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Abstract

Protein complexes are dynamic assemblies in which proteins bind each other in different
physiological cell conditions and stoichiometries to perform cellular functions. Failures in
maintaining complex stoichiometries cause proteotoxic stress, and are associated with
proliferative and survival disadvantages in normal cells. Tumours are characterised by
massive dysregulation of genes leading to imbalances in protein dosage and thus in protein
complex stoichiometries. Aneuploidies, arm- or chromosome-level copy number aberrations,
are one of the main reasons for transcriptional dysregulation, yet paradoxically they
frequently occur in cancer genomes. We wuse aneuploid tumours, harbouring
chromosome-level amplifications and deletions, as a model to understand how tumour cells
compensate for aneuploidy induced transcriptional dysregulation. We observe that regulation
of co-complex members in trans acts as a compensatory mechanism to deal with abundance
changes on the aneuploid chromosome itself. We show that this compensation is stronger
for aggregation-prone proteins of aneuploid chromosomes and those involved in a smaller
number of complexes suggesting the role of protein complex organisation in modulating
those compensatory mechanisms. Further, we provide evidence that this compensation in
aneuploid tumours is established through post-translational regulation, and that higher
degree of success in this compensation is associated with better tumour fitness, and failure
results in activation of protein degradation programs.

However, it is still unclear why aneuploidies and focal copy number alterations are occurring
repeatedly in cancer genomes if they cause those compensation problems through
dysregulation. To address this, we ask if we can model the observed frequencies of genomic
amplifications and deletions as a function of avoiding transcriptional dysregulation of
co-complex members or affecting large number of genes, as an example of negative
selection, probability of occurrence (e.g. distance to telomere/centromere), and amplifying
oncogenes or deleting tumour suppressor genes, representing positive selection, by using
machine learning models. We find a balance among these factors in explaining to a certain
degree the observed genomic alteration patterns in cancer genomes.

Taken together, our findings describe the need for compensation mechanisms to deal with
the imbalances in protein complex stoichiometry induced by aneuploidy, and highlight the
importance of protein complex components as potential vulnerabilities for the identification of
drug targets for clinical use, in addition to providing insights into understanding tumour

genome evolution and factors driving frequently observed genomic alterations.



Introduction

1. The cancer aneuploidy paradox

Cancer is a system characterised by somatic molecular alterations, which could span from
single nucleotide mutations to large copy number alterations (CNAs) — gain or loss in DNA
copies. Aneuploidies, a special case of CNAs defined as arm- or chromosome-level
alterations, have a significant impact on the expression of numerous genes most directly by
providing an additional or a reduced amount of gene copies, thereby introducing imbalances
at the level of transcriptome and proteome. Under normal cellular conditions, aneuploidy is
detrimental, primarily due to the disruptions it causes in the balance of protein complexes
which are functional units of the cell (Brennan et al., 2019; Santaguida & Amon, 2015). For
example, all human monosomies, absence of one chromosome from a pair, and majority of
trisomies, having an additional copy of a chromosome, are either embryonic lethal or have
very limited life span (Pai et al., 2003). Paradoxically, aneuploidy is a common feature of
cancer cells: Approximately 90% of solid tumours and 65% of blood cancers exhibit
aneuploid karyotypes (Ben-David et al., 2019; Garribba et al., 2023; Taylor et al., 2018).
Moreover, arm-level aneuploidies encompass 22.5% of cancer genome which is more than
any other somatic molecular alterations, as well as they represent 92% of the most frequent
CNAs based on the data from more than 10,000 The Cancer Genome Atlas (TCGA) tumours
(Shih et al., 2023). However, how tumours compensate for the extensive transcriptomic and
proteomic changes induced by aneuploidy, and how aneuploidy contributes to tumour

evolution are still poorly understood.

2. Expression changes in aneuploid karyotypes

Transcriptome profiling in yeast model organisms revealed that aneuploidies are to a certain
extent directly affecting gene expression levels. Hughes and colleagues reported that all
genes located on the aneuploid chromosome showed corresponding expression changes
and concluded that there is no dosage compensation for genes affected by copy number
changes at the transcriptome level (Hughes et al., 2000). Together confirming these results,
Pavelka and colleagues showed that copy number induced alterations at the transcriptome
level are transmitted to the proteome level (Pavelka et al., 2010). On the other hand, it has
been shown that there is a buffering effect at the proteome level regulating the level of
proteins encoded by copy number altered genes, particularly for the ones involved in protein
complexes (Dephoure et al., 2014; Stingele et al., 2012). Studies in aneuploid human cell
lines revealed similar results: Correlated changes in mRNA expression levels of genes
following their copy number alterations while there is a buffering at the proteome level
(Schukken & Sheltzer, 2022; Stingele et al., 2012). These results were further supported by
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findings in human/mouse hybrid cell lines (Upender et al., 2004), in mouse (Williams et al.,
2008), as well as for CNAs in human tumour samples (Gongalves et al., 2017).

Previous studies have unveiled that aneuploidy does not only affect the expression profiles
of genes on altered chromosomes but also has a substantial influence on the expression of
genes located on chromosomes outside of the aneuploid ones in normal human cells
(Nawata et al., 2011), as well as in cancer cells (Upender et al., 2004). In addition, Saran
and colleagues showed, in aneuploid mouse models with an extra copy of mouse
chromosome 16 (MMU 16), a global transcriptional dysregulation across the entire genome
in addition to the effects on genes residing on MMU 16 (Saran et al., 2003), further indicating
a widespread destabilisation in gene expression levels. Interestingly, for CNAs, it has been
demonstrated a correlated increase between abundance of proteins encoded by copy
number altered genes and abundances of their protein complex members encoded by genes
outside of the copy number changed regions (Gongalves et al., 2017), raising the question of
whether this could contribute to the expression changes in aneuploid cells even on diploid
chromosomes. Despite these significant insights, our comprehension of how aneuploidy
impacts the expression of genes in a genome-wide manner, particularly in the context of

cancer, remains incomplete.

3. Buffering the effect of copy number alterations and aneuploidy

The ability of a cell to maintain internal balance in gene expression and protein synthesis,
and perform biological functions in the face of perturbations on its genome is crucial for
cellular fitness and survival. Considering the global effect of aneuploidy and CNAs on cell
transcriptome and proteome, it is important to understand buffering mechanisms optimising
gene expression and corresponding protein abundances in aneuploid cancer cells. Previous
studies on aneuploid yeast strains have demonstrated that copy numbers of genes are
substantially correlated with mRNA levels but not directly with protein levels (Chino et al.,
2013; Dephoure et al., 2014; Torres et al., 2007). Another study has provided insights for the
underlying mechanisms of this protein-level dosage compensation. Ishikawa and colleagues
demonstrated that, in aneuploid yeast, around 10% of genes are subject to dosage
compensation at the proteome level and those dosage-compensated genes are enriched in
protein complex subunit encoding genes (Ishikawa et al., 2017). Moreover, their
experimental efforts on the ubiquitin-proteasome system and ribosome profiling led to the
conclusion that the main mechanism of the dosage compensation is protein degradation by
the ubiquitin-proteasome system rather than translational efficiency (Ishikawa et al., 2017).
Integration of copy-number, transcriptome and proteome measurements for TCGA tumours
revealed that CNAs often affect protein levels; however, 23%-33% of proteins are
post-transcriptionally attenuated (Gongalves et al., 2017). Furthermore, they experimentally
showed that some complex subunits act as rate-limiting factors for the complex assembly

resulting in coordinated protein levels of the members of the same complexes (Gongalves et
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al., 2017). These results further support the role of post-transcriptional mechanisms in
protein-level dosage compensation also for CNAs. Recently, an effort on understanding the
effect of arm-level aneuploidies on proteome of human cancer cell lines has also identified
post-transcriptional regulation as a dosage compensation mechanism in response to
aneuploidy (Schukken & Sheltzer, 2022).

Consequently, these results are suggesting a profound role of post-transcriptional and
-translational regulation in the buffering of protein abundance changes induced by CNAs and
aneuploidies, as well as highlighting the role of protein complex formation in the resulting
amount of protein level. In the previous paragraph, we mentioned studies that revealed the
role of degradation pathways in this buffering. One of the reasons for degradation of excess
amounts of proteins (Ishikawa et al., 2017) could be the need for avoiding free
aggregation-prone hydrophobic interface surfaces that could further cause proteotoxicity
(Young et al., 1994). On the other hand, experimental efforts to understand protein
degradation kinetics have revealed proteins with different degradation profiles;
non-exponentially degraded (NED) and exponentially degraded (ED) (McShane et al., 2016).
Moreover, they identified the majority of NED proteins as subunits of protein complexes and
showed that they are overproduced relative to other members of the same complex and then
the excess amount is degraded (McShane et al., 2016). This is in contrast to proportional
synthesis appearing in bacteria (G.-W. Li et al., 2014). In addition to that they characterised
NED proteins with larger interface size and faster assembly time than ED proteins, they
demonstrated an increase in the initial degradation of NED proteins upon amplification of
their encoding genes (McShane et al., 2016). This further provides new insights on
understanding the dynamics between properties of proteins and their degradation profiles.
Indeed, Sousa and colleagues showed that structural properties of proteins have an effect
on the degree of post-translational buffering on changes induced by CNAs in TCGA cancer
patients: Proteins with larger interface size are subject to larger degree of buffering and
post-translational modifications (PTMs), phosphorylation in particular, could modulate this
degradation by affecting protein-protein interactions (PPIls) (Sousa et al., 2019). All together,
these findings indicate that properties of proteins and the ways they organise into complexes
constrain the dysregulation patterns of protein abundances and affect protein-level dosage
compensation upon genomic copy number changes. However, we still lack a full

characterisation of organisation of proteins into complexes and their properties.

4. Protein complex organisation

Protein complexes are not static cellular units: They assemble and disassemble dynamically.
This dynamic nature adds complexity, and makes the characterisation of PPIs within
complexes more challenging. It has been shown that the cellular abundance and localization
of proteins, and the strength of binding interaction between proteins (binding affinity) affect

the protein complex formation (Nooren & Thornton, 2003). For example, quantitative
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proteomics analysis on the anaphase promoting complex/cyclosome (APC/C) across
different cells lines has revealed that stable (core) complex subunits are associated with
higher cellular abundances and found in the complex with unique ratio to each other
(stoichiometry) (Hein et al., 2015). On the other hand, the subunit KIAA1430 was defined as
a transient interactor of the APC/C and can be found in the complex with different
stoichiometric ratios (Hein et al., 2015). Furthermore, a spatiotemporal analysis of protein
complex stoichiometries in cancer and mouse cells has demonstrated that more than half of
the well-characterised protein complexes are subjected to stoichiometric changes depending
on cell types, and subunits of the complexes are variable in space and time (Ori et al., 2016).
More recently, an extensive characterization of the human interactome in two different cell
lines has revealed that shared interactions are enriched in complexes with essential,
conserved functions while cell-line-specific PPIs play a role as rewiring these core
complexes (Huttlin et al., 2021). Together these results further highlight the dynamic
organisation of proteins in a context-specific manner.

Since the pioneering work on understanding the principles of PPIs in complexes by Jones
and Thornton in 1996 (Jones & Thornton, 1996), many studies have focused on formalising
PPIs based on binding affinity, composition and stability of the complex. These efforts have
resulted in three main classes: (i) homo- or hetero-oligemers based on comprising identical
or non-identical proteins, respectively (Nooren & Thornton, 2003), (ii) non-obligate and
obligate interactions based on the binding affinity (Acuner Ozbabacan et al., 2011; Nooren &
Thornton, 2003), and (iii) transient and permanent interactions based on the stability (lifetime
of the interaction) (Acuner Ozbabacan et al., 2011; Mintseris & Weng, 2003; Nooren &
Thornton, 2003). In addition to the direct classification based on structural and biophysical
properties, some studies have focused on indirect classification in which functional
annotations, co-expression patterns, and genetic interactions are considered to define
functional protein networks (Chatr-Aryamontri et al., 2013; Eisenberg et al., 2000;
Franceschini et al., 2013). All these efforts together with individual experiments on
characterisation of PPIs brought the need for systematic collection of the information under a
platform. To address this need some important publicly available databases have been
developed: CORUM is a database providing the largest and most comprehensive dataset of
manually curated experimentally characterised mammalian protein complexes, which is
mainly composed of human complexes (Giurgiu et al., 2019), the Research Collaboratory for
Structural Bioinformatics Protein Data Bank database (RCSB PDB) storing
experimentally-determined three-dimensional structures of protein complexes (RCSB.org)
(Berman et al., 2000). Another example is INtegrated Structural Interactome and genomic
Data browsER (Interactome INSIDER) which is an integrative source for proteome-wide
human interactome together with structural information and mutation/variant data and allows

users to study disease on a genomic and proteomic scale (Meyer et al., 2018).
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Understanding the 3D structure of protein complexes and dynamics of PPIs within
complexes is crucial for studying cancer biology, defining vulnerabilities in cancer proteome
and for validating drug targets. A quantitative proteomic study on cancer cell lines from the
Cancer Cell Line Encyclopedia (CCLE) explored associations between genetics and
abundance of protein complex subunits and revealed complexes which are sensitive to gene
knockdown and mutations (Nusinow et al., 2020). Moreover, proteogenomic profiling of lung
adenocarcinoma (LUAD) tumour samples showed that protein abundance levels are more
associated with patient survival than mRNA levels, and proteomic regulatory networks
contribute to identify potential therapeutic vulnerabilities among subtypes of LUAD (Soltis et
al., 2022). All together these findings highlight the importance of gaining a comprehensive
understanding of protein complex organisation and characteristics of proteins for identifying

vulnerabilities in cancer and developing effective treatment strategies.

5. Tissue-specific recurrence of copy number alterations and
aneuploidies

Different cancer types acquire distinct genomic amplification and deletion patterns
suggesting that cancer genomes undergo tissue-specific rearrangements due to different
selective pressures or varying occurrence probabilities of these rearrangements (Ben-David
& Amon, 2020; Taylor et al., 2018). Understanding which genomic alterations are subjected
to selection and which are more likely to occur in regions with specific (epi)genomic
characteristics is crucial, as it helps to identify the specific changes contributing to
tumorigenesis. A recent work revealed that tumour mutational burden has a pivotal role in
shaping the tissue-specific evolution of CNAs in cancer: Positive selection favours specific
genomic regions to be amplified so that these extra copies could serve as buffers to
compensate for the deleterious effects of coding mutations in mutation-rich and essential
regions (Alfieri et al., 2023). Additionally, a role for density of tumour suppressors (TSs),
oncogenes (OGs) and essential genes, which are affecting proliferation upon knockout, in
the observed amplification and deletion patterns has been previously identified in cell line
models (Davoli et al., 2013; Sack et al., 2018).

Another critical contributor to the observed alteration patterns in cancer is tissue-specific
gene expression and epigenomics. Patkar and colleagues demonstrated a correlation
between alteration patterns specific to cancer types and gene expression levels in the
normal tissue of tumour origin (Patkar et al., 2021). Another study has unveiled the role of
lamina associated domains (LADs) in influencing the probability of chromosome segregation
errors, consequently affecting the occurrence of aneuploidy patterns (Klaasen et al., 2022).
Furthermore, heterochromatin structure in the tissue-of-origin has been identified as a
significant determinant of the position of DNA double-strand breaks and thus influencing the

resulting CNA patterns in a tissue-specific manner (Cramer et al., 2016). These findings
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highlight the contribution of biological data from different dimensions (genome, epigenome,
transcriptome, phenotype) to the observed CNA and aneuploidy patterns in cancer
genomes. Collectively, a systematic analysis of the factors contributing to these alteration
patterns is needed to understand their roles in tumour genome formation and evolution, and

could potentially enhance our ability to predict tissue-specific responses to therapy.

