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Abstract

Cancer dependencies are genes required for proliferation and survival in cancer cells, making them
potential therapeutic targets. Cancer dependencies are often selective for subtypes of cancers, and
are measured as conditional changes in fitness caused by genomic and molecular aberrations and
are known as genetic interactions (Gls). However, cancer dependencies can be influenced by
several factors, resulting in higher-order Gls, which are difficult to predict for any given cancer
type. This has resulted in a varied success rate for the development and application of new targeted
therapies. In order to systematically identify cancer dependencies and Gls, genome-wide
CRISPR/Cas9 knock-out (KO) screens across pan-cancer libraries have been performed. Due to
the limitations of large-scale screenings with multiple KOs, advanced computational strategies
have to be used for inferring higher-order interactions and predicting cancer dependencies based
on the molecular characteristics of the cancer cells.

In this study, we show a robust method to infer GIs from pan-cancer CRISPR screens based on the
genetic and transcriptional background of the cancer cells. Pairwise GIs were inferred by predicting
fitness change from CRISPR/Cas9-mediated gene deletion using multivariate penalised linear
regression, combined with null-hypothesis testing. Furthermore, we developed an XGBoost
approach, where regression tree structures were mined for variable interactions, to discover
potential complex higher-order interactions from transcriptional changes between cancer cells.
Novel GlIs were subsequently mapped and analysed in a genome-wide GI network.

In conclusion, our study shows a robust framework for predicting complex GIs involved in the
regulation of cancer fitness.



Layman’s summary

Cancer is a complex genetic disease and extensive research has been done to find novel treatments.
Despite the amount of work and money put into this research, a lot of promising potential
treatments fail to become an approved drug. Due to high genomic and molecular variability
between cancers, research is shifting towards personalised medicine. One approach for a more
personalised treatment is to identify the so-called cancer dependencies. Cancer dependencies are
genes that are required for proliferation and survival in cancer cells. These dependencies are often
selective across subtypes of cancers.

To identify cancer dependencies, a so-called CRISPR/Cas9 screen can be used. A CRISPR screen
investigates the effect of the loss of a single gene on the fitness (survival) of a specific cancer. To
systematically study this, a CRISPR screen can be used that will consider the whole genome, by
subsequentially knocking out every single gene in a specific cancer. This has been performed over
a broad range of cancer cell types. Although these screens are powerful tools to find cancer
dependencies and genetic interactions, it won’t show complex interactions between the genes.
Therefore, computational approaches have to be used to identify complex genetic interactions
involved in cancer fitness.

In this study, we used statistical and computational methods to infer genetic interactions across a
broad range of cancer cell types. We obtained data from a public database that contained results
of a whole-genome CRISPR screen of many cancer cell lines. In addition, the molecular
characteristics of these cancer cell lines, including gene expression, mutations and gene copy
numbers were available. Using all data we inferred genetic interactions with a technique called
multivariate penalised linear regression. The identified genetic interactions appeared to be highly
enriched for functional relations, indicating that our approach is useful for predicting genetic
interactions from molecular and genomic data of cancer cells.

The second part of this study was to predict second-order genetic interactions. For this approach
we used a machine learning technique which uses decisions trees for its prediction (XGBoost). The
XGBoost algorithm assumes a hierarchical structure between the variables (genes), making it
possible to extract variables as an pairwise interaction from the trees. The interactions obtained
from the XGBoost trees are second-order interactions. The identified interactions appeared to be
also highly enriched for functional relations. We selected the top hits of the second-order
interactions for characterization and evaluation.

In conclusion, our study shows a robust framework for predicting complex GIs involved in the
regulation of cancer fitness.
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Introduction

Cancer is a complex disease caused by genomic instability'. Despite the extensive research put into
the development of cancer drugs, the success rate of cancer drugs being approved for therapy
remains low (~3%) 2. Due to high genetic variability within and between patient groups harbouring
different types of cancer, treatment is shifting towards personalized medicine. In the field of
personalized cancer medicine, the (molecular) characteristics of the tumour are being identified
and exploited for treatment. The profiling of the tumour focuses on alterations that drive tumour
progression, which covers a broad spectrum of aberrations. Among these characteristics are
mutations, epigenetic and proteomic markers, transcriptional profiles, and drug sensitivity.
Treatment is based on these tumour characteristics, which results in a targeted approach with less
side effects. In recent years, the use of genomics in cancer treatment has taken a more significant
role®>*. The research for novel treatments is heading towards learning about the complexity of
tumours and the predicted response to a given treatment option**¢. Genes that are selectively
required for cancer cell proliferation and survival, are so called cancer dependencies, which makes
them potential therapeutic targets’. Cancer dependencies are often selective for subtypes of cancers,
and are measured as conditional changes in fitness caused by genomic and molecular aberrations
and are known as genetic interactions (GIs).

A GI between two genes occurs when the fitness consequence of a double loss-of-function (LOF)
mutant is different from the expected fitness based on the single LOF mutants alone. If the fitness
of the double mutant is lower than expected, it is called a negative GI. An extreme case of a negative
GI is called synthetic lethality, in which a double mutant is not viable, although the single mutants
are. In case two mutations lead to a higher fitness than what is expected, it is considered a positive
GI®°. The concept of synthetic lethality has been around for a long time, and was described already
one century ago'®!'!. However, it was not till 1997 when Hartwell and his colleagues proposed to
use synthetic lethality for designing cancer drug treatments'?. This research led to novel genetic-
drug interactions, which are currently used in cancer treatment. The use of synthetic lethality in
cancer treatment has been extensively and excellently reviewed!*!'*. The most well-studied case of
this concept which has successfully been implemented in the clinic is for breast cancer patients
with a LOF BRCA1 or BRCA2 mutation. Breast cancer tumours with this mutation are susceptible
to Poly (ADP-ribose) polymerase (PARP) inhibitors. BRCA1 and BRCA2 are both tumour
suppressor genes involved in the repair of double stranded breaks (DSBs) of the DNA'>. PARP1
and PARP2 are enzymes that activate the DNA-damage response after sensing DNA damage!®.
The loss of BRCA1/2 results in a dependency of PARP1/2 for the DNA damage response. Healthy
cells which do not harbour a mutation in their BRCA1/2 genes remain healthy after PARP-
inhibition'’, resulting in a targeted cancer therapy. The BRCA and PARP genes are involved in the
same functional process, which is often the case for negative Gls, making them susceptible for
targeted therapy.



Although the concept of synthetic lethality is promising for personal treatment, its use has been
limited in the clinic'®. In recent years, extensive research has been conducted and many novel
synthetic lethal interactions have been found in cancer cells'®?!. Recent advances in high-
throughput assays have enabled researchers to conduct large genome-wide screens with many
cancer cell lines to identify selective dependencies in cancer cells. Genome-wide CRISPR/Cas9
knock-out (KO) and drug screens are powerful tools to identify novel synthetic lethal pairs. In
addition to the CRISPR and drug screens, cancer cell lines can be characterised for their mutations,
transcriptional and epigenetic profile. Finding novel synthetic lethal interactions can thus be
inferred from genetic and chemogenetic screens, together with the characterization of the cancer
cell line??.

