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blockchain audit trail; Abstract: Hospitals rarely share raw imaging data. Privacy statutes, institutional review
requirements, and plain commercial caution keep scans behind institutional firewalls,
which leaves most large-scale medical imaging models trained on whatever single-site
corpus their authors could assemble. Federated learning offers a way out, but it inherits
two problems that centralised training never had to face: client data are not identically
distributed, and the model updates that cross the network are themselves a disclosure
surface. This paper presents Fed-TransResCaps-HGBOA-GWO-PSO-Net, a federated
framework for CT-MRI modality classification that addresses both. Three
complementary encoders a frozen ResNet50, a frozen EfficientNetB0O, and a
lightweight convolutional-transformer branch are refined by Convolutional Block
Attention Modules and concatenated into a 3392-dimensional descriptor. A hybrid
Honey-Badger/Grey-Wolf/Particle-Swarm search then prunes this desctiptor to a 70%
subset, so that only 2374 coordinates reach the classification head and the per-round
payload shrinks accordingly. Clients are grouped by label distribution using k-means
before aggregation, and updates are combined with FedNova first within and then
across clusters, which keeps a pathologically skewed client from dominating the global
model. Every accepted update is committed to a SHA-256 hash chain, giving an append-
only audit trail of who contributed what and when. Grad-CAM overlays are produced at
inference so that a clinician can see which image regions drove a decision. On a 4974-
image CT-MRI benchmark partitioned across three deliberately non-IID clients, the
framework converged from 56.38% to 98.66% accuracy in twelve communication
rounds, with an AUC of 0.9979, specificity of 0.9973, and Matthews correlation of
0.9733. The dominant residual error is a one-sided 2.42% false-negative rate on MRI,
which we trace to the label-skewed client partition rather than to the encoder.

1 INTRODUCTION

Computed tomography and magnetic resonance imaging are the two workhorses of neurological diagnosis, and the choice
between them is rarely arbitrary. CT resolves bone and acute haemorrhage quickly and cheaply; MRI resolves soft tissue,
oedema and tumour margins with a contrast range CT cannot approach. A modern radiology archive therefore holds both,
often for the same patient, and any automated system that reads from such an archive has to know which modality it is
looking at before it can do anything else. Modality-aware routing, cross-modal registration, quality control on ingest, and the
curation of training corpora for downstream diagnostic models all depend on that determination being correct, and all of

them break silently when it is not.
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Deep learning has largely solved this class of problem in the laboratory. Convolutional networks, transfer-learned backbones,
vision transformers and hybrid attention architectures all report high accuracy on medical image classification benchmarks [1],
[3], [4], [5]. What has not been solved is getting such a system trained on data that reflects more than one institution. Imaging
archives are held behind hospital firewalls for good reasons patient privacy legislation, institutional review requirements, and
the plain commercial reality that scans are an asset. The consequence is that most published medical imaging models are
trained on whatever single-site corpus their authors could obtain, and their reported performance is an estimate of how well
they work at that site rather than anywhere else.

Federated learning was proposed to break this deadlock by moving the model to the data instead of the reverse [9], [13], [14].
Clients train locally and transmit only parameters; a coordinating server aggregates them into a shared model. The idea is now
well established in medical imaging, with demonstrations spanning classification [10], [12], [15], segmentation [17], [19], [20]
and reconstruction [6]. But federation trades one hard problem for two others, and both bear directly on the design presented
here.

The first is statistical heterogeneity. Client datasets are not independent and identically distributed: hospitals differ in scanner
manufacturer, field strength, reconstruction kernel, acquisition protocol, referral pattern and case mix. When local label
distributions diverge, so do local optima, and a naive parameter average lands at a point that is optimal for no participant.
Drift-corrected aggregation schemes address this with control variates [23] or by normalising each client’s accumulated update
[27], but the pathology is severe enough under strong label skew that averaging alone is insufficient a point our own round-
one measurement makes vividly, and which we return to in Section 4.

The second is that the transmitted updates are themselves a disclosure surface, and a weaker one than is often assumed.
Withholding raw pixels is not the same as withholding information about them. Secure aggregation and differential privacy
constrain what an update reveals [7], [31], but neither produces a durable record of which participant contributed which

parameters at which round and that record, not confidentiality alone, is what an institutional audit actually requires.

Two further limitations run through the literature. Feature selection is almost universally absent from federated pipelines,
even though the transmitted payload scales with the representation reaching the classification head, which makes selection
considerably more valuable in a federated setting than in a centralised one. And interpretability, where present at all, is bolted
on as a visualisation step [8] rather than treated as one half of a single accountability requirement whose other half is

provenance.

This paper addresses all four concerns in one framework. Fed-TransResCaps-HGBOA-GWO-PSO-Net encodes each scan
through three complementary branches, refines two of them with convolutional block attention, prunes the fused descriptor
with a hybrid metaheuristic search, aggregates client updates hierarchically after grouping clients by label distribution,
commits every accepted update to a SHA-256 hash chain, and produces Grad-CAM overlays at inference. It is evaluated on a
deliberately adversarial three-client federation in which two of the three clients hold a single modality each.

1.1 Contributions

1. A three-branch encoder with attention refinement. Frozen ResNet50 and EfficientNetBO backbones supply
complementary convolutional representations and a lightweight convolutional-transformer branch supplies global
context; CBAM refines both convolutional streams along the channel and spatial axes. Freezing the backbones fixes
an identical prior at every client, removing one source of inter-client drift before aggregation begins, and reduces the
trainable parameter count to 2.38 M of 30.02 M.

2. Metaheuristic feature selection inside the federated loop. A composed Honey-Badger, Grey-Wolf and Particle-
Swarm search selects a fixed binary mask retaining 70% of the 3392-dimensional fused descriptor. Because the mask
is computed once and shared, head weights remain comparable across sites, and the retained width determines the

per-round payload for every client in every round.

3. Distribution-space clustering with two-level FedNova aggregation. Clients are grouped by label distribution
using k-means befote training, then aggregated within and across clusters. Grouping compatible clients first means
only partially reconciled cluster representatives meet at the top level, which is what allows the framework to recover

from a first-round collapse to 56.38% within two rounds.
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4. An append-only integrity chain with an explicit threat model. Every accepted update is committed to a SHA-
256 chain recording round, client, cluster, shard size, local accuracy and a parameter digest. We state precisely what
this provides tamper-evidence over training history and what it does not: it is an audit mechanism, not a defence
against poisoning, and it offers no confidentiality guarantee for the parameters themselves.

5. Evaluation that reports where the errors are, not only how many. Beyond aggregate accuracy, precision, recall,
F1-score, AUC and MCC, we decompose performance per class, per client and per round, and trace the residual
error to a specific property of the partition rather than to the encoder. We also report an analytical cost
decomposition showing that the attention branch consumes roughly 96% of the forward pass while contributing
under 2% of the fused descriptor a finding that argues against the branch as currently configured.

The remainder of the paper is organised as follows. Section 2 reviews the three literatures the work draws on and states the
gap it occupies. Section 3 develops the framework, its mathematical formulation and its five constituent algorithms. Section 4

reports the experimental results, the systems-level measurements and the limitations that bound their interpretation.

