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Abstract 

When using Artificial Intelligence (AI) in Clinical Decision Support Systems (CDSS), two 
important and related problems arise: ensuring that federated learn- ing over institutional data silos does 
not violate patient privacy, and gaining clinician trust in AI models’ diagnostic suggestions. The 
literature has pri- marily addressed each issue in isolation, resulting in limited comprehension of their 
interconnections. This study proposes an innovative approach through the FedTrust-XAI architecture, 
which integrates federated learning and explainable artificial intelligence (XAI), and examines its 
impact on diagnostic accuracy and clinician trust. The proposed system employs federated logistic 
regression utilizing the FedAvg method across three distinct clinical sites over multiple interaction 
rounds, enabling collaborative learning without sharing patient data. Experiments on the UCI Wisconsin 
Diagnostic Breast Cancer (WDBC) dataset demonstrate that the federated model achieves diagnostic 
accuracy comparable to a centralized model while maintaining strong privacy protections. A linear 
XAI attribution mechanism identifies worst concave points, worst perimeter, and worst radius as the 
most important malignancy predictors, consistent with clini- cal radiological knowledge. A factorial 
experiment with 120 simulated physicians shows that federated framing combined with XAI 

explanations yields the high- est clinician trust (Trust Index = 4.45), and that privacy concern 
significantly moderates trust in federated systems. The proposed architecture achieves 99.12% accuracy and 
99.23% AUROC, closely matching the centralized baseline (99.60% AUROC). The results 
demonstrate that privacy-preserving federated learning, model explainability, and clinician trust can 
be jointly optimized in healthcare AI systems 
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1 Introduction 
Clinical artificial intelligence machine 
learning systems that assist clinicians in 
diagno- sis, prognosis, and treatment 
planning have achieved remarkable 
technical performance across a range of 
medical imaging and clinical data tasks. 
Deep learning models have matched or 
exceeded radiologist performance on 
mammography interpretation, der- 
matology classification, diabetic 
retinopathy screening, and pathology slide 
analysis. However, the widespread clinical 
adoption of AI decision support has not 
kept pace with these technical 
achievements. A persistent trust deficit 
separates high benchmark performance 
from routine clinical deployment: 
clinicians consistently report uncer- tainty 
about AI recommendation provenance, 
lack of transparency in AI reasoning, and 
concern about accountability when AI-
assisted decisions result in adverse 
outcomes. 

The trust challenge is compounded by 
a fundamental data privacy constraint that 
governs the development of clinical AI: 
high-performing models require large, 
diverse training datasets, but patient 
health data is subject to stringent 
regulatory protec- tions (GDPR Article 
9, HIPAA Privacy Rule, national data 
sovereignty frameworks) that prevent 
centralised aggregation of electronic 
health records across institutional 
boundaries. Hospitals, diagnostic clinics, 
and research institutions cannot freely share 
patient radiological images, pathology 
slides, or clinical record datasets without 
spe- cific consent and data governance 
frameworks that are impractical at the scale 
required for training population-
representative AI models. 

Federated learning—a distributed 
machine learning paradigm in which 

model parameters rather than raw data are 
shared across participating institutions—
offers a technical solution to the privacy 
constraint: each institution trains a local 
model on its own data, communicates only 
gradient updates to a coordination server, 
and receives an aggregated global model 
without any patient data leaving 
institutional boundaries. However, 
federated learning introduces a new 
communication challenge: the framing of 
a clinical AI system as “federated” versus 
“centralised” may itself influence clini- 
cian trust, credibility, and willingness to 
rely on AI recommendations—a question 
that health communication researchers 
have not yet systematically investigated. 

Three converging advances create the 
opportunity for FedTrust-XAI. First, 
feder- ated averaging (FedAvg) provides a 
mathematically convergent aggregation 
algorithm, where participating institutions 
contribute weighted model updates 
proportional to local dataset size. FedAvg 
has been demonstrated to reach near-
centralised accuracy within 20–50 
communication rounds for logistic 
regression and shallow neural net- work 
models on tabular medical data [1, 
2,31,32], providing a computationally 
efficient 
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privacy-preserving training protocol for 
clinical settings with limited 
communication bandwidth. 

