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Abstract
Multiscale Modeling of Oligodendrocytes and Myelin in Alzheimer’s Disease
By: Andrew Thomas McKenzie
Advisor: Bin Zhang, Ph.D.
Co-advisor: Patrizia Casaccia, M.D., Ph.D.
Several lines of evidence from neuroimaging, neuropathologic, and model
system approaches suggest that the dysregulation of oligodendrocytes (OLs) and
myelination may play a critical role in the pathogenesis of Alzheimer’s disease
(AD). In this thesis, I utilized novel systems-wide approaches to test the
hypothesis that OL dysregulation and dysmyelination makes a primary
contribution to axonal injury and AD pathogenesis, as opposed to being a
consequence of axon and neuronal degeneration. I first analyzed genetic and
neuroimaging data, finding that regional measures of AD pathophysiology in latelife are inversely correlated with early-life myelination rates. This result suggests
that slow myelination in development may causally contribute to AD-associated
degeneration during aging, possibly consequent to overall decreased trophic and
metabolic support over time. Because most of the published data was generated
using postmortem brain tissue, with the inherent complexity of differences in celltype composition, I built two critical tools to decouple cell type proportion
changes from changes in the levels of individual molecules or transcripts. The
first tool was used for analyzing and deconvoluting brain cell type gene
expression signatures, including OLs and OL precursor cells (OPCs). Since it is
also critical to identify differences in network-level interactions within OLs in AD,
the second computation tool leverages permutation tests to uncover gene-gene
and gene-trait differences in correlation. Both these tools were applied to the
study of OL-associated gene modules, from both RNA and protein expression
data, in AD. OL module genes were enriched in AD risk factor genes, and there
was a loss of correlation between the OL module genes at the protein level. A
knockout mouse model of a key driver in the OL module, CNP, mimicked myelinassociated gene dysregulation seen in the hippocampus of AD patients. Finally,
relative cell type proportion differences and associated network-level changes
were studied in AD and control brains. There was an alteration in the proportion
of OL lineage cells in AD in the frontal white matter and temporal cortex grey
matter. The structure of the network relative to the AD downregulated hub gene
PSEN1 was recapitulated by gene expression dysregulation of mice with an ADcausative Psen1M146V/WT mutation, which also led to a deficit in intermediate
stage OL lineage cells. Overall, our multiscale, network-based approaches
provide evidence for several genetic and gene expression pathways through
which dys-homeostasis of OLs may contribute to AD pathogenesis.
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Chapter 1: Introduction and Background
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Background on Alzheimer’s Disease
Public health impact of Alzheimer’s disease
Improved therapies for Alzheimer’s disease (AD) are a pressing need because of
the devastating impact of AD on morbidity and mortality worldwide. In 2016, it is
estimated that approximately 700,000 people in the US will have AD when they die5,
with a much higher number worldwide. It is difficult to know the exact number of deaths
attributable to AD because the disease primarily acts to predispose to other more
proximate causes of death, such as pneumonia, asphyxiation, and malnutrition; however,
a person’s overall likelihood of death at age 70 is approximately two times higher if
diagnosed with AD6. Since individuals with AD tend to live approximately 3-8 years
following a diagnosis, with a longer expected lifespan given an earlier age at diagnosis7,8,
the impact of morbidity should be underscored. Approximately 40% of a patient’s time
with an AD diagnosis is spent in the severe clinical dementia rating stage6. This stage is
characterized by extensive memory loss, deficits in judgment and decision-making, and
high rates of psychosis9. Approximately 36% of AD patients experience delusions and
18% experience hallucinations10. The morbidity of AD extends to the caregiver level, as
well. In one study, caregivers were found to have rates of depression of 40%, compared
to 5% for age-matched non-caregivers11. Another measure of morbidity: nursing home
admission is expected for 75% of AD patients by age 80, compared to 4% for the general
population 6. As the population ages and our treatments for other diseases, such as heart
disease and cancer, continue to improve, the disease burden attributable to AD is
expected to increase.
History of Alzheimer’s disease research and conceptualization
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The existence of substantial cognitive decline in a subset of the elderly has been
noted since the Roman era15; however, it was not until the late 19th century that
researchers began to study the

Date

Alzheimer’s Disease Research Milestone

1864

Sulci atrophy in dementia12

1898

Plaques in late-onset dementia (cited in 13)

1907

Plaques and tangles in early-onset dementia14

1927

Plaques stain by congo red (amyloid; cited in 15)

1963

Tangles made of paired neurofilaments 16

solvable problem . In 1864,

1966

Plaques correlate with dementia severity 17

Wilks first described gross brain

1987
1987

Unification of early-onset and late-onset
dementia as “AD” in DSM-III-R 18
APP identified as major constituent of plaques 19

1989

Tau identified as major constituent of tangles 20

and separable sulci, as

1991

characteristic of dementia12. In

19911995
1993

Synapse loss correlates better with symptoms
than plaques or tangles 21
APP, PSEN1, PSEN2 mutations cause early22-24
onset AD
25
APOE mutations associate with late AD

1996

Donezepil approved for AD 26

2003

Memantine approved for AD 27

2004

PET Aβ imaging with PIB 28

2008

First failed Aβ immunotherapy trial 29

2013

Largest GWAS for late AD (n = 74,000+) 4

2013

PET tau imaging with 18F-AV and others 30

neurobiological correlates and to
approach what was known as
senile dementia as a potentially
15

atrophy, leading to prominent

1892, Blocq and Marinesco
identified “round heaps,” most
likely amyloid plaques, using
light microscopy in the
postmortem brain of a patient
with epilepsy, but they did not relate

Table 1. Alzheimer's Disease Milestones.

these structures to dementia (cited in 31). In 1898, Redlich described “plaques” – the first
use of this term – in two patients with senile dementia, which he speculated was due to
glial proliferation (cited in 13). In 1907, Alzheimer described the case of a patient with
early-onset dementia, who on postmortem examination had plaques (“military foci”),
neurofibrillary tangles (“striking changes of the neurofibrils”), and “adipose saccules” in
glial cells, the last of which possibly reflected enlarged endosomes14,32. Also in 1907,
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Fischer described the presence of plaques in 12 out of his 16 cases of senile dementia,
and speculated that the distinction between the patients with and without plaques was that
those with plaques also had confabulations and disorientation (cited in 13). In 1911,
Simchowicz published a study of 108 brains of patients who died with senile dementia
and controls who died without (cited in 33). In his report, Simchowicz noted the presence
of what he called “senile plaques,” although he also noticed them in the brains of persons
without senile dementia; he speculated that it was the quantitative number of plaques that
characterized senile dementia.
Over the next several decades, much of the research into the field focused on
characterizing the two main structures that had been associated with a pathologic
diagnosis of AD: plaques and tangles. In 1927, Divry noted that plaques stained
positively for congo red, thus establishing that plaques are made of amyloid (cited in 15).
Amyloid had been previously noted to deposit in other organs such as the heart, and had
been generally associated with a chronic inflammatory state (cited in 15). In 1963, Kidd
performed electron microscopy to show that tangles are made up of pairs of
neurofilaments coiled into helices16. In the 1960s and 1970s, a consensus emerged that
there was no clear way to distinguish early-onset Alzheimer’s disease from late-onset
senile dementia other than the relatively arbitrary distinction of age. Katzman, in
particular, argued that the diseases were close to identical clinically and pathologically34.
On this basis, a unification of early- and late-onset AD was enacted in clinical practice,
which was reflected in the 1987 DSM-IIIR18. Although the question of whether earlyand late-onset AD are truly “one disease” remains controversial 35, this unification has
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contributed to an explosion of AD-related research up until the present day, including
discoveries in the genetic and molecular aspects of the disease.
The pathogenesis of Alzheimer’s disease remains unknown
AD is widely described
as a “neurodegenerative
disease,” which means that it
eventually leads to the loss of
neurons and associated
neuronal structures, such as
synapses36. The loss of neurons
and synapses is thought to be
responsible for the majority of
symptoms in late-stage AD,
since the levels of these
structures correlate the best
with symptoms of dementia21.
The precise pathway by which
Figure 1. Pathologic hallmarks of Alzheimer’s disease
include brain atrophy, Aβ fibril aggregation, tau
hyperphosphorylation, microglia activation, and neuronal
death. Images from Wikipedia.

those neurons die, which may
not be the same for every
patient with AD, remains

unclear. Our lack of understanding of the pathways involved in AD is reflected by the
large proportion of AD drugs that fail along the pipeline for FDA approval; as of 2014,
the proportion of failed drugs in AD trials is 99.6%, compared to 81% in cancer
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research37. Since 2014, there have been several additional high-profile failures of drugs in
phase III clinical trials, including a trial of the amyloid immunotherapy solazenumab 38
and a trial of the BACE inhibitor verubecestat 39.
Loss of recent episodic memories is commonly described as one of the earliest
symptoms of AD40. Clinical risk factors for the disease include cerebrovascular disease41,
type 2 diabetes42, and fewer years of education43, although the main risk factor by far is
advanced age44. On the neuroimaging level, AD-associated degeneration affects a
relatively stereotyped set of brain regions early in the disease, including the hippocampus
and anterior temporal lobe45,46. In the cerebrospinal fluid (CSF), altered levels of tau and
Aβ have both been shown to increase the risk for AD, and the axon damage marker
neurofibrillary light chain (NFL) levels also appear to be among the strongest known
markers of AD47. On the genetic level, in early-onset AD, the three genes that have been
found to cause early-onset AD (PSEN1, PSEN2, APP) have all been implicated in
amyloid precursor protein (APP) processing22-24,48. In late-onset AD, APOE is the
strongest genetic risk factor for AD25. While the mechanism of the strong late-onset AD
risk factor alleles in APOE remain elusive, one well-established clue is that APOE
variants are strongly associated with lipid and cholesterol levels in both the blood49 and
the brain50. Other than APOE, late-onset AD GWAS risk gene-enriched pathways include
genes involved in endosomal vesicle trafficking, cholesterol metabolism, immune
pathways, and other diverse pathways4. Gene expression network approaches have also
shown the importance of innate immune cells in AD 51.
Many researchers have attempted to aggregate these clues into a theory about the
cause of AD. There are probably over a hundred at least partially distinct theories for the
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cause of AD that have been published in the scientific literature. In fact, in my
experience, it is sometimes harder to find a well-studied biological process that has not
been linked as a potential cause of or contributor to AD than to find one that has. The
most prominent theory is the amyloid cascade hypothesis, which posits that the
accumulation of Aβ (especially Aβ42) leads to tau tangles and neuronal loss in the brains
of patients with AD52,53. Evidence for the amyloid cascade hypothesis includes the
original finding that amyloid plaques are more prevalent in the brains of patients with
AD, as well as a wealth of genetic evidence that APP and its processing proteins are risk
factors for early-onset22-24 and sometimes also late-onset AD54. The amyloid cascade
hypothesis has come under criticism over the past few years, primarily because of a series
of clinical trials in which researchers lowered amyloid plaque levels without improving
cognitive symptoms in patients with AD55. Several additional clinical trials are ongoing
to fully “test” the amyloid cascade hypothesis, including amyloid immunotherapy
prevention trials56, trials of monoclonal antibodies against different species of amyloid
aggregates57, and additional trials of BACE inhibitors58. While there is reason to hope
that at least one of these trials will be successful, if they are not, then at some point the
amyloid cascade hypothesis will likely decrease in prominence, as previously occurred in
AD research to the cholinergic hypothesis59. Alternative theories, such as the vascular
hypothesis60 and a theory related to pathologic neuroinflammation61, may instead gain
credibility. Another possibility is that pharmaceutical companies and the field at large
will begin to recognize that there are likely multiple causes of this multifactorial,
heterogeneous, age-related disease, many of which can and should be addressed by
preventative and restorative therapy.
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Background on oligodendrocytes and myelination
A brief history of oligodendrocytes and myelination
In 1717, van Leeuwenhoek reported that some “nervules” were surrounded by
“fatty parts,” in what has been called the first observation of myelin (cited in 77). In 1833,
improvements in microscope technology allowed the separate observation of axons
(“brain tube”) and their surrounding fatty sheath (“nerve marrow”) by Ehrenberg, thus
establishing myelin as a distinct entity (cited in 62). In 1854, Virchow named the fatty
sheath structure “myelin” and later speculated that myelin allowed electricity to be
insulated within the axon (cited in 62). In 1868, Charcot identified demyelinated lesions
(“myelin drops”) in
patients with multiple
sclerosis (MS) (cited in
62

). Today,

oligodendrocytes and
myelin are perhaps best
known for their
disruption in MS. In
1872, Ranvier
leveraged osmium
staining to show that
myelin contained
periodic gaps, now
called “nodes of

!

Date

Myelin & OL Research Milestone

1833

“Nerve marrows” surround “brain tubes” (cited in 62)

1847

Nucleated neurolemma in PNS (cited in 62)

1868

Demyelinated lesions in MS (cited in 62)

1872

Nodes (of Ranvier) lacking myelin (cited in 62)

1921

Oligodendrocytes seen by silver carbonate (cited in 63)

1949

Saltatory conduction demonstrated 64

1954

Schwann cells make PNS myelin 65

1962

Oligodendrocytes make CNS myelin 66

1978

Galactocerebroside as a marker for OLs 67

1983

Oligodendrocyte precursor cells identified 68

1988

PDGF regulates OPC differentiation 69

1997

Myelin regulates axon Na channel distribution 70

1998

OL-induced axonopathy without myelin deficit 71

2000

OPCs make synaptic contact with axons 72

2008

OPC diff. failure after demyelination in aging 73

2012

Myelin acts to mediate adult plasticity 74

2013

OPCs divide and produce new myelin in healthy adults 75

2014

OPC differentiation is necessary for skill acquisition 76
Table 2. Myelin & OL Milestones.
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Ranvier” or simply “nodes”, that allowed the stains to access the axon (cited in 62).
Oligodendrocytes were not definitively identified until del Río-Hortega did so in 1919
(cited in 63), and it was not until 1962 that it was shown that oligodendrocytes connect to
and plausibly produce CNS myelin, as opposed to axons secreting their own surrounding
myelin 66. In 1983, oligodendrocyte precursor cells (OPCs) were identified as a distinct
cell population 68. Although OPCs were initially shown to be able to differentiate into
both astrocytes and oligodendrocytes in vitro, this has been shown to occur rarely in vivo
78

, with the majority of OPCs differentiating, if they differentiate at all, into

oligodendrocytes 79. In 1997, OLs were found to alter the concentration of sodium
channels on axons around myelin nodes by secreting ankyrin-G 70. This was one of the
early examples of communication between myelin and axons, a theme that permeates
much of the current research into OLs and myelin.
A diverse set of roles for oligodendrocytes in the CNS
Since 1962, popular conception for the major role of oligodendrocytes (OLs) has
been the production, elaboration, and maintenance of the myelin sheath 66. Myelination,
in turn, has been primarily associated with the electrical insulation of axons, facilitating
saltatory conduction 64. It is well established that axon myelination increases nerve
conduction velocity 80 and fidelity 81. Developmental variability in the degree and
proportion of myelination along axons (i.e., the number of axons myelinated, the length
of myelin internodes, and/or the g-ratio measuring the diameters of myelin and axons)
also allows the nervous system to regulate the arrival time of signals in different areas of
the brain 82,83. As an example, bifurcating axons that project to the medial superior olive
in each hemisphere have different degrees of myelination (internode lengths) on the
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axons going to the ipsilateral and contralateral branches prior to the onset of hearing, so
that the efferent neurons can act as coincidence detectors 84.
Over the last two decades, two additional roles of OLs and myelination have
begun to be appreciated. The first is that OLs provide nutrient and trophic support to
axons. The
interaction
between OLs and
axons makes
biophysical sense.
Figure 2. Oligodendrocyte lineage cell dynamics. Established functions
of mature oligodendrocytes include trophic support of axons (e.g., via
exosomes) and myelination of axons.

In cortical

pyramidal neurons that project to another cortical region or to a subcortical area, the axon
compartment typically occupies more than 99% of the neuronal cytoplasm 85, including
many arborizations 86. Since transporting nutrients and proteins down this long axon is an
energetically demanding process, it stands to reason that OLs could provide metabolic
resources to axons, thus circumventing the need for a long transport process and
conserving net energetic resources. OLs have several such mechanisms for supporting
axons, including the transfer of proteins and small molecules via secreted exosomes 87
and direct cytoplasmic channels in non-compact myelin 85. One of the first examples of
OL communication with axons independently of myelin was demonstrated in 1998, when
the absence of the primarily OL-expressed gene Plp1 in mice was shown to cause axon
swellings and degeneration in the absence of apparent myelin structural differences 71.
Other OL factors that have been found to impact axons in the absence of major myelin
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changes include Cnp 88, Mag 89, Gjb1 90, lactate transport associated with Mct1 91, and
functional peroxisomes associated with Pex5 92.
The second emerging role of OLs and myelin is in mediating activity-dependent
plasticity of the adult nervous system. Plasticity has been traditionally thought to be
primarily a neuronal phenomenon, mediated via changes in dendritic spines and other
neuronal structures 93. However, a strong contribution of neuronal activity-dependent
myelination to adult brain plasticity has now been established 94. Myelin plasticity is
consistent with the finding that OPCs are the largest stem cell population in the adult
brain, making up approximately 5% of the cells across several CNS brain regions, as
opposed to the relatively small and/or localized neural stem cell populations that
differentiate into neurons and astrocytes 95,96. Plasticity of myelin in response to behavior
has been shown to occur after short-term training 97, be driven by electrical activity of the
ensheathed axons 98, and lead to stable changes that last several decades 99. Myelin
plasticity has also been shown to be intricately related to OL lineage dynamics, as mice
that lack OPC differentiation capacity cannot acquire new motor skills 76,98. In the
absence of new myelinating OLs, learning impairment is noticeable on a timescale of
only 2-3 hours, indicating the importance of rapid differentiation and myelination in
sculpting neural pathways 100. In summary, it is clear that the thickness, internode length,
and other parameters of myelination are highly associated with neuronal activity, learned
behaviors, and central nervous system plasticity. Therefore, OL lineage cells and their
associated myelin could be relevant to cognitive changes in aging and disease that are at
least partially independent of changes to any other brain cell type.
Oligodendrocytes and myelin across the lifespan
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Considering that myelination mediates timing and neural plasticity in the
developing and adult brain, it is not surprising that myelination rates exhibit strong and
consistent regional patterns across development, and, to a lesser extent, during aging.
During development, myelination occurs in a stereotyped sequence that generally
progresses from posterior to anterior and from central to peripheral 101,102. Notably, the
occipital pole reaches a state of mature myelin first, followed by the frontal pole, and
then the temporal pole 103. If a developing mammal experiences inadequate environment
stimulation 104, insufficient nutrition 105, and/or social isolation during critical
development periods 106, hypomyelination typically results. In several brain regions,
overall myelin density continues to increase into mid-life, with particularly pronounced
mid-life myelination in the frontal lobe 107. Indeed, T1-weighted/T2-weighted MRI image
ratios suggests that overall, myelin density continues to develop until approximately the
mid-to-late 30s, followed by a relative stable period until approximately the late 50s, and
then a decline 108,109. This inverted U-shape of myelination in mid-life is corroborated by
longitudinal myelin water fraction (MWF) imaging studies, which show a similar trend,
with a peak of myelin content in the 40 to 50 year olds 110. In normal aging, decreases in
the relative amount of myelin are widespread but typically greatest in the frontal and
temporal regions 111. Overall, there is an expected sequence of myelination across brain
regions in development and aging, which can be accelerated or altered based on life
experiences or in disease states.
On the cellular level, OPCs and mature oligodendrocytes (MOLs) are also known
to undergo several changes across the lifespan. OPC numbers are highest in infancy and
rapidly decrease until approximately five years old, while the number of mature
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oligodendrocytes is lowest in infancy and then rapidly increase until approximately five
years old 112. During development, OPCs migrate along and jump between blood vessels
in order to spread across the brain 113. Throughout the lifespan, OPCs are mobile within
the CNS, have processes with which they sample the local environment and interact with
other cells 95, and differentiate into premyelinating and then myelinating
oligodendrocytes upon exposure to extracellular clues 114. In aging, several changes occur
in OL lineage cells and myelination. Some studies suggest that OL numbers decrease in
aging 115, although others have shown that changes in the overall number and proportion
of OPCs and mature oligodendrocytes are unclear and may not be substantial112.
However, OPC differentiation capacity decrease has been shown to decrease in
mammalian aging, which is likely due to epigenetic alterations such as to decreased
recruitment of histone deacetylase (HDAC) proteins to key promoter regions 73, and may
help account for the decreased remyelination efficiency following injury that is seen in
aging 116,117. Moreover, while mature oligodendrocytes continue to be responsible for
myelin maintenance and turnover into old age 95, new myelin segments that are formed in
aging are shorter, with a higher proportion of nodes 118,119. Overall, there are substantial
changes in OL lineage cells and myelination in aging, suggesting that OL lineage cell
dynamics could play an important role in age-related diseases such as AD.
Background on systems biology and multiscale modeling
Systems biology applied to genomics
Systems biology is a field that results from a merging of biology, statistics, and
computer science and has gained in prominence over the past few decades in response to
the rapid generation of large biological data sets. Genomics, which now routinely
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generates genome-wide data sets at the gigabyte- and terabyte-scale, has been one of the
driving forces for the development of methods, best practices, and investigators in the
field of systems biology. In 1991, a manuscript was published on parallel protein
synthesis, which used photolithography to create spatially specified peptide arrays 120.
This technology allowed for large-scale molecular synthesis on solid surface, such as
DNA probes on glass for use in “gene chips.” In 1996, a method for using synthesized
oligonucleotide arrays to profile genome-wide gene expression from cDNA libraries was
published 121. In 2001, the sequence of the human genome was published, which, when
combined with cDNA microarray technology, allowed for the development of highly
precise gene expression chips 122. In 2008, a method for RNA sequencing (RNAseq) was
first published, which used sequencing by synthesis technology to allow unbiased
coverage of the transcriptome over a larger quantitative dynamic range than cDNA
microarrays 123. In the meantime, several other such “omics” technologies were
developed to profile the entire compendium of molecules in a cell, tissue, or organism,
such as proteomics, metabolomics, and lipidomics. Genome-wide omics data sets are
typically too large to be understood by visual inspection, so investigators rely on
algorithms and tools from systems biology in order to analyze them. This, in turn, has
turned a detailed focus to whether these algorithms and tools are actually capturing
important aspects of biology that we are interested in, as opposed to technical artifacts.
Differential gene expression analysis
One of the most important questions in biology of disease, since the era of Alois
Alzheimer and before, has been: are the relative levels of one gene (or protein, or
metabolite, etc.; henceforth, “gene”) higher in the disease state or in the non-disease
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state? Prior to the invention of cDNA microarray technology to perform genome-wide
gene expression analyses approximately twenty years ago, most tools to address this
question relied on measuring the levels of that one gene, sometimes along with one or
two other “housekeeping” genes that were thought a priori not to differ between
conditions. The genome-wide expression profiling methods (e.g., transcriptome profiling)
now in use allow investigators to instead investigate differences in gene expression levels
between conditions across hundreds or thousands of genes. The scale of genome-wide
analysis of cDNA microarray and RNAseq data has led to a large number of statistical
methods and tools, typically known as differential expression analysis, including limma
124

, edgeR 125, and DESeq 126. One of the major advantages of these methods is that they

pool information across genes, thus increasing statistical power in the presence of small
sample sizes. For example, many of the differential expression tools assume that the
variance of expression of genes with similar mean expression values has a shared
component, thus improving the precision of each gene’s variance estimate as well as the
power to detect true differences in expression 125. Another advantage of performing
genome-wide expression measurements is that it allows for the systematic correction of
various biases. For example, the proportion of various cell types in a bulk tissue RNA
expression profile has a large effect on the gene expression 127. By leveraging information
across cell type marker genes, cell type proportions can be estimated and adjusted for
128,129

. One of the disadvantages of genome-wide profiling is the “curse of

dimensionality”: by profiling the levels of every gene in the genome, the probability of a
false positive increases dramatically 130. Investigators often address this multiple
hypothesis testing problem, either implicitly by analyzing sets of differentially expressed
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genes as sets rather than individual genes, or explicitly, such as via p-value adjustment
methods 131.
Network biology and differential correlation analysis
In addition to studying differences in the expression levels of genes, another
perspective that is afforded by genome-wide expression data with a relatively large
number of samples is the study of gene-gene interactions, such as can be summarized by
network approaches 132-134. Networks can be classified into two major formats: undirected
and directed. Undirected networks typically are built by calculating correlations and then
using some procedure to threshold those correlations 135,136. Directed networks often rely
on correlations “plus” other data sources and/or statistical approaches to assign a
direction, such as combining gene expression data with genetic data 137. Often, directed
methods leverage theory of statistical causality embedded in graphical causal models,
which was developed in part by Pearl and highly leverages conditional independence
relationships between variables 138. One of the methods for directed network construction
that has been widely used is Bayesian network modeling 51,139. The applications of these
models remain contentious in biology, with many asserting the mantra “no causation
without manipulation.” The ability to integrate information across multiple modalities or
dimensions is one of the advantages of network approaches, which is sometimes
described as “multiscale” network modeling 140. In addition to constructing networks in
one biological condition, investigators are often interested in querying how these
networks may differ between conditions, such as non-disease compared to disease states
140,141

!

. Differences in networks can be addressed by comparing the presence or absence of
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links in a directed network, or in the case of an undirected network, a direct differential
correlation approach 142-144.
Organization of this thesis
In the remaining chapters of this thesis I will describe the work my colleagues and
I have done to test the hypothesis that there is a dysregulation of OLs and myelination in
AD (Figure 1). Note that while I was the primary or co-primary author of all of these
articles, my co-authors contributed substantially (described in more detail in the

Overview of Thesis Projects

Attributions section).
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Figure 3. Summary of projects described in this thesis.

The second chapter discusses my work with Youngjae Woo and others on neuroimaging
data analysis from the Alzheimer’s Disease Neuroimaging Initiative (ADNI). In this
chapter, we describe our results finding that developmental myelination rates across brain
regions are correlated with late-life AD-associated pathophysiology. The third chapter
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discusses my work with my colleagues on an R package for performing differential
correlation analyses, which is called DGCA (for Differential Gene Correlation Analysis).
The majority of this chapter has already been published elsewhere 145, although we have
updated it to include analysis relevant to genetic risk variants in AD, which we call
differential correlation quantitative trait loci (dcQTLs). The fourth chapter discusses my
work with Minghui Wang and others on meta-analysis of brain cell type signatures and
networks. One focus of this chapter is on applying these signatures to address the
insidious bias of cell type proportion variation in bulk brain tissue gene expression data,
which we validated in the Allen Brain Atlas data set. The fifth chapter discusses my work
with Sarah Moyon and others on the network dysregulation of a mature OL network in
AD grey matter gene expression samples at the RNA and protein level. In this chapter,
we focus on the dysregulation of several key drivers, including CNP, a mouse knockout
of which is found to mimic aspects of gene expression dysregulation in human AD brain
samples. The sixth chapter discusses my work with Sarah Moyon and others on
dysregulation of OL lineage cells and PSEN1 in grey and white matter postmortem brain
samples from persons with and without AD. We find that PSEN1 drives an OL-enriched
subnetwork that is dysregulated in the presence of high levels of phosphorylated tau, and
that Psen1M146V/WT mutation in mice recapitulates the network structure relative to PSEN1
and induces a shift in the OL lineage cell composition. In the final chapter of the thesis, I
attempt to summarize the important findings from my research and discuss possible
future directions, with a focus on how these results may be used to develop improved
therapies for preventing and treating AD.
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Chapter 2: Developmental myelination rates
associate with APOE-independent Alzheimer’s
disease genetic risk across brain regions
________________________________________________________________________
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Abstract
Alzheimer’s disease (AD) is known to have a heterogeneous effect on brain
regions for reasons that have not yet been fully elucidated. Previous studies suggested
that AD pathology recapitulated the sequence of developmental myelination with the
late-myelinating regions being the most affected. However it is not known whether
genetic risk might affect this process and whether it can be generalized to the entire brain.
In this study, we leverage genetic and neuroimaging data to systematically and
quantitatively assess the association between the time-course of region-specific
myelination measured in childhood and AD pathophysiology across brain regions. By
integrating magnetic resonance imaging and whole genome sequencing data from the
Alzheimer's Disease Neuroimaging Initiative, we identified relationships between higher
APOE-independent AD polygenic risk scores (AD-PRS) and decreased gray and white
matter volumes in the entorhinal cortex, parahippocampal gyrus, and inferior temporal
cortex. We next found that the effect of APOE-independent AD-PRS, but not APOE ε4
status, correlated with developmental myelination rates, with the slower myelinating
regions being more susceptible to AD pathology, as measured by regional atrophy. To
corroborate this relationship, we employed summary statistics measuring the effect of
PET tau binding on episodic memory loss across the same brain regions, and found that
they were also significantly associated with developmental rates of myelination. While
we corroborated the previously reported association between APOE ε4 status and myelin
degeneration in vulnerable temporal regions, our study suggests a novel APOEindependent genetic mechanism of AD susceptibility across the cortex related to
decreased primary myelination.
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Introduction
Alzheimer’s Disease (AD) is a common neurodegenerative disease accompanied
by a decline in one’s cognitive function, with memory loss as the hallmark cognitive
deficit 40,146,147. Although many variables have been identified to increase the risk of AD
including social activity 148, physical lifestyle 149 and lifelong cognitive activities 150,151,
heritable genetic factors are among the most robust 152. The discovery of genetic
polymorphisms associated with increased risk for late-onset AD, including variants at
APOE, BIN1, and PICALM, as well as many others, has led to a better understanding of
AD pathophysiology and has corroborated the relevance of the genetic effect of AD
predicted from heritability analyses 4,153,154. However, genomic analyses of AD have also
revealed that late-onset sporadic AD is a complex disease, as it cannot be explained or
predicted by a single gene or genetic variant 51. Recently, several reports have shown that
polygenic risk, or genetic load measurements for AD that sum across genetic variants,
can be used to estimate several aspects of AD, including disease risk 155-157, hippocampal
volume 155, cortical thickness 157, and amyloid beta deposition 158; however, the
association of genetic risk and myelin involvement in AD has not been thoroughly
investigated, with the exception of the link between APOE ε4 status and myelin
degeneration 159,160. While these studies have shown that there are effects of AD
polygenic risk on the disease-related phenotypes, there are still several open questions.
For example, it is critical to compare the effects of APOE-independent AD polygenic
score with the effect of APOE ε4 risk allele status on aspects of disease pathogenesis.
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A critical open question in AD research is why some brain regions are more
susceptible to AD-associated degeneration than others. Several non-mutually exclusive
explanations for this variability have been proposed, including evolutionary expansion of
cortical regions 161, differential synaptic activity levels 162,163, and systems-level
vulnerability to aging 164. An underexplored potentially contributing factor to the brain
regional-specificity of AD pathology is the involvement of oligodendrocyte lineage cells.
44,160,165-169

. Previous studies have highlighted the importance of the metabolic support of

myelinating oligodendrocytes to axons 170 and suggested that the spread of tau
neuropathology within the temporal lobe inversely recapitulates the sequence of
developmental myelination 171. The superior and inferior longitudinal fasciculi, for
instance, are late-myelinating white matter tracts during development and also degenerate
at the early stages of AD progression 172. A potential mechanism is that late myelination
may signify less metabolic support, thereby predisposing axons to injury, and eventually
resulting in neuronal death 44,173. Since myelin density has been shown to decrease
following mid-life, this explanation predicts that axon vulnerability and damage will
increase with age, which may also help to explain why advanced age is among the
strongest risk factors for Alzheimer’s disease 44,166. However, the potential role of
oligodendrocyte progenitor cell (OPC) differentiation and myelin turnover has not been
considered.
In this study we adopted quantitative estimates of distinct regional myelination
rates in childhood 2, which can act as a proxy for regional OPC differentiation, and asked
whether there would be a correlation between the rate of developmental myelination and
measures of regional AD pathology. We leveraged several modalities of public
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neuroimaging data, including myelination development rates based on Myelin Water
Fraction (MWF) imaging 2, Magnetic Resonance Imaging (MRI) scans from the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) cohort 174, and PET tau binding
associations with AD symptoms 175. To test the hypothesis that developmental
myelination rates can help explain the genetic-associated pattern of regional
neurodegeneration in AD, we explored how AD-associated genetic variants, both APOE
ε4 risk allele status as well as other variants en masse, associate with structural imaging
based brain volumes. We used polygenic scores based on Whole Genome Sequencing
(WGS) data from the ADNI cohort, which have been successfully used to measure
endophenotypes in AD 155-157, to compute a diagnosis-agnostic association of both APOEindependent AD genetic load and APOE ε4 risk allele status with MRI volumes across
brain regions. Using these measurements of regional genetic AD pathophysiology as well
as the PET tau binding associations across the same cortical regions, we systematically
and quantitatively tested the hypothesis that brain regions with slower myelination rates
during development associate with later-life AD disease processes.
!
Methods
Data used in the preparation of this article were obtained from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). The ADNI was
launched in 2003 as a public-private partnership, led by Principal Investigator Michael
W. Weiner, MD. The primary goal of ADNI has been to test whether serial magnetic
resonance imaging (MRI), positron emission tomography (PET), other biological
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markers, and clinical and neuropsychological assessment can be combined to measure the
progression of mild cognitive impairment (MCI) and early Alzheimer’s disease (AD).
ADNI genomic data processing and polygenic risk score calculation
WGS data and APOE allele status data for each participant was downloaded from
the ADNI website, while AD GWAS summary statistic data was downloaded from the
International Alzheimer’s Genetics Project (IGAP) website (Stage 1 data) 4. Notably, the
IGAP GWAS data adjusts for the effect of the pathogenic APOE polymorphism and
associated single nucleotide polymorphisms (SNPs). Of the 42,732,301 variants in the
ADNI WGS data, we used the 6,809,802 variants that were also found in the IGAP data
set. To identify an independent set of SNPs, we used Plink2 176 to prune variants in high
linkage disequilibrium (LD), using a variance inflation factor cutoff threshold of 2
(corresponding to r2 >= 0.5), a 50 variant count window size, and 5 variants shifted at
each step. To address the possibility of population stratification, we performed principal
component analysis on the LD-pruned variant set using Plink2, and removed any samples
that had values of greater than 6 standard deviations away from the mean in any of the
first 20 principal components. We next used Plink2 to calculate polygenic scores for each
ADNI WGS participant. These were calculated via a linear summation of the IGAP beta
values for each variant in the LD-pruned set according to the methods previously
described for polygenic score analysis 155,176-178. We conduced a preliminary analysis
Student’s t-tests to calculate the significance of differences between polygenic scores
from different diagnostic groups defined as healthy control (HC), MCI, and AD. This
analysis revealed that the strongest distinction between baseline diagnoses was identified
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at a SNP inclusion threshold of p = 0.6, which was used for calculating the final
polygenic scores.
Alzheimer’s Disease Neuroimaging Initiative MRI data analysis
MRI scans used here were obtained from ADNI. There were 1831 T1-weighted
MR scans were available for the first visit for ADNI study. The scans corrected for
GradWarp, B1, and N3 corrections according to the scanner specifications were used in
the analysis. 1825 T1-weighted MR images were successfully processed using FreeSurfer
(version 5.3) 179. Volumes for all regions in the Desikan-Killany atlas 180 were acquired.
For the temporal lobe-specific analyses, we used the volumes of entorhinal,
parahippocampal, inferior temporal, fusiform, superior temporal, temporal pole, and
middle temporal cortices.
Public data to compare developmental myelination to AD pathophysiology across
regions
We identified one data set, described across several studies 181,182, that used
multicomponent driven equilibrium single pulse observation of T1 and T2 (mcDESPOT)
to measure myelin water fraction changes in healthy participants from the ages of 1 to 6
years old 2. Specifically, we used the estimated logarithmic coefficients for the effect of
age on the myelin water fraction in the white matter of left hemisphere cortical regions 2.
Because information for only the left hemisphere was presented in this data set,
measurements from the left hemisphere were used throughout the manuscript when
comparing with myelination rates across brain regions. As an alternative form of AD
pathophysiology, we identified a study that measured both tau (T807) and Aβ
(florbetapir) PET imaging across a sample that included both cognitively normal persons
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as well as persons with mild AD 1. From this study, we downloaded the regional
coefficient estimates generated from their multiple regression analysis that measured the
association of the binding of each biomarker with episodic memory loss. Both studies
used FreeSurfer segmentation of brain regions 183, allowing 33 brain regions to be
matched between the three datasets. Regional brain measures from the studies were
compared using the Spearman rank correlation measure in R (version 3.3.0).
Statistical Analysis
We found the Spearman correlation between AD polygenic risk scores and
baseline grey and white matter MRI volumes adjusted for age, gender, and total brain
volume. For the same set of participants, we also found the associations of brain volumes
with the presence or absence of one or more APOE ε4 alleles by using Student’s t-tests
on the covariate-adjusted brain volumes for each region. In order to account for multiple
hypothesis tests, we calculated q-values from the resulting p-values 184 within each
hemisphere and for both the grey and white matter volumes, using the qvalue R package
(version 2.4.2). We used Fisher’s Exact Test for measuring the enrichment of temporal
lobe regions among the significantly associated brain regions.
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Results
APOE allele status and APOE-independent AD polygenic scores are associated with
decreased regional brain volume in the temporal lobe
AD is a complex neurodegenerative disease with approximately 33% of the total
phenotypic variance explained by all common SNPs 185. A well-known AD risk variant at
the APOE locus has been found to explain 6% of the disease phenotype and other known
variants 2% 185, while the majority of the aggregate effect of APOE-independent genetic
variation on AD biomarkers remains largely unexplored. Toward this end, we employed
MRI and WGS data from ADNI 186 to construct a measure of APOE-independent AD
pathophysiology across brain regions. We leveraged summary statistics from a previously
described APOE-independent AD GWAS 4 to calculate APOE-independent AD
polygenic risk scores (henceforth, AD-PRS) for each ADNI participant based on a linear
sum of SNP odds ratios [13]. We identified that the AD-PRS in the studied cohort (n =
788) accurately distinguished between different baseline diagnoses at various p-value
thresholds for SNP inclusion (Figure 1a; Table 1). Because there are only a small
number of participants with a baseline diagnosis of AD in this cohort, two different
baseline cognitive diagnosis groups, MCI and AD, were combined into one “unhealthy
cognitive aging” group, which was compared against the healthy control group as the
“healthy cognitive aging” group. The strongest difference between the healthy and
unhealthy cognitive aging groups was found when using a SNP inclusion threshold of p <
0.6 (t-test p = 3.3e-14; Figure 1b), so this threshold was used for subsequent AD-PRS
analyses. We next did a pairwise analysis and found that AD-PRS were significantly!
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Figure 1. APOE-independent AD polygenic risk scores distinguish between baseline
cognitive diagnoses in the ADNI cohort. A: APOE-independent AD polygenic scores of
participants with normal cognition (black) compared to those with either MCI or AD (blue) at
different p-value thresholds for SNP inclusion in calculating the polygenic score. Dots
represent the arithmetic mean of the log2-transformed polygenic scores, while error bars show
the standard error. B: Violin plots demonstrate the distributions of APOE-independent AD
polygenic scores in both the healthy cognitive aging and MCI/AD groups when using a SNP
inclusion threshold of p < 0.6 in calculating the polygenic score.

