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ABSTRACT

This study explores the use of data-driven analysis to identify distinct managerial
profiles that influence the success of Agile project management. Using a dataset of
Agile project performance indicators, the research applied machine learning
clustering techniques, dimensionality reduction, and explainable artificial intelligence
to uncover patterns in managerial behavior and project outcomes. The analysis
revealed three unique managerial archetypes: Efficient & Strategic, Risk-Controlled,
and Agile-Driven. Each archetype represents a different balance between leadership
involvement, operational efficiency, and strategic control. The results show that Agile
project success can emerge from multiple managerial configurations rather than a
single standardized model. Projects emphasizing governance and cost efficiency
perform well under structured oversight, while those focusing on risk management
achieve stability in complex environments. The most mature Agile projects
demonstrate strong leadership engagement and team collaboration, resulting in high
adaptability and consistent performance. These findings highlight that organizational
agility depends on aligning management practices with contextual and strategic
needs. The study contributes to Agile management research by demonstrating how
machine learning can serve as a decision-support tool for identifying managerial
maturity, guiding process improvement, and optimizing leadership strategies in
dynamic project environments.

Keywords Agile Management, Machine Learning, Data-Driven Decision Making, Managerial
Archetypes, Leadership

INTRODUCTION

Agile project management has emerged as a dominant framework for managing
complex and uncertain projects in both software development and broader
organizational contexts [1]. lts core principles of flexibility, collaboration, and
iterative delivery have enabled teams to adapt more effectively to changing
customer requirements and technological developments [2]. Organizations
adopting Agile methodologies aim to increase responsiveness, improve
stakeholder satisfaction, and reduce the risks associated with long planning
cycles. Despite its widespread adoption, the success of Agile implementation
varies significantly between organizations. Some achieve sustained
performance improvements, while others struggle with inconsistent outcomes.
This inconsistency suggests that project performance depends not only on
following Agile techniques but also on how leadership, decision-making, and
strategic control are exercised within Agile teams [3].

The growing emphasis on agility as a managerial capability has led researchers
to explore the role of leadership and management practices in shaping Agile
outcomes. While the principles of Agile management promote team autonomy
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and adaptive planning, they also require an appropriate balance of governance
and control to ensure accountability and alignment with organizational
objectives [4]. Achieving this balance is not uniform across organizations, as
contextual factors such as culture, resource availability, and risk tolerance
influence how Agile methods are applied. As a result, different managerial styles
may produce different types of Agile performance, making it necessary to
identify and understand these variations systematically. However, existing
research has primarily approached this topic using qualitative case studies and
conceptual frameworks, which provide valuable insights but lack the capacity to
generalize patterns across large datasets.

Recent advances in artificial intelligence and data analytics have created new
possibilities for studying management practices through a quantitative and
evidence-based approach. Machine learning methods, particularly clustering
algorithms, have been increasingly used to identify hidden structures and
behavioral patterns within organizational data [5]. In project management
research, these techniques have been applied to forecast timelines, assess
risks, and optimize resource allocation. Nevertheless, current studies often
focus on the technical aspects of project prediction and control rather than
examining the managerial dimensions that influence project performance. This
gap limits the understanding of how managerial configurations contribute to
Agile success. The lack of empirical studies that connect data-driven modeling
with management theory represents a critical opportunity for expanding the
analytical scope of Agile research.

The state of the art in Agile management now calls for hybrid methodologies
that integrate data science with managerial insight. While traditional
management studies have examined leadership effectiveness, team
performance, and decision-making through survey-based or descriptive
methods, contemporary research suggests the potential for artificial intelligence
to complement these approaches. The application of clustering and explainable
artificial intelligence offers a systematic means to identify managerial
archetypes and uncover the factors that differentiate successful Agile projects
from less effective ones. Such methods make it possible to move beyond
anecdotal evidence and develop empirically grounded models of managerial
behavior. However, despite the growing interest in data-driven management,
few studies have empirically analyzed how leadership engagement, efficiency,
and strategic control interact to influence Agile project outcomes.

