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Abstract 23 

Background 24 

A better understanding of the molecular effects of salinity stress is key to improving salt tolerance in Zea mays. In 25 

this study, we combined phenotyping with transcript profiling and network analysis to study genotype-specific 26 

differences in salt tolerance in Zea mays.  27 

Result 28 

An extensive phenotypic screening identified two genotypes with an extreme phenotypic difference in tolerance 29 

towards salt stress. RNA-seq analysis of the selected salt-tolerant (R9) and salt-sensitive (S46) genotype was 30 

performed to unveil the molecular mechanism underlying the difference in salt tolerance. GO enrichment and 31 

network analysis on the results of the expression analysis identified phosphorylation-dependent signaling 32 

processes, ion transportation, oxidation-reduction, glutathione and tryptophan metabolism as the main processes 33 

different between the selected tolerant and sensitive genotypes. Genes belonging to the subnetwork enriched for 34 

phosphorylation and kinase activity shared a common regulatory element in their promoter region, which matched 35 

the binding site of an Arabidopsis TF with known role in salt-stress response. 36 

Conclusion 37 

Network-based transcriptome analysis of two maize genotypes identified pathways associated with differences in 38 

genotype-specific salt tolerance and identified a link between transcriptional and posttranslational regulation of 39 

salt tolerance. 40 

 41 

Keywords  42 

Salt stress, Zea mays L, Genotype selection, Expression analysis, Network analysis 43 

 44 

Background 45 

Improving response to environmental stresses in crop cultivars is a major challenge in plant breeding. 46 

Salt stress is one of the abiotic stresses that negatively affects crop growth and productivity. More than 47 

six percent of the world’s total land area is affected by excess salt [1]. Maize (Zea mays L.) is the third 48 

most important world’s cereal crop after wheat and rice and is used for food, feed and biofuel [2, 3]. Like 49 

most crop species, the majority of maize genotypes are moderately sensitive to salinity and their growth 50 
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and production are adversely affected by salt stress [2, 4]. Excessive salt concentrations in the plant root 51 

rhizosphere results in osmotic stress, ion imbalance, and oxidative stress [5-7]. Osmotic stress caused by 52 

salt stress has similar effects as stress induced by water shortage and leads to water deficiency [8, 9]. Ion 53 

imbalance results in cytotoxicity due to the accumulation of ions such as sodium (Na+) and chloride (Cl−) 54 

in plant cells [2, 5, 10]. An excess Na+ and Cl− ions disrupts the uptake of other ions particularly, Ca2+ 55 

and K+ which are essential for the catalytic activity of most enzymes [11, 12]. Excess salt can also result 56 

in oxidative damage due to the production of reactive oxygen species (ROS), the effect of which depends 57 

on the intensity and duration of the stress and the growth stage of the plant [12-15]. To counter the 58 

negative impact of salt stress, plants have developed avoidance and tolerance mechanisms. Avoidance is 59 

a rapid reaction to prevent or delay the negative impact of salt stress [16]. Tolerance is achieved by a 60 

rapid decrease in stomatal conductance, compartmentation of toxic ions into vacuoles, and accumulation 61 

of compatible solutes such as proline, glycinebetaine, sugars, proteins, and polyols that result in ionic 62 

and osmotic homeostasis [12-15]. Tolerance comes at the expense of a decreased photosynthetic rate and 63 

metabolic capacity. Those aforementioned responses are regulated in plants by initiating fast and efficient 64 

signaling reactions such as the abscisic acid (ABA)-dependent and independent signaling of which the 65 

regulation can be lineage-specific [17-20]. Hence, because of the complexity of the salt stress phenotype, 66 

developing genotypes with increased salt-tolerance requires a deeper understanding of the molecular 67 

basis underlying the tolerance phenotype [1, 13, 21]. The well-known model plant, Arabidopsis, has been 68 

instructive in furthering our understanding of salt tolerance mechanisms. However, as regulation 69 

mechanisms vary among plant species, it is difficult to extrapolate results between species [22, 23]. 70 

Thanks to its cross-pollinated behavior, maize is highly polymorphic and provides genotypes with 71 

different tolerance to salt stress. Exploiting this genotypic and phenotypic variation offers the opportunity 72 

to study salt tolerance mechanisms in maize. 73 

 Transcriptome analysis reveals genes of which the expression levels are significantly altered 74 

between conditions. Although useful to identify the biological processes that are activated or inhibited 75 

under these conditions, the mechanisms that led to these changes often remained unexplained [24, 25]. 76 

In addition, transcriptome analysis can result in both false positive and negatives: on the one hand 77 

spuriously differentially expressed genes can be identified that do not contribute to the process of interest, 78 

whereas on the other hand genes that are not being regulated at expression level or that exhibit too subtle 79 
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expression changes remain unidentified [26]. Integrating complementary information with the expression 80 

data can leverage the information contained in expression data. Network analysis provides an intuitive 81 

way to combine expression data with prior information on known molecular interactions or already 82 

available functional data [27-29]. Network analysis maps candidate genes identified through expression 83 

analysis on an integrated network and searches for subnetworks that connect as many candidate genes as 84 

possible [27, 30-32]. By leveraging candidate genes identified through expression analysis with known 85 

interaction information, spuriously identified candidate genes can be removed as they will not be part of 86 

the subnetworks. In addition, genes relevant to the process of interest that are themselves not regulated 87 

at the level of expression are indirectly identified by being part of a connected component/subnetwork to 88 

which also many of the candidate genes belong. Such an integrated analysis allows gaining a more 89 

comprehensive view on the process of interest [27-29]. Here we applied such an integrated network-90 

based strategy to unveil the molecular mechanisms underlying the differences in salt tolerance between 91 

two genotypes of Zea mays. 92 

Result 93 

Morphological and physiological response to salinity stress of two selected genotypes 94 

