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Genomic prediction

Phenotype: observable
traits of an individual
(traits, disease
resistance, production).

Phenotype + Genotype
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Single Nucleotide Polymorphism (SNP)
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Whole genome sequencing (WGS)

WGS after variant calling

SNP array



Haplotypes
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Genotypes in diploid individuals
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Linkage disequilibrium (LD)
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https://en.wikipedia.org/wiki/Meiosis
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Linkage disequilibrium (LD)
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Data preparation

Variant call format (.vcf)

##fileformat=VCFv4.3

##fileDate=20090805

##source=myImputationProgramv3.1l
##reference=file:///seq/references/1000GenomesPilot-NCBI36.fasta
##contig=<ID=20,length=62435964,assembly=B36,md5=f126cdf8a6e0c7£379d618ff66beb2da,species="Homo sapiens",taxonomy=x>
##phasing=partial

##INFO=<ID=NS,Number=1, Type=Integer,Description="Number of Samples With Data">
##INFO=<ID=DP,Number=1, Type=Integer,Description="Total Depth">
##INFO=<ID=AF, Number=A, Type=Float,Description="Allele Frequency">
##INFO=<ID=AA,Number=1, Type=String,Description="Ancestral Allele">
##INFO=<ID=DB,Number=0, Type=Flag,Description="dbSNP membership, build 129">
##INFO=<ID=H2 ,Number=0, Type=Flag,Description="HapMap2 membership">
##FILTER=<ID=ql0,Description="Quality below 10">
##FILTER=<ID=s50,Description="Less than 50% of samples have data">
##FORMAT=<ID=GT,Number=1, Type=String,Description="Genotype">
##FORMAT=<ID=GQ,Number=1, Type=Integer,Description="Genotype Quality">
##FORMAT=<ID=DP,Number=1, Type=Integer,Description="Read Depth">
##FORMAT=<ID=HQ,Number=2, Type=Integer,Description="Haplotype Quality">

#CHROM POS iDp REF ALT QUAL FILTER INFO FORMAT NA00001 NA00002

20 14370 rs6054257 G A 29 PASS NS=3;DP=14;AF=0.5;DB;H2 GT:GQ:DP:HQ 0|0:48:1:51,51 1|0:48:8:51,51
20 17330 - T A 3 qlo NS=3;DP=11;AF=0.017 GT:GQ:DP:HQ 0]0:49:3:58,50 0|l:3:5:65,3
20 1110696 1rs6040355 A G,T 67 PASS NS=2;DP=10;AF=0.333,0.667;AA=T;DB GT:GQ:DP:HQ 1|2:21:6:23,27 2|1:2:0:18,2
20 1230237 . by . 47 PASS NS=3;DP=13;AA=T GT:GQ:DP:HQ 0|0:54:7:56,60 0]0:48:4:51,51
20 1234567 microsatl GTC G,GTCT 50 PASS NS=3;DP=9;AA=G GT:GQ:DP 0/1:35:4 0/2:17:2

https://en.wikipedia.org/wiki/Variant_Call_Format

NA00003
1/1:4325¢% .4
0/0:41:3
2/2:35:4
0/0:61:2
1/1:40:3
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But we want 0s, 1s and 2s
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Plink

PLINK 1.9

Introduction, downloads
D: 15 Sep 2023
Recent version history
What's new?
Coming next

[Jump to search box]

General usage
Getting started
Flag usage summaries
Column set descriptors.
Citation instructions

Standard data input
PLINK 1 binary (.bed)
PLINK 2 binary (.pgen)

Autoconversion behavior
VCF/BCF (.vcf[.gz], .bef)
Oxford genotype (.bgen)
Oxford haplotype (.haps)
PLINK 1 text (.ped, .tped)
PLINK 1 dosage
Sample ID conversion
Dosage import settings
Generate random
Unusual chromosome IDs
Allele frequencies
Phenotypes
Covariates
'Cluster' import
Reference genome (.fa)

