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Objectives: The study aims to explore the application of AI in personality assessment and team
formation within IT organizations. It investigates how clustering algorithms and sentiment-
aware analysis can be used to improve personality matching and optimize team composition.

Methods: The research employs the Big Five Personality Test data, applying K-means clustering
to identify compatible personality profiles among employees. A dataset of 19,720 responses is
analyzed and grouped into ten distinct clusters. The Elbow Method determines the optimal
number of clusters, while Principal Component Analysis (PCA) assists in visual interpretation of
results.

Results: The framework successfully identified suitable candidates in 87% of team-matching
cases within the initial cluster. In the remaining cases, dynamic cluster expansion ensured
appropriate matches. The system showed strong scalability and efficiency, clustering 500 records
in under 1.2 seconds. Visualizations confirmed meaningful and well-separated personality
clusters.

Conclusions: The study demonstrates the efficacy of Al in team building, enabling HR
professionals to form compatible teams based on personality traits. The framework is adaptable,
scalable, and holds promise for diverse organizational applications, from employee development
to conflict resolution.

Keywords: Al, personality matching, team building, K-means clustering, Big Five personality
traits, emotional intelligence.

INTRODUCTION

The Information Technology (IT) sector operates in a dynamic and fast-paced environment characterized by
innovation, collaboration, and adaptability. Various organizations are adopting competitive strategies to avoid losing
their existing spots as an evolving scenario of business scenario emerges worldwide. High-performing teams are
competitive and efficient in performance. This is why today's organizations, at all levels, want to build effective teams
effusively. However, assembling such teams remains a significant challenge due to the diverse personalities, skill sets,
and communication styles that exist within the workforce [1]. Differences in work approaches, interpersonal
dynamics, and adaptability often complicate the process of creating congenial and efficient teams.

Traditional team-building methods, which predominantly rely on human judgment and intuition, are not only time-
consuming but also prone to biases. Factors such as unconscious prejudice, reliance on subjective assessments, and
limited capacity to process complex personality dynamics often undermine the effectiveness of these approaches [5].
In the IT sector, where agility and precision are paramount, there is a pressing need for innovative solutions that can
address these limitations and enhance team-building processes.

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 1186

which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



Journal of Information Systems Engineering and Management

2025, 10(45s)
e-ISSN: 2468-4376
https://www.jisem-journal.com/ Research Article

Artificial Intelligence (AI) offers a new way to look at team building by using data to look at and improve team
makeup. By using algorithms and machine learning, Al can evaluate personality traits in individuals and find
compatible types, helping to create teams that work well together. Al-based personality matching may change how
teams are formed by improving teamwork, lowering conflicts between members, and enhancing team results [10].
Additionally, it provides a consistent, fair, and effective way to deal with the challenges of forming teams in today's
work environment.

The paper investigates the potential of Al-powered personality matching in the IT sector, addressing key questions
critical to understanding its applicability and impact [4]. Moreover, AI-driven personality assessment tools can offer
valuable insights beyond traditional profiling methods by analyzing vast datasets from multiple sources, such as
social media activity, work performance metrics, and psychometric evaluations. These tools leverage machine
learning techniques to identify behavioral patterns, communication styles, and cognitive strengths, allowing for a
more comprehensive understanding of each team member [3]. As a result, organizations can make data-driven
decisions when assembling teams, ensuring a better alignment of skills, personalities, and project requirements. The
adoption of Al in personality assessment not only streamlines the hiring and team-building process but also fosters
a culture of continuous improvement, enabling teams to evolve and adapt to changing business demands more
effectively. Artificial Intelligence (AI) is rapidly transforming the landscape of personality assessment in the IT sector
by offering data-driven insights that enhance the efficiency and precision of team-building processes. Traditional
methods of team composition, which often rely on subjective judgments and limited evaluation criteria, can overlook
key personality traits that influence team dynamics. Al, on the other hand, leverages advanced algorithms to analyze
multiple data points, such as behavioral patterns, communication preferences, and cognitive strengths. These
insights enable organizations to form well-balanced teams with complementary skills and aligned work styles,
ultimately improving collaboration and innovation within the workplace.

