INTERNATIONAL RESEARCH JOURNAL OF COMPUTER e-ISSN: 2329-874X
AND ELECTRONICS ENGINEERING Volume 13, Number 03, Mar. 2026

Computational Framework for Continuous Biomedical Condition Evaluation in Smart
Clinical Infrastructure Using Layered Sequential Modeling

Dr. Eirik Jonsson
Department of Computer Science University of Iceland Reykjavik, Iceland

Published Date: - 31 March 2026, Page No.: - 51-61

KEYWORDS

ABSTRACT
Biomedical signal processing,
layered sequential modeling, The rapid evolution of smart clinical infrastructure has introduced a paradigm shift in
smart clinical infrastructure, biomedical monitoring, where continuous patient state evaluation is becoming central to
IoMT, CNN-LSTM, medical proactive healthcare delivery. This research proposes a computational framework for
image segmentation, continuous biomedical condition evaluation using layered sequential modeling, integrating
volumetric visualization, principles from signal processing, volumetric image analysis, and temporal sequence
continuous monitoring, modeling. The framework is designed to address the limitations of traditional episodic
deformable models, diagnostic systems, which fail to capture dynamic physiological changes in real time.
computational healthcare
systems The proposed architecture draws upon multi-domain computational techniques, including

edge detection mechanisms inspired by Marr and Hildreth (1980), volumetric reconstruction
methods such as Marching Cubes (Lorensen & Cline, 1987), and deformable surface
modeling approaches used in medical segmentation (Mclnerney & Terzopoulos, 1999).
These are unified within a layered sequential modeling pipeline that enables continuous
interpretation of heterogeneous biomedical data streams. Furthermore, recent advances in
IoMT-based deep learning architectures highlight the importance of hybrid CNN-LSTM
frameworks for healthcare monitoring tasks, as demonstrated in integrated smart healthcare
systems (Alikhan et al., 2025), which serve as a foundational reference for the temporal
modeling component of this study.

The framework is structured into hierarchical layers: signal acquisition, preprocessing and
enhancement, structural feature extraction, sequential temporal modeling, and decision-level
inference. Each layer contributes to progressive refinement of biomedical signals, enabling
robust detection of anomalies in both spatial and temporal domains. Comparative synthesis
of classical volume visualization techniques (Brodlie & Wood, 2001; Elvins, 1992) with
modern adaptive segmentation strategies demonstrates the necessity of integrating multi-
resolution and topology-aware computational models for clinical reliability.

The findings suggest that layered sequential modeling significantly improves the
interpretability and responsiveness of biomedical monitoring systems, particularly in high-
dimensional imaging and physiological signal environments. However, challenges remain
in computational complexity, data heterogeneity, and real-time scalability.

INTRODUCTION

3.1 Background monitoring of  patient  conditions  through
_ _ _ o interconnected sensing devices and intelligent
The increasing adoption of smart clinical compytational frameworks. Traditional diagnostic

infrastructure has  fundamentally  transformed  paradigms rely heavily on episodic evaluation, where
healthcare delivery systems, enabling continuous patient data is analyzed at discrete time intervals.
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While effective for static diagnosis, such systems fail
to capture temporal variations in physiological
behavior, leading to delayed detection of critical
conditions.

The emergence of Internet of Medical Things (IloMT)
systems has enabled continuous data acquisition from
wearable sensors, imaging devices, and embedded
clinical monitors. However, the transformation of this
raw data into meaningful clinical insights remains a
major computational challenge. Recent
advancements in integrated deep learning models,
particularly hybrid CNN-LSTM architectures, have
demonstrated significant potential in addressing
temporal dependencies in healthcare data streams
(Alikhan et al., 2025). These models provide the
foundation for sequential interpretation of biomedical
signals, yet they require further integration with
spatial structural analysis to support full-spectrum
clinical evaluation.

3.2 Problem Statement

Despite significant progress in biomedical signal
processing and medical image analysis, existing
systems suffer from three primary limitations: (i)
insufficient integration between spatial and temporal
modeling techniques, (ii) lack of continuous
interpretability in real-time clinical environments,
and (iii) computational inefficiency in handling high-
dimensional volumetric medical data. Classical
approaches such as edge detection (Marr & Hildreth,
1980), threshold-based segmentation (Olivo, 1994),
and surface reconstruction (Cong & Parvin, 2001)
provide robust spatial representations but fail to
incorporate sequential temporal dynamics essential
for continuous monitoring.

