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Abstract

This work presents the design of a model based on machine lear-
ning to determine the growth of IT capabilities in organizations.
The model allows the IT leader to monitor, control, and delineate
the technological capabilities of the evaluated organization. The
model emphasizes finding the timing and proportion of technolo-
gy investment within organizations. The structure of the model is
based on standards, frameworks, and best practices in information
security, risk management, contingency plans, and quality. The
results of this research, with a quantitative focus, are validated
in transportation sector organizations located in the Colombian
Caribbean region. The findings identify the historical data of IT
capabilities according to current regulations and the models and
standards of each organization as key factors for implementing
the model. Also, implementing the model has allowed participa-
ting companies to reduce operational costs by 20% by optimizing
server capacity and better planning investments in technological
infrastructure.

Keywords: Information Technology Capability, ITIL, COBIT, Ma-
chine Learning, Balanced Scorecard, ISO 20000, TOGAF.

Resumen

Este trabajo presenta el disefio de un modelo basado en Machine
Learning (ML) para determinar el crecimiento de las capacidades de
TI en las organizaciones. El modelo permite al lider de TI monito-
rear, controlar y delinear las capacidades tecnologicas de la organi-
zacion evaluada. El modelo hace hincapié en encontrar el momentoy
la proporcion de la inversion en tecnologia dentro de las organizacio-
nes. La estructura del modelo se basa en normas, marcos y mejores
practicas de seguridad de la informacion, gestion de riesgos, planes
de contingencia y calidad. Los resultados de esta investigacion, con
enfoque cuantitativo, son validados en organizaciones del sector
transporte ubicadas en la region Caribe colombiana. Los hallazgos
identifican como factores claves para la implementacion del modelo,
los datos historicos de las capacidades de TI segtin la normatividad
vigente y los modelos y estandares de cada organizacion. Asi mismo,
la implementacion del modelo ha permitido a las empresas partici-
pantes reducir los costos operacionales en un 20% mediante la opti-
mizacion de la capacidad de los servidores y una mejor planeacion de
las inversiones en infraestructura tecnologica.

Keywords— Capacidad de las Tecnologias de la Informacioén, ITIL,
COBIT, Machine Learning, Cuadro de Mando Integral, ISO 20000,
TOGAF.
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I. INTRODUCTION

The evolution of the Information Technology (IT) function in companies has been remarkable, transforming from
mere operational support to a strategic entity [1]. In the past, IT managers primarily focused on the technical de-
velopment of applications, delivering them to end users based on established requirements. However, in today’s
strategic IT management environment, more than just technical skills are required; there is a need for the ability
to make fundamental decisions regarding IT service management. This shift has been driven by organizations’ in-
creasing reliance on information technologies to achieve their business objectives, improve operational efficiency,
and remain competitive in a constantly changing global market. [2].

The evolution of strategic decision-making in business has significantly progressed, highlighting the impor-
tance of combining intuition and rationality in decision-making processes. [3]. The development of Management
Information Systems (MIS) has been a complex political decision requiring prolonged environmental negotia-
tion and extensive organizational preparation. [4]. Strategic management accounting has evolved to provide
strategic information and support decision-making within organizations, demonstrating its impact on the fi-
nancial performance of low-cost airlines. [5]. Using IT has increasingly integrated into Business Process Mana-
gement (BPM), underscoring the need for innovations and collaborative practices to enhance decision-making.

In this strategic context, IT directors face the critical challenge of determining when and to what extent IT
services should be expanded in capacity. IT capacity refers to an organization’s ability to handle the demand
for technological services, ensuring that IT resources are always available and efficient. Effective IT capacity
management is essential to avoid system overload, service interruptions, and resource wastage. This project po-
sitions itself as an innovative solution by proposing the design of a dashboard specifically conceived to address
this dilemma in organizations with moderately mature IT departments.

