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Abstract

Logistic regression is the primary analysis tool for binary traits in genome-wide association
studies (GWAS). Multinomial regression extends logistic regression to multiple categories.
However, many phenotypes more naturally take ordered, discrete values. Examples include (1)
subtypes defined from multiple sources of clinical information and (2) derived phenotypes
generated by specific phenotyping algorithms for electronic health records (EHR). GWAS of
ordinal traits have been problematic. Dichotomizing can lead to a range of arbitrary cutoff values,
generating inconsistent, hard to interpret results. Using multinomial regression ignores trait value
hierarchy and potentially loses power. Treating ordinal data as quantitative can lead to misleading
inference. To address these issues, we analyze ordinal traits with an ordered, multinomial model.
This approach increases power and leads to more interpretable results. We derive efficient
algorithms for computing test statistics, making ordinal trait GWAS computationally practical for
biobank scale data. Our method is available as a Julia package OrdinalGWAS.jI. Application to a
COPDGene study confirms previously found signals based on binary case-control status, but with
more significance. Additionally, we demonstrate the capability of our package to run on UK
Biobank data by analyzing hypertension as an ordinal trait.
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1 Introduction

COPD:

Genome-wide association studies (GWAS) have enjoyed many successes and uncovered
many clues to the genetic etiology of common diseases (Visscher et al., 2017). Large
international consortia are now undertaking collaborative meta-analyses of the results of
separate GWAS, utilizing effective sample sizes of tens of thousands of individuals for
discovery and replication of increasingly modest genetic effects. Besides larger sample sizes,
richer information is available. For instance, UK BioBank (Sudlow et al., 2015) and the
Million Veteran Project (Gaziano et al., 2016, MVP) contain electronic health records (EHR)
of individuals along with their genomic information. Big data bring both blessings and
curses. One particular challenge is to properly define phenotypes that are both meaningful
and powerful for genetic association testing. Both classical genetic epidemiology studies and
EHR can possess hundreds of clinically relevant variables that are associated with the
underlying phenotypes of interest. In contrast to directly available phenotypes, derived
phenotypes are generated by potentially complicated phenotyping algorithms. Below are two
examples.

For classifying chronic obstructive pulmonary disease (COPD), the Global Initiative for
Chronic Obstructive Lung Disease (GOLD) has proposed a simple algorithm to classify
cases into stages 1 to 4, ranging from least severe to most severe (Vestbo et al., 2013). Three
quantitative measures - forced expiratory volume (FEV1), forced vital capacity (FVC), and
forced predicted expiratory volume (FEV1-predicted) are used to define the GOLD
categories. Under this classification individuals with an FEV1/FVC ratio that is less than
0.70 are considered cases with severity increasing as FEV1-predicted value decreases.
Individuals with an FEV1/FVC ratio that is at least 0.70 and an FEV1-predicted that is at
least 80% are considered unaffected. Individuals with a FEV1/FVC ratio of at least 0.70, but
have a low FEV1 predicted value (< 80%) are categorized into a GOLD unclassifiable
category (Wan et al., 2011). These individuals are typically analyzed separately.

Not a case: FEV1/FVC = 0.7 and FEV1-predicted = 80%;

GOLD unclassifiable: FEV1/FVC = 0.7 and FEV1-predicted < 80%;

GOLD stage 1 (mild): FEV1/FVC < 0.7 and FEV1-predicted = 80%;

GOLD stage 2 (moderate): FEV1/FVC < 0.7 and 50% < FEV1-predicted < 80%;
GOLD stage 3 (severe): FEV1/FVC < 0.7 and 30% < FEV1-predicted < 50%;

GOLD stage 4 (very severe): FEV1/FVC < 0.7 and FEV1-predicted < 30%.
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Figure 1 shows the correspondence between GOLD values and FEV1 predicted and FVC in
the COPDGene study (Regan et al., 2010). One can carry out association testing of the
bivariate trait (FEV1, FVC) or (FEV1/FVC, FVC). However multivariate modeling requires
more parameters and the SNP effects may not correlate with GOLD stages, leading to hard
to interpret results. Current GWAS were performed as a case-control study by treating
individuals in the not a case category as controls and individuals with GOLD stages 2—4 as
cases (Lutz et al., 2015). This approach, although statistically permissible, is inefficient
because it assumes that the odds of disease are the same in groups 2—4 and omits group 1
entirely.

