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The sampling of case-parent triads is an appealing strategy for conducting association analyses of complex diseases. In
certain situations, one may have interest in using the triads to identify genetic variants that are associated with a specific
subtype of disease, perhaps related to a characteristic cluster of symptoms. A straightforward strategy for conducting such a
subtype analysis would be to analyze only those triads with the subtype of interest. While such a strategy is valid, we show
that triads without the subtype of interest can provide additional genetic information that increases power to detect
association with the subtype of interest. We incorporate this additional information using a likelihood-based framework
that permits flexible modeling and estimation of allelic effects on disease subtypes and also allows for missing parental
data. Using simulated data under a variety of genetic models, we show that our proposed association test consistently
outperforms association tests that only analyze triads with the subtype of interest. We also apply our method to a triad
study of attention-deficit hyperactivity disorder and identify a genetic variant in the dopamine transporter gene that
is associated with a subtype characterized by extreme levels of both inattentive and hyperactive-impulsive symptoms.
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INTRODUCTION

A variety of study designs use data from the
detailed catalogue of single-nucleotide polymorph-
isms (SNPs) [International SNP Working Group,
2001; Sherry et al., 2001] to identify genetic variants
that are associated with complex disease. One
popular association design collects case-parent
triads, which are units consisting of an affected
subject and the subject’s two parents. Association
analyses of triads consider the possible pairings of
SNP alleles from each parent, with the alleles
transmitted to the affected offspring forming the
“case” genotype and the other possible offspring
genotypes forming the “control” genotypes. Test-
ing for association between a SNP and disease
corresponds to testing whether a specific SNP
allele is preferentially transmitted from parent to
affected offspring. One can assess the significance
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of such preferential transmission using the trans-
mission-disequilibrium test (TDT) [Spielman et al.,
1993], which is a McNemar statistic for matched-
pair data. Alternatively, one can test for association
using a likelihood-based version of the TDT called
the conditional-on-parental genotypes (CPG)
approach, which was developed by Schaid and
Sommer [1993, 1994]. The CPG approach models
the probability of an affected offspring’s genotype
conditional on parental genotypes. This probability
is a function of genotype relative risk parameters,
which can be estimated using standard maximum-
likelihood procedures. The CPG and TDT
approaches are appealing for association analysis
because the matched nature of the genotype data
inherently conditions on the genetic ancestry of the
parents. Because of this conditioning, these proce-
dures are robust to spurious association arising
from population stratification [Schaid, 2004].
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Association studies of complex diseases occa-
sionally focus inference on specific disease sub-
types, especially if the overall disease phenotype
is based on the amalgamation of different symp-
toms and criteria. Disease subtypes can corre-
spond to clinically observed clusters of symptoms
that occur together, or can equate to groupings
based on similar age-of-onset, similar severity of
symptoms, or similar response to medication
(which is of interest in pharmacogenetics studies).
Such subtypes are potentially valuable to examine
because they may have similar genetic origins,
which should facilitate identification of relevant
disease-influencing variants. Waldman et al
[1998] implemented such a subtype strategy to
test whether a putative high-risk allele in the
dopamine transporter gene DAT1 was associated
with attention-deficit hyperactivity disorder
(ADHD) in a sample of case-parent triads. The
ADHD diagnosis actually comprises three specific
and mutually-exclusive subtypes: inattentive, hy-
peractive-impulsive, and combined. Each subtype
is based on surpassing diagnostic thresholds for
inattentive and hyperactive-impulsive symptom
dimensions. The inattentive subtype is diagnosed
in subjects who surpass the inattentive dimension
but not the hyperactive-impulsive dimension,
whereas the hyperactive-impulsive subtype is
diagnosed in subjects who surpass the hyperac-
tive-impulsive dimension but not the inattentive
dimension. The combined subtype is diagnosed in
subjects who surpass the thresholds for both the
inattentive and hyperactive-impulsive symptom
dimensions. When Waldman et al. [1998] analyzed
each subtype separately in the triads, they found
that the high-risk DAT1 allele was strongly
associated only with the combined subtype, which
suggests different subtypes might have different
genetic origins.