IT service management is a discipline supported by processes that align IT services with the company’s corpo-
rate structure. Adopting reference frameworks, best practices and international standards such as ITIL (Infor-
mation Technology Infrastructure Library) and ISO/IEC 20000 highlights the importance of IT departments’
support and the generation of significant value for the core business [6]. ITIL, for instance, offers a set of detai-
led practices for IT service management, focusing on aligning services with business needs [7]. ISO/IEC 20000,
on the other hand, is an international standard specifying the requirements for an IT Service Management Sys-
tem (ITSMS), ensuring that IT services are managed effectively and efficiently.

The project identifies one of the most prominent challenges for IT managers: determining when to expand IT
services and in what proportion. In this regard, creating a dashboard is proposed as an essential tool to facili-
tate informed decision-making regarding the growth of IT services in organizations with moderately mature
IT departments. A dashboard is a graphical interface that provides a consolidated, real-time view of key per-
formance metrics (KPIs) and other critical indicators. [8]. This dashboard will enable IT leaders to monitor and
control the organization’s technological capacities, ensuring decisions are made based on accurate and up-to-
date data.

The importance of a data-driven approach to IT capacity management cannot be underestimated. Access to
accurate and timely data is crucial in an environment where technology rapidly changes, and user demands fluc-
tuate considerably. The proposed dashboard will rely on machine learning techniques to analyze historical and
current data, identify patterns and trends, and predict future capacity needs. Machine learning in this context
allows for more proactive and precise management, reducing the risk of system failures and optimizing resour-
ce usage. [9].

The project also addresses the need to integrate existing frameworks and standards properly. By comparing
models and standards such as ITIL, COBIT (Control Objectives for Information and Related Technologies), TO-
GAF (The Open Group Architecture Framework), and others, the aim is to identify the best practices that can
be applied in the dashboard design. Each of these frameworks offers different approaches and strengths. For
example, COBIT focuses on IT governance and control, providing a solid framework for IT governance [10].
TOGAF, on the other hand, focuses on enterprise architecture and facilitates the alignment of IT architecture
with capacity objectives [11].

The study focuses on organizations in the transportation sector of the Caribbean region of Colombia. This sec-
tor faces unique challenges in terms of IT management due to its high reliance on technological infrastructure
for critical operations. When analyzing a specific company, it was evident that there was a lack of adequate IT
service implementation, resulting in the inability to meet the minimum requirements of ISO/IEC 20000. As a
response, specific recommendations were suggested that led to the adequate management of IT service capacity.

Finally, the need for IT capacity management to be proactive rather than reactive is emphasized. The ability
to anticipate problems and improve service quality is presented as fundamental. In this context, the design of a
capacity management process is proposed as a solution to deficiencies in IT service implementation. This proac-
tive approach not only helps prevent issues before they arise but also ensures that the organization can respond
quickly to changes in demand and take advantage of new technological opportunities. [12].
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This paper is structured as follows: in the Related Works section, previous studies on IT capacity management
and machine learning techniques applied to this context are reviewed. The Methodology section details the
quantitative approaches used in data collection and analysis and the proposed model’s development process.
The Results and Analysis section presents the findings obtained from validating the model in companies within
the transportation sector, identifying the main factors influencing IT capacity management. Finally, the Con-
clusions section discusses the impacts of the proposed model and potential future research lines.

II. RELATED WORK

To have control over technological evolution in organizations, various methods are increasingly being developed
to allow organizations to predict the best time to invest in technological upgrades. IT capacity management is cru-
cial for ensuring operational efficiency and optimizing organization resources. This section reviews vital studies
addressing how companies manage their IT capacities, emphasizing emerging approaches and technologies.

The book chapter presented in [13] Introduces a comprehensive IT capacity evaluation and planning approach,
highlighting the importance of aligning business requirements with technological resource capacity. This
approach ensures optimal resource utilization and compliance with agreed-upon performance levels. On the
other hand [14] The study reviews the literature on strategic capacity management, focusing on determining
the size, type, and timing of capacity investments under uncertainty. It emphasizes the need to incorporate
multiple types of capacity and decision-makers and risk-hedging and aversion strategies.

