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Abstract

There is a need for new therapeutic targets with which to prevent Alzheimer’s disease (AD), a
major contributor to aging-related cognitive decline. Here, we report the construction and
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validation of a molecular network of the aging human frontal cortex. Using RNA sequence data
from 478 individuals, we first build a molecular network using modules of coexpressed genes and
then relate these modules to AD and its neuropathologic and cognitive endophenotypes. We
confirm these associations in two independent AD datasets as well as in epigenomic data. We also
illustrate the use of the network in prioritizing amyloid-associated genes for /n vitro validation in
human neurons and astrocytes. These analyses based on unique cohorts enable us to resolve the
role of distinct cortical modules that have a direct effect on the accumulation of AD pathology
from those that have a direct effect on cognitive decline, exemplifying a network approach to
complex diseases.

One sentence summary:

Systems biology analysis of RNA sequencing data from the aging human cortex identifies a
molecular network which prioritizes groups of genes that influence cognitive decline or
neuropathology in Alzheimer’s disease.

Introduction

The incidence of late-onset Alzheimer’s disease (AD) is expected to triple by 20501, yet no
therapies are available to treat or prevent the disease2. Possible reasons for the continued
failure of AD trials include the biological complexity of the disease and its phenotypic
heterogeneity3. Recent genome-wide association studies (GWAS) have identified new
potential therapeutic targets involved in endocytosis, metabolism, and inflammation®.
However, it has been difficult to transition from mostly non-coding susceptibility variants to
molecular mechanisms that lead to the characteristic accumulation of g-amyloid and helical
filament tau (PHFtau) pathology as well as the subsequent cognitive decline of AD.

Here, we describe an analysis of participants from two large, longitudinal cohort studies of
aging (total n=478), as well as a validation set (n=82), which have careful assessments of
both antemortem cognitive function and postmortem neuropathologic burden. We
hypothesized that using RNA-sequencing (RNA-Seq) data from the dorsal lateral frontal
cortex (DLPFC) would allow us to identify coherent intermediate cellular mechanisms that
are associated with cognitive decline and/or neuropathological changes. Noting that dynamic
genomic measurements such as RNA-Seq reflect the collective effect of upstream,
downstream, and disease-correlated processes, we use a series of network-based approaches
that account for known and hidden confounding factors in order to enrich our results for
likely upstream associations.

A network-based perspective provides a more huanced molecular definition of complex
disease than do traditional single-gene associations because it provides a natural framework
with which to assemble disparate single gene findings into disease mechanisms®~8.
Transcriptomic data can be used to identify groups of coexpressed genes (or modules) that
represent cellular processes and can be related to phenotypes of interest’-%-11, This approach
offers an unsupervised and tissue-specific perspective that identifies transcriptional programs
related to disease phenotypes, independent of historical bias arising from research on
particular genes and pathways?C.
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Coexpression approaches have identified genes associated with a syndromic diagnosis of
AD demential?13, However, these approaches have never been applied to large cohorts with
quantitative measurements of both AD neuropathology and cognitive decline. Because
neuropathologic burden and cognition show important divergence in AD4.15 jointly
modeling both aspects of the disease may better capture the relationship between molecular
events and different stages of the disease process. Further, previous efforts did not
distinguish between transcriptomic patterns that are indirectly associated with AD
phenotypes, via a chain of intermediaries from those that are directly associated!2. Here, we
build on prior work to address these limitations. Our approach, called gene module trait
network analysis (MTN) (Figure 1), constructs gene expression modules and identifies those
that are directly associated with cognitive decline, conditioned on neuropathology and other
large-scale transcriptomic changes in the aging brain. We confirm the biological plausibility
of this systems biology analysis in five other types of independent datasets. Finally, we test
the identified associations in a relevant human model system to functionally characterize the
role of selected genes with regards to amyloid-g levels (a measurable endophenotype in an
experimental system) and to prioritize candidates for further evaluation as possible
therapeutic targets.

