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1 Summary

This document presents the implementation of two distinct federated genomics
methods, both demonstrated live at the NextGen project meeting held in Heraklion
(Greece) on June 10 and 11, 2025:

e Federated GWAS - a federated implementation of genome-wide association
studies.
https://gitlab.com/idsia/nextgen-deliverable-sfgwas-docker

e Federated PLIER - a federated implementation of the PLIER algorithm for
dimensionality reduction and deconvolution of bulk RNA-seq data.

https://gitlab.com/idsia/nextgen-deliverable-federated-plier

The source code, along with additional materials for each method, is available in the
dedicated Git repositories linked above. Both approaches facilitate secure, distributed
analysis across multiple institutions without requiring the exchange of raw data, thus

addressing key challenges in privacy-preserving genomic research.

2 Federated GWAS

2.1 Overview

This section describes the anatomy of federated genomewide association studies
(GWAS) and its implementation using the SF-GWAS software. In particular, we
consider the more mature SF-GWAS PCA from the GitHub repository

h ://gith m/hhcho/sfgw

and the newer SF-GWAS LMM software from the GitHub repository

h ://gith m/hhcho/sfgwas-lmm

from the same authors. Both pieces of software are introduced in Cho et al. (2025). SF-
GWAS PCA SF-GWAS LMM follow the same general data analysis workflow patterned
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after that of the PLINK software (Purcell et al., 2007). Firstly, each client gathers

summary statistics from the local genotype data and sends it to the server.

Data owner (client)

GEROTYFES
{allele cownts)

Data owner [client]

GEROTYFES
{allele cownts)

Model training
(server)

Data owner (client)

GEROTYFES
{allele cownts)

Data owner [client)

GEMOTYFES
[allele cownts)

Then, the server tells each client which SNPs to retain for further analysis because
they

pass all quality checks (maximum proportion of missing data, minimum minor allele

frequency, maximum value of the Hardy-Weinberg disequilibrium statistic).

Data owner (client)

GEROTYFES
{allele cownts)

Data owner (client)
% GENOTYPES
{allele cownts)

Model training
(server)

Data owner [client)

GEMOTYFES
[allele cownts)

Data owner (client)
% GENOTYPES
{allele cownts)

The server and the clients then compute the genetic relatedness between the
individuals to adjust for population structure, either using PCA (for SF-GWAS PCA) or
ridge regression (for SF-GWAS PCA). Among non-federated software, the former
approach is used in PLINK and the latter in REGENIE (Mbatchou et al., 2021).

The selected number of PCA components is used, along the covariates, to compute the
statistical association tests between each marker in the data and the phenotype.
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The resulting test statistics are then saved in each of the client, but not in the server.

Further details on the workings of federated learning GWAS can be found in

Data owner (client)

GEROTYPES
[allele cownts]

Data owner (client)

GEROTYFES
{allele cownts)

__©

Deliverable D3.1.

2.2 Benchmarks

We benchmark these software against each other and against PLINK and REGENIE

using the first chromosome of the 1000G (One Thousand Genomes) data. The raw data

are available here:

1000G 2504 high coverage/working/20220422 3202 phased SNV INDEL SV/

Model training
(server)

Data owner {client)

GENOTYPES
[allele cownts)]

Data owner [client]

GEROTYFES
{allele cownts)

__©

https://ftp.1000genomes.ebi.ac.uk/voll/ftp/data collections/

The characteristics of the benchmark data are as follows.

¢ Genotypes: One Thousand Genomes

e Phenotypes: Cardiovascular diseases, synthetic binary phenotype.

Sample size: 3202 individuals.

Assumed heritability 0.85 to increase signal.

Variables: 5,013,617 SNPs from chromosome 1 (the largest).

Filtering: only SNPs with rsIDs and minor allele frequency > 0.05.

Generated from EFO 0000319 in the GWAS Catalog as detailed in the
Deliverable D3.5.

36 causal SNPs, 7 of which are in chromosome 1.
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Both SF-GWAS software are configured with a topology with 1 server and 3 clients,
with the data split in equal parts among them. Each client's data is provided a set of
PVAR, PGEN, PSAM files (PLINK format). No covariates other than the first five
principal components were used to adjust the statistical tests used to estimate

association.

The benchmark results are as follows.

Software |# Threads Memory use |Disk use Running Time
PLINK 30 650MB 400MB 8m
REGENIE |30 4GB 660MB 9m

SF-GWAS |6 for the server, 8| 16GB for each|5GB per client |2h 25m
PCA for each client client/server

SF-GWAS |6 for the server, 8| >60GB for|20GB per client

LMM for each client each client,
2GB for the
server

SFGWAS-LMM did not require too much memory (>200GB in total) and did not
complete after running out of memory. Since memory use is tied to the number of
threads and the size of the data, we reduced the data to 100,000 SNPs and allocated
only two threads for each client. This allowed the benchmark to complete, but only
after using 38.8GB of memory for each client and more than 9 days of running time.
This suggests that running SF-GWAS LMM on the whole chromosome 1 would require

an order of magnitude more time and memory than SF-GWAS PCA.

