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While genomics approaches are important in studying host phenotype alterations in 

response to environmental changes or disease, proteomics approaches offer a 

complementary perspective by providing a direct readout of expressed functional pathways. 

Proteogenomic strategies utilizing RNA-sequencing data to construct splice graph databases 

have been used in a variety of applications to identify novel splice junctions and mutated 

peptides. The work in this dissertation begins with the integration of splice databases into a 

proteogenomic pipeline for the validation of the recently released annotation of the Atlantic 

salmon genome, and the validation of primary hepatocytes as in vitro models for salmon 

toxicity studies. Searching in-house generated LC-MS/MS datasets against splice databases 
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constructed from publicly available and in-house-generated salmon transcriptomics data, our 

proteogenomic pipeline identified 183 events in support of 71 transcript predictions. These 

included novel genes, corrections to current annotations, and support for Ensembl 

transcripts. In addition to host-expressed proteins, microbial-expressed proteins can also 

alter host phenotype. In the absence of prior taxonomic information, tandem mass spectra 

would be searched against large pan-microbial databases, requiring heavy computational 

workload and reducing sensitivity. Using both software and algorithmic methods, we 

developed ProteoStorm, an efficient database search framework for large-scale 

metaproteomics studies, that significantly reduced runtime from 22 weeks to 9.7 hours while 

retaining 96% of peptide identifications when compared to MSGF+. A reanalysis of a 

urinary tract infection dataset revealed a complex pattern of polymicrobial expression, 

including previously identified microbes. In the final chapter, we used transcriptomics data 

from TCGA to identify a set of genes that may be involved in the maintenance of ecDNA 

amplicons in cancer. Specifically, we applied the Boruta algorithm, which incorporates the 

Random Forest classifier for feature selection, to a gene expression matrix of samples 

classified as ecDNA positive or negative, and selected 408 Core genes predictive of ecDNA 

status. We further extended the list with 235 highly co-expressed genes using hierarchical 

clustering, resulting in a total of 643 CorEx genes. Subsequent gene set enrichment analysis 

revealed an up-regulation of biological processes involved in cell cycle, cell division, and 

DNA damage response, and a down-regulation of immune system processes.
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Chapter 1: Proteogenomic Analysis of Multi-tissue Data for in vivo – in vitro 

Extrapolations of the Atlantic Salmon (Salmo salar) Chemical Defensome 

 

1.1: Abstract 

 

In this study, we describe an integrative transcriptomics and proteomics analysis 

workflow for the efficient validation and revision of complex genomes and the creation of 

proteogenomics expression matrices to facilitate omics data integration and visualization in 

non-model species in vivo and in vitro. Using the recently annotated Atlantic salmon (Salmo 

salar) genome as example, we constructed proteogenomic databases from publicly available 

transcriptomic data of twelve salmon tissues, and in-house generated transcriptomic data of 

salmon liver (n=44) and primary hepatocyte cultures (n=60). Searching these data against 

all corresponding in-house generated LC-MS/MS datasets (n=127) allowed for the 

identification of translated peptides. We identified nearly 80,000 peptides providing direct 

evidence of translation for over 40,000 RefSeq structures. The identifications included 183 

co-located peptide groups (“proteogenomic events”) that supported a single transcript each, 

and in each case, either corrected a previous annotation, supported an Ensembl annotation 

not in Refseq, or identified a novel (previously un-annotated) gene. Further analysis of the 

identified proteins revealed distinct proteomic profiles for each tissue type analyzed, and a 

separation of liver and primary hepatocyte samples based on inherent differences between 

in vivo and in vitro experiments. Focusing on proteins involved in the defense against 

xenobiotics, distinct and overlapping expression patterns were detected across all salmon 

tissues, and a large degree of homology between in vivo and in vitro liver systems was 

observed. Similar to previous publications on the zebrafish (Danio rerio), Our data also 

corroborates the role of proteogenomic analyses in extending our understanding of complex 
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genomes. Specifically, we show that 3D primary hepatocytes are a suitable in vitro model 

system for studying effects in Atlantic salmon, and ultimately, demonstrate the usability of 

proteogenomics in mechanistic toxicology studies in non-model species. 

 

1.2: Introduction 

 

Fish physiology and toxicology are moving towards the concomitant analysis of 

genomic, proteomic, and metabolomic data sets (Martyniuk and Denslow, 2009). An 

integrative analysis of global changes across the omics hierarchy provides distinct 

advantages in the elucidation of the functional state of the cell, offers insights into the 

mechanistic toxicology of xenobiotics, and facilitates the discovery of novel biomarkers 

relevant to toxicant exposure (Waters and Fostel, 2004). In well-studied model-organisms 

such as rodents or zebrafish, proteomics and multi-level omics analyses have been frequently 

employed in mechanistic toxicity research (Bernhard et al., 2018; Mellingen et al., 2022, 

2021; Rasinger et al., 2018, 2017, 2014). In non-model organisms such as (farmed) Atlantic 

salmon (Salmo salar), few studies include omics-based approaches when accessing and 

describing the toxicity of xenobiotics, mainly due to technical bioinformatics challenges, 

(Bernhard et al., 2019; Hampel et al., 2015; Søderstrøm et al., 2022). 

However, this is likely to change in the future, since advancements in genome 

sequencing, assembly, and annotation have been facilitating mechanistic research in non-

model organisms in many key-areas, including agricultural research, veterinary medicine, 

zootechnics, ecology, toxicology, and food-safety (Dellafiora and Dall’Asta, 2017; Heck 

and Neely, 2020). Aquatic non-model species also saw increased sequencing efforts in recent 

years which yielded both draft and high-quality genome assemblies for a wide range of fish-
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species (Malmstrøm et al., 2017). The increasing availability of transcriptomic and 

proteomic data for these species, provides multi-level omics information that can be used to 

validate and correct previous genome annotations (Prasad et al., 2017), which often are based 

on gene prediction models (Ruggles et al., 2017), and allow for the prediction of new genes 

(Ansong et al., 2008). Such proteogenomic analyses have been demonstrated for many 

organisms (Castellana and Bafna, 2010; Nesvizhskii, 2014) including, zebrafish (Danio 

rerio), where integrative analyses of transcriptome and proteome data was demonstrated to 

advance the understanding even of well annotated fish genomes (Kelkar et al., 2014).  

The release of the Atlantic salmon genome (Davidson et al., 2010), and a 

comprehensive annotation of its genes (Lien et al., 2016) has significantly impacted omics 

research on wild and domesticated salmonids including toxicological research using 

transcriptomics and proteomics approaches (Bernhard et al., 2019; Søderstrøm et al., 2022). 

For marine aquaculture and ecosystem research, mechanistic toxicity assessments are 

needed when marine fish species such as Atlantic salmon are exposed to legacy (Lundebye 

et al., 2017; Nøstbakken et al., 2021) or emerging contaminants (Merel et al., 2019; Regueiro 

et al., 2017), and information on contaminant-specific metabolism and toxic mode of action 

(MOA) are lacking (Rasinger et al., 2022). Genomic assessment of  genes involved in the 

metabolism of foreign compounds in several model teleost fish species (including zebrafish, 

medaka (Oryzias latipes), Atlantic killifsh (Fundulus heteroclitus), Atlantic cod, and three-

spined stickleback) has identified integrative networks comprising key xenobiotic receptors, 

transcription factors, biotransformation enzymes, transporters, antioxidants, and metal- and 

heat-responsive genes (Eide et al., 2021) which collectively are known as  the chemical 

defensome (Goldstone et al., 2006). Chemical defense proteins such as cytochromes P450 
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(Cyp) for example, catalyze the metabolic conversion of xenobiotics in the liver (Sprenger 

et al., 2022) and are involved in the excretion of metabolites by the hepatocytes (Hammer et 

al., 2021). Inter-species differences in the expression, abundances and activities of orthologs 

of different Cyp genes related to xenobiotic metabolism including Cyp1, Cyp2, Cyp3, and 

Cyp4 were reported for both fish (Eide et al., 2021), and mammals and their respective cell 

model systems (Hammer et al., 2021). The use of omics and cell model systems as integral 

components of New Approach Method (NAM) batteries are increasingly being implemented 

in human health, animal health and ecological risk assessment (Astuto et al., 2022; Krewski 

et al., 2020). For Atlantic salmon, an in-depth omics-based analysis of the toxicant induced 

chemical defensome in vivo and in vitro has yet to be performed.  

In this study, we apply proteogenomic strategies (Woo et al., 2015, 2014a, 2014b) to 

the Atlantic salmon in order to validate and revise the current reference genome annotation, 

and to provide a framework for applying proteogenomic approaches to other fish species of 

commercial and environmental interest. We provide both RNA-seq and LC-MS/MS datasets 

for salmon liver and 3D primary liver hepatocyte cultures and shotgun proteomics mass 

spectrometry (LC-MS/MS) datasets for twelve salmon tissues. Given the lack of mass-

spectrometry-based proteomic data and the common use of primary liver hepatocytes as an 

in vitro system in salmon research (Olsvik and Søfteland, 2020; Søderstrøm et al., 2022;  

Olsvik et al., 2017; Søderstrøm et al., 2022; Søfteland et al., 2014), these datasets (127 LC-

MS/MS experiments) are valuable for the scientific community to support the rapidly 

advancing development of omics tools for mechanistic research in non-model species and 

their respective cell models. Here, as a proof of concept, we use proteogenomics expression 

matrices to describe similarities and differences between Atlantic salmon liver tissue and 3D 
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primary hepatocyte samples, and to visualize the chemical the Atlantic salmon defensome 

to facilitate the use of cell models for in vitro – in vivo extrapolation (IVIVE) for target 

tissue toxicity assessments. 

 

1.3: Materials and Methods 

 

Samples 

Atlantic salmon (Salmo salar L.) tissue samples of both genders (SalmoBreed strain) 

were obtained from a previously published trial (Berntssen et al., 2021). For proteogenomic 

analyses, 22 tissues samples comprising of liver, brain, eye, gill, gut, pyloric caecum, head 

kidney, heart, muscle, ovary, skin, and spleen were collected from two randomly chosen 

fish. In addition, liver samples were collected from 44 randomly selected fish and a total of 

60 3D salmon primary hepatocyte samples were included. In vitro samples were prepared as 

previously described (Olsvik and Søfteland, 2020; Søfteland et al., 2009). The hepatocytes 

used in this study had cell viability between 82-98%. The hepatocytes were plated on 2 

µg/cm2 laminin (Sigma-Aldrich, Oslo, Norway) coated 3D Alvetex Scaffolds (200 μm cross-

linked polystyrene membranes, 42 μm mean void size, REPROCELL, Glasgow, United 

Kingdom) in 12 well culture plates (FALCON, Corning, VWR, Bergen, Norway). 2.9×106 

cells in 2.5 ml complete L-15 medium were used per well. 

 

RNAseq analyses 

Total RNA was extracted from liver and primary hepatocyte samples using 

BioRobot® EZ1 and RNA Tissue Mini Kit (Qiagen, Hilden, Germany) including DNAase 

treatment as instructed in the RNA Tissue Mini Kit manual (Qiagen, Hilden, Germany). 
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NanoDrop ND-1000 UV–vis Spectrophotometer (NanoDrop Technologies, Wilmington, 

USA) was used to measure RNA quality/purity. RNA integrity was analyzed using an 

Agilent 2100 Bioanalyzer and the RNA 6000 Nano LabChip kit (Agilent Technologies, Palo 

Alto, USA). Samples had 260/280 and 260/230 ratios between 2.0 – 2.1 and between 2.0 - 

2.2 respectively. Library preparation were performed by the Norwegian Sequencing Centre 

(www.sequencing.uio.no). DNA libraries from individual samples were constructed using 

TruSeq Stranded mRNA Library Prep Kit (Illumina) and standard Illumina adaptors for 

multiplexing as described by the manufacturer (Illumina). Individual libraries were 

sequenced using the NextSeq Illumina platform according to manufacturer instructions, 

generating single end 75bp read libraries. TrimGalore 0.4.2 tool 

(https://github.com/FelixKrueger/TrimGalore) was applied for removing adaptors and for 

quality trimming using default parameters. Sequence quality for each sample was 

investigated using FastQC imbedded in TrimGalore. SAM files were generated by mapping 

to the above mentioned salmon genome using the Hisat2 short read aligner version 2.0.4. 

Transcript abundance for the individual libraries was estimated using FeatureCounts (42) of 

the Subread package (http://subread.sourceforge.net/). 

 

Proteomics mass spectrometry  

Protein extraction from livers and tryptic protein digestions were performed 

according to in-house standardized protocols. In short, liver tissue samples were lysed by 

sonication in 10µl lysis buffer/mg tissue (4% SDS, 0.1M Tris-HCl pH 7.6), using an 

ultrasonication rod (Q55 Sonicator, Qsonica, CT, USA) at 30% amplitude for 30 sec, or until 

tissue was dissolved. 3D hepatocytes cultured in Alvetex scaffolds were washed with PBS. 

https://github.com/FelixKrueger/TrimGalore
http://subread.sourceforge.net/
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The hepatocytes were incubated with 600 µL 2x DIGE lysis solution (Rasinger et al., 2014) 

for 30 min on a rotating platform (100 rpm) at room temperature. The lysate was 

homogenized 5 times with a 20-gauge needle. The cell suspension was transferred to a 

centrifugation tube and centrifuged at 12000 rpm for 30 min at 4 °C. The supernatant was 

transferred to a new centrifugation tube and flash frozen and stored at −80 °C. Supernatants 

were collected and protein concentration were determined PierceTM BCA Protein assay kit 

(Thermo Scientific). 1M dithiotreitol was added to the lysates, to obtain a final concentration 

of 0.1M, and the mix was incubated at 95ºC for 5 min. The samples were further processed 

using a Filter Aided Sample Preparation (FASP) protocol with trypsin digestion as described 

by (Wisniewski et al., 2009). 

Mass spectrometry analyses were performed following standardized protocols at the 

Proteomics Unit at the University of Bergen, Norway (PROBE). In short, for Orbitrap Elite 

data-dependent-acquisition (DDA) analysis, between 0.5 and 1 ug protein, dissolved as 

tryptic peptides in 2% acetonitrile (ACN), 0.1% formic acid (FA), were injected into an 

Ultimate 3000 RSLC system (Thermo Scientific, Sunnyvale, California, USA) connected 

online to a linear quadrupole ion trap-orbitrap (LTQ-Orbitrap Elite) mass spectrometer 

(Thermo Scientific, Bremen, Germany), which in turn was equipped with a nanospray Flex 

ion source (Thermo Scientific). Samples were loaded and desalted on a pre-column (Acclaim 

PepMap 100, 2cm x 75µm ID nanoViper column, packed with 3µm C18 beads) at a flow 

rate of 5µl/min for 5 minutes (min) with 0.1% trifluoroacetic acid (TFA). Peptides were 

separated during a biphasic ACN gradient from two nanoflow UPLC pumps (flow rate of 

270 nl /min) on a 50 cm analytical column (Acclaim PepMap 100, 50 cm x 75µm ID 

nanoViper column, packed with 3 µm C18 beads). Solvent A and B was 0.1% TFA (vol/vol) 
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in water and 100% ACN, respectively. The gradient composition was 5% B during trapping 

(5min) followed by 5-7% B (over 1min), 7-21% B (134min), 21-34% B (45min), and 34-

80% B (10min). Elution of very hydrophobic peptides and conditioning of the column were 

performed during 20 minutes isocratic elution with 80% B and 20 minutes isocratic elution 

with 5% B, respectively.  

The eluting peptides from the LC-column were ionized in the electrospray and 

analyzed by the LTQ-Orbitrap Elite. The mass spectrometer was operated in DDA-mode to 

automatically switch between full scan MS and MS/MS acquisition. Instrument control was 

through Tune 2.7.0, and Xcalibur 2.2. Survey full scan MS spectra (from m/z 300 to 2,000) 

were acquired in the Orbitrap with a resolution of R = 240,000 at m/z 400 (after accumulation 

to a target value of 1e6 in the linear ion trap with maximum allowed ion accumulation time 

of 300ms). The 12 most intense eluting peptides above an ion threshold value of 3000 counts, 

and charge states of two or higher, were sequentially isolated to a target value of 1e4 and 

fragmented in the high-pressure linear ion trap by low-energy collision-induced-dissociation 

(CID) with normalized collision energy of 35% and wideband-activation enabled. The 

maximum allowed accumulation time for CID was 150 ms, the isolation with maintained at 

2 Da, activation q = 0.25, and activation time of 10 ms. The resulting fragment ions were 

scanned out in the low-pressure ion trap at normal scan rate, and recorded with the secondary 

electron multipliers. One MS/MS spectrum of a precursor mass was allowed before dynamic 

exclusion for 40s. Lock-mass internal calibration was not enabled. 
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Proteogenomics analyses  

To construct tissue-specific splice graph databases, raw RNA-seq reads were 

retrieved from BioProjects PRJNA72713 and PRJNA260929, trimmed using TrimGalore 

(v.0.5.0), merged if from BioProject PRJNA260929, and mapped to the Salmo salar RefSeq 

genome (GCF_000233375.1_ICSASG_v2) using STAR (v.2.7.0.f) in 2-pass mode. Genome 

indexes for GCF_000233375.1_ICSASG_v2_genomic.fna were generated for reads from 

Illumina MiSeq and Illumina HiSeq 2000 instruments (genome index creation: hiseq_2x100: 

--sjdbOverhang 99 --sjdbGTFtagExonParentTranscript Parent --genomeChrBinNbits 14, 

miseq_2x250: --sjdbOverhang 249 --sjdbGTFtagExonParentTranscript Parent --

genomeChrBinNbits 14). RNA-seq read alignments in SAM format were then used to 

construct a splice graph database using the SpliceDB method (minimum number of reads: 

3) (Woo et al., 2014). Similarly, a splice graph database was constructed for the liver and 

3D primary hepatocyte dataset using matched RNA-seq data (minimum number of reads: 

10). 

The proteogenomics workflow searches MS/MS spectra against reference protein 

and proteogenomic databases using a multi-stage FDR approach similar to that described by 

Woo et al. (2014). Briefly, MS/MS spectra were first searched against the Salmo salar 

RefSeq proteome (GCF_000233375.1_ICSASG_v2_protein.faa) to identify reference 

proteins and peptides. Unidentified spectra not passing a 1% PSM-level FDR are 

subsequently searched against a proteogenomic-based splice graph protein database using 

MS-GF+ (Kim and Pevzner, 2014). A final search against an enhanced database containing 

RefSeq proteins, Augustus predictions, and Ensembl proteins supported by proteogenomic 

events was conducted using MS-GF+ for downstream analyses. For the in vitro and in vivo 
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dataset, the enhanced database contained 97,555 RefSeq protein sequences, 71 Ensembl 

protein sequences, and 1 Augustus sequence. For the tissue dataset, the enhanced database 

contained 97,555 RefSeq protein sequences, 107 Ensembl protein sequences, and 8 

Augustus sequences. In addition to sequences corresponding to the 3 novel Augustus gene 

predictions, additional Augustus sequences were included if proteogenomic evidence 

pointed to corrections in RefSeq or Ensembl annotations. 

