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ABSTRACT

The growing amount of genomic data has accelerated precision medicine by making it possible to analyze genomic data
through artificial intelligence (Al) and classify cancers by their genomes. Yet, there are privacy regulations, institutional
ownership of data and restricted access to distributed health resources issues that detract from centralized genomic
learning. While federated learning (FL) offers a potential solution, the current federated learning paradigms are primarily
statistical, and lack the incorporation of biological relationships between genes and pathways. This study introduces a
privacy-preserving approach to multi-institution genomic cancer classification, called PCGA-FL (Pathway Consensus-
Guided Federated Learning), that incorporates biological pathway knowledge into federated optimization. This proposed
framework features a Pathway Consensus Index (PCI) to measure pathway-level agreement across clients, a Pathway-
Aware Local Representation Learning (PLRL) approach to extract biologically meaningful genomic features and a
Consensus-Guided Federated Aggregation (CGFA) algorithm for adaptive global model optimization. The framework is
tested with the publicly available Cancer Genome Atlas (TCGA) RNA-sequencing (RNAseq) dataset for multiple cancer
types, where a multi-institutional federated learning environment is emulated by splitting genomic data across a number
of institutional clients. Experimental results show that PCGA-FL gets 98% accuracy, 94% precision, 93% recall, 93.5%
F1 score, and 0.96 AUC, and enhances the convergence efficiency and communication overhead reduction of conventional
federated learning methods. The proposed framework illustrates how to combine the power of consensus between
biological pathways and privacy-preserving federated learning for privacy-preserving and interpretable cancer
classification in a simulated multi-institutional federated learning setting.

KEYWORDS: Federated Learning, Genomic Cancer Classification, Pathway Consensus, Privacy Preservation, Precision
Medicine and Distributed Artificial Intelligence.

1. INTRODUCTION

With this speed of progress in sequencing technologies and the availability of vast genomic resources, precision medicine
has been opened to approaches via artificial intelligence (Al) that enable researchers to detect complex patterns between
genomes and disease outcomes. There has been remarkable success in using machine learning and deep learning models
to identify high-dimensional molecular features and aid in the discovery of biomarkers for disease prediction in the
genome. The Cancer Genome Atlas (TCGA) Pan-Cancer Analysis Project developed a comprehensive genomic resource
to facilitate, for the first time, large-scale studies of molecular changes in a variety of cancer types. Additional studies
have further shown that adding genomic data to other biological data measurements can enhance the prediction ability for
the disease. The Nightingale Health Biobank Collaborative Group performed analysis on the genome and metabolome
profiles of 700,217 individuals, which proved the ability of molecular integration for common disease prediction [2]. Garg
et al. also demonstrated the utility of multi-omics and biomarker-based analyses for improving genetic discovery using
UK Biobank data [3].

The advancement of genomic analysis has also been enhanced by deep learning with the ability to learn non-linear
relationships between molecular features. Pathomic Fusion used multimodal deep learning for cancer diagnosis and
prediction of prognosis using histopathological and genomic data [1]. DeepRisk showed the potential of deep neural
architectures in genome wide disease risk assessment [5]. Comparative evaluation of machine learning techniques for
prediction of genetic diseases has also pointed out the significance of computational intelligence in classification problems
in genome [4]. These strategies, however, are typically based on centralized processing of the data, thus hindering their
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implementation in real healthcare settings where genomic data is spread across hospitals and research centers as a result
of privacy, ethical and ownership considerations.

Federated learning (FL) is a potential answer as it allows federated institutions to train models together without sharing
patients' raw data. Prototype-based aggregation, adaptive optimization, robust training and privacy-aware learning
strategies have been explored in recent few years in the field of FL under the context of distributed medical intelligence
[6]-[14]. Current FL methods however mostly aggregate based on the statistical properties of updates from local models
and neglect the biologic relations between genes and functional pathways. This is important for genomic applications
since disease mechanisms are frequently tied to coordinated interactions between many genes, rather than independent,
identifiable genomic features.

Biological pathway-based learning offers a chance to consider domain knowledge in the context of genomic prediction
and involve groups of functionally related genes. The use of pathway aware modeling has been shown in previous studies
to enhance the interpretation of the genome and the predictive performance of machine learning approaches thanks to the
fact that biological relationships are taken into account [22]-[24]. However, the pathway-based approaches are primarily
developed for centralized systems, and the federated learning approaches typically have no biological awareness when
optimizing the system. Thus, there is a need to develop a unified framework that integrates pathway knowledge with
privacy-preserving federated learning, which remains a research challenge.

