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Abstract

Informing missing heritability for complex disease will likely require leveraging information across multiple SNPs within a
gene region simultaneously to characterize gene and locus-level contributions to disease phenotypes. To this aim, we
introduce a novel strategy, termed Mixed modeling of Meta-Analysis P-values (MixMAP), that draws on a principled
statistical modeling framework and the vast array of summary data now available from genetic association studies, to test
formally for locus level association. The primary inputs to this approach are: (a) single SNP level p-values for tests of
association; and (b) the mapping of SNPs to genomic regions. The output of MixMAP is comprised of locus level estimates
and tests of association. In application of MixMAP to summary data from the Global Lipids Gene Consortium, we suggest
twelve new loci (PKN, FN1, UGT1A1, PPARG, DMDGH, PPARD, CDK6, VPS13B, GAD2, GAB2, APOH and NPC1) for low-density
lipoprotein cholesterol (LDL-C), a causal risk factor for cardiovascular disease and we also demonstrate the potential utility
of MixMAP in small data settings. Overall, MixMAP offers novel and complementary information as compared to SNP-based
analysis approaches and is straightforward to implement with existing open-source statistical software tools.
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Introduction

Serum lipid levels are established determinants of cardiovascu-
lar disease morbidity with well-described heritability. Indeed,
meta-analysis of data arising from recent genome-wide association
studies has identified common genetic variants in at least 95 loci
associated with low-density lipoprotein cholesterol (LDL-C), high-
density lipoprotein cholesterol (HDL-C), triglycerides (T'G) and
total cholesterol (T'C) [1]. In practice, selection of statistically
relevant genes or loci, subsequently referred to collectively as loci,
is often based on simple linear regression of single-nucleotide
polymorphisms (SNPs); that is, loci within which there is at least
one SNP that reaches genome-wide significance, defined accord-
ing to a Bonferroni level correction for multiple testing, are
regarded as significantly associated with the trait under study.
While this approach is valid, we conjecture that substantial,
complementary knowledge about association can be acquired by
considering available information on all SNPs within a locus
simultaneously in characterizing association.

In order to address this, we apply a mixed effects modeling
paradigm that uses SNP-level meta-analysis p-values to arrive at
formal analytic characterization of underlying locus-level effects on
complex disease phenotypes. Through application of principled,
well-vetted statistical concepts for valid and reliable inference, this
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approach, termed Mixed modeling of Meta-_Analysis P-values
(MixMAP), draws strength from available information across all
SNPs within a pre-defined region without requiring first-stage data
reduction. That is, it is not necessary to eliminate redundancy
among SNPs in high linkage disequilibrium (LD) within a locus.
By incorporating all available information about SNPs within a
locus, MixMAP results in increased sensitivity for identifying loci
with multiple SNPs of moderate significance, as evidenced in the
applications described below.

Applications of hierarchical linear and generalized linear
models for analysis of data arising from genetic association studies
have been described previously. Specifically, use of mixed effects
models for family studies is common to account for correlation
arising from familial level clustering where a random effect for
family is included in the model (see for example [2,3]). In the
context of population-based investigations of unrelated individuals,
applications of mixed models are described with random effects for
SNPs, genes and sets of genes (see for example [4-8]). A primary
conceptual distinction between MixMAP and alternative ap-
proaches is that MixMAP uses summary level p-values as the
dependent variable in the hierarchical model rather than raw data,
allowing investigators to leverage existing, publicly-accessible data
resources. MixMAP also provides locus level tests and these are
not limited by an increasing number of SNPs within a gene as
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described in [7]. Technically most similar to MixMAP, the
approach of Wang ez al. [8] involves fitting a hierarchical model to
summary level data, specifically y*-statistics from single-SNP tests
of association; however, in addition to differences in model
specification, hypothesis testing within the Wang et al. framework
is based on fixed effects parameters (representing pathway effects)
while MixMAP involves generating prediction intervals for latent
(locus-level) effects.

The purpose of this manuscript is to describe the MixMAP
algorithm and to illustrate its application under a range of
conditions. Application of MixMAP to two independent datasets
of SNP associations with LDL-C, a causal risk factor for
atherosclerotic cardiovascular disease (CGVD), reveals that Mix-
MAP offers novel and complementary information as compared to
traditional analysis approaches. Notably, as an analytic tool that
selects loci with multiple moderate to strong signals, and one that
uses single SNP-level summary data (p-values), MixMAP is
intended to serve as an additional analysis framework that
complements, rather than replaces, single-SNP based investiga-
tions. This is further supported by simulation studies suggesting
MixMAP has a higher true positive rate than single-SNP based
analysis in the context of more moderate gene level signals.
MixMAP is straightforward to implement with the open-source
MixMAP package in R (freely-available for download at http://
cran.r-project.org/ and http://people.umass.edu/foulkes/
software.html.).

Results

Summary approach

This section reports the results of applying MixMAP to data
arising from two independent sources: the Global Lipids Gene
Consortium (GLGC) and the Penn Coronary Artery Calcification
(PennCAC). These revealed that application of MixMAP: (1)
supports published LDL-C loci; (2) suggests novel LD-CL genes
and (3) complements a single-SNP testing approach, as described
in detail below. Additionally, the results of simulation studies
designed to characterize the performance of MixMAP under a
range of conditions, also described below, support the concept that
MixMAP serves as a complementary analysis strategy. To begin,
we briefly outline the MixMAP algorithm and the available
GLGC and PennCAC data. Further details are provided in the
Material and Methods.

Summary of the MixMAP algorithm. MixMAP is a
statistical framework that uses the results of single SNP-level
analysis to test formally for locus-level association. The MixMAP
approach is designed to identify loci involving multiple SNPs each
with moderate effects on the trait that may not be detected by
single SNP analysis. Loci that are detected by a single SNP
approach may also be detected by MixMAP if multiple SNPs have
modest association across the locus. The primary inputs to the
MixMAP algorithm are: (a) p-values corresponding to single SNP
tests of association with a trait (e.g. LDL-C); (b) a mapping of SNPs
to genomic regions. Additional SNP and gene-level covariate
information, such as gene size, number of SNPs per Kb, number
of recombinant hotspots per Kb and average linkage disequilib-
rium can be incorporated.

The MixMAP algorithm is summarized as follows, with
additional detail provided below: [Step 1:] Fit a mixed effects
model to inverse normally transformed (ranked) p-values, with
random locus-specific intercepts; [Step 2:] Predict random locus-
specific effects using empirical Bayes estimation; [Step 3:]
Calculate corresponding prediction intervals using a Bonferroni
corrected threshold; and [Step 4:] Report a locus as statistically

PLOS ONE | www.plosone.org

MixMAP Suggests Novel Gene Loci for LDL-C

meaningful if the upper limit of the prediction interval corre-
sponding to the locus effect is less than 0. In the present
manuscript, we fit the mixed model with random gene-level effects
and provide a post-hoc characterization of loci (genes or groups of
genes) based on the genes that emerge through application of
MixMAP. As more comprehensive information on the relationship
between genes within loci becomes available, the MixMAP
approach is flexible in that an alternative loci-level annotation
can be used as input to the algorithm.

Summary of the GLGC and PennCAC data. The current
applied investigation focuses on loci for LDL-C, an important
causal factor for CVD. Data arising from two independent data-
sets are considered: (1) reported and publicly available meta-
analysis SNP level p-values for association with LDL-C derived
from multiple independent association of approximately 100,000
individuals in the Global Lipids Gene Consortium (GLGC) study
(http://www.broadinstitute.org/mpg/pubs/lipids2010/); and (2)
SNP level p-values for association with LDL-C derived from
analysis of ITMAT-Broad-CARe (IBC) 50K SNP array data in
European ancestry individuals within the Penn Coronary Artery
Calcification (PennCAC) sample [9-11], a relatively small study
(n=2096 Caucasians) that is considered underpowered by itself to
identify the genetic determinants of a complex disease phenotype.
Additional details on this cohort are provided in Supporting
Information SI.

A total of 31827 SNPs in 2960 genes that are common to both
GLGC and PennCAC are used in the current investigation. As an
illustrative example, we chose to focus on the set of SNPs included
on the IBC array which was specifically designed to provide SNP
coverage in putative candidate GVD genes as well as emerging loci
at the time of design [12]. This facilitates (a) focus on a defined set
of SNP within candidate loci and (b) direct comparison of findings
across the two datasets that were examined. Representing the
largest published lipids meta-analysis, GLGC significant SNPs are
treated as the “gold-standard” to which application of MixMAP to
PennCAC is compared. Further validation of the findings resulting
from applying MixMAP to GLGC is not practical presently given
the comprehensive inclusion of all prior genome wide association
studies in GLGC, although this should be feasible in the near
future with published and available larger datasets from on-going
projects such as the GLGC Metabochip project [13]. Instead,
however, we use published literature on human data, animal/
mouse models and cell biology to support our suggested novel
discoveries.

