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C
hapter 5.  M

ultiple m
arkers and m

ultiple traits

5.1  Introduction

A
s w

e already noted in C
hapter 1, it is now

 possible using D
N

A
-level m

arkers to obtain as
m

any polym
orphic m

arkers as desired for any species of interest.  T
hus, it is now

 possible to
conduct com

plete genom
e scans for Q

T
L

 affecting any 
trait of interest.  In the previous

chapter w
e discussed pow

er to detect segregating Q
T

L
, based on the assum

ption that each
m

arker or m
arker bracket w

as tested separately.  If the num
ber of m

arkers included in the
analysis is large, the individual test type I error rate is no longer appropriate.  For exam

ple, if
100 tests are perform

ed, five should be "significant" at the 5%
 level purely by chance. T

he
traditional approach to deal w

ith m
ultiple com

parisons has been to control the "fam
ilyw

ise
(or experim

entw
ise) error rate" (FW

E
R

), instead of controlling the 
"com

parisonw
ise error

rate" (C
W

E
R

).  T
he FW

E
R

 is controlled by setting the rejection threshold sufficiently strict
so that the probability that any of the null hypotheses tested are erroneously rejected is
below

 a specified low
 level, usually 0.05.  For uncorrelated hypotheses, the FW

E
R

 can 
be

readily com
puted by the "B

onferroni adjustm
ent".  H

ow
ever, linked m

arkers are correlated.
A

lthough the vast m
ajority of studies have considered m

ultiple traits, nearly all studies
have analyzed each trait separately.  O

nly a few
 studies have considered the 

theoretical
aspects of m

ultiple trait Q
T

L
 analysis (K

orol et al., 1987, 1995, W
eller et al., 1996).  In this

chapter, w
e w

ill first consider the specific theoretical problem
s related to m

ultiple trait
analysis.  W

e w
ill then describe the 

m
ethods that have been proposed to deal w

ith these
problem

s.
A

 third level of m
ultiple com

parisons in addition to m
ultiple m

arkers and traits, that w
ill

be considered is m
ultiple pedigrees.  For exam

ple in daughter and 
granddaughter designs

should each fam
ily be analyzed separately, or should data be analyzed jointly 

over 
all

fam
ilies, even though the Q

T
L

 are segregating in only som
e of the pedigrees.

5.2 M
ultiple m

arkers and w
hole genom

e scans

T
he problem

 of m
ultiple m

arkers w
as first considered in detail by 

L
ander and B

otstein
(1989).  T

hey presented analytical form
ula for tw

o specific situations; a "sparse" m
ap, and a

"dense" m
ap.   In the form

er they assum
ed that the m

arkers w
ere sufficiently far apart that

the individual tests could be considered independent.  In this case the FW
E

R
 can be com

puted
by the "B

onferroni adjustm
ent" (Sim

es, 1986) as follow
s:

α
 =

 1 - (1 - p) n
{5.1}

w
here α

 = FW
E

R
, p = com

parisonw
ise type I error (C

W
E

R
), and n =

 num
ber of m

arkers. 

For sm
all α

, p is approxim
ately equal to α

/n, the form
ula presented by L

ander and B
otstein

(1989).  In the latter case they assum
e that m

arkers a sufficiently close so that all "sites"



along the chrom
osom

e are being tested for segregating Q
T

L
.  In this case, the expected num

ber
of regions w

ith a t value greater than the critical value for p, µ
(T

), can be com
puted as follow

s
for either the B

C
 or F-2 designs (L

ander and K
ruglyak, 1995):

µ
(T

) =
 [C

 +
 2G

T
2]p

{5.2}

W
here C

 =
 num

ber of chrom
osom

es, G
 =

 genom
e length in M

organs, and T
 = the standard

norm
al distribution value for 

p.  For sm
all values of µ

(T
), µ

(T
) tends to α

.  L
ander and

B
otstein (1989) present a sim

ilar form
ula for likelihood ratio tests. For the full-sib design, it is

necessary to m
ultiply the term

 2G
T

2 by a factor of 2.  For a dense m
ap scan of the bovine

genom
e by the daughter design, a com

parisonw
ise probability of approxim

ately 
4×10

-5,
com

parable to a t-value >
 4, is required to obtain an FW

E
R

 of 0.05.  R
equirem

ent of such a
stringent type I error results in a corresponding increase in the type II error.  T

he alternative
is replication of significant results on an independent sam

ple.  T
o deal w

ith the problem
 of

appropriate thresholds for declaration of significance, L
ander and K

ruglyak (1995) propose
the follow

ing criteria:

1.  Suggestive linkage - obtaining a test statistic w
ith the C

W
E

R
 corresponding to µ

(T
) = 1, or

the expectation that a test statistic of this m
agnitude should occur no m

ore that once b
y

chance in a com
plete genom

e scan.

