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Abstract

Nigeria faces challenges in the accurate diagnosis of respiratory diseases such as tuberculosis (TB), pneumonia, and COVID-19 because of lim-
ited radiology resources and stringent patient-privacy requirements. Deep learning models can provide strong diagnostic performance but often
rely on centralised data, raising ethical and security concerns. This study presents an application-oriented privacy-preserving federated learning
framework integrating Mobile Vision Transformer (MobileViT) for chest X-ray classification across simulated Nigerian healthcare environments.
Using the Nigeria Chest X-ray Dataset (2,600 radiologist-labelled images across four classes), experiments were conducted in a simulated feder-
ated environment on a single compute instance with five clients as a proof of concept for multi-hospital collaboration. Differential privacy was
implemented through differentially private stochastic gradient descent (DP-SGD ), and performance was evaluated using accuracy, area under the
curve (AUC), precision, recall, F1-score , and class-wise sensitivity. In this simulated setting, the differentially private federated learning (DP-FL
) MobileViT model achieved test accuracy above 92% and a macro F1-score above 89% at moderate privacy budgets (¢ ~ 5-6), while maintain-
ing TB sensitivity above 85% and pneumonia sensitivity above 88%. These proof-of-concept results suggest that privacy-preserving federated
learning could support reliable and ethical Al diagnostics in resource-limited Nigerian hospitals, pending real-world deployment validation.
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1. Introduction serves as a first-line diagnostic tool, but interpretation is often
subjective in resource-limited settings, leading to misdiagnosis
and delayed care [3].

Deep learning has demonstrated strong performance in au-
tomated chest X-ray analysis, with both convolutional neural
networks (CNNs) and Vision Transformers achieving high
accuracy in pneumonia, TB, and COVID-19 detection [4-6].
However, most existing systems rely on centralised training,

*Corresponding Author Tel. No.: +234-803-264-3003. requiring patient data to be aggregated at a single location
) [7]. Such approaches conflict with Nigerian data-privacy reg-

Pneumonia and tuberculosis (TB) remain leading causes
of morbidity and mortality in Nigeria [1]. Early diagnosis is
critical for effective treatment, yet healthcare institutions face
severe shortages of trained radiologists, patient overcrowding,
and inadequate diagnostic equipment [2]. Chest X-ray imaging
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ulations, institutional data silos, and patient-confidentiality re-
quirements [8]. To address related diagnostic limitations, ul-
traportable, Al-enabled X-ray devices have been implemented
in Nigerian populations to enhance TB case detection , as re-
ported by John et al. [9]. Cost-effectiveness analyses by Garg et
al. [10] further support the scalability of these technologies in
active case-finding campaigns. The application of artificial in-
telligence (Al ) to detect pneumonia among paediatric patients
in Nigeria also demonstrates the potential applicability of these
tools to respiratory diseases such as TB [11].

Federated learning (FL) offers a solution because it allows
multiple healthcare institutions to jointly train a shared diag-
nostic model without moving raw medical images beyond their
local settings , as reviewed by Rehman er al. [12]. Within
this model, individual hospitals can train the model using their
own chest X-ray data and exchange only model updates with
a central coordinating server [13, 14]. The model architec-
ture is important for making this approach viable in the Nige-
rian clinical environment. Mobile Vision Transformer (Mobile-
ViT) provides a trade-off between computational cost and per-
formance through its fusion of convolutional and transformer
mechanisms , making it applicable to hospitals and clinics with
limited computing capabilities while retaining global image in-
formation, as discussed by Eshraghi ef al. [15].

More recent results have shown that lightweight
transformer-based models, including RepViT-CXR and
MobileViT, can detect pneumonia and tuberculosis from chest
X-rays with high accuracy at low computational cost [16, 17].
In addition, privacy-preserving federated learning systems that
combine secure aggregation and differential privacy have been
proposed to support compliance with healthcare data regula-
tions. Despite these advances, a critical research gap remains:
no prior work has applied differentially private federated
learning with a vision transformer architecture to chest X-ray
classification using a Nigerian dataset. Existing studies either
employ centralised training, lack formal privacy guarantees,
or rely on datasets from non-African populations. This paper
addresses this gap by proposing a privacy-preserving federated
learning framework tailored to the Nigerian healthcare context.

This paper presents an application-oriented privacy-
preserving federated learning framework for chest X-ray clas-
sification in Nigeria. Rather than proposing a novel federated
optimisation algorithm, this study systematically integrates ex-
isting techniques such as MobileViT, Federated Averaging (Fe-
dAvg ), and DP-SGD to evaluate feasibility, privacy—utility
trade-offs, and diagnostic performance on a Nigerian dataset for
the first time. Specifically, the study applies an integrated DP-
FL-MobileViT framework to a Nigerian chest X-ray dataset to
evaluate feasibility in a simulated multi-hospital setting. It also
systematically characterises privacy—utility trade-offs across
four clinically relevant classes using DP-SGD with varying pri-
vacy budgets, empirically evaluates whether a lightweight Vi-
sion Transformer maintains diagnostic utility under differential-
privacy noise in a resource-constrained federated environment,
and provides an ablation and baseline comparison to demon-
strate the incremental value of each framework component.

2. Related work

Vision Transformer (ViT)-based models have shown good
results in diagnosing respiratory diseases from chest X-rays.
Several studies indicate that transformer architectures can
achieve high diagnostic accuracy and robustness across insti-
tutions. For instance, multi-task ViT frameworks achieved area
under the curve (AUC) values exceeding 0.95 for COVID-19
classification and sensitivities above 95%, while demonstrating
severity quantification comparable to that of expert radiologists
, as reported by Park ef al. [18]. Similarly, ViT-based models
have slightly outperformed or matched state-of-the-art CNNs in
pneumonia and COVID-19 detection, with reported accuracies
above 93% and stable convergence behaviour [19, 20]. These
findings demonstrate the ability of transformers to capture com-
plex lung patterns, although the models generally involve cen-
tralised training and substantial computation.

Hybrid and enhanced transformer models have been pro-
posed for complex , multi-class lung-disease settings. Hy-
brid CNN-ViT architectures achieved accuracies above 91% in
tuberculosis-related anomaly classification despite limited and
imbalanced datasets , as reported by Bangare et al. [21], while
attention-enhanced ViT frameworks reported average AUC val-
ues above 0.83 across multiple chest diseases by focusing on
clinically relevant regions , as reported by Huang et al. [22].
Optimiser-optimised ViT variants and fast transformer architec-
tures further improved performance, achieving F1-scores above
94% and near-perfect tuberculosis classification in some con-
figurations , as reported by Ko et al. [23]. Although these find-
ings indicate that transformer-based models have strong repre-
sentational capacity, most proposed architectures are resource-
intensive and difficult to deploy in resource-limited clinical sys-
tems.

