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Highlights

Please indicate how your work links to systems science via your contributions to systems
practice, theory, and/or methodology.

• A systems-oriented decision architecture integrates interacting task, workforce, and
organizational dimensions into adaptive and transparent resource allocation.

What are the main findings and/or the implications of the main findings?

• The framework reduced allocation time by 84.3%, workload imbalance by 92.9%, and
manual intervention by 98.0%, demonstrating substantial operational gains.

Abstract

Dynamic workforce allocation in project-oriented service environments requires simultane-
ous consideration of heterogeneous and continuously changing information on employee
competencies, availability, workload, expertise, and project requirements. However, alloca-
tion decisions frequently remain dependent on fragmented information and managerial
judgement, limiting consistency, transparency, and responsiveness. This study develops
and empirically evaluates a lightweight multi-criteria decision-support framework for
dynamic workforce allocation using an Action Design Research methodology. The frame-
work structures allocation through task characterization, candidate eligibility filtering,
and employee ranking based on an Allocation Suitability Score integrating competency
matching, availability, normalized workload, and expertise. The weighting configura-
tion was calibrated through four iterative rounds involving ten organizational experts
and subsequently examined through sensitivity analysis, demonstrating 100% stability
of the top-ranked candidate across 16 weight perturbations and a mean Spearman rank
correlation of 0.994. Industrial evaluation was conducted within a project-oriented in-
ternal software-development function comprising 102 employees and an organizational
portfolio of 284 projects. Quantitative validation used seven purposively selected paired
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allocation cases evaluated under equivalent conventional and framework-assisted condi-
tions. The framework was associated with an 84.3% reduction in mean allocation time, a
92.9% reduction in workload imbalance, a 12.6% relative increase in resource utilization,
a 25.3% increase in allocation consistency, and a 98.0% reduction in manual intervention
requirements. These quantitative findings were complemented by favorable managerial
assessments of transparency, workforce visibility, responsiveness, and usability. The results
provide case-specific empirical evidence that transparent, computationally lightweight
multi-criteria decision support can substantially improve workforce-allocation processes
while preserving managerial interpretability and implementation flexibility. The proposed
framework therefore provides a reproducible foundation for dynamic workforce allocation
in project-oriented, knowledge-intensive service environments, while broader generaliz-
ability requires longitudinal and cross-organizational validation.

Keywords: dynamic workforce allocation; multi-criteria decision support; competency-
aware allocation; action design research; project-oriented service environments

1. Introduction
Organizations increasingly operate in dynamic, resource-constrained environments

in which operational efficiency, responsiveness, and service quality depend critically on
how human resources are deployed across competing activities [1]. As project complexity
increases and workforce specialization becomes progressively more pronounced, assigning
appropriately qualified personnel to tasks under evolving operational conditions can no
longer be regarded as a purely administrative function. Rather, workforce allocation consti-
tutes a strategic decision problem with direct implications for organizational performance,
project outcomes, and sustained competitiveness [2].

The strategic relevance of resource allocation has consequently motivated extensive
research across project management, operations management, optimization, and decision-
support systems [3–6]. Existing contributions address different dimensions of the problem,
including optimization-based resource allocation [7], performance-oriented allocation
models [8], expertise-aware assignment mechanisms [9], discrete resource-allocation for-
mulations [10], and digitally enabled management approaches designed to cope with
increasingly complex industrial environments [11]. Collectively, this body of research
demonstrates that allocation quality depends not only on resource availability, but also
on the capacity to reconcile heterogeneous decision criteria within increasingly dynamic
organizational settings.

Nevertheless, translating these advances into effective workforce-allocation practices
remains challenging. Real organizational environments are characterized by continuously
evolving workloads, shifting project priorities, employee absences, heterogeneous compe-
tency profiles, and recurrent arrivals of new tasks and projects. Allocation decisions must
therefore reconcile several interdependent dimensions simultaneously, including technical
suitability, current workload, effective availability, task requirements, and operational prior-
ities. This complexity is particularly relevant in project-oriented and knowledge-intensive
service environments, where organizational value creation depends strongly on the timely
deployment of specialized human capabilities.

Human resources further differ from conventional organizational resources because
their contribution cannot be adequately represented by availability or capacity alone.
Knowledge, experience, expertise, and adaptability substantially influence the suitability
of an employee for a particular assignment. As highlighted by Ballesteros-Pérez et al. [9],
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heterogeneous competency profiles combined with finite resource availability impose
intrinsic constraints on allocation decisions. Poorly structured allocation may consequently
lead to workload concentration, ineffective use of specialized expertise, project delays,
and deteriorating operational performance. Conversely, informed allocation can improve
workforce utilization, decision transparency, knowledge deployment, and project execution.

Existing research provides sophisticated approaches for addressing different aspects of
this decision problem, but two broad orientations remain identifiable. The first emphasizes
mathematical rigor through optimization-based formulations capable of representing com-
plex allocation constraints and interactions [7,9]. The second places greater emphasis on
operational applicability and the practical deployment of allocation mechanisms within real
organizational environments [12,13]. Although both perspectives have generated impor-
tant advances, a persistent implementation challenge lies at their intersection: analytically
sophisticated methods may be difficult to embed in routine managerial practice, whereas
highly pragmatic approaches may lack the structured multi-criteria reasoning required to
support transparent and reproducible allocation decisions.

This implementation gap becomes particularly relevant in organizations or organiza-
tional units for which sophisticated enterprise-level resource-management infrastructures
are economically disproportionate, operationally excessive, or insufficiently adaptable
to local decision requirements. Under such conditions, workforce allocation frequently
remains supported by spreadsheets, fragmented information repositories, and experience-
based managerial judgement. Although such practices can sustain routine operations, their
effectiveness deteriorates as allocation complexity increases, particularly when several
decision dimensions must be considered concurrently. Limited information integration can
then reduce transparency, consistency, traceability, and scalability of the allocation process.

A relevant research gap therefore persists between theoretically rigorous resource-
allocation models and lightweight, practically deployable decision-support mechanisms
capable of integrating heterogeneous workforce and task information within a unified
allocation process. In particular, there remains a need for transparent approaches that can
jointly accommodate competency matching, workload balancing, employee availability,
task characteristics, project priorities, and reassignment requirements without imposing
excessive computational or implementation complexity. Addressing this gap requires
a balance between analytical structure and operational simplicity, enabling managerial
decisions to remain interpretable while reducing dependence on fragmented information
and individual experience.

From this perspective, dynamic workforce allocation extends beyond conventional
scheduling. It constitutes a human-centric, multi-criteria decision-support problem in
which task requirements and workforce conditions interact dynamically. Effective alloca-
tion therefore requires a structured distinction between the characteristics that define and
prioritize the task, the constraints that determine candidate eligibility, and the employee-
level attributes used to rank suitable candidates. Such a perspective enables competency,
availability, workload, expertise, project priority, task complexity, and continuity require-
ments to contribute to the decision process according to their respective operational roles
rather than being indiscriminately aggregated into a single decision layer.

Accordingly, this study addresses the following research question: “How can dynamic
workforce allocation be systematically supported through a practical and transparent
decision-support framework capable of integrating employee competencies, workload,
availability, expertise, project requirements, and reassignment constraints while remaining
suitable for implementation in project-oriented organizational environments?”

To address this research question, the study adopts an Action Design Research (ADR)
approach to develop, implement, and empirically evaluate a structured decision-support
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framework for dynamic workforce allocation. The proposed approach organizes alloca-
tion into three interconnected decision layers—task characterization, candidate eligibility
filtering, and employee ranking—and operationalizes the latter through a multi-criteria
Allocation Suitability Score integrating competency matching, availability, normalized
workload, and expertise. The resulting artefact was implemented through a lightweight
software solution developed in Microsoft Excel® and Visual Basic for Applications (VBA)
and evaluated within a real organizational environment. This research design enables
the proposed decision logic to be examined under authentic operational conditions while
preserving transparency, managerial interpretability, and implementation feasibility. The
main contributions of this study are fourfold:

• Development of a structured decision-support framework for dynamic task alloca-
tion in an internal software-development service function embedded within a large
manufacturing organization.

• Integration of workforce competencies, workload balancing, employee availability,
project priorities, task characteristics, and reassignment logic into a unified allocation
methodology.

• Demonstration of how lightweight and accessible technologies can support complex
allocation decisions without requiring sophisticated enterprise systems.

• Validation of the proposed framework through an industrial case study, providing
practical insights into its applicability and organizational benefits.

The remainder of this paper is organized as follows. Section 2 presents the literature
review covering project management, resource allocation, and supporting decision method-
ologies. Section 3 describes the research methodology and framework development process.
Section 4 presents the proposed solution and validation results. Section 5 discusses the
main findings and implications. Finally, Section 6 summarizes the conclusions, limitations,
and future research opportunities.

Scientific Contributions

This study advances the workforce-allocation and decision-support literature through
four complementary contributions.

First, it develops an integrated multi-criteria framework for dynamic workforce al-
location in which task characterization, candidate eligibility, and employee ranking are
treated as distinct but interconnected decision layers. Rather than reducing allocation to
competency matching alone, the proposed framework systematically combines competency,
availability, workload, and expertise within an interpretable Allocation Suitability Score,
while preserving project priority, task complexity/urgency, and continuity as task-level
decision rules and constraints.

Second, the study operationalizes Action Design Research as a mechanism for trans-
lating workforce-allocation requirements into a deployable decision-support artefact. The
iterative interaction between organizational diagnosis, artefact development, expert cali-
bration, implementation, and empirical evaluation establishes a traceable methodological
pathway from the identification of the allocation problem to the assessment of the resulting
decision-support intervention under authentic organizational conditions.

Third, the study provides complementary quantitative and qualitative empirical
evidence from industrial implementation. The evaluation combines paired operational
performance measures, variability estimates, managerial assessment, and robustness analy-
sis of the weighting configuration, thereby extending the contribution beyond conceptual
model development. This empirical structure enables the operational effects associated
with framework-assisted allocation to be examined while retaining explicit boundaries
regarding the case-specific nature of the evidence.
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Fourth, the proposed framework establishes a modular and configurable decision
architecture that separates organizational decision logic from the specific technological im-
plementation. This architecture provides a methodological basis for subsequent integration
with mathematical optimization, enterprise information systems, advanced analytics, and
intelligent workforce-management technologies without compromising the transparency
and interpretability required for managerial decision support.

Taken together, these contributions position the scientific value of the study beyond the
digitalization or aggregation of existing workforce information. The central contribution
lies in a reproducible and empirically evaluated methodology for dynamic workforce
allocation that formalizes how heterogeneous task requirements, eligibility constraints, and
employee-level attributes are transformed into transparent and operationally actionable
allocation recommendations.

The novelty of the proposed approach therefore resides not in the individual use of
competency information, workforce scheduling, multi-criteria scoring, or decision-support
technologies, which are established research domains, but in their structured orchestration
within a unified and operationally validated decision architecture. Specifically, the frame-
work connects task-level characterization and prioritization, explicit candidate-eligibility
logic, multi-criteria employee ranking, expert-calibrated decision weights, sensitivity-based
robustness assessment, and dynamic reassignment within a single transparent allocation
process. Figure 1 synthesizes this scientific positioning by distinguishing the established
methodological foundations from their integration and operationalization in the proposed
framework, thereby clarifying the transition from fragmented allocation mechanisms to-
ward an interpretable, empirically evaluated, and implementation-oriented workforce
decision-support methodology.

Figure 1. Scientific novelty framework illustrating the transformation of established workforce
allocation concepts into a transparent, competency-aware, and quantitatively validated decision-
support methodology [14–23]. Created by the authors, with GPT used to improve the visual quality.
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The proposed framework is theoretically grounded in three complementary per-
spectives that address distinct dimensions of the research problem. First, Action Design
Research (ADR) provides the overarching methodological paradigm through which the
decision-support artefact is iteratively designed, implemented, evaluated, and refined in
interaction with the organizational environment. Second, competency-based workforce
management provides the human-resource perspective required to establish systematic cor-
respondence between task requirements and heterogeneous employee capabilities. Third,
multi-criteria decision-support theory provides the analytical foundation for structuring
allocation decisions in which several potentially competing operational dimensions must be
considered simultaneously under resource and organizational constraints. The integration
of these perspectives establishes a coherent theoretical basis linking artefact development,
workforce suitability assessment, and structured multi-criteria decision-making within a
single empirical research design.

Within this theoretical structure, Figure 1 positions the proposed contribution at the
intersection between established knowledge and its methodological operationalization
for dynamic workforce allocation. The contribution does not derive from the isolated use
of competency management, multi-criteria scoring, or decision-support technologies, but
from the explicit structuring of the allocation problem into interconnected decision layers
encompassing task characterization, candidate eligibility, employee suitability assessment,
and dynamic reassignment. This architecture enables heterogeneous organizational in-
formation to be transformed into transparent and traceable allocation recommendations
while preserving managerial interpretability and permitting empirical assessment of the
associated operational effects. By establishing an explicit linkage between theoretical foun-
dations, decision logic, artefact implementation, and case-specific empirical evidence, the
framework provides a scientifically reproducible basis for investigating dynamic workforce
allocation and delineates the methodological positioning of the study within the broader
domain of intelligent and human-centric workforce decision support.

2. Literature Review
2.1. Resource Allocation as a Strategic Project Management Function

Project management has undergone a substantial conceptual transition from a pre-
dominantly planning- and scheduling-oriented discipline towards an increasingly adaptive
management paradigm capable of responding to organizational complexity and opera-
tional uncertainty. Early methodological developments were strongly shaped by deter-
ministic and probabilistic scheduling techniques, particularly the Critical Path Method
(CPM) and the Program Evaluation and Review Technique (PERT), which established
systematic mechanisms for activity sequencing, project-duration control, and resource-
dependency management [24,25]. Although these approaches remain fundamental to
project planning, the increasing interdependence of activities, resources, and organizational
constraints has progressively broadened the project-management problem beyond sched-
ule optimization towards uncertainty management, resource adaptability, and dynamic
organizational coordination.

The progressive adoption of project-oriented organizational structures further rein-
forced this transition by demonstrating that project performance depends not only on
planning accuracy but also on the capacity to coordinate heterogeneous resources through-
out project execution. Kerzner [26] conceptualized project management as an integrated
management system in which people, processes, technologies, and organizational objec-
tives must be coordinated rather than treated as independent dimensions. More recent
perspectives further reinforce this evolution: Hansen et al. [27] examined the tensions and
paradoxes associated with agile-hybrid project portfolio management, while Kozarkiewicz
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and Swałdek [28] addressed project-management capability from the perspective of in-
tentionality and organizational maturity. Together, these contributions support a broader
understanding of project management as an adaptive organizational capability rather than
a narrowly defined scheduling function [29].