!
different between healthy controls and each of the AD and!MCI groups (p < 0.05 at all
SNP inclusion thresholds tested).!!
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Region4specific!neurodegeneration!is!present!in!AD!patients!187,!and!atrophy!
in!the!temporal!lobe!has!been!reported!in!early!stage!AD!patients!188.!In!order!to!
compare!the!contribution!of!APOE!variant!and!that!of!APOE4independent!AD4PRS!to!
AD!risk!in!the!ADNI!cohort,!we!considered!the!effects!of!genetics!on!the!changes!
occurring!in!the!temporal!lobe!or!in!other!regions!in!the!rest!of!the!brain.!We!found!
a!significant!enrichment!of!APOE!ε4!status4volume!associations!in!grey!matter!(GM)!
regions!(at!pnominal!<!0.05)!was!observed!in!the!temporal!lobe!(Fisher’s!Exact!Test:!
OR!=!52,!p!=!1.06e47,!Table&2).!Specifically,!11!out!of!14!temporal!regions!with!
decreased!GM!volumes!were!nominally!significant!at!pnominal!<!0.05,!with!the!most!
significant!effects!found!in!the!regions!at!the!inferior!and!medial!area!of!the!
temporal!lobe!(Table&2).!White!matter!(WM)!volumes!that!were!significantly!
associated!with!the!APOE!ε4!risk!allele!status!also!demonstrated!an!enrichment!in!
the!temporal!lobe!(Fisher’s!Exact!Test:!OR!=!6,!p!=!0.017;!Table&3),!which!was!
driven!mostly!by!a!decrease!in!volume!in!the!left!entorhinal!and!right!
parahippocampal!WM!regions!(Table&3).!AD4PRS!associated!GM!volumes!were!also!
significantly!enriched!in!the!temporal!lobe!(Fisher’s!Exact!Test:!OR!=!26,!p!=!0.0012;!
Table&4).!This!effect!was!localized!to!the!medial!and!inferior!regions!of!the!temporal!
lobe!for!both!the!left!and!right!hemisphere,!as!volumes!in!the!entorhinal,!
parahippocampal,!and!inferior!temporal!cortices!decreased!with!increasing!AD4PRS!
(Table&4,!Figure&2).!Finally,!WM!volumes!associated!with!AD4PRS!trended!towards!
an!enrichment!in!the!temporal!lobe!(Fisher’s!Exact!Test:!OR!=!8.1,!p!=!0.11),!which!
was!due!to!a!loss!of!volume!in!the!left!entorhinal!and!right!parahippocampal!WM!
volumes!(p!=!0.01,!p!=!0.014,!respectively;!Figure&2,!Table&5).!Taken!together,!these!
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results!show!that!decreased!volumes!in!temporal!lobe!regions!are!preferentially!
associated!with!both!APOE!risk!allele!status!and!APOE4independent!AD4PRS.!!

Figure&2.&Association&of&APOE:independent&AD&polygenic&risk&scores&with&
specific&temporal&lobe&volumes&in&the&ADNI&cohort.&&
Correlations!between!the!residual!volumes!(adjusted!for!age,!sex,!and!total!brain!
volume)!in!different!brain!regions!across!baseline!cognitive!diagnosis!groups!with!
APOE4independent!AD!polygenic!risk!scores!for!each!of!those!participants.!The!
regions!shown!are!the!grey!and!white!matter!regions!of!the!entorhinal!cortex!(A,!
B),!inferior!temporal!cortex!(C,!D),!and!parahippocampal!gyrus!(E,!F).!

!
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The&time&course&of&regional&myelination&in&childhood&is&associated&with&
decreased&regional&volumes&via&APOE:independent&AD&genetic&risk&
Myelination!is!an!important!process!during!early!brain!development!and!its!
dysregulation!has!been!implicated!in!AD4associated!neurodegeneration!44,166,173.!We!
define!the!regional!myelination!developmental!rate!(MDR)!as!the!average!change!in!
myelin!water!fraction!signal!in!children!between!age!1!and!6!189.!In!this!study,!we!
examined!the!relationship!between!MDR!and!AD!genetic4associated!brain!volume!
variation!in!33!brain!regions.!MDR!was!not!correlated!with!region4specific!APOE!
risk!allele4associated!volume!variation!in!matched!GM!(ρ2!=!0.023,!p!=!0.39;!Figure&
3a)!and!WM!(ρ2!=!0.002,!p!=!0.80;!Figure&3b).!However,!MDR!was!significantly!
correlated!with!region4specific!AD4PRS!volume!variation!in!matched!GM!(ρ2!=!0.23,!
p!=!0.0044;!Figure&3c)!and!WM!(ρ2!=!0.20,!p!=!0.0096;!Figure&3d).!When!a!potential!
outlier!region,!the!insula,!was!removed!from!the!AD4PRS!correlation!analyses!
(lowering!the!sample!size!from!n!=!33!brain!regions!to!n!=!32),!the!correlation!
strength!improved!substantially!for!the!rank!correlation!in!matched!GM!(ρ2!=!0.36,!p!
=!0.0003)!and!WM!(ρ2!=!0.31,!p!=!0.001)!regions.!The!insula!has!a!surprising!
increase,!relative!to!total!brain!volume,!in!grey!and!white!matter!volume!in!the!
presence!of!AD4PRS,!which!may!be!an!artifact!due!to!its!location!near!the!temporal!
lobe.!Notably,!the!three!regions!(entorhinal!cortex,!inferior!temporal!cortex,!and!
parahippocampal!gyrus)!with!significantly!lower!volumes!in!subjects!with!high!AD4
PRS!than!the!rest!of!the!brain!were!also!characterized!by!a!relatively!slower!MDR.!
These!findings!support!the!inference!that!regions!susceptible!to!APOE4independent!
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Figure&3.&Brain&regions&with&smaller&volumes&in&the&presence&of&APOE:
independent&AD&genetic&load&are&associated&with&slower&childhood&myelin&
development&rates.&&
This!figure!shows!the!regional!association!of!volume!rank!correlations!with!APOE4
independent!AD!polygenic!scores!in!the!ADNI!cohort!and!myelin!water!fraction!
imaging4derived!myelin!development!rates!between!ages!1!and!6!2!in!both!grey!(A)!
and!white!(B)!matter!parcellations.!It!also!shows!the!corresponding!plots!for!the!
regional!Student’s!t4statistics!for!the!association!of!APOE!allele!status!with!myelin!
development!rates!in!both!grey!(C)!and!white!(D)!matter!parcellations.!The!dots!
labeled!purple!are!the!regions!in!the!temporal!lobe.!The!correlation!summary!
statistics!are!from!a!rank4based!correlation!test!across!all!brain!regions!shown.!The!
blue!line!represents!a!linear!model!fit!to!the!data.&

AD4associated!pathophysiology!are!also!characterized!by!slower!myelination!in!
comparison!to!other!brain!regions!during!early!development.!!
!
!
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A&subset&of&temporal&regions&are&correlated&with&higher&deposition&of&tau&and&
episodic&memory&impairment&
!

Episodic!memory!refers!to!remembering!events!of!one’s!personal!experience!

along!with!both!spatial!and!temporal!information!of!the!episode.!It!is!well!known!
that!AD!patients!suffer!from!episodic!memory!impairment!40,!and!accumulation!of!
tau!is!present!in!the!AD!patient!population!47,190.!As!an!additional!measure!of!AD!
pathophysiology,!we!investigated!how!variation!in!MDR!across!the!cortex!is!
associated!with!the!brain!region4specific!effect!of!tau!deposition!on!episodic!
memory!1.!We!tested!how!MDR!at!different!brain!regions!during!development!
associate!with!tau4dependent!episodic!memory!correlates!in!33!brain!regions!1.!We!
identified!a!significant!inverse!correlation!across!brain!regions!between!MDR!and!
the!tau4associated!memory!deficit!in!that!region!(ρ2!=!0.32,!p!=!0.0006,!Figure&4).!
Strong!positive!coefficients!for!the!tau4episodic!memory!association!indicate!that!
increased!tau!deposition!in!these!brain!regions!also!increases!impairment!in!
episodic!memory.!Therefore,!the!inverse!correlation!we!identified!indicates!that!
brain!regions!that!are!characterized!by!slow!MDR!are!also!the!ones!where!more!tau!
accumulation!is!associated!with!impaired!episodic!memory.!Within!the!temporal!
lobe,!the!inferior!temporal!gyrus!showed!the!strongest!association!between!tau4
binding!and!episodic!memory!impairment,!followed!by!another!temporal!lobe!
region,!the!fusiform!gyrus.!With!the!exception!of!the!superior!temporal!region,!all!
the!other!regions!within!the!temporal!lobe!showed!a!strong!positive!association!
between!tau!accumulation!and!episodic!memory!loss,!and!were!characterized!by!
relatively!slow!developmental!myelination!rates!(Figure&4,!dots!in!purple).!!
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&

Figure&4.&Brain&regions&with&slow&myelination&associate&with&susceptibility&to&
tau:related&episodic&memory&loss.&&
Association!across!brain!regions!of!tau4related!episodic!memory!loss!1!and!
childhood!myelination!rates!in!adjacent!white!matter!2.!The!correlation!summary!
statistics!are!from!a!rank4based!correlation!test!across!all!brain!regions!shown.!The!
blue!line!represents!a!linear!model!fit!to!the!data.!!

&
Discussion&&
The!temporal!cortex!is!known!for!its!role!in!memory!and!is!a!well4established!
brain!region!affected!by!AD!pathogenesis!187,191.!We!identified!that!inferior!and!
medial!temporal!regions!are!associated!with!atrophy!in!the!presence!of!AD4specific!
genetic!burden!due!to!both!the!APOE!ε4!risk!variant!and!APOE4independent!
polygenic!score!(Tables&2:5).!On!the!basis!of!this!finding,!we!hypothesize!that!these!
two!independent!genetic!factors!may!act!on!an!overlapping!set!of!molecular!
pathways!in!AD!pathogenesis.!Although!the!molecular!mechanisms!of!AD4PRS!are!
not!well!known,!the!functions!of!APOE!have!been!better!characterized.!The!APOE!

!

33!

risk!variant!for!AD!causes!lipoprotein!receptor!binding!to!be!defective!192!and!
disrupts!the!homeostasis!of!beta4amyloid!accumulation!and!clearance!193,194.!In!
addition,!APOE!is!known!for!transporting!cholesterol,!which!is!a!critical!step!in!
myelin!formation!195.!Acting!on!the!same!pathway,!AD4PRS!may!be!enriched!with!
genes!involved!in!homeostasis!of!cholesterol!or!related!pathways.!Astrocytes!and!
microglia!produce!the!majority!of!APOE!and!neurons!predominantly!synthesize!
APOE!under!stress!conditions!196,!while!AD4PRS!could!be!regulating!genes!that!
function!similar!to!APOE!in!other!brain!cell!types,!such!as!oligodendrocytes!and!
OPCs.!Interestingly,!the!availability!of!cholesterol!in!oligodendrocytes!has!been!
suggested!to!play!an!important!role!in!AD!etiology!197.!Similarly,!separate!studies!
report!that!hippocampal!volumes!are!also!associated!with!both!of!these!AD4
associated!genetic!factors!155,198,199,!a!phenotype!that!could!be!influenced!by!similar!
biological!mechanisms!as!in!the!cortical!atrophy!we!identified.!Further!molecular!
investigations!of!AD4PRS!and!its!overlap!with!APOE!functions!may!be!useful!in!
understanding!the!missing!heritability!of!AD!not!explained!by!the!APOE!risk!variant!
alone.!
Although!the!effects!of!APOE!and!AD4PRS!appear!to!merge!toward!a!common!
molecular!pathway!in!several!temporal!lobe!regions,!AD4PRS!may!have!some!
independent!functions!that!are!not!captured!by!the!APOE!risk!variant.!In!our!work,!
we!report!that!volumetric!differences!associated!with!AD4PRS!in!an!older4age!
population!are!significantly!correlated!with!MDR!in!the!period!of!childhood!
development.!However,!a!similar!relationship!is!not!significant!for!APOE!risk!allele!
status.!This!difference!provides!additional!insight!toward!the!development!and!
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progression!of!AD!independent!of!APOE!mechanisms.!As!the!correlation!between!
MDR!and!genetic!effect!associated!with!AD4PRS!spans!all!the!cortices,!we!propose!
that!inter4regional!relationships!between!cortical!regions!may!be!an!important!risk!
factor!for!AD!at!an!early!age,!which!is!consistent!with!previous!data.!For!instance,!
children!carrying!PSEN1!mutation,!a!genetic!variant!causal!for!early4onset!AD,!were!
reported!with!abnormal!functional!connectivity!200.!Furthermore,!disruption!of!
brain!connectivity!is!a!well4established!model!of!AD!pathophysiology!201,202.!Here,!
our!work!supports!the!AD!risk!genetic!factors!may!be!predisposing!neural!circuits!at!
an!early!age!during!development!to!be!more!susceptible!to!degeneration!in!later4
life.!!
Although!MDR!does!not!capture!the!APOE4associated!volumetric!changes!as!
well!as!AD4PRS!counterpart!across!the!full!cortex!in!our!data,!it!is!clear!that!the!
APOE!ε4!risk!variant!also!affects!primary!myelination!at!the!infant!stage!in!key!AD4
susceptible!regions!203.!Taken!together,!these!results!suggest!that!the!timing!and!
degree!of!myelination!in!early4life!may!be!an!important!risk!factor!for!AD!as!well!as!
predisposition!for!tau!accumulation.!Our!study!found!that!early!childhood!
myelination!rates!explained!23%!and!20%!of!the!regional!variation!in!grey!and!
white!matter!volume!changes!associated!with!APOE4independent!AD4PRS!genetic!
load,!and!32%!of!the!variation!in!tau!PET!binding!associated!with!episodic!memory!
loss.!One!possible!mechanism!here!is!that!slow!childhood!myelination!could!lead!to!
deficits!in!myelin!structures!in!adulthood,!making!axons!more!susceptible!to!
damage!204.!Slower!myelination!could!be!associated!with!less!trophic!and!metabolic!
support!from!oligodendrocytes!when!myelinating!axons,!thus!making!the!axons!
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vulnerable!to!death!following!the!neuronal!deficits!that!occur!in!AD!173,2054207.!Slow!
myelination!in!early!childhood!could!also!lead!to!decreased!OPC!differentiation!as!
well!as!increased!myelin!turnover!later!in!life!75.!Increased!regional!myelin!turnover!
in!adulthood!could!in!turn!be!associated!with!increased!microglia!activity!and!
pathologic!inflammation,!which!has!been!shown!to!be!a!potent!promoter!of!
neuronal!death!and!AD!pathophysiology!208.!Further!research!investigating!the!
relative!activity!of!these!potential!explanatory!variables!across!cortical!regions!
would!be!a!critical!step!towards!developing!pharmaceutical!therapies!for!those!at!
risk!before!onset!of!AD.!
From!our!work,!we!conclude!that!there!are!both!shared!and!independent!
contributions!to!AD!pathology!from!APOE!ε4!allele!status!and!APOE4independent!
genetic!load.!The!volumes!of!inferior!and!medial!areas!of!the!temporal!lobe!were!
associated!with!both!types!of!genetic!variable,!suggesting!that!shared!molecular!
pathways!between!the!two!genetic!risk!factors.!However,!our!preliminary!work!also!
suggests!that!AD4PRS!may!also!be!complementing!APOE!through!different!molecular!
mechanisms!that!work!across!cortical!regions!during!the!childhood!myelination!
program.!This!work!also!supports!the!hypothesis!that!there!may!be!a!developmental!
nature!to!AD!predisposition!at!an!early!age.!Therefore,!our!data!suggests!that!one!
approach!to!preventing!and/or!abrogating!symptoms!of!AD!may!be!through!
boosting!myelination!throughout!the!lifespan,!and!further!suggests!that!such!
boosting!myelination!may!be!especially!beneficial!in!slow4myelinating,!AD!
pathophysiology4susceptible!regions.!Further!pre4clinical!and!translational!research!
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should!investigate!the!role!of!myelination!rates!and!associated!myelin!density!in!
modulating!the!risk!of!AD.!!!
!
Tables&&
Table&1.&Characteristics&of&the&ADNI&cohort&with&whole&genome&sequencing&
data.&&
The!number!of!the!participants!in!each!diagnostic!category!in!the!Alzheimer’s!
Disease!Neuroimaging!Initiative!(ADNI)!cohort!that!have!whole!genome!sequencing!
data!available,!following!removal!of!outliers.!Demographic!and!diagnostic!
information!was!recorded!at!the!participant’s!entry!into!the!study.!Total!brain!
volume!statistics!were!calculated!from!the!initial!MRI!scans!for!each!participant!
using!Freesurfer.!For!the!quantitative!variables,!the!numbers!represent!the!mean!
+/4!1!SD.!!
!
&
Normal&
Mild&
Alzheimer's&
Cognition&
Cognitive&
Disease&
Impairment&
Number!
272!
470!
46!
Percent!Female!
51.1!
41.5!
39.1!
Age!
74.5!+/4!5.6!
72.3!+/4!7.5!
75.1!+/4!9.2!
Total!Brain!Volume!!
105.3!+/4!10.6! 106.9!+/4!11.1! 102.9!+/4!12.8!
3
(1000!mm )!
&
&
Table&2.&Grey&matter&volume&t:statistics&for&the&association&of&APOE&ε4&allele&
status&in&temporal&lobe&brain&regions.&&
Student’s!t4statistics!for!the!grey!matter!volumes!in!the!temporal!lobe,!across!all!
study!participants,!segregated!by!their!APOE&ε4&risk&allele&status&(i.e.,&present&vs.&
absent).&!
!
Laterality& Region&
Volume:APOE&t:Statistic&
p:Value&
Right!
Entorhinal!
44.33!
1.7E:05&
Right!
Fusiform!
44.208!
2.9E:05&
Left!
Fusiform!
43.857!
0.0001&
Right!
Inferior!temporal!
43.28!
0.001&
Right!
Parahippocampal!
43.252!
0.001&
Left!
Entorhinal!
42.969!
0.003&
Left!
Inferior!temporal!
42.888!
0.004&
Superior!
Right!
temporal!
42.706!
0.007&
!
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Left!
Right!
Left!
Left!
Right!
Left!

Parahippocampal!
Middle!temporal!
Middle!temporal!
Superior!
temporal!
Temporal!pole!
Temporal!pole!

42.714!
42.65!
42.379!

0.007&
0.008&
0.018&

41.141!
40.416!
40.363!

0.254!
0.677!
0.716!

!
!
Table&3.&White&matter&volume&t:statistics&for&the&association&of&APOE&ε4&allele&
status&in&temporal&lobe&brain&regions.&&
Student’s!t4statistics!for!the!white!matter!volumes!in!the!temporal!lobe,!across!all!
study!participants,!segregated!by!their!APOE!ε4!risk!allele!status!(i.e.,!present!vs.!
absent).!!
!
Laterality& Region&
Volume:APOE&t:Statistic&
p:Value&
Right!
Parahippocampal!
42.986!
0.003&
Right!
Entorhinal!
42.591!
0.01&
Left!
Entorhinal!
42.551!
0.011&
Left!
Fusiform!
42.246!
0.025&
Left!
Parahippocampal!
42.223!
0.027&
Right!
Temporal!pole!
41.843!
0.066!
Right!
Fusiform!
41.823!
0.069!
Superior!
Left!
temporal!
1.582!
0.114!
Left!
Middle!temporal!
41.551!
0.121!
Left!
Inferior!temporal!
41.478!
0.14!
Right!
Middle!temporal!
40.825!
0.41!
Superior!
Right!
temporal!
40.542!
0.588!
Right!
Inferior!temporal!
40.46!
0.646!
Left!
Temporal!pole!
40.018!
0.985!
!
!
&
&
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Table&4.&Grey&matter&volume&rank&correlations&with&AD&polygenic&risk&scores&
in&temporal&lobe&brain&regions.!!
The!Spearman!correlation!of!the!grey!matter!volumes!in!the!temporal!lobe,!across!
all!study!participants,!with!the!APOE4independent!AD!polygenic!risk!score!
calculated!for!that!participant.!!
&
Laterality& Region&
Volume:AD&PGS&Correlation& p:Value&
Left!
Entorhinal!
40.18! 3.93E:07&
Inferior!
Left!
temporal!
40.142! 6.53E:05&
Right!
Entorhinal!
40.122!
0.001&
Inferior!
Right!
temporal!
40.101!
0.004&
Parahippocamp
Left!
al!
40.078!
0.029&
Parahippocamp
Right!
al!
40.07!
0.05!
Middle!
Right!
temporal!
40.066!
0.064!
Middle!
Left!
temporal!
40.048!
0.178!
Right!
Fusiform!
40.044!
0.213!
Left!
Temporal!pole!
40.035!
0.324!
Superior!
Right!
temporal!
40.031!
0.386!
Left!
Fusiform!
40.029!
0.422!
Right!
Temporal!pole!
40.022!
0.529!
Superior!
Left!
temporal!
40.02!
0.567!
&
&
&
&

!
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Table&5.&White&matter&volume&rank&correlations&with&AD&polygenic&risk&scores!
in&temporal&lobe&brain&regions.!!
The!Spearman!correlation!of!the!white!matter!volumes!in!the!temporal!lobe,!across!
all!study!participants,!with!the!APOE4independent!AD!polygenic!score!calculated!for!
that!participant.!!
!
Laterality& Region&
Volume:AD&PGS&Correlation& p:Value&
Left!
Entorhinal!
40.092!
0.01&
Right!
Parahippocampal!
40.087!
0.014&
Left!
Parahippocampal!
40.063!
0.078!
Left!
Inferior!temporal!
40.059!
0.101!
Left!
Fusiform!
40.049!
0.17!
Right!
Fusiform!
40.044!
0.213!
Superior!
Right!
temporal!
0.032!
0.37!
Right!
Inferior!temporal!
40.028!
0.432!
Right!
Temporal!pole!
40.024!
0.506!
Superior!
Left!
temporal!
40.012!
0.745!
Right!
Entorhinal!
0.007!
0.851!
Left!
Temporal!pole!
40.001!
0.969!
Left!
Middle!temporal!
40.001!
0.971!
Right!
Middle!temporal!
0.001!
0.981!
!
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Chapter 3: Meta-analysis of brain cell type gene
expression identifies robust consensus signatures
and networks
________________________________________________________________________
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Abstract
Elucidating how patterns of gene expression differ between brain cell types is
critical towards a better understanding of how cell-cell communication may influence
brain function and dysfunction. We set out to compare and contrast five human and
murine cell type-specific transcriptome-wide RNA expression data sets that have been
generated within the past several years. For each gene in each data set, we defined three
measures of brain cell type-relative expression: specificity, enrichment, and absolute
expression and defined corresponding consensus brain cell “signatures” for astrocytes,
endothelial cells, microglia, neurons, oligodendrocytes, and oligodendrocyte precursor
cells. We showed that the cell type-associated gene signatures were well conserved
across data sets and correlated with known associations. We validated that the relative
expression of top cell type markers are associated with proxies for cell type proportions
in bulk RNA expression data from postmortem human brain samples. We also performed
multiscale network-level analysis of the single cell data sets and identified robust cellspecific gene modules, including a module in neurons enriched for genes with
neurotrophin-related activity. To aid investigators in using the cell type-specific genes to
perform cell type proportion estimation and deconvolution in their own bulk brain gene
expression data, we created an R package (BRETIGEA). Finally, we introduce a
convenient web application (available at http://celltypes.org/brain/) to access and
visualize the data at the gene and exon levels. In summary, we provide a set of novel
brain cell consensus signatures and robust networks that result from the integration of
multiple datasets and therefore transcend limitations related to technical issues
characteristic of each individual study.
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Introduction
The interaction among multiple cell types orchestrates the structure and function
of all animal tissues including the mammalian brain. Distinct cell types in the brain play
different and specialized roles in electrical signaling209,210, metabolic coupling211, axonal
ensheathing212, regulation of blood flow213, and immune surveillance51,214. These cell
types belong to distinct lineages and are developmentally specified through an integrated
transcriptional and epigenetic control of cell differentiation and gene expression73,215. A
conclusive number of distinct cell types in the mammalian brain cannot be provided
without a certain level of uncertainty related to the goals of any given analysis, and is
profoundly affected by the sensitivity and specificity of the technology used for cell
classification. In bulk brain tissue, gene expression experiments have highlighted cell
type composition based on the expression value of markers for five major cell types:
neurons, astrocytes, oligodendrocytes, microglia, and endothelial cells216. However,
within the neuronal population, depending on the source, it has been reported that
approximately 50-250 neuronal sub-cell types217-219 exist. Similarly, within other
lineages, many other cell types have been classified as separated entities, including
oligodendrocyte precursor cells (also known as NG2 cells), ependymal cells, smooth
muscle cells, and pericytes220.
Over the past few years, a series of comprehensive RNAseq experiments in
different brain cell types have been published in humans221,222 and in mice3,223-225. Some
of these experiments have profiled gene expression of cell populations isolated through
immunopanning procedures3,221. Immunopanning involves immunoprecipitation of
particular cell types in cell culture plates, based on selection for an antibody adsorbed to
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the plate surface226 and therefore the analysis of the currently available data has to take
into consideration the limitation of the cell-type isolation procedures which often
included a series of positive and negative selections with pre-defined cell type-specific
markers in order to isolate the cell type of interest. Others studies have performed RNA
profiling of single cells with microfluidics devices and used clustering methods to
identify cell types from the resulting RNA expression profiles222-224. The devices used for
single cell RNA sequencing (scRNAseq) typically select cells based on size and involve
the creation of a cDNA library from the transcriptome from a theoretical maximum of
one cell. Single cell experiments capture a wider range of cell types than in
immunopanning, which reduces bias but acts to increase the variance of the resulting cell
type signatures, thus requiring larger sample sizes for analysis. This larger sample size in
scRNAseq in turns allows investigators to interrogate the correlation space through
network analysis of the interactions among genes 227-229. However, to the best of our
knowledge, when these methods have been applied to brain scRNAseq data, they have
not used a multiscale approach that allows for identification of overlapping gene modules
as well as individual gene-gene interactions, as can be performed by MEGENA230.
Previous studies have analyzed brain cell type-specific expression signatures
using microarray or RNAseq in mice231,232. However, the existing studies have been
mainly based on individual datasets, and therefore they are subject to systematic noise,
including sampling bias due to sample collection or preparation technique, as well as
stochastic gene expression. As an increasing number of RNAseq cell type-specific
transcriptomic experiments have become available for both human and mouse, it is
desirable to conduct a comprehensive meta-analysis of the brain cell type gene
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signatures. In this manuscript, we first systematically evaluate cell type-specific RNA
expression patterns identified in five of these RNAseq studies3,221-224. The six cell types
that we set out to compare are: astrocytes, endothelial cells, microglia, neurons,
oligodendrocytes, and oligodendrocyte precursor cells (OPCs). We defined three criteria
of ascription of cell type-associated gene expression: specificity, which measures whether
a gene is expressed in only one cell type; enrichment, which measures whether a gene
tends to have higher expression in one cell type compared to all others; and absolute
expression, which measures whether a gene tends to have high expression in a given cell
type, irrespective of its expression levels in other cell types. We showed that cell type
enrichment patterns in the brain have high overall conservation in pairwise and global
comparisons of the data sets based on all three measures. Next, we interrogated marker
genes most specific to each of the cell types, and found that they were significantly
associated with text mining results in PubMed searches, and that their aggregate
expression patterns were well-correlated with immunohistochemistry-level data from the
same brain samples. As a resource to the community, we release these gene signatures
and functions for leveraging them in an R package, BRETIGEA (BRain cEll Type
specIfic Gene Expression Analysis), which we validated on a postmortem brain gene
expression data set. Finally, we perform network analysis on the three scRNAseq data
sets using the multiscale network modeling approach MEGENA, showing that there is
conservation of modules both within and across cell types in this data. Taken together,
our results establish fundamental cell type-associated gene expression patterns in the
brain that can be used for many applications.
Methods
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Description of human brain cell gene expression data sets
Darmanis et al.222 used adult human anterior temporal lobe brain tissue that was
resected while patients were undergoing epilepsy surgery and was considered normal via
pathological examination. They made a single-cell suspension from this tissue via
incubation in a solution containing papain, followed by washing and trituration. To
reduce what they considered contamination from myelin debris and vascular
macrophages, they performed immunopanning depletion by incubating the single-cell
suspension in plates containing anti-CD45 antibodies followed by plates containing antiGalC hybridoma antibodies. They then captured single cells and performed cDNA library
creation on those single cells using the Fluidigm C1 system, followed by sequencing on
the Illumina NextSeq platform. Based on RNAseq gene expression, the authors
performed clustering analysis to identify cell types. We downloaded cell type annotations
and the raw sequencing read data from Gene Expression Omnibus (GEO; GSE67835).
We did not use the samples from fetal brain tissue annotated as quiescent neurons and
replicating neurons for calculating the neuron signatures. As described in the following
method section, we reprocessed the RNAseq data using a unified pipeline to quantify
both gene- and exon-level expression for each sequencing library.
Zhang et al. (2016)221 collected normal temporal lobe samples from human brains
resected from epilepsy patients in the same manner described in the Darmanis et al.
study. They also incubated the tissue with papain in order to create a single-cell
suspension. Next, the authors plated the suspended cells onto a series of immunopanning
dishes coated with particular antibodies in order to isolate cell type populations of
interest. The cell type populations that they isolated were microglia/macrophages (with

!

46!

an anti-CD45 antibody), oligodendrocytes (with an anti-GalC hybridoma antibody),
neurons (with an anti-Thy1 antibody), astrocytes (with an anti-HepaCAM antibody), and
endothelial cells (via binding reactivity to BSL-1). Although the authors did not
distinguish between myeloid cell types (i.e., between microglia and macrophages), we
considered these to be microglia for the purpose of cross-data set comparison. The cells
were scraped off the immunopanning dishes and treated with the Qiagen miRNeasy kit to
extract total RNA. The authors then constructed cDNA libraries and sequenced them with
the Illumina NextSeq platform. They mapped the reads to human genome version 19
(hg19) using TopHat2, and used Cufflinks to estimate expression levels for each gene as
FPKM. We downloaded the sequencing read data from GEO (GSE73721) and used the
samples they annotated as mature astrocytes from normal tissue samples as the astrocyte
cell type population, discarding the samples annotated as astrocytes from diseased tissue
samples.
Description of mouse brain cell gene expression data sets
Zhang et al. 20143 dissected brain tissue from mice and dissociated single cells,
followed by fluorescence activated cell sorting (FACS) or immunopanning to isolate
populations of brain cell types. These cell types included astrocytes (using a transgenic
mouse expressing EGFP driven by regulatory sequences in Aldh1l1–Bacterial Artificial
Chromosome), neurons (using an anti-L1CAM antibody), microglia (using an anti-CD45
antibody following PBS washing of blood), oligodendrocyte precursor cells (using an
anti-PDGFRα antibody), newly formed oligodendrocytes (using an anti-GalC antibody),
myelinating oligodendrocytes (using an anti-MOG antibody), endothelial cells (using
EGFP driven by the pan-endothelial Tie2 promotor), and pericytes (using an anti-
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PDGFRβ antibody). From these cell populations, they isolated total RNA using the
Qiagen miRNeasy kit, created cDNA libraries from the total RNA, and sequenced the
cDNA libraries using the Illumina HiSeq 2000. We downloaded the sequencing read data
from GEO (GSE52564).
Zeisel et al. 2015223 extracted tissue from the somatosensory cortex and
hippocampus of CD-1 mice (P21-P31). They dissociated single cells via incubation in
papain protease followed by filtration through a 20 µm filter. A subset of the cells was
dissected from 5HT3-EGFP mice, which were subsequently FACS sorted to enrich for
interneurons. The authors used the Fluidigm C1 system to isolate single cells, followed
by cDNA library construction and sequencing using the Illumina HiSeq 2000. We used
the clustering-derived cell type annotations that they computed as a starting point to
group our more general cell types of interest, and pooled the cell types across the two
brain regions they analyzed. Specifically, we grouped each of their multiple astrocyte,
endothelial, and microglia cell type classifications into one group for each cell type,
while we classified their Oligo5 and Oligo6 into a mature oligodendrocyte cell type
population. Further, we pooled all of the interneuron and pyramidal cell types that they
identified into one neuron cell type population. None of the other oligodendrocyte subclasses that they identified were found to be similar enough to OPCs to include that as a
cell type in our analysis. We downloaded the sequencing read data from GEO
(GSE60361).
Tasic et al. 2016224 sectioned brains and microdissected the primary visual cortex
(V1) of 8-week old mice that expressed the fluorescent protein tdTomato (tdT) in a
particular cortical cell type, through the use of a Cre recombinase system. From the
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dissected brain tissue, the authors generated single-cell suspensions via trituration
through µm-scale Pasteur pipettes, followed by FACS to isolate single cells with low
DAPI, and, in the majority of cases, high tdT. They used the Illumina SMARTer Ultra
Low RNA Kit to create a cDNA library, and the Illumina HiSeq 2000 for sequencing.
The authors also performed and validated clustering to identify cell types, which we used
as annotations for our analyses. Notably, we pooled all the neuron sub-classes from all
cortical layers that the authors identified into a single neuron cell type. We downloaded
the sequencing read data from GEO (GSE71585).
Read mapping and data pre-processing
For each human or mouse RNAseq datasets analyzed, we downloaded published
raw sequencing data from GEO (Table 1). While either normalized gene expression
measures or gene-level read counts data were provided along with the original
publications, the RNAseq data from the same species were processed by different
pipelines in different studies, thus resulting in different gene expression quantification
metrics, rendering complexity and incompatibility in conducting a cross-dataset
comparison. To simplify the downstream data analysis, we reprocessed the sequencing
alignment and gene expression normalization using a unified and efficient pipeline built
upon the STAR aligner233, featureCounts234, and R/Bioconductor package edgeR125. With
this pipeline, the raw sequencing reads were aligned to either human hg38 genome or
mouse mm10 genome using the STAR aligner. For human datasets, GENCODE gene
annotation model GRCh38.p2 release 22 was used to assist with the alignment of reads to
known gene features. For mouse datasets, the UCSC mm10 gene annotation model was
used. Following read alignment, featureCounts was used to quantify the gene expression
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at both the gene and exon level. For the single cell data sets, the scater R package
(version 1.0.4)235 was used to calculate the total number of features identified in each
sample, which was used as a covariate in the differential expression models, as it may
reflect biases in the initial amount of RNA prior to amplification. For the Darmanis et al.
data set, 3 outlier samples were detected and removed on the basis of principal
component analysis using the scater R package (SRR1974559, SRR1974625, and
SRR1974648). The gene level read counts data was normalized using quantile
approach125,236, with a percentile of 0.75 for the cell population data sets and 0.99 for the
single cell data sets, to adjust for sequencing library size difference.
Gene symbol conversion
For all three murine data sets, the gene symbols were converted from MGI
symbols to HGNC symbols by using the Ensembl database, accessed through biomaRt
(version 2.28)237. If no homolog existed, then the original mouse symbol was retained. In
the case of multiple homologous genes, we selected the human gene with the highest
homology percentage based on protein coding region DNA divergence. In the case that
multiple transcripts mapped to the same gene symbol, the gene symbol with the
maximum average expression count was retained for subsequent analyses238.
Cell type-associated gene expression measurements
We consider three types of genewise cell type-relative expression measurements:
specificity, enrichment, and absolute expression levels. Specificity is defined as the
difference between a gene’s expression in the cell type of interest compared to the other
cell type in which it has its highest expression. Enrichment is defined as the difference
between a gene’s expression in the cell type of interest compared to all of the other cell
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types. Finally, absolute expression is defined as the relative expression of a gene within a
cell type, irrespective of that gene’s expression in other cell types. To calculate
specificity and enrichment, we first filtered the data sets to retain only those genes that
had an average (arithmetic mean) of at least five read counts in at least one cell type.
Next, we estimated the dispersion of each gene and fit a negative binomial generalized
linear model to the count data using the R package edgeR125. In all data sets, cell type
was modeled as a covariate, alongside adjustment covariates specific to each data set
(Table 1). We set the prior.count variable in edgeR to 10, which adds pseudocounts to
each observation relative to the library size of each sample, thus increasing the proportion
of shrinkage to allow for more robust signature estimation. To calculate cell type
enrichment, we compared the expression of samples annotated to that cell type, which we
call the cell type of interest, to the expression of samples annotated to all the other major
brain cell types, which we call the reference cell set. For example, samples annotated to
astrocytes were compared to samples annotated to endothelial cells, neurons, microglia,
oligodendrocytes, and OPCs. The exception is that either oligodendrocytes or OPCs were
excluded from the reference cell set when the other was the cell type of interest, since
their expression patterns are too similar to allow for meaningful reference comparisons.
To calculate cell type specificity, we performed contrasts on the fitted models that
compared each cell type to all reference cell types individually, and chose the minimum
resulting fold-change for each cell type of interest. For each of the cell types in each of
the data sets, we created a volcano plot with the results of the differential expression
enrichment analysis and highlighted the genes that had Benjamini-Hochberg239 adjusted
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p-value less than 0.05 and fold-change in the cell type of interest versus the others of
greater than or equal to 4.
To calculate absolute expression within each cell type, we first normalized count
values by the quantile method, as above, as well as by read length in order to generate
RPKM (Reads Per Kilobase of transcript per Million mapped reads) values. We then
calculated the arithmetic mean of the RPKMs within each cell type, and quantified the
associated dispersion by finding the standard error of the mean. Genes within each
sample were ranked by their expression values in order to facilitate cross data set
comparisons.
Comparison of cell type-enrichment gene rankings across data sets
We first found the fold enrichment of the intersection of the top n genes (where n
= 10, 20, 50, 100, 200, 500, and 1000) ranked according to one of the three cell type
expression-based measures in each of the data sets and cell types, after pairwise merging
of the data sets to include only gene symbols that were common to both. To calculate the
fold enrichment (FE) we used the equation:
!" = !

