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Abstract 
Gene expression is regulated by dynamic gene regulatory networks (GRNs), whose 

dysregulation may contribute to clinical heterogeneity in sickle cell disease (SCD). We 

developed MFGRN, a multi-algorithm fusion framework integrating regulatory 

relationships inferred by 3DCEMA, DeepFGRN, and DeepSEM. Using whole-blood 

bulk RNA-seq data, we reconstructed GRNs for healthy controls and patients with SCD 

before and after exercise. MFGRN consistently achieved higher AUROC values than 

individual methods across four primary conditions and two independent external 

datasets. The inferred GRNs exhibited pronounced small-world characteristics, 

consistent with common topological features of biological regulatory networks. Key 

transcription factors (TFs) were associated with hematopoiesis, immune regulation, 

development, and transcriptional control. In the pre-exercise SCD network, key TFs 

were enriched in rhythmic process and respiratory system development, while 

functional modules were enriched in oxidative stress, cytokine regulation, immune 

processes, cellular stress responses, and metabolic regulation. Overall, MFGRN 

provides an effective strategy for GRN inference and reveals SCD-associated 

regulatory dysregulation under resting and exercise conditions, while identifying 

candidate regulatory factors for experimental investigation. 

 

Keywords: Gene regulatory network, Multi-algorithm fusion, Network modules, 

Sickle cell disease, Transcription factors 

 

1. Introduction 

Gene expression is governed by multiple regulators acting across different 

regulatory layers, forming dynamic gene regulatory networks (GRNs) that control 

diverse biological processes[1]. At the epigenetic level, DNA methylation and histone 

modifications regulate chromatin accessibility and influence transcriptional machinery. 

At the transcriptional level, transcription factors (TFs) bind to cis-regulatory regions, 

such as promoters and enhancers, to activate or repress downstream gene expression. 



At the post-transcriptional level, non-coding RNAs, including microRNAs (miRNAs) 

and long non-coding RNAs (lncRNAs), regulate gene expression by affecting mRNA 

stability, translation, and RNA processing[2]. Through the interplay of these 

mechanisms, gene regulation functions as a complex and dynamic network rather than 

a simple linear process. Therefore, GRN construction and analysis provide an important 

approach for understanding the molecular mechanisms underlying human diseases. 

Sickle cell disease (SCD) is a monogenic hemoglobinopathy caused by pathogenic 

variants in the HBB gene, most commonly the point mutation responsible for sickle 

hemoglobin production. Under deoxygenated conditions, abnormal hemoglobin 

polymerization causes red blood cells to adopt a sickled shape and contributes to 

hemolytic anemia and vaso-occlusion[3]. Despite carrying similar disease-causing 

variants, patients with SCD exhibit substantial clinical heterogeneity in disease severity, 

pain crisis frequency, and organ damage[4–6]. This heterogeneity suggests that SCD 

pathophysiology is influenced not only by erythrocyte sickling but also by broader 

molecular and regulatory alterations. Previous studies have identified numerous SCD-

associated gene expression changes; however, analyses focused on individual genes or 

differential expression alone may not fully capture the coordinated reorganization of 

regulatory relationships[7]. With the growing availability of high-throughput omics 

data and advances in statistical learning, machine learning, and deep learning, 

systematic GRN inference from large-scale transcriptomic data has become an 

important strategy for investigating disease-associated regulatory mechanisms. 

Over the past decade, GRN inference methods have progressed from traditional 

correlation-, mutual information-, Bayesian network-, and regression-based approaches 

to machine learning and deep learning frameworks[8]. Modern computational models 

offer greater capacity to capture nonlinear relationships, learn complex expression 

patterns, and integrate multiple sources of regulatory information. Representative 

methods, including CNNC[9], SCENIC+[10], LINGER[11], and DeepSEM[12], 

illustrate the diversity of computational strategies for reconstructing regulatory 

networks and identifying key regulatory factors and functional modules. However, 

GRN inference performance often varies across datasets and biological contexts 



because of differences in model assumptions, data characteristics, and parameter 

settings[13]. Consequently, networks inferred by a single method may contain method-

specific biases and may not consistently capture the full complexity of biological 

regulation. 

To address these challenges, we developed MFGRN, a multi-algorithm fusion 

framework for GRN inference. MFGRN integrates regulatory relationships predicted 

by three complementary deep learning-based methods—3DCEMA, DeepSEM, and 

DeepFGRN—using a majority-voting strategy to reduce method-specific bias and 

improve the consistency of inferred regulatory relationships. Using whole-blood bulk 

RNA-seq data, we reconstructed condition-specific GRNs for healthy controls and 

patients with SCD before and after exercise and evaluated the framework in two 

independent external datasets. We further analyzed network topology, TF centrality, key 

regulatory factors, and functional modules to characterize SCD-associated regulatory 

dysregulation. This study provides a network-level framework for examining 

regulatory changes associated with SCD and exercise and for identifying candidate 

regulatory factors for further experimental investigation. 

