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Abstract

This study conceptualizes and empirically validates Human Resource Intelligence
(HRI) as a higher-order capability for HR professionals in the Al era. Drawing on data from
255 HR managers and practitioners in companies listed on the Stock Exchange of Thailand
(SET), the study examines how six intelligence domains—Artificial Intelligence, Business
Intelligence, Cultural Intelligence, Digital Intelligence, Emotional Intelligence, and Functional
Intelligence—jointly constitute HRI. Using PLS-SEM, the results support HRI as a reliable
and valid second-order construct, with acceptable model fit (SRMR = 0.066). All six
dimensions contributed significantly to HRI. Digital Intelligence showed the strongest
structural contribution (w = 0.262), followed by Emotional Intelligence (w = 0.245) and
Functional Intelligence (w = 0.244), indicating that digital capability functions as the central
anchor of HRI. Descriptive findings, however, showed that HR professionals reported the
highest proficiency in Functional Intelligence and the lowest proficiency in Artificial
Intelligence and Business Intelligence. This divergence reveals a capability imbalance: the
areas in which practitioners feel most confident are not necessarily those that most strongly
define HRI in Al-enabled organizations. The study contributes to HRM literature by showing
that HRI is better understood not as a list of isolated competencies, but as an empirically
validated higher-order capability. Practically, the findings suggest that HR development in Thai
listed firms should prioritize Al literacy, digital fluency, and business analytics capability.

Keywords: Human resource intelligence, Artificial intelligence, Digital transformation, Higher-
order construct, Stock exchange of Thailand, Human resource management
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[ Introduction]

The rapid infiltration of artificial intelligence (AI) and data-centric technologies has
fundamentally redefined the landscape of modern human resource management (HRM).
Organizations globally are transitioning from traditional administrative functions to Al-
enabled processes, utilizing algorithms for talent acquisition, performance auditing, and
predictive workforce analytics (Dutta & Naveen, 2025; Garcia & Kwok, 2025; Qamar et al.,
2021). Industry estimates suggest that roughly seven in ten organizations have integrated some
form of Al into their HR operations (McKinsey & Company, 2025); although such figures
derive from consulting surveys rather than peer-reviewed research, the scholarly literature
converges on the same underlying problem: a persistent value gap. Many firms struggle to
derive sustainable strategic advantage from these tools, largely because HR systems remain
decoupled from broader organizational decision-making and from the nuanced realities of
human judgment (Enholm et al., 2021; Chowdhury et al., 2024).

This challenge is particularly acute in emerging economies such as Thailand, where
digital transformation has accelerated across industries and the expectations placed on HR
leaders have intensified accordingly. Yet a readiness deficit remains a critical bottleneck: a
substantial share of HR leaders in Asia—by some accounts approaching 40%—report being
underprepared to manage advanced analytics or mitigate algorithmic bias (Budhwar et al.,
2023; Tambe et al., 2023). Technological adoption alone, in other words, is insufficient to
catalyze meaningful organizational outcomes.

Companies listed on the Stock Exchange of Thailand (SET) constitute a particularly
instructive context in which to examine this problem. Listed firms operate under formal
governance and disclosure requirements, maintain professionalized HR functions, and are
among the earliest Thai adopters of HR technology; they are therefore the setting in which the
tension between technological adoption and practitioner readiness is most visible. At the same
time, Thai organizational life is characterized by comparatively collectivist values and
hierarchical norms, conditions under which the relational and human-centred dimensions of
HR work retain particular weight. Studying HR professionals in SET-listed companies thus
captures the socio-technical tension at its sharpest point, while explicitly bounding the
interpretation of findings to this population rather than to HR professionals at large.

Traditional HR competency models, such as the seminal framework of Ulrich &
Brockbank (2005), provided a vital foundation for HR's role as a strategic partner, but were
architected prior to the era of pervasive automation and cognitive computing. As organizations
increasingly delegate managerial processes to machines, a new tension has emerged: the
automation—augmentation paradox—the proposition that automating routine processing
simultaneously heightens, rather than reduces, the demand for human transparency, ethical
oversight, and relational trust (Raisch & Krakowski, 2021; Jarrahi et al., 2022). In response,
Human Resource Intelligence (HRI) has been proposed as an integrative construct: not a
collection of isolated digital skills, but a socio-technical capability that synthesizes
technological fluency with strategic foresight and human-centric judgment (Deepa et al., 2024;
Prentice et al., 2023; Marler & Boudreau, 2017). In this study, HRI is conceptualized as a
multidimensional construct comprising six intelligence domains: Artificial Intelligence,
Business Intelligence, Cultural Intelligence, Digital Intelligence, Emotional Intelligence, and
Functional Intelligence. The Artificial Intelligence dimension is interpreted operationally as Al
literacy because it captures practitioners' capacity to understand, interpret, and critically
evaluate Al systems rather than the technology itself; however, the construct label Artificial
Intelligence (Al) is retained to preserve consistency with the HRI framework.
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Despite this theoretical promise, empirical evidence on HRI's structural hierarchy
remains scarce. Prior work has examined the components largely in isolation—digital literacy,
people analytics capability, or Al adoption in HR—and predominantly in developed-economy
settings; to the authors' knowledge, no study has yet validated an integrated, higher-order HRI
construct with data from an emerging Southeast Asian market. This study addresses that gap by
examining the HRI architecture among HR executives and practitioners in SET-listed companies
using PLS-SEM, identifying which intelligence dimensions anchor the construct and thereby
providing an empirical blueprint for HR capability development in Al-enabled organizations.