As it comes to genome-wide KO screens in model organisms, a large amount of work has been
performed over the last years in the budding yeast Saccharomyces cerevisiae. Systematically high-
throughput screens revealed a global GI network’. Further attempts to expand the GI network in
yeast were initiated and more recently, trigenic and digenetic-environmental interactions have been
revealed*>?*. Whereas systematic screening in yeast for di- and trigenic interactions is feasible and
has been carried out, in human cell lines this is more challenging. The number of human genes is
one of the limiting factors for performing systematically screens for double (or higher up) CRISPR
KOs. A more cancer specific burden is the high variety of different cancer cell lines, including
differences in the tissue of origin, but also in mutations. Nevertheless, a recent study conducted a
CRISPR interference screening over more than 200.000 gene-pairs in two human cancer cell lines
and established a template for the genetic landscape of human cells?*. Furthermore, a CRIPSR
interference screening was performed for identifying synergistic drug targets and pairwise genetic
interactions in a leukaemia cell line?.

As cancer is a complex genetic disease there is a huge genetic variation between the different cancer
subtypes. The variation occurs in many molecular and genomic factors and may influence the GIs.
Understanding these variations could improve the development of drugs and their success. To
address this problem, molecular and genomic characterization have been performed with a broad
range of cancer cell lines to create a pan-cancer genome-wide analysis”*"*%. This research is
focused on finding cancer dependencies across cancer cell lines. In 2017, Tsherniak and colleagues
published an initial framework for a human cancer dependency map with a loss of function pan-
cancer screen. The cancer dependency map can be used to identify genes essential for cell survival
across cancer cell lines and these dependencies can be exploited for targeted treatments’. The
research to establish a cancer dependency map has been continued by the Broad Institute in
collaboration with the Wellcome Sanger Institute, and every quarter of a year they release an
updated pan-cancer screening which is made public through the DepMap portal. The DepMap
portal also provides genetic background of the cancer cell lines, provided by the Cancer Cell Line
Encyclopedia (CCLE). The genetic background includes gene copy numbers, gene expression and
mutations. Whereas the initial Cancer Dependency Map was created with RNAi screens, the
current LOF screens are nowadays performed with CRISPR/Cas9. Although both institutes



perform their own screens, they made it possible to combine their screens to generate a larger pan-
cancer dataset?. The use of these large pan-cancer datasets has been valuable in novel targets for
in the clinic and has been recently reviewed*’.

Due to its limitation of performing systematic double (or higher up) KO screens in human cell
lines, advanced computational strategies can be exploited to find potential GIs, such as novel
synthetic lethal interactions and higher-order interactions. The genetic variability and the
complexity of cancer cells makes it important to look further than pairwise interactions. Higher-
order interactions are important for cancer survival due to the multivariate nature of cancer cells.
These higher-order interactions can also play a role in drug resistance. The initial treatment can
influence the gene expression which could lead to drug resistance cancer cells. Therefore, the
transcriptional modulation of higher-order interactions could be important for drug sensitivity.
Whereas finding synthetic lethal interactions in cancer has been subject of interest over the last
years, less research has been conducted in finding higher-order interactions in genome-wide cancer
screens’ !,

In this study we investigated potential novel synthetic lethal interactions from a pan-cancer
CRISPR screen and a genetic LOF dataset. Another aim of this study was to find higher-order Gls.
We focused on higher-order GIs in gene expression, to study transcriptional modulation of the
fitness outcome and its potential regulatory influence on GIs. We created a robust machine learning
algorithm to extract second-order interactions from the structure of boosted tree models. In
addition, we mapped a global GI network across pan-cancer cell lines with second-order GIs and
characterised the functional processes of these genes.



Methods
Data availability

All data was obtained from the DepMap portal (www.depmap.org). For initial model optimizations
and testing we used the data from the 21Q1 release which included datasets of pan-cancer CRISPR
screens and molecular characteristics of cell lines*>. We obtained the following files:
‘Achilles gene effect.csv’, ‘CCLE_expression.csv’, ‘CCLE_gene cn.csv’ and
‘CCLE_mutations.csv’. The Achilles gene effect dataset contains the results of a pan-cancer
CRISPR KO screen of 808 cell lines. For the CRISPR screen the genome-wide Avana sgRNA
library** was used to target 18,119 genes. The effect of the gene copy numbers on the gene effect
score (fitness perturbation) was corrected by the CERES algorithm?® and corrected for the batch
effect. The gene effect score was normalized for a set of essential and nonessential genes>® resulting
in a score of 0 for a nonessential gene KO and -1 as the median for an essential gene KO*. The
whole pipeline of the Achilles CRISPR screen has previously been described®’.

The three CCLE datasets contain molecular characteristics of the cancer cell lines with
respectively, gene expression, gene copy numbers and mutations. The gene expressions were
measured of 19,177 genes in 1,376 pan-cancer cell lines with RNA sequencing. The data has been
processed with a pseudo-count of 1 and a log2 transformation®®>*. The gene copy numbers were
measured of 27,563 genes in 1,470 pan-cancer cell lines and obtained from whole genome
sequencing (WGS), whole exon sequencing (WES) or single nucleotide polymorphism (SNP)
arrays. The gene copy number data has also been processed with a pseudo-count of 1 and a log2
transformation®®3?. The mutations data contained information from 1,747 cancer cell lines and
18,788 genes and was obtained from WGS, WES or RNA-sequencing®’. The pipelines for the
CCLE data can be obtained from the GitHub of the Broad Institute
www.github.com/broadinstitute/depmap_omics.

For the final analysis of the second-order interactions, we used the data from the 21Q4 DepMap
release and obtained the following files: ‘CRISPR gene effect.csv’ and ‘CCLE_expression.csv’>®,
The CRISPR gene effect dataset also contains the fitness perturbation of a CRISPR screen, the
same as the Achilles gene effect, but the CRISPR gene effect data is a combined dataset of the
CRISPR screens of both the Wellcome Sanger and the Broad Institute?®. Another difference is that
the CRISPR gene effect has been processed with the Chronos algorithm instead of the CERES
algorithm™.

All data was processed and analysed with statistical programme R (version 4.1.1) and RStudio
version (2021.09.0)%%4!,



Data preparation

The CRISPR dataset was first standardized over each cell line to align the fitness distributions of
the individual CRISPR screens. In order to perform genome-wide regression over each CRISPR
gene target using a common set of hyperparameters, we also standardized the fitness distribution
of each gene. Subsequently for the linear regression, the mean and standard deviation of each
CRISPR gene target were kept to re-scale the estimated coefficients. The gene expression dataset
was also standardized over each gene in order to reduce uneven penalization and variable selection
based on variations in gene expression magnitude.