2. Materials and Methods  

2.1 Data Collection and Preprocessing 

The GSE244401 dataset was obtained from the Gene Expression Omnibus (GEO) 

and used as the primary dataset[14]. It contains whole-blood bulk RNA-seq profiles 

from 23 children with SCD and 17 healthy controls before and after exercise, grouped 

as CON_T1, CON_T2, SCD_T1, and SCD_T2. Gene identifiers were converted to 

standardized gene symbols, and genes with zero expression across all samples within 

each group were removed. Human TF annotations were obtained from HOCOMOCO 

v14[15], while TF–target relationships from hTFtarget were used as prior information 

for GRN construction[16]; only regulatory pairs whose TF and target were present in 

the corresponding expression matrix were retained. GSE254951[17] and 

GSE117221[18] were used for external evaluation. For GSE254951, only pre-treatment 

SCD samples were retained, whereas GSE117221 contains expression profiles from 



patients with β-thalassemia and healthy controls. For both datasets, zero-expression 

genes were removed, and the 10,000 genes with the highest mean expression levels 

were retained for GRN construction. 

2.2 MFGRN Framework 

To reduce method-specific biases in single GRN inference approaches, we 

developed MFGRN, a multi-algorithm fusion framework for network construction and 

downstream analysis (Figure 1). Whole-blood bulk RNA-seq data, TF annotations, and 

prior regulatory information were used as inputs. Three deep learning-based methods 

were independently applied to infer GRNs: 

1. DeepSEM[12], which combines a variational autoencoder with structural 

equation modeling to capture nonlinear gene regulatory relationships and directed 

dependency structures in the latent space; 

2. 3DCEMA[19], a three-dimensional convolutional neural network-based 

approach that identifies nonlinear regulatory patterns by learning local joint gene-

expression distributions; 

3. DeepFGRN[20], which combines generative adversarial learning with directed 

graph embedding for GRN inference. 

For each method, the top 10% of regulatory edges ranked by predicted confidence 

score were retained as candidate interactions. A majority-voting strategy was then 

applied, and regulatory relationships supported by at least two of the three algorithms 

were retained to construct the final high-confidence GRN. ChIP-seq-supported TF-

target relationships were subsequently used to evaluate the inferred networks. 

Downstream analyses included network topology characterization, degree centrality 

analysis, key TF identification, functional enrichment analysis, and module detection. 

Together, these analyses enabled the characterization of SCD-associated regulatory 

features at the levels of global network architecture, regulatory nodes, and functional 

modules. 



 

Figure 1. Overview of the MFGRN framework for GRN construction and systematic network 

analysis. β-VAE, beta-variational autoencoder; 3D-CNN, three-dimensional convolutional neural 

network; ResNet, residual network; CC, clustering coefficient; ASPL, average shortest path length; 

ND, network density. 

2.3 Differential Expression Analysis 

Differential expression analysis between SCD_T1 and CON_T1 was performed 

using edgeR and limma in R. Genes shared between the two groups were retained, and 

TFs were identified by matching standardized gene symbols to the human TF list. Raw 

counts were normalized using the trimmed mean of M-values (TMM) method and 

transformed with voom before linear modeling. Empirical Bayes moderation was 

applied, and P values were adjusted using the Benjamini–Hochberg procedure. TFs with 

|log2FC| ≥ 0.5 and FDR < 0.05 were considered significantly differentially expressed 

and visualized using a volcano plot. 

2.4 ChIP-seq Data Collection and Network Evaluation 

ChIP-seq peak datasets for BCL11A, GATA1, and TAL1 were obtained from 

GSE103445[21], GSE36985[22], and GSE70660[23], respectively. Peaks were 

annotated using ChIPseeker, and genes associated with ChIP-seq peaks located within 

2 kb upstream to 0.5 kb downstream of their transcription start sites were defined as 

ChIP-seq-supported putative targets. For MFGRN, interactions supported by at least 



two algorithms were retained, and their mean edge weights were used as fusion scores. 

Predicted TF–target pairs overlapping the corresponding ChIP-seq-supported pairs 

were labeled as positive and the remaining pairs as negative. AUROC was calculated 

using the pROC package in R. Overlap significance was assessed using a one-sided 

Fisher’s exact test. 

