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Abstract. Alzheimer’s disease (AD) is a common neurodegenerative disorder characterized by a heterogeneous distribution
of pathological changes in the brain. Cortical thickness is one of the most sensitive imaging biomarkers for AD representing
structural atrophy. The purpose of this study is to identify novel genes associated with cortical thickness. We measured the
whole-brain mean cortical thickness from magnetic resonance imaging (MRI) scans in 919 subjects from the Alzheimer’s
Disease Neuroimaging Initiative cohort, including 163 AD patients, 488 mild cognitive impairment patients, and 268 cog-
nitively normal participants. Based on the single-nucleotide polymorphism (SNP)-based genome-wide association study,
we performed gene-based association analysis for mean cortical thickness. Furthermore, we performed expression quanti-
tative trait loci, protein-protein interaction network, and pathway analysis to identify biologically functional information.
We identified four genes (B4GALNT1, RAB44, LOC101927583, and SLC26A10), two pathways (cyclin-dependent protein
kinase holoenzyme complex and nuclear cyclin-dependent protein kinase holoenzyme complex), and one protein-protein
interaction (B4GALNT1 and GALNT8 pair). These genes are involved in protein degradation, GTPase activity, neuronal
loss, and apoptosis. The identified pathways are involved in the cellular processes and neuronal differentiation, which con-
tribute to neuronal loss that is responsible for AD. Furthermore, the most significant SNP (rs12320537) in B4GALNT1 is
associated with expression levels of B4GALNT1 in several brain regions. Thus, the identified genes and pathways provide
deeper mechanistic insight into the molecular basis of brain atrophy in AD.
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INTRODUCTION

Alzheimer’s disease (AD) is a common neurode-
generative disorder characterized by progressive loss
of cognitive functions and memory caused by neu-
ronal dysfunction and death [1]. The heritability of
AD is reported as 60%–80% [2], and APOE �4 is
well known as one of the major genetic factors that
increases the risk for AD [3, 4]. Large-scale genome-
wide association studies (GWAS) identified more
than 20 genes as potential susceptibility genes in
AD, including BIN1, CLU, and CR1 [5–7]. How-
ever, all known AD susceptibility genes, including
APOE, explain only a small portion of the genomic
variance of AD [8, 9], referred to as the “miss-
ing heritability”. One of the suggested explanations
for this problem is the phenotypic heterogeneity
[8–13].

Traditional case-control GWAS for psychiatric
and neurodegenerative disorders exhibit classifica-
tion and long-term stability issues, because their
definition and diagnosis are based on behavioral char-
acteristics and cognitive deficits that are generally
difficult to quantify [13, 14]. Clinical heterogeneity
is increasingly recognized as a common charac-
teristic of AD. Machia et al. found that clinical
heterogeneity (also called phenotypic heterogeneity)
reduced statistical power of the conducted analy-
ses [15]. The endophenotype conceptual analysis
has been proposed to improve the power of associ-
ation studies by reducing phenotypic heterogeneity
[16]. The endophenotype is a measurable component
(i.e., by neurological, neuroanatomical, cognitive,
and neuropsychological data), which lies along the
pathway between the genotype and the disease
[17–20].

Imaging genetics is an integrated research field
that assesses the impact of genetic variation on
neuroimaging measures, which has been applied
in various diseases including AD [21–25]. Brain
structural atrophy has been proposed as a marker
of AD progress [26, 27], and subcortical atrophy
measurements such as the hippocampal volume and
intracranial volume (ICV) were used as endophe-
notypes in previous imaging genomic studies [22,
28, 29]. Cortical thickness is one of the most sen-
sitive imaging biomarkers for disease-related brain
atrophy. Whole-brain mean cortical thickness and
regional mean cortical thickness (inferior frontal,
medial temporal, anterior and posterior cingulate, lat-
eral occipital regions, etc.) have been widely studied
to demonstrate their abnormal reduction in patients

with AD compared with cognitively normal con-
trol subjects [30–34]. The heritability of cortical
thickness is reported as 69% [35], and identified
genetic variants from previous studies that are asso-
ciated with cortical thickness [23, 36, 37], accounted
for a small portion of the variance. Correspond-
ingly, more susceptibility genes need to be identified
to explain the missing heritability of cortical
thickness.