2.  Significant linkage - obtaining a test statistic w
ith a C

W
E

R
 required for µ

(T
) < 0.05.

3.  H
ighly significant linkage - obtaining µ

(T
) < 0.001.

4.  C
onfirm

ed linkage - significant linkage confirm
ed by 

obtaining p<
0.01 on a 

second,
independent study.

L
ander and K

ruglyak (1995) also propose that, unless there is a reason to focus a priori on a
specific chrom

osom
al region, type I errors should be based on com

plete genom
e scans, even if

the num
ber of m

arkers actually analyzed w
as lim

ited.  T
hey argue that even if the original

m
arker spacing is quite w

ide, additional m
arkers w

ill be genotyped for those regions that
display m

arginal significance.  T
hus, the w

hole genom
e is potentially under observation.  T

w
o

other m
ethods that provide alternative solutions to this problem

 w
ill now

 be considered.

5.3  Q
T

L
 detection by perm

utation tests

C
hurchill and D

oerge (1994) proposed a m
ethod to em

pirically estim
ate FW

E
R

 rejection
thresholds that can be applied to a very w

ide range of experim
ental designs.  M

any different
sam

ples are generated from
 the actual data by "shuffling" the trait values w

ith respect to the

m
arker genotypes.  E

ach individual genotyped is random
ly assigned one of the 

trait values
from

 the sam
ple.  Since the trait value for each individual is now

 
random

 w
ith respect to

m
arker genotypes, the null hypothesis of no linkage betw

een the genetic m
arkers and Q

T
L

 is
correct by definition.  T

he test statistics com
puted from

 these "perm
utation sam

ples" are
then 

used 
to 

construct 
the 

em
pirical 

distribution 
of 

the 
test 

statistic 
under 

the 
null

hypothesis. 
 

T
he 

appropriate 
rejection 

threshold 
for 

any 
desired 

com
parisonw

ise 
or

experim
entw

ise type I error can then be derived from
 the em

pirical distribution of the test
statistic.  T

his m
ethod has the advantage that no assum

ptions are 
m

ade w
ith respect to

distributional properties of either the quantitative traits or the genetic m
arkers.  R

ejection
thresholds are com

puted based on the actual num
ber and genom

ic distribution of m
arkers

genotyped.  A
 disadvantage of this m

ethod is 
thresholds 

m
ust 

be 
com

puted 
anew

 
b

y
perm

utation for each data set analyzed.
C

hurchill and D
oerge (1994) com

puted C
W

E
R

 and FW
E

R
 based on perm

utation tests for
sim

ulated data.  T
his m

ethod can also be applied to the problem
 of m

ultiple traits, considered
in detail below

.  T
he fact that no assum

ptions are m
ade w

ith respect to the distribution of the
test statistic under the null hypothesis is especially im

portant for com
putation of the FW

E
R

.
 A

s dem
onstrated above, to obtain a reasonable FW

E
R

 for a com
plete genom

e scan, a very
sm

all C
W

E
R

 is required.  A
t these very low

 probabilities it is likely that m
inuscule divergence

of the actual data distribution from
 the theoretical distribution m

ay result in a significant
divergence of  the 

analytically com
puted probability from

 the actual probability for the
specific data set analyzed.  A

n exam
ple w

ill be given below
.

5.4  Q
T

L
 detection based on the false discovery rate

B
enjam

ini and H
ochberg (1995) recently proposed 

controlling the 
"false discovery rate"

(FD
R

) as an alternative to controlling the FW
E

R
 for the general problem

 of m
ultiple testing. 

T
hey defined the FD

R
 as: "T

he expected proportion of true null hypotheses w
ithin the class

of rejected null hypotheses". 
 D

erivation of rejection thresholds based on controlling the
FD

R
, and im

portant properties of this m
ethod w

ill be described.  W
e w

ill then present
exam

ples based on actual data.
A

ssum
e that m

 m
ultiple com

parisons are tested.  For each null hypothesis; H
1 , H

2 , ···,
H

m ; a test statistic and the corresponding p-values; P
1 , P

2 , ··· , P
m ; are com

puted.  L
et P

(1)   ≤
P

(2)  ≤ ··· ≤ P
(m

)  be the ordered P values, and denote by H
(i)  the null hypothesis corresponding

