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Abstract
Time course transcriptome datasets are commonly used to predict key gene regulators
associated with stress responses and to explore gene functionality. Techniques developed
to extract causal relationships between genes from high throughput time course expression
data are limited by low signal levels coupled with noise and sparseness in time points. We
deal with these limitations by proposing the Cluster and Differential Alignment Algorithm
(CDAA). This algorithm was designed to process transcriptome data by first grouping genes
based on stages of activity and then using similarities in gene expression to predict influential connections between individual genes. Regulatory relationships are assigned based on
pairwise alignment scores generated using the expression patterns of two genes and some
inferred delay between the regulator and the observed activity of the target. We applied the
CDAA to an iron deficiency time course microarray dataset to identify regulators that influence 7 target transcription factors known to participate in the Arabidopsis thaliana iron deficiency response. The algorithm predicted that 7 regulators previously unlinked to iron
homeostasis influence the expression of these known transcription factors. We validated
over half of predicted influential relationships using qRT-PCR expression analysis in mutant
backgrounds. One predicted regulator-target relationship was shown to be a direct binding
interaction according to yeast one-hybrid (Y1H) analysis. These results serve as a proof of
concept emphasizing the utility of the CDAA for identifying unknown or missing nodes in
regulatory cascades, providing the fundamental knowledge needed for constructing predictive gene regulatory networks. We propose that this tool can be used successfully for similar
time course datasets to extract additional information and infer reliable regulatory connections for individual genes.
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Introduction
Transcriptome studies are commonly used to assess differential gene activity. Differentially
expressed genes identified as having DNA binding activity, termed Transcription Factors
(TFs), are of interest due to their ability to control the activation and repression of gene expression, directly influencing the accumulation of RNA and proteins that control growth and stress
responses. Given the importance of transcription factors in plant stress responses, development, and cell differentiation [1], the identification of key plant transcriptional regulators and
their targets continues to be an area of intense research. Though many high throughput time
course transcriptomic datasets are available, the prediction of regulator-target relationships
between individual genes from these datasets remains an on-going area of research.
Much of what has been inferred from time course transcriptomic analysis regarding transcription factor involvement in stress responses comes from visual assessment of gene expression behavior followed by mutant screens [2–6]. These techniques are limited at inferring
regulatory relationships between genes. Moreover, mutant screens in the absence of specific
predictions can be time consuming and genes without mutant phenotypes are often disregarded. This lack of mutant phenotypes is because the combinatorial and often redundant
function of a gene in a pathway results in the absence of a dramatic phenotype, making experimental identification and verification difficult. Computational inference approaches can
increase our understanding of transcription factor involvement in stress response by creating
testable hypotheses concerning regulatory relationships, revealing networks of interactions
that could be easily missed when using mutant screens. Many regulatory network inference
algorithms that use gene expression data start with a refined set of genes to generate predictions. These algorithms, therefore, can require extensive prior knowledge and are most appropriate for inferring structure [7–9] and/or mathematical relationships [10–12] based on a
subset of genes consisting of known major players in the response. There remains a need for
further development of computational algorithms that are able to predict gene regulatory relationships based on a full transcriptomic dataset with little prior knowledge.
We sought to develop such a computational approach to identify key regulator-target relationships involved in the iron deficiency stress response in Arabidopsis thaliana. Iron deficiency
is a useful stress to help develop and test such an algorithm because: (1) iron homeostasis is
tightly regulated by transcription factors [13]; (2) a previously published iron deficiency time
course microarray data in A. thaliana roots was available [2, 4]; and (3) several transcription factors involved in iron deficiency homeostasis have been characterized and understanding the regulation of these transcription factors would be valuable to assist in the development of future
applications in agriculture.
Previous iron deficiency studies have led to the identification of several key iron homeostasis
transcription factors including bHLH39 [14], bHLH101 [15], bHLH115 [4], PYE [4], MYB10
[6], MYB72 [6], and BTS [4, 16, 17]. These genes have altered expression after 12 hours of exposure to iron deficient conditions [4]. Little is known about transcription factors that are active
before 12 hours or about how early regulators target or influence the expression of known iron
homeostasis transcription factors. We focused on formulating and implementing a computational approach that can be applied to the iron deprivation dataset in Dinneny et al. [2] as well
as other typical transcriptome time course datasets (microarray or RNA-Seq) to identify
unknown regulator-target relationships under a series of challenges (e.g. missing prior information) that are common to other stress analyses. Given that more than 80% of biological
time course stress datasets in A. thaliana include less than 8 (typically unevenly spaced) time
points [18] and 3 or less replicates [2, 19, 20], we focused on addressing the identification of
relationships in low resolution, unevenly sampled, and noisy time course data. We focused on
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formulating an algorithm that can work on as few as 4 time points. Effectiveness of the algorithm would in all likelihood increase with additional time resolution, particularly depending on
the timing of the biological process of interest and sampling point selection with respect to this
process. We also wanted to create an algorithm whose output is in the form of regulator-target
connections between individual genes. An algorithm of this type would identify players involved
in a transcriptional response cascade. With these players known and validated, further computational tools can be used to create more complex and predictive gene regulatory networks that
capture the response of corresponding biological processing over time and that can be used to
make predictions on various experimental scenarios [21]. A critical aspect of this is that the
algorithm should result in a manageable set of putative candidates that can be experimentally
validated. We emphasize here that in the case of the iron deficiency response, very few genetic
players have been identified. This lack of knowledge prevents the accurate development of a
dynamic gene regulatory network of the iron deficiency response. It is the case for this and
many other stresses that identification of these initial set of players and relationships is a fundamental step toward the dynamic modeling and further analysis of these responses.
Although several gene regulatory connection inference algorithms exist in the literature [7,
22–24], the characteristics of the iron deprivation dataset and insufficient prior knowledge
about interactions between iron response regulators present unique challenges that must be
addressed. Gene regulatory network inference algorithms presented in the literature are shown
in Table 1; none of which fully address the challenges associated with iron response analysis.
Some algorithms require expression data from a limited set of genes [7–9] where others use
expression data from evenly spaced time course experiments [24–26]. Some algorithms do not
resolve regulator-target interactions between individual genes and focus more on broad relationships between clusters of genes [22]. In particular, a recent time-course based computational approach presented in Windram et al. [22] looked at formulating regulatory connections
between plant transcription factor families in response to pathogen infection. By analyzing 24
equally spaced transcriptome samples under stressed and unstressed conditions, the authors
were able to infer connections between clusters of genes that responded at different time stages.
Using this approach to extract specific regulators that influence known iron homeostasis transcription factors would be challenging since inter-cluster connections do not imply relationships between all genes from the connected clusters [27]. Other algorithms that extract causal
influences between pairs of genes, such as the Event Method algorithm in Kwon et al. [24], can
be modified to analyze general datasets with uneven time course measurements. However,
these algorithms can result in an extensive number of pairwise predictions. The application of
a modified Event Method algorithm to the iron deprivation dataset yielded results that were
unable to resolve the roles (regulator/target) for a significant number of individual gene pairs.
Moreover, most connections that we found and experimentally validated were not resolved by
the modified algorithm, as detailed in the Results section. Other algorithms require multiple
transcriptome datasets [28, 29] or predict connections between genes based on correlation [30,
31], which without modification ignore temporal evidence provided by the type of dataset [24]
and are likely to result in the prediction of coexpressed genes rather than regulator-target
relationships.
We developed the Cluster and Differential Alignment Algorithm (CDAA) to address the
unique challenges associated with better understanding regulator-target interactions in the
iron deprivation stress response. Key aspects of the algorithm include co-expression analysis
[32] to associate each gene with a stage in the response process, relevance network inference
techniques [33] to identify causal relationships between genes, and thresholding [18] to mitigate the effects of noise in the data. The algorithm groups genes showing transcriptional activity at different time intervals into stages and looks for similarities in expression behavior of
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Table 1. Regulatory interactions inference algorithms.
Paper

