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SUMMARY

Recent discussions of human brain evolution have largely focused on increased neuron numbers and
changes in their connectivity and expression. However, it is increasingly appreciated that
oligodendrocytes play important roles in cognitive function and disease. Whether both cell-types follow
similar or distinctive evolutionary trajectories is not known. We examined the transcriptomes of neurons
and oligodendrocytes in the frontal cortex of humans, chimpanzees, and rhesus macaques. We
identified human-specific trajectories of gene expression in neurons and oligodendrocytes and show
that both cell-types exhibit human-specific upregulation. Moreover, oligodendrocytes have undergone
accelerated gene expression evolution in the human lineage compared to neurons. The signature of
acceleration is enriched for cell type-specific expression alterations in schizophrenia. These results

underscore the importance of oligodendrocytes in human brain evolution.
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INTRODUCTION

Increased brain size, accompanied by increased neuron numbers, has been a central theme in human
brain evolutionary studies (Gabi et al., 2016; Preuss, 2017). However, such changes alone are unlikely
to entirely account for the evolved cognitive capabilities of humans (Sousa et al., 2017a). Changes in
gene expression have been hypothesized as a key facet of human brain evolution (Khaitovich et al.,
2006; King and Wilson, 1975), and previous bulk transcriptome studies have shown that gene
expression changes in neurons have been extensive (Konopka et al., 2012; Liu et al., 2012; Sousa et
al., 2017b). However, non-neuronal cell-types, particularly oligodendrocytes, show altered functional
and disease-related patterns in humans compared to other primates (Donahue et al., 2018; Miller et
al., 2012; Rilling and van den Heuvel, 2018). For example, compared to non-human primates, human
brains have greater than expected connectivity requiring myelination (Rilling and van den Heuvel,
2018), myelination in human brains has a protracted developmental timing, and myelination and
oligodendrocyte function has been implicated in neuropsychiatric diseases such as schizophrenia (SZ)
(Mighdoll et al., 2015). Moreover, ~75% of non-neurons in the human cortex consist of oligodendrocytes
(Herculano-Houzel, 2014; Pelvig et al., 2008). Along with the growing appreciation of oligodendrocyte
involvement in cognition (Fields et al., 2014; Voineskos et al., 2013), this suggests that

oligodendrocytes may have been important targets of change in human brain evolution.

RESULTS

Cell-type evolutionary trajectories highlight oligodendrocyte acceleration on the human lineage.
To address the contribution of cell-types to human brain evolution, we compared the cell-type specific
transcriptome profiling of sorted nuclei from humans to chimpanzees, our closest extant relative, using
rhesus macaque as an outgroup. We analyzed genome-wide expression levels in adult human
Brodmann area 46 (BA46, NeuN: n=27, OLIG2: n=22), and the homologous regions of chimpanzee
(NeuN: n=11, OLIG2: n=10), and rhesus macaque (NeuN: n=15, OLIG2: n=10) (Table S1). Prefrontal

area BA46 was selected due to its association with human-specific cognitive abilities and evolution as
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well as neuropsychiatric disorders (Donahue et al., 2018; Fu et al., 2011; Teffer and Semendeferi,
2012). Cell-type specific whole transcriptome data was obtained using fluorescence-activated nuclei
sorting (FANS) (Jiang et al., 2008) with antibodies to either NeuN or OLIG2 to isolate neurons (NeuN)
or oligodendrocytes and their precursors (OLIG2), respectively (Figure S1A-E). Covariates such as age
and sex, and technical confounders such as RNA integrity number (RIN) explained only a small portion
of the variance in both cell-types (Figure S1F). Comparisons of our data with single-cell transcriptome
data from human brain (Boldog et al., 2018) demonstrate that NeuN gene expression was
representative of both inhibitory and excitatory neuronal expression signatures while OLIG2 gene

expression was primarily representative of oligodendrocyte expression signatures, supporting our

FANS approach (Figure S1G).

Using only high-confidence orthologous genes, we detected 8759 protein-coding genes expressed in
at least one species in NeuN and 7362 protein-coding genes in OLIG2. Principal component analysis
revealed that gene expression in each cell type separated by species (Figure 1A-B). Using a parsimony
method, we detected species-specific differentially expressed genes (DEG) (Figure S1H; Table S2;
Methods). The lineage connecting the rhesus macaque to the ancestor of humans and chimpanzees
had the largest number of DEGs, which is consistent with the idea that gene expression changes
accumulate with divergence times (Figure 1C) (Konopka et al., 2012; Liu et al., 2012; Sousa et al.,
2017b). Furthermore, greater number of genes exhibited upregulation compared to downregulation in
the human lineage, for both NeuN and OLIG2 in comparison with the non-human primates (X? test, p
= 1x10% and p = 4x10-% respectively) (Figure 1C). Interestingly, human-specific expression was more
pronounced in OLIG2 compared to NeuN. Specifically, OLIG2 exhibited greater effect sizes in pairwise
comparisons (human versus chimpanzee, mean(logz2(FC)): 0.26 NeuN, 0.59 OLIG2, P < 2x107'6, K-S
test; human versus rhesus macaque, mean(logz(FC)): 0.25 NeuN, 0.58 OLIG2, P < 2x107'%, K-S test)
as well as greater number of differentially expressed genes per million years (Figure 1D-E) compared

to NeuN. Importantly, to ensure that these observations were not due to different numbers of samples
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in each species, we used a cross-validation method by using the same numbers of samples between
species, which effectively is a downsampling of the human and macaque samples (Figure S2;
Methods). Doing so reduced the number of DEGs per million year due to smaller sample size and
heterogeneity within and between species; however, downsampled DEGs show the same pattern of
acceleration in OLIG2 compared with NeuN, further supporting the result that oligodendrocytes have
undergone an evolutionary acceleration on the human lineage. We next examined previous gene
expression studies of frontal cortex evolution (Berto and Nowick, 2018; Konopka et al., 2012; Somel et
al., 2010; Sousa et al.,, 2017b) to assess how bulk tissue expression profiles may have been
confounded by cell-type specific trajectories. We found that human-specific upregulated genes in the
bulk tissue studies were enriched with human-specific NeuN upregulated DEGs. In comparison,
human-specific DEGs in OLIG2 were not enriched in the previous studies (Figure 1F), indicating that
studies using bulk tissues may have been underpowered to detect oligodendrocyte-specific
evolutionary trajectories. Carrying out deconvolution analysis, we found that these bulk RNA-seq
datasets were primarily comprised of neuronally derived gene-expression signatures (Figure S3A-D).

Thus, using a cell-type specific approach, we detected a previously undiscovered signal of rapid

acceleration of oligodendrocyte-gene expression compared with neurons in the human lineage.

Gene co-expression network highlights human-specific modules.

To place the human specific changes within a systems-level context and identify the relevant biological
processes associated with these changes, we next applied a permuted weighted gene co-expression
analysis (Langfelder and Horvath, 2008) to detect human-specific cell-type co-expression modules
(Figure 2A; Table S3; Methods). Using the expression data that were adjusted for potential variation
explained by covariates and surrogate variables, we defined two modules in NeuN and two modules in
OLIG2 that exhibited human-specific expression and showed a strong enrichment for human-specific
DEGs (Figure 2B and C; Figure S4A-B). These modules showed higher association with species than

with other covariates (Figure S4C-D). Human-specific DEGs in both NeuN and OLIG2 exhibited
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significantly greater connectivity compared with other genes across all modules, indicating their pivotal
roles in human frontal cortex transcriptional networks (Figure 2D). NeuN human upregulated module
NM21 was enriched for genes involved in synaptic function and vesicular transport (Figure 2E; Table
S3). Interestingly, the OLIG2 human upregulated module OM15 was enriched for pathways implicated
in RNA splicing, RNA metabolism, and chromatin remodeling (Figure 2F; table S3). Whereas
downregulated module NM19 was not enriched for any specific function (Figure 2G), the OLIG2
downregulated module OM2 functions were related to transcriptional regulation, histone methylation
and modification (Figure 2H; Table S3). Of note, both OLIG2 modules that are associated with human-
specific expression are significantly enriched for transcription factors and RNA binding proteins (Figure

S4E-F). These results suggest that alternative splicing and transcriptional regulation are biological

functions linked with oligodendrocyte evolution in the human frontal cortex.

Oligodendrocyte human-specific modules are enriched for variants associated with
neuropsychiatric disorders.

It is hypothesized that genes important for the evolution of human-specific cognitive abilities are linked
with human-specific cognitive disorders (Doan et al., 2018; Hardingham et al., 2018). To investigate
this hypothesis, we assessed the enrichment of human-specific co-expression modules with GWAS
signals (Methods). While we did not find any enrichment for neuropsychiatric disorders GWAS signals
in the human-specific neuronal modules NM19 and NM21 (Figure 3A), the OLIG2 human
downregulated module OM2 showed a strong enrichment for attention deficit hyperactivity disorder
(ADHD), bipolar disorder (BD), and SZ loci as well as loci associated with cognitive traits, education
attainment and intelligence (Figure 3B; Table S4). The upregulated module OM15 showed enrichment
for major depressive disorder (MDD) (Figure 3B; Table S4). In comparison, neither NeuN nor OLIG2
human-specific modules showed significant enrichment for GWAS signals associated with non-brain
related traits/disease. While very little is known about the role of oligodendrocytes in ADHD (Dark et

al., 2018), BD, SZ, and MDD have been associated with alterations in white matter and differential
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regulation of oligodendrocyte-related genes (Barley et al., 2009; Haroutunian et al., 2014; Srivastava
et al., 2016; Tonnesen et al., 2018). These results suggest that human-specific co-expressed genes
that are under evolutionary expression trajectories in oligodendrocytes are at risk to be associated with

cognitive disease-related variants.