Research Objectives and Hypotheses

The specific objectives of this study are threefold:

1. To assess the current proficiency levels of the six HRI dimensions among HR
professionals in SET-listed firms.

2. To validate the multidimensional architecture of HRI, examining how technological,
strategic, and human-centric intelligence domains converge into a higher-order capability construct.

3. To analyze the relative contribution (hierarchical importance) of each intelligence
dimension to the higher-order HRI construct.

Consistent with the second-order measurement model, three hypotheses were formulated.

H1: each first-order intelligence dimension demonstrates satisfactory reliability, convergent
validity, and discriminant validity. H2: all six intelligence dimensions contribute positively and
significantly to the higher-order HRI construct. H3: the six dimensions differ in their relative
contribution to HRI, forming an identifiable hierarchy of importance. These hypotheses
correspond directly to the analytical sequence in Section 4: H1 is examined through the
measurement model assessment (Sections 4.3—4.4), and H2 and H3 through the higher-order
construct assessment (Section 4.5).

Literature Review
Human Resource Intelligence: An Integrative Capability Framework

The rapid advance of Al, coupled with digital technologies and big data analytics, is
profoundly altering the contours of HRM within organizations (Strohmeier & Piazza, 2015).
HR professionals, once custodians of routine administrative functions, now bear the onus of
fusing technological acumen with strategic foresight and empathetic insight to underpin
evidence-based people management (Deepa et al., 2024; Bandara et al., 2025). This study
conceptualizes Human Resource Intelligence (HRI) as a multifaceted, integrative capability
that embodies the HR practitioner's proficiency in weaving technology, business acumen, and
human-centered perspectives into cohesive organizational strategies. Departing from
fragmented skill-based models, HRI is framed as an architectural construct wherein individual
competencies interlock to form a resilient whole (Deepa et al., 2024).

This framing resonates with the automation-augmentation paradox, which posits that
Al augments rather than supplants human cognition, particularly in navigating ambiguity and
ethical dilemmas (Raisch & Krakowski, 2021). Yet, while prior research underscores the perils
of over-reliance on automation—such as diminished relational depth in HR interactions—few
inquiries interrogate how integrated capabilities might mitigate these risks (e.g., Meijerink &
Bondarouk, 2023). By positing HRI as a second-order latent construct, this framework extends
dynamic capabilities theory, suggesting that HR's adaptive prowess emerges from the interplay
of technological and humanistic elements, ultimately enhancing organizational resilience in
volatile digital ecosystems.

The conceptualization of Human Resource Intelligence (HRI) is grounded in three
complementary theoretical perspectives: the Resource-Based View (RBV), dynamic capability
theory, and socio-technical systems theory. The Resource-Based View suggests that
organizations gain sustainable competitive advantage through valuable, rare, inimitable, and
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non-substitutable resources (Barney, 1991). Within this perspective, human capital
capabilities—such as HR professionals’ analytical, strategic, and relational competencies—
represent critical strategic assets that influence organizational performance.

Building on RBV, dynamic capability theory emphasizes the ability of organizations to
integrate, build, and reconfigure internal and external competencies in rapidly changing
environments (Teece et al., 1997). In the context of Al-driven organizations, HR professionals
must continuously adapt their capabilities to interpret technological insights, respond to
workforce changes, and support strategic decision-making.

In addition, socio-technical systems theory highlights the interdependence between
technological infrastructures and human capabilities within organizational systems. As Al
technologies increasingly influence HR processes such as recruitment, performance evaluation,
and workforce analytics, HR professionals must develop competencies that bridge
technological systems and human judgment.

Integrating these theoretical perspectives, Human Resource Intelligence (HRI) is
conceptualized as a multidimensional capability architecture in which technological
intelligence, strategic intelligence, and human-centered intelligence interact to enhance HR’s
strategic contribution in digitally transformed organizations.

The Six Dimensions of HRI

HRI's architecture draws from a synthesis of six mutually reinforcing dimensions, each
calibrated to the exigencies of Al-infused HRM. These are not discrete attributes but
interdependent facets that collectively fortify HR's strategic mandate.

Artificial Intelligence (Al): Extending beyond superficial tool proficiency, this
dimension entails a discerning grasp of Al algorithms' mechanics, interpretative pitfalls, and
contextual applicability in HR contexts (Tambe & Cappelli, 2019). Critically, HR professionals
must interrogate algorithmic outputs for embedded biases, ensuring that recommendations in
areas like predictive hiring do not perpetuate inequities—a challenge amplified in diverse
workforces (Meijerink & Bondarouk, 2023). Empirical evidence indicates that such evaluative
competence correlates with more equitable outcomes, yet its underdevelopment in practice
risks entrenching discriminatory practices.

Business Intelligence (BI): Here, HRI manifests as the HR leader's adeptness at
translating organizational imperatives into actionable workforce strategies, leveraging data
analytics to align talent deployment with competitive objectives (Ulrich & Brockbank, 2005;
Boudreau et al., 2015). This involves not only descriptive reporting but predictive modeling to
forecast talent gaps, thereby linking HR metrics to firm-level performance indicators (Marler
& Boudreau, 2017; McCartney & Fu, 2022). However, studies reveal a persistent disconnect:
many HR functions remain siloed from executive strategy, underscoring the need for BI to
evolve from tactical support to a pivotal driver of business sustainability.