To fill this gap, this research introduces privacy-preserving framework, namely PCGA-FL (Pathway Consensus-Guided
Federated Learning), in genomic disease prediction in a distributed institutional learning environment. Unlike traditional
FL methods solely based on parametric aggregation, PCGA-FL-adds the concept of pathway consensus in federated
optimization by incorporating the notion of biological agreement among the participating clients. The proposed framework
combines the pathway-aware representation learning, a Pathway Consensus Index (PCI), and consensus-guided
aggregation, providing biologically informed genomic intelligence without compromising the data privacy. PCGA-FL
adopts pathway-level biological consensus as an optimization criterion for genomic model aggregation, which is different
from the current federated learning frameworks that only optimize client similarity with statistical and/or model-based
information.

This study has the following main contributions:

® The proposed work in this project aims to develop an idea for privacy-preserving multi-institution genomic cancer
classification, by incorporating biological pathway knowledge via Pathway Consensus-Guided Federated Learning
(PCGA-FL) in federated optimization.

® A Pathway-Aware Local Representation Learning (PLRL) mechanism is proposed to learn biologically meaningful
genomic patterns and a Pathway Consensus Index (PCI) is proposed to measure the consensus among distributed clients
regarding the learned pathways.

® A Consensus-Guided Federated Aggregation (CGFA) strategy is designed to optimise the model update in a global
federated learning system based on the pathway consensus information, while ensuring learning stability when the
genomic distributions are heterogeneous.

® [t is validated on a simulated federated learning setting with the TCGA RNA-sequencing dataset for multi-class cancer
classification, where the proposed framework is shown to yield superior prediction accuracy, convergence, and
communication efficiency over previous research.

2. RELATED WORK

2.1 Federated Learning and Privacy-Preserving Healthcare Intelligence

Federated learning (FL) is a promising solution to collaborative healthcare intelligence without sharing raw patient
information, and it has prompted several institutions to work together to create machine learning models. Current works
in the field of healthcare FL. have mainly addressed issues of aggregation strategy, dealing with data distribution
heterogeneity, and privacy in distributed environments.

Under the scenario of medical imaging data from multiple sources with various imaging environments, Gao et al. designed
a prototype-based clustered federated learning framework FedPC which uses prototype information to enhance the
robustness of federated learning under heterogeneous medical imaging environments [6]. To enhance the generalization
ability over distributed medical segmentation clients, Jin et al. proposed an adaptive multi-stage federated learning
(MSAFed) approach [7]. FL with the help of blockchain technology, explainable FL, robust decentralized FL, and
asynchronous optimization scheme for healthcare applications have been explored in other works [8]-[13]. Although these
strategies show the potential of distributed healthcare intelligence, these are predominantly imaging and clinical
applications and do not take into account the biological nature of genomic data.

The preservation of privacy has always been one of the major issues in healthcare FL due to the sensitivity of medical and
genomic data. There are several studies that have explored secure aggregation, cryptographic protection and robust
optimisation mechanisms, to enhance the confidentiality and reliability. Peng et al. proposed a privacy-preserving
aggregation scheme for MD data by secure computation techniques [15]. To enhance the privacy-preserving federated
learning system against malicious updates, Dong et al. proposed a Byzantine-robust privacy-preserving federated learning
framework [16]. Tanuwidjaja et al., surveyed the privacy-preserving deep learning methods based on encryption, secure
computation and privacy-enhancing mechanisms [17]. Access control mechanisms for the protection of healthcare data
based on blockchain and encrypted learning and secure aggregation methods have also been explored in the literature
[18]-[20]. Wang et al. investigated classification in multiple cloud-based healthcare platforms with privacy preservation
to realize collaborative analysis in a secure manner [21].

These methods enhance the privacy and security of the distributed learning, but they primarily target the protection of
information exchange and the protection of communication. Typical FL aggregation methods involve counting the number
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of updates within each local neighborhood and are not based on any biological information about the genes, molecular
functions or pathways that are associated with a disease. This restriction is the fact that this is applicable to a limited use
cases like genomic disease prediction, where biological knowledge is important.