Lightweight and efficient transformer models have recently
attracted interest for addressing these constraints. Compar-
isons of ViT variants have shown that compact architectures
such as MobileViT can offer competitive performance with
substantially reduced computational overhead. Efficient hy-
brid transformers , including MaxViT-based models , have re-
ported classification accuracies above 96% and strong general-
isation across datasets while improving interpretability through
attention visualisation, as reported by Singh et al. [24]. De-
spite these encouraging outcomes, these models are still largely
trained in centralised environments and therefore require ac-
cess to aggregated patient data , limiting their applicability
in privacy-conscious healthcare. Existing FL. frameworks for
medical imaging include NVIDIA FLARE and OpenFL, which
have been applied to chest X-ray analysis in multi-institutional
settings , as reviewed by Rehman er al. [12]. To the best of
our knowledge, no prior work has applied differential privacy
to a transformer-based federated learning system for chest X-
ray classification on a Nigerian dataset.

The reliance on centralised learning paradigms is a common
limitation in the existing literature, posing challenges to patient
privacy, data security, and regulatory compliance. Moreover,
most studies rely on datasets collected outside the Nigerian
healthcare context despite reporting high performance , includ-
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ing accuracies above 95% and AUC values exceeding 0.90 for
pneumonia, TB, and COVID-19 detection [8, 18, 24-26]. A
gap therefore remains in the use of FL with transformer-based
chest X-ray diagnosis, particularly with lightweight architec-
tures such as MobileViT and country-specific datasets that are
important in Nigeria. This study addresses these gaps by eval-
uating a privacy-preserving federated learning system that uses
MobileViT to detect pneumonia, tuberculosis, COVID-19, and
normal chest X-rays in Nigeria.

Recent architectural advances offer strong alternatives for
medical imaging. DenseNet121 has shown robust feature reuse
in chest X-ray classification, while EfficientNetV2 achieves
competitive accuracy through compound scaling. Hybrid ar-
chitectures such as ConvNeXt and hierarchical transformers
such as Swin Transformer have further advanced representation
learning for radiographs. Medical-specific Vision Transform-
ers (MedViT) incorporate clinical inductive biases that may en-
hance diagnostic performance. Although these architectures
represent state-of-the-art alternatives, their parameter counts
and computational requirements often exceed the constraints
of edge deployment in low-resource Nigerian clinics. This
study therefore focuses on MobileViT as a pragmatic balance
between accuracy and efficiency while benchmarking against
DenseNetl121 and EfficientNetV2-S to contextualise perfor-
mance.

3. Research methodology

This study employs a quantitative experimental design
within a simulated federated learning architecture to evalu-
ate privacy-preserving chest X-ray classification for Nigerian
healthcare. The Nigeria Chest X-ray Dataset is preprocessed by
resizing, normalisation , and augmentation to improve model
robustness. A federated learning system comprising a central
server and several client nodes representing healthcare insti-
tutions is used ; each client trains a shared MobileViT model
on its local data without transmitting raw images. Client
model updates are aggregated at the server using FedAvg to
obtain an improved global model over successive communica-
tion rounds. MobileViT was selected because its lightweight
hybrid convolution—transformer architecture balances classifi-
cation performance with computational efficiency in resource-
constrained clinical settings. Accuracy, precision, recall, F1-
score, and class-wise sensitivity are used to evaluate the pro-
posed system on a held-out test set . The privacy-preserving
federated approach is compared with centralised and standalone
local training methods.

3.1. Data collection

The dataset used in this investigation is the Nigeria Chest
X-ray Dataset , available on Kaggle at https://www.kaggle
.com/datasets/aminumusa/nigeria-chest-x-ray-dataset.
The dataset represents an effort to collect and publish chest X-
ray images from Nigerian healthcare centres for medical-image
analysis. The images were collected at Aminu Kano Teach-
ing Hospital in Nigeria and annotated by radiologists. It con-
sists of 2,600 images equally divided among four categories:

3

pneumonia (650 images), COVID-19 (650 images), tuberculo-
sis (650 images), and normal (650 images). The images were
selected and checked to support the analysis and assessment
of automated diagnostic models for respiratory diseases. All
images are labelled according to established clinical diagnoses
and are therefore suitable for supervised machine learning. The
dataset provides a country-specific representation of respiratory
disease patterns in Nigeria for developing models intended for
local clinical conditions.

Ethics statement: The Nigeria Chest X-ray Dataset is pub-
licly available on Kaggle and consists of fully anonymised im-
ages with no personally identifiable information.

Reproducibility and data splits: The dataset was partitioned
into training (70%), validation (15%), and test (15%) sets using
stratified random sampling with a fixed random seed (seed =
42) to ensure reproducibility. The training set was further dis-
tributed across simulated clients using a Dirichlet distribution
(a =0.5) with seed = 123.

Non-IID data partitioning: To simulate realistic hospital set-
tings, the training set was partitioned among clients using a
Dirichlet distribution with concentration parameter « = 0. 5.

The Dirichlet concentration parameter a = 0.5 was selected
as the primary partitioning strategy to simulate realistic label-
distribution skew across hospitals, where disease prevalence
varies substantially between facilities. To systematically eval-
uate robustness to data heterogeneity, additional experiments
were conducted with a = 0.1, 0.3, and 1.0 and an indepen-
dent and identically distributed (IID ) baseline (Section 4.6).
Lower « values produce more heterogeneous partitions; « =
0.5 provides a moderate non-IID setting that balances realism
with convergence stability. We acknowledge that 2,600 im-
ages is a modest dataset for training Vision Transformers from
scratch. This limitation is mitigated through ImageNet pretrain-
ing, data augmentation, and regularisation; nevertheless, the re-
sults should be interpreted as proof-of-concept feasibility rather
than definitive clinical validation.

3.2. Data preprocessing

Before model training, all chest X-ray images in the Nige-
ria Chest X-ray Dataset were resized to 256 X 256 pixels and
normalised to a common intensity range to reduce variation
among images. Contrast-limited adaptive histogram equalisa-
tion (CLAHE), with a clip limit of 2.0 and a grid size of 8 x
8 , was used to enhance lung structures and disease-related fea-
tures. Slight denoising and intensity normalisation were also
applied to reduce imaging noise and artefacts and to provide
homogeneous inputs for deep learning.

