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Abstract

Common bean (Phaseolus vulgaris L.) is exposed to a broad spectrum of abiotic and biotic
stresses that impose severe constraints on productivity, yet the molecular basis of stress tolerance
remains poorly resolved, with independent studies yielding inconsistent and incomplete
conclusions. To establish a comprehensive picture of the common bean stress transcriptome, we
conducted a systematic meta-analysis of publicly available RNA-sequencing datasets spanning
abiotic and biotic stress conditions across leaf and root tissues. Integrating statistical meta-
analysis with machine-learning approaches, we identified stress-responsive gene sets whose
robustness was verified through rigorous statistical approaches including independent dataset
validation. Beyond confirming established stress-responsive genes, the machine-learning
framework uncovered candidates overlooked by standard significance thresholds in individual
studies yet carrying consistent transcriptional signals across studies. Co-expression and protein-
protein network analyses further resolved these candidates into functionally coherent modules
linked to specific stress-response programs. Notably, ethylene-responsive transcription factors
were identified as hub genes in three of four stress-tissue groups, with NAC domain transcription
factors emerging as additional hub genes in biotic stress contexts. Importantly, the biological
significance of the identified gene sets was validated genomically: marker panels targeting
consensus meta-analysis-derived and machine-learning-discovered gene regions improved
genomic prediction accuracy for disease resistance traits in common bean and abiotic stress
tolerance traits in cowpea relative to a baseline model with equivalent-sized random marker sets.
Overall, these findings revealed conserved stress transcriptome signatures in common bean and
provided a cross-species, evidence-based framework for prioritizing candidate genes and
constructing biologically informed genomic selection tools to advance stress-resilient legume
breeding.

Keywords: Abiotic stress, Biotic stress, Meta-analysis, Machine learning, Genomic selection

Introduction

Common bean (Phaseolus vulgaris L.) is one of the most widely cultivated pulse crops globally,
valued primarily as a source of dietary protein for smallholder farming communities in sub-
Saharan Africa, Latin America, and South Asia (Akibode and Maredia, 2012; Beebe et al., 2013;
Camara et al., 2013). Annual production losses attributable to drought can be up to 80%
depending on growth stage and stress duration, with critical impacts directly halting the
flowering and pod-filling processes (Polania et al., 2016). Furthermore, severe outbreaks of plant
pathogens can result in total field loss when environmental conditions favor high disease severity
on a susceptible cultivar (Smith et al., 2019). These losses are projected to increase as climate
change intensifies the frequency and severity of abiotic and biotic stress events. Thus, the
identification of molecular targets for stress tolerance improvement remains a priority for
common bean breeding programs.

Plants respond to abiotic and biotic stresses through coordinated molecular mechanisms
involving stress signal perception, hormonal signaling, transcriptional reprogramming, and
metabolic adjustment. Abiotic stresses including drought, heat, cold, and salinity disrupt key
physiological processes such as stomatal closure, reduction in carbon assimilation, distorted
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76  assimilate partitioning, and accumulation of reactive oxygen species (ROS), initiating a

77  molecular cascade that spans from initial stress perception through progressive cellular damage
78 (Wuetal., 2014). Biotic stresses imposed by pathogens like fungi and bacteria activates pattern-
79  triggered and effector-triggered immunity, inducing the expression of pathogenesis-related genes.
80  The plant hormones abscisic acid (ABA), jasmonic acid (JA), salicylic acid (SA), and ethylene
81 actas central coordinators of these responses, with their crosstalk determining the balance

82  between growth and defense under stress (Pieterse et al., 2009; Verma eta al., 2016).

83 Stress responses in common bean are not uniform across tissues or conditions. Root and leaf
84  tissues experience distinct stress inputs and mount correspondingly different transcriptional

85  responses: roots encounter soil-borne pathogens, osmotic imbalance, and ion toxicity directly,
86  while leaves are the primary site of photosynthesis and are more directly exposed to atmospheric
87  drought, heat and pathogens. Transcriptomic analyses in related plant species show that root and
88  shoot stress responses differ substantially in both the identity and magnitude of differentially

89  expressed genes, with relatively few elements shared between tissues (Pereira et al., 2020).

90 Similarly, abiotic and biotic stress responses, while overlapping in ROS signaling and cell wall
91 modification, diverge in hormone signaling and effector gene expression (Leitdo et al., 2021).
92  Thus, studies restricted to a single tissue or stress type cannot capture the full landscape of stress-
93  responsive gene regulation in common bean.

94 Despite the specificity of individual stress responses, evidence from multiple plant species
95 indicates that a shared molecular core is activated across distinct stress types. Stress priming,
96  which is a brief exposure to a mild stressor that subsequently confers tolerance to an unrelated
97  stress, demonstrates cross-tolerance between drought and heat, cold and salinity, and abiotic and
98  biotic stressors, implying the activation of common molecular defense mechanisms (Balmer et
99 al. 2015). Considerable effort has been directed at understanding stress responses in common
100  bean through transcriptome profiling across drought, pathogen infection, and other conditions in
101  leaf and root tissues (Torres et al., 2006; Wu et al., 2014, 2017; Gregorio Jorge et al., 2020;
102  Pereira et al., 2020), yet findings from independent studies are difficult to integrate because they
103  differ in genotype, tissue, growth stage, and treatment protocol. Whether a core of genes
104  responds consistently across abiotic and biotic stress conditions and tissue types in common bean
105 remains unresolved, and establishing it is a prerequisite for identifying the most robust targets for
106  genetic improvement.

107 Standard differential expression meta-analysis recovers only genes that meet significance
108 thresholds consistently across all contributing studies. Machine learning (ML) classifiers can
109 extend this gene set by identifying genes with expression patterns characteristic of stress

110 response even when they fall short of most-common statistical significance thresholds. Support
111  vector machine (SVM) model trained on pre-labeled gene sets have been applied to detect stress-
112  relevant genes in Arabidopsis abiotic stress studies (Sanchez-Munoz et al. 2025) and to refine
113  core gene sets in multi-stress barley meta-analysis (Panahi et al. 2024). The integration of ML
114  with meta-analysis provides complementary discovery framework that enhances sensitivity for
115 genes involved in variable or condition/context-specific stress programs.

116 Identifying stress-responsive gene sets in common bean is biologically informative, but
117  its practical relevance depends on whether the candidates could translate to improved trait

118 prediction via genomic prediction and if this can be replicated in a closely related species like
119 cowpea. Genomic prediction uses genome-wide marker data to estimate breeding values for any


https://doi.org/10.64898/2026.08.08.743654

bioRxiv preprint doi: https://doi.org/10.64898/2026.08.08.743654; this version posted August 12, 2026. The copyright holder has placed this
preprint (which was not certified by peer review) in the Public Domain. It is no longer restricted by copyright. Anyone can legally share, reuse,
remix, or adapt this material for any purpose without crediting the original authors.

120 trait, with standard genomic best linear unbiased prediction (GBLUP) model treating all single
121  nucleotide polymorphism (SNP) markers as equally informative (VanRaden 2008). Conversely,
122  assigning higher weights to or considering SNPs in genomic regions with known functional
123  relevance (for example, SNPs proximal to stress-responsive genes) can improve prediction

124  accuracy over equal-weight GBLUP by concentrating genomic signal in regions more likely to
125 harbor causal variants. Common bean and its close relative cowpea (Vigna unguiculata L. Walp)
126  share substantial genomic synteny (Lonardi et al., 2019) and orthology-based transfer of

127  functional gene information between species has been applied in legume genomics to leverage
128  gene expression data from one species for marker prioritization in another (Chai et al., 2017).
129  However, to our knowledge, no study to date has connected RNA-seq meta-analysis-derived
130 gene sets to genomic prediction in either common bean or cowpea.

131 Here, we identified conserved stress-responsive genes in common bean through RNA-seq
132  meta-analysis using Fisher's combined probability and random-effects restricted maximum

133 likelihood (REML) frameworks and extended the gene set using a support vector machine

134  classifier. Next, we created sets of gene candidates that are functionally linked to stress tolerance
135 and evaluated whether SNP subsets based on gene candidates derived from the stress-tissue

136  meta-analysis and machine learning frameworks improves genomic prediction for stress

137  tolerance in common bean and if this could be extended to cowpea. Our results showed that

138 integrating multiple approaches for meta-analysis and adoption of a suitable machine learning
139 classifier identifies functionally informative stress-response genes. Further, leveraging the

140 candidates identified herein largely improved trait prediction accuracy and uncovered regions
141 that could be targeted for stress resilience breeding in common bean, cowpea and other

142  phylogenetically related leguminous crops.

143  Results
144  Construction of DEG libraries and cross-study analysis

145  Atotal of 19 RNA-seq studies met quality control criteria from 22 initially retrieved datasets,
146  comprising 461 samples and spanning abiotic stress conditions (cold, drought, heat, salt, heavy
147  metal, nitrogen and phosphorus deficiency) and biotic stress conditions like anthracnose,

148  fusarium wilt, halo blight (caused by pathogens including Fusarium oxysporum, Pseudomonas
149  syringae pv phaseolicola, Xanthomonas citri pv. fuscans, Colletotrichum lindemuthianum),
150 across four stress-tissue groups: abiotic leaf (n = 7), biotic leaf (n = 6), abiotic root (n = 3), and
151  biotic root (n = 3) (Table S1). Sample counts per study ranged from 4 to 90, and total DEGs per
152  study ranged from 16 to 9,702; per-study DEG counts and contrast summaries are displayed in
153 Fig. 1A. Between 21,731 and 23,856 genes were analyzed per group after expression-based
154  filtering. Hierarchical clustering of cross-study DEG overlap profiles revealed that studies

155  grouped by transcriptional scale rather than stress category in that a high-overlap cluster

156  spanning both abiotic and biotic conditions showed substantially greater pairwise gene overlap
157  than a distinct low-overlap cluster of studies with smaller total DEG sets (Fig. 1B-C).

158  Figure 1. Study-level RNA-seq data quality and cross-study gene expression overlap. (A)
159  Diverging barplot showing up- and downregulated DEG counts per study. Jaccard similarity
160  heatmaps showing pairwise overlap of upregulated (B) and downregulated (C) DEGs between
161  the 19 included studies.
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162

163  Meta-analysis identifies consensus stress-responsive genes

164  Consensus meta-DEGs were identified in all four stress-tissue groups using a dual-criterion

165  approach combining Fisher’s combined probability method and REML meta-analysis, with

166  expression direction consistency required for final classification (Table 1; Fig. 2). The abiotic
167  root group yielded the largest consensus meta-DEG set (2,972 genes of 21,731 analyzed; 13.7%),
168 followed by biotic leaf (1,072 of 22,521; 4.8%), abiotic leaf (250 of 23,856; 1.0%), and biotic
169  root (19 of 23,215; 0.1%). In the abiotic leaf group, 222 of 250 consensus meta-DEGs (88.8%)
170  were upregulated, reflecting a predominantly activating transcriptional response to abiotic stress,
171  with 28 genes downregulated. In the abiotic root group, 1,882 genes were upregulated and 1,090
172  downregulated, indicating broader bidirectional transcriptional reprogramming. The biotic leaf
173  group showed a more balanced directional distribution, with 593 upregulated and 479

174  downregulated consensus meta-DEGs, and the biotic root group similarly yielded 11 upregulated
175 and 8 downregulated genes across its consensus meta-DEGs. Cross-group overlap of consensus
176  meta-DEGs was minimal, with the largest pairwise intersection between abiotic root and biotic
177  leaf (38 upregulated and 13 downregulated shared genes) and no gene shared across all four

178  groups simultaneously. Permutation tests confirmed that the observed consensus meta-DEG

179  counts exceeded null expectations in all four groups (permutation p < 0.001 for all groups).