!!! !!!
!!! × !!!
!

where D1n is the set of genes in the first data set for a given number of top genes n, D2n
the corresponding set of genes in the second data set, U is in the universe of gene
symbols from the intersection of the data sets, and the cardinality operators indicate the
size of the gene sets. Next, we calculated the percentage of genes that overlapped in both
pairwise and global data sets comparisons of the top n gene signatures in each cell type.
Finally, we merged the five data sets to include only gene symbols that were common to
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all, and used the SuperExactTest R package (version 0.99.2)240 to find the fold
enrichments and p-values of the intersection of global intersection analyses.
Ranking of genes by cell type-enrichment across data sets
To compare the cell type-specificity and -enrichment of genes across data sets, we
calculated the median of the corresponding log fold changes across the data sets that
contained that cell type. Because not all gene symbols were present in all of data sets, we
required that the gene symbol be present in more than half of the data sets in order to be
included in the overall ranking list. Further, for the combined mouse-human comparison,
we required that the gene symbol be present in at least one of each of the human and
mouse data sets. For each cell type, genes were then ranked within each cell type by their
median fold-change across the data sets. To compare the cell type-expression
measurements of genes across data sets, we first converted all of the gene expression
values within each data set to ranks according to expression within each cell type. For
each cell type, genes were then ranked within each cell type by their median fold-change
or their median expression across the data sets. Gene rankings were then aggregated
across the data sets for each cell type by calculating the grand median ranking.
Comparison of cell type signatures to PubMed text mining results
For the top 100 most enriched genes in each cell type, we performed PubMed
searches and counted the number of results for the search “Gene AND CellType”, where
Gene refers to the character string of the enriched gene symbol and CellType refers to the
character string of the enriched cell type, either “astrocyte”, “endothelial”, “microglia”,
“neuron”, “oligodendrocyte”, or “oligodendrocyte precursor”. We used the MannWhitney U test to compare the number of PubMed mentions found among the
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corresponding most enriched gene set, compared to the genes most enriched in all of the
other cell types, with the exception of oligodendrocytes and OPCs, which were not
included in the control sets for comparison because of their similarity. We also found the
Spearman correlation between the enrichment for each gene in that cell type and the
number of PubMed mentions for the gene symbol/cell type combination for each cell
type.
Estimation of cell type proportion from bulk gene expression data
We next used matched RNA expression and immunohistochemistry marker data
from the Aging, Dementia, and TBI study from the Allen Brain Atlas241 as an additional
validation of the marker genes identified in bulk brain gene expression data. In this study,
investigators performed both RNAseq and immunohistochemistry (IHC) quantification
for protein levels of the astrocyte marker gene GFAP and the microglia marker gene
IBA1 in brain samples from the same donor across four brain regions (frontal white
matter, hippocampus, temporal cortex, and parietal cortex). We downloaded the
normalized RPKM values from the study website (http://aging.brainmap.org/download/index), which has been adjusted for RNA integrity number (RIN) and
batch. The IHC quantifications provide a distinct measurement for the relative levels of
the cell types in each brain sample, which can be used to validate our cell type proportion
estimates from the RNA expression data. To make these estimates, we adapted the
previously validated singular value decomposition (SVD) method from CellCODE242,
which has been implemented in the BRETIGEA (BRain cEll Type specIfic Gene
Expression Analysis) R package (version 1.0). Notably, our package also offers principal
component analysis (PCA) as an option for cell type estimation, with or without scaling,
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along with sets of 1000 top consensus cell-specific genes for each cell type for
convenient use in analyzing bulk brain gene expression data. We found the rank
correlation between each of the top 100 consensus cell-type specific genes for astrocytes
and microglia across all data sets as well as the SVD-based proportion estimate using the
cumulative set of cell-type specific genes with the IHC quantifications for GFAP and
IBA1, respectively.
Multiscale network analysis in the single cell RNA expression data sets
MEGENA networks were constructed from genes expressed in at least half of the
samples for each cell type in each data source by using the R package MEGENA (version
1.3.4-1). Briefly, Pearson correlation coefficients (PCCs) were firstly computed for all
gene pairs. The gene pairs with absolute PCCs larger than 0.3 were ranked and iteratively
tested for planarity to grow a Planar Filtered Network (PFN). Multiscale clustering
analysis was conducted with the resulting PFN to identify coexpression modules at
different network scale topology under the default parameter setting of the package. We
visualized the networks derived from the MEGENA analysis using the prefuse force
directed layout option in Cytoscape (version 3.2.1).
To visualize the gene ontology (GO) enrichment of distinct modules in the
multiscale network, we filtered for modules containing between 5 and 2000 gene
members, and selected only those modules with at least one gene that was specific to that
module, thus removing exclusively parent modules. We used the moduleGO function in
DGCA
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(version 1.0.1) to perform gene ontology (GO) enrichment analysis on gene

modules, which leverages the GOstats (version 2.34) 243 and org.Hs.eg.db GO annotation
(version 3.1.2) R packages. To identify GO terms with potential brain cell type-specific
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activity, we filtered for those GO terms with less than 500 gene symbols. We adjusted the
enrichment p-values for all GO terms in each module using the Benjamani-Hochberg
method. We used Fisher’s Exact Test (FET) to identify cell type enrichments for each
module, using the top 500 genes ranked by consensus cell type specificity from each cell
type in the human data sets as the cell type enrichment signatures, and adjusted the
module enrichment p-values for each cell type signature using the Benjamini-Hochberg
method. To identify module conservation, we found the FET enrichment of all the
modules identified in each cell type from the Darmanis et al. human data set with all the
modules identified in each cell type from the Tasic et al. and Zeisel et al. mouse data sets.
We counted the number of significantly overlapping (Benjamini Hochberg-adjusted p <
0.05) modules in each of these comparisons. We corrected for the total number of
overlapping modules identified within each mouse cell comparison set by normalizing
the resulting overlap matrix by column sums. The background universe size used in the
FET was the number of unique gene symbols found in both the human and mouse data
sets.

Results
Identification and comparison of cell type-associated expression across multiple
data sets
The goal of this study is to define and explore cell type-specific gene expression
patterns via a meta-analysis of brain cell type RNA expression data from five studies with
publically available RNA-sequencing reads 3,221-224 (Table 1). Towards this end, we
downloaded and reprocessed the raw sequencing reads with a unified pipeline, and used
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three separate metrics to calculate cell type-relative expression specificity, enrichment,
and absolute expression data from each data set. We defined cell type specificity as the
minimum fold change in expression between the cell type of interest and each of the
other cells; cell type enrichment, as the fold change in expression when comparing the
cell type of interest to all of the other cells at once; and cell type absolute expression, as
the expression in a particular cell type irrespective of that in other cell types. Consistent
with the strong developmental and epigenetic effect of cell type status on gene
expression, we identified a strong signal for all three measures in all cell types and data
sets. For example, we found a large number of significantly enriched genes in all cell
types in every dataset (Figure 1), with a mean of 1430 (SEM = 197) genes significantly
enriched in the cell type of interest at cutoffs of fold-change > 4 and BH-adjusted p-value
< 0.05.
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Figure 1. Differential expression volcano plots across cell types and data sets for cell type
enrichment.
A: Summary of the five data sets used in this study indicating the region in which the cell
types were isolated from in both the human (left) and mouse (right) brains. B-F: Volcano
plots show the cell type enrichment differential expression calculation for each cell type in
each data set (B = Darmanis et al. (2015), C = Zhang et al. (2016), D = Zhang et al. (2014),
E = Zeisel et al. (2015), F = Tasic et al. (2016)). In each small multiple, the x-axis refers to
the log2 fold-change of the gene in the cell type of interest compared to the reference cell
set, while the y-axis shows the –log10 Benjamini-Hochberg adjusted p-value of that
comparison, calculated using edgeR. Genes with adjusted p-values < 0.05 and log foldchange > 2 are colored orange. OPC = Oligodendrocyte Precursor Cell.!
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We next measured the pairwise overlap of the top cell type specific, cell type
enriched, and cell type expressed genes at various top gene cutoffs from n = 10 to n =
1000 by calculating their fold enrichment in each other in pairwise signature comparisons
(Figure 2). In order to summarize these pairwise intersections, we calculated the average
pairwise fold enrichment across data sets for each of the three measures. We found that
the top 10 most enriched oligodendrocyte genes had a significantly higher average
number of intersections across pairs of data sets than the top 10 most enriched microglia
genes (Cohen’s d = 1.66, p = 4.4e-6). Consistent with this, in global comparisons of the
top 10 genes in the cell type enrichment signatures, 3 genes (PLP1, UGT8, and ERMN)
were shared among all five of the oligodendrocyte signatures, while none were shared
among all five of the microglial signatures. However, when we used the top gene cutoffs
of 50 genes and above, we detected a strong global overlap between all cell type-relative
measures in all cell types. For example, when considering the 100 top genes most
enriched in a cell type, there was a highly significant enrichment in astrocytes (Fold
Enrichment (FE) = 1.4e8, p = 4.2e-103), endothelial cells (FE = 1.2e8, p = 2.8e-86),
microglia (FE = 1.2e8, p = 2e-86), neurons (FE = 4.2e7, p = 3.7e-30), oligodendrocytes
(FE = 2e8, p = 6.4e-163) across the five data sets. The intersection of the top 100 genes
most enriched in OPCs in the three data sets with OPC signatures available was also
highly significant (FE = 1628, p = 2.2e-15).
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Figure 2. Pairwise data set comparison of cell type enrichment rankings for each cell type.
Plots of the fold-enrichment of the intersections of genes ranked in the top n genes (where n
= 10, 20, 50, 100, 200, 500, 1000) between pairs of data sets for the cell type enrichment
measure. The data sets were merged to only include gene symbols common to both prior to
calculating the fold enrichment score. A fold enrichment of 0 indicates that no genes were
found in the intersection of those two sets of top genes.
!

Ranking genes by their cell type-associated expression across data sets
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We next sought to devise a consensus ranking across data sets for all three of the
cell type-associated measures. For cell type enrichment and specificity, we used the mean
of the fold change across data sets to order genes. For cell type expression, we ranked
expression values across data sets and used the median of the ranks to order genes. We
present the top 1000 genes for each of the six cell types and three measures based on
aggregating the signatures across each of the human, mouse, and combination mouse and
human data sets. All six of the genes we identified as the most enriched in each cell type
across all data sets have been previously associated with specific cell type, for instance:
AQP4 in astrocytes 244, APOLD1 in endothelial cells 245, CCL4 in microglia 246, RELN in
neurons 247, PLP1 in oligodendrocytes 207, and PDGFRA in OPCs 248. Consistent with the
similarity of the cell type-enrichment and cell type-specificity measures, the top genes
identified were the same between these two measures in all cell types with the exception
of microglia, in which CCL3, a secreted chemokine that regulates local inflammation
levels 249, was ranked the most specific gene. Notably, PRNP, encoding the prion protein,
is ranked among the top 200 most expressed genes in all six cell types, and is highly
expressed in the brain relative to other tissue types 25613900, suggestive of brainspecific regulation.
Next, we searched PubMed for the combination of gene symbols most enriched in
each of the cell types and the word defining that specific cell type. For each cell type, we
compared to the number of PubMed hits found when comparing the cell-specific markers
to the set of all other marker genes. We detected a significant enrichment for astrocytes
(U-test p = 0.003), endothelial cells (p = 2e-14), microglia (p = 1e-9), neurons (6e-5) and
oligodendrocytes (9e-4), with a trend identified for the less commonly studied OPCs (p =
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0.056). When we restricted this analysis to the top 100 most enriched genes within a
single cell type, we detected a significant rank correlation between our cell typeenrichment data and the text mining results for astrocytes (ρ = 0.31, p = 0.002), microglia
(ρ = 0.21, p = 0.035), neurons (ρ = 0.34, p = 4e-4), and oligodendrocytes (ρ = 0.49, p =
2e-7), thus corroborating the difference even among the highest-ranked marker genes for
these cell types (Figure 3). Notably, we detected a no significant relationship for OPCs
(ρ = 0.16, p = 0.10) and endothelial cells (ρ = 0.06, p = 0.55). Endothelial cells are also
widely studied for their function outside of the brain, where they may differ in gene
expression from those in the brain, which may have introduced noise into the rank
correlation result for this cell type. This analysis also allowed us to identify genes
strongly enriched in a particular cell type but not described in the literature for their role
in that cell type (Figure 3). For example, we identified SLC39A12, a gene encoding a
zinc transporter necessary for neural development 250, as highly enriched in astrocytes
across data sets (mean log2 fold-change = 5.23), despite no PubMed abstracts mentioning
this robust association. Considering the reports of dysregulation of SLC39A12 in persons
with schizophrenia251,252, this suggests that the putative dysregulation of zinc processing
in schizophrenia may be associated with astrocytes.
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Figure 3. Correlation of genewise cell type enrichment measures with PubMed text
mining results within cell types.
For each of the six cell types, i.e. the astrocyte (A), endothelial cell (B), microglia (C),
neuron (D), oligodendrocyte (E), and oligodendrocyte precursor cell (F), the top 100
gene symbols most enriched in that cell type are plotted against the number of PubMed
abstracts that mention both that gene symbol as well as the corresponding cell type. The
Spearman correlation between these measures was calculated. Several gene symbols
were chosen for highlighting, including gene symbols that have not been mentioned in a
PubMed abstract with that cell type to date (labeled red). Note that for oligodendrocyte
precursor cells (OPCs), the cell type name used in the PubMed search was
“oligodendrocyte precursor.”
63!
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Comparison of top gene rankings among cell type association measures
We next sought to compare the top 100 genes as measured by each the three cell
type-associated measures in the consensus signatures created across both humans and
mice (Figure 4). As expected due to the similarity of the cell type-specificity and cell
type-enrichment measures, there was a much stronger overlap between cell typespecificity and cell type-enrichment than between either of these measurements and cell
type-absolute expression. However, we found that several of the top 100 most expressed
genes were also found in the top 100 most enriched and most specific signatures for each
cell type, including 26 in microglia (Figure 4). This finding suggests that a non-trivial
portion of the overall RNA content of a particular brain cell type has uniquely high
expression in that cell type. Notably, 19 of the top 100 highest-expressed genes in each
cell type were shared across all 6 cell types, including MALAT1, ACTB, HSPA8, FTH1,
FOS, HSP90AB1, EEF1A1, UBC, RPL4, RPS11, and several mitochondrial genes. These
pan-cell type high-expression genes and their associated products may be maintaining or
mediating processes essential to cellular function across all of the brain cell types.
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Figure 4. Intersections among the top genes for three cell type associated measures consensus
rankings across all cell types.
The top 100 genes ranked across both mouse and human data sets for each of the cell type
measures are intersected using approximately proportional Venn diagrams for each of the
astrocyte (A), endothelial cell (B), microglia (C), neuron (D), oligodendrocyte (E), and
oligodendrocyte precursor cell (F) signatures. The Venn diagrams were generated using the R
package Vennerable (version 3.0). The 5 genes with the top expression values in each of the
cell types that intersect in all three of the top 100 gene sets are listed, with the exception of
OPCs, for which all 7 of the genes with intersections between the three measures are listed.
!

Validating cell type specific markers in bulk RNA expression data
We employed matched RNA and IHC quantification from the frontal white
matter, hippocampus, and temporal and parietal cortices in the Allen Brain Atlas Aging,
Memory, and TBI study 241. We found that the relative proportion of astrocytes and
microglia, as estimated based on the first singular vector of the expression of the top 50
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cell type specific marker genes, had significant rank correlations with the IHC
quantifications for GFAP (rho = 0.48, p = 3.9e-21) and IBA1 (rho = 0.34, p = 2.1e-11),
respectively (Figure 5A-B). When we compared these correlations to those found for the
top 100 ranked individual marker genes for astrocytes and microglia, we found that the
cumulative consensus estimate outperformed the majority of them, thus demonstrating
the practical utility of our multiple marker-based approach (Figure 5C-D). Notably, the
sign was switched for the astrocyte proportion estimate that included only the top 8 and 9
human astrocyte marker genes (Figure 5C), emphasizing the importance of leveraging a
larger set of marker genes, which allows for more robust cell type proportion sign
correction.
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Figure 5. Cell type proportion estimates from bulk RNA expression are associated with
IHC quantifications from the Allen Brain Atlas brain bank.
A-B: Correlation of the 1st PC from the top 50 most specific (i.e., marker) astrocyte (A)
or microglia (B) genes with the immunohistochemistry (IHC) quantifications for GFAP
(A) or IBA1 (B) in the same donors across brain regions. The black line is a result of a
linear model fit to the data, while the grey lines represent 95% confidence intervals. CD: Rho values resulting from the rank correlations of the top 50 marker genes
individually (black dots) as well as the 1st principal component of the cumulative
astrocyte (C) or microglia (D) marker genes (red lines) with the IHC quantifications for
GFAP (C) or IBA1 (D).
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Identification of robust cell type-associated coexpression networks
To interrogate the fundamental interactions of genes within each of the human
brain cell types, we applied MEGENA, a multiscale clustering algorithm, to RNAseq
data from the human Darmanis et al. data set, identifying modules within each cell type
and data set that may correspond to particular subcellular compartments, and/or signaling
pathways. For example, in the neuron network, we identified more than a hundred
modules of coexpressed genes (Figure 6A). Notably, Module #57 is substantially
enriched in neuron-specific genes (FE = 7.3, p = 1.4e-9) and is also enriched in genes
associated with the GO term “neurotrophin TRK receptor signaling pathway” (OR = 6.8,
p = 1.2e-6) (Figure 6B-C). The top hub gene in this module is IL6ST, which encodes a
transmembrane protein that activates the JAK/STAT pathway and has been associated
with neuron growth in human neuroprogenitor cells 253. In networks associated with the
other cell types, we also found modules enriched in genes associated with cell type
marker enrichments and GO terms suggesting cell type-specific activity, including
“glutamate secretion” in astrocytes 254 (Module #19, OR = 24, p = 0.0003), “regulation of
platelet-derived growth factor receptor signaling pathway” in enothelial cells 255 (Module
#24, OR = 261, p = 1.8e-5), “interleukin-6 receptor activity” in microglia 256 (Module
#38, OR = Inf, p = 0.0003), “glucose import” in oligodendrocytes 257 (Module #59, OR =
46, p = 0.003), and “microtubule anchoring at microtubule organizing center” in OPCs 258
(Module #74, OR = 332, p = 3.8e-5). Therefore we suggest that these networks capture
aspects of fundamental cell type-associated pathways in each of the six major brain cell
types.
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Figure 6. Multiscale networks identified within neurons contain several neuron-specific
modules.
A: Multiscale network modules identified using MEGENA in the Darmanis et al.
human neuron-annotated RNAseq samples. Dots represent genes while lines represent
network connections, and dots are colored by their presence in one of several modules.
B: Zoomed-in gene-level network for the genes in Module #57, which is significantly
enriched in the GO term “neurotrophin TRK receptor signaling pathway”. C: The color
bar in the top panel allows each module to be matched to the module colors in the
multiscale network shown in (A). The middle panel shows the enrichment (BenjaminiHochberg adjusted -log10 p-value) of each module in the top 500 most cell type-specific
genes for each cell type in humans that we identified in this manuscript. The bottom
panel shows the most significantly enriched GO term (Benjamini-Hochberg adjusted log10 p-value) for the genes in each of the corresponding modules, along with the GO
enrichment of that same GO term in all the other modules.
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To query the robustness of the Darmanis et al. human networks, we measured the
conservation of these networks in the cell type-specific networks found in each of the
mouse Tasic et al. and Zeisel et al. data sets. We tested the hypothesis that there would be
a higher proportion of modules from the same cell type that have significantly
intersecting genes. Consistent with this hypothesis, we found that a higher proportion of
significant modules were found in human-mouse pairings rather than the off-diagonal
modules in both the Tasic et al. (Figure 7A) and the Zeisel et al. (Figure 7B), with the
exception of oligodendrocyte-OPC pairings, which share many gene expression
pathways, and the Darmanis et al. endothelial and Zeisel et al. microglia pairing.
Importantly, the presence of some modules with significantly intersecting genes between
cells of different types is also expected, because many pathways are shared across brain
cell types. For example, Module #37, a 187-gene module in the Darmanis et al.
multiscale neuron network significantly intersects with at least one other module in each
of the human brain cell multiscale networks including astrocytes (Module #25, FE =!9.7,
p = 2e-08), endothelial cells (Module #5, FE = 5.4, p = 2.1e-07), oligodendrocytes
(Module #4, FE = 9.5, p = 4.5e-9), and OPCs (Module #4, FE = 4.3, p = 2.1e-9), but with
the exception of microglia (Module #2, FE = 4.0, p = 0.1). Consistent with the presence
of this module in most brain cell types, the neuron network Module #37 is not
significantly enriched in neuron-specific genes, and is most enriched in genes associated
with the GO term “respiratory chain complex” (OR = 10, p = 0.0049, Figure 6C), which
is a well-conserved pathway across cell types. The top hub gene in the neuron network
Module #37 is NCOA2, which encodes the transcriptional activator TIF2, a gene that has
been found to regulate mitochondrial respiration in skeletal muscle (21035760). Taken
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together, these results show that the multiscale networks we identified in the scRNAseq
data are robust both across and within cell types.

!

Figure 7. More significant module intersections are found within than between cell
types across human to mouse data set comparisons.
The proportion (between 0 and 0.5) of modules with significant intersections between
MEGENA multiscale models is plotted for the human Darmanis et al. to mouse Tasic et
al. (A) and human Darmanis et al. to mouse Zeisel et al. (B) comparisons. A modulemodule intersection between two cell type-associated multiscale networks was counted
as a significant intersection (or overlap) if its Benjamini-Hochberg-adjusted Fisher’s
Exact Test p-value was < 0.05. To generate proportions for the number of overlapping
modules relative to each mouse cell type module set, the overlap matrix was normalized
by column.
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Discussion
In this study, we sought to compare and contrast five brain cell type RNAseq data
sets that have recently been generated. As expected, we identified strong cell typeassociated differential expression signatures within each of the data sets. We found that
all three of the cell type-associated gene measures that we developed have substantial
overlap between data sets, across both human to murine comparisons and
immunopanning cell population to single-cell comparisons. As expected, genes that were
the most enriched in each brain cell type include well-known cell type marker genes.
However, we also were able to identify potentially novel marker genes that are robustly
enriched in particular cell types across data sets, such as SLC39A12 in astrocytes and
VSTM2A in neurons. By interrogating the overlap of the three cell type-associated
measures, we were also able to identify genes that have both high absolute expression
within a cell type and strong cell type-specific and cell type-enriched expression, which
may be useful in sample quantity-limited settings. We validated the utility of our
collection of cell type-specific marker genes in a postmortem bulk gene expression data
set, finding that individual marker genes may not be reliable in any given data set, while
large sets of top marker genes have higher validity. We next performed multiscale
network modeling of cell types in the scRNAseq data, showing that this approach
captured overlapping subcellular compartments and pathways within cells, and that the
enrichment of the identified modules in our sets of consensus marker genes yields insight
into their cell type-specificity and associated function. Overall, our results substantially
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improve the existing tools for cell type associated analysis for investigators analyzing
both bulk and single-cell RNAseq data in the brain.
One of the major ways that the consensus cell type-associated signatures that we
identified in this manuscript can be used is in cell type proportion estimation and
deconvolution of bulk gene expression data. Cell type deconvolution analysis of bulk
gene expression data from tissues made up of a mixture of cell types, such as the brain, is
of considerable importance because of the large confounding effect of cell type
composition differences in bulk gene expression samples127, and several approaches have
been designed to address it128,129. We adapted a simple eigengene decomposition-based
approach, which has been proposed and validated by CellCODE242, that leverages our
consensus cell type-specific marker genes to estimate surrogate cell type proportions
variables, which we implemented in a freely available R package, BRETIGEA. After
estimation from bulk brain gene expression samples, the surrogate cell type proportion
variables can be used to find the correlation of cell type changes with matched phenotype
data, for example to uncover cell type proportion changes in disease states. The cell type
proportions can also be used as a covariate for adjusting away the effect of brain cell type
proportions on the expression of individual genes, which can be followed by downstream
applications such as differential expression and/or differential correlation analysis. The
entire process of estimating cell type proportions and deconvoluting them out of a bulk
gene expression matrix has been conveniently implemented as a function in BRETIGEA.
Generating scRNAseq samples is alternative way to address this problem, although the
large degree of heterogeneity of cell types necessitates a several-fold increase in the
number of necessary samples, and further there may be biases in the process of single cell
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selection and amplification, which means that bulk RNAseq followed by cell type
proportion deconvolution may still have advantages. Studies designed to directly
compare the relative strengths of both of these strategies in disease or gene perturbation
contexts are warranted.
As an important aspect of our paper is the use of multiple cell type-specific
marker genes to estimate surrogate cell type proportion variables, we offer some
guidelines on how many marker genes should be selected. The major trade-off involved
is quality versus quantity: the highest-ranked cell type-specific markers have the
strongest effects and are among the most robust across data sets, while leveraging a larger
number of marker genes averages away any stochasticity in the expression of individual
genes and any systematic differences in their gene expression across groups, e.g. due to
differences in gene expression between cases and controls. For example, in the Allen
Brain Atlas RNA expression data, we found that individual marker genes and small sets
of marker genes performed less well, while approximately 50 marker genes led to the
best performance. In general, we recommend that investigators use approximately 50
marker genes, which is the default option in BRETIGEA, unless their data only measures
expression from a subset of cell type marker genes, in which case a smaller number of
genes such as 25 may be more appropriate. On the other hand, in performing the
enrichment tests, we used 500 cell type-specific marker genes, because in this context we
were more interested in the statistical power of the enrichment as opposed to precise
numerical cell type proportion estimates, and enrichment tests tend be more highly
powered upon leveraging a larger set of reference genes.
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Our multiscale network modeling within each brain cell type reveals an additional
modality in which cell type-specific marker genes can be of use to investigators. In
particular, we found that analyzing the enrichment of our cell type-specific marker genes
within each of the identified modules was a fruitful way to interrogate their functions.
First, cell type enrichment analysis helped us to identify which modules were likely to be
found within only one cell type, such as the neurotrophin-related module that we
identified in the multiscale neuron network. Second, by identifying which modules were
not enriched for cell type-specific genes, it helped us to identify which modules were
likely to be present in many cell types, such as the pan-cellular respiratory chain
complex-related module we identified, which is likely associated with mitochondria.
Notably, the presence of a mitochondria-associated module makes biophysical sense,
because mitochondria are present in all brain cell types, and the variability in their
abundance within single cells will lead to a correlation in their RNA expression levels
that can be captured by the multiscale network model. Third, it may help to identify
modules that are not truly present within a cell type, but instead are called as such due to
cell type misclassification or microfluidic cell double capture events. Notably, the
presence of such modules may also be due to cell type heterogeneity, which makes their
interpretation challenging. Another way in which our marker genes may be useful is
scRNAseq analysis is in cell type identification, which is often an iterative process
including filtering of the expression matrix for cell type markers and then performing
clustering analysis on that filtered matrix256. Therefore, we suggest that as the field of
functional expression in neuroscience moves increasingly to single-cell RNAseq analysis,
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the use of well-validated cell type marker gene sets such the one we present in this
manuscript will remain useful.
To summarize the gene expression data that we generated, we present a web
visualization tool made using R/Shiny, available at http://celltypes.org/brain/. This tool
allows users to rapidly query the cell type expression patterns of the genes that they are
interested in. Users can choose to log transform the data, view the expression in the main
cell types or sub-cell types, view the exon-level data, and/or download the data to
perform their own analyses. One way that investigators may find this particularly
valuable is in investigating any differences between human and murine gene expression
in brain cells that are relevant in comparative neurobiology. For example, PMP2, which
encodes Peripheral Myelin Protein 2, is highly expressed in astrocytes in both human data
sets (ranked #104 and #172 in absolute expression in the two human data sets), whereas it
has a low expression in all of the murine astrocyte expression signatures (ranked <
#15,000 in absolute expression in astrocytes in all three of the mouse data sets). Because
we analyzed all of the five data sets using an integrated pipeline, it is more likely that any
such major differences that segregate by species are due to biological rather than
technical reasons. In the future, as additional cell type-associated gene expression data
sources become available from the brain and other tissues, we plan to add them to the
website, so that users can further query the robustness of the cell type-associated gene
expression patterns in which they are interested.
We set out to compare and contrast several cell type-specific transcriptome-wide
RNA expression data sets published within the last few years. Using a series of novel
pipelines designed to facilitate meta-analysis, our results suggest that there is a large
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degree of conservation of cell type enrichment across data sets. This conservation is seen
in comparisons between human and mouse data sets, and comparisons between
populations of cell types and isolated single cells. Through the consensus marker genes
that we identified, we designed a procedure for cell type proportion estimation from bulk
RNA expression data, which we validated on gene expression from postmortem brain
tissue. We further generated multiscale networks from the single-cell RNAseq data,
which allowed us to explore and annotate fundamental brain cell pathways. We expect
that our results will be useful to investigators studying the cellular and molecular
operations of the brain across diverse fields of neuroscience.

Tables
Data Set

Species

Data
Type

GEO
accession

#
AST

#
END

#
MIC

#
NEU

#
MOL

#
OPC

Covariates

Darmanis

Human

Single-cell

GSE67835

62

20

16

131

38

18

Total
Features

Zhang
(2016)
Zhang
(2015)

Human

Cell
population
Cell
population

GSE73721

12

2

3

1

5

–

–

GSE52564

2

2

2

2

2

2

–

Zeisel

Mouse

Single-cell

GSE60361

129

137

33

1519

484

–

Tasic

Mouse

Single-cell

GSE71585

50

21

22

1465

42

24

Total
Features,
Tissue, Age
Total
Features

Mouse

Table 1. Summary of RNA expression data sets used in this analysis.
The sample size for each cell type, as well as the covariates included in the differential
expression model, for each of the data sets used in this meta-analysis. Note that these
numbers are calculated subsequent to cleaning and combining of cell populations
originally annotated in each of the data sets, as described in the Methods. A dash
indicates that a cell type was not present in that data set. AST = astrocyte, END =
endothelial cell, MIC = microglia, NEU = neuron, MOL = mature oligodendrocyte, OPC
= oligodendrocyte precursor cell.
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Chapter 4: DGCA: A Comprehensive R Package
for Differential Gene Correlation Analysis with
Application to Alzheimer’s Disease Risk Variants
________________________________________________________________________
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Abstract
Background: Dissecting the regulatory relationships between genes is a critical step
towards building accurate predictive models of biological systems. A powerful approach
towards this end is to systematically study the differences in correlation between gene
pairs in more than one distinct condition.
Results: In this study we introduce an R package, DGCA (for Differential Gene
Correlation Analysis), which offers a suite of tools for computing and analyzing
differential correlations between gene pairs across multiple conditions. To minimize
parametric assumptions, DGCA computes empirical p-values via permutation testing. To
understand differential correlations at a systems level, DGCA performs higher-order
analyses such as measuring the average difference in correlation and multiscale clustering
analysis of differential correlation networks. Through a simulation study, we show that
the straightforward z-score based method that DGCA employs significantly outperforms
the existing alternative methods for calculating differential correlation. Application of
DGCA to the TCGA RNA-seq data in breast cancer not only identifies key changes in the
regulatory relationships between TP53 and PTEN and their target genes in the presence
of inactivating mutations, but also reveals an immune-related differential correlation
module that is specific to triple negative breast cancer (TNBC). Finally, we performed
differential correlation analysis on Alzheimer’s disease (AD) GWAS risk factor SNPs in
RNA expression data from autopsied human brain tissue, in order to learn more about
their possible functional relevance.
Conclusions: DGCA is an R package for systematically assessing the difference in genegene regulatory relationships under different conditions. This user-friendly, effective, and
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comprehensive software tool will greatly facilitate the application of differential
correlation analysis in many biological studies and thus will help identification of novel
signaling pathways, biomarkers, and targets in complex biological systems and diseases.

Introduction
Over the past two decades, a wealth of high-dimensional biological data types
have emerged including microarray, RNA-seq, proteomics, epigenomics, metabolomics,
lipidomics, and many others 259 260. A common use of these data is to gather and compare
samples from multiple conditions, e.g., disease and non-diseased, in an attempt to
identify molecular identifiers (e.g., probes, transcripts, genomic features, proteins,
metabolites, lipids; henceforth, “genes”) that distinguish between different conditions.
Currently, the most common method of comparing samples from different conditions is
differential expression analysis

126,261

. Recently, new methods for detecting differential

co-expression or differential correlation analysis have emerged to gain insights into the
difference in gene-gene relationships between various conditions of interest. Distinct
from differential expression, differential correlation operates on the level of gene pairs
rather than individual genes (Figure 1). Differential co-expression analysis can start with
coexpressed gene modules or clusters based on the similarity of their gene expression in
each condition using WGCNA
statistics between conditions

135

141

and MEGENA
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, GSCA

267

and then computes module overlap

or the average modular differential connectivity

Alternative approaches including DICER
DiffCoEx

230

, and GSNCA

268

263

, DINGO

264

, CoXpress

265

51,262

.

266

,

, SDC

were developed to identify differential co-
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expression relationships between conditions and gene modules in each condition
simultaneously.

