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ABSTRACT 
Workforce planning frameworks that build around job titles misalign structurally with the capability 
demands of modern enterprises. As technological disruption accelerates skill obsolescence and 
reshapes the composition of productive labor, organizations that rely on role nomenclature as a 
proxy for employee capability face compounding blind spots in hiring accuracy, internal mobility, and 
strategic talent deployment. This article examines the architectural, organizational, and governance 
dimensions of skills-based workforce intelligence as a systematic response to this structural 
problem. The article draws on enterprise HR platform evolution, graph-based data architecture 
design, AI-enabled talent acquisition models, lifecycle learning integration, and cross-system 
operational alignment to construct a comprehensive view of how organizations can transition from 
title-centric workforce management to dynamic capability intelligence. The article finds that 
effective skills-based workforce transformation depends on five interdependent conditions: a 
standardized and continuously governed skills taxonomy, a layered graph architecture capable of 
modeling complex capability relationships, validated assessment and measurement practices that 
reduce self-reporting bias, integration between HR platforms and operational systems that makes 
workforce intelligence a real-time planning input, and ethical governance frameworks that sustain 
employee trust and data quality over time. The article further finds that people analytics platforms 
cannot deliver reliable strategic value without a disciplined data foundation established prior to 
advanced analytical activation. Taken together, these findings suggest that the competitive 
advantage created by workforce intelligence is not primarily a function of technology sophistication 
but of organizational coherence in designing, governing, and continuously improving the systems 
that translate capability data into talent decisions. 
Keywords: Skills-Based Organizations, Workforce Intelligence, Enterprise Skills Graph, People 
Analytics, Talent Management. 
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1. INTRODUCTION 
Enterprises have long relied on job titles to organize labor, define authority, and signal capability. 
This model carries a structural assumption: that a title reliably encodes what a person can do. But 
that assumption is increasingly untenable. The WEF projects that 39% of existing skills will be 
disrupted in the next five years due to accelerated technology adoption, artificial intelligence, and 
industry transformation [4]. Unfortunately, job titles and longevity are weak indicators in this 
environment, and companies that continue to recruit, develop, and deploy talent through role 
nomenclature alone are operating on a layer of abstraction that sits far above the actual work being 
performed [1]. The result is predictable: misallocated talent, overlooked internal candidates, and 
workforce planning that reacts to gaps rather than anticipating and maximizing the potential of the 
current workforce. Skills-based workforce intelligence seeks to solve the problem by replacing the 
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concept of role with that of capability, the basic operational unit of workforce analysis. This requires 
new data aggregation, ontology, graph-based modeling and integration technologies, along with a 
coherent architectural vision of how these can work together. The next sections deal with each of 
these dimensions in detail. 
 

2. THE SKILLS-FIRST WORKFORCE MODEL: STRUCTURAL RATIONALE AND ORGANIZATIONAL 
DESIGN 

2.1 Why Job Titles Fail as Capability Proxies 

The inadequacy of job titles as workforce intelligence instruments is not simply a matter of 
imprecision. It reflects a categorical mismatch between the unit of measurement and the 
phenomenon being measured. Titles describe organizational position. Skills describe what an 
individual can actually produce. These are fundamentally different constructs, and conflating them 
introduces systematic distortions into talent decisions. Davenport, Harris and Shapiro (2010) 
concluded that to compete on talent analytics, organizations require detailed information about 
their workers' capabilities, rather than proxies such as their titles or degrees [7]. No matter how 
powerful its analytical capabilities are, an organization that lacks granular capability data will make 
significantly less accurate talent decisions. For example, two employees with the same title might 
differ in skills due to either different projects, self-education, or different specialties. Based solely on 
title, these two employees would be considered equivalent. A skills-based model can enable this 
distinction, and complex deployments of it are likely to become more common as organizations are 
using AI to predict future capability and to identify internal mobility candidates. Research on talent 
management conceptual frameworks confirms that organizations consistently underutilize internal 
talent precisely because internal capability data is not surfaced in formats that support systematic 
deployment decisions [11]. 

Shifts in organizations toward cross-functional teams, project teams, and hybrid work have reduced 
the barriers that job titles used to represent, further contributing to the decline. LinkedIn's Skills-
First research has also shown that skills-based hiring can help expand the addressable talent pool by 
surfacing individuals whose skills and capabilities meet the job requirement but whose previous job 
titles would be excluded by customary screening mechanisms. Employees increasingly contribute 
across functions and projects, applying capabilities that extend beyond traditional job descriptions. 
This line of thinking is backed by human capital theory, which views the body of knowledge and skills 
possessed by an individual as an economic resource that can be utilized to generate value for 
themselves and other organizations [9]. When organizations manage workforce composition at the 
level of job titles rather than capabilities, they are managing proxies for their human capital assets 
rather than the assets themselves. The consequence is a chronic information gap between what the 
workforce can actually do and what organizational leaders believe it can do. Closing this gap is the 
foundational purpose of skills-based workforce intelligence [7]. 

2.2 The Four Pillars of a Skills-Based Organization 

A skills-based organization is not defined by a single technology or policy but by a coherent 
operating model that treats capabilities as manageable organizational assets. Workday's large-scale 
research across enterprises found that 81% of the business leaders agree that skills are increasingly 
important for how work is organized, yet only a minority have advanced their skills-based strategies 
beyond early-stage efforts. However, only 54% of the leaders have clear strategies for developing 
required skill sets, while only 32% of the leaders are confident that their organizations have required 
skills for long-term success [2]. This gap between recognition and implementation reflects the 
organizational complexity of the transformation, which spans four interdependent pillars. 
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Table 1. The Four Pillars of a Skills-Based Organization: Objectives, Mechanisms, and Common 
Failure Modes [1, 2] 

Pillar Objective Implementation Mechanism Common Failure Mode 

Define 
Skills 

Establish a standardized skills 
taxonomy across job families 

AI-assisted ontology 
development; cross-functional 
review 

Siloed definitions creating 
inconsistencies across 
departments 

Measure 
Skills 

Assess individual capabilities 
through validated methods 

Self-assessments, manager 
reviews, structured skills tests 

Over-reliance on self-
reported data without 
calibration 

Connect 
Skills 

Link capabilities to roles, 
projects, and organizational 
opportunities 

Talent marketplace engines; 
graph-based matching 
algorithms 

Incomplete profile data 
reducing match accuracy 

Develop 
Skills 

Enable continuous learning 
aligned with workforce gaps 

Personalized learning pathways; 
reskilling program integration 

Learning content misaligned 
with actual gap priorities 

 