One of the most significant advantages of Al in personality assessment is its ability to eliminate biases commonly
associated with human decision-making. Traditional hiring and team-building processes are often influenced by
unconscious biases, which can lead to suboptimal team compositions [5]. AI algorithms, driven by machine learning
and natural language processing, objectively assess personality traits and compatibility factors, ensuring fairness and
consistency in team formation. So, the impartiality not only fosters diversity and inclusion within the organization
but also leads to better decision-making based on empirical data rather than intuition.

Furthermore, Al-driven tools can provide continuous monitoring and analysis of team performance, allowing
organizations to make informed decisions about restructuring or optimizing teams as projects evolve. By tracking key
performance indicators and interpersonal dynamics in real time, AI can identify potential areas of improvement and
recommend adjustments to enhance team efficiency. The proactive approach helps organizations stay agile and
responsive to changing business needs, thereby maintaining a competitive edge in the market.

Another crucial aspect of AlI-powered personality assessment is its scalability. Unlike traditional methods that require
significant time and resources to analyze individuals, AI can process vast amounts of data quickly and accurately. The
scalability allows organizations to implement personality assessment solutions across multiple teams and
departments, ensuring a uniform and efficient approach to team building. As a result, companies can scale their
operations more effectively without compromising the quality of team dynamics and productivity.

Despite its numerous benefits, the implementation of Al in personality assessment is not without challenges. Ethical
concerns related to data privacy, algorithmic transparency, and potential biases in training data must be addressed
to ensure the responsible use of AI technologies. Organizations need to adopt robust ethical frameworks and
compliance measures to safeguard employee data and maintain trust in AI-driven decision-making processes [7].
Additionally, AI systems should be continuously updated and refined to adapt to evolving workplace dynamics and
cultural considerations.

Al-based personality assessment represents a transformative approach to team building in the IT sector, offering
data-driven insights that enhance team synergy, productivity, and adaptability. By leveraging Al's capabilities,
organizations can overcome traditional challenges associated with team formation and create high-performing,
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cohesive teams that drive business success. However, it is crucial to implement these technologies responsibly,
considering ethical implications and ensuring alignment with organizational goals and values.

Al-powered personality assessment is also playing a pivotal role in enhancing employee engagement and retention
within IT organizations. By understanding individual personality traits and work preferences, Al can help managers
tailor work environments and assignments to better suit each team member’s strengths and motivations [6]. The
personalized approach fosters job satisfaction, reduces burnout, and increases overall team morale. Moreover, Al can
assist in identifying potential leadership qualities and skill gaps, enabling organizations to offer targeted training and
career development opportunities, ultimately contributing to long-term workforce stability and growth.

In addition to improving team formation, AI-driven personality assessment tools can facilitate conflict resolution and
communication within teams. By analyzing behavioral patterns and interaction styles, Al can provide actionable
insights to help team members understand each other's working styles and preferences [8]. It eventually fosters a
culture of mutual respect and collaboration, minimizing misunderstandings and enhancing overall team cohesion.
Al-based analytics can also provide early warning signals for potential conflicts, allowing managers to proactively
address issues before they escalate, thereby maintaining a healthy and productive work environment.

Looking ahead, the integration of Al in personality assessment is expected to evolve further, incorporating
advancements in emotional intelligence analysis, cognitive computing, and adaptive learning technologies. These
innovations will enable Al systems to provide even deeper insights into human behavior and team dynamics, paving
the way for more sophisticated and nuanced approaches to team building. As AI continues to advance, organizations
that embrace these technologies will be better positioned to build agile, high-performing teams capable of thriving in
the rapidly changing IT landscape.

As Al-driven personality assessment tools become more sophisticated, their integration with other HR technologies,
such as workforce analytics, performance management systems, and recruitment platforms, will further enhance
their effectiveness. By combining insights from multiple sources, organizations can develop a holistic understanding
of their workforce, enabling them to make more informed strategic decisions [9]. The interconnected approach will
not only improve team composition but also support broader organizational goals such as talent acquisition,
employee well-being, and succession planning. As a result, AI will play a crucial role in shaping the future of work by
fostering more dynamic, resilient, and high-performing teams in the IT sector.

