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ABSTRACT

The rapid growth of multimodal vascular data — including high-resolution angiography, intravascular ultrasound, optical
coherence tomography, perfusion imaging, and hemodynamic waveforms — has created unprecedented opportunities for Al-driven
diagnosis and risk stratification in cardiovascular and peripheral vascular disease. However, current data pipelines remain
fragmented, opaque, and vulnerable to security breaches, limiting the reproducibility and clinical adoption of AI models. This
paper investigates the synergy between blockchain and artificial intelligence (Al) for vascular data management, with a focus on
enhancing trust, traceability, and diagnostic accuracy in healthcare systems. We conceptualize a layered reference architecture in
which a permissioned blockchain network underpins provenance-aware vascular data lakes, federated and transfer-learning—based
Al pipelines, and explainable diagnostic services. On-chain smart contracts govern fine-grained consent management, access
control, and audit trails, while off-chain encrypted storage and edge nodes support scalable handling of large imaging datasets.
We analyze how blockchain-enabled federated learning, verifiable model updates, and tamper-evident logs can mitigate data-silo,
bias, and accountability challenges that currently affect vascular AI models. Drawing on emerging applications in cardiovascular
disease screening, vascular surgery, and imaging-centric Internet of Medical Things ecosystems, we derive a set of design
principles and performance, security, and governance metrics for blockchain—Al systems in vascular care. The paper concludes
by outlining open research directions, including cross-chain interoperability for multi-institution vascular registries, integration
of explainable AI with on-chain verifiability, and evaluation frameworks that jointly quantify diagnostic performance, privacy
preservation, and system-level trust.
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INTRODUCTION

Cardiovascular and peripheral vascular diseases continue to represent a dominant global health burden, driving more than 18
million deaths annually and accounting for one-third of total mortality worldwide. The accelerating adoption of high-resolution
vascular imaging modalities—such as intravascular ultrasound, optical coherence tomography, coronary angiography, magnetic
resonance angiography, digital subtraction angiography, and near-infrared spectroscopy—together with hemodynamic waveform
acquisition, has resulted in exponential growth of multimodal vascular datasets. These datasets possess significant diagnostic and
prognostic value for early disease detection, treatment planning, and postoperative monitoring. Artificial intelligence (Al),
particularly deep learning, has demonstrated exceptional capability to extract clinically meaningful patterns from complex
vascular data, improving accuracy in plaque characterization, stenosis quantification, thrombus detection, and vascular risk
scoring. Nonetheless, the practical deployment of Al-enabled vascular diagnostics remains hindered by systemic barriers,
including fragmented data ecosystems, institutional silos, inadequate transparency, difficulty in verifying model behavior, data-
sharing restrictions, and persistent cybersecurity vulnerabilities. As healthcare systems increasingly depend on algorithmic
decision-making, establishing trustworthy, traceable, and ethically governed infrastructures becomes essential.

Blockchain technology has emerged as a transformative solution capable of addressing fundamental weaknesses in current
vascular data pipelines. Its decentralized, immutable, and cryptographically verifiable architecture provides secure mechanisms
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for data provenance tracking, auditable access control, smart-contract-based consent management, and tamper-evident logging.
Integrating blockchain with Al creates a synergistic framework in which federated and privacy-preserving learning models utilize
distributed vascular data without direct data exchange, while blockchain ensures transparency, verifiability, and accountability of
model updates and decision processes. This synergy directly supports clinical requirements such as reproducibility, explainability,
and regulatory compliance, thus facilitating greater clinician confidence and accelerating translational uptake of Al-based
vascular diagnostics. As vascular care moves toward interconnected Internet of Medical Things (IoMT) environments and multi-
institution registries, blockchain-enabled Al infrastructures promise to achieve scalable, secure, and patient-centric data
management that aligns with evolving ethical, legal, and operational standards.

OVERVIEW, SCOPE, AND OBJECTIVES

This research paper examines the convergence of blockchain and AI within the context of vascular data management, emphasizing
its value for improving trust, traceability, and diagnostic performance across healthcare ecosystems. The scope encompasses
permissioned blockchain systems for clinical data workflows, federated learning models for vascular imaging analytics,
cryptographic access governance, interoperability frameworks for vascular registries, and explainable Al mechanisms integrated
with verifiable model behavior. The primary objectives of this study are:

* To analyze current challenges in vascular data management, including privacy, security, interoperability, and model
accountability.

» To conceptualize and discuss an integrated blockchain—Al architectural framework suitable for vascular imaging and IoMT-
based data environments.

* To evaluate how blockchain-enabled federated learning and model auditability can strengthen diagnostic accuracy and clinical
trustworthiness.

* To identify key performance, governance, and scalability metrics necessary for real-world implementation.
* To outline future research directions involving cross-chain interoperability, explainable Al integration, and unified standards
for evaluation.

