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Abstract—Big Data analytics has become an essential tool for
IT management, enabling data-driven decision-making in various
areas, such as resource allocation and strategic planning. This
research examines the use of ARIMA (Auto Regressive Integrated
Moving Average) models to improve decision-making in IT
management. ARIMA is a popular time-series forecasting method
that provides predictive skills, allowing businesses to foresee
future patterns and base decisions on historical data analysis.
ARIMA models are beneficial in strategic planning by predicting
market trends, service demand, and IT resource utilization, which
helps firms make proactive resource allocation decisions and
maximize operational efficiency. Additionally, ARIMA aids
predictive maintenance techniques by forecasting equipment
failures and maintenance needs, enabling businesses to reduce
downtime and interruptions in critical IT systems. For resource
allocation, ARIMA simplifies IT budget optimization by
predicting spending needs and identifying potential cost-saving
areas. Through accurate forecasts of future budgetary
requirements, ARIMA facilitates smart financial resource
allocation, investment prioritization, and efficient cost
containment, all while optimizing value delivery. Furthermore,
ARIMA supports risk management initiatives by evaluating and
predicting risks associated with IT projects, operations, and
investments. Analyzing historical data and identifying potential
risks and vulnerabilities, ARIMA enables firms to mitigate risks,
limit adverse effects on business operations, and enhance decision-
making processes. Integrating ARIMA into data-driven decision-
making processes for strategic planning and resource allocation in
IT management has great potential to improve organizational
efficiency,  agility, = competitiveness, and  effectiveness.
Implemented using Python, the proposed approach has an MSE of
1.25, making it more efficient than current techniques like
exponential smoothing and moving average.

Keywords—Autoregressive integrated moving average; big data
analytics; strategic planning; IT management; time-series
forecasting

I.  INTRODUCTION

Organizations must successfully use enormous volumes of
data to improve performance, streamline operations, and inform
strategic decision-making in the quickly changing field of IT
[1], [2]. Big Data analytics has become a game-changing

strategy for IT management as a result of this difficulty.
Utilizing cutting-edge analytical methods and tools to process,
examine, and extract useful information from sizable and
intricate databases is known as big data analytics [3], [4]. The
widespread use of digital technology, together with the rapid
expansion of data produced by diverse sources such sensors,
gadgets, apps, and online interactions, has resulted in the
collection of enormous amounts of data, which are sometimes
referred to as "big data.” The magnitude, velocity, and diversity
of big data frequently make traditional tools and methods for
handling and analyzing it insufficient, forcing the adoption of
new strategies and technologies [5].

Big data analytics in IT management encompasses a wide
range of technologies and use cases, including capacity
planning, risk management, cybersecurity, resource allocation,
and performance monitoring [6]. By utilizing big data,
organizations can gain a comprehensive understanding of their
IT infrastructure, detect emerging trends and patterns, and
identify anomalies and threats. This enables them to make
informed, data-driven decisions to optimize IT operations and
investments. Big data analytics enhances the ability of
businesses to extract value from their data assets, leading to
increased efficiency, productivity, and innovation [7]. Through
advanced analytics, organizations can uncover opportunities for
process optimization, product innovation, customer
engagement, and revenue growth. Analyzing large volumes of
data, businesses can gain insights into their IT environments,
anticipate future requirements, and address potential issues
proactively [8]. This proactive approach not only improves
operational efficiency but also strengthens the organization's
capacity to innovate and adapt to evolving market conditions.
By integrating big data analytics into their IT management
practices, organizations can make better-informed decisions,
optimize resource allocation, and achieve sustainable growth.
Ultimately, leveraging big data analytics allows businesses to
enhance their competitive edge and drive ongoing
improvements in their IT operations and overall performance.

In this era of digital transformation, organizations that
embrace Big Data Analytics for IT management stand to gain a
significant competitive advantage. However, realizing the full
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potential of Big Data Analytics requires a strategic approach,
investment in technology infrastructure, talent development,
and a culture of data-driven decision-making across the
organization [9]. This paper explores the principles,
methodologies, best practices, and challenges associated with
Big Data Analytics for IT management. It examines the role of
Big Data Analytics in driving strategic initiatives, optimizing
resource allocation, and enhancing overall organizational
performance [10].

In the current digital era, enterprises are overloaded with
enormous volumes of data produced by several sources inside
their IT architecture [11]. IT administration has both
possibilities and problems as a result of this data explosion.
Organizations have to deal with the challenges of organizing,
interpreting, and gaining value from this data on the one hand
[12]. However, the abundance of data presents hitherto unseen
possibilities for resource allocation, strategic planning, and
well-informed decision-making. Big Data analytics has become
a game-changing method for IT administration, enabling
businesses to use data to drive strategic goals and maximize
resource usage [13]. Organizations may obtain meaningful
insights from massive amounts of data by utilizing automation
technologies, machine learning algorithms, and sophisticated
analytical approaches. This allows them to make data-driven
decisions.