Algorithm Capabilities
Whole genome analysis

Windram et al. [22]

Uneven time course

✔

Nie et al. [23]

✔

Kwon et al. [24]

✔

Causality inference

Pairwise connections

✔
✔

✔
✔

✔

✔

✔

Bickel et al. [25]
Schmitt et al. [26]
✔

Barker et al. [7]
Zhao et al. [8]
Misra et al. [9]
doi:10.1371/journal.pone.0136591.t001

genes in adjacent stages considering a delay in order to make regulatory predictions. We
applied the CDAA to iron deficiency microarray time course data from Dinneny et al. [2] to
identify putative regulators involved in the control of known iron homeostasis transcription
factors. Our results revealed distinct stages of the transcriptional response during 72 hours of
exposure to iron deficient conditions. We identified transcription factors that are active within
the first 12 hours of iron deficiency and experimentally validated their influence on 7 known
iron transcription factors using quantitative real-time PCR (qRT-PCR). A majority (53%) of
such influential predictions were validated, and one relationship was shown to be a direct binding interaction through yeast one-hybrid (Y1H) analysis. The CDAA was able to make testable
and valid predictions that extend our understanding of the iron deficiency transcriptional cascade and can be used on comparable datasets to obtain a better understanding of regulatory
responses in a variety of conditions.

Results and Discussion
We developed the Cluster and Differential Alignment Algorithm (CDAA) to make testable
predictions about regulatory influences based on time course transcriptome data. The CDAA
contains three consecutive steps: Stage Separation, Gene to Stage Assignment, and Interaction
Inference. These steps, implemented in MatLab source code for the CDAA (S1 File), delimit
temporal stages of cascaded stress response, distribute differentially expressed genes across
these stages based on expression activity, and identify potential regulations between genes in
adjacent stages. The CDAA uses time course transcriptome data as an input and assumes that
differential expression analysis has already been implemented based on specifics associated
with the experimental approach (i.e. microarray [34] or RNA-Seq [35, 36]). It is important to
note that as the CDAA operates solely on gene expression data, any posttranscriptional regulation will not be captured by its predictions. The algorithm starts by calculating normalized
expression values to enforce compatibility across datasets obtained using different approaches:
gi ðtk Þ ¼

giraw ðtk Þ  graw
i
;
sg raw

i ¼ 1; . . . ; P;

k ¼ 1; . . . ; N;

ð1Þ

i

where giraw ðtk Þ is the raw expression value of differentially expressed gene i at the k-th time
and sg raw are the mean and standard deviation of the raw expression values, P is the
point, graw
i
i

number of differentially expressed genes, and N is the number of sampling time points.

PLOS ONE | DOI:10.1371/journal.pone.0136591 August 28, 2015

4 / 21

CDAA Identifies Iron Deficiency Regulators in A. thaliana

CDAA—Stage Separation
The first step of the CDAA separates a time course of all differentially expressed genes into distinct stages based on their transcriptional activity. This provides a mechanism to computationally assess the dynamic landscape of a transcriptional cascade. Stage separation is based on
the assumption that transcriptional cascades are characterized by waves of activity, with early
transcription factor activity (Initiation) triggering expression activity in subsequent stages
(Response). Time intervals where groups of genes exhibit high expression activity can be identified and separated. The Stage Separation step of the CDAA assigns borders between dynamic
stages by identifying the time interval where the majority of differentially expressed genes have
their largest change in expression. This is based on the assumption that waves of expression
activity increase in magnitude as they propagate until peak activity is reached.
The CDAA first normalizes changes in expression with respect to time using the difference
in sample times to account for unevenly spaced time course data, typical in available time
course datasets [2, 19, 20]. This allows the CDAA to compare small expression changes over
small time intervals and large expression changes over large time intervals without bias. The
normalized change in expression of gene gi over the time interval (tk,tk+1) is defined as:
sðgi ; kÞ ¼

gi ðtkþ1 Þ  gi ðtk Þ
;
tkþ1  tk

k ¼ 1; . . . ; N  1:

ð2Þ

Each gene gi is then assigned to a set Gn, 1  n  N − 1, if its maximum change in expression
appears at the time interval (tn,tn+1) (s(gi,n) = maxk = 1,. . .,N − 1 s(gi,k)). The set Gb, 1  b  N
− 1, with maximum cardinality (number of elements) represents the time interval where the
majority of genes have their highest activity, leading to assignment of the time boundary tb at
the time point preceding this interval. We refer to this boundary as the Initiation-Response
(I-R) boundary. All time intervals to the left of the I-R boundary are denoted as the Initiation
stage and all time intervals to the right of the I-R boundary are denoted as the Response stage.
The Response stage can then be subdivided into Primary and Secondary response to account
for genes that start exhibiting a change in expression directly after the I-R boundary or after
some delay (Fig 1).
The approach above provides a systematic way of preliminarily partitioning genes based on
the hypothesis that the activity of a few genes (Initiation stage) triggers later activity of a large
set of genes (Response stage). The presence, characteristics, and duration of these stages will
differ from process to process and dataset to dataset. The sampling scheme of the dataset will
heavily influence the presence/duration of the Initiation stage, existence of a Secondary or even
Tertiary response in the Response stage, and/or multiple I-R boundaries. The primary goal of
this initial partitioning is to capture at least two distinct stages that would allow for later extraction of regulator (stage 1 gene) / target (stage 2 gene) interactions. A sampling scheme that
results in less than two stages, which is highly unlikely to occur, would result in a dataset where
regulator-target interactions would be difficult to predict.

CDAA—Gene to Stage Assignment
The second step of the CDAA further characterizes activity in the Initiation, Primary Response,
and Secondary Response stages and assigns genes to these stages based on their expression patterns. Genes are assigned to a specific stage based on the time intervals where expression activity for that gene is first seen. For example, genes active during the Initiation stage are classified
as Initiation genes, regardless of their expression activity during subsequent stages. This assignment is determined using a stage specific clustering scheme. This scheme clusters expression
values across the different stages, starting first with time points corresponding to the Initiation
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Fig 1. Gene to Stage Assignment. Genes active before the Initiation-Response (I-R) boundary are assigned to the INITIATION STAGE. Genes that start
their activity after the I-R boundary are assigned to the RESPONSE STAGE. Primary response genes are active right after the I-R boundary and Secondary
response genes are active later.
doi:10.1371/journal.pone.0136591.g001

stage then iteratively adding time points from subsequent stages. This approach enables stage
specific clustering, allowing for the effective partitioning of activity at each stage while eliminating the effect that dominant expression activity over small intervals can have on whole time
course clustering. Clustering using Initiation stage time points starts by centering the expression values for all genes:
giI ðtk Þ ¼ gi ðtk Þ  gIi ;

i ¼ 1; . . . ; P;

k ¼ 1; . . . ; b;