to P
(i) .  If all null hypotheses are true, but k hypotheses, H

(1)  to H
(k) , are rejected, then the

expectation of the num
ber of hypotheses rejected should be approxim

ately equal to the actual
num

ber of hypotheses rejected for any value of k.  If in fact, som
e of the null hypotheses are

false, then the expectation of the num
ber of hypothesis rejected should be less than k.  T

he
expectation of the num

ber of hypotheses rejected assum
ing that all null hypotheses are true is

m
P

(k) .  D
efining q =

 m
P

(i) /i, B
enjam

ini and H
ochberg (1995) prove that the FD

R
 can 

be
controlled at som

e level q*, by determ
ining the largest i for w

hich: q* ≥ m
P

(i) /i.  T
hat is, out

of 
k 

hypothesis 
rejected, 

it 
is 

expected 
that 

the 
proportion 

of 
erroneously 

rejected
hypotheses is no greater than q*.  Illustrative exam

ples and im
portant properties of the F

D
R



w
ill now

 be considered.
C

om
parison of FD

R
 and 

FW
E

R
 w

ill be illustrated using results from
 a granddaughter

design analysis of the U
S H

olstein population. 
 Sons of 18 U

S H
olstein fam

ilies w
ere

genotyped for 26 genetic m
arkers and analyzed for seven traits. D

aughter yield deviations
(D

Y
D

) w
ere analyzed by the follow

ing linear m
odel:

Y
ijk  = G

S
i  + A

ij   + e
ijkl

{5.3}

W
here Y

ijk  is the D
Y

D
 (V

anR
aden and W

iggans, 1991) for k
th son of the i th grandsire w

ith
paternal allele j, G

S
i  is the effect of the i th grandsire, A

ij  is the effect of the j th m
arker allele,

progeny of the i th grandsire.  For each m
arker-trait com

bination an F statistic w
as com

puted
for the paternal m

arker allele effect nested w
ithin grandsire.  T

hus, 182 com
parisons w

ere
tested.  T

he com
parisons w

ith the ten sm
allest p-values are given in T

able 5.1.

T
able 5.1 E

stim
ation of F

D
R

 for granddaughter design  results.

  i
 T

rait
 M

arker
  F-value

 p-value
E

xp
1

FW
E

R
q

  1
 Fat %

A
  6.79849

 0.00000
  0.0000

 0.00000
 0.00000

  2
 Fat

A
  4.36708

 0.00004
  0.0078

 0.00781
 0.00392

  3
 Fat %

B
 4.43349

 0.00023
  0.0415

 0.04065
 0.01383

  4
 Protein %

B
 3.41650

 0.00263
  0.4786

 0.38033
 0.11964

  5
 SC

S
C

  4.15081
 0.00272

  0.4942
 0.38996

 0.09885

  6
 M

ilk
D

  2.56941
 0.01457

  2.6517
 0.92947

 0.44195

  7
 M

ilk
B

 2.65195
 0.01545

  2.8118
 0.93990

 0.40168

  8
 Fat

E
  2.05714

 0.02155
  3.9213

 0.98018
 0.49016

  9
 Protein

D
  2.38579

 0.02274
  4.1385

 0.98405
 0.45983

 10
 H

erdlife
F

  2.10262
 0.03453

  6.2847
 0.99814

 0.62847

1 E
xpectation for the num

ber of hypothesis rejected under the null hypothesis.

  A
ssum

ing uncorrelated tests, the FW
E

R
 w

as <0.05 for only three m
arker-trait com

binations.
 U

sing L
ander and K

ruglyak's (1995) criteria of "suggestive linkage" (FW
E

R
<0.5), five null

hypotheses 
w

ould 
be 

rejected. 
 

H
ow

ever 
q 

=
 

m
p

(i) /i 
is 

< 
0.5 

for 
nine 

m
arker-trait

com
binations.  T

hus, if these nine null hypotheses are rejected, it is expected that m
ore than

half w
ill in fact be false.   Since the 

objective at this point is to determ
ine w

hich m
arkers

should be repeated on independent sam
ples, a relatively high FD

R
 can be justified.  W

ith i=9,
FW

E
R

=
0.98.   T

hus these tw
o criteria are not sim

ilar in this case.  N
ote that unlike FW

E
R

, q

is not m
onotonic.  W

here successive p-values are very close, q decreases w
ith increasing p

-
values.  R

esults for q, FW
E

R
, and p up to i=30 are plotted in Figure 5.1.  For i>

10, q and
FW

E
R

 are very close, w
ith both close to unity.  For i=

10, p is still <
0.05.  T

hus in this case,
the criteria of controlling the FD

R
 at 0.5 and com

parisonw
ise type-I error of 0.05 give sim

ilar
results.

