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ABSTRACT

This study explores the use of unsupervised machine learning techniques to identify
performance patterns and maturity levels among Agile teams. Three clustering
algorithms K-Means, DBSCAN, and Hierarchical Clustering were applied to analyze
key Agile performance indicators, including sprint efficiency, target achievement, and
resource utilization. The models were evaluated using Silhouette Scores to determine
clustering quality and interpretability. Results revealed three distinct categories of
Agile teams: high-performing, stable, and developing. Among the models, DBSCAN
achieved the highest Silhouette Score of 0.728, indicating its superior ability to detect
complex, non-linear relationships and identify outlier teams with unique performance
behaviors. K-Means and Hierarchical Clustering produced stable and interpretable
structures, reinforcing the consistency of the three-cluster configuration. These
findings align with Agile maturity theory, suggesting that team performance evolves
through identifiable stages of development and process optimization. The study
demonstrates that Al-based clustering provides a robust analytical framework for
monitoring Agile performance, benchmarking team capabilities, and supporting data-
driven managerial decision-making. Integrating machine learning into Agile
management practices enhances transparency, fosters continuous improvement, and
strengthens organizational adaptability in dynamic project environments.

Keywords Agile Performance, Machine Learning, Unsupervised Clustering, Agile Maturity,
Data-Driven Management

INTRODUCTION

Agile methodologies have become one of the most widely adopted approaches
in modern project management and software development. They emphasize
flexibility, iterative delivery, and continuous improvement through collaboration
and customer feedback. Agile frameworks such as Scrum, Kanban, and
Extreme Programming enable organizations to adapt to rapidly changing
requirements while maintaining a focus on product quality and value delivery.
Despite these advantages, accurately assessing Agile team performance
remains a persistent challenge. Traditional performance indicators, including
sprint velocity, burndown rate, or completed story points, often provide only
partial insight into team effectiveness. These metrics tend to overlook the
complex interplay between team dynamics, workload distribution, and process
maturity, which collectively determine the long-term success of Agile practices.
As organizations increasingly rely on Agile methodologies, the need for more
sophisticated and data-driven approaches to performance evaluation has
become critical [1].

In recent years, the integration of artificial intelligence and machine learning into
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project management research has gained significant attention. Machine
learning techniques have been successfully applied in areas such as software
defect prediction, sprint forecasting, and risk assessment [2]. However, most of
these studies employ supervised learning methods that depend on labeled data,
which may not always be available in real-world Agile environments. The rise of
unsupervised learning techniques offers a promising alternative for analyzing
complex and unlabeled performance data. Unsupervised models such as K-
Means, DBSCAN, and Hierarchical Clustering can identify hidden patterns and
group similar teams or behaviors without prior classification [3]. These methods
provide a powerful analytical framework for uncovering latent performance
structures that traditional statistical models may fail to detect. As organizations
accumulate large volumes of Agile-related data through tools such as Jira,
Trello, and Azure DevOps, the application of machine learning to performance
evaluation represents a significant step toward intelligent and automated project
analytics [4].

The current state of the art in Agile performance research shows that most
studies focus on linear metrics or predictive modeling, while few explore the
potential of unsupervised clustering for performance segmentation. Existing
frameworks often assess team performance using fixed indicators such as
delivery speed or quality adherence but rarely capture the underlying behavioral
patterns that influence these outcomes. Moreover, there is limited empirical
work that systematically compares different clustering algorithms in the context
of Agile team evaluation. Prior studies have demonstrated the usefulness of
clustering in other management domains, such as customer segmentation or
operational efficiency, yet its application in Agile team analytics remains
underexplored. This research gap highlights the need for a comprehensive
investigation into how unsupervised machine learning can uncover distinct
performance categories among Agile teams and reveal insights into their
operational maturity [5].

Addressing this gap, the present study applies and compares three major
unsupervised clustering techniques K-Means, DBSCAN, and Hierarchical
Clustering—to identify meaningful performance clusters within Agile project
data. The research aims to determine which method provides the most
accurate, stable, and interpretable segmentation of teams based on multi-
dimensional performance indicators, including sprint count, target achievement,
project budget, and productivity index. Through this comparative approach, the
study seeks to validate the presence of distinct performance patterns and
explore how these clusters relate to Agile team maturity levels. The inclusion of
DBSCAN as a density-based method provides an opportunity to capture non-
linear relationships and detect outliers, which may represent teams with
exceptional or inconsistent performance. This analysis provides a data-driven
foundation for understanding the diversity of Agile team behaviors within
organizations.