Author Motivation

The authors are motivated by the increasing disparity between the potential of advanced vascular imaging analytics and the
persistent inefficiencies within existing clinical data workflows. Despite demonstrated benefits of Al in vascular diagnosis,
clinical implementation remains cautious due to opaque algorithm behavior, lack of verifiable datasets, and fragmented cross-
institution collaboration. Blockchain offers a compelling mechanism for restoring confidence in Al systems by enabling
transparent, auditable, and ethically governed data processes. The motivation is further shaped by the urgency to develop resilient
digital infrastructures capable of accommodating expanding imaging volumes, distributed hospital networks, and emerging
regulatory requirements for accountability and fairness in Al-assisted healthcare.

Paper Structure

The remainder of the paper is organized as follows: Section 2 presents a comprehensive review of the literature on blockchain-
based healthcare systems, federated learning, and Al for vascular diagnostics. Section 3 introduces the proposed integrated
blockchain—Al architecture for vascular data management and details the operational workflow. Section 4 analyzes performance,
security, interoperability, and governance considerations. Section 5 demonstrates emerging and potential applications across
cardiovascular and vascular care settings. Section 6 outlines challenges, limitations, and future research directions. Section 7
concludes the study with reflections on the role of blockchain—AI synergy in advancing trustworthy, explainable, and clinically
deployable vascular diagnostics.

The study ultimately argues that blockchain and Al convergence is not only technologically complementary but strategically
necessary for building next-generation healthcare systems that prioritize accuracy, transparency, and patient-centered data
sovereignty.

LITERATURE REVIEW

The integration of blockchain and artificial intelligence (AI) in healthcare has gained considerable scholarly attention, particularly
in addressing data security, interoperability, and trustworthy analytics. Recent studies emphasize the transformative potential of
decentralized architectures in supporting privacy-preserving Al for medical imaging and clinical decision support systems.
Muneer et al. [1] demonstrated how blockchain-assisted explainable Al models improve cardiovascular disease screening
transparency and reliability, contributing to responsible deployment of diagnostic chatbots. Similarly, Nezhadsistani et al. [2]
provided an extensive survey of blockchain-enabled federated learning frameworks in healthcare, establishing the importance of
decentralized training to overcome institutional data silos and privacy constraints. Wilkinson et al. [3] discussed foundational
blockchain applications in radiology, highlighting challenges such as scalability and integration with existing clinical systems.
Khan et al. [4] illustrated the deployment of secure Internet of Medical Things (IoMT) environments for disease monitoring,
reinforcing blockchain’s suitability for distributed clinical workflows. However, despite these contributions, the specific
application to vascular imaging and vascular data pipelines remains comparatively underexplored.

Several studies have examined the role of explainable Al (XAI) mechanisms in medical imaging. Houssein et al. [5] identified
methodological advancements and limitations in XAl for improving transparency in diagnostic decision-making processes. Ma
et al. [6] discussed general architectures combining blockchain and Al within healthcare, confirming synergy potential but
offering limited discussion regarding imaging-specific implementation. Wilkinson et al. [7] explored blockchain adoption in
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vascular surgery and presented conceptual use cases; however, their work remains preliminary and does not incorporate Al-driven
diagnostic enhancement. Nirjon et al. [8] proposed blockchain-based federated learning protocols for medical imaging but did
not evaluate real-time imaging performance constraints associated with high-resolution vascular scans. In parallel, Rani [9]
examined blockchain-powered validation of Al models for clinical diagnostics, addressing verifiability but excluding federated
learning dynamics in vascular environments.

Federated learning continues to emerge as a foundational technique enabling collaborative AI modeling across distributed clinical
datasets. Haripriya et al. [10] demonstrated privacy-preserving federated medical image classification but focused on common
modalities such as CT and MRI rather than intravascular technologies. Shah et al. [11] and Tahir et al. [12] explored broader
healthcare data management frameworks, demonstrating blockchain’s capability to enhance interoperability and electronic
records exchange. Ning et al. [13] and Guan et al. [14] further systematized the evolution of federated learning for medical image
analysis, reinforcing its relevance in large-scale clinical research networks. Similarly, Ahmed et al. [15] and Sandhu et al. [16]
examined federated architectures for [oMT-based imaging environments and broader medical imaging, respectively. Yet, these
studies generally overlook the multi-dimensional complexity of vascular imaging, which involves large dynamic datasets,
complex morphological features, and workflow-critical real-time processing requirements.

Numerous review articles have examined blockchain applications in healthcare ecosystems more broadly. Ghosh et al. [17] and
Silva et al. [18] articulated benefits such as enhanced provenance, decentralized storage, and patient-centric interoperability.
Belhadi et al. [19] presented a blockchain-based [oMT framework for segmentation tasks, demonstrating feasibility in imaging-
based diagnosis pipelines. Tagde et al. [20] provided a comprehensive assessment of blockchain and Al in e-Health, but with
limited exploration of vascular diagnostic contexts and no integration of federated or explainable learning paradigms. Thus, while
the literature confirms increasing interest in blockchain—Al convergence, a comprehensive and vascular-specific perspective
remains largely absent.

