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Abstract 14 

Background Under global warming, important food crops such as rice are severely 15 

impacted by abiotic stresses. However, few studies have explored the mechanisms 16 

underlying abiotic stress responses from a systems biology perspective, limiting the 17 

identification of breeding targets for developing novel rice varieties with enhanced 18 

stress tolerance. 19 

Results Utilizing rice RNA-seq data under aridity, alkaline, and cold stress conditions, 20 

we proposed gsGNA (General Stress-resistance Gene Regulatory Network), a 21 

universal computational pipeline designed to identify plant stress-resistance regulators. 22 
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This pipeline employs six ensemble strategies to integrate the predictive outputs of six 23 

machine learning and deep learning algorithms, thereby systematically constructing 24 

high-confidence gene regulatory networks (GRNs) of rice under abiotic stress. 25 

Comparative analysis demonstrated that the XGBoost ensemble method consistently 26 

exhibited stable predictive performance across all three stress conditions. Subsequent 27 

network analysis identified 20 core transcription factors (TFs) that are shared among 28 

the three stresses. Functional enrichment analysis revealed that these TFs and their 29 

target genes cooperatively regulate key biological pathways, including hormone 30 

signal transduction, the MAPK signaling pathway, and primary metabolism. Network 31 

module analysis indicated that GRNs under different stresses are highly conserved in 32 

their overall architecture but exhibit significant divergence at the functional module 33 

level, reflecting an organizational pattern characterized by a "conserved core and 34 

divergent periphery". Additionally, through a reverse screening strategy based on core 35 

pathway target genes, 45 potentially novel regulators were predicted using the GRNs, 36 

providing new clues for further dissecting rice abiotic stress responses. 37 

Conclusions By applying the proposed gsGNA pipeline, we systematically mapped 38 

the GRN landscape of rice in response to common abiotic stresses, elucidated its 39 

network organizational patterns, and identified a set of candidate key TFs. These 40 

findings provide a theoretical foundation and a valuable target repository for rice 41 

stress-tolerance breeding. 42 

Keywords: rice, abiotic stress, GRNs, TFs, ensemble strategy, feature fusion 43 

 44 
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Background 45 

Plants in natural environments are frequently subjected to multiple concurrent 46 

environmental stresses, including both abiotic and biotic factors, which severely 47 

impair their growth, development, and reproduction [1]. Nevertheless, plants are not 48 

passive under such conditions; they orchestrate complex gene regulatory networks 49 

(GRNs) through various biomolecules, such as hormones, proteins, and metabolites, 50 

to mediate stress responses. These responses include the activation of defense-related 51 

genes, the regulation of metabolic pathways, and alterations in cellular structures, 52 

thereby enabling plants to survive and adapt to adverse environmental changes [2,3]. 53 

In systems biology, a GRN represents an interpretable computational model that treats 54 

transcription factors (TFs) and target genes as nodes to form network-connected 55 

graphs. This model systematically describes the complex interactions between TFs 56 

and their target genes, facilitating a comprehensive understanding of the 57 

TF-dominated regulatory systems and providing a valuable resource for discovering 58 

novel regulators and investigating underlying mechanisms [4]. 59 

Rice, as a globally essential food crop, has its yield and quality directly linked to 60 

food security. However, the intensification of global climate change has led to 61 

frequent occurrences of drought, low temperature and soil salinization, all of which 62 

severely threaten normal rice growth and productivity [5,6]. Consequently, there is an 63 

urgent need to develop new stress-tolerant rice varieties by investigating resistance 64 

mechanisms. Although several studies have explored GRNs and associated TFs in rice 65 

under individual abiotic stresses [7–9], systematic investigations of GRNs across 66 
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multiple abiotic stresses remain limited. Moreover, traditional experimental 67 

approaches are often costly and time intensive, making it difficult to comprehensively 68 

reveal the dynamic changes in GRNs under multiple stress conditions [10,11]. 69 

The rapid accumulation of omics data - including bulk RNA-seq, single-cell 70 

RNA-seq, and Stereo-seq - combined with advances in computational biology, has 71 

created new opportunities for studying abiotic stress-responsive GRNs [4]. Classical 72 

machine learning algorithms, such as Bayesian networks, random forests, support 73 

vector machines and gradient boosting, have been extensively applied to GRN 74 

inference [12–14]. Deep learning, a transformative approach capable of learning from 75 

large datasets and uncovering complex nonlinear relationships, is particularly 76 

well-suited to the challenging task of GRN inference [15]. However, individual 77 

algorithms exhibit inherent limitations in GRN inference; for example, tree-based 78 

models may overlook weak regulatory signals, mutual information methods may 79 

overestimate indirect regulatory relationships, and deep learning models often 80 

generalize poorly with small sample sizes. Multi-algorithm fusion strategies can 81 

effectively mitigate these methodological biases, reduce false positives, and improve 82 

robustness by integrating predictions from diverse methods [16,17]. Existing fusion 83 

strategies include simple aggregation, parallel ensemble methods, and serial ensemble 84 

techniques like gradient boosting and stacking, providing rich technical options for 85 

