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Abstract
Artificial intelligence has shown promise in automating clin-
ical diagnosis and decision support, yet most medical AI sys-
tems remain unreliable, opaque, and unverified (Zhang et al.
2022; Ghassemi, Oakden-Rayner, and Beam 2022; Psaros
et al. 2023). Existing approaches typically address either
model interpretability (Loh et al. 2022; Gilpin et al. 2018),
uncertainty quantification (Psaros et al. 2023), or robust-
ness certification (Zhang et al. 2022; Javed, El-Sappagh, and
Abuhmed 2025) in isolation, leaving critical gaps in safety
and trust (Khan et al. 2024; Cutillo et al. 2020). This paper
introduces CertiHealth, a unified framework for developing
certified, uncertainty-aware, and explainable AI models for
medical decision-making. CertiHealth constrains neural ar-
chitectures through Lipschitz continuity (Zhang et al. 2022),
enabling formal robustness guarantees against bounded in-
put perturbations. It integrates probabilistic uncertainty esti-
mation (Psaros et al. 2023) to assess predictive confidence
and employs interpretable attribution mechanisms (Loh et al.
2022; Gilpin et al. 2018) to provide transparent, clinically
meaningful explanations. Evaluated on diagnostic tasks us-
ing the MIMIC-IV clinical dataset, CertiHealth demonstrates
improved calibration, verifiable robustness, and alignment
between model explanations and known medical risk fac-
tors. By combining mathematical certification, quantified un-
certainty, and human-centered interpretability (Rudin 2019;
Selbst and Barocas 2018; Shneiderman 2020), CertiHealth
advances the development of verifiably trustworthy medical
AI suitable for safety-critical healthcare environments (Ellah-
ham, Ellahham, and Simsekler 2020; Khan et al. 2024; Lyell
and Coiera 2017).

Introduction
Artificial intelligence (AI) has rapidly advanced in health-
care, driving progress in diagnostics, prognosis prediction,
and clinical decision support (Ghassemi, Oakden-Rayner,
and Beam 2022; Loh et al. 2022; Cutillo et al. 2020). Deep
learning models have achieved performance comparable to,
and sometimes exceeding, human experts across medical
imaging, physiological monitoring, and electronic health
records. Yet, despite these achievements, most AI systems
deployed in healthcare remain untrusted black boxes—they
make predictions without measurable confidence (Psaros
et al. 2023), offer limited interpretability (Loh et al. 2022;
Gilpin et al. 2018), and provide no formal guarantees of reli-
ability (Zhang et al. 2022; Javed, El-Sappagh, and Abuhmed

2025). This opacity directly conflicts with the ethical and
safety requirements of clinical environments, where trans-
parency, accountability, and verifiable performance are es-
sential (Khan et al. 2024; Rudin 2019; Shneiderman 2020).

The challenge is that medical AI must not only be accu-
rate but also trustworthy (Rudin 2019; Ellahham, Ellahham,
and Simsekler 2020). A model that performs well on histor-
ical data may fail catastrophically when faced with distri-
butional shifts, sensor noise, or missing values—situations
common in real clinical practice (Javed, El-Sappagh, and
Abuhmed 2025). Clinicians need more than a point predic-
tion; they require systems that can quantify their own uncer-
tainty (Psaros et al. 2023), justify their reasoning (Loh et al.
2022; Gilpin et al. 2018), and guarantee stability against
small perturbations in input data (Zhang et al. 2022). Current
AI pipelines in healthcare rarely meet these standards (Ghas-
semi, Oakden-Rayner, and Beam 2022; Loh et al. 2022; Cu-
tillo et al. 2020).

Existing research has addressed parts of this problem but
not the whole. Explainable AI (XAI) techniques, such as
feature attribution and saliency maps, aim to make model
reasoning interpretable (Loh et al. 2022), yet they are typ-
ically post-hoc approximations with no formal connec-
tion to model behavior (Gilpin et al. 2018). Uncertainty
quantification methods, including Bayesian neural networks
and ensemble approaches, estimate prediction confidence
(Psaros et al. 2023) but offer no mathematical guarantee
of robustness (Zhang et al. 2022; Javed, El-Sappagh, and
Abuhmed 2025). Meanwhile, certified AI and formal veri-
fication methods focus on provable robustness—often using
techniques based on Lipschitz continuity or interval bound
propagation (Zhang et al. 2022; Javed, El-Sappagh, and
Abuhmed 2025)—but tend to ignore interpretability and un-
certainty (Ghassemi, Oakden-Rayner, and Beam 2022; Loh
et al. 2022). The result is a fragmented landscape: robust
models that are opaque, explainable models that are unreli-
able, and calibrated models that are unverifiable.

