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ARTICLE

GWAS of longitudinal trajectories at biobank scale

Seyoon Ko,1,2,8 Christopher A. German,2,8 Aubrey Jensen,2 Judong Shen,3 Anran Wang,3

Devan V. Mehrotra,3 Yan V. Sun,4 Janet S. Sinsheimer,1,2,5 Hua Zhou,1,2,* and Jin J. Zhou2,6,7,*
Summary
Biobanks linked to massive, longitudinal electronic health record (EHR) data make numerous new genetic research questions feasible.

One among these is the study of biomarker trajectories. For example, high blood pressure measurements over visits strongly predict

stroke onset, and consistently high fasting glucose andHb1Ac levels define diabetes. Recent research reveals that not only themean level

of biomarker trajectories but also their fluctuations, or within-subject (WS) variability, are risk factors for many diseases. Glycemic vari-

ation, for instance, is recently considered an important clinical metric in diabetesmanagement. It is crucial to identify the genetic factors

that shift the mean or alter the WS variability of a biomarker trajectory. Compared to traditional cross-sectional studies, trajectory anal-

ysis utilizes more data points and captures a complete picture of the impact of time-varying factors, including medication history and

lifestyle. Currently, there are no efficient tools for genome-wide association studies (GWASs) of biomarker trajectories at the biobank

scale, even for just mean effects. We propose TrajGWAS, a linear mixed effect model-based method for testing genetic effects that shift

the mean or alter the WS variability of a biomarker trajectory. It is scalable to biobank data with 100,000 to 1,000,000 individuals and

many longitudinal measurements and robust to distributional assumptions. Simulation studies corroborate that TrajGWAS controls the

type I error rate and is powerful. Analysis of eleven biomarkers measured longitudinally and extracted from UK Biobank primary care

data for more than 150,000 participants with 1,800,000 observations reveals loci that significantly alter the mean or WS variability.
Introduction

Biomarker trajectories are important phenotypes that

reflect the evolution of an individual’s health or disease

progression.1–3 With the increasing use of electronic

health records (EHRs) linked with biobanks, large scale

and repeatedly measured EHR-based quantitative labora-

tory-derived phenotypes are becoming highly influential

in genetic studies of human health.4–6 For example, a

recent LabWAS tool demonstrates the broad impact of us-

ing such ‘‘real world’’ measurements for genetic association

studies.7 LabWAS summarizes longitudinal measurements

by taking the mean for analyses. Although proven to be

robust, this approach may lose power by ignoring the

many rich features in the whole trajectories. Identifying

genetic and clinical factors associated with these longitudi-

nal trajectories can quantify the susceptibility to the onset

of disease and disease progression, which ultimately offers

new opportunities for early clinical prevention.1,8–10

Besides mean level trajectory patterns, the biomarker

fluctuations may also differ between individuals; some

individuals show higher levels of variation around

their mean than others (Figure 1). This intra-individual

variability or within-subject (WS) variability11,12 has been

shown to be an important risk factor for disease. For

example, among diabetes patients, visit-to-visit intra-indi-

vidual fasting glucose variability is a risk factor for the
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development of vascular complications,13–15 independent

of the glycemic control of the mean; blood pressure vari-

ability has been associated with the increased risk of heart

failure16 and stroke.11 Experimental research has revealed

the biological basis of glycemic variability and diabetic kid-

ney injury.17 WS variability in reaction times has also been

suggested as a leading endophenotype for neurocognitive

disorders, such as attention deficit hyperactivity disorder

and schizophrenia.18,19 As the wearable devices gain

more and more popularity, WS variability becomes a

clinical metric of disease management, such as the glucose

coefficient of variability output from the continuous

glucose monitoring (CGM) device report.20,21

WS variability differs from the between-subject (BS) vari-

ability, which also has recently attracted much attention.

Variance quantitative trait loci (vQTLs) analysis seeks

to identify loci that show different trait variances

among groups of individuals with different variant

genotypes.22–25 Such phenotypic variance heterogeneity

can be caused by gene-by-environment interaction,

selection, epistasis, or phantom vQTLs. vQTL analysis is

typically performed on a cross-sectional cohort, while

TrajGWAS requires longitudinal data. In contrast to vQTL,

TrajGWAS investigates genetic contributions to the WS

variability instead of BS variability. Thus, TrajGWAS and

vQTL analyses can provide complementary insights into

the etiology of a disease. As an interesting example, we
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Figure 1. Illustration of TrajGWAS
TrajGWAS identifies the genetic factors that
shift the mean or alter the within-subject
(WS) variability of a biomarker trajectory
(e.g., blood pressure measurements over
visits), which changes with time-varying co-
variates (e.g., medication history) or time-
invariant covariates (e.g., sex).
find that the well-known FTO (MIM: 610966) vQTL for

body mass index (BMI)26 (p value ¼ 1:163 10�102) is not

associated with the WS variability (p value ¼ 1:183 10�4)

at the genome-wide significance level.

Identifying genome-wide genetic contributions to

longitudinal trajectories, including both mean and WS

variability, is both methodologically and computationally

challenging. Despite recent efforts,27–29 no existing

software is able to analyze massive longitudinal traits at

the biobank scale. The linear mixed effect model (LMM)

is a powerful and popular method for longitudinal data

analysis. Generalizations such as the mixed-effects loca-

tion scale model30 allow for simultaneous modeling of

the mean and variability of the longitudinal measurement,

increase power, and reduce bias. It leverages information

across individuals to produce more precise estimates.31

However, the expensive numerical integration required

in each iteration prohibits many modern data applica-

tions. For example, the run times of the full likelihood

approach with MixWILD software32,33 on two simulated

datasets with 1,000 individuals and ten observations

per individual ranged from 40 min to 10þ h depending

on the different modeling assumptions being made.

MLwiN,34 a multi-level model (a type of mixed effect

model), has been used to estimate the mean trajectories

while accounting for the change in scale and variance

of measures over time.1 However, none of these tools

were designed for modern genome-wide scans. The heuris-

tic strategies being employed in practice involve a two-

stage model: (1) summarize a subject-level measure of the

variation of the longitudinal measurement such as stan-

dard deviation (SD), average real variability (ARV), or the

coefficient of variation (CV); (2) model those as the re-

sponses with covariates.12,35,36 This framework makes an
434 The American Journal of Human Genetics 109, 433–445, March 3, 2022
implicit assumption that an individ-

ual’s variability remains constant over

time and cannot be affected by time-

varying covariates (Figure 1). Yet intra-

individual variability is affected by

both time-varying (e.g., medication

use or adherence to the treatment

regime) and time-invariant features

(e.g., sex and genes). Regressing the

subject-level variability summaries on

predictors leads to serious bias.31 The

simulation study in supplemental

methods, section C, shows that,

without properly adjusting for time-
varying covariates, the heuristic method can seriously

inflate the type I error.

Building upon our recent methods, within-subject vari-

ance estimator by robust regression (WiSER),37 we derive

an ultra-fast score test, which only requires fitting one

null model across the whole genome-wide set. This testing

strategy scales linearly in the number of individuals. We

also develop and implement a saddlepoint approximation

(SPA) for our score test to ensure well-controlled type I error

rates for single rare variant testing with minor allele fre-

quencies (MAFs) as low as 0.001.

Material and methods

An LMM framework for testing genetic effects on the

trajectory mean and WS variability
Ourmodeling assumptions are as follows. Assume there arem inde-

pendent individuals, individual ihasni longitudinalmeasurements

of a biomarker, and n ¼Pm
i¼1ni is the total number of observations.

Consider an LMM for modeling different sources of variation in a

biomarker in the longitudinal setting

yij ¼xT
ijbþ gibg þ zT

ijgi þ εij; (Equation 1)

where yij is individual i’s measurement at occasion j˛f1;2;.;nig,
xij is the p31 vector of regressors with corresponding regression

coefficients b, gi is the genotype dosage of individual i with corre-

sponding genetic mean effect bg , and zij is the q31 vector of cova-

riates with corresponding random effects gi. The WS variability is

captured by the random terms εij with mean zero and inhomoge-

neous variance

s2
εij
¼ exp

�
wT

ij tþ gitg þui

�
; (Equation 2)

wherewij is the [31 vector of covariates with corresponding fixed

effects t, tg is the genetic effect on the WS variability, and ui is a



random intercept. We assume that the random effects ðgT
i ;uiÞT are

independent of εij, have mean zero, and have covariance

Var

�
gi

ui

�
¼Sgu ¼

 
Sg sgu

sT
gu s2

u

!
:

Covariates xij, zij, and wij typically contain an intercept and can

include both time-invariant covariates, e.g., sex and baseline mea-

surements, and time-varying covariates, e.g., age at measurement,

medication history, and life-style indicators. Individuals can have

varying numbers of observations, which do not need to be

aligned.

Given a longitudinal biomarker of interest, our primary goal is

to test (1) the mean effect of genotype, H0 : bg ¼ 0, i.e., whether

a genotype shifts the mean of the biomarker trajectory; (2) the

WS variance effect of genotype, H0 : tg ¼ 0, i.e., whether a geno-

type changes the WS variation of the biomarker trajectory around

its mean; and (3) the joint effect, H0 : bg ¼ tg ¼ 0, i.e., whether a

genotype affects either the mean, or the WS variation, or both.

Although for the models in Equation 1 and Equation 2 we use

scalar gi to represent a single genotype, our method and

software can also test a group of genotypes or gene-by-environ-

ment (G 3 E) effects.

Themodels inEquation1 andEquation2 are similar to amultiple

location scale model considered by Dzubur et al.,33 who assume

normality of the random effects ðgT
i ;uiÞT and εij and resort to the

maximum likelihood estimation (MLE). Because each iteration of

the MLE algorithm requires expensive numerical integration, it is

not only distributionally restrictive but also computationally

prohibitive. Both limitations prevent its application to genome-

wide association studies (GWASs) of biobank data. Instead, we

employ our recent estimation method, WiSER,37 which is robust

to the misspecification of the trait distribution (conditional on

random effects) and the random effects distribution. The estima-

tion algorithm is free of numerical integration and scales linearly

in the total number of longitudinal measurements. For example,

the run times of the full likelihood approach with the MixWILD

software32,33 on two simulated datasets with 1,000 individuals

and ten observations per individual range from 40 min to 10þ h

according to the different modeling assumptions being made,

while WiSER takes less than half a second.