To further understand the scalability of SF-GWAS PCA, we increased the complexity of

different aspects of the federated analysis and recorded the results.

e Adding 5 covariates: running time increases to 3h 6 m, memory use increases to

17GB per client/server.

e Adding 5 more principal components: running time increases to 3h 24m, memory

use to 19GB per client/server.
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e Adding chromosome 2 (+6,088,709 SNPs) from the 1000G data: running time

increases to 4h 33m, memory use increases to 28GB.

e Using 6 clients instead of 3: running time increases to 4h 36m, memory use

remains 16GB per client/server.
From these benchmarks, we conclude the following.
e SF-GWAS LMM REGENIE is not mature enough to use.
e [t lacks basic features.
e [t uses too many resources.
e [t does not even have an interface to run it, it's just a library.
e SF-GWAS is more mature, it can be refined to make it actually usable.

e Realistically, each client needs server-class hardware to run either SF-GWAS

software on real data.

e SF-GWAS LMM is still under development, so it might possibly improve with

time.

3 Federated PLIER

3.1 Overview

The Pathway-Level Information ExtractoR (PLIER) algorithm (Mao et al., 2019) is a
method designed for dimensionality reduction and deconvolution of transcriptomic
data. PLIER requires a training phase that uses a large gene expression dataset along
with a set of gene sets, such as pathways or single-cell signatures, with the latter
serving specifically to incorporate prior biological knowledge. This training phase
produces a transformation (also referred to as model) that can subsequently be used
to reduce the dimensionality of gene expression data. As the method is unsupervised,
the learned model can be applied both to the training data and to new, unseen data. In
this way, PLIER converts a high-dimensional gene expression matrix into a lower-
dimensional representation based on new variables, called latent variables (LVs), some
of which are biologically interpretable through their association with specific gene
sets. Thanks to the high correlation among genes, PLIER performs dimensionality

reduction effectively without significant loss of information.
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In this work, we propose a federated implementation of PLIER, enabling multiple data
holders to collaboratively learn a shared model without exchanging raw data. The
federated learning approach follows a centralized architecture, analogous to that
described in the previous section, involving a central server and several clients (data
holders). The training proceeds iteratively: each client computes intermediate
quantities based on local data and transmits them to the server, which aggregates the
contributions and sends updated information back to the clients, continuing until a pre-

defined stopping criterion is reached.

The implementation of the algorithm was carried out using Flower, a federated
learning Python framework identified in recent literature as one of the most effective
and flexible frameworks for federated computing (Riedel et al., 2024). The live
demonstration in Heraklion involved four laptops, with one acting as the central server
and the remaining three simulating independent data holders. To facilitate
understanding and discussion, the demo was structured in two distinct phases. The
first phase involved a standardization of the datasets across clients, a necessary
preprocessing step for PLIER. This phase served as a didactic opportunity to walk
through and explain each component of the code and process. The second phase

focused on the actual federated training of the PLIER algorithm.

Please note that the plots presented in the following sections are not extracted directly
from the live demo. Due to time constraints, the live session used a reduced dataset,
while the figures shown here are based on results from multiple full-dataset simulation

runs.

3.2 Benchmarks

To assess the effectiveness of Federated PLIER, we used a dataset comprising kidney
samples from The Cancer Genome Atlas Project (TCGA,
https://www.cancer.gov/ccg/research/genome-sequencing/tcga), along with a gene set
matrix extracted from a study by Legouis et al. (2024), which applied PLIER in the
kidney domain. We compared multiple models: a centralized model (i.e., trained storing
the entire dataset at a single location) considered as the ground truth and trained using
the R PLIER package; five additional centralized models that differed from the ground
truth only in their random seed initialization; and five federated models trained using
the Flower framework, each based on a different distribution of the dataset across

three clients.
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To evaluate model quality, we examined how well each model could reconstruct the
original high-dimensional gene expression data from its lower-dimensional latent
representation, an operation analogous to reversing the transformation. Specifically,
we reconstructed the gene expression matrix and computed gene-wise correlations
with the original data, following a procedure similar to that used in the original PLIER
publication. The resulting distribution of correlation values, presented in the following

figure, shows no appreciable difference among the different models.

- Correlations Between Original and Reconstructed Gene Matrix
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Method

Beyond reconstruction accuracy, we also examined the consistency of the latent spaces
produced by the different implementations. This involved comparing the latent spaces
from each run against those produced by the ground truth model. Using a correlation-
based approach proposed by Taroni et al. (2019), we observed that the latent space
generated by the federated decomposition was as similar to the ground truth as other
centralized runs differing only by random seed initialization, as shown in the following

image.
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Latent Space Agreement With Ground Truth (All LVs)
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Method

These results demonstrate that the federated implementation of PLIER produces
models that are not only effective but also consistent with those obtained through
centralized computation, confirming that Federated PLIER can achieve results
equivalent to centralized PLIER while preserving data privacy. For future evaluations
aimed at publication, we plan to perform a similar analysis to train, in a federated
manner, a model equivalent to the MultiPLIER model developed by Taroni et al., which
leverages a substantially larger training corpus. This comparison will help validate our
results and further establish the applicability of our federated implementation in real-
world, multi-institutional settings.
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