Human-specific modules are enriched for neuropsychiatric differentially expressed genes.

To further examine the potential relationship between dysregulation in neuropsychiatric disorders and
human-specific changes using a large-scale gene expression dataset, we used recently published
meta-analyses of cognitive disease brain gene expression from the PsychENCODE Consortium
(Gandal et al., 2018) (Methods). We found that the NeuN human-specific upregulated module NM21 is
overrepresented for genes in a neuronal module dysregulated in SZ and autism spectrum disorder
(ASD) (geneM8; OR = 9.7, FDR = 1x10%; Figure 4A). In contrast, the OLIG2 human-specific
downregulated module OM2 is enriched for genes in an oligodendrocyte module containing genes
dysregulated in ASD, BD, and SZ (geneM2; OR = 9.5, FDR = 8x10°9; Figure 4B). Interestingly, the
OLIG2 upregulated module OM15 is enriched for genes in a module dysregulated in SZ and linked with
splicing (geneM19; OR=10.1, FDR=1x10%; Figure 4B), reflecting the functional enrichment we
described (Figure 2F). We next assessed whether human-specific cell-type expression patterns are at
risk in neuropsychiatric disorders using cell type-specific disease-relevant gene expression data
(Methods). We examined cell type-specific whole transcriptome data from BA46 from 23 patients with
SZ, generated following identical experimental procedures (unpublished data). Using genes differential
expressed between SZ and healthy donors at the cell-type level (referred to as ‘szDEGs’; Table S5),
we asked whether dysregulated genes in SZ were enriched for human-specific evolutionary changes
of gene co-expression at the cell-type level. Whereas NeuN modules were not found enriched for cell-
type SZ genes (Figure 4C), we found that OLIG2 szDEGs were enriched for human OLIG2 modules
(Figure 4D). Specifically, the downregulated module OM2 is enriched for SZ OLIG2 upregulated genes

(OR = 2.9, FDR = 5x10%) while the upregulated module OM15 is moderately enriched for SZ OLIG2
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downregulated genes (OR = 1.6, FDR = 0.05). Taken together, these observations highlight the link

between oligodendrocyte evolution and neuropsychiatric disease etiologies.

DISCUSSION

These data provide novel insights into cell-type species-specific expression patterns during primate
brain evolution. Much of the recent focus on human brain evolution has highlighted changes in neuronal
number and function in the human brain; however, the molecular characterization of the mechanisms
driving such changes in neurons and as well as other cell-types is critical for understanding human
brain evolution. Here, we show that NeuN human-specific DEGs encode genes important for synaptic
function in line with previous data from bulk RNA-seq (Konopka et al., 2012; Liu et al., 2012; Sousa et
al., 2017b). Surprisingly though, we find that gene expression in oligodendrocytes has undergone a
more dramatic acceleration on the human lineage compared with neurons. We also show that previous
comparative primate gene expression studies were likely underpowered to detect these non-neuronal

expression changes.

The human-specific oligodendrocyte genes are enriched for functional categories such as RNA
metabolism and RNA processing. While such molecular functions are underexplored with respect to
oligodendrocytes, there is increasing evidence that these functions are altered in cognitive diseases
(Glatt et al., 2011; Quesnel-Vallieres et al., 2018; Reble et al., 2018). Moreover, the brain GWAS and
PsychENCODE enrichments for cell-type expression modules suggest that human-specific cell type-
specific evolutionary trajectories of gene expression are implicated in disease pathophysiology in
multiple cognitive disorders. Using the only available disease cell-type expression dataset, we also
observe SZ cell type-specific downregulation among human-specific oligodendrocyte genes. Together,
these data suggest a role for human-specific oligodendrocyte genes in disorders including SZ, MDD,
BD, and ADHD. Previous work has specifically singled out oligodendrocyte dysfunction in both SZ and

MDD (Miyata et al., 2015). In addition, human brains have undergone a volumetric expansion of white
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matter (Donahue et al., 2018; Rilling and van den Heuvel, 2018), while these white matter volumes are
significantly reduced in SZ (Davis et al., 2003; Mighdoll et al., 2015). While we have focused on the
novelty of the human-specific oligodendrocyte genes, there are clearly evolutionarily relevant changes
in neurons that are likely important for cognitive disorders such as SZ and ASD too. Since neuronal
activity can direct oligodendrocyte development and myelination (Gibson et al., 2014), the functional
outcome of the interplay of gene expression changes in these two cell-types may be important for
multiple cognitive disorders. Future studies that connect changes in the functional properties of
oligodendrocytes, for example at the level of RNA binding and/or processing, to either disease
pathophysiology, white matter volume alterations, or response to neuronal activity will confirm the

importance of the identified genes in human brain evolution. Our study highlights the importance of

non-neuronal cell-types in brain evolution and cognitive disorders.

Figure Legends

Figure 1. Cell type-specific differential gene expression analysis of three primates. A-B) Principal
component analysis of NeuN (A) and OLIG2 (B) nuclei. Blue = human, grey = chimpanzee, green =
rhesus macaque. C) Barplots representing species-specific differentially expressed genes divided by
up- (red) and downregulated (darkblue) for both NeuN and OLIG2. D-E) The number of DEGs per
million year (myr; human = 6 myr, chimpanzee = 6 myr, rhesus macaque = 25 myr) for the unrooted
tree of the study species of NeuN (D) and OLIG2 (E). (F) Heatmap showing FDR (parenthesis) and
Odds Ratio of gene set enrichment for both for both NeuN (top) and OLIG2 (bottom). Enrichment is
based on a Fisher’s exact test. X-axis shows the representative data included for this analysis (Berto

and Nowick, 2018; Konopka et al., 2012; Somel et al., 2010; Sousa et al., 2017b).

Figure 2. Co-expression analyses identify human-specific modules. A) Representative network
dendrograms for NeuN (top) and OLIG2 (bottom). B-C) Dotplots with standard errors demonstrate the

association of the modules detected by parsimony with species for NeuN (B) and OLIG2 (C). Standard
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errors are calculated based on the eigengene across samples. Dots represent the mean eigengene for
that module. (D) Boxplots show the difference in connectivity between human-specific genes in NeuN
(left) and OLIG2 (right) across the entire co-expression network compared with the background genes
(**** = P < 0.001; Wilcoxon’s rank sum test). E-H) Visualization of the top 200 connections ranked by
weighted topological overlap values for NM21 (E), OM15 (F), NM19 (G), and OM2 (H). Node size
corresponds to the number of edges (degree). Human-specific upregulated genes are highlighted in
red. Human-specific downregulated genes are highlighted in blue. Side barplots show the top three

functions of the module based on —log1o(FDR). Red dashed line corresponds to the FDR threshold of

0.05.

Figure 3. Human-specific genes are enriched for cognitive disease risk variants. A-B) Barplots
highlighting the enrichment for genetic variants (-log1o(FDR)). Bars correspond to (A) NeuN modules
(NM19: tan, NM21: yellow) and (B) OLIG2 modules (OM2: blue, OM15: turquoise) species-specific
modules (*** = FDR < 0.001, ** = FDR < 0.01, * = FDR < 0.05; MAGMA statistics). Red dashed line
corresponds to the FDR threshold of 0.05. X-axis shows the acronyms for the GWAS data utilized for
this analysis. ADHD: attention deficit hyperactivity disorder, ALZ: Alzheimer's disease, ASD: autism
spectrum disorder from IPSYCH (Integrative Psychiatric Research), BP: bipolar disorder, MDD: major
depressive disorder, SZ: schizophrenia, CognFunc: Cognitive functions, EduATT. educational
attainment, BMI: body mass index, CAD: coronary artery disease, DIAB: diabetes, HGT: Height,

OSTEQ: osteoporosis.

Figure 4. Cell type-specific expression in schizophrenia is related to human-specific genes.

A) Bubble chart illustrates -log1o(FDR) (X-axis) and Odds Ratio (Y-axis) of gene set enrichment for gene
modules implicated in neuropsychiatric disorders (Gandal et al., 2018) and NeuN human-specific
modules. Marked the modules with functional conservation. Dysreg: dysregulated. B) Bubble chart

illustrates -log1o(FDR) (X-axis) and Odds Ratio (Y-axis) of gene set enrichment for gene modules
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implicated in neuropsychiatric disorders (Gandal et al., 2018) and OLIG2 human-specific modules. The
modules with functional conservation with the PsychENCODE dataset are indicated. C) Heatmap
illustrates FDR (parenthesis) and Odds Ratio of gene set enrichment (Fisher’s exact test). X-axis shows
NeuN human-specific up-/downregulated genes. Y-axis shows SZ differentially expressed genes up-
/downregulated in NeuN. D) Heatmap illustrates FDR (parenthesis) and Odds Ratio of gene set

enrichment. X-axis shows OLIG2 human-specific up-/downregulated. Y-axis shows SZ differentially

expressed genes up-/downregulated in OLIG2.