ð3Þ

where gIi is the mean gene expression value for gene gi over time points tk  tb. The number of
clusters chosen is not ﬁxed and varies depending on the dataset. The ultimate goal of clustering
is to partition genes into clusters that show activity during the Initiation stage and a cluster of
genes that show little to no activity during the Initiation stage. This can be achieved heuristically or via cluster number deﬁning techniques [37, 38]. Genes belonging to clusters with activity during the Initiation stage are assigned to the Initiation stage and genes with no apparent
activity are assigned to the Response stage. Response stage genes are centered again, this time
using expression values corresponding to Initiation and Primary Response stages:
gjR ðtk Þ ¼ gj ðtk Þ  gRj ;

j ¼ 1; . . . ; P  PI ;

k ¼ 1; . . . ; b þ c:

ð4Þ

Here PI represents the number of genes assigned to the Initiation stage, gRj is the mean expression value for gj,j = 1,. . .,P − PI, over time points tk  tb+c, and c stands for the number of intervals in the Primary Response stage. Clustering is applied for a second time to isolate a group of
genes with no activity after extending the time range. Genes belonging to active clusters are
classiﬁed as Primary Response genes and genes belonging to the inactive cluster are Secondary
Response genes. This incremental approach to clustering allows for the identiﬁcation of waves
of activity—the ﬁrst wave containing clusters of genes active during the Initiation stage, the
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second wave containing clusters of genes whose activity starts at the Primary Response stage,
and the ﬁnal wave containing clusters of genes active only at the Secondary Response stage.
This process can be adjusted based on the number of stages identiﬁed in the dataset.

CDAA—Interaction Inference
The final step of the CDAA predicts putative regulatory relationships between genes in adjacent stages. This step is based on the assumption that the expression activity of regulator genes
in one stage will be reflected in the expression activity of corresponding target genes in a subsequent stage with some delay in regulation [24, 26, 39]. Regulators are selected from genes classified in one particular stage and targets are selected from genes classified in the subsequent
adjacent stage (i.e. Initiation and Primary Response). The Interaction Inference procedure uses
changes in expression over time rather than expression values to assess trend similarities
between putative regulators and targets. Changes in expression values are first normalized with
respect to maximum change:
sn ðgi ; kÞ ¼

sðgi ; kÞ
;
max jsðgi ; nÞj

k ¼ 1; . . . ; N  1:

ð5Þ

1nN1

Here, sn(gi, k) is a signal that ranges from –1 to 1 over all k, where a value of –1 (or 1) corresponds to the largest negative (or positive) change.
The signal sn(gi, k) is discrete (one value represents an entire time interval), which limits the
assessment of delayed similarities between a target gene, gT, and some putative regulator, gR.
This problem is exacerbated when samples are sparse and non-uniform. The CDAA assigns
values at intermediate time points by assuming that the change in expression is constant
between sample time points. This assumption results in a zeroth-order approximation of sn(gi,
k):
s0n ðgi ; tÞ ¼ sn ðgi ; kÞ;

tk < t  tkþ1 ; k ¼ 1; . . . ; N  1:

ð6Þ

Next, a dissimilarity score between the approximated expression change signal of a candidate regulator, s0n ðgR ; tÞ, and a delayed (shifted) version of the approximated expression change
signal of a candidate target, s0n ðgT ; t þ DtÞ, is calculated using a modiﬁcation of pattern alignment technique [7, 40]. A smaller dissimilarity score corresponds to a higher chance that the
behavior in the regulator inﬂuences the expression activity of the target. Dissimilarity scores
are calculated for a candidate pair, (gR, gT), for a set of delays:
1X 0
dðgR ; gT ; mDTÞ ¼
jsn ðgR ; ti Þ  s0n ðgT ; ti þ mDTÞj; m ¼ 0; 1; . . . ; M  1;
ð7Þ
M
ti 2T

where T is the set of time points in the regulator’s stage, ΔT is the largest common divisor of
the time intervals in the time course data, and M represents the maximum number of ΔT that
can ﬁt in each time interval corresponding to regulator’s and target’s stages. The resulting dissimilarity score quantiﬁes likelihood of a positive inﬂuence between a regulator and its target
assuming similar, yet delayed, expression behavior. Dissimilarity scores for the inverted regula^ ; g ; mDTÞ are also calculated to detect possible negative inﬂuences. The
tor expression dðg
R

T

^ ; g ; mDTÞ is taken for each time delay mΔT, and the presmaller of d(gR,gT,mΔT) and dðg
R
T
dicted inﬂuence type (positive or negative regulation) is recorded. Dissimilarity scores for a
potential target are organized into a dissimilarity table where rows correspond to potential regulators and columns to delays. Rows at which the minimal dissimilarity score is achieved at a
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delay of 0 hrs are discarded to avoid assigning a regulatory connection between genes that are
co-expressed.
Noise in expression data can often disrupt the accuracy of alignment algorithms [18]. The
algorithm addresses the possibility that some small changes in gene activity may be due to
experimental error or noise by applying thresholding to normalized gene expression changes,
s0n ðgi ; mDTÞ, to convert changes into events of upregulation (1), downregulation (–1), or no
regulation (0) [24]:
8
1; if s0n ðgi ; mDTÞ > thr;
>
>
>
<
ð8Þ
s0n;thr ðgi ; tj Þ ¼ 0; if js0n ðgi ; mDTÞj < thr;
>
>
>
:
1; if s0n ðgi ; mDTÞ < thr:
Dissimilarity tables for multiple thresholded versions of the signal s0n;thr ðgi ; mDTÞ along with
the unthresholded version, s0n ðgi ; mDTÞ, are generated. Different threshold values assume different levels of noise and will result in different dissimilarity tables for the same potential target.
A maximum dissimilarity cutoff is used to identify candidate regulators that are more likely to
inﬂuence a potential target at each threshold. Consensus over multiple thresholds results in
CDAA regulatory predictions that can be experimentally validated.

Application of the CDAA
We applied the CDAA to the iron deficiency dataset from Dinneny et al. [2] with P = 2754 differentially expressed genes sampled at N = 7 time points in Arabidopsis thaliana roots 0, 3, 6,
12, 24, 48, and 72 hours after exposure to iron deficient conditions (S2 File). Differentially
expressed genes were defined in Long et al. [4] as genes that were at least 1.5-fold differentially
regulated with a false discovery rate (Q-value) less than 10−4. We maintained this designation
for application of the CDAA. We calculated changes in expression for each differentially
expressed gene using Eq (2) and assembled the sets Gn,n = 1,. . .,6, with genes whose maximum
change occurs over the interval (tn, tn+1). The number of genes in each set Gn (cardinality) is
shown in Fig 2. The set G4, corresponding to the interval between 12 and 24 hrs, contains the
maximum number of genes. We assigned the I-R boundary to the time point preceding this
interval, tb = 12 hrs (b = 4), and defined the stages as Initiation: 0  t  12 hrs and Response:
12 < t  72 hrs. We assigned Primary Response (defined as the interval of high activity following the I-R boundary) to 12 < t  24 hrs. The transcriptional iron deficiency response as
described by the CDAA, therefore, has at least 3 waves of activity, with the first wave ending at
12 hours.
After the Stage Separation step, we clustered all differentially expressed genes based on
expression patterns during the Initiation stage for Gene to Stage Assignment (Fig 3). We chose
k-means clustering for this procedure since it is not as computationally intensive as hierarchical clustering or self-organizing maps but is shown to produce similar results when applied to
transcriptome datasets [38]. Clustering revealed four behavioral patterns: decrease in expression (Fig 3A), increase in expression (Fig 3B), oscillatory behavior (Fig 3C), and no change in
expression (Fig 3D). We assigned genes from Clusters 1 through 3 to the Initiation stage, and
used the inactive Cluster 4 for the second round of clustering. Cluster 4 contained 1752 genes
(63% of all genes in the dataset) and 97 known transcription factors (72% of all known transcription factors in the dataset). Hence, the majority of activity associated with iron deficiency
occurs after 12 hours of exposure. Clusters 1 through 3 contain 36 transcription factors, none
of which have so far been implicated in the iron deficiency response, meaning that these
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Fig 2. Number of genes in each gene set (cardinality). Gene set Gn, n = 1,. . .,6, is comprised of genes
whose maximum change occurs over the interval (tn, tn+1).
doi:10.1371/journal.pone.0136591.g002