The contribution of this research is twofold. Theoretically, it advances the
integration of artificial intelligence into Agile performance management by
demonstrating how clustering algorithms can operationalize the concept of Agile
maturity in quantitative terms. Practically, it provides organizations with a
replicable analytical framework for classifying teams, monitoring progress, and
identifying improvement opportunities using existing project data. The results of
this study are expected to enhance managerial decision-making by offering
actionable insights into team segmentation and performance optimization. By
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bridging the gap between Agile management theory and machine learning
applications, this research contributes to the development of intelligent
performance analytics that can support continuous improvement and strategic
agility in dynamic project environments.

Literature Review and Related Works

Agile methodologies have become the cornerstone of modern software and
project management due to their adaptability, customer orientation, and iterative
delivery structure. However, evaluating Agile team performance remains a
persistent challenge because traditional performance indicators such as sprint
velocity, burn-down charts, or completed story points often fail to capture the
multidimensional aspects of team efficiency and collaboration [6]. Several
studies have attempted to develop frameworks for measuring Agile
performance using both quantitative and qualitative indicators, yet many of
these rely on subjective assessments rather than data-driven evaluations [7],
[8]. As organizations increasingly collect large volumes of project data from
digital management tools, researchers have recognized the need for analytical
methods that can extract deeper insights from these datasets [9].

The integration of Artificial Intelligence (Al) and Machine Learning (ML) into
project management has emerged as a promising approach to enhance
predictive and diagnostic capabilities [10], [11]. ML techniques have been widely
applied in areas such as software defect prediction, sprint forecasting, and
project risk assessment [12]. Nevertheless, most studies employ supervised
learning algorithms that depend on labeled datasets, which are not always
available or feasible in dynamic Agile environments [13]. This limitation has
prompted growing interest in unsupervised learning approaches, which can
identify underlying structures in data without prior labeling [14]. Unsupervised
techniques are particularly suitable for Agile performance evaluation, where
relationships among metrics such as team velocity, sprint frequency, and
delivery quality are often non-linear and interdependent [15].

Among unsupervised methods, clustering algorithms have gained attention for
their ability to reveal hidden patterns and group entities based on behavioral
similarity [16]. K-Means clustering has been applied in Agile contexts to group
user stories, identify workload patterns, and segment project requirements for
improved backlog management [17]. Hierarchical clustering has also been
utilized to visualize dependencies among project components and to structure
large datasets of performance metrics [18]. More recently, density-based
algorithms such as DBSCAN have been introduced to handle irregular data
distributions and detect outliers, allowing for more flexible and realistic team
segmentation [19]. Studies in software analytics have shown that these
clustering methods can perform comparably to supervised models when data
labels are unavailable, making them well suited for performance pattern
discovery [20]. Despite these advancements, a clear research gap remains in
the systematic application of unsupervised clustering for identifying Agile team
performance categories. Most existing works focus on predictive modeling or
narrow performance indicators rather than comprehensive, data-driven
segmentation of teams based on multiple dimensions of efficiency and maturity
[21]. There is also limited comparative research that evaluates the strengths
and weaknesses of different clustering algorithms in Agile contexts. Addressing
this gap, the present study applies three unsupervised clustering methods K-
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Means, DBSCAN, and Hierarchical Clustering to classify Agile teams according
to operational and productivity metrics. This approach provides a deeper
understanding of performance diversity across teams and contributes to
developing more objective and intelligent methods for Agile performance
management.

