Research Repository UCD

Title 3D structural analysis of RAS effector binding and investigation of context-specific networks
Authors(s) Junk, Philipp
Publication date 2023

Publication information

Junk, Philipp. “3D Structural Analysis of RAS Effector Binding and Investigation of
Context-Specific Networks.” University College Dublin. School of Medicine, 2023.

Publisher

University College Dublin. School of Medicine

Item record/more
information

http://hdl.handle.net/10197/29782

Downloaded 2026-04-30 13:04:31

The UCD community has made this article openly available. Please share how this access

benefits you. Your story matters! (@ucd_oa)

© Some rights reserved. For more information



https://twitter.com/intent/tweet?via=ucd_oa&text=3D+structural+analysis+of+RAS+effecto...&url=http%3A%2F%2Fhdl.handle.net%2F10197%2F29782

3D structural analysis of RAS effector binding
and investigation of context-specific networks

By

Philipp Junk, PhD Candidate
UCD student number: 18206816

The thesis is submitted to University College Dublin in fulfilment of the
requirements for the degree of Doctor of Philosophy in Translational
Medicine

UCD School of Medicine
Head of School: Professor Michael Keane

Principle Supervisors: Associate Professor Christina Kiel (From 2018 to
2021) and Assistant Professor Melinda Halasz (From late 2021 to 2022)

Members of the Research Studies Panel:
Professor Desmond Higgins
Assistant Professor Dirk Fey

September 2022

Based on research carried out in Systems Biology Ireland, School of
Medicine, University College Dublin



Contents

Tableof Contents . . . . . . .. . ... .. ... ... ... ... ... ii
Abstract . . . . . . . .. iv
Statement of Original Authorship . . . . . ... ... ... ...... v
ThesisFormat . . .. ... ... ... ... . ... ... . .. . ... Vi
Collaborations . . . . . . . . .. ... ... vii
Funding . . . . . . . . . viii
Acknowledgements . . . . .. ... ix
List of Publications . . . . . .. ... ... ... .. ... ... ... X

1 3D structural analysis of RAS effector binding and investigation

of context-specific networks 1
1.1 Introduction . . . ... ... ... ... . ... ... . . ... 1
1.2 From structurestosystems . ... ... ... ... ....... 13
1.3 From experimentstosystems . . . . ... ... ... ...... 21
1.4 Discussion . . . ... . ... 27

2 Engineering of Biological Pathways: Complex Formation and

Signal Transduction 30
2.1 Introduction . . . . . . ... .. 30
2.2 Engineering of Biological Pathways: Complex Formation and
Signal Transduction . . . . . ... .. ... ... ... 31
2.3 Discussion . .. . ... 46

3 HOMELETTE: a unified interface to homology modelling software 47

3.1 Introduction . . . . . .. ... 47
3.2 HOMELETTE: a unified interface to homology modelling software 48
3.3 Discussion . . . . ... 57



4 Structure-based prediction of Ras-effector binding affinities and

design of “branchegetic” interface mutations 58
41 Introduction . . . ... ... ... 58
4.2 Structure-based prediction of Ras-effector binding affinities and
design of “branchegetic” interface mutations . . . . . . ... .. 60
4.3 Discussion . . ... 104

5 Analysis of context-specific KRAS-effector (sub) complexes in

Caco-2 cells 107
5.1 Introduction . . . . . .. ... 107
5.2 Analysis of context-specific KRAS-effector (sub) complexes in
Caco-2cells. . . .. . ... .. 108
5.3 Discussion . . . . ... 158

Bibliography 162



Abstract

RAS is a signalling switch important in tissue homeostasis and cancer. In
its active form, numerous effector proteins with a RAS binding domain are
able to compete for binding. While some of these effectors such as RAF are
well characterized, a systems understanding of the RAS effector system in
the context of effector competition and signalling, oncogenic mutations, and
co-stimulatory contexts is lacking.

In this thesis, the RAS effector system was investigated from a structural and
an experimental perspective. For the structural perspective, 54 putative effector
proteins in complex with RAS were modelled. Based on the structural models,
binding affinities were estimated which were incorporated into a mathematical
model of RAS effector complex formation in 29 different tissues. Interface
mutations interfering with the complex structures were energetically evaluated
in silico and then integrated in the complex formation modelling.

