Neurobiology of Aging 93 (2020) 61e68

Contents lists available at ScienceDirect

Neurobiology of Aging
journal homepage: www.elsevier.com/locate/neuaging

Genome-wide interaction analysis of pathological hallmarks in
Alzheimer's disease
Hui Wanga, Jingyun Yangb, c, Julie A. Schneiderb, c, d, Philip L. De Jagere, f,
David A. Bennettb, c, **, Hong-Yu Zhanga, *
a

Hubei Key Laboratory of Agricultural Bioinformatics, College of Informatics, Huazhong Agricultural University, Wuhan, Hubei, China
Rush Alzheimer's Disease Center, Rush University Medical Center, Chicago, IL, USA
Department of Neurological Sciences, Rush University Medical Center, Chicago, IL, USA
d
Department of Pathology, Rush University Medical Center, Chicago, IL, USA
e
Center for Translational and Computational Neuroimmunology, Columbia University Medical Center, New York, NY, USA
f
Cell Circuits Program, Broad Institute, Cambridge, MA, USA
b
c

a r t i c l e i n f o

a b s t r a c t

Article history:
Received 14 August 2019
Received in revised form 21 April 2020
Accepted 22 April 2020
Available online 29 April 2020

Genome-wide association studies have identiﬁed many loci associated with Alzheimer's dementia.
However, these variants only explain part of the heritability of Alzheimer's disease (AD). As genetic
epistasis can be a major contributor to the “missing heritability” of AD, we conducted genome-wide
epistasis screening for AD pathologies in 2 independent cohorts. First, we performed a genome-wide
epistasis study of AD-related brain pathologies (Nmax ¼ 1318) in ROS/MAP. Candidate interactions
were validated using cerebrospinal ﬂuid biomarkers of AD in ADNI (Nmax ¼ 1128). Further functional
analysis tested the association of candidate interactions with neuroimaging phenotypes. For tau and
amyloid-b pathology, we identiﬁed 2803 and 464 candidate SNP-SNP interactions, respectively. Associations of candidate SNP-SNP interactions with brain volume and white matter changes from neuroimages provides additional insights into their molecular functions. Transcriptional analysis supported
possible gene-gene interactions identiﬁed by statistical screening through their co-expression in the
brain. In summary, we outlined an exhaustive epistasis analysis to identify novel genetic interactions
with potential roles in AD pathologies. We further delved into the functional relevance of candidate
interactions by association with neuroimaging phenotypes and analysis of co-expression between corresponding gene pairs.
Ó 2020 Elsevier Inc. All rights reserved.
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1. Introduction
The genetic architecture underlying Alzheimer's disease (AD) is
complex. For the familial form of AD, which only accounts for 1%e5%
of AD, mutations in APP, PSEN1, and PSEN2 usually guarantee early
onset of AD (Tanzi, 2012). By contrast, large-scale genome-wide
association studies identiﬁed common variants with small effects
for Alzheimer's dementia (Lambert et al., 2013). Yet, the complete
genetic architecture for late-onset AD remains elusive. It is estimated that about a quarter of the phenotypic variance for late-onset
AD can be explained by APOE combined with common variants (Lee
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et al., 2013; Ridge et al., 2013); this value is considerably lower than
the estimated two-thirds of heritability from twin studies (Gatz
et al., 2006). It has been proposed that epistasis, which refers to
the departure from “independence” of the effects of different genetic
loci in the way that they combine to cause disease, can help explain
some of the “missing heritability” (Raghavan and Tosto, 2017).
Therefore, in this study, we investigated the genetic interactions for
Alzheimer's pathology to unravel novel genetic mechanisms missed
by traditional genome-wide association studies.
Previous work on epistasis in AD mainly focused on speciﬁc gene
pair interactions supported by prior biological evidence. For
example, proinﬂammatory interleukin-6 (IL-6) level is relatively
higher in patients with AD and the anti-inﬂammatory interleukin10 (IL-10) level is relatively lower in patients with AD (Remarque
et al., 2001). Subsequently, the genetic interactions between IL-6
and IL-10 were reported in a recent study by measuring the synergy factor (1.69, p ¼ 0.01) (Combarros et al., 2009b). Moreover,
elevated iron levels in patients with AD spurred an interest in the
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discovery of potential interactions in iron metabolism. As a result,
the interaction between hemochromatosis gene (HFE) and transferrin gene (TF) was identiﬁed and replicated by subsequent studies
(Kauwe et al., 2010; Robson et al., 2004).
To identify novel genes and genetic interactions for AD susceptibility, it is necessary to screen epistasis on a genome-wide scale.
However, there are major challenges to screening statistical epistasis through the genome. First, statistical epistasis appearing in
one data set usually cannot be replicated in another data set. For
example, one study of more than 100 possible epistasis pairs reported in previous studies could only replicate 27 pairs in their own
data (Combarros et al., 2009a). Second, the stringent p value
required for signiﬁcance resulting from adjusting for multiple hypothesis tests often cannot be attained (Murk and DeWan, 2016). In
addition, exhaustive screening of all possible epistasis is computationally intensive. Even for fast screening methods, such as
“BOolean Operation-based Screening and Testing”, nearly 60 hrs are
required to evaluate 6.5  1010 interactions between 360,000 SNPs
on a standard 3.0 GHz computer with 4G memory (Wan et al.,
2010). On a genome-wide scale, there has been only 2 replicated
genetic interactions reported to be associated with Alzheimer's
dementia. One is the interaction between rs6455128 (KHDRBS2)
and rs7989332 (CRYL1) which was discovered in a French cohort
and replicated in another cohort from Germany (Gusareva et al.,
2014). In a recent study, the interaction between rs3733980
(WWC1) and rs7175766 (TLN2) that was associated with AD in
males was identiﬁed and validated by Drosophila eye experiments
(Gusareva et al., 2018).
To solve the aforementioned problems in the genome-wide
interaction analysis (Gusareva et al., 2014), we conducted epistasis screening in 2 stages and validated epistasis in another independent data set. More importantly, we leveraged neuropathologic
endophenotypes which have greater power for genetic associations
(Bennett et al., 2009). During the ﬁrst stage, possible SNP-SNP interactions for AD-related neuropathology in The Religious Orders
Study and Rush Memory and Aging Project (ROS/MAP) were ﬁltered
using a simple linear regression model. We reported all candidate
SNP-SNP interactions that passed a less conservative correction
accounting for the total number of tests performed in second stage.
After the 2-stage analysis, validation of candidate SNP-SNP interactions was evaluated on a subset of samples from The Alzheimer's
Disease
Neuroimaging
Initiative
(ADNI)
with
cerebrospinal ﬂuid (CSF) biomarkers of AD measured. Furthermore,
candidate gene-gene interactions mapped by the SNPs were ranked
by their co-expression in the brain. As a result, credible interactions
contributing to AD pathology were discovered and validated by
multiple sources.
2. Methods
2.1. Study subjects
ROS/MAP are longitudinal clinical-pathologic cohort studies of
aging and dementia (Bennett et al., 2018). The diagnosis of Alzheimer's dementia for each subject was obtained from a neurologist
by reviewing all available clinical data at the time of death, blinded
to postmortem data. Amyloid-b (Ab) and tau neuropathology were
measured using immunohistochemistry and automated image
processing for total amyloid and paired helical ﬁlament tau (PHFtau), and a modiﬁed Bielschowsky silver staining technique for
neuritic plaques, diffuse plaques, and neuroﬁbrillary tangles (see
Supplementary Method). A total of 2090 individuals in ROS/MAP
have been genotyped in 2 batches, of which 1374 individuals
received clinical consensus diagnosis of cognitive status (no/mild
cognitive impairment or Alzheimer's dementia). Of 1579 autopsied