To conduct subtype association analyses in
triads, Waldman et al. [1998] applied either the
TDT or CPG test to those triads with the subtype
of interest and ignored the remaining triads
without the subtype. While such an approach is
valid, the power of such an approach might be
weak in general if the number of eligible triads for
the subtype analysis is small. To increase power,
we propose an idea based on the work of
Nagelkerke et al. [2004], Epstein et al. [2005],
and Weinberg and Umbach [2005], who showed
that one can use unrelated controls (or another
external information source of population allele
frequencies) to increase the power of an associa-
tion analysis of triads. Translating this idea to the
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subtype setting, we propose using the parents
from triads without the subtype of interest as
unrelated controls to increase power of the
association analysis of triads with the subtype of
interest. While such a strategy is appealing, we
must be cautious in implementation since we still
sample these triad parents without the subtype of
interest on the basis of having an affected
offspring with some form of the disease. If the
tested SNP is associated with a different subtype,
then these sampled parents do not constitute a
random sample from the population and cannot
serve as unrelated controls. Such a situation could
easily arise if the SNP allele associated with the
subtype of interest is also associated with a
different subtype. Additionally, such an occur-
rence could result from a phenomenon like allelic
heterogeneity, where one SNP allele is associated
with one subtype and the other SNP allele is
associated with a different subtype.

Rather than using the parental genotypes from
triads without the subtype of interest, we show
that we can still extract useful information on
population allele frequencies using the genotypes
of the entire triad (parents and offspring) without
the subtype of interest. This additional informa-
tion will increase the power to detect association
with the disease subtype of interest. To incorpo-
rate this information from triads without the
subtype of interest, we develop a likelihood-based
procedure similar in form to that proposed by
Epstein et al. [2005]. In remaining sections, we
describe this likelihood and develop estimation
procedures and statistical tests for assessing
association between the SNP and the disease
subtype of interest. We evaluate the performance
of our proposed approach using both simulated
data and real data from the triad study of ADHD
described in Waldman et al. [1998].

MATERIALS AND METHODS

ASSUMPTIONS AND NOTATION

We assume a sample of case-parent triads that
were collected for the study of a complex disease.
We assume that triads are genotyped at a SNP of
interest with alleles S and s. We further assume
these triads can be classified without error into
two mutually-exclusive disease subtypes, denoted
by A and B. Without loss of generality, we assume
subtype A is the primary subtype of interest. In
this situation, subtype B can be either a unique
subtype or a composite of all remaining subtypes.
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Interest focuses on assessing whether the SNP of
interest is associated with disease subtype A.

Each genotype is coded to equal the number of
copies of the S allele within the genotype. For a
given triad, let G,, and G, denote the two parental
genotypes with the convention that G,, > G,,, and
let G, =(Gy,,Gp,). Let G, denote the offspring
genotype. Finally, let D, denote the offspring
phenotype, with D, = A indicating disease subtype
A and D, = B indicating disease subtype B.

We focus inference on the SNP-based geno-
type relative risks (RRs) of subtype A, which we
model using

_ P(D, = A|G, =g)
s P(D, = AlG, = 0)

where B is a vector of risk parameters and X; and
X, are design vectors for offspring genotypes
g=1 and g=2, respectively. This RR model
permits flexible modeling of allelic effects on
disease subtype A. We can implement a general
RR model by assuming the 3 and X, vectors each
have two components with X; =(1, 0) and X, =
(0, 1). We can also let B and X, be scalar and specify
non-general RR models, such as multiplicative
(X4 =1, X, =2), dominant (X; = X, = 1), and reces-
sive (X;=0, X,=1). Additional effects such as
imprinting or parent-of-origin effects can also be
included in this framework [Weinberg et al., 1998]
but are not considered further in this report. Our
goal in the association analysis of subtype A is to
conduct inference on f or, equivalently, ..

=exp(p’-X,), g=1,2

LIKELIHOOD DERIVATION

Following Nagelkerke et al. [2004] and Epstein
et al. [2005], we conduct association analysis of
subtype A by constructing the joint likelihood of
the genotype data from triads with subtype A and
the genotype data from triads with subtype B. To
model the genotype data from subtype A triads,
we use the full likelihood

La = [ [ PlGuilGpi» Doi = Al - P[GyilDoi = A, (1)
iEIA

where the subscript i indexes individual triads
and I4 denotes the set of indices for triads with
subtype A. Here, P[G,i|Gyi, Doi = A] denotes the
probability for the standard CPG approach
[Schaid and Sommer, 1993] and has the form

P[Goi = 8|Gpi = 8p» D, = A]

_ WP(Go =gIGy = &)
Zg* q’g*P(Go =g*Gy = gp)

where P(G, = g|G, = g,) are known combinator-
ial coeff1c1ents determmed by Mendelian trans-
mission.

The term P[G;|Dy = A] in L, in (1) takes the
form [Schaid, 1999]

P[Gpi = gp|Doz' = A]
_ Zg ‘J’gP(GO =8IGy = gr’)“gp 2
Yg 2 ‘J’g*p(Go =G, = g;) Hg;

where Mo, = = P[G, = gp] denotes the distribution of
parental genotypes gp in the target population.
Followmg Weinberg et al. [1998], we specify p, by
assuming mating symmetry in the target popula-
tion, such that we can describe the distribution of
parental mating types using the vector pu = (u2),
Mo, Heoy Ba1y, Baos Ho)- The elements of p
may take any positive values that sum to 1. Note
this model does not assume Hardy-Weinberg
Equilibrium (HWE) or random mating in the
population.