Application of MixMAP in GLGC supports published LDL
loci

Here we describe our interpretation of MixMAP findings in
assigning genes to already established or novel loci in GLGC
analysis. Briefly, we assigned MixMAP identified genes to an
established GLGC locus (marked by SNP in GLGC Table 1 [1]) if
LD #? values were >0.30 for one or more SNPs in a MixMAP
identified gene and a GLGC top SNP. Additionally, MixMAP
identified genes that were in close physical proximity (< 500Kb) to
a GLGC top SNP but did not have strong LD (+* <0.30) or were
within a wider region with multiple candidate genes (e.g. HLA)
were also assigned to the GLGC established LDL-C locus. The
SNP Annotation and Proxy Search (SNAP) [14] web-based tool
(http://www.broadinstitute.org/mpg/snap/) (for SNPs <500Kb
apart) and the Genome-wide LInkage DisEquilibrium Repository
and Search engine (GLIDERS) [15] (for SNPs >500Kb apart)
were used to determine pairwise LD between interrogated SNPs.
In SNAP, we used the SNP dataset for the 1000 Genomes Pilot 1
[or HapMAP 3 (release 2) build 36 for SNPs not available in 1000

February 2013 | Volume 8 | Issue 2 | 54812



Table 1. Contingency table representing measures of
predictive accuracy for simulations studies.

Actual
Non-
Informative informative Total
Predicted  Informative TP FP (TP + FP)
Non-informative FN TN
Total: m=(TP +FN) (FP + TN) N

Simulation studies report: TPR (sensitivity) = TP/(TP+FN); FPR (1-specificity) =
FP/(FP+TN); and FDR = FP/(TP+FP).
doi:10.1371/journal.pone.0054812.t001

Genomes| and population panel “CEU” while in GLIDERS
HapMAP 3 (release 2) build 36 was used.

Analysis of 31827 SNPs in 2960 genes in GLGC data identified
50 genes in 26 loci based on a single SNP signal threshold of
5x 1078 (Table 2). MixMAP detects 36 genes within 21 of these
26 loci based on a Bonferroni corrected gene-level threshold of
0.05/2960=1.69 x 10> (Table 2; Figure 1; Table S1). Thus, of
26 LDL-C loci detected by the single SNP approach in GLGC
GWAS data, 21 were also detected by MixMAP while 5 were not
detected. A comparison of MixMAP detected and not detected
GLGC genes/loci is of some interest to illustrate the strengths and
weaknesses of the approach. First, coverage of the genes at loci
detected by single SNP analysis but not detected by MixMAP is
generally lower than those detected by both approaches (5 vs. 13
median number of SNPs respectively). Second, genes detected by a
single SNP signal but not MixMAP tend to have a higher median
SNP p-value (median = 0.006 for genes with greater than 2 SNPs)
compared to genes detected by both approaches (med-
ian=1.4x1077) suggesting that the distribution of p-values of
SNPs within genes detected by both approaches is shifted
downwards compared to that of genes detected by a single SNP
only signal (p=2.017 x 10™* for two-sided Wilcoxon rank sum
test of difference in medians). Importantly, from a biological
perspective, almost all clinically important LDL-C genes/loci were
detected (e.g., LDLR, APOB, APOE, HMGCR, PCSK9, LPA,
SORT1, ABCG5/8, TRIB1, ABCAl, APOA5-A4-C3-Al and
CETP) while genes at loci not detected (LDLRAP1, ANGPTLS3,
HFE, HPR, TOPIl) tended to be less well characterized
functionally and clinically.

Application of MixMAP in GLGC suggests novel LDL
genes

Twelve (12) additional loci are supported by MixMAP that are
not detected using the single SNP signal threshold in the GLGC
data (Table 3 and Figure 1). While the minimum p-values within
index genes at these loci are more moderate than those detected by
the single SNP threshold, in that they do not reach genome-wide
significance, the overall distribution of p-values is lower than
expected under no association (one-sided Wilcoxon signed rank
test that the median of the within gene p-values is greater 0.50,
against the alternative that it is less than 0.50, p=2.44x10~%)
The median p-value of SNPs within these genes ranges from
5.16x 10~* for a gene with 13 SNPs to 0.194 for a gene with
relatively high coverage of 45 SNPs. Several of the genes in this
group (e.g. PPARG, PPARD and NPC1) are strongly implicated
in lipid and lipoprotein metabolism in human and animal model
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systems, as indicated and referenced in the final column of Table 4
(See Supporting Information S2 for more detail).

Application of MixMAP in small sample setting
complements single SNP testing approach

Here we apply MixMAP to a small study (PennCAC) that
generated IBC array SNP data. In terms of independent support,
we treat published GLGC data as the gold standard to which
PennCAC is compared. This analysis includes 31585 (of the
original 31827 SNPs) in 2944 (of 2960) genes that remain after
filtering out those with MAF <0.01 and HWE < 1074, As might
be anticipated for this small sample, no SNPs meet genome-wide
significance (p <5 x 1078) or even IBC array-wide significance
(p<3x107% an estimated threshold for independent SNP tests
based on simulations [16]) for association with LDL-C using the
single SNP signal approach. However, 8 genes in 7 loci contain
SNPs that are significant at the 1 x 10~* level, a previously applied
threshold for suggestive stage 1 evidence of association in IBC
studies [16]. Notably, in PennCAC, none of these 7 loci coincide
with significant MixMAP locus tests at the Bonferroni corrected
threshold of =0.05/2944 = 1.70 x 10~>; however, 2 interrogated
genes (BUD13 and APOAD) in 1 of these 7 loci (APOA5-A4-C3-
Al) do have single SNP signals for LDL-C at the Bonferroni
corrected level in the GLGC study data [1]. The same 2 genes
within this locus had significant MixMAP findings in GLGC data.

In PennCAC, an additional 7 genes in 7 distinct loci are
supported by MixMAP based on the Bonferroni corrected
threshold of 2=0.05/2944=1.70 x 10~ (Table 4 and Figure 2).
None of these loci have single SNP tests that reach even the
suggestive threshold of p<1x10~* in PennCAC; however, 2 of
these 7 loci reach genome wide significance based on single SNP
signals in GLGC (SORT1 and LPA). The same 2 loci, as well as
VPS13B had significant MixMAP findings in GLGC data.
Furthermore, 2 loci (IL1IR2, VPS13B) have some support for
modulation of lipids in animal models, as indicated in the final
column of Table 3. Thus, in this PennCAC data-set, an illustrative
example for small sample settings, MixMAP may add value to
single SNP based testing in identifying loci for LDL-C and other
complex traits.

Simulation studies support concept of MixMAP as a
complementary strategy to single SNP analysis

In order to evaluate the performance of MixMAP relative to
single SNP analysis, we investigate the ability to detect informative
loci and the likelihood of false findings as functions of gene level
effect size (measured by the shift parameter in a two-component
Gaussian mixture distribution), the number of informative genes
(measured by the number of genes with random effects arising
from a non-zero mean normal prior) and coverage (measured by
the proportion of observed SNPs included in the analysis). Details
of the simulation approach are described in Materials and
Methods below. Simulation results are reported in terms of: the
true positive rate (TPR), defined as the proportion of true signal
genes that are correctly identified; the false discovery rate (FDR),
given by the proportion of selected genes that are not associated
with the trait; and the false positive rate (FPR), defined as the
proportion of truly uninformative genes that are incorrectly
selected as significant. Explicit definitions of TPR, FDR and FPR
are given in Table 1. In all simulation scenarios, the results of
applying MixMAP as well as the single SNP approach are
presented to illustrate the potential gains associated with using
MixMAP as a complementary strategy.
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Figure 1. MixMAP gene-level effects for GLGC data. Points in this Manhattan style plot represent genes with their approximate location on the
x-axis and their corresponding effect estimates on the y-axis for the 2960 genes interrogated in Global Lipids Genetic Consortium (GLGC) summary
data [1]. Genes that are detected by both MixMAP and single SNP analysis are represented by red circles. Unique MixMAP findings for genes that lack
single SNP association signals are highlighted with blue rectangles. Grey and black dots are genes not detected by either the single SNP or MixMAP
approaches. After a conservative multiple testing adjustment, MixMAP identifies 12 loci in GLGC that are not identified by single SNP analysis. *The
absolute value of EB estimates are reported with positive values set to 0. Negative inverse normal transformed p-values that are large in absolute
value correspond to small p-values on the original scale. Corresponding prediction variances and interval limits are provided in Table S1.

doi:10.1371/journal.pone.0054812.g001

Figures 3 illustrates the estimated TPR (Sensitivity), FDR and
FPR (1-Specificity) for shift parameters ranging from 1 to 5.5,
where estimates are based on 500 simulations per condition. The
left panel of this figure reports results when the true number of
informative gene is m =48, the number detected in the GLGC
data, while the right panel considers twice as many (m=96)
informative genes. The range of 48 to 96 informative genes was
selected because it is generally consistent with the number of
significantly associated loci in prior reports of complex disease
traits. Notably for the GLGC data, the mean empirical Bayes (EB)
(shrinkage) estimate for the 48 detected genes was —1.23. This is
consistent with a shift parameter of approximately 2.3, as reported
in Figure 4; however, a broader range of shift parameters is
presented in the simulations studies for illustration and general-
1zability.

