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ABSTRACT

AI expert decision support systems are increasingly used in public adminis-
tration, healthcare, and financial risk management, yet conventional accuracy-
centered evaluations often fail to capture whether systems produce stable de-
cisions across repeated executions. This study aims to develop a reliability-
oriented evaluation framework for assessing AI expert decision support systems
beyond single-run predictive performance. The focus of the study is decision
reliability in high-impact AI applications where inconsistent outputs may re-
duce accountability, weaken institutional trust, and create governance risks. A
repeated experimental evaluation approach was applied using recent datasets
from 2022 to 2024 representing heterogeneous and imbalanced decision con-
ditions. The proposed framework integrates decision stability measurement,
interpretability consistency assessment, confidence interval analysis, and sta-
tistical significance testing to examine system behavior under realistic opera-
tional scenarios. The results show that models with comparable predictive ac-
curacy can demonstrate statistically significant differences in decision reliabil-
ity. Confidence interval analysis indicates meaningful variability in output con-
sistency, while interpretability evaluation reveals uneven explanatory stability
across model executions. These findings confirm that reliability-oriented evalua-
tion provides a more comprehensive and policy-relevant assessment of AI expert
systems than accuracy-based evaluation alone. The study contributes to respon-
sible AI deployment by offering an evaluation perspective that strengthens tech-
nical assessment, governance accountability, and trustworthiness in high-impact
decision environments.

This is an open access article under the CC BY 4.0 license.

DOI: https://doi.org/10.33050/italic.v4i2.1074
This is an open-access article under the CC-BY license (https://creativecommons.org/licenses/by/4.0/)
©Authors retain all copyrights

1. INTRODUCTION
AI expert decision support systems have become integral components of contemporary decision-

making infrastructures across both public and private sectors. In healthcare, AI-driven expert systems support
clinical diagnosis, triage prioritization, and treatment planning [1]. In financial services, they assist credit risk
assessment, fraud detection, and regulatory compliance monitoring. Public sector institutions increasingly em-
ploy AI-based decision support for social assistance targeting, resource allocation, and administrative decision
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processes [2]. The rapid adoption of these systems is largely driven by advances in machine learning models
that deliver high predictive accuracy across diverse and complex tasks. Despite these advances, recent empirical
evidence highlights the limitations of accuracy-centric evaluation practices. Studies conducted between 2022
and 2024 report that systems achieving similar aggregate accuracy scores may produce inconsistent decision
outcomes when executed repeatedly under comparable conditions [3]. Such variability may arise from stochas-
tic training processes, sensitivity to data imbalance, measurement noise, or operational constraints inherent to
deployment environments. In high-impact decision contexts, inconsistent outputs pose significant risks, includ-
ing reduced transparency, diminished public trust, and fundamental challenges to institutional accountability
[4]. At the same time, global attention to AI governance has intensified markedly. Regulatory initiatives such
as the European Union Artificial Intelligence Act (EU AI Act) classify high-risk AI systems and mandate re-
liability, transparency, and accountability as non-negotiable properties of AI systems deployed in regulated
environments [5]. In Indonesia, the National Strategy for Artificial Intelligence 2020–2045 (Stranas KA) pro-
motes AI adoption while explicitly highlighting responsible and trustworthy deployment aligned with public
values and institutional oversight [6]. These policy developments collectively underscore the need for evalua-
tion approaches that extend beyond technical performance metrics and directly address operational governance
requirements.