This study aims to address these limitations by employing a data-driven
approach to explore the managerial structures that define Agile project success.
Using a dataset of Agile project performance indicators, the research applies
clustering analysis, principal component analysis, and SHAP (SHapley Additive
Explanations) to identify distinct managerial profiles that capture variations in
leadership and operational practices. The results reveal three archetypes that
represent different balances between efficiency, control, and adaptability,
providing a new perspective on how management influences Agile
performance. By integrating machine learning with managerial theory, this
research contributes to a more systematic understanding of Agile management
and offers practical guidance for organizations seeking to improve their project
strategies through evidence-based decision-making.

Literature Review and Related Works

Agile project management has gained widespread recognition as an adaptive
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framework that enables organizations to manage complexity, uncertainty, and
frequent change in project environments. Studies have consistently highlighted
its capacity to improve responsiveness, communication, and customer
satisfaction compared to traditional project management methods [6]. Agile
principles promote iterative development, collaborative decision-making, and
continuous improvement, yet their success depends on how effectively
organizations integrate these principles with managerial practices [7]. Several
studies have emphasized that leadership involvement, organizational culture,
and team autonomy are crucial for the successful adoption of Agile practices
[8]. However, performance outcomes often vary significantly between
organizations, suggesting that different managerial configurations can influence
the degree of Agile maturity and success [9].

Existing research has explored the factors that contribute to Agile success,
identifying leadership style, risk management, and governance mechanisms as
key drivers [10]. Although this literature provides valuable insights, it is often
based on qualitative case studies and survey-based analyses that focus on
descriptive observations rather than empirical classification. These approaches
have limited ability to detect deeper structural patterns that explain why certain
managerial configurations perform better in specific contexts [11]. There is
therefore a growing need for data-driven approaches that can systematically
identify managerial patterns and link them to project outcomes. Such methods
would allow researchers and practitioners to move beyond subjective
interpretation and establish more objective, evidence-based foundations for
understanding Agile management performance.

The integration of artificial intelligence and machine learning into project
management research has created new opportunities for performance
assessment and predictive analytics. Machine learning algorithms have been
successfully applied to estimate project effort, predict risks, and monitor
performance metrics in Agile environments [12]. These applications have
enhanced forecasting accuracy and supported decision-making, but most
studies focus primarily on technical or process-oriented aspects rather than
managerial behavior [13]. Furthermore, the interpretability of machine learning
models remains a challenge, limiting their practical use in managerial decision-
making contexts where transparency and explainability are required [14].

Explainable Artificial Intelligence (XAl) has emerged as a key innovation to
address this limitation by providing insight into how machine learning models
make predictions. XAl helps translate complex algorithmic results into
understandable information that managers can use to inform decisions [15].
Within project management, explainable models have been explored to clarify
which variables most influence project success and how they interact to shape
outcomes [16]. This shift toward interpretability aligns with the need for
managerial accountability and better understanding of the relationships
between performance indicators and leadership practices. However, few
studies have combined XAl with unsupervised learning methods such as
clustering to uncover hidden managerial archetypes that shape Agile project
success [17].

Clustering techniques, as a core component of unsupervised machine learning,
have proven effective in segmenting projects, teams, or organizations based on
behavioral or performance characteristics. Applications of clustering in software
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and project management have revealed useful groupings that inform process
optimization, resource allocation, and risk mitigation [18]. By identifying
underlying patterns in performance data, clustering allows researchers to detect
similarities and differences that may not be apparent in traditional analyses.
However, the use of clustering to identify managerial profiles within Agile project
management remains limited, representing a significant gap in current research
[19]. Addressing this gap requires integrating clustering with explainable models
to connect data patterns with managerial interpretation, thereby enhancing the
practical relevance of machine learning for project leadership and decision
support [20].

In summary, prior studies have advanced the understanding of Agile project
management and artificial intelligence applications, but few have combined
these perspectives to produce interpretable, data-driven models of managerial
behavior. The current research builds on this gap by applying clustering and
explainable Al techniques to identify and interpret distinct managerial
archetypes in Agile environments. This approach contributes to both the
theoretical understanding of management diversity in Agile contexts and the
practical development of decision-support tools for organizations seeking to
improve their Agile maturity.

