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Abstract

Artificial Intelligence (Al) has evolved from a tool for automation into a strategic compo-
nent of organizational decision-making. However, the extent to which the dimensions of
Human-Al Interaction are associated with leadership remains underexplored, particularly
in emerging economies. This study examines how interaction quality, productivity en-
hancement, user experience, organizational impact, ethical governance, and innovation are
associated with Leadership Effectiveness and Organizational Sustainability in Colombian
organizations. We applied Structural Equation Modeling (SEM) to data collected from
170 participants using a purpose-built 30-item instrument designed to measure eight di-
mensions of the human—AlI relationship through a five-point Likert scale. Six dimensions
assessed Human—Al Interaction (Interaction Quality, Productivity and Efficiency, User Ex-
perience and Acceptance, Organizational Impact, Ethical Governance, and Innovation and
Transformation), while two dimensions assessed leadership (Leadership Effectiveness and
Organizational Sustainability). Estimation used maximum likelihood (ML/FIML) as the
primary method, with robust ML (MLR) and an item-level WLSMV estimator as sensitivity
checks. Correlation analysis (Pearson, with Spearman as a robustness check) revealed
consistent positive and significant associations among all construct indicators. Confir-
matory Factor Analysis (CFA) confirmed convergent validity, with innovation (A = 0.88)
emerging as the highest-loading dimension. The structural model demonstrated a sig-
nificant association between Human-AlI Interaction and leadership (two-parcel model:
B = 0.95, R? = 0.91). Under a more conservative six-item leadership specification, the
association attenuates to 8 = 0.87 (R?> = 0.75), which we treat as the substantive estimate.
Common-method-variance diagnostics (Harman’s first factor = 48.8%; a common latent
factor accounting for ~41% of variance) and an elevated RMSEA (=0.13) signal the need for
expanded measurement models and longitudinal designs to address causality. The findings
suggest that ethical governance and innovation-oriented Al interaction are primary corre-
lates of leadership effectiveness in digital organizations operating in emerging economies.

Keywords: leadership; human-Al interaction; socio-technical systems; structural equation
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1. Introduction

The recent literature views Al as a socio-technical phenomenon that reconfigures
fundamental relationships between people, systems, and organizational structures [1,2]. In
emerging economies such as Colombia, Al adoption faces unique challenges, including
digital gaps, heterogeneous technological capabilities, and evolving regulatory frame-
works [3-5]. These conditions imply that Al implementation is not a linear process but a
complex evolution dependent on critical organizational factors such as leadership, culture,
and governance [6-8].

Despite the growing attention devoted to Al-driven organizational change, empirical
research on the association between human—AlI interaction dimensions and leadership
remains limited, particularly in Latin American contexts characterized by institutional
heterogeneity and uneven digital maturity [3,9]. Existing research has tended to address
Al and leadership either theoretically or in technologically advanced economies, leaving
a substantial gap regarding the socio-technical dynamics of Al adoption in emerging
settings [10,11].

This study addresses this gap by empirically evaluating the structural association
between Human—-AlI Interaction and leadership dimensions through a structural equation
modeling (SEM) approach. We examine the extent to which Human-AlI Interaction is
associated with Leadership, operationalized through Leadership Effectiveness (Manage)
and Organizational Sustainability (Sustain) in Colombian organizations. Furthermore, we
identify which dimensions of Human—AlI Interaction (Interaction, Productivity, User Expe-
rience, Organizational Impact, Ethical Governance, and Innovation) exhibit the strongest
associations with leadership. In doing so, we contribute to the literature on Al management,
socio-technical systems, and leadership in emerging economies.

1.1. Research Question

This study is guided by one central question:

RQ. To what extent is Human—AI Interaction associated with leadership effectiveness
and organizational sustainability in Colombian organizations, and which dimen-
sions of Human—AlI Interaction exhibit the strongest associations with Leadership
Effectiveness and Organizational Sustainability?

1.2. Formal Hypotheses

Drawing on the socio-technical framework presented in Section 2, this study evaluates
two central hypotheses:

Hj. The six Human-Al Interaction dimensions and the two leadership-related dimensions
adequately represent their respective latent constructs, exhibiting significant and
substantial factor loadings [12-14].

H,. Human-AlI Interaction is positively and significantly associated with Leadership
Effectiveness and Organizational Sustainability in organizations [15,16].

2. Background and Theoretical Framework

The integration of Al into organizational structures represents a shift from simple
task automation to a complex socio-technical environment [17,18]. This study defines
the multidimensional nature of Human—AI Interaction (Human-Al) as a latent construct
sensitive to technological and organizational environments [15,19]. Recent bibliometric
evidence confirms that the thematic landscape of this field is dominated by interaction,
collaboration, and augmentation as foundational concerns [9].
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2.1. Dimensions of Human—AlI Interaction (Human—Al)

Human-AlI interaction has moved well beyond a peripheral technical activity
and has become a central socio-technical component associated with organizational
performance [9,20]. We operationalize this construct through six theoretically distinct di-
mensions, each grounded in established organizational and information systems research.

2.1.1. Interaction Quality (Interac)

The quality and frequency of communicative exchange between human actors and Al
systems form the foundational layer of the human—-AI nexus. Modern interaction involves a
bidirectional flow of information in which Al provides predictive insights that shape human
judgment [21,22]. This recursive process reconfigures traditional workflows, since leaders
must balance their intuitive expertise with algorithmic outputs generated by machine
learning models [23]. Effective interaction protocols ensure that Al systems operate as
transparent collaborators rather than opaque “black boxes,” enhancing the leader’s ability
to coordinate complex tasks [24,25].

