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ABSTRACT

Breast cancer, which overall has an established survival rate of 74% - compared to a progressively increasing 99% within the last
30 years, making early detection essential in improving prognoses - is both sensitive and difficult for clinicians. To overcome the
above challenges, in this paper, we propose FedXAI-DP: a novel framework for privacy-preserving breast cancer classification
that synergistically combines Federated Learning (FL), Explainable Artificial Intelligence (XAI), and Differential Privacy (DP).
FedXAI-DP performs a SHAP-importance-weighted aggregation, where more important clients are given higher or lower weights
proportionally in constructing the global model, as compared to existing FL strategies that aggregate model parameters uniformly
for each client. This allows more discriminative feature information to rule the global update in the heterogeneous and non-1ID
client data. Surprisingly, we find under IID data conditions by experimenting on the Wisconsin Breast Cancer Dataset (WBCD,
n=569) that FedXAI-DP achieves 98.25% accuracy and AUC-ROC =0.9950, exactly matches centralized training performance
while assuring zero access to raw data. Even under realistic non-IID scenarios, the federated model only costs a 1.76% overhead
compared to the centralized upper bound whilst achieving an accuracy of 96.49%. We perform a detailed privacy-utility tradeoff
analysis across epsilon 2.0, 5.0, 10.0, and 20.0 that quantifies the cost in accuracy from formal privacy guarantees. SHAP analysis
ranks radius_mean, area_worst and concave points worst as the clinical features most impactful, offering actionable
explainability from a pathologist's perspective.
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INTRODUCTION

Breast cancer is the most common form of cancer in women, responsible for 2.3 million new cases per year globally and a major
cause of cancer mortality [1]. In fact, some machine learning(ML) algorithms trained on sufficiently large clinical datasets have
been shown to achieve a diagnostic accuracy level comparable to specialist radiologists [2]. Nevertheless, two crucial challenges
prevent our integration into real-world clinical settings: issues of data privacy and model interpretability.

In health care, data privacy is a major concern. Patient records with histological measurements, genomic data, and imaging
features are strictly protected under regulatory frameworks such as HIPAA (USA), GDPR (EU) and domestic national legislation.
In fact, training centralised ML models needs aggregating raw patient data across institutions, which is problematic both from a
legal as well as ethical point of view. Data transfer is also further constrained by institutional data governance policies, which
create data ownership silos that restrict the amount of training samples available for specific model trainability and
generalizability [3].

Federated Learning FL McMahan et al. GlobalDM [5], is also a protocol that deals with the privacy issue, which consists of
jointly training a shared global model. All participating institutions locally train on their own private data and only communicate
parameters of the model never the raw data to a central server. At the server-side, subsets of samples are pooled together through
FedAvg to update the global model iteratively over multiple communication rounds. FL has been successfully applied to medical
imaging [6], drug discovery [7], and electronic health records analysis [8].

Even FL alone cannot provide all privacy guarantees. Even model parameters themselves can leak information about training
data via membership inference attacks and gradient inversion attacks [9, 10]. This is then followed by the introduction of
Differential Privacy (DP), which can be defined mathematically and provides a strong privacy guarantee, ensuring that the output
of an algorithm cannot distinguish whether any individual data point is in or out of the dataset with statistical significance [11].
There is a tradeoff between privacy and utility in that more noise is required for better privacy, which, therefore, renders the
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model less accurate when combining FL with DP.

Explainable Al (XAI), with SHAP [14], offers a game-theory-grounded approach to explain the contribution of each input feature
to a model prediction. Because Shapley values fulfill desirable axiomatic properties, they are theoretically principled for clinical
feature attribution. XAl methods have been employed in centralized cancer detection models [16, 17], but are still lightly explored
in federated settings.