For the experimental perspective, KRAS interactomes from Caco-2 cells
overexpressing different KRAS plasmids (WT, G12C, G12D, and G12V KRAS)
and treated with different stimulations/inhibitors (untreated, DMOG, TNF-a,
IL-6, PGE2, and EGF) were investigated for functional differences. Then, using
random walks on a network of the proteins found in the interactomes, we
predicted the contribution of individual effectors to functional processes.

Our work numerically describes the RAS effector system in a methodolog-
ically coherent way and lays the foundation to experimentally engineer the
RAS effector system with interface mutations to selectively enhance or abolish
(“rewire”) some effectors. In addition, we describe how different combina-
tions of mutations and treatments shape functional annotations of the KRAS
interactome.
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1 3D structural analysis of RAS
effector binding and investigation of
context-specific networks

1.1 Introduction

1.1.1 Systems biology

There are many definitions of systems biology.

+ “Systems biology is the science that studies how biological function
emerges from the interactions between the components of living systems
and how these emergent properties enable and constrain the behaviour
of those components” attributed to Jan-Hendrik Hofmeyr, in [1].

+ “Systems biology means different things to different people. There are
those who see it as a logical continuation of functional genomics - that
is, carrying out experiments on the genome scale with the aim of under-
standing how the whole is greater than the sum of its parts. Others see it
as a branch of mathematical biology, which consists of the study of small
systems for which sufficient parameters have been measured to allow
simulations of how the molecules function together to achieve a particular
outcome. In our view, it is both of these things.” from [2].

* “Molecular biology has uncovered a multitude of biological facts ... but this
alone is not sufficient for interpreting biological systems. Cells, tissues,
organs, organisms and ecological webs are systems of components



whose specific interactions have been defined by evolution; thus a system-
level understanding should be the prime goal of biology.” from [3]

+ “For any phenotype - molecular, macroscopic, or ecological - a set of inter-
related factors exist that contribute to this phenotype. Since these factors
interact, they need to be studied collectively, not merely individually.” from
[4].

+ “... systems biology implies the quantitative understanding of a system,
rather than of the individual components, allowing testable predictions to
be made. As such, systems biology requires acquisition of data, parame-
ter quantification, bioinformatics analysis and mathematical modelling.”
from [5].

What most of these definitions have in common, and what is a good consen-
sus for the scope of this thesis, is the separation of individual components of the
system, and the behaviour of the system when components of systems interact.
Biological systems have been shown to exhibit strikingly complex behaviour,
for examples how a whole organism develops from a single cell, or how cells
can be reprogrammed as cancer cells and evade both the immune system and
therapy, or how our nervous system is able to process stimuli from the outside
world and make us react to them. For many of the complex questions in biology,
or in other words, for the understanding of many of the complex systems in
biology, it is not enough to zoom in on individual components, but necessary to
identify core components and understand the behaviour emerging from their
interactions.

Models in systems biology

Biological science in its fundamental approach is heavily reliant on model
systems, such as cell lines, animal models, or computational models. Models
are abstractions of reality, which allow us to investigate relevant aspects of a
system while reducing complexity and increasing reproducibility. In the following
sections, three different types of computational models for biological systems
relevant to this thesis will be introduced.



Protein structures Structural models of biomolecules, in particular proteins,
have been useful tools for biology for a long time [6]. There exist different
techniques for experimentally determining protein structures, most prominently
used are X-ray crystallography and Nuclear Magnetic Resonance (NMR). How-
ever, generating these structures takes a huge effort. Structures are deposited
in a common database the Protein Data Bank (PDB) [7].

In addition to solving structures experimentally, there are also computational
methods for creating structural models of proteins. Historically, it has been
more successful to model proteins afters close relatives for which structural
information is available, which is called homology modelling [8]. Recently
however, there has been a breakthrough with de novo structure prediction
based on deep learning. AlphaFold2, released in 2021, is able to generate
structural models at almost the accuracy of X-ray structures, a development
which is currently accelerating and revolutionizing structural biology [9, 10].

