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A-to-I RNA editing by adenosine deaminases acting on RNA is a post-transcriptional modification that is crucial for
normal life and development in vertebrates. RNA editing has been shown to be very abundant in the human
transcriptome, specifically at the primate-specific Alu elements. The functional role of this wide-spread effect is still not
clear; it is believed that editing of transcripts is a mechanism for their down-regulation via processes such as nuclear
retention or RNA degradation. Here we combine 2 neural gene expression datasets with genome-level editing
information to examine the relation between the expression of ADAR genes with the expression of their target genes.
Specifically, we computed the spatial correlation across structures of post-mortem human brains between ADAR and a
large set of targets that were found to be edited in their Alu repeats. Surprisingly, we found that a large fraction of the
edited genes are positively correlated with ADAR, opposing the assumption that editing would reduce expression.
When considering the correlations between ADAR and its targets over development, 2 gene subsets emerge, positively
correlated and negatively correlated with ADAR expression. Specifically, in embryonic time points, ADAR is positively
correlated with many genes related to RNA processing and regulation of gene expression. These findings imply that the
suggested mechanism of regulation of expression by editing is probably not a global one; ADAR expression does not
have a genome wide effect reducing the expression of editing targets. It is possible, however, that RNA editing by ADAR
in non-coding regions of the gene might be a part of a more complex expression regulation mechanism.

Introduction

Adenosine-to-inosine (A-to-I) RNA editing by adenosine
deaminases acting on RNA (ADARs) proteins is a post-transcrip-
tional modification pre-mRNA that is essential for normal life
and development in vertebrates.1-3 Editing changes the sequences
of encoded RNA, thus contributing to proteomic and phenotypic
diversity. To this day, thousands of human genes have been
shown to be subject to A-to-I RNA editing within their untrans-
lated regions and introns.4-10 In primates, these editing events
take place mainly within Alu repeats,11-14 which are primate-spe-
cific, 300 bp-long elements that comprise about 10% of the
human genome. Importantly, editing has been shown to operate
in genes encoding synaptic proteins or important neuromodula-
tors, suggesting that editing may have an important role in tun-
ing molecular functions in the brain regions.15,16 Indeed, known
phenotypic effects of editing from Caenorhabditis elegance and
Drosophila melanogaster to Mus musculus are related to neural
systems and behavior.17-19 In addition, editing was found to be
dysregulated in several diseases, mainly related to the neural sys-
tem.20-22

The impact of RNA editing on coding sequences can be
understood by considering the fact that the translation machinery
identifies inosine (I) as guanosine (G), thus editing can lead to
protein diversification. However, the impact of editing on non-
coding regions of a gene is not understood as well, despite the
abundance of editing in non-coding regions: most human genes
have been shown to undergo editing in these regions.4,23 Various
functions have been proposed to explain the abundance of edit-
ing in non-coding regions.1 It has been proposed that 3’ UTR
editing may play a role in gene silencing1; in augmenting or
counteracting the RNAi mechanism,1 and as an anti-retroele-
ment mechanism.24 It has also been suggested that heavily-edited
mRNA transcripts are retained in the nucleus,25-29 or induce ino-
sine specific degradation of the edited transcripts by Tudor-SN
nuclease.28,30 Moreover, hyper edited transcripts were even
shown to down-regulate gene expression in trans.31 Another way
in which editing might regulate gene expression in human is
through modification of micro-RNA (miRNA) targets within 30

Alu elements32 and changing the splicing enhancers/silencers rec-
ognition sites.33 A common effect of all these proposed mecha-
nisms is that editing of a target gene is expected to reduce its
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expression. A direct prediction stemming from this hypothesis is
that expression of edited genes will be negatively correlated across
conditions with the expression of ADARs.

The above experimental findings seem to conflict with the
abundance of editing targets in the human genome in terms of
the possible effects of RNA editing on expression. On one hand,
as pointed above, editing was demonstrated to dramatically
impact some edited transcripts.26 On the other hand, if editing
determines the fate of mRNA it would have an overly massive
effect on human transcriptome. This is because a large fraction of
human transcripts contain double-strand RNAs structures
formed by Alus,4,11-14 ideal ADAR targets, and therefore, editing
would impact a large fraction of human genes. Moreover, since
the rapid invasion of Alus into the genome is mostly specific to
primates, evolution only has a short period to adapt to this recent
dramatic increase of edited targets.

