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Abstract

Family-based designs can eliminate confounding due to population substructure and can distinguish direct
from indirect genetic effects but they are underpowered due to limited sample sizes. Here we propose
KnockoffTrio, a novel statistical method to identify putative causal genetic variants for father-mother-child
trio design built upon a recently developed knockoff framework in statistics. KnockoffTrio controls the false
discovery rate (FDR) in the presence of arbitrary correlations among tests, and is less conservative and
thus more powerful than the conventional methods that control the family-wise error rate via Bonferroni
correction. Furthermore, KnockoffTrio is not restricted to family-based association tests and can be used
in conjunction with more powerful, potentially nonlinear models to improve power of standard family-
based tests. We show using empirical simulations that KnockoffTrio can prioritize causal variants over
associations due to linkage disequilibrium. In applications to 14,200 trios from three study cohorts for
autism spectrum disorders (ASD), including AGP, SPARK, and SSC we show that KnockoffTrio can identify
multiple significant associations that are missed by conventional tests applied to the same data. In particular,
we replicate known ASD association signals with variants in several genes such as MACROD2, NRXN1,
PRKAR1B, CADM2, PCDH9, and DOCK4 and identify additional associations with variants in other genes
including ARHGEF10, SLC28A1, ZNF589, and HINT1 at FDR 10%.

Introduction

The father-mother-child trio design is a popular family-based design, especially for early-onset diseases. One
important example is autism spectrum disorders (ASD) where several prominent studies have successfully
employed such a design1,2,3. The main advantages of the family-based design are that it is robust to external
confounders such as population structure4,5 and can help distinguish between direct and indirect effects6.
Although popular methods have been proposed to account for confounding effects of population structure in
the context of population-based designs7,8,9, a more reliable approach to eliminating such confounders is to
use randomized experiments, and family-based designs provide an analogy to such experiments because of
the randomness in transmission of genetic material from parents to offspring10. However, a main limitation
of GWAS studies with family-based designs is the modest sample sizes, which ultimately lead to reduced
power.
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Most of the existing studies have focused on controlling the family-wise error rate (FWER) to account
for multiple testing in genome-wide association studies. Given the polygenic nature of many complex traits,
with a large number of small effect loci accounting for most of the trait heritability, a more meaningful and
powerful strategy is to control the false-discovery rate (FDR) that quantifies the expected proportion of false
discoveries. Control of FDR has been previously suggested in genome-wide association studies11,12, and
has been successfully employed in genetic association studies of ASD13,14. Valid control of FDR is however
difficult to achieve using the standard Benjamini-Hochberg procedure due to possible complex correlations
among genetic variants. The knockoff-based framework we employ here allows valid FDR control under
arbitrary correlations.

The idea of the knockoff-based inference is to construct knockoff copies of the original features (geno-
types) that preserve the correlation structure and are independent of the trait conditional on the original
features15. These knockoff features serve as negative controls and when compared with the original features
help identify the truly causal ones. The knockoff-based inference provides rigorous control of FDR under
arbitrary correlation structure and is thus more versatile than the Benjamini-Hochberg (BH) procedure that
requires independence or positive dependence16 for the FDR control. Several knockoff procedures have been
proposed with applications to population-based designs, including KnockoffZoom17 for genome-wide asso-
ciation studies based on hidden Markov models and KnockoffScreen18 for whole-genome sequencing data
based on the sequential conditional independent tuples (SCIT) algorithm. These methods, however, were
designed for independent individuals in population-based studies, making them unsuitable to family-based
studies as considered in this article. A related approach to construct synthetic offspring has been proposed
before in order to perform causal inference with trio designs10. Specifically, Bates et al. proposed a digital
twin test based on the conditional randomization test19, a method related to the knockoff but which can
produce valid empirical p-values. Computational cost is a concern for this test especially in high-dimensional
genome-wide settings where a large number of random drawings are needed to get small empirical p-values.

In this paper we propose KnockoffTrio, a knockoff-based framework for the analysis of trio data in genome-
wide association studies. Conventional association tests for family-based designs include the family-based
association test (FBAT)5, a generalization of the transmission disequilibrium test (TDT)20 to handle various
practical complexities such as missing parental data, covariate adjustment, and different types of phenotypes.
Methods based on kernel machine regression under a generalized linear mixed model framework have also been
proposed for family-based designs21,22 and for population-based designs adjusting for population structure
and relatedness8. Compared to these conventional testing strategies, KnockoffTrio enjoys several advantages
of the general knockoff-based inference such as higher statistical power, prioritization of causal variants over
associations due to linkage disequilibrium, and robustness in controlling false positives in the presence of
linkage disequilibrium between causal and non-causal variants18,17. Furthermore, KnockoffTrio can leverage
more general machine learning models while increasing power and maintaining proper FDR control regardless
of the validity of the assumed model.

Methods

Knockoff generation for trio design

We assume a study with n trios and p genetic variants. We denote the matrix of trio genotypes by G ∈
{0, 1, 2}3n×p. Our goal is to test the conditional null hypothesis

H0 : Y ⊥⊥Gg|G−g

where Y are the phenotypes and g ⊂ [p] is a continuous block. That is, variant(s) in group g (e.g., a gene
or a region) are null if Y is independent of Gg given variants outside g.

We describe a knockoff generation method for the trio design to capture sample relatedness and test
the above hypothesis. Our method assumes knowledge of haplotype phase; most phasing algorithms are
able to provide highly accurate estimates of haplotypes when applied to trio data sets23. We first generate
knockoff haplotypes for the parents, and then conditional on them we generate the knockoff haplotypes for
the offspring. We describe the algorithm as follows:
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Algorithm 1 Generation of knockoff trios

1. Sample one haplotype from each father into a group; assign the remaining haplotypes to the second group.

2. Repeat Step 1 for mothers and obtain two additional groups of haplotypes.

3. Apply the SCIP algorithm18 to each group of haplotypes and obtain the corresponding knockoffs (see below).

4. Generate knockoff offspring haplotypes conditional on the knockoff parental haplotypes (see below).

Note that in Steps 1 and 2, we assign an individual’s two haplotypes to two separate groups when
generating their knockoffs so that the permutation-based SCIP algorithm below does not use the residual
from one haplotype to generate the other haplotype’s knockoff. This is done to increase the contrast between
the original and knockoff genotypes in an individual, and hence to improve power.

SCIP algorithm to generate knockoff parental haplotypes. We adopt the residual permutation
method proposed in KnockoffScreen18 to generate knockoff haplotypes for the parents. The residual permu-
tation method is based on the general sequential conditional independent pairs (SCIP) algorithm19, defined
as follows:

Algorithm 2 SCIP algorithm for knockoff haplotype generation

j=1

while j ≤ p do

Sample H̃j independently from L(Hj |Hk∈Bj , H̃1≤k≤j−1,k∈Bj )

j = j + 1

end while

where Hj and H̃j denote the original and knockoff parental haplotypes for the jth variant, respectively,
and Bj denotes the subset of variants in a neighborhood of the jth variant (+/-100kb from the variant).
Algorithm 2 has been shown to generate knockoffs that preserve the exchangeability conditions between the
original and the knockoff genotypes necessary for controlling the FDR18. In the context of genetic data,
the exchangeability describes the invariance in the LD structure when one swaps a subset S of genetic

variants with their knockoffs, i.e., (H, H̃)swap(S)
D
= (H, H̃), in which (H, H̃)swap(S) is obtained from (H, H̃)

by swapping Hj and H̃j , ∀j ∈ S.

