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SPAGRM: effectively controlling for sample
relatedness in large-scale genome-wide
association studies of longitudinal traits

He Xu1, Yuzhuo Ma1, Lin-lin Xu2, Yin Li3,4, Yufei Liu1, Ying Li1, Xu-jie Zhou 2,
Wei Zhou 5,6, Seunggeun Lee 7, Peipei Zhang 3,4 , Weihua Yue 8,9,10 &
Wenjian Bi 1,11,12,13

Sample relatedness is a major confounder in genome-wide association studies
(GWAS), potentially leading to inflated type I error rates if not appropriately
controlled. A common strategy is to incorporate a random effect related to
genetic relatedness matrix (GRM) into regression models. However, this
approach is challenging for large-scale GWAS of complex traits, such as long-
itudinal traits. Here we propose a scalable and accurate analysis framework,
SPAGRM, which controls for sample relatedness via a precise approximation of
the joint distribution of genotypes. SPAGRM can utilize GRM-free models and
thus is applicable to various trait types and statistical methods, including linear
mixed models and generalized estimation equations for longitudinal traits. A
hybrid strategy incorporating saddlepoint approximation greatly increases the
accuracy to analyze low-frequency and rare genetic variants, especially in
unbalanced phenotypic distributions. We also introduce SPAGRM(CCT) to
aggregate the results following different models via Cauchy combination test.
Extensive simulations and real data analyses demonstrated that SPAGRM main-
tains well-controlled type I error rates and SPAGRM(CCT) can serve as a broadly
effective method. Applying SPAGRM to 79 longitudinal traits extracted from UK
Biobank primary care data, we identified 7,463 genetic loci, making a pio-
neering attempt to conduct GWAS for these traits as longitudinal traits.

Over thepast decade, the emergence of biobanks containing hundreds
of thousands of genotyped participants has spurred a rapid growth of
large-scale genome-wide association studies (GWAS). Leveraging
electronic health records (EHRs), the large-scale GWAS has been
extended to complex traits with more intricate structures1–8. For
example, quantitative traits with phenotypic values measured repeat-
edly over time are known as longitudinal traits9. The longitudinal trait
can characterize the evolution of health status, and GWAS on long-
itudinal traits has contributed to novel findings which deepen our
understanding of genetic architecture10–13.

As popular approaches for analyzing longitudinal traits, linear
mixed models and generalized estimation equations can incorporate

time-varying covariates and the correlation structure of repeated mea-
sures into analysis14,15. Numerous previous literatures have highlighted
the advantages of these methods over heuristic strategies that convert
longitudinal traits to cross-sectional traits, e.g., only a single time point
(usually baseline) is considered16–20. Recently, Ko et al. proposed TrajG-
WAS in which a mixed-effects multiple location scale model21 was
introduced in large-scale longitudinal trait GWAS22. The linear mixed-
effects model allows TrajGWAS to identify genetic variants associated
with within-subject (WS) variability, which is an important risk factor for
complex diseases23–26. Although well-developed, TrajGWAS is only
applicable to analyze unrelated subjects, leading to a substantial
reduction in sample sizes and thus statistical power.
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Sample relatedness is a major confounder in GWAS and could
result in inflated type I error rates if not appropriately controlled. To
address this issue, numerous methods have been proposed to incor-
porate a random effect with a variance-covariance matrix of genetic
relationship matrix (GRM) into conventional regression models6,27–34.
However, applying this strategy to complex traits with intricate
structures, such as longitudinal traits, is challenging. A notable exam-
ple is the demanding statistical task of accurate variance components
estimation6,27–35. Furthermore, the scale of biobank data presents
challenges in terms of both memory usage and computational
efficiency3. REGENIE is a GRM-free method that uses ridge regression
predictors to replace the random effect36. While appealing, this
approach encounters difficulties in applying the ridge regression into
complex statistical models, restricting its application to a longitudinal
trait analysis.

Here, we propose SPAGRM, a saddlepoint approximation
(SPA)37,38 implementation that leverages the GRM to effectively
control for sample relatedness in large-scale GWAS. SPAGRM adjusts
for the sample relatedness via a retrospective strategy in which the
genotypes of related subjects are considered as a multivariate ran-
dom variable39. The retrospective approaches are more robust to
model misspecification than prospective analyses39–43. This advan-
tage allows incorporating the GRM-related random effect in the null
model fitting to be optional, rather than required. Thus, existing
conventional statistical models and methods with or without incor-
porating GRM can either be used to fit a null model, which sig-
nificantly extends the scope of its applicability. In this paper, we
evaluated SPAGRM in longitudinal trait GWAS via simulation studies
and real data analyses.

SPAGRM differs from existing retrospective approaches via
employing the SPA to estimate the null distribution of score statistics.
Unlike regular retrospective methods solely relying on the GRM, such
as ROADTRIP40, MASTOR41, and L-GATOR42, SPAGRM calculates identity
by descent (IBD)-sharing probabilities44 for each pair of related sub-
jects and then employs the Chow-Liu algorithm45 to approximate the
joint distribution of genotypes for families with more than two related
subjects. In addition, incorporating SPA can ensure high accuracy for a
wide range of genotypic distribution (common, low-frequency, and
rare variants) and phenotypic distribution (balanced and unbalanced
distribution).

Due to the wide applicability, SPAGRM can conduct valid long-
itudinal trait GWAS based on a wide variety of analytical approaches,
including but not limited to the linear mixed model as in TrajGWAS.
The complexity of longitudinal traits renders no models optimal
in all scenarios. Leveraging Cauchy combination test (CCT)46,47, we
propose SPAGRM(CCT) as a robust and powerful solution to aggregate
the SPAGRM results from multiple models and underlying
assumptions.

In this work, we conducted extensive simulation studies and real
data analyses to evaluate SPAGRM-based approaches in longitudinal
trait GWAS. SPAGRM maintained well-controlled type I error rates, and
SPAGRM(CCT) proved to be a broadly effective method for longitudinal
trait GWAS. We applied SPAGRM to analyze 79 health-related long-
itudinal traits including blood counts, blood and urine biochemistry,
physical measures, functional tests for various organs, and more. The
traits were extracted from UK Biobank primary care data via a semi-
supervised algorithm48 and thorough manual reviews to address
duplicated records, unit errors, and implausible values. The refined
pipeline is crucial for the subsequent GWAS of longitudinal traits. In
total, the genome-wide analyses identified 7463 genetic loci, which
suggests a significant potential of SPAGRM in large-scale GWAS. To the
best of our knowledge, this is a pioneering attempt to conduct GWAS
for a majority of the 79 longitudinal traits, and the analysis results can
benefit for the research community interested in metabolism, blood
cells, and serum/urine biomarkers.

Results
An overview of SPAGRM framework
SPAGRM is an analysis framework for conducting GWAS in a large-scale
study cohort including related subjects. SPAGRM contains two main
steps (Fig. 1). In step 1, we fit a null model to adjust for the effects of
covariates on phenotypes and calculate model residuals. The covari-
ates can be age, sex, SNP-derived principal components (PCs), and
leave-one-chromosome-out polygenic scores (LOCO-PGS)49–51. It is
optional, rather than required, to incorporate a GRM-related random
effect into nullmodelfitting,which extends the applicability of SPAGRM

to a broader range of traits. In the Methods section, we exemplify the
regression models to fit longitudinal traits, along with the corre-
sponding model residuals.

In step 2, SPAGRM associates the trait of interest to a single genetic
variant by approximating the null distribution of score statistics
S=
Pn

i = 1GiRi, where n is the number of individuals, and Gi and Ri

are the genotype and model residual for subject i, i≤n, respectively.
In a retrospective context, SPAGRM treats the genotype vector
G= G1,G2, . . . ,Gn

� �T as a multivariate random variable, while con-
sidering the model residuals as fixed coefficients. SPAGRM utilizes IBD-
sharing probabilities and Chow-Liu algorithm to approximate the joint
distribution of the genotype vector of related subjects. Subsequently,
to calculate p values, normal distribution approximation and SPA are
used to approximate the null distribution of score statistics. Further
details are provided in the Methods and Supplementary Note.

To remain scalable for large-scale GWAS, SPAGRM employs several
strategies to enhance computational efficiency. To avoid redundant
computations in step 2, the joint distribution of the genotype vector is
estimated in advance (illustrated as step0 in Fig. 1). Since the genotype
distribution complexity scales exponentially with family size, we limit
the maximum family size to 5 by default, grouping pairs of subjects
with genetic relatedness (i.e., the corresponding GRM element) > 0.05
into a family. For larger families, we use a greedy strategy to reduce
family size while minimizing variance estimation bias. We also apply a
variance ratio adjustment to ensure the variance from SPA is accurate.
In step 2, SPAGRM first leverages GRM to calculate standardized score
statistics for each genetic variant. If the standardized score statistics is
close to 0, SPAGRM calculates p values following normal distribution.
Otherwise, SPAGRM calibrates p values using SPA. The hybrid strategy
combining normal distribution approximation and SPA can balance
the computational efficiency and accuracy, as in previous
studies5,6,22,28,30,38. Similar to fastSPA38, we employ a partial normal dis-
tribution approach to fast calculation of cumulant generating function
(CGF), which is the most computationally intensive step in SPA. More
details can be seen in the Methods section.

Simulation studies
We conducted extensive simulation studies to evaluate the perfor-
mance of SPAGRM in terms of type I error rates and power for long-
itudinal trait analysis. We simulated data cohorts following the below
three scenarios of family relatedness.
– Small-family based dataset includes 25,000unrelated subjects and

25,000 related subjects from 6,250 families, each of which
includes 4 members (Supplementary Fig. 1a).

– Large-family based dataset includes 25,000unrelated subjects and
25,000 related subjects from 2,500 families, each of which
includes 10 members (Supplementary Fig. 1b).

– Unrelated dataset includes 50,000 unrelated subjects.

To mimic the genotype distribution in real data, we simulated
genotype data using real genotype data of White British subjects in
UK Biobank by performing gene-dropping simulations52. We simu-
lated 100,000 common variants (minor allele frequency (MAF) > 5%)
and rare variants (MAF < 5% and minor allele counts (MAC) > 20)
from genotype calls (field ID: 22418) and sequencing data (field ID:
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23155), respectively. MAF spectrums of the simulated variants were
displayed in Supplementary Fig. 2. More details about the simulation
can be found in the Data simulation subsection of the Methods
section.