persons at the time of these analyses, 1326 had genotype data, of
which 1318 individuals had either one of 5 pathological measurements that passed quality control. Of the 1318 individuals, 1316 had
neuroﬁbrillary tangles, neuritic plaques, and diffuse plaques
measured, 1285 had total PHF-tau measured, and 1276 had total
amyloid measured.
ADNI (including phases 1, GO, and 2) is an international cooperative study to investigate the biomarkers of AD and develop
treatment to slow or stop Alzheimer's dementia progression
(Petersen et al., 2010). All subjects were administered clinical
evaluations at the time of enrollment by expert physicians. CSF total
tau (T-tau), phosphorylated tau (P-tau), and b-amyloid (1e42) (Ab142) levels were measured by the electrochemiluminescence immunoassays (see Supplementary Method). There are 1550 genotyped individuals with a diagnosis of Alzheimer's dementia in
ADNI, of which 1128 individuals had either one of the 3 CSF biomarkers that passed quality control. Of the 1128 individuals, 1127
had CSF T-tau and P-tau measured, 1128 had CSF Ab1-42 measured.
Characteristics of the study participants for ROS/MAP (N ¼ 2090)
and ADNI (N ¼ 1550) are summarized in Table 1.
2.2. Molecular and structural neuroimaging
For ADNI, molecular and structural neuroimaging data were
generated. A total of 855 individuals underwent structural magnetic resonance imaging protocols to generate estimates of entorhinal cortex and hippocampal volume. To generate estimates of
fractional anisotropy (FA) for 5 bilateral fronto-temporal-occipital
and interhemispheric white matter tracts (sagittal stratum, hippocampal segment of cingulum bundle, splenium of corpus callosum, inferior fronto-occipital fasciculus, and superior longitudinal
fasciculus) implicated in AD, diffusion tensor volumes were ﬁrst
obtained from diffusion-weighted images. Based on diffusion
tensor volumes, estimates of FA across the 5 brain regions were
generated for 216 subjects.
2.3. Genotyping and imputation
A total of 1708 individuals in ROS/MAP were genotyped using
the Affymetrix GeneChip 6.0 (Affymetrix, Inc, Santa Clara, CA, USA)
at the Broad Institute's Center for Genotype or the Translational
Genomics Research Institute. An additional batch in ROS/MAP was