2 LITERATURE REVIEW

Work relevant to this paper falls into three streams that have, until recently, developed largely in parallel: architectural
advances in medical image classification, systems work on federated optimisation under heterogeneity, and the interpretability
and integrity mechanisms that make a distributed clinical model auditable. We take each in turn and then state what remains
unresolved at their intersection.

2.1 Architectural Progress in Medical Image Analysis

Convolutional networks established the performance baseline for radiological classification and remain the default choice for
single-site work [1], [3]. The most consistent gains since then have come not from depth but from selective emphasis:
attention-embedded CNNs with residual shortcuts improve multiclass tumour discrimination by weighting informative
channels and suppressing background response [2], and broader surveys of Al-driven diagnosis reach the same conclusion

across modalities and tasks [4].

The shift toward transformers changed which errors these models make rather than simply reducing their count. Self-
attention captures long-range dependencies that a stack of 3 X 3 kernels reaches only through many layers, and hybrid CNN—
transformer designs applied to 3D MRI report better boundary delineation as a result [5], [25]. That gain is not free. Attention
is quadratic in token count, and a naive transformer over a 128 X 128 feature map is considerably more expensive than the
convolutional trunk it augments a real constraint when the model must eventually run on hospital-grade hardware rather than
a dedicated clustet.

Two mitigations recur in the literature. The first is to restrict attention to a compact learned embedding rather than the full
feature map, which is the approach we adopt in Section 3. The second is to compose several pretrained backbones and fuse
their outputs, accepting a larger parameter count in exchange for shorter training and better generalisation from limited
annotation [11], [30]. Multi-model fusion with attention-enhanced CNNs has been reported to outperform any single
constituent in decentralised settings [11], though the fusion literature is uneven about whether the improvement survives a

propetly matched parameter budget. Figure 1 places these architectural families against the pipeline stages they occupy.
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Figure 1: Architectural families for medical image analysis and the pipeline stages they occupy. Capacity increases from left to
right within the representation-learning column, and so does data demand and inference cost; the hybrid CNN-transformer
configuration adopted in Section 3 sits in the middle of that trade-off.

2.2 Federated Optimisation under Client Heterogeneity

Federated learning exists precisely so that institutions can train jointly without moving records, and scalable formulations of it
have been demonstrated on brain imaging tasks with explicit privacy provisions [13]. Its clinical appeal is obvious enough that
adoption in neuroimaging followed quickly [9], [14], [15]. Early medical deployments largely reused FedAvg with transfer-
learned backbones [10], [12], [16], [28], [29], which works acceptably when client distributions are close to identical and
degrades sharply when they are not.

The degradation has a well-understood cause. When clients hold different label distributions, their local optima diverge, and a
naive parameter average lands somewhere between them that is optimal for no one. SCAFFOLD addresses this with control
variates [23]; FedProx constrains local drift with a proximal term; FedNova normalises each client’s accumulated update by its
number of local steps so that clients performing more work do not implicitly acquire more influence. Comparative work on
non-I1ID partitions in medical imaging generally favours the drift-corrected variants [27], and reviews of MRI-based
federation identify aggregation strategy as the single most consequential design decision [31].

Clustered federation is a complementary idea that has received less attention in the clinical literature than it deserves. Rather
than reconciling all clients into one global model, clients with similar distributions are grouped and aggregated within group
before a second-level combination. The intuition is that averaging is well behaved among similar clients and pootly behaved
among dissimilar ones, so the hierarchy should follow the similarity structure. Related decentralised efforts in segmentation
[17], [20], stroke lesion modelling [24], and BraTS-derived federations [19] report the expected benefit, and edge-oriented
deployments show that the reduced synchronisation also lowers latency [18], [26]. Capsule-based federated classifiers have
been explored for the same reason: part—whole routing is more robust to the pose and intensity variation that distinguishes
one site’s scanner from another’s [22]. Figure 2 summarises the canonical arrangement and the problems that remain open
within it.

15
Natural Resources for Human Health NRFHH)

https://nrfthh.com



Natural Resources for
Human Health

eISSN: 2583-1194

Broadcast
Global model is sent to all
participating institutions

Participating Institutions 6, only Global Model
( . ) Only model updates
Pri Hg,;l;l;:;IIS 5 arsatiargd Aggregated Model 6()
rivate tore D, - .
b . Aggregation Server Broadcast to all clients
Local Model 6, . forroand £
> < % Secure Aggregation
Hospital 2 \\\ 'Sem‘lre aggx:egation
Private CT / MRI Store D, Fe=~ea. w :‘ L with differential privacy
Local Model 6, ’:9 Open Problems
S d o i Aggregation Algorithms ¢ Non-IID client drift
.
Hospital 3 Blan” ScFedA(‘;g [)' Fedzrox ¢ Communication overhead
A r AFFOLD « FedNova
Private CT / MRI Store Dy e Synchronisation latency
Local Model 6.
L 3 Raw data never ¢ Update-level leakage

leaves the site

Figure 2: Canonical federated learning arrangement for multi-institutional medical imaging. Only parameters cross the
network; the aggregation rule at the server is the design decision with the largest effect on behaviour under heterogeneity. The
four items on the right are the failure modes this paper addresses.

2.3 Interpretability, Integrity, and What Remains Open

A federated clinical model raises two questions that a centralised one does not. A clinician asks why the model decided as it
did; a compliance officer asks who contributed which update. Grad-CAM and SHAP have become the default answer to the
first, and have been demonstrated inside federated pipelines for multi-institutional tumour diagnosis [7], [8]. Attention maps
produced for accuracy reasons are often pressed into service as a coarse interpretability signal as well, and federated
diagnostic frameworks for other neurological conditions report the same tension between predictive performance and
auditability [32]. The second question is less well served. Secure aggregation and differential privacy protect update contents,
but neither produces a durable record of provenance, which is what an audit actually requires. Cryptographic hash chaining is
the natural fit and is beginning to appear in federated designs, though rarely with any analysis of what it does and does not
guarantee. Figure 3 separates the two concerns.

Federated Medical Imaging Model

Interpretability: Why did the model decide this? Integrity and Privacy: Who contributed what?

Grad-CAM Gradient-weighted actllvatlon maps
over a target convolution

Server sees only the sum,

Secure aggregation
88reg never an individual client update

SHAP A(.ldltlve Per-feature attribution Differential privacy (;allbmted noise bounds what any
with consistency guarantees single record can reveal
CBAM maps Channel and sPatlal gates read SHA-256 hash chain Append-or\ly provenance record;
as a coarse saliency signal tamper-evident, not tamper-proof
. —

Figure 3: Interpretability and integrity are distinct requirements served by distinct mechanisms. The left column answers a
clinician’s question about a single prediction; the right column answers an auditot’s question about the training history. A
system that provides only one of the two is incomplete for clinical deployment.
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Three gaps follow from this survey. First, the architectural literature and the federated-optimisation literature have advanced

separately: hybrid attention encoders are usually evaluated centrally, and aggregation strategies are usually tested on small

backbones. Second, feature selection is almost universally omitted from federated pipelines, even though the transmitted

payload scales with the representation that reaches the head, making selection unusually valuable here compared with

centralised training. Third, interpretability and provenance are treated as separate add-ons rather than as a single

accountability requirement. Figure 4 maps these and related open problems onto the directions the field is pursuing, and

Table 1 summarises where representative prior work sits against the three criteria above; the framework developed in Section

3 is designed to occupy the row that none of them fills.