Figure 1. An example demonstrating the theoretical difference between differential expression
and differential correlation.
The top panel shows the RNA expression levels for two example genes in two example
conditions. The bottom left panel shows that both of these genes have decreased expression
values from condition A to condition B. On the other hand, the bottom right panel shows that
these genes have positive correlation in condition A but no correlation in condition B, which
could not have been predicted on the basis of the differential expression relationships alone.
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While differential coexpression analysis has proven useful in identifying
significantly different modular connectivity patterns, differential correlation analysis of
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individual gene pairs is far more granular. As an example of such a differential
correlation, RNA levels of the prostate cancer biomarker gene AMACR have been found
to have positive correlation with the tumor suppressor gene PTEN in adjacent normal
tissue samples, but not in prostate cancer tissue samples

269

. Multiple approaches for

identifying differential correlation between individual gene pairs have been developed,
including DiffCorr

270

, EBcoexpress

142

, and Discordant

271

. DiffCorr calculates

correlations in each condition and uses the difference in z-transformed correlation
coefficients to calculate p-values. EBcoexpress uses an empirical Bayesian approach and
a nested expectation-maximization algorithm to estimate the posterior probability of
differential correlation between gene pairs. Discordant fits a mixture distribution of
correlation classes in each condition and uses an expectation-maximization algorithm to
estimate the posterior probability of each differential correlation category 272.
In this manuscript, we introduce DGCA, an R package to identify differential
correlation between gene pairs in multiple conditions. DGCA shares some features with
existing approaches for identifying differential correlation. Like DiffCorr, DGCA
transforms correlation coefficients to z-scores and uses differences in z-scores to
calculate p-values of differential correlation between genes. Like Discordant, DGCA
classifies differentially correlated gene pairs into the nine possible categories. However,
DGCA differs from the existing differential correlation approaches in four key ways.
First, DGCA calculates false discovery rate of differential correlations through nonparametric sample permutation. Second, DGCA can calculate the average difference in
correlation between one gene and a gene set across two conditions. Third, DCGA
integrates with MEGENA to perform multiscale clustering analysis of differential
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correlation networks to identify gene modules (clusters) and hub genes. Finally, DGCA
provides comprehensive downstream functional analysis of differential correlation
structures including visualization, gene ontology (GO) enrichment, and network tools.
To assess the performance of DGCA and the existing methods EBcoexpress and
Discordant in identifying differentially correlated gene pairs, we designed and
implemented a simulation study. Next, we applied DGCA to the breast cancer data from
The Cancer Genome Atlas (TCGA) with and without p53 and PTEN coding mutations.
We identified five genes with a significant change of correlation with TP53 in the p53mutated samples, and two genes with a significant change of correlation with PTEN in
the PTEN-mutated samples. We showed that each gene’s differential correlation with
TP53/PTEN between p53/PTEN wildtype and inactivated samples is uncorrelated with its
differential expression in this data set. By evaluating differential correlations between the
overall correlation matrices, DGCA allowed us to harness additional insights about the
regulatory patterns among TP53’s targets following p53 mutation. We further performed
DGCA on the estrogen receptor-positive (ER+) and triple negative (TN) breast cancer
subtypes in the TCGA breast cancer data and identified key gene ontology categories that
differ in regulation between breast cancer subtypes. By integrating DGCA with the
multiscale clustering approach MEGENA, we identified modules containing key hub
genes that coordinate differential correlations between the two subtypes. We
demonstrated that DGCA/MEGENA can better detect modules than the established
approaches DICER and DiffCoEx in another simulation study. Furthermore, we showed
that a majority of the modules detected by DGCA/MEGENA in the TCGA breast cancer
data were not detected by DiffCoEx or DICER, while a majority of the modules detected
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by either DiffCoEx or DICER were uncovered by DGCA/MEGENA, revealing the
novelty of our proposed module detection approach.

Methods
Differential correlation analysis flow
DGCA has three main inputs including a matrix of gene expression values, a design
matrix specifying conditions associated with samples, and a specification of the
conditions for comparison (Figure 2). Prior to the actual analysis, users have the option
to filter the input expression matrix to remove genes with low expression central
tendency and/or dispersion, since these genes are more likely to have spurious
correlations. Note that central tendency refers to measures of centrality in a distribution,
including the arithmetic mean or median, while dispersion refers to measures of spread in
a distribution, including the standard deviation and the dispersion index (the variance
divided by the mean). To stabilize the variance of sample correlation coefficients in each
condition, the Fisher z-transformation is employed 273,274:
1
!1 + !!
! = !"!#ℎ ! = !"#!
!
2
!1 − !!
where r is the sample correlation coefficient, loge is the natural logarithm function, and
atanh is the arc-tangent hyperbolic function. In this context, the Fisher z-transformation
function serves as a normalizing transformation. The variance of the resulting z-scores
depends on whether the sample correlation coefficient is the Pearson product-moment
correlation coefficient (rp) or the Spearman's rank correlation coefficient (rs)

275

. When

the underlying distribution is assumed to be bivariate normally distributed, the variant
can be calculated by
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where n is the sample size of the calculated correlation. Notably, the variance of the
correlation coefficients in a particular condition could differ due to a different number of
samples or due to missing data in one or both of the genes’ expression measurements.
These equations for the variance have been found to be valid over a wide range of sample
sizes that are common in current biological data sets

275

. Due to the denominator, the

equations require that there are at least 4 samples in each condition considered. The
difference in z-scores (dz) between two conditions can then be calculated by,
!! =

!! − !!
(!!!! − !!!! )

where !!!! refers to the variance of the z-score in condition x. Using the difference in zscores dz, a two-sided p-value can be calculated using the standard normal distribution.
Gene pairs can then be ranked on the basis of their relative strength of differential
correlation.
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Figure 2. Workflow for the Differential Gene Correlation Analysis (DGCA) R package.
Users input a gene expression matrix, a design matrix to specify the conditions, and a
comparison vector to specify which conditions will be compared. DGCA then calculates the
gene pair correlations within each condition, processes these correlation values, and compares
them to build up a difference in correlation matrix. If permutation testing is chosen, DGCA
will perform the same procedure on permuted gene expression matrices. These permutation
samples are used to estimate an empirical false discovery rate. After investigators choose the
significance threshold for differential correlation between conditions (if any) to choose
downstream gene pairs, they can use DGCA’s capacities for visualization, gene ontology
(GO) enrichment, and/or network construction.

!
Multiple hypothesis testing correction
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When testing for differential correlation between gene pairs in genome-wide
experiments, the number of hypothesis tests grows quadratically in the number of genes.
For example, differential correlation analysis of 20,000 genes would require 199,990,000
hypothesis tests. Therefore, DGCA offers several options for adjusting p-values for
multiple hypothesis tests, including the conservative Benjamini-Hochberg p-value
adjustment method

239,276

and the local false discovery rate method

277

. However, even

when using these options, it can be difficult to make intuitive sense of the p-values
returned because the p-values are originally derived from the difference of z-scores
method, which depends on specifying the correct form for the variance of the sample
correlation coefficients, and in turn on the bivariate distribution of the gene expression
values. Therefore, DGCA also offers to generate permutation samples by randomly
shuffling the sample labels across the input conditions and then re-computing the
differential correlation calls. The z-scores from the original and permuted data sets are
used to calculate empirical p-values, using a reference pool distribution approach adapted
from the R package qvalue

184

. These empirical p-values are used to estimate the

proportion of null hypotheses in empirical p-values by extrapolating a linear trend from a
cubic spline fitted over candidate ranges of the tuning parameter lambda

131

. Then, q-

values are calculated based on the empirical p-values and the estimated proportion of null
hypotheses.

Classifying differentially correlated gene pairs
At the most basic level, gene pairs can be classified as having gain of correlation (GOC)
or loss of correlation (LOC) between one condition compared to another. For example, a
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gene pair with ρ = 0.8 in a condition A and ρ = 0.2 in a condition B is defined as having a
gain of correlation in the condition A and a loss of correlation in the condition B. To go
beyond this binary classification, we also determine if two genes are significantly
correlated in each condition or not. By default and throughout this manuscript, the α
threshold for statistical significance of the hypothesis test that the correlation in each
condition is significantly different from zero is defined as p < 0.05, although users can set
different thresholds. This p-value is calculated based on the approximation that the
correlation coefficient follows a t-distribution with n - 2 degrees of freedom, where n is
the sample size of the calculated correlation

278

. The p-values associated with the

hypothesis test of non-zero correlation in each separate condition are not adjusted for
multiple tests by default. Based upon a threshold for correlation significance and the sign
of correlation in each condition (i.e., positive or negative), gene-gene correlations in each
condition can be categorized into 3 classes, i.e. significant positive correlation, no
significant correlation, and significant negative correlation. Therefore, there are 9 classes
for differential correlations between two conditions (Figure 3). DGCA also allows users
to perform downstream analyses of differential correlation classes, including heatmap
visualization and gene ontology (GO) enrichment analysis of the genes in each
differential correlation class.
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Figure 3. Definition of differential correlation classes.
This diagram demonstrates the definition of differential correlation classes used throughout
DGCA in the case of two conditions. The default p-value significance level threshold (α)
parameter setting for the hypothesis test of non-zero correlation in one individual condition in
DGCA and throughout this manuscript is 0.05, although users of DGCA can adjust this
parameter if they choose to. In each condition, gene pairs are defined as having a nonsignificant correlation (p-value < α), a significant and positive correlation (p-value < α,
correlation (ρ) > 0), or a significant and negative correlation (p-value < α, correlation (ρ) < 0).
The Cartesian product of the 3 possible correlation classes in one condition with the 3 in the
other condition yields a total of 9 possible differential correlation classes. Note that,
theoretically, a gene pair with a significant positive correlation in one condition and a nonsignificant correlation in another condition may not be significantly differentially correlated
between these conditions since the correlation class identification is independent of the
differential correlation hypothesis test.
!

Calculating the average differential correlation between gene pairs
It is sometimes useful to measure the difference in average correlations of a gene and a
set of genes between two conditions. DGCA quantifies the median difference in ztransformed correlation coefficients of a gene and a gene set (henceforth, median
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difference in z-score) between two conditions. In this context, a median difference in zscore above 0 indicates a tendency towards a gain of correlation between the given gene
and the gene set in the first condition with respect to the second condition, while a
median difference in z-score below 0 indicates a tendency towards a loss of correlation.
To measure the significance of the median change in correlation, DGCA leverages the
permutation samples to calculate empirical p-values, as illustrated by the following
equation,
!
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where, med refers to the function for the median of the set, i is the gene for which the
median difference in z-score is being compared between conditions, dzij is the difference
in z-transformed correlation coefficients between genes i and j in the two conditions, p
refers to a permutation, and n refers to the total number of permutations. As a
generalization, DGCA also offers to calculate the median difference in z-score between
all gene pairs in two conditions. In this case, in order to calculate a two-sided p-value, the
median is taken over all of the gene pairs using the following equation,
!
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This approach is similar to the modular differential correlation calculation that was
previously described and used 51,262.

Simulated biological data and comparison with EBcoexpress and Discordant
We designed a simulation study to assess the performance of DGCA and the existing
methods EBcoexpress (version 1.12.0) 142 and Discordant (version 0.99.0) 271 at detecting
!
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differentially correlated gene pairs in the presence of noise. We did not compare DGCA
to DiffCorr

270

in the simulation study, since both of these packages use the Fisher z-

transformation and z-score calculation as its underlying algorithm, although DGCA
offers a number of additional options, including permutation testing to quantify the
statistical significance of gene-gene differential correlation. Among the 600 genes in our
simulation study, 300 have high average expression and high dispersion (i.e., are
occasionally “activated” in a biological sense) and 100 have high average expression and
one-fold lower dispersion (i.e., are “housekeeping” genes that are constitutively
expressed), and 200 have substantially lower average expression and high dispersion (i.e.,
genes that in a particular cell or tissue type are “non-expressed”). We built two
covariance matrices to describe the dependence structure of the 179,700 gene pairs in
each condition. We specified these covariance matrices so that 19 gene pairs, for which
both of the genes were in the “activated” gene set, were segregated into each of the 8
differential correlation classes Note that by default all of the gene pairs in the covariance
matrices are set as 0 and the “0/0” differential correlation class means that two
correlations under two conditions are not statistically different and thus it is not specified.
To maintain a positive-definite covariance matrix in the case of negative correlations, we
only set the super- and subdiagonals of the off-diagonals of the covariance matrix to nonzero values. The super- and subdiagonals were set to 0.5 or -0.5 times the variance of a
particular gene pair, corresponding to positive or negative correlation in one condition,
respectively. Because two differential correlation classes, ρ = +/+ and ρ = -/-, do not
specify a difference between correlation between conditions, the number of actually
differentially correlated gene pairs is reduced from 152 to 114. We then simulated the
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mean values for each gene using a negative binomial distribution with a dispersion
parameter of 0.5, and set the mean values of less than one to one. The negative binomial
distribution and its parameters were designed to approximately match the bimodality of
expression means observed in RNA expression experiments 221,279. With the mean values
for each gene as well as the covariance matrix, we simulated multivariate normally
distributed gene expression matrices for various numbers of samples using the R package
MASS

280

. We then employed receiver operating characteristic (ROC) curves

281

to

measure the performance of DGCA and EBcoexpress on detecting the 114 truly
differentially correlated gene pairs out of the total 179,700 gene pairs, for four different
numbers of simulated samples in each condition, i.e., n = 10, 30, 50, 70, 90, and 100. We
ran the simulation 5 times in order to estimate the standard error of the area under curve
(AUC) statistics in the ROC curves. To estimate the statistical significance of the
difference in performance between these methods, we used Student’s t-test to compare
their AUCs at various sample sizes. We adjusted the p-value threshold required to call a
comparison as significantly different for the number of simulated cases (n = 6; p < 0.05 /
6 = 0.00833).
Of the six types of differential correlation in this simulation study, 38 truly
differentially correlated gene pairs had a strong difference (|Δρ| = 1) in correlation
coefficient between conditions, while 76 had a medium difference (|Δρ| = 0.5) in
correlation coefficient between conditions. We measured the accuracy of each of the
methods to distinguish truly differentially correlated gene pairs for both the strong and
medium difference classes, using the same comparison approach as in the full simulation
experiment. For the simulations with n = 30 simulated samples, we also plotted
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representative ROC curves for each class, to visualize the ability of each of the
differential correlation R packages to detect truly differentially correlated gene pairs in
each of the 6 differential correlation classes. R code for this simulation study is available
online (see “Availability and requirements”).

Data processing for applications using breast cancer RNA expression data
We applied DGCA to the breast cancer RNA-seq data from The Cancer Genome Atlas
(TCGA)

282

under two scenarios: a) the samples with and without a p53/PTEN mutation

and b) the estrogen receptor-positive (ER+) samples and the triple negative (TN)
samples. The level 3 RNAseqV2 data of breast cancer in the TCGA data portal first went
through a log(x+1) transform, then was quantile-normalized, and finally was corrected
for age, batch, race, and gender using a linear regression approach. For the differential
correlation analysis of p53/PTEN, this RNA expression data was filtered to contain only
genes previously described as within p53/PTEN pathways (described below), but
underwent no expression filtering. For the differential correlation analysis between ER+
and triple negative breast cancer, RNA expression data was filtered to remove genes in
the bottom 25th percentile of median expression and/or dispersion index of expression
(described below), but underwent no filtering for specific gene sets.

Differential correlation of p53/PTEN targets in normal and p53-/PTEN-mutated breast
cancer tumor samples
Somatic mutation data was obtained from TCGA-curated mutations (Washington
University School of Medicine curated mutation calling). We identified a set of RNA
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expression samples with and without a) a non-silent p53 DNA mutation and b) a nonsilent PTEN DNA mutation. For the p53 analysis, we next filtered these RNA expression
matrices to contain only genes that contain a p53 response element
Molecular Signatures Database (MSigDB) p53 hallmark gene set
downstream target of p53 in the Pathway Interaction Database

284

285

283

, are in the

, and/or are a

. For the PTEN

analysis, we filtered the RNA expression matrices to only contain genes that are in the
Biocarta PTEN pathway

286

, the Sigma-Aldrich PTEN pathway

287

, and/or have been

identified in physical interactions with PTEN by affinity capture, as curated via Biogrid
288

. We then calculated the differential Spearman correlations on this filtered RNA

expression matrices between the p53/PTEN mutated and non-p53/non-PTEN mutated
breast cancer samples. For p53 only, we used the signType argument in DGCA to restrict
the difference in z-score calculation between conditions to positive correlations, since
p53 is a transcriptional activator and we reasoned that negative correlations with TP53
are less likely to be biologically meaningful. Notably, the signType argument in DGCA,
which refers to the differential correlation sign type (i.e., direction), can also be used to
restrict the difference in z-score calculation between conditions to negative correlations if
users are interested in only considering negative correlations as non-zero when assessing
the difference in correlation between conditions. To assess the significance of the
difference in gene-gene correlations, we generated empirical p-values via 10,000
permutations. For p53, we further visualized the global difference in correlations among
p53-associated genes using the DGCA heatmap visualization, which builds on the gplots
R package (version 2.17). We then visualized the gene-gene correlation matrix in each
condition, and calculated both the median change in correlation for each gene and the
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median change in correlation for all gene pairs between the conditions, using 1000
permutations to quantify the significance.

Differential correlations in RNA expression data from estrogen receptor-positive
compared to triple-negative breast cancer samples
For the data from the ER+ and TN breast cancer samples, we removed the genes in the
bottom 25th percentile of median expression and/or dispersion index of expression. Note
that the dispersion index is calculated as the ratio of the variance divided by the mean.
We measured the differences in Pearson correlation between all pairs, using 5
permutations to quantify the significance of the difference in correlation, and identified
genes with q-value < 0.05 for downstream analysis. Upon identifying the significantly
differentially correlation gene pairs, we first collapsed these gene pairs to identify the
genes uniquely present in gene pairs with a gain of correlation in one condition compared
to the other, and used the DGCA wrapper function to perform gene ontology (GO)
enrichment analysis based on the GOstats R package (version 2.34)

243

and org.Hs.eg.db

GO annotation R package (version 3.1.2). For the GO enrichment analysis, we used
genes identified in gene pairs with q < 0.01, since this greater specificity yielded a larger
set of genes uniquely present in only one of the two differential correlation conditions. To
compare the GO enrichment between the two conditions, we first filtered for those GO
terms with between 50 and 600 gene symbols with a nominal significant p-value (< 0.05)
in at least one of the conditions. We next took the log of the ORs, since log ORs converge
more rapidly to a normal distribution. We then calculated the standard error for the log
ORs in each condition, using the following equations 289,
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where, n11 is the number of genes in the intersection between a gene signature and a GO
term, n12 is the number of member genes in the GO term but not in the gene signature, n21
is the number of genes in the signature but not in the GO term, and n22 is the number of
genes in the universe but not in either group. In order to quantify the significance of the
difference in the log ORs in each group, we used the following equation,
!=
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where, OR1 and OR2 refer to the log odds ratio of the enrichment in conditions 1 and 2,
respectively, while z refers to the z-score of the difference in log ORs. We then
calculated the associated p-value from the z-score using the cumulative distribution
function for the standard normal distribution. For each GO term type (i.e., Biological
Process (BP), Cellular Component (CC), and Molecular Function (MF)), we adjusted
these p-values using the Benjamini-Hochberg false discovery rate (FDR) method. We
chose the top 5 terms in each group with FDR < 0.05 for visualization.
Next, we used the MEGENA R package (version 1.3)

230

to first build a planar

filtered network (PFN) from significantly differentially correlated gene pairs (q < 0.05)
and then identify multiscale gene modules in the PFN. We used the absolute value of the
z-score for the difference in correlation between conditions as the network weights, and
after calculating the perfuse forced network, we also normalized these weights, to follow
the convention that network weights fall between 0 and 1. Next, we identified modules
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and hubs, using the default MEGENA parameters values, including module significance
threshold of p < 0.05, a hub detection significance threshold of p < 0.05, 100 network
permutations, and a module size of between 50 and 800. We then calculated the odds
ratios of the enrichment of correlation class edges in each module using the
hypergeometric test, and adjusted the enrichment p-values for each correlation class using
the Benjamani-Hochberg method. Further, we performed the enrichment of GO terms in
each modules using the GOstats R package
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and org.Hs.eg.db GO annotation R

package and adjusted the resulting p-values for all GO terms in each module with the
Benjamini-Hochberg method. We visualized two of the networks derived from
differential correlation modules using Cytoscape and created interactive versions of them
via CyNetShare.

Comparison to alternative module detection approaches
We sought to compare DGCA/MEGENA to two approaches to differential correlation
module detection, DiffCoEx

290

and DICER

263

. For DiffCoEx, we downloaded the R

script that the authors released in their Supplementary materials and used the same
method and set of R commands they used therein. For DICER, we downloaded the Java
executable file from the author’s website (http://acgt.cs.tau.ac.il/dicer/) on 8/21/2016 and
ran it using Java v. 1.8.0_66. We designed a simulation study to assess the performance
of different approaches for detecting differentially correlated modules. This simulation
study uses many of the same parameters as our previous simulation study of differentially
correlated gene pairs but has several unique features. First, instead of individual gene
pairs that vary in correlation between conditions, we designated two modules of 30 genes
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each, a fraction of the pairs of which were positively correlated in one of the conditions
but had no correlation in the other. In the simulation, we changed the fraction of
positively correlated gene pairs in a module, defined as the network connectivity κ, from
κ = 0.5 to 1, in increments of 0.1. Further, to ensure positive-definite covariance matrices,
we set the numerical tolerance to 0.4 in simulating each of the multivariate normally
distributed gene expression matrices. Because this numerical tolerance moderated the
strength of the correlation difference between conditions, we increased the strength of
correlated gene pairs to 0.9 in the positively correlated condition. Notably, we used the
default 10 permutations and q-value threshold of 0.05 for DGCA in the simulation study
to identify differentially correlated gene pairs as input to MEGENA for module detection.
To be consistent with DICER, the minimum module size was set to 15 for both
MEGENA and DiffCoEx. For each of the 10 simulation runs, we computed the highest
sensitivity (i.e., the size of the detected module intersection with the true module) for all
modules with less than 50 members for each module detection method. In each
simulation run, we also computed the highest Jaccard index (i.e., the size of the
intersection of the detected and modules divided by the union) for all modules for each
module detection method. In the case that no modules were detected by a method, a
pseudo-module comprised of all the genes in the simulation study was assigned, leading
to a Jaccard index of 0.05 (30/600). We then compared the sensitivity statistics and
Jaccard indices of all simulation runs between the methods at each network connectivity
fraction and number of samples using a t-test.
We next compared the module detection methods in terms of their performance
on the same set of filtered genes for ER+ and TN breast cancer RNA expression data as
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used by the DGCA/MEGENA pipeline. We first assess the relevance of the sets of
modules identified by the three methods through the enrichment test for five gene
signatures characterizing these breast cancer subtypes under study. The modules from
each method were filtered by size to retain modules with greater than 25 and less than
1000 members. The five gene sets used were a set of genes associated with ER+ breast
cancer in multiple data sets 291, a set of genes associated with TNBC in multiple data sets
292

, a set of genes associated with ER signaling curated from several data sets 284,285,293-298,

KEGG Cell Cycle genes, and KEGG DNA Mismatch Repair genes

293

. The Benjamini-

Hochberg adjustment method was used to correct the enrichment p-values for multiple
testing, and we used an FDR threshold of 0.3 for all the enrichments of the gene sets. We
then tested how the modules detected by one method are conserved in each other method
based on a significance threshold (p < 0.05) of the Benjamini-Hochberg adjusted Fisher’s
Exact Test (FET) enrichment p-value. A module is defined as unique to a method if it
does not significantly overlap with any module identified by any other method. This
procedure allowed us to determine the proportion of modules specific to each of the three
methods or in any pairwise comparison of modules.

Application to Alzheimer’s disease GWAS risk variants
We re-analyzed matched RNA expression and SNP array data from the Harvard Brain
Tissue Resource Center (HBTRC) consisting of 376 late-onset Alzheimers disease
(LOAD) brain samples as well as 173 nondemented (ND) brain samples, harvested from
the cerebellum (CRB), dorsolateral prefrontal cortex (BA9; henceforth, PFC), and visual
cortex (BA17; VC), which has been previously described51 (GEO: GSE44772). We
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compared the positive RNA expression correlations of 9 AD GWAS risk genes with all
other unique gene symbols measured in the array data set in the presence and absence of
their cis-eQTLs, that have been strongly associated with AD in a previous GWAS study
4

. The DNA data was processed in order to identify the SNPs using Plink (v. 1.07). We

used 100 permutation samples in order to identify dcQTL signatures, using an FDR
cutoff of 0.2. In order to find the enrichment of these signatures in brain cell types, we
used a set of 500 human brain cell type marker genes for each of the six major brain cell
types, which we derived from a meta-analysis in a separate study (Chapter 3). As above,
in order to learn about the biological pathways involved for each of these signatures, we
used the DGCA wrapper function to perform gene ontology (GO) enrichment analysis
based on the GOstats R package (version 2.34)
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and org.Hs.eg.db GO annotation R

package (version 3.1.2). We filtered for GO terms with between 50 and 500 symbols for
analysis, and chose the top 3 terms in each group with FDR < 0.05 for visualization.

Results
Simulation study to measure the accuracy of detecting differential correlation
DGCA is an R package designed to detect differences in the correlations of gene
pairs between distinct biological conditions. We first developed a simulation study to
confirm that DGCA can accurately detect differential correlation relationships between
gene pairs. Specifically, we designed an in silico experiment with 600 genes and 114
differentially correlated gene pairs out of 179,700 total gene pairs. Thirty eight of the
truly differentially correlated gene pairs had a strong difference (1) in correlation
coefficient between conditions, while 76 had a medium difference (0.5) in correlation
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coefficient between conditions. The accuracy of DGCA increased as the number of
simulated gene expression samples in each condition increased (Figure 4A-D). DGCA
also demonstrated significantly higher accuracy under these simulation conditions than
Discordant with and without use of the Fisher z-transformation for n = 30, 50, 70, 90, and
100 samples (two-sided Student’s t-test, p-value < 0.0083), although the two packages
did not significantly differ in accuracy at n = 10 samples (Figure 4E). DGCA
demonstrated significantly higher accuracy in the simulation study than EBcoexpress at
all of the sample sizes tested (Figure 4E). Furthermore, DGCA was substantially faster
than the other two methods (Table 1).
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Figure 4. Comparing DGCA to alternatives in the differential correlation simulation study.
A-D: Representative receiver operating characteristic (ROC) curves show the ability of
DGCA, EBcoexpress, and Discordant with and without the use of the Fisher z-transformation
(FT) to accurately detect truly differential correlated gene pairs at different simulated sample
sizes in each condition, including n = 10 (A), n = 30 (B), n = 50 (C), and n = 100 (D). Black
lines show the ROC curves of DGCA, while blue lines show the ROC curves of EBcoexpress,
red lines show Discordant without the Fisher transformation, and orange lines show
Discordant with the Fisher transformation. E: Comparison of area under curve (AUC)
statistics for 5 runs of the simulation study using each of the methods at different numbers of
samples, where errors bars represent the standard error of the mean. Asterisks indicate a
Bonferroni-adjusted significant difference in the AUCs (p < 0.0083) between DGCA and each
of the other methods, tested using a two-sided t-test.
!

At n = 30 samples, all three methods more accurately detected gene pairs with

strong difference in correlation than gene pairs with medium difference in correlation, but
there were no major differences within methods between correlation classes within the
strong or medium groups (Figure 5A-C). All the methods have similar power to detect
gene pairs with strong differences in correlation at any of the sample sizes tested (Figure
5D). For medium strength gene pairs, DGCA does not significantly differ from
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Discordant at n = 10 and 30 in terms of accuracy, but outperforms Discordant at n = 50,
70, 90, and 100, while DGCA outperforms EBcoexpress at all sample sizes tested

Figure 5. Comparing DGCA to alternatives segregated by the strength of correlation
difference. A-C: Representative receiver operating characteristic (ROC) curves show the
ability of DGCA (A), EBcoexpress (B), and Discordant (with the use of the Fisher ztransformation) (C) to accurately detect truly differential correlated gene pairs in each of the
six differential correlation classes that specify a difference in correlations between conditions,
as well as when comparing all gene pairs with a gain in correlation (GOC) or a loss of
correlation (LOC) in one condition compared to the other, at a sample size of n = 30. D-E:
Comparison of area under curve (AUC) statistics for 5 runs of the simulation study using each
of the three methods at different numbers of samples, where errors bars represent the standard
error of the mean, segregated to only those gene pairs with a strong difference in correlation
(absolute value of difference in ρ = 1; D) or segregated to only those gene pairs with a
medium strength difference in correlation (absolute value of difference in ρ = 0.5; E).
Asterisks indicate a Bonferroni-adjusted significant difference in the AUCs (p < 0.0083)
between DGCA and each of the other methods, tested using a two-sided t-test.
!

(Figure 5E). Therefore, DGCA outperforms the two established approaches,
EBcoexpress and Discordant, in our simulation study.
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Differential correlation of p53 targets in normal and p53-mutated breast cancer tumor
samples
We downloaded RNA-seq data of breast cancer samples with and without nonsilent p53 DNA mutations from TCGA (n = 590 non p53-mutated samples, n = 254 nonmutated samples), and corrected the data for known covariates. We chose this data set
because the ability of p53 to affect the expression of its downstream targets is known to
be altered following p53 mutation

299 300

. We filtered the RNA-seq data to select 295

genes in the data set as the p53 signature that have previously been associated with p53
283-285

. Since p53 is known to be a transcriptional activator, we restricted our analysis to

positive correlations with TP53 in the two groups (see Methods). We then quantified the
significance of these differential correlation relationships using permutation testing. We
identified five genes that have a significant (q < 0.05; corresponding to nominal p-value
0.0098) change in correlation with TP53 in the group of samples with p53 mutations
(Figure 6; Table 2). Two of these are due to a loss of correlation following p53 mutation
(GNB2L1, RPS12), while three are due to a gain of correlation (TSC22D1, CDKN1A,
DGKA). The gene with the strongest loss of correlation with TP53 is GNB2L1 (a.k.a.
RACK1), a ribosomal gene whose expression is strongly predictive of breast cancer
outcome

301

. CDKN1A, a well-established transcriptional target of p53 that encodes the

protein p21, demonstrated an increased correlation with TP53 in the group of samples
with p53 mutations, possibly reflecting compensatory p53-independent transcriptional
activation of CDKN1A 302.
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Figure 6. Expression correlations of five genes with TP53 in samples with and without p53
mutations. Expression values for genes from breast cancer samples without p53 mutation, or
p53 wildtype (WT; red, n = 590), compared to samples with non-silent p53 coding mutations
(blue, n = 254). For each gene pair, the expression of TP53 is on the x-axis, while the
expression of GNB2L1 (A), RPS12 (B), CDKN1A (C), TSC22D1 (D), and DGKA (E) are on
the y-axis. For visualization purposes, a linear model was fit to the data in each comparison,
with the grey lines representing 95% confidence intervals. This visualization was made using
a DGCA wrapper function to the ggplot2 R package.

!

105!

We further explored the relationship between differential correlation and
differential expression. We performed differential expression analysis on these genes
using the R package limma. We then calculated the Spearman correlation between the
magnitude of differential expression (measured by the t-statistic) and the differences in
positive correlation values with TP53 for all of the genes. Although these two measures
trended in the same direction, they had no significant correlation between them (ρ = 0.08,
p-value = 0.15; Figure 7A). Because this lack of correspondence may have been
influenced by our restriction to differences in positive correlations, we also measured the
correlation between differential expression and differential correlation with TP53 across
all the correlations, and found no correlation in that case either (ρ = 0.06, p-value = 0.30;
Figure 7B). The lack of correlation corroborates our theoretical claim that differential
expression and differential correlation are complementary approaches to identifying
differences in gene expression between conditions.
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Figure 7. Comparing differential expression and differential correlation with TP53 in samples
with and without p53 mutations. For each gene, we plot both DGCA’s calculated differential
correlation z-score between that gene and TP53 in p53 non-mutated breast cancer samples and
p53-mutated samples (x-axis), as well as limma’s differential expression t statistic for that
gene’s differential expression between the same p53 wildtype samples and p53-mutated
samples (y-axis). When differential correlation z-scores are calculated on positive correlation
values only (A), the Spearman correlation between these two measures is not significant (ρ =
0.08, p-value = 0.15), and when differential correlation z-scores are calculated across all
correlation values (B), the Spearman correlation between these two measures is also not
significant (ρ = 0.06, p-value = 0.30). The blue line represents a linear model of the best fit,
with the grey lines representing 95% confidence intervals, computed using ggplot2.
!

To gain more insights into the overall change in correlation structure in RNA
expression matrices between p53-mutated and p53-non-mutated breast cancer samples,
we used DGCA to visualize the all gene pair correlations in both conditions (Figure 8).
Genes in this heatmap are ordered by their median z-score correlation difference with all
of the other genes in the filtered set between the two conditions, without the restriction to
positive correlations. When we quantified the difference in correlation between all gene
pairs using permutation testing, we identified a global loss of correlation between p53mutated and p53-wildtype samples (median difference in z-score (dz) = -0.06, p = 0.007),
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suggesting that p53 mutations decrease the correlations among the p53 signature genes.
Because visual inspection of the heatmap indicated that a subset of genes tended towards
gain in correlation while others tended towards a loss in correlation, we used permutation
testing to measure whether each gene’s median change in correlation was more extreme
than expected, and adjusted the resulting empirical p-values for multiple hypothesis
testing. Using this approach, we identified genes with significant changes in median
correlation in p53-mutated samples (Table 3). Notably, the transcription factor FOXA1
has a gain in correlation with the other genes in the p53 signature in the p53-mutated
breast cancer samples (median dz = 0.48, p < 1e-4). This suggests that FOXA1 may play
a role in transcriptional compensation following p53 mutation, which is consistent with
the finding that FOXA1 binding sites are enriched in p53 binding sites

303

. On the other

hand, the transcription factor ATF3 has a loss of correlation with the other genes in the
set (median dz = -0.67, p < 1e-4), which is consistent with its highly synergistic role with
p53 in mediating transcription 304 and ability to directly bind to and suppress mutant p53
305

. LDHB also has a strong loss of correlation in p53-mutated samples (median dz = -

0.56, p < 1e-4). Since LDHB (lactate dehydrogenase B) is a marker of highly glycolytic
cancers 306, its broad dysregulation following p53 mutation may reflect the disrupted role
of p53 in regulating glycolytic activity 307. These examples highlight the ability of DGCA
to parse out the individual components of the differential correlation structure between
conditions.
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Figure 8. Differential correlations between the genes in the p53 pathway in p53 non-mutated
and p53-mutated breast cancer samples. The top panel shows a histogram of the correlation
values pooled between both conditions that also demonstrates the color schema used to
indicate the expression correlation strength for each gene pairs. The bottom panel shows a
heatmap of correlation values in the two conditions. The bottom left panel shows the
correlation of gene pairs in the non-p53-mutated breast cancer RNA-seq samples, while the
upper right panel shows the correlation of gene pairs in the samples with (non-silent) p53
mutations. The diagonal is marked black as each gene’s self-correlations from both conditions
are omitted. Genes are ordered by the median difference of z-score in correlation between that
gene and all of the other genes present in both the rows and columns. This plot was made
using the DGCA wrapper function to the gplots R package.
!
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Differential correlation of PTEN targets in normal and PTEN-mutated breast cancer
tumor samples
We used a similar approach to measure the differential correlation of genes known to be
associated with PTEN following PTEN DNA mutation, using the same processed breast
cancer RNA expression data as we used for p53. PTEN is typically considered a tumor
suppressor, and its role in breast cancer pathogenesis has been suggested to be related to
loss of PTEN protein activity 308. We filtered the RNA-seq data to select 66 genes in the
data set as the PTEN signature that have previously been associated with PTEN 286-288.
Because PTEN was not considered as a transcriptional activator, we did not restrict the
correlations to positive values prior to calculating differential correlations as we did for
p53 (see Methods). We identified two genes with a significant gain in correlation with
PTEN in breast cancer samples with PTEN mutations (n = 27) compared to samples
without PTEN mutations (n = 816), FASLG and IPCEF1 (Table 4, Figure 9A-B).
FASLG encodes Fas ligand, which induces apoptosis upon binding to Fas, and
polymorphisms in which contribute to breast cancer risk 309. Fas signaling typically
activates PTEN as a part of its promotion of apoptosis 310. The expression of Fas and
PTEN have previously been found to be negatively correlated in prostate cancer 311,
consistent with the negative correlation we identify between PTEN and FASLG in the
PTEN wildtype breast cancer samples, suggestive of negative regulation at baseline. In
the absence of PTEN protein activity, activation of Fas may lead to compensatory
increased transcription of PTEN in a failed attempt of negative regulation, perhaps
mediated in part by microRNA-21 312, thus inducing a strong positive correlation between
the expression of these two genes. IPCEF1 encodes a scaffold protein involved in signal
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transduction downstream of growth factors and Ras 313. IPCEF1 is less well-studied, so
its differential correlation with PTEN in the presence of PTEN mutations may provide a
way to study its function. We next examined the relationship between differential
expression and differential correlation with respect to PTEN. As in the case of p53, there
is no correlation between the genes differentially expressed between the groups with and
without PTEN mutations and the genes differentially correlated with PTEN (ρ = 0.13, p =
0.29; Figure 9C).
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Figure 9. Summary of differential correlation results of PTEN in samples with and without
PTEN mutations. A-B: Expression values for genes from breast cancer samples without PTEN
mutation, or PTEN wildtype (WT; red, n = 816), compared to samples with non-silent PTEN
mutations (blue, n = 27). For each gene pair, the expression of PTEN is on the x-axis, while
the expression of FASLG (A) and IPCEF1 (B) are on the y-axis. For visualization purposes, a
linear model was fit to the data in each comparison, with the grey lines representing 95%
confidence intervals. C: For each gene, we plot both DGCA’s calculated differential
correlation z-score between that gene and PTEN in PTEN non-mutated breast cancer samples
and PTEN -mutated samples (x-axis), as well as limma’s differential expression t statistic for
that gene’s differential expression between the same PTEN non-mutated samples and PTEN mutated samples (y-axis). The correlation between the two measures is not significant (ρ =
0.13, p = 0.29). The blue line represents a linear model of the best fit, with the grey lines
representing 95% confidence intervals.
!