Methodology

This study adopted a quantitative, data-driven methodology to identify and
interpret distinct managerial archetypes within Agile project environments. The
methodological framework combines classical statistical analysis, unsupervised
machine learning, and explainable Al to derive both predictive and interpretable
insights. The workflow of the research is illustrated in figure 1, which outlines
the sequential analytical process beginning with data preprocessing and feature
engineering, followed by clustering and validation, dimensionality reduction, and
finally, interpretability analysis using explainable Al. Each stage in this pipeline
was designed to ensure transparency, reproducibility, and analytical rigor while
enabling meaningful managerial interpretation of data-driven results. The
analysis was conducted in Python using the Pandas, NumPy, Scikit-learn,
Seaborn, Matplotlib, and SHAP libraries.
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Figure 1 Research Steps

The dataset employed in this research consisted of Agile project performance
indicators representing both operational and managerial dimensions. Each
observation corresponded to a distinct project, characterized by quantitative
metrics such as Agile Effectiveness, Risk Mitigation, Management Satisfaction,
Supply Chain Improvement, Time Efficiency, and Cost Savings (%). These
variables were selected because they reflect fundamental elements of Agile
management, including adaptability, leadership engagement, process
performance, and strategic control. Upon importing the dataset, exploratory
data analysis was performed to examine completeness, consistency, and
potential outliers. Missing values were handled using mean or median
imputation, and all features were converted into numerical formats compatible
with machine learning models. Outlier detection was performed using
standardized z-scores, ensuring that extreme values did not distort the
clustering process.

Feature engineering was conducted to enhance the representativeness of
managerial relationships by creating composite indicators that captured both
direct and interaction effects among features. The Efficiency Index (EI) was
defined as the average of Time Efficiency (TE) and Agile Effectiveness (AE),
representing operational agility:

I_TE+AE

5 (1)

The Leadership Impact (LI) was calculated as the mean of Management
Satisfaction (MS) and Risk Mitigation (RM), capturing the influence of leadership
and managerial engagement:

= MS + RM

5 (@)

Cross-dimensional interaction variables were also introduced to represent
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synergistic managerial effects. The Operational Synergy (0S) measured the
interaction between Supply Chain Improvement (SCI) and AE:

0S = SCI x AE 3)

The Strategic Control (SC) indicator captured the combined influence of financial
oversight and risk awareness, defined as:

SC=RM x CS (4)

CSrepresents Cost Savings (%). Lastly, the Performance Synergy (PS) variable
was derived from the interaction of Efficiency Index and Leadership Impact,
representing the alignment between operational performance and managerial
influence:

S=EIXLI (5)

These engineered variables enabled a richer and more holistic representation
of managerial performance dynamics, allowing the model to capture nonlinear
and higher-order interactions that are characteristic of Agile environments.

Before clustering, all quantitative variables were standardized to ensure uniform
contribution to distance-based algorithms. Since the features were measured
on different scales, normalization was applied using z-score standardization,
expressed as:

(6)

x;is an observation, uis the mean, and gis the standard deviation of the
corresponding variable. This transformation produced normalized features with
zero mean and unit variance, ensuring comparability across all dimensions.

The K-Means clustering algorithm was employed to segment projects into
groups with similar managerial and performance characteristics. K-Means is an
iterative optimization algorithm that minimizes the within-cluster Sum of
Squared Errors (SSE), formulated as:

k
arg min C Z X — w112 (7)
XEC;

i=1
C;denotes the set of observations in cluster i, y;represents the cluster centroid,
and x;is an observation. To determine the optimal number of clusters (k), two
diagnostic methods were used: the Elbow Method and the Silhouette
Coefficient. The Elbow Method identified the value of kwhere the SSE reduction
began to plateau, indicating diminishing returns in model fit improvement. The
Silhouette Coefficient, defined as:

_ b—a
S_max(a,b)

(8)

Was used to validate the cohesion and separation of clusters, where
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arepresents the mean intra-cluster distance and brepresents the mean distance
to the nearest neighboring cluster. Higher silhouette scores indicate well-
separated and cohesive clusters. Both methods consistently indicated that three
clusters (k = 3) provided the most meaningful segmentation of the data.