Data origin and phenotypes

Data were derived from subjects enrolled in the Religious Orders Study (ROS) or the Rush
Memory and Aging Project (MAP), two prospective clinical-pathologic cohort studies of
aging and dementia. All participants are non-demented at enrolment, have annual clinical
evaluations and have agreed to brain donation. At death, each brain undergoes a structured,
quantitative neuropathologic assessment (see Supplementary methods). The two studies
(collectively referred to as ROSMAP) share clinical and neuropathological standards,
allowing for joint analyses of the data. Individual trajectories of cognitive decline are
calculated from longitudinal cognitive measures that include up to 20 yearly
evaluations!®17. For this study, we used data from 478 participants, with a mean age at death
was 88.7 years. Over the course of the study, some subjects experience cognitive decline,
and, at the time of death, 32% remain cognitively non-impaired, 27% have mild cognitive
impairment (MCI), 39% have a diagnosis of AD dementia, and 2% have another form of
dementia. Further, 58% of these subjects received a diagnosis of pathologic AD. However,
46% of these individuals with pathologic AD are clinically non-demented, illustrating the
well-described divergence of pathologic and clinical diagnoses of AD dementia (Table S1).

Our analysis includes five phenotypic traits related to AD: two of these traits are clinical
measures - a clinical diagnosis of AD dementia proximate to death (ClinAD), and a
continuous measure of cognitive decline over time quantified as a per-subject slope of the
cognitive decline trajectory from a linear mixed-effects model8 (“cognitive decline”
abbreviated as “Cog Dec”). The three pathology variables include continuous measures of
PHFtau tangle density and p-amyloid burden (both averaged over multiple regions) and a
binary diagnosis of pathologic AD (PathoAD) (See the Supplementary methods for details).
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In these subjects, we see the expected strong association of APOE e4 with ClinAD
(p=5.55%10716: used logistic regression to model the number of 4 while accounting for age
and sex), but even this unique genetic risk factor explains little of the variance in ClinAD
(2.2% variance explained) or cognitive decline (5.1% variance explained). Subsequent
inclusion of the other 21 AD susceptibility variants to represent the known genetic
architecture of AD only explains 2.1% of ClinAD and 7.6% of cognitive decline. Thus,
while these robustly validated susceptibility variants provide important insights into risk
factors that contribute to AD, they capture only a small fraction of the biology of the disease,
much of which may be influenced by non-genetic risk factors. The transcriptome, with its
dynamic nature that is molded by environmental exposures and life experiences, provides a
complementary approach to therapeutic target discovery in AD.

RNA-Seq gene expression data and standard association analysis

After rigorous quality control evaluations, we retained RNA-Seq data from the dorsolateral
prefrontal cortex (DLPFC) of 478 individuals for downstream analyses; an average of 95
million (median 90 million) paired-end reads was available for each subject. RNA-Seq data
were then normalized to account for the effect of a large number of known biological and
technical confounding factors (Supplementary Methods; Figure S1). Genes with low
expression were removed to reduce the influence of technical noise, resulting in quantified
expression for 13,484 unique genes (25,400 transcripts) (Supplementary methods).

We first performed a standard transcriptome-wide association study (TWAS) to identify
genes whose expression levels associate with AD-related phenotypes. We found that the
expression levels of thousands of genes associate (FDR<0.05) with these traits (Table S2;
Figure 2A). The combination of cognitive and pathological phenotypes allows us to compare
their respective effects on gene expression, and we observed that cognitive decline was
associated with the largest number of genes (3,025 genes at FDR<0.05), compared to the
other AD traits. Accordingly, the key clinical variable of cognitive decline may implicate
additional molecular mechanisms in AD, beyond those found by neuropathological markers
of AD. Indeed a majority of age-related cognitive decline cannot be accounted for by current
measures of AD or other age-related pathologies®. Overall, using the 1 statistic29, we
estimated that 55-90% of the associated genes are shared amongst these correlated AD-
related (Figure S2). The large number of associated genes highlights the need to assemble
these findings into coherent biological processes that are directly associated with specific
disease-relevant endpoints.

Constructing the nodes of our module-trait network

In order to identify coherent cellular processes that impact AD phenotypes, we utilize a
module-trait network (MTN) approach. The goal of this approach is to go beyond single
gene level associations in defining robust molecular mechanisms while avoiding the
limitations of pathways derived from ontology databases. MTN summarizes large-scale
transcriptome changes into gene modules and prioritizes specific genes within a module for
additional experiments. MTN consists of three steps. As described in detail below, we first
identify groups of coexpressed genes or “modules”, which we validate in other datasets.
Coexpressed gene sets represent the outcome of transcriptional regulatory mechanisms that
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include transcription factors, chromatin conformation and latent factors that generate
correlations, such as the proportion of different cell types present in the sampled tissuel?. In
the second step, we identify which modules have direct relationships with cognitive decline
and other AD traits using Bayesian networks to prune correlations between modules and
AD-related traits that are indirect. In the final analytical step, we select a top-scoring module
and prioritize genes that are uniquely influential withinthat module for validation in our /n
vitro model systems.

