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Case-control association studies using unrelated individuals may offer an effective approach for identifying genetic
variants that have small to moderate disease risks. In general, two different strategies may be employed to establish
associations between genotypes and phenotypes: (1) collecting individual genotypes or (2) quantifying allele frequencies in
DNA pools. These two technologies have their respective advantages. Individual genotyping gathers more information,
whereas DNA pooling may be more cost effective. Recent technological advances in DNA pooling have generated great
interest in using DNA pooling in association studies. In this article, we investigate the impacts of errors in genotyping or
measuring allele frequencies on the identification of genetic associations with these two strategies. We find that, with
current technologies, compared to individual genotyping, a larger sample is generally required to achieve the same power
using DNA pooling. We further consider the use of DNA pooling as a screening tool to identify candidate regions for
follow-up studies. We find that the majority of the positive regions identified from DNA pooling results may represent false
positives if measurement errors are not appropriately considered in the design of the study. Genet Epidemiol 26:1-10, 2004.
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INTRODUCTION

Case-control association studies using unrelated
individuals may be an effective approach to
identifying genetic variants underlying complex
traits. Individual genotyping is routinely used as
the genotyping strategy in many studies to assess
statistical associations between genetic variants
and disease outcomes. Although this approach
allows the collection of each individual’s genetic
composition, the genotyping cost can be consider-
able when hundreds or thousands of individuals
are studied at many genetic markers, even with
the ever-decreasing cost in genotyping. Therefore,
the methods using DNA pools have been actively
developed as a viable alternative approach for
collecting allele frequency information from a
group of individuals [see, for example, Shaw et
al.,, 1998; Breen et al., 2000; Germer et al., 2000;
Hoogendoorn et al.,, 2000; Norton et al., 2002].
Recent developments in quantitative assays and in
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the design and analysis of pooling data are
summarized in a thorough review by Sham et al.
[2002].

In the ideal world where the technologies are
flawless, the only loss of information in DNA
pooling is the inability to assign genotypes to each
individual. This may result in some loss of
information for association studies on quantitative
traits [Bader et al, 2001], and difficulty in
controlling for population stratification. Despite
such information loss, DNA pooling may still be
more preferable considering the potential cost
reduction with this approach. However, the errors
in genotyping or measuring allele frequencies are
unavoidable for both technologies. For example,
for a given DNA pooling sample, the standard
deviation of the estimated allele frequency is
between 2 and 4% [Sham et al., 2002]. The effects
of measurement errors on statistical inference
have been extensively studied in statistical litera-
ture. Such errors can lead to increased bias,
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reduced precision in estimation, and inflated type-
I error and decreased power in test [Cochran,
1968; Fuller, 1987; Carroll et al., 1995]. For
association studies on quantitative traits and
susceptibility loci, measurement errors can sub-
stantially reduce the information retained for
DNA pooling [Jawaid et al., 2002]. Barratt et al.
[2002] considered the sources of error in each
experimental stage for the estimation of allele
frequency when DNA pooling sample is used. The
authors found that a design based on the forma-
tion of numerous small pools of approximately 50
individuals may attain an effective trade-off
between accuracy and cost. Bansal et al. [2002]
examined 15 single-nucleotide polymorphisms
(SNPs) in the cholesteryl ester transfer protein
gene using two pools forming from individuals
with extremely high and extremely low serum
high-density lipoprotein cholesterol levels, respec-
tively, and found the association described pre-
viously by other research groups. Therefore, DNA
pooling has been advocated as a screening tool to
identify regions of interest followed with indivi-
dual genotyping [Barcellos et al., 1997; Bansal et
al. 2002; Barratt et al., 2002; Sham et al., 2002]. In
this article, we first consider the impacts of
genotyping errors in individual genotyping and
measurement errors in DNA pooling on the
required sample sizes to attain a desired statistical
power to identify associations between genetic
variants and diseases at a given significance level.
We show that, although genotyping errors have
relatively small effects on the required sample
sizes for individual genotyping, the required
sample sizes are substantially larger with increas-
ing levels of measurement errors using DNA
pooling. As a result, for the current levels of
measurement errors, the sample size required to
detect association can be considerably larger based
on the DNA pooling strategy unless many pools
are formed to reduce the overall error rate. We also
show that, unless the measurement errors are
controlled at very low levels, the majority of the
positive results obtained through DNA pooling
may represent false positives if the measurement
errors are not appropriately taken into account in
study designs, making DNA pooling a less
efficient screening tool for association studies.