Following model fitting, projects were assigned to one of the three identified
clusters. The mean values of all managerial and operational metrics were
computed for each cluster to produce a Cluster Summary Table, which served
as the basis for interpreting managerial archetypes. The resulting clusters were
visualized using a heatmap, which displayed comparative strengths across
indicators, followed by a Principal Component Analysis (PCA) for dimensional
reduction and visualization. PCA transformed the high-dimensional data into
two principal components that captured the majority of the dataset’s variance.
The transformation is mathematically expressed as:

Z=XW (9)

Xis the standardized data matrix, Wis the matrix of eigenvectors derived from
the covariance matrix of X, and Zrepresents the transformed two-dimensional
component space. The resulting PCA plot displayed three distinct clusters,
providing visual confirmation of the segmentation and validating the
heterogeneity of managerial behavior across Agile projects.

While K-Means clustering effectively segments data, it does not inherently
indicate which variables most influence cluster formation. To address this
limitation, an XAl approach using SHAP was implemented. A Random Forest
Classifier was trained on the scaled features to predict cluster membership, and
SHAP values were computed to quantify the marginal contribution of each
variable to the model’s output. SHAP values are derived from cooperative game
theory and measure the average contribution of a feature across all possible
combinations, mathematically expressed as:

ISITANIT—=IS|-1)! .
¢i = z [F(S UG — F()) (10)

|N|!
SCN\{i}

¢;represents the SHAP value for feature i, Nis the set of all features, Sis a
subset excluding i, and f(S)denotes the model’s prediction based on subset S.
The resulting SHAP summary plot ranked features by their relative influence,
revealing that Performance Synergy, Efficiency Index, and Management
Satisfaction Level were the most significant contributors to cluster
differentiation. This interpretability step transformed the clustering output into
actionable managerial insights.

Finally, the complete dataset, including all derived variables and cluster
assignments, was exported to an Excel file titled
Agile_Clustered_Profiles_Final.xlsx to support further managerial analysis and
replication. Random seeds were fixed throughout the process to ensure
reproducibility of results. Overall, the integrated methodological design enabled
a structured identification of managerial archetypes, balancing computational
precision with managerial interpretability. By combining K-Means clustering,
PCA visualization, and SHAP explanation, the study provides a robust analytical
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framework that connects artificial intelligence techniques with practical Agile
management insights.

Algorithm 1: Data-Driven Agile Project Segmentation

Input: Dataset D = {xq,x,,...,x,}containing Agile project indicators Feature set F =
{AE,RM,MS,SCI, TE, CS}

Output: Cluster assignments C = {C,, C;, C3} Feature importance values ¢;

Process:
Start
Data Preprocessing
For each feature f; € F: If missing, replace with mean value Standardize using
f.. — Ui
7 = %
J
Feature Engineering
Construct new managerial indicators:
 _TE+AE
)
_ MS+RM
0S =SCI X AE
SC =RM x CS
PS =EIxLI

Update feature set F' = F U {EI, LI, 0S,SC, PS}
Determine Optimal Number of Clusters

For k = 2to 10:

Apply K-Means clustering

Compute within-cluster sum of squares:

k
SSE(k) = E > y-w?
i=1 XjECi

Compute Silhouette Coefficient:

b—a
max (a, b)
Select k* = 3based on Elbow and Silhouette results
Cluster Assignment
Apply K-Means with k = k*

Assign each x;to nearest centroid:

s(k) =

assign(x;) = arg min . | x; — p II?

¢ - Z
Xc = Xi
| CC | X;€C.

Compute cluster means:

Dimensionality Reduction (PCA)
Compute covariance matrix

Find eigenvectors W

Transform data: Z' = ZW

Retain first two principal components for visualization
Explainable Al (SHAP)

Train Random Forest model f (-)using features Zand labels C
Compute SHAP values for each feature f;:

_ |SILINI=IS]=1)! o
¢ —ZSQN\M T [FSUED - £
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Rank features by average absolute SHAP value | ¢; |
Identify top drivers: {PS' EI' MS}
End

Result

The clustering analysis was conducted to uncover meaningful managerial
patterns within Agile projects using multidimensional performance and
leadership indicators. Since the effectiveness of clustering depends heavily on
the number of groups defined, determining the optimal number of clusters was
a critical step in the analytical process. To achieve this, two complementary
evaluation techniques were employed: the Elbow Method and the Silhouette
Coefficient. Both techniques are widely recognized in machine learning and
organizational analytics for balancing model interpretability with statistical
accuracy. The Elbow Method was used to assess the rate of decline in the
within-cluster SSE as the number of clusters increased, while the Silhouette
Coefficient measured how similar each data point was to its assigned cluster
compared to other clusters.