This research makes the following contributions:

1. It provides an in-depth analysis of a wide range of studies on AI-driven personality assessment, examining
their methodologies, applications, and challenges. It offers a comprehensive overview of how Al contributes
to team formation and optimization in the IT sector.

2. It introduces various Al-based techniques for evaluating personality traits and team compatibility,
demonstrating their effectiveness in identifying synergies, reducing conflicts, and enhancing overall team
productivity in dynamic IT environments.

3. It emphasizes the crucial role of Al in personality assessment for team building within the IT sector [2]. AI-
powered solutions can analyze behavioral traits and cognitive patterns to create well-balanced teams by
considering factors such as work styles, communication preferences, and collaboration potential.

4. Ithighlights the challenges associated with AI-driven personality assessment, such as data privacy concerns,
algorithmic biases, and the need for transparency. It emphasizes the ongoing research efforts aimed at
refining AI models to ensure ethical and effective team formation.

5. A comprehensive survey of current Al applications in personality assessment is offered, addressing key
aspects including assessment methodologies, algorithmic capabilities, real-world applications, and
challenges. This resource holds significant value for HR professionals, organizational leaders, and
researchers looking to leverage Al for improving team dynamics and workplace productivity.
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To the best of the authors’ knowledge, there is no prior research publication that provides a thorough and lucid
evaluation of AI-driven personality assessment, integrating psychological insights with machine learning techniques
in such a comprehensive manner.

The structure of research is as follows: Section 2 conducts a comprehensive literature review on the integration of Al
in personality assessment for team building in IT organizations.

LITERATURE REVIEW

The use of Artificial Intelligence (AI) in personality assessment has gained significant attention in recent years as
organizations strive to build high-performing teams that align with business objectives. Traditional personality
assessment methods, such as psychometric tests and behavioral interviews, have long been used to evaluate
candidates' suitability for specific roles. However, these approaches often suffer from subjectivity, biases, and
limitations in scalability [11]. Recent advancements in Al, particularly in machine learning (ML) and natural language
processing (NLP), have introduced more sophisticated, data-driven methods to assess personality traits,
communication styles, and team compatibility with greater accuracy and efficiency.

One of the key areas where AI has demonstrated substantial promise is in the analysis of personality traits using
machine learning models trained on diverse datasets. Studies have shown that Al algorithms can analyze digital
footprints, such as social media activity, emails, and work performance data, to generate comprehensive personality
profiles [3]. These Al-driven models can identify behavioral patterns, emotional intelligence, and cognitive styles
with higher precision than traditional assessments. Research has also highlighted the role of sentiment analysis and
NLP in understanding individuals' communication styles and emotional states, providing deeper insights into team
dynamics.

Several studies have explored the effectiveness of Al-based personality assessment tools in predicting job
performance and team cohesion. For instance, research has demonstrated that AI models leveraging the Big Five
Personality Traits (openness, conscientiousness, extraversion, agreeableness, and neuroticism) can accurately
predict job satisfaction, leadership potential, and interpersonal compatibility [12]. Furthermore, Al systems can
continuously learn and adapt based on real-time interactions and feedback, enabling organizations to make data-
driven decisions in assembling and managing teams.

Despite these promising developments, the application of Al in personality assessment is not without challenges.
Data privacy and ethical concerns remain significant hurdles, as Al systems often require access to personal and
sensitive information to generate meaningful insights. Studies have highlighted the need for transparent AI models
that provide explainable results, ensuring that organizations can build trust with employees while complying with
data protection regulations [14]. Additionally, the potential for algorithmic biases, stemming from training data that
may reflect societal inequalities, has been a critical focus of research in recent years.

Another challenge identified in the literature is the interpretability of AI-driven personality assessments. While Al
can offer highly accurate predictions, understanding how these predictions are made remains complex. Researchers
have emphasized the importance of developing interpretable AI models that allow HR professionals and
organizational leaders to make informed decisions with clear justifications. Ongoing research is exploring explainable
AT (XAI) techniques that aim to bridge the gap between Al's predictive capabilities and human understanding [13].

