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Gene-based tests to study the combined effect of rare variants on a particular phenotype
have been widely developed for case-control studies, but their evolution and adaptation
for family-based studies, especially studies of complex incomplete families, has been
slower. In this study, we have performed a practical examination of all the latest
gene-based methods available for family-based study designs using both simulated and
real datasets. We examined the performance of several collapsing, variance-component,
and transmission disequilibrium tests across eight different software packages and
22 models utilizing a cohort of 285 families (N = 1,235) with late-onset Alzheimer
disease (LOAD). After a thorough examination of each of these tests, we propose a
methodological approach to identify, with high confidence, genes associated with the
tested phenotype and we provide recommendations to select the best software and
model for family-based gene-based analyses. Additionally, in our dataset, we identified
PTK2B, a GWAS candidate gene for sporadic AD, along with six novel genes (CHRD,
CLCN2, HDLBP, CPAMDS8, NLRP9, and MASTL) as candidate genes for familial LOAD.

Keywords: gene-based, family-based, clustering, variance-component, transmission disequilibrium, rare variants,
whole exome sequencing, Alzheimer’s disease

INTRODUCTION

Alzheimer disease (AD) is a complex condition for which almost 50% of its phenotypic variability
is due to genetic causes; yet only 30% of the genetic variability is explained by known markers
(Ridge et al., 2016). GWAS studies have identified more than 20 risk loci (Lambert et al., 2013) and
sequencing studies have identified additional genes harboring low frequency variants with large
effect size (TREM2, PDL3, UNC5C, SORLI, and ABCA7; Sims et al., 2017). Recent studies also
indicate that Late-Onset AD (LOAD) families are enriched for genetic risk factors (Cruchaga et al.,
2017). Therefore, studying those families may lead to the identification of novel variants and genes
(Guerreiro et al., 2013; Cruchaga et al., 2014).
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RVGDT and RarelBD.

FIGURE 3 | Quantile-quantile (QQ) plots from different family-based gene-based methods for all nonsynonymous variants with a MAF <1% in our family-based
dataset. (A) Comparison of SKAT test using different kinship matrices: pedigree calculation (PED), Identity By Similarity (IBS) estimation, Balding-Nichols (BN)
estimation, and the kinship generated by EPACTS (HR). (C) Comparison of different collapsing tests: GSKAT, EPACTS, FarVAT, and PedGene. (B) Comparison of
different variance-component gene-based methods: GSKAT, FSKAT, SKAT, EPACTS, FarVAT, and PedGene. (D) Comparison of transmission disequilibrium tests:

0.8, Figure4). The CLP, CALPHA, and SKATO methods by
FarVAT and FarVAT-BLUP provided p-values closest to the
expected (FarVAT-CLP )\ = 1.00; FarVAT-CALPHA X = 1.15;
FarVAT-SKATO '\ = 1.02, FarVAT-BLUP-CLP \ = 1.11; FarVAT-
BLUP-CALPHA )\ = 1.26; FarVAT-BLUP-SKATO \ = 1.10).
FarVAT-CALPHA, FarVAT-SKATO, FarVAT-BLUP-CALPHA
and FarVAT-BLUP-SKATO reported the same top candidate
gene (CHRD) (Table 7), though the overall p-value correlation
was lower than expected considering they are based on the same
algorithm (FarVAT-SKATO vs. FarVAT-BLUP-SKATO Pc = 0.6,
Sc = 0.7; FarVAT-CALPHA vs. FarVAT-BLUP-CALPHA Pc =
0.82 Sc = 0.82, Figure 4). On the other hand, despite the fact that
FarVAT-CLP and FarVAT-BLUP-CLP had higher correlation (Pc

= 0.85, Sc = 0.77), these two tests reported different top genes
(FarVAT-CLP top gene is MASIL, and FarVAT-BLIP-CLP top
gene is NLRP9). PedGene in the SKAT model was the software
that provided the most significant p-values, but these were clearly
inflated (Pedgene-SKAT \ = 3.53, Table 7) and its correlation
with other variance component tests was low to null (Pc and Sc
values < 0.2).