regulators may trigger the plant’s overall response to the stress. The list of genes annotated as
transcription factors is shown in S3 File.
We added the Primary Response stage time point t5 = 24 hrs to the expression patterns to
classify the remaining genes. The results of clustering applied to Cluster 4 after adding the 24
hrs time point are shown in Fig 4. Genes from Clusters 4.2 and 4.4 show a rise in expression
after 12 hours, genes from Cluster 4.1 show a decrease in expression, and genes from Cluster
4.3 are inactive during the whole interval from 0 to 24 hours. Thus, we assigned genes from
Clusters 4.1, 4.2, and 4.4 to the Primary Response stage. Cluster assignments for each gene are
listed in S4 File.
We selected 7 transcription factors with published roles in the iron deficiency response and
used the Interaction Inference stage of the CDAA to predict relationships involving these genes
as a means of focusing validation to a feasible set. We were limited to genes that were present
in the Affymetrix chip used for this particular expression analysis. Therefore, transcriptome
data for the master iron deficiency regulator FIT1 and its heterodimer partner bHLH38 were
not available for analysis by the CDAA. The known iron homeostasis transcription factors chosen for this study were bHLH39 [14], bHLH101 [15], bHLH115 [4], PYE [4], MYB10 [6],
MYB72 [6], and BTS [4, 16].
All 7 known iron related transcription factors were assigned to the Primary Response stage
by the CDAA (bHLH39, bHLH101, and bHLH115 appeared in Cluster 4.2 and the remaining
transcription factors appeared in Cluster 4.4). We hypothesized that regulators from the Initiation stage (Clusters 1–3) may be responsible for influencing the known iron homeostasis transcription factors. Since the Initiation stage regulators and known iron transcription factors
appeared in adjacent stages, we applied the CDAA to test this hypothesis.
We calculated normalized changes in expression for each transcription factor from the Initiation stage (regulator) and each known iron transcription factor (target). The largest common
divisor for time intervals in Initiation and Response stages is 3 hours, so this value served as the
delay step size (i.e. ΔT = 3 hours). Since each stage is 12 hours long, a maximum of 4ΔT can fit
in each stage (i.e. M = 4).
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Fig 3. 4 points based clustering. Clustering based on centered expression values gIi ðtk Þ; i ¼ 1; . . . ; 2754; k ¼ 1; . . . ; 4. ngenes—number of genes in each
cluster and nTF—number of Transcription Factors in each cluster.
doi:10.1371/journal.pone.0136591.g003

We selected thresholds for the noise reduction portion of the Interaction Inference step to
account for different levels of signal fluctuations. We first applied a set of thresholds to Initiation
Stage gene expression changes, sn(gi, k), k = 1,. . .,4, to obtain the average number of changes per
gene above the threshold (Fig 5). Based on these results, we set thresholds equal to 0.2 and 0.4 so
that 25% and 50% of possible changes per gene, respectively, were attributed to noise. Using
these thresholds, we produced two more versions (s0n;0:2 ðgi ; mDTÞ and s0n;0:4 ðgi ; mDTÞ) of the normalized change in expression signal s0n ðgi ; mDTÞ for each regulator from the Initiation stage and
each known iron transcription factor.
We calculated dissimilarity values between all regulators from the Initiation stage and one
of the targets, PYE, at multiple time delays for each threshold and organized them into dissimilarity tables (S1 Fig). We chose a cutoff of 0.4 to remove potential regulators with high dissimilarity over all delays. This cutoff produces a testable number of predicted regulators (3–5) per
target. A deviation by 0.1 from this value adds or eliminates 1 to 3 candidate regulators. The 4
regulators that appeared in 2 out of 3 dissimilarity tables were assigned as potential regulators
of PYE (Table 2).
Using the same procedure, we determined potential regulators for the remaining targets, for
which dissimilarity tables are shown in S5 File. All 7 targets were predicted to be regulated by a
set of 7 regulators. These predictions resulted in a small network of interactions containing
14 nodes and 32 edges (Fig 6). The majority of the edges (26 out of 32) were predicted to be
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Fig 4. 5 points based subclustering. Clustering based on centered expression values gRj ðtk Þ; j ¼ 1; . . . ; 1752; k ¼ 1; . . . ; 5. ngenes—number of genes in
each cluster and nTF—number of Transcription Factors in each cluster.
doi:10.1371/journal.pone.0136591.g004

positive regulations. 6 of the 7 regulators are named genes, though only 3 have been characterized (WRKY57 [41, 42], ASIL2 [43, 44], and LRL3 [45]) and none are currently linked to iron
homeostasis. The remaining regulator (At2g36720) was named Early Transcription Factor 9
(ETF9).

Validation of predicted relationships
We used quantitative real time PCR (qRT-PCR) to validate predicted regulator-target relationships by measuring transcript of targets in a background with significantly altered expression
of the predicted regulator. Ideally, multiple mutant alleles could be tested for each regulator,
but due to limited availability of lines with significantly altered expression, only one mutant
allele per regulator was tested (with the exception of ASIL2 for which 2 lines were tested and
LRL3 for which no suitable line was identified during validation). We sequenced insertion locations; 4 are exonic (etf9-1, asil2-1, myb55-1, and asil2-2), 2 are intronic (wrky57-3 and col4-1),
and 1 is in a promoter (obp4-1) (S2 Fig). Insertions in the introns and promoter led to reduced
regulator expression and no full product was made in mutants with exon insertions (S3 Fig, S4
Fig, S5 Fig). We measured transcript levels of predicted targets for each regulator in the mutant
backgrounds as compared to wild-type (either Col-0 or Ler) in 7 day old seedlings, 3 days
after shift from iron sufficient to deficient media (Fig 7, S4 Fig). We considered target expression significantly affected if it differed from wild-type values with a p-value of 0.05 or less. We
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Fig 5. Average number of changes above the threshold per gene. Changes in expression (sn(gi, k),
k = 1,. . .,4) for Initiation stage genes were thresholded with a range of cutoff values. The graph shows the
average number of changes that exceed the threshold per gene out of 4 possible changes.
doi:10.1371/journal.pone.0136591.g005

considered significantly altered target expression in either direction as support for an influential relationship and considered altered expression in the correct direction (i.e. lower target
expression in the mutant of a predicted positive influencer) as support for a specific type of
influential relationship. In the case of ASIL2, for which 2 mutant lines were available, we considered significantly affected expression in either mutant line as support.
Based on qRT-PCR results, we were able to validate 17 out of 32 influential relationships
(53%) (S6 Fig). Interestingly, though a majority of influential relationships were validated,
Table 2. PYE dissimilarity tables summary.
Regulator

Differential pattern
No Thr.

