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ABSTRACT

Federated learning faces challenges in explainability and trust when aggregating models from
heterogeneous nodes with non-IID data distributions. This study presents FedXChain, a framework that
combines privacy-preserving Federated-SHapley Additive exPlanations (SHAP) aggregation with Node-
Specific Divergence Scores (NSDS) to quantify local explanation fidelity, adaptive trust-based aggregation,
and blockchain-verified audit trails for transparent and verifiable collaboration. It validates FedXChain
across three fundamentally different model architectures (Logistic Regression, Multi-Layer Perceptron,
and Random Forest) on real-world medical data from the Wisconsin Breast Cancer dataset (569 clinical
breast tissue samples). The experimental results show that FedXChain achieves 96.50% accuracy with
excellent statistical reproducibility (CV < 2% across 5 independent runs). FedXChain also provides NSDS-
based interpretability tracking, with observed NSDS values ranging from 0.1926 to 0.5768 across the
evaluated architectures, supporting the analysis of explanation divergence under heterogeneous clients. In
the final-round comparison, FedXChain reaches 96.5% accuracy under non-IID settings (¢ = 0.3),
outperforming FedProx (89.5%, non-IID a = 0.5) and remaining competitive with FedAvg under IID
conditions (96.0%).

Keywords-federated learning; explainable Al; blockchain; SHAP; trust-based aggregation; adaptive federated
learning; multi-model validation; medical AI
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I.  INTRODUCTION

Federated learning is a framework for privacy-preserving
collaborative machine learning, enabling multiple parties to
train models without sharing raw data [1-6]. By keeping data
distributed across edge devices or institutions, federated
learning addresses privacy concerns in sensitive domains such
as healthcare, finance, and IoT [7-9]. However, its distributed
nature  introduces  significant challenges in  model
interpretability, trust among participants, and verification of
aggregation processes [10, 11].

Unlike centralized learning, where model decisions can be
audited directly, federated systems aggregate updates from
heterogeneous nodes with potentially conflicting objectives and
data distributions [12, 13]. Explainability in federated settings
remains an open challenge due to several critical factors. First,
privacy constraints prevent direct inspection of local data and
models, making traditional explainability techniques difficult to
apply [14, 15]. Second, heterogeneity across nodes in terms of
data distribution, computational resources, and model
architectures leads to divergent local explanations that may not
align with global model behavior [16-19]. Third, the lack of
transparency in aggregation mechanisms raises trust issues:
participants cannot verify whether their contributions are fairly
weighted or whether malicious nodes manipulate the global
model [20-23]. Fourth, existing federated learning research
often lacks comprehensive validation across diverse model
architectures and real-world datasets, limiting the
generalizability of the proposed solutions [24, 25]. Fifth,
statistical ~ robustness  through  multiple  independent
experimental runs with confidence interval reporting remains
uncommon, making it difficult to assess the reliability of the
reported results [26-29].

Prior work on federated learning and aggregation has
introduced methods, such as the FedAvg algorithm, which
aggregates local model updates via weighted averaging based
on dataset sizes. While effective for IID data, FedAvg suffers
performance degradation under non-IID distributions [12, 13,
37-39]. FedProx addresses this limitation by adding a proximal
term to regularize local updates, improving convergence in
heterogeneous settings [40-42]. Trust-based approaches
improve robustness by assigning reputation scores based on
historical model performance [21, 43, 44]. Incentive
mechanisms [36, 45] and reinforcement learning-based
optimization [46] have been further explored, but these
methods focus primarily on robustness without integrating
explainability [10, 23].

In parallel, explainable Al methods, such as SHAP [27, 30]
and LIME [26], provide feature-level interpretability in
centralized models [28, 31, 32, 47]. Extensions to federated
learning have introduced explainable aggregation techniques
[48], yet current frameworks still do not jointly optimize
explainability, trust, and auditability. Complementary research
on blockchain integration provides decentralized coordination
and tamper-proof audit trails [49-54]. Recent works explore
blockchain-based XAI logging but lack adaptive trust
mechanisms, while FedXChain uniquely combines blockchain

auditability with trust-weighted explainability aggregation [33,
55].