Transmission Disequilibrium Tests

We tested two transmission disequilibrium tests, RVGDT and
Rare-IBD, which were designed to account for large extended
families of arbitrary structure (Figure 3D). Of these two, RVGDT
was the test that more closely approached the expected under the
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*We tested SKAT, CMC, and VT on EPACTS, but CMC and VT reported all NA values so data is not shown.

null (A = 0.99), whereas Rare-IBD provided slightly inflated p-
values (A = 1.450, Table 7). The correlation between these two
methods was very low (Pearson correlation = 0.23, Spearman
correlation = 0.17). A common issue with both methods was that
we observed some stratification toward more significant p-values
which made it difficult to determine a top significant gene.

Pros and Cons of the Different Gene-Based Methods
Among all the methods tested, EPACTS and FarVAT are the most
user-friendly, time-efficient and versatile software. EPACTS is an
all-in-one package that annotates the input file, generates the
kinship matrix and performs gene-based analysis under different
conditions (minor allele frequency and predicted functionality of
the variant) with only tag specification. In addition, the program
can be run on a genome-wide basis or at a smaller scale given
genes or regions specified by the user. FarVAT can generate the
kinship matrix by either using the pedigree relationships or using
the genetic relationship among individuals. It does not annotate
the input file and requires that the user provide their own set of
genes and variants per gene to analyze; it allows the user to choose
between BLUP or prevalence to estimate and incorporate random
effects on the phenotype. FarVAT has initial conditioning that
only takes founder-based MAE, so when a genetic variant only
has minor alleles in non-founders (offspring) these numbers will
not be counted. This is a big limitation with respect to the other
programs that take into account all variants regardless of their
presence in founders or not. Since we only had genetic data for
siblings for many of our families, so no genetic data for founders,
we ran FarVAT with the “~freq all” option so that all variants
would be included regardless if they were present in founders or
not.

FSKAT, GSKAT, and SKAT require some R knowledge from
the user, and are less flexible. For FSKAT and GSKAT the user
has to provide a genotype, a phenotype, and a gene-set file. For
SKAT the user has to additionally provide the kinship matrix.
Because these programs were designed to run on a per gene basis,
these take longer computational time to be run on a genome-
wide level than EPACTS or FarVAT, even if the user parallelizes
computation. PedGene is also an R package that requires a
genotype, a phenotype file with complete pedigree information
(to generate the kinship matrix), and a gene-set file. PedGene
provides phenotype adjustment by logistic regression on the trait
of interest, but it does not allow for extra covariates, which
prohibits correction by multiple PCs or other variables. RVGDT
is a Python based program, quite user-friendly since it is operated
with simple command-line but is limited in its options. Similar
to FSKAT, GSKAT, and SKAT, it is designed to be run on a per-
gene basis for which loops and parallelization have to be set up
for genome-wide testing. The same applies to RareIBD which
requires a genotype, a phenotype, and a Kinship coefficient file for
each gene that the user wants to test. For each gene the program
first computes statistics for each founder within each family and
then calculates the gene-based p-value. The first step of this
process can easily take between 3 and 5min for families with
<100 individuals; hence, the overall time for one gene is directly
dependent on the number of families and the time required for
a genome-wide analysis is proportional to the number of genes
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FIGURE 4 | Correlation plots from different family-based gene-based methods for genes with a p < 0.005. (A) Pearson correlation correlates genes according to their
p-values. (B) Spearman correlation correlates genes according to their rankings.

being tested. Although it is possible to parallelize the jobs usinga  tested using the same algorithms makes us suspicious of the
high-performance cluster (if available) this program is the slowest  validity of these results.
of all tested. CHRD was the gene with the third most significant p-value.