Cultural Intelligence (CI): In an era of globalized operations, CI equips HR practitioners
to navigate multicultural dynamics, fostering inclusive practices that counteract Al's tendency
toward cultural homogenization (Ang & Van Dyne, 2008). This capability demands sensitivity
to cross-cultural nuances in team formation and conflict resolution, mitigating biases in
automated assessments that often favor dominant cultural norms (Bader et al., 2019; Schlaegel
et al., 2021). While CI's value in international HRM is well-documented, its integration with
Al tools remains underexplored, potentially leaving organizations vulnerable to intercultural
frictions in hybrid work models.

Digital Intelligence (DI): DI encompasses the agile mastery of digital platforms for HR
execution, from cloud-based systems to real-time collaboration tools, enabling seamless data-
driven interventions (Bondarouk & Brewster, 2016; Mithas & McFarlan, 2017). Modern HR
practitioners must possess advanced digital competencies to effectively identify and manage
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organizational talent. Specialized roles, such as HR data analysts, have become increasingly
important because they use analytics and automation to support evidence-based decision-
making. By leveraging digital tools, HR functions can improve talent acquisition, performance
management, and operational efficiency while strengthening their strategic contribution to the
organization (Strohmeier, 2020; Wiblen & Marler, 2021).

Emotional Intelligence (EI): As the humanistic counterweight to technological
determinism, EI empowers HR professionals to discern and modulate emotional undercurrents
in employee interactions, from performance feedback to crisis management (Goleman, 1995).
Rooted in self-awareness and relational empathy, it is indispensable for addressing Al's
emotional blind spots, such as impersonal algorithmic notifications (Joseph et al., 2015).
Longitudinal data suggest EI buffers against burnout in high-stakes HR roles, yet its erosion in
tech-heavy environments poses a critical threat to organizational morale.

Functional Intelligence (FI): Anchoring HRI's practical foundation, FI denotes deep-
seated expertise in HR domains, including regulatory compliance, talent lifecycle management,
and policy formulation (Wright & Snell, 2005). It facilitates the application of specialized
knowledge to resolve multifaceted issues, such as integrating Al ethics into labor contracts
(Rodgers et al., 2023). Although FI underpins professional legitimacy, evolving regulations in
Al governance demand its continual recalibration, revealing tensions between traditional HR
orthodoxy and emergent techno-legal paradigms.

Theoretical Synergy and Higher-Order Capability

These six dimensions do not function in isolation but converge into a higher-order Human
Resource Intelligence (HRI) capability, where technological foundations (Al and DI) provide
robust analytical infrastructure, strategic pillars (BI and FI) guide foresight-driven navigation,
and humanistic facets (EI and CI) ensure ethical alignment and relational resilience. This triadic
synergy embodies an extended resource-based view (RBV), framing HRI as a valuable, rare, and
inimitable resource that elevates HRM from compliance-oriented tactics to proactive, value-
generating orchestration (Barney, 1991; Wright & McMahan, 2011). In parallel domains like IT
management, integrative models of this nature have demonstrated enhanced adaptability and
performance under uncertainty, yet HRM research trails in adapting such architectures to Al-
driven ecosystems—a critical void this study addresses via SEM analysis of HRI's latent
architecture and predictive pathways (Boxall & Purcell, 2022; Strohmeier, 2020).

Ultimately, HRI positions HR professionals as architects of hybrid intelligence ecosystems,
resolving the automation-augmentation paradox to foster ethically sound, strategically agile HRM
in digital-era organizations. Subsequent research could validate this framework's causal impacts,
especially in culturally nuanced settings like Thailand's financial sector, where regulatory and
societal factors heighten its transformative potential (Budhwar et al., 2023)

Figure 1 Human Resource Intelligence (HRI) framework
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This framework illustrates the concept of Human Resource Intelligence (HRI) as an
integrated capability composed of six complementary forms of intelligence that support value
creation in human resource management. At the center of the model is Human Resource
Intelligence (HRI), which represents the overall strategic capacity of HR professionals to
integrate data, technology, human understanding, and professional expertise into
organizational decision-making. HRI is not a single skill but a multidimensional capability
emerging from the interaction of several types of intelligence.

[ Methodology]

Research Design

This study employed a quantitative, cross-sectional survey design to develop and
empirically assess Human Resource Intelligence (HRI) as a higher-order capability construct.
A survey approach was appropriate because the constructs of interest are perceptual capabilities
self-assessed by practitioners, and because the study's aim was the structural validation of a
newly integrated construct rather than the confirmation of causal paths among mature
theoretical variables.

