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ABSTRACT

Over the last years, there has been a consider-
able expansion of genome-wide association studies
(GWAS) for discovering biological pathways under-
lying pathological conditions or disease biomarkers.
These GWAS are often limited to binary or quanti-
tative traits analyzed through linear or logistic mod-
els, respectively. In some situations, the distribution
of the outcome may require more complex model-
ing, such as when the outcome exhibits a semicon-
tinuous distribution characterized by an excess of
zero values followed by a non-negative and right-
skewed distribution. We here investigate three differ-
ent modeling for semicontinuous data: Tobit, Nega-
tive Binomial and Compound Poisson-Gamma. Using
both simulated data and a real GWAS on Neutrophil
Extracellular Traps (NETs), an emerging biomarker

in immuno-thrombosis, we demonstrate that Com-
pound Poisson-Gamma was the most robust model
with respect to low allele frequencies and outliers.
This model further identified the MIR155HG locus as
significantly (P = 1.4 x 10~8) associated with NETs
plasma levels in a sample of 657 participants, a locus
recently highlighted to be involved in NETs forma-
tion in mice. This work highlights the importance of
the modeling strategy for GWAS of a semicontinuous
outcome and suggests Compound Poisson-Gamma
as an elegant but neglected alternative to Negative
Binomial for modeling semicontinuous outcome in
the context of genomic investigations.

INTRODUCTION

Semicontinuous data, characterized by an excess of zeros
followed by a non-negative and right-skewed distribution,
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are frequently observed in biomedical research (1). When
the study aims at identifying determinants of such a semi-
continuous biomarker, it must be handled as the outcome
variable and due to the inflation of zeros, classical mod-
els such as linear regression cannot be applied without vi-
olating the Gaussian assumptions, even with a logarithmic
or rank-based inverse-normal transformation. For instance
when the interest specifically lies in the identification of
molecular determinants associated with a disease semicon-
tinuous biomarker, as it is encountered in the omics era in
order to identify/characterize new biological pathways, in-
form about drug discovery and help in individual risk pre-
diction (2), the problem of how to model its distribution
arises. Besides, in the context of Genome Wide Association
Studies (GWAS), linear and logistic regression are often the
only statistical models implemented in popular software.
Users are then encouraged to transform their outcome of
interest into a binary or a Gaussian variable at the cost of
a loss of information and/or of complex interpretation of
genetic association parameters.

Over the past decades several statistical models have been
developed to model semicontinuous data by taking into ac-
count the mass of zeros. Among the most commonly used
models are the Tobit and the two-part models (3,4).

The two-part model and its extensions (5,6) rely on the
use of a logistic regression model to predict the probabili-
ties of occurrence of zero values and of a linear regression
model for the analysis of the strictly continuous outcome.
The main assumption of this model is that the values of
the outcome are derived from two different generating pro-
cesses. This model has been used in various applications in-
cluding the modeling of tumor size in cancer, food intake,
microbiome abundance or individual costs of chronic kid-
ney disease (7-11). However, the two-part model does not
make possible the estimation of a single parameter that rep-
resents the association of an explanatory variable on the
outcome. In contrast to the two-part model, Tobit models
consider a single distribution of the outcome. In the case of
zero-inflated data, the Tobit model assumes that the semi-
continuous variable is a truncated observation of a Gaus-
sian variable. This modeling is mainly used to account for
floor or ceiling effect of the outcome variable that could be
due to technical measurement limits (12-15).

Another possibility is to consider the outcome variable
as quantitative discrete, which can be done in some cases
by changing the unit of measurement through the use of a
multiplicative factor, without losing precision. In this case,
models for count data such as the Poisson model or the Neg-
ative Binomial model in presence of overdispersion can be
used. These models are relevant as long as the proportion of
zeros is not too high (16,17). As the Tobit model, these mod-
els allow for a simple interpretation of the results since only
one coefficient is estimated per explanatory variable. Exten-
sions of these models have been developed to account for
the zero mass (also known as ZIP for Zero-Inflated Poisson
and ZINB for Zero-Inflated Negative Binomial) but they
make the assumption that the distribution of the outcome
is composed of two generating processes, like the two-part
models.