Within this expanded perspective, resource allocation has emerged as a central compo-
nent of project-management performance, particularly in multi-project environments where
limited resources must be dynamically distributed across competing requirements. Mao
et al. [7] addressed decentralized resource-constrained multi-project scheduling through
evolving multi-agent heuristics, illustrating the increasing methodological complexity asso-
ciated with coordinating resources across simultaneous projects. Sözüer and Spang [30]
further emphasized the importance of resource planning within project-management pro-
cesses, whereas Lima et al. [31] highlighted resource flexibility as an increasingly rele-
vant capability for managing uncertainty and changing scheduling conditions. Collec-
tively, these studies demonstrate that effective resource coordination becomes progres-
sively more important as project environments become dynamic, interdependent, and
resource constrained.

Human resources introduce an additional level of complexity because their organiza-
tional contribution cannot be adequately represented through capacity or availability alone.
In contrast to conventional physical resources, employees embody heterogeneous combina-
tions of knowledge, experience, competencies, creativity, and problem-solving capabilities,
making their suitability inherently dependent on the characteristics of the task and its
organizational context. Müller and Turner [32] demonstrated the relevance of leadership
competency profiles to project success, while Lopes et al. [33] reinforced the strategic im-
portance of human capabilities within project-oriented organizations. Workforce allocation
must therefore account for qualitative differences among employees, requiring decision
mechanisms capable of considering competencies and expertise together with availability
and other operational constraints.

The emergence of agile and adaptive project-management paradigms has further in-
creased the relevance of dynamic resource-allocation capabilities. Rasnacis and Berzisa [34]
examined mechanisms for adapting and implementing agile project-management method-
ologies, demonstrating the importance of organizational adaptability when project con-
ditions evolve. Špundak [35] similarly examined the integration of agile and traditional
project-management approaches, highlighting the need for methodological flexibility rather
than rigid adherence to a single management paradigm. Consistent with this perspective,
Collyer et al. [36] showed that dynamic environments require planning approaches capable
of accommodating uncertainty and change more effectively than conventional determin-
istic practices. From a workforce-allocation perspective, these developments imply that
assignment decisions cannot be treated as static events but must remain responsive to
evolving resource states, task requirements, and project priorities.

Digital transformation provides an important technological enabler for this transition.
Mourtzis et al. [2] and Mourtzis et al. [11] highlighted the potential of digitally supported
approaches to enhance workforce-related information availability and strengthen resource-
allocation decision processes. The increasing availability and integration of operational
data therefore create opportunities to move workforce allocation away from fragmented,
experience-dominated decision processes towards more structured, information-driven,
and traceable decision-support mechanisms.

Nevertheless, the transition from adaptive project-management principles and digi-
tally available workforce information to systematic allocation decisions remains incomplete.
Managers operating in dynamic project environments must reconcile heterogeneous and
potentially competing dimensions, including employee competencies, workload, availabil-
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ity, project priority, task complexity, and continuity requirements, while retaining sufficient
flexibility to respond to changing organizational conditions. The challenge is therefore not
merely to schedule available resources, but to determine how heterogeneous workforce
and task information should be structured and operationalized to support transparent,
consistent, and dynamically adaptable allocation decisions. Accordingly, workforce alloca-
tion is more appropriately conceptualized as a strategic, human-centric decision problem
embedded within project management rather than as an isolated scheduling activity. This
perspective establishes the conceptual transition to the subsequent analysis of workforce
optimization and decision-support mechanisms for dynamic allocation.

2.2. Human Resource Allocation and Workforce Optimization

Effective human-resource allocation constitutes a particularly complex decision prob-
lem within project and operations management because workforce resources cannot be
adequately characterized solely in terms of capacity or nominal availability. Unlike physi-
cal, material, or financial resources, employees exhibit heterogeneous competency profiles,
different levels of experience and expertise, variable availability, and task-dependent
performance capabilities. Consequently, workforce allocation requires the simultaneous
consideration of quantitative resource constraints and qualitative differences in individual
suitability, substantially increasing the dimensionality of the decision problem.

Human-resource allocation can therefore be conceptualized as the systematic assign-
ment of individuals to tasks, projects, or organizational functions while reconciling organi-
zational objectives, task requirements, and workforce constraints. Ballesteros-Pérez et al. [9]
addressed human-resource allocation across multiple projects by explicitly considering
members’ expertise, group heterogeneity, and social cohesion, demonstrating that alloca-
tion quality cannot be reduced to the identification of nominally available personnel. Rather,
employee suitability emerges from the correspondence between individual capabilities and
the specific requirements and contextual conditions associated with an assignment.

Several analytical methodologies have been proposed to structure resource-allocation
decisions involving multiple and potentially competing objectives. Eilat et al. [37] devel-
oped a Data Envelopment Analysis (DEA)-based methodology for constructing and evalu-
ating balanced portfolios of R&D projects while accounting for interactions among projects,
illustrating the capacity of efficiency-oriented methods to support complex resource-related
decisions. Karsu and Morton [38] subsequently incorporated balance considerations into
resource-allocation decisions through a bi-criteria modelling approach, demonstrating that
allocation cannot necessarily be represented through a single efficiency objective when
competing organizational concerns must be reconciled. These contributions highlight the
need to accommodate trade-offs explicitly rather than assuming that resource-allocation
performance can be captured through a single decision criterion.

In project-oriented environments, the allocation problem is further influenced by
the temporal and organizational characteristics of project work. Zwikael and Unger-
Aviram [39] investigated the effect of project duration on team-development effective-
ness, demonstrating that human-resource management within project groups is condi-
tioned by the temporal structure of the project environment. From a complementary
workforce-planning perspective, Yu et al. [40] employed centralized Data Envelopment
Analysis for human-resource rightsizing, illustrating how analytical approaches can sup-
port the alignment of workforce capacity with organizational requirements. Together,
these studies reinforce the importance of treating human resources as heterogeneous or-
ganizational assets whose effective deployment depends on both project conditions and
workforce configuration.
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The complexity increases further when personnel suitability must be reconciled with
explicit project constraints and contextual factors. Barreto et al. [41] formulated software-
project staffing as a constraint-satisfaction and optimization problem, demonstrating how
personnel assignment can be systematically linked to project requirements within a formal
decision structure. Wu et al. [42] extended the resource-allocation perspective by incor-
porating environmental factors into a DEA-based formulation, illustrating that allocation
efficiency may depend on contextual variables beyond the resources directly represented in
the decision model. These contributions collectively demonstrate that resource allocation
is intrinsically context-dependent and that effective decision models must accommodate
heterogeneous constraints and relevant organizational conditions rather than treating
resources as homogeneous and interchangeable units.

Digitalization provides additional opportunities for structuring such information-
intensive allocation processes. Mourtzis et al. [2] proposed an adaptive framework explicitly
considering workforce skill, illustrating how digitally supported systems can incorporate
employee-related information into operational decision processes. More generally, in-
creasing access to integrated competency, availability, workload, and project information
creates the technological conditions required to transition from fragmented and predomi-
nantly experience-driven allocation practices towards more systematic, data-supported,
and traceable decision mechanisms.

Nevertheless, greater data availability and analytical sophistication do not automat-
ically translate into practically deployable workforce-allocation solutions. A persistent
challenge concerns the balance between methodological rigor and operational applicability.
Advanced optimization formulations can represent complex combinations of objectives
and constraints, but their deployment may require extensive data structures, specialized
modelling expertise, computational resources, and organizational capabilities. Conversely,
highly simplified allocation procedures may be readily implementable but insufficiently
sensitive to the multidimensional nature of employee suitability. The relevant methodolog-
ical challenge therefore lies in developing allocation mechanisms that preserve sufficient
analytical structure to support consistent and transparent decisions while avoiding imple-
mentation complexity disproportionate to the operational problem.

Taken together, the literature positions workforce allocation as a multidimensional and
context-dependent decision problem rather than a conventional scheduling exercise. Effec-
tive allocation requires the coordinated consideration of employee capabilities, resource
constraints, organizational objectives, contextual conditions, and changing operational re-
quirements. However, the reviewed contributions also reveal a persistent tension between
analytically sophisticated allocation models and mechanisms sufficiently transparent and
lightweight for routine managerial deployment. This unresolved interface provides the
rationale for decision-support approaches capable of integrating heterogeneous alloca-
tion dimensions within an interpretable and operationally deployable framework, which
constitutes the focus of the following section.

2.3. Decision-Support Systems for Dynamic Task Allocation

The increasing complexity of workforce-allocation decisions has intensified the need
for Decision-Support Systems (DSS) capable of structuring heterogeneous information and
assisting managers in evaluating alternative resource-assignment decisions. As organiza-
tional environments become more dynamic and workforce constraints increasingly interde-
pendent, allocation based predominantly on managerial experience becomes progressively
difficult to sustain in a consistent and traceable manner. The underlying challenge arises
not merely from the volume of available information, but from the need to reconcile hetero-
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geneous employee attributes, task requirements, resource constraints, and organizational
priorities within a coherent decision process.

Within this context, DSS provide a conceptual and technological mechanism for trans-
forming distributed workforce and project information into structured decision inputs and
actionable allocation recommendations. In project-oriented environments, such systems
can support the integration of competency information, availability conditions, workload
states, task characteristics, and organizational requirements while preserving managerial
oversight. Their principal value therefore extends beyond computational automation:
appropriately designed DSS can formalize decision logic, improve information visibility, en-
hance consistency across comparable allocation situations, and provide greater traceability
regarding how allocation recommendations are generated.

Early contributions to software-project resource allocation already illustrated the im-
portance of systematically linking workforce characteristics with project requirements.
Otero et al. [12] proposed a systematic approach for resource allocation in software projects
in which resource suitability is evaluated in relation to project needs. Their work provides
an important foundation for structured personnel assignment by demonstrating that work-
force allocation can be formalized rather than relying exclusively on intuitive managerial
judgement. At the same time, the allocation problem addressed remains comparatively fo-
cused relative to contemporary dynamic workforce environments, in which suitability must
be considered together with continuously evolving availability, workload, prioritization,
and reassignment conditions.

Kang et al. [13] further formalized human-resource allocation in software projects
through a constraint-based approach capable of representing multiple assignment require-
ments within a systematic decision structure. This contribution demonstrates the analytical
value of explicitly modelling the constraints governing feasible personnel assignments. It
also illustrates a broader methodological trade-off: increasing representational richness en-
ables more detailed treatment of allocation requirements, but may simultaneously increase
modelling and implementation demands when decision environments involve numerous
interacting constraints or require frequent operational reconfiguration.

Complementary contributions have addressed resource allocation from an optimiza-
tion and efficiency perspective. Fang [8] developed a centralized resource-allocation ap-
proach based on efficiency analysis and step-by-step improvement paths, providing a
formal mechanism for improving allocation decisions under centralized management
conditions. Rudek and Heppner [10] investigated discrete resource-allocation prob-
lems under degressively proportional constraints and proposed efficient algorithms for
solving the resulting allocation formulations. Together, these studies demonstrate the
analytical sophistication achievable through formal resource-allocation models, while
also illustrating that mathematical tractability and optimization performance constitute
only part of the requirements associated with workforce decision support in operational
organizational settings.

Digitalization has further expanded the possibilities for operationalizing workforce-
allocation mechanisms. Mourtzis et al. [2] introduced an adaptive framework that explicitly
incorporates workforce skills into digitally supported operational decision-making, while
Mourtzis et al. [11] developed an intelligent workforce-allocation model that considers op-
erator skills. These contributions illustrate the progressive convergence between workforce
information, digital technologies, and structured allocation logic, creating opportunities
for more responsive and information-rich personnel assignment than is possible through
fragmented manual procedures.

Despite these methodological and technological advances, the literature reveals per-
sistent fragmentation in the treatment of the workforce-allocation problem. Existing
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approaches frequently emphasize particular dimensions—such as competency or skill
matching, constraint satisfaction, resource efficiency, or algorithmic allocation—whereas
operational workforce decisions may require several dimensions to be considered concur-
rently. Competency, availability, current workload, expertise, task priority, complexity, and
continuity do not necessarily perform equivalent roles in the decision process: some charac-
terize the task, others constrain candidate eligibility, and others differentiate among feasible
employees. An integrated DSS must therefore do more than aggregate multiple variables; it
must establish a transparent decision architecture defining how each information category
contributes to the allocation process.

A second unresolved issue concerns the relationship between analytical sophistication
and organizational deployability. Highly formalized optimization approaches provide pow-
erful mechanisms for representing objectives and constraints, but operational adoption also
depends on data availability, configurability, interpretability, computational requirements,
and compatibility with existing managerial processes. Conversely, lightweight decision
tools may offer greater accessibility but risk oversimplifying the allocation problem when
their underlying decision logic is insufficiently structured. The relevant methodological
challenge is therefore not to maximize algorithmic sophistication per se, but to achieve an
appropriate balance between analytical rigor, transparency, adaptability, and implementa-
tion feasibility.

These observations motivate the development of integrated decision-support archi-
tectures capable of connecting workforce information, task characteristics, eligibility con-
straints, employee-ranking criteria, and reassignment logic within a coherent operational
process. Such architectures should preserve sufficient formal structure to generate repro-
ducible recommendations while remaining interpretable to managers and configurable
according to organizational priorities. This requirement establishes the conceptual ba-
sis for the research gap addressed in the following section and motivates the dynamic
workforce-allocation framework developed in this study.

Viewed collectively, the reviewed literature demonstrates substantial methodological
diversity but also reveals that different approaches address different portions of the broader
allocation problem. Competency- and skill-oriented methods emphasize employee–task
correspondence; constraint-based formulations formalize assignment feasibility; efficiency
and optimization models provide rigorous mechanisms for resource distribution; and digi-
tally enabled approaches improve the integration and operational availability of workforce
information. What remains less comprehensively addressed is the structured orchestration
of these complementary requirements within a transparent and practically deployable
decision process capable of supporting dynamic organizational conditions.

To make this positioning explicit, Figure 2 comparatively examines representative
workforce-allocation approaches according to the principal decision dimensions and im-
plementation characteristics relevant to the present study. Rather than interpreting the
absence of individual features as a limitation of methods developed for different research
objectives, the comparison identifies how existing contributions collectively inform the
proposed framework and where methodological integration remains incomplete. The
analysis thereby establishes the basis for positioning the proposed approach as a multi-
layer decision-support architecture combining task characterization, candidate eligibil-
ity, multi-criteria employee ranking, and dynamic reassignment within an operationally
deployable structure.