The first pillar is defining skills. Before any intelligence system can function, the organization must 
establish a shared vocabulary for describing capabilities. This involves developing a skills taxonomy 
that covers technical competencies, domain knowledge, and behavioral capabilities across all job 
families. Research on competency mapping in Industry 4.0 settings finds that the lack of 
standardization for defining skills is one of the primary barriers to large-scale workforce planning, 
since inconsistent terminology between departments makes meaningful comparison of capabilities 
impossible [15]. Without this standardized foundation, downstream systems generate inconsistent 
data and unreliable analytical outputs. The second pillar is measuring skills. A taxonomy alone 
produces no actionable intelligence. Organizations must implement validated methods for assessing 
and confirming what employees actually know and can do. This system-centric assessment often 
requires integrating input measures from multiple sources such as self-ratings, manager calibrations, 
performance ratings based on project work, and formal skills testing. According to Marler and 
Boudreau's evidence-based review of HR analytics, the quality and variety of the initial 
measurement inputs are correlated to the validity of a system's output [12]. Downstream analytics 
will inherit the systematic biases that affect all single-source measurements, such as self-reported 
skills data. 

The third pillar is connecting skills to opportunities. Skills data has limited value if it exists in 
isolation. By mapping these capability profiles back onto roles, internal projects, and upskilling 
opportunities, this layer creates a capability matching function that allows talent marketplace 
capabilities to be created, enabling organizations to engage in agile internal redeployment and 
proactively create new career paths instead of being forced to hire externally. PwC's global 
workforce research found that 46% of workers would consider leaving their employer if they were 
not offered adequate opportunities to develop skills, demonstrating the strategic value of visible 
skill-to-opportunity connection systems for workforce retention [14]. The fourth pillar is developing 
skills. Skills-based organizations actively shape the workforce as a dynamic asset and develop its 
capabilities. The capability intelligence system integrates targeted learning interventions, reskilling 
programs, and structured career development pathways directly. This integration ensures that the 
organization prioritizes development activity based on its needs. Research on reskilling for Industry 
4.0 demonstrates that learning programs decoupled from real-time workforce capability data 
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consistently fail to address actual organizational skill gaps, because the prioritization of learning 
content is driven by curriculum availability rather than by demonstrated workforce shortfalls [5]. 

2.3 Organizational Change Requirements 

Technology adoption alone does not produce a skills-based organization. The operating model 
requires structural changes to how performance is evaluated, how internal mobility is incentivized, 
and how leaders understand workforce value. Cappelli and Keller note that talent management 
initiatives frequently stall not because of technical limitations but because the organizational 
incentive structures surrounding talent deployment have not been realigned to support new models 
[11]. Managers accustomed to title-based hierarchies resist capability-based deployment models 
that move employees across functional boundaries, because such movements disrupt team-level 
metrics for which managers are held accountable. Incentives should focus on the skills possessed 
rather than on time in position. According to the resource-based view of the firm, sustainable 
competitive advantage derives from resources that are valuable, rare, inimitable, and non-
substitutable [8]. A high-quality, continuously updated skills intelligence system represents precisely 
this kind of resource, but only if the organizational structures surrounding it actively support its use. 
Organizations that invest in skills technology but do not reform the people management practices 
shaping its use will find that capability data accumulates in the system without influencing the 
decisions it was designed to inform. 

Deloitte's 2024 Global Human Capital Trends research introduces the concept of human 
performance as a mutually reinforcing cycle of business and human outcomes [3]. The research 
challenges the common organizational tendency to prioritize business metrics at the expense of 
worker outcomes, arguing instead that a human sustainability approach, one that actively improves 
conditions for workers, customers, and society, produces stronger long-term organizational 
performance than productivity-first models. For skills-based workforce transformation, this framing 
carries a direct implementation implication. Organizations that design systems for capability 
intelligence primarily as instruments of business optimization, without attending to whether those 
systems improve the experience and development of the workers they touch, are likely to encounter 
the trust and participation deficits that degrade data quality over time. Deloitte further notes that 
most leaders understand the importance of human-centered workforce strategies but face a 
persistent gap between recognizing the need for change and executing it at a meaningful scale [3]. 
Closing this gap in the context of skills intelligence requires organizations to leverage diverse data 
sources and technology not only to measure capabilities but also to actively build them, particularly 
as generative AI reshapes the skill composition of productive work across virtually every industry. 
 

3. ENTERPRISE HR CLOUD PLATFORMS AND WORKFORCE ARCHITECTURE EVOLUTION 

3.1 From Administrative Systems to Strategic Intelligence Platforms 

The functional scope of enterprise HR technology has expanded substantially over the past two 
decades. First-generation HR systems were designed to automate administrative functions: payroll 
processing, benefits enrollment, headcount tracking, and compliance reporting. These systems were 
records of employment rather than instruments of workforce strategy. The emergence of cloud-
based HR platforms changed the HR function fundamentally by consolidating data from recruiting, 
onboarding, learning, performance management, and compensation into a unified architecture that 
creates the conditions for genuine workforce analytics [1]. This evolution also changed the strategic 
position of HR technology within the enterprise. Gartner's Hype Cycle for HR Technology identifies 
skills intelligence as one of the highest-impact innovation areas currently active in the HR technology 
landscape, noting that organizations integrating skills data across the full employee lifecycle are 
beginning to realize measurable improvements in both workforce agility and talent retention [6]. 
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Where HR systems once served as back-office infrastructure, modern platforms increasingly position 
themselves as central components of enterprise performance management. Workforce decisions 
that once relied on intuition or anecdote now draw on data from continuous system activity across 
the employee lifecycle. 

The information produced by modern HR systems helps organizations assess capability trends, 
predict development requirements, and benchmark individuals against internally or externally 
defined baselines to reflect demand and supply for people's talent. As Davenport, Harris & Shapiro 
observe, the transition from descriptive to predictive workforce analytics was one of the 
characteristics of organizations that could sustain a long-term talent competitive advantage [7]. The 
transition is not automatic, however. It requires deliberate architectural investment in data 
integration, analytical modeling, and governance infrastructure that many organizations have not 
yet completed. 

