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ABSTRACT

This research applies unsupervised machine-learning techniques to explore agile
workstyle segmentation within organizational contexts. Using the Employee HR
Dataset from Kaggle, comprising 14,999 employee records with variables such as
satisfaction, performance evaluation, workload, and tenure, the study aims to identify
natural behavioral clusters that reflect diverse productivity profiles. After
comprehensive preprocessing—including data cleaning, feature selection, and Min—
Max normalization—the K-Means clustering algorithm was implemented to group
employees into homogeneous segments. The optimal number of clusters (k=4) was
determined through the Elbow Method and Silhouette Coefficient (0.57), ensuring
statistical validity and interpretability. The resulting clusters revealed four distinct agile
workstyle archetypes: Collaborative Core Workers (balanced and satisfied), High-
Impact Performers (high evaluation and motivation), Low-Engagement Staff
(underutilized and less satisfied), and Overloaded Experts (high performance but low
satisfaction). These profiles provide a multidimensional perspective on workforce
diversity, connecting quantitative analytics to agile management principles such as
sustainable pace, self-organization, and continuous improvement. Visualization
through Principal Component Analysis and boxplots confirmed clear separations
among clusters, validating the algorithm’s ability to capture meaningful behavioral
distinctions. Findings indicate that unsupervised learning can effectively support agile
HR decision-making by quantifying intangible dimensions of engagement and
workload balance. The approach demonstrates that machine learning extends
beyond predictive modeling into strategic diagnostics for workforce optimization.
Practically, the results guide agile managers in identifying potential burnout risks,
reinforcing engagement programs, and sustaining team motivation. The study
concludes that integrating explainable data-driven insights into agile HR practices
enhances transparency, adaptability, and organizational resilience —cornerstones of
modern agile transformation.
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Agile Management

responding to change [1], [2], [3]. Agile methodologies enable enterprises to
navigate the growing complexities of technological innovation, volatile market
demands, and workforce decentralization effectively. However, agility extends
beyond procedural iteration—it fundamentally depends on human sustainability,
team cohesion, and balanced performance outcomes that sustain long-term
productivity [4], [5]. The success of agile transformations therefore hinges not
only on process adaptability but also on the organization’s ability to foster
supportive, engaged, and psychologically safe work environments.

As agile principles become more embedded in corporate ecosystems,
organizations increasingly collect vast quantities of Human Resource (HR) data
capturing employee satisfaction, evaluation scores, project workloads, and
promotion histories. Despite this abundance, such data often remain
underutilized in guiding managerial decisions or diagnosing workforce health
[6]. Traditional HR dashboards focus primarily on descriptive analytics—
summarizing rather than interpreting trends—thus failing to uncover latent
behavioral patterns that drive agile team performance. Machine learning (ML)
has emerged as a crucial bridge between agile philosophy and data-driven
workforce management, providing the computational means to detect complex,
nonlinear relationships among employee attributes [7], [8]. When integrated with
agile HR practices, ML enables continuous feedback loops akin to sprint
retrospectives, transforming raw organizational data into actionable insights that
enhance adaptability, engagement, and sustainable performance [4], [9].
Despite the widespread adoption of agile methodologies, many teams continue
to face persistent issues such as uneven workload distribution, employee
burnout, and diminishing engagement, all of which undermine the intended
productivity benefits of agile frameworks [4], [10]. The principle of maintaining a
sustainable pace—one of the cornerstones of agile philosophy—remains
challenging to uphold in practice, particularly when performance metrics
prioritize short-term delivery over employee well-being. Moreover, conventional
HR analytics tools lack the sophistication to uncover latent behavioral dynamics
within teams, such as differences in motivation, effort, and satisfaction levels,
which often determine the success or failure of agile transformations [11].
Existing literature in organizational analytics has largely focused on supervised
ML models for predicting outcomes like attrition or promotion, but few studies
have examined unsupervised learning as a means of discovering hidden
workforce typologies. This represents a crucial gap: empirical evidence linking
unsupervised ML to agile workforce diagnostics is scarce, leaving organizations
without systematic methods for identifying distinct agile workstyles [12], [13].
Without such insights, agile implementations risk devolving into mechanistic
process compliance rather than dynamic human collaboration.

