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ABSTRACT 

	Background: High-grade serous ovarian cancer (HGSC) exhibits marked clinical
heterogeneity, with Short-Term (ST) survivors demonstrating intrinsic resistance
to standard chemotherapy and poor outcomes. Understanding tumor-intrinsic
transcriptional vulnerabilities in ST-HGSC represents a critical unmet need for
precision therapeutic development. This study integrates structural bioinformatics,
network topology analysis, and pharmacogenomics to identify druggable master
regulators sustaining the aggressive ST phenotype.

Methods: We analyzed transcriptomic data from Kotnik et al. (2023) comparing
ST and Long-Term (LT) HGSC survivors, identifying 325 significantly upregulated
differentially expressed genes (DEGs) in the ST cohort (log₂FC >1.5, adjusted
P<0.05). The ESR1-CCDC170 fusion protein structure was predicted using AlphaFold2
v2.3.1 to assess ligand-binding domain integrity. A protein-protein interaction
(PPI) network was constructed from ST-specific DEGs using STRING (confidence >0.4),
and master regulatory hubs were identified using the Maximal Clique Centrality
(MCC) algorithm in CytoHubba. Survival analysis was performed using Kaplan-Meier
Plotter (n=1,435 serous ovarian cancer patients). Functional enrichment of hub
neighborhoods was conducted using NetworkSuite v2.1 (Sequensolutions), integrating
Gene Ontology, Reactome, WikiPathways, and KEGG databases. Pharmacogenomic
repurposing was performed using L1000CDS2, and drug-target interactions were
validated through structural analysis.

Results: AlphaFold2 modeling demonstrated that ESR1-CCDC170 retains the
DNA-binding domain (pLDDT >85) but completely lacks the C-terminal ligand-binding
domain, providing structural evidence for endocrine therapy resistance. Network
analysis identified Cyclin-Dependent Kinase 9 (CDK9) as the top-ranked hub
(degree=17, highest MCC score), exhibiting both high connectivity and betweenness
centrality. Survival analysis confirmed that high CDK9 expression significantly
predicted poor overall survival (median OS: 42.5 vs 51.2 months; HR=1.28, 95%
CI: 1.10-1.51; log-rank P=0.0088). Functional enrichment of CDK9's 17 first-degree
interactors revealed profound overrepresentation in RNA Polymerase II
transcriptional elongation pathways (FDR<10⁻¹⁰), supporting a model of
elongation-dependent transcriptional addiction. Network stability analysis across
multiple STRING confidence thresholds (0.4-0.9) confirmed CDK9's robust central
position. Pharmacogenomic analysis identified transcriptional inhibitors as
signature-reversing compounds, and structural validation confirmed stable
CDK9-alvocidib interaction.

Conclusion: Our integrative computational analysis identifies CDK9 as a candidate
master regulator sustaining transcriptional addiction in ST-HGSC, potentially
driven by fusion-mediated constitutive transcriptional activation. These findings
support CDK9 inhibition as a rational precision therapeutic strategy for this
high-risk patient subgroup. Experimental validation through functional studies,
including CDK9 knockdown experiments, drug sensitivity assays in HGSC cell lines,
and patient-derived xenograft models, is essential to confirm these computational
predictions and advance toward clinical translation.
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1. INTRODUCTION 

High-grade serous ovarian cancer (HGSC) remains the most lethal gynecologic malignancy, accounting for 70-75% of ovarian cancer-related mortality worldwide [1,2]. Despite advances in cytoreductive surgery, platinum-based chemotherapy, and PARP inhibitor therapy, 5-year survival rates remain below 30% for advanced-stage disease [2,3]. Most patients initially respond to frontline therapy but relapse with chemoresistant disease, indicating tumor-intrinsic adaptive mechanisms that enable therapeutic escape [3,4]. TCGA molecular characterization revealed extreme genomic instability driven by copy number alterations and structural variants, with TP53 mutations in 96% of cases but few recurrent actionable driver alterations [4,5]. This genomic architecture suggests that structural variants—including gene fusions—play dominant roles in oncogenesis and therapeutic resistance, necessitating functional characterization of transcriptional programs sustaining disease progression [5,6].Molecular and genomic characterization of HGSC has revealed extreme genomic instability driven predominantly by copy number alterations, chromosomal rearrangements, and structural variants, rather than recurrent point mutations in actionable oncogenes [12,13]. This genomic architecture distinguishes HGSC from other solid tumors and suggests that structural variants—including gene fusions—play a dominant role in oncogenesis and therapeutic resistance [13]. The Cancer Genome Atlas (TCGA) analysis identified TP53 mutations in >96% of HGSC cases, yet few additional recurrent driver alterations have been consistently identified, underscoring the need for functional characterization of structural variants and transcriptional programs that sustain disease progression [13,14].
[bookmark: X8a8a847dfda31facbfcf11ce5e882669b1bbf2d]Clinical and Molecular Heterogeneity: The Short-Term Survivor Phenotype
[bookmark: X66bec54c20a1e17fac4b894101526fe46196b3d]Significant clinical heterogeneity exists among HGSC patients regarding therapy response and survival. A subset termed Short-Term (ST) survivors demonstrates intrinsic resistance to standard chemotherapy with markedly reduced survival compared to Long-Term (LT) survivors [7]. While immune microenvironment composition and stromal architecture contribute to survival variation, tumor cell-intrinsic transcriptional programs remain incompletely understood [7,8]. Recent transcriptomic profiling by Kotnik et al. (2023) demonstrated distinct gene expression signatures distinguishing ST versus LT phenotypes, yet specific druggable molecular dependencies maintaining the aggressive ST state have not been systematically identified [7]. Understanding these tumor-intrinsic vulnerabilities represents a critical unmet need for precision therapeutic development.

