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Abstract. This study examines the application of the k-Nearest Neighbor (k-NN) algorithm
for predicting IT project outcomes to support data-driven decision-making in IT governance.
The algorithm was applied to a dataset of historical projects from a mid-sized technology
company. Despite limitations like sensitivity to parameter tuning, the simplicity and
interpretability of k-NN demonstrate its potential as an IT governance decision tool.
However, the single case study design restricts generalizability. Further research should
explore ensemble approaches to improve robustness, compare k-NN with other methods,
and assess its effectiveness across diverse organizational contexts.
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1. Introduction

In the era of digitalization, Information Technology (IT) has emerged as the fundamental pillar
supporting a wide range of operations in businesses across diverse industries(Krajewski et al., 2007;
OECD, 2021; Rosda et al., 2023). The role of IT is no longer confined to just providing technical
support; it has become an integral part of strategic planning and decision-making processes. This
transformation has made IT governance a critical aspect of business management, ensuring the
optimal utilization of IT resources in alignment with the organization's strategies and
objectives(Lisaria Putri et al., 2023; Muna et al., 2023). IT governance is not a standalone concept; it
is deeply intertwined with the organization's leadership, organizational structures, and processes. It
involves the establishment of a framework that guides the management and use of IT resources to
ensure that they not only support but also enhance the organization's strategies and objectives. This
includes setting the direction for IT, making decisions about IT investments, and managing IT
performance. In essence, IT governance provides a roadmap for how IT should be used to drive
business value and achieve organizational goals(Supardi et al., 2023; Triyono & Nuariyani, 2019;
Umar, 2011; Yanwastika Ariyana & D. Abdillah, 2023).

Despite its importance, effective IT governance can be a complex task. Challenges can arise from
rapidly changing technology landscapes, cybersecurity threats, regulatory compliance, budget
constraints, and the need to align IT initiatives with business goals. These challenges necessitate
innovative solutions that can enhance the effectiveness of IT governance.

The significance of IT governance in modern enterprises is of utmost importance, given its pivotal
role in guaranteeing operational efficiency, safeguarding data security, and fostering strategic
alignment between IT and business objectives. Based on a survey published by Gartner, it has been
observed that a significant majority of firms, specifically 80%, that establish a harmonious
relationship between their IT governance and business objectives, are able to attain tangible results in
terms of operational efficiency and the expansion of their business. Nevertheless, the augmentation in
the scope of responsibilities is accompanied by a distinct array of difficulties. The dynamic nature of
technical advancements, in conjunction with the growing regulatory requirements such as GDPR and
CCPA, presents a challenge for governance frameworks to maintain up-to-date relevance. The issue
of cybersecurity is of significant importance, as evidenced by the findings of the FBI's Internet Crime
Report. The report highlights a substantial 69% surge in cybercrime complaints between 2019 and
2021, underscoring the imperative for the implementation of strong IT governance measures to
effectively manage and reduce associated risks. Furthermore, the proliferation of remote work settings
and the adoption of cloud computing have broadened the scope of IT administration, hence
intensifying the complexity of this undertaking. Therefore, in light of the current organizational
landscape, the significance of IT governance has become increasingly paramount. However, it is
important to acknowledge that this field is confronted with unprecedented obstacles, necessitating the
development of adaptable and all-encompassing approaches.

A cutting-edge solution that has gained prominence in recent times is the utilization of Artificial
Intelligence (Al). In particular, the k-Nearest Neighbors (k-NN) algorithm stands out as a remarkable
tool. This algorithm is a form of instance-based learning, also referred to as lazy learning, where the
function is approximated locally, and all computations are postponed until the function evaluation is
required. The k-NN algorithm can be applied to both classification and regression predictive problems,
although it is more commonly employed in classification problems within the realm of data
mining(Adhitya et al., 2015; Liantoni, 2016; Lu et al., 2021; Siburian et al., 2019). The significance of
the k-NN Al algorithm in the context of IT governance is underscored by its capacity to analyze vast
quantities of data and make predictions or decisions based on that data. This ability to handle large
datasets and provide valuable insights makes it an invaluable tool for IT governance, where data-
driven decision-making is crucial.
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Artificial Intelligence (Al) signifies a monumental transformation in the realm of
technology(Lalithendra Nadh & Syam Prasad, 2018). Al encompasses a vast area of research,
incorporating a multitude of theories, methodologies, and technologies. Machine Learning uses neural
networks, genetic algorithms, and support vector machines, among others. Reasoning—logic, limits,
decision theory, and game theory—is another important topic(Kaushik et al., 2021; Melanie, 1996;
Nguyen et al., 2019). Robotics—manipulation, locomotion, and perception—is essential to Al. Al is
set to bring about a revolutionary impact across all sectors, making it a focal point of interest for
various stakeholders. It is altering the business landscape, from automating mundane tasks to
providing intelligent insights that drive decision-making. In essence, Al is reshaping the way
businesses operate, offering unprecedented opportunities for innovation and growth.