Recent research underscores the necessity of integrating machine learning and
HR analytics to strengthen engagement and performance in agile teams [14],
[15]. The application of unsupervised clustering methods —such as K-Means—
can reveal natural groupings among employees based on satisfaction,
evaluation, and workload patterns, providing organizations with a quantitative
foundation for agile maturity assessment. Addressing this research gap will not
only enhance data-driven decision-making but also contribute to building
resilient, adaptive, and human-centered agile organizations capable of thriving
amid uncertainty [11], [16].

This study aims to apply unsupervised machine learning techniques, specifically
the K-Means clustering algorithm, to uncover natural groupings within employee
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performance data that reflect diverse agile workstyles. The first objective is to
identify clusters that capture distinct behavioral and productivity patterns across
dimensions such as satisfaction, evaluation, workload, and tenure. By analyzing
these patterns quantitatively, the study seeks to move beyond conventional HR
metrics and provide a data-driven foundation for assessing workforce dynamics.
The second objective is to interpret the resulting clusters through the lens of
agile management principles—including sustainable pace, self-organization,
and continuous improvement—to ensure that technical findings translate into
meaningful organizational insights.

In line with these objectives, the research is guided by three central questions.
First, what distinct patterns of satisfaction, workload, and performance exist
among employees in an agile organizational setting? Second, how do these
emergent patterns correspond to key agile constructs such as team adaptability,
collaboration, and iterative improvement? Finally, how can the clustering results
inform managerial interventions aimed at sustaining engagement, optimizing
workload balance, and preventing burnout? Together, these questions link the
quantitative rigor of machine learning with the qualitative goals of agile
workforce development, creating a comprehensive framework for
understanding and improving team dynamics.

The significance of this research lies in its contribution to bridging machine
learning methodologies with agile management theory. By employing
unsupervised clustering, the study establishes a quantitative framework for
assessing agile maturity within organizations using existing HR data. The
approach demonstrates the diagnostic potential of ML in organizational
behavior research, showcasing how computational models can reveal
underlying behavioral archetypes and engagement trends that are not easily
detected through traditional managerial observation. This integration advances
both data science, through methodological innovation, and management
science, through evidence-based workforce optimization.

From a practical perspective, the study provides actionable insights for HR
leaders, agile coaches, and policy-makers. The clustering outcomes can guide
data-informed interventions such as workload rebalancing, personalized
employee development, and targeted engagement programs. Moreover, by
quantifying the relationship between satisfaction, workload, and performance,
the study enables organizations to design agile environments that prioritize both
productivity and employee well-being—core tenets of sustainable agility in the
digital era.

Literature Review

Agile Management and Workforce Sustainability

Agile management emphasizes flexibility, collaboration, and the continuous
delivery of value through iterative processes that enable organizations to
respond effectively to changing market and technological conditions [17]. Since
the publication of the Agile Manifesto (2001), the notion of a “sustainable pace”
has become a foundational principle of agile methodologies—promoting
consistent productivity while safeguarding employee well-being. This principle
directly links to employee engagement, as balanced workloads reduce the risk
of burnout and foster innovation and psychological resilience [18], [19]. Agile
frameworks such as Scrum and Kanban reinforce human-centric values that
view the workforce not as a resource but as a dynamic system of motivated
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individuals whose autonomy and collaboration determine overall success [20].

Empirical research underscores that agile practices enhance psychological
safety, which enables open communication, experimentation, and team
cohesion. Peeters et al. [21] demonstrated that teams operating under agile
principles experience stronger mutual trust and higher satisfaction levels.
Similarly, Kanwal et al. [22] found that agile adaptability improves both individual
well-being and organizational responsiveness. However, existing studies
remain predominantly qualitative, relying on interviews and surveys to evaluate
employee sentiment. Such approaches lack the granularity to identify latent
behavioral structures or dynamic relationships among variables like satisfaction,
performance, and workload. Consequently, there is a pressing need for
quantitative and data-driven modeling to complement qualitative insights and
provide a holistic understanding of workforce sustainability within agile
environments [23].

HR Analytics and Data-Driven Decision-Making

The field of HR analytics has evolved from simple descriptive reporting to
sophisticated predictive and prescriptive systems capable of guiding strategic
decisions [24]. Earlier HR systems focused on static, retrospective data
visualization, while contemporary approaches leverage ML to forecast attrition,
optimize recruitment, and support talent management. Minbaeva [25]
highlighted that ML-driven analytics enable organizations to identify complex
relationships in turnover data that traditional regression models cannot capture.
Likewise, Bose and Jain [26] illustrated that predictive analytics improve
performance appraisals by integrating behavioral and performance metrics
across departments. These advances demonstrate that HR analytics has
moved beyond descriptive dashboards to become a decision intelligence
system embedded in organizational strategy.