To improve model robustness and reduce overfitting,
training-time data augmentation included horizontal flipping,
small rotations, and slight zooming. These transformations
were intended to improve the model’s ability to generalise
across variations in disease presentation. After preprocess-
ing, the dataset was divided into training, validation, and test
sets ; the test set was reserved for final performance evalua-
tion to avoid evaluation bias. These preprocessing procedures
produced standardised inputs for federated MobileViT training
across simulated client nodes.
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All images were resized to 256 X 256 pixels. Contrast en-
hancement used CLAHE with a clip limit of 2.0 and a grid
size of 8 x 8. Data augmentation during training included hori-
zontal flipping, random rotation within £10°, and zooming be-
tween 0.9x and 1.1x. The dataset was partitioned into training
(70%), validation (15%), and test (15%) sets, stratified by class
to maintain label proportions.

3.3. Federated learning setup

The study adopts an FL architecture to facilitate joint model
training among clients representing different healthcare facili-
ties without exchanging raw chest X-ray images. At the start of
each communication round, the central server loads the global
MobileViT model and sends it to the participating clients. Each
client trains the received model on its local subset of the Nigeria
Chest X-ray Dataset and computes updated model parameters
using only local data. Only model updates , rather than raw
images, are returned to the central server, thereby supporting
patient privacy and adherence to data-protection requirements.

The server combines the received updates using FedAvg ,
which computes a weighted average of model parameters ac-
cording to the number of samples held by each client. The
updated global model is redistributed to the clients for further
local training. This process is repeated over multiple commu-
nication rounds until convergence , allowing the global model
to learn from distributed data without centralising sensitive pa-
tient information. The arrangement simulates a Nigerian de-
ployment in which hospitals and clinics could collaborate to
improve diagnostic performance for pneumonia, tuberculosis,
and COVID-19.

Let there be K clients (hospitals) indexed by k, each with
a local dataset Dy containing n; chest X-ray images from the
Nigeria Chest X-ray Dataset. The total number of samples
across all clients is N = Y& n;. The goal is to train a global
MobileViT model with parameters w to minimise the overall
loss across all distributed datasets using Eq. (1 ):

K
w = argminz %Fk(w), (1)
w k=1

where F(w) is the local loss function at client k, defined in Eq.
(2) as the average cross-entropy loss over its local data :

Fim = " £(1(KEw) o). @
k=1

InEq. (2), X* and y¥ are the i-th input image and label at client
k, f(-;w) is the MobileViT model, and £ is the multi-class
cross-entropy loss. Each client performs local model updates
using AdamW, represented in Eq. (3 ):

with = w' =V E (), 3)

where w' is the global model at communication round t and 7
is the learning rate. The central server aggregates the client
updates using weighted averaging (FedAvg), represented in Eq.

(4):

K
Wt+1 — Z %ijl. (4)
k=1

The updated global model w'*! is then redistributed to clients
for the next training round, iteratively improving the model
while keeping all patient data local.

Variable definitions: In Egs. (1)—(4), K denotes the num-
ber of clients; ny; is the number of samples at client k; N is
the total sample count; F_k is the local empirical loss; L is
the multi-class cross-entropy loss; f represents the MobileViT
model parameterised by w; 1 is the learning rate; and t indexes
communication rounds.

Simulation scope: This federated setup was executed on
a single virtual machine (Google Colab) with five logically
separated client processes. Although the implementation fol-
lows the FL protocol of local training, model exchange, and
FedAvg aggregation, it does not capture physical distributed-
computing challenges such as network latency, asynchronous
client availability, bandwidth constraints, or heterogeneous
hardware. Consequently, the results demonstrate algorith-
mic feasibility under idealised communication conditions, and
claims regarding real-world hospital deployment should be in-
terpreted as proof of concept.

To incorporate differential privacy, local optimisation em-
ploys differentially private stochastic gradient descent (DP-
SGD). Per-sample gradients are computed, clipped to a max-
imum L, norm C, and perturbed with Gaussian noise calibrated
by a noise multiplier o. The privacy budget is tracked using
the moments accountant method, yielding a cumulative (g, 9)-
differential privacy guarantee after T communication rounds.
The target 6 was set to 1 X 107>, which is smaller than 1/N =
3.85 x 1074, In the medical FL literature, & < 2 is gener-
ally considered strong privacy, & = 2-5 moderate, and & > 5
weaker but still meaningful protection against membership in-
ference. The primary operating point of £ = 5.8 after 50 rounds
is described as the upper bound of weaker but still meaningful
privacy, consistent with the study’s stated aim of balancing di-
agnostic utility with formal privacy guarantees .

This study assumes full client participation in every com-
munication round. Although this simplifies the simulation, real-
world deployments may involve partial participation because of
network or resource constraints ; this is left for future work.

3.4. MobileViT model configuration

This study uses MobileViT as the primary chest X-ray clas-
sification model because its hybrid architecture combines lo-
cal feature extraction by convolutional layers with global con-
text modelling by transformer blocks. The model comprises
alternating convolutional and MobileViT blocks . Each Mo-
bileViT block processes non-overlapping image patches using
a lightweight transformer and subsequently reprojects them to
their original spatial dimensions. The output layer was modi-
fied for four-class classification of pneumonia, COVID-19, TB
, and normal images. The model was trained with multi-class
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cross-entropy loss and optimised with AdamW , which com-
bines adaptive learning rates with weight decay for convergence
and regularisation.

The network uses dropout and normalisation to mitigate
overfitting. To maintain differential-privacy compatibility,
Batch Normalisation layers were later replaced with Layer Nor-
malisation, as described in Section 3.5. The lightweight Mo-
bileViT architecture allows each federated client to train the
model without high-end hardware while retaining performance
on clinically relevant respiratory diseases. We employ the
MobileViT-XS variant (2.5 million parameters), which bal-
ances classification performance and computational efficiency
for resource-constrained settings.