The present study introduces FedXChain, a framework that
addresses these gaps through five key contributions:

e Federated-SHAP Aggregation: Privacy-preserving feature
importance synthesis across nodes using SHAP with secure
aggregation protocols that enable interpretability without
exposing individual node data [27, 30-32].

e NSDS: A formal metric based on KL-divergence to
quantify and preserve local explanation fidelity, enabling
the framework to balance global consensus with node-
specific interpretability patterns.

e Adaptive Trust-Based Aggregation: Dynamic weighting of
node contributions based on comprehensive metrics
including accuracy, explainability quality (XAI fidelity),
and temporal consistency, ensuring fair and robust model
aggregation [33-36].

e Blockchain-based Audit Trail: Integration of blockchain
technology for immutable logging of XAI artifacts,
aggregation decisions, and trust scores, providing
transparent verification mechanisms for all participants.

e Comprehensive  Multi-Model ~ Validation: =~ Extensive
experimental evaluation across three fundamentally
different architectures (linear, non-linear, and ensemble
models), combining real-world medical data with rigorous
statistical validation and utilizing 5 independent runs, 95%
confidence intervals, and Coefficient of Variation (CV)
analysis.

II. PROBLEM FORMULATION

A. Notation

Let V¥ ={1,2,..,N} denote the set of N participating
nodes in the federated system. At round t, a subset C; € N of
clients are selected for aggregation. Each node i holds a local
dataset D; = {(X;, yj)}?il with n; samples, where X; € R% are
feature vectors and y; are labels. The global model parameters
are denoted by w € RP, and node i's local update at round ¢ is
wl.(t) . Let si(t) € R? represent node i 's SHAP feature
importance vector at round t. The trust score for node i is T; €
[0,1], and the adaptive aggregation weight is A; = 0 with
Yiec A=l

B. Problem Statement

Given heterogeneous node datasets {D;}V,, with non-IID
distributions, the goal is to learn a global model w* that:

e Minimizes global empirical risk:
1 1
mufn I Z?I:l n_iZ(x,y)EDi £ (w;x,y)
where £(+) is the loss function.

e Maintains local explainability:

Vi, KL(PSHAP || pglobaly < 7 for threshold .
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e Ensures trust-weighted fairness:

Aggregation weights A; reflect node contribution quality
based on accuracy, explainability, and consistency.

e Provides auditability:

All aggregation decisions are verifiable via blockchain with
cryptographic hash chains.

This multi-objective formulation balances accuracy,
interpretability, fairness, and transparency challenges not
jointly addressed by existing federated learning frameworks.

III. FEDXCHAIN METHODOLOGY

A. System Architecture

FedXChain integrates four core components: (1) local
training with SHAP-based explanation generation, (2) secure
aggregation of model parameters and SHAP values, (3) trust
score computation and adaptive weighting, and (4) blockchain
logging of aggregation artifacts.

B. Federated-SHAP Aggregation

At each round t, participating nodes i € C; train local
models and compute SHAP feature importance vectors sl.(t).
For privacy preservation, the present study employs secure

aggregation, where each node generates a random mask mgt),
®) + m(t)

shares masked values s; ;

masks cancel out:
@ _ 1 ®) (t) ® _
Sglobal—ﬁzt'ecs(si +m; )_Ziec’tmz =
t
Ziectsi()
This yields the true weighted sum without exposing

individual SHAP distributions. The global SHAP vector is
normalized and stored on-chain as a hash for verification.

C. Probability Distribution from SHAP Values

To compute divergence metrics, SHAP values were
converted into probability distributions. For node i with SHAP
vector S; = [S; 1,52, ..., S; 4], they are defined as:

P(j) =

, and, after aggregation, the

1
[Cel

Isijl+e
d_ 1 Usikl+e)

where € = 10710 is a smoothing parameter to handle zero
values and ensure numerical stability.