In simulation studies, we compared five methods including
TrajGWAS, SPAGRM, NormGRM, SPAGRM(INT), and SPAGRM(CCT). In step 1,
SPAGRM and NormGRM employed the same null model fitting as in
TrajGWAS to calculate model residuals. In step 2, SPAGRM utilized a

Discrete distribution of genotypes ( , , … , ) for 
k related subjects in one family (3k possibilities)
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Fig. 1 | Workflowof SPAGRM framework. SPAGRM framework consists of two steps:
(1) Fitting a null model to calculate model residuals; (2) Calculating p values fol-
lowing a hybrid strategy including normal distribution approximation and

saddlepoint approximation for each genetic variant. To avoid redundant compu-
tations, the joint distribution of genotypes for related subjects is estimated in
advance, as illustrated in step 0.
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hybrid strategy including both normal distribution approximation and
SPA, while NormGRM calculated p values using normal distribution
approximation only. SPAGRM(INT) was similar to SPAGRM, with the only
exception that model residuals were updated using a rank-based
inverse normal transformation (INT)53. SPAGRM(CCT) combined p values
from SPAGRM and SPAGRM(INT) via CCT46,47. More details can be seen in
the Methods section.

Type I error rates
In each scenario, we conducted 1 × 109 tests and evaluated empirical
type I error rates at significance levels α = 5× 10�5 and 5× 10�8 (Table 1
and Supplementary Fig. 3). Across all scenarios, SPAGRM, SPAGRM(INT),
and SPAGRM(CCT) can well control type I error rates. Meanwhile,
NormGRM cannot control type I error rates when testing rare variants.
The result is consistent with previous studies, further affirming the
importance of SPA. Since TrajGWAS cannot adjust for relatedness, the
type I error rates were significantly inflated when the study cohort
included related subjects. Meanwhile, when related subjects were
removed, TrajGWAS can still effectively control the type I error rates
(Supplementary Fig. 4). In addition, even in cohorts without related
subjects, TrajGWAS produced inflation when testing rare variants in
terms of τg . The inflation stemmed from the ultra-rare variants with
MAF less than 0.002 (Supplementary Fig. 5), which was not fully
evaluated by Ko et al.22.

We also evaluated type I error rates of SPAGRM in presence of
cryptic sample relatedness by selecting 50,000 White British indivi-
duals. The individuals were purposely sampled from related UKB
participants to achieve a higher proportion of relatives compared to
the overall UKB cohort (Methods and Supplementary Fig. 6). Using
real genotypes, we simulated phenotypes to mimic the effect of
cryptic relatedness and then conducted association tests. Similarly,
SPAGRM-based methods demonstrated well-controlled type I error
rates in this context (Supplementary Fig. 7). Additionally, we asses-
sed the impact of pedigree cuts on SPAGRM under conditions of
cryptic relatedness. SPAGRM maintained well controlled type I error
rates across various maximum family size settings (Supplementary
Fig. 8). Furthermore, using a real phenotype, we demonstrated that
pedigree cuts had minimal impact on SPAGRM in the UKB analysis,
though they did affect run time (see Supplementary Figs. 9, 10 and
Supplementary Note). Overall, the default maximum family size
setting in SPAGRM is accurate enough in UKB analyses while remain-
ing computational efficiency.

Empirical power
To evaluate empirical power, we simulated longitudinal traits following
three types of alternativemodels, denoted asWSalt/BSalt (τg = 1:5, βg = 1),
WSalt/BSnull (τg = 1:5, βg =0), and WSnull/BSalt (τg =0, βg = 1). More
details about the simulation can be seen in the Methods section.
NormGRM was not evaluated as it cannot control type I error rates. Since
TrajGWAS cannot account for sample relatedness, the analyses were
restricted to a maximal set of unrelated subjects. For a family with 4
members, the two founders (i.e. 50%) were retained in the maximal set,
while the two offspring were excluded. Similarly, for a family with 10
members, the four founders (i.e. 40%) were retained in the maximal set,
while the other six subjects were excluded (Supplementary Fig. 1). To
evaluate the power under varying extent of sample relatedness, we
simulated study cohorts following the below five scenarios.
– Dataset A includes 25,000 unrelated subjects from the previous

Unrelated dataset, all of which are included in TrajGWAS analysis.
– Dataset B includes 25,000 related subjects from the previous

Small-family based dataset, of which 12,500 (50%) subjects are the
maximal set of unrelated subjects and included in TrajGWAS
analysis.

– Dataset C includes 25,000 related subjects from the previous
Large-family based dataset, of which 10,000 (40%) subjects are the

maximal set of unrelated subjects and included in TrajGWAS
analysis.

– Dataset D is the combination of Dataset A and Dataset B, of which
37,500 (75%, 25,000 from Dataset A and 12,500 from Dataset B)
subjects are the maximal set of unrelated subjects and included in
TrajGWAS analysis.

– Dataset E is the combination of Dataset A and Dataset C, of which
35,000 (70%, 25,000 from Dataset A and 10,000 from Dataset B)
subjects are the maximal set of unrelated subjects and included in
TrajGWAS analysis.

The empirical distributions of the chi-square statistics derived
from p values under WSalt/BSalt are demonstrated in Fig. 2. Mean chi-
square statistics and empirical power estimates are displayed in Sup-
plementary Tables 1 and 2, respectively. If the study cohort only
includes unrelated subjects (i.e., Dataset A), TrajGWAS and SPAGRM

were almost the samepowerful when testing βg =0. If the study cohort
includes related subjects, SPAGRM was more powerful than TrajGWAS
in terms of both βg and τg , regardless of commonor rare variants. This
is expected as TrajGWAS requires removing related subjects to avoid
inflated type I error rates. When testing τg =0, SPAGRM was still more
powerful than TrajGWAS even if the study cohort only includes unre-
lated subjects. To clarify this, we used an empirical method to con-
struct the empirical cumulative distribution functions (CDFs) of the
score statistics, by randomly resamplingmodel residuals or genotypes.
The empirical p values derived from these CDFs were compared to
those fromTrajGWAS andSPAGRMmethods (see SupplementaryNote).
Through resampling, we showed that TrajGWAS produced con-
servative p values when model residuals were extremely unbalanced,
whereas SPAGRM maintained well-calibrated p values close to the
empiricalp values (Supplementary Fig. 11). This can alsobe validated in
real data analyses, as shown in Supplementary Fig. 12.

The empirical distributions of the chi-square statistics derived
from p values under WSalt/BSnull and WSnull/BSalt are demonstrated in
Supplementary Figs. 13 and 14, respectively. Notably, when analyzing
common variants, both SPAGRM and TrajGWAS can accurately distin-
guish themeanprofile andWSvariability via score statisticsSβg

and Sτg .
For example,when testing for commonvariants underWSalt/BSnull (i.e.,
τg≠0 and βg =0), SPAGRM was powerful to test the null hypothesis H0:
τg =0 while controlling type I error rates to test the null hypothesis H0:
βg =0. The excellent performance also holds for common variants
under WSnull/BSalt. Nevertheless, given a large effect size τg (e.g.,
τg = 1:5), the performance does not always hold when analyzing rare
variants under WSalt/BSnull. If the effect size τg is moderate (e.g.,
τg =0:5), the type I error rates can also bewell controlled when testing
H0:βg =0 (Supplementary Fig. 15). The inflation is expected to remain
under control in real data analysis, as the number of genetic variants
with τg≫0 and βg =0 is anticipated to be limited.

In addition to the settings mentioned above, we also simulated
longitudinal traits using alternative configurations. To mimic a real-
world situation where few genetic variants influence the phenotypic
variance, we simulated longitudinal traits without random effects on
theWSvariability. SPAGRM-basedmethods showedwell-calibrated type
I error rates and outperformed TrajGWAS across all scenarios (Sup-
plementary Figs. 16 and 17). We also used an alternative WS variability
model instead of model (4) to simulate longitudinal traits, and the
conclusions remained consistent (Methods and Supplementary
Figs. 18 and 19). These results indicate that SPAGRM-basedmethods are
robust to model misspecification.

SPAGRM(CCT) can serve as an optimal unified approach
SPAGRM follows the null model fitting as in TrajGWAS to calculate
model residuals and score statistics. Thus, SPAGRM is powerful, parti-
cularly when the longitudinal trait can be characterized by a linear
mixedmodel, as exemplified inTrajGWAS. However, the complexity of
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the longitudinal trait renders no models optimal in all scenarios.
SPAGRM framework is a retrospective approach in which model resi-
duals are treated as fixed coefficients. The feature extends its applic-
ability to allow for differentmodels or data transformation to calculate
or update model residuals. In this section, SPAGRM(INT) applies a rank-
based INT to update model residuals obtained from TrajGWAS. Then,
SPAGRM(INT) uses the updated model residuals to construct score sta-
tistics and perform association tests.

Compared toTrajGWAS andSPAGRM, SPAGRM(INT) preserves the rank
of model residuals for each subject, while effectively addressing outliers.
When testing for βg =0, the number of model residual outliers from
TrajGWAS is limited and the original SPAGRM is slightly more powerful
than SPAGRM(INT). Meanwhile, when testing for τg =0, TrajGWAS obtains
a substantial number of model residual outliers, which greatly reduces
the statistical power of TrajGWAS and the original SPAGRM. In this case,
SPAGRM(INT) were more powerful, with a significant improvement in
terms of chi-square statistics: 6-12 folds for common variants and 2-3
folds for rare variants (Supplementary Table 1). SPAGRM(CCT) combines p
value results from SPAGRM and SPAGRM(INT) via CCT and can serve as a
broadly effective approach. Across the simulation settings, SPAGRM(CCT)

was always close to the most powerful method. In addition to the

SPAGRM(INT), other approaches such as generalized estimation equations,
can also be applied for longitudinal trait analyses. The wide applicability
of SPAGRM framework and CCT allows SPAGRM(CCT) to leverage the p
values from distinct models to calculate a single p value.