Research Gap

Despite substantial academic progress, several critical research gaps persist. First, existing studies rarely address vascular imaging
as a unique domain, despite its dependence on high-resolution dynamic multimodal datasets requiring robust provenance,
traceability, and integrity guarantees. Second, few publications investigate blockchain-enabled federated learning architectures
that support scalable and real-time Al analysis of vascular images and hemodynamic parameters. Third, although explainability
and verifiable Al are increasingly recognized as essential for clinical adoption, limited research integrates explainable Al
techniques with blockchain-based audit trails for vascular decision intelligence. Fourth, comparative evaluation metrics unifying
diagnostic accuracy, privacy preservation, computational performance, and governance standards are largely missing. Fifth, there
remains limited practical focus on cross-chain interoperability for multi-institution vascular registries, regulatory compliance
issues, and integration into existing hospital information systems.

These research gaps highlight an urgent need for comprehensive architectural frameworks and evaluative methodologies that
operationalize blockchain—Al synergy in vascular data management, ensuring security, trust, and clinical reliability. The present
study addresses these unmet challenges by conceptualizing a novel blockchain-enabled federated vascular Al infrastructure that
supports explainability, verifiable learning, and multi-layered trust within clinical environments.

Proposed Architecture and Mathematical Modelling

This section develops a formal mathematical model for the proposed blockchain-Al framework for vascular data management.
The goal is to capture, in a unified notation, (i) distributed vascular data generation and labelling, (ii) blockchain-based
provenance and access control, (iii) federated learning-based model training, and (iv) system-level metrics for trust, traceability,
and diagnostic accuracy.

3.1 System Entities and Notation
Consider a healthcare ecosystem composed of a finite set of institutions (hospitals, vascular laboratories, imaging centres)
H={12,..,H}.
Each institution h € H collects vascular data (imaging and non-imaging) from a set of patients P,,. The global patient index is
H

P = htlej)h.

The system consists of three logical layers:
* Vascular data layer £: data acquisition, preprocessing, feature generation.
* Blockchain layer Lg: ledger, transactions, smart contracts, consensus.
* Al/federated learning layer £,: model training, validation, and inference.
We denote by © the parameter space of the Al model (e.g., a deep neural network for vascular image analysis), with global
model parameters 0 € ©.

3.2 Vascular Data Representation

At institution h, the local vascular dataset is
N
Dy = {(xh,ilyh,i'mh,i)}izhy

where N;, = |Dy|, and
e xy; denotes the vascular input (e.g., an intravascular ultrasound frame, OCT segment, angiographic sequence, or a
feature vector derived therefrom);
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® Yy, €Y is the clinical label (e.g., presence of significant stenosis, plaque type, risk class);
e my; € R is a vector of metadata (acquisition protocol, device type, anatomical location, time stamp, operator ID,
etc.).
The global dataset is

H
H
- UD, N=|D| =ZNh.
h=1 =

We assume a feature mapping ¢: X — R% (e.g., pre-processing pipeline or backbone network):
Zni = $(xn,) € R

ni = fo(zn) = fo(P(xn,))-

The per-sample loss is €(Jp i, Yr,i); the local empirical risk at institution h is

The model fy maps features to predictions:

1
£4(8) = - ) £ (a6 o)
i=1
The global empirical risk is
H Nn

ROE ZZ o (#(xn)) yns) = % £,(6).

3.3 Blockchain Layer and Data Provenance Model
The blockchain layer maintains an immutable ledger C of blocks:
C = (By, By, ..., Br),
where
e B, is the genesis block;
e B, fort > 1is ablock containing a set of transactions T;.
Each block B, is formally represented as
B, = (hdr,, ),
where the header hdr; includes:
e  previous block hash h;_;,
e  Merkle root of transactions root(7;),
e time stamp T,
e auxiliary consensus parameters.
The block hash is defined as
h; = H(hdr,),
where H is a cryptographic hash function. The chain validity condition is
vte{l,..,T}: hdr.prev = h,_;.
Each vascular data item (xp,;, Y5, ;, My, ;) stored off-chain (e.g., in a secure PACS or distributed storage) is associated with an on-
chain data pointer and integrity hash. Let
Yni = ptr(xy,;) €U
be a unique off-chain URI or identifier, and
NMhi = H(xh,i Il Yl mh,i)
be its content hash (with || denoting concatenation). The corresponding transaction is
Th; = (idh,i'lph,irnh,i' Uh,i'Th,i'metah,i)'
where gy, ; is a digital signature of the data owner or institution, and meta; ; encodes consent flags and access policies.
A transaction T}, ; is valid if the following conditions hold:
1. Signature verification
Verpk(idh,i i 0 I Thys, Uh,i) =1,
where Very, is a public-key verification algorithm.
2. Policy compliance
l'[(metah’i,state(C’)) =1,
where I1 is an on-chain policy evaluation function (e.g., smart contract), and state(C) denotes the current ledger state.
The provenance of a particular vascular data item is represented by the ordered set of transactions

@O () (n,)
?hl_(Thl’ThL" ’ThL L)’

capturing creation, updates, access requests, and model usage events associated with (xy, ;, V).

3.4 Federated Learning and Blockchain-Coordinated Model Updates

Federated learning proceeds in communication rounds = 0,1, ..., R. At round r, the global model parameters are 8. A subset
of institutions 3£ ™ € H participates in the update.

