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Abstract

Hybrid frameworks combine structural modelling, machine learning, and explainable arti-
ficial intelligence (AI) to evaluate human–AI Strategic Decision Support Systems (SDSSs).
However, their methodological reliability requires systematic assessment. This study evalu-
ates a hybrid framework integrating partial least squares path modelling (PLS-PM), predic-
tive machine learning, and explainable AI. It uses a reproducible Monte Carlo simulation
based on the Millennial Leader–AI Agent Resistance (MLAAR) model. The model includes
six socio-technical antecedents, strategic decision-making effectiveness, and institutional
resilience. The experiment uses a 3 × 2 × 2 factorial design. It examines three sample sizes
(N = 200, 500, and 1000), two antecedent-correlation levels (ρ = 0.0 and 0.3), and two func-
tional forms (linear and nonlinear). Each condition includes 100 replications, producing
1200 synthetic datasets. Structural recovery, bootstrap inference, predictive accuracy, and
feature importance are evaluated against known population parameters. Mean relative
coefficient bias increased in magnitude from −11.65% under independent antecedents to
−29.97% under correlated antecedents. Correct identification of the strongest population
antecedent increased from 70.0% to 96.3% as sample size increased. However, struc-
tural and SHAP predictor rankings agreed exactly only 22.3% of the time. Indirect-effect
confidence-interval coverage declined from 65.8% to 9.8%, despite consistent statistical
detection. Ordinary least squares regression achieved the highest average cross-validated
predictive accuracy among the evaluated algorithms. These findings show that predictive
accuracy, statistical detection, and predictor-ranking agreement do not guarantee accurate
structural recovery. The study provides a reproducible framework for evaluating hybrid
explanatory–predictive methods. Independent empirical validation remains necessary
before applying the framework to organisational decision-making.

Keywords: agentic artificial intelligence; Strategic Decision Support Systems; managerial
resistance; structural equation modelling; explainable machine learning; decision authority;
human–AI collaboration; institutional resilience; Industry 5.0
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1. Introduction
Artificial intelligence (AI) is transforming Strategic Decision Support Systems (SDSSs).

Intelligent agents can analyse complex information, evaluate alternatives, generate recom-
mendations, and perform decision-related tasks with increasing autonomy [1–4]. These
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capabilities can improve analytical efficiency and organisational responsiveness. However,
they also raise concerns about managerial authority, transparency, trust, accountability,
and human oversight [5,6]. These challenges are particularly relevant to Industry 5.0.
This paradigm emphasises human-centricity, organisational resilience, and the responsible
integration of intelligent technologies [2,7].

Consequently, human–AI strategic decision-making requires analytical frameworks.
These provide clear theoretical explanations and reliable predictive evidence. The pro-
cess involves interconnected technological, behavioural, and organisational factors. AI
Agent Autonomy (AIAA) refers to intelligent agents’ operational independence. In con-
trast, AI Decision Opacity (AIDO) refers to the difficulty of understanding algorithmic
recommendations [8,9].

Perceived Decision-Authority Threat (PDAT) reflects concerns about the potential
loss of managerial discretion. In contrast, Human–AI Trust (HAIT), AI Governance and
Human Oversight (AIGO), and Human-Centric AI Orientation (HCAIO) reflect conditions
related to confidence, accountability, and meaningful human participation [10–13]. These
six antecedents form the theoretical foundation of Millennial Leader–AI Agent Resistance
(MLAAR). They also provide a basis for examining its proposed relationships with Strategic
Decision-Making System Effectiveness (SDMSE) and Institutional Resilience (IR).

Recent research has increasingly combined structural modelling, machine learning,
and explainable AI to examine complex socio-technical relationships. Partial least squares
path modelling (PLS-PM) estimates theoretically specified structural associations. Machine-
learning algorithms evaluate predictive performance and can capture nonlinear relation-
ships [14–18].

SHapley Additive exPlanations (SHAP) help explain how predictors contribute to
model predictions [19,20]. These methods provide complementary analytical perspectives.
However, they measure different statistical quantities. Structural coefficients estimate
model-dependent associations. Predictive metrics assess generalisation accuracy. SHAP
values explain predictions generated by fitted models. Agreement between these results
does not necessarily indicate accurate recovery of the underlying population relationships.

Despite advances in hybrid explanatory–predictive frameworks, four methodological
gaps remain. First, measurement errors, ordinal indicators, and correlated antecedents may
affect structural coefficients. These factors can introduce systematic estimation bias [21–23].
Second, superior predictive performance does not confirm the underlying functional form.
Linear models may outperform nonlinear alternatives under certain sample sizes and
modelling conditions [24,25]. Third, SHAP importance and structural coefficients measure
different aspects of predictor relationships.

Therefore, agreement between their rankings can be difficult to interpret. This issue is
particularly important when predictors are correlated [26,27]. Fourth, statistically signifi-
cant direct and indirect associations may coexist with biased estimates. Confidence intervals
may also inadequately cover the true population parameters [23,28]. These limitations high-
light the need for systematic methodological evaluation. Such evaluation is essential before
drawing substantive conclusions from integrated explanatory and predictive analyses.

Monte Carlo simulation provides an appropriate approach to examining these method-
ological concerns. This is possible because the generating relationships and population
parameters are known [26,27], unlike observational studies, where the true underlying
coefficients are generally unknown [28]. A controlled simulation permits direct assessment
of estimation bias and root mean squared error (RMSE). It also assesses directional recovery,
predictor-ranking accuracy, bootstrap confidence-interval coverage, and out-of-sample
predictive performance.
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Accordingly, the present study evaluates the reliability of a hybrid PLS-PM–machine
learning–SHAP framework. The MLAAR model is used as a theoretically specified sim-
ulation population rather than an empirically validated representation of managerial
behaviour. The experiment employs a 3 × 2 × 2 factorial design comprising three sample
sizes (N = 200, 500, and 1000), two antecedent-correlation conditions (ρ = 0.0 and 0.3), and
two generating functional forms (linear and nonlinear). Each of the 12 conditions includes
100 independent replications, producing 1200 synthetic datasets.

The analytical pipeline integrates reflective Mode-A PLS-PM, bootstrap estimation
of structural and indirect associations, five-fold cross-validated prediction using ordi-
nary least squares regression (OLS), gradient boosting, and artificial neural networks
(ANNs), and SHAP attribution based on held-out observations. The study addresses five
research questions:

RQ1. How accurately does PLS-PM recover the MLAAR population coefficients across
different sample sizes, antecedent correlations, and functional forms?
RQ2. How accurately do PLS-PM and SHAP recover the true population predictor rankings?
RQ3. How accurately do the methods recover the direct and indirect associations between
MLAAR and IR?
RQ4. How does the cross-validated predictive performance of OLS, gradient boosting, and
ANN differ under linear and nonlinear conditions?
RQ5. What methodological limitations arise when integrating PLS-PM, machine learning,
and SHAP in human–AI SDSSs?

The study makes three main contributions. First, it develops a reproducible simulation
framework with known population parameters. This framework evaluates structural
coefficient recovery and mediation inference. Second, it distinguishes population-ranking
recovery from agreement between PLS-PM and SHAP importance. This distinction clarifies
the limitations of convergence between explanatory and predictive methods.

Third, the study systematically compares linear and nonlinear predictive methods
under controlled simulation conditions. It examines why predictive accuracy cannot inde-
pendently confirm structural validity. Together, these contributions provide methodological
guidance for evaluating hybrid analytical frameworks.

The remainder of the article is organised as follows. Section 2 presents the theoret-
ical background and hypotheses. Section 3 describes the population-generating model,
Monte Carlo simulation design, and analytical procedures. Section 4 reports the structural,
predictive, mediation, and explainability results. Section 5 discusses the main findings.
Section 6 presents the study’s implications. Section 7 discusses limitations and future
research directions. Finally, Section 8 presents the conclusions.

2. Literature Review and Hypothesis Development
2.1. Technological Conditions and Resistance to Agentic AI

Agentic artificial intelligence (AI) is transforming Strategic Decision Support Systems
(SDSSs). Intelligent systems can analyse alternatives, generate recommendations, and
perform delegated decision-related tasks. These capabilities may improve efficiency and
responsiveness. However, they also raise concerns about managerial control, transparency,
and accountability [3,13].

User-resistance theory can explain managerial resistance to AI. In this theory, resistance
is a behavioural response to a perceived threat created by a new system, rather than a
simple lack of acceptance [29,30]. Status quo bias theory adds that users weigh the expected
gains of change against switching costs and possible losses, and that perceived losses
usually weigh more heavily than equal gains [29]. Research on algorithm aversion supports
this view.
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People often prefer human judgement to algorithmic advice, particularly after ob-
serving algorithmic errors and in tasks that seem subjective or consequential [6,31–33].
Agentic AI intensifies these concerns. Unlike conventional decision aids, AI agents can
plan, act, and coordinate tasks with limited human input [10,34]. Human and machine
agency therefore become intertwined in organisational decisions [35]. This creates new
uncertainty about who controls a decision and who is accountable for its outcome [36,37].
The MLAAR framework applies this reasoning to Millennial leaders. This cohort entered
leadership roles alongside digital technologies. However, generational research shows that
work values differ across cohorts [38–40]. Familiarity with technology therefore does not
imply unconditional acceptance of delegated authority for AI decisions.

Within the Millennial Leader–AI Agent Resistance (MLAAR) framework, two tech-
nological factors are particularly relevant. These are AI Agent Autonomy (AIAA) and
AI Decision Opacity (AIDO). AIAA refers to the extent to which AI agents perform tasks
without continuous human supervision. Greater autonomy may limit opportunities for
managerial intervention. It may also increase uncertainty about responsibility for deci-
sions [28–32].

AIDO refers to the difficulty of understanding how AI agents process information and
generate recommendations. Limited transparency may reduce decision-makers’ confidence
in evaluating AI-generated outputs. This concern matters most when decisions involve
uncertainty and institutional accountability [33–36].

AIAA is expected to increase resistance because people perceive a loss of control.
Models of automation levels show that higher autonomy shifts information acquisition,
decision selection, and action implementation from humans to machines [41–43]. Each shift
reduces opportunities for human intervention. Research on decision automation indicates
that people respond more negatively to automated decisions than to augmented decisions
in which humans keep final authority [37].

Studies of algorithm aversion also show that people accept imperfect algorithms more
readily when they can modify the output [44]. Removing this possibility should therefore
increase resistance. In status quo-bias terms, leaders weigh lost control as a switching
cost [29]. AIDO is expected to increase resistance through uncertainty and accountability
concerns. Opacity arises from technical complexity, commercial secrecy, and the mismatch
between high-dimensional machine learning and human reasoning [45].

When leaders cannot understand a recommendation, they cannot easily verify it or
justify it to stakeholders [46,47]. Experimental evidence shows that explainability increases
trust in and acceptance of AI [48,49]. Algorithmic transparency also improves the perceived
trustworthiness of automated decisions [50]. Therefore, opacity increases resistance, mainly
because leaders remain accountable for decisions they cannot fully explain.

Although related, autonomy and opacity represent different technological character-
istics. Autonomy concerns who acts. Opacity concerns whether people can understand
the reasoning behind an action [51]. A highly autonomous system can be transparent, and
an advisory system can be opaque. Both are expected to increase resistance, but through
separate mechanisms. Based on these theoretical considerations, the following hypotheses
are proposed:

H1. AIAA is positively associated with MLAAR.