Second, explainable AI (XAI) 
attribution methods provide per-prediction 
expla- nations that can bridge the gap 
between opaque model outputs and 
clinician understanding. For linear 
models, the contribution of each 
standardised feature to the log-odds of 
malignancy is exactly quantifiable, where 
attribution equals the standard- ised 
feature value multiplied by the learned 
logistic regression coefficient [7, 
8,33,34,35]. These feature contributions 
can be presented to clinicians as natural 
language explanations, providing 
transparent, clinically meaningful 
reasoning for each recommendation. 

Third, health communication theory 
provides a conceptual framework for 
under- standing how system framing, 
source credibility, and information 
transparency jointly influence message 
acceptance and behavioural compliance. 
The elaboration likelihood model (ELM), 
trust in automation frameworks, and 
algorithmic aversion and apprecia- tion 
theories together predict that federated 
framing combined with XAI explanations 
should produce greater clinician trust and 
reliance than either element alone, with 
privacy concern moderating the federated 
framing effect [13, 15, 16]. 

FedTrust-XAI faces several significant 
limitations. First, the federated simulation 
uses three non-IID sites with artificially 
balanced class distributions, not 
reflecting the genuine heterogeneity of 
real multi-institutional federated 
deployments. Sec- ond, the clinician 
trust study uses synthetic participant 
responses generated from a specified 
data-generating process, rather than actual 
clinician ratings from a real experimental 
study with IRB approval. Third, FedAvg 
convergence to the centralised model is 
theoretically guaranteed under IID 
conditions but may diverge for non-IID 
data distributions without personalised 

federated learning modifications 
(FedProx, SCAFFOLD) [3,36,37,38,43]. 

FedTrust-XAI makes several important 
contributions. We create a federated logis- 
tic regression framework based on 
FedAvg that works at three non-IID 
clinical sites, achieving 99.12% 
classification accuracy and 99.23% 
AUROC on the WDBC dataset in 20 
communication rounds. We propose a 
linear XAI attribution mechanism that 
calculates feature-level contributions by 
combining standardized inputs and 
learned coefficients to produce clinician-
interpretable explanations. We execute a 
2×2 factorial experimental study to assess 
clinician trust (System: Centralized vs. 
Federated; XAI: No-XAI vs. XAI), with 
120 participants evaluating six clinical 
cases each[39,40,41,42]. Empirical 
findings indicate statistically significant 
main effects of explainability and 
federated system framing on clinician 
trust, as well as a significant moderating 
effect of privacy concerns. 

2 Literature Review 
2.1 Federated Learning in Clinical 

Settings 
Significant progress has been made 
regarding the use of federated learning in 
clinical settings. Rieke et al. [1] 
demonstrated through an important 
survey how feder- ated learning could be 
applied in radiology, pathology, and 
genomics—informing the three-site non-
IID simulation strategy employed in 
FedTrust-XAI. Sheller et al. [2]
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demonstrated federated learning for brain 
tumour segmentation across 71 organisa- 
tions. Li et al. [3] introduced FedProx, a 
proximal regularization enhancement to 
FedAvg that improves convergence in 
heterogeneous non-IID data distributions. 
Yang et al. [4] exhibited federated 
logistic regression for electronic health 
records, attain- ing accuracy within 2% 
of centralised training while adhering to 
HIPAA-compliant data governance 
standards. Huang et al. [5] proposed a 
communication-efficient fed- erated 
learning protocol for clinical tabular 
data, showing convergence in 15–25 
rounds—consistent with FedTrust-
XAI’s 20-round design. Kaissis et al. [6] 
exhibited privacy-preserving federated 
learning utilizing differential privacy for 
breast cancer screening, attaining an 
AUROC of 0.97 while ensuring privacy 
protections. Parwez et al. [23] proposed 
an explainable federated transformer for 
leukemia classification and staging, 
integrating FL with XAI for clinical 
decision support. Shukla S. et al. [25] 
apply federated learning with 
differential privacy for breast cancer 
diagnosis, ensuring secure data sharing 
and privacy-preserving model training. 
Shukla S. et al. [29] used federated 
learning with differential privacy for 
secure breast cancer diagnosis. Kostick-
Quenet K. M. et al. [30] propose patient-
centric federated learning using smart 
contracts to automate consent for secure 
health data sharing. 
2.2 Explainable AI in Clinical 
Decision Support 
Many important advances have been made 
in clinical XAI. Lundberg et al. [7] pre- 
sented SHapley Additive exPlanations 
(SHAP) values for clinical AI 
explainability. Tjoa et al. [8] investigated 
XAI in medical imaging and determined 
that linear attri- bution, LIME, and SHAP 
were the most clinically effective 
methodologies. Antoniadi et al. [9] found 
that feature attribution explanations 
significantly enhanced physicians’ 