Global differential correlations between estrogen receptor-positive and triple-negative
breast cancer samples
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We next sought to use DGCA to make a global comparison of gene expression
correlation patterns between estrogen receptor-positive (ER+) and triple-negative (TN)
breast cancers in TCGA (n = 625 ER+ samples, n = 89 TN samples). We filtered out
genes in the bottom 25th percentile of median expression and/or dispersion index of
expression, which yielded a total of 10,530 genes. We found the difference in Pearson
correlations among all of these gene pairs across the two conditions, and identified
520,907 differentially correlated gene pairs at q-value < 0.05 (corresponding to nominal
p-value < 3.1e-4) between the ER+ and TN breast cancer gene expression samples. We
first measured gene ontology (GO) of the genes in gene pairs with a gain of correlation in
ER+ samples to the GO enrichment of genes found in gene pairs with a gain correlation
in TN samples, but found no significant differences in the GO term enrichments between
groups, likely due to the small number of unique genes in each category (n = 49 genes
found uniquely in gene pairs with a gain of correlation in ER+ samples and n = 45
corresponding genes for TN samples). However, by restricting to the 97,644 gene pairs at
q < 0.01 (corresponding to nominal p-value < 7.3e-6) for specificity, we were able to
perform GO enrichment on a larger set of genes unique to gene pairs with a gain of
correlation in ER+ samples (n = 1201 genes) or a gain correlation in TN samples (n =
1320; Figure 10). Genes in gene pairs with a gain of correlation in ER+ samples were
enriched in the GO term vasculature development (ER+ OR = 1.5, FDR of difference
with TN = 1.6e-4), which makes sense in light of the finding that ER+ breast cancer
samples harbor a relatively high proportion of blood vessels in the tumor environment 314.
Further, genes in ER+ specific gene pairs were enriched in calcium ion binding (OR =
1.5, FDR = 0.008), which is consistent with the ability of calcium to stimulate estrogen
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receptor-alpha expression and mimic estrogen

315,316

. On the other hand, genes in gene

pairs with a gain of correlation in TN samples were enriched in the GO term negative
regulation of viral life cycle (TN OR = 4.9, FDR = 0.006), which may be explained by
reports that a subset of TN breast cancers are associated with viral infection

317

.

Surprisingly, despite the presence of multiple gene sets related to estrogen-regulated
genes in the GO annotation set employed, including "estrogen receptor activity" and
"estrogen receptor binding", none of these were identified as significantly enriched in
differentially correlated gene pairs unique to ER+ or TN samples. This may be because
changes in the correlations of ER-responsive genes with other genes occur in both ER+
and TN samples, suggesting that DGCA can pull out novel biology for further
investigation.
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Figure 10. Gene ontology enrichment of genes associated with gain or loss of correlation in
ER+ samples compared to TN. Genes identified as members of gene pairs with a significant
gain in correlation (q < 0.01) in the estrogen receptor-positive (ER+) samples compared to the
triple negative (TN) breast cancer samples were used as inputs to gene ontology (GO)
enrichment analysis in GOstats. GO terms with less than 50 or greater than 600 gene symbol
members were filtered out included for the purposes of interpretability. Odds ratios for the GO
enrichment of terms were compared between these two groups, and p-values were adjusted
using the Benjamini-Hochberg method for each GO term category to yield false discovery
rates (FDR). Up to 5 GO terms enriched in one of the groups compared to the other at FDR <
0.3 are shown. No terms from the “Molecular Function” GO term category portion passed this
FDR threshold and are therefore not shown. This plot was made using the DGCA wrapper
function to the plotrix R package.
!

In order to identify coherent subnetworks and hub genes constituted by
differential correlations, we integrated DGCA with MEGENA (Multiscale Embedded
Gene Co-expression Network Analysis)
!

230

and used the set of 520,907 gene pairs found
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at q < 0.05 as inputs to Planar Filtered Network (PFN) construction. MEGENA projects
candidate interactions onto a topological sphere and parses the resulting planar filtered
network into multiscale modules (subnetworks) defined at multiple resolutions, and has
been shown to effectively reconstruct gene regulatory networks

230

. The resulting planar

filtered network had 16,737 edges, from which we identified 25 modules using multiscale
clustering analysis (Figure 11).

Figure 11. Planar filtered network of differentially correlated genes. Gene pairs with a
significant change in correlation (q < 0.05) in estrogen receptor-positive (ER+) compared to
triple negative (TN) breast cancer samples were to construct a planar filtered network shown
here. The modules identified at p < 0.05 in this network with between 100 and 800 members
are identified with distinct colors. This plot was made using Cytoscape (version 3.2.1).
!
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We measured the enrichment of the edges in these modules in each of the
differential correlation classes, and further found their most enriched GO terms (Figure
12). We first focused on the module with the strongest enrichment of edges with positive
correlation in the ER+ samples and no correlation in the TN samples (Module 11; OR =
2.5, p = 4.2e-7), which is most enriched in the GO term vasculature development (OR =
4.2, p = 1.3e-13). We also used MEGENA to identify hub genes (at FDR < 0.05) in this
module, which revealed that CYYR1, FAM171A1, PROS1, CCDC3, GJC1, REM1, and
CAV1 are its hub genes (Figure 13). The locus at CYYR1 encodes seven or more CYYR1
alternatively spliced isoforms as well as an antisense gene with high expression
variability across tissue types

318

. Our data suggests that CYYR1 drives and/or is

associated with a strong reprogramming of transcription in ER+ compared to TN breast
cancer samples. We next focused on the module with the strongest enrichment of edges
with negative correlation in ER+ samples and positive correlation in TN samples
(Module 13, OR = 2.3, p = 2.4e-8), which is also significantly enriched in edges with no
correlation in ER+ samples and positive correlation in TN samples (OR = 1.7, p = 0.005).
This module is most enriched for the GO term immune response (OR = 4.6, p = 7.9e-17),
consistent with reports of the relatively strong role of the immune system in mediating
TNBC

319-321

. The hub genes identified in this network are NAGS, JADE2, DRAM1,

PTGER2, and PROB1 (Figure 14). Notably, the protein product of JADE2 has been
found to act as a ubiquitin-ligase to regulate the activity of the histone demethylase LSD1
in neuronal differentiation

322

, suggesting that it may play a role in shifting the immune-

related epigenetic landscape in TNBC samples. Interactive figures for these two
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differential correlation networks are available online (see “Availability and
requirements”).

Figure 12. Enrichment of GO terms and differential correlation classes in the multiscale
modules. This plot displays the enrichments of each of the multiscale modules (whose sizes
are between 100 and 800 members) in the ER+ vs TN differential correlation network. The
left panel shows the enrichment (Benjamini-Hochberg adjusted -log10 p-value) of edges in
each of the differential correlation (DC) classes in each of the modules. The right panel shows
the most significantly enriched gene ontology (GO) term (-Benjamini-Hochberg adjusted log10
p-value) for the genes in each of the corresponding modules, along with the GO enrichment of
that same GO term in all the other modules. This plot was made using a DGCA wrapper
function to R package ggplot2.
!
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Figure 13. The differential correlation module most enriched in gene pairs that gain in
correlation in ER+ breast cancer. This module of genes was identified using MEGENA and
chosen for downstream analysis because it was most enriched for the gene pairs with positive
correlations in ER+ breast cancer but no significant correlation in triple negative (TN) breast
cancer. Node size and gene symbol text size are proportional to the number of connections for
each gene. Edges are colored according to the differential correlation class (see Legend), while
edge weight is proportional to the absolute value of the z-score for the difference of
correlation between ER+ and TN breast cancer samples. This plot was made using Cytoscape
(version 3.2.1).
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Figure 14. The differential correlation module most enriched for the gene pairs that gain
correlation in TN breast cancer. This module of genes was identified using MEGENA and
chosen for downstream analysis because it was most enriched for the gene pairs that were
positively correlated in TN breast cancer but were either negatively or not significantly
correlated in ER+ breast cancer. Node size and gene symbol text size are proportional to the
number of connections for each gene. Edges are colored according to the differential
correlation class (see Legend), while edge weight is proportional to the absolute value of the
z-score for the difference of correlation for that gene pair between ER+ and TN breast cancer
samples. This plot was made using Cytoscape (version 3.2.1).
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Evaluation of differential correlation module detection approaches
To evaluate the performance of DGCA/MEGENA in detecting differential
correlations, we first compared it to two established methods, DiffCoEx
263

290

and DICER

, using a simulation study. In this simulation, we designed two differential correlation

modules of 30 genes each, out of a total of 600 genes. In each module, a fraction of gene
pairs (ranging from κ = 0.5 to 1) have significant positive correlations in one condition
but no significant correlation in the other. For each of the true modules across various
numbers of simulated samples (n = 100 to 400), we identified the top sensitivity and
Jaccard index statistics of the modules detected by each method and then compared them
(Figure 15). DGCA/MEGENA identified modules with significantly higher sensitivity
and Jaccard indices than DiffCoEx and DICER in all the simulation conditions that have
κ < 1 (t-tests, all unadjusted p-values < 0.05), with the exception of the Jaccard index
comparison with DICER at κ = 0.9, n = 400 samples (p = 0.25). In the extreme condition
where all the gene pairs are differentially correlated (κ = 1), DiffCoEx identifies modules
with higher Jaccard indices (p-values < 0.05) but not higher sensitivities than
DGCA/MEGENA at all sample sizes, while DICER identifies modules with higher
sensitivities and Jaccard indices than both methods at n = 200, 300, and 400 (t-tests, all
unadjusted p-values < 0.05). However, even under the limited condition of κ = 1, the
practical performance difference between DGCA/MEGENA and the other two methods
is very small. In contrast, DiffCoEx and DICER usually failed to identify the
differentially correlated modules under the more general conditions (κ < 0.9). In
summary, DGCA/MEGENA demonstrated the best performance in detecting differential
correlation modules under the more general simulation conditions.
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Figure 15. Performance comparison of DGCA/MEGENA, DICER and DiffCoEx in detecting
differential correlation modules. In the simulation study, 30 genes were assigned to each
module, within which a fraction (κ) of the gene pairs had differential correlation, where κ
varied from 0.5 to 1 across simulation runs. We also simulated different sample sizes in each
condition (n = 100, 200, 300, and 400). The highest sensitivity (A; dots = means, lines =
standard errors of the mean) and Jaccard index (B) between the detected and true modules
were calculated and averaged for each differential correlation module detection method (black
= DGCA/MEGENA, blue = DICER, red = DiffCoEx) across independent runs of the
simulation study. For calculating the Jaccard index, in the case that no modules were detected
by a method, the method was assessed as choosing one module comprising all of the genes in
the simulation study, for a Jaccard index of 0.05 (30/600), indicated by the dotted horizontal
line. Each Jaccard index mean is calculated from ten simulation runs and two true modules per
run. Note that a small x-axis offset has been applied to prevent overplotting.
!
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We next examined whether the differential correlation modules identified by
DGCA/MEGENA on the ER+ and TN breast cancer RNA expression differed from those
identified by DiffCoEx

290

and DICER

263

. Although these alternative methods do not

automatically specify gene-gene links or identify hub genes, they do also identify
differentially correlated gene modules. We first counted the number of modules identified
by each method that were significantly enriched (FDR < 0.3) in five gene sets chosen
because of their importance in breast cancer (Figure 16A). We found that
DGCA/MEGENA identified the most modules significantly enriched in genes associated
with ER+ breast cancer and estrogen receptor (ER) signaling, while DGCA/MEGENA
and DICER tied in the number of modules significantly enriched in TNBC genes, and
DICER identified the most modules significantly enriched in the KEGG terms Cell Cycle
and Mismatch Repair. We then identified the modules unique to each method. We found
the proportion of modules for each method that were not significantly enriched in any of
the modules by one (off-diagonals, by column) or either (diagonals) of the other methods
(Figure 16B). DGCA/MEGENA identified a higher proportion of unique modules
compared both pairwise and globally to the existing methods DiffCoEx and DICER.
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Figure 16. Comparison of modules detected with DGCA/MEGENA to those detected with
DiffCoEx and DICER. A: The number of modules significantly enriched (Fisher’s Exact Test;
FDR < 0.3) that were detected by each of DGCA/MEGENA (red), DiffCoEx (green), and
DICER (blue) in five different gene sets selected for their relevance to breast cancer. B: The
proportion of modules detected by each of the three methods that are not significantly
enriched in (i.e., do not overlap with) any of the modules detected by one (off-diagonals) or
both (diagonals) of the other methods, by Fisher’s Exact Test, Benjamini-Hochberg adjusted
p-value < 0.05. Columns labels denote the reference method compared; e.g., 62% of
DGCA/MEGENA-detected modules do not significantly overlap with modules detected by
either method, and 78% of DGCA/MEGENA-detected modules do not significantly overlap
with any DICER-detected modules.
!
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Application of differential correlation to interrogate the function of Alzheimer’s
disease genetic risk variants
In order to explore an additional application of DGCA, we leveraged an approach
to understand the effects of genetic variant analysis, which we denote as a “dcQTL”, for
“differential correlation quantitative trait locus.” Specifically, we interrogated the
differences in positive correlations with 8 SNP/risk allele pairs that are all genome-wide
significant AD GWAS risk factors 4, including one SNP combination that maps to
multiple genes (rs10498633 and SLC24A4/RIN3), and one SNP (rs190982 and BIN1) that
is in linkage with the reported risk SNP (rs6733839). We found that each of these
SNP/risk allele pairs induced substantial differential correlation gene (DCG) signatures
with at least 20 genes at FDR < 0.2 between samples with and without at least one risk
allele, with the exception of the MEF2C signatures (no DCGs in either direction), and the
risk variant loss of correlation signature for PICALM (13 DCGs) and FERMT2 (2 DCGs).
We found that for two of the dcQTL signatures identified, there was a significant gain of
correlation in microglia marker genes in the presence of the risk allele, namely RIN3 (FE
= 15.2, p = 2e-44; Figure 17) and FERMT2 (FE = 11.4, p = 4.2e-18), consistent with
previous findings for a role of microglia activation in the pathogenesis of AD 51. We also
found that for the BIN1 dcQTL, BIN1 was more correlated with neuron genes in the
presence of the risk allele (FE = 3.4, p = 0.001), whereas BIN1 was more correlated with
genes associated with exocytosis in the absence of the risk allele (OR = 52.4, p = 0.001).
We expect that this strategy of studying the effect of non-coding variants may prove a
fruitful avenue for further research.
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Figure 17. Enrichment analysis of dcQTL signatures from Alzheimer’s disease GWAS risk
variants. The top panel shows the enrichment (BH-adjusted -log10 p-value) of genes with a
gain or loss of positive correlation (GOC for gain of correlation, LOC for loss of correlation)
in the presence or absence of at least one risk allele in human signatures for six major brain
cell types. The bottom panel shows the enrichment (BH-adjusted -log10 p-value) of those same
signatures in the three most enriched gene ontology categories for each of the signatures.
!

Discussion
The R package DGCA developed by this study is a powerful new tool for
querying the regulatory relationship of gene pairs under different conditions. DGCA is
applicable to a wide range of input data types, including microarray data, tissue-level or
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single-cell RNA-seq data, proteomic data, methylation data, and metabolomic data. In
general, DGCA can be used to compare the correlations between features from both
continuous- and count-based data types. Users input a gene expression matrix with gene
identifiers in rows and samples in columns, a design matrix specifying which samples
correspond to which conditions, and a vector specifying the conditions to be compared.
In our differentially correlated gene pair simulation study, DGCA significantly
outperformed EBcoexpress and Discordant in terms of accuracy and speed. When we
applied DGCA to the RNA-seq data from the TCGA breast cancer samples with and
without p53 mutations, we identified p53 pathway genes that had significant changes in
correlation with TP53 between the p53-mutated samples and those without p53
mutations. We revealed that p53 mutations altered the correlation patterns between the
p53-pathway genes. We also studied the effect of non-silent PTEN DNA coding
mutations, and showed that these mutations led to differential correlation between PTEN
and two genes that it has been found to interact with. In the future, we will examine
additional genes such as MYC, KRAS, and ERBB2 in breast cancer and other cancers.
One of the limitations of our differential correlation approach to studying p53
mutations in breast cancer is that there is a wide variety in the functions of p53-mutations
299

and our approach averaged over many of them. As the sample size of the available

data increases, it would be valuable to perform differential correlation on groups defined
by individual p53 mutations or classes of p53 mutations. Given a larger sample size
allowing for factorial analyses in differential correlation, it would also be interesting to
consider both the effect of heterozygous deletions of the short arm of chromosome 17
that contain the p53 gene, which is often seen in combination with p53 coding mutations
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323

. This would allow investigators to study whether TP53 gene dosage affects p53

activity, especially because some but not all p53 coding mutations are able to act in a
dominant-negative manner 324. Another factor we will consider in future studies is MDM2
gene amplification, which can also modulate the activity of p53 300.
DGCA fits in well with the growing suite of tools available in the R statistical
programming ecosystem for analyzing gene expression data, and can be used
synergistically with a number of them. For example, as demonstrated empirically in this
study, differential correlation is complementary to differential expression for discovering
differences in gene expression between conditions. Differential correlation as a
complement to differential expression is particularly apt in the case that the expression of
a regulatory gene (e.g., a transcription factor) has its activity altered in one of the
conditions without fully abrogating its expression, as is often the case for DNA mutations
in tumor cells. However, differential correlation can be applied more broadly as well; for
example, in discovering differences in the pathways that genes participate in between
tissues and cell types. Differential correlation is also complementary to module detection
approaches, such as MEGENA, as was shown in this manuscript through a comparison of
estrogen receptor-positive breast cancer to triple-negative breast cancer. By using the
finely-grained DGCA method, our approach was able to identify individual differential
correlations between key gene pairs, and use them to create “bottom-up” differential
correlation network modules. Further, differential correlation of individual gene pairs
works particularly well downstream of higher-level module detection approaches, such as
WGCNA, to perform “top-down” identification of modules with significant differential
correlation. This is because parsing up the input gene expression matrix into smaller sets
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is often critical in order to make sense of the millions or even billions of gene pair
combinations that can be analyzed in a typical RNA expression data set. In order to add
further to the R programming gene expression analysis suite, future directions for
improving DGCA include detection of linear changes in correlation across more than two
conditions and integration with differential expression to define genes with differential
wiring across conditions 325.
Aside from integration of DGCA and MEGENA, there are several alternative
approaches available to identify modules of differentially correlated genes between
conditions. One of the earliest studies to address this problem identified gene sets that led
to the largest difference in an additive model that scored co-expression of genes in each
condition
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. This model-based approach allowed for an efficient search for gene sets

that are co-expressed in one condition but not the other. A distinct approach called
CoXpress first uses hierarchical clustering to identify groups of genes that are
coexpressed across conditions, and then leverages sample permutations to measure
whether each of these gene sets is significantly differentially coexpressed between
conditions 265. A separate approach called SDC (Subspace Differential Correlation) uses a
biclustering approach to identify gene sets that are differentially coexpressed in subsets of
each of two conditions 266. DiffCoEx calculates dissimilarity scores between gene pairs in
two or more conditions, and then uses leverages the WGCNA approach to identify
modules based on this dissimilarity matrix
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. An approach called DICER (Differential

Correlation in Expression for meta-module Recovery) first calculates a probabilistic score
for genewise differential correlation between conditions
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, and then performs

hierarchical clustering on these differential correlation scores to identify modules of
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differential correlation, as well as meta-modules of modules that demonstrate differences
in correlation across conditions. Another class of approaches also quantifies differential
coexpression between conditions given an initial collection of gene sets, including Gene
Set Co-expression Analysis (GSCA)

267

and Gene Sets Net Correlations Analysis

(GSNCA) 268.
The module detection method described in this manuscript differs from all of
these methods in that it does not set out solely to identify modules, but rather to identify
individual gene pairs links with significant differentially correlations between conditions.
Using this empirically identified set gene pairs, we demonstrated how integration with
MEGENA, which has been previously shown to outperform alternatives in co-expression
network construction
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, can be used to construct a planar filtered network and identify

informative modules. This integration allows for visualization of the individual
differential correlation links and their differential correlation classes, as well as the
identification of hub genes within each module, which to the best of our knowledge none
of the existing methods offer. Notably, DGCA is also complementary with several of the
previously described approaches, since DGCA offers functions to calculate the average
correlation difference across conditions within a module of genes, both averaging across
all genes in the module and averaging across one gene compared to all other genes in the
module.
We further sought to comprehensively assess the performance of the differential
correlation modules identified by DGCA/MEGENA in comparison with the two most
similar methods, DiffCoEx and DICER. First, in our simulation study for detecting
differentially correlated modules, DGCA/MEGENA consistently outperformed DiffCoEx
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and DICER under the more general simulation settings, whereas DGCA/MEGENA has
comparable performance with DiffCoEx and DICER under the more extreme
circumstance in which a vast majority of gene pairs are differentially correlated. This
result makes sense in light of the fact that DGCA/MEGENA adopts a “bottom-up”
approach by first identifying differentially correlated gene pairs and then detecting
modular structures, whereas DiffCoEx and DICER employ a “top-down” approach that
relies more heavily on a consistent relationship between many gene pairs within a module
across conditions. Therefore, DGCA/MEGENA works well under a wider range of
circumstances where DiffCoEx and DICER miss many less densely connected modules.
Next, we found that all three of the methods identified differential correlation modules
that were significantly enriched for gene signatures related ER+ and triple-negative breast
cancer subtypes, though DGCA/MEGENA and DICER identified the most relevant
modules. A limitation of this analysis is that although enrichment of disease-relevant
gene sets as a proxy for efficacy in different coexpression module detection has been
used before
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, it is unclear whether a more sensitive approach to disease-associated

module detection is necessarily better when considering the possibility of false positives.
Therefore, the problem of optimal differential coexpression module detection on realistic
biological data awaits future study, including the identification of a gold-standard data set
to compare across methods in an unbiased and biologically meaningful way. However,
DGCA/MEGENA identified the highest proportion of unique modules and this strongly
suggests that DGCA/MEGENA does represent a novel method for differential correlation
module detection. Thus, DGCA/MEGENA increases the diversity of options for this type
of analysis.
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As an important aspect of DGCA is the use of permutation samples to assess the
statistical significance of differential correlations, we offer some guidelines for the use of
this approach. It is important to distinguish between permutation analyses that use pooled
empirical null distributions as opposed to analyses that use empirical null distributions
from each gene or gene pair

327

. For pooled approaches, fewer permutations are needed

because information is shared across gene pairs; for example, given a 10,000 gene data
set and five permutations, the differential correlation of each actual gene pair is compared
to 249,975,000 permuted gene pairs in order to estimate empirical null p-values.
However, this vastly increases the memory footprint required for empirical p-value
calculation and q-value estimation. Perhaps as a result, some investigators have used only
one permutation of the data in such analyses
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. If these memory constraints limit the

number of permutations possible, we suggest that a reasonable approach is to repeat the
analysis. For example, we repeated the ER+ vs TN breast cancer differential correlation
analysis three times and found that the number of significantly identified differentially
correlated gene pairs at both q < 0.05 and q < 0.01 were within acceptable limits (within
30% of one another) for the purpose of downstream analyses on gene sets. Although the
above reasoning applies to cases with many gene pairs, heavy filtering of the input data
and/or differential correlation calculations of only one gene compared to all others leads
to far fewer empirical null statistics. For example, five permutations of the 295 gene pairs
for the p53 differential correlation analysis would lead to only 1475 permuted gene pairs
for use in estimating empirical null p-values, which is why we used more permutations
(10,000) in this case. Non-pooled approaches are commonly used on the data sets with
reduced dimensionality, such as the module level, or in our case, in the comparison of the
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average correlation of each gene compared to all other genes in two conditions. Nonpooled permutation approaches commonly use on the order of 100 or 1000 permutations
328,329

, and we use 1000 permutations to balance interpretability with computational

efficiency. Notably, the number of permutations in non-pooled approaches delineates a
clear lower bound on the empirical p-value that can be ascertained from the analysis.
Overall, the number of permutations used in DGCA for pooled reference distributions
depends on the total number of empirical gene pairs under consideration, while for nonpooled reference distributions it depends on the desired sensitivity of the lower bound of
empirical p-values.
Despite the theoretical advantages of studying differences in the correlation of
key gene pairs between conditions, differential coexpression or differential correlation is
not yet widely utilized, partially due to the lack of effective and biology-oriented
software packages that enable biological meaningful findings. Our R package, DGCA,
provides a comprehensive and user-friendly tool for not only calculating differential
correlation between two conditions but also performing a number of downstream
functional analyses including categorization of differential correlations, identification of
multiscale differential correlation clustering structures, detection of key differential
correlation hubs, and enrichment tests of functional pathways in differential correlation
categories and clusters. Our differentially correlated gene pair and module detection
simulation studies show that DGCA and DGCA/MEGENA perform favorably compared
to the existing alternative methods. Our application to breast cancer data demonstrates
that DGCA is capable of unlocking novel insights into real biological problems. This
user-friendly, effective, and comprehensive software tool will greatly facilitate the
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application of differential correlation analysis in many biological studies and thus will
help identification of novel signaling pathways, biomarkers, and targets in complex
biological systems and diseases.

Table 1. Speed measurements for DGCA, Discordant, and EBcoexpress across in the
simulation study. The time (in seconds) for each analysis tool to take an input gene
expression data with 600 genes and the given number of samples and output a table of
differential correlation predictions for all 179,700 gene pairs. For DGCA, speed times
both with and without 10 permutations (the default number of permutations in DGCA)
are shown. These numbers were calculated from 5 runs of the simulation study,
representing the arithmetic mean +/- the standard error of the mean across the
simulations.
Number of
DGCA
DGCA (10 Perm.) Discordant
EBcoexpress
Simulated
Execution
Execution Time
Execution
Execution Time
Samples
Time (s)
(s)
Time (s)
(s)
10
2.4 +/- 0.2
18.2 +/- 0.2
259.1 +/- 33.1
2625.5 +/- 271.8
30
2.6 +/- 0.2
17.4 +/- 0.2
293.5 +/- 17.5
282.6 +/- 34
50
1.9 +/- 0.2
16 +/- 0.7
266.3 +/- 28.3
260.9 +/- 36.9
70
2 +/- 0.1
17.1 +/- 0.3
240.4 +/- 1.3
222.4 +/- 2
90
1.9 +/- 0.1
18.6 +/- 0.3
210.3 +/- 17.3
1983.9 +/- 126.2
100
2.1 +/- 0.2
15.9 +/- 0.7
246.8 +/- 34.5
2479.1 +/- 380.8
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Table 2. Differential correlations of genes with TP53 between non p53-mutated and
p53-mutated samples. The output of running DGCA on the p53 pathway gene set in the
breast cancer RNA-seq samples, comparing correlations of these genes with TP53 in p53wildtype samples to correlations in p53-mutated samples, using the option to consider
only positive correlations in calculating differential correlation between conditions. The
top 20 gene pairs are shown here. The “Classes” column indicates the correlation class of
each of the gene pairs where, e.g., “+/0” indicates a significant (q < 0.05) positive
correlation in the p53-wildtype samples and no significant correlation in the p53-mutated
samples. Note that the significance for the correlations within each condition is not
adjusted for multiple comparisons. 10,000 permutation samples were generated in order
to estimate empirical p-values, using a pooled reference distribution approach, from
which q-values were calculated. WT = Wildtype, Mut. = Non-silent p53 mutation.
Gene
p53 WT
p53 Mut. z-score
Empirical q-Value
Classes
Cor.
Cor.
p-Value
GNB2L1
0.257
0.01
-3.25
3.81E-05 0.008
+/0
RPS12
0.231
-0.002
-3.02
0.0001
0.009
+/0
TSC22D1
-0.027
0.227
2.97
0.0001
0.009
0/+
CDKN1A
0.019
0.227
2.73
0.0004
0.02
0/+
DGKA
0.057
0.252
2.58
0.0007
0.03
0/+
CARM1
0.172
-0.036
-2.24
0.0025
0.091
NonSig
DDB2
0.025
0.191
2.16
0.0033
0.094
NonSig
TNFRSF10B 0.194
0.034
-2.09
0.0043
0.094
NonSig
RPL18
0.158
-0.01
-2.05
0.0049
0.094
NonSig
ATF3
0.004
0.161
2.04
0.0051
0.094
NonSig
PYCARD
0.205
0.05
-2.04
0.0051
0.094
NonSig
TAX1BP3
0.305
0.156
-2.03
0.0052
0.094
NonSig
EI24
0.154
-0.007
-1.99
0.0059
0.097
NonSig
TNFRSF10C 0.179
0.03
-1.94
0.0069
0.097
NonSig
CCNG1
0.149
-0.092
-1.93
0.0072
0.097
NonSig
PML
0.016
0.163
1.92
0.0076
0.097
NonSig
CREBBP
0.153
0.006
-1.91
0.0077
0.097
NonSig
ABAT
0.145
-0.037
-1.88
0.0085
0.102
NonSig
NOL8
0.228
0.089
-1.85
0.0094
0.107
NonSig
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Table 3. Median differences in correlation among p53 pathway genes between non
p53-mutated and p53-mutated samples. The top 20 genes by their median difference in
correlation for each gene and all other genes in the p53 pathway gene set between non
p53-mutated and p53-mutated breast cancer RNA-seq samples. 1000 permutation
samples were generated in order to estimate empirical p-values for each gene, which were
then adjusted by the Benjamini-Hochberg method to control the false discovery rate
among this set of genes.
Gene
Median z-Score
Empirical pAdjusted p-Value
Difference
Value
SERPINB5
-0.730683588
p<1e-4
p<1e-4
ATF3
-0.666702829
p<1e-4
p<1e-4
FAS
-0.590308897
p<1e-4
p<1e-4
ARID3A
0.584112447
p<1e-4
p<1e-4
RPS12
-0.565836003
p<1e-4
p<1e-4
SPHK1
-0.56379232
p<1e-4
p<1e-4
LDHB
-0.562303813
p<1e-4
p<1e-4
MET
-0.527886541
p<1e-4
p<1e-4
CX3CL1
-0.511204357
p<1e-4
p<1e-4
KRT17
-0.504964779
p<1e-4
p<1e-4
FOXA1
0.482088394
p<1e-4
p<1e-4
IGFBP3
-0.438982138
p<1e-4
p<1e-4
MAP4K4
-0.436176474
p<1e-4
p<1e-4
NOTCH1
-0.610467618
0.001
0.013409091
PMS2
0.535342391
0.001
0.013409091
MLH1
0.52374045
0.001
0.013409091
EGFR
-0.515311146
0.001
0.013409091
FOXO3
-0.499303329
0.001
0.013409091
PPP1R15A
-0.487186159
0.001
0.013409091
TADA2B
0.480724824
0.001
0.013409091
Table 4. Differential correlations of genes with PTEN between non PTEN-mutated
and PTEN-mutated samples. The output of running DGCA on the PTEN pathway gene
set in the breast cancer RNA-seq samples, comparing correlations of these genes with
PTEN in PTEN-wildtype samples to correlations in PTEN-mutated samples. The top 20
gene pairs are shown here. The “Classes” column indicates the correlation class of each
of the gene pairs. Note that the significance for the correlations within each condition is
not adjusted for multiple comparisons. 10,000 permutation samples were generated in
order to estimate empirical p-values, using a pooled reference distribution approach, from
which q-values were calculated. WT = Wildtype, Mut. = Non-silent PTEN mutation.
PTEN
PTEN
Empirical
Gene
z-score
q-Value
Classes
WT Cor. Mut. Cor.
p-Value
FASLG
-0.076
0.628
3.816
0.0003
0.015
-/+
IPCEF1
-0.012
0.627
3.511
0.0008
0.021
0/+
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PIK3CD

0.015

0.52

2.63

0.01

0.169

NonSig

FBXW7
STUB1
WWP2
MAPK3
AKT1
BCAR1
NCOA3
PARK7
CBL
MVP
SOS1
ANAPC5
PIK3R1
RBL2
CDC27
SLC9A3R1

0.0001
-0.075
-0.107
0.013
0.077
-0.025
-0.055
-0.001
0.069
0.215
0.022
-0.068
0.309
0.109
0.002
-0.065

0.433
-0.473
-0.482
-0.379
-0.28
-0.369
0.272
-0.301
0.36
-0.082
0.299
0.195
0.065
0.338
0.239
-0.267

2.177
-2.06
-1.965
-1.934
-1.71
-1.696
1.566
-1.453
1.444
-1.414
1.343
1.246
-1.193
1.139
1.131
-0.975

0.031
0.041
0.051
0.054
0.087
0.09
0.116
0.144
0.147
0.155
0.176
0.209
0.229
0.251
0.254
0.323

0.381
0.381
0.381
0.381
0.492
0.492
0.573
0.587
0.587
0.587
0.62
0.65
0.65
0.65
0.65
0.65