A binary LOF dataset was created from the mutation and the gene copy number datasets. Genes
with deleterious mutations or copy-number aberrations resulting in homozygous gene deletions
were counted as a LOF event for a given cell line. The final LOF dataset was filtered to only include
genes with a coverage of LOF events in at least 1% of all the cancer cell lines.

Multivariate penalised linear regression

A multivariate penalised linear regression was performed to predict the fitness perturbation of the
CRISPR screen with two different sets of independent variables, the gene expression and the LOF
data. The outcome of the linear regression showed GIs between the CRISPR genes and the gene
expression or the LOF genes as the magnitude of the fitted coefficients. Before performing the
penalised linear regression, we removed cell lines if they were not present in both datasets. The R
package ‘glmnet’ was used for carrying out the regressions*.

To optimise regularisation parameters for the penalised linear regressions, we first randomly
selected 200 genes of the CRISPR dataset and performed a five-fold cross-validation (CV) pilot
run. The CV was used for selecting the optimal penalty (L) for three regularisation approaches. The
L1-penalisation of Lasso regression, and the L2-penalisation of Ridge regression, and Elastic Net
regression which combines both L1- and L2-penalisation. We selected the penalty with the best
average CV-error over the 200 genes. Subsequently, Ridge, Elastic Net and Lasso regressions were
performed over the whole genome using their complementary pre-selected penalties.

To obtain a null distribution for the estimated interactions we subsequently performed additional
linear regressions by scrambling either the independent variables (HO X) or the predicted outcome
(HO y). These null distributions were estimated the same way as the regression as described above.

Synthetic lethal interactions

To find potential synthetic lethal interaction we used the LOF dataset to predict the fitness
perturbation of the CRISPR screens with the Lasso and Elastic Net regressions. To validate our
findings, we computed a precision-recall and ROC curves with validated human synthetic lethal
interactions from the SynLethDB database*’. These were evaluated against a potential negative



reference set of interactions with non-essential genes described by Hart and colleagues®s. We
computed a gene-wise p-value and a g-value (false discovery rate (FDR)-adjusted p-values) for the
interactions inferred from the regressions. The p-value and g-value were computed against their
null-distribution generated with the scrambling for each covariate in the model and were used for
adjusting the rank order of the interaction coefficients.

Gene set enrichment analysis

A gene set enrichment analysis (GSEA) of gene ontology (GO)-terms was performed over the
number of Gls obtained from the Elastic Net per CRISPR gene. We selected the class of ‘Biological
Processes’ of the GO-terms. The GSEA was accomplished with the R package ‘clusterProfiler’**.
GO-terms with a p-value < 0.05 were selected. To reduce the redundancy of the obtained GO-

terms, we performed semantic similarity using the Wang method ** with a similarity cut-off <0.5.

XGBoost hyperparameter searches

To find non-linear and higher-order interactions between the genes of the gene expression, we used
extreme gradient boosting (XGBoost) with the R packages ‘xgboost’ and ‘EIX 447, Variables with
non-zero coefficients from the Elastic Net regression of the gene expression dataset served as a soft
variable pre-selection for the XGBoost in order to reduce the dimension of evaluated variables.

For optimizing the test error of predicting the fitness perturbation with the preselected variables
with the XGBoost algorithm, we ran a hyperparameter over a broad range of values of the different
parameters to establish an approximate range for the best solution. These parameters consisted of
the learning rate (eta), minimal child weight and the maximum depth of the trees. This
hyperparameter search was performed with a five-fold CV and the top 10 ranked CRISPR genes
with the highest absolute coefficient sum of the Elastic Net regression. Per CRISPR gene we
selected the number of iterations based on the lowest CV-error and performed a final XGBoost
model with all the samples of the preselected variables and fitness perturbations.

Another hyperparameter search was conducted with the top 200 ranked CRISPR genes with the
highest absolute coefficient sum of the Elastic Net. This hyperparameter search focussed on the
subsampling and the column sample per tree and used a fixed learning rate, minimal child weight
and maximum depth of the trees. This hyperparameter search was performed the same way as
previous described above.
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Second-order interactions

To extract interactions between the covariates of the gene expression genes, we mined the structure
of the boosted trees with the EIX package. An interaction pair is considered between parent and
child nodes in a tree. The XGBoost algorithm uses a Gain score to evaluate the split of a growing
tree. The Gain is used by the EIX package to calculate a sumGain which sums the Gain of the
interaction pair present in all the trees of the model. If the Gain of a child node is higher than its
parent node, this is considered to be a strong interaction. Another evaluation measurement of a
single features is the Frequency. The Frequency score measures the frequency of a single feature
in all the trees of the model. In addition to the sumGain, the EIX package also provides the
frequency of a given pair in all the trees of the model.

For further optimization of finding interactions within the structure of the boosted trees, we ran 40
random XGBoost models for the same fitness perturbation prediction and created ensembles of the
extracted interactions, to test the pooling of models trained under random subsampling of the
training data for the gene expression in the XGBoost model. The data was divided into a test and
training dataset, to evaluate model performance in relation to model structure. The test dataset was
established by selecting 10 cell lines from different clusters based on their gene expression after
dimension reduction with the Uniform Manifold Approximation and Projection (UMAP)
algorithm. The 10 different clusters were created with k-means clustering®®.

The second-order interactions selected for preliminary evaluation in a genome-wide GI network
with hypernodes were obtained after a five-fold CV for the whole genome for preselecting CRISPR
targets based on a cut-off of 0.9 of the CV round mean squared error (RMSE). After preselecting
the CRISPR targets, we performed the same procedure with 40 XGBoost models as described
above. The obtained interactions were ranked by their sumGain. We performed a Fisher exact test
for cumulative PPI enrichment and set a cut-off at a p-value of 0.001. The selected second-order
interactions were used to expand the gene expression dataset and were modelled as an interaction
term of the two single genes of the second-order interaction. This extended gene expression dataset
was used for the multivariate penalised linear regression and the same procedure was performed as
previously described.

Protein-protein interactions enrichment

The interactions obtained from the linear regressions and the XGBoost trees were scored for their
enrichment of experimentally validated protein-protein interactions (PPIs) from the STRING
database®. First, all the unique genes which formed an interaction were extracted and the chance
of a randomly validated PPI interaction was established. Secondly, the interactions found were
ranked by the sum of the value of interest (coefficient, sumGain or frequency). The percentage of
validated PPIs of the ranked interaction were calculated for multiple cut-offs, based on a quantile
or rank. The enrichment score was then obtained by calculating the fold-change of the percentage
of found interactions versus the random chance.

11



Genome-wide genetic interaction map

The UMAP algorithm was used to create genome-wide GI maps. The UMAP algorithm is a
technique for dimension reduction *, and we used the Pearson squared correlation as a distance
metric. We used the interactions and the coefficients obtained from the Ridge regression of the
gene expression data for the initial GI map and the GI map with the second-order interactions. In
the projected genome-wide GI map, clusters were created by k-means clustering with 100 clusters
and annotated for their enriched ‘Biological process’ from the Gene Ontology (GO) Term
Enrichment database***°.