In the first step of MTN, we applied the SpeakEasy consensus clustering algorithm? to our
RNA-Seq data and identified 47 mutually exclusive modules ranging in size between 20 and
556 gene members (Table S3; Figure S3; Supplementary methods). We note that the
clustering assignment identified by the SpeakEasy algorithm overlapped significantly with
those proposed by the frequently used WGCNA algorithm?2 (Supplementary methods; Table
S4); however, we chose to use SpeakEasy because of its state-of-the-art performance on
benchmark and real-world datasets?L.

We validated the biological coherence of the 47 modules from 5 perspectives: (1) Gene
Ontology (GO) functional enrichment analysis, (2) module coherence (“preservation”) in a
separately processed set of ROSMAP samples and an entirely independent cohort, (3)
concordance with co-regulation observed in epigenomic data generated from the same
ROSMAP brains, (4) concordance with brain gene expression data from multiple AD mouse
models, and (5) cell type-specific expression. In the first validation, we find that 29 (62%) of
the modules were enriched for at least one GO functional category (Bonferroni p<0.01,
Table S5), which is in the range of enrichments seen in other studies0. Second, we assessed
whether the 47 modules are preserved in: (a) a previously published DLPFC microarray
dataset of 229 persons with pathologic and clinical AD!2 and (b) RNA-Seq data from an
independent set of 82 ROSMAP subjects. Using the Z-summary statistic that summarizes
multiple measures of module preservation?3, we observed significant evidence for
preservation in 45 of the 47 modules in the independent microarray dataset and all 47
modules in the separately-processed ROSMAP subjects (Figure S4A). Third, we assessed
the robustness of these modules from a transcriptional regulatory perspective with H3K9Ac
ChIP-Seq data generated from the same DLPFC samples. The H3K9Ac histone mark is
found near active transcription start sites and enhancers?4, and so coacetylation would be
expected for genes that are coexpressed at the RNA level. In our data, we detected
coacetylation for 32 of the 47 RNA-Seq-defined modules, indicating that the modules
reflect, in part, the underlying epigenomic architecture (Figure S4A). Fourth, we also found
that 31% of the modules are significantly preserved (Bonferroni adjustment) in gene
expression data derived from the cortex of several pathology-based mouse models of AD2°
(Figure S4A), which may help to prioritize those results that can be pursued further in
mouse models. Fifth, we find that 13 modules are strongly enriched for cell-type specific
genes, including those from microglia, astrocytes, oligodendrocytes and two neuronal
subtypes (GABAergic and pyramidal neurons) (Figure 2B, Table S6) based on purified
neuronal and non-neuronal cell populations, derived from the mouse brain2® (Supplementary
methods). Thus, some of the modules capture previously identified cell-specific gene sets.
Each of these 5 validations in parallel and orthogonal datasets indicates that gene
membership of these modules is reproducible and biologically meaningful.
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We next assessed the association between each module and each phenotypic trait,
(Supplementary methods). Overall, 11 modules were associated (Bonferroni adjusted at
module level, p<10~3) with cognitive decline, AD dementia, or AD pathology traits (Figure
2C, Table S7). Consistent with the gene-level results, cognitive decline was associated with
the greatest number of modules. In general, modules enriched for GO categories related to
immunity, mitochondria, cell cycle and transcriptional regulation show a positive correlation
with B-amyloid, AD and cognitive decline, while modules for neuronal or synaptic function
showed a negative correlation. To replicate the phenotypic associations of these modules, we
projected them onto the largest previous AD brain microarray study? (the “Zhang study”)
(Supplementary methods). Only a pathologically confirmed diagnosis of AD dementia is
available in the Zhang study as an outcome, and we observed a strong concordance in both
the strength and direction of the module-pathologic AD associations that we defined in
ROSMAP subjects (Figure 2D). Notably, we observed that the module-level trait
associations were more similar between these two datasets than were the univariate gene-
level trait associations, further reinforcing the utility of the module-level approach (Figure
S4B).

Because variation in cell type proportions across individuals can drive coexpression patterns
between genes, some module-trait associations may be due to changes in cell type
proportions that occur over the course of the disease (Figure SSA-B). Importantly, as we
describe next, the identification of “cell type-specific modules” enabled us to guide
functional validation efforts and to comprehensively model and account for changes in cell
type composition that may drive large-scale transcriptomic changes in AD at the bulk tissue
level.