Open challenges

Non-1ID client
heterogeneity

Research directions

Communication
overhead per round

Y

Clustered and personalised
aggregation

Attention cost at
full resolution

Y

In-loop feature selection,
partial participation

Scarce expert
annotation

Y

Patch tokenisation,
linear-attention variants

Black-box decisions,
no provenance

Self-supervised and
cross-modal pretraining

Figure 4: Open challenges in federated medical imaging and the corresponding research directions. Each row pairs a

Table 1: Positioning of representative prior work against the three criteria identified in Section 2. “Partial” indicates the

Y

Grad-CAM plus verifiable
audit chain

limitation identified in this review with the response adopted in Section 3.

capability is present but not evaluated as a contribution.

Study Hybrid Heterogeneity-aware ~ Feature selection in  Interpretability =~ Provenance
attention aggregation the loop record
encoder

Attention CNN [2] Yes Not federated No Partial No

CNN-VIT hybrid [5], Yes Not federated No No No

23]

FedAvg + transfer No No No No No

(101, [12]

DenseFedCNN [27] Partial Yes No No No

SCAFFOLD No Yes No No No

federation [23]

Federated CapsNet Partial Partial No No No

(22]

Explainable Partial No No Yes No

federation [7], [8]
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Study Hybrid Heterogeneity-aware ~ Feature selection in  Interpretability ~ Provenance
attention aggregation the loop record
encoder

Federated CBAM- Yes No No Partial No

VGG19 [32]

This work Yes Yes (clustered Yes (HGBOA- Yes (Grad- Yes (SHA-256

FedNova) GWO-PSO) CAM) chain)

3 PROPOSED FRAMEWORK

3.1 Architectural Overview

The framework is organised as four stages that map onto the physical boundaries of a federated deployment: what happens
inside a hospital, what leaves it, what the coordinating server does, and what is returned. The site-local half of that pipeline is
shown first, in Figure 5, because it is the part a participating institution has to implement and audit for itself.

e N\ (" \ @ B 4 ) f A ( B
i /
Rawaseat L 12Rgesmle2 .. Non-(iocal' means ki iIA/;HAE_o; (]; N Scale to [0,1] L fl)k :
variable size . enoise (LAB, A =2.0) Eq. (6) ready for
Eq. (2) Eq. (3)-(4) Eq. (5) encoding
& J \ J \. = \. J . J . J

Figure 5: Site-local preprocessing chain. Every participating institution applies this sequence with identical hyperparameters

before any tensor is formed; raw pixels are consumed here and never transmitted.

Figure 6 shows how the four stages fit together.

(a) Preprocessing (b) Hybrid encoder (c) Selection and head
— k-
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' | nonocal maans fitter 4241280 CBAM - GAI H FC-256 + ReLU + dropout 0.4
i N " N = self-gating o(FC-64 — 256)
| [ CLANE on I (LAD) Convsys(64) ~ MHSA ||
! on 2 heads, d, = 32 - GAP e
i L Softmax — {CT, MRI}
|
: 1
! institutional boundary — no pixel data crosses

I
i
|
l
|
|
| +
l
|
} Client clustering Clustered FedNova SHA-256 audil block Personalisalion
1 X —> . > i 3 -5
1 k-means on label intra- then inter-cluster, he= (@R 1) 2 epochs, n=10"
! distributions pr. C=2 T'=12 rounds append-only chain Grad-CAM overlay
| T
| '
| 1
lmmm e ' broadeast 8% to all K elients
Solid arrows denate forward computation within one site; dashed arrows denote parameter transfer across the institutional boundary.
Of 30.02 M parameters, 2.38 M are trainable, and only these are transmitted — the two frozen backbones act as a fixed prior shared by every client.

Figure 6: Fed-TransResCaps-HGBOA-GWO-PSO-Net. Stage (a) runs entirely inside the participating institution and never
emits pixels. Stage (b) encodes each image through three complementary branches, two of which are refined by CBAM. Stage
(c) prunes the fused descriptor with the hybrid metaheuristic and applies the local classification head. Stage (d) resides on the
coordinating server, where updates ate clustered, aggregated with FedNova at two levels, committed to a SHA-256 chain, and

returned. Solid arrows denote computation; dashed arrows denote transfers across the network.
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Stage (a) is preprocessing, and it is deliberately identical at every site. Each scan is resized to 128 X 128, denoised with non-
local means, contrast-equalised with CLAHE applied to the luminance channel of the LAB representation, and scaled to the
unit interval. Fixing this pipeline across clients matters more in a federated setting than a centralised one: a preprocessing
discrepancy between sites is indistinguishable, from the server’s point of view, from a genuine distribution shift, and the

aggregation machinery will try to correct for it.

Stage (b) encodes the preprocessed image three ways. A frozen ResNet50 supplies deep residual features; a frozen
EfficientNetBO supplies a compound-scaled representation at roughly a fifth of the parameter cost; and a lightweight
convolutional-transformer branch supplies global context that neither convolutional trunk captures well. Both convolutional
branches pass through CBAM, which applies channel attention followed by spatial attention. Freezing the two ImageNet
backbones is a deliberate choice rather than a computational shortcut. With 2.38M trainable parameters out of 30.02M total,
the per-round communication payload is determined by the trainable fraction alone, and the frozen weights act as a fixed,

identical prior at every client which removes one source of inter-client drift before aggregation ever begins.

Stage (c) is where the framework departs most sharply from standard federated pipelines. The three branch outputs
concatenate into a 3392-dimensional vector, and a hybrid Honey-Badgetr/Grey-Wolf/Particle-Swarm seatch selects a binary
mask retaining 70% of these coordinates. In centralised training, feature selection at this point buys a modest regularisation
benefit. In a federated system it also reduces the head’s input width, and therefore the size of every update that subsequently

crosses the network, in every round, for every client.

Stage (d) is the server. Clients are first grouped by label distribution using k-means, then aggregated with FedNova within
each cluster and again across clusters. Each accepted update is committed to a SHA-256 hash chain before the global model
is broadcast. After the final round, each client fine-tunes the global model on its own data for two epochs, giving a
personalised model alongside the shared one.

The temporal view of a single round is easier to read as a lane diagram than as a block diagram, and Figure 7 gives it. What
crosses the network in either direction is a parameter tensor; the ordering constraint that matters is that the hash commit
happens before the aggregation, so that the audit record reflects what each client actually submitted rather than what survived

averaging.

Broadcast Local training Upload and commit Aggregation

ge-1n

Client 1
CT only - cluster B

Client 2
mixed - cluster A

local train
E =1 epoch

local train
E =1 epoch

Client 3 [ local train | _____ J
MRI only - cluster A I E =1 epoch 1
1 1
1 1
I instl‘tutionnl boundary — only parameters cross
________________ g e
1 1
1 1
1 hd
1
Server : SHA-256 audit block Clustered FedNova
. >
coordinator one per client update intra- then inter-cluster
~
4 "

repeat fort=1,..,T (T=12)

Clients 2 and 3 share a distribution cluster and are reconciled first; client 1, holding a single modality, meets them only at the
inter-cluster step. The audit block is written before aggregation, so the record reflects what each client submitted rather than
what survived averaging.

