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ABSTRACT

CIS-REGULATORY CODE CONTROLLING SPATIALLY SPECIFIC HIGH SALINITY
RESPONSE IN ARABIDOPSIS THALIANA

By

Alexander Seddon

Plants are subjected to a variety of environmental stress, and their ability to respond to stress
depends, in a large part, on the proper regulation of gene activities including transcription. Earlier
studies show that the regulation of stress transcriptional response has a significant spatial
component, namely, each organ, tissue, and cell type may respond to a stress by differentially
regulating different sets of genes. Although our knowledge is accumulating on how specific
transcription factors (TFs) and their associated cis-regulatory elements (CREs) are involved in
stress responses, a genome wide model of what plant TFs and CREs are key to the spatial stress
response regulation has yet to emerge. In this study, a set of 1,894 putative CREs (pCREs) were
identified that are associated with salt stress up-regulated genes in the root and shoot of
Arabidopsis thaliana. These pCREs led to models that can better predict salt up-regulated genes
in root and shoot compared to models based on known TF binding motifs. The full pCRE set could
be broken into root, shoot and general subsets that are enriched amongst root, shoot, or both root
and shoot salt up-regulated genes, respectively. We also identified pCRE subsets that are enriched
amongst genes induced by salt in root cell-types. Most importantly, combinations of the pCRE
subsets allowed predictions of genes up-regulated by high salinity in root, shoot, as well as various
root cell types. In addition, consideration of pCRE combinatorial rules further improved salt up-
regulation prediction. Our results suggest that the organ and cell-type transcriptional response to
high salinity is regulated by a core set of pCREs that need to be considered in combinations, and

provides a genome-wide view on the cis-regulation of spatial transcriptional responses to stress.
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INTRODUCTION

Plants are equipped with an awe inspiring range of mechanisms to respond to
environmental stresses such as excess heat, salinity, drought, and pathogen attack. Among the
stress response mechanisms that are indispensable for plant survival, many operate through
changes in gene expression which ultimately impact physiological and developmental responses
to stress [1-4]. For example, plants subjected to abiotic stresses have a change in the expression
of a core set of stress response genes [4,5] as well as genes specific to each stress [5]. Stress
induced gene expression changes are not uniform across the whole plant. Instead, plant organs
display substantial differences in which genes are differentially expressed under stress [1,4,5]. In
the case of salt stress, the primary response of the root is excluding sodium from the xylem and
sending hormonal signals of stress to the shoot, while the shoot must respond to the effects of ion
toxicity and limitation of water [6,7]. In addition to the organ level changes in transcription, the
transcriptional responses to stress tends to be more specific at the cell-type level in an organ. For
example, more genes were considered differentially expressed during salt or iron-deprivation
stress when measured in individual root cell-types than if expression was measured across the
whole root [2]. The research highlighted so far illustrates that a plants response to stress involves
a significant change in the transcriptome of the plant, and the transcriptome change varies across
spatial levels of the plant. This prior research raises the question of how transcription is spatially
regulated during stress.

Amongst the many mechanisms of transcriptional regulation, the roles of transcription
factors (TFs) and their associated cis-regulatory elements (CREs) in gene regulation during stress
have received considerable attention [8]. An example is the CBF/DREBI in A. thaliana, a TF that

regulates genes during cold and drought stress whose consensus binding CRE is G’/ACCGAC. The



CRE for CBF/DREBI is found on a subset of genes that are induced under drought and cold stress
[9]. As the availability of gene expression and TF binding data has increased, a number of studies
have focused on identifying CREs on the promoters of co-expressed genes [10—13] or through in
vitro and in vivo determined TF binding preferences [14—16]. The co-expression approach was
successfully used to identify putative CREs (pCREs) that were used to generate accurate models
of stress expression patterns for genes in yeast (Saccharomyces cerevisiae) [10] as well as A.
thaliana [12]. Another study in yeast utilizing CREs identified through TF binding data uncovered
a complex regulatory code involving combinations of multiple CREs [14]. One major conclusion
from this line of research is that all the TFs and CREs do not work independently to regulate genes.
Instead, the promoter of a gene is composed of multiple different CREs which have an additive
effect on that genes expression pattern. For example, 16% of A. thaliana genes with the CRE
known as the Drought Response Element (DRE) on the promoter were up-regulated by salt in the
shoot, but DRE was only present on 13% of the salt up-regulated genes [12]. However, models
using 1,215 pCREs simultaneously resulted in more precise predictions of salt stress up-regulated
genes [12] then looking at individual CREs. The set of all CREs involved in gene regulation, along
with all the relevant combinatorial rules of the CREs will be referred to as the “Cis-regulatory
Code” (CRC). Understanding the genome wide response of an organisms to stress requires the
discovery of the CRC for that organism.

Much like stress responsive gene regulation, there is evidence that spatial gene regulation
is also governed by a CRC involving multiple CREs working in combinations. We would like to
note that much of this research has focused on spatial gene regulation, but not in the context of
stress. In human studies, it has been demonstrated that genes expressed in specific tissues are

regulated by particular combinations of TFs and CREs [17], but the TFs themselves are less



specific to expression in an given tissue [18]. This suggests that combinations of TFs and their
associated CREs may be more critical to spatial gene regulation than individual CREs. Spatial
transcriptional atlases in plants have begun to emerge in recent years. Analysis of a rice
transcriptome atlas revealed that there were short sequence motifs that are overrepresented in the
1kb promoters of genes expressed in specific tissues and cell-types [19]. In addition, some of these
sequence motifs overrepresented on spatially specific genes are similar to the known binding
motifs of TFs involved in regulating genes in response to stress [19], suggesting CREs related to
stress response may also be involved in spatially specific transcription regulation. Nonetheless,
there has not been a systemic study of spatially specific cis-regulation in the context of stress. We
expected that a co-expression CRE identification framework could potentially explain the spatial
stress response in plants.

Our objective in this study was to uncover the mechanism regulating genes in specific
organs and cell-types under stress. Specifically, we were interested in the CREs that are involved
in spatially regulating genes under salt stress in A. thaliana. Salt stress was chosen because it is
well studied both physiologically [6,7] and molecularly [20,21]. There are already known
transcriptional machineries for salt stress which we can use to verify some of our results [21-24],
and there are known differences in the transcriptional response to high salinity in the root and shoot
[1,4] and in root cell types [2,3]. To assess transcriptional changes to stress across different spatial
levels in A. thaliana, we first looked into the similarities and differences of stress transcriptional
response in the root and shoot, and asked how salt up-regulated genes in these organs differed in
their functional annotation. Next, to address the question of how well current knowledge of CREs
in A. thaliana can explain spatial salt stress up-regulation, we used CREs identified through in

vitro derived TF binding motifs (TFBMs) [16] and co-expression derived pCREs (“Zou pCREs”)



[12] to generate models of salt stress up-regulated genes in the root and shoot. We then wanted to
see if the TFBMs and Zou pCREs may be missing CREs critical to the salt stress up-regulation of
genes in the root and shoot. To identify potentially missing CREs, we used a co-expression
approach to identify a new set of pCREs of root and shoot salt stress response. With these pCREs
we further tested if they individually or in combinations could be used to establish a more extensive
cis-regulatory model explaining spatial patterns of up-regulation during salt stress. Finally, to see
if CREs working at the level of organs are also regulating genes at the cell-type specific level, we
looked into how well pCREs identified on the organ level can predict the salt stress up-regulated

genes at the level of individual cell-types in the root.



RESULTS AND DISCUSSION

Transcriptional responses to stress have a strong spatial component

Earlier global gene expression studies have demonstrated that different plant organs and
cell types have distinct transcriptional response to stress [ 1-4]. To assess the extent to which organs
have unique expression patterns under different stress conditions, and, particularly, to determine
the correlations between whole organ (root vs. shoot) and cell-type stress response, we calculated
the correlations between the levels of differential expression across multiple conditions and time
points using three types of datasets: (1) root and shoot samples under abiotic stress [4], (2) shoot
samples under biotic stress, and (3) root cell type samples under salt stress [2] (see Methods).
There were several patterns worth noting. First, samples tended to cluster together according to
stress condition, and these "stress condition clusters" tended to have root and shoot sub-clusters
(Figure 1A, S1 Figure). For example, osmotic and salt stress samples formed a cluster, with sub-
clusters composed of shoot, root and root cell-type samples (Figure 1A; dotted rectangles I, IT and

I, respectively).
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Figure 1. A. thaliana gene expression correlation across stress datasets and Gene Ontology

(GO) terms enriched in salt responsive genes.