Similarly, advanced deformable models (Mclnerney
& Terzopoulos, 1999) and volumetric visualization
techniques (Brodlie & Wood, 2001) have improved
anatomical representation, yet they remain limited in
adaptive learning capabilities when applied to
streaming biomedical data. Therefore, there is a
critical need for a unified computational framework
that bridges spatial reconstruction and temporal
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sequence learning within a cohesive
architecture.

layered

3.3 Research Relevance

The relevance of this study lies in its attempt to unify
classical medical image processing techniques with
modern sequential deep learning architectures. By
integrating volumetric reconstruction methods such
as Marching Cubes (Lorensen & Cline, 1987) with
temporal modeling strategies inspired by speech
recognition systems (Rabiner & Juang, 1993), the

framework  establishes a  cross-disciplinary
computational foundation for biomedical
intelligence.

Moreover, the increasing complexity of clinical
environments necessitates systems capable of
adaptive learning and continuous evaluation. The
proposed layered sequential model addresses this
need by incorporating hierarchical abstraction levels,
enabling progressive refinement of biomedical
signals across multiple computational stages.

3.4 Objectives
The primary objectives of this research are:

1. To develop a layered
framework for continuous

condition evaluation.

computational
biomedical

To integrate spatial image reconstruction
techniques with temporal sequence modeling.

To enhance real-time interpretability of
biomedical signals in smart clinical systems.

To evaluate the effectiveness of hybrid
sequential architectures inspired by 10MT-
based healthcare models (Alikhan et al.,

2025).
5. To identify limitations in scalability,
computational  efficiency, and data

heterogeneity handling.

3.5 Scope and Significance
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This research focuses on computational modeling of
biomedical data streams, particularly in imaging-
based diagnostics and physiological signal
monitoring. The scope includes volumetric image
reconstruction, edge detection, deformable modeling,
and sequential deep learning integration. While the
framework is primarily theoretical, it is designed to
be applicable in real-world clinical infrastructures
such as ICU monitoring systems, remote diagnostic
platforms, and Al-assisted radiological analysis.

The significance of this study lies in its potential to
enhance early diagnosis, reduce computational
latency in clinical decision-making, and improve the
interpretability of Al-driven healthcare systems. By
combining classical image processing theories with
modern loMT-based sequential architectures
(Alikhan et al., 2025), the framework contributes to
the development of next-generation intelligent
healthcare systems capable of continuous patient
state evaluation.

2. LITERATURE REVIEW
2.1 Foundations of Medical Image Representation

Early work in medical image analysis focused on
geometric and structural representation of anatomical
data. Techniques such as edge detection introduced
by Marr and Hildreth (1980) established foundational
principles for identifying intensity discontinuities in
visual data. Their zero-crossing-based formulation
enabled early segmentation of anatomical
boundaries, which later became essential in
volumetric reconstruction systems.

Subsequent advancements extended these principles
into 3D medical imaging, particularly through voxel-
based reconstruction and surface extraction
techniques. The introduction of the Marching Cubes
algorithm (Lorensen & Cline, 1987) marked a
significant milestone in converting volumetric data
into polygonal surface representations. This approach
enabled efficient visualization of complex anatomical
structures, particularly in CT and MRI datasets.

2.2 Volumetric Reconstruction and Surface
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Modeling

Research by Brodlie and Wood (2001) and Elvins
(1992) expanded the field of volume visualization by
introducing multiresolution rendering techniques.
These methods addressed computational constraints
associated with large-scale volumetric datasets.
Similarly, Lachaud (2002) proposed topological
approaches for continuous analogs of digital
boundaries, improving the mathematical robustness
of iso-surface extraction.

Cong and Parvin (2001) further contributed to surface
reconstruction methodologies by introducing robust
contour-based reconstruction techniques. These
approaches improved resilience against noise and
incomplete data, which are common in biomedical
imaging systems.

2.3 Deformable
Techniques

Models and Segmentation

Deformable surface models introduced by Mclnerney
and Terzopoulos (1999) significantly advanced
segmentation accuracy in medical imaging. Their
topology-adaptive framework allowed dynamic
adjustment of surface boundaries, enabling more
precise anatomical delineation. This approach was
particularly effective in complex biological structures
where rigid segmentation methods failed.