Briefly, the WiSER estimator is defined as

bb; bbg ¼ arg min
b;bg

1

2

Xm
i¼1

�
y i �Xib� gibg

�T�
V ð0Þ

i

��1�
y i �Xib� gibg

�

bt ; btg ; bSg ¼ arg min
t;tg ;Sg

1

2

Xm
i¼1

tr
��

V ð0Þ
i

��1

Ri

�
V ð0Þ

i

��1

Ri

�
;

(Equation 3)

where Ri ¼ ðy i � Xi
bb � gibbgÞðy i � Xi

bb � gibbgÞT � V iðt;tg ;SgÞ,

V i

�
t; tg ;Sg

�¼
0BBBB@

exp
�
wT

i1t þ gitg
�

1

exp
�
wT

ini
t þ gitg

�
1CCCCA

þ ZiSgZ
T
i ;

(Equation 4)

and Vð0Þ
i ¼ V iðtð0Þ; tð0Þg ;Sð0Þ

g Þ is an initial estimator of VarðY iÞ.
Model parameters are the mean fixed effects b and bg , WS variance

fixed effects t and tg , and the random effects covariance Sg. In the
The Ameri
special case V ð0Þ
i ¼ Ini , WiSER reduces to a method of moments

(MoM) estimate because the objective functions in Equation 3

are simply the least-squares losses for the first two moments of

Y i. Using an initial estimate V ð0Þ
i improves the estimation effi-

ciency of WiSER. In practice, we set the initial V ð0Þ
i according to

a least-squares estimator of t and Sg. WiSER enjoys a double

robustness property. It is robust to the misspecification of both

the distribution of random effects ðgT
i ;uiÞT and the distribution

of Y i conditional on random effects. In TrajGWAS, we

employ a score test that only requires fitting one null model,

with bg ¼ tg ¼ 0, across the genome-wide tests. Compared with

the Wald test proposed by German et al.,37 which requires fitting

WiSER for each genotype, it is much faster and enables fast longi-

tudinal trajectory GWAS analysis at biobank scale.
Robust and scalable score testing
Let q1˛R be the genetic effect bg or tg. We are interested in testing

the null hypothesis q1 ¼ 0. Let q2˛Rpþ[þqðqþ1Þ=2 collect all param-

eters in the null model. We first derive the score (gradient of the

WiSER loss function) cH1
under the full model and then evaluate

it under the null model, i.e., cH1
ð~qÞ, where ~q ¼ ð0; bq2Þ and bq2 is

the estimate under the null model. The generalized score test

statistic38 is

T ¼ 1

m

"Xm
i¼1

cH1 ;i
ð~qÞ
#T

V�1

cH1
ð~qÞ

"Xm
i¼1

cH1 ;i
ð~qÞ
#
;

where Vc is the variance of score c. The score test statistic T is

asymptotically distributed as c2
1 under the null model. In supple-

mental methods, section A, we show that the scores for testing

bg ¼ 0 and tg ¼ 0 are

Sbg ¼
Xm
i¼1

h
1T
ni

�
V ð0Þ

i

��1br i

i
gi ¼: cTbgg

and

Stg ¼ �
Xm
i¼1

8>>><>>>:1T
ni
diag

26664
0BBB@

ew
T
i1
bt

1

e
wT

ini
bt
1CCCA�V ð0Þ

i

��1 bRi

�
V ð0Þ

i

��1

37775
9>>>=>>>;

gi ¼: cT
tg
g

respectively. The quantities br i ¼ y i � Xi
bb, bRi, bt, and V ð0Þ

i are

readily available from the fitted null model. Calculation of each

score involves linear combination of the genotype dosages with

the coefficient vector cbg or ctg pre-computed and cached. In sup-

plemental methods, section A, we show that the calculation of

variance bVc costs Oð1Þ flops. Therefore, forming each score test

statistic costs OðmÞ flops, where m is the number of individuals,

usually much smaller than the total number of longitudinal

measurements n. This extreme computational efficiency makes

TrajGWAS easily scalable to biobank data with 105 � 106 samples

and millions of SNPs.
Saddlepoint approximation for rare variant testing
It is well-known that asymptotic score tests may yield deflated or

inflated type I errors at stringent significance levels for rare vari-

ants with MAF < 0.01.39,40 Figures 2A and 2B show that, when

testing a null variant with MAF ¼ 0:01, the score test shows defla-

tion in testing bg and inflation in testing tg . To calibrate the null
can Journal of Human Genetics 109, 433–445, March 3, 2022 435



Figure 2. Quantile-quantile (QQ) plots of
p values for simulation studies
(A and B) Quantile-quantile (QQ) plots of
p values from the score test for testing bg
(A) and for testing tg (B), where m ¼ 6,000,
ni ¼ 6 to 10, and minor allele frequency
(MAF) ¼ 0.01, based on 109 replicates.
(C andD) QQ plots of SPA-corrected p values
for testing bg (C) and for testing tg (D); sim-
ulations are based on m ¼ 6,000, ni ¼ 6 to
10, and minor allele frequency (MAF) ¼
0.01. SPA corrects the deflation or inflation
that occurs in the score test at low MAFs.
QQ plots for all simulation scenarios are
shown in Figures S2–S5.
distribution for score statistics when testing rare variants, we

apply a saddlepoint approximation (SPA).39–43 This approach

uses the entire cumulant generating function (CGF) to approxi-

mate the null distribution instead of the first two moments as in

the normal approximation and Satterthwaite method,44 resulting

in superior performance. For testing a single variant, we directly

use the score, Sbg or Stg , as the test statistic. Since the CGFs of Sbg
and Stg do not have a simple closed-form expression, we use the

empirical CGF based on the empirical moment generating func-

tion (MGF). Details are provided in the supplemental methods,

section B. Because the normal approximation of the score test per-

forms well near the mean of the distribution, to save on computa-

tion, we only apply SPA when the observed score statistic is large.

Following Bi et al.,39 SPA is applied when
���Sbg ��� > r

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Varðcbg ÞVarðgÞ

q
and

��Stg �� > r
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Varðctg ÞVarðgÞ

q
for testing bg and tg , respectively. In

this paper, we use r ¼ 0:75 for all analyses. A smaller value of r

leads to more tests having SPA applied and increased computa-

tional time. For the joint test of null hypothesis tg ¼ bg ¼ 0, we

compute p values for both Stg and Sbg and then take their har-

monic mean.45
Simulations
We carry out simulations to evaluate type I error rates and power

of TrajGWAS. For each subject, we generate the response accord-

ing to the models in Equation 1 and Equation 2. In our simula-

tions, the random mean effect gi is intercept only so Zi is a single

column of 1’s. Xi and W i contain a random time-invariant
436 The American Journal of Human Genetics 109, 433–445, March 3, 2022
binary variable (0 or 1) in their second col-

umns, a time-invariant standard normal

variable in their third columns, and a

time-varying standard normal variable in

their fourth columns. The true regression

coefficients are b ¼ ð10:0;5:0;0:5;�0:3ÞT
and t ¼ ð0:25;0:3;�0:15;0:1ÞT . We

generate the random effects ðgi;uiÞ
from the multivariate normal distribution

with mean zero and covariance Sgu ¼�
2:0 0:0
0:0 0:1

�
For both type I error and power simula-

tions, we consider 12 scenarios with

different combinations of (1) sample sizes:

m ¼ 6;000 and m ¼ 100;000, (2) number
of repeated-measurements: ni ¼ 6 to 10 and ni ¼ 10 to 30, and

(3) MAF: 0.01, 0.05 and 0.3 for m ¼ 6;000 and 0.001, 0.05 and

0.3 for m ¼ 100;000. Results of both the score test and SPA are

reported.

Type I error

To evaluate type I error rates at genome-wide significance level a ¼
53 10�8, for each scenario we generate 1,000 datasets each with

106 variants following Hardy-Weinberg equilibrium, yielding 109

total replicates.39We report type I error rates for testing the genetic

contribution to both the mean, bg , and the WS variance, tg .

Power

To evaluate the power for testing tg and bg , we generate 100 data-

sets under the alternative model for each scenario. In each dataset,

the alternative model uses the parameters in simulations and con-

tains ten causal variants each with the same effect size, selected

specific to each scenario in order to show the spread of power.

We compare power of the score test and SPA at the significance

level a ¼ 53 10�8.

Application to the UK Biobank study
We conduct TrajGWAS analysis by using longitudinal biomarker

measures extracted from the UK Biobank primary care data,

including systolic blood pressure (SBP), diastolic blood pressure

(DBP), pulse pressure (PP), high-density lipoprotein (HDL) choles-

terol, low-density lipoprotein (LDL) cholesterol, total cholesterol

(TC), triglycerides, glucose (fasting and random), hemoglobin

A1C (HbA1c), and body mass index (BMI). Record-level access to

primary care data is obtained by requesting field 42040 (‘‘GP clin-

ical event records’’) from the UK Biobank showcase. We combine



Table 1. Empirical type I error rates for the simulation studies

Simulation conditions Empirical type I error rate (standard error) 3 10�8

Sample size m ni MAF bg score bg SPA tg score tg SPA Joint score Joint SPA

6,000 6 to 10 0.01 0.30 (0.17) 4.00 (0.63) 138.50 (3.72) 3.50 (0.59) 80.80 (2.84) 4.10 (0.64)

6,000 6 to 10 0.05 3.30 (0.57) 4.10 (0.64) 34.50 (1.86) 6.30 (0.79) 22.90 (1.51) 5.90 (0.77)

6,000 6 to 10 0.3 4.10 (0.64) 4.20 (0.65) 4.80 (0.69) 4.30 (0.66) 4.80 (0.69) 4.40 (0.66)

6,000 10 to 30 0.01 0.40 (0.20) 6.00 (0.77) 42.70 (2.07) 4.00 (0.63) 23.20 (1.52) 4.20 (0.65)

6,000 10 to 30 0.05 4.00 (0.63) 4.90 (0.70) 20.50 (1.43) 5.10 (0.71) 12.80 (1.13) 5.50 (0.74)

6,000 10 to 30 0.3 4.50 (0.67) 5.20 (0.72) 6.60 (0.81) 6.00 (0.77) 5.20 (0.72) 6.00 (0.77)

100,000 6 to 10 0.001 1.20 (0.35) 4.80 (0.69) 136.80 (3.70) 4.40 (0.66) 80.90 (2.84) 3.90 (0.62)

100,000 6 to 10 0.05 5.00 (0.71) 5.00 (0.71) 6.20 (0.79) 5.10 (0.71) 5.80 (0.76) 5.60 (0.75)

100,000 6 to 10 0.3 4.10 (0.64) 4.00 (0.63) 5.30 (0.73) 5.50 (0.74) 5.40 (0.73) 5.30 (0.73)

100,000 10 to 30 0.001 2.40 (0.49) 5.80 (0.76) 50.80 (2.25) 4.80 (0.69) 28.50 (1.69) 5.40 (0.73)

100,000 10 to 30 0.05 5.40 (0.73) 5.10 (0.71) 7.60 (0.87) 6.50 (0.81) 7.20 (0.85) 6.20 (0.79)

100,000 10 to 30 0.3 6.30 (0.79) 6.10 (0.78) 4.00 (0.63) 3.90 (0.62) 5.40 (0.73) 5.70 (0.75)

Empirical type I error rates (standard error) for the score test and SPA (3 10�8) at a significance level 5310�8 based on 109 simulation replicates. The score test
shows inflated type I error at lowminor allele frequencies (MAFs) for testing tg where SPA (saddlepoint approximation) has proper type I error rates. Joint score and
joint SPA are based on the harmonic means of the respective bg and tg p values.
a previously reported and validated semi-supervised approach46

and in-house extraction criteria to create clinical biomarker phe-

notypes. We matched and compared empirical cumulative distri-

butions of extracted lab values from the primary care database

and those provided through the UK Biobank assessment center

to infer the measurement units and for further quality control

(Figure S16). Detailed data extraction, unit conversion, and quality

control procedures are documented in the supplemental methods,

section D.

For each GWAS, we use the standardized biomarker phenotypes

for TrajGWAS analysis by subtracting the overall mean from each

measurement and dividing by the standard deviation and we

adjust for ten principal components (PCs) on the mean compo-

nent. Using the PCs to adjust both the mean and WS variance

makes no differences for the final results. Each biomarker uses a

different covariate adjustment scheme, which is detailed in

supplemental methods, section E. In general, we adjust for sex,

age, age2, and age 3 sex for both mean and WS variability; age

and age2 are treated as time-varying covariates. The selection of

covariates is guided by previous GWAS analyses4,47,48 and the

mean profile plots are shown in the Figure S15. Non-significant co-

variates in the null model are then removed from the GWAS anal-

ysis. In addition, we include self-reported diabetes status as a time-

fixed covariate for glycemic measures (HbA1c and random and

fasting glucose). Diabetes status included as a time-varying indica-

tor is also explored (supplemental methods, section F). Summary

of the covariates included and adjustments made for medication

is summarized in supplemental methods, section E.