D. Node-Specific Divergence Score

NSDS was defined using the KL-divergence to quantify the
difference between local and global explanation distributions:

— —yd : Pi(j)
NSDS; = KL(P; I Pyopar) = Eer P (log 720
where P; is the normalized SHAP distribution of node / and
Pyiopa s the global aggregated distribution. Lower NSDS
indicates alignment with global consensus, while higher NSDS

suggests unique local patterns that may be worth preserving.

Psmaatll(j) = P(]) +e€ €= 10-10

This € -smoothing prevents division by zero in the KL-
divergence computation and numerical instabilities.

The global distribution is computed as a trust-weighted
average:

~ _ Siee, TiPi()
Piopallj) = 22820

Yiec, Ti
E. Adaptive Trust Scoring

Each node's trust score combines

indicators:

multiple quality

T; = a-Acc; + B - exp(—NSDS;) + v - Consistency,

where Acc; local validation accuracy of the node i,
exp(—NSDS;) is the explainability alignment (higher when
NSDS is lower, Consistency,denotes the temporal stability of
the node’s metrics across training rounds, and the parameters a,
B, and y are the weighting hyperparameters, typically set to
a=05/p=03y=02.

Adaptive aggregation weights are computed as:
where 7 controls the penalty for high divergence, normalized so

that ZiECt Al’ =1.

F. Blockchain Audit Trail
After each aggregation round, the system computes a
cryptographic hash:

H, = SHA256(w® || s

global l {NSDSL} I {TL} I Ht—l)

This hash is appended to the blockchain, linking to the
previous round's hash H;_;, forming an immutable chain.
Participants can verify integrity by recomputing hashes and
checking chain consistency.

G. Algorithm 1: FedXChain Training Protocol
Algorithm 1 outlines the FedXChain training protocol:

1: Input: N federated nodes, T rounds, E
local epochs

2: Initialize: Global model wy,
blockchain B = {Ho}

3: for round t = 1 to T do

4: Server broadcasts w® to
selected clients C.

5: for each client i € C.in
parallel do

6: Train a local model for
E epochs:

wl.(t) < LocalTrain(w®, D, E)

7: Compute SHAP values:
Si(t) « ComputeSHAP(wi(t),Di)
Generate mask mgt), send

t t t t
(wi( ),sg ) + mg ),mg ))
9: end for

10: Server aggregates:
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Y (0 m©) =Y m

12: Compute NSDS: NSDS; « KL(P; Il Pyiopa1) for
all i

13: Update trust scores: T; « alAcc; +
Bexp(—NSDS;) + y Consistency;

14: Compute adaptive weights: A; «xT;(1—71-
NSDS;)

15: ypdate global model: w(*D « ¥ 4wt

16: Log to blockchain: H, « SHA256(w® ||
Sqtopar I NSDS I {Ti} Il Heoa)

globa

17: end for
18: Return: Final global model wg,
blockchain B

IV. EXPERIMENTAL SETUP AND VALIDATION

A. Datasets

The primary evaluation uses real-world medical data from
the UCI Machine Learning Repository, specifically the
Wisconsin Breast Cancer dataset [56]. This dataset contains
569 clinical samples of breast tissue with 30 features computed
from digitized images of fine needle aspirates. The binary
classification task (malignant versus benign) represents a
critical healthcare application where model interpretability and
trustworthiness are significant [57, 62].

For controlled heterogeneity experiments, a synthetic
dataset of 1000 samples with 20 features was generated using
Scikit-Learn's make_classification, introducing known non-IID
patterns across nodes.