There is a growing body of research that explores the application of k-NN and other Al
techniques in many aspects. For instance, a study by Nicola Altini et al(Altini et al., 2021) uses deep
learning and classical machine learning to segment and identify vertebrae. The suggested system
contains two phases: a binary completely automated spine segmentation using a 3D convolutional
neural network, and a semi-automated vertebrae centroids location using classic machine learning
algorithms. Another research by Jeff Calder(Calder & Garcia Trillos, 2022) increases spectral
convergence for graph-based approximations of weighted Laplace-Beltrami operators from random
input. The method can analyze many graph constructions, including -graphs and k-NN graphs. Also
research by Quy(Quy & Kim, 2021) presents a gas pipeline leak detection method employing a k-NN
classifier and hybrid features from acoustic emission (AE) signals. For real-time leak detection, the
algorithm is incorporated in an MCU.

The objective of this paper is to explore the revolutionary potential of k-Nearest Neighbors (k-NN)
algorithms in strengthening IT governance frameworks. The essay examines the practical
implementation of k-NN algorithms in an operational IT governance context through the presentation
of a detailed case study on IT projects. The evaluation of the outcomes of this implementation focuses
on the optimization of resource allocation and decision-making processes. The findings are then
extrapolated to provide significant insights for other businesses. The primary aim is to provide a
practical example of how artificial intelligence, particularly k-NN algorithms, can be strategically
utilized to address persistent issues in I'T governance, hence enhancing its overall effectiveness.

2. Literature Review

The instance-based k-Nearest Neighbors (k-NN) algorithm can predict classification and
regression(Basha et al., 2019). k-nearest neighbors use a set number of training samples that are
closest to a new point to predict its label. The user can employ a constant number of samples (k-NN)
or adjust the number based on point density (radius-based neighbor learning). The most used metric
system for measuring distance is Euclidean.

An example of a non-parametric method that is used for classification and regression is the k-
Nearest Neighbors (k-NN) algorithm. Because it does not make any explicit assumptions about the
functional form of h, it is able to avoid the risks associated with incorrectly modeling the underlying
distribution of the data because it is non-parametric. Consider the following scenario: the data exhibit
a significantly non-Gaussian distribution, yet the learning model expects a Gaussian form. If this
occurs, the consequences could be extremely severe(Kakoly et al., 2023; Sidik & Sen, 2019; Sultana
et al., 2022).

k-nearest neighbor categorization produces class membership. An object's k nearest neighbors
will vote on its classification, and it will be placed in the category with the most votes. If k equals one,
the object is simply classified as its closest neighbor. k-NN regressions determine an object's property
value. The closest k neighbors' values are averaged to get this value. Instance-based learning, or "lazy
learning" approximates the function locally and delays computation until the function is assessed.
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The term "lazy" in the context of lazy learning pertains to the algorithm's practice of postponing
computing tasks until a specific query is initiated. This stands in stark contrast to algorithms such as
decision trees or neural networks that exhibit "eager learning," wherein the majority of computing
tasks are carried out during the initial training phase. The dynamic computation capabilities of lazy
learning enable adaptable and context-specific model modifications. However, this approach might
incur significant computational costs and exhibit sluggish performance when used to extensive
datasets.

The effectiveness of k-NN is greatly influenced by the distance measurement(Adeniyi et al.,
2016). The most common type of distance measurement is Euclidean distance, which is suitable for
continuous variables. For categorical variables, Hamming distance can be used. In some cases, the
variables may also need to be standardized before calculating distance.

