Assoclation Studies
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Ancestry Composition:

23andMe's State-of-the-Art Geographic Ancestry Analysis

23andMe's Ancestry Composition report is a powerful and well-tested system for analyzing ancestry based
on DNA, and we believe it sets a standard for rigor in the genetic ancestry industry. We wrote this
document to explain how our analysis works and to present some quality-control test results. Note: This
document goes into specifics for the current version of Ancestry Composition, offered to customers on the

V5 platform. For customers on previous platforms, click here.

Your Ancestry Composition report shows the percentage of your DNA that comes from 45 populations. We
calculate your Ancestry Composition by comparing your genome to those of over 10,000 people with
known ancestry. When a segment of your DNA closely matches the DNA from one of the 45 populations,
we assign that ancestry to the corresponding segment of your DNA. We calculate the ancestry for
individual segments of your genome separately, then add them together to compute your overall ancestry

composition.


https://www.23andme.com/ancestry-composition-guide/

Learning objectives

 Describe the differences and the pros and cons of sequencing
VS genotyping.

 Calculate and interpret odds ratios in case/control genetic
association studies.

* Interpret quantitative trait association studies.
« Understand role for imputation.



Genetic Variation and Disease

Effect size
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Manolio et al. Nature 2009; 461: 747-753.



Genetic data collection

« TagMan Polymerase chain reaction (PCR)
 Targeted, low throughput.
» Detect deletions and structural variations.

* Genotyping chip
 Targeted locations, high throughput.
 Detects single, a priori locations.
e Seguencing
 Collects all bases, increasingly high throughput.

« |dentify novel variants.
« Analyzing data more intensive
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Genotyping technologies (low-throughput)

Illumina SNPlex Sequenom TagMan

1500 - 300 SNPs 400 - 40 SNPs 40 - 5 SNPs 10 -1 SNPs



Chip Genotyping

Why we like SNPs:

« Abundant in the genome
 Easy to measure

Microfluidics, 96 samples x
96 assays, DNA probes with THw o n
fluorescent markers.

=

Fluidigm platform



Genetic assoclation studies using SNPs
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Assoclation studies

* Determine if a particular genetic feature (exposure) co-occurs
with a trait (disease) more often than would be expected by
chance.

 Binary: Calculate ‘odds’ of an outcome occurring.

* Framed as an ‘odds ratio’, the odds of an outcome after an exposure

(genotype) in relation to the odds of an outcome without the exposure
(reference genotype).

« Continuous: calculate change in an outcome for every unit
Increase of an exposure.
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Odds ratio

The odds ratio is our measure of association for a case-control study. It tells
us whether and how much an exposure increases the likelihood of our
outcome of interest. We need to look at two things:

The estimate -- the odds ratio itself. How big in the connection
between an exposure and an outcome? Are those with an exposure more
likely to have the outcome?

The p-value -- how certain are we that the odds ratio didn’t just
happen by chance?



Assoclation testing In case-control studies

| Diseasestatus | ____

_ Cases Controls Total

Genotype BB\ a b a+b
m C d c+d

atc b




measure of events out of all possible events
(Ratio) vs ratio of events to non-events (Odds)

. Risk of event in the Treatment group a/(a+b)
~ Risk of event in the Control group c/(c+d)
OR — Odds of eventin Treatmentgroup _ a/b

Odds of event in Control group c/d

If an outcome occurs 10 out of 100 times, the risk Is 10%
But the odds is 10/90 = 11.1%



Assoclation testing in case-control studies

|| Dpiseasestatus |
_ Cases Controls Total

Genotype M a b a+b
m C d c+d

1) Calculate the odds of the disease with the genotype and without the genotype

Odds that the M genotype occurs in a case: = %

Odds that the m genotype occurs in a case: = %



Assoclation testing In case-control studies

|| Dpiseasestatus |
_ Cases Controls Total

Genotype M a b a+b
m C d c+d

2) Calculate Odds Ratio (OR) as the odds that genotype M occurs in
a case divided by the odds that genotype m occurs in a case.