GWAS with single-nucleotide polymorphism
(SNP) are an important step. However, SNP-based
analysis applies a strict level of significance (typi-
cally 5 × 10–8) to control type-1 errors, thus, SNPs
that have modest effects could be ignored [38, 39].
Gene-based analysis considers the gene as a basic
unit for association analysis, and it can address
this problem by combining the p-values from all
SNPs in a gene to increase the statistical power
[39–41]. This method has been employed as a
complementary technique for SNP-based GWAS to
identify disease susceptibility genes [42]. Further-
more, integrating gene-based analysis with biological
information, such as protein-protein interaction (PPI)
and pathways, contributes further to the understand-
ing of the association between genetic variation
and disease [38, 43, 44]. The network analysis
using PPI information can elucidate gene–gene inter-
actions and identify susceptibility genes that are
weakly associated with the disease [39]. The path-
way analysis that considers the gene set as a
unit of analysis could provide valuable insight to
the understanding of the biological process of the
disease [45].

The purpose of this study is to identify novel
susceptibility genes that contribute to cortical thick-
ness. In this study, we performed gene-based GWAS
with cortical thickness in patients with AD. The
advantage of using cortical thickness as an endophe-
notype is that it represents a relatively simpler
clue to genetic underpinnings than the disease
diagnosis [17]. The endophenotype lies along the
pathway between genotype and phenotype, and the
causal relationship between the endophenotype and
phenotype are at times bidirectional [46]. There-
fore, to isolate the genetic effect component that
cannot be attributed to the disease-status differ-
ence, we applied the disease status as a covariate
for this study [47]. We performed gene-based
analysis, PPI network and pathway analysis with
mean cortical thickness and performed eQTL to
understand the functional roles of genetic vari-
ants.
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Table 1
Demographic information for 919 ADNI participants

ADNI-1 ADNI-GO/2
(n = 592) (n = 327)

Age (y) (mean ± s.d.) 75.59 ± 6.56 72.99 ± 7.18
Sex (male/female) 358 / 234 183 / 144
Education (y) (mean ± s.d.) 15.67 ± 3.00 16.16 ± 2.66
Diagnosis (AD/MCI/CN) 139 / 286 / 167 24 / 202 / 101
APOE �4 (0/1/2 copies) 295 / 231 /66 194 / 109 /24

AD, Alzheimer’s disease; MCI, mild cognitive impairment; CN,
cognitively normal controls; APOE �4 represents the number of
�4 copies in rs429358 and rs7412 single nucleotide polymorphism
(SNP)

MATERIALS AND METHODS

Subjects

Neuroimaging and genetic data were acquired
from 940 subjects as part of the Alzheimer’s Disease
Neuroimaging Initiative (ADNI), including AD, mild
cognitive impairment (MCI), and cognitively normal
controls (CN) [48–50]. Magnetic resonance (MR)
image processing failed for 21 subjects, which were
consequently excluded from all analyses. The final
sample included 163 AD, 488 MCI, and 268 CN sub-
jects from ADNI–1 and ADNI-GO/2 (total N = 919).
The demographic and genotypic characteristics of the
subjects are listed in Table 1.

Imaging acquisition and processing

Three-dimensional T1-weighted baseline brain
MR images were acquired from ADNI, as previ-
ously described [48]. All T1-weighted MRIs were
processed using automatic image analysis pipeline
software (CIVET) developed by the Montreal Neu-
rological Institute. MR images acquired from all
the subjects were corrected for non-uniform inten-
sity and normalized to a standard space using linear
transforms [51, 52]. The registered MR images were
classified into gray matter (GM), white matter (WM),
and cerebrospinal fluid, using an advance neural net
classifier [53]. The hemispherical WM and GM sur-
faces, consisting of 40,962 vertices, were extracted
using the constrained Laplacian-based automated
segmentation with proximities (CLASP) algorithm
[54, 55]. Finally, the cortical thickness was calculated
as the Euclidean distance between the corresponding
vertices of the GM and WM surfaces [56]. The mean
cortical thickness was calculated as the average of
cortical thicknesses of all 81,924 vertices.

