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* Proteins =important biological functional units
* Intermediate phenotype meaning it is a combination of our underlying genetics and our environment
* The further away from the genome the more potential to interact with environment and the more dynamic

« Large cross play between these different levels (it’s not actually a simple follow-on like the figure implies)



The blood proteome
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Proteome GWAS mainly consider the blood proteome
* UK Biobank = plasma samples measured with Olink

Blood proteome includes proteins from different cells
and tissues

* Secretion for signalling or enzymatic actions
* Leakage from damaged cells

* Most common are those produced and secreted by the
liver

Most proteome GWAS utilise scalable affinity-based
proteomic techniques

* Olink = anti-body based affinity proteomics

* SomaScan = aptamer-based affinity proteomics



Olink overview

Antibody-based affinity proteomics

Immuno reaction

Binding of two separate, complimentary antibodies

»

Extension and
pre-amplification

»

Protein-specific binding with a readout that relies on DNA concentrations (through gPCR)

Amplification and
detection
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Olink overview

Advantages Disadvantages

« High sample throughput

* Relative quantification

« Decent proteome coverage (~3000 protein - _
» Possibility of epitope effects
< SomasScan)

o « Does not address the issue of different
* Improved specificity compared to other
_ _ proteoforms
high throughput technologies
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* NPX = Normalized Protein eXpression
* Measure relative changes in protein expression (i.e. this is not a concentration)

* Can only compare NPX for same proteins within the same study

* Increased NPX corresponds to increased concentration
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Proteins and UK Biobank

« UKB-PPP = UK Biobank Pharma Proteomics Project
* Proteomic profiling on blood plasma samples collected from 54,219 UKB participants

* Measured 2923 unique proteins using Olink Explore 3072 PEA

Randomized Baseline Consortium Selected COVID-19 Imaging Study
n=46,595 n=6,376 n=1,268

Full Cohort pPGWAS*
n=52,363

*publicly available summary statistics from Sun et al. (2023) https://metabolomips.org/ukbbpgwas/



https://metabolomips.org/ukbbpgwas/

How is the data stored? W ol

Browse Search Catalogues Downloads

Category 1839

Biological samples » Blood assays » Proteomics » Protein biomarkers

Description
Field 30900 in this category grants access to the normalised protein expression (NPX) data made available in the olink_data table via
the Data Portal.

I 5 Data-Fields I 1 Parent Category I 12 Resources I

Preview Name Res ID
gg/ Olink Analysis Report 4655
PdF
==/ Olink Explore 1536 - FAQ 4657
PdF
==/ Olink data normalisation strategy 4656 - .
=4 Resources explaining available dataset
==/ Olink proteomics data 4654
Pdf
g,_‘__f/‘ Quality control of olink NPX dataset 4658
PdF
g+ olink assay 1013™
data
g; olink assay version 1014
data
g olink assay warning 1015
data - - - - -
g olink batch number e | Additional data files that need to be combined with the
data
G olink limit of detection 1017 downloaded Olink NPX data
data
S+ olink panel lot number 1018
data
S+ olink processing start date 1019
data - 8




OF QuEENSLAND
How Is the data stored?

j link_dat i
Field 30900 l olink_data 1 Erolein. ID= Coding I Encoding 143 I Meaning <Assay> = Assay TRAMMSORCIET)

Eid Eid Coding PlatelD

olink_processing_start_date

Field 1D Instance Meaning (<Assay,Protein name>) Assay PlatelD

Instance Protein_ID Instance Panel

Array i \-oD Processing_StartDate

N Proteins Eid
N/
Field ID

Field 30902 Wictinin
Eid T olink_batch_number
Array g
PlatelD olink_panel_lot_number Assay
PlatelD Batch Batch UniProt
Panel Panel

Panel_Lot_Nr

Field ID

Instance

Array

WelllD

Panel_Lot_Nr

Key: Assay
Assay Version

Showcase Field
Portal Table

Encoding Index

iIII

urce Dataset
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Protein QC options