As expected, the TPR increases with increasing shift parameter
values, with MixMAP consistently higher than the single-SNP
based approach for more moderate shift parameters (<5.0). For
both the single-SNP and MixMAP approaches the rate of increase
in the TPR (as a function of the shift parameter) is slower when the
number of informative genes is 96 versus 48, though the difference
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is more pronounced in the context of MixMAP. This result is
consistent with underlying statistical theory, as the estimated
variance parameter for the single normal prior distribution of the
random effects will be larger as more genes arise from an
alternative distribution with non-zero mean. As a result, the
corresponding gene-level prediction intervals will be wider and it
will be more difficult to detect informative genes. This result
suggests that as the number of truly informative genes increases,
the added contribution of MixMAP over single SNP analysis is
smaller; however, with as many as 96 informative genes, MixMAP
is detecting a greater percentage of truly informative genes than
the single SNP approach for shift parameters less than 5.0. While
the FDR is consistently low for the single-SNP based approach
regardless of the shift parameter, the FDR for MixMAP is
relatively high (>0.10) for shift parameters less than 2.0. Notably,
the average number of detected genes (across the 500 simulations)
that are truly uninformative (FPs) is relatively constant across shift
parameter values, ranging between 4.1 to 4.5 with a median of
4.2. At the same time, the FDR tends to decrease because the total
number of detected genes (I'Ps+EFPs) is increasing as the shift
parameter gets larger. Finally, the FPR is consistently small for
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Table 2. MixMAP results in GLGC for IBC array loci with evidence for single SNP LDL-C association.
Position Single SNP p-values
Single # of

Locus} Chr Start Stop Gene Namei SNP' MixMAP"2 SNPs  Min Median Max
LDLRAP9 1 25568422 25749764 RHCE + - 4 3.10E-10 2.07E-05 1.98E-003

1 25762009 25767440 LDLRAP1 + - 5 6.38E-05 3.17E-04 3.59E-002
PCSK9 1 55267951 55304223 PCSK9 + + 34 1.93E-28 1.22E-05 0.8714
ANGPTL3 1 62704220 62822181 DOCK7 + - 3 2.16E-17 3.17E-17 8.62E-017

1 62827868 62845701 ANGPTL3 + - 6 1.43E-17 0.18 0.973
SORT1 1 109745416 109745601 PSMA5 + = 2 1.56E-12 = 8.78E-011

1 109590236 109623689 CELSR2 + + 23 9.70E—171 2.31E-29 0.7796

1 109622442 109630036 PSRC1 + + 7 4.93E-164 1.44E-08 0.3477

1 109633806 109650249 MYBPHL + + 10 7.89E-28 1.68E-12 0.07608

1 109652649 109742656 SORT1 + 4 28 1.63E-23 1.14E-12 0.8676
APOB 2 21052397 21165196 APOB + + 49 4.48E-114 7.51E-18 0.9401
ABCG5/8 2 43921795 43958429 ABCG8 + + 21 1.73E-47 0.001336 0.9203

2 43893343 43924284 ABCG5 - + 25 8.14E-08 0.07115 0.4809
RAB3GAP1* 2 136262314 136307216 LCT = + 1 1.13E-05 5.36E-05 0.6756
HMGCR 5 74667257 74693036 HMGCR + + 1 5.12E-45 5.70E-13 0.7414

74711473 74793312 COL4A3BP + + 9 2.90E-35 2.07E-12 0.4902

TIMD4" 5 155681482 156120506 SGCD¢ - + 66 3.38E-07 0.113065 0.8402

5 156445860 156469146 HAVCR2¢ = 4 11 0.003134 0.009268 0.5286
HFE 6 26196869 26204727 HFE + - 8 6.07-10 5.92E-03 6.64E-001
HLA 6 32512043 32535726 HLA-DRA + 13 7.28E-13 0.01082 0.7028

6 31469689 31498389 MICA - + 20 2.60E-06 0.011105 0.6733

6 31644203 31652541 LTA - + 18 0.0002275 0.01893 0.9282

6 32000620 32025519 c2 - + 14 3.97E-05 0.041215 0.4409

6 32899566 32917826 TAP2 = + 25 4.81E-07 0.116 0.8873
LPA 6 160810340 160838285 LPAL2 - + 9 2.38E-06 0.0008496 0.6485

6 160873025 161011583 LPA e 4 29 1.36E-15 1.36E-05 0.9738
NPCIL1 7 44519763 44551551 NPCIL1 + + 14 4.93E-11 7.35E-05 0.9729
TRIB1 8 126506812 126573908 TRIB1 + + 49 2.83E-29 7.98E-10 0.9683
ABO 9 135197039 135229220 SURF1 + - 5 1.57E-12 1.60E-02 1.49E-001

9 135121293 135145180 ABO + + 15 4.60E-21 0.0003062 0.01966
ABCA1 9 106585724 107556417 ABCA1 +° 121 1.12E-07 0.2582 0.979
FADS1-2-3 11 61305135 61361791 FADS1 + + 9 1.75E-21 8.41E-21 0.0006352

1 61353788 61389758 FADS2 + - 6 2.12E-20 5.75E-04 7.88E-001

1 61398293 61420267 FADS3 4 = 7 8.80E-10 3.72E-04 6.20E-001
APOA5-A4-C3-AT 11 116024949 116145447 BUD13 + + 6 4.21E-99 4.91E-06 0.05234

11 116152068 116168917 ZNF259 + 9 1.47E-26 4.01E-09 0.8141

11 116157417 116170289 APOA5 + 6 2.32E-16 7.16E-09 0.04245

11 116172547 116202948 APOA4 + - 8 1.97E-08 0.069 0.732

11 116212611 116233487 APOA1 + - 12 1.18E-09 4.12E-03 0.839

11 116230513 116233840 APOC3 = = 2 7.93E-03 = 0.665
BRAPT 12 110368991 110368991 SH2B3 + - 1 1.73E-09 . .

12 110714419 110731337 ALDH2 + + 7 5.42E-09 5.92E-06 0.4789

12 110971201 110971201 C120rf30 + - 1 6.89E-09 - -
HNF1AT 12 119890027 119923981 TCF1 + 13 3.61E-15 0.03823 0437
CETP 16 55548996 55576893 CETP + + 44 1.64E-12 0.003372 0.942
HPR 16 70640155 70671503 HPR + - 6 1.75E-22 1.35E-05 2.84E-001
LDLR 19 10663792 10663792 ILF3¢ + - 1 2.01E-14 - -
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Table 2. Cont.

Position Single SNP p-values
Single # of

Locus} Chr Start Stop Gene Namei SNP' MixMAP"2 SNPs  Min Median Max

19 11024562 11024562 SMARCA4 + - 1 1.74E-25 - -

19 11063306 11103658 LDLR P 4 28 4.28E-117 6.98E-10 0.5643
CILP2 19 19185443 19329924 NCAN + 12 1.42E-19 0.06043 0.5713

19 19324032 19366087 KIAA0892 IF = 5 1.78E-15 5.68E-04 3.58E-001

19 19515117 19524850 CILP2 + - 5 5.99E-21 0.506 0.631

19 19526643 19584215 PBX4 + - 7 2.52E-18 6.89E-02 4.81E-001

19 19580840 19619190 EDG4 + - 7 1.02E-17 0.065 0.051
APOE-C1-C2 19 49929652 49944944 BCL3 + + 6 4.21E-99 4.91E-06 0.05234

19 50021054 50021054 BCAM + - 1 6.18E-63 - -

19 50043777 50074877 PVRL2 ap 16 5.11E-67 1.05E-08 0.6158

19 50081014 50119488 APOE + + 8 3.76E-110 2.67E-07 0.9906

19 50100676 50100676 TOMM40 IF = 1 3.76E-110 - -

19 50139001 50145079 APOC4 + - 5 1.08E-72 6.08E-03 0.458

19 50139018 50149020 APOC2 IF = 7 2.56E-10 0.074 0.652
Top1? 20 39225477 39230879 PLCG1 + - 2 5.99E-15 - 0.764

For the 31827 SNPs in 2960 genes interrogated in Global Lipids Genetic Consortium (GLGC) summary data [1], MixMAP detects 36 genes in 21 of 26 loci detected by
single SNP analysis in GLGC. Coverage of genes detected by both approaches is higher, while the median p-value is generally lower, than that of genes detected by
single SNP analysis alone. 1Genes were assigned to a locus identified in the GLGC [1] if SNPs in that gene were within 500 Kb of or had linkage disequilibrium (LD)
2 >0.30 with the top SNP at a GLGC genome wide significant locus. 'Genes designated at genome wide significant locus in GLGC were not directly interrogated in IBC
array data; * + indicates corresponding gene detected and - indicates corresponding gene not detected; ' genome wide significant threshold («=5 x 10~%); 2Bonferroni
correction based on the number of genes (x=0.05/2960); “Gene is significant based on Single SNP approach in [1] (Table 1) but significant SNP is not included in IBC
array under study; *This gene is significant based on single SNP approach for TC and HDL in GLGC [1] (Table 1) and conditionally associated with LDL (Table 6 Supp);
“Limited LD (2 <0.3) detected; however, assigned to same locus due to physical proximity (< 500Kb) and/or multiple candidate genes in the region. These may
represent signal for LDL-C independent of the established GLGC locus.

doi:10.1371/journal.pone.0054812.t002

Table 3. MixMAP in GLGC identifies IBC array loci that lack single SNP evidence for LDL-C association.

