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Abstract: Accumulation of -omics data allows us to analyze the coordination and cooperation of multiple
genes involved in different biological processes. Gene regulatory networks (GRNs) are used to characterize
the regulatory relationships between transcription factors and downstream genes involved in different
biological processes. The secondary cell wall (SCW) formation is involved with many important biological
processes in plants, such as stress defense, mechanical reinforcement, and the transportation of water and
nutrients. We construct GRNs based on the time-series data of VND7-induced de novo SCW formation using
multiple algorithms, and then evaluate each GRN model based on the MYB46 experimental validated
regulation data. From the optimal GRN model, we not only identify 8 TFs that have been previously
demonstrated as the master regulators of SCW formation, but also show 6 novel SCW regulators which
include EGL3, DREB19, TCP14, BZIP61, RGA2, and a zinc-finger type TF. From further in silico annotation of
the downstream genes that are regulated by these TFs, we find the shared transcriptional program between
the SCW formation and the processes of photosynthesis and drought response. Overall, our work suggests a
pipeline for reconstructing and analyzing GRN to pinpoint gene functions in biological processes.

Key words: Gene regulatory network, secondary cell wall, gene expression, Arabidopsis.

1. Introduction

Vascular cell differentiation and secondary cell wall (SCW) biosynthesis are closely related biological
processes because both processes can be regulated by the same signaling pathway [1], [2]. Many
transcription factors (TFs) regulate both vascular cell differentiation and cell-wall component biosynthesis.
Several NAC domain TFs have been identified to not only specify xylem tissue identity by regulating vessel
and fiber cell differentiation, but also directly and indirectly regulate secondary cell wall component genes.
These TFs include NST1 (NAC SECONDARY WALL THICKENING PROMOTING FACTOR1), NST3/SND1
(SECONDARY WALL-ASSOCIATED NAC DOMAIN PROTEIN 1), and VND6/7 (VASCULAR-RELATED
NAC-DOMAING6/7). In Arabidopsis, the NAC domain TFs VND6 and VND7 control secondary wall formation
and programmed cell death (PCD) of the vessels in both root and shoot tissues [3], [4]. The overexpression
of VND7, along with the activation of many secondary wall genes, [5] induces the differentiation of
Arabidopsis seedling cells without SCW into protoxylem with SCW. The VND7-induced xylem differentiation
system in Arabidopsis seedlings provides us with an opportunity for elucidating the gene regulatory
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network (GRN) underlying the de novo SCW formation.

Computational algorithms that decipher GRNs from expression data [6], [7] could help us better
understand the transcriptional program regulating SCW formation. The GRN models can be constructed by
correlation-based and machine learning-based methods [8]. Correlation-based methods detect either linear
(Pearson rank coefficient) or nonlinear (Spearman rank coefficient) monotonic relationships from gene
expression [9] and are well suited for global network construction from RNA-seq data [10]. Recently,
machine learning-based GRN algorithms including tree-based methods (GENIE3 [11], dynGENIE3 [12]) are
getting popular. While studies suggest supervised learning strategies for inferring genome-scale networks
remain elusive [13], they have gained attention for their high prediction accuracy in in silico network
studies [14] and successful application in gene expression analysis [15], [16].

In this study, we established and optimized a GRN pipeline for understanding transcriptional regulatory
mechanisms for SCW formation (Fig. 1). We reconstructed GRNs for SCW formation from 9 transcriptomic
time-points (0, 1, 3, 6,9, 12, 24, 30, and 48 h) of Arabidopsis seedlings after the induction of VND7.
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Fig. 1. Workflow of GRN construction and analyses.

Overexpression using two correlation metrics (Pearson rank coefficient, Spearman rank correlation) and
two machine learning tools (GENIE3 [11], dynGENIE3 [12]). MYB46 experimental data was used to evaluate
these networks. We found that GENIE3-based network attained the highest F-score with appropriate
network size. By further analyzing the GENIE3 SCW-related GRN, we identified six novel SCW regulators as
EGL3, DREB19, TCP14, BZIP61, RGA2, and a zinc-finger type TF. Biological processes enriched in the
downstream genes of the six TFs that are co-regulated with SCW formation are identified from in silico

functional annotation.

2. Materials and Methods

2.1. Microarray Data Analysis

Microarray data from the Affymetrix ATH1 array in three biological replicates at nine time points, 0, 1, 3,
6, 12, 24, 30, 48h were downloaded from Gene Expression Omnibus under accession number GSE77153,
and the microarray data processing and normalization were done as in [17], [18].
2.2. Differential Analysis

Differential expression was identified between consecutive time points by a linear model [19], with fold
change > 2 or <-2 and a significance level smaller than 0.05 (FDR corrected).
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2.3. Network Construction

The absolute correlation coefficients and connectivity scores were calculated for ranking TF-Gene
relationships. The Pearson rank coefficient and Spearman rank coefficient was used to measure correlation
coefficients. GENIE3 [11] and dynGENIE3 [12] with default parameters were used to calculate connectivity
scores.