EHR-based phenotyping:

Recently EHRs have emerged as a major data source for clinical and health services
research. It has been a common practice to extract a patient’s disease status by automated
phenotyping algorithms applied to EHR. Compared to the COPD example, the output from a
phenotyping algorithm can have more categories as the underlying information is more
complex. For example, Eastwood et al. (2016) developed an EHR algorithm to classify Type
2 diabetes (T2D) prevalence for the UK Biobank data, a biobank study that has phenotypic
and genotypic data on over 500,000 people. Based on several different features in the EHR
including diabetes diagnostic codes, diabetes medication, hyperglycemia in blood results
defined by HbA, . and fasting glucose levels, and presence of diabetes process of care codes,
the algorithm categorizes individuals into different categories that relate to how likely they
are to have diabetes. The algorithm classifies individuals into categories diabetes unlikely,
possible type 2 diabetes, probable type 2 diabetes, and probable type 1 diabetes. Excluding
those diagnosed with probable type 1 diabetes, ordinal phenotype labels are produced.

In both cases, the derived phenotypes take discrete, ordinal values. GOLD status clearly
correlates with lung function. Labels from the EHR phenotyping algorithm for T2D indicate
a hierarchy in the uncertainty in disease diagnosis. Often, the analysis strategy reduces
ordinal values to two categories and resorts to logistic regression for case-control studies.
COPDGene study reports GWAS results using not a case as controls and GOLD stages 2—4
as cases (Lutz et al., 2015). In the T2D phenotyping algorithm (Eastwood et al., 2016), there
are 3 possible case groups. Similarly the algorithm for T2D control can also have multiple
categories leading to at least three possible case-control cohorts. This freedom in the choice
of case and control labels necessitates multiple analyses of the same data. Besides needing to
pay a price for more testing, inconsistent findings from these correlated analyses can be
difficult to reconcile. To address this issue, we propose using the ordered multinomial
regression in association studies of ordinal traits. Taking ordinality into account can
significantly boost the power in association studies.

Ordinal categorical data analysis has been a well studied area in statistics (Agresti, 2010).
However it has attracted relatively less attention in genetic association studies. Morris et al.
(2010) use multinomial regression for GWAS on multi-category traits. However,ignoring
order information may lead decreased power. Several authors (O’Reilly et al., 2012; Wang,
2014) treat genotypes as ordinal responses and regress genotype dosage on multiple
phenotypes. This retrospective approach ignores the ordinal feature of the phenotypes, is not
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easily generalized to multilocus models and gene-by-environmental interactions, and the
results can be difficult to interpret. Treating the ordinal values as a univariate quantitative
trait is also commonly used in practice. In the binary case, this strategy can be justified as a
first order approximation to logistic regression (Agresti, 2018). For multiple categories,
unequal distances between the categories can violate the assumptions of linear regression
and lead to incorrect inference. For instance the distance between mild pain and moderate
pain can be different from that between moderate pain and intense pain. However, the
ordering is clear.

In this article we make several substantial contributions to GWAS for ordinal phenotypes.
First, we systematically investigate the performance (type I error and power) of the ordered
multinomial model in comparison with linear regression (treating ordinal traits as continuous
traits), logistic regression (by dichotomizing ordinal traits), and multinomial regression
(ignoring ordinality), in a variety of genetically plausible scenarios. Second, we derive an
efficient testing strategy that is scalable to GWAS on biobank data. Our test applies to a
single SNP, SNP-sets, or SNP-environment interactions. Third, we implement the
methodology in the open source, high performance language Julia, which is available for
free at https://github.com/OpenMendel/Ordinal GWAS.jl.

2 Methods

2.1 Association mapping with ordered multinomial models

We assume that trait Y'takes ordinal values j € {1,...,J}. For example, in the COPD
example J=5 (excluding the unclassifiable category). Denote the cumulative probabilities of
the trait value Y;of ~th individual by

ajj=P(Y; < ).