Thr. = 0.2

Thr. = 0.4

ASIL2

✔

✔

✔

ETF9

✔

WRKY57

✔

MYB55

✔

✔
✔
✔

GNU1

✔

TG

✔

LRL3

✔

WRKY26

✔

RD26

✔

COL4

✔

✔

TGA2

✔

OBP4

✔

Table lists regulators that appeared in dissimilarity tables for each thresholded version of expression
patterns. Regulators that appeared for at least 2 patterns (ASIL2, ETF9, WRKY57, MYB55, and COL4)
were identiﬁed as potential regulators of PYE.
doi:10.1371/journal.pone.0136591.t002
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Fig 6. Regulatory relationships predicted by the CDAA. Predicted regulations between 7 early stage transcription factors and 7 known iron homeostasis
transcription factors. Edges indicating positive regulations are green and edges indicating negative regulations are red.
doi:10.1371/journal.pone.0136591.g006

some of the type specific (activation or inhibition) predictions were incorrect. This may be
because the CDAA was based on the assumption that change in expression of a potential regulator leads to change in the expression of its target gene in isolation (a rise in a target can only
be the result of a rise in its regulator if these genes have a positive influential relationship). This
assumption does not take into account combinatorial effects of multiple transcription factors
acting on the expression of one gene, and the resulting algorithm predictions of positive or negative influence are unable to assess to what extent each regulator controls the expression of
each target in combination. Also, it may be possible that similar yet delayed expression patterns
could instead be indicative of a regulator acting to continuously dampen expression of targets
that are activated by another regulator. This effect is a likely explanation for the results seen
for ETF9 and ASIL2, which both were predicted as positive regulators of their targets by the
CDAA due to trend similarities. Experimentally measured expression of regulators and targets
using qRT-PCR indicate, however, that target expression is increased in both mutant backgrounds. This may indicate that under iron deprivation, increased expression of the regulators
works to constrain the expression of the targets. Thus, the assumption on the type of influence
between a potential regulator and its target, widely used in gene regulatory network inference
algorithms, appears to be limited in the case of our application.
Transcription factors that were not predicted to be regulated by the 7 regulators (dissimilarity value higher than 0.4 at at least 2 out of 3 thresholds) were chosen as negative control genes.
Expression of each negative control gene was not significantly different in the mutant backgrounds, indicating that the expression alterations seen are specific to the predictions of the
algorithm and not indicative of widespread expression alterations in the mutants (S4 Fig,
S7 Fig).
While other algorithms have been developed to infer regulatory relationships based upon
transcriptomic data, they are typically driven by substantial prior knowledge of regulator-target
relationships or are of limited utility for minimal, unevenly spaced datasets. For example, the
Event Method [24], similar to the CDAA, aims to infer causal relationships between genes by
aligning their differential expression patterns with an assumption of a possible delay in regulation, but required modification to work with an unevenly sampled time course dataset. After
implementing a linear interpolation step as a modification to the Event Method algorithm and
limiting a set of genes to transcription factors, we obtained predictions for the same known
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Fig 7. Expression validation of predicted targets in mutant regulator backgrounds. Root tissue was collected from seedlings grown 4 days on iron
sufficient media and transferred to iron deficient media for 3 days. Expression values are normalized to β-tubulin and to WT (Col-0) expression for each gene.
Error bars indicate ±SEM (n = 4). Mutant backgrounds are (A)obp4-1, (B)wrky57-3, (C)etf9-1, (D)col4-1, (E)asil2-1, and (F)myb55-1. Asterisk indicates
significant difference from WT (Student’s t-test, p < 0.05).
doi:10.1371/journal.pone.0136591.g007
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iron response genes used with the CDAA. The predictions resulted in a network containing 44
nodes and 144 edges. Only 2 regulatory connections that were identified by the CDAA and
experimentally validated were found in the Event Method prediction set. Thus, the CDAA is
an improvement on currently available regulatory inference algorithms.

Identification of direct connections using enhanced yeast one-hybrid
Though the CDAA can predict influential relationships between transcription factors and their
targets, it can not differentiate between direct (binding) or indirect connections. We utilized
yeast one-hybrid (Y1H) analysis to identify direct regulatory connections involving one of the
target genes, PYE, and to see if any of these connections correspond to CDAA predictions. We
cloned the promoter region of PYE into Y1H reporter constructs and screened it against an
expanded collection of A. thaliana root specific transcription factors [46, 47]. We identified 20
transcription factors that bind to the PYE promoter (S1 Table). Two of these transcription factors are differentially expressed under iron deficiency and were thus a part of CDAA analysis.
It is likely that other interactions could have been missed in the Y1H analysis because this
assay is conducted in vitro and independent of iron availability. Some direct interactions may
require other regulatory machinery found only in plants or only under iron deficiency.
One of the two iron-responsive transcription factors that bound the PYE promoter is
ASIL2, which was predicted and validated to affect the expression pattern of PYE (Fig 7, S4
Fig). Interestingly, ASIL1, the close homolog to ASIL2, also binds the PYE promoter (S1
Table). The other iron-responsive transcription factor that targets PYE, HB-12, was not predicted to regulate PYE expression via the CDAA because the minimum dissimilarity in the
alignment of HB-12 and PYE expression occurred at a delay of 0 hrs, where the CDAA is
unable to distinguish between genes affecting each other and genes that are co-expressed.
The close homolog to ASIL2, ASIL1, is known to bind to the GT-box-like-element
(GTGATT) [48]. This element is found in the PYE promoter region. Given that PYE was validated as a direct connection, it is possible that ASIL1 and ASIL2 share this binding element. It
could also be possible that ASIL2 binds to other unidentified promoter elements. The CDAA
as an expression analysis tool will therefore be particularly effective in tandem with promoter
analysis and high throughput transcription factor binding data including Y1H and chromatin
immunoprecipitation sequencing (ChIP-Seq). These additional experiments could improve the
specificity of further predictions by revealing characteristics that are common specifically to
direct connections. It is striking that even though binding predictions were not the immediate
goal of the CDAA, one such connection was detected.
The 7 regulators predicted to influence known iron regulators come from distinct transcription factor families and are all previously unlinked to iron homeostasis. Several of the validated
transcription factors (S6 Fig) have known or predicted roles in stress and development. COL4
(At5g24930) has a predicted B-box zinc finger domain and CCT motif [49]. Although COL4 is
uncharacterized, it is closely related to COL3, involved in light signaling and root growth [50].
ASIL2 (At3g14180) has been shown to play a role in regulating embryo maturation together
with its close homolog ASIL1 [43]. Both ASIL1 and ASIL2 are members of the trihelix transcription factor family. ASIL1 recognizes and binds to a specific element in promoter
sequences, and over 1000 genes are misregulated in the asil1-1 mutant background [48]. Early
chlorophyll accumulation during embryo development is seen in both asil1 and asil2 mutants,
and more strongly in an asil1asil2 double mutant [43]. Given the requirements of iron for chlorophyll biosynthesis, as well as links between seed iron content and embryogenesis [16, 51–53],
it is possible that ASIL2’s role in embryo development is related to its role in iron homeostasis.
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Fig 8. Experimentally validated regulatory relationships. Validated regulations between 4 early stage transcription factors and 7 known iron homeostasis
transcription factors. Edges indicating positive regulations are green and edges indicating negative regulations are red. Edge indicating a direct connection
validated by Y1H is darker.
doi:10.1371/journal.pone.0136591.g008

We did not observe visual phenotypic differences from wild type for any of the mutants
when grown under iron deficient conditions (data not shown). This result is not necessarily
unexpected, especially given the modest alterations in target expression seen. The algorithm
assigns multiple regulators to each iron homeostasis gene of interest, indicating that combinatorial effects may be in effect. Therefore, it will likely be necessary to examine higher order
mutants to observe more dramatic phenotypes.