3.2 Architectural Characteristics of Modern Workforce Platforms 

Modern enterprise HR platforms share several architectural characteristics that distinguish them 
from earlier systems. First, they are built on open integration frameworks that allow bidirectional 
data exchange with adjacent enterprise systems, including financial planning, project management, 
and operational analytics tools. This interoperability is essential for cross-system workforce 
intelligence, because capability signals are generated across the full range of enterprise systems 
rather than exclusively within the HR platform itself [1]. 

Second, cutting-edge systems use machine learning to continuously update a workforce model so 
that users' skill profiles are not static data dumps but updated dynamically with the latest 
information about learning, projects, and roles. In Yang and Shen's human resource management 
application of knowledge graph building, the performance of graph-based skill modeling 
architectures outstrips that of the customary relational database approach in capturing the dynamic 
and interconnected nature of workplace skills [16]. This continuous update cycle transforms a 
records system into an intelligence system that can support real-time workforce decisions. 

Third, modern platforms provide governance and frameworks around role-based access and data 
governance to define how workforce data can be used, by whom, and under which conditions it can 
be used to support decision-making. Data governance is part of the framework by Peeters, Paauwe, 
and Van De Voorde for people analytics effectiveness, along with analytical capabilities, stakeholder 
engagement, and ethics [17]. Governance infrastructure is not merely a compliance requirement. It 
is a prerequisite for the organizational trust that skills-based systems require to function effectively 
over time. 

3.3 Platform Limitations and Implementation Risks 

Despite their analytical skill, enterprise HR platforms pose risks for those implementing them. Data 
quality is the most consequential constraint. Marler and Boudreau's review of HR analytics research 
found that data quality issues are the most frequently cited barrier to analytics effectiveness across 
a broad range of enterprise implementations [12]. Organizations that deploy sophisticated 
workforce intelligence tools on top of fragmented, inconsistently maintained HR data will generate 
unreliable outputs and may make talent decisions that are worse than those based on human 
judgment alone. 

Algorithmic opacity is another concern. It can be difficult for human resource managers and 
employees to understand how the ML algorithms in HR technology platforms achieved a 
recommendation. An empirical study by Panda, Das, and Patnaik found that the decision logic of the 
AI-based recommendation system significantly impacted usage behavior among HR managers and 
employees. Without transparent decision logic, compliance risks arise in jurisdictions like the EU that 
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require transparency in algorithmic employment decision-making. It also undermines the employee 
trust that skills-based systems depend on to produce accurate self-reported data. 

A third risk is the challenge of vendor dependency. As organizations move deeper into a workforce 
intelligence strategy through proprietary platform ecosystems, the migration costs and complexities 
increase. According to Gartner's HR technology market guide, organizations find most of their skills-
based capability gaps in vendor-supplied skills intelligence tools only after implementation, when 
lock-in dynamics created by data and process dependencies make moving away from the platform 
difficult [6]. This dependency can inhibit the organization's ability to adopt new capabilities or 
respond to changing calculated workforce requirements. 
 

4. ENTERPRISE SKILLS GRAPH ARCHITECTURE: DESIGN AND OPERATIONAL MECHANICS 

4.1 Graph-Based Modeling for Workforce Intelligence 

Relational database architectures are well-suited to structured, transactional data. They are poorly 
suited to representing the complex, multidimensional relationships that exist between employees, 
skills, roles, and learning pathways. This structural limitation is one of the root causes for why legacy 
HR systems have been unable to provide scalable workforce intelligence. Yang and Shen argue that 
knowledge graph models allow organizations to model skill interdependencies, career pathway 
trajectories, and competency cluster relationships in a way that is difficult to represent in relational 
databases [16]. 

In a skills graph, the system represents entities such as employees, skills, roles, and development 
opportunities as nodes. Edges connect these entities and describe the nature and strength of their 
connection. This structure allows the system to answer analytically complex questions: which 
employees possess capabilities that transfer to an emerging role, which skill clusters are 
concentrated in a single team, creating organizational risk, or which learning pathways have the 
highest correlation with performance improvement in a specific function? Kobets, Gulin, and Nosov's 
cluster-based approach to competency matching demonstrates that graph-based architectures 
enable significantly more precise capability-to-opportunity matching than keyword-based or 
category-matching alternatives [19]. 
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Figure 1: Five-Layer Enterprise Skills Graph Architecture [1, 17] 
 

4.2 The Five-Layer Architecture 

The skills data layer is the foundation of the architecture. It draws from multiple enterprise data 
sources such as the HR system of record, employee resumes, learning management systems, and 
project management systems. The challenge at this layer is not volume but coherence. Workforce 
data is characteristically heterogeneous: structured records coexist with unstructured text, 
standardized fields coexist with free-form entries, and historical records coexist with real-time 
activity streams [1]. Marler and Boudreau emphasize that the preprocessing and normalization of 
heterogeneous workforce data is a critical and frequently underestimated engineering challenge in 
HR analytics implementations [12]. As such, effective data layer design must include preprocessing 
pipelines that can normalize this heterogeneity before any further analysis takes place. 

The skills ontology layer further adds semantic structures to the assembled data. AI-based models 
are trained using large-scale labor market data to identify skills in workers' profiles and map them to 
a unified taxonomy, which encodes hierarchical relationships between broader competency domains 
and specific technical skills, lateral relationships between complementary skills typically learned 
together, and temporal relationships between seemingly less complex foundational skills and the 
acquisition of skills that are more advanced or complex. Marlapudi and Lenka's research on 
competency mapping for Industry 4.0 confirms that AI-assisted ontology development substantially 
reduces the manual effort required to maintain current and comprehensive skills taxonomies across 
large, diversified organizations [15]. 
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Figure 2: Illustrative Skills Ontology Structure Showing Hierarchical Skill Categorization and Lateral 
Cross-Domain Relationships [15] 

The skills graph engine constructs and maintains a constantly evolving rendering of all the entities in 
the system. While database records are usually static, graph entities are continually updated based 
on information received from connected systems. These engines power graph traversal-based 
algorithms that enable services such as capability gap identification, transferability scoring, and 
career modeling. Yang and Shen evaluated various knowledge graph architectures for HR tasks and 
found a graph engine yields important accuracy improvements for predicting talent competencies 
over customary ML approaches that learn on flat feature representations [16]. Performance is an 
important factor in graph queries at this layer, especially in enterprise deployments where there are 
millions of entities and relationships to process. 