2.1.2. Productivity and Efficiency (Product)

Al-driven productivity gains stem primarily from the augmentation of human cogni-
tive capabilities and the automation of high-frequency, low-complexity tasks. By offloading
routine administrative functions to intelligent systems, leaders can redirect attention to-
ward strategic thinking and relationship management [1,2]. This efficiency gain is not
merely quantitative; it reflects a structural improvement in the organization’s capacity to
process information and respond to market volatility [26]. Research consistently shows that
productivity is maximized when Al is used as an augmentative force rather than a whole-
sale replacement for human oversight [27,28]. Organizations that leverage Al effectively
tend to exhibit greater agility and more sustainable management practices [6].

2.1.3. User Experience and Acceptance (Experien)

For an Al system to be adopted effectively, it must minimize cognitive load and facili-
tate seamless decision-making. Usability and perceived usefulness are central predictors
of technology adoption [29,30]. A positive user experience fosters self-efficacy among
managers and reduces resistance to technological change [7,31]. Beyond interface design,
user experience encompasses the trust and psychological safety that arise from interacting
with predictive systems. When interfaces are counterintuitive or outputs are difficult to in-
terpret, the resulting technostress can undermine leadership performance and underutilize
available Al capabilities.

2.1.4. Organizational Impact (Impact)

The organizational impact of Al refers to how it reconfigures authority, coordination,
and decision-making mechanisms. As Al systems assume roles in performance monitoring
and resource allocation, traditional boundaries of managerial authority shift [32,33]. This
creates a new organizational landscape where leadership is distributed across human and
non-human agents, requiring a re-evaluation of goal-setting and pursuit processes [8,34]. In
emerging economies, the strategic impact of Al is also measured by its capacity to provide
data-driven legitimacy to management decisions and to bridge structural inefficiencies [35].
The depth of this impact depends on how thoroughly Al has been integrated into the firm’s
core leadership model [20].

2.1.5. Ethical Governance (Gobethic)

Ethical governance encompasses the regulatory and moral frameworks that guide
Al deployment. As Al systems influence critical organizational decisions—including
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hiring, promotions, and strategic pivots—the need for transparency, fairness, and account-
ability becomes paramount [36,37]. Leaders must ensure that Al interactions are gov-
erned by principles that prevent algorithmic bias and protect stakeholder interests [4,38].
Zarate-Torres et al. [10] propose that leadership mediates the human—AI relationship
through an ethical and strategic function, establishing governance mechanisms that align
automated decisions with human judgment. Effective governance thus ensures that techno-
logical advancement does not compromise social responsibility, supporting the long-term
sustainability goals of the organization [16].

2.1.6. Innovation and Transformation (Innovat)

Innovation-oriented interaction captures Al’s capacity to support creative processes
and enable new business models. By identifying patterns in large datasets that are not
apparent to human observers, Al can catalyze combinatorial innovation—the synthesis of
existing ideas into novel solutions [39,40]. This dimension is particularly relevant for leaders
seeking to maintain a competitive edge through continuous adaptation [41]. The role of
Al in innovation extends beyond technical R&D to include the redesign of organizational
cultures: when Al is positioned as a tool for experimentation rather than mere optimization,
employees at all levels are empowered to propose data-backed improvements [42]. For
organizations in Latin America, leveraging Al for innovation is a strategic pathway to
move up the value chain [11,43].

2.2. Leadership
2.2.1. Leadership Effectiveness (Manage)

Leadership effectiveness in the age of Al is increasingly measured by the ability to
manage the joint functioning of human and machine decision-making. Traditional manage-
ment models are giving way to adaptive frameworks in which the leader’s central role is to
ensure that Al-driven insights are ethically and strategically aligned with organizational
goals [15,24]. The relevant study by Zarate-Torres et al. [10] shows that leadership serves
as the axis connecting human and technological systems, establishing a hybrid interaction
that is at once flexible, efficient, and ethically governed. Effective leadership also involves
actively mitigating risks associated with algorithmic opacity and data-driven bias [44].

2.2.2. Organizational Sustainability (Sustain)

Organizational sustainability through Al extends beyond environmental concerns to
encompass the long-term viability of the firm within a digital-first economy. Sustainability
is achieved when Al systems are used to optimize resource allocation, enhance transparency,
and support inclusive growth models [3,16]. This requires a shift from short-term optimiza-
tion toward a strategic vision in which Al serves as a pillar for ethical and responsible value
generation [36]. In emerging markets such as Latin America, sustainability is intrinsically
linked to digital inclusion and the ethical use of technology to bridge structural inequali-
ties [35,37]. When human-AlI interaction is grounded in ethical governance and a genuine
orientation toward innovation, the result is a self-reinforcing dynamic that stabilizes the
organization against market volatility [11,19,43].

2.3. Socio-Technical Synthesis

This study is grounded in socio-technical systems theory, which argues that organiza-
tional outcomes emerge from the joint optimization of social and technical subsystems [45].
From this perspective, Al is not treated as an isolated technological resource, but as part of
a broader organizational configuration in which human judgment, digital infrastructures,
ethical rules, and managerial practices interact [18,20,36].
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The six dimensions of Human—AlI Interaction proposed in this study reflect this socio-
technical logic. Interaction Quality, Productivity and Efficiency, User Experience and
Acceptance, Organizational Impact, Ethical Governance, and Innovation and Transforma-
tion capture complementary ways in which Al becomes embedded in organizational work,
decision-making, governance, and adaptation [9,18,20]. Together, these six dimensions
operationalize Human—AlI Interaction as a first-order latent construct. The model does
not assume a higher-order hierarchical structure; instead, it treats the six dimensions as
theoretically grounded indicators of a common socio-technical phenomenon.