 Assay warning flag
e Samples that do not pass QC are indicated with “WARN”
* Failed samples are indicated with “FAIL”
* The flag is a reflection of sample QC and assay QC
* Individuals:
* Low number of proteins measured
* Consistently below limit of detection (LOD)
* Proteins:
* Proteins with few individuals
* Consistently below LOD for majority of individuals

* GLIPR1 has failed a number of QC steps and should be excluded

10
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Our example: PCSK9

« PCSK9 = proprotein convertase subtilisin/kexin type 9

« PCSK9 binds LDLR and marks it for destruction

« LDLR s responsible for the clearance of LDL-cholesterol

* By inhibiting PCSK9, LDLR is able to reused = increasing LDL clearance

* Analyses we’ll perform:

Observational analysis

* Instrument selection (cis-pQTLS)

* Mendelian randomisation (MR)
* Protein specific sensitivity analysis
— HEterogeneity In Dependent Instruments (HEIDI)

— Colocalisation (coloc)

11



Observational analysis

Confounding

Confounders
(e.g. smoking,
exercise etc)

/

\

Reverse Causation

Exposure
(e.g. alcohol
consumption)

Outcome

(e.g. blood pressure)

Exposure
(e.g. alcohol
consumption)

h

Outcome
(e.g. heart disease)
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Bias

Selector

(e.g. hospitalisation)

/

N\

Exposure
(e.g. cancer)

Outcome
(e.g. heart disease)
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Observational analysis

* Is ancestry important?
* Ancestry has the possibility to act as a confounder (especially for some traits/diseases)
* Exclude related individuals or include relatedness in model
« Common covariates
* Age at sample collection
° Sex
e Sample storage duration
* Protein batch
* Genetic PCs
« Remember this is a single timepoint and also a blood protein measure

* Proteins are dynamic (this will be more of a factor for some traits than others)

13
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Observational example: PCSK9

Outcome Beta (95% Cl) p-value
BMI j = 2.02 (1.92, 2.12) 1.10e-321
: protein batch + storage time + PC1-5
HDL cholesterol a 0.02 (0.01, 0.03) 9.10e-06
; « Continuous = linear regression
; * Binary = logistic regression
LDL cholesterol 1 H 0.25 (0.23, 0.27) 9.90e-140
Hypertension : = 0.7 (0.64, 0.76) 3.40e-134
Triglycerides E o 0.45 (0.43,0.47)  0.00e+00
Ischaemic heart disease E = 0.92 (0.84, 1) 1.10e-118
Diabetes E -o- 1.05 (0.96, 1.14) 1.30e-107
o0 0.5 1.0 1.5 2.0

observational estimate 14



0r QuEBSLAG
Mendelian Randomization with proteins

POQTL ~ protein > outcome
e o |

General preference for use of cis-pQTLs as instruments (excluding trans-pQTLS)
Lack of tissue specificity

Potential for reverse causality

15



Instrument selection

Perform GWAS and select pQTLs

'|Ogm(P)

Clumping for independent instruments

cis-pQTLs are generally +500kb of the protein gene coding
region

cis-pQTLs = within or close proximity to protein-coding gene

Suggests direct influence of pQTL on protein expression or
turnover

Considered to be more likely reflect direct or biological effect
More likely to have epitope effects
trans-pQTLs = not within or close to protein-coding gene

Indicates indirect link between pQTL and protein expression
or turnover

trans-pQTLs are likely to be pleiotropic

15
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Instrument selection example: PCSK9
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Protein MR In the UK Biobank

« Jl-sample MR
* For binary traits/diseases check prevalence in the UKB-PPP to ensure decently powered
* For a disease outcome exclude the “cases” from the GWAS for instrument selection
* Perform 2 Stage Least Squares (2SLS) with cis-pQTLs or an allelic score
 2-sample MR
e Sample overlap is likely to be a problem with most publicly available summary statistics