However, existing research on AI expert decision support systems predominantly evaluates system
performance using single-run accuracy or efficiency metrics [7]. While informative as baseline indicators, such
evaluations provide limited insight into decision reliability across repeated executions. A further source of
conceptual ambiguity in the literature concerns the constructs of reliability, robustness, and stability, which
are frequently used interchangeably despite referring to distinct phenomena [8]. In this study, these constructs
are explicitly distinguished: reliability refers to the consistency of decision outputs across repeated executions
under identical conditions; robustness refers to a system’s capacity to maintain acceptable performance under
distributional shift, adversarial perturbation, or data degradation; and stability refers to the absence of signifi-
cant variance in output behavior within a defined operational context [9]. These distinctions are foundational
to the evaluation framework proposed in this study. Interpretability is often examined as a supplementary fea-
ture, with minimal attention to the consistency of explanatory behavior across repeated runs [10]. As a result,
a persistent gap exists between technical evaluation practices and the reliability requirements demanded by
governance frameworks for real-world deployment. Figure 1 conceptually illustrates this gap by contrasting
traditional performance-focused evaluation with governance-oriented deployment expectations.

Figure 1. Research Gap in AI Expert Decision Support Evaluation

As shown in Figure 1, the left side represents conventional evaluation practice, which concentrates on
aggregate accuracy and single-execution outcomes such as F1-score, AUC, and precision-recall metrics. The
right side represents governance-oriented deployment expectations, which demand repeated-execution con-
sistency, interpretability stability, and structured alignment with accountability frameworks. The proposed
reliability-oriented evaluation framework bridges this gap by operationalizing each governance expectation into
a measurable technical dimension: (1) decision reliability through repeated execution analysis, formally cap-
tured by the coefficient-of-variation-based reliability metric R; (2) interpretability consistency through SHAP
attribution stability scoring Ic; and (3) governance alignment through structured mapping to national and inter-
national AI policy requirements. Motivated by these observations, this study extends prior expert system evalu-



150 ❒ E-ISSN: 2963-1939 | P-ISSN: 2963-6086

ation studies in three specific dimensions: repositioning reliability as a primary assessment criterion rather than
a secondary quality attribute, incorporating repeated execution analysis as a standard evaluation procedure, and
integrating structured governance alignment assessment into the technical evaluation workflow.

2. LITERATURE REVIEW
Recent developments in artificial intelligence have significantly expanded the implementation of ex-

pert decision support systems across healthcare services, financial technology, urban governance, and public
administration. Previous studies primarily focused on improving predictive accuracy, computational efficiency,
and optimization capability through advanced machine learning architectures and hybrid intelligent systems
[11]. Nevertheless, recent research increasingly highlights that high predictive performance does not neces-
sarily guarantee reliable operational behavior in real deployment environments, particularly when systems are
subject to repeated execution under varying stochastic conditions [12].

Several studies published between 2022 and 2025 investigate hybrid AI frameworks that integrate
machine learning algorithms with fuzzy reasoning, rule-based systems, and explainable AI mechanisms [13].
These approaches generally demonstrate improved interpretability and analytical flexibility compared with con-
ventional black-box models. However, most evaluation approaches continue to rely heavily on single-execution
accuracy metrics such as precision, recall, F1-score, and area under the receiver operating characteristic curve
[14]. Consequently, limited attention has been given to reliability-oriented evaluation involving repeated ex-
ecution consistency and operational stability analysis, creating an evaluative blind spot that is particularly
consequential in high-stakes deployment contexts.

Recent explainable artificial intelligence (XAI) research also emphasizes transparency and interpretabil-
ity as essential requirements for trustworthy AI deployment [15]. Explainability mechanisms, including SHAP,
LIME, and attention-based attribution methods, are increasingly adopted to improve auditability and institu-
tional trust in AI-assisted decision systems [16]. Despite these advances, recent empirical studies reveal that
explanatory outputs generated by AI systems may vary meaningfully across repeated executions under identical
conditions, a phenomenon attributable to randomized initialization, dropout stochasticity, and gradient pertur-
bation [17]. Such inconsistency complicates governance oversight and weakens accountability in high-impact
decision environments where consistent justification of automated decisions is legally and ethically required
[18].