Genotyping and quality control

The GWAS genotype data were downloaded from
the ADNI website (http://www.loni.ucla.edu/ADNI).
Genotyping was performed using the Illumina
Human610–Quad BeadChip in ADNI–1 and the
Illumina HumanOmniExpress BeadChip in ADNI-
GO/2 [57, 58]. Since the Illumina chip did not
include the SNPs associated with APOE alle-
les, we downloaded the genotype data of two
APOE SNPs (rs429358, and rs7412) that define the
epsilon 2, 3, and 4 alleles from the ADNI web-
site (http://www.loni.ucla.edu/ADNI). Each dataset
from ADNI-1 and ADNIGO/2 was independently
imputed using IMPUTE2 [59] with the 1000 Genome
Project phase 1 samples as a reference panel [60].
The quality control was performed using PLINK v1.9
software (http://zzz.bwh.harvard.edu/plink/) [61],
whereby the individual markers were removed from
the analyses that did not satisfy the following criteria:
genotype call rate < 95%, HWE p < 10–6 (in con-
trols), and MAF < 5%. Finally, 3,041,429 bi-allelic
SNPs in autosomal chromosomes (i.e., sex chromo-
somes, mitochondrial, and pseudo-autosomal SNPs
were excluded). In order to prevent spurious associa-
tion due to population stratification [62], we selected
only non-Hispanic participants of European ancestry
that clustered with CEU (Utah residents with North-
ern and Western European ancestry from the CEPH
collection) or TSI (Toscani in Italia) populations in
the HapMap genotype data using multidimensional
scaling analysis (MDS).

Statistical analysis

Gene-based association analysis
Gene-based association analysis calculates gene-

based p-values by combining SNP-based p-values
from GWAS. SNP-based p-values were calculated
using a linear regression with the additive model
using PLINK. We used age, sex, education, disease
diagnosis, scanner field strength, APOE4 genotype
as covariates, whereas the intracranial volume (ICV)
was not used because the cortical thickness is known
to be not correlated with ICV [36, 63–65]. Gene-
based association analysis was performed using the
gene-based association test using extended Simes
procedure (GATES), which applies the extended
Simes procedure to calculate a summary p-value for
each gene [38]. The linkage disequilibrium (LD) was
calculated using 1000 Genomes Project European
samples [60]. SNPs whose r2 < 0.005 were ignored

http://www.loni.ucla.edu/ADNI
http://www.loni.ucla.edu/ADNI
http://zzz.bwh.harvard.edu/plink/
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in the next gene annotation step, and SNPs that fell
within 5 kb of the 3’/5’ untranslated regions were
considered “within” the genes on the human genome
(hg19) coordinates. A total of 3,041,429 SNPs and
their p-values from GWAS were used for gene-based
analyses, where SNPs were annotated into 24,190
autosomal genes, and their corresponding p-values
were calculated. To correct for multiple hypothe-
sis testing, we employed the false discovery rate
(FDR) method [66], and genes with FDR-corrected p-
values < 0.05 were considered significant. Following
the GWAS, post hoc models including age, sex, edu-
cation, scanner field strength, and APOE4 genotype
as covariates were used to assess the genetic effects
on phenotype in each diagnosis. These post hoc mod-
els used peak SNPs mapped to identified genes from
gene-based analysis.

Expression quantitative trait loci analysis
To identify the functional effect of genetic vari-

ants on the gene expression, we performed expression
quantitative trait loci (eQTL) analysis. Gene expres-
sion levels and genotype data were downloaded from
the Braineac database (http://www.braineac.org/)
[67]. We used the expression levels of identified
genes from gene-based association analysis and the
genotype of most significant SNP in each gene. The
expression levels in 10 brain tissues, including the
hippocampus, substantia nigra, WM, frontal, tempo-
ral, and occipital cortex were downloaded from the
Braineac database, and eQTLs with FDR-corrected
p-values < 0.05 were considered significant.