New models based on so-called Tweedie distributions
(18-20) have recently emerged for the analysis of semicon-

tinuous data but their use remains marginal (21). The Com-
pound Poisson-Gamma model belongs to this Tweedie fam-
ily. It assumes that the semicontinuous outcome is defined
as a Poisson sum of gamma random variables. Semicontin-
uous data are then modeled through the use of a single dis-
tribution.

The choice between these different models is not obvious
as each semicontinuous outcome has its own properties. As
there is no established decision tool, the model to be applied
should be chosen according to the distribution of the out-
come and the clinical context (22).

In this work, we show the impact of the adopted model on
the results of a GWAS that aimed at identifying genetic fac-
tors associated with plasma levels of Neutrophil Extracellu-
lar Traps (NETs), a semicontinuous biomarker involved in
thrombosis. We highlight the differences between the mod-
els with respect to the flexibility of the underlying assump-
tions, the robustness to outliers and low allele frequency
that can help to select the most appropriate model for fu-
ture studies.

NETs are one of the emerging biomarkers with a key
role in thrombosis that often present an excess of zero val-
ues (23-25). In the event of a vascular breach, neutrophils
and platelets are the first cells to be recruited and activated
(26). When neutrophils are activated by platelets, they have
pro-inflammatory properties that can enhance tissue dam-
age and induce thrombus formation in particular when they
evolve towards a certain form of cell death leading to the re-
lease of their decondensed chromatin as a network of fibres
also called NETs. NETs are composed of DNA fibres com-
prised of antimicrobial proteins and histones which pro-
mote coagulation, platelets activation and thus thrombus
formation (27,28). NETs are involved in many other bio-
logical mechanisms such as immune response to viruses, di-
abetes, cystic fibrosis, cancer tumor growth, progression and
metastasis (29-33).

NETs plasma levels were here measured in 657 partici-
pants of the <« FActeurs de RIsque et de récidives de la mal-
adie thromboembolique Veineuse 3> (FARIVE) study (34).
Genome wide genotype data were also available for these
participants and then used to conduct a GWAS on NETs
levels. We illustrate how the results of this GWAS are im-
pacted by the statistical approach adopted to model NETs
plasma levels.

MATERIALS AND METHODS
The FARIVE study

The FARIVE study is a multicenter case-control study con-
ducted between 2003 and 2007. The sample includes 607
patients with a documented episode of deep vein thrombo-
sis and/or pulmonary embolism and 607 healthy individu-
als. A detailed description of the study can be found else-
where (34). Briefly, patients were not eligible if they were
younger than 18 years, had previous venous thrombosis
(VT) event, active cancer or recent history of malignancy
(within 5 years). Controls were recruited over the same pe-
riod and matched to cases according to age and sex. They
did not have any history of venous and arterial thrombotic
disease as well as cancer, liver or kidney failure.
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NETs measurements. NETs were quantified by measur-
ing myeloperoxidase (MPO)-DNA complexes using an in-
house capture ELISA already described (35) in a subsam-
ple of 410 VT patients (7 months after their inclusion in the
study once the anticoagulant treatment has stopped) and
327 controls (at their time of inclusion in the study). Briefly,
microtiter plates were coated with anti-human MPO anti-
body. After blocking, serum samples were added together
with a peroxidase-labeled anti-DNA antibody. After incu-
bation, the peroxidase substrate was added and absorbance
measured at 405 nm in a spectrophotometer.

Genotyping and imputation. FARIVE participants were
genotyped using the Illumina Infinium Global Screening
Array v3.0 (GSAv3.0) microarray at the Centre National de
Recherche en Génomique Humaine (CNRGH). Individuals
with at least one of the following criteria were excluded: dis-
cordant sex information, relatedness individuals identified
by pairwise clustering of identity by state distances (IBS),
genotyping call rate lower than 99%, heterozygosity rate
higher/lower than the average rate £3 standard deviation or
of non-European ancestry. After applying these criteria, the
final sample was composed of 1077 individuals. Among the
730059 variants genotyped, 145238 variants without a valid
annotation were excluded as well as 656 variants deviating
from Hardy-Weinberg equilibrium in controls at P < 10°°,
47 286 variants with a Minor Allele Count (MAC) lower
than 20 and 1774 variants with a call rate lower than 95%.
This quality controls procedure was conducted using Plink
v1.9 (36) and the R software v3.6.2. Finally, there were
535105 markers left for imputation which was then per-
formed with Minimac4 using the 1000 Genomes phase 3
version 5 reference panel (37).

