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Deciphering the evolution of regulatory networks controlling key
developmental transitions in plants

Abstract
Every plant progresses through several developmental changes in its life cycle, called phase transitions.
These transitions are under the control of endogenous and environmental factors and each plant needs
ambient conditions to successfully complete these phase transitions. Due to the influence of these factors,
the rate and timing of the transitions differs between the plants hugely in spite of the fact that most of
these phase transitions are happening in a similar fashion in many plants. Exploring the genetic circuits
controlling these phase transitions is essential to get an in depth understanding on the decisive abilities
that differs between the plants. Control mechanisms, underlying each of these phase transitions in every
plant are known as Gene Regulatory Networks (GRNs) which play important role in governing the
influence of the external factors on the phase transitions. In this study, a pipeline was constructed
successfully in order to build and compare the GRNs underlying developmental transition from different
plants, including the model species Arabidopsis and rice. In order to best incorporate the dynamic
behaviour during the phase transition gene expression data across several time points of this process was
selected. The obtained consensus network thus modelled the changes across the different time points of a
transition and also provided insights into the similarities between the GRNs from different plants
underlying the same developmental transition. Information from such studies will provide an
understanding of the reason behind differences in the rate and timing of phase transitions between the
plants. Also, such information will help to control the rate and timing of phase transitions in plants during
unfavourable conditions by manipulating the function of the components, thus ensuring better yield and
quality for a sustainable agriculture.
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Deciphering the evolution of regulatory networks controlling key developmental
transitions in plants

1. Introduction
Every plant, during its growth and development, proceeds through distinct stages of developmental
changes, termed as phase transitions (Fig. 1).

Figure 1: Life cycle of a plant progresses through a number of developmental phase transitions. Major transitions are
highlighted in red arrows viz., germination, juvenile vegetative phase transition, adult vegetative phase transition and
floral transition. Different growth stages and some of the plant stages are also labelled.

Broadly, the growth of a plant can be divided into three stages, which are germination, vegetative growth
and reproductive growth. Phase transitions marks the shift of a plant from one stage to another, involving
major phenotypic/developmental changes, which are key to the progressive growth of a plant. The first
phase transition happens during the process of germination. The growth and development of plants start
from a seed (dormant bulb in the Fig.1) which initially is dormant and does not have the capacity to
germinate. Under ambient temperature and availability of sufficient water, nutrients and oxygen; the seed
breaks its dormancy and starts germinating. This transition of a seed from dormant to germinating stage is
called germination transition. Germinating seed continues its growth until it is grown into a complete
adult plant encompassing the vegetative growth stage. At this stage, the second phase transition, called as
the juvenile vegetative phase transition occurs when the germinated seed develops into a juvenile plant.
Subsequently, increase in size and biomass result in transformation of the juvenile plant into an adult
plant. This transformation is known as the adult vegetative phase transition which also happens during
the vegetative growth stage. During the final reproductive growth stage, the last transition called as floral
transition happens. During this transition, the fully grown adult plant acquires the capacity to reproduce
and initiates flowering. Growth of a complete flower in an adult plant marks the end of the reproductive
growth (Huijser & Schmid, 2011). The flower then produces seeds for the next life cycle and the growth
and development process in the plant continues.
This growth and development cycle is a continuous process and happens consecutively in a similar
fashion in every plant. However, the rates of these phase transitions and the timing/season during which
the phase transitions are completed varies among the plants because these phase transitions are controlled
by certain endogenous and environmental factors like carbohydrate assimilates (sugar), hormones
(gibberellins), temperature, water (humidity), light, pollinators etc. The plants will successfully go
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through these phase transitions and complete its life cycle only when the internal and external conditions
are favourable (Huijser & Schmid, 2011). However, when one or more of these conditions are
unfavourable, the timing and rate of undergoing these processes are adapted to the changing conditions,
thereby causing an imbalance in the normal biomass and fitness.
For example, most of the plants need an optimal temperature of 16-24°C in order to germinate
successfully. Seed dormancy is prolonged until the temperature is ambient and there is sufficient
availability of water and nutrients. Too long seed dormancy period leads to poor growth and development
of the plant after the germination phase. Another example well known is the influence of temperature on
the timing of floral transitions in different flowering plants (Fig. 2).

Figure 2: Average annual temperature in Holland and the flowering time for two flowering plants (Crocus and Tulips)
from the same monocots order.

Crocus ‘Snow bunting’, a monocot species of the flowering plant is widely cultivated in the temperate
regions of the Netherlands for commercial bulb production and landscape architecture. This plant
generally flowers during the onset of spring, except in subspecies when the plant can flower even in mild
snow. In contrast, Tulipa Florosa (the tulip), from another monocot order which is also widely cultivated
in the Netherlands flowers during the late spring or early summer in the months of May and June
(Leeggangers, Moreno-Pachon, Gude, & Immink, 2013). So, even though both crocus and tulip belong to
the same category of monocot ornamental plants, they have different flowering times. Hence, it is clear
that different flowering plants have different flowering times, in spite of the fact that all of them acquire
similar abilities to flower. Also, it occurs that these plants adapt to unfavourable conditions also in a
similar fashion. So, during unfavourable external conditions, all the plants tend to either prolong or
shorten their growth stage prior to the transition phase. However, by doing so the plant has an abnormal
growth and development cycle leading to either reduced plant viability or in certain cases even plant loss.
For example, early occurrence of spring during late January or early February after winter will affect the
flowering time of the plants that bloom in spring. In such cases, the plant will sense the increasing
temperature and will decide to flower early thus abruptly ending or shortening its vegetative growth.
Subsequently this will cause flower abortion or lower flower quality, leading to huge money loss
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(Leeggangers et al., 2013). Similarly, influence of environmental factors is observed on any plant
developmental phase transition. Hence, the correct timing of all the phase transitions is important in
the successful growth and development of every plant.
Identifying the molecular behaviour of the genetic mechanism controlling the timing of phase transition
will allow the comparison of these genetic mechanisms across the different plant species. Such
comparisons will enlighten the differential role of these mechanisms that lead to variable timing of phase
transitions among different plants. In effect it will model the role of environmental factors on the
evolution of different components in the genetic mechanism of every plant. Knowledge gained from such
comparative approaches can also be used for cultivating and adapting the production of important
commercial plants during unfavourable conditions thus providing likely a solution to minimise the
economic loss.
Since decades, plant biologists have been studying the genetic mechanisms controlling the phase
transitions in different plants employing advanced molecular and biotechnological tools and techniques.
These genetic mechanisms/circuits are known as Gene Regulatory Networks (GRNs) which are an
interwoven connection of genes, proteins, and regulatory factors (Fig.3).

Figure 3: Overview of Gene Regulatory Networks (GRNs) [central box] showing the nodes and edges comprising them.
Arrows point the direction through which the external signals are passed from one component to other. GRNs in Tulips
respond to the changes in temperature in summer prompting the flowers to bloom during this season, while GRNs of
Crocus respond to the rise in temperature after winter thus prompting the flowers to bloom during spring season.

Together, they form the biological components of the GRNs called as nodes of the GRN, depicted by the
circular blocks in Fig. 3. The connections between them are represented as the edges of the GRN. At the
system level the nodes and edges of the GRN are representative of multiple biochemical reactions
happening between different components at one point in multiple cells and tissues, thereby depicting
complex biological network behaviour. Altogether, these set of nodes and their corresponding edges
respond to the internal and external influencing factors in a GRN translating the information into
desirable functional outcomes in every plant (Krouk, Lingeman, Colon, Coruzzi, & Shasha, 2013; A. M.
Middleton, Farcot, Owen, & Vernoux, 2012). For example, the signal recognition proteins in the GRNs of
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Tulips are triggered in response to high temperatures in summer, which through a chain of regulated
interactions direct a group of other genes and proteins ultimately prompting the flowers to bloom. On the
other hand, the signal recognition proteins in the GRNs of Crocus are sensitive to the mild increase in
temperatures after winter thereby regulating the downstream group of genes and proteins thus prompting
its flowers to bloom in spring. Therefore, the components of GRNs in every plant are tightly coordinated
in response to specific changes in environmental factors and they interact at various levels of specificity
producing a specific phenotypic response (Fischer & Smith, 2012). Hence it is the GRNs that have
dynamically evolved in response to the changing external environment thereby deciding the
appropriate timing of phase transitions in each plant (Long, Brady, & Benfey, 2009). Thus,
comparing the GRNs governing a particular developmental transition (e.g. flowering time) from different
species will provide information on the functional role and relevance of each component in the GRNs and
will provide clues about the similarities and differences in their control mechanisms.
Comparisons of GRNs underlying developmental transitions are possible only if there is already a clear
understanding of the GRNs in the individual compared species. However, certain limitations does exist in
identifying the GRNs of certain plants, like in the case Crocus and Tulips, the difficulty is due to their
large genome size (Shahin et al., 2012). Such problems can be overcome by constructing GRNs using the
existing genomic information from model species like Arabidopsis and rice. These constructed GRNs can
be compared to arrive at a consensus reference network which will show those nodes and edges of the
GRN that are conserved between the two species and those that are specific to one species. Further,
knowledge obtained from this comparison can be utilised to infer the function of the nodes and edges in
the GRNs of unknown species like Crocus and Tulips (Hansen, Vaid, Musialak-Lange, Janowski, &
Mutwil, 2014). Such transfer of knowledge from model species to unknown species is feasible because
the developmental transitions are achieved in a similar way across all plants.
Availability of GRNs in model species alone does not suffices the purpose of comparative study. It is also
extremely important to ensure that the datasets used for generating the GRNs in the different plants were
sampled approximately at time points during which similar phenotypic or developmental changes took
place. For example, GRNs underlying plant flowering time in model species like tomato (Astola, Stigter,
van Dijk, van Daelen, & Molenaar, 2014), rice and Arabidopsis (Izawa, Takahashi, & Yano, 2003) are
already known. However, these GRNs cannot be used for comparative study because they have been
studied at different time points of flowering which are not comparable. There are also interesting studies
on the use of such comparative approaches in understanding the GRNs underlying plant leaf shape and
secondary cell wall formation (Ichihashi et al., 2014, Ruprecht et al., 2011). However, these approaches
have not been employed to study the developmental transitions. Thus, based on these studies it is quite
clear that the need of the hour is to establish a workflow in order to construct and compare GRNs
underlying specifically a developmental phase transition (e.g. flowering time) from model species.
Since, the developmental phase transitions are achieved in a similar way across all plants, information
derived from studies on model species can be successfully transferred to other unknown species like
Crocus and Tulips which have high economic value but have been poorly studied (Hansen, Vaid,
Musialak-Lange, Janowski, & Mutwil, 2014; Movahedi, Van Bel, Heyndrickx, & Vandepoele, 2012;
Leeggangers et al., 2013).
Hence, the focus of this thesis is to build a pipeline which will construct and compare GRNs among the
model plant species using the gene expression data at different time points during a developmental phase
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transition of interest. As a proof of concept, seed germination dataset from Arabidopsis and rice was used
in order to build this pipeline. Availability of comparable gene expression data for seed germination from
Arabidopsis and rice, sampled at time points during which similar phenotypic and developmental changes
took place, made it appropriate to use this dataset. Also, seed germination is a developmental transition
which most of the plants undergo, so GRNs underlying this phase transition can be compared between
closely related species as well as distantly related species. As a result, a pipeline was successfully
developed which could identify the GRNs underlying the seed germination process in Arabidopsis and
rice. The two obtained GRNs were compared with the constructed pipeline, using the information on
orthologous gene relationships and gene families in the PLAZA database (Proost et al., 2009). The
obtained conserved reference network from this comparison represented the conserved functional
modules involved in the process of seed germination in Arabidopsis and rice. Gene set enrichment
analysis revealed the over-representation of the seed germination gene ontology term (GO: 0009845;
(Thomas, 1993) in the conserved modules. Together with the over-representation of other gene ontology
terms like dormancy, regulation of seed germination etc. there was a clear indication of functionally
similar genes enriched in GRNs of both the species.
Further, the constructed pipeline can be tested on seed germination from Glycine max (soybean) and
Lepidium sativum, for which comparable data is already available. In the end, such studies will prove
useful in assessing the similarities and differences between the GRNs and in modelling the influence of
environmental factors on the evolution of GRNs in the four species. The final validated pipeline can be
used to construct and compare GRNs underlying other developmental transitions from other model/nonmodel species.