As in He et al.18 we consider a semiparametric model for L(Hj |Hk∈Bj , H̃1≤k≤j−1,k∈Bj ) in KnockoffTrio:

Hj = β0 +
∑

k 6=j,k∈Bj

βkHk +
∑

k≤j−1,k∈Bj

γkH̃k + εj ,

where εj is a random error term with a mean of zero. We obtain β̂, γ̂, fitted values Ĥj , and residuals

ε̂j = Hj − Ĥj by minimizing the mean squared loss. We then obtain permuted residuals ε̂∗j and define the

parental knockoffs H̃j = Ĥj+ε̂∗j .

Generating knockoff offspring haplotypes. Conditional on the knockoff parental haplotypes generated
as above, we then proceed to generate the knockoff offspring haplotypes. Given the phased haplotypes of
the original trio for a region, we first infer which parental haplotypes were transmitted to the offspring by
matching parental haplotypes with offspring haplotypes. We assume that no recombination occurs in the
transmission of haplotypes from parents to offspring in any small region. We then use the knockoff haplotypes
that correspond to the transmitted haplotypes in the original trio as the offspring’s knockoff haplotypes.

Exchangeability property. As with independent samples, we need certain exchangeability properties to
hold for the trio design in order for the FDR control to hold15. We formally prove the exchangeability
property and FDR control for the trio design in Appendix C.
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Multiple knockoffs to improve power and stability. The knockoff generation algorithm described
above generates one single knockoff haplotype for each original haplotype. However, the inference based on
a single knockoff often has limited power due to the detection threshold of 1

q , i.e. the number of independent
signals required for making any discoveries at the target FDR q. In particular, there is no power at the
target FDR q if there are fewer than 1

q discoveries to be made, which is not uncommon when q is low and the
signal is sparse. Moreover, the randomness in the sampling of a single knockoff makes the results unstable
particularly for weak causal effects. Therefore, to further improve the power and stability, we extend the
above single knockoff algorithm to generating multiple knockoffs. For M knockoffs, the detection threshold
decreases from 1

q to 1
Mq , making it more powerful to detect sparse signals even when the target FDR level

q is low. Furthermore, multiple knockoffs help improve the stability and reproducibility of the results.

Algorithm 3 SCIT algorithm for multiple knockoffs

j=1

while j ≤ p do

Sample H̃1
j , ..., H̃

M
j independently from L(Hj |Hk∈Bj , H̃

1
1≤k≤j−1,k∈Bj , ..., H̃

M
1≤k≤j−1,k∈Bj )

j = j + 1

end while

The semiparametric model for L(Hj |Hk∈Bj , H̃
1
1≤k≤j−1,k∈Bj , ..., H̃

M
1≤k≤j−1,k∈Bj ) in the multiple-knockoff

setting is:

Hj = β0 +
∑

k 6=j,k∈Bj

βkHk +
∑

1≤m≤M

∑
k≤j−1,k∈Bj

γmk H̃
m
k + εj ,

where εj is a random error term with a mean of zero. We obtain β̂, γ̂, fitted values Ĥj , and the residuals

ε̂j and their permutations ε̂∗j . We then define the mth knockoff H̃m
j =Ĥj+ε̂∗mj .

KnockoffTrio: A Knockoff Framework for Trio Design

We describe here a knockoff-based test using a family-based association test (FBAT) to compute the impor-
tance scores.

KnockoffTrio-FBAT. Once the knockoff generation for the father-mother-child trio data is completed,
KnockoffTrio-FBAT performs a genome-wide scanning procedure with a window φkl in both the original and
the knockoff data. We consider several candidate window sizes (e.g. in our applications 1bp, 1kb, 5kb, 10kb,
20kb, and 50kb), for φkl, with half of each window overlapping with neighboring windows of the same size.
We employ the weighted burden FBAT24, which is a generalization of the SNP-based FBAT for a set of
variants. Let n denote the number of trios and p denote the number of variants in a window. When p = 1,
the weighted burden FBAT is equivalent to the SNP-based FBAT. The weighted burden FBAT statistic Ww

for trio design is computed as:

Ww =

p∑
j=1

wjUj ,

Uj =
n∑
i=1

(Yi − u)Uij ,

Uij = Xij − E(Xij |P 1
ij , P

2
ij),

in which wj is a weight associated with the jth variant, Yi is a dichotomous or quantitative trait for the off-
spring in the ith trio, u is an offset parameter, Xij is the offspring genotype, P 1

ij and P 2
ij are the parental geno-

types, and E(Xij |P 1
ij , P

2
ij) is the expected value of the offspring genotype conditional on parental genotypes.

Typically, u = 0 for dichotomous traits and u = Ȳ for quantitative traits. The choice of wj is flexible and

can reflect any prior functional information on the variant; in this study we consider wj = (
√
npj(1− pj))−1,

4



in which n is the number of trios and pj is the minor allele frequency (MAF) for the jth variant. We can
further obtain the variance of Ww as

V ar(Ww) =
n∑
i=1

(Yi − µi)2

[ p∑
j=1

w2
jV ar(Xij |P 1

ij , P
2
ij) +

∑
j 6=k

wjwkCov(Xij , Xik|P 1
ij , P

2
ij , P

1
ik, P

2
ik)

]
.

Therefore, the standardized test statistic Z = Ww/
√
V ar(Ww) approximately follows a standard normal

distribution in large samples under the null hypothesis of no association between any of the p variants and
the trait.

Aggregated Cauchy association test to compute importance scores. For a given window φkl we
compute an importance score as follows:

• For a 1bp window, KnockoffTrio-FBAT implements SNP-based FBAT for variants with a MAF ≥ 0.01
and obtain pφkl and pmφkl (for the mth knockoff).

• For a 1kb, 5kb, 10kb, 20kb, or 50kb window, KnockoffTrio-FBAT implements

1. Weighted burden FBAT for variants with MAF≥0.01.

2. SNP-based FBAT for variants with MAF≥0.01.

3. The aggregated Cauchy association test (ACAT)25 to combine the p-values in Steps 1 and 2 and
obtain pφkl and pmφkl .

KnockoffTrio-X. The application of KnockoffTrio is not restricted to the FBAT test. Alternatively, p-
values can be obtained from different, more sophisticated methods that can help increase power in complex
scenarios, e.g., the error terms for quantitative traits are not normally distributed. As a proof of concept,
we investigate in simulations KnockoffTrio-iQRAT, in which we replace FBAT with iQRAT, a novel gene-
level association test that integrates quantile rank score process to accommodate more complex, non-linear
associations26. iQRAT considers a quantile model for quantitative trait Y :

QYi(τ) = α0(τ) + β(τ)>Xadj
i ,

where τ ∈ (0, 1) is the quantile level, β(τ)> = (β1(τ), β2(τ), ..., βp(τ)) is the quantile coefficient functions,

α0(τ) is the intercept function, and Xadj
i = Xi − E(Xi|P 1

i ,P
2
i ) is the adjusted offspring genotype where

we subtract the conditional expectation (conditional on parental genotypes) so that it corresponds to FBAT
formulation. iQRAT tests the null hypothesis β(τ) = 0,∀τ ∈ (0, 1). The iQRAT statistics that generalize
the sequence kernel association tests (S) and Burden tests (B) are respectively computed as:

QϕS = Sϕ>W 2Sϕ,

QϕB = Sϕ>W 1p1
>
pWSϕ,

where Sϕ = n−1/2
∑n
i=1X

adj
i

>
φ̂ϕi , φ̂ϕi =

∫ 1

0
âi(τ)dϕ(τ), âi(τ) = 1{Yi < α̂0(τ)} − τ , ϕ(τ) is the weight

function, α̂0(τ) is the estimated intercept via quantile regression under the null, and W = diag(w1, ..., wp) is
the weight matrix. iQRAT considers four different weight functions and combines the results using ACAT.
We use QϕB , the burden version of iQRAT, in KnockoffTrio-iQRAT so that it is comparable to the burden
FBAT in KnockoffTrio-FBAT.