One of the major drawbacks we found is that some of these =~ CHRD had a p < 5 x 1077 in three different models (FarVAT-
programs do not accept missing data (FSKAT or RareIBD) or ~ CALPHA, FarVAT-SKATO, and FarVAT-BLUP-CALPHA).
will not generate a p-value if the gene set contains only one  Additionally, as we lowered the considered p-value threshold, we
variant (GSKAT, PedGene or FarVAT). FSKAT does not accept  found that more tests identified CHRD as a potential candidate
missing data, and although it calculated p-values for genes that  gene associated with AD. When we lowered the threshold to
only have one informative SNP (one-SNP-gene), there were at  suggestive genome-wide p-value (p < 5 x 107%) we found
least 75 (3.26%) of 2,154 one-SNP-genes for which the returned  that seven different models identified CHRD as significantly
p-value was “2.” GSKAT did not provide p-values for more than  associated with AD. Following the same method we found that
1,875 one-SNP-genes. PedGene also had trouble generating p-  CLCN2, MASIL, and PTK2B had p < 5 x 10~% in at least three
values for 44 one-SNP-genes out of a total of 1,916 singletons. tests, and if we lowered the threshold to <5 x 10™* p-value, these
FarVAT did not generate p-values for the one-SNP-genes using  genes were identified as significant by at least three additional
the Burden and SKATO models but it did generate p-values using  tests.
the CMC and CLP models for the same 1,875 one-SNP-genes. Among genes with a p <5 x 107%; CPAMDS was identified

by at least nine gene-based methods (FarVAT, FarVAT-BLUP, and

PedGene). The exact p-value for CPAMDS could not be estimated
Candidate Genes for FASe Project by RVGDT as it reported a p-value of 9 x 107%, which is
Our results indicate that transmission disequilibrium tests  the most significant p-value reported by this test. Therefore, we
identify genes that have a Mendelian behavior, whereas collapsing ~ cannot conclude that CPAMDS presented a p-value < 5 x 107%
and variance-component tests identify genes that confer risk for by RVGDT. CHRD, CLCN2, MASIL, PTK2B, and CPAMDS,
disease. Therefore, we decided to combine and compare results ~ NLRP9, and HDLBP were also potential novel candidate genes
from all approaches to identify the genes with most consistent  for familial LOAD as they had p < 5 x 10~%* using at least five or
results (Table 8). more tests (Table 8).

PedGene provided the most significant p-values for NTN5 Since these were identified by multiple gene-based methods,
(Pedgene-Burden p = 5.80 x 1073; PedGene-SKAT p = 1.26  we wanted to determine whether any of these seven candidate
x 107%) and ANKRD42 (PedGene-Burden p = 3.62 X 1077; genes are involved in known AD pathways. Common variants in
PedGene-SKAT p = 1.16 x 10~7). However, the inflated p-values ~ PTK2B have been associated with AD risk at a genome-wide level
observed and low correlation with any of the other software  (Lambert et al., 2013). Our results indicate there are additional
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TABLE 7 | Top results for all gene-based methods tested.

Software TEST Top gene Top p-value Lambda
PedGene SKAT KANSL1L 2.42 x 10712 3.533
PedGene Burden TIN 1.04 x 108 2.997
GSKAT Burden PCSK6 3.04 x 1073 1.704
GSKAT SKAT NR1D1 1.90 x 1073 1.681
Rare-IBD TDT SNTB2 1.00 x 1074 1.450
FarVAT-BLUP ~ CALPHA  CHRD 460 x 10707 1.259
FarVAT CALPHA  CHRD 2.09 x 10707 1.152
FarVAT-BLUP ~ CLP NLRP9 1.14 x 1074 1.112
FarVAT-BLUP  SKATO CHRD 7.37 x 1077 1.101
FarVAT-BLUP ~ CMC IGHV1-69 1.28 x 1074 1.066
FarVAT-BLUP  Burden NLRP9 1.14 x 1074 1.031
FarVAT SKATO CHRD 3.54 x 10~/ 1.016
FarVAT CLP MASTL 1.25 x 1075 1.000
RVGDT TDT RTN3 9.99 x 10~* 0.995
FarVAT CMC HSD3B1 4.40 x 107° 0.993
FarVAT Burden MASTL 1.25 x 1075 0.985
EPACTS VT PPAN-P2RY11 1.20 x 1074 0.954
FSKAT SKAT CHRD 2.00 x 107° 0.938
EPACTS CMC BTN2A2 1.05 x 1073 0.849
SKAT IBS CHRD 7.94 x 107° 0.668
EPACTS SKAT CHRD 2.42 x 107° 0.635
SKAT PED CHRD 2.47 x 1074 0.360
SKAT HR NR1D1 2.06 x 1072 0.039
SKAT BN NR1D1 221 x 1072 0.038