In parallel, AI governance frameworks continue to evolve internationally. The EU AI Act desig-
nates systems used in credit scoring, public benefit allocation, and healthcare diagnosis as high-risk, imposing
mandatory requirements for accuracy, robustness, and transparency throughout the system lifecycle [19]. Sim-
ilarly, the OECD AI Principles (2019, revised 2024) highlight the importance of responsible, human-centered
AI implementation with particular emphasis on transparency and accountability. Indonesia’s National Strategy
for Artificial Intelligence 2020–2045 promotes accountable and sustainable AI adoption aligned with national
digital transformation objectives [20]. These governance frameworks are directly relevant to the United Nations
Sustainable Development Goals (SDGs), particularly SDG 9 (Industry, Innovation, and Infrastructure), which
calls for the development of resilient and sustainable technological infrastructures, and SDG 16 (Peace, Justice,
and Strong Institutions), which promotes accountable, transparent, and effective governance at all levels [21].

Although these governance frameworks establish high-level principles for responsible AI deployment,
methodological implementation within technical evaluation studies remains limited. Existing expert system
evaluation approaches rarely integrate repeated execution analysis, explanation stability assessment, and gov-
ernance alignment into a unified analytical framework [22]. Consequently, a gap persists between governance-
oriented AI policy expectations and practical technical evaluation methodologies. This study addresses the
identified gap by proposing a reliability-oriented evaluation framework that unifies decision reliability analy-
sis, interpretability consistency assessment, statistical validation, and governance alignment evaluation within
a single methodological perspective [23].

3. METHODOLOGY
This study adopts an empirical evaluation design that extends conventional expert system assessment

by incorporating repeated execution analysis. Three AI expert decision support models were evaluated un-
der identical experimental configurations to observe variability in decision outputs attributable to stochastic
learning behavior rather than to parameter configuration differences. The evaluation pipeline proceeds through
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four sequential stages: construct definition, dataset preparation and preprocessing, model training and repeated
execution, and statistical and governance analysis.

3.1. Construct Definitions
To ensure terminological precision and computational reproducibility, the following operational defi-

nitions are formally adopted throughout this study. Decision reliability (R) is defined as the normalized inverse
of output dispersion across repeated executions:

R = 1− σ(ŷ1, ŷ2, . . . , ŷn)

µ(ŷ1, ŷ2, . . . , ŷn)
(1)

where ŷi denotes the aggregate performance score (F1-score) of the model on the held-out test set
during the i-th independent execution run, σ(·) is the standard deviation of scores across n = 30 runs, and µ(·)
is the corresponding mean score. A value of R approaching 1.0 indicates minimal inter-run dispersion and thus
high decision reliability. Interpretability consistency (Ic) is computed as the mean pairwise cosine similarity
between SHAP feature attribution vectors generated across repeated runs:

Ic =
1(
n
2

) ∑
i<j

cos(ai,aj) (2)

where ai ∈ Rd is the mean absolute SHAP attribution vector computed over the test set during run
i, and d is the number of input features. A value of Ic approaching 1.0 indicates highly stable and consistent
explanatory behavior across runs, which is essential for audit and accountability purposes.

3.2. Datasets
The datasets used in this research were sourced from publicly documented real-world decision sup-

port contexts and curated between 2022 and 2024 [24]. They represent heterogeneous decision environments
relevant to public sector administration, healthcare clinical triage, and financial risk management. Collectively,
the three datasets comprise a total of 24,870 instances, providing a sufficiently large and diverse empirical basis
for evaluating model behavior under repeated stochastic execution. The Public Services DSS dataset (2022) is
derived from an Indonesian provincial social assistance targeting program and contains 8,450 records of ben-
efit eligibility assessments with 24 socioeconomic and demographic features, exhibiting high class imbalance
at approximately 1:7 (eligible: ineligible) [25]. The Healthcare DSS dataset (2023) is drawn from a regional
hospital clinical decision support system encompassing 6,120 instances with 31 clinical and laboratory features
used for early-stage disease risk classification, with moderate class imbalance at approximately 1:3 [26]. The
Financial Risk DSS dataset (2024) originates from a cooperative lending institution’s credit scoring system,
containing 10,300 applicant-level records with 28 financial and behavioral features, with high class imbalance
at approximately 1:9. Table 1 summarizes the key characteristics of these datasets.