Controlling the effect of medication on the biomarkers is

important in the analysis. Most widely used methods for such

adjustments are (1) treatment modeled as an additional covariate

(‘‘indicator’’);49–51 (2) adding a sensible constant (‘‘shifting’’) to the

treated subjects;48,52–55 and (3) censored normal regression.56

Shifting and censored normal regression are often recommended

for their superior performances over the indicator method.56 In

this paper, we use the shiftingmethod if a sensible value for adjust-
The Ameri
ment is available through previous studies and use the indicator

method for others. We compare adjustment by shifting and

adjustment by an additional covariate in Figures S21–S24. For

blood pressures, we add 15 mmHg for SBP and 10 mmHg for

DBP55 for subjects taking blood-pressure-lowering medication

before standardization. For lipids, following previous GWAS

analysis,47 we add 0.208 mmol/L for triglycerides, 1.347 mmol/L

for total cholesterol, 1.290 mmol/L for LDL cholesterol, and

subtract 0.060 mmol/L for HDL cholesterol for participants

on lipid-controlling treatments. For glycemic measures (HbA1c

and random and fasting glucose), a sensible value for adjustment

was not available, so they are adjusted with the indicator method.

To evaluate and compare the genetic association of trajectory

means, i.e., bg , we create lists of previously reported genetic

associations for each analyzed trait by using the GWAS Catalog57

queried by the R package gwasrapidd58 (curated on 7/8/2021).

We search the catalog for phenotypes matching our analyzed

biomarkers by using syntax, ‘‘efo_trait¼,’’ and keep SNPs with p

value less than genome-wide significance level < 53 10�8.
Results

Simulation

Table 1 reports the empirical type I error rates of the score

test and SPA at an a ¼ 5310�8 threshold, based on 109

simulation replicates. At lower MAFs, the score test for tg
has substantially inflated type I errors, whereas SPA leads

to well-calibrated type I error rates. Inflation in the score

test for tg at less common alleles (MAF ¼ 0.05) is large

for smaller sample sizes and fewer repeated measures.

The amount of type I error inflation decreases as the MAF

and the number of repeated measures increase. For bg,

the score test is conservative at lower MAFs and SPA cor-

rects the type I error in the right direction. For common
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Figure 3. Empirical powers of testing bg with score test and SPA
Each row contains the same sample sizem and number of observations per individual ni. Power is evaluated at the significance level a ¼
53 10�8. Each scenario is based on 1,000 replicates.
alleles such as MAF ¼ 0.3, score test and SPA do not differ

much in the type I error rates for either tg or bg. Overall SPA

has appropriate type I error at the a ¼ 5310�8 significance

level across all scenarios. Figure 2 illustrates how SPA cor-

rects type I error in both directions by displaying QQ plots

from a random sample of 100 million replicates of them ¼
6000;ni ¼ 6 to 10, MAF ¼ 0.01 scenario. Additional QQ

plots are presented in Figures S2–S5.
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Power curves for testing tg and bg across 12 scenarios are

displayed in Figure 3 and Figure S6, respectively. Although

the score test is unable to adequately control type I error for

rare variants, we still report power based on the nominal

power at the a ¼ 5310�8 significance level. Using the

empirical significance levels estimated from the type I error

simulations would result in even lower power for the score

test than what is shown in the figure. SPA achieves higher
3, 2022



Table 2. Sample size m, the number of repeated-measurements ni , and summary statistics for eleven biomarkers extracted from the UK
Biobank primary care data

m ni yij Female Age BMI

Biomarker Sample size Median (IQR) Mean (SD) % Mean (SD) Mean (SD)

SBP (mmHg) 148,870 12 (6, 24) 135.0 (15.3) 54.1 56.0 (8.7) 27.5 (4.8)

DBP (mmHg) 148,870 12 (6, 24) 81.0 (8.7) 54.1 56.0 (8.7) 27.5 (4.8)

PP (mmHg) 148,870 12 (6, 24) 53.9 (9.6) 54.1 56.0 (8.7) 27.5 (4.8)

HDL (mmol/L) 129,069 4 (2, 8) 1.5 (0.4) 53.1 59.5 (7.8) 27.7 (4.8)

LDL (mmol/L) 98,556 3 (1, 6) 3.2 (0.9) 52.3 59.3 (7.8) 27.8 (4.8)

Total cholesterol (mmol/L) 133,590 5 (2, 10) 5.4 (0.9) 53.3 58.7 (7.9) 27.6 (4.8)

Triglycerides (mmol/L) 124,092 4 (2, 8) 1.6 (1.0) 48.1 60.6 (7.8) 28.6 (5.0)

Fasting glucose (mmol/L) 55,949 2 (1, 3) 5.5 (1.4) 47.7 60.4 (7.6) 28.7 (5.1)

Random glucose (mmol/L) 97,162 2 (1, 4) 5.7 (2.1) 51.9 59.8 (8.2) 28.5 (5.1)

HbA1c (%) 70,589 2 (1, 4) 6.7 (1.4) 43.4 62.4 (7.8) 30.4 (5.7)

BMI 144,414 5 (3, 9) 28.3 (5.7) 54.9 57.3 (9.9) –

The eleven biomarkers are as follows: SBP, systolic blood pressure; DBP, diastolic blood pressure; PP, pulse pressure ¼ SBP – DBP; HDL, high-density lipoprotein;
LDL, low-density lipoprotein; total cholesterol; triglycerides; random glucose; fasting glucose; HbA1c, hemoglobin A1C; and BMI, body mass index.
power at the a ¼ 5310�8 significance level than the score

test when the MAF is low, but the power of the two

methods are nearly identical for common variants and

large sample sizes. In conjunction with the type I error re-

sults, this indicates that SPA is able to better model the tail

of the test statistic distributions for rare variants. When the

variants are common, both approaches converge to the

same results.

Computational efficiency

With careful implementation, each iteration of the optimi-

zation algorithm for fitting the WiSER null model scales

linearly in the total number of observations n. For testing

a single SNP, our score test with SPA scales linearly with

the sample size m. Therefore, our TrajGWAS analysis based

on WiSER can be applied to longitudinal genetic associa-

tion analysis at biobank scale. For example, analyzing

SBP for 10,805,717 imputed variants on all autosomal

chromosomes takes about 150 central processing unit

(CPU) h with SPA and 139 CPU hwithout SPA. The compu-

tation is split into 16 chunks per chromosome, resulting in

352 separate computational jobs that can run simulta-

neously on computing clusters. Under these conditions,

each job runs within an hour with and without SPA.

Real data analysis

About 44% of the 500,000 UK Biobank participants are

linked to their primary care EHRdata. These EHRdata are re-

corded with four controlled clinical terminologies: (1) Read

version 2 (Read v2); (2) Clinical Terms Version 3 (CTV3); (3)

British National Formulary (BNF); and (4) the Dictionary of

Medicines and Devices (DMþD). Only Read v2 and CTV3

are relevant for biomarker extraction. Using previously vali-

dated algorithms,46,59 we generate unified lists of Read v2

and CTV3 clinical terms, and extract measurements for all
The Ameri
biomarkers from the clinical event records (gp_clinical ta-

ble). Terms used for extraction are shown in Table S2. Ten

longitudinal clinical measurements are extracted: blood

pressures (SBP and DBP), HDL, LDL, total cholesterol,

triglycerides, blood glucose (fasting and random), HbA1c,

and BMI (supplemental methods, section D). Extracted

records cover 55,000 to 150,000 participants. The flow-

charts for creating the cohort for each biomarker are dis-

played in Figures S7–S14. There aremore repeated-measures

of SBP andDBP (median (IQR)¼ 12 (6, 24)) than of the lipid

values (e.g.,median (IQR)¼ 4 (2, 8) for HDL). See Table 2 for

details. Takingbloodpressure as an example,we exclude ob-

servations with no date or invalid date information, or

missing BMI measures at recruitment, resulting in

2,598,484 observations. The sample size for GWAS analysis

ranges from55,949 (fasting glucose) to 148,870 (bloodpres-

sure). Patterns of the mean profile over age groups vary

across different biomarker groups (Figure S15). DBP, LDL,

and total cholesterol show strong non-linear, age-depen-

dent trends.

We then apply TrajGWAS to UK Biobank imputed ge-

netic data among European ancestry for these ten longitu-

dinal clinical measures and one derived phenotype pulse

pressure (PP ¼ SBP � DBP). SNPs with MAF greater than

0.002 and imputation quality score (infoscore or r2)

greater than 0.3 are included in the analyses. The Manhat-

tan plots (Figure 4 for tg and Figure S17 for bg ) and quan-

tile-quantile (QQ) plots (Figures S18 and S19) show that

TrajGWAS successfully identifies a large number of loci.

Concordant with the simulation study, the QQ plots sug-

gest that SPA controls type I error rates well. Highly poly-

genic traits with a larger number of associated variants

have, on average, larger genomic control factor ðlGCÞ
values (Figures S18 and S19). Additionally, since SPA is

not applied when the score statistics are close to the
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Figure 4. Manhattan plots for testing tg for longitudinal markers in the UK Biobank study
Manhattan plots for testing tg , the effects of the WS variability, for 11 longitudinal biomarkers in the UK Biobank study. The blue line
represents the genome-wide significance level, 53 10�8.
mean, the median p values used for calculation of the

genomic control factor may be miscalibrated.40 Thus,

even though many QQ plots appear normal for tg, the re-

ported lGC is inflated for some traits. To give a complete

picture, we report lGC calculated at different p value quan-

tiles for each trait in Table S3.

Next, we compare associations identified by TrajGWAS

with those reported in the GWAS Catalog. We extract asso-

ciation results from the GWAS Catalog by using the Exper-

imental Factor Ontology (EFO) trait labels and keep the

unique associations, i.e., SNPs, with p value < 53 10�8.

The number of associations from TrajGWAS analysis is

shown in the second and third columns of Table 3. Data

in the GWAS Catalog are mapped to genome assembly

GRCh38, while UK Biobank SNPs are mapped to

GRCh37. We remove the queried SNPs with no genomic

coordinates and convert GWAS Catalog associations to

genome assembly GRCh37. The numbers of associated

SNPs are shown in the fourth column of Table 3. Using

the associations reported in the GWAS Catalog as positive

controls, we evaluate whether SNPs associated with the
440 The American Journal of Human Genetics 109, 433–445, March
mean from our TrajGWAS analysis can replicate previous

findings (fifth column of Table 3). For eight out of eleven

markers, we have replication rates higher than 80%, vali-

dating high quality of EHR-based biomarker phenotyping

and TrajGWAS analysis. The analysis of HbA1c has the

lowest replication rate 59.65%. This may be due to the

relatively small sample size among all biomarkers and

the differences in distribution of HbA1c measures from

EHR (see Figure S16). The last column of Table 3 lists the

numbers of SNPs TrajGWAS identifies as ‘‘novel,’’ i.e., not

in linkage disequilibrium (LD) with the existing SNPs

in the GWAS Catalog (defined as being greater than one

megabase from any SNP in the GWAS Catalog). Tables

S4–S11 provide additional annotations for these ‘‘novel’’