As presented in figure 2, the Elbow curve showed a pronounced bend at k = 3,
suggesting that adding more clusters beyond this point yields only marginal
improvement in model performance. In practical terms, this inflection indicates
that the data’s internal structure is best captured by three clusters, beyond which
segmentation becomes less meaningful and potentially redundant. The steep
decline in SSE between two and three clusters represents a significant
improvement in compactness, whereas the gradual flattening of the curve after
k = 3 demonstrates diminishing returns. This balance between parsimony and
explanatory power supports the selection of three clusters as the most
appropriate configuration for this dataset.

1600

1400

SSE

1200

1000

2 4 6 8
Number of Clusters

Figure 2 EIbow Method for determining optimal clusters

Figure 3 further strengthens the justification for selecting three clusters by
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illustrating the pattern of the Silhouette Coefficient across multiple cluster
configurations. The Silhouette Coefficient quantifies the quality of clustering by
measuring both the cohesion within each cluster and the separation between
clusters. A higher coefficient indicates that projects within a cluster are closely
related to each other while being distinctly different from those in other clusters.
In this study, the coefficient reached one of its highest average values at k = 3,
signifying that this configuration achieves a desirable balance between
compactness and separation. This result suggests that projects grouped under
the same cluster share strong managerial similarities in terms of performance
indicators, leadership effectiveness, and operational focus, while projects
assigned to different clusters demonstrate meaningful divergence in these
managerial dimensions.

Minor variations in the Silhouette values were observed for higher numbers of
clusters, but these differences were relatively small and lacked theoretical
justification for further subdivision. Increasing the number of clusters beyond
three would introduce additional complexity without providing new insights into
the underlying managerial patterns. Such over-segmentation risks fragmenting
conceptually similar projects into smaller, less interpretable groups. Therefore,
the combination of the Elbow Method and Silhouette Coefficient results provides
empirical support for adopting a three-cluster solution. This configuration
preserves statistical robustness while maintaining conceptual clarity, ensuring
that each identified cluster represents a coherent and meaningful managerial
archetype within the Agile project dataset.

0.20
0.19
0.18
Y 0.17
o
)
Y 0.16
0.15
0.14

0.13

2 4 6 8
Number of Clusters

Figure 3 Silhouette Score for cluster validation

Based on the clustering metrics, the model identified three distinct managerial
profiles among the Agile projects, consisting of Cluster 0 with 75 projects,
Cluster 1 with 63 projects, and Cluster 2 with 62 projects. Figure 4 illustrates the
average values of key managerial performance indicators for each cluster,
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providing a clear visual representation of the underlying patterns that
differentiate them. Cluster 0, labeled Efficient & Strategic, is characterized by
moderate levels of Agile Effectiveness (2.80) and Management Satisfaction
(3.08) but relatively high scores in Strategic Control (80.85). This cluster
represents projects that emphasize financial governance, structured
coordination, and managerial oversight as the primary mechanisms for ensuring
consistent outcomes. The management approach reflected in this cluster
suggests that these projects operate within organizations that prioritize
accountability, cost control, and process efficiency over flexibility or iterative
experimentation.

Cluster 1, identified as Risk-Controlled, exhibits higher Risk Mitigation (3.71)
and Strategic Control (117.41) while maintaining moderate scores in efficiency-
related variables. This cluster typifies projects functioning in environments
characterized by volatility or uncertainty, where systematic risk management
and budgetary stability are key success factors. These projects appear to
integrate Agile principles selectively, balancing adaptability with formal control
to maintain project predictability. In contrast, Cluster 2, referred to as Agile-
Driven, demonstrates the highest overall performance across nearly all
dimensions, including Agile Effectiveness (4.15), Leadership Impact (4.03), and
Strategic Control (122.06). Projects in this cluster exhibit high levels of
collaboration, rapid response to change, and strong alignment between
leadership and operational teams. This pattern indicates a mature Agile culture
where management practices are oriented toward empowerment, innovation,
and sustained delivery performance.