Since a;;= 1, we only need to model /- 1 cumulative probabilities. Ordered multinomial
model (Agresti, 2010) links a ;to covariates X, by

glaij)=0j—x/ B j=1,.d—1,

where g is a strictly increasing link function, the intercepts ¢; satisfy the monotonicity
constraint 9; < 6, < --- < 8y _ 1, and Bare the regression coefficients for covariates. This
assumes regression coefficients g have the same effects on each of the the response
categories but each category has its own intercept. The maximum likelihood estimate (MLE)
of parameters 6 = (64, ..., 6 _ 1) and Bis the maximizer of the sample loglikelihood.
Different choices for the link function g lead to the classical proportional odds model (logit
link), ordered Probit model (Probit link), or proportional hazards model (cloglog link). In
practice, we choose the link function based on data according to goodness of fit measures
such as the deviance (-2 x loglikelihood) at respective MLEs.
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Under the logit link, the effect size can be interpreted as the expected change of the response
variable in the ordered-log odds scale for a one unit increase in the predictor. For example,
an effect size of 0.25 gives odds ratio of 1.28, which can be interpreted as the odds of being
in a higher grouping (e.g. severe and most severe) is 1.28 times greater than being in a lower
grouping (e.g. mild and moderate). Other link functions yield less interpretable effect sizes.

Suppose x € R” contains p non-genetic covariates, such as age, sex, smoking status and
ethnic ancestry proxies (e.g. first few principal components of the genotype matrix), and

G € RY contains the genetic information to be tested. For a single SNP, G is the scalar
genotype dosage. For a SNP-set, G is the genotype dosage vector of g SNPs. To test gene-
by-environment (GXE) including gene-by-drug interactions, G contains both genotype
dosage and its interaction with other covariates. The likelihood ratio test (LRT) compares the
loglikelihood at the MLE of the full model g(aij) =0;- xTp — GTy to that at the null model
gaij)=0;— xT'. LRT enjoys higher power than the score test and Wald test at small to

moderate sample sizes and also outputs effect sizes. However, in the GWAS setting, the full
model needs to be re-fitted at each single SNP or SNP-set, which becomes computationally
challenging for biobank scale data. In contrast, the score test only requires fitting the null
model once for the entire GWAS. Testing each SNP only involves forming the score test
statistic and is computationally cheap. A practical strategy is to perform a score test on all
SNPs first and then only the top SNPs with the most significant score test p-values are
reanalyzed by the slightly more powerful, but much slower, LRT. When sample size (e.g., 7
= 2500 or greater) is reasonable, score test provides comparable power with LRT
(Supplementary Material Section S.6 and Supplementary Figure 9).

2.2 Score tests for individual SNPs, SNP-set or GXE

Let i denote the inverse link function g1. The loglikelihood of a single observation (y;, x;) is
£i0,p) = ln(aij - j— 1)
= n[(By; — = §) = ul0y; — 1= 1)
= lnpiyl-

with score (gradient)

-1, T .

pij w(0;=xB)  yi=)

9 .
va,(ﬁ,ﬁ) = _pi_,}+ 114/(9j _ xl-Tﬁ)yl =j+1
0 otherwise

Vpti®.p) = — piy w0y = x] B) = w(y; - 1~ x] B)]x;

and Hessian
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o (0= x8) = o w0, ~<T o) vi=i=J
2 —pi_,}-+ VAUSEIE [p,-_,}+ (0 - XiTﬁ)]2 yi=j+l=j+1
9000, 1P = pifu (05— xF (o — 1 - xI'p) vi=j=J+1
P71k 1 =T )0 - T p) yi=i=j+1
0 otherwise

{—pi_jlu”(Gj - x,-Tﬂ) + pi_jz[#’(ﬁj - xiTﬁ) - ﬂ’(ej -1- xiTﬁ)]u’(Hj - xiTﬁ)})w yi=J

Vﬂ%f"(e’ h = {P,_jl+ 1/4”(9j - X,Tﬂ) —P,'_,qu. 1[}4'(¢9j+ 1- X,Tﬂ) - ﬂ'(Hj - x,Tﬁ)]ﬂ'(@j - x,Tﬁ)}xi yi=j+1

0 otherwise

I O R ) R, O R O M

The Fisher (expected) information matrix (FIM) has entries

(pi_jl + p:} + 1)[/4’(91' - x;rﬂ)]2 j=J
- Mf.’—;&(e, ﬁ)] e w0 =<l (o1~ xTB) =i
Y —pi e 1w(05=xTo(0j 4 12T p) i =i+1

0 otherwise

E

[E[- Vﬂa%jfi(& ﬂ)] = [p,-_jlu’((?j -1- xiTﬁ) - (Pj_jl + pi_,}+ 1)/4’(9j - xiTﬂ)

