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Abstract 

Family-based studies provide a unique opportunity to characterize genetic risks of 

diseases in the presence of population structure, assortative mating, and indirect 

genetic effects. We propose a novel framework, PGS-TRI, for the analysis of 

polygenic scores (PGS) in case-parent trio studies for estimation of the risk of an 

index condition associated with direct effects of inherited PGS, indirect effects of 

parental PGS, and gene-environment interactions. Extensive simulation studies 

demonstrate the robustness of PGS-TRI in the presence of complex population 

structure and assortative mating compared to alternative methods. We apply PGS-

TRI to multi-ancestry trio studies of autism spectrum disorders (Ntrio = 1,517) and 

orofacial clefts (Ntrio = 1,904) to establish the first transmission-based estimates of 

risk associated with pre-defined PGS for these conditions and other related traits. 

For both conditions, we further explored offspring risk associated with polygenic 

gene-environment interactions, and direct and indirect effects of genetically 

predicted levels of gene expression and metabolite traits.  

  

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted October 9, 2024. ; https://doi.org/10.1101/2024.10.08.24315066doi: medRxiv preprint 

https://doi.org/10.1101/2024.10.08.24315066
http://creativecommons.org/licenses/by-nc-nd/4.0/


3 
 

Introduction 

Large genome-wide association studies (GWAS) of unrelated individuals have been 

widely used to derive polygenic scores (PGS) or polygenic risk scores (PRS) for complex 

traits. While it is standard practice to account for population stratification using genetic 

principal components, recent studies1-5 have demonstrated the potential for 

overestimating genetic effects due to residual confounding with geographical variations 

and/or assortative mating in the population. This complicates the translational 

applications and interpretations for PGS across various analyses, including risk 

predictions and Mendelian randomization analysis. 6 Family-based association studies,7 

which involve estimating genetic effects through within-family comparisons, can protect 

against such biases when assessing the effects of individual genetic variants as well as 

PGS. Further, family-based studies with parental data can uniquely be used to estimate 

the indirect effects8-11 of parental genetic variation on offspring outcomes, possibly through 

parental environmental factors. Thus, these PGS could be used to obtain genetic-based 

evidence of the effect of parental exposures on children’s health outcomes. 

To date, there have been limited studies on methodologies estimating PGS effects 

associated with disease risks through family-based studies. One study7 described 

methods for separating within and between family effects of PGS based on random-effect 

models to account for family-specific effects. Another study 11 pioneered the use of 

parental genotype data on probands to separate the direct and indirect effects of PGS on 

traits within families. These methods were primarily developed for the analysis of 

quantitative traits in randomly sampled families and are not suitable for other important 

study designs including case-parent trios, mother-child dyads, or other family-based study 

designs that ascertain participants based on affected probands. One recent study12 

introduced the polygenic transmission disequilibrium test (pTDT) based on case-parent 

trio designs and detected evidence of polygenic risk of autism spectrum disorders (ASD), 

irrespective of the presence of high de novo variants in probands. The method, however, 

does not provide estimates of effect-sizes in a suitable risk-scale, a critically important 

task for many purposes such as for comparisons of risk estimates from population-based 
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studies, conducting Mendelian randomization studies, and defining concepts of 

interactions.  

To address these limitations and meet the current needs of the field for the analysis 

of PGS in family-based studies, we introduce PGS-TRI. This method can be applied to 

case-parent trio study designs to estimate the risk of a condition in offspring associated 

with direct (inherited) effects of PGS and its interaction with environmental exposures 

(PGSxE), and indirect effects of parental PGS.8,10 The method allows disease risk and 

PGS distribution to vary across families in a flexible manner, making it highly resilient to 

population stratification and assortative mating. We show that under our modeling 

framework, the PGS distribution in ascertained families can be derived in a compact form 

and can be conveniently partitioned into transmission and parental components. Based 

on this factorization, we present novel methods for estimating the direct effect of PGS and 

the effect of PGSxE interactions on offspring outcomes using the transmission component, 

while using a key scale parameter estimate from the parental PGS distribution. 

Additionally, we show that parental PGS data can be used to derive a simple and highly 

robust estimator for the difference in indirect effects of maternal and paternal PGS on 

offspring’s outcomes. We conduct extensive simulation studies to demonstrate the validity 

and power of PGS-TRI for detecting direct and indirect effects, and PGSxE interactions 

under the presence of complex population structures and assortative mating. 

To illustrate varied applications of the proposed method, we use multi-ancestry 

case-parent trio studies of two distinct developmental conditions: autism spectrum 

disorders (ASD) and orofacial clefts (OFCs). Both of these conditions are known to be 

highly heritable, have been associated with specific maternal risk factors, and have pre-

defined PGS from recent large GWAS. We obtain transmission-based estimates of effect 

sizes for PGS underlying these two traits and show that they are comparable to 

corresponding effect sizes reported in prior studies, primarily conducted based on 

unrelated cases and controls. For ASD, we further investigate transmission-based 

estimates of risk associated with a number of other psychiatric and cognitive traits. For 

both ASD and OFCs, we examine PGSxE interactions for several known maternal risk 

factors. Finally, we showcase the effectiveness of PGS-TRI as a discovery tool by 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted October 9, 2024. ; https://doi.org/10.1101/2024.10.08.24315066doi: medRxiv preprint 

https://doi.org/10.1101/2024.10.08.24315066
http://creativecommons.org/licenses/by-nc-nd/4.0/


5 
 

analyzing PGS for gene expression and metabolite traits, obtained from the  

OMICSPRED study,13 to investigate their potential direct or indirect effects on the risk of 

the two conditions. 

Material and Methods 

Modeling Direct Genetic Effects and Gene-Environment Interactions 

An overview of the method is presented in Fig.1. We assume that PGS for the index 

condition and other traits of interest can be evaluated for family trio participants, using 

published meta-data from prior association studies. Our goal is to investigate the 

association of these PGS with an index condition, such as ASD, using case-parent trios. 

In a trio, let 𝑃𝐺𝑆𝐶 , 𝑃𝐺𝑆𝑀, and 𝑃𝐺𝑆𝐹 denote the PGS values of the child, mother, and father 

respectively. Additionally, let 𝐷𝐶  denote the binary outcome status of the child. We 

assume 𝑖 = 1, … , 𝑁  families have been sampled following the case-parent design. We 

also assume a set of environmental exposures, denoted by 𝑬𝒊𝒄, has been ascertained for 

each child across the different families. We assume the prospective disease risk of the 

child in the population follows a log-linear model: 

𝑝𝑟(𝐷𝑖𝐶|𝑃𝐺𝑆𝑖𝐶 , 𝑃𝐺𝑆𝑖𝐹, 𝑃𝐺𝑆𝑖𝑀, 𝑬𝒊𝑪) = 𝑝𝑟(𝐷𝑖𝐶|𝑃𝐺𝑆𝑖𝐶 , 𝑬𝒊𝑪) 

= 𝑒𝑥𝑝{𝛼𝑖 + 𝛽𝐺𝑃𝐺𝑆𝑖𝐶 + 𝜷𝑬
𝑻𝑬𝒊𝑪 + 𝜷𝑮𝑬

𝑻 𝑃𝐺𝑆𝑖𝐶 × 𝑬𝒊𝑪}. (1)

here, 𝛽𝐺 is the direct genetic effect (DE). In (1), we assume no indirect genetic effects, i.e., 

within each family, the parental PGS values only affect the child's disease risk mediated 

through the child's own PGS value, but we will relax this assumption later (see 

subsequent sections and Supplemental Notes). Additionally, this model incorporates 

family-specific intercept terms 𝛼𝑖 without any further assumption about their distribution, 

thereby allowing disease risks to vary arbitrarily across families.  