2. Objective
a. Identify gene expression dataset related to a particular developmental transition across similar
time points in model species like Arabidopsis and rice.
b. Establish a bioinformatics pipeline using the identified data to construct and compare GRNs
governing developmental transitions from model species.
c. Generate consensus reference network by comparing the components of the obtained GRNs
from the model species.
d. Perform a gene set enrichment analysis to obtain insights into the function of the genes in the
consensus reference network
e. Finally, based on the above functional assessment obtain insights into the functional
enrichment of genes in GRN underlying same developmental transition from two different
species.

3. Materials and Methods
There were three important pre-requisites for constructing the pipeline. The first one was to ensure the
availability of gene expression dataset sampled at similar time points of a developmental transition
process from more than one species. The second pre-requisite was to choose the most appropriate and
best network construction algorithm, which could incorporate the dynamic changes in the gene expression
between the time points into the network. The last and the major pre-requisite were to ensure that the
constructed pipeline is robust and applicable to any kind of developmental transition dataset. So keeping
in mind these pre-requisites, the methodology was designed and successfully completed in order to fulfil
the objectives.
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The pipeline and the various steps followed to construct the pipeline are depicted in Fig. 4. Most of the
steps after selection of the data set (Fig.4B-F) were done using the R programming language
(http://www.r-project.org/). In the steps where external information on the genes was needed, the gene
sets were used to query against the appropriate publicly available tools and databases. Each of the steps in
the constructed pipeline will be described and detailed in the following paragraphs. The steps are divided
according to the objective they will fulfil.
3.1 Objective1 - Data selection (Fig.4A): Publicly available gene expression databases like Array
express (https://www.ebi.ac.uk/arrayexpress/) (Kolesnikov et al., 2014) and NCBI GEO: Gene
Expression Omnibus (http://www.ncbi.nlm.nih.gov/geo/) (Barrett et al., 2013) were searched for
gene expression data from different plant species sampled at similar time points in a particular
developmental transition. Microarray gene expression data on similar time points of seed
germination were selected from two model species, viz., Arabidopsis and rice (Dekkers et al.,
2013; Galland et al., 2014) and were directly downloaded in the working directory using R
command.

QC*

Figure 4: Schematic diagram depicting the steps in the scientific approach. A) Selected data on developmental
transition (seed germination) in model species (Arabidopsis and rice). B) Filtered gene expression data, with rows
corresponding to genes and columns to experimental time points (blue blocks indicate presence of that gene at that time
point where as yellow indicates the no expression). C) Expression pattern of the filtered genes. Gene with similar
expression patterns are grouped into one cluster based on calculated correlation values. D) GRNs are constructed based
on the information obtained from the co-expression clusters. E) Comparison of the two GRNs from Arabidopsis and
rice. The parallel red dotted lines show the genes within the two networks that are either orthologous or belong to the
same gene family. F) Consensus reference GRN. The blue coloured circles are the genes that are either orthologous or
belong to the common gene family in both the networks. Yellow and red coloured circles are genes present only in
Arabidopsis or rice respectively. Green coloured circles are the genes that have repetitive function in both the
networks.

3.2 Objective2 - Data quality control: The raw measurements of gene expression data are directly
obtained after reading the probe hybridization values from a microarray chip. The data was quality
checked using the Array Analysis package (http://www.arrayanalysis.org/main/) (Eijssen et al.,
2013). This package determines the sample quality, hybridization and overall signal quality, signal
comparability and signal bias etc. It also included some pre-processing methods like background
correction and normalization in order to assess the quality of the data both before and after preprocessing. Results from the quality control were used for deciding the parameters for further
filtering and pre-processing.
9

3.3 Objective2 - Data pre-processing and filtering (Fig.4B): Pre-processing and filtering of the data
were done in four distinct steps:
3.3.1

In the first step the data was intensity normalized using GCRMA (Gene Chip Robust Multiarray Averaging) software package available in Bio-conductor (Huber et al., 2015; Zhijin Wu,
Irizarry, Gentleman, Martinez-Murillo, & Spencer, 2004). Normalization removed the
measurement biases due to non-specific probe hybridization, technical errors, background
noise etc.

3.3.2

In the second step the normalized data was averaged across the different replicates. Each
intensity value for each probe was measured in at least three replicates in the original
experiment to ensure consistency. So, the mean intensities across the replicates were
calculated and assigned as one single value to each probe.

3.3.3

In the third step, the averaged data was filtered to remove missing values. With this, genes that
were not measured in at least 40% of the arrays were eliminated and also those arrays in which
intensity values were absent for more than 60% of genes were eliminated. Briefly, during this
step, the missing values across the samples (arrays) and genes were filtered out.

3.3.4

Finally from the obtained filtered and pre-processed data, genes that had signal intensity below
a certain threshold and genes with constant variance were removed. This will ensure removing
genes with low signal-to-noise ratio and also avoid false positives that occurred due to
technical errors in measurement. Details on this filtering step and the criteria for threshold
selection are given in the supplementary materials and methods M1.

3.4 Objective2 - Clustering and identification of clusters of interest: Before using the filtered
dataset for constructing the co-expression clusters and co-expression networks, the normalized,
filtered dataset was grouped into clusters and functionally important clusters were identified.
Observing the gene expression patterns in functionally important clusters enlightened the specific
expression of genes related to the seed germination at different time points and different tissue
samples. The information obtained in this step was further used in the construction of coexpression networks from the filtered dataset. Details of this step are given in the Supplementary
methods M2.
3.5 Objective2 – WGCNA: Construction of genome wide network (Fig.4C, D): The normalized,
filtered data from step 3.3 was used for the construction of networks. WGCNA (Weighted Gene
Correlation Network Analysis) algorithm was used for building the network (Langfelder &
Horvath, 2008). In this network construction algorithm, different from the normal correlation
measures (like Pearson correlation) a weight is assigned to each correlation value calculated
between two genes. This weight is termed as the ‘soft thresholding power’ and the resultant matrix
containing the weighted correlation values between all the genes is called an ‘adjacency matrix’.
Using this adjacency matrix, the algorithm arrives at the ‘topological overlap matrix’ (Yip &
Horvath, 2007), in which the number of connections common between two neighbourhood genes
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were measured. Such topological overlap matrix (TOMs) expresses not only the correlation in the
expression but also the overlap in the topology between two genes in the network thus removing
the spurious connections generated by only using the correlation values.
Thus, Pearson correlation was calculated between all the filtered genes followed by raising the
correlation by soft thresholding power to obtain adjacency matrix. TOM was calculated from this
adjacency matrix, which was in the end used for constructing the network. The TOM was cleaned
in one last step before using them for network construction. In this step only the 90th percentile of
Topological overlap values were retained and the resultant matrix was used for constructing a
network that represented a genome wide network each for Arabidopsis and rice.
3.6 Objective2 – WGCNA: Identification of modules in the genome wide network: The generated
genome wide network was further dissected into small clusters of nodes and edges, similar to
identification of clusters in a gene expression dataset. For identifying these sub-networks in the
bigger network, the topological overlap matrices, containing the topological overlap information
between all genes were clustered using hierarchical clustering function ‘hclust’ in R. The
identified clusters, in this case called as modules, represent the sub-networks within the larger
networks. Correlations between the Eigen genes (first principle components) of the identified
modules were calculated in order to group together the modules that were closely related by their
Eigen genes. These groups of similar sub-networks (modules) were named as mega-modules.
Mega-modules in Arabidopsis over-representing the processes of seed germination (GO:0009845;
(Thomas, 1993)) and/or seed dormancy (GO:0010162) were selected by performing a functional
enrichment on the gene sets using the PlantGSEA (Plant Gene Set Enrichment Analysis) tool (Yi,
Du, & Su, 2013).
Functional enrichment of the genes sets were only possible for Arabidopsis since the GO terms
related to the process of seed germination were defined for only Arabidopsis and not for rice. So,
presence of some of the genes characterized for seed germination process in rice (Galland et al.,
2014; Han, He, Li, & Yang, 2014; Yang et al., 2007) were checked in the mega-modules and
interesting mega-modules were selected.
3.7 Objective2 – WGCNA: Construction of networks for the selected mega-modules (Fig.4D):
Finally, networks were constructed for each of these mega-modules of interest from their
respective TOM values using the WGCNA algorithm and were exported to Cytoscape for
visualization (Cline et al., 2007; Saito, Smoot, Ono, & Ruscheinski, 2013). The constructed coexpression networks or the gene regulatory network of each mega-module represented the systems
level behaviour of genes (nodes) and the regulations between them (edges). The strength of
association between the connected components depends upon the magnitude of correlation and the
topological overlap between the genes. In certain cases, the direction of the edge can be assigned
by looking at the expression patterns of the connected genes (nodes) at different time points. Also,
each gene can have connections to multiple genes in the network as they could regulate multiple
genes at the same time. So the networks of the mega-modules were an interwoven connection of
the co-expressed genes enriched for the seed germination function.
An edge cut-off was applied on the constructed networks in order to remove the false positive
connections. In the end, a small and accurate network was constructed which represented the
genetic circuit underlying the developmental transition of interest.
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Until this point, the two datasets were processed individually to identify the modules, megamodules and generate networks for the selected mega-modules. The different thresholds and cutoffs used during the network construction process, were decided specific to each dataset by using
appropriate measures and not biased on one particular pre-conceived value. This kind of unbiased
selection criteria will make the pipeline robust to any kind of dataset for any developmental
transition.
3.8 Objective3 - Comparative study (Fig.4E, F): Co-expression networks constructed from the
mega-modules for Arabidopsis and rice were compared to analyse the occurrence of functionally
similar genes in both the species. Networks of the selected mega-modules of interest from both the
species were compared and the consensus reference networks were generated with only those
genes that were functionally similar in both networks. Two different procedures were followed for
identifying functionally similar genes and do a comparative analysis:
3.8.1