6. Application of machine learning methods in cancer biology

Machine learning (ML) methods have become important in biology as they enable us to
integrate data from different dimensions of biological systems, and to capture relevant
information to understand complex systems like cancer (Zitnik et al., 2019). The idea behind
machine learning is that the relationship between a dependent variable and several
independent variables are automatically learned by identifying patterns and correlations from
a subset of the data, and making predictions for the full set. This is an iterative process that
enables ML algorithms to improve their performance, resulting in more accurate predictions
and models. One way of using ML is to predict biologically relevant outcomes. For example,
a recent study employed ML methods to predict cancer types from DNA copy number
variation (CNV) data (Attique et al., 2022). Moreover, ML algorithms were used in prediction
cancer dependencies by integrating different genomic profiles such as gene expression,
methylation level, and CNAs (Chiu et al., 2021) as well as in prediction of cancer driver
genes (Han et al.,, 2019; Luo et al.,, 2019). Another application area of ML methods is
identifying important features driving prediction. Jubran and colleagues implemented ML
models to estimate the relative importance of various tissue-specific features in shaping the
observed arm-level aneuploidy patterns in cancer genomes (Jubran et al., 2023). Different
implementations of ML algorithms allow us to capture diverse relationships in complex
datasets. For instance, linear regression based methods assume a linear relationship
between input features and a continuous numerical output, and are not suitable for
classification tasks. In contrast, decision tree algorithms can capture complex relationships
in the data, including non-linear patterns even in high-dimensional spaces (Krzywinski &
Altman, 2017).

7. Overview of the thesis work

In this thesis work, we conduct an integrative study to understand to which degree the
features of proteins and their interactions within complexes limit protein abundance changes
induced by tumorigenesis in general and chromosome-level aneuploidies in particular with a
focus on genome-wide protein level changes by integrating aneuploidy, transcriptomic,
proteomic, and structural proteomics data. We show that a large number of proteins
encoded on chromosomes outside of the altered (aneuploid) ones have correlated

abundance changes with their complex members encoded on aneuploid chromosomes.
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Furthermore, the characteristics of the aneuploid proteins constrain the degree of
co-abundance regulation in which aggregation-prone proteins and those involved in smaller
numbers of complexes are related to stronger degrees. We further provide evidence that
post-translational mechanisms play a substantial role in this co-abundance regulation, and
the degree of success in this co-abundance regulation is related to patient survival. Finally,
we fit multivariable ML models in which we combine multiple tissue- and
genomic-location-specific features to predict frequently observed CNA and aneuploidy
patterns in cancer genomes. Taken together, our results highlight the role of protein complex
organisation in mitigating stoichiometric imbalances in protein complexes in cancer and
aneuploid tumours, and the need for a systematic analysis of determinants of recurrently
occurred genomic alteration patterns. Overall these findings might guide our understanding

of tumour genome evolution and, ultimately, therapy response.
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Materials and Methods

1. Data availability

The code performing all the analyses is available at Github repository, and the
corresponding links are provided in the Data availability section of our published works
(Senger et al., 2022; Senger & Schaefer, 2021). Supplementary files are adapted from our
published works, re-enumerated and available at
github.https://github.com/SengerG/PhD_Thesis_Senger.git.

2. Data processing

Transcriptomic data, RNA-Seq fragments per kilobase of exon per million reads mapped
(FPKM) values for 11,007 tumour samples analysed in TCGA, were downloaded from the
NCI Genomic Data Commons (GDC) (Grossman et al., 2016). To make transcriptomic
values more comparable across samples, FPKM values were converted to transcripts per
million (TPM) by normalising for gene length, and then for sequencing depth. For
downstream analyses, only primary tumour samples were selected (n = 9830), and Ensembl
gene IDs were mapped to gene symbols based on Human genome version GRCh38.p13
downloaded from Ensembl BioMart (Howe et al., 2021). For gene symbols mapping to more
than one Ensembl IDs, the mean value was taken. Then, mitochondrial genes and the ones
with zero TPM values for all samples were filtered out.

HTSeq counts for TCGA tumour and matched normal samples, comprising 21 cancer types,
were downloaded from GDC. Normalisation was done by using the cpm (counts per million)
function from the edgeR package (Y. Chen et al., 2016; McCarthy et al., 2012; Robinson et
al., 2010).

Proteomics data used in this thesis study were generated by the Clinical Proteomic Tumor
Analysis Consortium (CPTAC) (NCI/NIH). Tandem mass-tags (TMT)-based log-transformed
proteomics data for tumour and normal adjacent tissue samples (for cohorts proteomic
profiling was done for both tissues, and for the ones for which the confirmatory and/or
discovery study is available, only the representative study was considered) comprising colon
(COAD) (Vasaikar et al., 2019) (8,067 proteins for 96 tumour and 96 matched normal
samples), HBV-related hepatocellular carcinoma (HCC) (Q. Gao et al., 2019) (6,478 proteins
for 159 tumour and 159 matched normal samples) and LUAD (Gillette et al., 2020) (10,699
proteins for 110 tumour and 101 matched normal samples), and proteomics data for the
available TCGA cohorts: Spectral counts for colorectal cancer (COREAD) (The Cancer
Genome Atlas Network, 2012; the NCI CPTAC et al.,, 2014) (5,561 proteins and 90
samples), relative abundances for ovarian serous cystadenocarcinoma (OV) (Cancer
Genome Atlas Research Network, 2011; Zhang et al., 2016) (7,169 proteins and 174

samples) and for breast invasive carcinoma (BRCA) (Cancer Genome Atlas Network, 2012;
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Mertins et al., 2016) (10,625 proteins and 105 samples), were downloaded from the CPTAC
consortium. Further processing was done when it was necessary: For the COAD cohort,
proteins that were quantified in less than 50% of the samples were filtered which left us
6,554 proteins out of 8,067, for the LUAD cohort, mean log-transformed TMT values were
considered when more than one proteins mapped to the same gene symbol, leaving 10,316
out of 10,699 proteins. In addition, for the TCGA COREAD cohort, spectral counts were
normalised to make samples more comparable by quantile normalisation followed by log2
transformation. For all the TCGA cohorts, the mean value was considered for the replicated
samples, and then samples and genes shared with corresponding transcriptomic data were
considered, leaving 5,353 proteins and 88 samples for COREAD, 7,062 proteins and 119
samples for OV, and 10,467 proteins and 105 samples for BRCA.

3. Detecting cancer-type-specific chromosome-level aneuploidies

Arm-level aneuploidy scores for 10,522 TCGA samples, comprising 33 cancer types;
adrenocortical carcinoma (ACC), bladder urothelial carcinoma (BLCA), BRCA, cervical
squamous cell carcinoma and endocervical adenocarcinoma (CESC), cholangiocarcinoma
(CHOL), COAD, diffuse large b-cell lymphoma (DLBC), esophageal carcinoma (ESCA),
glioblastoma multiforme (GBM), head and neck squamous cell carcinoma (HNSC), kidney
chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell
carcinoma (KIRP), acute myeloid leukemia (LAML), lower grade glioma (LGG), liver
hepatocellular carcinoma (LIHC), LUAD, Ilung squamous cell carcinoma (LUSC),
mesothelioma (MESQO), OV, pancreatic adenocarcinoma (PAAD), pheochromocytoma and
paraganglioma (PCPG), prostate adenocarcinoma (PRAD), rectum adenocarcinoma
(READ), sarcoma (SARC), skin cutaneous melanoma (SKCM), stomach adenocarcinoma
(STAD), testicular germ cell tumours (TGCT), thyroid carcinoma (THCA), thymoma (THYM),
uterine corpus endometrial carcinoma (UCEC), uterine carcinosarcoma (UCS), uveal
melanoma (UVM), were calculated by Taylor et al., 2018 (Taylor et al., 2018) from Affymetrix
single nucleotide polymorphism (SNP) 6.0 arrays by using the ABSOLUTE algorithm (Carter
et al., 2012). By using this data, we calculated chromosome-level aneuploidy scores as
follows: For chromosomes 1-12 and 16-20, the entire chromosome was considered as
amplified, deleted, or diploid if both p and g arms are amplified, deleted, or not changed,
respectively. For acrocentric chromosomes, 13-15 and 21-22, g arm aneuploidy scores were
considered as chromosome-level aneuploidy scores. For samples where chromosome arms
have different events (amplification, deletion or no change), or arm-score is missing for one
or both arms, NA values were assigned for the corresponding chromosome. COAD and
READ samples were considered as one cancer type as COREAD. Chromosome level
aneuploidy scores can be found in Supplementary File 2.

To detect frequently occurring cancer-type-specific, chromosome-level aneuploidies, we

tested the occurrence of each aneuploidy event (amplification/deletion) within each cancer
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type against random expectation by using chi-square test. Then multiple testing correction
was applied on p-values by using Holm’s method, and events with adjusted p-value lower
than or equal to 0.05, and chi-square standard residual equal to or higher than 2 were
selected as cancer-type-specific, chromosome-level aneuploidies. At the end, we detected
203 chromosome-level aneuploidies (86 amplifications and 117 deletions; Supplementary
File 2). Among those detected aneuploidies, 13 amplifications and 20 deletions comprise
COREAD, BRCA, and OV, for which we have both transcriptomic and proteomic data
available.

For each of the detected cancer-type-specific, chromosome-level aneuploidies (86
amplifications and 117 deletions), we detected frequently co-altered chromosomes
(co-amplifications and co-deletions) by using chi-square test followed by Holm’s multiple
testing correction. Chromosome pairs with adjusted p-value lower than 0.01, and chi-square
standard residual equal to or higher than 2 were considered as significantly frequently
co-amplified, resulting with 305 combinations in 60 out of the 86 cancer-type-specific,
chromosome-level amplifications and 672 combinations in 90 out of 117 cancer-type-specific
chromosome-level deletions (Supplementary File 2). To systematically test the contribution
of each co-amplified and co-deleted chromosome to the expression changes on other
chromosomes, for each of the 60 cancer-type-specific amplifications and 90
cancer-type-specific deletions, we, first, grouped chromosomes as co-amplified/deleted and
non-co-amplified/deleted. Then we calculated contribution as the percentage of the
differentially expressed genes to the total number of genes on that chromosome. To end this,
we compared the mean percentage of differentially expressed genes on co-amplified/deleted
chromosomes to that of non-co-amplified/deleted chromosomes by using paired Wilcoxon

test.

4. Detecting transcriptomic and proteomic changes

To detect differentially expressed genes and abundant proteins between different groups, we
used Wilcoxon test instead of standard tools, which are designed to analyse RNA-seq data
(e.g. LIMMA or DeSeq2), for two reasons. The first reason is to be consistent between
transcriptomic and proteomic data since the standard bioinformatics tools are designed to
perform differential expression analysis on transcriptome data rather than proteome data,
and each tool has slightly different algorithms for normalisation and detection of genes
obviously introducing different sensitivities and detection biases (e.g. towards more
abundant transcripts). The second is to deal with false discovery rate (FDR) in our
transcriptome data with large sample size. It has been shown that Wilcoxon test performs
better on data with a larger sample size than the standard differential expression analysis
tools as they fail to control FDR while the sample size is increasing (Y. Li et al., 2022;

Soneson & Delorenzi, 2013).
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To detect set of proteins showing abundance changes between tumour and matched normal
samples, we used CPTAC cohorts, COAD, HCC, and LUAD, where we have available
proteomic data for tumour and matched normal samples, and performed differential protein
abundance analysis, separately for each cohort, by using Wilcoxon test followed by
Bonferroni multiple testing correction method. Proteins with adjusted p-value less than or
equal to 0.05, and absolute log2 fold change (log2FC; calculated as the median difference of
log2 transformed TMT-values between tumour and normal samples) greater than 1 were
considered as differentially abundant.

To detect transcriptomic and proteomic changes between aneuploid and diploid tumour
samples and make them more comparable, we considered TCGA samples where
aneuploidy data is available. This resulted in 9266 samples for transcriptome analysis,
covering all 32 cancer types, and 298 samples for proteome analysis covering 3 cancer
types (COREAD, OV, and BRCA). Then, for each of the detected cancer-type-specific,
chromosome-level aneuploidies (see Materials and Methods “Detecting cancer-type-specific
chromosome-level aneuploidies”), we first split TCGA samples into two groups; the ones
with chromosome amplification or deletion, and the ones diploid for the respective
chromosome. Since the selected samples can vary for different detected aneuploidies, for
transcriptome data, we further filtered lowly expressed genes which have zero TPM in all
selected samples. Then, we performed Wilcoxon test followed by the Benjamini and
Hochberg multiple testing correction method. Significantly differentially expressed genes and
differentially abundant proteins were selected based on the following criteria: Adjusted
p-value is lower than 0.1, and uncorrected Wilcoxon p-value lower than 0.1, respectively for
transcriptomic and proteomic changes. For the cases where we were left with less than 250
differentially expressed protein coding genes after adjusted p-value cutoff, the uncorrected
p-value was used (p < 0.05) in order to have a sufficient number of genes to perform the
association tests (see Materials and Methods “Statistical analyses”). Again, for the same
reason, we used a relaxed statistical cutoff to select differentially abundant proteins.

To detect differentially expressed genes between tumour and matched normal samples (for
21 TCGA cohorts; BLCA, BRCA, CESC, CHOL, COREAD, ESCA, GBM, HNSC, KIRC,
KIRP, LIHC, LUAD, LUSC, PAAD, PCPG, PRAD, SARC, STAD, THCA, THYM, UCEC), we
used Wilcoxon test. Genes with uncorrected p-value lower than 0.05 were considered as

significantly differentially expressed genes.

5. Gene ontology analysis

To understand which molecular functions frequently dysregulated genes in aneuploidy are
associated with, we, first, counted how many times a gene was dysregulated across different
aneuploidy cases (203 and 33 detected cancer-type-specific, chromosome-level
aneuploidies, respectively, for transcriptomic and proteomic data). Then we performed gene

ontology (GO) analysis on the most frequently dysregulated 150 genes in amplification and
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deletion cases by using WebGestalt (Liao et al., 2019). The GO analysis was performed
separately for the gene sets from transcriptomic and proteomic data. All protein coding

genes were used as a background.

6. Classifying proteins and protein interactions

Systematic characterisation of proteins and protein-protein interactions was done based on
structural data, proteomics measurements in different cellular conditions, human interactome
data, literature information, and experimentally-validated human protein complex information
obtained from different public sources (each source is indicated in the related section) (Table
1). To integrate this classification data with cancer proteomics to perform further analysis, all
proteins were kept with their corresponding gene names (ID conversion was done when it

was necessary).

6.1. Calculation of stoichiometric ratio

Protein complexes are hierarchical structures in which amino acid chains fold to form
individual proteins (subunits) which then interact with each other and assemble into
complexes. The RCSB PDB (Berman et al., 2000) is a structural database where
experimentally-determined 3D structures of protein complexes are stored and represented
based on this hierarchical organisation (each protein complex is called “entry” and identified
by a PDB ID, and each protein in a protein complex is called “entity”). We retrieved structural
data for available protein complexes in PDB in March 2020 which covers 9,840 PDB entries.
Uniprot ID of each entity within each entry was converted to gene name, and only the human
protein complexes were considered for further analyses. This left us with 8,388 protein
complexes comprising 3,075 proteins. To calculate stoichiometric ratio for protein pairs within
the same complex, for all possible protein pairs, we took the ratio of the number of chains of
one protein to that of another protein in a pair. Then, we grouped protein pairs as the ones
involved in complexes with even (e.g. 1:1, 2:2, 4:4) and with uneven (e.g. 1:2, 3:1, 1:2)
stoichiometric ratio (Supplementary File 1). We excluded protein pairs involved in
complexes, where the stoichiometric ratio can vary between even and uneven, from

subsequent analyses.

6.2. Calculation of co-occurrence frequency

To calculate how many times two proteins together participate in the same protein
complexes, we, first, obtained experimentally-validated human protein complexes together
with their subunit information (2,916 complexes comprising 3,664 proteins) from the CORUM
database (CORUM 3.0 current release, September 2018) (Giurgiu et al., 2019). Then
co-occurrence frequency, for each protein pair found together in at least one protein
complex, was calculated as the ratio of the number of complexes in which the two proteins

were found together to the number of complexes in which at least one of them is found. In
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this way, we aimed to address a potential bias arising from different tendencies of proteins to

participate in complexes.

6.3. Context-specific and general interactions

To define proteins that are interacting with each other in an environment-dependent and
-independent manner, we obtained proteome-scale, cell-line-specific human interactome
data from the BioPlex Interactome (Huttlin et al., 2021) in which protein interactions were
profiled via affinity-purification mass spectrometry method in HCT116 and in 293T cells. In
total 167,374 protein interactions were obtained from the BioPlex Interactome for these two
cell lines. Only the protein interactions that were detected by the baits targeted in both cell
lines were considered to prevent possible technical biases. This left us a total number of
33,739 interactions detected in both cell lines, named as general interactions, and 89,330
interactions detected either in HCT116 or in 293T cell lines, named as context-specific

interactions.