2.2 Pathway Based Genomic Learning and Research Gap

Biologically meaningful is the approach of the pathway-based genomic learning that represents groups of functionally
related genes related to the disease mechanisms. Pathway-aware approaches build on the foundation of pathway-based
prior biological knowledge to enhance the interpretability of such models and to gain insight into disease-associated
molecular processes.

Wang et al. illustrated the use of pathway-level representations for genomic classification and analysing the interactions
between genes, which were also achieved using machine learning models, and the incorporation of biological functional
relationships [22]. Boluki et al. added the pathway information into predictive models and demonstrated that adding
biological information could increase the prediction capability and enhance the interpretability of the models [23]. Bao et
al. developed an enhanced pathway impact analysis method based on gene weighting approaches, called gwSPIA, to
discover signaling pathways associated with a disease [24]. Recently, precision medicine research highlighted the need to
combine information from multiple omics with Al analysis for deeper insights into the biomedical field [25].
Concurrently, Al researchers have emphasized the need for transparency, reliability, and responsible use of Al in health
care systems. Federated explainable Al systems have shown the potential benefits of an interpretable distributed model
[26] and wider research has considered how to be responsible, equitable and trustworthy in the evaluation of medical and
genetic prediction systems [27]-[29]. These approaches, however, tend to be more focused on explainability and
reliability, while not considering biological pathway knowledge in federated genomic optimization.

In this context, previous research focuses on three areas: genomic prediction, federated learning, privacy preservation,
and biological interpretation. The current federated genomic prediction methods do not consider pathway-level consensus
as an optimization criterion for the model aggregation. There is limited availability of a unified framework that integrates
pathway-level biological knowledge with federated optimization techniques that are privacy preserving. The proposed
PCGA-FL framework tackles this research gap by introducing the new concept of a pathway consensus guided
optimization that allows for distributed genomic learning, taking into account the agreement between different distributed
institutional clients.

The representative approaches related to genomic Al, federated learning in healthcare, and pathway-based analysis are
summarized in Table 1. Existing techniques are able to solve individual issues well but integrating pathway knowledge
with federated genomic learning with privacy is still underdeveloped.

Table 1. Comparison of Representative Existing Approaches

Study Domain Technique Main Limitation
Ea]thomm Fusion Cancer prediction Multimodal genomic Al Centralized data dependency
. . - . . No privacy-preserving
DeepRisk [5] Disease prediction Deep genomic learning collaboration
FedPC [6] Healthcare FL Prototype-based FL No pathway information
Tian et al. [11] Healthcare FL Robust privacy FL No biological guidance
Wang et al. [22] | Genomic analysis Pathway-based learning No federated optimization
Boluki et al. [23] | Biomedical prediction Pathway-guided modeling Centralized framework
PCGA-FL Genomic disease Pathway consensus-guided In.t egra‘Fes biological k nowledge
- with privacy-preserving
(Proposed) prediction FL .
collaboration

PCGA-FL (Proposed) Genomic disease prediction Pathway consensus-guided FL Integrates biological knowledge with
privacy-preserving collaboration While these approaches are effective to use FL in healthcare, their corresponding
optimization strategies are typically designed for imaging and clinical modalities, and are not directly applicable for
optimizing FL for genomic data, which are inherently biological dependent.

3. PROPOSED PCGA-FL FRAMEWORK

3.1 Framework Overview

In this study, we introduce a privacy-preserving federated learning framework, called PCGA-FL (Pathway Consensus-
Guided Federated Learning), that predicts genomic diseases in decentralized healthcare systems. PCGA-FL aims to
overcome this weakness by optimizing a global model primarily based on statistical characteristics of local data
distributions while taking into account biological relationships (interactions) between genomic features.

For disease prediction at the genomic level, the molecular features that can correlate with disease outcomes can be
expressed as interactions between different genes that form functional biological pathways. But traditional federated
learning methods consider genomic features as independent variables, and fails to make use of the prior knowledge of the
pathway in the collaborative optimization process. Thus, the learned global model can be successfully used for prediction
without being biologically consistent at distributed clients.

For this reason, PCGA-FL adds a pathway-guided optimization process to the federated learning process. The framework
allows for the learning of pathway-aware genomic representations from locally store data from each client, and the

Genetics and Molecular Research 25 (14s): 2026 3



generation of pathway importance profiles that reveal the biological patterns associated with diseases. These profiles are
used by the federated server to calculate the level of agreement over the pathways that the clients will be using, and can
be used to fine-tune the weights of the models used for aggregation.