Position Single SNP p-values Supporting
Locus Chr Start Stop Gene Name Single SNP™' MixMAP2  # of SNPs Min Median Max Evidence®
PKN2 1 88918822 89073711 PKN2 - + 21 0.003906 0.06777 0.6081 None
FN1 2 215938326 216066837 FN1 - aF 44 1.56E-05 0.1254 09993 B [49,50]
UGT1A1 2 234255355 234346384 UGT1A1 - + 20 3.53E-06 0.070225 0.9471 A [18-20]; B [21]
PPARG 3 12309416 12450557 PPARG - + 49 1.35E-05 0.1021 0.9917 -AB,C[22-25]
DMDGH 5 78331610 78402461 DMGDH - + 19 0.002283 0.08308 0.6427 *A[51]
PPARD 6 35419966 35503982  PPARD - + 45 0.002272 0.1943 0.8976 A [31-34]; B [52]
CDK6 7 92074765 92304241 CDK6 - + 43 0.0006457 0.1083 0.8932 None
VPS13B 8 100143528 100936497 VPS13B - + 30 0.0003567 0.101375 0.861 A [42]
GAD2 10 26552050 26631994  GAD2 - + 22 0.006998 0.06269 0.3543  None
GAB2 11 77604417 77802894 GAB2 = aF 13 1.65E-05 0.0005164 0.9401 None
APOH 17 61629102 61657177  APOH - + 25 2.10E-05 0.1556 0.9846 A [26-29]
NPC1 18 19366772 19415132  NPC1 - + 16 0.014 0.04201 0.3832 AB,C [35-38]

For the 31827 SNPs in 2960 genes interrogated in Global Lipids Genetic Consortium (GLGC) summary data [1], 12 novel loci are detected by MixMAP alone. The median
p-values for these genes tend to be lower than expected by chance. 'No association with plasma lipids but mouse models support role in atherosclerosis; *No
association with plasma lipids but cause of inborn error of choline metabolism; “"No association with plasma lipids but implicated in Cohen syndrome in which truncal
obesity is a feature;"PPARG is a prominent gene for insulin resistance, type-2 diabetes mellitus, lipodystrophy and obesity; some data link PPARG to lipoprotein
abnormalities; * + indicates corresponding gene detected and - indicates corresponding gene not detected; ! genome wide significant threshold (=5 x 10~%);
2Bonferroni correction based on the number of genes (2=0.05/2960); *Based on published literature (see corresponding citations): A: human data; B: mouse/animal
data; and C: cell biology.

doi:10.1371/journal.pone.0054812.t003
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both the single-SNP based and MixMAP approaches across all
shift parameter values with averages (assuming 48 truly informa-
tive genes) of 6.87 x 1077 and 0.00144, respectively.

Figure 5 reports the estimated TPR, FDR and FPR when only a
subset of the observed SNPs within each gene is included in the
analysis. The proportion of included SNPs (given on the x-axis)
ranges from 0.2 to 0.8 and each column in this figure represents a
different value of the shift parameter (2.0, 3.0 or 4.0 for columns 1,
2 and 3 respectively). As expected for all values of the shift
parameter, the TPR increases dramatically for MixMAP as the
proportion of SNPs within a gene approaches 100%. This follows
from the dependency of the prediction interval for a gene level
random effect on the number of SNPs within the corresponding
gene. Further the MixMAP FDR is relatively high (> 0.10) for low
proportions (<0.50) of included SNPs within each gene, and this
is more pronounced for small shift parameters. Notably, while the
FDR is high, the average number of detected genes (across the 500
simulations) that are truly uninformative (FPs) is relatively constant
across the proportion of SNPs included, ranging between 4.1 to
4.5 with a median of 4.5 for shift parameter of 2.0. Finally, the
FPR is consistently small for both the MixMAP and single-SNP
approaches, with estimated values similar to those reported above
with complete SNP data. These results suggests that the
contribution of MixMAP will be more pronounced when genes
are adequately covered, and application of MixMAP in the
context of substantial missing information on SNPs can result in a
higher proportion of false discoveries (relative to the total number
of discoveries), though the absolute number of false discoveries
remains constant.

PLOS ONE | www.plosone.org

Table 4. Top MixMAP and single SNP evidence for IBC array locus association with LDL-C in PennCAC.
Position PennCAC Results Top GLGC Findings Supporting

Locus Chr Start Stop Gene Name Single SNP”' MixMAP™? # of SNPsSNP p-value  Evidence®
ELA2A 1 15653807 15669301 ELA2A + - 8 rs10927787  0.048 None
RGS7 1 239219450 239268557 RGS7 + = 38 rs628208 0.008 None
MFSD7 4 671940 671940 MFSD7 + - 1 rs9991613 0.671 None
ESR1 6 152167137 152467893 ESR1 + = 149 rs9341052 1.83E-04 A [53-56]
APOA5-A4-C3-A1 11 116024949 116145447 BUD13 + - 16 rs6589565 5.37E-16 A 1]

11 116157417 116170289 APOA5 + = 6 rs2075290 2.32E-16 A 1]
YY1 14 99795191 99809982 YY1 + - 2 54905941 0.232 C [57-59]
FEM1B 15 66348570 66371610 FEMI1B + = 7 rs16951723  0.352 None
SORT1 1 109590236 109623689 CELSR2 - + 23 rs629301 9.70E-171 A 1]
IL1R2 2 101970201 102010893 IL1R2 = + 37 rs2236927 0.086 A [39]; B [40]; C [41]
TNIP3 4 122257475 122313818 TNIP3 - + 14 rs17051298  0.058 None
FGF2 4 123975987 124033758 FGF2 = 4 25 rs308406 0.039 None
LPA 6 160873025 161011583 LPA - + 28 rs10455872  1.36E-15 A 1]
GRM3 7 86106844 86327561 GRM3 = + 32 rs10245069  0.058 None
VPS13B 8 100143528 100936497 VPS13B - + 30 rs7841688 3.57E-04 AT [42]
For the 31585 SNPs in 2944 genes interrogated in PennCAC, MixMAP identifies 7 loci in PennCAC that are not identified by single SNP analysis. Of these gene/loci, SNPs
in 2 reach genome wide significance in GLGC (SORT1 and LPA) and are also MixMAP significant in GLGC; 1 is MixMAP significant but single SNP non-significant in GLGC
(VPS13B), and 2 have animal model data supporting modulation of lipid metabolism (VPS13B and IL1R2). "No association with plasma lipids but implicated in Cohen
syndrome in which truncal obesity is a feature;" + indicates corresponding gene detected and - indicates corresponding gene not detected; 'IBC array threshold
(=5 x 10~*); 2Bonferroni correction based on the number of genes («=0.05/2944); Based on published literature (see corresponding citations): A: human data; B:
mouse/animal data; and C: cell biology.
doi:10.1371/journal.pone.0054812.t004

Discussion

Despite advances in the genomics of complex traits, only a
portion of heritability for common human diseases has been
elucidated. To date, most common variant discovery approaches
have relied on tests of disease association using one SNP at a time.
Methods that leverage existing datasets and exploit information
across multiple SNPs within a gene region are likely to yield
additional information regarding the locus association with traits.
We developed a novel strategy, MixMAP, that relies on well-vetted
statistical principles and draws from the vast array of summary
data now available from genetic association studies, to test
formally for locus-level association. The primary inputs required
for this approach are single SNP level p-values for tests of trait
association and mapping of SNPs to locus regions while the output
is locus level estimates and tests of association. Application of
MixMAP to SNP summary data for a pre-defined set of genes
within the GLGC meta-analysis of association with LDL-C suggest
that MixMAP can provide substantial value in discovery that is
complementary to single SNP testing approaches in identifying
novel loci for LDL-C. In addition, MixMAP analysis of PennCAC
IBC array and LDL-C data support its application in combination
with traditional SNP testing to enhance the power of discovery in
small dataset settings. Thus, MixMAP provides a novel strategy,
based on established statistical principles, for exploiting existing
and emerging genomic data to provide advances in our
understanding of complex human diseases.