Knockoff filter procedure for FDR control. For each given window φkl, KnockoffTrio calculates a
feature statistic, defined as

Wφkl = (Tφkl −median Tmφkl)ITφkl≥max Tmφkl
, (1)

in which Tφkl = −log10pφkl and Tmφkl = −log10p
m
φkl

where pφkl and pmφkl are the p-values computed above
for the original and the knockoff trios, respectively. KnockoffTrio then calculates a threshold τ and selects
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windows with Wφkl > τ while controlling the FDR at a target level q. The corresponding value of τ is
computed as (see also KnockoffScreen18):

τ = min
{
t > 0 :

1
M + 1

M#{φkl : κφkl ≥ 1, τφkl ≥ t}
#{φkl : κφkl = 0, τφkl ≥ t}

≤ q
}
, (2)

where τφkl = T
(0)
φkl
−medianT

(m)
φkl

is the largest importance score minus the median of the remaining importance
scores; κφkl = 0 when Tφkl is the largest importance score, and κφkl = m when Tmφkl for the mth knockoff is
the largest importance score.

We show a schematic flowchart for KnockoffTrio in Figure 1.

Calculation of q-values. We also calculate a q-value qφkl for φkl, which is the p-value analogue in the
FDR setting and unifies Wφkl and τ for declaring significance. Specifically, the q-value is the minimum
FDR when all tests that show evidence against the null hypothesis at least as strong as the current test are
declared as significant. Under the knockoff framework, we follow KnockoffScreen and define the q-value for
window φ as

qφ = min
t≤τφ

1
M + 1

M#{φkl : κφkl ≥ 1, τφkl ≥ t}
#{φkl : κφkl = 0, τφkl ≥ t}

,

where
1
M + 1

M #{φkl:κφkl≥1,τφkl≥t}
#{φkl:κφkl=0,τφkl≥t}

is the estimated FDR if we declare significant windows with feature statistics

κφkl = 0, τφkl ≥ t. We define qφ = 1 for windows with κφkl > 0 so that they will not be selected. By definition,
the windows selected by Wφ > τ are equivalent to those selected by qφ < q, where q is the target FDR.

Meta-analysis for KnockoffTrio. For a variant or set of variants, meta-analysis can be performed by
integrating summary statistics from individual studies into a combined summary statistic. KnockoffTrio can
be naturally extended to the meta-analysis setting because KnockoffTrio’s feature statistics are defined based
on summary statistics for the original and the knockoff cohorts. Here, we implement the sample-size-based
meta-analysis27 into KnockoffTrio. Specifically, KnockoffTrio’s meta-analysis procedure is defined as follows:

1. For the ith study, obtain Zφkl,i for a window φkl in the original cohort and Zmφkl,i for the same window
in the mth knockoff cohort; Zφkl,i and Zmφkl,i are the standardized SNP-based FBAT statistics for a
single-variant window or the set-based FBAT statistics for a multi-variant window.

2. Calculate Zφkl,meta =
ΣiwiZφkl,i√

Σiw2
i

for the original cohort and Zmφkl,meta =
ΣiwiZ

m
φkl,i√

Σiw2
i

for the mth knockoff

cohort, in which wi =
√
Ni is the weight and Ni is the sample size (i.e., the number of trios) for the

ith study.

3. Calculate pφkl,meta = 2Φ(−|Zφkl,meta|) for the original cohort and pmφkl,meta = 2Φ(−|Zmφkl,meta|) for the
mth knockoff cohort.

4. Calculate Wφkl,meta and τmeta using Equations (1) and (2).

Code availability. KnockoffTrio has been implemented in an R package available at: https://cran.r-
project.org/web/packages/KnockoffTrio.

Results

Simulation Studies

We simulate genetic data based on the Autism Genome Project (AGP) cohort. The AGP cohort consists
of 798,961 common (MAF≥0.05) and low-frequency (0.01≤MAF<0.05) variants for 1,266 trio families of
European ancestry. For a simulation replicate, we simulate 10,000 trios with common and low-frequency
variants sampled from a 1Mb region (chr20:15,981,843-16,981,842; 495 variants with MAF≥0.01) near the
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MACROD2 gene. In line with previous studies28,18, we applied hierarchical clustering such that variants
from different clusters have correlation no greater than 0.7 and then randomly selected one representative
variant from each cluster to be included in the replicate. For a trio, we sampled four haplotypes from
the phased AGP data for the parents and simulated the genotypes for the offspring using two of the four
haplotypes, each randomly selected from a parent.

KnockoffTrio preserves exchangeability in trio studies. The rationale of the proposed algorithm
is to augment the original trios with synthetic trios. The knockoff construction proposed here ensures the
exchangeability property between the original and synthetic genotypes, i.e. if we swap any subset of variants
with their synthetic counterparts, the joint haplotype distribution for the trio remains the same (see formal
proof in Appendix C). This exchangeability property is a necessary condition for the FDR control. We verify
the exchangeability for the offspring haplotypes using simulations. We generated a replicate of 10,000 trios
with variants sampled from a 1Mb region as described above. To validate the exchangeability, we generated
the offspring knockoff haplotypes using the proposed algorithm in KnockoffTrio and evaluated whether the
covariance between each pair of variants is exchangeable for the common variants in the region. As shown
in Figure 2, the exchangeability property holds in simulations.

Empirical power and FDR in single-locus simulations. We performed simulations to evaluate the
power and empirical FDR of KnockoffTrio. We simulated 500 replicates as described above. We generated
the dichotomous trait for the offspring using a logit model:

logit(Yi) = β0 + β1Xi1 + ...+ βpXip,

and the quantitative trait using a linear model:

Yi = β1Xi1 + ...+ βpXip + εi,

where εi ∼ N(0, 1), β0 was set such that the disease prevalence is 1% and logit(x) = log x
1−x . We randomly

selected three variants within a 1kb signal window to be causal with the causal effect βj = 0.2| log10 MAFj |.
For dichotomous traits, we include a trio only when Yi = 1 to mimic the usual ascertainment in real trio
design studies with dichotomous traits.

For each replicate, we generated multiple knockoffs (M = 1, 4, 6, 8, and 10) and used several window sizes
to scan the region (1bp, 1kb, 5kb, 10kb, 20kb, and 50kb). We evaluated the performance of KnockoffTrio in
terms of different numbers of knockoffs for both dichotomous and quantitative traits. For each replicate, the
power is the proportion of detected causal windows (i.e. windows that contain at least one causal variant)
among all causal windows and the FDR is the proportion of non-causal windows among all detected windows.
The power and FDR were averaged over the 500 replicates. As shown in Figure 3, KnockoffTrio controls the
FDR at the target level in all scenarios considered. The power of KnockoffTrio increases when the number
of knockoffs increases, especially at low target FDR levels as expected due to the detection threshold issue
mentioned in the Methods section.