Let an input chest X-ray image be represented as X €
RAWXC - \where H and W are the height and width , respec-
tively, and C is the number of channels. MobileViT combines
local convolutions and global self-attention. For local feature
extraction, the input image is first processed through convolu-
tional layers using Eq. (5 ):

Feony = Conv(X; W,), (5)

where W, denotes the convolutional weights and Fqyy is the
resulting feature map with reduced spatial dimensions H’ and
W’ and D channels. These convolutional layers capture local
textures and edges in the chest X-ray that are important for de-
tecting pulmonary anomalies. The feature map Foyy is divided
into non-overlapping patches of size p X p using Eq. (6 ):

P = Patchify(Feony) € RYP°D), (6)

where N = H'W’/p? is the number of patches. Each patch is
linearly projected to a latent dimension d and augmented with
positional embeddings using Eq. (7 ):

Zy = PW, + Epos’ @)

where W, € RPDxd i the patch-projection matrix and Ejos rep-
resents positional information. The transformer block applies
multi-head self-attention (MHSA) and feed-forward networks
to model global context , as shown in Egs. (8 ) and (9 ):

Zl/ = MHSA(LN(Z;_1)) + Z;_4, (8)
Z = MLP(LN(Z))) + Z. )

where 1 indexes transformer layers, LN denotes layer normali-
sation, and MLP is a feed-forward network with non-linearity.
This allows MobileViT to capture long-range dependencies
across the image. After transformer encoding, the patch em-
beddings are reprojected to the spatial feature map using Eq.
(10):

Feans = Reproject(Z;) € RI>W>D, (10)

This feature map is concatenated with the original convolu-
tional features to combine local and global representations , as
shown in Eq. (11 ):

Fcombined = Concat(Feony, Firans)- (1D

Finally, global average pooling is applied using Eq. (12 ), fol-
lowed by a fully connected layer to produce predictions for the
four classes ( normal, pneumonia, TB, and COVID-19):

37 = Softmax(Wo GAP(F combined) + bo) » (12)

where W, and b are the classifier weights and bias, respec-
tively, and y € R* represents the predicted probabilities for the
four classes. The workflow of the proposed privacy-preserving
FL framework integrated with MobileViT is presented in Fig-
ure 1.

Variable definitions: In Eqgs. (5)-(12) , X is the input image
with height H, width W, and channels C; W, denotes convo-
lutional weights; Fony is the convolutional feature map; p is
the patch size; N is the number of patches; d is the trans-
former latent dimension; W, is the patch-projection matrix;
Epos denotes positional embeddings; 1 indexes transformer lay-
ers; LN is layer normalisation; MLP is a feed-forward network;
and GAP is global average pooling. The classifier weights and
bias are W, and by, respectively.

The proposed system follows a privacy-conscious FL work-
flow , as illustrated in Figure 1, in which a MobileViT model is
trained cooperatively across multiple healthcare facilities with-
out sharing raw chest X-ray data. A global MobileViT model
is initialised on a central server and distributed to participating
clients, each representing a hospital or diagnostic facility with
local chest X-ray images. At each client, the received model is
trained locally on preprocessed images to learn local pulmonary
features through convolutional layers and global contextual pat-
terns through transformer blocks. After local training, only up-
dated model parameters are returned to the central server, while
patient data remain on site.

The server aggregates the received updates using FedAvg
to produce an improved global model, which is redistributed
for subsequent training rounds. This iterative procedure con-
tinues until convergence, resulting in a generalised diagnostic
model designed to identify pneumonia, tuberculosis, COVID-
19, and normal cases while limiting resource demands in Nige-
rian healthcare facilities.

3.5. Model training

Model training was performed within the FL framework
with differential privacy to protect patient data and support de-
ployment across distributed Nigerian healthcare organisations.
At each federated communication round, the central server
transmitted the latest global MobileViT parameters to the par-
ticipating clients , which simulated independent hospitals or
clinics. Each client then performed local training on its pri-
vate subset of the dataset using categorical cross-entropy loss
for the four-class classification problem.

The reported privacy budget of £ ~ 5.8 represents the cumu-
lative privacy cost after 50 communication rounds, computed
using the moments accountant. The explored range £ = 1-10
represents the privacy—utility spectrum evaluated in the experi-
ments.

Batch Normalisation layers were replaced with Layer
Normalisation because Batch Normalisation can violate
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Table 1: Training configuration.

Category Parameter Value
Privacy parameters Gradient clipping norm (C) 0.5
Noise multiplier (o) 1.1
Target 6 1x107
Privacy budget & (primary, after 50 rounds) 5.8
Privacy budget range explored 1,2,4,5.8,8, 10
Training parameters Local batch size 32
Local epochs per round 3
Global communication rounds 50
Learning rate (1) 1x107*
Optimizer AdamW (B; = 0.9, 5, = 0.999)
Weight decay 0.01
Scheduler Cosine annealing
Warmup rounds 5
Data parameters Input resolution 256 x 256
Augmentation Horizontal flip, rotation +10°, zoom 0.9—
1.1x
Preprocessing CLAHE (clip 2.0, grid 8 x 8), ImageNet nor-
malisation
Reproducibility Random seeds (main experiments) 42,123, 456, 789, 2024
Framework PyTorch 2.1.0, Flower 1.5.0, Opacus 1.4.0
Hardware NVIDIA Tesla T4 (16 GB), 12.7 GB RAM

Software environment
Code repository

Python 3.10.12, Google Colab Pro
Privacy-Preserving-FL-MobileViT

differential-privacy guarantees by exposing batch-level statis-
tics. Layer Normalisation operates independently per sample,
maintaining DP compatibility.

3.6. Experimental setup

All experiments were performed in a simulated federated
learning setup on Google Colab , as illustrated in Figure 2 . The
platform provides access to cloud-based NVIDIA GPUs and is
widely used for reproducible deep-learning research. Federated
learning was implemented using Flower (v1.x) with PyTorch
(v2.x) as the deep-learning backend. Although the experiments
ran on a single Colab runtime, the architecture logically mod-
elled cooperation among multiple autonomous hospitals by em-
bedding multiple federated clients within the same environment
. This simulated multi-institutional training without requiring
physically distributed infrastructure.

The federated system included five simulated clients, each
representing a Nigerian hospital or diagnostic centre. The Nige-
ria Chest X-ray Dataset comprised 2,600 images evenly dis-
tributed across four classes: normal, pneumonia, tuberculosis,
and COVID-19 . The dataset was divided into training, valida-
tion, and test sets using a 70:15:15 split , and only the training
subset was used in federated learning. The client partitioning
was designed to capture realistic variation in disease frequency
and imaging conditions across Nigerian settings.