We can also use equations of the same form as
(1) and (2) to describe data of subtype B triads,
with  replaced by

P(D, = B|G, = g)
P(D, = B|G, = 0)’

and p, replaced by j,t This result holds even
if subtype B represents a composite of several
distinct subtypes although it may be difficult to
interpret ¢, in thls situation. If the mating
frequencies p, and ug are not constrained in any
way other than each describes a probability
distribution, then the joint analysis of triads with
subtype A and B will not yield increased power
with respect to a separate analysis of subtype
A triads alone. However, if we constrain p, = us,
then joint analysis of triads with subtypes A anng
using L =L, - Lg, where

Lg = | [ PIGui|Gyi. Doi = B] - P[Gpil Doi = B

iEIB

g

can increase the efficiency of estimates of  and,
hence, can lead to a more powerful test of subtype
A. A similar effect was seen by Nagelkerke et al.
[2004], Epstein et al. [2005] and Weinberg and
Umbach [2005].

Finally, although we maximize L =L, -Lg with
respect to B, i, ¢; and ¢,, we consider ¢ and ¢, to
be nuisance parameters. For this reason, we
assume a general (saturated) model for ¢; and
¢ to avoid any potential bias arising from model
misspecification of these parameters. However, in
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some situations, it may be worth attempting to
model ¢, to increase the efficiency of estimation
of B, especially if it can be established that ¢p,=1.

ASSOCIATION TESTING AND INFERENCE
BETWEEN SNP AND DISEASE SUBTYPE A

Using the likelihood L = L, - Lg, we can estimate
B, 1, ¢1 and ¢, using standard maximum-like-
lihood procedures. We can also develop like-
lihood-ratio (LR) and generalized score statistics
[Boos, 1992] for testing the null hypothesis of no
association between a SNP of interest and disease
subtype A. Testing for no association corresponds
to testing Hy: B = B> =0, assuming a general RR
model, or testing Hy: p=0 assuming a non-
general RR model. Under the null hypothesis,
the LR and score statistics each follow a y3
distribution under a general RR model and a ;2
distribution otherwise.

An interesting question arises whether it is more
advantageous to apply the proposed approach
under a general RR model or a non-general RR
model for fi. Analyses based on the general RR
model make no modeling assumptions and,
therefore, are more robust to model misspecifica-
tion than those based on a non-general RR model.
However, analyses under a general RR model
subsequently will be less efficient than those of a
non-general RR model when the latter model is
correctly specified. Rather than choosing to go
exclusively with a general or non-general model,
we instead suggest using the Akaike Information
Criterion (AIC) [Akaike, 1985] to help guide
appropriate inference. For a given model, we
calculate the AIC as —2log(L*)+2p, where L*
denotes L evaluated using the maximum-like-
lihood parameter estimates and p denotes the
number of model parameters. Using AIC values,
we can conduct inference either using the “best”
model (which has the smallest AIC value) or by
using a weighted model average (where the
weights are functions of the AIC values) as
described by Buckland et al. [1997].

COMBINING DATA FROM TRIADS WITH
AND WITHOUT SUBTYPE OF INTEREST

For subtype analysis, the efficiency gains in
B using our proposed approach only arise when
the mating-type frequencies from subtype A triads
are assumed to be the same as the mating-type
frequencies from subtype B triads (that is,
He = pg). If this assumption does not hold, then
the (inappropriate) p information from subtype
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B triads will bias the estimates of p in subtype
A triads, leading to bias in estimates of p.
Unfortunately, situations may arise where the
mating-type frequencies do indeed differ between
these two sets of triads. For example, a form of
population stratification could exist where sub-
type A and B triads are sampled in different
proportions from two discrete populations, each
with its own distinct mating-type frequencies. As
a result, the mating-type frequencies in subtype
A triads will not match the frequencies of subtype
B triads, which will lead to bias in estimates of f.

To avoid potential bias in B, we must conduct a
test prior to analysis to ensure that we can safely
combine the two types of triads together. We
recommend testing H'P : He = ug, which is the
null hypothesis that the mating-type frequencies
of the two subtypes are the same. We can test H®)
using LR or score statistics based on L =L, - Lg.
Each statistic follows a y2 distribution under H®.
If we fail to reject the null hypothesis, then we
constrain the mating-type frequencies from each
subtype to be the same and use L=L,-Lg to
conduct association analysis of subtype A triads.
If we reject the null hypothesis, we discard
the information from subtype B triads and
base analyses on subtype A triads only using the
CPG approach.