GRN inference [18]. Nevertheless, ensemble-based GRN methods have 86 

predominantly been applied to steady-state tissues in model organisms such as 87 

humans, mice, and Arabidopsis thaliana [19–21]; studies employing multi-model 88 
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ensemble fusion for GRN inference in rice under abiotic stress remain relatively 89 

scarce. Furthermore, multi-model ensemble fusion strategies developed for humans, 90 

mice, or Arabidopsis exhibit strong species specificity and context dependence, and 91 

thus cannot be directly transferred to rice abiotic stress GRN inference. This 92 

limitation arises partly from predictive distribution shifts caused by cross-species 93 

regulatory heterogeneity and partly from the fact that most existing fusion 94 

frameworks operate under a supervised learning paradigm that assumes the 95 

availability of ample, high-quality annotated data—an assumption that is difficult to 96 

reconcile with the scarcity of reliable gold-standard datasets in rice stress biology 97 

[22,23]. 98 

This study introduces an ensemble learning strategy and proposes gsGNA 99 

(General Stress-resistance Gene Regulatory Network), a universal pipeline for 100 

identifying plant stress-resistance regulators based on publicly available RNA-seq 101 

data from rice leaves subjected to three abiotic stresses: aridity, alkaline, and cold. 102 

The pipeline constructs base GRNs using six GRN inference methods, evaluates the 103 

performance of six ensemble learning strategies for integrating the feature weights of 104 

these base GRNs, and selects the optimal ensemble strategy. We analyze the 105 

topological features and reliability of the ensemble GRNs derived from the optimal 106 

strategy, use high-confidence ensemble GRNs to identify key TFs and functional 107 

modules, and mine potentially novel regulators. This work provides a theoretical 108 

foundation and candidate gene resources for enhancing stress tolerance in rice 109 

breeding. 110 
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Methods 111 

Data collection and processing 112 

To obtain RNA-seq data from rice subjected to aridity, alkaline, and cold stress 113 

conditions, we downloaded rice-leaf RNA-seq datasets GSE121303, GSE104928 and 114 

GSE112547 from the GEO database. TF data for rice was downloaded from the 115 

PlantRegMap/PlantTFDB v5.0 database, and TFs expressed in rice leaf tissues under 116 

different stress conditions were subsequently filtered [24]. Rice ChIP-seq data were 117 

collected from the ConnecTF database [25] and relevant published literature. For 118 

external validation to evaluate the generalization capability of the algorithms, three 119 

independent biotic-stress datasets (GSE113553, GSE157400, GSE176497) were 120 

collected. 121 

The gsGNA pipeline 122 

We designed a GRN analysis workflow to investigate plant responses to abiotic 123 

stress, establishing a generalized pipeline termed gsGNA for identifying plant 124 

stress-resistance regulators (Fig. 1). Specifically, gene expression matrices derived 125 

from rice leaves subjected to aridity, alkaline, and cold stresses, along with the TF list 126 

obtained from the PlantTFDB database, served as input data. Six inference models 127 

were employed to construct base GRNs for each stress condition. An ensemble 128 

learning strategy was then used to integrate the feature weights from these base GRNs, 129 

generating ensemble GRNs. To evaluate and select the optimal ensemble strategy, we 130 

utilized ChIP-seq data, transcription factor binding site (TFBS) data, and published 131 

differentially expressed gene (DEG) data from rice TF interference experiments. The 132 
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topological structure and reliability of the GRNs generated by the optimal ensemble 133 

strategy were further analyzed. The resulting high-confidence GRNs were 134 

subsequently used to identify key regulators and functional modules, as well as to 135 

mine potentially novel regulators. 136 

 137 

Fig. 1 The universal pipeline gsGNA for identifying plant stress-resistance regulators. 138 

Base GRN inference 139 

In this study, six GRN inference algorithms were employed as base models: two 140 

implemented in R—GENIE3 [26] and KBoost [27]—and four implemented in 141 
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Python—GRNBoost2 [28], 3DCEMA [29], DeepRIG [30] and IGEGRNS [31]. All 142 

algorithms received identical inputs: a normalized gene expression matrix and the TF 143 

list. To ensure comparability across methods, the raw regulatory weights generated by 144 

each algorithm were standardized using Z-score normalization, and only regulatory 145 

interaction pairs with |Z| > 1.96 (two-tailed test, P < 0.05) were retained. 146 

Multi-model ensemble fusion and performance evaluation 147 

To select the optimal ensemble strategy and obtain high-confidence ensemble 148 

GRNs, six integration schemes—AdaBoost, Bagging, Stacking, XGBoost, hard 149 

voting, and quantile rank fusion—were employed to combine the feature weights 150 

from the GRNs inferred by the aforementioned algorithms. The regulatory 151 

relationships validated by ChIP-seq data were compared with the regulatory edges 152 

predicted by these fusion algorithms, and the Area Under the Receiver Operating 153 

Characteristic Curve (AUROC) and the Area Under the Precision-Recall Curve 154 

(AUPR) were computed as evaluation metrics. The performance of the ensemble 155 

strategies was evaluated using both the raw mean of the metrics and a scenario 156 

ranking scoring system. The raw metric mean represented the average of AUROC and 157 