All chest X-ray images were downsampled to 256 X 256
pixels before training and normalised using the ImageNet mean

and standard deviation to match the pretrained MobileViT
backbone. A comparison with dataset-specific normalisation
showed a negligible difference (< 0.5%), so ImageNet statis-
tics were retained. Conservative data augmentation included
random horizontal flipping and small-angle rotations to im-
prove generalisation without compromising the clinical validity
of radiographic features. The diagnostic model was MobileViT-
XS, with approximately 2.5 million parameters, initialised with
ImageNet-pretrained weights from the timm library. Batch
Normalisation layers were replaced by Layer Normalisation for
compatibility with differential-privacy training. The implemen-
tation used Python 3.10+ , Flower for federated coordination,
and Opacus for DP-SGD.

Scalability and robustness configurations: Beyond the pri-
mary five-client setup, scalability was evaluated with 10 and
20 simulated clients using the same total data volume to assess
performance degradation and communication overhead. For
dropout robustness, random client unavailability was simulated
at rates of 10%, 30%, and 50% per round, with unavailable
clients excluded from that round’s aggregation. All scalability
and dropout experiments used the same hyperparameters as the
primary configuration (Table 1) and were averaged over three
random seeds.

Reproducibility statement: All random seeds were fixed
across dataset partitioning (seed = 42), client sampling (seed
= 123), and model initialisation (seeds = 42, 123, 456, 789,
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Figure 1: Diagrammatic representation of MobileViT within
the federated learning framework.

and 2024 for statistical reporting). Hardware specifications and
software versions are detailed in Table 1.

3.7. Attention visualisation

For attention visualisation, Grad-CAM was applied to the
final convolutional feature maps of MobileViT. For a given in-
put image, the gradient of the predicted class score with respect
to the feature maps of the final convolutional layer was com-
puted. These gradients were globally averaged to obtain impor-
tance weights, which were multiplied by the feature maps and
passed through a rectified linear unit (ReLU ) activation to pro-
duce a spatial heatmap. Heatmaps were overlaid on the original
X-ray images with an opacity of 0.5.

4. Results and discussion

4.1. Accuracy and loss performance of the proposed model

The training dynamics of the proposed FL-MobileViT
model exhibit stable and consistent convergence across selected
federated communication rounds , as shown in Table 2, where
values are reported as mean + standard deviation over multiple
random seeds.

As shown in Table 2, the proposed FL-MobileViT model
exhibits a gradual increase in both training and validation ac-
curacy over the federated communication rounds, accompanied
by a gradual decrease in loss. Early rounds show rapid perfor-
mance improvement, followed by slower convergence after 30
rounds. The modest difference between training and validation
accuracy suggests good generalisation and limited overfitting
under heterogeneous client-data distributions and privacy con-
straints. These findings support the consistency of the proposed
training strategy in a federated privacy-preserving environment.
Table 3 compares the convergence behaviour of federated train-
ing with and without differential privacy to illustrate the privacy
—performance trade-off. Selected rounds (1, 5, 10, 20, 30, and
50) are reported to show the convergence trajectory without dis-
playing all 50 rounds.

As expected, the non-DP federated model converged faster
and achieved slightly higher accuracy than the DP model be-
cause no noise was added to its gradient updates. However,
the DP-enabled model retained competitive performance, with
an accuracy reduction of approximately 2-3%. This indicates
that formal privacy guarantees can be obtained with a modest
cost to diagnostic performance in privacy-aware medical appli-
cations such as inter-hospital chest X-ray analysis. The non-
DP model required approximately 22 communication rounds
to converge, whereas the DP-enabled model required approxi-
mately 30 rounds because of noise-induced gradient variance.

4.2. Performance of the proposed model across other metrics

Beyond accuracy, the proposed model was evaluated using
macro-averaged area under the receiver operating characteris-
tic curve (AUROC ), precision, recall, F1-score, and class-wise
sensitivity , as shown in Table 4 . These measures provide com-
plementary information for multi-class medical diagnosis.

Table 4 shows that the DP federated model performed
strongly and comparatively evenly across the four disease
classes. COVID-19 and normal cases showed the highest F1-
scores, whereas tuberculosis had slightly lower recall, which
may reflect inter-class visual similarity. The high macro-
average metrics indicate strong overall multi-class diagnostic
performance under the stated privacy constraints. Figure 3 com-
pares overall classification metrics for privacy-preserving (DP)
and standard (non-DP) federated learning settings.

As shown in Figure 3, the non-DP model achieved
marginally higher precision, recall, and Fl-score, while the
DP-enabled model maintained competitive performance with
an average reduction of approximately 1. 5-2.0%. This
trade-off is modest in relation to the formal privacy guarantees
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Table 2: Training and validation performance of DP-FL MobileViT across communication rounds.

Federated Training accuracy (%) Validation accuracy (%) Training loss Validation loss
round
1 63.4+1.2 61.8+1.5 1.21 £ 0.04 1.26 = 0.05
5 76.8 +1.3 739+ 1.5 0.81 +0.03 0.86 + 0.04
10 84.1+1.0 819+1.2 0.52 +0.02 0.58 +0.03
20 90.6 + 0.8 88.9+1.0 0.31 +£0.02 0.37 +£0.02
30 93.8+0.7 92.1+0.9 0.22 +0.01 0.27 £0.02
50 95.2+0.6 93.6+0.8 0.17 £ 0.01 0.22 £ 0.01
Table 3: Comparison of DP and non-DP federated training convergence.
Metric Non-DP federated learning DP federated learning
Final training accuracy (%) 96.8 95.2
Final validation accuracy (%) 95.4 93.6
Final test accuracy (%) 94.9 92.8
Communication rounds to converge ~22 ~30
Final training loss 0.14 0.17
Privacy budget (g) N/A 5.8
Noise multiplier 0.0 1.1
Table 4: Class-wise precision, recall, F1-score and AUC (DP federated model).
Class Precision (%) Recall (%) F1-score (%) AUC (%) 95% CI (F1)
Normal 94.1 95.3 94.7 97.2 [93.8, 95.5]
Pneumonia 93.5 91.8 92.6 95.9 [91.9, 93.2]
Tuberculosis 91.9 90.7 91.3 94.8 [90.5, 92.0]
COVID-19 96.2 93.4 94.8 97.5 [94.1,95.4]
Macro Avg 93.9 92.8 93.4 96.4 [92.7, 93.9]
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Figure 3: Comparison of precision, recall, and F1-score for DP and non-DP federated learning.

Table 5: Top class-wise misclassification rates.