B. Model Architectures

To establish the model-agnostic property of FedXChain and
support the generality of the proposed framework, three
fundamentally different architectures were evaluated:

e Logistic Regression (Linear Model): Implemented using
SGDClassifier with log loss, providing interpretable linear
decision boundaries. This model serves as a baseline for
well-understood, transparent models.

e Multi-Layer Perceptron (Non-linear Neural Network): This
model includes two hidden layers with 64 and 32 units
respectively, ReLU activation, trained with Adam
optimizer. A Multi-Layer Perceptron represents modern
deep learning approaches requiring XAI techniques for
interpretability.

e Random Forest (Ensemble Model): This evaluation
includes 50 decision trees with a maximum depth of 10,
representing ensemble methods that aggregate multiple
weak learners. Random Forest tests FedXChain's ability to
handle tree-based explanations.

C. Federated Setup

The Federated setup includes 10 federated participant
nodes, data distribution in the form of non-IID with Dirichlet
allocation (a0 = 0.5). The training was conducted with 5 local

epochs per round per node, with 100% participation per round,
and the learning rate was 0.01 (adaptive per model type), with a
batch size of 32.

D. Implementation Details

The implementation was carried out using Python 3.12.3
with scikit-learn 1.8.0, SHAP 0.50.0, NumPy 2.3.5, Pandas
2.3.3, and SciPy 1.16.3. The hardware includes a single-node
system. The blockchain simulation was conducted on Hardhat
2.19.0 with Solidity 0.8.20 for smart contract verification.

E. Statistical Validation Protocol

To ensure robust and reproducible results, a rigorous
statistical validation is implemented:

e Multiple Independent Runs: Each configuration (model x
dataset combination) is executed 5 times with different
random seeds, ensuring that the results are not artifacts of
particular initializations.

e Confidence Interval Computation: 95% confidence
intervals were calculated using Student's t-distribution:
— N
Closy, =X X taspar " 7=
where X is the mean, s is the standard deviation, n = 5 runs,
df = 4 degrees of freedom, and t o254 = 2.776.

e CV: CV ( CV=%>< 100% ) was calculated to assess

relative  variability. CV < 2% indicates excellent

reproducibility.

e Round-by-Round Tracking: All metrics (accuracy, F1-
score, NSDS, trust scores) are logged for each round and
each run, enabling convergence analysis.

F. Evaluation Metrics

The performance was evaluated using validation accuracy,
Fl-score (macro-averaged for multi-class balance). The
explainability was tested using NSDS (KL-divergence), XAl
fidelity (correlation between SHAP and model coefficients). In
addition, the study evaluated the reproducibility with the help
of mean + standard deviation, Clysg, and CV.

V. RESULTS AND ANALYSIS

A. Main Experimental Results

Table I presents the results across all configurations. Each
entry represents the mean =+ standard deviation over 5
independent runs. The following are the key findings of the
experiments:

1. Excellent Performance on Real Medical Data: All three
models achieve > 94% accuracy on the Wisconsin Breast
Cancer dataset, demonstrating FedXChain's effectiveness
in healthcare applications. Logistic Regression achieves
the highest accuracy (96.50%), which validates that
interpretable models can maintain strong performance in
federated settings.

2. Outstanding Statistical Reproducibility: CV remains below
2% for all breast cancer experiments (1.18%-1.76%),
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indicating  excellent experimental reliability. This
reproducibility is critical for trustworthy medical Al
deployment.

3. Model-Specific NSDS Patterns:

e Random Forest: The lowest NSDS (0.1926), indicating high
consensus in tree-based feature importance across nodes.

e MLP: Moderate NSDS (0.3748), reflecting the neural
network's learned hierarchical representations.

e Logistic Regression: The highest NSDS (0.5768) among
breast cancer experiments, suggesting more diverse linear
coefficient patterns across heterogeneous nodes.

4. Synthetic Data Challenges: Higher variability (CV =
13.83%) on synthetic data reflects intentionally introduced
heterogeneity, validating experimental design's ability to
capture non-IID complexity.