Top gene, p-value and lambda for each test is given, ordered by lambda value.

low-frequency and rare nonsynonymous variants in PTK2B that
are associated with AD risk in late-onset families.

We used the GeneMANIA (http://pages.genemania.org/)
algorithm on the seven candidate genes (CHRD, MASIL, PTK2B,
CPAMDS8, NLRP9, CLCN2, and HDLBP) and known AD-
related genes (APP, PSEN1, PSEN2, APOE, TREM?2, PLD3, and
ADAM]I0) which are involved in some pathways important in AD
(APP-metabolism and immune response). GeneMANIA looks
for relationships among a list of given genes by searching within
multiple publicly available biological datasets. These datasets
include protein-protein, protein-DNA and genetic interactions,
pathways, reactions, gene and protein expression data, protein
domains and phenotypic screening profiles. We found that our
candidate genes have genetic interactions and co-localization
with known AD genes. CHRD and PTK2B are involved in
“regulation of cell adhesion” like ADAM10; PTK2B is involved in
“regulation of neurogenesis” like APOE and “perinuclear region
of cytoplasm” like APP, PSENI and PSEN2. Finally, CLCN2
and PTK2B are connected through “regulation of ion transport”
(Figure 5).

DISCUSSION

The missing heritability in AD, and in many complex diseases,
may be found in very rare variants for which discovery will

require either large datasets (e.g., the ADSP Discovery Phase
which has over 10,000 sequenced individuals) or datasets
enriched for rare variants (such as families with history of AD).
In this study, we present the most comprehensive performance
analyses of multiple gene-based methods using 285 families with
AD. Some of the current methods available are underpowered
or too restrictive to detect genes significantly associated with
this disease (Figure 4). Results from our simulated data (Table 5)
show that only certain highly-restricted scenarios provide gene-
wide significant p-values in family-based analyses; whereas
similar scenarios in a case-control study would result in gene-
wide p-values. To circumvent this power issue, we relied
on the combination of multiple evidence toward the same
gene.

One key aspect to adapt gene-based analyses to a family-
based context is to account for population stratification and
hidden relatedness that may appear due to the inherent nature
of family datasets. To take into account this issue, gene-based
algorithms must incorporate kinship matrices to model the
relationships among samples. Therefore, an appropriate estimate
of the kinship matrix is of utmost importance. In this work
we show how different relationship matrices influence results.
We tested the three most common types of kinship matrix,
pedigree reconstruction (PED), identity by state (IBS), and
Balding-Nichols (BN). We show that for a situation of complex
incomplete families, correction using PED or BN matrices will
lead to an overcorrection of the relationships decreasing the
power of these tests (Table 7, Figure 4A).