The workforce intelligence layer uses various models on the graph to generate insights. These 
models fall into two categories: comparing current properties of the workforce, for example, the 
current distribution of skills versus the future demand for those skills, or predicting future events, 
like a skill becoming obsolete or the impact of reskilling. Peeters, Paauwe, and Van De Voorde's 
effectiveness framework identifies the translation of analytics outputs into business-relevant insight 
narratives as a critical capability that distinguishes analytics functions that influence organizational 
decisions from those that produce outputs that are ignored [17]. 

The talent decision layer translates intelligence outputs into system-level interventions. This includes 
recommending roles to employees through talent marketplace platforms, flagging capability gaps to 
workforce planning decision-makers, and generating succession plans for high-priority roles. This 
layer not only considers the performance of the models in use but also the user experience and the 
interpretability of results. Panda, Das and Patnaik demonstrated empirically that settings of decision 
outputs of AI based HR decision systems in human-interpretable natural language with proper 
explanation context substantially increase the propensity of adopting such systems in HR 
management [18]. 

Table 2. Enterprise Skills Graph Architecture: Layer Functions and Design Characteristics [1, 17] 

Architecture Layer Primary Function Data Sources / Outputs 

Skills Data Layer Aggregates structured and unstructured 
HR systems, resumes, LMS 
records, project management 
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workforce data into a unified repository tools 

Skills Ontology Layer 
Organizes capability data within a standardized 
taxonomy; detects synonyms and emerging 
skills 

AI-parsed skill categories, 
relationship maps 

Skills Graph Engine 
Maps relationships between employees, roles, 
skills, and development pathways 

Capability clusters, transferability 
networks 

Workforce 
Intelligence Layer 

Transforms graph data into strategic insights on 
gaps, mobility, and trends 

Gap analyses, reskilling 
recommendations 

Talent Decision 
Layer 

Embeds skills intelligence into hiring, 
promotion, succession, and planning workflows 

Decision support outputs, staffing 
plans 

 

4.3 Data Governance as an Architectural Constraint 

Skills graph architectures are only as good as the governance of their input data. Data provenance, 
freshness, and coverage need to be constantly monitored and enforced. Skill profiles that have not 
been updated within a defined period should be flagged for review rather than treated as current 
representations of employee capability. Marler and Boudreau's review found that stale skills data is 
one of the most common sources of systematic error in HR analytics systems because outdated 
capability profiles generate recommendations that reflect where employees were rather than where 
they are [12]. 

Different forms of assessment may need calibration to counteract systematic bias and differences in 
implicit scale. For example, self-assessment skills, manager-assessed expertise levels, and test-based 
assessments may operate on different scales. Without calibration processes that normalize these 
measurement differences, the skills graph will contain internally inconsistent data that produces 
unreliable gap analyses and matching outputs. Kobets, Gulin, and Nosov's cluster-based competency 
matching research found that data calibration across heterogeneous assessment sources is one of 
the most technically demanding aspects of building reliable skills intelligence systems [19]. 

A governance model may also impact participation rates among employees. For skills-based systems, 
employees must self-report their skills to make them useful. If an organization is not a good steward 
of the skills data, or if it appears to employees that the skills data may be used against them (e.g., 
punitive or surveillance), then self-reporting will likely deteriorate over time. According to PwC's 
workforce survey [14], trust in how the employer uses data drives engagement with employer digital 
tools. And this error will cascade through the entire structure, which will make all the intelligence 
products that the system was designed to create unreliable. 
 

5. AI-ENABLED TALENT ACQUISITION AND SKILLS-BASED HIRING SYSTEMS 

5.1 The Limitations of Title-Centric Recruiting 

Most traditional talent acquisition strategies begin with a job description that defines the job titles, 
qualifications, and years of experience required. As a result, candidates with the skills a company 
actually needs who have not traveled the customary career path for their role are filtered out by 
hiring managers. LinkedIn's skills-first research found that skills-based hiring has the potential to 
expand the addressable talent pool by more than ten times for many roles by surfacing candidates 
whose demonstrated capabilities qualify them for roles they would be excluded from under 
credential-based screening [13]. 
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A further problem with a title-centric recruiting process is the compounding bias problem, whereby, 
when job descriptions are created based on title information from historical hiring and promotional 
patterns, bias towards credentials or institutional affiliations flows through to the next job 
description. Felin, Foss, and Ployhart add microfoundations to the study of organizational 
capabilities by arguing that gaps map onto individuals' choices and actions. Filling a gap in capability 
requires changing who is hired or promoted and how personnel decisions are made [10]. 

This is especially relevant when technology develops rapidly and the skills required for higher-value 
work shift even faster than a company can hire. The World Economic Forum's Future of Jobs Report 
predicts that demand for tech-adjacent and analytical skills across all industries will considerably 
increase, while jobs mainly focused on routine cognitive tasks will decline. [4] For other 
organizations still using legacy title systems to hire during the transition, internal capability 
development strategies are systematically weakened by a talent acquisition function built around 
yesterday's workforce model. 

5.2 Architectural Design of AI-Enabled Recruiting Systems 

To overcome these limitations, AI-enabled talent acquisition systems screen candidates' resumes 
using a skills-based approach. They extract data from the applicant's resume, business profile, skills 
assessment, certifications, learning information, project portfolio, and other sources that describe 
the skills and abilities of a candidate. Natural language processing models extract capability signals 
from unstructured text. Structured assessment data is integrated to validate self-reported skills. The 
resulting candidate profiles are expressed in the same skills taxonomy used by the internal 
workforce intelligence system [1]. 

This architectural congruence between external recruiting data and internal capability data provides 
important operational benefits in that as soon as talent is recruited, the employee's competencies 
are expressed in a form compatible with the internal talent marketplace and development systems. 
Onboarding pathways can be customized for each individual's identified capability gaps to create a 
managed onboarding process. Khan describes this feature as part of what makes a skills-powered HR 
platform mature: the transition of an individual from candidate to employee becomes a data-
continuous event that eliminates the capability profile re-entry costs of the system handoffs 
between a recruiting platform and an HR platform [1]. 

The skills-based recruiting model can also help expand the addressable talent pool by identifying 
viable candidates from varied educational and career backgrounds who may have otherwise been 
excluded from the search process. Shifting the focus of candidate assessment to demonstrated skills, 
rather than proxies for skills such as credentials, helps surface talent from emerging talent markets. 
This trend has been especially pronounced in fields that place a high value on technical and data 
skills, such as technology, data, and analytics. Non-traditional forms of education have increased the 
number of skilled workers, making these skills-first labor markets more likely to overlook formal 
qualifications [13]. 