The proposed approach introduces two novel features: Pathway-Aware Local Representation Learning (PLRL) to
incorporate genomic features with biological pathway information into the client-side training and Consensus-Guided
Federated Aggregation (CGFA) to incorporate pathway consensus into the global model optimization. With this design,
PCGA-FL supports collaboration on genomic data without compromising privacy, enhances biological interpretability,
and allows for consistency across different clients.
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Figure 1. Overall architecture of the proposed PCGA-FL framework for privacy-preserving multi-institution
genomic cancer classification.

The project spreads genomic samples across a number of institutional clients. The representations of each pathway and
model parameters with pathway importance information are generated independently for each client. Pathway consensus
is computed on the server, and an adaptive aggregation of pathways is implemented without the need to access the raw
genomic data.

3.2 Dataset Description and Federated Environment Construction

The proposed framework is tested with the available genomic information from The Cancer Genome Atlas (TCGA) Pan-
Cancer Analysis Project [30] data which is publicly available. TCGA offers large-scale molecular data profiles such as
RNA-sequencing expression data and clinical annotations for several cancer cohorts, paving the way for computational
analysis of disease-associated molecular patterns.

A distributed healthcare environment is created by dividing the TCGA genomic data into several institutional clients
where the data is typically fragmented and cannot be used in its entirety in the real world because of privacy and ethical
issues. Every client is an independent healthcare organisation with its own local genomic data, and engaged in federated
training, with no sharing of raw patient-level data.

The whole data set is given by:

D ={Dy,D,, ..., Dg} (1)
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The number of participating institutional clients is represented by where (K). All clients are responsible for local pathway-
aware learning, and the central server optimizes the model based on the information of only the model parameters
transmitted from the clients and the pathway information.

This experimental design allows for the evaluation of PCGA-FL in realistic FL setting while maintaining genomic
healthcare application privacy requirements.

3.3 Pathway-Aware Local Representation Learning

In the first step of PCGA-FL, we will be working to extract biologically meaningful genomic representations at each
client. The proposed method extends the conventional federated model which optimizes directly on the level of gene-level
feature vectors by adding pathway information to reflect functional relationships between genes.

The genomic representation is improved for each client (k) by incorporating learned genomic features and pathway

embeddings:

Hy = ¢(WiXy) + 2p(Py) 2
The pathway-aware genomic representation is denoted as Hk, the local model parameters are denoted as Wk, the genomic
feature learning is denoted by (¢) and the pathway embedding extraction is denoted by y(Pk). This is because it factors in
pathway information in learning the local representation this is controlled by the parameter A.
The representation generated is a pathway-aware representation which allows each client model to represent predictive
genomic characteristics and biologically associated molecular patterns. PLRL offers a different approach to FL than the
existing methods in healthcare that optimize statistical representations, by adding biological context before federated
aggregation.
The Biological Agreement Measurement (BAM) is characterized by a Pathway Consensus Index. There is a Pathway
Consensus Index for the Biological Agreement Measurement (BAM). PCGA-FL's biggest achievement is a Pathway
Consensus Index (PCI) that measures the level of agreement among distributed clients in the biological realm. Following
local training, clients each create a pathway importance profile:

V, = [vl,vz, ...,vq] 3)

In this case each element is the contribution of pathway q to the local prediction process.
Pathway profile alignment is used to measure the similarity between two clients:

_ ViV
Si = vyl )

where Sij is the similarity of the pathways between client i and j.
The pathway consensus value for client k is obtained from the following equation:

—_1 vk
PCli =35 Z)=150 @
]

The PCI value gives an indication of the match between a client's learned biological patterns and the patterns of the other
clients participating. PCGA-FL is different from traditional federated optimization, which only considers data contribution
as a weight of the clients.

3.5 Consensus-Guided Federated Aggregation
Most of the federated learning algorithms currently in use (e.g., FedAvg) are based on the size of the client data. Such
aggregation is appropriate for general use, but it is not taking into account if the locally learnt genomic patterns are
biologically consistent.
To mitigate this constraint, PCGA-FL proposes a consensus-driven aggregatory approach based on consensus on the
linkage and representation of local data. The proposed change for Worldwide is:

Wi = TK a W (5)
The local model parameters at round t for communication Wkt, and the adaptive aggregation coefficient ok.