True class Top misclassification
Normal — Pneumonia 1.8
Pneumonia — Tuberculosis 3.2
Tuberculosis — Pneumonia 4.5
COVID-19 — Pneumonia 3.0

provided by DP-SGD and supports the feasibility of privacy-
sensitive federated learning for medical imaging in a multi-
hospital setting. Paired t-tests across five random seeds were
used to assess differences between DP and non-DP models. The
accuracy difference (94.9% vs . 92.8%) was statistically signif-
icant (p = 0.031), whereas the F1-score difference (94.1% vs .
93.4%) was not (p = 0.082).

4.3. Confusion matrix analysis

To further examine classification behaviour , a confusion-
matrix heatmap was generated from predictions on the held-out
global test set under the DP-FL configuration (& = 6) , as shown
in Figure 4. The confusion matrix provides insight into class-
level misclassification patterns beyond aggregate performance
metrics.

Table 5 summarises the reported top misclassification rates.

The confusion-matrix analysis in Figure 4 further quantifies
the model’s class-wise behaviour on the held-out test set under
the € = 5.8 configuration. Normal cases achieved 95.3% recall,
with 4.7% reported as misclassified , primarily as pneumonia
( reported as 5.2% ), with small fractions assigned to TB and
COVID-19. Pneumonia cases achieved 91.8% recall, with 7.1%
reported as confused with tuberculosis and 5.2% with COVID-
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Figure 4: Confusion-matrix heatmap .

19, consistent with shared radiographic features such as lung
opacities. Tuberculosis images were reported as correctly iden-
tified in 90.7% of cases, with 8.5% misclassified as pneumonia.
COVID-19 achieved 93.4% recall, with 6.3% reported as con-
fused with pneumonia and a small fraction (<4%) with normal
or TB cases. Overall, off-diagonal errors remained below 15%
for all classes and that false negatives for high-risk conditions
were limited.

4.4. Privacy-utility trade-off

For fair comparison, all models in Table 6 were trained un-
der identical DP-FL conditions (¢ ~ 5.8, =1 x 1073, and the
same federated data partitioning).
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Table 6: Comparative performance with baseline models (DP-FL setting, £ = 5.8).

Model Test accuracy (%) Macro F1 (%) Parameters (M) FLOPs (G)
MobileViT-XS 92.8 93.4 2.5 1.8
MobileNetV2 89.1 89.7 2.2 0.3
ViT-Tiny 91.2 91.9 5.7 5.5
ResNet-18 90.5 90.8 11.7 1.8
DenseNet-121 93.5 93.9 8.1 2.9
EfficientNetV2-S 94.2 94.5 21.5 5.2

Figure 5 presents the comparative performance of the eval-
uated architectures under the privacy settings shown.

Figure 6 presents receiver operating characteristic (ROC )
curves for the DP-FL MobileViT model across all four diag-
nostic classes. The AUC values are 0.972 for normal, 0.975
for COVID-19, 0.959 for pneumonia, and 0.948 for tuber-
culosis. Figure 7 presents the precision—recall curves for the
DP-FL MobileViT model , with a macro-average average pre-
cision (AP ) of 0.931. Figure 8 presents Grad-CAM attention
visualisations for representative test cases. The red boxes in-
dicate regions of interest used for visual comparison with the
Grad-CAM activation maps: (a) pneumonia, right lower-lobe
consolidation; (b) TB , upper-lobe cavitation; (c) COVID-19 ,
peripheral ground-glass opacities; and (d) normal, no patholog-
ical activation. Figure 9 presents the privacy—utility trade-off,
plotting test accuracy and macro F1-score against privacy bud-
get €. The shaded region indicates the stated clinically accept-
able performance threshold (TB sensitivity > 85%).

MobileViT-XS achieves competitive accuracy with the
fewest parameters among  the top-performing models.
DenseNet-121 and EfficientNetV2-S offer marginally higher
accuracy but require approximately three and eight times as
many parameters, respectively, making them less suitable for
edge deployment in resource-constrained Nigerian clinics. Dif-
ferential privacy introduces noise into federated training and
therefore affects model performance. Nevertheless, the re-
ported findings indicate a favourable privacy—utility trade-off
for the proposed DP-FL MobileViT architecture within the
range of privacy budgets considered for medical data sharing.
As shown in Tables 2 and 3, incorporating DP-SGD with a cu-
mulative privacy budget of & 3-6 resulted in a reported
reduction of approximately 2-4% in accuracy and macro-
averaged AUROC compared with non-DP federated learning
while preserving strong diagnostic performance across disease
classes.

MobileNetV2, a lightweight CNN baseline, achieved
89.1% accuracy and an 89.7% macro Fl-score, indicating
that MobileViT provides higher performance while maintaining
comparable parameter efficiency (2. 5 million vs . 2. 2 million
parameters). The reported degradation is described as compa-
rable to that observed for DP-SGD in medical-imaging tasks
and is considered acceptable in light of the privacy guarantees
provided. The lightweight MobileViT was more resilient to
DP-generated noise than heavier convolutional or transformer-
based models, supporting its suitability for privacy-preserving
federated settings.

=~
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To determine the technical feasibility of the proposed
privacy-preserving federated learning framework, a proof-of-
concept (PoC) implementation was carried out in a simulated
multi-client environment .

4.5. Scalability analysis

To evaluate framework behaviour as the federation grows,
experiments were conducted with 5, 10, and 20 simulated
clients while maintaining the same total data volume and hyper-
parameters. Table 7 reports test accuracy, convergence rounds,
and communication overhead.

As the number of clients increases, the amount of data per
client decreases, leading to noisier local updates and slightly
slower convergence. However, the degradation is modest ( ap-
proximately a 1.3% accuracy reduction from 5 to 20 clients),
suggesting reasonable scalability for small-to-medium hospital
networks. Communication cost per round remains constant be-
cause only model parameters , rather than raw data , are trans-
mitted. Total training time scales linearly with client count in
this simulated environment; real-world deployments would face
additional bandwidth and latency constraints not captured in
the simulation.

4.6. Effect of client heterogeneity

Table 8 presents the effect of the Dirichlet concentration
parameter @ on model performance. Lower « values produce
more imbalanced local label distributions and therefore greater
non-IID severity.

Performance degrades gradually as heterogeneity increases.
Even under severe skew (o = 0.1), TB sensitivity remains above
80%, which is clinically acceptable for screening. These results
indicate that the proposed framework retains performance un-
der the simulated hospital-level prevalence differences.

4.7. Privacy-utility spectrum

To characterise the privacy—utility trade-off comprehen-
sively, the DP-FL model was evaluated across privacy budgets
ee{l,2,4,5.8, 8, 10} by tuning the noise multiplier o accord-
ingly. Table 9 reports the results.