We assume that the joint distributions of PGS across families in the underlying 

population follow tri-variate normal distributions of the form: 

(𝑃𝐺𝑆𝑖𝐶 , 𝑃𝐺𝑆𝑖𝑀, 𝑃𝐺𝑆𝑖𝐹)𝑇~𝑀𝑉𝑁3 {𝜇𝑖𝟏3, 𝜎𝑖
2 (

1 0.5 0.5
0.5 1 0
0.5 0 1

)} . (2) 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted October 9, 2024. ; https://doi.org/10.1101/2024.10.08.24315066doi: medRxiv preprint 

https://doi.org/10.1101/2024.10.08.24315066
http://creativecommons.org/licenses/by-nc-nd/4.0/


6 
 

where the correlation of 0.5 between PGS values of individual parents and children 

follows from Mendel’s law of inheritance. We allow family-specific mean (𝜇𝑖) and variance 

(𝜎𝑖
2) terms without imposing any assumptions regarding their distributions. We assume 

that, within a family, PGS for the parents are independently distributed.  

We explain here how a model of form (2) can flexibly account for both population 

structure and assortative mating. We conceptualize a sampling mechanism where for 

each family sampled, we assume it belongs to a unique subpopulation of "homogeneous" 

families with distinct genetic ancestry and trait characteristics that influence assortative 

mating. The number of these subpopulations can be arbitrarily large, making each 

subpopulation at an extremely fine level. It is assumed that random mating occurs within 

these homogeneous fine-level subpopulations, implying the PGS correlation between 

partners is 0 within these subpopulations, but not necessarily across them. By allowing 

arbitrary family-specific parameters for the PGS distribution, the model can accommodate 

fine-level population structure and the presence of any population-level correlation in PGS 

values between parents due to assortative mating. Finally, we assume 𝐸𝑖𝐶 ⊥

(𝑃𝐺𝑆𝑖𝐶 , 𝑃𝐺𝑆𝑖𝑀, 𝑃𝐺𝑆𝑖𝐹) , but allow the distribution 𝑬𝒊𝑪  to remain unspecified. From a 

population perspective, this assumption can again be viewed as “gene-environment” 

independence within highly homogenous subpopulations, but the model can still 

accommodate gene-environment correlation at the population-level that may arise due to 

population substructure and assortative mating. 

Retrospective Likelihood and Parameter Estimation 

The retrospective likelihood for the case-parent trio data in each family 𝑖  can be 

decomposed into an offspring’s (𝐿𝑖𝐶) and a parents’ (𝐿𝑖𝑃) component as  

𝐿𝑖 = 𝑝𝑟(𝑃𝐺𝑆𝑖𝐶 , 𝑃𝐺𝑆𝑖𝑀, 𝑃𝐺𝑆𝑖𝐹|𝑬𝒊𝑪, 𝐷𝑖𝐶 = 1) 

= 𝑝𝑟(𝑃𝐺𝑆𝑖𝐶|𝑃𝐺𝑆𝑖𝑀, 𝑃𝐺𝑆𝑖𝐹, 𝑬𝒊𝑪, 𝐷𝑖𝐶 = 1) × 𝑝𝑟(𝑃𝐺𝑆𝑖𝑀, 𝑃𝐺𝑆𝑖𝐹|𝑬𝒊𝑪, 𝐷𝑖𝐶 = 1) 

≝ 𝐿𝑖𝐶 × 𝐿𝑖𝑃. 

Under the above model, the likelihood components associated with children (𝐿𝑖𝐶)  and 

parental PGS (𝐿𝑖𝑃) data for each family can be derived in terms of the following normal 

distributions (see Supplemental Notes for detailed derivation): 
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[𝑃𝐺𝑆𝑖𝐶|𝑃𝐺𝑆𝑖𝑀, 𝑃𝐺𝑆𝑖𝐹, 𝑬𝒊𝑪, 𝐷𝑖𝐶 = 1]~𝑁( 𝜇𝑖𝐶 + 0.5𝜎𝑖
2(𝛽𝐺 + 𝜷𝑮𝑬

𝑻 𝑬𝒊𝑪), 0.5𝜎𝑖
2 ),  

and  

[𝑃𝐺𝑆𝑖𝑀/𝑖𝐹|𝑬𝒊𝑪, 𝐷𝑖𝐶 = 1]~𝑁( 𝜇𝑖 + 0.5𝜎𝑖
2(𝛽𝐺 + 𝜷𝑮𝑬

𝑻 𝑬𝒊𝑪), 𝜎𝑖
2 ). 

Maximum-likelihood estimation based on 𝐿 = ∏ 𝐿𝑖
𝑁
𝑖=1  can be complex due to the presence 

of large dimensional nuisance parameters (𝜇𝑖, 𝜎𝑖)𝑖=1
𝑁 . Instead, we propose a combination 

of likelihood- and moment-based estimation. First, we observe that the likelihood 𝐿𝐶 =

∏ 𝐿𝑖𝐶
𝑁
𝑖=1  is informative for the estimation of 𝛽𝐺 and  𝜷𝑮𝑬 , but one complication is that it 

requires estimates of family-specific variance parameters 𝜎𝑖
2. We now observe that under 

the above model, the PGS values for two parents within each family are expected to have 

identical distribution, and thus �̂�𝑖
2 = 0.5(𝑃𝐺𝑆𝑖𝑀 −  𝑃𝐺𝑆𝑖𝐹)2 provides an unbiased estimator 

for 𝜎𝑖
2,𝑖 = 1, . . 𝑁.  We can now obtain estimates of 𝛽𝐺 and 𝜷𝑮𝑬 based on the likelihood 𝐿𝐶 

with plugged-in values for �̂�𝑖
2 . Under the above framework, we show that the final 

estimator can be derived in an analytic form as a solution to a weighted least-square 

problem as  

�̂� = (𝑬𝑻�̂�𝑬)
−1

𝑬𝑻𝒁, (3)   

where 𝜷 = (𝛽𝐺 , 𝜷𝑮𝑬
𝑻 )

𝑻
 , 𝑬 = (𝑬𝟏

𝑻, ⋯ , 𝑬𝑵
𝑻 )

𝑻
, 𝑬𝒊 = (1, 𝑬𝒊𝑪

𝑻 )
𝑻

, �̂� = 𝒅𝒊𝒂𝒈( �̂�1
2, ⋯ , �̂�𝑁

2), and 𝒁 =

2(𝑃𝐺𝑆1𝐶 − 𝜇1𝐶 , ⋯ , 𝑃𝐺𝑆𝑁𝐶 − 𝜇𝑁𝐶)𝑇, and 𝜇𝑖𝐶 = 0.5(𝑃𝐺𝑆𝑖𝑀 + 𝑃𝐺𝑆𝑖𝐹). 

In the special case when no gene-environment interaction terms are incorporated, 

the estimate of the DE of PGS takes the simple form 

�̂�𝐺 =
2 ∑ (𝑃𝐺𝑆𝑖𝐶 − 0.5(𝑃𝐺𝑆𝑖𝑀 + 𝑃𝐺𝑆𝑖𝐹))/𝑁𝑁

𝑖=1

∑ �̂�𝑖
2𝑁

𝑖=1 /𝑁
. (4) 

It is noteworthy that the numerator of (4) forms the basis of the pTDT test.12 In pTDT, 

the numerator is normalized by the variance of average PGS values of the parents across 

families. However, our derivation of (4) suggests that obtaining an unbiased estimate of 

effect size for PGS in TDT-type analysis requires normalization of the transmission 

disequilibrium statistics, i.e., the numerator, by an estimate of within-family variance. 

Incorporating Indirect Parental Genetic Effects 
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Next, we extend model (1) to incorporate indirect parental genetic effects as  

𝑝𝑟(𝐷𝑖𝐶|𝑃𝐺𝑆𝑖𝐶 , 𝑃𝐺𝑆𝑖𝐹, 𝑃𝐺𝑆𝑖𝑀, 𝑬𝒊𝑪) 

= 𝑒𝑥𝑝{𝛼𝑖 + 𝛽𝐺𝑃𝐺𝑆𝑖𝐶 + 𝛽𝑀𝑃𝐺𝑆𝑖𝑀 + 𝛽𝐹𝑃𝐺𝑆𝑖𝐹 + 𝜷𝑬
𝑻𝑬𝒊𝑪 + 𝜷𝑮𝑬

𝑻 𝑃𝐺𝑆𝑖𝐶 × 𝑬𝒊𝑪},                            (5) 

where 𝛽𝑀, 𝛽𝐹 capture indirect effects of parental PGS on the disease risk of the children 

that are not mediated through the children’s genotypes. 