Table 1
Characteristics of study participants from ROS/MAP (N ¼ 2090) and ADNI1/GO/2
(N ¼ 1550)
ROS/MAP

AD (n ¼ 568)

Non-AD (n ¼ 1522)

Diff (p)a

Sex (F/M)
Age at death, y (SD)
Education, y (SD)
MMSE (SD)
APOE ε4 status (/þ)

392 F, 176 M
90.92 (5.89)
16.22 (3.66)
12.69 (8.55)
382, þ186 (0.33)

1067 F, 455M
88.09 (6.72)
16.34 (3.51)
26.33 (4.39)
1232, þ290 (0.19)

0.63
<0.0001
0.49
<0.0001
<0.0001

ADNI

AD (n ¼ 599)

Non-AD (n ¼ 951)

Diff (p)a

Sex (F/M)
Age at AD, y (SD)
Education, y (SD)
MMSE (SD)
APOE ε4 status (/þ)

253 F, 346 M
74.71 (8.12)
14.79 (4.64)
22.19 (5.63)
220, þ379 (0.63)

423 F, 528M
77.22 (7.40)
15.99 (3.26)
28.35 (2.30)
629, þ322 (0.34)

0.4
<0.0001
<0.0001
<0.0001
<0.0001

Key: AD, Alzheimer's disease; ADNI, Alzheimer's Disease Neuroimaging Initiative;
Age at AD, age when developed AD for ADs or age at last valid record for non-ADs;
APOE ε4 status (/þ), presence of ε4 allele; Diff, statistical difference between AD
and non-AD; F, female; M, male; MMSE, Mini-Mental Status Examination score;
ROS/MAP, The Religious Orders Study/the Rush Memory and Aging Project; SD,
standard deviation.
a
p values are calculated by Fisher's exact tests (for sex and APOE ε4 status) or twosample t-tests (for age at death, age at AD, education and MMSE).
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generated on 382 individuals using the Illumina HumanOmniExpress (Illumina, Inc, San Diego, CA, USA) at the Children's
Hospital of Philadelphia. In total, there are 2090 genotyped individuals in ROS/MAP. A total of 757 ADNI1 subjects were genotyped using the Illumina Human610-Quad BeadChip (Illumina, Inc,
San Diego, CA, USA). A total of 793 ADNIGO/2 subjects were genotyped using the HumanOmniExpress BeadChip (Illumina Inc, San
Diego, CA, USA). In total, there are 1550 genotyped individuals in
ADNI.
To merge the 2 batches in ROS/MAP, genotype data for 382 individuals from the second batches were phased using Eagle (v2.4.1)
(Loh et al., 2016) and imputed using Minimac3 (v2.0.1) (Das et al.,
2016). To validate the SNP-SNP interactions identiﬁed by ROS/
MAP, genotype data from ADNI1 and ADNIGO/2 subjects were
merged after being phased and imputed by the same pipeline. First,
the genotyping data were aligned to the human assembly GRCh37/
hg19 using UCSC's liftOver tool (Casper et al., 2017). Next, the alleles
were checked to match with the GRCh37 reference sequence.
Imputation were carried out as described in a previous study (Van
Leeuwen et al., 2015), with 1000 Genomes phase3 integrated
haplotypes being the reference panel (Consortium et al., 2015).
Imputed variants with an imputation quality statistic (R2) below 0.3
were discarded. Furthermore, calls with uncertainty greater than
0.2 or import dosage certainty smaller than 0.8 were treated as
missing.
Using subjects in ROS/MAP as the discovery cohort, SNPs were
ﬁrst ﬁltered by Hardy-Weinberg Equilibrium test with a Bonferronibased nominal signiﬁcance threshold of 0.05/714014 SNPs ¼ 7.0 
108. Then, SNPs with minor allele frequency <0.05 or missing
calling rate >0.10 were removed. In addition, SNPs were linkage
disequilibrium (LD) pruned by a window size of 50 bp, window
increment of 1 bp, and LD threshold of r2 0.75. After these steps,
279409 of 714014 variants passed ﬁlters and quality control. All
aforementioned quality control steps were performed using PLINK
(v1.90b4.10) (Chang et al., 2015).
2.4. Epistasis screening methods
For ROS/MAP discovery cohort, epistasis was screened against
neuroﬁbrillary tangles, total PHF-tau, neuritic plaques, diffuse plaques, and total amyloid. We removed those SNP-SNP pairs for
which there were less than 3 observations in the lowest SNP  SNP
contingency table cell, which could lead to spurious results. More
speciﬁcally, only SNP-SNP pairs with a cell size either more than 3
or equal to 0 in each cell of the 3  3 genotype matrix were kept for
further analysis, resulting in 12,547,471,105 independent SNP-SNP
pairs to be evaluated. Therefore, when applying the Bonferroni
procedure, our threshold for statistical signiﬁcance was set to a ¼
3.98  1012. Simple linear regression was used to construct a pool
of possible SNP-SNP interactions in the ﬁrst stage. SNP-SNP interactions with nominal p values <1  105 were selected for
further analysis. Epistasis screening were performed using PLINK
(Chang et al., 2015) in the ﬁrst-stage analysis. In the second stage,
the genotypic model (see Supplementary Method) implemented in
INTERSNP (Herold et al., 2009), which contains both additive and
dominant effects for each SNP and all 4 possible epistasis models,