KnockoffTrio prioritizes causal variants over false positive associations due to linkage disequi-
librium. Based on the single-locus simulations, we further compared KnockoffTrio with the conventional
association test that controls the FWER in terms of (1) the proportion of selected windows that overlap
with the 1kb signal window, and (2) the median distance of selected windows to the 1kb signal window.
For the conventional association test, we used the same aggregated Cauchy association test implemented
in KnockoffTrio for each window and controlled the FWER using the Bonferroni correction. As shown in
Figures 4A and 4B, the windows selected by KnockoffTrio have a substantially higher chance of overlapping
with the signal window and a shorter distance to the signal window than the conventional method. We
also randomly selected 200 false positives identified by the conventional association test with Bonferroni
correction from all simulated replicates and showed the relationship between their significance and the max-
imum correlation with any causal variants in the left panel of Figure 4C. As the correlation increases, the
conventional association test yields more significant p-values for the false positives. On the other hand, for
these same 200 variants, KnockoffTrio has a much higher chance of correctly identifying these non-causal
variants as true negatives as shown in the right panel of Figure 4C, and thus is substantially more robust in
controlling false positives in the presence of linkage disequilibrium between causal and non-causal variants.
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Empirical power and FDR in multi-locus simulations in the presence of noise loci. We addition-
ally conducted multi-locus simulations to compare KnockoffTrio with conventional FDR and FWER control
methods in the presence of multiple causal and non-causal (noise) loci. We adopted the same simulation
method in single-locus simulations to randomly generate 100 1Mb causal loci and 2,000 200kb non-causal
loci. A causal locus contains a 1kb signal window, in which three variants were randomly selected to be
causal.

We compared KnockoffTrio with M=10 to the Bonferroni correction that controls the FWER and the
BH procedure that controls the FDR. Both the Bonferroni correction and the BH procedure were applied
to the ACAT-combined p-values used to compute importance scores in KnockoffTrio. We also applied the
Bonferroni correction to the weighted burden FBAT, a commonly used test in family-based studies. A
method’s power is the proportion of detected causal windows (i.e. windows that contain at least one causal
variant) among all causal windows. We evaluated power at a target FDR of 0.1 for FDR-control methods
or a target FWER of 0.05 for FWER-control methods. The empirical FDR is defined as the proportion of
non-causal windows at least 50/25/0kb away from the nearest signal windows among all detected windows.
As shown in Figure 5, KnockoffTrio was more powerful than the Bonferroni correction, as expected given
the more liberal FDR control, while preserving the FDR at the target level of 0.1. The BH procedure failed
to control the FDR at the target level due to the complex correlations among genetic variants. We also note
that the FDR for each method decreased as the distance to the signal windows increased. This is expected
because the non-causal windows closer to the signal windows are more likely to be false positives due to
stronger linkage disequilibrium with variants in the signal windows. Such decrease in FDR is particularly
evident for the BH procedure, which is more affected by the correlation among tests.

KnockoffTrio-iQRAT improves power in detecting complex associations. We performed simula-
tions to compare the power of KnockoffTrio-iQRAT with KnockoffTrio-FBAT in complex scenarios where
the normality of quantitative traits is violated. Specifically, we generated quantitative trait values using a
location model:

Yi = β1Xi1 + ...+ βpXip + εi,

where εi ∼ Cauchy(µ =0, γ =1), µ is the location parameter and γ is the scale parameter for the Cauchy
distribution. We generated 500 replicates, each of which consists of 1,000 trios and 500 variants near the
MACROD2 gene using the AGP cohort as above. We randomly selected three variants within a 1kb window
to be causal with the causal effect βj = 1.2| log10 MAFj |. We applied quantile and rank normalization to
Yi’s before analysis. For KnockoffTrio-iQRAT, to make fair comparisons with FBAT, we only analyzed the
offspring data, and adjusted the offspring genotypes by subtracting the conditional expectation (conditional
on parental genotypes), i.e. Xi − E(Xi|P 1

i ,P
2
i ). As shown in Figure S4 in the Appendix, KnockoffTrio-

iQRAT is more powerful than KnockoffTrio-FBAT in the scenario with non-Gaussian errors as expected.

Applications to trio data on Autism Spectrum Disorders

We applied KnockoffTrio with multiple knockoffs (M=10) to several cohorts on autism spectrum disor-
ders (ASD), including the family trio data from the Autism Genome Project (AGP) (dbGaP accession:
phs000267.v5.p2)29 and two cohorts collected by the Simons Foundation Autism Research Initiative (SFARI)
to study the risk genetic variants for ASD, including the Simons Foundation Powering Autism Research
(SPARK)30 and the Simons Simplex Collection (SSC)31. The details of the individual cohorts are described
below.

Data descriptions

AGP. Our AGP analysis included 798,961 common (MAF≥0.05) and low-frequency (0.01≤MAF<0.05)
variants for 1,266 trio families of European ancestry, each of which consists of two parents and their offspring
diagnosed with strict ASD, i.e., met the criteria for autism on both the ADI-R32 and the ADOS33.

SPARK. Our SPARK analysis included 10,540 trio families from the first three releases of the SPARK
cohort. The probands in the two SFARI cohorts received a professional diagnosis of ASD from a physician,
psychologist, or therapist. We have focused on 381,063 common and low-frequency variants.
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SSC. Our SSC analysis included 2,394 trio families from the pilot and phases 1, 2, 3-1, and 3-2 studies of
the SSC cohort, with whole-genome sequencing data available. We have focused on 5,772,421 common and
low-frequency variants.

KnockoffTrio analyses

We adopted a quality control procedure that excluded variants with MAFs < 1%, missing call rates > 5%,
Mendelian error rates > 0.1%, and Hardy-Weinberg equilibrium p-values < 10−7 for all cohorts. Genotype
data were phased using SHAPEIT234. The genomic coordinates in the AGP data were converted from hg18
to hg38 using the NCBI Genome Remapping Service. We adjusted for gender of offspring in all analyses. We
present results from individual cohorts at a target FDR of 0.1 and 0.2 and compared them to the conventional
association test with the Bonferroni correction and with the usual BH procedure for FDR control (Figures
6, 7, 8, and Table 1). We also present results from meta-analyses of the AGP and SPARK cohorts (Figure
9 and Table 2).

For the AGP cohort, the conventional association test (Bonferroni and BH) did not identify any signif-
icant association, whereas KnockoffTrio identified five significant regions including Neurexin 1 (NRXN1),
Rho Guanine Nucleotide Exchange Factor 10 (ARHGEF10), Lamin Tail Domain Containing 1 (LMNTD1)
- Ras Association Domain Family Member 8 (RASSF8), Alpha Kinase 3 (ALPK3) - Solute Carrier Fam-
ily 28 Member 1 (SLC28A1), and Mono-ADP Ribosylhydrolase 2 (MACROD2) at FDR=0.1 (Figure 6).
Among them, MACROD2 and NRXN1 have been reported in previous studies as risk genes associated with
ASD35,36,37,38. ARHGEF10 has been associated with impaired social interaction in mice39, one of the main
features of ASD. SLC28A1 has a brain-biased expression and shows an excess of introgressed segments in
EAS and EUR40. SLC28A1 also belongs to the SLC (Solute Carrier) family, several members of which have
previously been associated to behavioral traits (depression, mood disorders, and smoking behavior), and
autism susceptibility and attention-deficit/hyperactivity disorder40. Furthermore, rs4842996, 8 kb upstream
of SLC28A1, has been associated with ASD in a meta-analysis of GWAS findings from literature41.