180 Table 1. Summary of differentially expressed genes identified by consensus meta-analysis
181  (meta-DEGS) per stress-tissue group.

Stress-tissue Studies  Genes Consensus Upregul Downregu

group (n) analyzed meta-DEGs ated lated p-value
Abiotic Leaf 7 23856 250 222 28 <.001
Abiotic Root 3 21731 2972 1882 1090 <.001
Biotic Leaf 6 22521 1072 593 479 <.001
Biotic Root 3 23215 19 11 8 <.001

182

183  Genes analyzed = unique genes with quantified expression across all studies in the group.

184  Consensus meta-DEGs = genes significant by both Fisher’s combined probability method and
185 REML meta-analysis at FDR < 0.05 and consistent direction of expression. Upregulated and
186  Downregulated counts refer to the direction of the meta-log.FCestimate. p-value = empirical p-
187  value from 1,000 permutations of study labels, testing whether the observed consensus DEG
188  count exceeds the null expectation.

189  Figure 2. Meta-analysis results across four stress-tissue groups. Heatmap of meta-log.FCvalues
190 for the top 50 most variable consensus meta-DEGS across stress-tissue groups.

191 Machine learning identifies stress-responsive genes beyond consensus meta-DEGs

192  SVM classification was performed independently for each stress-tissue group (Table 2; Fig. 3).
193  The SVM confirmed a subset of pre-classified genes as ML-confirmed (1 to 1 transitions) and
194  identified additional genes not in the meta-analysis consensus as ML-discovered (0 to 1
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195 transitions). Classification precision ranged from 0.198 (biotic root) to 0.343 (abiotic root),

196  exceeding the null base rate of 0.1699 in all groups (Fig. 3A). Permutation tests confirmed that
197  observed precision exceeded the null distribution in all groups (p < 0.001 for abiotic leaf, abiotic
198 root, and biotic leaf; p = 0.02 for biotic root). No gene was universally identified across all four
199  stress-tissue groups (Fig. 3B), and the limited cross-group overlap indicated predominantly

200  stress- and tissue-specific transcriptional programs, with the abiotic root group contributing the
201  largest unique gene set (Table 2).

202  Table 2. Support vector machine (SVM) classification performance per stress-tissue group.

Stress-tissue Total Pre- Confir ML- Precisi

- : p-value
group genes classified med discovered on
Abiotic Leaf 23846 4134 186 507 0.268 <.001
Abiotic Root 21721 4012 1434 2744 0.343 <.001
Biotic Leaf 22510 3917 174 350 0.332 <.001
Biotic Root 23186 4049 227 917 0.198 .02

203  Total genes = unique genes used as SVM features; genes with insufficient variance were

204  excluded during SVM feature preparation. Pre-classified = genes labeled as relevant prior to

205 SVM training based on consensus meta-DEG status in any of the four stress-tissue groups.

206  Confirmed = pre-classified genes retained as relevant by SVM (1 to 1 transitions). ML-

207  discovered = genes not pre-classified but identified as relevant by SVM (0 to 1 transitions).

208  Precision = TP/(TP + FP) = Confirmed/(Confirmed + ML-discovered); measures the signal-to-
209  noise ratio of SVM discovery. p-value = empirical p-value from 1,000 label-shuffle permutations
210  testing whether observed precision exceeds the null distribution.

211  Figure 3. Machine learning (SVM) gene discovery performance. (A) Permutation test

212 confirming that SVM prediction precision exceeds the null expectation (dashed line = null base
213  rate = 0.1699) in all four stress-tissue groups. Distributions represent 1,000 permutations of pre-
214  classification labels; red vertical line = observed precision. (B) UpSet plot of core predictor
215  genes (SVM-confirmed and ML-discovered) across stress-tissue groups. No gene was

216 universally identified across all four groups.

217  Weighted gene co-expression network analysis (WGCNA)

218 WGCNA co-expression networks were constructed for each stress-tissue group using the union
219  of consensus meta-DEGs and ML-identified core genes as input. Co-expression overlap between
220 ML hub genes and consensus meta-DEGs varied markedly across groups: biotic root showed low
221  overlap, indicating that ML hub genes in that group were identified largely independently of the
222  consensus meta-DEG set, whereas biotic leaf showed complete convergence, with hub genes
223  from both sources represented in all co-expression modules (Fig. 4). In the abiotic root group, the
224  turquoise module showed near-equal ML and consensus meta-DEGs representation (27 ML hub
225  genes and 23 consensus hub genes), while the blue module was consensus-exclusive. In the

226  abiotic leaf group, convergence was partial, with the turquoise module ML-dominant, the blue
227  module consensus-dominant, and the brown module consensus-exclusive.
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228  Figure 4. WGCNA co-expression module analysis of hub genes across stress-tissue groups. (A)
229  Module membership (KME) vs. intramodular connectivity (kWithin) for ML-discovered hub
230  genes. All hub genes show kME > 0.80 (dashed reference line), confirming strong module

231  membership. Abiotic root contained a single co-expression module (turquoise; kWithin = 2,766,
232  kKME = 1.0) with no variation to display and is excluded. (B) Mean intramodular connectivity
233  (kWithin, log10 scale) per consensus meta-DEG co-expression module per group; dot size =
234  number of hub genes per module. (C) Number of hub genes per module per group for ML-

235  discovered (blue) and consensus meta-DEG (amber) hub gene sets; bars present in both indicate
236  convergent module identification across discovery approaches.

237  Protein-Protein Interaction network of hub genes and gene family identification

238 PPl subnetworks were constructed from WGCNA hub genes per stress-tissue group and differed
239  substantially in density and biological composition across groups (Fig. 4). The biotic leaf

240  network was the most connected (383 nodes, 1,724 edges), with ribosomal proteins occupying
241  the highest-degree hub positions: four of the top five hubs were ribosomal subunit proteins (large
242  subunit uL6c (Phvul.004G116200), bL19 (Phvul.002G001200), small subunit uS10c

243  [Phvul.001G030600], uS9c [Phvul.001G017500]), indicating that translational machinery

244  components form the primary interaction scaffold in the biotic leaf stress response; a mitogen-
245  activated protein kinase, (MAPK; Phvul.003G059500) and a MAP kinase kinase

246  (Phvul.010G163000) also ranked among the top hubs, consistent with MAPK cascade activation
247  as acentral signal transduction mechanism in defense signaling, and all 12 biotic leaf hubs were
248  consensus meta-DEGs. In the abiotic leaf network (59 nodes, 46 edges), transcription factors
249  were the dominant hub class (7 of 20), including AP2/ERF domain (Phvul.004G068900),

250  growth-regulating factor (Phvul.010G130000), and bHLH domain-containing proteins

251  (Phvul.001G026800), reflecting a transcription factor-centered regulatory scaffold under abiotic
252  leaf stress; a tubulin beta chain (Phvul.002G198600) was the highest-connectivity node,

253 identifying cytoskeletal remodeling as an additional network focal point. The abiotic root

254  network (52 nodes, 32 edges) was anchored by hormone signaling components: NPR1-like

255  protein (Phvul.006G131400), a salicylic acid signaling regulator, ranked joint-highest in

256  connectivity (tied with a fungal lipase-like domain-containing protein, Phvul.004G020000), and
257  COI1 (Phvul.008G226500), the F-box component of the SCFC' jasmonate receptor complex,
258  was among the prominent signaling hubs, indicating that SA-JA hormone pathway genes occupy
259  central positions in the abiotic root interaction landscape; heat shock protein 90

260  (Phvul.004G107700), an ML-discovered gene, was also among the top hubs. The biotic root
261  network was extremely sparse (26 nodes, 6 edges), with all 12 hub genes derived from ML-

262  discovered genes and hormone signaling genes comprising the largest functional class (6 of 12),
263  including a chitinase (Phvul.001G046400), a RING-type domain-containing protein

264  (Phvul.002G099600), and a prohibitin (Phvul.011G018300). No gene was identified as a PPI hub
265  in more than one stress-tissue group, and hub gene meta-log.FCprofiles across all four groups
266  are displayed in Fig. 5; 6.

267  Figure 5. Hub gene expression heatmap across stress-tissue groups. Meta-log.FCexpression
268  values for the top 12 PPI hub genes per stress-tissue group (48 genes total). Rows split by the
269 PPl network in which each gene was identified as a hub. Annotation bars indicate gene source
270  (consensus meta-DEG = amber; ML-discovered = blue; both = charcoal) and functional gene
271  family.
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272  Figure 6. Protein-protein interaction (PPI) networks of hub genes across stress-tissue groups.
273  Networks constructed using STRINGdb (P. vulgaris, taxon 3885; minimum interaction score =
274  200). Each node represents the protein product of a hub gene, labeled by gene symbol or protein
275  family name (STRINGdb preferred name; nodes with no functional annotation labeled by gene
276 ID). Top 20 hub nodes per panel shown; edges filtered to hub-to-hub interactions. Node color:
277  green = consensus meta-DEG hub; blue= ML-discovered hub. Node size proportional to PPI
278  degree. Edge width proportional to interaction confidence score

279  Functional annotation of hub and other genes

280  Hub genes were annotated against GO, KEGG, Pfam, and Panther databases and classified into
281  seven functional gene family categories (Table 3). Hormone signaling genes constituted the
282  largest category (105 hub gene-group combinations), followed by Other/Unknown (98), kinases
283  (27), transcription factors (26), stress response proteins (19), transporters and cell wall genes
284  (10), and disease resistance (R) genes (6). The biotic root group had the highest proportion of
285  hormone signaling genes (45 of 113; 39.8%), consistent with jasmonate and ethylene signaling
286  roles in root defense. Disease resistance R genes were identified in the biotic leaf, abiotic leaf,
287  and biotic root groups (2 per group), with none detected in abiotic root.

288  Table 3. Distribution of WGCNA hub genes across functional gene family categories and stress-
289  tissue groups.

Gene family Biotic leaf Abiotic leaf Biotic root Abiotic root Total
Hormone signaling 34 17 45 9 105
Kinases 5 5 13 4 27
Transcription factors 8 6 7 5 26
Stress response proteins 9 5 1 19
Transporters and cell wall 2 2 5 1 10
Disease resistance (R genes) 2 2 0 6
Other/Unknown 37 17 37 7 98

290  Hub genes defined as the top 50 most-connected nodes by intramodular connectivity (kWithin)
291  per WGCNA co-expression module, restricted to ML-discovered genes; all hub genes showed
292  KkME > 0.80, confirming strong module membership. Thirty detailed sub-categories condensed
293 into seven broad functional families. Other/Unknown = genes with no assignable Pfam, Panther,
294  or KEGG Orthology (KO) annotation. Total = sum across all four stress-tissue groups; a gene
295  appearing as a hub in multiple groups is counted once per group.

296 Functional enrichment analysis of consensus meta-DEGSs per stress-tissue group

297  identified significant GO and KEGG enrichment exclusively in the abiotic leaf group; no other
298  group yielded statistically significant results after FDR correction (Table 4). Enriched GO terms
299 included peroxidase activity (GO:0004601; 7 genes; fold enrichment [FE] = 4.00; FDR = 0.031),
300 response to oxidative stress (GO:0006979; 7 genes; FE = 3.96; FDR = 0.031), root development
301 (GO:0048364; 3 genes; FE = 7.90; FDR = 0.038), shoot system development (GO:0048367; 3
302  genes; FE = 7.90; FDR = 0.038), and enzyme inhibitor activity (GO:0004857; 6 genes; FE =
303 3.67; FDR =0.038). Enriched KEGG orthologous groups included carbon-nitrogen hydrolase
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(K01674; 2 genes; FE = 9.63; FDR = 0.045), WRKY transcription factor (K04125; 3 genes; FE
=7.78; FDR = 0.045), and peroxidase (K00430; 7 genes; FE = 2.71; FDR = 0.045). The
convergence of peroxidase enrichment across both GO (G0O:0004601, GO:0006979) and KEGG
(K00430) analyses provides independent confirmation of oxidative stress defense as a central
feature of the abiotic leaf stress response.