This gap motivates the development of CertiHealth, a
unified framework for building certified, uncertainty-aware,
and explainable AI systems for medical decision-making
(Khan et al. 2024; Rudin 2019; Shneiderman 2020). Cer-
tiHealth integrates these three pillars of trustworthiness
within a single architecture and learning process. Specifi-
cally, it constrains neural networks through Lipschitz conti-



nuity (Zhang et al. 2022), enabling formal robustness cer-
tification against bounded input perturbations (Javed, El-
Sappagh, and Abuhmed 2025). It couples this with prob-
abilistic uncertainty estimation (Psaros et al. 2023) to al-
low the model to express calibrated confidence in its predic-
tions. Finally, it incorporates interpretable reasoning mech-
anisms, such as feature attribution and counterfactual analy-
sis (Loh et al. 2022; Gilpin et al. 2018), to align model ex-
planations with clinically meaningful variables (Ghassemi,
Oakden-Rayner, and Beam 2022; Loh et al. 2022).

By merging these components, CertiHealth aims to pro-
duce models that not only perform well but can also prove
their reliability, express their uncertainty, and explain their
decisions in terms that clinicians can understand (Rudin
2019; Selbst and Barocas 2018; Shneiderman 2020). This
combination is critical for regulatory approval, ethical de-
ployment, and real-world integration of AI in healthcare
(Khan et al. 2024; Ellahham, Ellahham, and Simsekler 2020;
Lyell and Coiera 2017).

To evaluate the framework, CertiHealth is applied to
diagnostic prediction tasks using the MIMIC-IV clinical
database (Ghassemi, Oakden-Rayner, and Beam 2022). Ex-
perimental results show that CertiHealth achieves certified
robustness guarantees through Lipschitz-bounded architec-
tures (Zhang et al. 2022; Javed, El-Sappagh, and Abuhmed
2025), delivers improved uncertainty calibration compared
to conventional deep models (Psaros et al. 2023), and pro-
vides explanations that correspond to established clinical
risk factors (Ghassemi, Oakden-Rayner, and Beam 2022;
Loh et al. 2022). These results demonstrate the practical vi-
ability of combining formal guarantees with interpretability
and uncertainty in a single medical AI system (Rudin 2019;
Shneiderman 2020).
Contributions. This work makes the following contribu-
tions:

• A unified trustworthy AI frame-
work—CertiHealth—combining certification, un-
certainty quantification, and explainability for medical
decision-making (Zhang et al. 2022; Psaros et al. 2023;
Loh et al. 2022; Gilpin et al. 2018).

• A Lipschitz-constrained neural network architecture that
provides formal robustness guarantees against input per-
turbations (Zhang et al. 2022; Javed, El-Sappagh, and
Abuhmed 2025).

• Integration of uncertainty estimation and interpretable
reasoning within a certified diagnostic pipeline (Psaros
et al. 2023; Loh et al. 2022; Gilpin et al. 2018).

• Empirical validation on real-world clinical data, show-
ing that CertiHealth improves both reliability and clinical
interpretability (Ghassemi, Oakden-Rayner, and Beam
2022; Loh et al. 2022; Rudin 2019).

Related Work
Certified and Robust AI
Robustness certification seeks to guarantee that small input
perturbations cannot drastically alter a model’s predictions
(Zhang et al. 2022; Javed, El-Sappagh, and Abuhmed 2025).

Formal verification methods—such as interval bound propa-
gation, convex relaxation, and abstract interpretation—have
shown promise in providing provable guarantees for neural
networks (Zhang et al. 2022). Techniques based on Lipschitz
continuity have become particularly influential, constrain-
ing the model’s sensitivity to input changes by bounding its
Lipschitz constant (Zhang et al. 2022; Javed, El-Sappagh,
and Abuhmed 2025). Works such as Cohen et al. (2019)
and Tsuzuku et al. (2018) developed certified adversarial ro-
bustness through spectral norm regularization and random-
ized smoothing (Zhang et al. 2022; Javed, El-Sappagh, and
Abuhmed 2025). However, these methods are often compu-
tationally demanding and rarely extended to medical AI do-
mains, where interpretability and data heterogeneity com-
plicate certification (Ghassemi, Oakden-Rayner, and Beam
2022; Loh et al. 2022; Cutillo et al. 2020). Moreover, most
certified robustness studies evaluate performance on syn-
thetic or vision benchmarks, not safety-critical healthcare
data (Khan et al. 2024; Rudin 2019). The challenge remains
to create clinically applicable certification mechanisms that
integrate smoothly with probabilistic modeling and inter-
pretability (Psaros et al. 2023; Loh et al. 2022; Gilpin et al.
2018).