Population, Sampling, and Participants

The target population comprised HR executives and practitioners in companies listed
on the Stock Exchange of Thailand (SET), a group recognized for advanced adoption of digital
infrastructure and strategic HR practices (Deepa et al., 2024). The population frame consisted
of all 816 companies listed on the SET at the time of data collection. Questionnaires were
addressed to the HR managers of these firms and distributed through three complementary
channels—the Personnel Management Association of Thailand (PMAT), corporate email, and
company HR departments—to facilitate rapid, cost-efficient dissemination and follow-up.
Following ethical approval on August 21, 2025, data were collected from late August to
December 2025, a period of rapid diffusion of Al-related applications in Thai organizational
and HR contexts. A total of 272 responses were returned (returned response rate = 33.33%).
Inclusion criteria required respondents to (a) hold an HR executive or practitioner position and
(b) be currently employed in a SET-listed company. After data screening, 17 responses were
excluded for incompleteness or unusable response patterns, yielding 255 valid cases for
analysis (usable response rate = 31.25%; 93.75% of returned responses were valid).

The sample size was justified against PLS-SEM-specific guidelines rather than the
general covariance-based heuristic. Applying the inverse square root method (Kock & Hadaya,
2018), a minimum of approximately 155 cases is required to detect path coefficients of 0.20 at
the 5% significance level with 80% power. The obtained sample of 255 exceeds this threshold,
as well as the ten-times rule relative to the maximum number of indicators pointing at any
construct (Hair et al., 2022).

Instrument Development and Validation

The research instrument was developed through an extensive review of the literature on
HR capabilities in the digital and Al era. The HRI construct was operationalized through six
dimensions, each measured with four reflective indicators adapted from established
frameworks (Table 1). Rather than adopting any single existing scale, the item pool for each
dimension was synthesized from established source frameworks in the corresponding domain
and adapted to the HR professional context. All 24 indicators used a five-point application
scale ranging from 1 (not applied at all) to 5 (applied proficiently and continuously).
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Table 1 Measurement Items of Human Resource Intelligence (HRI)

Construct Code Measurement Item Source
Artificial All You apply Al to analyze data for HR decision-making. Tambe et al. (2019) ;
Intelligence Dwivedi et al. (2021)
(AD) Al2 You apply Al to support collaboration between personnel =~ Tambe et al. (2019);

and technology within the HR team. Li & Kim (2024)
Al3 You apply Al to monitor and evaluate the quality of HR Tambe et al. (2019);
processes, such as recruitment and training. Chee et al. (2024)
Al4 You apply Al to forecast trends, such as employee Tambe et al. (2019);
turnover rates or workforce demand. Budhwar et al. (2022)
Business BI1 You use business data, such as revenue, market share, or ~ Chaudhuri et al. (2011);
Intelligence costs, to plan workforce requirements and skill Ulrich & Brockbank
(BD development. (2005)
BI2 You use business intelligence to analyze and improve the  Chen et al. (2012);
effectiveness of HR processes. Gurcan et al. (2023)
BI3 You are able to use business intelligence to forecast and ~ Chen et al. (2012); Tavera
manage workforce-related risks. Romero et al. (2021)
BI4 You are able to measure and analyze the ROI of HR Levenson (2018); Boon
projects or activities to demonstrate business value. et al. (2019)
Cultural CIl1 You are able to adapt communication methods, task Ang et al. (2007)
Intelligence assignments, and feedback approaches to suit employees
(CI from different cultural backgrounds.
CI2 You are able to manage culturally diverse teams so that Ang et al. (2007); Tang
they can work together effectively. & Zhang (2024)
CI3 You are able to accept and respect differing opinions Ang et al. (2007)
from colleagues from different cultural backgrounds.
Cl4 You are able to use conflict resolution skills when facing  Ang et al. (2007); Tang
misunderstandings among employees from diverse & Zhang (2024)
cultural backgrounds.
Digital DIl You are able to use HR software, such as HRIS, ATS, or  Ferrari (2013);
Intelligence PMS, to reduce work time and improve accuracy. Bondarouk & Brewster
(DI) (2016)
DI2 You are able to use digital technologies to manage HR Ferrari (2013); Levenson
data and support strategic decision-making. (2018)
DI3 You are able to learn and adapt quickly to new digital Ferrari (2013); Shahzad
technologies in HR work. et al. (2022)
DI4 You are able to use digital technologies to communicate  Ferrari (2013);
and coordinate with HR teams and other departments. Strohmeier (2020)
Emotional Ell You are able to regulate your emotions and express yourself  Salovey & Mayer
Intelligence appropriately in high-pressure situations, such as (1990); Goleman (1995)
(EI) communicating performance appraisal results or negotiations.
EI2 You are able to understand and respond appropriately to ~ Salovey & Mayer
employees' emotions in the workplace. (1990); Cherniss (2010)
EI3 You are able to manage relationships and work Salovey & Mayer
effectively with teams under complex situations. (1990); Goleman (1995)
El4 You are able to manage your own stress and your team's ~ Salovey & Mayer
stress effectively during crisis situations. (1990); Cherniss (2010)
Functional FI1 You possess specialized competencies essential for HR Boyatzis (1982); Ulrich
Intelligence work. & Brockbank (2005)
(FD FI2 You are able to solve day-to-day work problems using Boyatzis (1982); Ulrich
professional experience and specialized knowledge. etal. (2012)
FI3 You are able to plan and manage HR strategies using Ulrich & Brockbank
specialized HR knowledge. (2005); Ulrich et al. (2012)
F14 You continuously and systematically develop specialized  Boyatzis (1982); Ulrich

knowledge and skills in HR work.

etal. (2012)