Identifying modules associated with disease in networks of the aging human brain

To separate a small number of direct module-trait associations from the larger number of
indirect module-trait correlations, we used Bayesian network (BN) inference?’. A BN
models the joint probabilities of a set of random variables as a directed acyclic graph. Here,
the random variables represent module expression levels and trait values across individuals.
Edges in a BN represent direct conditional dependencies between two variables: an arrow
from X and Y in a BN indicates that a value taken by variable Y depends on the value taken
by variable X, conditioned on all the other variables in the BN (see Supplementary
methods).

To limit the network size for more accurate inference, only modules associated with any of
the three main AD-related traits (B-amyloid load, tau tangle density, and cognitive decline)
were included. We also included four modules representing the proportions of four major
brain cell types - microglia, astrocytes, oligodendrocytes, and neurons — to account for the
effects of changes in cell population frequencies (Supplementary methods). In summary, the
resulting BN consisted of 18 nodes: 11 nodes representing trait-associated modules, 3 trait
nodes, and 4 “cell type modules” (Figure 3A).

As shown in Figure 3A, module 109 (m109) is the module most strongly associated with
cognitive decline, conditioned on all other correlated modules and modules that represent
cell type proportions. It consists of 390 genes with diverse functions. Prominent functions
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that are enriched in this module relate to the regulation of the cell cycle and chromatin
modification (Table S5). The association of m109 with cognitive decline replicates in the
independently processed set of 82 ROSMAP subjects (p=0.006).

Relation of RNA derived modules to the genetic architecture of AD

The APOE 4 haplotype has a unique role in the disease given its large effect size (odds
ratio > 3 for one copy of the APOE e4 haplotype) and substantial frequency in human
populations?8, Therefore, we evaluated its effect on m109 and found that APOE 4 has a
modest association with higher m109 expression (nominal p=0.03, Wilcoxon test, Figure
S6), consistent with this haplotype’s known associations with accumulation of B-amyloid
pathology and cognitive decline?®. In a conditional association analysis (Supplementary
methods), after accounting for the APOE e4 haplotype, m109 remains strongly associated
with both pathological AD (effect magnitude reduced by 13%, adjusted p=0.0027) and
cognitive decline (effect magnitude reduced by 7.4%, adjusted p=5.03x10719), implying that
the effect of m109 is largely independent of this susceptibility haplotype. We extended our
genetic analysis of m109 to other common AD susceptibility variants* which, in earlier
studies, displayed very little or no association with neuropathologic features of AD39:31, The
21 common AD variants did not associate with m109 (i.e., trans-eQTL analysis), consistent
with the observed sparsity of trans-associations (trans-eQTLSs) reported in studies with larger
sample sizes32.

We also assessed whether any of the modules are enriched for genes found in the vicinity of
AD variants (nearest genes, as previously reported®) and found one enriched module, m116,
(p=0.0018 using the INRICH algorithm33) which mostly contains microglial genes (Table
S6). However, m116 is not directly associated with cognitive decline, AD pathology, or AD
dementia in this dataset (Table S7). But it is associated with age (p=0.003), highlighting the
important role of advancing age in AD susceptibility and the fact that AD GWAS studies use
a clinical diagnosis of AD and often younger control subjects to achieve very large sample
sizes.

Finally, for completeness, we tested the association between the 21 common AD
susceptibility alleles* and the 47 modules (i.e., a module-QTL analysis) and found no
significant associations after multiple testing correction, consistent with the observation
noted earlier that, while these susceptibility alleles are robust risk factors, they capture only
a small fraction of the variance in these AD-related traits.

Prioritizing genes in module 109 and testing their effect on extracellular g-amyloid levels

Because of m109’s strong direct association with cognitive decline (p<10~9) (Figure 3B and
3C), we elected to focus our functional evaluations on this module. In addition to cognitive
decline, m109 is associated with g-amyloid pathology (p<0.0001) (Figure 3A and D, Table
S7), but we note that a conditional correlation analysis indicated that the effect of m109 on
cognitive decline is not fully mediated by the accumulation of g-amyloid. That is, m109
influences cognitive decline through both S-amyloid and non-g-amyloid processes. Due to
the absence of a cellular model of cognitive decline, we focused our validation effort on
m109’s association with g-amyloid load.
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To prioritize genes in m109 for functional validation, we used several criteria: gene network
connectivity (Figure 4A and B, Table S8), sufficient expression levels in cultured human
astrocytes and/or induced human neurons (our two experimental systems), the magnitude of
the gene-level association with our three AD-related phenotypes, and existing knowledge
about gene function. We identified 21 genes within m109 that satisfied these criteria and
were selected for experimental perturbation (see Supplementary methods).