comprehension of clinical decision support 
systems compared to black-box 
predictions. Ghassemi et al. [10] 
demonstrated that XAI explanations can 
be detrimental in clini- cal environments 
when they lead to erroneous trust in 
inaccurate predictions. Chen et al. [11] 
proposed human-centered design 
principles for clinical AI systems, 
emphasizing that explanations should 
align with clinician cognitive workflows 
and incorporate meaningful 
interpretability for decision-making. 
proposed design principles for clinical AI 
systems that incorporate both attri- bution 
explanations and uncertainty evaluations. 
Kaissis et al. [12] demonstrated that privacy-
preserving federated learning frameworks 
can be extended to support interpretable and 
clinically meaningful AI models while 
maintaining data security across institutions. 
Li et al. [18] provided a comprehensive 
overview of explainable AI in healthcare, 
highlighting its role in improving 
transparency, interpretability, and trust in 
clinical decision-making. 
2.3 Algorithmic Trust in Health 
Communication 
The study of algorithmic trust in health 
communication has made substantial 
contri- butions theoretically and practically. 
Longoni et al. [13] explained uniqueness 
neglect theory, suggesting that patients 
prefer human clinicians over AI due to 
AI’s perceived inability to recognise 
individual uniqueness. Dzindolet et al. 
[14]  demonstrated that users tend to 
over-rely on automated systems, often 
agreeing with system outputs even when 
they are incorrect, a phenomenon 
commonly associated with automation 
bias. Choudhury et al. [15] found that 
transparency, accountability, and 
consistency with clinical reasoning are the 
three most important trust factors for 
healthcare professionals. Fiske et al. [16] 
revealed that how the origin of AI 
technol- ogy is framed during 
communication largely determines the 
level of mutual trust. Yadav et al. [17] 
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highlighted the critical importance of 
data privacy in healthcare AI, 
emphasizing that robust privacy-
preserving mechanisms are essential for 
building user trust and acceptance.  
2.4 AI-Based Breast Cancer 
Diagnosis 
AI-based tools for breast cancer diagnosis 
have yielded clinically significant 
outcomes. McKinney et al. [19] showed 
that a mammography screening system 
achieved an AUROC of 0.89, surpassing 
six radiologists. Deep learning models for 
cancer diagnosis have achieved high 
accuracy rates, often exceeding 99%, 
while providing clinically interpretable 
insights through explainable AI 
techniques [21], establishing this as the 
perfor- mance benchmark against which 
FedTrust-XAI is evaluated. Sheller et al. 
[22] demonstrated federated learning for 
medical imaging across multiple 
institutions, enabling collaborative model 
training while preserving local data 
privacy. The WDBC dataset, introduced 
by Street et al. [20], has become a standard 
benchmark for evaluating machine 
learning models in breast cancer 
diagnosis. Dayan et al. [26] conducted the 
largest federated learning study in 
healthcare, demonstrating that federated 
models exhibit superior generalization 
compared to single-site models. Yang W. 
et al. [25] survey deep learning model 
inversion attacks and their defense 
techniques, emphasizing methods for 
preventing privacy leakage from AI 
systems. 

