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ABSTRACT

Agile organizations require the ability to form balanced, cross-functional teams
rapidly, particularly during employee onboarding phases when information is limited
and decisions must be made quickly. This study proposes a machine-learning-driven
approach for workforce segmentation that supports agile squad formation using only
onboarding-stage employee data. The objective is to identify interpretable capability-
based personas that can inform early staffing decisions without relying on
performance outcomes or post-hoc evaluations. A publicly available employee
onboarding dataset was analyzed using unsupervised clustering techniques. Feature
representation focused on workforce capability proxies and onboarding logistics,
including educational attainment, qualification level, trade specialization, geographic
information, and joining time. A unified preprocessing pipeline was applied to ensure
consistent handling of numeric and categorical attributes, enabling fair comparison
across clustering algorithms. Three clustering paradigms—KMeans, Gaussian
Mixture Models, and Agglomerative Hierarchical Clustering—were evaluated across
a range of cluster counts. Cluster validity was assessed using internal metrics, namely
Silhouette Score and Davies—Bouldin Index, complemented by inertia-based elbow
analysis for KMeans. The results consistently indicate that the data supports only a
small number of meaningful segments, with optimal solutions emerging at low cluster
counts. Visualization using two-dimensional principal component analysis further
reveals overlapping but structured workforce patterns, suggesting gradual capability
transitions rather than sharply separated groups. The findings are discussed in the
context of agile workforce management, emphasizing the interpretation of clusters as
soft personas rather than rigid categories. These personas can be combined flexibly
to form balanced squads, supporting rapid decision-making while preserving
adaptability. The proposed framework demonstrates how unsupervised learning can
enhance transparency and speed in onboarding-related staffing decisions, offering a
practical contribution to agile HR analytics and workforce planning research.

Keywords Agile Workforce Management, Employee Onboarding, Clustering Analysis,
Workforce Segmentation, Machine Learning

Introduction

Agile principles—originally developed for software engineering—are
increasingly adopted across organizational functions, including workforce
management and Human Resources (HR). Multiple case studies and review
articles document the diffusion of agile values such as rapid iteration,
decentralized decision-making, and cross-functional teams into non-software
domains, including healthcare operations and enterprise-wide implementations.
These studies demonstrate that agile methods can support fast adaptation and
iterative deployment of work practices beyond traditional software projects [1],
[2], [3]. Empirical evidence from clinical and institutional settings further shows
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that agile or agile-inspired deployments—such as rapid team restructuring,
decentralized “superuser” roles, and iterative process rehearsals—enable
organizations to respond effectively to emergent operational demands under
severe time pressure [4], [5].

Within such dynamic organizational environments, the ability to form teams
rapidly and flexibly during onboarding becomes critical. Rapid team formation
allows new employees to be socialized quickly and to rehearse workflows with
existing staff, a practice associated with safer and more efficient service delivery
in clinical and perioperative contexts. Prior studies report that simulated
onboarding and early team practice can reduce operational risk and support
end-to-end process readiness before live service delivery [4]. Similarly,
technical and research communities report that fast onboarding mechanisms—
such as containerized development environments—substantially reduce setup
time and accelerate newcomer productivity in highly technical collaborative
projects [6].

Despite its importance, onboarding often occurs under conditions of bounded
information and acute time pressure. Organizations report wide variation in
onboarding practices, with limited empirical evidence identifying which specific
onboarding tactics most effectively accelerate newcomer adjustment. As a
result, managers are frequently required to make rapid allocation decisions
under partial and imperfect information [7]. The COVID-19 pandemic and the
rapid transition to remote work further exacerbated these constraints,
introducing connectivity, infrastructure, and tooling limitations that reduced
opportunities for in-person socialization and informal learning during onboarding
[8].

Field reports from staffing and operational contexts indicate that early allocation
decisions can have measurable downstream effects. Differences in adherence,
coordination, and operational behavior between workforce subgroups—such as
agency versus permanent staff—are often first detected through early
onboarding data reviews, suggesting that initial team assignments may produce
persistent variance in team performance [9]. These findings highlight
onboarding as a high-impact decision phase where rapid yet informed team
formation is essential.