The study conducted by [15] explores how companies can meet technological demands and performance cri-
teria through strategic capacity management. The study suggests methods for implementing manufacturing
strategies, underscoring the importance of innovation in processes and organizational development. Another
interesting approach is that of [16] who investigate how IT capabilities, such as flexible infrastructure and IT
assimilation, affect business performance. The study shows that absorptive capacity and supply chain agility
fully mediate the effects of IT capabilities on company performance.

With this in mind, the study conducted by [17] proposes developing and applying an integrative model to de-
termine the most cost-effective capacity management strategy in service networks. They use a conjoint analysis
based on optimal product design and a simulation model that investigates capacity and demand management
strategies, in comparison with the book chapter by [18] which proposes a “capacity and capability” model based
on the technology management approach. This model addresses the successful management and utilization of
IS/IT by aligning technology-enabled processes with the organization’s strategic goals.

Finally, the survey conducted by [19] provides an extensive review of the application of ML in various network
domains. It highlights how ML techniques have been applied to traffic prediction, routing, classification, con-
gestion control, resource management, fault management, QoS/QoE management, and network security. On
the other hand, the research developed by [20] demonstrates how ML can be applied to manage IT capacity for
enterprise applications, accommodating the study developed by [21]notifications of change of addresses, etc.
Their decision problem is to determine the staffing level for a specific staffing time-slot (e.g., next Monday, 8
am—12.30 pm which presents an innovative approach to managing staffing levels in a public service office using
machine learning. The method incorporates service objectives into a machine learning algorithm to predict the
required capacity based on historical data and characteristics such as the day of the week and school holidays.

III. METHODOLOGY

This research is developed with a quantitative approach, focusing on collecting and analyzing numerical data to
evaluate the effectiveness of the proposed model. Bibliographic review techniques, document analysis, and focus
interviews are employed to gain a deep understanding of IT capacity management models. [22]. These techni-
ques are aligned with validated methods from previous studies, such as the one conducted by [23] which used the
CRISP-DM process to develop a predictive model in the healthcare context, demonstrating the effectiveness of
these approaches in various application domains.

Document analysis is a commonly used technique to systematically examine data, allowing for a detailed and
precise understanding of key elements [24]. Focus interviews complement this approach by providing qualita-
tive insights that enrich the quantitative analysis. [25].

A. Study Design

The study design follows a quantitative approach, focusing on collecting and analyzing numerical data to evaluate
the effectiveness of the proposed model. Bibliographic review techniques, document analysis, and focus inter-
views are employed to gain a deep understanding of IT capacity management models.
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B. Population and Sample

The study population consists of 16 companies from the transportation sector located in the Caribbean region of
Colombia. For the sample selection, focus groups were conducted with the participation of IT department staff
from 25 companies in the defined population. This approach allows for a representative and detailed view of prac-
tices and challenges in IT capacity management in the transportation sector.

C. Data Collection

Bibliographic Review: A comprehensive literature review on IT capacity management was conducted, including
frameworks and standards such as ITIL, COBIT, ISO/IEC 20000, and TOGAF. This review provides a solid theore-
tical foundation for developing the proposed model.

Document Analysis: Internal and external documents from the participating companies, including IT poli-
cies, capacity reports, and historical IT usage records, were analyzed. This analysis helps identify current prac-
tices and areas for improvement in IT capacity management.

Focus Interviews: IT department staff from the participating companies were interviewed. These interviews

focused on understanding current capacity management practices, challenges faced, and expectations for a ma-
chine learning-based dashboard model.

D.  Model Development

The dashboard model was developed using an iterative approach, integrating standards and best practices identi-
fied during data collection. The key steps in model development include:

Needs Identification: The IT service capacity needs of the participating companies were identified. This step
involved recognizing user demands and aligning them with the organization’s strategic objectives.

Key Metric Definition: Critical indicators such as resource usage, performance, and availability that the das-
hboard should monitor and predict were established.