Note: n=255. Response scale (level of application): 5 = applied proficiently and continuously; 4 = applied well
in many situations; 3 = applied in some situations; 2 = applied very little; 1 = not applied at all. Items were
administered in Thai; the English wording above reflects the fielded instrument. The item pool for each dimension
was synthesized from the source frameworks listed rather than adopted from a single existing scale.
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Validity was established through the Index of Item-Objective Congruence (I0C)
evaluated by three experts: a statistics specialist, an HR practitioner experienced in applying
Al in HR work, and a PLS-SEM specialist. For the initial 30-item HRI item pool, IOC values
ranged from 0.33 to 1.00, with an overall mean of 0.81; 28 items met the acceptance criterion
0f 0.67, and items with low or borderline values were revised or removed following the experts'
qualitative comments—for example, clarifying the descriptions of Al applications—before the
final 24-item questionnaire was administered. The study protocol received ethical approval
from the Ethics Committee in Human Research, National Institute of Development
Administration (NIDA), under the expedited review procedure (COA No. 2025/0142; Protocol
ID No. ECNIDA 2025/0155), approved on August 21, 2025.

Common Method Bias

Because all data were self-reported by a single respondent per questionnaire, both
procedural and statistical remedies for common method bias were applied (Podsakoff et al.,
2003). Procedurally, respondents were assured of anonymity, were informed that there were
no right or wrong answers, and completed construct blocks that were separated in the
questionnaire. Statistically, Harman's single-factor test indicated that the first unrotated factor
accounted for 31.13% of the total variance, below the 50% threshold. In addition, a full
collinearity assessment produced VIF values ranging from 2.248 to 2.784, all below the
conservative threshold of 3.3 (Kock, 2015), indicating that common method bias is unlikely to
threaten the validity of the findings.

Data Analysis

Data were analyzed using partial least squares structural equation modeling (PLS-SEM)
in SmartPLS 4. PLS-SEM was selected over covariance-based SEM for three reasons aligned
with the study's purpose: the research aim is the development and assessment of a newly
integrated higher-order capability construct rather than the confirmation of a mature theory;
the model is complex, comprising six first-order constructs and 24 indicators converging on a
second-order construct; and the analytical emphasis is on the relative contribution (prediction-
oriented weighting) of dimensions rather than on covariance reproduction (Hair et al., 2022;
Sarstedt et al., 2019).

The higher-order HRI construct was specified as reflective—formative and estimated
using a two-stage approach (Sarstedt et al., 2019): in the first stage, the six first-order reflective
constructs were assessed for reliability and validity; in the second stage, the latent variable
scores of Artificial Intelligence, Business Intelligence, Cultural Intelligence, Digital
Intelligence, Emotional Intelligence, and Functional Intelligence served as formative indicators
of the second-order HRI construct. Statistical significance was assessed through bootstrapping
with 5,000 subsamples using bias-corrected and accelerated (BCa) confidence intervals at the
95% level. Measurement quality was evaluated against conventional thresholds: indicator
loadings > 0.70; Cronbach's alpha, tho A, and composite reliability (CR) > 0.70; average
variance extracted (AVE) > 0.50; HTMT < 0.85 complemented by the Fornell-Larcker
criterion; and standardized root mean square residual (SRMR) < 0.08.

The results are reported in the sequence of the three research objectives: the respondent
and descriptive profiles address Objective 1 (Sections 4.1-4.2); the measurement model,
discriminant validity, and higher-order validation address Objective 2 (Sections 4.3—4.5); and
the hierarchy of dimension contributions within Section 4.5, together with the model fit
assessment in Section 4.6, addresses Objective 3.
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Respondent Profile
Table 2 summarizes the demographic characteristics of the 255 respondents.

Table 2 Demographic Profile of Respondents (n = 255)

Characteristic Category n %

Gender Female 126 49.40

Male 102 40.00

LGBTQ+ 18 7.10

Prefer not to say 9 3.50

Age (years) Under 25 6 2.40

25-34 45 17.60

35-44 90 35.30

45-54 81 31.80

55 and above 33 12.90

Education Below a bachelor's degree 4 1.60

Bachelor's degree 85 33.30

Master's degree 141 55.30

Doctoral degree 25 9.80

Position level Officer / operational staff 63 24.70

Manager / supervisor 132 51.80

Director / executive 58 22.70

C-level 2 0.80

Tenure in current position Less than 1 year 7 2.70

1-3 years 48 18.80

4-6 years 67 26.30

7-10 years 61 23.90

More than 10 years 72 28.20

Organization size Fewer than 50 24 9.40
(employees)

50-200 31 12.20

201-500 57 22.40

More than 500 143 56.10

The sample was broadly gender-balanced (49.40% female, 40.00% male) and
concentrated in the experienced working-age range, with 67.1% of respondents aged 35-54.
Educational attainment was high—65.10% held a graduate degree—and three quarters
(75.30%) occupied managerial positions or above, with 78.40% having served four or more
years in their current role. A majority (56.10%) worked in organizations employing more than
500 people, a profile consistent with the professionalized HR functions characteristic of listed
companies and appropriate for assessing capability at the professional level.