H2. AIDO is positively associated with MLAAR.

2.2. Human–AI Interaction, Governance, and Human-Centricity

Managerial resistance to agentic AI stems from both technological and organisational
factors. Perceptions of decision authority, trust, and institutional safeguards also play
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important roles. Moreover, the MLAAR framework includes four additional antecedents:
Perceived Decision-Authority Threat (PDAT), Human–AI Trust (HAIT), AI Governance
and Human Oversight (AIGO), and Human-Centric AI Orientation (HCAIO). PDAT is a
risk factor, whereas HAIT, AIGO, and HCAIO are mitigating factors.

PDAT reflects concerns that AI agents may reduce managerial discretion, professional
influence, or control over strategic decisions [1,32,52]. It is expected to be the most proximal
antecedent of resistance. User-resistance theory holds that resistance arises when people
perceive a threat to their position, status, or power [30]. Lapointe and Rivard showed
that perceived threats to individuals’ and groups’ power trigger resistance at several
organisational levels [30,31].

Research on algorithmic management also shows that algorithms can reshape work-
place control and provoke resistance from those whose authority is affected [53]. Managers
may see delegated AI decision-making as a threat to their professional role [36–39]. AIAA
and AIDO describe technology. In contrast, PDAT describes how a leader appraises the
personal consequences of the technology. Such threat appraisals are expected to predict
resistance more directly than system characteristics [29,30].

HAIT reflects confidence in the reliability and appropriate functioning of AI-supported
recommendations. Trust is the willingness to be vulnerable to another party whose actions
cannot be fully monitored [54]. It therefore matters most when AI agents act autonomously.
Trust in automation guides reliance when users cannot fully understand a system [42].
Reviews of empirical research identify trust as a central determinant of AI adoption in
organisations [8].

Recent studies also show that higher trust increases the weight that decision-makers
give to AI advice [55,56]. Calibrated trust can reduce unnecessary resistance while preserv-
ing critical human judgement [42]. HAIT is therefore expected to be negatively associated
with MLAAR. AIGO refers to institutional arrangements for monitoring AI-supported
decisions, assigning responsibility, and allowing human intervention and override [57–59].
Responsible AI governance translates ethical principles into structural, procedural, and
relational practices within organisations [60].

Such safeguards reduce uncertainty about accountability when an AI agent errs [61].
Monitoring and overriding algorithmic outputs also reduce algorithm aversion [44]. How-
ever, governance is expected to act on resistance partly through trust and perceived control.
Its unique association with MLAAR is therefore expected to be negative but weaker than
that of HAIT. HCAIO reflects an organisational commitment to supporting human exper-
tise rather than replacing managerial judgement. It aligns with Industry 5.0, which places
human well-being, agency, and resilience at the centre of technological integration [2,7,62].

Human-centred AI aims to combine high levels of automation with high levels of
human control [3]. Augmentation-oriented uses of AI also tend to pose less of a threat
than automation-oriented uses [36,37]. When leaders see that AI is designed to augment
their judgement, delegation becomes less threatening. HCAIO is therefore expected to be
negatively associated with MLAAR. Together, these four constructs represent complemen-
tary but theoretically distinct dimensions of human–AI decision support. Based on these
theoretical considerations, the following hypotheses are proposed:

H3. PDAT is positively associated with MLAAR.

H4. Human–AI Trust (HAIT) is negatively associated with MLAAR.

H5. AI Governance and Human Oversight (AIGO) is negatively associated with MLAAR.

H6. Human-Centric AI Orientation (HCAIO) is negatively associated with MLAAR.
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2.3. MLAAR, SDMSE, and IR

The effects of managerial resistance may extend beyond individual attitudes towards
AI. Strategic Decision-Making System Effectiveness (SDMSE) refers to a human–AI sys-
tem’s ability to support informed, timely, and contextually appropriate decisions [9,13,63].
Strategic decision effectiveness depends on the quality of information processing and on
how fully available analytical resources are used [64].

Resistance can reduce SDMSE in three ways. Leaders may ignore or override accurate
AI recommendations [5,37]. They may restrict the information and tasks they delegate
to AI agents. They may also delay decisions while seeking human confirmation. Hybrid
intelligence is effective only when human and machine contributions are combined [9,11].
Resistance weakens this combination. Greater MLAAR is therefore expected to be associ-
ated with lower SDMSE.

Institutional Resilience (IR) refers to an organisation’s ability to anticipate challenges,
cope with disruptions, and adapt to change [65,66]. Duchek describes resilience as a set
of capabilities for anticipating, coping with, and adapting to change [56]. Each capability
depends on effective decision-making. Anticipation requires accurately interpreting early
signals. Coping requires timely decisions under pressure. Adaptation requires learning
from decision outcomes.

Effective human–AI decision systems can strengthen these capabilities by improving
information processing, coordination, and responsiveness. SDMSE is therefore expected to
be positively associated with IR. Combining these arguments implies an indirect relation-
ship between MLAAR and IR through SDMSE. Resistance is expected to weaken resilience
partly because it reduces decision effectiveness.

However, resistance may also affect resilience through other channels, such as slower
organisational learning and slower technological adaptation. The model therefore does not
assume complete mediation. It retains a direct pathway between MLAAR and IR, in line
with current guidance on testing indirect effects alongside direct effects [67–70]. Based on
these theoretical considerations, the following hypotheses are proposed:

H7. MLAAR is negatively associated with SDMSE.

H8. SDMSE is positively associated with IR.

H9. MLAAR has a negative indirect association with IR through SDMSE.

The nine hypotheses provide the theoretical foundation for the Monte Carlo simulation.
Each hypothesis is represented by a prespecified population coefficient (Tables 1 and 2).
These coefficients are nominal design values, not empirical estimates. Their signs follow
the hypothesised directions, and their relative sizes follow the arguments above.

Table 1. Prespecified Population Coefficients for the MLAAR Antecedents.

Hypothesis Structural Relationship γ

H1 AIAA → MLAAR 0.240

H2 AIDO → MLAAR 0.260

H3 PDAT → MLAAR 0.370

H4 HAIT → MLAAR −0.180

H5 AIGO → MLAAR −0.090

H6 HCAIO → MLAAR −0.210
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Table 2. Prespecified Downstream Structural and Mediation Parameters.

Hypothesis Structural Relationship Parameter Population Value

H7 MLAAR → SDMSE a −0.400

H8 SDMSE → IR b 0.450

H9 MLAAR → SDMSE → IR ab −0.180

Additional direct pathway MLAAR → IR c′ −0.100

Total association MLAAR → IR c′ + ab −0.280

PDAT receives the largest coefficient (0.37) because it is the most proximal, person-
level appraisal of threat. AIDO (0.26) and AIAA (0.24) receive smaller positive coefficients
because they describe system characteristics whose influence is expected to operate partly
through threat appraisals. Among the mitigating factors, HCAIO (−0.21) and HAIT (−0.18)
receive similarly sized, moderate negative coefficients. AIGO (−0.09) has the smallest
coefficient because it is expected to operate largely through trust and perceived control.

All six values lie in the small-to-medium range of standardised effects [68]. This range
avoids both trivial and implausibly large effects, providing a realistic test of estimator accu-
racy. The downstream coefficients are MLAAR → SDMSE = −0.40, SDMSE → IR = 0.45,
and MLAAR → IR = −0.10. The resulting indirect association is −0.18. It accounts for
about 64% of the total association (−0.28), which represents partial mediation. Table A4
(Appendix C) summarises the theoretical basis, mechanism, key sources, and population
value of each hypothesis.

Figure 1 illustrates the theory-derived MLAAR framework and its prespecified popula-
tion coefficients. The subsequent Monte Carlo analysis evaluates the accuracy of the hybrid
analytical framework. It examines how reliably structural modelling and explainable
machine-learning methods recover these known population relationships.

 

Figure 1. The theory-derived MLAAR framework.
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2.4. Research Gap Synthesis and Conceptual Contribution

Existing research on agentic artificial intelligence (AI), algorithmic decision-making,
and human–AI collaboration has improved our understanding of autonomy, transparency,
managerial authority, trust, and organisational governance [41–45]. However, four inter-
connected research gaps remain. These gaps are particularly relevant to developing and
evaluating hybrid analytical frameworks for Strategic Decision Support Systems (SDSSs).

First, the socio-technical integration gap concerns the limited examination of techno-
logical, human, and organisational factors within a unified structural framework. Previous
studies have examined these factors separately or in different combinations. However, esti-
mating their relationship can be challenging. Measurement error and correlations between
antecedents may affect estimation accuracy. The Millennial Leader–AI Agent Resistance
(MLAAR) framework addresses this conceptual gap. It integrates six theoretically distinct
antecedents into a common structural model.

Second, the organisational outcome gap concerns the relationships between manage-
rial resistance, Strategic Decision-Making System Effectiveness (SDMSE), and Institutional
Resilience (IR). These constructs are important for understanding human–AI strategic
decision-making. However, estimating their direct and indirect associations requires care-
ful model specification. It also requires reliable statistical inference. Therefore, the proposed
framework includes a partial-mediation structure. It does not assume that SDMSE fully
mediates the relationship between MLAAR and IR [23,67].

Third, the methodological reliability gap concerns integrating structural modelling,
predictive machine learning, and explainable AI. Partial least squares path modelling
(PLS-PM), predictive algorithms, and SHapley Additive exPlanations (SHAP) provide com-
plementary analytical evidence [22]. However, their outputs measure different statistical
quantities. Structural coefficient accuracy, predictive performance, and feature-importance
agreement do not measure the same aspect of model validity. Moreover, statistically signifi-
cant associations may coexist with biased estimates. Confidence intervals may also fail to
cover the true population parameters adequately [23,28].

Fourth, the validation and interpretation gap concerns evaluating hybrid analytical
frameworks when the true population relationships are unknown. Agreement between
structural coefficients and SHAP rankings does not confirm accurate recovery of the true
predictor ordering. Similarly, strong predictive performance does not establish struc-
tural accuracy. It also does not provide sufficient evidence to justify specific managerial
interventions. Known-parameter simulation offers a controlled approach to examining
these limitations. It allows researchers to assess analytical reliability before drawing
substantive conclusions.

The present study addresses these four gaps through a reproducible Monte Carlo
simulation. It uses the theory-derived MLAAR framework as a prespecified population
model. The main objective is to evaluate the reliability of structural coefficient recovery,
partial-mediation inference, predictive performance, and SHAP-based predictor rankings.
We conduct these evaluations under controlled generating conditions. The study also
distinguishes the recovery of known population relationships from agreement between
estimated analytical outputs. This distinction provides a clearer basis for interpreting
convergence between explanatory and predictive methods [27,71].

2.5. Related Methodological Work on Hybrid Structural–Predictive Frameworks

Hybrid frameworks that combine structural models with machine learning are now
common in information systems and management research. Early applications used a
two-stage SEM–ANN approach. Structural equation modelling first identified significant
predictors. An artificial neural network then ranked these predictors and captured nonlin-
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ear relationships [72,73]. Leong et al. applied this approach to predict resistance to mobile
wallets, a context close to the present study [74].