was applied. Rather than the usual 0, 1, 2 coding, which represents
the number of minor alleles, Cordell's dominant coding was used to
represent the genotype of each SNP in this model (Cordell, 2002).
The effects of sex, age (determined by the date of death in ROS/MAP
or date of examination in ADNI), and APOE genotype (number of ε4
alleles) were examined in the model as covariates. Finally, we
report all SNP-SNP interactions as “suggestive” that passed a less
conservative correction accounting for the total number of pairs
analyzed in the second stage. These interaction results may warrant
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future investigation and are reported along with signiﬁcant interactions in the supplementary tables.
SNP-SNP interactions that were identiﬁed in the discovery
cohort were validated using the CSF biomarkers of AD in ADNI by
the genotypic model described previously. The union of candidate
interactions for tau-related pathologies (including neuroﬁbrillary
tangles and total PHF-tau) were furtherer tested for their association with CSF T-tau and P-tau levels in ADNI. The union of candidate
interactions for Ab-related pathologies (including neuritic plaques,
diffuse plaques, and total amyloid) was further tested for their association with CSF Ab1-42 levels in ADNI. p values were Bonferroni
corrected. To avoid spurious interactions caused by long-range LD,
SNP-SNP interactions on the same chromosome with an R2 > 0.2
were ﬁltered out. In addition, to deduce biological epistasis from
the statistically signiﬁcant epistasis, interactions were visualized by
plotting the mean value of each cell in a contingency table of 3  3
genotype combinations.
2.5. Gene expression analysis
RNA was extracted from the gray matter of the dorsolateral
prefrontal cortex of 724 subjects from the ROS/MAP cohorts. These
samples were quantiﬁed by Nanodrop, and quality was evaluated
by Agilent Bioanalyzer (Agilent Technologies, Inc, Santa Clara, CA,
USA). A total of 582 RNA-Seq samples met quality (Bioanalyzer RNA
integrity score >5) and quantity (5ug) thresholds. Then RNA-Seq
data were processed by a parallelized and automatic pipeline,
which includes trimming the beginning and ending bases from
each read, identifying and trimming adapter sequences from reads,
detecting and removing rRNA reads, and aligning reads to the
reference genome. Nongapped aligner Bowtie was used to align
reads to transcriptome reference, and then RNA-Seq by expectation
maximization was applied to estimate expression levels for all
transcripts. The fragments per kilobase of exon model per million
reads mapped were quantile normalized, and the potential batch
effects were removed by the combat package in R (see
Supplementary Method).
Co-expression between 2 interacting genes was calculated using
Pearson correlation. Gene pairs were obtained by mapping SNPs in
the SNP-SNP interactions to the nearest genes within a distance of
10 kb. Genes which were detected (FRKM >0) in less than 100
samples were excluded from analysis. After co-expression analysis,
gene-gene interactions were ranked by their co-expression p value.
3. Results
3.1. Genome-wide epistasis screening and validation
Genome-wide epistasis screening for neuroﬁbrillary tangles,
total PHF-tau, neuritic plaques, diffuse plaques, and total amyloid
were carried out in ROS/MAP. First, the Pearson correlation coefﬁcients of 5 measurements were examined (Fig. 1). As expected,
measurements of tau neuropathology, neuroﬁbrillary tangles and
total PHF-tau, were highly correlated. Measurements of Ab neuropathology (neuritic plaques, diffuse plaques, and total amyloid)
showed moderate correlations. For neuroﬁbrillary tangles and total
PHF-tau, a total of 435,358 and 526,204 SNP-SNP interactions met
the criterion of a cell size either more than 3 or equal to 0 and a
nominal P threshold of 1  105 by linear regression in the ﬁrst
stage. In the second stage, 32,960 (neuroﬁbrillary tangles) and
65,263 (total PHF-tau) suggestive SNP-SNP interactions were reported after adjusting for age, sex, and APOE status using a genotypic model that includes both additive and dominant effects, as
well as 4 different interaction terms. Among them, 2700 (neuroﬁbrillary tangles) and 9005 (total PHF-tau) SNP-SNP interactions
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Fig. 1. Pair-wise Pearson correlation coefﬁcients of neuroﬁbrillary tangles, total PHF-tau, neuritic plaques, diffuse plaques, and total amyloid in ROS/MAP. Abbreviations: PHF-tau,
paired helical ﬁlament tau; ROS/MAP, The Religious Orders Study/the Rush Memory and Aging Project.