Genomic regions flanking identified proteogenomic events were submitted to Blastx, 

where high-scoring segment pairs (HSPs; e-value ≤ 1e-10) to proteins in the non-redundant 

(nr) database provided protein coding support for the genomic region. Specifically, sub-

sequences of the Salmo salar genome (GCF_000233375.1_ICSASG_v2), defined as the 

nucleotides spanning the genomic coordinates of identified proteogenomic events and 350bp 

of flanking sequences were submitted to Blastx (online server) for a six-frame translation 

and comparison against protein sequences in the nr database. HSPs were included as hints 

to the gene prediction software Augustus. For predicted genes and transcripts, corresponding 

protein sequences were submitted to Blastp for comparison against protein sequences in the 

nr database. Blastp hits with significant alignments (e-value ≤ 1e-10, alignment ≥10 amino 

acids) were considered as orthologs in support of the predicted gene structure. 

Along with identified proteogenomic events, HSPs from Blastx, and annotations 

from the Salmo salar genome (i.e., RefSeq GCF_000233375.1_ICSASG_v2 and Ensembl 

release-99), identified peptides from a MSGF+ search against the RefSeq Salmo salar 

proteome along with Ensembl proteins supported by proteogenomic events were provided 

as hints to Augustus (v 3.3.3) for gene-prediction (parameters: --codingseq=on, --species= 

zebrafish, --alternatives-from-evidence=true, --allow_hinted_splicesites=atac, --
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extrinsicCfgFile= extrinsic.M.RM.E.W.P_revised_930.cfg, --softmasking=on). Hints were 

limited to those within 60,000 bp of a given proteogenomic event group. Predicted genes 

with evidence from at least one proteomic hint were retained for further analysis. 

To compute a protein-level FDR, proteins are scored based on precursors 

(combination of peptide sequence and charge) passing a 1% level FDR, where the score of 

a precursor is defined as the SpecEValue of its best scoring PSM. Specifically, the score of 

a protein is initialized as the sum of the negative log of the SpecEValue of its precursors. 

After choosing the highest scoring protein, precursors to that protein are removed and protein 

scores are recalculated. This process is iterated until no precursors are left. A protein false 

discovery rate is then computed as the number of decoy proteins/target proteins. 

 

Protein expression and chemical defensome analyses 

MS/MS spectra were searched against the RefSeq Salmo salar proteome with 

additional Ensembl and Augustus predicted proteins supported by proteogenomic and 

comparative genomic evidence (Tissue dataset: 107 Ensembl and 8 Augustus predictions; 

Liver and Hepatocyte dataset: 71 Ensembl and 1 Augustus predictions). Ensembl proteins 

are defined as translations resulting from Ensembl gene predictions 

(Salmo_salar.ICSASG_v2.pep.all.fa). Raw spectral counts, Sp, for identified proteins (1% 

protein-level FDR) in each sample are based on spectra passing a 1% PSM-level and 1% 

precursor-level FDR, where cp is the number of PSMs representing peptide, p, mapping to a 

protein, P, and N(p) is the number of proteins mapping to a peptide p.  

𝑆𝑝 = ∑
𝑐𝑝

𝑁(𝑝)

𝑃

𝑝∈𝑃
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A normalized spectral count, PSKp, is implemented to account for protein length. 

 𝑆𝑃𝐾𝑝 =
𝑆𝑝

|𝑃|× 0.01
 

𝑆𝑃𝐾𝑎𝑙𝑙𝑃 = ∑ 𝑆𝑃𝐾𝑝

𝑎𝑙𝑙 𝑃

𝑃∈𝑎𝑙𝑙 𝑃

 

𝑃𝑆𝐾𝑝 =
𝑆𝑃𝐾𝑝

𝑆𝑃𝐾𝑎𝑙𝑙 𝑃

1000

 

To generate a heatmap of the expression matrix, hierarchical clustering is performed 

separately on the spectrum files (columns) and proteins (rows) (ward.D2, Euclidean) of the 

normalized PSK expression matrix, and the matrix further log transformed for visualization 

purposes. 

A list of genes included in the chemical defensome of five model teleost fish was 

created based on the supplementary material provided in (Eide et al., 2021). For sanity 

checking, files and codes created were first used to find chemical defensome related genes 

in the  Zebra fish (Danio rerio) reference proteome (UP000000437, March 2022) and the 

results obtained were compared with data presented in (Eide et al., 2021).  Following the 

successful completion of the sanity check (data not shown), the defensome gene list from 

(Eide et al., 2021) was matched against the Atlantic Salmon reference proteomes 

(UP000087266; March 2022) and the protein expression matrix obtained in the present study 

using a proteogenomic strategy. For improving dentification rates of chemical defensome 

proteins in salmon, using PAW_BLAST db_to_db_blaster.py 

(https://github.com/pwilmart/PAW_BLAST) multi-tissue and liver specific proteogenomic 

expression matrices were matched against zebra fish reference proteome (UP000000437, 

March 2022). Outputs were recoded using tidyverse (v.1.3.0) functions (Wickham et al., 

https://github.com/pwilmart/PAW_BLAST


13 

 

2019); plots were created using the packages ggplot2 (v.3.3.2), UpSetR (v.1.4.0) and 

ComplexHeatmap (v.2.4.3). 

 

1.4: Results 

Proteogenomic support for novel gene and Ensembl assembly annotations 

For a systems-wide representation of the Atlantic salmon, samples from twelve 

salmon tissues, as also salmon primary hepatocyte cultures, were subjected to liquid 

chromatography tandem mass spectrometry (LC-MS/MS). Spectra were searched against 

the reference salmon proteome (RefSeq assembly GCF_000233375.1) followed by a custom 

proteogenomic splice database using a multi-stage FDR approach (Woo et al., 2015) (Fig. 

1.1A, panel 1). 79,498 peptides matched the 40,590 RefSeq gene structures, and included 

19,132 spliced peptides, providing strong proteomic validation of these transcripts. 

However, 274 peptides representing 183 distinct proteogenomic events matched genomic 

loci where transcripts had been observed but were not accompanied by a RefSeq gene 

annotation. We next checked if these events were supported by other annotations of the 

genome, and found that 86 of 274 identified proteogenomic event peptides supported gene 

annotations in the Ensembl assembly, suggesting that reference proteomes based solely on 

the RefSeq assembly may not be comprehensive.  
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Figure 1.1: Proteogenomics workflow for gene prediction and validation of reference Salmon 

annotations. (A) MS/MS spectra were searched against the reference Salmo salar proteome and a 

proteogenomic splice database in a multi-stage FDR approach (1). Proteogenomic databases were 

constructed using either proteomic sample-matched RNA-seq reads or publicly available 

transcriptomic data. Of the 276 proteogenomic events identified in (1), 86 support gene annotations 

in the Ensembl assembly. Spectra were therefore searched against the reference proteome appended 

with proteogenomic supported Ensembl proteins to provide additional hints for gene prediction (2). 

Identified peptides from (1) and (2), RefSeq and Ensembl annotated coding regions (CDS), and 

Blastx high-scoring pair (HSP) regions were submitted as hints to Augustus for gene prediction (3). 

Corresponding protein sequences were subsequently submitted to Blastp for identification of 

homologs, providing additional comparative genomic support for predictions. (B) For downstream 

analyses, MS/MS spectra were searched against an enhanced reference proteome with additional 

novel proteins and Ensembl annotated proteins supported by Augustus predictions. 

  

 

To detect novel gene structures and reference annotation corrections, we provided 

the gene prediction software Augustus (Stanke et al., 2004) with hints to coding sequence 

regions, including genomic coordinates for identified reference peptides and proteogenomic 

events, reference annotation features, and genomic regions that are also known to be protein-

coding in other organisms (Fig. 1.1A, panel 3; methods). As additional hints from proteomic 

sources may increase the accuracy of Augustus gene predictions, we also included peptides 

that were identified from searching spectra a second time against the reference proteome 
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with additional proteogenomic supported Ensembl proteins (Fig. 1.1A, panel 2). This 

resulted in Augustus predictions for 71 transcripts (Table S1.1) supported by 681 peptides. 

The protein sequences of predicted transcripts were then submitted to Blast for the 

identification of homologs as further support for the prediction (Fig. 1.1A, panel 3).  

While many transcripts matched Ensembl annotations, others provided corrections 

to RefSeq annotations. Of the 71 predicted transcripts, 62 were highly matched to Ensembl 

annotations, with 20 of the 62 without a RefSeq annotation in the region. We identified 3 

novel genes in previously unannotated regions. One such example is a novel gene on 

chromosome 23 (NC_027322.1) that is supported by a proteogenomic peptide 

TFILQE:GKPSEEEIDEFDYDIFIAPK spanning the junction between exons 2 and 3 of the 

predicted transcript (Augustus_ID #65 in Table S1.1; Fig. 1.2A). The peptide annotated 

multiple peaks corresponding to b/y ions and explaining 17 of the 50 highest intensity peaks 

(Fig. 1.2B). A Blastp search of the predicted protein sequence against the non-redundant (nr) 

database resulted in a hit to an uncharacterized protein (LOC109897983; identity: 92.6%; e-

value: 7.33e-129) in the coho salmon (Oncorhynchus kisutch), a closely related salmonid 

species (Fig. 1.2C). Together, these results suggest strong proteogenomic and comparative 

genomic evidence in support of the novel gene. 
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Figure 1.2: Proteogenomics-supported novel gene prediction. (A) Augustus predicted a gene on 

chromosome 23 (NC_027322.1) in a region previously unannotated by RefSeq and Ensembl. A 

peptide identified in the proteogenomic database search (green) maps to CDS annotations in the 

predicted transcript. (B) Peptide-spectrum match (PSM) of the proteogenomic event peptide 

TFILQE:GKPSEEEIDEFDYDIFIAPK identified in the Salmo salar ovary tissue showing b-ion 

(blue) and y-ion (red) matches of charge +1 and +2 (fragment mass tolerance 0.4 Da). (C) A Blastp 

search of the predicted protein against the non-redundant database resulted in a hit to an 

uncharacterized protein (LOC109897983) in the salmonid Oncorhynchus kisutch (Coho salmon) 

(XP_020348278.1; e-value: 7.33e-129; identity: 176/190, 92.6%). 

 

 

Of the 41 Augustus predictions supporting corrections to reference annotations, the 

myosin heavy chain 7 (myh7) gene on the negative strand of chromosome three 

(NC_027302.1) is an example where the RefSeq gene prediction is truncated and missing 

coding regions 3’ downstream of the annotated stop codon (Augustus_ID #1; Fig. 1.3A). 

Primarily expressed in the cardiac muscle, the myh7 gene may also be expressed in other 

skeletal muscles. Indeed, seventeen proteogenomic event peptides were identified in the 
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salmon heart and eye tissues, with four being expressed in both. Mapping to CDS regions in 

the Ensembl gene (ENSSSAT00000137950.1), many of these peptides also spanned exon-

exon junction sites (Fig. 1.3A; Table S1.2). 

To rule out the possibility that the Ensembl gene was misannotated and has been 

accounted for elsewhere by the reference annotation, the corresponding protein 

(ENSSSAP00000103327.1) was submitted to Blastp for a search against the nr database. 

This resulted in a hit to a myosin-like protein on chromosome nineteen (XP_014015175.1) 

of the reference annotation. Despite an overall high-scoring alignment between the two 

protein sequences (identity: 88.4%; e-value: 0.0), in areas with poorer alignment, the 

Ensembl protein is supported by high quality proteogenomic event peptides (Fig. 1.3B). For 

example, the proteogenomic peptides LLTVLFQNYAGTDA:ADDSK and 

KKLESDTNQLQTEVEEAVQECR at positions 615 and 1733, respectively, of the Ensembl 

protein have high-quality peptide-spectrum matches (PSMs) with a high coverage of b- and 

y-ions (Fig. S1.1). Furthermore, a proteomic search against an enhanced reference database 

(methods) identified 198 peptides that span the length of the Ensembl protein (Fig. 1.3B), 

suggesting that a correction should be made to the current annotation. 
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Figure 1.3: Reference annotation correction: Myosin heavy chain 7. (A) Reference (turquoise) 

and Ensembl (navy) annotations of the myosin heavy chain seven (myh7) gene on chromosome three 

(NC_027302.1). Seventeen peptides identified in the proteogenomic database search (green) map to 

CDS annotations in Ensembl. (B) A Blastp search of the Ensembl protein 

(ENSSSAP00000103327.1) against the non-redundant database resulted in a hit to a predicted 

myosin-7-like protein (XP_014015175.1) on chromosome 19 (NC_027318.1) of the Salmo salar 

genome (e-value: 0; identity: 1718/1943, 88.4%). A proteomic search against an enhanced reference 

database identified 198 (orange) peptides mapping to ENSSSAP00000103327.1, including the 

previously identified proteogenomic event peptides (green lines). 

 

 

As another example, the Ensembl epoxide hydrolase gene 

(ENSSSAT00000145609.1) on the positive strand of chromosome 28 (NC_027327.1) 

represents either a correction to the reference annotation or an additional isoform 

(Augustus_ID #68; Fig. 1.4A). Specifically, we identified 20 peptides mapping to the 
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Ensembl protein (ENSSSAP00000110682.1), including three proteogenomic event peptides 

supporting the partial translation of a 3’ untranslated region (UTR) and the addition of novel 

splice junctions. As before, we submitted a Blastp search of the Ensembl protein against the 

nr database to verify that the predicted transcript has not been mapped elsewhere in the 

reference annotation. While there was a hit to the salmon epoxide hydrolase 1-like protein 

(XP_014000050.1) on chromosome 15, there was poor overall alignment (identity: 58.2%; 

e-value: 4e-176), as also presence of high-quality proteogenomic peptides at regions with 

poorer alignment (Fig. 1.4B). These peptides, FSTWTDFNNR, 

LDNN:TGVYVPTGLAAFPNELMHVPQSWAR, and 

ETGYLHIQGTKPDSAG:CGVNDSPVGLAAYMLEK at positions 287, 344, and 254, 

respectively, of the Ensembl protein, have high-quality peptide-spectrum matches (PSMs) 

with a high coverage of b- and y-ions (Fig. S1.2). In contrast, the Ensembl protein has a 

higher scoring alignment (identity: 98.7%; e-value: 0.0) to the epoxide hydrolase 1-like 

isoform X1 (XP_029621434.1) from the brown trout (Salmo trutta), suggesting that the 

Ensembl annotation is supported by conserved coding regions (Fig. 1.4B). 
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Figure 1.4: Additional isoform: Epoxide hydrolase. (A) Reference (turquoise) and Ensembl 

(navy) annotations of the epoxide hydrolase gene on chromosome 28 (NC_027327.1). Three peptides 

identified in the proteogenomic database search (green) map to CDS annotations in Ensembl. (B) A 

Blastp search of the Ensembl protein (ENSSSAP00000110682.1) against the non-redundant database 

resulted in hits to Salmo salar proteins, including XP_014000050.1 on chromosome 15 

(NC_027314.1) (e-value: 4e-176; identity: 231/397, 58.2%), and other salmonids proteins, including 

XP_029621434.1 from Salmo trutta (e-value: 0; identity: 390/395, 98.7%). A proteomic search 

against an enhanced reference database identified 20 (orange) peptides mapping to 

ENSSSAP00000110682.1, including the previously identified proteogenomic event peptides (green 

lines). 

 

 

Multi-tissue LC-MS/MS dataset: Tissue-specific protein profiles 

The availability of tissue specific proteomic data provides an opportunity to study 

protein expression directly across different tissues. We generated 23 LC-MS/MS salmon 

tissue specific datasets as a resource for the community (MassIVE ID: MSV000089139 and 

Table S1.3). Given the strong proteogenomic evidence in support of Ensembl and Augustus 

predicted transcripts, we searched spectra again; this time against an enhanced reference 

database containing RefSeq proteins, Augustus predictions, and Ensembl proteins (Fig. 

1.1B; methods). Given the strong proteogenomic evidence in support of Ensembl and 

https://massive.ucsd.edu/ProteoSAFe/dataset.jsp?task=b6f1734fb52a4af89dcd2ee262a4ff7a
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Augustus predicted transcripts, we searched spectra a final time against an enhanced 

reference database containing RefSeq proteins, Augustus predictions, and Ensembl proteins 

(Fig. 1.1B; methods). We identified a total of 9,392 proteins (59,899 peptides) across all 

tissues, with brain, ovary, and liver samples expressing the highest number of proteins 

uniquely identified in a specific tissue (Fig. 1.5A). Principal component analysis (PCA) of 

the normalized expression count values of the 600 most highly expressed proteins (methods) 

across all twenty-three LC-MS/MS samples showed strong clustering of samples based on 

the twelve tissue types, with principal component 1 and 2 explaining for 29.2% and 15.0% 

of variance, respectively (Fig. 1.5B). 

  

 

Figure 1.5: Distinct Proteomic Profiles of Salmon Tissues. (A) A total of 9,392 proteins (59,899 

peptides) were identified in twelve tissue types. The highest number of proteins were identified in 

the Gut (5,675 proteins; 43,795 peptides), while the highest number of tissue-unique proteins were 

identified in the Brain (526 proteins; 1,467 peptides). (B) Principal component analysis (PCA) of the 

top 600 proteins across all twenty-three LC-MS/MS samples reveals grouping of samples based on 

the twelve tissue types, with principal component 1 and 2 explaining for 29.2% and 15.0% of 

variance, respectively. 
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Hierarchical clustering of the expression matrix (top 600 proteins) further revealed 

tissue-specific protein signatures (Fig. S1.3; Table S1.4). Cluster #1 was characterized by 

proteins found across all tissues, including those related to oxygen transportation in blood 

(Fig. S1.4A). The gill, spleen, head kidney, and heart showed a particularly high expression 

of these proteins, consistent with the role that these organs play in the vascular system. 

Cluster #2 contained proteins related to maintaining the integrity and function of the 

intestine, and fittingly, were also expressed in the pyloric caecum, which is adjacent to the 

gut (Fig. S1.4B). Cluster #3 contained proteins related to muscle anatomy and function, 

including actin, myosin, and those involved in the glycolytic process - these proteins are 

highly expressed in muscle tissue and not in other tissue types (Fig. S1.4D). Cluster #4 

consisted of proteins related to heart function and structure, including those involved in 

calcium ion binding, ventricular cardiac myofibril assembly, heart contraction, and oxygen 

transportation (Fig. S1.4C). Cluster #6 is dominated by proteins found in the integrity of 

skin, including keratin and collagen related proteins (Fig. S1.4E). Together, these results 

validate the robustness of generating a matrix of protein expression values using a 

proteogenomic strategy. 
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Figure 1.6: Salmon primary hepatocytes and liver tissue are strongly correlated. (A) Of the 

6,280 identified proteins (39,676 peptides), 5,389 proteins (37,872 peptides) were identified in both 

primary hepatocytes and liver tissue, while 661 proteins (1,169 peptides) and 230 proteins (635 

peptides) were identified uniquely, respectively. (B) Hierarchical clustering of the PSK normalized 

expression matrix (104 spectrum files, top 1,000 proteins) reveals a separation of Salmon primary 

hepatocyte (green) from Salmon liver tissue (red) samples. Proteins highly expressed in liver tissue 

but not primary hepatocyte samples include hemoglobin alpha and beta subunit proteins (orange 

rectangles). 