At & = 1 (strong privacy), accuracy decreases by approx-
imately 10 percentage points, with TB sensitivity below 80%.
At e ~ 5.8, the model achieves the stated pragmatic balance: ap-
proximately 2% lower accuracy than the non-DP model while
providing formal differential-privacy guarantees. For € > 8,
gains diminish, suggesting that & ¥ 5 —6 is a reasonable op-
erating point for this task.
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Figure 5: Comparative results with other models .

Table 7: Scalability analysis (¢ ~ 5.8).

Clients Test accuracy Macro F1 (%) Rounds to One-way Aggregate
(%) converge payload per full-round
client (MB) transfer (MB)
5 92.8 93.4 30 10.0 100
10 92.1 92.7 32 10.0 200
20 91.5 92.1 35 10.0 400

Table 8: Performance under varying client heterogeneity (five clients, & = 5.8)

a (Dirichlet) Test accuracy (%) Macro F1 (%) TB sensitivity (%) Convergence rounds
0.1 (high skew) 89.3 90.1 86.4 38
0.3 90.8 91.5 88.7 33
0.5 (primary) 92.8 93.4 90.7 30
1.0 (mild skew) 93.5 94.1 92.2 26
11D) 94.2 94.7 93.5 22

Table 9: Privacy-utility trade-off across & values.

£ o Test accuracy (%) Macro F1 (%) TB sensitivity (%) Pneumonia
sensitivity (%)
1 2.5 84.3 85.1 78.2 81.5
2 1.8 88.7 89.3 82.1 85.3
4 1.3 91.2 91.8 86.0 89.4
5.8 1.1 92.8 93.4 90.7 91.8
8 0.9 93.5 94.0 91.6 92.6
10 0.7 94.1 94.6 92.3 93.2
oo (Non-DP) 0.0 94.9 94.1 93.0 93.8

4.8. Ablation study
Table 10 isolates the contribution of each framework com-

ponent by incrementally removing individual elements.
11
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Table 10: Ablation study ( five clients, primary configuration) .

Configuration

Test accuracy (%) Macro F1 (%) Parameters (M)

Full framework (MobileViT + FL + DP)
Without DP (MobileViT + FL)

Without FL ( Centralised MobileViT + DP)
Without CLAHE

Without data augmentation

Without ImageNet pretraining

Without FL and DP ( Centralised baseline)

92.8 93.4 2.5
94.9 94.1 25
93.6 94.0 2.5
91.2 92.1 2.5
90.5 91.5 2.5
87.3 88.2 2.5
95.5 94.8 25

(/

= Normal (AUC = 0.972)
—— COVID-19 (AUC = 0.975)
Pneumonia (AUC = 0.959)
— Tuberculosis (AUC = 0.948)
-- Random chance
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Figure 6: Receiver operating characteristic curves.
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Figure 7: Precision—recall curves.
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The ablation study indicates that differential privacy intro-
duces a 2.1% accuracy cost , while federated learning incurs a
1.9% penalty relative to centralised training, which is accept-
able given the privacy benefits . CLAHE contributes 1.6% to
accuracy, highlighting the importance of contrast enhancement
for chest X-rays . ImageNet pretraining is the most influential
component in the reported ablation, providing a 5.5% accuracy
gain.

4.9. Client dropout robustness

Real-world federations can experience client dropout be-
cause of network or hardware failures. Table 11 reports perfor-
mance under simulated random dropout.

The framework tolerates moderate dropout (10 —30%) with
limited degradation. At 50% dropout, convergence slows sub-
stantially and accuracy decreases by 3%, suggesting that relia-
bility mechanisms for stragglers and redundant rounds should
be considered for unstable networks.

4.10. Proof-of-concept interface

A local proof-of-concept interface was developed to
demonstrate end-to-end pipeline execution. These are in-
tended as implementation documentation rather than clinical-
validation evidence.

5. Discussion

These results demonstrate that, in a simulated environment
with careful privacy-parameter tuning, an integrated DP-FL-
MobileViT framework can achieve strong diagnostic perfor-
mance on a Nigerian chest X-ray dataset. Although the findings
support the feasibility of privacy-preserving multi-institutional
collaboration, they should be interpreted as proof of concept
rather than validated deployment outcomes. The proposed
framework indicates that formal privacy guarantees and high
diagnostic accuracy need not be mutually exclusive, potentially
addressing legal, ethical, and infrastructural constraints on col-
laborative chest X-ray analysis across Nigerian healthcare fa-
cilities.
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Pneumania: Right lower lobe consolidation

Tuberculosis: Upper lobe cavitation

COVID-19: Peripheral ground-glass opacities

Nermal: No pathological activation

Figure 8: Grad-CAM visualisations.

Table 11: Impact of client dropout ( five clients, & = 5.8) .

Dropout rate Active clients/ round

Test accuracy (%)

Macro F1 (%) Convergence rounds

0% 5 92.8
10% 4-5 92.3
30% 3-5 91.5
50% 2-5 89.8

93.4 30
92.9 31
92.2 34
90.5 39

5.1. Privacy-utility trade-off synthesis

The privacy—utility analysis reveals a predictable trade-off
governed by privacy budget €. At € ~ 5.8, the DP-FL model
incurs a 2.1% accuracy reduction relative to the non-DP fed-
erated baseline and 2.7% relative to centralised training. This
positions € ~ 5 —6 as pragmatic operating point for medical
FL , providing formal differential-privacy guarantees while pre-
serving the stated acceptable sensitivity for high-risk conditions
(TB > 85% and pneumonia > 88%). The privacy—utility spec-
trum in Section 4.7 shows that £ < 2 imposes substantial utility
costs (accuracy < 89%), whereas & > 8 offers diminishing accu-
racy gains with weaker privacy protection. These findings align

13

with medical DP-FL literature in which & = 3 —8 is commonly
reported as a feasible operating range. MobileViT is reported
to be resilient to gradient noise, potentially because its hybrid
convolutional-transformer design stabilises feature extraction
before global attention layers.

5.2. Clinical interpretation

The class-wise sensitivity analysis has important clinical
implications. Tuberculosis and pneumonia, which are high-
priority conditions in Nigerian public health, maintained re-
ported sensitivities above 85% under differential-privacy noise.
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Figure 9: Privacy—utility trade-off.

This is clinically important because missed TB cases can con-
tribute to ongoing transmission and drug-resistance develop-
ment. The confusion-matrix analysis in Section 4.3 reports
false-negative rates for TB and COVID-19 below 10%, which
is acceptable for screening applications but not for definitive
diagnosis.