Onboarding represents a critical early decision point in agile organizations
because initial allocations directly shape team balance, coordination pathways,
and the early distribution of tacit knowledge. Research on agile team formation
and high-performing product teams emphasizes that early team composition
and leadership deployment materially influence adaptability, collective
intelligence, and the ability to iterate effectively under uncertainty —outcomes
that are central to agile performance [2], [3]. Evidence from clinical and
emergency reorganizations, including rapid COVID-19 response teams, further
illustrates that early allocation choices —such as pairing strategies and advisory
role assignments—significantly affect how quickly teams achieve functional
competence and interdisciplinary coordination [4], [5].

Despite the strategic importance of these early decisions, onboarding
allocations are frequently made using heuristics or managerial intuition rather
than systematic analysis. Reviews of onboarding practices document
heterogeneous adoption of structured onboarding elements, with practitioners
often relying on locally defined rules, informal mentorship, or ad-hoc team
formation rather than standardized, evidence-based assignment procedures [7],
[10]. In emergency or rapid implementations, organizations often prioritize
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decentralized and pragmatic decision-making to accelerate deployment, such
as empowering staff to independently create and manage digital collaboration
spaces, which favors speed but embeds heuristic allocations and limits
centralized analytical oversight [1].

Operational constraints further reinforce reliance on intuition during onboarding.
Remote onboarding environments, infrastructure limitations, and uneven
access to shared knowledge repositories reduce the availability of objective
signals for informed decision-making. Under such conditions, managers must
allocate personnel quickly despite weak or incomplete information, increasing
the likelihood of suboptimal early assignments [8]. These constraints are
especially pronounced in agile contexts where delays in team formation can
undermine responsiveness and iterative progress.

These patterns motivate the need for complementary data-driven decision
support in agile onboarding. Prior work in project management and health
informatics highlights how analytics and artificial intelligence can enhance rapid
decision-making by surfacing interpretable insights, automating routine
analyses, and supporting managers operating under time constraints [11]. Case
reports showing that early data analysis can reveal unexpected adherence gaps
or operational variance underscore the potential of analytic augmentation to
identify allocation risks that heuristic judgment alone may overlook [9].
Accordingly, lightweight and interpretable analytics can augment managerial
intuition, preserve agility while reduce the probability of suboptimal early team
formation.

Machine learning (ML) has emerged as a key enabler of advanced HR analytics
and decision support, offering tools to uncover patterns in workforce data that
are not readily apparent through manual analysis [11], [12]. Within this broader
landscape, unsupervised learning methods—particularly clustering—are well
suited to onboarding contexts because they identify structure in unlabeled data.
This characteristic is essential during early onboarding stages, where
performance outcomes and supervisory evaluations are not yet available [13],
[12].

Unsupervised techniques such as k-means clustering, Gaussian mixture
models, hierarchical clustering, density-based methods, and dimensionality
reduction approaches can reveal latent groupings of employees based on skills,
prior experience, educational background, or learning-profile proxies. These
methods operate without requiring historical outcome labels, making them
appropriate for day-zero workforce segmentation when only background and
contextual data are available [13], [12]. As a result, clustering can support early-
stage decision-making under label scarcity.

In practical settings, clustering outputs can inform initial team assignments,
suggest complementary pairings (for example, aligning novices with specific
mentor profiles), or highlight gaps in team capability coverage that managers
may address during early agile iterations [3]. However, successful adoption of
ML in HR settings depends not only on technical performance but also on
interpretability, transparency, and alignment with managerial workflows. Prior
studies show that visualization techniques—such as PCA-based projections
combined with cluster labels and descriptive statistics —significantly improve
practitioners’ ability to interpret clusters and translate them into actionable
onboarding interventions [14], [15].