 

Salmon primary hepatocytes as in vitro model for Atlantic salmon liver 

LC-MS/MS analysis of liver samples collected from 44 randomly selected fish and 

a total of 60 3D salmon primary hepatocyte samples were performed and both datasets were 

made available on MassIVE (ID: MSV000089141) and Table S1.5. Of the 6,280 identified 

proteins (39,676 peptides), 5,389 proteins (37,872 peptides) were identified in both primary 

hepatocytes (in vitro) and liver tissue (in vivo) samples. Of the remaining 891 proteins, 661 

proteins (1,169 peptides) were uniquely identified in vitro, and 230 proteins (635 peptides) 

were uniquely identified in vivo (Fig. 1.6A). 

A 

 
 
 

B 

 

 

 

https://massive.ucsd.edu/ProteoSAFe/dataset.jsp?task=60863826fc1941688fca6de29330ec9d
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These results show a strong correlation between in vitro and in vivo expression. A fewer 

number of spectra acquired for in vivo samples may account for the difference seen in the 

number of identified peptides and proteins (Fig. S1.6). Hierarchical clustering of the 

expression matrix (104 spectrum files, top 1,000 proteins) revealed a separation of in vitro 

samples from in vivo samples (Fig. 1.6B). Proteins highly expressed in vivo but not in vitro 

(Cluster A, B) include proteins with functional and structural roles in blood, including 

hemoglobin alpha and beta subunit proteins and serum albumin (Table S1.6; Fig. S1.5).  

 

The Atlantic salmon chemical defensome 

Protein expression matrices of multi-tissue, liver and primary hepatocyte samples 

were matched against the full complement of the putative chemical defensome of model 

teleost fish species (Table S1.7) adapted from the supplementary material of (Eide et al., 

2021). Using the salmon-specific annotation of the multi-tissue and the liver/primary 

hepatocyte protein matrices, a total of 68 (Table S1.3) and 59, (Table S1.5), respectively of 

chemical defensome specific proteins were identified. Following a PAW_BLAST search for 

zebra fish orthologs, the identification of chemical defensome specific proteins improved; a 

total of 306 and 248 proteins of the multi-tissue and liver/primary hepatocyte data, 

respectively were successfully mapped to gene patterns and ontology terms linked to 

proteins involved in the detoxification and clearance of xenobiotic compounds in Atlantic 

salmon (Fig. 1.7A; Fig. 1.7B). Hierarchical clustering based on the twelve tissue types of 

the 306 multi-tissue defensome proteins showed tissue-specific proteins signatures and 

clustering of samples based on tissue type (Fig. S1.7). Distinct and overlapping defensome 

protein expression were observed across all salmon tissues analyzed (Fig. 1.7C), and a large 
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degree of homology between in vivo and in vitro liver systems was observed; of 248 liver-

specific defensome proteins present in the proteogenomics expression matrix; only two 

proteins were detected exclusively in the in vitro system (Fig. 1.7D).  

 

 

 

Figure 1.7: Atlantic salmon chemical defensome. Bubble plot of chemical defensome specific 

proteins of multi-tissue (A) and liver/hepatocyte (B) proteogenomics expression matrices (C) UpSet 

plot visualizing unique and overlapping defensome protein expression across all salmon tissues 

analyzed (D) Venn diagram displaying distinct and overlapping defensome proteins detected in vivo 

and in vitro liver systems. 
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1.5: Discussion 

 

In this manuscript, we provide a comprehensive proteogenomic characterization of 

the Atlantic salmon (Salmo salar) genome by acquiring tandem spectra from multiple 

salmon tissues, salmon liver (Berntssen et al., 2021), and cultured hepatocytes commonly 

used for in vitro toxicity testing (Olsvik and Søfteland, 2020; Søderstrøm et al., 2022; 

Søfteland et al., 2014). We identified nearly 80,000 peptides providing direct evidence of 

translation for over 40,000 RefSeq structures. In addition, our data highlighted differences 

between the two annotation platforms RefSeq and Ensembl. Our data indicated that salmon 

reference proteomes based solely on the RefSeq assembly may not be as comprehensive as 

the ones based on Ensembl annotations. In the context of RNAseq mapping, it was found 

previously that Ensembl annotates more genes than RefSeq does (Zhao and Zhang, 2015). 

With functional annotation results potentially having a strong influence on the conclusions 

to be drawn (McCarthy et al., 2014), the selection of one annotation over another can have 

a strong effect on the overall outcome of omics studies (Frankish et al., 2015).  

For transcriptomic-focused studies, it was suggested previously to choose a less 

complex genome annotation such as RefSeq, for reproducible and robust gene expression 

estimates; for exploratory research, a more complex genome annotation such as Ensembl, 

was recommended (Wu et al., 2013). However, until experimentally validated, genome 

annotations remain hypothetical (Prasad et al., 2017); several proteogenomics strategies to 

validate and correct previous annotations have been developed (Castellana and Bafna, 2010; 

Nesvizhskii, 2014; Ruggles et al., 2017) and have been applied on several different species 

(Prasad et al., 2017; Ruggles et al., 2017) including zebrafish (Kelkar et al., 2014). Like 

zebrafish, also salmon is a well-studied organism (Lien et al., 2016); however, a 
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proteogenomic analysis has yet to be performed on this important aquaculture species of 

high economic and cultural value (Fedoroff et al., 2022). Indeed, as was shown previously 

for the zebrafish (Kelkar et al., 2014), our integrative transcriptomics and proteomics 

analysis suggested corrections to hundreds of annotations of the Atlantic salmon genome 

and identified several novel genes that had been missed by other annotation efforts. Our 

results are consistent with earlier proteogenomic studies, suggesting that proteomic evidence 

can be used to confirm translation and as such be an important part of annotation pipelines 

(Castellana and Bafna, 2010; Nesvizhskii, 2014). In contrast with genomic annotation, but 

similar to transcript-based annotation, proteogenomic annotation provides a dynamic picture 

of the proteome that displays species- and tissue-specific expression patterns of proteins 

which can be analyzed and measured using standard shotgun proteomics approaches 

(Rasinger et al., 2016). The analysis of multiple salmon tissue confirmed this. Based on one 

single expression matrix, paired-samples from the same tissue clustered together, and 

separated from other tissues. For the generation of this expression matrix, our proteogenomic 

pipeline utilized the union of all peptides to support the annotation effort. We also developed 

a normalized spectral count approach estimating protein expression levels that corrected for 

protein length and total number of spectra acquired in the samples. This in part tackles some 

of the challenges associated with proteogenomics analyses, namely the integration and 

visualization of data sets comprising quantitative measurements across multiple data 

modalities (Ruggles et al., 2017). The simple protocol and automated expression matrix 

generation presented here, allows for our pipeline to be used to both perform mechanistic 

research in newly or only scarcely annotated non-model organisms (and their respective in 

vitro NAM counterparts) at the core of agricultural, veterinary and  ecosystem research 
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(Heck and Neely, 2020), and to improve availability and design of peptide markers for use 

in food and feed forensics such as the detection of non-permitted protein material of animal 

origin in aquaculture feed (Belghit et al., 2021; Rasinger et al., 2016; Varunjikar et al., 

2022a, 2022b).  

Here, as a preliminary proof of concept for the applicability of our proteogenomic 

annotation and analysis pipeline for mechanistic research in modern-day marine aquaculture 

research, we compared the cultured primary hepatocyte proteome against liver tissue 

proteome using a single expression matrix. Except for the expression of blood related 

proteins, which were missing in the cultured cells probably as a result of cell extraction 

method and culturing conditions, we found a very high degree of consistency in expression 

profiles with a strong correlation between in vitro and in vivo expression. This is in line with 

previous studies on human samples in which also a high degree of similarity was observed 

when comparing proteomic expression data of human liver tissue and isolated hepatocytes 

(Vildhede et al., 2015) or genomic RNA-Seq data of liver models with in vivo human liver 

(Gupta et al., 2020). In addition to the global comparison of protein expression between liver 

tissue and hepatocytes, we specifically looked for the expression of chemical defensome 

related proteins in vivo and in vitro. The data revealed that based on proteogenomics 

analyses, a large degree of homology between in vivo and in vitro liver systems was observed 

indicating that primary salmon hepatocytes seem to be a suitable model system for 

mechanistic toxicity studies in Atlantic salmon liver. 
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1.6: Conclusion 

Our results suggest that as demonstrated for zebrafish (Kelkar et al., 2014), an 

integrated transcriptomic and proteomic analysis (i.e., a proteogenomic characterization) of 

the Atlantic salmon improves upon current annotation, provides a window into tissue 

specific protein expression, and offers a road map for future, hypothesis driven 

investigations on the assessment of toxicodynamic consequences of multiple toxicant 

exposures in other species.  The present study also provides evidence that for mechanistic 

studies of the chemical defensome extrapolations of in vitro toxicant studies into to whole 

tissue or organism responses is feasible. This may eventually allow for a better molecular 

understanding of how living organisms sense and react to the environment and its stressors 

supporting a more informed analysis and interpretation of food-safety and (eco)toxicology 

studies in non-model species. 
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 Chapter 2: ProteoStorm – An Ultrafast Metaproteomics Database Search Tool  

 

2.1: Abstract 

 

Shotgun metaproteomics has potential to reveal the functional landscape of microbial 

communities, but lacks appropriate methods for complex samples with unknown 

compositions. In the absence of prior taxonomic information, tandem mass spectra would be 

searched against large pan-microbial databases, which requires heavy computational 

workload and reduces sensitivity. We present ProteoStorm, an efficient database search 

framework for large-scale metaproteomics studies, which identifies high-confidence 

peptide-spectrum matches (PSMs) while achieving a two to three orders-of-magnitude 

speedup over popular tools. A reanalysis of a urinary tract infection (UTI) dataset of 110 

individuals revealed a complex pattern of polymicrobial expression, including sub-types of 

urinary tract infections, cases of bacterial vaginosis, and evidence of no underlying disease. 

Importantly, compared to the initial UTI study that restricted the search database to a 

manually-curated list of 20 genera, ProteoStorm identified additional genera that were 

previously unreported, including a case of infection with the rare pathogen 

Propionimicrobium. 

 

2.2: Main Text 

 

Metaproteomics is an emerging field that identifies expressed proteins using tandem 

mass spectrometry (MS/MS) to decipher the taxonomic and functional realm of complex 

microbial environments. Without prior knowledge of the active organisms in a sample, 

downstream analyses are highly dependent on the accurate assignment of MS/MS spectra to 

peptide sequences from massive (~10Gb+) pan-microbial protein databases. While iterative 
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search methods utilizing conventional database search tools (Jagtap, et al., 2013; Tang, et 

al., 2016; Zhang, et al., 2016) increase identifications by reducing the initial search space, 

and methods such as ComPIL (Chatterjee, et al., 2016) address heavy computational 

workload by distributing data across multiple servers, searching large databases in 

reasonable time frames, without the requirement of high computational capacity, remains a 

major impediment. We present ProteoStorm, an ultrafast metaproteomics database search 

framework that utilizes a multi-staged, efficient filtering of peptide-spectrum matches 

(PSMs). On large pan-microbial databases and spectral datasets, ProteoStorm achieved a 

speedup by two to three orders-of-magnitude over popular database search tools while 

maintaining high sensitivity in terms of peptides identified.  

There are many reasons why conventional database search tools do not scale well in 

metaproteomics studies. For a large database, D, a common practice is to split D into k 

arbitrary small files di, where each of m spectral files is searched against each di. While 

memory efficient, this practice results in the inefficient and redundant search of spectra 

against peptides that would never result in a viable match. ProteoStorm assumes that for 

each detectable protein in a microbial sample, there exists at least one fully-tryptic peptide 

with no variable modification, identifiable with a sufficiently low p-value PSM. This 

motivates a multi-stage strategy (Fig. 2.1a), where a fast, fully-tryptic search in the first 

stage is followed by a semi-tryptic search in the second stage that is limited to proteins 

identified in the first stage. Each stage of ProteoStorm is composed of three core modules: 

i) database and spectra partitioning, ii) efficient and sensitive peptide filtering, and iii) PSM 

p-value computation (Methods). 
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Figure 2.1: ProteoStorm search framework: performance and scalability. (a) Each stage of 

ProteoStorm is composed of three modules: i) data partitioning, ii) peptide filtering, and iii) p-value 

computation. Identifications from a fully-tryptic search are used to construct a refined protein 

database for a semi-tryptic search. PSMs with p-values are reported. (b) In the first module, database 

and spectra partitioning dramatically reduces search space from all peptides (black dotted lines) to 

peptides within spectra parent mass ranges (red vertical lines). (c) In the second module, spectrum-

peptide pairs are filtered based on shared counts of prominent spectral peaks (red) to b-/y-ions of 

peptides (numbers within blocks) using an ion-mass indexing data structure. Each colored block 

represents a unique peptide within the parent mass tolerance of a given spectrum. (d) 946,845 spectra 

were searched against the UniProtKB database using ProteoStorm, MSGF+, Comet, and MSFragger. 

ProteoStorm required 9.7 CPU-hours, while other tools required CPU-weeks to complete. (e) 

Breakdown of ProteoStorm runtime by module. S1 and S2 represent the two different stages of 

ProteoStorm. See also Figure S2.3. 
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In the first module, ProteoStorm bins the unique set of in silico digested tryptic 

peptides from a pan-microbial database, D, into n database partitions with pre-defined mass 

windows in Daltons (Fig. 2.1b; Methods). Separately, spectra are organized into n matching 

partitions, based on their parent masses. Each spectral partition is searched only against its 

matching database partition (instead of k database files mentioned above), reducing the 

number of computations dramatically. Moreover, the partitioning of the entire pan-microbial 

database is a one-time operation, and the partitions can be used for any metaproteomics 

experiment.  

To overcome the inefficiency of scoring spectra against peptides with poor match of 

b-/yions, the second module of ProteoStorm filters spectrum-peptide pairs with insufficient 

number of shared peaks using an ion-mass indexing data structure, Ι (Fig. 2.1c; Methods). 

Similar to previous studies (Rinner, et al., 2008; Stein, 1995; Burke, et al., 2017; Kong, et 

al., 2017), ProteoStorm utilizes the fact that theoretical ions from different peptides may 

share the same m/z value given a charge and fragment mass tolerance. For each database 

partition, ProteoStorm constructs Ι, where ion-mass index 𝑖 references a mass-sorted list of 

peptides containing a b-/y-ion within the mass tolerance of i. For each prominent peak in a 

spectrum s, its corresponding ion-mass index 𝑖 ∈ 𝛪 is accessed to retrieve the collection of 

peptides, P, containing a matching ion. For all peptides 𝑝 ∈ 𝑃 that are within the parent mass 

tolerance of the spectrum, the shared peak count (SPC) of the spectrum-peptide pair (s,p) is 

incremented by one. Spectrum-peptide pairs with a sufficient SPC are retained for further 

analysis in the third module. This ion-mass indexing-based peptide filtering enables ultra-

fast querying of a spectrum against a peptide database as it bypasses all peptide ions with no 
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matching spectrum peak, and matches prominent spectral peaks against all peptide ions 

simultaneously.  

In the third module, ProteoStorm utilizes the MS-GF+ generating function (Kim & 

Pevzner, 2014) to compute p-values for (s,p) pairs with the highest MS-GF+ raw score for a 

given spectrum s. Accurate estimation of p-values allows for the subsequent computation of 

a peptide-level FDR. Peptides identified in the first stage are used to construct a refined 

protein database for a semi-tryptic second-stage search (Methods).  

We evaluated the performance of ProteoStorm using 7.5 million LC-MS/MS spectra 

obtained from urinary pellets (UP) of 110 suspected urinary tract infection (UTI) cases and 

five healthy individuals from two related studies (Yu, et al., 2015; Yu, et al., 2017). When 

searching the full UTI data set against a database of 18.8 million microbial sequences from 

UniProtKB (Release 2017_07), ProteoStorm completed in 1.79 CPUdays – a 485x speedup 

compared to the estimated 123.8 CPU-weeks for MS-GF+. Given these encouraging 

speedups and noting the extensive time requirements of other tools, we used a subset of 17 

individuals (0.9 million spectra) to perform a systematic comparison of identified peptides 

and runtimes against MS-GF+, Comet (Eng, et al., 2013), and MSFragger (Kong, et al., 

2017).  

At 1% peptide-level FDR, MS-GF+ identified 12,139 peptides in an estimated CPU-

22 weeks, Comet identified 9,341 peptides in an estimated CPU-10.7 weeks, and MSFragger 

identified 11,530 peptides in an estimated CPU-2.4 weeks. In contrast, ProteoStorm 

identified 13,550 peptides in 9.7 CPU-hours, a speedup by 382x, 186x, and 41x, respectively 

(Fig. 2.1d). ProteoStorm identified 96% (11,657) of the MS-GF+ peptides, as also 95.9% 

(10,331) of the peptides identified by at least two of the three tools (Fig. S2.3b). On the other 
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hand, Comet identified 64.3% and 78.1% of peptides respectively, and MSFragger identified 

75.9% and 93.5% of peptides respectively.  

All tools had comparable identification rates, with ProteoStorm slightly higher at 

5.98% in contrast to the range of 5.02% to 5.42% for other tools. The low identification rates 

were likely due to missing sequences in the initial pan-microbial database. To test this, we 

also searched a small wastewater metaproteomics dataset (150,216 spectra), where a 

specialized database (2.47Gb) had been constructed using the Graph2Pep/Graph2Prot 

approach (Tang, et al., 2016) on metagenomics data. ProteoStorm identified 10,633 peptides, 

or 95.9% (4,790) of the MS-GF+ peptides, in 52.6 minutes, while the 

Graph2Pep/Graph2Prot approach identified 8,740 peptides, or 83.6% (4,175) of the MSGF+ 

peptides, and took over 3.8 CPU hours (Fig. S2.1b). Graph2Pep/Graph2Prot reduced the 

initial search space by 124x, while ProteoStorm by 184x (Fig. S2.1a). Compared to 

searching against the UniProtKB database, searching against the metagenome derived 

database improved identification rate from 7.2% to 15.5%.  

The speedup provided by ProteoStorm is further amplified by searching the full UTI 

data set against a comprehensive database (RefUP++; Methods) containing 95 million 

sequences. When increasing both the number of spectra from 0.9M to 7.5M and the database 

size from UniProtKB (7.8 Gb) to RefUP++ (34.1Gb), ProteoStorm speedup over MS-GF+ 

increased from an estimated 382x to 953x (Fig. S2.3c). The reduction of the initial search 

space ranged from 34x to 76x depending on the dataset and database searched (Fig. S2.3a). 