2.5 Network Topology Analysis 

 To evaluate the global topological properties of the inferred GRNs, we performed 

network analysis using the igraph package in R. The calculated metrics included 

network density (ND), mean clustering coefficient (CC), and average shortest path 

length (ASPL). 

To assess whether the inferred networks exhibited small-world characteristics, we 

generated random networks with the same numbers of nodes and edges as the 

corresponding observed networks as null models. The CC and ASPL of each random 

network were calculated, and their mean values were used as random-network 

references. The small-world index (σ), proposed by Humphries and Gurney[24], was 

calculated as follows: 

                              𝜎 = ஼/஼rand௅/௅rand
                            (1) 

where C and L denote the mean clustering coefficient and average shortest path length 

of the observed network, respectively, and Crand and Lrand denote the corresponding 

mean values obtained from the random networks. A network was considered to exhibit 

small-world properties when σ > 1. 

2.6 Null Model Evaluation 

To assess whether the overlap between inferred GRNs and ChIP-seq-supported 

targets could be explained by network size or random effects, we performed a null-

model analysis. For each GRN, 1,000 random networks with the same numbers of 

nodes and edges were generated from the corresponding candidate TF–target 

background. Their overlaps with the ChIP-seq-supported target set were used to 

construct a null distribution, against which the observed overlap was compared. The 

empirical P value was calculated as 



eܲmp = 1+∑ ூ(ோ್≥ோobs)ಳ್=1஻+1                       (2) 

where Robs denotes the observed overlap, Rb denotes the overlap obtained from the b-th 

random network, and B=1000 denotes the number of randomizations. 

2.7 Identification of Key Transcription Factors 

For each inferred GRN containing n nodes and m edges, the average out-degree (λ) 

was calculated as follows: ߣ = ௠௡                            (3) 

Assuming that node out-degree in a random network approximately follows a 

Poisson distribution, a right-tailed test was performed for each candidate TF based on 

its observed out-degree. P values were adjusted using the Benjamini–Hochberg (BH) 

procedure. TFs were identified as key regulators if they met both criteria: q < 0.05 and 

an out-degree greater than or equal to the 99.9th percentile of the corresponding Poisson 

distribution[25–27]. 

To identify exercise-associated key TFs in SCD, key TFs identified across the four 

GRNs were combined, and their total degree centralities were calculated in CON_T1, 

CON_T2, SCD_T1, and SCD_T2. Using CON_T1 as a fixed healthy reference, the 

relative degree changes before and after exercise were calculated as 

Δbefore = log2 (஽SCD_T1+1஽CON_T1+1) ,Δafter = log2 (஽SCD_T2+1஽CON_T1+1)         (4) 

where D denotes TF degree centrality. TFs were considered to show an exercise-

associated shift toward the healthy state when ∣Δafter∣<∣Δbefore∣. To focus on TFs with 

substantial changes, exercise-associated key TFs were further required to satisfy ∣Δbefore−Δafter∣>1. 

2.8 Gene Ontology Enrichment Analysis 

Gene Ontology (GO) enrichment analysis was performed using Metascape[28], 

with an adjusted P value < 0.01 considered significant. For visualization and functional 

interpretation, the top 20 GO terms from the key TF analysis and the top five from the 

module analysis were retained based on statistical significance. 

2.9 Network Module Identification 



Network modules were identified using the Module function in the 

miRspongeR[29] package with the Infomap community detection algorithm. Module 

detection was performed independently for each GRN, and modules containing 10–300 

genes were retained. These modules were ranked by the number of key TFs, and the 

five highest-ranking modules in each GRN were selected for further analysis. 

3. Results 

3.1 Dysregulation of the Regulatory State in SCD 

 To explore the transcriptional regulatory characteristics of SCD, we compared 

filtered genes and TFs across the four experimental groups. Venn diagram analysis 

shows substantial overlap among the gene sets of CON_T1, CON_T2, SCD_T1, and 

SCD_T2, with few group-specific genes (Figure 2a). A similar pattern is observed for 

TFs, most of which are shared across the four groups (Figure 2b). Differential 

expression analysis further reveals significant TF expression changes between SCD_T1 

and CON_T1 (Figure 2c). Most differentially expressed TFs are downregulated in 

SCD_T1, including KLF2, KLF16, CEBPB, NR2F6, and several ZNF family members, 

many of which are involved in hematopoietic development, immune regulation, and 

transcriptional control. In contrast, a small number of TFs, including SOX6 and NFIX, 

are upregulated. These findings indicate that despite broadly similar gene and TF 

compositions across the four groups, marked TF expression changes occur in the pre-

exercise SCD state, suggesting dysregulated transcriptional regulation in SCD. 