Figure S1. Generation and analyses of human-specific cell-type gene expression profiles. A-E)
An example isolation of nuclei expressing either NeuN conjugated to Alexa 488 or OLIG2 conjugated
to Alexa 555. Nuclei were first sorted for size and complexity for removing dead cells (A), followed by
gating to exclude doublets that indicate aggregates of nuclei B-C), and then further sorted to isolate
nuclei based on fluorescence (D). “-/-” nuclei are those that are neither NeuN+ nor OLIG2+. (E) An
example of percentage nuclei at each selection step during FANS of a chimpanzee sample. Note that
while in this example more nuclei were NeuN+, in other samples, the proportions might be reversed.
NeuN-positive (NeuN+) nuclei represent neurons within the cerebral cortex as few NeuN-negative
(NeuN-) cells in the mammalian cortex are neurons (e.g. Cajal-Retzius neurons). OLIG2-positive
(OLIG2+) nuclei represent oligodendrocytes and their precursors. F) Variance explained by covariates
weighted across the first 5 principal components (WAPV = Weighted average proportion variance) for
NeuN or OLIG2. Gene expression patterns showed small variance explained by biological (Sex and
Humanized Age) and technical (RIN) covariates. G) Deconvolution based on Allen Brain Institute single
nuclei data from the human middle temporal gyrus (MTG) (Boldog et al., 2018). NeuN is explained by
a high proportion of inhibitory and excitatory neurons. OLIG2 is explained by oligodendrocytes. Y-axis
represents weighted proportion. X-axis represents the cell-type identified in the Allen Brain Institute
single nuclei data from MTG (Hsap = Homo sapiens, PanTro = Pan troglodytes, MacMul = Macaca

mulatta, Inh = inhibitory neurons, Exc = excitatory neurons, Oligo = oligodendrocytes, OPC =
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oligodendrocyte precursor cells, Astro = astrocytes, Micro = microglia, Endo = endothelial cells). H) A
parsimony approach based on linear model statistics from pairwise comparisons. Left panel:
Upregulated genes were considered if FDR < 0.05 in species 1 vs species 2 and species 1 vs species
3 with log2(FC) > 0.3 in both comparisons while not significantly differentially expressed (defined as
FDR > 0.1) in species 2 vs species 3. Similarly, right panel: Downregulated genes were considered if
FDR < 0.05 in species 1 vs species 2 and species 1 vs species 3 with log2(FC) < -0.3 in both
comparisons with FDR > 0.1 in species 2 vs species 3. Additionally, we added a Bonferroni corrected
ANOVA < 0.05 cutoff in the model across the three species analyzed. Blue = human, grey =

chimpanzee, green = rhesus macaque.

Figure S2. Cross-validation for differential expression analysis statistics. A-B) Leave-one-out
(LOO) cross validation based on 100 bootstrap for (A) NeuN and (B) OLIG2. Observed number of DEGs
(red dashed line) were falling in the distribution of the LOO DEGs based on ANOVA. C-D) Permutation
analysis based on 100 permutation comparisons based on subject randomization for (C) NeuN and (D)
OLIG2. Observed number of DEGs (red dashed line) were significantly different from the randomized
DEGs based on ANOVA. E) Downsampled DEGs per million years based on 100 permutations. Values
are calculated based on the average of species-specific DEGs. F) Downsampled DEGs per million
years based on 100 permutations. Values are calculated based on the species-specific observed DEGs
supported by the downsampling p-value in >90% of downsampled sets (Hsap = Homo sapiens, PanTro

= Pan troglodytes, MacMul = Macaca mulatta).

Figure S3. Deconvolution based on the Allen Brain Institute single nuclei data from human
middle temporal gyrus (MTG) (Boldog et al., 2018). A) Primate transcriptomic meta-analysis data
from Berto et al. (Berto and Nowick, 2018). B) Primate transcriptomic data from Konopka et al.
(Konopka et al., 2012). C) Primate transcriptomic data from Sousa et al. (Sousa et al., 2017b). D)

Primate transcriptomic data from Somel et al. (Somel et al., 2010). All data show a high proportion of
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excitatory neurons and sparse proportion of other cell-types (< 0.25). Y-axis represents weighted
proportion. X-axis represents the cell-type identified in the single nuclei data from MTG (Boldog et al.,
2018). (Hsap = Homo sapiens, PanTro = Pan troglodytes, MacMul = Macaca mulatta, Inh = inhibitory
neurons, Exc = excitatory neurons, Oligo = oligodendrocytes, OPC = oligodendrocyte precursor cells,

Astro = astrocytes, Micro = microglia, Endo = endothelial cells).

Figure S4. Correlations among module eigengene and associated factors. A-B) Fisher’'s exact test
Odd Ratios with associated FDR adjusted p-values (within parentheses) representing enrichment of
species specific DEGs in (A) NeuN modules and (B) OLIG2 modules. C-D) Spearman’s rank
correlations with associated p-values (within parentheses) between covariates and module eigengene
of the module detected in (C) NeuN modules and (D) OLIG2 modules. (HumAge = Humanized Age,
Hsap = Homo sapiens, PanTro = Pan troglodytes, MacMul = Macaca mulatta). None of the modules
selected showed significant association with technical or biological covariates. E-F) Fisher's exact test
Odds Ratios with associated FDR adjusted p-values (within parentheses) representing enrichment of
RNA-binding proteins (RBP) and transcription factors (TF) in (E) NeuN modules and (F) OLIG2

modules.

Table S1. Demographic data. Demographic data with life traits, RNA-seq QC metrices, technical and

biological covariates.

Table S2. Differential gene expression summary statistics for NeuN and OLIG2 data for Human,
Chimpanzee, and Rhesus macaque. All statistics for genes differentially expressed in each species,

functional enrichment, and database for association with previous studies.

Table S3. WGCNA statistics for NeuN and OLIG2 data. All statistics for module detection, overlap

with differentially expressed genes, and functional enrichment.
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Table S4. MAGMA summary statistics for NeuN and OLIG2 modules. All statistics for GWAS

enrichment in NeuN and OLIG2 modules.

Table S5. Differential gene expression summary statistics for NeuN and OLIG2 data for
Schizophrenia vs Control. Genes differentially expressed in schizophrenia compared with controls in

NeuN and OLIG2 with relative statistics.
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METHODS
CONTACT FOR REAGENT AND RESOURCE SHARING
Further information and requests for resources and reagents should be directed to and will be fulfilled

by the Lead Contact, Genevieve Konopka (Genevieve.Konopka@utsouthwestern.edu)

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Postmortem brain samples

Human post-mortem brain samples from Brodmann area 46 were obtained from the NIH NeuroBioBank
(the Harvard Brain Tissue Resource Center, the Human Brain and Spinal Fluid Resource Center, VA
West Los Angeles Healthcare Center, and the University of Miami Brain Endowment Bank) and the UT
Neuropsychiatry Research Program (Dallas Brain Collection) (Table S1). Nonhuman primate tissue

samples were obtained from Yerkes National Primate Research Center (Table S1).

Nuclei extraction, FANS, and RNA isolation

Nuclei Isolation was performed as described previously (Jiang et al., 2008; Matevossian and Akbarian,
2008) with some modifications. Approximately 700 mg of frozen postmortem tissue was homogenized
with lysis buffer (0.32 M sucrose, 5 mM CaClz, 3 mM Mg(Ac)z, 0.1 mM EDTA, 10 mM Tris-HCI pH8.0,
0.1 mM PMSF, 0.1% (w/o) Triton X-100, 0.1% (w/o) NP-40, protease inhibitors (1:100) (#P8340, Sigma,
St. Louis, MO), RNase inhibitors (1:200) (#AM2696, Thermo Fisher, Waltham, MA)) using a dounce
homogenizer. Brain lysate was placed on a sucrose solution (1.8 M sucrose, 3mM Mg(Ac)2, 10mM Tris-

HCI pH8.0) to create a concentration gradient. After ultracentrifuge at 24,400 rpm for 2.5 hours at 4°C,


https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

cortiiod by pret roview) & the authorfunder, who has grante oM & lanse fo dispiay e praprint it perpeluy. |t S mads available under
" aCC-BY-NC-ND 4.0 International license. '
the upper layer of the supernatant was collected as the cytoplasmic fraction and set aside for RIN
calculations. The pellet, which included nuclei, was resuspended with ice-cold PBS containing RNase
inhibitors, and incubated with mouse Alexa488 conjugated anti-NeuN (1:200) (#MAB377X, Millipore,
Billerica, MA) and rabbit Alexa555 conjugated anti-OLIG2 (1:75) (#AB9610-AF555, Millipore)
antibodies with 0.5% BSA for 45 min at 4°C. Immuno-labeled nuclei were collected as NeuN-positive
or OLIG2-positive populations by fluorescence-activated nuclei sorting (FANS). After sorting, gDNA
and total RNA were purified from each nuclei population using a ZR-Duet DNA/RNA MiniPrep (Plus)
kit (#D7003, Zymo Research, Irvine, CA) according to the manufacturer's instruction. Total RNA was
treated with DNase | after separation from gDNA. 200 ng total RNA from each sample was treated for
ribosomal RNA removal using the Low Input RiboMinus Eukaryote System v2 (#A15027,
ThermoFisher) according to the manufacturer's instruction. After these purification steps, gDNA and

total RNA were quantified by Qubit dsDNA HS (#Q32851, ThermoFisher) and RNA HS assay

(#Q32852, ThermoFisher) kits, respectively.