Genome wide association study of NETs plasma levels. The
present study relies on a subsample of 657 individuals (372
VT cases and 285 controls) with both NETs measurements
and imputed genetic data. All genetic variants with mi-
nor allele frequency (MAF) greater than 0.01 and imputa-
tion quality score > >0.3 were tested for association with
NETs plasma levels. As shown in the next section, three
different statistical models were deployed. In all, associ-
ations were tested on imputed allelic doses and adjusted
for potential confounders that is age, sex, smoking, case-
control status and the four first principal components de-
rived from genome wide genotype data (38-40). The stan-
dard genome-wide statistical threshold of 5 x 10~® was used
to consider genetic polymorphisms as significantly associ-
ated with NETs plasma levels.

Statistical modeling for GWAS analysis of NETs plasma lev-
els

Since we were interested in identifying genetic factors that
influence mean NETs plasma levels, any statistical approach
that treats independently the zeros mass and the distribu-
tion of positive values, such as the two-part, ZIP and ZINB
models, was deemed not adapted to our application. As
a consequence, only three models were compared in this
study: Tobit, Compound Poisson-Gamma and Negative Bi-
nomial models. The Poisson model was not investigated be-
cause NETs plasma data presented a large overdispersion
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(see Results section), a situation where Negative Binomial
model is preferable. In this study, we aimed to identify the
most suitable model for semicontinuous data in order to
conduct a GWAS on NETs and highlight the difference be-
tween the three models.

Tobit model. In the Tobit model, the observed variable Y
is assumed to be a right or left truncated observation of an
underlying Gaussian latent variable (Y*). Let ¢ the constant
threshold for truncation which needs to be known and is
equal to zero in the context of zero-inflated data. Therefore,
the Tobit model assumes that zero values are due to censor-
ing or measurement limits and so they do not represent the
true absence of the variable. In the case of a left truncation
at 0 the values of the observed variable are:

Y — YifY> 0
| Ootherwise

The subsequent regression model is:
E(Y'| X) = BX

where E(Y*| X) is the expected value of the underlying
Gaussian variable Y* conditioned on the explanatory vari-
ables X, and where 8 represents the regression parameters
associated to X. The Tobit model is available in the VGAM
R package (41).

Compound Poisson-Gamma model. An Exponential Dis-
persion Model (EDM) is a two-parameter family of dis-
tributions composed of a linear exponential family with
an additional dispersion parameter (42). EDMs are char-
acterized by their variance function V(.) that is an expo-
nential function used to describe the relationship between
the mean and the variance. If Y follows an EDM, then
E(Y) = n and Var(Y) = ®V(u) with @ a dispersion pa-
rameter. Tweedie models are a class of EDMs character-
ized by a power variance function: V() = u?” with p the
index parameter (43,44). Most of the usual distributions are
included in the class of Tweedie models such as the nor-
mal (p = 0), Poisson (p = 1), gamma (p = 2) and the
inverse Gaussian (p = 3) (49).

The probability density function of a Tweedie model is
defined as (42):

1 1-p 2—p
SOl ®, p) = a(y, ®, p)exp (— (y r__Z ))
p\"1l—p 2-p

where a(.) is a given function.

The Compound Poisson-Gamma model belongs to the
family of Tweedie models with p €]1;2[. It simultaneously
models the occurrence and the intensity of the semicontin-
uous outcome (46). The distribution of a variable Y follow-
ing a Compound Poisson-Gamma model may be defined as
a Poisson sum of M Gamma distributions:

v 0, if M = 0
T )VK+H K+ Ky, if M>0

where M ~ Pois()), K; ~ Gamma(a, y)with « the shape
parameter and y the scale parameter, and where the values
of K; are iid and independent on M.
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The Compound Poisson-Gamma model is a Tweedie
model with the following parametrisation:

Al-p 2—p
po=hay ;@ =220 p = w2 el

E(Y)=pn = ray

Var (Y) = ou” = rpla*(1+a)

Thus, direct modeling of the global expectation E(Y) is
possible using a generalized linear model with a logarithmic
link function to insure positivity of the means:

log(BE(Y] X)) = BX

We used the ¢plm R package to implement Compound
Poisson-Gamma models (47).