Methodology

This study employs a quantitative data-driven research approach that utilizes
unsupervised machine learning techniques to identify and classify Agile team
performance patterns. The methodological framework consists of sequential
stages beginning with data collection, preprocessing, clustering, model
evaluation, and final interpretation of results. These stages are summarized in
figure 1, which illustrates the complete workflow of this research, including the
transition from raw data to analytical insights. The figure outlines the five main
steps: (1) data acquisition, (2) data preprocessing, (3) feature selection and
normalization, (4) application of clustering algorithms, and (5) performance
evaluation and interpretation. This systematic pipeline ensures that each phase
contributes directly to the overall research objective of uncovering meaningful
performance clusters among Agile teams. All computational analyses were
conducted using Python 3.12, employing libraries such as scikit-learn, pandas,
NumPy, and Matplotlib. The use of multiple algorithms and comparative
evaluation enhances both analytical rigor and the generalizability of the results.
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Figure 1 Research Steps

The dataset used in this study, named the Agile Sales Project Dataset, consists
of quantitative data collected from Agile teams working in iterative delivery
environments. It contains nine key variables: Team ID, Sprint Count, Target
Value, Achieved Value, Project Budget, Achievement Rate, Team Size,
Delivery Speed, and Productivity Index. These attributes capture essential
dimensions of Agile performance, including delivery efficiency, outcome
achievement, and resource utilization. The dataset comprises 67 records, each
representing the performance of a distinct Agile team or project iteration.
Preliminary data exploration was performed to detect inconsistencies, outliers,
and missing entries. Missing values were imputed using the mean for each
feature to maintain consistency, while non-numeric or irrelevant fields were
excluded to ensure that only measurable performance indicators were retained
for analysis.

To prepare the data for clustering, preprocessing steps were applied to enhance
quality and comparability across variables. All numerical features were
normalized using the Min—Max Scaling method, which converts values into a
standard range between 0 and 1 according to the formula:
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X — X
X' = min (1)
Xmax - Xmin

X'denotes the normalized value, Xrepresents the original data value, X,nis the
smallest value, and X,,.«is the largest value in the feature. This transformation
prevents variables with large scales from dominating distance calculations. To
improve visualization and minimize redundancy, Principal Component Analysis
(PCA) was used to reduce the dataset to two principal components, maintaining
the maximum variance possible. PCA projections later served as the
visualization foundation for comparing clustering results among algorithms.

The first algorithm implemented was K-Means Clustering, which partitions data
into kgroups by minimizing within-cluster variance. The optimization objective
is expressed as:

\
I

I (2)

XFEC;
i=1

Jis the total within-cluster variance, x;represents a data point, y;is the centroid
of cluster i, and ;is the set of points in cluster i. The optimal number of clusters
(k) was determined using the Elbow Method, which identifies the point where
the inertia reduction rate begins to plateau. Based on this analysis, k = 3was
selected, indicating three meaningful team clusters.

The second algorithm, DBSCAN (Density-Based Spatial Clustering of
Applications with Noise), was applied to detect density-based clusters and
isolate outliers. DBSCAN defines a cluster as a group of closely packed points
separated by regions of low point density. Two parameters govern the
algorithm: the neighborhood radius (¢) and the minimum number of samples
(MinPts) required to form a dense region. For each point p, the neighborhood is
defined as:

Ng(p) ={q € D | dist(p,q) < &} (3)

Drepresents the dataset and dist(p, q)is the Euclidean distance between points
pand q. After experimental tuning, the best configuration was found at € =
2.0and MinPts = 5, producing three coherent clusters and several outliers that
represent teams with unique performance characteristics.

The third model, Hierarchical Clustering, was used to analyze relationships
between teams through a tree-based structure known as a dendrogram. This
method applies Ward’s linkage criterion, which minimizes the variance increase
when two clusters are merged. The dissimilarity between clusters Aand Bis
computed as:

Al |BI

D(AB) = ———M—
(4.8) |A|+|B|

Il g — up 1% (4)

| A land | B |denote the number of observations in each cluster, and p and
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ugare their centroids. Hierarchical clustering offers the advantage of not
requiring a predefined number of clusters and provides a visual interpretation of
cluster hierarchies that supports managerial insights.

The performance of all clustering models was quantitatively evaluated using the
Silhouette Coefficient, which measures how well each data point fits within its
assigned cluster compared to neighboring clusters. The coefficient is defined
as:

~_ b®—a®
SO = k@@, b))

a(i)represents the average distance between a data point iand all other points
in its own cluster, and b(i)is the minimum average distance between point iand
all other clusters. Silhouette Scores close to +1 indicate compact and well-
separated clusters, whereas scores near 0 suggest overlapping clusters. The
evaluation results showed that DBSCAN achieved the highest Silhouette Score
(0.728), outperforming K-Means and Hierarchical Clustering (0.626 each).