Ninety-three maize inbred lines obtained from different Iranian research centers were evaluated in a 95 

randomized complete block design with three replications. Agro-biological and physiochemical traits 96 

were assessed under normal and 8 deci-siemens per metre (ds/m) salinity stress during two successive 97 

years in pot conditions. Two lines exhibiting statistically significant differences in response to salinity 98 

stress were selected, here referred to as R9 and S46 with R9 being the most salt-tolerant and S46 the 99 

most salt-sensitive inbred line. Relevant traits were measured in plants of both genotypes that were 100 

subjected to salt stress or grown under normal conditions. Samples were taken at 7 and 12 days post the 101 

application of the salinity stress. The salt treatment of the growth environment drastically affected the 102 

relative water content (RWC), plant weight, height, and stem diameter of the sensitive genotype (S46) 103 

after 7 and 12 days while it had a considerably smaller impact on the R9 phenotype (Fig 1). In addition, 104 

leaf growth (width and length) was severely affected in plants of the sensitive genotype while being 105 

normal in plants of the tolerant line (Figure 1). Limited leaf growth, caused by reducing the number of 106 

elongating cells and the rate of cell elongation, is indeed known to be one of the main morphological 107 

symptoms of salinity stress [33]. 108 
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 Na+ and K+ contents were measured 12 days after salt treatment in the stressed and control plants. 109 

Under control conditions, the K+ content of the two genotypes was comparable but sharply decreased in 110 

plants of the sensitive genotype under salt treatment (Fig 1). Unlike the K+, the Na+ content did not show 111 

significant difference between two genotypes. This indicates that under salt stress the tolerant genotype 112 

was effectively taking up K+ to keep the K+/Na+ ratio in balance while this was not the case for the 113 

sensitive genotype. Morphologically, interfering with K+ uptake is known to lead to disturbances in 114 

stomatal modulations and causes water loss and necrosis [34]. In our study, neither the resistant nor the 115 

sensitive genotype showed excess accumulation of Na+ in the leaves. Hence, an inefficiency of K+ uptake 116 

led to imbalance in K+/Na+ in plants of the sensitive genotype (Figure 1). This result suggests that plants 117 

of the tolerant genotype might possess an efficient regulation of K+ up-take that allows maintaining the 118 

K+ and Na+ homeostasis under salt stress. 119 

 120 

Transcriptome analysis 121 

To explore the molecular differences between the salt-tolerant (R9) and sensitive (S46) genotypes that 122 

underlie their difference in salt response, expression profiles of plants belonging to both genotypes were 123 

compared under normal and salinity stress using two biological replicates (each replicate represents 124 

pooled samples collected at two different time points post the application of the salinity stress). Data 125 

were preprocessed as explained in materials and methods. We were interested in identifying genes that 126 

showed a significantly different response to salt stress between the R9 and S46 genotypes. This requires 127 

identifying all genes that display an altered expression under salt stress versus normal conditions and for 128 

which the response is different between two genotypes. Genes that display an altered expression under 129 

salt stress versus normal conditions, but that show the same response between the two genotypes were 130 

removed as for those genes it is difficult to distinguish whether their altered expression under salt 131 

conditions is caused by sub-optimal growth under salt stress or by the genotype-specific triggering of 132 

salt-tolerance mechanisms (Fig. 2). In total, our candidate gene list contained 113 genes potentially 133 

involved in the genotype-specific response to salt stress (fold change > 1.5, FDR < 0.05) (Additional file 134 

1 and 2). This list contains genes that display an altered expression under salt stress versus normal 135 

conditions and for which the alteration in expression is different between two genotypes. 136 
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 GO analysis of the gene list showed enrichment in ‘response to endoplasmic reticulum (ER) 137 

stress’, ‘systematic acquired resistance’, ‘tryptophan metabolism’, ‘dicarboxylic acid metabolism’ and 138 

‘protein retention in Golgi apparatus’ (Fig 3). Some of these identified pathways can be related to salinity 139 

stress. However only 12 genes from our candidate list belonged to the enriched functions although 111 140 

genes could be mapped to at least one GO biological process term. This indicates that a substantial part 141 

of the salt tolerance mechanism remained unexplained by the enrichment analysis. 142 

 143 

Network-based analysis 144 

To better explain the mechanisms of salt tolerance reflected by the candidate genes, network-based 145 

analysis was performed. We generated first a physical maize interaction network using known interaction 146 

data including protein-DNA (regulatory), protein-protein, and metabolic interactions (KEGG). The 147 

network scaffold was complemented with additional functional edges derived from the large body of 148 

publicly available expression data in maize. Expression derived edges were derived from a co-expression 149 

network (Materials and methods). To avoid adding spurious interactions, only highly confident co-150 

expression edges from the co-expression network were added. To assess the relevance of the selected 151 

edges, we clustered the high confident co-expression network containing these high confident edges and 152 

performed GO enrichment of the obtained clusters. The majority of the clusters showed high confidence 153 

enrichment to at least one biological pathway (out of 67 overlapped clusters, 41 clusters showed high 154 

enrichment for at least one biological process with p-value < 10e-5), supporting the relevance of the 155 

added edges. 156 

 Prior to performing network-based analysis, the obtained integrated network was converted into 157 

a weighted network using a topology based weighting scheme (Materials and Methods). This weighting 158 

scheme aims at weighting the edges based on their global connectivity in the network, and reduces the 159 

impact of hubs on the network-analysis: hubs with many neighboring genes risk connecting candidate 160 

genes in connected components that do not have direct biological links. To perform network analysis, the 161 

candidate genes were mapped on the interaction network (Fig 2). Subsequently, subnetworks were 162 

identified that connect as many as possible candidate genes using the least number of edges [27, 31]. 163 