Input filtering

Sample ID file
Variant ID file
Interval-BED file
--extract-col-cond
QUAL, FILTER, INFO
Chromosomes
SNPs only
Simple variant window
Multiple variant ranges
Deduplicate variants
Sample/variant thinning
Pheno./covar. condition

Missingness

Category subset
--keep-col-match
Missing genotypes
Number of distinct alleles
Allele frequencies/counts
Hardy-Weinberg

PLINK 2.0 home plink2-users

Error messages File formats PLINK 2.0 index

File format reference

This page describes specialized PLINK 2.0 input and output file formats which are identifiable by file
extension. (Most extensions not listed here have very simple one-entry-per-line or two-entry-per-line text
formats.)

Unless otherwise specified, all multicolumn text files generated by PLINK 2.0 are tab-delimited, with one
header line starting with '#'. In the column summaries, columns which are present unless removed by the
column set descriptor are boldface, and columns which only appear under some data/flag/modifier
combination(s) are italicized.

Jump to: .acount | .adjusted | .afreq | .bcf | .bed | .bgen | .bim | .bins | .clumps | .cov |
.eigenvec{,.allele,.var} | .fam | .fst.summary | .fst.var | .gcount | .gen | .glm.firth | .gim.linear |
.gim.logistic[.hybrid] | .grm | .grm.N.bin | .grm.bin | .haps | .hardy | .hardy.x | .het | .*.id | .kinO | .king[.bin] |
.legend | .map | .pdiff | .ped | .pgen{,.pgi} | .psam | .pvar | .raw | .rel[.bin] | .sample | .scount | .sdiff |
.sdiff.summary | .smiss | .sscore | .ssf.tsv | .tfam | .tped | .traw | .vcf | .vmiss | .vscore | .vscore.bin

.acount, .afreq (allele count/frequency report)
Produced by --freq.

A text file with a header line, and then one line per variant with the following columns:

Header Column set Contents
CHROM chrom Chromosome code
POS pos Base-pair coordinate
ID (required) Variant ID
REF ref Reference allele Brian J. Knaus
ALT1 alt1 Alternate allele 1
ALT alt All alternate alleles, comma-separated
maybeprovref ’ 2023-02-10
PROVISIONAL_REF? prO\‘/'ref P ’ Reports whether REF allele is provisional
'REF_FREQ'/'REF_CT' reffreq Reference allele frequency/dosage

'‘ALT1_FREQ'/'ALT1_CT' alt1freq Alternate allele 1 frequency/dosage

Comma-separated fregs/dosages for all alts; 'e
altfreq, alteq, requests '1=<ALT1 value>,2=<ALT2 value>,..."

1 1/ !
ALELTHEGS SALIECES alteqz formatting with zero-values omitted, '‘eqz' includes

Introduction to vcfR

Buscar proyectos

vcfpy 0.13.6

pip install vcfpy @

vcfR is a package intended to help visualize, manipulate and quality filter data in VCF files.

More documentation for vcfR can be found at the vcfR documentation website.



Plink is widely use and really easy (command lines)

Easy to change
between different
data formats.

Linkage disequilibrium filter:
keep "independent" SNPs

Standard data input Linkage disequilibrium
PLINK 1 binary (.bed)
PLINK 2 binary (.pgen) All of the following calculati.ons only consider founders. If your dataset has a shortage of them, PLINK 1.9 --
Aiioconvarsionbehedon make-founders may come in handy.
VCF/BCF (.vcf[.gz], .bcf) Since two-variant r2 only makes sense for biallelic variants, these collapse multiallelic variants down to
Oxford genotype (.bgen) most common allele vs. the rest.
Oxford haplotype (.haps)

Variant pruning
PLINK 1 text (.ped, .tped)