Descriptive Profile of HRI Dimensions (Objective 1)

Descriptive statistics for the six HRI dimensions are presented in Table 3. The overall
level of Human Resource Intelligence was moderately high (mean = 3.441, SD = 0.551).
Practitioners reported the highest proficiency in Functional Intelligence (mean = 3.811),
followed by Emotional (3.684) and Cultural Intelligence (3.551), while Artificial Intelligence
(3.074) and Business Intelligence (3.062) recorded the lowest scores. Skewness values ranged
from —0.602 to 0.044 and kurtosis values from 0.264 to 1.444, well within the conventional +2
bounds, indicating no severe departure from univariate normality.

SIS
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Table 3 Descriptive Statistics of HRI Dimensions (n = 255)

Dimension Mean SD Min Max Skewness Kurtosis
Functional Intelligence 3.811 0.677 1.000 5.000 —0.602 1.444
Emotional Intelligence 3.684 0.645 1.000 5.000 —0.063 0.803
Cultural Intelligence 3.551 0.689 1.000 5.000 -0.317 1.174
Digital Intelligence 3.464 0.760 1.000 5.000 —-0.227 0.264
Artificial Intelligence 3.074 0.819 1.000 5.000 —0.159 0.728
Business Intelligence 3.062 0.831 1.000 5.000 -0.479 0.460
Overall HRI 3.441 0.551 1.542 5.000 0.044 0.919

It should be emphasized that these mean scores represent respondents' perceived level
of proficiency in each dimension. They describe the current capability profile of the workforce
and are conceptually distinct from the structural contribution of each dimension to the HRI
construct, which is examined in Section 4.5.

Measurement Model Assessment (Objective 2)

The measurement model was assessed for indicator reliability, internal consistency, and
convergent validity (Table 4). All indicator loadings exceeded 0.70 (overall range 0.77-0.92).
Cronbach's alpha (0.831-0.882), rho A (0.835-0.906), and composite reliability (0.887—
0.918) all surpassed the 0.70 threshold, and AVE values (0.663—0.737) exceeded 0.50,
confirming satisfactory reliability and convergent validity across all six constructs. H1 is
therefore supported with respect to reliability and convergent validity.

Table 4 Reliability and Convergent Validity of First-Order Constructs

Construct Loading range o rho A CR AVE
Artificial Intelligence 0.77-0.92 0.869 0.901 0.909 0.715
Business Intelligence 0.81-0.92 0.882 0.906 0.918 0.737
Cultural Intelligence 0.79-0.83 0.831 0.835 0.887 0.663
Digital Intelligence 0.81-0.86 0.855 0.855 0.902 0.696
Emotional Intelligence 0.81-0.87 0.872 0.875 0.912 0.722
Functional Intelligence 0.79-0.91 0.874 0.875 0.913 0.725

Discriminant Validity (Objective 2)

Discriminant validity was assessed using two complementary criteria. First, heterotrait—
monotrait (HTMT) ratios among the six dimensions ranged from 0.245 to 0.754, all below the
conservative 0.85 threshold (Henseler et al., 2015), with the highest value observed between
Emotional and Functional Intelligence (HTMT = 0.754). Second, the Fornell-Larcker criterion
was satisfied: the square root of each construct's AVE exceeded its correlations with all other
constructs (Table 5; Fornell & Larcker, 1981). Together, these results confirm that the six
dimensions are empirically distinct facets of HRI, completing the support for HI. The
proximity of Emotional and Functional Intelligence, while comfortably within acceptable
bounds, reflects meaningful conceptual adjacency between interpersonal-emotional capability
and professional HR expertise; this relationship is examined further in the Discussion.
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Table 5 Discriminant Validity: Fornell-Larcker Criterion and HTMT Ratios

Al BI Cl DI EI FI
Al 0.846 0.673 0.516 0.627 0.334 0.374
BI 0.581 0.859 0.513 0.489 0.245 0.269
CI 0.446 0.444 0.814 0.643 0.725 0.688
DI 0.553 0.430 0.545 0.835 0.686 0.726
EI 0.311 0.221 0.622 0.595 0.850 0.754
FI 0.334 0.238 0.589 0.627 0.661 0.852

Note: Bold diagonal values are the square roots of AVE; values below the diagonal are construct correlations
(Fornell-Larcker criterion); values above the diagonal are HTMT ratios.

Higher-Order Construct Assessment (Objectives 2 and 3)

HRI was assessed as a reflective—formative second-order construct using the two-stage
approach described in Section 3.5. Given the formative specification of the higher-order layer,
collinearity among the dimension scores was examined first: all outer VIF values ranged from
1.689 to 2.324, below the conservative 3.3 threshold (Table 6), indicating no collinearity
concerns. All six dimensions contributed positively and significantly to HRI (p <.001), with
95% BCa confidence intervals excluding zero, supporting H2.

Table 6 Higher-Order Construct Assessment: Outer Weights of HRI Dimensions

Dimension Outer weight t p 95% BCa CI VIF Rank
Digital Intelligence 0.262 23.919 <.001 [0.240, 0.282] 2.324 1
Emotional Intelligence 0.245 19.441 <.001 [0.218, 0.267] 2.236 2
Functional Intelligence 0.244 21.567 <.001 [0.221, 0.264] 2.218 3
Cultural Intelligence 0.220 17.058 <.001 [0.190, 0.242] 2.116 4
Artificial Intelligence 0.197 12.400 <.001 [0.169, 0.229] 1.847 5
Business Intelligence 0.138 6.398 <.001 [0.093, 0.177] 1.689 6

Note: t statistics and bias-corrected and accelerated (BCa) 95% confidence intervals are based on 5,000
bootstrap resamples of the respondent-level data.