ALLOWING FOR MISSING
PARENTAL DATA IN TRIADS

Case-parent triad analyses of disease must often
deal with the issue of missing parental data,
which can arise from factors such as death or
refusal to participate. As a result of the missing
parental data, studies often contain triads with 1
missing parent (defined as dyads) or 2 missing
parents (defined as monads). In the context of
this report, missing parental genotype data lead
to partially or completely missing values of G,
which complicates inference.

To incorporate dyads and monads with sub-
types A and B into a valid association analysis, we
use missing-data procedures for triads similar to
those proposed by Weinberg [1999] and Epstein
et al. [2005]. For dyads and monads with subtype
A, we replace P[G0i|Gp,',DOj = A]P[Gpi|Doi = A] in
L4 in equation (1) with

> PIGuilGyi, Doi = AIP[G,ilDoi = A] - (3)
Gp,-eSn,»

where S, denotes the set of parental geno-
types consistent with the observed genotype
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data. For incomplete triads with subtype B, we
similarly replace P[G,;|Gpi, Doi = B] - P[Gi|Doi = B]
in Ly with

> PlGilGpi, Doi = BIPIG,ilDoi = Bl (4)
Gpiespi

Using the probabilities in (3) and (4) for
incomplete triads with subtypes A and B, respec-
tively, we can maximize the resulting likelihood
using on Expectation-Maximization (EM) algo-
rithm [Dempster et al., 1977] that is similar to the
algorithm described in the appendix of Epstein
et al. [2005].

APPLICATION TO ADHD DATASET

We applied our association test to data based
on the study of Waldman et al. [1998], which
investigated the role of the dopamine transporter
gene DAT1 as a risk factor for ADHD. DATI
marker data consisted of genotype data from a
40-bp VNTR found within the 3" UTR of the gene.
For simplicity, we represent the marker in biallelic
form by focusing inference on the common
10-repeat DATT1 allele and pooling all remaining
alleles into a second category. Prior evidence
[Cook et al., 1995; Gill et al., 1997] suggests this
common allele is a high-risk allele for ADHD.

The sample we consider consist of 85 triads with
the combined ADHD subtype, 44 triads with the
inattentive ADHD subtype, 11 triads with hyper-
active-impulsive ADHD subtype, and 92 triads
with no ADHD diagnosis. We note that these
sample sizes are larger than those used in Wald-
man et al. [1998], due to additional sampling of
triads since that report’s publication. The majority
of the 232 triads were Caucasian, although a
small proportion were African-American and
Hispanic [see Waldman et al, 1998, for an
ethnic breakdown of the sample]. The frequency
of the 10-repeat DAT1 allele is approximately
the same (x0.72) in these three ethnic groups
[Doucette-Stamm et al., 1995], which suggests bias
in B estimates due to population stratification
is unlikely.

We first investigated whether the common
DAT1 allele was associated with the overall
ADHD phenotype. Of the 140 ADHD triads in
the dataset, 82 were complete, 42 were dyads, and
16 were monads. We analyzed the triad data
under multiplicative, dominant, recessive, and
general mechanisms using the EM-based CPG
approach of Weinberg [1999]. After completing
these analyses, we next examined whether the

allele was associated with the combined ADHD
subtype. Our sample then consists of 85 triads
with the subtype of interest and 147 triads without
the subtype of interest. Of the 85 triads with the
subtype of interest, 49 were complete, 28 were
dyads, and 8 were monads. Of the 147 triads
without the subtype of interest, 105 were com-
plete, 33 were dyads, and 9 were monads.

We tested whether the common DATT1 allele was
associated with the subtype of interest under
multiplicative, dominant, recessive, and general
mechanisms using two separate procedures. First,
we applied the CPG approach to the 85 triads with
the subtype of interest and used the EM algorithm
of Weinberg [1999] to allow for missing parental
data. Next, we considered our proposed approach
that uses both the 85 triads with and 147 triads
without the subtype of interest for analysis. Using
our proposed EM algorithm to account for
missing parental data, we first tested whether
it was safe to combine the two sets of triads by
testing the null hypothesis that their mating-type
frequencies were the same. If we failed to reject
the null hypothesis, we then applied our proposed
association test to the combined dataset. To
determine the most likely mechanism of genetic
action, we calculated the Akaike Information
Criterion (AIC) under each RR model and chose
the best model as the one with the smallest AIC
value [Akaike, 1985].