 

Figure 2. Shared gene and TF composition across the four groups and differentially expressed TFs 

in SCD. (a) Venn diagram showing the overlap among the filtered gene sets of CON_T1, CON_T2, 

SCD_T1, and SCD_T2. (b) Venn diagram showing the overlap among the filtered TF sets of the 

four groups. (c) Volcano plot showing differential TF expression between SCD_T1 and CON_T1. 

The x-axis represents log2 fold change (log2FC), and the y-axis represents −log10(FDR). Red dots 

indicate significantly upregulated TFs in SCD_T1, blue dots indicate significantly downregulated 

TFs, and gray dots indicate TFs without significant differential expression. Representative 

differentially expressed TFs are labeled. 

3.2 MFGRN Shows Consistent GRN Inference Performance Across Independent 

Datasets 

 To comprehensively evaluate MFGRN, we constructed GRNs under four 

biological conditions using GSE244401 and further evaluated its performance in two 

external datasets, GSE254951 and GSE117221. Using experimentally supported ChIP-



seq data as the reference, AUROC was used to compare MFGRN with individual GRN 

inference algorithms. 

In GSE244401, MFGRN achieves AUROC values of 0.7608, 0.6361, 0.7109, and 

0.7851 for CON_T1, CON_T2, SCD_T1, and SCD_T2, respectively, exceeding the 

corresponding best individual methods (0.6598, 0.5891, 0.7097, and 0.7357; Figure 3a). 

In GSE254951, MFGRN achieves an AUROC of 0.6211 and outperforms all individual 

algorithms. In GSE117221, MFGRN achieves AUROC values of 0.5492 and 0.5481 

for the control and disease groups, respectively, again outperforming the best individual 

methods (Figure 3b). 

The best-performing individual algorithm varies across conditions and datasets. 

3DCEMA performs best in CON_T1, DeepFGRN in CON_T2, SCD_T1, SCD_T2, and 

GSE254951, and DeepSEM in both groups of GSE117221 (Figures 3a–b), indicating 

that individual algorithm performance depends on biological context and dataset 

characteristics. In contrast, MFGRN achieves higher AUROC values than the best 

individual method across all seven evaluation tasks. A paired t test across these tasks 

shows a significant difference (P = 0.006; Supplementary Table S1), supporting the 

overall performance advantage of the multi-algorithm fusion framework. 

 

Figure 3. Comparison of GRN inference performance between MFGRN and individual algorithms. 

(a) AUROC values of MFGRN, 3DCEMA, DeepFGRN, and DeepSEM across the four biological 

conditions in the GSE244401 dataset. (b) AUROC values in the two external evaluation datasets, 

GSE254951 and GSE117221. Numerical labels above the bars indicate the AUROC values of 

MFGRN and the best-performing individual algorithm for each condition or dataset. MFGRN 

consistently achieves the highest AUROC across all seven evaluation tasks. 

3.3 Contribution Analysis of MFGRN Components 



 To evaluate the contribution of each algorithm to MFGRN, we conducted an 

ablation study comparing individual algorithms, dual-algorithm fusion strategies, and 

the complete three-algorithm framework (Figure 4). Dual-algorithm fusion shows 

condition-dependent performance and does not consistently outperform the best 

individual method, indicating that partial integration alone is insufficient for consistent 

gains across datasets and biological states. In contrast, MFGRN consistently achieves 

the highest AUROC values under all evaluated conditions, supporting the benefit of 

integrating all three approaches. These results suggest that the three algorithms capture 

complementary regulatory information and that excluding any one may reduce overall 

performance consistency. By integrating evidence from distinct modeling strategies, 

MFGRN reduces method-specific limitations and improves the consistency and 

predictive performance of GRN inference across biological states and datasets. 

 

Figure 4. Ablation analysis of MFGRN inference performance. The heatmap shows the AUROC 

values of the individual algorithms (3DCEMA, DeepSEM, and DeepFGRN), dual-algorithm fusion 

variants, and the complete three-algorithm fusion framework (MFGRN) across different datasets 

and biological conditions. The x-axis represents the individual algorithms and fusion variants, 

whereas the y-axis represents the evaluated datasets and biological states. Numerical values within 

each cell indicate the corresponding AUROC scores, with higher values represented by greater color 



intensity according to the scale on the right. 

3.4 GRNs Inferred by MFGRN Exhibit Non-Random Topological Characteristics 

and Biological Plausibility 

To evaluate the topological properties and experimental support for GRNs inferred 

by MFGRN, we assessed their topological organization and consistency with 

independent experimental evidence. First, GRNs from the four biological conditions 

were compared with random networks matched for node and edge counts(Figure 5a). 