Table 4. Functional enrichment of WGCNA hub genes in the abiotic leaf stress-tissue group.

Gene Fold
Type ID Term Ontology count enrichment FDR
GO GO:0006979 response to oxidative Biological ; 3.96 0.0307
stress Process
GO  GO0:0004601 peroxidase activity g"o'e‘?u'ar 7 4.00 0.0307
unction
GO GO:0048364 rootdevelopment  Diological 3 7.90 0.0383
Process
GO  GO:0048367 Snootsystem Biological 3 7.90 0.0383
development Process
GO GO:0004g57 Enzymeinhibitor - Molecular 6 3.67 0.0383
activity Function
KEGG Koie7a  Carbon-nitrogen KEGG 2 9.63 0.0445
hydrolase Orthology
KEGG Koatzs  WRKYtranscription KEGG 3 7.78 0.0445
factor Orthology
KEGG K00430 Peroxidase KEGG 7 271 0.0445
Orthology

Only the abiotic leaf group yielded significant enrichment after false discovery rate (FDR)
correction (Benjamini-Hochberg). GO enrichment tested using Fisher’s exact test against the P.
vulgaris genome annotation background. KEGG enrichment tested against KO assignments. Fold
enrichment = observed/expected gene count ratio. No significant terms were identified for biotic
leaf, abiotic root, or biotic root groups after FDR correction (minimum FDR = 0.050 for abiotic
root; excluded). KO descriptions for KO0430, K01674, and K04125 are based on KEGG
Orthology definitions.

Independent drought experiment

Physiological measurements confirmed differential drought tolerance between the two
contrasting common bean genotypes across two independent greenhouse trials. SPAD-derived
chlorophyll content declined under water-deficit conditions in both genotypes, with a significant
genotype x day interaction (split-plot repeated-measures ANOVA, a = 0.05) and a decline in the
susceptible genotype (P1361408) becoming apparent from day 6 of water stress in Trial 1. Mean
chlorophyll values under drought were consistently higher in the tolerant genotype (P1549793)
than in the susceptible genotype in both trials (Trial 1: 28.1 vs. 23.0; Trial 2: 37.3 vs. 33.6),
whereas values under well-watered conditions were comparable between genotypes (Trial 1:
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326  31.8vs. 29.4; Trial 2: 39.7 vs. 39.6), indicating a stress-specific rather than constitutive

327  difference in chlorophyll retention (Table S3). Leaf relative water content did not differ

328  significantly between genotypes overall, although the susceptible genotype showed a modest
329 increase in relative water content at 8 and 10 days after stress onset, likely reflecting reduced
330 transpirational water loss associated with advanced leaf senescence rather than improved drought
331 tolerance (Fig. S4 - S8). Reproductive and survival phenotypes showed the clearest genotypic
332  divergence: flowering (28 days after planting) and pod emergence (34 days after planting)

333  occurred exclusively in the tolerant genotype, with no flowering or pod set observed in the

334  susceptible genotype. At 20 days after water withdrawal, plant mortality reached 70% in the

335 tolerant genotype compared with 100% in the susceptible genotype.

336 Differential expression analysis of the independent common bean drought experiment
337 identified 1,848 DEGs at T3 (144 hours post-stress initiation) and 1,318 DEGs at T4 (192 hours).
338  The intersection of the T3 and T4 DEG sets defined 509 sustained drought-responsive genes. and
339  permutation testing of condition labels (1,000 permutations) confirmed that this count

340 substantially exceeded the null expectation, as all 1,000 permutations yielded fewer sustained
341  genes than the observed count (maximum permuted count = 281; empirical p < 0.001).

342  Genotype-stratified analysis identified 1888 and 2722 significant genes in the tolerant

343  (P1549793) and susceptible (P1361408) genotypes, respectively, at T3, and 1,459 and 1,662

344  genes at T4, with the susceptible genotype showing a consistently larger and more statistically
345  extreme transcriptional response at both timepoints (Figure S9).

346 KEGG pathway enrichment of the 509 sustained drought-responsive genes identified 5
347  enriched pathways, with plant hormone signal transduction (ko04075; 7 of 30 KO-annotated
348  sustained genes; fold enrichment [FE] = 53.8; FDR < 0.001), MAPK signaling pathway

349  (ko04016; 5 genes; FE = 44.9; FDR < 0.001), plant-pathogen interaction (ko04626; 4 genes; FE
350 =22.3; FDR <0.001), phenylpropanoid biosynthesis (ko00940; 3 genes; FE = 44.0; FDR <

351 0.001), and cutin, suberine and wax biosynthesis (ko00073; 2 genes; FE = 48.5; FDR = 0.005).
352 GO enrichment of the same gene set using a custom TERM2GENE table from the Phytozome
353  v2.1 annotation identified 5 significant term groups, including acyltransferase and biosynthetic
354  process activity (8 genes; FE = 27.5; padj < 0.001) and defense response, receptor signaling, and
355  protein kinase activity (9 genes; FE = 21.5; padj < 0.001). Enrichment of the genotype-stratified
356  gene sets identified plant hormone signal transduction as the most significantly enriched KEGG
357  pathway across all three sets: tolerant-specific (12 of 57 KO-annotated genes; FE = 48.6; FDR <
358 0.001; 6 pathways total), susceptible-specific (20 of 83 KO-annotated genes; FE = 55.6; FDR <
359 0.001; 8 pathways total), and shared (9 of 61 KO-annotated genes; FE = 34.0; FDR < 0.001; 10
360 pathways total), with MAPK signaling and phenylpropanoid biosynthesis also enriched in

361  multiple genotype sets, indicating that hormone signaling cascade gene activation was a

362  consistent feature of the drought transcriptional response irrespective of genotypic tolerance
363  status.

364  External validation of drought-responsive gene predictions

365  Core drought-responsive genes were validated against an independent common bean drought
366  experiment not included in the meta-analysis training set (Fig. 7A). The overlap between SVM
367  core genes and external DEGs was significantly greater than expected by chance (Odds Ratio =
368 1.35; p=.001, Fisher’s exact test). Predicted drought-response probability scores were

369 significantly higher for external DEGs than for non-significant genes (Fig. 7B), indicating that
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370 Random Forest probabilities trained on the meta-analysis gene set are likely informative for
371 independent experiment classification. Leave-one-study-out cross-validation (LOSO-CV) across
372  the four drought studies further evaluated model transferability (Table S2).

373  Figure 7. External validation of drought-responsive gene predictions in an independent common
374  bean experiment. (A) Observed (n = 132) vs. expected by chance (n = 102) overlap between
375 Random Forest core drought-responsive genes and DEGs from an independent common bean
376  drought experiment (OR = 1.35; p = 0.001, Fisher’s exact test). (B) Distribution of predicted
377  drought-response probabilities for the core genes found in the external dataset, stratified by

378 external DEG classification (firebrick = external DEG; grey = non-significant).

379  Ortholog mapping of stress-responsive genes to cowpea

380  Orthology mapping via Ensembl Plants BioMart identified one-to-one V. unguiculata orthologs
381  for 17,779 P. vulgaris genes across the abiotic and biotic stress tier classifications. Within the
382  abiotic stress framework, 2,399 cowpea ortholog assignments corresponded to Tier 1 meta-

383  analysis consensus DEGs (mean sequence identity = 90.0%), 2,118 to Tier 3 ML-discovered
384  genes (88.1%), and 53 to Tier 2 ML hub genes (88.0%); the corresponding biotic stress counts
385  were 3,161 (Tier 1; 89.9%), 2,487 (Tier 3; 88.0%), and 185 (Tier 2; 87.0%). Of the 291 ML hub
386  genes (Tier 2) identified across all stress-tissue groups, 238 (81.8%) - comprising 53 from abiotic
387 and 185 from biotic stress groups - had confirmed cowpea orthologs. Functional annotation of
388  these 238 cowpea hub gene orthologs identified Other/Unknown as the predominant class (165
389  genes; 69.3%), followed by Kinase_Signaling (30; 12.6%), Transcription_Factor (26; 10.9%),
390 Transporter (16; 6.7%), and R_gene_Defense (1; 0.4%); the proportional distribution of

391 functional classes was substantially conserved between P. vulgaris hub genes and their cowpea
392  orthologs, with gene-level functional class assignments across both species detailed in the

393  heatmap (Fig. 8).

394  Figure 8. Gene-level functional class assignments of P. vulgaris ML hub gene orthologs in
395  cowpea (Vigna unguiculata). Heatmap of functional class assignments for P. vulgaris ML hub
396  genes with a confirmed V. unguiculata ortholog and a known functional class (Other/Unknown
397  genes excluded). Each row represents one gene pair; row labels show P. vulgaris gene IDs (left)
398 and V. unguiculata gene IDs (right). Centre tiles show functional class in P. vulgaris (left tile)
399 and V. unguiculata (right tile). Right bar = percent sequence identity between orthologs.

400  Functional class assignments: Transcription factor, Kinase/signaling, Transporter, R

401  gene/defense.

402  Genomic prediction using RNA-seq-informed SNP subset scheme

403  SNP subset schemes based on proximity to evidence gene sets (Meta-DEG, ML genes,

404  Background) were evaluated against standard GBLUP in common bean disease resistance traits
405 and cowpea abiotic stress traits. In common bean (Fig. 9), Meta-DEG SNP subset improved SCN
406  resistance prediction over baseline for all the three HG types (+0.7% to +1.2%), while ML-

407  Combined subset improved prediction for HG Type 7 (+0.3%) and HG Type 2.5.7 (+0.5%) but
408  fell below baseline for HG Type 1.3.6.7 (—=0.7%), indicating that the ML hub gene SNP set is
409 less informative than the consensus Meta-DEG set for the most accurately predicted HG type.
410 The Background SNP subset underperformed baseline for all three HG types, confirming that
411  prediction gains were attributable to evidence gene-proximal SNPs rather than to reduced SNP
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412  density. The Meta-DEG proximal SNPs exceeded the mean accuracy of 100 size-matched

413  random SNP draws for all three HG types, while the ML-Combined proximal SNPs did not for
414  HG Type 1.3.6.7, consistent with the lower informativeness of the ML-Combined SNP set for
415  that HG type (Fig. 9). For bacterial wilt, Meta-DEG subset outperformed baseline for Race 528
416  (+0.6%) and Race 557 (+3.3%), while all evidence-based scheme subset modestly

417  underperformed baseline for Race 597 (—1.3%). The Meta-DEG proximal SNPs exceeded the
418 random draw mean for Race 528 and Race 557 but not Race 597, indicating that the prediction
419 advantage of evidence-based SNP selection is race-specific. The consistent ranking of Meta-
420 DEG and ML gene schemes above Background for most disease resistance traits indicated that
421  stress-responsive gene-proximal SNPs carry predictive information relevant to biotic stress
422  resistance, even when derived from gene expression profiling across diverse stress conditions.

423 In cowpea (Fig. 10), the ML gene SNP subset achieved the highest prediction accuracy
424 for five of six traits evaluated, with the largest relative gains for the salt stress plant height

425  tolerance index (RTI_H; +86.7%) and fresh biomass tolerance index (RTI_FB; +13.5%);

426  improvements for the remaining drought and salt traits were smaller (0.9%—-3.1%). The

427  exception was the composite drought tolerance score (dt_Score), where Meta-DEG SNP subset
428  performed best (+5.4%) and ML gene subset underperformed the baseline (—1.4%). Background
429  SNP schemes performed close to or below baseline across all traits, indicating that prediction
430  gains were attributable to evidence gene-proximal SNPs rather than to differences in SNP

431  density. ML gene-proximal SNPs exceeded the mean accuracy of 100 size-matched random SNP
432  draws in five of six traits (all except dt_Score), while Meta-DEG proximal SNPs exceeded

433  random in only two of six (dt_RTI_C_T and dt_Score), confirming that the refined ML hub gene
434  set carries greater genomic prediction utility for cowpea abiotic stress than the broader consensus
435 meta-DEG set.