AUPR for each ensemble strategy across different scenarios, reflecting the model’s 158 

absolute inference accuracy. In the scenario ranking scoring system, the six ensemble 159 

strategies were ranked by metric value from highest to lowest: the top-ranked strategy 160 

received 6 points, each subsequent rank was assigned one point less, and the 161 

sixth-ranked strategy received 0 points. The total score for each strategy was obtained 162 

by summing the scores across all scenarios. In addition, a random permutation null 163 
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model was constructed for significance testing to determine whether the GRN 164 

predictions significantly outperformed the random null model, following the 165 

procedure described in reference [32]. External validation datasets (GSE113553, 166 

GSE157400, GSE176497) were used to test the stability and robustness of the 167 

ensemble strategies. 168 

The primary hyperparameter settings for the optimal ensemble strategy, 169 

XGBoost, in this study were as follows: max_depth=3, eta=0.15, nrounds=500, 170 

early_stopping_rounds=30, subsample=0.8, colsample_bytree=0.8, with a global 171 

random seed set to 123. Model evaluation was conducted using stratified 5-fold 172 

cross-validation. Complete hyperparameter details for the six ensemble strategies are 173 

provided in Supplementary Dataset 1. 174 

Ablation experiments 175 

To evaluate the marginal contribution of each of the six base GRN inference 176 

algorithms in the fusion framework, we systematically enumerated all possible 177 

algorithm combinations (2⁶−1 = 63 in total). The performance of each combination 178 

was assessed separately under alkaline, aridity, and cold stress conditions. TF–target 179 

gene interaction pairs validated by ChIP-seq served as the gold standard, and AUROC 180 

was employed as the primary evaluation metric. 181 

Evaluation of network reliability and predictive performance 182 

To assess the reliability and predictive performance of the ensemble GRNs, we 183 

computed key network topological metrics, including the average degree, global 184 

clustering coefficient, average path length, network density, and degree distribution. 185 
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For comparative analysis, control random networks were generated based on the core 186 

parameters of the ensemble networks to examine their non-random structural 187 

properties. TFBS data for rice TFs were downloaded from the RiceTFtarget database 188 

[33]. The degree of overlap between these TFBS data and the predicted regulatory 189 

pairs was analyzed to further evaluate predictive performance. Additionally, published 190 

DEG data from rice TF interference experiments were used to verify the overlap 191 

between network-inferred TF–target pairs and the experimental data (Supplementary 192 

Dataset 2) [34–36]. 193 

Identification of key TFs 194 

The degree centrality for each TF in the GRNs was computed. Using the Poisson 195 

distribution as the null model, we performed a right-tailed test to calculate the P-value 196 

for the degree of each TF and to evaluate statistical significance. Raw P-values were 197 

adjusted using the Bonferroni correction. TFs with adjusted P < 0.05 were designated 198 

as key regulators. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and 199 

Genomes (KEGG) analyses were performed to explore the biological functions of 200 

these key TFs under different stress conditions, as well as the enriched pathways of 201 

their target genes. 202 

Functional module identification and GO enrichment analysis 203 

Functional modules within the GRNs of rice leaves under distinct abiotic stresses 204 

were identified using eight network clustering algorithms available in the 205 

miRspongeR R package: FN, MCL, MCODE, Infomap, Prop, Eigen, Louvain and 206 

Walktrap [37]. Only modules containing between 10 and 300 genes were retained for 207 
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subsequent analysis. A target set of modules was selected based on both module size 208 

(number of genes) and the abundance of key TFs within each module. These selected 209 

modules were then subjected to GO functional enrichment analysis. 210 

Screening of potentially novel regulators 211 

To identify potentially novel key TFs involved in rice abiotic stress responses, 212 

we analyzed the KEGG pathway enrichment results of the target genes regulated by 213 

these key TFs. Core plant stress response signaling pathways were extracted, and 214 

target genes with well-validated functional roles in these pathways were designated as 215 

core target genes (threshold: BH-adjusted q-value < 0.05). The GRNs were then used 216 

to perform a reverse screening to identify upstream TFs regulating these core target 217 

genes. Following a comprehensive literature review, TFs that were present under 218 

multiple stress conditions but lacked previously reported stress-related functions were 219 

ultimately selected as novel key regulators. 220 

 221 

Results 222 

Rice stress responses exhibit gene transcriptional expression specificity 223 

To explore the transcriptional regulatory characteristics of rice under different 224 

abiotic stress conditions, we examined RNA-seq data from aridity, alkaline and cold 225 

stress treatments. The analysis revealed that alkaline stress induced the expression of 226 

the largest number of genes (37,447 genes, including 1,645 TFs), followed by cold 227 

stress (33,209 genes, 1,387 TFs), while aridity stress elicited the fewest (28,829 genes, 228 

1,268 TFs) (Fig. 2a). A total of 22,328 core expressed genes and 1,153 core TFs were 229 
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common across all three stresses. Each stress condition also exhibited a large number 230 

of specifically expressed genes (alkaline: 8,006; aridity: 4,997; cold: 4,894) and a 231 

limited number of stress-specific TFs (alkaline: 198; aridity: 19; cold: 26) (Fig. 2b). 232 

These findings indicate that all three abiotic stresses trigger extensive transcriptional 233 

responses in the rice genome, characterized by a high degree of shared genes and TFs 234 

alongside relatively few stress-specific genes and TFs. This suggests that TF-mediated 235 