Recent reviews further emphasize that ML systems intended to support agile
managerial decision-making must be explainable, human-centered, and
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designed to complement rather than replace managerial judgment [11], [16].
When these conditions are met, unsupervised ML can function as a practical
decision-support layer that enhances speed and consistency without
undermining local contextual knowledge. Collectively, the literature supports
framing workforce onboarding in agile organizations as both a time-sensitive
management challenge and a suitable application domain for interpretable
unsupervised learning techniques that surface structure under uncertainty [11],
[3], [14].

Existing research on workforce analytics and HR-oriented machine learning has
largely concentrated on performance prediction, retention modeling, and post-
hoc evaluation, often relying on outcome labels that become available only after
employees have spent significant time in the organization. While these studies
provide valuable insights for long-term talent management, they offer limited
guidance for early-stage onboarding decisions, where performance data do not
yet exist. In addition, prior segmentation studies frequently utilize rich
longitudinal or behavioral datasets, leaving a gap in methods that operate
exclusively on onboarding-stage attributes. As a result, the specific problem of
forming agile, balanced teams rapidly at the point of entry remains
underexplored.

Moreover, the literature has paid relatively little attention to agile squad
formation as a primary objective of workforce segmentation. Existing work
typically frames clustering as a descriptive exercise or as a precursor to
prediction, rather than as a direct decision-support mechanism for team
composition. Studies that address agile management tend to focus on software
development teams or mature project environments, with limited consideration
of how agile principles can be operationalized during onboarding using minimal
and readily available data. Consequently, organizations lack systematic, data-
driven approaches to segment onboarding employees in ways that directly
support agile team formation under time and information constraints.

To address these gaps, the objective of this study is to develop a clustering-
based workforce segmentation framework that relies solely on onboarding data
and is explicitly designed to support agile squad formation. The study
contributes by (i) providing a comparative evaluation of multiple clustering
algorithms under a unified preprocessing pipeline, (ii) deriving interpretable
workforce personas that translate high-dimensional onboarding data into
actionable capability profiles, and (iii) demonstrating practical implications for
agile HR and onboarding management as a form of decision support rather than
automated assignment.

Literature Review
Agile Management and Workforce Agility

Agile management originated in software engineering as a response to
uncertainty, emphasizing iterative development, rapid feedback, decentralized
decision-making, and cross-functional collaboration. Foundational reviews
describe agile practices as mechanisms for increasing adaptability and
shortening response cycles in volatile technical and market environments [1].
Over time, empirical studies have documented the diffusion of agile principles
into non-software domains, including enterprise operations and healthcare
services. For example, decentralized deployment strategies were used to
accelerate organization-wide collaboration platform rollouts during the COVID-
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19 response [3], while clinical informatics teams applied rapid-cycle, data-driven
interventions to train and scale healthcare workforces during pandemic surges
[15]. Case reports further demonstrate that agile-inspired team designs—such
as cross-disciplinary structures, iterative learning, and delegated ownership—
enable organizations to construct responsive operational systems under acute
time pressure [2], [4].

Within this expanded scope, the concept of workforce agility has emerged as a
central construct. Workforce agility is commonly characterized by flexibility in
reallocating personnel, responsiveness to emergent demands, and cross-
functionality achieved through complementary skill composition [2], [3]. These
attributes closely align with agile team constructs, which emphasize small,
empowered groups capable of rapid role reconfiguration and iterative
coordination. Prior theoretical and empirical work links such configurations to
improved adaptability and sustained performance in uncertain environments,
reinforcing workforce agility as a managerial capability rather than a fixed
structural property [2], [3].

Employee Onboarding and Early Workforce Decisions

Research on employee onboarding highlights newcomer socialization, role
clarity, and early capability transfer as key objectives that accelerate adjustment
and effectiveness [7]. However, empirical reviews consistently note substantial
variation in onboarding practices across organizations, driven by time
constraints, resource limitations, and heterogeneous institutional norms. These
challenges are amplified in remote or crisis contexts, where infrastructure gaps
and reduced informal interaction constrain traditional socialization mechanisms
[8]. As a result, large-scale operational responses—such as health system
surge training—have adopted compressed onboarding approaches that rely on
targeted training pathways and visualized workflows to balance speed with
safety [15].