RNA-sequencing (RNA-seq)

RNA-seq was performed as described previously (Takahashi et al., 2015) with some modifications. In
order to determine the quality of the RNA from the nuclear samples, the RNA from the matched
cytoplasmic fractions was extracted with the miRNeasy Mini kit (#217004, Qiagen, Hilden, Germany)
according to the manufacturer’s instruction. The RNA integrity number (RIN) of total cytoplasmic RNA
was quantified by an Agilent 2100 Bioanalyzer using an Agilent RNA 6000 Nano Kit (#5067-1511,
Agilent, Santa Clara, CA). Samples with a total cytoplasmic RNA average RIN value of 7.5+0.16 were
used for RNA-seq library preparation of the nuclear samples. For RNA-seq libraries, 50 ng of total RNA
after rRNA removal was subjected to fragmentation, first and second strand syntheses, and clean up
by EpiNext beads (#P1063, EpiGentek, Farmingdale, NY). Second strand cDNA was adenylated,
ligated and cleaned up twice by EpiNext beads. cDNA libraries were amplified by PCR, and cleaned

up twice by EpiNext beads. cDNA library quality was quantified by a 2100 Bioanalyzer using an Agilent
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High Sensitivity DNA Kit (#5067-4626, Agilent, Santa Clara, CA). Barcoded libraries were pooled and

underwent 75 bp single-end sequencing on an lllumina NextSeq 500.

COMPUTATIONAL METHODS

RNA-seq mapping, QC and expression quantification

Reads from the three different primates were aligned to either the human hg19, chimpanzee PanTro4,
or Rhesus macaque RheMac8 reference genome using STAR 2.5.2b (Dobin et al., 2013) with the
following parameters: “--outFilterMultimapNmax 10 --alignSJoverhangMin 10 --alignSJDBoverhangMin
1 --outFilterMismatchNmax 3 --twopassMode Basic”. For each sample, a BAM file including mapped
and unmapped reads that spanned splice junctions was produced. Secondary alignment and multi-
mapped reads were further removed using in-house scripts. Only uniquely mapped reads were retained
for further analyses. Quality control metrics were performed using RseqQC using the hg19 gene model
provided. These steps include: number of reads after multiple-step filtering, ribosomal RNA reads
depletion, and defining reads mapped to exons, UTRs, and intronic regions. Picard tool was
implemented to refine the QC metrics (http://broadinstitute.github.io/picard/). CrossMap and liftOver
were used to translate the non-human primate unique read coordinates into human coordinates based
on hg19 (Casper et al., 2018; Zhao et al., 2014). Ensemble annotation for hg19 (version GRCh37.87)
was used as reference alignment annotation and downstream quantification. Gene level expression
was calculated using HTseq version 0.9.1 using intersection-strict mode by Exons (Anders et al., 2015).
Counts were calculated based on protein-coding genes from the Ensemble GRCh37.87 annotation file.
Orthologous genes were downloaded from Ensemble Biomart portal (Smedley et al., 2009).
Orthologous genes were categorized using a high confidence score provided by ensemble and
presence in known chromosomes in all three species analyzed. We removed sex chromosomes. A total

of 14212 genes were considered for downstream analysis.
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Covariate adjustment and differential expression
Counts were normalized using counts per million reads (CPM) with edgeR package in R (Robinson et
al.,, 2010). Normalized data were log2 scaled with an offset of 1. Genes with no reads in human,
chimpanzee, or rhesus macaque samples were removed. Normalized data were assessed for effects
from known biological covariates (Gender, Age), technical variables related to sample processing
(RIN), and technical variables related to surrogate variation (SVs). Other biological and technical
covariates (e.g. Hemisphere, Pmi) were not considered for the analysis because these were
confounded with species. Non-human primates’ ages were converted to human age referring to species
life traits as maximal age reached, male sexual maturity, female sexual maturity, gestation, weaning,
first reproduction, number of litters, teething deciduous first and last, teething permanent first and last
as proposed in (Somel et al., 2010). Traits are stored in table S1. A linear model was applied between
species life traits. Human age was converted into non-human primates in R as:

hc <- Im(Chimpanzee_Traits ~ Human_Traits)

hr <- Im(RhesusMacaque_Traits ~ Human_Traits)

Human_Age <- seq(0.0,122.5,0.1) # min age, max age, month.

Human_Chimpanzee = (Human_Age — hc$coef[1])/hc$coef[2]

Human_RhesusMacaque = (Human_Age — hr$coef[1])/hr$coef[2]

This method provided us with an accurate estimation of human age translated into non-human standard
(e.g. 25 years old human corresponded to 13.2 years old chimpanzee and 8.0 years old rhesus
macaque). Age was converted to categorical variables. Three groups were defined: less than 40 years
old, between 40 and 60, and more than 60 years old. SVs were calculated using SVA in R based on a
“two-step” method with 100 iterations (Leek et al.,, 2012). The data were adjusted for technical
covariates using a linear model:

Im(gene expression ~ Sex + Age + RIN + nSVs)
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Adjusted CPM values were used for co-expression analysis and visualization. Differential expression
analysis was performed in R using linear modeling. To fit our parsimony approach, we performed
pairwise analysis between the three species analyzed (e.g. human — chimpanzee, human — rhesus
macaque, and chimpanzee — rhesus macaque). Additionally, we performed an ANOVA based on the

three species (e.g. human — chimpanzee — rhesus macaque) as following:

Im(gene expression ~ Species + Sex + Age + RIN + nSVs)

Fitting this model, we estimated log2 fold changes and P-values. P-values were adjusted for multiple
comparisons using a Benjamini-Hochberg correction (FDR). This method was used to detect human-
specific changes, chimpanzee-specific changes and rhesus macaque-specific changes using a
standard cutoff of |logz2(Fold-Change)| > 0.3 and FDR < 0.05. For example, in human, we considered
specific upregulation where human showed log2(FC) > 0.3 and FDR < 0.05 in comparison with
chimpanzee and macaque and where chimpanzee and macaque were not differentially expressed for
FDR > 0.1. In addition, we considered in this paradigm the Bonferroni adjusted P-value from ANOVA
of < 0.05. In contrast, for downregulated genes we consider log2(FC) < -0.3 and FDR < 0.05 in
comparison with chimpanzee and macaque and where chimpanzee and macaque were not
differentially expressed for FDR > 0.1. For the upregulated genes, we considered additional Bonferroni

adjusted P-values from ANOVA of < 0.05.

Cross-validation Analysis

To validate the robustness of our differential expression analysis, we applied a leave-one-out cross-
validation by subsampling our data with N = # of Subject per Species —1 with # of Permutation = 100. -
log10(Observed ANOVA) strongly correlated with -log1o(LOO ANOVA), underscoring that individual
subjects are not driving differential expression detection. We additionally applied a permutation method
by randomizing the subjects per species 200 times and re-calculating the species-specific DEGs across

subjects. The number of observed DEGs were significant different for the randomized one for both cell-
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type. A downsampling analysis was applied to confirm the more pronounced acceleration in OLIG2
compared with NeuN given the greater sample size for humans. Using the chimpanzee as the minimal
number of subjects (NeuN = 11, OLIG2 = 10), we re-calculated the species-specific DEGs with the
number of Permutation = 100. Due to the reduced sample size and high heterogeneity between and
within species, the total number of species-specific DEGs was reduced. Nevertheless, this approach

recapitulated the more pronounced acceleration in OLIG2, confirming the observed results based on

the total number of samples.

Co-expression network analysis

To identify modules of co-expressed genes in the RNA-seq data, we carried out weighted gene co-
expression network analysis (WGCNA) (Langfelder and Horvath, 2008). Signed networks were used
for both NeuN and OLIG2 data. A soft-threshold power was automatically calculated for both NeuN and
OLIG2 to achieve approximate scale-free topology (R?>0.85). Networks were constructed with
blockwiseModules function with biweight midcorrelation (bicor). For NeuN data, we used corType =

0.4,

bicor, maxBlockSize = 10000, mergingThresh = 0.10, minCoreKME = 0.5, minKMEtoStay

reassignThreshold = 1e-10, deepSplit = 4, detectCutHeight = 0.999, minModuleSize 25,
networkType=signed. For OLIG2 data, we used corType = bicor, maxBlockSize = 10000,
mergingThresh = 0.10, minCoreKME = 0.5, minKMEtoStay = 0.4, reassignThreshold = 1e-10, deepSplit
= 4, detectCutHeight = 0.999, minModuleSize = 35, networkType=signed.

