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Abstract 

Background: Systems-level transcriptomic analyses may identify coordinated biological programmes 

that are not apparent from single-gene testing, but pathway and co-expression results from whole blood 

are sensitive to sex, cell composition and sample size. 

Objective: To characterise ancestry-associated pathway enrichment, sample-level pathway scores and 

curated-gene co-expression structure in severe asthma. 

Methods: We analysed RMA-normalised whole-blood microarray profiles from 24 participants with 

severe asthma in GSE69683: 12 recorded as black_african and 12 as white_caucasian, with eight females 

and four males in each group. Gene-level expression was derived from 21,653 unambiguously mapped 

genes. Pre-ranked GSEA used the sex-adjusted ancestry t statistic across ten curated asthma pathways; 

ssGSEA scores were compared using sex-adjusted ordinary least squares. Spearman networks among 

128 measurable curated genes used a pre-specified |rho| >= 0.60 and FDR < 0.05 threshold. 

Results: Pre-ranked GSEA identified Epithelial Barrier Function (NES -1.871, FDR 0.0152) and Airway 

Remodelling (NES -1.766, FDR 0.0193), both enriched towards the European-ancestry group. Adjusted 

ssGSEA identified Airway Remodelling (FDR 0.0001), Bronchial Hyperresponsiveness, Innate 

Immunity/TLR Signalling and Steroid Response (each FDR 0.0348), again with higher mean scores in 

the European-ancestry group. The full network retained 173 of 8,128 tested pairs and connected 81 

genes. COL1A1 and ARRB2 had the highest degree (13 each), while SPDEF had the highest 

betweenness; subgroup networks were too sparse for reliable comparative network structure claims. 

Conclusions: Airway Remodelling was the only pathway supported by both enrichment approaches, 

while epithelial-barrier, bronchial hyperresponsiveness, innate/TLR and steroid-response findings 

depended on the analytical question being asked. The co-expression results identify descriptive network-

central candidates, but sparse subgroup graphs preclude reliable comparative network inference. Whole-

blood cell composition, unavailable treatment outcomes and the small selected cohort constrain 

interpretation; independent replication in larger ancestry-diverse cohorts with cell-composition and 

richer clinical data is required. 
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1. Introduction 

Severe asthma is not a single molecular state. Clinical phenotypes overlap with distinct inflammatory 

and structural programmes, and transcriptomic studies have shown that disease severity, type 2 

inflammation, neutrophilic inflammation and corticosteroid response can be represented differently 

across blood and airway compartments [1-10]. The U-BIOPRED programme was developed in part to 

address this heterogeneity through deeply characterised severe-asthma cohorts, and both peripheral-

blood and airway-tissue analyses have demonstrated that clinically similar patients may carry different 

molecular patterns [4-8]. These observations make pathway-level analysis attractive because a biological 

process may shift coherently even when no single transcript dominates the signal. 

Ancestry-related differences add another layer of complexity. Asthma morbidity and mortality 

remain unequally distributed across populations, and African ancestry has been associated with asthma 

risk and immunological traits in admixed cohorts [11-15]. Race/ethnicity categories recorded in clinical 

datasets are not identical to genotype-derived ancestry measurements, and gene expression is shaped by 

genetic regulation, environmental exposure, social conditions and tissue composition [13,16,17]. 

Systems analyses that compare population groups therefore require careful language: the recorded 

grouping may be useful for detecting patterns, but it should not be treated as a direct genetic mechanism 

or as a biological explanation for health disparities. 

Gene set approaches ask questions that differ from conventional differential expression. Pre-ranked 

gene set enrichment analysis (GSEA) tests whether members of a defined pathway accumulate toward 

one end of a ranked genome-wide statistic, whereas single-sample approaches such as ssGSEA or 

GSVA-like scoring summarise pathway-associated expression within individual samples [18-20]. These 

approaches are complementary rather than interchangeable, and disagreement between them can occur 

because one evaluates population-level rank concentration while the other produces sample-level scores 

that can be modelled against covariates [18-22]. This distinction is particularly important in small 

cohorts, where pathway scores can stabilise weakly distributed effects but can also amplify assumptions 

embedded in the chosen gene sets. 