In order to choose the best gene-based algorithm for analysis,
it is important to take into account the nature (impact and
directionality) of the variants that are being included in the
test. Collapsing tests are powerful when a large proportion of
variants are causal and the effects are in the same direction.
Variance-component tests are supposed to be more powerful
than collapsing tests because they allow for admixture of risk
and protective variants within the region being tested (Ionita-
Laza et al, 2013). It is not practical to account for the nature
of the variants included in each gene-set, and the true disease
model is unknown and variable; hence, omnibus or combined
tests such as SKAT-O would be desirable for genome-wide
studies (Lee et al., 2012). However, most family-based methods
do not incorporate the SKAT-O algorithm, except FarVAT.
Therefore, the best approach to perform genome-wide rare
variant discovery is to combine different algorithms and look for
common signatures across the tests performed. Nonetheless, we
are aware that running all available tests is a time-consuming task
that requires additional expertise and resources. In our analyses
FarVAT, with the BLUP adjustment, provide the best results in
terms of significant p-values and minor inflation, for genome-
wide gene-based analysis; it is a fast software that provides results
from multiple tests at the same time. The R version of SKAT
or EPACTS would be alternatively valid choices, taking into
account that these overcorrect and the p-value threshold should
be lowered.

In this study, we identified CHRD as a candidate gene
with a genome-wide significant p-value (5 x 107%) reported
by three tests, and another six genes that had a suggestive

Frontiers in Neuroscience | www.frontiersin.org

13

April 2018 | Volume 12 | Article 209


http://pages.genemania.org/
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroscience#articles

Fernandez et al. Gene-Based Family-Based Methods in Alzheimer Disease

APBA3

v Networks
& » Physical Interactions
I

& » Shared protein domains
o]

& » Pathway

& » Co-expression
=

@ triglyceride-rich lipoprotein particle remodeling

& » Co-localization B perinuclear region of cytoplasm
I membrane protein proteolysis
& » Genetic Interactions ADAM10 @ regulation of cell adhesion
| @ regulation of nervous system development

phosphatidylglycerol biosynthetic process

FIGURE 5 | Gene network for the seven candidate genes (CHRD, CLCN2, CPAMDS, HDLBR, MASTL, NLRP9, and PTK2B) with multiple evidence ofap < 5 x
10~04, anchored with known AD genes (APR, PSEN1, PSEN2, APOE, TREMZ2, ADAM10, and PLD3), as described by GeneMANIA.

genome-wide p < 5 x 107% in at least five, and up to nine, of PTK2B, Protein Tyrosine Kinase 2 Beta, was described as an
the different test performed: CLCN2, CPAMDS8, HDLBP, MASIL,  AD risk locus in the largest GWAS meta-analysis conducted to
NLRPY, and PTK2B. Additionally, these genes seem to have direct ~ date (Lambert et al., 2013), and later corroborated by others
and indirect interactions (genetic interaction, co-localization or ~ (Beecham et al., 2014; Wang et al., 2015). The protein encoded
shared function) with known AD genes (APB PSENI, PSEN2, by PTK2B is a member of the focal adhesion kinase (FAK)
APOE, TREM2, PLD3, and ADAM]I0). family that can be activated by changes in intracellular calcium

CHRD, chordin, is a highly-conserved developmental protein  levels, which are disrupted in AD brains. Its activation regulates
which inhibits the ventralizing activity of bone morphogenetic ~ neuronal activity such as mitogen-activated protein kinase
proteins, is active during gastrulation, expressed in fetal and adult ~ (MAPK) signaling (Rosenthal and Kamboh, 2014). PTK2B could
liver and cerebellum, and is associated with Cornelia de Lange  also be involved in hippocampal synaptic function (Lambert
syndrome (Smith et al., 1999). CLCN2, chloride voltage-gated et al, 2013). Although there is no co-expression or genetic
channel 2, has several functions including the regulation of cell  interaction between CLCN2 and PTK2B, both are involved in
volume: membrane potential stabilization, signal transduction  regulation of ion transport. Additionally, PTK2B is involved in
and transepithelial transport. It has been associated with different  regulation of lipidic metabolic processes like APOE, a cholesterol-
epilepsy modes (Saint-Martin et al., 2009; Cukier et al.,, 2014)  related gene. Although no association has yet been reported
and leukoencephalopathy (Gaitdn-Penas et al., 2017). CHRD and ~ between APOE and HDLBP, the High-Density Lipoprotein
CLCN2 show co-expression which could be due to their close  Binding Protein, the latter plays a role in cell sterol metabolism,
proximity, both belong to a gene cluster at 3q27. Interestingly,  protecting cells from over-accumulation of cholesterol, which has
CLCN2 shows co-expression with TREM2 which, other than  been reported as risk factor for atherosclerotic vascular diseases.
being an AD risk gene, is known to cause leukoencephalopathy CPAMDS, C3 and PZP Like, Alpha-2-Macroglobulin Domain
in PLOSL (polycystic lipomembranous osteodysplasia with ~ Containing 8, has been previously associated with neurological
sclerosing leukoencephalopathy), also known as Nasu-Hakola  conditions other than AD. Common variants in CPAMDS8 were
disease. found among top markers associated with multiple sclerosis
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Rare-IBD
0.071
0.071
0.071
0.299
0.685
0.443
0.157
0.685
0.071