(A) Between-sample Pearson's Correlation Coefficients (PCC) calculated based on log fold

changes (logx(stress/control)) for genes under each stress condition. The orders of rows and

columns are the same, and are sorted based on hierarchical clustering of the pairwise PCC values

(see S1 Figure for dendrogram and sample details). Side color bars represents the organ/cell-type

and stress condition of each row in the heatmap. Dotted rectangles I, II, and IIT highlight an osmotic

and salt stress cluster. (B) Heatmap indicating Plant GO Slim terms enriched in genes that are

differentially up-regulated during salt stress after 3 hours specifically in roots (R) or shoots (S),

or both organs (globally, G). Left heat map summarizes the terms that are significantly over or



Figure 1. (Cont’d)

underrepresented in each gene set (red: significantly overrepresented, p < 0.05; blue: significantly
underrepresented p < 0.05). Right heatmap summarizes the log> odds ratio from the enrichment
test (grey: data not available). The terms shown are those significantly enriched in R, S, and/or G
gene sets. For interpretation of the references to color in this and all other figures, the reader is
referred to the electronic version of this thesis. All supplemental figures and tables (numbered

sequentially as S1, etc.) are available with the online version of this thesis.



The presence of organ sub-clusters does not necessarily mean that organ was the primary
determinant of the expression correlations between samples because the median Pearson’s
Correlation Coefficient (PCC) of the log fold-change values between samples from the same organ
(0.17) were significantly lower than those between samples from the same stress condition (0.31)
(Mann-Whitney, p=2.2e-16). Instead, the expression correlations were strongly influenced by both
the specific stress conditions and the organs, with the stress condition playing a more influential
role. Specifically, we found that samples from the same condition and organ (but with different
treatment durations) had a median PCC of 0.37, significantly higher than the median PCC within
the same condition but between different organs (0.22) (Mann-Whitney, p=2.2e-16). Some of the
stress conditions had stronger organ/cell-type specific effects as illustrated in the salt and osmotic
stress cluster (dotted rectangles, Figure 1A). Nonetheless, the stress response differences between
organs were substantial. Salt stress samples from the same organ had a significantly higher
correlation (median PCC=0.69) than between organs (median PCC=0.24) (Mann-Whitney, p=2e-
16). Next we asked whether the spatial component of stress response is more prominent compared
to the treatment duration. We found that expression correlations among samples from the same
organ and stress condition (median PCC=0.37) tended to be higher than those among samples with
the same treatment duration and stress condition (median PCC=0.32) (Mann-Whitney, p=0.02).
The higher correlation within organs suggests that spatial response is more influential than
treatment duration when it comes to differential expression under the conditions examined.

Another observation is that root cell-type samples under salt stress were clustered with the
whole root expression data under salt stress (Figure 1A, dotted rectangles II and III). Consistent

with this clustering pattern, differential expression levels of genes in root cell-type salt samples



were significantly more correlated to whole root salt stress samples than to shoot salt stress samples
(median PCC=0.36 vs. median PCC=0.22; Mann-Whitney, p=2e-09). As expected, this pattern
indicates that the whole root data may be capturing the expression patterns observed in the
individual root cell types, and it aligns with an organ-tissue-cell type transcriptome clustering
hierarchy observed in rice [19]. Our results extend upon this observation, suggesting that each
stress condition may elicit a core transcriptional response, but with more refinement at lower
spatial levels. Taken together, our findings demonstrate that, while there is a specific
transcriptional response to each stress, this response is further influenced by spatial considerations

such as the organ and cell-type where genes are expressed.

Roots and shoots differ in the types of genes up-regulated during salt stress

Our observation of related but distinct transcriptional responses to stress in the root and
shoot of A. thaliana suggest that differences in differentially regulated genes between these organs
may contribute to different physiological responses to stress. Thus, we asked what types of genes
were differentially regulated within each the root and shoot during salt stress. Here we focused on
salt stress for two reasons. First, earlier studies show that responses to salt stress have a strong
spatial component [1-4] and we reinforced this notion with an expanded analyses (dotted
rectangles, Figure 1A). Second, we know many of the TFs and the CREs that are involved in the
regulation of transcription during salt stress [1,21-23], which gives us a basis to verify some of
our results. We focused on up-regulation because our ultimate goal was to model gene expression,
and previous attempts to model down-regulation using CREs have been unsuccessful, which may
be indicate that post-transcriptional regulation has a larger role in down-regulation of genes under

stress [12].



To test the hypothesis that there are significant differences in the functional categories of
genes up-regulated by salt stress in the A. thaliana root and shoot, we performed an enrichment
analysis on the Gene Ontology (GO) terms of genes up-regulated during salt stress (see Methods).
Enrichment tests were performed on three sets of significantly up-regulated genes after 3 hours of
salt stress: (1) “globally up-regulated”: genes up-regulated in both the root and the shoot, 247
genes; (2) “root specifically up-regulated”: genes only up regulated in the root, 1853 genes; and
(3) “shoot specifically up-regulated”: genes only up-regulated in the shoot, 277 genes. Dividing
the genes up in this manner allowed us to look at the related and distinct parts of up-regulated
genes in the root and shoot. There were 48 GO terms that were significantly over/underrepresented
in at least one of the gene sets defined above (Figure 1B). There was only one term (thylakoid)
that was only overrepresented among shoot specifically up-regulated genes. The
overrepresentation of this term in the shoot is consistent with the fact that roots do not have plastids
with thylakoid membranes and photosynthesis is significantly impacted by salt stress conditions
[25]. The remaining 47 enriched terms are at least enriched among the root specifically and/or
globally up-regulated genes. One of the terms overrepresented in all three gene sets was signal
transduction (Figure 1B). Since these three gene sets are mutually exclusive, this result suggests
that the root and the shoot are up-regulating signaling pathway genes unique to each organ, as well
as pathways that are globally necessary for salt stress response. This result is supported by work
on the SOS pathway [20,26], where the root and shoot have alternative calcium binding proteins
(SOS3 and SCaBPS8) involved in regulating the SOS2 genes. The SOS pathway is involved in
signaling for the cell to extrude sodium from the cytosol [26], and it involves components that are
common to both organs as well as specific to the root and shoot [20,26]. Some terms were only

enriched amongst the root specifically and globally up-regulated genes. For example, “sequence-
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specific DNA binding transcription factor activity” and "DNA binding" are both overrepresented
in root specifically and globally up-regulated genes but not in the shoot specifically up-regulated
genes, suggesting that there is a set of global TFs, and another set specific to the root (S1 Table).
Thus, genes up-regulated in the root may be regulated by both a global and specific set of TFs,
while genes up-regulated in the shoot may be regulated primarily by a global TF set. This
possibility is explored further in later sections.

To summarize, a variety of functional categories were found to be enriched in the genes
up-regulated by salt stress. In some instances, root specifically, shoot specifically and globally up-
regulated genes have the same enriched functional categories. These common enriched terms
suggest that roots and shoots are up-regulating similar types of genes, but that the specific genes
up-regulated are different. In addition, we found evidence to suggest that there are global TFs up-
regulated in both roots and shoots, while the roots have their own specific set of up-regulated TFs.
The root specifically TFs may help to explain the differences in expression pattern that we see
between the root and shoot under salt stress. Thus, the root specifically up-regulated genes may be
controlled by the root specific TFs. Because TF differ in the CREs they bind, it is reasonable to
hypothesize that genes up-regulated by salt in the root may have a specific set of CREs on their

promoters.

Known TF binding motifs contribute to a better than random performing model for salt stress
up-regulation prediction

The differences in the high salinity transcriptional response between root and shoot suggest
that there are significant differences in the mechanisms regulating organ specific responses to high
salinity. Additionally, our GO analysis suggested that the difference may be due to which TFs are

present in each organ during salt stress. Because TFs exert their regulatory roles by binding to
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CREs, we expected that the global and organ specific activities of TFs will be reflected in what
CREs are located in the regulatory regions of globally, root-specific and shoot-specific up-
regulated genes. We hypothesize that each organ has a different set of CREs regulating its salt
stress up-regulated genes and these CREs can be used to construct CRCs that are models for
predicting stress responsive gene expression [12]. To test these hypotheses, we first collected a
comprehensive dataset of 355 TF binding motifs (TFBMs) from the CisBP database (S2 Table;
[16]). Because TFs from the same family tend to have highly similar binding profiles [16] and the
355 TFBMs are derived from 27 of the 47 A. thaliana TF families defined in Weirauch et al. [16],
we expected that this dataset might capture much of the “cis-regulatory space” for constructing
reasonable CRCs for predicting two types of salt up-regulated genes: (1) “root up-regulated
genes”: genes up-regulated in the root, (2) the “shoot up-regulated genes”: genes up-regulated in
the shoot. Note that the root up-regulated genes are the union of the root specifically and globally
up-regulated genes, and the shoot up-regulated genes are the union of the shoot specifically and
globally up-regulated genes used for the GO analysis in this study.