()

Overall, this methodological framework integrates robust data preprocessing,
advanced unsupervised learning, and quantitative validation techniques to
uncover latent patterns in Agile performance data. The combination of
normalization, clustering, and silhouette evaluation ensures objectivity and
reproducibility, while the inclusion of visualization techniques such as PCA
projections and dendrograms enhances interpretability for managerial decision-
making. This comprehensive methodology establishes a replicable foundation
for future studies that seek to apply artificial intelligence to Agile performance
optimization.

Algorithm 1: Data-Driven Clustering of Agile Teams Using Unsupervised Learning

Input: Agile dataset D = {x;, x,, ..., x,, Jcontaining performance indicators
Output: Cluster assignments C = {C;, C,, C;}and Silhouette Score S*
Process:

Start

Data preprocessing:

Missing values in each feature x; are replaced by the mean of that feature.
All numeric attributes are normalized using Min—Max scaling to ensure balanced contribution.
' - Xmin
X =—_"Tn

Xmax — Xmin
Dimensionality reduction:
Apply PCA to project data into lower dimensions while preserving the highest variance.
Z =D xW
W = argmax | WTZW |

K-Means clustering:
Partition dataset into k = 3 clusters by minimizing within-cluster variance until convergence.

J = 24 2 € Collxg — will?
DBSCAN clustering:
Group points based on density using radius € = 2.0 and minimum points MinPts = 5.
Points within dense regions are clustered together; others are marked as noise.

Ne(x;) = x; € D|dist(x;, x)) < €
Hierarchical clustering:
Merge clusters iteratively using Ward’s linkage method until three clusters remain.

D(A,B) = (l4lIBI/(1Al + |B])) X |luA — uB|I?

Evaluation:
Compute Silhouette coefficient for each point to assess cluster cohesion and separation.

S@) = (b() — a(®))/maxa(i), b(i)
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The algorithm with the highest average Silhouette Score S* is selected as the best-performing
model.

Clusters are interpreted as:

C; = Developing Teams

C, = Stable Teams

C; = High-Performing Teams

End

Result

This study aimed to identify and analyze performance patterns among Agile
teams using three unsupervised machine learning techniques: K-Means,
DBSCAN, and Hierarchical Clustering. The analysis process began by
determining the optimal number of clusters, which represents the most
meaningful segmentation of teams based on performance characteristics. To
achieve this, the Elbow Method was applied to assess the relationship between
the number of clusters (k) and the corresponding inertia value, which measures
within-cluster variance. Lower inertia values indicate more compact clusters, but
excessive cluster numbers may lead to overfitting and reduced interpretability.
The Elbow Method helps to identify the point at which adding additional clusters
provides diminishing improvement in variance reduction.

As illustrated in figure 2, the inertia value decreased sharply as k increased from
one to three and then began to stabilize at higher values of k. This pattern
indicates that three clusters provide the most appropriate balance between data
compactness and model simplicity. Based on this observation, the number of
clusters for the K-Means algorithm was set to three. This choice ensures that
the segmentation adequately captures variations in team performance without
unnecessary model complexity. The selected clustering structure served as the
foundation for the subsequent comparison with the DBSCAN and Hierarchical
Clustering results, enabling a robust evaluation of different clustering
approaches in identifying Agile team performance patterns.

350 A

300 A

250

Inertia

200 ~

150 ~

100 ~

2 3 4 5 6 7
Number of Clusters (k)

Figure 2 Elbow Method for determining the optimal number of clusters (k = 3)
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Applying the K-Means clustering algorithm with k = 3 successfully grouped the
Agile teams into three distinct performance categories based on their
operational and productivity indicators. The algorithm partitions data by
minimizing within-cluster variance and maximizing the separation between
clusters. The two-dimensional projection generated using PCA, as presented in
figure 3, reveals three clearly distinguishable clusters that represent teams with
differing performance behaviors. The visualization indicates that each cluster
possesses unique performance tendencies, suggesting that the K-Means model
effectively captures underlying structural differences in team output and process
efficiency. The obtained Silhouette Score of 0.626 reflects a moderately strong
clustering performance, demonstrating satisfactory internal consistency and
meaningful differentiation among clusters.