The inferred networks consistently show higher CC values and shorter ASPLs than the 

corresponding random networks, indicating stronger local clustering and more efficient 

global connectivity, consistent with the small-world properties commonly observed in 

biological regulatory networks[30]. 

Second, three SCD-related TFs with publicly available ChIP-seq data—GATA1, 

TAL1, and BCL11A—were selected for validation. Predicted targets from the four 

GRNs were compared with ChIP-seq-supported target genes. Substantial overlap is 

observed across the examined TFs and biological conditions, with most comparisons 

reaching statistical significance (Figure 5b; Supplementary Table S2). 

To determine whether these overlaps could be explained by network size or chance, 

we further performed a null-model analysis. The observed overlaps consistently exceed 

the mean overlaps from matched random networks, with most comparisons remaining 

statistically significant (Figure 5c; Supplementary Table S3). These results indicate that 

the agreement between predicted regulatory relationships and ChIP-seq-supported 

targets is not attributable solely to random effects or network size. Collectively, the 

topological, ChIP-seq, and null-model results support the biological plausibility and 

interpretability of the inferred GRNs and provide a suitable basis for downstream 

identification of key regulatory factors and functional modules. 



 

Figure 5. Network topological characteristics of the inferred GRNs and validation of predicted 

regulatory interactions. (a) Radar plots comparing the topological properties of the inferred 

networks (red) with those of the corresponding random networks (blue) across the four biological 

conditions. (b) Venn diagrams showing the overlap between ChIP-seq-supported target gene sets 

(red circles) and predicted target gene sets (blue circles) for GATA1, TAL1, and BCL11A across the 

four biological conditions. Numbers in the overlapping regions indicate the number of shared target 

genes. (c) Null-model analysis comparing the observed and random overlaps. The red line indicates 

the observed number of overlapping genes between MFGRN-predicted and ChIP-seq-supported 

target sets, whereas the blue line indicates the mean overlap obtained from 1,000 matched random 

networks. Asterisks indicate empirical significance in the null-model analysis:∗P<0.05, ∗∗P<0.01, 

and ∗∗∗P<0.001. 



3.5 Differences in Network Topology and TF Centrality Across Biological States 

Comparing GRNs between SCD and healthy conditions helps identify key 

regulatory factors and characterize disease-associated network changes. We compared 

the GRNs across groups from two perspectives: global network architecture and TF 

centrality. Global topology differs substantially among the inferred GRNs. Compared 

with control networks, SCD networks show marked differences in CC, ASPL, and ND, 

which become more pronounced after exercise. Clear topological differences are also 

observed between SCD_T1 and SCD_T2 (Figure 6a), suggesting that exercise is 

associated with GRN remodeling in SCD, including changes in local connectivity and 

global path structure. 

At the node level, TF degree centrality also varies across the four biological states. 

Some TFs show high centrality in CON_T1, whereas others exhibit increased centrality 

under SCD-related conditions (Figure 6b). Notably, several TFs that differ between 

SCD_T1 and CON_T1 shift toward control-like centrality levels after exercise, 

indicating that both disease status and exercise are associated with changes in TF-

centered regulatory organization. However, these shifts do not necessarily represent 

complete restoration of the SCD network to the healthy state. 

To explore the biological relevance of these changes, we selected the 100 TFs with 

the largest increases and decreases in degree centrality across group comparisons for 

functional enrichment analysis (Figure 6c). These TFs are enriched in transcription-

related processes, including RNA polymerase II-mediated transcription, RNA and 

miRNA transcription, as well as processes involving cellular differentiation and fate 

determination, organogenesis, morphogenesis, immunity, and hematopoiesis. 

Collectively, these findings indicate that SCD-associated GRN remodeling involves 

coordinated changes in transcriptional regulation, development, immunity, and 

hematopoiesis. 



 

Figure 6. Comparison of network topology and TF degree centrality across biological states. (a) 

Comparison of network topological properties among the four groups. (b) Heatmap of TF degree 

centrality across the four inferred networks. Color indicates log10-transformed degree centrality. 

The left dendrogram shows similarities among TFs based on their degree-centrality patterns, 

whereas the top dendrogram shows similarities among networks based on their TF degree-centrality 

profiles. (c) GO enrichment bubble plot for the 100 TFs showing the largest differences in degree 

centrality between groups. “Increase” indicates higher degree centrality in the latter group than in 

the former group, whereas “Decrease” indicates the opposite. Bubble size represents the number of 

TFs associated with each GO term, and bubble color represents enrichment significance measured 

by −log10(P), with redder colors indicating greater statistical significance. 