To address these 2 possible conflicting views, the current work
aims to chart co-expression patterns of ADARs and their potential
Alu editing targets in the human brain, using 2 large sets of
mRNA expression from postmortem brains. Surprisingly, when
considering the correlation structure of ADAR and its targets
along development, we do not find evidence supporting the
expected global negative correlation, since the distribution of cor-
relations is often bi-modal: ADAR is positively correlated with
most of its targets, and negatively correlated with other target
genes. Our results suggest that in the course of primate evolution,
with the massive editing associated with Alu, editing-related
mechanisms for gene regulation were probably adjusted in such a
way that their negative regulation of edited gene has changed.
Importantly, our results imply that the suggested mechanism of
negative regulation of expression by RNA editing is not global,
namely, its effect on a target gene may vary substantially.

Results

To characterize the spatial expression of ADAR (ADAR1) and
ADARB1 (ADAR2) in the brain and how their expression corre-
lates with their potential editing targets, we analyzed genome-
wide expression measurements from 2 sources: A data set con-
taining 3702 samples from 6 adult human brains,34 and a dataset
measured from 57 brains over development35 (see Methods for
details on both data sets). In the results below, we refer to them
as ABA-2013 and Kang-2011, respectively.

ADAR expression in the human brain
As a first step to characterize the expression of ADAR and

ADARB1 in the human brain, we studied their pattern of expres-
sion across the major brain regions. Figure 1 shows the average
expression over the 6 adult brains in 3 consecutive coronal slices.
Expression levels were calculated here by first summing expres-
sion over smaller regions, and then dividing by the maximum
expression over regions. This was done to allow easier visualiza-
tion of the expression levels in the different brain regions. ADAR
expression is enriched mostly in sub-cortical regions, the claus-
trum, pons and medulla oblongata, but also the cingulate gyrus.

This expression pattern is consistent with previous reports that
editing targets HTR2C, the gene that codes for a serotonin recep-
tor that is expressed in sub-cortical regions, but not HTR2A
which codes for a receptor in the same family which is expressed
in the cortex. ADARB1 expression is enriched particularly in
highly functional regions such as the cerebellar cortex, pons and
thalamus. Over-expression of both ADARs in the pons is consis-
tent with a previous finding of high editing levels in this region
in the rat brain.36 Interestingly, the expression levels of ADAR
were in general not exceptionally high in the neocortex, the brain
area that is dramatically oversized in primates and humans
specifically.

Correlation structure between ADAR and putative
Alu editing targets

As discussed above, RNA editing of Alu repeats has been sug-
gested as a possible regulatory mechanism, where switching of
Adenosine to Inosine marks mRNA for degradation or nuclear
retention.25-27 To examine the hypothesis that RNA editing
serves as a mechanism for downregulation of gene expression, we
calculated the spatial correlation between ADARs and 7,864
potential editing targets (see Methods for details on how target
and background sets were defined) across brain regions in the
ABA-2013 dataset, and 6,834 potential editing targets in the
Kang-2011 data set. If ADARs edit their targets on a wide scale,
and if RNA editing by ADARs down-regulates their targets,
regions with high levels of ADAR and ADARB1 mRNA would
show lower levels of their non-edited targets on average. As a con-
sequence, we would expect to see negative correlations between
ADARs and their potential editing targets.

We used the Illumina Human Body Map (HBM) RNA-Seq
data from a brain sample to identify genes with edited Alu ele-
ments, focusing on edited Alu repeats that reside within genes.
We defined a gene as a target if it contains at least one edited
Alu4,11-14

We computed the spatial correlation of ADAR and ADARB1
with their potential editing targets, across all samples in our 2
datasets. As a baseline for comparison, we also computed the
same correlations but this time with the spatial expression profile
of all genes in a background set of 10,731 genes (see Methods for
details on how target and background sets were defined).
Figure 2A shows the histograms of correlations between ADAR
and the target set (red) and ADAR and the background set (blue).
Surprisingly, the effect observed is opposite than what is pre-
dicted by the initial hypothesis. The correlation of ADAR mRNA

Table 1. Number of target genes and background genes used in the
analyses.