Early placement and cohort structuring during onboarding represent critical
inflection points for team performance. Evidence from clinical and operational
settings indicates that initial pairings, advisory attachments, and cohort
composition shape how quickly teams acquire tacit knowledge and establish
coordination norms [4], [5], [7]. Small early interventions—such as assigning
subject-matter advisors or conducting end-to-end workflow simulations—can
materially alter the trajectory of team competence within days [4], [5]. At the
same time, studies show that early allocation decisions are often made
heuristically, with downstream variance in adherence and coordination
revealing the long-term impact of these initial choices [9]. These findings
underscore onboarding as a high-leverage but analytically under-supported
decision stage.

Human Resource Analytics and Machine Learning

Human resource analytics has evolved from descriptive reporting toward
predictive and prescriptive modeling aimed at informing workforce planning,
talent development, and organizational design. Recent reviews identify artificial
intelligence and machine learning as key enablers of this transition, allowing
organizations to move beyond retrospective metrics toward model-driven
decision support [16], [18]. Conceptual frameworks for HR analytics emphasize
staged processes that integrate data collection, modeling, interpretation, and
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reflection while maintaining governance and transparency [16]. This evolution
reflects a broader shift toward evidence-informed management in dynamic
organizational environments.

Within HR practice, machine learning techniques are applied across a range of
tasks, including supervised prediction (e.g., turnover risk), unsupervised
segmentation (e.g., skill or role grouping), anomaly detection, and natural
language processing of unstructured personnel data [12], [17], [19].
Unsupervised methods are particularly relevant when outcome labels are
unavailable at decision time, such as during onboarding. However, the literature
also emphasizes ethical and practical constraints associated with ML in HR,
including algorithmic bias, data quality limitations, and the need for human-in-
the-loop decision framing [20], [21]. Accordingly, reviews recommend that ML
systems in HR be designed as transparent decision-support tools that augment,
rather than replace, managerial judgment [16], [22].

Clustering and Segmentation in Workforce Analytics

Clustering techniques are widely used to uncover latent structure in unlabeled
workforce data. Common methods include K-Means, Gaussian Mixture Models,
hierarchical clustering, and density-based approaches, often paired with
dimensionality reduction techniques such as Principal Component Analysis
(PCA) for visualization [12], [13]. Methodological reviews and applied studies
demonstrate that these techniques can produce interpretable summaries of
complex, high-dimensional feature spaces, enabling managers to inspect and
reason about workforce heterogeneity without relying on predefined categories
[12], [13].

In HR and organizational contexts, clustering has been applied to employee
segmentation, skill grouping, and role profiling to support targeted learning,
mentoring, and team composition decisions [17], [16]. Practical
implementations typically combine cluster assignments with descriptive
statistics and domain labeling to translate algorithmic outputs into actionable
guidance [14], [17]. At the same time, the literature cautions that clustering has
inherent limitations when applied to human-centered data: skill boundaries are
often fluid, cluster assignments may overlap, and results are sensitive to
modeling choices [13], [14]. Consequently, ethical and practical frameworks
recommend presenting clustering outputs as supportive artifacts —paired with
visualization, uncertainty awareness, and managerial oversight—to ensure
responsible and effective use in agile workforce decision-making [22], [20].

Method

Data Source and Ethics

The study uses a structured workforce onboarding dataset where each record
corresponds to one newly onboarded employee and includes attributes related
to education, skill specialization, location, compensation proxy (stipend), and
joining time. The dataset is treated as a cross-sectional snapshot at onboarding,
which is appropriate for segmentation aimed at early staffing decisions.

To reduce privacy risk and prevent identity-based clustering, personally
identifying fields were excluded from the modelling table. The modelling
workflow does not require names or unique employee identifiers; the analysis
focuses on capability and onboarding context variables that are relevant to
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forming balanced agile squads.