The comparative synthesis presented in Figure 2 indicates that the workforce-allocation
literature has generated substantial methodological advances across competency-based
assignment, constraint modelling, resource optimization, workload management, and digi-
tally enabled decision support. However, these capabilities are predominantly addressed
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through approaches developed for distinct allocation objectives, leaving comparatively
limited methodological integration across the multiple decision layers required in dynamic
organizational settings. In particular, the simultaneous treatment of task characteriza-
tion and prioritization, candidate eligibility, competency matching, employee availability,
workload balancing, expertise, and reassignment requirements within a transparent and
operationally deployable decision architecture remains insufficiently consolidated. The
resulting research opportunity therefore lies not in introducing these allocation dimensions
individually, but in structuring their complementary roles within a unified decision process
capable of preserving analytical consistency, managerial interpretability, and practical
implementation feasibility. This synthesis establishes the conceptual basis for the research
gap examined in the following section and motivates the development of the dynamic
workforce-allocation decision-support framework proposed in this study.

Figure 2. Comparison of representative workforce-allocation approaches identified in the literature,
the capabilities incorporated into the proposed framework, and the specific research gaps addressed
by this study. Created by the authors, with GPT used to improve the visual quality.

2.4. Critical Comparison of AI-Based Workforce Allocation and Scheduling Methods

Recent research on workforce allocation and scheduling reflects a progressive tran-
sition from static and predominantly rule-based formulations towards more adaptive,
data-informed, and multi-dimensional decision architectures [43–45]. Contemporary ap-
proaches increasingly seek to accommodate dynamic resource conditions, heterogeneous
workforce capabilities, temporal constraints, and multiple operational requirements within
the allocation process. Nevertheless, the resulting methodological families differ sub-
stantially in their mathematical foundations, information requirements, computational
demands, adaptability, interpretability, and capacity to represent human- and organization-
related constraints.

Classical mathematical optimization remains particularly appropriate when decision
variables, objective functions, and operational constraints can be explicitly formalized.
Linear, integer, and mixed-integer formulations provide rigorous mechanisms for rep-
resenting assignment feasibility and resource interactions and, depending on problem
structure and scale, can provide optimal or bounded solutions. Their practical complexity,
however, increases rapidly as workforce-allocation problems incorporate heterogeneous
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skills, temporal availability, task precedence, synchronization requirements, individual
restrictions, and multiple competing objectives. Recent formulations therefore increasingly
combine deterministic structure with mechanisms capable of accommodating uncertainty
and dynamic workforce conditions [43–45].

Evolutionary algorithms provide an alternative when the allocation space is discrete,
nonlinear, combinatorial, or difficult to solve efficiently through exact optimization. Ye
et al. [46], for example, employed an improved genetic algorithm within a two-stage task-
allocation problem, illustrating the flexibility of evolutionary search for complex assignment
structures. Recent applications further demonstrate the applicability of genetic and related
evolutionary mechanisms to operational scheduling problems: Sukmana et al. [47] inte-
grated genetic algorithms with dispatching rules and technician-resource management,
whereas Farahmand-Mehr and Mousavi [48] proposed an immune genetic local-search
algorithm for resource-constrained multi-project scheduling under time-dependent re-
source reliability. These approaches offer considerable search flexibility, although their
performance remains dependent on algorithm design, parameterization, stopping criteria,
and the stochastic characteristics of the search process.

Multi-objective optimization is particularly relevant to workforce scheduling because
operational allocation rarely involves a single performance criterion. Workforce utilization,
skill compatibility, workload distribution, cost, service requirements, temporal performance,
and schedule stability may represent concurrent or competing objectives. Multi-objective
approaches provide a formal mechanism for exploring such trade-offs, including through
Pareto-based representations in which alternative non-dominated solutions can be eval-
uated without reducing all objectives to a single aggregate criterion. Their practical use
nevertheless requires an additional preference structure or managerial decision mechanism
to select among competing solutions, reinforcing the continuing importance of interpretable
decision support even when sophisticated optimization is employed [49].

Machine-learning approaches introduce a different capability by exploiting historical
or operational data to identify patterns relevant to allocation decisions. Wang et al. [50] in-
vestigated dynamic order allocation in a hybrid workforce environment through a machine-
learning approach, illustrating the potential of data-driven methods to support allocation
under changing competitive and operational conditions. Such methods can enrich alloca-
tion processes by learning relationships that may be difficult to encode explicitly. However,
predictive or learned relationships do not intrinsically guarantee feasible assignments or
compliance with organizational constraints. Machine-learning outputs therefore become
particularly valuable when embedded within a broader decision architecture capable of
enforcing feasibility and operational decision rules.

Reinforcement learning provides a further methodological alternative by learning
scheduling or allocation policies through repeated interaction with a decision environment.
This characteristic is particularly attractive when system states evolve dynamically and
decisions must adapt to disturbances, changing resource conditions, or newly arriving tasks.
Chen et al. [51] combined digital-twin capabilities with reinforcement learning for adaptive
job scheduling and resource allocation in industrialized construction processes, demon-
strating the potential of state-responsive learning architectures for dynamic operational
decision-making. Nevertheless, reinforcement-learning deployment introduces additional
considerations related to training requirements, constraint enforcement, robustness, gener-
alization beyond the training environment, reproducibility, and managerial explainability.

Fuzzy decision mechanisms are particularly relevant when allocation criteria contain
qualitative, uncertain, or linguistically expressed information that cannot be represented
naturally through crisp numerical thresholds. Qiu et al. [52] developed an adaptive fuzzy
response-threshold method with task-age awareness for distributed task allocation, illustrat-
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ing how fuzzy mechanisms can support adaptive decisions under evolving task conditions.
Such approaches provide a natural mechanism for representing graded decision states and
expert knowledge. Their effectiveness, however, depends on the definition of membership
structures, thresholds, and rule bases, which may introduce model-design subjectivity and
limit direct transferability between application contexts.

Hybrid approaches seek to exploit complementary methodological strengths rather
than assuming the existence of a universally dominant allocation paradigm. Moazzami
et al. [53], for example, combined fuzzy logic with deep reinforcement learning for adap-
tive task scheduling and resource allocation, illustrating how interpretable knowledge-
representation mechanisms can be integrated with adaptive learning. More generally,
hybrid architecture can combine optimization, learning, fuzzy reasoning, heuristics, or
explicit organizational rules according to the structure of the decision problem. Their prin-
cipal scientific challenge lies in ensuring that increased methodological capability does not
produce disproportionate computational complexity or reduce the transparency required
for operational adoption.

Within this methodological landscape, the framework proposed in the present study
deliberately occupies an intermediate position between formal optimization and fully
autonomous data-driven scheduling. It does not seek to compute a globally optimal
workforce configuration, nor does it learn an allocation policy from large historical datasets.
Instead, it formalizes organizational decision logic through explicit task characterization,
candidate-eligibility rules, and multi-criteria employee ranking based on competency,
availability, workload, and expertise. This design prioritizes interpretability, traceability,
configurability, and managerial oversight while retaining sufficient analytical structure to
support reproducible allocation decisions under dynamic operational conditions.

Importantly, this positioning should not be interpreted as evidence of methodological
superiority over optimization, evolutionary, machine-learning, reinforcement-learning,
or fuzzy approaches. Rather, these methodological families address different combina-
tions of optimization capability, adaptability, data dependence, computational complexity,
and interpretability. The proposed framework addresses a different design requirement:
providing lightweight and transparent decision-making support for organizational environ-
ments in which explicit workforce information and managerial decision rules are available,
but fully autonomous or computationally intensive allocation mechanisms may not be
necessary or desirable.

To critically position this design choice within the current methodological landscape,
Figure 3 compares the principal workforce-allocation and scheduling approaches according
to their decision mechanism, principal strengths, limitations, adaptability, interpretability,
and implementation characteristics. The comparison is intended not to establish a univer-
sal ranking among methodological families, but to clarify the trade-offs associated with
alternative approaches and the specific design space occupied by the proposed framework.

The comparative synthesis presented in Figure 3 indicates that the principal method-
ological families considered in workforce allocation and scheduling embody different
trade-offs among optimization capability, adaptability, computational requirements, in-
terpretability, and implementation feasibility. Advanced approaches based on reinforce-
ment learning and hybrid AI architectures provide substantial capabilities for adaptive
decision-making in dynamic environments but may simultaneously introduce greater data
and computational requirements and more complex mechanisms for ensuring decision
transparency and organizational interpretability. The proposed framework addresses a
complementary methodological requirement by prioritizing explicit workforce information,
transparent decision logic, competency-aware assessment, traceability, and managerial
oversight within a lightweight operational architecture. Its positioning should therefore not
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be interpreted as methodological superiority over optimization- or AI-based approaches,
but as a deliberate design choice for organizational contexts in which interpretability, con-
figurability, and practical deployability constitute central requirements. Accordingly, the
framework occupies an intermediate methodological space between highly formalized
optimization and fully autonomous data-driven scheduling, seeking to preserve sufficient
analytical structure for systematic workforce allocation while maintaining the transparency
and managerial control required for operational implementation.

Figure 3. Critical comparison of workforce allocation and scheduling approaches, highlighting
the main characteristics of mathematical optimization, evolutionary algorithms, machine learning,
reinforcement learning, fuzzy decision systems, hybrid AI–optimization methods, and the proposed
competency-aware decision-support framework. Created by the authors, with GPT used to improve
the visual quality.

2.5. Research Gap and Framework Requirement

The literature reviewed in the preceding sections reveals substantial methodological
progress across project management, workforce allocation, resource optimization, and
decision-support research. Existing contributions provide established mechanisms for
competency- and skill-based assignment, constraint representation, resource-efficiency
assessment, workforce scheduling, evolutionary optimization, data-driven prediction,
adaptive learning, and digitally supported allocation. Collectively, these developments
demonstrate that workforce-allocation problems can be addressed through increasingly
sophisticated analytical and computational approaches. However, they also reveal that
methodological sophistication alone does not resolve the broader organizational problem of
transforming heterogeneous workforce and task information into transparent, reproducible,
and operationally deployable allocation decisions.

The first research gap concerns the fragmentation of allocation dimensions across
existing methodological approaches. Different models have been developed to address
competency matching, scheduling efficiency, constraint satisfaction, workload distribution,
resource utilization, or adaptive allocation, but these dimensions frequently perform funda-
mentally different roles within the decision process. In operational settings, project priority
and task complexity characterize the assignment problem; competency requirements and
availability may determine candidate feasibility; workload and expertise differentiate
among eligible employees; and continuity requirements may constrain reassignment deci-
sions. The unresolved methodological requirement is therefore not simply to incorporate a
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larger number of variables, but to structure their respective functions within a coherent
multi-layer allocation architecture.

A second gap concerns the interface between analytical sophistication and organi-
zational deployability. Formal optimization and AI-based methods provide powerful
mechanisms for searching complex allocation spaces and adapting to dynamic condi-
tions, but their operational adoption may require substantial data availability, modelling
expertise, computational resources, or technological infrastructure. At the opposite ex-
treme, lightweight managerial tools can be readily deployed but may rely excessively on
fragmented information, implicit decision rules, and individual judgement. A relevant
methodological opportunity consequently exists between these extremes: decision support
that retains sufficient formal structure to improve consistency and reproducibility while
preserving transparency, configurability, managerial oversight, and compatibility with
routine organizational processes.

A third gap concerns the operational integration of dynamic workforce information.
Workforce-allocation decisions are rarely static: employee availability changes, workloads
evolve, priorities are revised, new assignments emerge, and continuity requirements may
necessitate reassignment. Effective decision support must therefore accommodate changing
organizational states without requiring the complete reformulation of the underlying allo-
cation logic. This requirement extends beyond conventional static matching or scheduling
by demanding an architecture capable of distinguishing task characterization, candidate
eligibility, employee ranking, and reassignment as interconnected components of a dynamic
decision process.

A further methodological gap concerns the empirical development and evaluation of
workforce-allocation artefacts within authentic organizational environments. The reviewed
literature contains numerous analytical allocation models, whereas comparatively less
attention is devoted to research designs in which organizational requirements, artefact
construction, expert calibration, implementation, and empirical evaluation are iteratively
connected. An Action Design Research perspective is particularly relevant in this context
because it enables the decision-support artefact to evolve through interaction with the orga-
nizational problem while simultaneously generating methodological knowledge regarding
its design and application. The research opportunity therefore extends beyond proposing
an allocation algorithm towards establishing a traceable pathway between organizational
requirements, decision architecture, artefact implementation, and empirical evaluation.

These gaps define the principal requirements of the framework developed in this study.
The proposed dynamic workforce-allocation decision-support framework is designed to
integrate heterogeneous workforce and task information while explicitly separating three
interconnected decision layers: task characterization, candidate eligibility, and employee
ranking. Within this architecture, task priority, complexity/urgency, and continuity require-
ments inform the assignment context; eligibility rules determine the feasible candidate
set; and competency, availability, normalized workload, and expertise support transparent
multi-criteria ranking through the Allocation Suitability Score. Dynamic reassignment
mechanisms complement this structure by enabling the decision process to respond to
evolving operational conditions without altering its underlying logic.

Accordingly, this research is guided by the following research question:

RQ: How can a practical, transparent, and dynamically adaptable decision-support framework
systematically support workforce-allocation decisions by integrating task requirements, candidate
eligibility, employee competencies, availability, workload, expertise, and reassignment constraints in
project-oriented organizations?
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Addressing this question enables the study to investigate workforce allocation simul-
taneously as a methodological and organizational decision-support problem. Rather than
seeking universal optimization or autonomous replacement of managerial judgement, the
research examines whether heterogeneous allocation criteria can be operationalized within
a reproducible, interpretable, and deployable decision architecture and empirically evalu-
ated under authentic organizational conditions. In this sense, the intended contribution lies
in bridging the methodological space between analytically structured allocation models
and lightweight organizational decision support while explicitly preserving managerial
traceability and implementation feasibility.

3. Methodology
3.1. Research Proposition

Building on the research question formulated in Section 2.5, four research propositions
were defined to translate the overarching research objective into empirically observable
dimensions of artefact performance. Consistent with the Action Design Research method-
ology, these propositions specify the expected operational effects associated with the
implementation of the proposed decision-support framework and provide a structured
basis for its subsequent empirical evaluation. They are not formulated as statistical hy-
potheses intended for confirmatory inferential testing; rather, they constitute theoretically
and operationally grounded expectations against which the behaviour of the artefact can be
examined under the conditions of the industrial case study. Accordingly, the propositions
establish an explicit linkage between framework design, operational implementation, and
the quantitative performance indicators subsequently used in the evaluation:

P1. Framework-assisted workforce allocation is associated with lower task allocation time than the
conventional allocation procedure.