ABA-2013 Kang-2011

All targets 7,864 6,834
Intronic Alus 7,494 6,525
3’UTR Alus 1,024 878
5’UTR Alus 92 55
CDS Alus 38 37
Background genes 12,909 10,731
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levels with the expression of its potential targets is actually more
positive than correlations of ADAR mRNA levels with the back-
ground set expression (median Pearson correlation with targets D
0.224, median Pearson correlation with background D0.104,
Wilcoxon test for different medians z-value D 31.9, P-value
<8.73*10¡223, nD20,772, Figure 2A). This effect was consistent
when we computed non-linear spatial correlation (median Spear-
man correlation with targets D0.219, median Spearman correla-
tion with background D 0.099, Wilcoxon test for different
medians, z-value D 31.3, P-value <9.92*10¡215, n D 20,772).
There was no significant effect found for the other editing enzyme,
ADARB1 and this result is consistent with the fact that ADAR is
considered to be the main gene responsible for Alu editing.5,37,38

To further validate the high spatial correlation between ADAR
and its targets, we computed the distribution of spatial correla-
tions in the second data set, Kang-2011, which measured spatio-
temporal expression profiles throughout the human brain and in
different ages.35 Results in this second dataset were highly consis-
tent with the first data set: The correlation between ADAR and
the set of edited targets, computed using all the samples regard-
less of age, was significantly positive (median Pearson correlation

with targets D 0.063, median Pearson correlation with back-
ground D¡0.121, Wilcoxon test for different medians z-value D
41.2,P-value < 10¡223,nD17,564. Median Spearman correlation
with targets D 0.0567, median Spearman correlation with back-
ground D -0.135, Wilcoxon test for different medians z-value D
41.7, P-value < 10¡250,nD17564, Figure 2B). The results were
also largely consistent at the gene-to-gene level: the set of correla-
tions with ADAR, as computed for each gene, was in itself
strongly correlated (Spearman rho D 0.44, P-value<10¡16),
even though the 2 datasets used were measured in different sub-
sets of brain regions.

Since ADARB2 (ADAR3) is thought to have a regulatory
interaction with ADAR and/or ADARB139 we studied the corre-
lation in the expression of the pair ADAR and ADARB2 and of
the pair ADARB1 and ADARB2. No consistent and significant
correlation was found in either of the 2 data sets we tested. More
refined data may be needed to tease out the regulatory inter-rela-
tions of the 3 ADARs.

Figure 2 shows the distribution of ADAR correlations with the
target set and the background set. The difference in the correla-
tions that ADAR has with its targets versus the background set

Figure 1. ADAR and ADARB1 expression in the human brain based on the ABA-2013 data set. Heat map of normalized mRNA expression in 3 coro-
nal slices of a human brain. Expression levels were calculated here by first summing expression over smaller regions, and then dividing by the maximum
expression over regions, and averaged over 6 adult brains. This was done to allow easier visualization of the expression levels in the different brain
regions. (A) ADAR expression is enriched in the cingulate gyrus - CG, the pons - P, the claustrum - C and the medulla oblongata - MO. (B) ADARB1 expres-
sion is enriched in the thalamus - TH), the pons - P and the cerebellar cortex - CBC. Figures were created using the brain-expression-visualizer tool avail-
able from www.chechiklab.biu.ac.il.
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stems from 2 sources: a subset of target genes that have strong
positive correlations with ADAR, and also a group of genes that
are not edited but are strongly negatively correlated with ADAR.
This “spike” in negative correlations is very prominent and
appears in both datasets. To characterize the highly negatively
correlated genes, we performed a Gene Ontology (GO) enrich-
ment analysis using GOrilla.40 In ABA-2013 and also in
Kang-2011, we found that the lists of genes that are negatively
correlated with ADAR are highly enriched for olfactory receptor
activity (P < 10¡50 for both data sets).

Editing levels may change across tissues or conditions. To test
if the effects described above are sensitive to the specific tissues
selected, we repeated the analysis but this time selecting a target
set based on genes with edited Alus in each of the 16 available tis-
sues in the HBM dataset. The 16 groups of targets are highly
overlapping (mean percentage of overlap D 61.15%, STD D
9.32%). We tested ADAR correlations with the different target
gene groups and found that they are consistently and significantly
more positive than with the complementary background set of
genes, and the effect was highly stable across tissues (mean differ-
ence of medians D 0.043, STD D 0.017, Figure S1).