A consistent data dictionary was established by harmonizing column names and
resolving formatting inconsistencies across the dataset. Categorical text fields
were standardized by trimming whitespace, removing duplicated spacing, and
normalizing capitalization to reduce artificial category inflation caused by
inconsistent entry formats.

Feature Engineering and Data Preparation

The feature set was designed to represent workforce capability proxies and
onboarding logistics, reflecting the goal of rapid segmentation for agile squad
formation. Core capability signals include qualification level and trade
specialization, complemented by academic percentage fields that provide
coarse indicators of prior attainment.

Temporal features were derived from the Date of Joining field. The date string
was parsed into a standard datetime format and decomposed into time-based
variables such as join month and ISO week number. These derived features
allow clustering to reflect cohort and intake-cycle patterns without using
personally identifying information.

Numeric fields were converted to consistent numeric types. Education
percentages were parsed by removing percent symbols and coercing invalid
strings to missing values. Stipend values were cast to numeric with errors
converted to missing values. This approach prevents parsing artefacts from
propagating into the feature space used by clustering.

The final modelling table separated features into numeric and categorical
groups. Numeric features were imputed using the median (robust to skew and
outliers) and scaled using standardization (z-score). Categorical features were
imputed using the most frequent value and encoded using one-hot encoding
with unknown-category handling enabled to support generalization when new
categories appear.

Preprocessing Pipeline and Reproducibility Controls

A unified preprocessing pipeline was implemented using a ColumnTransformer
architecture, enabling consistent treatment of numeric and categorical subsets.
This ensures that the same transformations are applied during both model
selection and final training, preventing data leakage or inconsistent
representations across experiments.

For numeric variables, the pipeline applies median imputation followed by
StandardScaler. StandardScaler centers each numeric feature to zero mean
and unit variance, which is important because distance-based clustering
methods are sensitive to feature scale. Median imputation was chosen to avoid
sensitivity to extreme values and to provide stable behavior on sparse
missingness.

For categorical variables, the pipeline applies most-frequent imputation followed
by OneHotEncoder with “handle_unknown="ignore™. This prevents runtime
failures if the pipeline encounters a category not present during fitting and
ensures that the encoded feature space remains compatible between training
and later application.
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Clustering Algorithms and Parameter Settings

Three clustering families were evaluated to reduce algorithm-specific bias:
centroid-based clustering (KMeans), probabilistic clustering (Gaussian Mixture
Models), and hierarchical clustering (Agglomerative). This triangulation
provides methodological robustness because each method makes different
assumptions about cluster geometry and membership.

KMeans was configured with multiple initializations ('n_init" set to a high value)
to reduce sensitivity to local minima. A fixed "‘random_state” ensured that results
are reproducible under the same environment. The algorithm minimizes within-
cluster sum of squared distances in the standardized feature space, making
scaling and consistent preprocessing essential.

Gaussian Mixture Models were configured with “covariance_type="full"" to allow
clusters to take elliptical shapes and to capture correlations among features in
the encoded space. Model fitting uses the expectation—maximization (EM)
procedure, producing soft membership assignments internally; hard labels are
obtained by selecting the maximum posterior probability for evaluation
purposes.

Agglomerative clustering used Ward linkage, which merges clusters to minimize
the increase in within-cluster variance at each step. Ward linkage is compatible
with Euclidean geometry and provides a deterministic alternative to KMeans
and GMM that does not require random initialization, enabling a useful
comparison across fundamentally different clustering paradigms.

Model Selection Protocol and Internal Validation

Cluster counts were evaluated across a predefined range (k from 2 through 10)
to balance interpretability and over-fragmentation risk. For each k, clustering
models were fit on the same preprocessed feature matrix, ensuring comparable
evaluation conditions.

Internal validation used Silhouette Score and Davies—Bouldin Index, computed
from the standardized feature representation. Silhouette Score measures the
relative separation between an observation’s assigned cluster and its nearest
alternative cluster, while Davies—Bouldin evaluates average cluster similarity
based on within-cluster dispersion and between-cluster distance. Using both
metrics reduces reliance on any single criterion.