Breaking-down ProteoStorm runtime by module shows that the increase is mostly due to a 

prolonged computation of p-values as the number of spectra increases (Fig. 2.1e). While 
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there is also an increase in runtime when solely increasing the initial database size, this is 

mainly due to the stage-two database partitioning.  

 

 

 

Figure 2.2: ProteoStorm identifies bi-clusters of individuals with similar microbial 

compositions. Searching the full UTI dataset against the RefUP++ database (2,259 genera) using a 

genera-restriction approach, ProteoStorm identified 64 genera. Out of 73,092 peptides, 28.5% 

(20,833) mapped uniquely to a single genus. Four bi-clusters (white boxes) were inferred from 

clusters with an approximately unbiased (au) p-value greater than 0.90 (magenta boxes), indicating 

a complex pattern of polymicrobial expression, including sub-types of urinary tract infections, cases 

of bacterial vaginosis, and evidence of no underlying disease. Pathology groups: Healthy, ERY 

(erythrocyte/vascular injury), EXF (exfoliation of squamous epithelial and urothelial cells), and UTI 

(urinary tract infection). See also Table S2.1 and Table S2.2. 

 

The initial UTI study (Yu, et al., 2015) restricted the search database to a manually 

curated list of 20 genera, identifying 15 as being expressed in 110 individuals. Using an 

unbiased search of the full UTI dataset against the RefUP++ database (2,259 genera) and a 

genera-restriction approach (Methods), we identified 64 genera, including the previous 15 
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(Table S2.1). Out of 73,092 peptides, 28.5% (20,833) mapped uniquely to a single genus. 

Moreover, in 98 out of the 110 individuals, we found that every individual had either the 

same or a superset of the genera previously reported. Overall, we observed a complex pattern 

of polymicrobial expressions (Fig. 2.2). Using clusters supported by multiscale bootstrap 

resampling (Table S2.2), we could observe at least four bi-clusters. The most common 

uropathogen in UTI is Escherichia coli, followed by other gramnegative microbes, including 

Klebsiella, Citrobacter, Pseudomonas, and Enterobacter (Ronald, 2002). Individuals 

infected by these dominant uropathogens are present in clusters C-I (genera: 89au; 

individuals: 99au), including eight of the twelve individuals who were also clinically 

diagnosed with UTI (Yu, et al., 2017). Six of the eight individuals were aged 61 to 84, and 

exhibited polymicrobial UTI (p-UTI) with either Escherichia or Klebsiella dominant over 

the other (Table S2.1). Indeed, p-UTI is common among the elderly, and Escherichia coli 

and Klebsiella frequently co-occur in p-UTI (Laudisio, et al., 2015).  

Individuals infected by obligate or facultative anaerobic pathogens that are 

frequently undetected using typical urine culture diagnostic methods are present in cluster 

B-III (genera: 97au; individuals: 94au) (Imirzalioglu, et al., 2008). Of note, individual #116 

was clinically diagnosed with UTI, and while a previous study reported Proteus mirabilis as 

the major UTI causing pathogen, ProteoStorm identified the rare UTI pathogen 

Propionimicrobium (1,129 out of 3,531 PSMs) (Ikeda, et al., 2017) as the most abundant 

genera followed by Facklamia (544 PSMs), Actinotignum (538 PSMs), Proteus (424 PSMs), 

and other gram-positive bacteria (Table S2.1).  

As the female urine specimens were clean catch samples, we cannot distinguish 

between true urethral/bladder colonization and possible contamination by microbes that are 
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part of the vaginal and vulvar microbiota. In cluster A-II (individuals: 91au), which is 

dominated by Lactobacillus, we observed seven of twelve individuals who previously 

expressed high abundances of human epithelia cell proteins (Yu, et al., 2017). The 

dominance of Lactobacilli together with evidence of shed squamous epithelial cells could 

suggest a lack of an underlying pathology. In contrast, individuals in cluster A-IV (genera: 

96a; individuals: 89au) revealed higher abundances of microbes known to contribute to 

bacterial vaginosis (BV), notably Gardnerella, Prevotella, Atopobium, Sneathia (Ma, et al., 

2012; Onderdonka, et al., 2016). This data is consistent with BV as an underlying pathology 

related to these specimens.  

As a UTI dataset is considered less complex, we searched a human infant gut 

metaproteomics dataset (2.4M spectra) against the RefUP++ database using the 

generarestriction approach (Methods). ProteoStorm identified 19 genera (Table S2.3) from 

31,606 peptides mapping uniquely to a single genus (54.9% of all identifications), and 

detected similar shifts in microbial abundance across day of life 21, 34, and 50 when 

compared to the previous study (Xiong, et al., 2017) (Fig. S2.2a). Searching against the 

matched metagenome database, ProteoStorm identified 61,364 peptides, or 94.5% (53,847) 

of the MS-GF+ peptides (Fig. S2.2b) at an identification rate of 24.2%.   

Metaproteomic studies based on database search approaches depend on the effective 

and efficient analysis of data. In clinical cases, the accurate identification of pathogens 

affects treatment options, and failure to detect certain microbes due to non-inclusiveness in 

the search database may lead to suboptimal treatment or misuse of antibiotics. The use of 

reference protein repositories is advantageous, but as they grow with increasing sequencing 

data, so does the need for efficient computational tools that analyze complex, multi-species 
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communities. ProteoStorm is an ultrafast and highly sensitive tool for the metaproteomics 

community, and is available through GitHub (https://github.com/proteostorm/ProteoStorm).  

 

2.3: Methods 

 

Data sources 

Pan-microbial databases. The UniProtKB database (7.8Gb) in this study consists of 

18,755,274 protein sequences from reference proteomes of 6,521 bacterial species (UniProt 

Release 2017.07). A comprehensive database (RefUP++; 34.1Gb; 2,259 genera) was 

constructed using 94,916,719 bacterial and fungal protein sequences from RefSeq (Release 

85; ftp://ftp.ncbi.nlm.nih.gov/refseq/release/), and UniProt Pan Proteomes (Release 

2017.12) and Reference Proteomes (Release 2017.07) 

(ftp://ftp.uniprot.org/pub/databases/uniprot/). We provide the RefUP++ database as a set of 

58 files, accessible via Github. The fasta header information has been processed to include 

the name of the protein entry followed by the genus name of the organism and the taxonomy 

ID (see Genera-restriction approach).  

 

Urinary Tract Infection (UTI) MS/MS dataset. To evaluate the performance of  

ProteoStorm, we used a dataset previously published in two related studies (Yu, et al., 2015; 

Yu, et al., 2017). LC-MS/MS Raw files of urine pellet (UP) samples from 110 suspected 

urinary tract infection (UTI) cases and five healthy individuals were provided by researchers 

at The J. Craig Venter Institute (JCVI) or downloaded from the PRIDE Database 

(PXD004713). As described previously (Yu, et al., 2017), the samples were collected for 

diagnostic purposes, considered medical waste, and de-identified prior to transfer to JCVI. 

https://github.com/miinslin/ProteoStorm
https://github.com/miinslin/ProteoStorm
ftp://ftp.ncbi.nlm.nih.gov/refseq/release/
ftp://ftp.ncbi.nlm.nih.gov/refseq/release/
ftp://ftp.uniprot.org/pub/databases/uniprot/
ftp://ftp.uniprot.org/pub/databases/uniprot/
ftp://ftp.uniprot.org/pub/databases/uniprot/
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Samples were run in replicate on an Ultimate 3000-nano LC and Q Exactive mass 

spectrometer system coupled via a FLEX nano-electrospray ion source (Thermo Scientific). 

RAW files were subjected to peak-picking (Vendor) and converted to Mascot generic format 

(MGF) format using MSConvert (ProteoWizard v3.0) (Chambers, et al., 2012). 

Given the focus of ProteoStorm on metaproteomic data analysis, we performed an 

initial search of the full UTI dataset against the Human reference proteome (UP000005640; 

Release 2017.07) using MS-GF+ (variable modifications: protein N-terminal acetylation, 

and methionine oxidation; static modifications: cysteine carboxyamidomethylation), and 

excluded the 3,913,142 spectra that were identified as high-confidence human-matching 

spectra (1% PSM-level FDR per MS/MS experiment) from the spectra partitioning step, 

resulting in 7,552,992 spectra for the full UTI dataset.  

 

Human Infant Gut MS/MS dataset. To evaluate the performance of ProteoStorm on a more 

complex dataset, we searched a subset of a human infant gut metaproteomics dataset 

(MassIVE ID: MSV000080565). Spectra representing stool samples collected on day of life 

21, 34, and 50 from infant 23 (healthy preterm infant with mild lung disease) were chosen 

based on the higher complexity of the samples as determined in the previous study (Xiong, 

et al., 2017). High-confidence human-matching spectra (135,380) were excluded from the 

spectra partitioning step, resulting in 2,360,544 spectra.  

 

Wastewater MS/MS dataset. To evaluate the performance of ProteoStorm when searching 

against a matched metagenome database, we searched a dataset (150,216 spectra) 

representing oleaginous mixed microbial communities sampled from the surface of a 
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biological wastewater treatment plant on Oct 12, 2011 (SD6; PeptideAtlas ID: PASS00577) 

(Muller, et al., 2014).  

 

ProteoStorm core module 1: Data partitioning.  

ProteoStorm performs a fast, fully-tryptic search in the first stage followed by a semi-

tryptic search in the second stage that is limited to proteins identified in the first stage. Each 

stage consists of three core modules: i) database and spectra partitioning, ii) ion-mass index-

based peptide filtering, and iii) PSM p-value computation.  

In the first module, in silico digested peptides and spectra are sorted and binned into 

n matching partitions based on parent mass. The theoretical mass of a peptide, p, with 

cysteine carboxyamidomethylation as a static modification, 𝑚𝑝, is defined as the sum of the 

monoisotopic masses of residues in p, a hydrogen atom, a hydroxyl group, and a 

carbamidomethyl group for each cysteine in p. Given a distribution of theoretical masses for 

N peptides, we define partition i by a pair of indices (𝑏𝑖, 𝑒𝑖), where the number of peptides 

satisfying 𝑏𝑖 ≤ 𝑚𝑝 < 𝑒𝑖 is N/n. We provide mass distribution files for both the UniProtKB and 

RefUP++ databases, accessible via GitHub.  

For spectra, to allow for at most one isotopic error of δ (i.e., 1.003355), and a 

precursor ion mass tolerance of ε (e.g., 10ppm), partition i is defined slightly differently as  
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Spectra partitioning. Given the interval pairs (𝑏𝑖𝑠, 𝑒𝑖𝑠) for all i, we assign spectra to n bins 

based on parent mass. The mass of a spectrum, s, is defined as 𝑚𝑠 = 𝑀 ∙ 𝑧 − 𝑝+ ∙ 𝑧, where M 

is the precursor ion mass (in units of m/z), z is the charge state of the precursor ion, and 𝑝+ 

is the mass of a proton. We assign spectrum s to each bin i if  . 

To bin spectra efficiently, we sort them by their mass and use a merge operation to 

assign them to the appropriate bins. Spectra with less than 10 peaks are not included in the 

spectral partitioning process. As the distribution of spectra based on parent mass does not 

necessarily follow that of theoretical peptides, a maximum spectral partition size is enforced, 

creating multiple files for spectra belonging to bin i.  

 

Database partitioning. ProteoStorm takes as input a set of database files, D, and assigns an 

index j to each file, where 0 ≤ 𝑗 < |𝐷|. Given D, files are read in batches of 1Gb, and protein 

sequences are stored in memory as a single string, T, where the character “$” indicates the 

start of a protein (an additional “$” character is appended at the end of the string to denote 

the end of the string). Each string T is subjected to in silico tryptic digestion, where peptides 

are limited to the standard 20 amino acids, isoleucine transformed (i.e., leucine replaced with 

isoleucine), and allowed at most one missed cleavage site. If a peptide at the protein N-

terminus, cleavage of its n-terminal methionine is allowed.  

Each peptide, p, is stored in a string representation of its corresponding database 

partition i, and written to file when a buffer size of 600MB is reached. To map peptides back 

to proteins after stage one, we store additional information along with the sequence for each 

peptide p, including the index, j, of the originating database file, the protein index h within 

database file 𝑑𝑗, and the pre- and post-amino acids. For a target-decoy approach (Elias & 
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Gygi, 2007), protein sequences are reversed and concatenated in a similar manner to form 

string F. Origin from a decoy protein is indicated by prefix ‘d_’ for protein index h. For a 

semi-tryptic in silico digest, either the n-terminus or c-terminus of a fully-tryptic peptide is 

anchored and amino acids are removed from the opposite terminus to form semi-tryptic 

peptides.  

As the same peptide, p, may result from the in silico digestion of one or more strings 

T (or F), ProteoStorm combines multiple mapping information from duplicate peptide 

entries in each partition i, and writes the mass of an unique peptide p, the peptide sequence, 

and the combined mapping information of p to create the final database partition. 

Additionally, ProteoStorm assigns a category to peptide p in the following order of 

preference: fully-tryptic/target, fully-tryptic/decoy, semi-tryptic/target, or semi-

tryptic/decoy. The reason for this is twofold. First, a given spectrum s is always assigned the 

peptide sequence from its best scoring (s,p) pair, and given that fully-tryptic peptides score 

higher than semi-tryptic peptides during p-value computation, fully-tryptic peptides are 

preferred over semi-tryptic peptides. Second, in the case that a (s,p) pair with a peptide from 

a decoy sequence scores equally as well as one with a peptide from a target sequence, the 

latter is always preferred.   

As an example, the following peptides have a mass within [𝑏0, 𝑒0), and are written to 

database partition 0 in a tab separated format. The peptide sequence “AGGGGGGG” can be 

mapped to two proteins, specifically, the first occurrence is in the 2,936th entry of database 

file 𝑑4076, or UP000061569_69.fasta, and the 1,632nd entry in database file 𝑑2526, or 

UP000030518_1300345.fasta. The pre- and post-amino acid “R-” indicates that the peptide 

is a fully-tryptic protein c-term peptide.  
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Mass (Da)  Peptide Sequence  Peptide Index Mapping Information 

488.1979  R.AGGGGGGG.-  0    4076|2936|R-;2526|1632|R-  

502.2136  R.GAGGAGGG.-  XXX_1  4640|d_2272|R-  

502.2136  R.GGGGGGAA.-  2    6530|897|R-  

 

In the second stage of ProteoStorm, the refined protein database (see Refined 

database creation) is provided as two files, a target sequence database and a decoy sequence 

database. A semi-tryptic in silico digest is performed, and database partitions are created as 

described previously, with the exception that sequences from the target database are not 

reversed to form string F. Instead, sequences from the decoy database are concatenated to 

form string F.  

  

ProteoStorm core module 2: Peptide filtering.  

The second module of ProteoStorm computes the shared peak counts (SPC) between 

each spectrum and candidate peptides within its parent mass tolerance using an efficient ion-

mass indexed data structure. For each database partition, peptide ions (b-/y-ions) with a 

maximum fragment ion charge of 2+ are used to construct an ion-mass indexing data 

structure, Ι, where each ion-mass index, 𝑖 ∈ 𝛪, references a mass-sorted list of peptides 

containing a b-/y-ion within the mass tolerance of i (Fig. 2.1c). For each spectrum, s, peaks 

with an intensity less than 1.0 ∙ 𝑄, where 𝑄 is the mean of the intensities of peaks at the 

bottom 25%, are considered noise and removed. Prominent peaks are defined as the top 

seven intense peaks in a window of 75 Daltons. For each prominent peak in a spectrum s, its 

corresponding ion-mass index 𝑖 is accessed to retrieve a mass-sorted list of peptides, P, 

containing a matching ion. For all candidate peptides 𝑝 ∈ 𝑃 that are within the parent mass 
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tolerance of the spectrum and at most one isotopic error away from the spectrum parent mass, 

the shared peak count (SPC) of the spectrum-peptide pair (s,p) is incremented by one.  

To increase the efficiency of database search (filtering as many peptides as possible) 

without sacrificing sensitivity (retaining true positives), for each spectrum s, any candidate 

peptide with a SPC less than max(𝑀𝑚𝑖𝑛, 𝑀𝑚𝑎𝑥 − 1) is filtered, where  

.  

We chose 𝑀𝑚𝑖𝑛 = 7 for fully-tryptic peptides and 𝑀𝑚𝑖𝑛 = 7 for semi-tryptic peptides, which 

works well for both the HCD fragmentation-based UTI dataset, the CID fragmentation-based 

human infant gut dataset, and the HCD fragmentation-based wastewater dataset. 

Determining 𝑀𝑚𝑖𝑛 based on the length and mass of a peptide, the instrument type, and 

fragmentation method is optimal but requires further investigation. Retained spectrum-

peptide pairs are subjected to further analysis in core module 3.  

 

ProteoStorm core module 3: p-value computation.  

To accurately estimate the p-value of spectrum-peptide pairs and allow for 

computation of a false discovery rate, we created a modified version of MS-GF+ 

(v2018.04.09) (Kim & Pevzner, 2014) that directly calls its raw score computation and 

generating function approach. To identify high-confidence PSMs using the target-decoy 

approach, the peptide that achieves the highest MS-GF+ raw score for each spectrum s 

among the retained (s,p) pairs from core module 2 is selected for p-value computation using 

the generating function approach. Briefly, given an SPC score of k for a spectrum-peptide 

pair (s,p), the generating function computes the probability of a randomly generated peptide 
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(all residues independently and identically distributed) obtaining an SPC score of k or higher 

against spectrum s.  

 

Refined database creation.  

Define a peptide group as an unmodified peptide sequence and the sum of its 

modifications (e.g., ‘PEPTIDES+57.021464’). The p-value of a peptide group is equal to 

that of its best scoring (s, p) pair. For any p-value threshold, 𝜃, let 𝑓(𝜃) denote the number 

of decoy groups whose p-value is ≤ 𝜃. Similarly, let 𝑡(𝜃) denote the number of target groups 

whose p-value is ≤ 𝜃. A peptide-level false discovery rate (FDR) is thus defined as   

FDR .  

To determine high-confidence peptides, L, in the first stage of ProteoStorm, a script 

identifies peptide groups across all MS/MS experiments, and determines the p-value 

threshold for a peptide-level FDR of 5%. Peptide groups that pass the threshold are retained 

as high-confidence peptides 𝑝 ∈ 𝐿. Subsequently, all proteins containing a peptide 𝑝 ∈ 𝐿 are 

included in a refined protein database, 𝐷′. Using the protein mapping information retained 

during database partitioning, a script iterates through target peptides in L, writing both the 

protein sequence and its reverse sequence to 𝐷′. Redundant protein sequences, including 

those that only differ by protein name, are not allowed. A similar procedure is applied to 

high-confidence decoy peptides, with the exception that only decoy protein sequences are 

written to 𝐷′. Proposed by Bern and Kil (Bern & Kil, 2011), this method of generating a 

decoy database for a second stage search includes a conservative bias by including more 

decoy sequences than target. The more sophisticated version of this method, where the 

reversed sequences of target proteins are added to the decoy protein sequences until the total 
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number of decoy sequences is equal to the number of target sequences was validated by 

Jeong et al. (Jeong, et al., 2012). The refined protein database is provided in the 

S1_OutputFiles directory as a combined target decoy database “RefinedProteinDB.fasta.”  