Several asthma programmes are well suited to this type of analysis. Airway remodelling involves 

extracellular-matrix turnover, transforming growth factor signalling, metalloproteinases and their 

inhibitors, while epithelial-barrier biology links tight junctions, mucus differentiation and airway 

responsiveness; MMP9, TGFB1, TIMP2, collagen-related genes, SPDEF and claudin biology are all 

represented in these processes [23-30]. Although these mechanisms are best established in airway 

tissues, coordinated expression of related genes in whole blood may still reflect systemic inflammatory 

states or circulating-cell programmes that track with airway disease. 

The curated pathways used here also include genes with direct relevance to bronchial responsiveness 

and treatment biology. ALOX5 and LTC4S participate in leukotriene synthesis and have been studied in 

relation to leukotriene-modifier response, while CHRM3 encodes the M3 muscarinic receptor involved 

in airway smooth-muscle contraction [31-33]. ADRB2 and its regulator ARRB2 are relevant to beta2-

agonist signalling, and experimental work shows that beta-arrestin 2 can influence both allergic 

inflammation and beta2-adrenergic receptor desensitisation [34-37]. Glucocorticoid-response genes and 
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pathways are similarly heterogeneous: GLCCI1, FKBP5, DUSP1 and related signalling components 

have been linked to variation in corticosteroid response or steroid-insensitive inflammatory signalling 

[38-43]. Innate and neutrophilic pathways provide a further interpretive context because CXCL8-rich, 

neutrophil-associated severe asthma can involve extracellular traps and inflammasome activity [44]. 

These findings provide biological context for pathway-level associations, but cross-sectional expression 

data cannot demonstrate a pharmacological response phenotype. 

Co-expression analysis provides a further systems-level view by describing genes that vary together 

across samples. Correlation-network methods have been used to identify asthma modules, exacerbation 

programmes and candidate regulators in airway and nasal transcriptomes [45-48]. Sex also matters for 

network and pathway interpretation because peripheral-blood expression contains strong sex-

chromosome signals, including XIST, RPS4Y1, DDX3Y and KDM5D, and sex-specific expression 

effects have been documented in asthma and across human tissues [49-53]. Finally, whole blood is a 

mixture of leukocyte populations. The Duffy-null ACKR1 variant, common in people of African descent, 

is associated with lower neutrophil counts, and computational deconvolution studies show how bulk-

blood expression can be materially altered by cell proportions [54-57]. 

We therefore used the GSE69683 severe-asthma cohort to ask two linked questions. First, which of 

ten curated asthma pathways showed ancestry-associated enrichment by pre-ranked GSEA and which 

showed sex-adjusted differences in per-sample ssGSEA scores? Second, what descriptive co-expression 

structure was present among the 128 measurable curated genes, and were the subgroup networks 

sufficiently dense to justify ancestry- or sex-specific network claims? The primary genome-wide 

differential-expression counts and curated-gene associations from this cohort are reported in the 

companion gene-level analysis. The present systems-level analysis uses the same cohort and covariate 

definitions and focuses on pathway enrichment and network architecture. 

2. Materials and Methods 

2.1 Study design, data source and cohort 

This cross-sectional secondary analysis used publicly available whole-blood expression data from 

GEO accession GSE69683 generated within U-BIOPRED [4,5]. The selected cohort comprised 24 

participants with severe asthma: 12 recorded in GEO as race: black_african and 12 as race: 

white_caucasian, with eight females and four males in each group. Group labels were parsed 

programmatically from the GEO sample-characteristics fields and verified against a version-controlled 

sample manifest. The concise terms African-ancestry group and European-ancestry group are used for 

these recorded source categories; genetic ancestry was not independently re-estimated in this secondary 

analysis. 

