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1 Summary

This document reviews the generation of synthetic data (task 3.5) and its use for piloting
federated genome-wide association studies (GWAS; October 2024, task 5.4). We
produced low-fidelity sequence (human DNA) data to demonstrate a proof of concept
whose purpose was to show the feasibility of performing a federated GWAS to find genes
associated with a binary disease indicator. Given the performance and functional
limitations of the software we adapted for the demo, it was impractical to work with high-
fidelity or real-world data. Using real-world data would also require additional
administrative burden without providing materially different insights.

2 Background

Generating artificial data is an essential capability in statistical genetics. The ability to
produce data sets with the desired sample sizes, genotyping densities, genetic
architectures and population structures makes it possible to develop, test and
benchmark new statistical and machine learning models effectively and efficiently. In
addition, synthetic data can be generated not to pose privacy risks and allows for
reproducibility of results and comparisons on shared, public benchmarks. For this
reason, there has been much research on how to generate artificial genomic data, from
Markov Chain Monte Carlo (MCMC) [1] to deep learning [2] methods.

HAPGEN?2 [1] is a simulation software that generates artificial data sets for case-control
studies. It extends the earlier Li-Stephens [3] algorithm for modelling linkage
disequilibrium using hidden Markov models and posterior sampling to generate single-
nucleotide variants (SNV) with realistic linkage disequilibrium patterns. Despite its age,
it is still the de facto standard in cutting-edge research in polygenic prediction [4-6], fine
mapping [7-8] and missing data imputation [9]. SNVs are variations in the genome
seguence spanning a single nucleotide, which can be one of adenine, cytosine, thymine
and guanine (A, C, T, G). Typically, they will appear in two possible states (alleles) in a
population.

HAPGEN?2 is described in the Model Card in the Appendix.

3 Synthetic Data Generation

HAPGEN2 requires three files as inputs:
— a haplotype file containing the alleles for all SNVs from a population panel;

— a legend file for the SNV markers containing their ID, position, and the labels of
the major and minor alleles;

— a file containing the fine-scale mapping of the SNVs to establish the
recombination rate (so, the linkage disequilibrium) across the relevant regions.

The overwhelming majority of the literature uses the panels from the Thousand
Genomes (1KG Phase 3) [10] and HapMap 3 [11] projects. We used the latter for the
federated GWAS demo, generating the SNVs from chromosome 18 for 1000 individuals
without specific risk factors. The generated genotypes and phenotypes can be easily
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converted to BED/BIM/FAM or PED/MAP files, one of the standard formats used by PLINK2
[12] and other software for genome-wide association studies and genomic prediction.

HAPGEN2 has additional arguments to control the number of cases and controls, the
number and position of pathogenic SNVs and their relative risk. However, how the effect
sizes of the pathogenic SNV are allocated is very limited and can only generate a single
binary phenotype (that is, a 0/1 disease indicator) at a time. To better control the
distribution of the SNV effects, the liability and the heritability, we followed the approach
from [13]. After producing the genotypes with HAPGEN2, we generated an underlying
quantitative trait with the desired liabilities, controlling its heritability and then
converted it into a binary phenotype. The conversions is done by thresholding the
liabilities with the approriate quantile to achieve the desired prevalence in the sample.
The same approach can be used to create quantitative phenotypes.

Both the panel and the generated synthetic data are described in the Data Cards in the
Appendix. The code is included in the Appendix as well.
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5 Appendix

This appendix contains a Model Card for HAPGEN 2 and a Data Card for the syntethic
data described in Section "Synthetic Data Generation".

5.1 Model Card

Model Details

Developer Zhan Su, Jonathan Marchini, Peter Donnelly

Version 2.2.0

URL https://mathgen.stats.ox.ac.uk/genetics_software/
hapgen/hapgen2.html

Licence https://mathgen.stats.ox.ac.uk/genetics software/
hapgen/LICENCE (forbids commercial use)

Type Generates artificial data sets for case-control
studies by applying an extension of the Li-Stephens
algorithm to a panel of SNV data.

Reference [1]

Intended Use
— Intended for use in academic research on human genetics, commercial use is
forbidden.

— Potentially unsuitable for inbred species, polyploid species and recombinant
species.

— Standard panels HapMap 3 and 1000 Genomes are recommended but no longer
provided.