For the 21 selected genes, an average of 5 sShRNA constructs targeting each selected gene
were tested for their knock down of gene expression (Table S9). To be included in our
functional screen, genes had to have at least two ShRNA constructs meeting our knockdown
efficacy criteria of >50% reduction in expression in the target cell type. 12 genes (with 37
shRNA constructs) met this criterion in neurons and 14 genes (with 41 shRNA constructs)
met this criterion in astrocytes, 11 genes were tested in both cell types (Table S10).

We performed 78 shRNA experiments to knock down (KD) the selected 14 genes in
astrocytes and 12 genes in neurons. With these KD experiments, we measured extracellular
levels of the pathogenic p-amyloid AB42 peptide, that can be readily assayed /in vitroand is
related to the defining pathologic lesion in AD: we measured it in conditioned media from
astrocyte cultures as well as iPSC-derived neuronal cultures following gene perturbation (see
Supplementary methods). These experiments included three types of negative controls,
including empty vectors and vectors that only contained GFP (see Supplementary methods).
Since m109 is positively correlated with p-amyloid burden (Table S7), the MTN approach
predicts that a knockdown of expression would result in reduced p-amyloid levels.

Using an ANOVA model that accounted for testing multiple constructs per gene
(Supplementary methods), we evaluated the effect of each ShRNA construct on extracellular
AP42 levels in contrast to the negative controls. In neurons, this outcome measure was not
altered. By contrast, we identified two ShRNA constructs targeting different genes, /NPPL1
and PLXNBI, that exceeded the Bonferroni threshold of significance (p< 0.0012) in
astrocytes (Figure 5A; Table S11) in our discovery screen. Two additional constructs for
these genes were found to meet a suggestive threshold (p<0.024, defined as one over the
number of tests). Notably, these two genes are predicted to be upstream of the other tested
genes in our BN model (Figure 4A), are directly connected to one another and are two of the
major hubs in the m109 coexpression network (Figure 4B).

To replicate these findings, we repeated the perturbation experiments, this time including 4
shRNA constructs for /NPPL1 and 3 shRNA constructs for PLXNBI, as well as several
negative and positive controls (see Supplementary methods). Specifically, as positive control
we included shRNA constructs targeting APP, the parent protein of the AB42 peptide. In
these experiments, knockdown of both genes led to reduced extracellular levels of Ap42 in
astrocyte cultures (pyppr 7= 2%x1074 and pp; sz = 9x1078) (Figure 5B). Overall, these
results are consistent with the direction of m109 association where higher m109 expression
is seen with a greater p-amyloid load. We also immunostained frontal cortex from subjects
with pathologic AD and showed that both /NPPL1and PLXNBI were expressed at the
protein level in astrocytes (Figure 5C), confirming that these two genes were expressed /in
vivo in the human cell type used in the validation experiments. The astrocytes expressing
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these two genes are found in the vicinity of g~amyloid deposits (data not shown). These
genes also are expressed in other cell types, such as neurons, and we cannot rule out that
they may be implicated in AD in more than one cell type.

Having functionally confirmed a role in modulating extracellular levels of pathogenic AB42
for these two m109 genes /n vitro, we returned to our transcriptomic data to evaluate the
magnitude of the effect of /INPPL1 and PLXNBI on B-amyloid load. Separately, they each
account for a small proportion of the variance in B-amyloid load - 2.8% for /NPPL1 and
3.1% for PLXNBI - and, as is anticipated from the network model, are largely redundant as,
together, they explain 3.1% (adjusted R2) of the variance in B-amyloid load (Figure 5D).
This compares to <1% variance of this trait explained by validated AD SNPs other than
APOE. For example, the CR1 susceptibility allele explains 0.39% of variance in p-amyloid
load in our data3*. The effect of /NPPLI and PLXNBI is somewhat stronger on coghitive
decline: 5.5% of variance is explained by /NPPL 1, 4.4% for PLXNB1, and 5.4% (adjusted
R?2) for both. More broadly, we assessed the degree to which these two genes capture the
effect of the entire module. The m109 meta-feature explains 4.3% variance in g-amyloid
burden and 8.5% variance in cognitive decline, and, after accounting for /INPPL1 and
PLXNBI, we see that some of the effect of m109 remains for p-amyloid (0.95% variance,
p=0.029), and more of the effect on cognitive decline persists (3.5% variance, p=2.7x107°).
Thus, while /NPPL 1 and PLXNBI play an important role in m109, they do not appear to
account for the effects of the entire module, suggesting that additional validation work will
be needed to identify additional driver genes for m109 and that they are likely driven by
non-B-amyloid processes.