The likelihood components associated with children (𝐿𝑖𝐶) remain unchanged after 

incorporating the indirect genetic effects. We, however, show that the conditional 

distribution of PGS value in the mother/father in the 𝑖-th ascertained family, when parental 

effects are incorporated, needs to be updated as 𝐿𝑖𝑃 = [𝑃𝐺𝑆𝑖𝑀/𝑖𝐹|𝑬𝒊𝑪, 𝐷𝑖𝐶 = 1]~𝑁(𝜇𝑖 +

𝜎𝑖
2[𝛽𝑀/𝐹 + 0.5(𝛽𝐺 + 𝜷𝑮𝑬

𝑻 𝑬𝒊𝑪)], 𝜎𝑖
2). Now we observe that, unlike the previous setting, here 

the two parents within a family could have asymmetric distribution depending on the 

difference in the magnitude of their indirect effects (𝛽𝑀  and 𝛽𝐹) . We can exploit this 

parental asymmetry in PGS distribution to derive an estimator for the difference of 

parental indirect genetic effect (𝛿-IDE) as 

�̂�-IDE = �̂�𝑀 − �̂�𝐹 =
∑ (𝑃𝐺𝑆𝑖𝑀−𝑃𝐺𝑆𝑖𝐹)/𝑁𝑁

𝑖=1

𝜎𝑠𝑢𝑚
2 /𝑁

. 

We further show that in the presence of indirect effects, an approximately unbiased 

estimator for 𝜎𝑠𝑢𝑚
2 /𝑁 = ∑ 𝜎𝑖

2/𝑁𝑛
𝑖=1  can be derived as 

�̂�𝑠𝑢𝑚
2 /𝑁 = ∑ �̂�𝑖

2

𝑁

𝑖=1

/𝑁 ≈
1

2(𝑁 − 1)
∑ [(𝑃𝐺𝑆𝑖𝑀 −  𝑃𝐺𝑆𝑖𝐹) − ∑(𝑃𝐺𝑆𝑖𝑀 − 𝑃𝐺𝑆𝑖𝐹)/𝑁

𝑁

𝑖=1

]

𝑁

𝑖=1

2

. 

Further, when the indirect effects of parental PGS is incorporated,  we observe the 

form of the estimates of direct effect parameters (𝜷) as shown in (3) remains unchanged, 

but the estimates �̂�𝑖
2, 𝑖 = 1, . . 𝑁 in defining the weight matrix �̂� = 𝒅𝒊𝒂𝒈(�̂�1

2, ⋯ , �̂�𝑁
2) needs 

to be modified as �̂�𝑖
2 = 0.5[(𝑃𝐺𝑆𝑖𝑀 −  𝑃𝐺𝑆𝑖𝐹) − ∑ (𝑃𝐺𝑆𝑖𝑀 − 𝑃𝐺𝑆𝑖𝐹)/𝑁𝑁

𝑖=1 ]2 to obtain more 

accurate estimator of the quantity 𝑬𝑻𝑾𝑬. 

Detailed derivations of all mathematical results and asymptotic variance estimators 

are presented in Supplemental Notes. 
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Simulation Studies  

We conducted two types of simulation studies to evaluate the performance of the 

proposed method under complex population substructure and assortative mating. In the 

first setting, we simulated PGS values in over 1 million randomly sampled trios from 

trivariate normal distribution based on Equation (2) and disease status in children under 

the full model Equation (5), and then further selected families with affected children (𝐷 =

1). We varied 𝜌𝐺 = 𝑐𝑜𝑟(𝛼𝑖, 𝜇𝑖) to create different scenarios of population-stratification bias, 

with a value of 0 indicating no relationship between variation in disease risk and PGS 

distribution across the underlying substructure – a scenario where we do not expect any 

bias in population-based association studies. For the investigation of gene-environment 

interactions, we incorporate a binary (𝐸1) and a continuous (𝐸2) variable in the disease 

model. We allowed complex inter-relationships among baseline disease risk (𝛼𝑖), PGS 

mean (𝜇𝑖) and exposure means (𝛾𝑖1 and 𝛾𝑖2) across families, in manners that are known 

to affect the estimation of gene-environment interactions using unrelated individuals. 14   

 

We designed the second simulation setting to investigate the robustness of 

different methods for the estimation of simulated effects of educational attainment (EA)-

PGS, a score which is known to be highly confounded with environmental factors due to 

population substructure15,16 in the UK Biobank (UKB) study (www.ukbiobank.ac.uk). We 

built EA-PGS using independent SNPs (r2 < 0.01 within 1000kb) and weights reported in 

previous work (PGS Catalog ID: PGS002012)17 for the UKB participants. To simulate 

geographical population structure, we matched unrelated UKB males and females within 

assessment centers (UKB Field ID: 54), and by birth locations defined by north and east 

coordinates (UKB Field ID: 129 and 130). Additionally, we matched pairs based on both 

geographical proximity and similarity in educational attainment (UKB Field ID: 6138) to 

simulate additional effect of assortative mating. For each matched pair of UKB 

participants, we simulated children by generating their genotype values based on 

Mendel’s law of transmission and their disease status based on Equation (5), where a 

“hidden” environmental variable, defined as the average of BMI values (UKB Field ID: 

21001) of the two parents, were introduced to influence disease risk. Additional details on 
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both simulation settings, including the matching algorithm used, can be found in 

Supplemental Notes.  

Data Analysis for Application of PGS-TRI to Autism Spectrum Disorders (ASD) 

We illustrate the versatile capabilities of PGS-TRI by using it to analyze genotype and 

epidemiologic data available on trios from the Simons Foundation Powering Autism 

Research for Knowledge (SPARK) study 18 (https://sparkforautism.org/) (Table S1). The 

key objectives included: (1) obtaining transmission-based estimates of the DE of the most 

advanced ASD-PGS to date built from prior studies, and comparing such effect size from 

that reported from prior case-control studies, (2) assessing the portability of European-

derived PGS to non-European ancestry families, (3) evaluating the association of PGS 

for multiple neurocognitive traits with ASD risk using a transmission-based method, (4) 

characterizing the nature of interaction of ASD-PGS and prenatal exposure on ASD risk, 

and (5) discovering potential novel association of ASD risk with DE and 𝛿-IDE of PGS for 

gene expression and obesity-related metabolite traits.   

Specifically, we examined ASD risk associated with direct and indirect effects of 

pre-constructed PGSs for ASD19 and 7 other cognitive and mental health traits, including 

educational attainment,17 schizophrenia,20 strictly defined lifetime major depressive 

disorder,21 bipolar disorder,22 neuroticism,17 insomnia,17 and attention-deficit/hyperactivity 

disorder (ADHD)23 across different ancestry groups. As a negative control, we used body 

mass index (BMI).17 The PGS for ASD itself was defined based on the largest GWAS to 

date conducted by the iPSYCH consortium and involved a total of 28,017 SNPs. We 

standardized all of the PGSs by ancestry-specific standard errors obtained from the 1000 

Genomes (1000G) Phase 3 Project.24 This allows interpreting underlying risk parameters, 

i.e., relative risks, in a standard unit scale. We further examined gene-environment 

interactions of the ASD-PGS with several prenatal environmental factors, information 

collected in SPARK participants using questionnaires designed by the Genes and 

Environment Autism Research Study (GEARS). Finally, we examined the association of 

ASD risk with genetically-predicted levels of gene expression and metabolites using 

thousands of genetic scores generated by the OMICSPRED project.25 Here the 

underlying hypothesis is that genetically-predicted biomarker levels, as captured by the 
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underlying PGS, could affect ASD risk through direct or indirect effects. We do note a 

caveat that because the PGSs for biomarkers have been derived based on adult samples, 

direct effect of PGSs on children’s outcome is only possible if the same PGS also predicts 

biomarker levels in fetal state or/and early childhood. Anticipating limited power for this 

analysis, we only included those biomolecular traits that can be predicted with accuracy 

R2 ≥  0.1 by the underlying genetic scores according to the internal validation in 

OMICSPRED and those which include at least 5 SNPs in the underlying model. This 

criterion resulted in the evaluation of a total of 4,991 gene expression levels and 27 highly 

correlated obesity-related metabolites. Additional details of data pre-processing and 

covariate coding can be found in Supplemental Notes. 