12



Results
Workflow

In this study, we used the L1-regularised linear regression with Lasso and Elastic Net which
combines both L1- and L2-penalisation, to infer GIs from pan-cancer CRISPR screens based on
the genetic and transcriptional background of the cancer cells (figure 1a). This technique was used
for both the gene expression and LOF datasets and predicted the fitness perturbation of the CRISPR
screen. L1-regularisation using Lasso is a reliable method for finding causal inference by strongly
penalising multicollinear structures that exist in biological omics data®-33. Additionally, the Elastic
Net regression was used to preselect candidates for inferring second-order GlIs, being a softer
variable selection method compared to Lasso. These methods were benchmarked for enrichment
of PPIs and detection of synthetic lethal interactions between the selected covariates and their
respective CRISPR targets (figure 1b).

On the other hand, we used the L2-regularisation Ridge regression to map a genome-wide GI
network based on the correlative fitness structure of gene expression. Functional similar genes
cluster together within the network with a correlated fitness interaction profile®>*. We used the
Ridge regression in order to preserve a continuous parametric fitness interaction spectrum for the
whole genome. The UMAP algorithm was used for dimension reduction to create a two-
dimensional network (figure 1b).

The XGBoost algorithm was used for predicting higher-order non-linear fitness dependencies. We
mined the structures of the XGBoost trees to establish second-order interactions. To improve the
inference of true interactions, we benchmarked the methodology for enrichment of PPIs under
various hyperparameter conditions. Second-order interactions discovered by the XGBoost
algorithm were subsequently modelled as polynomials within the linear regression scheme in order
to infer the directionality of the predicted fitness perturbations. In addition, we used the second-
order interaction for hypergraph mapping and functional annotation within a global GI network
using Ridge regression and UMAP (figure 1c).

13
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Multivariate penalised linear regression

In order to infer GIs from the CRISPR screen and the independent variables, the gene expression
or the LOF data, we performed a multivariate penalised linear regression with different penalties.
For each of the linear regression, we performed a five-fold cross validation over 200 randomly
selected CRISPR genes to establish a general penalty that was subsequently used for the regressions
over the whole genome. In order to create a null-hypothesis reference point for the inferred
interactions, the same optimization schemes were performed by either randomising the sample
order of either the CRISPR dataset, the dependent variables, (HO y) or the independent variable
dataset (HO X). The results of the Elastic Net regression with the gene expression as the
independent variables showed that the sum of the absolute coefficients per CRISPR KO gene is
significantly higher than both scrambled null hypotheses (figure 2b and supplement 1). This was
also applicable for the absolute sum of the coefficients per gene of the gene expression. The
scrambling of HO X destroyed the correlative pattern of the gene expression, which resulted in a
more conservative null distribution for hypothesis testing. In contrast to the HO X scrambling, the
randomization of HO y maintained the correlative structure of the independent variables and was
therefore subjected to a stronger penalization for highly correlated variables, that could arise due
correlated gene deletion patterns for genes on the same chromosomes. The clearance between the
true data and the null-distributions was stronger for the gene expression data than the LOF data
after Elastic Net regression.

The null-distributions for the LOF dataset also showed that randomization results in a significant
increase of the absolute sum of coefficients per CRISPR gene or a LOF gene (figure 2b and
supplement 1). In contrast to the gene expression data, the HO y of the LOF data yielded a more
conservative hypothesis testing, due to the preserved correlative structures of the mutations and
gene copy number losses. As the correlations in the mutation patterns are maintained and variables
with better coverage in the dataset tend to be biasedly selected (in the absence of any fitness
association). The random associations are potentially more evenly distributed when randomizing
the X data, thus resulting in more numerous small coefficients.

To show the distribution at the level of the individual genes (gene expression or LOF genes) we
picked the 12 highest ranked genes based on their absolute sum of coefficients per gene of the
Elastic Net regression. The distributions showed the clear distinction between the true linear
regression compared to the null distributions (figure 1c and 1d).

15
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Gene level enrichment

To validate the GIs found by the Lasso and Elastic Net regressions we looked at the enrichment of
experimentally validated PPIs. We found that in the linear regressions with the gene expression
and the CRISPR data, the GIs are highly enriched at the top hits in both the Elastic Net and Lasso
regressions. The top 100 hits are ~13-fold enriched (Elastic Net) and ~17.5-fold enriched (Lasso)
(figure 3a). Interestingly, the positive GIs were higher enriched compared to the negative Gls. The
top 100 positive GIs for the Elastic net regression were ~19.5-fold enriched versus ~2.5-fold
enrichment of the negative GIs. For the Lasso regression, we found a similar trend. A ~22.5-fold
enrichment of the top 100 positive GIs compared to ~5-fold enrichment of the negative GIs. These
trends could suggest that gene expression causes an increase in gene dependencies which are not
commonly manifested through physical interactions. On the other hand, if we look at the PPI
enrichment of the predicted Gls between LOF mutations and the CRISPR KOs, there is a smaller
difference. The top 100 ranked hits of the Elastic Net showed an enrichment of ~20-fold for the
positive GIs and ~21-fold for the negative GlIs (figure 3b). For the Lasso regression, the enrichment
was ~17.5-fold for the top 100 ranked positive GIs versus ~14-fold enrichment of the negative GIs.

An interesting observation was that the enrichment of the positive GIs from the gene expression
after performing the Elastic Net and Lasso were higher enriched in PPIs than negative Gls (figure
2a). A positive GI between a gene expression and a CRISPR gene indicate that a lower gene
expression is associated with a lower fitness. For a negative GI it is the other way around, a lower
gene expression is associated with a higher fitness than expected. This is contrary to the meaning
of a GI between the LOF and CRISPR genes, where a negative GI results in lower fitness than
expected. An enrichment of PPIs in positive GIs corresponds with previous findings in yeast’>.

The negative GIs inferred by the Elastic Net and Lasso regressions of the LOF dataset were used
for the prediction of synthetic lethal interactions between the LOF and the CRISPR genes. To
validate these synthetic lethal interactions, we computed a receiver operating characteristic curve
(ROC) with respectively 235 true positives and 11,339 potential false positives with non-essential
genes>® (Elastic Net), and 106 true positive and 1,704 potential false positive interactions with non-
essential genes® (Lasso). Because we found a substantial bias in inferring an interaction of genes
with strong coverage in the LOF data, we also tested the adjustment of the rank order based on
gene-wise hypothesis tests by computing p-values and g-values (FDR-adjusted p-values) for
interactions of genes in the LOF data against their respective null-distributions (figure 3¢ and 3d).