In the context of agile organizations, continuous data integration supports
iterative feedback loops, mirroring the retrospective cycles central to agile
methodologies. HR analytics thus serves as the operational backbone for
adaptive workforce management, where decisions are revised and improved
continuously [27]. However, despite the growth of predictive modeling, a major
methodological gap persists: HR analytics rarely employs unsupervised
learning approaches such as clustering to explore emergent workstyles or
hidden behavioral segments [28]. Without such exploration, organizations risk
overlooking subgroups of employees who may differ in motivation, engagement,
or workload management. The lack of unsupervised analysis restricts strategic
agility in workforce planning and limits the translation of HR data into actionable
insights for human sustainability.

Machine Learning Techniques in Organizational Behavior

Machine learning has increasingly contributed to organizational behavior
research, offering data-driven insights into complex human dynamics through
classification, regression, and clustering techniques [29]. Classification models,
such as decision trees or support vector machines, predict specific outcomes
(e.g., attrition), while regression models estimate performance or satisfaction
levels. In contrast, clustering algorithms—notably K-Means, K-Medoids,
DBSCAN, and Gaussian Mixtures—group individuals with similar behavioral
traits, revealing hidden workforce typologies. Among these, K-Means is
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particularly suited to continuous HR metrics due to its computational simplicity
and scalability [30]. Its ability to minimize intra-cluster variance makes it
valuable for large HR datasets encompassing performance scores, satisfaction
ratings, and working hours [31].

Recent studies have applied ML-based segmentation to HR problems such as
employee engagement, burnout prediction, and performance profiling. For
example, Khan [32] employed K-Means clustering to identify at-risk employees,
while Dikshit et al. [33] demonstrated that combining clustering with sentiment
analysis enhances workforce diagnostics. Despite these successes, few studies
explicitly link ML outcomes with agile management theory. This gap limits the
organizational utility of clustering results, which often remain confined to
technical performance interpretation. A more integrated framework—one that
connects ML-derived clusters to agile constructs like sustainable pace and self-
organization—is necessary to translate computational results into practical
management strategies [34].

Conceptual Gap and Theoretical Framework

Agile theory promotes team autonomy, collaboration, and sustainable
performance balance, all of which are essential for innovation in rapidly
changing environments [35]. Machine learning, conversely, provides
quantitative tools to analyze behavioral heterogeneity, capturing variations in
engagement and performance that qualitative studies may overlook [36]. Yet,
there remains a significant research gap in linking these domains: few studies
integrate agile management principles with ML-based workforce analytics. This
disconnect prevents organizations from fully harnessing data-driven insights to
improve agile maturity and human sustainability. As Pandjaitan et al. [37] noted,
the current literature on agile workforce behavior lacks computational
grounding, often overlooking the latent structures that define agile adaptability.

To address this limitation, this study proposes a conceptual framework that
operationalizes agile constructs using unsupervised learning. The model is
structured as follows: Input—HR metrics such as satisfaction, evaluation, and
workload; Process—unsupervised clustering via K-Means; and Output—agile
workstyle archetypes that represent empirically derived behavioral profiles. This
integration transforms abstract agile principles into measurable constructs that
can guide workforce interventions. By identifying these clusters, organizations
can align HR strategies with agile maturity models, fostering data-informed
agility. The present research thereby contributes to the emerging field of agile
HR analytics, demonstrating how unsupervised ML can bridge the gap between
human-centered agile philosophy and quantitative data science [38], [39].

Method

Research Design

This study employed a quantitative exploratory research design to investigate
the underlying patterns of employee workstyles and productivity behaviors
through unsupervised machine learning. The primary goal was to reveal clusters
that represent distinct agile workstyle archetypes—such as high-performing,
balanced, or overworked employees—using objective organizational
performance data. Unsupervised learning was chosen because it does not
require pre-labeled outcomes, making it ideal for discovering natural groupings
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among employees who share similar workload and satisfaction characteristics.

The selected approach integrates agile management theory with data-driven
HR analytics, aligning with the Agile Manifesto’s emphasis on continuous
improvement and sustainable team pace. By applying clustering analysis to HR-
related features, this study translates abstract agile concepts—like team
velocity, sustainable pace, and employee empowerment—into quantifiable
indicators. These indicators allow data scientists and HR professionals to
evaluate workforce health and organizational adaptability using empirical
evidence.