Vertex-wise association analysis
Vertex-wise ANCOVA analyses were per-

formed with the Surfstat software for Matlab
(http://www.math.mcgill.ca/keith/surfstat/). One-
way ANOVA analysis was used to assess the effect
of rs236490 and rs12320537 genotypes (0, 1, and 2)
on vertex-wise cortical thickness. Cortical thickness
on 81,81924 vertices was controlled for the same
covariates used in SNP-based GWAS. Genotype
differences among 0, 1, and 2 were corrected for
multiple comparisons (FDR-corrected p < 0.05).

Protein-protein interaction network analysis
The protein-protein interaction (PPI) dataset

was downloaded from the search tool for the
retrieval of interacting genes/proteins (STRING;
https://string-db.org/), which is a database of known
and predicted interactions, including direct (phys-
ical) and indirect (functional) interactions derived

from high-throughput experiments, genomic con-
text, mining of literature, and co-expression [68].
High-confidence networks (confidence score > 0.7)
consisting of 10,897 proteins (nodes) and 157,061
interactions (edges) were used to minimize type-1
errors. The confidence scores indicated the estimated
likelihood that a given interaction was biologically
meaningful, specific, and reproducible, given the sup-
porting evidence [68]. We performed PPI network
analysis using the HYbrid Set-based Test (HYST)
tool, which combined gene-based p-values for each
protein interaction and detected PPI pairs, where two
genes are associated with the phenotype [69]. For
each protein-protein interaction pair, the first gene-
based p-values were calculated using GATES, and the
scaled chi-square test was then performed to combine
gene-based p-values into a single test statistic with
corrections for the LD between genes. The Higgins
I2, which is mostly applied to detect the heterogene-
ity in meta-analysis, was used to identify PPI pairs,
whereby both genes were potentially associated with
the phenotype [70]. PPI pairs with Higgins I2 > 0.5
were excluded, which implies that only one gene in a
PPI pair is associated with the phenotype. PPI pairs
with FDR-corrected p-values < 0.05 were considered
significant.

Pathway analysis
Pathway analysis was performed to identify func-

tional gene sets associated with the phenotype. The
GO (http://geneontology.org) database was used to
define gene sets representing biological pathways.
The biological significance of gene sets was evaluated
using the HYST tool [69] with restricted pathways
containing 5 to 200 genes to limit the potential
for possible size-influenced associations [45, 70]. In
total, 5,128 gene sets were tested in a pathway anal-
ysis, where the genome-wide significance threshold
for gene sets was 1.39 × 10–5 according to the FDR
correction method.

RESULTS

Gene-based association analysis

Before the gene-based association analysis, we
performed SNP-based GWAS with mean cortical
thickness. The mean cortical thickness is normally
distributed (Supplementary Figure 1) and there were
significant group differences in mean cortical thick-
ness across three diagnosis groups (Supplementary
Figure 2, p = 1.13 × 10–21). No marker passed the

http://www.braineac.org/
http://www.math.mcgill.ca/keith/surfstat/
https://string-db.org/
http://geneontology.org
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Fig. 1. Gene-based and SNP-based GWAS results for cortical thickness. (A) Manhattan plot of gene-based p-values. The horizontal
axis (x-axis) shows the start position of each gene on the autosomal chromosome, and the vertical axis (y-axis) shows the observed gene-
based –log10(p) for the association. Red horizontal lines indicate a genome-wide significant threshold (p < 1 × 10–5, which approximately
corresponds to a threshold of the FDR-corrected p < 0.05). (B) Quantile-Quantile (Q-Q) plot of gene-based p-values. Observed –log10(p)
(y-axis) were plotted against those expected under the null hypothesis (x-axis). C, D) Regional association plot of SNP-based GWAS p-
values. All SNPs within 100 kb of the RAB44 gene on chromosome 6 (C) and the B4GALNT1 gene on chromosome 12 (D) are plotted based
on their GWAS –log10(p), NCBI human genome build 37, and recombination rates calculated from the 1000 Genomes Project reference
data. The most significant SNP is highlighted in violet. The color scale of r2 values is used to label SNPs based on their degree of LD with
rs236490 and rs12320537, respectively. Genes in the region are labeled with arrows denoting the 5’–3’ orientation. All plots were adapted
from LocusZoom results.