SIMULATIONS

Using the ADHD subtype analyses as a basis,
we conducted additional simulations to assess the
type I error and power of our test for detecting
association between a SNP and the subtype of
interest. We assumed the high-risk allele of the
SNP corresponded to the common DAT1 allele
used in the ADHD analyses. We then simulated
SNP data for triads using estimates of p from the
best model from the ADHD subtype analyses.
Using the definitions for the design-vectors
X; and X, described earlier, we varied the true
RR model y, = exp(B - X;) (¢ = 1,2) among multi-
plicative, dominant, and recessive mechanisms.
We generated subtype RR values (exp(p)) that
ranged between 1.0 (null) and 2.0. To assess the
effect of missing data on results, we varied the
percentage of missing parental data between 0
and 40%. We analyzed each dataset twice; once
applying the CPG method to triads with the
subtype of interest only and once applying our
proposed method that uses triads with and
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without the subtype of interest. For each method,
we analyzed the data both under the true model
as well as the general model (which does not
require knowledge of the true model). For a
particular simulation design, we based power
and type I error estimates on 10,000 replicates of
the data.

We also conducted simulations to assess the
impact of population stratification on the results
of our proposed approach. To induce stratification,
we sampled triads with and without the subtype of
interest in different proportions from two discrete
strata, each with its own unique set of mating-type
frequencies for the simulated SNP. For the first
stratum, we assumed the high-risk allele frequency
was 0.72, which corresponded to the frequency of
the common DAT1 allele in the ADHD analyses,
and used mating-type frequencies corresponded to
those from the best ADHD model. For the second
stratum, we assumed the high-risk allele frequency
was 0.44, which corresponded to the frequency of
the common DAT1 allele in a Yemenite Jewish
population [Kang et al., 1999] as reported in the
ALFRED database [Cheung et al, 2000]. For
simplicity, we simulated mating-type frequencies
in the second stratum assuming random mating
and HWE. Given the difference in allele frequencies
between the two strata, we induced stratification by
sampling triads with the subtype of interest in equal
proportions from the two strata, while sampling
triads without the subtype of interest in unequal
proportions. For each dataset, we first assessed
whether it was appropriate to combine triads with
and without the subtype of interest by testing the
null hypothesis that the mating-type frequencies of
the two sets were the same. If we failed to reject the
null, then we combined the two sets of triads
together in the analysis. If we rejected the null, then

TABLE 1. Results from DAT1 subtype analysis

we based inference only on those triads with the
subtype of interest using the CPG approach. Based
on this strategy, we recorded the RR estimates from
the best model (CPG approach if the null hypothesis
is rejected, our proposed approach otherwise). For
a particular stratification design, we base results on
10,000 replicates of the data.

RESULTS

ANALYSIS OF ADHD DATASET

We first conducted CPG analyses that assessed
association between the common DAT1 allele
and the overall ADHD phenotype in the 140
triads with an ADHD diagnosis. Results sug-
gested there was no association between DAT1
and ADHD, with P values ranging between 0.253
(for a dominant model) and 0.652 (for a recessive
model). These results suggest the common DAT1
allele does not increase risk for the general ADHD
phenotype.

While the common DATT1 allele is not associated
with the overall ADHD phenotype, it is still
possible that the allele could be associated with
a subtype group that is more genetically homo-
geneous. To explore this possibility, we next
conducted DAT1 association analyses of the
ADHD combined subtype and report the results
in Table I. We first applied the CPG approach to
the 85 triads with the subtype of interest and
found no significant association between the
common DATT allele and the subtype under each
RR model considered, with P values ranging
between 0.400 and 0.589. While these results
contrast the results of Waldman et al. [1998], we
note that we are using a larger dataset than the
one used by the authors for subtype analysis.

Model
Multiplicative Dominant Recessive General

Parameter estimates

Combined subtype RR 1.54 2.73 1.50 2.41,3.31
He2) 0.25 0.27 0.25 0.25
B, 0.45 0.44 0.46 0.45
W2,0) 0.03 0.03 0.03 0.03
K, 0.17 0.17 0.17 0.18
W10y 0.09 0.08 0.08 0.09
10,0 0.01 0.01 0.01 0.01
AIC 746.76 747 .64 748.44 748.11

P value: combined test 0.04 0.07 0.12 0.09

P value: CPG test 0.40 0.46 0.52 0.59

Genet. Epidemiol. DOI 10.1002/ gepi
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We next applied our proposed approach that
uses both the 85 triads with and the 147 triads
without the subtype of interest for analysis. Prior
to analysis, we first tested whether it was safe to
combine the 85 triads with and 147 triads without
the subtype of interest together for association
analysis. P values for these tests were 0.395, 0.265,
0.260, and 0.410 under multiplicative, dominant,
recessive, and general models, respectively, which
suggest it is acceptable to combine the two sets
of triads together.

Application of our proposed method to those
triads with and without the subtype provided
more evidence of an association between the
common DAT1 allele and the subtype of interest
compared to the CPG approach. On the basis of
the AIC values, our approach best fits the DAT1
marker data under a multiplicative model. Under
this model, we found significant evidence of an
association between the common DATT1 allele and
the combined subtype (p=0.041)). As the RR
estimate of the common variant is >1, this result
suggests there is moderate evidence that the
common DAT1 variant increases susceptibility to
the ADHD combined subtype.