Double stranded Alu structures appear in various locations in
genes. To test if the strong positive correlation of ADAR with its
putative targets depends on the location of the target in the gene,
we repeated the analysis, but this time separating the targets
ABA-2013 into 4 groups of genes based on the location of the
Alu repeat: 3’UTR (1,024/878genes), 5’UTR (92/55 genes),
intronic regions (7,494/6,525genes) and coding sequences
(CDS, 38/37genes). We accounted for the different sizes of the
groups using bootstrap (see Methods). The spatial-correlation
effect was significant in intronic Alus and in 3’UTR Alus
(Figure 2C). Lack of differences in correlation between editing at
the 3’ UTR and introns argues against global gene regulation by
editing at the 3’ UTR. The distribution of correlation values of
ADAR with each of the target groups and the background set is
shown in Figure S2.

The difference in ADAR correlations with targets and back-
ground genes may not be specific to ADAR. For instance, if a
large group of target genes is highly positively inter-correlated,
then many genes, not only ADAR, would show a strong correla-
tion with that group and as a result, significantly stronger correla-
tion than with the background set. To test if the difference in

Figure 2. The distribution of spatial correlation values between ADAR and targets (orange) and between ADAR and a background set (light blue). The
results are shown for (A) ABA-2013 dataset (B) Kang-2011 data set. The two distributions differ due to 2 groups of genes: a larger number of target genes
have positive correlations with ADAR, and there also exist a group of genes that do not contain Alus, thus are not targeted by ADAR, but are strongly neg-
atively correlated with ADAR. (C) Boxplot of the log-transformed p-values of a one-sided Wilcoxon test between ADAR correlations with targets vs. a back-
ground set of genes is plotted against the location of the Alu repeat pairs in the gene (note that Alu in the CDS or 5’ UTR is rare). P-values for the 2
datasets are pooled and shown together. Error bars encompass data within 1.5 times the inter-quartile range, and the boxes show the lower and upper
quartiles together with the median. Outliers are represented as circles. Lack of differences in correlation between editing at the 3’ UTR and introns argues
against global gene regulation by editing at the 3’ UTR. (D,E) 2D histograms of the correlation of genes with ADAR vs. the number of Alu repeats the
genes contain. Positive correlation with ADAR increases with number of Alus. Points with more than 50 Alu repeats were ignored for easier visualization.
The results are shown for (D) ABA-2013 data set (E) Kang-2011 dataset.
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correlations is specific to ADAR, we repeated the above analysis
for all genes: for each gene, we calculated the Spearman correla-
tion between the gene’s spatial expression pattern and the expres-
sion of the genes from the intronic target and background sets.
We ranked all genes based on the magnitude of their correlation,
measured as -log10(Wilcoxon’s test p-value). ADAR is ranked at 6
out of 20,773 genes in the ABA data set and ranked 22 out of
17565 genes in the Kang-2011 dataset. In the intersection of the
2 sets, ADAR is one out of only 10 genes that are in the top 1%
of both 2 sets (10 out of 17565, top 0.1 percentile). This means
that the high positive correlations of target genes with ADAR are
not a common phenomenon in the genome, and this result is sig-
nificantly specific to ADAR. The other 9 genes include DDX1, a
putative RNA helicase which is implicated in several processes
involving alteration of RNA secondary structure41 and the inter-
feron receptor IFNAR1. Another gene that shows high correla-
tion with editing targets in both sets is NF2, which has been
suggested to be involved in neural cell development.42 Brain
development has been suggested to be controlled in part by RNA
editing.43

Genes contain variable amounts of Alu repeats. If the positive
spatial correlation of ADAR with its targets is functionally mean-
ingful, we would expect to see higher correlations of ADAR with
genes that contain more Alus. Figure 2D,E plots the correlations
of intronic target genes with ADAR against the number of Alus
in the same genes. There is a significant positive correlation
between the number of Alus that a gene contains and its correla-
tion with ADAR, in both data sets (Spearman correlation coeffi-
cient r D 0.084, p-value D 4*10¡13 for ABA-2013 dataset,
r D 0.11, p-value D 4.4*10¡19 for the Kang-2011 data set).
Genes that contain more Alu repeats tend to be longer, therefore
the relation between spatial correlation with ADAR and the num-
ber of Alus could be a side-effect of the increased gene length. To
test this, we assembled 2 sets of length-matched genes, one from
the target set and another from the background set (see Meth-
ods), and computed their correlations with ADAR. The correla-
tions of ADAR with the target set were strongly positive, as
opposed to the correlations with the background set, for both
ABA-2013 (median Pearson correlation with targets D 0.241,
median Pearson correlation with background D0.104, Wilcoxon
test for different medians z-value D 25.1,P-value < 7.27*10¡139,
n D 10054) and Kang-2011 (median Pearson correlation with
targets D 0.065, median Pearson correlation with background
D-0.102, Wilcoxon test for different medians z-value D 27.5,P-
value < 9.62*10¡167,n D 8968). We conclude that the higher
positive correlations of ADAR with its targets are not simply due
to of the effect of gene lengths.