Conclusion
The CDAA was able to make specific predictions about regulatory relationships between genes.
A set of 931 potential regulatory relationships between 133 differentially expressed transcription factors and the 7 chosen targets was reduced by the CDAA to a very testable subset of 32
connections. The majority of the relationship predictions (53%) were experimentally validated
by significantly altered target expression in a background with altered regulator expression.
The regulators identified were previously unlinked both to a role in iron deficiency and to the predicted targets. One of the connections predicted by this algorithm was a direct connection, validated by Y1H analysis. Together, these results yield a small network of interactions which has
expanded our understanding of the iron deficiency response in A. thaliana to novel genes
and connections (Fig 8). Thus, the developed CDAA is capable of making predictions with biological significance and can be used to reveal gene regulatory connections in distinct fields of
study.

Materials and Methods
Plant Growth and Materials
The Arabidopsis thaliana ecotypes Columbia (Col-0) and Landsberg erecta (Ler) were
used as wild type, depending on mutant background. T-DNA insertion lines for obp4-1
(SALK_118463), wrky57-3 (GK-078H12), etf9-1 (SALK_025328), col4-1 (SALK_092012C),
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asil2-1 (SAIL_258_F06), myb55-1 (GK-460G09), and asil2-2 (ET8777) were confirmed using
primers listed in S2 Table. A. thaliana seedlings were grown on iron sufficient media (+Fe)
containing Murashige and Skoog basal salt solution supplemented with 0.05% (w/v) MES,
1% (w/v) sucrose, and 0.1 mM Fe-EDTA in the place of iron sulfate. Iron deficient media
(–Fe) is prepared as described above except 0.3 mM of the iron chelator ferrozine is substituted for iron sulfate. Prior to plating, seeds were sterilized in 70% EtOH for 5 minutes, 30%
bleach and 0.02% Triton X-100 for 15 minutes, and then rinsed 3 times in dH2O. Seeds were
stratified in dH2O for 2–3 days at 4°C. For expression analysis, seeds were sown directly on
100 μm Nitex Nylon mesh (Genesee Scientific) on square plates filled with iron sufficient
media for 4 days, and transferred to iron deficient media for 3 days.

qRT-PCR
Total RNA was isolated from pooled roots of A. thaliana seedlings using the RNeasy Plant
Mini Kit (Qiagen). cDNA was synthesized using the SuperScript1 III cDNA synthesis kit (Life
Technologies) with oligo(dT) primers. qRT-PCR was performed using iTaq™ Universal
SYBR1 Green Supermix (Bio-Rad) and the StepOnePlus™ Real-Time PCR System (Applied
Biosystems). Primers are listed in S2 Table. Relative expression was calculated using the 2DDCT
method, normalized to β-tubulin and wild type. Statistical analysis was performed using Student’s t-test (p < 0.05) (n = 4).

Plasmid Construction
The PYE promoter construct was created as described in Long et al.[4]. Briefly, 1120 bp
upstream of the PYE start codon was amplified using primers listed in S2 Table and cloned
into the pDONR™ P4-P1R (Invitrogen) vector. This fragment was recombined into HIS3 and
LacZ promoter:reporter vectors for enhanced yeast one-hybrid (Y1H) screening, as described
in Gaudinier et al. [47].

Supporting Information
S1 Fig. Dissimilarity tables for PYE at different thresholds. Dissimilarity scores between
PYE and its putative regulators at a range of delays based on differential expression
patterns with (A) No threshold, (B) Threshold of 0.2, or (C) Threshold of 0.4. ‘-i’
signifies that smaller dissimilarity scores were obtained for inverted regulator expression
^
; g ; mDTÞ < dðg ; g ; mDTÞ 8m); ‘-a’ signiﬁes that smaller dissimilarity scores were
(dðg
R

T

R

T

^
obtained for non-inverted regulator expression (dðgR ; gT ; mDTÞ < dðg
R ; gT ; mDTÞ 8m).
(TIFF)

S2 Fig. Location of T-DNA insertions and qRT-PCR primers in regulator genes. Regulator
genes shown with exons in blue, untranslated regions (UTR) in gray, and promoters and
introns as lines. Insertion locations are indicated with triangles and lines underneath genes
indicate region spanned by qRT-PCR primers.
(TIFF)
S3 Fig. Expression of regulators in mutant backgrounds. Root tissue was collected from
seedlings grown 4 days on iron sufficient media and transferred to iron deficient media for 3
days. Expression values are normalized to β-tubulin and to WT (Col-0) expression for each
gene. Error bars indicate ±SEM (n = 4). Expression of (A) OBP4, (B) WRKY57, (C) ETF9, (D)
COL4, (E) ASIL2, and (F) MYB55 in respective mutant regulator backgrounds. Asterisk
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indicates significant difference from WT (Student’s t-test, p < 0.05).
(TIFF)
S4 Fig. Expression validation in alternate allele asil2-2. Root tissue was collected from seedlings grown 4 days on iron sufficient media and transferred to iron deficient media for 3 days.
Expression values are normalized to β-tubulin and to WT (Ler) expression for each gene. Error
bars indicate ±SEM (n = 4). Expression of (A) ASIL2 regulator, (B) ASIL2 targets, and (C) negative control gene IAA27 in asil2-2 mutant background. Asterisk indicates significant difference from WT (Student’s t-test, p < 0.05).
(TIFF)
S5 Fig. No accumulation of full-length transcript in exonic insertions. Root tissue was collected from seedlings grown 4 days on iron sufficient media and transferred to iron deficient
media for 3 days. PCR was performed on cDNA using primers for full length product (TOPO
F&R) for (A) ETF9, (B) ASIL2, and (C) MYB55, each shown with β-tubulin (bTUB) transcript
as a control and run until saturation (35 cycles).
(TIFF)
S6 Fig. Predicted and tested relationships between regulators and known iron homeostasis
transcription factors.
(TIFF)
S7 Fig. Expression of negative control genes in mutant backgrounds. Root tissue was
collected from seedlings grown 4 days on iron sufficient media and transferred to iron deficient media for 3 days. Expression values are normalized to β-tubulin and to WT (Col-0)
expression for each gene. Error bars indicate ±SEM (n = 4). Expression of (A) ERF3, (B)
IAA27, (C) IAA27, (D) UPB1, (E) IAA27, and (F) UPB1 negative control genes in mutant
regulator backgrounds. All values are not significantly different from WT (Student’s t-test,
p < 0.05).
(TIFF)
S1 Table. Transcription factors that bind to the PYE promoter in Y1H analysis. Transcription factors with gene activity under iron deficiency are indicated in red and the connection
predicted by the CDAA is indicated in bold.
(TIFF)
S2 Table. Primers used in this study.
(TIFF)
S1 File. MatLab source code for the CDAA.
(M)
S2 File. Transcriptome data.
(CSV)
S3 File. List of transcription factors.
(CSV)
S4 File. Gene cluster membership.
(CSV)
S5 File. Dissimilarity tables for targets.
(PDF)

PLOS ONE | DOI:10.1371/journal.pone.0136591 August 28, 2015

18 / 21

CDAA Identifies Iron Deficiency Regulators in A. thaliana

Acknowledgments
We thank Pablo Jenik (Franklin & Marshall College) for the asil2-1 and asil2-2 seeds.