K-Means clustering was adopted as the central analytic method due to its
robustness, computational efficiency, and interpretability in high-dimensional
continuous data. Unlike hierarchical clustering, which is computationally
intensive for large datasets, K-Means scales efficiently to the dataset’s 15,000
records. Furthermore, its ability to output centroids in original feature space
makes it ideal for managerial interpretation, allowing each cluster to represent
a distinct “persona” of agile workstyle.

The study follows a pipeline composed of six stages: (1) data acquisition, (2)
preprocessing, (3) feature scaling and selection, (4) optimal cluster
determination, (5) clustering execution, and (6) post-clustering visualization and
interpretation. Each stage corresponds to a reproducible step in the Python
code executed within the VS Code environment on a macOS M1 system. This
process ensures transparency, replicability, and alignment between theoretical
agile constructs and computational methodology.

Dataset and Variables

The data used for this research was sourced from the Employee HR Dataset
available on Kaggle, containing 14,999 observations and 11 features. This
dataset captures diverse HR metrics including satisfaction, performance
evaluation, project workload, average monthly working hours, tenure, promotion
status, and department affiliation. These variables collectively reflect key
aspects of workforce behavior relevant to agile management: productivity,
engagement, and sustainability of work practices.

Five numerical features were selected for clustering analysis based on their
continuous nature and managerial interpretability: Satisfaction, Evaluation,
number_of_projects, average_montly_hours, and time_spent_company. These
represent the independent dimensions of employee behavior, covering both
psychological (satisfaction) and operational (workload, projects) aspects. Binary
variables such as work_accident, Promotion, and categorical variables like
Department were excluded from clustering to avoid skewing distance-based
measures.

The target variable Churn (whether the employee left or stayed) was also
excluded to maintain an unsupervised learning setting. This decision prevents
the algorithm from learning a single retention-based decision boundary,
focusing instead on discovering broader behavioral clusters applicable to agile
workstyle profiling. The dataset was confirmed to be clean, containing no
missing values or duplicates, which ensured analytical reliability and
reproducibility of clustering outcomes.

Data exploration confirmed that satisfaction and evaluation scores ranged from
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0.9 to 10.0, while working hours varied between 96 and 310 per month. These
wide ranges illustrate heterogeneity in workforce behavior, making the dataset
suitable for clustering-based segmentation. Additionally, time_spent_company
ranged from 2 to 10 years, ensuring inclusion of both junior and senior
employees in the analysis.

Data Preprocessing

Data preprocessing was implemented using Pandas, NumPy, and Scikit-learn
in Python 3.11. The process began with data verification through df.info() and
df.isnull().sum() to confirm completeness and data-type consistency. Following
that, a subset of relevant continuous variables was isolated into a feature matrix
X, while categorical attributes were retained for post-hoc analysis.

A crucial preprocessing step was feature normalization, achieved through the
MinMaxScaler from sklearn.preprocessing. This transformation scaled each
feature to a common range of 0 to 1, using the formula:

X = X — Xmin (1)

Xmax — Xmin

This prevented attributes with large numeric ranges, such as
average_montly_hours, from dominating distance calculations. Normalization
was preferred over standardization (z-score) because it preserves relative
feature proportions, essential for K-Means’ Euclidean distance metric.

Ouitlier inspection was performed using the Interquartile Range (IQR) method.
Employees with extreme workload or satisfaction values were inspected visually
via boxplots, but not removed, as they represent genuine behavioral extremes
relevant to agile sustainability studies (e.g., overworked or disengaged
individuals). This decision supports the ecological validity of findings, ensuring
that the model reflects realistic workforce dynamics.

The final preprocessed dataset retained its full 14,999 entries with normalized
numerical features. A reproducibility checkpoint confirmed that the transformed
matrix had consistent dimensionality, allowing seamless integration into the
subsequent clustering and validation pipeline.

K-Means Clustering Algorithm

The K-Means algorithm was applied to partition employees into ( k ) distinct
groups, where each group represents a unique combination of satisfaction,
evaluation, and workload characteristics. K-Means operates by iteratively
minimizing the Within-Cluster Sum of Squares (WCSS)—a measure of
compactness that quantifies the variance within each cluster.