Gene Fusions as Drivers of Oncogenic Transcriptional Rewiring
[bookmark: X5c51a00140427b9f72751c6cdc75ec99d833ece]Gene fusions drive oncogenic transcriptional reprogramming across diverse malignancies by retaining DNA-binding domains while acquiring constitutive activation sequences, thereby bypassing normal regulatory checkpoints [9,10]. ESR1 (estrogen receptor alpha) gene rearrangements, particularly ESR1-CCDC170 fusions, are extensively characterized in luminal breast cancers and strongly associated with endocrine therapy resistance [11,12]. In these fusions, the N-terminal DNA-binding domain (DBD) is preserved while the C-terminal ligand-binding domain (LBD) is disrupted through chromosomal rearrangement [11,12]. Since selective estrogen receptor modulators (SERMs) like tamoxifen and selective estrogen receptor degraders (SERDs) like fulvestrant require an intact LBD, structural alteration leads to ligand-independent transcriptional activation and functional endocrine resistance [12-14]. Beyond ligand independence, ESR1 fusion proteins alter chromatin occupancy patterns and recruit novel transcriptional co-activators through mechanisms distinct from wild-type receptor signaling [14,15]. In breast cancer, ESR1-CCDC170 fusions activate estrogen-responsive genes constitutively and promote proliferation independent of estrogen [11,12]. However, downstream transcriptional vulnerabilities created by ESR1-CCDC170 in HGSC—a tumor type not classically estrogen-driven—remain largely unexplored and may create alternative therapeutic opportunities.
Transcriptional Addiction and Elongation Control as a Therapeutic Vulnerability
[bookmark: Xe750c1294e21c9c33ce25b93756d4e8d4a71e3f]The transcriptional addiction paradigm provides a framework for understanding cancer cell dependency on sustained transcriptional amplification [16,17]. Many cancers rely on continuous hyperactivation of transcriptional machinery to support oncogene expression, anti-apoptotic factors, and proliferative programs, often mediated by fusion oncogenes, super-enhancers, or chromatin remodelers [16,17]. This dependency creates selective vulnerabilities to transcriptional elongation inhibitors [16-18]. Cyclin-Dependent Kinase 9 (CDK9), the catalytic subunit of Positive Transcription Elongation Factor b (P-TEFb), is a central regulator of transcriptional elongation [18,19]. CDK9 phosphorylates serine-2 residues within the RNA Polymerase II (Pol II) C-terminal domain, essential for releasing paused polymerase and enabling productive elongation [18,19]. In tumors with elevated transcriptional stress—such as those driven by fusion oncogenes—dependency on CDK9 increases, rendering elongation machinery a selective therapeutic vulnerability [17,18,20]. Recent studies in ovarian carcinoma demonstrate that CDK9 inhibition suppresses tumor growth, reduces MCL1 expression, and induces apoptosis in chemotherapy-resistant models [21,22], suggesting CDK9 may be particularly effective in fusion-driven transcriptional addiction contexts.
Network Medicine and Hub-Based Therapeutic Targeting
Network medicine offers a systems-level perspective for identifying therapeutic targets by evaluating how disease phenotypes arise from dysregulated interaction modules maintained by highly connected regulatory hubs [23,24]. Hub nodes— characterized by high degree and betweenness centrality—often serve as critical control points whose perturbation can collapse entire disease-associated interactomes [23-25]. The Maximal Clique Centrality (MCC) algorithm has been validated for identifying functionally critical hubs by evaluating node connectivity within maximal cliques (fully connected subgraphs representing tightly coordinated functional modules), demonstrating superior performance in predicting essential genes and therapeutic targets [26,27]. Application of network topology to cancer transcriptomics has successfully identified actionable targets across diverse malignancies [24-27].
Study Rationale and Hypothesis
Given the structural features of ESR1-CCDC170 (preserved DNA-binding domain with loss of ligand-dependent regulation) and the mechanistic importance of transcriptional elongation in maintaining fusion-driven oncogenic programs, we hypothesized that ST-HGSC tumors adopt an elongation-dependent transcriptional state sustained by CDK9. We further hypothesized that CDK9 functions as a master regulatory hub within the ST-specific transcriptional network, and that its inhibition represents a candidate precision therapeutic strategy. To test this hypothesis, we performed integrated structural modeling using AlphaFold2 to characterize ESR1-CCDC170 architecture and assess ligand-binding domain integrity. We constructed a protein-protein interaction network from ST-specific differentially expressed genes and applied MCC to identify master regulatory hubs. Functional enrichment was performed using NetworkSuite to characterize biological programs controlled by identified hubs. Survival analysis validated prognostic significance, and pharmacogenomic interrogation using L1000CDS2 identified candidate therapeutic compounds. Molecular analysis validated drug-target interactions. This study employs computational approaches to identify candidate therapeutic vulnerabilities; experimental validation will be essential to confirm therapeutic efficacy and advance toward clinical translation..

2. methodology 

2.1 Data Acquisition and Cohort Definition
This study employed a secondary data analysis approach using publicly available transcriptomic datasets. Transcriptomic profiles of Short-Term (ST) and Long-Term (LT) survivor phenotypes were obtained from the study by Kotnik et al. (2023) [15], which characterized matched primary and metastatic HGSC tumors. The original study defined ST survivors as patients with overall survival <36 months and LT survivors as those with overall survival >60 months following initial diagnosis. Differentially expressed genes (DEGs) significantly upregulated in the ST group compared to the LT group were identified using the analysis reported in the original publication. We extracted DEGs meeting the following criteria: log₂ fold-change >1.5 and adjusted P-value <0.05 (Benjamini-Hochberg FDR correction). A total of 325 upregulated DEGs were identified and used for subsequent network construction. Important Note on ESR1-CCDC170 Fusion Status: The Kotnik et al. (2023) study did not report ESR1-CCDC170 fusion status for individual samples in the ST versus LT cohorts. Our analysis was performed on the transcriptomic signature of Short-Term survivors as a group, not specifically on fusion-positive tumors. The ESR1-CCDC170 fusion was selected for structural characterization based on: (1) its established role in endocrine resistance in breast cancer [11,12]; (2) its documented presence in HGSC according to TCGA fusion databases [28]; and (3) its biological relevance to estrogen-independent transcriptional activation that may contribute to the ST phenotype. However, the prevalence of this specific fusion in the ST cohort analyzed remains to be determined through targeted fusion screening using RNA-seq fusion calling algorithms (e.g., STAR-Fusion, Arriba) or RT-PCR validation in future studies. The overall workflow of the integrative bioinformatics pipeline is illustrated in Figure 1, showing the sequential steps from data acquisition through structural modeling, network analysis, survival validation, and pharmacogenomic repurposing.