2.2 Expression preprocessing and probe-to-gene mapping 

The series was generated on the Affymetrix HT HG-U133+ PM Array Plate (GPL13158; 54,715 

probe sets). RMA-normalised, log2-transformed values were used as supplied; RMA is an established 

framework for background adjustment, quantile normalisation and probe-set summarisation of 

Affymetrix data [58]. GPL13158 shares probe-set identifiers with GPL570 but is a distinct array design. 

For annotation only, the GPL13158 '_PM_' infix was removed and identifiers were cross-mapped to 

GPL570 annotation. Unambiguous probes were averaged per gene, producing 21,653 gene-level 

expression profiles. Ambiguous and unmapped probes were retained in audit products. 
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2.3 Curated pathway definitions 

Ten literature-curated pathways represented Immune Response, Airway Remodelling, Oxidative 

Stress, Bronchial Hyperresponsiveness, Epithelial Barrier Function, Innate Immunity/TLR Signalling, 

Type 17/Neutrophilic Inflammation, Hypoxia/Metabolic Response, Steroid Response and Drug 

Metabolism. The pathway source contained 140 pathway-gene memberships, 129 unique genes and 128 

genes measurable in the collapsed expression matrix. A single tab-separated source generated both the 

pathway table and GMT file so that the gene-set definitions used for statistical analysis and reporting 

remained identical. The curated sets were intentionally compact and hypothesis-directed rather than 

intended as a comprehensive asthma interactome. The pathway set was not expanded post hoc to a broad 

pathway library after inspection of the results; such an analysis would test a substantially larger 

hypothesis space and is better treated as a separate sensitivity analysis. 

2.4 Sex-adjusted ancestry ranking and pre-ranked GSEA 

At gene level, expression was modelled as expression ~ ancestry + sex by ordinary least squares. 

The ancestry coefficient represented African minus European expression with sex held constant. Genes 

were ranked by the ancestry t statistic from this adjusted model. Pre-ranked GSEA was performed with 

GSEApy using 1,000 permutations, minimum gene-set size 5, maximum size 500 and random seed 42, 

following the rank-based enrichment framework of Subramanian and colleagues [18]. Positive 

normalised enrichment scores (NES) indicated enrichment towards the African-ancestry group and 

negative scores towards the European-ancestry group. FDR < 0.05 was considered significant. 

2.5 ssGSEA and pathway-level modelling 

ssGSEA generated one rank-based pathway score per sample using the same curated pathway 

definitions [19,20]. The primary pathway comparison used score ~ ancestry + sex, again reporting the 

African-minus-European coefficient. Because ssGSEA scores are enrichment statistics rather than 

expression measurements, between-group coefficients were reported as score differences and not as fold 

changes. Benjamini-Hochberg correction was applied across the ten pathways [59]. An unadjusted 

Wilcoxon rank-sum comparison was retained as a secondary sensitivity analysis because it cannot 

incorporate the sex covariate. 

2.6 Co-expression network analysis 

Spearman correlations were calculated across all 8,128 unique pairs among the 128 measurable 

curated genes after removal of zero-variance features. Edges were retained only when |rho| >= 0.60 and 

FDR < 0.05. The same pre-specified threshold was applied to the full cohort and to ancestry- and sex-

defined subgroups. Degree and betweenness centrality were exported for every node, allowing network 

prominence to be determined from machine-readable metrics rather than visual appearance. Because 

subgroup sizes ranged from eight to 16 and the ancestry groups each contained 12 participants, subgroup 

networks were treated as exploratory and were not used for reliable comparative network structure 

claims. The interpretation follows the general principle that correlation networks describe co-variation 

and require additional evidence before causal or regulatory language is justified [45]. 

2.7 Reproducibility and analysis provenance 

All numerical results, figures and summary counts reported here derive from a single fully executed 

notebook 

Cross_Ancestry_Asthma_Transcriptomics_PUBLICATION_MASTER_EXECUTED_v1.ipynb, 
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whose recorded execution began on 30 July 2026 at 14:27:12 UTC. The run used GSE69683 on 

GPL13158, random seed 42, GSEA minimum set size 5 and 1,000 permutations; it indexed 72 generated 

files and passed all programmed validation checks. Machine-readable GSEA, ssGSEA, network-pair, 

edge, node, centrality and checksum outputs were written to persistent repository directories. 