2.4. Model Selection

The framework from Olsen et al. was used to select the final GRN model [20]. Using the reference’s
proposed statistical analyses, 599 genes that are affected by MYB46 were collected (283 genes are affected
by MYB46 overexpression, 187 genes affected by MYB46 knockout, and 184 direct targets identified using
the estradiol-activated MYB46 in the presence of cycloheximide) [21]-[23]. Downstream genes in the
MYB46 were extracted from each GRN model and were classified as true positive (TP), false positive (FP)
and false negative (FN). The quality measure F-score is calculated for a GRN model

2TP

F=omrmrm <01

where F=1 corresponds to no misclassification and F=0 to no true detections.

2.5. GO Enrichment Analysis

GO terms were annotated and depicted for each gene using AgriG02.0 [24]. AgriGO2.0 then was used to
perform GO enrichment. The GO terms with an FDR <0.05 were selected for further analysis, and the
redundant terms were filtered out.

3. Results and Discussion

3.1. GRN Model Inferred from GENIE3 Outperforms Other Selected Algorithms in
Predicting MYB46 Downstream Genes

The cells in seedlings of the inducible VND7 lines have been showed to generate de novo secondary cell
wall within 48h after DEX-induced VND7 overexpression [17]. The transcriptomic data of seedlings
collected at nine time points within these 48 h (0, 1, 3, 6, 9, 12, 24, 30, and 48 h) were used to identify
differential expressed genes (DEGs). Finally, we extracted a subset of 4,214 DEGs (FDR < 0.05, fold
change >2 or <-2), which includes 413 TF genes. We measured the connectivity strength of transcriptional
relationships between each of 413 differential expressed TFs and their regulated genes using Pearson rank
coefficient, Spearman rank coefficient, GENIE3 and dyGENIE3. As a result, we ranked each of 1,739,969
TF-gene pairs with a score based on each of four methods. For each method, we selected a subset of
TF-gene pairs using thresholds at the 75th, 90th and 95th percentile of the scores, that is, the top 25%, 10%,
5% gene connections. Totally, we generated 12 GRN models from 4 different methods using 3 percentile
thresholds. To evaluate which GRN model fits the experimental data best, we collected 599 experimentally
validated genes whose expression is affected by MYB46 [21]-[23]. Based on this experimental data, we
analyzed F-scores of MYB46 subnetworks from 12 networks (Table 1). We found that GRN based Spearman
rank coefficient has the best F-score at both 75th and 90th percentiles, followed by networks based on
Pearson rank coefficient and GENIE3. At the 95th percentile, GENIE3 has the highest F-score compared to
other methods. dynGENIE3 performs the worst across different percentile cut-offs, suggesting that the
ODE-based model would likely not be competitive in high dimensional GRN inference. We also found that
networks with more connections (network with low percentile thresholds) could lead to higher F-score.
However, high number of connections create difficulty in visualizing the network. To balance the network
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size and true detection rate, we used the GENIE3-based GRN with top 5% gene connections for identifying
potential master regulators in SCW formation.

Table 1. F-Score Measurement for Model Selection

Methods 75th Percentile  90th Percentile 95t Percentile
Pearson Rank Coefficient 0.0932 0.0818 0.0568
Spearman Rank Coefficient  0.0932 0.0860 0.0672
GENIE3 0.0843 0.0808 0.0826
dynGENIE3 0.0720 0.0610 0.0256

3.2. EGL3,DREB19, TCP14, BZIP61, RGA2Z, and a Zinc-Finger Type TF are Identified as
Potential Master TFs in SCW Formation