For the SPARK cohort, KnockoffTrio identified nine significant loci including Zinc Finger Protein 589
(ZNF589), Cell Adhesion Molecule 2 (CADM2), Chondroitin Sulfate Synthase 3 (CHSY3) - Histidine Triad
Nucleotide Binding Protein 1 (HINT1), Platelet Derived Growth Factor Subunit A (PDGFA) - Protein Ki-
nase CAMP-Dependent Type I Regulatory Subunit Beta (PRKAR1B), Dedicator Of Cytokinesis 4 (DOCK4),
MT-RNR2 Like 6 (MTRNR2L6) - Serine Protease 1 (PRSS1), La Ribonucleoprotein 4B (LARP4B) - GTP
Binding Protein 4 (GTPBP4), Isopentenyl-Diphosphate Delta Isomerase 2 (IDI2), and Protocadherin 20
(PCDH20) - Protocadherin 9 (PCDH9) at FDR=0.1, and additionally, Serine Peptidase Inhibitor Kazal
Type 8 (SPINK8), Solute Carrier Family 22 Member 23 (SLC22A23)/Proteasome Assembly Chaperone 4
(PSMG4), BAG Cochaperone 4 (BAG4), and Cyclin B1 Interacting Protein 1 (CCNB1IP1) - Poly (ADP-
Ribose) Polymerase 2 (PARP2) at FDR=0.2 (Figure 7). PRKAR1B has been implicated in several neu-
rodevelopmental disorders including ASD42,43,44,45. Similarly, CADM2 has been associated with ASD in
multiple studies46,47,48,49. PCDH9 has been implicated as a genetic risk factor for multiple psychiatric
disorders, including major depression50 and ASD51. It is a cell adhesion molecule involved in neuronal mi-
gration, synaptic plasticity, and circuit formation. Previous studies have shown that homozygous knockout
PCDH9-deficient mice have deficits in specific long-term social and object recognition52. DOCK4 has been
associated with ASD53,54. Furthermore, DOCK4 knockout mice displayed a series of ASD-like behaviors,
including impaired social novelty preference, abnormal isolation-induced pup vocalizations, elevated anxiety,
and perturbed object and spatial learning55. BAG4 resides at a locus that has been genome-wide significant
in a combined ASD-schizophrenia GWAS56. A deleterious variant c.956T>A, p.(Leu319His) in ZNF589
segregated with the phenotype (intellectual disability) and was identified as homozygous in two affected
siblings in a consanguineous family from Northern Pakistan57; the variant was absent from 200 ethnically
matched control individuals. HINT1 regulates the function of PKC (protein kinase C) which is a prime gene
to regulate regression in autism58,59. SPINK8 resides at a GWAS significant locus associated with multiple
psychiatric disorders60. In comparison, the conventional association test (BH) identified five loci PDGFA-
PRKAR1B, DOCK4, LARP4B-GTPBP4, IDI2, and PCDH20-PCDH9, at FDR=0.1, and three loci ZNF589,
CHSY3-HINT1, and MTRNR2L6-PRSS1 at FDR=0.2, all of which have been identified by KnockoffTrio as
well.
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For the SSC cohort, KnockoffTrio identified Potassium Channel Regulator (KCNRG) - Deleted In Lym-
phocytic Leukemia 7 (DLEU7) at FDR=0.1, and additionally, Potassium Voltage-Gated Channel Interacting
Protein 4 (KCNIP4) at FDR=0.2 (Figure 8). The finding of KCNRG, a gene in the KCTD (potassium channel
tetramerization domain) family, provides further evidence for the role of KCTD family in neurodevelopmen-
tal and neuropsychiatric disorders61. KCNIP4 is a gene with the largest number of differential RNA editing
sites that have been suggested for aberrant synaptic formation in ASD62; KCNIP4 has also been associated
with nonverbal communication and social skills in ASD twins63. In comparison, the conventional association
tests identified no significant loci.

Meta-analyses. We conducted meta-analyses of the AGP and SPARK cohorts with and without the
SSC cohort because the signals in the SSC cohort are particularly weak. When the SSC cohort was ex-
cluded, KnockoffTrio identified five significant loci CHSY3-HINT1, PDGFA-PRKAR1B, DOCK4, LARP4B-
GTPBP4, and IDI2 at FDR=0.1, and additionally, ARHGEF10 and Coiled-Coil Domain Containing 89
(CCDC89) / Synaptotagmin Like 2 (SYTL2) at FDR=0.25 (Figure 9). Among them, CCDC89/SYTL2 has
not been identified in analyses of individual cohorts. In comparison, the conventional association test (BH)
identified no significant association at FDR=0.1 and two significant loci PDGFA-PRKAR1B and DOCK4
at FDR=0.25. We show the results for meta-analysis of all three cohorts in Figure S3 in the Appendix.

Replicability of analyses. Given the random nature of the knockoff procedure, we have attempted to
assess the replicability of the results by re-analyzing the individual cohorts and the meta-analyses with
different random seeds for the knockoff generation. As shown in Figures S5, S6, S7, and S8 in the Appendix,
the replications produced results that are in good concordance with the original results. For the AGP
cohort, the replication analysis identified NRXN1, ARHGEF10, LMNTD1-RASSF8, and MACROD2, all of
which have been identified in the original analysis. For the SPARK cohort, the replication analysis identified
ZNF589, SPINK8, CHSY3-HINT1, PDGFA-PRKAR1B, DOCK4, MTRNR2L6-PRSS1, LARP4B-GTPBP4,
IDI2, PCDH20-PCDH9, all of which have been identified in the original analysis. For the SSC cohort, the
replication analysis identified RANBP2 Like And GRIP Domain Containing 2 (RGPD2), KCNIP4, and
KCNRG-DLEU7, the latter two of which have been identified in the original analysis. For the meta-analysis
of the AGP and SPARK cohorts, the replication analysis identified CHSY3-HINT1, PDGFA-PRKAR1B,
DOCK4, LARP4B-GTPBP4, and IDI2, all of which have been identified in the original analysis. This shows
the replicability of results from KnockoffTrio despite the randomness in knockoff generation.

Discussion

We propose KnockoffTrio, a novel association test with trio design for GWAS data built upon the knockoff
framework. As an FDR-controlling procedure that accounts for arbitrary correlation structure, KnockoffTrio
has been shown in both simulations and real-data analysis to be more powerful than the conventional FWER-
controlling methods while possessing better FDR control than the conventional FDR-controlling methods
such as Benjamini-Hochberg. Because it is built conditional on parental genotypes, KnockoffTrio is also by
construction robust against bias induced by population substructure. Furthermore, an important advantage
of KnockoffTrio is that it can leverage more sophisticated machine learning models to model the association
between genotypes and phenotypes while maintaining valid FDR control and with potential increases in
power. These properties make KnockoffTrio an appealing and promising strategy for the analysis of trio
designs for which conventional methods are known to be underpowered.

Although we have focused the current manuscript on the trio design, the method can be easily extended
to handle larger pedigrees by breaking each pedigree into all possible trios, and applying KnockoffTrio on
the individual trios. The method can also be extended to combine trios and population-based designs. For
example, we can obtain the estimated coefficient β̂j for variant j from the external population-based GWAS
and use it as weight wj in the weighted FBAT when constructing the importance scores. Alternatively we
can perform knockoff analysis for population-based data as in He et al.18 and use a meta-analysis approach as
discussed in the Methods section to combine the trio and population-based results. Note that this alternative
approach is no longer robust to confounding due to population structure. Transfer learning methods that
leverage information from such external population-based data could also be of interest64.
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KnockoffTrio has been implemented in a computationally efficient R package. The runtime for completing
the analyses of the AGP, SPARK, and SSC cohorts with 10 knockoffs is 8 minutes, 46 minutes, and 173 min-
utes, respectively, with 1,000 parallel jobs performed in a high-performance computing cluster environment
of Intel(R) Xeon(R) CPU E5-2630 0 @ 2.30GHz. This demonstrates that KnockoffTrio is a highly scalable
method and can be effectively used for any large-scale datasets in whole-genome sequencing studies.