Protein structures have been invaluable at explaining the function, mech-
anism and assembly of proteins or protein complexes at the molecular level.
High quality protein structures have been the foundation for structure-based
drug design. Finally, knowing the three-dimensional structures of proteins
has allowed for the engineering of proteins. There have been applications in
the engineering of metabolic proteins with the aim of for example increasing
enzymatic activity [11], or the engineering of signalling pathways with the aim
of understanding and controlling signalling in a model system [12].

Mechanistic mathematical models Another critical tool for computational
biologists and mathematicians trying their luck in the biological sciences (and
for everyone else), mechanistic modelling is one of the most powerful ways to
understand a biological system [1]. Constructing accurate mechanistic models
of complex biological systems requires smartly chosen assumptions, biological
domain knowledge and potentially many cycles of experiments and model
refinement [1].

Iterative refinement of mechanistic models is a central step in constructing
a good model for a problem. Usually, core components of a system would



be identified. Then, their interactions would be described in mathematical
notation. Given a set of physical parameters, i.e. the number of molecules of a
certain species present, or the reaction rates of a certain reaction between two
species, the model could be simulated with the aim of extracting a quantifiable
outcome that can be compared to experimental data. The model might be
performing well on some subsets of the data, but not on others. Subsequently,
the assumptions, species and their interactions need to be re-evaluated in
order to identify potential steps for refining the model. Ideally, based on these
potential refinements, new experiments can be designed that help verify the
correct direction for model refinement. This has been described as the iterative
cycle of model refinement, where “experiment-informed modelling” is followed
by “modelling-informed experiments” and so on [1].

Successful mechanistic models reward with an understanding of a system
and its possible behaviours in detail that is basically unrivalled. Examples for
interesting mechanistic models include the dynamic behaviour of signalling
pathways [13] or the stratification of patients [14].

Depending on the biological question, different mathematical frameworks
of different complexity can be used. For example, modelling time dynamics
requires different equations than modelling equilibrium states independent of
dynamic changes [1, 13, 15].

Biological networks Networks are collections of nodes and edges that con-
nect the nodes. There are many different types of networks used in biology,
such as protein-protein interaction (PPI) networks, or gene regulatory net-
works [16]. Networks can be constructed in three different ways: 1) based
on knowledge from scientific literature (i.e. the STRING database as well-
known knowledgebase for PPls [17]), 2) based on computational predictions
(i.e. Kboost for the reconstruction of gene regulatory networks [18]) or 3) based
on high-throughput experiments (i.e. the HuRI project based on genome-scale
Yeast2Hybrid screens [19]).

Of particular interest to this thesis are PPIs and their reconstruction using
affinity-purification mass spectroscopy (AP-MS) [20]. In AP-MS experiments, a



“pbait” protein is isolated from a cell lysate together with all proteins binding to it,
so called “prey” proteins. The identity of these proteins is then determined by
mass spectroscopy. One of the advantages of the technique is that it is applied
on cell lysates, making the resulting interaction network specific to the cell type
or context. This makes it a great tool for studying context-specific PPIs [21].

The perturbation of interaction network has been linked to human diseases
[16]. It was found that there are two different types of perturbations on in-
teraction networks. A) perturbations that removed nodes from the network
(“node-removal”) and B) perturbations that remove edges from the network
(“edgetic”) [22]. Edgetic perturbations are linked to proteins that can be involved
in multiple diseases, with different mutations removing different edges from the
interaction network leading to different functional outcomes.

While challenges remain in the areas of construction and validation of net-
works, networks have been useful tools for visualizing and analysing how
components of a system are interacting.

Combination of different models Of course, these types of models are not
necessarily separate from each other but can be complementarily combined
to gain better understanding of the biological system under investigation [2].
For example, structural modelling has been shown to predict the pathological
changes of point mutations on network architecture in RASopathies and RAS-
related cancers [23]. In another example, Rukhlenko et al. used structural
modelling to analyse the conformational space of RAF kinases with and without
inhibitors, which they could translate into a rule-based modelling approach
[24]. Their model was able to accurately describe paradoxical activation of RAF
kinase after treatment with RAF inhibitors and suggest treatment strategies to
counter it. To conclude, there is much potential in combining different layers of
modelling.