We first tested if there is a difference in which TFBMs were significantly overrepresented
on the putative 1kb promoter regions of root and shoot up-regulated genes. We found that 22 and
25 TFBMs are overrepresented on the promoters of root and shoot up-regulated genes, respectively
(S2 Table). Among the overrepresented TFBMs, 81% and 88% for the root and shoot,
respectively, were binding motifs for either bHLH or bZIP TFs. However, the overrepresented
TFBMs for root and shoot up-regulated genes had 20 TFBMs in common, raising the question
whether the TFBMs differentially enriched between up-regulated genes in root and shoot could
explain the differences in root and shoot response. To address this question, a machine learning

method, Support Vector Machine (SVM, [27,28]), was used to establish models for predicting
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whether a gene was up-regulated or non-responsive to salt stress in one of the organs based on the
presence and absence of TFBM sites in the putative promoter regions (see Methods). We used the
“Area under the receiver operating characteristic” (AUC-ROC) as the performance measure —
where an AUC-ROC=1 indicates a model that makes perfect predictions and AUC-ROC=0.5
indicates that a model performs as well as random predictions (Figure 2A). An alternative way to
visualize performance, the precision-recall curve, was also provided where precision is the
proportion of predicted genes that are truly up-regulated in an organ and recall is the proportion of
truly up-regulated genes in an organ that are correctly predicted (Figure 2B,C). The precision-
recall curve of a model focuses on the prediction of up-regulated genes, where curves tending more

towards the upper-right corner of the graph represent better models.
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(A) Bar plots showing the AUC-ROC values for predicting root (red) and shoot (blue) salt up-

regulated gene with models using all TFBMs from CisBP [16], overrepresented (“over.”) TFBMs,
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Figure 2. (Cont’d)

root up-regulated genes. (C) Precision-recall curves for models predicting shoot up-regulated

genes.

15



SVM models of salt stress up-regulation in root and shoot were first established using the
root and shoot overrepresented TFBM sets in the promoters of root and shoot up-regulated genes.
The models based on these overrepresented TFBMs led to slightly better than random prediction
in the root (AUC-ROC=0.57) and shoot (AUC-ROC=0.66) (Figure 2A). Predictions based on a
model where promoters and gene up-regulation class were shuffled made near random predictions
(AUC-ROC=0.51 and 0.53 for root and shoot up-regulated genes, respectively), confirming that
the overrepresented TFBM based models were performing better than random guessing. Note that
models based on using all 355 TFBMs resulted in the same AUC-ROC values (Figure 2A) and
similar precision-recall curves (Figure 2B,C), suggesting that only the overrepresented TFBMs
are relevant for modeling root and shoot up-regulation. Because the TFBM dataset was available
for 34% of the known A. thaliana TFs, many relevant CREs might not be included in the TFBM-
based models. One approach that could potentially overcome this limitation in coverage is to
search for sequence motifs among co-expressed genes [11-13,18]. Consistent with this possibility,
1,215 pCREs (“Zou pCREs”) identified based on co-expression across shoot biotic and abiotic
stress response data [12] led to a substantially better performing model of shoot salt stress up-
regulation (AUC-ROC=0.78) than the models based on the TFBMs (AUC-ROC=0.66) (Figure
2A,C). This has two implications. First, the TFBMs currently available do not sufficiently
represent the Cis-regulatory space to model salt-stress up-regulation. Second, pCREs identified
from co-expression clusters can, at least partially, provide complementary Ccis-regulatory
information important for controlling salt stress responses in both the root and shoot.

It is worth noting that performance of modeling root up-regulated genes is not as good as
modeling salt up-regulated genes in shoots with the Zou pCRE set (Figure 2). The lower

performance on root expression predictions may be because the Zou pCREs were identified using
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co-expression clusters based only on shoot expression data [12]. Thus to improve upon our
understanding of what CREs are associated with and how these CREs may influence salt stress
up-regulation in the root and shoot, it is likely important to identify CREs using both root and
shoot expression data. This approach may help to capture the regulatory differences between the
root and shoot during salt stress. Thus we next asked the question of how the regulatory logic

differs between the root and shoot salt up-regulation.

pPCREs derived from co-expression clusters are similar, but not identical, to the known binding
motifs of TFs

We have shown that modeling up-regulation under salt stress with the Zou pCRE [12] set
generated from co-expression clustering are better than using TFBMs derived from in vitro binding
data [16]. We hypothesized that the inclusion of root expression data to generate co-expression
clusters may contribute to an expanded pCRE set that can lead to better machine learning models
explaining salt stress up-regulation in the root and shoot. To test this hypothesis, a previously
established pCRE identification pipeline [12] was applied to root and shoot abiotic stress fold-
change data. The application of this pipeline resulted in 1,894 pCREs ("the full pCRE set")
significantly overrepresented in the promoters of root and/or shoot salt up-regulated A. thaliana

genes (see Methods, S3 Table, Figure 3A).
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Figure 3. CRE identification pipeline and pCRE comparison to TFBMs.
(A) Overview of the pCRE identification pipeline. Please see Methods for complete details. (B)

The boxplot represents the highest PCC for a pCRE compared to the TFBMs [16]. (C) The y-axis

18



Figure 3. (Cont’d)

represents TF families, Red line represents the median PCC between pairs of TFBMs within the
same family, and the shaded ribbon represents the 25" and 75" percentile of PCCs. (D) Same
format as (C), but the blue line and ribbon summarizes comparisons between TFBMs of one family
to TFBMs of all other families. (E) Has the same format as (D) and (C), but the y-axis represents
individual TFBMs, and the black line and ribbons represent comparisons between the TFBM and

random motifs.
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To determine whether the full pCRE set is a significant expansion in Cis-regulatory space
that can explain salt responsive up-regulation in the root and shoot compared to the 355 TFBMs
[16], we first asked if the motifs from the full pCRE set were similar to known TFBMs. To answer
this question, we calculated the PCC values of the position weight matrices (PWMs) of all motif
pairs between pCRE and TFBM sets to find the best matching pCRE-TFBM pairs. A pCRE that
is highly similar to a TFBM has a PCC of 1, with lower PCC values indicating diminishing
similarity (Figure 3B. Only two experimentally determined TFBMs for two bZIP TFs, ATBZIP63
(AT5G28770) and ABF3 (AT4G34000), had a PCC of 1.0 with at least one of the pCREs. ABF3
regulates genes involved in abscisic acid (ABA) signaling [29]. ATBZIP3 is involved in the
regulation of ABA synthesis genes during abiotic stress [24]. To determine if the PCC value of a
pCRE-TFBM pair is high enough to indicate that the pCRE is likely bound by the same TF as the
TFBM in question, a background PCC distribution was established between all possible TFBM
pairs within each TF family (Figure 3C, see Methods). The rationale is that if the PCC value of a
pCRE-TFBM pair is significantly higher (at the 5% level) than a random pair of TFs from the same
family, the pCRE is likely bound by the same TF specified by the TFBM. Based on this criteria
none of the pCREs was significantly similar to any TFBM. Thus, much of the full pCRE set do
not resemble the top binding sites of TFs as represented by the TFBM dataset.

Next we asked whether a particular pCRE is likely bound by TF(s) from a particular family.
To test this, a background PCC distribution was established based upon comparing the TFBMs
across TF families (blue line, Figure 3D, see Methods). We found that 25% of motifs in the full
pCRE sets had significant matches to >1 TFBMs from 24 of the 27 TF families represented in the
TFBM dataset (p < 0.05; S2 Table). That is, these pCREs were more similar to a TFBM from a

particular TF family than among TFBMs from different TF families. The pCREs with a significant
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TF family match were over-represented in four TF families (EIN3, bZIP, bHLH, CxC; S3 Figure).
Consistent with the relevance of some of these pCREs in regulating salt response, it is known that
the ein3 mutant had decreased salt stress tolerance [30], and a double mutant of two EIN3 family
members, €iN3 and eill, had reduced growth under salt stress [31]. While 25% of the organ pCREs
are significantly similar to >1 TFBMs, what should be made of the remaining 75% of full pCREs?
It is possible that these pCREs are a TF binding motifs without a good representative in the TFBM
dataset. To test this possibility, we asked if the pCREs are more similar to a TFBM than to
sequences motifs randomly drawn from the genome and we compared the PCCs between pCREs
and their best matching TFBMs to a distribution of PCCs between 1,894 randomly generated
motifs and TFBMs (see Methods; black line, Figure 3E). The null hypothesis for this resulting
distribution was that PCCs between pCREs and TFBMs were the same as PCC values between a
TFBM and random sequences. Contrary to this, we found that 60% of the full pCREs were in the
100" percentile of random PCC (Figure 3A). Furthermore, all of the pCREs had a TFBM match
that is higher than the 96" percentile of the random motif PCC distribution (Figure 3A). These
findings suggests that our full pCREs are not simply random, meaningless sequences pulled from
the genome. Instead, the full pCRE set contained motifs that were more similar to TFBMs that are
bona fide binding motifs for transcription factors, although these pCREs did not appear to be bound
by the same TFs.