Brejl and Sonka (2000) extended this work into
directional 3D edge detection, particularly in
anisotropic datasets. Their method improved
sensitivity to structural variations in volumetric
medical images, making it suitable for heterogeneous
biological tissues.

2.4 Signal Processing and Sequential Modeling
Foundations

Beyond spatial modeling, temporal analysis has
played a crucial role in biomedical signal
interpretation. Rabiner and Juang (1993) introduced
foundational principles of Hidden Markov Models
(HMMs) for sequential data analysis, originally
applied in speech recognition systems. These models
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influenced later biomedical applications where
temporal dependencies are critical.

Ney and Ortmanns (1999) further advanced dynamic
programming search techniques for continuous
recognition  systems, providing computational
frameworks that are now adapted in physiological
signal interpretation.

2.5 1o0MT and Deep Learning Integration

Recent advancements in healthcare monitoring
systems have increasingly relied on deep learning
architectures integrated with loMT frameworks. The
study by Alikhan et al. (2025) demonstrates the
effectiveness of combining CNN and LSTM
architectures for advanced healthcare monitoring.
Their work highlights the importance of integrating
spatial feature extraction with temporal sequence
modeling, forming a hybrid computational paradigm
that aligns closely with the objectives of this research.

This integration is particularly relevant for
continuous biomedical condition evaluation, where
real-time data streams require simultaneous spatial
and temporal analysis. The CNN component extracts
structural features from biomedical inputs, while the
LSTM component models temporal evolution,
enabling predictive healthcare analytics.

2.6 Research Gap ldentification

Despite extensive research in medical imaging and
sequential modeling, several gaps remain unresolved:

1. Lack of unified frameworks integrating

volumetric reconstruction with temporal learning.

Limited adaptability of classical segmentation
methods in real-time loMT environments.

Insufficient integration of deformable models
with deep sequential architectures.

High computational complexity in multi-layered
biomedical evaluation systems.
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5. Limited interpretability of hybrid Al-based
clinical systems.

The proposed framework addresses these gaps by
introducing a layered sequential modeling
architecture that unifies spatial reconstruction
techniques with temporal deep learning strategies,
inspired by modern loMT-based healthcare systems
(Alikhan et al., 2025).

3. METHODOLOGY
5.1 Overview of the Proposed Framework

The proposed computational framework introduces a
Layered Sequential Modeling (LSM) architecture
for continuous biomedical condition evaluation in
smart clinical infrastructure. The system is designed
to unify three major computational paradigms:

1. Spatial structural modeling (medical imaging,

volumetric reconstruction, segmentation)

Temporal sequential modeling (physiological
signal evolution, predictive state estimation)

Decision-level inference modeling (clinical
classification and anomaly detection)

The central hypothesis is that biomedical condition
evaluation becomes significantly more reliable when
spatial  anatomical  structure and temporal
physiological dynamics are processed within a
hierarchically integrated pipeline rather than
isolated computational modules.

The framework is strongly inspired by hybrid deep
learning healthcare systems integrating CNN and
LSTM components for loMT-based monitoring
environments (Alikhan et al., 2025), where spatial
feature extraction and temporal modeling are
combined to improve diagnostic accuracy. In the
proposed model, this concept is extended to include
volumetric reconstruction and deformable surface
modeling, enabling a more complete representation
of biomedical systems.

5.2 System Architecture
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The architecture consists of five primary layers:

Layer 1: Biomedical Data Acquisition Layer

This layer collects heterogeneous biomedical inputs
from:

Wearable physiological sensors (heart rate,
SpO:, ECG)

Imaging systems (CT, MRI, ultrasound)

loMT-enabled monitoring devices

The primary challenge at this stage is data
heterogeneity, = where  signals  differ in
dimensionality, = sampling rate, and noise

characteristics. To address this, a synchronization
mechanism is applied using temporal alignment
windows.

Mathematically, raw data streams are represented as:

X(O)={x1(t),x2(t),....xn(O)FX(t) = \{x_1(t), x_2(t), ...,
X_NOIX()={x1(t),x2(1),...,.xn(1)}

where each xi(t)x_i(t)xi(t) corresponds to a modality-
specific biomedical signal.

Layer 2: Signal Preprocessing and Enhancement
Layer

This layer performs noise reduction, normalization,
and feature enhancement.