KnockoffTrio reduces the randomness in the knockoff generation by using a multiple-knockoff generation
procedure. As shown in the simulations and real-data applications, KnockoffTrio with 10 knockoffs is more
powerful than using a single knockoff and has good replicability in terms of identifying significant loci.
Although the marginal gain in power appears to diminish as the number of knockoffs increases, given the
computational efficiency of KnockoffTrio, we suggest researchers to use at least 10 knockoffs for better power
and reproducibility.

Although KnockoffTrio assumes no recombination events given a 200kb region to simplify the inference
about the transmission pattern, KnockoffTrio can be extended to handle recombination events at the cost of
more complex construction of offspring knockoffs, which may potentially help further improve the power in
real-data applications. In addition to the haplotype-based knockoff generation algorithm that KnockoffTrio
adopts, another possible approach is to use summary statistics and apply knockoff-based methods for sum-
mary statistics directly instead of generating knockoffs for individual trio data. We leave these potential
extensions to future studies.

GWAS with family-based designs are appealing due to built-in robustness to population substructure,
but are underpowered due to limited sample sizes, much smaller than for GWAS studies with unrelated
individuals. KnockoffTrio provides a more powerful alternative to classical family-based association tests
in this setting. Furthermore, by design KnockoffTrio reduces the confounding effect of LD and prioritizes
causal loci over associations due to LD. KnockoffTrio has been implemented in a computationally efficient
R package.
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Figure 1: KnockoffTrio workflow. Knockoff generation based on original trios, calculation of importance
scores using sliding windows, and examples of hypothesis testing using conventional association testing and
KnockoffTrio.
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Figure 2: Empirical validation for exchangeability property in KnockoffTrio. To validate the
exchangeability, we generated offspring knockoff genotypes (Xk) using the proposed algorithm and evaluated
whether the second order (covariance between each pair of genetic variants) is exchangeable for common
variants in the region. “Cov.X X” is the covariance between each pair of original variants, “cov.Xk Xk” is
the covariance between each pair of knockoff variants, and “cov.X Xk” is the covariance between each pair
of original and knockoff variants.
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Figure 3: KnockoffTrio’s power and FDR in single-locus simulations. The two panels show the
power and FDR for dichotomous and quantitative traits. We evaluate KnockoffTrio’s power and FDR
with a target FDR ranging from 0 to 0.2 and with different numbers of knockoffs. The solid lines indicate
KnockoffTrio’s power and the dotted lines indicate KnockoffTrio’s observed FDR. The different colors indicate
different numbers of knockoffs. The grey dashed line indicates the expected FDR.
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Figure 4: KnockoffTrio prioritizes causal variants over associations due to linkage disequi-
librium. Comparisons between KnockoffTrio and the conventional method in terms of A. the proportion
of selected windows that overlap with the signal window, B. the median distance of selected windows to
the signal window, and C. the robustness in controlling false positives in the presence of linkage disequi-
librium between causal and non-causal variants. The conventional method is the same aggregated Cauchy
association test implemented in KnockoffTrio and controls the FWER using the Bonferroni correction. For
KnockoffTrio, the target FDR is 0.1 and the number of multiple knockoffs is 10. The |r| in panel C is the
maximum absolute correlation between the false positive and any causal variants. The variants in the right
figure in panel C correspond to the variants in the left figure.
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Figure 5: Genome-wide power and FDR in the presence of noise loci. The left panel presents
each method’s power (target FDR 0.1), defined as the proportion of detected causal windows among all
causal windows. A causal window is a window that contains any causal variants. The right panel presents
each method’s false discovery rate (target FDR 0.1) at different resolutions, defined as the proportion of
non-causal windows at least 50/25/0kb away from the nearest signal windows among all detected windows.
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Figure 6: Manhattan plots from KnockoffTrio analysis for the Autism Genome Project (AGP).
The Manhattan plots of the W statistics from KnockoffTrio, the p-values from the conventional association
tests with the Bonferroni correction for controlling the FWER, and the Q-values from the BH procedure for
controlling the FDR. The FDR target level for KnockoffTrio and the BH procedure is 0.1 or 0.2. Each locus
is annotated with the closest gene name.
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Figure 7: Manhattan plots from KnockoffTrio analysis for the Simons Foundation Powering
Autism Research (SPARK). The Manhattan plots of the W statistics from KnockoffTrio, the p-values
from the conventional association tests with the Bonferroni correction for controlling the FWER, and the
Q-values from the BH procedure for controlling the FDR. The FDR target level for KnockoffTrio and the
BH procedure is 0.1 or 0.2. Each locus is annotated with the closest gene name.
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Figure 8: Manhattan plots from KnockoffTrio analysis for the Simons Simplex Collection
(SSC). The Manhattan plots of the W statistics from KnockoffTrio, the p-values from the conventional
association tests with the Bonferroni correction for controlling the FWER, and the Q-values from the BH
procedure for controlling the FDR. The FDR target level for KnockoffTrio and the BH procedure is 0.1 or
0.2. Each locus is annotated with the closest gene name.
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Figure 9: Manhattan plots from KnockoffTrio analysis for the meta-analysis of the AGP and
SPARK cohorts. The Manhattan plots of the W statistics from KnockoffTrio, the p-values from the
conventional association tests with the Bonferroni correction for controlling the FWER, and the Q-values
from the BH procedure for controlling the FDR. The FDR target level for KnockoffTrio and the BH procedure
is 0.1 or 0.25. Each locus is annotated with the closest gene name.
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Table 1: Genome-wide significant loci from KnockoffTrio analysis.

Gene Chr Position Variant Allele MAF P Z W Q BH Q

AGP (FDR=0.1)

NRXN1 2 50805721 rs9284756 A 0.03 7.10E-6 4.49 4.37 0.10 0.28

ARHGEF10 8 1920247-1920676 rs17756915-rs11136442 - 0.41 1.38E-5 - 4.47 0.10 0.31

LMNTD1-RASSF8 12 25946268 rs4963941 A 0.10 2.56E-6 4.70 4.84 0.10 0.28

ALPK3-SLC28A1 15 84881866 rs12917429 T 0.21 6.19E-6 -4.52 4.45 0.10 0.28

MACROD2 20 14781064 rs6074798 A 0.49 1.02E-6 4.89 4.83 0.10 0.28

SFARI: SPARK (FDR=0.1)

ZNF589 3 48262179 rs11709691 G 0.28 4.87E-6 -4.57 5.03 0.06 0.14

CADM2 3 85395534-85410981 rs75005531-rs1549979 - 0.22 1.30E-5 - 4.76 0.09 0.26

CHSY3-HINT1 5 130661503 rs17714209 C 0.28 8.25E-6 4.46 4.99 0.06 0.20

PDGFA-PRKAR1B 7 536383 rs62431385 C 0.10 7.20E-8 -5.39 6.71 0.02 0.06

DOCK4 7 111986531 rs73210911 A 0.12 1.59E-7 -5.24 6.51 0.02 0.06

MTRNR2L6-PRSS1 7 142688332 rs13223009 C 0.02 8.42E-6 -4.45 4.71 0.09 0.20

LARP4B-GTPBP4 10 975370 rs117732138 A 0.02 1.60E-6 4.80 5.48 0.02 0.07

IDI2 10 1020654 rs77782977 C 0.02 7.95E-7 4.94 5.84 0.02 0.06

PCDH20-PCDH9 13 63204555 rs12184522 T 0.23 4.21E-7 5.06 6.00 0.02 0.06

SFARI: SPARK (FDR=0.2)

