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Goals

e |dentify quantitative trait loci (QTL)
(and interactions among QTL)

e Interval estimates of QTL location

e Estimated QTL effects

Statistical structure

QTL Covariates
Markers — ------------ > Phenotype
The missing data problem: Markers —— QTL
The model selection problem: QTL, covariates — phenotype



e Also known as marker
regression.

e Split mice into groups
according to genotype at a
marker.

e Do a t-test / ANOVA.

¢ Repeat for each marker.

Advantages
e Simple.
e Easily incorporates covariates.

e Easily extended to more complex
models.

e Doesn’t require a genetic map.

ANOVA at marker loci
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ANOVA at marker loci

Disadvantages

e Must exclude individuals with
missing genotype data.

e Imperfect information about QTL
location.

o Suffers in low density scans.

e Only considers one QTL at a time.

Interval mapping

Lander & Botstein (1989)

e Assume a single QTL model.
e Each position in the genome, one at a time, is posited as the putative QTL.

e Let g = 1/0 if the (unobserved) QTL genotype is BB/AB.
(Or 2/1/0 if the QTL genotype is BB/AB/AA in an intercross.)
Assume y|q ~ N(uq,0)

e Given genotypes at linked markers, y ~ mixture of normal dist'ns with
mixing proportions Pr(q | marker data):

QTL genotype
M; M, BB AB
BB BB (1—r)1—=rr)/(L—1) rre/(1—r)
BB AB (1—r)rR/r r(l—rr)/r
AB BB r(l—rr)/r (1 —r)rR/r
AB AB rrr/(1—r) 1-r)1-rg)/(1—r)

Genotype probabilities

Calculate Pr(q | marker data), assuming
e No crossover interference

e No genotyping errors

Or use the hidden Markov model (HMM) technology
e To allow for genotyping errors
e To incorporate dominant markers

o (Still assume no crossover interference.)



The normal mixtures

7 cM 13 cM I AB/AB

M1 Q M2 Ho M1

e Two markers separated by 20 cM, -
with the QTL closer to the left Ho I
marker.

e The figure at right shows the
distributions of the phenotype

e 2 M
conditional on the genotypes at ’ .
the two markers. 5B/BB

e The dashed curves correspond to : — ‘ ‘
the components of the mixtures. 20 40 M g K 80 100

Phenotype

Interval mapping

Let p; = Pr(q; = j|marker data)
yilai ~ N(piq,, %)
Pr(yimarker data, yuo, 11, o) = >~ pi f(yi; 15, o)

where f(y; u, o) = exp[—(y — n)?/(20°)]/v2ro?

Log likelihood:  1(uq, p11,0) = >, log Pr(y;|jmarker data, s, 111, o)

Maximum likelihood estimates (MLEs) of puyg, p1, o:

values for which I(p, 111, o) is maximized.

EM algorithm

Dempster et al. (1977)

E step:

A(k=1) A (k—1)

Let Wi(jk)zPr(qizjly;,marker data, i, ", iy, &%)

Alk=1) A(k—
Pij f(yMUJ( 1),U(k 1))
Alk=1) A
E i Pjj f(yi:,uj( 1),0'“(71))

M step:
A~ k k
Let " = i/ 5wy’

61 = /5 0wty — A2/
The algorithm:

Start with wi(j” = pjj; iterate the E & M steps until convergence.

LOD scores

The LOD score is a measure of the strength of evidence for the presence of a QTL
at a particular location.

LOD(\) = logy, likelihood ratio comparing the hypothesis of a
QTL at position A versus that of no QTL

_ Pf(y|QTL at )\7,&0)\7/21)\76/\)
= log1g { Pr(ylno QTL./.,6)

flox, fl1), 0 are the MLEs, assuming a single QTL at position .

No QTL model: The phenotypes are independent and identically distributed
(iidl) N(yz, ).



LOD score

Interval mapping

LOD curves
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LOD thresholds

Large LOD scores indicate evidence for the presence of a QTL

Question: How large is large?

LOD threshold = 95 %ile of distr'n of max LOD, genome-wide, if there are
no QTLs anywhere

Derivation: e Analytical calculations (L & B 1989)
e Simulations (L & B 1989)
e Permutation tests (Churchill & Doerge 1994)

21

Null distribution of the
LOD score

o Null distribution derived by
computer simulation of backcross
with genome of typical size.

e Dashed curve: distribution of LOD
score at any one point.

e Solid curve: distribution of
maximum LOD score,
genome-wide.

LOD score

22

individuals

markers

genotype
data

phenotypes

Permutation test

maximum
LOD score

E— LOD scores _—

Permutation results

Genome-wide maximum LOD score
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LOD support intervals Haley-Knott results
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Haley-Knott regression H-K with selective
genotyping
A quick approximation to Interval Mapping.
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Extended Haley-Knott

Like H-K, but also take account of the variances.

Let  mi=E(yilMi) = > pisy
vi = var(yi|M;) = E[var(yilai) [Mi] + var[ E(yi|a) |M]
= %+ 32 pily — mi)?