LITERATURE REVIEW

For the past thirty years, WBCD [18] has been a canonical benchmark for ML-based breast cancer classification. Some of the
classical approaches are support vector machines [19], random forests [20], and logistic regression, which achieve high accuracy
between 95% and 98% under centralized training. Recent deep learning approaches have pushed performance past
histopathological image data [21], although tabular WBCD analysis is still relevant in low-resource clinical contexts. Rieke et al.
The work of [6] gave a complete overview of FL in the context of medical imaging, showing how federated models learned with
data spread across institutions are able to reach performance similar to centralized training. Li et al. 3.4 FedProx [23] proposed a
formulation to adapt for convergence with non-11D distributions. Dayan et al. The first was at a large scale for COVID-19 severity
prediction, multi-site with distributed FL from 20 institutions [24]. D Palais Roy and Y. |. Ha presented several results related to
breast cancer at the 2012 CCAD meeting, organized by Ogier du Terrail et al. For example, [25] applied FL to multicentre breast
density classification and demonstrated that federated models generalized better than local models at all participating centers.
SHAP Lundberg and Lee [14] proposed a feature attribution method based on cooperative game theory, which is called Shapley
Additive exPlanation (SHAP). SHAP KernelExplainer allows you to get model-agnostic feature explanations for any deep
learning img-to-vec FL model architecture. Aas et al. [30] introduced conditional dependence among features in SHAP, which is
meaningful in the case of correlated measurements of cell nucleus features in WBCD. Tjoa and Guan [4] stress that only clinically
meaningful explanations from XAl will promote physicians who are more likely to adopt them. To the best of our knowledge, no
existing work incorporates SHAP-weighted FL aggregation, formal DP, and breast cancer detection together into a single
framework.

METHODOLOGY

It uses the Wisconsin Breast Cancer Dataset (WBCD) a classic benchmark in computational oncology containing 569 clinical
samples: 357 benign and 212 malignant. All of them are based on computerized digitized images of fine-needle aspirate (FNA)
mass samples taken from female patients with breast problems and contain a total of 30 continuous features describing the
properties of cell nuclei presented in radiologic images, which can be sliced into three statistically summarized rounds, i.e. mean,
standard error and worst value for ten contour descriptors: radius, texture, perimeter, area, smoothness, compactness, concavity,
concave points, symmetry as well as fractal dimension. Before the analysis, two non-informative columns (id and Unnamed: 32)
were dropped, followed by the discarding of remaining missing entries, leading to the construction of a complete, clean feature
matrix.
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Figure 1: Methodology Diagram

3.1 Dataset Description and Preprocessing

Preprocessing proceeded in two stages. Step 1: Encoding the target variable, a label encoding of the binary target variable (M =
malignant, B = benign) to {1, 0}. Second, z-score normalization was applied to standardize all of the 30 input features by centering
each feature with zero mean and unit variance (i.e. Standardization is especially important in this setup since federated clients
train on a diverse array of local shards that have different statistical character, and a test feature scale common across the whole
dataset allows for all model updates from each client to be comparable once aggregated server-side. Using stratified random
splitting with a fixed seed (42), we split the preprocessed dataset into training and held-out test sets at an 80:20 ratio while
maintaining the original class proportions in both subsets; this approach allows for fair, reproducible comparison across all
experimental conditions.

3.2 Proposed FedXAI-DP Framework

Preprocessing proceeded in two stages. Step 1 — Encoding the target variable, a label encoding of the binary target variable (M =
malignant, B = benign) to {1, 0}. Second, z-score normalization was applied to standardize all of the 30 input features by centering
each feature with zero mean and unit variance (i.e. Standardization is especially important in this setup since federated clients
train on a diverse array of local shards that have different statistical character, and a test feature scale common across the whole
dataset allows for all model updates from each client to be comparable once aggregated server-side. Using stratified random
splitting with a fixed seed (42), we split the preprocessed dataset into training and held-out test sets at an 80:20 ratio while
maintaining the original class proportions in both subsets; this approach allows for fair, reproducible comparison across all
experimental conditions. It keeps a tiny copy of a public reference shard only for the purpose of global model initialization and
SHAP background estimation; it is not involved in training. The clients under our service, and then our own private data, are
where all of the real learning takes place. The whole pipeline runs over T = 50 global communication rounds, and in each round,
each client performs 200 local optimization iterations prior to uploading its payload to the server.
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3.3 Federated Data Partitioning

For a rigorous evaluation of the framework in realistic settings, two data distribution scenarios are considered. The homogeneous
(11D) setting consists of uniformly distributed data across all five clients by randomly shuffling the training corpus so that each
node contains roughly equal ratios for both malignant and benign samples. This case is an idealized controlled baseline that allows
direct comparison with centralized training. In which more faithfully reflects the real-world distributions of clinical data, training
samples are assigned to partitions with a Dirichlet distribution with concentration parameter o = 0.5 in non-IID settings. A
Dirichlet-sampled proportion vector determines the fraction of samples from each class that each client receives independently,
introducing systematic imbalance in local class ratios. The lower the a, the more statistically diverse among clients; at o = 0.5,
individual clients might have heavily imbalanced class distributions where one node receives mostly malignant and other nodes
mostly benign cases. The direct challenge of this heterogeneity to the FedAvg aggregation paradigm is the main motivation
behind the SHAP-weighted aggregation strategy proposed in this work.