Moreover, recent studies have investigated the integration of Al-driven personality assessments with other HR
functions, such as performance management and career development. By combining personality insights with key
performance indicators (KPIs), organizations can develop personalized career paths, training programs, and
leadership development initiatives [16]. AI-driven recommendations can help align employees’ career aspirations
with organizational goals, enhancing job satisfaction and retention rates.

The literature also underscores the evolving role of AI in conflict resolution and team dynamics. AI tools can
proactively detect potential conflicts by analyzing communication patterns and sentiment changes within teams.
Research suggests that by identifying early warning signs of conflicts, Al can facilitate timely interventions, improving
team harmony and productivity [15]. The proactive approach to conflict management allows organizations to foster
a positive and collaborative work environment.
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Furthermore, Al's scalability and automation capabilities have made it an attractive solution for large organizations
with diverse teams spread across multiple locations [17]. Studies have shown that Al-powered platforms can assess
thousands of employees simultaneously, providing real-time insights into team performance and compatibility. The
scalability ensures that organizations can maintain a consistent approach to team-building, regardless of their size
or geographic distribution.

One of the primary ways AI/ML enhances team building is through predictive analytics. By analyzing historical data
from employee performance reviews, project outcomes, and collaboration patterns, AI can predict which
combinations of individuals are likely to work well together [19]. These predictive models help managers anticipate
potential conflicts, optimize resource allocation, and improve overall team efficiency. Additionally, AI-driven tools
can provide continuous feedback and recommendations, allowing teams to adjust their strategies dynamically based
on real-time insights. The proactive approach to team management helps organizations stay agile and adaptable in a
fast-paced business environment [20].

Al-powered personality assessment tools also play a crucial role in identifying the strengths and weaknesses of team
members. By utilizing natural language processing (NLP) and sentiment analysis, Al can analyze communication
styles, work habits, and emotional intelligence levels. These insights enable managers to assign roles and
responsibilities that align with each team member’s strengths, fostering a sense of purpose and motivation.
Furthermore, Al can identify potential leadership qualities within teams, helping organizations nurture and develop
future leaders based on data-driven insights rather than subjective judgments [18]. Another significant advantage of
AI/ML in team building is its ability to enhance diversity and inclusion. Traditional hiring and team formation
processes may be prone to unconscious biases that can limit diversity within teams.

In conclusion, the existing body of literature provides compelling evidence of Al's potential to revolutionize
personality assessment and team-building processes. While challenges such as data privacy, interpretability, and
algorithmic biases remain, ongoing research and technological advancements continue to address these issues. As Al
models become more sophisticated and ethical considerations are prioritized, organizations are increasingly adopting
Al-driven solutions to create high-performing, cohesive teams that drive business success.

AT algorithms, when designed with ethical considerations in mind, can mitigate these biases by focusing solely on
objective criteria such as skills, experience, and work preferences. It eventually results in a more diverse and inclusive
work environment, which has been shown to drive innovation and creativity within teams [4]. However, it is essential
for organizations to continuously monitor and refine their AT models to ensure they do not inadvertently reinforce
existing biases in the data.

AI/ML technologies also contribute to improved collaboration and communication within teams [5]. Advanced AI-
driven platforms can analyze team interactions across various digital communication channels, such as emails, chat
platforms, and project management tools, to identify areas where collaboration may be lacking. These insights enable
organizations to implement targeted interventions, such as team-building exercises or personalized coaching
programs, to strengthen communication and trust among team members. Al-powered virtual assistants and
collaboration tools further streamline workflow management, ensuring that tasks are assigned efficiently and
progress is tracked effectively.

METHODOLOGY

The study explores the role of Artificial Intelligence (AI) in personality assessment for IT professionals by applying
machine learning techniques to a dataset containing responses to the Big Five Personality Test, constructed with
items from the International Personality Item Pool (IPIP). The dataset consists of 19,720 rows, each representing a
respondent’s answers to 50 personality-related questions [25]. These questions cover dimensions such as
Extraversion (E), Neuroticism (N), Agreeableness (A), Conscientiousness (C), and Openness (O). The items are
designed to capture individuals' traits across these five major personality dimensions, providing a comprehensive
profile of their personality.
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Figure 1: Approach

Data Collection and Dataset Description

The dataset used in the study consists of responses to the Big Five Personality Test, with each entry containing
responses to 50 different personality-related items. These items are spread across the five major personality
dimensions, with 10 items per dimension. The test items are as follows:

¢ Extraversion (E): Questions such as “I am the life of the party” and “I start conversations” measure the
level of sociability and enthusiasm an individual exhibits.

e Neuroticism (N): Items such as “I get stressed out easily” and “I get upset easily” capture emotional
stability and vulnerability to stress.

e Agreeableness (A): Questions like “I sympathize with others' feelings” and “I am interested in people”
reflect an individual’s capacity for empathy, cooperation, and concern for others.