Those sub-networks are proxies of pathways that contribute to genotype-specific expression differences.   164 
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 Six subnetworks of different size connecting the candidate genes were identified (Fig 4). The first 165 

subnetwork (Subnetwork1) contains most genes and displays the highest connectivity among its nodes. 166 

Subnetwork 1 and 2 consist mostly of protein interactions whereas subnetworks 3-5 contain metabolic 167 

interactions only. This indicates that each molecular layer in the network contributes different 168 

information and little redundancy exists between interaction networks at different molecular layers, as is 169 

observed in many organisms [35-37]. Relatively few co-expression edges have been used to connect the 170 

candidate genes on the interaction network, indicating that adding them did not result in over-connecting 171 

the network. No regulatory edges were used to connect the genes from the candidate list, indicating that 172 

regulatory edges are quite sparse and understudied in the used interaction network. 173 

 Subnetwork1 is highly enriched for “phosphorylation” related processes (FDR: 6.6e-6) with 174 

13 genes annotated to those processes. As expected, some of the genes in our selected subnetwork 175 

annotated as phosphorylation-related were not in our candidate gene list (Zm00001d049727, 176 

Zm00001d048054, Zm00001d010234, Zm00001d020355, Zm00001d043562, Zm00001d005135, 177 

Zm00001d017525). These genes were not significantly differentially expressed themselves but are 178 

recovered as ‘connector’ genes because of their high connectivity to the differentially expressed candidate 179 

genes (Fig 4, subnetwork1, gray nodes). Zm00001d020355 and Zm00001d017525 are involved in the 180 

“stress-activated protein kinase signaling” pathway (GO:0031098). Given these enrichments and the fact 181 

that this subnetwork 1 is biased towards protein-protein interaction, differences in salt-tolerance 182 

mechanism between B9 and S46 seem mostly related to protein mediated post-translational protein 183 

modifications and signaling (Fig 5).  184 

The second-largest subnetwork (subnetwork 2) is highly enriched for ‘oxidation-reduction’ related 185 

processes (GO:0055114) (Fig 5), indicating that the candidate genes in this subnetwork are relevant for 186 

ROS homeostasis and regulation during salt stress which is in line with the literature [38-40]. The 187 

candidate genes in this sub-network (red nodes) are not directly connected to each other, but are 188 

connected through a few connector genes (Fig 4, subnetwork 2). The smaller sub-networks (4, 5, 6) are 189 

enriched for glutathione metabolism, tryptophan biosynthesis and lignin biosynthesis, respectively (Fig 190 

4 and Fig 5), processes that have been documented in the literature to relate to salt stress [2, 13, 41-45].  191 

 Transporters with known roles in ion homeostasis were identified in subnetwork 1 and 3. Among 192 

those were genes with GTPase activity (Zm00001d039091, Zm00001d011474, and Zm00001d039090). 193 

http://amigo.geneontology.org/cgi-bin/amigo/term-details.cgi?term=GO:0031098
http://amigo.geneontology.org/cgi-bin/amigo/term-details.cgi?term=GO:0031098


8 

 

Genes with GTPase activity have shown to be essential during ion homeostasis, particularly for the 194 

maintenance of Na+ and K+ homeostasis under salt stress [46]. For example, the overexpression of one 195 

of the GTPase activity gene, PtRabE1b, conferred salt tolerance in poplar [47]. GTPase and ATPase 196 

activity genes are also known to interact with genes involved in salt tolerance [48, 49]. In addition, 197 

GTPase activity was shown to be required for the reorganization of microtubules, a key response 198 

mechanism during salt stress in plants [20]. 199 

 200 

Motif detection 201 

We identified 5 sub-networks containing candidate genes. These subnetworks are likely to reflect 202 

processes involved in salt tolerance. Given that the genes in these subnetworks are triggered by salt stress 203 

at the level of transcription, we assumed that they might be under control of the same transcriptional 204 

program that acts under salt stress. Given the large underrepresentation of transcriptional interactions in 205 

our network, we were not able to unveil this regulatory program through network analysis. Here we use 206 

as alternative a de novo approach based on motif analysis to recover the missing regulatory program. We 207 

hereby focused on the largest subnetwork 1, which contains genes enriched for phosphorylation and 208 

kinase activity. Assuming that the genes of this subnetwork were regulated by the same TF, we searched 209 

for a statistically overrepresented motif in their promoter region. As de novo motif detection is very 210 

sensitive to the presence of false positives, we excluded the genes that are only marginally connected in 211 

the subnetwork (genes with at most one edge connectivity to any other gene in the network). 212 

 The 1kb upstream of the transcription start site (TSS) was selected to search for regulatory 213 

elements. When the gene was located on the negative strand, the reverse complement of the sequence 214 

was considered. We found one motif overrepresented in the selected genes of subnetwork 1. This motif 215 

occurred in 17 out of 21 sequences and showed a positional bias towards the TSS in most of the sequences 216 

(Fig 6). The identified motif turned out to be highly similar to a known Arabidopsis motif from the DAP-217 