METHODS

We consider two alleles, A and a, at a candidate
marker, whose allele frequencies are p and

g =1 — p, respectively. We assume that the pene-
trances are f, for genotype AA, f; for genotype Aa,
and fp for genotype aa. Note that these two alleles
may be true functional alleles or may be in linkage
disequilibrium with true functional alleles. For
simplification, we consider a case-control study
with n cases and n controls. Let X; denote the
number of allele A carried by the ith individual in
the case group, and Y; is similarly defined for the
ith individual in the control group. Assuming
Hardy-Weinberg equilibrium, each X; or Y; has a
value of 2, 1, 0 with respective probabilities p?, 2pg,
and ¢* under the null hypothesis of no association
between the candidate marker and disease. Under
the above genetic model, the probabilities for
having k copies of A among the cases,

my =P(X;=k), and among the controls,
my = P(Y; = k), are
o = 7fo ’
P*f2 + 2pafi + 4°fo
m = 2paf 7
P*f2 + 2pafi + 4*fo
my = P 7
P*f2 + 2paf + 4°fo 1)
/ (1 _fo)
= — 9 7
P*(1 = f2) +2pq(1 - f1) +q*(1 — fo)
. — 2}7‘1(1 _f1)
VP —f) +2p9(1—fi) + 42 (1~ fo)
m — pz(l _fz)

21 —fo) +2p9(1 — i) + 2(1 - fo)

POWER AND SAMPLE SIZE

Individual genotyping. For individual genotyp-
ing, we assume that genotyping errors are
introduced independently to each allele, and the
error rate from true allele A to erroneous allele a is
e; and from true allele a to erroneous allele A is e,.
Note that a more complete model for genotyping
errors may be based on genotypes instead of
alleles. Let n} and nj; denote the observed
numbers of allele A in the case group and the
control group, respectively, pa and py denote the
true frequencies of allele A in these two groups,
and p, and p;; denote their maximum likelihood
estimates assuming known genotyping error rates.
It can be shown that

. a/(2n) —
pA_”A/( n — e

- 1—61—62
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and

. ng/(2n) —ep

u- 1—61—62 '

A similar formula is obtained by Gastwirth [1987]
for estimating the prevalence of a trait from
diagnostic/screening tests, where e; = 1— sensi-
tivity of test, and e, =1— specificity of test,
with the sensitivity of test being the probability
that a person with the disease is correctly
diagnosed, and the specificity of test being the
probability that a disease-free individual is
correctly diagnosed.

Under the null hypothesis of no association
between the candidate marker and disease status,

E(ps —pu) =0, and
. R * 1_ *
V(pa—pu) _rdor)

n(1—e; —ep)?’

where p* = (1 —e1)p +e29. On the other hand,
under the genetic model we introduced above,

SN _ Pa—Pu _

E(ﬁA_pU)_l_el_ez—:uy

and
V(pa—pu)
_ Pa(=pa) = Phann/4] + [PU(1 = Pi) = Pina/4]
n(l —e; —ey)?