Taken collectively, these ADHD results illustrate
two important points. First, in general, the
analysis of meaningful disease subtypes is valu-
able, since it may identify unique genetic signals
that would otherwise be lost in the analysis of a
more global (and more genetically heterogeneous)
phenotype. Second, while subtype analyses may
have limited power due to the reduced number of

TABLE II. Power results assuming nominal « = 0.05"

eligible triads, the incorporation of triads without
the subtype of interest into such analyses provides
valuable information for inference and can sub-
stantially improve the ability to identify relevant
subtype-influencing variants.

SIMULATION RESULTS

Table II reports type I error and power results at
nominal o =0.05 for both our proposed test and
the CPG test assuming simulated data from a
sample of 150 complete triads with and 150
complete triads without a subtype of interest.
For a given test, we report analysis results both
assuming the true (simulation) model, as well as
the general model that makes no assumptions on
the genetic mechanisms of the alleles on disease.
As expected, for a given test, we found the power
under the true model was greater than that under
the general model.

Under the null model assuming a RR of 1.0, both
the CPG and our proposed tests had appropriate
type-I error. For RR values >1.0, results indicate
our novel approach consistently outperforms the
CPG approach across a broad range of RR values
and genetic mechanisms. Power increases were
most noticeable for multiplicative models, fol-
lowed by recessive and dominant models. We
expect these power increases since our proposed
approach incorporates additional genetic informa-
tion (from triads without the subtype of interest)
that the CPG approach ignores.

RR value
True model Analysis model Approach 1.00 1.25 1.50 1.75 2.00
Multiplicative
True Combined test 0.049 0.300 0.723 0.936 0.988
CPG test 0.050 0.241 0.606 0.852 0.956
General Combined test 0.055 0.236 0.633 0.885 0.970
CPG test 0.057 0.185 0.511 0.764 0.917
Dominant
True Combined test 0.054 0.109 0.212 0.333 0.455
CPG test 0.055 0.092 0.182 0.284 0.377
General Combined test 0.053 0.088 0.162 0.253 0.348
CPG test 0.056 0.075 0.132 0.227 0.315
Recessive
True Combined test 0.050 0.213 0.557 0.827 0.947
CPG test 0.050 0.187 0.484 0.735 0.882
General Combined test 0.055 0.170 0.463 0.743 0.900
CPG test 0.056 0.151 0.370 0.642 0.796

“Simulations assumed 150 complete triads with and 150 complete triads without subtype of interest. Power results are based on 10,000
replicates using estimated mating types from the ADHD study given in Table 1.

Genet. Epidemiol. DOI 10.1002/ gepi
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Results in Table II assume complete triads with
no missing parental data. To assess the impact of
missing parental data on our proposed method,
we again simulated 150 triads with and 150 triads
without the subtype of interest but assumed a
percentage of the parental genotype data were
missing. We analyzed all datasets using our
proposed EM algorithm assuming both the true
(simulated) and general models and report power
and type-I error results in Table III. Under the null
model, we found our method had appropriate
type 1 error for all genetic mechanisms and
missing parental rates. Under alternative models,
we found that power was hardly affected by
missing parental data when the missing rate was
<20%. For missing parental rates >20%, we did
find moderate decreases in power relative to the
ideal condition of no missing data. However, we
also found our proposed EM-based approach
consistently outperformed the EM-based version
of the CPG approach [Weinberg, 1999] under all
genetic mechanisms, RR values, and missing-
parent rates considered (results not shown).

We conducted additional simulations to assess
the impact of population stratification on the
results of our proposed method. We again
sampled 150 complete triads with and 150
complete triads without the subtype of interest.
To induce stratification, we sampled the former
set of triads in equal proportions from two
discrete strata (described in Materials and Meth-
ods), but sampled the latter set of triads in

unequal proportions. For these latter triads, we
sampled units from the first stratum with prob-
ability g, which we varied between 0.10 and 0.90
(with 0.50 corresponding to no stratification). For
each dataset, we tested whether triads with and
without the subtype of interest could be combined
by testing the null hypothesis that the mating-type
frequencies of the two sets were equal. We then
recorded RR estimates under the best model (RR
from the CPG approach when the null hypothesis
is rejected, RR from our proposed approach
otherwise). For comparison, we also recorded the
RR estimates under the naive model that used our
procedure to analyze the combined dataset ignor-
ing the results of the test of mating-type equality.