B. Training Dynamics and Convergence

Figure 1 illustrates the validation accuracy evolution over
training rounds for all three methods. FedXChain (adaptive
trust-based aggregation with non-IID data, a = 0.3) achieves
competitive accuracy compared to FedAvg (uniform
aggregation with IID data) and outperforms FedProx (proximal
regularization with non-IID data, & = 0.5). The convergence is
smooth and stable, reaching >96% accuracy within 6-7 rounds.

TABLE L. EXPERIMENTAL RESULT SUMMARY (5 INDEPENDENT RUNS WITH 95% CI)
Model Dataset Accuracy (%) F1-score (%) NSDS CV
Logistic Regression Breast Cancer 96.50£1.70 96.50£1.70 0.577+0.180 1.76%
MLP (64,32) Breast Cancer 95.50£1.13 95.50£1.13 0.375+0.085 1.18%
Random Forest Breast Cancer 94.33+1.33 94.33+1.33 0.193+0.047 1.41%
Logistic Regression Synthetic 77.40+10.71 77.40+10.71 1.235+0.325 13.83%

Validation Accuracy over Training Rounds
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Fig. 1. Validation accuracy over training rounds.
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Fig. 2. Average NSDS over training rounds.

Figure 2 shows the evolution of NSDS across rounds.
FedXChain exhibits lower and more stable NSDS compared to
baselines, indicating that adaptive aggregation better preserves
local explanation fidelity while maintaining global consensus.
The NSDS decreases over time as nodes' explanations align
through trust-weighted aggregation. Figure 3 illustrates the
evolution of average trust scores. FedXChain's trust scores
increase monotonically as nodes demonstrate consistent high-
quality contributions (combining accuracy, explainability,
fidelity, and consistency). This validates the effectiveness of
this study’s multi-criteria trust scoring mechanism. The
monotonic increase reflects improvements in node reliability,
as measured by performance, explainability quality, and
contribution consistency.

Average Trust Score over Training Rounds
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Fig. 3. Average trust score evolution.

C. Final Round Performance Comparison

Figures 4-6 present bar chart comparisons of the final round
metrics across all three methods.
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Final Validation Accuracy Comparison
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As depicted in Figure 4, the FedXChain achieves the
highest accuracy (96.5%) despite the most challenging non-1ID

conditions, outperforming FedProx (89.5%) and approaching
FedAvg's IID performance (96.0%). FedXChain maintains
higher NSDS than FedProx, reflecting more diverse local
explanations while still preserving global performance, as
displayed in Figure 5. In addition, FedXChain's adaptive trust
mechanism assigns higher scores to consistently reliable nodes,
outperforming uniform (FedAvg) and proximal (FedProx)
approaches, as presented in Figure 6.

D. Reward-Trust Correlation Analysis

Figure 7 demonstrates the strong positive correlation (r =
0.924) between trust scores and rewards in the proposed
incentive mechanism. This validates that the reward system
correctly identifies and incentivizes high-quality contributions,
encouraging honest participation and discouraging free-riding
or malicious behavior.

E. Multi-Model Performance Analysis

Figure 8 presents the comparison across the three model
architectures using the breast cancer dataset. This demonstrates
FedXChain's model-agnostic capability to maintain high
performance and explainability quality across fundamentally
different learning paradigms. As portrayed in Figure 8, all three
architectures achieve excellent accuracy (>94%) with low
variability (CV <2%). NSDS varies by model type: Random
Forest shows the lowest divergence (0.193, most consensus),
MLP moderate (0.375), and Logistic the highest (0.577, most
diverse explanations). In addition, the Trust scores reflect
combined performance and explainability quality.

Reward-Trust Correlation (r=0.924)
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Fig. 7. Reward-trust correlation across all nodes.

F. Statistical Reproducibility Analysis

A detailed analysis of 5-run statistics demonstrates
FedXChain's robustness:

e Logistic Regression: The CV value of 1.76% exhibits
excellent reproducibility, while the accuracy range of
94.87%-98.63% confirms consistent performance across
random initializations.
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e MLP: The CV value of 1.18% confirms the exceptional
reproducibility. This result is quite satisfactory since neural
networks are typically more sensitive to initialization. For
the MLP model, the 95% confidence interval is [94.05%,
96.95%].

