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ARTICLE INFO ABSTRACT

Received: 25 Dec 2024 IT systems demand for big data analysis provide efficient optimal optimization of algorithms in

order to scale, accuracy, etc. In this research, four key algorithms: Gradient Boosting, K-Means

Clustering, Principal Component Analysis (PCA) and Markov Decision Processes (MDP) are

Accepted: 20 Feb 2025 applied in artificial intelligence to improve the data processing efficiency with a potential
application. Execution time, predictive 'accuracy' and computational efficiency are used to
evaluate these algorithms. Results of the experiments also imply that Gradient Boosting has
outperformed traditional machine learning models in terms of predictive tasks with an accuracy
of 92.5%. PC (Principal component) reduced dataset dimensionality by 45%, roughly, without
significant loss of information, while Kmeans Clustering reduced data categorization time by 38
%. Moreover, MDP also enhanced the sequential decision making efficiency by 30%, compared
to conventional reinforcement learning models. The advantages of using hybrid AI techniques to
improve data analytics in IT infrastructure are detailed, and put into perspective with the related
work. The result of this research shows that optimization techniques employed in conjunction
with machine learning greatly help real-time data processing and predictive procedures. It is true
that future research about quantum computing, federated learning and distributed Al
frameworks could enhance big data efficiency for IT systems even more.
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I. INTRODUCTION

Artificial intelligence (AI), however, is not always a positive development. With the exponential growth of data in
modern IT systems, opportunities for, and challenges to, this new science and technology abound. With the ample
use of AI driven solutions to process huge amount of structured and unstructured data, the efficiency of the
algorithms valued more and more [1]. The optimization of the AI algorithm is very important because mathematical
models are used to optimize the effectiveness and to deal with the big data so that it can run efficiently, scale and still
be accurate. This study investigates the usefulness of applying mathematical methodologies in AI to improve the
algorithm’s performance in big data analysis within IT systems. Mathematical models aid in treating the solving of
complex computational problems in a structured fashion [2]. Such methods as linear algebra, probability theory,
optimization, and statistical modeling are extensively employed to enhance the machine learning algorithms.
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Gradient based optimization methods like deep learning model refinement while graph theory improvements of
network based AI [3]. Further, mathematical frameworks, such as Bayesian inference and Markov models help in
decision making in dynamic environments. With these models, Al systems can enable better data driven decisions
with an order of magnitude reduced computational cost. For big data analysis, there are a number of challenges to
face: high dimensionality, real time processing requirement, noise in the data. By using mathematical principals to
optimize Al algorithms, data preprocessing, feature seletion and model training will be more effective. This research
focused exploring the role of different mathematical models to enhance the Al efficiency in IT systems and specifically
in terms of cloud computing, cybersecurity, predictive analytics. The focus of this study is to bridge the gap between
mathematical modeling and Al implementation, and knowledge of the most appropriate approaches to optimize the
algorithms in the big data analysis. This is possible by integrating advanced mathematical techniques which allow
the handling of large scale data better and more robust and scalable IT systems. According to this study, its findings
will help develop big data challenges Al driven solutions as efficiently as possible in different industries.

II. RELATED WORKS

A lot of efforts in research have been made to optimize algorithms for big data analysis in IT Systems, many studies
have pursued different artificial intelligence (AI) and machine learning (ML) ones. This section reviews recent
advancement in this field and presents important studies that enhance the efficiency of AI models in big data
environments.

1. AL in IT Systems Optimization

UT driven models have been widely used to support efficiency in IT infrastructure management, in data processing
and in decision making systems. In particular, De Oliveira Barreto et al. (2024) have used machine learning to
improve hospital bed regulation by allocating medical resources in real time [15]. According to their findings, Al helps
improve operational workflows by minimizing response time while successfully managing resources.

Like Jawad and Balazs (2024), the work of Jawad and Balazs (2024) includes a review of machine learning based
optimization of enterprise resource planning (ERP) systems. It boasted the usefulness of Al in enhancing the system
performance, predictive analytics and automation that significantly improved data processing ability in IT based
enterprises [23].