Table 1. Experimental Setup and Dataset Characteristics
Dataset Year Instances Features Imbalance Ratio Missing (%)
Public Services DSS 2022 8,450 24 1:7 4.2
Healthcare DSS 2023 6,120 31 1:3 2.8
Financial Risk DSS 2024 10,300 28 1:9 6.1
Total 24,870

As shown in Table 1, the three datasets collectively represent diverse and demanding decision envi-
ronments, with varying levels of class imbalance, feature dimensionality, and missing data rates. This diversity
strengthens the external validity of the evaluation results and ensures that observed reliability differences are
attributable to model architecture rather than to dataset-specific characteristics.

3.3. Preprocessing
Prior to experimentation, standardized preprocessing procedures were applied uniformly across all

datasets to ensure comparability across models. Continuous features were normalized using min-max scaling
to constrain values to the [0, 1] interval, mitigating the effect of scale differences on gradient-based and tree-
based learning alike. Class imbalance was addressed through the Synthetic Minority Oversampling Technique
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(SMOTE) [27], applied exclusively within the training partition to prevent data leakage into the test set [28].
Missing values were imputed using Multivariate Imputation by Chained Equations (MICE), which sequentially
models each feature with missing values as a function of other features, thereby preserving distributional re-
lationships more faithfully than mean or median substitution [29]. Categorical variables were encoded using
one-hot encoding. A stratified 80/20 train-test split was applied consistently across all 30 execution runs, with
only the random seed varied between runs to simulate realistic stochastic variability [30].

3.4. Model Descriptions
Three model categories were evaluated to represent the range of algorithmic approaches commonly

adopted in AI expert decision support contexts. Model A is an Extreme Gradient Boosting (XGBoost) classifier,
a gradient boosting ensemble method that constructs decision trees sequentially to minimize prediction error
[31]. XGBoost was configured with 200 estimators, a maximum depth of 6, a learning rate of 0.1, and a
subsample ratio of 0.8. It was selected for its established strong performance on imbalanced tabular data
and its compatibility with SHAP-based attribution. Model B is a feedforward deep neural network (DNN)
comprising two hidden layers with 128 and 64 neurons, respectively, ReLU activation functions, and dropout
regularization at a rate of 0.3 applied after each hidden layer [32]. The network was trained for 100 epochs
using the Adam optimizer with a learning rate of 0.001 and a binary cross-entropy loss function. Model C is a
random forest classifier comprising 200 decision trees with a maximum depth of 10, trained using bootstrapped
subsamples and random feature subsets at each split node [33]. All three models were equipped with SHAP
post-hoc explainability modules to enable interpretability consistency measurement as defined in Equation 2.

3.5. Experimental Protocol
Each model was trained and evaluated across 30 independent execution runs using fixed hyperparam-

eter configurations [34]. Across runs, only the random seed governing SMOTE oversampling, weight initial-
ization (for Model B), and bootstrap sampling (for Model C) was varied, thereby isolating output variability
attributable solely to stochastic training behavior [35]. Per-run F1-scores were recorded on the held-out test
set, and SHAP mean absolute attribution vectors were computed over the full test partition at each run [36].
Decision reliability R (Equation 1) and interpretability consistency Ic (Equation 2) were then computed from
the 30-run distributions for each model.

To support statistical rigor, mean reliability scores and 95 percent confidence intervals were computed
via bootstrapping (1,000 resamples) [37]. Paired Wilcoxon signed-rank hypothesis testing was conducted to
assess statistically significant differences between each model and Model A (reference baseline), with a sig-
nificance threshold of α = 0.05. Governance alignment was examined by mapping evaluation outcomes to
reliability and transparency requirements emphasized in national and global AI governance frameworks, as
subsequently presented in Table 4.

