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Abstract
The challenge of increasing crop yield while decreasing plants’ susceptibility to various stresses
can be lessened by understanding plant regulatory processes in a tissue-specific manner.
Molecular network analysis techniques were developed to aid in understanding gene
inter-regulation. However, few tools for molecular network mining are designed to extract the
most relevant genes to act upon. In order to find and to rank these putative regulator genes, we
generated NECorr, a computational pipeline based on multiple-criteria decision-making
algorithms. With the objective of ranking genes and their interactions in a selected condition or
tissue, NECorr uses the molecular network topology as well as global gene expression analysis
to find hub genes and their condition-specific regulators. NECorr was applied to Arabidopsis
thaliana flower tissue and identifies known regulators in the developmental processes of this
tissue as well as new putative regulators. NECorr will accelerate translational research by
ranking candidate genes within a molecular network of interest.

Introduction
In the last decade, functional genomics have been widely used in order to identify genes
putatively involved in crop yield or response to stress. The differential expression of certain
genes had served as first proof of their involvement in a particular biological process. Although
these approaches could be successful (Hirai et al. 2007), they often represent only a partial
snapshot of the molecular state within the plant. Consequently, understanding the regulation
surrounding genes of interest for a biological process is difficult. Therefore, using only gene
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expression, it is extremely difficult to recreate the Gene Regulatory Network (GRN) underlying
differential expression of the transcriptome. Finding computational approaches to this problem
has led to the creation of the DREAM challenge (Schaffter, Marbach, and Floreano 2011). Most
methods to study gene network rely on gene expression data as input. Then, gene networks are
constructed and de-convoluted through co-expression analysis.
Among the different metrics to study co-expression networks, the most popular ones are the
Pearson, Spearman, Kendall-Tau coefficients of correlation, or the mutual information. Some
tools relying on these metrics were designed to study co-expression networks. Other tools
relying on partial correlation have gained in popularity such as WGCNA (Langfelder and
Horvath 2008). The difficulty with co-expression networks is the level of false positives due to
non-direct gene interactions. The false positives are tentatively pruned away, but the pruning
threshold remains a major problem.
Another approach to understanding the regulation of a biological process involves studying
molecular networks. These networks serve two objectives: to identify gene modules linked to
biological process regulation, and to predict the network behavior evolution under perturbations
(Bansal et al. 2007). A protein-protein network (PPN) is based on the functional interaction
between pairs of proteins. The yeast two hybrid system is one of the key techniques for
identifying protein-protein interactions (Mohr and Koegl 2011). Databases recording
experimentally validated or predicted PPN include BioGrid, Intact and the Arabidopsis
interactome (Stark 2006; Hermjakob 2004; Wang et al. 2014).
A gene regulatory network (GRN) is a type of molecular network that relies on interactions
between transcription factors and promoter sequences. Yeast one hybrid has been a method of
choice to identify this type of interaction, notably in Arabidopsis (Reece-Hoyes and Walhout
2011). However, a new high throughput technique, enabling the genome-wide discovery of
transcription factor binding sites was introduced recently (Reece-Hoyes and Walhout 2011;
O’Malley et al. 2016); this technique is called DNA affinity purification sequencing (DAP-seq).
DAP-seq doesn’t have the limitation of yeast-one hybrid, which is linked to the promoter tested
in the yeast system. DAP-seq does not have the limitation of ChiP-seq that requires available
antibodies for each tested transcription factor. DAP-seq is putatively able to produce a full GRN.
The current version of the Arabidopsis cistrome resource encompasses ¼ of the transcription
factors present in Arabidopsis (529/~2000).
Following the production of a network either using molecular or co-expression methodologies,
the next step concerns the study of network dynamics. Methods for modeling such dynamics
involve techniques such as machine learning algorithms, bayesian models or ordinary
differential equations. Examples of ordinary differential equation methods are MNI using
pre-existing expression ratios (di Bernardo et al. 2005), TSNI (Bansal, Della Gatta, and di
Bernardo 2006) or NRI (Gardner et al. 2003). Once all possible perturbations are entered in the
model; pre-existing gene expression ratios are used to predict future perturbations caused by
one gene expression fluctuation in the network.
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However, these models do not necessary help a researcher decide which genes may be the
most important ones to act upon to modify a molecular process. To solve this problem, different
prioritization algorithms were developed (Masoudi-Nejad et al. 2012; Lan et al. 2015). Most of
the prioritization tools are linked to the medical field and the metrics to measure them are
difficult to establish (Guala and Sonnhammer 2017). No clear methodology has emerged to
apply ensemble methods aggregating the results of several methods (Kim, Farnoud, and
Milenkovic 2015). Therefore, in order to analyze plant gene networks, there is a need for a
methodology that takes into account available data and expert domain knowledge.
We generated a heuristic tool called NECorr to mine molecular network dynamics by taking
advantage of transcriptomics data and network topology parameters. NECorr aims to prioritize
the genes related to a biological phenomenon in order to enable researchers to perform further
experimental validations. NECorr assigns weights to five different parameters reflecting their
empirical importance.
Another aspect in network analysis is to identify edges of interest. In light of new advancements
in genome editing, it becomes feasible to modify network edges such as transcription factor
binding sites (Rodríguez-Leal et al. 2017). NECorr ranks the molecular network edges to
prioritize the edges that would affect a biological process if disrupted by genome engineering or
genetic crosses.
In the current analysis, NECorr was applied to define a ranked list of genes involved late
flowering development. The Arabidopsis cistrome, derived from the DAP-seq analysis, was used
as the molecular network source, in this case a GRN (Rodríguez-Leal et al. 2017; O’Malley et al.
2016). The Araport 11 Atlas was used as the transcriptome source (Rodríguez-Leal et al. 2017;
O’Malley et al. 2016; Cheng et al. 2017). Known genes involved in flower development such as
LEAFY (LFY) and GRXC7 (ROXY1) were found among the highest ranked genes in the results.
However, new candidate genes without functional annotations were identified by the analysis.