The three steps of systems biology

For this thesis, we distinguish three steps in the analysis of the system [4, 25]:



Building of the system At the beginning, for the biological question at hand,
an appropriate representation needs to be chosen. As there are many possible
models to represent a system with, the main focus should be the fit to the
biological questions. Also, the choices made in this step will impose and define
the limitations of analysis that can be done in subsequent steps.

Examples for this can be the construction of networks of the system com-
ponents and their interactions, or the formulation of mathematical equations
that describe the interactions of the components. Of course, also wet-lab
methods such as the generation of interaction maps from AP-MS are examples
of building a system.

Analysis of the system The next step is to analyse the system in order
to understand if it comes with the required compromise between abstraction
and complexity needed to answer the underlying biological question. Does
the system behave in the expected way, or, if data for the biological question
is available, is the experimental data captured in the behaviour of the model
system?

Perturbation of the system Finally, a big emphasis is put on the perturbation
of the system. Choosing the right perturbations can help to validate the model,
or to distinguish between competing biological hypothesis [25]. With a well-
validated model, exploring perturbations can also be a good way to identify
interesting states of the system, especially in cases for which searching for
these states with experiments is time-consuming and/or expensive. Ideally, the
focus should be on perturbations that have large effects on the system [4].

If necessary, this approach can be performed iteratively, similar to the iterative
cycle of mechanistic modelling and experiments.
1.1.2 The RAS system

The biological system under investigation are RAS proteins and their effector
proteins, investigated by biological, oncogenic, and synthetic perturbations.



The proteins HRAS, NRAS, KRAS4A and KRAS4B (from the HRAS, NRAS
and KRAS genes) are a family of small GTPases and signalling proteins of
extraordinary importance. In the following text, these proteins will be collectively
referred to as “RAS”.

Functional aspects of the RAS system

RAS proteins are around 190 amino acid (aa) long, membrane-associated,
globular proteins [26, 27]. Between the different isoforms, they share an
identical effector lobe (aa 1 - 86) and an almost identical allosteric lobe (aa
86-166) (Figure 1.1A). The effector lobe and the allosteric lobe together form
the so-called G domain. The N-terminus of the RAS proteins is constituted
by the hypervariable region (HVR) (aa 167-188/189). As the name indicates,
this region is not well conserved between the isoforms. Functionally, the
nucleotide binding region together with the active site is located in the G domain,
while the HVR is post-translationally modified to allow RAS the association
with/anchorage in the plasma membrane [27].

RAS proteins are molecular switches that, depending on which nucleotide
they are bound to, are either active (GTP bound) or inactive (GDP bound) [27].
While RAS proteins are intrinsically able to switch on their own, meaning to
hydrolyse GTP to GDP and exchange GDP with GTP, these reactions are quite
slow (Figure 1.1B). Instead, there exists a cellular machinery of enzymes to
control the state of the RAS switch [27, 28]. GTPase-activating proteins (GAPS)
speed up the hydrolysis of GTP, guanine exchange factors (GEFs) accelerate
the dissociation of GDP from RAS. Both families of helper proteins increase
reaction rates by several orders of magnitude [28].

In the active state, RAS proteins are able to interact with and activate a range
of effector proteins [29]. These effector proteins share the same interface (more
details in the structural description) and compete with each other for binding
on RAS [29, 30, 15]. The most prominent effector proteins are the RAF family
of proteins (ARAF, BRAF and RAF1) as well as the PI3K family of proteins.
However, besides the well-characterized families, there are actually many more
proteins that have been characterized as effectors or potential effectors of
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RAS, such as RALGDS, RASSF5 and AFDN [29, 31, 32, 30]. Through these
interactions, RAS proteins are able to influence a large number of cellular
functions, including cell proliferation, survival, differentiation, migration and
metabolism [29]. Thus, RAS proteins are signalling hubs that play important
roles in physiological contexts such as development and tissue homeostasis,
but also in pathological contexts such as developmental disorders and cancer
[33, 34, 27].