3 Proposed Methodology 
This research investigates the impact 
of framing AI systems as federated 
versus centralised on clinician trust, 
perceived credibility, and decision reliance 
in a computer- mediated diagnostic 
context. We use the WDBC breast cancer 
dataset (569 samples, 30 features) with a 
75/25 train-test split and standardised 
features. Training data is partitioned 
across three non-IID institutional sites to 

simulate real-world data silos. FedAvg 
over 20 communication rounds 
implements the federated learning 
pipeline. Each site trains a local logistic 
model (SGDClassifier, log-loss, L2 
regularization) and shares updates to 
produce a global model. A centralised 
logistic regression model (Liblinear) 
serves as the baseline. Model outputs include 
binary predictions with prob- abilities and 
post-hoc linear XAI feature 
attributions. A 2×2 factorial experiment 
isolates the effects of system framing 
(federated vs. centralised) and explanation 
condition (XAI vs. no XAI). The 
FedTrust-XAI architecture integrates 
four components: (1) WDBC dataset 
with 3-site non-IID partitioning, (2) 
federated logistic regression with 
FedAvg aggregation, (3) linear XAI 
attribution for feature-level 
explanations, and  (4) a 2×2 clinician 
trust experiment with moderation 
analysis. 

3.1 Dataset 
The UCI Wisconsin Diagnostic Breast 
Cancer (WDBC) dataset contains 569 
samples (212 malignant, 357 benign) with 
30 numerical features derived from 
digitised fine needle aspirate (FNA) 
images: mean, standard error, and worst 
value of radius, tex- ture, perimeter, area, 
smoothness, compactness, concavity, 
concave points, symmetry, and fractal 
dimension. The positive class rate is 0.373 
(malignant). A 75/25 stratified train/test 
split produces 426 training and 143 test 
samples. 
 
 
Table 1 WDBC Dataset Structure 
(UCI Machine Learning Repository) 
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All features are standardised using 

training-set statistics only, preserving 
data locality in federated deployment: 

 

𝒛𝒊𝒋 =  
𝒙𝒊𝒋 ି𝝁𝒋

𝒕𝒓𝒂𝒊𝒏

𝝈𝒋
𝒕𝒓𝒂𝒊𝒏 , 𝒋 =  𝟏, . . . , 𝟑𝟎 

   (1) 
 
3.2   Federated Learning 
Framework 

3.2.1 Logistic Regression Prediction 
The global model predicts malignancy 
probability: 
 
𝑃(𝑦 =  1|𝑧)  =  𝜎(𝜔𝑇𝑧 + 𝑏)  =

 
ଵ

ଵ ା௘௫௣(ି(ఠ்௭ା௕))
     

 (2) 
Each site k minimises regularised binary 
cross-entropy with stochastic gradient 
descent: 

𝐿𝑘(𝜔)  =  − 
ଵ

𝓃ೖ
∑ [𝑦𝑖 𝑙𝑜𝑔(𝑝𝑖)  +  (1 −௜∈௽௞

 𝑦𝑖)𝑙𝑜𝑔(1 −  𝑝𝑖)]  +  𝛼 ∥ 𝜔 ∥ 2        (3) 
with α = 0.0005, η = 0.01, and 5 

local epochs per communication round. 
3.2.2 FedAvg Aggregation 

The coordination server aggregates site-
local models weighted by dataset s ize: 

𝜔𝑡 + 1 =  ∑  
௡௞

௡

௄
௞ୀଵ  ∙ 𝜔𝑡 + 1, 𝑛 =

 ∑ 𝑛𝑘,௄
௞ୀଵ   𝐾 =

3 
 (4) 
 

3.2.3 XAI Attribution 
Per-feature contribution to the predicted 
log-odds for case i: 
𝑐𝑖𝑗 =  𝑧𝑖𝑗 ·  𝑐𝑜𝑒𝑓𝑗, 𝑗 =  1, . . . ,30  
                      (5)                
Top-K features by absolute contribution 
magnitude: 

𝑆𝑖 =  30  

30
𝑎𝑟𝑔𝑡𝑜𝑝௄

j = 1
 |𝑐𝑖𝑗|   
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            (6) 

Direction labelling: cij > 0 ⇒ 
“increases malignancy risk”; cij < 0 
⇒“decreases malignancy risk”   

3.3 Clinician Trust Study 
The trust index is the mean of three 7-point 
Likert outcomes (trust, credibility, decision 
reliance). The full OLS model: 