In this regard, enterprises looking to acquire a competitive
edge in the quickly changing digital world of today find great
potential at the nexus of IT management and big data analytics.
Organizations may efficiently address issues like performance
optimization, risk management, and cost reduction while also
opening up new avenues for innovation, efficiency, and growth
by adopting data-driven decision-making. This essay examines
the function of big data analytics in IT administration and how
it affects resource allocation and strategic planning decisions
that are based on data. It looks at the approaches, resources, and
best practices related to using big data for IT management while
showcasing case studies and real-world examples from a range
of sectors. Additionally, the paper explores data governance,
privacy problems, organizational culture, and other issues that
come with taking a data-driven approach to IT administration.
In addition, it addresses new developments and potential paths
in the field of big data analytics for IT management, providing
useful information on how businesses may stay on the cutting
edge and use data as a tactical advantage. The goal of this article
is to give a thorough review of big data analytics for IT
management and how it helps with resource allocation and
strategic planning by enabling data-driven decision-making.
Organizations may position themselves for success in a world
that is becoming more and more data-driven by realizing the
promise of big data analytics and adopting a data-driven
attitude.

The key contributions of the article are,

e The article presents ARIMA models as a potent
instrument for improving IT management decision-
making. The predictive power of ARIMA, a popular
time-series forecasting method, is emphasized as it helps
businesses identify future trends by using analysis of
past data.
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e ARIMA models are used to anticipate a number of
factors that are essential for strategic planning in IT
management, including as market trends, service
demand, and the use of IT resources. Organizations may
proactively manage resources, maximize operational
efficiency, and make well-informed decisions that are in
line with corporate goals with the help of this
forecasting capabilities.

e By predicting equipment failures and maintenance
needs in vital IT systems, the study supports predictive
maintenance techniques. This improves overall system
dependability and operational continuity by allowing
enterprises to reduce downtime and interruptions.

e By precisely estimating expenditure needs and spotting
areas for cost savings, ARIMA helps optimize IT
expenditures. This makes it possible for businesses to
maximize value delivery while carefully allocating
financial resources, setting investment priorities, and
successfully controlling expenses.

The remainder of the article includes related works,
problem statement, methodology and results in Sections I, 111,
IV and V. The paper is concluded in Section VI.

Il. RELATED WORKS

Decisions remain crucial for society, organizations, and
scholars [14]. To achieve data-driven decision-making in the
future, decision study must realign to include new subjects such
as massive data sets, analytics, machine learning, and
automated decision-making. Consequently, decision models
must be significantly altered to reflect these new realities. This
study introduces DECAS, a contemporary data-driven decision
theory that builds upon conventional decision theory by
proposing three primary claims: (1) big data and analytics
should be viewed as distinct components; (2) collaboration
between analytics and decision makers can produce
collaborative reasoning that surpasses traditionally centered
rationality; and (3) integrating data and analytics with
conventional decision-making components can lead to better
choices. The DECAS theory is developed and explained
through various data-driven decision scenarios, demonstrating
how these integrations enhance decision quality and
effectiveness. This approach aims to align decision-making
processes with the evolving landscape of information
technology and analytics, ensuring more informed and accurate
decisions in the years to come.

The research examines the experiences of promotional
divisions transitioning to fully data-driven decision-making
organizations. It compares a managed approach, where senior
management enhances the influence of individuals with
analytical skills, with a natural strategy of decentralized
sensemaking [15]. To gather data, 15 in-depth interviews were
conducted with advertising and analytics specialists in the US
and Europe involved in BDA deployment, complemented by a
survey of 298 managerial professionals in the US working in
marketing and statistics. The findings support the reasoning that
BDA sensemaking is initiated by executives and comprises four
main activities: acquiring external expertise, enhancing the
quality of digitized data, experimenting with big data analytics,
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and disseminating big data analytics information. Executive
management increases the impact of BDA-skilled staff
members and facilitates sensemaking to further the movement
towards data-driven decision-making. The research suggests
that while a shift towards enterprise analytics enhances the
marketing group's access to higher-quality resources, the
reliability of promotional insights obtained via BDA may be
impeded by this strategy. This study offers a framework for
improving the standard of data-driven decision-making and
understanding in marketing.

The main problem facing PRM is that its current methods
and instruments are unable to keep up with the increasing levels
of rivalry, market volatility, detrimental business models, and
an explosion in the variety of advances in technology and
creativity [16]. As a result, assets are either abundant or scarce,
and expenses are created. The main resource management
issues that the asset-intensive EPC sector faces are covered in
the present piece. In order to pinpoint the main sources of the
problems, the Ishikawa graph and Pareto chart were also used
to model and analyze them. This paper creates a combined
blockchain-loT structure to provide business data and increase
the efficiency of the PRM procedure for the EPC businesses
taking into account the aforementioned difficulties. The created
framework gives the EPC businesses the ability to record data
in real-time and coordinate resources autonomously. It also
increases the ability for decentralization, unreliable
interactions, safety, and accountability, all of which enhance
process flexibility. This paper offers a fresh perspective on
leveraging blockchain in conjunction with the benefits of loT
devices. It also provides guidance to additional asset-intensive
sectors looking to redesign their PRM in a way that is more
adaptable.

According to the Industry 4.0 plan, businesses can meet
client demands faster thanks to the digitalization of the supply
chain [17]. This suggests that broad data accessibility, fast
expanding social media platforms, and high internet usage have
a substantial impact on consumer buying trends and purchasing
behaviours. With the integration of relevant supporting
structures, this trend empowers businesses to begin making
digital changes based on client requirements. In accordance
with sharing data, a materials resource administration and
allocation strategy involving supply chain participants is
designed in this study. By employing the suggested hybrid
Industry 3.5 approach, producers could flexibly choose actions
and effectively assign common components to increase their
consumer’s fulfilment rate with the use of constantly upgraded
sharing of data of consumers' periodic predicted demand. For
this framework, a case analysis of a highly capital-intensive
semiconductor industry is also provided. The findings
demonstrate the scientific worth of the cooperative approach to
material resource administration in intelligent supply chains,
which may be able to meet the necessary 90 percent client
material fulfilment rate.