Figure 1 (top) reports the power of our approach
to reject the null hypothesis that the mating-type
frequencies of triads with and without the subtype
are the same as a function of the sampling
probability g, assuming a multiplicative model
and a true RR value of 1.0 (results for other
models are similar). When g = 0.50 (corresponding
to no stratification), our proposed approach has
appropriate type I error. Under alternative mod-
els, the power increases with an increase in the
magnitude of the difference between the assumed
value of 4 and the null value of g = 0.50.

At least for simulation models based on the
DATT1 results in this report, the power to detect
stratification is generally modest. That being said,
our test for stratification is still valuable in that the
resulting inference reduces the bias that can occur

TABLE III. Power results assuming nominal « = 0.05: missing parental data®

Percentage of missing parental data

True model RR value Analysis model 10 20 30 40
Multiplicative
1.0 True 0.049 0.052 0.053 0.056 0.048
General 0.055 0.050 0.053 0.053 0.052
15 True 0.723 0.709 0.669 0.651 0.628
General 0.633 0.601 0.580 0.541 0.527
Dominant
1.0 True 0.054 0.053 0.050 0.051 0.055
General 0.053 0.053 0.052 0.053 0.055
1.5 True 0.212 0.198 0.196 0.188 0.186
General 0.162 0.161 0.150 0.144 0.142
Recessive
1.0 True 0.050 0.050 0.048 0.046 0.049
General 0.055 0.054 0.054 0.056 0.053
15 True 0.557 0.545 0.530 0.515 0.488
General 0.463 0.439 0.419 0.407 0.397

“Simulations assumed 150 triads with and 150 triads without subtype of interest. Power results are based on 10,000 replicates using

estimated mating types from the ADHD study given in Table L.
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Fig. 1. Suitability of combining SNP data from 150 triads with and 150 triads without subtype of interest under population
stratification. Simulations assume a multiplicative model and a RR value of 1.0. Triads with subtype of interest are sampled from two
strata in equal proportions. Triads without subtype of interest are sampled from stratum 1 with probability g, with 4=0.50
corresponding to no stratification. Top: Power of combined test to reject null hypothesis at 2=0.05 that mating-type frequencies of triads
with and without subtype are the same. Bottom: The average naive RR estimate (solid line) using the combined approach, as well as the
RR estimate (dashed line) for the best model (RR estimate from the CPG approach if null hypothesis is rejected, RR estimate from
the combined approach otherwise). Results are based on 10,000 replicates of data.

in estimates of RR parameters. To show this, we
present the mean RR estimates as a function of the
sampling proportion g in Figure 1 (bottom). From
this, the results clearly show that when stratifica-
tion exists, naive analysis of triads using our
proposed approach can lead to substantial bias in
RR estimates, with the bias increasing steadily
with an increase in the magnitude of the differ-
ence between the true value of g and the null value
of g = 0.50. However, Figure 1 (bottom) also shows
that the mean RR estimates based on the best
model (RR estimates from the CPG approach
when the null hypothesis of mating-type equality
is rejected, RR estimates from our proposed
approach otherwise) show little or no bias in
these situations. These results show that testing
whether triads with and without the subtype
of interest can be combined prior to analysis
is necessary to ensure valid results using our
proposed approach.

DISCUSSION

Case-parent triad study designs are popular for
association analyses of disease since results are
robust to spurious association arising from popu-
lation stratification. Rather than analyze all triads
with the disease phenotype together, situations
may arise where it is advantageous to partition
triads into groups with different subtypes based
on criteria such as similar symptoms or response
to medication. Such subsets potentially are more
genetically homogenous than the overall disease
phenotype, which may facilitate the mapping of
influential genetic variants. However, one poten-
tial drawback of triad analysis of disease subtypes
is that the resulting analyses may be weakly
powered if the number of eligible triads with
the subtype of interest is small. To increase
power in these situations, we have developed a
novel likelihood-based approach for conducting

Genet. Epidemiol. DOI 10.1002/ gepi
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association analyses of disease subtypes in triads.
Using both a real ADHD dataset as well as
simulated data, we demonstrated that our pro-
posed

approach is more powerful than the typical
approach of analyzing only those triads with the
subtype of interest using the CPG approach. We
intend to implement these proposed methods for
subtype analysis in a software package for public
use, which can be downloaded free of charge from
our Web site (see Epstein software Web site).

While we developed our subtype method for
triads only, our method can easily be extended to
accommodate additional unrelated subjects (in-
cluding cases with the subtype of interest and
unaffected controls) within the likelihood using
similar approaches as described by Nagelkerke
et al. [2004] and Epstein et al. [2005]. Cases
provide additional information on RR parameters
and mating-type frequencies, while controls pro-
vide information on the mating-type frequencies
only. Inclusion of this additional information will
further increase the power to detect association
between a SNP and the subtype of interest.