Later work added explainable AI to these pipelines. Researchers now use SHAP values
to rank predictors and compare predictive importance with structural coefficients [19,20].
Related decision-support studies have also combined structural modelling, educational data
mining, natural language processing, and explainable machine learning [12–15]. A parallel
literature asks how such outputs should be interpreted. Shmueli distinguished explanatory
modelling, which tests causal theory, from predictive modelling, which maximises out-of-
sample accuracy [17].

Hofman et al. argued that the two goals should be integrated but not confused [74].
Guidelines for PLS-SEM now recommend separate assessment of explanatory quality
and out-of-sample predictive power [16,75]. Comparative studies also show that flexible
machine-learning models do not always outperform regression models on structured
data [24,25]. Simulation research has examined the accuracy of PLS-PM itself. Reinartz
et al. and Goodhue et al. compared PLS with covariance-based SEM (CB-SEM) using
known population models [76,77]. Both studies reported that PLS tends to underestimate
structural paths when indicators contain measurement error.

Sarstedt et al. showed that the direction and size of the bias depend on whether
the population model is composite-based or factor-based [78]. Rönkkö et al. questioned
using PLS to infer latent variables [79]. Consistent PLS was developed to correct this
attenuation [48,49]. Yuan et al. showed that the choice of estimator also affects the pre-
cision of mediation estimates [53]. Research on explainable AI raises related concerns.
Shapley values distribute a model’s prediction among its inputs [19,20]. However, the
results depend on how absent predictors are represented, especially when predictors are
correlated [26,27]. Kumar et al. showed that Shapley-based importance does not necessarily
reflect the structure of the data-generating process [80]. Dependence-aware alternatives
have therefore been proposed [26,27].

Table A3 (Appendix C) summarises representative studies from these strands. Few
studies have evaluated all three components together. Most hybrid applications analysed
a single empirical dataset with unknown population parameters. They could therefore
assess agreement between methods, but not accuracy against a known truth. In contrast,
simulation studies of PLS-PM did not examine predictive models or SHAP rankings. The
present study combines these strands. It evaluates structural recovery, mediation inference,
predictive accuracy, and SHAP rankings against the same known population model.

3. Materials and Methods
3.1. Research Design, Population, and Data Generation

This study employed a factorial Monte Carlo simulation to evaluate the method-
ological reliability of a hybrid structural-modelling and explainable machine-learning
framework for human–AI Strategic Decision Support Systems (SDSSs). The Millennial
Leader–AI Agent Resistance (MLAAR) framework and its nine theory-derived hypotheses
(H1–H9) served as the conceptual foundation of the data-generating model. The study
generated synthetic observations from a fully specified population model and assessed
whether the analytical pipeline recovered its known relationships.

The population comprised six exogenous constructs: AI Agent Autonomy (AIAA), AI
Decision Opacity (AIDO), Perceived Decision-Authority Threat (PDAT), Human–AI Trust
(HAIT), AI Governance and Human Oversight (AIGO), and Human-Centric AI Orientation
(HCAIO). The antecedents were generated jointly from a multivariate normal distribution:

ξ ∼ N 6(0, Φ) (1)
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where ξ denotes the six antecedents and Φ is an equicorrelation matrix with diagonal
elements equal to 1 and off-diagonal elements equal to ρ.

MLAAR was generated using

MLAAR* = γTξ + δ NL(ξ) + ζ1 (2)

where γ contains the prespecified antecedent coefficients, δ controls the nonlinear contribu-
tion, and ζ represents normally distributed residual variation.

To examine functional-form sensitivity, the nonlinear component was defined as:

NL(ξ) =
ξAIAAξAIDO +

(︁
ξ2

PDAT − 1
)︁√︁

3 + 5ρ2
(3)

The nonlinear parameter was set to δ = 0 for linear conditions and δ = 0.25 for nonlinear
conditions. The residual variance was specified as max(1 − γTΦγ − δ2, 0.05). MLAAR
was subsequently standardised within each generated dataset. Consequently, the assigned
coefficients represent nominal generating parameters, and comparisons with estimated
standardised coefficients must be interpreted considering this standardisation and the
measurement process [53,80].

The downstream population model incorporated Strategic Decision-Making System
Effectiveness (SDMSE) and Institutional Resilience (IR):

SDMSE = a MLAAR + ζ2 (4)

IR = b SDMSE + c′ MLAAR + ζ3 (5)

The SDMSE residual variance was set to (1 − a2), while the IR residual variance was
set to (1 − (b2 + c′2 + 2abc′)). The model retained the direct MLAAR–IR pathway to avoid
imposing complete mediation.

The Monte Carlo experiment followed a 3 × 2 × 2 factorial design with three sample
sizes N = 200, 500, and 1000, two antecedent-correlation conditions ρ = 0.0 and 0.3 and two
generating functional forms (linear and nonlinear). Each of the 12 conditions comprised
100 independently seeded replications, yielding 1200 synthetic datasets. (see Table 3)

To ensure reproducibility, each experimental condition and replication was assigned a
deterministic random seed:

s = 20,261,014 + 100,000iN + 10,000iρ + 1000if + r (6)

where iN, iρ, and if denote zero-based factor-level indices, and r denotes the replication index.
Equations (1)–(8) were developed for this study. They define the data-generating

process. Equation (1) specifies the antecedent distribution. Equations (2)–(5) de-
scribe the structural relationships. Equation (6) defines the random seed assignment.
Equations (7) and (8) specify the measurement and ordinal-discretisation procedures.
These equations follow general simulation principles described by Morris et al. [46].
They also draw on the reflective measurement approach used in PLS path modelling [48].
However, the parameter values and functional forms were specifically developed for the
MLAAR population model.
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Table 3. Monte Carlo Experimental Design and Computational Specifications.

Component Specification

Research design Factorial Monte Carlo simulation

Population model Theory-derived MLAAR framework

Sample sizes 200, 500, 1000

Antecedent correlation ρ = 0.0 and 0.3

Functional forms Linear and nonlinear

Experimental conditions 12

Replications per condition 100

Total simulated datasets 1200

Latent constructs 9

Indicators per construct 4

Response categories Five-point ordinal

Structural estimator Reflective Mode-A PLS-PM

Bootstrap resamples 100 per replication

Predictive validation Shuffled five-fold cross-validation

Predictive algorithms OLS, gradient boosting, ANN

Explainability Exact interventional Shapley attribution

Base random seed 20,261,014

3.2. Measurement Model and Construct Operationalisation

The measurement model comprised nine reflective constructs: the six MLAAR an-
tecedents, MLAAR, SDMSE, and IR. Each construct was represented by four indicators,
producing 36 observed variables per simulated dataset. This design enabled evaluation of
the analytical pipeline using imperfect ordinal measurements rather than directly observed
latent population values.

For indicator (r) of construct (j), the underlying continuous response was generated as:

y∗jr = λrηj +
√︂

1 − λ2
r εjr (7)

where ηj denotes the generating latent construct, λr represents its indicator loading, and εjr

is an independent standard-normal measurement disturbance. The fixed loading pattern
was (0.72, 0.78, 0.83, 0.88).

Continuous responses were converted into five ordinal categories using thresholds of
−1.90, −0.90, 0.35, and 1.45:

yjr = 1 +
4

∑
k=1

I
(︂

y∗jr > τk

)︂
(8)

where I denotes the indicator function and τk represents the corresponding threshold.
Measurement quality was examined through standardised indicator loadings, Cron-

bach’s alpha, composite reliability (CR), and average variance extracted (AVE). For stan-
dardised reflective indicators, AVE was calculated as:

AVEj =
1

mj

mj

∑
r=1

λ2
jr (9)
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where mj denotes the number of indicators per construct. Composite reliability was calcu-
lated using the corresponding standardised loadings and error variances. Reliability values
of 0.70 and AVE values of 0.50 were used as conventional screening criteria [16,81,82].

Discriminant validity was assessed using the heterotrait–monotrait ratio (HTMT).
A threshold of 0.85 was used for screening. Potential multicollinearity between the six
antecedents was examined using variance inflation factors (VIFs). Values below 3.3 were
considered acceptable based on a conservative screening criterion [16,83]. Particular atten-
tion was given to AIAA, AIDO, and PDAT. These constructs represent conceptually related
but distinct dimensions of AI autonomy, decision transparency, and managerial authority.

This study distinguishes two kinds of loadings. The population loadings λr in
Equation (7) are fixed design values, identical (0.72, 0.78, 0.83, 0.88) for all nine constructs.
The outer loadings reported in Section 4.1 are estimates: correlations between each ordinal
indicator and the construct score produced by the fitted PLS-PM. In Mode A, the outer
weights of an exogenous construct are proportional to the covariances between its indi-
cators and the score of its adjacent endogenous construct [23,48]. For antecedent j, the
population correlation with MLAAR is

Corr
(︁
ξ j, MLAAR

)︁
= γj + ρ∑

k ̸=j
γk (10)

Hence, a construct with a moderate coefficient can have a near-zero marginal correla-
tion when ρ > 0, and its outer weights are then determined largely by sampling error. For
example, with ρ = 0.3, the population correlation of HCAIO with MLAAR is −0.21 + 0.3 ×
0.60 = −0.030.

To separate such estimation effects from the measurement model, three additional
diagnostics were computed: (i) the correlation of each ordinal indicator with its own true
latent variable and its largest correlation with any other latent variable, which verifies
indicator coding and mapping; (ii) unit-weight (mean-of-items) composite loadings, which
do not depend on the structural model; and (iii) the correlation between each PLS-PM
construct score and its true latent variable. These diagnostics were computed for the
illustrative dataset and for all 600 linear-condition replications.

3.3. Structural Model Estimation and Bootstrap Inference

Structural relationships were estimated using reflective Mode-A partial least squares
path modelling (PLS-PM) with centroid inner weighting. The algorithm iteratively es-
timated measurement-block weights and construct scores, using a consistent positive
orientation for the positively keyed indicators.

Following convergence, standardised construct scores were used to estimate the
structural pathways through ordinary least squares regression. The estimated MLAAR
model was:

ˆ︂MLAAR =
6

∑
j=1

γ̂j ξ̂ j + ε̂1 (11)

The downstream structural equations were estimated using the partial-mediation
specification in Equations (4) and (5). The recovered indirect and total associations were
calculated as: ˆ︁IE = âb̂, ˆ︂TE = ĉ′ + âb̂ (12)

Estimated coefficients were compared with the corresponding nominal generating
values in Tables 1 and 2. Structural recovery was evaluated through coefficient bias,
relative bias, root mean squared error (RMSE), and directional accuracy. Predictor-strength
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comparisons used absolute standardised coefficients, without assuming that numerical
differences were statistically significant.

Direct and indirect association uncertainty was assessed using nonparametric boot-
strap resampling. Within each Monte Carlo replication, 100 bootstrap samples were gener-
ated by sampling observations with replacement. The complete PLS-PM procedure was
re-estimated for each bootstrap sample, and percentile-based 95% confidence intervals
were constructed:

CI95%(θ) =
[︁
Q0.025

(︁
θ̂∗
)︁
, Q0.975

(︁
θ̂∗
)︁]︁

(13)

Here, θ̂∗ represents a bootstrap estimate and Q denotes the corresponding empirical
quantile.