The article examines the process of big data's effect on
financial decision-making by examining four aspects: the way
big data enhances forecasting's details, the way big data makes
decisions more relevant, the way big data creates novel
advantages for companies, and the way big data encourages
changing decision-making [18]. It depends on the theories of
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knowledge imbalance, principal-agent, and managing risks.
Secondly, it highlight the real-world leadership issues and the
impact of using big data platforms to address them by analyzing
particular application instances of corporate big data in finance
decisions. An organization that successfully integrates finance
and business will be more capable to steer corporate
development and raise standards of leadership internally, both
of which will boost its primary competitiveness. The
incorporation of different financial administration components,
such as managing budgets, capital administration, fixed
managing assets, and accounting for finances, to the business
activities of firms is fundamentally how industry and finance
are integrated. Lastly, the paper's study will serve as a guide for
other businesses of similar kinds looking to use big data to
improve financial decision-making. When big data is applied,
purchasing management, controlling production, capital
budgeting, and investment decision-making vyield greater
financial returns than in the past. The conclusion is that large
amounts of information can be utilized to support company
decision-making comprehensively in the big data era. This can
help break down financial and business obstacles, increase
forecasting and prior alerting capacity, optimize organizational
framework and employees, while enhancing decision-making
effectiveness and accuracy. The use of large-scale data
technologies is now essential for improving company value and
supporting financial decision-making.

The aim is to formulate a fact-based and data-driven
approach to PPM [19]. In order to move profitability evaluation
from the business level to the item level, the research looks at
the manner in which the PPM method is absorbed in businesses
and suggests a framework that encompasses all PPM
improvement areas. The PPM procedure along with other
significant company procedures, data-driven decision-making,
corporate data resources, and corporate IT are the main areas of
emphasis for this research. The results show that before
modifying corporate IT to use information resources for data-
driven, based on reality PPM, the important strategic
significance of the PPM process with associated objectives and
performance metrics need to be integrated. Effectively
connecting the PPM process, corporate-wide controlled data
resources, and commercial IT platforms to reach their full
capability for informed choices throughout lifetime provides
the tools for a data-driven strategy. The novel contribution is
the introduction of a notion for data-driven, based on reality
PPM that is distinct from technologies.

In the realm of data-driven decision-making, the landscape
is evolving to accommodate emerging technologies such as big
data analytics, machine learning, and automation. This shift
necessitates a reevaluation of decision theory and models to
incorporate these new components effectively. Meanwhile,
research into the transition of promotional divisions towards
data-driven decision-making organizations reveals contrasting
approaches: a managed method emphasizing the influence of
analytical skills at the senior management level versus a
decentralized approach of sensemaking. Findings suggest that
executive leadership plays a pivotal role in facilitating
sensemaking and advancing data-driven decision-making.
Similarly, challenges faced by asset-intensive sectors like the
EPC industry prompt the exploration of innovative solutions
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such as a combined blockchain-loT framework to enhance
project resource management. The integration of Industry 4.0
principles into supply chain management highlights the
transformative impact of digitalization on meeting consumer
demands and fostering collaboration among supply chain
participants. Moreover, the utilization of big data in financial
decision-making demonstrates its potential to enhance
forecasting accuracy, relevance of decisions, and overall
business performance. Lastly, a fact-based and data-driven
approach to PPM is advocated, emphasizing the integration of
PPM processes with corporate data resources and IT platforms
to enable informed decision-making at both the business and
item levels. These studies collectively underscore the
importance of embracing data-driven strategies and leveraging
technological advancements to drive organizational success
and innovation in various domains.

I1l. PROBLEM STATEMENT

Current big data analytics techniques in IT administration,
particularly concerning resource allocation and strategic
planning, have significant shortcomings. Existing approaches,
such as moving average and exponential smoothing techniques,
often lack the predictive accuracy and scalability required to
effectively forecast IT resource utilization, service demand, and
market trends. These limitations result in suboptimal decision-
making outcomes due to their inability to capture the complex
patterns inherent in IT data, leading to inaccuracies and
inefficiencies [18]. To address these drawbacks, there is an
urgent need for a more advanced and reliable forecasting

Data Collection
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technique. The proposed solution is the use of ARIMA models.
ARIMA's sophisticated time-series forecasting capabilities
enable organizations to analyze historical data and anticipate
future trends more reliably and accurately. By incorporating
ARIMA into data-driven decision-making processes,
organizations can improve strategic planning efforts, allocate
resources more efficiently, and foster innovation. This
integration will ultimately lead to better business performance
and success in the rapidly evolving field of IT management.

IV. PROPOSED ARIMA FOR DECISION MAKING IN IT
MANAGEMENT

In the process of employing ARIMA for strategic data-
driven decision-making in the realm of IT management, several
crucial steps are undertaken. Initially, data collection gathers
relevant information pertaining to IT resources, performance
metrics, and historical trends. Subsequently, preprocessing
techniques such as Min-Max normalization are applied to
ensure uniformity and scale across the dataset, enabling more
effective analysis. EDA follows, where patterns, trends, and
outliers are identified to gain deeper insights into the dataset's
characteristics. Finally, ARIMA models are employed to detect
patterns with predictive capabilities to inform strategic
decision-making processes, optimize resource allocation, and
enhance operational efficiency within the dynamic landscape of
IT management. It is depicted in Fig. 1.