[image: ]
Figure 1. Overall workflow of the integrative bioinformatics pipeline. A schematic overview of the steps from data acquisition and differential expression analysis to network modeling, survival validation, pharmacogenomic repurposing, and functional enrichment using NetworkSuite.
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Figure 2. Transcriptomic landscape of high-grade serous ovarian cancer showing Short-Term and Long-Term survivor clustering. Figure reproduced from Kotnik E, et al. (2023) under Creative Commons CC-BY 4.0 License. This transcriptomic signature formed the basis for identifying 325 upregulated differentially expressed genes (DEGs) in the ST group, which were subsequently used for network construction and hub identification.

2.2 Structural Modelling of Fusion Proteins
A chimeric amino acid sequence of the ESR1-CCDC170 fusion protein was constructed in silico based on the canonical exon 6 breakpoint of ESR1 fused to the N-terminus of CCDC170. The sequences were retrieved from UniProt: ESR1 (P03372, residues 1-282 encompassing the DNA-binding domain) and CCDC170 (Q8IYL7, residues 1-665). The fusion junction was modeled based on reported genomic breakpoints in breast cancer literature [11,12]. Three-dimensional structure prediction was performed using AlphaFold2 v2.3.1 [6] with default parameters and the full database template set (BFD, MGnify, UniClust30, and PDB70). Five models were generated, and the highest-ranked model (based on predicted aligned error and pLDDT scores) was selected for analysis. Model quality was assessed using per-residue confidence scores (pLDDT), predicted template modeling score (pTM), and predicted aligned error (pAE) plots. The predicted structure was visualized using UCSF ChimeraX v1.5 [9] to assess: (1) preservation of the ESR1 DNA-binding domain zinc-finger fold; (2) structural absence or disruption of the canonical estrogen receptor ligand-binding domain (LBD); and (3) structural features of the CCDC170-derived C-terminal region. Structural comparison with the wild-type ESR1 crystal structure (PDB: 1ERE) was performed to evaluate LBD integrity and ligand-binding pocket accessibility.

2.3 Network Construction and Hub Identification
An ST-specific protein-protein interaction (PPI) network was generated by mapping the 325 upregulated DEGs to the STRING database v11.5 [13] with a confidence score threshold >0.4. This moderate threshold was selected to balance sensitivity (capturing biologically relevant interactions with experimental evidence) and specificity (avoiding false-positive predictions), as recommended for exploratory network analysis in cancer contexts [29]. The resulting network was exported from STRING and visualized in Cytoscape v3.9.1 [11]. Network topology parameters including node degree, clustering coefficient, network density, and average path length were calculated using the NetworkAnalyzer plugin. Hub genes were identified using the CytoHubba plugin [5] based on the Maximal Clique Centrality (MCC) algorithm. The MCC algorithm identifies nodes embedded within densely interconnected cliques (maximal fully connected subgraphs), prioritizing regulators essential for maintaining network cohesion rather than simply highly connected promiscuous interactors [26,27]. Network Stability Analysis was done to assess the robustness of hub identification, we performed sensitivity analysis by varying the STRING confidence threshold. Networks were reconstructed at confidence scores >0.7 (high confidence) and >0.9 (highest confidence), and hub ranking was repeated using the MCC algorithm. Consistency of top-ranked hubs across threshold ranges was evaluated to confirm that identified master regulators were not artifacts of parameter selection. In Silico Node Removal Analysis was done to evaluate the structural importance of identified hubs, we performed computational node removal experiments. The top-ranked hub (CDK9) and several lower-ranked nodes were sequentially removed from the network, and effects on network fragmentation (change in largest connected component size) and global network efficiency were calculated using Cytoscape.

2.4 Survival and Prognostic Validation
To assess the clinical prognostic significance of identified hub genes, survival analysis was performed using the Kaplan-Meier Plotter database (https://kmplot.com/ analysis/) [30], an online platform integrating gene expression and clinical outcome data from multiple cancer types. The analysis focused on serous ovarian cancer patients (n=1,435) using the Affymetrix probe 203198_at corresponding to CDK9. Gene expression was dichotomized at the median value (auto-selected optimal cutoff by the platform) to define high-expression and low-expression groups. Overall survival (OS) was assessed using Kaplan-Meier curves, and statistical significance was determined by the log-rank (Mantel-Cox) test. Hazard ratios (HR) with 95% confidence intervals (CI) were calculated using Cox proportional hazards regression models. Median survival times for high- and low-expression groups were extracted, and the number of patients in each group was recorded. The threshold for statistical significance was set at P<0.05 (two-tailed). This survival analysis utilized a pan-HGSC cohort from a public database and was not specifically restricted to ST survivors. Additionally, the analysis was not adjusted for clinical covariates (tumor stage, grade, residual disease burden, chemotherapy regimen, or BRCA mutation status) that may confound the relationship between CDK9 expression and survival. Multivariate Cox regression controlling for these variables would strengthen the independent prognostic value of CDK9 but was not feasible with the available online platform. Future studies using individual patient data should perform multivariable survival analysis and stratify by ST/LT subgroups.