Structural aspects of the RAS system

The structural description of RAS goes back to the late 1980’s [35, 36, 37].
Together with an increased structural understanding, many functional aspects
of RAS could be explained. For example, the “switching” of RAS has been
well characterised structurally [26]. The ability to change the affinity to effector
proteins comes from the dynamic assembly and disassembly of the binding
interface. These structural changes are mainly facilitated by the switch regions,
switch 1 and switch 2, that are differently arranged depending on the bound
nucleotide (Figure 1.2). In the GTP-bound (active) state, the two switch regions
are tightly associated to the y-phosphate of GTP by hydrogen bonds. In the
GDP-bound state however, these hydrogen bonds are not forming, and the
switch regions are looser and further away from the protein core. As most of
the binding interface to effector proteins is constituted by switch 1 and 2, only
GTP-bound RAS is able to interact with effector proteins [38].

Effector proteins have a domain that enables them to bind to active RAS
[31, 38, 29]. There are three families of these domains, namely RAS binding
domains (RBDs), RAS association domains (RAs) and PI3K RAS binding
domains (PIBK_RBDs) [30]. For the rest of this thesis, they will be collectively
referred to as RBDs. RBDs are structurally related to each other, with all of
them having the same Ubiquitin-like fold, which is also referred to as Ubiquitin
super-fold [40, 38]. These globular domains of size between 70 and 130 amino
acids all assume a Bpoppap-fold [40, 31, 38, 29].

Complexes between RAS and effector proteins seem to be structurally well
conserved. As previously mentioned, most of the interface on the side of RAS



Figure 1.2 Structures of RAS in its active (GTP-bound) state (from PDB: 3GFT) (A) and its
inactive (GDP-bound) state (from PDB: 4LPK [39]) (B). RAS protein is coloured in gray, with
switch 1 and 2 highlighted in purple and green, respectively. The nucleotide is visualised in
gold.

is assembled by switch 1 and 2. The main anchorage point of the interface
appears to be the formation of an inter-molecular B-sheet between 2 on RAS
and B2 on the RBD. This structural motif is well preserved between all the
effector structures that are known [38].

RAS as an oncogene

The RAS protein was originally discovered in the context of causing cancer as
a viral oncogene in rats [35]. Later, RAS proteins were identified as oncogenic
drivers in human cancer as well. It is now estimated that RAS proteins plays a
role in about 25 % of human cancers, with it mostly being found in pancreatic
ductal adenocarcinoma (98 %), colorectal carcinoma (52 %), multiple myeloma
(43 %), lung adenocarcinoma (32 %) and melanoma (29 %) [27].

As established before, RAS proteins are signalling hubs involved in many
different signalling pathways. Dysregulation of this hub and following hyper-
activation of downstream signalling subsequently leads to the development of
cancer [27]. Dysregulation of RAS occurs by RAS being mutated in one of sev-

10



eral well-defined oncogenic hotspots. There are three main mutation hotspots
which together make up almost the entirety of oncogenic mutations on RAS:
G12, G13 and Q61. In simple terms, for all these oncogenic mutations, the
mechanistic cause is similar. The cycle of hydrolysis and nucleotide exchange
is disrupted, leading to an increase of RAS in the active state, which in turn
leads to a hyperactivation of RAS signalling downstream of RAS.

More detailed characterisation however, has revealed that there are nu-
merous differences in the way different oncogenic mutations affect functional
parameters. For example, it was shown that for the oncogenic mutations
G12V, Q61L and G13D, there are strong differences in their sensitivity to
GAP-mediated hydrolysis and GEF-mediated nucleotide exchange [41].