The modules were then determined using the dynamic tree-cutting algorithm. To ensure robustness of
the observed network, we used a permutation approach recalculating the networks 200 times with
permuted gene expression. Observed connectivity per gene were compared with the randomized one.
None of the randomized networks showed similar connectivity, providing robustness to the network
inference. We refer to this approach as permWGCNA. Additional analysis using a bootstrapping

approach was performed. Briefly, we recalculated networks resampling the initial set of samples 200

times and compared the observed connectivity per gene with the randomized one. As for the
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permutation, none of the randomized networks showed similar connectivity. This additional test was
applied to further provide robustness of the network inference.

Module sizes (25/35 respectively) were chosen to detect small modules driven by potential noise on
the adjusted data. Deep split of 4 was used to split more aggressively the data and create more specific
modules. Spearman’s rank correlation was used to compute module eigengene — covariates
associations. A parsimony approach was used to select the modules: human-specific modules were
significantly correlated with the three species but oppositely correlated between human and the non-
human primates. Given the adjusted expression, covariates did not have effect on the variance
explained by the gene of the detected modules. Modules were visualized based on the rank of the
weight (weighted topological overlap value, WTO). Top 200 connections were selected for the

visualizations. Node size was adjusted based on the degree (e.g. number of links). Visualization was

rendered using Cytoscape (Shannon et al., 2003).

Functional Enrichment

The functional annotation of differentially expressed and co-expressed genes was performed using
ToppGene (Chen et al., 2009). Analysis was replicated using GOstats in R (Falcon and Gentleman,
2007). We used GO and KEGG databases. Pathways containing between 5 and 2000 genes were
retained. Orthologous genes (14212) were used as custom background. A Benjamini-Hochberg FDR

(P < 0.05) was applied as a multiple comparisons adjustment.

GWAS data and enrichment

We manually compiled a set of GWAS studies for several neuropsychiatric disorders and non-brain
disorders (Autism Spectrum Disorders Working Group of The Psychiatric Genomics, 2017; Bipolar et
al., 2018; Davies et al., 2018; Estrada et al., 2012; Grove et al., 2017; Jansen et al., 2019; Morris et al.,
2012; Okbay et al., 2016; Psychiatric, 2011; Savage et al., 2018; Schunkert et al., 2011; Wray et al.,

2018). Summary statistics from the genetic data were downloaded from Psychiatric Genomics
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Consortium (http://www.med.unc.edu/pgc/results-and-downloads) and GIANT

(https://portals.broadinstitute.org/collaboration/giant/index.php/GIANT consortium data files). Gene

level analysis was performed using MAGMA v1.04, which considers linkage disequilibrium between
SNPs (de Leeuw et al.,, 2015). 1000 Genomes (EU) dataset was used as reference for linkage
disequilibrium. SNPs annotation was based on the hg19 genome annotation
(gencode.v19.annotation.gtf). MAGMA statistics and —log1o(FDR) are reported in table S4 for each of
the GWAS data analyzed. Brain GWAS: ADHD = attention deficit hyperactivity disorder, ASD = autism
spectrum disorders from IPSYCH (Integrative Psychiatric Research), BIP = bipolar disorder, ALZ =
Alzheimer's disease, MDD = major depressive disorder, SZ = schizophrenia. Cognitive traits: EduAtt =
educational attainment, Intelligence = Intelligence, CognFunc = cognitive functions. Non-Brain GWAS:
BMI = body mass index, CAD = coronary artery disease, DIAB = diabetes, HGT = height, OSTEO =

osteoporosis.

Primate data and enrichment

Data were downloaded from respective NCBI GEO sources. Berto et al. 2018 and Konopka et al. 2012
provide species-specific differentially expressed genes within supplementary information (Berto and
Nowick, 2018; Konopka et al., 2012). For the Somel et al. microarray dataset (Somel et al., 2010), raw
data were downloaded and analyzed with Affy in R (Gautier et al., 2004). Degradation and quality
checks were performed to the data, detecting no significant differences between the three species
analyzed. We next performed a computational mask procedure using the maskBAD in R (Dannemann
et al.,, 2012). This method developed for microarray data removed probes with binding affinity
differences between species. We considered only the probesets significantly detected in at least one
individual (P < 0.05). A linear model used for our data was applied to the data detecting species-specific
differentially expressed genes. For Sousa et al. RNA-seq data (Sousa et al., 2017b), RPKM data were
provided by the first and corresponding authors of the study. To render the data comparable with the

BA46 data in our study, we used human, chimpanzee and rhesus macaque samples from dorsolateral
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prefrontal cortex (DFC). RPKM data were log2 scaled. Genes with RPKM = 0 in human, chimpanzee,
or rhesus macaque samples were removed. A linear model was applied as used for our data to detect
species-specific differentially expressed genes. Up-/Downregulated genes from these data were used

for enrichment with our NeuN-/OLIG2- DEGs gene set.

Transcription factors and RNA-binding proteins enrichment

Transcription factors list was downloaded from http://humantfs.ccbr.utoronto.ca/download.php

(Lambert et al., 2018). RNA-binding proteins list was downloaded from http://rbpdb.ccbr.utoronto.ca/

(Cook et al., 2011).

Schizophrenia cell-specific data

Differential expression analysis of cell-type expression between nuclei obtained from brain tissue
derived from schizophrenia cases (SZ) and controls (CTL) was generated from GSE107638
(unpublished data). Briefly, counts were normalized using CPM with the edgeR package in R (Robinson
etal., 2010). Genes with no reads in either SZ or CTL samples were further removed. Normalized data
were assessed for effects from known biological covariates (Diagnosis, Age, Gender, Hemisphere),
technical variables related to sample processing (RIN, Brain Bank, PMI), and technical covariates
related to surrogate variation (SV). Age and PMI were converted to categorical variables (named
“AgeClass” and “PmiClass”). SVs were calculates using SVA based on “be” method with 100 iterations
(Leek et al., 2012). For the differential expression analysis, we used the ImTest with “robust” parameter
and ebayes functions in limma package in R (Ritchie et al., 2015) fitting all the covariates reported.
Significant DEGs were categorized with |log2(FC)| > 0.3 and FDR < 0.01 for both NeuN and OLIG2
cell-type SZ vs CTL analyses (table S5). Detailed information, methods and analysis are available here:

https://github.com/konopkalab/Schizophrenia_CellType.
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Gene set enrichment
Gene set enrichment applied for primate DEGs as shown in Figure 1F, psychENCODE and
schizophrenia cell-type DEGs as shown in Figure 4A-C and TF/RBP as shown in Figure S4 was
performed using a Fisher's exact test in R with the following parameters: alternative = “greater”,

conf.level = 0.99, simulate.p.value = TRUE, B=1000. We reported Odds Ratios (OR) and Benjamini-

Hochberg adjusted P-values (FDR). Enrichment was further confirmed with a hypergeometric test in R.

Deconvolution
The human middle temporal gyrus (MTG) single nuclei RNA-seq data were downloaded from Allen

Brain institute web-portal (http:/celltypes.brain-map.org/rnaseag/human) (Boldog et al., 2018).

Normalized data and cluster annotation were used to define cell-markers using FindAllMarkers function
in Seurat (Satija et al., 2015) with the following parameters: logfc.threshold = 0.25, test.use = "wilcox",
min.pct = 0.25, only.pos = TRUE, return.thresh = 0.01, min.cells.gene = 3, min.cells.group = 3. Cell-
type deconvolution was performed using MuSiC (Wang et al., 2019) with the following parameters:

iter.max = 10000, nu = 1e-10, eps = 0.01, normalize=F.

Availability of data and material
The NCBI Gene Expression Omnibus (GEO) accession number for the human data reported in this
manuscript is GSE107638 (token: wigtcayypxsjvst). Non-human primate raw data are deposited with

accession number GSE123936 (token: oxyzikskbfglvwv).

Code availability
Codes to support the DGE analysis, WGCNA, and shiny apps for data visualizations are available at

https://github.com/konopkalab/Primates CellType



http://celltypes.brain-map.org/rnaseq/human
https://github.com/konopkalab/Primates_CellType
https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/601062; this version posted April 7, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-NC-ND 4.0 International license.

References

Anders, S., Pyl, P.T., and Huber, W. (2015). HTSeqg--a Python framework to work with high-throughput
sequencing data. Bioinformatics 37, 166-169.

Autism Spectrum Disorders Working Group of The Psychiatric Genomics, C. (2017). Meta-analysis of
GWAS of over 16,000 individuals with autism spectrum disorder highlights a novel locus at 10q24.32
and a significant overlap with schizophrenia. Mol Autism 8, 21.