Our results from the GO analysis led us to hypothesize that the shoot and root up-regulated
genes may be regulated by a core set of CREs, associated with the global TFs, while the root up-
regulated genes may have an additional set of CREs associated with root TFs. To explore this
possibility, we attempted to identify organ associated subsets of the pCREs. Among 1,894 motifs

in the full pCRE set, there are three motif subsets that were overrepresented in the promoters of
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salt up-regulated genes in the root ("root pCREs", 759), in the shoot ("shoot pCREs", 237), as well
as in both root and shoot ("general pCREs", 898). We will call the union of the root pCREs and
shoot pCREs “organ pCREs”. This finding suggests that there are different pCREs involved in
regulating salt response in each organ.

In summary, we identified 1,894 pCREs associated with salt up-regulated genes in the root
and shoot of A. thaliana. Only two pCREs were likely bound by TFs with known TFBMs, and
75% of the pCREs did not have sufficient similarity to a TFBM to suggest they were likely bound
by TFs from the same family. Our limited ability to pair pCREs to TFBMs could be because the
TFBMs are only covering a subset of the TF in A. thaliana. Alternatively, the pCREs may include
sequence motifs that better reflect the binding of TF in vivo. Nonetheless, for pCREs with
significant matches, they belong to TF families with known regulatory roles in salt stress
responses. Furthermore, all the organ pCREs are more similar to >1 TFBMs than would be
expected if the pCREs were random motifs generated from the genome. Together with the fact that
motifs in the full pCRE set were overrepresented among root and/or shoot up-regulated genes,
these findings suggest that the co-expression-based analysis contributed to an expanded set of

motifs that are relevant for salt stress up-regulating genes in the root and shoot.

Motifs in the full pCRE set further improve salt up-regulation prediction in a spatially specific
manner

To assess if the full pCRE set are an improved motif set compared to the TFBMs [16] and
the Zou pCRE set [12], we modeled salt induced expression using the full pCRE set with the same
SVM method. Salt up-regulation prediction models based on the full pCRE set had better
prediction performance for both root up-regulated genes (AUC-ROC=0.76, Figure 4A) and shoot

up-regulated genes (AUC-ROC=0.80, Figure 4B) than the models based on TFBMs (root AUC-
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ROC=0.57, shoot AUC-ROC=0.66 , Figure 2A) or the Zou pCRE set (root AUC-ROC=0.71 and
shoot AUC-ROC=0.78, Figure 2A). This improvement in modeling supports our hypothesis that
using pCREs discovered from both root and shoot co-expression clusters results in better spatially
specific prediction models of salt up-regulation. Considering that the Zou pCRE set was derived
from co-expression clusters discovered via a combination of shoot abiotic and biotic stress data
[12], it is not surprising that the full pCRE set-based model based on shoot and root abiotic stress
data can better predict the root up-regulated genes. However, the improvement seen for the shoot
up-regulated genes compared with the Zou pCRE based model was unexpected. This may suggest
that the incorporation of root expression data when attempting to discover pCRESs help to further

refine pCREs discovery associated with shoot salt gene up-regulation.
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Figure 4. Up-regulated gene prediction performance based on the pCREs.

(A) Prediction performance of models using different subsets of the full pCREs for root up-

regulated genes. The line graphs are precision-recall curves for each pCRE set, while the inset bar
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Figure 4. (Cont’d)

charts summarize the AUC-ROC. The colors of the curves correspond to the colors of the models
on the bar chart (B) Performance of models predicting shoot up-regulated genes. (C) The median
percent overlap for root up-regulated gene predictions of different model pairs. The percent
overlap is defined as the percentage of up-regulated genes that are correctly predicted by two
models. (D) The median percent overlap for shoot up-regulated gene predictions of different model
pairs. See S7 Table for a summary of statistical comparisons between genes predicted by different

models.

25



Note that the full pCRE set has three subsets: root pCREs, shoot pCREs, and general
pCREs that were enriched amongst root, shoot, and root and/or shoot salt up-regulated genes,
respectively. One explanation for the presence of these pCRE subsets is that the root and shoot
pCREs might be more critical to controlling expression for the root specifically and shoot
specifically up-regulated genes, respectively, while the general pCREs might be critical for
globally up-regulated genes. To test this hypothesis, salt up-regulation prediction models were
established using various combinations of the root, shoot, and general pCREs. For predicting root
up-regulate genes, we found that a model based on root pCREs (AUC-ROC=0.73) was much better
than a model based on shoot pCREs (AUC-ROC=0.60; Figure 4A). Similarly, a model based on
shoot pCRE:s better predicted shoot salt up-regulated genes (AUC-ROC=0.70) than a model based
on root pCREs (AUC-ROC=0.60; Figure 4B). In other words, the root and shoot pCRE sets were
better at predicting up-regulated genes in the organs for which they were associated, demonstrating
they are relevant to spatially specific up-regulated genes. Consistent with this notion, for root up-
regulated gene prediction, the model based on the union of the general and the root pCREs
performed better (AUC-ROC=0.77) than the model based only on the general pCREs (AUC-
ROC=0.72; Figure 4A), indicating that the root and general pCREs work additively. In addition,
combining the general pCREs with the root pCRE set resulted in a model (AUC-ROC=0.77) that
performed as well as the model using the full pCRE set (AUC-ROC=0.76; Figure 4A). This
suggests that shoot pCREs provide no additional information to predict root up-regulated genes.
In contrast, for shoot up-regulated genes, although the model based only on shoot pCRE performed
reasonably well (AUC-ROC=0.70; Figure 4B), it is not as good as the model based only on the
general pCREs (AUC-ROC=0.81; Figure 4B). More surprisingly, the general pCRE-based model

performed as well as a model using both the general pCREs and the shoot pCREs (AUC-
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ROC=0.81; Figure 4B). That is, adding the shoot pCRE set may not provide additional regulatory
information for salt stress up-regulation in the shoots that is not already provided by the general
pCREs. This further supports the notion that shoot up-regulated genes may be regulated by a global
set of TFs (Figure 1B) that bind to set of general pCREs.

The increase in performance when both root pCREs and general pCREs were combined to
produce a model of root up-regulated genes suggested that each model captured a distinct subset
of the root up-regulated genes. In addition, because AUC-ROC only measures how well but not
which non-responsive and up-regulated genes are being correctly predicted, it is possible that
similar levels of performance seen in the shoot pCRE-based and the general pCRE-based models
in predicting shoot up-regulation could have resulted from the prediction of different sets of genes.
To assess if the models are predicting distinct or similar sets of genes, a binary prediction (up-
regulated or non-responsive) was generated for each gene using the models based on the different
pCRE subsets (see Methods). The models will assign a class to each gene, which may or may not
be correct. Each pair of models was compared by looking at the percentage of root or shoot up-
regulated genes that are correctly predicted by both models (percent overlap, Figure 4C-D).
Models of root up-regulated genes based on either root pCREs or general pCREs had comparable
performance in terms of their AUC-ROCs (0.73 and 0.72, respectively) but their median percent
overlap in prediction was only 39%, significantly smaller than the percent overlaps from multiple
runs of the root pCRE-based model (median=55%, Mann-Whitney p=3.59¢-22) or the general
pCRE-based model (median=53%, Mann-Whitney p=3.59¢-22; Figure 4C). This finding suggests
that the root pCRE model may be predicting root specifically up-regulated genes. To test this, we
asked if the correctly predicted up-regulated genes from the root pCRE-based model were

overrepresented with root specifically up-regulated genes. We found that the root pCRE-based

27



model was overrepresented with root specifically up-regulated genes compared with other pCRE-
based models (Table 1). These findings suggest that the root pCREs and the general pCREs are
predicting partly different subsets of genes, and explain why combining root and general pCREs
leads to an improved model. For shoot up-regulated genes prediction, the shoot pCRE and general
pCRE-based models also had significantly lower percent prediction overlap (median=19%) than
for multiple runs of either the shoot pCRE based models (median=26%, Mann-Whitney p=1.08e-
12) or general pCRE based model (median=40%, Mann-Whitney p=3.42e-22; Figure 4D),
indicating that the shoot pCRE set does have a unique contribution to predicting shoot up-regulated
genes. However, the general pCRE based model correctly predicted a greater number of shoot up-
regulated genes at a higher level of precision (Figure 4B). Additionally, for shoot up-regulation
prediction the overlap in predicted gene sets between the full pCRE-based and the general pCRE-
based models (median=38%) was not significantly different from the overlaps between repeated
runs of the general pCRE-based model (median=38%, p=0.16), indicating that much of the shoot
up-regulation can be explained by the general pCREs alone. This further supports that the general
pCREs are likely to be the best set for modeling shoot up-regulated genes, as was suggested from

the overall AUC-ROC for models based on the shoot and general pCREs (Figure 4B).
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Table 1. Prediction of root and shoot specifically up-regulated genes using pCRE based
models.