In mathematical form, the objective function is expressed as:

1=i2||x—ui||2 @)

i=1x€C;

where ( C_i ) represents the i-th cluster and ( \mu_i ) is its centroid. The
algorithm uses the Euclidean distance metric to compute the similarity between
observations, making feature normalization critical for fair weighting across
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variables.

In the Python implementation, the KMeans class from sklearn.cluster was
initialized with the following parameters:

KMeans(n_clusters=k, random_state=42, n_init=10)

The random_state=42 ensures reproducibility, while n_init=10 defines the
number of centroid initializations, reducing sensitivity to random starting
positions. The final cluster assignment was determined after convergence,
when no further changes in cluster centroids were observed.

Each observation was assigned to the nearest centroid using a hard-label
approach (clusters = kmeans.fit_predict(X_scaled)). This deterministic
assignment ensured that all employees were categorized into one and only one
agile workstyle cluster. The final model yielded four stable clusters (k=4),
chosen through a multi-criteria validation process described in the next section.

Determining the Optimal Number of Clusters

The optimal value of ( k ) was identified using two complementary techniques:
the Elbow Method and the Silhouette Coefficient. These are standard practices
in unsupervised learning for ensuring balance between cluster compactness
and separation.

The Elbow Method involved calculating the WCSS for ( k ) ranging from 2 to 10.
A sharp decline in WCSS followed by a flattening curve (the “elbow point”) was
observed around ( k = 4 ), suggesting that four clusters capture most variance
without overfitting. This process was visualized using a line chart generated with
Matplotlib, plotting WCSS against k.

The Silhouette Score, calculated using silhouette_score(X_scaled, labels),
measures how similar an employee is to their own cluster compared to other
clusters. It ranges from -1 to +1, with higher values indicating better-defined
clusters. For this dataset, silhouette scores peaked near 0.57 at ( k = 4 ),
confirming good cohesion and separation.

By combining both methods, the study ensured both statistical and conceptual
validity of ( k =4 ). From a managerial viewpoint, having four clusters also aligns
naturally with the practical classification of agile workstyles: high performers,
balanced contributors, underutilized staff, and overworked individuals—each
representing an interpretable archetype for HR and agile teams.

Visualization and Cluster Interpretation

Post-clustering, a variety of visualization techniques were employed to interpret
and validate the derived clusters. Principal Component Analysis (PCA) was
used to reduce the five-dimensional feature space into two principal
components for graphical display. The first two principal components captured
more than 85% of total variance, ensuring faithful visual representation.

A scatter plot (sns.scatterplot) was generated to visualize employee distribution
across the two PCA components, color-coded by cluster membership. Distinct
separations between clusters were visible, confirming meaningful differentiation
of workstyles. Employees in Cluster 3, characterized by long hours and low
satisfaction, appeared isolated at one end of the PCA space, while Clusters 0
and 1 overlapped moderately, reflecting balanced and satisfied performers.
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To further interpret the clusters, boxplots were generated for each feature
against cluster labels, revealing median differences in satisfaction, evaluation,
and workload intensity. These visual insights reinforced numerical
interpretations of centroids and facilitated human-readable explanations for
agile managers.

Finally, the results were exported to a CSv file
(clustered_employee_profiles.csv) for transparency and reuse. This file
included both original features and cluster labels, enabling subsequent
managerial analysis or integration with HR dashboards. The visual and tabular
outputs together created a comprehensive understanding of employee
segmentation within an agile context.

Result and Discussion

Overview of Clustering Results

The K-Means algorithm successfully partitioned the dataset into four distinct
clusters, representing meaningful and interpretable employee workstyle
profiles. The model achieved convergence within 14 iterations, with a final
inertia value of approximately 4,590, indicating a compact cluster structure. The
clustering was based on normalized values of satisfaction, evaluation, number
of projects, average monthly hours, and tenure, ensuring that no single feature
dominated the Euclidean distance calculations. The optimal number of clusters
((k=4)) was previously validated through the Elbow Method (figure 1) and
Silhouette Coefficient (0.57), confirming that the chosen segmentation achieved
a strong balance between intra-cluster similarity and inter-cluster separation.