The value of k that is selected for use in k-nearest neighbors is greatly dependent on the data
being analyzed. In general, a bigger k reduces the impacts of noise, but it also blurs the classification
boundaries. The ideal choice of the value k is extremely dependent on the data. In general, a bigger k
reduces the impacts of noise, but it also blurs the classification boundaries.(Beeche et al., 2022;
Karimi & Yousefi, 2012)

The k-nearest neighbors approach is easy to develop, forgiving of noisy training data, and
effective when used to huge amounts of training data. However, it is necessary for it to decide the
value of the parameter K, which stands for the number of nearest neighbors. Additionally, the
calculation cost is large since it is necessary for it to compute the distance between each instance and
all the training samples.

Table 1. k-NN and Artificial Intelligence Research Summary

No Title Summary

1 | How AI Can be Used for Governance of The research goal is to develop a model for the
Messaging Services: A Study on Spam detection of offensive content or spam in text
Classification Leveraging Multi-Channel messages, social media, and emails using MCC-
Convolutional Neural Network(Waja et al., | NN
2023)

2 | Intelligent Learning based Opinion Mining | This research is to develop a socio-affective
Model for Governmental Decision framework equipped with opinion mining to gain
Making(Sharma & Shekhar, 2020) insight into how government programs and

initiatives are perceived by citizens and relevant
stakeholder groups. The framework aims to
answer questions about citizens' perception of new
initiatives, the benefits and pitfalls of programs,
the possibility of replicating positive attributes to
other programs, the need to address negative
feedback, and the attention given to the concerns
of the general mass when formulating
administrative decisions. The research also aims to
analyze the findings and observations based on
statistical measures and provide recommendations
for  refining  strategies and  improving
communication and community  outreach
programs.

3 | Flood Damage Analysis Using Machine Based on limited data about damages and rainfall
Learning Techniques(Snehil & Goel, 2020) | in India, this study will evaluate flood risk
analysis using data mining algorithms like logistic
regression and decision tree.

4 | Machlne learning for nutrient recovery in This research goal is to explore and promote the
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the smart city circular economy — A
review(Soo et al., 2023)

implementation of Circular Economy (CE)
practices within smart cities, specifically focusing
on nutrient recovery and its end-to-end
implementation using machine learning approach

Artificial intelligence for sustainability:
Challenges, opportunities, and a research
agenda(Nishant et al., 2020)

This research discusses the potential of artificial
intelligence (AI) in addressing major societal
problems, particularly in the field of sustainability.
It emphasizes the need for advanced and
innovative solutions to combat the degradation of
the natural environment and the climate crisis,
also aims to promote groundbreaking research and
practical solutions for using Al to achieve
environmental sustainability.

The application of PROMETHEE multi-
criteria decision aid in financial decision
making: Case of distress prediction models
evaluation(Mousavi & Lin, 2020)

This article discusses the application of
PROMETHEE multi-criteria decision aid in
financial decision making, specifically in the
evaluation of distress prediction models. It focuses
on the use of corporate governance indicators and
machine learning in predicting corporate distress,
as well as the issue of conflicting rankings in the
evaluation process. The article provides valuable
insights and presents a comprehensive analysis of
the subject matter.

Assessing the Effectiveness of Masking
and Encryption in Safeguarding the
Identity of Social Media Publishers from
Advanced Metadata Analysis(Khader &
Karam, 2023)

Masking and encryption are tested to shield social
media producers from advanced metadata
analysis. The research helps understand social
media privacy security. The essay examines how
masking and encryption protect social media
producers from advanced metadata monitoring. It
examines how machine learning algorithms might
mine social media data, potentially compromising
anonymous publishers' privacy. Twitter is cited as
a platform where machine learning may identify
anonymous users/publishers. URL shortening,
pseudonymization, obfuscation, and cryptographic
algorithms are tested to safeguard social media
producers' identities and privacy. These methods
disguise or alter metadata to prevent enemies from
identifying social media publishers and accessing
sensitive data.

A Comparative Study of Using Various
Machine Learning and Deep Learning-
Based Fraud Detection Models For
Universal Health Coverage Schemes(Gupta
et al., 2021)

This research focuses on the use of different
machine learning and deep learning-based models
for fraud detection in healthcare systems. The
study aims to explore various models and their
effectiveness in detecting fraudulent activities,
with a specific focus on the financial
consequences of fraud in Universal Health
Coverage Schemes, such as investigation costs,
revenue losses, and reputational risk.