2.5 Pharmacogenomic Repurposing and Molecular Docking
To identify small-molecule compounds capable of reversing the ST-specific gene expression signature, the list of 325 upregulated DEGs was queried against the L1000CDS2 search engine [12] (http://amp.pharm.mssm.edu/L1000CDS2/). L1000CDS2 utilizes the LINCS L1000 dataset, which contains gene expression profiles of over 20,000 small-molecule perturbations across multiple cancer cell lines. The platform identifies compounds whose transcriptional signatures are most opposite (anti-correlated) to the input query signature, predicting signature reversibility. Compounds were ranked according to their overlap scores, which quantify the degree of anti-correlation between the compound-induced signature and the input ST signature. The top 20 compounds were extracted for analysis. We examined the mechanism of action for top-ranked compounds and assessed their biological plausibility as therapeutic candidates for ST-HGSC. Rationale for CDK9-Specific Structural Validation: Although multiple compounds showed signature-reversing potential, we prioritized CDK9 as the therapeutic target based on convergent evidence from: (1) network centrality analysis (CDK9 = top hub); (2) functional enrichment (CDK9 interactors enriched in transcriptional elongation, FDR<10⁻¹⁰); (3) survival validation (high CDK9 expression predicts poor OS); and (4) therapeutic tractability (CDK9 is a druggable kinase with existing clinical inhibitors). For structural validation of CDK9 as a drug target, the co-crystal structure of CDK9 bound to the flavopiridol derivative alvocidib was retrieved from the Protein Data Bank (PDB ID: 3BLR) [31]. Intermolecular interactions between CDK9 and alvocidib were analyzed using UCSF ChimeraX v1.5 [9], focusing on: (1) occupancy of the ATP-binding pocket; (2) hydrogen bonding with hinge region residues; (3) hydrophobic interactions stabilizing ligand binding; and (4) overall binding geometry and complementarity. Key interacting residues were identified and binding distances were measured.
2.6 Functional Enrichment and Hub analysis using NetworkSuiteTo characterize the biological functions and pathways controlled by the identified master regulatory hub, we extracted CDK9's first-degree interactors (direct neighbors in the PPI network, n=17 genes) and performed comprehensive functional overrepresentation analysis using NetworkSuite v2.1 (https://www.sequensolutions.com/ tools/networksuite), a cloud-deployed bioinformatics platform developed by our group. NetworkSuite integrates multiple pathway enrichment databases including: - Enrichr combined score analysis (aggregating multiple gene set libraries) - Reactome pathway database (curated biological pathways) - WikiPathways (community-curated pathway resource) - Gene Ontology (GO) annotations for Biological Process (BP), Molecular Function (MF), and Cellular Component (CC) categories Enrichment analysis was performed using hypergeometric tests with Benjamini-Hochberg false discovery rate (FDR) correction. The significance threshold was set at FDR <0.05. The platform automatically generated interactive visualizations including: - Reactome pathway bubble plots (top 20 pathways ranked by -log₁₀FDR) - Enrichr combined score bar charts - WikiPathways dot plots - GO treemaps for BP, MF, and CC categories Results were exported as high-resolution SVG/PDF figures and tabular data (CSV format) for downstream analysis. Pathway convergence on transcriptional elongation and RNA Polymerase II regulation was interpreted as mechanistic validation of CDK9's role in sustaining transcriptional addiction in ST-HGSC.

3. results

3.1 Structural modeling reveals functional disruption of the ESR1 ligand-binding domain
Three-dimensional modeling of the ESR1–CCDC170 fusion protein using AlphaFold2 revealed preservation of the N-terminal DNA-binding domain (DBD) of ESR1, while demonstrating complete structural absence of the canonical C-terminal ligand-binding domain (LBD). The predicted model exhibited high confidence scores (pLDDT > 85) in the DBD region, supporting reliable preservation of DNA recognition motifs. In contrast, the fusion junction and CCDC170-derived tail showed increased flexibility and predicted coiled-coil architecture.
Structural comparison with canonical ESR1 LBD crystal structures indicated disruption of the hydrophobic ligand-binding pocket required for selective estrogen receptor modulators (SERMs) and selective estrogen receptor degraders (SERDs) to bind and exert therapeutic effects [7]. The absence of an intact LBD strongly supports a mechanism of ligand-independent transcriptional activity and provides a structural explanation for endocrine resistance observed in fusion-positive tumors.
Additionally, the CCDC170-derived region displayed extended helical structures consistent with scaffolding domains capable of protein-protein interactions. Such structural remodeling may facilitate constitutive recruitment of transcriptional cofactors independent of estrogen signaling, thereby promoting persistent transcriptional activation.

[image: ]
Fig 3: Three-dimensional Structure of ESR1-CCDC170

3.2 Identification of CDK9 as a Master Regulator	
Mapping the 325 ST-specific upregulated differentially expressed genes (DEGs) onto the STRING protein-protein interaction (PPI) database (confidence >0.4) generated a network containing 305 nodes and 842 edges. The network exhibited classical scale-free topology characteristic of biological systems, with a clustering coefficient of 0.21, network density of 0.018, and average path length of 3.42, indicating modular organization with distinct functional clusters. Hub gene identification using the Maximal Clique Centrality (MCC) algorithm revealed CDK9 (Cyclin-Dependent Kinase 9) as the highest-ranked hub with: - Degree centrality: 17 (17 first-degree interactors) - MCC score: 4.8 × 10⁷ (highest in network) - Betweenness centrality: 0.089 (top 5%) The top 5 hubs by MCC ranking were: 
1. CDK9 (degree=17, MCC=4.8×10⁷) 
2. POLR2A (degree=15, MCC=2.1×10⁷) 
3. SNAP29 (degree=13, MCC=8.4×10⁶) 
4. CCNT1 (degree=11, MCC=3.2×10⁶) 
5. BRD4 (degree=10, MCC=1.8×10⁶) 
CDK9's dual profile of high degree centrality (many direct connections) and elevated betweenness centrality (bridging multiple network modules) indicates it functions simultaneously as a highly connected hub and as a bottleneck controlling information flow between functional modules. Nodes possessing such properties are often essential for maintaining network integrity and represent structurally vulnerable points whose perturbation disproportionately disrupts system-wide interactions [23,24]. Network Stability Analysis Across Multiple Thresholds:To evaluate the robustness of CDK9's central position, we repeated hub identification at higher STRING confidence thresholds.
	STRING Confidence
	Nodes
	Edges
	Degree
	MCC Rank
	Top Hub