436  Figure 9. Genomic prediction accuracy for common bean (Phaseolus vulgaris) disease

437  resistance traits using RNA-seg-informed SNP subset. (A) Soybean cyst nematode (SCN)

438  resistance across three HG types (B) Bacterial wilt resistance across three races. Meta-DEG =
439  SNPs in/near consensus meta-DEG genes; ML-Combined = SNPs in/near ML-discovered genes;
440  Baseline (Full) = equal-weight full-panel GBLUP; Background = remaining SNPs after evidence
441  gene removal; Random (Meta-DEG) and Random (ML-Combined) = size-matched random SNP
442  draws.

443  Figure 10. Genomic prediction accuracy for cowpea (Vigna unguiculata) abiotic stress traits
444  using RNA-seg-informed SNP subset. Meta-DEG = SNPs in/near consensus meta-DEG genes;
445 ML genes = SNPs in/near ML-discovered genes; Baseline GBLUP = equal SNP weights

446  (standard GBLUP); Background = remaining SNPs after evidence gene removal. RTI = relative
447  tolerance index. Drought traits: RTI for trifoliate chlorophyll (RTI_C_T), unifoliate chlorophyll
448 (RTI_C_U), and composite tolerance score. Salt traits: SPAD chlorophyll (RTI_C), fresh

449  biomass (RTI_FB), and plant height (RTI_H).

450 Discussion


https://doi.org/10.64898/2026.08.08.743654

bioRxiv preprint doi: https://doi.org/10.64898/2026.08.08.743654; this version posted August 12, 2026. The copyright holder has placed this
preprint (which was not certified by peer review) in the Public Domain. It is no longer restricted by copyright. Anyone can legally share, reuse,
remix, or adapt this material for any purpose without crediting the original authors.

451  Multi-stress RNA-seq meta-analysis reveals tissue- and condition-specific consensus
452  transcriptomes in common bean

453  In this study, our dual-criterion meta-analysis framework identified consensus stress-responsive
454 genes independently within each of the four stress-tissue groups, allowing us to directly compare
455  how tissue type and stress category shape the size and composition of the resulting gene sets.
456  Essentially, we found that the size and directionality of consensus meta-DEG sets varied

457  substantially across stress-tissue groups, reflecting genuine biological specificity in tissue

458  responses to stress categories rather than statistical artifact (Pereira et al., 2020). Abiotic root
459  produced the largest consensus set (2,972 genes; 13.7% of analyzed genes), consistent with

460  roots’ central role in abiotic stress perception and water/nutrient uptake (Aroca et al., 2012),
461  which demands broad and coordinated transcriptional reprogramming. In contrast, the abiotic
462 leaf response was comparatively narrow (250 genes; 1.0%), likely because the seven constituent
463  studies spanned diverse abiotic stressors (cold, drought, heat, and salt), producing partially non-
464  overlapping gene sets such that only the most broadly conserved stress-responsive genes passed
465  our dual-criterion consensus filter. The stratified approach we applied, which combines Fisher’s
466  method and REML meta-analysis with heterogeneity-dependent thresholds, is more robust than
467  single-criterion approaches, and we interpreted the narrow abiotic leaf set as reflecting genuine
468 biological constraint rather than insufficient statistical power. Biotic root yielded the fewest
469  consensus meta-DEGs of any group (19 genes), indicating that root defense responses to

470  Fusarium wilt, Rhizobium inoculation, and combined fungal-drought stresses are not

471  transcriptionally uniform across studies; these conditions likely triggered mechanistically distinct
472  programs, defense-oriented for Fusarium versus mutualistic for Rhizobium (Gourion et al.,

473  2015). Permutation testing confirmed that all four consensus counts exceeded the null

474  expectation under 1,000 label permutations (p < 0.001 for all groups), demonstrating that these
475  cross-study consensus signals are not attributable to chance.

476  Machine learning extend consensus framework coverage and identifies additional stress-
477  responsive genes

478  The SVM classification step recovered a substantially larger set of stress-relevant genes in all
479  four stress-tissue groups, and we found that its complementarity to consensus meta-analysis was
480  highest precisely where the consensus set was smallest. The proportion of ML-discovered genes
481 (0to 1 transitions) was highest in biotic root (917 of 1,144 total core genes; 80.1%) and abiotic
482  root (2,744 of 4,178; 65.6%), showing that SVM-based discovery extracted discriminative

483  patterns from the expression matrix even when between-study heterogeneity prevented deep
484  coverage by consensus approach. By contrast, ML-confirmed genes (1 to 1 transitions) made up
485  ahigher proportion of the abiotic leaf core gene set, where the consensus meta-DEG set was
486  already biologically refined. This inverse relationship between consensus set size and ML-

487  discovery proportion indicates that the two methods are functionally complementary rather than
488 redundant. Essentially, meta-analysis captured genes with consistent cross-study evidence, while
489  SVM captured genes with discriminative expression patterns not resolved by the consensus filter.
490  Sanchez-Munoz et al. (2025) used SVM clustering in Arabidopsis abiotic stress data to identify
491  gene modules with stable stress-specific expression; here, we extend that approach to a cross-
492  study, multi-stress classification context in a crop legume and showed that the SVM step

493  contributed the most additional information precisely in the groups where consensus meta-

494  analysis was most constrained by biological heterogeneity.
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495 Panahi et al. (2024) applied Random Forest and C4.5 classifiers to 18 barley studies and
496 identified 400 core stress-responsive genes using a precision-based discovery framework across
497  asingle stress type; our group-stratified design and inclusion of biotic stress conditions as

498  separate groups instead produced substantially larger per-group core gene sets. Notably,

499 classification precision was lowest for biotic root (0.198; permutation p = 0.02) — still significant,
500 but well below the p < 0.001 threshold achieved in the other three groups. Class imbalance from
501 asmall positive-class training set is a recognized challenge that canaffect classifier performance
502  in gene expression classification tasks (Al-Azani et al., 2024), and we attribute the reduced

503  precision in this group to the small number of consensus meta-DEGs available as positive

504 training labels combined with the mechanistic divergence of the three constituent studies. Thus,
505 we interpreted results from this group with caution than those from the other three. More

506 broadly, the 19 included studies span heterogeneous experimental designs and common bean
507  genotypes, and applying a single set of consensus criteria across groups with fundamentally
508 different heterogeneity profiles remains a constraint of our design; residual between-study

509 heterogeneity likely contributed to the observed low biotic root consensus count.

510  Stress tissue-group specificity and implications for molecular breeding

511  Wedid not find a single gene shared universally across all four stress-tissue groups, consistent
512  with established stress specificity in plant transcriptome remodeling and indicating that a single
513 unified common bean stress gene core does not exist based on this analysis. Abiotic root

514  dominated the core gene count (4,178 genes, of which 3,420 were group-specific) with limited
515  overlap with other groups, showing that root abiotic stress activates a largely independent

516 transcriptional program relative to leaf abiotic or biotic responses. In the largest pairwise cross-
517  group intersection we detected, where 38 upregulated and 13 downregulated genes are shared
518  between abiotic root and biotic leaf, it represented only 1.9% and 3.0% of their respective

519 upregulated gene sets, underscoring the degree of group independence. This pattern matches
520 tissue- and stress-type-specific regulatory networks documented in model species including

521  Arabidopsis (Sanchez-Munoz et al., 2025) and rice (Tarun et al., 2020) and is expected when
522  stressors perceived by roots (soil-borne pathogens, drought, nutrient deficiency) activate distinct
523  signaling cascades perceived by leaves (airborne pathogens, heat, light stress). We also observed
524  an inverse relationship between consensus meta-DEG set size and ML-discovery proportion —
525  highest in biotic root (80.1% ML-discovered) and lowest in abiotic leaf (73.2%), which further
526 indicates that ML-based classification provides a non-redundant extension of meta-analysis

527  results in high-heterogeneity groups rather than simply confirming the same genes. These

528 patterns have direct implications for molecular breeding in that gene panels for abiotic root

529 tolerance and biotic leaf resistance draw on largely non-overlapping transcriptional programs and
530 likely need to be developed from separate expression data sources. Consequently, we would not
531  expect genomic marker sets derived from abiotic root transcriptomics to hugely improve disease
532  resistance prediction in leaf tissue or vice versa.

533  Co-expression and protein-protein interaction networks define hub gene regulatory
534  architecture across stress-tissue groups

535 Our WGCNA co-expression analysis revealed substantial differences in module structure across
536  groups that reflect their underlying biological complexity. For example, we identified 14 co-
537  expression modules in the biotic leaf group, with complete convergence between ML-identified
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538 and consensus hub genes across every module — indicating that the biotic leaf transcriptome is
539  organized into multiple coordinated regulatory units, each independently captured by both

540  discovery approaches. This high module count is consistent with the transcriptional complexity
541  expected when studies representing bacterial blight, anthracnose, Fusarium wilt, and Rhizobium
542 interactions each activate partially overlapping but pathogen-specific regulatory programs. The
543  biotic root group, by contrast, was strongly ML-dominant: consensus meta-DEGs contributed
544  hub genes to only one of three modules, further supporting our interpretation that biotic root
545  defense gene expression is too variable across studies for consensus meta-analysis alone to

546  recover the full hub gene landscape, and that ML-based classification fills this gap. We also
547  found high co-expression overlap in abiotic leaf (mean 83.3 consensus meta-DEGs per ML hub
548  gene module) alongside a consensus-exclusive module (brown; 9 consensus hub genes, 0 ML
549  hub genes), together indicating that the abiotic leaf network combined a densely co-regulated
550 core genes captured by both methods with a subset of regulatory genes recoverable only through
551  meta-analysis consensus. ERF/AP2 domain transcription factors emerged as hub genes in three
552  of four stress-tissue groups, consistent with the established role of ethylene response factors in
553 integrating hormone signaling responses to both abiotic and biotic stressors across crop species.
554  This aligns with the central role of ethylene signaling in multi-stress responses reported by

555  Sanchez-Munoz et al. (2025) in Arabidopsis, although in our study ERF hub gene identification
556  was based simply on cross-study meta-DEG and ML discovery rather than direct ethylene

557  treatment.

558 The PPI analysis revealed divergent network architectures consistent with group-specific
559  biology. Ribosomal proteins made up four of the five top hubs in the biotic leaf network,

560 consistent with the role of translational reprogramming in plant immunity; this suggests that

561  ribosomal subunit composition changes represent a mechanism by which the biotic leaf stress
562  response modulates defense-related protein production (Bach-Pages et al., 2025). In the abiotic
563  root network, we found that salicylic acid signaling (NPR1-like, Phvul.006G131400) and

564  jasmonate perception (COI1, Phvul.008G226500) occupied the highest-connectivity positions,
565 indicating that biotic-defense hormone pathway components are co-opted into the abiotic root
566  stress response. This is a cross-stress signal integration pattern consistent with documented SA-
567  JA pathway activation under drought and heavy metal stress in legumes (Mohi-Ud-Din et al.,
568  2021; Pandey et al., 2025). The ML-discovered chaperone Hsp90 (Phvul.004G107700) also

569 ranked among the top abiotic root PPI hubs, consistent with its function in stabilizing NLR

570 immune receptors and client proteins under drought conditions (Madirov et al., 2025; Yang et al.,
571  2026). Hub genes in the biotic root group were predominantly hormone signaling genes (39.8%),
572  matching the expected pattern of jasmonate-ethylene pathway activation in root defense against
573  necrotrophic pathogens and symbiotic microbes. Notably, no gene was identified as a PPI hub in
574  more than one stress-tissue group, indicating that the network interaction landscape is as group-
575  specific as the transcriptional landscape itself. We also detected disease resistance (R) genes in
576 the abiotic leaf hub gene set (n = 2), consistent with documented cross-talk between abiotic and
577  biotic stress defense pathways in legumes.