Sentiment Analysis of User Feedback in e-
Learning Environment(Omar et al., 2020)

This document discusses the importance of
sentiment analysis (SA) in the context of user-
generated content, specifically in e-learning
environments. SA is valuable because it allows for
the extraction of useful insights from large
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volumes of unstructured data found in social
media and micro-blog websites. However,
conducting SA on user-generated content can be
challenging due to its informal nature, which
introduces additional variables and properties that
need to be evaluated. The author emphasizes the
need for evaluating these informal texts and
highlights the relevance of SA in understanding
user feedback in e-learning environments.

The k-Nearest Neighbors (k-NN) algorithms have been applied in domains beyond typical
machine learning tasks, demonstrating its relevance in areas such as project management and risk
analysis. The adoption of this algorithm across many disciplines provides support for its potential to
enhance IT governance system.

Within the field of project management, k-NN algorithms have been utilized to predict project
outcomes by analyzing past data. For example, the k-Nearest Neighbors (k-NN) algorithm has been
employed in the domain of project management to forecast project completion durations and budget
deviations. This is achieved by comparing existing projects with historical projects that exhibit
comparable characteristics within the dataset. The algorithm's ability to identify the 'k' most similar
historical projects enables it to generate predictions that are more localized and context-sensitive. This,
in turn, assists project managers in making well-informed decisions and implementing necessary
revisions. This is especially advantageous in agile settings characterized by high levels of dynamism
and the need for frequent evaluation.

The k-Nearest Neighbors (k-NN) algorithm has been utilized in various domains of risk analysis,
including credit scoring, fraud detection, and operational risk assessment. In financial institutions, the
implementation of k-NN algorithms enables the identification of potentially high-risk loan applicants
by a comparative analysis of their profiles with those of previous applicants who have either defaulted
or successfully repaid their loans. Likewise, within the realm of cybersecurity, the k-Nearest
Neighbors (k-NN) algorithm can be employed to identify aberrant activities by juxtaposing network
traffic patterns or system behavior with past records. The algorithm's capacity to make localized
decisions renders it proficient in detecting outliers or anomalies, thereby limiting potential dangers.

The utilization of the k-Nearest Neighbors (k-NN) algorithm has been observed in the field of
operations and supply chain management for the purpose of enhancing resource allocation. By doing a
comparative analysis of present resource use patterns with historical data, the system is capable of
making predictions regarding future resource requirements. This feature is especially advantageous in
the context of IT governance since it enables the allocation of resources to be flexible and responsive
in order to effectively address the evolving requirements of the organization.

3. Method

The case study focuses on a mid-sized technology company, which operates in a highly competitive
market and relies heavily on its IT infrastructure for various business operations. IT governance
challenges include managing IT risks, aligning IT initiatives with business goals, and optimizing the
allocation of IT resources.

Media Digital Indonesia is small company that exist in Indonesia that focus on Software and
Hardware developer for Regencies and Cities in North Sumatra, this company cooperation with
government office in Province North Sumatra to provide software and hardware to support
government activities.

A. Data Collection
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Data collecting began implementation. Data on past IT records projects, risks, resource allocation, and
results. All of this will be trained using feature selection and data splitting techniques.

B. Data Preprocessing

For the k-NN algorithm, the data was preprocessed. This required handling missing values,
normalizing numerical data to guarantee that all features contribute equally to the distance calculation,
and encoding categorical variables.

C. Model Training

Preprocessed data trained k-NN. To maximize model performance, the number of neighbors (k) was
tuned during training. Cross-validation was used to identify the optimal model performance k value.
D. Model Testing

The trained model was tested on a new data set (test set). To test the model's ability to anticipate fresh
data, this was done.

E. Model Integration

Once the model was trained and tested, it was integrated into I'T governance structure. The model was
used to make predictions and decisions in various areas of IT governance, such as project
management, risk management, and resource allocation. General k-NN process can be described as in
figure 1 below:

Training Set Validation Set Test Set k-NN Model

Train Model

>
Trained Model
.‘. ..................................................................................................
Validate Model
>
Adjusted Model
i SR
Test Model
>
Final Model
Training Set Validation Set Test Set k-NN Model

Fig 1. k-NN process

4. Result and Discussion

k-Nearest Neighbors (k-NN) algorithm can be applied to the data table to make predictions about the
outcome of future IT governance projects, see table 1 for simple dataset.