Uncertainty Quantification in Medical AI
Uncertainty estimation has become a cornerstone of reli-
able AI, particularly in high-stakes decision-making (Psaros
et al. 2023). Methods such as Bayesian neural networks,
Monte Carlo dropout, and deep ensembles (e.g., Laksh-
minarayanan et al., 2017) quantify epistemic and aleatoric
uncertainty—representing model-based and data-based un-
certainty, respectively (Psaros et al. 2023). In healthcare,
uncertainty-aware models have been applied to disease de-
tection, survival analysis, and patient monitoring, providing
valuable confidence measures for clinicians (Psaros et al.
2023; Ghassemi, Oakden-Rayner, and Beam 2022; Loh et al.
2022). Yet, despite these advances, most uncertainty estima-
tion methods are empirical rather than certified; they rely on
approximate inference rather than formal guarantees (Zhang
et al. 2022; Psaros et al. 2023). Additionally, uncertainty
measures are rarely tied to interpretable explanations or for-
mal robustness verification (Loh et al. 2022; Gilpin et al.
2018; Rudin 2019), leaving clinicians without clear guid-
ance on why a model is uncertain or how to act on that
information. A unified approach that connects uncertainty,
interpretability, and formal safety guarantees is still miss-
ing in the literature (Khan et al. 2024; Selbst and Barocas
2018; Shneiderman 2020; Ellahham, Ellahham, and Simsek-
ler 2020).

Explainable AI in Healthcare
Explainable AI (XAI) aims to make model predictions trans-
parent and interpretable (Loh et al. 2022; Gilpin et al. 2018;
Rudin 2019). Post-hoc approaches such as LIME, SHAP,
and Grad-CAM generate local explanations that attribute
predictions to input features or image regions (Loh et al.
2022). While widely used, these methods are approximate
and non-causal—they describe correlations rather than the
true reasoning process of the model (Gilpin et al. 2018).



In contrast, inherently interpretable models, such as rule-
based systems, prototype learning, and causal models, of-
fer greater transparency but often sacrifice predictive power
and scalability (Loh et al. 2022; Rudin 2019). In the medical
domain, interpretability must bridge both algorithmic trans-
parency and clinical relevance: explanations should map to
physiological variables or known risk factors, not abstract
feature activations (Ghassemi, Oakden-Rayner, and Beam
2022; Loh et al. 2022; Shneiderman 2020). Current XAI
tools rarely satisfy this standard, and none provide formal
guarantees linking interpretability with certified robustness
or uncertainty quantification (Zhang et al. 2022; Psaros et al.
2023; Javed, El-Sappagh, and Abuhmed 2025; Khan et al.
2024).

Research Gap
Across these three research directions, the literature reveals
a persistent disconnect. Certified AI methods guarantee ro-
bustness but ignore uncertainty and human interpretability
(Zhang et al. 2022; Javed, El-Sappagh, and Abuhmed 2025;
Loh et al. 2022). Uncertainty-aware AI improves reliability
but lacks formal verification or explanation fidelity (Psaros
et al. 2023; Gilpin et al. 2018). Explainable AI enhances
transparency but remains unverified and confidence-agnostic
(Loh et al. 2022; Gilpin et al. 2018; Rudin 2019). In safety-
critical healthcare applications, these capabilities cannot
exist in isolation (Khan et al. 2024; Selbst and Barocas
2018; Shneiderman 2020; Ellahham, Ellahham, and Sim-
sekler 2020). Trustworthy medical AI requires mathemati-
cally guaranteed stability, quantified predictive confidence,
and clinically interpretable reasoning within a single sys-
tem (Zhang et al. 2022; Javed, El-Sappagh, and Abuhmed
2025; Psaros et al. 2023; Loh et al. 2022; Gilpin et al.
2018; Rudin 2019; Selbst and Barocas 2018; Shneiderman
2020; Ellahham, Ellahham, and Simsekler 2020; Ghassemi,
Oakden-Rayner, and Beam 2022; Khan et al. 2024; Cu-
tillo et al. 2020; Lyell and Coiera 2017; Javed, El-Sappagh,
and Abuhmed 2025). This unmet need motivates Certi-
Health—a framework that unifies Lipschitz-based robust-
ness certification, probabilistic uncertainty quantification,
and clinically meaningful explainability for verifiably trust-
worthy medical decision-making (Zhang et al. 2022; Javed,
El-Sappagh, and Abuhmed 2025; Psaros et al. 2023; Loh
et al. 2022; Gilpin et al. 2018; Rudin 2019; Selbst and
Barocas 2018; Shneiderman 2020; Ellahham, Ellahham, and
Simsekler 2020; Khan et al. 2024).