Addressing Objective 3, the outer weights reveal a clear hierarchy of contribution,
supporting H3. Digital Intelligence emerged as the strongest anchor of the HRI architecture (w
= (.262), followed closely by Emotional (w = 0.245) and Functional Intelligence (w = 0.244),
with Cultural Intelligence (w = 0.220), Artificial Intelligence (w = 0.197), and Business
Intelligence (w = 0.138) contributing progressively less. Two readings of these results must be
kept distinct. The outer weight expresses each dimension's structural contribution to what
constitutes HRI as a capability construct; it does not indicate the level at which practitioners
currently perform. Thus, although Functional Intelligence recorded the highest mean
proficiency (Section 4.2), Digital Intelligence carries the greatest weight in defining
professional intelligence—while Artificial Intelligence and Business Intelligence are
simultaneously the weakest contributors and the least developed proficiencies, marking them
as a compound capability gap.

Model Fit and Scope of the Structural Assessment

Overall model fit was evaluated using the standardized root mean square residual,
yielding SRMR = 0.066, below the 0.08 threshold and indicating acceptable fit (Hair et al.,
2022). Because the present model is a measurement-focused, higher-order validation model
with no endogenous outcome variable, statistics that presuppose structural dependence—R?, 2,
and Q?PLSpredict—are not applicable and are therefore not reported. The model estimates
how six intelligence dimensions constitute a higher-order capability; it does not, and is not
intended to, test causal effects of HRI on downstream outcomes such as HR effectiveness or
organizational performance. This boundary is addressed explicitly in the Discussion and in the
directions for future research.
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[ Discussions ]

Perceived Proficiency versus Structural Contribution

Perhaps the most consequential pattern in the findings is the divergence between what
HR practitioners are good at and what most strongly defines their professional intelligence.
Descriptively, respondents reported the highest proficiency in Functional Intelligence—the
traditional core of the HR craft—yet structurally, Digital Intelligence carried the greatest
weight in constituting HRI. Mean scores capture perceived proficiency; outer weights capture
each dimension's contribution to the construct. Conflating the two would lead to the mistaken
inference that the highest-scoring dimension is the most important one. Read together, they tell
a sharper story: the profession's centre of gravity has shifted toward digital fluency faster than
practitioners' self-assessed capabilities have followed, and the dimensions where proficiency
is lowest—Artificial Intelligence and Business Intelligence—are precisely those where
deliberate development effort is most needed.

The Implementation Paradox and the Interpretative Gap

The validation of HRI reveals what we term an implementation paradox in the Thai
corporate context: organizations demonstrate a firm foundation for digital execution—reflected
in the anchoring strength of Digital Intelligence—while Al-specific intelligence remains only
moderate, indicating that technological adoption has outpaced the cognitive readiness of
practitioners to interrogate and govern those technologies. This is consistent with Strohmeier
and Piazza (2015), who emphasize that Al techniques demand a higher level of analytical
maturity than conventional digital tools, and reinforces the caution of Deepa et al. (2024) and
Akbarighatar et al. (2023) that digital readiness alone does not guarantee the socio-technical
competencies required to manage Al responsibly.

Relatedly, the comparatively low weight of Business Intelligence points to an
interpretative gap: a disconnect between the availability of workforce data and practitioners'
capacity to translate it into strategic organizational narratives. This aligns with Rasmussen et
al. (2023), who argue that the value of people analytics depends on precisely this translational
ability, and is consistent with the automation—augmentation paradox (Raisch & Krakowski,
2021): as Al absorbs routine processing, the premium on human strategic oversight and
contextual judgment rises rather than falls.

High-Tech and High-Touch: A Triadic Reading of the Architecture

The balance between high-tech and high-touch remains a defining feature of the HRI
architecture. The enduring strength of the functional and emotional domains is consistent with
evidence that emotional intelligence operates as a critical personal resource for navigating
career-related challenges (Pirsoul et al., 2023), while research on algorithmic management
shows that algorithm-mediated governance can be experienced as impersonal and can elicit
negative emotional reactions when human support is absent (Hu et al., 2026; Kellogg et al.,
2020). The emergence of Digital Intelligence as the primary anchor likewise coheres with a
broader shift in professional legitimacy toward value creation through people analytics and Al
capability building (Bottesch et al., 2025; Chowdhury et al., 2023; Margherita, 2022), and with
contemporary HRM scholarship urging HR to actively shape how Al is designed and deployed
rather than treating it as a technical substitution for human judgment (Charlwood & Guenole,
2022; Gong et al., 2025; Vrontis et al., 2022).

Interpretively, the six dimensions can be read as forming three capability layers: a
technological layer (Artificial and Digital Intelligence), a strategic layer (Business and
Functional Intelligence), and a human layer (Emotional and Cultural Intelligence). We stress
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that this triadic grouping is offered as a conceptual interpretation of the validated six-dimension
structure, not as a statistically tested third-order model; formally testing the triadic layer—for
instance, through a third-order specification or clustering of dimension scores—is a task for
future research. Within this reading, the conceptual proximity between Emotional and
Functional Intelligence observed in the discriminant validity assessment (the highest HTMT
ratio, 0.754) is theoretically sensible: empathy, sensitive communication, and interpersonal
judgment are embedded in the everyday exercise of professional HR expertise, even as the two
constructs remain empirically distinct. The triadic reading also clarifies why the technological
layer currently rests more heavily on Digital Intelligence than on Al Literacy: platform fluency
has become infrastructural to Thai HR practice, whereas the capacity to interrogate algorithmic
systems is still consolidating.