Additionally, changes in signalling behaviour and oncogenic potential have
been identified for these and other mutants as well [42, 43, 44, 45, 46]. An
overview over differences between the oncogenic mutations can be found in
[47]. For example, with regards to biochemical evaluation of effector interactions
of RAS oncogenic mutants, it was found that different KRAS mutants displayed
slightly different affinities to RAF1, all of them lower than KRAS WT [43]. In a
different study, it was found that KRAS G12V mutant had a different hierarchy of
which effectors could out-compete each other for binding on KRAS compared
to WT [42]. These results indicate that different RAS mutants could preferably
interact with some, but not other effectors in a mutation-specific way, an aspect
which has not been well explored yet.

On a structural level, none of oncogenic hotspot mutations greatly affect RAS
structure, or are present in the interface relevant for effector binding. Instead,
oncogenic mutations interfere with the correct assembly of the active site for
GTP hydrolysis in RAS-GAP complexes [26]. Additionally, it has been proposed
that the dynamics of the RAS structure, in particular the natural movement of
the switch regions, is influenced by oncogenic mutations [48]. It is currently
however unclear which consequences these impaired dynamics have.

11



1.1.3 Aims of the thesis

Many aspects of the RAS signalling system still remain a mystery. In partic-
ular, our current understanding of the interplay between effector signalling,
oncogenic mutations, cellular background and stimulatory context is lacking.

» Which effectors are interacting with RAS?

* In which conditions (with condition being any combination of oncogenic
mutation, cellular background and stimulatory context) do these effectors
interact?

» Which functional aspects (i.e. proliferation, changes in metabolism, etc.)
can be linked to RAS binding to which effectors?

This thesis, based on the associated papers, aims to investigate these
questions based on different approaches.

12



1.2 From structures to systems

1.2.1 Hypothesis and aims

As discussed in the introduction, our understanding of how RAS interacts with
its effectors and what can influence this interaction has been lacking. One of
the areas that is relatively unexplored is the variety of potential RAS effectors.
Some key effectors have been characterized in great detail. However, there are
more proteins in the human genome that have a RAS binding domain that might
enable them to interact with RAS. For a surprisingly large number of these
effectors, we do not know how strongly they interact with RAS. There have
been previous efforts to estimate their binding energies to RAS systematically,
however, these efforts were not focused on generating protein structures that
could be used for complex structural analysis of the whole RAS effector system
[49, 50]. We think that this a grey area that should be explored. In particular, we
suggest building an in silico system on two levels: the first level is the structural
level, where for each interaction of RAS with an RBD, structural models will
be generated. The second level is the construction of a mathematical model
based on parameters from the first layer, that is used to analyse the behaviour
of the system as a whole. We hypothesize that building such a two-layer
model will enable us to improve our understanding of the RAS effector system.
Furthermore, we expect that structure-based perturbations will be a useful tool
for identifying interesting ways to engineer the system.

1.2.2 Creating a complete structural representation of
RAS-effector interactions

There are certain advantages and disadvantages in using structures for under-
standing biological systems. At the core of the matter, the structure of a protein
or enzyme determines its function. Protein structures are more conserved
from evolution than base pair or amino acid sequences are [51]. Therefore,
having all structures for a system modelled can provide great insights into the
system. Which proteins are interacting? Which enzyme activities are essential
for the system? In theory, it should be possible, from protein structures alone

13



to determine all essential parameters of a biological system: which proteins
interact at which rate, which enzyme catalyse which reactions at which speed,
how fast is protein folding and degradation, etc. In practice however, it is difficult
to get reliable models for all members of a system and even more difficult to de-
scribe more complex phenomena such as PPls. While there are experimental
methods for determining protein structures, these have their limitations as well.
In addition, deriving functional parameters such as binding affinity between
proteins is a non-trivial problem as well. For this reason, structural analysis has
been historically more about the investigation of a single protein or complex,
and less about the investigation of complex systems. In recent years however,
systematic approaches that take 3D protein structures into account have been
developed [52, 53].

Our system of interest however is uniquely suited for a systems-level analysis
of protein structures and their interactions for multiple reasons. Firstly, the core
components of the structural system are relatively simple, being the interaction
between RAS in its active (GTP-bound) state with a RAS binding domain (RBD)
of an effector protein. Currently, there is a lot of structural analysis on potential
modulators of this system, such as RAS interacting with the membrane [54,
55], potential dimers, multimers or nanoclusters of RAS proteins and their
effect on stabilizing and destabilizing potential RAS effector complexes [55, 56],
recruitment of effectors to the membrane by additional stimuli [57], or additional
effector domains interacting with RAS [58]. But, the core component is the
pairwise interaction between two protein domains.