Bootstrap performance was evaluated using detection probability (the proportion of
intervals excluding zero) and coverage probability (the proportion containing the known
generating parameter). These measures were distinguished because statistical detection
does not necessarily imply accurate estimation or properly calibrated uncertainty [46,47,83].

Detection and coverage rates were estimated at 100 Monte Carlo replications per
condition. Their Monte Carlo standard errors (MCSEs) were calculated using [46]:

MCSE(ˆ︁p) = √︃ˆ︁p(1 − ˆ︁p)
R

(14)

which is at most 5.0 percentage points for R = 100 and at most 2.5 percentage points when
the four conditions at each sample size are pooled (R = 400). Because confidence-interval
coverage is a primary evaluation criterion and each replication used B = 100 resamples, a
bootstrap sensitivity analysis was conducted for the six linear conditions (N = 200, 500, and
1000; ρ = 0.0 and 0.3).

The same 600 datasets as in the main study (identical seeds) were re-analysed with
B = 1000 percentile-bootstrap resamples, re-estimating the complete PLS-PM model in
each resample. Within each replication, intervals based on the first 100 resamples were
compared with intervals based on all 1000, so both bootstrap budgets were evaluated on
identical datasets.

The separate illustrative dataset was analysed using 5000 bootstrap resamples. It
also included paired coefficient contrasts between PDAT, AIDO, and AIAA. These il-
lustrative contrasts were based on the fitted structural coefficients and their bootstrap
distributions; their individual-dataset results were not pooled with the main Monte Carlo
condition summaries.

3.4. Predictive Modelling and Model Comparison

The predictive component evaluated the ability of six socio-technical antecedents to
predict MLAAR on held-out synthetic observations. To avoid leakage from full-dataset
PLS-PM estimation, predictive variables were represented by prespecified arithmetic means
of their four ordinal indicators:

x(c)ij =
1
4

4

∑
k=1

yijk (15)

where x(c)ij represents the composite score of construct j for observation i.
Three algorithms were evaluated: ordinary least squares (OLS) regression, gradient-

boosted trees, and an artificial neural network (ANN), implemented in scikit-learn [84].
OLS provided an additive benchmark, while gradient boosting and the ANN permitted
more flexible nonlinear prediction. (see Table 4)
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Table 4. Predictive Algorithms and Model Configurations.

Algorithm Implemented Configuration Purpose

OLS Linear regression with intercept Additive benchmark

Gradient boosting
Histogram-based estimator; 300 iterations;

depth 2; learning rate 0.05; L2
regularisation 1.0

Nonlinear prediction

ANN
One hidden layer with 8 neurons; L-BFGS

optimiser; L2 penalty 1.0; maximum
500 iterations

Flexible nonlinear prediction

Each dataset was evaluated using shuffled five-fold cross-validation, with identical
training and testing partitions across algorithms. Data-dependent standardisation was
fitted using only training-fold observations and then applied to the corresponding held-
out observations. The predictions from the five test folds were combined into a single
out-of-fold prediction vector.

Predictive performance was evaluated through the cross-validated coefficient
of determination:

R2
CV = 1 − ∑N

i=1(yi − ŷi)
2

∑N
i=1(yi − y)2 (16)

where yi and ŷi represent the synthetic observed and out-of-fold predicted MLAAR com-
posites, respectively.

Equation (16) is the standard out-of-sample coefficient of determination computed
from cross-validated predictions [25,52]. For each experimental condition, cross-validated
R2 was averaged across the 100 replications. The proportion of replications in which OLS
outperformed gradient boosting was also recorded.

Differences were interpreted as descriptive comparisons of the implemented algo-
rithms rather than evidence of universal algorithmic superiority. The illustrative dataset
was evaluated separately using five repetitions of five-fold cross-validation, producing
25 held-out evaluations. Its additional predictive diagnostics included RMSE and mean
absolute error (MAE).

3.5. Explainable AI and Explanatory–Predictive Convergence

Explainable AI was incorporated using SHapley Additive exPlanations (SHAP) to
assess the contributions of the six antecedents to gradient-boosting predictions [19]. The
analysis used exact interventional Shapley attribution, evaluating all 64 possible coalitions
of the six predictors.

For predictor (j), the Shapley contribution was calculated as:

ϕj(x) = ∑
S⊆F, j/∈S

w(S)[vx(S ∪ {j})− vx(S)] (17)

w(S) =
|S|!(p − |S| − 1)!

p!
(18)

where F denotes the predictor set, p = 6, and vx(S) represents the coalition-specific
reference prediction.

SHAP explanations were generated using held-out observations from the five-fold
cross-validation procedure. Each reference sample included up to 32 training observations.
Up to 200 held-out observations were explained in each replication. All preprocessing
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transformations were fitted using only the corresponding training fold. Global feature
importance was calculated as follows:

ISHAP
j =

1
M

M

∑
i=1

⃓⃓
ϕij

⃓⃓
(19)

where M denotes the number of explained observations. Mean absolute SHAP importance
was used to rank the six antecedents.

Three ranking comparisons were conducted. First, estimated PLS-PM coefficient
rankings were compared with the known population ranking. Second, SHAP importance
rankings were compared with the population ranking. Third, estimated PLS-PM rankings
were compared with SHAP rankings. Spearman’s rank correlation was used to measure
agreement between the rankings. The analysis also recorded how often PDAT was correctly
identified as the strongest antecedent. In addition, it measured the frequency of complete
ranking matches.

These comparisons distinguish population-ranking recovery from agreement between
structural and predictive methods. PLS-PM coefficients represent conditional associations
within a structural model. In contrast, SHAP values represent predictor contributions to
fitted model predictions. Therefore, agreement between the two methods was interpreted
as analytical consistency rather than independent theoretical validation. Moreover, inter-
ventional SHAP does not fully preserve dependencies between correlated predictors. This
limitation may affect feature-importance attribution [50].

3.6. Decision-Support Prioritisation Logic

The final analysis examined how structural coefficients and predictive feature im-
portance could be interpreted together. Its purpose was to evaluate the reliability of
importance-based prioritisation. The analysis focused on socio-technical factors relevant
to human–AI strategic decision support. Structural importance was measured using the
absolute values of estimated PLS-PM coefficients. Predictive importance was measured
using mean absolute SHAP values. Both measures were compared with the known popula-
tion ranking presented in Table 1. The evaluation focused on two aspects. The first was
identifying the strongest antecedent. The second was accurately recovering the complete
ranking of all six predictors.

In the population model, PDAT had the largest absolute generating coefficient. There-
fore, correctly identifying PDAT as the strongest antecedent provided a clear benchmark for
ranking accuracy. However, identifying the highest-ranked predictor does not necessarily
indicate that it is the most appropriate target for organisational intervention. Similarly,
agreement between PLS-PM and SHAP rankings does not establish causal importance. It
also does not justify changes to AI autonomy or delegated authority. Such managerial
decisions require independent validation using real organisational data. They must also
consider system reliability, institutional responsibilities, operational risks, and human
oversight requirements. (see Table 5)

Figure 2 presents the complete computational workflow, from the prespecified MLAAR
population model and synthetic data generation to PLS-PM estimation, bootstrap inference,
cross-validated prediction, SHAP attribution, and performance evaluation. The work-
flow included 12 experimental conditions, with 100 replications per condition, yielding
1200 simulated datasets.
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Table 5. Monte Carlo Performance Criteria for Structural, Predictive, and Prioritisation Reliability.

Evaluation Dimension Performance Criterion Interpretation

Structural recovery Mean bias, relative bias, RMSE Agreement with nominal generating
coefficients

Directional recovery All six coefficient signs correct (%) Recovery of theoretical directions

Population-ranking recovery Spearman correlation Agreement with known predictor
ordering

Strongest-predictor recovery PDAT ranked first (%) Identification of the strongest
population antecedent

Structural–SHAP agreement Identical complete rankings (%) Consistency between estimated
importance orderings

Direct and indirect associations Estimation bias Deviation from population values

Bootstrap inference Detection and 95% CI coverage Statistical detection and interval
calibration

Predictive performance Out-of-fold R2 Predictive generalisation within the
simulation

Predictive model comparison OLS outperforming boosting (%) Paired descriptive performance
frequency

 

Figure 2. Monte Carlo simulation and hybrid structural–predictive analytical workflow.

The Monte Carlo simulation and hybrid structural–predictive analytical workflow
illustrate six stages: population-model specification, synthetic data generation, structural
estimation and bootstrap inference, cross-validated predictive modelling, held-out SHAP
attribution, and evaluation against known population parameters.

The experiment comprises 12 conditions and 100 replications per condition, yielding
1200 simulated datasets. The computational procedures were implemented in Python
3.13 (Python Software Foundation, Wilmington, DE, USA) using NumPy 2.5.3, pandas
3.0.5, SciPy 1.18.1, scikit-learn 1.9.1 (including HistGradientBoost-ingRegressor and ML-
PRegressor), and Matplotlib 3.11.2. The source code, exact soft-ware requirements, and
documentation are available in the supplementary repository (https://doi.org/10.17605
/OSF.IO/BZUYS). The study’s decision-support contribution is methodological: it evalu-
ates whether a hybrid structural and explainable predictive pipeline provides sufficiently
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reliable importance information to warrant further consideration in empirical human–AI
SDSS research.

3.7. Comparative Estimators and Reproducibility

To provide comparative benchmarks and support reproducibility, we reanalysed the
same 1200 datasets using three alternative estimators. The original random seeds were
retained. All estimators used identical bootstrap resamples within each replication (B = 100).
The first estimator was consistent partial least squares (PLSc). It corrects attenuation in
PLS-PM construct correlations using the reliability coefficient ρA [48]. The second was
ordinary least squares (OLS) regression using unit-weight composites, calculated as the
mean of each construct’s indicators. The third was oracle regression using the true latent
scores. Oracle regression is not feasible with ordinary empirical data. However, it provides
a benchmark for distinguishing sampling error from measurement error.

PLSc is undefined when a construct’s ρA falls outside (0, 1] or when the corrected
correlation matrix is not positive-definite [48]. We therefore assessed PLSc admissibility
separately for the antecedent and mediation equations. Only admissible solutions were
included in the PLSc summaries. We evaluated coefficient recovery, bias, root mean squared
error (RMSE), and bootstrap confidence-interval coverage. The same evaluation procedures
were applied to all estimators. Appendix B (Table A2) documents the scripts, random seeds,
software versions, computation times, and repository files.

4. Results
4.1. Data Characteristics and Measurement Quality

The Monte Carlo experiment generated 1200 synthetic datasets across 12 experimental
conditions, with 100 replications per condition. Sample sizes were 200, 500, and 1000;
antecedent intercorrelations were ρ = 0.0 and 0.3; and the generating relationships were
linear or nonlinear. Each dataset contained nine latent constructs, each represented by four
reflective indicators, yielding 36 five-category ordinal variables. All observations were
computationally generated from the population model specified in Section 3; no participant
or institutional records were analysed.

Measurement diagnostics were examined in greater detail using the separate illus-
trative dataset of 681 synthetic observations generated under the linear condition with
ρ = 0.3. Table 6 presents the indicator-loading ranges, internal consistency, and convergent-
validity results.

Table 6. Reflective Measurement Quality in the Illustrative Synthetic Dataset (N = 681).