¢ Conscientiousness (C): Items such as “I am always prepared” and “I follow a schedule” gauge the level of
organization, responsibility, and reliability.

¢ Openness (0): Items such as “I have a rich vocabulary” and “I have a vivid imagination” assess creativity,
curiosity, and openness to new experiences.

The dataset contained 19,720 rows, each representing an individual’s response to these questions. For each
personality dimension, respondents were asked to rate their agreement with each item on a Likert scale, ranging from
“Strongly Disagree” to “Strongly Agree.”

Code | Statement
E1 I am the life of the party.
E2 I don't talk a lot.

E3 I feel comfortable around people.

Eg I keep in the background.

Es5 I start conversations.
E6 I have little to say.

E7 I talk to a lot of different people at parties.

E8 I don't like to draw attention to myself.

E9 I don't mind being the center of attention.

E10 I am quiet around strangers.

N1 I get stressed out easily.

N2 I am relaxed most of the time.

N3 I worry about things.

N4 I seldom feel blue.

N5 I am easily disturbed.

N6 I get upset easily.

N7 I change my mood a lot.

N8 I have frequent mood swings.

No I get irritated easily.
N1o | Ioften feel blue.

A1 I feel little concern for others.
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A2 I am interested in people.
A3 Iinsult people.
Aq I sympathize with others' feelings.
As I am not interested in other people's problems.
A6 I have a soft heart.

A7 I am not really interested in others.
A8 I take time out for others.

A9 I feel others' emotions.

A10 | I make people feel at ease.

C1 I am always prepared.

Cz2 I leave my belongings around.

C3 I pay attention to details.

Ca I make a mess of things.

Cs I get chores done right away.

Cé I often forget to put things back in their proper place.
C7 I like order.

C8 I shirk my duties.

Co I follow a schedule.

C10 | I am exacting in my work.

(0)1 I have a rich vocabulary.

02 I have difficulty understanding abstract ideas.

03 I have a vivid imagination.

04 I am not interested in abstract ideas.
05 I have excellent ideas.

06 I do not have a good imagination.

07 I am quick to understand things.
08 I use difficult words.
09 I spend time reflecting on things.
010 | Iam full of ideas.
Table 1: Questions

Data Preprocessing and Cleaning

Before applying machine learning models, the data required several preprocessing steps. First, rows with missing or
null values were identified and removed. This step was essential to ensure the dataset was clean and free from
incomplete data that could negatively impact the analysis. After eliminating incomplete rows, ensured that all
remaining data was numeric and consistent across the dimensions, which allowed us to apply standard machine
learning techniques [11].

Additionally, the responses were standardized to bring all dimensions to a comparable scale. It was achieved by
scaling the data to have a mean of 0 and a standard deviation of 1 for each feature. Standardization is crucial in
clustering tasks like K-means, as it ensures that each feature contributes equally to the calculation of distance metrics,
preventing certain features with larger ranges from dominating the clustering process.

K-Means Clustering

To explore and identify distinct personality profiles, K-means clustering is employed, a widely used unsupervised
machine learning algorithm. K-means aims to partition the data into K clusters, where each data point belongs to the
cluster with the nearest mean, minimizing the within-cluster variance [22]. This method is ideal for identifying
natural groupings or patterns within the dataset without requiring labeled data [21].
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One of the key challenges in applying K-means clustering is selecting the appropriate number of clusters, K. To
determine the optimal K, Elbow Method is used, which involves plotting the within-cluster sum of squares (WCSS)
against different values of K. The point at which the decrease in WCSS begins to slow down—forming an "elbow"—is
considered the ideal number of clusters. After experimenting with different values of K, therefore, determined that
K=10 was the optimal number of clusters, as it balanced model simplicity with explanatory power. The algorithm
operates in three main steps:

1. Initialization: Choose k initial cluster centroids p1, 2, ..., uk either randomly or using a heuristic such as
k-means++. Each centroid represents the center of a cluster.