SNPs. As an example, for total cholesterol, there are 177

and 209 SNPs associated with mean and WS variability

that are at least 1 Mb away from the existing reported

GWAS Catalog SNPs, respectively. Additional annotations

shown in Table S8 demonstrate that the majority of

SNPs reported to be ‘‘novel’’ for total cholesterol are rele-

vant to lipids traits as well as psychiatric disorders. These
3, 2022



Table 3. Summary of TrajGWAS results

Biomarkera
Num. of sig.
loci for bg=tg

b,c
Num. of sig.
SNPs for bg=tg

d

Num. of sig.
SNPs in GWAS
Cataloge

Replication
rate bg

f

Num. of sig. SNPs for
bg=tg > 1 Mb from
GWAS Catalog SNPsg

SBP 269/8 4,720/32 1,738 82.48% 0/1

DBP 368/3 7,374/5 917 79.65% 615/0

PP 371/8 6,895/32 876 89.34% 93/0

HDL 1,443/0 14,068/0 1,953 88.62% 24/0

LDL 826/23 8,160/434 1,654 83.57% 0/0

Total cholesterol 1,356/92 16,002/1,525 1,270 95.06% 177/209

Triglycerides 1,172/55 11,796/820 1,693 87.57% 2/0

Fasting glucose 166/2 1,540/2 110 86.67% 144/2

Random glucose 81/0 824/0 256 73.63% 10/0

HbA1c 73/1 1,820/4 651 59.65% 11/0

BMI 220/0 3,651/0 3,507 86.95% 1/0

aExperimental Factor Ontology (EFO) trait labels (see web resources) used for query are as follows: SBP, ‘‘systolic blood pressure (EFO_0006335)’’; DBP, ‘‘diastolic
blood pressure (EFO_0006336)’’; PP, ‘‘pulse pressure measurement (EFO_0005763)’’; HDL, ‘‘high-density lipoprotein cholesterol measurement (EFO_0004612)’’;
LDL, ‘‘low-density lipoprotein cholesterol measurement (EFO_0004611)’’; total cholesterol, ‘‘total cholesterol measurement (EFO_0004574)’’; triglycerides, ‘‘tri-
glyceride measurement (EFO_0004530)’’; HbA1c, ‘‘HbA1c measurement (EFO_0004541)’’; fasting glucose, ‘‘fasting blood glucose measurement
(EFO_0004465)’’; random glucose, ‘‘glucose measurement (EFO_0004468)’’; BMI, ‘‘body mass index (EFO_0004340)’’ and ‘‘longitudinal BMI measurement
(EFO_0005937).’’
bSignificant SNPs for each biomarker are clumped via PLINK 1.9.61 Index variants are chosen greedily starting with the SNPs with lowest p value among those SNPs
having p value %53 10�8. Sites that are < 250 kb away from an index variant and r2 > 0:5 with the index variant are assigned to that index variant’s clump.
cThe number of significant loci (after clumping).
dThe number of significant SNPs ð< 5310�8Þ on bg and tg .
eNumber of GWAS Catalog SNPs with p value < 5310�8 (all SNPs are converted to genome build 37; the SNPs with no genomic coordinates are removed; and
GWAS Catalog stores the most significant SNP from each independent locus).
fPercent of significant SNPs from GWAS Catalog that are nominally significant in bg (p value < 0:05) in the TrajGWAS analysis.
gThe number of SNPs at least 1 megabase (Mb) away from any previously reported SNP for the given biomarker in the GWAS Catalog.
findings are consistent with the possibility of a disease-

specific lipid pathway underlying the pathophysiology of

psychiatric disorders.60

The majority of genes that affect WS variability of a tra-

jectory also affect mean, but not always. Figure 5 high-

lights the 235 SNPs that are significantly associated with

WS variability but not with mean levels with p values

and gene annotations. Consistent with our simulation,

with too few longitudinal measures, it is hard to detect tg
at genome-wide significance level, e.g., random glucose

(median ni ¼ 2), fasting glucose (median ni ¼ 2), and

HbA1c (median ni ¼ 2). For traits withmedian ni > 4, there

are signals in tg . In particular, TrajGWAS identifies a

genome-wide significant association between WS vari-

ability of total cholesterol and variants in the LPL gene

(MIM: 609708), whereas they are not associated with the

mean values. LPL is a protein-coding gene for lipoprotein

lipase, which is expressed in heart, muscle, and adipose tis-

sue. Severe mutations that cause LPL deficiency result in

type I hyperlipoproteinemia, while less extreme mutations

in LPL are linked to many disorders of lipoprotein meta-

bolism.62 Several GWASs have identified the association

of LPL with different lipid-related phenotypes.63,64

Figure S20 displays a boxplot of within-sample variance

of residuals for subjects with 0, 1, and 2 copies of reference

allele of rs6993414, the most significant SNP in terms of tg
on LPL. It shows there are big differences in the tail distri-
The Ameri
butions between them. Other examples include the associ-

ation between HbA1c WS variability and the EIF5A2 gene

(MIM: 605782). EIF5A2 is a protein-coding gene associated

with type 2 diabetes and cancer.65 Interestingly, a variant,

rs8192675, and its proxies show the strongest association

with HbA1c response to metformin; its LD block covered

three genes and EIF5A2 is one of them.66

TrajGWAS differs from the vQTL, which is predomi-

nantly used among cross-sectional studies and for G 3 E

interaction screening. For a BMI analysis adjusted for age,

sex, and ten PCs with the OSCA software (see web re-

sources), 13 of the 22 vQTLs previously reported in Wang

et al.25 have a significant vQTL on the same gene (p value

< 23 10�9) in our cohort. One well-known vQTL for BMI

is the FTO gene, and variants in this gene are previously

found to be associated with BS variance of BMI with very

low p values.25 Our cohort yields the lowest p value of

1:16310�102 for vQTL analysis. However, tg for WS vari-

ability of TrajGWAS minimum p value in the same region

is 1:183 10�4, showing no significant SNP association

with WS variability.
Discussion

We provide a genome-wide trajectory analysis tool, TrajG-

WAS, for simultaneous testing of genetic effects on the
can Journal of Human Genetics 109, 433–445, March 3, 2022 441



Figure 5. SNPs that significantly change the WS variability while not significantly shifting the mean
SNPs that significantly change the WS variability of longitudinal biomarkers (top) and total cholesterol (TC) trajectory (bottom) while
not significantly shifting themean of their trajectories. Each dot is a SNP that passes the genome-wide significance level (dashed line) for
tg but not for bg.
mean and WS variability of a longitudinal biomarker for

biobank-scale studies. The method relies on a mixed-ef-

fects location scale model but has several advantages over

existing methods. For example, the likelihood-based

approach for fitting the mixed effect location scale model

requires computationally intensive numerical integration,

making it infeasible to implement for genome-wide scans

of biobank data.30,32,33 TrajGWAS relies on M-estimation

asymptotics and is both computationally efficient

and robust to distributional assumptions. It also does not

assume the WS variability is constant and can capture

and control for the effects of time-varying covariates

such as medication usage and age. We use empirical SPA

to calibrate p values so that type I error rates can be well

controlled for rarer variants and when the number of

repeated measures is small. Through extensive simulation

studies and application to UK Biobank data, we demon-

strate that TrajGWAS scales well for millions of markers,

hundreds of thousands of individuals, and multiple

random effects while retaining well-controlled type I error

rates and power. One limitation of the SPA approach is that

its construction only works for a single univariate hypoth-

esis. Thus, for the joint test bg ¼ tg ¼ 0, we resort to the

less satisfactory harmonic mean approach,45 which might

compromise power.
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Although originally motivated by the study of longitudi-

nal biomarkers, TrajGWAS is also applicable to genome-

wide scans of multiple, correlated phenotypes. The flexible

LMM framework is apt to capture the correlations between

traits and yields correct and powerful inference. TrajGWAS

can also be used as a scanning tool by only testing SNPs

that pass a threshold with the much slower but more

powerful likelihood-based approaches. Although this

paper focuses on genetic effects for the mean and WS

variability, many studies are also interested in BS variance.

It is possible to adapt this framework for modeling BS

variability, but it comes at the cost of excluding random

slopes in the model that are important in many situations.

Our findings raise a potential red flag for some existing

Mendelian randomization (MR) analyses. A core assump-

tion in MR is that the genetic determinant used as an in-

strument, G, only affects the outcome, Y, through the

exposure, X (no horizontal pleiotropy). Many studies use

mean levels of measurements as the exposure (e.g., blood

pressure and cholesterol levels). This assumption may be

violated in cases where (1) the outcome is associated

with WS variability of the exposure independent of mean

levels, such as blood pressure and glucose variability,14,16

and (2) variants that affect both mean and WS variability

are used as instruments. In our TrajGWAS analysis, we
3, 2022



find many SNPs that affect the mean also affect the WS

variability. This suggests that the causal effects of the expo-

sures on the outcomes estimated through these MRs may

be biased because of a failure to account for the effect of

the genetic determinant on the outcome acting through

a second exposure (WS variability). This application gap

may also provide an opportunity for new MR method

development by considering both exposures.

Our method can incorporate time-varying covariates

adjustment for both mean and WS variability. It makes

controlling for disease status and medication usage over

time possible, which sometimes increases the power (sup-

plemental methods, section F). However, caution must be

taken when considering disease and medication covariate

adjustment. As medications types or disease status may

be reversely correlated with biomarkers, the true genetic

susceptibility can be obscured. How to best account for

these effects remains an important question in future

EHR-based longitudinal biomarker studies. One possible

direction is a jointmodel that canmodel the biomarker tra-

jectory, while simultaneously learning the association be-

tween disease trajectory (e.g., comorbidity events).

In conclusion, we present an ultra-efficient biobank-

scale trajectories analysis tool that makes EHR-derived lon-

gitudinal traits analysis possible at very large scales. By

modeling both mean effects and within subject variability,

ourmethod can provide insights that are not evident when

the effects of genetic variants are only considered for the

mean.
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Web resources

Experimental Factor Ontology, https://www.ebi.ac.uk/ols/onto

logies/efo

GWAS Catalog, https://www.ebi.ac.uk/gwas/home

gwasrapidd R package, https://github.com/ramiromagno/gwasra

pidd

OSCA software, https://cnsgenomics.com/software/osca

UK Biobank, https://www.ukbiobank.ac.uk/
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J.E., Dahlöf, B., Sever, P.S., and Poulter, N.R. (2010). Prognostic

significance of visit-to-visit variability, maximum systolic

blood pressure, and episodic hypertension. Lancet 375, 895–

905.

12. Ivarsdottir, E.V., Steinthorsdottir, V., Daneshpour, M.S., Thor-

leifsson, G., Sulem, P., Holm, H., Sigurdsson, S., Hreidarsson,

A.B., Sigurdsson, G., Bjarnason, R., et al. (2017). Effect of

sequence variants on variance in glucose levels predicts type

2 diabetes risk and accounts for heritability. Nat. Genet. 49,

1398–1402.

13. Zhou, J.J., Schwenke, D.C., Bahn, G., Reaven, P.; and VADT In-

vestigators (2018a). Glycemic variation and cardiovascular

risk in the veterans affairs diabetes trial. Diabetes Care 41,

2187–2194.

14. Zhou, J.J., Coleman, R., Holman, R.R., and Reaven, P. (2020).

Long-term glucose variability and risk of nephropathy compli-

cation in UKPDS, ACCORD and VADT trials. Diabetologia 63,

2482–2485.

15. Zhou, J.J., Koska, J., Bahn, G., and Reaven, P. (2021). Fasting

glucose variation predicts microvascular risk in accord and

vadt. J. Clin. Endocrinol. Metab. 106, 1150–1162.

16. Nuyujukian, D.S., Koska, J., Bahn, G., Reaven, P.D., Zhou, J.J.;

and VADT Investigators (2020). Blood pressure variability and

risk of heart failure in ACCORD and the VADT. Diabetes Care

43, 1471–1478.

17. Forbes, J.M., McCarthy, D.A., Kassianos, A.J., Baskerville, T.,

Fotheringham, A.K., Giuliani, K.T.K., Grivei, A., Murphy,

A.J., Flynn,M.C., Sullivan,M.A., et al. (2021). T cell expression

and release of kidney injury molecule-1 in response to glucose

variations initiates kidney injury in early diabetes. Diabetes

70, 1754–1766.