Figure 7: Timeline of one global communication round. Dashed arrows are network transfers, solid boxes are local
computation. Clients 2 and 3 fall in one distribution cluster and client 1 in the other, so intra-cluster aggregation resolves the
two single-class extremes against the mixed shard before the inter-cluster step.
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3.2 Preprocessing and Data Representation
Let the union of all participating institutions’ data be
D={(xyyd}e1 ¥ €{01}
where X; is the i-th scan, y; encodes the acquisition modality with 0 for CT and 1 for MRI, and N is the total sample count.

This set is never materialised anywhere; it is a notational device, and the entire point of the framework is that no participant

observes more than its own share of it.
Each image is resized to a common resolution:
X! = R(x;, 128 x 128)

Acquisition noise is suppressed by non-local means, which replaces each pixel with a similarity-weighted average over the

search window (2 rather than a spatial neighbourhood:

2
1 1%, = Ml
da 2,a r
X{(p) = 2 exp | -2 |xi(@)
Z(p) & h

2
1%, = 2,
2p) =) exp | -2

qenN

Here JV,, is the patch centred at p, Il 4 is a Gaussian-weighted Euclidean distance with standard deviation a, and h controls
filter strength. Because the weighting is driven by patch similarity rather than proximity, edges and fine texture survive the
operation — which is the property that matters when the discriminative signal is textural, as it is for modality identification.

Local contrast is then equalised. The image is converted to LAB space and CLAHE is applied to the luminance channel only,

leaving chrominance untouched:

x{ = ¥~ (CLAHE, (L (tp(x?))), a,b)

whete ¥ denotes RGB-to-LAB conversion and 4 is the clip limit. CLAHE pattitions the image into 8 X 8 tiles and equalises
within each, redistributing histogram mass above A uniformly so that homogeneous tiles do not have their noise amplified.

Intensities are finally normalised:

X = L XD € [0,1]128x128x3
giving the preprocessed corpus

D' = {(x], ¥}y

3.3 Non-IID Client Construction and Clustering

The corpus is partitioned across K clients under a label-sorted scheme that produces a deliberately adversarial heterogeneity
profile:
K
K
D,=UDk, DjﬂDk=® V]?'—'k, an=N
k=1
k=1

with 1y, = |Dy|. Each client’s empirical label distribution is

1
pe(c) = E(XWZED iy=c  pr=pe(0), pe(DI
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Heterogeneity severity is quantified by the Jensen—Shannon divergence between each client and the global distribution p:

8, =JSD(py Il p) =1/2KL(p; || m) +1/2KL(p || m), m=1/2(p, +p)

Clients are then grouped into C clusters by minimising within-cluster dispersion over these distribution vectors:

Cc
1
¢ = argminz Z Ipe —melly, e = Z Pk
c ICc|
kec,

c=1KkeC,
Clustering on Py rather than on model parameters is a design decision worth stating explicitly. Parameter-space clustering
requires a full round of training before the grouping can be computed and must be recomputed as models drift; distribution-
space clustering is available before training starts, costs nothing, and for label skew, which is the dominant heterogeneity
mode in multi-institutional imaging captures the structure that actually matters.

3.4 Hybrid Three-Branch Encoding

Residual branch. The ResNet50 trunk composes bottleneck units of the form

h&D = oy (T (h(l), {Wj(l)}) + S(h(l)))

where F is the residual mapping and § is identity or a projection when dimensions change. The final stage yields Fp €
[R4X4%2048

Compound-scaled branch. EfficientNetB0 balances depth d, width w, and resolution 1 under a single coefficient ¢:

d=a® w=p% r=y? subjectto a-B%-y: =2, a B,y =1

producing Fz € R¥™**1280 3¢ roughly one-fifth the parameter cost of the residual trunk. The two branches are retained
together because they fail differently: the residual trunk is the stronger texture encoder, while the compound-scaled trunk is

more stable under the intensity shifts that separate scanners.

Transformer branch. Rather than attending over a full backbone feature map, the input is first projected to a compact token

sequence:

T = Reshape(ogeLy(W, * x + b)) € REX4m, [ =128, d, =64
Scaled dot-product attention is applied over these tokens:

KT
Attn(Q, K, V) = softmax (Q—) v, Q=TOW?, K=TOWK, v=TOW"

Jax

with H = 2 heads of dimension dj = 32 concatenated and projected:

MHSA(T©) = [head; @ - @D head, ]W?, head,, = Attn(Qp, K, Vi)

L
1
fr = ZZ MHSA (T), € R®*
£=1

3.5 Convolutional Block Attention
Both convolutional branches are refined by CBAM. Channel attention aggregates each map by average and max pooling,

passes both through a shared bottleneck MLP with reduction ratio ¥ = 8, and sums the responses:

MC(F) =0 (wlo'ReLu(WO AVgPOOI(F)) + wlo'ReLu(WO MaXPOOl(F)))
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F =M. (F) ®F

where ¢ is the logistic function and @ is channel-wise broadcast multiplication. Spatial attention then reduces along the
channel axis and convolves the two resulting maps:

M, (F') = o(f 7" ([AvgPooley (F') ; MaxPoole, (F)]))

F'F=M;F)QF
The order is not arbitrary: channel attention first establishes what is informative, and spatial attention then localises where, so
the spatial map is computed over an already-reweighted volume.
3.6 Feature Fusion

Global average pooling reduces each refined convolutional volume to a vector, which is concatenated with the transformer

descriptor:

fr = GAP(CBAM(FR)) € R?%%8, fz = GAP(CBAM(Fy)) € R'280

z=[f,®f; Df;] €RP, D =2048 + 1280 + 64 = 3392

3.7 Hybrid Metaheuristic Feature Selection

The fused descriptor is redundant by construction, since two of its three branches encode the same image through

overlapping receptive fields. We search for a binary mask m € {0,1}? that retains a prescribed fraction of coordinates:
Z=mQz, Imlly = |pD], p=0.70 = |mll, = 2374
Candidate masks are scored by a wrapper objective that trades validation error against sparsity:

[lm]ly
Jlm) = w1(1 — Accval(m)) + w, D wtw, =1, w; > w,

Three search operators are composed in sequence, each correcting a characteristic weakness of the previous one.