52
o
where
Pa =Pan1 + Pai2/2,
pu =Pun + Pui2/2;
with

pan =(1 - 31)27"2 + (1 — ey)eamy + e3my,
Pan =2(1 —er)eima + [(1 —e1)(1 — e2) + erex]my
+ 2(1 — 62)6271’10.

pinn and pj;, are similarly defined for the
control group and their values can be calculated
by replacing m; in the above formulas for pj,
and pj,, with mj(i=0,1,2) which are given
in (1). Note that p},, or pj,, is the probability that
given an individual is affected, his or her
observed genotype is AA or Aa, respectively.
Pin1 OF pijp has similar meaning for unaffected
individuals.

Based on the above results, we can construct the
test statistic as

Pa—Pu
VI =)/ In(1 — e —e2)?]
(my —nyp)/(2n)
p(1—p")/n
where p* = (n, +nj;)/(4n). Note that t;,; is in-
dependent of genotyping error rates.
As in Risch and Teng [1998], we consider a one-

sided test, and the power of the test statistic t;,4
with a significance level of « is

(D(—za\/f’*(l /(e —en) + ﬁu)

ting =

where p* = (p}, + p{;)/2 is the expected frequency
of allele A under the above genetic model, ® is the
cumulative standard normal distribution function,
and z, is the upper 100ath percentile of the
standard normal distribution. The sample size
necessary to obtain a power of 1—f at the
significance level o is

N (zaﬁﬂ*_(l /(e —en) - ﬂ) 2

u

DNA pooling. For DNA pooling, we assume the
following models relating the observed allele
frequencies estimated from the sample to the true
frequencies of allele A in the sample:

ol X1+ +X
P =, 3)

ﬁpool:Y1+"'+Yn

u 27’1 + v? (4)

where X; and Y; were defined before, u and v are
independent normal random variables with mean
0 and variance 2.

Under the null hypothesis of no association,

X1+ +Xy Yi+---4Y,
E —~ =0,
2n 2n
(Xt X Vit 4 Ye) _pg
2n 2n on’
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and under the genetic model,

E Xi+ 4+ Xy YVit+---1Y,
2n 2n

1, _
Emlz.ua

+Xn_Y1+---+Y,,
2n

1 ,
=my +§m1 — My —

X1+
Vv
( 2n

1 2
=—\4my, +my — 2my +m
4n[ 2 1= (2m; )

+ 4my +my — (2m) + m’l)z}

0.2

e

Therefore, when there is no association,
E (pgool f?pool) —0, V(pi‘ool ﬁ;&)ol) Pq 4 22,

Under the genetic model introduced above,
E (ﬁiool ﬁﬁml ) (PZ\OUI f)ﬁml ) + 2¢2.

We can use the following test statistic to
test genetic associations based on DNA pooling
data:

~ pool ~ pool
Pa —Pu

t | —

poo - - )
1—

ppool( . ppmﬂ) 2¢2

where

. 1 ! I
=L (0.

Consider a one-sided test and use the signifi-
cance level of o, the power of the test statistic
tpool is

FDR =~

SKL P (reject H(()i> \H(()i) true) p (Héi) true)

following equation

ZyA /M+262 _M
n2 =Z1-p-. (5)
\/ &+ 2¢2

FALSE DISCOVERY RATES

In a genome-wide association study, many
candidate markers are examined and there is, in
general, no prior information on which markers
are more likely to be involved in the disease of
interest. Due to stochastic variations, some mar-
kers that are not associated with the disease may
be found to be significant. If a genetic study is
planned under a certain genetic model assuming
the absence of genotyping errors or measurement
errors, this particular study may be underpow-
ered to detect true associations. As a result, the
study may not have adequate power to distin-
guish true signals from false signals, resulting in a
large proportion of false positives among all
positive results. In this article, in addition to the
effects of genotyping errors in individual geno-
typing and measurement errors in DNA pooling
on sample sizes, we also consider their effects on
the proportion of false positives among all
positive results. This proportion is called the false
discovery rate (FDR) [Ben]amuu and Hochberg,
1995]. In a test of K hypotheses HO i=1,..,K, let
n; =1 when H is true and 0 otherw1se and let
& =1if we re]ect H(()) and 0 otherwise, then the
FDR is formally defined as

FDRzE( iz S

1]1

Z & >0> (6)

Using the first-order approximation to FDR,
we have

S [P (reject H(()i) |H(()i)true) P (Hé” true) +P (reject H(()i) |H Y) true) p (HY) true)}

—Z, /f’(ln—f’) +22 4
() Y ,
n + 2¢

where p = u/2 4+ m) +m/2 is the expected fre-
quency of allele A under the genetic model
introduced before.