Negative binomial models. We also attempted to use a
model for count data by multiplying NETS’ values by 1000
to ensure discreteness without creating new ex-aequos. Let
Y be a random variable following a Poisson distribution
which depends on a single parameter A > 0:

E(Y)= Var(Y)=x

The Poisson model is adapted to model the expectation
of a count variable using a generalized linear model with a
logarithmic link function:

log(E(Y] X)) = BX

The Negative Binomial model is an extension to the Pois-
son model in the presence of over-dispersion of the out-
come: Var(Y) > E(Y) (48,49). In that case, the variance of
Yis linked to its expectation through the following relation-
ship: Var(Y) = E(Y)+ k= E( Y)’ where k > O is a disper-
sion parameter. This model is also part of generalized lin-
ear models and its link function is the logarithm. Negative
Binomial model can also be represented as Poisson distribu-
tions with a Gamma distributed means where Y ~ Pois())
and A ~ Gamma(a, y) (50). However, unlike the Com-
pound Poisson-Gamma presented above, the two variables
Y and A are not independent from each other.

Models’ comparison

The three aforementioned tested models were applied to
NETs data while adjusting for age, sex, smoking and case-
control status. The fit of these models to NETs data were
assessed in two ways. First, we computed the Root Mean
Square Error (RMSE) of each tested model defined as:

QN
RMSE = N Z(yi -y

i=1

where N is the sample size, j; the prediction of the ith indi-
vidual according to its covariates provided by a given mod-
eling approach and y; the observed value. Instead of pre-
dicting 7 by E(Y | X, ) that cannot be equal to zero, we
used simulated predictions. For each studied model, a ran-
dom value was generated for each individual according to

its explanatory variables and the estimated model parame-
ters. This process was repeated 1000 times and the mean of
RMSEs over the 1000 replicates was reported. As the To-
bit model predicts negative values that are not observed in
our semicontinuous outcome, these were imputed at zero to
calculate the corresponding RMSE.

Second, we graphically assessed the fit of models predic-
tions using Quantile-Quantile plot (QQplot) of the obser-
vations and predictions for each tested model.

Simulation study

A simulation study was conducted to evaluate the control
of the type I error (o) of the Negative Binomial and Com-
pound Poisson-Gamma models in the context of genetic
association studies as well as their sensibility to outliers.
From the observed NETs data distribution, we randomly
generated S = 1,..., 10000 bootstrapped samples of size
N = 657. For each bootstrapped sample, all individuals
were randomly assigned four independent genotypes under
the assumption of Hardy-Weinberg and corresponding to
4 genetic variants with allele frequencies 0.01, 0.05, 0.10
and 0.20. The association of genetic variants with the out-
come was tested under the assumption of additive allele ef-
fects. This procedure was used to simulate semicontinuous
data that mimic the NETs data observed in FARIVE and
to allow the evaluation of the robustness of the two stud-
ied models (Negative Binomial and Compound Poisson-
Gamma models) to a deviation from their underlying dis-
tribution. To assess the robustness to outliers, each simu-
lated dataset was also analyzed after the exclusion of indi-
viduals with NETs level higher than 0.5, a threshold corre-
sponding on average to the exclusion of 3% of individuals.
In the FARIVE data, the proportion of zero was 15.8%. In
a complementary simulation study, we assessed the robust-
ness of the models by setting the proportion of zero values at
5%, 30%, 50% and 80%. To do this, we first fixed the num-
ber of zeros that the sample should contain and then we
bootstrapped the strictly positive values of NETs from the
FARIVE study for the remaining samples, so that the total
sample size was N = 657 in each of the scenarios studied.

For each tested model, the number of times a genetic
polymorphism was found statistically significant at o« =
0.05, « = 0.01, and « = 0.001 was used to compute its
empirical type I error.