Materials and Methods
Molecular network generation
The Gene Regulatory Network (GRN) coming from the Arabidopsis cistrome (Rodríguez-Leal et
al. 2017; Cheng et al. 2017) was used as the molecular network to test NECorr. Using
Araport11 gene annotation and the DAP-seq peaks, a GRN was constructed with edges
corresponding to transcription factors binding from 1500 nt upstream to 500 nt downstream of
gene transcription start sites (TSS). For genes with multiple transcripts, we selected the longest
transcript with the longest translation to define the TSS. Within the molecular network, each
node represents a product of a gene: transcript, mRNA or protein. This enables us to have a
reduced and less complicated molecular network.

Molecular network analysis
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The molecular network was visualized using Cytoscape, yEd (Shannon et al. 2003). Different
statistics were produced to capture the importance of each node within the molecular network.
Centralities metrics such as eigenvector, betweenness, connectivity and pagerank centralities
are part of those network statistics. Each centrality defines a different property that could be
important for a scale free network. In the NECorr-Hub heuristic model, described below, the
betweenness, the connectivity as well as the transitivity centralities are used. The betweenness
centrality measures the number of shortest paths between in the network that pass through a
given node. The connectivity is just the number of nodes linked to a particular node. The
transitivity centrality defines the level of connection around a central node. It enables us to
measure nodes generating an interconnected module around them.

Transcriptome data
As starting material, two transcriptome datasets were used. The root spatio-temporal
developmental atlas was applied to test and validate the NECorr model (Brady et al. 2007). The
root data were collected by microarray analysis. Then, the developmental atlas of Arabidopsis
from Araport 11 was used to find new regulators and important edges linked to specific
tissues/conditions. This latter dataset is a compilation of 113 RNA-seq experiments (Cheng et
al. 2017). We made the choice to use experiments not including mutant data or other
Arabidopsis transgenic lines to avoid possible misinterpretations and biases caused by a
possible alteration of the cell molecular network in these data.

NECorr
The starting hypothesis of NECorr is that an important interaction for a stimuli response is a
regulator acting on one or several hub genes. Hence, hub genes will propagate the systemic
cascade appropriate to the stimuli. Thenceforth the dynamic of the molecular network will
evolve. NECorr is composed of two steps to find the important interactions between a regulator
and its hub gene.