Application of SPAGRM to 79 longitudinal traits in the UK
Biobank
We applied SPAGRM and TrajGWAS to analyze the 79 longitudinal traits
extracted from the UKB primary care data (n =230, 000). For each
trait, we utilized a semi-supervised algorithm48 and conducted thor-
ough manual reviews to identify the corresponding Read v2 and CTV3
code terms (see the Methods section). The code terms for each trait
are available in Supplementary Table 3. These traits encompass a wide
range of health-related data, including blood counts, blood and urine
biochemistry, physical measures, functional tests for various organs,
andmore. The sample sizes vary across traits, ranging from 181,248 for
systolic blood pressure (SBP) to 6,163 for cancer antigen 125 (CA125).
Notably, for approximately 60 traits, more than three times as many
events were recorded compared to the sample size, indicating that
longitudinal traits convey richer information compared to cross-
sectional traits. Table 2 presents basic summary information of

Table 1 | Empirical type I error rates of SPAGRM, SPAGRM(INT), SPAGRM(CCT), NormGRM, and TrajGWAS methods at significance
level 5× 10�5 and 5× 10�8 based on 109 simulation replications

Simulation conditions Empirical type I error rates

α=5× 10�8 α=5× 10�5

Family relatedness Variant type Methods βg ð× 10�8Þ τg ð× 10�8Þ βg ð× 10�5Þ τg ð× 10�5Þ
Small-family based dataset Common variants SPAGRM 4.22 3.42 4.63 4.64

SPAGRM(INT) 4.82 3.52 4.64 4.67

SPAGRM(CCT) 4.52 3.89 4.66 4.7

NormGRM 4.32 164 4.64 11.05

TrajGWAS 17.28 2.51 10.16 4.3

Rare variants SPAGRM 3.14 2.94 4.01 3.94

SPAGRM(INT) 3.65 2.84 4.15 4.15

SPAGRM(CCT) 3.04 2.41 4.1 3.81

NormGRM 12.37 232779 5.50 558

TrajGWAS 17.34 225360 10.06 2137

Large-family based dataset Common variants SPAGRM 4.62 5.72 4.58 4.63

SPAGRM(INT) 4.72 5.02 4.59 4.55

SPAGRM(CCT) 4.77 6.15 4.6 4.6

NormGRM 4.62 149 4.59 10.82

TrajGWAS 31.73 4.92 13.53 5.03

Rare variants SPAGRM 1.82 2.33 3.74 4.01

SPAGRM(INT) 2.23 2.13 3.95 3.92

SPAGRM(CCT) 2.15 2.15 3.85 3.68

NormGRM 13.48 229979 5.56 555

TrajGWAS 28.99 227609 13.63 2188

Unrelated dataset Common variants SPAGRM 4.05 3.14 4.73 4.83

SPAGRM(INT) 3.84 4.45 4.74 4.77

SPAGRM(CCT) 4.05 4.81 4.71 4.87

NormGRM 4.05 15.68 4.73 5.92

TrajGWAS 4.35 2.12 4.97 4.44

Rare variants SPAGRM 3.36 3.46 4.42 4.79

SPAGRM(INT) 3.36 4.89 4.48 4.44

SPAGRM(CCT) 3.82 4.33 4.47 4.41

NormGRM 7.23 85664 5.22 293

TrajGWAS 5.09 9637 5.03 353

We considered three scenarios of family relatedness: small-family-based dataset including 25,000 unrelated subjects and 25,000 related subjects from 6,250 families; large-family-based dataset
including 25,000 unrelated subjects and 25,000 related subjects from 2,500 families; and unrelated dataset including 50,000 unrelated subjects. Two variant type settings: common variants with
MAF = (0.05, 0.5); and rare variants with MAF = (2e-4, 0.05). MAF, minor allele frequency. Bold numbers represent uncontrolled type I error rates.
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31 selected longitudinal traits and more detailed information for all 79
traits can be seen in Supplementary Table 4.

For each longitudinal trait, we analyzed approximately 23 million
genetic variants imputed using the Haplotype Reference Consortium
panel54. The analyses were restricted to variants with an imputation
INFO score ≥0:6, MAF ≥ 2× 10�4 and Hardy-Weinberg equilibrium
(HWE) p value > 1 × 10�6. A total of 227,437 linkage disequilibrium (LD)
pruned (r2<0:2), high-quality genetic variants (MAF ≥ 1% and missing
rate ≤ 5%) were selected to calculate GRM and IBD-sharing prob-
abilities. The pairs of subjects were considered as unrelated to each
other if their genetic relatedness (i.e., the corresponding GRM ele-
ment) <0.05. In the SPAGRM analysis, all 191,305 White British subjects
were included. Meanwhile, in the TrajGWAS analysis, approximately
12.9% (mean platelet volume, MPV) to 17.9% (oxygen saturation at
periphery, SpO2) of related subjects, up to a third degree4,55, were

excluded. The exclusion was necessary because TrajGWAS cannot
adjust for sample relatedness, as demonstrated previously. Similar to
the simulation sections, we also assessed NormGRM. NormGRM relies
solely on normal distribution approximation to calculate p values and
is expected to perform similarly as the regular retrospective approa-
ches, such as ROADTRIP40, MASTOR41, and L-GATOR42. For more
details in covariates correction, medication adjustment, and the deri-
vation of independent loci, please refer to the Genome-wide associa-
tion analysis subsection in the Methods section.

SPAGRM outperforms TrajGWAS and NormGRM in longitudinal
data analyses
Manhattan plots and Quantile-quantile (QQ) plots demonstrated that
SPAGRM identified numerous significant associations while controlling
type I error rates well (Figs. 3–4 and Supplementary Fig. 20). SPAGRM
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Fig. 2 | Distributionof chi-square statistics of SPAGRM, SPAGRM(INT), SPAGRM(CCT),
and TrajGWAS methods in scenario 2 (i.e., βg≠0 and τg≠0). Subplots a and
b correspond to the empirical power to test βg =0 and τg =0, respectively. From
left to right, the plots considered five relatedness scenarios of Dataset A: 25,000
unrelated subjects (all were unrelated and used in TrajGWAS analysis); Dataset B:
25,000 related subjects from 4-member families (50% were unrelated and used in
TrajGWAS analysis); Dataset C: 25,000 related subjects from 10-member families
(40% were unrelated and used in TrajGWAS analysis); Dataset D: a combination of
Dataset A and B (75% were unrelated and used in TrajGWAS analysis); Dataset E: a
combination of Dataset A and C (70% were unrelated and used in TrajGWAS
analysis). Genetic effect sizes were set to� log 10 MAFð Þ×0:1 for common variants
and� log 10 MAFð Þ×0:02 for rare variants, with an additional multiplier of 1 for βg

and 1.5 for τg . The points with chi-square statistics less than 3.84 (i.e., p
values > 0.05) were filtered out. The black dots in the box plot represent the
mean, while the box indicates the interquartile range (IQR). The whiskers extend
to 1.5 times the IQR from the quartiles. The black dashed line represents themean
chi-squared values of TrajGWAS analysis results, and the grey dashed line
represents the chi-squared statistic corresponding to the p value of 5 × 10�8.
Genetic variants were grouped to common variants with MAF in (0.05, 0.5) and
rare variants with MAF in (2e-4, 0.05). MAF, minor allele frequency. 80 and 30 are
breakpoints for the different scales of the y-axis in subplots a and b, respectively.
Mean chi-square statistics are displayed in Supplementary Table 1, and empirical
power estimates are displayed in Supplementary Table 2. P value is calculated
using two-sided score tests.
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implicitly assumes hard-called genotypes, and we cannot theoretically
justify its applicability to imputed data due to the complexity of
imputation. Note that UK Biobank data analysis used non-discrete
imputation dosage data and did not result in inflation or deflation,
indicating SPAGRM’s robustness. At a significance level of 5 × 10�8,
SPAGRM identified 7,463 and 362 genetic loci significantly associated
with the mean and WS variability of the 79 longitudinal traits,
respectively. Among these, 4,845 and 221 loci pass the significance
level of 5 × 10�8=79 for the mean profile and WS variability, respec-
tively. A complete list of the 7,825 (i.e., 7,463 + 362) loci is displayed in
Supplementary Data 1 and 2.

Traditionally, GWAS mainly focus on identifying loci that influ-
ence averaged trait levels. However, investigating trait variability can
reveal loci that impact the stability of a trait, which might be over-
looked. Most findings related to WS variability were concentrated in
thyrotropin- and lipid-related phenotypes, suggesting that genetic
effects may contribute to the volatility of these traits over time (Sup-
plementary Fig. 21). For 79 longitudinal traits, 86.5% (313 out of 362) of
the loci that affectedWS variability also influenced mean levels. These
could be caused by gene-environment interaction, selection, or
epistasis22. Additionally, we observed some loci that affected WS
variability without altering the mean, mostly in thyrotropin-related
phenotypes.

Due to the inclusion of related subjects, SPAGRM successfully
identified more significant loci compared to TrajGWAS. For the mean
profile, of the 7,463 loci identified by SPAGRM, 1,338 (1,338/
7,463 = 17.9%) loci were missed in TrajGWAS analysis. On the contrary,
TrajGWAS analysis only exclusively identified 312 loci, of which 11 loci
passed the significance level of 5 × 10�8=79. The detailed information
of the 312 loci can also be found in Supplementary Data 1. For the WS
variability, TrajGWAS identified a large number of spurious findings
when testing low-frequency and rare variants. NormGRM performed
nearly identically to SPAGRM when testing common variants, but it
cannot control type one errors when testing low-frequency and rare
variants. This finding is consistent with previous studies and the
simulation studies, which indicates the necessary of SPA to calibrate p
values.

To exemplify the advantages of SPAGRM framework, we selected
three longitudinal traits including estimated glomerular filtration rate,
serum ferritin, and serum thyroid stimulating hormone (see Supple-
mentary Note). We also evaluated SPAGRM(CCT) in which p values of
SPAGRM analyses with and without applying INT for model residuals
were combined.

Genome-wide association studies of estimated glomerular
filtration rate
Estimated glomerular filtration rate (eGFR) is widely accepted to
evaluate the kidney function. In this study, we derived eGFR values
(~8.3 measures per subject) from serum creatinine test using the
Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI)
equation56. For SPAGRM, SPAGRM(CCT), and NormGRM, a total of 165,305
subjects were included in GWAS. And for TrajGWAS, 138,634 (83.9%)
unrelated subjects were included.

Figure 3 displays the results via Manhattan plots and QQ plots.
When testing for the mean level (i.e., βg), SPAGRM, SPAGRM(CCT),
NormGRM, and TrajGWAS each identified hundreds of significant
associations, with a substantial overlap among them. At a significance
level of 5 × 10�8, SPAGRM identified 158 loci, of which 43 loci were
missed in TrajGWAS analysis. In contrast, TrajGWAS analysis exclu-
sively identifiedonly 8 loci (8/43 = 18.6%). SPAGRM(CCT) showedminimal
differences compared to SPAGRM, with 5 loci exclusively identified
(Supplementary Data 3). In termsof theWS variability (i.e., τg), few loci
were identified by SPAGRM, SPAGRM(CCT) and TrajGWAS. Meanwhile, a
considerable number of rare variants were identified by NormGRM,
whichwashighly spurious. This was primarily due to the highly skewed

distribution of residuals after fitting a linear mixed model. To clarify
this, we shuffled the order of the residuals and re-applied these
methods, and NormGRM still produced a large number of false-positive
rare variants (Supplementary Fig. 22).