genome-wide significance threshold of 5 × 10–8

in SNP-based GWAS (Supplementary Figure 3).
In the gene-based association analysis, 1,702,233
SNPs (53.31%) were mapped to 24,190 genes on
the human genome. The gene-based association
analysis revealed that four genes (B4GALNT1,
LOC101927583, SLC26A10, RAB44) were signifi-
cantly associated with the mean cortical thickness
(Fig. 1, Supplementary Table 1). The B4GALNT1
gene was found to be most significantly associated
with cortical thickness (p = 3.34 × 10–6, corrected
p = 0.044). Two additional genes, LOC101927583
and SLC26A10 adjacent to the B4GALNT1 gene
on chromosome 12, also yielded significant asso-
ciations (p = 5.69 × 10–6, corrected p = 0.044;
p = 5.95 × 10–6, corrected p = 0.044, respectively).
Furthermore, the RAB44 gene on chromosome 6 also
exhibited a significant association (p = 7.29 × 10–6,
corrected p = 0.044). The most significant SNPs
in RAB44 and B4GALNT1 genes from SNP-based
GWAS were rs236490 and rs12320537 (Fig. 1,
Supplementary Table 2). These two SNPs showed
a protective effect on brain structural atrophy, i.e.,

participants with minor alleles have larger cortical
thickness compared to those without minor alleles
(Supplementary Table 1, Supplementary Figure 4). In
post hoc analysis, the association trends of rs236490
with mean cortical thickness in each diagnosis group
were similar, i.e., participants with at least one minor
allele have larger cortical thickness compared to
participants without minor alleles. For rs12320537,
participants with at least one minor allele have
larger cortical thickness, especially in MCI group
(Supplementary Figure 5). Other peak SNPs are
highly correlated with rs236490 and rs12320537,
respectively.

Expression quantitative trait loci (eQTL) analysis

To identify the functional effect of genetic vari-
ants on the gene expression, we performed the eQTL
analysis. As the gene expression of LOC101927583
was not present in the Braineac database, we lever-
aged three identified genes (RAB44, SLC26A10,
B4GALNT1) from gene-based association analysis
and their peak SNPs (rs236490 and rs12320537).
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Fig. 2. Effect of rs12320537 on B4GALNT1 expression level. Expression quantitative trait loci (eQTL) box plots of association between
genotypes of rs12320537 with expression levels of B4GALNT1 in ten brain regions. The y-axis represents expression levels of B4GALNT1.
CRBL, cerebellar cortex; FCTX, frontal cortex; HIPP, hippocampus; MEDU, medulla; OCTX, occipital cortex; PUTM, putamen; SNIG,
substantia nigra; TCTX, temporal cortex; THAL, thalamus; WHMT, intralobular WM.

We found that rs12320537 in B4GALNT1 signif-
icantly regulated the expression of B4GALNT1 in
several brain regions, including the temporal cortex
(FDR-corrected p = 2.40 × 10–3) and hippocampus
(FDR-corrected p = 2.35 × 10–3), which are the AD-
related brain regions (Fig. 2). rs12320537 and
rs236490 did not exhibit any significant correlation
with expression levels of SLC26A10 and RAB44,
respectively, after multiple comparison corrections.

Vertex-wise association analysis

We performed the one-way ANCOVA analy-
sis to assess the effect of two SNPs (rs236490
and rs12320537) on vertex-wise cortical thickness.
rs236490 showed significant associations in bilateral
frontal, parietal, and temporal lobes (Fig. 3A). Sig-
nificant effects of rs12320537 were observed in the
left frontal and bilateral temporal lobes (Fig. 3B).
These two SNPs showed significant effects on corti-
cal thickness of AD-related brain regions, including

the left inferior frontal gyrus, parahippocampal gyrus,
inferior, and superior temporal gyrus.