Model Accuracy
100 0.8

0.7
98

0.57740.180

96

Accuracy (%)

94

92

90
Random
Forest

Logistic MLP
Regression (64,32)

Logistic
Regression

Fig. 8.

G. Model Architecture Comparison

The proposed multi-model validation reveals important
insights regarding the trade-off between performance and
interpretability stability, such as linear models achieving the
highest accuracy but moderate NSDS variability, ensemble
models (Random Forest) showing the most stable NSDS but
slightly lower accuracy, and neural networks (MLP) balancing
performance and explanation consistency.

Furthermore, FedXChain successfully handles three
fundamentally different learning paradigms (linear, non-linear,
and ensemble), demonstrating true  model-agnostic
explainability and trust scoring.

H. Convergence Analysis

The analysis of round-by-round metrics shows accuracy
converges within 6-7 rounds for all models, with NSDS
stabilizing after the initial 3-4 rounds of calibration. Trust
scores increased monotonically, reflecting improving node
reliability, and no catastrophic forgetting or divergence was
observed across 10 rounds.

1. Comparison with Baselines

Table II compares FedXChain against standard federated
learning baselines under the final-round settings portrayed in
Figure 4 (FedXChain: non-IID, a = 0.3; FedProx: non-1ID, o =
0.5; FedAvg: 1ID).

Explainability Divergence

(64,32)

TABLE IL COMPARISON WITH BASELINE METHODS
(BREAST CANCER, LOGISTIC REGRESSION)
Method Accuracy NSDS Explainable Blockchain
FedXChain 96.50% 0.5768 v v
FedAvg 96.0% N/A X X
FedProx 89.5% N/A X X

e Random Forest: The CV score of 1.41% represents
excellent reproducibility. In addition, ensemble methods
show inherent stability, further enhanced by FedXChain's
trust-based aggregation.

All confidence intervals are narrow, with widths around 3—
4 percentage points.

Node Trust
1.0

0.8

0.672+0.008

0.657+0.006

0.640+0.007

Trust Score
o
o

o
>

.025

MLP Random
Forest

Random
Forest

Logistic MLP
Regression (64,32)

Multi-model performance comparison on Wisconsin Breast Cancer dataset.

Based on the findings, the key advantages of FedXChain
compared to standard federated learning baselines are:

e Performance: FedXChain achieves 96.5% accuracy under
the most challenging non-IID setting (¢ = 0.3),
outperforming FedProx (89.5%) and remaining competitive
with FedAvg under IID conditions (96.0%).

e Interpretability: Only FedXChain provides NSDS-based
quantification of local explanation fidelity, enabling
participants to understand and verify their contributions.

e Auditability: Blockchain integration enables tamper-proof
verification of aggregation fairness, critical for regulated
domains like healthcare.

J. Methodological Robustness

The experimental design of this study incorporates several
methodological strengths that ensure the validity and
generalizability of the results.

1) Model-Agnostic Validation

FedXChain was validated across three different model
architectures—linear (Logistic Regression), neural network
(MLP), and ensemble (Random Forest). As shown in Table I,
consistent performance exceeding 94% accuracy across all
architectures confirms the framework's.

2) Real-World Clinical Data

The primary evaluation utilized the Wisconsin Breast
Cancer dataset containing 569 clinical samples, demonstrating
practical applicability in healthcare settings where model
interpretability and trustworthiness are substantial. This choice
reflects the growing demand for explainable Al in sensitive
medical domains.
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3) Statistical Rigor

Each experimental configuration was executed across 5
independent runs with different random seeds. For the main
medical dataset, the coefficients of variation are low, and the
95% confidence intervals are narrow, with widths around 3-
4%, providing strong statistical evidence for the reliability and
reproducibility of the reported results.