A detailed comparison of cluster characteristics is presented in table 1, which
summarizes the operational performance metrics such as sprint frequency,
target achievement, and overall project outcomes. The results indicate that
Cluster 2 (High-Performing Teams) achieved the highest Achieved Value of
114,393 with a minimal number of sprints, implying exceptional execution
efficiency and agile responsiveness. These teams appear to leverage a mature
Agile process, enabling rapid delivery cycles and consistent alignment with
project objectives. Cluster 0 (Stable Teams) showed a balanced pattern, with
stable relationships between Target Value and Achieved Value, reflecting
consistent output and dependable performance. In contrast, Cluster 1
(Developing Teams) demonstrated the Ilowest performance levels,
characterized by lower goal attainment and variability in results, suggesting a
need for process improvement and stronger coordination mechanisms.

The interpretation of these results suggests that Agile teams exhibit varying
levels of maturity and operational efficiency that can be quantitatively identified
using machine learning clustering techniques. High-performing teams tend to
operate with fewer but more effective sprints, possibly indicating better backlog
prioritization and stronger cross-functional collaboration. Stable teams maintain
a steady pace and balanced workload distribution, ensuring predictable delivery
cycles. Developing teams, on the other hand, may still be optimizing their
workflow structures or encountering bottlenecks that limit output consistency.
Overall, the K-Means clustering approach provided valuable insights into team
segmentation, offering a data-driven perspective that can assist organizations
in identifying performance gaps and implementing targeted Agile coaching
strategies to improve team outcomes.
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Figure 3 K-Means clustering visualization using PCA projection (k = 3)

Table 1 Operational Performance Metrics by Agile Team Cluster (K-Means Results)

Cluster Team ID gg::: Target Value A(;Z:ﬁlv:d Achlszznent
0 (Stable 22.06 20.36 8.45 x 10° 19,329 9.59 x 10*
Teams)

1 (Developing 42.00 19.50 7.84 x 10° 20,312 9.56 x 10°
Teams)

2 (High -

Performing 3.00 2.00 8.44 x 10° 114,393 9.75 x 10*
Teams)

The analysis of resource and efficiency metrics, as presented in table 2,
provides an additional dimension to the understanding of Agile team
performance by focusing on how resources are allocated and utilized across the
identified clusters. The results indicate that both Project Budget and Team Size
remained relatively consistent across all three clusters, with average values of
3.92 x 10° and 20,000, respectively. This uniformity suggests that differences in
performance outcomes are not primarily driven by variations in financial or
human resources but rather by how effectively these resources are managed.
Differences emerged in the Delivery Speed and Productivity Index variables,
which measure how efficiently teams convert input resources into project
deliverables. Among the clusters, Cluster 0 (Stable Teams) recorded the highest
delivery speed of 183,469, indicating strong coordination, effective sprint
management, and the ability to maintain consistent throughput across iterations.

In comparison, Cluster 1 (Developing Teams) demonstrated slightly lower
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averages in both delivery speed and productivity, implying that these teams may
be facing challenges in resource coordination, task allocation, or technical
execution that hinder maximum output efficiency. Cluster 2 (High-Performing
Teams) maintained high output quality with minimal variation, suggesting that
their processes are well-optimized and that they achieve efficiency not through
rapid delivery cycles but through precision, predictability, and sustainable
workload balance. This finding highlights that high performance in Agile
environments is not solely determined by the speed of delivery but by the team’s
ability to maintain stable productivity under consistent resource constraints.
Collectively, the results emphasize that efficient utilization of resources, rather
than the quantity of available resources, plays a critical role in differentiating
Agile team maturity and performance outcomes.

Table 2 Resource and Efficiency Metrics by Agile Team Cluster (K-Means Results)

Cluster Project Budget Team Size Delivery Speed Productivity Index
0 (Stable Teams) 3.92 x 10° 20,000 183,469 690,000

1 (Developing 3.92 x 10° 20,000 179,850 690,000
Teams)

2 (High -

. 3.92 x 10° 20,000 179,850 690,000
Performing Teams)

The DBSCAN algorithm was applied to further validate and strengthen the
segmentation results obtained from K-Means. Unlike centroid-based algorithms,
DBSCAN groups data points based on density, allowing it to identify clusters of
arbitrary shape and detect noise or outliers in the dataset. An adaptive search
process was conducted to identify the optimal value for the ep’s parameter,
which determines the neighborhood radius for defining density regions. The
analysis revealed that setting eps = 2.0 produced the most coherent clustering
structure, resulting in three well-formed clusters. Under this configuration,
DBSCAN achieved the highest Silhouette Score of 0.728, outperforming both K-
Means and Hierarchical Clustering. This superior score indicates a higher
degree of separation between clusters and stronger internal cohesion,
confirming that DBSCAN was more effective at distinguishing the inherent
differences in Agile team performance patterns.

