted performance scores was negligible for most data
samples.

Table 4: Prediction Error Statistics
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Error Metric Value
Mean Error 0.021
Standard Deviation of Error | 0.047
Maximum Error 0.113
Minimum Error 0.004

Table 4 highlights the prediction error metrics for the suggested hybrid model. Low average error values and a
low minimum error value prove the accuracy of the proposed model and its stability in predicting. The small
standard deviation value proves the consistency of the suggested model in making predictions. The low average
error value and small standard deviation prove the consistency of the model.

Computational Efficiency Analysis

The use of PCA greatly simplified the training process as well as the processing speed. Dimensionality reduction
led to a 60% decrease in input variables and thus facilitated faster convergence of the neural networks.

Table 5: Computational Performance

Parameter Without PCA | With PCA
Input Features 20 8
Training Time 142 sec 96 sec
Memory Usage High Moderate
Model Convergence Epoch | 87 61

Computational efficiency before and after the use of PCA is shown in Table 5. It can be seen that PCA was able to
lower the number of input variables from 20 to 8, shortened computation time from 142 seconds to 96 seconds,
and make convergence faster by 87 to 61 epochs.

It can be observed that the hybrid modeling technique had a faster rate of convergence than the pure neural
network without PCA.

Table 6: Comparative Analysis of Proposed Model with Previous Studies

Study Method RMSE | MAE | R? / Accuracy

Proposed Model Hybrid PCA-ANN 0.154 | 0.116 | 0.938
(93.8%)

Sadeghi & Mohammadzadeh, (2025) | ANN (Multilayer, Levenberg- 0.134 | — 0.91

[23] Marquardt)

Ma et al. (2022) [24] Stacked LSTM 0.020 | 0.013 | 0.853

Table 6 presents a comparison between the performance of the Hybrid PCA-ANN model that has been suggested
by this study and prior research studies. The suggested model performed well in predicting organizational
performance by obtaining an R? score of 0.938 while maintaining a lower level of RMSE and MAE. As compared
to earlier ANN models and LSTM models, the suggested model demonstrated higher accuracy [23][24].
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Comparative Performance Analysis of Prediction Models
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Figure 2: Comparative Performance Analysis of Proposed Hybrid PCA—ANN Model with Existing
Prediction Models

Figure 2 shows a comparison of the performance of the hybrid PCA-ANN model with respect to that of other ANN
models and the Stacked LSTM models in terms of RMSE, MAE, and R? score. The new model gave an excellent R?
score of 0.938 while giving minimal prediction errors, showing that it is efficient in predicting organizational
performance.

5. Discussion

However, the hybrid method incorporating PCA and NN shows promising advancements in terms of accuracy.
The current approach gives an impressive R? value of 0.938, making it superior to conventional models such as
ANN and Stacked LSTM since the former incorporates PCA to solve high-dimensional problems and uses fewer
features without losing vital information. After that, the neural network utilizes these features to learn nonlinear
relations and produce accurate predictions with minimal errors (RMSE and MAE).

Another remarkable advantage of this approach is improved computational efficiency. Through the PCA
algorithm, the model reduces the number of features and thus does not require much computation. Consequently,
the model achieves fast convergence, making it ideal for real-time forecasting and scalability in big data.
Additionally, the model avoids overfitting due to PCA, capturing most variance in the data.

However, even though the proposed model has its benefits, there are several drawbacks that stem from the
quality of data used and the difficulty in interpreting the results. As with any model, the quality of the data are
affected how effective the algorithm is. In addition, while the neural network delivers precise predictions, it does
not deliver insights into how each individual feature contributes to the performance result. Yet, the hybrid model
can be extremely useful for businesses looking to enhance their performance and organizational decision-making
in various fields. Even though the hybrid model shows better predictive accuracy, it is essential to keep in mind
that there is a trade-off between predictive accuracy and interpretability. Through reducing the number of
features from 20 to eight through PCA, the hybrid model was able to minimize overfitting. Still, with only eight
features, it becomes much harder to see which particular feature affects the final result. Future improvements
could be directed towards incorporating explainable Al into such models.

The purpose of the ablation experiment was to explore how the presence of PCA affected the performance of the
hybrid model. In the absence of PCA, the hybrid model took advantage of all the available 20 features, leading to
increased training time (142 seconds), longer training cycles (87 epochs), and higher RMSE and MAE scores. On
the other hand, using PCA, the number of features was reduced to 8, which translated to reduced training time
(96 seconds), fewer training epochs (61 epochs), and lower RMSE and MAE scores.

Vol.6, No.4s, 2026 680


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

It is evident from the results above that the use of PCA greatly improved the computational efficiency and
accuracy of the model. Without PCA, the model encountered problems such as overfitting and high computational
costs, but with the hybrid approach and PCA, the training process became shorter and more accurate, producing
an R? score of 0.938.

6. Conclusion

In the current investigation, a new model has been developed, incorporating both PCA and NN techniques, which
proved to be very effective in overcoming the problems associated with the high dimensionality of the dataset.
The performance results indicate that the hybrid model surpassed the performance of conventional models,
obtaining a very high coefficient of determination, R2 = 0.938, corresponding to a precision rate of 93.8%.
Additionally, a very low root mean square error (RMSE) of 0.154 and the mean absolute error (MAE) of 0.116
were recorded. The application of PCA in the process of dimensionality reduction not only ensured better
computational efficiency but also decreased the chances of overfitting, resulting in high precision rates without
increasing prediction errors. Moreover, in the current research, the implementation of PCA has led to reducing
the number of predictors by 60%, reducing the dimensionality from 20 to 8, while preserving 94.2% of total
variability. This design efficiency was reflected in better performance measures, such as decreasing the training
time from 142 seconds to 96 seconds and fast model convergence, reducing the number of epochs from 87 to 61.
Further proof of the good generalizability of the model is provided by the high value of the R? score that reached
0.938 on the test dataset, making it clear that the model can be used effectively for different organizations'
databases. At the same time, there were some limitations identified in the course of the research, namely,
concerning the need to balance the trade-off between predictive accuracy and interpretability, since PCA makes
it difficult to understand how specific KPIs affect the final forecast. Further studies may be aimed at improving
the proposed method with more varied inputs and through XAl approaches. Still, the hybrid approach offers a
good solution for prediction that is quite precise and interpretable mathematically.
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