RESULTS
Population characteristics

The main characteristics of the FARIVE participants used
in this work are presented in Table 1. There is approximately
40% of men, 20% of current smokers and individuals are on
average 53 years old. The distribution of NETs plasma lev-
els observed in FARIVE is shown in Figure 1A. Approx-
imately 16% of exact zeros were observed with a higher
proportion among VT cases compared to controls (20%
and 10% respectively). To analyze NETs as count data, ob-
served values were multiplied by 1000. This induced a large
overdispersion (mean = 78; variance = 26 064) leading to
the adoption of a Negative Binomial model for analysing
such data.
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Table 1. Main characteristics of the FARIVE study
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Total N = 657 VTP cases N = 372 Controls N = 285
N (%) N (%) N (%)
Sex—men 256 (39.0%) 141 (37.9%) 115 (40.4%)
Age at sampling (mean + SD?) 53.0 £ 18.8 53.3+£19.3 52.8 £18.2
Smoking status
Current smoker 128 (19.5%) 62 (16.7%) 66 (23.2%)

Former smoker/never
Neutrophil Extracellular Traps

529 (80.5%)

310 (83.3%)

219 (76.8%)

levels
All values
Mean + SD 0.08 +0.16 0.05+0.11 0.12 + 0.20
Median [Q1;Q3] 0.03[4 x 10‘3;0.07] 0.03[2 x 10‘3;0.05] 0.04[0.01;0.12]
Exact zero 104 (15.8%) 75 (20.2%) 29 (10.2%)
4Standard deviation.
bVenous thrombosis.
A B
3004 300
250 250 1
2004 2004
E g
p 9 150
8§ 150+ Q3 190
100 1 100 4
504 50
04 hmﬂ‘ﬂmm_n.n 04 —
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C D
300 1 3004
2501 2501
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g 5
o -
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00 02 04 06 08 10 12 14 16 0 200 400 600 800 1000 1200 1400 1600

Figure 1. This figure presents the distribution of the observed NETs plasma levels (A), predictions from the Tobit model (B), the Compound Poisson-

Predictions

Gamma model (C) and the Negative Binomial model (D).

Predictions
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Table 2. Comparison of regression parameter estimates on the FARIVE data according to the three models

Tobit Compound Poisson-Gamma Negative Binomial®
Beta (SD) Beta (SD) Beta (SD)
Covariates
Age (10 years) 0.005 (0.004) 0.05 (0.04) 0.05 (0.04)
Sex (males) -0.01 (0.02) -0.08 (0.16) -0.04 (0.13)
Smoking (non-smokers) 0.05 (0.02) 0.50 (0.19) 0.52 (0.17)
Status (controls) -0.08 (0.01) -0.87 (0.15) -0.87(0.13)

RMSEP 198.7¢[145.5; 251.9]

193.9[180.8; 207.1] 211.5[187.0; 236.0]

2For the distribution of NETs multiplied by 1000.
®Mean [min-max] over 1000 bootstrapped samples.
“Negative predictions were censored at zero.

A B C
0 0 b=
- - o
:a o
g 2 - - 2 & -
5 S s -
B kit fos) 3z o
o o o
& & & 00 ® 2 coe® ®
S @00 © ° 8 = m@f g
< o0
o _| o _| &
= T T T S e T T T T T T
0.0 05 10 15 0.0 05 10 15 0 500 1000 1500

Observations

Observations

Observations

Figure 2. This figure presents the Quantile-Quantile plots of observations and predictions from Tobit (A), Compound Poisson-Gamma (B) and Negative
Binomial (C) models. The red line represents the perfect match between observations and predictions.

Clinical variables & goodness of fit

Table 2 reports the association of clinical covariates with
NETs plasma levels in each of the three studied models,
Tobit Compound Poisson-Gamma and Negative Binomial.
The Tobit model assumes a linear association of the co-
variates on the expected mean of the latent variable, i.e. the
true value of NETs. For example, each 10-year increase in
age 1s associated with an increase of 0.005 on the expected
mean of the latent variable of NETs plasma levels, given the
other covariates are held constant. Regarding the two other
models, as a logarithmic link function is used, the associ-
ation of covariates on the expected mean of NETs is mul-
tiplicative. As a consequence, for the Compound Poisson-
Gamma model, each 10-year increase of age is associated
with an expected mean of NETs plasma levels multiplied
by 1.05 ( = "), Similar interpretation holds for the Nega-
tive Binomial model that yielded regression parameters very
close to those obtained via the Compound Poisson-Gamma
models.