SPINK8 3 48316110-48329279 rs74735576-rs13090538 - 0.17 1.58E-5 - 4.39 0.17 0.28

SLC22A23/PSMG4 6 3285062 rs41301847 G 0.02 1.85E-5 4.28 4.41 0.17 0.31

BAG4 8 38205717 rs7836805 A 0.24 2.83E-5 -4.19 4.43 0.17 0.40

CCNB1IP1-PARP2 14 20334133 rs72671266 T 0.02 2.45E-5 -4.22 4.30 0.19 0.38

SFARI: SSC (FDR=0.1)

KCNRG-DLEU7 13 50197099 rs2703087 A 0.04 1.88E-7 5.21 6.54 0.10 0.70

SFARI: SSC (FDR=0.2)

KCNIP4 4 20917151 rs185413018 T 0.02 5.59E-7 5.00 6.00 0.13 0.70

Only the top signal is shown if multiple signals were identified for a locus. Gene: A single gene name indicates the signal is
within or overlaps with the gene. “Gene1/Gene2” indicates the signal overlaps with two genes. “Gene1-Gene2” indicates the
signal is between two genes. MAF: minor allele frequency of a variant, or average minor allele frequency if a signal contains
multiple variants. P: KnockoffTrio’s ACAT-combined p-values. For single variants, ACAT-combined p-values are equivalent to
FBAT p-values. Z: FBAT Z-scores for single variants. W: KnockoffTrio’s feature statistics. Q: KnockoffTrio’s Q-values. BH
Q: Benjamini-Hochberg Q-values.

Table 2: Genome-wide significant loci from KnockoffTrio meta-analysis (AGP and SPARK).

Meta-Analysis AGP SPARK

Gene Chr Position Allele MAF P Z W Q P Z W Q P Z W Q

FDR=0.1

CHSY3-HINT1 5 130661503 C 0.33 1.45E-6 4.82 5.74 0.10 6.48E-2 1.85 0 1 8.25E-6 4.46 4.99 0.06

PDGFA-PRKAR1B 7 536383 C 0.10 7.20E-8 -5.39 6.71 0.10 - - - - 7.20E-8 -5.39 6.71 0.02

DOCK4 7 111986531 A 0.12 1.59E-7 -5.24 6.51 0.10 - - - - 1.59E-7 -5.24 6.51 0.02

LARP4B-GTPBP4 10 975370 A 0.02 1.60E-6 4.80 5.48 0.10 - - - - 1.60E-6 4.80 5.48 0.02

IDI2 10 1020654 C 0.02 7.95E-7 4.94 5.84 0.10 - - - - 7.95E-7 4.94 5.84 0.02

FDR=0.25

ARHGEF10 8 1920247-1920676 - 0.41 4.62E-6 -4.58 5.10 0.21 1.38E-5 - 4.47 0.10 - - - -

CCDC89/SYTL2 11 85684675-85727667 - 0.11 5.73E-6 4.54 5.08 0.21 1.69E-1 - 0.70 1 2.61E-4 - 3.47 0.49

Only the top signal is shown if multiple signals were identified for a locus. Gene: A single gene name indicates the signal is
within or overlaps with the gene. “Gene1/Gene2” indicates the signal overlaps with two genes. “Gene1-Gene2” indicates the
signal is between two genes. MAF: weighted minor allele frequency of a variant, or weighted average minor allele frequency if
a signal contains multiple variants. A cohort’s weight is the number of trios in the cohort divided by the total number of trios
in the meta-analysis. P: KnockoffTrio’s ACAT-combined p-values. For single variants, ACAT-combined p-values are equivalent
to FBAT p-values. Z: FBAT z-scores for single variants. W: KnockoffTrio’s feature statistics. Q: KnockoffTrio’s Q-values.
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[43] E. K. Ruzzo, L. Pérez-Cano, J.-Y. Jung, L.-K. Wang, D. Kashef-Haghighi, C. Hartl, C. Singh, J. Xu,
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A Empirical power and FDR in meta-analysis simulations

We adopted the same simulations in the “Empirical power and FDR in single-locus simulations” Section
except that in each replicate we partitioned the trios into two subcohorts of 5,000 trios each. We then
applied KnockoffTrio to the two subcohorts respectively and used KnockoffTrio’s meta-analysis procedure
to combine the results from the two subcohorts. In Figure S1, we show the empirical power and FDR for
KnockoffTrio’s meta-analysis of the two subcohorts, compared to the corresponding mega-analysis of the
combined cohort. KnockoffTrio’s meta-analysis has comparable power to the mega-analysis (when M = 10)
while preserving the FDR in all scenarios.

Figure S1: KnockoffTrio’s power and FDR in meta-analysis. The two panels show the power and
FDR for dichotomous and quantitative traits. We evaluate KnockoffTrio’s power and FDR with a target
FDR ranging from 0 to 0.2 and with different numbers of knockoffs. The solid lines indicate KnockoffTrio’s
power and the dotted lines indicate KnockoffTrio’s observed FDR. The different colors indicate different
numbers of knockoffs. The grey dashed line indicates the expected FDR.
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B KnockoffScreen in trio studies

KnockoffScreen was designed for independent individuals in population-based studies. We investigated the
power and FDR of KnockoffScreen in trio studies. Specifically, we used KnockoffScreen to generate knockoffs
of trio data disregarding the family structure and treating family members as unrelated individuals. We
adopted the same simulations in the “Empirical power and FDR in single-locus simulations” Section. As
shown in Figure S2, KnockoffScreen has inflated FDR when applied to trio data.
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Figure S2: KnockoffScreen’s power and FDR in single-locus simulations. The two panels show
the power and FDR for dichotomous and quantitative traits. We evaluate KnockoffScreen’s power and FDR
with a target FDR ranging from 0 to 0.2 and with different numbers of knockoffs. The solid lines indicate
KnockoffTrio’s power and the dotted lines indicate KnockoffScreen’s observed FDR. The different colors
indicate different numbers of knockoffs. The grey dashed line indicates the expected FDR.
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C Exchangeability and FDR control in trio studies

We now formally define the exchangeability and FDR control in trio studies.

C.1 Notations

Let Pi, a 4× p matrix, denote the parental haplotypes for the i-th trio:

Pi =


Hf,1
i

Hf,2
i

Hm,1
i

Hm,2
i

 .
We assume that the genome has been divided into K contiguous regions of equal sizes, e.g., 200kb, and that
no recombination occurs within each region. The indices of genetic variants in the k-th region are denoted
as Tk, and tk = |Tk|. We have ∪Kk=1Tk = [p]. Let Pi,k, a 4 × tk matrix, denote the parental haplotypes in
the k-th region.

Given the parental haplotypes, the offspring haplotypes within a region are a function of the parental
haplotypes, either viewed as deterministic (observed) or random. As we have assumed no recombination
events, the form of the function remains the same for all genetic variables in Tk. A further observation is
that this function is a linear form of Pi,k. Therefore, it can be represented by Γi,k, a 2× 4 matrix. Now let
Γi be a 2K × 4K block diagonal matrix of Γi,k’s

Γi =


Γi,1

. . .