6.4. Competitive and cooperative interactions

Binding interface residues for experimentally-determined human binary interactions were
calculated by using 3D structures obtained from RCSB PDB when available (where interface
residues are defined as the ones with a decrease in solvent-accessible surface area equal to
or larger than 1.0 A2 upon binding), or predicted by applying ensembl-based machine
learning models, and reported in Interactome INSIDER (Meyer et al., 2018). We extracted
this publicly available protein interaction interface data covering 121,575 human binary
interactions among 14,380 proteins. After converting Uniprot IDs to gene names, we
removed binary interactions that have binding site information only for one protein, leaving
us 70,355 binary interactions. To determine competitive and cooperative interactions, we first
defined proteins that are interacting with at least one common protein. Then, we counted the
number of intersecting residues on the corresponding binding interfaces of the common
partner for two proteins. Finally, we normalised it by the total length of binding interfaces of
the common partner (Jaccard index as a measure of binding similarity between two proteins)
(Eq. 1). Two proteins with Jaccard index equals to or higher than 0.1 are classified as
competitive, and cooperative otherwise. For the protein pairs having more than one common
partner, the one with the highest Jaccard index was considered for classification.

Number of residues in ANB
Number of residues in AUB

Jaccard index Eq. 1

where A and B represent the corresponding interaction sites on the common partner for

protein A and B.
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6.5. Transient and permanent interactions

Previous efforts used PDB complexes, and characterised transient and permanent
protein-protein interactions based on the stability of a protein complex and physicochemical
characteristics of protein interfaces which are determined by machine learning algorithms
and/or atomic contact vectors (Block et al., 2006; Mintseris & Weng, 2003). We used this
publicly available data, and obtained 147 permanent and 198 transient interactions from
Block et al., 2006 (Block et al., 2006), and 209 transient interactions from Minteris and
Weng, 2003 (Mintseris & Weng, 2003). Only heterodimers (complexes with non-identical
monomers) and human complexes were considered, and if an interaction was defined by
both studies, only one of them was kept for further analyses. After this filtering, we obtained

58 transient and 9 permanent interactions.

6.6. Aggregation-prone proteins

Aggregation-prone proteins (n=300) were obtained from Maatta et al., 2020 (Maatta et al.,
2020), in which they used a mass spectrometry based proteomics approach to measure

solubility of a protein after heat-shock experiments.

6.7. Promiscuous and non-promiscuous proteins

Experimentally-validated human protein complexes together with their subunit information
(2,916 complexes comprising 3,664 proteins -subunits-) from the CORUM database
(CORUM 3.0; September 2018) (Giurgiu et al., 2019). Then, we counted the number of
complexes a protein is involved in for each subunit. Promiscuity was determined based on
the number of complexes a protein: If a protein is involved in more than five complexes, it

was classified as promiscuous, and as non-promiscuous otherwise.

7. Statistical analyses

For the CPTAC cohorts that proteomic data is available for tumour and matched normal
samples (COAD, HCC, and LUAD), a principal component analysis (PCA) was performed by
using prcomp function from stats package (version 3.6.2) in R. Standard deviations in protein
abundances, for each detected protein in the corresponding cohort, were calculated across
tumour and normal samples, separately. Then the distribution of standard deviations in
tumour and normal samples were compared by using t-test.

Cancer-type-specific protein abundance correlations, for all possible protein pairs among the
detected proteins in the corresponding cohort, were calculated across tumour samples
(primary tumour samples for TCGA CPTAC cohorts) for all 6 CPTAC cohorts (COAD, HCC,
LUAD, COREAD, OV, and BRCA) by using Spearman method. Correlations were compared
(i) between the protein pairs among the members of the same complexes and that of

members from different complexes (correlations from different cohorts were pooled), (ii)
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between different groups of the defined protein and protein interaction classes (see Materials
and Methods “Classifying proteins and protein interactions”) (separately for each cohort) by
using Wilcoxon test.

In addition, to understand the effect of protein features in dysregulation patterns in aneuploid
tumours, for the TCGA CPTAC cohorts in which we detected proteomic changes between
aneuploid and diploid tumour groups, we only used correlations between differential
abundant proteins encoding by genes found on aneuploid chromosomes and their complex
members encoding by genes on other, non-aneuploid chromosomes. At the end, we
obtained a unique set by pooling correlations from all three TCGA CPTAC cohorts
(COREAD, 0OV, and BRCA). For the protein pairs for which we could compute a correlation
on more than one cancer type, only the maximum absolute correlation was considered. At
the end, we obtained 2772 and 3818 protein pair correlations for chromosome-level
amplification and deletion cases, respectively (Supplementary File 3). Wilcoxon test was
used to compare correlations between different groups.

To understand the association between complex proteins and (i) differentially abundant
proteins in tumours compared to matched normal samples (for the cohorts COAD, HCC, and
LUAD), (ii) differentially abundant proteins of other chromosomes in aneuploid tumours
compared to diploid tumour samples (for 13 amplification and 20 deletion cases comprising
TCGA CPTAC cohorts; COREAD, OV, BRCA), and the association between complex
partners of differentially abundant proteins of aneuploid chromosomes and that of other
chromosomes (again only for TCGA CPTAC cohorts), chi-square test was used. We
repeated the association tests for transcriptome-level changes in aneuploid tumours (86
amplification and 117 deletion cases comprising all 32 cancer cohorts in TCGA). Since we
performed a much larger number of association tests on transcriptome data, multiple testing
correction was performed on p-values by using Holm's method and associations with
adjusted p-value lower than 0.01 were considered as significant.

The known human protein complexes from the CORUM database was used to assess
complex membership in correlations and association tests analyses.

For each protein pair covered by the structural data obtained from the RCSB PDB (Berman
et al., 2000) we tested the relationship between proteins by using a linear regression model.
In the model, the dependent variable was the protein abundances of the protein with smaller
copy number across tumour samples. For the protein pairs with even stoichiometric ratio, the
first protein was considered as the dependent variable. Only the relationships where the
coefficient of the dependent variable was significantly different from zero (p-value < 0.05,
linear regression model) were considered for the comparison of slopes between protein pairs

with even and uneven stoichiometric ratio. Wilcoxon test was used for the comparison.
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8. Functional annotations of protein complexes

To investigate functional relevance of co-abundance regulation of complex members of
aneuploid proteins in aneuploid tumours, we performed a chi-square test. To do this, we
used protein abundance correlations between differentially abundant aneuploid proteins and
their complex members of other chromosomes, separately for each detected
cancer-type-specific aneuploidy case (13 amplifications and 20 deletions covering TCGA
CPTAC cohorts) and, first, classified them into two groups: Top-correlated pairs including 20
strongest positive and negative correlations (40 in total), and a background group comprising
protein pairs with correlations between -0.2 and 0.2. Then, for each group, we listed protein
complexes, in which protein pairs are involved in, and their functional annotations -
associated GO terms - by using the known human protein complex data in the CORUM
database. To perform the chi-square test, for each GO term, we tested the number of
complexes related to the corresponding term in the top correlated group against that of in the
background group. An enrichment score was calculated by dividing the difference of the
observed complex number and the expected one obtained from the chi-square test by the
square root of the expected value. GO terms with p-value lower than 0.05 were considered
as significantly associated.

We further aimed to understand if the relatively higher number of ribosomal genes and/or
larger complexes biassed the functional analysis. To test this, we, first, obtained ribosomal
genes from the HUGO Gene Nomenclature Committee (HGNC) database (Tweedie et al.,
2021). Then, we repeated the chi-square test once by removing protein pairs including
ribosomal genes, and once by removing larger complexes which were defined as the ones

with more than 10 subunits.

9. Randomization tests

To further assess the statistical significance of enrichment of differentially abundant proteins
of other chromosomes in complex members of differentially abundant aneuploid proteins, we
performed a randomization test by using binary PPls. To do this, we retrieved PPI data from
Human Integrated Protein-Protein Interaction rEference (HIPPIE) (v2.2) (Alanis-Lobato et al.,
2017), and counted the number of physical PPIs between differentially abundant aneuploid
proteins and that of other chromosomes, separately for each detected cancer-type-specific
aneuploidy case (13 amplifications and 20 deletions). To obtain a background distribution,
we replaced the set of differentially abundant aneuploid proteins by an equal size set of
proteins with the same degree distribution, and recounted the number of PPIs between the
random set and differentially abundant proteins of other chromosomes. This was repeated
100 times. Then, we used background distribution to estimate the p-value by counting how

often the original observed value was smaller than or equal to a randomised value.
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To test at which degree differential expression of transcription factors (TFs) could explain the
expression changes on other chromosomes in aneuploid tumours and overall dysregulation
patterns in  tumours, we performed a randomization test for 203 detected
cancer-type-specific aneuploidies comprising all TCGA cohorts and for cancer types that
have available transcriptome data for tumour and matched normal samples in TCGA (21
cancer types). To do this, we first retrieved ENCODE gene-TF associations (1651393 in
total) detected by ChIP-Seq experiments from the Harmonizome database (ENCODE
Project Consortium, 2004; Rouillard et al., 2016). Then, we counted the number of targets of
differentially expressed TFs (on aneuploid chromosomes for aneuploidy cases) among
differentially expressed genes (the ones located on other chromosomes were considered for
aneuploidy cases). To create a background distribution, we recounted the number of targets
of an equally sized random set of TFs for 100 iterations. Then p-value was calculated using
the background distribution by conducting a two-tailed test.

We repeated the same randomization test to understand the degree of TF regulation on the
transcript changes of complex members of aneuploid proteins in aneuploid tumours, in which
the number of targets among differentially expressed complex members of aneuploid
proteins on other chromosomes. To be able to compare the degree of different regulation
layers at the proteome and transcriptome level, for this analysis, we used aneuploidy cases

where we have proteomic data available comprising COREAD, OV, and BRCA.

10. DNA methylation analysis

To test to which degree gene promoter methylation could explain the transcriptome changes
happened on other chromosomes in aneuploid tumours and overall transcriptome
dysregulation in tumour, we used promoter-level methylation data calculated by a work done
in my host lab (Heery & Schaefer, 2021) from probe-level methylation data in TCGA
(comprising 33 cancer types, for 21 of them, methylation data is available for normal
samples). For each gene, average methylation level was calculated by taking the mean of
methylation levels of the most upstream promoter across samples. To test the statistical
significance of differential methylation between up- and downregulated genes, we used
Wilcoxon test. This was done once for differential expressed genes in aneuploid tumours
(compared to diploid tumours), and once for that in tumour samples (compared to normal
samples). To test if differential methylation could explain the transcript changes of complex
members of aneuploid proteins on other chromosomes in aneuploid tumours, we repeated
the test by considering only the genes located on other chromosomes and encoding

complex members of aneuploid proteins.
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11. Ubiquitination analysis

To test if post-translational regulation, ubiquitin-mediated degradation in particular, plays a
role in co-abundance regulation of complex members of aneuploid proteins, we, first,
obtained experimentally observed ubiquitination sites (as a proxy for ubiquitin-mediated
regulation) for human proteins from PhosphoSitePlus (Hornbeck et al., 2015). The unique
protein pair (aneuploid protein and its complex member) correlation sets for amplification
and deletions cases (see Materials and Methods “Statistical analysis”; 2772 and 3818
protein pair correlations for amplification and deletion cases, respectively, Supplementary
File 3) were used for this analysis, and only the proteins covered by PhosphoSitePlus data
were considered. For each complex member of aneuploid proteins, we counted the number
of observed ubiquitination sites, and then compared the total numbers among different
protein groups: (i) Strongly positively correlated complex members (abundance correlations
with aneuploid protein is equal to or higher than 0.4), (ii) strongly negatively complex
members (abundance correlations with aneuploid protein is lower than or equal to -0.4), (iii)
all human complex members and (iv) all human proteins. Wilcoxon test was used for the

statistical comparison.

12. Calculation of the stoichiometry deviation score and survival analysis

To measure the degree of co-abundance compensation for each TCGA sample, we focused
on protein abundance correlations between differentially abundant aneuploid proteins and
their complex members in three TCGA CPTAC cohorts for which we have available
proteomic data; COREAD, OV, and BRCA. Then, for each protein pair, we used a linear
regression model, in which protein abundance of complex member was dependent variable
while that of aneuploid protein was independent variable, to measure tumour sample
response to the change in abundance of corresponding aneuploid protein. Since residual in
a linear regression model is the measure of how far the corresponding data point is to fit the
regression line, we used residual as stoichiometry deviation score of a sample. To calculate
an overall stoichiometry deviation score for each sample, we took the mean of absolute
residuals coming from the top 30, 40, and 50 strongest tissue-specific correlation pairs
(based on absolute correlations) separately. The analysis was done separately for each
TCGA CPTAC cohort, and stoichiometry deviation scores calculated by using the top 30
strongest correlations were used for the survival analysis. Spearman method was used to
calculate correlations among the overall stoichiometry deviation scores calculated by using
different top protein pairs sets.

Clinical data for TCGA samples was downloaded from cBioPortal (Cerami et al., 2012; J.
Gao et al., 2013). To group samples based on their overall stoichiometry deviation scores,
we used survminer package (version 0.4.8) in R which is using the maximally selected rank

statistics to determine the optimal cutpoint. At the end, we obtained two groups: Samples
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with high degree of co-abundance compensation (stoichiometry deviation score is equal to
or lower than the cutpoint) and those with low degree of co-abundance compensation
(stoichiometry deviation score is higher than the cutpoint). Then, we performed survival
analysis once with overall survival and once with disease-free survival by using Kaplan
Meier method in the survival package (version 3.1.8) in R.

To compare activities of protein-degradation pathways in aforementioned sample groups,
we, first, defined proteins which are involved in proteasome complexes or related to
ubiquitin-binding based on their related GO annotations obtained from the UniProt database
(The UniProt Consortium et al., 2023). Then, the correlation between protein abundances of
the selected proteins and stoichiometry deviation scores was calculated for (i) across all
samples, and across samples with at least one detected cancer-type-specific chromosomal
(ii) amplification, and (iii) deletion by using Spearman method, separately for TCGA CPTAC
cohorts. Wilcoxon test was used to compare correlation distributions between sample

groups.

13. Frequent copy number alteration and aneuploidy patterns in cancer
Cancer-type-specific amplification and deletion CNA frequencies for 27 different segment
level, ranging from 1 Mbp to 50 Mbp, for TCGA tumour samples covering 23 cancer types;
BRCA, COREAD, OV, GBM/LGG, LUAD, LUSC, CESC, SKCM, UCS, LIHC, HNSC, PRAD,
THCA, PCPG, ESCA, STAD, KIRC, KIRP, PAAD, TGCT, MESO, SARC and BLCA), were
obtained from Alfieri et al., 2023 (Alfieri et al., 2023). Arm-level aneuploidy scores for 10,522
TCGA tumour samples, covering all 33 cancer types, were obtained from the work published
by Taylor and colleagues (Taylor et al., 2018). Chromosome-level aneuploidy scores were
calculated from the aforementioned arm-level data (see Methods and Materials “Detecting
cancer-type-specific chromosome-level aneuploidies”). To calculate cancer-type-specific
arm- and chromosome-level aneuploidy frequencies, we first counted the number of samples
with the corresponding arm-/chromosome-level alteration (amplification or deletion), and
divided this by the total number of samples. At the end, we obtained cancer-type-specific
amplification and deletion frequencies for 39 chromosome-arms, and 22 chromosomes in 31
cancer types (COAD and READ, and GBM and LGG were considered as one cancer type,
COREAD and GBM/LGG respectively to be consistent with CNA data).

14. Collection and processing of feature data

For each of the 29 segment levels (27 segments covering focal CNAs ranging from 1 Mbp to
50 Mbp, and arm- and chromosome-level aneuploidies), features (except for histone marker
scores, constitutive LADs, and distance to telomere/centromere) were inferred from
gene-level data. Therefore, we first listed all the genes located between start and end
positions of the corresponding genomic location. Since gene information was already listed

for focal CNAs in the original data, we listed genes for each arm and chromosome. For this,
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start and end positions for human chromosomes and chromosome-arms were downloaded
from The UCSC Genome Browser for the February 2009 assembly of the human genome
(hg19 - GRCh37 Genome Reference Consortium Human Reference 37
(GCA_000001405.1)) (http://genome.ucsc.edu) (Nassar et al., 2023). Human genes together
with their start and end positions were obtained from Ensembl Biomart (genome version
hg19 - GRCh37) (Howe et al., 2021). For the genes with more than one genomic location

available, the longest range was considered.