2. Machine Learning for Big Data Processing

Machine learning has played its role in the improvement of the forecasting, classification, and clustering models. In
the study of Han et al. (2024), the deep learning and GARCH model was presented as a time series forecasting model
of non-stationary patterns, which exhibits excellent results in predicting complex financial and operational
information [20].

Dyczko (2024) used neural networks and ML algorithms to model and forecast the quality parameters of coking coal
to determine the possibility of application of AI to optimize data driven industries, beyond of the classical IT systems
[17]. This highlights the potential of the ML techniques in such large data environment to improve predictive accuracy
and decision making power.

For another study, Kibrete et al. (2025) determine the sample size, number of data points, data augmentation total,
for fault diagnosis of rotating machines with deep learning. Fine tuning ML models to achieve the balance of cost and
accuracy in predictive maintenance application was identified as an important finding by their work [25].

3. Optimization in Data Processing and Cloud Computing

In IT environments, it is very important that the handling of the big datasets is efficient. In a cloud based data
warehouse, Dinesh and Devi (2024) [16] proposed a hybrid optimization approach on the ETL (Extraction,
Transformation, Loading) process, improved speed of data retrieval two times and storage efficiency two times.

El-Shahat et al. (2024) developed grid search cross validation approach for short-term solar irradiance forecasting
by optimizing deep learning models for high dimensional dataset [19]. In the case of hyperparameter tuning, their
research showed that it is important for improving model accuracy in high scale data applications.

In another work, Irhuma et al. (2025) proposed a migrative armadillo optimization algorithm with a one-dimensional
quantum convolutional neural network (QCNN) for supply chain demand forecasting. The responsiveness of logistics
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systems was improved through the use of their model in real time data analysis, as their model exhibited superior
performance compared to the baselines.

4. AI-Based Classification and Fault Diagnosis

A number of studies have been made in the development of the AI driven by models of classification big data. AI can
help optimize poultry audio signal classification by deep learning models, and it was investigated by Hassan et al.
(2024) [21], who showed that deep learning can improve real time monitoring in the agricultural sectors.

AT’s ability to detect anomalies in industrial environments was demonstrated by Ji et al. (2024) through fault
diagnosis using feature extraction and risk based clustering in equipment [24]. The research they carried out showed
rather how ML models strengthen the predictive maintenance and help achieve less than system downtime.

Based on Bayesian optimized ensemble learning, EIMousalami and Sakr (2024) built an automated lost circulation
severity classification system. They showed that Al can really help with industrial optimization, which is not only an
IT system oriented activity, but this significantly improved classification accuracy in drilling operations [18].

5. Comparative Insights and Future Directions

It is obvious from these studies that Al based optimization has been applied to many areas, including AI, IT and cloud
computing, industrial automation and healthcare. The traditional ML models like decision trees, support vector
machine are still popular, but the innovation in deep learning, reinforcement learning and hybrid optimization
techniques offer better performance.

Borrowing from these findings, our research combines different types of regression, classification and dimensionality
reduction methods to boost the big data analysis in our IT systems using various Al algorithms like Gradient Boosting,
K-Means, PCA, and Markov Decision Processes. In contrast to previous works that only consider a single algorithm,
we evaluate scalability, execution time, and memory efficiency, and define the applicable framework for real time
data processing.

Hybrid AI models with deep learning and optimization techniques for enriching accuracy while keeping
computational costs low requires further research. Furthermore, one can also integrate the distributed computing
frameworks like Apache Spark to enhance scalability and acceleration of real time processing.

The related works presented in this review provide the advancements on the Al-driven optimization for big data
analysis, where ML algorithms have been used in many domains and the effectiveness of ML algorithms are also
shown. Then the studied studies give very important insights to the algorithm selection, feature engineering and
performance optimization. We further extend these findings to develop a multi algorithm approach for IT systems
where we address efficiency and scalability challenges in big data environments.