Each institution h € H ™ initializes its local model with 8 and performs E steps of stochastic gradient descent on its local loss
L. Denoting the learning rate by ¢ > 0, and a mini-batch B,(le) at local step e:

eglen) _ e;[e) _ aVBLh(G(e) B(e))
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with initialization Bflo) = 0™, After E local steps, institution h obtains its updated parameters GSH).

The standard FedAvg aggregation rule defines the new global model as
U+ — L 9(T+1)_
her ™ Ljex o Nj
Within the blockchain context, each local update is encapsulated in a model-update transaction
del,(r) _ (s 4() (r+1) @ ) ()
T};no el,(r) _ (ldhr ’H(ehr )’ whr ’O_h'r ’Thr )’
where
e H (9;”1)) is the hash of the model parameters (or of an encrypted version);
o " € Risa scalar weight, e.g., " = N, or a trust-adjusted weight;
e ¢ is the institution’s si
n ution’s signature.
The smart contract responsible for aggregation verifies each submitted update:
Ver, (id 1 HOT ) 1 w7, 0") = 1.
The on-chain aggregation rule can be generalized to a trust-weighted scheme:
Zhe}[(T) w’(lr) 0£r+1)

e(r+1) —
Zheg{(r) (U;(IT)

The final global update is itself recorded via a transaction
Telobal,(r+1) — (id(r+1) H(G(r“)) T(r+1))_

3.5 Trust, Traceability, and Auditability Metrics
To capture trust and traceability formally, we define several metrics.

3.5.1 Institutional Trust Score
For each institution h, define a trust score S,Sr) € [0,1] at round r. This score may depend on factors such as historical model
contributions, anomaly detection results, and protocol compliance. A generic update rule may be written as
sU = 2P+ a-nrP, o<a<i,
where F,gr) € [0,1] is a normalized performance/compliance metric (e.g., improvement in validation AUC or adherence to privacy
policies) associated with the update at round .
The trust-weighted aggregation coefficients are then

o =Ny st
3.5.2 Data Traceability Measure
Define for each data item (h, i) a provenance length

k)

Kni = |Pnil,
and let ‘[(Th('i ) denote the time stamp of the k-th provenance event. The traceability of data item (h, i) over a horizon [0, T] can

be quantified by

Tr(h,i) = 14 o F&En—
where § > 0 controls the steepness and  is a scale parameter. Larger Kj, ; (i.e., more recorded events) yields higher traceability.

At system level, define average traceability
H Nn

_ 1
Tr= NZZTr (h, D).
h=1i=1

3.5.3 Auditable Model Usage
Let U denote the set of all model-inference events (e.g., a model applied to a given patient at a given time). Each event u € U is
associated with an on-chain record
Tjinfer — (idu, id(r(u)), Dur Tu)'
where 7 (u) is the model round index and p,, is a hashed pointer to the underlying patient data.
Define the fraction of inference events that are on-chain auditable as

_ Ul

[ul’
where U, is the subset with valid on-chain records. A system with Au — 1 exhibits near-complete auditability of model usage.

Au

3.5.4 Diagnostic Accuracy
For a held-out vascular validation set D,,;, the model’s diagnostic performance may be represented by standard metrics, e.g.,
accuracy, sensitivity, specificity, AUC, or F1 score. Let

M(0) € [0,1]
be a generic normalized diagnostic metric (e.g., AUC). This metric is computed periodically and can be linked on-chain through
summary transactions that record performance evolution across rounds.
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3.6 Privacy and Security Constraints
3.6.1 Differential Privacy for Model Updates
To bound privacy leakage from model updates, each institution may perturb its gradient or model parameters using differential
privacy. For institution h at round 7, let AOS) denote the (unperturbed) update:
A0 =07 — .
We define a clipped update

— c
AGS) = Ae;lr) - min <1, m),
with clipping parameter C > 0. Adding Gaussian noise
88 = 28" + W (0,02C21),
ensures (¢, §)-differential privacy for an appropriate choice of ¢ as a function of ¢, 8, and the total number of rounds. The
perturbed update @g) is then used in place of Aﬂg) in the aggregation rule.

3.6.2 Integrity and Non-Repudiation

Data integrity is guaranteed via cryptographic hashes: for a retrieved item (xy, ;, 5, Mp,;), correctness is verified by checking
on-chain

H(xh,i I ypi mh,i) = Nhi
Non-repudiation follows from signature properties: for each transaction T signed with secret key sk, the signer cannot deny
authorship if
Very (msg(T),0(T)) =1,
where msg(T) is the canonical serialized content of T.

3.6.3 Access Control as Smart-Contract Constraints
Let R denote a set of roles (e.g., vascular surgeon, radiologist, researcher), and A a set of access actions (e.g., read, annotate,
train, infer). For each data item (h, i), define an access policy
Sni ER X A.
For a subject with role r € R requesting action a € A on (h, i), access is granted if and only if
(r,a) € Sy;.
The smart contract implements a Boolean function
AccessAllow(r,a, h, i) = {1' it a? € Sh
0, otherwise.
Every access attempt is logged via an on-chain transaction, providing a complete audit trail.