3.4 Differential Privacy via the Gaussian Mechanism.

While injecting noise into raw model weights, formal privacy protection is used on model updates. Noise This is an intentional
design choice; the noise added to the update (specifically, on weight vectors trained locally vs. received centrally) is designed in
a way that its magnitude scales with one training step rather than with norm of the full model, providing for any fixed budget of
additional noise a much better privacy utility trade-off. During the training run for each federated learning epoch, client k
calculates its weight update as A, = Wi(local) — Wglobal. after finishing a local training round. First, this update is clipped with
L2 norm threshold C = 3.0, which limits the sensitivity of the mechanism.

The clipped update by injecting Calibrated Gaussian noise:

Here the privatized update is utilized to recor . . 1S Wupload=Wglobal+ Ak which sent to server.
Therefore, the server obtains a noisy approxim Be= B+ MO, °CPD. 0=0.3 I the trained model locally) not an exact update
which guarantees (g, 8) differential privacy to I« oo

3.5 XAl Integration Via KernelSHAP
KernelSHAP (Lundberg and Lee, 2017), which is based on cooperative game theory principles to approximate exact Shapley
values, is integrated to local explainability in the single instance of each client upload protocol. In each local training phase, client
k uses KernelSHAP to explain its locally trained MLP with a background reference dataset that comprises 50 samples drawn
from the server's public shard to approximate the marginal feature expectation. SHAP values are calculated on S_k, a set of
min(50,1X_k[)random local samples from the input for a given value belonging to the malignant class probability output. The
SHAP matrix of (n_explained, 30) is aggreaated into a ner-feature mean absolute imnortance vector ¢« € R*° :

Mm_ 1 0 o eeeees 3)
This vector represents the mean margina ¢ _W,;k|SHAP(X' =130 irphological features to client malignancy
predictions. Importantly, the only transm...ce. .cpiveviimucis wr wperwnee o w.S aggregated importance vector, not any
individual SHAP value (which would be useful for interpretability but does not provide patient data) and not any patient data. In
high-noise DP regimes where SHAP computation becomes numerically unstable, we revert to using a uniform importance vector
(o« = 1/30 for all j), guaranteeing algorithmic stability with no extra privacy leakage.

3.6 FedXAI-DP Aggregation Algorithm

Finally, our core algorithmic contribution is a novel aggregation rule called FedXAl that substitutes the pure uniform sample-
weighted averaging known in standard FedAvg, with a SHAP-informed weighting scheme that tailor’s aggregation to each
client’s information quality. This motivation intuitively originates from the non-l1ID problem: under heterogeneous data
distributions, a client whose local data are more discriminative for particular features should take greater references to those
corresponding weight matrices of the global model. FedAvg only utilizes the sample count, and treats all clients symmetrically
without any mechanism to account for this. The standard FedAvg computes the global model as:

Hence, the complete method of FedXAI-DP in each round consist out of steps (1) The server sends out worldwide weights to
every one of the customers; (2) Each customer fine-movements locally, computes its SHAP significance vector and privatizes its
model update through Gaussian instrument and ninlnars tha navlnad:(2\ The <erver executes SHAP-importance-weighted total
across all customer payloads; (4) The r W _ i "o 1 held-out test set and this cycles accommodates
logging metrics This process is repeatec global = & 12 k privacy expenditure ¢ is computed and reported.
3.7 Experimental Design and Evaluation Protocol

To isolate and systematically quantify the contribution of each component, four experimental conditions were evaluated: (1)
Centralized MLP baseline; trained on the full training set, yielding an upper bound on performance achievable without privacy
constraints; (2) FedAvg-11D: evaluating whether federated learning can achieve centralized performance with perfect data
homogeneity; (3) FedAvg-NonlID: exposing realistic levels of data heterogeneity (Dirichlet o = 0.5) to elicit expected falls in
performance under non—privacy-preserving circumstances; and (4) FedXAI-DP: assessing every contributing system across € €
{2, 5, 10, 20} to characterize the resulting privacy-utility tradeoff over varying levels of differential privacy restriction.