Cluster 0 2.80 3.04 3.08 3.64 2.83 26.32 2.81 3.06 10.27 eR:E 8.41

Cluster1 3.95 3.71 3.08 2.83 3.76 30.98 3.86 3.40 11.11 jeWM:ul12.85

Cluster2 4.15 4.21 4.61 3.89 3.92 2950 4.03 4.41 16.26 jwkMis 17.58
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Figure 4 Average managerial metrics by Agile project cluster

To better understand the structural relationships among the identified clusters,
a two-dimensional PCA was conducted to reduce the multidimensional
managerial dataset into a simplified visual representation. PCA was chosen
because it allows for an interpretable visualization of complex data while
preserving the maximum possible variance from the original features. The first
two principal components captured a substantial proportion of the total variance,
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ensuring that the reduced space adequately reflects the underlying data
structure. As shown in figure 5, the resulting projection reveals that the three
clusters occupy distinct regions within the two-dimensional plane, indicating that
the clustering algorithm successfully captured inherent managerial differences
across Agile projects. The spatial separation between these groups reflects
meaningful divergence in performance and leadership characteristics, while the
partial overlap of certain points demonstrates the continuous nature of
management practices within Agile environments.

Closer examination of the PCA plot indicates that Clusters 0 and 1 exhibit
moderate overlap, suggesting that projects emphasizing efficiency and those
emphasizing risk control share several managerial similarities. Both clusters
tend to focus on structured decision-making, consistent planning, and
formalized control systems. However, Cluster 2 appears more distinct and
concentrated in a separate region of the PCA space, highlighting its unique
managerial orientation. Projects in this group display higher levels of
adaptability, team autonomy, and leadership engagement, which collectively
enhance their responsiveness to change. The positioning of Cluster 2 away from
the other groups reinforces the interpretation that these projects represent a
more mature and dynamic Agile environment. Overall, the PCA visualization
validates the clustering process and provides empirical evidence that Agile
project management can evolve along multiple strategic pathways, each
characterized by different balances of control, risk management, and
adaptability.
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Figure 5 Two-dimensional PCA projection of Agile project clusters

To gain a deeper understanding of the variables that most strongly contributed
to the differentiation among clusters, a SHAP analysis was conducted using a
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Random Forest classifier trained on the cluster assignments. SHAP was
selected because it provides a transparent and interpretable approach to
explaining complex machine learning models by quantifying the contribution of
each variable to the final classification. Figure 6 presents the relative importance
of each managerial feature in determining cluster membership. The results
reveal that Performance Synergy, Efficiency Index, and Management
Satisfaction Level exert the greatest influence on the clustering outcome. This
indicates that the interaction between operational efficiency and managerial
leadership plays a decisive role in shaping project groupings. The presence of
these variables as dominant predictors highlights the combined effect of
performance coordination and leadership dynamics as a key driver of project
differentiation in Agile contexts.

Further interpretation of the SHAP values provides insights into how specific
managerial attributes are associated with the different clusters. Projects
displaying higher Performance Synergy and Efficiency Index scores are more
likely to belong to the Agile-Driven cluster, where strong collaboration and well-
integrated processes contribute to enhanced agility and consistent delivery
outcomes. In contrast, projects with moderate efficiency and stronger emphasis
on financial control or risk mitigation are more frequently aligned with the
Efficient & Strategic or Risk-Controlled clusters. These findings suggest that the
interaction between leadership engagement and process efficiency
distinguishes Agile maturity levels across project types. Collectively, the SHAP
analysis validates the clustering model and provides empirical evidence that
leadership quality and operational alignment are critical determinants of project
success in Agile management environments.

performance Synerqy | EEEEEENENENENN I I
Efficiency Index --.
Management Satisfaction Level I--
Leadership Impact ---
Supply Chain Improvement Index .-.
Agile Effectiveness Score -.I
Operational Synergy I.-
Strategic Control ..I