3. Results 

3.1 Pre-ranked GSEA identifies epithelial-barrier and airway-remodelling enrichment 

Two of the ten curated pathways met FDR < 0.05 in the sex-adjusted pre-ranked analysis (Table 1). 

Epithelial Barrier Function showed the strongest enrichment (NES -1.871, FDR 0.0152), with CLDN18, 

SPDEF, MUC5AC, FLG and CLDN1 contributing to the leading edge. Airway Remodelling was also 

enriched towards the European-ancestry group (NES -1.766, FDR 0.0193), with MMP9, TIMP2, 

TGFB1, PDGFB, COL1A1, TGFBR1, TGFBR2, COL3A1, TIMP1, PDGFA, MMP12 and FGF2 

represented in the leading edge. The remaining eight pathways did not reach the FDR threshold. 

Bronchial Hyperresponsiveness, Steroid Response and Innate Immunity/TLR Signalling nevertheless 

showed negative NES values, whereas Hypoxia/Metabolic Response and Immune Response showed 

positive NES values, but these directions were not statistically significant. 

Table 1. Pre-ranked GSEA across ten curated asthma pathways. 

Pathway NES FDR Leading-edge genes Enrichment 

direction 

Epithelial barrier 

function 

-1.871 0.0152 CLDN18; SPDEF; MUC5AC; FLG; 

CLDN1 

European 

Airway remodelling -1.766 0.0193 MMP9; TIMP2; TGFB1; PDGFB; 

COL1A1; TGFBR1; TGFBR2; 

COL3A1; TIMP1; PDGFA; MMP12; 

FGF2 

European 

Hypoxia/metabolic 

response 

+1.407 0.2854 LDHA; SLC2A1 African 

Bronchial 

hyperresponsiveness 

-1.377 0.2476 ALOX5; LTC4S; CHRM3; EDNRA European 

Steroid response -1.338 0.2219 ZBTB16; DUSP1 European 

Innate immunity/TLR 

signalling 

-1.306 0.2078 CXCL8; TLR2; MYD88 European 

Immune response +1.071 0.5561 CD28; GATA3; CTLA4; ICOS; 

STAT4 

African 

Drug metabolism -0.898 0.6986 ARRB2; NAT2; DUSP1; HSD17B1; 

SLCO1B1; CYP2C19; others 

European 

Oxidative stress +0.708 0.8533 PRDX1; GCLC; NOX1; GCLM African 

Type 17/neutrophilic 

inflammation 

-0.647 0.9035 CXCL1 European 
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Figure 1. Pre-ranked GSEA across ten curated asthma pathways. (A) Lollipop plot of normalised 

enrichment scores from the sex-adjusted ancestry ranking. (B) Significance display of enrichment 

direction and FDR. Negative NES indicates enrichment towards the European-ancestry group. 

3.2 Sex-adjusted ssGSEA identifies four pathway-score differences 

The sample-level analysis produced a different but overlapping result (Table 2). Airway Remodelling 

showed the largest adjusted difference, with a lower mean score in the African-ancestry group (African 

minus European -0.0253; FDR 0.0001). Bronchial Hyperresponsiveness (-0.0145), Innate 

Immunity/TLR Signalling (-0.0250) and Steroid Response (-0.0450) were also lower in the African-

ancestry group and each remained significant after correction (FDR 0.0348). Immune Response and 

Epithelial Barrier Function were nominally associated but did not survive the ten-pathway correction 

(FDR 0.0530 each). Airway Remodelling was therefore the only pathway supported by both pre-ranked 

GSEA and adjusted ssGSEA. 

A 

B 
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Table 2. Sex-adjusted ssGSEA pathway-score differences. 