a/b B ad
C/d_bc

ad
OR—E



Assoclation testing in case-control studies

|| Dpiseasestatus |
_ Cases Controls Total

Genotype M a b a+b
m C d c+d

Odds that the M allele occurs in a case =
Odds that the m allele occurs in a case =

Hy,: OR =1 (no association)
OR >1 Indicates increased odds

OR <1 indicates decreased odds
(protective)

Qlas|a

The Odds Ratio (OR) is the odds that M occurs
In a case divided by the odds that m occurs in a case:

ad
OR_E



Confidence intervals for odds ratios

- Disease status
_ Cases Controls

Genotype M a b
m C d

_ Y _ad
OR= 2 = -

s.e(og(OR)= |2 +2+1+1

Confidence interval: !08(0R)£zq/2Xs.e(log(OR))

Lower limit of 95% confidence interval:e!08(0R)—-1.96xs.e
Upper limit of 95% confidence interval:e!08(0R)+1.96xs.e



Calculate— odds ratio and 95% confidence interval

e lowe wa

TT+TC
CC 20 86 106
Total 178 478 1656

ad
OR= o

s.e(log(OR))= \/% e




Odds ratio calculations — odds ratio itself

e lowe wa

TT+TC

CC 20 86 106
Total 178 478 1656
158 x 86
OR = 57~ 0 = 17332
ooy~ [y 1]
(fog 158 392 86



Odds ratio calculations — confidence intervals

e lowe wa

TT+TC
cC 20 86 106
Total 178 478 1656
OR = ;gg i gg — 1.7332 o | |
lower limit 95% confidence interval:
e-(log(OR)) = \/ﬁ T302 20 " 86 = exp(log(OR) — 1.96 x s.e.(log(OR)))

= exp(log(1.7332) — 1.96 x 0.2665) = 1.03

Upper limit 95% confidence interval: 2.92



Odds ratio calculations — odds ratio itself

e lowe wa

TT+TC
CC 20 86 106
Total 178 478 1656

OR=1.7
Turn this result into a sentence about effect of T allele in thyroid cancer.



Odds ratio calculations — odds ratio itself

e lowe wa

TT+TC

cC 20 86 106
Total 178 478 1656
OR=1.7
Turn this result into a sentence about effect of T allele in thyroid
cancer.

The odds of developing thyroid cancer are 1.7x times greater with an
T allele compared to without an T allele.



Why do we even use odds and odds ratios???

The odds ratio allows us to calculate the associations between an
exposure and an outcome without needing the frequency of the
exposure in the general population

(very useful to rare exposures, such as rare diseases).
(we’d have to sample A LOT of people to get a true population picture and even pick up one or two
cases of the disease)

The log(odds) allows us to transform this weird variable into a
linear form, which is easier for us to fit to models and interpret the
output.



Why do we use Log odds 5:26 - 8:42

Odds and Log(Odds)

Jiié“ ooooo
..Clearly Explained!!!



http://www.youtube.com/watch?v=ARfXDSkQf1Y

Often use logistic regression for case-control analyses

Allows you to adjust for relevant factors
« Population stratification, age, sex, matching variables etc

In (ﬁ): a+ B9+ Box, + ... 4Bri1X. (g is genotype, x,,...X, are covariates)
Coefficients are estimated using maximum likelihood estimation (MLE)

e In (1&) = log odds of an outcome

-p
» Test H,: f; =0 (likelihood ratio test, wald test, score test)
« The odds ratio is OR=e#1

. B, = SNP effect (log(OR)) & e " = OR



Logistic regression output

> Association<- gIlm(binaryPhenotype~HLA.B5701,family=binomial(link="Togit"),data=AbacavirData)
> summary (Association)

call:
glm(formula = binaryPhenotype ~ HLA.B5701, family = binomial(link = "logit"),

data = AbacavirData) "\\\\\\\\\\\\\\\\\\\\\\\\\
Deviance Residuals: —

Min 1o Median 3Q Max c—Iog(odds of a"ergy)
-1.3770 -1.3770 0.3349 0.9902 2.4478

Coefficients: a
Estimate §y6< Error z value Pr(>|z|)
AX5\\\‘§Intercept) -2.944 1.026 -2.870 0.00410 *=*
LA.B5701P 3.402 1.051 3.236 0.00121 #=*
Ssignif. codes: 0 ‘%%’ Jpﬂﬂl ‘%7 0.01 ‘*' 0.05 .7 0.1 ° 71
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 138.63 on 99 degrees of freedom

