Supplementary methods
Sample processing
Fresh frozen tumor samples were retrieved from PDS, IDS, pre-NACT laparoscopy, drained ascites or pleural fluid, or occasional palliative relapse operations, as previously described (Lahtinen, 2023). The tumor samples were snap-frozen in liquid nitrogen without delay in the surgical unit. 
DNA and RNA were extracted from the fresh-frozen tumor samples and submitted to genome-wide sequencing with either DNBSEQ (BGISEQ-500 RRID: SCR_017979 or MGISEQ-2000 RRID: SCR_017980), HiSeq X Ten (RRID: SCR_016385), or NovaSeq 6000 (RRID: SCR_016387), as previously described (Micoli, 2025; Afenteva, 2025). Patient-specific germline references were retrieved by whole-genome sequencing of DNA extracted from peripheral blood samples.
Genomic sequencing data analysis
Sequencing data preprocessing
Sequenced read data were processed using Anduril 2 as previously described (Cervera, 2019, Lahtinen, 2023) with additional adapter read filtering. Briefly, we filtered read pairs where the read or mate led with CGGTGGT/CGTATGC exactly or CGGTGGTCG/CGTATGCCG with one mismatch from samples where at least 0.1% of the reads would be filtered. Read data were then trimmed using Trimmomatic 0.32 (Bolger, 2014) and aligned against genome build GRCh38.d1.vd1 with BWA-MEM 0.7.12-r1039 (Li, 2013). This was followed by duplicate marking using Picard 2.6 (https://github.com/broadinstitute/picard) and base quality score recalibration using GATK 3.7 (Van der Auwera & O'Connor, 2020). We proceeded with normal samples with less than 10% and tumor samples with less than 3% contamination as estimated using GATK 4.1.9.0 and additionally VerifyBamID 2 (Zhang, 2020) for normals.
Variant calling and annotation pipeline
Somatic variants were called in joint calling mode using GATK 4.1.9.0 Mutect2 against a patient-specific germline reference sample and a Panel of Normals as previously described (Lahtinen, 2023). We applied the additional filters used in signature analysis (Lahtinen et al.) and further excluded multi-nucleotide variants if any of their nested SNVs were uncallable by Mutect2. Furthermore, for batches highly enriched with C>T artefacts, at GCA/GCC and exhibiting orientation bias, we applied additional patient-specific filtering using ROQ annotations from customized runs of GATK FilterMutectCalls, involving sample-wise recomputed F1R2 counts and subsequent orientation models of tumor samples from affected batches. For driver event analysis, we also dropped variants flagged by GATK FilterAlignmentArtifacts. Furthermore, for batches highly enriched with C>T artefacts, at GCA/GCC and exhibiting orientation bias, we applied additional patient-specific filtering using ROQ annotations from customized runs of GATK FilterMutectCalls, involving sample-wise recomputed F1R2 counts and subsequent orientation models of tumor samples from affected batches. Germline variants were called via joint genotyping using GATK 4.1.9.0. Allele dosage of germline variants in tumor samples was estimated patient-wise by forced calling using Mutect2 in joint calling mode. We applied variant annotations using ANNOVAR 20250302 (Wang, 2010), and used MANE v1.4 (Morales, 2023) for gene-based annotations. 
The pathogenicity of missense aberrations was estimated with CGI (Tamborero, 2018), AlphaMissense (Cheng, 2023), PolyPhen2 (Adzhubei, 2013), and SIFT (Vaser, 2016). If an aberration was previously characterized and present in the curated ClinVar (Landrum, 2025) or OncoKB (Chakravarty, 2017) databases, this annotation overruled in silico predictions. In other cases, pathogenicity was based on consensus calling of the predictor algorithms, so that a missense was considered potentially pathogenic if it was called oncogenic by CGI output or deleterious by two of the remaining three algorithms. The effect on splicing was estimated with dbscSNV 1.1 (Jian, 2014) and aberrations with ADA or RF score exceeding the threshold value 0.95 were considered potential splice-aberrations. Insertions, deletions, and nonsense mutations were always considered potentially pathogenic. Frameshift and nonsense aberrations were evaluated further only for tumor suppressor genes.
We determined HRD status based on ovaHRDscar, which is used in HGSC clinical diagnostics in Finland (Perez-Villatoro, 2022).
Copy-number calling
[bookmark: _Hlk220422448]We performed copy-number segmentation using GATK version 4.1.4.1 (DePristo, 2011), and estimated tumor purity, ploidy, allele-specific copy numbers and purified logR values with a reimplementation of the ASCAT algorithm (Van Loo, 2010), as detailed in Lavikka, 2024. GATK-ASCAT output was used for detection of an amplification, using a threshold value of purified log-ratio high than 2.5, corresponding to a gene copy number approximately three times the cancer cell ploidy, and estimated copy number of at least eight. A genomic segment was considered deleted if the purified logR was lower than –2. Deletions were considered unreliable in cancer samples with tumor fraction below 0.2 and these were not used in further analyses.
Structural aberration calling
Structural variant calling was carried out using GRIDSS (Cameron, 2017 II) in combination with the HMF toolkit (Priestley, 2019). Somatic variants were filtered with GRIPSS, using a Panel of Normals from DECIDER and Dutch population blood samples, and excluding regions listed in the ENCODE and DECIDER blacklists, as previously explained (Micoli, 2025). GRIDSS output was considered only for the detection of structural aberrations, not for the detection of amplifications or large deletions. The gene-level consequences of the somatic structural aberrations were annotated based on transcripts in GENCODE v47, using custom code, and only aberrations causing a change in a gene coding region were retained for further analyses. 
Variant curation
The characterization and targeted exploration of DNA alterations involved joint visualization of mutations, copy-number segments, and structural aberrations at cohort and patient levels using GenomeSpy (Lavikka, 2024). Subsequent data management, analyses, and visualizations were performed in R environment for statistical computing (R Core Team, 2023).  
RNA sequencing data analysis
RNA processing, decomposition, and normalization
RNA sequencing data were processed with Anduril 2 using the SePIA pipeline (Icay, 2016), including Trimmomatic (Bolger, 2014), STAR aligner (Dobin, 2013), and eXpress (Roberts, 2013). Tumor cell-specific expression was decomposed with PRISM (Häkkinen, 2021). For estimation of an amplification-driven gene hyperexpression, the expression matrix was normalized with variance stabilizing transformation, using the R library DESeq2 (Love, 2014).  
Single-nucleotide variant calling
Patient-specific somatic missense variants were force-called in all RNA sequencing samples from the same patient with the GATK function ASEReadCounter. Variant alleles with at least five supporting sequencing reads in RNA data were considered expressed.
Fusion analysis
Gene fusion events were detected in RNA-seq data using the nf-core/rnafusion pipeline v. 2.0.0 (Ewels, 2020), which integrates Arriba v2.2.1 (Uhrig, 2021), STAR-Fusion v1.10.1, (Haas, 2019), Pizzly v0.37.3 (Melsted, 2017), and Squid v1.5 (Ma, 2018) with default parameters. 
To ensure the identification of biologically relevant and transcribed fusion transcripts with the potential to exert specific effects, stringent criteria were applied. Specifically, only gene fusions supported by a minimum of five reads were included in the analysis. Fusion transcripts consisting of opposite orientation fusion partners of gene 3’ ends were excluded, as well as fusions where both partners were out-of-frame. Fusion transcripts involving only one protein-coding gene in open reading frame were annotated as truncated transcripts coding an abnormal protein. Intra-genic fusions were annotated for the reading frame status and used in validation of intra-genic large deletions and duplications. 
Transcriptional footprint analysis
The transcriptional impact of the recurring driver aberrations in NF1, CCNE1, PTEN, AKT2, PTK2, and KRAS were studied with a PROGENy analysis of differential pathway activity (Schubert, 2018) and CollecTRI analysis of transcription factor activity (Müller-Dott, 2023) using the Python package decoupler (Badia-I-Mompel, 2022). For the analysis, we selected one representative tumor sample per patient, prioritizing solid tumor samples from metastatic sites with the highest fraction of tumor cells. Analysis of differential expression was conducted with pydeseq2 (Muzellec, 2023), where the aberration-specific contrasts of differential gene expression were obtained from a multivariable model:
Expression ~ NF1 + CCNE1 + PTEN + AKT2 + PTK2 + KRAS
where each covariate was a dichotomous status of the gene in the sample, as follows: NF1 normal/loss, CCNE1 normal/amplified, PTEN normal/loss, AKT2 normal/amplified, PTK2 normal/amplified, KRAS normal/amplified.