SKATO
4.23 x 1074 6,00 x 1074
250 x 10~4
273 x 1074

4.60 x 1077 7.37 x 10~7

273 x 1074
493 x 1074

1.32 x 10-8

CALPHA
4.06 x 10=7  7.37 x 107

4.06 x 107 7.37 x 1077
4.06 x 10=7  7.37 x 107

6.51 x 106
0.015
0.113
0.268
0.003
0.015

FarVAT-BLUP
Burden
0.004
0.004
0.004
0.009
1.32 x 1074
114 x 104
1.32 x 104
0.004

CLP
0.004
0.004
0.004
0.009

0.004
2.39 x 1074 2.39 x 1074

239 x 1074 239 x 1074

1.32 x 1074
1,14 x 104
1.32 x 104

CcMC
0.004
0.004
0.004
0.011
0.001
0.001
0.001
0.004
0.001
0.011

SKATO
422 x 1074 1.69 x 10-% 2.03 x 10~% 2.03 x 10~*

378 x 1074 4.50 x 10~4

1.96 x 10~
2.46 x 10-5

112 x 10-8

0.060
0.309
0.002

CALPHA
2.09 x 107 3.54 x 107

2.09 x 10=7  3.54 x 107
2.09 x 10=7  3.54 x 107
6.46 x 10-6

1.25 x 105 427 x 104

1.31 x 10-8

2,09 x 1077 3.54 x 10~7

0.007
1.31 x 1075

FarVAT
Burden
0.007
0.007
0.007
0.005
125 x 1075 4.27 x 104 1.96 x 10~5

cmc cLP
0.007 0.007
0.007 0.007
0.007 0.007
0.006 0.005
1.25 x 10~
1.31 x 10-8
6.91 x 1075 2,02 x 10~% 2.02 x 104
2,81 x 1074 2.40 x 10~% 2.40 x 104
1.25 x 1075
0.007

1.23 x 1074
4.65 x 1074
0.007

465 x 1074

SKAT
IBS
0.000
0.000
0.193

0.042

0.572
0.019
0.042

7.94 x 1075

7.94 x 1075
7.30 x 1074

RVGDT
0.990
0.990
0.990
1.000
0.998
1.000
0.998
0.998
0.990

9.99 x 1074

0.013
0.013
0.013
0.020
0.187
0.090
0.191
0.029
0.187
0.013

GSKAT
SKAT Burden

0.013
0.187
0.090
0.155
0.029
0.187
2.42 x 1075 1.50 x 10~ 0.013

FSKAT
0.019
0.205
0.178
0.013
0.019

0.000
2.07 x 1074 0.002

150 x 1075 0.013

SKAT
0.000
2.42 x 1075 150 x 1075 0.013

242 x 1075
0.057
0.331
0.652
0.020
0.057

EPACTS

0.018 0.043 2.33 x 1074
0.002 0.003

0.009

0.013

0.001
0.002 0.003

0.001
0.002 0.003

0.007 0.031
0.007 0.031
0.007 0.031
0.007 0.031
0.001

CMC VT

No.
3
4
5
4
3
3
8
8
7

CHRD
CHRD
CHRD
CLCN2
MASTL
PTK2B
CPAMDS 8
NLRP9
MASTL
CHRD
PTK2B

TABLE 8 | Most frequent genes, within p-value threshold category, across the different gene-based family-based methods tested*.