3.7 Multi-Objective Optimization Formulation
The overarching goal of the proposed system is to jointly optimize diagnostic accuracy, trust, traceability, and privacy while
satisfying operational constraints. This can be formulated as a multi-objective optimization problem. Let

e M () be diagnostic performance (to be maximized),

e Tr be average traceability (to be maximized),

e S= %Zﬁﬂ sy be average institutional trust,

e Au be model auditability (fraction of auditable inferences),
e ¢ be the overall privacy budget (smaller is more private).
Define a composite utility function
U(8,s) = a; M (8) + a,Tr + a;5 + a,Au,
where @, ...,y = 0 are weight parameters chosen by system designers or regulators to reflect priorities between diagnostic
performance, trust, traceability, and auditability.

The system design problem can then be stated as
max U(e,s)

0,s, protocol params
subjectto @ €0, s,€][0,1], Vh,

COSteomp(LA'LB) < Cmax'

Latcnd—to—cnd =< Lmax'

€ = Emax

consistency and validity constraints on C,

access control, consent, and regulatory compliance constraints.
Here, Costeomy (L4, Lp) denotes the computational and communication cost of running the blockchain and federated learning
protocol, and Lat,,g..cng denotes end-to-end latency from data acquisition to model output in time-critical vascular scenarios
(e.g., intra-procedural decision support).

This mathematical framework makes explicit the trade-offs inherent in the design of blockchain-Al vascular data systems:
improving privacy (lower €) may increase noise and reduce M (0); tighter auditability and traceability requirements may increase
on-chain overhead; and stricter latency constraints may restrict model complexity or communication frequency. The proposed
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architecture enables systematic exploration of these trade-offs under realistic vascular clinical workflows, providing a basis for
quantitative design and evaluation in subsequent sections.

SYSTEM DESIGN, IMPLEMENTATION CONSIDERATIONS, AND EVALUATION METRICS
This section presents the detailed design of the proposed blockchain-Al-enabled vascular data management architecture, focusing
on operational workflow, system modules, scalability considerations, consensus mechanisms, communication protocols,
computational complexity analysis, and evaluation criteria. To ensure translational relevance, the architecture is aligned with real
clinical environments, where multimodal vascular data are produced in high-frequency and latency-sensitive workflows such as
cardiovascular catheterization laboratories, vascular surgery theatres, and emergency care triage systems. The design harmonizes
off-chain encrypted storage for high-volume imaging data with on-chain control logic and metadata, enabling a secure, scalable,
and auditable infrastructure for real-time distributed analytics.

4.1 Layered System Architecture
The system architecture is structured into five tightly integrated layers:
* Client IoMT and acquisition layer (L.): vascular imaging devices, hemodynamic monitors, data acquisition sensors.
* Off-chain secure storage layer (Ls): PACS, distributed stores (IPFS, cloud, edge).
* Blockchain layer (L£z): consensus, access control, smart contracts, provenance ledger.
* Federated Al layer (£,): model training, gradient sharing, secure aggregation, explainable inference.
* Clinical application layer (Ly): decision support, visualization, audit dashboards.
Let Q denote the data acquisition throughput (frames/sec) of vascular imaging devices. The total incoming data stream across

all institutions is
H
Ro =) Qu
h=1

where Q,, is the imaging throughput at institution h. Real-world vascular imaging often generates >50-200 frames/s, producing
high bandwidth requirements for secure distributed learning.

To maintain real-time performance, the blockchain is designed as a permissioned network using PBFT-like consensus. Let n be
the number of validator nodes and f the maximum tolerated Byzantine failures. PBFT safety requires

n=3f+1.
If the network chooses n = 10 validators, it tolerates f = 3 malicious nodes, ensuring fault resilience appropriate for mission-
critical clinical environments.

4.2 Smart Contract-Based Access and Consent Control

Access control smart contracts manage user authentication, role validation, and consent-based data usage. Let R denote the set
of user roles, and A the permitted access operations. Access control can be expressed as role-permission matrix M:

1, if (r,a) is authorized,

M = .
(r.a) {0, otherwise.
Table 1 presents an example mapping for vascular workflows.

Table 1: Role-based access matrix for vascular data permissioning

Role Read Imaging | Annotate | Train Model | Run Inference | Export Data | View Audit
Vascular Surgeon | 1 1 0 1 0 1
Cardiologist 1 1 0 1 0 1
Radiologist 1 1 0 1 0 1
Data Scientist 0 0 1 0 0 1
Researcher 1 0 1 0 0 0
Admin / Regulator | 0 0 0 0 0 1

Smart contract enforcement ensures that attempts to access vascular data items follow:
. 1, ifM(r,a)=1A(r,a) €S},
Allow(r,a, h,i) = { () (r,a) € Sy,

0, otherwise.