Author Contributions
Conceived and designed the experiments: AK AM DM JF SMB TAL. Performed the experiments: AM DM JF SMB. Analyzed the data: AK AM DM CW. Contributed reagents/materials/
analysis tools: JF SMB. Wrote the paper: AK AM DM JJD JT TAL CW.

References
1.

Singh KB (1998) Transcriptional regulation in plants: the importance of combinatorial control. Plant
Physiology 118: 1111–1120. doi: 10.1104/pp.118.4.1111 PMID: 9847085

2.

Dinneny JR, Long TA, Wang JY, Jung JW, Mace D, et al. (2008) Cell identity mediates the response of
Arabidopsis roots to abiotic stress. Science 320: 942–945. doi: 10.1126/science.1153795 PMID:
18436742

3.

Buckhout TJ, Yang TJ, Schmidt W (2009) Early iron-deficiency-induced transcriptional changes in Arabidopsis roots as revealed by microarray analyses. BMC Genomics 10: 147. doi: 10.1186/1471-216410-147 PMID: 19348669

4.

Long TA, Tsukagoshi H, Busch W, Lahner B, Salt DE, et al. (2010) The bHLH transcription factor
POPEYE regulates response to iron deficiency in Arabidopsis roots. The Plant Cell Online 22: 2219–
2236. doi: 10.1105/tpc.110.074096

5.

Lin WD, Liao YY, Yang TJ, Pan CY, Buckhout TJ, et al. (2011) Coexpression-based clustering of Arabidopsis root genes predicts functional modules in early phosphate deficiency signaling. Plant
Physiology: pp–110.

6.

Palmer CM, Hindt MN, Schmidt H, Clemens S, Guerinot ML (2013) MYB10 and MYB72 are required for
growth under iron-limiting conditions. PLoS Genetics 9: e1003953. doi: 10.1371/journal.pgen.1003953
PMID: 24278034

7.

Barker NA, Myers CJ, Kuwahara H (2011) Learning genetic regulatory network connectivity from time
series data. Computational Biology and Bioinformatics, IEEE/ACM Transactions on 8: 152–165. doi:
10.1109/TCBB.2009.48

8.

Zhao W, Serpedin E, Dougherty ER (2006) Inferring gene regulatory networks from time series data
using the minimum description length principle. Bioinformatics 22: 2129–2135. doi: 10.1093/
bioinformatics/btl364 PMID: 16845143

9.

Misra A, Sriram G (2013) Network component analysis provides quantitative insights on an arabidopsis
transcription factor-gene regulatory network. BMC systems biology 7: 126. doi: 10.1186/1752-0509-7126 PMID: 24228871

10.

Gustafsson M, Hörnquist M, Lundström J, Björkegren J, Tegnér J (2009) Reverse engineering of gene
networks with LASSO and nonlinear basis functions. Annals of the New York Academy of Sciences
1158: 265–275. doi: 10.1111/j.1749-6632.2008.03764.x PMID: 19348648

11.

Kabir M, Noman N, Iba H (2010) Reverse engineering gene regulatory network from microarray data
using linear time-variant model. BMC Bioinformatics 11: S56. doi: 10.1186/1471-2105-11-S1-S56
PMID: 20122231

12.

Zheng Y, Kwoh C (2006) Dynamic algorithm for inferring qualitative models of gene regulatory networks. International journal of data mining and bioinformatics 1: 111–137. doi: 10.1504/IJDMB.2006.
010851 PMID: 18399066

13.

Kobayashi T, Nishizawa NK (2012) Iron uptake, translocation, and regulation in higher plants. Annual
Review of Plant Biology 63: 131–152. doi: 10.1146/annurev-arplant-042811-105522 PMID: 22404471

14.

Yuan Y, Wu H, Wang N, Li J, Zhao W, et al. (2008) FIT interacts with AtbHLH38 and AtbHLH39 in regulating iron uptake gene expression for iron homeostasis in Arabidopsis. Cell Research 18: 385–397.
doi: 10.1038/cr.2008.26 PMID: 18268542

15.

Sivitz AB, Hermand V, Curie C, Vert G (2012) Arabidopsis bHLH100 and bHLH101 control iron homeostasis via a FIT-independent pathway. PloS ONE 7: e44843. doi: 10.1371/journal.pone.0044843
PMID: 22984573

16.

Selote D, Samira R, Matthiadis A, Gillikin JW, Long TA (2014) Iron-binding E3 ligase mediates iron
response in plants by targeting bHLH transcription factors. Plant Physiology: pp–114.

PLOS ONE | DOI:10.1371/journal.pone.0136591 August 28, 2015

19 / 21

CDAA Identifies Iron Deficiency Regulators in A. thaliana

17.

Zhang J, Liu B, Li M, Feng D, Jin H, et al. (2015) The bHLH transcription factor bHLH104 interacts with
IAA-LEUCINE RESISTANT3 and modulates iron homeostasis in Arabidopsis. The Plant Cell 27: 787–
805. doi: 10.1105/tpc.114.132704 PMID: 25794933

18.

Rosa BA, Zhang J, Major IT, Qin W, Chen J (2012) Optimal timepoint sampling in high-throughput gene
expression experiments. Bioinformatics 28: 2773–2781. doi: 10.1093/bioinformatics/bts511 PMID:
22923305

19.

Kilian J, Whitehead D, Horak J, Wanke D, Weinl S, et al. (2007) The AtGenExpress global stress
expression data set: protocols, evaluation and model data analysis of UV-B light, drought and cold
stress responses. The Plant Journal 50: 347–363. doi: 10.1111/j.1365-313X.2007.03052.x PMID:
17376166

20.

Iyer-Pascuzzi AS, Jackson T, Cui H, Petricka JJ, Busch W, et al. (2011) Cell identity regulators link
development and stress responses in the Arabidopsis root. Developmental Cell 21: 770–782. doi: 10.
1016/j.devcel.2011.09.009 PMID: 22014526

21.

Hecker M, Lambeck S, Toepfer S, van Someren E, Guthke R (2009) Gene regulatory network inference: data integration in dynamic models-a review. Bio Systems 96: 86. doi: 10.1016/j.biosystems.
2008.12.004 PMID: 19150482

22.

Windram O, Madhou P, McHattie S, Hill C, Hickman R, et al. (2012) Arabidopsis defense against Botrytis cinerea: chronology and regulation deciphered by high-resolution temporal transcriptomic analysis.
The Plant Cell Online 24: 3530–3557. doi: 10.1105/tpc.112.102046

23.

Nie J, Stewart R, Zhang H, Thomson J, Ruan F, et al. (2011) TF-Cluster: A pipeline for identifying functionally coordinated transcription factors via network decomposition of the shared coexpression connectivity matrix (SCCM). BMC Systems Biology 5: 53. doi: 10.1186/1752-0509-5-53 PMID: 21496241

24.

Kwon AT, Hoos HH, Ng R (2003) Inference of transcriptional regulation relationships from gene expression data. Bioinformatics 19: 905–912. doi: 10.1093/bioinformatics/btg106 PMID: 12761051

25.