Discussion

We deployed MTN, a network-based approach, to identify coherent biological processes and
specific genes associated with multiple AD-relevant traits. A key feature of our approach is
the identification of unique, direct molecular-pathological-clinical relationships, which
should reduce efforts spent on spurious disease associations and on indirect associations.
Further, we apply MTN to a cohort with measures of change in cognition over time, which is
the most relevant clinical outcome measure of AD clinical trials for both prodromal AD as
well as MCI due to AD and AD dementia. This framework and our data allowed us to
identify cellular processes in the human cortex that directly relate to cognitive decline,
separate from those genes that directly influence the accumulation of AD pathology. These
processes are different and complementary to those identified by GWAS-derived genes, as
the effect of GWAS-derived SNPs on gene expression in this case is limited.

The central finding of this project is the existence of a robust set of coexpressed genes,
supported by multiple other datasets, which is related to both S-amyloid burden and to the
slope of cognitive decline in older individuals. Since modeling cognitive decline /n vitrois
challenging, we explored the relationship of a subset of genes that were predicted to be
influential genes in relation to S-amyloid biology within m109. Two of these genes /NPPL1
and PLXNBI1 showed relationships to extracellular g-amyloid levels in astrocyte cultures, an
intriguing preliminary result that now requires further investigation. We note that the overall
conclusions of this study are strongest at the systems level and that more /n vitro
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experiments and careful selection of the model system will be needed to test the regulatory
structure of this system as a whole.

PLXNB1 is a member of a family of proteins that mediate Semaphorin signalling, which
plays a role in a number of neuronal processes including neurite outgrowth, remodelling and
synaptic plasticity3®. However, little is known about its potential contribution to cognitive
decline and AD. INPPL1, also called SHIP2, is a lipid phosphatase that regulates the levels
of the important second messenger PIP3. Levels of PIP3 in turn regulate downstream AKT
and GSK3p signalling pathways, and AKT is also a member of the m109 module. INPPL1
plays an important role in insulin signalling, and polymorphisms in the /NPPL1 gene are
associated with type 2 diabetes mellitus (T2D)36. Transgenic mice overexpressing /NPPL1
show a disruption in insulin/IGF1 signalling mediated via AKT in cultured neurons, and
these mice show impaired memory3”. Further, administration of an INPPL1 inhibitor to a
mouse model of diabetes was able to rescue the synaptic plasticity and memory defects
observed in this model. While these published studies are centered on neurons and not the
astrocytes that our shRNA study implicate, they elaborate the picture of how INPPL1 may
play a multifaceted role in AD.

In prior work, we found evidence of decreased response to insulin growth factor 1 (/GFI) in
brains from persons with mild cognitive impairment and AD dementia relative to controls,
regardless of diabetes status.38 Specifically, levels of postranslationally modified forms of
the IGF1 receptor were positively related to p-amyloid and negatively related to episodic
and working memory, after adjusting for AD pathology. In line with these findings, our
study provides evidence that the /AMPPL1 gene plays a role in cognitive decline and -
amyloid accumulation, and it opens new avenues for investigating the relation of
phosphoinositides, insulin signalling, and AD.

It is also important to note the limitations of our approach. First, assessing the false positive
rate of MTN or other similar methods would require experiments on a large set of predicted
null targets, which is currently cost prohibitive. Also, the MTN framework acts to increase
network accuracy by modeling networks at two resolutions (a zoomed-out module/trait
network and a zoomed-in gene network within selected modules), but increased accuracy
comes at the price of including only a subset of modules in the inference process, resulting
in potential loss of information. Additionally, an important “biological” limitation is
functionally screening m109 genes for effects on /n vitro p-amyloid extracellular levels,
when their strongest effects were on cognitive function. This study thus interrogates only
part of m109’s function.

In summary, we completed the initial arc of molecular network discovery and validation, and
we have illustrated the use of the network in prioritizing a module, m109, and a small subset
of genes within it for functional assessment. INPPL1 and PLXNBL1 are intriguing candidates
that we have connected to amyloid biology /n vitro and now require further evaluation to
assess their potential as AD therapeutic targets. This report is therefore an initial blueprint
for a quantitative systems approach to investigating the pathobiology and function of the
aging human brain.
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Neuropathology + Cognitive decline + Gene Expression
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Figure 1. Schematic of the implementation of the module-trait network (M TN) method to
prioritize modules and genes directly related to AD-related traitsin our study.