	>0.4 (moderate)
	305
	842
	17
	1
	CDK9

	>0.7 (high)
	187
	312
	12
	1
	CDK9

	>0.9 (highest)
	98
	87
	7
	2
	CDK9


This consistency across threshold ranges confirms that CDK9's central position is robust to parameter selection and not an artifact of permissive interaction criteria. Even at the most stringent threshold (>0.9), CDK9 maintained high centrality, demonstrating that its hub status is supported by high-confidence experimental evidence. In Silico Node Removal Analysis: To assess the structural importance of CDK9, we performed computational node removal experiments. Simulated deletion of CDK9 resulted in: - 25% fragmentation of the largest connected network component - 34% reduction in global network efficiency - Disconnection of 12 peripheral nodes from the main network In contrast, removal of other high-degree nodes (POLR2A, SNAP29) produced comparatively minor disruption (<15% fragmentation). These findings indicate that CDK9 represents a network fragility point whose inhibition is predicted to disproportionately destabilize the ST transcriptional interactome. The PPI network visualization is shown in Figure 4, with node size proportional to degree centrality and color intensity reflecting MCC score. CDK9 is positioned centrally with extensive connectivity to transcriptional regulators, cyclin partners, and chromatin modifiers..
This consistency demonstrates that CDK9 maintains high centrality across a wide range of confidence thresholds, indicating its hub status is supported by robust experimental evidence rather than low-confidence predicted interactions. Even at the most stringent threshold where only highest-confidence interactions are retained, CDK9 remains among the top 2 hubs, confirming the reliability of our findings.
[image: ]
Fig 4: PPI interaction of 325 genes from Cytoscape

3.3 Clinical Validation of CDK9
To validate the clinical significance of CDK9 beyond network topology, we performed survival analysis using the Kaplan-Meier Plotter database for serous ovarian cancer.
Survival Analysis Results:
	Metric
	Value

	Total Cohort
	n=1,435 (serous ovarian cancer)

	High CDK9 Expression Group
	n=717 (above median)

	Low CDK9 Expression Group
	n=718 (below median)

	Median Overall Survival (High CDK9)
	42.5 months

	Median Overall Survival (Low CDK9)
	51.2 months

	Hazard Ratio (HR)
	1.28 (95% CI: 1.10–1.51)

	Log-rank P-value
	0.0088 (statistically significant)



Patients with high CDK9 expression (Probe 203198_at) exhibited significantly shorter overall survival compared to the low-expression group, with a median survival difference of 8.7 months (Figure 5). The hazard ratio of 1.28 indicates that high CDK9 expression is associated with a 28% increased risk of mortality in serous ovarian cancer. These findings validate CDK9 not only as a network hub identified through computational topology analysis, but also as a clinically relevant prognostic biomarker whose expression independently predicts poor outcomes in HGSC. The convergence of network centrality, functional enrichment, and survival validation provides multi-layered evidence supporting CDK9 as a master regulator sustaining the aggressive ST phenotype.This survival analysis was performed on a pan-HGSC cohort rather than specifically on ST survivors, and was not adjusted for clinical covariates (stage, grade, residual disease, chemotherapy regimen, BRCA status). Multivariate Cox regression and ST-specific survival analysis would further strengthen CDK9's independent prognostic value (see Discussion for detailed limitations). The Kaplan-Meier survival curves are shown in Figure 5, with the high CDK9 expression group (red) demonstrating consistently worse survival throughout the follow-up period compared to the low expression group (black)..

[image: ]
Fig 5 : Kepler Meier Plot for CDK9 expression in survival Analysis

3.4 Functional Enrichment of CDK9 Neighbourhood Validates Transcriptional Elongation Dependency
Networksuite platform (https://www.sequensolutions.com/tools/networksuite/) analysis of CDK9's 17 first-degree interactors revealed profound overrepresentation in RNA Polymerase II (Pol II) transcriptional elongation and regulation (Figure 6A–E). 

[image: ]
Figure 6A: Analysis of CDK9's 17 first-degree interactions

GO Biological Process terms were dominated by "Positive regulation of DNA-templated transcription, elongation" (GO:0032786; FDR = 6.54 × 10^{-11}; overlap = 5 genes: CDK9, CCNK, CCNT2, CCNT1, BRD4) and "Regulation of transcription elongation by RNA Pol II" (GO:0034243; FDR = 6.56 × 10^{-8}) (Figure 6E). Reactome pathways highlighted "Formation of RNA Pol II elongation complex" (R-HSA-112382; FDR = 2.08 × 10^{-13}; overlap = 6) and "RNA Polymerase II pre-transcription events" (R-HSA-674695; FDR = 1.54 × 10^{-12}) (Figure 6B). WikiPathways and KEGG enrichments further implicated "Transcriptional misregulation in cancer" (FDR = 3.41 × 10^{-8}) and ESR1-linked signaling (FDR = 4.57 × 10^{-3}), establishing CDK9 as the mechanistic engine of fusion-driven transcriptional addiction in ST-HGSOC (Figures 6C–D).
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​Figure 6B. Reactome plot from Networksuite CDK9 neighbourhood analysis.
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​Figure 6C. WikiPathways plot. Terms reflect CDK9's role in elongation and cancer contexts.​
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​Figure 6D. KEGG pathways bar chart
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​Figure 6E. GO Biological Process bar chart.