The sensitivity of detecting true positive synthetic lethal interactions increased after gene-wise p-
value adjustments with both null distributions for both the Elastic Net and the Lasso (figure 3¢ and
3d). The sensitivity of detecting true synthetic lethal interactions with the Elastic Net was 0.98 with
an FDR of 0.05 for both HO’s (figure 3c). The sensitivity of detecting true synthetic lethal
interactions with the Lasso was 0.99 with an FDR of 0.05 when using HO y (figure 3d). On the
other hand, the sensitivity dropped to 0.95 with an FDR of 0.05 when using HO X (figure 3d). These
findings suggest that the Elastic Net and Lasso regression combined with gene-wise null hypothesis
testing results in a high sensitivity for detecting true Gls.
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Figure 3. Functional enrichment of the linear genetic interactions. (a) PPI enrichment of GIs found with the Lasso
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with HO y in yellow and the HO X in blue. (d) ROC curve of synthetic lethal interactions of the Lasso regression with

the LOF dataset.
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Process level enrichment

In order to investigate which biological processes were most strongly associated with a high degree
of GIs, we performed a GSEA with the GO-terms of ‘Biological processes’ on a list of the number
of GIs identified per CRISPR gene with Elastic Net regression. For Gls inferred from the gene
expression data, these associations represent cellular dependencies that are most highly influenced
by changes in gene expression. Here we found mainly enrichment of GO-terms associated with
cell core-specific processes, such as protein-DNA complex subunit, establishment of RNA
localization and regulation of G2/M transition of mitotic cell cycle (figure 4a). Although the genes
with the highest number of GIs were mainly involved in cell core specific processes, the biological
process with the highest Gls was viral gene expression. This could be a side effect of the CRISPR
screen, which was performed with viral transfection of the sgRNA to the cancer cells. Compared
to GO-terms associated with a high number of GIs inferred from the LOF data, we identified mainly
processes of the mitochondrion, including the following processes, mitochondrial respiratory

chain complex assembly, respiratory electron transport chain and mitochondrial translation
(figure 4b).

The enriched processes with the least GIs from the gene expression and the LOF data were mainly
involved in tissue-specific processes. The enriched processes of the LOF data were involved in
regulation of tissue- or sense-specific processes, such as negative regulation of response to food,
negative regulation of appetite and negative regulation of response to nutrient levels (figure 4b).
The gene expression data was enriched for other tissue-specific processes such as regulation of
macrophage activation, regulation of coagulation, and sensory perception of pain (figure 4a). The
genes with the lowest number of Gls were less dependent on gene expression or a LOF for the
fitness perturbation.
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Genome-wide genetic interaction network

Correlations in GIs have been shown to cluster genes together with similar functionality in a
genome-wide GI network®>*. To establish a genome-wide network, we used the L2-regularisation
based Ridge regression. The L2-regularisation forces coefficients for non-predictive association
towards zero but maintains a non-zero coefficient for all independent variables, thus maintaining a
genome-wide fitness interaction profiles. Therefore, it can establish a framework for computing a
correlative global GI network. For the mapping of the GIs correlations in a two-dimensional space,
we used the UMAP algorithm to reduce the dimensions from the whole-genomic interactions. We
established two global networks, either based on the genes from the gene expression or the CRISPR
screen. The network of the gene expression genes is based on the correlative structure of genetic
fitness interactions of the CRISPR screen. The other network, based on the genetic fitness
interactions of the CRISPR genes is based on the correlative structure of the regulatory genes.

In order to identify cluster-wise enrichment of functional processes we performed k-means
clustering with a total of 100 clusters, followed by GO-term enrichment of the genes in the clusters
(figure 5a and 5b). The results of the genome-wide GI map showed distinct functional clusters of
different enriched biological processes. First of all, the network of the gene expression genes
showed that cell core specific processes and tissue specific biological processes were distinct from
each other (figure 5a). The cell core processes were mainly at the edges and the centre of the upper
part of the network. Among these cell core processes we found: RNA splicing, protein targeting,
ribonucleoprotein complex biogenesis, and regulation of GTPase activity. The tissue-specific
processes are forming a bigger cluster at the centre of the network, including the following
processes: skin development, detection of chemical stimulus involved in sensory perception,
lymphocyte mediated immunity, and blood coagulation (figure 5a).

For the global GI network for the genes of the CRISPR targets we observed the opposite compared
to the genes of the gene expression. At the edges of the network, we found that it is mainly enriched
with tissue-specific processes (figure 5b). For instance, epidermis development, sensory perception
of smell, humoral immune response, and defence response to bacterium. The cell core specific
processes were mainly found in the centre of the network, forming a bigger cluster. Among these
processes we found: Golgi vesicle transport, mRNA catabolic response, tRNA modification, and
actin filament organisation (figure 5b).
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Second-order interactions

While the mapping and identification of pairwise interactions is a powerful tool to explore fitness
interactions across a panel of cancer cells, it limits the analysis to an average value with varying
validity in different cancer subtypes. GIs may vary depending on other factors and understanding
such variations may be crucial for drug development and response. One step to address this
complexity is to map potential second or higher variables that change the fitness interaction of an
initial pair. To find such higher-order dependencies we focused on the regulatory role of gene
expression.

In order to find the second-order interactions we used the machine learning technique XGBoost.
The XGBoost algorithm uses boosted gradient trees for its prediction, making it suitable to mine
non-linear interactions between the covariates within the trees of the model. The variables for
predicting the fitness perturbations with the XGBoost algorithm were preselected with the Elastic
Net regression. We used the Elastic Net for preselecting the variables with the highest predictive
linear value on the fitness perturbation. The regularisation of the Elastic Net is weaker compared
to the Lasso, and therefore more variables are accounted for the prediction. The soft variable
selection of the Elastic Net still holds enough variables to find nonlinear interactions.

In order to optimize the XGBoost algorithm for predicting fitness perturbations, we ran a
hyperparameter search to identify the important parameters of the algorithm to minimize the CV-
error. The first hyperparameter runs were to find the approximate regions of the minimal child
weight, maximum depth, and the learning rate (eta) (supplement 2). After establishing these
parameters for minimizing the CV-error, we conducted another hyperparameter search for two
other parameters, subsampling of the training data (subsample), and the column sample per tree
(figure 6a). The subsample indicates the fraction of training data available for every iteration of a
growing tree in the XGBoost algorithm. The column sample per tree is another subsampling
method, but this regulates the fraction of available variables evaluated per growing tree. A
subsample of 0.5 prevented overfitting of the models compared to no subsampling at all (figure
6a).