14.1. Transcriptomic and proteomic data

The Genotype-Tissue Expression (GTEx) Project was supported by the Common Fund
(https://commonfund.nih.gov/GTEX) of the Office of the Director of the National Institutes of
Health, and by NCI, NHGRI, NHLBI, NIDA, NIMH, and NINDS. The data used for the
analyses described in this thesis (i) Tissue-specific median protein abundances in 32 normal
human tissues (12627 proteins in total) provided by The Enhancing GTEx (eGTEx) and (ii)
tissue-specific median gene-level TPM values (covering 54 normal human tissues and
56200 genes) were downloaded from the GTEx Portal (GTEx Consortium, 2013). GTEXx
tissue names in proteome data were mapped to TCGA cancer tissue names, and mean
abundance was considered when there are more than one tissue name mapping to the
same TCGA cancer tissue name. TPM values were normalised by using log2 transformation.
For each segment level, for the genes located in the corresponding segment and proteins
encoded by them, we calculated median expression (mMRNA level) and median protein
abundance (protein level), respectively. We then found protein complex members of genes
located in the corresponding segment by using human known protein complex data from the
CORUM database (Giurgiu et al., 2019). By only considering partners located outside of the
corresponding segment, we calculated median expression of partners (partner mRNA level)

and median protein abundance of partners (partner protein level).

14.2. Calculation of gene density scores

For each segment level, the total number of genes located on the corresponding segment
was considered as the gene density score. Among those genes, the total number of ones
encoding for protein complex subunits (based on the CORUM data) was considered as the

density of subunits.

14.3. Density of tumour suppressors, oncogenes and essential genes

Pre-calculated tissue-general density of TSs and OGs for chromosome-arms and
chromosomes were obtained from Davoli et al. (Davoli et al., 2013).

To calculate tissue-specific density of essential genes, we first downloaded clustered
regularly interspaced short palindromic repeats (CRISPR) gene effect scores for 17931

genes across 1095 cell lines from DepMap (Dempster et al., 2019, 2021; Meyers et al.,
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2017; Pacini et al., 2021). After matching DepMap IDs of cell lines with the corresponding
TCGA tissue name, we calculated tissue-specific gene effect scores by taking the mean of
CRISPR scores in cell lines mapping to the corresponding tissue (covering 24 TCGA
tissues). Finally, the first 1000 genes were considered as tissue-specific essential genes

when they are ranked in an ascending order based on the gene effect scores.

14.4. Calculation of G/C content
G/C content for each gene was obtained from Human reference genome 37
(GRCh37/hg19). The overall G/C content for a bin was calculated by taking the mean of GC

contents of genes located on the corresponding genomic bin.

14.5. Calculation of histone marker scores

BigWig files for tissue-specific histone ChlP-Seq data covering 111 different cell/tissue types
mapping to 20 TCGA cancer types (ACC, BRCA, COREAD, DLBC, ESCA, GBM, KICH,
KIRC, KIRP, LAML, LGG, LIHC, LUAD, LUSC, OV, PAAD, SARC, SKCM, STAD, THYM)
was downloaded from Roadmap Epigenomics
(https://eqg2.wustl.edu/roadmap/web_portal/processed_data.htmi#ChipSeq_DNaseSeq)
(Bernstein et al., 2010; Roadmap Epigenomics Consortium et al., 2015). For each bin at
each segment level, we counted the number of peaks within the range of the corresponding
bin, separately for each histone mark. For this, we used the subsetByOverlaps function from
the GenomicRanges package in R (Lawrence et al., 2013). The total number of peaks was

considered as histone marker score.

14.6. Constitutive LADs

LaminB1-chromatin interactions, assayed by DamID, in human ESCs and human HT1080
cells were downloaded from the NCBI Gene Expression Omnibus (GEO) database (GEO
accession number: GSE22428) (Meuleman et al.,, 2013). LaminB1 interactions that were
detected in both cell lines were named as constitutive LADs (cLADs) while genomic regions
in which no interaction was detected in neither of the cell lines were named as interLADs.
Then, separately for chromosome-arms and chromosomes, the cLADs to interLADs ratio
was calculated. For this start and end positions for human genome version hg18 was used
since LaminB1-chromatin interactions data is mapped to human reference genome
assembly hg18 in the original publication. Human genome version hg18 for the March 2006
GenBank freeze assembly (hg18, Build 36.1) was downloaded from The UCSC Genome
Browser (http://genome.ucsc.edu) (Church et al., 2011).

14.7. Median paralog number

Paralog information for human genes was downloaded from Ensembl Biomart (genome
version hg19 - GRCh37) (Howe et al., 2021). For each gene, paralogs with an identity equal

to or higher than 60%, and those located outside of the corresponding gene’s segment were
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kept for further analysis. Tissue-specific median paralog humber was calculated for each
segment by taking the median of the number of paralogs - expressed in the corresponding
tissue (median GTEx expression is higher than zero) - of all genes located in the

corresponding segment.

14.8. Calculation of genomic distance to telomeres and centromere

For each segment level comprising focal CNAs (1 to 50 Mbp), the distances of a genomic
bin to both telomeres and centromeres were determined using cytoband data from from The
UCSC Genome Browser for the February 2009 assembly of the human genome (hg19 -
GRCh37 Genome Reference Consortium Human Reference 37 (GCA _000001405.1))
(http://genome.ucsc.edu) (Nassar et al., 2023). Telomere distance was defined as the
number of bases to the closest chromosome end. Centromere distance was defined as the
number of bases to the beginning of the centromere. Bins located within the centromeric
region were omitted from the calculation, as they inherently had a centromere distance of

Zero.

14.9. Mutation score

Mutation scores calculated based on copy-neutral segments (genomic regions which do not
show any CNAs) were obtained from Alfieri et al., 2023 (Alfieri et al., 2023) for nine cancer
types where statistically significant correlations were found between amplification frequency
and mutation score: BRCA, COREAD, GBM/LGG, LUAD, LUSC, PAAD THCA, HNSC, and
CESC.

15. Application of machine learning models

For the classification ML model, we first converted continuous cancer-type-specific
amplification and deletion frequencies to binary values. For focal-level CNAs (from 1 Mbp to
50 Mbp), we calculated quantiles of amplification and deletion frequencies, separately for
each cancer type across all the bins within the corresponding segment level. Then for the
bins with amplification/deletion frequency equal to or higher than 4th quantile, we assigned 1
representing the alteration event, and O representing neutral event. For chromosome-level
alterations, we used predefined frequently occurred aneuploidies (See Material and Methods
“‘Detecting cancer-type-specific chromosome-level aneuploidies”) and for arm-level
alterations, we used the same strategy and performed an association test to calculate if the
likelihood of the corresponding alteration is higher than expected by chance by using
chi-square test. Multiple testing correction was applied on p-values by using Holm’s method,
and events with adjusted p-value lower than or equal to 0.05, and chi-square standard
residual equal to or higher than 2 were selected as cancer-type-specific, arm-level
aneuploidies. Finally, we assigned 1 for arm and chromosomes which are defined as

frequently amplified/deleted, O otherwise.
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All cancer types pooled for application of ML models. For this, we focused on six cancer
types (BRCA, COREAD, GBM/LGG, LUAD, LUSC, and PAAD) where we had all the
features available. Two ML models were constructed: an amplification model in which we
compared amplified and neutral bins at different segment levels, and a deletion model in
which deleted and neutral bins were compared. XGBoost was used as a classification model
which is implemented using the R xgboost package (T. Chen & Guestrin, 2016). 10-fold
cross validation was used, and feature importance was obtained by using xgb.importance

function from the same package.
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Results

Chapter |
1. Widespread transcriptome and proteome dysregulation

1.1. Proteome changes in human tumours

To investigate proteomic changes during carcinogenesis, we, first, collected TMT-based
proteome quantification data for tumour and normal adjacent tissue samples available in the
CPTAC consortium for the following cohorts: COAD (Vasaikar et al., 2019), HCC (Q. Gao et
al., 2019) and LUAD (Gillette et al., 2020) comprising 365 tumour and 356 matched normal
samples. Since it was stated in the original study that no batch effect was observed in the
final processed proteome data, we did not perform batch effect correction. However, we
further verified the observation in the original papers by performing PCA, and observed no
obvious batch effect within the studies but the expected separation between tumour and
normal samples (Figure 1). We, then, detected significantly differentially abundant proteins
(adjusted p-value < 0.05, Wilcoxon test, and absolute log2FC > 1) between tumour and
normal samples within each cohort. We found a variation in the fraction of differentially
abundant proteins among the quantified proteins across different cohorts; 457 out of 6,554
proteins, 481 out of 6,478 proteins for COAD and HCC (approximately 7% of all quantified
proteins), respectively, and 3,971 out of 10,316 proteins (~38% of all quantified proteins) for
LUAD (Figure 2). The maijority of those differentially abundant proteins were down-regulated
in tumour samples (~90% for COAD and HCC, 60% for LUAD) (Figure 2).
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Figure 1. Principal component analysis on proteome data for the CPTAC cohorts COAD, HCC, and LUAD

where proteomic measurements for tumour and matched normal samples are available.

We next aimed to understand at which degree members of protein complexes are affected
by those differential abundance changes in tumour samples compared to normal samples.
To do this, we performed an association test between the detected significantly differentially

abundant proteins (up- and down-regulated proteins were pooled) and protein complex
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members obtained from the CORUM database (Giurgiu et al., 2019). We found that the
number of protein complex members showing significant abundant changes is significantly
less than expected value for 2 out of 3 cohorts (COAD and HCC; p-value < 0.0001,
chi-square test; Figure 3A). Since our main source for protein complex members (CORUM
database) relies on experimentally validated known protein complex information, and this
could introduce size bias towards highly abundant and/or easily crystallised proteins in the
comparison of complex member and non-complex member proteins, we repeated the
association test by creating a background of non-complex member proteins with the same
abundance distribution as complex member proteins. We reproduced our previous
observation that there is a depletion of differentially abundant proteins in complex proteins in
COAD and HCC cohorts. Overall, those findings suggest that protein complex members are
protected from abundance changes in tumourigenesis as stoichiometric imbalances in
protein complexes prevent proper functioning of complexes. In fact, Gongalves and
colleagues previously described similar observations for protein abundance changes

triggered by focal genomic copy number alterations (Gongalves et al., 2017).
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Figure 2. Protein abundance changes in cancer. Differential protein abundance changes between tumour and
normal samples in COAD, HCC, and LUAD cohorts. Significantly differentially abundant proteins in tumour
samples are represented by dark green and dark red colours respectively for down- and up-regulated proteins

(adjusted p-value < 0.05, Wilcoxon test, and absolute log2FC > 1).

Differently from COAD and HCC cohorts, where around 90% of the differentially abundant
proteins were down-regulated, we observed a relatively higher proportion of up-regulated
proteins in the LUAD cohort (Figure 2). Therefore, we performed the association test
separately for up- and down-regulated proteins to assess differences in their overlap with the
protein complex subunits. Consistent with the COAD and HCC cohorts, we observed a
significant depletion of protein complex subunits in down-regulated proteins (p-value =
8.42e-19, chi-square test) while up-regulated proteins were significantly enriched in protein
complex subunits (p-value = 6.28e-17, chi-square test) (Figure 3B). The overall strong
depletion of protein complex members among down-regulated proteins further suggest that
complexes are protected from downregulation of their members since the lack of subunits in
a complex will prevent the proper functioning of the complex, which might be more

detrimental for the tumours than upregulation of subunits.
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Figure 3. Depletion of protein complex members in differentially abundant proteins. (A) The expected and
observed number of differentially abundant proteins in complex subunits. (B) The expected and observed number
of complex subunits in up- and down-regulated proteins in LUAD cancer. Chi-square test was used to determine
if the difference between expected and observed values is statistically significant (n.s: no statistical significance;
****: p < 0.0001).

In summary, we observed that protein complex members are, to a certain degree, protected
from downregulation in cancer. However, cancer is characterised with many protein
abundance changes (Guang et al., 2019). Indeed, we found that protein abundances across
tumour samples showed a higher variation when compared to those in the matched normal
samples in all of the 3 cohorts (p-value < 0.0001, t-test; Figure 4). Therefore, we further
aimed to understand whether co-regulation differs between complex member proteins and
non-complex member proteins. To do this, we first included the TCGA CPTAC proteome
data (for which there is no matched normal samples, hence had been excluded from the
differential abundance analysis) for the following cohorts; COREAD (The Cancer Genome
Atlas Network, 2012; the NCI CPTAC et al., 2014), OV (Cancer Genome Atlas Research
Network, 2011; Zhang et al., 2016), and BRCA (Cancer Genome Atlas Network, 2012;
Mertins et al., 2016). Then, for all six cohorts, we calculated protein abundance correlations
for all possible pairs of proteins covered by CORUM complexes across tumour samples by
using Spearman method. We found that the distribution of correlations among proteins
involved in the same complexes (co-complex members) is significantly higher than that
among proteins which are members of different complexes (p-value < 2.2e-16, Wilcoxon

test; Figure 5).
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Figure 4. Overall proteome variation in cancer. The difference between the distribution of standard deviations

of protein abundances in tumours and matched normal samples. Statistical significance was tested by t-test.
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Together these observations suggest that the ways proteins interact within protein
complexes impose limitations on dysregulation of protein abundances in cancer, and have

an impact on the strength of co-abundance patterns.
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Figure 5. Abundance correlations between members of the same protein complexes. Spearman correlation
coefficients of protein pairs across tumour samples. Pairwise correlations were calculated across tumour
samples, separately in each cohort (LUAD, COAD, HCC, BRCA, OV, and COREAD) and then pooled. Wilcoxon
test was used to test if two distributions are significantly different.

1.2. Transcriptome and proteome changes in aneuploid tumours

In the previous section, we characterised proteome-level dysregulation during tumorigenesis
and provided evidence that being involved in protein complexes shapes those dysregulation
patterns to avoid stoichiometric imbalances in complexes, and thus improper functioning.
Considering that majority of cancer genomes are aneuploid, 90% for solid tumours,
(Ben-David et al., 2019; Taylor et al., 2018), we further aimed to study the effect of
chromosome-level aneuploidies on cancer transcriptomes and proteomes in aneuploid
tumours. To do this, we first used publicly available cancer aneuploidy estimates (Taylor et
al., 2018) for 10,522 TCGA samples, and identified cancer-type-specific, chromosome-level
amplifications and deletions that occurred at significantly higher frequencies than would be
expected by change (adjusted p-value <= 0.05 and standard residuals > 2, chi-square test).
In total, we detected 203 cancer-type-specific, chromosome-level aneuploidies including 86
amplifications and 117 deletions comprising 32 TCGA cancer types (Figure 6;
Supplementary File 2). Then, for each detected aneuploidy, we split the samples into two
sets; those containing the respective chromosome number alteration and those diploid for
the respective chromosome, and performed differential gene expression analysis to detect
differentially expressed genes between aneuploid and diploid samples by using Wilcoxon
test. We found that nearly half of the genes located on aneuploid chromosomes changed
expression: 41% and 48% of genes, on average, located on amplified and deleted
chromosomes, respectively (Figure 7). In addition to those intuitively expected expression

changes on the aneuploid chromosomes, we observed a surprisingly large number of
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expression changes happening on other, typically diploid chromosomes: On average 15%

and 18% of genes for amplification and deletion cases, respectively (Figure 7).
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Figure 6. Cancer-type-specific, whole-chromosome-level alterations across 32 TCGA cancer types. The
colour encodes the degree of their enrichment (standard residuals of the chi-square test multiplied by the
alteration score: —1 in the case of deletion and 1 in the case of amplifications). Cancer types for which the
proteomic data is available are indicated in bold.