The aggregation coefficient is a number that is defined as:
NgPCIy

YK NjPCl; (6)

where Nk is a sample contribution for the local sample and PCIk is a pathway consensus. The formulation allows the
global model to consider the clients who are able to offer enough genomic information and the biologically consistent
pathway patterns.

ag =

3.6 PCGA-FL Training Algorithm

Algorithm 1. Pathway Consensus-Guided Federated Learning
Input:

The distributed genomic datasets (D1, D2, ..., DK)

pathway information P,

initial model parameters WO

Number of rounds for a communication problem T

Output:
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optimized global model W*
Set the initial value of the global model parameters (WO0).
For each iteration round t of the communications:
The server broadcasts Wt to all the clients.
Each client performs:
1. Pathway-aware representation learning
2. Local model optimization
3. Pathway importance estimation
Clients transmit:
- Locally determined model parameters Wk
- Pathway profile Vk
The Server can measure the pathway consensus PCI.
Calculate adaptive aggregation weights, ak.

Update global model:
K

t+1 _ t
w = Z [24% Wk
k=1

Return final global model W*.

An explanation of the importance of preserving privacy and considerations for computation.

By keeping raw patient-level genomic data on each institutional client, PCGA-FL ensures that each client has their
genomic privacy preserved. The central server does not read or write clinical information or gene expression profiles, but
only communicates with the central server the model parameters and pathway level information that is needed for the
optimization.

Pathway similarity calculation and consensus estimation are the main costs of PCGA-FL for the extra computations.
Pathway profiles still have relatively small dimensionality compared to raw genomic features, and have the benefit of
being aggregated from a biological perspective.

The proposed PCGA-FL framework is an extension of the conventional federated learning into distributed genomic
optimization, that utilizes the Pathway information provided by Reactome pathway database. The framework facilitates
genome-wide data sharing amongst distributed clients with biological consistency and privacy-preserving collaborative
representation learning via pathway-aware representation learning and consensus aggregation.

4. EXPERIMENTAL SETUP

4.1 Dataset and Federated Evaluation Protocol

A federated evaluation protocol and a dataset will be developed. The proposed PCGA-FL framework is assessed by
publicly available The Cancer Genome Atlas (TCGA) Pan-Cancer Analysis Project (PCA) genomic resource [30]. The
data set includes expression data from RNA-sequencing assays and clinical information from several cancer cohorts which
can be used to computationally analyze the genomic patterns associated with disease prediction.

The genomic input features in this study are the TCGA RNA-sequencing profiles and the biological pathway information
is fed for pathway-aware representation learning. Because of privacy concerns, real-world genomic datasets are kept in
separate healthcare institutions and cannot be shared directly, a simulated multi-institution federated environment is
created by dividing the genomic samples among the multiple clients. TCGA RNA-sequencing expression profiles are used
for multi-class cancer type classification. The gene expression profile for each sample is used as a representation of the
sample and the corresponding cancer cohort label is used as a prediction target. For this study, the selected TCGA cancer
cohorts serve as the basis to create a heterogeneous genomic classification environment, which represents distributed
health care institutions.

Table 2. Characteristics of the TCGA RNA-Sequencing Dataset Used for Multi-Class Cancer Classification

Parameter Value
Dataset TCGA RNA-seq
Task Multi-class cancer classification
Number of samples 10,000
Number of cancer classes 5
Number of genes/features 500
Number of clients 5

Local model training is done by each client using their own genomic samples and only parameters of the model and
information about the pathways are communicated to the central server. This setting will allow to test PCGA-FL under
privacy-preserving distributed genomic learning setup.

4.2 Implementation Configuration and Comparative Methods

The proposed framework is realized in a federated deep learning system, consisting of multiple client models that
optimizes a global prediction model in a round-robin fashion. The most important experimental setups are briefly
summarized in Table 2.
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Table 3. Experimental Configuration

Parameter Setting
Dataset TCGA RNA-seq profiles
Simulated clients 5 institutional clients
Communication rounds 100

Local epochs 10

Optimizer Adam
Learning rate 0.001

Batch size 32
Aggregation PCGA-FL consensus aggregation

PCGA-FL is benchmarked against representative algorithms, FedAvg, FedProx, which is a baseline for federated learning
without compromising privacy, and a centralized pathway-based genomic model. The first two approaches are examples
of conventional federated optimization, heterogeneous federated learning, and privacy-aware learning, respectively, while
the final approach is a biological knowledge-based modeling approach. In the ablation experiments, the pathway-aware
representation learning (PLRL), pathway consensus estimation (PCI), and consensus-guided aggregation (CGFA) are
ablated to study their contribution.