* Check the F-statistic for instrument strength - most cis-pQTLs will be strong instruments and less likely to be
iImpacted by this problem

* Perform Inverse Weighted Variance (IVW) or Wald ratio depending on number of available instruments

» Power calculator available: https://shiny.cnsgenomics.com/mRnd/

18


https://shiny.cnsgenomics.com/mRnd/

| 4 or aurmvsians
Performing MR

o

= 1. extract allele dosage 3. predict values of PCSK9

@ forcis-pQTLs (e.g. plink) using BPQTL_PCS,@ (e.g. ivreg)

o

% 2. estimate ﬁpQTL_ PCSKO9 4. estimate causal effect using

o (e.g. ivreg) predicted values (e.g. ivreg or gim)
—

PQTL - PCSK9 > outcome

1. extract cis-pQTLs in PCSK9 3. estimate causal effect
dataset and outcome dataset (e.g. TwoSampleMR, GSMR)

2. harmonise alleles between 4. sensitivity analysis as appropriate
datasets (e.g. TwoSampleMR) (e.g. TwoSampleMR, HEIDI, coloc)

2-sample MR

19



UKB MR example:
PCSK9

<= Observational
- 1-sample MR
== Sun et al. (2023)

2-sample MR

 We expect our observational association to be
the most significant association

* Looking for consistent alignment of beta
direction across different methods

« MR findings by themselves are not evidence
enough of a causal association

* Triangulation = integration of results from two or
more different study designs, that have different
and unrelated key sources of potential bias

Outcome
BMI

Cholesterol

HDL cholesterol

LDL cholesterol

Hypertension

Triglycerides

Ischaemic heart disease
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effect estimate

Beta (95% CI)

2.02 (1.92, 2.12)
-0.72 (-1.82, 0.38)
-0.29 (-0.72, 0.15)
0.39 (0.37, 0.42)
0.43 (0.15, 0.7)
0.55 (0.24, 0.85)
0.31 (0.27, 0.35)
0.02 (0.01, 0.03)
-0.04 (-0.13, 0.06)
0.01 (-0.01, 0.04)

-0.04 (-0.06, -0.01)

0.25 (0.23, 0.27)
0.39 (0.18, 0.6)
0.46 (0.22, 0.71)
0.46 (0.41, 0.5)
0.7 (0.64, 0.76)
-0.6 (-1.13, -0.06)
0.06 (-0.15, 0.26)
0.45 (0.43, 0.47)
-0.06 (-0.3, 0.18)
-0.07 (-0.15, 0.02)
0 (-0.04, 0.04)
0.92 (0.84, 1)

-0.78 (-1.55, -0.01)

0.41(0.13,0.7)

0.23 (0.16, 0.31)
1.05 (0.96, 1.14)
0.21 (-0.76, 1.18)
0.1 (-0.24, 0.43)

p-value

1.09e-321
2.02e-01
1.95e-01
1.73e-201
2.16e-03
4.27e-04
1.04e-48
9.08e-06
4.17e-01
3.03e-01
5.10e-03
9.88e-140
2.48e-04
2.45e-04
6.11e-76
3.41e-134
2.92e-02
5.86e-01
0.00e+00
6.23e-01
1.23e-01
8.69e-01
1.10e-118
4.80e-02
4.36e-03
1.05e-09
1.29e-107
6.76e-01
5.72e-01

20
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HEIDI (HEterogenelity In Dependent

Instruments)

Causality [Transcription]——-.[ Phenotype J

I
Causal variant

Pleiotropy [Transcription] [ Phenotype ]

\/

|
Causal variant

Linkage [Transcription] [ Phenotype ]

=
-

Causal variant 1 Causal variant 2

Zhu et al. (2015)

* Heterogeneity test of valid SNPs within a region of
interest

* Confounding due to linkage disequilibrium (LD) arises
from using tagged SNPs/non-causal SNPs as
instruments

* Interpreting results: for HEIDI a significant results
(p <0.05) indicates different causal variants responsible
for exposure and outcome