GRNs under different stress responses comprise both conserved regulatory modules 236 

and distinct, stress-adaptive regulatory patterns. 237 

 238 

Fig. 2 Comparison of gene and TF expression levels in rice subjected to different abiotic stress 239 

conditions. a Bar chart showing the total number of expressed genes (depicted by blue bars) and total 240 

number of TFs (represented by purple bars) under the three stress conditions: alkaline, aridity and cold. 241 

b Venn diagrams showing the distribution of general genes and TFs among the three stress conditions. 242 

The XGBoost ensemble strategy significantly improves GRN inference 243 

performance under multiple stresses 244 

To address the inherent bias and instability of individual algorithms in GRN 245 
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inference, we employed ensemble strategies that utilized the base GRNs generated by 246 

six distinct algorithms to obtain high-confidence GRNs for subsequent functional and 247 

mechanistic analyses. To select the optimal ensemble strategy, we used ChIP-seq data 248 

to validate and compare the performance of six fusion strategies—Stacking, AdaBoost, 249 

Bagging, hard voting, quantile rank fusion, and XGBoost—in the context of GRN 250 

inference under multiple stress conditions (Supplementary Dataset 3). The cumulative 251 

ranking total scores across all scenarios (Fig. 3a) showed that XGBoost attained 252 

scores of 994 for AUPR and 944 for AUROC, significantly outperforming all other 253 

strategies. In contrast, Stacking yielded the lowest total score. A global average 254 

performance evaluation further confirmed that XGBoost simultaneously achieved the 255 

highest average AUROC and average AUPR, indicating superior predictive accuracy 256 

(Fig. 3b). Meanwhile, the per-stress, per-metric scoring results (Fig. 3c) showed that 257 

XGBoost consistently achieved the highest scores across all stress conditions and 258 

evaluation metric combinations, whereas the performance of other fusion strategies 259 

exhibited marked variability under different stress environments. By integrating the 260 

results from both evaluation frameworks—namely, the absolute metric means and the 261 

cross-scenario ranking scores—we conclude that the XGBoost ensemble fusion 262 

strategy optimally combines predictive accuracy with cross-dataset stability, thereby 263 

making it the preferred fusion strategy for the gsGNA pipeline. 264 
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 265 

Fig. 3 Comprehensive comparative analysis of six ensemble fusion strategies for multi-stress GRN 266 

inference. a Cumulative ranking total scores of AUPR and AUROC metrics for each strategy across all 267 

network scenarios. b Global mean distributions of AUPR and AUROC metrics for each fusion strategy; 268 

error bars represent the range of metric variation. c Heatmap of cumulative scores under different 269 

stresses and metrics; the values in the colored cells represent the total scores for each strategy under the 270 

corresponding conditions, with a color gradient from yellow to purple indicating scores from low to 271 

high. 272 

To investigate the performance advantage of the ensemble strategy over single 273 

GRN inference methods, we calculated AUROC using ChIP-seq datasets as the gold 274 

standard, assessed the statistical reliability of the results through permutation null 275 

model tests, and performed external validation using three independent datasets. The 276 

results showed that the predictive accuracy of the XGBoost ensemble strategy was 277 

generally superior to that of most single base algorithms, although it was slightly 278 
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lower than that of IGEGRNS and KBoost under aridity stress (Fig. 4a). In the 279 

independent validation sets for Magnaporthe oryzae (MO), Nephotettix cincticeps 280 

feeding (NC) and rice stripe virus (RSV), XGBoost achieved the highest AUROC 281 

values across all datasets, reaching 0.62, 0.90, and 0.94, respectively. Permutation 282 

tests indicated that the fusion network reached an extremely significant level (P < 283 

0.001) under most stress conditions, whereas single algorithms exhibited considerable 284 

performance variability and poor generalization (Fig. 4b). These results suggest that 285 

the XGBoost ensemble strategy combines higher predictive accuracy with more stable 286 

generalization performance across different stress scenarios. 287 
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 288 

Fig. 4 Evaluation of AUROC for six individual GRN inference algorithms and the XGBoost ensemble 289 

fusion strategy on biotic and abiotic stress datasets. a Bar chart presents the AUROC values for each 290 

algorithm across three abiotic stress conditions. b Bar chart displays AUROC values for each algorithm 291 

in the three biotic stress external validation sets. Significance P-values were assessed using permutation 292 

null model tests: *** P < 0.001, ** P < 0.01, * P < 0.05, and ns indicating non-significant. 293 

Ablation experiments revealed that the optimal algorithm combination for 294 

XGBoost fusion varied depending on the stress type (Table 1 and Supplementary 295 
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Dataset 4). Under alkaline stress, the combination of 3DCEMA, GENIE3, 296 

GRNBoost2, and IGEGRNS was optimal (AUROC = 0.707); under aridity stress, the 297 

combination of 3DCEMA, GRNBoost2, and KBoost was optimal (AUROC = 0.733); 298 

and under cold stress, the combination of 3DCEMA, GENIE3, and GRNBoost2 was 299 

optimal (AUROC = 0.740). The AUROC values for all three optimal combinations 300 

were significantly higher than those of the full six-algorithm combination model 301 