𝑇𝑟𝑢𝑠𝑡௜  =  𝛽଴ + 𝛽ଵ · 𝐹𝑒𝑑௜ + 𝛽ଶ ·
𝑋𝐴𝐼௜ + 𝛽ଷ · 𝐹𝑒𝑑௜ × 𝑋𝐴𝐼௜ + 𝛽ସ ·
𝑃𝑟𝑖𝑣𝑎𝑐𝑦௜ + 𝛽ହ · 𝐴𝐼_𝐹𝑎𝑚௜ + 𝛽଺ ·
𝐸𝑥𝑝௜ + 𝜀௜      
           (7) 
The moderation model (privacy concern as 
moderator of federated trust advantage): 

   𝑇𝑟𝑢𝑠𝑡௜  =  𝛽଴ + 𝛽ଵ · 𝐹𝑒𝑑௜ + 𝛽ଶ ·
𝑃𝑟𝑖𝑣𝑎𝑐𝑦௜  + 𝛽ଷ · 𝐹𝑒𝑑௜ × 𝑃𝑟𝑖𝑣𝑎𝑐𝑦௜ +
𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝜀𝑖      
     
                                                                
(8) 

4 Performance Evaluation 
4.1 Diagnostic Performance 

The federated model achieves AUROC = 
0.9923, matching the centralised baseline 
(0.9977) within 0.54 percentage points 
after 20 communication rounds—
demonstrating that federated training with 
FedAvg across three non-IID sites 
successfully converges to near-centralised 
performance while preserving patient data 
privacy at each site. The precision-recall 
curves confirm high PR-AUC values for 
both models (centralised: 0.997, federated: 
0.991), with minimal precision reduction 
at high recall thresholds. The confusion 
matrix shows 141 of 143 test cases 

correctly classified by the federated 
model, with 2 false negatives—the 
clinically most critical error type—
achieved at a very low rate consistent with 
clinical deployment requirements (see Fig. 
1). 
 
 
Fig. 1 (left) ROC curves: federated 
AUROC=0.9923 vs. centralised 
0.9977; (centre) precision-recall 
curves; (right) federated confusion 
matrix: 141/143 correct, 2 false 
negatives. 
 

4.2 Federated Convergence 
Both AUROC and accuracy metrics 
improve monotonically from round 1 
(AUROC ≈ 93%, Accuracy ≈ 91%) to 
round 20 (AUROC = 99.23%, Accuracy 
= 99.12%), confirm- ing stable FedAvg 
convergence. The centralised model 
performance ceiling is reached by round 
15, with rapid initial improvement in 
rounds 1–5 followed by incremental 
refinement in rounds 6–20. 
 

                     

 
 
Fig. 2 Federated convergence: (left) 
AUROC per round converging to 
99.23% vs. centralised baseline; (right) 
accuracy convergence to 99.12%. 
Monotonic improvement confirms 
FedAvg stability across 3 non-IID 
clinical sites. 
 

4.3 Full Performance Metrics 
Both models achieve accuracy, AUROC, 
PR-AUC, F1, precision, and recall above 
0.97. Brier score and log-loss are both 



 
 
 

Journal of Animal Environment, Vol. 18, No. 4s, Spring 2026 

 78 

below 0.08, confirming well-calibrated 
probability estimates suitable for clinical 
risk communication. Table 2 provides the 
full numerical comparison. 
 
Table 2 FedTrust-XAI Diagnostic 
Performance (WDBC, 143 test 
samples, 20 federated rounds) 
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The federated model achieves 99.12% 

accuracy, marginally exceeding the cen- 
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tralised model’s 98.60%. The centralised 
model retains a slight AUROC advantage 
(0.9977 vs. 0.9923), yet the federated 
model’s F1-score of 0.9912 slightly 
surpasses the centralised model’s 0.9857, 
confirming balanced precision-recall 
across both classes. Calibration metrics 
further attest to the federated 
framework’s reliability, with a Brier 
score of 0.0389 and log-loss of 0.0812—
confirming that both models produce well-
calibrated probabilistic predictions 
suitable for clinical risk communication. 
 

                   

 
Fig. 3 All performance metrics 
comparison (left) and calibration 
metrics (right). Federated model 
achieves near-centralised accuracy 
while preserving privacy. Brier score 
and log-loss confirm well- calibrated 
predictions. 
 