Fisher’s Exact Test (FET) on whether the root pCRE based model is biased towards predicting
root specifically up-regulated genes and the shoot pCRE based model is biased towards predicting
shoot specifically up-regulated genes. Each row represents one test of the root pCRE based model
against a model based on another pCRE set. The numbers represent how many of the correctly
predicted up-regulated genes (TP) are root specifically up-regulated (Organ specific) and how

many are globally up-regulated.

PCRE set used in

Gene set model Model 1 TP Model 2 TP
to Organ Organ FETp
predict  Model | Model 2 & Globally 820 Globally
specific specific
root All 1,172 116 1121 189 1.87E-05
rootup- root Shoot 1,172 116 1111 181 7.52E-05
regulated
root General 1,172 116 1049 200 1.03E-07
root  root&general 1,172 116 1030 168 8.88E-05
shoot All 62 57 105 140 0.116385
shoot  ghoot Root 62 57 100 102 0.728924
u -
regulfated shoot General 62 57 82 126 0.028346
shoot  shoot&general 62 57 89 132 0.039873
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Taken together, these results demonstrate that the identification of the full pCRE set using
stress expression data from both the root and shoot can lead to improvements in modeling gene
expression over known TFBMs and the Zou pCRE set identified from shoot expression data alone.
This supports our hypothesis that the incorporation of data from both root and shoot would improve
CRE discovery. We also found that salt stress up-regulated genes in the root and the shoot may be
regulated by different subsets of motifs in the full pCRE set. Genes up-regulated by salt stress in
the root can be best predicted with a model considering both the root and the general pCRE sets
without considering shoot pCREs. However, the shoot up-regulated genes likely were regulated
primarily by general pCREs, as seen in the equivalent performance of the general pCRE model

and the full pCRE model of shoot up-regulated genes.

pCREs work best in combinatorial rules

We have shown that the pCREs identified from root and shoot stress co-expression clusters
resulted in improved models for predicting salt stress gene up-regulation in an organ-specific
manner. We have also shown how the incorporation of root and shoot expression data can further
improve organ salt stress up-regulation prediction models compared to using shoot data alone. In
addition to identifying individual CREs that may up-regulate genes in organs, the combinations of
the pCREs may be important for regulating expression under stress conditions [12,14], as well as
determining tissue specific expression [17,18]. Currently there is no comprehensive study of how
CRE combinations may regulate both the spatial pattern (in our case the organs) and the
environmental response (stress condition) of gene expression. Therefore, we asked: (1) whether
pCRE combinations are important for salt stress up-regulated genes in the root and/or the shoots,

(2) what the important pCRE combinations are and what types of pCREs are involved with the
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combinations, and (3) if combinatorial rules important in root expression are also important for
shoot expression, or vice versa.

To identify full pCRE combinations relevant to the up-regulation of genes under salt stress,
we used the Classification by Association method (CBA; see Methods). Due to consideration of
computational complexity, we restricted our analysis to combinatorial rules where the presence of
two pCREs predicts up-regulation (pCRE A + pCRE B = up-regulation in organ of interest). Rule
sets were generated for both the root salt up-regulated genes (2,838 “root rules”, Figure 5A) and
shoot salt up-regulated genes (363 “shoot rules”, Figure 5B) using all 1,894 pCREs. We wanted
to see if the rules tended to be composed of a general pCRE and an organ pCRE (general pCRE +
organ pCRE - up-regulation) as opposed to two general pCREs or two organ pCREs (general
pCRE + general pCRE or organ pCRE + organ pCRE), which might suggest that the subsets of
pCREs depend on each other in the combinatorial rules. We found that there was a significant
difference in the distribution of these three categories of combinatorial rules for the shoot rules
(Chi-squared, p=6e-06). The shoot rules tended to have more general pCRE + general pCRE rules
than expected (odds-ratio=1.5), and fewer organ pCRE + organ pCRE rules than expected (odds-
ratio=0.52). This aligns with the notion that the general pCREs are more important for the
regulation of shoot up-regulated genes. The root rules also had a significantly different distribution
of rule types (Chi-squared, p=0.01), but the effect sizes were generally low (range 0.89-1.1)
suggesting that there is only a small difference in the types of rules. Thus it does not appear that
rules for root up-regulated genes are composed of general pCRE with a pCRE from one of the
organ sets. Additionally, none of the root rules overlap with the shoot rules or vice versa, consistent
with our expectation that rules for one organ are not relevant for predicting expression in another.

Most importantly, models based on the combinatorial rule sets improved predictions for both root
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(AUC=0.83, Figure 5C) and shoot (AUC=0.85, Figure 5D) up-regulated genes compared to the
models based on presence/absence of single pCREs (AUC=0.76 and 0.80 for root and shoot,
respectively). These modeling results confirm our hypothesis that pCRE combinatorial rules are
important to the salt stress up-regulated genes in root and shoot. One unexpected result was that
predictions using a model based on the pCREs found in at least one rule performed as well as
models based on all motifs in the full pCRE set (S4 Figure) for shoot up-regulated genes. This
suggests that the pCREs that work in combinations are the most influential in making predictions
of gene shoot up-regulation. Models of root up-regulated genes based only on the pCREs found in
root rules were not as good as using all the available pCREs, but they still performed well (S4
Figure). Another observation of the combinatorial rules is that shoot rules contained root pCREs
and root rules contained shoot pCREs. Finding pCREs from one organs set in the rule set of another
organ suggests that the combinations of pCREs, compared to the presence and absence of single
pCREs, are more critical for specifying spatial response to stress. The greater importance of
combinatorial rules aligns well with what is already known in mammals, where individual CREs
are important for expression in multiple tissues, but CRE combinations are more relevant in

controlling tissue-specific expression [17,18].
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Figure 5. Summary of root and shoot combinatorial pCRE rules and model performance.

(A) Networks summarize the rules identified for salt stress up-regulated genes in the root. (B)
Network for the rules identified for shoot up-regulated genes. Nodes represent a single pCRE color
coded by the subset the pCRE belongs to (red=root pCREs, blue=shoot pCREs, green=general
pCREs). Edges indicate that two pCREs are joined together in a rule. (C) Precision-recall curves

comparing models based on combinatorial rules and the full pCRE set for root salt up-regulated

33



Figure 5. (Cont’d)

genes. (D) Precision-recall curves comparing model based on combinatorial rules and the full

pCRE set for shoot salt up-regulated genes.
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One may expect that sites of pCREs involved in the rule that were closer together might be
better predictors of spatial stress response. Therefore, we examined the distance distributions of
the instances of root rules (S5A Figure) and shoot rules (S5B Figure). Salt up-regulated genes
with instances of the rules in their promoters do not tend to have rule pCREs that are closer together
compared with non-responsive genes (S5C,D Figure). In addition, the model based only on the
rules that have pCREs that significantly closer than expected (root up-regulated AUC-ROC=0.67;
shoot up-regulated AUC-ROC=0.64) are not necessarily better than models based on the rules with
pCRE pairs that are significantly further apart than expected (root up-regulated genes AUC-
ROC=0.67; shoot up-regulated genes AUC-ROC=0.60). While we are only looking at the 1kb
promoter, similar analysis in humans where the median promoter length was 1.4kb found that the
significantly close CREs were predictive of tissue specific expression [18]. One possible
interpretation for our result is that CRE combinations without a possible constraint on pCRE
distance are still important for up-regulation of genes. Taken together, our findings suggest that
the organ pCREs work best in combinations. Both root rules and shoot rules incorporate pCREs
from the full set of organ pCREs, but there is no overlap in the two sets of rules. This suggests that
the pCREs need to be considered in terms of the combinations of the pCREs. While some of the
rules have motif pairs that are closer together than we would expect by chance, the majority of the
rules do not have a significantly shorter distance between motifs. This may indicate that rules
without a strong constraint on the distance between pCREs may still be important for spatial salt

stress up-regulation.