--indep-pairwise <window size>['kb'] [step size (variant ct)]
PLINK 1 dosage <unphased-hardcall-r~2 threshold>
Sample ID conversion --indep-pairphase <window size>['kb'] [step size (variant ct)]
Dosage import settings <phased-hardcall-r*2 threshold>

--indep <window size>['kb'] [step size (variant ct)] <VIF threshold>

Generate random
Unusual chromosome IDs
Allele frequencies

--indep-order <mode>

Phenotypes
Covariates Other filters:
‘Cluster' import - HW (Hardy-Weinberg Equilibrium)

Reference genome (.fa)

- MAF (Minor Allele Frequencies)



from genotypes to haplotypes

Phasing

Haplotype sampling (LSM)

Haplotype matching (PBWT)
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Linkage disequilibrium!!
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https://www.researchgate.net/publication/337603515_Accurate_scalable_and_integrative_haplotype_estimation

https://github.com/odelaneau/shapeit5
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Imputation

Linkage
disequilibrium!!

Typical imputation scenario
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https://mathgen.stats.ox.ac.uk/impute/impute_v2.html
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Data visualization

Is important to control for
population structure or other
sampling biases!

nature

Explore content v  About the journal v  Pul

nature > letters > article

Published: 31 August 2008

Genes mirror geography within Europe

John Novembre &, Toby Johnson, Katarzyna Bryc, Zoltédn Kutalik, Adam R. Boyko, Adam Auton, Amit

Indap, Karen S. King, Sven Bergmann, Matthew R. Nelson, Matthew Stephens & Carlos D. Bustamante




There could be mislabeled or incongruent data!

datos.pca$loadings|, 2]
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Sometimes not checking the data could lead to retracting articles

o Retracted article

See the retraction notice

> Science. 2010 Jul 1;2010. doi: 10.1126/science.1190532. Epub 2010 Jul 1.

Genetic signatures of exceptional longevity in
humans

Paola Sebastiani 1, Nadia Solovieff, Annibale Puca, Stephen W Hartley, Efthymia Melista,
Stacy Andersen, Daniel A Dworkis, Jemma B Wilk, Richard H Myers, Martin H Steinberg,
Monty Montano, Clinton T Baldwin, Thomas T Perls

Affiliations + expand
PMID: 20595579 DOI: 10.1126/science.1190532 Paperpile



Confounded array type with the outcome
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LETTERS

edited by Jennifer Sills

" Retraction

AFTER ONLINE PUBLICATION OF OUR REPORT “GENETIC SIGNATURES OF EXCEPTIONAL LONGEV-
ity in humans” ( /), we discovered that technical errors in the [llumina 610 array and an inad-
equate quality control protocol introduced false-positive single-nucleotide polymorphisms
(SNPs) in our findings. An independent laboratory subsequently performed stringent quality
control measures, ambiguous SNPs were then removed, and resultant genotype data were vali-
dated using an independent platform. We then reanalyzed the reduced data set using the same
methodology as in the published paper. We feel the main scientific findings remain supported
by the available data: (i) A model consisting of multiple specific SNPs accurately differentiates
between centenanians and controls; (i) genetic profiles cluster into specific signatures; and (i)
signatures are associated with ages of onset of specific age-related discases and subjects with
the oldest ages. However, the specific details of the new analysis change substantially from
those originally published online to the point of becoming a new report. Therefore, we retract

the original manuscript and will pursue alterative publication of the new findings.
PAOLA SEBASTIANI,*™ NADIA SOLOVIEFF,* ANNIBALE PUCA,* STEPHEN W. HARTLEY,* EFTHYMIA MELISTA,’
STACYANDERSEN," DANIEL A. DWORKIS,” JEMMA B. WILK,® RICHARD H. MYERS,” MARTIN H. STEINBERG,*
MONTY MONTANO,” CLINTON T. BALDWIN,* ' THOMAS T. PERLS**
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Genomic information keeps growing...