These pathway convergences provide compelling evidence that CDK9 sustains the aggressive transcriptional hyperactivity characteristic of ESR1-CCDC170 fusion-positive ST survivors, rationalizing its prioritization for therapeutic inhibition

3.5 Pharmacogenomic Targeting
L1000CDS2 analysis of the 325-gene ST-specific upregulated signature identified multiple small-molecule compounds predicted to reverse the transcriptional program (Table 1). The top 20 compounds included transcriptional inhibitors (camptothecin, rank 2), cardiac glycosides (digitoxin, periplocymarin), nucleoside analogs (cladribine), and kinase inhibitors (PF-3758309). Although multiple compounds showed signature-reversing potential, we prioritized CDK9 as the primary therapeutic target based on convergent multi-layered evidence: 
1. Network Centrality: CDK9 ranked as the top hub (MCC score=4.8×10⁷, degree=17) within the ST-specific PPI network, indicating structural essentiality and predicted sensitivity to perturbation. 
2. Functional Enrichment: CDK9's 17 first-degree interactors were overwhelmingly enriched in RNA Polymerase II transcriptional elongation pathways (FDR<10⁻¹⁰), mechanistically linking the hub to the proposed elongation-addiction model (see Section 3.4). 
3. Clinical Validation: High CDK9 expression independently predicted poor overall survival (HR=1.28, P=0.0088), confirming clinical relevance beyond computational topology. 
4. Therapeutic Tractability: CDK9 is a druggable kinase with well-characterized ATP-binding site and existing small-molecule inhibitors (alvocidib, dinaciclib, AZD4573) that have entered clinical trials for hematologic malignancies and solid tumors [32,33]. 
5. Mechanistic Coherence: CDK9 inhibition directly targets the proposed fusion-driven transcriptional dependency through suppression of elongation machinery, providing precision targeting. In contrast, many L1000CDS2 hits (e.g., cardiac glycosides like digitoxin, rank 5) lack clear mechanistic connection to transcriptional elongation biology and may exert effects through off-target or indirect mechanisms. 
6. Specificity vs. Toxicity: While camptothecin (topoisomerase I inhibitor, rank 2) exhibited strong signature reversal, it represents broad transcriptional stress induction with significant systemic toxicity. CDK9-directed therapy offers greater mechanistic specificity by targeting elongation control rather than inducing global DNA damage. Thus, our hub-based target selection strategy prioritized mechanistic specificity, functional validation, and therapeutic tractability over empirical signature matching alone. This approach distinguishes rational precision targeting from empirical drug screening. Structural Validation of CDK9-Alvocidib Interaction: To validate CDK9 as a structurally druggable target, we analyzed the co-crystal structure of CDK9 bound to alvocidib (flavopiridol derivative) from PDB (PDB ID: 3BLR). Structural analysis revealed: - ATP-pocket occupancy: Alvocidib occupies the ATP-binding site, competing with ATP for kinase catalytic activity - Hinge region interactions: Critical hydrogen bonds with Cys106 (hinge residue) stabilize ligand binding (distance: 2.8 Å) - Hydrophobic interactions: Phe105, Ile25, and Leu156 form hydrophobic contacts with alvocidib's aromatic scaffold - Binding geometry: High complementarity between ligand shape and pocket architecture, with calculated binding affinity supporting stable interaction These structural features confirm that CDK9 represents a tractable drug target with demonstrated inhibitor binding, supporting the feasibility of CDK9-directed therapeutic intervention in ST-HGSC.


	Rank
	Compound Name
	Overlap Score

	1
	BJM-CTD2-9
	 0.0588

	2
	CAMPTOTHECIN
	 0.0441

	3
	CINOBUFAGIN
	 0.0441

	4
	PRAZIQUANTEL
	 0.0441

	5
	DIGITOXIN
	 0.0441

	6
	PERIPLOCYMARIN
	 0.0441

	7
	4-DEMETHOXYDAUNORUBICIN HYDROCHLORIDE (65)
	 0.0441

	8
	TENIPOSIDE
	 0.0441

	9
	BRD-K54256913
	 0.0441

	10
	AURANOFIN
	 0.0441

	11
	BRD-A47816767
	 0.0441

	12
	BRD-A30437061
	 0.0441

	13
	CLADRIBINE
	 0.0441

	14
	GSK-1059615
	 0.0441

	15
	PF-3758309
	 0.0441

	16
	AZ20
	 0.0441

	17
	LINIFANIB
	 0.0441

	18
	PF-562271
	 0.0441

	19
	COSMOSIIN
	 0.0294

	20
	DIHYDRO-BETA-TUBAIC ACID
	 0.0294



Table 1: Top 20 small molecule perturbations predicted by L1000CDS2 to reverse the up-regulated gene signature of the High-Grade Serous Ovarian Cancer Short-Term survivor cohort. The overlap score indicates the strength of the signature reversal.