Recently, Stanzick et al. conducted a large-scale GWAS with
exceeding 1.2 million participants and identified 424 eGFR-associated
SNPs57. The424 eGFR-associated SNPs and the loci identified inSPAGRM

analyses were highly consistent. For example, of the 43 loci detected
by SPAGRM but missed in TrajGWAS analysis, 33 signals lay within
500 kb of at least one of these 424 eGFR-associated SNPs. In addition
to the reported SNPs, SPAGRM identified several loci locatedmore than
500 kb away from those identified by Stanzick et al.57. For example,
SNP rs2729940 (SPAGRM p value = 2.55e-8) is an intronic variant in BLK
gene, which encodes Tyrosine-protein kinase Blk. BLK was mainly
identified as a susceptibility gene for systemic lupus erythematosus
(SLE) in previous GWAS58. Di et al. showed that the polymorphisms of
BLK were associated with renal disorder in patients with SLE59. In
addition, Zhou et al. found that SNP markers in BLK gene were also
associated with IgAN in a Chinese population60,61. SNP rs17663700
(SPAGRM p value = 2.08e-8) is located upstream of the ATP6V1B1 gene.
A case report found that mutations in ATP6V1B1 would cause distal
renal tubular acidosis62.

Genome-wide association studies of serum ferritin
Ferritin, a major iron storage protein, is predominantly utilized as a
serum biomarker of total body iron stores. For SPAGRM, SPAGRM(CCT),
and NormGRM, a total of 66,729 subjects were included in GWAS. And
for TrajGWAS, 55,683 (83.4%) unrelated subjects were included. An
average of 2.26 values were measured per subject.

Figure 4 displays the results viaManhattanplots andQQplots. For
mean profile, SPAGRM and SPAGRM(CCT) identified more peaks of asso-
ciation compared to TrajGWAS. Meanwhile, NormGRM identified
numerous spurious associations when testing low-frequency and rare
variants. For WS variability, SPAGRM identified a significant peak of
association while effectively controlling false positive rates.
SPAGRM(CCT) produced more significant p values compared to SPAGRM

at known peaks. However, TrajGWAS andNormGRM appeared to inflate
type I error rates when testing low-frequency and rare variants (Fig. 4b
and Supplementary Fig. 22). In general, SPAGRM(CCT) and SPAGRM yiel-
ded more notable p values compared to TrajGWAS in terms of both
mean profile and WS variability (Fig. 4c).

SPAGRM and SPAGRM(CCT) detected 39 (28 + 11) loci associated with
mean levels and 9 (4 + 5) loci linked toWS variability (loci identified by
SPAGRM + loci additionally identified by SPAGRM(CCT)). Of these loci,
SNPs rs1800562 (nearest geneHFE) and rs855791 (TMPRSS6) havebeen
previously associated with iron homeostasis biomarkers63,64. The exo-
nic variant rs1800562 showed noteworthy associations with both the
mean (SPAGRM p value = 2.83e-84; SPAGRM(CCT) p value = 5.66e-84) and
the WS variability (SPAGRM p value = 1.38e-16; SPAGRM(CCT) p value =
2.99e-37) of serum ferritin, statistically affirming the relationship
between HFE gene and iron homeostasis. The SNP rs855791 located in
gene TMPRSS6 was found to be associated with the mean of serum
ferritin (SPAGRM p value = 2.56e-16), which is consistent with previous
findings63,64. Notably, there was evidence that TMPRSS6 was also
associated with the ferritin variability (rs855791, SPAGRM(CCT) p
value = 1.29e-10), while this association was overlooked without INT
(SPAGRM p value = 0.70; TrajGWAS p value = 0.85).

Generalized estimation equations can contribute to
greater power
Generalized estimation equations (GEE) can characterize longitudinal
data through a user-specified correlation structure for multiple mea-
sures of a subject65. Unlike linear mixed-effects models (LMM), GEE is
flexible in adopting various correlation structures. In this section, we
focused the comparison on the longitudinalmean, asGEE is amarginal
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model and does not account forWS variabilities.We fitted GEEmodels
with exchangeable and autoregressive working correlation structures
to calculate model residuals, and then passed the residuals to SPAGRM

framework to conduct GWAS (denoted as SPAGRM(GEEexc) and
SPAGRM(GEEar1)). In addition, we applied CCT46,47 to combine p values of
SPAGRM(GEEexc) and SPAGRM(GEEar1) (denoted as SPAGRM(CCT)). These
methods were compared against SPAGRM using a null model fitting by
LMM (denoted as SPAGRM(LMM)). We conducted a series of simulation
studies and real data analyses to evaluate the performance of these
methods. We simulated longitudinal traits under three generative
models of linearmixedmodel and GEEmodels with exchangeable and
autoregressive correlation structures. More details can be seen in
Supplementary Note.

SPAGRM-basedmethods demonstratedwell-controlled type I error
rates across all scenarios, indicating that SPAGRM is robust against
correlation structure misspecification (Supplementary Fig. 23). The
empirical power of these methods varied depending on the data
generatingmechanism (Supplementary Table 5). Since nomethodwas
uniformly most powerful, SPAGRM(CCT) can serve as a broadly effective
method across all scenarios. We also applied these methods to real
data analyses. Supplementary Fig. 24 displayed that, in some cases,
SPAGRM methods based on GEE model can produce more significant p
values in the tail compared to SPAGRM(LMM). For example,
SPAGRM(GEEar1) resulted in lower p values than SPAGRM(LMM) when ana-
lyzing eGFR, while SPAGRM(GEEexc) outperformed SPAGRM(LMM) in the
analysis of TSH. Overall, no method was omnibus, indicating that

different longitudinal traits could correspond to different archi-
tectures. Strikingly, SPAGRM(CCT) achieved p values on par with the
most effective method across traits.

Computational efficiency
We evaluated the computational efficiency of SPAGRM in analyzing
longitudinal traits. All analyses were conduct on a CPU model of
Intel(R) Xeon(R) Gold 6342 CPU 2.80GHz. SPAGRM requires GRM and
IBD-sharing probabilities as input, which only need to be calculated
once for a specific study cohort. GRM can be efficiently computed
using tools like GCTA66. For example, constructing a sparse GRM for
408,961 UKB white British participants using 227,437 LD-pruned SNPs
required 240CPU hours, which can be divided into 250 separate tasks,
each taking under one hour. Since SPAGRM only needs IBD-sharing
probabilities for related pairs (e.g., when the GRM element is greater
than 0.05), computing these probabilities using our implemented
function took only twoCPUhours (see Code availability). If userswant,
other tools can also be used to calculate GRM and IBD-sharing
probabilities67, with format easily convertible for SPAGRM analysis.

We used longitudinal BMI data to evaluate the computational
performance of SPAGRM, SPAGRM(CCT), and TrajGWAS, where
SPAGRM(CCT) is the combination of SPAGRM and SPAGRM(INT). We ran-
domly sampled 10%, 25%, 50%, 75%, and 100% of individuals with BMI
measurements (n= 175, 443) and performed GWAS on each subset for
23 million imputed variants. For SPAGRM, the estimation of the joint
distribution of genotypes is completed in step 0, which generally takes

SPAGRM SPAGRM�CCT� NormGRM TrajGWAS
Testing for �

g
�

0

11111111 22222222 33333333 44444444 55555555 66666666 77777777 88888888 99999999 1010101010101010 1111111111111111 1212121212121212 1313131313131313 1414141414141414 1616161616161616 1818181818181818 20202020202020202222222222222222 11111111 22222222 33333333 44444444 55555555 66666666 77777777 88888888 99999999 1010101010101010 1111111111111111 1212121212121212 1313131313131313 1414141414141414 1616161616161616 1818181818181818 20202020202020202222222222222222 11111111 22222222 33333333 44444444 55555555 66666666 77777777 88888888 99999999 1010101010101010 1111111111111111 1212121212121212 1313131313131313 1414141414141414 1616161616161616 1818181818181818 20202020202020202222222222222222 11111111 22222222 33333333 44444444 55555555 66666666 77777777 88888888 99999999 1010101010101010 1111111111111111 1212121212121212 1313131313131313 1414141414141414 1616161616161616 1818181818181818 20202020202020202222222222222222

5

10

15

50

5

10

15

50

5

10

15

50

5

10

15

50

Testing for �
g
�

0

5

10

15

20

40

5

10

15

20

40

5

10

15

20

40

5

10

15

20

40

�
lo

g 1
0P

a

SPAGRM SPAGRM�CCT� NormGRM TrajGWAS

Testing for �
g
�

0
Testing for �

g
�

0

0 2 4 6 0 2 4 6 0 2 4 6 0 2 4 6

0 2 4 6 0 2 4 6 0 2 4 6 0 2 4 6

5

10

15
50

5

10

15
50

5

10

15
50

5

10

15
50

5

10

15
50

5

10

15
50

5

10

15
50

5

10

15
50

Expected � log10P

O
bs

er
ve

d 
�

lo
g 1

0P

Common Variants Low−frequency Variants Rare Variants Ultra−rare Variants

b
SPAGRM & SPAGRM�CCT�

Testing for �
g
�

0
Testing for �

g
�

0

0 2 4 6

0 20 40
0

20

40

60

0

2

4

6

TrajGWAS � log10P

�
lo

g 1
0P

SPAGRM SPAGRM�CCT�

c

BLKATP6V1B1 BLKATP6V1B1 BLKATP6V1B1
BLKATP6V1B1

Fig. 3 | Manhattan plots and quantile-quantile (QQ) plots of GWAS results for
estimated glomerular filtration rate (eGFR). a Mirror Manhattan plots of GWAS
results of SPAGRM, SPAGRM(CCT), NormGRM, and TrajGWAS. b QQ plots in which
genetic variants are grouped based on minor allele frequency (MAF): common
variants with MAF in (0.05, 0.5), low-frequency variants with MAF in (0.01, 0.05),
rare variants with MAF in (0.002, 0.01), and ultra-rare variants with MAF in (2e-4,
0.002). c Scatterplots comparing SPAGRM and SPAGRM(CCT) with TrajGWAS on

common variants (i.e., MAF>0.05). Across all subplots, upper and lower panels are
results for testingmeanprofile (βg =0) andWS variability (τg =0), respectively. The
red dashed line represents p value of 5 × 10�8, and the grey dashed line represents
the breakpoint 10�15 for the different scales of the y-axis. For eGFR, 165,305 sub-
jects were used for NormGRM, SPAGRM, and SPAGRM(CCT) analysis, of which 138,634
(83.9%) were used for TrajGWAS. An average of 8.30 eGFRs were measured per
subject. P value is calculated using two-sided score tests.
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Fig. 4 | Manhattan plots and quantile-quantile (QQ) plots of GWAS results for
serum ferritin. aMirror Manhattan plots of GWAS results of SPAGRM, SPAGRM(CCT),
NormGRM, and TrajGWAS. b QQ plots in which genetic variants are grouped based
on minor allele frequency (MAF): common variants with MAF in (0.05, 0.5), low-
frequency variants withMAF in (0.01, 0.05), rare variants withMAF in (0.002, 0.01),
and ultra-rare variants withMAF in (2e-4, 0.002). c, Scatterplots comparing SPAGRM