According to a talent strategy survey by Workday, more business and HR leaders say that they plan 
to embrace skills-based hiring in the next two years, due in part to the talent marketplace but also 
because skills tests have been shown to correlate with job performance [2]. This shift represents a 
structural change in how organizations define the boundaries of their talent pools, with major 
repercussions for both hiring effectiveness and workforce equity. 
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Figure 3: Workflow Diagram of an AI-enabled Skills [1, 19] 

5.3 Validation, Bias, and Compliance Considerations 

AI-enabled hiring systems are subject to a distinct set of failure modes that require deliberate 
architectural mitigation. Training data bias is the most extensively documented risk. Panda, Das, and 
Patnaik's empirical study of AI in digital HR management found that AI-powered screening systems 
trained on historical hiring data frequently replicate and amplify historical hiring biases, because the 
outcome variable used to train the model reflects past decisions made under conditions that may 
have included systematic discrimination [18]. Organizations implementing these systems must 
conduct ongoing bias audits at each stage of the candidate evaluation pipeline and maintain 
documentation of model behavior sufficient to satisfy regulatory audit requirements in applicable 
jurisdictions. 

Assessment validity is a second concern. Skills assessments embedded in the recruiting pipeline must 
be validated for the specific capabilities they claim to measure. Kobets, Gulin, and Nosov's research 
on competency matching found that assessment instruments designed for one job family frequently 
exhibit significantly degraded predictive validity when applied to adjacent roles with similar but not 
identical capability requirements [19]. Implementing a single assessment framework across diverse 
role types, without role-specific validation, introduces measurement error into the capability-scoring 
process that flows through the entire system. 

A third consideration is transparency: Candidates might have a cause of action if they were subject 
to an algorithmic approach that lacked transparency, and use of these opaque methods might deter 
qualified candidates from engaging if the purpose and criteria are unclear. Felin, Foss, and Ployhart's 
Framework of microfoundations suggests that individual-level behavioral reactions to organizational 
processes, such as avoidance of processes that are perceived as unfair and not transparent, 
aggregate to organizational-level capability outcomes [10]. Organizations that deploy AI-based 
recruiting systems without the appropriate transparency mechanisms in place may thus 
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inadvertently self-select candidates that weaken their diversity and capability quality recruiting 
objectives. 
 

6. LIFECYCLE TALENT TRANSFORMATION AND INTERNAL MOBILITY SYSTEMS 

6.1 Connecting Learning Systems to Workforce Intelligence 

In a skills-powered workforce model, learning is not a discrete activity that occurs between 
performance cycles. It is a continuous process whose outputs are directly integrated into the 
workforce intelligence infrastructure. Learning management systems, external credential platforms, 
and informal knowledge-sharing environments all generate data about employee capability 
development. When this data flows continuously into the skills graph, employee capability profiles 
reflect actual current competency rather than the static snapshot captured at the last formal 
assessment [1]. Li's research on reskilling and upskilling in Industry 4.0 found that organizations 
whose learning systems are coupled with real-time workforce capability data are considerably more 
effective at targeting investment in reskilling to the capability gaps that are most critical to 
organizational performance [5]. Learning systems that are decoupled from workforce intelligence 
platforms tend to prioritize completion-based outcomes rather than capability-based outcomes, as 
they don't get feedback on change in capability resulting from learning activity. This integration has 
practical design implications: learning management systems must emit capability signals in formats 
compatible with the skills taxonomy used by the workforce intelligence platform, and skills earned 
through external certifications or professional development must be mapped to the internal 
ontology with sufficient accuracy to support reliable capability scoring. 

The World Economic Forum projects that the majority of the global workforce will require significant 
reskilling or upskilling within the next five years, with the most significant skill shifts concentrated in 
technology, analytical reasoning, and human-centric capabilities [4]. Organizations whose learning 
and capability tracking systems are architecturally integrated are substantially better positioned to 
execute reskilling programs at the scale and speed this transition requires. Organizations that 
manage learning separately from workforce intelligence will struggle to prioritize, execute, and 
measure reskilling activities with enough precision to keep up with the changing demand for 
capabilities. 

6.2 Talent Marketplace Architecture and Internal Mobility 

Talent marketplace systems represent one of the most operationally consequential applications of 
skills graph technology. They use machine learning to match an employee's competencies to the 
competencies needed for a given open role, project, gig, or stretch role within a company. Internally 
surfacing employees with the right competencies, but not necessarily the right historical title, can 
reduce external sourcing costs and time to fill critical roles and create career growth opportunities 
for high-potential employees [1]. According to Cappelli and Keller, internal mobility programs are the 
least expensive way to fill capability gaps because they take advantage of existing organizational 
knowledge and cultural fit and deploy capabilities where the company gets the most value [11]. The 
barrier to effective internal mobility has historically been information asymmetry: managers with 
open capability needs do not know which employees elsewhere in the organization possess the 
relevant skills, and employees with relevant capabilities do not know which opportunities exist. Skills 
graph-powered talent marketplaces resolve this information asymmetry by creating a transparent, 
continuously updated map of capability supply and opportunity demand across the enterprise. 

The matching algorithms that “power talent marketplace platforms” operate on the same skills 
graph infrastructure that supports broader workforce intelligence. From a matching perspective, the 
quality of a match depends on the quality of employee capability profiles. Skills-powered talent 
platforms connect workers with projects, roles, and learning opportunities based on continuously 
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updated capability profiles and through connected mobility patterns that are invisible to customary 
HR processes [1]. Organizations that have not established a reliable data foundation will find that 
their talent marketplace surfaces poor-quality matches, eroding employee and manager trust in the 
system and reducing adoption rates over time. Internal mobility solutions leveraging skills graph 
technology produce organizational feedback loops that further improve the workforce intelligence 
system. As employees take on new project assignments or lateral roles, they update their capability 
profiles with demonstrated competencies from those experiences. This activity data enriches the 
graph with real-world performance signals that supplement self-reported and assessment-derived 
data, which improves the accuracy of future matching and planning operations. Workday's research 
found that organizations with advanced skills intelligence infrastructure report substantially higher 
rates of successful internal mobility than those relying on traditional role-based placement processes 
[2]. 