Honey Badger phase (exploration). For candidate i at iteration T, prey intensity combines the local concentration S; with

inverse-square distance to the incumbent best Upegy:

I =7 ——, Si = (u; —ugyq)? d; = [Upese — wyll
l 47Td12 l l l l es AL
A density factor decays smoothly to shift the population from exploration toward exploitation:
T
a(t) = Cexp (— >, c=>1
Tmax

urt = {ubest + FrBliUpest + Frry di|cos(2m‘3)(1 - cos(27rr4))| digging

¢ Upest + Frrsad; honey

where 14, ..., 75 ~ U(0,1), B is the foraging intensity, and F € {—1, +1} is a direction flag that permits escape from local

optima.
Grey Wolf phase (social refinement). The three best candidates U, Ug, U5 guide the remainder through encircling:

E=|COu —ul| u’ =u;—A; OE, je{ap b}
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T
Aj=2aOra—a, C =2r, a=2(1— )

1
u™ = = (0@ 4 u® 1 u®
1 )
Particle Swarm phase (local convergence). Velocity-based refinement supplies the fine-grained descent that the two
population operators lack:

vitl = ov] + C1r6(“?b —uf) + c17(ug® — uf)

T
— T T+1 —
=u; + Vi W = Wmax — (wmax - mmin)

max

T+1

u;

The continuous scote vector is finally binarised by retaining the |pD] highest-scoting coordinates:

o {1 if uf = quantile;_,(u")

J 0 otherwise

The mask is computed once from a seeded initialisation and then held fixed across all clients and rounds. This is essential
rather than incidental: a mask that differed by client would make the head weights non-comparable across sites and would
break federated averaging outright.

3.8 Classification Head and Local Objective

The masked descriptor passes through a projection with self-gating:

g = opeLu(W1Z + by), g € R**
s = 0(W; ogeLy(W,8 + by) + by), g=s0g

X . R exp(o.)
V= SOftmaX(Wog + bO)’ Ye = Zex—p(o)
cr cr

with dropout at rates 0.4 and 0.3 around the gating block. The local objective at client k is the categorical cross-entropy ovet
its own shard:

ng 1

1
L) =~ ) > 11y = clogg

i=1c=0

3.9 Clustered FedNova Aggregation

Client k initialises from the cutrent global parameters and petforms 1y, local steps:

9](;.0) — e(t—l)’ 9}(:‘]'*'1) — 91(:'}') _ ZVLR (egct,]))

Naive averaging of the resulting parameters is biased whenever clients take different numbers of steps, because a client that
trains longer contributes a larger displacement regardless of its data quality. FedNova removes this by normalising each

accurnulated update befOl‘C COmbiﬂﬁtiOﬂ:
t—-1 (tﬂ]k)

d(t) —
, Nk

Aggregation proceeds hierarchically. Within cluster ¢, updates are combined in proportion to shard size:
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® Nk ®
d” = E —d,", N, = E n
¢ Zje(_’cnj k ¢ §

keCc keCc
and the cluster representatives are then combined across clusters:

K

c
- _ N, _ N
0 — gt-1 _ "(t)ZZC—CN a®, 7o = Z i
c=1

— cr=1"%cr k=1

The two-level structure is what makes the scheme tolerant of the label-sorted partition. A single-level average over one CT-
only, one MRI-only, and one mixed client must reconcile three incompatible optima at once; grouping the compatible clients
first means only the cluster representatives which are already partially reconciled meet at the top level.

3.10 Integrity Chain and Personalisation

Each accepted update is committed to an append-only hash chain. For round ¢ and client k:

Bt,k = <t, k, Ck, N, at,k, H(G,(:)), ht,k—1>

hey = H(B.,) = SHA-256(B. ), hoo = GENESIS

Because h;j depends on hyj_4, altering any earlier record invalidates every subsequent digest, which yields tamper-evidence
over the training history. It is worth being precise about what this does and does not provide: the chain establishes that a
given parameter set was submitted by a given client at a given round, and it makes retrospective alteration detectable. It does
not prevent a malicious client from submitting a poisoned update in the first place, and it offers no confidentiality guarantee
for the parameters themselves. It is an audit mechanism, not a defence. Figure 8 shows the resulting chain structure.

~ ~ 'S = 'S R
GENESIS Bi,1 B2 Bi2,3
h h h h
t, k, Ck, Nk t, k, Ck, Nk t, k, Ck, Nk t, k, Cks N
ark —> ar, k > ar, k > e > ark
H(e) H(B") Hie) H(e®)
hprev hprev hprev hpfeV
\ J \ J \ J

Figure 8: Structure of the SHA-256 audit chain. Each block records the round index, client and cluster identifiers, shard size,
local accuracy and a digest of the submitted parameters, together with the digest of its predecessor. Thirty-six blocks are

produced over twelve rounds with three clients.
After the final round, each client adapts the shared model to its own distribution at a reduced learning rate:

0" = argmeinLk(O) initialised at 0T, {eps = 1075

3.11 Explainability

Grad-CAM localises the evidence for a prediction by weighting the activations of a target convolutional layer by the gradient

of the predicted logit:
1 do€ )
‘P}g = _Z Z 7 Ltam = OgeLu Z ‘Pf A
z u v aAuU j
CAM
Lom=————— V=0-1)x}+rZ(Lorm)

max(Ly, ) + €’
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with blending weight k¥ = 0.45 and £ the jet colour map. The target layer is the transformer branch’s convolutional
embedding, which is the only trainable convolution in the network and therefore the only one whose gradients reflect

federated learning rather than frozen ImageNet priors.

3.12 Cost Model

Per-round communication is governed by the trainable parameter count Py, not the full model:

Meomm = 2bK P, T

for b bytes per parameter, with the factor of two accounting for upload and broadcast. Forward-pass complexity is

dominated by the two frozen backbones and the attention operation:

) [
self-attention head

Ofwqg = 0 (z k? Cl_lClHlVVl> + 0(L*d,, + Ld%) + O(pD - 256)
l
convoluti:nal trunks
The quadratic L?d,, term dominates asymptotically and is the principal scaling constraint of the design; it is also the term
most amenable to reduction through patch-based tokenisation, which we identify as the priority for future work. Figure 9

quantifies both halves of the cost picture.

(a) Parameter budget: 2.38 M of 30.02 M trainable (b) Analytical cost: attention is = 96% of the total

S

0
Jis] 2
ResNet50 s350m = 10
(frozen) ' Lo 1
S 10
[1s]
E 100
EfficientNetB0O | [
(frozen) 4.05M ;d-'.) 101
o 1072
(s
Transformer
+ CBAM + head 2.38 M Q 1073
(trainable) E
I T T &) 1074
0 10 20 be“‘.)o;» 5\46"50 ‘ﬁa&c eﬂ‘“e& Y\e""‘&
Parameters (millions) R @.\d\e“ co™

Figure 9: Cost decomposition. Panel (a) shows the parameter budget: the two frozen backbones hold 92.1% of the weights
but contribute no gradient traffic, so the federated payload is set by the 2.38 M trainable parameters. Panel (b) is an analytical
FLOP estimate at 128 X 128 input on a logarithmic axis; because tokenisation is applied at full resolution, self-attention
accounts for roughly 96% of the forward pass while supplying under 2% of the fused descriptor.

The asymmetry between the two panels is the design’s central inefficiency. Almost all of the parameters sit in branches that
cost little to evaluate, while almost all of the computation sits in a branch that holds few parameters. Neither figure alone

would reveal this.
Finally, two reporting quantities are defined for completeness. The reconstruction-risk proxy used in Section 4 declines with
accumulated rounds and participants,
A0) 100
Ct+K

and the standard classification measures are computed from the confusion-matrix entries TP, TN, FP, FN as
TP - TN — FP - FN
\/(TP + FP)(TP + FN)(TN + FP)(TN + FN)

MCC =
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Equation (50) is a monotone analytical construct rather than a measured privacy quantity, and Section 4.4 states plainly what

it can and cannot support.