We mined the interactions between the covariates from the XGBoost trees. The interactions were
classified as a strong interaction pair when the child node had a higher Gain than the parent node.
To investigate the functional enrichment of the obtained interactions we performed a PPI
enrichment test (figure 6b). The interactions were ranked by the sum of their sumGain or frequency.
The PPI enrichment was improving for all the interactions ranked on either their sumGain or
frequency when the column sample per tree was increasing from 0.05 to 0.4 for both the
subsampling fractions of 0.5 and 1 (figure 6b). Increasing the column sample from 0.4 upward, the
interactions did not show an ascending PPI enrichment anymore for both subsample values. For
the strong interactions ranked on their sumGain, there was an improvement of PPI enrichment
under subsampling of 0.5. These results indicate that subsampling prevents model overfitting, and
this is associated with a high enrichment of functional GIs.
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XGBoost models binning

The results from the hyperparameter search with the subsampling showed an improvement with
respect to overfitting and finding Gls enriched for PPIs, that was dependent on the coverage of
evaluating covariate sampling. Therefore, we wanted to investigate the effect of pooling several
models with subsampling trained under random sampling. In order to investigate the effect of
binning models, we ran 40 models with random subsampling. We found that random subsampling
is responsible for variability between the enrichment of PPIs. The 40 models we ran were
performed with 50% of subsampling of the training data for predicting the fitness perturbation. The
findings showed that the enrichment of PPIs was improving, indicating that ensembles of multiple
models trained under random subsampling is improving the findings of PPIs (figure 7a and 7b).

For further exploration, we investigated the possibility to extract the XGBoost models which
showed the highest enrichment of PPIs. Therefore, we looked at the relation between the
enrichment of PPIs from an ensemble of models and their average test RMSE. To enhance the
enrichment of the interactions, we binned the different XGBoost models based on their ranking of
the test RMSE value. We binned the outcomes of the interactions on two different methods. The
first binning method was to bin the interactions found per XGBoost model by their ranking per
CRISPR gene. We used 200 CRISPR genes, so 200 models were binned, one for every CRISPR
gene. Therefore, the results show 40 different enrichments with a different test RMSE score. The
enrichment of all the 40 models was higher than the reference model of no subsampling at all
(figure 7a). In addition, we binned the models with sets of 5 models per CRISPR gene, so 1000
models were binned together. This showed an improved enrichment for all the binned models
compared to the reference model (figure 7a). However, the binning strategy based on the RMSE
score per CRISPR gene did not show a significant correlation between the test RMSE and the PPI
enrichment for the frequency (p-value = 0.53 and p-value = 0.83, respectively 200 and 1000
models) and for the sumGain (p-value = 0.43 and p = 0.62, 200 and 1000 models) (figure 7c).

The other binning strategy was based on ranking the different XGBoost models by overall ranking
and not per CRISPR gene. This was performed with the binning of 200 and 1000 models (figure
7b). This binning strategy showed a negative correlation between the test RMSE and the PPI
enrichment (figure 7d). The negative correlation was higher for the 1000 models (R =-0.96 and p-
value < 0.001, and R = -0.94 and p-value = 0.019) respectively for the frequency and sumGain,
compared to the 200 models (R = -0.5 and p-value= 0.0011, and R = -0.52 and p-value < 0.001)
respectively for the frequency and the sumGain. Therefore, the binning of models trained under
random subsampling improved the detection of PPIs and selective binning of the models with high
prediction accuracy improved the detection of PPIs even further.

After these findings, we proceeded with the latest data from the DepMap consortium. We used
these datasets from the 21Q4 for the final global GI map, because more cancer cell lines were
included and were not published yet when we started the study. We performed the same pipeline
with the linear regression as previously described. For the XGBoost we performed a whole genome
CV-run to preselect CRISPR targets based on their CV-error. The CV RMSE cut-off was set to <
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0.9, which resulted in 2,870 CRISPR genes (supplement 3 figure 1). The selected CRISPR genes
and its gene expression variables preselected by the Elastic Net were used and 40 models with 50%
of random subsampling were performed for each CRISPR target. The top 1000 GIs ranked on the
sumGain were used for further analysis.
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Genome-wide genetic interaction network with second-order interactions

In order to investigate the complex regulatory fitness interactions of gene expression, we generated
a global GI network that included the second-order interactions. The location of the second-order
interactions within the global GI network could provide information about the functional process
of the interaction. The second-order interactions were extracted from the XGBoost models and
modelled as an interaction term of the gene expression dataset. The same workflow was performed
with the Ridge regression, but with the second-order interactions included. The UMAP algorithm
was used to generate a GI network for the fitness correlations along the transcriptome dimension.

In the GI network with the functional enrichment, we observed a distinction between the cell core
specific processes, such as RNA splicing, actin filament organization, peptidyl-lysine modification,
and proteosomal protein catabolic process, which were enriched in the right lower corner of the
network (figure 8a). On the other side of the network, we found biological processes involved in
tissue-specific processes, including 7T cell activation, epidermis development, visual perception and
regulation of membrane potential.

The distribution of the second-order interactions and the two single paired genes were mapped on
the GI network (figure 8b). We found that the second-order interactions were mainly occurring in
the centre and left corner of the network, whereas the single genes of the interactions were mainly
distributed on the other side of the network (figure 8b). The distribution of the single genes was
therefore mainly located in the more cell core processes region, whereas the second-order
interactions were more located at the tissue-specific part of the network (figure 8a and 8b).
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For demonstration, we selected some genes and its interaction partners which were an established
second-order GI and located their position in the global GI network. The first gene we selected was
CDKNI1A, which encodes for the protein Cyclin Dependent Kinase Inhibitor 1A. CDKNIA is a
kinase inhibitor involved in the cell cycle progression. In the global GI network, CDKNIA was
located at the enriched biological process of response to radiation (figure 8a and 9a). Interestingly,
the GIs of CDKN1A were clustering in proximity to CDKN1A itself in the network. In this cluster
we see the GI between CDKN1A and CDKN2A. The proteins of these two genes have similar
functions in the cell cycle regulation and play a role in numerous types of cancer *®. The two genes
encode for the proteins p21 (CDKN1A) and p16 (CDKN2A). Both genes also had overlapping Gls,
namely with MDM2, EDA2R and RPL22L1. MDM2 is a negative regulator of the tumour
suppressor gene TP53°7 and has been shown that CDKN1A and CDKN2A both interact with
MDM2. The pl6 protein interacts and downregulates MDM2%, whereas MDM2 is a negative
regulator of p21°°. However, the other two genes with a second-order interaction with both
CDKNs, have not been previously shown to interact with them. RPL22L1 encodes for the
Ribosomal Protein L22 Like 1 protein and is a paralog of the RPL22, which is a 60S ribosomal
subunit. A recent study linked both paralogs and its pathways to patients with colorectal cancer®.
The last gene is EDA2R, and this gene encodes for the transmembrane Ectodysplasin A2 Receptor
that is involved in NF-kappa-beta and JNK pathways®'.Other genes with an established GI with the
CDKNI1A gene within the cluster were genes mainly involved in general core cell processes. This
includes the amino acid transporter SLC38A6, the polypeptide transferase GALNT®, the fatty acid
hydrolase FAAH, and the guanine nucleotide exchange factor ARHGEF19 (figure 9a).