Assembly of drug target and biomarker data
To establish a comprehensive listing of available targeted therapies, we collected 388 approved and investigational cancer drugs from Open Targets (Buniello, 2025) and OncoKB (Chakravarty, 2017) databases with their direct physical protein targets (n =352) or genes associated with specific sensitivity (n =36). From the Open Targets Platform release 24.03, we downloaded the following data objects on 2024-05-29: “Drug - indications” and “Drug - mechanism of action”. These datasets were integrated using ChEMBL IDs as a common identifier. To refine our selection, we filtered drugs based on MONDO_0004992, an ontology term specifically describing cancer, and further filtered to exclude anti-microbiological drugs, generic chemotherapies, including all drugs approved prior to the year 1990, withdrawn drugs, and drugs whose development were canceled after Phase I clinical trials. Furthermore, antibody-drug conjugates were excluded, to focus on small molecule targeted inhibitors. OncoKB Version 4.1 data on drugs and biomarker genes and aberrations were downloaded on 2024-12-02.
To enable agnostic mapping of somatic events in cancer, we assembled the drug-target-biomarker connections into a logical network, representing the mechanistic relations between the components (Figure 1b, Supplementary data 1). As in the Open Targets Platform, we included in the network all physical protein targets, affected at a comparable concentration scale, and interpreted these as potentially actionable targets. Furthermore, we distinguished between the concept of the physical drug target and the concept of the aberrated biomarker gene. In alignment with the OncoKB database, actionable biomarkers were recorded primarily on a general level, including gene identity and the consequence, either ‘gain’ or ‘loss’, that an aberration in the gene must have to be classified as oncogenic. This approach enabled us to separate the mapping of potential drugs and the prediction of aberration consequence, to carry out a comprehensive analysis of a cancer type with few well-characterized driver aberrations.
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Table S1. Clinical characteristics of the 335 study patients.
	