RMSEs provided by the three models are shown in
Table 2. The lowest RMSE was observed for the Com-
pound Poisson-Gamma model while the Negative Bino-
mial model exhibited the highest one. Graphically, the Com-
pound Poisson-Gamma (Figure 1C) and the Negative Bino-
mial (Figure 1D) showed similar distributions of their pre-
dicted values even if the right skewedness was slightly less
pronounced for the Compound Poisson-Gamma distribu-
tion. These distributions were rather close to that observed
for the original NETs data (Figure 1A). By contrast, the To-
bit distribution (Figure 1B) substantially deviated from the

original data and looked like a left-truncated Gaussian dis-
tribution.

Quantile-Quantile plots of the observed versus predicted
values did not visually show obvious deviation from the
bisection line, except for high values (>0.5 in the original
NETs scale), for the Compound Poisson-Gamma (Figure
2B) and the Negative Binomial (Figure 2C) models. Con-
versely, for the Tobit model (Figure 2A), the QQplot line
deviated from the bisection line from the lower values.

Altogether, these observations suggest that the Com-
pound Poisson-Gamma model seems the most adequate to
analyze FARIVE NETs data. Nevertheless, we conducted a
GWAS on NETs plasma levels using each of the three mod-
els discussed above in order to get additional elements of
comparison between these models.

GWAS analysis on NETs plasma levels

A total of 9 670 724 autosomal genetic variants with impu-
tation criterion * > 0.3 and minor allele frequencies (MAF)
> 0.01 were tested for association with NETs plasma lev-
els using the Tobit, Negative Binomial and Compound
Poisson-Gamma models. Quantile-Quantile plots for the
observed and expected p-values summarizing the GWAS
results for each model are shown in Figure 3. While the
whole set of association results was compatible with what
was expected under the null hypothesis of no genetic asso-
ciation for the Compound Poisson-Gamma model (Figure
3B), strong deviations were observed for the Tobit (Figure
3A) and Negative Binomial (Figure 3C) models. By restrict-
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Figure 3. This figure presents the Quantile-Quantile plots of the P-values distributions from the GWAS with Tobit (A), Compound Poisson-Gamma (B)

and Negative Binomial (C) models.

ing the GWAS results to genetic polymorphisms with MAF
> 5%, inflation was no longer observed for the Tobit model
(Supplementary Figure SIA, genomic inflation factor N =
0.96) while the Negative Binomial model remained strongly
inflated (Supplementary Figure S1C, A\ = 1.46).

To further explore the remaining inflation, we re-ran the
GWAS under the Compound Poisson-Gamma and Nega-
tive Binomial models after excluding 19 FARIVE partici-
pants (~3%) with NETs plasma levels higher than 0.5. In-
flation in the Negative Binomial model was considerably de-
creased (Supplementary Figure S2B) and completely van-
ished when we additionally restricted the GWAS analysis
on genetic variants with MAF >5% (Supplementary Fig-
ure S3B, A = 1.03).

Finally, we conducted simulation studies (see Methods)
that confirmed that the type I error of the association test
in the Compound Poisson-Gamma model was controlled
whereas the association test in the Negative Binomial model
exhibited inflated type I error (a) for the three nominal val-
ues of a considered (Supplementary Table S1) when data
distribution fit the one observed for NETs plasma levels
in the FARIVE study. Type I error was rather well con-
trolled in absence of extreme values (Supplementary Ta-
ble S2). These conclusions also hold in presence of strong
linkage disequilibrium between tested variants (Supplemen-
tary Text, Supplement Table S3, Supplementary Figure S4).
Compound Poisson-Gamma model was also robust when
the proportion of zero values varied (5%, 30%, 50% and
80% of zero) (Supplementary Tables S4-S7). Simulation re-
sults showed that the type I error was controlled in all set-
tings for the Compound Poisson-Gamma model, whereas
the type I error was inflated for the Negative Binomial
model when the zeros represent less than 50% of the dis-
tribution.

All these observations add support for the use of the
Compound Poisson-Gamma model for the GWAS analy-
sis of NETs plasma levels.