 

 

 



3.6 Key TF Analysis Reveals SCD-Related Regulatory Dysregulation and 

Exercise-Associated Network Remodeling 

Based on TF out-degree distributions, we applied a Poisson model to identify key 

TFs in each group, yielding 593, 796, 423, and 402 key TFs in CON_T1, CON_T2, 

SCD_T1, and SCD_T2, respectively (Figure 7a). GO enrichment analysis shows that 

key TFs in SCD_T1 are prominently enriched in rhythmic process and respiratory 

system development (Figure 7b). Differential expression analysis was further 

performed for key TFs associated with these SCD_T1-enriched processes (Figure 7c–

d). 

Most of these TFs are significantly downregulated in SCD_T1, including circadian 

regulators such as DBP, TEF, NFIL3, BHLHE40, BHLHE41, CLOCK, and NPAS2, as 

well as stress- and inflammation-related regulators such as STAT5A, STAT5B, NFKB2, 

RELB, SP1, CREB1, and ATF4. Among them, KLF2, HES1, SRF, RBPJ, RARA, RARG, 

and EPAS1 show particularly pronounced downregulation. These findings suggest that 

the pre-exercise SCD regulatory state involves extensive network remodeling related 

to circadian regulation, respiratory system development, and hypoxia adaptation. 

Literature review indicates that several identified key TFs, including TP53[31], 

STAT5A and STAT5B[32], NFKB2 and RELB[33], KLF2[34], EPAS1[35], CREB1[36], 

and HMGA2[37], have been reported in SCD-related, erythroid, inflammatory, or 

hemoglobin-regulatory contexts. To our knowledge, direct experimental evidence 

linking CLOCK, NPAS2, DBP, TEF, NFIL3, BHLHE40 and BHLHE41, RORA and 

RORC, SOX11, HES1, GATA6, LEF1, RBPJ, SRF, GLI1 and GLI3, or WT1 to SCD 

remains limited (Supplementary Table S4). These TFs may therefore represent 

candidate regulators for further functional investigation. 

To examine exercise-associated regulatory changes in SCD, we focused on key TFs 

meeting the predefined exercise-associated shift criteria. Functional enrichment 

analysis of this subset reveals significant enrichment in cellular response to hormone 

stimulus, intracellular receptor signaling, hemopoiesis, and erythrocyte differentiation 

(Figure 7e). Overall, these changes suggest coordinated remodeling of TF-centered 

regulatory networks after exercise rather than complete restoration to the healthy state. 



 

Figure 7. Identification and functional enrichment analysis of key TFs. (a) Numbers of 
key TFs identified in each GRN using a Poisson distribution model based on TF out-
degree. (b) GO enrichment analysis of key TFs across the four biological groups. 
Bubble size represents the number of key TFs associated with each GO term, and 
bubble color represents enrichment significance measured by −log10(P), with redder 



colors indicating greater statistical significance. (c, d) Differential expression of key 
TFs associated with rhythmic process and respiratory system development, respectively, 
between SCD_T1 and CON_T1. (e) GO enrichment analysis of key TFs meeting the 
predefined exercise-associated shift criteria. 

3.7 GRNs Under Different Biological States Exhibit Distinct Modular 

Organization and Functional Profiles 

Network module analysis improves the interpretability of complex regulatory 

networks by organizing local connectivity patterns into functional units[38]. To 

characterize GRN modular organization across biological states, we applied the 

Infomap community detection algorithm to the four GRNs. A total of 75, 45, 82, and 

57 modules were identified in CON_T1, CON_T2, SCD_T1, and SCD_T2, 

respectively (Figure 8a). SCD_T1 contains the most modules, whereas CON_T2 

contains the fewest, indicating that disease status and exercise are associated with 

changes in GRN modular organization. The larger number of modules in SCD_T1 may 

reflect greater reorganization of the disease-associated regulatory network. 

To focus on modules containing core regulatory factors, the five modules with the 

largest numbers of key TFs from each group were selected, yielding 20 representative 

modules for downstream analysis. GO enrichment analysis reveals distinct functional 

patterns among the four groups (Figure 8b; Supplementary Table S5). CON_T1 

modules are mainly enriched in basic transcriptional processes, including RNA 

polymerase II-mediated transcription, whereas CON_T2 modules additionally show 

enrichment in transcriptional regulation and immune-related processes, suggesting 

exercise-associated changes in the control network. 