Construct Loading Range Cronbach’s α CR

AIAA 0.765–0.880 0.834 0.889

AIDO 0.764–0.864 0.840 0.892

PDAT 0.755–0.892 0.837 0.891

HAIT 0.767–0.854 0.842 0.892

AIGO 0.754–0.851 0.848 0.889

HCAIO 0.233–0.824 0.836 0.721

MLAAR 0.791–0.871 0.854 0.901

SDMSE 0.758–0.864 0.837 0.891

IR 0.786–0.878 0.854 0.901
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As shown in Table 6, all constructs exceeded the conventional internal-consistency
criterion of 0.70. However, the estimated PLS-PM outer loadings for Human-Centric
AI Orientation (HCAIO) ranged from 0.233 to 0.824, giving an AVE of 0.423, below the
convergent-validity criterion of 0.50. Because all nine constructs were generated with
the same population loadings (0.72–0.88), this result was examined with the diagnostics
described in Section 3.2 (see Table 7).

Table 7. Measurement Diagnostics for the Illustrative Synthetic Dataset (N = 681).

Construct Item–Own
Latent r Max. Cross r

Unit-Weight
Loadings

(AVE)

PLS-PM
Loadings

(AVE)

r (PLS Score,
True Latent)

r with MLAAR:
Sample

(Population)

AIAA 0.673–0.827 0.286 0.668 0.666 0.918 0.196 (0.285)

AIDO 0.687–0.833 0.255 0.676 0.675 0.916 0.225 (0.299)

PDAT 0.677–0.831 0.339 0.673 0.672 0.921 0.301 (0.376)

HAIT 0.675–0.827 0.260 0.679 0.675 0.915 −0.069 (−0.009)

AIGO 0.693–0.840 0.248 0.687 0.668 0.892 0.042 (0.054)

HCAIO 0.683–0.810 0.264 0.670 0.423 0.710 0.015 (−0.030)

MLAAR 0.701–0.841 0.393 0.696 0.696 0.929 –

SDMSE 0.677–0.828 0.475 0.672 0.672 0.923 –

IR 0.697–0.838 0.466 0.695 0.695 0.930 –

The diagnostics indicate that the HCAIO result arises from PLS-PM estimation rather
than from the measurement model or its implementation. Regenerating the illustrative
dataset from its seed reproduced the published item file exactly. Each HCAIO indicator
correlated 0.683–0.810 with the true HCAIO latent variable, within the range observed for
the other constructs (0.673–0.841), and no indicator correlated more strongly with another
construct’s latent variable than with its own. Unit-weight composite loadings for HCAIO
were 0.791–0.846 (AVE = 0.670; CR = 0.890), matching the other constructs.

In contrast, the PLS-PM outer weights for HCAIO were irregular, with a negative
relative weight on the second indicator (−0.292), and the resulting construct score correlated
only 0.710 with the true HCAIO latent variable, compared with 0.892–0.930 for the other
constructs. The cause is the inner-model signal: with ρ = 0.3, the population correlation
of HCAIO with MLAAR is −0.030, and its sample correlation in this dataset was 0.015.
Its Mode-A outer weights were therefore driven by sampling error rather than by the
common factor.

Across the 600 linear-condition replications, this pattern was systematic rather than
specific to HCAIO or to this dataset (Appendix A, Table A1 and Figure A1). Under ρ = 0.3,
the three antecedents whose population correlation with MLAAR is close to zero—HAIT
(−0.009), AIGO (0.054), and HCAIO (−0.030)—had PLS-PM AVE values below 0.50 in
11–34% of replications, and increasing the sample size did not remove the problem, because
the population signal itself is near zero.

AIAA, AIDO, and PDAT never fell below 0.50. Under ρ = 0.0, the same occurred mainly
for AIGO, the antecedent with the weakest coefficient (|γ| = 0.09; 17% at N = 200 and 1%
at N = 1000). No construct fell below 0.50 under unit weighting in any replication. The low
HCAIO loading and AVE therefore reflect the interaction between the antecedent design
and Mode-A outer weighting, not an error in indicator coding, mapping, or implementation.

Discriminant-validity and collinearity diagnostics were comparatively favourable. The
maximum heterotrait–monotrait ratio (HTMT) was 0.549, while variance inflation factors
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(VIFs) between the six MLAAR antecedents ranged from 1.104 to 1.169. The maximum
absolute correlation between any two antecedent latent scores was approximately 0.250.

These results indicated no substantial overlap or multicollinearity under the selected
screening criteria, including AIAA, AIDO, and PDAT. The HCAIO result discussed above
therefore concerns PLS-PM outer weighting rather than overlapping or collinearity among
the antecedents. Complete diagnostics are provided in the supplementary measurement,
HTMT, latent-correlation, and VIF files.

4.2. Structural Coefficient Recovery in the Illustrative Dataset

Structural estimation assessed recovery of the prespecified MLAAR antecedent path-
ways (H1–H6) and downstream relationships involving Strategic Decision-Making System
Effectiveness (SDMSE) and Institutional Resilience (IR; H7–H9). Table 8 presents the esti-
mated coefficients from the illustrative synthetic dataset alongside their nominal population
parameters and bootstrap confidence intervals.

Table 8. Illustrative Structural Coefficient Recovery and Bootstrap Confidence Intervals.

Structural Relationship Population Value Estimated β 95% Bootstrap CI

AIAA → MLAAR 0.240 0.157 [0.092, 0.240]

AIDO → MLAAR 0.260 0.179 [0.116, 0.253]

PDAT → MLAAR 0.370 0.282 [0.212, 0.356]

HAIT → MLAAR −0.180 −0.206 [−0.279, −0.067]

AIGO → MLAAR −0.090 −0.020 [−0.146, 0.085]

HCAIO → MLAAR −0.210 −0.026 [−0.208, 0.085]

MLAAR → SDMSE −0.400 −0.415 [−0.475, −0.353]

SDMSE → IR 0.450 0.433 [0.370, 0.495]

MLAAR → IR (direct) −0.100 −0.090 [−0.162, −0.016]

MLAAR → SDMSE → IR (indirect) −0.180 −0.180 [−0.219, −0.144]

MLAAR → IR (total) −0.280 −0.270 [−0.339, −0.199]

PDAT showed the largest positive estimated association with MLAAR (β = 0.282),
followed by AIDO (β = 0.179) and AIAA (β = 0.157). The corresponding negative estimates
were −0.206 for HAIT, −0.020 for AIGO, and −0.026 for HCAIO. The MLAAR–SDMSE
coefficient was −0.415, while the adjusted SDMSE–IR coefficient was 0.433. The estimated
direct MLAAR–IR association was −0.090, and the indirect and total associations were ap-
proximately −0.180 and −0.270, respectively. These findings illustrate recovery within one
generated dataset; they do not establish the estimator’s reliability across repeated samples.

The PDAT–AIAA contrast was 0.125 (95% CI [0.004, 0.229], p = 0.042). However,
PDAT–AIDO (0.103, 95% CI [−0.011, 0.209], p = 0.074) and AIDO–AIAA (0.023, 95% CI
[−0.085, 0.115], p = 0.742) were not statistically distinguishable at the 5% level.

4.3. Within-Sample Robustness and Contextual Heterogeneity

Robustness was examined across the 12 Monte Carlo conditions. The analysis as-
sessed whether structural recovery and bootstrap inference remained stable as sample size,
antecedent correlation, and the generating functional form changed.

As shown in Table 9, at N = 1000 the mean absolute bias was 0.044 and the mean RMSE
was 0.058, and all six coefficient signs were recovered in 95.3% of replications. Relative
bias, reported as a percentage of the population coefficient, ranged from −13.2% to −12.9%
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under ρ = 0.0 and from −28.0% to −27.2% under ρ = 0.3 at this sample size. The bootstrap
results revealed contrasting patterns for direct and indirect MLAAR–IR associations.

Table 9. Structural Coefficient Recovery Across Monte Carlo Conditions.

N ρ Form Mean |Bias| Relative Bias (%) RMSE All Signs Correct (%)

200 0.0 Linear 0.027 −10.37 0.068 84

200 0.0 Nonlinear 0.030 −9.57 0.068 92

200 0.3 Linear 0.059 −30.61 0.105 41

200 0.3 Nonlinear 0.067 −35.49 0.110 38

500 0.0 Linear 0.029 −10.90 0.048 99

500 0.0 Nonlinear 0.031 −12.91 0.051 96

500 0.3 Linear 0.062 −31.03 0.086 69

500 0.3 Nonlinear 0.058 −27.55 0.083 78

1000 0.0 Linear 0.031 −13.24 0.043 99

1000 0.0 Nonlinear 0.032 −12.89 0.045 100

1000 0.3 Linear 0.056 −27.15 0.073 88

1000 0.3 Nonlinear 0.057 −28.00 0.070 94

Direct-effect bias remained comparatively small, ranging from −0.018 to 0.002, and
average direct-effect confidence-interval coverage was approximately 93.3% (MCSE = 0.7
percentage points). Direct-effect detection increased from 44.0% (MCSE = 2.5) at N = 200
to 95.5% (MCSE = 1.0) at N = 1000. The indirect association exhibited persistent positive
bias, averaging approximately +0.049 (range 0.043–0.053), meaning the estimates were
attenuated towards zero.

Indirect-effect detection reached 100% in all conditions, but mean 95% confidence-
interval coverage declined from 65.8% (MCSE = 2.4) at N = 200 to 34.0% (MCSE = 2.4) at
N = 500 and 9.8% (MCSE = 1.5) at N = 1000. Across all replications, coverage averaged
approximately 36.5% (MCSE = 1.4). Monte Carlo standard errors for every condition are
reported in Table 10; pooled values are based on 400 replications per sample size. (see
Table 10)

Figure 3 illustrates the increase in direct-effect detection and the simultaneous de-
cline in confidence-interval coverage for indirect effects. The contrast demonstrates why
detection probability and interval calibration must be evaluated separately.

The bootstrap sensitivity analysis showed that these conclusions do not depend on
the number of resamples (Table 11). Increasing the budget from B = 100 to B = 1000 on
the same datasets changed indirect-effect coverage by at most 5 percentage points in any
condition, direct-effect coverage by at most 2 points, and direct-effect detection by at most
5 points, all within approximately one Monte Carlo standard error.

Indirect-effect coverage with B = 1000 remained 68–75% at N = 200, 35% at N = 500,
and 12–14% at N = 1000, and indirect-effect detection remained 100%. The larger budget
widened the intervals only slightly (mean indirect-interval width at N = 1000: 0.055 with
B = 100 and 0.057 with B = 1000). The undercoverage of the indirect effect therefore reflects
estimator bias rather than an insufficient bootstrap budget.

Across the six conditions, the mean indirect estimate was approximately −0.13 against
the population value of −0.18, a bias of about +0.05 that did not shrink with sample size.
Relative to the mean half-width of the B = 1000 intervals, this bias was 0.73 at N = 200,
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1.28 at N = 500, and 1.72 at N = 1000. As the intervals narrow with increasing N, they
increasingly exclude the population value, regardless of how many resamples are used.

 

Figure 3. Bootstrap detection and coverage.

Table 10. Bootstrap Detection and 95% Confidence-Interval Coverage for the Direct and Indirect
MLAAR–IR Associations Across Monte Carlo Conditions (B = 100 Resamples per Replication).