Barley, K., Dracheva, S., and Byne, W. (2009). Subcortical oligodendrocyte- and astrocyte-associated

gene expression in subjects with schizophrenia, major depression and bipolar disorder. Schizophr Res
112, 54-64.


https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/601062; this version posted April 7, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-NC-ND 4.0 International license.
Berto, S., and Nowick, K. (2018). Species-Specific Changes in a Primate Transcription Factor Network
Provide Insights into the Molecular Evolution of the Primate Prefrontal Cortex. Genome Biol Evol 10,
2023-2036.
Bipolar, D., Schizophrenia Working Group of the Psychiatric Genomics Consortium. Electronic address,
d.r.v.e., Bipolar, D., and Schizophrenia Working Group of the Psychiatric Genomics, C. (2018).
Genomic Dissection of Bipolar Disorder and Schizophrenia, Including 28 Subphenotypes. Cell 173,
1705-1715 e1716.
Boldog, E., Bakken, T.E., Hodge, R.D., Novotny, M., Aevermann, B.D., Baka, J., Borde, S., Close, J.L.,
Diez-Fuertes, F., Ding, S.L., et al. (2018). Transcriptomic and morphophysiological evidence for a
specialized human cortical GABAergic cell type. Nat Neurosci 27, 1185-1195.
Casper, J., Zweig, A.S., Villarreal, C., Tyner, C., Speir, M.L., Rosenbloom, K.R., Raney, B.J., Lee, C.M.,
Lee, B.T., Karolchik, D., et al. (2018). The UCSC Genome Browser database: 2018 update. Nucleic
Acids Res 46, D762-D769.
Chen, J., Bardes, E.E., Aronow, B.J., and Jegga, A.G. (2009). ToppGene Suite for gene list enrichment
analysis and candidate gene prioritization. Nucleic Acids Res 37, W305-311.
Cook, K.B., Kazan, H., Zuberi, K., Morris, Q., and Hughes, T.R. (2011). RBPDB: a database of RNA-
binding specificities. Nucleic Acids Res 39, D301-308.
Dannemann, M., Lachmann, M., and Lorenc, A. (2012). 'maskBAD'--a package to detect and remove
Affymetrix probes with binding affinity differences. BMC Bioinformatics 73, 56.
Dark, C., Homman-Ludiye, J., and Bryson-Richardson, R.J. (2018). The role of ADHD associated
genes in neurodevelopment. Dev Biol 438, 69-83.
Davies, G., Lam, M., Harris, S.E., Trampush, J.W., Luciano, M., Hill, W.D., Hagenaars, S.P., Ritchie,
S.J., Marioni, R.E., Fawns-Ritchie, C., et al. (2018). Study of 300,486 individuals identifies 148
independent genetic loci influencing general cognitive function. Nat Commun 9, 2098.
Davis, K.L., Stewart, D.G., Friedman, J.l., Buchsbaum, M., Harvey, P.D., Hof, P.R., Buxbaum, J., and
Haroutunian, V. (2003). White matter changes in schizophrenia: evidence for myelin-related
dysfunction. Arch Gen Psychiatry 60, 443-456.
de Leeuw, C.A., Mooij, J.M., Heskes, T., and Posthuma, D. (2015). MAGMA: generalized gene-set
analysis of GWAS data. PLoS Comput Biol 77, €1004219.
Doan, R.N., Shin, T., and Walsh, C.A. (2018). Evolutionary Changes in Transcriptional Regulation:
Insights into Human Behavior and Neurological Conditions. Annu Rev Neurosci 47, 185-206.
Dobin, A., Davis, C.A., Schlesinger, F., Drenkow, J., Zaleski, C., Jha, S., Batut, P., Chaisson, M., and
Gingeras, T.R. (2013). STAR: ultrafast universal RNA-seq aligner. Bioinformatics 29, 15-21.
Donahue, C.J., Glasser, M.F., Preuss, T.M., Rilling, J.K., and Van Essen, D.C. (2018). Quantitative
assessment of prefrontal cortex in humans relative to nonhuman primates. Proc Natl Acad Sci U S A
115, E5183-E5192.
Estrada, K., Styrkarsdottir, U., Evangelou, E., Hsu, Y.H., Duncan, E.L., Ntzani, E.E., Oei, L., Albagha,
O.M., Amin, N., Kemp, J.P., et al. (2012). Genome-wide meta-analysis identifies 56 bone mineral
density loci and reveals 14 loci associated with risk of fracture. Nat Genet 44, 491-501.
Falcon, S., and Gentleman, R. (2007). Using GOstats to test gene lists for GO term association.
Bioinformatics 23, 257-258.
Fields, R.D., Araque, A., Johansen-Berg, H., Lim, S.S., Lynch, G., Nave, K.A., Nedergaard, M., Perez,
R., Sejnowski, T., and Wake, H. (2014). Glial biology in learning and cognition. Neuroscientist 20, 426-
431.
Fu, X., Giavalisco, P., Liu, X., Catchpole, G., Fu, N., Ning, Z.B., Guo, S., Yan, Z., Somel, M., Paabo,
S., et al. (2011). Rapid metabolic evolution in human prefrontal cortex. Proc Natl Acad Sci U S A 108,
6181-6186.
Gabi, M., Neves, K., Masseron, C., Ribeiro, P.F., Ventura-Antunes, L., Torres, L., Mota, B., Kaas, J.H.,
and Herculano-Houzel, S. (2016). No relative expansion of the number of prefrontal neurons in primate
and human evolution. Proc Natl Acad SciU S A 113, 9617-9622.


https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/601062; this version posted April 7, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-NC-ND 4.0 International license.

Gandal, M.J., Zhang, P., Hadjimichael, E., Walker, R.L., Chen, C., Liu, S., Won, H., van Bakel, H.,
Varghese, M., Wang, Y., et al. (2018). Transcriptome-wide isoform-level dysregulation in ASD,
schizophrenia, and bipolar disorder. Science 362.

Gautier, L., Cope, L., Bolstad, B.M., and Irizarry, R.A. (2004). affy--analysis of Affymetrix GeneChip
data at the probe level. Bioinformatics 20, 307-315.

Gibson, E.M., Purger, D., Mount, C.W., Goldstein, A.K,, Lin, G.L., Wood, L.S., Inema, I., Miller, S.E.,
Bieri, G., Zuchero, J.B., et al. (2014). Neuronal activity promotes oligodendrogenesis and adaptive
myelination in the mammalian brain. Science 344, 1252304.

Glatt, S.J., Cohen, O.S., Faraone, S.V., and Tsuang, M.T. (2011). Dysfunctional gene splicing as a
potential contributor to neuropsychiatric disorders. Am J Med Genet B Neuropsychiatr Genet 75685,
382-392.

Grove, J., Ripke, S., Als, T.D., Mattheisen, M., Walters, R., Won, H., Pallesen, J., Agerbo, E.,
Andreassen, O.A., Anney, R., et al. (2017). Common risk variants identified in autism spectrum
disorder. bioRxiv.

Hardingham, G.E., Pruunsild, P., Greenberg, M.E., and Bading, H. (2018). Lineage divergence of
activity-driven transcription and evolution of cognitive ability. Nat Rev Neurosci 19, 9-15.

Haroutunian, V., Katsel, P., Roussos, P., Davis, K.L., Altshuler, L.L., and Bartzokis, G. (2014).
Myelination, oligodendrocytes, and serious mental iliness. Glia 62, 1856-1877.

Herculano-Houzel, S. (2014). The glia/neuron ratio: how it varies uniformly across brain structures and
species and what that means for brain physiology and evolution. Glia 62, 1377-1391.

Jansen, |.E., Savage, J.E., Watanabe, K., Bryois, J., Wiliams, D.M., Steinberg, S., Sealock, J.,
Karlsson, 1.K., Hagg, S., Athanasiu, L., et al. (2019). Genome-wide meta-analysis identifies new loci
and functional pathways influencing Alzheimer's disease risk. Nat Genet 57, 404-413.

Jiang, Y., Matevossian, A., Huang, H.S., Straubhaar, J., and Akbarian, S. (2008). Isolation of neuronal
chromatin from brain tissue. BMC Neurosci 9, 42.

Khaitovich, P., Enard, W., Lachmann, M., and Paabo, S. (2006). Evolution of primate gene expression.
Nat Rev Genet 7, 693-702.

King, M.C., and Wilson, A.C. (1975). Evolution at two levels in humans and chimpanzees. Science 188,
107-116.

Konopka, G., Friedrich, T., Davis-Turak, J., Winden, K., Oldham, M.C., Gao, F., Chen, L., Wang, G.Z,
Luo, R., Preuss, T.M,, et al. (2012). Human-specific transcriptional networks in the brain. Neuron 75,
601-617.

Lambert, S.A., Jolma, A., Campitelli, L.F., Das, P.K,, Yin, Y., Albu, M., Chen, X., Taipale, J., Hughes,
T.R., and Weirauch, M.T. (2018). The Human Transcription Factors. Cell 175, 598-599.

Langfelder, P., and Horvath, S. (2008). WGCNA: an R package for weighted correlation network
analysis. BMC Bioinformatics 9, 559.

Leek, J.T., Johnson, W.E., Parker, H.S., Jaffe, A.E., and Storey, J.D. (2012). The sva package for
removing batch effects and other unwanted variation in high-throughput experiments. Bioinformatics
28, 882-883.

Liu, X., Somel, M., Tang, L., Yan, Z., Jiang, X., Guo, S., Yuan, Y., He, L., Oleksiak, A., Zhang, Y., et al.
(2012). Extension of cortical synaptic development distinguishes humans from chimpanzees and
macaques. Genome Res 22, 611-622.