Dashboard Architecture Design: The dashboard structure was defined, organizing elements into categories
and sections representing different aspects of IT capacity.

Technological Tools Selection: Suitable tools and technologies for the development and implementation of
the dashboard were evaluated and selected, ensuring integration with existing IT management systems.

Machine Learning Model Development: Appropriate machine learning algorithms for predicting capacity
growth, such as regression, time series, and neural networks, were identified. The models were trained using
historical data and validated through cross-validation techniques.

E. Model Validation

Model validation was carried out in a controlled environment using historical and current data from the partici-
pating companies. The specific steps for validation include:

Model Accuracy Evaluation: The model’s accuracy was measured using metrics such as the Mean Squared
Error (MSE) and the coefficient of determination (R?).

Real-world Testing: The model was implemented in the operational environments of the participating compa-
nies to assess its performance in real-world situations.

Hyperparameter Tuning: The model’s hyperparameters were adjusted to improve accuracy and adaptability
to the specific conditions of each company.

Continuous Monitoring: Continuous monitoring processes were established to evaluate and improve the ma-
chine learning model over time, ensuring its effectiveness and efficiency

IV. RESULTS AND ANALYSIS

To evaluate the main reference frameworks aimed at managing their potential in the field of information techno-
logy services, it is important to conduct a comparative analysis to identify the strengths and weaknesses of each
system. The following comparative table highlights some of the most relevant capacity management reference
systems in the information technology services industry. Each has unique advantages and challenges; the choice
will depend on your organization’s specific needs and characteristics.
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Table 1. Comparative table of reference frameworks.

Refi
clerence Focus Strengths Weaknesses
Framework
Widely adopted and Traditional fOCl.JS
Process and best o - may not be agile
ITIL . recognized in the
practices . enough for modern
industry. .
IT environments.
Governance and Provides a solid Difficult to
COBIT control framework for IT | implement in small
governance. organizations.
Establishes o
International clear standards Requires significant
ISO/IEC 20000 . investment to
Standard for IT service . o
obtain certification.
management.
TOGAF (The Open ‘ Eaahtates ‘Focus on
. Enterprise alignment of architecture cannot
Group Architecture . . . .
architecture architecture with address operational
Framework) . .
capacity objectives. aspects.
Promotes
Collaboration and collaboration Requires a culFural
DevOps : between and challenging
automation . .
development and shift to implement.
operations.

Source: Author(s).

Having completed the analysis, the following model is proposed to synthesize the most important aspects of
the reference frameworks studied.

Fig 1. Proposed model.
Source: Author(s).

Now, we proceed to delve deeper into the model proposed in this research:
Step 1—Definition of objectives and requirements: To ensure that the IT service capacity needs align with the stra-
tegic objectives of the organization, several fundamental activities must be followed:

Identification of Needs: Recognize user demands and align them with strategic objectives.

Definition of Key Metrics: Establish critical indicators such as resource usage, performance, and availability
for monitoring.

Establishment of Quantitative Objectives: Define specific goals aligned with business requirements and cus-
tomer expectations.

Identification of Stakeholders: Recognize all those using the dashboard and their information needs.

Definition of Data Sources: Determine the information sources necessary for capacity predictions.

Design of the Dashboard Architecture: Plan the general structure of the dashboard, including the KPIs to be
displayed.

Documentation of the Implementation Plan: Create a document detailing timelines, responsibilities, and ne-
cessary resources.
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Step 2 — Identification of Needs: The definition of KPIs related to capacity involves creating metrics to assess the
performance of IT services:
Identification of Data Sources: Recognize relevant internal and external information sources.

Establishment of Data Extraction and Storage Protocols: Define secure rules and methods for data collection
and storage.

Validation of Data Quality: Verify the integrity and accuracy of collected data.

Definition of Data Update Cycles: Establish the frequency of data updates.