NonSig
NonSig
NonSig
NonSig
NonSig
NonSig
NonSig
NonSig
NonSig
NonSig
NonSig
NonSig
NonSig
NonSig
NonSig
NonSig
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Chapter 5: Multiscale oligodendrocyte network
modeling reveals mechanisms of myelin pathology
in Alzheimer’s Disease
________________________________________________________________________
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Abstract
Oligodendrocytes (OLs) and myelin are critical for normal brain function and
they have been implicated in neurodegeneration. Several lines of evidence including
neuroimaging and neuropathologic data suggest that AD may be associated with
dysmyelination and a breakdown of OL-axon communication. In order to understand this
phenomenon on a molecular level, we systematically interrogated OL-enriched gene
networks constructed from large-scale genomic, transcriptomic, and proteomic data in
human AD postmortem brain samples. The robust OL coexpression networks that we
identified were highly enriched for genes associated with AD risk variants, such as BIN1,
and demonstrated strong dysregulation in AD. We corroborated the structure of the AD
OL coexpression and causal networks through analyzing ablations of the key network
driver genes UGT8, CNP, MYRF, and PLP1, which identified interaction targets of the
key drivers that may be relevant to AD. Further, we found that mice with genetic
ablations of Cnp mimicked aspects of mitochondrial and myelin gene dysregulation seen
in hippocampal samples from patients with AD. In summary, this study built and
systematically validated the first comprehensive molecular blueprint of OL dysregulation
in AD, and identified key OL- and myelination-related genes and networks as potential
candidate targets for the future development of AD therapies.
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Introduction
Alzheimer’s disease (AD) is a neurodegenerative disease causing a progressive
dementia that affects approximately 1/6th of people in the US age 75 and above330.
Although the number one risk factor for AD is advanced age, the reason for this remains
unknown146,331. A wealth of evidence has emerged over the past decade to support the
role of non-neuronal cells, especially astrocytes and microglia, in amyloid beta (Aβ)
processing and AD pathogenesis332-334. Although less well studied, several lines of
evidence have suggested that dysregulation of OLs and associated dysmyelination might
be important in AD pathology. For example, human neuroimaging studies have shown
that white matter changes occur early in AD and are predictive of disease status167,335,336.
In particular, MRI studies have detected white matter volume atrophy in multiple brain
regions prior to changes in gray matter in AD progression337-339. Further, post-mortem
human pathological studies have demonstrated that the pattern of neurofibrillary tangle
deposition in AD is strongly correlated with the developmental pattern of myelination,
with late-myelinated axonal tracts substantially more vulnerable to degeneration in
AD171,340. Recent reports have highlighted the importance of OLs and myelin metabolic
function for axonal health and transport capacity173,205-207,341,342, thereby suggesting the
possibility that OL-driven axonal damage could precede a secondary dys- or
demyelination in the pathogenesis of AD. To investigate the hypothesis of
oligodendrocyte dysregulation in AD, we sought to employ a detailed molecular and
systems-level analysis to provide a molecular substrate for the potential role of OLs in
mediating the initial axonal damage.
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In this study, we systematically examined and validated OL-enriched gene
networks to uncover key genes and molecular signaling circuits of oligodendrocytes in
AD. We built upon AD-associated and OL-enriched networks constructed in a previous
study of genetic, gene expression, and pathophysiologic data in late-onset AD51. We
constructed a union of the three OL-enriched modules from a multi-tissue AD
coexpression network and found that it was strongly enriched for AD risk factor genes. In
particular, our OL-enriched consensus module includes genes encoding proteins
associated with Aβ-production PSEN1 and BACE1, as well as the AD risk factor genes
BIN1, PSEN1, PICALM, and UNC5C4,343-345. We next built coexpression networks from a
large-scale proteomics data set, identifying a strong loss of coordination among proteins
in the most OL-enriched network, an interaction of this dysregulation and dementia
status, as well as a downregulation of key OL network genes, including BIN1. We then
used the OL modules to construct regulatory networks and found that the topological
structures of our OL-enriched networks were validated through in vitro and in vivo
perturbations of the predicted key regulatory genes in the networks. Further,
transcriptomic analysis of cortical and cerebellar tissues isolated from mice with a genetic
ablation of three top key driver genes (Ugt8, Cnp, and Plp1) recapitulated key aspects of
the dysregulation in gene pathways related to myelination that are seen in human AD
gene expression samples from the hippocampus and prefrontal cortex. In particular, the
Cnp knockout mouse DEG signatures mimicked gene expression changes in hippocampal
samples, both on the pathway and individual gene level. Our data suggest that
dysregulation of OLs in general and CNP in particular may play a key role in driving
AD-associated gene expression changes.
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Methods
Oligodendrocyte network construction from AD data and key driver analysis
We re-analyzed data from the Harvard Brain Tissue Resource Center (HBTRC)
consisting of 376 late-onset Alzheimers disease (LOAD) brain samples as well as 173
nondemented (ND) brain samples, harvested from the cerebellum (CBM), dorsolateral
prefrontal cortex (BA9; henceforth, PFC), and visual cortex (BA17; VC), which has been
previously described51 (GEO: GSE44772). Based upon the HBTRC AD data, we
previously built up a multi-tissue weighted gene co-expression networks using
WGCNA51,135. In order to find the AD OL-specific modules, we tested the enrichment of
each module for the gene signatures specifically expressed in OLs. To do this, we
employed data from mouse experiments, and found the genes most highly expressed in
myelinating OLs compared to the non-OL cell types3. Three modules, one with probes
primarily from each brain region studied, were found to be by far the most strongly
enriched for the OL gene signature. We therefore refer to these as the region-specific
oligodendrocyte coexpression network modules. We further inferred an interaction
network for each OL-enriched and region-specific gene module by integrating gene
expression and DNA genotypic data as previously described346. Specifically,
relationships between genes in each coexpression module were inferred based on
conditional independence tests of gene expression in a Bayesian framework, and the
presence of more eSNPs associated with a gene were used as priors to break Markov
equivalence137. We refer to each of these networks as the region-specific OL-enriched
Bayesian interaction networks. For robustness, we combined the genes in the three
region-specific coexpression networks into a core OL gene set (COLGS), merged the
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three brain region-specific Bayesian interaction networks by a set union of directed links
into a core OL-enriched Bayesian interaction network (COLBN). In order to identify key
regulatory genes in this interaction network, we then performed key driver analysis on
COLBN134,347, which uses network connectivity to infer regulatory importance scores for
genes.
Enrichment of brain coexpression modules in AD GWAS risk factor genes
In order to find the enrichment of COLGS and other coexpression modules in
Alzheimer’s risk factor genes, we converted the International Genomics of Alzheimer’s
Project (IGAP) GWAS SNP-level data set4 to gene-level p-value calls using VEGAS2348,
and used the genes with significant association at a nominal p < 0.05 for further analysis.
We then measured the enrichment of this 543 AD GWAS risk factor gene set in the 62
overall qualifying multiscale AD modules with at least 50 genes using Fisher’s Exact
Test (FET).
Proteomics data analysis from PFC human postmortem brain samples
Grey matter brain samples in 50 mg aliquots were harvested from the prefrontal
cortex (PFC; Brodmann Area 10) from the autopsied brains of persons with a wide range
of cognitive status at the time of death, ranging from no cognitive impairment to
dementia, as well as a wide range of Braak scores, from 0 to 6. Liquid chromatographytandem mass spectrometry (LC-MS/MS) was used to measure the abundance of peptides
in each brain sample, from which a protein-level quantitation was estimated using
MaxQuant (v1.5.3.30). We used WGCNA to define modules of proteins in the
proteomics data, with a soft-thresholding power coefficient of 3. We next annotated these
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modules based on their relative FET enrichment in the human homologues of genes
specifically expressed in each of the five major mouse brain cell types.
Within the yellow module, we performed modular differential connectivity
analysis in order to assess the overall difference in between samples classified as non-AD
(Braak 0-2) and AD (Braak 5-6), calculated using the mean difference in z-scores option
in DGCA145 (v. 1.0.1), with 10,000 permutation samples to assess significance. We used
a Student’s t-test to measure differences in average expression between conditions, using
the qvalue R package 184 to estimate false discovery rates in the context of the multiple
hypothesis tests. We next used DGCA to perform differential correlation analysis of
clinical dementia rating (CDR) scores with protein expression levels between AD and
non-AD cases. For testing susceptibility to dementia in the presence or absence of AD
neuropathology, we restricted the analysis to positive correlations, and for testing
protection from dementia, we restricted the analysis to negative correlations, using the
signType argument in DGCA. We used 10,000 permutation samples to calculate
statistical significance.
Generating in vivo mouse genetic perturbation signatures
Animals. Use of animals in this research was strictly compliant with the
guidelines set forth by the US Public Health Service in their policy on Humane Care and
Use of Laboratory Animals, and in the Guide for the Care and Use of Laboratory
Animals. All animal procedures received prior approval from the Institutional Animal
Care and Use Committee at Icahn School of Medicine at Mount Sinai.
Tissue Collection For each of the control and knockout model mice of the three
key drivers, mice of either sex were sacrificed at postnatal day 20 and brains were flash-
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frozen until analysis. The frontal cortex (FC) and cerebellum (CBM) were dissected out
and individually processed.
RNA isolation and reverse transcription. RNA was isolated using Trizol reagent
(Invitrogen, CA) and cleaned using RNeasy Mini kit (Qiagen, CA). Ribosomal RNA was
removed from the samples using Ribo-Zero rRNA Removal Kit (Illumina, CA).
Approximately 500 nanograms of total RNA was used in cDNA library construction with
the TruSeq RNA Sample Prep Kit (Illumina, CA), followed by RNA sequencing using an
Illumina HiSeq2000.
Read mapping and quantification of RNAseq data. RNA-sequencing reads were
mapped to the mouse genome (mm10, UCSC assembly) using Bowtie (version 2.2.3.0),
TopHat (version 2.0.11), and SamTools (version 0.1.19.0) using a read length of 100. For
RNAseq knockout experiments, reads were converted to counts at the gene level using
HTSeq349 on the BAM files from TopHat2 using the UCSC known genes data set. For
each key driver knockout and brain region, genes that mapped less than 100 counts in
80% or more of the samples were filtered out from downstream analysis, because these
genes are likely to have especially high variance in expression calls.
Compartmental approach to compare of mouse key driver perturbation signatures
with human postmortem AD gene expression signatures
We found the enrichment of both mouse key driver knockout DEG signatures,
aggregated across significant DEGs (p < 0.05, FDR < 0.3) from both the frontal cortex
and cerebellum, as well as two human AD gene expression signatures in the gene
ontology pathways. The prefrontal cortex (PFC) human AD DEG signatures used was
estimated from the HBTRC cohort. We used the list of genes identified as previously
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identified as having significantly different RNA levels in brain samples from persons
with high levels of Alzheimer’s neuropathology (Braak = 5-6) compared brain samples
from persons with low levels of Alzheimer’s neuropathology (Braak = 0-2) via a
Student’s t-test51. The second human AD DEG signature is from a previous study that
identified genes with a significant trend in RNA expression changes across the severity
spectrum of AD (control, incipient, moderate, and severe) in the hippocampus (HIPP)350.
In this data set, we selected the genes as having an increasing or decreasing trend in
expression across AD severity stages and an ANOVA p-value < 0.05 as the HIPP AD
DEG signature. We used the moduleGO function in DGCA145 (version 1.0.1) to perform
gene ontology (GO) enrichment analysis on these DEG sets, which leverages the GOstats
(version 2.34)243 and org.Hs.eg.db GO annotation (version 3.1.2) R packages. We filtered
for those GO terms with less than 800 and greater than 100 gene symbols. We adjusted
the enrichment p-values for all GO terms in each DEG set using the Benjamani-Hochberg
method. In order to determine whether there was a similar pattern of dysregulation in the
mouse key driver knockout models as in human AD, we next found the degree to which
the compartment overlaps intersected, using the R package SuperExactTest (version
0.99.2)240.
Co-expression network construction and differential expression analysis
In the previous analysis of Alzheimer’s disease (AD) and non-demented control
data from Harvard Brain Tissue Resource Center51, mRNA samples were profiled using a
custom Agilent 44K array of 39,579 gene-specific DNA probes. In order to limit
confounding by demographic variables, tissue sample quality, and batch effects, the data
were normalized using robust linear regression for age, sex, postmortem interval, sample
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pH, and RNA integrity number (RIN). Furthermore, these samples were genotyped for
SNPs using the IlluminaHumanHap650Y array and a custom Perlegen 300K array for
detecting singleton SNPs. Pathological traits for each AD subject were scored according
to the degree of pathology, including Braak score, cortical atrophy, and white matter
atrophy. In order to perform coexpression network analysis, briefly, covariance in gene
expression patterns across the genome was used to infer relationships between genes. The
top 1/3rd most varying probes in each brain region were chosen for co-expression and
Bayesian regulatory network analyses to reduce computation complexity. In order to
construct the coexpression network in late onset AD (LOAD), a matrix of Pearson
correlations between gene expression profiles was computed, followed by a conversion to
an adjacency matrix via a power function f(x) = xβ, where the beta parameter was chosen
in order to fit a scale-free adjacency matrix351. Differential expression analysis was
performed based on a Student’s t-test between LOAD and normal samples in each brain
region51.
Key driver analysis
In the combined oligodendrocyte Bayesian interaction network (COLBN), we
nominated genes as potential key driver genes based on having an N-hop downstream
node number of greater than µ + σ ( µ ) , where µ is the number of N-hop downstream
nodes for a particular gene in a particular network134,137. Among the nominated genes, we
chose those genes with out-degree of greater than

d + 2σ ( d ) ,

or number of downstream genes, as the key drivers.
Estimating brain cell type enrichment
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where d denotes the degree

We used a brain cell data set derived from mice that isolated populations of
different types of brain cells and performed RNA-seq on them two replicates of the
isolated populations each3. We downloaded the FPKM values for this data set and log2transformed them, after adding a constant of 1 to stabilize the log-transformation. For
each cell type that we considered, we used limma to measure the genome-wide
significance of differences in expression in the cell type of interest compared to the other
cell types measured. Further, for each gene, we found the fold-change difference between
the cell type of interest and all other cell types. To identify the specifically expressed
gene signature of each cell type, we required that each gene have a nominal p-value of <
0.05 and a minimum log fold-change of at least 1.2 in the cell type of interest compared
to each of the other cell types considered. For the enrichment analyses of coexpression
modules derived from brain tissue, we compared the expression of astrocytes (AST),
endothelial cells (END), microglia (MIC), neurons (NEU), and myelinating
oligodendrocytes (MOL). For the oligodendrocyte sub-cell type analyses, we compared
each of oligodendrocyte precursor cells (OPC), newly formed oligodendrocytes (NFO),
and myelinating oligodendrocytes (MOL) to a combination of samples from the other
four cell types (AST, END, MIC, NEU).
Processing of IGAP Alzheimer’s Disease GWAS data
The International Genomics of Alzheimer's Project (IGAP) is a large two-stage
study based upon genome-wide association studies (GWAS) on individuals of European
ancestry. In stage 1, IGAP used genotyped and imputed data on 7,055,881 single
nucleotide polymorphisms (SNPs) to meta-analyse four previously-published GWAS
datasets consisting of 17,008 Alzheimer's disease cases and 37,154 controls (The
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European Alzheimer's disease Initiative – EADI the Alzheimer Disease Genetics
Consortium – ADGC The Cohorts for Heart and Aging Research in Genomic
Epidemiology consortium – CHARGE The Genetic and Environmental Risk in AD
consortium – GERAD). In stage 2, 11,632 SNPs were genotyped and tested for
association in an independent set of 8,572 Alzheimer's disease cases and 11,312 controls.
Finally, a meta-analysis was performed combining results from stages 1 & 2. We
downloaded the data from the IGAP website (http://web.pasteurlille.fr/en/recherche/u744/igap/igap_download.php) and used the combined meta-analysis
results for further processing. However, the data is at the SNP level, rather than the gene
level. In order to address this issue, we used VEGAS2348 to convert the combined IGAP
table (specifically, the SNP IDs and their associated p-values) to a gene-level description
of the association with AD risk. For this procedure, we used all of the SNPs from the
1000 Genomes European data set and a gene definition of 0kb that required the
associated SNP to either be within the gene or in linkage disequilibrium of >= 0.8 r2 with
a SNP within the gene. For downstream analysis, we chose all of the genes that were
associated with AD with p-values of less than 0.05.
Generating proteomics data from autopsied brain samples from the Mount Sinai
Brain Bank
Due to the postmortem nature of this project, it was designated as exempt human research
by the Icahn School of Medicine Institutional Review Board.
Sample Preparation
Grey matter was dissected from the prefrontal cortex (BM10) of snap-frozen
never-thawed specimens and divided into 50 mg aliquots and submitted for proteomic
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analysis. The specimens were derived from the brains of persons with either no
neuropathology

or

only

AD-associated

neuropathology

(neuritic

plaques

and

neurofibrillary tangles). The studied cohort was relatively evenly divided with respect to
cognitive status at the time of death with an average of 38 brains in each of 7 groups
comprised of persons with no cognitive deficits (clinical dementia score (CDR)=0), mild
cognitive impairment (CDR=0.5), or different severities of dementia ranging from CDR1
to CDR5. Similarly, the studied cohort was comprised of persons with no neuritic plaques
in BM10 through persons with more than 20 neuritic plaques per mm2. Braak scores
ranged from 0 for 12 subjects to an average of 32 subjects for each of Braak scores of 26.
LC-MS/MS analysis
Tissue Processing and Batch analysis
All 266 cases were randomized by traits (e.g. age, sex, PMI, cognitive status and
neuropathology) into seven total batches (n = 38 cases each) for homogenization and
protein digestion. Pulverized brain tissue was resuspended and homogenized in 500 uL of
urea lysis buffer (8M urea, 100 mM NaHPO4 buffer system, pH 8.5), including 5 µL
(100x stock) HALT protease and phosphatase inhibitor cocktail (Pierce). All
homogenization was performed using a Bullet Blender (Next Advance) according to
manufacturer protocols. Protein concentration was determined by BCA. Protein
concentration was determined by the bicinchoninic acid (BCA) method, and samples
were frozen in aliquots at −80°C. For each batch, protein homogenates (150 ug) were
diluted with 50 mM NH4HCO3 to a final concentration of less than 2 M urea and then
treated with 1 mM dithiothreitol (DTT) at 25°C for 30 minutes, followed by 5 mM
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iodoacetimide (IAA) at 25°C for 30 minutes in the dark. Protein was digested with 1:100
(w/w) lysyl endopeptidase (Wako) at 25°C for 2 hours and further digested overnight
with 1:50 (w/w) trypsin (Promega) at 25°C. Resulting peptides were desalted with a SepPak C18 column (Waters) and dried under vacuum.
LC-MS/MS analysis
Brain derived tryptic peptides (2 µg) were resuspended in peptide loading buffer
(0.1% formic acid, 0.03% trifluoroacetic acid, 1% acetonitrile) containing 0.2 pmol of
isotopically labeled peptide calibrants (Life Technologies, #88321). One pooled peptide
reference standard comprised all 38 samples in batch 1 were also analyzed in the
beginning, middle and end of all seven batches. Peptide mixtures were separated on a
self-packed C18 (1.9 um Dr. Maisch, Germany) fused silica column (25 cm x 75 µM
internal diameter; New Objective, Woburn, MA) by a NanoAcquity UHPLC (Waters,
Milford, FA) and monitored on a Q-Exactive Plus mass spectrometer (ThermoFisher
Scientific, San Jose, CA). Elution was performed over a 120 minute gradient at a rate of
400 nL/min with buffer B ranging from 3% to 80% (buffer A: 0.1% formic acid and 5%
DMSO in water, buffer B: 0.1 % formic and 5% DMSO in acetonitrile). The mass
spectrometer cycle was programmed to collect one full MS scan followed by 10 data
dependent MS/MS scans. The MS scans (300-1800 m/z range, 1,000,000 AGC, 150 ms
maximum ion time) were collected at a resolution of 70,000 at m/z 200 in profile mode
and the MS/MS spectra (2 m/z isolation width, 25% collision energy, 100,000 AGC
target, 50 ms maximum ion time) were acquired at a resolution of 17,500 at m/z 200.
Dynamic exclusion was set to exclude previous sequenced precursor ions for 30 seconds
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within a 10 ppm window. Precursor ions with +1, and +6 or higher charge states were
excluded from sequencing.
Label-free protein quantification by MaxQuant
Data files from each of the seven individual batches and reference standards were
analyzed by MaxQuant v1.5.3.30 with Thermo Foundation 2.0 for RAW file reading
capability. The search engine Andromeda was used to build and search a concatenated
target-decoy IPI/Uniprot human reference protein database (retrieved April 20, 2015;
90,411 target sequences), plus 245 contaminant proteins included as a parameter for
Andromeda search within MaxQuant352. Methionine oxidation (+15.9949 Da), asparagine
and glutamine deamidation (+0.9840 Da), and protein N-terminal acetylation (+42.0106
Da) were variable modifications (up to 5 allowed per peptide); cysteine was assigned a
fixed carbamidomethyl modification (+57.0215 Da). Only fully tryptic peptides were
considered with up to 2 miscleavages in the database search. A precursor mass tolerance
of ±20 ppm was applied prior to mass accuracy calibration and ±4.5 ppm after internal
MaxQuant calibration. Other search settings included a maximum peptide mass of 6,000
Da, a minimum peptide length of 6 residues, 0.05 Da tolerance for high resolution
MS/MS scans. The false discovery rate (FDR) for peptide spectral matches, proteins, and
site decoy fraction were all set to 1%. The label free quantitation (LFQ) algorithm in
MaxQuant (MaxLFQ)353,354 was used for protein quantitation. Each batch (i.e, parameters
group) was quantified separately by MaxLFQ. The quantitation method only considered
razor and unique peptides for protein level quantitation.
In vitro oligodendrocyte gene expression perturbation signature
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Data to identify the Myrf perturbation signature was downloaded from GEO
(GSE15303) after being generated and normalized using an Affymetrix microarray in a
previous study that compared gene expression in isolated mouse OLs samples with
wildtype genotype (n = 4) to those lacking Myrf (n = 3)355. This RNA expression data
was log-transformed prior to differential expression analysis.
Calling differential expression gene signatures
All RNA expression samples were checked for quality, and one outlier sample
from the frontal cortex was removed from the Cnp RNA-seq experiment due to suspected
mislabeling. In order to use a comparable method for differential expression, the counts
from the RNA-seq experiments were converted to normalized matrices using the voom
method of the R package limma (version 3.24.12). We next used limma to make
differential expression gene (DEG) calls between the samples with a knockout or
knockdown (more generally, perturbed expression) of a key driver gene compared to
samples with wildtype levels of expression for that key driver, using an empirical
Bayesian approach to model the mean-variance relationship across genes. We adjusted
for multiple hypothesis tests by estimating qvalues using the qvalue R package, which
accounts for dependence among p-values 131,184. To identify DEG signatures from each
experiment, we used a false discovery rate (FDR; i.e., q-value) cutoff of 0.3 and a
nominal p-value cutoff of 0.05, since we are interested in the relative enrichment of the
DEG set, and in targeted validations of predictions from the Bayesian interaction
network, as opposed to unsupervised identification of differentially expressed genes. To
convert from mouse to human gene names where necessary, we used the Ensembl
database (accessed through biomaRt) to convert from mouse to human homologous gene
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symbols, and used the human gene with the highest homology percentage based on
protein coding region DNA divergence in the case of multiple homologous genes.
Overlap of key driver signatures with downstream members of co-expression
networks
For each gene with a perturbation signature, we identified the N-hop downstream
nodes in the core OL-enriched Bayesian interaction network (COLBN). We call the full
set of genes that are cumulatively less than N-hops downstream of a particular key driver
gene a “layer,” so that the genes in layer 1 are 1-hop downstream, while the genes in
layer 2 are 1- and 2-hops downstream, and so on. We then measured the degree of
overlap between the key driver perturbation signature and the N-hop downstream nodes
relative to that key driver for each layer using Fisher’s Exact Test. In order to control for
the number of downstream neighborhood layers tested for each perturbation signature, we
used the Benjamini-Hochberg FDR adjustment method on the enrichment p-values from
each gene’s perturbation signature in all of the corresponding layers tested (n = 10).
Gene enrichment analysis and multiple hypothesis testing adjustments
The enrichment analyses used in this paper utilized Fisher’s Exact Test for
quantifying the significance of the gene set enrichment, equivalent to the hypergeometric
test for enrichment. The universe of gene symbols in these enrichment tests was the total
number of unique symbols in the data used to generate the target gene set. We used the
Benjamini-Hochberg (BH) adjustment method239 to adjust the Fisher’s Exact Test (FET)
enrichment p-values derived from the annotations of the OL-associated signatures in
COLGS, the OL-enriched coexpression modules from the independent study and the
proteomics data in COLGS, the AD GWAS significant risk genes in the multiscale
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modules, the perturbation signatures in the downstream neighborhood layers of each
perturbed gene, each gene compartment in each of the key driver knockout DEG
signature and human postmortem AD DEG signature.

Results
A robust myelination- and oligodendrocyte-enriched gene module is strongly
associated with genetic data in late-onset AD
The primary goal of this study was to interrogate oligodendrocyte (OL)-enriched
multiscale gene networks constructed from human AD postmortem brain samples
(Figure 1).
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Figure 1. Workflow of the analyses performed in this study.
Human postmortem AD brain tissue samples from multiple brain regions were used to
construct coexpression networks (A) using Weighted Gene Coexpression Network Analysis
(WGCNA). The oligodendrocyte/myelination enriched coexpressed gene modules from
WGCNA were annotated by a variety of external data sets including DNA, RNA, proteomic,
cell type, and proteome compartment data (B). Next, Bayesian gene regulatory networks were
constructed based on the DNA and RNA postmortem human AD data (C). The Bayesian
networks were used to identify key driver genes and several key drivers were perturbed in
mouse models to identify their downstream targets (D). The gene signatures in response to the
perturbations of the key driver genes were used to validate the network structure (E) and to
compare with the differential expression patterns in human AD postmortem brains through a
gene ontology modeling approach (F).
!
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We first identified coexpressed gene modules built from postmortem brain samples
from a large cohort of patients with late-onset AD in three brain regions51, and annotated
these gene modules with additional gene sets to investigate their associations with OLs
and AD. We then constructed Bayesian gene regulatory networks for the OL-enriched
coexpression modules, identified key regulatory genes in the regulatory networks, and
systematically validated the topological structures of the regulatory networks based on a
series of gene perturbation experiments in vitro and in vivo. Specifically, in order to
identify OL coexpression networks in AD, we tested each of the 62 coexpression
modules with at least 50 genes for the enrichment of genes expressed specifically in each
of the five major brain cell types, i.e., astrocytes, endothelial cells, microglia, neurons,
and myelinating OLs3 (Figure 2A). We identified three coexpression modules with the
strongest enrichment of OL genes (Figure 2A), which we subsequently combined,
leading to a set of 1631 unique gene symbols, which we henceforth refer to as the core
OL gene set (COLGS). COLGS is highly enriched for genes encoding proteins identified
in the myelin proteome356 (Fold Enrichment (FE) = 1.92, Fisher’s Exact Test (FET) p =
2.4e-15), and is also enriched for genes specifically expressed in each of oligodendrocyte
precursor cells (FE = 2.8, p = 4.2e-17), newly formed oligodendrocytes (FE = 6.2, p =
1.0e-84), and myelinating oligodendrocytes3 (FE = 7.4, p = 2.5e-87), indicating that
genes in COLGS capture a wide spectrum of OL functions.
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Figure 2. The myelination/oligodendrocyte enriched modules in the multi-tissue AD
coexpression network are enriched for AD GWAS.
A) The top panel shows a heatmap of the enrichments (BH-adjusted -log10 p-values) of
multiscale modules with at least 50 members in each of the cell five major brain cell types, i.e.
astrocytes, endothelial cells, microglia, neurons, and myelinating oligodendrocytes, derived
from a previous study of gene expression in isolated brain cells in mice3, and the gene symbols
were converted to human homologues. The bottom panel shows the enrichment (BH-adjusted
-log10 p-values) of each module in the 543 genes nominally significant (p < 0.05) at the genelevel from an AD GWAS study4. B) Visualization of the core oligodendrocyte Bayesian
regulatory network (COLBN), where arrows refer to the predicted direction of interaction in
the AD sample-derived. Nodes corresponding to genes which are called as one of the top 40
key drivers in the network are larger sized, while nodes corresponding to genes which are one
of the gene-level AD GWAS risk factors are colored pink.
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To systematically evaluate the AD genetics of COLGS, we identified 543 genes with
nominally significant (p < 0.05) gene-level associations with AD based on a metaanalysis of AD GWAS data by the International Genomics of Alzheimer's Project
(IGAP)4. We identified a significant enrichment of the AD risk genes in COLGS (FE =
1.71, p-value = 0.0004), due to the presence of BIN1, PICALM, NME8, SNX1, and other
genes (Table 1). Indeed, of all the individual modules, one OL-enriched module had the
second strongest enrichment for AD GWAS risk genes, second only to an immune- and
microglia-enriched module (Figure 2A; Table 2). These results suggest that the COLGS
contains a large proportion of AD risk genes.
Next, we sought to examine the robustness of COLGS to a variety of sources of
variance. We first used data from an independent study that also identified coexpression
modules in human AD postmortem brain RNA expression samples357. Despite originating
from a different brain region (the hippocampus), we found that 83% of the genes in the
module with the strongest OL-enrichment in this data set overlapped with the members of
COLGS (FE = 18.3, p = 9.1e-79). In order to measure the robustness of the coexpression
network with respect to an alternative gene expression modality, we utilized a large AD
proteomic data set from the PFC (BM10), which we corrected for batch, age of death, and
sex. We used WGCNA135 to identify gene modules in this proteomic data set, and found
that the module with the strongest OL-enrichment (FE = 1.7, p = 0.0053), which is called
the “yellow module”, has 50% overlap with COLGS (FE = 10.7, p = 6.6e-58), including
the AD risk factor BIN1. These results suggest a robust co-regulation of the COLGS
genes at both the transcript and protein levels in AD.
Dysregulation of an oligodendrocyte-associated module in AD on the protein level
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Our previous analysis showed that each of the three OL-enriched modules were
each among the modules with the strongest loss of connectivity in AD samples on the
RNA level

51

. We sought to replicate and extend these results by interrogating gene

expression dysregulation in the “yellow” proteomics module, which includes 150
proteins and is the most OL-enriched module. We found that this module has a
significant decrease in correlation in AD samples (mean difference in z-transformed
correlation = -0.466, empirical p-value = 0.0489; Figure 3A), thus validating the loss of
coordination among OL network genes in AD at the protein level. To further explore
gene expression changes in this module in AD, we measured differences in protein
expression of the module members, identifying 17 proteins upregulated in AD and 7
proteins downregulated in AD at FDR < 0.3 and p-value < 0.05. Notably, we found that
BIN1 was downregulated in AD (t = -2.4, p = 0.019, FDR = 0.19), as well as MBP
(Myelin Basic Protein; t = -2.3, p = 0.023, FDR = 0.19). Therefore, we found that there
are both variable changes in expression levels for individual proteins as well as a loss of
overall coordination of OL network protein expression in AD.
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Figure 3. An oligodendrocyte-enriched protein coexpression module is strongly dysregulated
in AD.
A) Heatmap of transformed correlations in non-AD samples (Braak <= 2; lower left) and AD
samples (Braak >= 5; upper right) in the OL-enriched, yellow module consisting of 150
proteins. The transformation consists of taking the absolute value of Pearson correlation
coefficients raised to the power of β, the soft-thresholding power coefficient of 3 used in
coexpression network construction. B, C) Expression levels for MBP (B) and BIN1 (C) in
samples classified as non-AD (Braak <= 2), mild AD (Braak 3-4), and AD samples (Braak >=
5). Significance assessed using Student’s t-tests (* = p-value < 0.05). D, E, F, G) Scatterplots
of protein expression levels for FGF1 (D), GSN (E), MBP (F), and CNP (G) with clinical
dementia ratings (CDR) in non-AD samples and AD samples, as defined by Braak score. The
trend line in each sub-plot is based on a linear model with 95% confidence intervals,
calculated using ggplot2 (v. 2.2.1).
!
161!

We next sought to determine how the observed OL network dysregulation in the
presence of AD neuropathology interacts with cognitive dementia ratings (CDR). We
first measured the gain or loss of positive correlation of protein expression with CDR in
AD, to identify proteins whose expression levels change with susceptibility to AD
neuropathology-associated cognitive deficits. We identified 16 proteins with a gain and
12 proteins with a loss of positive correlation with CDR in AD at FDR < 0.3 and
empirical p-value < 0.05. Proteins with an increased association with dementia in the
presence of AD neuropathology include FGF1 (Fibroblast Growth Factor 1; non-AD r = 0.22, p = 0.049; AD r = 0.32, p = 0.003, difference in positive correlation FDR = 0.045,
Figure 3D) and GSN (Gelsolin; non-AD r = -0.14, p = 0.23; AD r = 0.32, p = 0.003,
difference in positive correlation FDR = 0.045, Figure 3E). We next searched for genes
with a gain or loss of negative correlation of protein expression with CDR in AD, to
identify proteins whose expression levels change with protection from dementia in the
presence or absence of AD neuropathology. We identified 28 proteins with a loss of
negative correlation with CDR in AD at FDR < 0.3 and empirical p-value < 0.05. One of
these proteins is MBP (non-AD r = -0.45, p = 3.7e-5; AD r = -0.13, p = 0.22, difference
in negative correlation FDR = 0.03, Figure 3F), and another is CNP (non-AD r = -0.31, p
= 0.006; AD r = -0.05, p = 0.65, difference in negative correlation FDR = 0.07, Figure
3G). These results suggest that some proteins in the OL-enriched coexpression network
(e.g., FGF1, GSN) are only associated with dementia in the presence of AD
neuropathology, while others (e.g., MBP, CNP) are protective against dementia in the
absence of AD neuropathology but undergo dysregulation such that they are no longer
protective in the presence of AD neuropathology. Thus, the expression levels of several
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OL-associated proteins are strongly associated with the interaction between AD
neuropathology and cognitive dementia ratings.
Construction and validation of an oligodendrocyte gene regulatory network in AD
We next sought to predict the gene-gene regulatory relationships among the COLGS
genes in the RNA expression data, which profile a wider set of genes than the proteomics
data. Specifically, we constructed a Bayesian gene regulatory network for each of the
OL-enriched coexpression modules by integrating gene expression and genotype data
from autopsied brain samples of persons with AD. As detailed in our previous
studies134,137,346, Bayesian networks are a type of probabilistic causal networks, providing
a natural framework for integrating highly dissimilar genetic and gene expression data to
predict regulatory relationships. We then combined the three OL Bayesian networks by a
set union of directed links, leading to a more robust core OL-enriched Bayesian network
(COLBN), and performed key driver analysis on COLBN to identify master regulatory
OL genes in the context of AD (Figure 1B; Table 3).
To interrogate the topology of the COLBN as well as how the dysregulation of
COLBN key drivers could relate to AD, we identified an in vitro experiment that
perturbed a key driver gene in the COLBN, MYRF, and examined how the predicted
network structures correspond to its identified experimental targets. Specifically, we used
data from a previous study that performed transcriptional profiling of cultured mouse
OLs with a deletion of the myelination transcription factor Myrf (Myelin Regulatory
Factor; also known as C11orf9)355. The set of genes differentially expressed in the cells
with a Myrf deletion compared with the control was significantly enriched in the 5-layer
downstream neighborhood of MYRF in the COLBN (FE = 2.5, p = 7.5e-33; Figure 3A,
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Figure 4A, 4B), thus validating the topology of the subnetwork regulated by MYRF. The
validated downstream targets of MYRF include PLD1 (Phospholipase D1), which
regulates the shuttling of APP and is associated with APP in AD brains358,359, as well as
APLP1 (Amyloid Precursor-Like Protein 1), which has been shown to accumulate within
neuritic plaques360.

!

164!

b

a

Legend

FUCA2

SHISA2

NIPA1

ENST00000286728

10.0

AK024385

CDKN1C
2.0

SEMA4D

CONTIG24252_RC

2.0

6.0

LACTB2

2.0

CD9
10.0

10.0

HCT28836
19.0

RBP7

10.0

MOG
10.0

5.0

RAB40B
MBP

2.0

TTLL9

TJAP1

2.0

CECR2

FSCN1

8.0

HSS00041439
2.0

38.0

CYB5R2

KCNQ1DN
AK055278

HCT1779708

38.0

AIF1L

GALNT9

AK024968
ARHGAP1

NM_139072

SYNJ2

GJC2
CDK18

MOBP

HCT2292125

5.0

ZNF536

= Levels Down
= Inconsistent

= Perturbed
= Levels Up

CLDN11

TMED7
MANEA
1.0

3.0
3.0

2.0

DYNC1I2

9.0

4.0

3.0

63.5

39.0

AK093963

NASP

63.5

3.0

5.0

DIAPH2

3.0

2.0

NM_007030

38.0

3.0

CONTIG32322_RC

3.0

APLP1

3.0
3.0

3.0

SLC25A13

AK021493

7.5
1.0

40.0

3.0

ELOVL1

7.0

SLC5A11

DNAH17

SIRT2

9.0

3.0

3.0

AK021853

1.0

1.0

8.0

3.0
3.0

1.0

2.0

1.0

ERBB3

4.0

MYRF

4.0

NM_153218

2.0

2.0

1.0

HCT30299
HSS00257342
HCT1652322

3.0

1.0

AK094909

3.0

2.0

DOCK10

13.0

21.0

C21ORF91

2.0

1.0

20.5

NM_018340

3.0

RP11-119E20.1

1.0

BTAF1

3.0

SOX2-OT
NM_178172
2.0

2.0

31.0

PLP1

NKD1

14.5

2.0

CONTIG43664_RC

5.0

7.5

AL049273

7.0

8.0

AKAP12

2.0

SCD

6.0

4.0

HSS00094685

AK056534

AF086028

2.0

CD22
8.5

SOX8

1.5

NCAM1
2.0

2.0

2.0
2.0

2.0

2.0

2.0

AATK

BIN1

LINC01549
2.0

54.5

XM_212411

4.0

2.5

1.5

BC037932

1.5

4.0

10.0

CONTIG48542_RC

2.0

PTPRD

27.0

4.0

2.0

GALNT5

3.0

27.0

SOX10
ELOVL1
FA2H
PLD1
PXK

HSS00185615

2.0

NM_018342
54.5

3.0

AK092660

3.0

2.0

PAQR4

FGFR2

AF086021

1.0

2.0

3.0

3.0

2.0

2.0

3.0

3.0

2.0

12.0

31.0

1.0

2.0

2.0

2.0

TJAP1

3.0

2.0

2.0

HSS00367153

2.0

LANCL1
3.0

3.0

2.0

COLGALT2 DBNDD2
VRK2
ABCA2
FAM107B
S1PR5 NKX6-2
RPS6KA2
AL832562

TBC1D12
3.0

PLXNB3

2.0

1.0

1.0

2.0

PSEN1

4.0
4.0

HCT1832870

AF085871

2.0

NKX1-2

4.0

EDIL3

14.0

4.0

23.0

LITAF

ENST00000296018

4.0

3.0

8.0

2.0

SPTLC2

1.0

MAP7
4.0

ST3GAL4

7.0

3.0

4.5

PDE6B

FRK

CLDN11

3.0

7.0

27.0

AK094729

3.0

7.0

CONTIG45185_RC

3.0

VAMP3

1.0

3.0

5.0

3.0
4.0

3.0

PICALM
5.0

4.0

SHC4
3.0

BVES

5.0

MAST3

CPEB1

IGSF11

5.0

5.0

FGF1

UNC5B

5.0

5.0

INF2

KEL

MOB3B

4.0

RRBP1

HCT1651665

c

d
DOCK10

AY007155
NM_152704

CPS1
CONTIG25583_RC

NT5DC1
TMTC2

COL4A5

CYB5R2

CONTIG37803_RC

TTLL11
FUT8

HSS00209331
3.0

3.0

3.0

LOH12CR1
SHISA2

MYO1D

2.0
3.0
3.0

3.0

AL831879

CXADR

3.0

ANXA13

GOLGA7

AK021493

4.0

BOK

SLC25A13
2.0

3.0

3.0

FAM13C

PSEN1

4.0

USH1C

SEMA3B

CONTIG31525_RC

ZEB2

4.0

HSS00020743

CONTIG26388_RC

6.83333333

2.33333333

3.0

NM_182635
AK022043

3.0
3.0

1.5

2.5

ABCA8

10.0
2.0

8.0

6.66666667

FA2H

2.0
1.5

DMRT2

4.0

4.0

AK022033

DOCK5
7.0

3.0
8.0

8.0

3.0

3.0

TRIM59

4.0

UAP1L1

KCNJ2

MOBP

4.0

4.0

AF131815

EVI2A

2.5

11.5

ERMN

2.83333333

8.0

CONTIG49341_RC

2.0

4.0

LRRC8D

CONTIG15690_RC
10.0

4.5

7.83333333

FAM102A
LRRC8D

CONTIG42354

56.0

7.0

9.0

1.5

5.0

GPR37

5.0
9.0

1.5

9.0

FAM107B

1.5
2.0

2.5

7.83333333

3.5

PHLDB1

2.03333333

HSS00257342

10.0
6.0

CLDND1

1.5

HIPK3

7.0

16.0

2.0
10.0

VRK2

9.5

2.0

DOCK10

CONTIG34112_RC

146.5

PRUNE2

DOCK6

2.03333333
1.0

4.0

HPN

2.03333333

8.0
4.0

MAN2A1

7.0

LDB3

10.0
3.33333333

2.03333333
12.5

146.5

RP11-50D16.3

SGK2

RP4-756G23.1
57.5

12.0

146.5

14.5

21.5

57.5

SLC11A2

NLGN3

2.0
4.0

MVB12B

FAM69C

PLD1

2.5

SEPT4

4.0

NM_024902

MARCKSL1

TMEM125

PKP4

PPAP2C
14.66666667

13.0

40.0
12.5
6.93333333

11.0

HSS00296528

CONTIG45185_RC

2.0

8.5

TMEM63A

ASPA

2.0

8.0

12.0

3.5

1.5

1.5

9.0

1.5
2.0

16.0

10.0

24.0
13.0

TRPM6

7.5

MOG

CNP

PLLP
2.5

4.0

3.0

9.0

112.5

14.0

43.2

UGT8
48.0

2.0

16.5

24.5

1.0

38.0

9.0

RP11-119E20.1

8.5

RNASE1

7.0
58.0

LITAF

9.5

7.5

13.0

20.0

TMCC3

8.5

AL137342

11.0

6.0
8.83333333
2.0

10.0

13.0

16.0

SLC44A1

ST18

7.53333333

98.0

156.36666667

MAG

14.0
1.5
2.0

20.0

16.0

246.0

2.0

7.53333333

CPNE2

16.5

102.03333333
19.0

2.0

16.0

12.0
102.03333333

13.0

7.0

PRRG1

2.5

MRAP

NINJ2

142.86666667

12.5

2.0

25.5

5.0

77.5

13.0
3.0

NM_153696

2.0

2.5

ABTB2

13.0

4.0

13.0

PRKCQ

50.0

3.5

13.0

GJB1

6.0

RHBDL2

2.0

3.0

NM_024841

18.0

1.0

13.5

34.5

4.86666667

8.0

8.33333333

CNDP1

9.0

14.0

7.0

6.0

6.0

11.0

7.0

2.0
104.0

18.0
330.43333333

6.5

3.0

6.0

4.33333333

44.0

CA2
330.43333333

9.0

ENPP2

52.0

4.33333333
4.33333333

PLP1

PEX5L

330.43333333

65.0
52.0
11.0

FTH1

KCTD4

2.5

2.5
2.33333333

11.0

AK056844

TMC7

8.0

17.0

41.33333333

52.0

MAP7

5.0

COL4A5

FAM177A1

10.0

SOX8

5.33333333

8.0

HSS00367153
4.0

3.0

20.03333333

12.0

11.0

3.0

2.5

CDC14B

4.5

36.5

PDE8A

8.0

GJC2

TOX3

TMEM63A

PLA2G16

6.5

HSS00001975

3.0

SPTLC2

5.0

3.0

SEC14L5

11.0

4.0

PPM1J

FRMD4B

NM_144595

14.33333333

BC030713

C11ORF39
6.0

61.0

6.0

27.0

LIPA

77.0

PLXNB3
13.0

AK096685

6.0

2.0

25.33333333

HSS00049515
GJB1

13.5

NINJ2
CERCAM

2.0

2.0

TGFA

28.0

11.0

AK095655
2.5

XK

DMRT2
2.0

GAS2
13.5

TF
ABCA2

1.5

27.0

1.5

3.0

HIP1

21.33333333

CONTIG31525_RC

58.0

BC017920

2.0

18.0

4.0

NM_173815

7.83333333

2.0

FEZ1
13.0

13.0

2.5

14.5

CDK18

XM_087617
6.0

8.0

3.0

MOB3B

142.86666667

4.33333333

3.0

MAL

2.0

4.5

2.0

GLIPR2

13.5

SLC27A2

AMOTL2

SLCO3A1

13.0

40.5

NM_175922

13.0

KANK4
21.0

8.0

CAPN13

3.0

9.66666667

11.5

2.0
25.0

4.5

21.0

ZNF536

13.0

BC037786

3.0

PHLPP1

4.53333333

1.5

13.0

185.0
10.5

2.0

POU2AF1

SLC12A2

2.5

2.0

AGPAT4

13.0

8.5
3.0

3.0

23.16666667

4.33333333

13.0
14.0

11.5
3.0

GAL3ST1

SH3BP4

13.5

7.0

3.0

4.5

2.0

11.5

7.5

PMP22

98.0

Y12019

4.0

4.0

PLA2G16

2.0

12.0

13.0

NM_153266

GLDN

2.0

AK094960

PAQR8

4.5

68.0

1.0

CDCA7L

15.0

3.0

HHIP

3.5

1.0
10.0

CYP4X1

4.0

189.8

6.5

MOG

13.5

ERMN

RASGRP3

2.5

3.33333333

13.0
2.5

CDR2L

CA14

26.0

15.5
13.0

30.0

37.5

6.5

AF088007

3.0

KLHL32

3.0

SLC31A2

LRP2

CAPN3

7.0
1.0

2.0

7.0

98.0

AL109691

7.66666667

VEZF1

1.0

166.0

7.0

214.0

3.0

7.0

OPALIN

CONTIG56276_RC

2.0

15.0

SNX1

36.0

7.0

2.5

2.0

4.0

2.0

2.0

SOX2-OT

2.0

173.0

C10ORF90

CAPN3

31.0

TYMSOS

6.5

2.0

2.0

AK054751
23.0

CCNB3

CHD7

2.0

12.5

22.5
13.5

2.0

CONTIG52981_RC

AFMID

TF

5.0

14.66666667

DBNDD2

13.0
2.0

HOXD1
10.5

7.0

AK026295

TYMS

CCNE2
KIAA1598

7.5

107.0

141.5

8.0

8.0
28.0

51.5

AB037815

2.0
4.0

5.0

4.0

RBP7

7.5
107.0

3.5

TSEN15

MIR101-1

17.0

9.5

7.0

TESK2

BACE1

5.0

HSS00341960

164.0

5.0

10.0

HCT1782973

10.0

PPP2R3A

SPTBN1

PDE8A

10.0
11.0

ENPP4

49.0

28.5

HSS00386249

10.0

17.5

AK094729

HSD11B1

5.0

MBOAT1

21.0

3.0

AL832562

1.0

40.0

40.0

HSS00291639
5.0
5.0

TBC1D12

7.0
9.5

54.0

5.0

BC040538

26.0

HCT30299

ALCAM

18.0

21.0

DYNC1I2

3.0

KCNK3

TMEM123

CONTIG45911_RC

16.0

3.0

8.0

10.0

14.0

HSS00094685

8.0

17.0

10.0

18.0
18.0

AB018289

DLC1

9.0

HSS00124010

21.0

AL117605

SPOCK3

MOSPD2

40.0

1.0

TMED7

18.0

18.0
17.0
17.0

GNAI1

ZBED3

APBB2
11.0

1.0

MANEA

GALNT9

!