Background and Preliminaries
Building trustworthy AI for medical decision-making re-
quires a rigorous understanding of how reliability, uncer-
tainty, and interpretability can be mathematically formalized
and computationally enforced (Zhang et al. 2022; Javed, El-
Sappagh, and Abuhmed 2025; Psaros et al. 2023). This sec-
tion outlines the foundational principles that underlie Cer-
tiHealth: Lipschitz continuity for formal robustness certifi-
cation (Zhang et al. 2022; Javed, El-Sappagh, and Abuhmed
2025), probabilistic modeling for uncertainty quantification
(Psaros et al. 2023; Ghassemi, Oakden-Rayner, and Beam

2022; Loh et al. 2022), and mechanisms for model in-
terpretability and explainability (Gilpin et al. 2018; Rudin
2019; Selbst and Barocas 2018; Shneiderman 2020). To-
gether, these concepts form a theoretical triad—safety, re-
liability, and transparency—that defines what it means for
an AI system to be certifiably trustworthy (Khan et al.
2024; Cutillo et al. 2020; Ellahham, Ellahham, and Simsek-
ler 2020; Lyell and Coiera 2017).

Lipschitz Continuity and Certified Robustness
Definition A function f : Rn → Rm is said to be K-
Lipschitz continuous if there exists a constant K > 0 such
that for all x1, x2 ∈ Rn,

∥f(x1)− f(x2)∥ ≤ K∥x1 − x2∥.

Here, K represents the maximum rate of change (sensitivity)
of the function’s output with respect to its input. Smaller
K values correspond to smoother, more stable mappings;
larger K values imply greater sensitivity and less robustness
(Zhang et al. 2022; Javed, El-Sappagh, and Abuhmed 2025).

In neural networks, K depends on the composition of
layer-wise Lipschitz constants. If the network f = fL ◦
fL−1◦· · ·◦f1, where each fi is Ki-Lipschitz, then the entire
model satisfies:

Kf ≤
L∏

i=1

Ki.

Hence, bounding each layer’s Lipschitz constant guarantees
a global bound on model sensitivity (Zhang et al. 2022).

Lipschitz Constraints in Neural Networks In practice,
Lipschitz continuity is enforced through several strategies
(Zhang et al. 2022; Javed, El-Sappagh, and Abuhmed 2025):

Spectral Norm Regularization: Constraining the spec-
tral norm ∥Wi∥2 of each weight matrix ensures Ki ≤
∥Wi∥2. Techniques such as spectral normalization or oper-
ator norm regularization explicitly control this term during
training.

Gradient Penalty Methods: Adding a regularization
term λ(∥∇xf(x)∥2 − 1)2 penalizes deviations from Lips-
chitz smoothness.

Lipschitz-Restricted Activation Functions: Activations
such as tanh, GroupSort, or Lipswish maintain bounded
gradients, preserving overall smoothness (Zhang et al. 2022;
Javed, El-Sappagh, and Abuhmed 2025).

These techniques yield a Lipschitz-bounded neural net-
work (LNN) that guarantees limited output variation under
bounded input perturbations. This property provides a for-
mal robustness certificate: for a classifier f with Lipschitz
constant K, if the classification margin at point x is m(x),
then predictions are provably stable for any perturbation δ
satisfying:

∥δ∥ <
m(x)

2K
.

Thus, Lipschitz-constrained models allow verifiable robust-
ness guarantees—essential for certifying AI systems in
safety-critical domains such as healthcare (Khan et al. 2024;
Cutillo et al. 2020).



Uncertainty Quantification in Medical AI
Uncertainty quantification (UQ) provides a mechanism for
measuring how confident an AI model is in its predictions
(Psaros et al. 2023; Ghassemi, Oakden-Rayner, and Beam
2022). In clinical contexts, a model that can estimate how
uncertain it is becomes vastly more valuable—it allows clin-
icians to weigh predictions appropriately, defer uncertain
cases, or request further testing (Loh et al. 2022).

Types of Uncertainty Two primary sources of uncertainty
are recognized in probabilistic modeling (Psaros et al. 2023):

Epistemic Uncertainty (Model Uncertainty): Origi-
nates from limited data or incomplete model knowledge. It
captures the degree to which model parameters are uncer-
tain. Typical methods include Bayesian Neural Networks
(BNNs) (Psaros et al. 2023), Monte Carlo Dropout, and
Deep Ensembles (Psaros et al. 2023; Loh et al. 2022).