P-value threshold gene
<5x 1070

<5x 1075

<5x 1074

<5 x 107

0.443
0.299
0.428

4.93 x 1074

0.113
6.51 x 1076

1.79 x 1074 4.92 x 107% 4.92 x 1074 2.89 x 1074

2.46 x 1075

0.060

6.46 x 1076

1.23 x 1074 1.31 x 10~5

0.193

7.30 x 1074

1.000
1.000
0.996

0.090

0.090

0.205

0.331

0.009

7
6
5

1.32 x 1075

0.009

1.12 x 1075 0.009

0.005 0.005

0.028

0.006
0.021

0.020

0.018 0.043 233 x10~* 2.07 x 107% 0.020
0.002 0.024

CLCN2
HDLBP

1.22 x 1074

0.068 0.046

0.028

0.002

0.032

0.031

0.001

0.009

Highlighted in bold the tests with significant p-value according to threshold category.

*PedGene results have not been included given the inflated results of this test and the low correlation with the other gene-based methods.

(Baranzini et al, 2009). Missense and frameshift variants
in CPAMDS8 were identified in three families affected with
Anterior Segment Dysgenesis (Cheong et al., 2016). According to
the UKBiobank PheWeb (http://pheweb.sph.umich.edu:5000/),
CPAMDS has a 2.9 x 10~ p-value for its association with AD.
We did not find any shared pathway between CPAMDS8 and
known AD genes in the GeneMANIA network, even though
it seems to have a genetic interaction with APP (Lin et al,,
2010). In our study CPAMDS8 was identified as a candidate
gene (with p < 1 x 107%) for AD by at least nine gene-based
methods from different software, and we found that several
variants within this gene had varying degrees of segregation in
more than twenty families. Variant p.(Ser1103Ala) segregates
with disease status in two families with two and three carriers
respectively, and is present in another two families. Variant
p-(His465Arg) segregates with disease status in five families with
two or three carriers per family and is present in another 11
families. Variant p.(Arg1380Cys) is private to a family with three
carriers, p.(Alal492Pro) is private to a family with five carriers,
and p.(Val521Met) is private to a family with three carriers.

MASIL, MAS1 Proto-Oncogene Like, is a G Protein-Coupled
Receptor. Members of this family of membrane proteins are
activated by a wide spectrum of ligands and modulate the activity
of different signaling pathways in a ligand-specific manner. Aly
et al. (2008) described polymorphisms in the region of the
UBD/MASIL genes that are associated with type-1 diabetes.

The immune system and the integrity of the blood-brain
barrier are key factors for Alzheimer disease. NLRP9, NLR Family
Pyrin Domain Containing 9, has been involved in inflammation
response. Nyul-Toth et al. (2017) found NLRP9 expressed in
cerebral endothelial cells and, at much lower levels, in brain
pericytes; and another member of the NLP family (NLRPI) has
been associated with AD (Pontillo et al., 2012).

We have reviewed more than 22 algorithms from eight
different software available for gene-based analyses in complex
families. After a thorough examination of the performance of
these tests under different scenarios, we present a methodology
to identify genes associated with the studied phenotype. We have
applied this methodology to 285 European-American families
affected with late onset Alzheimer disease (LOAD) and we
identified six candidate genes with suggestive or genome-wide
significant p-values across different software and algorithms.
Based on the consistency of our results, we are confident that
some of these genes may play a role in AD pathology and
therefore are of interest to follow up in replication and functional
studies.
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