35



Considering cell type expression performs as well as organ expression
Note: The analysis and the original draft of this section, was done by Sahra Uygun as part of the
preparation of a manuscript for publication. It has been revised by Alexander Seddon in this

thesis.

The models based on the full pCRE set were able to predict salt up-regulation in the root
and shoot. In addition, the models were further improved when combinatorial rules of pCREs were
examined. Given that each plant organ consists of multiple tissue/cell types, another possible way
to improve the model is to focus on gene expression at a finer spatial resolution, namely, the
differential expression of genes within individual cell-types. In human studies, cell-type specific
CREs were identified using gene expression data [32] and these motifs were used to predict cell-
type specific gene expression [33]. We hypothesized that we may find cell-type specific CREs in
A. thaliana as well. In A. thaliana, root cell-type expression data are available for both control and
salt stress treatment conditions [2]. We wanted to use this data to see whether the full pCRE set
was sufficient to predict the root cell-type salt induced expression. Given that cell-type expression
data clustered with the whole root salt expression data (Figure 1A, dotted rectangles II and III),
our hypothesis was that full pPCREs may be able to predict salt stress up-regulated genes expression
to a cell-type level resolution as well as predictions for the whole root,. To test our hypothesis, we
used full pCRE-based models to predict cell-type salt up-regulated genes. As we had expected, we
found that the full pCRE set based models performed well in predicting salt up-regulated genes in
each of the cell-types (AUC-ROC=0.70-0.78; Fig 6A). Because the model based on the union of
the root and general pCRE set was found to predict whole root salt up-regulated genes as well as
the full pCRE set, we expected this set to perform the best at predicting root cell-type salt up-

regulated genes. As expected, we found this to be the case. However, we unexpectedly found that
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the general pCRE based models also performed as well as the full pCRE based models. This
suggests that the root pCREs may not be contributing unique information to the prediction of salt
up-regulated genes in the root cell-types. This indicates that we may still be missing some cell-

type specific CREs necessary to improve the model to predict the salt up-regulation in the cell-

types.
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Figure 6. Summary of cell-type specific salt up-regulated gene models.

(A) AUC-ROC:s for prediction of salt stress up-regulated genes in six cell-types: stele (STE), proto-
phloem (PHL), epidermis-lateral (EPI), cortex (COR), columella (COL), and endodermis-
quiescent center (END). Models were based on following sets of pCREs: root and general pCREs
(“R+G”), general pCREs (“G”), root pCREs (“R”), and the full pCRE set (“R+G+S”). (B) AUC-

ROC predicting genes up-regulated by salt in six cell-types using models based on pCREs specific
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Figure 6. (Cont’d)

to that cell type (“C”), general to all cell-types (“GC”), the union of cell-type specific and cell-

type general (“C+GC”) and the full set of cell-type salt pCREs (“All Cell”).
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So far, we have shown that models based on the full pCREs can predict genes up-regulated
by salt in different types of root cells. However, we found that the general pCREs were sufficient
for making predictions, which raises the question of whether there are cell-type specific CREs that
could improve our models of salt up-regulation. To this end, we used the CRE identification
pipeline (see Methods) to identify pCREs that are cell-type specific. We incorporated root cell-
type differential expression, for salt induced expression in stele, proto-phloem, columnar, cortex,
endodermis-quiescent center, and epidermis-lateral root cell types [2], along with root abiotic
stress data [4] to identify co-expression clusters that are over-represented with salt stress up-
regulated genes in different root cell types. According to the enrichment of pCRE sites in the
promoters of the genes in these clusters, 583 pCREs were classified as root cell-type general
pCREs and 734-2828 pCREs were considered specific to a particular cell-type or found to be
overrepresented in multiple cell-type induced genes (S6 Figure). Because we hypothesized that
we would find new cell-type pCREs, we expected to have motifs that were distinct from full
pCREs. Additionally, we also wanted to know to what extent each pCRE subset has similar
pCREs. In order to address these questions, we calculated the average PCC among the pCREs
within each pCRE subset. We found that within a pCRE set, we did not necessarily have the most
similar pCREs. For example cell-type general pCREs had the highest average correlation (r=0.78),
but epidermis-lateral specific and stele specific pCREs had average PCCs < 0.4 within the same
subset of pCREs. We also found that the full pCRE set and cell-type pCRE set did not have high
similarity across subsets (r=0.37-0.47) supporting the notion that the pCREs we identified from
genes up-regulated in different cell-type were distinct from the full set of pCREs identified using

data from whole root and shoot (S7 Figure).
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We have shown that cell-type pCREs were distinct from the full pCRE set, suggesting that
novel motifs may be important in driving salt induced expression among root cell-types. We
predicted cell-type salt up-regulated genes using models based on the cell-type pCREs. Contrary
to the performance of general pCREs, cell-type general pCREs did not outperform the other cell-
type motifs (AUC-ROC=0.60-0.72 vs AUC-ROC =0.68-0.76; Figure 6B). Overall, the
performance of cell-type pCREs was similar to the full set of pCREs in predicting up-regulation
in the various cell types. Even though we have seen similar performances of salt up-regulated gene
prediction, potentially the full pCRE set and cell-type pCREs could predict different sets of genes
to be responsive. To test this, we compared the sets of genes predicted by models based on the full
pCRE set and cell-type pCREs, focusing on the stele cell up-regulated genes as an example. We
found that only ~50% of the true positives predictions were the same from the two models (S8
Figure). Ten-percent of the salt responsive genes were correctly predicted by only the organ
pCRESs and 14% were predicted correctly by only the cell-type pCREs. This result implies that we
were able to predict an additional set of the salt responsive genes using cell-type pCREs. Overall,
we were able to improve the prediction of salt responsive gene expression to a finer resolution in

A. thaliana.
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CONCLUSION

In this study we identified a set of pCREs that are associated with the salt stress up-
regulation of genes in the root and shoot of A. thaliana. Many of the pCRE:s in the full pCRE set
are similar to the binding motifs for TFs in various families in A. thaliana. Models of salt stress
up-regulation based on the full pCRE set are significantly better at modeling gene expression than
in vitro derived TFBMs [16]. This improvement in modeling suggests that the full pCRE set may
contain a more complete set of CREs that are essential for salt stress up-regulation of genes in the
root and shoot. We found that genes up-regulated by salt in the root may need both a general pCRE
set and a root pCRE set, while the shoot salt up-regulated genes rely primarily on a general pCRE
set. Finding that root up-regulated genes are better modeled with an additional root pCRE set may
be explained by the fact that root specifically up-regulated genes were enriched with TF genes.
We also found that models of root up-regulation based only on the root pCREs were significantly
overrepresented with root specifically up-regulated genes. Thus, a possible mechanisms for root
up-regulation is that the root pCREs are found on the promoter of root specifically up-regulated
genes, which are bound by root specific TF.

Furthermore, the full pCRE set works best when combinations of the pCREs are considered.
One interpretation of these results is that the organ expression patterns seen under salt stress are
the result of unique combinations of CREs. Thus, it may not be appropriate to label a CRE as a
“salt stress” CRE or a “root” CRE, as the CREs themselves may play multiple roles in gene
regulation. This finding is congruent with studies of tissue specific transcription in rice, where
promoters of genes specifically transcribed in root tissues were enriched for two dehydration stress
associated CREs — the binding sites of MYB and MYC TFs [19]. This indicates that the same CRE

may play roles in tissue specific expression as well as stress expression. Combinatorial rules have
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also been found to be important for tissue specific expression in humans [17,18], where it was
found that pairs of CREs on a promoter are more critical to tissue specific expression, while
individual TFs are often associated with expression in multiple tissues. It should be noted that CRE
combinations in Yu et al. [18] were discovered by looking for pairs of CREs that are significantly
closer together on a promoter than expected. Our method of discovering combinations of CREs
did not consider the distance between CRE pairs, and when we generated models based on CRE
pairs that were closer together than randomly expected, the models did not perform as well as
using all the combinatorial rules, including those that were significantly further apart. This finding
suggests that combinations of CREs important for the up-regulation of do not necessarily need to
be constrained by the distance between pairs of CREs in a rule.