18. Castellanos, F.X., and Tannock, R. (2002). Neuroscience of

attention-deficit/hyperactivity disorder: the search for endo-

phenotypes. Nat. Rev. Neurosci. 3, 617–628.

19. Pinar, A., Hawi, Z., Cummins, T., Johnson, B., Pauper, M.,

Tong, J., Tiego, J., Finlay, A., Klein, M., Franke, B., et al.

(2018). Genome-wide association study reveals novel genetic

locus associated with intra-individual variability in response

time. Transl. Psychiatry 8, 207.

20. Battelino, T., Danne, T., Bergenstal, R.M., Amiel, S.A., Beck, R.,

Biester, T., Bosi, E., Buckingham, B.A., Cefalu, W.T., Close,

K.L., et al. (2019). Clinical targets for continuous glucose

monitoring data interpretation: recommendations from the

international consensus on time in range. Diabetes Care 42,

1593–1603.

21. Ceriello, A. (2020). Glucose variability and diabetic complica-

tions: is it time to treat? Diabetes Care 43, 1169–1171.

22. Hulse, A.M., and Cai, J.J. (2013). Genetic variants contribute

to gene expression variability in humans. Genetics 193, 95–

108.

23. Ayroles, J.F., Buchanan, S.M., O’Leary, C., Skutt-Kakaria, K., Gre-

nier, J.K., Clark, A.G., Hartl, D.L., and de Bivort, B.L. (2015).

Behavioral idiosyncrasy reveals genetic control of phenotypic

variability. Proc. Natl. Acad. Sci. USA 112, 6706–6711.

24. Forsberg, S.K., Andreatta, M.E., Huang, X.-Y., Danku, J., Salt,
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Figure S1: Boxplots of − log10(p values) for testing a null effect genotype by WiSER
(adjusting for time-varying covariates) and the heuristic method of using standard
deviation of the residuals as the outcome
The sample size is m = 6, 000 and the number of replicates is 100. The heuristic method leads to
incorrect inference – false positives due to systematically inflated p values.



Score test for βg without SPA, m = 6, 000
MAF=0.3, ni = 6 to 10, λ = 1.0007 MAF=0.05, ni = 6 to 10, λ = 1.0029 MAF=0.01, ni = 6 to 10, λ = 1.0116

MAF=0.3, ni = 10 to 30, λ = 1.0012 MAF=0.05, ni = 10 to 30, λ = 1.0025 MAF=0.01, ni = 10 to 30, λ = 1.0113

Score test for βg with SPA, m = 6, 000
MAF=0.3, ni = 6 to 10, λ = 1.0007 MAF=0.05, ni = 6 to 10, λ = 1.0029 MAF=0.01, ni = 6 to 10, λ = 1.0116

MAF=0.3, ni = 10 to 30, λ = 1.0012 MAF=0.05, ni = 10 to 30, λ = 1.0025 MAF=0.01, ni = 10 to 30, λ = 1.0113

Figure S2: Quantile-Quantile (QQ) plots of p values for testing βg from the score test
and SPA of the simulation studies, m = 6, 000
QQ plots from score test without SPA (row 1-2) and SPA (row 3-4) for testing βg, where m = 6, 000,
ni = 6 to 10 (row 1 and row 3) and ni = 10 to 30 (row 2 and row 4), MAF = 0.3 (column 1), 0.05
(column 2), and 0.01 (column 3), based on 109 replicates.



Score test for τg without SPA, m = 6, 000
MAF=0.3, ni = 6 to 10, λ = 1.0021 MAF=0.05, ni = 6 to 10, λ = 1.0059 MAF=0.01, ni = 6 to 10, λ = 1.0241

MAF=0.3, ni = 10 to 30, λ = 1.0020 MAF=0.05, ni = 10 to 30, λ = 1.0053 MAF=0.01, ni = 10 to 30, λ = 1.0225

Score test for τg with SPA, m = 6, 000
MAF=0.3, ni = 6 to 10, λ = 1.0021 MAF=0.05, ni = 6 to 10, λ = 1.0059 MAF=0.01, ni = 6 to 10, λ = 1.0241

MAF=0.3, ni = 10 to 30, λ = 1.0020 MAF=0.05, ni = 10 to 30, λ = 1.0053 MAF=0.01, ni = 10 to 30, λ = 1.0225

Figure S3: Quantile-Quantile (QQ) plots of p values for testing τg from the score test
and SPA of the simulation studies, m = 6, 000
QQ plots of p values from score test (row 1-2) and SPA (row 3-4) for testing τg, where m = 6, 000,
ni = 6 to 10 (row 1 and row 3) and ni = 10 to 30 (row 2 and row 4), MAF = 0.3 (column 1), 0.05
(column 2), and 0.01 (column 3), based on 109 replicates.



Score test for βg without SPA, m = 100, 000
MAF=0.3, ni = 6 to 10, λ = 1.0000 MAF=0.05, ni = 6 to 10, λ = 1.0001 MAF=0.001, ni = 6 to 10, λ = 1.0063

MAF=0.3, ni = 10 to 30, λ = 0.9999 MAF=0.05, ni = 10 to 30, λ = 1.0000 MAF=0.001, ni = 10 to 30, λ = 1.0064

Score test for βg with SPA, m = 100, 000
MAF=0.3, ni = 6 to 10, λ = 1.0000 MAF=0.05, ni = 6 to 10, λ = 1.0001 MAF=0.001, ni = 6 to 10, λ = 1.0063

MAF=0.3, ni = 10 to 30, λ = 0.9999 MAF=0.05, ni = 10 to 30, λ = 1.0000 MAF=0.001, ni = 10 to 30, λ = 1.0064

Figure S4: Quantile-Quantile (QQ) plots of p values for testing βg from the score test
and SPA of the simulation studies, m = 100, 000
QQ plots of p values from score test (row 1-2) and SPA (row 3-4) for testing βg, where m = 100, 000,
ni = 6 to 10 (row 1 and row 3) and ni = 10 to 30 (row 2 and row 4), MAF = 0.3 (column 1), 0.05
(column 2), and 0.001 (column 3), based on 109 replicates.



Score test for τg without SPA, m = 100, 000
MAF=0.3, ni = 6 to 10, λ = 1.0002 MAF=0.05, ni = 6 to 10, λ = 1.0005 MAF=0.001, ni = 6 to 10, λ = 1.0148

MAF=0.3, ni = 10 to 30, λ = 0.9995 MAF=0.05, ni = 10 to 30, λ = 1.0001 MAF=0.001, ni = 10 to 30, λ = 1.0131

Score test for τg with SPA, m = 100, 000
MAF=0.3, ni = 6 to 10, λ = 1.0002 MAF=0.05, ni = 6 to 10, λ = 1.0005 MAF=0.001, ni = 6 to 10, λ = 1.0148

MAF=0.3, ni = 10 to 30, λ = 0.9995 MAF=0.05, ni = 10 to 30, λ = 1.0001 MAF=0.001, ni = 10 to 30, λ = 1.0121

Figure S5: Quantile-Quantile (QQ) plots of p values for testing τg from the score test
and SPA of the simulation studies, m = 10, 000
QQ plots of p values from score test (row 1-2) and SPA (row 3-4) for testing τg, where m = 10, 000,
ni = 6 to 10 (row 1 and row 3) and ni = 10 to 30 (row 2 and row 4), MAF = 0.3 (column 1), 0.05
(column 2), and 0.001 (column 3), based on 109 replicates.



Figure S6: Empirical powers of testing βg with score test and SPA
Each row contains the same sample size m and number of observations per individual ni. Power is
evaluated at the significance level α = 5× 10−8. Each scenario is based on 1,000 replicates.



Blood pressure measurements
n = 3,826,271
m = 219,768

Joined measurements
n = 2,590,073
m = 148,872

Remaining measurements
n = 2,589,484
m = 148,870

Remaining measurements
n = 2,589,410
m = 148,870

Unrelated British descents
m = 337,138

Filtered unrelated British descents
m = 334,320

Excluded (m = 2818):
− missing BMI: 1020
− missing BP medication: 1798

Excluded:
m = 185,448
Not in primary care study

Excluded:
n = 1,236,144
m = 70,896
Not in filtered white British descents

Excluded:
n = 589
incl. 2 full subjects
Missing measurement dates

Excluded:
n = 74
no subjects removed in full
Invalid measurement dates

Subjects without diabetes
n = 2,140,909
m = 135,676

Subjects with diabetes
n = 448,501
m = 13,194

Figure S7: Cohort curation for blood pressure TrajGWAS analysis from UK Biobank
primary care data.



HDL measurements
n = 1,061,736
m = 190,677

Joined measurements
n = 707,541
m = 129,069

Remaining measurements
n = 707,523
m = 129,069

Remaining measurements
n = 707,512
m = 129,069

Unrelated British descents
m = 337,138

Filtered unrelated British descents
m = 334,320

Excluded (m = 2818):
− missing BMI: 1020
− missing cholesterol medication: 1798

Excluded:
m = 205,251
Not in primary care study

Excluded:
n = 354,195
m = 61,608
Not in filtered white British descents

Excluded:
n = 18
incl. 0 full subjects
Missing measurement dates

Excluded:
n = 9
no subjects removed in full
Invalid measurement dates

Figure S8: Cohort curation for HDL TrajGWAS analysis from UK Biobank primary care
data.



LDL measurements
n = 683,387
m = 146,841

Joined measurements
n = 449,626
m = 98,556

Remaining measurements
n = 449,616
m = 98,556

Remaining measurements
n = 449,607
m = 98,556

Unrelated British descents
m = 337,138

Filtered unrelated British descents
m = 334,320

Excluded (m = 2818):
− missing BMI: 1020
− missing cholesterol medication: 1798

Excluded:
m = 235,764
Not in primary care study

Excluded:
n = 233,761
m = 48,285
Not in filtered white British descents

Excluded:
n = 10
incl. 0 full subjects
Missing measurement dates

Excluded:
n = 9
no subjects removed in full
Invalid measurement dates

Figure S9: Cohort curation for LDL TrajGWAS analysis from UK Biobank primary care
data.



Total cholesterol measurements
n = 1,351,979
m = 197,303

Joined measurements
n = 904,820
m = 133,592

Remaining measurements
n = 904,769
m = 133,590

Remaining measurements
n = 904,742
m = 133,590

Unrelated British descents
m = 337,138

Filtered unrelated British descents
m = 334,320

Excluded (m = 2818):
− missing BMI: 1020
− missing cholesterol medication: 1798

Excluded:
m = 200,728
Not in primary care study

Excluded:
n = 447,159
m = 63,711
Not in filtered white British descents

Excluded:
n = 51
incl. 2 full subjects
Missing measurement dates

Excluded:
n = 27
no subjects removed in full
Invalid measurement dates

Figure S10: Cohort curation for total cholesterol TrajGWAS analysis from UK Biobank
primary care data.



Triglyceride measurements
n = 1,045,278
m = 183,810

Joined measurements
n = 693,340
m = 124,092

Remaining measurements
n = 693,322
m = 124,092

Remaining measurements
n = 693,311
m = 124,092

Unrelated British descents
m = 337,138

Filtered unrelated British descents
m = 334,320

Excluded (m = 2818):
− missing BMI: 1020
− missing cholesterol medication: 1812

Excluded:
m = 178,458
Not in primary care study

Excluded:
n = 351,938
m = 59,718
Not in filtered white British descents

Excluded:
m = 18
incl. 0 full subjects
Missing measurement dates

Excluded:
m = 11
0 subjects removed in full
Invalid measurement dates

Figure S11: Cohort curation for triglycerides TrajGWAS analysis from UK Biobank pri-
mary care data.