Pathway African - 

European score 

difference 

P value FDR Significant Higher score 

Airway remodelling -0.0253 <0.0001 0.0001 Yes European 

Bronchial 

hyperresponsiveness 

-0.0145 0.0090 0.0348 Yes European 

Innate immunity/TLR 

signalling 

-0.0250 0.0139 0.0348 Yes European 

Steroid response -0.0450 0.0138 0.0348 Yes European 

Immune response +0.0118 0.0318 0.0530 No African 

Epithelial barrier 

function 

-0.0158 0.0311 0.0530 No European 

Hypoxia/metabolic 

response 

+0.0232 0.1001 0.1430 No African 

Drug metabolism -0.0015 0.7437 0.9266 No European 

Oxidative stress -0.0007 0.9051 0.9266 No European 

Type 17/neutrophilic 

inflammation 

+0.0019 0.9266 0.9266 No African 

 

 

A 
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Figure 2. Per-sample pathway activity. (A) ssGSEA score distributions by ancestry and sex. (B) Volcano 

plot of adjusted African-minus-European ssGSEA score differences. The x-axis represents a pathway-

score difference, not a fold change. 

3.3 The full-cohort network contains informative centrality structure, whereas subgroup networks 

are sparse 

The full-cohort network retained 173 of 8,128 tested gene pairs and connected 81 of 128 curated 

genes (Table 3). The strongest degree centrality was shared by COL1A1 and ARRB2 (degree 13 each), 

followed by SPDEF (12), CD28 and LDHA (11 each), and ALOX5 (10). Betweenness centrality was 

highest for SPDEF (0.0471), followed by COL1A1 (0.0338), CD28 (0.0320), SMAD2 (0.0316) and 

SMAD4 (0.0300); MMP9 and CXCL1 also ranked within the top ten by betweenness. ARRB2 was tied 

for first by degree and ranked ninth by betweenness, while ALOX5 ranked sixth by degree and twelfth 

by betweenness. These measures describe network position rather than causal regulatory control. 

Table 3. Co-expression network summary under the fixed threshold. 

Group Samples Genes Pairs 

tested 

Edges 

retained 

Connected nodes / 

interpretation 

All samples 24 128 8,128 173 81 

African ancestry 12 128 8,128 2 2-4 (exploratory) 

European ancestry 12 128 8,128 0 0 

Female 16 128 8,128 1 Exploratory 

Male 8 128 8,128 8 Exploratory 
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Figure 3. Full-cohort curated-gene co-expression network. Nodes represent the 128 measurable curated 

genes and edges represent Spearman correlations retained at |rho| >= 0.60 and FDR < 0.05. Node 

colour indicates curated pathway membership and node size indicates degree. Hub and bridge 

statements are based on the machine-readable degree and betweenness tables rather than visual 

prominence. 

3.4 Subgroup networks do not support comparative network claims 

Applying the same fixed threshold to smaller subgroups yielded only two retained edges in the 

African-ancestry group, none in the European-ancestry group, one among females and eight among 

males. The difference in edge counts was therefore dominated by very sparse graphs and small sample 

sizes rather than by a sufficiently stable network structure for biological comparison. Subgroup networks 

are retained in Supplementary Figure S1 for transparency, but no ancestry-specific or sex-specific 

rewiring claim is made. 
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4. Discussion 

4.1 Convergent evidence for airway remodelling 

The clearest systems-level finding is not that every pathway moved in the same direction, but that 

Airway Remodelling was detected by two analytically different approaches. The GSEA result reflects 

concentration of remodelling genes toward the European end of the sex-adjusted genome-wide ranking, 

whereas the ssGSEA result reflects lower sample-level remodelling scores in the African-ancestry group. 

Convergence across these questions gives the remodelling signal more interpretive weight than pathways 

detected by only one method, although it remains a blood-derived association rather than direct evidence 

of airway structural change. The leading-edge genes are biologically credible: MMP9, TIMP2 and 

TGFB1 participate in extracellular-matrix turnover and fibrotic signalling, and collagen and growth-

factor genes have established roles in airway remodelling [23-25,29,30]. The finding is also compatible 

with prior severe-asthma transcriptomic work showing that molecular heterogeneity extends beyond 

canonical type 2 inflammation [5,6,8]. 