P2. Framework-assisted workforce allocation is associated with lower workload imbalance across
the available workforce than the conventional allocation procedure.

P3. Framework-assisted workforce allocation is associated with higher resource utilization and
greater allocation consistency than the conventional allocation procedure.

P4. Framework-assisted workforce allocation is associated with a lower requirement for manual
managerial intervention than the conventional allocation procedure.

3.2. Research Strategy

This study adopted the Action Design Research (ADR) methodology, which is particu-
larly suitable for research aiming to simultaneously generate scientific knowledge and solve
real-world organizational problems through the development of practical artefacts. Un-
like purely observational research approaches, ADR combines problem diagnosis, artefact
design, implementation, evaluation, and continuous learning within an iterative process,
thereby facilitating the interaction between theory and practice [54].

The selection of ADR was motivated by the nature of the research problem. Workforce
allocation in project-oriented and knowledge-intensive service environments is characterized
by a strong practical component, requiring the development of an operational solution capable
of supporting real managerial decisions while simultaneously contributing to the body of
knowledge on resource allocation and decision-support systems. Furthermore, ADR is
widely employed in Information Systems research due to its ability to support the design,
implementation, and refinement of artefacts in close collaboration with end users [55].
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The adopted research process follows four interconnected stages: (i) Problem Formu-
lation, (ii) Building, Intervention and Evaluation, (iii) Reflection and Learning, and (iv)
Formalization of Learning. These stages collectively establish a continuous improvement
cycle comparable to the Plan–Do–Check–Act (PDCA) philosophy frequently employed in
organizational improvement initiatives [46]. The overall ADR workflow adopted in this
study is presented in Figures 4 and 5 describes the main tasks to be performed in each step
of the methodology, as well as the corresponding expected output.

Figure 4. Action design research cycle with arrows showing the interrelations between different
methodology steps. Created by the authors, with GPT used to improve the visual quality.

Figure 5. Summary of the objectives of each ADR stage and their role in the development and
validation of the proposed allocation framework. Created by the authors, with GPT used to improve
the visual quality.

3.3. Problem Formulation and Organizational Diagnosis

The first stage focused on understanding the resource-allocation challenges affecting
the case-study organization and identifying the requirements that would guide the devel-
opment of the proposed framework. Particular attention was devoted to understanding
how allocation decisions were being performed, which variables influenced these decisions,
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and which operational limitations affected workforce management [56]. The diagnos-
tic stage employed established quality and root-cause analysis tools, including Fishbone
diagrams and structured brainstorming techniques, which are widely recognized as effec-
tive mechanisms for organizational problem identification and continuous-improvement
initiatives [57,58].

To support this diagnosis, several complementary analysis techniques were employed,
including brainstorming sessions with managers, process analysis, workflow mapping,
and cause–effect analysis [59–61]. These techniques facilitated the identification of critical
issues associated with workforce allocation and resource management, while simultane-
ously capturing the expectations and requirements of the main stakeholders involved in
the process.

The diagnostic phase revealed that allocation decisions were largely dependent on
managerial experience and fragmented information sources. As a consequence, limited
visibility existed regarding employee workload, availability, competencies, project pri-
orities, and task ownership. This situation frequently resulted in subjective allocation
decisions, estimation difficulties, workload imbalances, and reduced transparency through-
out project execution.

To systematically identify the root causes affecting organizational performance, an
Ishikawa (Fishbone) diagram was developed, as presented in Figure 6. The analysis re-
vealed that the identified challenges could be grouped into six major categories: External
Environment, Corporate Structure, Project Management Approach, Team and Staff, Man-
agement Team, and Business Constraints.

Figure 6. Diagnostic tools used in the problem-formulation stage: Fishbone diagram and structured
brainstorming. Created by the authors, with GPT used to improve the visual quality.

The main findings extracted from the diagnostic phase are summarized in Figure 7.
Although obtained from a specific case-study organization, the identified issues are repre-
sentative of challenges commonly encountered in service-oriented organizations operating
under dynamic and resource-constrained environments.

The outcomes of this diagnostic stage established the functional requirements that
guided the subsequent development of the proposed Decision-Support Framework for
Dynamic Task Allocation.
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Figure 7. Summary of the main task allocation approaches identified in the literature [1,3,5,6,8–
10,12,13]. Created by the authors, with GPT used to improve the visual quality.

3.4. Framework Development

The organizational diagnosis conducted during the problem-formulation stage of the
Action Design Research process revealed that workforce-allocation decisions depended
on multiple interdependent sources of information that were not systematically integrated
within the existing decision process. Although managers possessed substantial contextual
knowledge regarding employee capabilities, workforce conditions, and project require-
ments, allocation decisions relied predominantly on managerial experience and fragmented
information sources. This configuration limited the consistency and traceability of the
decision process, reduced visibility over workforce utilization and workload distribu-
tion, and constrained the systematic assessment of resource suitability under changing
operational conditions.

In response to these requirements, a decision-support framework for dynamic work-
force allocation was developed to formalize the allocation process without replacing man-
agerial judgement. The framework was conceived as a transparent and configurable
decision architecture through which heterogeneous task- and employee-related informa-
tion could be transformed into structured allocation recommendations. Its purpose was
therefore not to automate managerial decision-making autonomously, but to provide
an explicit, reproducible, and traceable mechanism for identifying feasible candidates,
differentiating their relative suitability, and supporting reassignment when operational
conditions change.

The framework was designed according to three interrelated principles. First, alloca-
tion feasibility should be established before candidate ranking by determining whether
employees satisfy the requirements and constraints associated with the assignment. Sec-
ond, employee suitability should be assessed through an explicit multi-criteria structure
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integrating competency matching, effective availability, normalized workload, and exper-
tise, thereby distinguishing among feasible candidates while simultaneously discouraging
workload concentration and ineffective use of workforce capacity. Third, dynamic respon-
siveness should be preserved by incorporating task-level characteristics, including project
priority, complexity/urgency, and continuity requirements, together with mechanisms
capable of accommodating changes in availability, workload, and assignment conditions.
These principles establish a layered decision logic in which task characterization, candidate
eligibility, employee ranking, and dynamic reassignment perform distinct but complemen-
tary functions within the overall workforce-allocation process.

Based on the findings extracted from the literature review and the organizational
diagnosis, six primary information dimensions incorporated into the overall decision-
support framework: (a) Employee competencies; (b) Employee expertise level; (c) Cur-
rent workload; (d) Resource availability; (e) Project priority; (f) Task complexity and
urgency. These information dimensions operate at different stages of the allocation pro-
cess and should not be interpreted as equivalent weighted components of the employee-
ranking function.

Figure 8 presents the conceptual architecture of the proposed Dynamic Task Allocation
Framework.

Figure 8. Conceptual architecture of the proposed Dynamic Task Allocation Decision-Support
Framework, integrating competencies, workload, availability, task requirements, and organizational
constraints to generate adaptive workforce-allocation recommendations. Created by the authors,
with GPT used to improve the visual quality.

The operational logic of the framework begins with the systematic characterization
of each incoming task or project requirement. Task-level information defines the decision
context through required competencies, priority, complexity/urgency, expected delivery
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conditions, and, where applicable, continuity requirements. In parallel, workforce infor-
mation characterizes the current state of the candidate resource pool through employee
competency profiles, expertise, effective availability, normalized workload, and existing
assignments. Maintaining this distinction between task-level requirements and employee-
level attributes is essential because these information categories perform different functions
within the subsequent allocation process.

The interaction between task and workforce information is operationalized through a
sequential decision structure rather than through the unrestricted aggregation of all avail-
able variables. Task requirements and organizational constraints first determine candidate
eligibility, thereby excluding employees who do not satisfy the conditions required for a
feasible assignment. The remaining candidates are subsequently differentiated through the
Allocation Suitability Score, which integrates competency matching, effective availability,
normalized workload, and expertise according to the calibrated weighting configuration.
The resulting ranking therefore supports the identification of the most suitable candidate
among feasible alternatives while preserving explicit visibility over the criteria underlying
the recommendation.

A defining characteristic of the framework is its capacity to accommodate changes
in the operational state without modifying the underlying decision logic. Variations in
employee availability, workload distribution, project priorities, task requirements, or as-
signment continuity can trigger reassessment of candidate feasibility and relative suitability.
Dynamic allocation is therefore implemented through repeated evaluation of an explicit and
stable decision architecture rather than through an autonomous adaptive-learning mech-
anism. This distinction is particularly relevant in project-oriented, knowledge-intensive
service environments, where workforce conditions and assignment requirements may
evolve substantially during project execution.

From a methodological perspective, the framework integrates allocation dimensions
that perform complementary roles within a layered decision architecture: task characteris-
tics establish the assignment context, eligibility conditions delimit the feasible candidate set,
multi-criteria scoring differentiates candidate suitability, and reassignment mechanisms
accommodate subsequent changes in operational conditions. From an implementation
perspective, this architecture remains computationally lightweight and technologically
accessible because its decision logic does not depend on large historical datasets, special-
ized optimization solvers, or computationally intensive AI models. The resulting artefact
therefore preserves managerial interpretability and traceability while providing sufficient
formalization to support reproducible workforce-allocation decisions.

This decision architecture subsequently provided the conceptual and functional basis
for the allocation algorithm and software artefact developed during the following stages
of the Action Design Research process. Importantly, the technological simplicity of the
implementation should not be interpreted as restricting the framework to organizations of
a particular size. Rather, its modular and configurable structure enables the underlying
decision logic to be adapted to organizational environments with different levels of digital
maturity, resource availability, and decision-support infrastructure. This characteristic
may be particularly relevant to small and medium-sized enterprises, for which project-
management practices frequently need to be aligned with the specific needs, capabilities,
and organizational context of the firm rather than directly transferred from approaches
developed for substantially different organizational settings, as emphasized by Turner and
Ledwith [62].
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3.5. Allocation Algorithm Development

To enhance the transparency, reproducibility, and consistency of the proposed alloca-
tion process, a quantitative evaluation model was developed to support employee-selection
decisions. Although the framework was designed with a strong emphasis on practical
applicability and ease of deployment, it was considered important to formalize the key
decision variables influencing task allocation. Consequently, an Allocation Suitability
Score (AS) model was established to integrate competency matching, employee availability,
workload conditions, and expertise levels into a unified evaluation mechanism.

The first component of the model evaluates the degree of alignment between employee
capabilities and task requirements. A competency matrix was established to represent
employee proficiency levels across the skills considered relevant to the organization:

S =
[
sij
]

n×m (1)

where n represents the number of employees, m the number of relevant skills, and sij the
proficiency level of employee i in skill j. Based on the competency matrix, a competency
matching score (Ci) is calculated through a weighted aggregation process:

Ci =
m

∑
j=1

wjsij (2)

where Ci is the competency matching score of employees i, wj is the relative importance
assigned to skill j, and sij corresponds to the proficiency level of employee i in that skill.
This score quantifies the degree of alignment between employee competencies and task
requirements. Consequently, employees who possess stronger competency profiles in
critical skills obtain higher matching scores.

Employee availability was also incorporated into the model to ensure that alloca-
tion recommendations only consider resources capable of supporting the task within the
required timeframe. The availability score (Ai) can be expressed as:

Ai =
Havail

i

Htotal
i

(3)

where Havail
i represents the available working capacity of employee i during the alloca-

tion period, and Htotal
i represents the total working capacity of the same employee over

that period.
To prevent over-allocation and promote a balanced distribution of work, workload

conditions were incorporated into the allocation model. The workload utilization ratio (Wi)
is defined as:

Wi =
∑

p
k=1 hik

Hi
(4)

where Wi represents the workload utilization ratio of employee i, hik corresponds to the
hours allocated to task k, p is the total number of active tasks assigned to the employee,
and Hi represents the total available working capacity of employee i. The workload ratio is
subject to

0 ≤ Wi ≤ 1 (5)

Lower workload values indicate greater availability to accommodate additional ac-
tivities, whereas higher values suggest a potential risk of overallocation. This mechanism
contributes to a more balanced distribution of work across the team and supports sustain-
able resource utilization.
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The expertise level score (Ei) was included to distinguish employees with different
levels of maturity, experience, or proven capability within a given technical domain. It can
be normalized as:

Ei =
Expi

Expmax
(6)

where Expi represents the expertise level assigned to employee i, and Expmax represents
the maximum expertise level considered in the organization.

The conceptual structure of the proposed suitability model is presented in Figure 9. The
model transforms multiple workforce-allocation dimensions into a single weighted score,
enabling the systematic ranking of candidate employees and supporting more consistent
and objective allocation decisions.

Figure 9. Allocation Suitability Score (AS) model integrated into the proposed Dynamic Task
Allocation Decision-Support Framework. Created by the authors, with GPT used to improve the
visual quality.

As illustrated in Figure 9, the allocation process begins with the characterization of task
requirements, including required competencies, priority level, complexity, and assignment
continuity considerations. Candidate employees are subsequently evaluated across four
complementary dimensions: competency matching, availability, workload, and expertise.
These dimensions are aggregated into an Allocation Suitability Score, which serves as the
primary decision criterion for employee ranking.

To avoid ambiguity between task-level decision attributes and employee-level ranking
criteria, the implemented allocation logic distinguishes three sequential decision layers.
First, each task is characterized according to required competencies, complexity, urgency,
priority, and continuity requirements. Second, eligibility rules exclude employees who do
not satisfy mandatory competency or availability requirements. Third, the remaining eligi-
ble candidates are ranked using the Allocation Suitability Score (ASS), which exclusively
integrates four employee-level dimensions: competency matching, availability, normalized
workload, and expertise. Project priority, task complexity/urgency, and continuity are there-
fore not additional weighted components of the Allocation Suitability Score. The adoption
of a weighted scoring approach provides a balanced compromise between model simplicity
and decision-support capability. Unlike highly complex optimization-based allocation mod-
els, the proposed approach maintains computational efficiency and practical deployability
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while still incorporating the most relevant factors affecting workforce-allocation decisions
in project-oriented environments. The Allocation Suitability Score (ASi) is calculated as:

ASi = αCi + βAi + γ(1 − Wi) + δEi (7)

where ASi is the Allocation Suitability Score of employee i, Ci is the competency matching
score, Ai is the availability score, Wi is the workload utilization ratio, Ei is the expertise
level score, and α, β, γ, and δ are weighting coefficients associated with each allocation di-
mension. Accordingly, project priority operates as a task-sequencing rule when competing
allocation requirements coexist; task complexity and urgency define task requirements and
influence eligibility and processing precedence; and continuity is applied as a reassignment
preference when ongoing activities require replacement of an unavailable employee. These
attributes influence the allocation workflow but do not modify the mathematical structure
of the Allocation Suitability Score. The weighting coefficients are subject to:

α + β + γ + δ = 1 (8)

The weighting coefficients (α, β, γ, and δ) are configurable organizational parameters
that determine the relative influence of each decision dimension within the allocation model
and may be adapted according to organizational priorities. The Allocation Suitability Score
represents the overall suitability of employee i for the task under evaluation. Higher scores
indicate a better alignment between employee characteristics and task requirements. The
weighting coefficients allow organizations to adjust the relative importance of each allocation
dimension according to their operational priorities and workforce-management policies.