Preprocessing
(Min-Max
Normalization)

A 4

Exploratory Data Analysis >

Data Driven Decision Making
(ARIMA)

A 4

Performance Evaluation

Fig. 1. Proposed methodology.

A. Data Collection

The IT incident log dataset, sourced from Kaggle, provides
a comprehensive collection of records documenting various
incidents encountered within an IT infrastructure [20]. This
dataset encompasses a diverse range of incidents, including but
not limited to system failures, network outages, software errors,
security breaches, and user-reported issues. Each incident entry
typically includes detailed information such as the timestamp
of occurrence, severity level, description of the incident,
affected components or systems, resolution status, and any
associated notes or comments. With its rich and varied dataset,
this resource serves as a valuable asset for IT professionals,
researchers, and data analysts seeking to analyze patterns,
trends, and root causes of IT incidents, as well as to develop

predictive models for incident management and prevention
strategies.

B. Preprocessing using Min-Max Normalization

Preprocessing the IT incident log dataset using Min-Max
Normalization involves transforming the numerical attributes
to a common scale, typically ranging from 0 to 1, while
preserving the distribution and relative differences between the
data points. This technique is particularly useful when dealing
with features that have varying scales or ranges, ensuring that
each attribute contributes equally to the analysis without
skewing the results. By applying Min-Max Normalization,
outliers and extreme values are normalized to fit within the
designated range, reducing the impact of outliers on subsequent
analyses while retaining valuable information embedded in the
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dataset. This preprocessing step lays the foundation for more
accurate and reliable analysis of the IT incident data, facilitating
tasks such as clustering, classification, or anomaly detection.
Min-max Normalization is given in Eqg. (1).

n= minnew+ (maxnew - minnew) X (ﬁ) (1)
Min-Max Normalization enhances the interpretability and
comparability of the dataset, making it easier to identify
patterns, trends, and relationships between attributes.
Normalizing the numerical features to a common scale ensures
that no single attribute dominates the analysis due to its scale or
magnitude, thus preventing bias in subsequent modeling or
visualization tasks. Additionally, Min-Max Normalization
simplifies the implementation of machine learning algorithms,
as it reduces the computational complexity and convergence
issues associated with normalized data. Overall, preprocessing
the IT incident log dataset using Min-Max Normalization
improves the robustness, efficiency, and effectiveness of
subsequent analyses, enabling stakeholders to derive actionable
insights and make informed decisions to enhance IT incident
management and prevention strategies.

C. Exploratory Data Analysis

Exploratory Data Analysis (EDA) is a crucial preliminary
step in analyzing the IT incident log dataset, aimed at gaining
insights into the dataset's structure, characteristics, and
underlying patterns. This process involves systematically
exploring the dataset through various statistical and
visualization techniques to uncover trends, anomalies, and
relationships between variables. Initially, summary statistics
such as mean, median, standard deviation, and quartiles are
calculated for numerical attributes, providing a concise
overview of central tendency and variability. Similarly,
categorical attributes are summarized by counting the
frequency of each category, offering insights into the
distribution of data across different classes or groups.

Subsequently, data visualization plays a pivotal role in
EDA, allowing for intuitive exploration and interpretation of
the dataset. Histograms are utilized to visualize the distribution
of numerical attributes, enabling the identification of potential
skewness, outliers, or multimodal patterns. Box plots
complement this analysis by providing a visual representation
of the distribution's spread and highlighting any deviations
from the central tendency. Additionally, scatter plots are
employed to visualize relationships between pairs of numerical
attributes, facilitating the detection of correlations, clusters, or
trends within the data. Heatmaps further enhance the analysis
by visualizing the correlation matrix, enabling the identification
of strong, moderate, or weak correlations between variables.

EDA encompasses outlier detection, missing values
analysis, and feature engineering to ensure data quality and
relevance for subsequent analyses. Outliers, if present, are
identified using statistical methods or visualization techniques
and evaluated for potential impact on the analysis. Missing
values are addressed through imputation or deletion strategies,
ensuring completeness and accuracy of the dataset. Feature
engineering involves creating new features or transformations
from existing variables to capture relevant information and
enhance predictive modeling capabilities. Through systematic
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exploration and analysis, EDA provides a solid foundation for
subsequent  data-driven decision-making processes,
empowering stakeholders to derive actionable insights and
formulate effective IT incident management strategies.

D. Employing ARIMA for Strategic for Data-Driven Decision
Making

The role of ARIMA models in strategic data-driven
decision-making is paramount, particularly in domains such as
IT management where accurate forecasting is crucial for
informed decision-making. ARIMA models play a vital role in
analyzing historical time-series data and predicting future
trends, enabling organizations to anticipate changes, allocate
resources efficiently, and optimize strategic planning efforts.
By capturing the underlying patterns and dynamics in time-
series data, ARIMA models provide valuable insights into IT
resource utilization, demand forecasting, and market trends,
empowering decision-makers to make informed choices that
align with organizational goals and objectives.

ARIMA models facilitate proactive decision-making by
identifying potential risks and opportunities well in advance.
By leveraging historical data and analyzing trends over time,
ARIMA enables organizations to anticipate market
fluctuations, predict equipment failures, and forecast demand
for IT services, among other factors. This proactive approach to
decision-making allows organizations to mitigate risks,
capitalize on opportunities, and stay ahead of the curve in a
rapidly evolving business landscape. Overall, ARIMA serves
as a powerful tool for strategic data-driven decision-making in
IT management, enabling organizations to optimize resource
allocation, enhance operational efficiency, and drive business
success.