Residual deviance: 114.76 on 98 degrees of freedom
AIC: 118.76

Number of Fisher Scoring iterations: 5



Common models of penetrance

Effect Effect Effect
AA AC CC AA AC CC AA AC CC
Recessive Dominant Additive
Genotype coding: 0,0,1 Genotype coding: 0,1,1 Genotype coding: 0,1,2

Effect = mean of continuous trait or log(OR) of binary trait



Continuous outcome genetic association

* Linear regression (instead of logistic)
» Additive coding of SNP (0,1,2) most common

Y =a+ B *SNP + X

* B = SNP effect (for every SNP, unit increase in outcome)

« SNP = covariate coded (0,1,2)

« X = additional covariates (e.g. sex, study, age, PCs from population
stratification)



Multivariate analyses
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One predictor, one outcome
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Multivariate analysis
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Importance of setting your reference allele

Odds ratio when AA is reference: %/ 5 =% *3 =2
The odds of the outcome are 2x more likely among those with CC genotype
compared to among those with the AA genotype.

Odds ratio when CC is reference. %5 /% =% *3/,=0.5
The odds of the outcome are % as likely among those with AA genotype
compared to among those with the CC genotype.

These are the saying the same thing! But the language matters.



Always know and be purposeful on your reference

In epidemiology, the reference group always matters.
Exposure (gene allele reference)
Outcome (some outcomes have no “direction”) brown vs black hair

Population (other factors are always involved, i.e. age, diet, access to care).



Surrogate endpoints

Bisphosphonates

2. Osteoporosis —lb&r;w | el  Fracture

’, risk



Picking an endpoint

o Surrogate endpoints: an endpoint that in itself means nothing, but gives

information about an important endpoint.

o More proximal in the biological pathway.
s Time to detect and/or intervene.
s Can detect earlier and collect more people.

o Easier to measure, especially if an outcome often results in death.
o Monitor progress and change in risk.
o Cheaper to measure and conduct study.

o Problems with surrogate endpoints
o Misclassification -- loss of precision



We could also have turned Bone mineral density into a
binary outcome based on whether the measure was
below the threshold for high fracture risk:

Changes in Bone Mass with Age

—
o
o
o

Is the BMID more of less than

/)Og/cm?

/

Fracture Threshold

BONE MASS (grams of calcium)
(9]
3

o
o ~

20 40 60 80 100
AGE (years)



Quantitative vs categorical outcomes

Quantitative Binary
o Does not rely on subjective labels. ¢« Must decide cutpoint.
o Often more likely to detect o More straightforward message for
differences. action.
e Interpretation: increase in unit e Interpretation: increase in odds of
change of phenotype per unit phenotype per unit change in risk

change in risk factor. factor.



Interpretable cutpoints -> aids policy development

ga_g_ucmm 121-1390R

Diastolic between 81-89




Genotyping platforms can vary by studies, how can we
combine data or get more genotyping data than we
start with?



We can use LD In our studies: tagsnes

0 N N

............... R SR G g SR

Direct association Indirect association

MNature Reviews | Genetics

Hirschhorn & Daly. Nature Reviews Genetics 2005,
http://mathgen.stats.ox.ac.uk/impute/impute _v2.html



http://mathgen.stats.ox.ac.uk/impute/impute_v2.html

We can use LD In our studies: imputation
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http://mathgen.stats.ox.ac.uk/impute/impute_v2.html

Imputation

Due to LD, we can compare haplotypes between a “reference”
panel and our study and thereby guess genotypes

Study Individual: TAGGT?TGCCTA?CGT

Reference Panel Individual: TAGGTATGCCTAGCGT

https://mathgen.stats.ox.ac.uk/impute/impute_v2.html



Person 1
Person 2
Person 3
Person 4
Person 5
Person 6

Genotyping

Match genotypes
to a reference

GGCTATTTTGGGAA
CGCTATATACCCAT
GGCAATTTAGCGAT
GCCTATATACGGAA

Can you impute the
missing bases?