+p{} + 1/4’(0j +1— xiTﬁ)]u’(é'j - xiTﬁ)xz'

J
E[-v3e0.p| = X i (05~ xT )~ w0y - 1 T 8) P
=1

We partition the FIM at the null model, i.e., y; = - =y, =0, as
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6 - Oy B - B om o Y

and denote the score vector (gradient) with respect to y at null model as R. To test
significance of y, we calculate the score test statistic as
1

S= RT(Q —wlp~ )_1R

and compare to the Chi-square distribution with g degrees of freedom. P71 is pre-computed
and, for each SNP or SNP set, we only need to update W and Q, which cost O(¢® + ng?)
flops. Since g is typically small, the computation cost scales linearly with sample size,
making it scalable to biobank data with 10° ~ 106 samples and millions of SNPs.

2.3 Software

We have developed a package using the high performance dynamic programming language
Julia (Bezanson, Edelman, Karpinski, & Shah, 2017) to perform GWAS analyses on single
SNPs, SNP sets, or GXE interactions (https://github.com/OpenMendel/Ordinal GWAS.jl) as
part of the OpenMendel umbrella (Zhou et al. (2019)). Users can run the software on Julia
version 1.0 or later, or use Docker without installing Julia. Our package allows easy
specification of the type of test (score or LRT), link function, covariates to include in null
model, masks for SNPs or samples, and formula for interactions. The package requires a
covariate file, genotype data, and a formula for the null model. It outputs a text file in
comma separated values (CSV) format with p-values and relevant information for each SNP,
including fitted effect size coefficients if the LRT option is specified, and another text file
with the fitted null-model.

For large data sets, a practical strategy is to perform score tests first, then re-do an LRT for
the most promising SNPs according to score test p-values. Running the score test allows
very quick screening of significant SNPs compared to the LRT, which is especially
advantageous for large datasets. As mentioned in the methods section, the two tests are
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asymptotically equivalent and when tested through simulations, the two tests yielded similar
power even at a modest sample size of 2500. It is recommended to screen SNPs using the
score test if time and computational resources are limited, and then evaluate the LRT on
SNPs that meet a threshold significant to the investigator to retrieve the LRT p-value along
with the estimated effect size. If the investigator needs effect size estimates of all SNPs or if
computational resources and time are not important, then using the LRT for all SNPs will be
preferable. The choice of link function may depend on several factors. The logit link
function yields easily interpretable results and is widely used as it results in the proportional
odds model, but the results can change based on the link function used. In our analyses, we
use the link function that yields the highest loglikelihood for the null model.

3. Results

3.1 Simulated data examples

To assess the adequacy of the ordered multinomial model in a GWAS setting, we performed
type | error and power comparisons between ordered multinomial regression with logit link
function, linear regression, logistic regression, and multinomial regression in a simulation
setting. We generated covariates age and gender from Normal(u = 45, o2 = 64) and
Bernoulli(pmale = 0.51) distributions respectively. The effects of the gender and standardized
age variables were set to 1.0 and 2.0 respectively. The genotype vector was generated
according to Hardy-Weinberg Equilibrium (HWE) with varying minor allele frequencies
(MAFs) between 5% and 20%. The response variable was generated using a proportional
odds assumption from the simulated covariates, genotype vector, and effect sizes with a total
of 4 ordered categories. For the logistic regression, we dichotomized the ordered response
variable as Jjogit = O if the ordinal variable was 1 or 2, and Jjogit = 1 if the ordinal variable
was 3 or 4.

The heterozygous ordered log odds multiplicative effect size for each minor allele of the
genotype vector, y, was varied from the null value of 0 to 0.5. Different intercept values, 6,
were also tested. We used 106 replicates for each null effect size scenario to evaluate the
type | error. We used 1000 replicates at each non-zero effect size to test the power of the
model. Sample size varied from 2000 to 10, 000. The p-values of the ordered multinomial
regression are derived from using the score test statistic. Results of different settings for type
I error are shown in Table 2. QQ plots where 8= (0.1, 3.0, 3.1), the MAF = 0.2, and the
sample size was 5, 000 are displayed in Figure 2. The p-values for the logistic and
multinomial regression show heavy tails, indicating overall significant (inflated) p-values.