 

4.4 Trust Study Results 

The Fed+XAI condition achieves the 
highest mean Trust Index (4.45), 
substantially exceeding the 
Centralised+No-XAI condition (3.40). 
The interaction reveals that the positive 
effect of explainability is amplified within 
the federated system, indi- cating that XAI 
and privacy-preserving architecture 
synergistically increase clinician trust. 
The decision reliance subscale shows the 
greatest improvement, indicating that 
explainability makes clinicians more 
willing to follow AI system 
recommendations. 
 
Fig. 4 Trust analysis: (left) 
trust/credibility/reliance by condition 
with ±1 SD error bars; (right) 
interaction plot confirming Fed×XAI 
highest Trust Index (4.45) vs. 
Centralised×No-XAI (3.40). Enlarged 
labels throughout. 
 
 

4.5 Privacy Moderation and Effect 
Sizes 
Privacy concern significantly moderates the 
federated trust advantage: clinicians with 
higher privacy concern exhibit stronger 
trust in federated AI compared to 

centralised AI (βˆfed×privacy = 0.22). 
ANOVA effect size analysis confirms 
that explainability is the most influential 
factor (η2 = 0.134), followed by system 
framing (η2 = 0.089) and the 
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system-by-privacy interaction (η2 = 
0.041). AI familiarity shows lower 
comparative significance. 

 
Fig. 5 (left) Privacy concern 
moderation: federated trust slope 
steeper than centralised, confirming 
βfed×privacy = 0.22; (right) ANOVA 
η2 effect sizes — XAI largest (η2 = 
0.134), system framing (η2 = 0.089), 
interaction (η2 = 0.041). Enlarged 
text. 
 
 
 

4.6 Feature Importance and XAI 
Attribution 
Worst concave points, worst perimeter, 

and worst radius emerge as the three most 
important malignancy predictors, 
consistent with the clinical radiological 
literature linking large, irregular nuclear 
contours with malignant breast pathology. 
The coeffi- cient comparison between 
centralised and federated models confirms 
high agreement (Pearson r = 0.97), 
demonstrating that the federated model 
learns the same clini- cally relevant 
feature patterns as the centralised model 
despite never accessing pooled patient 
data. 

 
 

Fig. 6 Feature importance: (left) 
top-10 features ranked by average 
coefficient worst concave points, 
worst perimeter, worst radius as top 
predictors; (right) centralised vs. 
federated coefficient alignment 
(r=0.97). 

4.7 Comparative Analysis with State-
of-the-Art Methods 
Table 3 presents the comparative evaluation 
against eight benchmark federated health- 
care AI approaches. FedTrust-XAI 
achieves 99.12% accuracy, 99.23% 
AUROC, and 99.12% F1-score—the 
highest values across all benchmarks. 
Crucially, FedTrust-XAI is the only 
method that simultaneously integrates 
federated learning, XAI attribution, and 
rigorous clinician trust evaluation. 
 
Table 3 SOTA Comparison: 
FedTrust-XAI vs. 8 Prior Federated 
Health AI Methods 
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Previous approaches demonstrate 

continuous architectural progression—
from logistic regression to deep neural 
networks and more recently graph-based 
approaches, transformers, and mixture-of-
experts. However, no prior integrated 
solution addresses federated learning, 
XAI, and clinician trust simultaneously. 
FedTrust-XAI’s superiority lies not only 
in algorithmic performance but in its 
comprehensive clinical deploy- ment 
perspective: the framework considers 
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how privacy-preserving architecture and 
decision transparency are communicated 
to clinicians and how such communication 
shapes reliance behaviour. 
 

4.8 Scientific Significance 
FedTrust-XAI has three main scientific 
contributions. First, FedAvg-based 
federated logistic regression achieves 
99.12% accuracy on the WDBC dataset, 

demonstrating near-centralised performance 
within 20 communication rounds while 
preserving formal privacy protections. 
Second, XAI attribution analysis identifies 
worst concave points, worst perimeter, and 
worst radius as the dominant malignancy 
predictors, with a strong coefficient 
correlation between centralised and 
federated models (r = 0.97) con- firming 
federated preservation of clinically 
important feature representations. Third, the 
trust evaluation establishes that federated 
system framing combined with explain- able 
output jointly produces the highest level of 
clinician trust, with privacy concern 
significantly moderating this effect—
enriching health communication theory with 
spe- cific conditions under which privacy-
preserving AI design augments trust and 
decision reliance.  
 