Aleatoric Uncertainty (Data Uncertainty): Reflects in-
herent randomness or noise in the data generation pro-
cess—such as measurement error or inter-patient variabil-
ity (Ghassemi, Oakden-Rayner, and Beam 2022; Loh et al.
2022). It cannot be reduced with more data and is often mod-
eled via heteroscedastic regression, where the model pre-
dicts both a mean µ(x) and a variance σ2(x), yielding prob-
abilistic outputs y ∼ N (µ(x), σ2(x)).

The total predictive uncertainty combines both sources:

Var[y|x] = EW [Var(y|x,W )] + VarW [E(y|x,W )].

The first term represents aleatoric uncertainty, the second
epistemic (Psaros et al. 2023; Loh et al. 2022).

Calibration and Confidence Reliability An AI model is
said to be calibrated when its predicted probabilities corre-
spond to empirical accuracy (Loh et al. 2022). Expected Cal-
ibration Error (ECE) quantifies the misalignment between
confidence and accuracy:

ECE =

M∑
i=1

|Bi|
n

|acc(Bi)− conf(Bi)|.

Well-calibrated uncertainty estimates are crucial in
medicine—miscalibration can lead to misplaced trust in
overconfident but unreliable systems (Ghassemi, Oakden-
Rayner, and Beam 2022; Cutillo et al. 2020). CertiHealth
employs ensemble-based calibration and conformal pre-
diction to ensure that uncertainty correlates with actual
reliability (Psaros et al. 2023; Loh et al. 2022).

Interpretability and Explainability in Medical AI
Interpretability bridges machine computation and human
reasoning (Gilpin et al. 2018; Rudin 2019; Selbst and Baro-
cas 2018). In clinical settings, a model’s decision must be
not only correct but also understandable and defensible.

Post-hoc Explanation Methods LIME, SHAP, Grad-
CAM, and Integrated Gradients interpret a pre-trained
model without altering its structure (Loh et al. 2022; Gilpin
et al. 2018). These techniques are flexible but limited—they
approximate rather than represent the model’s true reasoning
process (Gilpin et al. 2018; Rudin 2019).

Inherently Interpretable Models In contrast, inher-
ently interpretable architectures embed transparency into
the model’s design (Rudin 2019; Shneiderman 2020).
Prototype-, case-, and rule-based systems (Rudin 2019; Loh
et al. 2022) provide explicit decision paths, while atten-
tion and causal mechanisms highlight feature dependen-
cies (Gilpin et al. 2018; Shneiderman 2020). CertiHealth
bridges this divide by integrating post-hoc attribution into
a certified and uncertainty-aware neural architecture (Gilpin
et al. 2018; Rudin 2019; Loh et al. 2022).

Integrating Certification, Uncertainty, and
Interpretability
In isolation, these techniques offer partial trust (Zhang et al.
2022; Psaros et al. 2023; Gilpin et al. 2018): Lipschitz cer-
tification provides formal safety guarantees (Zhang et al.
2022; Javed, El-Sappagh, and Abuhmed 2025); uncertainty
estimation provides reliability quantification (Psaros et al.
2023; Loh et al. 2022); and interpretability provides trans-
parency and clinical trust (Gilpin et al. 2018; Rudin 2019).
CertiHealth’s novelty lies in their joint integration—where
uncertainty-aware predictions are certified against perturba-
tions and explained through interpretable attributions consis-
tent with clinical variables (Khan et al. 2024; Cutillo et al.
2020; Ellahham, Ellahham, and Simsekler 2020; Lyell and
Coiera 2017). This integration establishes the conceptual
and mathematical backbone of the framework developed in
the following section.

The CertiHealth Framework
CertiHealth integrates a Lipschitz-constrained neural back-
bone, an uncertainty estimation module, and an explainabil-
ity engine into a unified, end-to-end pipeline for diagnostic
prediction. This section details each component, their joint
optimization objectives, and the workflow for training, cer-
tification, and clinical inference.

Model Architecture: Lipschitz-Constrained Neural
Network
Design goals. The backbone must be expressive enough
for clinical tabular diagnostics while admitting a tractable
bound on its Lipschitz constant Kf . We employ a feedfor-
ward neural network with layer-specific spectral constraints
and bounded-gradient activations to produce a Lipschitz-
bounded neural network (LNN).

Layer structure. For input x ∈ Rd, the network is:

f(x) = WLσL−1(WL−1σL−2(. . . σ1(W1x+b1) . . . )+bL−1)+bL,

where Wi are weight matrices and σi are activation func-
tions.

Enforcing Lipschitz bounds. Each layer satisfies
∥Wi∥2 ≤ si using spectral normalization (?). Let Kσi de-
note the Lipschitz constant of σi (Ktanh = 1, KReLU = 1).
Then the overall bound is:

Kf ≤
L∏

i=1

∥Wi∥2Kσi
≤

L∏
i=1

si.