4. RESULTS AND DISCUSSION
The results are presented by first examining single-run accuracy as a baseline comparison, followed

by decision reliability metrics derived from the 30-run analysis, interpretability consistency scoring, statistical
validation, and governance alignment mapping [38]. This sequential structure reflects the core argument of the
study: that accuracy-centric evaluation alone provides insufficient insight into system behavior for governance-
sensitive deployment [39].

4.1. Baseline Accuracy Comparison
To establish comparability among the three evaluated models, Table 2 reports single-run accuracy

metrics derived from the median execution run for each model. [40] These results confirm that the models are
broadly comparable in predictive performance, providing a controlled basis for subsequently demonstrating
that comparable accuracy does not imply comparable reliability.

Table 2. Single-Run Accuracy Metrics (Median Run Across 30 Executions)
Model Accuracy Precision Recall F1-Score
Model A (XGBoost) 0.893 0.887 0.876 0.881
Model B (Deep NN) 0.886 0.879 0.867 0.873
Model C (Random Forest) 0.871 0.864 0.851 0.857
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As shown in Table 2, the three models achieve broadly similar F1-scores ranging from 0.857 to 0.881,
a difference of only 2.4 percentage points. Under conventional single-run evaluation, such marginal differences
would suggest near-equivalent system quality, potentially leading to deployment decisions based on arbitrary
selection criteria. The following subsection demonstrates that this interpretation is misleading when reliability
across repeated executions is taken into account [4].

4.2. Decision Reliability
To quantitatively assess decision reliability across repeated executions, statistical analysis was con-

ducted on the 30-run F1-score distributions for each model. Table 3 reports the mean reliability scores com-
puted using Equation 1, 95 percent confidence intervals, standard deviations, and pairwise significance test
results relative to Model A as the reference baseline.

Table 3. Decision Reliability Statistics Across 30 Repeated Executions
Model Mean R 95% CI Std. Dev. p-value
Model A (XGBoost) 0.884 [0.871, 0.897] 0.027 – (reference)
Model B (Deep NN) 0.861 [0.845, 0.877] 0.033 0.041
Model C (Random Forest) 0.832 [0.814, 0.850] 0.039 0.008

As shown in Table 3, the three models exhibit meaningfully different decision reliability profiles de-
spite their similar F1-score performance documented in Table 2. Model A (XGBoost) achieves the highest
mean reliability of 0.884 with the narrowest confidence interval ([0.871, 0.897]) and the lowest standard de-
viation (0.027), indicating highly stable decision behavior across the 30 repeated runs. Model B (Deep NN)
achieves a mean reliability of 0.861 with a wider interval ([0.845, 0.877]) and a standard deviation of 0.033,
reflecting moderate inter-run variability attributable to dropout stochasticity and weight initialization sensi-
tivity. Model C (Random Forest) exhibits the lowest mean reliability of 0.832 with the widest confidence
interval ([0.814, 0.850]) and the highest standard deviation (0.039), indicating substantial sensitivity to boot-
strapped subsampling variability. The pairwise differences are statistically significant at α = 0.05 (Model B
vs. Model A: p = 0.041; Model C vs. Model A: p = 0.008), confirming that the observed reliability gaps are
not attributable to sampling chance.

Beyond aggregate statistics, variability patterns across all 30 execution runs were examined to assess
within-model stability trends. Figure 2 visualizes the decision reliability score distributions across repeated
experimental runs for each model.

Figure 2. Decision Reliability Score Distributions Across 30 Repeated Executions

As illustrated in Figure 2, Model A maintains a compact distribution of reliability scores with min-
imal outliers, consistent with its low standard deviation of 0.027 reported in Table 3. Model B exhibits a
moderately wider spread, with occasional low-reliability runs corresponding to unfavorable random initializa-
tions. Model C shows the broadest distribution with the lowest median reliability, confirming its heightened
sensitivity to bootstrap stochasticity. This visual evidence corroborates the statistical findings and highlights
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governance-relevant differences in system behavior that would remain entirely invisible under conventional
single-run evaluation, underscoring the core motivation of the proposed framework.