(AUROC = 0.663, 0.615, and 0.667, respectively). 3DCEMA and GRNBoost2 were 302 

essential components in the optimal combinations across all three stress conditions, 303 

constituting the core algorithm set; KBoost contributed significantly only under 304 

aridity stress; DeepRIG did not appear in any optimal combination; and IGEGRNS 305 

made only a marginal contribution under alkaline stress. These results indicate that the 306 

best performance of XGBoost fusion is not achieved by stacking more algorithms but 307 

rather by selecting complementary subsets tailored to specific stress conditions. 308 

Table 1 Optimal algorithm combinations of XGBoost and AUROC under the three stresses 309 

Stress type 

Optimal algorithm 

combination 

AUROC of 

optimal 

combination 

AUROC of six 

base-model 

ensemble 

Improvement 

Alkaline stress 

3DCEMA + GENIE3 

+ GRNBoost2 + 

IGEGRNS 

0.707 0.663 +0.044 

Aridity stress 

3DCEMA + 

GRNBoost2 + 

0.733 0.615 +0.118 
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KBoost 

Cold stress 

3DCEMA + GENIE3 

+ GRNBoost2 

0.740 0.667 +0.073 

Ensemble GRNs exhibit typical biological topological features and excellent 310 

predictive performance 311 

To validate the authenticity and biological plausibility of the GRNs constructed 312 

using the XGBoost ensemble method from the perspective of overall network 313 

architecture, we analyzed their global topological features. The log-log degree 314 

distribution demonstrated that the GRNs under all three stress conditions followed a 315 

power-law, scale-free distribution, characterized by a limited number of highly 316 

connected hub genes. Notably, the distribution in the high-node-degree region 317 

significantly deviated from that of the random networks (Fig. 5a). Quantitative 318 

comparisons of topological metrics revealed that, compared with random networks, 319 

the ensemble GRNs under aridity and cold stresses exhibited higher clustering 320 

coefficients and shorter average path lengths, displaying typical small-world 321 

characteristics. Although the average path length of the ensemble GRN under alkaline 322 

stress was slightly higher than that of the random network, its clustering coefficient 323 

was significantly higher, and the difference in path length between the two was 324 

minimal, still satisfying the criteria for classification as a small-world network [38] 325 

(Fig. 5b). These results indicate that the ensemble GRNs are not randomly connected 326 

networks but conform to the topological rules inherent in biological regulatory 327 

systems, thereby exhibiting reliability and biological rationality. 328 
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329 

Fig. 5 Topological feature analysis of XGBoost ensemble-fused GRNs. a Log-log plots of node degree 330 

distribution for the fused GRNs under the three abiotic stresses. The x-axis represents node degree k 331 

(log10-transformed), while the y-axis represents the frequency P(k) of nodes with the corresponding 332 

degree (log10-transformed). Red, green and blue scatter points represent the alkaline, aridity and cold 333 
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stress fused networks, respectively, and the dashed lines are power-law fitting curves. b Comparative 334 

analysis of four key topological metrics (average degree, clustering coefficient, average shortest path 335 

length and network density) between the real fused GRN (illustrated by blue bars) and an equal-scale 336 

random network (depicted by purple-red bars). Error bars represent the standard error of repeated 337 

metric calculations. 338 

To further evaluate the reliability of the ensemble GRNs, we validated them 339 

using TFBS data and DEG data from TF interference experiments. The results showed 340 

that, under all three stress conditions, a proportion of regulatory relationships in the 341 

ensemble GRNs were supported by TFBS data. Specifically, under alkaline stress, a 342 

total of 34,126 TF-target regulatory interaction pairs were identified from TFBS data, 343 

among which 1,207 TF–target edges overlapped with those in the ensemble GRNs. 344 

Under aridity stress, 29,444 unique TFBS regulatory pairs were observed, and 1,259 345 

regulatory relationships in the GRN predictions were corroborated by TFBS data. 346 

Under cold stress, 31,152 regulatory relationships were supported by TFBS data, with 347 

1,269 overlapping with the inferences from the XGBoost model. Hypergeometric 348 

distribution tests revealed that all three sets of overlapping regulatory interactions 349 

were significantly enriched compared to random expectation, confirming the 350 

biological relevance of the predicted networks (Fig. 6a). Further evaluation using 351 

DEG data from three stress-related TF interference experiments (OsWRKY1, 352 

OsbZIP62, OsWRKY70) showed that the target genes predicted by XGBoost for 353 

OsWRKY1, OsbZIP62, and OsWRKY70 overlapped with the respective DEG sets by 354 

473, 58 and 70 genes, respectively. Hypergeometric tests indicated that these overlaps 355 
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were statistically significant (P < 0.01, FDR-corrected) (Fig. 6b). These findings 356 

demonstrate that the XGBoost ensemble method can effectively capture TF–target 357 

regulatory relationships supported by experimental evidence across multiple abiotic 358 

stress conditions. This confirms that the inferred ensemble GRNs are reliable and 359 

applicable, and exhibit robust predictive performance, thereby establishing a stable 360 

foundation for subsequent identification of core regulators and elucidation of 361 

functional mechanisms. 362 

363 

Fig. 6 Evaluation of the reliability of XGBoost ensemble-fused GRNs. a The bar chart shows the 364 

number of TFBS regulatory pairs obtained by screening TFs under the three abiotic stresses (depicted 365 

by blue bars), and the number of regulatory edges predicted by XGBoost and validated by TFBS under 366 

each stress (represented by red bars); significance P-values are based on hypergeometric distribution 367 

tests. b Overlap analysis between target genes and DEGs was conducted, showing the overlap between 368 