For KMeans, inertia (sum of squared errors) was also tracked as a heuristic
diagnostic. Inertia decreases monotonically with larger k, so it is used only to
identify diminishing returns rather than as an optimization objective. This
complements Silhouette and Davies—Bouldin by providing an intuitive view of
variance reduction as clusters increase.

A deterministic selection rule was applied to choose a final k for the main
segmentation: select k that maximizes Silhouette Score for the primary method
(KMeans), and use Davies—Bouldin as a tie-breaker when Silhouette values are
effectively equivalent. This rule favors clusters that are simultaneously cohesive
and reasonably separated while keeping the decision procedure reproducible.

Persona Extraction and Agile Squad Formation Templates

After selecting the clustering configuration, cluster personas were constructed
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using interpretable summaries. For each cluster, the pipeline computes cluster
size, categorical modes (e.g., dominant qualification and trade), and numeric
means (e.g., central tendencies for education percentages and stipend). These
summaries translate high-dimensional encoded clusters into human-readable
workforce personas.

To make personas actionable for agile management, the method includes an
optional mapping step that relates personas to operational units. Department
counts are computed within each cluster, yielding a distribution that can be used
to propose staffing templates such as “prioritize personas A and B for teams
that frequently draw from department X.” This step is descriptive and intended
for decision support rather than causal inference.

The method treats segmentation as a planning aid, not an evaluation
mechanism. Cluster membership is interpreted as a capability cohort indicator
that can guide balanced composition (mixing complementary trades and
qualification levels) while retaining flexibility for managerial judgment, role
requirements, and interpersonal considerations.

Result and Discussion

Cluster Number Determination and Internal Validation

The cluster validation results consistently indicate that meaningful workforce
segmentation emerges only at relatively small cluster counts. Across all
evaluated algorithms, Silhouette Scores peak in the range of k = 3 to k = 4, after
which a sharp decline is observed. This pattern suggests that the onboarding
workforce is characterized by a limited number of broad capability groupings
rather than many finely separable subgroups.

Among the evaluated methods, KMeans achieves the highest Silhouette Score,
reaching its maximum at k = 3—4. Gaussian Mixture Models and Agglomerative
Clustering show comparable but slightly lower Silhouette values, following the
same downward trend as k increases. This consistency across algorithms
strengthens confidence that the observed structure reflects intrinsic properties
of the data rather than artefacts of a particular clustering technique.

The Davies—Bouldin Index provides complementary evidence. The index
decreases substantially when moving from k = 2 to k = 3 and reaches its lowest
values around k = 4, after which it increases again. This behavior indicates that
cluster compactness and separation improve initially but degrade as additional
clusters are forced, leading to fragmentation of naturally overlapping workforce
profiles.

The Elbow Curve (figure 1) based on KMeans inertia further supports this
conclusion. A pronounced reduction in within-cluster variance occurs up to
approximately k = 4, after which the slope flattens, indicating diminishing returns
from additional clusters. Taken together, these three diagnostics converge on k
= 3 or k = 4 as the most defensible segmentation choices, balancing numerical
validity with interpretability.
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Comparison of Clustering Algorithms and Structural Patterns

When comparing clustering algorithms, KMeans demonstrates the most stable
behavior across validation metrics, as shown in figure 2. Its Silhouette curve
exhibits a clear peak at low k values and a smooth decline thereafter,
suggesting consistent centroid-based grouping in the standardized feature
space. This stability is particularly important for workforce segmentation, where
interpretability and reproducibility are critical.
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Figure 2 Silhouette curve across Clusters

Gaussian Mixture Models produce similar trends but with slightly lower
Silhouette Scores and higher Davies—Bouldin values. This indicates that while
probabilistic clustering can capture overlapping membership, the added model
flexibility does not translate into stronger internal separation for this dataset. The
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workforce profiles appear to overlap in ways that are not well described by
elliptical Gaussian components alone.