The results of our power analysis are displayed in Figure 3 where a significance level of
107> was used. We show that there are conditions where the ordered multinomial model has
distinctively higher power than other commonly used existing methods. When the
underlying intercept values, 6, are disproportionately non-uniform (right panel of 3), which
can happen in a real-world setting, using logistic regression can have over 30% reduced
power over the ordered multinomial regression. When @is set to a more favorable scenario
for logistic regression, there is less of a difference in power, but the ordered multinomial
method still performs well, where the multinomial regression does less favorably.
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In terms of power, the ordered multinomial method has several advantages. It does not
assume linear spacing between ordinal categories, so it applies to real-world settings where
the definition of ordered variables depends on several different measures. The ordered
multinomial model also only needs to estimate one more parameter for each category added
(K - 2 more parameters than binary logistic regression for K ordinal categories). In contrast
the multinomial regression requires an additional set of all parameters for each additional
category, which can result in overfitting and a loss in power. The use of logistic regression in
ordinal data has been ad hoc. It is common to run several regressions on different grouping
of cases and controls and then examine the overlap. Another approach is to omit the in-
between categories, which reduces sample size and power. Using an ordered multinomial
regression allows for much of the data to be used while maintaining a rather parsimonious
model.

We detail power simulation results for GXE and SNP-set analysis in supplementary material
S.5. In summary, our results are similar to the single SNP results in that there are highly
plausible scenarios in which the ordinal multinomial model outperforms the common
existing methods for both GXE and SNP-set analyses.

3.2 COPDGene GWAS

We apply our method to COPDGene, a large case-control sample of well-characterized
smokers from a genome-wide association study of respiratory disease. Data were requested
through NCBI’s dbGAP repository under study accession: phs000179.v6.p2. It includes
10,192 non-hispanic white (NHW) and African American (AA) current and former smokers
with airflow obstruction ranging from none to GOLD stage 4 (very severe) COPD. The
study design of COPDGene has been reported previously (Regan et al., 2010). Briefly, the
subjects are included between the ages of 45 and 80 with at least a 10 pack-year smoking
history. Exclusion criteria include pregnancy, history of other lung disease except asthma,
prior lobectomy or lung volume reduction surgery, active cancer undergoing treatment, or
known or suspected lung cancer. Because Lutz et al. (2015) analyzed AA and NHW
separately, we applied our method to the larger of the two populations, the NHW population,
which includes 6678 individuals after data quality control and exclusions. Details
concerning genotyping, quality control, and imputation are posted on the COPDGene
website (http://www.copdgene.org). Variable final goldbased on the GOLD’s guidelines for
classifying COPD was used. Summary statistics of the cohort are shown in Supplementary
Material section S.1 and Supplementary Table 1. Histograms of minor allele frequencies,
missing SNPs per person, and missing people per SNP of the NHW COPDGene genotype
data are shown in Supplementary Material Figure 1.

We compare our method using the logit link function to the method previously used to
analyze the data, logistic regression, and find that our ordinal regression method produces
similar, and in some cases more significant results. After excluding data from the individuals
with missing data (19 individuals), and those in the unclassifiable category (FEV1/FVC ratio
> 0.7 but predicted FEV1 < 80%) (698 individuals), ordinal multinomial GWAS was run on
data from a total of 5,953 individuals and 630,860 SNPs controlling for gender, age, pack
years, height, and the first ten principal components as was done in Lutz et al. (2015). For
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logistic regression, we ran the model using category 0 as controls and categories 2—4 as
cases. The score test was used on all SNPs, with the LRT run for the top hits (p-value <
107). Figure 4 presents the Manhattan plots of the results of the logistic and ordered
multinomial GWAS. The ordered multinomial and logistic regressions produce similar
results with peaks appearing on chromosome 15 (p-value = 2.761 x 101 for ordered
multinomial and p-value = 1.232 x 1078 for logistic). The difference in the magnitude of the
p-values is quite impressive, with the more significant signal coming from the ordered
multinomial regression. Ordered multinomial regression produces potential signals on
chromosomes 3 and 4, whereas logistic regression produces a signal on chromosome 4 and
but no clear sign of a potential signal on chromosome 3. The nearest gene to the SNP
relating to the potential signal using ordered multinomial regression (p-value = 5.731 x
107") on chromosome 3 is EEFSEC, which has been shown to be associated with COPD
(Hobbs et al., 2017). Locuszoom plot of association results, linkage disequilibrium and
recombination rates around the top hits can be found in Supplementary Material section S.2
and Supplementary Figure 2.