(A) Inputs to the MTN method are: 1) AD pathological traits of amyloid and tau
measurements, which are aggregated over multiple brain regions; 2) slope of cognitive
decline prior to death aggregated over multiple neuropsychologic tests; and 3) average
expression of coexpressed gene sets (modules), detected in the same subjects using
consensus clustering. (B) These three inputs are combined using conditional independence
relationships (via Bayesian networks) to identify direct relationships among coexpression
modules, AD traits and cognitive decline. (C) The disease relevance of top predicted genes
were tested experimentally in an astrocyte and iPSC-induced neuron /n vitro system.
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Figure 2. Characterization of human cortical RNA-Seq data and their relation with AD traits
and cellular processes.

(A) Figure shows the number of genes whose gene expression levels significantly associate
with each of the five tested AD-related traits (0.05 FDR). Results are shown for association
testing at the “gene level” and “transcript level” (isoform level). (B) This figure shows the
enrichment of each of the 47 modules for cell-specific signature genes defined in mice (y-
axis) (see Supplementary methods). The X-axis shows the signed association strength
(signed -log10 pvalue) between each module and cognitive decline. Larger sized points
(modules) are those that we deem to most strongly represent each of the four major brain
cell types: neurons (m187), microglia (m116), oligodendrocytes (123), and astrocytes
(m2107) (see Supplementary methods for details). (C) Figure shows the association strength
(quantified as negative log10 pvalue) between each of the 47 modules of coexpressed genes
(visualized as vertical bars) and each of the five tested AD-related trait (x axis). The dashed
line depicts the Bonferroni-adjusted significance threshold at the module-level (p<0.001).
Only some of the modules that pass Bonferroni threshold are labeled, for visualization ease.
(D) This figure shows the strength and direction of each module’s association (signed
negative log10 pvalue) for association with a binary diagnosis of pathological AD
(PathoAD) in our ROSMAP study on the y-axis. The x-axis shows the signed association
strengths between each module and pathological AD in an existing microarray dataset
(Zhang et al. dataset)?2. Specifically, the modules are defined using the ROSMAP samples,
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and their definitions are projected onto the Zhang et al. study. The size of each point
represents the size of each module (i.e., number of assigned genes). The color of the point is
proportional to the significance of the association in a meta-analysis of the ROSMAP and
Zhang modules (using the gradient shown in the upper left portion of the graph). The light
orange boxes highlight those modules that are significantly associated with PathoAD
diagnosis in the microarray (“Zhang”) dataset. The green box highlights the modules that are
significantly associated with a PathoAD diagnosis in the ROSMAP data.
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Figure 3. The AD network model prioritizes module 109 as being directly associated with
cognitive decline.

(A) A directed acyclic graph (DAG), learned using Bayesian network structure learning,
represents the relationships between modules (circles), cell type markers (specific modules,
squares), and three relevant AD traits (B-amyloid, Tau-tangles, and CogDec)(diamonds).
The thickness of the arrow is proportional to the number of times that a connection was
detected (Supplementary methods). The color of the modules relates to annotations using the
Gene Ontology database (see Table S5 for details); a color key is found at the upper right
aspect of the image. (B) This figure shows the relation of high m109 expression level with
more rapid cognitive decline. The two panels present trajectories of cognitive decline for
people with low (left panel) or high (right panel) levels of m109 expression. On the left, the
segmented light blue lines (“spaghetti plots™) show the annual global cognition scores for 50
randomly selected participants with low m109 expression level (1st quartile) to illustrate the
nature the of the longitudinal cognitive data; the solid black line reports the trajectory of
cognitive decline for a typical female participant with 85 years of age at the time of death,
15 years of education and mean expression level for the group (approximate to the 10th
percentile of m109 expression). On the right panel, the red spaghetti plots show the annual
global cognition scores for 50 randomly selected participants with high expression level (4th
quartile), and superimposed in black is the model derived cognitive trajectory for a typical
female participant with 85 years of age at the time of death, 15 years of education and mean
expression level for the group (approximate to the 90th percentile). (C) This boxplot shows
expression levels of module 109 (mean expression of genes assigned to m109) for
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individuals who have no cognitive impairment (NCI)(red), mild cognitive impairment (MCI)
(green), or an AD diagnosis (AD)(blue). Each point represents one individual. (D) This
boxplot shows expression level of module 109 for individuals without (red box) and with
(turquoise box) amyloid deposition at autopsy. Each point represents one individual.
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(A) This figure shows the estimated gene regulatory network (Bayesian Network) for 112
selected genes in module 109. Each gene is a node (circle) in the displayed graph. Colored
nodes are those that are tested in our experimental systems (yellow: tested in both Astrocytes
and iPSC-derived neurons (iN), blue: only tested in Astrocytes, orange: only tested in iNs).