The sample size necessary to obtain a power
of 1 — f with the significance level o satisfies the

, 7)

where H ? denotes the ith alternative hypothesis,
i=1,. K (see the Appendlx) Therefore, if we
have pr1or knowledge on H being true, we can
obtain the value of FDR using the above formula.

Now we consider the impact of errors on FDR
through formula (7) for both individual genotyp-
ing and DNA pooling. Suppose that for testing
hypothesis H(()) ,a sample size of ”o) is needed to
obtain a power of 1 — [30 at the significance level
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of acg) in the absence of genotyping or measure-
ment errors. Then the corresponding FDR can be
approximated by

actual t?lpe -I error and power for testing hypoth-
esis H when we neglect the measurement errors
and use the sample size n(()) in the absence of
errors are

FDR =~
K (i ' L
i oc((;)P(H(l) true) ) P(reject H(()z)|H(()1) true)
Sk o' (HY true - B true ;
o P (0 tre) (1 45 (1 tre) oY Srrpm—y=y
=0
Individual genotyping. When there are genotyp- \/Pl —pi)/ny + 2¢;
ing errors in individual genotyping, the actual = o),
type-I error and power for a study with sample N
size iy’ derived assuming the absence of genotyp-
ing errors are and
p (reject H(()i) |Héi) true)
+(0) (i) +(i) (i)
2ny’) — 2 '
_pl"a /(2ny’) —ny /( ny') >z“(,-)|H(()’) true
A%k Ak 0
pi = pi)/n)
(i) _ 50) p;(1—p;) )
Py — by, 2,0/ Pi {1 = Pi
=P Pa —Pu > TR IH" true
Jra-pa-d) -] VEER
= CD(—ZQ(@) = OC(()I) = 06(1),
0
and
P (reject H(()i) |H gi) true) P (reject H(()i) |H§i) true)
0/ pz 1 - pz / 1 - 61 ) + n(()l):u(i) _Zo((({) \/ f)z(l - f}i)/n(gi) + :u<1>
= o0 =0
\/a®2 /n +2¢2
El—ﬁ(i), El_ﬁ(i)v
respectively, where 1", pf, 19, and ¢ etc. are respectively, where p;, p,u®, ¢ and ¢ are

defined for the ith marker in the same way as

ny, p*, p, and a? etc. were defined above for

individual genotyping. Then the actual FDR in

the presence of genotyping errors for neglecting

the genotyping errors and using the sample size

ny is

FDR

K oc(i)P(H(()i) true) .

[oc(i)P(H((P true) + (1 - ﬁ(i))P(H§i> true)}

©)

DNA pooling. Assuming the measurement error
models given by (3) and (4) for DNA pooling, the

K
Zi:l

defined for the ith marker in the same way as
PP, i, o> and ¢ were defined for DNA pooling.
Therefore, when the measurement errors are
neglected and the sample size ng) is used, the
actual FDR in the presence of measurement errors
can be approximated as in (9).