3.8.2

At first, information on the orthologous genes between the two species were derived from the
PLAZA database (Proost et al., 2009). Orthologous genes in the PLAZA database were
identified using an integrated method, which combines information from Markov clustering
(Ortho-MCL, (Li, Jr, & Roos, 2003)), sequence based similarities (like BLAST and reciprocalBLAST) and phylogenetic classification of gene families. The article by Proost et al., 2009
mentions the details on the construction of these orthologous genes and gene families.
In order to obtain gene orthology information, genes belonging to the networks of the
identified mega-modules were submitted to the PLAZA database and the orthologous genes
were downloaded. From the downloaded orthologous genes, the genes that were present in the
mega-modules of the other species were only selected. For e.g., gene in the mega-modules of
Arabidopsis that were orthologous to genes in the mega-modules of rice were sorted out and
vice-versa. The consensus reference networks for Arabidopsis and rice thus consisted of only
those genes for which orthologous genes were present in either of the species.
Functional enrichment of the genes in the consensus reference networks for both the species
was done in order to ensure the enrichment of seed germination and dormancy related genes in
the consensus reference networks. At the end of the comparative study, a consensus reference
network as depicted in Fig.4F was obtained, one each for Arabidopsis and rice.
Another different criterion that was also followed to do the comparative study of the network
from the mega-modules was to compare the gene families in the genes of the two networks.
Apart from finding orthologous genes this procedure was incorporated into the pipeline
because in certain cases the gene orthology relationship was not defined for all genes in all the
species. So, the gene family information obtained using the BLAST protein similarities in the
PLAZA database were used to compare the genes in both the networks. Consensus reference
networks were constructed by including only those genes from the gene families that were
present in both the networks. Again, doing a functional enrichment of the genes in the
consensus network and identifying if the expected gene ontology terms were over-represented
assessed the biological relevance of the constructed networks.

Network properties were calculated for the consensus networks generated using two different
methods for both Arabidopsis and rice and also for the network generated before doing any
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comparison using the ‘Network Analyser’ module in Cytoscape in order to assess if the final
networks were biologically true networks.
3.9 Objective4, 5 - Functional annotation to identify genes of interest: PlantGSEA tool was used
for assessing the functional enrichment of genes in the consensus reference network. A Fischer’s
exact test with Benjamin-Hochberg FDR correction (p<0.05 and f<0.05) was used to identify the
gene ontology enrichment in the subset of genes. Enrichment of gene ontology terms related to
seed germination and dormancy will provide clues about the involvement of the genes belonging
to the sub-networks in these biological processes. Also, it will provide an understanding on those
genes that were not listed under these gene ontology terms in either network. Ultimately, results
from this step will help towards knowing the similarities and differences in the role of the found
genes.
Careful selection of parameters for gene expression data analysis and network construction enabled to
create a pipeline that is robust to analyse any kind of expression dataset underlying any developmental
transition across plant species.
3.10
Objective3 - Alternative new strategy for constructing consensus network:
Constructing co-expression networks involving all the genes from the filtered data generated
consensus reference sub-networks of the co-expressed gene modules from the bigger network. In
this process, the criteria of co-expression guided the way to arrive at the reference networks
followed by validation using assessment of functional enrichment. Alternatively, another approach
was developed in which an informed family of genes (more specifically transcription factors) that
have been well studied to be associated with the seed germination process was selected.
Generating co-expression networks in the vicinity of these core families of genes might give a
more coherent GRN specific to the seed germination process. Such networks were characterized
as seed gene (transcription factor) specific networks. The seed genes in this case were the hub
genes and were expected to be associated with other genes specifically involved in the
developmental transition process of interest.
3.10.1 Transcription factor specific network: In the study on cell wall organization by (Hansen et
al., 2014; Ruprecht et al., 2011), they focused on one particular family of proteins (Cellulose
Synthases, CESA) that have been proven as the major driving factor behind the cell wall
formation. They took the CESA genes as the seed genes and listed the genes in this family
from 7 plant species; including Arabidopsis, rice, poplar, medicago, barley, soybean and
wheat. Subsequently, they identified the genes in the vicinity of these genes i.e. genes that
were co-expressed along with these seed genes. In this case, all the genes that were connected
by up to two edges to these seed genes were considered the vicinity genes and the network
consisting of these genes alone were extracted from the whole genome correlation network
(Mutwil et al., 2010). Later, the PFAM (protein families) in the vicinity networks across the 7
plant species alone was compared to analyse the functional enrichment of protein families
associated to the cell wall formation. This study proved to be useful to reduce down the whole
genome network to only those genes that were specifically involved in the process of cell-wall
formation.
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Similar to this study, a co-expression vicinity network was built surrounding a transcription
factor family GRAS (Bolle, 2004; Lee et al., 2008; Tian, Wan, Sun, Li, & Chen, 2004) which
has been well-studied for its important role and function in developmental processes.
For selecting the gene family, PFAM gene families were identified in the genes of the genome
wide networks from Arabidopsis and rice obtained from section 3.5 i.e. before comparison.
The gene families that were present in both the networks were sorted out and ranked in
decreasing order based on the number of genes present in each gene family. GRAS
transcription factor family was the fourth highest ranked family and since this family of genes
has been well studied for seed germination and other developmental processes, they were used
as seed genes. Thus, genes immediately connected to these seed genes were extracted from the
genome wide network of section 3.5 to arrive at the so-called GRAS specific network. The
generated GRAS specific network for Arabidopsis and rice were also compared using the
orthologous genes and gene families that were common in both the networks (as detailed in
the section 3.8). The GRAS specific consensus reference network arrived as a result was tested
for functional enrichment of genes related to the processes of seed germination.
To summarise, consensus reference networks were thus generated using two different strategies. The first
method blindly followed the network construction algorithm, WGCNA and generated the two-reference
network whereas the second method was driven more by the already known biological information. Either
of these methods could be used to construct GRNs from time series data in other plant species. The only
drawback for the latter method was that it was driven by the biological knowledge and might be a
bottleneck for those developmental transitions (if any), which have not been studied well.

4. Results and Discussion
Molecular, biotechnological and systems biology approaches have been already used to understand the
GRNs underlying auxin signalling (Sankar et al., 2011), circadian clock (Akman et al., 2012) and flower
development (Espinosa-soto, Padilla-longoria, & Alvarez-buylla, 2004) and many other biological
processes. Results from these studies focused only on one particular system of interest, missing
information on the similarities and differences between the GRNs for the same biological processes
among different species. Some other studies used the comparative approach to identify GRNs underlying
plant leaf shape (Ichihashi et al., 2014), inflorescence (Astola et al., 2014) and cell wall organization
(Ruprecht et al., 2011). These studies, however, did not take into account the variation in the gene
expression at different time points under the influence of environmental factors. In spite of such
variations, a coordinated regulation among the different components of the GRN exists at different time
points of a developmental process. This differential regulation under different scenarios allows every
plant to undergo developmental transitions at different time points. Learning from the previous studies,
dynamic, high-resolution, temporal expression data on seed germination from rice and Arabidopsis were
used in this study. Availability of comparable expression data across different time points in the Array
express database made it plausible to use it to develop and train the pipeline. Comparing the GRNs,
underlying this developmental transition, from the two species will reflect the dynamic property of its
components at different time points. This type of comparative study in plant systems will be first of its
kind to deduce the effect of environmental forces on the timing of phase transitions. Using such
comparative studies, understanding of developmental processes in rice and Arabidopsis will be
sharpened, which when translated to species of high economic value ascertains huge advantage.
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The results and the interpretations are discussed in individual sections corresponding to the development
of the pipeline.
4.1 Data selection (Fig.4A)
Seed germination is the first important developmental transition in the life cycle of the plant. Successful
establishment of this phase transition followed by the further plant development is the key behind the
growth of every plant. In depth understanding of this process, thus, is highly essential in the economical
and agricultural perspective. The microarray dataset for seed germination in Arabidopsis (GEO41212)
(Fig.5a) published Dekkers et al., 2013 was selected for constructing our pipeline because it includes
gene expression information on different time points of seed germination. Also comparable data on seed
germination at different time points in rice were available which was used for the comparative study.
In the experiment of GEO41212 conducted for studying seed germination, the seed was divided into two
different compartments, embryo and endosperm. Further each of these compartments was partitioned into
two different tissues, cotyledon (COT) and radicle (RAD) in embryo and peripheral endosperm (PE) and
micropylar chalzal endosperm (MCE) in endosperm (Fig.5b). Apart from this the dry seed before
imbibition was taken as an individual sample. Each of these tissues were measured at different hours after
soaking/imbibitions (HAS/HAI), together accounting for 12 conditions with only RAD and MCE studied
in all 12 conditions. So, in total there were 29 samples in replicates of four resulting in a total of 116
samples. The Affymetrix Arabidopsis ATH1 genome array (ATH121501) contained 22810 probes/genes.
So these ~23,000 probes were measured across the 116 samples in the microarray experiment. During the
imbibition process, the seed water content and the percentage of rupture changes constantly and are the
major phenotypic indicators in the process of seed germination. Using these phenotypic indicators,
datasets in other plant species was selected so that microarray gene expression datasets at similar time
points as Arabidopsis can be obtained.