T
hese results w

ere com
pared to the p-values com

puted from
 a typical perm

utation of the
sam

e genotype data against the trait data.  T
he perm

utation results are plotted in Figure 5.2. 
Since the 

relationship betw
een the m

arkers and the traits after perm
utation is random

 b
y

definition, no null hypotheses should be rejected, and FD
R

 and 
FW

E
R

 should be sim
ilar

(B
inyam

ini and H
ochberg, 1995).  For the low

est p-value, FW
E

R
 w

as 0.38, and q w
as 0.94.

T
hus, this null hypotheses w

ould be rejected by the criteria of suggestive linkage, but 
not

w
ith FD

R
 controlled at any reasonable level.

For i values >5 both curves are flat w
ith the FW

E
R

 nearly equal to unity, and q at about
0.85.  B

y theory, q should be unity, but this criteria is m
uch m

ore affected by 
random

fluctuation than FW
E

R
.  W

ith i=10, p is still <0.05, w
hich is close to the expected num

ber of
9 (0.05*182 com

parisons).  T
hus, by the criteria of com

parisonw
ise α

, 10 hypotheses w
ould

be rejected, w
hich is alm

ost the sam
e as for the actual data, and illustrates how

 unreliable this
criteria is. T

he exam
ples presented dem

onstrate the follow
ing im

portant properties of the
F

D
R

.

1.  If all null hypotheses are true, controlling FD
R

 is equivalent to controlling FW
E

R
.

2.  If som
e of the null hypotheses are false, then the FD

R
 is sm

aller than the FW
E

R
.  T

he
difference betw

een the tw
o criteria increases w

ith increase 
in 

the 
num

ber 
of false 

null
hypotheses.  T

hus, any procedure that controls the FD
R

 at a given level w
ill also control the

FW
E

R
 at this level.

3. U
nlike m

ethods for controlling FW
E

R
, it is not 

necessary to assum
e that relationships

am
ong the test statistics are know

n.   A
s dem

onstrated, the FD
R

 can be readily controlled
both for m

ultiple linked m
arkers and linked traits.

4.  E
ven though  P

(i)  increases m
onotonically w

ith i, q does not.  T
hus, it m

ay be necessary
som

etim
es to increase i to control the FD

R
 at the desired level.

5.  A
lthough the true FD

R
 <

q, as i increases, the FD
R

 approaches q.  T
his w

ill be true even if
the hypotheses are correlated.
6.  B

y controlling the 
FD

R
, the num

ber of hypotheses rejected, i. e. Q
T

L
 detected, is a

function of the actual num
ber of segregating Q

T
L

 
in the population, but not if either the

FW
E

R
 or C

W
E

R
 are controlled.

7.  T
he dilem

m
a of the appropriate rejection criterion for a partial genom

e scan is solved.  T
he

FD
R

 can be controlled at the sam
e level w

hether the com
plete genom

e or only part of the
genom

e have been analyzed.
8.  A

dditional levels of contrasts, such as m
ultiple traits or m

ultiple populations 
can 

be
handled w

ithout the necessity of a proportional increase in the critical test value.

C
ontrolling the 

FD
R

 is recom
m

ended prim
arily for 

a prelim
inary genom

ic scan. 
 

A
second, independent, experim

ent w
ill be required to determ

ine w
hich hypotheses tentatively



rejected by the first analyses represent actual segregating Q
T

L
.  A

 further advantage of the
FD

R
 is that an accurate prediction has been m

ade of the proportion of hypotheses rejected in
the first analyses that represent true effects.  A

 w
eakness of the FD

R
 is that it tends to

fluctuate w
idely for low

 i if the total num
ber of hypotheses tested is very large.

5.5 P
roblem

s and solutions for m
ultiple trait Q

T
L

 analyses

T
he m

ain problem
s w

ith m
ultiple trait Q

T
L

 analysis w
ere sum

m
arized by W

eller et al.
(1996), and w

ill be m
entioned here w

ith som
e additions.

1. 
 

M
ost 

studies 
have 

determ
ined 

statistical 
significance 

based 
on 

each 
m

arker-trait
com

bination.  
A

s 
noted 

above, increasing 
the 

num
ber 

of traits 
analyzed 

increases 
the

probability that som
e m

arkers w
ill display statistical significance "by chance".  T

his problem
becom

es m
ore severe as the num

ber of m
arkers and traits increases.

2.  If a significant effect is found associated w
ith m

ore than one trait, it is not clear w
hether

several different Q
T

L
, or a single locus 

w
ith correlated effects on several traits has been

detected.  T
his w

ill be especially acute if som
e of the traits are highly correlated.