TF-predicted target genes and DEGs from the corresponding TF interference lines under abiotic stress; 369 

significance P-values were calculated based on hypergeometric distribution tests. 370 

Rice possesses stress-specific and shared key TFs under different abiotic stresses 371 
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To investigate the mechanisms underlying rice responses to different abiotic 372 

stresses, we used the ensemble GRNs to identify key TFs under each stress condition. 373 

As shown in Fig. 7a–b, a total of 318 key TFs were identified under alkaline stress, 374 

and 290 under aridity stress. Cold stress exhibited the fewest key TFs, with only 202. 375 

Each stress condition had unique key TFs (32 specific to alkaline stress, 1 specific to 376 

cold stress and 0 specific to aridity stress), indicating that different abiotic stresses 377 

activate distinct independent transcriptional regulatory pathways to adapt to the 378 

specific damage they induce. Furthermore, several key TFs were shared among stress 379 

conditions: 54 were common to alkaline and aridity stresses, 46 to aridity and cold, 41 380 

to alkaline and cold, and 20 core key TFs were shared across all three stresses. A 381 

literature review revealed that these shared TFs serve as core regulatory elements in 382 

plant responses to multiple abiotic stresses, suggesting the existence of overlapping 383 

molecular networks and common pathways in rice abiotic stress responses [39,40]. 384 

385 

Fig. 7 Identification of key TFs based on ensemble GRNs. a Quantitative distribution of key and 386 

non-key TFs across different stress types. The bar chart shows the numbers of key TFs (depicted in red) 387 

and non-key TFs (depicted in blue) under alkaline, aridity and cold stress conditions. b Overlap of key 388 
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TFs among the three stress types. The Venn diagram shows both shared and unique key TFs among the 389 

three stress conditions. Numbers presented in parentheses follow the format (total key TFs / number of 390 

specifically expressed TFs under the corresponding stress); the second value is set to 0 for multi‑stress 391 

overlapping regions, as such regions do not contain single stress specific TFs. 392 

Ensemble GRNs follow an organizational pattern of "conserved core and 393 

divergent periphery" 394 

To systematically compare the heterogeneity of rice GRNs under different 395 

abiotic stress conditions, we performed topological structure and functional module 396 

analyses on the three stress-responsive ensemble GRNs. Topological analysis revealed 397 

that the alkaline stress GRN was large in scale and highly interconnected; the aridity 398 

stress network exhibited a "small but dense" structure, whereas the cold stress 399 

network displayed a "large but loose" structural characteristic (Fig. 8a). 400 

Functional module identification using multiple algorithms revealed that the 401 

Infomap algorithm detected the most functional modules (Fig. 8b). Modules 402 

containing 10 to 300 genes were retained, and those with the highest number of key 403 

TFs were selected for GO enrichment analysis. The results indicated that all three 404 

stress conditions commonly showed enrichment in fundamental stress-response 405 

pathways, such as carbohydrate metabolism and secondary metabolism. Under 406 

alkaline stress, pathways related to translation and peptide/amide biosynthesis were 407 

significantly enriched across multiple modules. Moreover, under cold stress, these 408 

same pathways exhibited even higher enrichment intensity. Although aridity stress 409 

also showed enrichment in photosynthesis and precursor energy generation, the 410 



 24 

intensity was markedly lower, with extracellular stimulus response being more 411 

prominent. Cold stress displayed dual enrichment characteristics, involving energy 412 

metabolism, cellular homeostasis regulation, and stimulus response (Fig. 8c and 413 

Supplementary Dataset 5). Functional module enrichment analysis demonstrated that 414 

alkaline module 41 (photosynthesis, q = 6.59 × 10⁻¹¹) and module 27 415 

(carbohydrate/secondary metabolism, q = 2.61 × 10⁻⁹), cold module 54 (carbohydrate 416 

metabolism, q = 1.34 × 10⁻⁸) and module 104 (energy generation/translation, q = 1.34 417 

× 10⁻⁸), and aridity module 37 (carbohydrate/stimulus response, q = 2.02 × 10⁻⁷) and 418 

module 5 (carbohydrate/secondary metabolism, q = 1.21 × 10⁻⁷) all had q-values well 419 

below 0.05, indicating highly significant enrichment. These represent the core 420 

modules with the strongest responses under each stress condition, and can be regarded 421 

as key targets for further biological experimental analysis. In summary, the GRNs 422 

under the three stress conditions are highly conserved in overall topology but exhibit 423 

significant divergence at the module level. 424 
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425 

Fig. 8 Module structure and functional enrichment profiles of GRNs in rice under abiotic stresses. a 426 

Radar chart illustrating key topological parameters of GRNs under alkaline (blue), aridity (orange) and 427 

cold (green) stress conditions. Parameters assessed include the number of nodes (Nodes), number of 428 

edges (Edges), average degree (Avg_Degree), average path length (Avg_Path_Length), and clustering 429 

coefficient (Clustering_Coeff). b Number of effective modules identified across different clustering 430 

algorithms. The bar chart shows the number of effective modules detected in the GRNs under the three 431 

stress conditions using eight clustering algorithms. c GO functional enrichment heatmap of network 432 

modules. The heatmap presents the GO functional enrichment profiles of modules in the GRNs under 433 
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alkaline, aridity and cold stresses; the color of the cells represents enrichment significance, with deeper 434 

red indicating higher pathway enrichment and blue indicating no significant enrichment. 435 