Person 1
Person 2
Person 3
Person 4
Person 5
Person 6

Genotyping
——=le———— G---A
———le———— G---A
———le———— C---A
-—=-A-—-——- G---T
———le———— C---A
———pA———— G—---T

Match genotypes
to a reference

GGCTATTTTGGGAA
CGCTATATACCCAT
GGCAATTTAGCGAT
GCCTATATACGGAA

Imputation

GGCTATTTTGGGAA
GGCTATTTTGGGAA
GCCTATATACGGAA
GGCAATTTAGCGAT
GCCTATATACGGAA
GGCAATTTAGCGAT

/Fiu in the blanks



Imputation

* Cost efficient

« Can assess more SNPs than we genotyped
(tagSNPSs)

 Allows us to keep our sample size
* Fill in missings for already genotyped SNPs

 Allows us to combine data from existing platforms and different
studies that genotype different SNPs



Imputation

* We can infer genotypes for SNPs we didn’t genotype (or failed
In the lab)
 Input: 550,000 SNPs in 10,000 individuals

* Reference panel: 2,504 individuals from the 1000 Genomes project
(>80M markers)

e Output: Imputed data for >80M markers for your 10,000 individuals

* In practice, we exclude markers that were only seen once in 1000Genomes so
we end up with ~47M markers)



Assessing SNPs across genotyping platforms

| HumanHap | Affy 6.0 | OmniExpress.
459,999 126,959 260,661
668,283 168,223
565,810

* 75,285 markers are on all 3 platforms

Lindstrom, PLoS One 2017



Imputation for studying SNPs across platforms

[llumina SNPs

Atfymetrix SNPs

—_————— ————
Overlap SNPs

—_ —_— i




Imputation for studying SNPs across platforms

[llumina SNPs

Atfymetrix SNPs

—_————— ————
Overlap SNPs

—_ —_— i




Known genotypes
-=== Genotypes being imputed

®

Impute panel 0-specific
variants into panel 1.

Reference panel 1
(e.g., study-specific)

Reference panel 0
(e.g., 1000 Genomes)

Impute panel 1-specific
variants into panel 0.

O,

Use merged reference panel
to impute untyped variants
in GWAS dataset.




Imputation

* The imputation quality score r> measures how well a SNP was
Imputed.

* Ranges between 0 and 1.

A quality score of r> on a sample of N individuals indicates that the
amount of data at the imputed SNP is approximately equivalent to a set
of perfectly observed genotype data in a sample size of r°N.

 Typically, a cut-off of 0.30 or so will flag most of the poorly imputed
SNPs, but only a small number (<1%) of well imputed SNPs. Caveat:
This is not true for rare SNPs



Imputation

 Factors that affect imputation quality:
 Number of genotyped SNPs in your data
 Size of reference panel
 Similarity in genetic ancestry between reference and study samples

« Allele frequency



What if we don’t know what
variants to test or they are too
rare to impute?



Sequencing vs Genotyping: Discovery Array imaged to analyze

signal at all beads

Genotyping:

« Common variants (>5% allele frequency)

« large cohorts (cheaper)

. toidentify regions of the genome associated with an outcome
« less computationally demanding to get a person’s alleles.

Sequencing:

o Rarevariants

« Discover new variants in individuals or small samples (compare children and parents)
« Vvery detailed data

o to add variants across the same gene in studying an effect.

20 30
€ C G 6 €C G C TG €CC CC C TG G




Genotyping Output

152569254 - BCAC QC samples - iCOGs

2.5 -

Genotype counts
e AA=3520
« AG»32,399
e GG»70389
e NC=20

1.4 -

1.2 -

rs13422767 - BCAC QC samples - iCOGs

Genotype counts
s AA=4003
» AG=32,089
e GG=T70599
e NC=16

00 02 04 056 08
X

]

10 12 14

Li, Nat Comm 2014



Genotype cluster plot for rare variants

MHI (rs77375493) SHIP (rs77375493
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Auer, Nat Genet 2014



Sequencing to identify rare variants.