Data Analysis for Application of PGS-TRI to Orofacial Clefts (OFCs) 

We also used PGS-TRI to investigate the risk of non-syndromic OFCs using case-parent 

trio data from the Gene Environment Association Studies (GENEVA). 26,27 This analysis 

included a total of 778 European and 1,126 East-Asian ancestry trios (see Tables S2-3 

for distribution of trios by subtypes and exposure). We used the trio data to examine the 

effects of a pre-defined OFC-PGS on the risk of OFCs across different subtypes and 

ancestry groups, and its interaction with prenatal exposure to maternal smoking, maternal 

alcohol consumption, use of multivitamins during pregnancy, and prenatal environmental 

tobacco smoke exposure. 26-28 PGS for cleft lip with or without cleft palate (CL/P) were 

constructed using 24 SNPs and their respective weights sourced from the 

PGScatalog.29,30 Similar to ASD analysis, we standardized the PGS using ancestry-

specific standard errors estimated from the 1000G project. Finally, we also examined the 

risk of OFCs (CL/P) associated with the DE and 𝛿 -IDE of genetically-predicted gene 

expressions and metabolite levels using genetic scores generated from the OMICSPRED 

project. 25 Additional details of data pre-processing and covariate coding can be found in 

Supplemental Notes. 

Results 

Simulation Studies 
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In simulation studies, where we directly generate data under the assumed model, we 

observe that PGS-TRI produces unbiased effect-size estimates, well-controlled type-I 

error rates, and calibrated confidence intervals for all of the different types of parameters 

across a realistic range of population stratification scenarios (Fig.2, Extended Fig.1). The 

pTDT, being a transmission-based method, also produces unbiased tests for direct 

genetic effects (DE) and has identical power to PGS-TRI across different scenarios. 

Standard logistic regression analysis of unrelated case-control participants produces 

biased inference for DE in the presence of correlations between PGS mean and disease 

risks across families. Logistic regression and case-only analysis also produce significant 

bias for inference on gene-environment interaction parameters in the presence of 

complex population substructures across which disease risk, exposure distribution, and 

PGS distribution co-vary. If parental genotype data were available for unrelated case-

control participants, then logistic regression model could also be used to estimate the 

magnitude of differential indirect effects (𝛿-IDE). In the absence of population stratification, 

both methods are valid for the estimation of DE and 𝛿-IDE, but logistic regression is more 

powerful for detecting DE while PGS-TRI is more powerful for detecting 𝛿-IDE (Extended 

Fig.2). Further, logistic regression can produce biased inference for DE not only in the 

presence of population stratification but also in the presence of 𝛿-IDE when parental data 

are not available to account for such effects (Extended Fig.3). 

We further confirm the robustness of PGS-TRI to realistic patterns of population 

substructure and assortative mating by considering analyses of educational attainment 

(EA)-PGS in the UK Biobank study. In this setting, we matched unrelated male and female 

participants to form “parents” and children’s genotype data were simulated under 

Mendel’s law of inheritance. We observe that when participants are matched by 

geographical proximity, there is significant across-family correlation (P < 5*10-6) between 

EA-PGS and parental-BMI, which is treated as a hidden “environmental” confounder for 

the simulations of disease risk in children (Extended Fig.4a-4d). In this setting, logistic 

regression analysis of unrelated cases and controls, even after adjustment for genetic 

PCs and geographical coordinates, can produce significantly biased inference for DE 

(Fig.3). When we further added EA to the matching criterion, i.e., allowing for assortative 

mating in addition to geographical population structure, there was increased bias in 
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logistic regression. PGS-TRI produces both unbiased tests and effect size estimates in 

all scenarios.  

Polygenic Risk for Autism Spectrum Disorders (ASD)  

We first examined the association of ASD-PGS derived from the European-ancestry (EUR) 

iPSYCH study 19 with ASD risk across different ancestry groups (Fig.4a; Table S4). We 

observe that for the EUR population, PGS-TRI produced a transmission-based estimate 

of DE (RR = 1.32, 95% CI = [1.22,1.44]) closely matching the reported estimate (OR = 

1.33, 95% CI = [1.30,1.36]) from the iPSYCH study,19 which predominantly used unrelated 

case-control samples. Thus, our estimate of effect size suggests no evidence of 

significant bias in prior population-based GWAS due to unadjusted population 

stratification. We also detected evidence of a significant direct effect of the PGS on ASD 

risk within Asian- and African-ancestry families with the corresponding effect size 

estimates being of similar magnitude as those derived from EUR families. However, we 

did not find any evidence of direct effects of PGS on ASD risk in Americas ancestry 

families.  

We further observed that PGS-TRI produced estimates of DE of PGS for EA and 

several psychiatric traits on ASD risk in the cross-ancestry population (combined ancestry 

groups of EUR, Asian, African, and Americas) (Fig.4b) which have similar patterns as has 

been reported in prior studies.13 Most of these associations, however, could not be 

detected specifically for the non-European populations due to low power and perhaps 

lack of transportability of the PGS to non-EUR populations (Table S5). We did not detect 

any evidence of the differential indirect effect of the parental PGS values, including that 

of ASD itself, on the offspring risk with the exception of schizophrenia-PGS, for which 

borderline evidence (P = 0.048) is seen. We did not detect evidence (FDR < 0.05) of any 

DE or 𝛿-IDE of OMICSPRED generated gene-expression-PGSs on ASD risk in the cross-

ancestry or EUR-only analysis (Table S7-8). The corresponding q-q plots indicate PGS-

TRI controls type-I error rates well in genome-wide analysis (Extended Fig.5). However, 

in the analysis of a group of 27 obesity-related metabolites, we found pervasive evidence 

of maternal mediated indirect effects of underlying genetic scores on the risk of ASD in 

offsprings (Fig.4c; Table S9) where the strongest signal was observed for Apolipoprotein 
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B (P = 1.6*10-3, FDR = 0.02). However, because the lipoprotein groups are highly 

correlated with each other (Extended Fig.6), it is difficult to pinpoint the specific 

metabolites causing the underlying effects. We did not find evidence of DE of any of the 

metabolite-PGSs on ASD risk (Table S10). 

Finally, we explored gene-environment interactions of the ASD-PGS and several 

specific pre- and peri-natal environmental factors on ASD risk (Table S6). We generally 

did not observe any strong evidence of interactions, indicating that polygenic risk and 

environmental factors generally act multiplicatively on the risk of ASD. We observed 

nominal evidence that maternal alcohol consumption, before and during pregnancy, 

modified the DE of ASD PGS on offspring risk in EUR families (P = 0.04 ever, before 

pregnancy; P = 0.05, during pregnancy; compared to never drinkers).  

Polygenic Risk of Orofacial Clefts (OFCs)  

We applied PGS-TRI to analyze the risk of orofacial clefts using EUR- and Asian- ancestry 

trios available from the GENEVA study (Fig.5; Table S11-12). We first examined the risk 

of various OFCs subtypes with a PGS incorporating 24 SNPs defined by an earlier study 

(PGS Catalog ID: PGS002266).29,30 We found highly significant and consistent levels of 

DE of this PGS on the risk of OFCs across different subtypes, including CL-alone, CL&P, 

and CL/P (CL-alone and CL&P combined), and across both populations. The strengths 

of the associations are of similar magnitude as those reported in previous studies using 

both population- and family-based samples.29 In our analysis, we did not find any evidence 

of association of this PGS with the CP-alone subtype, an anatomically and 

embryologically distinct subtype, which was not surprising, considering the original PGS 

was developed based on studies of CL/P subtypes only. In the cross-ancestry population 

(combined EUR and Asian population) analysis, we did not observe evidence of 

differential indirect effects of the parental PGS on the risk OFCs in offspring. In the EUR-

only analysis, however, we observed nominal-level evidence of maternally mediated 𝛿-

IDE of the PGS on the risk of CL-alone (P = 0.03). 