Example: PCSK9 and LDL-cholesterol

HEIDI
rs72905574 0.0360 0.0197 0.8269

21



Colocalisation

H1 {or H2} alJTL: 00010000
309 biom: 00000000
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genomic position

Giambartolomei et al. (2013)

Datasats
== TL
== Leomarker
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« Testing for a shared causal variant between our
exposure (protein) and outcome of interest
* H,: neither trait has a genetic association in the region
* H;:onlytrait 1 has a genetic association in the region

* H,:only trait 2 has a genetic association in the region

* H;: both traits are associated, but with different causal
variants

* H,: both traits are associated and share a single causal
variant

 coloc assumes a single causal variant, to allow for
multiple causal variants preform fine mapping with
SusieR

Example: PCSK9 and LDL-cholesterol

PP.HO PP.H1 PP.H2 PP.H3 PP.H4

0.00 1.52e279 0.00 0.00 1.00

22



Software applications

TwoSampleMR: https://mrcieu.github.io/TwoSampleMR/

MRbase: https://www.mrbase.orqg/

GSMR and HEIDI: https://yanglab.westlake.edu.cn/software/gsmr/

AER: https://cran.r-project.org/web/packages/AER/index.html

coloc: https://chrlswallace.qgithub.io/coloc/

SusieR: https://stephenslab.qgithub.io/susieR/reference/susie.html

biomaRt: https://bioconductor.org/packages/release/bioc/html/biomaRt.html

plink: https://www.cog-genomics.org/plink/

THE UNIVERSITY
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GSMR

Generalised Summary-data-based Mendelian Randomisaion

coloc

&
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https://chr1swallace.github.io/coloc/
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https://bioconductor.org/packages/release/bioc/html/biomaRt.html
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Recent publications — UK Biobank proteins

Article

Large-scale plasma proteomics comparisons
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https://doi.org/10.1038/241586-023-06563-x  Grimur Hjorleifsson Eldjarm"’, Egil Ferkingstad'”, Sigrun H. Lund'?, Hannes Helgason'?,
A Olafur Th. Magnusson', Kristbjorg Gunnarsdottir', Thorunn A. Olafsdottir’,
Received: 4 August 2022 Bjarni V. Halldorsson™, Pall 1. Olason’, Florian Zink', Sigurjon A. Gudjonsson',

Accepted: 22 August 2023 Gardar Sveinbjornsson’, Magnus 1. M ', Agnar Hel ", A dur Oddsson',

- Gisli H. Hallch ', K. M, '%, Saedis S dottir',
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3
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Article

Rare variantassociations with plasma
proteinlevelsinthe UK Biobank

httpe://doi.org/10.1038/241586-023-06547-x  Ryan S. Dhindsa'*"*, Oliver S. Burren™", Benjamin B. Sun®*®, Bram P. Pring®,
Dorota Matelska®, Eleanor Wheeler”, Jonathan Mitchell’, Erin Oerton®,

Received: 5 October 2022
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Medicine

Plasma proteins and onset of type 2 diabetes and
diabetic complications: Proteome-wide Mendelian
randomization and colocalization analyses

Authors

Shuai Yuan, Fengzhe Xu, Xue Li, Jie Chen,
Jie Zheng, Christos S. Mantzoros,
Susanna C. Larsson

™ |Check for updates
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Plasma proteomic associations with genetics
and healthinthe UK Biobank

hitps://doi.org/101038/s41586-023-06592-6  Benjamin B. Sun'™, Joshua Chiou™™, Matthew Traylor*™, Christian Benner'™, Yi-Hslang Hsu™",
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Gabi Kastenmiiller'™, Anurag Sethi”, Madeleine Cule®, Anil Raj”, Alnylam Human Geneties®,
A Z Genomics , Biogen Biobank Team®, Bristol Myers Squibb®,
G hH: G les*, GL 1Kline Genomic Sciences®, Pfizer Integrative
Biology*, Population Analytics of J. Data Sci *, R \Genetics Center®,
Lucy Burkitt-Gray™, Eugene Melamud™, Mary Helen Hlack' Eric B. Fauman
Joanna M. M. Howson®, Hyun Min Kang®, Mark |. McCarthy®, Paul Nioi”", Slavé Petrovski'™™,
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View current version of this article
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Blood protein levels predict leading incident diseases and mortality in UK
Biobank