Over the past decade sequencing of the human genome,
definition of common SNP variation in human population and
advances in genotyping technology have provided the possibility to
discover common genetic contributions to complex traits in
human. Indeed, very large scale applications of genome SNP
scans in humans combined with rigorous statistical correction for
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Figure 2. MixMAP gene-level effects for PennCAC data. Points in this Manhattan style plot represent genes with their approximate location on
the x-axis and their corresponding effect estimates on the y-axis for the 2944 genes interrogated in PennCAC. No individual SNPs met genome wide
or array wide significance in these data. After a conservative multiple testing adjustment, MixMAP identifies 7 loci in PennCAC that are not identified
by single SNP analysis. These MixMap findings are highlighted with blue rectangles. All other genes are represented by grey and black circles. *The
absolute value of EB estimates are reported with positive values set to 0. Negative inverse normal transformed p-values that are large in absolute
value correspond to small p-values on the original scale. Corresponding prediction variances and interval limits are provided in Table S2.

doi:10.1371/journal.pone.0054812.g002

multiple testing has led to an explosion of novel validated genomic
discoveries for human diseases with exciting progress in functional
genomics as well as promise for novel therapeutics and disease
prediction. Despite this the majority of heritability for most
complex traits remains to be discovered. Current statistical
approaches for testing single SNP associations with disease are
designed to protect against excess false positives but may be
excessively conservative. Further, single SNP approaches to
analysis do not draw strength from information gained by
assessing simultaneously trends of association across a locus.
These observations suggest that false negatives are a significant
feature of existing association analysis and that additional genomic
discovery should be possible in existing data if appropriate
statistical methodologies are applied. Indeed, recent research
suggests that common variants with individual level effects that are
too small to be considered statistically significant using stringent
significance thresholds account for a substantial proportion of this
missing heritability for complex traits [17]. However, differenti-
ating the true signals within the vast amount of SNP data with
moderate p-values remains an unsolved problem.

We chose to analyze genetic contributors to LDL-C for several
reasons. First, LDL-C is an important complex trait that is causal
for a substantial portion of CVD death and morbidity in our

PLOS ONE | www.plosone.org

society. Second, LDL-C has a well described heritability and large
rigorously performed meta-analyses have been performed and
summary data are publicly available (GLGC). Third, although
many loci for LDL-C have been identified through association
studies at p<5x 1075, only a modest portion of its heritability
(approximately 25—30% of genetic variability [1]) has been
defined. Fourth, the basic biology of plasma lipids and LDL-C has
been extensively studied in animal models and cell systems
providing some additional mechanistic reference for any novel
discoveries we might make. We hypothesized that we would
identify novel loci for LDL-C, beyond the existing single SNP-
based discoveries, through application of MixMAP in the large
GLGC meta-analysis summary data. As an informative example,
we chose to focus on the set of SNPs for CVD candidate genes
included on the ITMAT-Broad-CARe (IBC) SNP array which was
designed to provide dense SNP coverage in putative candidate
CVD genes as well as some coverage of emerging loci at the time
of its design [12]. This approach allowed us to focus on a defined
set of SNPs within candidate loci and to perform direct
comparison of findings for this subset of SNPs within the GLGC
data-set to those in the smaller PennCAC sample application.

In GLGC data, MixMAP confirmed association for over 80% of
the loci identified through single SNP testing of the 31827 SNPs in
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Figure 3. Simulation results for a range of shift parameters and number of informative genes. The true positive rate (TPR, row 1), false
discovery rate (FDR, row 2) and false positive rate (FPR, row 3) are reported (y-axis) for shift parameters ranging from 1 to 5.5 (x-axis), when the “true”
(under simulation) number of informative genes is equal to 48 (left hand column) or 96 (right hand column). “Informative” genes are assumed to
have effects that arise from a normal distribution with mean equal to the shift parameter while all remaining gene-level effects (2960 total) arise from
a standard normal distribution. All estimates are based on 500 simulations per condition. *Dots are enlarged to visualize overlapping symbols.

doi:10.1371/journal.pone.0054812.g003

2960 genes examined. Failure to detect more of the loci established
by single SNP testing should not be surprising because MixMAP
loses information for extremely low individual SNP p-values and is
not designed for finding association when SNP coverage of a gene
region is poor, as is the case for some loci that reached significance
in the GLGC. Further, from a biological perspective, almost all
clinically important LDL-C genes/loci were detected by MixMAP
(e.g., LDLR, APOB, APOE, HMGCR, PCSK9, LPA, SORTI,
ABCG5/8, TRIB1, ABCAl, APOA5-A4-C3-Al and CETP).
MixMAP, however, did provide evidence for 12 new loci
(corresponding to 12 interrogated genes) for LDL-C in GLGC

PLOS ONE | www.plosone.org

data that did not reach genome wide significance in single SNP
testing. This may be an under estimate because we applied
conservative criteria for our selection of novel loci (greater than
500kb from known GLGC locus, pairwise 2 < 0.3 with top SNP at
GLGC established LDL-C locus, and outside of region with
multiple candidate genes). For example, interrogated SNPs in C2,
which MixMAP identifies as a gene associated with LDL-C, have
1 <0.3 with the top GLGC SNP at the HLA locus in Teslovich et
al. [1].
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Figure 4. Density plots for average EB estimates of selected genes for a range of shift parameters. Density plots represent the
distribution of the average Empirical Bayes (EB) estimate across MixMAP selected genes when the effects of 48 genes are assumed to arise from a
normal distribution with mean equal to the indicated shift parameter while all remaining gene-level effects (2960—48 =2912) arise from a standard
normal distribution. Each plot is based on 2000 simulations. The mean of the EB estimates for the GLGC MixMAP selected genes was —1.23 (indicated
by the dotted vertical line in the top left panel). This is most consistent with an underlying shift parameter of approximately 2.3.

doi:10.1371/journal.pone.0054812.9004

A more detailed description of the 12 genes/loci detected by
MixMAP alone is provided in Supplementary Materials. For many
of these 12 loci (FN1, UGT1Al, PPARG, GAB2 and APOH) the
GLGC single SNP test p-value provided suggestive evidence of
association (p<1x107%) and published data in mice and human
support specific biological processes and plausible mechanisms of
association with LDL-C for some of the index genes (UGTIAI,
PPARG and APOH) at these loci [18-29]. Notably, a recent meta-
analysis of IBC array data for plasma lipids across 66,240
individuals also supports an association of APOH with LDL-C and

PLOS ONE | www.plosone.org

10

suggests that UGT1AI is a locus for total cholesterol levels [30].
For some MixMAP significant loci with suggestive GLGC single
SNP tests, there is no or limited published biology or mechanism
for association with LDL-C (e.g. FN1 and GAB2). On the other
hand, some loci that are significant by MixMAP have quite modest
statistical support in GLGC single SNP analysis, but have strong
published data supporting mechanisms by which genes at the locus
may modulate LDL-C (e.g NPC1 and PPARD) [31-38]. Finally, a
few MixMAP loci have neither suggestive single SNP support from
GLGC nor reported biological plausibility for gene-lipid associa-
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Figure 5. Simulation results for a range of shift parameters and proportions of SNPs included within a gene. The true positive rate
(TPR, row 1), false discovery rate (FDR, row 2) and false positive rate (FPR, row 3) are reported (y-axis) for the percentage of SNPs included within each
gene ranging from 0.2 to 0.8 (x-axis), when the “true” (under simulation) shift parameter is equal to 2.0 (left most column), 3.0 (middle column) or 4.0
(right most column). In these simulations 48 genes are considered “informative”. That is, the effects of these genes are assumed to arise from a
normal distribution with mean equal to the shift parameter while all remaining gene-level effects (2960—48 =2912) arise from a standard normal
distribution. All estimates are based on 500 simulations per condition. *Dots are enlarged to visualize overlapping symbols.

doi:10.1371/journal.pone.0054812.9005

tions (e.g. PKN2 and CDK) and such loci require further focus
and validation. Overall, these data support the utility of MixMAP,
when used in combination with traditional single SNP testing, in
discovery of true loci for LDL-C and other complex traits
particularly.

A specific challenge in the genomics of complex traits is
identifying loci for such a trait when power is low due to limited
availability of human data. We chose to illustrate this issue in a
small sample (PennCAC, n =2096) using LDL-C as an example in
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1

part because the large GLGC dataset for LDL-C provides an
external reference for any MixMAP findings. In PennCAC, no
individual SNPs meet criteria for association with LDL-C using
the genome-wide  Bonferroni  correction
(p<5x1078 or the less conservative IBC array-wide Bonferroni

conservative

correction (p <3 x 107°). At a less stringent, suggestive single SNP
criteria (p<1x107%, 7 loci (represented by 8 genes) are
identified. At one of these loci, 2 interrogated genes (APOA5
and BUD13) contain SNPs with genome-wide significant signals in
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the independent GLGC dataset. As expected at this less
conservative threshold, however, most SNPs lack supporting
signals in GLGC data and lack supporting biology for genes at
the locus (Table 3) suggesting that several may be false positives.
Using MixMAP 7 genes, representing 7 independent loci, were
suggested for LDL-C. Of these, 2 (SORTI1 and LPA) have
genome-wide significant signals in the independent GLGC data
and one (VPS13B) had a significant MixMAP signal in GLGC
data. Furthermore, 2 loci (ILIR2 and VP13B) have some support
for modulation of lipids in animal models [39-42]. Overall, these
PennCAC LDL-C analyses suggest that application of MixMAP in
small sample settings may provide complementary value to single
SNP tests and other strategies to maximize genetic inference in
settings where sample size is limited. Although in these small
sample settings false positives will remain a challenge, MixMAP
should enhance findings for prioritization and further follow-up.