and SPAGRM(CCT) with TrajGWAS on common variants (i.e., MAF>0.05). Across all

subplots, upper and lower panels are results for testing for mean profile (βg =0)
and WS variability (τg =0), respectively. The red dashed line represents p value of
5 × 10�8, and the grey dashed line represents the breakpoint 10�15 for the different
scales of the y-axis. For serum ferritin, 66,729 subjects were used for NormGRM,
SPAGRM, and SPAGRM(CCT) analysis, of which 55,683 (83.4%)were used for TrajGWAS.
Anaverageof 2.26 valuesweremeasured for one subject. P value is calculated using
two-sided score tests.
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Fig. 5 | Comparisonof run timeandmemoryusageamongSPAGRM, SPAGRM(CCT),
and TrajGWASmethods. a Runtime. The x axis represents the sample size and
the y axis represents the run time in hourly units. b Memory usage. The x axis
represents the sample size and the y axis represents the memory usage in GB
units. We compared three methods: SPAGRM, SPAGRM(CCT), and TrajGWAS,

where SPAGRM(CCT) is the combination of SPAGRM and SPAGRM(INT). Analysis was
performed on 10%, 25%, 50%, 75%, and 100% of 175,443 individuals with
longitudinal BMI measurements. The association tests were conducted on 23
million imputed variants. All analyses were conduct on a CPUmodel of Intel(R)
Xeon(R) Gold 6342 CPU 2.80 GHz.
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a fewhours (Supplementary Fig. 25). Thenullmodelfitting in step 1, for
both LMMandGEEmodels, is computationally efficient. Therefore, we
focused on the comparison of association tests in step 2, as it accounts
for most of the run time. SPAGRM took 302 CPU hours to analyze 23
million imputed variants on 175,443 subjects (Fig. 5). Meanwhile,
TrajGWAS took approximately 188 CPU hours to accomplish the same
task,whichwasapproximately 1.6-fold faster than SPAGRM. SPAGRM(CCT)

was the most time-consuming, taking up to 408 hours. For memory
costs, SPAGRM required a peakmemory usage of 2.7 GB in step 2, which
was more resource-efficient than TrajGWAS. We also evaluated
SPAGRM’s computational performance with GEE models fitting the null
model and found that it performed similarly to the LMM model
(Supplementary Fig. 26).

Discussion
In this paper, we propose a scalable and accurate analysis framework,
SPAGRM, to adjust for sample relatedness in a large-scale GWAS invol-
ving hundreds of thousands of subjects. SPAGRM treats genotypes as
random variables and employs IBD and Chow-Liu algorithm to
approximate the joint distribution of genotypes for related subjects.
Because it is not required to incorporate a random effect to char-
acterize sample relatedness, SPAGRM is widely applicable to complex
traits with intrinsic structures. A hybrid strategy including SPA ensures
the accuracy to analyze low-frequency and rare variants, even if the
phenotypic distribution is unbalanced. Additional strategies, such as
partial normal distribution approximation, greatly reduce the com-
putational burden and thus SPAGRM is scalable to analyze hundreds of
thousands of subjects.

TrajGWAS is not valid to analyze a study cohort including related
subjects. Meanwhile, SPAGRM can well control type I error rates and is
more powerful than TrajGWASwhen analyzing related subjects. Due to
the wide applicability, SPAGRM allows for more flexible analytical
approaches to calculate or update model residuals. For example,
applying a rank-based inverse normal transformation to updatemodel
residuals or fitting null model based on GEE could result in greater
power. Real data analyses validated that no method was uniformly
most powerful, which indicates that different longitudinal traits cor-
respond to different architectures. Thus, we propose SPAGRM(CCT) to
combine p values obtained from applying SPAGRM framework to dis-
tinct models. SPAGRM(CCT) can serve as a broadly efficient approach
that controls type I error and is nearly aspowerful as themost effective
of the component methods.

We applied SPAGRM to analyze 79 longitudinal traits extracted
from UK Biobank primary care data. The analyses identified 7,463 and
362 loci for mean profile and WS variability of the longitudinal tra-
jectories, respectively. The 79 longitudinal traits encompassed blood
counts, blood and urine biochemistry, physical measures, and func-
tional tests of multiple organs, most of which were analyzed as a
longitudinal trait in GWAS for the first time.

SPAGRM can further gain statistical power through incorporating
PGS as covariates with fixed effects. Recent reports have shown that
adjusting for PGS can account for polygenic effects and increase sta-
tistical power49–51. This strategy can complement the reduced power
for sparse-GRM-related methods like fastGWA32,34. In Supplementary
Note, we employed this idea to implement a two-stage strategy,
SPAGRM-PGS. In stage 1, we conduct thefirst roundofGWASvia SPAGRM

and then calculate the LOCO-PGS49–51 based on the summary statistics.
In stage 2, the LOCO-PGS is included as an additional covariate for a
second round of GWAS via SPAGRM. Using several longitudinal traits,
we demonstrated SPAGRM-PRS had superior performance compared to
the original SPAGRM.

As a universal analysis framework, SPAGRM is not limited to
longitudinal analyses. In Supplementary Note, we also evaluated
the performance of SPAGRM when analyzing quantitative and bin-
ary traits. SPAGRM achieved comparable performance to existing

sparse-GRM-based methods32,34, and showed solid consistency
with dense-GRM-based methods29,30 and REGENIE29,30,36 after PGS
adjustment. The comparison demonstrated that SPAGRM after
adjusting for PRS performs similarly as the original frameworks
explicitly incorporate random effects in the null model fitting. We
do not intend to replace the current method but to give some
insights for phenotypes that no existing method is available. For
example, if a new type of phenotype is needed, researchers can
feel free to use SPAGRM and do not need to propose a new mixed-
effect method to address relatedness.

There are several limitations in SPAGRM and the real data analysis
in UK Biobank. First, SPAGRM assumes that genotype marginally fol-
lows a binomial distribution. Thus, HWE test is required to exclude
genetic variants whose genotypic distribution deviate significantly.
As expected, most of genetic variants have passed HWE p value of 1e-
6 in real data analyses (Supplementary Fig. 27). Although SPAGRM

does not exhibit type I error rates inflation at a looser HWE p value
threshold of 1e-15 (Supplementary Fig. 28), we still recommend using
1e-6 as the threshold because extremely significant HWE test p value
may also indicate potential quality control issues. Second, SPAGRM is
based on score test and does not fit a full model. If genetic effect size
is required for the follow-up analysis, SPAGRM can serve as a screen-
ing process to prioritize variants to fit a full model. Third, in UK
Biobank data analyses, we only focused on the mean and WS varia-
bility of a longitudinal trajectory. In the future, we plan to extend
GWAS to other patterns harbored in the longitudinal trajectory. A
notable example is the dynamic process (upward or downward) of
complex traits after specific medical treatments or surgical proce-
dures. Finally, the current version of SPAGRM only supports analyzing
autosomes.

The current framework assumes that, for each individual, geno-
types marginally follow the same binomial distribution, i.e., the allele
frequency is the same. However, for individuals from different ances-
tries, the allele frequencies for a single SNP could be different, which
violate the assumption and the results. We plan to incorporate global
genetic PCs and local ancestry information to allow for ancestry-
specific allele frequencies.

Currently, there is a growing trend toward utilizing complex
traits with intricate structures in GWAS. For most of the traits, con-
ventional regression models have been developed by statisticians
but there is still a substantial gap to apply them in GWAS. One
challenge is to efficiently adjust for sample relatedness in large-scale
biobanks. SPAGRM can serve as a universal analysis framework to
address this issue. For any trait of interest, users only need to select
conventional regression models as the null model and then calculate
the first derivative of likelihood as the model residuals, then SPAGRM

can handle follow-up processes including 1) reading in genotype
from BGEN or PLINK, 2) adjusting for sample relatedness, and 3)
remaining statistical powerful while controlling type I error rates for
both common and rare variants. We believe that SPAGRM framework
can bridge the gap between statistics and GWAS to expedite the
implementation of GWAS using complex and precise statistical
regression models.

Methods
Ethics statement
The research reported herein was conducted in compliance with all
ethical requirements. This UK Biobank project was conducted under
the application number 78795. Ethical approval for the UK Biobank
resource was granted by the North West Centre for Research Ethics
Committees (reference number 11/NW/0382). The UK Biobank study
was carried out in accordance with the principles outlined in the
Declaration of Helsinki, with participants providing informed written
consent to participate and to be followed up through national record
linkage.
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Linear mixed effect model for longitudinal traits
We let n denote the number of subjects, mi denote the number of
measurements for subject i, andm=

Pn
i = 1mi denote the total number

ofmeasurements for all subjects. For the j-thmeasurement of subject i,
Ko et al.22 proposed a linearmixed effectmodel (LMM) to characterize
mean profile and within-subject (WS) variability as below.

yij = x
T
ijβ + giβg + z

T
ijγi + εij , ð1Þ

σ2
εij
= exp wT

ij τ + giτg +ωi

� �
, ð2Þ

where gi is the genotype of a single variant, xij ðp× 1Þ and zij ðq× 1Þ are
two vectors of covariates with fixed coefficient β and random coef-
ficient γi, respectively, and yij is the trait. Random term εij follows a
normal distribution with a mean of zero and a standard error of σεij

.
The standard error σεij

is determined by covariate vector wij ðl × 1Þ,
genotype gi, and a random interceptωi. Covariates xij , zij , andwij can
be time-invariant (e.g. sex) or time-varying (e.g. age during
measurement). The genetic effects on mean and WS variability are
βg and τg , respectively. Random effects ðγi

T ,ωiÞ
T

follow a multi-
variate normal distribution with a mean of zero and a variance-
covariance matrix of

Var
γi

ωi

� �
=Σγω =

Σγ σγω

σT
γω σ2

ω

 !
:

Suppose that the study cohort includes genetically related sub-
jects and the genetic relationship matrix (GRM) is denoted as Φ. We
can incorporate random effects, bi and

ebi, into models (1) and (2) to
characterize the sample relatedness.

yij =x
T
ijβ+ giβg + z

T
ijγi + εij +bi, ð3Þ

σ2
εij
= exp wT

ijτ + giτg +ωi +
ebi

� �
: ð4Þ

Here, bi and
ebi are assumed to followmultivariate normal distributions

with variance-covariance matrices of σ2Φ and eσ2
Φ. The assumption is

to mimic the polygenic effects, i.e., the sum of additive effects of a
large number of genetic variants on the phenotypic mean and WS
variability, respectively29,30,36. Given evidence that genetic loci influen-
cing phenotypic variance are fewer than those influencing phenotypic
mean, the assumption in terms of ebi may not always hold24,26,68.
Therefore, we conducted a series of simulations to evaluate the
performance of our purposed methods under more realistic condi-
tions (see the Data simulation subsection below).