6.3 Failure Modes in Lifecycle Integration 

Lifecycle talent transformation initiatives often face impediments at the boundaries between 
individual systems. Learning platforms, HR systems of record, project management tools, and 
performance management applications are often built by different vendors, use different data 
models, and are maintained by different technical teams. Marler and Boudreau's review of HR 
analytics implementations found that system integration failures at the data boundary between HR 
and adjacent enterprise systems are among the most common causes of analytics project failure 
[12]. Project planners often underestimate the sustained investment in integration engineering 
needed to build reliable, bidirectional flows across these boundaries. 

The career pathway paradox is the second failure mode. Without reform of how organizations 
evaluate performance, skills-based mobility programs can create disincentives for lateral or 
downward mobility inside the organization. Where expertise is deep rather than broad and 
employees are appraised and rewarded accordingly, rational actors will not move laterally from one 
role to another, even when it is in the organization's interest as a whole. Cappelli and Keller identify 
misaligned incentives among the most important barriers to effective talent deployment. They argue 
that talent management systems that invest in skills intelligence but do not change performance 
management and reward systems that influence individual career choices will not succeed in using 
skills intelligence to improve workforce deployment outcomes [11]. 

According to a workforce survey by PwC, workers want to know what development opportunities 
are available to them, yet many feel their employer does not provide enough visibility into internal 
career opportunities [14]. This perception gap represents a failure in user experience and change 
management, as well as a technical one, highlighting the difference between what skills intelligence 
systems theoretically offer and what employees actually encounter regarding visible career 
opportunities. Closing it requires organizational investment in the communication, manager 
enablement, and platform usability dimensions of implementation alongside the data engineering 
work. 
 

7. CROSS-SYSTEM WORKFORCE DATA INTEGRATION AND OPERATIONAL ALIGNMENT 

7.1 The Strategic Case for Operational Integration 

When workforce planning occurs in isolation from operational systems, it produces forecasts that 
are structurally disconnected from the business activities it is intended to support. When teams 
develop headcount models independently of project pipelines, financial plans, and client demand 
forecasts, they inevitably create misalignments. Some areas show a surplus of talent, while others 
experience talent shortages. Organizations with a talent analytics competitive advantage, as 
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identified by Davenport, Harris, and Shapiro, generated the greatest return on investment in regard 
to workforce intelligence as they integrated human capital capability information into operational 
and planned planning discussions and not as an isolated output from the HR function [7]. 

The solution is to integrate HR tools into the organization's operational planning systems so that 
workforce intelligence becomes a live input to operational plans. Project management systems share 
demand signals with the skills graph in real-time, so workforce planners can spot capability gaps 
before they arise. Models that use skills-adjusted workforce forecasts are more likely to base salary 
and headcount planning on role requirements rather than historical spending patterns. Barney's 
resource-based view of the firm suggests that if organizations regard workforce capabilities as 
planned investments rather than administrative costs, then their supporting management 
infrastructure must align with that planned positioning [8]. Workday's research in this area shows 
that where organizations are able to connect workforce capability information with operational 
planning, they see measurable increases in workforce agility, faster reaction to changing skills needs, 
and decreased reliance on unplanned external hiring to fill capability gaps [2]. These outcomes 
reflect the compounding value of treating workforce intelligence as a real-time operational input 
rather than a periodic strategic planning artifact. The integration design principles described in the 
following subsection primarily address the gap between these two approaches, which is 
architectural. 

7.2 Integration Architecture and Data Flow Design 

Technically, cross-system integration is typically implemented using event-driven data pipelines that 
propagate capability signals in near real-time from one system to another. In addition, application 
programming interfaces (APIs) expose standard endpoints to collocated systems for querying or 
updating the skills graph. Yang and Shen's research on knowledge graph construction for HR 
management found that graph-based integration architectures are substantially more flexible and 
maintainable than point-to-point integration designs when the number of integrated systems 
exceeds a small threshold, because graph structures can incorporate new entity types and 
relationship classes without requiring redesign of existing integrations [16]. 

Data model alignment is a persistent challenge in cross-system integration. Operational systems 
express the skills of employees in terms suitable for the use case they serve, rather than the skills 
taxonomy used by the workforce intelligence platform. Transformation layers must be maintained at 
each integration boundary to normalize incoming data into the ontology structure. Marler and 
Boudreau note that data transformation maintenance overhead is a significant and recurring cost in 
HR analytics systems because the operational systems feeding the analytics platform undergo their 
update cycles that can break established transformation logic [12]. This non-trivial transformational 
overhead, especially once the number of systems being integrated soars, needs to be explicitly 
included within any future integration architecture as well as the active operational budget. 

Security and access control are other concerns. Data that reflects the capabilities of the workforce is 
private information, and data classification and access policies must be consistent and well-defined. 
Relatedly, the people analytics effectiveness framework by Peeters, Paauwe, and Van De Voorde 
sees privacy governance as a foundational enabler of analytics credibility and argues that analytics 
systems not perceived by employees as properly protecting their data will over time suffer from 
lower participation and data quality [17]. Integrations of the skills graph into operational systems 
should employ appropriate authorization policies to ensure that workforce intelligence data is only 
accessed by systems and users with a legitimate, documented business need. 

Table 3: Cross-System Workforce Intelligence Integration Points [1, 2] 

Operational System Integration Point Workforce Intelligence Output 
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Project 
Management 

Real-time project staffing and skill 
demand signals 

Dynamic skill-to-project matching; 
capacity forecasting 

Financial Planning 
Headcount and compensation 
modeling 

Skills-adjusted workforce cost projections 

Learning 
Management 

Learning record ingestion and 
pathway activation 

Personalized reskilling and upskilling 
recommendations 

Recruiting Platforms 
Candidate skill profile intake and 
evaluation 

Skills-based shortlisting; bias-reduced 
candidate ranking 

7.3 Measurement and Continuous Improvement 

All integrated workforce intelligence systems create operational data that helps continually improve 
the platform's accuracy and usefulness. Signal quality indicates how up-to-date and complete 
capability data is from each integration source. Match quality metrics evaluate the accuracy of talent 
marketplace recommendations by tracking post-assignment performance outcomes. Peeters, 
Paauwe, and Van De Voorde describe this feedback architecture as essential to sustaining analytics 
value over time because workforce dynamics and organizational priorities change in ways that 
require analytical models to be recalibrated continuously rather than designed once and left static 
[17]. 