Finally, the employee selected for the assignment corresponds to the candidate pre-
senting the highest suitability score:

i = argmax(ASi) (9)

where i represents the employee with the highest allocation suitability score among all
eligible candidates.

This formulation provides a structured and transparent decision-support mechanism
capable of integrating technical competencies, resource availability, workload balancing,
and expertise considerations into a single allocation criterion, thereby supporting more
objective, scalable, and reproducible workforce-allocation decisions.

3.5.1. Implemented Weight Calibration Strategy

The weighting coefficients used throughout the industrial validation were α = 0.30 for
competency matching, β = 0.30 for employee availability, γ = 0.25 for normalized workload,
and δ = 0.15 for expertise, satisfying the normalization condition α + β + γ + δ = 1. These
coefficients were calibrated during four iterative Action Design Research (ADR) rounds
involving ten organizational experts, six Project Managers and four Senior Operational Staff,
selected for their direct involvement in workforce-allocation decisions and their operational
knowledge of competency requirements, resource availability, workload distribution, and
task-assignment constraints.

During each calibration round, the expert panel assessed the operational coherence of
the candidate rankings generated by the Allocation Suitability Score (ASS). The relative
weights were adjusted when the resulting rankings were considered inconsistent with
task requirements or established allocation practice. The allocation cases used during
calibration were kept independent from those subsequently employed for quantitative
performance evaluation. After the fourth iteration, the configuration (α, β, γ, δ) = (0.30,
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0.30, 0.25, 0.15) was frozen and applied without further adjustment during the performance-
evaluation stage.

The resulting coefficients should not be interpreted as universal constants or mathemat-
ically optimal values. Rather, they represent expert-calibrated organizational parameters
reflecting the relative importance assigned to the four employee-level decision dimensions
in the investigated setting. Figure 10 summarizes their practical interpretation, source, and
operational rationale.

Figure 10. Interpretation of the weighting coefficients adopted in the proposed workforce allocation
model. Created by the authors, with GPT used to improve the visual quality.

The adopted configuration gives equal priority to competency, matching and employee
availability, followed by workload balancing and expertise. This reflects the operational
requirement to identify personnel who are technically suitable and effectively available
while avoiding excessive workload concentration and retaining expertise as an additional
differentiating criterion. Because the coefficients are configurable, the same decision struc-
ture can be recalibrated to reflect different organizational priorities without modifying the
underlying ASS formulation.

3.5.2. Weight Sensitivity Analysis

To assess the robustness of the Allocation Suitability Score (ASS) to uncertainty in the
expert-calibrated weighting coefficients, a one-at-a-time (OAT) sensitivity analysis was per-
formed around the nominal configuration. Each coefficient was independently perturbed
by −20%, −10%, +10%, and +20% relative to its nominal value. Whenever one coefficient
was modified, the resulting difference was proportionally redistributed among the three
remaining coefficients, thereby preserving the normalization condition. This procedure
generated 16 perturbed weighting configurations in addition to the nominal configuration.

The analysis was conducted using a representative five-candidate allocation case,
with each candidate characterized by the same four normalized dimensions incorporated
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into the implemented ASS: competency matching, availability, workload, and expertise.
For every perturbed configuration, the ASS was recalculated for all candidates, and the
resulting ranking was compared with that obtained using the nominal weighting configu-
ration. Robustness was evaluated using three complementary indicators: stability of the
top-ranked candidate, stability of the complete candidate ranking, and Spearman’s rank
correlation coefficient () between the nominal and perturbed rankings.

Under the nominal weighting configuration, the resulting candidate ranking was
established. Figure 11 summarizes the ranking response obtained under each coefficient
perturbation and provides the corresponding Spearman rank correlation relative to the
nominal configuration.

Figure 11. Sensitivity analysis of candidate-ranking robustness under one-at-a-time perturbations of
the ASS weighting coefficients. Created by the authors, with GPT used to improve the visual quality.

The results demonstrate high ranking robustness, with the top-ranked candidate
remaining unchanged across all perturbations and the complete ranking preserved in
93.75% of the scenarios. The mean Spearman correlation of 0.994 further confirms that
moderate variations in the calibrated weights have negligible influence on the overall
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allocation ranking. The sensitivity analysis demonstrated a high degree of robustness
of the implemented weighting configuration. Candidate D remained the highest-ranked
allocation alternative across all 16 perturbed configurations, corresponding to a top-ranked
candidate stability of 100%. The complete candidate ranking remained unchanged in 15 of
the 16 perturbations (93.75%). The only ranking modification occurred when the availability
coefficient was increased by 20%, producing a minor inversion between candidates B and
C while leaving the preferred candidate unchanged. Spearman’s rank correlation was 1.00
for all other perturbations and 0.90 for this specific configuration, resulting in a mean of
0.994 across the 16 sensitivity scenarios.

These results indicate that moderate variations in the expert-calibrated coefficients do
not materially affect the primary allocation recommendation. At the same time, the limited
inversion observed between two closely ranked secondary candidates indicates that the
model remains responsive to meaningful changes in organizational preferences rather than
being insensitive to its weighting structure. The sensitivity analysis therefore supports the
robustness of the adopted weighting configuration while reinforcing the interpretation of
the ASS as a transparent and configurable decision-support mechanism rather than a fixed
optimization model.

3.5.3. Normalization Procedures

Because the four criteria incorporated into the Allocation Suitability Score (ASS) are
expressed using different operational scales, normalization is required before weighted
aggregation. All employee-level criteria are therefore transformed to a common dimen-
sionless interval [0, 1], ensuring comparability and preventing differences in measurement
scale from disproportionately influencing the final suitability score.

For benefit-type criteria, namely competency matching, availability, and expertise,
higher values represent greater suitability. Min–max normalization is therefore applied as:

xnorm
ij =

xij − xmin
j

xmax
j − xmin

j
(10)

where xij is the original value of employee i for criterion j, and xmin
j and xmax

j are the
minimum and maximum values observed among the eligible candidates for that criterion.

Workload is treated as a cost-type criterion because higher current utilization reduces
the desirability of assigning additional work to an employee. In the implemented DSS,
workload is represented by the workload utilization ratio Wi, which is already bounded
within the interval [0, 1], where 0 represents no allocated workload and 1 represents full
utilization. Consequently, no additional min–max normalization is applied to this criterion.
To ensure directional consistency with the benefit-type criteria included in the Allocation
Suitability Score, workload is transformed through its complement:

W∗
i = 1 − Wi (11)

where W∗
i represents the workload suitability contribution of employee i.

Accordingly, employees with lower current workload receive higher workload suit-
ability scores, while employees approaching full utilization receive progressively lower
contributions to the Allocation Suitability Score. This is the workload transformation
implemented in the industrial DSS and used throughout the calculations reported in
this study.

The resulting dimensionless criterion values for competency matching, availabil-
ity, workload suitability, and expertise are subsequently combined using the calibrated
weighting coefficients defined in Section 3.5.1 to calculate the ASS. Project priority, task
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complexity/urgency, and continuity are not included in the ASS because, as established in
Section 3.5, they operate as task-level sequencing, eligibility, or reassignment rules rather
than weighted employee-ranking criteria.

3.5.4. Baseline Benchmarking Scenario

To distinguish the contribution of multi-criteria decision integration from the general
benefits of computerization, a controlled benchmarking scenario was developed. The
proposed Allocation Suitability Score (ASS) was compared with a simple competency-
first greedy heuristic representing a lightweight computerized allocation rule. Under the
baseline heuristic, the available employee with the highest competency match is selected,
with current workload used only as a tie-breaking criterion.

A representative task-allocation scenario involving five eligible employees was con-
structed using normalized values for the four criteria incorporated into the ASS: competency
matching, availability, workload, and expertise. The candidate profiles were configured to
reproduce a realistic allocation trade-off in which the employee with the highest techni-
cal competency simultaneously presents limited availability and high current workload.
Both approaches were applied to identical candidate information, thereby isolating the
effect of the decision logic from that of data digitalization. Figure 12 summarizes the
resulting comparison.

Figure 12. Controlled baseline scenario comparing competency-first greedy allocation with the
proposed multi-criteria decision model. In bold: best two values obtained for Allocation Suitability
Score. Created by the authors, with GPT used to improve the visual quality.

As shown in Figure 12, the competency-first greedy heuristic selects E1 because this
candidate presents the highest competency score (0.95). However, E1 also exhibits the
highest workload ratio (0.85) and comparatively limited availability (0.60), resulting in an
ASS of 0.638 and the lowest overall multi-criteria ranking. In contrast, E2 combines slightly
lower competency (0.90) with substantially higher availability (0.90), lower workload (0.35),
and strong expertise (0.85), yielding the highest ASS (0.830).

This controlled comparison illustrates the incremental decision value of simultane-
ously considering multiple workforce dimensions rather than relying predominantly on
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competency. It is intended as a transparent baseline benchmark of the proposed decision
logic and not as a comprehensive performance comparison with advanced optimization,
evolutionary, machine-learning, or reinforcement-learning methods. Such comparative
benchmarking remains outside the scope of the present study and is identified as a direction
for future research.

3.6. System Implementation
3.6.1. Software Implementation

The proposed Dynamic Task Allocation Framework was implemented through a
software-based Decision-Support System developed using Microsoft Excel® and Visual Ba-
sic for Applications (VBA). The selection of this technological environment was motivated
by three factors: widespread availability within organizations, ease of deployment, and
the possibility of rapidly integrating allocation logic, databases, reporting functionalities,
and user interfaces into a single operational platform. The operational workflow adopted
by the system for new task allocation is presented in Figure 13. The workflow illustrates
how project requirements are transformed into allocation recommendations through the
execution of the proposed decision-support framework and allocation algorithm.

The software architecture was designed to operationalize the allocation framework
presented in Section 3.3 and the allocation algorithm described in Section 3.4. Rather than
functioning as a standalone optimization tool, the system was conceived as a decision-
support environment capable of assisting managers throughout the resource-allocation
process. Accordingly, the software integrates workforce information, project requirements,
allocation criteria, and reporting functionalities within a unified interface.

The implemented system is structured around three functional modules. The first
module, Team Management, maintains information regarding employee competencies,
availability, vacations, absences, and workforce composition. The second module, Task
Management, supports the creation, modification, reassignment, and monitoring of tasks
and projects. Within this module, the allocation algorithm is executed to identify the
most suitable resources according to the framework criteria. The third module, Status
and Reporting, provides visibility over workload distribution, employee occupation rates,
project assignments, and historical allocation records, supporting managerial monitoring
and decision-making.

A key characteristic of the software implementation is its ability to continuously
update allocation recommendations based on changes in workforce availability, project
requirements, and workload levels. This dynamic capability enables managers to rapidly
assess alternative allocation scenarios and respond to unforeseen organizational events,
such as employee absences, workload fluctuations, or changes in project priorities.

In addition to supporting new task allocation, the system incorporates automated
reassignment functionalities that allow ongoing projects to be redistributed whenever work-
force composition changes. This capability contributes to maintaining project continuity
while minimizing the managerial effort required to reallocate activities manually.

Although the software was implemented using Microsoft Excel® 2024 and VBA v7.1,
the proposed framework remains independent of the underlying technological platform.
Consequently, the allocation logic can be integrated into alternative enterprise systems,
databases, or web-based applications without altering the conceptual structure of the
framework. The implementation developed in this study therefore serves as a proof-of-
concept demonstrating the practical applicability and operational feasibility of the proposed
Decision-Support Framework for Dynamic Task Allocation.
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Figure 13. Operational workflow for new task allocation, illustrating the integration of task require-
ments, competency matching, workload assessment, and allocation recommendation generation.
Created by the authors, with GPT used to improve the visual quality.

3.6.2. Enterprise Deployment Architecture

Although the prototype presented in this study was implemented using Microsoft Excel
and Visual Basic for Applications (VBA) to support rapid development and iterative valida-
tion within the Action Design Research process, the proposed decision support framework is
not intrinsically tied to this technological platform. Although the reference implementation
was developed in Microsoft Excel/VBA to facilitate rapid industrial deployment and user
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acceptance, the proposed decision logic is platform-independent. The allocation engine can
be migrated to web-based, database-driven or cloud-native enterprise environments without
modifications to the underlying decision framework, enabling large-scale deployment across
geographically distributed organizations. Figure 14 illustrates a conceptual enterprise deploy-
ment architecture demonstrating how the proposed allocation engine can be integrated with
modern organizational information systems, cloud infrastructures, and enterprise software
platforms while preserving the underlying decision logic.

Figure 14. Enterprise deployment architecture of the proposed decision support system, illustrating its
integration with enterprise information systems, cloud services, databases, APIs, and organizational
decision-making processes. Created by the authors, with GPT used to improve the visual quality.

The conceptual architecture presented in Figure 14 demonstrates that the proposed
workforce allocation framework can be readily extended from a proof-of-concept imple-
mentation to an enterprise-scale decision support platform. By incorporating standardized
interfaces for ERP, HRMS, MES, and project management systems, together with cloud
deployment, database connectivity, and API-based communication, the framework sup-
ports scalable, secure, and interoperable workforce management across complex industrial
environments. This architectural flexibility reinforces the practical applicability of the
proposed methodology and facilitates its future deployment within digital manufacturing
and Industry 4.0 ecosystems.

3.6.3. Computational Complexity Analysis

To assess the scalability of the proposed decision support system, the computational
complexity of the allocation algorithm was analysed considering the number of available
employees (n) and the number of project tasks (m).

For each task, the framework first evaluates task-level eligibility and sequencing
conditions and subsequently computes the Allocation Suitability Score for each eligible
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employee using the four weighted ranking criteria: competency matching, availability,
workload, and expertise. Because both the number of task-level rules and the number of
ASS criteria remain fixed, each candidate evaluation requires constant time, O(1).

Consequently, evaluating all candidate employees for a single task requires O(n) time,
whereas allocating m tasks require O(nm) in the worst case.

Because the number of decision criteria remains fixed, the computational complexity
grows linearly with both the number of employees and the number of project tasks, making
the proposed framework suitable for real-time industrial decision support applications.