In addition to predicting salt up-regulation at the organ level, the full set of pCREs can be
used to predict the differential expression of genes in root cell-types under salt stress, and the
performance is equal to predicting expression using a distinct set of cell-type pCREs. This may
indicate that cell-type specific expression is based on the same code as expression seen in the
whole roots. This conclusion is supported by our expression clustering analysis, which found that
the root-cell type expression under salt stress clustered with the whole root salt stress data, and by
the finding of an organ-tissue-cell type expression clustering hierarchy in rice [19]. Along this line
of thinking, regulation by CREs and TFs may be responsible for shaping the organ level of the
expression hierarchy, while the cell-type level of the hierarchy may be further shaped by
mechanisms other than cis-regulation. Thus, future research may need to focus on studying
additional layers of regulation to understand cell-type gene regulation in the context of stress. It is
also possible that we were not able to identify a substantially expanded set of cell-type pCREs

because our expression matrix used for co-expression clustering was predominantly from whole
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root and shoot stress expression data. The similarity in the expression matrix may have resulted
in clusters that are not substantially different from clusters used to discover the full pCRE set.
Without substantially different clusters, our method would not be able to identify new pCREs.
Thus, our approach may be limited by the data that is available for identifying co-expressed genes.

Our observations with the cell-type pCREs point out one of the biggest limitations of our
CRE identification method. We are limited by the expression data that we have to identify pCREs.
The expression data that we use will influence the co-expression clusters identified, which
ultimately changes the promoter sequences on which motif finding is performed. Thus, CRE
identification may be enhanced by cell-type specific data under additional stress conditions other
than salt stress. However, on the organ level, the primary strength of our method is that it uses
expression data to infer pCREs, even though it is still limited by the type of data included. Using
co-expression means we are not limited to looking for the CREs of every TF in A. thaliana. Thus,
our pCREs can be seen as a complement to valuable resources that use in vitro derived CREs, such
as the TFBM data used in this study [16].

To summarize, the results in this study indicated that the organ and cell-type specific
regulation of genes during stress involves a nuanced CRC. This CRC incorporates pCREs that may
be bound by a wide range of TF. The root and shoot up-regulated genes differ in which pCREs are
necessary for regulation under salt stress, with the root requiring an additional set of root pCREs
that might be regulating the root specific up-regulated genes. We found that the CRC was further
improved by finding that combinatorial rules of pCREs may be more influential to gene up-
regulation than looking at individual pCREs, and that these combinations of pCREs do not
necessarily need to be constrained by distance. Finally, we found evidence that CRC regulating

genes across the whole root might be the same CRC regulating cell-type specific expression.
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However, we could not rule out the possibility that this was due to a limitation in the expression
data used to identify pCREs. Our results show that co-expression based CRE identification
methods are a promising method for globally assessing spatial gene regulation in the context of
stress. This approach may have possible applications in engineering plants that can respond to
stresses. Use of native and tissue specific and inducible promoters to engineer plants is promising,
but it is limited by the promoters that are already available in nature [34]. The methods we used
here may help to identify combinations of CREs that can be used to synthesize promoters to drive

tissue specific expression in the context of stress.
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METHODS

Expression data processing

A. thaliana abiotic stress expression data for the root and shoot [35] and biotic stress data
from  the shoot was  downloaded from the  Weigel World  website
(http://www.weigelworld.org/resources/microarray/AtGenExpress/). The data came preprocessed
and normalized. Log2 fold changes and associated p-values were calculated for each stress
condition and its corresponding control at each time point using limma [36] in the R environment
[37], and the p-values were adjusted using the Benjamini-Hochberg method [38] to control for the
False Discovery Rate. Root cell type expression data [2] under salt stress was download as CEL
files from GEO (GSE7641). The CEL files were pre-processed with Robust Multi-array Average
(RMA) [39] and quantile normalized using the affy package [40]. Log2 fold changes and p-values
between salt stress and controls were calculated as described above for the whole root and shoot
data. Genes were considered up-regulated if their log2 fold-change values > 1 and their adjusted
p-values<0.05). As mentioned in Results and Discussion, the root up-regulated genes refer to
genes up-regulated by salt at 3 hours in the root, and the same criteria is true for the shoot up-
regulated genes, and any of the genes up-regulated in the root cell-types. Genes were considered
non-responsive if they were not differentially expressed (either up or down-regulated) under any
stress at any time point within the root or the shoot. Each organ had its own set of non-responsive
genes (“root non-responsive” and “shoot non-responsive”). This stringent definition of non-
responsive genes was chosen to reduce the noise from genes that are differentially expressed in

related stress conditions.
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Expression correlation calculation, clustering and Gene Ontology analysis

Log fold-change data was compiled from the stress data sets described in the Expression
data processing section. To assess the relationship of differential expression in the root, shoot, and
root cell-types during different stress conditions, the Pearson’s Correlation Coefficients (PCCs) of
log2 fold change were calculated pairwise for all differential data sets. A heatmap of the PCC
values was generated using the gplots package [41]. To identify the functional categories of genes
up-regulated in the root and shoot at 3 hours of salt stress, we looked at the enrichment of Plant
GO slim categories  (http://www.geneontology.org/ontology/subsets/goslim_plant.obo)
containing over/underrepresented numbers of genes in each of these three gene sets identified
based on Fisher’s exact tests, as implemented in SciPy [42]. The p-values were adjusted using the

Benjamini-Hochberg method.

Collection of Known Transcription Factor Binding Site Motifs and Zou pCREs

Position Frequency Matrices (PFMs) were obtained from the Cis-BP database website [16].
These PFMs are based on either protein binding microarray data or publicly available TRANSFAC
motifs [16]. A bulk download of all the binding motifs for A. thaliana transcription factors was
performed. The PFMs were converted to position weight matrices (PWMs) adjusted for the
background AT-CG content of A. thaliana (AT=0.33 and GC=0.17) using the TAMO package in
Python [43]. This resulted in a final set of 355 TFBMs. The Zou pCREs discovered in Zou et al.
[12] were collected from the paper in a TAMO formatted file. The 1kb promoter sequence of all
genes in A. thaliana was downloaded from The Arabidopsis Information Resource (TAIR;
ftp://ftp.arabidopsis.org/home/tair/Sequences/blast datasets/TAIR10 blastsets/upstream_sequen
ces/TAIR10 upstream 1000 20101104). The PWMs for the TFBM and Zou pCREs were mapped

to these promoter sequences using a Python script with the motility [44] package. We identified
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TFBMs that were overrepresented on the promoter of the root up-regulated and shoot up-regulated
genes by performing a Fisher’s Exact Test against the root non-responsive and shoot non-

responsive genes, respectively.

Prediction of gene up-regulation using Support Vector Machine (SVM)

Our goal was to model salt up-regulation of genes in the root and shoot as a classification
problem involving two classes: salt up-regulated genes (in either root of shoot) and genes that are
not responsive as defined in Expression data processing. The Support Vector Machine (SVM,
[28]) method was used to perform this modeling. Every SVM model in this paper had two
components: 1) a set of genes, each of which is classified as up-regulated or non-responsive
(“expression class”) and 2) a set of TFBMs, pCREs or pCRE combinatorial rules and their
presence/absence on the promoter of each gene (“promoter features”). In this setup, SVM
generated a model that best separates the genes from the two expression classes using the presence
or absence of the promoter features. See S5 table for a complete listing of the up-regulated and
non-responsive gene sets as well as the promoter features for all models generated in this study.
We used the LIBSVM implementation of SVM [27] through a wrapper written for Weka [45].
Grid-searches were used to find the best combination of the following three parameters: (1) the
ratio of non-responsive to up-regulated genes, (2) the parameter of the soft margin, and (3) the
gamma parameter of the Radial Basis Function (RBF) kernel. The latter two parameters are part
of the SVM method itself. The ratio of negative to positive examples was achieved using the Weka
class “weka.filters.supervised.instance.SpreadSubsample”, which subsamples the non-responsive
genes to achieve the desired ratio of up-regulated to non-responsive genes. A grid-search runs a
model for each possible combination of the three parameters (see S6 Table for model parameters

used in the grid search). We used 10-fold cross validation as implemented in Weka , and the
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average AUC-ROC from all 10 cross validation runs was calculated using the ROCR package [46].
The parameter combination with the maximum average AUC-ROC were taken as the best
parameters for each model, and this maximum AUC-ROC is what we report for each model.
Precision-recall curves were plotted using the output from the model with the maximum AUC-

ROC:s.

CRE Identification

To identify pCREs associated with salt up-regulated genes in the root and shoot, we used
a CRE identification pipeline from an earlier publication with modifications [12]. The stress
expression data in the form of a fold-change expression matrix (see Expression data processing)
was used to identify co-expression clusters using repeated rounds of k-means clustering —
implemented in R — such that all clusters were 60 genes or less, while clusters smaller than 10
genes were excluded. Clusters enriched in salt up-regulated genes in any time point in either roots
or shoots were analyzed further. Six motif finding programs were used to uncover 6-18bp pCREs
in the putative promoter regions (1kb upstream to transcriptional starts) of genes in each cluster:
AlignACE [47], MDScan [48], MEME [49], Motif Sampler [50], Weeder [51], and YMF [52]. In
the motif finding step, ~300,000 sequence motifs were identified, many of which were redundant
or potentially irrelevant to salt up-regulation.