a)

b)

Figure 5: Seed germination dataset (GEO41212) taken from Dekkers et al., 2013. a) Figure showing the gene expression
measured at different tissues (samples) and the (conditions) hours after soaking (HAS) in Arabidopsis seed. The graph
represents the %Rupture (TR: testa rupture and ER: endosperm rupture) during the different time points. b) Different
tissues in the seed of an Arabidopsis plant, clearly there are two major comparments: embryo and endosperm covered
by a seed coat. These two compartments are further sub-divided into two tissues.
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These phenotypic indicators indicated availability of comparable dataset on seed germination from rice.
Galland et al., 2014 in their study published seed germination dataset sampled at different time points /
hours after imbibition in rice (GSE43780). In their study, the seed was divided broadly into endosperm
and embryo (Fig.6a) and gene expression was measured at 6 different time points (Fig.6b). Together they
made to 12 samples (2 tissues measures at 6 time points) measured in replicates of four totalling to 36
samples. The rice Affymetrix genome chip contained 53782 genes/probes. So, ~54,000 genes were
measured in 36 samples. In this case, the phenotypic indicator shown in the graph is the fresh weight (in
grams) per 1000 seeds. The changes in the fresh weight shown for the rice seed was comparable to the
seed water content in Arabidopsis seeds because fresh weight increases due to absorbing of more water.
Fresh weight is the weight of the fresh seed removed directly from a rice plant. This fresh seed usually
increases in its weight during the process of maturation due to water absorption until a point when it
reaches the maximum and ruptures in order to start germinating. So, during the process of imbibition, due
to absorption of water metabolism takes place inside the seed as a preparatory phase for seed germination
and nutrients and storage reserves are accumulated. Thus the fresh weight and seed water content were
used as phenotypic indicators.
It was quite interesting to observe that the seed germination process in rice takes longer time than
Arabidopsis as can be seen in Fig.6a. Rice seeds can germinate only 72 hours (i.e. 3 days) after soaking
whereas Arabidopsis seeds can germinate approximately 24 hours i.e. 1 day after soaking (Fig.5a). This
shows how two different plants undergo same developmental transition at different rates. So, the same
phenotypic changes happen at different time points during the process of seed germination in both the
plants and hence should be carefully considered before using the datasets for comparison. GRNs
underlying the seed germination process can only be compared across time points during which similar
developmental changes take place.

Figure 6: Seed germination dataset (GSE43780) taken from Galland et al., 2014. a) Figure showing the different
(conditions) time points (hours after imbibition) in which the gene expression was measured. b) The parts of a rice seed.
The endosperm and embryo after removing the hull were used for studying the expression.

4.2 Data Quality Control (Between Fig.4A to Fig.4B)
The raw datasets from Arabidopsis and rice were assessed for their quality using the Array Analysis
package. Results from this assessment were used to decide if there was a need for data normalization and
also were used to select the appropriate thresholds for data filtering. Supplmenetary results S1 contains
the detailed information on the different parameters that were checked for the input data and the results of
few of the interesting plots. Most of the generated plots indicated the coherence in the measured
intensities values across the replicates, samples (tissues; endosperm and embryo) and conditions (time
points; hours after imbibition). These plots were generated in two sets, one before normalization and one
after normalization of the data. Mainly the density histogram of intensities and MA plot are discussed in
this section.
16

4.2.1

Density histograms: Fig.7a, b depicts the density histograms for Arabidopsis and rice
respectively. Density histogram after normalization clearly indicated that the data improved
largely after normalization and also the magnitude of intensity values among the replicates of
a sample fell in the same range after normalization. Hence taking an average of the intensities
among the replicates after normalization was sufficient to summarise the data for each sample.
Anyhow, these results indicated that normalization of raw data was essential to achieve
coherence among the replicates of a sample.

Figure 7a: Density histograms of the intensities before and after normalization in Arabidopsis for each replicate of
every sample at each time point. Box to the right is the legend for the different colours and their corresponding samples
at different tissues and time points.

Figure 7b: Density histograms of the intensities before and after normalization in Arabidopsis for each replicate of
every sample at each time point. Box to the right is the legend for the different colours and their corresponding samples
at different tissues and time points.

4.2.2

MA plots: Intensity dependent biases among the different arrays of the experiment were
identified using the MA plot (Fig.8a, b). Each blue spot on the MA plot shows the variations
in the intensities measures for each probe in different arrays. Usually no variation was
expected for intensity measurements across the arrays, so the red line was expected to lie close
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to zero in the Y axis. It can be observed that the red line lies close to zero after normalization
necessiating again the need for normalization. Also, this MA plot was used to decide the low
signal intensity threshold so that probes with intensity below this threshold were removed
which will be discussed in the section of data filtering.

Figure 8a: MA plots before and after normalization of four replicates of COT sample in Arabidopsis is shown. Similar
MA plots are generated for all samples and their replicates. Red lines should lie close to zero as can be observed in the
plots generated after normalization.

Figure 8b: MA plots before and after normalization of three replicates of EMB sample in rice is shown. Similar MA
plots are generated for all samples and their replicates. Red lines should lie close to zero as can be observed in the plots
generated after normalization.

4.3 Data Filtering (Fig.4B)
Data quality control clearly necessiated the need for filtering the data in order to ensure removal of
ambiguities that unncessarily interfers with the biological interpretations. A series of steps were followed
to normalize, pre-process and summarize the data as a part of data filtering. Filtered data was summarized
and used for further data analysis and biological interpretations. Pre-processing of the raw datasets from
Arabidopsis and rice was done in four steps (Fig.9).
Figure 9: Steps followed in filtering of the raw data
from Arabidopsis and rice. Raw data was normalized
using the GCRMA package in Bio conductor
followed by summarizing the data by taking averages
across the replicates of each sample. Missing values
in the arrays and genes were removed subsequently.
Consequently, this step did not remove any missing
genes or arrays. As a last step in pre-processing, the
genes with signal intensity below a certain threshold
and with a constitutive expression across the time
points were eliminated.

4.3.1

Step1 and 2 - Normalization and Averaging: In the first step of data filering, the raw
datasets (22810 genes in Arabidopsis and 53782 genes in rice) were normaized using GCRMA
(Gene Chip Robust Microarray Averaging) normalization. GCRMA corrected for background
intensities in the microarray dataset caused due to optical noise, probe specific errors and non18

specific binding. After making these corrections the function normalized the intensities values
for each probe so that the intensity values lied in a comparable range (Z Wu & Irizarry, 2004).
In contrast to RMA (Robust Microarray Averaging), the most widely used method for data
normalization, GCRMA uses the probe sequence information in order to identify the nonspecific binding and was considered more accurate than RMA. The normalized data of each
sample was then summarized by calculating the average across the replicates of the sample.
So, after this step of GCRMA normalization, each probe had only one value per sample per
condition.
4.3.2

Step3 - Removing missing values: Arrays which had many missing gene expression
intensities and genes which have not been measured in many arrays need to be eliminated for
effective biological analysis. Such missing values introduces bias in the further expression
analysis, and many downstream analysis steps also needs only matrices filled with values
(O.Troyanskaya et al., 2001). So, using a simple function in R, such values were identified.
Results from this analysis showed that none of the arrays had any missing gene expression
values and also none of the genes were missing in any of the arrays. So, the 22810 genes in
Arabidopsis and 53782 genes in rice were retained for further analysis.

4.3.3

Step4 - Applying intensity and variance thresholds: In the final step of data filtering, an
intensity threshold was applied and genes with signal intensities below this threshold were
removed. The MA plot generated as part of the microarray quality control was used to decide
this low intensity cut-off. In the MA plots of Arabidopsis and rice samples (Fig.8a, b), there
was a big blob of clustered probes seen near the M=0 and A<2 region. These probes had very
low intensity signals as their M/A was closer to 1. Hence, it was highly possible that such low
measured signals of probes were false positives, as it was most likely that such low signal
intensities were a result of an artifact from the shining of the glass surface of the chip (Tran et
al., 2002). Based on the MA plots for all samples a signal intensity value of 2 was decided as
the cutoff for both Arabidopsis and rice. So, only those genes whose signal intensities were
above 2 were passed through another round of data filtering based of the ‘gene expression
variance’ or simply variance.
Variance in the gene expression is defined as the change in the magnitude of signal intensities
of each gene across the different conditions, in this case across the different time points. So,
genes whose signal intensities do not change across the different time points are called
constitutively expressed genes and are considered to be present in all time points. Such genes
were biologically less interesting because they were unmodified during the developmental
change and were considered to exert their function at all time points. In contrast, genes whose
expression changes between different time points, might do so because of the influence of
different endogenous and environmental factors and hence were more interesting to study. So,
a variance cut-off was applied to remove the constitutively expressed genes i.e. genes whose
variance was below this threshold. To decide on the cut-off, variance in the expression of the
genes across all conditions were calculated and a histogram of these values in each dataset
were plotted (Fig.10). From the graph, genes with variance values falling in the left most peak
were eliminated in order to remove most of the constitutively expressed genes. For
Arabidopsis, this value was set at 1 and for rice this value was 0.5. In the end, after the four
steps of data filtering 7754 genes for Arabidopsis and 9826 genes for rice were only left.
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Figure 10: Histogram showing the frequency of variance in the dataset obtained after filtering for low intensities. The
left panel is of Arabidopsis and the right of rice. The arrow is pointed towards the chosen threshold (for Arabidopsis: 1
and for rice: 0.5).