In contrast, SCD_T1 modules show stronger enrichment in disease-associated 

processes, including oxidative stress response, cytokine regulation, leukocyte-related 

processes, and lipid metabolism, consistent with the inflammatory and oxidative-stress 

environment of SCD. SCD_T2 modules retain immune- and stress-related features 

while also showing enrichment in metabolic regulation, cellular stress responses, and 

immune cell migration. These findings suggest that exercise is associated with 

functional remodeling of key TF-containing modules in SCD rather than complete 



restoration to the control state. Overall, the distinct modular structures and enrichment 

patterns further support SCD-associated regulatory dysregulation at the network level. 

 

Figure 8. Identification of functional modules in the inferred GRNs and GO enrichment analysis. 

(a) Numbers of modules identified in the four GRNs using the Infomap algorithm after retaining 

modules containing 10–300 genes. (b) GO enrichment analysis of representative modules from the 

four groups. Bubble size represents the number of genes associated with each biological process, 

and bubble color represents enrichment significance measured by −log10(P). The displayed GO 

terms represent selected enrichment results highlighting the major functional characteristics of the 

representative modules. Complete GO enrichment results for all representative modules are 

provided in Supplementary Table S5. 

4. Discussion 

To address the limitations of single GRN inference methods, which rely on specific 

modeling assumptions and may perform inconsistently across biological contexts, we 

developed a multi-algorithm fusion framework termed MFGRN. Using whole-blood 

bulk RNA-seq data, we reconstructed and evaluated GRNs across seven dataset-

condition combinations in three datasets (GSE244401, GSE254951, and GSE117221). 

MFGRN integrates regulatory interactions inferred by DeepSEM, 3DCEMA, and 

DeepFGRN, three deep learning-based approaches that characterize gene regulation 

from complementary computational perspectives. 

The improved performance of MFGRN may reflect the distinct inductive biases 

and information representations of these algorithms. DeepSEM incorporates structural 

equation modeling into a variational autoencoder framework to learn nonlinear 



regulatory dependencies and latent structures through optimization of a sparse 

regulatory adjacency matrix, providing an interpretable representation of gene 

regulatory relationships[12]. In contrast, 3DCEMA constructs three-dimensional co-

expression representations based on gene triplets and applies 3D convolutional neural 

networks to capture relative expression patterns, enabling detection of regulatory 

signals that may be missed by conventional pairwise methods[19]. DeepFGRN further 

complements these approaches by jointly modeling gene expression and directed 

network topology through graph embedding and adversarial learning, integrating 

molecular expression patterns with regulatory network structure to infer fine-grained 

regulatory relationships[20]. 

Although these methods share the goal of GRN reconstruction, their distinct 

modeling strategies capture partially overlapping but complementary regulatory 

information, including latent regulatory dependencies, high-dimensional expression 

patterns, and network structural features. From an ensemble-learning perspective, 

integrating models with diverse inductive biases and partially independent errors can 

reduce method-specific limitations and improve prediction consistency and 

generalizability[39,40]. This is particularly relevant to GRN inference because 

biological regulatory systems involve nonlinear interactions, context-dependent 

regulation, hierarchical organization, and sparse connectivity that are difficult to 

capture with a single framework[41]. By integrating complementary evidence from 

DeepSEM, 3DCEMA, and DeepFGRN through consensus-based fusion, MFGRN 

provides a more comprehensive reconstruction of regulatory landscapes and improves 

GRN inference across diverse biological states and independent datasets. 

The GRNs inferred by MFGRN exhibit pronounced small-world characteristics, 

including high local clustering and efficient global connectivity, consistent with 

common properties of biological networks[42]. Because topology alone cannot validate 

individual regulatory interactions, we further evaluated the networks using ChIP-seq-

supported TF–target relationships, external datasets, and random-network null models. 

In GSE117221, MFGRN achieves AUROC values of 0.5492 and 0.5481 in the control 

and disease groups, respectively, indicating modest absolute performance but 



remaining above the random baseline. These relatively low values may reflect 

differences between the external thalassemia and primary SCD datasets, as well as 

biological heterogeneity, limited sample size, regulatory complexity, and incomplete 

reference networks. Similar performance limitations have been reported in benchmark 

evaluations of biological network inference; for example, DREAM5 methods achieve 

AUROC values of approximately 0.518–0.671 for in vivo networks, although direct 

comparisons should be interpreted cautiously because datasets and evaluation settings 

differ[43,44]. Importantly, MFGRN improves upon the best individual method by 

0.0305 and 0.0440 in the two GSE117221 groups, respectively. In GSE244401, 

overlaps between MFGRN-predicted interactions and ChIP-seq-supported targets 

exceed those from matched random networks, indicating that the agreement is not 

explained solely by network size or chance. Collectively, the external evaluation, 

consistent improvement over individual algorithms, and independent ChIP-seq and 

null-model evidence support the biological plausibility and comparative predictive 

advantage of MFGRN while highlighting the challenges of GRN evaluation in 

heterogeneous real-world datasets. 