We apply spectral normalization to all linear layers, use
bounded-gradient activations (e.g., tanh, GroupSort, or Lip-
swish), and optionally include a gradient penalty term

λgp Ex

[
max(0, ∥∇xf(x)∥2 − ḡ)

]2
to discourage local sensitivity spikes, where ḡ is a target gra-
dient norm.

Architectural trade-off. Smaller si tighten robustness
but can reduce nominal accuracy. We impose stricter con-
straints on early layers (feature extraction) and looser ones
on later layers (classification), maintaining Kf within a tar-
get range.

The backbone outputs logits z(x) ∈ RC for C classes,
with probabilistic outputs p(y|x) = softmax(z(x)).

Uncertainty Module: Ensembles and Conformal
Prediction
Having established a certifiably robust backbone, we now
address predictive reliability. CertiHealth models both epis-
temic and aleatoric uncertainty and provides calibrated pre-
diction sets with finite-sample guarantees.

Deep ensembles (epistemic uncertainty). We train M
independent LNNs {f (m)}Mm=1 with different random seeds
and bootstrapped subsets. The ensemble predictive distribu-
tion is:

p̂(y|x) = 1

M

M∑
m=1

softmax(z(m)(x)).

Epistemic uncertainty is estimated as the predictive variance
across ensemble members:

Uepi(x) = Varm[p̂(m)(y|x)].

Aleatoric uncertainty. For regression or noise-aware
classification, each network may output both a mean and
variance, yielding y ∼ N (µ(x), σ2(x)).

Conformal prediction. To guarantee marginal coverage
1−α independent of model correctness, we apply split con-
formal prediction:

1. Train ensemble on the training set, reserve a calibration
set C.

2. Compute nonconformity scores s(x, y) (e.g., 1− p̂(y|x))
for all (x, y) ∈ C.

3. Set threshold q as the (1− α)-quantile of these scores.
4. At test time, output S(x) = {y : s(x, y) ≤ q}.

Conformal prediction complements Lipschitz certification
by providing distribution-free coverage guarantees.

Calibration is further refined using temperature scaling or
isotonic regression to minimize Expected Calibration Error
(ECE).

Explainability Engine: Attribution and
Counterfactuals
CertiHealth enhances transparency through SHAP-based
feature attribution and clinically constrained counterfactu-
als, adjusted for model uncertainty.

Attribution. SHAP values are computed on the ensemble
mean:

ϕj(x) ≈ ES⊆D\{j}[f(xS∪{j})− f(xS)].

We define uncertainty-weighted attributions:

ϕ̃j(x) = ϕj(x) · w(x), w(x) = 1− Uepi(x),

reducing attribution magnitude when epistemic uncertainty
is high, preventing overinterpretation of uncertain predic-
tions.

Counterfactual explanations. We generate sparse, clin-
ically plausible counterfactuals x′ that flip the predicted la-
bel:
min
x′

∥x′−x∥1+γ CF cost(x, x′) s.t. argmax
y

p̂(y|x′) ̸= argmax
y

p̂(y|x),

where CF cost enforces medical feasibility constraints
(e.g., monotonic lab ranges). Counterfactuals violating these
constraints are rejected.

Faithfulness diagnostics. Each explanation is evaluated
for fidelity (local surrogate accuracy) and stability (variance
under small perturbations). Cases with unstable explanations
and small certified radius rcert(x) are flagged as unreliable.

Training and Certification
Each ensemble member is trained to jointly optimize accu-
racy, robustness, and diversity:

L(m) = LCE(f
(m)(x), y)+λlipRlip(W )+λgpRgp(x)+λdivRdiv({f (m)}),

where Rlip penalizes large spectral norms, Rgp enforces
smooth gradients, and Rdiv encourages ensemble diversity.

Certified robustness. For input x with predicted class
y∗ = argmaxc zc(x) and margin m(x) = zy∗(x) −
maxc̸=y∗ zc(x), the certified L2 radius is:

rcert(x) =
m(x)

2Kf
.

Any perturbation ∥δ∥2 < rcert(x) provably preserves the
predicted class.

End-to-End Workflow
Training:
• Preprocess MIMIC-IV features (imputation, normaliza-

tion, clinically informed binning).
• Train M = 5 LNNs with spectral normalization, gradient

penalty, and diversity regularization.
• Calibrate using temperature scaling and compute confor-

mal threshold q.
Inference:

• Compute ensemble mean p̂(y|x) and uncertainties
Uepi(x), σ2(x).