Implementation of Data History Management Mechanisms: Apply methods to preserve a historical data record.
Application of Anonymization and Security Techniques: Use methods to protect data confidentiality.
Documentation of the Data Management Plan: Create a document detailing how data will be managed.

Step 3 — Design of the architecture: The collection and analysis of historical capacity data ensure the integrity
and accuracy of the information:

Definition of the Dashboard Structure: Organize the dashboard elements, such as the layout of KPIs and vi-
sualizations.

Association of KPIs with COBIT 2019 Objectives: Ensure alignment with best governance practices.

Design of Categories on the Dashboard: Create sections that group KPIs related to specific aspects of IT capacity.
Establishment of a Color Palette and Styles: Choose a consistent palette to facilitate interpretation.
Definition of Data Update Frequency: Specify the frequency of data updates on the dashboard.

Validation of the Dashboard Design with Users: Obtain feedback from end-users.

Documentation of Design Guidelines: Create detailed documentation of the design and architecture of the
dashboard.

Step 4 — Technological structure: Choosing the right technological architecture is crucial for the IT infrastructu-
re and information systems:
Evaluation of Tools and Technologies: Conduct a thorough evaluation of available tools.

Selection of Suitable Tools: Choose those that best fit the project requirements.

Integration of Tools with Existing Systems: Ensure integration with other systems and relevant databases.
Staff Training: Provide training on the use of the selected tools.

Establishment of Backup and Recovery Procedures: Define data backup and recovery procedures.
Interoperability Testing: Verify correct integration and operation without conflicts.

Update and Maintenance Policy: Ensure the tools are regularly updated and maintained.

Step 5 — Implementation of the AI Model: The development of a suitable machine learning model to predict the
growth of IT service capacity:
Identification of Suitable Algorithms: Select regression, time series, or neural networks.

Selection of Data Sets: Choose historical data to train and validate the models.
Training of Models: Use historical data to learn patterns and trends.
Validation of Models: Verify effectiveness using cross-validation techniques.

Tuning of Hyperparameters and Features: Enhance accuracy by adjusting parameters and selecting optimal
features.

Implementation on the Control Dashboard: Integrate the models into the dashboard to generate real-time
predictions.

Continuous Monitoring: Evaluate the accuracy of the models over time and adjust if necessary.

Step 6 — Data integration: Monitor and improve the machine learning model through constant evaluation and
updating:

Data Integration Setup: Establish connections and configurations to extract data.

Secure and Reliable Connections: Ensure data integrity during integration.

Automation of Data Collection: Implement automated processes for regular data collection.

Transformation of Data into Coherent and Usable Forms: Ensure the data is coherent and usable.

Audit Log of Data Integration: Maintain an audit log for traceability.

Monitoring of Data Integrity and Availability: Ensure the data is available and accurate.

Security Controls: Apply security measures to protect the data.
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Step 7 — Panels and visualizations: Generation of reports and control dashboards based on the model:
Definition of Thresholds for KPIs: Set critical and warning levels for each KPI.
Configuration of Alerts: Set up automatic alerts when thresholds are exceeded.
Definition of Response Procedures: Establish clear procedures for responding to alerts.
Incident Response Team: Form a team to address critical alerts.
Automation of Alert Generation and Distribution: Ensure a quick response through automatic alerts.
Incident Response Drills: Train staff to respond effectively.
Documentation of Alert Policies: Create a procedures manual for alert management.

Step 8 — Validation and deployment: Verification of the accuracy and reliability of the model by evaluating its
ability to make accurate forecasts:
Performance Evaluation of the Model: Use metrics such as accuracy, sensitivity, specificity, MSE, and R2.

Comparison of Predictions with Real Data: Analyze inconsistencies or anomalies to improve the model.
Integration in the Operational Environment: Ensure the model’s accessibility and functionality in real-time.

Clear Communication of Results: Ensure that conclusions and recommendations are understandable and use-
ful to stakeholders.