Secondly, experimental structures of RAS in complex with the RBD are
available for some, but not all potential RAS effectors (Table 4.S1). From these
structures, we have learned that PPls between RAS and its effector proteins
interact in very similar ways, resolving around an inter-molecular B-sheet in the
interface (Figure 4.1). The orientation of this inter-molecular B-sheet seems to
be highly conserved between the different structures, same as the interface
on RAS, which is mostly assembled by the functional regions switch 1 and 2.
Additionally, although sequence identity between different RBDs is quite low
(Figure 4.S1D), the structural fold appears to be well conserved [38, 40].
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Thirdly, as a more general point and not for our system specifically, recent
advances in the area of protein structure prediction, in particular by AlphaFold2
[9], have proven very useful for our approach. The problem of protein structure
prediction has been a major roadblock in structural biology for a long time.
While we are able to obtain models from experimental methods such as X-ray
crystallography, nuclear magnetic resonance (NMR) and electron microscopy,
each of these come with their own set of caveats. However, the in silico predic-
tion of a protein structure seemed for a long time like an unsolvable problem.
But, with the release of AlphaFold2 in 2021, the possibility for generating and
using high-quality de novo predicted structures became a possibility.

Putting these pieces together, we developed a pipeline for the generation
of structural models for all RAS RBD interactions (Figure 4.2). The pipeline
is based on homology modelling and enhanced by structural predictions from
AlphaFold2. A common homology modelling approach requires three types of
inputs: 1) Target sequences to model, 2) templates to model them with and 3)
a sequence alignment between the target sequences and the templates. | will
briefly touch on these.

61 target sequences were used (Table 4.S2). According to a recent analysis
by our group, there are 56 putative effector proteins in the human genome. Of
these, two do not have an RBD and four have two RBDs, which gives us 58
RBDs to model. In addition, we included three distinct Ubiquitin superfolds
from proteins of the Ubiquitin family in order to evaluate how proteins of the
same fold, but more distantly related, are modelled in the system.

With regards to the structural templates, we heavily relied on AlphaFold2
in order to enhance the structural predictions. Firstly, we are using the Al-
phaFold protein structure database [59] to get high quality structures of all of
our RBDs. We quality-checked these structures and came to the conclusion
that AlphaFold2 is reliable at generating the RBD fold (Figure 4.S1ABC). Sec-
ondly, we used AlphaFold2 to generate additional complex templates. While
the general orientation of the interface is well conserved, there are minor dif-
ferences in the way the known complex templates interact with RAS (Figure
4.1BCD). We therefore think it can only benefit our approach if we expand the
conformational space to sample from by using AlphaFold2 generated complex
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templates that fit in the interaction mode that has been observed so far. After
generating complex models for all 58 RBDs using AlphaFold, we picked 36
out of these as additional complex templates for the homology modelling after
filtering for alignment of the intermolecular B-sheet (Figure 4.S2). In addition to
templates generated by AlphaFold2, we are also using seven RAS effector com-
plex template that were experimentally determined using X-ray crystallography
(Table 4.51).

Lastly, sequence alignments were generated dynamically between each pair
of single template structure and complex template structure using TMalign.
With these inputs, we used MODELLER, in particular an extension called
altMOD which slightly modifies the MODELLER object function, to model our
complex structures of interest. For each combination of single and complex
template, 300 models were generated. After model generation, a two-step
procedure was implemented to select high-quality, representative structures
from the thousands of models generated. In the first step, model quality is
assessed by several metrics on a structural and stochastic level. For the
second step, the binding interfaces for the remaining models are energetically
characterized by using FoldX to calculate in silico binding energies and alanine
scan profiles, which are then processed by an unsupervised learning pipeline.
For one of the targets, RASSF3, we came to the conclusion not to trust our
structural predictions and removed the structure from further analysis. At the
end, for 60 of our targets, we selected three representative structures.