Reverse screening via core pathways identifies 45 potentially novel regulators of 436 

abiotic stress responses in rice 437 

To further identify potentially novel key TFs involved in rice stress responses, 438 

we performed GO and KEGG analyses on both the key TFs under individual stress 439 

conditions and the target genes of the 20 shared key TFs across three stress conditions 440 

(Supplementary Dataset 6 and Fig. S1). The results showed that the target genes of the 441 

shared key TFs were significantly enriched in "plant hormone signal transduction" 442 

and the "MAPK signaling pathway". As conserved central hubs of stress responses in 443 

eukaryotes, these two pathways play essential roles in sensing and transmitting 444 

extracellular stress signals and activating downstream defense responses in plants 445 

[41,42]. Based on this enrichment, we selected 11 core target genes enriched in "plant 446 

hormone signal transduction" and the "MAPK signaling pathway", including BWMK1 447 

[43], MAPK6 and WRKY53 [44], EIN2 [45], ETR2 and ETR3 [46], JAR1 [47] (Fig. 9a). 448 

Using a "pathway-oriented reverse-screening" strategy, we screened TFs that regulate 449 

these core target genes within the ensemble GRNs. In total, 119 TFs targeting nine of 450 

the 11 core-pathway target genes (the remaining two had no upstream TF identified in 451 

the GRNs) were obtained, of which 90 TFs had complete annotation information. 452 

Among these, 45 TFs have been previously reported as typical developmental 453 

regulators or demonstrated to participate in stress-response functions (Supplementary 454 

Dataset 8), while the remaining 45 TFs have not been documented in prior studies 455 
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(Fig. 9b). These uncharacterized TFs may represent potentially novel key regulatory 456 

factors for further biological experimental validation. 457 

 458 

Fig. 9 Visualization of central pathways and core gene networks. a Target genes of common key TFs 459 

involved in two stress response central pathways (MAPK signaling pathway—plant and Plant hormone 460 

signal transduction). Blue squares represent central pathways, orange circles represent MAPK core 461 

genes, purple circles represent hormone signaling core genes, and green circles represent other core 462 

genes. b The regulatory network comprising potential TFs and their target genes (involved in two stress 463 

response central pathways). Blue circular nodes represent potential TFs, red square nodes represent 464 

pathway core target genes, and orange dashed lines represent regulatory interactions. 465 

 466 

Discussion 467 

Existing studies indicate that machine learning or deep learning approaches are 468 

suited to distinct application scenarios when analyzing transcriptomic data at different 469 

resolutions. Traditional machine learning methods, such as random forest, kernel 470 

learning, and gradient boosting, tend to offer greater stability in plant datasets 471 

characterized by bulk transcriptomics, limited sample sizes and high noise levels, as 472 
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they effectively control overfitting and capture nonlinear regulatory relationships. In 473 

contrast, deep learning methods (e.g., graph neural networks, deep autoencoders) 474 

exhibit significant advantages in handling single-cell multi-omics data and large-scale, 475 

high-dimensional datasets, excelling at modeling complex topological structures and 476 

long-range dependencies. However, these methods require substantial data volume 477 

and quality, and tend to reach performance saturation in conventional bulk RNA-seq 478 

analyses [48,49]. Each of the aforementioned individual algorithms exhibits inherent 479 

limitations in GRN inference. Multi-algorithm fusion can compensate for individual 480 

biases and reduce false positives; consequently, integrating multiple machine learning 481 

methods to construct GRNs has emerged as a mainstream paradigm in systems 482 

biology [50,51]. 483 

The theoretical foundation for the superiority of ensemble learning over 484 

single-algorithm GRN inference lies in the bias-variance-covariance decomposition, 485 

i.e., averaging individual errors by combining diverse base learners with low 486 

covariance enhances overall performance. Nevertheless, this advantage depends on 487 

algorithmic complementarity rather than simple stacking; indiscriminately adding 488 

algorithms may introduce noise. Ablation experiments conducted in this study further 489 

confirmed this point: the AUROC for the full six-algorithm combination was lower 490 

than that of the optimal subset, indicating that algorithms should be "combined on 491 

demand" rather than "the more the better" [52,53]. Among the six ensemble learning 492 

strategies, XGBoost achieved the best performance. Across three independent biotic 493 

stress datasets, XGBoost achieved the highest AUROC values, reaching 0.90 and 0.94 494 