were signiﬁcant under a Bonferroni-based nominal signiﬁcance
threshold of 3.981012. For validation, candidate SNP-SNP interactions discovered for neuroﬁbrillary tangles and total PHF-tau
in ROS/MAP were tested for their association with CSF T-tau and
P-tau levels in ADNI. 2286 and 2330 SNP-SNP interactions were
validated by T-tau and P-tau, respectively (Table 2). Among them,
270 and 294 SNP-SNP interactions which were signiﬁcant under
Bonferroni correction in ROS/MAP were validated by T-tau and Ptau, respectively (Supplemental Tables S1 and S2). There are 1813
SNP-SNP interactions validated by both T-tau and P-tau and 2803
SNP-SNP interactions validated by either T-tau or P-tau (Table 2),
conforming with the high correlation between T-tau and P-tau
levels (R2 ¼ 0.98, see Supplementary Fig. S1).
For neuritic plaques, diffuse plaques, and total amyloid, a total of
305,415, 337,902, and 305,302 SNP-SNP interactions met the criterion of a cell size either more than 3 or equal to 0 and a nominal P
threshold of 1  105 in the ﬁrst stage. 3980 (neuritic plaques),
10,931 (diffuse plaques), and 3816 (total amyloid) suggestive SNPSNP interactions were reported by genotypic model. Among
them, 47 (neuritic plaques), 212 (diffuse plaques), and 20 (total
Table 2
ROS/MAP stage1 and stage2, as well as ADNI1/GO/2 replicated SNP-SNP interactions
ROS/MAP

ADNI

Phenotype

First stage Second stage Phenotype

Neuroﬁbrillary
tangles
Total PHF-tau
Neuritic plaques
Diffuse plaques
Total amyloid

435,358

32,960

526,204
305,415
337,902
305,302

65,263
3980
10,931
3816

Validation

CSF T-tau/P-tau 2286/2330 (2803)

CSF Ab1-42

464

Key: AD, Alzheimer's disease; ADNI, Alzheimer's Disease Neuroimaging Initiative;
PHF-tau, paired helical ﬁlament tau; ROS/MAP, The Religious Orders Study/the Rush
Memory and Aging Project.