NECorr-Hub calculation
The first step is a heuristic model called NECorr-Hub which merges molecular network and gene
expression data. It consists of ranking genes by importance within the molecular network as a
function of gene co-expression across edges. The accepted inputs by NECorr are a molecular
network and a gene expression table. Therefore, the ranking corresponds to the specific
response of one condition compared to all other ones in the studied transcriptome data.
NECorr-Hub is a linear model including 5 parameters: condition/tissue specificity of gene
expression, co-expression of interactions across conditions, molecular network centralities
betweenness, connectivity and transitivity. The importance given to each of these parameters
was decided empirically.
Both genes of an interaction pair need to be co-expressed in most of the tissue/conditions
showing that they can influence each other. Co-expression of genes in an interaction was
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considered as the most important parameter of the linear equation. In level of importance the
second parameter was the gene expression specificity in the studied tissue/condition.
Finally, important genes for a network are hubs. These gene need to have a high level of
connectivity in the molecular network to radiate on several genes to generate a proper
response. The connectivity can be defined in several manners: betweenness, degree
connectivity and transitivity were chosen as the most meaningful centralities to define gene
importance in the hub.
After having decided of the level of importance of each parameter, each parameter weight was
estimated using the Analytic Hierarchy Process (AHP) (Saaty 1977, 1987), a multiple-criteria
decision analysis method. The AHP is applied through the R package pmr (“CRAN - Package
Pmr” n.d.). The importance of the 5 parameters is generated by pairwise comparisons. Hence,
this leads to an adjacency matrix of pairwise weight importance. From this adjacency matrix,
Eigen-vectors are calculated to assign to a weight to each parameter. The AHP method is
applied as follows. Each gene is ranked for the 5 parameters above. Each ranked parameter is
standardized in values between 0 and 1 (z-score), in order to obtain data with the same scale.
Then the weight is applied to each parameter value to obtain the final ranking value for each
gene. For each tissue/condition, the parameter weights are applied as factors of a linear model
that used to prioritize the gene importance.
For condition1:

Where,
IntSig: Interaction Significance (co-expression significance in the interaction involving the gene)
TS: Tissue specificity (selectivity)
BetC: Betweenness centrality
Cot: Connectivity centrality
Trs: Transitivity
With the weights defined as follows:

To rank each edge in the molecular network, the average ranking of the two genes defining this
edge is taken to rank the interactions in the network for the condition. When several conditions
are estimated, the gene ranking between conditions can be done by averaging each condition
ranking.

NECorr-Hub parameter estimation
Molecular network topology centralities are obtained using the R package iGraph (“CRAN Package Igraph” n.d.). Co-Expression analysis (or the significance of each interaction) was
estimated using a Rcpp script to evaluate the Gini correlation coefficient (GCC) related to each
interaction. The GCC was previously shown to be an effective method for detecting transcription
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factor activity (Ma and Wang 2012). The co-expression significance for each gene is evaluated
by averaging the magnitude of the correlation from all the interactions containing this particular
gene using Fisher’s method (Mosteller and Fisher 1948; Poole et al. 2016).
The genes with tissue/condition specificity (or selectivity) are detected using the
Intersection-Union test (IUT) with a relaxed threshold (raw p-value = 0.5) (“CRAN - Package
Igraph” n.d.; Van Deun et al. 2009). The tissue/condition-selective genes or
tissue/condition-excluded genes are assigned for each specific tissue/condition within a set of
samples. This genes attributed to a tissue/condition are fuzzy due to the low selection threshold
of the gene in IUT, therefore a gene could appear in a different tissue/condition as selective or
excluded. Secondly, these selected genes are ranked for their tissue selectivity or exclusion
using the Tissue Specificity index (Yanai et al. 2005). We define both a positive and negative
TSI.

The negative Tissue specific index to measure the extent to which a gene is excluded from a
tissue/condition.

The results for TSI measurements are merged to obtain a ranking of all the tissue/condition
selective/excluded genes defined from IUT test.

NECorr effector
NECorr effector aims to discover regulators linked to the genes discovered by NECorr-Hub.
Seven parameters were selected to try to find these regulators: the eigenvector centrality, the
pagerank centrality, betweenness centrality, degree connectivity, gene differential expression,
gene interaction significance and gene tissue selectivity. The pagerank and eigenvector
centralities were added to find possible regulation as these centralities aim to discover nodes in
a network linked to highly connected nodes. Several machine-learning algorithms were tested to
discover effector genes. After testing on the Arabidopsis root data, the random forest algorithm
was selected.