Agglomerative Clustering follows the same general pattern but shows greater
sensitivity to increasing k. The rise in Davies—Bouldin Index at moderate cluster
counts suggests that hierarchical merging begins to group heterogeneous
profiles as k increases. This reinforces the idea that the dataset does not
support deep hierarchical subdivision beyond a small humber of top-level
segments.

Overall, the comparative results suggest that algorithm choice is less critical
than cluster count selection in this context. All three methods reveal similar
structural limits, indicating that the onboarding workforce naturally forms a small
number of broad, partially overlapping capability clusters rather than sharply
delineated groups.

PCA-Based Visualization and Cluster Separability

Two-dimensional PCA projections were used to visualize the structure of the
clustered feature space, as shown in figure 3, figure 4 and figure 5. Across
KMeans, GMM, and Agglomerative clustering at k = 3, the PCA plots reveal
dense point clouds with visible sub-structures but substantial overlap between
clusters. No algorithm produces clearly isolated “islands” in the projected space.
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Figure 3 PCA Plots of KMeans Clustering
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This overlap aligns with the relatively low absolute Silhouette values observed
across methods. In practical terms, the clusters represent gradual capability
gradients rather than discrete workforce categories. Such patterns are typical in
human-resource datasets, where education level, trade specialization, and
location interact continuously rather than forming sharply bounded classes.

Importantly, the similarity of PCA plots across algorithms suggests that
differences in clustering outcomes are primarily quantitative rather than
qualitative. Regardless of method, the workforce appears organized around a
small number of central tendencies, with individuals distributed along transitions

between these tendencies rather than concentrated in isolated regions.
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From a managerial perspective, this visualization supports interpreting clusters
as soft personas rather than rigid classifications. Employees near cluster
boundaries may reasonably fit into multiple squad compositions, reinforcing the
need for human judgment and contextual adjustment when applying clustering
outputs to agile staffing decisions.

Implications for Agile Workforce Segmentation

The combined results indicate that agile workforce segmentation during
onboarding should prioritize simplicity and flexibility over excessive granularity.
The convergence of Silhouette, Davies—Bouldin, and Elbow analyses at low k
values implies that attempting to define many distinct personas would artificially
divide naturally overlapping capability profiles.

Selecting k = 3 provides a parsimonious representation of workforce diversity
while remaining interpretable for operational use. Although k = 4 shows
marginally better compactness by Davies—Bouldin Index, the additional
complexity may not yield proportional managerial benefit, especially in fast-
paced onboarding contexts where rapid decision-making is required.

The observed overlap in PCA space reinforces agile principles: squads should
be formed by combining complementary capability profiles, not by isolating
narrowly defined roles. The clustering results support using personas as guides
for balancing skills and qualifications across squads rather than as deterministic
assignment rules.

Finally, the results highlight the value of unsupervised learning as a decision-
support mechanism rather than an evaluative tool. The segmentation reveals
structural patterns in onboarding data that can accelerate squad formation and
capacity planning, while preserving adaptability —an essential characteristic of
agile workforce management.

Conclusion

This study demonstrates that unsupervised machine learning can be effectively
applied to workforce onboarding data to support agile squad formation through
data-driven segmentation. By evaluating multiple clustering algorithms and
internal validation criteria, the analysis shows that the onboarding workforce is
best represented by a small number of broad capability-based personas rather
than many finely separated groups. The convergence of Silhouette, Davies—
Bouldin, and Elbow diagnostics indicates that meaningful structure exists
primarily at low cluster counts, highlighting the inherently overlapping nature of
employee capability profiles at the point of entry. From an agile management
perspective, these findings reinforce the value of using clustering as a decision-
support tool rather than a deterministic assignment mechanism. The identified
personas provide a practical abstraction that can accelerate early staffing,
balance cross-functional squads, and improve transparency in onboarding
decisions, while still allowing flexibility and managerial judgment. Overall, the
proposed approach offers a lightweight, reproducible, and interpretable
framework for agile workforce segmentation that can be readily adapted to other
onboarding contexts with similar data characteristics.
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