3.  Several techniques have been 
suggested 

to 
increase statistical 

pow
er 

per 
individual

genotyped 
at 

the 
expense 

of 
individual phenotyped 

(D
arvasi 

and 
Soller, 

1992, 
1994;

L
ebow

itz et al., 1987). A
s noted in the previous chapter, som

e of these techniques are trait
specific, for exam

ple selective genotyping and sam
ple pooling.  H

ow
 w

ill these techniques be
affected, and w

hat is the optim
um

 strategy in a m
ultiple trait analysis?

T
w

o m
ain m

ethods have been proposed for m
ultiple trait Q

T
L

 analysis that alleviate
som

e of the problem
s considered above.  K

orol et al. (1995) proposed a m
axim

um
 likelihood

m
ultivariate norm

al analysis, and applied this m
ethod to sim

ulated data sets.  T
hey show

ed
that under certain conditions, pow

er of Q
T

L
 detection is increased as com

pared to univariate
analyses m

ethods.  Since separate Q
T

L
 effects are estim

ated for each trait, it is possible to
determ

ine w
hether the sam

e locus is affecting both traits.  H
ow

ever, w
ith tw

o traits and a
single segregating Q

T
L

 
in a backcross population it is necessary to estim

ate at least eight
param

eters (a recom
bination frequency, tw

o m
eans for each trait, a variance for each trait, and

a correlation coefficient).  A
s the num

ber of traits increases, the num
ber of param

eters that
m

ust be estim
ated increases exponentially.

W
eller et al. (1996) proposed a canonical transform

ation of the original traits in order to
derive an uncorrelated set 

of variables.  T
he 

Q
T

L
 analyses are then 

perform
ed 

on 
the

uncorrelated canonical variables. Q
T

L
 

effects on the actual traits can then be derived b
y

reverse transform
ation.  T

he advantages of this m
ethod are that any num

ber of traits can be
readily analyzed, w

ith only a single trait analysis for each variable.  T
hus, 

analysis 
is

relatively sim
ple.  Since the canonical variables are by definition uncorrelated, it is possible to

com
pute the FW

E
R

 as described above.  It m
ay also be possible to reduce the total num

ber of
traits analyzed, and thus increase the pow

er of detection, by deleting canonical variables w
ith

low
 eigenvalues.  Finally, since the canonical variables are uncorrelated, a Q

T
L

 w
ith correlated

effects on tw
o traits should affect only a single canonical variable. 

T
his m

ethod w
as applied to daughter design data for m

ilk, fat, and protein production of
Israeli H

olsteins (W
eller et al., 1996).  A

 significant Q
T

L
 effect w

as found associated w
ith

m
ilk and protein production, but not fat.  M

ilk and protein production are highly correlated. 
B

y a canonical transform
ation, it w

as possible to reduce the num
ber of variables from

 three to
tw

o.  A
 significant effect w

as 
found associated only w

ith one 
of the rem

aining variables,
w

hich w
as highly correlated w

ith both m
ilk and protein production.  T

hus, w
e conclude that a

single Q
T

L
 w

as affecting both traits.
T

he disadvantages of this m
ethod are, first, that infinitely m

any canonical transform
ations

are possible, and significant effects found for one transform
ation m

ay not be significant b
y

another transform
ation.  Second, a canonical transform

ation can be applied only if all traits are
recorded 

on 
all 

individuals. 
 

T
hird, 

if 
the canonical 

transform
ation 

is 
applied 

to 
the

phenotypic trait values, then the residual variances after correction for the Q
T

L
 effects w

ill
no 

longer 
be 

uncorrelated. 
 

Finally, 
although 

it 
is 

possible 
to 

preform
 

the 
reverse

transform
ation, it is generally m

ore useful to determ
ine effects on the biological scale of

interest, rather than som
e arbitrary scale of the canonical variables.