IM: yi|M; ~ mixture of normals
H-K: pretend y;|M; ~ N(m;, o)

eHK: pretend y;|M; ~ N(m;, v;) (Again need an iterative algorithm.)
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The normal mixtures,
again

7cM 13 cM

e Two markers separated by 20 cM,
with the QTL closer to the left
marker.

e The figure at right show the
distributions of the phenotype

) Ho Ha
conditional on the genotypes at
the two markers.

BB/BB
e The dashed curves correspond to

T 1 T T T 1
the components of the mixtures. 20 40 M g M 80 100

Phenotype
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eHK results
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Multiple imputation

If we had complete genotype data, analysis would be easy, so:

o Fill in missing genotype data (at random, conditional on observed data)
e Calculate LOD curve

o Repeat many times

e Average the LOD curves

32



The imputations

Genetic map:

Observed data:

Imputations:

H =AA
B =AB

O =missing
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Imputation results
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e ANOVA

Easy and fast, but must omit ungenotyped individuals.

e standard interval mapping

Gold standard; but hard to extend, not fast, and can give spurious LOD peaks.

¢ Haley-Knott regression

Easy and fast, but performs poorly in the case of selective genotyping.

e extended Haley-Knott

More robust than IM, better approx’'n than H-K, but not fast and not easy to extend.

e multiple imputation

Slow, but easy to extend; especially good for multiple QTL models.
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Modelling multiple QTL

e Reduce residual variation — increased power

e Separate linked QTL

e [dentify interactions among QTL

Ave. phenotype

Additive
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60 —
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20

QTL2

QTL1

Ave. phenotype

Epistasis in BC
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80 4
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60 - ,

40

20

QTL1
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2-dim, 2-QTL scan
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For all pairs of positions, fit the following models:

Hf :y = i+ Big1 + Boaz + yauqe + €

Ha5y:M+ﬁ1q1+ﬁ2q2++€

Hi:y=p+ i1+
Ho:y=pu+e¢

log, likelihoods:

l¢(s, t) la(s, t)

l1(s)
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2-dim, 2-QTL scan

LOD scores:
LODx(s,t) = l¢(s,t) — lo
LOD, (s, t) = ls(s,t) — o
LOD;(s,t) = l¢(s,t) — la(s, t)

LOD;(s) = ly(s) — Io
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Summaries

Consider each pair of chromosomes, (j, k),
and let c(s) denote the chromosome for position s.

M¢(j,k) = max LODxs(s,t)
c(s)=j,c(t)=k

M.(j, k) = c(s)g}%gf):k LOD,(s, t)

M;(j,k) = max LOD;(s)

c(s)=jork
Mi(, k) = Me(j, k) — M,(j, k)
val(ja k) = Mf(j7 k) - Ml(j7 k)
Mavl(ju k) = Ma(J7 k) - Ml(.j? k)
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Chromosome

Chromosome

Results: LOD; and LOD;
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Results: LOD; and LODy

Chromosome
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Results: LOD, and LODq,
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e The estimated effect of a QTL will
vary somewhat from its true
effect.

¢ Only when the estimated effect is
large will the QTL be detected.

e Among those experiments in
which the QTL is detected, the
estimated QTL effect will be, on
average, larger than its true
effect.

e This is selection bias.

e Selection bias is largest in QTLs
with small or moderate effects.

e The true effects of QTLs that we
identify are likely smaller than
was observed.

Selection bias

True variance explained = 2.5%
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Power = 12%
Bias = 174%
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True variance explained = 5%
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Implications

e Estimated % variance explained by identified QTLs
e Repeating an experiment
e Congenics

e Marker-assisted selection

X chr in a backcross

— S

ESSSSSSSNY——]

47

48



(AxB)x (AxB)

(B x A) x (A xB)

ESSSSSSSISRY—]
— N
ESSSSY

¢ Save effort by only typing the
most informative individuals (say,
top & bottom 10%).

e Useful in context of a single,
inexpensive trait.

e Tricky to estimate the effects of
QTLs: use IM with all
phenotypes.

e Can't get at interactions.

o Likely better to also genotype
some random portion of the rest
of the individuals.

X chr in an intercross

log, liver
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e Examples : treatment, sex, litter,
lab, age.

o Control residual variation.
e Avoid confounding.

e Look for QTL x covariate
interactions

LOD score

% myocarditis

Covariates

Chromosome 6

Non-normal traits
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e Standard interval mapping assumes normally distributed residual variation.
(Thus the phenotype distribution is a mixture of normals.)

o In reality: we see dichotomous traits, counts, skewed distributions, outliers,

and all sorts of odd things.

e Interval mapping, with LOD thresholds derived from permutation tests,
generally performs just fine anyway.

e Alternatives to consider:

— Nonparametric approaches (Kruglyak & Lander 1995)
— Transformations (e.g., log, square root)

— Specially-tailored models (e.g., a generalized linear model, the Cox
proportional hazard model, and the model in Broman et al. 2000)




Data diagnostics

e Plot phenotypes
e Segregation distortion
e Genetic maps/marker positions

e Genotyping errors
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