Our implementation in Ordinal GWAS.jIis fast. GWAS analysis on a standard laptop running
Mac OS with a quad-core processor took just under 3.5 minutes.

Under an extreme case, where we remove all individuals in the middle and only run the
GWAS on individuals falling under ot a case and GOLD stage 4, we see a general trend
that effect sizes are larger, but p-values are less significant. Manhattan plot for this analysis
is in Supplementary Figure 3. Here we see that using different criteria for binary variables
can lead to different, and therefore less interpretable results. Since the cutoff point for
generation of binary variables from ordinal ones is arbitrary, two analyses on the same data
may yield different results. Although linear regression on ordinal variables leads to problems
with interpretability, we ran linear regression GWAS on the COPDGene data and have
included the Manhattan plot in Supplementary Figure 4. Interestingly, but not completely
unexpected when dealing with real data, the peak on chromosome 15 is slightly more
significant with linear regression than with ordinal multinomial regression.

3.3 Hypertension GWAS in UK Biobank

Hypertension is a heritable trait (Mufioz et al., 2016) and a modifiable driver of risk for
stroke and coronary artery disease. It is a leading cause of global mortality and morbidity
(GBD 2015 Risk Factors Collaborators, 2016). GWAS meta-analyses and analyses of
custom or exome content have identified and replicated genetic variants associated with
elevated blood pressure (BP) and severe hypertension at over 120 loci (Warren et al., 2017).
These researchers carefully construct a single quantitative measure of blood pressure and
find many associated loci, replicating previous findings and discovering new potential loci.
However none of the existing studies look at SNPs associated with hypertension as an
ordinal trait due to the lack of computational tools for analyzing ordinal outcomes at
biobank scale. Here we demonstrate the ability of our software by applying it to the UK
Biobank blood pressure dataset. The UK Biobank is a prospective cohort study of
approximately 500,000 men and women aged 40 to 69 years with extensive baseline
phenotypic measurements, stored biological samples and follow-up by EHR linkage
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(Sudlow et al., 2015). In this section, we report the association between five categories of
hypertension (defined using 2017 guidelines (Whelton et al., 2018)) and genetic variants
among participants in UK Biobank.

We define hypertensive phenotype based on 2017 Guideline for the Prevention, Detection,
Evaluation, and Management of High Blood Pressure in Adults (Whelton et al., 2018).

Normal: SBP/DBP less than 120/80 mm Hg;

Elevated: SBP between 120-129 mm Hg and DBP less than 80 mm Hg;
Stage 1. SBP between 130-139 mm Hg or DBP between 80-89 mm Hg;
Stage 2: SBP at least 140 mm Hg or DBP at least 90 mm Hg;)
Hypertensive crisis: SBP over 180 mm Hg and/or DBP over 120 mm Hg.

Our GWAS analysis is performed using data from the second release of UK Biobank
participants. Individuals from UK Biobank were genotyped at ~800,000 SNPs with a custom
Affymetrix UK Biobank Axiom array. Non-imputed data were used in the analysis.
Information on UK Biobank array design and protocols is available on the UK Biobank
website. Following quality control procedures already carried out centrally by UK Biobank,
we excluded samples with quality control failures, sex discordance and high heterozygosity/
missingness (n=968). We further restricted our data to a subset of individuals of European
ancestry and exclude first- and second-degree relatives using kinship data leading to the
exclusion of data from another 150,832 individuals. This leads to a sample of n = 337,545
individuals. We filtered samples by 98% genotyping success rate on all chromosomes and
SNPs by 99% genotyping success rate and a MAF of at least 2% over the whole population.
These measures result in n = 185,565 individuals and 464,137 SNPs for analysis.