Factors
— It can only generate SNV data for the SNVs present in the input panel, within a

specified range of allele frequencies and without missing data.

— It provides very limited options for assigning phenotypes to the generated
genotypes.

— The genotypes will have the same patterns of linkage disequilibrium and average
allele frequencies as the panel provided to HAPGEN. Therefore, the population
the input panel comes should be chosen to reflect the target population for the
specific application (CEU, YRI, CHJB, JPT, etc.).

Training Data

— User-provided panel of genome-wide SNV data. The panel data used to generate
the data is described in the Data Card below.

© 2024 - 2027 NexGen D3.5.docx Page 12 of 17


https://mathgen.stats.ox.ac.uk/genetics_software/hapgen/LICENCE
https://mathgen.stats.ox.ac.uk/genetics_software/hapgen/LICENCE
https://mathgen.stats.ox.ac.uk/genetics_software/hapgen/hapgen2.html
https://mathgen.stats.ox.ac.uk/genetics_software/hapgen/hapgen2.html

X NextGen

5.2 Data Card

Panel HapMap 3 (release 2) haplotypes - NCBI Build 36
(dbSNP b126)

Population CEU

Chromosome 18

Sample size 1301 individuals, 99454 SNVs

Phenotypes None.

URL (alternative to HAPGEN's)

https://www.sanger.ac.uk/data/hapmap-3/

Licence

International HapMap Project Public Access License
4.html)

This licence allows use of the data but not
redistribution. The data must be donwloaded from
the original source to reproduce the analysis
described earlier in the report.

(copy: http://www.worldlii.org/int/other/PubRL/2

Notes

No medical or personal identifying information was
obtained from individuals providing the samples.
However, the samples are identified by the
population from which they were collected.

Panel -

Population CEU

Chromosome 18

Sample size 1000 individuals, the first 5000 SNVs in the
chromosome.

Phenotypes Binary phenotype with 1000 causative loci placed

randomly in the chromosome, heritability ~60%
and prevalence 25%.

URL (alternative to HAPGEN's)

https://www.sanger.ac.uk/data/hapmap-3/

Licence

HAPGEN's licence applies.
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5.3 Computer Code

The following code calls HAPGEN?2 to generate the SNVs.

#!/bin/bash -e

set -o pipefail

HAPGEN_URL=https://mathgen.stats.ox.ac.uk/genetics_software/hapgen/download/builds/x86_64/v2.2.0/

hapgen2 x86 64.tar.gz
HAPGEN="basename $HAPGEN_URL"
OUTDIR=./output

PREFIX=hapmap

CASES=0

CONTROLS=1000

# download and extract HAPGEN 2.
wget -c $HAPGEN_URL
tar xvzf $HAPGEN hapgen2
# extract the HAPMAP panel.
gzip -d CEU.0908.chr18.hap.gz
# create a directory in which to save the intermediate files.
mkdir -p $OUTDIR
# generate the genotypes.
valgrind ./hapgen2 -h CEU.0908.chr18.hap \
-l CEU.0908.chr18.legend \
-m genetic_map_chrl8 combined _b36.txt\
-0 $OUTDIR/$PREFIX \
-dl44111.52.51124034.5114912.06.5\
-n $CONTROLS $CASES

# cut and format the data in 0/1/2 allele counts on columns
cut -d" " -f6- $OUTDIR/$PREFIX.controls.gen > $OUTDIR/formatted
split - 500 $OUTDIR/formatted $OUTDIR/formatted?2.

for FILE in “find $OUTDIR -type f -name "formatted2.*" | sort’
do

awk '
{
for (i=1;i <= NF; i++) {
alNR, il = $i;
}
}
END {
for(=1,j<=NF;j=j+ 3) {
str=""
for(i=1; i <= NR; i++) {
acount =ali,jl*0+ ali,j+ 1] *1 4+ ali,j+ 2]1*2;
str = str*"acount" ",
}
© 2024 - 2027 NexGen D3.5.docx Page 14 of 17
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print str;
}
}' $FILE > “sed -e "s/2/3/" <<< $FILE"
done

# merge the data back into a single file.

cut -d" " -f 2 $OUTDIR/$PREFIX.controls.gen | tr \n' ' ' > $OUTDIR/$PREFIX.final.gen
echo >> $OUTDIR/$PREFIX.final.gen

paste -d" " $OUTDIR/formatted3* >> $OUTDIR/$PREFIX.final.gen

# compress and copy to the final location.

gzip -k -9 $OUTDIR/$PREFIX.final.gen

cp $OUTDIR/$PREFIX.final.gen.gz raw-$PREFIX.CEU.chrl8.txt.gz

# clean up.

rm -rf output

The following code generates the PLINK2 files from the outputs of HAPGEN2.