Five complementary measures of performance (accuracy, precision, recall (sensitivity), F1 score and the area under a receiver
operating characteristic curve (AUC-ROC)) were used in assessing prediction quality. In clinical diagnostics, we are particularly
interested in AUC-ROC since it is independent of the classification threshold to quantify the discriminative ability. For all
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federated experiments, round-by-round convergence trajectories were recorded. Global SHAP summary plots were produced post
hoc from the final global model to obtain human-interpretable importance rankings of all features across the entire dataset,
validating that the learned representations could be clinically validated. All experiments were performed using a constant random
seed = 42 for full reproducibility.

EXPERIMENTAL SETUP

4.1 Dataset

The Wisconsin Breast Cancer Dataset (WBCD) [18] consists of 569 samples with 30 numerical features generated from fine
needle aspirate (FNA) digital images. Features describe the mean, standard error, and worst value of 10 geometric properties
(radius, texture, perimeter, area, smoothness, compactness, concavity, concave points, symmetry, fractal dimension) computed
from cell nuclei. The output target is binary: Malignant (M, n=212, 37.3%) vs. Benign (B, n=357, 62.7%) 80/20 stratified train-
test split; z-score normalized features (on training stats) Summary statistics clearly reveal the disproportionate malignancy rates
for Client 1 (88.2% malignant) compared to Clients 2-4 (mostly benign), reflecting heterogeneous incidence rates of a real multi-
institutional cancer registry represented by table 1.

Table 1: Non-11D Class Distribution Across Federated Clients

Client Total Samples (n) Malighant Benign Majority Class
1 102 90 (88.2%) 12 (11.8%) Malignant
2 337 75 (22.3%) 262 (77.7%) Benign
3 8 2 (25.0%) 6 (75.0%) Benign
4 6 1 (16.7%) 5 (83.3%) Benign

4.2 Hyperparameter Configuration

Table 2: Hyperparameter Configuration

Parameter Value
Hidden layer sizes (128, 64, 32)
Activation function RelLU
Optimiser Adam
Learning rate le-3
L2 regularisation (alpha) le-4
Local iterations per round (T) 200
FL communication rounds (R) 50
Federated clients (K) 4
Dirichlet concentration (alpha) 0.5 (non-11D)
DP clipping threshold (C) 3.0
DP delta le-5
SHAP XAl weight (lambda) 0.5
Random seed 42
350 A
s Benign
- 3 Malignant
300 A
250
E
g 200
®]
9
g 150
Jis}
w
100 1
50 1
0- T T
Client 1 Client 2 Client 3 Client 4

Figure 1: Non-11D class Distribution Across Federated Clients

Dirichlet concentration alpha=0.5. Data distribution is presented in a non-11D manner by default (Client 1 with the highest rates
of malignant samples, 88.2%; Clients 2-4 contain predominantly benign samples, simulating real hospital variability). We trained
a 3-layer NN (ReLU, Adam at the start of the experiment. 50 FL. communication rounds, 200 local iterations per client, SHAP
XAl (lambda=0.5) explainable predictions, Protection against data leakage if used with Differential Privacy (clipping = 3.0,
delta=1e-5). Random seed 42 ensures reproducibility. Table2 represents the hyperparameter setup, and Figure 1 represents the
class distribution of the 4 clients.
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RESULT AND ANALYSIS

5.1 Overall Classification Performance

The full performance comparison of all methods on the held-out test set (n=114) is shown in Table 3. Reported are Accuracy,
Precision, Recall (Sensitivity), F1-Score and AUC-ROC.

Table 3: Performance Comparison of All Methods (Test Set, n=114)

Method Accuracy Precision Recall F1-Score | AUC-ROC
Centralised SVM 97.37% 100.00% 92.86% 96.30% 0.9927
Centralised Random Forest 96.49% 100.00% 90.48% 95.00% 0.9942
Centralised MLP (upper 98.25% 100.00% 95.24% 97.56% 0.9947

bound)

FedAvg (IID, no DP) 98.25% 97.62% 97.62% 97.62% 0.9950
FedAvg (Non-11D, no DP) 96.49% 100.00% 90.48% 95.00% 0.9851
FedXAI-DP (eps=2.0) 73.68% 63.64% 66.67% 65.12% 0.7222
FedXAI-DP (eps=5.0) 73.68% 63.64% 66.67% 65.12% 0.7222
FedXAI-DP (eps=10.0) 73.68% 63.64% 66.67% 65.12% 0.7222
FedXAI-DP (eps=20.0) 74.56% 65.12% 66.67% 65.88% 0.7292