4.4 Co-expression clusters
Expressions of genes within the filtered gene set were grouped into clusters of similarly expressed genes.
Functional annotation on the co-expressed clusters from Arabidopsis and rice highlighted the clusters
containing the seed germination and/or seed dormancy related genes. Results on this functional
annotation and clustering of filtered genes are detailed in Supplementary results S2. Importantly, it was
observed that the genes related to seed germination failed to cluster together into one group indicating the
variation in the expression of genes related to seed germination. On the other hand, genes related to seed
dormancy clustered mostly into one group with one very few genes in different clusters. On further
investigation of seed dormancy specific genes, it was evident that gene expression beyond 25 hours post
imbibitions time point in Arabidopsis could not be compared to rice due to lack of data. So, the samples
after 25 HAI in Arabidopsis were not used in the further steps of data analysis reducing the number of
samples to 21 in contrast to the initial 29 samples in Arabidopsis. So, from this point, Arabidopsis
contained only 21 samples and rice contained 12 samples. The filtered dataset with 6398 genes across 21
samples from Arabidopsis and 9826 genes in rice were used for constructing the network using WGCNA
(Weighted Gene Correlation Network Analysis) algorithm.
4.5 Co-expression networks (Fig.4C, D)
Matrix of gene expression values across the 21 samples was used for calculating the Pearson correlation
between the genes and a correlation matrix was obtained. Each correlation value in this correlation matrix
was raised to a soft thresholding power (Zhang & Horvath, 2005) in which each of these values were
multiplied to itself iteratively similar to bootstrapping method. Raising the correlation values by the
decided power under weighed the weaker correlation values and increased the confidence of the
calculated correlations. The choice for soft thresholding power for each of the datasets of Arabidopsis and
rice were made ensuring that the network constructed from the resultant matrices obeys scale free
topology. Using the function ‘pickSoftThreshold’ in WGCNA package two plots were plotted (Fig.11) for
each dataset, which calculated the scale free topology, model fit and mean connectivity in the network for
a choice of powers. From this graph, a power was selected at which the scale free topology fit value (R^2)
reaches the maximum and the mean connectivity reaches the minimum. According to that, 30 and 50
were the chosen power for Arabidopsis and rice respectively.
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Figure 11: Scale free topology plot and Mean connectivity plot for different values of power. Arabidopsis (left panel)
and rice (right panel). Vertical black lines marks the selected power of 30 for Arabidopsis and 50 for rice respectively.

After raising each of the correlation matrices to the respective powers an adjacency matrix for each
dataset was obtained. From this adjacency matrix a topological overlap matrix (TOM) was generated in
order to minimise or remove spurious and noisy associations between the genes. The correlation values in
the adjacency matrix were converted into a measure of dissimilarity using the WGCNA algorithm and
this dissimilarity between the genes was represented in the resultant TOM. This TOM dissimilarity
measure identified biologically more meaningful modules (sets of co-expressed genes) (Ravasz, Somera,
Mongru, Oltvai, & Barabási, 2002) than the correlation measure. Hence, in the next step of WGCNA
algorithm, the TOM matrices from the two datasets were hierarchically clustered using the ‘flashClust’
function. Clusters in the dendrogram were constructed with the help of the ‘DynamicTreeCut’ function
(Fig.12).

Figure 12: Cluster dendrogram and the modules identified using the DynamicTreeCut function. Each vertical line
(node) in the dendrogram corresponds to each gene and the closely spaced lines group together into branches (modules)
marked by different colours. Left Panel (Arabidopsis) and right panel (rice).

Clusters generated by the DynamicTreeCut function grouped only the highly similar genes based on the
TOM values. Distances calculated between the clusters during the hierarchical clustering were very
narrow indicating that some of these clusters had genes with similar expression profiles. So, these clusters
were merged together into modules. For merging the similar modules, a height cut-off was chosen from
the dendrogram. This height cut-off cuts off branches from the tree dendrogram forming modules and
genes within these modules had high topological overlap (Fig.13). Eventually, 38 modules were identified
for Arabidopsis in 6398 genes and 24 modules were identified in 9826 genes for rice.
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Figure 13: Cluster dendrogram depicting the clusters before merging and the obtained modules after merging. Height
cut-offs (Black vertical line) of 0.75 for Arabidopsis and 0.80 for rice were chosen to construct the modules. Because of
the high density of the genes in rice a higher cut-off was chosen to group the genes with similar expression.

Constructing network for each of these 38 and 24 modules in Arabidopsis and rice was not the most
desirable option. So, the relationships between these modules were studied further using their Eigen genes
(first principle components) as the representative for each of these modules. Fig.14 shows the heat map
results from studying the relationship between the modules.

Figure14: Heat map of studying the relationship between the modules in Arabidopsis (left panel) and rice (right panel).
Modules are represented as colours. The blocks of red identify mega-modules which have high topological overlap
identified by correlated eigen gene values.

A dendrogram was constructed representing the relationships between the Eigen genes of the modules
(Fig.15). From this dendrogram, those modules which showed higher correlation were combined and they
were termed as mega-modules. Five mega modules were identified in Arabidopsis and six mega-modules
were identified in rice. Gene ontology enrichment analysis was done on the identified mega-modules
using the plantGSEA platform for both Arabidopsis and rice. Two out of the five mega-modules in
Arabidopsis (highlighted with boxes in the left panel of Fig.15) were enriched for genes and GO terms
related to seed germination, dormancy, seed dormancy, and regulation of seed germination (Table 1). In
rice, gene ontology terms exclusively for seed germination or dormancy process were not categorized. So,
for presence of some of the seed germination related genes (Galland et al., 2014; Han, He, Li, & Yang,
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2014; Yang et al., 2007) were checked in the mega-modules of rice. Among them, the presence of GRAS
family of genes was checked for specially. Two mega-modules out of six contained distributed numbers
of GRAS family genes. So, two modules each for Arabidopsis and rice were used for the further network
construction. Magenta and turquoise were the two selected mega-modules belonging to Arabidopsis and
dark-magenta and dark-grey from rice.

Figure 15: Dendrogram representing the correlation between the Eigen genes of modules. The mega-modules identified
as a result in each of the species is highlighted. Modules are represented by the colours and the heat map shows the
relationship between the modules, with blue meaning low relationship and orange meaning high relationship.

Gene Ontology Term
Seed germination
Regulation of Seed germination
Seed dormancy

Mega Module Magenta [No. of Mega Module Turquoise [No.
genes (p-value)]
of genes (p-value)]
42 (2.33e-4)
43 (1.14e-05)
6 (8.5e-3)
14 (3.58e-3)
40 (8.1e-07)
36 (2.05e-06)

Table 1: Table depicting the gene ontology enrichment for the two mega-modules in Arabidopsis

TOM of these mega-modules was exported to Cytoscape for visualisation after applying a certain
threshold on their edges. Edge threshold was applied in order to reduce the complexity of the network and
to keep only the most significant connections between the nodes in the final network. So, in Arabidopsis
only those nodes that were connected by 80 percentile of edges were exported and in rice the nodes
connected by the 90 percentile edges were exported. Edge threshold was selected such that most of the
nodes were retained and only the weaker edges were eliminated in order to make the network more
coherent. After trying different thresholds, the edge cut-off was thus decided. Fig.16 shows the exported
networks in Cytoscape.
These co-expression sub-networks represent the systems level interaction between different genes,
proteins, complexes and regulatory factors. The nodes are the genes and the edges are the connections
between them. These connections can be a protein-protein complex, protein-mRNA complex, signalling
cascades, transcription factor regulation etc. (Chae, Lee, Shin, & Rhee, 2012). Also, these interactions
could be either activating or repressing depending upon the biological function. Thus, GRNs were
successfully generated in a stepwise manner for both Arabidopsis and rice. These GRNs were used in the
subsequent step for comparing the process of seed germination between the two species.
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Figure 16: Network architecture of the two mega-modules of Arabidopsis (top panel) and rice (bottom panel).

4.6 Comparative study (Fig.4E, F)
Various strategies and algorithms for co-expression network alignment and comparisons have been
developed (Clark & Kalita, 2014). Advantages and disadvantages exist in all of these methods with
respect to ease of use, applicability, quality of the produced alignments etc. Some of these approaches or
combinations of them have been used to align networks between different plants (Chanderbali et al.,
2010; Movahedi, Van de Peer, & Vandepoele, 2011; Spangler, Ficklin, Luo, Freeling, & Feltus, 2012). In
such comparisons, the aim was to find a mapping between the nodes from one network to another in such
a way that the mapped nodes can be considered to have similar systems level properties and perform
similar biological function. In this study, the GRNs from the two species were compared in order to gain
insight into the nodes and edges that were functionally similar between the two networks and those that
were different. Understanding of the nodes and edges common and different between the two networks
models the role of internal and environmental factors on their evolution. Successful establishment of this
concept will give an idea if the genetic mechanism controlling the seed germination was same in both the
plants even though they undergo seed germination at different time points and at different rates.
For making such comparisons, two distinct approaches were used. In the first approach orthologous genes
were looked for between the nodes of the mega-modules and in the second approach the gene families
were compared between the nodes of the mega-modules.
4.6.1 Identification of orthologous genes
Orthologous genes between the mega modules of Arabidopsis and rice were identified using the PLAZA
database, an online platform for plant comparative genomics. Orthologous genes to the nodes of mega
module magenta and turquoise were identified in the entire genome of rice and among the identified
orthologous genes in rice, those genes were sorted out which were present in the mega module Dark
Magenta and Dark Grey in rice. In this way a conserved reference network was generated from both the
mega modules of Arabidopsis and rice. This reference network consisted of only those genes, which were
orthologous to the genes in the other species and were visualized in Cytoscape (Fig.17).
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Figure 17: Network architecture of the two conserved reference networks of the mega-modules of Arabidopsis (top
panel) and rice (bottom panel).

Properties of the networks before comparison and after finding orthologous genes were analyzed using
the Network Analyzer tool in Cytoscape. Table 2 shows some the important network properties that were
selected to show the biological relevance of these networks. From the table it can be observed that the
number of nodes decreases by 3 folds after removing the non-orthologous genes and the number of edges
reduces down by approximately 10 folds. The network containing only the orthologous genes was much
smaller than the network before finding the orthologous genes but was still dense.