• Produce conformal prediction set S(x) and certified ra-
dius rcert(x).

• Generate SHAP attributions and counterfactuals.
• Output certified robustness metrics, calibrated probabil-

ities, uncertainty summaries, and interpretable explana-
tions for clinical review.

Hyperparameters: M = 5, si ∈ [0.9, 1.5], λgp = 0.1,
λlip = 10−3, λdiv = 10−2, α = 0.1 (90% coverage target).



Experimental Evaluation
This section empirically evaluates CertiHealth across quan-
titative and qualitative dimensions: predictive performance,
robustness certification, uncertainty calibration, and inter-
pretability. All experiments are conducted on real-world
clinical datasets, comparing CertiHealth with both uncerti-
fied and partially trustworthy baselines.

Datasets
MIMIC-IV Clinical Dataset. We evaluate CertiHealth on
the MIMIC-IV (v2.2) dataset (?), a large-scale, de-identified
electronic health record (EHR) collection from critical care
units at Beth Israel Deaconess Medical Center (2008–2019).
Two diagnostic prediction tasks are considered:

• Sepsis Onset Prediction: Binary classification of
whether a patient develops sepsis within the next 6 hours,
using dynamic physiological and laboratory variables.

• In-Hospital Mortality Prediction: Binary classification
of patient survival following ICU admission.

Feature extraction and preprocessing. We selected 47
clinically validated features, including vital signs (heart rate,
blood pressure, SpO2, temperature), laboratory measures
(lactate, bilirubin, creatinine), demographics (age, sex), and
comorbidities (SOFA score, Charlson index). Data are win-
dowed in 6-hour intervals and normalized via z-score per
feature. Missing values are imputed using forward fill fol-
lowed by median imputation. Categorical variables are one-
hot encoded, and outliers are clipped at the 1st–99th per-
centile range. For model training, data are split into 70%
train, 15% validation, and 15% test sets, ensuring patient-
level disjointness to avoid leakage across splits.

Auxiliary Dataset (PhysioNet 2019 Challenge). To as-
sess generalization, CertiHealth is also validated on the
PhysioNet 2019 ICU Challenge dataset (?), which includes
40,336 ICU stays with similar feature schema. Preprocess-
ing parameters learned from MIMIC-IV are reused to mea-
sure cross-hospital transfer robustness.

Baselines
We benchmark CertiHealth against three categories of mod-
els:

Standard Deep Neural Network (DNN): A 3-layer MLP
trained with cross-entropy, no Lipschitz or uncertainty con-
straints. Serves as the nominal high-accuracy baseline.

Uncertainty-Aware Models:
• Deep Ensemble (UncEnsemble): Ensemble of 5 uncon-

strained DNNs trained with standard regularization (?).
• MC Dropout (MCDrop): Dropout at inference with 50

Monte Carlo samples to approximate Bayesian infer-
ence (?).

Explainable Models:
• Post-hoc SHAP DNN (SHAP-DNN): Standard DNN

with SHAP explanations only (?).
• Prototype Network (ProtoNet): Inherently inter-

pretable case-based model with no uncertainty or certi-
fication (?).

CertiHealth integrates all three desiderata—certification,
uncertainty, and explainability—while maintaining compa-
rable predictive performance.

Evaluation Metrics
Predictive Performance. AUROC (Area under the Receiver
Operating Characteristic) measures discriminative power.
Accuracy and F1-score assess classification balance.

Uncertainty and Calibration. Expected Calibration Er-
ror (ECE) quantifies how well predicted confidence aligns
with empirical accuracy (?). The Brier Score measures the
mean squared error between predicted probabilities and true
outcomes. Prediction Set Size (from conformal prediction)
indicates the average size of output sets at target coverage
1− α.

Robustness and Certification. Certified Radius (rcert) re-
flects the average provable perturbation size under which
predictions remain invariant. The mean Lipschitz constant
(Kf ) across ensemble members indicates model sensitiv-
ity—lower values imply tighter robustness guarantees.

Explainability. We measure Fidelity (correlation between
predictions and local surrogates), Stability (variance of fea-
ture importances under small input perturbations), and Clin-
ical Alignment (fraction of top-5 SHAP features matching
known physiological risk factors, verified by a clinician).

Quantitative Results
Predictive and Calibration Performance.

Table 1: Predictive and Calibration Results on MIMIC-IV

Model AUROC ECE↓ Brier↓ Accuracy F1
DNN (baseline) 0.868 0.087 0.121 0.81 0.78
MC Dropout 0.872 0.064 0.112 0.82 0.79
Deep Ensemble 0.878 0.042 0.106 0.82 0.80
SHAP-DNN 0.864 0.085 0.118 0.80 0.77
CertiHealth (ours) 0.876 0.026 0.094 0.83 0.81

CertiHealth achieves competitive AUROC while substan-
tially improving calibration (ECE reduction from 0.087 →
0.026) and Brier score. Ensemble-based uncertainty and
conformal prediction prevent overconfident misclassifica-
tions.