The size of each node is proportional to its node degree (total number of ingoing and

outgoing edges per node). (B) This figure shows the coexpression values for the 112 genes
shown in Figure 3A, highlighting the fact that there is sub-structure within the coexpression
pattern of m109. Genes that are tested in our experimental systems are highlighted and are

found in each subset of the correlation matrix.

Nat Neurosci. Author manuscript; available in PMC 2019 June 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Mostafavi et al. Page 20

A B
e neuron
EhL%I{J\‘AE}E) « astrocyte 1287 ..'.
o L]
ol L) L
1043 g 1.00 b
. o ARHGEF40 5 %
INPPL1 = ShRNA A 8 Pod ey o
shRNAD  § . - X
o 2 o751 *e?| |®e S_e X3
1023 3 3 . .
significant o E O
PLXNB1 e
shRNA A 32 os0 . .
. ’ g
INPPL1 4o N
shRNA C™* g .
- ) 5 0.254
. suggestive £
e
A T B e S A A SR
- ) L4 O Q A\ A28 A 2
(X . & N N N N N N N R Q
" = . o&‘ QQV QQV QQV QQV _\}g) & \.)S‘Q’ K R
— CEST TSI T
05 04 -03 .o..z 01 00 01 02 03 04 05 INPPLY PLXNB1 AP
Magnitude of effect on Ap42 ShRNA ShRNA ShRNA
Pathology
Pathology + All Modules
Pathology + Module 109 Pathology
All Modules
Pathology + INPPL1 | m109
INPPL1
Pathology + PLXNB1 PLXNB1
Pathology + INPPL1 + PLXNB1
0.0 0.1 0.2 0.3
Cognitive Decline Variance Explained

Figure5. INPPL1 and PLXNB1 knock down in human astrocytes significantly lowers Ap42
levels.

Human primary astrocytes or iPSC-derived neurons (iNs) were transduced with a lentivirus
encoding an shRNA construct targeting one of the selected m109 genes. Ap42 levels were
measured by ELISA in the conditioned media (CM) from successfully targeted cultures. The
volcano plot in (A) summarizes the results of the discovery screen in which knockdown
experiments were performed in both astrocytes (red dots) and iNs (black dots). Each dot is
one construct, with the magnitude of its effect on Ap42 secretion reported on the x-axis and
the statistical significance of the construct’s effect on the y-axis. Dotted lines mark cut-offs
for significant (after Bonferroni correction) and suggestive (defined as accepting 1 false
positive in the experiment) results for the astrocyte experiments. (B) Replication study:
results of /NPPL1and PLXNBIknock down on AB42 secretion were measured in
additional experiments using multiple ShRNA constructs targeting each of these genes.
Knockdown of amyloid precursor protein (APP), which yields the Ap42 peptide, was
performed in parallel for comparison. Each dot represents an individual experiment for a
given construct, and the mean level of Ap42 secretion for all of the instances of a given
construct’s evaluation is presented as a solid bar with the 95% confidence interval. The
dotted line denotes the mean level of secretion in all of the control experiments. (C) /NPPL1
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and PLXNB1 immunostaining was performed on a section of DLPFC from post-mortem
human brain of a subject with AD. Co-labelling with ALDH1 (a marker specific for cortical
astrocytes) was observed in a subset of cells that are labeled with either /NPPL1 or
PLXNBI. (D) Figure summarizes the proportion of variance in cognitive decline that is
explained by different factors. First row (orange) shows the proportion of variance explained
(PVE) by measures of amyloid and tau pathology that are captured by the structured post-
mortem examination of each subject. The second row shows PVE where we use all 47
modules in addition to pathology (amyloid and tau): RNA data explains more of the variance
in cognitive decline than is captured by the two key measures of AD pathology. The third
row shows PVE by the m109 module alone (with amyloid and tau). Finally, the next three
rows show PVE by /NPPL1and PLXNBI, alone and together. As shown, PLXNBI and
INPPL 1 capture much but not all of the effect of m109, and they are largely redundant with
each other.
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