amyloid) SNP-SNP interactions were signiﬁcant under a Bonferronibased nominal threshold of 3.981012. For validation, candidate
SNP-SNP interactions discovered for neuritic plaques, diffuse plaques, and total amyloid in ROS/MAP were tested for their association with CSF Ab1-42 levels in ADNI, resulting in 464 SNP-SNP
interactions being validated after ﬁltering out spurious interactions caused by long-range LD (Table 2). Among them, 11 SNPSNP interactions which were signiﬁcant under Bonferroni correction in ROS/MAP were validated (Supplemental Table S3).
Overall, we obtained 2803 and 464 validated SNP-SNP interactions for tau and Ab neuropathology, respectively
(Supplementary Table S1-S3). Interestingly and unexpected, there
was no overlap between identiﬁed SNP-SNP interactions for the 2 AD
hallmarks.
3.2. Functional annotations for candidate interactions
To gain an overview of the functional consequences of the
candidate SNP-SNP interactions, we mapped the identiﬁed SNPs
onto the genome. We found that most SNPs fall on the distal
intergenic regions or introns (Fig. S2), which highlights the possible
function of “junk DNA” in genetic regulation. As reported in a
previous study, the brain has distinct expression and epigenetic
patterns, including a greater extent of noncoding transcription than
other tissues (Gandal et al., 2018).
Moreover, the enriched gene ontology (GO) terms, KEGG pathways and Reactome (Yu et al., 2012; Yu and He, 2016), for genes
mapped by these SNPs were examined. First, we examined the
genes related to tau pathology; 7 of the top 10 enriched biological
processes in GOs were related to the nervous system, such as
negative regulation of neuron differentiation, axon development,
and axonogenesis (Fig. 2A). Pathway analysis shows enrichment of
genes in neuroactive ligand-receptor interaction, cAMP signaling
pathway, and various other pathways (Fig. S3). The most
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Fig. 2. Functional annotation of SNPs identiﬁed by tau-related pathology and Ab-related pathology. (A) For tau-related pathology, top 10 biological processes identiﬁed by gene
ontology enrichment analysis for genes mapped by the identiﬁed SNPs. (B) For Ab-related pathology, top 10 biological processes identiﬁed by gene ontology enrichment analysis for
genes mapped by the identiﬁed SNPs. Abbreviation: Ab, amyloid-b.

signiﬁcantly enriched pathway was neuroactive ligand-receptor
interaction, which was already found to be related to analgesic,
anticonvulsant, and repair reduction of cholinergic neurons and the
secretion of neurotoxic inﬂammatory cytokine related to AD (Liu
et al., 2019). As for cAMP signaling pathway, it has important
roles in the long-term potentiation and is a promising drug
targetable pathways for AD (Fiorito et al., 2018; Vitolo et al., 2002).
Next, we examined the genes mapped by interacting SNPs for Ab
pathology. GO analysis showed that various biological processes
including positive regulation of nervous system development,
glutamate receptor signaling pathway, and regulation of cation
transmembrane transport were enriched (Fig. 2B). Pathway analysis
shows the enrichment of 2 pathways: neuronal system and deleted
in colorectal carcinoma (DCC)-mediated attractive signaling. Interestingly, amyloid precursor protein functionally acts as a coreceptor for DCC to mediate axon guidance (Rama et al., 2012).
More speciﬁcally, amyloid precursor protein interacts with DCC in
the presence of netrin-1 and enhances netrin-1-mediated DCC
intracellular signaling, such as MAPK activation (Rama et al., 2012).