RAB40B

LANCL1

CPOX

PAPSS1

Figure 4. In vitro and in vivo perturbations of key driver genes in the AD
myelin/oligodendrocyte networks validated a number of predicted downstream targets.
In these network plots, arrows refer to the predicted direction of interaction in the AD samplederived core oligodendrocyte Bayesian regulatory network (COLBN). The presence of
multiple arrows between two genes is because COLBN was constructed by a union of directed
links of three networks from three brain regions. In each plot, the perturbed (i.e., knockeddown or knocked-out) gene is colored yellow, the genes significantly down-regulated in the
samples with the driver perturbed are colored green, the genes up-regulated are colored red,
and the genes with inconsistent expression changes (i.e., multiple probes corresponding to the
same gene show opposite directions of changes in expression) are colored blue. The size of the
node is proportional to the number of downstream nodes in the subnetwork. A) Validation of
the two-layer subnetwork regulated by MYRF using the differentially expressed genes (FDR <
0.3, p < 0.05) derived from an Myrf knockout experiment in cultured mouse oligodendrocytes.
B, C, D) Validation of the two-layer subnetworks regulated by PLP1, CNP, and UGT8 using
the differentially expressed gene signatures (FDR < 0.3, p < 0.05) from the RNAseq data
derived from our knockout experiments in mice.
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Figure 5. Gene signatures from in vitro and in vivo perturbations of key driver genes in the
AD myelin/oligodendrocyte network are significantly enriched in the predicted subnetworks
regulated by the driver genes.
A, B) Fold-enrichment (A) and BH-adjusted -log10 enrichment p-values (B) for the overlap
between the Myrf in vitro perturbation signature and each n-layer network neighborhood
regulated by MYRF in the core oligodendrocyte Bayesian regulatory network (COLBN). C, D)
Fold-enrichment (C) and -log10 enrichment p-values (D) for the overlap between each in vivo
perturbation signature and each n-layer network neighborhood regulated by the corresponding
driver gene. The result was based on the in vivo knockout differentially expressed gene
signatures experiments for Cnp, Plp1, and Ugt8 from the cerebellum (CBM) and/or the frontal
cortex (FC).
!

Next, we validated the network structure of COLBN in vivo using knockout
mouse models of three of the top 40 key drivers in COLBN, Ugt8, Cnp, and Plp1, each of
which have been found to cause axon pathology without substantial myelin structural
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alterations88,361,362. We performed RNAseq (GEO: GSE80437) on tissue samples of
postnatal day 20 mice from the frontal cortex (FC) and cerebellum (CBM) in these three
mouse models to determine their KO DEG gene signatures at FDR < 0.3. We identified
no DEGs for ΔCnp in the CBM and ΔPlp1 in the FC, while we found that all of the other
DEG signatures were significantly enriched in the downstream neighborhoods of their
corresponding driver genes (Figure 4C, 4D). UGT8 (UDP Glycosyltransferase 8)
encodes an enzyme that transfers galactose to ceramide to generate galactosylceramide,
which makes up approximately one-fourth of myelin lipid dry mass363. UGT8’s 5-layer
neighborhood is most enriched for the Ugt8 KO signature in the CBM (FE = 2.1, p =
2.4e-9). One validated downstream target of UGT8 is LIPA (Lysosomal Acid Lipase), a
lysosomal cholesterol-metabolizing enzyme associated with genetic polymorphisms that
affect plasma 24S-hydroxycholesterol/cholesterol levels in AD patients364. The key driver
CNP (2',3'-Cyclic Nucleotide 3' Phosphodiesterase) encodes a protein that plays a role in
microtubule stabilization and OL-axon communication88,365. CNP’s 5-layer neighborhood
is significantly enriched for the Cnp KO signature in the FC (FE = 1.7, p = 6.4e-6). One
of the validated downstream targets of CNP is SEC14L5 (SEC14-Like Lipid Binding 5),
which has been previously found to be downregulated in the hippocampus in AD366.
Finally, the key driver PLP1 (Proteolipid Protein 1) encodes a protein that makes up
approximately half of the protein content of myelin sheaths367, regulates OPC process
outgrowth368, and plays a role in OL-axon communication369. PLP1’s 5-layer
neighborhood is significantly enriched for the Plp1 KO signature in the CBM (FE = 2.0,
p = 1.2e-4). A validated downstream target of Plp1 is Fgf1 (Fibroblast Growth Factor 1;
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Figure 3F), which has been found to stimulate neuronal growth and promote
remyelination370 and has been found to have increased levels in the CSF in AD371.
Overall, as with the in vitro perturbation data, the in vivo perturbation experiments
strongly support the network structure of COLBN and pinpoint specific downstream
targets to explain how dysregulation of the key drivers may help mediate AD pathology.
Perturbations of key OL network drivers in mice mimic aspects of dysregulation in
human AD brain samples
Since the key drivers of COLBN are predicted to orchestrate the expression of a
network with a strong genetic association with AD, we hypothesized that the KO
signatures of COLBN key drivers in vivo would mimic their gene expression
dysregulation in human AD brains. In order to test this hypothesis, we performed gene
ontology analysis on DEG signatures from postmortem brain tissue from both key driver
KO mice and patients with AD. The DEG signatures in AD were derived based on
samples from the PFC in the Harvard Brain Bank cohort51 and samples from the
hippocampus (HIPP) in the University of Kentucky Brain Bank cohort350, because these
regions are among those with the strongest AD pathology. Overall, the enrichment of
DEGs from the human AD cases in these gene compartments show several similar
dysregulation patterns as that seen in the key driver knockouts (Figure 5A, 5B). For
example, we identified a strong enrichment for genes in the GO category “mitochondrial
protein complex” in the downregulated ΔCnp signature (FE = 10.6, p = 8.2e-22) and the
downregulated AD HIPP signature (FE = 6.7, p = 7.5e-11). We next found that the
downregulated ΔCnp and AD HIPP signatures intersected along with the mitochondrial
gene set substantially more than expected due to chance (FE = 34, p = 2.1e-9; Figure
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5C), suggesting that the actual genes dysregulated in the mitochondria are similar
between Cnp-KO mice and in the hippocampus of AD patients. For example, COX6A1
(Cytochrome C Oxidase Subunit 6A1), a mitochondrial-associated gene mutations in
which are causative of peripheral neuropathy372, was present in both of these
downregulated signatures. We also identified a strong enrichment for genes in the GO
category “ribosome” in the downregulated ΔCnp signature (FE = 4.8, p = 3e-11), the
downregulated ΔPlp1 signature (FE = 8.1, p = 4e-18), and the downregulated AD PFC
signature (FE = 3.0, p = 0.002). We identified a marginally significant overlap of all three
of these downregulated signatures and the ribosomal gene set (FE = 76, p = 0.013);
Figure 5D), which has limited power due to the small size of the overall ribosomal gene
set. Since the Cnp and Plp1 knockout RNAseq profiling occurred prior to the typical age
of onset of axon degeneration in these mice, the mitochondrial and ribosomal seen are
suggestive of potential pathways involved in subsequent axonal and neuronal
degeneration.
Finally, we also detected that there was a significant enrichment for genes in
myelin sheath GO category in the upregulated ΔPlp1 signature (FE = 4.3, p = 3e-8), the
downregulated ΔCnp signature (FE = 2.5, p = 0.002), and the downregulated AD HIPP
signature (FE = 5.2, p = 2e-9). However, the myelin sheath GO signature only contains
161 genes, which makes overlap analysis difficult. In order to cast a wider net, we
leveraged a larger set of 1778 genes that have been previously reported to be present in
the myelin proteome

356

. In this gene set, we found a strong enrichment for the

intersection of genes in the myelin proteome with downregulated genes in Cnp-KO mice
and human AD hippocampus (FE = 6.0, p = 2.1e-8; Figure 5E). This shared set of
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downregulated myelin genes includes CDK5, an enzyme whose activity is associated
with tau pathology373 and is essential for myelination374. Although neither Cnp-KO mice
nor patients with AD show dramatic ultrastructural changes in myelin structure44, our
data shows that both conditions share a downregulation of myelin-associated genes that
may be associated with dysmyelination and subsequent axon damage.
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Figure 6. Perturbation of oligodendrocyte network key drivers in mice recapitulates key gene
expression changes in human AD brain samples.
A) A heatmap of the -log10 gene ontology (GO) enrichment p-values of core oligodendrocyte
Bayesian regulatory network key driver knockout differentially expressed gene (DEG)
signatures (left panel) and AD DEG signatures from the hippocampus and prefrontal cortex
(right panel). The top 3 GO terms with between 100 and 800 gene symbols most enriched in
each of the DEG signatures are shown. The p-values for each tested compartment were
adjusted using the Benjamini-Hochberg method. B, C, D) Venn diagrams showing the
intersections of genes encoding proteins associated with the GO terms “mitochondrial protein
complex” (B), “ribosome” (C), and genes in the myelin proteome (D) with genes
downregulated in various DEG signatures are shown.
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Discussion
In this study, we employed an unbiased systems biology approach to characterize
OL-enriched and AD-associated coexpression and regulatory molecular networks. We
derived a core OL-enriched gene set (COLGS) that was highly enriched in AD GWAS
genes. We found that this set of genes strongly overlapped with the corresponding genes
from a protein coexpression module, which we found to be highly dysregulated in AD.
We next constructed an OL Bayesian regulatory network (COLBN) to dissect the causal
relationships among the genes in COLGS. By employing a series of in vitro and in vivo
perturbations of key driver genes in COLBN, we validated the predicted network
structures in COLBN. We further showed that the knockouts of key drivers of COLBN in
mice mimic the dysregulation of OL-associated compartments of genes in human
postmortem AD brains. In particular, our data revealed a surprisingly strong, convergent
gene expression effect of the knockouts Cnp and Plp1 on organelle-associated gene
expression pathways, specifically in genes annotated for mitochondrial and ribosome
functions. These organelles have also been reported to be dysregulated in axons AD
brains205,375-377, suggesting that altered oligodendrocyte-axon communication leading to
dysregulation of ribosomes and mitochondria may be a key event in promoting AD
axonal pathology. Overall, this study improves our understanding of the molecular
underpinnings of myelination and oligodendrocytes in AD by identifying biologically
relevant pathways, dissecting the causal relationships among the OL- and myelin-related
genes, and implicating key driver genes in AD pathogenesis.
At the individual gene level, many of the genes in COLGS have been described as
genetic risk factors associated with late-onset AD (LOAD), including BIN14, PICALM4,
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NME84, UNC5C345, and PSEN

343

. Notably, BIN1 is the nearest protein-coding gene to

the SNP with the second-strongest GWAS signal for AD, following APOE4.
Histologically, BIN1 is primarily found in the brain at the nodes of Ranvier, consistent
with its high RNA expression in OLs and its presence in the myelin proteome221,356,378. In
COLBN, BIN1 is downstream of ABCA2, a cholesterol transporter that has been
associated with the risk of AD in many study populations4,379-382. Much of the literature
about the role of BIN1 in AD has focused on its roles in neurons and microglia154, but our
data suggest that its role in oligodendrocytes should be explored further. In addition to
genetic risk factors, our AD oligodendrocyte network also contains many genes encoding
proteins that have been associated with AD pathophysiology (e.g., via Aβ production)
including PSEN1383, BACE1383, PLD1358,384, and APLP1385. Consistent with the important
role of BACE1 in oligodendrocytes suggested by our network, BACE1 has been shown to
play a key role in myelination386,387. The role of BACE1 in OLs is of high relevance to
AD, as mutations in the BACE1-cleaving region of APP have been associated with a
decreased risk of AD388 and β-secretase inhibitors intended to treat AD may have sideeffects of myelin defects389. A focus on the interaction targets of both PSEN1 and BACE1
within OLs using regulatory networks may be a fruitful avenue to identify treatment
modalities that decrease deleterious Aβ production without causing off-target effects.
In addition to PSEN1 and BACE1, evidence suggests that APP is likely to be
highly expressed in oligodendrocytes in AD. Although APP itself is not found in any
coexpression network in our analysis, APP has high correlation in expression with OL
coexpression network genes in AD brain samples, and among all of the major brain cell
types, APP has strongest expression in OLs and neurons3,221. Therefore, we hypothesize
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that OLs may play a role in Aβ processing. Indeed, non-neuronal contributions to Aβ
production are substantial390, and OLs have been shown to produce amyloid in vitro391,
suggesting that OLs could contribute to Aβ production directly. However, it is also
plausible that oligodendrocytes may play an indirect role in stimulating Aβ production
and shifting the Aβ42/40 ratio. To the extent that the Aβ processing and myelin
elaboration pathways overlap in oligodendrocytes, as suggested by the network
association we identified between MYRF, APLP1, and PLD1, it is possible that global
signals to boost the myelination pathway during aging may therefore come at the expense
of unfavorable Aβ deposition. Aβ depositions can in turn damage synapses, axons, and
myelin, potentially leading to increased myelination pathway stimulation. This proposed
positive feedback loop would also account for the acceleration of Aβ deposition during
aging that has been previously observed392.
Our enrichment analysis of the AD coexpression modules shows that the three
modules significantly enriched for AD risk genes are associated with three different cell
types, i.e., microglia, OLs, and neurons (Table 1). The top ranked module is enriched for
immune (microglia/macrophage) genes, consistent with recent reports that immune cells
and in particular innate immunity plays a critical role in promoting AD154,393,394.
However, it is imprudent to focus on only one cell type and ignore the interactions among
cell types. For example, TREM2, an established AD risk factor that is primarily expressed
in immune cells395,396, is also the causative gene of Nasu-Hakola disease, an early-onset
subcortical dementia that presents with white matter demyelination397. Mice lacking
Trem2 have been shown to have delayed myelin debris clearance, which may lead to
increased microglia activation and thus demyelination and neuronal death398. The
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dysregulation of myelin proteome genes that we observed in AD may contribute to
pathologic inflammation, by increasing the available lipid pool for scavenging by
microglia, which can activate microglia into a pro-inflammatory state. Further
investigation of cell type interactions in AD via network biology is a promising approach
in addressing the underlying causes of AD.
Through utilizing a large-scale proteomics data set in AD, we were able to
examine a hitherto underexplored gene expression layer to study the dysregulation of OL
networks in AD. Our finding of a loss of protein expression correlation among OL
network layers replicates our previous results
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from all three of the OL-enriched

modules at the RNA expression level, thus strengthening the finding. Notably, when
examining differences in relative expression levels of proteins in AD, we found that more
of the proteins in module were upregulated in AD as opposed to downregulated. While
this may be surprising given the loss of protein expression correlation, differential
expression and differential correlation measure distinct aspects of biology and do not
always demonstrate changes in the same direction
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. Through our differential

correlation analysis with cognitive dementia ratings in the presence or absence of AD
neuropathology, we employed a model in which pathways may promote susceptibility or
resilience to dementia in specific neuropathological states. Our results suggest that
interventions to boost core myelination pathways, such as those associated with MBP or
CNP, may be most protective against dementia in prodromal disease states, prior to
widespread AD neuropathology. On the other hand, our data also suggest several protein
targets that are positively correlated with dementia only in the AD neuropathologic state,
such as FGF1 and GSN. These proteins and the pathways that they are associated with
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warrant further attention as targets to reverse OL-associated pathological changes once
AD neuropathology is already present in an attempt to mitigate their effects.
Our finding that many different cell types and pathways are implicated in AD also
suggests that the underlying age-related cause of AD may vary from patient to patient.
Instead, our data suggests that Aβ deposition, as well as the formation of neurofibrillary
tangles, neuritic plaques, and ultimately synapse loss may be a common downstream
consequence of multiple age-related causes. This disease heterogeneity is supported by
neuroimaging and neuropathologic data suggesting a high degree of heterogeneity in the
sequence of events and outcomes in AD progression191,399,400, as well as by the high
prevalence of mixed pathology in AD cases401. Using the unbiased and data-driven
molecular networks described in this study, it would be possible to parse out the
contributions of different cell types and pathways in individual patients or groups of
patients by using network-segregated AD polygenic risk scores156,402. For example, by
considering AD polygenic scores derived from risk variants associated with the AD OL
network genes that are downstream neighbors of key myelin-associated genes such as
CNP, it may be possible to identify individual patients or groups of patients with a high
risk of alterations in myelination during aging. Theoretically, groups of people defined by
AD genetic risk in different network pathways may benefit from different prevention or
treatment strategies.
In this study, we focused on the molecular networks in AD in a cell type,
oligodendrocytes, which have not been widely studied in AD. Our network modeling
approach uncovered a key network of oligodendrocyte-associated genes that is enriched
for AD GWAS genes, key pathways through which this OL network may promote AD
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pathology, and key driver genes that orchestrate these pathways. Further work on our
model for the role of oligodendrocytes in AD may help to address why aging is the major
risk factor for AD, since myelination is known to become progressively less robust in
normal aging44,403. In particular, preventing or reversing the dysregulation of key
oligodendrocyte driver genes such as UGT8, CNP, and PLP1 may help to alleviate the
progression of pathology in AD. If our model for the roles of OLs in AD is accurate, then
one treatment implication is that, in addition to interventions to diminish Aβ and tau
aggregation, maintaining robust OL activity into advanced ages may be a crucial lever to
prevent or reverse prodromal AD symptoms.

Tables
Table 1. The top associated functional coexpression modules with Alzheimer’s disease GWAS
hits.
The region-specific oligodendrocyte-enriched gene networks are among the top associated
functional coexpression modules with the 543 significant Alzheimer’s disease GWAS hits. The
20 modules with the strongest Fisher’s Exact Test enrichment in AD GWAS genes from the
IGAP data set of the 62 multiscale coexpression modules with at least 50 members were
considered. P-values were adjusted via the Benjamini-Hochberg method. Size = the number of
genes in the module, Shared = the number of overlaps between the IGAP AD GWAS genes and
the coexpression modules, GO = Gene Ontology.
Module
Name
Light cyan

Enriched Cell Type

Green

Oligodendrocyte

Purple

Neuron

Gold

Microglia

Salmon

Neuron

Burlywood
Magenta

Ependymal
Cell
Astrocyte

Gray 1
Light green

!

Enriched GO
Term
Immune
functions
Nerve
ensheathment
Synaptic
transmission
Immune
functions
Synaptic
transmission
Dynein complex

Size

Shared

P-Value

559

23

1.91e-05

Adjusted
P-Value
0.00118

1098

32

0.000389

0.0121

847

26

0.000636

0.0131

400

14

0.00352

0.0546

750

21

0.00582

0.0722

114

6

0.008

0.0806

Cell adhesion

841

22

0.0103

0.0806

None

Cell junction

56

4

0.0104

0.0806

Oligodendrocyte

Nerve
ensheathment

474

14

0.0145

0.0998

Microglia
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Seashell

None

Coated vesicle

313

10

0.0222

0.127

Black

None

1067

25

0.0226

0.127

Tan

Mural Cell

734

18

0.033

0.171

Blue

Astrocyte

Neuropeptide
hormone
Extracellular
matrix
Cadherin

1508

31

0.0557

0.247

Yellow

Microglia

1174

25

0.058

0.247

Honey dew

Astrocyte

139

5

0.0613

0.247

Medium
blue
Red 4

None

Immune
functions
Muscle
contraction
NAD(P)
homeostasis
Transport

233

7

0.066

0.247

62

3

0.0682

0.247

Red

Oligodendrocyte

1089

23

0.0717

0.247

Gold 3

Ependymal Cell

Nerve
ensheathment
Dynein complex

71

3

0.0936

0.294

Peru

Neuron

Synaptic
transmission

408

10

0.095

0.294
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Ependymal Cell
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Table 2. Core oligodendrocyte gene set AD GWAS hits.
The members of the core oligodendrocyte gene set that are found in the significant (p < 0.05) AD
GWAS hits in the IGAP data set after conversion to gene-level p-values by Vegas2. The p-value
column shows the smallest p-value of any associated SNP for each gene.
Gene
BIN1
PICALM
NME8
SNX1
CPM
DLG2
RASGRP3
GALNT18
DNAH17
LIPC
ZNF652
MVB12B
CAV2
CREB5
NFE2L3
CDR2L
PIP4K2A
TLL2
RRBP1
KANK4
SLC9A9
HIP1
CKAP2
TLE4
NECAB1
TBC1D2
LGR5
PDE4B
PDE11A
PAPSS1
DFNB31
MBP
LACTB2
ALCAM
TMED7
CAT
MSI2
MME
POC1B
PCDHA1
ANK3
FAM214A
ELMO1
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Chromosome
2
11
7
15
12
11
2
11
17
15
17
9
7
7
7
17
10
10
20
1
3
7
13
9
8
9
12
1
2
4
9
18
8
3
5
11
17
3
12
5
10
15
7

Top SNP
rs35114168
rs639012
rs2060712
rs138194169
rs10878881
rs422267
rs10200743
rs11021857
rs117779187
rs17269397
rs12948660
rs887656
rs75396674
rs42711
rs73281529
rs117639581
rs11013051
rs11594430
rs6080757
rs114648128
rs10804689
rs10259351
rs58655347
rs62569297
rs7003020
rs73488713
rs75928881
rs12138629
rs4893975
rs62313402
rs10817615
rs8095585
rs10097463
rs114219776
rs10069695
rs494024
rs12450585
rs61758192
rs770369
rs2879086
rs117641222
rs8030871
rs1420423
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Top SNP P-value
1.05e-25
4.87e-19
6.30e-07
2.72e-06
1.48e-05
2.09e-05
2.76e-05
4.511e-05
7.04e-05
8.32e-05
0.000119
0.000145
0.000157
0.000158
0.000224
0.000299
0.000390
0.000542
0.000873
0.00118
0.00141
0.00165
0.00168
0.00172
0.00194
0.00222
0.00278
0.00374
0.00380
0.00387
0.00450
0.00484
0.00545
0.00628
0.00691
0.00849
0.00849
0.00885
0.0117
0.0151
0.0185
0.0241
0.0333

Table 3. Top key drivers from the core oligodendrocyte-enriched Bayesian interaction
network.
Of the 40 top-ranked key drivers from the core oligodendrocyte-enriched Bayesian
interaction network, 5 have a type of perturbation signature available, either in silico, in
vitro, or in vivo. The Major Annotated Roles of Gene Product column is based on a
literature review for the major known role(s) of that gene’s product in oligodendrocytes,
for which a question mark indicates that no major role is known, to the best of our
knowledge. The Myelin column indicates whether or not that gene encodes a protein
found in in the myelin proteome356, the OL Exosome column indicates whether or not
that gene encodes a protein found in the OL exosome proteome404, and the lipid-binding
column indicates whether or not that gene encodes a protein found in the set of lipidbinding proteins405. The AD risk indicates whether a variant associated with the gene has
been previously associated with AD risk, and the Perturbation column indicates whether
there was a perturbation signature available to corroborate the downstream neighborhood
topology for that key driver.
Gene Symbol
ERMN
UGT8
CNP
ENPP2

Major Annotated
Roles of Gene Product
Myelination
Galactocerebroside
production
Myelination; Axon
interaction
LPA production

FRMD4B

?

PLEKHH1

?

SLC44A1

Choline transporter

TRIM59
PLLP
PRRG1
SOX2-OT

?

ANLN

Actin cytoskeleton

TTYH2

Chloride channel

MYRF

OL differentiation

FA2H

Ceramide hydroxylation

Perturbation

Yes
Yes
Yes

Yes

In vivo; this
study
In vivo; this
study

Yes
Yes

Yes

Yes
In vitro; [50]
Yes

Carnosine production
Alpha-NAD(P)H
oxidase
Apoptosis

PRR18

?

RTKN

Rho pathway

DOCK10

Rho pathway

!

AD
Risk

lncRNA

CLDND1

RASSF2

LipidBinding

?
?

RNLS

OL
Exosome

?
Myelination

CONTIG36931_RC

CARNS1

Myelin
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LPAR1

LPA receptor

Yes

MAG

Myelination

Yes

TF

Iron transport

TMEM125
PLP1

?

RHBDL2

Myelination; Axon
interaction
Protease activity

NKX6-2

OL differentiation

FOLH1

Folate hydrolase

PSEN1

Protease activity

MAN2A1

Glycosylation

PLA2G16

Phospholipase

CONTIG56276_RC

Yes

Yes

Yes

Yes

In vivo; this
study

Yes
Yes
Yes

?

ABCA2

Sterol transport

Yes

CREB5

?

Yes

GPR62

?

SLC31A2
LAMP2

!

Copper transport
Glycosylation
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In silico; [75]

Chapter 6: Altered oligodendrocyte lineage cell
dynamics in Alzheimer’s disease are associated
with PSEN1 dysfunction
________________________________________________________________________
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Abstract
Evidence has suggested that oligodendrocyte (OL) dysregulation may play a role
in AD pathogenesis. Here we test the hypothesis that there is an alteration in the relative
proportions of OL lineage cells and in OL-associated gene expression networks in AD.
First, we study white and grey matter brain samples from the Aging, Memory, and TBI
study in Allen Brain Atlas. We find that AD dementia diagnosis and white matter
phosphorylated tau levels are negatively associated with bulk RNAseq estimations of
both mature OL proportions in frontal white matter and oligodendrocyte precursor cell
(OPC) proportions in temporal cortex grey matter samples. Through the multiscale
network analysis, we identify PSEN1 as a hub gene in an OL-specific network in the
white matter that is downregulated in the presence of high phosphorylated tau levels,
even after adjusting for overall OL proportion levels. In order to test whether the
observed oligodegeneration in AD white matter may be due to an OL-specific
dysregulation, we measure the RNA expression changes in OLs carrying one copy of
AD-causative M146V mutations in Psen1. We find that the downstream neighbors of
PSEN1 in the white matter network are dysregulated in murine Psen1 mutant samples
and that there is a specific decrease in immature OL lineage cell transcripts in the
Psen1M146V/WT OLs, indicative of an alteration in OL differentiation dynamics. Overall,
our results reveal an oligodegeneration in AD that may be related to dysregulated OPC
dynamics associated with age and/or PSEN1 mutation.

Introduction
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Alzheimer’s disease (AD) is often modeled as a primary disease of neurons that
leads to neuronal death. For example, many widely-used AD mouse models employ
transgenes that express AD-causative mutations driven by the Thy1 promoter, a neuronspecific marker 406,407. However, evidence has suggested that a range of cell types play a
role in AD, including microglia 51, astrocytes 408, endothelial cells 409, and
oligodendrocytes (OLs). The role of OLs in particular is intriguing, because evidence
from neuroimaging studies has suggested that alterations in white matter, in regions such
as the parahippocampus, may be equally or more important to disease and symptom
progression in AD as changes in grey matter 339,410,411. Further, myelin water fraction
imaging studies have shown that myelin content in key brain regions, including the
frontal white matter, is correlated with the AD genetic risk gene APOE 203, as well as
classic AD biomarkers such as amyloid beta (Aβ) and phosphorylated tau (pTau) 412.
However, there remains a gap in our understanding of the effects of OLs on white matter
and grey matter alterations in AD. In particular, it is unclear whether OL lineage cells
tend to proliferate or degenerate in the grey and white matter during the course of AD
pathogenesis. Further, while multiple publications have shown that PSEN1 mutations
lead to OL dysregulation in mice 413,414, the importance of this finding in explaining white
matter alterations in familial AD patients with PSEN1 mutations 339,415 and the effects of
this mutation in OL lineage cells remain unresolved. Notably, white matter and OL
alterations are seen in both sporadic and familial AD 339,411, suggesting that FADcausative mutations can be used to model AD-specific OL changes, and that a study of
OL lineage cell alterations in sporadic AD could elucidate mechanisms relevant to the
treatment of both diseases.

!

184!

In this study, we analyze the molecular (RNA sequencing (RNA-seq)),
neuropathologic, and clinical data from participants with sporadic AD from the Allen
Brain Atlas241 as well as mice with familial AD mutations to interrogate the cellular and
molecular changes in the white matter in AD. We find that estimated mature OL
proportions are significantly decreased in AD in the frontal white matter, while
oligodendrocyte precursor cell (OPC) proportions are significantly decreased in the grey
matter of the temporal cortex. Next, we used a multiscale network approach to identify
OL-enriched coexpression modules in the white matter whose expression are negatively
correlated with AD-related clinical and neuropathologic traits. We found that PSEN1 is a
hub gene in an OL- and cilia-associated module with many genes that are downregulated
in the presence of high levels of white matter phosphorylated tau, even after adjusting for
overall changes in OL proportions. We then study the effect of the familial AD-causative
Psen1M146V/WT mutation in isolated OLs from mice, validating the human white matter
network structure relative to PSEN1 and finding that marker genes from immature OLs,
such as OPCs, are strongly downregulated in the presence of Psen1M146V/WT genotype. In
summary, our results suggest that oligodegeneration of oligodendrocyte lineage cells in
both the white and grey matter may play an underappreciated role in AD pathogenesis,
and that familial AD-causative mutations such as the M146V mutation in PSEN1 may
contribute to OL dysregulation and degeneration in both grey and white matter.

Methods
Gene expression and neuropathology correlation analysis from the Allen Brain
Atlas
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We used matched RNA expression, neuropathology, and clinical data from the
Aging, Dementia, and TBI study from the Allen Brain Atlas241. In this study,
investigators generated RNA-seq, extensive clinical and neuropathologic analysis, as well
as immunohistochemistry (IHC) quantification for protein levels of several AD-related
proteins in brain samples from the same donor across four brain regions (frontal white
matter, hippocampus, temporal cortex, and parietal cortex). We downloaded the RPKM
data and the matched neuropathologic and clinical data from the study website
(http://aging.brain-map.org/download/index). Note that the RNA-seq data has been
normalized and adjusted for RNA integrity number (RIN) and batch. For the analysis of
clinical and neuropathologic traits, we calculated rank correlations based on pairwise
complete observations, and performed hierarchical clustering on this correlation matrix.
For the NINCDS-ADRDA criteria, we coded “No Dementia” as 0, “Possible Alzheimer's
Disease” as 1, and “Probable Alzheimer’s Disease” as 2. To estimate cell type
proportions from each sample, we used the first singular vector of the top 50 marker
genes calculated from a previous meta-analysis of 2 human brain cell type gene
expression data sets, implemented in the BRETIGEA R package (v. 0.1.0; Chapter 4).
For the binary analyses of phosphorylated tau (pTau) levels, we split the samples into the
above and below the geometric mean (n = 51 low pTau, n = 40 high pTau). To model the
interactions among the cell type proportion, neuropathologic, and AD status data, we
used the following system of regression equations:
(1) pTau ~ ASTSPV + ENDSPV + MICSPV + MOLSPV + NEUSPV + OPCSPV
(2) Aβ ~ ASTSPV + ENDSPV + MICSPV + MOLSPV + NEUSPV + OPCSPV
(3) AD ~ ASTSPV + ENDSPV + MICSPV + MOLSPV + NEUSPV + OPCSPV + pTau + Aβ
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where, ASTSPV refers to the estimated surrogate proportion variable (SPV) 242 for
astrocytes, and so on for the other cell types, endothelial cells (END), microglia (MIC),
mature oligodendrocytes (MOL), neurons (NEU), and oligodendrocyte precursor cells
(OPC). To implement the above structural equation model, we used the R package lavaan
(v. 0.5-22) with the standard parameter settings. The standardized coefficients that we
report in the text have been standardized to the standard deviation of each variable. For
this analysis we used NINCDS-ADRDA as the AD status variable, which we treated as
an ordered variable.
Multiscale network analysis
We performed MEGENA analysis (v. 1.3.4-1) on the 15,000 most varying genes
in the frontal white matter (FWM) RNA-seq data 230. Briefly, Pearson correlation
coefficients (PCCs) were firstly computed for all gene pairs. The gene pairs with absolute
PCCs larger than 0.3 were ranked and iteratively tested for planarity to grow a Planar
Filtered Network (PFN). Multiscale clustering analysis was conducted with the resulting
PFN to identify coexpression modules at different network scale topology using the
default parameter settings of the package. To visualize the parent-child relationships of
the multiscale network, we used the ggSunburst R package (v. 0.0.5). To determine the
cell type specificity of the modules, we performed Fisher’s Exact Test on the top 500
combined cell type marker genes in each of the cell types, as selected in Chapter 4. We
adjusted the resulting p-values for each cell type using the Benjamini-Hochberg method.
To explore the association of each module with the clinical and neuropathologic traits, we
calculate the eigengenes of each module using the moduleEigengenes function in
WGCNA (v. 1.51) 136, and calculated the rank correlations. To functionally annotate the
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modules, we used the moduleGO function in DGCA145 (v. 1.0.1), which leverages the
GOstats (v. 2.34) and org.Hs.eg.db GO annotation (v. 3.1.2) R packages and filtered for
those GO terms with less than 500 gene symbols. To quantify the change in connectivity
between PSEN1 and other genes in Module #115 from the samples with low pTau to
those high pTau, we used the ddcorAll function in DGCA with n = 10,000 permutation
samples, restricting the analysis to positive correlations with PSEN1. Because there are a
relatively small number of genes in the module, we adjusted the resulting empirical pvalues with the Benjamini-Hochberg method to estimate the FDR.
Differential expression and correlation analysis on bulk tissue RNA-seq data
For the FWM RNA-seq data in the Allen Brain Atlas, we used the previously
estimated cell type proportions of five of the main cell types (astrocytes, endothelial cells,
microglia, neurons, mature oligodendrocytes) as covariates for a linear model to
deconvolute the linear effect of each of the cell types in the RNA-seq data. Notably, we
did not adjust for OPC proportions, since their levels are highly correlated with mature
OLs in the white matter and their inclusion in the adjustment model would lead to
overcorrection. We then used limma (v. 3.28.5) 124 to perform differential expression
analysis on the log2-transformed, cell type-deconvoluted expression data in two sample
groups with low and high pTau levels. We calculated q-values with the “fndr” method of
the fdrtool package (v. 1.2.15) 277 to adjust for multiple hypothesis tests, and used a
threshold of FDR < 0.25 to select differentially expressed genes (DEGs) for downstream
analysis.
Oligodendrocyte lineage cell sorting, RNA sequencing, and differential expression

!