2016 dataset [50], representing the binding site of FUF1 (AT1G71450). FUF1 is a member of DREB 218 

subfamily A-4 of ERF/AP2 transcription factors and was shown to exhibit a salt specific expression 219 

response in Arabidopsis root tissue [51]. FUF1 has a unique homolog in maize named Zm00001d048991 220 

and is alike in Arabidopsis, expressed in a tissue-specific way [52]. 221 

http://ensembl.gramene.org/Zea_mays/Gene/Summary?g=Zm00001d048991;r=4:11781874-11782518;db=core
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 222 

Discussion 223 

In this study, we selected two genotypes with an extremely different phenotypic behavior towards salt 224 

stress and subjected them to expression analysis. We identified genotype-specific differences in salt 225 

induced gene expression. The genes that were salt induced in a genotype-specific way were functionally 226 

characterized by complementing a GO enrichment with network analysis [27, 53]. Hereto we used an 227 

integrated network as a backbone to search for subnetworks that most optimally connect the differentially 228 

expressed genes of our candidate gene list. These subnetworks reflect the pathways of relevance triggered 229 

by the studied process. The advantage of this approach is that the backbone network used to drive the 230 

analysis contains next to well-annotated connections between genes also less well documented edges, 231 

derived from the large body of publicly available expression data on Zea Mays. As such also the less 232 

characterized differentially expressed genes (i.e. genes without GO annotation) can be assigned to a 233 

common process, here reflected by a subnetwork. Indeed we observed that trough network analysis 234 

considerably more genes of the candidate gene list could be explained than by performing a GO 235 

enrichment analysis (of the total 113 prioritized candidate genes, GO enrichment and network analysis 236 

could explain 12 and 38 genes, respectively). In addition to these 38 recovered candidate genes, network 237 

analysis also identified 28 connector genes. These genes were not identified as differentially expressed 238 

under salt stress, but belong to the same network neighborhood as the differentially expressed candidate 239 

genes, indicating that they also might play a role in the salt tolerance mechanism.  240 

 Cellular potassium homeostasis is known to be one of the main contributors to salt tolerance [54]. 241 

Salt stress activates the salt-overly-sensitive (SOS) system to maintain ion homeostasis [55]. The SOS 242 

system perceives salt stress through the rise in free cytosolic calcium [41]. Those calcium signals activate 243 

kinases and subsequent phosphorylation cascades which result in regulating gene expression in response 244 

to salt stress. Subnetwork 1 is highly enriched for phosphorylation related processes. This process was 245 

not identified by performing GO analysis directly on the candidate gene list: phosphorylation related 246 

processes are likely to be regulated by post-transcriptionally rather than by transcriptional mechanisms. 247 

Hence, they cannot be identified through differential expression analysis only. However, by combining 248 

expression with network analysis genes belonging to these processes can be recovered as connector 249 

genes. This was indeed the case: subnetwork 1 contains next to genes that are differentially expressed 250 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/homeostasis
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under salt stress (Zm00001d051915, Zm00001d018799, Zm00001d029258, Zm00001d011573, 251 

Zm00001d019411, Zm00001d022166) and that were annotated as phosphorylation-related also several 252 

connector genes associated to phosphorylation-related processes (Zm00001d049727, Zm00001d048054, 253 

Zm00001d010234, Zm00001d020355, Zm00001d043562, Zm00001d005135, Zm00001d017525) (Fig 254 

4). This result indicates that the activated phosphorylation cascades contribute to the maintenance of 255 

potassium homeostasis in the tolerant genotype (R9) which is in line with the phenotypic results (Fig 1).  256 

 Next to the subnetwork enriched for phosphorylation, network analysis identified several sub-257 

networks enriched for pathways and processes with known relevance to salt stress (ion transportation, 258 

oxidation-reduction, glutathione and tryptophan metabolism) [5, 13, 21]. The enrichment of processes 259 

related to ‘oxidation reduction’ is in line with previous findings that showed how salt-tolerant genotypes 260 

exhibit strong responses against ROS molecules by the upregulation of antioxidant defense mechanisms 261 

[56, 57]. This up-regulation of ROS detoxification in tolerant genotypes also helps to minimize the 262 

oxidative damage to proteins, lipids and carbohydrates in order to maintain growth [2, 6, 13]. Besides 263 

their negative effects, ROS can also be employed as signaling molecules to trigger a cascade of signaling 264 

pathways that result in the perception and activation of salt responses [58]. Therefore, the extra produced 265 

ROS in the tolerant genotype might help to sense the salt stress in an earlier stage and more easily adapt 266 

to the salt stress. [38-40]. ROS detoxification mechanisms are activated to counteract the negative effects 267 

of ROS. Glutathione is known to provide protection against salt stress-induced oxidative damage [42, 268 

44]. Tryptophan is the major precursor of indole acetic acid (IAA), the most common plant hormone 269 

of the auxin class, and precursor of several compatible solutes involved in ionic and osmotic homeostasis 270 

under salinity [2, 13, 43]. Regulating lignin biosynthesis is known to be the main contributor to enhance 271 

salt tolerance in plants [45, 59].  272 

 Transporters with GTPase activity (Zm00001d039091, Zm00001d011474, and 273 

Zm00001d039090) which were enriched in subnetwork 1 have shown to be involved in signaling and ion 274 

homeostasis (particularly of Na+ and K+) under salt stress [20, 47] and might indeed relate to the 275 

aberrations in ion homeostasis we observed at the phenotypic level. De novo motif detection allowed 276 

identifying a statistically overrepresented binding site in the upstream region of the genes belong to 277 

subnetwork 1 which was highly similar to the motif of a TF in Arabidopsis of which the role in salt-stress 278 

https://en.wikipedia.org/wiki/Plant_hormone
https://en.wikipedia.org/wiki/Auxin
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response is well documented. Genomic variation in this TF could act as a transfactor and explain the 279 

differences in stress response between the salt-tolerant and sensitive genotypes. 280 