RESULTS

As in Risch and Teng [1998], we consider four
genetic models: dominant model with f, =f; =
0.04, fo = 0.01, recessive model with f, = 0.04, f; =

fo = 0.01, multiplicative model with f, = 0.04, f; =

0.02, fo = 0.01, and additive model with f, = 0.04,
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fi =0.025 and fy = 0.01. The population frequen-
cies of allele A are taken as 0.05, 0.2, and 0.7,
respectively. Using formulas (2) and (5), we
calculate the sample size necessary to attain the
power of 1 — ff =80% at a statistical significance
level of o =5x10"8. The same power and sig-
nificance level were used by Risch and Merikan-
gas [1996] in the discussion of genome-wide
association studies. The results are summarized
in Tables I and II for individual genotyping when
the error rates e; and e, are equal and unequal,
respectively, and Table III for DNA pooling. Tables
I and II indicate that although genotyping errors
lead to increased sample size for individual
genotyping studies, the impacts are very moder-
ate for the genotyping error rates normally
encountered. The impacts also depend on the
mode of inheritance. This is in contrast to DNA
pooling as shown in Table III, where measurement
errors have a strong impact on sample size
requirements. For example, without exception,
when the standard deviation ¢ is 3%, it is
impossible to attain the desired power of 80%.
This can be understood from considering formula
(5), from which we can calculate the sample size n
to obtain 80% power through DNA pooling as:

s 2
5.33 /w 42 4 0.84) /% 122 =

When the standard deviation of allele frequency
estimates is 3%, the left-hand side of the above

TABLE 1. Sample size required to detect associations
based on individual genotyping for equal error rates
e1=¢e,=e

e=0 e=0.005 e=0.01 e=0.03

Dominant

p=0.05 304 321 339 415

p=0.20 214 219 225 249

p=0.70 2,707 2,777 2,849 3,160
Recessive

p=0.05 38,101 41,888 45,791 62,669

p=0.20 949 975 1,001 1,116

p=0.70 191 196 202 228
Multiplicative

p=0.05 1,220 1,312 1,408 1,819

p=0.20 404 415 426 473

p=0.70 428 440 452 505
Additive

p=0.05 714 764 814 1,034

p=0.20 322 330 339 376

p=0.70 647 664 682 761

“Significance level a=5 x 1078, power 1 —f=0.80; Dominant
model: f,=f;=0.04, f,=0.01; Recessive model: f,=0.04, f;=f,=0.01;
Multiplicative model: ,=0.04, ,=0.02, f,=0.01; Additive model:
£=0.04, f;=0.025, f4=0.01.

TABLE II. Sample size required to detect associations
based on individual genotyping for unequal error rates
where e; = 0.02 and €3

e,=0 2,=0.005 e,=0.01 e,=0.03

Dominant

p=0.05 311 327 343 409

p=0.20 220 224 228 245

p=0.70 2,911 2,933 2,955 3,046
Recessive

p=0.05 38,916 42,619 46,362 61,734

p=0.20 974 995 1,015 1,100

p=0.70 209 210 212 218
Multiplicative

p=0.05 1,247 1,336 1,425 1,793

p=0.20 416 424 432 466

p=0.70 464 468 471 485
Additive

p=0.05 730 777 824 1,019

p=0.20 331 337 344 370

p=0.70 700 705 710 731

“Significance level =5 x 1078 power 1 —f=0.80; Dominant
model: f,=f;=0.04, f,=0.01; Recessive model: /,=0.04, f;=f,=0.01;
Multiplicative model: f,=0.04, f;=0.02, f,=0.01; Additive model:
f>=0.04, f;=0.025, f,=0.01.

TABLE III. Sample size required to detect associations
based on DNA pooling®

e=0 £¢=0.005 e=0.01 £¢=0.03

Dominant

p=0.05 304 366 938 0

p=0.20 214 226 272 0

p=0.70 2,707 8,654 0 0
Recessive

p=0.05 38,101 o] o0 o0

p=0.20 949 1,271 0 0

p=0.70 191 202 247 0
Multiplicative

p=0.05 1,220 13,512 0 0

p=0.20 404 451 693 0

p=0.70 428 485 808 0
Additive

p=0.05 714 1,386 o0 0

p=0.20 322 351 479 0

p=0.70 647 782 2,103 0

“Significance level «=5 x 10785 power 1 —f=0.80; Dominant
model: f,=f;=0.04, f,=0.01; Recessive model: f,=0.04, fi=f,=0.01;
Multiplicative model: f,=0.04, f,=0.02, f,=0.01; Additive model:
f.=0.04, f,=0.025, f,=0.01.

formula is greater than 6.17x V2e = 6.17/2x
0.03 ~ 0.2617. However, it can be shown that u is
smaller than 0.22 for any p under all four genetic
models considered in this article. Therefore, it is
impossible to achieve the desired power to
identify genetic associations.