N ρ Form Direct Detection
(%)

Direct Coverage
(%)

Indirect Detection
(%)

Indirect Coverage
(%)

200 0.0 Linear 46 (5.0) 95 (2.2) 100 (0.0) 65 (4.8)

200 0.0 Nonlinear 52 (5.0) 95 (2.2) 100 (0.0) 63 (4.8)

200 0.3 Linear 33 (4.7) 97 (1.7) 100 (0.0) 69 (4.6)

200 0.3 Nonlinear 45 (5.0) 93 (2.6) 100 (0.0) 66 (4.7)

500 0.0 Linear 72 (4.5) 94 (2.4) 100 (0.0) 30 (4.6)

500 0.0 Nonlinear 75 (4.3) 94 (2.4) 100 (0.0) 38 (4.9)

500 0.3 Linear 82 (3.8) 87 (3.4) 100 (0.0) 36 (4.8)

500 0.3 Nonlinear 80 (4.0) 94 (2.4) 100 (0.0) 32 (4.7)

1000 0.0 Linear 95 (2.2) 93 (2.6) 100 (0.0) 12 (3.2)

1000 0.0 Nonlinear 97 (1.7) 96 (2.0) 100 (0.0) 7 (2.6)

1000 0.3 Linear 96 (2.0) 90 (3.0) 100 (0.0) 11 (3.1)

1000 0.3 Nonlinear 94 (2.4) 91 (2.9) 100 (0.0) 9 (2.9)

Table 11. Bootstrap Sensitivity Analysis: Detection and Coverage with 100 versus 1000 Resamples on
Identical Datasets.

N ρ B Direct Detection
(%)

Direct Coverage
(%)

Indirect
Detection (%)

Indirect
Coverage (%)

Mean Indirect
CI Width

200 0.0 100 45 (5.0) 95 (2.2) 100 (0.0) 71 (4.5) 0.121

200 0.0 1000 44 (5.0) 96 (2.0) 100 (0.0) 68 (4.7) 0.126

500 0.0 100 73 (4.4) 97 (1.7) 100 (0.0) 33 (4.7) 0.078

500 0.0 1000 72 (4.5) 97 (1.7) 100 (0.0) 35 (4.8) 0.081
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Table 11. Cont.

N ρ B Direct Detection
(%)

Direct Coverage
(%)

Indirect
Detection (%)

Indirect
Coverage (%)

Mean Indirect
CI Width

1000 0.0 100 96 (2.0) 91 (2.9) 100 (0.0) 9 (2.9) 0.054

1000 0.0 1000 95 (2.2) 93 (2.6) 100 (0.0) 12 (3.2) 0.057

200 0.3 100 38 (4.9) 95 (2.2) 100 (0.0) 73 (4.4) 0.125

200 0.3 1000 33 (4.7) 96 (2.0) 100 (0.0) 75 (4.3) 0.131

500 0.3 100 85 (3.6) 88 (3.2) 100 (0.0) 30 (4.6) 0.078

500 0.3 1000 81 (3.9) 89 (3.1) 100 (0.0) 35 (4.8) 0.080

1000 0.3 100 93 (2.6) 92 (2.7) 100 (0.0) 15 (3.6) 0.055

1000 0.3 1000 95 (2.2) 92 (2.7) 100 (0.0) 14 (3.5) 0.057

4.4. Out-of-Sample Predictive Performance

Predictive performance was evaluated using five-fold cross-validation. Ordinary least
squares (OLS) regression, gradient boosting, and an artificial neural network (ANN) were
compared using identical held-out partitions. Table 12 reports the mean cross-validated
coefficient of determination across the 12 experimental conditions.

Table 12. Cross-Validated Predictive Performance Across Monte Carlo Conditions.

N ρ Form OLS R2 GBM R2 ANN R2 OLS > GBM (%)

200 0.0 Linear 0.209 0.089 0.053 98

200 0.0 Nonlinear 0.195 0.103 0.068 93

200 0.3 Linear 0.157 0.035 −0.007 100

200 0.3 Nonlinear 0.151 0.064 0.043 92

500 0.0 Linear 0.231 0.157 0.144 100

500 0.0 Nonlinear 0.225 0.186 0.175 91

500 0.3 Linear 0.180 0.112 0.095 100

500 0.3 Nonlinear 0.178 0.147 0.133 85

1000 0.0 Linear 0.241 0.198 0.196 100

1000 0.0 Nonlinear 0.239 0.227 0.227 77

1000 0.3 Linear 0.192 0.151 0.143 100

1000 0.3 Nonlinear 0.182 0.176 0.172 63

OLS achieved the highest mean cross-validated R2 in all 12 conditions. Across the
experiment, mean R2 values were approximately 0.198 for OLS, 0.137 for gradient boosting,
and 0.120 for the ANN. OLS outperformed gradient boosting in approximately 91.6% of
replications. The performance differences between OLS and the nonlinear learners also
narrowed as sample size increased, particularly under nonlinear generating conditions.
At N = 1000 and ρ = 0.3 under nonlinear generation, OLS achieved R2 = 0.182, compared
with 0.176 for gradient boosting and 0.172 for the ANN. Regarding this condition, OLS
outperformed gradient boosting in 63% of replications.

Figure 4 compares mean cross-validated R2 across sample sizes for linear and nonlinear
generating processes. The separate illustrative dataset produced mean R2 values of 0.146
for OLS, 0.095 for gradient boosting, and 0.110 for the ANN across 25 held-out evaluations.
Corresponding RMSE values were 0.696, 0.716, and 0.710, respectively. OLS outperformed
gradient boosting in 22 of the 25 evaluations.
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Figure 4. Mean cross-validated R2 by sample size and algorithm: (a) linear and (b) nonlinear
conditions, averaged over ρ.

4.5. Explainable Machine Learning Results

SHapley Additive exPlanations (SHAP) were calculated for held-out predictions from
the gradient-boosting models. The analysis assessed whether SHAP importance recovered
the known population ordering and correctly identified PDAT as the strongest antecedent.
The resulting rankings were also compared with those obtained from the absolute PLS-PM
structural coefficients.

As shown in Table 13, PDAT was ranked first by PLS-PM in 70.0%, 88.3%, and 96.3% of
replications at N = 200, 500, and 1000, respectively. The corresponding SHAP percentages
were 71.0%, 88.3%, and 93.3%. The mean Spearman correlations were approximately 0.801
for PLS-PM and 0.804 for SHAP. Exact agreement between the two estimated rankings
occurred in only 22.3% of the 1200 replications, ranging from 5% to 44% across conditions.

Table 13. Predictor-Ranking Recovery and Structural–SHAP Agreement Across Monte Carlo Conditions.

N ρ Form PLS Top PDAT
(%)

SHAP Top
PDAT

(%)

Population–PLS
ρs

Population–SHAP
ρs

Exact
Agreement

(%)

200 0.0 Linear 73 68 0.719 0.678 12

200 0.0 Nonlinear 81 81 0.689 0.665 17

200 0.3 Linear 63 62 0.685 0.689 5

200 0.3 Nonlinear 63 73 0.630 0.684 5

500 0.0 Linear 89 86 0.862 0.817 29

500 0.0 Nonlinear 91 90 0.861 0.847 40

500 0.3 Linear 87 86 0.795 0.853 14

500 0.3 Nonlinear 86 91 0.792 0.837 20

1000 0.0 Linear 99 95 0.927 0.888 39

1000 0.0 Nonlinear 98 98 0.901 0.879 44

1000 0.3 Linear 93 86 0.875 0.897 21

1000 0.3 Nonlinear 95 94 0.875 0.908 21

Figure 5 illustrates the differences between recovery of the strongest predictor and
complete ranking agreement. Although both methods increasingly identified PDAT cor-
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rectly, their complete rankings frequently differed. This result shows that agreement on the
highest-ranked predictor does not imply full explanatory–predictive convergence.

 

Figure 5. Predictor-ranking recovery.

4.6. Structural–Predictive Alignment and Managerial Interpretation

The final analysis examined whether structural and predictive importance measures
provided consistent information when assessed against known generating relationships.

Figure 6 illustrates a comparison of absolute population coefficients, estimated PLS-
PM coefficients, and held-out SHAP importance values. However, the complete rankings
differed. Spearman’s correlation with the population ordering was 0.657 for PLS-PM and
0.943 for SHAP, while agreement between the two estimated rankings was 0.829.

 

Figure 6. Illustrative structural–predictive alignment.

Thus, the SHAP importance ranking more accurately reproduced the known pop-
ulation ordering in this individual dataset. However, the PLS-PM and SHAP estimates
also showed relatively strong agreement with each other. The difference was particularly
noticeable for HCAIO. Its absolute population coefficient was 0.210, whereas its estimated
absolute PLS-PM coefficient was only 0.026.

4.7. Comparative Analysis of Alternative Estimators

Table 14 compares four estimators using the same synthetic datasets. Results were
pooled across the two functional forms, with 200 replications per condition. This compar-
ison helps explain the estimation bias reported in Sections 4.3 and 4.5. For the indirect
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effect, oracle regression produced negligible bias (−0.001 to 0.001). Its confidence-interval
coverage ranged from 92.5% to 94.0%. These results indicate that the percentile bootstrap
performed adequately when the true latent scores were available.

Table 14. Comparison of PLS-PM with Consistent PLS, Unit-Weight Composites, and an Oracle
Regression on the Same Simulated Datasets.

ρ N Estimator Admissible
(%)

Relative Bias
(%) RMSE All Signs

Correct (%)
Indirect

Bias
Indirect

Coverage (%)

0.0 200 PLS-PM 100.0 −10.0 0.068 88.0 0.049 67.5 (3.3)

0.0 200 PLSc 53.0 9.3 0.073 95.3 −0.001 93.0 (1.8)

0.0 200 Unit-weight 100.0 −15.3 0.070 92.0 0.053 61.0 (3.4)

0.0 200 Oracle 100.0 1.7 0.056 95.5 −0.001 94.0 (1.7)

0.0 500 PLS-PM 100.0 −11.9 0.050 97.5 0.050 34.0 (3.3)

0.0 500 PLSc 80.0 4.9 0.051 99.4 −0.001 94.0 (1.7)

0.0 500 Unit-weight 100.0 −15.2 0.053 97.0 0.053 26.5 (3.1)

0.0 500 Oracle 100.0 0.8 0.035 99.5 0.001 93.0 (1.8)

0.0 1000 PLS-PM 100.0 −13.1 0.044 99.5 0.051 9.0 (2.0)

0.0 1000 PLSc 92.5 2.0 0.031 100.0 0.000 91.5 (2.0)

0.0 1000 Unit-weight 100.0 −14.7 0.046 100.0 0.053 7.5 (1.9)

0.0 1000 Oracle 100.0 0.7 0.026 100.0 0.000 93.5 (1.7)

0.3 200 PLS-PM 100.0 −33.1 0.107 39.5 0.045 70.0 (3.2)

0.3 200 PLSc 17.0 −15.0 0.130 47.1 −0.007 89.5 (2.2)

0.3 200 Unit-weight 100.0 −25.6 0.089 72.5 0.050 61.5 (3.4)

0.3 200 Oracle 100.0 −1.7 0.068 90.5 0.000 92.5 (1.9)

0.3 500 PLS-PM 100.0 −29.3 0.084 73.5 0.051 33.5 (3.3)

0.3 500 PLSc 19.5 −1.4 0.127 76.9 0.000 92.5 (1.9)

0.3 500 Unit-weight 100.0 −22.6 0.065 95.0 0.053 29.0 (3.2)

0.3 500 Oracle 100.0 −1.1 0.042 98.0 0.001 92.5 (1.9)

0.3 1000 PLS-PM 100.0 −27.6 0.071 91.0 0.050 7.5 (1.9)

0.3 1000 PLSc 28.0 1.5 0.079 91.1 −0.001 90.0 (2.1)

0.3 1000 Unit-weight 100.0 −22.6 0.058 99.0 0.052 7.0 (1.8)

0.3 1000 Oracle 100.0 0.5 0.030 100.0 0.000 93.0 (1.8)

Consistent PLS (PLSc) also substantially reduced bias (−0.007 to 0.000). Its mediation
solutions were admissible in all 1200 replications. Coverage improved to 89.5–94.0%. In
contrast, PLS-PM and unit-weight composites retained a positive bias of approximately
0.05. Their coverage declined from 61–70% at N = 200 to 7–9% at N = 1000. These findings
indicate that measurement attenuation was the main source of undercoverage in indirect-
effect estimates under the simulated conditions.