Complexity leadership theory complements this argument by suggesting that lead-
ership in Al-intensive organizations emerges from dynamic interactions among people,
technologies, routines, and institutional conditions [46]. Leadership effectiveness and
organizational sustainability are therefore understood as leadership-related outcomes as-
sociated with the quality of Human-AI Interaction. In this framework, Al governance
provides the normative layer of the model, since transparency, fairness, accountability, and
responsible data use are central to the organizational integration of AI [20,36].

Accordingly, this study proposes that Human-AlI Interaction is positively associated
with Leadership Effectiveness and Organizational Sustainability. Given the cross-sectional
and single-source design, this association is interpreted as shared variance rather than
evidence of temporal precedence or causal prediction.

3. Materials and Methods

This section describes the empirical approach used to evaluate the statistical associa-
tion between Human—AlI Interaction and leadership within the organizational context of
an emerging economy. We adopt a quantitative, cross-sectional design utilizing Structural
Equation Modeling (SEM) to test the proposed socio-technical framework [44].

The analysis combined Pearson correlations, with Spearman correlations as a robust-
ness check, using the R package psych (version 2.2.9) [47] and Confirmatory Factor Analysis
(CFA) implemented with the lavaan (version 0.6-21) R package [48], following Bollen’s [13]
framework. When the psychometric structure is theoretically established in advance, a
preliminary Exploratory Factor Analysis is not methodologically necessary. As Bollen [13]
(p- 228) clarifies: “in confirmatory factor analysis a model is constructed in advance, the
number of latent variables is set by the analyst.” To specify structural models, we used
the software Onyx [49], whose syntax was exported and estimated in RStudio (version
2025.09.1+401), with reporting facilitated by the semTable (version 1.8) R package [50].

3.1. Participants and Data Collection

The study was conducted among a sample of 170 participants who voluntarily re-
sponded to the research instrument following informed consent procedures. Participants
were managers, directors, and operational leaders with direct experience of Al-enabled
processes in their organizations. The sample included professionals from diverse sectors
(manufacturing, financial services, consulting, and public administration) and varying
organizational sizes. The sample included an average of approximately 3.3 respondents
per organization. However, because the available dataset does not include a reproducible
organization-level identifier, cluster-robust standard errors could not be estimated. There-
fore, intra-organizational clustering is acknowledged as a design limitation rather than
modeled statistically. After listwise deletion of eight responses with missing data, the
final analytical sample comprised 170 participants. This study was performed follow-
ing the principles of the Declaration of Helsinki. The Ethics Committee of the Colegio
de Estudios Superiores de Administracién approved the study (Approval No. 002) on
1 September 2020.
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3.2. Research Instrument

Data were collected using a purpose-built instrument designed to capture profes-
sional perceptions of human—AlI relationships within administrative and leadership con-
texts. The instrument comprised 30 items across eight theoretically grounded dimensions:
six measured Human-AlI Interaction, and two measured leadership. The Human-AI
construct—interaction quality (Interac, 4 items), Productivity and efficiency (Product,
4 items), User experience and acceptance (Experien, 4 items), Organizational impact (Im-
pact, 3 items), Ethical governance (Gobethic, 5 items), and Innovation and transformation
(Innovat, 4 items)—and the leadership construct: Leadership effectiveness (Manage, 3 items)
and Organizational sustainability (Sustain, 3 items). All items are scored on a five-point
Likert-type frequency scale anchored at 1 (Never) and 5 (Always), with intermediate points
at 2 (Rarely), 3 (Sometimes), and 4 (Often). Each item presents a declarative statement about
Al use in the respondent’s organization, and participants are asked to rate how frequently
the described situation occurs.

The instrument was administered in Spanish, the respondents’ native language, and an
English translation is available from the corresponding author upon request. The complete
instrument is provided as Supplementary Materials.

3.3. Measurement Model (CFA)

To assess the validity of the proposed constructs, we conducted confirmatory factor
analysis (CFA) using the lavaan (version 0.6-21) package in R [48]. The measurement model
specifies Human-AlI as a first-order latent construct measured by six parcel-level indicators:
Interac, Product, Experien, Impact, Gobethic, and Innovat. Each parcel represents the mean
score of the items belonging to its respective dimension. This specification does not model
Human-AlI as a higher-order or second-order construct. Instead, the six dimensions are
treated as theoretically grounded indicators of a common socio-technical phenomenon.

This first-order specification is consistent with the theoretical logic of the study, which
conceptualizes Human—Al Interaction as the organizational configuration through which
human judgment, Al-enabled tools, governance mechanisms, user experience, productivity,
and innovation become interconnected. Although future studies could examine alternative
hierarchical specifications, such as second-order models distinguishing operational socio-
technical dimensions from strategic-normative dimensions, the present study retains a
first-order model to preserve parsimony and avoid additional identification constraints
given the available sample size.

The measurement model consists of two primary latent variables:

Human-AI: A multidimensional construct measured through six parcel-level indicators:
Interac, Product, Experien, Impact, Gobethic, and Innovat. Each parcel aggregates
the items within its respective dimension using the mean score, reducing parameter
estimation demands while preserving construct breadth [14,44].