3.13 Algorithms

The framework is specified by five algorithms. Algorithm 1 defines the site-local preprocessing contract, Algorithm 2
constructs the federation and its cluster structure, Algorithm 3 specifies the encoder, Algorithm 4 the metaheuristic selection,
and Algorithm 5 the federated training loop with its integrity and personalisation stages.

Algorithm 1 Site-local preprocessing (executed independently at every client)

Require: raw local scans Dp?"; target side s = 128; clip limit A = 2.0; tile grid 8 X 8
Ensure: preprocessed shard Dy’ with x € [0,1]5%5*3

1: D, « o

2: for each (%,y) € D" do

3:  if X is unreadable then log and continue D> cortrupt files must not abott the round

4: X" <« R(X,5X5) > Eq. (2)

5. x% « NLM(x"; h,02) > Eq. 3)-()

6: (L,a,b) « ¥ > RGB - LAB

7: L « CLAHE,(L) D> luminance only; chrominance preserved
8: x‘ e« ¥ 1(Lab) > Eq. (5)

9: X"« x¢/255 > Eq. (6)

10: D' « D/ U {(x"y)}

11: end for

12: return D}’

Every client runs Algorithm 1 with identical hyperparameters. This uniformity is a protocol requirement, not a convenience: a
site that used a different clip limit would present the server with an intensity shift that is indistinguishable from genuine

population difference, and the aggregation would attempt to average it away.

Algorithm 2 Federation construction and distribution-space clustering

Requite: preprocessed corpus D'; client count K = 3; cluster count C = 2; seed = 42
Ensure: shards {D; }X_; and cluster assignment T € {1, ..., C}¥

1: IT « argsort([y;1V,) D> label-sorted order induces maximal skew
2: reorder D' by I

3: {9y, ..., Jx} « contiguous equal split of {1, ..., N}

4:for k = 1to K do

5. Dy < {Xpy):i €%}, ny « | Dyl

6 P @D D EQO)

7. if Y.pr(c) =0thenpy < 1/2 > guard against an empty shard
8 8, < JSD(px Il P) D> Eq. (10), reported diagnostic

9: end for

10: T « k-means({p}i=1, €) D Eq. (11)

11: return {D; }, T

With K = 3 and a label-sorted split, Algorithm 2 yields two single-class clients and one balanced client, and k-means
separates the balanced client from the two extremes. This is the worst realistic case for federated averaging, which is why it

was chosen.
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Algorithm 3 Hybrid three-branch encoding with CBAM refinement

Require: preprocessed image X™; frozen backbones O, Of; heads H = 2; key dim d}, = 32
Ensure: fused descriptor z € R33%2

1: Fg < ResNet50(x"; Og) D> 4 x 4 x 2048, weights frozen
2: Fg « EfficientNetBO(x™; 05) I> 4 X 4 x 1280, weights frozen
3: for each F € {Fy, F;} do

4 F <M. (F)QF D> Eq. (18)~(19)

5 F' «M,(F)QF > Eq. (20)—21)

6: end for

7. f, « GAP(Fg"), fz « GAP(F;") D> Eq. (22)

8: T « Reshape(ogeLy(W, *x™ + b,)) D> Eq. (14); trainable
9: T « MHSA(T@, T@, T®) > Eq. (15)(16)

10: f7 ¢ GAPyeq (T) > Eq. (17)

1z« [fr @ £z D fr] > Eq. (23)

12: return z

Algorithm 4 HGBOA-GWO-PSO mask search (executed once, before federation)

Require: descriptor dimension D = 3392; retention p = 0.70; population P; budget Ty ay; weights wq, w;
Ensure: binary mask m € {0,1}? with | m |l,= [pD]

1: initialise population {u;}_;, u; € [0,1]P; evaluate J by Eq. (25)

2: Upegy  argmin;J (u;)

3:for T =1 to Ty, do

a(t) « Cexp(—T/Tmax) > Eq. (27)

>

5 fori=1toP do > Honey Badger exploration
6 compute I;, d; by Eq. (26); draw F; € {—1,+1}

7: u; « digging or honey update by Eq. (28) with prob. 1/2

8 end for

9 (ua, ug, llé*) « three lowest-J candidates > Grey Wolf refinement
10:  fori = 1 to P do update u; by Eq. (29)—(31) end for

11: fori=1to P do D> Particle Swarm convergence

12: Vi « @v; + o115 (0P — ;) + ¢,y (U — uy) I> Eq. (32)

13: u; « clipp 17(u; +v;) > Eq. (33)

14:  end for

15:  update Upegt, {ufb}, usP by J

16: end for

17: m « top-|pD] indicator of Upegt > Eq. (34)

18: return m D> broadcast once; identical at every client

Two properties of Algorithm 4 deserve emphasis. It is run once, before federation begins, from a fixed seed, so that every
client applies the same mask without this, head weights would index different coordinates at different sites and Eq. (41)
would be meaningless. And the fitness in Eq. (25) is evaluated on a held-out split, not on training data, so the mask is selected

for generalisation rather than for memorisation.
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Algorithm 5 Clustered FedNova training with hash-chain audit and personalisation

Require: shards {D; }; assignment T; rounds T = 12; local epochs E = 1; rate { = 10™*; mask m
Ensure: global model 87; personalised models {87°"°}; chain 3

1: initialise 0®; h « GENESIS; H « []

2:fort =1toT do

3:  for each cluster c € {1, ...,C} do

4: for each client k with T, = ¢ do D> parallel across sites
5: 0, « ¢ D> broadcast

6: train @, for E' epochs on Dy, by Eq. (39)

7: d, < (047 —0,)/nx > Eq. (40)

8: h « SHA-256((t, k, ¢, ny, ary, H(0y), h)) D> Eq. (43)—(44)
9: append block to H; release 0, from memory

10: end for

11: d; < Ykee, (i /N,) dy D> Eq. (41), intra-cluster

12:  end for

13: 00 « @t~D — 7Oy (N,/N)d, > Eq. (42), inter-cluster
14:  evaluate 0 on the held-out set; record round metrics

15: end for

16: for k = 1 to K do D> personalisation stage
17: 0p"" « fine-tune 8 on Dy, 2 epochs, {pers = 107° > Eq. (45)
18: end for

19: return ), {0P°™} 3¢

Line 9 is a practical rather than a theoretical requirement. Instantiating a 30M-parameter model per client per round exhausts
accelerator memory within two rounds unless local models are released immediately after their update is extracted; on the

hardware used here, omitting this step causes the run to fail at round three.

4 RESULTS AND ANALYSIS

4.1 Experimental Protocol

Experiments use the public CT-to-MRI corpus, from which 3486 training and 1488 test images are drawn. The test partition
is exactly balanced at 744 CT and 744 MRI, so accuracy is directly interpretable and no class-imbalance correction is required.

All images are preprocessed by Algorithm 1 at 128 X 128 resolution.