Generalized estimation equations for longitudinal traits
Generalized estimating equations (GEE) are also commonly used
approaches for modeling repeated measures of outcomes15. Consider
a linear regression,

yij =x
T
ijβ+ giβg + εij , ð5Þ

where genetic effect on mean trajectories is βg . Unlike LMM, GEE is a
semi-parametric method that requires assumptions about the condi-
tional distribution of error term εij with a user-specified correlation
structure. In Supplementary Note, we clarify various working correla-
tion structures, as well as null model fitting and model residuals
calculation for GEE.

Null model fitting and model residuals calculation (step 1)
While the strategy of incorporating the GRM has been widely used to
model various types of traits, it still presents substantial technical

challenges in null model fitting. For example, fitting models
(3) and (4) is not a simple extension of fitting models (1) and (2).
SPAGRM method employs a retrospective framework, in which
incorporating the GRM is optional, rather than required, when fitting
null model.

In longitudinal data analysis, SPAGRM follows Ko et al.22 to employ
Julia package WiSER69 to fit models (1) and (2) under null hypothesis
H0 : βg = τg =0. Given the estimated parameters β̂, τ̂, and Σ̂γ, score
statistics Sβg

=RT
βg
G and Sτg =R

T
τg
G are to test genetic mean profile

(βg =0) and WS variability (τg =0), where G= g1, g2, :::, gn

� �T is geno-
type vector,Rβg

and Rτg
aremodel residual vectors.More details about

the score statistics and residuals can be found inprevious study22. Note
that score statistics have the consistent format of S=RT � G, regardless
of testing the mean or WS variance effects. Thus, our discussion will
pertain to the consistent format of S=RT � G.

Score testing with normal distribution approximation (step 2)
Similar to regular retrospective methods40–42, we assume that under
Hardy-Weinberg equilibrium (HWE), genotype Gi follows a Binomial
distribution Bð2, μÞ where μ is the MAF of this variant. The mean and
variance of the score statistics S=RT � G are as below

E Sð Þ=
Xn
i= 1

RiE Gi

� �
=2 �

Xn
i = 1

Ri � μ, ð6Þ

Var Sð Þ=
Xn
i = 1

R2
i � Var Gi

� �
+
Xn
i= 1

X
j≠i

2 � RiRj � CovðGi,GjÞ

=
Xn
i = 1

R2
i +
Xn
i = 1

X
j≠i

2 � RiRj � ρij

 !
� σ2

g ,

ð7Þ

where σg =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2μ 1� μð Þ

p
is the standard error of the genotype Gi and ρij

is the correlation betweenGi andGj (i.e., the corresponding element of
GRM matrix). Suppose that GRM is Φ, the mean and variance

E Sð Þ=2 � μ � RT � 1n,Var Sð Þ=2μ 1� μð Þ � RT �Φ � R, ð8Þ

where 1n is an n-dimensional vector of ones. Note that if the sumof the
model residuals is zero, then the mean of score statistics is also zero.
Since the calculation of RT �Φ � R is independent of genotypeG, it only
needs to be computed once for a genome-wide analysis, making
normal distribution approximation computationally efficient. Under
the null hypothesis, the probability Pr S<sjRð Þ= F s � E Sð Þð Þ=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
VarðSÞ

pn o
where F �f g is the cumulative distribution function (CDF) of a standard
normal distribution.

Score testing with saddlepoint approximation (step 2)
The normal distribution approximation is not accurate if the dis-
tribution of the residuals R is highly skewed or the MAF of the genetic
variant is close to 0. To address this issue, we use SPA to more accu-
rately calibrate p values.

Moment generating function of score statistics
Drawing upon a sparse GRM and a predetermined threshold (e.g.
0.05), we classify all subjects into q families, ensuring that the corre-
sponding GRM elements between individuals in distinct families is
below the specified cutoff. Suppose that family i≤q includes ni related
subjects, then the score statistics can be decomposed as

S=
Xq
i= 1

Si =
Xq
i= 1

Xni

j = 1

RijGij

" #
,
Xq
i= 1

ni =n, ð9Þ

where Si =
Pni

j = 1RijGij is the score statistics for family i≤ q,Rij andGij are
the model residual and genotype of the j-th subject in family i,
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respectively. The moment generating function (MGF) of S is

MS tð Þ=
Yq
i = 1

MSi
tð Þ, ð10Þ

whereMSi
tð Þ is theMGF of score statistics Si =

Pni
j = 1RijGij . If the family i

only includes one subject, that is, ni = 1, then the MGF
MSi

tð Þ= 1� μ+μet�Ri1
	 
2

. Otherwise, the MGF of Si are estimated
as below.

MGF estimation for families with two related subjects
We consider families with two related subjects and calculate MGF of
score statistics Si =Ri1

Gi1
+Ri2

Gi2
. IBD-sharing probabilities have been

widely used to characterize the relatedness of two subjects44. For two
related subjects, we let non-negative values δð0Þ, δð1Þ, and δð2Þ denote
the IBD-sharing probabilities that there are 0, 1, and 2 IBD-sharing
alleles, and the corresponding MGFs of Si are

M 0ð Þ
Si

tð Þ= 1� μ+μetRi1

h i2
� 1� μ+μetRi2

h i2
,

M 1ð Þ
Si

tð Þ= 1� μ+μet Ri1
+Ri2

� �� �
� 1� μ+μetRi1

h i
� 1� μ+μetRi2

h i
,

M 2ð Þ
Si

tð Þ= 1� μ+μet Ri1
+Ri2

� �� �2
,

ð11Þ

respectively (more details can be seen in Supplementary Note). The
MGF estimation of Si is

MSi
tð Þ= δ 0ð Þ �M 0ð Þ

Si
tð Þ+ δ 1ð Þ �M 1ð Þ

Si
tð Þ+ δ 2ð Þ �M 2ð Þ

Si
tð Þ: ð12Þ

Given IBD-sharing probabilities δð1Þ and δð2Þ, kinship coefficient
is δð1Þ

=4+ δð2Þ
=2. However, if kinship coefficients for two pairs of

related subjects are equal, it does not necessarily imply that the IBD-
sharing probabilities and the corresponding MGFs are also equal.
For example, the kinship coefficient between a pair of full siblings
and a pair of parent-offspring are both 0.25. However, the corre-
sponding MGFs are not the same. For a pair of full-siblings, δð0Þ, δð1Þ,
and δð2Þ are 0.25, 0.5, and 0.25, respectively, and the MGF is

MSi
tð Þ=0:25 �Mð0Þ

Si
tð Þ+ 0:5 �Mð1Þ

Si
tð Þ+0:25 �Mð2Þ

Si
tð Þ. For a pair of par-

ent-offspring, δð0Þ, δð1Þ, and δð2Þ are 0, 1, and 0, respectively, and the

MGF is MSi
tð Þ=Mð1Þ

Si
tð Þ.

For each pair of related individuals, we estimate probabilities δð0Þ,
δð1Þ, and δð2Þ using raw genotype data. We define twometrics ρ1 and ρ2

as below:

ρ1 =
cov Gi1

,Gi2

� �
2μ 1� μð Þ , ρ2 =

E Gi1
� Gi2

� 1



 


+ E Gi1

� Gi2
+ 1




 


� 2

2μ2 � ð1� μÞ2
, ð13Þ

where ρ1 is 2 times of kinship coefficient which can be obtained from
the GRM, and ρ2 is a method of moments (MOM) estimator for zero-
IBD-sharing probabilities. Note that ρ2 is equivalent to the definition
implemented in previous study44. Since the metrics ρ1 and ρ2 do not
depend on μ, we use genotype of s common variants (e.g. MAF > 0.05)
to empirically estimate them as below

ρ̂1 =
1
s
�
Xs
k = 1

Gi1k
� μ̂k

� �
� Gi2k

� μ̂k

� �
2μ̂k 1� μ̂k

� � , ð14Þ

ρ̂2 =

Ps
k = 1wk �

Gi1k
�Gi2k

�1


 

+ Gi1k

�Gi2k
+ 1



 

�2

2μ̂2
k � 1�μ̂kð Þ2

� �
Ps

k = 1wk

� � ,
ð15Þ

where Gi1k
and Gi2k

are genotypes of variant k of the two related sub-
jects indexedby i1 and i2, μ̂k is the empirical allele frequency, andweight

wk =
2μ̂2

k � 1� μ̂k

� �2
1� 2μ̂2

k � 1� μ̂k

� �2
0@ 1A1=2

ð16Þ

is to characterize the contribution of genetic variant k. Given ρ̂1 and ρ̂2,
IBD-sharing probabilities δð0Þ, δð1Þ, and δð2Þ were estimated by solving a
linear model:

δ̂
0ð Þ
= ρ̂2

1
2 δ̂

1ð Þ
+ δ̂

2ð Þ
= ρ̂1

δ̂
0ð Þ
+ δ̂

1ð Þ
+ δ̂

2ð Þ
= 1

8>>><>>>: ()
δ̂

0ð Þ
= ρ̂2

δ̂
1ð Þ
=2 � 1� ρ̂1 � ρ̂2

� �
δ̂

2ð Þ
=2 � ρ̂1 + ρ̂2 � 1

8>>><>>>: ð17Þ

MGF estimation for families including more than two related
subjects
Suppose that family i≤q includes ni>2 related individuals, we use
Chow-Liu algorithm45 to approximate the discrete joint distribution of
Gi1

,Gi2
, . . . ,Gini

and then estimate the MGF of Si =
Pni

j = 1Rij
Gij

. We let Gi

denote vector Gi1
,Gi2

, . . . ,Gini

� �T
and PrðGiÞ its joint distribution.

Chow-Liu algorithm approximated the distribution PrðGiÞ as

P̂r Gi

� � �Yni

k = 1

P Gimk
jGimh kð Þ

� �
, 0≤h kð Þ<k, ð18Þ

where mk , 1≤ k ≤ni is a rearrangement of integers ranging from 1 to
ni, and the mapping mhðkÞ is called the dependence tree of the
distribution. Define that PðGimk

jGi0
Þ=PðGimk

Þ. For example, a

possible approximation of PrðGiÞ for a 3-member family can

be P̂rðGiÞ=PðGi1
ÞPðGi2

jGi1
ÞPðGi3

jGi1
Þ.

The selection of second-order terms PðGimk
jGimhðkÞ

Þ is the most
critical step for the approximation. Chow-Liu algorithm used a
mutual information IðGij1

,Gij2
Þ, 1≤ j1<j2 ≤ni between Gij1

and Gij2
and

constructed a maximum-weight tree by adding the maximum
mutual information pair to the tree. They further showed that the
maximum-weight tree is the maximum-likelihood estimate of
the distribution. More detailed derivations can be seen in
Supplementary Note.