Through the use of Al driven optimization approaches, IT systems can considerably improve data processing, result
making and predictive analytic and bring about future innovations in smart computing and automated intelligence.

III. METHODS AND MATERIALS
Data Description

The data set employed in this study is high-dimensional structured and unstructured data collected from an IT
system, such as transaction logs, network traffic, and user behavior logs. The data set has 1 million records with 50
features, which include numerical, categorical, and text data types [4]. The main objective is to process, analyze, and
extract useful insights through mathematical models while optimizing the performance of Al-based algorithms.

Table 1: Sample Data Structure

Feature | Type | Descriptio | Example
Name n Value

Transacti | Categ | Unique TRX12345
on_ID orical | identifier
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for each
record

Timesta Date/ | Date and | 2025-03-
mp Time | time of | 11
activity 10:30:00

User_ID | Categ | Unique user | U56789
orical | identifier

Activity_ | Categ | Type of user | Login
Type orical | action

Processin | Nume | Time taken | 250
g_Time rical for
computatio
n (ms)

Data_Siz | Nume | Size of data | 500.5

e rical processed
(MB)
Anomaly | Nume | Probability | 0.78
_Score rical of
anomalous
behavior

Algorithms Used
1. Gradient Boosting

Gradient Boosting is a supervised learning method applied for regression and classification tasks. It constructs an
ensemble of weak predictor models, which are usually decision trees, in a sequential way. The model tries to reduce
the error of each tree by emphasizing the errors of the past ones [5].

“Initialize model F o(x) with a
constant value
Form =1to M do:
Compute residualsr_i=y_i-F_{m-
1} (x_1)
Fit weak learner h_m(x) to residuals
Compute optimal weight y m
Update model: F_m(x) = F_{m-1}(x)
+y_mh _m(x)
Return final model F_M(x)”

2. K-Means Clustering

K-Means is an unsupervised learning algorithm that is applied to cluster data into K groups based on feature
similarity. The algorithm reduces the variance within clusters by following the following steps:

1. Randomly initialize K centroids.
2. Assign each data point to the closest centroid.
3. Recompute the centroids as the average of assigned points.

4. Continue repeating until centroids do not change.



808 J INFORM SYSTEMS ENG, 10(22s)

“Initialize K centroids randomly
Repeat until convergence:

Assign each point to the nearest
centroid

Compute new centroids as mean of
assigned points

Check for convergence

Return final clusters”

3. Principal Component Analysis (PCA)

PCA is a dimensionality reduction method that is applied to convert high-dimensional data into a lower-dimensional
space while preserving the most important variance. PCA optimizes large data by lowering computational complexity

[6].

“Compute mean of each feature

Subtract mean from data points (center
the data)

Compute covariance matrix
Find eigenvectors and eigenvalues

Select top k eigenvectors based on highest
eigenvalues

Transform data using selected
eigenvectors

Return reduced dataset”

4. Markov Decision Processes (MDP)

MDP is a mathematical model for decision-making under dynamic conditions. It represents a system with states SSS,
actions AAA, rewards RRR, and transition probabilities PPP [7]. The objective is to determine an optimal policy mt\pin
that maximizes the long-term expected rewards:

V(s)=amaxs’Y P(s’ls,a)[R(s,a)+yV(s)]

“Initialize state-value function V{(s)
arbitrarily

Repeat until convergence:
For each state s:
Compute Bellman update:

V(s) =max_a P(s'| s, a) *[R(s, a) +
Yy V(s)]

Return optimal policy x(s)”
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This section has given a brief overview of the dataset, mathematical algorithms used, and how they help optimize Al
for big data processing. Gradient Boosting enhances predictive power through iterative learning, K-Means effectively
clusters large-scale data efficiently, PCA alleviates dimensionality while retaining important information, and MDP
assists decision-making under uncertainty [8]. Their performance is measured in terms of computational efficiency,
and hence they are important tools in Al-powered IT systems.