Same variant shared by individuals in a small group.
Multiple variants in the same gene in individuals with the same condition.

Variants unique to an individual in an important gene.




Moore's Law

National Human Genome
Research Institute

genome_gov/sequencingcosts

3

i e

20012002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

$1K




Sequencing Technologies

e Sanger sequencing uses real time PCR
* 99.99% accuracy
» Used for high-accuracy reads of smaller regions

* Next Gen sequencing sequences many segments at once
* Also called: massively parallel sequencing
* High throughput
* Used for multi-gene reads and larger samples



Sequencing =00
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Seqguencing alignment and depth

Depth: The number of times one basepair is sequenced

Genome of individual re-sequenced
by aligning short reads against the

referance genome ACCTTAGATCACTACAGAAT IGoASCTGOTAGCTGTTAGACA
IGOGECGRCCTTAGATCACT CIFCAGCTGCTAGCTGT TAGAC
_ TACCGOGGOGACCTTAGATC ATTAGACCCAGTAGCTGOAGCTS
] TACAGGTTAGGATTAGOGE CACCACAGAATARRATATTATT
RACCTTCGATCACTACAGG '.“IA!'J'!"A.T!.EM-EEELELT‘[‘
ATTRATGCETOGACCTTCG ATRTATACOEOGGCGRECTTAG
IGEATTRATGORTCGACCT GOGCTTAGACATTABRTATACE
TCOGATTRATCOROTOREADD .TlﬂﬂhﬂhhﬂhﬂTﬂ.ﬂm
FELGGAT TART GO TOGAL a'qrrA-EEE-ETT.il.G!EAT'!'Ah']ITI.T
.uﬁcmcmanurac:clr JCTTAE!I:A.!“IP-.H}I"J;TLCCE:
ITAGTTATARRGCGECGEAT TTAGGAT TAGOGCT TAGACATT
ACATTRAGTTATARRGOGGE TACAGGTTAGGATTAGOGCTTA reference genome sequence
Individual is Individual is
homozygous T al this heterozygous at this

AT polymorphism. GJA polymorphism.



Nanopore sequencing

Works on a single DNA strand. No PCR amplification; No chemical labeling.

Feeds DNA through a very tiny hole, sends an electric current, and
determines the DNA base based on how the current flows.

Nanopore sequencing of DNA




Sequence Assembly

CTCGCGCGAT
ACCCTCG
GCGATAG
ACTTAATAC
ACCCTCGCGC
GCGATAGACTTA



Sequence Assembly

ACCCTCGCGCGATAGACTTAATAC

CTCGCGCGAT
ACCCTCG
GCGATAG
ACTTAATAC
ACCCTCGCGC

GCGATAGACTTA



Sequence Assembly: Other Considerations

* Assembly type: De novo or mapping sequence assembly
* Read length: usually 100-700bp
* Read depth: 30 is gold standard



Sequence Assembly: Why Read Depth
Matters

ACCCTCGCGCGATAGACTTAATAC

ACCCTCG
ACCCGﬁGC
CTCGCGCGAT
GCGATAGACTTA
GATAG
ACTTAATAC



®'RNA Baser ¥2.60.76 - License: Trial version [Home mode] - [Assembly window - Contig BATCH ASSEMBLY - Mismatches: 200] = |E’ |i|