We recognize that independent replication of findings is
essential for complete validation of novel findings in genetic
studies. Because the GLGC data represent the largest published
lipids GWAS meta-analysis to date, we believe a comprehensive
replication for LDL-C beyond these GLGC data is not possible at
the current time. However, we will pursue this for lipid genes/loci
in additional GLGC data when these data become available (e.g.,
Metabochip project data expected 2013 [12]). We also acknowl-
edge that for common SNP variation, a single gene often can not
specifically be assigned to the disease-associated variant. Further,
simple proximity to a variant and even incorporation of expression
QTL knowledge are not always correct in selecting causal genes.
This problem can lead to incorrect assumptions of causal genes
and raise concerns for validity of gene-based inference. However,
this limitation is not unique to our illustration of MixMAP and is
common to current gene and pathway analyses leveraging
common SNP datasets (e.g. [43]). The challenge can be addressed
in part by leveraging the maximum amount of linkage disequi-
librium, eQTL, fine mapping and biological data when assigning
genes to the associated SNPs. In the present investigation, we use
gene as the cluster to which SNPs belong, though MixMAP is not
limited by this specification. Importantly, the user can employ
alternative and newly evolved classifications, as the primary input
to the MixMAP algorithm.

The results of the simulation study further support the
application of MixMAP as a complementary strategy to single-
SNP based testing, particularly in the context of moderate gene
level effects and adequate SNP coverage. Our on-going research is
exploring calibrating the variance coeflicient in the prediction
interval, as an alternative to using zj_gos/n, to obtain desired
control of the FDR in specific well-defined settings. Because a first
stage ranking of p-values is applied prior to inverse normally
transforming the data for model fitting, the implications of using p-
values from a single cohort study (PennCAC) versus a meta-
analysis (GLGC) are limited to the varying degrees of precision in
each setting. That is, the full range of the quantitative data, and
specifically the fact that p-values from a meta-analysis tend to be
substantially smaller than those from a single cohort study, is not
being incorporated into the analysis presented herein. We expect
additional knowledge can be gained through a mixture modeling
extension of MixMAP that can accommodate the quantitative
nature of the summary data, and this is currently under
investigation. The present investigation is based on common
variants, and while incorporating the results of rare variant
analysis poses an additional challenge as these variants tend to be
grouped a priori for analysis, such an extension would also likely be
informative.
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Further extensions of MixMAP would also allow application to
gene set and/or pathway-based analysis of association data.
Specifically, through inclusion of multiple nested random effects,
the MixMAP framework could be applied using both locus level
and pathway information simultaneously. Through fully paramet-
ric modeling, this may offer advantages over gene set enrichment
analysis, which similarly involves a first stage rank ordering [44].
This extension of MixMAP would be notably distinct from the
hierarchical modeling approach of [8] that similarly includes
random gene specific effects, but separately models each gene set
and focuses testing on fixed intercepts representing pathway effects
rather than latent variables. Additional future work includes a
specific evaluation of the influence of linkage disequilibrium,
minor allele frequencies, gene size and numbers of recombinant
hotspots as potential covariates in the models, as well as
comprehensive evaluation of the complex statistical power
considerations across a range of applications and conditions,
including candidate gene studies, GWAS, pathway analysis and
partial or whole-exome sequencing studies. Additional character-
ization of MixMAP may facilitate applications to summary
findings from Metabochip and exome sequencing, as well in
interrogation of gene sets and pathways utilizing such data. In
conclusion, the approach we have described is intended to
complement single SNP analysis and should provide a useful tool
to potentiate existing summary data and reveal important novel
loci, pathways and causal factors for complex diseases at little
additional cost.

Materials and Methods

As a consequence of the LD structure within genetic loci, we
expect SNP level p-values, corresponding to single tests of
association, to be potentially more similar within a gene than
across genes, regardless of the level of association. Thus, a
common statistical modeling framework for correlated data, the
mixed effects model [45—47], is a natural analytic framework to
consider for this setting. The application of MixMAP presented
herein is at a gene level, and thus the term “gene” is used
throughout this section; however, we note that as additional, locus-
level annotations become available, these can replace or enhance
the gene level classifications.

We begin by transforming the SNP level analysis or meta-
analysis p-values, which will serve as the outcomes in our model, to
normal variates in order to meet model assumptions. This is
achieved by: (a) applying a simple rank transformation, to ensure
uniformity over the interval from 0 to 1; and (b) applying an
inverse normal (probit) transformation to normalize the data. For
(a), the rank of the kth SNP is set equal to 1, =(k)/(n+1) where
(k) is the ordered ranking across all SNPs and n is the total
number of SNPs under study. For (b), we let y; =@~ !(r¢) where
@ is the cumulative density function of a standard normally
distributed random variable.

The first step of MixMAP is to fit a mixed effects model to
appropriately transformed p-values with gene-specific random
intercept terms and fixed effects for any relevant covariates.
Formally this model is given by:

Yi=Xif+Zibi+¢i (1)
where y; = Vi1,Vi2» yini)T, Yij is the transformed p-value for the jth
SNP within gene 7, X; is a matrix with jth row equal to a I xp
vector of SNP or gene level covariates, i=1,N and j=1,...,n,
where N is the total number of genes and #; is the number of SNPs
in gene i. Further, we let Z;=J,; be an n; x 1 vector of 1’,
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b; ~N(0,0§) is the random effect of gene i, ¢; ~N(0,|],,l.62) and b; is
independent of ;. Finally, f§ is the corresponding vector of fixed
effects. In the example presented in this manuscript, the X;ff term
additionally reduces to an overall intercept, but we retain this for
generalizability. In this model, b; represents a latent (unobservable)
effect of gene i on the corresponding transformed p-values.
Notably, as a result of the transformation described above, small p-
values correspond to large negative values of y;;. Thus, values of b;
that are less than 0 would indicate a gene level effect.

Based on this model formulation, the best linear unbiased
predictor of the random effect for gene 7 is given by:

E(bily)=01Z £ (i —X:B) (2)

where X; = Cov(y;) = o’iJJnl. —I—azl],,l. where J,; =J, JT. The empir-

Y n;
ical Bayes estimate of b;, denoted b;, is calculated by replacing gy,
and 2 with corresponding REML estimates. A measure of
dispersion for this quantity in the intercept only model is given by:

Var(bily;) = (3)

ni/o2+1/a?

and returned by the Imer() function in the R Ime4 package (http://
cran.r-project.org/web/packages/Ime4/index.html). This is relat-

ed in expectation to Var(b;—b;) as described in [48], Chapter 7.
Notably, the 12 novel gene and locus findings reported in this
manuscript were not sensitive to choice of prediction variance;
however, if Var(p,—b;) were applied in place of the measure
returned by Imer(), then three genes (namely HAVCR2, HLA-
DRA and LPAL2 in the TIMD4, HLA and LPA loci, respectively)
would not be MixMAP significant.

In general, we are interested in testing the null hypothesis of no
association between a given gene and the trait. To this aim, we
construct a one-sided prediction interval for the true gene-level
effect, given by b; for gene i, with the upper limit defined as:

PIP =b;+ 2, %\ Var(bily,) @

where zj_, is the (1—o)-quantile from a standard normal

distribution, @(bdy,«) is equal to Var(b;ly;) evaluated at RML
estimates of ¢ and 03, and o is a pre-defined significance threshold.
A Bonferroni level threshold given by 0.05/N where N is the
number of genes under study is suggested and applied in this
manuscript. If the upper limit of the gene-level prediction interval
is less than 0, then we conclude that the corresponding locus is
significantly associated with the trait.