 281 

Conclusion 282 

Network-based transcriptome analysis of two mays genotypes identified pathways associated with 283 

differences in salt tolerance and identified a novel link between transcriptional and posttranslational 284 

regulation of salt tolerance. 285 

 286 

Methods 287 

Plant Material, Salt stress condition and RNA preparation: 288 

Two maize genotypes with different sensitivity to salt stress were selected after screening ninety-three 289 

maize inbred lines for agro-biological and physiochemical traits under normal and 8 ds/m salinity stress 290 

during two successive years in pot conditions. Seeds were kindly provided by Seed and Plant 291 

Improvement Institute Karaj Iran; Razi University of Kermanshah; and Ferdowsi University of Mashhad. 292 

From the 93 inbred lines, S46 was identified as the line most sensitive and R9 as the line most tolerant 293 

to salinity stress. The R9 line was generated by the Razi University of Kermanshah and was kindly 294 

provided in the context of this study. The S46 line is a commercially available inbred line (Mo17) that 295 

has been widely used in many genetic and molecular studies. Seeds were soaked overnight in distilled 296 

water and then cultured in 25×20 cm pots containing perlite and peat moss at a ratio of 2:3. Plants were 297 

grown under standard conditions (22 to 26°C, 16 h light/8 h dark photoperiod and 70% relative humidity) 298 

at Urmia University. Irrigation was performed with 250 ml of Hoagland solution each other day. When 299 

the plants reached the 8-leaf stage, they were divided in two groups: irrigation of one group was continued 300 

with a Hoagland solution mimicking normal conditions (electrical conductivity (EC) of 2.7 ds.m-1) 301 

whereas the other group received Hoagland solution inducing salinity stress (electrical conductivity (EC) 302 

of 8 ds.m-1). Salinity stress of 8 ds.m-1 was obtained by dissolving NaCl in Hoagland solution. The 303 

seventh and eighth leaves of respectively the control plants and the plants subjected to salinity stress 304 

were sampled 7 and 12 days post the application of salinity stress. To extract RNA, the leaf tissue of three 305 
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plants were pooled for each biological replicate. Total RNA extraction from each sample was performed 306 

using RNX-Plus TM extraction solution (Sinaclon, Iran), according to the manufacturer's 307 

recommendation and was followed by DNase digestion. After quality control procedures using gel 308 

electrophoresis, nanodrop and Agilent 2100 bioassays, mRNA was purified. Equal quantities of total 309 

RNA obtained for each time point (7 and 12 days after salinity stress) were pooled for RNA sequencing.  310 

 311 

RNA sequencing, quality check, differential expression analysis and GO enrichment 312 

Illumina sequencing was performed by Berry Genomics Company, China. The cDNA libraries were 313 

sequenced on a Novaseq 6000 generating 150 bp paired-end reads. The raw data have been deposited in 314 

the Sequence Read Archive (SRA) accession number SRP273987 315 

(https://www.ncbi.nlm.nih.gov/Traces/study/?acc=SRP273987&o=acc_s%3Aa). Sequencing quality 316 

was checked on the paired-end reads using FASTQC [60]. Low quality reads were filtered, adaptor 317 

contaminations and low quality bases were trimmed using Trimmomatic [61]. Hisat2 was used to map 318 

the reads on the maize B73 reference genome (Zea_mays.B73_RefGen_v4.dna.toplevel.fa.gz) (73% 319 

overall unique alignment rate) [62]. For quantification of expression levels, htseq-count was used along 320 

with the genome annotation from Ensembl release 43 (Zea_mays.B73_RefGen_v4.43.gtf.gz) [63]. 321 

Differential expression analysis was performed using edgeR and differentially expressed (DE) genes 322 

were identified using fold change > 1.5 and FDR < 0.05 [64]. 323 

 We are interested in identifying genotype-specific expression changes that can explain the 324 

difference in phenotypic behavior between the sensitive and tolerant lines. These genes are referred to as 325 

candidate genes. To select these genes an ANCOVA model was used: gene expression is modeled as the 326 

response variable, ‘salt treatment’ and ‘genotype’ as the explanatory variables. The genes of interest are 327 

modeled as the ones having an interaction effect. By only considering the interaction term in the model, 328 

genes that are affected to the same degree (fold) by salinity stress in both lines are removed because they 329 

cannot be associated with genotype specific differences in response to salinity stress. 330 

 Therefore, for each gene (g), its expression (yig) was modeled by negative binomial (NB) 331 

distribution using salt treatment (S) and genotype (G) as explaining variables as follows. 332 

https://www.ncbi.nlm.nih.gov/Traces/study/?acc=SRP273987&o=acc_s%3Aa
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𝑦𝑖𝑔  ~ 𝑁𝐵(𝜇𝑖𝑔 , 𝜙𝑔)𝐸[𝑦𝑖𝑔] = 𝜇log(𝜇𝑖𝑔) = 𝜂𝑖𝑔𝜂𝑖𝑔 = 𝛽0 + 𝛽S.g  𝑋iS + 𝛽G.g 𝑋iG + 𝛽S.g:G.g 𝑋iS𝑋iG