Although PLSc largely corrected this problem, its wider confidence intervals re-
duced direct-effect detection to 25.0–81.0%, compared with 37.0–94.5% for PLS-PM. The
antecedent-path results revealed a different trade-off. PLSc reduced relative bias to −15.0%
to 9.3%, compared with −33.1% to −10.0% for PLS-PM. However, PLSc frequently pro-
duced inadmissible solutions. Its antecedent model was admissible in 53.0–92.5% of
replications when ρ = 0.0. This proportion declined to 17.0–28.0% when ρ = 0.3. HAIT,
AIGO, and HCAIO accounted for 97.1% of block-level failures. These were the weakly
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connected antecedents identified in Section 4.1. Even among admissible solutions, PLSc
had a higher RMSE than PLS-PM when ρ = 0.3 (0.079–0.130 versus 0.071–0.107).

Unit-weight composites showed slightly greater attenuation than PLS-PM when
ρ = 0.0. Their relative bias ranged from −15.3% to −14.7%, compared with −13.1%
to −10.0% for PLS-PM. However, unit-weight composites showed less attenuation
when ρ = 0.3 (−25.6% to −22.6% versus −33.1% to −27.6%). They also achieved lower
RMSE and more accurate directional recovery under correlated conditions. All six coef-
ficient signs were recovered in 72.5–99.0% of replications, compared with 39.5–91.0% for
PLS-PM.

Oracle regression provided the benchmark without measurement error. Its relative
bias ranged from −1.7% to 1.7%. It also recovered all six coefficient signs in 90.5–100%
of replications. Overall, the comparison shows that no feasible estimator performed best
across all criteria. PLSc improved bias and indirect-effect coverage but faced substantial
admissibility limitations. Unit-weight composites offered more stable estimation under
correlated conditions. These findings highlight the importance of evaluating bias, precision,
admissibility, and confidence-interval coverage separately. (see Table 14)

5. Discussion
This study evaluated the methodological reliability of a hybrid framework for human–

AI Strategic Decision Support Systems (SDSSs). The framework integrated partial least
squares path modelling (PLS-PM), predictive machine learning, and SHapley Additive ex-
Planations (SHAP). The measurement analysis revealed important limitations. Acceptable
internal consistency, discriminant validity, and low multicollinearity did not guarantee
adequate convergent validity in the estimates. This limitation was particularly evident for
Human-Centric AI Orientation (HCAIO). Its estimated PLS-PM outer loadings and average
variance extracted (AVE) were low, although all constructs shared the same population
measurement model.

Additional diagnostics linked this result to Mode-A outer weighting. When an exoge-
nous construct had a weak correlation with its adjacent endogenous construct, sampling
error strongly influenced its outer weight. This reduced the accuracy of its estimated
construct score and attenuated its structural coefficient. For HCAIO, the estimated co-
efficient was −0.026, compared with the population value of −0.210. Similar patterns
affected Human–AI Trust (HAIT) and AI Governance and Human Oversight (AIGO) across
simulation replications.

These findings indicate that low PLS-PM AVE does not necessarily reflect poor indi-
cator quality. Structural-model-independent diagnostics can help distinguish weighting
artefacts from measurement problems. Such diagnostics include unit-weight composite
loadings and factor-based measurement estimates. Researchers should therefore assess
individual measurement blocks alongside overall model diagnostics.

These findings are consistent with Dijkstra and Henseler [48], who identified inconsis-
tencies in conventional PLS path estimates under reflective measurement. They also agree
with Schuberth et al. [49], who highlighted bias in composite-based parameter estimation.
However, this study extends the literature by examining these limitations within an inte-
grated PLS-PM–machine learning–SHAP framework. It also considers ordinal indicators,
correlated antecedents, and known population-ranking benchmarks.

The mediation analysis revealed an important difference between statistical detection
and confidence-interval coverage. The direct association between MLAAR and Institutional
Resilience (IR) showed relatively small estimation bias. It also achieved generally satisfac-
tory confidence-interval coverage. In contrast, the indirect association through Strategic
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Decision-Making System Effectiveness (SDMSE) showed persistent estimation bias. Its
confidence intervals also exhibited inadequate coverage.

Although the indirect association was consistently detected, its confidence intervals
frequently excluded the true population value. This pattern may reflect differences between
component-based estimates and the underlying latent population parameters. A sensitivity
analysis using 1000 bootstrap resamples confirmed that the bootstrap budget did not
primarily cause the undercoverage. Instead, it resulted from estimator bias. At N = 500
and N = 1000, the bias exceeded half the confidence interval width. This led to inadequate
coverage of the population parameter. These findings align with Morris et al. [46], who
emphasised the importance of evaluating bias, precision, and confidence-interval coverage
separately in simulation studies. They also relate to Yuan et al. [53], who highlighted how
estimator selection, measurement error, and parameter scaling affect mediation analysis.

However, the present study differs from Yuan et al. It evaluates estimation bias and
confidence-interval coverage against known population parameters. In contrast, Yuan et al.
primarily compared mediation estimators using scale-independent signal-to-noise ratios.
The predictive analysis showed that ordinary least squares (OLS) regression achieved the
best average out-of-fold performance between the evaluated algorithms. However, the
performance gap between OLS and nonlinear models narrowed as sample size increased.
This pattern was particularly evident under nonlinear generating conditions.

These findings suggest that greater model complexity does not always improve predic-
tive generalisation. Measurement error, limited sample sizes, and differences in estimation
requirements may affect model performance. The nonlinear simulation conditions included
prespecified interaction and quadratic effects. Nevertheless, the linear benchmark remained
competitive. Therefore, interpret predictive performance in relation to the characteristics
of the generating process. These include signal strength, functional form, sample size,
preprocessing procedures, and algorithm configuration. Predictive comparisons should not
be treated as direct tests of structural theory. These findings are consistent with compara-
tive machine-learning research [55]. Such research indicates that predictive performance
depends on dataset characteristics. It also shows that more complex algorithms do not
consistently outperform simpler models.

PLS-PM coefficients represent conditional associations within a specified structural
model. In contrast, SHAP values measure predictor contributions to predictions generated
by a fitted machine-learning model. Therefore, their rankings may differ because of
antecedent correlations, measurement error, and nonlinear relationships. Interventional
SHAP also has limitations when predictors are correlated. It uses a reference distribution
that does not fully preserve the observed dependencies between predictors. These findings
are consistent with Hu et al. [50]. Their study highlighted the limitations of conventional
Shapley explanations when predictors are correlated.

This study extends this discussion by comparing PLS-PM and SHAP rankings with a
known population ordering. It also examines their agreement under controlled simulation
conditions. This approach distinguishes accurate recovery of the population ranking
from agreement between analytical methods. Consequently, agreement between PLS-PM
and SHAP rankings does not independently establish causal importance or validate the
theoretical MLAAR framework. This distinction has important methodological implications
for interpretable human–AI SDSSs. The MLAAR framework demonstrates these challenges
through six theoretically specified socio-technical antecedents. It also considers their
downstream relationships with Strategic Decision-Making System Effectiveness (SDMSE)
and Institutional Resilience (IR).
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6. Theoretical, Methodological, and Practical Implications
Theoretically, this study contributes to research on human–AI Strategic Decision

Support Systems (SDSSs). It introduces a theory-derived framework for examining relation-
ships among technological, human, and organisational factors. The Millennial Leader–AI
Agent Resistance (MLAAR) model distinguishes three key factors: AI Agent Autonomy
(AIAA), AI Decision Opacity (AIDO), and Perceived Decision-Authority Threat (PDAT).
It also incorporates trust, governance, and human-centric orientation. The framework
extends to organisational outcomes through its proposed relationships with Strategic
Decision-Making System Effectiveness (SDMSE) and Institutional Resilience (IR).

Methodologically, the study develops a reproducible Monte Carlo simulation frame-
work. It evaluates the reliability of an integrated analytical approach combining partial
least squares path modelling (PLS-PM), predictive machine learning, and SHapley Addi-
tive exPlanations (SHAP). The findings reveal important limitations. Correct coefficient
directions, strong predictive accuracy, and agreement between predictor rankings do not
necessarily indicate accurate recovery of population relationships. Persistent coefficient
bias and inadequate confidence-interval coverage for indirect effects highlight the need for
separate evaluations of estimation accuracy and inferential reliability.

Furthermore, superior linear predictive performance does not exclude nonlinear re-
lationships in the generating process. Similarly, agreement between PLS-PM and SHAP
rankings does not independently validate the theoretical model. Practically, the study
provides methodological guidance for evaluating analytical evidence in human-centred AI
governance. It highlights the importance of validating structural estimates, predictive mod-
els, and explainability results before using them to inform organisational decision-making.

7. Limitations and Future Research
The Monte Carlo simulation examined three sample sizes, two antecedent-correlation

conditions, and two generating functional forms (linear and nonlinear). These conditions
allowed for a systematic methodological evaluation. However, they do not capture the full
complexity of human–AI strategic decision-making. Future simulations should examine
more diverse correlation structures, different coefficient magnitudes, missing data, and
measurement non-invariance. They should also consider more complex nonlinear rela-
tionships. The study estimated structural coefficients using reflective Mode-A partial least
squares path modelling (PLS-PM). These estimates were compared with known latent pop-
ulation coefficients. Persistent estimation bias may result from measurement error, ordinal
discretisation, or differences between the estimator’s target and the generating parameters.
Section 4.7 compared PLS-PM with consistent PLS, unit-weight composites, and an oracle
regression. Future research should extend this comparison to covariance-based structural
equation modelling with ordinal (polychoric) estimation and to factor-score regression. The
measurement diagnostics also revealed instability in Mode-A’s outer weights. This insta-
bility was particularly evident for antecedents weakly correlated with their endogenous
construct. Future research should examine whether alternative path weighting schemes,
consistent partial least squares (PLSc), or factor-based estimation can reduce this instability.