P-values corresponding to tests of association with LDL-C were
generated as follows, and according to the approach described in
[1]: (1) Regress LDL on age, age?, gender and the first 10 principal
components derived using all available SNPs; (2) Calculate the
residuals from this model fit; (3) Fit a separate simple linear
regression for each SNP (coded as ordinal 0, 1, 2 variables) with
the residuals as the outcome; and (4) Record the t-test statistic and
corresponding p-value within each model for the test that the
coeflicient of the SNP in the linear regression was equal to 0. For
the PennCAC data, SNP level p-values were generated within
Caucasians according to this same algorithm. For GLGC data,
reported meta-analysis p-values that were generated in the same
manner and then meta-analyzed were used in analysis. Transfor-
mations of these p-values and subsequent application of MixMAP
proceeded as described above.
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For all simulation studies, random gene level effects, b; for
i=1,...,N, are simulated according to a two-component Gaussian
mixture distribution with m elements arising from a N (u,ai) and
the remaining (N —m) elements arising from a N (0,0‘;27) distribu-
tion, where N is the total number of genes under study and m is
the number of informative genes. SNP level z-scores are then
generated according to the model zy=p+b;+¢; where
6,—,-~N(0,<72). To begin for all simulations, the numbers of SNPs
within each gene are set equal to the observed counts for the
31825 SNPs within the 2960 genes in the GLGC and PennCAC
IBC subset. The median number of SNPs per gene is 6, the mean
is 10.75 and the range is 1 to 450. The first and third quartiles are
equal to 1 and 11, respectively. Notably, due to the LD structure
within genes, we expect p-values to be correlated within these
regions even under the complete null of no association between all
genes and the trait under study. As a result, the gene level random
effects, given by b; in the model above, are not identically equal to
0 under this null. That is, even uninformative genes, whose latent
effects are assumed to arise from a mean 0 distribution, will have
corresponding non-zero effects.

Supporting Information

Supporting Information S1 Clinical Studies.

(PDF)

Supporting Information $2 Summary of suggested novel
genes/loci identified in GLGC data by MixMAP.

(PDF)

Table S1 Empirical Bayes (EB) estimates and corre-
sponding prediction intervals for MixMAP supported
genes in GLGC. The Empirical Bayes estimate and correspond-
ing prediction variance for each gene are used in the construction
of an associated one-sided prediction interval. "The upper limit of
this interval is reported using a Bonferroni corrected oo =0.05/
(2960). An upper limit that is less than 0 implies the gene’s random
effect (on the inverse normal transformed ranked p-values) is
significantly less than 0. Since negative transformed p-values that
are large in absolute value correspond to small p-values on the
original scale, this implies the gene as a whole has a significant
effect on LDL-C. *Highlighted rows correspond to novel loci not
identified using single SNP analysis.

(PDF)

Table S2 Empirical Bayes (EB) estimates and corre-
sponding prediction intervals for MixMAP supported
genes in PennCAC. The Empirical Bayes estimate and
corresponding prediction variance for each gene are used in the
construction of an associated one-sided prediction interval. 'The
upper limit of this interval is reported using a Bonferroni corrected
o =0.05/(2944). An upper limit that is less than 0 implies the
gene’s random effect (on the inverse normal transformed ranked p-
values) is significantly less than 0. Since negative transformed p-
values that are large in absolute value correspond to small p-values
on the original scale, this implies the gene as a whole has a
significant effect on LDL-C. None of these loci were identified
using single SNP analysis.

(PDF)

Author Contributions

Conceived and designed the experiments: ASF GJM UD MPR. Performed
the experiments: ASF GJM UD JFF. Analyzed the data: ASF GJM UD
JFF. Contributed reagents/materials/analysis tools: ASF GJM UD RL.
Wrote the paper: ASF MPR.

February 2013 | Volume 8 | Issue 2 | 54812



References

1.

&)

20.

21.

23.

24.

Teslovich TM, Musunuru K, Smith AV, Edmondson AC, Stylianou IM, et al.
(2010) Biological, clinical and population relevance of 95 loci for blood lipids.
Nature 466: 707-713.

. Amos CI (1994) Robust variance-components approach for assessing genetic

linkage in pedigrees. Am J Hum Genet 54: 535-543.

. Fan R, Xiong M (2003) Linkage and association studies of QTL for nuclear

families by mixed models. Biostatistics 4: 75-95.

. Goeman JJ, van de Geer SA, de Kort F, van Houwelingen HC (2004) A global

test for groups of genes: testing association with a clinical outcome.
Bioinformatics 20: 93-99.

. Foulkes AS, Reilly M, Zhou L,Wolfe M, Rader DJ (2005) Mixed modelling to

characterize genotype-phenotype associations. Stat Med 24: 775-789.
Schumacher FR, Kraft P (2007) A Bayesian latent class analysis for whole-
genome association analyses: an illustration using the GAWI5 simulated

rheumatoid arthritis dense scan data. BMC Proc 1 Suppl 1: S112.

. Foulkes AS, Yucel R, Li X (2008) A likelihood-based approach to mixed

modeling with ambiguity in cluster identifiers. Biostatistics 9: 635-657.

. Wang L, Jia P, Wolfinger RD, Chen X, Grayson BL, et al. (2011) An efficient

hierarchical gener-alized linear mixed model for pathway analysis of genome-
wide association studies. Bioinformatics 27: 686-692.

. Ferguson JF, Hinkle CC, Mchta NN, Bagheri R, Derohannessian SL, et al.

(2012) Translational studies of lipoprotein-associated phospholipase a(2) in
inammation and atherosclerosis. ] Am Coll Cardiol 59: 764-772.

Shah R, Hinkle CC, Ferguson JF, Mehta NN, Li M, et al. (2011) Fractalkine is a
novel human adipochemokine associated with type 2 diabetes. Diabetes 60:

1512-1518.

. Edmondson AC, Braund PS, Stylianou IM, Khera AV, Nelson CP, et al. (2011)

Dense genotyping of candidate gene loci identifies variants associated with high-
density lipoprotein cholesterol. Circ Cardiovasc Genet 4: 145-155.

. Keating BJ, Tischfield S, Murray SS, Bhangale T, Price TS, et al. (2008)

Concept, design and implementation of a cardiovascular gene-centric 50 k snp
array for large-scale genomic association studies. PLoS ONE 3: ¢3583.

. Buyske S, Wu Y, Carty CL, Cheng I, Assimes TL, et al. (2012) Evaluation of the

metabochip genotyping array in African Americans and implications for fine
mapping of GWAS-identified loci: the PAGE study. PLoS ONE 7: €35651.

. Johnson AD, Handsaker RE, Pulit SL, Nizzari MM, O’Donnell C]J, et al. (2008)

SNAP: a web-based tool for identification and annotation of proxy SNPs using
HapMap. Bioinformatics 24: 2938-2939.

. Lawrence R, Day-Williams AG, Mott R, Broxholme J, Cardon LR, et al. (2009)

GLIDERS-a web-based search engine for genome-wide linkage disequilibrium
between HapMap SNPs. BMC Bioinformatics 10: 367.

. Consortium ATIKC (2011) Large-scale gene-centric analysis identifies novel

variants for coronary artery disease. PLoS Genet 7: ¢1002260.

. Yang J, Benyamin B, McEvoy BP, Gordon S, Henders AK, et al. (2010)

Common SNPs explain a large proportion of the heritability for human height.
Nat Genet 42: 565-569.

. Oswald 8, Haenisch S, Fricke C, Sudhop T, Remmler C, et al. (2006) Intestinal

expression of P-glycoprotein (ABCB1), multidrug resistance associated protein 2
(ABCC2), and uridine diphosphate-glucuronosyltransferase 1A1 predicts the
disposition and modulates the effects of the cholesterol absorption inhibitor
ezetimibe in humans. Clin Pharmacol Ther 79: 206-217.

Smiderle L, Galvao AC, Fontana C, Wender MC, Agnes G, et al. (2011)
Evaluation of UGTIAI and SULTIAI polymorphisms with lipid levels in
women with different hormonal status. Gynecol Endocrinol 27: 20-26.

Bae JW, Choi CI, Lee JH, Jang CG, Chung MW, et al. (2011) Effects of UDP-
glucuronosyltransferase polymorphisms on the pharmacokinetics of ezetimibe in
healthy subjects. Eur J Clin Pharmacol 67: 39-45.

Osabe M, Sugatani J, Fukuyama T, Ikushiro S, Ikari A, et al. (2008) Expression
of hepatic UDP-glucuronosyltransferase 1A1 and 1A6 correlated with increased
expression of the nuclear constitu-tive androstane receptor and peroxisome
proliferator-activated receptor alpha in male rats fed a high-fat and high-sucrose
diet. Drug Metab Dispos 36: 294-302.

. Fruchart JC, Duriez P, Staels B (1999) Peroxisome proliferator-activated

receptor-alpha activators regulate genes governing lipoprotein metabolism,
vascular inammation and atherosclerosis. Curr Opin Lipidol 10: 245-257.
Meirhaeghe A, Tanck MW, Fajas L, Janot C, Helbecque N, et al. (2005) Study
of a new PPARgamma2 promoter polymorphism and haplotype analysis in a
French population. Mol Genet Metab 85: 140-148.

Johansson LE, Danielsson P, Norgren S, Marcus C, Ridderstrale M (2009)
Interaction between PPARG Prol2Ala and ADIPOQ G276T concerning
cholesterol levels in childhood obesity. Int J Pediatr Obes 4: 119-125.

. Garg A (2011) Clinical review: Lipodystrophies: genetic and acquired body fat

disorders. J Clin Endocrinol Metab 96: 3313-3325.

. Kamboh MI, Bunker CH, Aston CE, Nestlerode CS, McAllister AE, et al.