The second example is from CDKN2A, the gene of the p16 protein, and CDKN2B, the gene of p15
protein. These two Cyclin Dependent Kinase Inhibitors are both tumour suppressor genes, which
regulate the cell cycle. Most of the GIs found with CDKN2A, clustered at two sites of the network
(figure 9b). One of the clusters was close to the genes of CDKN2A and CDKN2B, which was also
located at the enriched site of response to radiation (figure 8a and 9b). In this cluster we found
second-order interactions of CDKN2A with multiple genes involved in regulation of the tumour
suppressor gene TP53. The MDM2 proto-oncogene encodes for a protein which is a negative
regulator of tumour suppressor p53°’. Another GI partner of CDKN2A with the second-order
interaction in the cluster was the Xeroderma pigmentosum, complementation group C (XPC) gene.
The XPC protein has been shown that it can degrade p53 via the MDM2 pathway®?. The gene
SESNI1 is on the other side regulated by p53%. Two other genes with a GI in the same cluster were
Ferredoxin Reductase (FDXR) and Spermatogenesis Associated 18 (SPATA18). These two genes
are both involved in cellular processes within the mitochondria®>.

The other cluster of the second-order interactions was located near the biological process of
response to drugs and the epidermis development (figure 8a and 9b). In this cluster of Gls, the
second-order interaction of CDKN2A showed interesting interactions around the retinoblastoma
(RB1) gene, although the interaction between CDKN2A and RB1 was located outside this cluster
(figure 9b). It has been shown that CDKN2A negatively regulates the RB1 pathway by suppressing
CDK4/6%. In this cluster four other second-order interactions with CDKN2A were present with

32



more genes that regulate RB1. These four were the E2F3 transcription factor, Cyclin D1/D3
functional subunits (CCND1 and CCND3) and Cyclin Dependent Kinase 6 (CDK6). CCND1 and
CCND3 are functional subunits that form a complex together with CDK6 and this complex
regulates RB1%7. E2F3 encodes for a transcription factor by the same name and this protein is
directly suppressed by RB1, therefore it is important for cell cycle regulation®. Two other genes
in the cluster of second-order GIs with CDKN2A were Caveolin 1 and Caveolin 2 (CAV1 and
CAV?2). These two genes encode for two proteins which form a hetero-oligomeric scaffolding
complex. This complex is functional in caveolar membranes across different cell types. It has been
suggested that this complex acts as a tumour suppressor, due to its role in the Ras-ERK
pathway®>’°. Another interesting finding was the interaction of CDKNIA and CDKN2A with
CDKS5 Regulatory Subunit Associated Protein 1 Like 1 (CDKALTL). It is noteworthy that it had a
interaction with both CDKN1A and CDKN2A, and that the function of CDKALT is not completely
understood. It has been shown that it plays a role in type 2 diabetes ’!, but it has not been associated
with cancer so far.

The third example consists of two genes, the Proteasome 20S Subunit Beta 8§ (PSMBS) and
PSMBO9. Both genes were located in the enriched cluster of response to virus (figure 8a and 9c).
Both genes encode for subunits of the 20S proteasome complex. Interestingly, a part of the second-
order interactions formed a small cluster at the enriched immune response-activating signal
transduction cluster (figure 8a and 9c), thus a biological process involved within the immune
system. The second-order GlIs in this cluster consisted of PSMBS8 and other genes. Among these
other genes is Neutrophil Cytosolic Factor 4 (NCF4). NCF4 encodes for a protein that is part of an
enzyme complex involved in the host defence of neutrophils’. Another gene is Sorting nexin-20
(SNX20), which is involved in regulation of the innate immune system. A recent study showed that
SNX20 is a potential therapeutic target and biomarker in lung adenocarcinomas’®. The last gene
which also formed a GI in the cluster is MFNG, which encodes for the enzyme Beta-1,3-N-
acetylglucosaminyltransferase manic fringe, unlike the other partner genes, this enzyme is not
involved in the immune system, but in the Notch signalling pathway’*.

As final example, we showed the second-order interactions of VPS4B, CHMP4A, CHMP4B and
CHMPAC (figure 9d). The CHMP genes encode for proteins which are part of the ESCRT-III
complex. ESCRT-III is part of a bigger complex, namely the endosomal sorting complex required
for transport (ESCRT) complex and the ESCRT complex is involved in membrane fission”>6, A
recent study showed a synthetic lethal pair interaction between VPS4A and VPS4B in absence of
SMAD4 and CDH1"". In addition, the same study showed that VPS4A and VPS4B are co-essential
with CHMP4A. The authors suggested that the VPS4B expression and dependency could be due
to a paralog interaction with CHMP1A and CHMP4B”’. In the GI network map, the VPS4B and
CHMP4 genes were located in a different cluster. However, their second-order interactions were
located in a small cluster close to the enriched cluster of response to drug (figure 8a and 9d). A
recent study suggested that ESCRT-III could be exploited as a potential therapeutic target in drug
resistant cancer therapy’s. The second-order interaction between VPS4B and ITCH was also
located in this cluster. The ITCH gene encodes for the Itchy E3 ubiquitin ligase which is an
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important player for the innate immune system. This gene has been of interest as a therapeutic
target in different types of cancer’. Interestingly, in a VPS4A suppressed cancer cell line, ITCH
KO increased the cell survival’’. The other gene with a second-order interaction with VPS4B is the
autophagy related gene SH3GLB1%,
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Discussion

In this study, we showed a robust framework to establish a genome-wide GI network from a pan-
cancer CRISPR screen. The network was characterised by biological functional clusters and was
based on the regulatory role of gene expression on fitness perturbation in cancer. Furthermore, we
found second-order interactions by mining the structures of XGBoost trees and mapping them in
the genome-wide network.

Our genome-wide network was focused on interactions between gene expression and the fitness
perturbations of a CRISPR screen. The second-order interactions derived from our technique were
established between gene expression covariates. We focused on gene expression, due to the
regulatory role of gene expression on the fitness of cancer cells and the influence on GIs. Due to
the complexity of cancers, gene expression variability occurs between different cancer and normal
cells. Overexpression of many genes has been associated with different types of cancers and may
act as an oncogene. Regulation of the gene expression takes place through different types of
mechanisms, including mutations of oncogenes and tumour suppressor genes. Gene expression
variability in cancer cells can also be caused by epigenetic regulation, including DNA methylation
and chromatin remodelling®*2. Profiling the gene expression yields a high predictiveness for drug-
responses and can be used for drug discoveries®»*. Transcriptional modulation is thereby
important for cancers to become drug-resistance, due to the changes in expression after initial
treatment. Therefore, the variability and the transcriptional modulation of GIs and fitness changes
in response to gene deletions are of great interest for personalised medicine®>-36,

For finding second-order interactions, we used an Elastic Net regression for preselecting variables
before the XGBoost algorithm. Nowadays, high-throughput screens have become the standard in
genetic screens. Due to the huge number of genes and relatively low observations, predicting fitness
dependencies in large CRISPR screens is a statistical burden. Not only is the set of large variables
a statistical concern, but it also comes with a computational challenge. Therefore, we reduced the
number of variables and selected the variables with the highest predictive linear value. The
preselected variables can still be used for finding non-linear relationships within the XGBoost trees
and in addition it improves the computational speed.