4.2 Epithelial-barrier enrichment and the GSEA-ssGSEA tension 

The epithelial-barrier result illustrates why the two enrichment methods should not be treated as 

interchangeable. Epithelial Barrier Function reached FDR significance in pre-ranked GSEA but not in 

adjusted ssGSEA, even though its ssGSEA coefficient was in the same European-higher direction and 

was nominally associated before correction. This is not a contradiction: GSEA is sensitive to coordinated 

positioning of pathway genes in a ranked statistic, while ssGSEA converts each sample into a pathway 

score and then asks whether those scores differ after covariate adjustment [18-22]. The leading-edge 

genes, including CLDN18, SPDEF, MUC5AC, FLG and CLDN1, connect plausibly to epithelial 

integrity, mucus differentiation and barrier function [26-28]. The important limitation is anatomical: 

these transcripts were measured in whole blood, so the result may represent circulating correlates of 

epithelial disease rather than epithelial-cell expression itself. 

4.3 Bronchial hyperresponsiveness, innate/TLR and steroid-response associations 

The three additional ssGSEA associations warrant cautious attention because each captures a 

clinically relevant programme but none reached significance by pre-ranked GSEA. Bronchial 

Hyperresponsiveness includes ALOX5, LTC4S, CHRM3 and EDNRA, linking leukotriene synthesis 

and cholinergic smooth-muscle biology to the observed score difference [31-33]. Innate Immunity/TLR 

Signalling includes CXCL8, TLR2 and MYD88; a lower mean score in the African-ancestry group is 

therefore not equivalent to 'less innate inflammation', particularly in bulk blood where neutrophil 

abundance can strongly influence the measured signal. Severe neutrophilic asthma has been associated 

with CXCL8-related inflammatory activity, extracellular DNA, neutrophil extracellular traps and 

inflammasome activation [9,10,42,44]. The Steroid Response pathway likewise contains genes such as 

ZBTB16, DUSP1, NR3C1 and FKBP5, but a pathway-score difference cannot be interpreted as 

corticosteroid sensitivity because actual dose, adherence, longitudinal response and pharmacodynamic 

measurements were unavailable [38,41-43]. 

4.4 Potential pharmacogenomic leads should remain distinct from treatment-response claims 

Several genes occupying these pathways are pharmacologically relevant, but the present data support 

prioritisation rather than clinical inference. Genetic studies have linked ALOX5 and LTC4S variation to 

leukotriene-modifier response and ADRB2 variation to heterogeneity in beta2-agonist outcomes, while 
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mechanistic studies place beta-arrestin 2 within both allergic inflammation and beta2-adrenergic receptor 

regulation [31,32,34-37,39,40]. In the companion gene-level analysis, ARRB2, ALOX5 and LTC4S 

differed between the ancestry groups; in the present network, ARRB2 was tied for the highest degree 

and ALOX5 was among the more highly connected nodes. These observations make ARRB2 and 

ALOX5 reasonable candidates for treatment-linked follow-up, but they do not demonstrate ancestry-

specific drug response. This distinction is reinforced by the absence of significant GSEA or ssGSEA 

enrichment for the broad Drug Metabolism pathway and by the lack of treatment-outcome data. 

4.5 Network centrality is informative at full-cohort scale but not within small subgroups 

The full-cohort graph supports a descriptive view of inter-pathway co-variation. COL1A1 and 

ARRB2 had the highest degree, while SPDEF had the highest betweenness, followed by COL1A1, 

CD28, SMAD2 and SMAD4; MMP9 and CXCL1 also ranked highly by betweenness. These rankings 

are consistent with the broader use of co-expression networks to identify connected molecular 

programmes and candidate regulators in asthma [45-48], but centrality does not establish that a gene is 

a causal driver. The subgroup results make this distinction especially important. With only two retained 

edges in the African-ancestry network and none in the European-ancestry network, visual differences 

between subgroup plots are not sufficient for reliable network structure claims; larger samples, bootstrap 

or resampling-based stability analysis, and external validation would be needed before comparing 

network organisation across groups. 