5.6 D
eterm

ination of statistical significance for m
ultitrait analyses

B
oth m

ethods described above provide partial answ
ers to the problem

 of determ
ination of

statistical significance in the m
ultitrait situation.  For a m

ultivariate analysis it is possible to
m

axim
ize the likelihood for the com

plete m
odel and for a "restricted m

odel"  w
ith equal m

eans
for all Q

T
L

 
genotypes for all traits.  Significance of an effect can then be tested by 

a
likelihood ratio test of the tw

o hypotheses.  Sim
ilarly it is possible to test the hypothesis

that the Q
T

L
 affects only one of the tw

o traits. W
ith the canonical transform

ation, each trait
is analyzed separately, and a p-value is com

puted for each trait.  T
he FW

E
R

 can then be
com

puted as described above.
E

ven if the individual traits are analyzed separately on the original, correlated scale, a
FW

E
R

 can still be com
puted em

pirically by a perm
utation test, as suggested by C

hurchill and
D

oerge (1994) for m
ultiple linked loci.  For m

ultiple traits, the vector of trait values for each
individual is perm

uted against the genotypes num
erous tim

es.  For each perm
utation, a test

statistic and its p-value under the null hypothesis are com
puted for each trait.  T

he low
est p

-
value at each perm

utation is then selected, and these are ranked over all the perm
utations. 

T
he 5%

 low
est p-values over all traits is then an approxim

ate 5%
 FW

E
R

.  For correlated
traits, this m

ethod should result in a higher p-value than com
putation of FW

E
R

 assum
ing an

equal num
ber of uncorrelated traits.

W
e applied this m

ethod to a single m
arker and seven correlated traits for granddaughter

design data considered above.  T
he genotype data w

ere perm
uted against the 

vector of
daughter yield deviations (V

anR
aden and W

iggans, 1991) for the seven traits.  F-values w
ere

com
puted for the seven traits at each perm

utation.  T
he correlation m

atrix of the 
traits are

given in T
able 5.2, and the results of the perm

utation analysis are in Figure 5.3.  T
he em

pirical
com

parisonw
ise type I error com

puted by ranking all 7000 F-values com
puted is com

pared



to the em
pirical FW

E
R

 com
puted by ranking on the highest F-value of the seven traits at each

perm
utation.  T

he expected com
parisonw

ise probabilities assum
ing six or seven independent

traits are also plotted. 

T
able 5.2  C

orrelations am
ong D

Y
D

 for the seven traits analyzed.

----------------------------------------------------------------------------------------------------------------
M

ilk
Fat 

Protein
Fat %

Protein %
H

erdlife
SC

S
1

----------------------------------------------------------------------------------------------------------------
M

ilk 
1.

0.512
0.821

-0.456
-0.419

0.304
 0.020

Fat 
1.

0.633
0.537

0.122
0.214

-0.066
Protein 

1.
-0.155

0.174
0.309

0.010
Fat %

 
1.

0.539
-0.075

-0.087
Protein %

1.
-0.028

-0.017
H

erdlife 
1.

-0.270
SC

S
1.

----------------------------------------------------------------------------------------------------------------
-1 Som

atic cell score

T
he correlations am

ong m
ilk, fat, and protein are all > 0.5, as is the correlation betw

een fat
and protein percentage.  W

e therefore assum
ed that the em

pirical FW
E

R
 for these seven traits

w
ould be considerably sm

aller than the theoretical FW
E

R
 assum

ing seven uncorrelated traits.
 H

ow
ever, the em

pirical FW
E

R
 w

as generally betw
een the theoretical FW

E
R

 com
puted for

six or seven uncorrelated traits, and at som
e points even higher.  T

he 
relatively low

 gain in
reducing the num

ber of traits can be explained by the fact that the em
pirical distributions for

the individual traits are not exactly 
the 

sam
e, 

and 
are not 

equal 
to 

the 
theoretical 

F
-

distribution.  A
s noted above in Section 5.3, even a slight discrepancy m

ay becom
e im

portant
at very low

 p-values. 

F
igure 5.3  N

om
inal single-trait type I error as a function of the em

pirical experim
entw

ise type I error (
˜
˜

), the experim
entw

ise type I error assum
ing six independent traits (

˜
  
˜

 ), and the experim
entw

ise
type I error assum

ing seven independent traits ( ---- ).

5. 7 Selective genotyping for m
ultiple traits

A
s considered in the previous chapter, pow

er to detect segregating Q
T

L
 can be increased per

individual genotyped by selectively genotyping those individuals w
ith extrem

e values for the
quantitative traits (D

arvasi and Soller, 1992; L
ebow

itz et al., 1987; L
ander and B

otstein,
1989).  If only the highest and low

est 5%
 of individuals are genotyped, it is possible to obtain

equal pow
er as com

pared to random
 genotyping w

ith only one fourth as m
any genotypes. 

A
lthough 

pow
er 

is 
increased 

per 
individual 

genotyped, 
it 

is 
reduced 

per 
individual

phenotyped.  Since selective genotyping is trait specific, the question arises as to the effect of
selective genotyping for one trait on correlated traits. 