Step 9 — Continuous Monitoring: Develop specific action plans to address identified areas for improvement:
Allocation of Resources and Responsibilities: Implement and monitor action plans.
Culture of Continuous Improvement: Promote the constant search for capacity optimization.
Feedback from Users and Operations Teams: Use feedback to improve machine learning models.
Documentation of Actions and Results: Track changes and lessons learned.

Step 10 — Evaluating results: Determine if the model meets expectations and provides valuable information for
decision-making:
Performance Measurement of the Model: Use various metrics and indicators to evaluate performance.
Analysis of Predictions and Real Data: Compare to identify areas for improvement.
Consideration of the Business Situation: Ensure model outcomes are understandable and useful to stakeholders.
Communication of Conclusions and Recommendations: Present conclusions based on predictive analysis.

The machine learning model was implemented in several key stages, from data collection to model validation
and adjustment. The following section will show each of the mentioned stages to provide clarity and proof of
the results obtained:

A. Data Collection:

For this study, we selected 16 prominent companies in the transportation sector of the Colombian Caribbean re-
gion. We chose these companies based on their extensive geographic coverage, including operations in urban and
rural areas throughout the region. Additionally, these companies offer various transportation services, from pas-
senger to freight, thus providing a wide range of IT capacity needs and uses.

Table 2. Companies in the Transportation Sector in the Colombian Caribbean Region.

Z

Company Name

Expreso Brasilia

Coopetran

Cootragua

Répido Tolima
Répido Ochoa
Rapido el Carmen
La Veloz

La Costena

O |0 (N[N | | [W [N

Cootracesar

—
(=)

Cootracegua

—
—

Cooperativa Simoén Bolivar
CooLibertador

[u—
\S]

Berlinas del Fonces

—_
w

—
N

Amerlujo
Almirante Padilla

—
)]

—
(o)

Transportes Luz
Source: Author(s).
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The selected companies vary in size and have a recognized market presence, ensuring reliable and extensive
historical IT data availability. This approach allows us to capture a complete picture of the sector. It ensures
that our predictive model is robust and applicable to different contexts within the transportation industry in
the region. Companies like Expreso Brasilia, Copetran, and Berlinas del Fonces represent this broad market
spectrum, providing a solid foundation for predictive analysis of IT capacity.

Expreso Brasilia, Copetran, Cootragua, Rapido Tolima, Rapido Ochoa, Rapido el Carmen, La Veloz, La Coste-
na, Cootracosta, Cootracegua, Cooperativa Simon Bolivar, Cooliberator, Berlinas del Fonces, Amerlujo, Almi-
rante Padilla, Transportes Luz.

The data included key metrics such as using methodology to manage IT capacities and current IT capacity ba-
sed on the following questions: Does your current technology meet the company’s needs? These are:

Fig 2. Methodologies Used.
Fuente: Autor(es).

Fig 3. Methodologies used.
Source: Author(s).

B. Model Training:

Appropriate machine learning algorithms, including regression and neural networks, were selected to predict
capacity growth.

Table 3. Comparative Table of Machine Learning Algorithms.

# Algorithm Description Accuracy Selection

This algorithm was chosen due to
its simplicity and effectiveness in

. , classification under the assumption
An algorithm based on Bayes P

.. of independence between predictors.
theorem that assumes conditional P P

. 0 . . .
1 Naive Bayes independence of features. It is used 60% Nalve ‘Bayes is part‘1cula.rly useful
in environments with high data

for classification. . o . .

dimensionality, and relationships
between features are independent or
can be considered as such.
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# Algorithm Description Accuracy Selection

We used GridSearchCV not as

a prediction algorithm but as

a technique to optimize other
machine-learning models. This
tool automatically selects the

best parameters for the models,
maximizing their performance and

A tool for searching and optimizing
the hyperparameters of a machine

2 GridSearchCV | learning model, enhancing its 70%
performance and accuracy.

accuracy.
A technique that combines Gradient Boosting was selected for
multiple weak learning models, its ability to build strong and robust
3 Gradient such as decision trees, sequentially 60% predictive models by combining
Boosting to improve the predictive multiple weak learning models,
performance of the final model. typically decision trees.
A model based on creating multiple Random Forest was selected for its
decision trees trained with random excellence in handling overfitting,
data and features samples reduces which is crucial to ensuring the
4 RandomForest . . . 100% ; .
the risk of overfitting and improves model’s generalization beyond the
generalization. training sample.