 

ProteoStorm Output.  

After completion of stage two, the identified PSMs (no FDR applied) are reported in 

the S2_OutputFiles directory as file “ProteoStorm_output.txt.” For all analyses in this 

manuscript, we applied a 1% peptide-level FDR (pooled across all MS/MS experiments) for 

peptide identifications, and a 1% PSM-level FDR (per MS/MS experiment) for PSM 

identifications, where PSMs representing high-confidence peptides are reported.  

ProteoStorm is designed to be flexible with regards to user needs. As an example, 

we used peptides from stage two of ProteoStorm to analyze metaproteomic samples at the 

genera level. Details on using ProteoStorm for other taxonomies and post-translational 

modifications are accessible via GitHub (Alternative configurations for ProteoStorm). 

  

Genera-restriction approach.  

To identify microbial communities and infection patterns in the UTI dataset, we 

implemented a genera-restriction approach for ProteoStorm, where the pan-microbial 

database, D, includes only proteomes with available taxonomic information at the genus 

level, and the refined protein database, 𝐷′, is based on high-confidence peptides identified 

in stage-one that uniquely map to a single genus among the restricted genera (see Refined 

database creation below). The three core modules of ProteoStorm are as described 

previously. 
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Database preprocessing. To determine the genus to which a proteome or protein entry 

belongs, a script parses NCBI taxonomy .xml files downloaded using the NCBI E-utilities 

API, and rewrites the fasta header information to include the name of the protein entry 

followed by the genus name of the organism and the taxonomy ID. For UniProt proteomes, 

file names already include a proteome identifier (UPID) that can be queried using the 

UniProt API to obtain its corresponding taxonomy ID. For RefSeq entries, taxonomy IDs 

are found in the RefSeq-release#.catalog file. Given that the UTI dataset represents human 

microbiome samples, we limited proteins to sequences belonging to genera from bacteria 

and fungi.  

 

Refined database creation. To construct a genera-restricted protein database, confidence 

peptides (1% peptide-level FDR), C, identified in stage-one of ProteoStorm are used to 

infer a set of genera, 𝐺𝑐, with at least one peptide 𝑝 ∈ 𝐶 uniquely mapping to each genus g. 

Specifically, each genus, g, has a relative abundance score,  

,  

where 𝑆𝑔 is the number of peptides in C that map uniquely to proteins belonging to genus g, 

and G is the set of all available genera. Target peptides in C contribute to the score of target 

genera, while decoy peptides in C contribute to the score of decoy genera. Genera with a 

higher 𝐴𝑔 score than the most abundant decoy genera are included in the set of high-

confidence genera, 𝐺𝑐. As abundance thresholds are largely dependent on the complexity of 

a microbial sample, we assumed that genera with a higher abundance than the most-abundant 

decoy genera are more likely to be present in the samples.  
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Given the set of high-confidence genera, 𝐺𝑐, and the list of high-confidence peptides 

(1% peptide-level FDR), C, a refined protein database is constructed in a similar manner to 

the procedure described previously. The additional criterion is that all proteins mapping to a 

peptide 𝑝 ∈ 𝐶 must also belong to a genus 𝑔 ∈ 𝐺𝑐.  

To construct a refined protein database based on a different level of taxonomy, users 

can use the taxonomy ID provided for each protein entry in the RefUP++ database to query 

the NCBI taxonomy database (NCBI E-utilities API or taxonomy .xml files accessible via 

GitHub). A list of high-confidence taxa would be based on peptides mapping uniquely to 

that taxa (see GitHub: Alternative configurations for ProteoStorm).  

 

Comparisons against conventional tools.  

For timing and identification comparisons of ProteoStorm against conventional 

database search tools, we required all processes to use a single core and less than 8Gb of 

RAM on an Intel® Core™ i7-6700K CPU (4 cores, 8 threads) with an installation of 

Windows 10 Pro. The UniProtKB database (7.8Gb) and 12+5 UTI dataset were used in the 

comparison. Given the engineering differences of MS-GF+ (v.20161026) (Kim &  

Pevzner, 2014), Comet (2016.01 rev. 0) (Eng, et al., 2013), and MSFragger  

(20170103_v2) (Kong, et al., 2017), different approaches were implemented to satisfy the 

criteria mentioned above. Additionally, given the extensive time requirements of these tools, 

we estimated runtimes and obtained results through parallel runs on a Linux server or the 

local machine. In all searches, cysteine carboxyamidomethylation was included as a static 

modification. A 1% peptide-level FDR, as described previously, was applied using 

SpecEvalue for MS-GF+, e-value for Comet, and probabilities from running PeptideProphet 
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(parameters: --clevel 0 --combine --decoyprobs --expectscore --ppm -accmass --nonparam) 

for MSFragger. 

  

MS-GF+. Spectra were arbitrarily split into six files of size 800Mb and D was arbitrarily 

split into k database files of size 60Mb (132 database files for the UniProtKB database; 573 

database files for the RefUP++ database). Spectra file #3 contained the closest number of 

spectra to the average number of spectra across all six files (157,945 spectra), and was 

searched against six database files with the highest number of fully-tryptic peptides. Runtime 

was estimated as the average runtime of the six database searches multiplied by the total 

number of spectra files and database files. Search parameters: -t 10ppm -tda 1 -m 3 -inst 3 -

e 1 -ntt 1 -minLength 8 -maxLength 40 -thread 1. PSMs with peptides having greater than 

one miscleavage were removed after computing a 1% peptide-level and 1% PSM-level FDR.  

 

Comet. A spectrum_batch_size of 25,000 was specified in the parameter file, and a 

combined spectra file was searched against the same six database files used to estimate 

runtime for MS-GF+. Runtime was estimated as the average of the six database searches, 

multiplied by the total number of database files. Default search parameters 

(comet.params.high-high) were used with the following exceptions:  

decoy_search = 1                   

num_threads = 1                     

peptide_mass_tolerance = 10.00 

num_enzyme_termini = 1 

allowed_missed_cleavage = 1 no 
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variable mods, activation_method = 

HCD digest_mass_range = 488.0 

5700.0 clip_nterm_methionine = 1 

spectrum_batch_size = 25000  

decoy_prefix = XXX_  

  

MSFragger. Spectra were arbitrarily split into five files of size 1000Mb and D was arbitrarily 

split into 1,583 target-decoy concatenated database files of size 10Mb. Spectra file #1 

contained the closest number of spectra to the average number of spectra across all five files 

(191,219 spectra). Runtime was estimated as the average of the database searches, multiplied 

by the total number of spectra files and database files. Default search parameters were used 

with the following exceptions:  

num_threads = 1  

precursor_mass_tolerance = 10.00  

precursor_mass_units = 1  

precursor_true_tolerance = 10.00  

isotope_error = 0/1  

num_enzyme_termini    = 1  

no variable modifications digest_min_length = 8  

digest_max_length = 40   

digest_mass_range = 488.0 5700.0  

max_fragment_charge = 3  

minimum_peaks = 10  
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min_matched_fragments = 4   

#recommended for narrow window search minimum_ratio = 0.00  

  

Comparison against Graph2Pep/Graph2Prot approach.  

To provide a fair comparison of ProteoStorm against MS-GF+ and the 

Graph2Pep/Graph2Prot approach (Tang, et al., 2016), we reconstructed the initial database 

(MG_SD6.500.faa and MG_SD6.contig-pep.fixedKR.fasta) used for the SD6 

metaproteomics dataset by following the README file provided in the Graph2Pro GitHub 

repository (https://github.com/COL-IU/Graph2Pro). The reanalysis was limited to the SD6 

dataset as the assembled contig file (SRR1544596-SD6MG-s2-63mer-k31d1.contig) and 

edge file from graph (SRR1544596-SD6MG-s2-63mer-k31d1.updated.edge) were only 

available for SD6  

(http://darwin.informatics.indiana.edu/Dbgraph/example/). The following parameters were 

used for all searches utilizing MS-GF+: -t 15ppm -tda 0 -m 3 -inst 1 -e 1 -ntt 1 minLength 8 

-maxLength 40, with the exception of step 9 (second stage search) for the  

Graph2Pep/Graph2Prot approach, where -tda 1 was used. ProteoStorm parameters: -

PrecursorMassTolerance 15 --FragmentMassTolerance 0.015 --InstrumentID 1 -

FragmentMethodID 3.  

  For the Graph2Pep/Graph2Prot approach, we followed all steps until the eighth step, 

where an error was encountered in the Graph2Pro software. As such, to obtain final results 

for the Graph2Pep/Graph2Prot approach, we ran MS-GF+ on the provided second stage 

database (SD6_hybrid_DBGraphPep2Pro_5.fasta) using the parameters above. For the 

default MS-GF+ run, the SD6.mgf file was searched against a combined target-decoy 

https://github.com/COL-IU/Graph2Pro
https://github.com/COL-IU/Graph2Pro
https://github.com/COL-IU/Graph2Pro
https://github.com/COL-IU/Graph2Pro
http://darwin.informatics.indiana.edu/Dbgraph/example/
http://darwin.informatics.indiana.edu/Dbgraph/example/
http://darwin.informatics.indiana.edu/Dbgraph/example/
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database (MG_SD6.contig-pep.fixedKR.fasta, MG_SD6.500.faa, and reversed protein 

sequences from MG_SD6.500.faa; 2.47 GB in size; 43,308,680 entries). Following the 

previous study (Tang, et al., 2016), we applied a 1% PSM-level FDR to obtain the final 

identifications.  

  

Comparison against human infant gut dataset.  

To evaluate ProteoStorm on a more complex dataset, we searched the infant gut 

dataset (infant 23, day of life 21, 34, 50) against a matched metagenome database and 

compared to MS-GF+ results. As we already searched the dataset against a Human reference 

proteome (see Data sources) with contaminant sequences to remove high-confidence human-

matching spectra, we removed Human and contaminant sequences from the metagenome 

database provided by the previous study (Xiong, et al., 2017) 

(Infant23_Human_Ref2011_IgA_contams.fasta), resulting in a microbial sequence database 

of 84,562 entries (27.5Mb). Parameters for MS-GF+ : -t 10ppm -m 1 -inst 1 -e 1 -ntt 1. 

Parameters for ProteoStorm: --PrecursorMassTolerance 10 -- 

FragmentMassTolerance 0.6 --InstrumentID 1 --FragmentMethodID 1. A 1% peptidelevel 

FDR was applied as described previously.  

To identify the taxonomic composition of infant 23’s gut microbiome, we searched 

the dataset against the RefUP++ database using the genera-restriction approach in 

ProteoStorm. A normalized genera matrix was constructed as previously described, with the 

following exception: Normalizing was based on a set of human proteins, 𝐻, that were 

expressed in all samples collected from infant 23 (i.e., day 21 run 1, day 21 run 2, day 34 

run 1, day 34 run 2, day 50 run 1, day 50 run2).  
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Genera matrix.  

After the second stage of ProteoStorm, a genera matrix is constructed, where each 

row is a genus, g, each column is an individual, and values are normalized relative 

abundances in spectral counts, averaged across technical replicates. While there isn’t an 

optimal way to normalize across experiments, we normalized based on spectral counts for a 

set of human proteins, 𝐻, that were expressed in all healthy cohort samples (representative 

of a baseline expression level for each MS/MS experiment). To identify genera, we 

performed exact matching of high-confidence peptides (1% peptide-level FDR), 𝐶′, to 

protein sequences in the pan-microbial database, D, using the PeptideMatchCMD_1.0.jar 

tool (Chen, et al., 2013). The normalized relative abundance for a genus g in a MS/MS 

experiment, E, is defined as   

,  

where 𝐺𝑎 is the number of PSMs passing a 1% PSM-level FDR that belong to a peptide 𝑝 ∈ 

𝐶′ that maps uniquely to genus g. The normalization factor, 𝛼𝐸, is the sum of PSMs passing 

a 1% PSM-level and 1% peptide-level FDR that map to a protein in 𝐻, divided by the number 

of proteins in 𝐻 expressed in experiment E. If a peptide matches to more than one protein, 

the number of PSMs is divided by the number of matched proteins.  

 

Hierarchical clustering.  

As suggested by literature (Clarke & Green, 1988), the pseudo count-adjusted 

(+1x10-30) genera matrix was square root transformed prior to computing Bray-Curtis 

dissimilarity matrices (vegdist function in R package vegan v2.4.6) for both the genera 
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(rows) and individuals (columns). Unsupervised hierarchical clustering of the dissimilarity 

matrices was performed separately (R function hclust, method: ward.D2). For better 

visualization, the square root transformed genera matrix was further log10 transformed prior 

to heatmap construction (heatmap.2 function in R package gplots v3.0.1).  

Clusters were evaluated using an edited version of the R package pvclust (v2.0.0) 

(Table S2). The source code was downloaded from https://github.com/cran/pvclust, and line 

382 in pvclust-internal.R was changed from “dist(t(x),method)” to “vegdist(t(x), method = 

"bray", binary=FALSE)”, where vegdist is the function from R package vegan (v2.4.6) that 

computes a dissimilarity index (Bray-Curtis) and returns a distance object. The bootstrap 

sample size, nboot, was set at 100,000. Clusters with a probability value (approximately 

unbiased (AU) p-value) greater than 0.9 were considered strongly supported by multiscale 

bootstrap resampling.  

  

2.4: Data and Software Availability 

 

ProteoStorm is a collection of scripts written in python (v2.7), that calls an executable 

compiled from C++ scripts for peptide filtering (core module 2) as well as a java .jar 

executable from a modified version of MS-GF+ for raw score and p-value computations 

(core module 3). ProteoStorm is available at https://github.com/proteostorm/ProteoStorm. 

The LC-MS/MS urinary pellet dataset is available on MassIVE (MSV000082031) in RAW 

file format and peak-picked MGF file format. 

  

https://github.com/cran/pvclust
https://github.com/cran/pvclust
https://github.com/miinslin/ProteoStorm
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Chapter 3: Genes Involved in the Maintenance of Extrachromosomal DNA (ecDNA) 

via Transcriptomics 

 

3.1: Main Text 

While extrachromosomal DNA (ecDNA) has been associated with oncogene 

amplification and poor outcome across multiple cancers, the processes involved in the 

maintenance of ecDNA remains elusive. EcDNA are frequently found in a variety of tumors 

subtypes. A recent analysis of 1,921 tumors from The Cancer Genome Atlas (TCGA) 

suggested that ecDNA prevalence ranges from 0% to 59.6% across multiple tumor subtypes 

(Kim et al., 2020). The analysis classified tumor samples into five sub-types: ecDNA(+), 

BFB, heavily rearranged, linear, and no-amplification. Here, we treated the latter two 

categories as ecDNA(-). In order to understand the transcriptional programs active in 

generating and maintaining ecDNA, we selected 870 samples from 14 tumor types with at 

least three ecDNA(+) samples, and compared the gene expression data of 234 ecDNA(+) 

and 636 ecDNA(-) samples (Table S3.1). 

A conventional gene expression analysis may not differentiate between a gene that 

is highly expressed in only a subset of ecDNA(+) samples versus a gene that has a small but 

significant higher expression in all ecDNA(+) samples. For example, suppose there were 

100 ecDNA(+) and 100 ecDNA(-) samples. Consider gene A, where the normalized 

expression values in ecDNA(+) samples are 11 for 10 samples and 1 for 90 samples, and the 

normalized expression values in ecDNA(-) samples are 1 for 100 samples. Also consider 

gene B, where the normalized expression values in ecDNA(+) samples are 2.5 for 50 samples 

and 1.5 for 50 samples, and the values in ecDNA(-) samples are 1 for 100 samples. In a 

conventional gene expression analysis, gene A is perhaps more significantly over-expressed, 

but it may or may not be the type of gene we are looking for. For example, it could reside 
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on an amplicon in 10 samples and thereby be over-expressed but may not play a general pan-

cancer role in ecDNA maintenance. Instead, we decided to look for a collection of genes that 

were most predictive of ecDNA status, with the assumption that the genes with the most 

predictive values are universally critical to ecDNA maintenance. 

 

3.1.1: Machine learning of ecDNA status identifies candidate genes for ecDNA 

maintenance. 

To identify a minimal set of genes whose expression values were predictive of the 

sample being ecDNA(+), we used an automated feature selection algorithm, Boruta (Fig. 

3.1a; Kursa and Rudnicki, 2010). Given a gene expression matrix, M, of dimension r x c, 

where r is the number of samples and c is the number of genes, Boruta generates c shadow 

feature vectors by random shuffling of gene vectors in matrix M, generating a new matrix 

M’ of dimension r x 2c. A random forest algorithm is then used to quantify the importance 

of each gene in separating ecDNA(+) from ecDNA(-) samples. In a given Boruta run, for 

each iteration 𝑖 ∈ 𝑛, where 𝑖 = {1,2,3, … , 𝑛}, there are two possible outcomes for a gene. If 

the gene scores higher than the best scoring shadow feature, the gene is considered a “hit”. 

If the gene scores lower than the best scoring shadow feature, the gene is considered a “non-

hit”. The number of hits, 𝑘𝑔, for each gene, g, after i iterations is stored in a list, 𝐿𝑖. Similar 

to a coin toss event of n trials, the probability that a gene is a “hit” or “non-hit” in each 

iteration is 0.5, and follows the binomial distribution. 

After i iterations, the probability that a gene has k or more hits, 𝑃(𝑋 > 𝑥), where 𝑥 =

𝑘 − 1, can be computed using the binomial distribution survival function. This probability 

is computed for each gene, g, with 𝑘𝑔 number of hits and stored in list 𝑃𝑖. As Boruta involves 

testing multiple genes per iteration and testing the same genes repeatedly over i iterations, 
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two multiple hypothesis testing corrections are applied to list 𝑃𝑖. First, the Benjamini-

Hochberg procedure (Benjamini and Hochberg, 1995) is applied to control the False 

Discovery Rate (FDR) at 5%, and second, the Bonferroni correction is applied to control for 

the family-wise error rate at 𝛼 = 0.05. If the probability of a gene satisfies both corrections, 

the gene is accepted as a Boruta gene. Separately, the probability that a gene, g, has 𝑘𝑔 or 

lower hits, 𝑃(𝑋 ≤ 𝑘𝑔), can be computed using the binomial cumulative distribution 

function. For genes that are not accepted, if the probability that a gene has 𝑘𝑔 or lower hits 

satisfies both corrections, the gene is rejected as a Boruta gene. 