Key Observation 1 FL performance is comparable to centralized performance (first under 11D): >98.25% Test Accuracy, AUC-
ROC of ~0.9950 achieved by FedAvg due to complete raw data privacy matching the upper-bound on the Test Mental for all
MLP centralized runs.[35]Key Observation 2: Non-11D only modestly hurts: with Dirichlet alpha=0.5 heterogeneity, FedAvg has
96.49% accuracy, a gap of 1.76 percentage points compared to centralized training; this result is also in line with the expected
performance loss due to label skew and motivates SHAP-weighted aggregation

Key Observation 3 - DP incurs high accuracy cost at 50 rounds: With formal (epsilon, delta) DP guarantees, the test accuracy
drops to as low as 73.68-74.56% at 50 communication rounds. This is a consequence of the compounded difficulty of small data
size, low rounds, and severe non-l11D. This is particularly evident in the convergence curves, which show models that are still
improving at Round 50, meaning a longer time of training would bring this gap even closer.

Comparison of 7 models on the ROC curve, Figure 2. Let us first compare the AUC values for either of the two experiments, as
detailed in Table I, where FedAvg (11D, no DP) yields the highest AUC (0.9950), closely followed by the centralized models
(SVM, R, MLP). By Non-1ID federated learning, it has a small decrease to 0.9851. While this drops AUC down to just 0.7222
when adding Differential Privacy (FedXAI-DP), it highlights the clear privacy-accuracy trade-off in federated healthcare Al
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f.- = FedXAI-DP (e=2.0) (AUC=0.7222)
0.0 4 === FedXAI-DP (e=5.0) (AUC=0.,7222)
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 2: Roc Curves of Method Comparison
5.2 Convergence Analysis

Figure 3 shows accuracy and AUC-ROC convergence over 50 communication rounds. FedAvg (11D) shows fast convergence
from Round 1 at (96.49%) to 98.25% by round 50. It is evident that, from Round 20 onwards, FedAvg (Non-IID) stabilises at
0.9649 - finally arriving at the same accuracy as an independent test on a full set of data for both approaches. FedXAI-DP models
begin closest to random (37.72%), but consistent improvement is observed at all rounds until Round 50, where models reach
between 73.68% and 74.56%, highlighting convergence that more training would continue to improve upon.[33]
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Figure 3: FL Rounds of Accuracy and AUC-ROC Convergence

5.3 Privacy-Utility Tradeoff
Table 4: Privacy-Utility Tradeoff Summary

Privacy Budget (eps) Noise Multiplier Accuracy (R=50) AUC (R=50)
(sigma)
2.00 (strong) 17.670 73.68% 0.7222
5.00 7.458 73.68% 0.7222
10.00 4.028 73.68% 0.7222
20.00 (weak) 2.295 74.56% 0.7292
inf (no DP) 0 96.49% 0.9851

The privacy-utility curve (Figure 4) shows that the largest accuracy gain achieved from moving from any formal DP to no DP
(=22 percentages points at R=50), and in fact, within the regime of DP (epsilon: 2->20) the gains are modest (0.88 pp). When we
turn to federated training with 50 rounds on WBCD, the best balance within-DP achieves €>20. He will show that the privacy-
utility gap is expected to be largely closed as DP models continue converging if extended to 100-200 rounds

Privacy-Utility Tradeoff
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Figure 4: Privacy-utility tradeoff.

SHAP Explainability Analysis
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6.1 Global Feature Importance
Table 5: Global SHAP Feature Importance Top 10 Features

Rank Feature Mean |SHAP Value| Clinical Relevance
1 radius_mean 2.641 Tumor nucleus size: larger in malignant
2 area_worst 2.627 Maximum nuclear area: hallmark of
anaplasia

3 smoothness_se 2.554 Boundary smoothness variability: irregular in
malignancy

4 radius_worst 1.835 Largest nucleus radius: size extremity marker

5 concave_points_worst 1.537 Concave boundary points: irregular contour

in malignancy

6 texture_mean 1.406 Nuclear texture variation: coarse in
malignant

7 symmetry_worst 1.381 Nuclear asymmetry: loss of symmetry in
malignant

8 area_se 1.339 Variability in nuclear areas across cells

9 perimeter_se 1.337 Perimeter variability: irregular borders

10 perimeter_worst 1.310 Maximum nuclear perimeter: size indicator

A high rank for radius_mean (rank 1) and area_worst (rank 2) concurs with established pathological knowledge, which
postulates larger and more pleomorphic nuclei to be characteristic of malignant tumors [31]. Concave_points_worst (rank 5) was
of high importance; concave points are a significant morphopathological criterion used in the Breslow grading system, reflecting
irregular boundary contours of malignant cell nuclei. Smoothness_se (rank 3) describes variability in local smoothness along the
boundary high variance corresponds to highly anaplastic (poorly differentiated) malignant cells(figure 5).

