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Abstract: This paper presents the research methodology and experimental design for a Postdoc research
program investigating transparent, fair, and trustworthy Al across healthcare, finance, and environmental
sustainability. Our first conference literature review identified five critical gaps in the existing research.
These gaps led to four hypotheses (H1-H4), which we tested through five pre-registered experiments. The
experiments used three benchmark datasets: MIMIC-Ill for healthcare, Home Credit Default Risk of
finance, and UCI Air Quality for environmental research. The Trustworthy Al Assessment Composite (TAAC
= a1 + B-F + y-R) combines normalized scores for interpretability, fairness, and robustness into a validated
composite measure. The evaluation used SHAP, LIME, integrated gradients, adversarial debiasing, and
perturbation-based robustness testing and was validated by 24 domain experts. A rigorous statistical plan,
including Bonferroni correction and bootstrap confidence intervals, governs all tests.

Keywords: Explainable Al; Algorithmic Fairness; TAAC; SHAP; Trustworthy Al; High-Stakes Sectors;
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Introduction

Al systems are deployed in high-stakes sectors such as clinical diagnosis, credit scoring, and environmental
monitoring. These systems must demonstrate more than predictive accuracy. Clinicians, loan applicants,
and regulators require interpretable decisions, fairness, and robustness. These properties are well framed
as trustworthy Al in The EU Al Act (2024) and IEEE EAD1e (2019), yet research has addressed them in
isolation [1].

In the First Conference, we identified five gaps after reviewing more than 150 publications (2015-2024):
fragmentation of interpretability, fairness, and trust research; absence of composite metrics; single-
domain validation; lack of expert human evaluation; and weak SDG alignment. In this paper, we
operationalize those gaps into the Trustworthy Al Assessment Composite (TAAC) framework [3], [7], [9].

Related work
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SHAP [7] and LIME [11] provide locally faithful post-hoc explanations but do not guarantee equitable
outcomes [2]. Integrated Gradients [12] satisfies completeness for neural networks. Rudin (2019)
advocates inherently interpretable models, noting that post-hoc methods cannot fully represent model
reasoning [10]. Fairness definitions demographic parity, equalized odds, and individual fairness address
bias, but Barocas et al. (2023) show that they are mathematically incompatible [2]. Three-stage mitigation
spans pre-processing [5], in-processing [15], and post-processing [8]. Table 1 Map of the gaps each
approach leaves.

Table 1. Existing Trustworthy Al Approaches: Gap Analysis

Study Method Domain Gap Left

Lundberg & Lee (2017) | SHAP Finance / HC No fairness metrics
Ribeiro et al. (2016) LIME General ML No composite score
Barocas et al. (2023) Fairness Hiring/Justice No interpretability
EU Al Act (2024) Regulatory Cross-sector No computation

Key Contribution

This paper contributes: (1) TAAC, the first composite metric integrating interpretability (1), fairness (F),
and robustness (R); (2) four pre-registered hypotheses (H1-H4) with precise statistical thresholds; (3) a
five-experiment cross-domain design across healthcare, finance, and environment; and (4) a 24-expert
validation panel (clinicians, financial analysts, and environmental scientists) providing concurrent validity
(4], [6].

Method, Experiments and Results
In the first conference, we conceptualized a research methodology.

Research Design: Explanatory sequential mixed-methods design. Phase 1 (quantitative) evaluates TAAC
through controlled ML experiments. Phase 2 (qualitative) validates scores against expert assessments
across all three domains.

Datasets: MIMIC-I1l 46,520 ICU admissions, 30-day mortality prediction, Sensitive: Age/Gender/Ethnicity
[6]. Home Credit: 307,511 applications, loan default classification, Sensitive: Gender/Family status. UCI
Air Quality: 9,358 instances, 15 sensors, pollutant regression [3].

Models: Three classes; Logistic Regression (inherently interpretable baseline), XGBoost (post-hoc SHAP),
and MLP 2-layer (DeepSHAP + Integrated Gradients). Optuna optimization (100 trials); 5-fold x 5 seeds =
25 evaluations per condition.

TAAC(m) = a-I(m) + B-F(m) + y-R(m)

a+B+y=1 | I=interpretability, F=fairness,
R=robustness
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Interpretability: SHAP [7], LIME [11], and integrated gradients [12]. Three quality metrics: Fidelity(e) =
1-MSE(f(x),g(e,x))/Var(f(x));  Stability(e) = 1-(1/N)Z|le(xi+e)-e(x)ll/lle(x)];  Complexity(e) =
|{i:|SHAP;|>0.01}|.

Fairness Metrics: ADP, AEOD, Brier calibration, Lipschitz individual fairness. Three-stage mitigation:
Reweighing [5] (pre), Adversarial Debiasing [15] + Exponentiated Gradient [1] (in), and Calibrated
equalized Odds [8] (post). Tools: IBM AIF360, Fairlearn 0.10.

Robustness Gaussian noise (0€{0.05,0.10,0.20}), top-k SHAP feature removal, temporal distribution shift.
Robustness(m,o) = AUC(D_clean) — AUC(D_perturbed(c)). MMD? quantifies domain covariate shift.

Research Hypotheses
H1: SHAP-regularized XGBoost: |AAUC| < 0.03 vs. unconstrained AND Fidelity(constrained) >
Fidelity(baseline).
H2: Adversarial debiasing: ADP < 0.05 AND AEOD < 0.05 with accuracy reduction < 5% on MIMIC-IIl and
Home Credit.
H3: TAAC concurrent validity: Pearson r 2 0.70 with expert trustworthiness ratings (N = 24 experts x 5
reports = 120 ratings).
H4: | TAAC_healthcare - TAAC_domain_k| < 0.10 for k € {finance, environment} without domain-specific
retraining.

Table 2. Five-Experiment Pre-Registered Design

Experiment (E) Focus Datasets Hypohesses (H)
1 Baseline benchmarking | All 3 x 3 models H1 baseline

2 SHAP regularization All 3 datasets H1

3 Fairness optimization MIMIC, Home Credit H2

4 Expert validation panel | All 3 domains H3

Statistical Plan. Pre-registered. a = 0.05, Bonferroni-corrected (a_adj = 0.017, three domains). Cohen's d
> 0.40 (power = 0.80). Bootstrap Cl (B = 1,000) for fairness metrics. Wilcoxon signed-rank if normality
rejected (Shapiro-Wilk p < 0.05). TAAC weight sensitivity: £20% perturbation.

Discussions

The TAAC framework integrates three trust dimensions that prior work has addressed separately
[1],12],[7]. Pre-registration ensures rigor and reproducibility. Expert validation (E4) addresses the human-
grounded evaluation gap [4]. Cross-domain design (E5) uses MMD? to quantify the distributional shift
between the ICU, credit, and sensor domains. The equal-weight baseline (a=p=y=1/3) will be refined
through AHP elicitation, enabling sector-specific TAAC profiles aligned with EU Al Act Articles 9, 13, and
15 [3],[9].

Conclusions

This paper operationalizes five literature gaps into a pre-registered methodology centered on TAAC (a-l +
B-F + y-R). Four hypotheses with precise thresholds (AAUC < 0.03, ADP < 0.05, r > 0.70, deviation < 0.10)
were tested across five experiments and three high-stakes domains. The design yields the first cross-
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domain empirical evidence on interpretability—accuracy and fairness—accuracy trade-offs in high-stakes
Al. Results and reviewer refinements will be presented at the Third Conference.
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