Danni A. Gadd, "2 Robert F Hillary, Zhana Kuncheva, Tasos Mangelis, Remi Admanit, Jake Gagnen, Tinchi Lin,
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Recent publications — protein MR

Cell Genomics

Proteome-wide Mendelian randomization in global
biobank meta-analysis reveals multi-ancestry drug
targets for common diseases

Authors

Huiling Zhao, Humaria Rasheed,
Therese Haugdahl Nast, ...,
Benjamin M. Neale, Tom R. Gaunt,
Jie Zheng

Therapeutic targets for inflammatory bowel disease:
proteome-wide Mendelian randomization and colocalization
analyses

Jie Chen,™" Fengzhe Xu,"" Xixian Ruan,™" Jing Sun,” Yoo Zhang,” Han Zhang,” fianhwi Zhao,” Jie Zheng,” Susanna . Larsson, " Xiaoyan Wang,**™*
Kue 1i,*"" and Shual Yuan™*

ANALYSIS

https://doi.org,/10.1038/s41588-020-0682-6
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Phenome-wide Mendelian randomization
mapping the influence of the plasma proteome
on complex diseases

Jie Zheng 02, Valeriia Haberland ©'?, Denis Baird'?, Venexia Walker'?, Philip C. Haycock'?,

Mark R. Hurle?, Alex Gutteridge®, Pau Erola’, Yi Liu', Shan Luo'%, Jamie Robinson ©?,
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Sun et al. Genome Medicine (2023} 15.75 Genome Medicine
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RESEARCH Open Access

Identification of novel protein biomarkers o
and drug targets for colorectal cancer

by integrating human plasma proteome

with genome

Jing Sun', Jianhui Zhao', Fangyuan Jiang', Lijuan Wang?, Qian Xiao®, Fengyan Han®, Jie Chen', Shuai Yuan®,

Jingsun Wei?, Susanna C. Larsson®®, Honghe Zhang®, Malcolm G Dunlop’®, Susan M Farrington’,
Kefeng Ding®", Evropi Theodoratou™" and Xue Li"*'"

nature metabolism
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mediator of the effect of obesity on COVID-19
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O
Useful sites

* MR Dictionary: https://mr-dictionary.mrcieu.ac.uk/

« PCG Video Textbook: https://pgcanalytics.github.io/pgcvideotextbook/welcome.html

 Boulder 2021: https://www.colorado.edu/ibg/international-workshop/2021-syllabus
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oF QuEsiAND
Pseudocode: 1-sample MR

# load libraries
library(AER)

# run first stage
first_stage = iv_reg(exposure ~ instruments, data)

fitted_values = predict(first_stage, new_data)
# run second stage
# for continuous outcome

second_stage = ivreg(outcome ~ fitted values, new_data)

# for binary outcome

second_stage = gim(outcome ~ fitted_values, family = “binomial”, new_data)
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oF QuEsiAND
Pseudocode: 2-sample MR

# load libraries

library(TwoSampleMR)

# format data using TwoSampleMR

exp_dat = format_data(exp_input, snp_col, beta_col, se_col, eaf col, effect_allele_col, other_allele col, pval caol,
chr_col, pos_caol)

out_dat = format_data(out_input, type="“outcome”, snp_col, beta col, se_col, eaf col, effect_allele _col, other_allele_caol,
pval_col, chr_col, pos_col)

# harmonise exposure and outcome data sets

har_dat = harmonise _data(exp_dat, out_dat)

# perform MR

mr_res = mr(har_dat)
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