# load phenotypes and genotypes.
pheno = readRDS("phenotypes.rds")
geno = readRDS("prepd-hapmap.rds")

geno = geno[, 10000 + 1:5000]

# FAM file.

contents = data.frame(
FAMID = pasteO("FAM", sprintf("%04d", seq(nrow(geno)))),
WFID = rep(1, nrow(geno)),
FA = rep(0, nrow(geno)),
MO = rep(0, nrow(geno)),
SEX = sample(c("F", "M"), nrow(geno), replace = TRUE),
PHENO = as.integer(pheno$pheno)

)

contents$SEX = as.integer(factor(contents$SEX, levels = c("M", "F")))

write.table(contents, file = "generated.fam", quote = FALSE, row.names = FALSE,
col.names = FALSE)

# PED file (FAM + calls).
for (g in seq(ncol(geno))) {

calls = sapply(genol, gl, function(g) {

if (g ==0)
return(c(1, 1))

else if (g == 2)
return(c(2, 2))

else
return(sample(1:2))

}

contents = cbind(contents, t(calls))
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write.table(contents, file = "generated.ped", quote = FALSE, row.names = FALSE,
col.names = FALSE)

# MAP file.
legend = read.table("CEU.0908.chr18.legend", header = TRUE)

contents = data.frame(
CHR = rep(18, ncol(geno)),
ID = legend[seq(ncol(geno)), "ID"],
MORGAN = rep(0, ncol(geno)),
BP = legend[seq(ncol(geno)), "pos"]
)

write.table(contents, file = "generated.map", quote = FALSE, row.names = FALSE,
col.names = FALSE)

# BIM file.
contents = cbind(contents, legend[seq(ncol(geno)), c("allele0", "allele1l")])

write.table(contents, file = "generated.bim", quote = FALSE, row.names = FALSE,
col.names = FALSE)

# finally, run: ./plink --file generated --make-bed --out binary

The following code generates the phenotypes from the SNVs.

# load the markers.
markers = readRDS("prepd-hapmap.rds")

generate.binary.phenotypes =
function(markers, nqtl = 1000, size = 0.048, prevalence = 0.25) {

# ... generate the noise term...
noise = rnorm(nrow(markers), sd = 1)
# ... sample the QTLs and the associated effect sizes...
betas = rep(0, ncol(markers))
betas[sample(ncol(markers), nqtl)] = rnorm(nqtl, sd = size)
# ... and generate the continuous liabilities as intermediate phenotypes.
liability = as.vector(as.matrix(markers) %*% betas + noise)
# check the heritability of the phenotype.
cat("@ estimated heritability is:",
(var(liability) - var(noise)) / var(liability), "\n")
# create the binary phenotypes from the liability to achieve the desired prevalence (a la LDAK).
thr = quantile(liability, probs = 1 - prevalence)
pheno = cut(liability, breaks = c(-Inf, thr, Inf), labels = c("CTRL", "CASE"))
return(list(liability = liability, pheno = pheno, betas = betas))

}#GENERATE.BINARY.PHENOTYPES
pheno = generate.binary.phenotypes(markers)

saveRDS(pheno, file = "phenotypes.rds")
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6 Conclusions and next steps

This report details how to successfully generate SNVs from a panel of sequence data
using HAPGEN2, and how to produce phenotypes with set heritability, liability and
prevalence from a set of disease-causing variants.

We note that more modern approaches for generating genotypes have been proposed in
recent literature: RESHAPE [14] and HAPNEST [15] are two notable examples. While less
explored, they may be of interest in NextGen because they are more efficient in
generating large samples and can handle larger panels. Fewer options exist for
generating realistic phenotypes from genotypes; the most cited example is
PhenotypeSimulator [16]. HAPNEST can also generate phenotypes together with
genotypes. Currently, no software or method for generating phenotypes for modalities
other than numeric (say, image phenotypes) exists in the literature.
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