Baseline characteristic of 185,565 participants are shown in Supplementary Material section
S.3 and Supplementary Table 2. There are 34,009 (10.0%) participants who had undertaken
hypertension related medications at baseline. These people were excluded from the analysis.
Five categories of hypertension were first defined by their systolic and diastolic blood
pressure (SBP and DBP). The final set of individuals are distributed as 16% with normal
blood pressure, 13% with elevated blood pressure, 27% in stage 1 hypertension, 40% in
stage 2 hypertension, and 2% in hypertension crisis. We compare our method to GWAS
using logistic regression, defining hypertension cases as belonging to stage 2 or higher as
done in Warren et al. (2017). We recalculated principal components using FlashPCA after
filtering individuals and SNPs through QC filters, because the subset of individuals we
analyze are exclusively of British ancestry, and the original principal components were
calculated before filtering (Abraham, Qiu, & Inouye, 2017). Our hypertension GWAS
analysis includes the following covariates: sex, center, age, age?, BMI, and the top ten
principal components to adjust for ancestry/relatedness. We used the logit link function for
the ordered multinomial GWAS as it yielded the highest loglikelihood for the null model.
The score test was used on all SNPs, with the LRT run for the top hits (p-value < 1078). The
Manhattan plots are displayed in Figure 5 and the QQ plots in Supplementary Figure 5.
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Information on the top hits from Ordinal GWAS on the UK Biobank data is included in the
Supplementary Tables. The genomic inflation factor from Ordinal GWAS is 1.252, a high,
but expected value for polygenic traits like blood pressure in a GWAS that includes a large
sample size and many SNPs in high LD (Evangelou et al., 2018). The analysis took 181
minutes to run on a standard laptop with a quad-core processor running on Mac OS.

The use of logistic regression on the binary hypertension variable yielded hits at similar
locations, with less significance. The genomic inflation factor was similarly high at 1.173.
As in the case of our COPD analysis, the logistic and ordinal multinomial regression
analyses gave qualitatively similar results with, in general, the ordinal multinomial
regression providing more power than the ordinal regression. Overall our results are
consistent with the polygenic nature of blood pressure with log odds ratios of significant hits
ranging between —0.0773 and 0.1107. In general, rare variants tended to have higher effect
sizes than common variants.

We also performed SNP-set and GxE analysis to demonstrate our software’s capability to do
so on the UK Biobank data. GXE was run with sex as the environmental variable on the
SNPs that passed (p-value < 1078) from the original analysis. Results of this analysis are
found in Supplementary Table 4. The Manhattan plot for the SNP-set analysis with a
window size of 20 SNPs is in Supplementary Figure 6.

4 Discussion

We have developed a method tailored to GWAS on ordinal traits. In many instances, it
increases power and allows for a more simplified setup and interpretation than existing
approaches, since cutpoints for transforming ordinal traits into binary traits are usually
arbitrary and not agreed upon. The strategy of conducting a score test on each SNP and then
only running a likelihood ratio test on the top SNPs allows our method to scale to biobank
scale GWAS data sets.

We have shown that the model has appropriate type | error when looking at various sample
sizes and minor allele frequencies, while logistic and multinomial regression can result in
inflated type I error under certain conditions. We have shown situations where using ordered
multinomial regression can lead to significant power gains over logistic regression when the
specification of the logistic case/control response variable is poor. Our framework will be
most useful in finding causal loci related to complex diseases that have no clear distinction
between what constitutes a case versus a control, but where disease progression can be well
specified.

Besides single-SNP GWAS, our software also implements GWAS for SNP sets and GXE
interactions. This allows for many more types of GWAS to be performed with ordinal
outcomes and covers much of the current existing needs.

Other models that relax the proportional odds assumption may be useful to explore. These
models, such as a partial proportional odds model (Peterson & Harrell, 1990), allow for
some covariates to violate the proportional odds assumption, but they lead to less
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parsimonious models and less interpretable results since a separate effect size and p-value is
produced for each group of ordered outcomes.

For the COPDGene data, our method had a much stronger signal than logistic regression on
chromosome 15. Ordered multinomial regression had a suggestive signal on chromosome 3
that has been associated with COPD from another study, but missed by the logistic
regression. Although we did not recover the Bonferroni-corrected signal that logistic
regression did in the COPDGene data, the signal on the SNP was still suggestive and the
lowest p-value above the threshold. We suspect the lower p-value could be due to the fact
that the SNIP heavily violated the proportional odds assumption. However, it is difficult to
verify this. Current tests for the proportional odds assumption have been described as very
liberal, often leading to rejection when there are many parameters in the model or the sample
size is large (Allison, 1999).