Leadership: A composite leadership construct measured through two indicators: Man-
age (Leadership Effectiveness, items 25-27 averaged) and Sustain (Organizational
Sustainability, items 28-30 averaged). Although modeling these as a single latent
variable restricts the model, it reflects the theoretical position that both leadership
dimensions jointly represent Al-mediated leadership performance [10]. Sensitivity
analysis treating Manage and Sustain as separate correlated constructs is noted as a
direction for future work.

The measurement model was estimated using maximum likelihood with full infor-
mation maximum likelihood (ML/FIML) as the primary estimator. Because the parcels
departed only mildly from normality (|skewness| < 0.87), we additionally report robust
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maximum likelihood (MLR) and an item-level WLSMYV analysis based on the polychoric
correlation matrix of the 30 items as sensitivity analyses. Model fit was evaluated using
CFI, TLI (thresholds > 0.95 and > 0.90, respectively), SRMR (<0.08), and RMSEA with 90%
confidence interval [51-53].

All analyses were conducted in R version 4.5.0 [54]. Data management and prepro-
cessing were performed using the readr (version 2.2.0) and dplyr (version 1.2.1) packages.
The measurement and structural models were estimated with the lavaan package (ver-
sion 0.6-21) [48], which is widely used for confirmatory factor analysis and structural
equation modeling. Supplementary reporting procedures, including the generation of
publication-ready tables, were supported by the flextable (version 0.9.11) and officer
(version 0.7.4) packages.

3.4. Correlation Analysis

Prior to structural estimation, bivariate correlation analyses were conducted to identify
associations among the observed indicators. Pearson correlations were used as the primary
descriptive association measure because the SEM models were estimated using parcel-level
mean scores treated as continuous approximations. Spearman rank-order correlations were
additionally inspected as a robustness check, given the ordinal origin of the Likert-type
items and the possibility of non-normal distributions in organizational data. This approach
allowed us to assess whether the pattern of associations was consistent across parametric
and non-parametric correlation measures.

3.5. Structural Equation Modeling (SEM)

The structural model specifies Human—Al interaction and Leadership as two associ-
ated latent constructs, with Leadership modeled as the endogenous construct for statistical
estimation purposes. Two specifications of the leadership construct were compared, both
estimated using ML /FIML: Model 1 (Leadership measured by two parcels) and Model 2
(Leadership measured by its six items, p25-p30), with the latter reported as the conservative
and substantively preferred specification. This approach goes beyond simple regression by
accounting for measurement error and providing a systemic view of how Al interaction
reconfigures organizational authority [13,55].

We focused on standardized path coefficients () to assess the strength of the statistical
association and on the coefficient of determination (R?) to assess shared variance between
the constructs. These estimates are not interpreted as evidence of temporal precedence or
causal prediction. We also report RMSEA 90% confidence intervals. Because the instrument
uses an ordered five-point Likert scale, WLSMV was also applied to the polychoric corre-
lation matrix as a theoretically preferable estimator for ordinal data [56], and the results
are reported as a sensitivity analysis. The present analysis uses parcel-level mean scores as
continuous approximations under FIML. This choice is justified by the modest skewness of
the parcels (|skewness| < 0.87), while the item-level WLSMYV sensitivity analysis reported
in Section 4.2 confirms that the substantive conclusions remain unchanged. Common
method variance (CMV) is acknowledged as a potential confounding factor because all
data were obtained from single-source, cross-sectional self-reports [46]. As a procedural
remedy, the questionnaire was administered anonymously, and respondents were explicitly
informed that there were no correct or incorrect answers. Future research should employ
multi-source or longitudinal designs to address endogeneity and CMV more rigorously.
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4. Results
4.1. Correlation Analysis

Pearson correlation analysis, Figure 1 revealed a consistent pattern of positive and
statistically significant associations among all indicators of the Human—AI Interaction
construct and the two Leadership dimensions. Spearman rank-order correlations showed a
similar pattern and were used as a robustness check. Overall, the inter-indicator correlations
ranged from moderate to strong, supporting the internal coherence of the Human-AlI
Interaction construct and the relevance of both leadership indicators, while remaining
descriptive rather than causal.

Interac Product Experien Impact Gobethic Innovat Manage Sustain
0.71% | 0.76%%* | 0.72%* || 0.56%* || 0.69%* || 0.54%+ | 052+ |
0.71* | 0.69%* || 0.61% || 0.73%* || 0.55%+ | 0,61+ |E
0.6 || 0.64%* | 0.73* || 0,59+ | 054" |2
0.62% || 0.78%* || 0.57* | 0.50%* |3
0.68+ || 0,68+ | 0.57%* ||
0.72%* || 0.56+* |
0.51%* |

Figure 1. Pearson correlation matrix plot for the six Human-AI Interaction indicators and the two
Leadership indicators. *** p < 0.001.

4.1.1. Associations with Leadership Effectiveness (Manage)

The Manage variable exhibits its most robust associations with Innovat (r = 0.73) and
Gobethic (r = 0.71), highlighting the central role of innovation and ethical governance
within human-Al interaction. These findings suggest that perceived administrative lead-
ership effectiveness is intrinsically linked to the organization’s capacity for technological
innovation and the presence of rigorous ethical governance frameworks. Moderate-to-
strong associations with Experien (r = 0.65) and Impact (+ = 0.62) indicate that seamless
user experience and tangible organizational transformation are important correlates of
management performance in digital environments.
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4.1.2. Associations with Organizational Sustainability (Sustain)

The Sustain dimension shows significant but moderately lower correlations compared
to Manage. Sustain showed its strongest associations with Gobethic and Product, which
are statistically indistinguishable under Pearson (r = 0.63 vs. 0.63) and favor Product
under Spearman (0.61 vs. 0.57), reinforcing the theoretical premise that organizational
sustainability under Al integration depends heavily on moral accountability and regulatory
transparency. Additionally, Innovat (r = 0.59) and Experien (r = 0.59) show positive
associations, suggesting that Al interaction not only optimizes immediate task execution
but also contributes to the long-term viability and ethical responsibility of the firm.