Results and Discussions
Explaining NECorr outputs
NECorr produces a series of outputs. The first type of output is the parameters used (Table S1).
Each of the parameters used in the AHP algorithm is represented as a normalized value
between 0-1.
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The second output is the interaction correlation table with the metric used for the analysis, here
the Gini correlation (Table S2).
The third output is the gene hub ranking (Table S3). The genes that can be important are
ranked using the heuristic linear model from NECorr-Hub with the parameter weights calculated
with the AHP. Then, each interaction present in the molecular network is ranked by averaging
the hub rank of each of its two nodes or genes (Table S4). Finally, in the current version,
NECorr offers an alternative to researchers to find genes influencing the molecular network. We
called these genes effectors. NECorr effector aims to find targets of regulators. These targets
may also be hub genes important a the studied biological processes that are found earlier with
NECorr Hub (Table S5).

Gene Ranking for flower
The top ranked gene was AT3G29080 (Table S3). Its individual parameter results show that the
gene is highly tissue specific to the studied flower development (when compared the tissues
present in the analysis - Table S1). The second gene has also an unknown function,
AT1G15600. According to Gramene, this gene is part of an Arabidopsis specific tandem
duplication of 7 genes relative to other Brassicas (Tello-Ruiz et al. 2018). Some of the other
genes in this duplication are annotated as ubiquitin (AT1G15590, AT1G15625).
The results from the NECorr are shown to be not random as the 50 interactions with the highest
rank are all interconnected showing that they are part of a putative biological process during the
flower maturation at the bud stage 12 (Figure 1).
The NECorr ranking of interactions (Table S3) found the best ranked interactions were LBD2
interacting with SPT5 and with GRXC7. GRXC7 (or ROXY1) is required during the development
of petal (Xing, Rosso, and Zachgo 2005; Quon, Lampugnani, and Smyth 2017). Petal
development occurs at the flower bud stage 12 explored in our analysis. GRXC7 is glutaredoxin
influencing post-translational modifications of genes involved in petal development. Finally,
these genes could be involved in the subtle balance occurring between layers during floral
development, for instance anther development (Xing and Zachgo 2008). NECorr analysis of the
cistrome implies that LBD2 could be one of the important regulators of GRXC7 during petal
formation.
As expected, a NECorr analysis of the cistrome gives more insight into the regulation of genes
already known to be involved in the late floral development. A more interesting result is to see
the third ranked interaction in the analysis, RVE7 interacting with the promoter of AT1G15600.
RVE7 is known for its role in the circadian rhythm (Li et al. 2011). However no function has been
assigned to AT1G15600. The integrated analysis provided by NECorr could confer a role of this
putative transmembrane protein in floral development.
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From the NECorr analysis we could observe the interconnection of floral developmental genes
and clock genes showing some possible regulation mechanisms between the light stimuli and
the floral development.

Limitations of NECorr
The concept of metagene where the gene node in the network could represent the mRNA, its
protein, or its promoter give the possibility to bundle the gene form under one unique term:
metagene (Moreau and Tranchevent 2012). The results are limited to the known metagene
interactions that are within the molecular network. Consequently, the sparseness limits the
possible discoveries. Furthermore, the putative function of the interactions can be discovered by
the process of guilt-by-association to the studied biological process.

Transfer to crop species
An Arabidopsis molecular network can be projected to a crop species via orthologous genes.
Obviously, some of the interactions may be rewired if we compare molecular networks from 2
species; however an hypothesis is that the backbone of this network remains that same as a
majority of the molecular processes are conserved. Theoretically, the orthologs of candidate
genes found in Arabidopsis could be tested in a crop mutant lines for instance accelerating the
discovery of putative lead genes linked to a biological process.

References
Bansal, Mukesh, Vincenzo Belcastro, Alberto Ambesi-Impiombato, and Diego di Bernardo.
2007. “How to Infer Gene Networks from Expression Profiles.” Molecular Systems Biology 3
(February): 78.
Bansal, Mukesh, Giusy Della Gatta, and Diego di Bernardo. 2006. “Inference of Gene
Regulatory Networks and Compound Mode of Action from Time Course Gene Expression
Profiles.” Bioinformatics  22 (7): 815–22.
Bernardo, Diego di, Michael J. Thompson, Timothy S. Gardner, Sarah E. Chobot, Erin L.
Eastwood, Andrew P. Wojtovich, Sean J. Elliott, Scott E. Schaus, and James J. Collins.
2005. “Chemogenomic Profiling on a Genome-Wide Scale Using Reverse-Engineered
Gene Networks.” Nature Biotechnology 23 (3): 377–83.
Brady, Siobhan M., David A. Orlando, Ji-Young Lee, Jean Y. Wang, Jeremy Koch, José R.
Dinneny, Daniel Mace, Uwe Ohler, and Philip N. Benfey. 2007. “A High-Resolution Root
Spatiotemporal Map Reveals Dominant Expression Patterns.” Science 318 (5851): 801–6.
Cheng, Chia-Yi, Vivek Krishnakumar, Agnes P. Chan, Françoise Thibaud-Nissen, Seth Schobel,
and Christopher D. Town. 2017. “Araport11: A Complete Reannotation of the Arabidopsis
Thaliana Reference Genome.” The Plant Journal: For Cell and Molecular Biology 89 (4):
789–804.
“CRAN - Package Igraph.” n.d. Accessed May 20, 2018.
https://cran.r-project.org/package=igraph.
“CRAN - Package Pmr.” n.d. Accessed May 20, 2018. https://cran.r-project.org/package=pmr.