4.3 Evaluation Criteria

The proposed framework is assessed based on the prediction performance, convergence behavior and communication
efficiency. The accuracy, precision, recall, Fl-score and AUC are used to measure classification performance.
Convergence analysis is carried out through the observation of model performances over the communication rounds and
communication efficiency is considered by observing the necessary information exchange requirements compared to the
federated approaches.

The compared models in the experiments are trained under the same experimental conditions and multiple training runs
are conducted to guarantee the reliability of the estimation of the models' performance. Observed improvements are
statistically significant analyzed.

5. RESULTS AND DISCUSSION

The proposed PCGA-FL framework was tested and compared to the performance of the traditional federated learning and
pathway-based genomic learning models on the standard RNA-sequencing data from the TCGA project. The results are
presented in comparative terms in terms of accuracy, precision, recall, F1 score and AUC in Table 3. The proposed PCGA -
FL framework is better than all the baseline approaches in terms of better predictions. The model obtains an accuracy of
98.0%, precision of 94.0%, recall of 93.0%, F1-score of 93.5%, and AUC of 0.96. These enhancements illustrate the
positive impact that incorporating knowledge from biological pathways into federated optimization can have.

While conventional federated learning methods like FedAvg and FedProx offer good performance, they base their
aggregation strategy primarily on statistical updates to the models without taking the biological relationships between the
genomic features into account. Thus, local models can learn different representations because of differences in the
genomic distributions of the clients.

PCGA-FL, on the other hand, endows the global model with pathway-aware representation learning and pathway
consensus-guided aggregation, allowing the global model to focus on the updates to the client that show higher biological
agreement. The results of the AUC gain results show that the proposed framework demonstrates superior ability to
discriminate between normal and abnormal in capturing the consistent patterns of the disease associated with the genomic
information distributed across multiple clients.

Table 4. Prediction Performance Comparison of PCGA-FL with Baseline Methods

Method Accuracy (%) | Precision (%) | Recall (%) | Fl-score (%) | AUC
FedAvg 91.8 88.5 87.6 88.0 0.91
FedProx 93.1 90.2 89.7 89.9 0.92
Privacy-Preserving FL 94.2 91.4 90.5 90.9 0.93
Centralized Pathway Model | 95.4 92.1 91.7 91.9 0.94
PCGA-FL (Proposed) 98.0 94.0 93.0 93.5 0.96

5.2 Convergence Behaviour and Communication Efficiency Analysis

All results reported are the average results of several independent training runs. For PCGA-FL, its behaviour is
investigated by observing the performance of the various models over the communication rounds. The convergence trend
of the proposed framework is shown in Figure 2 as compared to the conventional federated learning approaches.

By integrating the pathway consensus information while aggregating, PCGA-FL can have faster convergence. The
conventional Federated Learning method involves statistical contribution to the client updates, and can cause optimization
instability if there are differences in the genomic frequency distribution between the clients. The problem is especially
significant for genomic applications, where there can be diverse molecular properties in various institutions.

This variation can be mitigated with the proposed Consensus-Guided Federated Aggregation (CGFA) mechanism that
assigns higher aggregation importance to clients that have better pathway consistency. This allows PCGA-FL to achieve
stable performance after fewer communication rounds than FedAvg and FedProx.
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Figure 2. Convergence Comparison Across Communication Rounds
The figure 2 shows the improvement of the global models' performance in communication rounds. Aggregation using the
pathway consensus guided optimization approach makes PCGA-FL converge faster than traditional federated optimization
approaches.
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Fig 3: the mean scores of the rounds compared to the mean accuracy/F1-score.

The number of communication rounds needed to get to a stable performance was also used to measure the efficiency of
communication. The results of the communication analysis are summarized in Table 4.

Table 5. Communication Efficiency Comparison

Method Required Communication Rounds | Communication Reduction (%)
FedAvg 100 —
FedProx 85 15
Privacy-Preserving FL | 78 22
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The results show that the communication requirements can be reduced by around 60% with PCGA-FL when compared
with the conventional federated averaging. This was assessed by the number of communication rounds needed to get
stable model performance. This improvement is due to the pathway-guided aggregation which allows for more rapid
optimisation due to the minimisation of the impact of biologically non-consistent local updates.