Source: Author(s).

The models were trained using historical data to learn patterns and trends.

Table 4. Training Patterns.

# Dimension Variables Data Type
. Number,
Number of computers, Internet usage, Website,
1 IT Infrastructure Percentage,

Systematized business processes. .
Integer, Binary

IT skills, Improvement of IT skills among employees,

Attraction and motivation of IT experts, Ability to adopt Integer, Numeric,
Human Talent . : . .
2 new technologies, Problem-solving skills, Leadership in Percentage,
and Knowledge s .
technology updates, Ability to apply technology standards, Binary

and Capacity to integrate external IT resources.

Consistency between management strategy and IT,

3 IT Architecture | Existence of an IT strategic plan, Existence of a detailed Numeric, Binary,

implementation program of the IT strategy Integer
Collaboration with external business partners, Good
IT and Business | relationships with IT service providers, Technology-based Binary, Score,
Relationships client relationships, and Technology-based provider Numeric score

relationships.

Source: Author(s).

C. Validation and Tuning:

Cross-validation was used to assess the efficacy of the models:

Data Splitting: The data were divided into training and test sets. This split is crucial to ensure that models
are trained on one portion of the data and validated on another unseen portion, allowing for a more realistic
evaluation of their performance.

Implementation of Cross-Validation: Cross-validation techniques were employed, specifically the k-fold me-
thod. In this method, the data are divided into k subsets (folds), and the model is trained k times, each time
using k-1 folds for training and the remaining fold for validation. This process is repeated k times, ensuring
that each fold is used exactly once for validation.

Performance Measurement: At the end of each cross-validation iteration, the model’s performance is mea-
sured using specific metrics such as accuracy, sensitivity, specificity, and mean squared error (MSE). These
results are averaged to obtain a more robust estimate of the model’s performance.
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Fig 4. Model Native Bayes.
Source: Author(s).

Fig 5. Confusion matrix Naive Bayes.
Source: Author(s).

Fig 6. Model GridSearchCV.
Source: Author(s).
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Fig 7. Confusion matrix GridSearchCV.
Source: Author(s).

Fig 8. Model Gradient Boosting.
Source: Author(s).

Fig 9. Confusion matrix Gradient Boosting.
Source: Author(s).
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Fig 10. Model RandomForest.

Source: Author(s).

Fig 11. Confusion matrix RandomForest.
Source: Author(s).

Hyperparameter Optimization: Cross-validation was used with techniques such as GridSearchCV to search
for and optimize the model’s hyperparameters. GridSearchCV exhaustively searches for hyperparameter com-
binations and uses cross-validation to evaluate the performance of each combination, selecting the best confi-
guration.

Table 5. Adjustments to the models.

Model Hyper-parameter Characteristics

IT Infrastructure, Human Talent,

: Naive Bayes None IT and Business Relationships
IT Infrastructure, Human Talent,
2 GridSearchCV Number of trees, Maximum depth of trees IT Architecture, IT and Business
Relationships
3 Gradient Boostin Number of boosting stages, Learning rate, IT Infrastructure, Human Talent,
& Maximum depth of trees IT and Business Relationships

IT Infrastructure, Human Talent,
IT Architecture, IT and Business
Relationships

Number of trees, Maximum depth of trees,

4 R F i
andomForest Minimum number of samples to split a node

Source: Author(s).
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By making a characterization between quantitative and qualitative results, we obtain the following:

Table 6. Comparison of Results.

Category Type Key Results

The Random Forest model achieved a 95% accuracy in predicting future resource needs.