We then aimed to further understand the effect of transcriptome changes in response to
aneuploidy on the proteome. To do this, we obtained corresponding proteomic quantification
data from CPTAC for 298 TCGA tumour samples comprising COREAD (The Cancer
Genome Atlas Network, 2012; the NCI CPTAC et al., 2014), OV (Cancer Genome Atlas
Research Network, 2011; Zhang et al., 2016), and BRCA (Cancer Genome Atlas Network,
2012; Mertins et al., 2016). Among the detected 203 cancer-type-specific, chromosome-level
aneuploidies, 13 amplification and 20 deletions cases were found in those 3 cancer types
(Figure 6). For those 33 aneuploidy cases, we detected protein abundance changes
between aneuploid samples (with the amplified/deleted chromosome) and diploid samples.
When compared to corresponding transcriptome changes, we observed that a relatively
smaller number of proteins showed abundance changes (after the normalisation for the
largely different gene coverage between transcriptome and proteome datasets): For
aneuploid chromosomes, 24% and 33% of proteins respectively for amplified and deleted
chromosomes, and for other chromosomes, 13% and 16% for amplification and deletion
cases (Figure 7).
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Figure 7. Transcriptomic and proteomic changes in aneuploid tumours. Average percentage of differentially
expressed genes or abundant proteins on aneuploid and other, non-aneuploid chromosomes (among the
detected genes on the respective chromosomes).

To better understand the crosstalk between transcriptome and proteome changes, we
compared at which proportion the proteomic changes are covered by the corresponding
transcriptomic changes. We found that, on average, 76% and ~90% of proteomic changes
happening on amplified and deleted chromosomes, respectively, are differentially expressed
on the transcriptome level (Figure 8). On the other hand, we observed a relatively smaller
portion of proteomic changes happening on other chromosomes is covered by the
corresponding transcriptomic changes (on average, 26% and 36% of genes respectively for
amplification and deletion cases; Figure 8). These results together with overall
transcriptomic and proteomic changes happening on aneuploid and other, typically diploid
chromosomes, suggest the role of transcriptional control in dosage compensation for genes
on the aneuploid chromosomes; however, translational or post-translational control is more

prone on the regulation of genes found on other chromosomes.

Amplification cases Deletion cases
Aneuploid chromosome Other chromosomes Aneuploid chromosome Other chromosomes
Proteomic changes
. Covered by transcriptomic changes Not covered by transcriptomic changes

Figure 8. Crosstalk between transcriptomic and proteomic changes in aneuploid tumours. Overall
proteomic changes covered by corresponding transcriptomic changes in aneuploid and other, non-aneuploid

chromosomes, separately for amplification and deletion cases.

Finally, we investigated the molecular pathways associated with dysregulation patterns in
aneuploid tumours separately for transcriptomic and proteomic changes. To do this, we

focused on frequently differentially expressed genes and abundant proteins across all
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detected aneuploidy cases (13 amplification and 20 deletion cases comprising COREAD,
OV, and BRCA cancer types where we have both transcriptome and proteome data
available), and performed GO analysis. We found that frequently dysregulated genes and
proteins in aneuploid tumours are related to GO terms belonging to cell cycle and cell cycle
processes (Supplementary File 4) further supporting the previous findings: One of the
major consequences of aneuploidy is its impact on cell proliferation (Santaguida & Amon,
2015).

Overall these observations suggest that attenuation mechanisms are in place, and we
observe regulation both on transcription and translation level which prevent that all genes
located on the aneuploid chromosomes are deregulated. At the same time, we observed a
surprisingly large number of dysregulation events on chromosomes other than the aneuploid
one raising the question of the purpose of the up- and downregulation of hundreds of genes

in response to specific aneuploidies.

1.3. Contribution of co-occurrence of different aneuploidies to overall transcriptome

dysregulation on other chromosomes

A systematic statistical analysis on over 15,000 cancer karyotypes previously showed a high
co-occurrence rate of chromosomal gains with other gains, and losses with other losses
(Ozery-Flato et al., 2011) suggesting that co-occurrence of different aneuploidies could serve
as compensation mechanism to keep a balance among altered proteins and maintain
cellular fitness (Ozery-Flato et al., 2011). Therefore, we aimed to test if co-occurrence
patterns of chromosomal amplifications and deletions could explain the relatively high
number of differentially expressed genes on other chromosomes in aneuploid tumours. To
do this, for each of the 203 cancer-type-specific, chromosome-level amplifications and
deletions, we first tested the statistical dependence of occurrence of other
amplification/deletion events by using chi-square test. We identified 305 co-amplifications
and 672 co-deletions that occurred more frequently than expected by chance covering 60
out of 86 detected amplifications and 90 out of 117 detected deletions, respectively
(adjusted p-value <0.01, chi-square test; Supplementary File 2). Then, for each detected
co-occurrence event, we quantified the contribution of the co-altered chromosome to the
transcriptional dysregulation by dividing the number of differentially expressed genes located
on the co-altered chromosome to the total number of genes on that chromosome. Finally, we
compared the average contribution of co-altered chromosomes to that of non-co-altered
chromosomes across all the detected co-amplification and co-deletion events. We found that
there is no significant difference between the medians of these chromosome groups both for
chromosomal amplifications and deletions (p-value = 0.4 and p-value = 0.39 respectively for
amplifications and deletions, paired Wilcoxon test; Figure 9) suggesting that they do not

substantially contribute to the overall transcriptional dysregulation on other chromosomes.
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Figure 9. Contribution of co-amplification and co-deletion events to overall transcriptional dysregulation
in aneuploid tumours. (A) Average percentage of differentially expressed genes on co-amplified and non
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expressed genes on co-deleted and non co-deleted chromosomes across 90 chromosome-level deletions. Paired

Wilcoxon test was used to test differences between the groups.

2. Members of the same complexes and proteins interacting through

physical interactions tend to be co-deregulated

2.1. Protein-protein interactions within complexes constrains proteome dysregulation

in human tumours

Analysis of proteomic changes in human tumours (see Results - Chapter | “Proteome
changes in human tumours”) showed that tumour samples are characterised with relatively
higher variation in protein abundances compared to normal samples; however, there is a
certain level of buffering on protein complex members protecting them from this
deregulation. Moreover, we showed that protein abundances of the same complex members
are strongly co-regulated. Therefore, we further aimed to investigate how exactly the
dynamics of protein complex organisation and the interactions between their members affect
those co-abundance regulation in tumours. For this aim, we first collected protein structure
data, protein quantification data in different cell lines, binding interface information and
biochemical properties for PPls from different sources (see Materials and Methods
“Classifying proteins and protein interactions”), and systematically categorised different
interaction types into five classes; stoichiometric ratio between proteins, co-occurrence
frequency of proteins, context-specific vs. general interactions, competitive vs. cooperative
interactions, and transient vs. permanent interactions (Table 1). Then, we calculated protein
abundance correlations among all possible pairs of quantified proteins, separately for all six
cohorts (COAD, HCC, LUAD, COREAD, OV, and BRCA), and tested which of the
pre-defined protein interaction categories could explain differences in the strength of

abundance correlations in human tumours.
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Table 1: Systematic categorization of PPIs and proteins: Interaction types and protein properties, the source
from which the interaction or protein information is obtained, and cartoon illustration of the corresponding

category where nodes represent proteins.

Category Source Representation
Stoichiometric ratio PDB
(Even vs. uneven ratio) Berman et al. (2000) Even ratio Uneven ratio

Co-occurrence frequency

Co-occurrence frequency CORUM ' ‘ for @ and @:
Giurgiu et al. (2019) ‘ '

Jaccard index = 2/3

Context-specificity BioPlex Interactome —e \ b General interactions
= ifi i i i — Context-specific
(Context-specific vs. general interactions) | Hulttlin et al. (2021) A interactions
Binding similarity Interactome INSIDER ..:'/.\./—_’ @ Cooperative interactions
(Competitive vs. cooperative interactions) [ Meyer et al. (2018) [ ] —»._&./.—_> @ Competitive interactions
Stability of PPI Block et al. (2006) @+ ® — @—@ Permanent interactions
(Transient vs. permanent interactions) Mintseris and Weng (2003) | @+ @® — @- -@ Transient interactions

Proteins are involved in protein complexes with certain amounts relative to each other
(Taggart et al., 2020), and keeping this stoichiometric ratio in balance is important for proper
functioning of the cell. Therefore, we hypothesised that the stoichiometric ratio between
protein complex members could limit the abundance dysregulation of proteins in tumours. To
test this, we first calculated stoichiometric ratios among the members of protein complexes
obtained from the RCSB PDB (in total, 8,388 human heteromeric protein complexes)
(Berman et al., 2000). Then we compared protein abundance correlations between proteins
involving in complexes with an even stoichiometric ratio (e.g. 1:1, 2:2, 4:4) to those with
uneven stoichiometric ratio (e.g. 1:2, 3:1, 1:2) separately for each cohort. We found that
protein pairs with even stoichiometric ratio are related to significantly stronger correlations
than those participating complexes with uneven stoichiometric ratio (p-value < 0.0001,
Wilcoxon test; Figure 10). To further understand if the stoichiometric ratio would have an
impact on the strength of the abundance relationship between proteins, we performed a
linear regression model for each pair and compared the steepness of the regression curve
between protein pairs with an even and those with an uneven stoichiometric ratio. When
considered only the significant models (coefficients are different from zero, p-value < 0.05,
linear regression model), we found that positively correlated protein pairs with even
stoichiometric ratio show significantly higher slopes than those with uneven stoichiometric
ratio for 4 out of 6 cohorts (p-value < 0.0001, Wilcoxon test; Figure 11A). We observed the
opposite association for negatively correlated protein pairs (significant for 2 out of 6 cohorts,
p-value < 0.05, Wilcoxon test; Figure 11B). Overall our observations make sense since a
relatively higher degree of compensation will be needed for protein complex members
involved in complexes with higher number of copies relative to each other when a protein

from the same complex is upregulated.
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Figure 10. Effect of stoichiometric ratio between proteins to co-abundance regulation. Comparison of

protein level correlations of proteins involved in complexes with an even stoichiometric ratio to those with an

uneven ratio in BRCA, COREAD, OV, COAD, HCC, LUAD. Wilcoxon test was used for the statistical comparison.

Another category that we tested is co-occurrence frequency of interacting proteins in
complexes as some proteins could be found together in many complexes while others only
appear in a few complexes. For all possible protein pairs among the CORUM protein
complex subunits, we counted how many times a protein pair co-occur in the same complex
as a representative of co-occurrence frequency, and then compared it between different
protein-level correlation groups separately for each of the six cohorts. We found that protein
pairs showing positive abundance correlations tend to co-occur in the same complexes more
than their negatively correlated counterparts, consistently for each cohort (p-value < 0.0001,
Wilcoxon test; Figure 12). This is in line with our expectation as frequent co-membership in
complexes means a larger number of complexes will depend on the proper abundance ratios

between the two proteins and this will increase the need for coregulation of the protein pair.
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Figure 11. Linear regression analysis for protein abundances. Comparison of distributions of slopes from the
linear regression analysis between protein pairs with even and uneven stoichiometric ratios for each cohort
(BRCA, COREAD, OV, COAD, HCC, LUAD). (A) Positively correlated proteins and (B) negatively correlated
proteins. After regression analysis, only the significant results (p < 0.05, linear regression model) were
considered.

Even though proteins are interacting with each other in a well-defined manner, some
interactions are highly dependent on cellular context (Barrera-Vilarmau et al., 2022).
Therefore, we tested whether context-specificity of protein interactions impact on protein
abundance correlations between protein pairs. To do this, we obtained experimentally
determined cell-line specific PPIs (as a proxy for the interaction specificity) from the BioPlex
Interactome (Huttlin et al., 2021), and classified protein pairs as context-specific and general
interactions depending on their detection in only one of the two cell lines or in both. We
found that proteins interacting in both cell lines, general interactions, are related to
significantly stronger abundance correlations than those interacting in a context-specific
manner in each of the six cohorts (p-value < 0.0001, Wilcoxon test; Figure 13). The result
makes sense since general interactions tend to be less affected by different cellular contexts

leading to an expectation of more control in the regulation of their co-abundance changes.

BRCA p <2.2e-16 COREAD p <2.2e-16 ov p <2.2e-16

1.00+%

o
N
v
n
o
N
a

o
N
v

Co-occurrence frequency
o <}
S a
7 s .
Co-occurrence frequency
o
3

Co-occurrence frequency
g

o
Q
S
=3
=3
=]

0.00=
Negative (n=11504) Positive (n=23974) Negative (n=5929) Positive (n=18017) Negative (n=2719) Positive (n=27640)

_COAD  ; 22e-16 HCC b <22e-16 (LUAD < 22e-16

H
)
(=]
-
8
(=]
5

=
8

o
N
v
n
o
N
v
n
o
N
v
n

o
&
S
4
&
o
T
o
&
S
%

o
N
v
o
N
v
x

Co-occurrence frequency
o
2
4y

Co-occurrence frequency
Co-occurrence frequency

0.00= 0.00=
Negative'(n=4070) Positive (n=24769) Negative'(n=1999) Positive (n=24896) Negat\ve' (n=378% Positive (n=23406)

I3
$

Figure 12. Co-occurrence of protein pairs and its effect on co-abundance regulation. Comparison of
co-occurrence frequency of positively and negatively correlated proteins in BRCA, COREAD, OV, COAD, HCC,

LUAD. Wilcoxon test was used for the statistical comparison.

While some proteins bind to few partners, some have multiple partners binding at similar
(overlapping) interaction sites (Keskin & Nussinov, 2007). Therefore, we aimed to test if

competing for binding affects co-abundance changes in human tumours. To identify
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competitive and cooperative interactions, we first obtained binding interfaces for
experimentally determined human binary interactions from Interactome INSIDER (Meyer et
al., 2018). Then, for protein pairs binding to another shared partner, we calculated a score to
measure how similar their corresponding binding region on their shared partners (see
Materials and Methods “Competitive and cooperative interactions”). Finally, we grouped
protein pairs as competitive and cooperative based on this score. We observed that
competitively interacting proteins have significantly higher correlations than cooperatively
interacting proteins, consistently for 5 out of 6 cohorts (p-value < 0.05, Wilcoxon test; Figure
14). This can be robustly reproduced when comparative and cooperative interactions were
grouped based on different binding similarity scores (Figure 15). This observation surprised
us as we expected weaker or negative correlations between competitively interacting
proteins as those, by definition, should not participate in the same complex at the same time,

and hence an opposing expression pattern would be expected.
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Figure 13. Proteins interacting with each other independently from the context are related to higher
co-abundance regulation. Protein level correlations of proteins interacting in context-specific and general
manner in BRCA, COREAD, OV, COAD, HCC, LUAD. Wilcoxon test was used for the statistical comparison.

Based on stability, PPIs are classified as permanent and transient interactions. We obtained
permanent and transient interactions estimated by machine learning algorithms based on
physicochemical properties of PPIs from Minteris and Weng, 2003 (Mintseris & Weng, 2003)
and Block et al., 2006 (Block et al., 2006), and then compared protein level correlations
between those two groups. For 3 out of 6 cohorts (COREAD, COAD, and HCC), we
observed consistent trends: Permanent interactions correspond to stronger correlations
while relatively weaker, transient interactions were observed between proteins whose
abundances are less dependent on each other (p-value < 0.05, Wilcoxon test; Figure 16).
This is expected as the transient interactions are more flexible for a change in binding

partners during the assembly of complexes (Nooren & Thornton, 2003).
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Figure 15. Comparison of protein abundance correlations between competitive and cooperative
interactions when they were grouped based on different binding similarity score cut-offs. Each panel shows the
comparison between groups categorised based on a certain cut-off for all cohorts (BRCA, COREAD, OV, COAD,
HCC, LUAD). The interaction between two proteins is competitive, if the binding similarity score is equal to or
larger than (A) 0.2, (B) 0.3, (C) 0.4, (D) 0.5, and (E) 0.6, otherwise cooperative.
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Figure 16. Permanent and transient PPls and their protein level correlations in BRCA, COREAD, OV,
COAD, HCC, LUAD. Wilcoxon test was performed to compare correlations between two groups in each class of
PPls.