578 Functional enrichment analysis identified significant GO and KEGG enrichment only in
579 the abiotic leaf hub gene set, with peroxidase activity independently confirmed by both GO

580 (G0:0004601, GO:0006979) and KEGG (K00430) analyses; ROS scavenging via peroxidases is
581  aconserved abiotic stress tolerance mechanism across plant species (Pandey et al., 2017), and
582 the enrichment of WRKY transcription factors fits their established role in regulating abiotic
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583  stress-responsive gene expression (Kiranmai et al., 2018). We interpret the absence of significant
584  enrichment in the other three groups as reflecting the functional heterogeneity of hub genes

585 identified across diverse biotic stressors combined with smaller hub gene counts in those groups,
586 rather than a true absence of coordinated function. Also, the statistical threshold stringency as
587  applied here for declaring enrichment may be worth consideration especially for biological

588  context.

589  Cross-species ortholog conservation supports functional transfer of stress-responsive gene
590 evidence to cowpea

591  We identified V. unguiculata counterparts for 238 of 291 ML hub genes (81.8%) across the
592  abiotic and biotic stress groups, with mean sequence identity for Tier 2 orthologs of 87.0-88.0%,
593 indicating high protein-coding conservation between the two species at the hub gene level.

594  Functional class proportions were substantially conserved between P. vulgaris hub genes and
595 their cowpea orthologs: Kinase Signaling (12.6%), Transcription Factor (10.9%), and

596  Transporter (6.7%) classes were all represented in cowpea at proportions comparable to common
597  bean, and the proportional distribution across non-other functional classes was structurally

598 similar between species. We interpret this degree of cross-species functional conservation as
599 evidence that the transcriptional regulatory architecture underlying stress responses is broadly
600  shared between these two legume species, consistent with the extensive genomic synteny

601 documented between common bean and cowpea (Lonardi et al., 2017), providing biological
602 justification for using common bean meta-analysis results to prioritize cowpea markers. This
603  supports our hypothesis that gene-proximal SNP subset selection informed by common bean
604  expression data carries information relevant to cowpea phenotypic prediction. Notably, the

605  Other/Unknown class constituted 69.3% of cowpea hub gene orthologs (165 of 238), reflecting
606  the narrow scope of the functional classification scheme rather than a genuine lack of functional
607  annotation as cowpea’s genome annotation resource is almost complete but many annotated
608  genes do not fall within the specific functional categories examined here. Thus, we infer

609 functional equivalence between common bean and cowpea orthologs from sequence homology
610 and class assignment, but this has not been experimentally verified at the protein interaction or
611 promoter regulation level.

612  External validation confirms transferability of ML-predicted drought-responsive gene sets

613  Here, we explored if a drought-specific classifier can be useful for identifying drought-

614  responsive genes from dataset of any common bean drought-stress study without training with
615 the dataset. Essentially, we validated core drought gene set against an independent common bean
616  drought experiment and confirmed that it is transferable beyond the training studies (Odds Ratio
617 =1.35; p =0.001), with higher predicted drought-response probabilities in external DEGs than in
618  non-significant genes. The enrichment odds ratio, while statistically significant, reflects a

619 moderate effect size, which we attribute to experimental design differences between the training
620  studies (treatment, diverse platforms and genotypes) and the external experiment (genotype, two
621  time points, single greenhouse environment). Consequently, we would expect these design

622  differences to reduce the transferability of any expression-based model trained on multi-study
623  meta-features. The AUC (0.967), by contrast, indicates near-complete separation of external

624  DEGs from non-DEGs by predicted drought-response probability rankings, showing that the
625  probability ranking remains broadly informative for identifying drought-responsive genes even
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626  when the experimental context differs from the training data. However, we note that this estimate
627  comes from a single external experiment, so we cannot rule out that some of the separation

628  reflects dataset-specific differences between external DEG and non-DEG sets rather than

629  generalizable drought-response signal. Essentially, testing the gene set from the prediction model
630 against additional, multiple independent drought experiments would help confirm the robustness
631 of the model’s performance. Meanwhile, leave-one-study-out cross-validation (LOSO-CV)

632  across the four studies used for the drought-specific classifier further supported transferability
633  (AUC ranged from 0.73 - 0.98).

634 RNA-seq-informed SNP subset selection improved genomic prediction accuracy for
635  multiple stress traits in common bean and cowpea

636  As agricultural systems face increasing pressure from climate change and emerging pathogen
637  variability, the ability to integrate multi-study multi-modal directly into molecular breeding tools
638  has direct implications for crop improvement programs in legumes like common bean and

639 cowpea, two protein-rich legumes of global food security relevance. Here, our genomic

640  prediction analysis provided direct experimental evidence that RNA-seq-derived gene lists

641 identified herein carries marker-level information useful for phenotypic prediction in two legume
642  species.

643 In common bean, the Meta-DEG SNP subset consistently ranked highest for SCN

644  resistance and bacterial wilt Race 528 and Race 557, though absolute improvements over

645  baseline were small (0.5%-3.3%). We attribute this to SCN prediction accuracy already being
646  high at baseline (r = 0.759-0.831), leaving limited room for improvement once the genomic

647  relationship matrix already captured most of the additive genetic variance with the full SNP set.
648  Our random draw comparison confirmed that Meta-DEG-proximal SNPs exceeded the null

649  distribution for Race 528 (r = 0.551 vs. random mean r = 0.546) and Race 557 (r = 0.456

650 vs. random mean r = 0.440), but not Race 597 (r = 0.446 vs. random mean r = 0.451) — indicating
651 that the gene expression-derived evidence set is informative for races whose resistance genetics
652  overlap with the stress transcriptome, and uninformative where resistance is instead governed by
653  regions/loci outside the stress-responsive gene landscape. We suspect the underperformance of
654 all evidence-based schemes for Race 597 reflects either a small number of major-effect

655  resistance loci not enriched in the stress transcriptome, or that the expression studies informing
656  our SNP subset assignments were not representative of the genetic architecture underlying

657  resistance to that race. Transferring common bean SNP subset assignments from gene expression
658  data to disease resistance prediction — two biologically distinct processes, remains an inherent
659 limitation of our cross-phenotype approach; nonetheless, the overall pattern of evidence-based
660  schemes ranking above Background across most traits supports our hypothesis that common

661  bean stress-responsive genes harbor SNPs with functional relevance beyond their transcriptomic
662  context.

663 In cowpea, the ML gene-proximal SNP subset achieved the highest prediction accuracy
664  for five of six traits, with the largest gains observed for traits with the lowest baseline accuracy,
665 RTI H:r=0.104 vs. r = 0.056 for baseline GBLUP (+86.7%), indicating that gene-set-based
666  subset selection is most impactful when baseline GBLUP captures little of the genetic variance,
667 likely due to small sample size or low trait heritability and/or environmental effect. For traits
668  with moderate baseline accuracy (RTI _C: r=0.438; RTI C T: r=0.449; RTL C U:r=0.516),
669 ML gene improvements were smaller (0.9%-3.1%), matching our expectation that prediction
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670  gains from SNP subset selection diminish as the baseline genomic relationship matrix captures
671 an increasing share of the additive genetic variance. Notably, for the composite drought tolerance
672  score (dt_Score), the Meta-DEG SNP subset outperformed the ML gene subset (+5.4%

673  vs.—1.4%) — the only trait where this ranking reversed, suggesting that the broader consensus
674  gene set better captured the polygenic architecture of composite tolerance, while the more

675 refined ML hub gene set may include SNPs in functionally specific genes less relevant to a

676  composite score, diluting its signal. Our random SNP draw comparison confirmed that ML gene-
677  proximal SNPs exceeded the null distribution in five of six traits, while Meta-DEG-proximal
678 SNPs exceeded random in only two of six (dt RTI C T and dt Score), establishing that the

679  accuracy advantage of ML gene-proximal SNPs reflects the biological informativeness of the
680  gene set rather than a statistical artifact of using fewer or random SNPs.

681 While we are able to show the biological significance of the transcriptome evidence used
682 in this genomic prediction design, we would like to highlight some other limitations. For

683  example, we conducted the bacterial wilt analysis using the lower-density 6K BARCBean6K3
684  SNP panel and we evaluated SCN resistance and cowpea abiotic traits using a moderate-density
685  panels (87,176 and 103,916 SNPs, respectively) based on available dataset and to reflect what
686  was reported on the two disease traits (Zia et al. 2022; Shi et al. 2025). Consequently, the BW
687  panel may not offer sufficient resolution to capture the full benefit of gene-proximal SNP subset
688  selection, and we would expect higher-density genotyping data to produce larger accuracy gains
689  for that trait system. We also used a single GRM kernel per evidence tier throughout; multi-

690  kernel approaches combining evidence and background GRMs within the same model such as
691  genomic feature BLUP (Edwards et al., 2016; Ye at al. 2020), may capture a larger proportion of
692  genetic variance and this warrant evaluation in future work.

693 Conclusion

694  Insummary, we showed that RNA-seq meta-analysis, machine learning, and network analysis
695  can be integrated into a unified pipeline for identifying stress-responsive gene sets in common
696  bean, and that these gene sets carry marker-level information relevant to genomic prediction. Our
697  group-stratified design, which separated abiotic and biotic conditions across leaf and root tissues,
698  revealed that stress-tissue specificity is a consistent feature of the common bean stress

699 transcriptome, and that ML-based gene discovery provides the most complementary information
700 precisely in groups where consensus meta-analysis is most constrained by biological

701  heterogeneity. We expect the approach presented here to be applicable to other crop species for
702  which multi-study RNA-seq data are available in public databases, and our cross-species

703  knowledge transfer component extends the utility of single-species transcriptomics beyond the
704  source species. Looking forward, higher-density genotyping data, multi-kernel GRM designs,
705  and tissue-specific expression panels matched to the target trait system may further improve the
706  genomic prediction gains we demonstrated here.

707  Method
708  Study selection and data retrieval

709 RNA-seq datasets were retrieved from the National Center for Biotechnology Information
710  Sequence Read Archive (NCBI SRA) (https://www.ncbi.nlm.nih.gov/bioproject/) . A structured
711  keyword search was performed using the following query: ("drought"[All Fields] OR "water
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712 deficit"[All Fields] OR "heat"[All Fields] OR "cold"[All Fields] OR "salt"[All Fields] OR

713  "nacl"[All Fields]OR "osmotic"[All Fields] OR "heavy metal"[All Fields] OR "bacterial"[All
714  Fields] OR "fungal"[All Fields]) OR "virus"[All Fields] OR "microbes"[All Fields] AND

715  "Phaseolus vulgaris"[porgn] AND "Expression profiling by high throughput sequencing"[Filter].
716  This search resulted in a total of 22 independent studies of which 19 was retained, encompassing
717  adiverse range of abiotic and biotic stress types. Details of the selected data sets are presented in
718  Table S1. Studies were retained if they: (i) used P. vulgaris as the experimental organism; (ii)
719  included stress treatment and corresponding non-stressed control; (iii) provided a minimum of
720  two biological replicates per condition; and (iv) covered leaf or root tissue or a combination of
721  both. Manual curation of database metadata confirmed stress treatment conditions, sample tissue
722  identity, and pairing of treated and control samples within the same project. FASTQ files for each
723  SRA run accession were retrieved using the prefetch utility of the SRA Toolkit (v3.0.0).