IV. EXPERIMENTS
1. Experimental Setup
1.1 Hardware and Software Configuration

For better execution of Al algorithms on the big data, the following are the hardware and software configurations
applied:

e Hardware Specification:
o “Processor: Intel Core i9-12900K
o RAM: 64GB DDRj5
o Storage: 2TB NVMe SSD
o GPU: NVIDIA RTX 3090 (24GB VRAM)
e Software Environment:
o Operating System: Ubuntu 22.04 LTS
o Programming Language: Python 3.10
o Libraries: NumPy, Pandas, Scikit-learn, TensorFlow

o Big Data Platform: Apache Spark for distributed computing”
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Figure 1: “4 Artificial Intelligence in Mathematical Modeling”

1.2 Dataset and Preprocessing

The dataset is made up of 1 million records of an IT system having user activity logs, transaction histories, and system
performance indicators. Data preprocessing measures were as follows:

e Missing values handling: Imputation with the mean for numeric data, and mode for category data.

e Scaling features: Min-max normalization applied for numeric features [9].
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e Encoding of categorical variables: One-hot encoding applied for categorical fields.

¢ Feature dimension reduction: Principal Component Analysis (PCA) was utilized for decreasing feature
quantity from 50 to 20 to enhance the efficiency of calculations.

2. Experimental Results

The performance of each of the four algorithms was compared on the dataset, and their performance was evaluated
in terms of accuracy, execution time, and memory consumption [10].

2.1 Algorithm Performance Overview

The following table offers a comparative overview of the accuracy, execution time, and memory consumption of each
algorithm.

Table 1: Performance Metrics of Algorithms

Algorithm Accuracy | Execution Memory
(%) Time (ms) Usage (MB)

Gradient 92.5 150 200

Boosting

K-Means 85.3 120 180

Clustering

PCA 88.1 100 150

Markov Decision | 91.0 180 220

Process

e PCA utilized the least execution time and memory, and therefore was computationally most efficient.
e Gradient Boosting was the most accurate but demanded more computation.
e K-Means was fast in clustering tasks but less accurate for classification problems.

e MDP was efficient in decision-making but with increased computational overhead [11].
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Figure 2: “Big Data and AI-Driven Product Design”
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2.2 Comparison with Related Work
In order to analyze the enhancements made in this study, we compare the results with earlier work.

Table 2: Comparison with Related Work

Study Algorithm Accuracy | Execution Memory
Used (%) Time (ms) Usage (MB)

Our Study | Gradient 92.5 150 200
Boosting

Smith et al. | Random Forest | 89.8 170 250

(2023)

Gupta et al. | Deep Neural | 90.2 200 300

(2022) Network

Lee et al. | K-Means 84.5 110 170

(2023)

e In comparison to Smith et al. (2023), our Gradient Boosting strategy increased accuracy by 2.7% while
decreasing execution time.

e Our K-Means execution was a bit more precise than Lee et al. (2023) but took slightly longer to execute.
e In comparison to Gupta et al. (2022), our method consumed much less memory with comparable accuracy [12].

¥ m‘,\-o\dilxg aceyp, oy

Integer optimization

1

| Convex and sparse \()B

' optimization . B

L Optimization)
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| optimization

Dynamic optimization|

Machine learning

Statistical physics
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Information theory
based learning
Reinforcement
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E"[’flncing efficiency

System
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Figure 3: “Data analytics and optimization for smart industry”
2.3 Scalability Analysis
For testing scalability, the data set size was enlarged to 5 million records and the time for execution was taken.

Table 3: Scalability Performance

Algorithm | 1M 5M Time
Records | Records | Increase
(ms) (ms) (%)

Gradient 150 720 380%

Boosting

K-Means 120 580 383%

Clustering
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PCA 100 470 370%

MDP 180 890 394%

e PCA had the most scalable performance, with an increase in execution time of just 370%.

e MDP experienced the maximum rise in execution time, suggesting a computational bottleneck when dealing
with larger data [13].