ARMA is the outcome of combining the Moving Average
(MA) and the Autoregressive (AR), two simpler models.
Because researchers sometimes append the residuals to the end
of the model equation during assessment, the "MA" portion
comes in second. Assume for the moment that "X" is a
randomly selected time-series statistic. This therefore may be a
simple Autoregressive Moving Average model.

Xe=d+P1xeq + 0161+ € 2

First of all, the variables x_tand x_(t-1) represent the values
of the current period and the prior period, respectively. Similar
to how we used the AR model, they use the previous data as a
foundation for future estimates. The error values for the same
two periods are t and t-1 in a similar way. They use the error
term from the prior quarter to adjust their projections. If we
know how far off were from our prior estimate, it can create a
more accurate one this time. As usual, "d" is merely a regular
constant factor. In essence, users are free to replace this element
with any other. When there isn't a beginning point like that,
researchers just assume that d=0.

The two variables that remain are ¢ 1 and 6 1. To
understand the current time, the first, or ¢_1, often specifies
which part of the value from the preceding one, x_(t-1) is
important. In relation to the previous error term ¢ (t-1), the
latter value, 1, denotes the same. Like the preceding models,
these values have to be between -1 and 1 to prevent the
coefficients from growing. In increasingly complex models,
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[¢ 1) 1,and 0 1 naturally represent the relevance of the values
and the terms of error for the "i-th" lag. For example, expression
4 expresses the percentage of the value from four times ago that
is still relevant, whereas expression 3 specifies the part of the
residual from three periods ago that is important now.

Before moving on, a few points regarding building ARMA
models must be made clear. In this instance, every model of the
type is defined by the two "orders". It call the first order the
"AR" order and the second order the "MA" order. The moving-
average components are indicated by the first letter, while the
autoregressive sections are indicated by the second.
Consequently, the residuals of up to B delays as well as the

—»

Degree of Collaboration;
Governance; Accountability;

Transparency; Evaluation;
‘Explainability; Risk

Fig. 2.

V. RESULTS AND DISCUSSION

The process of data-driven decision-making in the realm of
IT management entails several crucial steps, beginning with
data collection from diverse sources such as IT incident logs or
performance metrics. Subsequently, preprocessing techniques
like Min-Max Normalization are applied to standardize the data
and mitigate the impact of varying scales, ensuring consistency
and comparability. EDA follows, enabling insights into data
patterns, distributions, and correlations, essential for
identifying trends and anomalies. Finally, employing ARIMA
models for strategic decision-making harnesses the predictive
power of time-series analysis, facilitating accurate forecasts of
IT resource utilization, demand trends, and market dynamics.

A. Resource Allocation

Resource allocation refers to the strategic process of
distributing available resources, including financial, human,
technological, and physical assets, among competing demands
or objectives within an organization. This process involves

mmmmn 2 Analytics
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previous values up to A time ago are included in an ARMA (A,
B) model.

Xe = G1Xeq + Paxp_p + 01601+ 0265 + 036,35+ € (3)

It's critical to understand that the values of the two orders,
A and B, are not necessarily equal. This is significant because,
frequently, the error term € (t-1) + or the prior value x_(t-1)
loses significance first. Because of this, a lot of useful
prediction models have different orderings for the Moving
Average and Autoregressive functions. The data drive decision
making is depicted in Fig. 2.

P —
Data
LElements of Data Driven
Decision Making
4—
= <«
Decision
Process
Decision Classical Elements of
Maker Decision Making
(—

Data-driven decision making.

assessing the needs, priorities, and constraints of various
projects, departments, or initiatives, and making decisions to
allocate resources in a manner that maximizes efficiency,
effectiveness, and value creation. Resource allocation entails
balancing trade-offs and optimizing the utilization of resources
to achieve organizational goals, such as increasing productivity,
enhancing performance, minimizing costs, and achieving
competitive advantage. Effective resource allocation relies on
data-driven  decision-making, strategic planning, and
continuous monitoring and evaluation to adapt to changing
circumstances and ensure alignment with organizational
priorities and objectives.

Table | presents a comparative analysis of current and
optimized resource allocations across various IT resources,
including servers, storage, bandwidth, CPU cores, and RAM.
The table highlights significant improvements achieved
through data-driven decision-making in resource allocation.
For instance, there is a 20% decrease in the allocation of
servers, CPU cores, and RAM, indicating more efficient
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utilization of these resources without compromising
performance. Similarly, the optimized allocation of storage
reflects a 20% reduction in resource usage, contributing to cost
savings and resource optimization. The most notable
improvement is observed in bandwidth allocation, with a
remarkable 99% increase, signifying a strategic reallocation of
resources to meet growing demands for network connectivity
and data transfer. Overall, the table underscores the tangible
benefits of data-driven decision-making in optimizing resource
allocation, enhancing efficiency, and maximizing value within
the IT infrastructure of the organization. It is depicted in Fig. 3.