Gap forecast accuracy metrics show the difference between inferred capability shortfalls and actual 
shortfalls in future planning iterations. These metrics drive feedback loops for degrading data 
sources, improving analysis models, and prioritizing the right integration solutions to maximize 
decision quality for the workforce. Davenport, Harris, and Shapiro found that organizations at the 
top end of the talent analytics maturity model have created feedback loops from talent decisions 
back into the analytics model used to guide those decisions, in a compounding cycle of improvement 
[7]. This compounding is what allows workforce intelligence to be a sustainable competitive 
advantage, rather than a one-off efficiency improvement. 

8. SKILL-POWERED PEOPLE ANALYTICS AND WORKFORCE INTELLIGENCE GOVERNANCE 

8.1 The Evolution of People Analytics Platforms 

The adoption landscape for people analytics is considerably less advanced than the volume of 
industry discourse might suggest. Despite decades of discussion about measurement in human 
resource management, empirical evidence of widespread implementation remains limited. Research 
indicates that only approximately 16% of organizations report actively using HR analytics in practice, 
a figure that underscores the gap between the conceptual maturity of workforce intelligence 
frameworks and the operational reality of most enterprises [12]. This low adoption rate is best 
understood not as organizational indifference but as a reflection of the structural prerequisites that 
analytics systems require before they can deliver value: clean data, governed taxonomies, integrated 
systems, and analytical talent capable of translating outputs into decisions. Most organizations have 
not yet assembled these prerequisites in combination. 

People analytics has evolved from reporting functions that described historical workforce patterns 
into forward-looking intelligence systems that model future capability states and support proactive 
talent decisions. This evolution reflects both the expanded availability of workforce data and the 
maturation of analytical methods capable of deriving actionable insight from complex, 
multidimensional workforce datasets. Marler and Boudreau's evidence-based review traces this 
evolution through four analytical maturity stages: operational reporting, advanced reporting, 
strategic analytics, and predictive workforce modeling [12]. Most enterprise organizations today are 
concentrated in the first two stages, with a smaller population having achieved the integration depth 
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and data quality required for the latter two. The practical capability of a people analytics platform is 
bounded by the quality of its data foundation. This is not a trivial observation. Organizations 
frequently invest in sophisticated analytical tools and advanced visualization platforms while 
underinvesting in the data engineering infrastructure that supplies those tools with reliable inputs. 
Peeters, Paauwe, and Van De Voorde's framework for analytics effectiveness identifies four enablers 
of people analytics value: data quality and access, analytical capability, stakeholder relationships, 
and ethical governance [17]. Organizations that invest in analytical capability and stakeholder 
engagement without establishing the data quality and governance foundations will produce 
analytically sophisticated outputs that are nonetheless unreliable, eroding confidence in the entire 
analytics function. 

8.2 Implementation Sequencing for Workforce Intelligence 

Effective implementation of skills-powered people analytics requires careful sequencing of capability 
development. The foundational priority is establishing and governing the skills data infrastructure: 
defining the taxonomy, standardizing assessment processes, implementing data quality controls, and 
configuring the integration architecture that feeds the skills graph. Advanced analytics capabilities 
should be activated only after this foundation is operating reliably. Khan's practical implementation 
model for skills-powered HR platforms describes this sequencing explicitly, arguing that enterprises 
must first standardize and govern their skills data foundation before enabling advanced analytics or 
AI-driven decision systems [1]. 

This sequencing principle contradicts the organizational tendency to prioritize visible analytical 
outputs over invisible data infrastructure. Leadership stakeholders naturally focus on dashboards, 
predictive models, and decision support tools because these are the components they will use 
directly. Davenport, Harris, and Shapiro note that organizations that invest in analytics and display 
capabilities before their underlying data infrastructure is consistently reliable often experience 
credibility failures when high-visibility analytical outputs contradict the lived experience of 
workforce managers [7]. These failures can set back organizational willingness to invest in analytics 
capabilities by years, making premature deployment of advanced analytics one of the highest-risk 
paths in workforce intelligence implementation. 

Once the data foundation is established, organizations can activate a progressive set of intelligence 
capabilities. First-tier capabilities include a report on the skills inventory and a gap analysis against 
roles. Second-tier capabilities include internal mobility recommendations and personalized learning 
pathway generation. Third-tier capabilities include predictive workforce planning models that 
project future capability requirements based on business growth scenarios and skill obsolescence 
trends. Marlapudi and Lenka's research on talent and competency mapping for Industry 4.0 confirms 
that this tiered activation model allows organizations to demonstrate value incrementally while 
managing the complexity of each capability addition, improving stakeholder confidence at each 
stage [15]. 

8.3 Ethical Dimensions of Workforce Intelligence Systems 

Skills-powered workforce intelligence systems raise ethical questions that extend beyond technical 
compliance requirements. Automated capability scoring systems may encode biases that 
systematically disadvantage employees from underrepresented groups. In their empirical work, 
Panda, Das, and Patnaik found that AI-enabled HR decision systems may produce statistically 
significant demographic disparities when they are trained on historical data generated under 
conditions of unequal access to development and advancement opportunities [18]. The continuous 
appraisal of employee skill development may also lead to excessive scrutiny and surveillance of 
employees, eroding their psychological safety and disincentivizing them from exploring their new 
skills and developmental uncertainties. Accordingly, from the microfoundations perspective of Felin, 
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Foss, and Ployhart, capability development and deployment at the organizational level can be 
reduced to the decisions and actions of individuals [10]. Systems that generate individual-level 
behavioral responses of avoidance, distrust, or disengagement will produce workforce-level 
capability outcomes that undermine the strategic objectives those systems were designed to 
support. This means that the ethical design of skills intelligence systems is not merely a compliance 
or reputational concern. It is a direct determinant of system effectiveness. 

Organizations should establish review processes that evaluate capability scoring models for 
disparate impact across demographic groups. Human override mechanisms should be available for 
managers and workers to question algorithmic recommendations and output. They should be 
transparent with employees about what data is collected, how it is used, and what rights employees 
have regarding their capability profiles. Peeters, Paauwe, and Van De Voorde's effectiveness 
framework identifies ethical governance as both a functional requirement and a trust-building 
mechanism, arguing that analytics functions perceived as operating with appropriate ethical 
constraints generate higher levels of organizational engagement and data contribution than those 
perceived as prioritizing organizational control over individual fairness [17]. 
 