Glucose measurements
n = 928,745
m = 185,194

Serum and Plasma Glucose
n = 712,912
m = 167,596

Joined measurements
n = 471,844
m = 113,131

Remaining measurements
n = 471,838
m = 113,129

Remaining measurements
n = 471,837
m = 113,129

Unrelated British descents
m = 337,138

Filtered unrelated British descents
m = 334,320

Excluded (m = 2818):
− missing BMI: 1020
− missing insulin: 1812

Excluded:
m = 178,458
Not in primary care study

Excluded (n = 215,833):
− Blood glucose: 211,845
− Tolerance tests: 4,568

Excluded:
n = 241,068
m = 54,465
Not in filtered white British descents

Excluded:
m = 6
incl. 2 full subjects
Missing measurement dates

Excluded:
m = 1
0 subjects removed in full
Invalid measurement dates

Fasting glucose
n = 156,790
m = 55,949

Random glucose
n = 315,047
m = 97,162

Figure S12: Cohort curation for glucose TrajGWAS analysis from UK Biobank primary
care data.



HbA1c measurements
n = 482,570
m = 106,304

Joined measurements
n = 310,899
m = 70,589

Remaining measurements
n = 310,899
m = 70,589

Remaining measurements
n = 310,892
m = 70,589

Unrelated British descents
m = 337,138

Filtered unrelated British descents
m = 334,320

Excluded (m = 2818):
− missing BMI: 1020
− missing insulin: 1812

Excluded:
m = 178,458
Not in primary care study

Excluded:
n = 171,671
m = 35,715
Not in filtered white British descents

Excluded:
m = 0
incl. 0 full subjects
Missing measurement dates

Excluded:
m = 7
0 subjects removed in full
Invalid measurement dates

Figure S13: Cohort curation for HbA1c TrajGWAS analysis from UK Biobank primary
care data.



BMI measurements
n = 1,610,418
m = 211,485

Joined measurements
n = 1,090,197
m = 144,443

Remaining measurements
n = 1,089,259
m = 144,418

Remaining measurements
n = 1,089,045
m = 144,414

Unrelated British descents
m = 337,138

Excluded:
m = 179,929
Not in primary care study
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n = 520,221
m = 67,042
Not in filtered white British descents
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m = 938
incl. 25 full subjects
Missing measurement dates

Excluded:
m = 214
4 subjects removed in full
Invalid measurement dates

Figure S14: Cohort curation for BMI TrajGWAS analysis from UK Biobank primary care
data.
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Figure S15: Mean profile plot over age groups for biomarker measures extracted from
the UK Biobank primary care data.



Figure S16: Empirical cumulative distribution functions (eCDFs) of biomarker measures
from UK Biobank primary care data (blue curve) and assessment centers (red curve)
respectively.
Agreement between the eCDFs provides quality control for the extraction procedure from the
primary care data.



Figure S17: Manhattan plots for testing βg for longitudinal markers in the UK Biobank
study
Manhattan plots for testing βg, effects to the mean, for 11 longitudinal biomarkers in the UK
Biobank study. The blue line represents the genome-wide significance level, 5× 10−8.



Figure S18: TrajGWAS QQ plots for testing τg, effects on the WS variability, on 11 longi-
tudinal biomarkers in the UK Biobank study
Genomic control factor, λ, is based on the median p value, where SPA is not applied. See Supple-
mentary Table S3 for the λ values at different p value quantiles.



Figure S19: TrajGWAS QQ plots for βg, effects to the mean, on 11 longitudinal biomarkers
in the UK Biobank study
Genomic control factor, λ, is based off the median p value, where the score test is often applied.
See Supplementary Table S3 for different p value quantile cutoffs.



Figure S20: Boxplots of within-sample variance of residuals of a SNP significant in terms
of τg
Boxplots of within-sample variance of residuals (regressed out mean part covariates other than the
SNP count) of total cholesterol for different reference allele counts (0, 1, or 2) of rs6993414, the SNP
with the lowest p value in terms of τg on the LPL gene. Note that the phenotype is standardized
before the analysis.



Indicator Shifting

Figure S21: Comparison of the medication adjustment methods in the blood pressure
TrajGWAS analysis.
We plot Manhattan plots for τg in the blood pressure TrajGWAS analysis, effects to theWS variability
for SBP, DBP, and PP in UK Biobank study. (Left) Medication adjusted by an additional indicator
covariate reflecting on or off medication in both βg and τg. (Right) A sensible constant is added to
the observed measures.



Indicator Shifting

Figure S22: Comparisons of medication adjustment methods in the blood pressures
TrajGWAS analysis.
We plot Manhattan plots for βg in the TrajGWAS, effects to the mean for SBP, DBP, and PP, in
UK Biobank study. (Left) Medication is adjusted by an additional indicator covariate to reflect
on medication or not in both βg and τg. (Right) A sensible constant is added to the observed
measures.



Indicator Shifting

Figure S23: Comparisons of the effects of medication adjustment in the lipid TrajGWAS

analysis.
We plot Manhattan plots for βg in the TrajGWAS analysis, effects to the mean for HDL, LDL, total
cholesterol, and triglyceride in UK Biobank study. (Left) Medication adjusted by an additional
indicator covariate reflecting on and off medications in both βg and τg. (Right) A sensible constant
is added to the observed measures.



Indicator Shifting

Figure S24: Comparisons of the effects of medication adjustment in the lipid TrajGWAS

analysis.
We plot Manhattan plots for βg in the TrajGWAS analysis, effects to the mean for HDL, LDL, total
cholesterol, and triglyceride in UK Biobank study. (Left) Medication adjusted by an additional
indicator covariate reflecting on or off medication in both βg and τg. (Right) A sensible constant
is added to the observed measures.



Figure S25: Histogram of the proportion of observation after the diagnosis of diabetes



Figure S26: Manhattan plots for testing τg for HbA1c with different adjustments for
disease status
Manhattan plots for testing τg, the effects of the WS variability, for HbA1c. Adjustment for
diabetes status is performed on both mean and WS variation component: (left) adjustment using
a constant indicator, (right) adjustment using a time-varying indicator. The blue line represents
the genome-wide significance level, 5× 10−8.



Figure S27: Manhattan plots for testing βg for HbA1c with different adjustments for
disease status
Manhattan plots for testing βg, the effects of the WS variability, for HbA1c. Adjustment for
diabetes status is performed on both mean and WS variation component: (left) adjustment using
a constant indicator, (right) adjustment using a time-varying indicator. The blue line represents
the genome-wide significance level, 5× 10−8.



Table S1: Variables in the UK Biobank primary care clinical event records table
(clinical table) by source and the unified UK Biobank variable names.

Column name Description

eid Participant identifier
data provider 1 = England (Vision), 2 = Scotland, 3 = England (TPP), 4 = Wales
event dt Date clinical code was entered
read 2 Read v2
read 3 CTV3 (Read v3)
value1 Value recorded 1
value2 Value recorded 2
value3 Value recorded 3



Table S2: Clinical terms used to extract biomarkers from UK Biobank primary care data and the UK Biobank field
numbers being compared to in Figure S16.

Biomarker Units Terminology Terms UK Biobank field

Systolic Blood Pressure mmHg Read v2/CTV3 246.., 246[012345679BCDEFGJNQSWYdg], G20.., XaF4[FLO], XaJ2[EG], XaKFx 93
Diastolic Blood Pressure mmHg Read v2/CTV3 246.., 246[01234567ABCDEFGJPRTVXcg], G20.., XaF4[Sab], XaJ2[FH], XaKFw 94
Total Cholesterol mmol/L Read v2/CTV3 44P.., 44P[12349HJKZ], XE2eD, XaJe9, XSK14, XaLux, XaFs9, XaIRd 30690
HDL mmol/L Read v2/CTV3 XaEVr, X772M, 44d[23], 44P[5BC] 30760
LDL mmol/L Read v2/CTV3 XaEVs, 44d[45], 44P[6DE] 30780
Triglycerides mmol/L Read v2/CTV3 44e, X772O, 44Q[.12345Z], XE2q9 30870
Random Glucose mmol/L Read v2/CTV3 44f.., 44f0., 44g.., 44g0., 44TA., XM0ly 30740
Fasting Glucose mmol/L Read v2/CTV3 44f1, 44g1
HbA1c mmol/mol Read v2/CTV3 XaPbt, XaERp, X772q, 42W.., 42W[12345Z], 44TB. 30750
Height m Read v2/CTV3 229.., 229[1234Z] 50
Weight kg Read v2/CTV3 1622., 22A.., 22A[1234567AZ], X76CG, XE1h4, XM01G, Xa7wI 21002
BMI kg/m2 Read v2/CTV3 22K.., 22K[12345678], XaCDR, XaJJH, XaJqk, XaZcl 21001

“[·]” represents any one letter or number among the content provided in “[·]” can be used.



Table S3: Genomic control factor λ at various p value quantiles for the UK Biobank
analyses.
Because SPA is only applied to score test statistics in the right tail, the genomic control factor
calculated based on the median p values, which is not SPA adjusted, may appear inflated.

Genomic control factor at qth p value quantile

Phenotype Parameter q = 0.5 (median) q = 0.05 q = 0.01

Systolic blood pressure βg 1.23 1.32 1.48
τg 1.09 1.07 1.07

Diastolic blood pressure βg 1.21 1.29 1.48
τg 1.06 1.04 1.03

Pulse pressure βg 1.25 1.34 1.50
τg 1.07 1.06 1.07

HDL βg 1.166 1.253 1.451
τg 1.237 1.023 1.013

LDL βg 1.094 1.12 1.193
τg 1.244 1.011 1.007

Total Cholesterol βg 1.131 1.203 1.386
τg 1.128 1.04 1.055

Triglycerides βg 1.165 1.229 1.419
τg 1.35 1.01 0.985

Random Glucose βg 1.08 1.08 1.10
τg 1.19 1.01 1.01

Fasting Glucose βg 1.08 1.09 1.12
τg 2.37 1.12 1.07

HbA1c βg 1.05 1.05 1.06
τg 1.32 0.99 0.99

BMI βg 1.29 1.39 1.53
τg 1.11 1.02 1.02



Table S4: Previously reported traits associated with novel SNPs of systolic blood pressure from NHGRI GWAS Catalog.

Gene Chromosome Number of SNPs (βg / τg) Trait(s)

BCL2 18 1 / 0 Body mass index

High light scatter reticulocyte count

Modified Stumvoll Insulin Sensitivity Index (BMI interaction)

Modified Stumvoll Insulin Sensitivity Index (model adjusted for BMI)

Reticulocyte count

Systolic blood pressure

Triglyceride levels

Triglycerides

Type 2 diabetes

Waist-hip ratio

Waist-to-hip ratio adjusted for BMI

Waist-to-hip ratio adjusted for BMI (adjusted for smoking behaviour)

Waist-to-hip ratio adjusted for BMI x sex x age interaction (4df test)

Waist-to-hip ratio adjusted for body mass index



Table S5: Previously reported traits associated with novel SNPs of diastolic blood pressure from NHGRI GWAS Catalog.