 D
arvasi and Soller (1992) dem

onstrated that the estim
ate of the Q

T
L

 effect w
ill be biased

if only individuals genotyped are used to estim
ate the effect.  T

hey also derived a m
ethod to

estim
ate the actual Q

T
L

 effect as a function of observed effect and the proportion selected for
genotyping.  R

esults on sim
ulated data are presented in T

able 5.3 for single trait M
L

.  A
ll

individuals w
ith phenotypes are included in the analysis.  For individuals w

ith phenotypes,
but w

ithout genotypes, the population genotype probabilities are assum
ed.  For exam

ple, in a
backcross, it is assum

ed that each of these individuals has a one half probability of each
genotype.  E

stim
ates of the Q

T
L

 param
eters for the trait x, the trait under selection are

unbiased.
H

ow
ever, if selective genotyping is applied to a single trait, but other correlated traits are

also analyzed by single trait M
L

, then Q
T

L
 effects associated w

ith the correlated traits w
ill

be biased, even if all individuals w
ith phenotypes are included in the analysis.  In the exam

ple
in T

able 5.3, selective genotyping w
as perform

ed relative to trait x, and 
the Q

T
L

 
w

as
associated w

ith this trait, but not the correlated trait, y.  A
lthough single trait M

L
 w

as able to
accurately estim

ate the effect on trait x and the Q
T

L
 location, a "ghost" effect  of nearly the

sam
e m

agnitude, and a pow
er of nearly 0.5, w

as found associated w
ith trait y.  In the second

row
 of T

able 5.4, the segregating Q
T

L
 

w
as 

sim
ulated 

for 
y, 

but 
not 

x, and 
selective

genotyping w
as still relative to x.  A

lthough no effect w
as found associated w

ith x, the effect
associated w

ith y w
as underestim

ated, and the pow
er w

as only 0.22. 

T
able 5.3  M

L
 single trait estim

ates of Q
T

L
 param

eters w
ith selective genotyping

1

Sim
ulated

effect
a

x
a

y
σ

x
σ

y
L

x
L

y
Pow

er
for x

2
Pow

er
for y

x
0.261

(0.005)
0.260

(0.010)
0.999

(0.001)
0.988
(0.001

48.11
(1.11)

54.16
(1.98)

0.89
0.48

y
-0.005

0.168
0.998

1.001
60.86
(2.89)

56.55
0.11

0.22



(0.009)
(0.012)

(0.001)
(0.001)

(2.40)

1 R
esults are the 

m
ean and standard deviations (in parenthesis) of 200 sim

ulated data sets for each set 
of

param
eters.  For each data set 2000 individuals from

 a backcross population w
ere sim

ulated, w
ith a Q

T
L

 effect
of a =

 0.25 on either trait x or y at position 50 cM
 on the chrom

osom
e.   T

he m
arked chrom

osom
e had a length

of 120 cM
, w

ith m
arkers spaced at 20 cM

 intervals.  In both cases the 200 highest and low
est individuals for x

w
ere selected for genotyping.  T

he correlation betw
een x and y w

as 0.5, and the residual variance w
as σ

=
1 for

both traits.  Param
eter estim

ates for ax , a
y , σ

x , σ
y , and Q

T
L

 location, L
x  and L

y , w
ere derived by single M

L
interval m

apping including individuals w
ith unknow

n genotypes.

2  E
m

pirical pow
er to detect a segregating Q

T
L

 by a likelihood ratio test w
ith a type-1 error of 0.05.

T
able 5.4  M

L
 m

ultiple trait estim
ates of Q

T
L

 param
eters w

ith selective genotyping
1

Sim
ulated

effect
a

x
a

y
σ

x
σ

y
L

ocation
Pow

er 2

x
0.256

(0.006)
0.011

(0.012)
0.999

(0.001)
0.996

(0.001)
48.96
(1.33)

0.87

y
-0.004
(0.007)

0.264
(0.012)

0.999
(0.001)

0.994
(0.001)

55.81
(2.19)

0.45

1 D
ata set w

ere sim
ulated as described for T

able 5.3.  Param
eter estim

ates for ax , a
y , σ

x , σ
y , and Q

T
L

 location
w

ere derived by m
ultitrait M

L
 interval m

apping including individuals w
ith unknow

n genotypes.

2  E
m

pirical pow
er to detect a segregating Q

T
L

 for the trait w
ith the true effect by a likelihood ratio test w

ith a
type-1 error of 0.05.

R
esults of the m

ultivariate analyses for both situations are 
presented 

in T
able 5.4. 

U
nbiased estim

ates w
ere obtained for the effects on both traits, w

hether an effect w
as

sim
ulated for trait x or y.  Pow

er of detection for an effect on x w
as sim

ilar for both analyses,
but m

uch greater for 
a true effect on y. 