Protein-protein interaction network analysis

We tested 157,050 gene pairs consisting of
24,190 genes to identify AD susceptibility genes
associated with the mean cortical thickness by
combining statistical genetic results and physical
interaction information of their respective gene prod-
ucts. Protein-protein interaction (PPI) pairs with
a p < 2.27 × 10–7 were considered as significant
according to the FDR correction. One PPI pair with
I2 < 0.5 yielded a significant association (Table 2).
The PPI pair involving B4GALNT1 and GALNT8
(polypeptide N-acetylgalactosaminyltransferase 8)
on chromosome 12 exhibited significant associa-
tion (p = 2.27 × 10–7). The B4GALNT1 gene was
significantly associated with the cortical thickness
in gene-based association analyses (p = 3.34 × 10–6,
corrected p = 0.044), however the GALNT8 gene did
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Fig. 3. Effect of rs236490 and rs12320537 on vertex-wise cortical thickness. Effect of genotypes (0, 1, or 2) on cortical thickness. The
color scale indicates statistical p-maps corrected for multiple comparisons (FDR-corrected p < 0.05). Significant effects of rs236490 on
cortical thickness were observed in widespread bilateral frontal, parietal, temporal lobes and the right parahippocampal gyrus (A). Most
significant effects of rs12320537 were observed in the left frontal and bilateral temporal lobes (B).

Table 2
Peak PPI pairs (I2 < 0.5) associated with mean cortical thickness

Gene1 CHR Gene1 Gene2 CHR Gene2 Confidence p-value for I2 p-value
score Cochran’s Q

12 B4GALNT1 12 GALNT8 0.768 0.201 0.389 2.27 × 10–7

12 ARHGEF25 13 EDNRB 0.914 0.522 0.000 1.46 × 10–6

19 OR7A10 1 OR14A16 0.899 0.608 0.000 9.54 × 10–6

11 SF1 22 DDX17 0.988 0.766 0.000 1.33 × 10–5

12 ARHGEF25 1 PTAFR 0.899 0.215 0.349 1.41 × 10–5

14 SNW1 9 NOTCH1 0.995 0.704 0.000 1.64 × 10–5

12 ARHGEF25 5 F2RL2 0.899 0.185 0.430 1.85 × 10–5

12 ARHGEF25 8 TRHR 0.899 0.159 0.497 2.41 × 10–5

12 ARHGEF25 17 GAST 0.899 0.144 0.532 2.81 × 10–5

19 OR7A10 11 OR9Q2 0.899 0.422 0.000 2.88 × 10–5

Gene1 CHR, chromosome on which the gene1 is located; Gene2 CHR, chromosome on which gene2 is located; I2, Higgins’s I2; p, PPI-based
p-value. PPI pair with FDR-corrected p-value < 0.05 is indicated in bold in the table.

not reach the genome-wide significance threshold
in both the SNP-based GWAS and the gene-
based test (GWAS p = 4.23 × 10–4, gene-based
p = 3.53 × 10–3).

Pathway-based analysis

We performed a pathway-based association
analysis using 5,128 pathways from the GO database
to identify biologically significant pathways. We
identified two pathways that exhibited higher asso-
ciation to mean cortical thickness (FDR-corrected
p < 0.05) (Table 3). The most significant pathways
were the nuclear-cyclin-dependent protein kinase
holoenzyme complex (p = 1.36 × 10–5) and the
cyclin-dependent protein kinase holoenzyme com-
plex (p = 1.39 × 10–5). In addition, we identified
28 potential AD susceptibility genes included in

these two pathways (Supplementary Table 3). We
compared the genes in two identified pathways
with AD-related genes from the Phenopedia [72]
(https://phgkb.cdc.gov/PHGKB/startPagePhenoPedia.
action) database. Among the 28 genes included in
the two identified pathways, 5 genes were previously
reported to be associated with AD. The p-values of
these genes were unremarkable in the SNP-based
GWAS, gene-based, and PPI network association
analyses.

DISCUSSION

This study performed a genetic association study
to identify novel genes affecting cortical thickness
and found four genes, one PPI pair and two path-
ways associated with mean cortical thickness. Our
eQTL and vertex-wise associations analysis provide

https://phgkb.cdc.gov/PHGKB/startPagePhenoPedia.action
https://phgkb.cdc.gov/PHGKB/startPagePhenoPedia.action
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Table 3
Peak pathways associated with mean cortical thickness

Category GO ID GO name Gene set size p-value

CC GO:0019908 Nuclear cyclin-dependent protein kinase holoenzyme complex 15 1.36 × 10–5