2. Assignment Step: Assign each data point (employee) to the nearest cluster based on the distance metric,
typically Euclidean distance. The assignment for data point || xi — yj || is given by:

where Cj = {xi: [xi— W I?< lIxi—pI?V],1<1<Kk}
3. Update Step: Recompute the centroids of each cluster by calculating the mean of all points in the cluster:
W = Cjl1xi € CjXxi,
where |Cj| is the number of data points in cluster j.

These steps are repeated iteratively until convergence, which occurs when the cluster assignments no longer change
or when the centroids stabilize

Elbow Method for Selecting K

The Elbow Method is a common technique used to find the optimal number of clusters for K-means clustering. The
K-means algorithm for values of K ranging from 1 to 20 and calculated the WCSS for each K. The plot revealed a clear
inflection point at K=10, where the rate of decrease in WCSS began to level off, suggesting that adding more clusters
would not significantly improve the model's fit to the data. Therefore, K=10 was chosen as the optimal number of
clusters.

Cluster Distribution and Analysis

Once the optimal number of clusters was determined, K-means clustering algorithm with K=10 on the dataset is used.
The resulting clusters were examined to understand the distribution of personality types within the dataset. The
clusters are as follows:

Cluster ID | Size of Cluster
Cluster o 2350 samples
Cluster 1 1824 samples
Cluster 2 2270 samples
Cluster 3 2421 samples
Cluster 4 2068 samples
Cluster 5 1363 samples
Cluster 6 1442 samples
Cluster 7 2101 samples
Cluster 8 1724 samples
Cluster 9 2147 samples

Table 2: Cluster Sizes
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These clusters represent different combinations of personality traits across the Big Five dimensions. For example,
one cluster may represent individuals who score highly on Extraversion and Openness, while another may represent
those who are more introverted but high in Conscientiousness and Agreeableness. [23] The distribution of samples
across the clusters varied, with the largest cluster containing 2,421 individuals and the smallest containing 1,363
individuals.

Cluster Profiling and Interpretation

To gain deeper insights into the personality profiles represented by each cluster, analyzed the mean scores of the Big
Five personality dimensions for each cluster. By examining these scores, we were able to identify patterns that
characterize each cluster. For example, clusters with high mean scores in Extraversion (E) and low scores in
Neuroticism (N) may represent individuals who are confident, socially outgoing, and emotionally stable, making
them ideal for leadership and collaborative roles [24]. In contrast, clusters with higher scores in Neuroticism may
represent individuals who are more prone to stress and anxiety, requiring environments that offer support and
structure.

Furthermore, clusters were also examined for patterns in Conscientiousness (C) and Openness (O). High
Conscientiousness, for example, may indicate individuals who are reliable, detail-oriented, and good at managing
projects, whereas high Openness may suggest individuals who are creative, innovative, and open to new ideas. These
insights allow organizations to form more balanced and effective teams by matching individuals with complementary
traits.

K-Means Clustering Algorithm for Personality Matching Use Case

K-Means clustering is a popular unsupervised machine learning algorithm used to partition a dataset into k clusters
based on similarity. In the context of this use case, where an HR professional aims to find a candidate whose
personality traits align with those of an existing team, K-Means clustering can help group employees into clusters
based on their personality traits [22]. These clusters represent subsets of individuals with similar personality profiles,
facilitating the identification of the most compatible candidate.

-~ "

Group Traits

h 4

Select largest K value
from sef

", -+

Remove K value from
set

Employee Match Found?

Figure 1: Algorithm to find employee

The K-Means algorithm iteratively partitions data points into k clusters by minimizing the intra-cluster variance
[21]. Each cluster is defined by a centroid, which is the mean vector of all the data points (employees’ personality trait
vectors) within the cluster. The algorithm operates in four main steps:

1. Initialization: Choose k initial cluster centroids ui,p2,...,uk with largest value of k. Each centroid
represents the center of a cluster.
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2. Listing Step: List all the employees that fall in the cluster corresponding to the team members personality
traits.