As illustrated in figure 4, DBSCAN produced clusters that were more clearly
separated, while also identifying several data points as outliers. These outliers
represent Agile teams with performance behaviors that deviate significantly from
the dominant patterns observed in the dataset. Such deviations may correspond
to teams with exceptional performance levels or, conversely, teams
experiencing unique operational challenges. The ability of DBSCAN to detect
these variations demonstrates its strength in identifying non-linear and complex
relationships that traditional clustering methods might overlook. From a
managerial perspective, the detection of these distinct clusters and anomalies
provides valuable insights for performance evaluation and process
improvement. Organizations can use this information to recognize exceptional
teams, investigate the factors contributing to their success or
underperformance, and develop targeted strategies to replicate or address
these conditions across other teams.
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Figure 4 DBSCAN clustering results using PCA projection (eps = 2.0)

The Hierarchical Clustering method was employed to further analyze and
visualize the relationships among Agile teams, providing an additional layer of
interpretability to the clustering results. Unlike partitioning methods such as K-
Means and DBSCAN, Hierarchical Clustering builds a nested structure of
relationships between data points based on their pairwise distances. This
approach allows the identification of both macro- and micro-level patterns in
team performance. The resulting dendrogram, presented in figure 5, illustrates
how individual teams and smaller clusters merge progressively into larger
groups as the similarity threshold increases. The dendrogram revealed three
major branches, which correspond closely to the clusters identified by the K-
Means and DBSCAN algorithms. This structural consistency strengthens the
validity of the three-cluster configuration and suggests that the data exhibit a
naturally hierarchical organization of performance behavior among Agile teams.

Further examination of the PCA projection shown in figure 6 confirms the
presence of three distinct group structures that align with the hierarchical results.
The visual representation highlights clear separations between clusters,
although some overlap exists at the boundaries, which is typical in complex
organizational performance data. The calculated Silhouette Score of 0.626
indicates moderate cluster strength, comparable to the K-Means model,
suggesting that Hierarchical Clustering provides a stable and interpretable
segmentation of Agile teams. Beyond statistical validation, the hierarchical
approach offers valuable managerial insights. By visualizing how teams cluster
together based on performance similarity, organizations can trace the proximity
between teams in terms of Agile maturity and operational style. This enables
managers to identify potential mentorship pathways, detect emerging high-
performing groups, and design targeted interventions that promote knowledge
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sharing and performance alignment across the organization.
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Figure 5 Hierarchical clustering dendrogram showing the hierarchical structure of
Agile teams
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Figure 6 PCA projection of Hierarchical Clustering results (3 clusters)

A comparative summary of the three clustering models is presented in table 3,
which evaluates the effectiveness of K-Means, DBSCAN, and Hierarchical
Clustering based on their Silhouette Scores and structural interpretability.
Among the models, DBSCAN achieved the highest Silhouette Score of 0.728,
indicating superior separation between clusters and stronger internal cohesion.
This result demonstrates that DBSCAN effectively captures non-linear
relationships and can identify variations in Agile team performance that may not
be detected by distance-based algorithms such as K-Means. The density-based
approach of DBSCAN allows it to adapt to irregular data distributions and isolate
unique performance patterns, including outliers that represent teams with
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exceptionally high or low efficiency. This adaptability makes DBSCAN
particularly valuable for analyzing complex behavioral data where team
dynamics and performance interactions do not conform to simple linear
structures.

In contrast, both K-Means and Hierarchical Clustering produced Silhouette
Scores of 0.626, reflecting stable yet less distinct clustering outcomes. While
these methods may not perform as strongly in identifying non-linear data
patterns, they offer advantages in interpretability and managerial application.
The clear centroid-based structure of K-Means allows for straightforward
comparison of team averages, making it suitable for benchmarking and
performance tracking. Similarly, Hierarchical Clustering provides a visual
representation of relationships through its dendrogram structure, helping
managers understand the relative similarity between teams and identify
potential collaboration or mentorship opportunities. Overall, the comparative
results indicate that DBSCAN delivers the most accurate and data-sensitive
segmentation, whereas K-Means and Hierarchical Clustering offer
complementary value through their interpretive clarity and managerial
usefulness.