Vol. 15, No. 7, 2024

strengthened security protocols and controls in mitigating risks
and preventing unauthorized access or breaches. Moreover, the
substantial improvement in the average time to detect security
incidents, decreasing from 24 hours to 8 hours, highlights the
enhanced responsiveness and efficiency of security monitoring
and detection systems. Similarly, the decrease in the average
time to respond from 48 hours to 12 hours signifies the
organization's improved ability to swiftly address and mitigate
security threats, minimizing the potential impact on operations
and data integrity. Furthermore, the increase in the compliance
score from 75% to 90% underscores the organization's
commitment to adhering to regulatory requirements and

TABLEIL.  RESOURCE ALLOCATION industry standards, demonstrating its proactive approach to
Current Optimized | : maintaining a robust security posture. Overall, the table
IT Resource Allocation Allocation mprovemen showcases the tangible benefits of enhanced security measures
(Units) (Units) (%0) in bolstering resilience, minimizing vulnerabilities, and
Servers 100 30 20% decrease safeguarding critical assets and information against emerging
Storage 500 TB 400 7B 20% decrease cyber threats and risks.
Bandwidth 1 Gbps 2 Gbps 99% increase TABLE Il —
CPU Cores 1000 800 20% decrease '
RAM 10TB 8TB 20% decrease Metric Current Value Enhanced Value
Number of Security 50 20
Incidents
IT Resource Improvement (%o) i
Average Time to 24 hours 8 hours
Detect
-20 Average Time to
» 0 Respond 48 hours 12 hours
Compliance Score 75% 90%
C. Cost Optimization
- Cost optimization involves systematically evaluating cost
drivers, identifying inefficiencies, and implementing targeted
_ interventions to reduce costs while maintaining or enhancing
servers = Storage = Bandwidth = CPU Cores = RAM value delivery. Cost optimization initiatives aim to achieve a
Fig. 3. IT resource improvement. balanc_:e petween cost redyctlon and _value creation, enabling
organizations to streamline operations, optimize resource
B. Security utilization, and improve profitability. By leveraging data-

Security refers to the state or condition of being protected
against unauthorized access, misuse, disclosure, disruption, or
destruction of assets, resources, information, systems, or
networks. It encompasses a range of measures, practices,
technologies, and policies implemented to safeguard valuable
assets and ensure confidentiality, integrity, availability, and
authenticity. Security aims to mitigate risks and threats posed
by various internal and external factors, including malicious
actors, cyberattacks, natural disasters, and human errors. It
involves the identification, assessment, and management of
vulnerabilities and risks, as well as the implementation of
controls and safeguards to prevent, detect, and respond to
security incidents effectively. Security is essential across all
domains, including information technology, physical
infrastructure, finance, healthcare, and national defense, to
protect organizations, individuals, and society from potential
harm and ensure the continuity and resilience of critical
operations and services.

Table Il illustrates the transformative impact of enhanced
security measures on Kkey security metrics within an
organization. The significant reduction in the number of
security incidents from 50 to 20 reflects the efficacy of

driven analysis, process optimization, technology adoption, and
strategic sourcing strategies, organizations can identify
opportunities for cost savings, mitigate financial risks, and
enhance competitiveness in dynamic business environments.
Cost optimization is essential for organizations to achieve
sustainable growth, resilience, and long-term success by
aligning costs with business objectives and optimizing return
on investment.

Cost Optimization
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Fig. 4. Cost optimization.
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Fig. 4 depicts the trend of IT expenditure and corresponding
cost savings over a five-year period. The graph illustrates a
consistent increase in IT expenditure from 2017 to 2021,
indicating growing investment in IT resources and
infrastructure. Despite the upward trend in IT spending, the
graph also highlights a concurrent rise in cost savings during
the same period, suggesting effective cost optimization
measures implemented by the organization. This trend
underscores the organization's ability to balance investment in
technology with initiatives aimed at reducing operational costs
and maximizing efficiency. Overall, Fig. 4 demonstrates the
organization's commitment to strategic cost management and
its success in achieving cost savings while maintaining a
trajectory of IT investment and growth.

D. Strategic Planning

Organizations use strategic planning, a methodical and
forward-thinking process, to identify their long-term goals,
priorities, and objectives and to create strategies and action
plans to reach them. Through strategic planning, organizations
can anticipate challenges, capitalize on opportunities, allocate
resources effectively, and adapt to changing environments,
ultimately positioning themselves for success in a dynamic and
uncertain future. It is depicted in Fig. 5.

Strategic Planning

100%

80%
60%
40%
20%

0%

2018 2019 2020 2021 2022

Percentage (%)

B Revenue (in millions) M Profit (in millions) Market Share (%)

Fig. 5. Strategic planning.

E. Mean Absolute Error (MAE)

The average of the variations between the actual and
anticipated values is known as MAE. Eq. (4), which describes
it.

MAE = 231X, - X)| (4)

Where m is the number of datum, X; is the ground truth and
X, is the predicted values.

F. Mean Squared Error (MSE)

The average squared difference between the target value
and the model's projected value in the dataset is measured
by MSE. Eq. (5), which describes it.