Table 2: Properties of the network constructed for the mega modules in Arabidopsis (Red cells) and rice (green cells).
The label (Before Comparison) shows the properties of the network obtained from the mega modules. The label (After
Comparison) shows the properties of the network obtained after finding the orthologous genes between the mega
modules.

Clustering coefficient is another property of network which measures the degree of clustering of the
nodes in a network and quantify how well connected were the nodes in a graph. For real world network, a
high clustering coefficient in the scale of 0-1 (Soffer & Vázquez, 2005) was observed because the number
of edges to each node was usually quite high meaning each node has connection with multiple nodes in
the network. In the networks that were obtained, clustering coefficient was comparatively high before and
after comparison showing that these networks represent the true networks at the biological level. Another
important characteristic of biologically true networks are that they should be scale free i.e. there are large
number of nodes with less number of edges (degree) and very few nodes with high degree. Nodes with
high degree are called the ‘hub’ genes and are sparse in a network. Hence, a node degree distribution plot
was calculated for each network, which analyses the correlation (R2) between the number of nodes and
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their degrees. High values of these indicate a scale free topology plot as also observed in the table.
Calculations of these properties ensured that the networks obtained from our pipeline were true networks.
As a final case of validation of the generated networks, gene ontology enrichment analysis was done on
the network obtained after removing the non-orthologous genes in Arabidopsis. It showed that these
networks were enriched for the gene ontology term seed germination indicating the presence of genes
related to seed germination in this network. Since, such GO terms were not defined for rice, presence of
genes in their network orthologous to the seed germination related genes was considered as an indication
for the presence of functionally important genes. Hence, with the help of information on orthologous
genes between Arabidopsis and rice, a consensus reference network for seed germination in both the
species was obtained. However, for many of the genes in this category, orthologous gene information was
not available and hence could not be retained in the network after comparison. Due to lack of information
on the orthologous genes, the networks of mega modules were also compared by another strategy which
was independent of the gene orthology information.
4.6.2 Identification of common gene families
Gene families group together the proteins with similar domains, motifs and functions. Identification of
protein families across the two networks and finding the common protein families also gives an indication
of the involvement of proteins with similar functions in both the network underlying the same
developmental transition. Again, PLAZA database was used in which the protein family information for
all the genes in the genomes of the plants is curated and available. This protein family information has
been integrated from the PFAM database (Finn et al., 2014). Many protein families were predicted in the
nodes of the mega modules from Arabidopsis and rice in the PLAZA database. Among these proteins
families only those families that were present in the mega modules of both the species were sorted out.
Genes belonging to these common protein families were selected from the network of mega modules
containing all genes. Similar to the consensus reference network generated from finding orthologous
genes, in this case also consensus reference networks were created (Fig.18).

Figure 17: Network architecture of the two conserved reference networks of the mega-modules of Arabidopsis (top
panel) and rice (bottom panel) obtained after retaining the genes present in the gene families common to mega modules
in both the species.
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Network properties of these networks were also calculated using the Network Analyzer tool in Cytoscape.
These network properties are shown in Table 3. Observing the clustering coefficient of the networks, it
was concluded that the networks had high clustering coefficient both before and after comparison and
hence were highly dense with interconnections between lots of nodes. Correlation values and the R2
values show that there was strong negative correlation between nodes and their degrees. Hence, these
networks were fulfilling the criteria of scale free topology. In the case of dark magenta mega module of
rice, it can also be observed that upon removing the genes not present in the common families the
correlation increases. So, the node degree relationship in this network after comparison was more strongly
negatively correlated. In essence now there were few hub genes connected to lot of non-hub genes thus
making the network more robust.

Table 3: Properties of the network constructed from the mega modules in Arabidopsis (Red cells) and rice (green cells).
The label (Before Comparison) shows the properties of the network obtained from the mega modules. The label (After
Comparison) shows the properties of the network obtained after finding the genes in the protein families common to
both mega modules.

Gene ontology enrichment of the genes in the network obtained after comparison showed that the seed
germination gene ontology was over represented even though the number of genes belonging to this gene
ontology had decreased. In comparison to the reduction in the number of nodes, it was interesting to
observe that the gene ontology terms for seed germination and dormancy were still significantly over
represented in the consensus reference networks.
Therefore, such comparative studies and the constructed consensus reference networks gave an idea on
the genes/gene families that were present in both the species and those that were exclusive to one
particular species. It was worth to research further on what kind of genes belonging to the seed
germination gene ontology were left out for not being in the common families or for not having the
corresponding orthologous genes in either species. Such genes in either of the species will provide
important clues regarding the genes that were species specific. In the end, a pipeline to construct a
consensus reference network was developed successfully by comparing the GRNs from two species. As a
result, information on the components of the GRN that were conserved and those that were species
specific were obtained.
Alternative to constructing the modules based only on the co-expressed gene patterns, a second approach
was developed for constructing the networks based on the seed germination data. In this approach, a
known group or family of genes were selected and co-expression GRNs were built in the vicinity of these
selected query genes. Such query gene specific networks also resulted in a consensus reference network
similar to the consensus reference networks generated from the identified modules.
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4.7 Transcription factor specific networks
Gene families were predicted in the 6398 genes and 9826 genes of Arabidopsis and rice using the gene
family information in the PLAZA database. Out of all the gene families, those families that were present
in both the gene sets were selected and ordered in the decreasing order of the number of genes belonging
to each gene family. Results of these gene families and their descriptions are enumerated in Table 4.

Table 4: Gene families identified in common to the filtered datasets of Arabidopsis and rice. These 9 gene families are
the top gene families with the highest number of genes commonly present in both the species.

From these gene families, the family HOM000031, GRAS transcription factor family was selected as the
seed family genes because upon exploring the literature it has been confirmed that this family of genes
were involved in the signal transduction and developmental processes (Bolle, 2004). Also, the evolution
of this family of genes dates 150-300 million years ago (Wikström, Savolainen, & Chase, 2001). So
selecting this family of genes enables one to sample and compare the seed germination process across
plant species, which have evolved in a longer time scale.
There were 32 genes identified from this family in Arabidopsis and 57 genes in rice (Tian et al., 2004).
Among these 21 genes in Arabidopsis and 18 genes in rice were found in the filtered datasets. Remaining
11 genes in Arabidopsis did not have a corresponding probe Id and those genes that were not found in rice
were eliminated in one of the filtering steps. Thus, the 21 GRAS genes in Arabidopsis and 18 genes in
rice were used as query genes and were queried in the network constructed using all the filtered genes
(before separating them into modules/sub-networks).
Before beginning this selection process, networks were generated from the TOM matrix of the filtered
genes. An edge threshold was applied to minimise the edge connections in both the networks. So, in
Arabidopsis only those nodes were retained that were connected by 80 percentile of edges and in rice
nodes connected by 90 percentile of edges were retained. Threshold for edge cut-off was selected so as to
retain most of the nodes from the filtered genes and eliminate only the edge with the highest weight while
removing all other edges. This kind of selection was made because many nodes in a network were
connected by more than one edge but with different weights. Removing the edges with lower weights was
essential to remove the false positive and duplicate connections. Hence, TOM matrix of the filtered genes
was exported to Cytoscape using a function ‘exportNetworkToCytoscape’ after applying an edge cut-off.
Query GRAS genes were queried against this network file and nodes (genes) connected by a maximum of
one edge to these GRAS genes were extracted. Thus GRAS gene specific network was obtained and
visualized in Cytoscape (Fig.19).
GRAS specific network in Arabidopsis contained 2675 nodes with 7529 edges and from rice the network
contained 2586 nodes with 4798 edges. So, the GRAS specific network encompassed ~40% of the nodes
from the bigger network generated from the filtered genes showing that many genes in the network
interact at the molecular level with the GRAS genes.
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Figure 18: GRAS specific network for Arabidopsis (top panel) and rice (bottom panel) generated by selecting only those
genes that are co-expressed (connected by one edge) with the 21 GRAS genes in Arabidopsis and 18 GRAS genes in
rice.

Gene set enrichment analysis using the PlantGSEA tool of the genes in the GRAS specific network of
Arabidopsis highlighted seed germination biological process to be significantly over-represented (38
genes with p-value: 1.71e-3). Comparison of the GRAS specific networks between Arabidopsis and rice
was done with the hypothesis that genes co-expressed with the same family of genes in both the species
were expected to have similar functions. In order to support this hypothesis and for comparing the two
networks, gene families in the co-expressed genes were predicted using the PLAZA database. Table 5
shows the gene families that were common to the GRAS specific networks from Arabidopsis and rice
arranged in the decreasing order of the number of genes present in the gene families.

Table 5: Gene families found in common to the GRAS specific networks in Arabidopsis and rice.

Although not directly apparent from the names of the families, these gene families contained genes that
play roles during the process of seed germination. For instance, the genes involved in the carbohydrate
metabolic process and lipid transfer were involved in the preparatory phase and were usually active
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during the initial stages of seed germination (Cao, Cheng, Wu, Soo, & Peng, 2006; Pagnussat, Burbach,
Baluška, & De La Canal, 2012). Not denying the fact that some of the families present in both the
networks were the gene families that have a general role or function like kinase activity, stress response
etc. Overall, it was observed that the families, which were co-expressed with the GRAS gene family and
were commonly present in the networks of Arabidopsis and rice contained genes involved in seed
germination. In contrast, those families that were present only in either of the network exclusively did not
contain genes related to seed germination. This indicated that the GRAS specific network obtained for
Arabidopsis and rice were rich in seed germination related genes.
Genes belonging to the families present in the GRAS specific networks of Arabidopsis and rice were
selected to visualise the consensus GRAS specific networks in Cytoscape. Fig. 25 depicts the obtained
networks. Nodes in these consensus GRAS specific networks accounted for approximately 50% of the
nodes in the GRAS specific networks indicating that 50% of the genes co-expressed with GRAS genes
belong to similar families and hence might perform similar function. Gene set enrichment analysis of the
genes in this consensus GRAS specific networks showed significant over-representation of the seed
germination gene ontology (24 genes with p-value: 8.23e-05). The 14 genes in the seed germination gene
ontology that were missed in the common gene families were either not assigned under a particular family
in either of the species or were present in the families that were not well annotated in one of the species.
Thus GRAS specific networks were generated successfully in both the species and also their
corresponding consensus GRAS specific networks were generated. This consensus GRAS specific
network in both the species contained only the conserved gene families that were connected to GRAS
genes.