The memory complexity is O(n), since the algorithm only stores the evaluation scores
associated with the candidate employees during each allocation cycle.

To complement the mathematical formulation, it is also important to evaluate the
computational efficiency of the proposed allocation framework. Figure 15 summarizes the
execution flow of the algorithm together with the computational complexity associated
with each processing stage, from candidate evaluation to final task allocation. This analysis
provides an estimate of the algorithm’s scalability and demonstrates its suitability for
supporting workforce allocation decisions in industrial environments involving multiple
employees and concurrent projects.

Figure 15. Computational complexity analysis of the proposed workforce allocation algorithm,
illustrating the execution workflow and the computational cost associated with each processing stage.
Created by the authors, with GPT used to improve the visual quality.

As illustrated in Figure 15, the computational cost of the proposed framework increases
linearly with both the number of candidate employees and the number of project tasks,
resulting in an overall worst-case time complexity of O(nm) and a memory complexity of
O(n). Since the number of decision criteria remains fixed throughout the allocation process,
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the algorithm maintains predictable computational performance and can be efficiently
applied in large-scale industrial environments requiring timely and transparent workforce
allocation decisions.

Computational efficiency demonstrated by the proposed algorithm complements the
empirical performance improvements presented in Section 4, indicating that the framework
combines decision quality with computational scalability, thereby supporting its practical
deployment in real industrial environments.

3.7. Validation Methodology
3.7.1. Validation Strategy

The validation of the proposed Dynamic Task Allocation Framework was conducted
through a real-world industrial case study following the principles of Action Design Re-
search. Consistent with the ADR philosophy, the validation process was not performed in a
controlled laboratory environment but rather within the operational context of an organiza-
tion facing genuine workforce-allocation challenges. This approach enabled the assessment
of both the technical functionality of the framework and its practical applicability under
real decision-making conditions.

The validation focused on evaluating whether the framework could effectively support
managers in allocating tasks and projects while simultaneously considering employee
competencies, workload levels, availability constraints, project priorities, and continuity
requirements. Particular attention was devoted to assessing the ability of the framework to
transform fragmented workforce information into structured allocation recommendations
capable of improving transparency and consistency throughout the allocation process.

The validation procedure consisted of four sequential stages. First, organizational
data regarding employee competencies, workload levels, availability schedules, vacations,
and ongoing projects were collected and structured within the decision-support system.
Second, representative allocation scenarios were defined based on real organizational re-
quirements, including new project assignments, workload fluctuations, employee absences,
and task reallocation situations. Third, the allocation algorithm was executed to generate
allocation recommendations according to the framework criteria. Finally, the generated
recommendations were reviewed by department managers and compared with traditional
allocation practices previously adopted within the organization.

Several allocation scenarios were analyzed during the validation process. These sce-
narios included the assignment of new projects, the evaluation of employee suitability
according to required competencies, the identification of workload constraints, and the
reassignment of ongoing activities following workforce availability changes. Such sce-
narios allowed the framework to be tested under conditions representative of everyday
organizational operations. The validation was primarily qualitative in nature, focusing on
the practical usefulness of the framework and its ability to support managerial decision-
making. The assessment therefore emphasized dimensions such as allocation transparency,
consistency of recommendations, visibility over workforce capacity, responsiveness to or-
ganizational changes, and ease of use. In addition, the ability of the framework to preserve
assignment continuity while avoiding excessive workload concentration was evaluated
throughout the analyzed scenarios.

The results obtained during the validation phase demonstrated that the proposed
framework successfully integrated multiple allocation variables within a unified decision-
support environment. The recommendations generated were consistent with managerial
expectations while simultaneously providing a higher degree of visibility regarding work-
force utilization and project allocation status. Furthermore, the framework proved capable
of dynamically adapting to changes in employee availability and workload conditions,
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supporting more informed allocation decisions than those previously achieved through
manual and experience-based approaches.

Consequently, the case study provided evidence of the practical feasibility and organi-
zational relevance of the proposed Dynamic Task Allocation Framework, establishing the
basis for the results and discussion presented in the following sections.

3.7.2. Data Collection and Case Selection

The empirical study was conducted within a large multinational manufacturing or-
ganization operating in a project-intensive environment. Although the case organiza-
tion belongs to the manufacturing sector, the organizational unit investigated performs a
knowledge-intensive internal service function rather than direct manufacturing operations.
The workforce considered in the study comprised 102 software developers responsible for
designing, developing, and supporting digital applications for internal organizational use.
Their activities were distributed across multiple concurrent projects requiring dynamic
allocation according to technical competencies, availability, workload, expertise, and project
requirements. Accordingly, the investigated setting exhibits the main characteristics of
a project-oriented, knowledge-intensive service environment embedded within a large
industrial organization.

The broader organizational portfolio comprised 284 projects. This portfolio character-
ized the operational environment from which allocation practices, recurrent constraints,
competency requirements, and project-management conditions were examined; it should
not be interpreted as the quantitative validation sample. To ensure comparability and oper-
ational relevance, eligible projects were required to have a duration between two working
days and five working weeks and to correspond to new projects rather than revisions of
existing ones.

Data collection combined documentary analysis with expert knowledge acquisition.
Organizational records provided information on workforce profiles, competency require-
ments, project characteristics, historical allocation practices, availability, and workload
conditions. These data were complemented by interviews, calibration sessions, and valida-
tion activities involving ten organizational experts—six Project Managers and four Senior
Operational Staff. The Project Managers contributed direct knowledge of project require-
ments and workforce-allocation decisions, whereas the Senior Operational Staff provided
complementary expertise regarding resource capacity, workload conditions, operational
constraints, and organizational feasibility.

Figure 16 summarizes the industrial case-study environment and the principal data
sources used to support the development and evaluation of the decision-support frame-
work. It illustrates the connection between the organizational project portfolio, workforce
information, competency and workload data, and the managerial expertise incorporated
throughout the ADR process.

As illustrated in Figure 16, the validation protocol combines operational data with
expert knowledge within a structured ADR process, thereby linking organizational diag-
nosis, artefact development, calibration, implementation, and evaluation. This integrated
structure improves methodological traceability while clearly distinguishing the broader
industrial environment from the observations subsequently used for quantitative perfor-
mance assessment.

To provide a concise and reproducible overview of the empirical setting, Figure 17
summarizes the principal characteristics of the industrial case study, including the organi-
zational context, project portfolio, workforce population, expert involvement, observation
period, data sources, and project-selection criteria.
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Figure 16. Industrial validation protocol adopted for the empirical evaluation of the proposed
decision support system. Created by the authors, with GPT used to improve the visual quality.

Figure 17. Characteristics of the industrial case study and empirical data collection protocol. Created
by the authors, with GPT used to improve the visual quality.
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The information summarized in Figure 17 establishes the empirical boundaries of the
study and clarifies the respective roles of the organizational portfolio, workforce population,
and expert panel. Operational and personnel information was processed in anonymized
form, and the analysis was restricted to organizational data required for framework devel-
opment and evaluation. The specific analytical sample used for the paired quantitative
validation is defined separately in Section 3.7.3.

3.7.3. Validation Dataset and Experimental Design

The participating organization managed an overall portfolio of 284 concurrent projects
during the industrial study. As described in Section 3.7.2, this portfolio defines the broader
operational environment of the research and should not be interpreted as 284 independent
experimental observations. The analytical sample used for the quantitative before–after
evaluation comprised seven paired workforce-allocation cases (n = 7), purposively selected
to capture recurrent and operationally distinct allocation situations encountered within the
investigated environment.

The selected cases covered five principal types of allocation situations: new project
assignment, workload redistribution, employee unavailability, changes in project priority,
and reassignment of ongoing tasks. All cases satisfied the eligibility criteria established
in Section 3.7.2; cases with incomplete documentation, missing competency information,
exceptional operational conditions, or insufficient historical information were excluded to
preserve comparability and data quality.

Each case was evaluated under two matched conditions: (i) the organization’s con-
ventional workforce-allocation procedure and (ii) the proposed DSS-supported procedure.
Within each pair, the same task requirements, workforce information, competency profiles,
resource-availability conditions, and workload state were retained. This paired design
enabled the two allocation procedures to be compared under equivalent operational condi-
tions rather than across unrelated cases. The resulting seven paired observations constituted
the analytical sample used for the quantitative KPI evaluation reported in Section 4.5.

The broader resource population available to the allocation process comprised the
102 software developers characterized in Section 3.7.2; these employees therefore represent
the workforce pool rather than independent experimental observations. For each selected
allocation case, task-level priority, complexity/urgency, and continuity requirements were
processed together with employee-level competency, availability, workload, and expertise
information. Candidate eligibility was first determined according to task requirements
and operational constraints, after which eligible employees were ranked using the four-
component Allocation Suitability Score defined in Section 3.5.

To consolidate the experimental basis of the validation and clearly distinguish the
organizational context from the analytical sample, Figure 18 summarizes the principal
characteristics of the dataset, including the project portfolio, workforce population, paired
allocation cases, data sources, decision variables, and evaluation metrics.

Figure 18 establishes the respective analytical roles of the different empirical compo-
nents: the 284-project portfolio defines the broader operational context, the 102 software
developers constitute the available workforce population, and the seven paired allocation
cases form the quantitative analytical sample. This distinction prevents the organizational
population and project portfolio from being conflated with the number of independent
observations used to estimate framework-associated performance changes.
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Figure 18. Summary of the experimental validation dataset adopted for assessing the proposed
workforce allocation decision support system. Created by the authors, with GPT used to improve the
visual quality.

3.7.4. Experimental Validation Design

Following the characterization of the validation dataset, an experimental design was
established to systematically assess the performance of the proposed decision-support
framework under real industrial operating conditions. The evaluation was structured to
compare the organization’s conventional workforce-allocation procedure with the allocation
process supported by the proposed framework, using equivalent operational scenarios and
a common set of performance indicators.

The experimental design integrated five principal components: the industrial project
portfolio, the participating workforce, the managerial evaluators, the organizational data
sources, and the proposed decision-support system. Workforce-allocation scenarios were
constructed from actual operational requirements and included new project assignments,
workload redistribution, employee unavailability, changes in project priority, and reassign-
ment of ongoing tasks. These scenarios were selected because they represent recurrent
decision situations encountered within the participating organization.

For each allocation scenario, the conventional procedure and the proposed framework
were evaluated according to the same operational dimensions. Under the conventional
approach, managers identified and assigned suitable employees using fragmented orga-
nizational information, previous experience, and manual verification of competencies,
availability, and workload. Under the proposed approach, the same information was
processed through the competency-aware allocation model, which generated ranked rec-
ommendations based on the Allocation Suitability Score.
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The comparison between both allocation procedures was conducted using five quanti-
tative performance indicators: allocation time, workload imbalance, resource utilization,
allocation consistency, and the level of manual intervention required. These indicators
were selected because they directly correspond to the research propositions established
in Section 3.1 and capture complementary dimensions of allocation efficiency, workforce
balance, operational utilization, decision reproducibility, and process automation.

In addition to the quantitative comparison, managerial feedback was collected to
assess the perceived organizational effects of the framework, including workforce visibility,
decision transparency, responsiveness, conflict detection, and practical usability. The
combination of objective operational indicators and qualitative managerial assessment
enabled the evaluation to consider both measurable performance improvements and the
practical relevance of the artefact within the organizational context.

Figure 19 summarizes the experimental validation design and illustrates the sequence
connecting industrial data acquisition, allocation scenario definition, execution of the con-
ventional and framework-supported procedures, performance measurement, managerial
assessment, and validation of the research propositions.

Figure 19. Experimental validation design adopted for assessing the proposed workforce allocation
decision support system under real industrial operating conditions. Created by the authors, with
GPT used to improve the visual quality.

As illustrated in Figure 19, the validation process establishes a direct relationship
between the organizational problem, the proposed decision-support artefact, and the em-
pirical evidence used to assess its effectiveness. By applying both allocation procedures to
representative industrial scenarios and evaluating them through common quantitative and
qualitative criteria, the adopted design provides a structured basis for determining whether
the framework satisfies the research propositions defined at the beginning of the methodol-
ogy. This experimental structure therefore strengthens the traceability, transparency, and
reproducibility of industrial validation.
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3.7.5. Quantitative KPI Definition and Calculation

Five quantitative Key Performance Indicators (KPIs) were used to compare the con-
ventional workforce-allocation procedure with the proposed decision-support framework:
allocation time, workload imbalance, resource utilization, allocation consistency, and man-
ual intervention requirement. The unit of analysis was one complete workforce-allocation
case, defined as the decision process required to assign an eligible employee to a specific
task or project requirement. Seven paired allocation observations (n = 7) were evaluated
under both conditions, with each case processed using the conventional procedure and the
framework-assisted procedure under equivalent task and workforce information. These
seven paired observations constitute the analytical sample used for the quantitative KPI
comparison and should be distinguished from the broader organizational participants and
project portfolio involved in the ADR development and industrial validation process.

Allocation time (AT) was defined as the elapsed time, expressed in seconds, be-
tween initiation of the allocation decision and identification of the final employee assign-
ment. For each condition, the reported AT corresponds to the arithmetic mean of the
seven observations:

AT =
1
n

n

∑
j=1

tj (12)

where tj represents the allocation time measured for case j, and n = 7.
Workload imbalance (WI) quantified the relative dispersion of workload across the

resources considered in each allocation case and was calculated using the coefficient
of variation:

WI =
sL

L
× 100 (13)

where sL is the standard deviation of individual resource workload and L is the correspond-
ing mean workload. WI is expressed as a percentage, with lower values indicating a more
balanced workload distribution.

Resource utilization (RU) represented the proportion of available workforce capacity
effectively assigned during the evaluated allocation condition and was calculated as:

RU =
∑m

i=1 Lassigned
i

∑m
i=1 Lavailable

i
× 100 (14)

where Lassigned
i is the assigned capacity and Lavailable

i is the available capacity of employee i,
with m representing the number of resources considered in the allocation case. Higher RU
values indicate more effective utilization of the available workforce capacity.

Allocation consistency (AC), also referred to as the alignment index, quantified the
proportion of allocation decisions that coincided with the reference allocation previously
assessed as appropriate by the expert evaluators according to the established organizational
decision criteria:

AC =
Naligned

Nevaluated
× 100 (15)

where Naligned represents the number of allocation decisions matching the expert-approved
reference allocation and Nevaluated represents the total number of allocation decisions evalu-
ated. Higher AC values therefore indicate greater reproducibility and alignment with the
reference decision.