	Category
	n
	%

	Diagnosis year
	2009-2014
	40
	11.9 %

	
	2015-2019
	141
	42.1 %

	
	2020-2024
	154
	46.0 %

	Age at diagnosis
	35-59
	47
	14.0 %

	
	60-69
	117
	34.9 %

	
	70-79
	145
	43.3 %

	
	80-89
	26
	7.8 %

	Stage (FIGO 20141)
	IA-IIIB
	34
	10.1 %

	
	IIIC
	203
	60.6 %

	
	IVA-B
	98
	29.3 %

	Treatment strategy
	PDS
	183
	54.6 %

	
	NACT
	152
	45.4 %

	Outcome from primary therapy (RECIST 1.12)
	Complete Response
	175
	52.2 %

	
	Partial Response
	108
	32.2 %

	
	Stable Disease
	12
	3.6 %

	
	Progressive Disease
	23
	6.9 %

	
	ND
	17
	5.1 %

	PFI (IQR)
	8.6 months (3.9 months - 17.3 months)

	5-year OS (95% CI)
	33.7% (28.2% - 40.4%)



PDS: Primary debulking surgery, NACT: Neoadjuvant chemotherapy, PFI: Platinum-free interval, IQR: Interquartile range, OS: Overall survival, CI: Confidence interval
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Table S2. Drug concentrations
	Target
	Compound
	Concentrations

	SHP2
	RMC-4550
	100, 500 nM

	SOS1
	BI-3406
	100, 500 nM

	KRAS
	RMC-7977
	40, 200 nM

	MEK
	cobimetinib
	100, 500 nM

	ERK
	MK-8353
	100, 500 nM

	-
	carboplatin
	Sample-specific

	PARP
	saruparib
	50, 250 nM

	BCL-2/BCL-XL
	navitoclax
	100, 500 nM

	CDK4/6
	palbociclib
	100, 500 nM

	PKMYT-1
	RP6306
	50, 250 nM

	WEE1
	adavosertib
	30, 150 nM

	ATR
	ceralasertib
	200, 1000 nM

	CHEK1
	prexasertib
	10, 50 nM




Figure S1. Baseline expression of specific drug target genes in fallopian tube tissue as in the GTEx data.
[image: ]Figure S2. Results from the CORNETO analysis of differential gene expression.
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