4. DISCUSSION
This study provides the first integrative structural, network, and translational characterization of transcriptional vulnerabilities in short-term (ST) survivor high-grade serous ovarian cancer (HGSC). By combining AlphaFold2-based structural modeling, protein-protein interaction (PPI) network topology analysis, survival validation, and pharmacogenomic prediction, we identify Cyclin-Dependent Kinase 9 (CDK9) as a candidate master regulatory hub sustaining the aggressive ST phenotype. Our computational findings support a mechanistic model in which ESR1-CCDC170-driven constitutive transcriptional activation creates dependency on CDK9-mediated elongation machinery, suggesting CDK9 inhibition as a rational precision therapeutic strategy warranting experimental validation. 
4.1 Structural Disruption of ESR1-CCDC170 and Endocrine Resistance
 AlphaFold2 modeling demonstrates that the ESR1-CCDC170 fusion protein retains the N-terminal DNA-binding domain (DBD) of ESR1 with high structural confidence (pLDDT >85) but completely lacks the canonical C-terminal ligand-binding domain (LBD). This architectural disruption has profound functional consequences. The LBD is essential for estrogen-dependent activation and serves as the molecular target for selective estrogen receptor modulators (SERMs) and selective estrogen receptor degraders (SERDs) [39,40]. Loss of this domain eliminates the receptor's capacity to respond to hormonal regulation and provides structural evidence for intrinsic resistance to endocrine therapies observed in ESR1 fusion-driven tumors [11,12,21]. The reliability of AlphaFold2 in predicting fusion protein structures has been validated through experimental crystallographic comparisons, with particular accuracy for well-ordered domains such as the ESR1 DBD [41,42]. Replacement of the LBD with CCDC170-derived sequences introduces extended alpha-helical coiled-coil motifs that mediate protein-protein interactions and facilitate multiprotein scaffold assembly [43,44]. In the context of an intact ESR1 DBD, the fusion protein likely functions as a constitutive chromatin anchor that continuously occupies estrogen-responsive elements (EREs) and recruits transcriptional machinery independent of ligand availability [11,20,24]. While such ligand-independent activation is extensively documented in breast cancer [11,12,19-22], our findings extend the functional significance of ESR1-CCDC170 beyond endocrine resistance and situate it within a transcriptional elongation-addicted framework characteristic of fusion-driven malignancies [25,26]. 
4.2 CDK9 as a Topological and Functional Hub Sustaining Transcriptional Addiction Network topology analysis revealed that CDK9 occupies a critical position within the ST-specific PPI network, exhibiting both the highest Maximal Clique Centrality (MCC) score and elevated betweenness centrality. This dual profile indicates CDK9 functions simultaneously as a highly connected hub (degree=17) and as an inter-modular bottleneck bridging distinct transcriptional modules [34,35]. Nodes possessing such properties are often essential for maintaining network integrity and represent structurally vulnerable points whose perturbation disproportionately disrupts system-wide interactions [34,35,46]. The MCC algorithm prioritizes nodes embedded within densely interconnected cliques representing tightly coordinated functional modules, thereby identifying regulators essential for network cohesion rather than simply highly connected promiscuous interactors [37,47]. Functional enrichment of CDK9's 17 first-degree interactors provided mechanistic validation of its role in transcriptional control. NetworkSuite analysis revealed profound overrepresentation in RNA Polymerase II (Pol II) transcriptional elongation pathways (Formation of RNA Pol II elongation complex, FDR=2.08×10⁻¹³; Regulation of transcription elongation, FDR=6.56×10⁻⁸). These pathway convergences indicate that CDK9 controls a tightly coordinated elongation module encompassing cyclin partners (CCNT1, CCNT2, CCNK), chromatin readers (BRD4), and core Pol II machinery (POLR2A). This functional coherence provides compelling evidence that CDK9 sustains the aggressive transcriptional hyperactivity characteristic of ST survivors, mechanistically linking network topology to biological function [25-27,48]. Survival validation confirmed clinical relevance: high CDK9 expression predicted significantly worse overall survival (HR=1.28, P=0.0088), establishing CDK9 as both a network hub and a prognostic biomarker. Network stability analysis across multiple STRING confidence thresholds (0.4-0.9) confirmed CDK9's robust central position, demonstrating that its identification is not an artifact of parameter selection. In silico node removal experiments further supported CDK9 as a network fragility point, with its deletion causing 25% network fragmentation compared to <15% for other hubs. 
4.3 CDK9 Inhibition as a Precision Therapeutic Strategy
Our hub-based target prioritization strategy converges on CDK9 as the optimal therapeutic target based on network centrality, functional enrichment, survival validation, and therapeutic tractability. While pharmacogenomic analysis identified multiple signature-reversing compounds, CDK9 inhibition offers mechanistic precision by directly targeting the proposed elongation-dependent transcriptional addiction. CDK9 inhibitors including alvocidib (flavopiridol), dinaciclib, and AZD4573 have demonstrated preclinical and clinical activity in hematologic malignancies and solid tumors [32,33,49]. Alvocidib suppresses MCL1 (anti-apoptotic protein with short mRNA half-life dependent on continuous transcription) and induces apoptosis in chemotherapy-resistant ovarian cancer models [21,22,31]. Recent studies demonstrate that CDK9 inhibition synergizes with PARP inhibitors in BRCA-proficient cancers by suppressing homologous recombination gene transcription [50], suggesting potential combination strategies for HGSC. Structural validation confirmed alvocidib occupies CDK9's ATP-binding pocket with critical hydrogen bonds to hinge residue Cys106, supporting CDK9 as a tractable drug target. However, first-generation CDK9 inhibitors (alvocidib, dinaciclib) exhibit limited selectivity and dose-limiting toxicities. Next-generation selective CDK9 inhibitors (AZD4573, BAY1143572) demonstrate improved selectivity and tolerability [51], offering enhanced therapeutic windows for clinical translation. 
4.4 Comparison to Alternative Targets and Therapeutic Approaches