Table 3 Comparison of Clustering Model Performance

Model Silhouette Score Number of Clusters Observation
K-Means 0.626 3 Moderate separation,
balanced structure
DBSCAN 0.728 3 Strongest sepgratlon,
detects outliers
Consistent with K-
Hierarchical 0.626 3 Means, interpretable
hierarchy

Overall, the findings confirm that unsupervised machine learning techniques can
effectively classify Agile teams into meaningful performance categories. Cluster
2 (High-Performing Teams) exhibits high efficiency and superior outcomes,
Cluster 0 (Stable Teams) maintains consistent delivery and balance between
resources and outputs, and Cluster 1 (Developing Teams) demonstrates
evolving maturity and room for improvement. Among the three models,
DBSCAN delivered the most accurate and distinct segmentation, proving the
strength of Al-driven, density-based clustering for identifying Agile performance
patterns and supporting data-driven decision-making in project management.

Discussion

The findings of this study provide strong evidence that unsupervised machine
learning methods can effectively identify and categorize performance patterns
among Agile teams. The three algorithms applied in this research K-Means,
DBSCAN, and Hierarchical Clustering each revealed three consistent
performance categories: high-performing, stable, and developing teams. The
DBSCAN algorithm achieved the highest Silhouette Score of 0.728, suggesting
that it captured non-linear and complex relationships between performance
indicators more effectively than the other two methods. This superior clustering
quality implies that Agile team performance is influenced by multiple interacting
factors that cannot be fully captured through linear models or conventional
evaluation frameworks. The presence of distinct team clusters supports the
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concept of Agile maturity, where teams progress through developmental stages
marked by increasing adaptability, collaboration, and process optimization. The
ability of DBSCAN to detect outliers further highlights its usefulness for
uncovering unique team behaviors that either exceed expectations or deviate
from organizational norms, providing valuable insight into both exceptional
success and underlying inefficiencies.

From a theoretical and managerial perspective, these findings contribute to the
growing integration of artificial intelligence into Agile management research and
practice. The clustering results confirm that data-driven segmentation can serve
as a powerful diagnostic tool for understanding variations in Agile performance.
Managers can use this approach to identify high-performing teams as models
of best practice, monitor stable teams for consistency and process reliability,
and focus development initiatives on teams that exhibit lower performance.
Moreover, by integrating unsupervised learning techniques into Agile
retrospectives and performance reviews, organizations can adopt a more
objective and continuous approach to capability assessment. This form of
analysis enhances transparency, supports evidence-based decision-making,
and facilitates targeted interventions that align with the principles of continuous
improvement in Agile frameworks. Overall, the study demonstrates that artificial
intelligence, particularly density-based clustering methods, can play a strategic
role in advancing Agile maturity by transforming performance evaluation from a
subjective process into a systematic, data-informed practice.

Conclusion

This study concludes that unsupervised machine learning techniques can
effectively reveal performance patterns and maturity levels within Agile teams,
offering a valuable framework for data-driven decision-making in project
management. Through the application of K-Means, DBSCAN, and Hierarchical
Clustering, the analysis identified three primary categories of team performance:
high-performing, stable, and developing teams. Among these, DBSCAN
demonstrated the highest Silhouette Score of 0.728, confirming its superior
ability to detect complex and non-linear relationships in performance data
compared to K-Means and Hierarchical Clustering. The clustering results
indicate that variations in Agile performance are shaped by both quantitative
efficiency metrics and underlying process maturity. From a managerial
perspective, these insights can assist organizations in recognizing high-
performing teams as internal benchmarks, ensuring the consistency of stable
teams, and implementing targeted interventions for developing teams. The
study also emphasizes the potential of artificial intelligence to enhance Agile
management by transforming performance assessment into a continuous,
objective, and data-informed process. Despite its promising contributions, this
research is limited by its reliance on quantitative data from a single
organizational context. Future research should incorporate qualitative
measures, larger datasets, and more adaptive learning techniques to capture
the dynamic nature of Agile performance and to generalize findings across
diverse organizational environments.
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