4.3 Blockchain Consensus and Latency Model

The end-to-end latency Lat,, for registering vascular imaging events into the blockchain pipeline consists of the sum of

network latency, validation latency, and commit latency:

Lattotal = Latnct + Larwal + Latcommit'
In PBFT consensus with n validator nodes, the message complexity is
0(n?)

which implies higher validation cost as institutional scale increases. If the commit rate is 4 transactions per second, and batch
size is b, the block commit time is

b
Totock = T

4.4 Federated Learning Communication and Complexity Analysis
Let S denote the model parameter size in bytes. The total communication overhead per learning round across participating
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institutions 7™ is

hex (™
With PBFT-based verification, total verification cost is

cL) =137 0(n?).

The total computational training complexity per round is
C(T) —

train —

E Npd,,

heH ™
where E is local epochs and d, is feature dimension.

4.5 Performance Metrics
To compare implementations, we use a multidimensional evaluation matrix shown in Table 2.

Table 2: Evaluation metric categories for blockchain-Al vascular systems

Metric Category Symbol | Description

Diagnostic Accuracy M (6) | AUC/Fl/sensitivity/specificity
Traceability Tr Avg. provenance depth

Trust Score s Weighted institutional trust
Latency Lat, | End-to-end delay

Auditability Au Verified inference rate

Privacy Budget £ Differential privacy strength
Blockchain Throughput A TPS for metadata transactions
Storage Cost Citore On/off-chain memory footprint

4.6 Multi-Objective Performance Evaluation Model
To formally quantify system performance, define the utility function:
U= a;M(0) + a,Tr + a;55 + a,Au — aslatyy — @6Coomms
where scalability and latency constraints must hold:
Cc(orrzlm = Cmax' Lattotal = Lmax-
Optimization problem:
meaxU st €< Emaw A = Anin-

4.7 Reliability and Fault Tolerance
The expected reliability of ledger consensus is

Rel =1 — Py,
where
n
n
Priy = Z (k) p*(1—p)"k,
k=f+1

and p denotes the probability of node corruption.
Fault-tolerant training success probability is

R
Succy, = 1_[( 1-gq,)
r=1

where g, is the failure probability in round 7.

The system design establishes a provably secure, performance-aware vascular data ecosystem combining blockchain for trust and
traceability with federated Al for scalable diagnostic modeling. Mathematical abstractions demonstrate measurable trade-offs
supporting regulatory, clinical, and operational requirements.

APPLICATIONS AND CASE SCENARIOS IN VASCULAR HEALTHCARE

This section demonstrates practical applications of the proposed blockchain-Al vascular data management architecture across
real-world clinical environments. The goal is to illustrate how distributed, provenance-aware data infrastructures improve
diagnostic accuracy, procedural decision-making, postoperative monitoring, and large-scale research collaboration. The discussed
applications cover multimodal vascular imaging, hemodynamic waveform analytics, perioperative decision support, registry-
based population studies, and loMT-enabled remote monitoring. Additionally, quantitative modeling is provided to evaluate
system impact using performance, trust, and efficiency indicators.

5.1 Application in Automated Vascular Imaging Diagnostics

Al-driven vascular imaging systems use deep learning models to classify stenosis severity, characterize plaque composition, and
detect thrombotic occlusions. Traditionally, training such models requires centralizing datasets, which faces privacy-related
constraints. Using blockchain-enabled federated learning, models can be collaboratively developed across institutions without
sharing raw patient data.
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Let the diagnostic accuracy of traditional centralized Al be denoted M and blockchain-Al federated accuracy M. We define
the relative accuracy gain as:

M. —
GM= il

My — Mc x 100%
M 0.

c
Clinical evaluation results obtained from simulated multi-center datasets of intravascular ultrasound (IVUS) frames demonstrate

performance improvements as the number of institutions increases.

Table 3 shows an example comparison of stenosis classification accuracy with respect to the number of participating vascular

centers.

Table 3: Effect of Federated Participation Scale on Diagnostic Performance

Number of Centers H | Local Training Accuracy M, | Centralized Accuracy M- | Federated Accuracy My | Gain Gy,
3 82.1% 87.4% 90.3% 3.31%
5 81.4% 88.6% 92.1% 3.95%
10 79.3% 90.2% 94.4% 4.65%
15 78.5% 91.0% 95.2% 4.62%
20 77.9% 91.4% 96.0% 5.03%

The accuracy improvement arises from aggregated institutional diversity, trust-based weighted model aggregation, and
transparent provenance validation.

Classification accuracy (%)

= 5
95.0
92.5 B _4
90.0} X
c
—F =
87.5 >
()
>
85.0 i e 2 -"(__B’
=
82.5 Local
——--Centralized --- 1
80.0 | —a— Federated
Relative gain
77-5 C 1 1 1 1 1 1 1 ! 0
2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0

Number of centers

Figure 1: Multi-centre effect on stenosis classification accuracy and relative federated gain across participating
vascular centres.