$100,000,000

$10,000,000

$1,000,000

$100,000

$10,000
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Cost per genome data - 2022

https://www.genome.gov/about-genomics/fact-sheets/DNA-Sequencing-Costs-Data
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Nature vs. nurture

Genotype
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We want to find a function that links the genetic information with the
phenotype

P=®(G)+e¢

If there is good data about the environment, that links this information too

P=®(G,E)+e



But we have some SNPs (for now)
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What wo we want to know about

The predictions The function itself Futures extraction



Genome Wide Association Study (GWAS)
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Based on genomic information:
87% of developing a breast cancer

-~ Precision medicine may never be very precise - but
it may be good for public health

Simply Statistics Home Featured  About

Simply Statistics
Jan. 13,2022 Narrative Failure in Data Analysis .'L Q 3
Rogerkeng A data analysis can fail if it doesn't present a coherent

story and "close all the doors". Such a failure is not simply

a problem with communication, but often indicates a

problem with the details of the analysis itself. ° e
Nov. 10, 2021 Thinking About Failure in Data
Roserpens Analysis

IS
@]
Angelina
Jolie https://simplystatistics.org/



Multiple Marker Regression

y=XfB+e
p>n
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Overfitting due to high number of variables

. o ) o ) f(x) ) @ P= P= e
i 100 -4 — b= Bo 0.286 | 0.548 0.279
o ° 0 e o / | e —0.473 | 6.272 —237.909
" ° R o ] ° X o B, 0 —30.338 | 5486.367
o | Bl o] i B 0 25.346 | —46686.042
OIO 0I2 0]4 0I6 OI8 1I0 OIO 0!2 0I4 0I6 0I8 1l0 /BA4 0 O 203251273
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Be 0 0 765827.927
0 o 1 By 0 0 —680299.555
oy ~ o Bs 0 0 329140.427
. ] Bo 0 0 —66798.508
] T - S oB2 | 0.305 | 1602.479 | 1.465 x 10'2
"Bl 0@ o0 @8 wE Gk ool oo B Gl e g Need of
penalization!!!!

Problem: Prediction of new samples will be bad!

Thanks to Sebastian Castro for the slides on multiple marker regressions.



Penalizations

B = argmin ||y — X 8|2 + \||8]|?

g=2: Ridge Regression

q=1: Lasso

Ridge and Lasso combinations: Elastic Net




Shrinkage

Lasso

.49 Penalizations shrink

i ) all the coefficients at the
| same time

3 —— DExp(0,1)
— N{0.1)
Bayesian methods: < |
Choose the betas from a o
known distribution =




Article | Published: 04 May 2022

Performance of Bayesian and BLUP alphabets for
genomic prediction: analysis, comparison and results
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https://www.nature.com/articles/s41437-022-00539-9

Predicting human height as the mean of the parents is more
accurate than using the genomic information (in 2008)

European Journal of

Human Genetics

Journal home > Archive > Articles > Full text

N

3 = " g g Journal home Article
The case Of the m IS s I n g h e rltab II lty ::;;::a::"ne European Journal of Human Genetics (2009) 17, 1070-1075; doi:10.1038/ejhg.2009.5; published online
18 February 2009
About AOP
“When scientists opened up the human genome, they Current issue Predicting human height by Victorian and genomic
expected to find the genetic components of common traits M methods
» ractica enetics
and diseases.  But they were nowhere to be seen.......... 4 B Yurii S Aulchenkol2, Maksim V Struchalinl3.7, Nadezhda M Belonogova24,
S — Tatiana I Axenovich?, Michael N Weedon®, Albert Hofman?, Andre G UitterlindenS,
Manfred Kayser?, Ben A Oostra’, Cornelia M van Duijn!, A Cecile J W Janssens’ and
Nature news feature 6 Nov 2008 News Pavel M Borodint &
Discussion - Top