False-negative rates for the disease classes remained below
10%, with the highest rate being 9.3% for tuberculosis. In addi-
tion, the Grad-CAM visualisations provide a qualitative check
of whether the model focuses on clinically relevant regions of
the X-ray images. Together, these findings are presented as
evidence that differential privacy can be added to federated
learning with a comparatively modest reduction in diagnostic
performance while providing formal privacy guarantees.

5.3. Computational and communication efficiency

MobileViT-XS (2. 5 million parameters) requires approx-
imately 1.8 GFLOPs per forward pass, with reported infer-
ence times below 50 ms on a mid-range CPU and below 10
ms on edge GPUs. This efficiency is important for Nigerian
clinics where high-end hardware may be unavailable. Feder-
ated training communication overhead is described as modest:
each round transmits 2. 5 million float32 parameters ( ap-
proximately 10 MB per client), which is considered feasible
over standard hospital internet connections. However, the re-
ported total training time (50 rounds X 3 epochs X 5 clients
~ 12 h on a Tesla T4) indicates that asynchronous or partial-
participation strategies may be required for real-world deploy-
ment. On-device battery consumption and thermal throttling
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were not evaluated and remain hardware-specific topics for fu-
ture investigation.

5.4. Comparison with prior work

To the best of our knowledge, this study represents the first
application of a vision transformer within a differentially pri-
vate federated learning framework to Nigerian chest X-ray data.
We emphasise that this is an application-oriented integration
rather than a methodological innovation: MobileViT, FedAvg
, and DP-SGD are established techniques. The contribution
lies in systematically evaluating their combination on an under-
represented population and characterising privacy—utility trade-
offs in this context. Prior FL. medical-imaging studies [18, 19]
primarily used CNNs and non-African datasets , while Ref.
[20] explored a hybrid CNN-ViT architecture in a centralised
setting. The present work extends these efforts by demonstrat-
ing feasibility on a country-specific dataset with formal privacy
guarantees .

5.5. Regulatory and ethical considerations

Beyond technical privacy mechanisms, deployment in
Nigerian hospitals requires compliance with the Nigeria Data
Protection Regulation (NDPR) and alignment with institutional
ethics review boards. Differential privacy provides a mathemat-
ical privacy guarantee, but it does not replace informed consent
or data-governance frameworks. Hospitals must establish clear
agreements regarding model ownership, liability for misdiag-
nosis, and patient-notification procedures. Furthermore, algo-
rithmic fairness must be monitored: the dataset was collected
at a single teaching hospital, and performance may vary across
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Nigeria’s diverse ethnic and socioeconomic populations. Fu-
ture work should audit demographic parity and equalised odds
before clinical deployment.

5.6. Limitations

Several limitations constrain the interpretation of these re-
sults.

The dataset size and scope are limited. With 2,600 im-
ages, the dataset is modest for training deep Vision Transform-
ers from scratch. Although ImageNet pretraining and data aug-
mentation mitigate this limitation, the model may not capture
the full spectrum of radiographic presentation in Nigerian pop-
ulations. The dataset originates from a single teaching hospital,
and performance may not generalise to primary-care facilities
with different equipment and patient demographics.

The deployment environment is simulated. All experiments
were executed on a single virtual machine , so the simulation
does not account for network latency, bandwidth constraints,
asynchronous client availability, or heterogeneous edge hard-
ware. Claims regarding hospital deployment feasibility there-
fore represent algorithmic proof of concept rather than vali-
dated system engineering.

External validation was not performed. The model was
evaluated exclusively on the Nigeria Chest X-ray Dataset and
was not externally validated on NIH ChestX-ray14, CheXpert,
PadChest, or RSNA datasets. Cross-hospital validation within
Nigeria and West Africa remains an important direction for fu-
ture work.

Adversarial robustness was not evaluated. The study did
not assess resistance to model-poisoning, backdoor, or gradient-
inversion attacks [13]. Formal adversarial evaluation is neces-
sary before deployment in untrusted multi-institutional settings.

Regulatory and fairness gaps also remain. This study does
not address NDPR compliance procedures, institutional-review
requirements, or demographic-fairness auditing. These ethical
and legal dimensions are critical for responsible deployment .

6. Conclusion

This study presented an application-oriented privacy-
preserving federated learning framework integrating Mobile-
VIiT for chest X-ray classification on a Nigerian dataset. In
a simulated federated environment with five clients, the DP-
FL MobileViT model achieved 92.8% test accuracy, a 93.4%
macro Fl-score, and a 96.4% macro AUROC at a moderate
privacy budget (¢ = 5.8). Sensitivity for high-risk conditions
remained at acceptable levels: tuberculosis > 85% and pneu-
monia > 88%. The ablation and privacy—utility analyses indi-
cate that each framework component contributes to final perfor-
mance and that € ~ 5 —6 is the proposed privacy operating point
for this task.

These findings support the feasibility of privacy-preserving
collaborative Al diagnostics for Nigerian healthcare while ac-
knowledging important caveats: the experiments were con-
ducted in simulation, the dataset is modest, and external vali-
dation is pending. The lightweight MobileViT architecture (2.
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5 million parameters) was reported to be resilient to DP-SGD
noise, supporting its suitability for resource-constrained clini-
cal settings.

6.1. Future work

Future research should address several priorities .

Larger , multi-centre datasets should be developed through
collaboration with additional Nigerian hospitals and West
African institutions , with the aim of assembling a multi-site
dataset exceeding 10,000 images to support more robust trans-
former training and demographic diversity.  Scalability and
partial participation should also be evaluated with more than 50
clients, asynchronous updates, and realistic straggler handling
to bridge the gap between simulation and deployment.

Secure aggregation, including approaches such as Shamir
secret sharing and homomorphic encryption , should be inte-
grated to complement differential privacy and defend against
model-inversion attacks.  Generalisability should be tested
on NIH ChestX-ray14, CheXpert, and PadChest, followed by
prospective validation in two to three Nigerian hospitals. Ad-
versarial robustness should also be evaluated against model-
poisoning, backdoor, and gradient-inversion attacks in un-
trusted federations.

Regulatory and fairness auditing should include an NDPR
compliance review and demographic-parity analysis to assess
equitable performance across Nigeria’s diverse populations.
Finally, a lightweight clinical decision-support interface should
be developed for integration with existing Picture Archiving
and Communication Systems (PACS) in partner hospitals.
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