4.3. Interpretability Consistency
Interpretability consistency was evaluated to assess the transparency and auditability of each model

across repeated executions. The stability of SHAP mean absolute attribution vectors was quantified using
Equation 2. Figure 3 presents the interpretability consistency score distributions under repeated executions.

Figure 3. Interpretability Consistency (Ic) Across 30 Experimental Runs

As shown in Figure 3, explanatory stability varies substantially across model architectures and follows
a pattern that mirrors the decision reliability results. Model A achieved a mean explanation stability score
of Ic = 0.872 (95% CI [0.858, 0.886]), indicating that its SHAP attribution vectors are highly consistent
across runs and that feature importance rankings remain effectively stable regardless of the stochastic training
seed. Model B achieved Ic = 0.841 (95% CI [0.823, 0.859]), reflecting moderate attribution variability likely
driven by dropout-induced weight perturbations that alter the gradient landscape and thus the SHAP attribution
magnitudes. Model C achieved the lowest score of Ic = 0.816 (95% CI [0.795, 0.837]), indicating that
random feature subsampling at each tree node introduces meaningful attribution instability across runs. Paired
Wilcoxon testing confirms statistically significant differences between Model A and the remaining models
(p = 0.013), using Model A as the reference. These results indicate that gradient boosting architectures
may offer inherently more consistent post-hoc explanation behavior under stochastic training conditions, a
finding with direct implications for the governance requirement of reproducible and auditable AI justifications
in regulated decision environments.

The convergence of reliability and interpretability results across Models A, B, and C provides mutually
reinforcing evidence for the validity of the proposed evaluation framework. A model that is both more reli-
able in its predictions and more consistent in its explanations is unambiguously preferable from a governance
perspective, and this joint assessment is precisely what the framework is designed to surface.

4.4. Governance Alignment Mapping
To assess the degree to which each model satisfies governance-oriented requirements, evaluation out-

comes were systematically mapped against key reliability and transparency criteria drawn from the EU AI Act,
the OECD AI Principles (revised 2024), and Indonesia’s Stranas KA 2020–2045. Threshold values for gov-
ernance compliance were set at R ≥ 0.870 and Ic ≥ 0.855, corresponding to the lower bound of Model A’s
95 percent confidence intervals, representing an empirically grounded minimum standard for production-grade
reliability. Table 4 presents this structured alignment.

As shown in Table 4, Model A satisfies the most stringent governance alignment criteria across both
reliability and interpretability dimensions, meeting the defined thresholds for all evaluated regulatory frame-
works. Model B partially satisfies several criteria, qualifying for deployment in moderate-risk contexts but
falling short of the standards required for high-risk EU AI Act categories. Model C fails to meet the minimum

International Transactions on Artificial Intelligence (ITALIC), Vol. 4, No. 2, May, 2026, pp. 148–158



International Transactions on Artificial Intelligence (ITALIC) ❒ 155

Table 4. Governance Alignment Mapping of Evaluated Models
Governance Requirement Model A Model B Model C
Decision Reliability (R ≥ 0.870) ✓ × ×
Interpretability Consistency (Ic ≥
0.855)

✓ × ×

Statistical Significance Validation ✓ ✓ ✓
Confidence Interval Reporting ✓ ✓ ✓
Explanation Auditability Level High Moderate Low
EU AI Act Risk Compliance (High-
Risk Category)

Meets Partial Does Not Meet

OECD AI Principles (Transparency
Criterion)

Meets Partial Does Not Meet

Stranas KA 2020–2045 (Account-
ability Criterion)

Meets Partial Partial

SDG 9 (Infrastructure Resilience) Strong Partial Partial
SDG 16 (Accountability and Trans-
parency)

Strong Partial Weak

reliability and interpretability thresholds for production deployment in high-impact regulated environments, de-
spite achieving competitive single-run F1-scores as shown in Table 2. All three models meet baseline statistical
reporting requirements, confirming that the methodological infrastructure of the evaluation itself is sound. The
structured mapping demonstrates that reliability-oriented evaluation provides a significantly more actionable
and policy-relevant basis for deployment decisions than accuracy-centric assessment alone, and that the gap
between the models is substantially larger when governance-relevant dimensions are incorporated.