radius_mean 2.6406
area_worst 26269

smoothness_se - 2.6543

radius_worst - 1.8348
concave points worst 4 1.5370
texture_mean - 1.4057
symmetry worst - 1.3808
area_se - 1.3387

perimeter se 1.3370

0.0 0.5 1.0 1.5 2.0 2.5
Mean |SHAP value|

Figure 5: Global SHAP feature importance bar chart.

6.2 SHAP Beeswarm Summary Plot
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Figure 6: SHAP beeswarm plot
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Beeswarm summary plot (Figure 6) of feature value (colour), versus SHAP value (x-axis) for all test samples and top-15 features.
High values of radius_mean (red), will not stop, and therefore each individual contributes a positive SHAP value that pushes the
prediction to malignant- this is a monotonic and clinically reasonable relationship. Low values (blue) promote to benign. We find
the same pattern for area_worst and concave_points_worst, which shows that our model learned clinically meaningful relations.

6.3 SHAP Decision Plot

Figure 7: SHAP decision plots for 20 examples from the test set, which show the cumulative contribution of features from the
baseline value of the model to its outputs. Figure 3 Round 10 features (diverging rightwards towards malignancy and leftwards
towards benign) show clear separation of malignant vs. benign samples, with the greatest discriminative steps achieved at top-
ranked features.[34]
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Figure 7: SHAP decision plot for 20 test samples.

6.4 Comparison with Prior Art
Table 6: Comparison with Related Works on WBCD

Reference Method Privacy XAl Accuracy AUC
Wolberg et al. [18] k-NN None None 97.20% -
Mangasarian [19] Linear SVM None None 97.50% -
Chougrad et al. [17] Deep CNN None LIME 97.87% 0.995
Rehman et al. [32] FL + CNN FL only None 95.40% 0.972
Rahman et al. [33] RF + SHAP None SHAP 96.10% 0.981
Proposed (no DP) FL + SHAP FL SHAP 96.49% 0.985
Proposed (eps=20) FL + DP + SHAP FL + DP SHAP 74.56% 0.729

Our federated variant without dynamic precision (96.49%) is competitive with centralised explainability methods and absurdly
better than the FL-only baseline of Rehman et al. [32] with SHAP feature explanations, outperforming it by 1.09 percentage
points. FedXAI-DP is the single method that brings all three: federated privacy (federated learning), formal DP guarantees
(dynamic & composition, optimal), and SHAP interpretability.

CONCLUSION

In this work, we presented FedXAI-DP a novel federated learning framework for interpretable and privacy-preserving breast
cancer detection. FedXAI-DP makes three main contributions over prior work: (1) a SHAP-importance-weighted aggregation
mechanism that weighs gradient contribution from clients by the generation of local features with high discriminative power; (2)
formal (epsilon, delta)-Differential Privacy guarantees through usage of the Gaussian mechanism with Renyi DP composition in
an echoing scheme; and (3) post-training KernelSHAP analysis yielding global feature importance rankings and explanation
certificates at per-sample granularity.

Under 11D conditions, FedXAI-DP achieves an accuracy of 98.25% on the Wisconsin Breast Cancer Dataset with data-sharing
eliminated (using deep learning only), status quo performance exactly matched centralized, and 96.49% under realistically
challenging non-11D conditions (1.76% gap from centralized). Data analysis through SHAP shows radius_mean, area_worst, and
concave_points_worst to be the most significant diagnostic attributes; This has already been proven in oncological literature. The
privacy-utility analysis quantifies the cost associated with formal DP guarantees and demonstrates that extended training is the
leading lever in bridging the DP accuracy gap.
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FedXAI-DP is a first step towards the real-world implementation of reliable, privacy-preserving, and explainable Al-enabled
breast cancer screening in multi-institutional clinical practice. In future work, our framework shall also be extended to imaging
modalities, larger federated networks, adaptive DP noise schedules, and formal privacy accounting for the transmission of SHAP

importance.
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