4.2. Confirmatory Factor Analysis (CFA)

CFA was conducted to evaluate the proposed measurement model. Following
methodological recommendations to ensure parameter stability and address potential
non-normality in organizational data, the primary estimator was ML /FIML, with MLR
and an item-level WLSMYV analysis as robustness checks [51,56].

4.2.1. Factor Loadings and Construct Validity

As shown in Table 1, all factor loadings were statistically significant at the p < 0.001
level in both models, indicating that the observed indicators adequately represent their
respective latent constructs. H1 is therefore supported with respect to convergent validity
(significant, substantial loadings); discriminant validity among the dimensions is limited
(see below), which we address by modeling Human—AI Interaction as a single first-order
construct. All factor loadings were statistically significant and exceeded the minimum
threshold established for construct representation. [45]. For the Human-AI construct,
the Innovat indicator presented the highest loading (0.88). The Leadership construct
showed solid loadings on both indicators: Manage (0.81) and Sustain (0.73). Composite
reliability ranged from 0.77 to 0.88 (all > 0.70), and AVE exceeded 0.50 for seven of the
eight constructs (Product = 0.49; Table 2; Supplementary Table S1). Discriminant validity
was limited: 19 of the 28 inter-construct correlations exceeded the square root of the AVE
(Fornell-Larcker; Supplementary Table S2), HTMT exceeded 0.85 for 9 of the 28 pairs
(Supplementary Table S3), and the aggregate Human—AI versus Leadership HTMT was
0.875 [57], indicating that the six Human—AlI dimensions are not empirically separable and
that the predictor and outcome share substantial variance.

Table 1. Standardized factor loadings and explained variance (R?) for the parcel-level measurement
model estimated using ML/FIML.

Construct Indicator A (std) R?
Interac 0.83 0.69

Product 0.83 0.69

Experien 0.85 0.73

Human-Al Impact 0.84 0.71
Gobethic 0.79 0.62

Innovat 0.88 0.78

. Manage 0.81 0.65
Leadership Sustain 0.73 0.53

Note. All standardized factor loadings were statistically significant (p < 0.001). Model fit: x>(19) = 71.2,
CFI = 0.95, TLI = 0.93, SRMR = 0.03, RMSEA = 0.13 (90% CI [0.10, 0.16]). The model was estimated using
ML/FIML. Robust maximum likelihood (MLR) reduced the RMSEA to 0.11. Composite reliability (CR) and
average variance extracted (AVE) are reported in Supplementary Table S1.
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Table 2. Standardized factor loadings, structural coefficients, and model fit for the two SEM specifications.

Model 1 (2 Parcels) Model 2 (6 Items)
Factor loadings—Human-AI
Interac 0.83 0.83
Product 0.83 0.83
Experien 0.86 0.86
Impact 0.84 0.84
Gobethic 0.79 0.79
Innovat 0.88 0.88
Factor loadings—Leadership
Manage (parcel) 0.81 —
Sustain (parcel) 0.73 —
p25 — 0.71
p26 — 0.76
p27 — 0.79
p28 — 0.75
P29 — 0.79
p30 — 0.65
Structural model and overall fit
Leadership < Human-AlI (f) 0.95 0.87
R? (Leadership) 091 0.75
X2 (df) 71.2 (19) 238.7 (53)
CFI 0.95 0.88
TLI 0.93 0.85
RMSEA 0.13 0.14
SRMR 0.04 0.07

Note. Estimator = ML/FIML; all standardized parameters were statistically significant (p < 0.001). Model 2
(six items) is the conservative, substantively preferred specification, whereas the parcel-based coefficient from
Model 1 (8 = 0.95) should be interpreted as an upper-bound estimate. The bootstrap 95% confidence interval for
the parcel-based coefficient was [0.879, 1.015].

4.2.2. Model Fit Evaluation

Model 1, the two-parcel leadership specification estimated using ML /FIML, showed
acceptable fit according to incremental and residual-based indices, with CFI = 0.95, TLI = 0.93,
and SRMR = 0.03 [51]. However, the RMSEA value was elevated (RMSEA = 0.13; 90% CI
[0.10,0.16]), exceeding Browne and Cudeck’s [52] threshold of <0.08 for acceptable fit and
approaching their cutoff of >0.10 for poor fit. Model 2, the six-item leadership specification
also estimated using ML/FIML, showed weaker overall fit ()(2(53) = 238.7, CFI = 0.88,
TLI = 0.85, RMSEA = 0.14, SRMR = 0.07). This pattern is expected because parcelling
averages out item-level residual variance, whereas the six-item specification reveals sources
of measurement misfit that are masked by the parcel solution. Accordingly, Model 2 is
retained as the conservative, substantively preferred specification, while MLR and item-
level WLSMYV are reported separately as sensitivity analyses rather than as alternative
substantive models.