Table 2. Dataset Project

Project | Project Project Team | Technology Risk Resources Project
1D Budget Duration Size Used Level Allocated QOutcome

1 50000 6 months 5 Java High 30000 Success

2 75000 9 months 7 Python Medium | 45000 Failure

3 60000 12 months 6 C++ Low 35000 Success

4 80000 8 months 8 Java High 50000 Failure
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5 [70000 [10months | 7 | Python | Medium | 40000 | Success

Description table 1:

a. Project ID: a unique identifier for each project.

=

Project Budget: total budget for the project.

Project Duration: total duration of the project.

Team Size: number of team members involved in the project.

Technology Used: main technology or programming language used in the project.

Risk Level: level of risk associated with the project, categorized as High, Medium, or Low.

Allocated Resources: Project resources.

@ oo a0

Outcome: project success or failure.

This data will be processed with the k-NN algorithm to make predictions about future projects
based on their budget, duration, team size, technology used, risk level, and resources allocated.

Before using k-NN, data must be preprocessed. This stage converts raw data into an algorithm-
friendly format. Preprocessing table data:

a. k-NN algorithm requires numerical input. Thus, "Technology Used" and "Risk Level" must
be numerical variables. A one-hot encoding method allows this. "Technology Used" can be split into
"Uses Java", "Uses Python", and "Uses C++". These variables would be 1 if the technology was
employed and 0 otherwise. "Risk Level" can also be split into "High Risk," "Medium Risk," and
"Low Risk" variables.

b. Normalizing: k-NN algorithm calculates the distance between data points, so it's important
that all numerical variables are on the same scale. Otherwise, variables with larger values (like
"Project Budget") could dominate the distance calculation. To prevent this, numerical variables can be
normalized so that they all have a range between 0 and 1. This can be done using a technique called
min-max normalization.

After these preprocessing steps, data would be processed using k-NN algorithm. The transformed
data would look something like this:

Table 3. k- NN Data Processing

Project Project T . |Use Use| Hig Lo | Resources .

. . eam Size Uses . Project
Proje| Budget | Duration (Normalize S Pytho s | h |Mediu| w | Allocated Outco
ct ID |(Normalize|(Normalize d) Jav n C+ | Ris |m Risk| Ris |(Normalize me

d) d) a + | k k d)
1 0.5 0.3 0.4 1 0 0] 1 0 0 0.6 Success
2 0.75 0.45 0.55 0 1 010 1 0 0.9 Failure
3 0.6 0.6 0.5 0 0 110 0 1 0.7 Success
4 0.8 0.4 0.6 1 0 0] 1 0 0 1.0 Failure
5 0.7 0.5 0.55 0 1 010 1 0 0.8 Success

0: The value frequently denotes the minimal attainable value for a specific attribute subsequent to
the process of normalization. Within the framework of our IT project case study, a budget or resource
allocation of zero would indicate the minimal value when compared to all other projects under
consideration.

1: On the contrary, this value signifies the uppermost attainable value for a specific attribute
following the process of normalization. In the context of our case study, a budget or resource
allocation value of 1 signifies the highest level among all the projects under consideration.

Within the range of 0 and 1: Each value falling within the interval of 0 and 1 denotes a relative
location in relation to the minimum and maximum values associated with the given feature. An
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instance of a normalized budget value equal to 0.5 indicates that the budget falls precisely at the
midpoint between the minimum and highest budgets within the dataset.

The process of normalization holds particular significance in the context of algorithms such as k-
NN, wherein distance measures are employed to generate predictions. When a particular feature has a
significantly larger size in comparison to other features, it can exert a dominant influence on distance
computations, hence potentially resulting in inaccurate predictions. By applying a normalization
technique that scales all features to a range of 0 to 1, each feature is afforded an equitable chance to
impact the final decision.

Instance-based learning, or lazy learning, uses the k-Nearest Neighbors (k-NN) technique to
approximate the function locally and defer computation until function evaluation. Among machine
learning algorithms, the k-NN algorithm is basic.