Our software scales to biobank data with hundreds of thousands of individuals genotyped at
hundreds of thousands of SNPs. Our goal in analyzing the UK Biobank blood pressure data
were not to report new findings for hypertension, but to demonstrate the scalability of our
method and to show how the results of ordinal multinomial regression differ from those of a
standard logistic regression analysis. When applied to the UK Biobank data, signals were
generally substantially stronger than those from logistic regression on the binary
hypertension variable using the same individuals in both analyses. Comparison to other
analyses of the UK Biobank blood pressure data is not straightforward and we do not
recommend it. There are a number ways of our treatment of the data deviates from previous
studies besides treating the outcomes as ordered categories (Evangelou et al., 2018; Warren
etal., 2017). We used non-imputed, hard genotype calls whereas other studies used imputed
fractional dosage data. By not using imputation we analyzed far fewer markers and excluded
more individuals. We used genotype and phenotype data on 185,565 individuals of British
ancestry, whereas other studies used genotype and phenotype data on individuals with
European ancestry. We excluded individuals who took blood pressure medications whereas
other studies adjusted for medication use. Our results use only UK Biobank data whereas
other studies report results of meta-analyses. It is thus not surprising that our results differ
from previous blood pressure trait GWAS with UK Biobank. Still, even with all the caveats,
a large number of the loci, notably CACNB2, MTHFR, and PLCD3, have been reported to
be linked to hypertension in previous studies (Levy et al., 2009; Newton-Cheh et al., 2009;
Thomsen et al., 2017).

In summary, we have developed an ordinal multinomial regression approach for GWAS of
hundreds of thousands of individuals. The method has similar computational requirements as
score tests for logistic regression but it is more powerful for analyzing ordinal data. Our
software is easy to use and freely available at https://github.com/OpenMendel/

Ordinal GWAS.jl as part of the OpenMendel ecosystem (Lange et al., 2013; Zhou et al.,
2019).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1:

GOLD stage values plotted with FVC and FEV1 predicted values.
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Figure 2:
QQ plots of p-values from type | error simulation for 8= (0.1, 3.0, 3.1) at MAF = 0.2 and

sample size n = 5000. Regression type is displayed above each plot.
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These plots display the power of ordered multinomial, linear regression, logistic regression,
and multinomial regression based on 1000 replicates of generating data with four ordered
categories from a proportional odds assumption with a sample size of n = 5000 at a 107>
significance level. Minor allele frequency of the simulated causal variant is 0.20 and
intercept values for the simulated response variable are 8= (1.0, 1.2, 1.4) for the plot on the
left and @= (0.1, 3.0, 3.1) for the plot on the right. Effect sizes, y, range from 0.0 to 0.5.
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Figure 4:
Manhattan plots for the COPD GWAS results in COPDGene. Left is the Manhattan plot

using logistic regression. Right is the Manhattan plot using ordered multinomial regression.
The blue line indicates the Bonferroni correction threshold.
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plot using logistic regression. Right is the Manhattan plot using ordered multinomial
regression. The blue line indicates the Bonferroni correction threshold.

Genet Epidemiol. Author manuscript; available in PMC 2021 July 05.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

German et al.

Table 1:
Commonly used ordered multinomial models.
Link g Model
Logit gl)y=al/(l —a) proportional odds model
Probit g(a@) = (I)_l(a) ordred Probit model

Cloglog  g(a) = log( —log(1 — a)) proportional hazard model
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Table 2:

Page 22

Empirical type | error rates (x107°) at significance level 107> based on 1,000,000 replicates. All Standard
errors for all estimated type | errors are all smaller than 4.25x1076.

0=(10;12;14) 6=(0.1; 3.0; 3.1)
n MAF Linear Logistic Multinomial Ordinal Linear Logistic Multinomial Ordinal
2000  0.05 1.2 1.0 1.2 1.0 1.0 0.8 0.5 1.0
0.10 1.6 13 0.9 11 0.8 0.6 0.5 0.9
0.20 0.7 0.7 1.0 0.8 1.8 0.5 0.6 14
5000 0.05 0.8 0.6 15 05 14 0.5 0.6 13
0.10 0.9 0.7 0.9 0.8 0.9 15 0.9 04
0.20 1.0 0.9 1.2 0.8 0.6 1.0 0.5 1.2
10000  0.05 0.6 0.3 1.0 04 15 14 17 14
0.10 13 0.6 1.0 0.8 1.0 11 0.8 11
0.20 0.8 0.9 1.3 0.9 13 11 1.0 0.6
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