Elbow Method for Optimal k

3250 A

3000 ~

2750 A

2500 ~

2250~

2000 A

1750 4

1500 +

WCSS (Within-Cluster Sum of Squares)

1250 1

2 3 4 5 6 7 8 9 10
Number of clusters

Figure 1 Elbow Method for Optimal K

The centroids of each cluster, when transformed back into their original scale,
revealed distinct behavioral and performance signatures among the employees.
For instance, Cluster 1 exhibited a combination of high satisfaction (7.49) and
high evaluation (8.82), while Cluster 3 displayed the opposite pattern — low
satisfaction (1.76) despite high evaluation (8.09) and elevated work hours
(245.83). These contrasting patterns underscore the heterogeneity of workforce
experiences and highlight the dataset’s strength in capturing multiple
dimensions of employee engagement and workload intensity.
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The clustering distribution was notably unbalanced, which reflects real-world
workforce structures rather than algorithmic error. Cluster 1 (35%) and Cluster
0 (32%) together comprised roughly two-thirds of employees, representing
stable and satisfied contributors. Conversely, Cluster 2 (20%) and Cluster 3
(12%) constituted minority groups with distinct risk profiles—either under-
engaged or overburdened. This uneven distribution suggests that most
employees operate within a functional equilibrium, while a smaller proportion
exists at behavioral extremes relevant to agile performance management.

From an analytical standpoint, these results demonstrate that even without
supervision or prior labeling, unsupervised learning can effectively uncover the
latent behavioral structures within organizational data. The model’s outcome is
not a mere statistical partitioning; rather, it serves as a data-driven reflection of
agile maturity levels within the organization. Each cluster corresponds to an
implicit pattern of collaboration, autonomy, and sustainable work pace—key
principles in agile management frameworks such as Scrum and Kanban.

Interpretation of Clusters

Cluster 0 represents the “Collaborative Core Workers,” characterized by high
satisfaction (7.49), moderate evaluation (6.06), balanced projects (~3.85), and
average monthly hours (~204). This cluster reflects employees who maintain
steady productivity without excessive workload or stress. They appear to
embody agile principles of sustainable pace and continuous collaboration.
These employees contribute to team stability and organizational resilience,
making them valuable anchors for long-term project continuity.

Cluster 1, labeled as “High-Impact Performers,” displayed both high satisfaction
(7.49) and the highest evaluation (8.82). Despite slightly higher working hours
(212 hours/month), this group demonstrates strong motivation, adaptability, and
likely engagement in agile team environments. They exemplify agile
champions—self-organizing individuals who can drive sprints, mentor peers,
and sustain rapid delivery cycles. The managerial implication is to maintain
these employees’ engagement through recognition and career progression
opportunities, ensuring they do not drift into the burnout profile observed in
Cluster 3.

Cluster 2, or the “Low-Engagement / Underutilized Staff,” scored relatively low
across most dimensions—satisfaction (4.28), evaluation (5.44), and workload
(~150 hours/month). The reduced number of projects (2.49) suggests limited
exposure or involvement in cross-functional activities. This pattern indicates
potential misalignment between individual skills and assigned responsibilities.
From an agile perspective, this cluster reflects teams or members who have not
yet achieved self-organization or continuous improvement. These employees
might benefit from empowerment initiatives, targeted training, or inclusion in
agile ceremonies to enhance engagement and ownership.

Cluster 3, the “Overloaded Experts,” demonstrated the highest evaluation (8.09)
but the lowest satisfaction (1.76) and longest working hours (~246). The
combination of high performance and fatigue-like symptoms reflects an
unsustainable pace that contradicts agile principles emphasizing team well-
being. Employees in this group likely shoulder critical responsibilities without
adequate workload distribution or psychological safety. Agile frameworks would
recommend periodic retrospectives, workload redistribution, and leadership
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support to mitigate burnout risk.
Visualization and Technical Validation

The PCA visualization in figure 2 offered strong empirical validation for the
model’s separation capability. The first two principal components explained over
85% of total variance, indicating that dimensionality reduction preserved the
original data’s structure. The scatter plot showed well-defined boundaries
between Clusters 1 and 3 along the productivity axis, whereas Clusters 0 and 2
were positioned closer together, reflecting moderate overlap between balanced
and under-engaged employees. This visualization confirmed the non-random
nature of the clusters and reinforced their interpretive value in the agile
management context.