Matevossian, A., and Akbarian, S. (2008). Neuronal nuclei isolation from human postmortem brain
tissue. J Vis Exp.

Mighdoll, M.1., Tao, R., Kleinman, J.E., and Hyde, T.M. (2015). Myelin, myelin-related disorders, and
psychosis. Schizophr Res 161, 85-93.

Miller, D.J., Duka, T., Stimpson, C.D., Schapiro, S.J., Baze, W.B., McArthur, M.J., Fobbs, A.J., Sousa,
A.M., Sestan, N., Wildman, D.E., et al. (2012). Prolonged myelination in human neocortical evolution.
Proc Natl Acad SciU S A 109, 16480-16485.

Miyata, S., Hattori, T., Shimizu, S., Ito, A., and Tohyama, M. (2015). Disturbance of oligodendrocyte
function plays a key role in the pathogenesis of schizophrenia and major depressive disorder. Biomed
Res Int 2015, 492367 .


https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/601062; this version posted April 7, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-NC-ND 4.0 International license.

Morris, A.P., Voight, B.F., Teslovich, T.M., Ferreira, T., Segre, A.V., Steinthorsdottir, V., Strawbridge,
R.J., Khan, H., Grallert, H., Mahajan, A., et al. (2012). Large-scale association analysis provides
insights into the genetic architecture and pathophysiology of type 2 diabetes. Nat Genet 44, 981-990.
Okbay, A., Beauchamp, J.P., Fontana, M.A,, Lee, J.J., Pers, T.H., Rietveld, C.A., Turley, P., Chen,
G.B., Emilsson, V., Meddens, S.F., et al. (2016). Genome-wide association study identifies 74 loci
associated with educational attainment. Nature 533, 539-542.

Pelvig, D.P., Pakkenberg, H., Stark, A.K., and Pakkenberg, B. (2008). Neocortical glial cell numbers in
human brains. Neurobiol Aging 29, 1754-1762.

Preuss, T.M. (2017). Chapter 8 - The Human Brain: Evolution and Distinctive Features. In On Human
Nature, M. Tibayrenc, and F.J. Ayala, eds. (San Diego: Academic Press), pp. 125-149.

Psychiatric, G.C.B.D.W.G. (2011). Large-scale genome-wide association analysis of bipolar disorder
identifies a new susceptibility locus near ODZ4. Nat Genet 43, 977-983.

Quesnel-Vallieres, M., Weatheritt, R.J., Cordes, S.P., and Blencowe, B.J. (2018). Autism spectrum
disorder: insights into convergent mechanisms from transcriptomics. Nat Rev Genet.

Reble, E., Dineen, A., and Barr, C.L. (2018). The contribution of alternative splicing to genetic risk for
psychiatric disorders. Genes Brain Behav 17, €12430.

Rilling, J.K., and van den Heuvel, M.P. (2018). Comparative Primate Connectomics. Brain Behav Evol
91,170-179.

Ritchie, M.E., Phipson, B., Wu, D., Hu, Y., Law, C.W., Shi, W., and Smyth, G.K. (2015). limma powers
differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res 43,
e4’.

Robinson, M.D., McCarthy, D.J., and Smyth, G.K. (2010). edgeR: a Bioconductor package for
differential expression analysis of digital gene expression data. Bioinformatics 26, 139-140.

Satija, R., Farrell, J.A., Gennert, D., Schier, A.F., and Regev, A. (2015). Spatial reconstruction of single-
cell gene expression data. Nat Biotechnol 33, 495-502.

Savage, J.E., Jansen, P.R., Stringer, S., Watanabe, K., Bryois, J., de Leeuw, C.A., Nagel, M., Awasthi,
S., Barr, P.B., Coleman, J.R.l., et al. (2018). Genome-wide association meta-analysis in 269,867
individuals identifies new genetic and functional links to intelligence. Nat Genet 50, 912-919.
Schunkert, H., Konig, I.R., Kathiresan, S., Reilly, M.P., Assimes, T.L., Holm, H., Preuss, M., Stewart,
A.F., Barbalic, M., Gieger, C., et al. (2011). Large-scale association analysis identifies 13 new
susceptibility loci for coronary artery disease. Nat Genet 43, 333-338.

Shannon, P., Markiel, A., Ozier, O., Baliga, N.S., Wang, J.T., Ramage, D., Amin, N., Schwikowski, B.,
and Ideker, T. (2003). Cytoscape: a software environment for integrated models of biomolecular
interaction networks. Genome Res 13, 2498-2504.

Smedley, D., Haider, S., Ballester, B., Holland, R., London, D., Thorisson, G., and Kasprzyk, A. (2009).
BioMart--biological queries made easy. BMC Genomics 70, 22.

Somel, M., Guo, S., Fu, N,, Yan, Z,, Hu, H.Y., Xu, Y., Yuan, Y., Ning, Z., Hu, Y., Menzel, C., et al.
(2010). MicroRNA, mRNA, and protein expression link development and aging in human and macaque
brain. Genome Res 20, 1207-1218.

Sousa, A.M.M., Meyer, K.A., Santpere, G., Gulden, F.O., and Sestan, N. (2017a). Evolution of the
Human Nervous System Function, Structure, and Development. Cell 770, 226-247.

Sousa, AM.M., Zhu, Y., Raghanti, M.A., Kitchen, R.R., Onorati, M., Tebbenkamp, A.T.N., Stutz, B.,
Meyer, K.A., Li, M., Kawasawa, Y.l., et al. (2017b). Molecular and cellular reorganization of neural
circuits in the human lineage. Science 358, 1027-1032.

Srivastava, S., Bhatia, M.S., Bhargava, S.K., Kumari, R., and Chandra, S. (2016). A Diffusion Tensor
Imaging Study Using a Voxel-Based Analysis, Region-of-Interest Method to Analyze White Matter
Abnormalities in First-Episode, Treatment-Naive Major Depressive Disorder. J Neuropsychiatry Clin
Neurosci 28, 131-137.

Takahashi, J.S., Kumar, V., Nakashe, P., Koike, N., Huang, H.C., Green, C.B., and Kim, T.K. (2015).
ChIP-seq and RNA-seq methods to study circadian control of transcription in mammals. Methods
Enzymol 551, 285-321.


https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/601062; this version posted April 7, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-NC-ND 4.0 International license.

Teffer, K., and Semendeferi, K. (2012). Human prefrontal cortex: evolution, development, and
pathology. Prog Brain Res 7195, 191-218.

Tonnesen, S., Kaufmann, T., Doan, N.T., Alnaes, D., Cordova-Palomera, A., Meer, D.V., Rokicki, J.,
Moberget, T., Gurholt, T.P., Haukvik, U.K., et al. (2018). White matter aberrations and age-related
trajectories in patients with schizophrenia and bipolar disorder revealed by diffusion tensor imaging. Sci
Rep 8, 14129.

Voineskos, A.N., Felsky, D., Kovacevic, N., Tiwari, A.K., Zai, C., Chakravarty, M.M., Lobaugh, N.J.,
Shenton, M.E., Raijji, T.K., Miranda, D., et al. (2013). Oligodendrocyte genes, white matter tract integrity,
and cognition in schizophrenia. Cereb Cortex 23, 2044-2057.

Wang, X., Park, J., Susztak, K., Zhang, N.R., and Li, M. (2019). Bulk tissue cell type deconvolution with
multi-subject single-cell expression reference. Nat Commun 70, 380.

Wray, N.R., Ripke, S., Mattheisen, M., Trzaskowski, M., Byrne, E.M., Abdellaoui, A., Adams, M.J.,
Agerbo, E., Air, T.M., Andlauer, T.M.F., et al. (2018). Genome-wide association analyses identify 44
risk variants and refine the genetic architecture of major depression. Nat Genet 50, 668-681.

Zhao, H., Sun, Z., Wang, J., Huang, H., Kocher, J.P., and Wang, L. (2014). CrossMap: a versatile tool
for coordinate conversion between genome assemblies. Bioinformatics 30, 1006-1007.


https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

Figure 1

o
o
©
0
(V)
c
()
G o
S gloLiG2
* 8
354
O-
-100 0 100 -100 0 100
PC1 (33.9 %) PC1 (25.7 %)
D E F NeuN
2.5 0.005 0,05 0.0 3.6 0.0
NeuN OLIG2 f ©002) (1) (003) (1) (0:003) (i) (0:003) (i)
\
\ # of DEG '\ # of DEG 4
S per \ et per * wodh WOW Wow W
E?_%f','million year \888 *million year
A \ OLIG2
\ \ 0.43 0.019 042 002 0.55 001 0,31 0.0
‘' 458 \ @ ot oAy qowm om m )
r-==- \ 0
g \)-2-7'2- 1 08 1042
,35.8 , G0 I M B AR B O B O
, ,/25.2
R & N & RN & R
A T T
PN AN SN
\’b' \? > @ K
Q, > & S

bioRxiv preprint doi: https://doi.org/10.1101/601062; this version posted April 7, 2019. The copyright holder for this preprlnt not OQ
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is m aval OQ (OO
\L°°