The six-item specification (Model 2), which we treat as the substantive model, exhibited
a somewhat weaker overall fit (x?(53) = 238.7, CFI = 0.88, TLI = 0.85, RMSEA = 0.14)
than the two-parcel model. This result is expected because parcelling averages out item-
level residual variance, whereas the item-level model reveals sources of misfit that are
masked by the parcel solution. The principal substantive contribution of Model 2 is the
attenuated structural coefficient (8 = 0.87) rather than its overall model fit. Importantly,
both specifications consistently indicate a strong, positive association between Human-—
Al Interaction and Leadership. Consequently, the elevated RMSEA is interpreted as a
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limitation of the measurement model common to both specifications rather than as evidence
against the direction or substantive interpretation of the structural association.

Taken alongside the significant x2(19) = 71.2 (p < 0.001), the overall fit evidence
indicates that the model is misspecified rather than merely sensitive to sample size. Mod-
ification indices point primarily to potential residual covariances between the Manage
and Sustain indicators, consistent with the theoretical position (H2) that these constructs
are conceptually distinct, and with the possibility that common method variance inflates
their shared variance beyond what the leadership factor captures [46]. Readers should
therefore interpret the structural coefficients as descriptive of shared variance under this
specification, not as evidence of well-fitting causal structure.

4.2.3. Measurement Model Limitations

A technical limitation is the use of only two indicators for the Leadership construct.
Although this specification allows model identification, it restricts the stability of estimates
and limits the robustness of global fit indices [44]. The elevated RMSEA is primarily a
function of this specification, as documented in the SEM literature for just-identified sub-
models [52]. Future research should expand the Leadership construct with at least four
indicators to improve fit stability. Additionally, composite reliability (CR) and average
variance extracted (AVE) were computed at the item level and are reported in Table 2 (all
CR > 0.70; AVE > 0.50 for seven of the eight constructs; Product = 0.49) [14,58].

4.3. Structural Equation Modeling (SEM)

SEM was employed to evaluate the association between Human—AI and Leadership.
As shown in Figure 2, two specifications of leadership were compared, both by ML /FIML
(two parcels and six items). The structural component specified Leadership as the endoge-
nous latent construct associated with the Human-AI multidimensional factor.

’ Interac ‘ ’ Product ‘ ’Experien‘ ’ Impact ‘ ’ Gobethic‘ ’ Innovat

B = 0.87**

p25 p26 | | pz | | p28 | | p p30

Figure 2. Standardized structural equation model (SEM) for the six-item leadership specifica-
tion (Model 2). The standardized path coefficient from Human-AlI Interaction to Leadership
was B = 0.87 *** (p < 0.001), explaining 75% of the variance in Leadership (R? = 0.75). *** p < 0.001.
4.3.1. Structural Path and Shared Variance

As shown in Table 2, the structural path from Human-AI to Leadership was positive
and statistically significant (p < 0.001) in both models. In Model 1, the standardized
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path coefficient reached p = 0.95, indicating a dominant positive association between Al
interaction quality and leadership. The structural path from Human-AlI Interaction to
Leadership was positive and statistically significant (8 = 0.95, p < 0.001). Therefore, H2
is supported. The model showed a high degree of shared variance between Human-AlI
Interaction and Leadership under the specified cross-sectional model. While the R? value is
remarkably high, it is consistent with the limited degrees of freedom in the Leadership con-
struct (two indicators), common method variance in single-source cross-sectional data [46],
and potential conceptual overlap between the Human-AI dimensions and the leadership
items [46]. Readers should interpret this as reflecting strong shared variance rather than a
causal relationship.

4.3.2. Model Comparison and Fit Indices

Model fit was evaluated following the two-index strategy recommended by Hu and
Bentler [51]: the combination of SRMR = 0.03 (<0.08) and CFI = 0.95 (>0.95) provides
acceptable evidence of fit for Model 1. Model 1 (FIML) demonstrated a substantially supe-
rior global fit, reaching acceptable values for CFI (0.95) and TLI (0.93), both exceeding the
recommended threshold of 0.90 [51]. ML/FIML was used as the primary estimator. Robust
maximum likelihood (MLR) yielded consistent parameter estimates with an improved RM-
SEA (=0.11), whereas the item-level WLSMYV analysis confirmed the structural coefficient
(B = 0.96) with acceptable model fit (RMSEA = 0.07; CFI = 0.96) [51,59].

However, the RMSEA value for Model 1 (0.13; 90% CI [0.10, 0.16]) constitutes a major
limitation of the present model: it exceeds Browne and Cudeck’s [52] threshold of <0.08
for acceptable fit and approaches their cutoff of > 0.10 for poor fit. The elevated RMSEA
is acknowledged as a limitation; however, Kenny et al. [59] demonstrate that RMSEA is
systematically inflated in models with small degrees of freedom (df < 30), which applies
to the present specification (df = 19). Consistent with their recommendation, incremental
and residual-based indices (CFI, TLI, SRMR) are prioritized in the overall fit evaluation.

4.3.3. Common Method Variance

Three diagnostic procedures were applied. Harman’s first unrotated factor accounted
for 48.8% of the total variance, remaining below the conventional 50% benchmark. A one-
factor CFA exhibited poor model fit (CFI = 0.77) relative to the eight-factor measurement
model (CFI = 0.89), indicating that the covariance structure cannot be explained by a
single common method factor. An unmeasured common latent factor (CLF) accounted for
approximately 41% of the common variance; however, because this model is only weakly
identified, this estimate should be interpreted as approximate [60]. Overall, common
method variance (CMV) remains a material but only partially mitigated concern given the
single-source, cross-sectional research design (Supplementary Table S4).