Figure 25: Network consisting of genes present in the gene families’ common to GRAS specific network from
Arabidopsis and rice. Top panel is for Arabidopsis and bottom panel for rice.

Identifying a gene family which is already known to be involved majorly in a developmental transition is
not always feasible. But in most of the cases, such gene families can be identified. Generating networks in
the vicinity of these genes can provide a remarkable way of identifying the gene regulatory networks
specific to the developmental transition of interest. Especially this kind of network construction will be
highly useful in cases where the orthologous gene relationships are poorly defined.

5. Conclusion and Future Perspective
A robust pipeline was developed for obtaining a consensus reference network underlying a developmental
phase transition. Using gene expression data studied at different time points during the seed germination
process in the model species Arabidopsis and rice, a step-by-step procedure was constructed and a
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consensus reference network was obtained. This consensus reference network highlighted the genes with
similar functions in both the plant species and these genes were responsible for performing similar roles
during seed germination in both of them. In spite of rice being monocot and Arabidopsis being dicot,
finding such similar coordinated regulation among different biological molecules of a network in both the
species provides understanding of the involvement of similar control mechanisms underlying seed
germination process.
This pipeline can be in future extended to study other developmental transitions in different other plant
species provided the gene expression has been studied at time points such that the similar phenotypic
changes happens in each plant. Generating GRNs on such similar data will ensure comparability between
the generated networks. Also, as part of the pipeline, the results and interpretations obtained from doing a
K-means clustering followed by functional annotation using MapMan and PageMan, could be used as a
tool to decide the time points during which the gene expression is comparable.
The obtained network from this study had still too many nodes and edges. Our aim at the start of the
project was to come down to a set of 20 genes (at max. 50 genes). These genes could be called as the core
set of genes involved in the process of seed germination (or any developmental transition in that case)
across different plant species. Also, knowledge from such studies could be used to confirm if similar
genes were also playing similar roles in other plant species, which do not have sufficient genomic
information available. However, in order to reach at this point, there was a need for in depth biological
knowledge on the sets of genes and their molecular interactions controlling the developmental transition
of interest. Once such gene sets are known, algorithms like Ordinary Differential Equations (ODE)
(Marbach et al., 2012; a. M. Middleton, Farcot, Owen, & Vernoux, 2012; Studham, Tjärnberg, Nordling,
Nelander, & Sonnhammer, 2014) can be used to construct the network. The only bottleneck with this
algorithm is that it can only handle very few sets of genes and needs prior information.
There were also other alternative network algorithms like Dynamic Bayesian Networks (DBNs), Boolean
networks, Hidden Markov Models (HMMs), linear regression models, state space models etc. which
could be used to best infer the gene regulatory networks from time series gene expression data (Chae et
al., 2012; Godsey, 2013; Kim, Imoto, & Miyano, 2004; Krouk et al., 2013). Each of these network
algorithms offers specific advantages to infer the gene regulatory networks and hence was chosen from
the pool of other available algorithms. For instance, some of them like DBNs and steady space models
can model non-linear relationships between the genes. Some others like Markov models and state space
models can incorporate information on gene regulatory control beyond a single time point. However, such
network algorithms were constrained by the size of the data that they can handle and also because some
of them need prior information/training set. Since for seed germination process, prior information on the
molecular interactions between the genes were not available for Arabidopsis and rice, such network
algorithms were not feasible to use. So in this study, a simple algorithm like WGCNA was adopted to
infer GRNs. Further, if these generated GRNs could be validated by the biologists then information on the
molecular interactions obtained from these networks could be used to train the ODE/DBNs or state space
models. In the end, information from such algorithms will provide better inference on the GRNs
generated from time series data.
From this study, another suggestion for future work was also made with respect to the data filtering based
on the variance criteria. While constructing the pipeline, in the step of data filtering, the genes which do
not vary between the different time points were eliminated. Later it was found that the variance filtered
dataset included only 98 genes out of 242 genes involved in the process of seed germination (genes
falling under the seed germination gene ontology category GO: 0009845). This result suggested that the
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genes involved in the process of seed germination do not vary much between the time points and hence
were removed in the filtering step. Alternatively, this step of filtering the genes based on variance could
be skipped and GRNs could be constructed using the unfiltered data. Comparing the obtained GRNs
based on unfiltered data with the GRNs obtained from the filtered data would also indicate if the step of
variance filtering was biologically right for studying this process of seed germination. It could happen
that in the case of constructing GRNs using unfiltered data, most of the genes related to seed germination
are retained.
At some point, the gene expression dataset were also separated between different tissues viz., embryo and
endosperm and different time point’s viz., pre-testa rupture and post rupture. This step was done to check
if there were different sets of genes involved in different tissues and different time points for similar
process. But by doing so, it was unable to arrive at a core set of genes involved only in one tissue or time
points indicating that the gene regulation in this case was shared and coordinated between the tissues and
time points. But this might not be true for other developmental phase transition. So, if the pipeline is used
for other developmental transition, it is worth to divide the data into different tissues and different time
points to interpret the GRNs.
To conclude, in this study a pipeline for construction and comparison of GRNs underlying seed
germination from Arabidopsis and rice was successfully constructed. The pipeline and the obtained
consensus reference GRN contributed towards the first step for network inference using time series data
across two species. Further testing the pipeline on other available datasets likes Glycine max and
Lepidium sativum would confirm and validate the usage of the pipeline.
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Supplementary Method M1:
Raw data obtained from the databases were pre-processed and filtered in several steps for obtaining a
dataset that can be used for biological analysis. In the first steps, the data was normalized using GCRMA
algorithm in Bioconductor followed by averaging the data across the replicates. The normalized filtered
data was processed to remove missing values and in the final step, genes with low signal intensities and
constant variance were eliminated. For selecting the cut-off values for signal intensities and variance,
plots from the Arrayanalysis package were used.
The intensity thresholds were decided using the MA plot [1]. A MA plot of two-colour microarray of one
sample shows the distribution of the red/green intensity ratio ('M') plotted against the average intensity
('A') for each measured probe in the sample array. In the case of single colour microarray, the M value is
calculated by dividing the intensity of each probe by median intensity of the probe across all arrays. So, a
particular value in the X-axis (A value) of this plot was decided as the cut-off above which the genes had
high signal to noise ratio. Following this step, those genes whose expression do not vary across the given
time points were also removed as they were of less interest. Such genes expressed constitutively at several
time points were hypothesized not to bring any major significant biological impact. The reason behind
that was that these genes were present in all tissues, in all conditions and were constantly producing the
desired proteins ultimately exerting their function at all-time points. In contrast differences in the function
of genes in different tissues across different time points were mainly due to genes that differ in their
expression across space and time. Hence, the variance in the expression of the genes across different time
points was calculated and those genes whose variance values were below a certain threshold were
eliminated. In order to fix a particular variance threshold, a histogram of the variances of all the genes
was plotted. Using this histogram, a cut-off was chosen and genes that passed this variance threshold
were used for subsequent steps.

Supplementary Method M2:
Clustering and identification of clusters of interest: Before using the filtered dataset for constructing
the co-expression clusters and co-expression networks, the normalized, filtered dataset was grouped into
clusters and functionally important clusters were identified. Observing the gene expression patterns in
functionally important clusters enlightened the specific expression of genes related to the seed
germination at different time points and different tissue samples.
In this step, the filtered genes were grouped together based on their expression values at different time
points. Clustering of filtered genes with similar expression pattern across the different time points was
done using K-means clustering method [2, 3]. The results from this clustering summarised the big dataset
with thousands of genes into distinct clusters that could separately have different functional relevance. It
was theorized that genes that are co-expressed together are also co-regulated, hence are involved in
exerting similar responses at similar conditions (Stuart, Segal, Koller, & Kim, 2003). The proper coordinated regulation between co-expressed genes was thus essential to bring about an appropriate
response at each time point.
A WSS (Within Sum of Squares) plot [5, 6] was plotted for each of the dataset from Arabidopsis and rice
to decide how many clusters each dataset could be grouped into. WSS plot depicts the sum of squared
errors (SSE) in the genes within the clusters for a number of cluster solutions. In general, as the number
of clusters increases, the SSE within the genes in a cluster decreases. After some point, the decrease in the
SSE slows down dramatically and partitioning the data to any further number of clusters does not reduce
the SSE. This point where the SSE stops reducing dramatically was chosen as the point for optimal
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number of clusters that the data should be grouped into. Once the number of expected clusters was
decided the ‘kmeans’ function in R was used to group the data into the desired number of clusters.
Further, each of these clusters were functionally annotated using the MapMan and PageMan software [7,
8, 9] to find out the clusters that had functionally interesting genes associated with the process of seed
germination or dormancy. Also, the expressions of the genes across different time points in such clusters
were observed to gain insights into the pattern of expression of these functionally important genes.
Functional relevance was judged by the information on the mapping file. The default mapping files
available for Arabidopsis and rice in this software had bins (mapping categories) with genes involved in
seed dormancy, a process prior to seed germination, but there were no bins categorized for genes involved
in seed germination. However, [10] modified the default mapping file for Arabidopsis by including a bin
for the genes involved in the process of seed germination. Hence this adapted mapping file was used to
functionally annotate the genes in Arabidopsis and the specific clusters and expression pattern were
noted. Based on the obtained results, the expression of genes associated in the process of dormancy was
also specifically analysed using the PageMan tool in order to get an idea of their behaviour at different
time points. Information gathered from the different observations and interpretations of this analysis were
used as background knowledge to understand the datasets and for generating the networks in the further
steps.