In the process of VND7 induced de novo SCW formation, 22 genes encoding the SCW biosynthetic
enzymes (IRX6, GUT1, IRX9, IRX11, GUX2, CESA7, PAL4, CESA8, HCT, DUF1218, GXM1, CCOAOMT?7, GLP10,
PAL1, 4CL1, GUX1, LAC17, BGLU46, CESA4, CAD4, DUF547, FLY1) are differentially expressed (FDR < 0.05,
fold change >2 or <-2). From the GENIE3-based GRN with top 5% gene connections, we identified 5 TFs
with the highest GENIE3 ranking scores as the regulators for each of the 22 SCW genes, and these TFs
served as first layer components that directly regulate 22 SCW biosynthetic enzyme genes. Then we applied
the same criteria used to generate the first layer to identify regulators at the second layer that indirectly
regulate 22 SCW biosynthetic enzyme genes. Finally, we constructed a multi-layered network including 22
SCW enzyme genes in the bottom layer, 217 TFs found in the next two levels, and 488 regulatory
connections (edges) between regulators and target genes (Fig. 2). Given that the observable SCW associated
metabolites start to be detected at 9 to12h [17], we focused on the TFs that constitutively changed at earlier
time points (TFs that are included in the set of 1h/0h, 3h/1h, and 6h/3h DEGs). Finally, we identified 17 TFs,
and 14 of these 17 TFs appeared in our two-layered network. Consistent with previous studies [25]-[27],
MYB46/83, LBD15/18, ASL19, SND3, C3H14, and BLH10 directly and indirectly regulate SCW biosynthetic
enzyme genes. From the network, we also identified TFs that have not been widely discovered before as
potential SCW regulators. These novel SCW regulators included EGL3, DREB19, TCP14, BZIP61, RGA2, and a
zinc-finger type TF. Our networks showed that RGA2, a repressor for gibberellin acid (GA) signaling, directly
regulates cellulose synthases and hemicellulose synthesis enzymes (IRX6, GUT1, IRX9, IRX11), and
indirectly regulates enzymes for lignin, cellulose and hemicellulose (GUX2, CESA7, PAL4, CESA8, HCT,
DUF1218, GXM1, CCOAOMT7, GLP10, PAL1, 4CL1, GUX1, LAC17, BGLU46, CESA4, CAD4, DUF547, FLY1),
which could provide a clue for elucidating the mechanism of how GA regulates SCW [28]. Another
hormone-related TF, DREB19, that can be induced by JA, ABA and multiple abiotic stresses [29], indirectly
regulates all of the 22 SCW biosynthetic enzymes, which suggested its potential role in regulating SCW
remodeling in response to environmental stimuli. Additionally, our networks also showed that the EGL3, a
key TF regulating trichome and seed coat development [30], [31], also indirectly regulates most of the 22
SCW biosynthetic enzymes. Next, we asked what other biological processes these novel SCW TFs regulate
besides the SCW biosynthetic process. Identification of these biological processes co-regulated with SCW
formation by the same set of TFs could help better understand how plants balance SCW formation and
other growth and defense activities.
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Fig. 2. GRN regulating 22 SCW genes. Blue nodes represent identified hub TFs in SCW formation. Green
nodes represent SCW biosynthetic enzyme genes.

3.3. Biological Processes of Photosynthesis and Drought Response are Enriched in
SCW Formation

To identify genes regulated by each of the 6 novel SCW TFs, we extracted each TF-downstream
subnetwork from the GENIE3-based GRN with top 5% gene connections. The resulting downstream
subnetworks of RGA2, EGL3, BZIP61, DREB19, TCP14, and zinc-finger type TF include 840 genes, 244 genes,
569 genes, 372 genes, and 794 genes, respectively. We used GO enrichment [24] to categorize the
downstream genes of each TF into specific biological terms. Surprisingly, except the GO terms related to
SCW formation, 4 of these 6 TFs (RGA2, DREB19, TCP14, and C2H2 zinc finger-type TF) commonly
participate in the biological processes “response to light stimulus”, “regulation of photosynthesis”, and
“carbohydrate metabolic”. Given that the photosynthesis and carbohydrate metabolism create resources and
energy used for SCW formation, further genetic and molecular analysis of these TFs could help understand
how carbohydrate metabolism and photosynthesis affect SCW formation at a transcriptional level. Another
common process regulated by 4 TFs (RGA2, TCP14, BZIP61, and C2H2 zinc finger-type TF) is “response to
water deprivation”. Physiological and chemical analyses of water deprivation induced SCW morphological
and composition changes have been shown [32], [33]. However, the molecular and transcriptional
mechanism regulated by crosstalk between SCW formation and water deprivation is not clear. Our
constructed RGA2, TCP14, BZIP61, and C2H2 zinc finger-type TF directed subnetwork would be a good
starting point for dissecting transcriptional regulation about the interaction of water deprivation and SCW
formation.

4. Conclusion

The formation of secondary cell wall (SCW) is an important biological process. We constructed and
analyzed GRNs associated with this process and provided insights into the functions of potential master TFs
in SCW formation. We identified 6 novel SCW regulators including EGL3, DREB19, TCP14, BZIP61, RGA2,
and a zinc-finger type TF that regulate biological processes of photosynthesis and drought response during
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the SCW formation. While we have focused our efforts on understanding SCW formation, the pipeline
proposed can be used for understanding other biological processes.
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