The corresponding Manhattan plot shown in Figure 4
revealed one genome-wide significant locus. The lead poly-
morphism rs57502213 is a deletion of two nucleotides (TC),
mapping to the miR-155 hosting gene (MIRI55HG). This

Table 3.  Association of rs57502213 with NETs plasma levels in the
FARIVE study

Genotype for rs57502213

TC/TC TC/- —/-
All individuals
(N =657)
N 568 88 1
Mean + SD 0.07 £0.13 0.15£0.28 0.07
Exact zero 91 (16.0%) 13 (14.8%) -
Cases (N = 372)
N 323 48 1
Mean + SD 0.04 £+ 0.06 0.12£0.26 0.07
Exact zero 66 (20.4%) 9 (18.7%) -
Controls (N = 285)
N 245 40 -
Mean + SD 0.10 +0.18 0.20 £+ 0.30 -
Exact zero 25 (10.2%) 4 (10.0%) -

variant had a MAF of ~7%, exhibited a good imputation
quality (> = 0.92) and its minor allele was associated with
a 2.53-fold increase (95% confidence interval [1.85-3.47],
P =1.42 x 107%) in NETs plasma levels. The average NETs
plasma levels were higher in carriers of the deletion of the
TC allele than in non-carriers (0.15 versus 0.07). This pat-
tern of association was consistent in VT cases and in con-
trols (Table 3). Furthermore, this association was robust to
the exclusion of the single homozygous individual for the
two base pair deletion (2.58 [1.87-3.56] P = 1.4 x 107%).
As shown in the locus zoom of the region provided in
Supplementary Figure S5, other variants with varying de-
grees of linkage disequilibrium with the top rs57502213
were also highly associated with NETs plasma levels in
the FARIVE study. In order to explore the signal ob-
tained in this region and especially variants close to the
GABPA and APP genes, good candidates according to
the literature (51-53) and otherwise implicated in the de-
velopment of neurodegenerative diseases, we further con-
ducted a complementary haplotype association using the
haplo.stats R package (54). Based on the linkage disequi-
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librium and existing haplotypes between the most associ-
ated genetic variants (P < 107%) with NETs plasma lev-
els in the GWAS, we identified five frequent haplotypes
(H;—Hs) which can be inferred with three polymorphisms
as illustrated in Table 4. The association between these
five haplotypes (under the assumption of additive effects)
and NETs plasma levels was studied using the Compound
Poisson-Gamma model and the same covariates as for
GWAS. This analysis showed that all haplotypes carrying
the rs57502213-A allele tended be associated with increased
NETs plasma levels, but the main statistical signal was ob-
served for the Hs haplotype that was associated with a 3.91-
fold increase (95% confidence interval [2.53-6.04], P = 1.
3 x 107) in NETs plasma levels compared with the most
common H; haplotype. This Hs haplotype was the haplo-
type carrying the minor alleles of each of the three tested
variants.

Full GWAS summary statistics are available on GWAS
catalog under the accession number GCST90137414 (55).

DISCUSSION

This work was motivated by the search of genetic factors
associated with NETs plasma levels exhibiting a semicon-
tinuous distribution. In the literature, it is common to use
transformation (i.e. rank-based inverse normal transforma-
tion) in order to normalize the phenotype of interest. Pop-
ular GWAS softwares such as REGENIE (56) have imple-
mented this method and are often used, especially when
GWAS on several phenotypes are performed. However, this
transformation is not adapted to the presence of ex-aequos,
and thus to semicontinuous distributions, and its utility
has previously been discussed (57,58). A rank-based inverse
normal transformation has been applied to NETs distribu-

tion but as shown in Supplementary Figure S6, it did not
normalise NETs distribution because of the exact zeros and
was therefore considered unsuitable for a GWAS with a lin-
ear model.

We here compared three different modeling strategies,
Tobit, Negative Binomial and Compound Poisson-Gamma
models, that handle the excess of zero and the asymmetric
distribution while allowing the estimation of a single regres-
sion parameter for characterizing the association between
an explanatory variable and the global mean of the semi-
continuous outcome.