CC GO:0000307 Cyclin-dependent protein kinase holoenzyme complex 28 1.39 × 10–5

BP GO:0086009 Membrane repolarization 14 2.10 × 10–4

CC GO:0032806 Carboxy-terminal domain protein kinase complex 20 2.60 × 10–4

MF GO:0005112 Notch binding 16 3.70 × 10–4

BP GO:0030007 Cellular potassium ion homeostasis 12 4.50 × 10–4

CC GO:1902911 Protein kinase complex 78 6.20 × 10–4

BP GO:0055075 Potassium ion homeostasis 18 6.30 × 10–4

BP GO:0045618 Positive regulation of keratinocyte differentiation 12 6.50 × 10–4

BP GO:0032271 Regulation of protein polymerization 156 7.50 × 10–4

BP, biological process; CC, cellular component; MF, molecular function; GO ID, Gene ontology term ID; Gene Set Size, the number of
genes in GO terms. Gene sets with FDR-corrected p-value < 0.05 are indicated in bold in the table.

further evidence on identified genes from gene-based
association analysis.

Although previous GWAS identified some SNPs
associated with cortical thickness [23, 36, 37], iden-
tified variants could explain a small proportion of
phenotypic variance of cortical thickness. SNP-based
GWAS ignored the loci with moderate association
signals due to the adoption of a stringent significance
threshold. Furthermore, because of the stringent
threshold, the reported loci were hard to replicate
in other studies. Gene-based association analysis is
the complementary approach that combines p-values
from all SNPs in a gene to augment statistical power.
In this gene-based association analysis, we identified
four genes associated with cortical thickness. In SNP-
based GWAS, no marker passed the genome-wide
significance threshold of 5 × 10–8. However, we con-
firmed that the most significant SNP in B4GALNT1
regulates the expression of B4GALNT1. Moreover,
the most significant SNPs in two genes are sig-
nificantly associated with the vertex-wise cortical
thickness in AD-related brain regions.

One of the most associated genes with corti-
cal thickness in this study is B4GALNT1, which is
a GM2/GD2 synthase involved in the biosynthesis
of complex gangliosides. Gangliosides, glycosph-
ingolipids that contain sialic acid, constitute an
important cellular component [73]. The brain
includes various gangliosides, which play an impor-
tant role in maintaining the integrity of the nervous
system and neuronal development [74–76]. GM1,
one of the major gangliosides in the brain, binds to
A� to form a GM1-bound A� (GA�), which then
leads to the formation of amyloid fibrils in AD brains
[77]. Deletion of enzyme encoded by B4GALNT1
results in a loss of series-a and series-b ganglio-

sides in mouse [78] and human brain [79]. Several
earlier studies indicated the alteration of ganglio-
side metabolism in the AD brain [80–82]. Kraun et
al. reported that ganglio-series gangliosides includ-
ing GM1, GD1a, GD1b, and GT1b were decreased
in temporal and frontal cortex in AD brain [82].
The B4GALNT1 knock out mice showed progres-
sive motor deficits with age [83] and deletion of
B4GALNT1 in human results in severe spastic para-
plegia [84]. Although the expression of B4GALNT1
regulates the expression of BACE1 protein (�-site
A�PP cleaving enzyme 1) which is the major enzyme
for the �-site cleavage of the amyloid-� precursor
protein (A�PP) in mice model, it does not mRNA
levels [85]. Furthermore, the most prominent SNP
in B4GALNT1, rs12320537, was significantly asso-
ciated with the expression levels of B4GALNT1
in several brain regions of control subjects with
normal cognition (p < 0.05), especially in the cerebel-
lar cortex, frontal cortex, occipital cortex, temporal
cortex, substantia nigra, hippocampus, and thala-
mus (Braineac database (http://www.braineac.org/)).
Thus, B4GALNT1 may influence not only the for-
mation of amyloid fibrils, but is also associated with
neuronal death in the brain cortex.