Given the joint distribution estimation P̂rðGiÞ, the MGF of
Si =

Pni
j = 1Rij

Gij
is estimated as below

MSi
tð Þ=

X
P̂r Gi1

= g1, . . . ,Gini
= gni

� �
� et Ri1

g1 + ��� +Rini
gni

� �
: ð19Þ

In Supplementary Note, we used pedigree data to evaluate the
accuracy of MGF estimation via the Chow-Liu algorithm, as the theo-
retical MGF is accessible given a known family structure. Compared to
relying solely on the normal distribution approximation, Chow-Liu
algorithm can estimate MGF more accurately, regardless of genotype
and phenotype distributions (Supplementary Fig. 29 and Supplemen-
tary Note). Estimating MGF for families with more than two related
individuals using Chow-Liu algorithm is crucial for SPAGRM and
represents a key distinction from NormGRM, which performs poorly
when genotype or phenotype distributions are high unbalanced. Note
that the MGF estimation is based on empirical IBD estimation only,
instead of family structure.
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Saddlepoint approximation to calibrate p values
The CGF of score statistics S is

KS tð Þ= lnMS tð Þ=
Xq
i= 1

lnMSi
tð Þ, ð20Þ

and its first and second derivatives are

K 0
S tð Þ=

Xq
i = 1

M 0
Si
tð Þ

MSi
tð Þ , K

00
S tð Þ=

Xq
i= 1

M 00
Si
tð ÞMSi

tð Þ � M 0
Si
tð Þ

h i2
MSi

tð Þ
h i2 , ð21Þ

where MSðtÞ is the MGF. The variance derived from CGF is
VarCGF Sð Þ=K 00

S 0ð Þ, which is slightly different from Var Sð Þ due to family

size reduction. We calculate adjusted score statistics sCGF = s �ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
VarCGF Sð Þ=VarðSÞ

p
and ζ such that K 0

S ζð Þ= sCGF . Then, we calculate

ω= sgnðζ Þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2ðζ s � KS ζð ÞÞ

p
and ν = ζ

ffiffiffiffiffiffiffiffiffiffiffiffi
K 00

S ζð Þ
p

. According to the
Barndorff-Nielson method37,70, the cumulative distribution function of
S at s is approximated by

P S<sð Þ � F ω+
1
ω
ln

ν

ω

� �� �
, ð22Þ

where F �f g is the CDF of a standard normal distribution.

Strategies to increase computational efficiency
To remain scalable for large-scale biobank-based GWAS, SPAGRM

employs several strategies to enhance computational efficiency.

Pre-calculation of the joint distribution of genotypes
While Chow-Liu algorithm is computationally efficient, it is still not
scalable to repeat it for millions of times. For a given family structure,
the selection of second-order terms PðGimk

jGimhðkÞ
Þ and the corre-

sponding P̂rðGiÞmay also vary depending onMAF. Thus, we use a grid
idea to divide theMAF region into 10 intervals givenMAF cutoffs of 1e-
4, 5e-4, 0.001, 0.005, 0.010, 0.050, 0.100, 0.200, 0.300, 0.400, and
0.500. We first calculate and store the discrete joint distribution of

P̂rðGiÞ at eachMAF cutoff in step 0. Then, we use a linear interpolation

to approximate the discrete joint distribution of P̂rðGiÞ if the MAF falls
within one of the specified intervals in step 2 when needed.

Family size reduction
Suppose that family i consists of ni subjects, the number of all possible
outcomes for the discrete distribution PrðGiÞ is 3ni as the genotype of
each subject can take on one of three values 0, 1, or 2. Hence, the
summation presented above consists of a total of 3ni elements, whose
computational burden increases at an alarming rate with ni. Thus, it is
essential to restrict the family size below a pre-given cutoff (e.g. ≤ 5).
We propose a heuristic greedy algorithm to divide large families into
multiple families with more manageable sizes.

Large pedigree splitting has long been used in family-based link-
age analysis, such as PedCut71 and PedStr72. Unlikemany other splitting
algorithms based solely on the kingship coefficient ρij1 , ij2

to assess the

degree of relatedness, we calculate jρij1 , ij2
Rij1

Rij2
j, 1≤ j1<j2 ≤ni for each

pair of related subjects ij1 and ij2 . First, we iteratively remove the

relatednesspair in the increasingorder of jρij1 , ij2
Rij1

Rij2
j and re-evaluate

the family structure until the largest family size is less than the pre-
given cutoff. Then, we recovered the removed pairs in the decreasing
order of jρij1 , ij2

Rij1
Rij2

j only if the family size is less than the pre-given

cutoff after recovering. The greedy strategy is to reduce the family size
while remaining the largest variance of the original pedigree, and

covariance-like metrics jρij1 , ij2
Rij1

Rij2
j can achieve this aim better than

the kingship coefficients.

Fast version of saddlepoint approximation
In SPAGRM, the most computationally demanding section is the cal-
culation of the CGF KS tð Þ and its derivatives. To alleviate the compu-
tation burden, we adopt the basic idea of fastSPA38 to employ a
partially normal distribution approximation. We use α0:25 and α0:75 to
represent the 25th and 75th percentiles of the model residuals,
respectively. Additionally, we define the interquartile range (IQR) as
α0:75 � α0:25. If amodel residual falls outside the range between α0:75 �
IQR � γ and α0:25 + IQR � γ, it is considered as an outlier residual. In this
paper, we use the default γ = 1:5.

Given the definition of the outlier residual, we reformulate the
score statistics as

S=
Xq
i= 1

Si =
Xq1
i= 1

Si +
Xq2
i= 1

Si, q1 +q2 = q: ð23Þ

Of the first q1 families, each includes at least one outlier residual,
and the remaining q2 families do not include any outlier residual. We
let

So =
Xq1
i = 1

Si, Snon =
Xq2
i= 1

Si =
Xq2
i= 1

Xni

j = 1

Rij
Gij

: ð24Þ

For So, the calculation of the MGF and CGF are the same as in the
previous sections. For Snon, we applied normal distribution approx-
imation to calculate the MGF and CGF. The mean and the variance of
Snon under H0 are

E Snon
� �

= 2μ �
Xq2
i = 1

Xni

j = 1

Rij
, ð25Þ

Var Snon
� �

= 2μ 1� μð Þ � RT
non �Φnon � Rnon, ð26Þ

where μ is the MAF of the genetic variant, Rnon and Φnon are the resi-
duals and the GRM corresponding to the q2 families without any out-
lier residual. Assume that Snon follows a normal distribution, the CGFof
Snon can be approximated by

KSnon
tð Þ= E Snon

� � � t + 1
2
Var Snon

� � � t2, ð27Þ

and the CGF of S= So + Snon can be approximated by

KS tð Þ=
Xq1
i = 1

lnMSi
tð Þ+ E Snon

� � � t + 1
2
Var Snon

� � � t2: ð28Þ

Similar to the normal distribution approximation, we can pre-
calculate commonmetrics of

Pq2
i = 1

Pni
j = 1Rij

and RT
non �Φnon � Rnon. When

calculating KSnon
tð Þ for each genetic variant, only an estimation of μ is

required. Consequently, the partially normal approximation sig-
nificantly reduces the computational burden.

In this paper, we also use a hybrid strategy of normal distribution
approximation and SPA to balance the high computational efficiency

and accuracy. Given a pre-selected cutoff r, if sj j<r �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var Sð Þ

q
, the

normal distribution approximation is applied to calibrate p values,
otherwise, more accurate SPA is used to calibrate p values. In this
paper, we consider r = 2, following fastSPA38.
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Variance ratio adjustment for saddlepoint approximation
Pre-calculation of the joint distribution of genotypes and family size
reduction strategies may slightly compromise the accuracy of SPA.
Thus, we apply a variance ratio adjustment for SPA to ensure the var-
iance fromSPA is accurate. The empirical varianceof the score statistic
is estimated as Var Sð Þ=2μ 1� μð Þ � RT �Φ � R. Define the calculated
variance from SPA as VarSPA, and the variance ratio is
r =Var Sð Þ=VarSPA. Then we use S=sqrtðrÞ as the observed score sta-
tistic for SPA to calibrate p values. Generally, the ratio r is very
close to 1.

SPAGRM(INT) and SPAGRM(CCT) could increase statistical power
Suppose that model residuals obtained from a fitted null model are
R= R1,R2, :::,Rn

� �T , SPAGRM(INT) applies a rank-based inverse normal
transformation (INT)53 to update

eR = eR1, eR2, . . . , eRn

� �T
where eRi =qnorm

rank Ri

� �� c
n+ 1� 2c

� �
, ð29Þ

where rank Ri

� �
is the rank of Ri in model residual vector R, qnormðÞ is

the quantile function of a standard normal distribution. Here we use
the conventional Blom offset of c= 3=8, as in previous study53. Then,
SPAGRM(INT) passed the updated residuals eR to SPAGRM to construct
score statistics S= eRT � G and calculate p values.

We propose SPAGRM(CCT) to aggregate the results following dif-
ferent models via Cauchy combination test (CCT)46. For a genetic
variant, suppose there are d distinct p values from different models or
data transformation, then SPAGRM(CCT) p value is
1
2 � 1

π arctan
Pd

i = 1
1
d tan 0:5� pi

� �
π

� �� �
. For example, SPAGRM(CCT) can

combine p values from SPAGRM and SPAGRM(INT). SPAGRM(CCT) can also
combine p values from GEE with various correlation structures.

Data simulation
We carried out a series of simulations to evaluate the performance of
SPAGRM in terms of type I error rates and power for longitudinal trait
analysis. To mimic real genotypes, we used the real variants of unre-
lated white British subjects in UKB.We randomly selected hundreds of
thousands of common variants (MAF>0:05) and rare variants
(MAF<0:05) from genotype calls (field ID: 22418) and sequencing data
(field ID: 23155), respectively. Then we performed the gene-dropping
simulation52 using these variants as founder haplotypes that were
propagated through the pedigrees of 4 family members and 10 family
members shown in Supplementary Fig. 1. Variants with missing geno-
type rates >0:05 were excluded fromour simulations. Finally, a total of
100,000 common variants (MAF>0:05) and 100,000 rare variants
(MAF<0:05& MAC≥ 20) were chosen for each dataset. Note that we
did not filter for Hardy-Weinberg equilibrium (HWE), so the distribu-
tion of HWE p values for the simulated genotypes resembled that of
real data. Variants with HWE p values below 1e-6 were excluded from
subsequent analyses, unless otherwise specified.

We simulated longitudinal traits following models (3) and (4).
For subject i, the number of measurements mi was simulated
equally distributed ranging from 6 to 15. Three covariates were
simulated as xij and wij : the first one is time-invariant following a
Bernoulli distribution with a probability of 0.5; the second one is
time-invariant variable following the standard normal distribution,
and the third one is time-varying with eachmeasurement following
an independent standard normal distribution. One time-varying
covariate was simulated following an independent standard normal
distribution as zij . In addition, covariates X i, W i and Z i have
an intercept column of ones. We followed Ko et al.22 to set fixed

coefficients β= 1, 0:5, 0:5, � 0:3ð ÞT , τ = 0:25, 0:3, � 0:15, 0:1ð ÞT , and

variance components Σγω =
2 0 0:2
0 1:2 0:1
0:2 0:1 1

0@ 1A. Unless otherwise

specified, we set variance component parameters σ = eσ = 1 to simu-

late random effects bi and
ebi.