 333 

XiS is an indicator variable where XiS = 1 if the sample is salt treated and XiS = 0 otherwise. Likewise, 334 

the indicator variable XiG = 1 if sample was taken from the sensitive genotype and  XiG = 0 if the sample 335 

was taken from the tolerant genotype. The tolerant genotype grown under normal conditions was 336 

considered the reference. For each gene, the mean expression in each treatment can be derived from the 337 

defined model as: 338 

Tolerant_Control = β0 339 

Tolerant Salinity = β0 + βS XS 340 

Sensitive_Control = β0 + βG XG 341 

Sensitive_Salinity = β0 + βG XG + βS XS + βS:G XSXG 342 

Finally, for each gene the difference in response to salinity between the tolerant and sensitive genotypes 343 

after correcting for their differences in expression under control conditions can be derived as:  344 (Sensitive_salinity − Sensitive_control) − (Tolerant_Salinity − Tolerant_control) = 𝛽𝑆:𝐺 345 

 Where βS:G corresponds to the interaction effect of the explaining variables in the design matrix. The 346 

design and contrasting matrices in edgeR were set based on the formula mentioned above.   347 

Gene ontology was downloaded from maizegdb.org. GO enrichment was performed using 348 

ClusterProfiler [65] and GO enrichment graphs were created using R and Plaza [66]. 349 

Constructing the interaction network 350 

A high confident protein interaction network for maize was downloaded from the PPIM database [67]. 351 

Since the PPIM database uses the old version of gene ids (B73-v3 reference genome), the ids were 352 

mapped to the B73-v4 reference genome using the v3 to v4 mapping ids provided by maizegdb.org. This 353 

resulted in a protein interaction network consisting of 10868 unique genes as nodes and 157934 354 

interactions as edges. The Maize metabolic interactions were downloaded from KEGG [68] and 355 

converted to a network using KEGGgraph [69]. Corresponding v4 gene ids were retrieved from NCBI 356 
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using the Entrez search of Biopython [70], resulting in a metabolic network with 54807 edges between 357 

4052 genes. A maize specific regulatory network was downloaded from PlantRegMap 358 

(http://plantregmap.cbi.pku.edu.cn/) [71]. To avoid adding too many unreliable regulatory links to the 359 

network, only interactions supported by functional transcription binding site (FTBS, PlantRegMap) were 360 

considered, resulting in 12759 edges between 5251 genes. The three obtained networks were merged. 361 

Duplicated edges were removed: if the duplicated edge was present in KEGG (as a most reliable source), 362 

this one was retained as metabolic edge and edges redundant with the KEGG edge derived from other 363 

sources would be removed. In the absence of a KEGG edge, the regulatory edge was retained at the 364 

expense of removing the edges derived from the protein interaction network.  365 

 366 

Refinement of the interaction network using RNAseq expression data: 367 

An improved version of the B73 genome, assembled from long-reads, with updated gene annotations 368 

(AGPv4) is available for maize [72]. However, most interactions for Zea mays are in each of their 369 

respective databases still annotated with the older annotation (v3). When performing the mapping 370 

between both versions, we noticed that a considerable portion of the v3 genome could not be mapped to 371 

v4 annotation. Simply converting loci between the deprecated versions of the genome and the v4 version 372 

seemed not sufficient as the v4 version contained several newly identified genes not yet present in the 373 

deprecated versions. To remove likely false positive edges resulting from the mapping errors between 374 

the older and the more recent genome versions, we exploited the large availability of expression data in 375 

maize in which expression has been profiled across a large number of samples, in multiple tissues and 376 

different conditions [73]. We integrated the 8 RNAseq samples from our study with the aforementioned 377 

dataset. Our final expression compendium consisted of 282 samples spanning the majority of 378 

developmental stages and tissues in Zea mays. To reduce the number of spurious and condition irrelevant 379 

edges in our network, we removed all genes and their interactions from the network if the gene was not 380 

expressed in at least 5 samples of our compendium (FPKM >1). On the other hand, for the genes in the 381 

genome release (v4-B73) that had no counterpart in v3 and hence also not in the interaction network, we 382 

added functional interactions derived from the co-expression network. To build the co-expression 383 

network the ‘rank of correlation coefficient’ (RCC) was used to determine the degree of pairwise co-384 

http://plantregmap.cbi.pku.edu.cn/
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expression [74]. The RCC values were transformed into Mutual Rank scores (MR scores) based on the 385 

following formula: 386 

𝑀𝑅(𝐴𝐵) = √𝑅𝐶𝐶(𝐴→𝐵) ∗ 𝑅𝐶𝐶(𝐵→𝐴) 387 

Where rank (A →B) is the RCC of gene B with gene A. 388 

 389 

Smaller MR scores correspond to a higher degree of pairwise correlation between two genes and can be 390 

converted to a network edge weight using the following formula taken from Obayashi and Kinoshita, 391 

2009: 392 𝑤𝑒𝑖𝑔ℎ𝑡(𝐴→𝐵) = 𝑒−(𝑀𝑅(𝐴→𝐵)−1) 5⁄  393 

guaranteeing that the range of edge weights in the co-expression network scales between 0 and 1 [74]. 394 

To further filter spurious links, only the strongest coexpression links were retained using a threshold of 395 

0.9 on the coefficient of Pearson correlation. To calculate the Pearson correlation between the expression 396 

vectors of two genes log transformed FPKM values were used. A small value (one) was added to the 397 