2.2. Proteome-level dysregulation on non-aneuploid chromosomes could be

explained by co-deregulation of members of the same complexes

Transcriptome and proteome characterization in aneuploid tumours revealed that there is a
certain level of buffering on the expression levels of genes located on the altered
chromosomes both at transcriptome and proteome level. Moreover, we found a surprising
degree of dysregulation of genes found on other chromosomes. In the previous section, we
showed that properties of proteins and the ways they organise into complexes impact on
proteome-level dysregulation in human tumours. Therefore, we wondered if the same
constraints could explain the abundance changes happening on other, partially diploid,
chromosomes, in aneuploid tumours. To test this, we first identified co-complex members
(proteins that are involved in the same protein complexes - complex partners) of differentially
abundant proteins encoded on aneuploid chromosomes by using human protein complex
information from the mammalian protein complex database CORUM (Giurgiu et al., 2019),
and then performed an association test between those and differentially abundant proteins
encoded on other chromosomes. We observed a general tendency for the differentially
abundant proteins of other chromosomes to be complex partners of differentially abundant
proteins from the aneuploid chromosome for both chromosome-level amplifications and
deletions (p-value < 0.05, chi-square test; Figure 17). We found a moderate percentage (in
average is 4.47%; Supplementary File 5) of differentially abundant proteins on other
chromosomes being partners of those on aneuploid proteins. However, the coverage of
proteins with CORUM complex information is rather limited (22% of proteins form part of at
least one complex in CORUM). When only proteins participating in at least one complex
were considered, the average fraction of partner proteins among differentially abundant

proteins increased to 12.61% (Supplementary File 5). Moreover, comparing protein

47


https://www.zotero.org/google-docs/?uvAbaV

Amplifications Deletions

30= 30=

E 0 3 £ 1 6
§ 204 n= n= § 20+ n= n=
8 &

(=] o

_?’10. _?’10- .

e

1o

o=

,'2 5 :5 .5
Standard residuals Standard residuals

@ Enrichment e@Depletion  Not significant

Figure 17. Enrichment of partners of aneuploid proteins in differentially abundant proteins on other
chromosomes. Standard residuals and p-values for the overlap between co-complex members of differentially
abundant proteins on aneuploid chromosomes and differentially abundant proteins on other chromosomes for 13

amplifications and 20 deletions.

abundance correlations between differentially abundant proteins on aneuploid chromosomes
and their co-complex members with non-complex members showed significantly stronger
correlations between proteins of same complexes (p-value < 2.2e-16, Wilcoxon test; Figure
18). Those observations are in line with previous findings claiming that complex organisation

shapes protein abundance changes in response to CNA (Sousa et al., 2019).

2.04 p < 2.2e-16
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Figure 18. Co-abundance regulation of co-complex members in aneuploid tumours. Protein abundance
correlations between differentially abundant proteins on aneuploid chromosomes and their co-complex and
non-complex subunits. Correlations were calculated across tumour samples, separately for each cancer type,

and then pooled. Wilcoxon test was used to determine whether two distributions are significantly different.

To investigate whether our observations can be generalised to binary PPls, we used PPI
data from the human protein-protein interaction database HIPPIE (v2.2) (Alanis-Lobato et
al., 2017) to test if the number of interactions between differentially abundant proteins
encoded on the aneuploid and those on other chromosomes is higher than expected by

chance. Indeed, we found an enrichment of interactions between those protein sets in 9 out
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of 13 cancer type-specific amplifications and 8 of the 20 deletions (p-value < 0.05,
randomization test; Figure 19, Supplementary File 6). Given the higher coverage of PPI
data, we asked again which percentage of differentially abundant proteins on other
chromosomes could be potentially explained by their interactions with complex members on
aneuploid chromosomes. We found that on average 27.5% of the differentially abundant
proteins on other chromosomes interact with those on the aneuploid chromosomes
(Supplementary File 6). For example, for chromosome 7 in COREAD and chromosome 12
in OV, more than 40%, and for chromosome 5 in BRCA, more than 30% of the differentially

abundant proteins interacted with proteins on the amplified chromosomes.

Observed number
0,006+ n=701

0.0004 ]

400 500 600 700
Number of protein-protein interactions

Figure 19. Enrichment of partners of aneuploid proteins in differentially abundant proteins on other
chromosomes when binary interaction data is used. The number of protein-protein interactions (PPIs; n=701)
between differentially abundant proteins of aneuploid chromosomes and those on other chromosomes against

the background distribution for COREAD chromosome 7 amplification.

We hypothesised that these abundance changes should only affect co-complex members of
differentially abundant proteins on aneuploid chromosomes, but that non-partner complex
members should maintain their abundance level to prevent stoichiometric imbalances. To
test this, we performed an association test for the overlap between differentially abundant
proteins on other chromosomes and all known human complex members curated from
CORUM. As a result of this, we found a significant depletion of complex subunits in
differentially abundant proteins on other chromosomes for amplification cases (p-value <
0.05, chi-square test; Figure 20). This suggests that complex members overall are stably
expressed to prevent disruption of complex stoichiometry upon chromosomal amplification.
This effect was not observed in the case of chromosomal deletions in which differentially
abundant proteins of other chromosomes are significantly enriched in complex proteins
(p-value < 0.05, chi-square test; Figure 20).

In contrast to our observations at the proteome level where we observed a consistent pattern
of enrichment for co-regulation of co-complex members, we observed both strong
enrichments and depletions of co-complex members of proteins encoded by differentially

expressed genes on aneuploid chromosomes in the differentially expressed genes on other
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chromosomes (adjusted p-value < 0.01, chi-square test; Figure 21A). In addition, we

observed a significant enrichment of protein complex subunits among the differentially
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Figure 20. Buffering on abundances of protein complex members of other chromosomes in aneuploid
tumours. Standard residuals and p-values for the overlap between CORUM complex subunits and differentially

abundant proteins on other chromosomes for 13 amplifications and 20 deletions.

expressed genes on other chromosomes for 19 out of 28, and 20 out of 31 significant
associations for amplification and deletion cases, respectively, at the transcriptome level
(adjusted p-value < 0.01, chi-square test; Figure 21B). The lack of consistency for
co-regulation of co-complex members at the transcriptome level suggests

post-transcriptional compensatory mechanisms to control abundance changes induced by

aneuploidy.
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Figure 21. Transcriptome-level changes on other chromosomes. Standard residuals and adjusted p-values
for the overlap between (A) co-complex members of differentially expressed genes on aneuploid chromosomes
and differentially expressed genes on other chromosomes, for 203 detected cancer-type-specific aneuploidies;
86 amplifications and 117 deletions, and (B) CORUM complex subunits and differentially expressed genes on

other chromosomes.
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2.3. Co-deregulation of members of the same complexes as a compensatory

mechanism to prevent stoichiometric imbalances in complexes and aggregation

The main expected detrimental effect of chromosomal amplifications is an excess of protein
abundance of complex members leading to an aggregation of the orphan proteins (rather
than a loss of function of the complex as would be expected for insufficient expression for
complex assembly as a consequence of chromosome deletion) (Santaguida et al., 2015).
We therefore tested if aggregation-prone proteins on the amplified chromosome show a
higher tendency for strong correlations with their complex partners on other chromosomes.
We grouped aneuploid proteins as aggregation-prone and non-aggregation-prone based on
the data from Maatta et al (Maatta et al., 2020), and compared their protein-level abundance
correlations with their complex partners. Indeed, we observed stronger correlations for
aggregation-prone proteins as compared to their non-aggregating counterparts (p-value <
2.2e-16, Wilcoxon test; Figure 22A). This suggests that upregulating the protein expression
of genes on chromosomes not affected by aneuploidy themselves serves as a compensatory
mechanism to prevent proteotoxicity triggered by the aggregation of non-paired complex

members located on the aneuploid chromosome.
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Figure 22. Compensatory mechanisms preventing aggregation of orphan subunits partly explain
abundance changes on other chromosomes. (A) Protein abundance correlations between differentially
abundant proteins on aneuploid chromosomes and their co-complex members on other chromosomes when
aneuploid proteins are grouped as aggregation-prone and non-aggregation-prone. (B) Aggregation propensity of
co-complex members of aneuploid proteins in the case of deletions. Protein abundance correlations between
differentially abundant proteins on aneuploid chromosomes and their co-complex members on other
chromosomes when co-complex proteins are grouped as aggregation-prone and non-aggregation-prone, in

deletion cases. Wilcoxon test was used to test differences between groups.

We hypothesised that in the case of chromosomal deletions, the aggregation propensity of
downregulated proteins on the aneuploid chromosome should not affect the degree of
correlation with complex partners. Indeed, we observed aggregation-prone proteins to be not

related to stronger correlations with their complex partners on other chromosomes when
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they are encoded on deleted chromosomes (Figure 22A). This is likely the case as
downregulating those proteins would not leave them as orphan subunits and hence increase
their risk of aggregation. However, one would expect that aggregation propensity of
co-complex members of downregulated proteins of the deleted chromosomes should have
an effect on the co-abundance correlations as this will leave them as orphan subunits. To
test this, we compared the co-abundance correlation of proteins of deleted chromosomes
with their aggregating co-complex members to non-aggregating ones. We found that deleted
aneuploid proteins have significantly stronger correlations with their aggregating co-complex
members (p-value = 0.045, Wilcoxon test; Figure 22B).

Assuming that the regulation of proteins on other, non-aneuploid chromosomes serves to
prevent stoichiometric imbalance of protein complexes, we speculated that for proteins that
are in many complexes there are more ways of being abundance-compensated by a
complex partner compared to those proteins participating in few complexes and therefore
each single partner should be under less stringent control for coexpression with the
aneuploid protein. We therefore classified each aneuploid protein into promiscuous
(participating in more than 5 complexes) and non-promiscuous (involved only in 5 or less
than 5 complexes). As expected, we observed weaker correlations for promiscuous proteins
of amplified chromosomes (p-value = 6e-16, Wilcoxon test; Figure 23) further supporting the
model in which differential abundance of proteins on other chromosomes is a compensatory
mechanism. We did not observe the same association in the case of chromosomal deletions
(Figure 23).
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Figure 23. Compensatory mechanisms preventing imbalances in complexes partly explain abundance
changes on other chromosomes. Protein abundance correlations between differentially abundant proteins on
aneuploid chromosomes and their co-complex members on other chromosomes when aneuploid proteins are

grouped as promiscuous and non-promiscuous. Wilcoxon test was used to test differences between groups.

Finally, we hypothesised that proteins co-occurring in many complexes should show stronger
correlation as proteins found only in a few cases together in the same complex. Indeed, we
found significant differences in the number of times aneuploid proteins and their positively

correlated co-complex members were found together in the same complex vs their

52



uncorrelated or negatively correlated co-complex members (p-value = 2.2e-12 and p-value =
2.8e-14 for chromosomal amplifications, p-value = 0.004 and p-value = 7.4e-05 for deletions;
Figure 24). This, again, illustrates how complex organisation shapes the co-abundance
patterns between differentially abundant proteins from the aneuploid chromosome and those

located on other chromosomes.

Deletions
1.2% p = 7.4e-05
p = 0.004

Ampilifications

"
N

p=2.8e—14
p=22e-12

0.9+

o
o

# of Complexes(A andB)/# of Complexes(A or B)
# of Complexes(A andB)/# of Complexes(A or B)

0.6+

0.34

o
W

o
=}

Negative Non—correlated Positive Negative Non—correlated Positive
n=348 n=756 n=1668 n=723 n=759 n=2336

Figure 24. Proteins frequently co-occurring in many complexes with their aneuploid partner are related to
stronger co-abundance regulation. Co-occurrence frequency of differentially abundant proteins on aneuploid
chromosomes and their co-complex members on other chromosomes in different correlation groups, positively
and negatively correlated and non-correlated co-complex members of aneuploid proteins. Wilcoxon test was

used to test differences between groups.

3. Functional selection acting on keeping stoichiometry in check

In the previous sections, we proposed that co-abundance changes of protein complex
partners is a compensation mechanism to prevent stoichiometric imbalance in protein
complexes to avoid proteotoxicity of orphan subunits. We next wondered if besides
biophysical (such as aggregation propensity) any functional properties would protect
complexes and complex subunits from abundance imbalance in aneuploid human tumours.
To this end, we first retrieved the most strongly correlated co-complex members of
differentially abundant aneuploid proteins and identified the complexes they are involved in.
Then, we obtained functional annotations of the complexes from the CORUM database. To
identify functions under stronger protection from protein abundance imbalance in complexes,
we computed the enrichment of these functions compared to a random set of complexes
under relaxed stoichiometric protection. The analysis revealed that top correlated proteins
form complexes that are frequently involved in translation (mainly driven by ribosomal
proteins; see Materials and methods section “Functional annotations of protein complexes”),
RNA splicing, RNA processing and protein complex assembly (Figure 25; Supplementary
File 7). Interestingly, the functional enrichment is consistent for amplifications and deletions
suggesting that not just compensatory mechanisms to prevent proteotoxicity contribute to

the dysregulation of proteins on other chromosomes but also functional selection is in place,
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acting on important cancer-essential functions up- or down-regulating entire protein

complexes while keeping their stoichiometry in check.
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Figure 25. Enrichment of functional terms in complexes of top correlated proteins in aneuploid tumours -
Part I. Most frequently enriched terms in the amplification and deletion cases. Frequency shows the number of
aneuploidy cases in which the corresponding term is significantly enriched (* Enrichment is mostly driven by

ribosomal genes).

To quantitatively compare the degree of enrichment between the functional terms associated
with balance-protected complexes, we devised an enrichment score (see Materials and
methods section “Functional annotations of protein complexes”) and compared it for the top
enriched or depleted functions between amplifications and deletions. We observed that top
correlations in the deletion cases are related to stronger enrichment scores when compared

to their counterparts in the amplification cases (Figure 26).
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Figure 26. Enrichment of functional terms in complexes of top correlated proteins in aneuploid tumours -
Part Il. Enrichment scores of enriched terms both in amplification and deletion cases. For the functional term that
is enriched in more than one amplification/deletion cases, the enrichment score of the ones with the lowest

p-value is displayed (* Enrichment is mostly driven by ribosomal genes).
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4. Levels of regulation of dysregulation on other chromosomes in

aneuploid tumours

4.1. The dysregulation on other chromosomes cannot be fully explained by

epigenetic and transcriptional control

Previous studies have revealed the role of epigenetic and transcriptional regulatory
mechanisms in cancer: Differential DNA methylation and dysregulation of transcription
factors mediate aberrant gene expression in cancer (Baylin & Herman, 2000; Bushweller,
2019; Ehrlich, 2002). Thus, we further aimed to disentangle the different regulatory layers
underlying expression changes on other chromosomes induced by aneuploidy. We first
tested if differential DNA methylation (epigenetic silencing) of the promoters of genes could
explain the corresponding expression changes in aneuploid samples. Therefore, we focused
on differentially expressed genes of other chromosomes, and compared average DNA
methylation levels of those genes in aneuploid samples to diploid samples, separately for
up- and downregulated genes. We found that downregulated genes are significantly related
to higher methylation levels in aneuploid samples in only 6 amplification cases out of 86
(~7%) and in 5 deletion cases out of 117 (~4%) (p-value < 0.05, Wilcoxon test; Figure 27A).
We observed significant associations between lower methylation level and upregulated
genes in aneuploid samples for few cases (10 out of 86 amplification cases and 16 out of
117 deletion cases) (p-value < 0.05, Wilcoxon test; Figure 27B). This suggests that
epigenetic regulation does not have a substantial contribution to the described genome-wide

changes in gene expression induced by aneuploidy.
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Figure 27. The contribution of promoter methylation on dysregulation patterns of other chromosomes.
Average methylation level of (A) downregulated and (B) upregulated genes in aneuploid vs diploid samples.
Wilcoxon test was used to test differences in methylation level of genes between aneuploid and diploid samples

(*: p-value < 0.05). Each dot represents median methylation level in a cancer-type-specific aneuploidy case, and

those where we observed significant differences in methylation change were highlighted with bigger point size.
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We then asked if differential expression of TFs on the aneuploid chromosome could explain
the large transcriptional changes on other chromosomes. We therefore tested for a large list
of ENCODE gene-TF associations if there is an enrichment of targets of differentially
expressed TFs of the aneuploid chromosome among differentially expressed genes on the
other chromosomes. Performing a randomization test did not reveal an excess of targets for

any of the tested, cancer-type-specific altered chromosomes (Figure 28).
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Figure 28. Transcriptional regulation of genes on other chromosomes. The number of targets of
differentially abundant transcription factors on aneuploid chromosomes among differentially expressed genes on
chromosomes in amplification and deletion cases. Expected value and p-value were calculated using a
randomization test (*: p < 0.05).