In summary, the functional consequences of the candidate interactions for tau and Ab neuropathology are tightly connected to
the relevant GO terms or pathways, thereby providing robust
support for their involvement in AD.
3.3. Transcriptome analysis of candidate interactions
The expression levels of 2 interacting genes are frequently coaltered (Wang et al., 2014). Therefore, we performed a coexpression analysis of interacting gene pairs. There are 2803 validated SNP-SNP interactions identiﬁed using tau pathology. After
SNPs were mapped to the corresponding genes, there are 1195 gene
pairs retained for co-expression analysis. Of 1195 interacting gene
pairs, 522 gene pairs showed signiﬁcant co-expression under a
Bonferroni-corrected p value of 0.05 (793 gene pairs were signiﬁcant under a nominal p value of 0.05) (Supplementary Table S4).
MAPK9 which was previously associated with T-tau, P-tau, and
neuroﬁbrillary AD pathology (Kim et al., 2015) and OPCML which
showed signiﬁcant differential expression in patients with AD
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(Zelaya et al., 2015) was the most signiﬁcantly co-expressed gene
pair (R2 ¼ 0.93, Pnominal ¼ 6.33  10241). Particularly, MAPK9 also
showed interaction and high correlation with CAMKK1 (R2 ¼ 0.83,
Pnominal ¼ 6.66  10140), which was involved in the phosphorylation of tau protein by activation of calcium/calmodulin-dependent
protein kinase IV (Ye et al., 2017). Therefore, the role of MAPK9 in
tau-related AD pathology is worth a further experimental validation. Moreover, the interaction between GRIN2A and EPHA4 (R2 ¼
0.88, Pnominal ¼ 1.67  10175) was ranked in the second place by coexpression, providing promising drug targets for the treatment of
AD. GRIN2A encodes a subunit of N-methyl-D-aspartate receptor,
which is inhibited by several FDA-approved drugs for treatment of
AD (Olivares et al., 2012). Meanwhile, EphA4 protein has been
suggested as potential drug target for AD (Gu et al., 2018), and
blockade of EphA4 signaling ameliorates synaptic dysfunctions in
mouse models of AD (Fu et al., 2014). TENM3 and TLN2 (R2 ¼ 0.88,
Pnominal ¼ 3.73  10175), whose interaction was ranked in the third
place by co-expression, have both been associated with AD in a sex
speciﬁc manner (Deming et al., 2018; Gusareva et al., 2018), indicating the complex interplay between sex and genetic background
regarding AD predisposition.
Regarding Ab neuropathology, of 179 gene pairs meeting the
selection criterion, 81 gene pairs were co-expressed in the brain
with a Bonferroni-corrected P smaller than 0.05 (111 gene pairs with
Pnominal < 0.05) (Supplementary Table S5). INPP4B and RBFOX1 was
the most signiﬁcantly co-expressed gene pair (R2 ¼ 0.83, Pnominal ¼
7.10  10140). RBFOX1 encodes proteins that can regulate alternative
splicing events. Downregulation of RBFOX1 leads to destabilization
of mRNAs encoding for synaptic transmission proteins, which
contribute to the loss of synaptic function in AD (Alkallas et al., 2017).
Interestingly, INPP4B was 5-fold lower expressed in lymphoblastoid
cells lines exhibiting high Ab sensitivity (Hadar et al., 2016), conforming with the downregulation of RBFOX1 in AD. CSMD1 and
SLC16A14 (R2 ¼ 0.74, Pnominal ¼ 2.20  1094), whose interaction was
ranked in the second place by co-expression, were both associated to
cognitive functions (Athanasiu et al., 2017; Fisel et al., 2018). Genegene interactions that were validated by co-expression with a

Pnominal < 0.05 for Ab and tau are displayed in Supplementary
Tables S4 and S5, respectively.

3.4. Candidate interactions and in vivo neuroimaging
To discovery possible implications of the AD pathology on brain
damage, we tested the association of candidate interactions with
brain atrophy and white matter injury. Speciﬁcally, the SNP-SNP interactions of tau and Ab neuropathology were analyzed for their
association with entorhinal cortex volume, hippocampal volume, and
estimates of FA across 5 regions using data derived from in vivo
neuroimaging. There are no signiﬁcant SNP-SNP interactions for
entorhinal cortex volume and hippocampal volume after adjusting
for multiple tests.
However, one SNP-SNP interaction associated with tau neuropathology in ROS/MAP and ANDI was also associated with FA estimates after adjusting for multiple tests. Speciﬁcally, the interaction
between rs2189344 and rs777307 was associated with FA estimates
in splenium of corpus callosum (left, Pnominal ¼ 1.40  104; right
Pnominal ¼ 3.37  106). Individuals with TT genotype in rs2189344
and GG genotype in rs777307 showed higher total PHF-tau in the
brain, higher CSF T-tau levels, and lower FA estimates in splenium of
corpus callosum (Fig. 3).
The rs2189344 is in the intron of AC004538.3, which encodes
several antisense RNAs. The rs777307 is in the intron of AC072062.1,
which encodes long noncoding RNAs. Leveraging expression
quantitative trait locis (eQTLs) in the genotype tissue expression
project database (Lonsdale et al., 2013), we found that rs2189344
was a signiﬁcant eQTL of AC004538.3 (Pnominal ¼ 3.1  105) and
rs777307 was also a signiﬁcant eQTL of AC072062.1 (Pnominal ¼ 1.6 
108). Together, the interaction indicates the important role of
noncoding RNAs in AD pathology and supports the association
between tau pathology and white matter damage (Amlien and Fjell,
2014). Moreover, this result further shows the involvement of white
matter in AD, which has been traditionally considered as a gray
matter disease.