W [0) File o) Wiew ) Search  of Edt [ contig  fy) Chromatogram Gy Window @3 Help  [ET] Beta bester == x|
o
>
-
roet
Bcvo 7 o4 e T G alc T e ac e T T E GG AT TCGCCCTTIRTAATGGTCTGGECTTAGACGATGT ACTIRalR TAaT R TA T TCcaTAGT I GTAGTI GCaGh ClaalfT claad
FiCMO 268 C14 2] GG AACT T ACGGCGCGATTCGCCCTTGTAATGGT CTGGCTTAGACGATGT ACTICIACTACTTGT TCATAGTAGTAGTCGCAGTCAATTCHEDALC
oMo 271 114 20) TGGATCTGAGT CRCGATTCGCCCTTGT ATGGTCTGGCT T AGACGATGTACTICACTACTT AT TCATAGTAGT AGTCGCAGTAAACTCT A
FCMO 273 MI4 2] GGGT CTGCCGTCGCGATTCGCCCTTETAATGGT CTGGCTTAGACGATGT ACTICIACTACTTATTCATAGTAGTAGTTGCAGTTAACTCECAC
BCMD 275 816 20 GGGT CGCCGRGGECGCGEATTCGCCCTTGT ATGGTCTGGCTTAGACGATGTACTICACTACTT AT TCATAGTAGT AGTCGCAGTCAALCTCAAC
F CMO 267 Al4 2 AGTCEACGEETCECGAT TCGCCCTTATAATGAT CTAGCTTAGACGEATGTACTICACTACCCATT CATAGTGEGETAGTTGCAGTTAACT CAALC(
Fcmo 276 Cl6 2 TEGEACEECEECECEATTCGCCCTTETAATGGT CTGGECTTAGACGATGTACTICIACTACTTATT CATAGTAGTAGTEGCAGTAAALCT CT A (
F cMo 277 E16 2 AGEECTHECEECECGAT TCGCCCTTCTAATGAGT CTAGCTTAGACGATGTACTICACTACT T ATT CATAGTAGTAGTTGCAGTTAACT CCA(
Fcmo 278 Gl6 2 TEATTGECGEGECCECEAT T CGCCCTTETAATGGT CTGGECTTAGACGATGTACTICIACTACTT QT T CATAGTAGTAGTEGCAGTAAALCT CT A
FCMo 269 Eid 2 TGTCGEGAAGT CGECEATTCRCCCTTRTAATGGT CTGGCTTAGACGATGTACTICIACTACTTATT CATAGTAGTAGTCGCAGTCAACTCALALC(
Fcmo 270 G14 2 AGATTEAGTCGCEATTCRCCCTTRT  ATGGTCTGGCTTAGACGATGTACTICIACTACTTATTCATAGTAGTAGTCEGCAGTCAATTCAA(
Ruler (x10) 1 2 3 ‘ 5 6 7 5 s
COMNTIG TCACCCTTHETAATGEIRTCTGEC T TAGACGATGTACTICACTACCETET TCATAGTRGTAGTEGCAGTITAACT CTACJ
3
’ | w ———
@Nen @Flnlshl e coritig | 4 _PI , " , hap
-
SEPCLLLE LS L LR EEL LM L L EL R L L LR LR L LR L L L ——LLLLLLLLEE
TGACTGACGTT CG CG ﬁTTCGCCCTTGTMTGGTCTGGCTTﬁGﬁCG.&TGTﬁCTCﬁTTﬁTTTﬁTTCATﬁGTTGTﬁGTTG CAMCTCAACT TTGT TAACAATTAAL
|
- L L L L e e L L L L L LTS LR L LTI - e ELELLLELELELL
GAMGTT ACG G GG EG & TTCGCCCT TG TAAT GGT CTGGE TTAGACGAT GTAC TCAC TAC TTGTTCATAG TAGTAGTCGLAG TIEAAT TCAACTO TGL TAACAAT TAA
|

/A
e ooyl b, .hmggl.ﬁhhuh AV A aa ) .Ali‘..w--- Al

s =
GASCTT ACG G CGCG A& TTCGCCCT TG TAAT GGTC GCTTAGACGATGTAC TRAC TAC T T T ATAGTAGT G A6 TCAST TCAACTCTGC TAACAR

—H‘b—-—

L

CG EE ATTEGCEETTGT AT GGTETGGETTAGAEGATGTAETEAETACTTATTEATAGTAGTAGTEGEAG TAAAETCTAETCTGETAAETATEAAT

ool ol At oo O A

A r, g. 2 A
CG 06 ATTCGCCCT TGT AT GGTETG CT GACGATGTACTR&AC TACT TAT TCATAGTAGTAGTCGCAG TAAACTCTACT GCTAACTATCAR T

- _!_..- .F_lll.llll.!!lI.-.l..--.l.....ll ..-.-..-- I......_ __._..Ill-llll I!!ll.