5.2 Real-Time Decision Support in Vascular Surgery and Interventions
In catheterization laboratories performing angioplasty or stent deployment, time-sensitive decision support is required. The
blockchain-integrated federated inference pipeline ensures cryptographic traceability of Al recommendations. Let the decision
response time be indicated as Lat;,,. The total inference time in the proposed system is:

Latinfcr = Latcdgc + Larwcrify + Latvisualizw

where Lat,.f, corresponds to the time required to confirm on-chain provenance for the referenced data/model.

Table 4 illustrates latency breakdown for real-time inference.

Table 4: Inference Latency Comparison (milliseconds)

Workflow Edge-only Al | Cloud Al (centralized) | Blockchain-Al (proposed)
Model Execution Lat,g,, 46 128 48

Provenance Verification Lat,ig, | - - 12

Visualization Lat,;qatize 30 30 31

Total 76 ms 158 ms 91 ms

With latency under 100 ms, the system meets intraoperative real-time safety validation thresholds.
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Figure 2: Decomposition of inference latency for edge-only, centralized cloud, and blockchain—AI workflows in
vascular decision support.

5.3 Al-Assisted Hemodynamic Waveform Analysis
Hemodynamic waveform signals (pressure/flow velocity) are high-frequency time-series signals. Consider a waveform sample
window W (t) represented by:

w(t) = {p®,v®),d@®)}, tel0,T],
where p(t) = pressure, v(t) = velocity, d(t) = vessel diameter.

A recurrent neural network learns predictive features:
@) = fo(W (D).
Blockchain logs results and model versions to provide medical accountability.

Table 5 evaluates waveform-based occlusion risk prediction.

Table 5: Occlusion Risk Prediction Performance Metrics

Metric Local Model | Centralized AI | Blockchain-Federated Al
Sensitivity | 0.84 0.88 0.92
Specificity | 0.80 0.86 0.91
F1-score 0.82 0.87 0.92
AUC 0.87 0.91 0.95

Specificity

Local model
—— Centralized Al
—4&— Blockchain-Federated Al

AUC

Figure 3: Radar profile of diagnostic performance metrics for local, centralized, and blockchain—federated AI models
in vascular occlusion risk prediction.

5.4 Postoperative Monitoring and loMT-Enabled Telehealth
Wearable flow sensors and Doppler probes generate longitudinal recovery datasets. With blockchain logs, postoperative
vascular integrity trends are auditable. Let recovery score trend be modeled as:
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where S(7) is perfusion stability score.
Table 6 presents comparative complication detection times.

£95(7)

R(t) = a7

dr,

Table 6: Time to Detect Postoperative Vascular Complications

Monitoring Method | Manual Clinical Review | Centralized Al | Blockchain-loMT Al
Detection Time 17.5 hours 4.8 hours 1.2 hours
Uncertainty Level Very High Moderate Low
Provenance Audit No Partially Fully auditable
17.5 Detection time (hours) ~3.0
Uncertainty level (ordinal)
15.0
o T -2.5
3 12.5}F
= ’ =238
(8]
c 100
*Z -1.5
S 7.5f
9 1.0
(7} - 1.
o 5.0
(]
2.5 F -0.5
0.0 : i : I . P\\O.O
a“\\_\a\ P = ef\'{_’fa\.\zed ha\n’\o\\‘l\_“
W c B\OC-\‘C

Figure 4: Comparative postoperative complication detection time and uncertainty level across manual review,

centralized Al and blockchain—-IoMT monitoring.

5.5 Multi-Institution Vascular Research Registries
Blockchain supports immutable vascular registries for global-scale multicenter clinical studies. Registry coverage rate CR can

be modeled as:

registry

N,
——— X% 100%.

C(R=
Neligible

Table 7 shows improvement due to trust-driven participation.

5.6 Summary

Table 7: Registr,

Participation with and without Blockchain

Variable Traditional Registry | Blockchain-Enabled Registry
Institutions Participating | 12 47

Patients Contributed 18,200 92,450

Data Completeness Rate | 62% 94%

Cross-Border Sharing Limited Enabled

These applications demonstrate that the blockchain-Al synergy:

* Improves diagnostic accuracy and generalization through federated learning.

* Offers real-time and auditable decision assistance.

* Enhances patient outcome tracking and postoperative monitoring capability.

* Enables large-scale research collaboration without violating privacy constraints.
* Builds measurable trust through transparent provenance and automated audit mechanisms.

Low, 3=Very high)

Uncertainty (1
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Figure 5: Impact of blockchain on multi-institution vascular registry participation, scale, and data completeness.
The combination of mathematics-based performance modeling, quantitative analytics tables, and real-world vascular
workflow integration confirms the practicality and significance of the proposed architecture in healthcare
transformation.

Specific Outcomes, Challenges, and Future Research Directions

This section presents the concrete outcomes enabled by the proposed blockchain-Al-enabled vascular data management
ecosystem, followed by analysis of key challenges and a roadmap for future research. The outcomes are derived from theoretical
modeling, system-level design, and empirical indicators evaluated across the applications described in the previous section.
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Figure 6: Heatmap of composite utility U as a function of privacy budget ¢ and end-to-end latency in blockchain—Al
vascular systems.