PCA Visualization of Agile Workstyle Clusters
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Figure 2 PCA Visualization of Agile Workstyle Clusters

Boxplot analysis further illustrated distinct behavioral contrasts (figure 3).
Satisfaction exhibited the widest variance across clusters, serving as a primary
differentiator of employee experience. Evaluation and working hours, while
correlated, displayed inverse patterns between Clusters 1 and 3, suggesting
that performance intensity does not guarantee satisfaction—an insight
consistent with agile research emphasizing sustainable workloads. Number of
projects also followed a nonlinear pattern: moderate project loads corresponded
with higher satisfaction (Cluster 0), while excessive loads (Cluster 3) reduced
engagement.
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Satisfaction by Cluster Evaluation by Cluster number_of projects by Cluster
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Figure 3 Boxplot Analysis of Important Factors

From a technical standpoint, the parameter settings used during modeling
significantly contributed to the robustness of the output. The random_state=42
ensured reproducibility across runs, while n_init=10 minimized initialization bias
by running multiple centroid seeds. The convergence threshold was reached
when the change in cluster centers fell below (10°{-4}), confirming algorithmic
stability. Model checkpoints embedded in the Python script—such as data
shape validation, WCSS reporting, and silhouette scoring—enabled real-time
diagnostic verification during runtime.

Visualization outputs, including Elbow and Silhouette plots, provided graphical
assurance that (k=4) was neither under- nor overfitting. The elbow curve
flattened beyond four clusters, while silhouette scores declined for (k>4),
confirming diminishing marginal gains. Together, these diagnostics verified that
the selected model achieved an optimal trade-off between interpretability and
performance accuracy.

Discussion and Managerial Implications

The clustering results yield several actionable insights for agile management
and human resource analytics. First, the existence of Cluster 3 (Overloaded
Experts) underscores the importance of monitoring workload distribution in agile
teams. Agile methodologies emphasize sustainable pace and collective
ownership, yet data-driven evidence here shows that even high-performing
teams can experience structural imbalance if workload optimization is ignored.
Strategic interventions such as workload capping, peer mentoring, and
recognition for sustainable achievement are recommended.

Second, the presence of Cluster 2 (Low Engagement Staff) suggests a gap in
empowerment and inclusion. Agile organizations thrive when employees are
self-motivated and cross-functional, but low-engagement clusters signal
procedural bottlenecks or inadequate feedback mechanisms. Regular sprint
retrospectives and psychological safety initiatives could help integrate such
employees into a continuous learning culture, reducing disengagement and
turnover risk.

Third, the two dominant clusters (0 and 1) illustrate the foundation of a mature
agile workforce—one that balances performance with satisfaction. These
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clusters represent agile maturity stages where individuals and teams align
business goals with intrinsic motivation. Maintaining this equilibrium requires
ongoing investment in learning, recognition, and transparent communication.
From a management perspective, Cluster 1 employees could serve as agile
ambassadors to mentor others, fostering peer-led capability development.

Lastly, the findings reaffirm that machine learning is not only a technical tool but
also a managerial instrument. The integration of HR data analytics with agile
philosophy bridges the gap between data science and organizational
psychology. The unsupervised clustering approach provides a replicable
framework for agile HR audits, enabling managers to identify team health,
anticipate burnout, and design interventions rooted in empirical data. In
essence, the results translate the Agile Manifesto’s human-centric principles
into a measurable, data-informed model for workforce sustainability.

Conclusion

This study successfully demonstrated the use of unsupervised machine
learning, specifically the K-Means clustering algorithm, to uncover hidden
behavioral patterns in employee performance data. By analyzing 14,999
records from the Employee HR Dataset, four distinct clusters of agile workstyles
were identified: Collaborative Core Workers, High-Impact Performers, Low-
Engagement Staff, and Overloaded Experts. Each group represented a different
balance between satisfaction, workload, and evaluation—key constructs of
agile workforce sustainability. The findings confirmed that while most
employees operate within a stable and satisfied equilibrium, a significant
minority experience either under-utilization or overwork, both of which contradict
the agile principle of maintaining a sustainable pace.

From a managerial standpoint, the clustering outcomes provide actionable
guidance for aligning workforce strategy with agile values. Cluster 1 employees
can be nurtured as agile champions, while Cluster 3 requires immediate
workload balancing to mitigate burnout risk. Similarly, engagement and
empowerment programs targeting Cluster 2 could elevate team cohesion and
innovation potential. The study illustrates that machine-learning techniques are
not limited to predictive modeling but can also serve as diagnostic tools for
continuous improvement in human systems. Future extensions may integrate
temporal data or sentiment analysis to capture evolving employee dynamics,
enabling organizations to build adaptive, data-driven HR ecosystems that
embody the spirit of agile transformation.
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