We further used PGS-TRI to explore the interaction of the DE of OFC-PGS with 

several known prenatal environmental risk factors and offspring’s sex on the OFCs 

subtypes (Fig.5a). In the EUR population, we detected evidence of interaction of the PGS 
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with maternal smoking during pregnancy on the risk of CL-alone and combined CL/P; and 

to a lesser extent with maternal environmental smoking exposure in CL&P. These 

interactions are not found to be significant in Asians, but the power for detecting 

interaction in this population was very low as only a small proportion (3%) of the affected 

probands were exposed to maternal smoking (Table S3). We further observed evidence 

of PGS by sex interactions in EUR on CL&P risk, but an opposite direction for the same 

interaction effect in the Asian population, which cancelled each other in cross-ancestry 

population analysis. 

Finally, we examined the risk of OFCs (CL/P, and combined OFCs) associated with 

DE and 𝛿 -IDE of transcriptomic-PGSs generated by the OMICSPRED study.25 We 

detected strong evidence of DE of genetically predicted expression of TRAF3IP3 on the 

risk of CL/P (cross-ancestry P = 2.0*10-12) with the strength of association appearing to 

be stronger in the Asian population compared with the EUR population (heterogeneity 

test P = 0.01, Fig.5c; Table S13). The genetic score of TRAF3IP3 expression involved 44 

SNPs within the cis-region and had a prediction R2 = 0.139 in the EUR population. An 

intronic SNP rs2235370 of TRAF3IP3 has been previously reported as a sentinel variant 

associated with the risk of CL/P in prior GWAS cross-ancestry meta-analysis.31 The DE 

of TRAF3IP3-PGS on CL/P risk became insignificant when we removed 8 SNPs in linkage 

disequilibrium with rs2235370 (r2 > 0.3), but the DE of genetic score based only on the 8 

SNPs remained highly significant (cross-ancestry P = 6.5*10-13). Application of genotypic 

TDT 32 further showed a strong association of each of the individual 8 SNPs with the risk 

of CL/P (Table S14). These results combined suggested the presence of a haplotype in 

this region which has protective effect on OFC risk, likely mediated by the expression 

level of the gene TRAF3IP3. We did not detect any evidence of 𝛿 -IDE of the 

transcriptomic-PGS on OFCs risk (Extended Fig. 7; Table S15). We also did not find 

evidence of DE or 𝛿-IDE of metabolomic-PGSs on OFCs risk (Table S16-17). 

Discussion 

We have developed a new analytic framework, PGS-TRI, for the analysis of polygenic 

scores in case-parent trio studies. It enables transmission-based estimation of the risk of 
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the outcome in offspring, accounting for the direct effects of inherited PGS and its 

interaction with environmental factors. Further, the method leverages observed 

asymmetry in PGS value between parents within families to estimate maternally or 

paternally mediated indirect effects on the offspring outcomes. We conducted simulation 

studies across various realistic scenarios, including one involving EA-PGS in the UK 

Biobank study, to demonstrate the robustness of the proposed method against population 

structure and assortative mating. Our applications of PGS-TRI to 2 early developmental 

health conditions, ASD and OFCs, provide the first transmission-based estimates of effect 

sizes for established PGSs and address concerns over biases in previous studies caused 

by uncorrected population structure, assortative mating, or indirect genetic effects. We 

also applied PGS-TRI to novel analyses exploring polygenic gene-environment 

interactions on these two conditions. Finally, we used PGSs for gene expression and 

metabolite traits to examine any evidence of their direct and indirect effects on the two 

conditions. 

Case-parent trio studies and related analytic methods have a significant history 

and long-standing utility in the field of genetic epidemiology, especially for developmental 

health conditions in children. Originally, the transmission disequilibrium test (TDT)33 was 

proposed as an allelic test for linkage and association, and was believed that it would 

form the basis of future GWAS.34 Several other key studies noted that transmission-based 

testing and risk estimation can be conducted based on marker genotype data without 

having to assume multiplicative effects of underlying alleles.35,36 Subsequently, a series of 

methods were proposed for the transmission-based analysis of multi-allelic markers,37 

complex pedigrees,38 gene-environment interactions,39-41 indirect (also referred to in prior 

studies as “nurturing”), 42,43 and imprinting/parent-of-origin- effects,41,43 and a more general 

class of distribution-free methods for family-based association testing also emerged. 44-46 

As GWAS required very large sample sizes for the detection of small polygenic effects, 

studies based on unrelated cases and controls became widely popular due to the ease 

of recruiting. In the post-GWAS era, however, there has been now renewed interest in the 

use of case-parent trios and other family-based studies for more robust characterizations 

of risks associated with GWAS-identified genetic effects.7,11,12 Additionally, there are 
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practical considerations that make it more feasible to collect data from parents in families 

with young affected children than collecting large samples of unrelated cases and controls. 

Thus, a family trio design is particularly well suited for modern and growing developmental 

outcomes such as ASD and OFCs, among others.  

The first transmission-based method for PGS analysis in case-parent trios was 

proposed based on the deviation of observed PGS values of children from its expected 

value under Mendel’s law of transmission, which is represented by the mid-parental PGS 

values.12 While the method provided a valid test, the underlying statistics do not provide 

valid effect estimates. Here, we show that unbiased risk estimation requires scaling of 

transmission-disequilibrium statistics by estimates of within-family variance of the PGS, 

which we now incorporate in the PGS-TRI method. Further, our method, which is 

motivated by the likelihood of the trio-data, allows for the modeling of PGS-environment 

interactions within the transmission-based framework and can incorporate indirect effects 

of parental PGS on children’s outcomes. In particular, we show that under our framework, 

an estimate of asymmetric maternal and paternal indirect effects of PGS can be obtained 

by the average difference in PGS values between the two parents across families, scaled 

by average within-family variance parameters.  

We used data from the SPARK consortium to obtain transmission-based estimates 

of ASD risk associated with pre-defined PGS of ASD and several other neurocognitive 

traits defined by prior association studies. Our results validate previously reported risks 

in EUR ancestry populations. There is also a critical need to assess the portability of ASD-

PGS in non-EUR ancestries and our analyses confirm transmission-based estimates of 

effect sizes for PGS are of similar magnitude in Asian- and African-ancestry groups. 

Further, the lack of evidence of any DE of PGS in Americas ancestry population highlights 

SNP discovery efforts are needed to better identify and capture polygenic risks in this 

group. Our results further show that PGS and the subset of pre- and peri-natal 

environmental risk factors examined in this study generally have multiplicative effects on 

the risk of ASD. Finally, we explored whether genetic scores of molecular traits, including 

genome-wide gene expressions and cardiometabolic metabolites, were associated with 

ASD risk through direct or indirect effects. We found statistically significant evidence of 
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indirect maternal genetic effects of PGS for a set of obesity-related metabolites on the 

ASD risk in offspring. While this finding requires further validation in larger studies, it is 

particularly noteworthy given the consistent associations between maternal obesity (both 

pre-pregnancy and during pregnancy) and ASD risk in offspring, as reported in 

epidemiology studies. 47,48 Interestingly, we did not detect evidence of an indirect maternal 

effect of BMI-PGS itself on ASD risk in offspring, which may be due to lack of power or 

due to lack of underlying causal effect. Overall, this analysis showcases how case-parent 

trio studies can be leveraged to test for potential causal effects of parental exposures on 

children’s outcomes, with parental PGS serving as “instruments” within the Mendelian 

Randomization framework.  