Calculate the training set distance from a test point. Manhattan and Minkowski distances are also
employed, but Euclidean distance is the most popular. This study estimated Euclidean distance
between two places (p1, p2):

dpl, p2) = sqrt((pl x-p2 x)"2 + (pl y-p2 y)"2)

where pl_x and pl_y are the coordinates (Project Budget and Resources Allocated) of the new
project, and p2_x and p2_y are the coordinates of a project in the training set. Calculation distance
between the new project and each project in the training set as can see below:
a. Distance to Project 1:
d(new project, Project 1) = sqrt((0.65 - 0.5)*2 + (0.75 - 0.6)"2)
b. Distance to Project 2:
d(new project, Project 2) = sqrt((0.65 - 0.75)"2 + (0.75 - 0.9)"2)
c. Distance to Project 3:
d(new project, Project 3) = sqrt((0.65 - 0.6)"2 + (0.75 - 0.7)"2)
d. Distance to Project 4:
d(new project, Project 4) = sqrt((0.65 - 0.8)*2 + (0.75 - 1.0)"2)
e. Distance to Project 5:
d(new project, Project 5) = sqrt((0.65 - 0.7)*2 + (0.75 - 0.8)"2)
result Euclidean distance from calculation above can be seen in table 3 below.

Table 4. Euclidean Distance Result

Project | Distance to New Project
ID
1 0.18
2 0.26
3 0.07
4 0.36
5 0.07

These distances represent the Euclidean distance between the new project and each project in the
training set. The smaller the distance, the more similar the project is to the new project. In the step of
selecting the 'k' nearest neighbors, we choose the 'k' data points in the training set that are closest to
the new data point. This is done based on the distances calculated in the previous step.

There isn't a specific formula for this step, as it's more of a sorting and selection operation. We
sort the distances in ascending order and select the top 'k' points. Let's say we choose 'k' as 3. From
the distances that calculated earlier (table 3). The 3 projects with the smallest distances to the new
project are Project 3, Project 5, and Project 1. So, the 'k' nearest neighbors to the new project are:

150



Suharyanto et al., Journal of Logistics, Informatics and Service Science, Vol. 11 (2024) No. 2, pp. 142-154

Table 5. k£ new project

Nearest Distance to
Neighbor New
Project
Project 3 0.07
Project 5 0.07
Project 1 0.18

These are the 3 projects that are most similar to the new project, according to the k-NN algorithm.

k-Nearest Neighbors (k-NN) algorithm was applied to predict the outcome of a new IT project
based on a set of historical project data. The attributes considered were the normalized project budget
and resources allocated. The k-NN algorithm predicted that the new project will be a success based on
the outcomes of its three nearest neighbors in the training set.

The instance-based k-NN method does not learn a model. Machine learning is the reason. Instead,
it memorizes training examples and applies "knowledge" during prediction. This works. k-NN's
simplicity makes it useful in interpretable fields like information technology governance.

The non-parametric k-NN algorithm makes no assumptions about the data or distribution. IT
projects vary widely and may not follow a distribution, making this trait useful. k-NN has some
drawbacks. The distance metric and 'k' matter. This case study employed k=3 and the Euclidean
distance metric, although other selections could yield different predictions. It's sensitive to varying
scale, therefore we standardized them before applying the method.

k-NN also struggles with categorical variables. Before using the technique, we converted category
data to numerical variables in this case study. This can be a drawback if the categorical variables have
several levels or a complex relationship with the outcome. The k-NN algorithm can forecast IT
project outcomes when combined with other approaches and expert judgment, despite its limitations.
This case study uses the k-NN technique due to its simplicity and interpretability.

5. Conclusion

This study demonstrated the application of k-NN algorithm to predict IT project outcomes, supporting
data-driven IT governance. While the case study reveals its potential, limitations like sensitivity to
parameter tuning persist. Further research should explore ensemble approaches to improve robustness,
comparative assessments with other methods, and applications in diverse organizational contexts. The
findings have practical implications for incorporating k-NN to enhance IT governance decision-
making.

Nevertheless, k-NN method does have a few drawbacks of its own. It is sensitive to the choice of
'k' and the distance measure that is employed, and it does not perform well with categorical variables.
When utilizing the k-NN algorithm, it is necessary to take these constraints into consideration.

Looking to the future, there are many different directions that research could go in the future. To
handle categorical variables in the k-NN algorithm in a variety of different ways is one idea that may
be investigated. Another option is to study various distance measurements and the effect that these
metrics have on the predictions made by the algorithm. To further improve the reliability and
precision of the predictions, one may make use of ensemble approaches, which integrate the results of
several different machine learning algorithms.

In conclusion, the k-NN algorithm is an effective instrument forecasting the results of information
technology projects. Despite its restrictions, it is an excellent option for using in applications related
to IT governance due to its understandability and ease of implementation. It is possible for future
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research to further improve both its efficacy and its usefulness in this sector.
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