by now, probably already include those with the largest effect sizes. Merely because
In this work, we compared genomic and Victorian approaches to predict human the variants with the larger effect sizes are most easily captured, the detection of
height. In our data, the 54-loci genomic profile explained 4-6% and Victorian new height genes will require progressively bigger sample sizes (eg, to detect a
Galton’s mid-parental values explained 40% of the height variance. Adding genomic locus explaining 0.1% of the variance at genome-wide significance P<5 x 1078 with
information to the mid-parental values provided only a small (1.3%) increase in the @ power of 80%, one would need to study 40000 people, whereas to detect a locus
proportion of variance explained. explaining 0.01%, one would need 400000 people).>



From GWAS to genomic prediction (2011)

Discussion - Top

by now, probably already include those with the largest effect sizes. Merely because
In this work, we compared genomic and Victorian approaches to predict human  the variants with the larger effect sizes are most easily captured, the detection of
height. In our data, the 54-loci genomic profile explained 4-6% and Victorian
Galton’s mid-parental values explained 40% of the height variance. Adding genomic locus explaining 0.1% of the variance at genome-wide significance P<5 x 1078 with
information to the mid-parental values provided only a small (1.3%) increase in the @ power of 80%, one would need to study 40000 people, whereas to detect a locus
proportion of variance explained. lexplaining 0.01%, one would need 400000 people).2

Beyond Missing Heritability: Prediction of Complex Traits
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With a bigger sample, the task becomes easier
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Accurate Genomic Prediction of Human Height
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20.000 SNPs explain 50% of the variation
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Figure A1 Actual height (centimeter) vs.
predicted height (centimeter) using 2000
randomly selected individuals (roughly
equal numbers of males and females;
no corrections for age or sex) from the
ARIC dataset. Error bars indicate = 1 SD
range computed using larger validation
set.
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The missing heritability was found... or not?

nature

Explore content v  About the journal v  Publish withus v

View all journals ~ Search (Q  Login

Sign up for alerts ) RSS feed

nature > articles > article

Article | Open Access | Published: 12 October 2022

A saturated map of common genetic variants
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density are enriched for biologically relevant genes. In out-of-sample estimation and

Common single-nucleotide polym
50% of phenotypic variation in hun
associated regions requires huges:

prediction, the 12,111 SNPs (or all SNPs in the HapMap 3 panel2) account for 40% (45%) of
phenotypic variance in populations of European ancestry but only around 10-20% (14-24%)

association study of 5.4 millionind iN populations of other ancestries. Effect sizes, associated regions and gene prioritization

independent SNPs that are significantly associated with height account for nearly all of the
common SNP-based heritability. These SNPs are clustered within 7,209 non-overlapping



Review of the most used models for genomic prediction

LINEAR MODELS

BA ] number of publications using both RF

RKHS /.-/ and rrBLUP .
O BB & number of publications using RF 0
- RF o LINEAR MODELS; EEIWW“HIE

® EG-BLUP '
LASSO Publication Count
o — = - IEE
® BC .
GS+GWAS 1 10 20 30 >40
gen-RR
Elastic Net Linear Models
@ wBLUP _
® LT-BCn @® Bayesian
@ B-Drmr
kPLSR
ANN
PLSR
gen-LR
® EB-LASSO

Azodi et al, Benchmarking algorithms for genomic prediction of complex traits. (2019)



Support Vector Regression (SVR) / RKHS

Hinge Loss(z) = max(0,1-z)

e Reproducing Kernel Hilbert Space
(RKHS) is popular in genomic
prediction.

hinge loss

e RKHS are SVR using a Hinge loss
function.




Decision trees

Random forests (RF)
e Gradient Boosting Methods
(GBM)



For further reading...

Genomic Prediction in the
Big Data Era

BY GUSTAVO DE LOS CAMPOS, DANIEL GIANOLA

A simple model from the early 20th century remains our best
tool for using DNA to predict disease risk and other complex
traits.
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