Correlation structures of known brain transcription factors
and their targets

In the above analysis, the ADAR expression data and the edit-
ing data were computed from different data sets. To further test
the validity of the results with a “sanity test," we studied the cor-
relation patterns of known transcription factors (TFs) and their
corresponding targets in the brain. We focused on the transcrip-
tion factors EP300, PAX5 and TCF12 (see Methods). We

checked the correlation of each TF with its putative targets vs. a
background set which contains all other genes (Supplementary
Figure S3).

In the ABA-2013 dataset, the correlations of all TFs and their
putative targets are significantly more positive than the correla-
tions with the background set (n D 20772, EP300, Wilcoxon
p-value D 7.7*10¡15; PAX5, Wilcoxon p-value D 1.1*10¡05;
TCF12, Wilcoxon p-value D1.9*10¡4). In the Kang-2011 data
set, which has a smaller number of brain regions, we still see a sig-
nificant difference between EP300 and TCF12 target and back-
ground set correlations (n D 17564, EP300, Wilcoxon p-value D
1.4*10¡3, Figure R2D; TCF12, Wilcoxon P-value D 6*10¡4,
Figure S3F). For PAX5, the distributions of correlations (Figure
S3E) is largely non-Gaussian (low kurtosis), and it is likely that
the strong variability in this distribution washes out the differ-
ence in the medians of the 2 groups with this sample size.

Validation using the HBM data
ADAR1 expression does not correlate strictly with editing lev-

els when restricting correlations to a specific site.46-49 However,
the correlation between the global level of editing and ADAR1
expression level has been found significant in several studies, For
instance, it has been recently shown that reducing ADAR1
expression levelsleads to reduction of global editing.37 It has also
been shown that up-regulation of ADAR1 in ESCC tumors con-
tributes to gene-specific hyper-editing patterns.50

To quantify if ADAR expression and overall editing levels are
correlated in our data, we calculated both the editing levels and
the expression levels for all of the genes from RNA-seq data from
the Illumina Human BodyMap 2.0 Project (see Methods). This
is the dataset that we originally used to choose the target and
background sets for this study.

Since expression was measured using RNA-seq, we can study
expression patterns of specific ADAR isoforms. Since most iso-
forms are not expressed in all tissues, we report results on ADAR
variant 4, the most widely expressed ADAR isoform in our data
(see Methods). We first calculated overall Alu editing levels for
all 16 tissues by summing editing levels over all gene targets.
Then, we calculated the correlation between these Alu editing lev-
els and ADAR expression levels in the same HBM data set. The
correlation we found was positive and strong (Spearman Rho D
0.35), but with the small number of samples (n D 16) it was not
statistically significant (p-value D 0.19). When refining this test
and computing the correlation with editing level in 4 specific sites
(CDS, intron, 3’UTR or 5’UTR), all 4 correlations are positive
and 2 were statistically significant (CDS: r D 0.54, p-value D
0.034; intron: r D 0.32, p-value D 0.23; 3’UTR, r D 0.28, p-
value D 0.3; 5’UTR, r D 0.61, p-value D 0.015, Figure S4).
The fact that the correlation is not necessarily significant
(although consistently positive) could stem from the relatively
low number of samples (16 samples, while the Kang-2011 and
ABA-2013 datasets consist of thousands of samples).

We used the HBM data set to check the correlation structure
between ADAR and the target and background sets, chosen as
described in the Methods section. In this dataset as well, ADAR
correlations with targets are significantly more positive than with
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the background set (median Spearman correlation with targets D
0.106, with background D 0.073, Wilcoxon test for different
medians, z-value D 6.02, p-value D 1.75*10¡9, n D 25688). To
verify that this effect is ADAR-specific, we repeated the analysis
while replacing ADAR with every other gene in the data set.
ADAR has scored in the top 3 percentile of all genes (569 out of
25688), implying that this effect is significantly specific to
ADAR.