GGTCTECCG T CGE LG ATTCGCCCT TG TAAT EGTCTEGCTTAGAEEATGTACTEACTAETTATTCATAGTAGTAETTGEAETTAACTEEACTTTGTTAACGATTAAI

| Contig saved as 'Contig - BATCH ASSEMBLY



M ame Lengt Avw. g Quality graph Bazes
CACATAGGAGTCCAGSAACACTGCTGCTGAGG T...T...._..

39

= I 1T

SRRO0070Z. 24
SRROOO7OZ.2E 36
SRRODO7OZZE 36
SRRODO70Z2E 36
SERO0O70Z2E 36
SHRROOOYOZ. 26 36
SRROOO7OZ.2E 36
SRROOO7OZ.2E 36
SRRODO7OZZE 36
SRRODO70Z2E 36
SERO0O70Z2E 36
SHRROOOYOZ. 26 36
SRROOO7OZ.2E 36
SRRODO7OZZE 36
SRRODO70Z2E 36
SERO0O70Z2E 36
SHRROOOYOZ. 26 36
SRROOO7OZ.2E 36
SRROOO7OZ.2E 36
SRRODO7OZZE 36
SRRODO70Z2E 36
SERO0O70Z2E 36
SHRROOOYOZ. 26 36
SRROOO7OZ.2E 36
SRROOO7OZ.2E 36
SEROOOYDZ.2¢ 36

TGECTGECTGAGGACTCTGGTGETGLAGGETGTETT
CCTTGGECTCTCAAAALGET GAGAT TACAGGCGTGA
CACATATACACACCT CLACATACACACACAGATCGG
CATGGGECTGTAGGAT TAGATAAGCATACT TGCTAT
CACTGGGGETTTEATCGGACGCTGTGTCTCACCGLG
CAGLACTGAGTTTCTGAGAGAGTGGLCCAGLCTGGGET
TTGTATTTGGLAAGGGGTTGETTGTTATAGCTTGTT
CAGGARAAGGGAAATGTERGET TRRAAGCTTTAATTG
CATATAAAACCCTCT TCCCCTTTCAACACACT TAAT
CTCGGETCACTGCAAACTCTGET TCCCAGGTTCATG
THMMMNNNNMNNNNNNNENNNNNNNNNNNNNNNNE
CAGTGTTGETTGETTCTGTTTTACATGTACTAGTAG
CAATACACATCTACCGACACACACACT CATACACAL
CAAGAGGLCATGLGGEGATGTGCTCTATCCTRTTTTGT
CATTCCATTCTATTGCATTCCATTCTATTCTGTTTA
CCATTCCATTCCATTCCATTCCATTCCATTCCATTE
ATCCATTTACATAGCAMATGGCTGGRATGTGCCCTTE
GGELAGGAGCTCCCCATATGLT GLAACAGCT TCCT Ak
CCCACGGTATCCATAAGT GLRAGTCAAT GCCTCT GAR
TATATCACACACACAT TTTATACACTCASACTGTTT
CACTTGATTTTTGAGLCCTTATAATAAGGLTAGAGAG
TCTCCCCACAGAT GAGCAGCAGCTGLT CAGGGLT GA
CATGLACCHCAACATTCAGCTAGTATTTTTATTTTT
CAAACTATTCACACACAAACT CTACACACATAT AL
TECATAATCTTGGETCACT GLAACCTCCACT TCCAG
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Phred Q scores: probability of incorrect call
p = 10~(-Q/10) Sequence ID Sequenced Read

SRREE1 768 . 2370491
GLOTTAGGGTTAGGGT TAGGOTTAGGGTTAGGGT TAGGGTTAGGGT TAGRGT TAGGGT TAGGGT TAGE
+

et

Blank  “Quality Score
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Phred guality scores are logarithmically linked to error probabilities

Phred Quality Score | Probability of incorrect base call | Base call accuracy

v _GCJ 10 1in 10 90%
L _
*: S 20 1in 100 99% -
o Y5 ) _
- 9 o 30 1in 1000 99.9%
o & O : _
T S 40 1in 10,000 99.99%
c
50 1in 100,000 99.999%

60 1in 1,000,000 99.9999%



A chr1

p36.23 p36.12 p35.1 p34.1 p322 p31.2 p223 p21.3  pl133 pl2 ql2 q21.1 q22 q24.1 q25.2 q31.1 q32.1 q41 q42.13 q43
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ECATGGCAGTTTGATGGCGAGTATCGGGGAGATGACTACACAGCCACTCTGACCCTAGGAAATCCTGACCTGATTGG|
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You have a new variant. Now what??