9. THE FUTURE OF WORK: CAPABILITY NETWORKS AND AI WORKFORCE STRATEGY 

9.1 From Hierarchies to Capability Networks 

The organizational structures most suited to skills-based workforce models are fundamentally 
different from the hierarchical, role-defined structures that characterized the industrial and early 
knowledge economy. Capability networks organize work around the distribution of skills rather than 
the definition of positions. Teams form and reform around project requirements. Individuals 
contribute through demonstrated expertise rather than through the authority conferred by their 
organizational position. The World Economic Forum's Future of Jobs Report identifies this structural 
shift toward project-based, skills-fluid organizational forms as one of the defining characteristics of 
advanced-economy labor markets over the next decade [4]. 

This structural shift significantly affects how organizations manage and measure performance. 
Traditional performance management systems evaluate individuals against the requirements of a 
fixed role. Capability network models require performance frameworks that evaluate individuals 
against the quality and breadth of their contributions across multiple projects and functions over 
time. Cappelli and Keller argue that the most enduring barrier to capability network adoption is not 
technological but managerial: organizations have decades of accumulated management practice, 
compensation design, and career development infrastructure built around fixed-role models, and 
dismantling this infrastructure while maintaining operational continuity is a profound organizational 
challenge [11]. Career development in a capability network model is not a linear progression through 
a title hierarchy but a portfolio-building process that increases the value and transferability of an 
individual's capability profile. Barney's resource-based view suggests that the capabilities that are 
most strategically valuable are those that are rare, valuable, inimitable, and non-substitutable [8]. 
Positioned in the capability network and at the individual level, employees with rare, high-demand 
skills that can affect the entire organization have the highest strategically valuable talent portfolio; 
therefore, the organization needs to focus on the development and retention of these employees. 

9.2 Strategic Implications of AI Workforce Intelligence 

Such workforce intelligence and AI-based sources of competitive advantage are not easily 
reproducible. Enterprises that maintain an adequately governed and mature skills graph for their 
internal workforce have a rich, real-time repository of where their enterprise's skills and capabilities 
are versus the rapidly changing needs of the market. According to the analysis of the talent analytics 
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competition conducted by Davenport, Harris, and Shapiro, this information advantage results in a 
superior talent strategy that allows organizations to anticipate future skills shortages, hire external 
talent more effectively, and allocate internal talent more cleverly, resulting in compounding returns 
to the capability advantage [7]. Workday data shows that organizations using skills-based talent 
strategies outperform those using title-based workforce strategies in workforce agility, employee 
engagement, and the ability to retain employees in critical roles [2]. These outcomes reflect the 
operational implications of the informational advantage that skills intelligence creates: better hiring 
decisions, more effective development investment, and more precise internal mobility all compound 
over successive talent cycles to create a workforce that is both more capable and more efficiently 
deployed than those of competitors operating with less precise workforce data. 

The competitive dynamics of AI workforce intelligence also suggest that the organizations most likely 
to benefit from these systems are those that invest in them consistently over time rather than in 
concentrated bursts. Skills graph quality improves with the volume and diversity of data flowing 
through the system. Data network effects accumulate gradually and compound over time. However, 
Li's research on reskilling for Industry 4.0 environments has found that organizations that have 
already built their skills intelligence infrastructure are far better at quickly transforming their 
workforces when faced with disruption of technology compared to those that are building their 
measurement and analytics capabilities from scratch [5]. Organizations that begin building 
workforce intelligence infrastructure early and maintain consistent investment in data quality and 
system development will develop capabilities that are structurally difficult for late entrants to 
replicate. 

9.3 Emerging Capabilities and Research Frontiers 

Several capability developments at the frontier of workforce intelligence research have practical 
implications for enterprise implementations. Yang and Shen's recent work on knowledge graph 
construction demonstrates that large language model applications in skills ontology maintenance are 
beginning to address the challenge of ontology staleness by enabling automated detection of 
emerging skills before they are incorporated into formal taxonomy updates [16]. This capability is 
particularly valuable in rapidly evolving technology domains, where the gap between the emergence 
of a new skill category in practice and its incorporation into standardized taxonomies can span years 
under manual maintenance processes. Real-time labor market signal integration represents a second 
frontier capability. Cluster-based competency matching approaches, such as Kobets, Gulin, and 
Nosov's, show that, in combination with labor market demand signals, knowledge of an 
organization's own internal skills graph enables it to benchmark its internal capability distributions 
against market supply and demand in near real time and provide early warning of impending supply-
demand imbalances for critical capabilities [19]. This is especially important for workforce planning 
within technology-centric organizations, where the supply and demand patterns of certain skills can 
vary considerably from one planning cycle to the next. 

A more speculative but potentially more disruptive approach is skills inference from behavior. 
Rather than asking people about their skills or testing them, these systems use skill signals from 
behavior. These signals come from the tools people use, the problems they solve, and the 
knowledge resources they interact with. Marlapudi and Lenka identify behavioral skill inference as a 
promising direction in competency mapping solutions for Industry 4.0 systems that can improve the 
completeness and timeliness of skill profiles without adding a meaningful burden on employees for 
self-reporting [15]. However, ethical and privacy implications require careful deliberation on the 
design of governance frameworks, considering labor and data protection laws and employee 
consent mechanisms, before mass implementation. 
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10. CONCLUSION 

The findings presented in this article lead to several interconnected conclusions about the nature, 
requirements, and strategic implications of skills-based workforce intelligence in modern 
enterprises. First, substituting job titles with capability data as the primary unit of workforce analysis 
represents not an incremental improvement but a structural redesign of existing talent management 
practice. It represents a structural redesign of how organizations understand, measure, and deploy 
their most critical asset. The value of this redesign is realized only when it is executed across all four 
organizational pillars simultaneously: defining skills through a governed taxonomy, measuring them 
through validated multi-source methods, connecting them to visible opportunities, and developing 
them through learning systems that respond to demonstrated gaps rather than assumed ones. 
Second, the technical infrastructure of workforce intelligence, including the five-layer skills graph, is 
only as strong as the data governance behind it. Ontology design, assessment calibration, integration 
maintenance, and ethical stewardship must not be treated as side issues. They are the determinants 
of whether analytical outputs are reliable enough to inform consequential decisions. Third, AI-
powered talent acquisition and internal mobility systems extend workforce intelligence across the 
employee lifecycle. As with recruitment, these systems will likely be subject to the same bias, 
transparency, and incentive misalignment that must be designed out of the system rather than 
adjusted post hoc. Finally, organizations making early, systematic, and high-quality investments in 
workforce intelligence build up compounding informational advantages, which it is substantially 
harder for later movers to replicate. They will have to work through organizational discipline as 
much as they will through technological capability. 
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