Γi,K

 ,
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and Pblock
i be a 4K × p block diagonal matrix of Pi,k’s

Pblock
i =


Pi,1

. . .

Pi,K

 .
Then, the offspring haplotypes can be represented as[

Xf
i

Xm
i

]
= AΓiP

block
i ,

where A is a 2× 2K matrix of 0’s and 1’s, with 1’s at odd positions in the first row and at even positions in
the second row.

C.2 Exchangeability for trios

We first construct the knockoff variables for parental haplotypes using the SCIT algorithms as described in
the Methods section. Let P̃i, a 4× p matrix, denote the knockoff parental haplotypes for the i-th trio

P̃i =


H̃f,1
i

H̃f,2
i

H̃m,1
i

H̃m,2
i

 .
We also define P̃block

i similarly. The knockoff offspring haplotypes are obtained by setting[
X̃f
i

X̃m
i

]
= AΓiP̃

block
i ,

where we assume the transmission patterns are the same for both the original and synthetic trios.

The exchangeability is defined at the matrix level. We say that [Pi, P̃i] satisfies the exchangeability
condition if for any S ⊂ [p]

[Pi, P̃i]
D
= [Pi, P̃i]swap(S)

where [Pi, P̃i]swap(S) is obtained by swapping the j-th column of Pi and P̃i for j ∈ S. Note that if the

exchangeability condition holds for [Pi, P̃i], then it also holds for [Pblock
i , P̃block

i ]. Therefore,[
Xf
i X̃f

i

Xm
i X̃m

i

]
swap(S)

= AΓi[P
block
i , P̃block

i ]swap(S).

This implies that, if we consider all haplotypes in a trio, the exchangeability holds in the sense that Pi P̃i

Xf
i X̃f

i

Xm
i X̃m

i

 D
=

 Pi P̃i

Xf
i X̃f

i

Xm
i X̃m

i


swap(S)

. (3)

Here, we treat the transmission pattern Γi as given. In the case that we also consider the randomness of Γi,
the exchangeability can be understood as (3) holds conditional on Γi.

30



C.3 FDR control for trios

Our goal is to test the conditional null hypothesis

H0 : Y ⊥⊥Gg|G−g, g ⊂ [p].

For trios, the null hypothesis is essentially

H0,l : Y ⊥⊥(Xgl,P gl)|(X−gl,P−gl), l = 1, . . . , L

where X ∈ {0, 1}2n×p are the offspring haplotypes, P ∈ {0, 1}4n×p are the parental haplotypes, and
g1, . . . , gL ⊂ [p] are a collection of subsets of indices of p genetic variables. Let KnockoffTrio’s feature
importance statistic for a window be

Wl = wl

([
P P̃

X X̃

]
,y

)

for some function wl. Because the p-values for calculating Wl’s are obtained from marginal tests for each
genetic variable in a window, we can see that for any S ⊂ 1, . . . , L

wl

([
P P̃

X X̃

]
swap(S)

,y

)
=


wl

(P P̃

X X̃

 ,y), l /∈ S,

−wl

(P P̃

X X̃

 ,y), l ∈ S

(4)

where

[
P P̃

X X̃

]
swap(S)

is defined by swapping original genetic variables in all windows gl, l ∈ S with their

knockoffs. The flip-sign property (4) in combination with the exchangeability (3) leads to valid FDR control
for trios. The proof is for single knockoff construction and can be easily generalized to the case of multiple
knockoffs with similar arguments.

D KnockoffTrio meta-analysis including the SSC cohort

Here we show the results for the meta-analysis of all three cohorts. We note that the number of identified
loci is lower than that in the meta-analysis excluding the SSC cohort due to the overall weak signals from
the SSC cohort.
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Figure S3: Manhattan plots from KnockoffTrio analysis for the meta-analysis of the AGP,
SPARK, and SSC cohorts. The Manhattan plots of the W statistics from KnockoffTrio, the p-values
from the conventional association tests with the Bonferroni correction for controlling the FWER, and the
Q-values from the BH procedure for controlling the FDR. The FDR for KnockoffTrio and the BH procedure
is 0.2 and 0.4. Each locus is annotated with the closest gene name.
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E KnockoffTrio-iQRAT

Figure S4: KnockoffTrio-iQRAT improves power in detecting complex associations. The two
panels show the power and FDR for quantitative traits with Cauchy error terms using KnockoffTrio-iQRAT
and KnockoffTrio-FBAT, respectively. We evaluate KnockoffTrio’s power and FDR with a target FDR
ranging from 0 to 0.2 and with different numbers of knockoffs. The solid lines indicate KnockoffTrio’s power
and the dotted lines indicate KnockoffTrio’s observed FDR. The different colors indicate different numbers
of knockoffs. The grey dashed line indicates the expected FDR.
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F Replicability of KnockoffTrio ASD Analyses

Here we assess the replicability of the KnockoffTrio results for the AGP, SPARK, and SSC cohorts and the
meta-analysis of the AGP and SPARK cohorts using the same, original haplotype data but different random
seeds in knockoff generation.
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Figure S5: Replication of Autism Genome Project (AGP) KnockoffTrio results. Manhattan plots
from KnockoffTrio analysis for the Autism Genome Project (AGP) with different random seeds in knockoff
generation. The Manhattan plots of the W statistics from KnockoffTrio, the p-values from the conventional
association tests with the Bonferroni correction for controlling the FWER, and the Q-values from the BH
procedure for controlling the FDR. Different random seeds were used to generate knockoffs than in the main
manuscript. The FDR target level for KnockoffTrio and the BH procedure is 0.1 or 0.25. Each locus is
annotated with the closest gene name.
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Figure S6: Replication of the Simons Foundation Powering Autism Research (SPARK) Knock-
offTrio results. Manhattan plots from KnockoffTrio analysis for the Simons Foundation Powering Autism
Research (SPARK) with different random seeds in knockoff generation. The Manhattan plots of the W
statistics from KnockoffTrio, the p-values from the conventional association tests with the Bonferroni correc-
tion for controlling the FWER, and the Q-values from the BH procedure for controlling the FDR. Different
random seeds were used to generate knockoffs than in the main manuscript. The FDR target level for
KnockoffTrio and the BH procedure is 0.1 or 0.2. Each locus is annotated with the closest gene name.
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Figure S7: Replication of the Simons Simplex Collection (SSC) KnockoffTrio results. Manhattan
plots from KnockoffTrio analysis for the Simons Simplex Collection (SSC) with different random seeds in
knockoff generation. The Manhattan plots of the W statistics from KnockoffTrio, the p-values from the
conventional association tests with the Bonferroni correction for controlling the FWER, and the Q-values
from the BH procedure for controlling the FDR. Different random seeds were used to generate knockoffs
than in the main manuscript. The FDR target level for KnockoffTrio and the BH procedure is 0.1 or 0.2.
Each locus is annotated with the closest gene name.
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Figure S8: Replication of the AGP and SPARK cohorts KnockoffTrio results. Manhattan plots
from KnockoffTrio analysis for the meta-analysis of the AGP and SPARK cohorts with different random
seeds in knockoff generation. The Manhattan plots of the W statistics from KnockoffTrio, the p-values from
the conventional association tests with the Bonferroni correction for controlling the FWER, and the Q-values
from the BH procedure for controlling the FDR. Different random seeds were used to generate knockoffs
than in the main manuscript. The FDR target level for KnockoffTrio and the BH procedure is 0.1 or 0.25.
Each locus is annotated with the closest gene name.
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