724  (https://github.com/ncbi/sra-tools). Essentially, the final list was composed of 461 transcriptome
725  datasets from 19 studies.

726  Transcript quantification and differentially expressed gene (DEG) detection

727  Raw read quality was assessed with FastQC (v0.12.1) and summarized across studies with

728  MultiQC (v1.21). Transcript quantification was performed using Salmon (v1.10.0; Patro et al.
729  2017) against the P. vulgaris v2.1 reference transcriptome (Schmutz et al. 2014). The reference
730 genome was selected based on annotation completeness and continuous curation since assembly.
731  Transcript-level abundance estimates were summarized to gene-level counts using the tximport R
732  package (Soneson et al. 2015), with counts derived from transcripts per million (TPM) scaled by
733  effective length. Batch effects within studies were corrected using ComBat-seq prior to

734  differential expression testing (Leek et al., 2012). To preserve the biological context within each
735  study, DESeq2 models (Love et al. 2014) were fitted according to the study-specific

736  experimental design of each dataset. Genes with counts > 10 in fewer than three samples were
737  removed and differentially expressed genes were defined by a false discovery rate (FDR) cut-off
738  of <0.05 and absolute log2 fold change (JLFC|) > 1.5. Principal component analysis and

739  Spearman sample-correlation heatmaps were produced pre- and post-batch correction for quality
740  control.

741  Cross-study hierarchical clustering analysis

742  Cross-study gene overlap was quantified by constructing gene-presence matrices for up- and
743  down-regulated DEGs and visualized as heatmaps using pheatmap R package (Kolde, 2019).
744  Gower dissimilarity (Gower, 1971) was computed on a study-by-gene binary matrix and used to
745  perform agglomerative hierarchical clustering with both complete and average linkage methods.
746  Also, Baker's gamma was computed to assess dendrogram concordance between the linkage
747  methods (Galili 2015). Finally, a diverging horizontal barplot was used to summarize per-study
748  DEG counts.

749  Stress-tissue group definition, meta-analysis approach and consensus gene designation
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750  Each study was assigned a stress-tissue group identifier to account for the distinct transcriptomic
751  signatures associated with stress type and tissue of origin. The identifier was defined as the

752  combination of stress category (abiotic or biotic) and tissue type (leaf or root), yielding four

753  groups (abiotic leaf, abiotic root, biotic_leaf, and biotic_root). Next, full results including

754  log2FoldChange, 1fcSE, and unadjusted p-values, were extracted per study and pooled by stress-
755  tissue group. Essentially, per-study results were retained as independent observations at the gene
756  level, with each gene's effect estimate reflecting the contrast fitted under that study's

757  experimental design. Only genes represented in at least three studies within a group were

758 included to ensure that meta-analytic estimates were based on independently replicated evidence.
759  Meta-analysis was performed independently for each stress-tissue group using a dual-criterion
760  approach. First, Fisher's combined probability statistic was computed x2 = —2 Ylog(p;),

761  distributed as chi-squared with df = 2k, where k is the number of contributing studies and p; are
762  per-study unadjusted p-values. Second, a random-effects model was fitted by Restricted

763  Maximum Likelihood (REML) implemented in the R package, metafor (Viechtbauer, 2010),
764  with per-study log2FoldChange as effect sizes and per-study 1fcSE squared as sampling

765  variances. The random-effects framework was used in addition to the Fisher’s because studies
766  differed in genotype, growth conditions, and stress severity, violating the assumption of a

767  common true effect size. Between-study heterogeneity was quantified by Cochran's Q statistic, I?
768  index, and the between-study variance (1?). Benjamini-Hochberg FDR correction was applied to
769  Fisher and REML meta p-values separately within each group.

770 Consensus meta-DEG significance designation was assigned by a set of [>-stratified rules
771  to balance sensitivity and specificity across the heterogeneity spectrum: genes with low

772  heterogeneity (I < 50%) required Fisher FDR < 0.05 and REML FDR < 0.05; genes with

773  moderate heterogeneity (50% < I* < 75%) required Fisher FDR < 0.05 and REML p <0.10

774  (Relaxed criterion, as moderate heterogeneity can inflate the REML standard error and cause
775  genuinely reproducible effects to fail the stringent FDR threshold); and genes with high

776  heterogeneity (I > 75%) required Fisher FDR < 0.01 and directional consistency > 0.80 across
777  contributing studies (proportion of studies with expression in the majority direction), since high
778  heterogeneity renders pooled effect size unreliable but supermajority directional agreement
779  across studies could constitutes strong reproducibility evidence. Genes for which REML could
780  not be fitted were excluded from the consensus.

781 To confirm that consensus (meta-DEG) calls exceeded what would be expected by

782  chance under the null hypothesis of no cross-study association, the empirical significance of
783  observed consensus gene counts was assessed by permutation; the logoFoldChange and

784  unadjusted p-values were independently permuted 1,000 times simultaneously across all genes
785  and studies, the full dual meta-analysis was re-run under the permuted data, and the number of
786  consensus-significant genes was recorded. Finally, an empirical p-value was computed as the
787  proportion of permutations in which the permuted count equaled or exceeded the observed count.

788  Machine learning gene discovery and validation
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789  Two machine learning (ML) analyses were implemented. For each stress-group, the feature

790  matrix comprised three variables derived from the group-specific meta-log>FoldChange: the
791  effect estimate, its square, and its absolute value; a parsimonious representation was used

792  because the group-stratified meta-analysis produces a single effect estimate per gene per group,
793  precluding richer feature construction at this stage. A Support Vector Machine (SVM) classifier
794  (using R package, e1071) with radial basis kernel was fitted using nested cross-validation: within
795  each outer fold, inner hyperparameter tuning was performed by three-fold cross-validation over
796  cost values (1, 10) and gamma values (0.01, 0.1, 1). An outer five-fold cross-validation loop
797  provided unbiased estimates of precision. The classification precision was computed as TP/(TP +
798  FP) = consensus/( consensus + ML-discovered). Also, accuracy, recall, F1, specificity, and area
799  under the receiver operating characteristic curve (AUC) were reported. Genes with consensus
800 meta-DEG status in any of the four groups were labeled as pre-classified (class 1); all remaining
801  genes were labeled class 0. The proportion of class 1 genes in the combined gene set (0.169)
802  served as the theoretical precision baseline, representing the expected precision of a classifier
803 that assigns positive labels at random. SVM output was used to identify class transitions: 1 to 1
804  (confirmed) genes are pre-classified genes retained as class 1 by SVM, and 0 to 1 (ML-

805  discovered) genes are those reclassified from 0 to 1 by SVM. Class imbalance was addressed by
806  assigning a fixed weight of 3 to the minority positive class relative to 1 for the majority negative
807  class, to prevent the classifier from defaulting to the majority negative class. Each gene was
808  assigned to exactly one outer test fold; genes predicted as stress-responsive by the SVM in their
809  assigned fold that were absent from the meta-analysis consensus (0 to 1 transitions) were

810  designated ML-discovered genes, representing biologically relevant candidates below the

811 conventional significance threshold. Genes confirmed by both meta-analysis and SVM (1 to 1
812 transitions) were designated ML-confirmed genes.

813 To assess whether genes identified by a drought-specific machine learning classifier

814  overlapped with differentially expressed genes from our independent common bean drought

815  experiment, a drought-specific classifier was trained on genes drawn from five drought studies
816  (three leaf and two root). The feature matrix comprised nine variables: meta-logoFoldChange
817  from the combined, leaf-specific, and root-specific meta-analyses; the absolute meta-

818 logoFoldChange; the number of studies in which the gene was observed; I?; between-study

819  standard deviation of logoFoldChange; direction consistency; and a range-normalized Fisher
820 combined statistic. Features were standardized to zero mean and unit variance prior to model
821 fitting. A Random Forest classifier (ranger) was fitted as the primary model using five-fold cross-
822  wvalidation and a support vector machine was fitted (like previously) in parallel as a secondary
823  classifier. Class imbalance was addressed by downsampling the majority class within each cross-
824  wvalidation fold and setting the positive-class weight to the ratio of negative to positive class

825  observations, capped at a maximum of 10. Core drought-responsive genes were defined as all
826  genes predicted positive in their held-out cross-validation fold by the Random Forest,

827  irrespective of pre-classification status. Generalization was assessed by leave-one-study-out

828  cross-validation (LOSO-CV), in which each of the five drought studies was held out in turn as
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829  the test set, with the Random Forest retrained on the remaining studies using three-fold cross-
830  validation. Permutation testing (1,000 permutations of class labels) established an empirical p-
831  value for the observed five-fold cross-validated F1 score, confirming that classifier performance
832  exceeded chance expectation. External validation was performed using DEGs from our

833  independent RNA-seq drought study, by a one-sided Fisher's exact test of core gene enrichment
834  among those externally detected DEGs, and by ROC-AUC of Random Forest probability scores
835  against their differential expression status.

836  Weighted gene co-expression network analysis (WGCNA)

837  Weighted gene co-expression networks were constructed independently for each of the four
838  stress-tissue groups using consensus-significant genes as input, with per-study logoFoldChange
839  values as the expression matrix and missing values set to zero (Zhang and Horvath, 2005). Soft-
840  thresholding power was selected based on the scale-free topology criterion (R? > 0.80). Signed
841  topological overlap matrices (TOM) were computed and subjected to hierarchical clustering with
842  average linkage. Modules were identified by dynamic tree cutting and modules with eigengene
843  dissimilarity < 0.25 were merged. Hub genes within each module were ranked by intramodular
844  connectivity. To validate ML-discovered genes (0 to 1 transitions), each ML-discovered gene
845  was projected onto the consensus-anchored network by correlating its expression profile with
846  module eigengenes and assigned to the module with the highest absolute correlation. ML-

847  discovered genes ranking in the top 10 by intramodular connectivity within their assigned

848  module and with module eigengene correlation [r| > 0.80 were designated priority ML

849  candidates, providing network-level validation independent of differential expression testing.

850 Protein-Protein interaction network analysis

851  PPI networks were constructed for each stress-tissue group using the STRINGdb R package

852  (version 12.0). WGCNA hub genes from each group were mapped to STRING protein identifiers
853  and their subnetworks extracted. Degree centrality was computed using the igraph R package,
854  and the top 12 genes per group by degree were designated PPI network hubs. Hub gene meta-
855  logyFCprofiles were visualized as a heatmap across the four stress-tissue groups.

856  Functional annotation of genes

857  Hub genes were annotated using the P. vulgaris v2.1 gene annotation (Phytozome v13;

858  Pvulgaris 442 v2.1.P14), with Pfam domain assignments (Pfam database, accessed January
859  2026), KEGG Orthology (KO) terms, and Panther superfamily classifications. Annotated genes
860  were classified into broad functional gene family categories. Enrichment of consensus meta-
861 DEGs against the P. vulgaris annotated gene background was tested for each stress-tissue group
862 by one-sided Fisher's exact test, applied separately to GO terms, KO terms, Pfam domains, and
863  Panther superfamilies. Enrichment p-values were FDR-adjusted by the Benjamini—Hochberg
864  method and terms with FDR < 0.05 were retained.