Certified Robustness.

Table 2: Robustness Certification Metrics

Model Mean Kf Mean rcert Certified (%)
DNN > 10.0 < 0.005 0
Spectral-LNN 3.12 0.041 87.4
CertiHealth (full) 2.78 0.049 94.1

CertiHealth’s spectral and gradient constraints yield prov-
able robustness margins—average perturbation tolerance ≈
0.049 in normalized input space, corresponding to realistic
physiological variations (e.g., ±2 bpm heart rate). Nearly all
test samples receive nonzero certification.

Explainability Evaluation.



Table 3: Explainability and Clinical Alignment Evaluation

Model Fidelity↑ Stability↑ Clinical Align.↑
SHAP-DNN 0.82 0.67 0.74
ProtoNet 0.78 0.71 0.80
CertiHealth 0.85 0.83 0.89

CertiHealth’s attribution maps are stable and clini-
cally coherent due to Lipschitz-bounded smoothness and
uncertainty-weighted SHAP integration.

Case Study: Clinical Interpretability and
Uncertainty Alignment
To demonstrate CertiHealth’s interpretability in practice, we
analyze a representative sepsis prediction case from the
MIMIC-IV test set.

Patient description: A 61-year-old male, post-operative,
with fluctuating blood pressure and rising lactate levels.

Model output: Predicted probability of sepsis within 6
hours: 0.84 ± 0.07 (ensemble mean ± epistemic SD). Cer-
tified radius rcert = 0.052 — stable against minor measure-
ment noise.

Feature attributions (uncertainty-weighted SHAP):
• ↑ Lactate (+0.27)
• ↓ Mean arterial pressure (+0.21)
• ↑ Temperature (+0.18)
• ↑ WBC count (+0.12)
• ↑ Respiratory rate (+0.09)

Counterfactual analysis: Reducing lactate by 0.8
mmol/L and stabilizing MAP by +5 mmHg shifts predic-
tion confidence below 0.5, flipping the decision bound-
ary—consistent with clinical understanding of sepsis physi-
ology.

Interpretation: High-certainty, high-certification predic-
tion with feature relevance strongly aligning with accepted
biomarkers. Low epistemic uncertainty (0.07) reflects model
familiarity with similar cases; rare lab patterns trigger wider
prediction sets and reduced certification, signaling caution.

Discussion of Findings
Results indicate that CertiHealth achieves a strong bal-
ance between predictive strength, provable robustness, cal-
ibrated confidence, and interpretability. It maintains accu-
racy comparable to unconstrained deep models while de-
livering formal guarantees and clinically grounded explana-
tions—closing the long-standing gap between model perfor-
mance and trust in clinical AI.

The improvement in the stability of SHAP attributions
suggests that Lipschitz regularization contributes not only to
robustness but also to smoother and more consistent expla-
nations. Furthermore, the observed correlation between high
epistemic uncertainty and small certified radius highlights
the framework’s internal coherence: both metrics respond to
the model’s epistemic fragility. This alignment between un-
certainty and certification metrics provides a principled sig-
nal for determining when automated predictions should be

deferred to human oversight, reinforcing CertiHealth’s prac-
tical utility in safety-critical environments.

Conclusion
Reliable and trustworthy medical AI must extend beyond
raw accuracy. The absence of explicit mechanisms for certi-
fication, uncertainty quantification, and interpretability con-
tinues to undermine clinical confidence in AI-driven deci-
sion systems. This paper introduced CertiHealth, a uni-
fied framework that integrates three pillars of trustwor-
thy AI: formal robustness certification through Lipschitz-
constrained learning, calibrated uncertainty estimation, and
transparent model explainability.

Experimental results demonstrate that these components
can coexist without sacrificing diagnostic performance. Cer-
tiHealth produces models that are mathematically robust,
probabilistically calibrated, and clinically interpretable. By
grounding medical AI in verifiable guarantees rather than
heuristic trust, the framework advances the path toward safer
and more accountable decision support systems.

Future research will explore extending CertiHealth to
multimodal clinical data, incorporating conformal risk con-
trol for tighter uncertainty bounds, and evaluating its human-
centered impact through clinician-in-the-loop studies. Se-
curing the medical AI pipeline requires not only robust algo-
rithms but also transparent systems that clinicians can reason
about and patients can trust.
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