The main simulation used 100 bootstrap resamples per replication. A sensitivity analy-
sis increased this number to 1000 for the six linear conditions. Detection and coverage rates
differed by approximately one Monte Carlo standard error or less. These findings indicate
that the low indirect-effect coverage was primarily associated with estimator bias rather
than the bootstrap budget. Nevertheless, future studies should evaluate bias-corrected and
alternative confidence-interval procedures. They should also examine estimator-specific
reference parameters for composite-based mediation estimates.
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The predictive analysis included only three algorithms with fixed configurations. This
restriction may limit the generalisability of predictive comparisons. In addition, corre-
lations among predictors may affect interventional SHAP explanations. Future research
should examine additional predictive algorithms and apply more extensive hyperparame-
ter optimisation. It should also consider dependence-aware explainability methods and
independent external validation. These extensions could improve the reliability and inter-
pretation of integrated explanatory–predictive frameworks.

8. Conclusions
This study evaluated the methodological reliability of a hybrid analytical framework

for human–AI Strategic Decision Support Systems (SDSSs). The framework combined
structural modelling, predictive machine learning, and explainable artificial intelligence
(AI). It used the theory-derived Millennial Leader–AI Agent Resistance (MLAAR) model as
a simulation framework with known parameters. A reproducible Monte Carlo experiment
examined structural coefficient recovery, mediation inference, predictive performance, and
predictor-ranking accuracy across 1200 simulated datasets.

The findings showed that larger sample sizes generally improved estimation precision
and the recovery of coefficient directions. In contrast, correlations among antecedents
increased bias in structural estimation. Perceived Decision-Authority Threat (PDAT) was
often the strongest prespecified population antecedent. However, PLS-PM and SHAP
importance rankings rarely agreed completely. The mediation analysis also revealed
important limitations. Indirect associations were consistently detected, but their estimates
showed systematic bias and inadequate confidence-interval coverage.

Ordinary least squares (OLS) regression achieved the strongest average cross-validated
predictive performance among the evaluated algorithms. However, this finding did not
exclude nonlinear relationships in the generating process. It also did not establish the
general superiority of linear models beyond the simulation conditions examined. Simi-
larly, agreement between structural coefficients and SHAP rankings indicated analytical
consistency rather than independent theoretical validation.

This study’s main contribution is a transparent, reproducible computational frame-
work. It enables researchers to evaluate structural modelling, predictive machine learning,
and explainable AI separately and assess their reliability. The findings highlight the impor-
tance of assessing measurement quality, parameter recovery, inferential calibration, predic-
tive generalisation, and feature attribution. These evaluations are essential before drawing
substantive conclusions or applying analytical findings to organisational decision-making.
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Abbreviations

Abbreviation Full Form
AI Artificial Intelligence
AIAA AI Agent Autonomy
AIDO AI Decision Opacity
AIGO AI Governance and Human Oversight
ANN Artificial Neural Network
AVE Average Variance Extracted
CB-SEM Covariance-Based Structural Equation Modelling
CI Confidence Interval
CR Composite Reliability
CV Cross-Validation (as in R2CV)
GBM Gradient-Boosting Machine
H1–H9 Hypotheses 1–9
HAIT Human–AI Trust
HCAIO Human-Centric AI Orientation
HTMT Heterotrait–Monotrait Ratio
IE Indirect Effect
IR Institutional Resilience
L-BFGS Limited-Memory Broyden–Fletcher–Goldfarb–Shanno (optimisation algorithm)
MAE Mean Absolute Error
MCSE Monte Carlo Standard Error
MLAAR Millennial Leader–AI Agent Resistance
NL Nonlinear Component of the Generating Model (Equation (3))
OLS Ordinary Least Squares
OSF Open Science Framework
PDAT Perceived Decision-Authority Threat
PLS Partial Least Squares
PLSc Consistent Partial Least Squares
PLS-PM Partial Least Squares Path Modelling
PLS-SEM Partial Least Squares Structural Equation Modelling
R2 Coefficient of Determination
RMSE Root Mean Squared Error
RQ1–RQ5 Research Questions 1–5
SDMSE Strategic Decision-Making System Effectiveness
SDSS(s) Strategic Decision Support System(s)
SEM Structural Equation Modelling
SEM–ANN Two-Stage Structural Equation Modelling–Artificial Neural Network Approach
SHAP SHapley Additive exPlanations
TE Total Effect
VIF Variance Inflation Factor
XAI Explainable Artificial Intelligence

Appendix A
This appendix reports the measurement diagnostics summarised in Section 4.1 for the

600 linear-condition replications (100 per combination of N and ρ), using the same seeds as
the main simulation. Table A1 gives, for each antecedent, the percentage of replications in
which the AVE computed from PLS-PM outer loadings fell below 0.50, the mean correlation
between the PLS-PM score and the true latent variable, and the corresponding percentage
under unit weighting. Figure A1 plots each antecedent’s PLS-PM and unit-weight AVE
against the absolute sample correlation between the antecedent and MLAAR.
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Table A1. PLS-PM and Unit-Weight Convergent Validity of the Six Antecedents Across 600 Linear-
Condition Replications.

Construct ρ
Population r

with MLAAR
PLS AVE < 0.50 (%),

N = 200 N = 500 N = 1000
r (PLS Score,

True),
N = 1000

Unit-Weight
AVE < 0.50

(%)

AIAA 0.0 0.240 1 0 0 0.920 0

AIAA 0.3 0.285 0 0 0 0.920 0

AIDO 0.0 0.260 0 0 0 0.920 0

AIDO 0.3 0.299 0 0 0 0.921 0

PDAT 0.0 0.370 0 0 0 0.921 0

PDAT 0.3 0.376 0 0 0 0.920 0

HAIT 0.0 −0.180 3 0 0 0.919 0

HAIT 0.3 −0.009 27 29 34 0.735 0

AIGO 0.0 −0.090 17 4 1 0.906 0

AIGO 0.3 0.054 21 19 11 0.845 0

HCAIO 0.0 −0.210 3 0 0 0.920 0

HCAIO 0.3 −0.030 23 22 19 0.816 0

 

Figure A1. Average variance extracted of the six antecedents across 600 linear-condition replications:
(a) from PLS-PM outer loadings and (b) from unit-weight loadings, against the absolute sample
correlation between the antecedent and MLAAR. The dashed line marks the 0.50 criterion.

Appendix B
Table A2 lists, for the outputs and figures reported in this article, the scripts that

produce them, the random seeds, the approximate computing time, and the Open Science
Framework repository file (https://doi.org/10.17605/OSF.IO/BZUYS) that contains the
outputs. Re-running the code on a clean copy of the repository reproduced the published
outputs exactly.

Table A2. Reproducibility Summary: Scripts, Seeds, Computing Time, and Repository Files for Each
Reported Result.

Results in This Article Script and Command Seeds Approx. Computing Time Repository File

Tables 9, 10, 12 and 13;
Figures 3–5

mlaar_simulation.py
--reps 100 --boot 100

s = 20,261,014 + 100,000iN
+ 10000iρ + 1000if + r

(Equation (6))
1.6 CPU-h results_main.zip

https://doi.org/10.3390/math14213885
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Table A2. Cont.

Results in This Article Script and Command Seeds Approx. Computing Time Repository File

Tables 6 and 8; Figure 6;
statistics in

Sections 4.1 and 4.2
illustrative_analysis.py 20,261,014 (N = 681,

ρ = 0.3, linear; B = 5000) 2 min illustrative.zip

Table 7; Table A1;
Figure A1 hcaio_diagnostics.py Main-study seeds 1 min hcaio_diagnostics.zip

Table 11 bootstrap_sensitivity.py
--boot 1000

Main-study seeds;
resampling stream s +

7,000,000
2 CPU-h bootstrap_sensitivity.zip

Table 14 estimator_comparison.py
--boot 100

Main-study seeds;
resampling stream s +

9,000,000
0.5 CPU-h estimator_comparison.zip

Figures 1 and 2 figures_static.py – <1 min figures.zip

Figures 3–6 (drawing) figures_results.py
results_main – <1 min figures.zip

Appendix C
Table A3 summarises representative studies reviewed in Section 2.5. Table A4

links each hypothesis in Section 2 to its theoretical basis, mechanism, key sources, and
population value.

Table A3. Representative Related Studies and Their Evaluation Scope.

Study Focus Methods
Known

Population
Parameters

Structural
Accuracy

Predictive
Accuracy

Importance
Ranking

Liébana-
Cabanillas
et al. [72]

Mobile-
commerce
acceptance

SEM + ANN No No Yes ANN
sensitivity

Leong et al. [73] Mobile-wallet
resistance SEM + ANN No No Yes ANN

sensitivity

Shmueli et al. [75]
Predictive
assessment
guidelines

PLS-SEM,
PLSpredict No No Yes No

Reinartz
et al. [76]

Estimator
efficacy

CB-SEM vs.
PLS

(simulation)
Yes Yes No No

Goodhue et al.
[77]

Small samples,
non-normal

data

PLS, CB-SEM,
regression

(simulation)
Yes Yes No No

Dijkstra and
Henseler [21]

Consistency of
PLS

PLS vs. PLSc
(simulation) Yes Yes No No

Sarstedt et al. [78]
Source of PLS
and CB-SEM

bias
PLS, CB-SEM
(simulation) Yes Yes No No

Yuan et al. [23] Mediation
precision

SEM vs.
weighted

composites
Yes Yes (mediation) No No

Kumar et al. [80] Shapley
importance

Shapley
analysis,

constructed
examples

Yes No No Yes

Aas et al. [27]
Shapley values
with dependent

features

Conditional
Shapley

estimation
(simulation)

Yes No No Yes

Present study Human–AI
SDSS (MLAAR)

PLS-PM, PLSc,
OLS, GBM,

ANN, SHAP
(simulation)

Yes Yes (incl.
mediation) Yes

Yes (vs.
population

ranking)
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Table A4. Theoretical Substantiation of the Hypotheses and Their Population Values.

Hypothesis Path (Sign) Theoretical Basis Mechanism Key Sources Population Value

H1 AIAA → MLAAR
(+)

Levels of
automation; status

quo bias

Loss of control and
fewer opportunities

for intervention
[29,37,43,44] 0.24

H2 AIDO → MLAAR
(+)

Algorithmic opacity;
explanation research

Inability to verify
and justify

recommendations;
accountability gap

[45–48,50] 0.26

H3 PDAT → MLAAR
(+)

User-resistance
theory (threat to

power)

Perceived loss of
discretion, status,

and authority
[29,30,51,53] 0.37

H4 HAIT → MLAAR
(−)

Trust in automation;
organisational trust

Willingness to rely
on AI under
uncertainty

[8,42,54,55] −0.18

H5 AIGO → MLAAR
(−)

Responsible AI
governance

Clear accountability,
monitoring, and
override reduce

uncertainty

[44,57,58,60] −0.09

H6 HCAIO →
MLAAR (−)

Human-centred AI;
Industry 5.0

Augmentation
framing reduces
authority threat

[2,3,36,62] −0.21

H7 MLAAR →
SDMSE (−)

Hybrid intelligence;
strategic decision

effectiveness

Underuse of AI
advice; weaker

human–AI
complementarity

[6,9,32,64] a = −0.40

H8 SDMSE → IR (+)
Capability-based

organisational
resilience

Better anticipation,
coping, and
adaptation

[65,66] b = 0.45

H9 MLAAR →
SDMSE → IR (−)

Partial-mediation
logic

Resistance lowers
resilience partly
through decision

effectiveness

[67] ab = −0.18
(c′ = −0.10)
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