Supplementary results S1:
Data Quality Control
The raw datasets from Arabidopsis and rice were assessed for their quality using the Array Analysis
package. Results from this assessment were used to decide if there was a need for data normalization and
also were used to select the appropriate thresholds for data filtering. The ArrayAnalysis package accepted
the raw input CEL files downloaded from the microarray databases. Upon loading this input data file, it
checked if the correct file format has been uploaded and then processed this file with six different
sections/functions. These sections included sample preparation; sample quality control; hybridization and
overall signal quality; signal comparability and bias diagnostic; between array correlation; re-annotation;
and normalization. Several functions in each of these sub-sections checked various aspects of the raw data
and generated necessary images to depict the results of the quality check as one single pdf file per input
data. Among them, most of the functions indicated how comparable the measured intensities values were
across the replicates, samples (tissues; endosperm and embryo) and conditions (time points; hours after
imbibition) because it was important to ensure that the intensities values were coherent among the
different replicates of a sample. Out of these, some of the plots that were carefully scrutinized for
analysing the data quality were box plots of intensities, density histogram of intensities, PCA (principle
component analysis) analysis, cluster dendogram and MA plot. Results of density histogram and MA plot
are already discussed in the results section 4.2. Here in this section, we will give details on the other plots.
Together with density histograms and MA plots, these plots were generated in two sets, one before
normalization and one after normalization of the data. All the plots represented the quality statistics for
each replicate of every sample in one figure, thus prividing clues to eliminate specific outlying sample or
replicate while retaining the remaining replicates.
Box plots: Fig.S1a, b depicts the box plots for Arabidopsis and rice respectively. Similar to the density
histograms (Fig.7a, b), these plots also indicated a large improvement in the data after normalization.
Intensity values between the replicates became more coherent and comparable after normalization. Hence
normalized data for each sample can be summarized as the average of the expression intensity values
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across the replicates. Density histograms and box plots together emphasized that normalization of raw
data was essential for bringing coherence among the replicates of the samples.

Figure S1a: Box plot of the intensities before and after normalization in Arabidopsis for each replicate of every sample
at each time point. The box to the right is the legend for the different samples at different time points.

Figure S1b: Box plot of the intensities before and after normalization in rice for each replicate of every sample at each
time point. The box to the right is the legend for the different samples at different time points.

PCA plots and Cluster Dendogram: The PCA plot and the cluster dendogram also compared the
intensities values across the replicates of each sample, but they also showed the relationship in the gene
expression among the different samples and conditions. For instance, before normalization clustering of
samples did not show any clear biological pattern across different conditions but after normalization, a
clear trend in the PCA plots were observed. So from a biological perspective, the PCA plot and the cluster
dendogram showed that the samples of endosperm and embryo at different time points grouped together
both in Arabidopsis (Fig.S1c, d) and rice (Fig.S1e, f). When the grouping characteristic was observed
across the different time points in Arabidopsis it was clear that the gene expression across the imbibition
time could be clearly demarcated into three distict transcriptional phases. The first one being the
preparatory phase until 7 HAI during which the seed accumulates the storage reserves as a preparation for
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seed germination. The second one included the time points after 7 HAI until 25 HAI before the rupture,
encompassing the pre-rupture phase. The third and the last was the post rupture phase which included
post rupture of 25 HAI until 38 HAI. Similarly, in rice the time points could be demarcated into two
phases, the first until 8 HAI which encompasses the preparatory phase and the second one from 8 HAI
until 24 HAI which depicts a part of the pre-rupture phase. In contrast to Arabidopsis where seed coat
rupture happens 24 HAI, in rice the same process happens 72 HAI. Hence, commenting on the exact
similarities in the transcriptional phases between Arabidopsis and rice were restricted due to lack of data
after 24 HAI in rice. However, the observation on the initial transcriptional phases from both the species
provided clues regarding the similarity in the expression changes among the genes at different timepoints
in the process of seed germination.

Figure S1c: PCA plots showing the first three principle components of the measured intensities in Arabidopsis. This
plot shows the correlation in the expression between different arrays before and after normalization.
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Figure S1d: Cluster dendrogram clustering the arrays based on the similarity in the expressions of all the probes in the
arrays in Arabidopsis. The left one is clustering before normalization and the right one after normalization.

Figure S1e: PCA plots showing the first three principle components of the measured intensities in rice. This plot shows
the correlation in the expression between different arrays before and after normalization.
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Figure S1f: Cluster dendrogram clustering the arrays based on the similarity in the expressions of all the probes in the
arrays in rice. The left one is clustering before normalization and the right one after normalization.

Supplementary results S2
Co-expression clusters
Expressions of genes within the filtered gene set were grouped into clusters. These clusters signify that
the genes within them were expressed similarly at the same time points and the variation in the expression
across the time points were also similar for the genes belonging to the same cluster. Such genes falling
within a cluster were called co-expressed genes and the clusters, the co-expression cluster. Mostly genes
which have similar functions or exhibited in similar complexes were co-expressed together so as to bring
about a concerted function at a particular physiological or environmental condition [11, 12]. So, few of
the identified clusters in the filtered dataset will contain genes functioning in the process of seed
germination. It will be interesting to identify such clusters and study their expression pattern in depth so
as to gain knowledge on the patterns of gene expressions that are functionally relevant for the process of
seed germination.
K-means clustering algorithm was used to identify clusters in the filtered dataset. In this algorithm, the
filtered dataset was divided iteratively into 'K' clusters and each gene was assigned to one of these K
clusters depending upon its closeness to the mean of the cluster that is the representative of the cluster. Kmeans algorithm is an informed approach where the number of clusters needs to be defined before the
clustering. For deciding ab-initio the number of clusters in the datasets, Within Sum of Square (WSS)
plot was plotted for each of the dataset (Fig.S2a).
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Figure S2a: WSS plot showing the elbow shaped curve with the Y-axis containing the within group variance and the Xaxis the number of groups/clusters. Arrow indicates the selected 'K' i.e. number of clusters for Arabidopsis and rice.

The WSS plot is an elbow shaped plot, which shows the number of clusters and the calculated sum of
squares of errors (SSE) for the gene to be assigned to a co-expression cluster. 'K' was decided as the
number of clusters when the SSE reaches the first minimum or stops decreasing dramatically. Increasing
the number of clusters beyond this point does not bring any drastic reduction in the sum of squares. For
Arabidopsis 10 clusters was selected as the optimal number of cluster centres and for rice 15 was selected
as the optimal number of clusters. This prior information regarding the number of clusters was used as
input parameter for 'k' in the 'kmeans' function of R. Using this function; 10 clusters for Arabidopsis and
15 clusters for rice were constructed (Fig.S2b).

Figure S2b: KMC plots for Arabidopsis and rice. 10 clusters in Arabidopsis and 15 clusters in rice show the grouping
of co-expressed genes into one cluster and also the variance between the co-expressed clusters.

These clusters were functionally annotated using the MapMan and PageMan software [7, 9]. Genes from
each of these clusters were given as input to the software and each of the genes was mapped against the
in-built mapping files of the software. These mapping files contain prior information on all the genes in
the genome and their association information to the different bins (functional ontology class). So, based
on this mapping file, the input genes were assigned to the various bins. In the mapping file, there were no
exclusive bins associated with seed germination in Arabidopsis rather there were bins classified for seed
dormancy process. [10] improved this mapping file for Arabidopsis by including a separate bin for seed
germination with the genes that were biologically proven to function in the process of seed germination.
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Customized mapping files for Arabidopsis were used and the genes within the seed germination bin were
highlighted in the different co-expression clusters (Fig.S2c). For rice, there were no bins annotated
exclusively for the seed germination or dormancy process and hence there are no results displayed here
from rice.

Figure S2c: MapMan annotation highlighting the germination associated proteins and the dormancy associated
proteins in each of the clusters generated from K means clustering in Arabidopsis.

From the figure, it was evident that the genes related to germination (Fig.S2c, left panel) do not have a
specific expression pattern across the time points as they were distributed among the different coexpression clusters. Whereas the dormancy associated proteins (Fig.S2c, right panel) were grouped in one
cluster and hence were having a coherent expression pattern across different time points. Of course, not
so clear from the figure, it was observed that the dormancy associated proteins were expressed in lower
amounts during the later HAI as during these time points the seeds are proceeding towards germination.
Hence, dormancy associated proteins were less abundant at those time points.
In order to at least obtain a comparison on the dormancy associated proteins (since bins related to
germination or dormancy was anyhow not exclusive available for rice) between Arabidopsis and rice,
storage proteins and LEA (Late Embryogenesis Abundant proteins) were chosen as a representative for
the dormancy process. Expressions of such genes were interesting to observe across the different HAI to
understand the biological changes happening during seed germination process. So, expression data matrix
of the filtered genes was submitted to the PageMan to compare the expression intensities of these genes
across the HAI. Fig.S2d shows the summarized figure from the original obtained result in which only the
storage proteins and the LEA were considered and all other protein categories were hidden.
From Fig.S2d, upper panel, it can be observed that the dormancy associated genes and LEAs were highly
abundant in the earlier HAI in a seed and were lower in the later HAI. Biologically, this makes a lot of
sense because the storage proteins and LEA are involved in the preparatory phase of seed germination
and not much functional during the process of seed germination. A similar pattern of expression was
observed for rice (Fig.15, lower panel) as well. But in rice, unavailability of data after 24 HAI made it
unfeasible to compare the data beyond 25h TR from Arabidopsis because it was difficult to identify at
which point the protein abundance reduces. So, the samples after 25h TR in Arabidopsis were not used in
the further steps of data analysis reducing the number of samples to 21 in contrast to 29 samples. So, from
this point, Arabidopsis contained only 21 samples and rice contained 12 samples.
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Figure S2d: Summarization of the dormancy associated proteins (Storage proteins and LEA) at different HAI in
Arabidopsis and Rice obtained from PageMan. Red Cross marks in the rice samples shows the unavailability of data at
those HAI.

So from these results, the initial steps of data quality control and filtering were performed on the raw
datasets after removing the samples post 25h TR in Arabidopsis. The filtered results thus contained 6398
samples in all conditions. This data was also grouped into several clusters using K-means clustering.
Similar results as discussed earlier were obtained and the genes related to seed germination did not fall
into one particular cluster emphasizing that those genes have a variable expression at different time points
of seed germination. So, the filtered datasets of Arabidopsis and rice were used in contrast to genes in
specific clusters.
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