188!

Oligodendrocytes were isolated from the brain of P26 control
Psen1WT/WT;CNP::EGFP and mutant Psen1M146V/WT;CNP::EGFP mice (PMID:
12404507 + Ref Psen1 mouse) using fluorescence-activated cell sorting as previously
described 416. Briefly, brains were dissected in HBSS 1X (Gibco) and mechanically
dissociated. After an enzymatic dissociation step using papain (30µg/ml in DMEMGlutamax, with 0.24µg/ml L-cystein and 40 µg/ml DNase I), cells were put on a
preformed Percoll density gradient before centrifugation for 15 min. Cells were then
collected and stained with propidium iodide (PI) for 2 min at room temperature (RT). In a
second step, GFP-positive and PI-negative cells were sorted by fluorescence-activated
cell sorting (FACS; Aria, Becton Dickinson, at the Mount Sinai Flow Cytometry Core)
and collected in pure fetal bovine serum. Cells were washed in PBS 1X and dry pellets
were kept at -80C. RNA from FAC-sorted cells was isolated from the frozen cell pellet
using an RNeasy micro kit (Qiagen) with on-column DNase treatment. RNA purity was
assessed by measuring the A260/A280 ratio using a NanoDrop, and RNA quality
checked using an Agilent 2100 Bioanalyzer (Agilent Technologies). Use of animals in
this research was strictly compliant with the guidelines set forth by the US Public Health
Service in their policy on Humane Care and Use of Laboratory Animals, and in the Guide
for the Care and Use of Laboratory Animals. All animal procedures received prior
approval from the Institutional Animal Care and Use Committee at Icahn School of
Medicine at Mount Sinai.
RNA-seq data was generated for 4 replicates in each condition. Approximately
150ng of total RNA per sample was used for library construction with the RNASeq/RiboZero and sequenced using the Illumina HiSeq 2000 instrument according to the
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manufacturer's instructions for 100 bp paired end read runs. The pair-ended sequencing
reads were aligned to mouse genome GRCm38.75 using star aligner (version 2.4.0g1).
Following read alignment, featureCounts (v. 1.5.0-p1) 417 was used to quantify gene
expression at the gene level based on the UCSC mm10 gene annotation model. Genes
with at least 1 count per million (CPM) in at least 2 samples were considered expressed,
and were otherwise removed. Gene count data was normalized using trimmed mean of
M-values normalization (TMM) method 418 to adjust for sequencing library size
difference and then log2 transformed by using the voom function of R package limma (v.
3.26.9). Differential expression analysis between Psen1M146V/WT OLs and control OLs
was performed using a moderated t-test with limma. We calculated q-values as above
using the fdrtool package to adjust for multiple hypothesis testing, and used a threshold
of FDR < 0.25 to select DEGs for downstream analysis. We used Fisher’s Exact Test to
compare the DEGs to the network neighborhood layers downstream of PSEN1 in the
white matter multiscale network, with the total number of genes used in the multiscale
network construction (15,000) as the background size.
To create gene signatures specific to each of the cells in the oligodendrocyte
lineage, we used RNAseq data and cell type classifications from a previous single-cell
RNAseq experiment in mice 419. We downloaded the mapped RNAseq counts from GEO
(GSE75330), and filtered the data sets to retain only those genes that had an average
(arithmetic mean) of at least one read count in at least one cell type. Next, we estimated
the dispersion of each gene and fitted a negative binomial generalized linear model to the
count data using the R package edgeR (v. 3.14.0)125. Cell type was modeled as a
covariate, alongside tissue, sex, age (mean-imputed when not available), and the total
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number of features (calculated using scater (v. 1.0.4) 420) as adjustment covariates. We
used the quantile normalization method, with the quantile set to 0.99, as has previously
been used in single-cell RNAseq data analysis 420. We set the prior.count variable in
edgeR to 1, thus increasing the proportion of shrinkage to allow for more robust signature
estimation. To calculate cell type specific expression signatures, we performed contrasts
on the fitted models that compared each cell type to all reference cell types individually,
and chose the minimum resulting fold-change for each cell type of interest. The top 500
genes in each cell type-specific signature were used for enrichment analysis with Fisher’s
Exact Test.

Results
Oligodendrocyte lineage cells have altered levels in Alzheimer’s disease
To measure the direction and associations of white matter cell type changes in
AD, we analyzed the matched RNA-seq, neuropathologic, and clinical data in their
Memory, Aging, and TBI project from the Allen Brain Atlas. We first measured the rank
correlations among clinical and neuropathologic traits in this data set, including white
matter IHC quantifications of AD-associated proteins (Figure 1A). Of the
neuropathologic traits, we found that white matter phosphorylated tau levels was the most
strongly associated with the clinical traits, including the presence of DSM-IV diagnosis
for dementia of the Alzheimer’s type (henceforth, DSM-IV AD; U-test p = 6e-4).
However, there was no significant correlation between AD diagnosis and the number of
lifetime traumatic brain injury with loss of consciousness (U-test p = 0.86) or between
AD diagnosis and age (U-test p = 0.26). We next employed a large set of brain cell type
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marker genes alongside a singular value decomposition analysis to estimate surrogate cell
type proportion variables for astrocytes (AST), endothelial cells (END), microglia (MIC),
mature oligodendrocytes (MOL), neurons (NEU), and oligodendrocyte precursor cells
(OPCs) in the data (Figure 1B). The oligodendrocyte lineage cell (MOL and OPC)
proportions were the most negatively associated with the majority of AD-associated traits
(Figure 1C). We interrogated several of these traits further with Wilcoxon rank-sum
tests, finding that the estimated proportion of oligodendrocytes was significantly lower in
participants in the ACT dementia category (n = 43) compared those without dementia (n
= 51; p = 0.006, Figure 1D), in participants in with DSM-IV AD (n = 25) compared to
those without (n = 50; p = 0.001 Figure 1E), in participants with probable AD by the
NINCDS-ADRDA criteria (n = 17) compared to those without AD (n = 50; p = 0.006,
Figure 1F), and in samples with high (n = 47) compared to low levels of phosphorylated
tau (n = 38; pTau; p = 0.005, Figure 1G). Notably, OPC proportions were also
significantly lower in brain samples with high compared to low levels of pTau (U-test p =
0.02). Taken together, our results demonstrate a strong trend decrease in oligodendrocyte
lineage cell levels in the frontal white matter of AD patients.
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Figure 1. Oligodendrocyte proportions in white matter are correlated with cognitive changes
and phosphorylated tau levels.
A: Rank correlations between neuropathologic and clinical traits in the Allen Brain Atlas
white matter data set. Traits are hierarchically clustered on the basis of the correlation matrix,
performed using the R package corrplot. B: Diagram showing the procedure used for cell type
proportion estimates from bulk RNA expression data. C: Rank correlation heatmap of cell
type proportion estimates (AST = astrocyte, END = endothelial cell, MIC = microglia, MOL =
mature oligodendrocyte, NEU = neuron, OPC = oligodendrocyte precursor cell) in the frontal
white matter with clinical and neuropathologic traits. D-G: Decreased estimated proportions
of oligodendrocytes associated with the ACT category of dementia (D), a DSM-IV diagnosis
of dementia of Alzheimer’s type (E), the NINCDS-ADRDA diagnosis of possible and
probable AD (F), and high levels of phosphorylated tau (AT8) IHC quantifications in FFPE
brain tissue (G); * = U-test p < 0.05, ** = p < 0.01.
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We also performed the same procedure on matched neuropathologic and mRNA
expression data from grey matter samples in the hippocampus (HIPP), parietal cortex
(PTX), and temporal cortex (TCX). We found that estimated OPC proportions were
significantly lower in donors with a DSM-IV AD diagnosis in the TCX (p = 0.004) and
HIPP (p = 0.005), but not the PCX (p = 0.10), while estimated MOL proportions were not
significantly different in any of these regions. Of the other cell types, we found that
DSM-IV AD diagnosis was also associated with higher estimated astrocyte proportions in
the HIPP (p = 0.002). Next, we used structural equation modeling to test the hypothesis
that proportion differences in each of the six brain cell types are associated with AD
status independently of Aβ and/or pTau. In the FWM, we found that MOL proportions
were associated with absence of DSM-IV AD diagnosis independent of pTau and Aβ
(std. coef. = -0.69, p = 0.039; Figure 2A). In the TCX, we found that OPC proportions
were associated with the absence of DSM-IV AD diagnosis (std. beta = -0.33, p = 0.012),
while MOLs were associated with the presence of DSM-IV AD diagnosis (std. coef. =
0.23, p = 0.044; Figure 2B). We did not identify a significant association for MOLs or
OPCs independently of the other cells type proportions, Aβ, and pTau levels in the HIPP
or PCX (Figure 2C, 2D). Notably, pTau levels measured in each of the regions were
found to be significantly associated with AD status in the SEM models, while astrocyte
proportions had a significant positive association with AD status in the HIPP (std. beta =
0.48, p = 0.01). Overall, we found that the data support a model where MOL levels are
inversely associated with AD cognitive diagnosis in the frontal white matter, while OPC
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levels are inversely associated with AD cognitive diagnosis in the temporal cortex grey

a"

FWM

b"

TCx

c"

HIPP

d"

PCx

Figure 2. Path analysis decomposition of associations between brain cell type proportions,
AD neuropathology, and dementia status.
A-D: Results from structural equation models relating cell types to dementia status directly
and indirectly of two AD-associated neuropathological traits (quantifications of IHC
measurements of phosphorylated tau (pTau; AT8 antibody) and Αβ in the frontal white matter
(FWM; A), temporal cortex (TCx; B), hippocampus (HIPP; C), and parietal cortex (PCx; D).
Larger arrows indicate a larger standardized estimated coefficient for the association, while
colored arrows indicate that the effect is significant (p < 0.05), with red signifying a positive
association, and blue signifying a negative association. For the full system of regression
equations, see the Methods.

matter, and that both of these effects may be largely independent of Aβ and pTau levels.
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Dissecting the association of oligodendrocyte gene expression with AD-associated
traits using multiscale networks
We next sought to interrogate the gene expression correlates of oligodendrocyte
lineage cell degeneration we observed in the frontal white matter, where the overall
oligodendrocyte lineage cell signal is the strongest. We performed multiscale gene
coexpression network analysis using MEGENA and identified several sets of modules
that were enriched for at least one brain cell type signature (Figure 2A-C), consistent
with a strong role of brain cell types in mediating variation in bulk brain RNA expression
data. Notably, the first principal components (i.e., eigengene) of several of these modules
are correlated with AD-associated traits; however, the modules that are enriched for the
same cell type did not all have the same eigengene correlations (Figure 2C). For
example, the eigengene of the module #169, which is enriched in oligodendrocytes (FE =
6.7, p = 5e-14) and is most enriched for the GO term “GDP binding,” has a significant
negative correlation with the phosphorylated tau level (rho = 0.24, p = 0.02) while the
eigengene for module #11, which is also enriched in oligodendrocytes (FE = 3.2, p = 2e48) and is most enriched for the GO “term sister chromatid cohesion,” was not as
strongly correlated with phosphorylated tau levels (rho = 0.19, p = .07), indicating the
diverse functional components of oligodendrocytes in AD.
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Figure 3. Identification of multiscale gene expression modules in white matter associated with
brain cell types and traits.
A: Sunburst plot showing the parent-child relationships in the MEGENA multiscale modules
and the cell type that each module is most enriched for, if any are significant (at nominal FET
p-value < 0.05). B: MEGENA multiscale modules, visualized using the prefuse force directed
layout option in Cytoscape (v. 3.2.1). C: Module names and the corresponding module color
from sub-figure B in the left panel, FET enrichments from the top 500 human cell typespecific genes (-log10 BH-adjusted p-value) in the middle panel, and rank correlations of the
eigengenes of each module with AD-associated clinical and neuropathologic traits in the right
panel.
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To gain insights into the impact of high pTau levels on the oligodendrocyteenriched modules, we performed differential expression analysis of cell type-adjusted
gene expression data in two sample groups with high and low pTau levels and identified
1439 differentially expressed genes (DEGs) at FDR < 0.25. We found the enrichment of
this DEG signature in each oligodendrocyte-enriched module (Figure 3A-B). The
module #115, which is enriched for the DEGs (FE = 2.4, p = 4.8e-3) and is functionally
annotated for cilium organization, is primarily driven by PSEN1. Notably, we found that
PSEN1 itself was significantly downregulated in the presence of high levels of pTau
(logFC = 0.12, p = 0.03, Figure 3C-D), alongside several other genes in the module,
including the cell cycle regulators RIF1 421 (Figure 3E), TRIM59 422 (Figure 3F), and
DIXDC1 423 (Figure 3G). We next performed differential correlation analysis between
PSEN1 and the other members of Module #115 using the cell type-adjusted expression
data and found that there was also a significant loss of correlation between PSEN1 and 9
of the genes in this module at FDR < 0.25, including TMEM179B (empirical p-value =
1e-4, FDR = 0.01; Figure 3H) and ZNF383 (empirical p-value = 4e-4, FDR = 0.01;
Figure 3I). Overall, these results suggest that an OL-enriched module, associated with
cell cycle genes and driven by PSEN1, is dysregulated in frontal white matter samples
with higher levels of pTau.
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Figure 4. An oligodendrocyte-enriched module driven by PSEN1 is enriched for genes with
decreased expression in samples with high levels of phosphorylated tau.
A-B: The -log10 BH-adjusted FET enrichment p-values (A) and fold-enrichments (B) of the
oligodendrocyte-enriched multiscale modules from frontal white matter gene expression data
in the high phosphorylated tau DEG signature. C: Network plot of gene-gene interactions in
Module #115. Green color indicates decreased expression (FDR < 0.25) in samples with high
levels of phosphorylated tau. Larger node sizes and node labels correspond to a higher degree
of within-module connectivity. D-F: Expression levels of Module #115 members PSEN1 (D),
RIF1 (E), TRIM2 (F), and DIXDC1 (G) in white matter samples with low and high levels of
phosphorylated tau (* = p-value < 0.05, ** = p-value < 0.01). H-I: Decreased correlation
between PSEN1 and Module #115 members TMEM179B (H) and ZNF383 (I) in white matter
samples with high compared to low levels of phosphorylated tau (FDR < 0.25 for both).
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Familial AD-causative mutations in PSEN1 cause dysregulation in mouse
oligodendrocyte lineage cells
We reasoned that a familial AD-causative mutation in PSEN1 would exert an
effect on oligodendrocytes that would alter the gene expression of its predicted
interacting genes in our multiscale network. To test this hypothesis, we isolated OLs from
post-natal day 26 (P26) Psen1WT/WT;CNP::EGFP and Psen1M146V/WT;CNP::EGFP mouse
brains (2',3'-Cyclic-nucleotide 3'-phosphodiesterase (CNPase), an oligodendrogliaspecific cell marker), measured mRNA expression using RNA-seq for differential
expression analysis We identified 2736 DEGs at FDR < 0.25, suggesting that a
substantial impact of Psen1M146V/WT genotype on the gene expression of the isolated cells.
The first and second neighborhoods of PSEN1 in the human multiscale network
significantly overlap the Psen1M146V/WT DEGs, with p-values p = 8e-4 (2.4 FE) and 3e-6
(1.9 FE), respectively (Figure 5A-C). This result suggests that the structure of the
MEGENA network relative to PSEN1 captures effects relevant to the AD-causative
M146V mutation.
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Figure 5. Genes associated with PSEN1 in the human white matter interaction network are
perturbed in Psen1M146V/WT mouse oligodendrocytes.
A: Network plot of gene-gene interactions of genes that are one or two neighborhood layers
away from PSEN1. Green indicates downregulation and red indicates upregulation (FDR <
0.25) in isolated murine oligodendrocyte samples with Psen1M146V/WT genotype. Larger node
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Because we identified several OL lineage cell alterations in AD and the white
matter module driven by PSEN1 contains several cell cycle regulatory genes that are
downregulated in the presence of high phosphorylated tau, we tested whether the
Psen1M146V/WT DEGs were enriched in any of the OL lineage cell types in particular. We
constructed a large set of enriched marker genes for each of the cell types from a previous
single-cell RNAseq data set in mice 419 (see Methods). We found that the Psen1M146V/WT
genotype induced a shift towards immature OL states, suggested by the enrichment of the
DEGs in early-stage oligodendrocytes, including OPCs (FE = 2.2, p = 2.4e-3), a second
OPC population grouped as vascular and leptomeningeal cells (VLMC; FE = 2.1, p =
6.3e-3), differentiation-committed oligodendrocyte precursors (COPs; FE = 3.4, p = 4.4e9), newly-formed oligodendrocytes type 1 (NFOL1; FE = 3.4, p = 1.1e-10) and type 2
(NFOL2; FE = 3.3, p = 7.3e-10), and myelin-forming oligodendrocytes type 1 (MFOL1;
FE = 2.7, p = 3.3e-6). On the other hand, the marker genes in the later-stage OL cells
were not significantly enriched in Psen1M146V/WT DEGs, with the exception of mature
oligodendrocytes type 3 (MOL3; FE = 2.0, p = 1.3e-2) and type 6 (MOL6; FE = 2.1, p =
6.3e-3). This result suggests that the Psen1M146V/WT genotype may lead to altered OPC
differentiation dynamics.
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In this study, we used the gene expression and neuropathological data from
postmortem human brains in the Allen Brain Atlas to study the cellular and molecular
level changes in AD. In the less well-studied frontal white matter, we found that mature
OLs was the cell type whose estimated proportions were most decreased in both persons
with a clinical diagnosis of AD and in persons with high levels of white matter pTau. In
the temporal cortex grey matter, we found that OPCs were the cell type most decreased in
persons with a clinical diagnosis of AD or high levels of pTau. Next, we constructed a
multiscale gene coexpression network and identified coexpressed gene modules enriched
for OLs. Such OL-specific modules correspond well OL sub-cellular pathways and are
significantly correlated with AD clinical diagnosis and/or pTau levels. We focused on a
particular OL-enriched module that has the familial AD risk gene PSEN1 as its main
driver and is also enriched for genes down-regulated by high pTau level. Indeed, PSEN1
itself, as well as several other cell cycle regulatory genes within this module, were found
to be downregulated in the presence of high pTau level. By interrogating the OL-specific
expression changes mediated by the familial AD causative mutation Psen1M146V/WT in a
mouse knock-in model, we found that the genes predicted to be regulated by PSEN1 in
the white matter multiscale network were affected more than expected by chance, thus
validating our approach of modeling OL-associated sporadic AD gene expression
changes in mice with Psen1M146V/WT genotype, a familial AD (FAD) mouse model.
Notably, we also found that OLs with a Psen1M146V/WT genotype decreased the expression
of immature OL lineage marker and OPC differentiation-associated genes. These data
suggest that the typical function of PSEN1 within OLs is altered in the presence of high
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pTau levels and is disrupted in the presence of a Psen1M146V/WT genotype, which may
specifically induce a decrease in immature OLs.
On the basis of our findings, we propose a model in which OL lineage dynamic
dysregulation plays a role in both PSEN1-associated FAD, wherein genetic variants play
a larger role but aging still plays a role, and sporadic AD, wherein advanced age plays the
largest role but genetic variants can modulate AD risk. Several lines of evidence support
this model. First, previous data shows that FAD-causative PSEN1 variants lead to
decreased numbers of immature neurons in vivo 424, and a disruption of OL differentiation
in the presence of Aβ peptides 414. It remains to be seen whether other FAD-causative
mutations, including variants in PSEN2 and APP, also lead to abnormalities in OL
lineage dynamics, and/or whether this effect may account for variation in the clinical
presentation of FAD 400,425. For sporadic AD, the number one risk factor is advanced age
44

. OPC differentiation capacity is strongly diminished in advanced age 73, which is

related to epigenetic factors 426. Further, stem cell exhaustion is a hallmark of organspecific morbidity in aging 427, and OPCs are the main population of stem cells in the
brain . An alteration in OL lineage cell dynamics could lead to axon damage, a common
neuropathologic outcome in AD, as a result of decreased myelination 248 and/or decreased
trophic support from OLs to axons 205. Further evidence for a possible relationship
between OL lineage dynamics and AD is the recent finding that in the absence of OPC
differentiation, mice cannot learn new memories as efficiently 100, which is one of the
symptoms first observed in AD patients 331. While we do not dispute an important role of
dysregulation in other cell types, the data described here suggest that a dysregulation in
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OL lineage dynamics, due to deleterious variants and/or aging, may be playing a
substantive role in producing the symptoms of AD.
As our multiscale modeling approach allowed us to capture a wide range of
associations between cell type proportion estimates, subnetwork gene expression,
neuropathology, and cognition in the Allen Brain Atlas data, it is worthwhile to consider
these findings in the context of previous studies in AD. First, it is notable that
independent IHC quantifications of pTau in all four brain regions were significantly
associated with AD status, while Aβ levels were not significantly associated with AD
status in any of the regions. This finding is consistent with previous data showing that
pTau is more predictive of cognitive deficits than Aβ levels1,47. Next, we found that
several of the cell type proportions were significantly associated with AD status in at
least one brain region, namely OPCs, MOLs, and astrocytes. The path analysis revealed
that the cell type proportions of each of the three cell types are directly associated with
AD dementia as opposed to indirect pTau or Aβ mediated association of other cell types
with AD. This finding suggests that the relative proportions of OL lineage cells and
astrocytes may be associated with dementia symptoms in ways that are not currently
accounted for by the traditional AD neuropathology biomarkers, pTau and Aβ, as
recently shown for neurons 428. Notably, the finding that astrocyte proportions are
positively associated with AD status in the hippocampus has been previously described
333

, while the OL lineage proportion associations we report have been relatively less well

described. Interestingly, while estimated neuron proportions were negatively correlated
with AD status in the three grey matter regions, they were positively correlated with AD
status in the frontal white matter, which may reflect growth of dystrophic neurites in
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white matter in AD 429. Overall, our cell type dysregulation-first approach to addressing
gene expression alterations in AD led to several novel insights, and this approach paves a
way for future studies as well, especially with the advent of single cell RNA-seq, which
has allowed for dramatically improved cell type signature estimation and therefore bulk
RNA-seq deconvolution.
In conclusion, we have shown that lower estimated proportions of OL lineage
cells are associated with AD dementia status in both grey and white matter, and a FADcausative mutation leads to a shift in OL lineage distribution in mice. Among other
insights, our data suggests that mouse models which exclusively express a mutation in
one cell type, such as neurons, may be failing to recapitulate crucial aspects of AD in
humans and may potentially hinder progresses in the field without considering other more
complex models. We suggest that an integrated approach to modeling AD that captures a
wider range of cellular pathology may be more fruitful for translational approaches in
AD.

!

207!

Chapter 7: Conclusion and Future Directions
________________________________________________________________________
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Evaluating the oligodendrocyte dyshomeostasis hypothesis of AD
The overarching hypothesis described and tested in this thesis is that there is a
dysregulation of OLs and myelin in AD, and that this dysregulation makes an
independent contribution to AD pathogenesis, as opposed to occurring purely as a
reaction to neurodegeneration. During normal homeostatic functioning, in the presence of
extracellular signals from axons and other brain cell types, OLs respond by myelinating
and providing trophic support to axons; however, in the presence of diverse CNS insults
such as aging, genetic predisposition, diminished blood flow, and pathologic
inflammation, this normal function can be disrupted 44. The hypothesis does not specify
an overall direction of the OL dysregulation that leads to AD pathogenesis in all contexts
because it is difficult to predict the direction of the effect a priori without understanding
the physiologic context. For example, increased OL levels may be harmful in contexts
that promote myelin debris formation and pathologic inflammation, while decreased OLs
may be harmful in contexts that promote lack of sufficient myelin and axon damage. In
an attempt to describe the role of OL dysregulation in a diverse range of possible
contexts, we have named this model the “oligodendrocyte dyshomeostasis” hypothesis of
AD.
In the research described in this thesis, we have integrated multiple data
modalities with a systems biology approach in order to test the oligodendrocyte
dyshomeostasis in AD. In our study analyzing the ADNI cohort, we found that
developmental myelination rates across cortical regions are correlated with volume
changes associated with AD polygenic load, as well as with regional phosphorylated tau
associations with memory loss. These findings suggest that poor myelination in key brain
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regions during childhood may predispose those brain regions to AD pathology in aging.
To extend these results, it may be fruitful to collect longitudinal myelin water fraction
imaging measurements from mid-life onwards. This may show whether the slow
myelinating regions also have faster than usual deterioration during the onset of AD,
which would be suggestive of a predisposition to myelin debris formation and associated
pathologic inflammation. On the other hand, it is also possible slow myelinating regions
simply have a lower peak myelin content at mid-life and deteriorate at a normal rate in
the onset of AD, which would be suggestive of susceptibility to axon damage in these
brain regions.
By taking a network biology approach to the study of AD postmortem human
gene expression data, we were able to empirically identify genes coexpressed with OL
markers in AD brains. In the Mount Sinai Brain Bank proteomics data set, we identified
one module of OL-associated proteins that had a significant loss of correlation in AD
compared to control grey matter tissue in the prefrontal cortex using a gene-level
permutation-based tool that we developed for this purpose, DGCA. This finding
corroborates the presence of OL dysregulation in AD, which is a critical component of
the OL dyshomeostasis hypothesis. We also identified one cross-region “meta-module”
of OL enriched genes in RNA expression data from the Harvard Brain Tissue Resource
Center. We found that this meta-module was strongly enriched in AD GWAS risk genes.
Genetic variability, including SNPs in top AD risk genes such as BIN1, may therefore
help explain the presence or absence of OL dysregulation in AD. Since this finding was
made, an independent research group has found that BIN1 is primarily expressed in white
matter in AD brain tissue, corroborating our results 430.
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Another large-scale data set, the Allen Brain Atlas Memory, Aging, and TBI
study, has extensive matched clinical, neuropathologic, and RNAseq data. This makes it
well suited for studying the interplay of variability in estimated cell type proportions and
neuropathology data in explaining AD status. We developed a tool for estimating cell
type proportions in bulk brain gene expression data, BRETIGEA, which addresses the
error inherent in using individual cell type markers by averaging over large groups of
markers for each cell type with singular value decomposition analysis. We found that
decreases in the estimated levels of mature OLs in the frontal white matter were
independently associated with a higher likelihood of AD status, while increased levels of
mature OLs and decreased levels of OPCs in the temporal lobe grey matter were
associated with a higher likelihood of AD status. While this distinction between white
and grey matter should be verified in additional studies, the available data highlight why
it is difficult to make clear predictions about whether higher or lower levels of OL
lineage cells will be deleterious or protective across all brain regions and disease
contexts. In the future, analysis of additional data sets along with additional covariates
such as genetic data may help refine the oligodendrocyte dyshomeostasis. For example,
this work may help specify the contexts in which increases or decreases in the relative
levels of OL lineage cells can either promote or protect against AD.

Towards murine models of AD that capture human OL dyshomeostasis
Many pharmaceutical companies and clinical trial funders require an ameliorative
therapeutic result in a mouse model of AD before investing in a trial in humans, so mouse
models that accurately imitate AD in humans are a critical step in improving the clinical
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pipeline and treatment options for AD. Many of the most commonly used existing mouse
models of AD harbor highly overexpressed transgenes related to amyloid and/or tau. For
example, the 5XFAD mouse model expresses a version of APP with 3 AD-causative
mutations and a version of PSEN1 with 2 AD-causative mutations, under the
transcriptional control of the mouse Thy1 promoter 407. Other commonly used AD mouse
models also express mutation genes under the control of the Thy1 promoter, including
APPPS1 mice 406, APP23 mice 431, and MAPT P301S mice 432. However, since Thy1 is a
neuron-specific marker gene, all of these mutations will only be expressed in neurons. In
essence, this design choice assumes that neurons are only the causative cell type in AD. If
this assumption is not valid – and the OL dyshomeostasis hypothesis suggests it is not
fully valid – then treatments that reverse pathology in these AD mouse models may not
translate well to humans. Unfortunately, a low success rate in translating therapies from
mice to humans has been the most common outcome in AD clinical trials. Instead of
using neuron-specific pathology, investigators could use AD mouse models that express
mutant genes under their endogenous promoters or use promoters that drive expression in
all of the major brain cell types, such as the prion protein promoter, PRNP. Using mouse
models that make fewer assumptions about the cell type in which the mutations exert
their effect might improve the success rate in clinical trials.
Another approach to developing mouse models of AD that include OL
dyshomeostasis as one of their components is to use mice whose gene expression
dysregulation mimics that seen in human AD. The genes perturbed in these mice do not
necessarily have to be associated with AD genetic risk variants in order for their
perturbations to mimic AD pathologic changes. For example, we found the mice lacking
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the OL network key driver Cnp had a similar downregulation of myelin proteome genes
as was seen in AD human hippocampus. As another example of a gene perturbation that
does have a genetic association with AD, we found that the Psen1M146V/WT mutation led to
a gene expression dysregulation in isolated OLs that recapitulated its targets in the gene
interaction network we built from human postmortem brain tissue. If investigators use
mouse models such as these that recapitulate the OL dysregulation seen in AD patients, a
therapy that decreases pathology in that mouse model may be more likely to also improve
symptoms in a clinical trial with AD patients. In addition to CNP and PSEN1, there are
several targets that are also worth exploring in mouse models for their potential impact on
OLs and myelination in future studies, including the AD genetic risk factors APOE,
BIN1, PICALM, and CREB5.

Therapeutic approaches for OL dysregulation and dysmyelination in AD
One interpretation of the OL dyshomeostasis hypothesis is that therapies designed
to boost myelin density may help to prevent AD in individuals at high risk or to treat
individuals with early symptom onset44,165,433. Lifestyle modifications are one avenue
through which myelination may help to modulate the risk of AD, since several lifestyle
factors have been shown to substantially increase both myelination rates and are
associated with a decreased risk of AD, including social interaction74,434, cognitive
stimulation434,435, and exercise434,436. Another avenue is by testing the efficacy of drugs
that are known to boost myelination and are already FDA-approved for other uses in
preventing or treating AD. Possible FDA-approved candidate drugs include the insulinlike growth factor IGF-1, which has been shown to boost myelination in rats437, or
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pioglitazone, which has been shown to improve macrophage clearance of myelin debris
in vitro438. Other possible candidates to boost myelination in the context of AD include
drugs which have been shown to boost myelination in murine models, such as
clemastine439 and bisperoxovanadium440. One future direction for research is to identify
drugs that may have differential effects on myelination in different brain regions, and
attempt to treat AD using the drugs that have the greatest efficacy in slow-myelinating
regions that are affected by AD pathology, such as regions in the anterior temporal lobe.
While monotherapy designed to boost myelination is a worthwhile consideration
in treating AD, it is important to consider possible downsides of this approach and
alternatives to it. For example, increasing the density of myelin will also increase the
proportion of myelin debris in the brain parenchyma, leading to more microglia
activation and subsequent damage to nearby cells 208. Another possibility is that in
upregulating their production of myelin, OLs will “steal” nutrients such as fatty acids
from other brain cell types, thereby rendering those other cells more susceptible to
damage. That boosting OL activity may be detrimental in the context of AD is not purely
theoretical; in the Allen Brain Atlas data set, we found that higher estimated levels of
mature OLs in the temporal cortex grey matter were associated with an increased
likelihood of AD, but there are potential ways to mitigate these side effects via coadministration of countervailing therapies. For example, one might administer an antiinflammatory drug to decrease the probability of microglia activation, or a high-nutrient
diet to decrease the probability of a nutrient deficiency. By approaching drug
development from a combination therapy approach, it may be possible to mitigate

!

214!

potential side effects caused by intervening in a vulnerable biological system such as the
aging CNS.

The role OL dyshomeostasis in conceptualizing AD as a complex disease
The dominant current paradigm in AD research is the amyloid hypothesis 52. One
good measure of this is a preponderance of current large, phase III clinical trials are
testing drugs designed to reduce brain amyloid levels441. However, in this thesis we
provided several lines of evidence that OLs contribute to AD pathogenesis in ways that
appear to be partially independent of amyloid production. It is unclear how to reconcile
the OL dyshomeostasis that we observed in the context of the amyloid hypothesis.
Indeed, OLs are relatively unique in this regard, as dysregulation or genetic enrichment in
other major cell types can be more easily fit into the amyloid hypothesis framework via
their possible role in inflammation or Aβ clearance. One parsimonious explanation is that
OL dysregulation is associated with amyloid plaques as an indirect, downstream
consequence of axon damage 44. This explanation is consistent with APP being a wellvalidated marker for axon damage 442 and with the finding that amyloid levels increase
following traumatic brain injury 443. Therefore, if the OL dyshomeostasis hypothesis
accurately reflects reality, then at least some of the observed amyloid presence is not
directly causative of symptoms, but rather a marker for neuronal and axon damage. This,
in turn, suggests that if amyloid monotherapies can successfully remove all amyloid even
in prodromal stages of the disease, they will still not be sufficient to reverse or prevent all
of the symptoms associated with AD.
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The main evidence for the amyloid hypothesis comes in the form of genetics,
namely, that the three genes with early-onset AD mutations all play roles in amyloid
processing 52, and that some late-onset AD risk variants have been associated with
amyloid processing 54. However, a comparison with the aging field suggests that while
this genetic evidence signifies that amyloid accumulation and/or APP processing is likely
to play a role in AD, it does not signify that amyloid accumulation is the only cause of
AD. Specifically, one might think of the relationship between familial AD and late-onset
AD as similar to the relationship between Hutchinson–Gilford progeria syndrome
(henceforth, progeria) and aging. While progeria causes a particular type of accelerated
aging associated with mutations in the nuclear membrane gene LMNA444, and nuclear
membrane deficits appear to play a role in aging as well, it is unlikely that all of the
deleterious outcomes in aging are caused by nuclear membrane deficits. Indeed, few
experts in the field argue that this is the cause, considering that protein dyshomeostasis,
stem cell exhaustion, and several other factors are also likely to play a role427. Similarly,
one can imagine that while profound amyloidosis as caused by fully penetrant mutations
in PSEN1, PSEN2, or APP may be the primary cause of familial AD, late-onset AD could
be related in part to amyloidosis but also have several other contributing causes. In our
view, the evidence in this thesis suggests that OL dyshomeostasis hypothesis should be
considered among the non-amyloid causes of AD. An additional wrinkle is that OL
dyshomeostasis could also play a role in certain types of familial AD, such as familial
AD caused by PSEN1, considering our data suggesting that the AD-causative
Psen1M146V/WT mutation in mice alters OL lineage cell dynamics. This could help explain
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why the age of onset in familial AD is earliest in cases due to PSEN1 mutations 445 or
even why there are differences in clinical presentation between mutation types 400.
Throughout this thesis, our unbiased multiscale modeling approaches have also
allowed us to identify AD-associated dysregulation and genetic enrichment in pathways
other than those associated with OLs and myelination. For example, in the grey matter
RNA expression data, we identified a microglia-enriched module as the most enriched in
nominally significant AD GWAS genes, while an OL module was the second-most
enriched. We view these findings as an upside of our unbiased approaches, since we are
not claiming that the OL dyshomeostasis hypothesis is the only cause of AD. Considering
that AD is a complex, multifactorial disease, it may not make sense to view dysregulation
in any cell type as the “most important” for AD. Instead, the available evidence suggests
that the oligodendrocyte dyshomeostasis model is best able to explain AD pathogenesis
when it is considered in unison with other models, such as the amyloid cascade model
and a model of microglia-associated pathologic inflammation. Improvements in clinical
classification, genetic modeling, and therapies for AD may be best served by appreciating
a diversity of mechanistic causes, including the OL dyshomeostasis model, but certainly
not limited to it.
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