FPKM values prior to the log transformation in order to avoid having undefined values for zero values. 398 

In addition, genes that were not expressed in at least 10% of the samples were excluded from the dataset 399 

prior to calculating the correlation in order to avoid adding spurious relations for lowly expressed genes. 400 

To assess the quality of the coexpression network, we searched for clusters of connected genes using 401 

ClusterOne with default parameters. ClusterOne allows for overlap between clusters and only returns 402 

highly connected components [75]. GO enrichment was performed on the clusters obtained by 403 

ClusterOne. From the coexpression network, 66383 functional interactions were extracted and added to 404 

the aforementioned interaction network. This resulted in a final interaction network consisting of 269731 405 

unique edges between 21236 genes (Additional file 3). 406 

Weighting the network and performing network analysis 407 

In a probabilistic network analysis, weights on the edges between nodes are used to drive the search for 408 

subnetworks. To design a weighting scheme we performed a Random walk with Restart (RWR) (restart 409 

parameter = 0.05) [76, 77]. The RWR uses as input the degree normalized adjacency matrix of the 410 
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interaction network. The RWR performs a topology based weighting reducing the impact of hubs. 411 

However, RWR produces relatively small values for most genes whereas genes that are marginally 412 

connected in the network get a relatively high weight. As we do not want to bias the network search too 413 

much towards the marginally connected genes, we rescaled the RWR obtained values using the following 414 

heuristic formula.  415 

𝑟𝑒𝑠𝑐𝑎𝑙𝑒𝑑 𝑤𝑒𝑖𝑔ℎ𝑡(𝑠_𝑡) = 𝑒weight(s_t)𝑒  416 

Where “s” is the source node and “t” the target node. This formula transforms the minimal weigh to 0.3 417 

ensuring that all edges are considered during network analysis but that edges between highly connected 418 

genes (higher RWR value) remain higher in weight.   419 

Extracting subnetworks from the weighted interaction network was performed using ‘Phenetic’, a 420 

probabilistic pathfinding approach [27, 31] with following parameters: mode: downstream; min cost: 0.1; 421 

max cost: 5; step size: log scale between max and min cost with 28 steps; Path-length=4; k-best paths: 422 

20. For each edge cost, the highest scoring subnetwork was selected and a stability score was computed 423 

for all the subnetworks with this edge cost. For each cost, the subnetwork is rejected if either it has a low 424 

stability score (minimal stability score is 0.5) or is too large (max size is 80). The final subnetwork was 425 

extracted as a combination of all these "best networks" that passed the tests.  426 

De novo motif detection was performed using MEME [78]. The promoter regions were defined as 1kb 427 

upstream of TSS and first-order model of sequences was used as background. The promoter sequences 428 

were searched for motifs with a width ranging from 6 to 15 using the sequence of the lead (+) strand 429 

only. 430 

 431 

 432 

 433 

 434 

 435 

 436 

 437 

 438 
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Figures  439 

 440 

 441 

 442 

Fig. 1: Comparing morphological and physiological traits between R9 and S46 under normal and salinity imposed 443 

conditions (values obtained from samples taken at 7 and 12 days’ post-salt treatment). The boxes show the mean 444 

based on three biological repeats and bars represent the 95 percent confidence interval for the means. Potassium 445 

and sodium content measured 12 days after salt treatment. Abbreviations: d7: N indicates day 7 under control 446 

condition; d7:T indicates day 7 after salt treatment; d12:N indicates day 12 under control, and d12:T indicates day 447 

12 under salt treatment, RWC: relative water content.  448 

 449 

 450 
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 451 

  452 
Fig. 2: The flow of mapping candidate genes resulting from the expression analysis on the interaction network. 453 

Phenotype screening: from 93 maize genotypes, two genotypes with an extremely different phenotypic behavior 454 

towards salt stress (R9:Tolerant, S46:Sensitive) were selected. Expression profiling: gene expression of the R9 and 455 

S46 genotypes profiled under normal and salinity imposed conditions. Candidate gene selection: the genes that 456 

responded differently to salinity stress between two genotypes are selected as candidate genes (red genes on the 457 

right hand of heatmap). Network analysis: an integrated interaction network was compiled from different sources 458 

(regulatory, protein-protein, metabolic and coexpression networks) and was subsequently converted to a 459 

probabilistic interaction network. Candidate genes were mapped on this probabilistic interaction network and 460 

subnetworks extracted using Phenetic. Red nodes are candidate genes (identified as differentially expressed in a 461 

genotype specific way) and grey nodes indicate connector genes recovered by the network analysis. 462 

  463 
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 464 

 465 

 466 

Fig. 3: GO enrichment for the candidate genes. The overrepresented GO term and the candidate genes are shown 467 

on respectively the x-axis and y-axis. Green indicates that the corresponding gene is present in the GO class, the 468 

DE score reflects the degree to which the candidate gene is differentially expressed (log fold change), Yellow and 469 

blue indicate whether the gene was up versus down regulated under salt stress comparing S46 to S9 after correcting 470 

for differences in expression under normal conditions. 471 

 472 

 473 
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 474 

 475 

Fig. 4: Results of the network analysis. Red nodes represent candidate genes obtained from the expression analysis, 476 

grey nodes are not identified as differentially expressed, but were identified by the network analysis as connector 477 

genes (genes needed to connect the candidate genes). Edge color: red indicates a metabolic interaction, grey a 478 

protein-protein interaction, and blue a co-expression derived interaction. No regulatory interactions were 479 

recovered in any of the sub-networks 480 

 481 

 482 

 483 

 484 
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 485 

 486 
Fig. 5: The hierarchy of the GO enrichment result for sub-network 1 (left), sub-network 2 (middle) and sub-487 

network 4 (right). Sub-network3 was not enriched for any specific biological process and the GO results for sub-488 

network 5 and 6 are not shown as they consist of four genes only, all of which are annotated in KEGG metabolic 489 

pathways. Node size is scaled by the Bonferroni corrected p-value for enrichment; node color is determined by the 490 

enrichment fold such that green shows the highest and red shows the lowest fold enrichment; the node outer band 491 

reflects the ‘Percentage Present’ i.e. the percentage of genes that are annotated with the enriched ontology term 492 