3. Validation Step: Check how many of the team members fall in the cluster and how many members are not
working on any other project in those respective cluster.

4. Re-Initialization: If no such member is found, find new k clusters and go to step 2.

These steps are repeated iteratively until convergence, which occurs when a suitable employee is found that matches
the teams’ traits.

RESULTS

To evaluate the performance of the proposed K-Means clustering framework for personality-based team matching,
experiments were conducted using a dataset of 500 employees. Each employee's personality profile was represented
as a answers derived from the Big Five personality traits: Openness, Conscientiousness, Extraversion, Agreeableness,
and Neuroticism questions. The primary goal was to test the system’s ability to cluster employees effectively and
match candidates to a target team while preserving compatibility.

1. Cluster Formation and Matching Accuracy: The clustering algorithm initially grouped employees into 10
clusters, each representing a subset of individuals with similar personality profiles. HR professionals were
able to search for candidates within these clusters who matched the personality traits of the target team [20].
The results indicated that for 87% of the teams, a suitable candidate was identified within the initial cluster.
This highlights the algorithm's ability to isolate personality-based groupings with high precision. For the
remaining 13% of cases, no match was found in the initial cluster due to the absence of candidates whose
personality traits sufficiently aligned with the team. This necessitated the use of dynamic cluster expansion,
which allowed the search space to broaden while maintaining a focus on personality compatibility.

2. Dynamic Cluster Expansion Results: Dynamic cluster expansion proved to be an effective strategy for
addressing cases where initial clusters lacked a suitable candidate. By incrementally relaxing the search
criteria—either by expanding the cluster radius or merging nearby clusters—a match was identified for all
remaining teams. Most matches were found after one or two iterations of expansion, demonstrating the
system's efficiency in adapting to challenging cases without excessive computation [18]. This approach
ensured that matches were not forced within rigid boundaries, enabling HR professionals to explore a broader
range of candidates while still aligning with team dynamics. The gradual expansion also minimized the risk of
introducing mismatched personalities into the team.

3. Execution Time and Scalability: The algorithm’s execution time was measured to assess its scalability for
larger datasets. For a dataset of 500 employees, the K-Means algorithm converged in less than one second
when forming the initial five clusters. Even with dynamic cluster expansion, the system maintained
computational efficiency, with the largest expansion completing in approximately 1.2 seconds. These results
suggest that the framework can handle larger datasets effectively, making it suitable for organizations with
extensive employee pools [15].

4. Visual Analysis of Clusters: To better understand the clustering process, a two-dimensional visualization was
created using Principal Component Analysis (PCA). The visualizations revealed well-separated clusters,
reflecting the effectiveness of the algorithm in grouping individuals with similar personality traits. During
dynamic cluster expansion, the search space extended systematically, incorporating candidates who were
initially excluded [19]. The visualization provided HR professionals with intuitive insights into the clustering
process and the adjustments made during expansions.

Robustness of Matching Framework: The robustness of the framework was further validated by testing its
adaptability to varying team configurations. For smaller teams with tight personality clusters, the system accurately
identified matches with minimal expansion. For larger teams with diverse personality profiles, the clustering
algorithm flexibly adjusted, identifying candidates who complemented the team without disrupting its dynamics.
This adaptability highlights the versatility of the system in handling different organizational needs.
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FUTURE APPLICATIONS

The proposed clustering framework has significant potential for applications beyond personality-based team
matching in HR processes. As organizations increasingly rely on data-driven decision-making, this methodology can
be adapted and extended to address various challenges in workforce management and beyond [15]. By integrating
additional dimensions, such as skills, cultural fit, and performance metrics, the framework could serve as a
comprehensive tool for team optimization and resource allocation.

1. Dynamic Team Formation for Projects: One of the most promising applications is the formation of dynamic
project teams. In large organizations, projects often require assembling temporary teams with
complementary skill sets and compatible personalities [6]. By incorporating both personality and skill data
into the clustering algorithm, the system could identify optimal team compositions that enhance
collaboration and productivity. Dynamic cluster expansion could also account for project-specific
requirements, such as deadlines or specialized expertise, ensuring a customized solution for each scenario.