Our findings reveal substantial abnormalities in network architecture and 

transcriptional regulation in patients with SCD at rest compared with healthy controls. 

Topological analyses show pronounced differences in clustering coefficient, average 

shortest path length, and network density, indicating extensive network remodeling 

under disease conditions. Biological networks typically exhibit strong local clustering 

and efficient information transfer, which are important for maintaining homeostasis and 

responding to perturbations[42]. Although SCD is caused by a single-gene mutation, 

widespread changes occur in network topology, key regulatory nodes, and functional 

modules. Together with the chronic inflammation, hypoxia, oxidative stress, vascular 

dysfunction, and immune dysregulation characteristic of SCD[45–48], these changes 

suggest that systemic regulatory network dysregulation may contribute to the broader 

molecular heterogeneity associated with SCD beyond the direct effects of the causative 

mutation. Exercise induces notable topological changes, but does not simply restore the 

network to a healthy state. Instead, these changes are more consistent with exercise-



associated remodeling of SCD regulatory networks within the chronic hypoxic, 

inflammatory, and oxidative-stress environment. 

Key TF and functional module analyses provide further insight into SCD-

associated network dysregulation. Across groups, key TFs are mainly involved in 

development and differentiation, hematopoiesis, immune regulation, and 

transcriptional control, consistent with persistent hematopoietic stress, immune 

activation, and chronic inflammation in SCD[49,50]. Notably, rhythmic process and 

respiratory system development are specifically enriched in SCD_T1. Circadian 

regulation is closely linked to inflammation, immune homeostasis, and cellular 

migration[51,52], while hypoxia can disrupt circadian regulation through altered clock 

gene expression[53–55]. Enrichment in respiratory system development is also 

consistent with chronic hypoxia, vaso-occlusion, and impaired tissue oxygen delivery 

in SCD[56–58]. These findings suggest that resting SCD is associated with network 

remodeling involving circadian regulation and adaptation to chronic hypoxia. At the 

module level, SCD_T1 modules are enriched in oxidative stress responses, cytokine 

regulation, leukocyte-related processes, and fatty acid metabolism, whereas SCD_T2 

retains immune- and stress-related signatures while showing changes in metabolic 

regulation, cellular stress responses, and immune cell migration. These patterns are 

consistent with the coexistence of oxidative stress, chronic inflammation, immune 

dysregulation, and metabolic alterations in SCD[59]. Overall, exercise appears to 

reshape disease-associated regulatory networks through functional adjustments in key 

TF-driven modules rather than restoring them to a healthy state[60], and SCD-

associated GRN dysregulation extends beyond hematopoiesis to circadian, hypoxia-

related, inflammatory, oxidative-stress, and metabolic processes. 

Despite progress in inferring SCD-related GRNs and performing systems-level 

analyses, several limitations remain. First, the GRNs were constructed from whole-

blood bulk RNA-seq data, limiting the resolution of cell-type-specific regulatory 

relationships in heterogeneous blood populations. Second, although the inferred 

networks were evaluated using ChIP-seq data, external datasets, and null-model 

analyses, these validations remain largely computational and indirect, and the identified 



key TFs and regulatory interactions require experimental confirmation. Third, the 

consensus-based edge selection strategy may exclude biologically relevant interactions 

detected by only one algorithm. Future integration of single-cell transcriptomics, 

ATAC-seq, and other multi-omics data may improve the fusion strategy and provide a 

more comprehensive understanding of SCD regulatory mechanisms. 

5. Conclusion 

MFGRN, the multi-algorithm fusion framework developed in this study, improves 

the predictive performance and consistency of GRN inference across the evaluated 

biological states and datasets. Using the reconstructed GRNs, we characterized SCD-

associated regulatory changes under resting and exercise conditions. SCD involves 

widespread GRN dysregulation affecting network topology, key regulatory nodes, and 

functional modules. Exercise does not simply restore the SCD network to a healthy 

state but appears to induce regulatory remodeling through changes in key TFs and 

functional modules. Notably, key TFs in SCD_T1 are specifically enriched in rhythmic 

process and respiratory system development, suggesting potential involvement of 

circadian regulation and hypoxia-related adaptation. Overall, MFGRN provides an 

effective framework for GRN reconstruction and offers a network-level perspective on 

SCD-associated regulatory alterations while identifying candidate regulators for further 

experimental investigation. 
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