We also applied our new method to analyze the polygenic risk of OFCs using data 

from the GENEVA study. This analysis established transmission-based risk estimates for 

a pre-defined PGS across different OFCs subtypes in both EUR and Asian-ancestry 

groups. We identified modest evidence of non-multiplicative interaction of the DE of OFC-

PGS and maternal smoking, as well as environmental maternal tobacco smoke exposure 

during pregnancy. Prior genome-wide SNP-environment interaction studies,26 including 

but not limited to GENEVA samples, have not revealed genome-wide significant findings. 

Joint tests for genetic associations and gene-environment interactions had indicated 

modest evidence of gene-by-maternal smoking interactions for rs7541797 near PAX7, 

but not much evidence was found for gene-by-environmental tobacco smoking.26 In our 

PGS-based analysis, on the other hand, we find some evidence of aggregated SNPs by 

smoking interaction effects across different known loci. In the future, large and diverse 

studies including experimental model systems are needed to further characterize gene-

environment interactions in the etiology of OFCs. 

While our study has many major strengths as described above, our study has 

several limitations as well. Our framework allows estimation of differences in the indirect 

genetic effects that two parents may have on children, but it cannot identify indirect effects 

of the father and the mother separately. In our setting, we allow family-specific disease 

risk and PGS distributional parameters to have arbitrary distribution across families. It is 

possible that by incorporating stronger parametric assumptions one can extend our 
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framework for the estimation of the indirect genetic effects for each parent separately.  We 

have modeled gene-environment interactions only with respect to DE of PGS, and further 

research is merited to extend the model to allow the possibility of interactions of 

environmental factors with indirect effect of parental PGS on children’s outcome. Our 

assumption of gene-environment independence within “homogeneous” families is highly 

robust to the presence of population structure and assortative mating. However, there 

could be direct correlation between PGS and environmental exposures due to pleiotropic 

effects. Finally, the OMICSPRED study primarily trained PGS for molecular traits using 

adult samples, meaning any DE on developmental outcomes would depend on the PGS 

being predictive of early-life molecular traits. While molecular QTLs often have robust 

effects across life stages,49 our DE analysis may lack power if early-life molecular levels 

are not as predictable by PGSs generated by OMICSPRED. 

The proposed framework for conducting PGS analysis in case-parent trios opens 

numerous avenues for further research, including applying analogous analyses in other 

types of ascertained families such as mother-child dyads, case-parent trios with 

unaffected siblings, and more complex pedigrees which may be ascertained through 

multiple probands. Additionally, there is potential to extend the model for joint analysis of 

multiple possibly correlated PGSs, which could be useful for applications such as 

multivariable Mendelian randomization analysis.50 Case-parent trio designs are widely 

used for many developmental and early childhood conditions due to the feasibility of 

collecting parental data and biosamples. Moreover, for many late-onset diseases, studies 

have collected genetic data on extended families ascertained with specific conditions like 

breast cancer for understanding risks associated with rare high-penetrant mutations. Our 

proposed method, along with its future extensions, can facilitate PGS analysis in 

ascertained families, enabling robust characterization of associated risks, both by a PGS 

itself and in conjunction with rare mutations and non-genetic risk factors.  
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Figure Legends 

Figure 1.  Figure illustrating our PGS-TRI model framework for case-parent trio family 

study designs. 𝛽𝐺 , 𝜷𝑮𝑬, 𝜷𝑬:  population-level PGS direct genetic effect ( 𝛽𝐺 ), direct PGS-E 

interactions (𝛽𝐺𝐸 ), and direct environmental effects (𝛽𝐸 ), associated with offspring’s outcome. 

𝛽𝑀 , 𝛽𝐹: mother and father indirect genetic effects associated with the offspring’s outcome risk. 

𝑃𝐺𝑆𝑖𝐶 , 𝑃𝐺𝑆𝑖𝑀 , 𝑃𝐺𝑆𝑖𝐹: PGS values of child, mother, father in family 𝑖 = 1, … , 𝑁. 𝐷𝑖𝐶 : outcome status 

of the offspring in family 𝑖 = 1, … , 𝑁. 

Figure 2. Performance of PGS-TRI and alternative methods for estimating parameters of 

PGS direct effect (DE), differential parental indirect genetic effect (𝜹 -IDE), and PGSxE 

interactions in simulation studies. Results are shown for (a) Type I error of PGS DE and 𝛿-IDE, 

when underlying true effects are 0; (b) Type I error of PGS-E interaction, when underlying true 

main effect DE is 0.4; (c) bias in parameter estimates and magnitude of standard deviation (SD) 

of estimates for DE and 𝛿-IDE; (d) bias in parameter estimates and magnitude of SD of estimate 

for PGS-E interaction. pTDT is implemented as an alternative method for testing DE. Logistic 

regression is implemented for testing and estimation of DE assuming unrelated controls are 

available of the same size as the number of cases. Logistic regression is also implemented for 

testing and estimation of 𝛿 -IDE further assuming parental genotypes are available for the 

unrelated cases and controls. Further, a case-only method is also implemented for testing PGSxE 

interaction.  Data are repeatedly simulated for 1000 trios, or 1000 unrelated cases and 1000 

unrelated controls from the underlying population.  

Figure 3. Performance of PGS-TRI and alternative methods for the estimation of genetic 

effects associated with educational attainment PGS in the UK Biobank-based simulation 

study. Results are shown for (a) Type I error associated with direct-effect (DE) of PGS (b) Type I 

error associated with differential parental indirect genetic effect (𝛿-IDE) of PGS (c) bias and SD 

associated with estimation of DE and (d) bias and SD associated with estimation of  𝛿-IDE. Among 

alternative methods, pTDT is implemented for testing of DE. For testing of DE, logistic regression 

is implemented for the analysis of unrelated cases and controls without any adjustment, or 

adjustment for top 10 genetic principal components (PCs) constructed from the parental data, or 

top 10 PCs plus the assessment centres, and north and east birth coordinates of the parents. For 

the testing and estimation of 𝛿-IDE using logistic regression, we assume parental genotype data 

are available on unrelated cases and controls. Data on children for matched pairs of UKB 

participants are repeatedly simulated, and then a set of 2000 case-parent trios, or a set of 2000 

unrelated cases and 2000 unrelated controls, are further sampled for subsequent analysis. 

Parents were either matched by only geographic proximity to simulate effect of population 

stratification or geographical proximity and educational attainment level to simulate effect of both 

population stratification and assortative mating. PS: population stratification bias; AM: assortative 

mating; PC10: logistic regression with the top 10 genetic PCs as covariates; PC10 Geo: logistic 

regression with the top 10 genetic PCs, north and east birth co-ordinates, and assessment centres 

as covariates in the model.  

Figure 4. SPARK study results for autism spectrum disorder (ASD). (a) Relative risk 

estimates for direct (DE) and maternally medicated indirect effects (𝛿-IDE) of ASD-PGS (PGS ID: 

PGS000327) on ASD risk across multiple ancestry groups; (b) Relative risk estimates of DE  and 

𝛿-IDE of PGS for multiple neurocognitive traits on ASD risk (only shown for combined population 

analysis due to sample size in ancestral subpopulations); (c) Heatmap of estimates of maternally 
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mediated indirect effects (𝛿-IDE) of  PGS for 27 obesity-related metabolite PGS on the risk of 

ASD in offsprings. In (a) and (b), PGS are standardized within each ancestry group by population 

mean and SD calculated using 1000G reference data of independent individuals so that relative 

risk (RR) corresponds to an increase in risk per SD unit increase in PGS value. In (c), PGSs are 

standardized using population mean and SD by pooling all individuals within each ancestry group 

in the current study. Asterisks indicate significant metabolites after Bonferonni correction for the 

effective number of independent tests (P < 0.025). ADHD: attention-deficit/hyperactivity disorder; 
EAS/SAS: combined East Asian and South Asian populations; CI: confidence interval; BMI: body 

mass index, used as a negative control; IDL: intermediate-density lipoproteins; LDL: low-density 

lipoprotein; VLDL: very small low-density lipoprotein. 