Given the unequal representation of ecDNA(+) and ecDNA(-) samples within each 

of the 14 tumor types, we performed Boruta on 200 datasets, each consisting of a random 

selection of 80% of the 870 samples, and chose a cutoff of at least 10 of the 200 runs as the 

criteria for a gene to be considered an important feature for downstream analysis. The Boruta 

analysis identified a set of 408 Core genes. 

 

3.1.2: Extending the core set with co-expressed genes 

We note that the core set is not a comprehensive list. Suppose gene C has identical 

expression values to gene B, a Core gene, described above. The Boruta analysis will pick 

either gene B or gene C, but not both, because adding gene C does not increase the predictive 

value. However, both genes may play an important role in ecDNA maintenance. To correct 

this, we ran pvclust (Suzuki, R. et al., 2006) to cluster all gene expression values, and identify 

stable clusters using multiscale bootstrap resampling (Fig. 3.1b; Methods). We used an 

approximately unbiased (AU) p-value threshold of 0.95 to select the most highly co-

expressed gene clusters. An AU p-value greater than 0.95 represents the rejection of the null 
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hypothesis that a group of genes fail to form a stable cluster at a significance level of 0.05. 

Recomputing the number of Boruta runs that members of a cluster were selected in, we 

selected clusters that appeared in at least 10 of the 200 Boruta runs (Methods). This resulted 

in the selection of 354 clusters (Table S3.2).  

Notably, among the 354 clusters, only 2 clusters (with 14 genes) did not contain any 

Core genes, and most (344/354) contained 1 or 2 Core genes (Fig. 3.1c). When selecting 

clusters that contained at least 1 Core and 1 co-expressed gene, 53/71 clusters contained 1 

to 3 Core genes (Fig. S3.1a), confirming that a few genes per co-expressed cluster provide 

sufficient predictive value, but that other co-expressed genes might still play an important 

role in ecDNA maintenance. This is true for clusters of various sizes, including the 2-

member cluster #1940 and the 21-member cluster #1509. In cluster #1940, CSTF1 has 

similar expression values to the Core gene RAE1 (Fig. S3.1b; Table S3.3). While not 

necessarily increasing the predictive value, CSTF1 is involved in aberrant alternative 

splicing events along with other splicing factors including RAE1 (Wang et al., 2019), which 

is a mitotic checkpoint regulator that promotes tumor growth in cancer (Kobayashi, Y. et al., 

2021). In cluster #1509, 12 genes were highly co-expressed with 9 Core genes (Fig. S3.1c; 

Table S3.3), and were enriched in cell-cycle related biological processes (Methods). 

Summarizing, the 354 clusters contained 643 genes, which included 408 Core genes 

and 235 additional genes (Fig. 3.1b). Together, we define these genes as the CorEx 

(Core+co-expressed) genes (Table 3.1). Importantly, the total number of CorEx genes per 

cluster was also small (Fig. 3.1d), with only 7 clusters carrying more than 10 genes, 

indicating that most of the CorEx genes have a distinct role in ecDNA(+) samples. We 

present our investigations on the biological functions of clusters, later in the paper. 
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Figure 3.1: Genes predictive of ecDNA status. (a) Using the feature selection algorithm, Boruta, 

408 Core genes were selected. (b) Identification of highly co-expressed stable gene clusters added 

an additional 235 genes to the final list of 643 CorEx genes. (c) Out of 354 clusters, the majority 

(344) of clusters contained 1 or 2 Core genes. (d) Out of 354 clusters, most clusters are small clusters, 

with only 7 clusters containing more than 10 members. 

 
  

3.1.3: CorEx gene expression correlates strongly with ecDNA occurrence 

We validated the relevance of CorEx genes in ecDNA maintenance by running cross-

validation experiments (Fig. 3.2a; Methods) to test the predictive power of CorEx gene 

expression in determining the ecDNA status of the sample. The expression of the core-set 

predicted the ecDNA status of samples with precision ranging from 0.452 to 0.903, and recall 

from 0.304 to 0.717. Expectedly, the precision and recall values did not change when 

switching between Core genes and CorEx genes, because each of the non-core gene in the 

CorEx list had an expression pattern similar to at least one Core gene (Fig. 3.2b). While the 

precision recall numbers are not high enough for the gene expression to be used directly in 

predicting the ecDNA status, they were significantly better than a random subset of genes. 
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For precision values at least 0.7, the mean recall using CorEx genes was 0.49. In contrast, 

the mean recall for randomly selected genes was 0.23 (p-value 1.8e-35; Mann-Whitney U 

test). 

To test the persistence of CorEx genes across tumor types, we re-computed Cliff’s 

delta values for each of the 11 TCGA tumor types that had at least 10 ecDNA(+) and at least 

10 ecDNA(-) samples. The directionality of gene expression patterns was significantly 

similar to TCGA in each tissue type with one exception (Fig. 3.2c; Table S3.4). Specifically, 

the p-values against a null hypothesis of no match to the direction in TCGA ranged from 

4.2e-12 to 3.5e-85 (Fisher’s exact test) for the significant associations (Methods). The results 

were similar if we tested using only Core genes (Fig. S3.2a). The sole exception was the 

tumor type of Sarcoma (SARC). It is notable that genome rearrangements in sarcomas are 

different from other solid tumors (Garsed et al., 2009). In addition to ecDNA, these samples 

are known to have extensively rearranged structures indicative of chromothripsis and neo-

chromosome formation (Garsed et al., 2014), and it is also possible that the detection of 

ecDNA in these highly rearranged chromosomes was flawed. Overall, the results are 

consistent with a pan cancer role for the 643 CorEx genes in ecDNA maintenance, with a 

similar number of genes being up, or down regulated. 
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Figure 3.2: Validation of CorEx genes (a) Cross-validation experiments validating the predictive 

value of CorEx genes. CorEx genes have higher recall rates compared to 643 randomly selected 

genes and the top 643 genes (DE genes) based on logarithmic fold changes from a DESeq2 analysis. 

(b) CorEx genes have similar predictive value to Core genes alone. (c) CorEx genes are consistently 

up- or down-regulated in ecDNA(+) samples across tumor types, with the exception of SARC. (d) 

Of the 643 DE genes, 240 are up-regulated while 403 are down-regulated in ecDNA(+) samples. Of 

the CorEx genes, 325 are up-regulated while 318 are down-regulated. The absolute posterior LFC 

values of the Top LFC gene set is significantly greater than that of the CorEx genes (p-value 1.83e-

158). (e) The normalized gene values of the CorEx genes are significantly higher than that of the Top 

LFC gene set (p-value 0.0). ***p < 0.001. 

 
  

3.1.4: CorEx genes are very different from differentially expressed genes 

We asked if the CorEx gene list was significantly different from a list of differentially 

expressed genes. We performed a differential expression analysis using DESeq2 (Love et 

al., 2014; Methods) and picked the 643 most significantly differentially expressed (DE) 

genes in terms of the absolute value of their posterior log-fold change (LFC) values. Using 
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the sign of the posterior LFC value as the determinant for directionality, 240 of these genes 

were up-regulated, while 403 were down regulated. Notably, this list was quite different with 

only 86 genes overlapping with the CorEx gene set (Table S3.5; Fig. S3.2b). As discussed 

in the introduction, the DE genes were also not as predictive of ecDNA status as the CorEx 

genes. For precision values at least 0.7, the recall ranged from 0.217 to 0.522, significantly 

less than the recall of CorEx genes analysis (Mann-Whitney U, p-value 4.8e-21; Fig. 3.2a).  

The DE genes are also different from the CorEx genes by other metrics. Not 

surprisingly, the log-fold change (LFC) values of the DE genes were higher than the LFC 

values of the CorEx genes (Fig. 3.2d, MWU p-value 1.83e-158). However, much of the LFC 

change was due to the very low expression of the DE genes in ecDNA(+) or ecDNA(-). In 

fact, the CorEx genes had very high expression in general compared to the DE genes (Fig. 

3.2e, MWU p-value 0.0). While the fold-change in expression between ecDNA(+) and 

ecDNA(-) samples was not that high, it was persistent across all samples. 

As one example, the DE gene PNMT has the eighth highest posterior LFC value at 

2.89, and most ecDNA(+) samples (223/234) have a normalized expression value less than 

8.5, with 11/234 ecDNA(+) samples having an expression value of at least 11. Of the 11 

samples, 5 samples contain PNMT on an ecDNA amplicon (Fig. S3.2c). Similarly, the DE 

gene ITLN1 has the second highest posterior LFC value of 3.92. However, most ecDNA(+) 

samples (210/234) have a normalized expression value less than 8. Of the 24/234 ecDNA(+) 

samples having an expression value of at least 8, 3 samples contain ITLN1 on a non-cyclic 

amplicon (Fig. S3.2d).  

The results confirm our intuition that differential expression can arise due to multiple 

reasons, including low expression of the gene in a majority of samples, or the copy number 
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amplification of a gene in a few samples. In contrast, the CorEx genes are selected based on 

persistent over- or under-expression in ecDNA(+) samples. 
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Figure 3.3: Up-regulated CorEx genes. (a) GO Biological processes enriched in up-regulated 

genes. (b) Genes up- or down-regulated in genes involved in major DNA damage repair pathways. 
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3.1.5: CorEx genes primarily up-regulate only three biological processes: Cell Cycle, 

Cell division, and DNA Damage Response 

To identify enriched biological processes specific to either up-regulated or down-

regulated genes in ecDNA(+) samples, we combined two metrics of effect size, Cliff’s delta 

(Cliff, N., 1993, 1996), and posterior logarithmic fold change (Love et al., 2014) to 

determine the directionality of CorEx genes (Methods). The two effect size metrics were 

mostly in agreement in terms of directionality, with only 14 out of 7,288 genes passing the 

negligible effect size thresholds not in concordance. This more stringent approach, in 

comparison to a simple directionality based on the sign of a single effect size value, was 

applied given that gene set enrichment is dependent on not only the number of up- or down-

regulated genes but also the degree of overlap with genes under a specific biological process 

term (Methods). Genes that do not pass a negligible effect size magnitude should not be 

considered up- or down-regulated in ecDNA(+) samples. Using this approach, among the 

643 CorEx genes, 262 genes were found to be up-regulated in ecDNA(+), while 271 were 

found to be down-regulated (Table 3.1; Methods). 110 genes did not make the effect size 

cut-off. The numbers were similar for the 408 core genes, with 190 up-regulated, 196 down-

regulated, and 22 genes not making the cut-off. 

We performed a gene set enrichment analysis to identify the Gene Ontology (GO) 

biological processes that are enriched in CorEx genes (Methods). Briefly, we applied a one-

sided Fisher’s exact test using gene sets from MSigDB, using a false discovery rate of 5% 

(Benjamini-Hochberg procedure). The UP-regulated genes were enriched for 187 Biological 

processes (Table S3.6). Note that the GO-BP terms are not independent, because of their 

hierarchical organization, and sharing of genes across different GO terms. A visual 
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inspection revealed that the terms corresponded to only a few broad categories. Therefore, 

we used an approach similar to that used in DAVID (Huang et al., 2007) to cluster the 

biological processes enriched by the UP-regulated genes into 11 broad categories (Table 

S3.7; Fig. S3.3; Methods). The 11 categories were assigned a name upon manual inspection 

of the member terms, or called “Other.” We next constructed a waterfall plot to understand 

the genes covered by these 11 categories (Fig. 3.3a). 

Together, the 10 biological process categories explain 165 of the 262 up-regulated 

CorEx genes, and provide a very clear picture of the pathways involved. Specifically, the 

up-regulated genes largely belong to (a) cell-cycle regulation (MITOTIC/MEIOTIC CELL 

CYCLE, CHROMOSOME CONDENSATION, G1/S, G2/S) (b) cell-division process 

(SPINDLE ORGANIZATION, CELL DIVISION, CHROMOSOME SEGREGATION), (c) 

DNA Damage response (DNA_REPAIR), or (d) the HOX Gene cluster (Table S3.7). As 

mentioned in the co-expression results above, one of the largest clusters containing 21 

members, cluster #1509 contained 9 Core genes and 12 co-expressed genes, and is enriched 

in GOBP terms related to the cell cycle (Table S3.8).  

While Meiotic cell-cycle is also enriched, only 7 genes are allocated specifically to 

the group of enriched terms: SEPP1, SNRPA1, TMEM203, RNF114, TAF4, TNFAIP6, and 

PTX3 (Table S3.9). Though these genes have roles in the meiotic cell cycle, they have also 

been implicated in cancer and other inflammatory diseases. The spliceosomal protein 

SNRPA1 is a pro-metastatic splicing enhancer (Fish et al., 2022). TNFAIP6, together with 

PTX3, activates the Wnt/β-catenin pathway to promote gastric carcinoma cell invasion (Cui 

et al., 2022). TMEM203 is a STING-centered signaling regulator implicated in inflammatory 

diseases (Li et al., 2019). RNF114 is a zinc-binding protein whose over-expression is an 
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indicator of epithelial inflammation and implicated in various tumors (Feng et al., 2022). 

TAF4, a transcription initiation factor, when overexpressed, is implicated in ovarian cancer 

by playing a role in dedifferentiation that promotes metastasis and chemoresistance (Ribeiro 

et al., 2014). 

Only 4 genes assigned to the “Other” category did not enrich a biological process 

from the 10 categories mentioned above: FADD, SHCBP1, NRAS, and TSPAN31. These 4 

genes are implicated in tumor proliferation. TSPAN31 and SCHBP1 are associated with 

CDK4, a cell cycle regulator (Dong et al., 2019; Wang et al., 2017). TSPAN31 is co-

amplified with CDK4, MARCH9, CYP27B1, METTL1, METTLE21B, TSFM, AVIL, and 

CTDSP2, and associated with poor prognosis (Martinez-Monleon et al., 2022). Indeed, we 

also observed that TSPAN31 is co-amplified with these genes on ecDNA amplicons in 13 

TCGA samples (Table S3.10). FADD amplification is associated with cancers including 

head and neck squamous cell carcinoma, and amplified with other oncogenes including 

CTTN (Chien et al., 2016). We also observed that FADD and CTTN are co-expressed in 

cluster #6306 and seen amplified together on ecDNA in 4 samples (Table S3.2; Table 

S3.10). In summary, the UP-regulated CorEx genes primarily impact 3 biological processes: 

Cell cycle process, cell division, and DNA damage repair. 

 

3.1.6: CorEx genes upregulate specific double-strand break repair pathways 

 The enriched DNA damage response GO terms contained terms “double-strand 

break repair,” and “recombination”, but none contained the terms “single-strand,” 

“nucleotide-excision,” or “mismatch-repair.” (Table S3.7), suggesting that the CorEx genes 

largely up-regulate pathways involved in double-strand break (DSB) repair and homologous 

recombination-based repair. In normal cells, the most efficient repair mechanism for DSB 
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repair is classical non-homologous end-joining (c-NHEJ). End resection at the breaks is used 

to generate 5ʹ or 3ʹ overhangs to generate small regions of micro-homology, which are then 

ligated back. When c-NHEJ is compromised, other end joining pathways are activated, all 

of which involved extensive resection. These included error free homology directed repair, 

which requires a template, such as the sister chromatid when the cell is in G2 phase. Other 

choices include the more error-prone alternative end-joining (Alt-EJ), or single-strand 

annealing (SSA) pathways (Chang et al., 2017). 

The choice of these varied DSB repair mechanisms for ecDNA maintenance is not 

well understood. We hand-curated a list of 129 genes involved in DSB repair and marked 

them for their role in one or more of these 4 pathways (Table S3.11; References). Of these 

genes, a high number (82) were up-regulated in ecDNA(+), while a smaller number (17) 

were down-regulated, relative to ecDNA(-) samples. For this analysis, we recomputed 

Cliff’s delta and posterior LFC effect size values using 1,440 samples representing 24 tumor 

subtypes (Table S3.12; Table S3.15). This contrasts with all genes, where near identical 

number of genes (5,256, and 5,251) were up- and down-regulated in ecDNA(+) samples (p-

val< 0.0001; Fisher’s exact test) confirming that DDR genes are significantly up-regulated 

relative to all differentially expressed genes. When broken down to the roles of genes in 

individual DSB repair pathways, we find that while Alt-EJ with 11 up-regulated and 1 down-

regulated genes each (p-val 0.0063), SSA (11 up, 1 down), and HR (46 up, 8 down; p-

val<0.00001) are all up-regulated, classical NHEJ (14 up, 7 down; p-val: 0.19) is not 

significantly up-regulated in ecDNA(+) samples relative to ecDNA(-) samples (Methods).  

The expression of key genes in these pathways is consistent with this observation 

(Fig. 3.3b). P53-binding protein 1 (TP53BP1) is a key mediator of pathway choice, and 
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along with RIF1, blocks end resection to promote the c-NHEJ pathway choice (Daley and 

Sung, 2014). The binding of the Ku70–Ku80 heterodimer to a DSB then acts as a recruitment 

platform for the subsequent binding of other c-NHEJ proteins. While XRCC4–DNA ligase 

IV (LIG4) is sufficient to repair blunt ends, depending on the degree of microhomology 

between the ends, different combinations of nucleases and polymerases make up various 

subpathways involved in end-processing prior to ligation (Chang et al., 2017). While we 

found that most of the major c-NHEJ genes (i.e., Ku70, DNA-PKcs, Artemis, XRCC4, 

TDP1) were up-regulated in ecDNA(+) samples relative to ecDNA(-) samples, genes related 

to the subpathways for incompatible 5’ and 3’ ends were down-regulated in ecDNA(+) 

samples, including XLF, Polymerase 𝜆 (POLL), and 𝜇 (POLM). Specifically, in the case of 

incompatible 5’ overhangs, Artemis-dependent resection is followed by XLF stabilization 

of the Ku70-Ku80 heterodimer prior to ligation (Chang et al., 2017). In the case of 

incompatible 3’ overhangs, POLL and POLM are required to generate regions of 

microhomology prior to ligation. The difference between the two being that POLM promotes 

the ligation of incompatible 3ʹ overhangs in a template independent manner, while POLL 

promotes the ligation of terminally compatible overhangs requiring fill-in synthesis (Ghosh 

et al., 2021). Furthermore, the polynucleotide kinase (PNKP) necessary for the processing 

of 5’ ends lacking a phosphate (Chang et al., 2017) is also down-regulated in ecDNA(+) 

samples. These results suggest that a subset of classical NHEJ subpathways are not 

significantly more active in DSB repair in ecDNA(+) samples relative to ecDNA(-) samples. 

The factor TP53BP1 is key to blocking resection and promoting the c-NHEJ pathway 

choice, but is displaced by BRCA1 and the MRN complex to initiate resection in the broken 

strands (Daley et al., 2014; Fouquin et al., 2017). BRCA1 was significantly up-regulated in 
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ecDNA(+) samples (Fig. 3.3b). Among the alternative repair pathways, key genes in the Alt-

EJ pathway, including Pol-𝜃, LIG1, LIG3, FEN1 are all significantly up-regulated. 