As a control, we computed the differentially expressed genes between tumour and healthy
samples for 21 TCGA cancer types, where we have tumour vs normal samples: In those,
downregulated genes are often hypermethylated in cancer (Figure 29) suggesting that DNA
methylation plays an important role in regulating gene expression during carcinogenesis.
Even though not significant, we observed a higher number of targets of differentially
expressed TFs among differentially expressed genes for 76% (16 out of 21 cancer types) of
cancer types (Figure 30) as compared to 62% in aneuploid tumours. In addition, we
observed a higher absolute difference between the number of observed and expected
targets in tumour vs normal samples (353.71 and 663.34, respectively for aneuploid tumours
and tumour vs normal). Lastly, we tested the regulatory impact of the differential expression
of the well-known cancer-related TF MYC on the expression of its target genes. We found
MYC differentially expressed in 14 out of 21 cancer types, and in those cancer types its
targets are significantly enriched among differentially expressed genes (p-value < 0.05,

chi-square test). Together these observations show that our
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Figure 29. The contribution of promoter methylation on expression changes between tumour and normal.
Average methylation level of down- and upregulated genes in tumour vs normal samples. Wilcoxon test was used
to test differences in methylation levels between sample groups (n.s: Not significant, *: p <= 0.05, **: p <= 0.01,
***: p <=0.001, ****: p <= 0.0001).

measures of transcriptional regulation can capture some regulatory activity in cancer but the
absence of signals in aneuploid tumours suggests that transcriptional regulation cannot fully

explain the expression changes on other chromosomes.
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Figure 30. Transcriptional regulation on expression changes between tumour and normal. The number of
targets of differentially expressed TFs in tumours vs normal among differentially expressed genes. expected
value and p-value were calculated using a randomization test (n.s: Not significant, *: p <= 0.05, **: p <= 0.01, ***:
p <= 0.001, ****: p <= 0.0001).
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4.2. Post-translational regulation of co-complex members of aneuploid proteins

We observed a stronger association between complex partner co-regulation on proteome as
compared to transcriptome level (Figure 17 and Figure 21A) suggesting a central role for
translational or post-translational regulation in maintaining complex protein abundance
balance in aneuploid cells. To further validate this, we looked at the transcript levels of
co-complex members of aneuploid proteins and asked if the corresponding changes could
be explained by differential methylation or differential activation of TFs encoded on aneuploid
chromosomes. Indeed, we did not observe an overall significant association further
supporting the role of translational or post-translational mechanisms on co-abundance
regulation (Figure 31 and Figure 32).
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Figure 32. Transcriptional regulation on the expression changes of co-complex members of aneuploid
proteins in aneuploid tumours. The number of targets of differentially expressed TFs on aneuploid
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<=0.05, **: p <= 0.01, ***: p <= 0.001, ****: p <= 0.0001).

58



Previous studies have suggested that ubiquitination at multiple sites is an efficient signal for
degradation (Dimova et al., 2012) and further increase in the number of ubiquitination sites is
related to higher binding affinity between protein and proteasome (Lu et al., 2015). We
therefore hypothesised that post-translational ubiquitination of proteins could regulate
co-abundance changes of partners of aneuploid proteins on other chromosomes. To test
this, we retrieved ubiquitination data from PhosphoSitePlus (Hornbeck et al., 2015) and
tested if top correlated co-complex members of aneuploid proteins tend to have higher
number of ubiquitination sites (as a proxy to identify proteins that can be more easily
targeted for degradation). Indeed we found that top correlated partners have significantly
higher numbers of ubiquitination sites (p-value < 0.05, Wilcoxon test; Figure 33). This
suggests that a primary mechanism for keeping protein complex stoichiometry in check

seems to be indeed post-translational regulation (such as ubiquitin-mediated degradation).
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Figure 33. Post-translational regulation of co-complex members of aneuploid proteins. Number of
ubiquitination sites of all, human complex, and top positively and negatively correlated proteins. Wilcoxon test

was used to test differences between groups.

5. Phenotypic consequences of compensation for stoichiometric
imbalances in aneuploid tumours

The previous results suggest co-regulation of co-complex members as a compensation
mechanism to balance protein abundance changes caused by chromosome-level
alterations, and thus to keep protein complex stoichiometry in check. We reasoned that
different tumours might be able to compensate for the dysregulation of proteins on the
aneuploid chromosome with a different degree of success and hypothesised that tumours
that can better compensate for protein abundance changes will be associated with better
survival rates while those that fail to compensate should upregulate components of the
protein degradation machinery to clear the cell from the orphan complex subunits. To test
this, we first aimed to measure the degree of failure to keep complex stoichiometry balance
in each aneuploid tumour sample. In this regard, we focused on protein-level correlations

between differentially abundant aneuploid proteins and their co-complex members of other
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chromosomes, of which we used the top 30 strongest correlated pairs. Finally, we performed
a linear regression model in which we calculated the mean of residuals - stoichiometry

deviation score - (Figure 34) as a degree of failure in keeping complex stoichiometry for

each sample.
Calculation of stoichiometry deviation score Grouping tumour samples based on
C =M Residual (e) stoichiometry deviation score
k2
o n I
o Stoichiometry _ Sample mean =~ 1 e 2
2 deviation score residual = n t a .
£ i=1
= : Stoichiometry deviation scores
Better compensa?tion ! Worse compensation
- - Tumor fitness ! Tumorfitness }
Aneuploid protein Patient survival} Patient survival

Figure 34. Graphical representation for the calculation of sample stoichiometric deviation score and
grouping samples based on this score. Pink and blue colours represent tumour samples with low and high

stoichiometry deviation score, respectively (n = 30, referring to top 30 correlations).

To test if sample stoichiometry deviation score shows consistency when different numbers of
strongly correlated protein pairs were considered, we re-calculated sample stoichiometry
deviation score by using different sets of protein pairs, and then looked at the correlations
among the scores. We, indeed, found that different sets of top-correlated protein pairs did

not affect the overall stoichiometry deviation score of a sample (Figure 35).
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Figure 35. Correlations among different deviation scores. Correlations between the mean stoichiometric
deviation scores across samples when different numbers of highly correlated protein pairs (top 30, top 40 and top

50) were considered. Spearman method was used to assess correlation and related p values.

Next, we grouped tumour samples based on their stoichiometric deviation score position
relative to the overall distribution within each cancer type, and obtained two groups: Samples
with high deviation score (high) and those with low deviation score (low) (Figure 36). Then,

we performed a survival analysis once by using overall survival and once by using disease

60



free survival. While not significant in every single case we observed a tendency that samples
with low stoichiometry deviation scores are related to lower survival probabilities in all three

tissue types (Figure 37) showing that compensation for protein abundance indeed provides

a survival advantage to tumours.
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Figure 36. Classification of TCGA samples based on their stoichiometric deviation scores. Distribution of
stoichiometric deviation scores and cutpoints dividing samples as high (represented in blue) and low
(represented in pink) based on stoichiometry deviation scores. Cutpoints were calculated by using the maximally

selected rank statistics.
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Figure 37. Consequences of stoichiometric compensation. Survival analysis results within each TCGA

cancer tissue. Survival analysis was done once with overall survival and once with disease-free survival.

We further investigated if the proteins that play a role in protein degradation have higher
abundances in the tumours that cannot compensate for abundance changes, and thus have
to deal with the excess amount of orphan subunits. We indeed found that ubiquitin-binding
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proteins and components of the proteasome show significantly higher correlations between
their abundances and the stoichiometry deviation scores in two out of three tissues (p-value
< 0.05, Wilcoxon test; Figure 38), and this tendency still applies when samples are divided
into amplification and deletion groups (Figure 39). This likely is a consequence of
proteotoxic stress resulting from the inability of some tumours to keep protein complexes

balanced.
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Figure 38. The effect of stoichiometric compensation on the proteome. Correlations between the
stoichiometric deviation scores and protein abundance/mRNA expression of all proteins, and proteasome
complex - ubiquitin binding proteins. Wilcoxon test was used to test differences between groups.
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Figure 39. The effect of stoichiometric compensation on the proteome separately for amplification and
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amplification and deletion groups. Wilcoxon test was used to test differences between groups.
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Chapter Il

1. Dosage compensation in protein complexes could play a role in
aneuploidy patterns in cancer genomes

In the previous chapter, we characterised transcriptome and proteome dysregulation induced
by chromosome-level aneuploidies in cancer genomes, and showed the role of
co-abundance regulation of protein complex members in compensation for overall
dysregulation patterns to prevent proteotoxicity and maintain functional complex
organisation. Moreover, we demonstrated that the degree of success in this compensation
impacts the tumour fitness. We would therefore assume that negative selection acts against
chromosome-level genomic alterations where an excess amount of protein product cannot
be buffered. Correspondingly, Schuster-Bockler and colleagues showed that genes encoding
for protein complex subunits are less prone to CNVs in human cell lines (Schuster-Bockler et
al., 2010). Therefore, we aimed to understand if the same constraints could play a role in
shaping the observed aneuploidy patterns in human tumours. For this, we first calculated
amplification and deletion frequency for each chromosome across all tumour samples
covering 32 TCGA cancer types (since certain chromosomes are repeatedly amplified or
deleted across different tissues, e.g. chr20 amplification and chr13 deletion in Figure 6,
even though there are tissue-specific patterns). Then we computed correlations between the
alteration frequency of a chromosome and number of genes coding for protein complex
subunit. We, indeed, found significant negative correlation between the total alteration
frequency of a chromosome and the number of genes coding for complex subunits (p < 0.05,
Spearman correlation; Figure 40A) suggesting that chromosomal regions encompassing a
large number of complex subunit coding genes are protected from chromosome-level
aneuploidies. Moreover, we found that this association is stronger for chromosomal deletions
when compared to that of chromosomal amplifications (Figure 40A). This makes sense
since the possible outcome of amplification events (e.g. excess amount of protein products)
can be more easily compensated through transcriptional and/or post-transcriptional
regulation (such as protein degradation machinery).

It has been previously shown that gene density is inversely correlated with the total
aneuploidy score in human cell lines (Klaasen et al., 2022). Since we also observed a strong
negative correlation between gene density and total alteration frequency of a chromosome in
human tumours (Figure 40B), we further aimed to understand at which degree this
correlation is driven by protein complex dynamics. To this end, we first grouped genes as
those encoding for proteins involved in many complexes (promiscuous genes) and those
that encode proteins involved in few complexes (non-promiscuous genes), and then

computed correlations between the gene density and total aneuploidy frequency separately
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for two gene groups. We found a relatively stronger negative correlation for
non-promiscuous genes when compared to their promiscuous counterparts (Figure 40C &
40D). This makes sense as there will be more ways to compensate for abundance changes
of promiscuous proteins (in line with our previous finding where we showed higher level
co-abundance compensation for non-promiscuous aneuploid proteins, Figure 23), and
further suggests the role of protein complex dynamics in shaping aneuploidy patterns in

human tumours.
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Figure 40. Correlations between alteration frequency (chromosome-level amplification, deletion, and total
- amplification and deletion together-) and density of different gene groups. Each dot represents a
chromosome (from chr1 to chr22). Spearman correlation was used to calculate correlation coefficient and

p-value.
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2. Predicting tissue-specific CNAs and aneuploidies in cancer genomes

by using machine learning models

Our findings suggest that negative selection might be acting against copy number alterations
in genomic regions rich in genes encoding protein complex subunits. Previous studies
demonstrated the role of tissue-specific features (e.g. OGs and TS) as drivers of aneuploidy
patterns in different cancer types (Davoli et al., 2013; Jubran et al., 2023). Therefore, we
asked how well machine learning algorithms could predict recurrent CNAs and aneuploidies
in cancer if we integrate the features that we studied in this thesis and those from other
studies. In chapter | where we detected dysregulation patterns in aneuploid tumours (section
1.2. Transcriptome and proteome changes in aneuploid tumours), we calculated
cancer-type-specific chromosome-level aneuploidy scores by using publicly available
arm-level aneuploidy score data (Taylor et al., 2018). To better understand whether the
dynamics between factors and resulting genomic alterations depend on the size of genomic
alteration, we additionally considered arm-level aneuploidy scores (Taylor et al., 2018), as
well as cancer-type-specific focal CNAs frequencies (Alfieri et al., 2023), ranging from 1 Mbp
to 50 Mbp. This gave us 29 segment-levels with different genomic ranges (from 1 Mbp to 50
Mbp, arm- and chromosome-level) (Figure 41). We then calculated cancer-type-specific
arm- and chromosome-level amplification and deletion frequencies by following the same
calculation method used in Alfieri et al., 2023 (Alfieri et al., 2023): The number of samples
with event (amplification or deletion) was divided by the total number of samples. All cancer
types were pooled for the following analyses. For this, we considered the ones for which
data for each feature was available, which left us with six cancer types; BRCA, COREAD,
GBM/LGG, LUAD, LUSC, and PAAD.
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Figure 41. Graphical representation of machine learning approach predicting CNA and aneuploidy
patterns in cancer. Features modulating selection are indicated in bold. The other features are associated

likelihood of occurrence.

Next, we aimed to construct a feature set by incorporating tissue- and
genomic-location-specific features. To do this, we collected a comprehensive set of features

(21 in total) which we classified into two groups: Factors impacting the likelihood of
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occurrence of amplifications/deletions and those playing a role in the selection of alteration
patterns during tumour evolution. First group contains (i) histone marks representing the
number of peaks inferred from histone modification profiles in normal tissue (Bernstein et al.,
2010; Roadmap Epigenomics Consortium et al., 2015), (ii) cLADs to interLADs ratio
representing the part of genomic regions with conserved LaminB1 interactions (Meuleman et
al., 2013), (iii) absolute distances to the centromere and the closest telomere. The second
group contains (i) density of TS and OGs (Davoli et al., 2013) and essential genes inferred
from CRISPR gene effect score data from DepMap (Dempster et al., 2019, 2021; Meyers et
al., 2017; Pacini et al., 2021), (ii) mutation score (Alfieri et al., 2023), (iii) tissue-specific
median expression of genes located on the corresponding altered genomic region and that
of their protein complex partners encoded by genes located outside of the corresponding
genomic region (based gene expression profiles in normal tissue from GTEx) (GTEx
Consortium, 2013), and (iv) their corresponding tissue-specific protein abundances
calculated by using proteome profiling in normal tissue from eGTEx (GTEx Consortium,
2013), (v) G/C content, (vi) the number of genes on the corresponding altered genomic
region (gene density) and (vii) the number of their paralogs located outside of the
corresponding region, and finally (viii) the number of genes (on the corresponding altered
genomic region) encoding for protein complex subunits (Giurgiu et al., 2019) (Figure 41).

To systematically test individual effects of features on amplification and deletion frequencies,
we first pooled all six cancer types, and then computed Spearman correlations between
features and amplification/deletion frequencies separately for each of the 29 segment-levels.
We observed that the density of TS, on average, ranked as first and second among all the
features based on the absolute correlation, respectively for deletion and amplification model
(Figure 42). Moreover, the direction of the correlation, negative and positive for amplification
and deletion frequency, respectively, (Figure 42) suggests that regions with high abundance
of TS are less likely to be amplified, further supporting previous findings (Davoli et al., 2013).
Another feature showing relatively higher correlations than others is the median expression
levels of partner proteins (ranked as first and second for amplification and deletion models,
respectively; Figure 42), further highlighting the role of co-regulation of members of the
same complexes in shaping observed alteration patterns in cancer genomes. Recently it has
been shown that amplification of particular genomic regions are under positive selection so
that they could buffer the deleterious effects of coding mutations in mutation-rich and
essential regions (Alfieri et al., 2023). Indeed, we found that the mutation score is strongly
correlated with amplification frequency while we did not observe this trend for deletion
frequencies (Figure 42). Interestingly, some features follow an increasing/decreasing
correlation trend from 1 Mbp-level to chromosome-level (e.g. density of essential genes,
OGs and TS) while some features are following stable close-to-zero correlations across focal
CNAs and relatively higher (in absolute term) values for arm- and chromosome-level

aneuploidies (e.g. the number of gene and protein coding genes on segment, median
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abundance of partner proteins; Figure 43) suggesting the contribution of different features to

the resulted alteration patterns in cancer could vary depending on the size of genomic

alterations.
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Figure 42. Spearman correlation between features and CNA and aneuploidy frequencies. Correlations were

calculated across all six cancer types. Each dot represents correlation value for a specific segment level (29

levels in total).
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Next, we aimed to gain a comprehensive understanding of how effectively tissue- and
genomic-location-specific features work together in explaining cancer-type-specific
amplification and deletion patterns, and to determine the extent to which each feature drives
the observed alteration patterns. Therefore, we employed ML models separately for
amplification and deletion patterns. To this end, we, first, converted continuous values (CNAs
and aneuploidy frequencies for each segment-level) to binary classes; we assigned 1 (event)
to the corresponding alteration if it occurred more than expected by chance and 0 otherwise
for arm- and chromosome-level aneuploidies. For focal level CNAs, we assigned 1 if the
frequency of alteration was higher than the fourth quartile of the corresponding frequency
distribution. To be able to capture non-linear relationships between features and observed
genomic alteration patterns, we used XGBoost classifier, a decision tree method, and trained
and tested our ML method on data of amplified- vs. diploid-regions (amplification model),
and that of deleted- vs. diploid-regions (deletion model) separately for each segment-level.
We found that our model gave better performances for amplification models (accuracy was
78% on average) than deletion models (accuracy was 67% on average) (Figure 44A). On
the other hand, we did not observe sharp differences in the performances of models

between focal CNAs and aneuploidies (Figure 44B).
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Figure 44. Performance of amplification and deletion models. (A) Overall performances of amplification and
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deletion models across all the segment levels. Wilcoxon test was used for the statistical comparison. (B)

Performance (accuracy) of ML models for each segment level.