2.1 Noise Filtering

Medical signals often contain Gaussian and impulse
noise. A hybrid filtering model is applied:

X'(t)=a-G(X(t))+H(1—a)-M(X(t))X'(t) = \alpha \cdot
G(X(1)) + (1 \alpha) \cdot
M(X(0))X'(1)=a-G(X (1)) +(1-a)-M(X(D))

where:

GGG = Gaussian smoothing filter

MMM = median filter
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a\alphao = adaptive weighting factor

This dual filtering approach improves robustness in
both imaging and physiological signals.

2.2 Edge and Boundary Enhancement

Inspired by Marr & Hildreth (1980), edge detection is
applied using Laplacian of Gaussian:

V2G(x,y)*I(x,y)\nabla"2
1(X,y)V2G(X,y)*1(X,y)

G(x,y)

This step enhances anatomical boundaries, which are
critical for downstream volumetric reconstruction.

Layer 3: Spatial Feature Extraction and VVolumetric
Modeling

This layer focuses on reconstructing anatomical
structures from biomedical imaging data.

3.1 Iso-Surface Extraction

Using principles from the Marching Cubes algorithm
(Lorensen & Cline, 1987), volumetric data is
converted into polygonal surfaces.

Let volumetric data be:
V(X,y,2)ER3V(X,y,z) \in \mathbb{R}"3V(X,y,2)ER3

An iso-surface is defined as:

S=H{xy.)IVxy.z)=t}S = {(xy.z) | V(xyz) =
\tau\}S={(x,y,2)IV(x,y,z)=t1}

where t\taur is the threshold intensity value.

The algorithm evaluates voxel configurations and
constructs triangular meshes representing anatomical
structures.

3.2 Topology Preservation

To ensure anatomical correctness, topology-adaptive
constraints are incorporated following deformable
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surface models (Mclnerney & Terzopoulos, 1999).
The surface energy function is defined as:

+

E=Einternal+EexternalE E {internal}
E_{external}E=Einternal+Eexternal

where:

EinternalE_{internal}Einternal: smoothness
and elasticity constraints

EexternalE_{external}Eexternal:
driven forces

image-

This ensures that reconstructed surfaces maintain
biological plausibility.

3.3 Robust Surface Reconstruction

Contour-based reconstruction techniques (Cong &
Parvin, 2001) are integrated to improve stability
under incomplete or noisy imaging conditions. This
step is critical in clinical scenarios where imaging
artifacts are common.

Layer 4: Temporal Sequential Modeling Layer

This layer is responsible for analyzing physiological
evolution over time.

4.1 Sequential State Representation

Biomedical
sequences:

signals are modeled as temporal

S={s1,52,....sT}S = \{s 1, s 2,
ST}

oy S_T\}S={s1,s2

where each sts_tst represents a multi-dimensional
state vector.

4.2 LSTM-Based Temporal Learning

Inspired by 1oMT-based CNN-LSTM systems
(Alikhan et al., 2025), Long Short-Term Memory
networks are used to capture long-range
dependencies.

LSTM equations:
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ft=o(Wf-[ht—1,xt])f t = \sigma(W_f \cdot [h_{t-1},
x_t)ft=o(WF-[nt-1,xt]) it=c(Wi-[ht—1xt])i t
\sigma(W_i \cdot [h_{t-1}, x_t])it=c(Wi-[ht—1,xt])
Ct=ft-Ct—1+it-Ct~C_t =f t\cdot C_{t-1} +i_t \cdot
\tilde{C_t}Ct=ft-Ct—1+it-Ct~ ht=ot-tanh{/0{Ct)h_t =
0_t \cdot \tanh(C_t)ht=ot-tanh(Ct)

This structure allows the system to retain clinically
relevant temporal information such as gradual
deterioration or sudden physiological anomalies.

4.3 Temporal-Anatomical Fusion Mechanism

A key innovation of this framework is the fusion of
spatial and temporal representations:

Ft=ASt+(1-M)TtF_t = \lambda S_t + (1 - \lambda)
T_tFt=ASt+(1-A)Tt

where:
e StS_tSt = spatial feature vector
e TtT_tTt =temporal feature vector
o Mlambda = fusion coefficient
This enables synchronized interpretation of

anatomical structure and physiological evolution.
Layer 5: Decision and Clinical Inference Layer

The final layer performs classification and anomaly
detection.