Manual intervention requirement (MI) represented the proportion of allocation decisions
requiring direct managerial intervention to complete or correct the resulting assignment:

MI =
Nmanual

Nevaluated
× 100 (16)
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where Nmanual represents the number of decisions requiring manual managerial interven-
tion and Nevaluated represents the total number of evaluated allocation decisions. Lower MI
values indicate a greater degree of autonomous decision support.

For all five KPIs, the baseline and framework-assisted values reported in the Results
correspond to arithmetic means across the seven paired observations rather than medians,
totals, or single-case measurements. Variability was characterized using the sample stan-
dard deviation (SD). To further quantify the consistency and uncertainty of the observed
changes, the mean paired difference between the baseline and framework-assisted condi-
tions and its corresponding 95% confidence interval (CI) were calculated for each KPI. For
percentage-based indicators, absolute changes are reported in percentage points (p.p.) and,
where relevant, accompanied by the corresponding relative percentage improvement.

3.7.6. Qualitative Managerial Evaluation Protocol

In addition to the quantitative performance evaluation, a qualitative managerial assess-
ment was conducted to capture the organizational effects of the proposed decision-support
framework as perceived by the professionals directly involved in workforce-allocation
activities. The assessment was conducted through an individual survey conducted by ten
organizational experts comprising six Project Managers and four Senior Operational Staff.

Respondents independently evaluated the perceived organizational changes associ-
ated with framework implementation using a five-point Likert scale: 1 = No improvement,
2 = Slight improvement, 3 = Moderate improvement, 4 = Substantial improvement, and
5 = Very substantial improvement. Individual administration was adopted to minimize
group influence and capture each respondent’s independent perception of the framework.

For each assessed dimension, the ten individual responses were aggregated using the
arithmetic mean:

Sd =
1

10∑10
r=1 Sdr (17)

where Sdr represents the score assigned to dimension by respondent r. The resulting mean
scores were interpreted according to predefined intervals: 1.00–1.49 = No improvement;
1.50–2.49 = Slight improvement; 2.50–3.49 = Moderate improvement; 3.50–4.49 = Substan-
tial perceived improvement; and 4.50–5.00 = Very substantial perceived improvement.
This classification was used exclusively to characterize the magnitude of the perceived
organizational improvement and does not imply statistical significance.

4. Results and Framework Validation
4.1. Framework Application

The proposed Dynamic Task Allocation Framework was implemented and evalu-
ated within the organizational environment described in Section 3.2. The objective of
the application phase was to assess the ability of the framework to support workforce-
allocation decisions while simultaneously integrating employee competencies, workload
levels, availability constraints, project priorities, and task-specific requirements.

The implementation process involved the migration of workforce information, compe-
tency profiles, project records, and availability data into the decision-support environment
developed during this study. Once the relevant organizational information was structured,
the framework became capable of generating allocation recommendations based on the
decision criteria established during the framework-development stage.

Compared with the previous experience-based procedure, implementation of the
framework introduced a centralized and structured allocation process in which competen-
cies, availability, workload, and project requirements were evaluated through common
decision criteria. This enabled managers to obtain ranked allocation recommendations,
monitor workforce utilization, and identify potential allocation conflicts within a single
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decision-support environment, thereby establishing the operational basis for the validation
presented in the following sections.

4.2. Allocation Scenarios and Decision-Support Performance

To evaluate the operational performance of the framework, a series of representative
allocation scenarios were analysed. These scenarios reproduced situations frequently
encountered in project-oriented environments, including the assignment of new projects,
employee absences, workload constraints, and task reassignment requirements.

As a complementary controlled benchmark, the proposed multi-criteria allocation
model was compared with the competency-first greedy heuristic described in Section 3.5.3.
While the greedy rule selected the candidate presenting the highest competency match, the
multi-criteria model produced a different ranking by simultaneously accounting for com-
petency, availability, workload, and expertise. In the illustrative scenario, the technically
strongest candidate was not identified as the most suitable overall allocation because its
competency advantage was offset by comparatively high workload and limited availability.
This result demonstrates that the decision-support contribution of the proposed framework
extends beyond the digitalization of workforce information, since multi-criteria integration
can effectively modify the resulting allocation decision.

The first scenario involved the allocation of a new project requiring a specific combi-
nation of competencies over a predefined execution period. The framework successfully
identified employees possessing the required skill set while simultaneously considering
availability and workload constraints. Although certain employees demonstrated higher
competency scores, the framework correctly excluded resources that were unavailable or
operating near full capacity, thereby preventing unrealistic allocation recommendations.

A second scenario evaluated the framework’s response to workforce availability con-
straints. The presence of vacation periods and temporary absences was automatically
incorporated into the allocation logic, ensuring that unavailable employees were excluded
from the recommendation process. This capability eliminated the need for manual verifica-
tion and reduced the likelihood of allocation errors.

A third scenario focused on balancing workload. The framework continuously evalu-
ated employee occupation rates and prevented allocation recommendations that would
exceed predefined capacity thresholds. Consequently, workload distribution became more
balanced across the team, reducing the risk of resource overutilization and improving
visibility regarding future capacity limitations.

The reassignment functionality was also evaluated through simulated workforce
changes. When a resource became unavailable during ongoing project execution, the
framework automatically identified alternative candidates according to the same allocation
criteria used during the original assignment process. This capability ensured continuity
of operations while minimizing managerial intervention. One of the most valuable func-
tionalities of the framework is its ability to dynamically reallocate ongoing activities when
workforce availability changes. The reassignment logic implemented within the system is
illustrated in Figure 20.

Collectively, these scenarios demonstrated the framework’s ability to support dy-
namic allocation decisions under realistic organizational conditions. More importantly,
the results confirmed that the integration of competencies, workload balancing, avail-
ability constraints, and project continuity requirements within a unified decision-support
environment improves allocation consistency and organizational visibility.

Unlike conventional workforce allocation approaches that optimize isolated decision
variables, the proposed framework simultaneously integrates competency matching, work-
load balancing [63–66], personnel availability, expertise level, task priority, and project
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continuity within a unified decision-making architecture. This multidimensional integra-
tion enables more robust, transparent, and operationally consistent allocation decisions
while supporting the dynamic requirements.

Figure 20. Dynamic task reassignment workflow used to preserve project continuity following
workforce availability changes. Created by the authors, with GPT used to improve the visual quality.

4.3. Managerial Implications

Beyond its technical functionality, the proposed framework generated important
managerial benefits. One of the most significant contributions was the transformation
of workforce allocation from an experience-driven process into a structured decision-
support activity supported by transparent and objective criteria. The framework improved
managerial visibility regarding workforce capacity by consolidating information previously
dispersed across multiple sources. This enhanced visibility facilitated the identification of
overloaded resources, underutilized competencies, and future capacity shortages, enabling
more proactive planning activities.

Another important contribution relates to organizational resilience. Because allocation
recommendations are generated dynamically, managers can rapidly respond to changes
in project priorities, employee availability, and workload distribution. This capability
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is particularly valuable in service-oriented environments characterized by high levels of
uncertainty and frequent operational changes.

From a broader perspective, the framework contributes to organizational knowledge
management by formalizing allocation criteria that would otherwise remain embedded
within managerial experience. This reduces dependence on individual decision-makers
and promotes greater consistency across allocation decisions over time.

The reporting capabilities generated by the framework provide managers with en-
hanced visibility regarding workforce utilization and project allocation status. An example
of the reporting output generated by the system is presented in Figure 21.

 

Figure 21. Workforce Allocation Analytics Dashboard generated by the proposed Decision-Support
Framework, providing real-time visibility of workforce availability, workload distribution, project-
priority profiles, allocation quality indicators, and managerial decision-support recommendations.
Created by the authors, with GPT used to improve the visual quality.

Finally, the results suggest that lightweight decision-support frameworks can provide
substantial practical value without requiring sophisticated enterprise systems or computa-
tionally intensive optimization models. Consequently, the proposed approach represents a
viable alternative for organizations seeking to improve workforce-allocation practices while
maintaining implementation simplicity and operational flexibility. The overall benefits
generated by the implementation of the proposed framework are summarized in Figure 22.
The framework enhances workforce visibility, allocation consistency, organizational agility,
workload balancing, knowledge retention, and resources utilization, ultimately improving
decision quality and overall organization performance.

Beyond the technical implementation of the framework, it is important to evaluate
its impact on workforce-allocation practices. A comparative assessment was therefore
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conducted based on stakeholder feedback collected throughout the Action Design Research
validation process. The comparison highlights the main organizational improvements
observed after implementation of the Dynamic Task Allocation Framework and is presented
in Figure 23.

Figure 22. Organizational benefits generated by the Dynamic Task Allocation Decision-Support
framework. Created by the authors, with GPT used to improve the visual quality.

Figure 23. Comparative Assessment of Workforce-Allocation Practices Before and After Framework
Implementation. Created by the authors, with GPT used to improve the visual quality.
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Overall, stakeholder evaluation indicated substantial improvements in workforce
visibility, allocation consistency, workload monitoring, resource availability tracking, and
decision-support capability, confirming the practical value of the proposed framework for
dynamic workforce-allocation environments.

To complement the qualitative validation, a set of quantitative implementation indi-
cators was defined to objectively characterize the operational scope and decision-support
capabilities of the proposed framework (Figure 24). Rather than evaluating isolated algo-
rithmic performance metrics, these indicators quantify the complexity of the allocation
process, the diversity of information simultaneously processed, and the practical deploy-
ment conditions under which the framework was validated.

Figure 24. Quantitative validation indicators summarizing the operational scope, implementation
characteristics, and decision-support capabilities of the proposed framework. Created by the authors,
with GPT used to improve the visual quality.

The quantitative indicators demonstrate that the proposed framework integrates mul-
tiple allocation dimensions within a single decision-support environment while remaining
computationally lightweight and operationally practical. Although the primary objective
of the study was not algorithm benchmarking, the presented indicators objectively charac-
terize the framework’s implementation complexity and provide measurable evidence of its
applicability to dynamic workforce-allocation problems in project-oriented organizations.
Moreover, industrial validation showed a mean reduction of 84.3% in task-allocation time
and 92.9% in workload imbalance, together with a 12.6% relative increase in resource
utilization, a 25.3% increase in allocation consistency, and a 98.0% reduction in manual
intervention requirements.

4.4. Qualitative Managerial Assessment

To complement the qualitative assessment performed during the Action Design Re-
search validation process, a set of key performance indicators (KPIs) was defined to evaluate
the practical impact of the proposed framework on workforce-allocation activities. The
selected KPIs were chosen because they directly represent the principal dimensions of work-
force allocation performance, namely decision efficiency, workload distribution, resource
utilization, allocation quality, and automation level.

While the quantitative KPIs provide objective evidence of the operational effects
of the proposed decision-support system, they do not fully capture the organizational
benefits perceived by the professionals involved in workforce allocation. Accordingly, the
individual survey described in Section 3.7.6 was used to evaluate the perceived effects of
the framework across the selected organizational dimensions. The aggregated results are
presented in Figure 25.
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Figure 25. Qualitative managerial assessment of the organizational benefits perceived after imple-
menting the proposed decision support system. Created by the authors, with GPT used to improve
the visual quality.

The managerial assessment revealed consistently positive perceptions of the frame-
work across the evaluated organizational dimensions. The aggregated scores indi-
cate substantial to very substantial perceived improvements in workforce visibility,
decision transparency, workload monitoring, conflict detection, allocation consistency,
resource-availability awareness, and organizational responsiveness. These findings com-
plement the quantitative performance results by showing that the operational bene-
fits of the framework were also recognized by the professionals directly involved in
workforce-allocation activities.

4.5. Quantitative Performance Evaluation

The operational performance of the proposed decision-support framework was eval-
uated using the five KPIs formally defined in Section 3.7.5: task allocation time, work-
load imbalance, resource utilization, allocation consistency, and manual intervention re-
quirement. The quantitative comparison was based on the seven paired allocation cases
(n = 7) defined in Section 3.7.3, with each case evaluated under equivalent baseline and
framework-assisted conditions.

Figure 26 summarizes the aggregate performance obtained under both allocation
procedures and the corresponding relative changes.

The aggregate results show favorable changes across all five operational indicators.
Mean task allocation time decreased from 204 s to 32 s, corresponding to an 84.3% reduction,
while workload imbalance decreased from 28% to 2% (−92.9%). Resource utilization
increased from 87% to 98%, corresponding to an absolute increase of 11 percentage points
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and a relative increase of approximately 12.6% Resource utilization increased from 87% to
98%, corresponding to an absolute increase of 11 percentage points and a relative increase
of approximately 12.6%, allocation consistency increased from 79% to 99% (+25.3%), and
manual intervention requirement decreased from 100% to 2% (−98.0%). These results
characterize the magnitude of the observed operational changes within the evaluated cases
but do not, by themselves, describe their case-to-case variability.

Figure 26. Quantitative performance comparison between conventional and framework-assisted
workforce allocation across the seven paired cases. Created by the authors, with GPT used to improve
the visual quality.

To examine the consistency and uncertainty of these changes, the five KPIs were
further analyzed across the seven paired observations. For each indicator, the mean and
standard deviation were calculated under both conditions, together with the mean paired
change and its corresponding 95% confidence interval. These statistics are reported in
Figure 27.

Figure 27. Paired descriptive analysis of the key operational performance indicators under baseline
and framework-assisted allocation conditions (n = 7). Created by the authors, with GPT used to
improve the visual quality.
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The paired analysis indicates that the favorable aggregate changes were consistently
observed across the seven evaluated cases. The 95% confidence intervals for the mean
paired changes remained separated from zero for all five indicators. Particularly pro-
nounced changes were observed for task allocation time (−172.00 s; 95% CI: −176.92 to
−167.08 s), workload imbalance (−26.00 percentage points; 95% CI: −28.56 to −23.44), and
manual intervention requirement (−98.00 percentage points; 95% CI: −98.08 to −97.92).
Resource utilization and allocation consistency increased by 11.00 and 20.00 percentage
points, respectively.

From an operational perspective, the reduction in allocation time reflects the replace-
ment of sequential manual consultation and evaluation with a structured decision process
integrating competency, availability, workload, and expertise information. Similarly, the
reduction in workload imbalance is consistent with the explicit consideration of current
workload during candidate ranking, while the increase in resource utilization indicates
more effective use of available workforce capacity. The higher allocation-consistency val-
ues reflect greater agreement with expert-approved reference allocations, whereas the
marked reduction in manual intervention indicates that most allocation decisions could be
completed without subsequent managerial correction.

Taken together, these findings provide case-specific quantitative evidence of favorable
operational effects associated with the proposed framework relative to the conventional al-
location procedure. The results should nevertheless be interpreted within the boundaries of
the seven paired cases and the investigated organizational setting, rather than as inferential
evidence of general superiority over alternative workforce-allocation approaches.