We randomly selected 5 common variants and 5 rare variants as
causal variants, and let

gi =
X5
k = 1

θkgik +
X5
j = 1

eθkegik , ð30Þ

where gik and egik are standardized genotypes of the k-th common and
rare variant, respectively, genetic effect sizes θk = � log 10 MAFð Þ×
0:1, eθk = � log 10 MAFð Þ×0:02. To comprehensively evaluate type I
error rates and power formean andWS variabilities, we simulated four
scenarios as below:
1. WSnull/BSnull: τg =0, βg =0;
2. WSalt/BSalt: τg = 1:5, βg = 1;
3. WSalt/BSnull: τg = 1:5, βg =0;
4. WSnull/BSalt: τg =0, βg = 1.

For scenario 1, 10,000 datasets including covariates and long-
itudinal traits were simulated to evaluate type I error rates. For sce-
narios 2-4, 200 datasets were simulated. In total, 1 × 109 tests were
conducted in scenario 1, and 1 × 103 tests were conducted in scenar-
ios 2-4.

To assess type I error rates of SPAGRM in presence of cryptic
relatedness, we selected 50,000 UKB participants of white British
ancestry. Rather than randomly sampling from the full set of 408,961
white British participants, we specifically sampled these individuals
from 186,760 related samples, which excluded unrelated individuals,
to enhance the proportion of related subjects (Supplementary Fig. 6).
Under the null hypothesis of no genetic effects, we simulated long-
itudinal traits following scenario 1. WSnull/BSnull as mentioned above,
except that polygenic effects bi =

Ps
k = 1gikβk and ebi =

Ps
k = 1gik

eβk were
simulatedbasedon s = 50, 000 randomly selected real genotypes from
the odd chromosomes of these individuals, where gik is centered
genotype value for the k-th variant and genetic effects βk ,

eβk �
Nð0, 1=sÞ for mean and WS variabilities, respectively. Each simulation
was repeated 100 times. In total, 100,000 common variants
(MAF>0:05) and 100,000 rare variants (MAF<0:05& MAC≥ 20) were
chosen from the even chromosomes as null SNPs and 1 × 107 associa-
tion tests were conducted, respectively. (QQ plots of p values of
SPAGRM-based methods in presence of cryptic sample relatedness are
displayed in Supplementary Fig. 7. We also evaluated the impact of
pedigree cuts on SPAGRM by setting themaximum family size to 3, 5, 7,
and 10, and applied these settings to the aforementioned cohort with
cryptic relatedness (Supplementary Fig. 8). We also assessed SPAGRM-
basedmethods using a real phenotype (see Supplementary Note). The
results demonstrated that pedigree cuts had minimal impact on
SPAGRM in the UKB analysis, though they did affect run time (Supple-
mentary Figs. 6c, 9, and 10).

We also used alternative settings to simulate longitudinal traits,
distinct from those mentioned above. We first re-simulated scenario 1.
WSnull/BSnull and 2.WSalt/BSalt with the variance component parametereσ =0, mimicking a real-world situation where only a few genetic var-
iants influence phenotypic variance24,26,68. Scenario 1 was replicated
100 timeswith 1 × 107 tests to evaluate type I error rates,while scenario
2 was replicated 200 times with 1 × 103 tests to assess empirical power
(Supplementary Figs. 16 and 17). We also re-simulated scenario 1.
WSnull/BSnull and 2.WSalt/BSalt using an alternativemodel to investigate
the robustness of our proposed method. Instead of the log-normal
model from model (4), we simulated WS random effect ωi from the
natural logarithm of an inverse-gamma distribution, which is
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commonly used as a conjugate prior for variance in Bayesian
statistics69. We used the setting Inv-Gamma(5, 10) without any special
consideration. Supplementary Figs. 18 and 19 indicated that SPAGRM-
based methods are robust to model misspecification.

Longitudinal traits extracted from UK Biobank primary
care data
TheUKBiobank (UKB) primary care data (Category ID: 3001) is derived
from electronic health records (EHRs) maintained by General Practi-
tioners (GPs) from multiple data providers in England, Wales, and
Scotland (see Data availability). As of the latest release in September
2019, approximating 230,000 UKB participants have been linked to
their corresponding primary care data. This dataset includes clinical
event records (Field ID: 42040) spanning over 30 years, rich in infor-
mation of diagnoses, history, symptoms, lab results, and procedures.
Two controlled clinical terminologies, Read version 2 (Read v2) and
Clinical Terms Version 3 (CTV3) are used to record these primary
clinical events.

To generate clinical terms for analyzed longitudinal traits, we
initially established mappings between the Read code look-ups
(Resource 592) and the clinical event records (i.e., gp_clinical table).
Subsequently, we followed a previously validated algorithm48 to cre-
ated Read v2 and CTV3 clinical terms. All terms that appeared >
~10,000 times in the gp_clinical table underwent manual review to
ensure no significant codes were inadvertently overlooked. And clin-
ical terms with low frequency (<100 times), post-treatment, and
exhibited ambiguity were manually excluded for each trait.

For each trait, we extracted the measurements from the gp_cli-
nical table using the previous defined codes, and then compared the
distributions with those obtained from the UKB assessment center (if
available). Referring to the phenotype ranges as well as units provided
through the UKB showcase, we excluded records containing implau-
sible values and unit errors. For phenotypes not present in theUKB, we
performed the quality control according to previous studies and/or
expert knowledge. Taking prostate-specific antigen (PSA) as an
example, we followed Hoffmann et al73. to omit PSA > 10 for low-risk
prostate cancer PSA levels. Expanding upon the QC by Ko et al22., we
also considered the presence of duplicated measurements and outlier
values in the gp_clinical table. In general, if the differences among
repeated observations were within a pre-given cutoff (usually the
standard error of the phenotype), we took the mean of these data or
selected the measurement closest to the individual’s overall mean as
an approximation. Otherwise, repeated rows were excluded to avoid
introducing implausible values. Furthermore, we inspected long-
itudinal values for each individual and removed outliers defined as
values exceeding four times the standard deviation from the individual
mean. Here we take the red blood cell (RBC) as an example to display
the general pipeline of generating phenotypes used in SPAGRM and
TrajGWAS analyses (Supplementary Figs. 30-31).

We particularly emphasize the importance of quality control (QC)
to deal with the raw UKB primary care data. The raw clinical events
often contain a large amount of duplicated records, unit errors, and
implausible values, which should be addressed to ensure the cred-
ibility of the results. For example, when examining raw blood pressure
data, we identified approximately 370,000 rows (4.6%) of duplicated
records. Expanding upon the QC by Ko et al22., we implemented a
refined and meticulous QC pipeline for each of the 79 longitudinal
traits described above. We selected several longitudinal traits to
demonstrate that the refined QC pipeline can help reduce spurious
discoveries and increase statistical power (Supplementary Fig. 32 and
Supplementary Note).

Genome-wide association studies of 79 longitudinal traits
For each trait, we generally adjust for age, age2, sex, age×sex, and BMI
(except for longitudinal BMI) for both mean and WS variability. Age

was treated as time-varying covariates; sex was not adjusted for sex-
specific traits, PSA for male and CA125 for female; BMI at the enroll-
ment visit was extracted from the UKB assessment center (field ID:
21001). All covariates (except for sex) and phenotypes were standar-
dized with the mean of zero and variance of unity. We additionally
adjusted for the first ten principal components (PCs) on the mean
component. PCs were not adjusted for the WS variance because this
makes no differences for the final results22. Furthermore, we included
smoke status and genotyping array as additional covariates for pul-
monary measures (FEV1, FVC, FEV1/FVC ratio, and PEF). Supplemen-
tary Table 6 gives detailed information about covariates correlation.

We also controlled the effects of medication and/or operation on
certain traits. We follow similar framework for these biomarkers also
evaluated in Ko et al.22. That is, adding 15mmHg for SBP and 10mmHg
for DBP to the raw records for subjects taking blood-pressure-lowering
medication74; adding 0.208mmol/L for triglycerides, 1.347mmol/L for
total cholesterol, 1.290mmol/L for LDL cholesterol, and subtracting
0.060mmol/L for HDL cholesterol for subjects taking lipid-controlling
treatments75. For glycemic measures (HbA1c, random and fasting glu-
cose) and non-HDL cholesterol, a sensible adjustment factor was not
available. Thus, we used an “indicator”method by treating medication
as a covariate for both mean and WS components. Operation effects
were hard to evaluate; thus, we excluded subjects who had ever taken
surgical resections of the prostate for PSA, and subjects who had ever
takenpituitary and thyroidectomy for TSH, free triiodothyronine (fT3),
and free thyroxine (fT4).

We extracted genome-wide significant genetic variants with p
values less than 5 × 10�8. We generally excluded variants with MAF
<0:002 for TrajGWAS, due to its inability to control type I error rates
for ultra-rare variants when testing WS variance (i.e., τg ). Significant
variants identified by SPAGRM, located >200 kb away from any sig-
nificant variants detected through TrajGWAS, were clustered as one
locus. These were defined as additionally discovered loci by the
SPAGRM. Similarly, we alsodefined loci thatweremissed by the SPAGRM.
Taken 200 kb as one locus, we identified distinct genome-wide sig-
nificant variants discovered by SPAGRM, along with few markers addi-
tionally detected through TrajGWAS. Moreover, we used ANNOVAR76

to functionally annotate these variants.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The individual-level genotype and phenotype data are available
through formal application to the UK Biobank (http://www.ukbiobank.
ac.uk). Description of UK Biobank primary care data is available at
https://biobank.ndph.ox.ac.uk/ukb/label.cgi?id=3001. Results from
the genome-wide association study analyses in this paper are available
on Zenodo at https://doi.org/10.5281/zenodo.14633793 (ref. 77).

Code availability
SPAGRM is implemented as an open source R package available at
https://hexupku.github.io/SPAGRM.github.io/. Code used to generate
simulation results, real data analyses can be found on Zenodo at
https://doi.org/10.5281/zenodo.14619471 and on Github at https://
github.com/HeXuPKU/SPAGRM (ref. 78). TrajGWAS (version 0.4.6)
can be found at https://github.com/OpenMendel/TrajGWAS.jl. GRAB
(version 0.1.1) can be found at https://wenjianbi.github.io/grab.github.
io/. GCTA (version 1.94.1) can be found at https://yanglab.westlake.
edu.cn/software/gcta/#Overview.
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