Similarly, PARP1, which also participates in Alt-EJ when Ku proteins are impaired, is 

significantly up-regulated. The genes BLM, EXO1, RPA1,3 which promote additional 

resection, as well as BRCA1, BRCA2, RAD51 and others that support Homology directed 

repair are significantly up-regulated. Thus, while DSB repair genes enriched among the up-

regulated CorEx genes, the specific pathway choice is more subtle. It is dominated by alt-EJ 

and homology directed repair pathways, while c-NHEJ is repressed. The alt-EJ pathway 

likely has an outsized role in DSB repair for ecDNA, particularly during G1, because 

homology directed repair may not be possible in the absence of a template. 

 

 
Figure 3.4: Down-regulated CorEx genes. GO biological processes enriched in down-regulated 

genes. 

 

 

3.1.7: CorEx genes primarily down regulate immune system processes 

Using a process similar to that used for up-regulated genes, the down-regulated genes 

enriching 73 GO terms (Table S3.13) could be clustered into 7 broad categories, including 

“Other.” (Fig. 3.4; Table S3.14; Fig. S3.4a). Surprisingly, almost all categories were 

immunomodulatory, and related to some facet of the cancer immune cycle (Chen and 

Mellman, 2013). The most enriched broad category contained 75 genes relating to Leukocyte 



82 

 

activation pathways, including genes enriching T-cell activation (28 CorEx genes; p-val 

2.58E-05), and regulation of cell-cell adhesion (18 CorEx genes; p-val 7.24e-03).  Cytokine 

activation was down-regulated (especially for genes in the IL-12 (6 genes, p-val 3.10e-02), 

TNF super-family (12 CorEx genes, p-val 7.24e-03)) and Toll like receptor 2 signaling (4 

CorEx genes, p-val 4.48e-03), which suggest a reduction of the proinflammatory 

environment needed for cancer antigen presentation. Finally, the broad category of 

Leukocyte chemotaxis is also enriched among the down-regulated genes. The chemotaxis 

genes include many chemokines and their receptors involved in trafficking of T cells to the 

site of the tumor. Other downregulated genes include fucosyl-transferases and genes 

involved in NF-kb regulation (14 CorEx genes, p-val 2.28e-02). Thus, an intriguing part of 

the ecDNA(+) samples is the downregulation of many genes involved in mounting a tumor 

response. 

As we looked at bulk sequencing, the sampled cells included tumor cells and cells 

from the tumor microenvironment. A recent study analyzing the tumor microenvironment 

(TME) of ecDNA vs. non-ecDNA in 7 tumor subtypes revealed an association of ecDNA 

presence with immune evasion (Wu et al., 2022). The immune typing of TCGA samples 

using the Thorsson et al. classifications further revealed an up-regulation of lymphocyte 

depletion as also a down-regulation of inflammatory and TGF-β dominant qualities in 

tumors with ecDNA. Briefly, Thorsson et al. identified 6 immune subtypes via consensus 

clustering of 160 immune expression signatures to define modules that were then used for 

model-based clustering of 30 cancer types (Thorsson et al., 2018). More than 10,000 TCGA 

samples spanning 33 cancer types were then categorized into the following 6 immune 

subtypes: wound healing (C1), IFN-γ dominant (C2), inflammatory (C3), lymphocyte 
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depleted (C4), immunologically quiet (C5), and TGF-β dominant (C6). Our results, which 

have slightly improved classification of ecDNA(+) cells were broadly consistent with those 

from the Wu et al study (Fig. S3.4b).  
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3.2: Methods 

 

TCGA sample ecDNA status classification 

Amplicon Classifier (version 049) classified amplicons detected in 1,921 TCGA 

samples into five sub-types: ecDNA, BFB, heavily rearranged (complex non-cyclic), linear, 

and no-amplification. When classifying a sample with multiple amplicons, the order of 

preference is as follows: ecDNA, BFB, heavily rearranged, linear, and no-amplification. We 

treated the latter two categories as ecDNA(-). Of the 1,921 samples, 1,535 samples classified 

as ecDNA(+) and ecDNA(-) had RNA-seq data, including 1,406 primary solid tumor 

samples, 95 metastatic samples, and 34 primary blood derived cancer – peripheral blood 

samples. Removing metastatic samples results in a total of 1,440 samples, including 243 

ecDNA(+) and 1,197 ecDNA(-) samples. While the set of 1,440 samples represented 24 

tumor types, ten of these tumor types had insufficient numbers of ecDNA(+) samples, 

including four tumor types with no ecDNA(+) samples. To prevent the 561 ecDNA(-) 

samples representing these tumors from skewing the analysis, we removed 570 samples 

representing tumor types with less than three ecDNA(+) samples. This resulted in a total of 

870 samples representing 14 tumor types, of which 234 were classified as ecDNA(+) and 

636 were classified as ecDNA(-). 

 

Gene expression Datasets 

Gene expression data for 32 studies part of the TCGA Pan-cancer Atlas was 

downloaded from cBioPortal (01.05.2021) (https://www.cbioportal.org/). The cBioPortal 

“data_RNA_Seq_v2_expression_median.txt” data is sourced from the file 

“EB++AdjustPANCAN_IlluminaHiSeq_RNASeqV2.geneExp.tsv” (synapse id: 
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syn4976363). Briefly, the matrices contain batch corrected values of the upper-quartile (UQ) 

normalized RSEM estimated counts data from Broad firehose 

(tumor.uncv2.mRNAseq_RSEM_all.txt). Missing values due to the batch effect correction 

process were imputed using K-nearest neighbors (KNN). For each tumor type, values were 

imputed based on gene vectors under the assumption that genes are similarly expressed 

between samples of the same tumor type. For genes with less than 60% of samples with 

missing values, values were imputed using the logarithmic (base 2) of the gene expression 

value plus one, and subsequently back-transformed when writing the imputed matrices to 

file. The resulting gene expression matrix used for the Boruta analysis described below 

consisted of 870 TCGA samples and 16,309 protein-coding genes (based on 

“hgnc_complete_set.txt” downloaded from HGNC on 7.24.2018). To generate a RSEM raw 

counts matrix for the DESeq2 analysis described below, mRNAseq_Preprocess.Level_3 

data was downloaded from Broad Firehose (tumor.uncv2.mRNAseq_raw_counts.txt). 

 

Boruta Analysis 

To identify a minimal set of genes whose expression values were predictive of the 

sample being ecDNA(+), we used an automated feature selection algorithm, Boruta (Kursa 

and Rudnicki, 2010).  Given a gene expression matrix, M, of dimension r x c, where r is the 

number of samples and c is the number of genes, Boruta generates c shadow feature vectors 

by random shuffling of gene vectors in matrix M, generating a new matrix M’ of dimension 

r x 2c. A random forest algorithm is then used to quantify the importance of each gene in 

separating ecDNA(+) from ecDNA(-) samples. In a given Boruta run, for each iteration 𝑖 ∈

𝑛, where 𝑖 = {1,2,3, … , 𝑛}, there are two possible outcomes for a gene: 1) if the gene scores 
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higher than the best scoring shadow feature, the gene is considered a “hit”, and 2) if the gene 

scores lower than the best scoring shadow feature, the gene is considered a “non-hit”. The 

number of hits, 𝑘𝑔, for each gene, g, after i iterations is stored in a list, 𝐿𝑖. Similar to a coin 

toss event of n trials, the probability that a gene is a “hit” or “non-hit” in each iteration is 

0.5, and follows the binomial distribution. 

After i iterations, the probability that a gene has k or more hits, 𝑃(𝑋 > 𝑥), where 𝑥 =

𝑘 − 1, can be computed using the binomial distribution survival function. This probability 

is computed for each gene, g, with 𝑘𝑔 number of hits and stored in list 𝑃𝑖. As Boruta involves 

testing multiple genes per iteration and testing the same genes repeatedly over i iterations, 

two multiple hypothesis testing corrections are applied to list 𝑃𝑖. First, the Benjamini-

Hochberg procedure is applied to control the False Discovery Rate (FDR) at 5%, and second, 

the Bonferroni correction is applied to control for the family-wise error rate at 𝛼 = 0.05. If 

the probability of a gene satisfies both corrections, the gene is accepted as a Boruta gene. 

Separately, the probability that a gene, g, has 𝑘𝑔 or lower hits, 𝑃(𝑋 ≤ 𝑘𝑔), can be computed 

using the binomial cumulative distribution function. For genes that are not accepted, if the 

probability satisfies both corrections, the gene is rejected as a Boruta gene. 

The Boruta script used for this analysis is a revised version of the BorutaPy python 

package (6.21.2021; https://github.com/scikit-learn-contrib/boruta_py) with the addition of 

early stop parameters (≤50 tentative feature counts stagnant for 5 iterations) and output of 

hits per iteration. We randomly split the 870 samples into training (80%) and testing (20%) 

data to enable the evaluation of selected features. Given the unequal representation of 

ecDNA(+) and ecDNA(-) samples within each of the tumor types, we opted to perform the 

following procedure 200 times. For each of the 200 runs, Boruta is performed on the training 
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data. In short, the Boruta method takes as input the original expression matrix, M, appends 

shadow features that are randomized versions of gene features in M, performs random forest 

classification on the data (class_weight=balanced_subsample, max_depth=7), selects the 

highest feature importance score, s, of shadow features as a cut off, and returns features with 

a higher score than s. Of the 941 genes identified in the Boruta analysis, 408 genes were 

selected in at least 10 of the 200 Boruta runs, and subsequently defined as the Core set of 

genes in downstream analyses. 

 

Highly Co-expressed genes 

To identify genes co-expressed with the cores set of Boruta genes, hierarchical 

clustering of the 16,309 genes was performed using the R package pvclust (ver. 2.2-0; 

dist.method=correlation, method=ward.D2, nboot=1000). A total of 843 significant clusters 

(AU > 0.95) with at least 1 Boruta gene were selected, consisting of 1,375 genes. To obtain 

the final list of CorEx genes, we apply a minimal count of 10 runs for the gene or 10 runs 

for the cluster of genes seen in 200 Boruta runs. A cluster is determined to be seen in a 

Boruta run if at least one of its members is selected in the run. This results in 354 clusters, 

with a total number of 643 genes, of which 408 are Core genes. 

 

Evaluation of CorEx genes   

To evaluate the 408 Core genes as predictive of ecDNA presence in tumor samples, 

a random forest classifier was trained on the 80% data sets and tested on the 20% data sets 

defined previously. Hyper-parameters are tuned using RandomizedSearchCV followed by 

GridSearchCV (k_fold =5, f1 score). Furthermore, we performed a similar evaluation using 
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408 randomly selected genes instead of the Core genes for each of the 200 training and 

testing data sets. A similar evaluation was performed using 643 randomly selected genes 

instead of the CorEx genes. We further evaluated a set of 643 most differentially expressed 

genes based on the absolute posterior LFC effect size values from a conventional DE 

analysis using DESeq2 (Love et al., 2014) as described below. 

 

Default DE analysis 

In a typical differential expression workflow, a package such as DESeq2 (Love et 

al., 2014) takes as input a matrix of raw read counts and performs the following steps: i) 

Given 𝐾𝑖𝑗, the raw read count for gene i in sample j, a model is built for each gene assuming 

that read counts follow certain distributions (i.e., negative binomial (NB) where the mean ≠ 

variance): 𝐾𝑖𝑗 ~ 𝑁𝐵(𝑢𝑖𝑗 , 𝛼𝑖), where 𝑢𝑖𝑗 is the mean and 𝛼𝑖 the dispersion, ii) parameters for 

the NB model (e.g., dispersion) are estimated, iii) a NB-generalized linear model (GLM) is 

fitted for each gene, iv) a Wald test is performed on each of the model coefficients (i.e., log 

fold change) from step iii to extract p-values, and a multiple-testing correction, such as 

Benjamini and Hochberg procedure, is performed to obtain adjusted p-values, v) 

differentially expressed genes are then selected using an adjusted p-value<0.05 and a user-

defined biologically relevant LFC threshold. 

In such workflows, parameter estimation often involves assumptions based on 

pooled information of genes. For example, during the empirical Bayes shrinkage dispersion 

estimation in step 2, DESeq2 assumes that genes of similar average expression strength have 

similar dispersion. After a gene-wise dispersion is estimated using maximum likelihood for 

each individual gene (maximum-likelihood estimate, MLE), a smooth curve is fitted to these 
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values, and gene-wise MLEs are shrunk towards the smooth curve to produce the maximum 

a posteriori (MAP) as the final dispersion estimate. Furthermore, to correct for a strong 

variance of LFC estimates for genes with low read counts, DESeq2 shrinks LFC estimates 

towards zero using an empirical Bayes approach, resulting in the shrunken LFC metric for 

effect size (i.e., posteriorLFC). 

In our analyses, we performed a default DESeq2 (R package, ver. 1.36.0) analysis 

for two reasons: i) to obtain posteriorLFC effect size values per gene for integration with its 

Cliff’s delta effect size value when determining if a gene is up- or down-regulated in 

ecDNA(+) samples, and ii) to obtain a list of n top-ranked genes by absolute value of the 

posteriorLFC (with application of an adjusted p-value <0.05 cutoff and LFC threshold of 

𝑙𝑜𝑔2(1.1) = 0.13) for use in comparison against genes selected as important in the 

prediction of ecDNA in samples. For comparisons against Core genes, n is set to 408, and 

for comparisons against CorEx genes, n, is set to 643. 

To obtain the posterior LFC effect size metric between ecDNA(+) vs. ecDNA(-) 

samples for each gene’s expression, we fed as input to DESeq2 a matrix of raw RSEM 

estimated counts (matrix construction described above). To take into account batch effects, 

we included the center and platform information of samples, downloaded from synapse id 

syn4976363 (EB++GeneExpAnnotation.tsv), in the design of the DESeq object:  

DESeq_object <- DESeqDataSetFromMatrix(countData = 

AC_0_4_9_TCGA_matrix, colData = coldata, design = ~batch+condition) 

 

To compute results, the lfcThreshold was set to 𝑙𝑜𝑔2(1.1) for an accurate 

computation of p-values and the contrast set to c(“condition”, “ecDNA(+)”, “ecDNA(-)”) to 

obtain the logarithmic fold change of the form log2 (
ecDNA(+)

ecDNA(−)
). By setting the lfcThreshold, 
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the null hypothesis tested is that |𝐿𝐹𝐶| ≤ 𝜃, where θ = log2(1.1), and the alternative 

hypothesis is that |𝐿𝐹𝐶| > 𝜃. A 𝑙𝑜𝑔2(1.1) value is chosen as the minimal value/negligible 

effect size threshold as it represents a 10% fold-change, and anything below this fold-change 

would likely not be of biological interest (McCarthy and Smyth, 2014). The specific 

commands run are as follows: 

DESeq_object$condition <- relevel(DESeq_object$condition, ref = 

"Non_ecDNA") 

 

DESeq_object <- DESeq(DESeq_object) 

 

results <- results(DESeq_object, lfcThreshold= log2(1.1), 

contrast=c("condition","ecDNA","Non_ecDNA")) 

 

To obtain the shrunken LFC (i.e., posteriorLFC) effect sizes as described above, we 

used the lfcShrink function provided in DESeq2, and used the default apeglm method for 

the empirical Bayes shrinkage procedure (Zhu, Ibrahim, and Love 2018): 

lfcShrink(DESeq_object, lfcThreshold= log2(1.1),                                          

coef="condition_ecDNA_vs_Non_ecDNA", type="apeglm") 

 

 

Up- or Down-regulated genes in ecDNA(+) samples 

To categorize genes as "up-" or "down-" regulated in ecDNA(+) samples, we 

integrated two effect size metrics, Cliff’s delta (d; Cliff 1993, 1996) and the DESeq2 

posterior log2 fold change (posteriorLFC; Love et al., 2014). Effect size is a measure of the 

magnitude of deviation from the null hypothesis, and unlike p-values, has the advantage of 

not being impacted by sample size (Romano, 2006). This property is especially useful when 

comparing effect size values of a gene between tests where sample sizes differ. Comparing 

p-values between such tests would be invalid. 
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Cliff’s delta, d, is a non-parametric measure of the separation between two 

distributions and ranges from -1 to 1. Given two distributions, 𝑋 = {𝑖1, 𝑖2, … , 𝑖𝑚} and  𝑌 =

{𝑗1, 𝑗2, … , 𝑗𝑛}, comparisons are made between each of m values in 𝑋 and n values in 𝑌. Cliff’s 

delta is computed as 𝑑 =
#(𝑖>𝑗)−#(𝑖<𝑗)

𝑚𝑛
, where #(𝑖 > 𝑗) is the number of times a member of 

X is greater than a member of Y, and #(𝑖 < 𝑗) is the number of times a member of X is less 

than a member of Y (Cliff, 1993). A negative d indicates that values in Y tend to be higher 

than X, while a positive d indicates that values in X tend to be higher than Y. The magnitude 

of the effect size of Cliff’s delta can be separated into four levels: |𝑑| < 0.147 for negligible 

effects, 0.147 ≤ |𝑑| < 0.33 for small effects, 0.33 ≤ |𝑑| < 0.474 for medium effects, and 

|𝑑| ≥ 0.474 for large effects (Romano, 2006). The python package used to compute Cliff’s 

delta values can be accessed at https://github.com/neilernst/cliffsDelta. The input values 

used to compute Cliff’s delta are log-transformed normalized gene expression values plus 

one as described in the “Gene expression Datasets” section of methods. 

The DESeq2 posterior LFC is computed as described above. To allow integration of 

the Cliff’s delta effect size with the posterior LFC, we also separated the LFC values into 

four levels: |LFC| < 𝑙𝑜𝑔2(1.1) for negligible effects, 𝑙𝑜𝑔2(1.1) ≤ |LFC| < 𝑙𝑜𝑔2(1.5) for 

small effects, 𝑙𝑜𝑔2(1.5) ≤ |LFC| < 𝑙𝑜𝑔2(2) or medium effects, and |LFC| ≥ 𝑙𝑜𝑔2(2) for 

large effects. 

For each gene, g, whether the gene is up-regulated or down-regulated in ecDNA(+) 

samples is determined by the signage and magnitude of its effect sizes 𝑑𝑔 and 𝐿𝐹𝐶𝑔. The 

initial criteria for 𝑑𝑔 and 𝐿𝐹𝐶𝑔 to be used as a determinant in the direction of a gene is for it 

to have a magnitude larger than that of a negligible effect. If the signage of 𝑑𝑔 and 𝐿𝐹𝐶𝑔 are 

both positive, gene g is considered up-regulated in ecDNA(+). If only a single value has a 
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magnitude larger than the negligible effect threshold (e.g, 𝑑𝑔 > 0 and 𝐿𝐹𝐶𝑔 = −0.1), gene 

g is considered up-regulated in ecDNA(+). In the case of conflicting signages between the 

two values, the effect size with a larger magnitude takes precedence. For example, if 𝑑𝑔 =

−0.2 and 𝐿𝐹𝐶𝑔 = 0.847, given that 𝑑𝑔 has a small negative effect and 𝐿𝐹𝐶𝑔 has a large 

positive effect, gene g is considered up-regulated in ecDNA(+) samples. 