Figure 5. Results from the analysis in the GENEVA study of orofacial clefts (OFCs) trios. 

(a)  Estimates of relative risk of different OFC subtypes associated with the DE and 𝛿-IDE of OFC-

PGS (PGS ID: PGS002266) and the interaction of OFC-PGS with several maternally medicated 

risk factors  (b)  Miami plot showing results from the transcriptome-wide association study using 

PGS-TRI of the risk of the combined OFC CL/P associated with the DE of PGS for gene-

expression traits available from the OMNISPRED study. In (a), PGS were standardized within 

each ancestry group by population mean and SD calculated using 1000G reference data of 

independent individuals so that relative risk (RR) corresponded to an increase in risk per SD unit 

increase in PGS value. In (b), PGSs  are standardized using population mean and SD by pooling 

all individuals within each ancestry group in the current study.  

 

Extended Figure 1. Coverage level of 95% confidence intervals of PGS-TRI and alternative 

methods for estimation of (a) DE, (b) 𝜹 -IDE, and (c-d) PGSxE interactions in simulation 

studies. For each type of parameter, results are shown in scenarios in the absence and the 

presence of population stratification bias. Logistic regression is implemented for the estimation of 

DE and PGS by E interaction effects assuming unrelated controls are available of the same size 

as the number of cases. Logistic regression is also implemented for the estimation of  𝛿 -IDE 

further assuming that parental genotypes are available for the unrelated cases and controls. 

Additionally, a case-only method is implemented for testing PGSxE interaction terms.  Data are 

repeatedly simulated for 1000 trios, or 1000 unrelated cases and 1000 unrelated controls from 

the underlying population.  

Extended Figure 2. Power of PGS-TRI compared to alternative methods for the detection of 

(a) DE, (b) 𝛿 -IDE, (c)(d) PGS by E interaction terms. pTDT is implemented as an alternative 

method for testing DE. The case-only method is implemented as an alternative method for testing 

PGSxE. Logistic regression is also implemented for testing of DE and PGSxE assuming unrelated 

controls are available of the same size as the number of cases. Logistic regression is further 

implemented for the testing of  𝛿-IDE assuming parental genotypes are available for the unrelated 

cases and controls. For fair comparisons, power results are only presented in the absence of 

population stratification when logistic regression and the case-only method have no bias. Data 

are repeatedly simulated for 1000 trios, or 1000 unrelated cases and 1000 unrelated controls from 

the underlying population. All tests were two-sided and were conducted at a significance level of 

0.05. 

Extended Figure 3. Biases and SD of estimates of DE of PGS using PGS-TRI and logistic 

regression when 𝜹-IDE of parental PGS is not incorporated into modeling. In the top left and 
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bottom left panels, data were simulated assuming no 𝛿-IDE. In the top right and bottom right 

panels, data were simulated in the presence of 𝛿-IDE. Both PGS-TRI and logistic regression were 

fitted without the parental indirect effect parameters in the model.  

Extended Figure 4. Geographical distributions of (a) Educational Attainment (EA) PGS, (b) 

Educational Attainment, (c) Body Mass Index (BMI), (d) Townsend Index, (e)-(h)Top 4 

Principal Components of unrelated UK Biobank participants (considered as “parents” in 

our simulation study). Individuals were grouped into 100 clusters based on their east and north 

co-ordinates of birthplaces using the K-means clustering. Colors represent the mean values of 

grouped individuals in each cluster on the map. The between-cluster correlation between BMI and 

EA-PGS is -0.48 (P <5*10-6), the within-cluster correlation is -0.018 (P > 0.05). Parental BMI was 

treated as a hidden environmental confounding variable while simulating outcome status in 

children. 

Extended Figure 5. Quantile-quantile plot (QQ plot) of p-values generated by PGS-TRI for 

the transcriptome-wide association study of autism risk in the SPARK study. The DE and 
𝛿-IDE of PGS associated with a total of 4,989 transcriptomic traits are tested. The diagonal lines 

correspond to expected p-values percentiles under the null hypothesis and the shaded regions 

represent 95% confidence bands. DE: PGS direct effect; 𝜹 -IDE: differential parental indirect 

genetic effect; 𝝀𝑮𝑪:genomic inflation factor, a value that equals 1 represents no inflation. 

Extended Figure 6.  Principal component (PC) analysis of 27 obesity-related metabolite 

PGS using reference genotype data from the 1000 Genomes European population. Results 

indicate that more than 98% of variations are explained by a single PGS indicating the number of 

underlying effective tests is close to 1.  

Extended Figure 7.  Quantile-quantile plot (QQ plot) of p-values generated by PGS-TRI for 

the transcriptome-wide association study of the risk of OFC CL/P subtype in the GENEVA 

study. The DE and 𝛿-IDE of PGS associated with a total of 4,991 transcriptomic traits are tested. 

The diagonal lines correspond to expected p-values percentiles under the null hypothesis and the 

shaded regions represent 95% confidence bands. DE: PGS direct effect;  𝜹 -IDE: differential 

parental indirect genetic effect; 𝝀𝑮𝑪: genomic inflation factor, a value that equals 1 represents no 

inflation. 
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Data and Code Availability 

GENEVA datasets are available in dbGaP at https://www.ncbi.nlm.nih.gov through 

dbGaP accession number phs000094.v1.p1.  

The software PGS-TRI and the polygenic transmission disequilibrium test are publicly 

available at https://github.com/ziqiaow/PGS.TRI 
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Main Figures and Extended Figures 

 

  

 
Figure 1.  Figure illustrating our PGS-TRI model framework for case-parent trio family 
study designs. 𝛽𝐺 , 𝜷𝑮𝑬, 𝜷𝑬:  population-level PGS direct genetic effect (𝛽𝐺  , direct PGS-E 

interactions (𝛽𝐺𝐸 , and direct environmental effects (𝛽𝐸 , associated with offspring’s outcome. 
𝛽𝑀 , 𝛽𝐹: mother and father indirect genetic effects associated with the offspring’s outcome risk. 

𝑃𝐺𝑆𝑖𝐶 , 𝑃𝐺𝑆𝑖𝑀 , 𝑃𝐺𝑆𝑖𝐹   PGS values of child, mother, father in famil  𝑖 = 1, … , 𝑁.  𝐷𝑖𝐶 :  outcome 

status of the offspring in famil  𝑖 = 1, … , 𝑁. 
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Figure 2. Performance of PGS-TRI and alternative methods for estimating parameters of 
PGS direct effect (DE), differential parental indirect genetic effect (𝜹-IDE), and PGSxE 

interactions in simulation studies. Results are shown for (a  T pe I error of PGS DE and 𝛿-
IDE, when underl ing true effects are 0; (b  T pe I error of PGS-E interaction, when underl ing 
true main effect DE is 0.4; (c  bias in parameter estimates and magnitude of standard deviation 
(SD  of estimates for DE and 𝛿-IDE; (d  bias in parameter estimates and magnitude of SD of 
estimate for PGS-E interaction. pTDT is implemented as an alternative method for testing DE. 
Logistic regression is implemented for testing and estimation of DE assuming unrelated controls 
are available of the same size as the number of cases. Logistic regression is also implemented 
for testing and estimation of 𝛿-IDE further assuming parental genot pes are available for the 
unrelated cases and controls. Further, a case-onl  method is also implemented for testing 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted October 9, 2024. ; https://doi.org/10.1101/2024.10.08.24315066doi: medRxiv preprint 

https://doi.org/10.1101/2024.10.08.24315066
http://creativecommons.org/licenses/by-nc-nd/4.0/


PGSxE interaction.  Data are repeatedl  simulated for 1000 trios, or 1000 unrelated cases and 
1000 unrelated controls from the underl ing population.  
 