5. Discussion

The present study investigated the association between Human—AI Interaction and
leadership within an organizational context. The findings provide substantial evidence
that Human-AlI interaction covaries strongly with Leadership, showing a high degree of
shared variance under the specified model. This result should be interpreted as evidence of
a strong statistical association rather than as evidence that Human—AlI Interaction causally
explains leadership outcomes [12,20].

5.1. Theoretical Implications

The strong structural association suggests that leadership in Al-intensive organizations
is closely related to the quality of interaction with complex technological systems. However,
given the cross-sectional and single-source design, this finding should not be interpreted
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as evidence that Human—AlI Interaction causally shapes leadership outcomes. This aligns
with complexity leadership theory [61] and socio-technical systems research [12], which
view leadership as an emergent property of human-technology joint systems rather than
an individual trait. Innovation (Innovat) emerged as the dimension with the highest factor
loading (0.88), consistent with the measurement model results, and showed the strongest
correlation with Leadership Effectiveness (rs = 0.73). This underscores that leadership in
emerging economies is increasingly defined by the capacity to foster innovation-oriented
environments through AI[11,40].

The significant association between Ethical Governance (Gobethic) and Leadership
Effectiveness (rs = 0.71) reinforces the growing importance of moral accountability in
digital leadership [36,37]. This dimension’s somewhat stronger association with Organiza-
tional Sustainability (rs = 0.63) compared to some other interaction dimensions suggests
a differentiated role of ethical governance in sustainability-related outcomes, indicating
a functional differentiation between dimensions that future studies with larger samples
should test formally.

The finding that Human—AI dimensions jointly account for such a large proportion of
variance in Leadership also invites caution. From an HTMT perspective [58], such high
shared variance may signal conceptual proximity between the predictor and leadership
constructs—particularly for items measuring innovation leadership and Al-governance
leadership, which may partially overlap with the Leadership items [46]. Future studies
should report discriminant validity evidence directly. Specifically, the Fornell-Larcker
criterion identified 19 of the 28 inter-construct correlations as exceeding the recommended
threshold, while the aggregate Human—AlI versus Leadership HTMT was 0.875, indicating
substantial shared variance and limited discriminant validity between the predictor and
outcome constructs [58].

5.2. Practical Implications

The findings offer practical implications for organizations operating in emerging
digital economies. In the Colombian context, where Al adoption is shaped by uneven
digital capabilities, developing regulatory frameworks, and heterogeneous organizational
resources, Human—AlI Interaction should be managed as a socio-technical process rather
than as a purely technological implementation [1,18,26].

Organizations should first establish Al governance committees or Al ethics boards
to define principles, review high-risk Al applications, and monitor the consequences of
Al-supported decisions. These bodies should include technical, managerial, legal, and
human talent perspectives, particularly when Al is used in recruitment, performance
evaluation, promotion, customer segmentation, credit assessment, or other high-impact
decisions. Such governance mechanisms are consistent with the need for transparency,
fairness, accountability, and responsible Al deployment [20,36]. Second, firms should im-
plement periodic bias and impact audits to evaluate whether algorithmic outputs generate
systematic disadvantages, whether training data are appropriate for the local context, and
whether managers understand the limits of Al-generated recommendations [20,24,36,60].

Third, organizations should strengthen Al and data literacy among managers and
middle-level leaders. Leadership development programs should include training in algo-
rithmic interpretation, human oversight, digital ethics, data protection, and responsible
decision-making. This is especially important because Al adoption depends not only on
technical availability, but also on perceived usefulness, trust, and the capacity of users to
integrate digital tools into organizational routines [27,30,37]. Fourth, firms should conduct
user-experience pilots before scaling Al solutions across business units. These pilots should
assess usability, trust, perceived usefulness, workflow integration, and resistance to techno-
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logical change [3,27,29]. Finally, innovation-oriented Al strategies should be connected to
organizational learning mechanisms, allowing managers and employees to identify use
cases, evaluate results, share lessons learned, and adjust Al practices according to ethical,
operational, and strategic criteria [10,18,39].

These recommendations may be transferable to other emerging economies when
similar conditions are present, including uneven digital infrastructure, developing Al regu-
lation, limited experience with algorithmic governance, and the need to balance innovation
with social responsibility [1,26,34]. However, organizations in countries with different
regulatory frameworks, higher levels of digital maturity, or stronger institutional oversight
should adapt these measures to their own governance requirements, data protection stan-
dards, labor regulations, and sector-specific risks. Thus, the practical implications should
be interpreted as context-sensitive guidance rather than universal prescriptions.

5.3. Limitations

Several limitations must be acknowledged. First, the cross-sectional, single-source
design introduces substantial common method variance risk [46], which is the most plau-
sible alternative explanation for the very high R? (0.91) and B (0.95) values. Procedural
mitigants (anonymity, absence-of-correct-answers framing) were employed, but CMV can-
not be formally ruled out without multi-source data or a longitudinal design. Second, in
the original parcel-level specification, the Leadership construct was measured with two
parceled indicators (Manage, Sustain), restricting degrees of freedom and contributing
to the elevated RMSEA (0.13) [52,53]. Third, the sample of 170 participants is adequate
but modest for SEM, and the average of approximately 3.3 respondents per organization
suggests potential intra-organizational clustering. Because the dataset did not include a
reproducible organization-level identifier, cluster-robust standard errors and multilevel
SEM could not be estimated. Future studies should collect sufficient organization-level
identifiers and observations per organization to model nested data structures explicitly.
Fourth, the data are drawn exclusively from Colombian organizations, limiting generaliz-
ability across other emerging economies. Fifth, the cross-sectional design precludes causal
inference; throughout this manuscript, the term “predictor” refers to statistical association,
not temporal or causal precedence.