Visual inspection showed that both the Negative Bino-
mial and Compound Poisson-Gamma models fit better the
observed NETs distribution than the Tobit model. Indeed,
the underlying hypothesis of a left-truncated Gaussian dis-
tribution with only two parameters makes the Tobit model
less-flexible than Compound Poisson-Gamma and Nega-
tive Binomial models. RMSE analysis provided further sup-
port for the use of Compound Poisson-Gamma model. Of
note, the definition of this model matches quite well the bi-
ological mechanisms underlying NETs production as it is
intuitively reasonable to assume that the number of dead
neutrophils follows a Poisson distribution, and that each of
these rejects a certain quantity of NETs that would follow
a Gamma distribution.

Our GWAS and simulation studies revealed that the Tobit
and Negative Binomial models were prone to strong infla-
tion of P-values. While this inflation could be attributable
to genetic variants with low allele frequency (MAF < 5%)
for the Tobit model, this inflation was due to both low al-
lele frequency genetic polymorphisms and extreme positive
values of the outcome for the Negative Binomial model.
The poor control of type I error by the Negative Bino-
mial model has already been highlighted in previous work
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Table 4. Haplotype structure at the chr21q21.3 locus and its association with NETs plasma levels in the FARIVE study

Haplotypes
Haplotypes 1573156700 rs57502213 rs35033826 Frequencies RR [95%CI] P
H; T ATC A 0.901 Reference -
H, T ATC C 0.023 1.04[0.59; 1.83] 0.89
H3 T A A 0.018 1.37[0.72; 2.59] 0.33
Hy A A A 0.022 1.37[0.77; 2.45] 0.28
Hs A A C 0.026 3.91[2.53; 6.04] 1.3 x107°

Association was tested using a Compound Poisson Gamma model adjusted for age, sex, smoking, case—control status and genetically derived principal

components.

in the context of RNA-Seq analysis (59). The Compound
Poisson-Gamma model was much more robust to these two
phenomena. Using Compound Poisson-Gamma model, we
identified one significant locus on chr21q21.3 associated
with NETs plasma levels. This locus maps to a long non
coding RNA that hosts miR-155 (and as such is referred to
as miR155HG, for Hosting Genes) and the lead polymor-
phism was rs57502213, an intronic deletion in miRI55HG.
While several recent publications have highlighted the role
of miR-155 in the NETs formation (60,61), little informa-
tion is available in public resources about the possible func-
tional impact of rs57502213. This genetic variant is in mod-
erate linkage disequilibrium (pairwise D’ > 0.50) with sev-
eral other nearby variants located in MRPL39, GABPA
and APP, the latter having also been reported to be in-
volved in NETs formation (51). Note that another GWAS
on NETs plasma levels has recently been conducted in
the Rotterdam study (62). Despite the large sample size
of this study (~5600 individuals), no significant genome-
wide association was detected and the association of our
lead polymorphism did not replicate there (P = 0.14). How-
ever, different kits were used to measure NETs levels in the
two studies and recent works have emphasized the need
for standardized methods for NETs measurements (63,64).
Of note, in the Rotterdam study, NETs were analyzed us-
ing a log-transformed model suggesting that no zero val-
ues (or few) were observed (or were discarded). This con-
trasts with FARIVE data and could contribute to the het-
erogeneity of findings between studies. Nevertheless, be-
cause of the increasingly recognized role of the chr21q21.3
locus in NETs biology, further works deserve to be con-
ducted to clarify the genetic signal observed in the present
study.

To conclude, our work indicates that the modeling strat-
egy for a semicontinuous outcome is crucial, but not
straightforward. The choice of the model should take into
account the nature of the (biological) process generating
zero values, the distribution of the outcome and, espe-
cially, the presence of extreme values. The Tobit model
with only two parameters is less flexible than Compound
Poisson-Gamma and Negative Binomial models and our
work shows that the Compound Poisson-Gamma model,
while still marginally used, is more robust than the Neg-
ative Binomial model to outliers and low allele frequency
making. This make it well suitable for GWAS analysis on
semicontinuous trait, even in presence of related individu-
als where a Compound Poisson-Gamma mixed modeling is
implemented in the R package cplm. The use of the Com-
pound Poisson-Gamma model as an alternative to Nega-

tive Binomial model would also deserve to be explored in
the context of RNA-Seq analysis.
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