865 Independent drought experiment
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866  Plant materials and growth conditions

867  Data from an independent common bean drought experiment previously conducted at the Harry
868 R. Rosen Alternative Pest Control Centre, University of Arkansas, Fayetteville, AR, were used to
869  evaluate the external validity of the drought-specific gene set. The experiment consisted of two
870 independent greenhouse trials carried out under average conditions of 61.9% relative humidity
871  and 27°C air temperature. The common bean genotypes used in this study were selected based on
872  performance in a previous study which had evaluated a set of common bean accessions from the
873  USDA core collection. P1549793 (originally from China) and PI361408 (originally from India)
874  showed moderate tolerance and complete susceptibility respectively in the mini-core set

875  evaluated in the studies (Yang et al. 2019). For the trials in this study, direct seeding was done in
876 7.5 cm spaced rows within soil mix-filled polypropylene boxes (Sterilite Corporation, Townsend,
877 MA) with dimensions 88.6 x 42.2 x 15.6 cm. For the first trial, each genotype was directly

878  seeded into two rows at six plants/row and assigned rows randomly across the trial. In the second
879 trial, each genotype was directly seeded into five rows at four plants/row, assigned all rows

880 randomly within the box. To introduce moisture stress, watering was stopped in 19-days-old

881  seedlings, while watering was continued for the rest of the seedlings. The volumetric water

882  content of the soil mix was then monitored using a soil moisture meter (VG-METER-200,

883  Vegetronix) for both water regimes each day. After 2 days following water withdrawal, we

884  started collection of data on drought-associated traits including total chlorophyll value, leaf

885 relative water content, days to flowering, days to pod emergence, number of dead plants and

886  recovery rate.

887  Physiological measurements

888  For chlorophyll content, total chlorophyll value was assessed using soil plant analysis

889  development (SPAD-502) Plus meter (Spectrum Technologies, Inc., Plainfield, IL) on 3rd

890 trifoliate leaves of each plant for 10 consecutive days. Measurements were taken approximately
891  same time on each day. For each plant, each trifoliate leaves were assessed for chlorophyll value
892  at three different points and the average value was recorded. To assess relative water content in
893  the leaves of both genotypes over 10 days under water stress, we carefully collected four leaves
894  from four separate plants of each genotype. Leaves were collected on the 1st, 3rd, 6th, 8th, and
895  10th day after introduction of moisture stress. Each leaf was immediately placed inside a Ziplock
896  plastic bag and kept in a cool container until used for fresh weight measurement followed by
897  immersion in distilled water inside beaker for 24 hours under room temperature. Turgid weight
898  of individual leaf was measured, and leaves were placed in a laboratory oven overnight at 65°C.
899  Overnight dried leaves were used for dry weight measurement. Phenotypic data from total

900  chlorophyll value and relative water content were analyzed using the JMP software (SAS

901 Institute). The chlorophyll response was analyzed as a univariate analysis of variance (ANOVA)
902  using the Split-Plot repeated measures approach within the JMP software (SAS Institute). Water
903 regime was considered whole plot effect while genotype effect was nested within water regime
904  and the term specified as a random effect. The restricted maximum likelihood method (REML)
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905  was adopted for fitting the linear mixed model. Other measurements collected including days to
906 flowering and pod emergence was collected 20 days after moisture stress introduction.

907  Sample collection for transcriptional analyses

908  We collected leaf samples from the contrasting genotypes during the seedling stage at three

909 different time points (24, 144 and 192 hours after drought treatment) for transcript profiling. Leaf
910 samples were carefully collected from each of the genotypes throughout the different time point.
911  We collected at least five leaf (bulked) samples from plants of each genotype at each time point,
912  where each bulked leaf samples represented a replicate.

913 RNA-seq library preparation and sequencing

914 A total amount of 1 pg RNA per sample was used as input material for the RNA sample

915  preparations. Sequencing libraries were generated using NEBNext® UltraTM RNA Library Prep
916  Kit for [llumina® (NEB, USA) following manufacturer’s recommendations and index codes
917  were added to attribute sequences to each sample. Briefly, mRNA was purified from total RNA
918  using poly-T oligo-attached magnetic beads. Fragmentation was carried out using divalent

919  cations under elevated temperature in NEBNext First Strand Synthesis Reaction Buffer (5X).
920  The first strand cDNA was synthesized using random hexamer primer and M-MuLV Reverse
921  Transcriptase (RNase H-). Second strand cDNA synthesis was subsequently performed using
922 DNA Polymerase I and RNase H. The remaining overhangs were converted into blunt ends via
923  exonuclease/polymerase activities. After the adenylation of 3’ ends of DNA fragments, NEBNext
924  Adaptor with hairpin loop structure were ligated to prepare for hybridization. To select cDNA
925  fragments of preferentially 150-200 bp in length, the library fragments were purified with

926  AMPure XP system (Beckman Coulter, Beverly, USA). Then, 3 pl USER Enzyme (NEB, USA)
927  was used with size-selected, adaptor-ligated cDNA at 37°C for 15 min followed by 5 min at

928  95°C before PCR. PCR was performed with Phusion High-Fidelity DNA Polymerase, Universal
929  PCR primers and Index Primer. Finally, PCR products were purified (AMPure XP system) and
930 library quality was assessed on the Agilent Bioanalyzer 2100 system. Libraries were clustered on
931 acBot Cluster Generation System using PE Cluster Kit cBot-HS (Illumina) and sequenced on an
932  Illumina platform to generate paired-end reads.

933  Bioinformatic analysis

934  Transcript-level quantification was performed using Salmon and imported to gene-level counts
935  using the tximport R package, with transcript-to-gene mapping derived from the P. vulgaris v2.1
936  reference transcriptome. Results from differential expression analysis on timepoints were

937  reported but only T3 (144 hours) and T4 (192 hours) were used for validation. Genes with total
938  read counts below 10 across all samples were removed. Differential expression was performed
939 using DESeq? like other studies. Genes were declared differentially expressed at a Benjamini-
940  Hochberg adjusted p-value < 0.05 and [logFC| > 2.
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941 KO and GO term mappings were obtained from the P. vulgaris v2.1 gene annotation file

942  (Pvulgaris 442 v2.1.P14.annotation_info.txt; Phytozome v14). KEGG pathway enrichment was
943  performed using the enrichKEGG function in the clusterProfiler R package (p-value cutoff =
944  0.05) on four gene sets: sustained drought-responsive genes, tolerant genotype-specific genes,
945  susceptible genotype-specific genes, and shared genes expressed in both genotypes. GO term
946  enrichment for sustained drought-responsive genes was performed using the enricher function
947  with a custom TERM2GENE table constructed from GO annotations in the same Phytozome file
948  (p-value cutoff = 0.05). For tolerant-specific and susceptible-specific gene sets, GO annotations
949  were additionally retrieved from Ensembl Plants via the biomaRt R package and GO enrichment
950  was repeated.

951  Ortholog mapping and gene tier stratification

952  Consensus meta-DEGs and ML-discovered genes from P. vulgaris were mapped to orthologous
953  genes in Vigna unguiculata via Ensembl Plants BioMart, retaining one-to-one ortholog

954  relationships only. Next, genes were stratified into four tiers: Tier 1, meta-analysis consensus
955  DEGs; Tier 2, WGCNA hub genes from ML-discovered gene sets; Tier 3, remaining ML-

956  discovered genes; Tier 4, all other reference genome genes. Abiotic and biotic tiers were

957  constructed independently by combining leaf and root gene lists. Results from the ortholog
958  mapping are presented.

959  Validation of genes via genomic prediction in common bean and cowpea

960  Genomic best linear unbiased prediction (GBLUP) was used to evaluate whether SNP subsets
961  defined by transcriptomic evidence from the meta-analysis and ML frameworks, assigned to tiers
962  based on proximity, yielded higher prediction accuracy than equal-sized random SNP subsets
963  drawn from the same panel, thereby isolating the biological contribution of the gene annotation
964  from the effect of marker density alone. Genomic coordinates for tier-assigned genes were

965 retrieved from Ensembl Plants, and 50-kb windows were defined around each gene body; SNPs
966  falling within one or more windows were assigned to the highest-confidence tier among

967  overlapping windows, and the same window-based assignment was repeated using cowpea

968  ortholog genomic coordinates for cross-species validation. Four SNP subsets were evaluated in
969 all analyses: Meta DEG (Tier 1 SNPs proximal to consensus meta-DEG gene bodies),

970 ML genes (Tier 2 and Tier 3 SNPs proximal to ML-discovered gene bodies), Background (SNPs
971  outside all evidence gene windows), and Unweighted (all SNPs; standard GBLUP baseline),

972  each used to construct a separate genomic relationship matrix (GRM) by the VanRaden (2008)
973  method. In all analyses, a single-trait GBLUP model was fitted as thus:

974 y=1u+ Zu + e

975  where y is the phenotypic vector, p is the overall mean, u ~ N(0, Go?g) is the vector of genomic
976  breeding values, and e ~ N(0, Ic?¢) is the residual vector.
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977 For common bean, two independent datasets were used: a soybean cyst nematode (SCN)
978 resistance study (association analysis including genomic prediction) on 354 USDA accessions
979  with 87,176 SNPs derived from whole genome resequencing, and with phenotypic records for
980 three SCN HG types (HG Type 7, HG Type 2.5.7, and HG Type 1.3.6.7) (Shi et al. 2025),
981 and a bacterial wilt resistance study (association analysis including genomic prediction) on 168
982  accessions genotyped with the BARCBean6K3 SNP panel (approximately 6,000 SNPs), with
983  phenotypic records for three pathogen races (BW_528, BW 557, and BW_597) (Zia et al. 2022).
984  For the bacterial wilt dataset, SNP matrices were filtered by excluding markers with missing rate
985  exceeding 20%, heterozygosity rate exceeding 10%, or minor allele frequency below 0.05.

986  Genomic estimated breeding values (GEBVs) were obtained by REML implemented in the

987  sommer R package. Prediction accuracy was computed as the Pearson correlation (r) between
988  observed phenotypic values and GEBVs in the held-out validation set.

989 For cowpea, the SNP panel comprised 110,000 markers derived from whole genome
990 resequencing and uniformly subsampled at 10,000 SNPs per chromosome across all 11 cowpea
991  chromosomes for 253 USDA accessions (Ravelombola et al. 2021; 2025); markers on unplaced
992  scaffolds were excluded, and sequential quality control removed markers with missing rate

993  exceeding 20%, heterozygosity exceeding 10%, or minor allele frequency below 0.05, retaining
994 103,916 SNPs. Six abiotic stress phenotypes were analyzed, expressed as relative tolerance

995 indices (RTI= 100 x stressed value / non-stressed value): fresh biomass (st RTI FB), unifoliate
996 leaf SPAD chlorophyll (st RTI C), and plant height (st RTI H) under salt stress; and unifoliate
997  leaf SPAD chlorophyll (dt RTI C U), first trifoliate leaf SPAD chlorophyll (dt RTI C T), and a
998  composite drought tolerance score (dt Score). GRMs were similarly constructed using the

999  VanRaden (2008) method.

1000 Prediction accuracy was estimated by five-fold cross-validation repeated 100 times, with
1001  accuracy per repeat computed as the mean Pearson r across folds and final accuracy reported as
1002  the mean = SE across 100 repeats; model calibration was assessed identically to common bean.
1003  To establish size-matched null distributions, 100 random GRMs were constructed at the

1004 Meta DEG SNP count and the ML._genes SNP count (drawn without replacement) and each
1005 evaluated under the same five-fold CV and 100-repeat procedure.
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Common Bean RNA-seq Meta-Analysis: Figures and Tables

Tables

Table S1. Characteristics of the 19 RNA-seq studies included in the meta-analysis. This summarize the abiotic
and biotic stress conditions to captured in the analysis.