Fig. 3. The interaction effects of rs2189344 and rs777307 on total PHF-tau, CSF T-tau, and fractional anisotropy (FA) estimates of splenium of corpus callosum. (A) The interaction
effect of rs2189344 and rs777307 on total PHF-tau. (B) The interaction effect of rs2189344 and rs777307 on CSF T-tau. (C) The interaction effect of rs2189344 and rs777307 on FA
estimates of splenium of corpus callosum. The mean value of each measurement is plotted against each pairwise genotype combination of rs2189344 and rs777307. The error bar
indicates standard deviation. Abbreviation: PHF-tau, paired helical ﬁlament tau.
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4. Discussion
Tau and Ab neuropathology are the 2 neuropathological hallmarks of AD (Tapiola et al., 2009). Therefore, we conducted a
genome-wide epistasis analysis of these 2 pathologies in postmortem brain in ROS/MAP and validated the discovery using CSF
biomarkers of AD in ADNI. As a result, we identiﬁed 2803 and 464
candidate interactions for tau and Ab neuropathology, respectively.
Next, the functional consequences of the candidate SNP-SNP interactions were examined. We found that most SNPs are on the
distal intergenic regions or introns, which is in accordance with the
assumed regulatory function of epistasis. GO terms and pathways
related to the nervous system were enriched by the genes mapped
by the SNPs, providing additional validation of candidate
interactions.
Here, we mapped an SNP to genes only by its genomic position.
Ideally, regulatory information such as eQTLs and 3D proximity
obtained by chromosome conformation capture-based approaches
can be used to map an SNP to its corresponding genes. However,
one SNP could be mapped to dozens of genes after incorporating
eQTL and 3D proximity. As a result, for one SNP-SNP interaction, it
could be mapped to hundreds of gene pairs, which would lead to
confusions in downstream analysis. Consequently, in this study,
only the genomic position was considered when mapping an SNP to
genes.
After SNP-SNP interactions were mapped into gene-gene interactions, we ranked gene pairs according to their co-expression in
the brain, therefore providing a ranked list for further examination.
For tau neuropathology, 793 of 1195 gene pairs were supported by
their signiﬁcant co-expression. For Ab neuropathology, 111 of 179
gene pairs were supported by their signiﬁcant co-expression. These
gene-gene interactions provide a valuable resource for further
exploration of disease mechanisms and discovery of new drugs. For
example, several interactions including MAPK9-CAMKK1 and
GRIN2A-EPHA4 are involved in Ca2þ-mediated signaling function
(Corrigan et al., 2005), providing new evidences for the disruption
of cellular calcium homeostasis in AD. Furthermore, these genegene interactions can be promising drug targets after functional
validation, as partially inhibition of several targets can be more
efﬁcient than complete inhibition of a single target (Csermely et al.,
2005).
In addition, SNP-SNP interactions identiﬁed were tested for their
association with brain atrophy and white matter injury. However,
no signiﬁcant SNP-SNP interaction was found for entorhinal cortex
volume and hippocampal volume after adjusting for multiple tests,
which may be caused by the lack of statistical power due to small
sample sizes. One SNP-SNP interaction, rs2189344 and rs777307,
was associated with FA estimates in splenium of corpus callosum,
suggesting the association between tau neuropathology and white
matter damage. The biological mechanisms of the SNP-SNP interaction warrant further experimental validation.
We also tested the association of candidate SNP-SNP interactions with diagnosis of Alzheimer's dementia. Interestingly,
only 4 of the 464 interaction for Ab neuropathology and 49 of 2803
interactions for tau neuropathology are signiﬁcantly associated
with Alzheimer's dementia in both ROS/MAP and ADNI, conforming
to the fact that tau and Ab neuropathology may be found in individuals with or without a diagnosis of Alzheimer's dementia. It
also indicates that tau and Ab neuropathology alone may be
insufﬁcient for the development of Alzheimer's dementia.
Overconservative p value threshold caused by Bonferroni
correction can lead to high false negative rate (high type II error)
(White et al., 2019). To alleviate this problem, we also reported SNPSNP interactions as “suggestive” that passed a less conservative
correction accounting for the number of tests performed in the
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second stage of our analysis. To reduce possible false positives, independent replication cohorts were used to validate the SNP-SNP
interactions identiﬁed by the 2-stage analysis. And further investigations are required for interactions that are suggestive of (but
not reaching) signiﬁcance.
Statistically signiﬁcant epistasis is not necessarily a biologically
meaningful interaction. Statistical epistasis represents the departure from a speciﬁc linear model describing the relationship between the alleles at different loci with respect to their contribution
to a phenotype (Cordell, 2002). However, biological inferences from
statistical epistasis require prior knowledge of the speciﬁc alleles
involved. Here, we attempted to partially interpret statistical epistasis by visualizing each cell in the 3  3 two-locus genotype
combination. Another limitation of statistical epistasis is that statistical models can be incredible when there are cells with very few
samples in the 3  3 two-locus genotype table, which often leads to
misleading signiﬁcant interactions by regression methods. We
alleviated this problem by excluding pairs with a cell size smaller
than 3 in any cell of the 3  3 contingency table.
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