The effects of genotyping and measurement
errors on FDR are summarized in Tables IV and V
for individual genotyping when the error rates e;
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TABLE IV. FDR for individual genotyping in the
presence of genotyping errors and equal error rates
e;=e,=e when an association study is conducted using
the sample size calculated assuming no errors ( x 10%)?

TABLE VI. FDR for DNA pooling in the presence of
measurement errors when an association study is
conducted using the sample size calculated assuming
no errors”

¢=0.005 e=0.01 ¢e=0.03 ¢=0.005 «=0.01 «=0.03

Dominant Dominant

p=0.05 6.69 7.23 10.74 p=0.05 0.022 0.738 0.999

p=0.20 6.45 6.67 7.87 p=0.20 0.0016 0.014 0.966

p=0.70 6.44 6.65 7.78 p=0.70 0.181 0.973 1.000
Recessive Recessive

p=0.05 7.01 8.03 16.10 p=0.05 1.000 1.000 1.000

p=0.20 6.43 6.63 7.69 p=0.20 0.018 0.683 0.999

p=0.70 6.46 6.70 8.02 p=0.70 0.0012 0.0061 0.882
Multiplicative Multiplicative

p=0.05 6.83 7.57 12.80 p=0.05 0.744 0.996 1.000

p=0.20 6.43 6.64 7.75 p=0.20 0.0033 0.085 0.995

p=0.70 6.45 6.67 7.88 p=0.70 0.0025 0.045 0.991
Additive Additive

p=0.05 6.78 7.44 12.00 p=0.05 0.274 0.983 1.000

p=0.20 6.44 6.65 7.78 p=0.20 0.0024 0.043 0.990

p=0.70 6.44 6.66 7.84 p=0.70 0.0045 0.158 0.997

2FDR in the absence of errors is 6.25 x 1074,

TABLE V. FDR for individual genotyping in the
presence of genotyping errors and unequal error rates
where ¢,;=0.02 and e, when an association study is
conducted using the sample size calculated assuming no
errors ( x 10%)?

€2:O 82:0005 €2:0.01 (?2:0.03

Dominant

p=0.05 6.42 6.86 7.38 10.39

p=0.20 6.48 6.65 6.82 7.65

p=0.70 6.85 6.92 7.00 7.32
Recessive

p=0.05 6.39 7.18 8.20 15.47

p=0.20 6.42 6.58 6.74 7.52

p=0.70 7.00 7.06 7.13 7.44
Multiplicative

p=0.05 6.40 6.99 7.72 12.35

p=0.20 6.45 6.60 6.77 7.55

p=0.70 6.91 6.98 7.06 7.37
Additive

p=0.05 6.41 6.94 7.59 11.59

p=0.20 6.46 6.61 6.78 7.58

p=0.70 6.89 6.96 7.03 7.35

2FDR in the absence of errors is 6.25 x 1074,

and e, are equal and unequal, respectively, and
Table VI for DNA pooling. Tables IV-VI show
similar effects of errors on FDR in that although
they generally only lead to moderate increases in
FDR for individual genotyping, the impacts can be
profound for DNA pooling (Table VI). In our
calculations, we assumed that the prior probabil-
ity of the alternative hypothesis being true, i.e.