If they change the amino acid structure, algorithms to predict pathogenicity:

SIFT: Sorting Intolerant From Tolerant. Based on sequence homology across

species and chemical properties of amino acids. If it is the same, it must be
important. Closer to zero = worse.

Polyphen-2: Based on protein structure and function predictions. Such as
where in the protein the change occurs. Closer to 1 = worse.

Can have very different answers! Prediction is hard.
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PolyPhen-2 report for P41567 L59P (rs3390)

Query
Protein Acc  Position AA, AA; Description

Canonical. RecName: Full=Eukaryotic transiation inltiation factor 1; Short=elF 1. AitName: Full=A121; AltName

P1087 v . Full=Protein transiation factor SUIY homolog, AName: Full=Suitiso1; Length: 113

Results

|4+ Prediction/Confidence PolyPhen-2 v2.2.2r398
HumDiv

This mutation s predcted lobe POSSIBLY DAMAGING with a score of 0.895 (sensitivity. 0.82. speciicaty. 0.94)

0,00 0,20 0.4 0.60 0,90 1.00
4+ HumVar
Details
4+ Multiple sequence alignment UniProtKB/UniRef100 Reloase 2011_12 (14-Dec-2011)

[+ 3D Visualization PDB/DSSP Snapshot 03-Jan-2012 (78304 Structures)




—=| Multiple sequence alignment
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UniProtKB/UniRef100 Release 2011_12 (14-Dec-2011)
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Shown are 75 amino acds surrounding the mutation position (marked with a black box). An interactive version of the complete alignment is aiso avagable

-~ 3D Visualization

Jmol script termenated

Zoom into mutation

Resel vwew

PDB/DSSP Snapshot 03-Jan-2012 (78304 Structures)
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EntrylD: 2IF1
ChainlD: A

Residue: Leu72
identity: 100.0%
Overap: 1000°

(113 aa)




Variant Effect Predictor @

Species: B Human (Homo sapiens) rd

Assembly: GRCh37.p13 (If you are looking for VEP for Human GRCh38, please go to GRCHh38 websited.)

Name for this job (optional):

Input data: Either paste data:

o

Examples: Ensembl default, WCF, Wariant identifiers, HGWS nofations, SPDI

Or upload file: Choose File | No file chosen
Or provide file URL:
Transcript database to use: ®  Ensembl/GENCODE transcripts

() Ensembl/GENCODE basic franscripts

) RefSeq transcripts



Sequencing in Founder Populations

e Osteoporosis is a disease in elderly people, resulting in
decreased bone density

* Many treatments may be carcinogenic

* A treatment for osteoporosis discovered by identifying
SOST gene implicated in sclerosteosis in Dutch Afrikaner
population

e Autosomal recessive disorder




All but one patient with sclerosteosis in the 22-family sample shared

the same SNP
r

TAGTGGAGGGCCAGGGGTGGCAG
vV E G Q G W Q

Results in a
TAGTGGAGGGCTAG}GGGTGGCAG premature stop
A
codon




-> Drug Development

* A drug was developed to deplete or inhibit sclerostin in people with
osteoporosis

Proliferation Matrix maturation - Lining cell
(osteoblast & mineralization
progenitors) Matrix formation (mature osteoblasts

(early osteoblasts)
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Apoplosis




Summary

» Genetic data can be collected through genotyping or
seqguencing.

» Odds ratios give the odds of an outcome In relation to a
reference.

* Linear and logistic regression allow adjustment for other factors.

 Imputation leverages linkage disequilibrium to estimate data not
collected.