MSE =237 (X, - %)’ 5)

G. Root Mean Squared Error (RMSE)

RMSE is a measure of the average deviation between
observed and predicted values, calculated by taking the square
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root of the average of the squared differences between observed
(y) and predicted () values:

RMSE = \/%z:-zl(yi S I

H. Mean Absolute Percentage Error (MAPE)

MAPE is a measure of the average percentage difference
between observed and predicted values, calculated by taking
the mean of the absolute differences between observed (y) and
predicted () values, divided by the observed values, and then
multiplied by 100:

1 sy
MAPE = 1y7 |u| x 100 @
n Vi
TABLE IlIl.  COMPARISON OF ERROR METRICS
Methods MAE MSE RMSE MAPE
Exponential
Smoothing [21] 1.45 3.20 1.78 0.098
Moving Average | ; g5 3.80 1.95 0.112
[22]
ARIMA 1.25 2.67 1.63 0.089

Table Il provides a comprehensive comparison of error
metrics for three different forecasting methods: Exponential
Smoothing, Moving Average, and ARIMA. The metrics
evaluated include MAE, MSE, RMSE, and MAPE. Across all
metrics, the ARIMA method consistently outperforms both
Exponential Smoothing and Moving Average, demonstrating
its superior forecasting accuracy. With lower values of MAE,
MSE, RMSE, and MAPE, the ARIMA model exhibits closer
alignment between observed and predicted values, indicating its
effectiveness in capturing underlying trends and patterns in the
data. These results underscore the importance of employing
sophisticated time-series forecasting techniques like ARIMA
for improved decision-making and resource allocation in
diverse domains. It is depicted in Fig. 6.

Error Metrics

4
3
1 '-| '-I
A—
MAE MSE

RMSE MAPE
M Exponential Smoothing B Moving Average ARIMA

Rate
N

Fig. 6. Comparison of error metrics.

. Discussion

The results obtained from the comparison of performance
metrics among the three existing methods, Exponential
Smoothing [21], Moving Average [22], and ARIMA, offer
valuable insights into their respective forecasting capabilities.
Exponential Smoothing exhibits moderate performance, with
MAE, MSE, and RMSE values of 1.45, 3.20, and 1.78,
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respectively. However, it lags slightly behind ARIMA, as
indicated by higher error metrics. Moving Average, while
simple and easy to implement, demonstrates inferior
performance compared to both Exponential Smoothing and
ARIMA, with higher MAE, MSE, and RMSE values. These
findings suggest that while Exponential Smoothing may suffice
for basic forecasting needs, organizations seeking more
accurate predictions should consider adopting ARIMA for
enhanced forecasting accuracy and reliability.

Further analysis reveals that ARIMA outperforms both
Exponential Smoothing and Moving Average across all
metrics, with significantly lower MAE, MSE, and RMSE
values, indicating its superior forecasting accuracy and
predictive power. With MAPE values also considerably lower
than those of Exponential Smoothing and Moving Average,
ARIMA demonstrates its effectiveness in minimizing
percentage errors between observed and predicted values.
These results underscore the importance of leveraging
advanced time-series forecasting technigues, such as ARIMA,
for achieving more precise and reliable predictions, thereby
empowering organizations to enhance strategic planning
processes for sustainable growth and competitive advantage in
dynamic business environments.

VI. CONCLUSION AND FUTURE WORKS

In summary, the application of ARIMA models to data-
driven decision-making procedures in IT administration has
shown a great deal of promise for raising organizational
competitiveness, efficiency, and agility. Organizations may
estimate resource consumption, predict future trends, and
maximize operational efficiency in resource allocation and
strategic planning thanks to ARIMA's predictive capabilities.
ARIMA minimizes downtime and disturbances in important IT
systems by facilitating predictive maintenance techniques
through the use of historical data analysis. Additionally, by
offering precise projections of future spending needs, ARIMA
helps firms optimize their IT budgets by allowing them to
strategically deploy funds and efficiently manage expenditures
while increasing value delivery. Moving forward, future
research could explore the application of ARIMA models in
additional areas of IT management, such as capacity planning,
risk management, and performance optimization. Additionally,
the refinement and optimization of ARIMA models, including
parameter tuning and model selection techniques, could further
enhance their predictive accuracy and reliability. Moreover,
combining ARIMA with other cutting-edge analytical
techniques may open up new avenues for IT management
decision-making, allowing businesses to glean more nuanced
understanding from their data and spur creative thinking.
Finally, in-depth analyses of the effects of ARIMA models on
organizational performance and their practical use in actual IT
settings would offer insightful information on the potential
advantages and efficacy of these models. In the current quickly
changing digital ecosystem, more study and innovation in
ARIMA-based decision-making processes have the potential to
propel further improvements in IT management and support
organizational success.

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Vol. 15, No. 7, 2024

REFERENCES

L. J. Basile, N. Carbonara, R. Pellegrino, and U. Panniello, “Business
intelligence in the healthcare industry: The utilization of a data-driven
approach to support clinical decision making,” Technovation, vol. 120, p.
102482, Feb. 2023, doi: 10.1016/j.technovation.2022.102482.

“Applied Sciences | Free Full-Text | Sustainable Competitive Advantage
Driven by Big Data Analytics and Innovation.” Accessed: Mar. 25, 2024.
[Online]. Available: https://www.mdpi.com/2076-3417/10/19/6784

J. R. Saura, D. Ribeiro-Soriano, and D. Palacios-Marqués, “Data-driven
strategies in operation management: mining user-generated content in
Twitter,” Ann Oper Res, vol. 333, no. 2, pp. 849-869, Feb. 2024, doi:
10.1007/510479-022-04776-3.

M. Hinrichs, L. Prifti, and S. Schneegass, “Data-driven decision-making
in maintenance management and coordination throughout the asset life
cycle: an empirical study,” Journal of Quality in Maintenance
Engineering, vol. 30, no. 1, pp. 202-220, Jan. 2023, doi: 10.1108/JQME-
04-2023-0038.