2FDR in the absence of errors is 6.25 x 10~

there is an association, is 0.0001. It can be noted
that the impact of genotyping errors on FDR is
almost irrespective of the underlying genetic
models for individual genotyping (Fig. 1). Also,
for unequal error rates, the results are qualita-
tively the same as those for equal error rates and
the sample size required and FDR are between
those corresponding to the two equal genotyping
error rates (Tables I, II, IV, and V).

DISCUSSION

In this report, we have considered the impacts
of genotyping errors in individual genotyping and
measurement errors in DNA pooling on the
sample size required to detect gene-disease
associations and as well as their impacts on FDR
for the case-control study. Our results showed that
the impact of measurement errors is much greater
on DNA pooling than that of genotyping errors on
individual genotyping. Therefore, measurement
error reduction in association studies is extremely
important to make DNA pooling a useful strategy
for studying gene-disease associations. One way
to reduce measurement errors for DNA pooling is
to form multiple pools, either using the same set
of samples across pools or dividing all the samples
into several pools [Hammick and Gastwirth, 1994;
Barratt et al., 2002; Le Hellard et al., 2002; Mohlke
et al.,, 2002; Sham et al.,, 2002; Visscher and
Le Hellard, 2003]. For example, in Barratt et al.’s
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FDR

0.00066 -
0.00065 -
0.00064 -
0.00063 |
0.00062 -
0.00061 -

0.002 0.004

0.006

e
0.008 0.01

Figure 1. FDR in the presence of genotyping errors and equal error rates e; = e, = e for individual genotyping under four different
genetic models when the allele frequency is p = 0.2. From top to bottom, the dashed line represents the dominant model, the long
dashed line represents the additive model, the solid line represents the multiplicative model, and the dotted line represents the

recessive model.

[2002] study the authors considered various
sources of error and showed that forming numer-
ous small pools will lead to the most effective
design. Also, Sham et al. [2002] pointed out that
assuming other things are equal, measurement
error variance will be reduced by a factor of k if k
distinct pool pairs are formed. However, the
results in Table III suggest that the number of
pools needed to make the results comparable to

P (reject H(()i) |H(()i) true)

_p[ /) -

pi(1 —pi)/nf)

"/ 2nd)

. Pi — P

the null hypothesis H;, when there are no
genotyping errors, then neglecting errors will not
affect type-I error in the presence of genotyping
errors. However, if the population frequency p of
allele A is known, then genotyping errors will
indeed affect the type-I error. In this case, the
actual type-I error due to neglecting genotyping
errors and using the sample size 7, in the absence
of errors is

>z ] H(()]) true
%

pi(1 —pi)

[ - -

z,0/pi(1 —pi)
=0 — e |
pi (1 —p;)

individual genotyping depends on specific genet-
ic models. It is apparent that the optimal DNA
pooling strategy needs further investigation.

It is interesting to note from formula (8) that for
the case of individual genotyping, if the popula-
tion frequency p of allele A is unknown and
naturally estimated by p* = (1, + nj;)/(4n) since it
is a consistent and unbiased estimator of p under

H(()i) true

} %P, )

For example, when p; =0.05 and e§1> = eg) =
0.01, the actual type-I error rate due to
neglectmg genotyping errors is 8.35 times of
ozo =5x107%,

Although our analyses focused on case-control
data, our approach can also be applied to study
family-based data through the methods proposed
by Risch and Teng [1998]. We expect that the
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effects of errors will be similar to what we have
found for case-control studies.

The genotyping error models we assumed in
this article may be simplistic. For example, the
error patterns may depend on a particular
genotype, instead of individual allele. However,
we hypothesize that the qualitative nature of the
results is similar under more general genotyping
error models.