Dataset 1D Stress Tissue o RNA-seq
samples

PRINA1167919 Cold stress Leaf 18
PRINA793687  Cold stress Leaf 12
PRINA1011015 Droughtand CPMMV virus Leaf 12
PRINAB833276  Drought and nitrogen deficiency Leaf 12
PRINA327176  Drought tolerance Leaf 24
PRINAS530739  Heat stress Leaf 48
PRINA656794  Salt stress Leaf 24
PRINA868129  Heavy metal stress Root 90
PRINA311998  Mycorrhiza and drought Root 13
PRINA498535  Phosphorus deficiency Root 12
PRINA1219552 Colletotrichum lindemuthianum Leaf 12
PRINA851063  Pseudomonas syringae pv phaseolicola Leaf 21
PRINA911667  Pseudomonas syringae pv phaseolicola Leaf 15
PRINA725912  Pseudomonas syringae pv phaseolicola Leaf 4
PRINA648388  Xanthomonas phaseoli pv. phaseoli Leaf 24
PRJNA1130501 Xanthomonas citri pv. fuscans Leaf 36
PRJIJNA1023000 Fusarium oxysporum f. sp. phaseoli Root 30
PRINAG694365  Fusarium oxysporum f. sp. phaseoli and drought Root 24
PRINA650316  Rhizobium etli Root 30

Stress categories: Abiotic = drought, cold, heat, salt, heavy metal, and phosphorus deficiency; Biotic = fungal,
bacterial, and symbiotic pathogen/microbe exposure. Studies with fewer than 4 samples per condition were
excluded during quality control.
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Table S2. Leave-one-study-out cross-validation (LOSO-CV) performance of the Random Forest drought-
response classifier across the four studies.

Held-out study Dataset ID Tissue Test DEGs AUC
Drought tolerance PRINA327176 Leaf 3,695 0.989
Drought and nitrogen deficiency PRINA833276 Leaf 3,739 0.981
Drought and CPMMYV virus PRINA1011015  Leaf 10,233 0.848
Fusarium wilt and drought PRINA694365 Root 127 0.735

Test DEGs = number of significant differentially expressed genes in the held-out study; AUC = area under the
ROC curve for classification of held-out-study genes.

Table S3. Descriptive statistics for SPAD-measured chlorophyll values in P. vulgaris genotypes under drought
stress and well-watered conditions in two greenhouse trials.

Treatment® Mean Standard Median Stalfda.rd Kurtosis Skewness Range
Error Deviation
Triall D 23.0 0.9 243 6.0 -0.9 -04 229
Triall W 294 0.3 29.5 2.2 2.4 -1.1 10.7
P1361408 Trial2 D 33.6 0.2 33.6 1.8 -0.3 0.1 8.3
Trial2 W 39.6 0.1 394 1.5 -0.9 0.3 49
Triall D 28.1 0.4 29.0 2.8 -1.3 -04 8.6
Triall W 31.8 04 31.8 2.3 -0.6 0.0 9.2
PI349793 Trial2 D 37.3 0.2 36.9 2.2 -1.0 0.3 7.8
Trial2 W 39.7 0.1 39.2 1.2 -1.3 0.6 34

2D: Drought or water-deficit condition; W: Well-watered condition
The values for the first trial are from two replicates and the values for the second trial are from four replicates.
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Figures

Data Collection & Preprocessing

Per-Study Differential Expression Analysis

Meta-Analysis

Figure S1. Overview of the analytical pipeline for common bean (Phaseolus vulgaris) RNA-seq meta-analysis.
Workflow for the analysis integrating per-study differential gene expression analysis, meta-analysis (Fisher’s
method and REML), machine learning, WGCNA co-expression network analysis, protein-protein interaction
(PPI) network analysis, functional annotation, external drought validation, and genomic prediction validation in
cowpea and common bean.
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Figure 1. Study-level RNA-seq data quality and cross-study gene expression overlap. (A) Diverging barplot of

up- and downregulated DEG counts per study. Jaccard similarity heatmaps showing pairwise overlap of

upregulated (B) and downregulated (C) DEGs between the 19 included studies.
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Figure 2. Meta-analysis results across four stress-tissue groups. Heatmap of meta-log.FC values for the top 50
most variable consensus meta-DEGs across stress-tissue groups. Red = upregulated; blue = downregulated.
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Figure 3. Machine learning (SVM) gene discovery performance. (A) Permutation test confirming that SVM
prediction precision exceeds the null expectation (dashed line = null base rate = 0.1699) in all four stress-tissue
groups. Distributions represent 1,000 permutations of pre-classification labels; red vertical line = observed
precision. (B) UpSet plot of predictor genes (SVM-confirmed and ML-discovered) across stress-tissue groups.
No gene was universally identified across all four groups.
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Figure 4. WGCNA co-expression module analysis of hub genes across stress-tissue groups. (A) Module
membership (KME) vs. intramodular connectivity (kWithin) for ML-identified hub genes. All hub genes show
KME > 0.80 (dashed reference line), confirming strong module membership. Abiotic root contained a single co-
expression module (turquoise; kWithin = 2,766, kKME = 1.0) with no variation to display and is excluded. (B)
Mean intramodular connectivity (kWithin, log10 scale) per consensus meta-DEG co-expression module per
group; dot size = number of hub genes per module. (C) Number of hub genes per module per group for ML-
identified (blue) and consensus meta-DEG (amber) hub gene sets; bars present in both indicate convergent
module identification across discovery approaches.
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Figure 5. Hub gene expression heatmap across stress-tissue groups. Meta-log2FC expression values for the top
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Figure 6. Protein-protein interaction (PPI) networks of hub genes across stress-tissue groups. Networks
constructed using STRINGdb (minimum interaction score = 200). Top 20 hub nodes per panel shown; edges
filtered to hub-to-hub interactions. Node color: green = consensus meta-DEG hub; blue = ML-discovered hub.

Node size proportional to PPI degree. Edge width proportional to interaction confidence score.
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Figure 7. External validation of drought-responsive gene predictions in an independent common bean
experiment. (A) Observed (n = 132) vs. expected by chance (n=102) overlap between SVM core drought-
responsive genes and DEGs from an independent common bean drought experiment (Odds Ratio = 1.35; p =
.001, Fisher’s exact test). (B) Distribution of predicted drought-response probabilities for the 902 core genes
found in the external dataset, stratified by external DEG classification (firebrick = external DEG; grey = non-
significant).
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Figure 8. Gene-level functional class assignments of P. vulgaris ML hub gene orthologs in cowpea (Vigna
unguiculata). Heatmap of functional class assignments for non-Other/Unknown P. vulgaris ML hub genes with
confirmed cowpea orthologs. Each row is one hub gene; left column = P. vulgaris gene ID; centre tiles =
functional class in P. vulgaris (left tile) and V. unguiculata (right tile); right bar = percent sequence identity
between orthologs (black).


https://doi.org/10.64898/2026.08.08.743654

bioRxiv preprint doi: https://doi.org/10.64898/2026.08.08.743654; this version posted August 12, 2026. The copyright holder has placed this
preprint (which was not certified by peer review) in the Public Domain. It is no longer restricted by copyright. Anyone can legally share, reuse,
remix, or adapt this material for any purpose without crediting the original authors.

A Soybean cyst nematode (SCN) resistance by HG type
0.850

0.825

0.800

0.775 1

Prediction accuracy (r)

0.750

HG Type 7 HG Type 2.5.7 HG Type 1.3.6.7
B Bacterial wilt resistance by race
0.551

=

o

g

S 0.50

o

o

(1

c

2

5

=]

O 0454 =/I

& _————————=

0.40 1 . . .
Race 528 Race 557 Race 597
—@— Meta-DEG —®— ML-Combined —@&— Baseline (Full)
Random (Meta-DEG) Random (ML-Combined) —®— Background

Figure 9. Genomic prediction accuracy for common bean (Phaseolus vulgaris) disease resistance traits using
RNA-seg-informed SNP subset. (A) Soybean cyst nematode (SCN) resistance across three HG types (B)
Bacterial wilt resistance across three races. Meta-DEG = SNPs in/near consensus meta-DEG genes; ML-
Combined = SNPs in/near ML-discovered genes; Baseline (Full) = equal-weight full-panel GBLUP;
Background = remaining SNPs after evidence gene removal; Random (Meta-DEG) and Random (ML-
Combined) = size-matched random SNP draws.
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Figure 10. Genomic prediction accuracy for cowpea (Vigna unguiculata) abiotic stress traits using RNA-seq-
informed SNP subset. Meta-DEG = SNPs in/near consensus meta-DEG genes; ML genes = SNPs in/near ML-
discovered genes; Baseline GBLUP = equal SNP weights (standard GBLUP); Background = remaining SNPs
after evidence gene removal. RTI = relative tolerance index. Drought traits: RTI for trifoliate chlorophyll
(RTI_C_T), unifoliate chlorophyll (RTI_C_U), and composite tolerance score. Salt traits: SPAD chlorophyll
(RTI_C), fresh biomass (RTI_FB), and plant height (RTI1_H).
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Figure S2. Hierarchical clustering of the 19 included RNA-seq studies based on Gower dissimilarity of binary
gene-level differential expression profiles (DEG presence or absence per study), using complete linkage.
Baker’s gamma (0.943) reflects high concordance between this complete linkage dendrogram and an alternative
dendrogram, indicating the clustering pattern is robust to linkage method choice. Studies group primarily by
overall transcriptional scale (total DEG count) rather than by shared category or tissue.
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Figure S3. Functional class distribution of ML hub gene orthologs between common bean (Phaseolus vulgaris)
and cowpea (Vigna unguiculata). Proportional distribution of functional classes among ML hub genes in P.
vulgaris and their confirmed V. unguiculata orthologs, split by stress-tissue group. Five functional classes
shown: Transcription Factor, Kinase/Signaling, Transporter, R gene/Defense, and Other/Unknown. Only hub
genes with confirmed one-to-one cowpea orthologs are included (n = 238; 81.8% of 291 ML hub genes).
Functional class assignments are based on Pfam domain annotations and Arabidopsis best-hit descriptions from
the P. vulgaris v2.1 and V. unguiculata v1.2 Phytozome annotation files.


https://doi.org/10.64898/2026.08.08.743654

bioRxiv preprint doi: https://doi.org/10.64898/2026.08.08.743654; this version posted August 12, 2026. The copyright holder has placed this
preprint (which was not certified by peer review) in the Public Domain. It is no longer restricted by copyright. Anyone can legally share, reuse,
remix, or adapt this material for any purpose without crediting the original authors.

35

30
m PI361408
m PI545753
5
0
1 2 3 4 5

6 7 B 9 10

[ ol =] (=]
(53] = (53]

SPAD-derived chlorophyl value
]

Day(s) after stress imposition

45 2

40
H PI361408
u PI549793
10
5
0
1 2 3 4 5 6 7 8 9

10

] ] g &

SPAD-derived chlorophyl value

Day(s) after stress imposition

Figure S4. SPAD-derived chlorophyll values over a 10-day period in two P. vulgaris genotypes under water-
deficit condition in two independent trials (1 and 2). The values for the first trial are from two replicates and the
values for the second trial are from four replicates
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Figure S5. SPAD-derived chlorophyll values over a 10-day period in two P. vulgaris genotypes under normal
water condition in two independent trials (1 and 2). The values for the first trial are from two replicates and the
values for the second trial are from four replicates.
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Figure S6. Relative Tolerance Index (RTI) over a 10-day period in two P. vulgaris genotypes in two independent trials (1 and
2). Relative tolerance index was obtained by dividing the chlorophyll values from drought-treatment by normal water treatment
values. The value was then multiplied by 100 as thus: ((Stress/Non-Stress)*100).
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Figure S7. The distribution of SPAD-measured or derived response (chlorophyll content values or tolerance
indices) of two P. vulgaris genotypes under drought treatment conditions in two independent trials.
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Figure S8. Relative water content values derived over a drought treatment period in two common bean
genotypes.
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Figure S9. Genotype-specific drought-response for the independent drought experiment. Differential expression
(drought vs. healthy) was tested independently within each genotype at each timepoint. A = Tolerant at T3, B =
susceptible at T3, C = Tolerant at T4, D = Susceptible at T4. Colored points = significant genes (padj < .05,
llog2FC| >2); grey points = not significant
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