Gene Chromosome Number of SNPs (βg / τg) Trait(s)

CLOCK 4 3 / 0 Height

Red blood cell count

Waist-to-hip ratio adjusted for BMI x sex interaction

Waist-to-hip ratio adjusted for BMI x sex x age interaction (4df test)

PDCL2 4 1 / 0 Height

HAND2 4 1 / 0 Atrial fibrillation

HCG15 6 1 / 0 Depression (broad)

SAR1P1 6 1 / 0 Blood protein levels

XXbac-BPG308J9.3 6 4 / 0 Breast cancer

Heel bone mineral density

Intelligence (MTAG)

Schizophrenia

OR11A1 6 1 / 0 Estimated glomerular filtration rate in diabetes

HLA-F 6 1 / 0 Psoriatic arthritis

HLA-F-AS1 6 2 / 0 Mixed cellularity Hodgkin lymphoma

Psoriatic arthritis

HLA-V 6 1 / 0 Sarcoidosis (Lofgren’s syndrome vs non-Lofgren’s syndrome)

MCCD1P1 6 1 / 0 Non-small cell lung cancer

HCG4P5 6 1 / 0 Hemoglobin levels

HLA-A 6 2 / 0 Blood protein levels

Hemoglobin levels

ZNRD1 6 1 / 0 AIDS progression

Autism spectrum disorder, attention deficit-hyperactivity disorder, bipolar disorder, major depressive disorder, and schizophrenia (combined)

VDR 12 1 / 0 Cardiovascular disease

Medication use (diuretics)

SEPT9 17 1 / 0 Cardiovascular disease

Heel bone mineral density

Medication use (diuretics)

Systolic blood pressure



Table S6: Previously reported traits associated with novel SNPs of pulse pressure from
NHGRI GWAS Catalog.

Gene Chromosome Number of SNPs (βg / τg) Trait(s)

EBF2 8 2 / 0 Cardiovascular disease

Medication use (agents acting on the renin-angiotensin system)

Systolic blood pressure

SORCS3 10 1 / 0 Systolic blood pressure



Table S7: Previously reported traits associated with novel SNPs of HDL from NHGRI
GWAS Catalog.

Gene Chromosome Number of SNPs (βg / τg) Trait(s)

BCL2 18 1 / 0 Body mass index

High light scatter reticulocyte count

Modified Stumvoll Insulin Sensitivity Index (BMI interaction)

Modified Stumvoll Insulin Sensitivity Index (model adjusted for BMI)

Reticulocyte count

Systolic blood pressure

Triglyceride levels

Triglycerides

Type 2 diabetes

Waist-hip ratio

Waist-to-hip ratio adjusted for BMI

Waist-to-hip ratio adjusted for BMI (adjusted for smoking behaviour)

Waist-to-hip ratio adjusted for BMI x sex x age interaction (4df test)

Waist-to-hip ratio adjusted for body mass index



Table S8: Previously reported traits associated with novel SNPs of total cholesterol from NHGRI GWAS Catalog.

Gene Chromosome Number of SNPs (βg / τg) Trait(s)

ZNRD1 6 1 / 0 AIDS progression

Autism spectrum disorder, attention deficit-hyperactivity disorder, bipolar disorder, major depressive disorder, and schizophrenia (combined)

TRIM31 6 1 / 0 Beta-2 microglubulin plasma levels

TRIM31-AS1 6 2 / 0 Beta-2 microglubulin plasma levels

Cold sores

TRIM15 6 1 / 0 Blood protein levels

PAIP1P1 6 1 / 0 Help-seeking from a GP (without major depressive disorder symptoms)

Help-seeking from a psychiatrist

TRIM26 6 5 / 0 Asthma (adult onset)

Asthma (childhood onset)

Autism spectrum disorder, attention deficit-hyperactivity disorder, bipolar disorder, major depressive disorder, and schizophrenia (combined)

Help-seeking from a GP (without major depressive disorder symptoms)

Help-seeking from a psychiatrist

Medication use (anti-inflammatory and antirheumatic products, non-steroids)

Schizophrenia

HCG17 6 3 / 0 General cognitive ability

LDL cholesterol levels

LPL 8 0 / 17 Apolipoprotein A1 levels

Apolipoprotein B levels

Cholesterol efflux capacity

Coronary artery disease

Eosinophil counts

HDL Cholesterol - Triglycerides (HDLC-TG)

HDL cholesterol

HDL cholesterol levels

HDL cholesterol levels in current drinkers

HDL cholesterol levels x alcohol consumption (drinkers vs non-drinkers) interaction (2df)

HDL cholesterol levels x alcohol consumption (regular vs non-regular drinkers) interaction (2df)

HDL cholesterol levels x long total sleep time interaction (2df test)

HDL cholesterol levels x short total sleep time interaction (2df test)

Height

High density lipoprotein cholesterol levels

Lipid metabolism phenotypes

Lipid traits

Lipoprotein phospholipase A2 activity in cardiovascular disease

Low density lipoprotein cholesterol levels

Medication use (HMG CoA reductase inhibitors)

Metabolic syndrome

Metabolic syndrome (bivariate traits)

Metabolite levels

Parental longevity (father’s age at death or father’s attained age)

Peripheral artery disease

Red cell distribution width

Serum metabolite levels

Serum metabolite levels (CMS)

Triacylglyceride levels

Triglyceride levels

Triglyceride levels in current drinkers

Triglyceride levels x alcohol consumption (drinkers vs non-drinkers) interaction (2df)

Triglyceride levels x alcohol consumption (regular vs non-regular drinkers) interaction (2df)

Triglycerides



Triglycerides x physical activity interaction (2df test)

Triglycerides-Blood Pressure (TG-BP)

Type 2 diabetes

Type 2 diabetes (adjusted for BMI)

Waist-hip ratio

Waist-to-hip ratio adjusted for BMI

AC100802.3 8 0 / 1 High density lipoprotein cholesterol levels



Table S9: Previously reported traits associated with novel SNPs of triglycerides from
NHGRI GWAS Catalog.

Gene Chromosome Number of SNPs (βg / τg) Trait(s)

NR5A2 1 1 / 0 Waist-hip ratio

CCND2 12 1 / 0 Appendicular lean mass

Birth weight

Body mass index

Cardiovascular disease

Heel bone mineral density

Height

Low density lipoprotein cholesterol levels

Medication use (HMG CoA reductase inhibitors)

Medication use (drugs used in diabetes)

Offspring birth weight

Pulse pressure

Systolic blood pressure

Triglyceride levels

Type 2 diabetes

Waist circumference adjusted for body mass index



Table S10: Previously reported traits associated with novel SNPs of random glucose
from NHGRI GWAS Catalog.

Gene Chromosome Number of SNPs (βg / τg) Trait(s)

HK1 10 6 / 0 Apolipoprotein B levels

Glycated hemoglobin levels

HDL cholesterol levels

Hematocrit

Hemoglobin

Hemoglobin A1c levels

Hemoglobin concentration

Hemoglobin levels

High light scatter reticulocyte count

High light scatter reticulocyte percentage of red cells

Immature fraction of reticulocytes

LDL cholesterol levels

Low density lipoprotein cholesterol levels

Mean corpuscular hemoglobin

Mean corpuscular volume

Red blood cell count

Red blood cell traits

Red cell distribution width

Reticulocyte count

Reticulocyte fraction of red cells

CCND2 12 1 / 0 Appendicular lean mass

Birth weight

Body mass index

Cardiovascular disease

Heel bone mineral density

Height

Low density lipoprotein cholesterol levels

Medication use (HMG CoA reductase inhibitors)

Medication use (drugs used in diabetes)

Offspring birth weight

Pulse pressure

Systolic blood pressure

Triglyceride levels

Type 2 diabetes

Waist circumference adjusted for body mass index

CCND2-AS1 12 1 / 0 Appendicular lean mass

Birth weight

Body mass index

Cardiovascular disease

Heel bone mineral density

Height

Low density lipoprotein cholesterol levels

Medication use (HMG CoA reductase inhibitors)

Medication use (drugs used in diabetes)

Offspring birth weight

Pulse pressure

Systolic blood pressure

Triglyceride levels

Type 2 diabetes

Waist circumference adjusted for body mass index



Table S11: Previously reported traits associated with novel SNPs of fasting glucose
from NHGRI GWAS Catalog.

Gene Chromosome Number of SNPs (βg / τg) Trait(s)

WFS1 4 1 / 0 Type 2 diabetes

ACSL1 4 4 / 0 Type 2 diabetes

GPSM1 9 9 / 0 Birth weight

Insulinogenic index

Offspring birth weight

Type 2 diabetes

Type 2 diabetes (adjusted for BMI)

Waist-to-hip ratio adjusted for BMI

White blood cell count

HK1 10 2 / 0 Apolipoprotein B levels

Glycated hemoglobin levels

HDL cholesterol levels

Hematocrit

Hemoglobin

Hemoglobin A1c levels

Hemoglobin concentration

Hemoglobin levels

High light scatter reticulocyte count

High light scatter reticulocyte percentage of red cells

Immature fraction of reticulocytes

LDL cholesterol levels

Low density lipoprotein cholesterol levels

Mean corpuscular hemoglobin

Mean corpuscular volume

Red blood cell count

Red blood cell traits

Red cell distribution width

Reticulocyte count

Reticulocyte fraction of red cells

KCNQ1 11 2 / 0 Birth weight

Type 2 diabetes

CCND2 12 1 / 0 Appendicular lean mass

Birth weight

Body mass index

Cardiovascular disease

Heel bone mineral density

Height

Low density lipoprotein cholesterol levels

Medication use (HMG CoA reductase inhibitors)

Medication use (drugs used in diabetes)

Offspring birth weight

Pulse pressure

Systolic blood pressure

Triglyceride levels

Type 2 diabetes

Waist circumference adjusted for body mass index

CCND2-AS1 12 1 / 0 Appendicular lean mass

Birth weight

Body mass index

Cardiovascular disease

Heel bone mineral density

Height

Low density lipoprotein cholesterol levels

Medication use (HMG CoA reductase inhibitors)

Medication use (drugs used in diabetes)

Offspring birth weight

Pulse pressure

Systolic blood pressure

Triglyceride levels

Type 2 diabetes

Waist circumference adjusted for body mass index

ZHX3 20 2 / 0 Balding type 1

Depressive symptoms (MTAG)

Fasting blood glucose adjusted for BMI

Heel bone mineral density

Height

Male-pattern baldness

Resting heart rate

Type 2 diabetes

Type 2 diabetes (adjusted for BMI)



Supplementary Methods

A WiSER Score Test

In this section we derive the score test for the WiSER model. Let Xi,1 ∈ Rni×r1 be the covariates to be tested for

the mean component of subject i, and Wi,1 ∈ Rni×r2 be the covariates to be tested for the WS variability of subject

i. Let r = r1 + r2 and θ̃ = (0r, θ̂2)
T ∈ Rr+p+ℓ+q(q+1)/2, where θ̂2 =

(
βT , τT ,vech

(
LT
γ

))T
is the WiSER estimator

under the null model, where vech is the half-vectorization function and Lγ is the Cholesky factor of Σγ . We use

ψH1
∈ Rr and ψH0

∈ Rp+ℓ+q(q+1)/2 to represent the gradient vectors derived under the full model and the null model

respectively. Then the chi-square score test statistic for testing θ1 = 0r takes the form
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where VψH1
(θ̃) is the covariance matrix of score ψH1

(θ̃). The score test statistic S is asymptotically distributed as

χ2
r under H0. The score is given by ψH1

(θ̃) =
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where r̂i, R̂i, and τ̂ are from the fitted null model. For genotypes, which is assumed to be constant through time, it

reduces to a scalar Sβg for testing βg = 0 (r1 = 1 and r2 = 0), and Sτg for testing τg = 0 (r1 = 0 and r2 = 1).