(indicated by the green part of the ring). 493 

 494 

 495 

 496 

 497 
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 498 

 499 

 500 

Fig. 6: Regulatory element overrepresented in the promoter sequences of the genes in sub-network 1. The 501 

identified motif shows a strong bias towards the TSS and high similarity with a known Arabidopsis motif 502 

representative for the FuF1 binding site (q-value 2.32e-04). The first logo is the Arabidopsis cis-regulatory element 503 

obtained from a DAP experiment and the second one represents the de novo detected motif in subnetwork1. 504 

 505 

Availability of data and material  506 
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TF: Transcription Factor 514 

ROS: Reactive oxygen species 515 

ABA: Abscisic acid 516 

RWC: Relative water content 517 

FDR: False discovery rate 518 

FUF1: Fyf Up-Regulating 321 Factor 1 519 

DREB: Dehydration-responsive element-binding protein 520 

ERF/AP2 : Apetala2/Ethylene Responsive Factor 521 

ANCOVA: Analysis of covariance 522 

SOS: Salt-overly-sensitive 523 

IAA: Indole acetic acid 524 

EC: Electrical conductivity 525 

S: Salt treatment  526 

G: Genotype 527 

NB: negative binomial distribution 528 

FPKM: Fragments per kilobase of transcript per million mapped reads 529 

RCC: Rank of correlation coefficient 530 

MR: Mutual Rank 531 

RWR: Random walk with restart 532 

TSS: Transcription start site 533 
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Figures

Figure 1

Comparing morphological and physiological traits between R9 and S46 under normal and salinity
imposed conditions (values obtained from samples taken at 7 and 12 days’ post-salt treatment). The
boxes show the mean based on three biological repeats and bars represent the 95 percent con�dence
interval for the means. Potassium and sodium content measured 12 days after salt treatment.
Abbreviations: d7: N indicates day 7 under control condition; d7:T indicates day 7 after salt treatment;
d12:N indicates day 12 under control, and d12:T indicates day 12 under salt treatment, RWC: relative
water content.



Figure 2

The �ow of mapping candidate genes resulting from the expression analysis on the interaction network.
Phenotype screening: from 93 maize genotypes, two genotypes with an extremely different phenotypic
behavior towards salt stress (R9:Tolerant, S46:Sensitive) were selected. Expression pro�ling: gene
expression of the R9 and S46 genotypes pro�led under normal and salinity imposed conditions.
Candidate gene selection: the genes that responded differently to salinity stress between two genotypes
are selected as candidate genes (red genes on the right hand of heatmap). Network analysis: an
integrated interaction network was compiled from different sources (regulatory, protein-protein, metabolic
and coexpression networks) and was subsequently converted to a probabilistic interaction network.
Candidate genes were mapped on this probabilistic interaction network and subnetworks extracted using
Phenetic. Red nodes are candidate genes (identi�ed as differentially expressed in a genotype speci�c
way) and grey nodes indicate connector genes recovered by the network analysis.



Figure 3

GO enrichment for the candidate genes. The overrepresented GO term and the candidate genes are shown
on respectively the x-axis and y-axis. Green indicates that the corresponding gene is present in the GO
class, the DE score re�ects the degree to which the candidate gene is differentially expressed (log fold
change), Yellow and blue indicate whether the gene was up versus down regulated under salt stress
comparing S46 to S9 after correcting for differences in expression under normal conditions.



Figure 4

Results of the network analysis. Red nodes represent candidate genes obtained from the expression
analysis, grey nodes are not identi�ed as differentially expressed, but were identi�ed by the network
analysis as connector genes (genes needed to connect the candidate genes). Edge color: red indicates a
metabolic interaction, grey a protein-protein interaction, and blue a co-expression derived interaction. No
regulatory interactions were recovered in any of the sub-networks



Figure 5

The hierarchy of the GO enrichment result for sub-network 1 (left), sub-network 2 (middle) and sub-
network 4 (right). Sub-network3 was not enriched for any speci�c biological process and the GO results
for sub-network 5 and 6 are not shown as they consist of four genes only, all of which are annotated in
KEGG metabolic pathways. Node size is scaled by the Bonferroni corrected p-value for enrichment; node
color is determined by the enrichment fold such that green shows the highest and red shows the lowest
fold enrichment; the node outer band re�ects the ‘Percentage Present’ i.e. the percentage of genes that are
annotated with the enriched ontology term (indicated by the green part of the ring).



Figure 6

Regulatory element overrepresented in the promoter sequences of the genes in sub-network 1. The
identi�ed motif shows a strong bias towards the TSS and high similarity with a known Arabidopsis motif
representative for the FuF1 binding site (q-value 2.32e-04). The �rst logo is the Arabidopsis cis-regulatory
element obtained from a DAP experiment and the second one represents the de novo detected motif in
subnetwork1.
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