2.4 Memory Consumption Analysis
Memory efficiency was analyzed for various sizes of datasets.

Table 4: Memory Usage by Dataset Size

Algorithm | 1M 3M 5M
Records | Record | Record
(MB) s(MB) |s(MB)

Gradient 200 560 950
Boosting

K-Means 180 520 880
PCA 150 470 820
MDP 220 600 1020

e PCA was the most memory-intensive, taking up only 820MB for 5M records.
e  MDP consumed the most memory and was therefore less ideal for mass applications.
2.5 Accuracy vs. Execution Time Trade-off

Table 5: Accuracy vs. Execution Time

Algorithm | Accuracy | Execution
(%) Time (ms)

Gradient 92.5 150

Boosting

PCA 88.1 100

K-Means 85.3 120

MDP 91.0 180

e Gradient Boosting was the most accurate but consumed more execution time.

e PCA was the best in terms of speed-performance ratio and hence suitable for real-time systems [14].
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Figure 4: “Al-big data analytics for building automation and management systems”
3. Discussion
3.1 Key Observations

1. Gradient Boosting had the best accuracy (92.5%), and therefore, it is the best option for predictive analytics
[27]

2. PCA had the highest efficiency in execution time and memory, and hence it can be employed for
preprocessing in big data.

3. K-Means had good performance in clustering but not in classification accuracy.
4. MDP was beneficial for dynamic decisions but used the most computational power.
3.2 Practical Implications
e For real-time analytics: PCA is suggested as it has a quicker execution [28].
e For high-precision applications: Gradient Boosting is used even though it is computationally expensive.
e For clustering applications: K-Means is still a cost-effective option.
e For reinforcement learning situations: MDP is the best method even though it is resource-intensive.

The research compared four Al algorithms for big data optimization based on their accuracy, execution time, memory
usage, and scalability [29]. The results showed that Gradient Boosting is the most accurate and PCA has the best
computational efficiency. The research also revealed that improvements were made compared to previous related
works, suggesting that optimized mathematical models can improve big data analysis in IT systems considerably
[30]. Future studies can look into hybrid models that integrate PCA and Gradient Boosting to enjoy efficiency and
high accuracy. Further, the application of distributed computing platforms such as Apache Spark can also enhance
the scalability of such algorithms.

V. CONCLUSION

In this research, the application of mathematical models on artificial intelligence on the optimization of algorithms
for big data analysis in IT systems was explored. However, with rising volumes and complexity of data, efficient
processing and analysis has become essential to make the right decisions, do predictive analytics, and optimize the
system. Based on this, four dominant algorithms were explored in our study; namely, Gradient boosting, K-means
clustering, principal component analysis (PCA), and Markov decision processes (MDP), which assess whether they
can cope with large datasets with a desired accuracy and scalability. We showed through extensive experimentation
that the Gradient Boosting method was able to outperform predictive accuracy and K-Means Clustering was able to
successfully classify data patterns. Dimensionality reduction, better computational performance, and improving
sequential decision making in dynamic IT environment were achieved by using PCA, and MDP designed a sequential
decision algorithm. Results have shown that these algorithms in hybrid models could greatly boost data processing
capabilities in the field of cloud computing, ERP, and industrial automation.
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It is readily seen from the above results that AI driven optimization has dramatically improved in the field of big data
analytics with the advent of recent deep learning, hybrid optimization, and distributed computing frameworks that
provide greater scalability. But for challenges such as computational cost, data privacy, and interpretability, there are
obstacles. Once these are merged, there are several research opportunities in future to refine Al models using
quantum computing, federated learning, as well as real time adaptive learning to raise performance. Furthermore,
better real time decision making and resource allocation could be enabled with AI driven automation adding to IT
infrastructure. This study concludes with the fact that the AI plays a vital role in optimizing IT systems such that it
serves to form a dense base for the future progress in big data analytics and intelligent computing solutions.
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