Risk Mitigation Score .II

Time Efficiency Level ..I mm Class 0

Cost savings (%) [JIll : E:ass ;
ass

0.0 0.1 0.2 0.3 0.4 0.5
mean(|SHAP value|) (average impact on model output magnitud

Figure 6 SHAP summary

In summary, the analysis identified three distinct managerial archetypes that
represent different approaches to achieving success in Agile project
environments. The first archetype, Efficient & Strategic, is characterized by a
focus on financial governance, structured oversight, and a balanced yet
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moderate level of agility. These projects rely on efficiency, stability, and
managerial control to deliver consistent outcomes. The second archetype, Risk-
Controlled, emphasizes predictability, risk management, and disciplined
decision-making to ensure reliable performance in complex or uncertain
contexts. This approach reflects organizations that value planning accuracy and
risk mitigation as central to their Agile implementation. The third archetype,
Agile-Driven, represents the most mature form of Agile practice, where
adaptability, strong leadership engagement, and continuous collaboration are
deeply embedded in the project culture. Projects in this group demonstrate the
capacity to respond quickly to change, leverage cross-functional teamwork, and
align strategic intent with operational execution. Collectively, these three
archetypes illustrate that Agile project success is not confined to a single
management style but can emerge through multiple effective pathways, each
suited to different organizational contexts. The findings reinforce the value of
data-driven segmentation as a decision-support tool for managers seeking to
align project strategies with leadership priorities, risk tolerance, and
organizational maturity.

Discussion

The results of this study reveal that Agile project success can emerge through
several distinct managerial configurations rather than through a single
standardized model of practice. The three identified archetypes Efficient &
Strategic, Risk-Controlled, and Agile-Driven represent different ways
organizations balance leadership, operational efficiency, and strategic control
to achieve desired outcomes. These archetypes demonstrate that Agile
management is inherently adaptable, allowing organizations to tailor their
practices to match internal structures and environmental conditions. The
presence of multiple clusters indicates that successful Agile execution depends
not only on methodological rigor but also on how management aligns decision-
making processes, team autonomy, and risk-handling strategies with
organizational priorities. The diversity across clusters also emphasizes that
agility functions as a continuum of managerial maturity, where organizations
evolve from efficiency-based coordination to more dynamic and leadership-
driven forms of project delivery.

From a managerial standpoint, these findings highlight the importance of
achieving balance between structure and flexibility in Agile project
environments. Projects in the Efficient & Strategic cluster demonstrate that
strong governance and cost discipline can coexist with iterative development,
provided that leadership maintains transparency and adaptability. The Risk-
Controlled cluster shows that Agile methods can be effectively implemented in
uncertain or regulated environments when proactive risk management and
process stability are prioritized. Meanwhile, the Agile-Driven cluster exemplifies
the highest maturity level, where collaborative leadership and operational
synergy enable rapid decision-making and continuous improvement. Together,
these findings suggest that data-driven segmentation can serve as a practical
tool for diagnosing project management maturity and guiding resource
allocation. Managers can use this approach to identify which archetype best
represents their current Agile practices and to plan targeted improvements in
leadership engagement, team empowerment, and performance alignment to
enhance overall project outcomes.
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Conclusion

This study concludes that Agile project success is shaped by diverse managerial
approaches that integrate leadership, efficiency, and strategic control in different
proportions. Using data-driven clustering and explainable artificial intelligence,
three distinct managerial archetypes were identified, each illustrating how
organizational priorities influence Agile implementation. The Efficient & Strategic
archetype reflects projects that rely on structured governance and cost discipline
to achieve consistent results, while the Risk-Controlled archetype highlights the
importance of proactive management and stability in uncertain environments.
The Agile-Driven archetype represents the highest level of maturity, were
leadership engagement and team collaboration drive adaptability and
continuous improvement. These findings demonstrate that there is no single
formula for Agile success; instead, effective project management depends on
the ability to balance structure and flexibility in response to contextual demands.
From a practical standpoint, the results offer managers a diagnostic perspective
for assessing their organizational maturity and refining leadership practices to
enhance project performance. By integrating machine learning as a decision-
support tool, organizations can adopt more informed and adaptive strategies to
align Agile principles with operational and strategic objectives.
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