Understanding the importance of features in contribution to the model’s decision-making
process could shed light on the factors driving observed amplification and deletion patterns
in cancer genomes. Therefore, we aimed to investigate the relative contribution of each
feature to the amplification and deletion models. To this end, we calculated feature
importance in our models by using xgb.importance built-in function of xgboost package in R.
We found that, for amplification models, the density of TS was consistently ranked as the
first or second feature based on the feature importance for relatively larger focal CNAs
(equal to or more than 18 Mbp), arm- and chromosome-level aneuploidies (Figure 45). This

is in agreement with recent findings showing the contribution of TS density to the selection of
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arm-level aneuploidy patterns in TCGA tumour samples and cancer cell lines (Jubran et al.,
2023) but demonstrates the importance even on a smaller genomic scale. On the other
hand, for amplifications in smaller focal regions ranging from 1 Mbp to 16 Mbp, distance to
centromere/telomere, gene density and mRNA level were ranked among the top most
important features (Figure 45). We found that those features were placed in the top ranks
for smaller focal regions covering the same range (1-16 Mbp) for deletion models as well
(Figure 46). Furthermore, we observed that epigenetic markers were placed very low in the
rank for focal amplification models while H3K27me3 and H3K4me3 were ranked as the
second and third most important feature for arm- and chromosome-level amplification
models, respectively (Figure 46). Together these findings suggest that mechanisms driving
the adaptive evolution of focal CNAs differ from those influencing alterations at larger scale
(relatively larger focal CNAs and aneuploidies), and different sets of factors are in play in
shaping observed genomic alterations patterns at distinct levels.

In chapter |, we showed that co-regulation of protein complex members is a way to
compensate for aberrant changes induced by chromosome-level aneuploidies in aneuploid
tumours. Interestingly, we found that mRNA and protein levels of partners, and density of
subunits were ranked among the Top6 most important features for deletion models both for
focal CNAs and aneuploidies (Figure 45 & 46) further supporting the role of compensation
for stoichiometric imbalances in complexes in the observed genomic alteration patterns in

cancer.
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Figure 45. Feature contribution in amplification models. All the features used in the ML models were listed
along the y-axis, and ranked based on their importance value within each segment level. For simplicity reasons,
some segment levels were removed from the plot. Features modulating selection were represented in dark green

colour while those associated with likelihood

of occurrence in dark orange.
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Figure 46. Feature contribution in deletion models. All the features used in the ML models were listed along

the y-axis, and ranked based on their importance value within each segment level. For simplicity reasons, some
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colour while those associated with likelihood of occurrence in dark orange.



Discussion

Cancer genomes are characterised by various CNAs ranging from focal CNAs to arm- and
chromosome-level aneuploidies. Among them, aneuploidies have a significant impact on
protein complex stoichiometry as they lead to massive dysregulation patterns both at mMRNA
and protein level by introducing additional or diminished copies of hundreds to thousands of
genes. Given that the inability to maintain protein complex stoichiometries leads to
proteotoxic stress, and is linked to proliferative and survival disadvantages in normal cells, it
is important to address these questions yet to be fully answered; (i) how cancer cells
compensate for transcriptional and translational dysregulation induced by aneuploidy, and (ii)
why aneuploidies and focal copy number alterations are occurring repeatedly in cancer
genomes. This will help us gain a comprehensive understanding on tumour genome
evolution and the factors underlying it.

Here, we present a comprehensive study integrating aneuploidy, transcriptome and
proteome data for hundreds of TCGA tumour samples, harbouring chromosome-level
aneuploidies, to understand how aneuploidy-induced dysregulation is compensated in
cancer genomes. We conduct an extensive characterization of the transcriptome and
proteome level changes, and demonstrate that 47-63% of genes on aneuploid chromosomes
show expression changes at the transcriptome level while this ratio is 24-33% at the
proteome level (Figure 7). A comparable impact of arm-level aneuploidy on gene expression
has been previously observed in human cancer cells, with 50% and 25% of genes located
on the altered arms exhibiting copy-number-correlated expression changes at the
transcriptome and proteome levels, respectively (Schukken & Sheltzer, 2022). The effect of
aneuploidy on expression changes is more pronounced in aneuploid yeast models, where up
to 70-80% of genes on aneuploid chromosomes undergo transcript and protein level
changes by the degree expected based on chromosome number (Dephoure et al., 2014;
Gasch et al.,, 2016). In line with these findings, an extent summary on the effect of
aneuploidy on gene expression changes conclude that degree of aneuploidy-induced
expression changes depends on many factors including the cellular environment (Kojima &
Cimini, 2019); however, independently from the study system, a consistent observation is
that there is stronger buffering at the proteome level than transcriptome level (Dephoure et
al., 2014; Stingele et al., 2012).

On the other hand, we observe a surprising degree of differential expression for genes
located on chromosomes other than aneuploid ones (Figure 7). Furthermore, a comparative
analysis of transcriptome and proteome level changes reveals that proteomic changes from
aneuploid chromosomes could primarily be explained by differential expression of their
corresponding genes at the transcriptome level (Figure 8). However, this pattern differs for
proteomic changes on other, non-aneuploid chromosomes. In the case of amplification, only

26% of the differentially abundant proteins also exhibit differential expression in their
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corresponding transcripts, compared to 76% for aneuploid chromosomes. Similarly, for
deletion cases, only 36% of the differentially abundant proteins show differential expression
in their corresponding transcripts, in contrast to 89% for aneuploid chromosomes. (Figure
8). Together these findings suggest different levels of dosage compensation for genes
located on aneuploid and non-aneuploid chromosomes. For aneuploid chromosomes,
transcriptional control plays a prominent role, while translational or post-translational control
appears to have a relatively stronger importance for gene regulation for other chromosomes.
We propose that a significant portion of vast proteomic changes happening on other,
non-aneuploid chromosomes may function as a compensatory mechanism by binding
aggregation-prone proteins upregulated due to their location on the amplified chromosomes.
This correlation is also observed between differentially abundant proteins of deleted
chromosomes and their differentially abundant aggregation-prone co-complex members,
suggesting that correlated abundance patterns to compensate for aggregation-prone orphan
proteins are detectable for both chromosome ampilification and deletion cases. Furthermore,
we observe that up to 40% of differentially abundant proteins of other chromosomes involve
in physical interactions, either within a complex or in a binary manner, with their partners
encoded by genes on aneuploid chromosomes. Based on these observations, we propose a
novel compensatory mechanism in aneuploid tumours which complements the previously
described dosage compensation addressing the differential expression of protein complex
subunits encoded by genes directly on the aneuploid chromosomes (Schukken & Sheltzer,
2022; Stingele et al., 2012). Together, these suggested mechanisms might largely prevent
the otherwise detrimental overexpression of orphan complex subunits.

Similar, interaction-mediated compensatory mechanisms have been previously identified to
be induced by focal CNAs (Goncalves et al.,, 2017; Sousa et al., 2019). Here, we
demonstrate that protein interactions, either within complexes or in binary interactions, play a
role in abundance compensation also for large genomic alterations. This genome-wide
abundance compensation likely serves to prevent stoichiometric imbalances in protein
complexes and proteotoxic stress triggered by aggregation of orphan subunits as suggested
by the stronger correlations formed by non-promiscuous and aggregation-prone proteins
(Figure 22 & 23). Given that around 90% of solid tumours are aneuploid, our work
addresses the question of how the majority of cancer cells can tolerate the vast gene
expression changes induced by alteration of large genomic regions.

While aneuploidy is very common, cancer is characterised by various additional genomic
alterations introducing transcriptome and proteome dysregulation. We find similarities
between compensation for aneuploidy-induced gene expression and that for the broader
spectrum of gene expressions associated with tumorigenesis. By systematically categorising
interaction types in protein complexes and testing each category for its impact on abundance
changes induced by tumorigenesis, we provide a proof of concept that the way proteins

organise into complexes affects co-abundance patterns in cancer in general.
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In the majority of comparisons, the impact of each interaction category on co-abundance
regulations in cancer aligns with our expectations across all cancer types tested. However, in
some comparisons, the degree of the expected trend among different groups of an
interaction category is not statistically strong for all cancer types: e.g., for the observation
that permanent interactions are associated with higher correlations compared to transient
interactions (Figure 16). This variation can potentially be explained by the context-specific
nature of the stability of an interaction meaning that permanent interaction may become
transient under certain conditions or vice versa (Nooren & Thornton, 2003). Furthermore,
computational predictions of transient and permanent interactions may not fully represent
how proteins interact in different local environments such as different cancer types.
Someone could expect competition among proteins binding to the same proteins through
overlapping interaction sites. Therefore, we hypothesised to observe negative abundance
correlations between proteins competing with each other to bind their common partners.
However, our observations are surprisingly in the opposite direction of our expectation
(Figure 14), and could be reproduced over a range of thresholds for binding site overlap
definition (Figure 15). One possible explanation could be that alternative splicing, an
intermediate regulatory process between transcription and translation, is in place and
prevents competition between proteins by removing binding domains involved in competition
(H. Li et al.,, 2015). Another reason could be potential inaccuracies in computational
assessments of competitive and cooperative binding. For instance, the biophysical
characteristics of protein interaction sites, such as steric hindrance, may either favour or
prevent interactions between them, and therefore, classifying proteins based on the overlap
in their interaction interfaces may not accurately reflect the true nature of competitive or
cooperative binding. Additionally, it's important to acknowledge that these estimates are
derived from in vitro experiments, and the proteins categorised as competing may have
different localizations or expression patterns in vivo, preventing them from ever encountering
each other in reality.

All together, our findings highlight the role of protein interactions and complex organisation
as compensation mechanisms to deal with stoichiometric imbalances in protein complexes
and to prevent proteotoxic stress induced by both aneuploidy in specific and tumorigenesis
in general. In this aspect, the primary limitation of our study is the still incomplete
understanding of the nature of the human interactome, and, in particular, the limits on the
available protein complex information. For example, we classified permanent vs. transient
interactions by mining the literature where we left only a few instances (58 transient and 9
permanent interactions). Additionally, we used the proteomic measurements of only two
different cell lines to define context-specific vs. general interactions because of two related
reasons: 1) Even though there are other studies measuring complexes in different cell lines,
the 293T interactome provided by BioPlex Interactome is one of the most comprehensive

data (Huttlin et al., 2021); 2) the interactome in HCT116 cell lines was determined by the
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same experimental pipeline which minimises technical biases in the comparison of the two
interactomes. We expect that a larger number of cell-line-specific interactome data and
improvements in protein complex measurements will potentially provide a more
comprehensive understanding of the roles of protein interactions in dosage compensation in
aneuploidy and cancer.

In addition to biophysically interacting within protein complexes, we defined specific
cancer-essential functional terms that are under stronger protection from protein abundance
imbalances induced by aneuploidy. This suggests the role of functional selection as a driving
force in shaping the genome-wide co-abundance regulation. Given that 23% of the
translation-related genes are ribosomal genes, it is not surprising that enrichment of
translation is mainly driven by a relatively larger fraction of ribosomal genes in our gene sets.
Our findings describe the need for compensation mechanisms to deal with stoichiometric
imbalances in protein complexes caused by aneuploidy-induced transcriptome and
proteome dysregulation, and highlight the role of protein properties and complex
organisation in this compensation. We provide evidence that this compensation is performed
by post-translational regulation. Another interesting finding is that the higher degree of
success in this compensation is associated with better tumour fitness, and tumours that fail
to compensate for aneuploidy-induced stoichiometric imbalances have to deal with excess
amount of subunits, and therefore activate protein degradation machinery. These results
further highlight the high cost of aneuploidy on the cell - in particular, it increases the burden
on energy and protein homeostasis (Sheltzer & Amon, 2011).

Given the high cost of aneuploidy on cell homeostasis, it is not surprising that recent studies
have focused on understanding selection pressures and cell division dynamics underlying
recurrent CNA and aneuploidy patterns in cancer genomes. While previous efforts reveal the
role of both selection (positive and negative) (Jubran et al., 2023; Sack et al., 2018; Shih et
al., 2023) and cell division errors, which create non-random genomic substrate for selection
(Klaasen et al., 2022), the focus is either on a specific factor or small set of factors or on
genomic alterations at one level (focal CNA or aneuploidy). Here, we conducted a
comprehensive and comparative study investigating the impact of 21 factors - impacting the
likelihood of occurrence and those playing a role in the selection - on both focal CNAs at
various scales, and arm- and chromosome-level aneuploidies. We found that features
associated with the likelihood of occurrence (such as distance to centromere/telomere)
provide a better explanation for smaller genomic alterations (1-8 Mbp) (Figure 45 & 46). On
the other hand, we observed that both features modulating selection (such as density of TS
and mutation score) and epigenetic markers (likelihood of occurrence) were ranked among
the most contributing features for larger CNAs and arm/chromosome-level aneuploidies
(Figure 45 & 46), suggesting both selection and the likelihood of occurrence play a role in
explaining larger genomic alterations. These results reveal that mechanisms driving the

adaptive evolution of focal CNAs are different from those underlying alterations at larger
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scales, and different sets of factors are in play in shaping recurrent genomic alterations at
different scales.

One interesting finding is that genomic-location-specific features are ranked as the top most
contributing features in explaining cancer-type-specific CNA and aneuploidy patterns, both
for amplification and deletion models. Therefore, we wondered about the relative contribution
of tissue-specific features, and trained and tested our ML models only by using
tissue-specific features. Despite observing a slight decrease in model performance
compared to models with all features, we still obtained favourable outcomes: Model
accuracies, on average, were 66% and 63% respectively for amplification and deletion
models (which were 78% and 67% when all features were included, respectively for
amplification and deletion models). Together these findings highlight that both tissue-specific
and genomic-location-specific (non-tissue-specific) features play a significant role in shaping
CNA and aneuploidy patterns in cancer.

Previous studies noted the importance of density of TS and OGs in the prediction of arm-
and chromosome-level aneuploidies, and further showed negative associations between
density of TS and amplifications, and density of OGs and deletions (Davoli et al., 2013;
Jubran et al., 2023) highlighting the role of negative selection in shaping recurrent
aneuploidy patterns in cancer. By investigating feature importance in ML models, we showed
that similar selection pressures also apply at the focal level CNAs, which was further
supported by correlation analyses (Figure 43).

Overall, our research provides insights into compensation mechanisms to cope with
aneuploidy-induced stoichiometric imbalances in protein complexes, and highlight the role of
ubiquitin-dependent protein degradation in keeping the complex stoichiometry and better
tumour fitness (Figure 47). Given that targeting essential genes in aneuploid cells eventually
results in proliferation defects and activation of cell death pathways (Cohen-Sharir et al.,
2021), our findings might be used in identification of potential drug targets suitable for clinical
use. Furthermore, our findings provide a comparative overview of tissue- and
genomic-location-specific factors shaping the observed focal CNAs and aneuploidy patterns
in cancer genomes, and highlight the importance of applying ML algorithms for
understanding recurrent genomic alterations in cancer. Ultimately, given the high number of
aneuploid tumours, studying and understanding compensatory mechanisms and the
potential vulnerabilities they create in aneuploid tumours, and dynamics underlying recurrent
genomic alterations will have profound implications for both basic cell biology as well as

cancer biology.
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Figure 47. Overall representation of main findings. Regulation of co-complex members of aneuploid proteins
is a compensatory mechanism to prevent proteotoxicity and imbalances in protein complexes. This
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(ubiquitin-dependent protein degradation) plays a more substantial role in this co-abundance regulation. Different
sets of factors are in play in shaping recurrent genomic alterations at different scales.
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