 29 

in the NC and RSV datasets, respectively, confirming its robust generalization across 495 

diverse stress conditions. This conclusion is also supported by other studies; for 496 

example, the MRF-XGBLC framework, which hybridizes XGBoost with random 497 

forest and Lasso-Cox, significantly outperformed existing methods on multiple 498 

datasets; similarly, BiXGBoost achieved competitive scores in the DREAM4 499 

benchmark [54,55]. Collectively, these reports indicate that an XGBoost-based 500 

ensemble strategy, leveraging regularization to counteract overfitting, efficient feature 501 

evaluation, and a serial error-correction mechanism, has become a preferred fusion 502 

approach in GRN inference, balancing accuracy with robustness. 503 

Reliability assessment of GRNs must incorporate multiple data types for 504 

cross-validation, as relying on a single dimension tends to overestimate network 505 

quality. Previous studies have widely adopted a four-layer validation framework 506 

integrating ChIP-seq/ChIP-chip data, TFBS, DEGs from TF interference experiments, 507 

and independent transcriptomic datasets, significantly improving the credibility of 508 

inferred regulatory relationships [56]. Integrating TF binding site data with 509 

interference data provides evidence for both physical binding and functional effects, 510 

while cross-platform consistency testing helps eliminate false positives caused by 511 

technical biases [57]. In this study, we calculated AUROC using ChIP-seq data, 512 

verified binding preferences using TFBS analysis, validated functional associations 513 

using DEGs from stress-related TF interference data, and assessed biological 514 

rationality through topological analysis. This forms a comprehensive validation chain 515 

that is highly consistent with the evaluation strategies of cutting-edge methods such as 516 
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LINGER and MultiGNN, demonstrating that the constructed GRNs possess true 517 

biological significance rather than being sets of mathematical associations [58,59].  518 

Biological networks generally exhibit both small-world and scale-free 519 

topological features, with degree distributions following a power law, a pattern highly 520 

conserved across gene regulatory, protein-protein interaction, and metabolic networks 521 

[60]. The small-world property is characterized by a high clustering coefficient and a 522 

short average path length, which facilitates rapid and efficient transmission of 523 

regulatory signals. The scale-free feature is manifested by the presence of a limited 524 

number of hub nodes with extremely high connectivity, while most nodes have low 525 

degrees, conferring robustness against random perturbations [61]. In this study, the 526 

GRNs constructed under all three stress conditions exhibit power-law decay in degree 527 

distribution and show significant differences from random networks in key 528 

topological parameters, consistent with the characteristics of authentic biological 529 

regulatory networks. Such a structure ensures the stable operation of core 530 

stress-response pathways while allowing peripheral modules to flexibly respond to 531 

different stresses, thereby providing a structural basis for the "conserved core and 532 

divergent periphery" organizational pattern. These findings further confirm that the 533 

GRNs inferred in this study possess a high degree of biological authenticity. 534 

Rice responses to aridity, alkalinity, and cold stresses are mediated via 535 

mechanisms that integrate both conserved core pathways and stress-specific pathways. 536 

Drought mainly involves osmotic adjustment, stomatal closure, and photosynthetic 537 

regulation; alkaline stress primarily involves ion homeostasis, reactive oxygen species 538 
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(ROS) scavenging, and osmoprotection; while cold stress centers on membrane 539 

stability, nucleic acid metabolism, and transcriptional reprogramming [8]. The 20 core 540 

TFs and 45 potentially novel TFs identified in this study belong to well-known 541 

stress-tolerance families including bZIP, WRKY, ERF, and NAC. Previous studies 542 

have demonstrated that bZIP family members participate in abscisic acid (ABA) 543 

signaling and responses to drought and salt stress, WRKY TFs regulate 544 

broad-spectrum stress tolerance through the MAPK cascade; NAC proteins play key 545 

roles in osmotic and ionic stress adaptation; and ERF members integrate hormone and 546 

stress signals [62–64]. These factors perform conserved functions across multiple 547 

stress conditions; however, their target gene profiles and regulatory intensities exhibit 548 

marked divergence under different adverse conditions, which is highly consistent with 549 

our proposed model of a "conserved core and divergent periphery." Meanwhile, the 550 

newly predicted TFs identified in this study have no previously reported stress-related 551 

functions, thereby providing high-value candidates for subsequent experimental 552 

validation. 553 

Although our gsGNA pipeline enables robust inference of ensemble GRNs by 554 

integrating the outputs from six different GRN inference algorithms, there are still 555 

some limitations. Specifically, the networks are constructed exclusively from bulk 556 

RNA-seq data, which represent averaged transcriptional states across heterogeneous 557 

cell populations and do not capture cell-type-specific regulations. Additionally, the 45 558 

potentially novel regulators and their roles in stress tolerance are currently only 559 

computational predictions without validation from genetic or molecular experiments. 560 
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Future work incorporating single-cell transcriptomics and targeted experimental 561 

validation will help address these limitations. 562 

Conclusion 563 

In this study, we developed gsGNA, a universal pipeline for inferring plant 564 

stress-responsive GRNs, characterized by "multi-algorithm fusion and 565 

multi-dimensional data evaluation." By integrating six machine learning and deep 566 

learning algorithms through an ensemble fusion strategy, we systematically 567 

constructed high-confidence GRNs for rice under three abiotic stresses: aridity, 568 

alkaline, and cold. Our analysis reveals that rice abiotic stress-responsive GRNs are 569 

organized according to a pattern of "conserved core and divergent periphery." We 570 

identified 20 core TFs common to all three stresses and discovered 45 potentially 571 

novel regulators through a core pathway reverse screening strategy. This work 572 

provides a systems perspective for understanding the molecular mechanisms of plant 573 

stress adaptation, and presents a reusable computational framework for research on 574 

plant stress GRNs. 575 
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