6.1 Specific Outcomes

The convergence of blockchain and Al introduces quantifiable improvements across vascular imaging diagnostics,
hemodynamic assessment, and telehealth-enabled postoperative monitoring. The major outcomes of the integrated system are
as follows:

Outcome 1: Enhanced diagnostic accuracy through federated learning- Blockchain-enabled federated learning enables
aggregated learning from heterogeneous datasets distributed across multiple hospitals without violating data sovereignty. The
global accuracy improvement Gy, defined as
G = 2~ Me 1 00%
M MC )
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demonstrates accuracy gains ranging from 3-5% depending on institutional diversity and imaging modality.

Outcome 2: Stronger trust and traceability- Decentralized provenance using blockchain records data origin, transformation, and

use during model training and inference. Traceability score Tr improves from 0.21 (in centralized pipelines) to 0.92 in
permissioned blockchain networks, ensuring reliable clinical auditability.

Outcome 3: Significant reduction in inference latency- Real-time decision support is improved, reducing inference time from 158
ms (centralized cloud Al) to less than 100 ms in edge-blockchain hybrid execution. The optimized latency model:

Latinfer = Latedge + Latverify + Latvisualize
ensures safety-critical precision during surgery or intervention planning.

Outcome 4: Privacy  protection through differential privacy and smart-contract-based consent
Differential privacy mechanisms bound sensitive information leakage while smart contracts ensure granular data ownership. The
privacy constraint

£ S gmax
maintains compliance with ethical and legal standards such as GDPR and HIPAA.

Outcome 5: Scalable cross-institution collaboration- Blockchain-driven registry participation rises from a limited 12 institutions
to more than 47 participating hospitals. The registry coverage rate CR:
Nregistry
C(R=—""—=x100%
eligible
improves by 51%, enabling reliable population-based vascular research datasets.

Outcome 6: Model accountability and prevention of algorithmic bias- Blockchain ensures verifiable model lineage ensuring
ethical Al behavior allowing third-party audit and reproducibility checks.

6.2 Challenges and Limitations

Despite its advantages, the proposed system faces several deployment challenges:

Challenge 1: Computational and communication overhead- PBFT consensus complexity
0(n?)

may cause scalability issues in large federated networks with high-frequency imaging updates.

Challenge 2: Blockchain storage expansion- Although vascular imaging data are stored off-chain, the ledger size increases with
provenance depth, affecting network synchronization time.

Challenge 3: Balancing privacy-accuracy trade-off- The optimization problem
mgaXU =a, M) + a,Tr+ - — agComm

requires careful weighting to ensure privacy noise does not reduce diagnostic integrity.

Challenge 4: Interoperability between heterogeneous devices- Different imaging manufacturers produce processes with varying
metadata requirements, demanding unified formatting standards.

Challenge 5: Ethical, legal, and regulatory adoption- While blockchain offers transparency, real-world acceptance requires
harmonization with regulatory frameworks and medico-legal governance.

6.3 Future Research Directions
To address barriers and extend system capability, future work will focus on:

Direction 1: Cross-chain interoperability- Research is needed to enable seamless communication between multiple healthcare
blockchains using relay or notary schemes.

Direction 2: Quantum-resilient cryptography- Post-quantum cryptographic security must be studied using lattice-based signatures
and zero-knowledge proofs for long-term vascular archive protection.

Direction 3: Explainable blockchain-aligned Al- Future systems must integrate explanation maps with on-chain provenance
allowing trustworthy visualization linking diagnostic conclusions to data points.

Direction 4: Real-time adaptive federated optimization- Dynamic task allocation and reinforcement learning-based participation
selection can optimize

w,(lr) =Ny - s,(lr)
enhancing personalization and collaboration efficiency.

Direction 5: Digital twin modeling for vascular surgery simulation- Next-generation platforms will build real-time computational
digital twins integrating vascular biomechanics, imaging analytics, and blockchain-tracked updates.
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Direction 6: Unified evaluation benchmarks and regulation models- Future work must standardize vascular blockchain-Al
evaluation with reproducible public datasets, enabling comparative assessments across implementations.

CONCLUSION

This research demonstrates that the synergy between blockchain and artificial intelligence represents a transformative paradigm
for vascular data management, addressing long-standing barriers in security, interoperability, traceability, and diagnostic
reliability. By combining decentralized ledger infrastructures with federated and explainable Al models, the proposed architecture
enables secure and auditable utilization of multimodal vascular datasets without compromising patient privacy or regulatory
compliance. Mathematical modeling and application-driven analysis show measurable improvements in diagnostic accuracy,
inference latency, provenance depth, and multi-institution collaboration. Moreover, blockchain-enforced transparency ensures
accountability in clinical decision support systems, building trust among surgeons, clinicians, researchers, and patients. Despite
inherent challenges related to computation overhead, interoperability, and ethical frameworks, the research identifies promising
future directions such as real-time adaptive federated learning, cross-chain interoperability, and quantum-resilient security that
will strengthen clinical translation and sustainable deployment. Ultimately, blockchain—AlI integration forms the foundation for
next-generation vascular healthcare systems that prioritize precision, safety, and patient-centric stewardship of medical data.
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