Limitations

Three limitations bound the interpretation of these findings. First, the cross-sectional
design captures the HRI architecture at a single point in time and cannot speak to how the
hierarchy of dimensions evolves as Al adoption matures. Second, the sample is drawn from a
single country and, within it, from listed companies only; generalization to SMEs, the public
sector, or other institutional contexts should be made with caution. Third, all measures are self-
reported perceptions of capability, which—despite the procedural and statistical remedies
reported in Section 3.4—remain subject to self-assessment and common-method concerns.

Future Research

Three extensions follow directly. Longitudinal designs could trace whether the weights
of Artificial Intelligence and Business Intelligence rise as organizational Al maturity deepens,
converting the present architecture into a dynamic account of capability evolution. Cross-
country comparative studies—for example, across ASEAN markets at different stages of
digital transformation—could test the boundary conditions of the hierarchy identified here.
Most importantly, linking HRI to downstream outcomes such as HR effectiveness, decision
quality, or firm performance would convert the validated measurement architecture into a full
structural model, directly testing the effectiveness claims that the present study deliberately
refrains from making.

[ Conclusion and suggestions ]

Conclusion

This research mapped the architecture of Human Resource Intelligence among HR
executives and practitioners in SET-listed companies. The evidence indicates that HRI is not a
singular technical skill but a validated, multidimensional capability constituted by six
intelligence domains. Practitioners remain strongest in their high-touch foundations—
Functional and Emotional Intelligence—while a visible capability gap persists in Artificial
Intelligence and Business Intelligence. Structurally, Digital Intelligence serves as the primary
anchor of the construct, bridging traditional human-centred management and increasingly
automated decision environments. These conclusions describe the composition and internal
hierarchy of HRI; claims about its effects on HR effectiveness or organizational
competitiveness lie beyond the scope of the data and are framed here only as implications for
practice and future inquiry.
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Managerial and Policy Implications

Three implications follow directly from the empirical pattern of results and are offered
as potential managerial implications rather than causal prescriptions. First, because Artificial
Intelligence and Business Intelligence recorded both the lowest proficiency means and the
lowest structural weights, development investment should shift from general digital training
toward specialized Al literacy and data-interpretation programs that equip HR professionals to
interrogate algorithmic outputs rather than merely operate the tools. Second, the interpretative
gap identified in Business Intelligence suggests cultivating professionals who are conversant
in both human behavior and data analytics—able to translate workforce data into business-
relevant narratives. Third, the anchoring role of Digital Intelligence implies that evidence-
based practice should be institutionalized as the default mode of talent decisions, so that the
profession's strongest structural asset is exercised routinely rather than episodically.

[ New knowledge and the effects on society and communities ]

This study contributes to the HRM literature in three ways. First, it extends the
discussion of digital transformation in HR by conceptualizing HRI as an empirically validated
higher-order capability rather than a set of isolated competencies. Second, it empirically
validates HRI as a second-order construct comprising six intelligence dimensions,
demonstrating that HR capability in Al-driven organizations emerges from the synergistic
interaction of multiple forms of intelligence rather than from any single technological
competence. Third, it contributes to the automation—augmentation debate: the simultaneous
strength of digital and human-centred dimensions is consistent with the argument that Al
amplifies, rather than diminishes, the need for integrative human judgment (Raisch &
Krakowski, 2021). It should be noted that the six constituent dimensions are individually well
established in prior literature; the study's novelty resides in their second-order integration and
in the empirical identification of the hierarchy among them in an emerging-market context.
Table 7 positions this contribution against the most closely related prior frameworks.

Table 7 Positioning HRI against Related Frameworks

Framework Primary focus Structure What HRI adds
Marler & HR analytics: evidence- Narrative review; no latent Integrates analytics capability into a
Boudreau (2017) based review construct validated multidimensional construct
Chowdhury et al. Al capability in HRM Capability framework grounded Extends Al capability into a six-
(2023) in the resource-based view domain, HR-specific architecture
Deepa et al. (2024) HR capability in the Integrative conceptual Provides second-order empirical
digital/Al era framework validation with PLS-SEM in an
emerging market
This study (HRI) Integrative socio- Second-order construct; six ~ Validated hierarchy: DI as structural

technical HR capability ~ dimensions; n = 255, SET- anchor; AI/BI as compound gap
listed firms

Potential Social and Policy Implications

Beyond the firm level, the findings carry potential implications—offered as interpretive
extensions rather than empirically demonstrated impacts—for the broader labor market. HR
professionals equipped with stronger Al literacy are better positioned to implement algorithmic
tools transparently and to detect embedded bias, supporting fairness in employment decisions.
At the level of national workforce policy, the compound gap in Al and business analytics
identified here suggests a concrete target for professional development curricula in the Thai
HR community. Finally, the persistent structural weight of emotional and cultural intelligence
indicates that responsible automation in HR need not come at the expense of the human
element; within this architecture, the two are complementary.
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