bioRxiv preprint doi: https://doi.org/10.1101/326868; this version posted May 21, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-ND 4.0 International license.

Gardner, Timothy S., Diego di Bernardo, David Lorenz, and James J. Collins. 2003. “Inferring
Genetic Networks and Identifying Compound Mode of Action via Expression Profiling.”
Science 301 (5629): 102–5.
Guala, Dimitri, and Erik L. L. Sonnhammer. 2017. “A Large-Scale Benchmark of Gene
Prioritization Methods.” Scientific Reports 7 (April): 46598.
Hermjakob, H. 2004. “IntAct: An Open Source Molecular Interaction Database.” Nucleic Acids
Research 32 (90001): 452D – 455.
Hirai, Masami Yokota, Kenjiro Sugiyama, Yuji Sawada, Takayuki Tohge, Takeshi Obayashi,
Akane Suzuki, Ryoichi Araki, et al. 2007. “Omics-Based Identification of Arabidopsis Myb
Transcription Factors Regulating Aliphatic Glucosinolate Biosynthesis.” Proceedings of the
National Academy of Sciences of the United States of America 104 (15): 6478–83.
Kim, Minji, Farzad Farnoud, and Olgica Milenkovic. 2015. “HyDRA: Gene Prioritization via
Hybrid Distance-Score Rank Aggregation.” Bioinformatics  31 (7): 1034–43.
Langfelder, Peter, and Steve Horvath. 2008. “WGCNA: An R Package for Weighted Correlation
Network Analysis.” BMC Bioinformatics 9 (December): 559.
Lan, Wei, Jianxin Wang, Min Li, Wei Peng, and Fangxiang Wu. 2015. “Computational
Approaches for Prioritizing Candidate Disease Genes Based on PPI Networks.” Tsinghua
Science and Technology 20 (5): 500–512.
Li, Gang, Hamad Siddiqui, Yibo Teng, Rongcheng Lin, Xiang-Yuan Wan, Jigang Li, On-Sun
Lau, et al. 2011. “Coordinated Transcriptional Regulation Underlying the Circadian Clock in
Arabidopsis.” Nature Cell Biology 13 (5): 616–22.
Ma, Chuang, and Xiangfeng Wang. 2012. “Application of the Gini Correlation Coefficient to Infer
Regulatory Relationships in Transcriptome Analysis.” Plant Physiology 160 (1): 192–203.
Masoudi-Nejad, Ali, Alireza Meshkin, Behzad Haji-Eghrari, and Gholamreza Bidkhori. 2012.
“Candidate Gene Prioritization.” Molecular Genetics and Genomics: MGG 287 (9): 679–98.
Mohr, Kerstin, and Manfred Koegl. 2011. “High-Throughput Yeast Two-Hybrid Screening of
Complex cDNA Libraries.” In Methods in Molecular Biology, 89–102.
Moreau, Yves, and Léon-Charles Tranchevent. 2012. “Computational Tools for Prioritizing
Candidate Genes: Boosting Disease Gene Discovery.” Nature Reviews. Genetics 13 (8):
523–36.
Mosteller, Frederick, and R. A. Fisher. 1948. “Questions and Answers.” The American
Statistician 2 (5): 30.
O’Malley, Ronan C., Shao-Shan Carol Huang, Liang Song, Mathew G. Lewsey, Anna Bartlett,
Joseph R. Nery, Mary Galli, Andrea Gallavotti, and Joseph R. Ecker. 2016. “Cistrome and
Epicistrome Features Shape the Regulatory DNA Landscape.” Cell 165 (5): 1280–92.
Poole, William, David L. Gibbs, Ilya Shmulevich, Brady Bernard, and Theo A. Knijnenburg.
2016. “Combining Dependent P-Values with an Empirical Adaptation of Brown’s Method.”
Bioinformatics  32 (17): i430–36.
Quon, Tezz, Edwin R. Lampugnani, and David R. Smyth. 2017. “PETAL LOSS and ROXY1
Interact to Limit Growth Within and between Sepals But to Promote Petal Initiation in.”
Frontiers in Plant Science 8 (February): 152.
Reece-Hoyes, John S., and Albertha J. M. Walhout. 2011. “Gene-Centered Yeast One-Hybrid
Assays.” In Methods in Molecular Biology, 189–208.
Rodríguez-Leal, Daniel, Zachary H. Lemmon, Jarrett Man, Madelaine E. Bartlett, and Zachary
B. Lippman. 2017. “Engineering Quantitative Trait Variation for Crop Improvement by
Genome Editing.” Cell 171 (2): 470–80.e8.
Saaty, Thomas L. 1977. “A Scaling Method for Priorities in Hierarchical Structures.” Journal of
Mathematical Psychology 15 (3): 234–81.