Bickel DR (2005) Probabilities of spurious connections in gene networks: application to expression
time series. Bioinformatics 21: 1121–1128. doi: 10.1093/bioinformatics/bti140 PMID: 15546939

26.

Schmitt WA, Raab RM, Stephanopoulos G (2004) Elucidation of gene interaction networks through
time-lagged correlation analysis of transcriptional data. Genome Research 14: 1654–1663. doi: 10.
1101/gr.2439804 PMID: 15289483

27.

Schäfer J, Strimmer K (2005) An empirical bayes approach to inferring large-scale gene association
networks. Bioinformatics 21: 754–764. doi: 10.1093/bioinformatics/bti062 PMID: 15479708

28.

Redestig H, Weicht D, Selbig J, Hannah MA (2007) Transcription factor target prediction using multiple
short expression time series from Arabidopsis thaliana. BMC Bioinformatics 8: 454. doi: 10.1186/14712105-8-454 PMID: 18021423

29.

Shi Y, Mitchell T, Bar-Joseph Z (2007) Inferring pairwise regulatory relationships from multiple time
series datasets. Bioinformatics 23: 755–763. doi: 10.1093/bioinformatics/btl676 PMID: 17237067

30.

Ram R, Chetty M, Dix TI (2006) Causal modeling of gene regulatory network. In: Computational Intelligence and Bioinformatics and Computational Biology, 2006. CIBCB’06. 2006 IEEE Symposium on.
IEEE, pp. 1–8.

31.

Opgen-Rhein R, Strimmer K (2007) From correlation to causation networks: a simple approximate
learning algorithm and its application to high-dimensional plant gene expression data. BMC Systems
Biology 1: 37. doi: 10.1186/1752-0509-1-37 PMID: 17683609

32.

Wolfe CJ, Kohane IS, Butte AJ (2005) Systematic survey reveals general applicability of “guilt-by-association” within gene coexpression networks. BMC Bioinformatics 6: 227. doi: 10.1186/1471-2105-6227 PMID: 16162296

33.

Sima C, Hua J, Jung S (2009) Inference of gene regulatory networks using time-series data: a survey.
Current Genomics 10: 416. doi: 10.2174/138920209789177610 PMID: 20190956

34.

Smyth GK, Michaud J, Scott HS (2005) Use of within-array replicate spots for assessing differential
expression in microarray experiments. Bioinformatics 21: 2067–2075. doi: 10.1093/bioinformatics/
bti270 PMID: 15657102

35.

Anders S, Huber W (2010) Differential expression analysis for sequence count data. Genome Biology
11: R106. doi: 10.1186/gb-2010-11-10-r106 PMID: 20979621

36.

Robinson MD, McCarthy DJ, Smyth GK (2010) edgeR: a bioconductor package for differential expression analysis of digital gene expression data. Bioinformatics 26: 139–140. doi: 10.1093/bioinformatics/
btp616 PMID: 19910308

37.

Rueda L, Bari A, Ngom A (2008) Clustering time-series gene expression data with unequal time intervals. In: Transactions on Computational Systems Biology X, Springer. pp. 100–123.

PLOS ONE | DOI:10.1371/journal.pone.0136591 August 28, 2015

20 / 21

CDAA Identifies Iron Deficiency Regulators in A. thaliana

38.

Martin S, Zhang Z, Martino A, Faulon J (2007) Boolean dynamics of genetic regulatory networks
inferred from microarray time series data. Bioinformatics 23: 866–874. doi: 10.1093/bioinformatics/
btm021 PMID: 17267426

39.

Ma PC, Chan KC (2008) Inferring gene regulatory networks from expression data by discovering fuzzy
dependency relationships. Fuzzy Systems, IEEE Transactions on 16: 455–465. doi: 10.1109/TFUZZ.
2007.894969

40.

Ma PC, Chan KC (2007) An effective data mining technique for reconstructing gene regulatory networks from time series expression data. Journal of Bioinformatics and Computational Biology 5: 651–
668. doi: 10.1142/S0219720007002692 PMID: 17688310

41.

Jiang Y, Liang G, Yu D (2012) Activated expression of WRKY57 confers drought tolerance in Arabidopsis. Molecular plant. doi: 10.1093/mp/sss080

42.

Jiang Y, Liang G, Yang S, Yu D (2014) Arabidopsis WRKY57 functions as a node of convergence for
jasmonic acid–and auxin-mediated signaling in jasmonic acid–induced leaf senescence. The Plant Cell
Online 26: 230–245. doi: 10.1105/tpc.113.117838

43.

Willmann MR, Mehalick AJ, Packer RL, Jenik PD (2011) MicroRNAs regulate the timing of embryo maturation in Arabidopsis. Plant Physiology 155: 1871–1884. doi: 10.1104/pp.110.171355 PMID:
21330492

44.

Barr MS, Willmann MR, Jenik PD (2012) Is there a role for trihelix transcription factors in embryo maturation? Plant Signaling & Behavior 7: 205–209. doi: 10.4161/psb.18893

45.

Karas B, Amyot L, Johansen C, Sato S, Tabata S, et al. (2009) Conservation of lotus and arabidopsis
basic helix-loop-helix proteins reveals new players in root hair development. Plant physiology 151:
1175–1185. doi: 10.1104/pp.109.143867 PMID: 19675148

46.

Brady SM, Zhang L, Megraw M, Martinez NJ, Jiang E, et al. (2011) A stele-enriched gene regulatory
network in the Arabidopsis root. Molecular Systems Biology 7. doi: 10.1038/msb.2010.114 PMID:
21245844

47.

Gaudinier A, Zhang L, Reece-Hoyes JS, Taylor-Teeples M, Pu L, et al. (2011) Enhanced Y1H assays
for Arabidopsis. Nature Methods 8: 1053–1055. doi: 10.1038/nmeth.1750 PMID: 22037706

48.

Gao MJ, Lydiate DJ, Li X, Lui H, Gjetvaj B, et al. (2009) Repression of seed maturation genes by a trihelix transcriptional repressor in Arabidopsis seedlings. The Plant Cell Online 21: 54–71. doi: 10.1105/
tpc.108.061309

49.

Finn RD, Tate J, Mistry J, Coggill PC, Sammut SJ, et al. (2008) The Pfam protein families database.
Nucleic Acids Research 36: D281–D288. doi: 10.1093/nar/gkm960 PMID: 18039703

50.

Datta S, Hettiarachchi G, Deng XW, Holm M (2006) Arabidopsis CONSTANS-LIKE3 is a positive regulator of red light signaling and root growth. The Plant Cell Online 18: 70–84. doi: 10.1105/tpc.105.
038182

51.

Stacey MG, Patel A, McClain WE, Mathieu M, Remley M, et al. (2008) The Arabidopsis AtOPT3 protein
functions in metal homeostasis and movement of iron to developing seeds. Plant Physiology 146:
589–601. doi: 10.1104/pp.107.108183 PMID: 18083798

52.

Roschzttardtz H, Séguéla-Arnaud M, Briat JF, Vert G, Curie C (2011) The FRD3 citrate effluxer promotes iron nutrition between symplastically disconnected tissues throughout Arabidopsis development.
The Plant Cell Online 23: 2725–2737. doi: 10.1105/tpc.111.088088

53.

Grillet L, Mari S, Schmidt W (2013) Iron in seeds–loading pathways and subcellular localization. Frontiers in Plant Science 4.

PLOS ONE | DOI:10.1371/journal.pone.0136591 August 28, 2015

21 / 21