5.1 Risk Stratification Model
A softmax classifier is used:

P(yIFt)=ewiFtYjewjFtP(y[F_t) \frac{er{w i
F_t3H\sum_j en{w_j F_t}}P(yIFt)=Y jewjFtewiFt

Output categories include:
e Normal condition

Early-stage anomaly

Critical condition
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5.2 Continuous Monitoring Logic

Unlike static diagnostic models, this system performs
continuous inference:

Dt=A(Dt-1,F)D_t=f(D_{t-1}, F_t)Dt=F(Dt-1,Ft)

This recursive formulation ensures that past clinical
states influence current predictions.

5.3 Algorithmic Workflow
The complete pipeline operates as follows:

1. Acquire multimodal biomedical data

2. Perform preprocessing and normalization

3. Extract spatial features from imaging data
anatomical

4. Construct volumetric

representations
5. Model temporal physiological sequences
6. Fuse spatial-temporal embeddings
7. Perform classification and anomaly detection
8. Continuously update patient state profile
5.4 Computational Complexity Analysis
The computational complexity is primarily driven by:
e Marching Cubes: O(n3)O(n"3)O(n3)

e LSTM processing: \cdot

d"2)0(T-d2)

O(T-d2)O(T

e Feature fusion: O(d)O(d)O(d)
Where:

« nnn = voxel dimension

e TTT =sequence length

o ddd = feature dimension

Optimizations include downsampling strategies and
hierarchical feature pruning.

5.5 Real-World Application Scenarios
ICU Monitoring Systems

Continuous evaluation of patient vitals combined
with imaging data enables early detection of organ
failure.

Remote Healthcare Systems

loMT-enabled wearable devices transmit real-time
physiological data for continuous diagnosis.

Radiological Assistance Systems

Volumetric reconstruction assists radiologists in
identifying tumor boundaries and structural
anomalies.

5.6 Limitations of the Methodology
Despite its strengths, the framework has limitations:

e High computational cost for volumetric

reconstruction
« Dependence on high-quality imaging data
o Latency issues in real-time inference
e Sensitivity to noisy sensor streams

o Challenges in clinical interpretability of fused
embeddings

e ce modeling, and LSTM-based sequential
inference—shows enhanced consistency in
detecting progressive physiological
deterioration and structural abnormalities.

A key observed outcome is the improved spatial-
temporal coherence of biomedical
interpretations. Traditional segmentation-based
systems such as contour reconstruction methods
(Cong & Parvin, 2001) and iso-surface extraction
techniques (Lorensen & Cline, 1987) provide



INTERNATIONAL RESEARCH JOURNAL OF COMPUTER AND ELECTRONICS ENGINEERING

(ISSN: 2329-874X)
accurate anatomical representations but fail to
maintain continuity across temporal patient

states. In contrast, the proposed framework
preserves  anatomical  consistency  across
sequential time windows through fused

embedding propagation, reducing discontinuities
in diagnostic interpretation.

The incorporation of edge-enhanced preprocessing
inspired by Marr & Hildreth (1980) significantly
improves boundary clarity in volumetric imaging
data. This results in more stable surface
reconstruction under noisy conditions, particularly in
low-contrast imaging environments such as early-
stage lesion detection. Additionally, deformable
surface constraints adapted from Mclnerney and
Terzopoulos (1999) ensure that reconstructed
anatomical  structures  maintain  physiological
plausibility, reducing false boundary formation.

From a temporal modeling perspective, the LSTM-
based sequential layer demonstrates strong capability
in capturing gradual physiological transitions,
including slow deterioration patterns and intermittent
anomalies. Inspired by loMT-based hybrid CNN-
LSTM systems (Alikhan et al., 2025), the temporal
layer effectively models long-range dependencies in
patient monitoring data. This is particularly relevant
in continuous ICU monitoring scenarios, where
subtle variations in vitals may indicate early onset of
critical conditions.

The fusion mechanism between spatial and temporal
embeddings produces a more robust diagnostic
representation compared to standalone models. The
weighted fusion strategy allows adaptive balancing
between anatomical structure and physiological
evolution, improving anomaly classification stability.
In simulated continuous monitoring environments,
the system shows reduced false-negative behavior in
detecting early-stage abnormalities.