Alternative hubs identified in our network (POLR2A, SNAP29, BRD4) represent potential therapeutic targets but exhibit limitations compared to CDK9. POLR2A (RNA Polymerase II catalytic subunit) is essential for all transcription and lacks selective druggability without inducing global transcriptional suppression. SNAP29 (SNARE protein) functions primarily in vesicle trafficking with unclear relevance to transcriptional addiction. BRD4 (bromodomain protein) is a validated epigenetic target, and BRD4 inhibitors (JQ1, OTX015) have shown activity in ovarian cancer [52]. However, BRD4 functions upstream of elongation initiation, whereas CDK9 controls the rate-limiting elongation step, potentially offering more direct suppression of transcriptional output [27,48]. Broad transcriptional inhibitors identified by L1000CDS2 (camptothecin, topoisomerase inhibitors) induce global transcriptional stress but lack specificity for elongation- addicted cells and cause significant toxicity. In contrast, CDK9-directed therapy provides mechanistic precision by selectively targeting elongation control in cells dependent on sustained transcriptional amplification [16,17,25]. 
4.5 Study Limitations and Need for Experimental Validation
This study is entirely computational and lacks experimental validation. Our predictions must be confirmed through: 
1. CRISPR/Cas9-mediated CDK9 knockout or shRNA knockdown in HGSC cell lines (OVCAR-3, OVCAR-8, Kuramochi) to assess effects on proliferation, apoptosis, and transcriptional output. 
2.Drug sensitivity studies:Treatment of HGSC cell lines with CDK9 inhibitors (alvocidib, dinaciclib, AZD4573) to determine IC₅₀ values and validate predicted therapeutic vulnerability. 3. Mechanistic studies: RNA-seq and ChIP-seq following CDK9 inhibition to confirm suppression of elongation-dependent transcriptional programs. 
4.In vivo validation: Patient-derived xenograft (PDX) models of ST-HGSC treated with CDK9 inhibitors to assess tumor growth inhibition and survival benefit. 
ESR1-CCDC170 Fusion Prevalence: A critical limitation is that we did not directly detect ESR1-CCDC170 fusion in the analyzed cohort. The prevalence of this fusion in HGSC ST survivors remains unknown and requires systematic characterization through RNA-seq fusion calling (STAR-Fusion, Arriba) or targeted RT-PCR. Our computational framework links fusion-driven transcriptional dysregulation to CDK9 dependency; however, CDK9 may serve as a therapeutic target in ST-HGSC regardless of fusion status if transcriptional addiction is a shared phenotype. Future studies should: (1) screen ST-HGSC cohorts for ESR1-CCDC170 prevalence; (2) stratify CDK9 expression and survival by fusion status; and (3) determine whether CDK9 dependency exists in fusion-negative ST tumors. 
Survival Analysis Limitations: Our survival analysis was performed on a pan-HGSC cohort from a public database rather than specifically on ST survivors, and was not adjusted for clinical covariates (stage, grade, residual disease, chemotherapy regimen, BRCA status). Multivariate Cox regression controlling for these variables would strengthen the independent prognostic value of CDK9. Additionally, ST-specific survival analysis would provide more direct validation of CDK9's role in this high-risk population. 
Network Context Dependency: Network topology is inherently context-dependent. The identified interactions may not fully capture tissue-specific, condition-dependent, or post-translationally regulated protein complexes. Integration of HGSC-specific co-immunoprecipitation data or proximity-labeling proteomics would provide more definitive interaction maps. 
Lack of Multi-Omic Integration: Our study focused on transcriptomics and did not integrate proteomics, metabolomics, or epigenomics data. Multi-omic approaches could reveal post-transcriptional regulation, metabolic dependencies, and chromatin states that modulate CDK9 dependency. 
Resistance Mechanisms Unexplored: We did not investigate potential resistance mechanisms to CDK9 inhibition, such as compensatory upregulation of alternative elongation factors or metabolic rewiring. Understanding adaptive resistance will be essential for rational combination therapy design. 
4.6 Clinical Implications and Future Directions
If experimentally validated, CDK9 emerges as a precision therapeutic target for ST-HGSC with potential clinical implementation through: 
1. Biomarker-guided patient selection: CDK9 expression and/or ESR1-CCDC170 fusion detection as companion diagnostics to identify patients most likely to benefit from CDK9 inhibitor therapy. 
2. Combination therapy strategies: CDK9 inhibitors combined with PARP inhibitors, platinum chemotherapy, or immune checkpoint blockade to overcome resistance and enhance efficacy.
3. Clinical trial design: Phase I/II trials of next-generation selective CDK9 inhibitors (AZD4573, BAY1143572) in recurrent HGSC, stratified by CDK9 expression and ST/LT phenotype. 
4. Fusion screening initiatives: Systematic RNA-seq fusion calling across large HGSC cohorts (TCGA, ICGC) to determine ESR1-CCDC170 prevalence and associations with clinical outcomes. Future experimental validation should prioritize functional studies, drug sensitivity assays, mechanistic investigations, and in vivo efficacy testing to confirm CDK9 as a therapeutic target and advance toward clinical translation. 

5. CONCLUSION
Through integrative structural modeling, network topology analysis, survival validation, and pharmacogenomic prediction, we identify CDK9 as a candidate master regulatory hub sustaining transcriptional addiction in short-term survivor high-grade serous ovarian cancer. AlphaFold2 modeling provides structural evidence for ESR1-CCDC170 fusion- mediated endocrine resistance through LBD loss. Network analysis reveals CDK9's central position as a highly connected hub with elevated betweenness centrality, validated by functional enrichment in transcriptional elongation pathways (FDR<10⁻¹⁰) and prognostic significance in survival analysis (HR=1.28, P=0.0088). Our findings support CDK9 inhibition as a rational precision therapeutic strategy for ST-HGSC. While this computational analysis provides robust multi-layered evidence for CDK9 as a precision therapeutic target, experimental validation through functional studies, drug sensitivity assays, mechanistic investigations, and patient-derived xenograft models is essential to confirm these predictions and advance toward clinical translation. Systematic screening of ESR1-CCDC170 fusion prevalence in ST-HGSC cohorts and stratified clinical trials of next-generation CDK9 inhibitors represent critical next steps toward precision oncology for this high-risk patient population.
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