2. Personalized Employee Development Plans: The framework could be used to identify groups of employees
with similar strengths and weaknesses, enabling the creation of targeted development plans [17]. For
instance, employees in the same cluster may benefit from similar training programs, mentorship
opportunities, or career advancement pathways. This application would enhance employee engagement and
retention by ensuring that development efforts align with individual and group characteristics.

3. Improving Organizational Culture: Organizational culture is often shaped by the collective personality traits
of its employees. By analyzing personality clusters at the organizational level, HR professionals could gain
insights into the dominant cultural dynamics [18]. The system could then be used to guide hiring decisions
or implement interventions to address gaps in diversity, inclusion, or collaboration. This application would
allow organizations to build stronger, more cohesive cultures that align with their strategic goals.

4. Conflict Resolution and Mediation: Workplace conflicts are often rooted in personality differences. The
proposed framework could assist HR professionals in proactively identifying potential sources of friction
within teams by analyzing the personality profiles of team members. By understanding the underlying
dynamics, organizations could implement targeted interventions, such as mediation or team-building
exercises, to resolve conflicts before they escalate.

5. Cross-Department Collaboration: In many organizations, fostering collaboration between departments is
essential for innovation and efficiency. The clustering framework could identify employees across different
departments who share complementary personalities or traits conducive to collaboration [5]. By strategically
forming cross-departmental teams based on these insights, organizations could break down silos and
encourage knowledge sharing.

6. Scalability to Industry-Specific Applications: The clustering framework could also be tailored for industry-
specific applications. For example, in creative industries, personality traits such as openness and
agreeableness might be prioritized when assembling teams for brainstorming sessions or product design. In
contrast, industries like finance or healthcare might emphasize conscientiousness and attention to detail [7].
By customizing the clustering process to align with industry priorities, the system could deliver highly
specialized solution

CONCLUSION

The proposed K-Means clustering framework presents a practical and efficient solution for addressing challenges in
personality-based team matching. By grouping employees based on their personality traits and enabling dynamic
cluster expansion, the system offers a flexible and adaptive method for identifying candidates who align with specific
team dynamics [16]. This ensures that HR professionals can make informed decisions that enhance team cohesion
and productivity, even in complex and evolving organizational environments.

The results demonstrate the effectiveness of the framework in forming distinct clusters and dynamically expanding
the search space when no immediate match is found. This adaptability minimizes the risk of mismatches and ensures
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that all teams, regardless of their specific personality requirements, can find suitable candidates [10]. Furthermore,
the scalability and computational efficiency of the algorithm make it a robust tool for organizations of varying sizes,
from small startups to large enterprises.

Beyond its immediate application in team matching, the framework has the potential to revolutionize other aspects
of workforce management. From dynamic team formation to personalized employee development plans, the ability
to analyze and group employees based on multidimensional data opens new avenues for optimizing organizational
performance [9]. Additionally, the insights gained from clustering can help organizations improve their culture,
resolve conflicts, and foster cross-departmental collaboration.

The framework’s versatility also extends to industry-specific applications, allowing it to be customized for the unique
demands of various sectors. For instance, creative industries can leverage the framework to prioritize traits like
openness and agreeableness, while more analytical fields may emphasize conscientiousness and attention to detail
[11]. This adaptability ensures that the system remains relevant and impactful across diverse organizational contexts.

While the framework has proven effective in its current implementation, future advancements could further enhance
its utility. Incorporating additional data dimensions, such as skills and performance metrics, could provide a more
holistic view of employees [21]. Similarly, integrating real-time data streams and leveraging advancements in
machine learning could make the system even more dynamic and responsive to organizational needs.

In conclusion, the proposed clustering framework represents a significant step forward in data-driven HR decision-
making. Its combination of precision, adaptability, and scalability makes it an invaluable tool for modern
organizations seeking to optimize their workforce and foster collaborative, high-performing teams [23]. By
continuing to refine and expand this approach, the framework has the potential to drive innovation and efficiency
across a wide range of HR and organizational functions.
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