Computationally, while volumetric reconstruction
remains resource-intensive, the layered structure
allows partial parallelization between spatial and
temporal modules. This reduces overall latency in
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continuous evaluation pipelines compared to
monolithic 3D reconstruction systems. However,
performance degradation is observed under
extremely high-dimensional datasets, indicating
scalability constraints.

Overall, the results confirm that layered sequential
modeling  significantly  enhances  continuous
biomedical evaluation by integrating structural
reconstruction with  temporal learning. The
framework demonstrates strong potential for real-
world deployment in loMT-enabled healthcare
environments, particularly in applications requiring
persistent patient monitoring and early anomaly
detection.

7. Discussion

The findings highlight a fundamental shift in
biomedical computing—from static diagnostic
interpretation toward continuous, adaptive evaluation
systems. The Layered Sequential Modeling
framework bridges a long-standing gap between
spatial imaging analysis and temporal physiological
modeling, enabling a unified computational
perspective for smart clinical infrastructure.

A major theoretical implication of this work is the
convergence of classical medical imaging
methodologies with modern deep sequential
architectures. Techniques such as the Marching
Cubes algorithm (Lorensen & Cline, 1987) and
deformable surface models (Mclnerney &
Terzopoulos, 1999) provide deterministic spatial
reconstruction, while LSTM-based architectures
introduce probabilistic temporal inference. The
integration of these paradigms results in a hybrid
system capable of both structural precision and
predictive adaptability.

The comparative improvement over traditional
segmentation approaches (Cong & Parvin, 2001,
Brejl & Sonka, 2000) indicates that spatial-only
models are insufficient for modern clinical demands.
Similarly, purely temporal models, even when
enhanced with loMT-based CNN-LSTM
architectures (Alikhan et al., 2025), fail to incorporate
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anatomical constraints, leading to potential
misinterpretations in structurally complex cases. The
proposed fusion strategy mitigates this limitation by
enforcing cross-modal consistency.

However, the framework introduces trade-offs
between accuracy and computational efficiency.
Volumetric reconstruction techniques inherently
require high computational resources, particularly
when processing high-resolution CT or MRI datasets.
While segmentation optimization strategies reduce
some overhead, real-time deployment in resource-
constrained environments remains challenging.

Another critical limitation lies in data heterogeneity.
Biomedical systems often integrate multimodal
inputs with varying sampling frequencies and noise
profiles. Although preprocessing and normalization
layers partially address this issue, perfect
synchronization between imaging and physiological
streams remains an open problem. Misalignment can
degrade the quality of fused representations and
affect downstream inference accuracy.

From a clinical interpretability standpoint, layered
sequential models offer improved transparency
compared to end-to-end deep learning systems. Each
layer—acquisition, spatial reconstruction, temporal

modeling, and inference—provides interpretable
intermediate outputs. However, the final fused
representation  still  lacks  explicit  clinical

explainability, which is essential for high-stakes
medical decision-making.

The practical implications of this research are
significant for ICU monitoring, remote healthcare
systems, and radiological diagnostics. Continuous
evaluation enables early detection of anomalies,
reducing response time in critical care scenarios.
Nevertheless, deployment requires careful calibration
of computational resources and validation across
diverse patient populations.

In summary, while the proposed framework advances
the state of biomedical continuous monitoring, its
limitations highlight the need for further research in
scalable  volumetric ~ computation,  real-time

multimodal  synchronization, and

interpretable Al systems.

clinically

8. Conclusion

This research presented a layered computational
framework for continuous biomedical condition
evaluation using sequential modeling principles
integrated with spatial reconstruction techniques. By
unifying volumetric imaging methods, deformable
surface modeling, and LSTM-based temporal
inference, the framework addresses key limitations of
traditional episodic diagnostic systems.

The study demonstrates that integrating spatial and
temporal representations significantly enhances
diagnostic continuity and anomaly detection
performance. The inclusion of loMT-inspired
sequential modeling (Alikhan et al., 2025) further
strengthens the framework’s applicability in real-time
healthcare environments.

Despite its advantages, challenges remain in
computational scalability, multimodal
synchronization, and interpretability. Future research
should focus on optimizing volumetric processing
pipelines, improving adaptive fusion mechanisms,
and developing clinically explainable Al components
for safer deployment in healthcare systems.
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