Correlations with ADAR over development
RNA editing has been suggested to be involved in brain devel-

opment and neurodegeneration.17-19,52 The Kang-2011 dataset
is a neural expression survey measured over development, allow-
ing to test if the positive ADAR-target correlations change over
time. We examined the dynamics of the correlations over brain
development, and found that spatial correlations of ADAR and
its targets are higher than with the background set throughout
development (Figure S5). Considering the distribution of corre-
lations in every time point reveals that for at least some of the

time points, the histograms of corre-
lations between ADAR and targets
are bi-modal (see example time
points at Figure 3A,B, Figure S5
shows results for all time points).

To test the stability of the groups
of target genes that are correlated
with ADAR, and how these groups
may change across different time
points, we calculated the cross-corre-
lation between the lists of correla-
tions of target genes and ADAR at
every 2 time points (Fig. 3C). We
found that the target genes corre-
lated with ADAR are similar in 2
embryonic time points (10–13 pcw
and 13–16 pcw), and in most of the
adult time points (excluding the last
one, 60yC).

In order to functionally charac-
terize the bimodal distributions in
these 2 clusters, we pooled together
data from all embryonic time points
and all post-natal time points, and
performed a GO enrichment analy-
sis on the positively correlated genes
and the negatively correlated ones
using GOrilla.40 The functional
analysis revealed that in the embry-
onic time points, the genes that are
positively correlated with ADAR are
highly enriched for processes such as
RNA binding, mRNA processing
and gene expression (see Table ST1
for the full lists of categories). The
negatively correlated genes are
enriched for "ion transport" (FDR

q-value <10¡7). In the post-natal time points the positively cor-
related genes and the negatively correlated ones are not enriched
for a particular biological process.

Discussion

The current paper addresses the question of what genome-
wide impact RNA A-to-I editing may have on expression in the
brain. We aimed to resolve an apparent conflict: On one hand, it
has been shown that in some cases editing could dramatically
impact expression of genes. On the other hand, the unique abun-
dance of editing targets in human genes would mean that if edit-
ing affects the expression of all its targets, it would lead to
massive expression changes.

Using two data sets that measured gene expression in multiple
locations in human brains, we computed the spatial correlation
between the expression profile of ADARs and their known tar-
gets.4 Surprisingly, we found that the distribution of correlations

Figure 3. ADAR-target correlations over development. The distribution of spatial correlation values
between ADAR and targets with intronic Alus (orange) and between ADAR and a background set (blue), at
2 developmental time points: (A) 10-13 PCW and (B) 6-12 months. (C) Differential co-expression of ADAR
and targets. Heatmap of Spearman correlation rho values showing the temporal cross-correlation between
target gene lists ranked by their correlation with ADAR.
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in many brain samples was bi-modal: while some genes were neg-
atively correlated with ADAR1 as expected, many targets of
ADAR were actually positively correlated with ADAR1 (but not
ADAR2). This is somewhat surprising because it is believed that
edited genes would be down regulated in the presence of ADAR.
The group of positively correlated genes was enriched for func-
tions including RNA processing, suggesting that ADAR operates
as part of wide RNA regulation mechanisms. This is in agree-
ment with the fact that ADAR is known to interact with multiple
proteins involved in RNA processing.1,38,47-53

The spatial correlations between ADAR1 and its targets were
significantly more negative in a baseline set of genes, (P-value<
10¡90), and were consistent across the 2 datasets that we ana-
lyzed. Interestingly, the distribution of correlations change dur-
ing development, and the correlation profile differs significantly
before and after birth. This is in agreement with the fact that the
editing level of some key targets of ADAR, such as genes coding
for GluR5, GluR6 and Gabra3 receptors, have been shown to
change significantly along development.61-65

We controlled for several potential biases. First, genes that
contain Alus tend to be longer, since Alu insertions lengthen a
gene (and making it even more prone to Alu insertion). We
tested if gene length could lead to a bias in expression correlation
but found no such effect.

Second, most Alus are located in introns, while most edited
transcripts that were studied undergo editing in their 3’ UTR.
We found a similar distribution of spatial-correlations in genes,
regardless of editing location (3’ UTR, 5’UTR or introns).
Third, to verify that the positive correlations we observed do not
reflect an epi-phenomenon of a genome-wide expression changes
between brain regions, we computed the correlations between
ADAR targets and all genes. ADAR itself was highly ranked in
this list (ranked 14, P-value< 0.001), suggesting that the correla-
tions we observe are largely ADAR-specific. We also validated our
results using the HBM data set, in which expression levels were
calculated in the same dataset that was used to choose the editing
target genes.