5. Discussion
The results obtained throughout this study demonstrate that workforce allocation

should not be viewed merely as an operational scheduling activity but rather as a strategic
decision-making process that directly influences organizational performance, resource
utilization, and project execution. The framework developed in this work emerged from
the recognition that many organizations continue to allocate resources through fragmented
information sources and experience-based judgment, despite the existence of extensive
research dedicated to resource-allocation methodologies.

5.1. Theoretical Implications

The findings provide empirical support for addressing the theory–practice gap identi-
fied in the literature review. Existing research has established sophisticated optimization,
competency-matching, and constraint-based approaches to resource allocation [8,10,12,13];
however, the present results demonstrate the practical value of an alternative design logic
in which analytical structure, interpretability, and operational deployability are jointly
considered. Rather than pursuing mathematical optimality under restrictive assumptions,
the proposed framework operationalizes competency, workload, availability, project pri-
ority, and task-related criteria within a lightweight decision-support structure applied
under real organizational conditions. This positioning is also consistent with the broader
transition from traditional project-control perspectives toward more adaptive and flexible
management approaches discussed by Söderlund [63].

5.2. Contribution to Workforce Allocation Research

From a scientific perspective, the study extends workforce-allocation research by
operationalizing multiple organizational decision dimensions within a unified and empiri-
cally validated allocation methodology. Its contribution is therefore primarily integrative:
competency matching, workload balancing, availability, expertise, priority, and continuity
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are treated as interacting components of a single decision-support process rather than as
isolated allocation criteria.

Furthermore, the adoption of Action Design Research enabled the simultaneous
generation of practical and scientific knowledge. The framework was not developed
as a theoretical construct detached from organizational reality but rather through iterative
interaction with real users operating in a genuine workforce-allocation environment. This
characteristic strengthens the practical relevance and ecological validity of the proposed
approach within the investigated organizational setting. However, transferability to other
organizations and sectors should be regarded as a proposition requiring further empirical
validation rather than as an established outcome of the present single-organization study.

5.3. Practical Implications

From a managerial perspective, the framework transforms workforce allocation from a
predominantly experience-based activity into a structured and transparent decision process.
Centralized visibility of competencies, workload, availability, and project assignments
enables managers to identify allocation conflicts earlier, respond more systematically to
changing operational conditions, and reduce dependence on knowledge held by individual
decision-makers.

Beyond individual task assignments, the same decision structure can support broader
resource-planning activities by improving visibility of workforce capacity and anticipated
competency requirements across concurrent projects. This extends the practical relevance of
the framework from short-term allocation toward medium-term workforce planning, while
retaining managerial oversight for decisions requiring contextual or strategic judgement.

The findings obtained in this study reinforce previous observations that effective
resource management remains a critical determinant of project performance. Sanchez
et al. [54] identified resource planning and management practices among the most in-
fluential factors affecting project cost and schedule performance. The proposed frame-
work contributes to this perspective by providing managers with enhanced visibility
regarding workforce utilization and allocation decisions, thereby supporting more ef-
fective project execution. Moreover, the findings also suggest that substantial improve-
ments in resource-allocation performance can be achieved without requiring complex
enterprise-level optimization systems. This observation is particularly relevant for small
and medium-sized organizations, where implementation costs and operational simplicity
are critical considerations.

To establish a direct link between the research objectives and the empirical validation
of the proposed decision-support framework, the research propositions formulated in
the introductory section were systematically assessed using the quantitative performance
indicators obtained during the industrial validation. Figure 28 summarizes the validation
outcome for each proposition together with the corresponding quantitative evidence.

The validation results provide case-specific empirical support for all four research
propositions within the investigated organizational setting. Across the seven paired alloca-
tion cases, the framework-assisted procedure was associated with reductions in allocation
time, workload imbalance, and manual intervention, together with improvements in
resource utilization and allocation consistency. These findings demonstrate favorable oper-
ational performance relative to the conventional allocation procedure under the evaluated
conditions; however, they should not be interpreted as evidence of general superiority over
alternative workforce-allocation or optimization methods that were not included in the
empirical comparison.
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Figure 28. Case-specific empirical assessment of the research propositions based on quantitative
performance indicators obtained during industrial implementation and evaluation. Created by the
authors, with GPT used to improve the visual quality.

5.4. Enterprise Deployment and System Integration

The prototype presented in this work was implemented using Microsoft Excel and Vi-
sual Basic for Applications (VBA) to facilitate rapid development, iterative refinement, and
validation within the Action Design Research methodology. This implementation should
be regarded as proof-of-concept rather than a technological limitation of the proposed
decision support framework.

The underlying allocation methodology is platform-independent and can be imple-
mented using alternative software architectures better suited for enterprise-scale environ-
ments. For instance, the decision engine may be deployed as a standalone application, a
web-based platform, or a cloud-native service capable of supporting distributed project
management across multiple organizational units.

From a systems integration perspective, the proposed framework is compatible with
modern enterprise information systems. Personnel information, competency profiles,
workload indicators, project schedules, and availability records may be retrieved automati-
cally from Enterprise Resource Planning (ERP), Human Resource Management Systems
(HRMS), Project Management Information Systems (PMIS), or Manufacturing Execution
Systems (MES) through standardized database connections or Application Programming
Interfaces (APIs).

Similarly, the allocation results generated by the decision engine may be returned
to enterprise platforms to support project planning, workforce scheduling, and resource
management without modifying the underlying optimization logic.

Consequently, although the present implementation adopts Excel/VBA for experi-
mental validation, the proposed framework is readily transferable to scalable enterprise
software environments supporting cloud computing, distributed databases, and service-
oriented architectures.
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5.5. Mechanisms Underlying the Observed Improvements

The favorable performance observed for the proposed framework across the evaluated
allocation cases can be interpreted through five complementary mechanisms.

• Integrated multi-criteria decision-making.
• Competency-driven allocation.

Continuous workload balancing.

• Automated evaluation of resource availability.
• Standardized decision rules reducing subjective variability.

Collectively, these mechanisms provide a plausible explanation for the favorable
performance observed for the proposed decision-support framework relative to the conven-
tional manual allocation procedure across the evaluated cases. This interpretation is specific
to the investigation of organizational setting and should not be construed as evidence of
general superiority over alternative workforce-allocation methods.

5.6. Limitations and Future Research Directions

Despite the encouraging results obtained during the industrial validation, several
limitations should be acknowledged.

First, the empirical evaluation was conducted within a single industrial organization.
Although the selected company represents a complex multinational manufacturing environ-
ment, organizational structures, competency management practices, and resource allocation
procedures may differ across industrial sectors. Consequently, additional multi-company
validation studies are required to further assess the external validity and transferability of
the proposed framework.

Second, the industrial validation was performed on a finite number of projects and
participants during a defined observation period. Although this dataset provided a realistic
basis for evaluating the proposed decision support system under operational conditions,
larger-scale longitudinal studies involving multiple organizations and extended deploy-
ment periods would provide additional evidence regarding the long-term robustness and
organizational impact of the framework.

Third, part of the evaluation relies on managerial perceptions regarding organiza-
tional benefits. While these qualitative assessments complement the objective perfor-
mance indicators reported in the quantitative validation, future research should incorpo-
rate additional objective organizational performance measures collected over extended
operational periods.

Fourth, the current prototype was implemented using Microsoft Excel® and Visual
Basic for Applications (VBA). This implementation was intentionally adopted to facilitate
rapid industrial deployment and user acceptance during the Action Design Research
process. Nevertheless, the proposed decision model is independent of the implementation
platform and could be integrated into enterprise information systems, cloud-based decision
support platforms, or ERP and HRMS environments to support larger-scale industrial
applications.

Fifth, the present study focuses on demonstrating the practical usefulness of the pro-
posed decision support framework rather than performing formal statistical hypothesis
testing. This methodological choice is consistent with the objectives of Action Design
Research, which emphasize artefact development and industrial validation. Future investi-
gations based on larger datasets may incorporate inferential statistical analyses to further
strengthen empirical generalization.

Sixth, although the framework was compared with the organization’s conventional
manual workforce allocation procedure, it was not benchmarked against advanced opti-
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mization techniques such as mathematical programming, genetic algorithms, reinforcement
learning, or other artificial intelligence-based scheduling methods. Comparative bench-
marking against alternative optimization approaches represents an important direction for
future research.

Although the additional baseline comparison provides further evidence regarding
the value of the multi-criteria integration, the present study was not designed as a
benchmarking investigation against alternative mathematical optimization, evolution-
ary, machine-learning, or reinforcement-learning approaches. Consequently, the findings
should not be interpreted as demonstrating methodological superiority over these alterna-
tive solution paradigms.

Finally, the present evaluation reflects the short-term organizational impact observed
during the industrial deployment. Future longitudinal studies should investigate user
adoption, organizational learning, decision quality evolution, and sustained operational
performance over extended implementation periods.

Future research may investigate the sensitivity of the allocation framework to different
weighting configurations and explore adaptive weight calibration using optimization and
machine learning techniques.

Overall, these limitations provide valuable opportunities for future research and
should be interpreted as natural extensions of an initial industrial validation rather than as
constraints affecting the practical relevance of the proposed decision support framework.

From a broader perspective, this study illustrates that practical decision-support sys-
tems do not necessarily require increasingly complex optimization or artificial intelligence
techniques to generate substantial organizational value [55]. Instead, the combination of
structured decision logic, organizational expertise, and transparent multicriteria reasoning
may offer a more readily deployable solution for many industrial environments. This
highlights an important trade-off between computational sophistication and organizational
usability that deserves further investigation in future workforce allocation research.

The scope of empirical validation should also be considered when interpreting the
findings. Although the investigated workforce operates as a project-oriented, knowledge-
intensive internal service function, the study was conducted within a single large industrial
organization over a two-month observation period, with the quantitative evaluation based
on seven purposively selected paired allocation cases. Consequently, the results demon-
strate the operational feasibility and effectiveness of the framework within the investigated
setting but do not establish statistical generalizability across organizations, sectors, or work-
force configurations. The configurable architecture of the framework nevertheless provides
a basis for potential transferability to comparable software-development, engineering, IT-
service, consultancy, and other project-oriented knowledge-intensive environments. Future
research should therefore evaluate the framework through longitudinal, multi-organization,
and cross-sector studies to determine the extent to which the observed performance im-
provements are reproducible under different organizational and operational conditions.

6. Conclusions
This study presented and industrially validated a competency-based Decision Sup-

port System (DSS) for workforce allocation developed following the principles of Action
Design Research (ADR). The proposed framework was designed to support managerial
decision-making by integrating multiple workforce allocation criteria, including employee
competencies, availability, workload distribution, expertise, project priority, and assign-
ment continuity within a structured and transparent decision-making process. Unlike
conventional allocation approaches that rely predominantly on managerial experience and
subjective judgement, the proposed framework formalizes the allocation process through a
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consistent multi-criteria evaluation mechanism while preserving managerial oversight for
exceptional decision scenarios.

The industrial validation provided case-specific empirical evidence of favorable opera-
tional effects associated with the proposed framework under the investigated organizational
conditions. The quantitative evaluation showed substantial case-specific improvements
in workforce-allocation performance, including considerable reductions in allocation time
and workload imbalance, increased resource utilization, improved allocation consistency,
and a substantial reduction in manual intervention. Together, these results indicate that the
framework effectively supports more efficient and standardized workforce allocation while
reducing the operational burden associated with manual decision-making.

Beyond the measurable operational improvements, the qualitative managerial assess-
ment provided empirical support that the framework contributes to enhanced workforce
visibility, improved workload transparency, more effective identification of allocation
conflicts, better awareness of resource availability, greater assignment consistency, and
increased organizational responsiveness. These complementary findings demonstrate that
the proposed decision support system not only improves operational efficiency but also
strengthens the transparency and consistency of managerial decision-making processes. Ac-
cordingly, the industrial validation suggests that the framework supports more structured,
informed, and consistent workforce allocation decisions, while recognizing that broader
empirical evidence is required before making generalized claims regarding decision quality
improvements across different organizational contexts.

From a scientific perspective, this work contributes to the growing body of knowledge
on intelligent workforce management by proposing an integrated competency-based deci-
sion support framework that combines practical applicability with methodological rigor.
The study extends existing workforce allocation research by demonstrating how multiple
organizational decision criteria can be systematically integrated within an ADR-based
artefact and validated through deployment in an industrial environment. Furthermore, the
separation between quantitative operational performance evaluation and qualitative man-
agerial assessment provides a more comprehensive validation strategy that is consistent
with the objectives of Design Science and Action Design Research.

From an industrial perspective, the proposed framework offers organizations a prac-
tical approach for supporting workforce allocation within increasingly dynamic manu-
facturing and project-oriented environments. Although the current implementation was
developed using Microsoft Excel® and Visual Basic for Applications (VBA) to facilitate
rapid deployment and industrial adoption, the underlying decision model is platform-
independent and may be integrated into enterprise information systems, Human Resource
Management Systems (HRMS), Enterprise Resource Planning (ERP) platforms, Manufac-
turing Execution Systems (MES), or cloud-based decision support environments.

Despite the encouraging results obtained during the industrial validation, several
limitations should be acknowledged. The empirical evaluation was conducted within a
single industrial organization over a limited observation period, and the prototype im-
plementation was assessed using a finite number of projects and participants. Moreover,
although the study includes objective operational performance indicators together with
qualitative managerial assessment, it does not incorporate formal inferential statistical
testing, benchmarking against advanced optimization algorithms, or long-term organiza-
tional deployment evaluation. Consequently, the present findings should be interpreted
as evidence of the practical usefulness and industrial applicability of the proposed frame-
work rather than as definitive proof of universal superiority over alternative workforce
allocation approaches.
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Future research should therefore focus on validating the framework across multiple
organizations and industrial sectors, performing longitudinal studies to evaluate long-
term organizational adoption and operational performance, benchmarking the proposed
approach against optimization and artificial intelligence-based workforce allocation tech-
niques, and integrating the framework into enterprise-scale digital platforms. Additional re-
search may also investigate adaptive weighting strategies, explainable artificial intelligence
techniques, and real-time optimization mechanisms capable of supporting autonomous
workforce allocation within Industry 5.0 environments.

Overall, the results demonstrate that the proposed decision-support framework pro-
vides a practical and scientifically grounded approach to competency-based workforce
allocation. By combining structured multi-criteria decision-making with industrial valida-
tion, the study establishes a basis for more transparent, consistent, and efficient allocation
processes while identifying clear opportunities for future development toward adaptive
and intelligent workforce decision-support systems.
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