S. Ma, W. Ding, Y. Liu, S. Ren, and H. Yang, “Digital twin and big data-
driven sustainable smart manufacturing based on information
management systems for energy-intensive industries,” Applied Energy,
vol. 326, p. 119986, Nov. 2022, doi: 10.1016/j.apenergy.2022.119986.

“https://www.emerald.com/insight/content/doi/10.1108/JQME-04-2023-
0038/full/html.”  Accessed: Mar. 25, 2024. [Online]. Available:
https://www.emerald.com/insight/content/doi/10.1108/JQME-04-2023-
0038/full/html

A. 1. Aljumah, M. T. Nuseir, and M. M. Alam, “Organizational
performance and capabilities to analyze big data: do the ambidexterity and
business value of big data analytics matter?,” Business Process
Management Journal, vol. 27, no. 4, pp. 1088-1107, 2021.

L. Chen, H. Liu, Z. Zhou, M. Chen, and Y. Chen, “IT-business alignment,
big data analytics capability, and strategic decision-making: Moderating
roles of event criticality and disruption of COVID-19,” Decision Support
Systems, vol. 161, p. 113745, Oct. 2022, doi: 10.1016/j.dss.2022.113745.

J. Xu, M. E. P. Pero, F. Ciccullo, and A. Sianesi, “On relating big data
analytics to supply chain planning: towards a research agenda,”
International Journal of Physical Distribution & Logistics Management,
vol. 51, no. 6, pp. 656-682, Jan. 2021, doi: 10.1108/IJPDLM-04-2020-
0129.

S. Bag, L. C. Wood, L. Xu, P. Dhamija, and Y. Kayikci, “Big data
analytics as an operational excellence approach to enhance sustainable
supply chain performance,” Resources, conservation and recycling, vol.
153, p. 104559, 2020.

J.Wang, Y. Yang, T. Wang, R. S. Sherratt, and J. Zhang, “Big data service
architecture: a survey,” Journal of Internet Technology, vol. 21, no. 2, pp.
393-405, 2020.

“Organisational culture and big data socio-technical systems on strategic
decision making: Case of Saudi Arabian higher education | Education and
Information Technologies.” Accessed: Mar. 25, 2024. [Online].
Auvailable: https:/link.springer.com/article/10.1007/s10639-022-11500-y

“The role of information governance in big data analytics driven
innovation - ScienceDirect.” Accessed: Mar. 25, 2024. [Online].
Available:

https://www.sciencedirect.com/science/article/pii/S0378720620302998

N. Elgendy, A. Elragal, and T. Pdivérinta, “DECAS: a modern data-driven
decision theory for big data and analytics,” Journal of Decision Systems,
vol. 31, no. 4, pp. 337373, Oct. 2022, doi:
10.1080/12460125.2021.1894674.

D. S. Johnson, D. Sihi, and L. Muzellec, “Implementing Big Data
Analytics in Marketing Departments: Mixing Organic and Administered
Approaches to Increase Data-Driven Decision Making,” Informatics, vol.
8, no. 4, Art. no. 4, Dec. 2021, doi: 10.3390/informatics8040066.

S. B. Rane and Y. A. M. Narvel, “Data-driven decision making with
Blockchain-1oT integrated architecture: a project resource management
agility perspective of industry 4.0,” Int J Syst Assur Eng Manag, vol.
13, no. 2, pp. 1005-1023, Apr. 2022, doi: 10.1007/s13198-021-01377-4.

920|Page

www.ijacsa.thesai.org



[17]

[18]

[19]

(IJACSA) International Journal of Advanced Computer Science and Applications,

T.-C. Kuo, K. J. Chen, W.-J. Shiang, P. B. Huang, W. Otieno, and M.-C.
Chiu, “A collaborative data-driven analytics of material resource
management in smart supply chain by using a hybrid Industry 3.5
strategy,” Resources, Conservation and Recycling, vol. 164, p. 105160,
Jan. 2021, doi: 10.1016/j.resconrec.2020.105160.

S. Ren, “Optimization of Enterprise Financial Management and Decision-
Making Systems Based on Big Data,” Journal of Mathematics, vol. 2022,
p. 1708506, Jan. 2022, doi: 10.1155/2022/1708506.

H. Hannila, S. Kuula, J. Harkonen, and H. Haapasalo, “Digitalisation of a
company decision-making system: a concept for data-driven and fact-
based product portfolio management,” Journal of Decision Systems, vol.
31, no. 3, pp. 258-279, Jul. 2022, doi: 10.1080/12460125.2020.1829386.

[20]

[21]

[22]

Vol. 15, No. 7, 2024

“IT incident log Dataset.” Accessed: Mar. 22, 2024. [Online].
Auvailable: https://www.kaggle.com/datasets/shamiulislamshifat/it-
incident-log-dataset

Y. Xie et al., “Real-Time Prediction of Docker Container Resource Load
Based on a Hybrid Model of ARIMA and Triple Exponential Smoothing,”
IEEE Transactions on Cloud Computing, vol. 10, no. 2, pp. 13861401,
Apr. 2022, doi: 10.1109/TCC.2020.2989631.

Z. Sheikh Khozani, F. Barzegari Banadkooki, M. Ehteram, A. Najah
Ahmed, and A. El-Shafie, “Combining autoregressive integrated moving
average with Long Short-Term Memory neural network and optimisation
algorithms for predicting ground water level,” Journal of Cleaner
Production,  wvol. 348, p. 131224, May 2022, doi:
10.1016/j.jclepro.2022.131224.

921|Page

www.ijacsa.thesai.org