(1999) Genetic association of five apolipoprotein polymorphisms with serum
lipoprotein-lipid levels in African blacks. Genet Epidemiol 16: 205-222.

. Tsunoda K, Harihara S, Dashnyam B, Semjidmaa D, Yamaguchi Y, et al.

(2002) Apolipoprotein E and H polymorphisms in Mongolian Buryat: allele
frequencies and relationship with plasma lipid levels. Hum Biol 74: 659-671.

. Kamboh MI, Sanghera DK, Mehdi H, Nestlerode CS, Chen Q, et al. (2004)

Single nucleotide polymorphisms in the coding region of the apolipoprotein H

PLOS ONE | www.plosone.org

29.

30.

31.

32.

33.

34.

36.

37.

38.

39.

40.

41.

42,

43.

44,

46.

47.

48.

49.

50.

51.

52.

MixMAP Suggests Novel Gene Loci for LDL-C

(beta2-glycoprotein I) gene and their correlation with the protein polymorphism,
anti-beta2glycoprotein I antibodies and cardiolipin binding: description of novel
haplotypes and their evolution. Ann Hum Genet 68: 285-299.

Leduc MS, Shimmin LC, Klos KL, Hanis C, Boerwinkle E, et al. (2008)
Comprehensive evaluation of apolipoprotein H gene (APOH) variation identifies
novel associations with measures of lipid metabolism in GENOA. J Lipid Res 49:
2648-2656.

Asselbergs FW, Guo Y, van Iperen EP, Sivapalaratnam S, Tragante V, et al.
(2012) Large-Scale Gene-Centric Meta-analysis across 32 Studies Identifies
Multiple Lipid Loci. Am J Hum Genet 91: 823-838.

Skogsberg J, Kannisto K, Cassel TN, Hamsten A, Eriksson P, et al. (2003)
Evidence that peroxisome proliferator-activated receptor delta inuences
cholesterol metabolism in men. Arterioscler Thromb Vasc Biol 23: 637-643.
Skogsberg J, McMahon AD, Karpe F, Hamsten A, Packard CJ, et al. (2003)
Peroxisome proliferators activated receptor delta genotype in relation to
cardiovascular risk factors and risk of coronary heart disease in hypercholester-
olaemic men. J Intern Med 254: 597-604.

Hu C, Jia W, Fang Q, Zhang R, Wang C, et al. (2006) Peroxisome proliferator-
activated receptor (PPAR) delta genetic polymorphism and its association with
insulin resistance index and fasting plasma glucose concentrations in Chinese
subjects. Diabet Med 23: 1307-1312.

Burch LR, Donnelly LA, Doney AS, Brady J, Tommasi AM, et al. (2010)
Peroxisome proliferator-activated receptor-delta genotype inuences metabolic
phenotype and may inuence lipid response to statin therapy in humans: a
genetics of diabetes audit and research Tayside study. J Clin Endocrinol Metab
95: 1830-1837.

Schroeder F, Gallegos AM, Atshaves BP, Storey SM, McIntosh AL, et al. (2001)
Recent advances in membrane microdomains: rafts, caveolae, and intracellular
cholesterol trafficking. Exp Biol Med (Maywood) 226: 873-890.

Scott C, Ioannou YA (2004) The NPC1 protein: structure implies function.
Biochim Biophys Acta 1685: 8-13.

Chang TY, Chang CC, Ohgami N, Yamauchi Y (2006) Cholesterol sensing,
trafficking, and esterification. Annu Rev Cell Dev Biol 22: 129-157.

Dierks T, Schlotawa L, Frese MA, Radhakrishnan K, von Figura K, et al. (2009)
Molecular basis of multiple sulfatase deficiency, mucolipidosis II/III and
Niemann-Pick C1 disease — Lysosomal storage disorders caused by defects of
non-lysosomal proteins. Biochim Biophys Acta 1793: 710-725.

Ljung L, Olsson T, Engstrand S, Wallberg-Jonsson S, Soderberg S, et al. (2007)
Interleukin-1 receptor antagonist is associated with both lipid metabolism and
inammation in rheumatoid arthritis. Clin Exp Rheumatol 25: 617-620.
Devlin CM, Kuriakose G, Hirsch E, Tabas I (2002) Genetic alterations of IL-1
receptor antagonist in mice affect plasma cholesterol level and foam cell lesion
size. Proc Natl Acad Sci USA 99: 6280-6285.

Pou J, Martinez-Gonzalez J, Rebollo A, Rodriguez C, Rodriguez-Calvo R, et al.
(2011) Type II interleukin-1 receptor expression is reduced in monocytes/
macrophages and atherosclerotic lesions. Biochim Biophys Acta 1811: 556-563.
Katzaki E, Pescucci C, Uliana V, Papa FT, Ariani F, et al. (2007) Clinical and
molecular characterization of Italian patients affected by Cohen syndrome.
J Hum Genet 52: 1011-1017.

Segre AV, Groop L, Mootha VK, Daly MJ, Altshuler D (2010) Common
inherited variation in mitochondrial genes is not enriched for associations with
type 2 diabetes or related glycemic traits. PLoS Genet 6.

Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, et al. (2005)
Gene set enrichment analysis: a knowledge-based approach for interpreting
genome-wide expression profiles. Proc Natl Acad Sci USA 102: 15545-15550.

. Dempster A, Laird N, Rubin D (1977) Maximum likelihood from incomplete

data via the EM algorithm. Journal of the Royal Statistical Society, Series B:
Methodology 39: 1-22.

Fitzmaurice G, Laird N, Ware J (2004) Applied Longitudinal Analysis. John
Wiley & Sons.

Demidenko E (2004) Mixed Models: Thoery and Applications. John Wiley &
Sons.

Searle SR, Casella G, McCulloch CE (1992) Variance Components. John Wiley
& Sons, 501 pp.

Duner P, To F, Beckmann K, Bjorkbacka H, Fredrikson GN, et al. (2011)
Immunization of apoE—/—mice with aldehyde-modified fibronectin inhibits the
development of atherosclerosis. Cardiovasc Res 91: 528-536.

Dietrich T, Perlitz C, Licha K, Stawowy P, Atrott K, et al. (2007) ED-B
fibronectin (ED-B) can be targeted using a novel single chain antibody conjugate
and is associated with macrophage accumulation in atherosclerotic lesions. Basic
Res Cardiol 102: 298-307.

Binzak BA,Wevers RA, Moolenaar SH, Lee YM, Hwu WL, et al. (2001)
Cloning of dimethylglycine dehydrogenase and a new human inborn error of
metabolism, dimethylglycine dehydrogenase deficiency. Am J Hum Genet 68:
839-847.

Sanderson LM, Degenhardt T, Koppen A, Kalkhoven E, Desvergne B, et al.
(2009) Peroxisome proliferator-activated receptor beta/delta (PPARbeta/delta)
but not PPARalpha serves as a plasma free fatty acid sensor in liver. Mol Cell
Biol 29: 6257-6267.

. Demissie S, Cupples LA, Shearman AM, Gruenthal KM, Peter I, et al. (2006)

Estrogen receptor-alpha variants are associated with lipoprotein size distribution

February 2013 | Volume 8 | Issue 2 | 54812



56.

and particle levels in women: the Framingham Heart Study. Atherosclerosis 185:
210-218.

Shearman AM, Demissie S, Cupples LA, Peter I, Schmid CH, et al. (2005)
Tobacco smoking, estrogen receptor alpha gene variation and small low density
lipoprotein level. Hum Mol Genet 14: 2405-2413.

. Klos KL, Boerwinkle E, Ferrell RE, Turner ST, Morrison AC (2008) ESR1

polymorphism is associated with plasma lipid and apolipoprotein levels in
Caucasians of the Rochester Family Heart Study. J Lipid Res 49: 1701-1706.
Sertic J, Juricic L, Ljubic H, Bozina T, Lovric J, et al. (2009) Variants of ESR1,
APOE, LPL and IL-6 loci in young healthy subjects: association with lipid status
and obesity. BMC Res Notes 2: 203.

PLOS ONE | www.plosone.org

15

57.

58.

59.

MixMAP Suggests Novel Gene Loci for LDL-C

Shea-Eaton W, Lopez D, McLean MP (2001) Yin yang 1 protein negatively
regulates high-density lipoprotein receptor gene transcription by disrupting
binding of sterol regulatory element binding protein to the sterol regulatory
element. Endocrinology 142: 49-58.

Nackley AC, Shea-Eaton W, Lopez D, McLean MP (2002) Repression of the
steroidogenic acute regulatory gene by the multifunctional transcription factor
Yin Yang 1. Endocrinology 143: 1085-1096.

Gauthier B, Robb M, Gaudet F, Ginsburg GS, McPherson R (1999)
Characterization of a cholesterol response element (CRE) in the promoter of
the cholesteryl ester transfer protein gene: functional role of the transcription

factors SREBP-1a, —2, and YY1. J Lipid Res 40: 1284-1293.

February 2013 | Volume 8 | Issue 2 | 54812