These results suggest that RNA editing in the human brain
does not lead to consistent and wide alterations in expression.
This is in agreement with the idea that if editing was to lead to
expression reduction in primates, its effects would be overly mas-
sive since Alu are abundant in the primate genome. Such an effect
could have been magnified even further, since it has been shown
that introducing hyper-edited transcripts into the nucleus of Xen-
opus cells leads to reduction of transcription, which is not specific
to the hyperedited transcript (in trans).31

How robust are these results in respect to the set of target
genes we tested? It has recently become clear that the majority of
human genes undergo editing. Here we defined the set of positive
targets to contain only genes where editing was observed, and the
set of negatives as genes that do not contain Alu. While it is possi-
ble that more genes would be shown to be edited, hence growing
the positive set, the set of positives is already comprehensive, con-
taining 6–7 K genes in the 2 data sets. We therefore expect the
results to be non-sensitive to adding more positive genes. We
also repeated our analysis using sets of targets chosen with each

tissue sample of the HBM dataset, and find that the positive cor-
relations between ADAR and its putative targets are consistent
across tissues.

The above results are based on separating genes into 2 groups:
edited and non-edited genes. However, it’s important to remem-
ber that the target and background set genes are not necessarily
edited in all developmental stages and brain regions that were
investigated. Today, it is still costly to measure the actual editing
levels at a genome scale in each specific tissue. This is because
editing in Alu typically occurs at less than 1 percent per adeno-
sine,4 hence estimating editing levels requires large coverage. We
expect that these types of measurements will become feasible in
the near future, and could clarify the more detailed relation
between editing and expression. Furthermore, to obtain an accu-
rate measure of the relation between expression and editing, one
wishes to measure both in single cells. Excitingly, new technolo-
gies now allow to extract RNA from single cells, and are expected
to shed more light on the relation between RNA editing and
gene expression. Another important issue is the fact that mRNA
expression levels do not necessarily reflect protein expression lev-
els, although a recent study suggests that the correlation between
mRNA and protein abundance is higher than previously
thought.66

The above results suggest that editing does not necessarily lead
to expression reduction in a large scale, but leave important ques-
tions. Foremost, what molecular mechanisms prevent expression
reduction of edited transcripts, and what could be the implica-
tions of the increased diversity of transcripts following
editing.67-69

Methods

The data
We used gene expression data from 2 sources: the Allen

Human Brain Atlas34 and Kang-2011.35 Neuroanatomical
expression data from the Human Brain Atlas was averaged across
probes. We used the probe to gene mappings provided by the
Allen Institute. This averaging provides donor specific gene by
region expression profiles that range in size from 185 to 348
brain regions that provide expression data for 29,176 transcripts.
Probes which are not mapped to genes were discarded, leaving
data for 20773 transcripts. Donor age ranges from 24 to 57 years
old (more information available at http://human.brain-map.
org/).

Gene expression data from the Kang-2011 data set covers 15
developmental stages across 30 time points. The number of sam-
pled brain regions ranged between 2-16 for each of the 41
donors. The gene summarized exon array data contains profiles
for 17565 genes across 1340 samples.

Choosing target and background sets
We used the Illumina Human BodyMap 2.0 Project (GEO

accession number GSE30611, HBM) to find RNA editing sites
within Alu repeats. This data was generated on HiSeq 2000
instruments, and consists of RNA-seq of 16 human tissue types:
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adrenal, adipose, brain, breast, colon, heart, kidney, liver, lung,
lymph, ovary, prostate, skeletal muscle, testes, thyroid and white
blood cells. The process of identifying edited Alu repeats is based
on an analysis recently published4 and we describe it here shortly.
The HBM dataset was aligned to the human genome (hg19)
using Bowtie aligner70 with liberal parameters that allow mis-
match detection (¡n 3, ¡l 20, ¡k 20, ¡e 140 ¡¡best). With
these parameters, only reads for which a single alignment was
found were considered for all downstream analysis. Next, reads
that overlappedAlu repeat regions were considered. Following
alignment, all mismatches between the above reads to the refer-
ence genome residing inAlu elements were collected. Mismatches
in read positions with quality phredscore <30 were discarded, as
were genomic locations which appear as genomic SNP in dbSNP
(SNP build 131). The reads were then filtered using a probabilis-
tic model. For each genomic site, the probability that the
observed mismatches in the reads in this genomic base pair could
result from sequencing errors was calculated, assuming ana prior-
isequencing error rate of 0.001 (associated with thephredscore
cutoff of 30). Controlling for the multiple testing over allAlu
nucleotides, the Benjamini-Hochberg correction was applied to
produce a set of putatively modified nucleotides, setting the
desired false detection rate at 0.05.