We have also developed statistical tests to
ensure that triads with and without the subtype
of interest can be safely combined for analysis. As
demonstrated by the simulation results, substan-
tial bias in naive RR parameter estimates
can occur when population stratification exists
between triads with and without the subtype of
interest. This arises from the fact that informa-
tion on B from P[Gy|D, = A] in (2) comes from
comparing the parental mating-type frequencies
in subtype A triads with the mating-type frequen-
cies originating from the parental genotypes of
subtype B triads in Lg. Differences in the
distribution of these two sets of frequencies can
grossly bias the information on B from (2),
resulting in bias in the overall estimate of B using
L=L,-Lg. We note that our proposed statistic for
assessing the suitability of combining triads with
subtypes A and B differs from a strategy
described by Epstein et al. [2005], which translates
in this setting to assessing whether the estimates
from B in (2) differ from the  estimates from the
CPG-based portion of the likelihood. The motiva-
tion behind this test is that the former RR
estimates are susceptible to bias arising from
mating-type frequency differences between triads
with subtypes A and B, whereas the latter RR
estimates will still be unbiased in these situations.
Therefore, if the two sets of RR estimates are the
same, then this suggests the two samples can be

Genet. Epidemiol. DOI 10.1002/ gepi

safely combined. We evaluated this other test for
assessing the suitability of combining triads with
and without the subtype of interest under popula-
tion stratification and found it to be less powerful
relative to our proposed test that is based on direct
comparison of the mating-type frequencies of the
two samples (results not shown). We, therefore,
recommend this latter test to ensure valid associa-
tion analysis of disease subtypes.

We have not considered the effect of imprinting
or parental genotype effects on offspring pheno-
type. These effects could be incorporated into our
approach by adding appropriate parameters to the
relative risk model, as shown by Weinberg et al.
[1998]. If imprinting or parent-of-origin effects are
suspected, then we recommend that they be
included in the nuisance model for subtype B as
well as the model for subtype A.

While we developed our proposed approach for
the analysis of single SNPs with disease, we could
extend our approach to conduct subtype analysis
of a multiallelic locus. Let s; and s, denote the two
alleles representing offspring genotype g. We can
model the allele effects on disease within the
genotype RR using an additive mechanism, such
that y, = eXP(le + BSZ), where f; and f;, are the
disease-risk parameters for the two alleles.
Other allele-effect models are also possible.
We can conduct inference on these disease-risk
parameters using a variation of the likelihood
L=Ls-Lg. As described previously, Ly is a
function of \, and P[G,], while Ly is a function
of P[G,,] and ¢, For a multiallelic locus, the
modeling of P[G,] is complicated if one uses a
symmetric-mating type distribution in analysis.
While a biallelic SNP only requires specification of
6 mating-type parameters, a 3-allele locus requires
21 mating-type parameters and a 4-allele locus
requires 55 mating-type parameters for analysis.
This increased number of mating-type parameters
that must be modeled may result in subtype
analyses that are numerically unstable and compu-
tationally inefficient. Additionally, many of the
mating-types will have small (or zero) counts,
which may result in the need of permutation-based
procedures for proper inference. Because of these
unappealing limitations of using mating types, we
feel it is likely advantageous to model P[G,] under
the assumption of random mating since it signifi-
cantly reduces the number of parameters in P[G,]
that have to be estimated (6 parameters for a 3-allele
locus, 10 parameters for a 4-allele locus).

We note that we can implement an alternative
strategy for analysis of subtype A that does not
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require modeling of the subtype B RR parameters
¢1 and ¢,. Rather than consider the genotypes of
an entire subtype B triad for analysis, one instead
considers the distribution of the untransmitted
parental alleles G, conditional on the offspring
genotype G, in the triad, which we denote by
P[Gui = 8ulGoi = &, Doi = B]. One can rewrite this
probability as

P[Gui = gulGoi =94, Doi = B]
_ P[Gui = Su, Goi = g]
ZP[Gui = gii, Goi = 8]
Lo

P[Gui = gu,» Goi = g] denotes the joint probability
of the untransmitted and transmitted alleles in the
population, which is a function of p only. There-
fore, use of the above probability facilitates the
extraction of useful information on p without
characterization of ¢,. We evaluated the perfor-
mance of this approach for subtype analysis and
found power and type I error to be equivalent to
our proposed approach (results not shown). While
using untransmitted parental alleles avoids speci-
fication of the nuisance parameters ¢; and ¢,, it
has the limitation of being harder to generalize to
more complicated situations such as imprinting,
parental genotype effects, or loci having more
than two alleles.
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ELECTRONIC-DATABASE
INFORMATION

The URLs for methods presented herein are as
follows:

ALFRED, http://alfred.med.yale.edu/alfred/
index.asp

Epstein  software, http://server2k.genetics.
emory.edu/mepstein/software.php
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