4) Formal NSDS Specification

The Normalized SHAP divergence score is mathematically
defined using KL-divergence with e-smoothing (¢ = 107 for
numerical stability. This formal specification enables precise
quantification of explanation heterogeneity, where lower values
indicate stronger consensus among participating nodes.

VI. DISCUSSION
A. Practical Implications

1) Healthcare Applications

The 96.50% accuracy on breast cancer data, combined with
interpretable SHAP-based explanations and blockchain
auditability, makes FedXChain particularly suitable for medical
Al deployment [55, 57-59]. Model decisions align with
medical knowledge while protecting patient privacy [60, 61].

2) Regulatory Compliance

Blockchain-based audit trails support compliance with
emerging regulatory frameworks for medical Al by providing
transparent and verifiable records of model updates and
aggregation decisions.

3) Trust in Heterogeneous Settings

NSDS-based adaptive weighting ensures that nodes with
unique data distributions are not unfairly penalized, promoting
participation in federated consortia.

B. Limitations and Future Work

1) Scalability

Current experiments use 10 nodes. Future work should
validate FedXChain with 100+ nodes to assess blockchain
scalability and aggregation overhead.

2) Byzantine Robustness

While trust scores provide basic robustness, sophisticated
adversarial attacks (e.g., gradient poisoning, backdoor
injection) require additional defenses [10, 22, 23, 44]. A future
study is planned for integration with Byzantine-robust
aggregation techniques.

3) Heterogeneous Model Architectures

Current experiments use the same architecture across
nodes. Supporting cross-architecture federated learning (e.g.,
mixing CNNs, RNNs, and Transformers) requires SHAP
adaptation for diverse model types.

4) Communication Efficiency

SHAP value transmission adds overhead [41, 42]. Future
work will explore dimensionality reduction and compression
techniques for efficient explainability communication [63].

5) Dynamic Node Participation

Current experiments assume consistent node participation.
Handling dynamic join/leave scenarios with trust score
persistence is important for real-world deployment.

C. Broader Impact

By providing interpretable and auditable federated learning,
FedXChain enables smaller organizations, such as hospitals,
clinics, and research institutions, to participate in collaborative
Al development while maintaining data sovereignty. Moreover,
NSDS-based fairness metrics help identify and mitigate bias in
federated aggregation, ensuring that minority data distributions
are not overshadowed by majority patterns [34, 35, 64]. The
validation methodology (multi-model, real data, statistical
rigor) employed in the present study sets a standard for
reproducible federated learning research.

VII. CONCLUSION

The current study presented FedXChain, a framework for
explainable, trustworthy, and auditable federated learning.
Through extensive validation across three model architectures
(Logistic Regression, MLP, Random Forest) on real-world
medical data from the Wisconsin Breast Cancer dataset (569
breast tissue samples), the study demonstrated that FedXChain
achieves excellent performance (96.50 accuracy) with
outstanding statistical reproducibility (CV < 2 across 5
independent runs).

The key innovations include: (1) Federated-SHapley
Additive exPlanations (SHAP) aggregation with formal Node-
Specific Divergence Scores (NSDS)-based local fidelity
quantification, (2) adaptive trust scoring that combines
accuracy, explainability, and consistency, (3) blockchain-
verified audit trails for transparent aggregation, and (4)
rigorous multi-model validation with comprehensive statistical
analysis.

The evaluation demonstrates FedXChain's effectiveness
through model-agnostic ~ validation, real-world dataset
evaluation, formal mathematical definitions, and robust
statistical reproducibility. FedXChain represents a significant
step toward trustworthy, interpretable federated Al suitable for
deployment in regulated domains like healthcare, where
transparency and accountability are significant.

Future work will focus on scaling to larger federations
(100+ nodes), enhancing Byzantine robustness against
sophisticated  attacks, supporting heterogeneous model
architectures across nodes, and optimizing communication
efficiency for SHAP value transmission.
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