 
 
 
 
 

 
Figure 3. Performance of PGS-TRI and alternative methods for the estimation of genetic 
effects associated with educational attainment PGS in the UK Biobank-based simulation 
study. Results are shown for (a  T pe I error associated with direct-effect (DE  of PGS (b  T pe 
I error associated with differential parental indirect genetic effect (𝛿-IDE  of PGS (c  bias and 

SD associated with estimation of DE and (d  bias and SD associated with estimation of  𝛿-IDE. 
Among alternative methods, pTDT is implemented for testing of DE. For testing of DE, logistic 
regression is implemented for the anal sis of unrelated cases and controls without an  
adjustment, or adjustment for top 10 genetic principal components (PCs  constructed from the 
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parental data, or top 10 PCs plus the assessment centres, and north and east birth coordinates 
of the parents. For the testing and estimation of 𝛿-IDE using logistic regression, we assume 
parental genot pe data are available on unrelated cases and controls. Data on children for 
matched pairs of UKB participants are repeatedl  simulated, and then a set of 2000 case-parent 
trios, or a set of 2000 unrelated cases and 2000 unrelated controls, are further sampled for 
subsequent anal sis. Parents were either matched b  onl  geographic proximit  to simulate 
effect of population stratification or geographical proximit  and educational attainment level to 
simulate effect of both population stratification and assortative mating. PS  population 
stratification bias; AM  assortative mating; PC10  logistic regression with the top 10 genetic PCs 
as covariates; PC10 Geo  logistic regression with the top 10 genetic PCs, north and east birth 
co-ordinates, and assessment centres as covariates in the model.  
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Figure 4. SPARK study results for autism spectrum disorder (ASD). (a  Relative risk 
estimates for direct (DE  and maternall  medicated indirect effects (𝛿-IDE  of ASD-PGS (PGS 
ID  PGS000327  on ASD risk across multiple ancestr  groups; (b  Relative risk estimates of DE  
and 𝛿 -IDE of PGS for multiple neurocognitive traits on ASD risk (onl  shown for combined 
population anal sis due to sample size in ancestral subpopulations ; (c  Heatmap of estimates 
of maternall  mediated indirect effects (𝛿-IDE  of  PGS for 27 obesit -related metabolite PGS 
on the risk of ASD in offsprings. In (a  and (b , PGS are standardized within each ancestr  
group b  population mean and SD calculated using 1000G reference data of independent 
individuals so that relative risk (RR  corresponds to an increase in risk per SD unit increase in 
PGS value. In (c , PGSs are standardized using population mean and SD b  pooling all 
individuals within each ancestr  group in the current stud . Asterisks indicate significant 
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metabolites after Bonferonni correction for the effective number of independent tests (P < 
0.025 . ADHD  attention-deficit/h peractivit  disorder; EAS/SAS  combined East Asian and 
South Asian populations; CI  confidence interval; BMI  bod  mass index, used as a negative 
control; IDL  intermediate-densit  lipoproteins; LDL  low-densit  lipoprotein; VLDL  ver  small 
low-densit  lipoprotein. 
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Figure 5. Results from the analysis in the GENEVA study of orofacial clefts (OFCs) trios. 
(a   Estimates of relative risk of different OFC subt pes associated with the DE and 𝛿-IDE of 
OFC-PGS (PGS ID  PGS002266  and the interaction of OFC-PGS with several maternall  
medicated risk factors  (b   Miami plot showing results from the transcriptome-wide association 
stud  using PGS-TRI of the risk of the combined OFC CL/P associated with the DE of PGS for 
gene-expression traits available from the OMNISPRED stud . In (a , PGS were standardized 
within each ancestr  group b  population mean and SD calculated using 1000G reference data 
of independent individuals so that relative risk (RR  corresponded to an increase in risk per SD 
unit increase in PGS value. In (b , PGSs  are standardized using population mean and SD b  
pooling all individuals within each ancestr  group in the current stud .  
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Extended Figures 

 
Extended Figure 1. Coverage level of 95% confidence intervals of PGS-TRI and 
alternative methods for estimation of (a) DE, (b) 𝜹-IDE, and (c-d) PGSxE interactions in 
simulation studies. For each t pe of parameter, results are shown in scenarios in the absence 
and the presence of population stratification bias. Logistic regression is implemented for the 
estimation of DE and PGS b  E interaction effects assuming unrelated controls are available of 
the same size as the number of cases. Logistic regression is also implemented for the 
estimation of  𝛿-IDE further assuming that parental genot pes are available for the unrelated 
cases and controls. Additionall , a case-onl  method is implemented for testing PGSxE 
interaction terms.  Data are repeatedl  simulated for 1000 trios, or 1000 unrelated cases and 
1000 unrelated controls from the underl ing population.  
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Extended Figure 2. Power of PGS-TRI compared to alternative methods for the detection 
of (a  DE, (b  𝛿-IDE, (c (d  PGS b  E interaction terms. pTDT is implemented as an alternative 
method for testing DE. The case-onl  method is implemented as an alternative method for 
testing PGSxE. Logistic regression is also implemented for testing of DE and PGSxE assuming 
unrelated controls are available of the same size as the number of cases. Logistic regression 
is further implemented for the testing of  𝛿-IDE assuming parental genot pes are available for 
the unrelated cases and controls. For fair comparisons, power results are onl  presented in the 
absence of population stratification when logistic regression and the case-onl  method have no 
bias. Data are repeatedl  simulated for 1000 trios, or 1000 unrelated cases and 1000 unrelated 
controls from the underl ing population. All tests were two-sided and were conducted at a 
significance level of 0.05. 
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Extended Figure 3. Biases and SD of estimates of DE of PGS using PGS-TRI and 
logistic regression when 𝜹-IDE of parental PGS is not incorporated into modeling. In 
the top left and bottom left panels, data were simulated assuming no 𝛿-IDE. In the top right 
and bottom right panels, data were simulated in the presence of 𝛿-IDE. Both PGS-TRI and 
logistic regression were fitted without the parental indirect effect parameters in the model.  
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Extended Figure 4. Geographical distributions of (a) Educational Attainment (EA) PGS, 
(b) Educational Attainment, (c) Body Mass Index (BMI), (d) Townsend Index, (e)-(h)Top 
4 Principal Components of unrelated UK Biobank participants (considered as 
“parents” in our simulation study). Individuals were grouped into 100 clusters based on 
their east and north co-ordinates of birthplaces using the K-means clustering. Colors 
represent the mean values of grouped individuals in each cluster on the map. The between-
cluster correlation between BMI and EA-PGS is -0.48 (P <5*10-6 , the within-cluster 
correlation is -0.018 (P > 0.05 . Parental BMI was treated as a hidden environmental 
confounding variable while simulating outcome status in children. 
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Extended Figure 5. Quantile-quantile plot (QQ plot) of p-values generated by PGS-TRI for 
the transcriptome-wide association study of autism risk in the SPARK study. The DE and 
𝛿-IDE of PGS associated with a total of 4,989 transcriptomic traits are tested. The diagonal 
lines correspond to expected p-values percentiles under the null h pothesis and the shaded 
regions represent 95% confidence bands. DE  PGS direct effect; 𝜹-IDE  differential parental 

indirect genetic effect; 𝝀𝑮𝑪 genomic inflation factor, a value that equals 1 represents no inflation. 
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Extended Figure 6.  Principal component (PC) analysis of 27 obesity-related metabolite 
PGS using reference genotype data from the 1000 Genomes European population. 
Results indicate that more than 98% of variations are explained b  a single PGS indicating 
the number of underl ing effective tests is close to 1.  
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Extended Figure 7.  Quantile-quantile plot (QQ plot) of p-values generated by PGS-TRI 
for the transcriptome-wide association study of the risk of OFC CL/P subtype in the 
GENEVA study. The DE and 𝛿-IDE of PGS associated with a total of 4,991 transcriptomic 
traits are tested. The diagonal lines correspond to expected p-values percentiles under the 
null h pothesis and the shaded regions represent 95% confidence bands. DE  PGS direct 
effect; 𝜹-IDE  differential parental indirect genetic effect; 𝝀𝑮𝑪  genomic inflation factor, a value 
that equals 1 represents no inflation. 
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