Genes containing Alu elements that were found to be edited in
a brain sample were included in our target set. The background
set was defined as the complementary set of genes in each data
set. For the ABA-2013 set, the number of targets is 7,864, and
the number of background genes is 12,909. For Kang-2011 set,
the numbers of targets is 6834, and the number of genes in the
background set is 10,731 (Table 1).

When splitting the target groups based on the location of the
Alu repeats, in ABA-2013 dataset there are 7,494 genes with
intronic Alus, 1,024 genes with Alus in the 3’UTR, 92 genes
with Alus in the 5’UTR and 38 genes with Alus in the CDS, and
in Kang-2011 data set there are 6,525 genes with intronic Alus,
878 genes with Alus in the 3’UTR, 55 genes with Alus in the
5’UTR and 37 genes with Alus in the CDS (Table 1).

Testing ADAR-target correlations at different Alu locations
To take into account the different sizes of target groups when

split according to Alu location (CDS, intron, 3’UTR and
5’UTR), we applied a bootstrap approach by sampling subsets of
targets in the size of the smallest group, the CDS set, from all
other groups 1,000 times, and calculating a p-value for each
sample.

Functional analysis of gene sets
To functionally characterize the target genes negatively and

positively co-expressed with ADAR, we calculated the spatial cor-
relation of each target gene in the Kang-2011 dataset at each
time point. We ranked the genes based on the correlations in an
ascending and descending order for embryonic and post-natal
time points, and performed a Gene Ontology (GO) enrichment
analysis on ranked gene sets using GOrilla.40

Selection of known brain transcription factors and their
targets

To select TFs and their targets, we used Chip-seq data from,44

where 59 TFs and chromatin modifiers in one HapMap lympho-
blastoid cell line were knocked down. We considered candidate
TF binding (based on ChIP-seq and DNase-seq) within 10 kb of
the transcription start sites of expressed genes. We then used the
resulting specific TF targets to study the correlation of TFs and
their corresponding targets in the Kang-2011 and ABA-2013
brain samples.

Out of the 29 TFs which had both binding data and gene
expression data (measuring expression changes following knock
down of the putative TF), we selected TFs based on 2 criteria:
relatedness to neural processes, and the number of target genes.
First, we screened the TFs using the gene ontology (GO) for
functions related to brain development and function.45 The full
list of brain related functional categories is available as Table
ST2. Second, since ADAR has thousands of Alu editing targets,
for easier comparison we screened the remaining TFs for those
with 500 and more potential targets. After applying these 2
screening steps, we were left with 3 relevant TFs: EP300, PAX5
and TCF12. We checked the correlation of each TF with its
putative targets versus a background set which contains all other
genes (Supplementary Figure S3).

ADAR correlation analysis using the HBM data set
We used the HBM dataset that was used to originally choose

the target set of genes to calculate both Alu editing levels and
mRNA expression levels for all genes. We used the data generated
using 1 £ 75 bp single-read data to find RNA-editing levels
withinAlu repeats. We used TopHat to align the RNA-seq reads
to the genome51 and Cufflinks to assemble the reads into tran-
scripts and report FPKM values.51

ADAR isoform expression
Since HBM expression was measured using RNA-seq, we can

study the expression patterns of specific ADAR isoforms. How-
ever, out of the 5 ADAR isoforms only one is expressed in all the
tissues (NM_001025107). One variant is only expressed in 2 tis-
sues (NM_001111 inadipose tissue and colon) and another vari-
ant is expressed in only one tissue (NM_015840, in thyroid).
The two remaining ADAR variants are not expressed in this
study. Therefore, the data for the rest of the ADAR variants can-
not be used for a correlation-based analysis and we report results
on ADAR variant 4, the most common ADAR isoform.
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