(%)
@ &
aCC-BY-NC-ND 4.0 International license. %O NS


https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

B C D
0.3_ NGUN 03_ OLIG2 2‘9 NeuN******** OLIGZ********
) @ () ..% **** ****
e c O 8
) ) @
& o - AL L
] i R 57 - =
) LLI L £ o)
: 0.3 & 0.3 =6 | |
e 'O N ' @ < . . .
S 2 N\ N\ NPRE) NG
S > & RN &P R
MAP4K4
E MDN1 NASP HOOK?2
NM21 TUBET om15 CCDC180
®DEG up CACNA1C ®DEG up CHD2 SLC2A11
GPT2 MRPS25 @
PCSK7 P AP1S3 4 DDX46GOLGA1 o0,
COLGALT1 _ CCARY EXOSC10
PLCH2 COL5A3 @ o T
o STYXL1 =) SCAPER SUPT6H RBM19 a
VWA3A cc2D1A @ w O DDX27 iazop T
LB1L =t Y TCFE25 o
.F’DE4D|P G 3 STK39 87 ....... MYO10 @ . EIF3A (®))
CACNASDS FAM71F2 ¥ MYOB6 DNMT1 +KRH <_|3'
ADAM20 TOP1 ® ...k
. KCNT1 DNAAF1 0- ° SMARCC1 ‘CDK5RAP2 EIFSB 0-
GGA2 . ’6 SAFB -Q .(\Q. (\Q)
ncer @ HYDIN  CENPT ’:9 . NCOR1 ° o A€ &
ADTRP CCDC93 & %4)«\@ SMAR002 APP TCHP ngngo&
ZNF706 2 ITSN2 SEPT8 o N\
FRMD4A RALGDS . (5@6 3 UpFaA WoR70 SSRP1 Q‘ig\i\}Q
@ @ Tcrs S O . . = TR ® NS
KIAAO556 MyOSA @ QU [LDARF p CFOP1 MXIT ® GIGYF2
COL11A1 e GTF2I CDK11A
IQCAT ®  orPr3t & ATAD2B
AMPD3 EVL 31 3 KIFSB
SULT1A2 ANGPTL4
G bioRxiv preprint doi: https://doi.org/10.1101/601062; this version posted April 7 %19 The copyright holder for this preprint (which was not
chrtified by peer review) is the author/funder, who has granted bioRxiv a license to |SCEZ preprint in perpetuity. It is made available under
NM1 aCC-BY-NC-ND 4.0 International li
® DEG Down )/
® DEG Down Rarcaps G Do ® GCLC
° SLC22A17 RLF "OBSCN
RALGAPB .
ZHX1 COL4AT v A ELOVL2 ] —
205 o @® reroran T
NOA1 ¢ a
ABCC3 TOP3A PERT RELN RTN4 TJAP1 ™
AKAP6 EAT1 CDH19 =
IZUMO1  THOC3 INPPSE X . >
PGBD2 . . AUP1 ARHGAP3S " B s 18 S
ZFP3 AKAPG ®
INFaSNX14 CELSR3 B3GALT1 ° ® PR TMTC2 , RALGAPAT o{LtL <
% ZNF181 PCDHg TMEM132B @‘\\\\@’\\\\&o
ZZEF1 ([ (IR OIRN
@ e e Y PARP11 ZNF2929Q ZNF177 GTF2H2C $To? é@
HMCN2 A ZNF644 o MAPRE3 \(bc} @@ &
ZNF23 TFR2 o ZEB2 HGSNAT x @
p KCNQ3 SETBP1 ZNFS95 e ami718 o & @S
KLC2 ® PCLO . SLITRKS ZNF429 &\Q P
3 FAM208A NCOA2 S
° VEGFB LRRTM3 NN
GET4 ° VCPIP1 MAML3 & &
ONR302 ¥ HIVEP1 NRIP1 SECISBP2L @
ADCY8 ZFC3H1 USP34 Y



https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

Figure 3

A 54 Brain GWAS Non-Brain GWAS
—_—~ 4-
o
o NM19
I 3
=] NM21
S
T 21
R E TP
O-
DD L@ PR A
SO SO F RS ¢ S PGS
YO SO S S o
Wl C® P ©
S 9 \
¥ S

% % %

Brain GWAS Non-Brain GWAS

*kk X%

@ &0 L N o)

é’i Q\%‘O;\ A ‘”6;>'°° S & eo‘?.\q?'“ oo o\v T
7 LR S &S O

A X o Q

Ak %‘}9 oo I

bioRxiv preprint doi: https://doi.org/10.1101/601062; this version posted April 7, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under

aCC-BY-NC-ND 4.0 International license.


https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

Figure 4

A 5 5_NM19 NM21 B Oom2 OM15
: 10.04 Neuronal Oligodendrocytes | 251 o
ASD, SZ Dysreg ASD, SZ Dysreqg geneM11
201 _— BD Variants 751 SZ Variants 20+
.0 ' o o PY Splici
= = plicing
5 1.5 geneM8 & geneM2 151 SZ Dysreg
%) 5.0 1 o 5.07 °
3 1.0 3 10- geneM19
o oJcnem24 @] g.eneM29 °
55 25 PY geneM14
0.5 geneM7 51 .geneMQ
geneM25
0.01 0.0 oor_ . ot
0.0 1.0 2.0 0 2 4 6 8 0 2 4 6 8 0 5 10 15 20
-log, (FDR) -log, (FDR)
C D
1.0 3.0
NM15 L Oom2 L
5 [}
«© «
0.5 9_-n\ 1.5~
T
1.6
NM21 O OM15 (005 5
o> ° °
K Q » S v D
1 o@D &V g Ood® YV o>
SNy 8 ¢ & SRS
R X s R
Q Q

bioRxiv preprint doi: https://doi.org/10.1101/601062; this version posted April 7, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under

aCC-BY-NC-ND 4.0 International license.


https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

Figure S1

g g
< =
O O
N )
%) w
50 100 150 200 250 50 100 150 200 250 50 100 150 200 250
FSC-A (x 1.000) FSC-A (x 1.000) SSC-W (x 1.000)
Population #Events %Parent %Total
[J Al Events 4,428 100.0
< Ll Live 3,326 751  75.
S 1 3,217 96.7 727
= L s2 3,132 974 707
- NeuN 1,600 511  36.1
u_j_ OLIG2 999 31.9 226
© -+ 290 9.3 6.5
< -
2 3 d ' T S
bioRxi® preprint doi: https.’ﬂdoi.or /10.1101/609062; this version pl'Psted April 7, 2019. The copyright holder for this preprint (which was not
(1034, 638g8rtified by peer review) is tﬁd@&l&\%}mﬂeﬂf%héhas granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-NC-ND 4.0 International license.
NeuN OLIG2 1.00] NeuN OLIG2
1.00 & Hsa & Hsa
I\P/Ian I\;IOI 'I\D/Ian I\;IOI
0.75 achiiu acMu
0.75 5
2 0.59 0.578 S
<050 ©0-50
o
0.33 0.299
0.25 0.25
0.067 0.102 )
0.00| I 0005 0008 e _oovs _oors [N ooo]  dmfhedosi el L e s
) 4 ) O ) 4 < O o .0 0O O O 0 o O O O 0
2 Q N Q ) QO NS e QO 40 . QO L
& T & S8 & ° © & @ T FPSFEE S TIPS ¢
%) \2\\3 %Q \2\\5
o) o
RISy S
L« o L 80 O
D Py Y Py
A v+ Anova Bonf < 0.05 N v +Anova Bonf < 0.05
o o
4.7 4,70
o R QR
NONAY NN
Q Q@ ¢ o
/4506 \\s '06\
xS Q 5


https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

Figure S2

A B
_+ 1 1 1
157 1T 15- ! :
1 1 || 1
S 101 I S 104 !
(@] 1 1 (@] 1
& | 1 o |
54 ; 5 !
1 1
0- [ Jnns —I M 0- | [1 —ITIm
3000 3250 3500 3750 4000 2000 2200 2400 2600
# of Gene # of Gene
C D
30- [ : : 201 :
E : : E 15- 1
S 20' 1 1 =] 1
o I | o 10 I
© 101 ! © 5 !
1 1 1
0+ |— : — : 0 - 1 [ = :
0 1000 2000 3000 0 500 1000 1500 2000 2500
# of Gene # of Gene
E F
Hsap Hsap Hsap Hsap
\\ \ \ \
\ \ \ \
\ \ \ \
\ \ \ \
\
‘255 *.37.8 ' 95 \12.7
\ \ \ \
\ \ \ \
\ \ ‘3.5 PanTro *
)_11.?3 PanTro \ g \
\
‘. 17.5_ PanTro / 3 _PanTro

2 S -
/ r ’

/

/
bioRxiv preprint doi: https://doi.org/10.1101/607062; this version posted April 7, 2019. The copyright holder for this preprint (which was not

ranted bioRxiv a license to display the
Y-NC-ND 4.0 International license.
/

certifh;d er review) is the author/funder, whto,
"7't818 o
/ /

/
I\/Iac/\,ﬂu/ MacMul

/

MacMul

%)r'gt in perpetuity. It is made availa)b gugier
/

/

MacMul


https://doi.org/10.1101/601062
http://creativecommons.org/licenses/by-nc-nd/4.0/

Figure S3
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