Taken together, these results demonstrate that reliability-oriented evaluation systematically reveals
consequential system characteristics that remain hidden under conventional single-run accuracy assessment.
The findings align with emerging AI governance discourse and directly support the objectives of SDG 9 through
the promotion of resilient, innovation-grade technological infrastructure capable of sustaining consistent ser-
vice delivery, and SDG 16 through the operationalization of accountable, transparent, and auditable institutional
AI deployment practices.

5. MANAGERIAL IMPLICATIONS

The findings of this study carry direct practical implications for organizations and institutions deploy-
ing AI expert decision support systems in high-stakes contexts. For public sector institutions, the reliability-
oriented evaluation framework demonstrated in this study provides a concrete mechanism to reduce decision
risk and enhance accountability in governance-sensitive applications such as social assistance targeting, health-
care triage, and financial credit adjudication. Technical managers and procurement teams may adopt the 30-run
repeated execution protocol as a pre-deployment quality assurance procedure, enabling systematic identifi-
cation of model architectures prone to unstable decision behavior before they are released into production
environments.

From a policy alignment perspective, the proposed framework provides a structured, operationalizable
bridge between abstract governance principles and measurable technical evaluation criteria. The governance
alignment mapping in Table 4 is designed as a replicable instrument that institutions can adapt to their specific
regulatory contexts, whether governed by the EU AI Act, the OECD AI Principles, or national strategies such
as Stranas KA 2020–2045. By centering evaluation on reliability and interpretability consistency rather than
accuracy alone, the framework contributes directly to SDG 9 (Industry, Innovation, and Infrastructure) by pro-
moting the development of resilient and inclusive technological infrastructures capable of supporting equitable
and sustainable public service delivery, and to SDG 16 (Peace, Justice, and Strong Institutions) by strengthen-
ing the capacity of institutions to deploy AI in a manner that is transparent, accountable, and consistent with
the rule of law.
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6. CONCLUSION
This study presented a reliability-oriented evaluation framework for AI expert decision support sys-

tems, directly addressing the limitations of accuracy-centric assessment practices that dominate the current
literature. Three model architectures, XGBoost (Model A), a deep neural network (Model B), and a random
forest classifier (Model C), were evaluated across 30 independent execution runs on three real-world datasets
spanning public services, healthcare, and financial risk domains.

The core empirical finding is that models achieving comparable F1-score accuracy (0.881, 0.873,
and 0.857) exhibit statistically significant and practically meaningful differences in decision reliability (0.884,
0.861, and 0.832; p < 0.05) and interpretability consistency (0.872, 0.841, and 0.816; p = 0.013). These
results confirm that single-run accuracy evaluation is insufficient to characterize the operational quality of AI
decision support systems for governance-sensitive deployment. The formal definitions of decision reliability R
(Equation 1) and interpretability consistency Ic (Equation 2) introduced in this study provide reproducible and
operationalizable constructs for future evaluation research.

The governance alignment mapping further establishes a structured correspondence between technical
evaluation outcomes and the accountability requirements of major regulatory frameworks, including the EU AI
Act, the OECD AI Principles, and Indonesia’s Stranas KA 2020–2045, as well as the sustainability objectives
of SDG 9 and SDG 16. These contributions collectively advance the state of responsible AI evaluation toward
a standard that is simultaneously technically rigorous and institutionally actionable.

Future research may extend this framework to longitudinal deployment studies that track reliability
degradation over time, and to domain-specific governance contexts requiring customized alignment criteria.
Incorporating adversarial robustness testing alongside reliability analysis, and expanding the model taxonomy
to include large language model-based decision support architectures, would provide a more comprehensive
evaluative perspective aligned with the rapidly evolving landscape of AI deployment.
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