Accuracy in Predictions antitative 1o . .
Hracy th Hredict Quantitativ Cross-validation showed that the models could effectively predict demand.

Optimizing server capacity based on model predictions allowed companies to reduce
Resource Optimization Quantitative | their operational costs by 20%. Implementing the model also allowed for better
planning of technological infrastructure investments.

IT leaders were able to make more informed decisions regarding the expansion and
Qualitative consolidation of IT services. This led to better alignment between IT capabilities and
the organization’ strategic objectives.

Improvement in Decision
Making

The ability to anticipate problems and proactively adjust capacity allowed companies
Increase in Agility Qualitative to respond more quickly to market demands. Due to increased availability and
performance of IT services, customer satisfaction improved.

Source: Author(s).

The results presented in the table underscore the positive and significant impact of the machine learning-ba-
sed model on IT capacity management. The high accuracy in predictions and the resulting optimization in re-
source management demonstrate that the model is theoretically valid and practically effective. This highlights
the importance of integrating advanced technologies such as machine learning into the strategic management
of IT capacities to improve operational efficiency, decision-making, and business agility.

D. Discussion:

The results obtained in this study highlight the effectiveness of the Random Forest model, which achieved a 95%
accuracy in predicting IT resource needs. This accuracy is comparable to that reported in similar studies applying
machine learning in industrial contexts, where the accuracy of predictions is crucial for strategic and operational
planning [26].

The 20% reduction in operational costs through the optimization of technological resources aligns with the
principles of operational efficiency promoted by management models such as Lean and Six Sigma, which em-
phasize the importance of eliminating waste and continuously improving processes [27]. This finding unders-
cores the potential of machine learning to significantly contribute to organizational profitability by reducing
unnecessary costs and improving resource utilization.

In terms of improvement in decision-making and increased agility, the qualitative results reflect a positive
impact on the ability of IT leaders to align IT capabilities with business objectives strategically. This aspect is
critical in a business environment that demands speed and flexibility to adapt to changing market dynamics, a
topic that has been widely discussed in the literature on strategic management and IT governance [28].

The model’s ability to anticipate demands and proactively adjust IT capacities highlights the importance of
incorporating advanced predictive techniques in IT capacity planning. This approach not only improves the
response to market needs but also facilitates better risk management, minimizing the impact of demand fluc-
tuations on critical business operations [29].

V. CONCLUSIONS

Research on the IT capacity management model based on machine learning has proven valuable for optimizing or-
ganizations’ operational efficiency and resource utilization. The main findings of this study can be summarized in
the following key points: The use of machine learning algorithms, such as Random Forest, has enabled achieving
a 95% accuracy in predicting future IT resource usage [ 30]. This capacity for accurate prediction facilitates better
planning and management of capacity, reducing operational costs and improving efficiency [31].

Implementing the model has allowed participating companies to reduce operational costs by 20% by optimi-
zing server capacity and better planning investments in technological infrastructure. This underscores the
positive economic impact of the machine learning-based approach [32] it presents a machine learning (ML. IT
leaders have reported an increased ability to make informed decisions about expanding and consolidating IT
services. The alignment between IT capabilities and the strategic objectives of the organization has significant-
ly improved, leading to more effective and strategic management of technological resources [33].

The ability to anticipate problems and adjust capacity proactively has enabled companies to respond more quic-
kly to market demands. This has resulted in greater customer satisfaction due to improved availability and per-
formance of IT services [34]. The model has been validated in companies within the transportation sector in the
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Colombian Caribbean region, demonstrating its applicability and effectiveness in a real context. The results indi-
cate that this approach can be adapted and applied in different sectors and areas to achieve similar benefits [35].

VI. FUTURE WORK

For future work, it is proposed to extend the validation of the model to other industrial sectors and geographic re-
gions, integrate more variables and real-time data further to enhance the accuracy and effectiveness of the model
and explore the combination of different machine learning algorithms to optimize various aspects of IT capacity
management.
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