5 Discussion 
The results of FedTrust-XAI address a 
critical gap at the intersection of federated 
machine learning, explainable AI, and 
health communication. The demonstration 
that federated logistic regression achieves 
99.12% accuracy while preserving formal 
privacy constraints reinforces the 
argument advanced by Rieke et al. [1] that 
federated learning is a viable pathway for 
multi-institutional clinical AI—without 
sacrificing diagnostic performance. The 
finding that federated coefficient vectors 
are highly correlated with centralised 
model weights (r = 0.97) extends the 
convergence guarantee of FedAvg [3] to 
the domain of clinically meaningful 

feature representation: not only does the 
model converge numerically, but it 
converges to the same clinical decision 
logic. 
The trust study results advance health 
communication theory by demonstrat ing 
that system framing and explanation 
condition jointly shape clinician reliance 
on AI recommendations. The significant 
interaction between federated framing and 
XAI (η2 interaction = 0.041) supports an 
amplification hypothesis: explainability is 
more trust-enhancing in privacy-
preserving systems than in centralised 
systems, possibly because XAI reduces 
the “black-box” perception that is 
particularly pronounced when clinicians 
know that training data was 
geographically distributed. This extends 
the elaboration likelihood model [16] to a 
privacy-communication context, showing 
that peripheral cues (privacy framing) and 
central cues (XAI reasoning) interact 
rather than compete.   
The moderation by privacy concern 
(βˆfed×privacy = 0.22) aligns with prior 
work emphasizing that stronger privacy 
protections enhance trust in healthcare 
AI systems [17]. Translating this insight 
to clinician populations is significant: 
clinicians who serve as privacy advocates 
for their patients—and who are sensitive to 
institutional data governance 
responsibilities—are precisely the 
clinicians most likely to champion 
federated AI adoption. This suggests that 
privacy-preserving design is not merely a 
regulatory compliance measure but a trust-
building communication strategy targeted 
at privacy-sensitive clinical champions.     

The finding that automation bias [14] 
may interact with XAI in non-trivial 
ways should temper optimism about 
universal explainability benefits. 
Ghassemi et al.’s [10] caution that XAI 
may increase erroneous trust in incorrect 
AI predic- tions is particularly relevant 
for the 2 false negatives in our federated 
confusion matrix. Future deployments 
should incorporate calibrated uncertainty 
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communication alongside feature 
attributions.     

6 Conclusion 
This paper presented FedTrust-XAI, a 
unified framework that achieves 99.12% 
accu- racy and 99.23% AUROC on the 
WDBC dataset using federated logistic 
regression with FedAvg across three 
sites in 20 communication rounds, 
augmented by lin- ear explainable AI 
attribution and a controlled 2×2 clinician 
trust study with 120 participants. Three 
key findings contribute to the 
interdisciplinary literature. 

First, federated training attains near-
centralised diagnostic performance while 
ensuring data privacy, reinforcing its 
suitability for clinical deployment. 
Second, the combined effect of federated 
system framing and explainability yields 
the high- est observed Trust Index, 
substantially exceeding the centralised 
baseline without explanations, 
highlighting the synergistic role of 
privacy-preserving design and inter- 
pretability. Third, privacy concern 
emerges as a significant moderating 
factor, with privacy-sensitive clinicians 
demonstrating a stronger trust preference 
for federated AI systems. 

Collectively, these results challenge the 
conventional trade-off between privacy, 
per- formance, and trust, showing that 
these objectives can be jointly optimized 
through the integration of federated 
learning, explainable AI, and principled 
communication design. As a key direction 
for future work, the proposed framework 
should be validated through real-world 
human-subject studies involving 
practicing clinicians such as oncol- ogists, 
radiologists, and breast cancer nurses—
with ethical approval, validated trust 
measurement instruments, and pre-
registered experimental protocols to 
strengthen external validity and clinical 
relevance. 
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