We showed that the second-order interactions from mining the XGBoost trees were enriched for
PPIs. The enrichment of PPIs was also improved by running multiple rounds of random XGBoost
models under random subsampling and binning these models. In this study we ran 40 random
models with 50% subsampling, but it could be interesting to see if including more XGBoost models
would improve the PPI enrichment. The interactions established from the XGBoost trees showed
a negative correlation between PPI enrichment and the test RMSE. However, there was only a
correlation between them if the models were ranked on their overall score (sumGain and frequency)
and not ranked per CRISPR gene target. This implies that not all CRISPR targets have many
predictive regulatory genes for their fitness after preselecting variables with Elastic Net.
Alternatively, the fitness spectrum of these genes may be difficult to predict and require more data
due to low signal-to-noise ratio. Genes with a lower number of GIs were associated with more
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tissue-specific processes, and thus may require more data or more experimental variation in the
culturing conditions for the CRISPR screens (figure 4b). Indeed, a recent study showed that novel
fitness dependencies tend to arise in multicellular culture environments®’.

In continuation of this study, we selected the CRISPR targets with the most predictive fitness
spectrums. Therefore, doing our final run, we set a cut-off based on the test RMSE. This allowed
us to look at the CRISPR targets with the most reliable interaction structures between regulatory
genes and reduce the computational burden. Furthermore, the hyperparameter optimization
indicated that optimal detection of GIs (assessed by PPI enrichment) was associated with a
minimization of model overfitting. This could suggest that the most profound higher-order
interactions in fitness perturbation are predicted from models that can generalise well across the
pan-cancer cell library. A recent study by Costanzo and his colleagues, showed that in yeast most
GIs in a global GI network remains the same in different environmental conditions®>.

With our technique we found potential second-order GIs and showed a few examples of the
interactions within the genome-wide network. The second-order interactions of the CDKN2A,
CDKN2B and CDKNI1B formed different distinct clusters. These clusters were in proximity of
other functionally enriched clusters, which could indicate a similar biological function. Another
possibility could be that these higher-order interactions form their own functionally distinct
clusters. Characterizing these clusters could show how genes from different processes of the
network could contribute to emergent functions through the means of higher-order interactions.
Notably, the distribution of higher-order interactions in regions predominantly associated with
tissue-specific functions could suggest a path for mapping how complex interactions between genes
yield the vast amount functional variability seen in different human cells.

A utility of our genome-wide GI network is to characterise genes for their function. The function
of many genes is still poorly understood. Previous work in genome-wide GI networks showed that
genes cluster together with similar functionality and could be used to assign functions to
uncharacterized genes’?>>*. Therefore, it would be interesting to use our method and look more
into depth of a certain biological process within the network to characterise genes which are still
poorly understood.

It would be also interesting to validate potential findings of higher-order interactions with our
technique. Validation of higher-order interactions involved in cancer fitness would be of great
interest for personalised treatments. Treatment could focus on multiple drugs targeting different
genes involved in the same biological processes, also known as combination drug therapy.
Combination drug therapy is already important in the clinic for many types of cancer®® and could
be exploited even further. Besides the potential benefits for improving cancer treatments. Our
research could contribute to the understanding of the complexity of genetics, and how it contributes
to variations in drug sensitivity in different cancer subtypes. One of the key challenges in the field
of genetics remains the ability of genes to create a wide variety of differential tissues and cells>*%°.
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For further development of this technique, more genetic characteristics of the cell lines should be
included to find additional higher-order fitness dependencies. These should be gain-of-function
mutations, gene fusions, loss-of-functions, and gene expression. Due to the limitations of this study,
we mainly focused on the gene expression as a proof of concept of our method.

Many recent studies focused on synthetic lethal interactions from large CRISPR screens and novel
interactions are investigated as potential drug targets'>. In this study, we also looked at synthetic
lethal interactions after establishing a LOF dataset from mutations and gene copy numbers data.
We selected only deleterious mutations which were present in more than 1% of the cancer cell lines
to obtain sufficient coverage for the regression. The results from the ROC curve of the potential
synthetic lethal interactions showed that when adjusting for FDR coming from the coverage and
distribution of mutations in the cancer library, L1-penalised linear regression serves as a robust
method for detecting true positive interactions. Therefore, it would be interesting to investigate the
top hits from the Lasso as potential synthetic lethal interactions. For further development of this
technique, we could include more mutations and explore the higher-order dependencies of
synthetic lethality on gene expression variation.

In conclusion, our work showed a framework for establishing a genome-wide GI network with
functional clusters. We also showed a method for predicting higher-order Gls and this framework
can be further developed and be used to gain a better understanding of complex GIs and its
regulation of fitness in cancer cells.
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Figure 1. Statistics of the multivariate penalised linear regression cross-validation. (a) Paired Wilcoxon-signed
rank test for the coefficients obtained from the different Elastic Net-regularisation (0 < a < 1) and the Lasso-
regularisation (o = 1) CV regressions. The coefficients obtained from the true regressions with the gene expression as
independent variables were compared to the coefficients of their estimated null distributions of HO y (yellow) and HO
X (blue). (b) Paired Wilcoxon-signed rank test for the coefficients obtained from the different Elastic Net-
regularisation and the Lasso-regularisation CV regressions. The coefficients obtained from the true regressions with
the LOF as independent variables were compared to the coefficients of their estimated null distributions of HO y
(yellow) and HO X (blue).
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Figure 1. XGBoost hyperparameter search. (a) Hyperparameter search for the learning rate and minimal child
weight. (b) Hyperparameter search for the learning rate and the maximum tree depth. The round mean squared error
(RMSE) and the 95% confidence interval (black lines) are shown for the test and training data of the XGBoost models.
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Figure 2. XGBoost hyperparameter search. (a) Hyperparameter search for the learning rate and minimal child
weight. (b) Hyperparameter search for the learning rate and the maximum tree depth. The round mean squared error
(RMSE) and the 95% confidence interval (black lines) are shown for the test and training data of the XGBoost models.
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Figure 3. XGBoost hyperparameter search. (a) Hyperparameter search for the learning rate and minimal child
weight. (b) Hyperparameter search for the learning rate and the maximum tree depth. The round mean squared error
(RMSE) and the 95% confidence interval (black lines) are shown for the test and training data of the XGBoost models.
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Figure 4. XGBoost hyperparameter search. (a) Hyperparameter search for the learning rate and minimal child
weight. (b) Hyperparameter search for the learning rate and the maximum tree depth. The round mean squared error
(RMSE) and the 95% confidence interval (black lines) are shown for the test and training data of the XGBoost models.
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Figure 5. XGBoost hyperparameter search. Hyperparameter search for the learning rate and the maximum tree
depth. The round mean squared error (RMSE) and the 95% confidence interval (black lines) are shown for the test and

training data of the XGBoost models.
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Figure 1. Histogram of the whole-genome XGBoost cross-validation run. The red dotted line indicates the cut-off
for the test round mean squared error (RMSE).
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