To calculate V̂ψH1
(θ̃), we note that from Boos and StefanskiChapter 7,1 . VψH1

(θ̃) can be represented by

VψH1
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Here ψ =
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]
, A11, B11 ∈ Rr×r, A12, B12 ∈ Rr×[p+ℓ+q(q+1)/2], and

A22, B22 ∈ R[p+ℓ+q(q+1)/2]×[p+ℓ+q(q+1)/2]. Â−1
22 and Â−1

22 B̂22Â
−1
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inference of the null model.

A22 is estimated from the Fisher Information Matrix of the null model and B22 is estimated from the null model
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where ⊙ represents the Khatri-Rao (column-wise Kronecker) product, and Cq ∈ Rq2×q(q+1)/2 is the copy matrix

such that CqvechM = vecM , the vectorization of M . The estimates τ̂ and R̂i are from the fitted null model. We

estimate A21 = AT
12 by

Â21 =
1

m

m∑
i=1

Âi,21.

B Derivation of saddlepoint approximation (SPA)

The score test statistic for testing βg is
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where g is the normalized genotype vector. The score test statistic for testing τg is

Sτg = −
m∑
i=1

gi

1T
ni

diag



ew

T
i1τ̂

. . .

e
wT

ini
τ̂

(
V

(0)
i

)−1

R̂i

(
V

(0)
i

)−1


 =: gT cτg . (2)

First, we construct the empirical cumulant generating function (CGF) of c ∈ {cτg , cβg}. The empirical moment

generating function (MGF) of c is
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The empirical CGF of c is defined as the logarithm of empirical MGF, K̂0(z) = log M̂0(z). Its first two derivatives
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To apply the saddlepoint approximation for an observed score S = s, we first find a “saddlepoint” ζ such that

K̂′(ζ) = s and retrieve

ω = sign(ζ)

√
2(ζs− K̂(ζ)),

ν = ζ

√
K̂′′(ζ).

The cumulative distribution function of S at s is approximated by

P (S < s) ≈ Φ

(
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1

ω
log(

ν

ω
)

)
,

where Φ(·) denotes the cumulative distribution function of the standard normal distribution2. The p value for the

score test with the statistic S = s is given by P (S < −|s|) + (1− P (S < |s|)).

C Heuristic method inflates the type I error

Failure to properly control for time-varying covariates that are correlated with genotypes can lead to biased results.

We conduct a small scale simulation in order to demonstrate this. The heuristic approach involves regressing per-

subject residual standard deviations on a set of covariates. We simulate data from Model (1) and Model (2). We set

βtrue = (0.1, 6.5, 0.0, 1.0, 5.0)T , τ true = (0.0, 0.3, 0.0, 0.5, 0.25)T , and the covariance of (γi, ωi) to be

Σγω =

2.0 0.0 0.2

0.0 1.2 0.1

0.2 0.1 1.0

 .

For each subject, the mean level covariates X are the same as the WS variability covariates W . W1 is the

intercept. W2 and W3 are time-invariant covariates with effect sizes τ2 = 0.3 and τ3 = 0.0 respectively. W2 acts

as sex and is drawn from Bernoulli(0.5) per subject. W3 is the simulated genotype with MAF = 0.3 following

Hardy-Weinberg equilibrium. W4 is a time-varying covariate with effect size τ4 = 0.5; it is correlated with W3 (the

genotype) with its entries generated from N(0, 0.5) · I{W3 < 0} + N(0, 2) · I{W3 > 0}. W5 is time-varying with

entries generated from independent standard normals. Since the heuristic method involves one outcome per subject,

time-varying covariates cannot be incorporated as-is, so we use their per-subject mean to control for them.

Figure S1 displays the − log10(p value) of τ3 (the genotype with no effect on WS variability) based on 100

replicates per scenario with a sample size of 6,000. The number of repeated measurements per subject range from

5 to 20. The heuristic method leads to significantly inflated type I error. Inadequately controlling for time-varying

covariates results in false positives when using standard deviation of the residuals as the outcome.

D Clinical measurement extraction from the UK Biobank primary

data

We extract HbA1c data using the HbA1c code list by Denaxas et al. 3 , omitting the terms: 42c and 44TC (tests of

HbA1), XE24t (no occurrences), and X80U3 (no values accompanying term). We convert between DCCT (Diabetes

Control and Complications Trial) align and IFCC (International Federation of Clinical Chemistry) standardized

measurements, and keep values between 4-18% (20-173 mmol/mol). The distribution of resulting values is then

compared against that of HbA1c available from UK Biobank field 30750.

To extract blood pressure records, we require values to be specified as systolic or diastolic in pairs. We look

for codes relating to blood pressure or primary hypertension in “read v2” and “CTV3 (read v3)” dictionaries, and

exclude codes related to ambulatory care or hypertension secondary to a transient cause. The terms included are

246.., 2461 - 2467, 2469, 246[A-G], 246J, 246N, 246[P-S], 246[V-Y], 246c, 246d, 246g, XaF4F, XaF4L, XaF4O, XaF4S,



XaF4a, XaF4b, XaJ2[E-H], XaKFw, XaKFx, and G20.. All units are assumed to be mmHg. Blood pressure readings

are assigned as diastolic or systolic according to the attached term, where possible. Otherwise, where two unique

values are given for an individual and date, the higher is assumed to be the systolic blood pressure, while the lower

is assumed to be the diastolic blood pressure. For all pairs of blood pressure readings, systolic blood pressure is

required to lie between 45 and 300, diastolic blood pressure is required to be greater than 30 mmHg but less than

the associated systolic blood pressure. The distribution of resulting values is compared against that of systolic and

diastolic blood pressure from UK Biobank field numbers 93 and 94, respectively.

HDL cholesterol is extracted from primary care using the code list prepared by Denaxas et al. 3 , with the addition

of terms XaEVr (Plasma HDL cholesterol level), 44d2 (Plasma random HDL cholesterol level), 44d3 (Plasma fasting

HDL cholesterol level), and X772M (High density lipoprotein cholesterol level). Units are assumed to be mmol/L,

and the records (n=819) that explicitly indicate a different unit are excluded. Values are required to be less than

10. The distribution of resulting values is compared against that of HDL cholesterol values from UK Biobank field

number 30760.

LDL cholesterol is extracted from primary care using terms 44P6, 44PD, 44PE, 44d4, 44d5, and XaEVs. Units

are assumed to be mmol/L, and the records (n=21) that explicitly indicated a different unit are excluded. Values are

required to be less than 30. The distribution of resulting values is compared against that of LDL cholesterol values

from UK Biobank field number 30780.

Total cholesterol is extracted from primary care using the code list prepared by Denaxas et al. 3 , with the

addition of terms XaFs9 (Fasting cholesterol level) and XaIRd (Plasma total cholesterol level). Units are assumed to

be mmol/L. Records (n=45) that explicitly indicate a different unit are excluded. Values are required to be less than

30. The distribution of resulting values is compared against that of total cholesterol values from UK Biobank field

number 30690. Triglyceride records are extracted from primary care using the code list prepared by Denaxas et al. 3 ,

with the addition of the code X772O (Triglyceride level) and the code prefix 44e (Plasma triglyceride level). Units

are assumed to be mmol/L, and the records (n=249) that explicitly indicate a different unit are excluded. Values are

required to be less than 30. The distribution of resulting values is compared against that of triglyceride levels from

UK Biobank field number 30870.

Serum and plasma random glucose levels are extracted from primary care data using codes 44TA, 44f.., 44f0,

44g.., 44g0, and XM0ly. Serum and plasma fasting glucose levels are extracted using codes 44f1 and 44g1. Units are

assumed to be mmol/L, and records (n=39) that explicitly indicate a different unit are excluded. Values are required

to be less than 60. The distribution of random glucose is compared against that of glucose from UK Biobank field

number 30740.

BMI is extracted from primary care using codes XaCDR, XaJJH, XaJqk, XaZcl, and prefix 22K. Values are

required to lie between 12 and 75 kg/m2. Height records are extracted using code prefix 229, and values are required

to lie between 125 and 210 cm. Weight records are extracted using codes X76CG, XM01G, XE1h4, Xa7wI, 1622, and

prefix 22A. Values are required to lie between 30 and 200 kg. Height, weight, and BMI measures are then matched by

individual and date. Missing values for height are filled in from previous or subsequent measurements, where possible.

BMI is calculated from height and weight at each date. If a value for BMI is already recorded for that individual and

date, and the reported BMI differs from the calculated BMI by more than 1.5 (0.27% of records), both measures are

excluded, otherwise, the calculated BMI is retained. If a BMI record is reported for a date where height or weight is

not available, the reported BMI is retained.

E Covariate adjustment for βg and τg in UK Biobank TrajGWAS

analyses

• Blood pressures, i.e., SBP, DBP, and PP (if on medication, add 15 mmHg for SBP, 10 mmHg for DBP, and 5

mmHg for PP4)

– βg: age, age
2, sex, age×sex, 10 PCs;



– τg: age, age
2, sex, age×sex

• HDL (if on medication, -0.060 mmol/L5)

– βg: age, age
2, BMI, sex, age×BMI, age×sex, 10 PCs

– τg: age, age
2, BMI, sex, age×BMI, age×sex

• LDL (if on medication, add 1.290 mmol/L5)

– βg: age, age
2, BMI, sex, age×BMI, age×sex, 10 PCs

– τg: age, age
2, BMI, sex, age×BMI, age×sex

• Total cholesterol (if on medication, add 1.347 mmol/L5)

– βg: age, age
2, BMI, sex, age×BMI, age×sex, 10 PCs

– τg: age, age
2, BMI, sex, age×BMI, age×sex

• Triglycerides (if on medication, add 0.208 mmol/L5)

– βg: age, age
2, BMI, sex, age×BMI, age×sex, cholesrol drug, 10 PCs

– τg: age, age
2, BMI, sex, age×BMI, age×sex, cholesrol drug

• Glucose, i.e., fasting glucose and random glucose

– βg: age, age
2, BMI, sex, age×BMI, age×sex, self insulin, diabetes status, 10 PCs

– τg: age, age
2, BMI, sex, age×BMI, age×sex, diabetes status

• HbA1c

– βg: age, age
2, BMI, sex, age×BMI, age×sex, diabetes status, self insulin, 10 PCs

– τg: age, age
2, BMI, sex, age×BMI, age×sex, diabetes status

• BMI

– βg: age, age
2, sex, age×sex, 10 PCs

– τg: age, age
2, sex, age×sex

F Considerations of Diabetes Diagnosis in TrajGWAS Analysis

One of the advantages of TrajGWAS is that it can incorporate time-varying covariates, e.g., diseases developed after

the first observation. To fully explore how the occurrence of the related disease influences the genetic contribution to

WS variability, we now include disease status as a time-varying covariates. We extracted first occurrence of diabetes

from their primary care, hospital records, and registry data and include it as a time-varying covariate when analyzing

HbA1c, given that HbA1c has abundant sample size as well as the larger number of repeated measurements than

glucose measures. We compare the results with the those when including disease status as a time-fixed covariate.

For time-varying indicator, we use 0 for measurements before first diagnosis of diabetes, and 1 for measurements

after the diagnosis. Percentage of observations after the diagnosis averaged over subjects is 95.8%. 66.6% of the

subjects had all the observations after the diagnosis, and 85.1% had at least 75% of the observations after the

diagnosis. Histogram of proportion of observation after diagnosis is shown in Figure S25. The results with time-

varying indicator have magnified some of the signals compared to constant indicator, as shown in Figures S26-S27.

For βg, the SNPs magnified in Chromosome 2 maps to THADA (OMIM: 611800)6,7, the one on Chromosme 8 to

SLC30A8 (OMIM: 611145)8,9, and the last peak of Chromosome 10 to TCF7L2 (OMIM: 602228), all of which are

reported to be highly correlated to type 2 diabetes, glycemic changes, and beta-cell function.
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