 

Tumor heatmap 

A Cliff’s delta effect size matrix representing 643 CorEx genes was generated to 

compare TCGA with tumor expression patterns. For each of the 11 tumor types with at least 

10 ecDNA(+) and at least 10 ecDNA(-) samples, we re-computed Cliff’s delta. Using a 

Fisher’s exact test (fisher_exact function from the scipy.stats python package; alternative 

hypothesis: two-sided), we tested the null-hypothesis of whether the up- and down- 

directionality of CorEx genes in TCGA vs. each tumor were independent of each other. The 

contingency table is as below. The directionality of a gene (up or down) is based solely on 

the signage of the gene’s Cliff’s delta effect size value. 

  Tumor 

UP DOWN 

TCGA 
UP  a b 

DOWN c d 

 

Gene Set Enrichment Analysis 

To identify gene ontology biological processes that are enriched in our CorEx set of 

genes, we applied a hypergeometric test (one-sided Fisher’s exact test; fisher_exact function 

from the scipy.stats python package) using gene set to gene mappings from msigdb 

(c5.go.bp.v7.5.1.entrez) and a universe of N=16k for the number of genes measured in the 
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RNAseq data. The false discovery rate was controlled at 5% and adjusted p-values were 

computed using the Benjamini-Hochberg procedure (fdrcorrection from python statsmodels 

package). A final set of GOBP terms with adjusted p-value<0.05 was used for downstream 

analysis. The contingency table is as follows, where N is the total number of genes in the 

universe, n is the number of DE genes (either up- or down-regulated in ecDNA(+)), m is the 

number of genes in the gene set, and k is the number of DE genes in the gene set. 

 DE Non-DE 

Inside gene set  k m-k 

Outside gene set n-k N+k-n-m 

 

Grouping Gene Sets 

To group enriched gene sets into categories for visualization purposes, Cohen's kappa 

coefficient (python sklearn cohen_kappa_score) was used to determine term-term 

"connectivity" (agreement of term-term pairs) – an approach described in the DAVID paper 

(Huang et al., 2007). Given a 𝑟 × 𝑐 binary matrix, where enriched GOBP terms are rows, 

CorEx genes are columns, and values are 1 if a CorEx gene is part of the GOBP term or 0 

otherwise, kappa scores were computed between each pair of terms, where term 𝑡𝑖 ∈ 𝑡 and 

𝑖 = {1,2,3, … . 𝑛}: 𝐾𝑎𝑝𝑝𝑎_𝑆𝑐𝑜𝑟𝑒(𝑡𝑥, 𝑡𝑦), where 𝑥 ∈ 𝑖 and y ∈ 𝑖. 

Each term, 𝑡𝑖, formed an initial seeding group, 𝑔𝑖, where a term 𝑡𝑥 is part of 𝑔𝑖 if 

𝐾𝑎𝑝𝑝𝑎_𝑆𝑐𝑜𝑟𝑒(𝑡𝑖, 𝑡𝑥) ≥ 𝑠𝑐𝑜𝑟𝑒 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑. If at least 50% of term-term pairs in 𝑔𝑖 have a 

𝐾𝑎𝑝𝑝𝑎_𝑆𝑐𝑜𝑟𝑒 ≥ 𝑠𝑐𝑜𝑟𝑒 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑, the initial seeding group 𝑔𝑖 is retained for the next step. 

The second criteria ensures that terms within the same seeding group have strong 

interconnectivity. An iterative merging of seeding groups then follows: groups sharing p% 

or more members are merged. Representative term determined by highest interconnectivity 
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score with other members of group. After the automatic grouping process, a manual 

inspection leads to the merging of outliers or smaller groups into representative groups. We 

used a kappa score threshold of 0.5, and condition of p≥25% of shared members when 

merging for the down-regulated genes, and a kappa score threshold of 0.6 and condition of 

p≥50% of shared members when merging for the up-regulated genes. 

 

DDR pathway genes 

We hand-curated 88 genes for double-stranded break DNA damage repair pathways 

(a-EJ, HR, c-NHEJ, SSA) via an extensive literature search, and added an additional 51 

genes from the following MSigDB (c5.go.bp.v2022.1.Hs.entrez.gmt) GO biological process 

terms: GO:0097680 (DOUBLE STRAND BREAK REPAIR VIA CLASSICAL 

NONHOMOLOGOUS END JOINING), GO:0097681 (DOUBLE STRAND BREAK 

REPAIR VIA ALTERNATIVE NONHOMOLOGOUS END JOINING), GO:1905168 

(POSITIVE REGULATION OF DOUBLE STRAND BREAK REPAIR VIA 

HOMOLOGOUS RECOMBINATION), and GO:0045002 (DOUBLE STRAND BREAK 

REPAIR VIA SINGLE STRAND ANNEALING). This resulted in a final list of 129 genes. 

The directionality of the genes, as either up- or down-regulated in ecDNA(+) samples, is 

based on the full set of 1,440 samples, consisting of 243 ecDNA(+) and 1,197 ecDNA(-) 

samples representing 24 tumor types (Table S3.12; Table S3.15). 

To test whether the number of genes passing our effect size thresholds for all genes 

5,256 (UP) and 5,251 (DOWN) was significantly different from the up-/down-regulated 

genes implicated in each of the 4 pathways, we performed a Fisher’s exact test (fisher_exact 
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function from the scipy.stats python package) on the contingency table below, where c and 

d are the up- and down-regulated genes for each of the pathways tested. 

Contingency table: 

 UP DOWN 

All genes 5,256 5,251 

Pathway c d 

 

 

Pathway values: 

 c d 

c-NHEJ 14 7 

Alt-EJ 11 1 

HR 46 8 

SSA 11 1 

  

Physical presence on amplicons 

To determine physical presence of a gene on an amplicon, gene coordinates listed in 

the gene annotations file GRCh37/human_hg19_september_2011/ 

Genes_July_2010_hg19.gff, downloaded from the AA repo on 3/21/2022, were mapped to 

amplicon genomic intervals (bed files). A gene is determined to be physically present on an 

ecDNA amplicon if its genomic coordinates are encompassed within the ecDNA amplicon 

genomic intervals. 

 

Ranking of CorEx genes 

To rank CorEx genes by importance, we computed harmonic mean rank values based 

on three categories: a) the average MDI (feature importance) values extracted from the 

trained random forest models on 200 training sets during the evaluation method described 

above, b) the number of Boruta runs (out of 200) that a gene is selected in, rounded to 2-
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digits, and c) the number of Boruta runs (out of 200) that a gene is selected in when counting 

by cluster, rounded to 2-digits. The ranks for each category are adjusted separately so that 

genes with the same value share the same rank value. For example, if using the Boruta run 

count as the rank value: 

 Run count round(run_count/10.0) Rank Adjusted rank 

Gene A 200 20 1 1 

Gene B 200 20 2 1 

Gene C 200 20 3 1 

Gene D 187 19 4 4 

 

The harmonic mean rank is defined as:  

harmonic mean rank =
3

1
𝑎 +

1
𝑏

+
1
𝑐

 

Tumor immune subtype 

We classified ecDNA(+) and ecDNA(-) samples into the 6 immune subtype 

categories (Thorsson et al., 2018) provided in Table S6 from Bagaev et al., 2021. 
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Appendix 

 

Chapter 1 Supplemental Tables and Figures 

 

Table S1.1: Augustus predicted genes and transcripts. Augustus transcript predictions, w/ 

genomic coordinates of predicted CDS, identified event peptides, identified RefSeq and 

Ensembl peptides. 

 

Table S1.2: Augustus predicted transcript CDS overlap with Ensembl or RefSeq CDS, 

5’UTR, and/or 3’UTR. 

 

Table S1.3: PSK normalized proteogenomics expression matrix of multi-tissue Atlantic 

salmon proteins.  

 

Table S1.4: Salmon protein clusters in multi-tissue dataset. 

 

Table S1.5: PSK normalized proteogenomics expression matrix of Atlantic salmon liver and 

primary hepatocyte proteins.  

 

Table S1.6: Salmon protein clusters in liver tissue and primary hepatocyte dataset. 

 

Table S1.7: Chemical defensome gene patterns from (Eide et al., 2021). 
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Figure S1.1: Peptide-spectrum matches with b-ion and y-ion matches (+1,+2) for proteogenomic 

events (L)LTVLFQNYAGTDA:ADDSK and (K)(K)LESDTNQLQTEVEEAVQEC+57.021R. 
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Figure S1.2: Peptide-spectrum matches with b-ion and y-ion matches (+1,+2) for proteogenomic 

events LDNNTGVYVPTGLAAFPN+0.984ELMHVPQSWAR, 

ETGYLHIQGTKPDSAGC+57.021GVNDSPVGLAAYMLEK, and FSTWTDFNNR. 
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A 
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Figure S1.3: (A) Hierarchical clustering of the PSK normalized expression matrix (23 spectrum 

files, top 600 proteins) in multi-tissue dataset. (B) Spectra identified in each of twelve tissues. 

Identification rates, shown as blue text, are defined as the number of identified spectra divided by 

the total number of spectra for each tissue type.  
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Figure S1.4: G.O. terms for proteins in multi-tissue dataset. 
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Figure S1.4: G.O. terms for proteins in multi-tissue dataset (Continued). 
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Figure S1.4: G.O. terms for proteins in multi-tissue dataset (Continued). 
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Figure S1.5: G.O. terms for proteins in liver tissue and primary hepatocyte dataset. 
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Figure S1.6: Spectra identified in primary hepatocyte and liver tissue. Identification rates are shown 

as blue text. 
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Fig S1.7: Hierarchical clustering of the PSK normalized expression matrix of Atlantic salmon 

chemical defensome proteins in multi-tissue dataset. 
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Chapter 2 Supplemental Tables and Figures 

 

Table S2.1: Genera identified by ProteoStorm in 110 individuals suspected of UTI. 

Related to Figure 2.2. Genera are considered to be identified in an individual if greater than 

one high-confidence PSM maps uniquely to that genus. High-confidence PSM counts per 

individual are defined as the average across technical replicates of the number of PSMs 

passing a 1% FDR (per MS/MS experiment) that belong to a peptide passing a 1% peptide-

level FDR (pooled across all MS/MS experiments). Bold text indicates genera reported by a 

previous study (Yu, et al., 2015). Genera with less than 1 count are not included in the table. 

Red text indicates genera not identified by the previous study that are identified by 

ProteoStorm in high abundance.  

 

Table S2.2: Multiscale Bootstrap Resampling Probabilities and Errors. Related to 

Figure 2.2. Approximately unbiased (au) p-values computed by the Pvclust implementation 

of multiscale bootstrap resampling and reported standard errors (se) for hierarchical 

clustering of the 64 genera identified by ProteoStorm (a) in 110 UTI-suspected individuals 

and five healthy individuals (b) (pvclust; nboot=100,000, method.hclust = “ward.D2”, and 

method.dist="bray).  

 

Table S2.3: Genera identified by ProteoStorm in infant 23. Related to Methods. The 

previous study (Xiong, et al., 2017) reports species-based taxonomic compositions, and 

balances spectral counts between shared proteins. In contrast, ProteoStorm reports genera-

based taxonomic compositions based on spectral counts from peptides that only map to a 

single genus. For comparison purposes, we parsed the protein groups and spectral counts file 

(40168_2017_290_MOESM2_ESM.xlsx) provided by the previous study for genus 

information, and chose the top 20 genera for each sample (run 1 or 2 for day of life 21, 34, 

50). For ProteoStorm, we report the number of PSMs passing a 1% FDR (per MS/MS 

experiment) that belong to a peptide passing a 1% peptide-level FDR (pooled across all 

MS/MS experiments). Genera with less than 1 count are not included in the table.  

 

Table S2.4: Variables and Definitions. Related to Methods. A list of variables and 

definitions used in this manuscript.  
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Figure S2.1: Wastewater dataset searched against a metagenome-guided database. Related to 

Methods. (a) When searching a wastewater dataset (150,216 spectra) against a metagenome-guided 

database (2.47Gb), the initial database of 470,718,835 peptides was reduced to 3,790,275 peptides 

for Graph2Pep/Graph2Prot (Tang, et al., 2016), which utilizes MS-GF+ for a fully-tryptic first stage 

search, and 2,564,289 peptides for ProteoStorm. (b) Peptides and PSMs identified by ProteoStorm, 

the Graph2Pep/Graph2Prot approach, and MS-GF+. ProteoStorm identified 10,633 peptides, or 

95.9% (4,790) of the MS-GF+ peptides, in 52.6 minutes, while the Graph2Pep/Graph2Prot approach 

identified 8,740 peptides, or 83.6% (4,175) of the MS-GF+ peptides, in over 3.8 hours. The 

identification rate is 15.5% for ProteoStorm, 6.7% for MS-GF+, and 12.0% for the 

Graph2Pep/Graph2Prot approach. Out of 6,295 peptides identified by at least two of the three tools, 

ProteoStorm identified 98.3% (6,185), while MS-GF+ identified 77.8% (4,900) and the 

Graph2Pep/Graph2Prot approach identified 88.5% (5,570).  
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Figure S2.2: Human infant gut dataset. Related to Methods. (a) ProteoStorm identified 19 genera 

when searching a gut dataset (infant 23 at day of life 21, 34, and 50) against RefUp++. Out of 57,590 

peptides, 54.9% (31,606) mapped uniquely to a single genus. Day 21 is dominated by Clostridium 

(28,546 PSMs), followed by Klebsiella and lesser abundances of Escherichia. There is a shift in day 

34 to Bifidobacterium (33,985 PSMs) and Bacteroides (9,756 PSMs), followed by lesser abundances 

of Peptococcus. Day 50 is also dominated by Bifidobacterium (36,246 PSMs), with an increase in 

Bacteroides (13,472 PSMs) and Lactobacillus (1,894 PSMs). (b) Peptides and PSMs identified by 

ProteoStorm and MS-GF+ when searching against the RefUP++ database or a matched metagenome 

database. Against the metagenome database, ProteoStorm identified 61,364 peptides, and 94.5% 

(53,847) of MS-GF+ peptides at an identification rate of 24.2%. Against RefUP++, ProteoStorm 

identified 57,590 peptides, and 84.7% (48,298) of MS-GF+ peptides at an identification rate of 

22.4%.  
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Figure S2.3: UTI dataset: search space reduction, identifications, and runtime. Related to Figure 

1. (a) When searching the subset UTI dataset (0.9M spectra) and the full UTI dataset (7.5M) against 

the UniProtKB database, ProteoStorm reduced the initial database of 37,510,548 proteins to 493,175 

proteins and 881,569 proteins in the refined protein database, respectively. When searching against 

the RefUP++ database, ProteoStorm reduced the initial database of 189,833,438 proteins to 

2,487,553 proteins and 5,541,198 proteins in the refined protein database, respectively. (b) Searching 

the subset UTI dataset against the UniProtKB database, ProteoStorm identified 56,644 PSMs, Comet 

identified 47,537 PSMs, and MSFragger identified 50,572 PSMs. Of the 51,338 MS-GF+ PSMs, 

ProteoStorm identified 97% (49,776), while Comet and MSFragger identified 69.4% (35,640) and 

79.9% (41,037), respectively. Of the 47,840 PSMs identified by two of the three tools, ProteoStorm 

identified 95.6% (45,746), while Comet and MSFragger identified 80.7% (38,612) and 94% 

(44,951), respectively. The identification rate was 5.98% for ProteoStorm, 5.02% for comet, 5.42% 

for MS-GF+, and 5.34% for MSFragger. At a 1% peptide-level FDR, ProteoStorm identified 13,550 

peptides (p-value 1.56e-12), while Comet and MSFragger identified 9,341 (e-value 7.85e-05) and 

11,530 (probability ≥ 0.9903) peptides respectively. (c) Increasing the number of spectra from 0.9 

million to 7.5 million and the initial database size from 7.8Gb (18.8 million sequences) to 34.1Gb 

(94.9 million sequences), ProteoStorm speedup over MS-GF+ increased from 382x to 953x. 
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Chapter 3 Supplemental Tables and Figures  

 

Table S3.1: AC049 classified 870 TCGA samples. Includes 14 tumors. 

 

Table S3.2: Highly co-expressed clusters identified using Pvclust. 

 

Table S3.3: Cluster #1509 and #1940 members. 

 

Table S3.4: Cliff’s delta matrix of 643 CorEx genes x TCGA and 11 tumor types with at 

least 10 ecDNA(+) and 10 ecDNA(-) samples. 

 

Table S3.5: Top 643 |LFC| differentially expressed genes identified by DESeq2. 

 

Table S3.6: GO biological process gene sets enriched by up-regulated genes from CorEx 

set. 

 

Table S3.7: Grouped GO biological process gene sets enriched by up-regulated genes from 

the CorEx set. 

 

Table S3.8: Cluster #1509 enriched GO biological process terms. 

 

Table S3.9: Genes unique to grouped gene sets enriched by up-regulated CorEx genes. 

 

Table S3.10: Genes found on amplicons in TCGA samples. 

 

Table S3.11: Hand-curated genes for DNA damage repair pathways. 

 

Table S3.12: AC049 classified 1,440 TCGA samples. Includes 24 tumors. 

 

Table S3.13: GO biological process gene sets enriched by down-regulated genes from 

CorEx set. 

 

Table S3.14: Grouped GO biological process gene sets enriched by down-regulated genes 

from the CorEx set. 

 

Table S3.15: Up-/down-regulated genes based on 1,440 TCGA samples.   
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Figure S3.1: (a) Pvclust identified 354 clusters of high significance where members are selected in 

at least 10 Boruta runs as a cluster. Of the 354 clusters, 2 clusters did not contain any Core genes, 

281 clusters only contained Core genes, and 71 clusters contained at least 1 Core and 1 co-expressed 

gene. (b) Cluster #1940 contains a Core gene, RAE1, and a co-expressed gene, CSTF1. (c) Cluster 

#1509 contains 9 Core genes and 12 co-expressed genes.  
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Figure S3.2: (a) Core genes are consistently up- or down-regulated in ecDNA(+) samples across 

tumor types, with the exception of SARC. (b) 86 CorEx genes are part of the Top 643 LFC DE gene 

set. (c) PNMT normalized gene expression in ecDNA(+) vs. ecDNA(-) samples. (d) ITLN1 

normalized gene expression in ecDNA(+) vs. ecDNA(-) samples. 
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Figure S3.3: 187 enriched GOBP terms represented by 169 up-regulated CorEx genes.  
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b 

 
Figure S3.4: (a) 73 enriched GOBP terms represented by 119 down-regulated CorEx genes. (b) 

TME subtyping of TCGA samples classified as ecDNA(+) or ecDNA(-) (AC ver. 049) based on the 

classifications provided by Thorsson et al., 2018. 

 