4.6 Whole-blood composition and interpretation of the recorded ancestry groups 

Whole-blood transcriptomics cannot separate cell-intrinsic regulation from differences in circulating 

cell abundance without additional information. This is particularly relevant here because the Duffy-null 

ACKR1 variant is common in people of African descent and is strongly associated with lower neutrophil 

counts [54,55]. Bulk-tissue deconvolution methods demonstrate that variation in cell proportions can 

materially alter gene-expression summaries and downstream association signals [56,57]. Consequently, 

ancestry-associated pathway scores involving CXCL8, MMP9, ALOX5 or other myeloid-linked genes 

may partly reflect composition rather than per-cell transcriptional regulation. The grouping variable 

follows the race/ethnicity categories recorded in the source GEO metadata, and genetic ancestry was not 

independently re-estimated in this secondary analysis. The observed associations should therefore be 

interpreted as differences between the recorded study groups rather than direct genetic effects of 

ancestry. 

4.7 Strengths and limitations 

A strength of this analysis is the use of one version-controlled cohort, one sex-adjusted statistical 

framework, programmatically linked pathway definitions, fixed network thresholds and machine-

readable output manifests across GSEA, ssGSEA and network analyses. The principal limitation is the 

small selected sample of 24 participants, compounded by unmeasured whole-blood cell composition, 

incomplete clinical covariates and the absence of independent genetic-ancestry re-estimation in this 

secondary analysis, which limits power and prevents separation of cell abundance, environmental or 

social exposure, treatment and cell-intrinsic expression effects. The pathway analysis was deliberately 

targeted rather than exhaustive, treatment-response measurements were unavailable, and the eight- to 

16-sample subgroup networks were too sparse for reliable comparative network inference; broader gene-
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set sensitivity analysis and independent replication would strengthen future work, while the present pre-

specified pathway analysis is interpreted within its stated scope. 

4.8 Implications and next studies 

The next study should test whether the remodelling signal persists after accounting for leukocyte 

composition, richer clinical treatment variables and independent ancestry characterisation where 

available in a substantially larger cohort. Replication should also include airway-derived material, 

because whole-blood and airway transcriptomes capture different biological compartments, and should 

pre-specify whether the objective is pathway discovery, clinical stratification or treatment-response 

prediction. Asthma phenotypes are further modified by clinical factors such as obesity and age of onset 

[60], reinforcing the need for richer covariate data rather than ancestry-only comparisons. Current 

international guidance also emphasises the heterogeneity of asthma and the need to relate biological 

findings to clinically meaningful phenotypes and treatment response [61]. A broader 

MSigDB/Reactome-style sensitivity analysis is technically feasible from the existing sex-adjusted 

21,653-gene ranking, but it would introduce a new post hoc hypothesis space and is better treated as a 

separate analysis. For the network analysis specifically, resampling-based stability estimates and an 

external cohort should precede any claim that centrality or module structure differs by ancestry or sex. 

5. Conclusion 

In this severe-asthma whole-blood cohort, the most consistent systems-level difference between the 

recorded ancestry groups involved Airway Remodelling, which was supported by both pre-ranked GSEA 

and sex-adjusted ssGSEA. Epithelial-barrier, bronchial-hyperresponsiveness, innate/TLR and steroid-

response findings depended on the analytical question and should be interpreted as complementary 

exploratory evidence rather than interchangeable confirmation. The full-cohort co-expression network 

identified central genes including COL1A1, ARRB2 and SPDEF, but sparse subgroup graphs precluded 

reliable ancestry- or sex-specific network comparisons. Whole-blood composition and incomplete 

clinical covariates remain important sources of uncertainty, and these findings require independent 

replication in larger ancestry-diverse, cell-resolved and treatment-linked cohorts before mechanistic or 

clinical-response claims are made. 
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