If the error rates for individual genotyping or
DNA pooling are known, our methods can be used
to adjust for genotyping or measurement errors to
study associations between trait of interest and
candidate markers. The error rates may be esti-
mated from laboratory experiments or inferred
from the distribution of the test statistics [Jawaid
et al., 2002]. In addition, genotyping error rates can
be estimated by genotyping a subset of samples
multiple times (Zou and Zhao, unpublished re-
sults). When the error rates are estimated, the
variability of the estimate of allele frequency will be
increased [see Theorem A.1 of Gastwirth, 1987]. At
this time, the sample size required can be obtained
by replacing the true error rates by their estimated
values in formula (2). From Tables I and II, this can
result in oversampling or undersampling. As an
example, we consider the case of dominant model
with allele frequency p = 0.05. Assume that the true
genotyping error rates are e; = e, = 0.01. If their
estimates are ¢; = &, = 0.005, then from Table I, we
see that the sample size we calculate is 321; if their
estimates are ¢; = ¢, = 0.03, then the sample size
we calculate is 415. However, the sample size
actually required is 339. Note that even when the
error rates are estimated, the test statistic t;,; for
individual genotyping remains unchanged because
it does not depend on the error rates, true or
estimated. For DNA pooling, the test statistic ¢,
will be affected by the estimate of error rate, and
the conclusion on sample size required (and hence
power) is similar to that for individual genotyping
provided that the estimate of error rate is consistent.

This report has considered the effect of errors
on association studies when individual genotyp-
ing and DNA pooling are used. Another major
effect on case-control association studies is popu-
lation stratification. Although several approaches
have been developed to control for population
stratification using genomic markers, all these
approaches require the availability of individual
genotyping data. Therefore, there is a need to
develop effective methods to control for popula-
tion stratification for DNA pooling studies to
make this strategy robust against population

stratification. We plan to pursue this research in
the future.
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APPENDIX: THE PROOF OF FDR
BOUND GIVEN IN FORMULA (7)

As in the text, we consider a test of K
hypotheses Hg),i =1,..,K, and let pu;=1
when Hg) is true and 0 otherwise, and ¢; =1 if
we reject Hg) and 0 otherwise. Then it is easily
seen that

E(‘fi|zli1 fz’>0> = P<éi =1 Zszl éi>0)

E(méIZfil 5i>0>
= P('Iifi =1 Zil é">0)
= P(n,' =1,¢&=1 Zszl éi>0)

_ P =1,&=1)
P(Zlel §i>0)
_ P =16 =1)-P(& =1)
P(TE &>0)
P (Héi)true|reject H((f)) -P (reject Héi))
P(TE &6>0)

Therefore, using the first-order approximation to
FDR, we have

~ Zle E(’?ifi| Zfil fi>0>
SN E(alsE 6>0)
50, () true] reject HY )P (reject 1Y)

KL P (reject Héi))

FDR

(A1)

Note that formula (A.1) for multiple tests applies

to independence replicates. For genomewide

studies, the tests will be positively correlated

and hence the bound for FDR will be conservative.
When K = 1, formula (6) leads to

FDR =E(11/&,>0) = P(n; = 1 = 1)

P(=1 )

= # =P (H(()l) true|reject Hé”). (A.2)
p (Zi:l i >0)

) 0 This shows that for a single test, formula (A.1)
p (7’3]301L Hy ) holds exactly, and FDR is the posterior probability
T 7K ..\ of the null hypothesis being true [see also Storey,
P (Zi=1 & >0) 2003]. From formulas (A.1) and (A.2), we see that
and the overall FDR for all K tests is, in fact, a
weighted average of FDR for each single test by its

proportionality of rejecting the null hypothesis.

Formula (A.2) can also be written in the form

DR S, P(rejectH((f) Hél)true)P(H(()’)true)
Z,K: P (reject H(()l))

Zfil P (reject H(()i) ’H(()i)true) P (H(()i) true)

Z,K: 1 {P (reject H(()i) H(()i)true) P (H(()i) true) +P (reject Hg) ‘H?) true) P (H gi) true) }

where Hgi) denotes the ith alternative hypothesis,
i=1,...,K. Hence, formula (7) is proved.