 M
oreover, pow

er of detection is increased as
com

pared to random
 sam

pling w
hether the Q

T
L

 is associated w
ith the trait under selection or

w
ith the correlated trait (data not show

n).  T
hus, for selective genotyping it is possible b

y
m

ultivariate M
L

 to derive accurate estim
ates of Q

T
L

 effects for both traits under selection
and correlated traits.  For correlated traits pow

er is increased relative to either single trait M
L

w
ith selective genotyping or pow

er w
ith random

 sam
pling.

5.8  A
nalysis of m

ultiple pedigrees

W
ith daughter and granddaughter designs the 

question arises w
hether the different fam

ilies
should be analyzed jointly or separately.  For the full sib design, separate analysis of each
fam

ily is generally not a viable option, because not enough data is available in single fam
ilies

to obtain reasonable pow
er.  A

 joint analysis over all fam
ilies has 

the advantage that the

num
ber of tests is reduced, and thus a less restrictive C

W
E

R
 is required to obtain the desired

FW
E

R
.  H

ow
ever, if a Q

T
L

 is segregating in only a sm
all fraction of the fam

ilies, then pow
er

m
ay be reduced, as com

pared to a separate analysis of each fam
ily.

A
nalysis m

odels m
ust also be m

ore com
plicated if several fam

ilies are analyzed jointly. 
G

eorges 
et 

al. 
(1995) 

used 
an 

M
L

 
algorithm

 
to 

estim
ate 

Q
T

L
 

param
eters 

including
chrom

osom
al 

location 
for 

a granddaughter 
design, 

but 
analyzed each 

grandsire 
fam

ily
separately.  K

nott et al. (1994) proposed a regression m
ethod in w

hich inform
ation from

 all
fam

ilies is used to determ
ine the Q

T
L

's m
ap location, but a separate effect is estim

ated for
each fam

ily.  T
hus, for the daughter design, each sire is considered heterozygous. B

ovenhuis
and W

eller (1994) and M
ackinnon and W

eller (1995) 
analyzed 

all 
fam

ilies 
jointly, 

but
assum

ed that only tw
o Q

T
L

 alleles w
ere segregating in the population.  T

hus, the expectation
w

as that at least half of the fam
ilies w

ould be hom
ozygous for the Q

T
L

.
For m

ost populations of interest, the num
ber of alleles segregating for a particular locus

w
ill be very low

.  If all alleles have equal fitness, then the effective num
ber of alleles, k, at

equilibrium
 can be estim

ated as a function of the effective population 
size, N

e , and the
m

utation rate, µ
, as follow

s (Spiess, 1977):

k =
 4 N

e µ
 +

 1
{5.4}

For exam
ple, w

ith N
e  =

 3x10
4 and µ

 =
 10

-6, k = 1.12.  T
he effective num

ber of alleles is
defined as the 

num
ber of alleles required to obtain a given level of heterozygosity 

in the
population if all 

alleles are of equal frequency.  T
hus, assum

ing that this m
utation rate is

m
ore-or-less representative of m

utations that are selectively neutral, but have a m
easurable

effect on som
e trait of interest, the num

ber of alleles segregating in populations of this size
w

ill rarely be m
ore than tw

o.   Selection w
ill further reduce the num

ber of allele m
aintained in

the population.  T
hus, m

athem
atical m

odels that assum
e tw

o different Q
T

L
 alleles in each

pedigree cannot be justified biologically.



5.9  Sum
m

ary

W
ith m

ultiple m
arkers, and the possibility of com

plete genom
e scans, type I error rates for

individual tests are virtually m
eaningless.  T

hree m
ethods w

ere presented to deal w
ith the

problem
 of m

ultiple com
parisons; com

putation of error rates for com
plete genom

e scans,
perm

utation 
tests, 

and 
controlling the 

false 
discovery 

rate. 
 

N
one 

of 
these 

m
ethods

com
pletely solve the m

ultiple com
parison problem

.  A
nalysis of m

ultiple traits presents
additional 

problem
s 

that 
can 

be solved 
by 

either 
a 

m
ultitrait 

analysis, 
w

hich 
is

com
putationally 

dem
anding, 

or 
canonical transform

ation. 
 

V
arious 

solutions 
have 

been
presented to analyze m

ultiple pedigrees, covering the range from
 a separate analysis of each

fam
ily, to a joint analysis w

ith the sam
e allele segregating in all fam

ilies, but again there is no
uniform

ly "best" solution.
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