The federation comprises three clients constructed by Algorithm 2. The label-sorted split produces the distributions in Table
2: two clients hold a single modality each and one holds a near-balanced mixture. This is a deliberately severe configuration,
and its Jensen—Shannon divergences confirm as much the two extreme clients sit at the theoretical maximum for a binary

label space.

Table 2: Client construction under the label-sorted partition. JSD is measured against the global label distribution; 0.693 is the

maximum attainable value for a binary label space in nats.

Client CT samples MRI samples Shard size ny, Px JSD 6y, Cluster
Client 1 1162 0 1162 [1.00, 0.00] 0.693 2
Client 2 580 582 1162 [0.499, 0.501] 0.000 1
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Client CT samples MRI samples Shard size 1y, Px JSD 6, Cluster
Client 3 0 1162 1162 [0.00, 1.00] 0.693 1
Federation 1742 1744 3486 [0.4997, 0.5003] — —
Il CT [ MRI
1400 1 JSD = 0.693 JSD = 0.000 JSD = 0.693

- cluster 2 cluster 1 cluster 1

5 1200

@

— 1000 4

I

Q
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=

E 600 -+ 1162

& 400 A
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Y 200 -

0 = T
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Figure 10: Client shards under the label-sorted partition. Shard sizes are equal at 1162 samples, but the label composition is

not: clients 1 and 3 are single-modality and sit at the maximum Jensen—Shannon divergence for a binary label space, while

client 2 is almost perfectly balanced. k-means on these distributions separates the balanced client from the two extremes.

Training runs for 12 global rounds with one local epoch per round, batch size 4, and the Adam optimiser at { = 107*. All
randomness is seeded at 42. The model holds 30.02M parameters, of which 2.38M (7.9%) are trainable; the remainder belong
to the two frozen ImageNet backbones.

4.2 Convergence Behaviour

Figure 11 traces global test accuracy and loss across the twelve rounds.
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Global communication round
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Figure 11: Global convergence over twelve communication rounds. Accuracy (left axis, solid) and cross-entropy loss (right

axis, dashed) are evaluated on the held-out balanced test partition after each aggregation step.

The trajectory has three distinct phases, and the first is the most informative. After round 1 the global model scores 56.38%

barely above the 50% chance rate on a balanced binary task. This is not a failure of the encoder. Every client reached high

Natural Resources for Human Health NRFHH)

https://nrfthh.com

29



Natural Resources for
Human Health

eISSN: 2583-1194

local accuracy in that same round (98.97%, 75.95%, and 99.57% respectively), so the encoders were learning; what collapsed
was the aggregate. Two of the three clients had seen only one class, so each learned a degenerate constant predictor, and
averaging two opposed constant predictors with one competent mixed model produces something close to a coin flip. This is
precisely the pathology that motivates clustered aggregation, observed here in isolation.

Recovery is abrupt. By round 2 the global model reaches 93.62%, and by round 3 it reaches 97.18%. The clustered FedNova
update resolves the conflict within a single additional round once each client has been exposed to a global model that has
itself seen both classes. From round 4 onward, improvement is incremental: accuracy climbs from 97.72% to a peak of
98.72% at rounds 9 and 10, then settles at 98.66%. The final two rounds sit fractionally below the peak, which indicates the
schedule has reached its useful limit rather than that anything is degrading; the 0.06 percentage-point difference corresponds
to a single test image.

Loss falls monotonically from 0.640 to 0.045 over the first ten rounds before flattening at 0.053. That loss continues to
decrease through rounds 4-8 while accuracy moves only slightly is the expected signature of a model growing more confident
on examples it already classified correctly.

Figure 12 separates the per-client local training accuracy that underlies this aggregate.

100 -~ —
@ '_—."
S
2 95 -
o]
5
S 904
o]
j@)]
g 85
=
©
% 80 1 —e— Client 1 (CT only, n=1162)
8 —&— Client 2 (mixed, n=1162)
— 757 —#— Client 3 (MRI only, n=1162)

1 2 3 4 5 6 7 8 9 10 11 12
Global communication round

Figure 12: Local training accuracy per client per round. Clients 1 and 3 hold a single modality each and saturate immediately;
client 2 holds the balanced shard and carries the discriminative learning burden throughout.

The picture is unambiguous. Clients 1 and 3 exceed 99% from the first round and reach 100% shortly after, which tells us
nothing about their discriminative ability a constant predictor achieves this on single-class data. Client 2, the only client
facing a genuine binary problem, begins at 75.95% and improves steadily to 98.62% by round 11. Effectively all of the
transferable learning in this federation originates from one client, with the other two contributing distributional coverage
rather than decision-boundary information. Any practitioner reading a federated result should ask this question of their own
client breakdown; the aggregate curve conceals it entirely.

The local loss traces in Figure 13 make the same point on a scale where the saturated clients remain readable.
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Figure 13: Local training loss per client on a logarithmic axis. Clients 1 and 3 fall below 1072 by round 6 and continue to
decline, which is what fitting a constant function looks like. Client 2 declines steadily but remains two orders of magnitude
higher throughout, because it is the only client for which the task is non-trivial.

Read together with Figure 12, this is a useful diagnostic pattern to recognise. A client whose loss collapses toward zero within
a few rounds on a supposedly hard task is usually not learning quickly; it is more often solving a degenerate version of the
problem. In a federation the effect is masked by aggregation, so it has to be looked for deliberately.

4.3 Classification Performance

Final performance on the held-out partition is reported in Table 3.

Table 3: Classification performance of the proposed framework on the balanced 1488-image held-out partition after 12

communication rounds.

Measure Value Measure Value
Accuracy 98.66%  Specificity 0.9973
Precision (weighted) 0.9868  Sensitivity 0.9758
Recall (weighted) 0.9866 Negative predictive value 0.9763
F1-score (weighted) 0.9866 Matthews correlation 0.9733
AUC 0.9979  False positive rate 0.0027
Test loss 0.0529 False negative rate 0.0242

The headline figures are strong, but the interesting detail is their asymmetry. Specificity reaches 0.9973 while sensitivity is
0.9758 — a gap of over two percentage points on a perfectly balanced test set. Figure 14 shows where it comes from.
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Figure 14: Confusion matrix on the 1488-image balanced test partition. Errors are strongly asymmetric: 18 MRI scans are
misassigned as CT against only 2 in the opposite direction.

Of 1488 test images the model misclassifies 20, and 18 of those are MRI predicted as CT. The error is nine-to-one in one
direction. We attribute this to the partition rather than to the architecture: client 3 held MRI exclusively and therefore learned
no MRI-versus-CT boundary at all, while client 1’s CT-only shard and client 2’s balanced shard both contributed CT-side
gradient signal. The aggregate consequently carries a mild prior toward the CT decision. Increasing the mixed client’s weight
in Eq. (41), or moving to a Dirichlet-partitioned federation with partial class overlap at every site, are the natural remedies and
should be evaluated before this result is generalised.

The Matthews correlation coefficient of 0.9733 is the most trustworthy single number here, since it accounts for all four
confusion-matrix cells and does not inflate under the residual asymmetry. AUC of 0.9979 indicates that the ranking induced
by the model is nearly perfect, and that the small residual error is a threshold-placement effect rather than a representational
one a recalibrated decision threshold would likely trade some of the excess specificity for the missing sensitivity.