Two rounds of pCRE merging-enrichment testing were performed. In the first round, the
~300,000 motifs were merged if their consensus sequences shared the same IUPAC codes and/or
if they were highly similar to each other based on clustering together in a Kullback-Leibler (KL)
distance based cluster as described in [12]. In the enrichment step, these merged pCREs were
mapped to the 1kb promoter regions of genes in A. thaliana using motility [44], and we kept

mappings with a p < le-06. The pCREs were further analyzed if their mapped sites were

49



significantly overrepresented (Fisher’s Exact Test, Benjamini-Hochberg adjusted p <0.05) in
promoters of root and/or shoot salt up-regulated genes. In the second round, we merged enriched
motifs based on Pearson’s Correlation Coefficient-distance (PCC distance=1-PCC) of the motif
PWMs. Using the PCC distance matrix, motifs were clustered hierarchically and distinct motif
clusters were demarcated with a PCC distance threshold of 0.10, which was previously found to
be the first percentile of PCC distances for non-redundant motifs in the JASPER CORE dataset
[12]. Within each cluster, a single pCRE was chosen based on having the most significant degree
of enrichment for genes up-regulated under salt stress in roots and/or shoots. To identify organ or
cell-type specific motifs, a final round of enrichment analyses testing which motifs were
significantly over-represented (p<<0.05) only in the root salt up-regulated genes (“root pCREs”),
only in shoot salt up-regulated genes (“shoot pCREs”), and among genes up-regulated in both
organs (general pCREs). In the end, 1,984 shoot, root, and general pCREs were identified.

The same logic is applied to identify cell-type-specific pCREs, except that we clustered on
an expression matrix incorporating root abiotic stress data, and replaces the whole root data at for
salt at 3 hours with the cell-type data [2]. No shoot expression data was used for the co-expression

clustering.

PCC comparison of pCREs and TFBMs.

To assess the similarity between the full pCREs identified in this paper and the TFBMs,
the PCC between all pairwise combinations of pCREs and TFBMs was calculated using the same
method for calculating PCC distance in the CRE identification section, except the PCC was not
subtracted from 1. PCC was calculated for all possible pairs between the full pCREs and the
TFBMs, as well as all pairs within the TFBM set. To assess the significance of the correlation

between a full pCRE-TFBM pair, we used the distribution of each TFBM to TFBMs within its

50



own TF family as a background model. Using the within family distribution was chosen because
it allowed us to test whether or not the pCRE was more similar to the TFBM than TFBMs in the
same family as the TFBM. For each TFBM family, maximum likelihood has used to fit normal
and beta distribution functions to the distributions of PCCs comparing TFBMs within the same
family. Fitting was performed using the MASS package [53] in R. The distribution with the
maximum log-likelihood was chosen as the representative distribution for that family. Every PCC
between a pCRE and a TFBM was compared to the cumulative density function of the fitted within
family distribution to get a p-value for the significance of that PCC. All p-values from the pairwise
comparisons were adjusted for multiple testing within the same family using the Benjamini-

Hochberg method.

To assess the likely families of TFs that might bind the pCREs, PCC distributions were
estimated for outside of family comparisons using the same maximum-likelihood method
described above. Thus, each TFBM had a distribution of PCC values for comparing the family
members to TFBMs of other families. We compared the PCC for each pCRE-TFBM pair using
the between family distributions to generate a p-value, which were adjusted using the Benjamini-
Hochberg method. We set an adjusted p-value of 0.05 as the threshold to say that the pPCRE may

be bound by the same family as the TFBM.

To assess if the pCREs are more similar to a TFBM like sequence than to random genomic
sequences, 1894 random PWMs with the same length distribution of sequence length as the full
pCREs were generated. To make a random PWM of length k, 15 random k-mers using the
background distribution of AT-GC in A. thaliana, and these were consolidated into a PWM using
the TAMO function MotifTools.Motif from counts. The random PWMs were compared to the

TFBMs using PCC. Each TFBM then had a distribution of PCC to randomized PWMs. For all
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pCRE-TFBM PCC values, we asked what percentile this PCC lies on in the random PWM-TFBM

distribution.

Binary prediction of root and shoot up-regulated genes

While the AUC-ROC is a good measure of the overall performance of an SVM model, it
does not indicate how well individual genes are predicted. Thus, it is possible that two models can
have similar levels of performance as measured by AUC-ROC resulting from the correct
predictions of different sets of genes. To assess which genes were predicted by a particular models
based on different pCRE sets, and to see if different models correctly predict different sets of
genes, the Weka program CrossValidationAddPredictions was used to identify whether a gene was
correctly predicted as up-regulated or non-responsive during salt stress. This program performs
SVM as described in the section Prediction of gene up-regulation using SVM, but it keeps track
of the prediction of each gene. We used the best parameter combination identified from the original
SVM grid-search as the basis for the binary prediction run. Because 10-fold cross validation uses
a different set of randomly selected training examples to generate an SVM model, the predictions
of genes from one run of 10-fold cross validation may be different from the prediction from another
run. Thus, 10-fold cross validation was performed 10 times, resulting in 10 predictions for each
gene. The SVM score (probability estimates of the classification) from each round of 10-fold cross
validation had an and a SVM score threshold chosen at the maximum F-measure (harmonic mean
of precision and recall, calculated using ROCR) to create binary predictions of for each gene.

We assessed the overlap of correctly predicted up-regulated genes (True Positives, “TP”)
based on models using different pCRE sets by looking at the percentage of the up-regulated genes
correctly predicted by two different models. Because each model was run 10 times, we compared

all 10 runs from one model pairwise with all 10 runs from the other. Thus, two models had 100
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overlap percentage values, and the median of these percentages was reported in Figure 4C-D. To
test if two models were significantly different in the TP genes they predicted, we compared the
overlap percentages between the two models to the overlap percentages within multiple runs using
the same pCRE based model using a Mann-Whitney test. TP gene sets were considered
significantly different if they had a lower median percentage overlap between the multiple runs

then seen with one of the pCRE based models as determined by the Mann-Whitney test

Combinatorial motif rule discovery

To test if the combinations of specific pCREs were predictive of up-regulation in the root
or shoot, the Classification by Association (CBA) [54] method was used to identify combinatorial
rules of the form pCRE A + pCRE B — up-regulation were selected from the CBA output. This
method is useful for identifying rules where some combinations of features are associated with a
particular class. The features in our case were the presence or absence of pCREs on a genes
promoter and the class is root or shoot up-regulation (as was the case for SVM). The root or shoot
up-regulated and non-responsive genes were broken up into different subsamples. Each of these
subsamples was run through CBA using multiple values for minimum confidence (percentage of
genes where “pCRE A + pCRE B — up-regulation” out of all the instances of “pCRE A + pCRE
B”) and support (percentage of genes that with the rule “pCRE A + pCRE B — up-regulation”).
Rules for shoot up-regulated genes were discovered using a minimum support 0.5% and a
minimum confidence of 60.0%, with a non-responsive to up-regulated ratio of 2:1. We went
through several rounds of CBA to discover root rules using different values of support, confidence
and non-responsive to up-regulated ratios (S7 Table). We ended up using a minimum support of
0.1%, a minimum confidence of 60%, and subsamples with 976 non-responsive genes to 488

responsive genes, which are the same numbers of genes used to generate the shoot rules. These
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parameters were chosen because the rules generated gave an appreciable gain in the AUC-ROC
when performing SVM. Due to the limitation of using a GUI version of CBA, we were not able to
do an extensive exploration of the best CBA parameter values. Thus, it is possible that there is a
more optimal parameter set that will yield a greater performance gain.

To see if the rules had a bias in which pCRE subsets were involved in the rules, we
categorized each rule as general pCRE + general pCRE, organ pCRE + general pCRE and organ
pCRE + organ pCRE. We performed a Chi-square test for each rule set comparing the observed
numbers of each rule category to what would be expected if pPCREs were randomly paired together
as arule.

The distance between pairs of pCREs in a rule were calculated for all instances of the rules
in the putative promoters. The minimal distance between the closest ends of two pCREs were
determined. To determine if the minimal distances were significantly different than randomly
expected, background distributions of pCREs was generated by modeling the frequency of
distances between two random pCREs of the same lengths as the pCREs in the rule pair based on
an earlier approach [18]. The only difference in our method was that we compared our observed
distance distributions to the background distribution using a Mann-Whitney test instead of a
Kolmogorov-Smirnov test, as the Mann-Whitney test can more directly test whether one

distribution has higher or lower distances than the other distribution.
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