RAB44 is the component of guanosine-5’-
triPhosphate (GTP)-ase activity and GTP binding,
where GTP plays an important role in signal transduc-
tion and protein biosynthesis. Udayar et al. reported
that the silencing of RAB44 decreased A� lev-
els. Furthermore, RAB proteins are responsible for
regulating the �-cleavage and controlling the lev-
els of A� [86]. The RAB family of GTPases was
reported to be associated with AD [87–89]. RAB
proteins were indicated to be upregulated in hip-
pocampal neurons of individuals with MCI and AD,

http://www.braineac.org/
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and the RAB GTPase expression increased endo-
cytic pathway activity, which may result in long-term
deficits in hippocampal neurotrophic signaling, and
thus represents a key pathogenic mechanism under-
lying AD progression [88]. Furthermore, Kawauchi
et al. reported that RAB-dependent trafficking path-
ways are associated with neuronal migration, which
is an essential step in the formation of the six-layers
of the cerebral cortex [90].

In PPI network analyses, GALTN8 is a protein-
coding gene that is related to carbohydrate binding
and voltage-gated potassium channel activity. Herold
et al. reported that rs116938548 (p = 2.00 × 10–7),
an intergenic SNP mapped to the GALNT8 gene,
was associated with AD [91]. Moreover, two genes
(CD33 and ASGR2), that make up components
of carbohydrate binding, were previously reported
to be associated with AD [92, 93]. Voltage-gated
potassium channels are the regulators of neuronal
excitability [94], extensively distributed in central
and peripheral nervous systems. They promote neu-
ronal apoptosis [95], thus contributing to neuronal
loss in neurodegenerative disorders [96–98].

GO categories related to cyclin-dependent kinases
(CDKs) were significantly associated with cortical
thickness. CDKs regulate cellular process and play
an important role in the nervous system [92–93].
CDK pathways involved the aberrant reactivation
of the cell cycle and neuronal differentiation con-
tribute to the neuronal loss that is responsible for AD
[101]. CDK5, a component of CDKs, was reported to
play roles in neuronal migration, differentiation, and
synaptic functions [102]. Moreover, regulated CDK5
phosphorylates serine or threonine sites on substrate
proteins associated with cortex layer formation, and
CDK5 contributes to multiple steps of cortical neu-
ronal migration [90, 103, 104]. In this study, we
reported 28 genes in two significant pathways associ-
ated with cortical thickness. Among them, five genes
have been reported to be associated with AD. Thus,
pathways related to CDKs may influence the cortical
thickness, as well as AD.

This study has several limitations. ADNI is an
observational, multi-center study of AD progres-
sion, and the nature of our sample makes it difficult
to generalize our findings to other populations.
Thus, further analyses in independent larger com-
munity studies with diverse populations are required
to investigate our findings. Although we used
neuroimaging-based endophenotypes and genetic
data from publicly available ADNI datasets to per-

form this study, our sample size is moderate, and we
could not use a replication data. Thus, replication of
our findings in larger independent data is warranted.
A thinning of the brain cortex has been demonstrated
in many brain disorders such as stroke and depres-
sion. However, in ADNI, according to inclusion and
exclusion criteria, participants with history of struc-
tural brain lesion, major depression, head trauma, and
significant neurological diseases other than AD were
excluded [105].

In this gene-based association analysis, we iden-
tified new associations of genes with mean cortical
thickness that were not identified in SNP-based
GWAS. This method is complementary technique
for SNP-based GWAS. The gene-based p-values
reflect the effect of entire gene and would not nec-
essarily reach strict genome-wide significance level.
Additional eQTL and vertex-wise association anal-
ysis confirmed the importance of intronic SNPs
mapped to identified genes from gene-based asso-
ciation analysis. According to our additional eQTL
and vertex-wise association analysis, intronic SNPs
of identified genes have impact on gene expression
and cortical thickness of AD-related brain regions.
The PPI network and pathway analysis allow us to
confirm effect of functionally related genes and found
one PPI pair and two pathways. The advantage of
this study design allows us to determine complemen-
tary information using the structures of genomic data
and gain valuable insight into genetic networks of
functionally related genes.

In conclusion, by taking the advantage of gene-
based, PPI network, and pathway enrichment analysis
methods to perform complementary analysis of
SNP-based GWAS, we identified novel genes as sig-
nificantly associated with mean cortical thickness
in AD. Our findings based on an imaging genetics
approach to use MRI-based measures as an endophe-
notype for genetic studies will provide new insights
into the biological mechanisms of AD pathogenesis.
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