5.3 Component-Wise Analysis of PCGA-FL

To examine the individual contributions, the full PCGA-FL model was then compared to various versions of the model
with the omission of particular modules.

The first variant is based on the Ablation of Pathway-Aware Local Representation Learning (PLRL) which shows a
decrease in performance due to the lack of biological relationships between genes. The second one eliminates the Pathway
Consensus Index (PCI), so that the aggregation process is based only on statistical client contribution. The third variation
uses conventional aggregation instead of Consensus-Guided Federated Aggregation (CGFA) to study the pathway-guided
weighting. The performance analysis of the components is provided in table 5.

Table 6. Component-Wise Analysis of PCGA-FL

Model Variant Accuracy (%) | Fl-score (%) | AUC
PCGA-FL without PLRL | 94.7 91.4 0.93
PCGA-FL without PCI 95.5 92.1 0.94
PCGA-FL without CGFA | 96.2 92.6 0.95
Complete PCGA-FL 98.0 93.5 0.96

The ablation results justify that the performance improvement is achieved by each of the components proposed. Pathway-
aware representation learning is important to extract biologically meaningful genomic features as removing PLRL results
in the largest degradation. The reduction obtained when removing PCI shows that when clients agree on the biological
benefits, the biological agreements are helpful for federated optimization.

5.4 Discussion and Research Implications

The experimental results validate the benefits of using the biological knowledge in the federated learning for genomic
disease prediction. Current federated learning methods have been mostly developed for preserving privacy and optimizing
distributed systems without taking into account biological mechanisms of genomic variations.

The results of PCGA-FL compared with the other algorithms are better, due to the pathway consensus which is
incorporated during learning. The proposed framework does not consider client updates as separate statistical contributions
but rather considers them as statistically consistent with each other and exploits them when performing global aggregation.
The results show that the pathway guided optimization not only achieves better predictive ability but also has better
convergence efficiency. This is especially relevant for collaborative learning in contexts of multi-institution genomic
analysis, where challenges related to data heterogeneity and privacy regulations hinder collaborative learning.

Moreover, the proposed framework offers a balance between predictive performance and the biological interpretability.
Pathway-level information is used as input for PCGA-FL to enable researchers to detect molecular patterns associated
with diseases, while still preserving decentralized data ownership. In conclusion, the results highlight the feasibility of
using pathway-aware federated learning as a viable strategy in the pursuit of privacy-preserving genomic intelligence
based on biology.

6. CONCLUSION AND FUTURE ENHANCEMENTS

In this study, a privacy-preserving framework that incorporates biological pathway knowledge and federated optimization
for genomic disease prediction (PCGA-FL) was introduced. PCGA-FL combines pathway consensus among decentralized
clients to direct global optimization with conventional federated learning methods, which focus on statistical aggregation
of local model updates, leading to biologically-informed and privacy-preserving genomic intelligence.

The proposed framework was tested using the RNA-sequencing data set from TCGA, in a simulated multi-institution
federated learning setting. Experimental results show that the proposed PCGA-FL achieves 98.0% accuracy, 94.0%
precision, 93.0% recall, 93.5% F1 score and an AUC of 0.96, outperforming the conventional federated learning methods
and the baseline methods based on the pathways. In addition, the proposed aggregation strategy is more efficient for
federated optimization, as it speeds up the convergence and decreases the amount of communication required for
aggregation when compared to the traditional aggregation strategies.

The results show that adding information of biological pathways into federated optimization can be an effective way to
solve the limitations of the current privacy-preserving genomic learning methods. PCGA-FL offers a viable pathway
toward secure and interpretable genomic Al initiatives in collaborative healthcare settings, by leveraging decentralized
learning, pathway-level biological knowledge, and adaptive aggregation.

The framework will be validated in the future using real clinical multi-institution genomic datasets and further extended
to multi-omics federated learning by integrating other genomic information like transcriptomic, proteomic. Advanced
mechanisms for discovery of adaptive pathways, enhanced privacy preserving tools and dynamic consensus methods will
be examined to enhance scalability, robustness and generalization in a wide range of healthcare networks.
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