bioRxiv preprint doi: https://doi.org/10.1101/326868; this version posted May 21, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-ND 4.0 International license.

———. 1987. “Principles of the Analytic Hierarchy Process.” In Expert Judgment and Expert
Systems, 27–73.
Schaffter, Thomas, Daniel Marbach, and Dario Floreano. 2011. “GeneNetWeaver: In Silico
Benchmark Generation and Performance Profiling of Network Inference Methods.”
Bioinformatics  27 (16): 2263–70.
Shannon, Paul, Andrew Markiel, Owen Ozier, Nitin S. Baliga, Jonathan T. Wang, Daniel
Ramage, Nada Amin, Benno Schwikowski, and Trey Ideker. 2003. “Cytoscape: A Software
Environment for Integrated Models of Biomolecular Interaction Networks.” Genome
Research 13 (11): 2498–2504.
Stark, C. 2006. “BioGRID: A General Repository for Interaction Datasets.” Nucleic Acids
Research 34 (90001): D535–39.
Tello-Ruiz, Marcela K., Sushma Naithani, Joshua C. Stein, Parul Gupta, Michael Campbell,
Andrew Olson, Sharon Wei, et al. 2018. “Gramene 2018: Unifying Comparative Genomics
and Pathway Resources for Plant Research.” Nucleic Acids Research 46 (D1): D1181–89.
Van Deun, K., H. Hoijtink, L. Thorrez, L. Van Lommel, F. Schuit, and I. Van Mechelen. 2009.
“Testing the Hypothesis of Tissue Selectivity: The Intersection-Union Test and a Bayesian
Approach.” Bioinformatics  25 (19): 2588–94.
Wang, Y., R. Thilmony, Y. Zhao, G. Chen, and Y. Q. Gu. 2014. “AIM: A Comprehensive
Arabidopsis Interactome Module Database and Related Interologs in Plants.” Database
2014 (0): bau117–bau117.
Xing, Shuping, Mario G. Rosso, and Sabine Zachgo. 2005. “ROXY1, a Member of the Plant
Glutaredoxin Family, Is Required for Petal Development in Arabidopsis Thaliana.”
Development  132 (7): 1555–65.
Xing, Shuping, and Sabine Zachgo. 2008. “ROXY1 and ROXY2, Two Arabidopsis Glutaredoxin
Genes, Are Required for Anther Development.” The Plant Journal: For Cell and Molecular
Biology 53 (5): 790–801.
Yanai, Itai, Hila Benjamin, Michael Shmoish, Vered Chalifa-Caspi, Maxim Shklar, Ron Ophir,
Arren Bar-Even, et al. 2005. “Genome-Wide Midrange Transcription Profiles Reveal
Expression Level Relationships in Human Tissue Specification.” Bioinformatics  21 (5):
650–59.

bioRxiv preprint doi: https://doi.org/10.1101/326868; this version posted May 21, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-ND 4.0 International license.

Figure 1: Sub-network of 50 highest ranked interactions by NECorr in the analysis of the floral
bud stage 12. The size of the edges represents the significance of the ranked interactions. The
size of the nodes is proportional to NECorr ranks. The green nodes represent the coding
proteins; the pink nodes are the defined transcription factors.