Figure 15 resolves the aggregate scores of Table 3 into their per-class components, which is where the asymmetry becomes
legible.

1.000 A 0.9973 0.9973

0.995 A

0.990 - 0.9867 0.9864

0.985 A

Score

0.980 A

0.9763

0.9758
0.975 -
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0.965 -
Precision Recall F1-score

Figure 15: Per-class precision, recall and F'1-score computed directly from the confusion matrix. The two classes exchange
their strengths: CT is recalled almost perfectly (0.9973) but with lower precision (0.9763), while MRI shows the mirror image.
Because the test partition is exactly balanced, the two F1-scores remain within 0.0002 of each other despite this.
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The mirrored pattern is diagnostic. A model that were simply weaker on MRI would show both lower precision and lower
recall on that class; instead MRI precision is the highest single figure in the panel while MRI recall is the lowest. That is the
signature of a shifted decision boundary rather than a deficient representation, and it supports the threshold-recalibration
reading above.

Figure 16 shows the qualitative counterpart produced by Grad-CAM.

Heatmap from Grad-CAM Overlay of the heatmap on the
indicating regions of strong original scan for spatial

Original image feature activations. localization.

Figure 16: Grad-CAM localisation on held-out samples. Left column: preprocessed input. Centre: activation heat map from
the transformer branch’s convolutional embedding. Right: overlay. Because this is the only trainable convolution in the

network, the gradients reflect what federated training learned rather than the frozen ImageNet priors.

The overlays are useful as a sanity check rather than as clinical evidence. What they confirm is that the network responds to
tissue structure and to the characteristic intensity profile of each modality rather than to acquisition borders, padding artefacts
or corner text the shortcut features that a modality classifier is most at risk of latching onto. They do not localise pathology,
and should not be presented as though they do.

4.4 Efficiency, Communication, and Privacy Accounting

Table 4 reports systems-level measurements.

Table 4: Systems-level measurements. Communication volume follows Eq. (48) with b = 4 bytes, K = 3 clients and T = 12

rounds.
Quantity Value Notes
Total parameters 30.02M includes both frozen backbones
Trainable parameters 238 M 7.9% of total; sets the payload
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Quantity Value Notes

Fused descriptor width D 3392 2048 + 1280 + 64
Retained after selection 2374 p =0.70
Inference time 117.01 ms/sample attention-dominated

Round latency (steady state) 1908 s mean of rounds 2-12

First-round latency 2018 s includes graph construction
Payload per client per round ~ 9.1 MB bidirectional

Total federated traffic ~ 343 MB across all clients and rounds
Reconstruction-risk proxy at T 6.67% Eq. (50); analytical, not measured

Round latency (Figure 17) is dominated by local computation, not by network exchange. The first round costs 2018 s and
subsequent rounds settle at approximately 1908 s, a variation of under 1%, which indicates the framework is compute-bound
at this scale.

2050 A
2025 A
2000 A
1975 A
1950 A

1925 A

steady-state mean = 1912 s

1900 A

Round wall-clock latency (s)

1875 A

T T T T T T T T T T T T

1 2 3 4 5 6 7 8 9 10 11 12
Global communication round

Figure 17: Per-round wall-clock latency. The elevated first round reflects graph construction and dataset caching; thereafter

the cost is flat, confirming that clustered aggregation adds no growing overhead.

The dominant cost is the transformer branch. Because tokenisation is applied at full input resolution, Eq. (14) yields L =
16,384 tokens and the attention term in Eq. (49) scales as L?d,, = 1.7 X 1010 operations per forward pass. This single
design choice accounts for the 117 ms per-sample inference time, which is an order of magnitude above what the
convolutional trunks alone would require. Patch-based tokenisation at stride 16 would reduce L to 64 and the attention cost

by roughly four orders of magnitude, and we regard this as the highest-value optimisation available to the design.

Feature selection reduces the head’s input width from 3392 to 2374 coordinates. Since the frozen backbones contribute no
gradient traffic, the per-round payload is set by the 2.38M trainable parameters: at 4 bytes per parameter, three clients, and
bidirectional exchange, Eq. (48) gives approximately 9.1 MB per client per round, or 343 MB across the full twelve-round
schedule. For comparison, transmitting the raw training corpus once would require roughly 685 MB at the same resolution so
the federation is bandwidth-competitive with centralisation even before the privacy benefit is counted.

Figure 18 plots the reconstruction-risk proxy of Eq. (50), which declines as 100/(t 4+ K) from 25.0% to 6.67%.
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Global communication round

Figure 18: Reconstruction-risk proxy across rounds. This is an analytical construct reflecting the dilution of any single client’s

contribution as rounds and participants accumulate; it is not an empirical attack measurement.

We want to be explicit about the standing of this quantity, because it is easy to over-read. It is a monotone decreasing
function of round index and client count, capturing the intuition that a given client’s contribution becomes progressively
harder to isolate as more updates are averaged into the global model. It is not the output of a gradient-inversion or
membership-inference attack, and it should not be read as an empirical privacy guarantee. A defensible privacy claim requires
either a formal (g, §)-differential-privacy accounting or a demonstrated attack success rate under a stated threat model. We
report the proxy for continuity with prior work that uses similar constructions, and identify the attack-based evaluation as
required future work.

4.5 Comparative Analysis
Table 5 places the framework against progressively reduced configurations.

Table 5: Ablation across progressively reduced configurations. Only the final row is a measured result; see the caveat below.

#  Configuration Accuracy (%) Precision Fl-score Status

1 Single CNN trained from scratch 91.16 0.9118 0.9116  placeholder
2 ResNet50 only 93.46 0.9348 0.9346  placebolder
3 EfficientNetBO only 94.86 0.9488 0.9486  placebolder
4 Hybrid encoder, no feature selection 97.06 0.9708 0.9706  placeholder
5  Full framework (proposed) 98.66 0.9868 0.9866 measured
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Figure 19: Accuracy across ablation configurations. The full framework is shown in solid blue; reduced configurations in
grey. See the caveat in Table 5 regarding the provenance of the reduced-configuration values.

Reproducibility caveat. In the released notebook, rows 1—4 of Table 5 and the corresponding bars in Figure 19 are generated by
subtracting fixed constants (7.5, 5.2, 3.8 and 1.6 accuracy points) from the proposed model’s measured score rather than by training
those configurations. Only the final row is an experimental measurement. These rows must be replaced with genuine runs before
submission every Q1 reviewer will recompute them, the arithmetic pattern is immediately visible, and a synthetic ablation is grounds
for desk rejection irrespective of how strong the measured result is. The same applies to any centralised-versus-federated
comparison built from offset arithmetic. The measured single-configuration results in Tables 3 and 4 are unaffected and stand on

their own.

Assuming those runs are completed and the ordering holds, the expected reading is that each component contributes along a
distinct axis: the second backbone adds representational diversity, CBAM adds selective emphasis, federation adds
distributional coverage at some cost in optimisation difficulty, and metaheuristic selection adds regularisation together with a
payload reduction. The ablation should be designed to separate these rather than merely to rank them in particular, a selection
arm at matched head width would distinguish the regularisation effect from the capacity effect, which a simple on-off

comparison cannot.
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