5.4. Future Research Directions

Future research should address several methodological and theoretical extensions of
the present study. First, longitudinal designs are needed to examine whether Human-AlI
Interaction precedes changes in Leadership Effectiveness and Organizational Sustainability
over time. The cross-sectional design used in this study allows the estimation of statistical
associations, but it does not establish temporal precedence or causal direction. Longitudinal
studies would make it possible to assess whether improvements in Al governance, user
experience, innovation, or productivity are followed by subsequent changes in leadership-
related outcomes.

Second, future studies should use multi-source data to reduce the risk of common
method variance. The present study relies on self-reported perceptions collected from the
same respondents at a single point in time. Subsequent research could combine managerial
surveys with employee evaluations, objective organizational indicators, Al system usage
data, performance metrics, or external assessments of governance practices. This would
help distinguish substantive associations from shared-method effects and would provide
a more robust test of the relationship between Human—AlI Interaction and leadership-
related outcomes.
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Third, multilevel research designs are recommended. Since respondents are nested
within organizations, future studies should collect sufficient observations per organization
to estimate multilevel SEM models. Such models would allow researchers to distinguish
individual-level perceptions from organization-level Al capabilities, governance structures,
and innovation climates. This distinction is particularly important in Al-intensive envi-
ronments, where leadership and technology adoption may depend not only on individual
perceptions but also on organizational routines, resources, and institutional conditions.

Fourth, the Leadership construct should be expanded and refined. Future versions of
the instrument should include a broader set of leadership indicators beyond Leadership
Effectiveness and Organizational Sustainability. Additional indicators could capture ethical
leadership, adaptive leadership, digital leadership, strategic decision-making, change lead-
ership, and human oversight of Al-supported decisions. A more extensive measurement
structure would improve construct validity, increase model stability, and allow researchers
to examine whether different forms of leadership relate differently to the dimensions of
Human-AlI Interaction.

Fifth, experimental or quasi-experimental studies would help evaluate the effects of
specific Al-related interventions. For example, future research could examine whether
Al governance training, bias-audit protocols, user-experience pilots, or Al literacy pro-
grams improve leadership-related outcomes. Such designs would provide stronger evi-
dence about mechanisms and would complement the associative evidence provided by
cross-sectional SEM.

Finally, international validation is necessary to assess the generalizability of the pro-
posed model. Future studies should replicate the instrument and structural model in
other emerging economies and, where possible, compare them with organizations in more
digitally mature contexts. Cross-national validation would help determine whether the
association between Human—AlI Interaction and leadership is stable across institutional
environments or whether it varies according to regulatory maturity, digital infrastructure,
sectoral composition, and cultural expectations regarding technology and leadership.

6. Conclusions

This study empirically evaluated the relationship between Human-AI Interaction and
leadership in Colombian organizations through a Structural Equation Modeling (SEM)
approach. The results provide evidence of a strong statistical association between Hu-
man-Al Interaction and leadership, operationalized through Leadership Effectiveness and
Organizational Sustainability. This association suggests that leadership-related perceptions
and Human-AI Interaction dimensions are closely connected in Colombian organizations.

The study’s two hypotheses were supported. First, the measurement model confirmed
that the eight dimensions measured by the instrument adequately represent the proposed
latent constructs. Second, Human-AlI Interaction exhibited a strong and statistically sig-
nificant positive association with Leadership. The findings of this study confirm that
Human-AlI Interaction is a robust and statistically significant correlate of leadership in
contemporary Colombian organizations. The structural model indicates a high degree of
shared variance between Human-AlI Interaction and Leadership under the specified model.
This high degree of shared variance suggests that perceptions of leadership are closely
intertwined with the socio-technical interplay between human actors and Al systems. How-
ever, this interpretation remains associative and should be validated through longitudinal,
multi-source, and cross-national research designs.

Specifically, the results underscore that innovation-oriented interaction and ethical
governance are the primary correlates of management effectiveness. These dimensions
do not merely support leadership tasks but act as structural components that reconfig-
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ure organizational authority. Consequently, organizations must prioritize the develop-
ment of ethical oversight mechanisms and technological literacy to ensure sustainable
management outcomes.

Future research should address the following priorities: (1) longitudinal and experi-
mental designs to establish temporal precedence and provide stronger evidence regarding
causal mechanisms; (2) expanded measurement models for both Human—AI and Leader-
ship constructs; (3) multi-source data to mitigate common method variance; (4) multilevel
SEM to account for organizational clustering; (5) expanded structural models incorporating
mediating and moderating mechanisms that may help clarify the association between
Human-AI Interaction and Leadership; and (6) replication in other emerging economies
to assess cross-national generalizability. Human-Al Interaction should be treated as
a strategic component of leadership development programs operating in Al-intensive
organizational environments.

Supplementary Materials: The following supporting information can be downloaded at https:
/ / github.com/rodzarate /IAM (accessed on 6 July 2026), Table S1: Convergent validity: Composite
reliability (CR) and average variance extracted (AVE). Table S2: Discriminant validity—Fornell-
Larcker criterion. Table S3: Discriminant validity—heterotrait-monotrait ratio (HTMT); and Table S4:

Common-method-variance diagnostics.
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