1.2.3 Structural characterization of the system

Following model generation, the next objective was to structurally characterize
the complex models. Firstly, we used FoldX to determine energetic hotspots
in the interface, in particular in the RAS interface (Figure 4.3AB). We were
able to identify 12 different energetic hotspots in at least one of the 60 targets,
the well-characterized energetic hotspots 136, Y40 and D38 found the most
frequently. Interestingly, 136 and Y40 are exclusively energetically favourable
for the formation of the RAS effector complex, whereas D38 can also be
unfavourable in a substantial number of structures.
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Based on the energetic contributions of residues in the interface, we used
a supervised learning regressor to predict binding affinities. Thanks to bio-
chemical measurements of binding affinity between RAS and its effectors over
the last 20 years, we were able to collect a set of 22 known binding affinities
which we used as a test and training set (Table 4.S5). Our final regressor has a
cross-validation R2 score of 0.53 in the training set and an R2 score of 0.77 in
the test set. For more details on the machine learning, please refer to section
4.2.6 (on page 84). Using the trained regressor, we were able to predict binding
affinities for the full set of 61 RBDs (Figure 4.4, Table 4.S5). All binding affinities
are in a reasonable range. There are some surprises, as for example RASIP1
has been previously reported as a non-binder in an experimental measurement
but is predicted with a binding affinity of 2.65 uM. This analysis however is the
first to assess the whole set of binding affinities for the RAS effector system
based on a coherent framework.

Next, we investigated the energetic contributions of the switch regions to the
binding of different effectors. This is of interest to us for two reasons: 1) We
already observed in the X-ray structures that these contributions can be diverse;
and 2) it has been reported that oncogenic mutations influence the dynamics of
the switch regions [48] so this could be interesting in the context of why different
oncogenic mutations might interact with effectors in a mutation-specific way.
We found that the contributions of the switch regions are diverse in our models.
Interestingly, when combining this data with the predicted affinities, we observe
that good switch 1 energies seem to be associated with low K4 values, whereas
this does not hold true for switch 2 contributions (Figure 4.5).

Finally, we were interested in exploring mutations on RAS that could influence
the binding with effectors. The rationale for this is to use protein engineering
to stir the RAS effector system in interesting directions. For example, what
effect would a RAS protein have on an in vitro system if it could not interact
any more with its usual effectors. We have previously proposed framework and
methodology for the in silico identification of these branch pruning mutations
(see 2 on page 30). Briefly, we used FoldX’s “Build model” function to mutate
interface residues to all other residues and assess changes in binding energy
for all complexes. Then, we removed mutations that were evaluated by FoldX
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to impair protein stability. Following this protocol, we were able to identify 200
interface mutations that affected the binding energy with at least one of the 60
complexes (Figure 4.6). Interestingly, we were able to identify mutations that
decrease the binding affinity to some effectors and increase it to others (Figure
4.58B). Analogous to what we observed with the interface hotspot mutations,
mutations in 136 almost exclusively decrease the binding affinity to effectors.
Y40 mutations are not present that much because many of the Y40 mutants
are predicted to impair RAS stability. D38 mutations are very diverse in their
effect, both increasing and decreasing binding energy.

1.2.4 Integration of structural parameters into mechanistic
modelling

Moving on to the second layer of our description of the RAS effector system: a
mechanistic model describing which effectors are bound to RAS in equilibrium
in specific biological contexts. There are two components needed for such
a model, binding affinity and protein abundances. The model is adapted
from previous work in our lab ([30, 15]), this is also where we obtained the
abundances for RAS and effector proteins in 29 different tissues from [60]. For
the affinities, the predicted affinities based on the structural models determined
here were taken. Also, since only GTP-bound, active RAS is able to interact
with effectors, we need to define the amount of RAS that is GTP loaded. For
this study, we considered two different loads, 20 % and 90 % for a system
without and with oncogenic mutation, respectively. For more details on the
mathematical description of the system, please refer to 4.2.6 on page 86.
First, we simulated the normal state of the system with our parameters. We
find that mostly RAF proteins with their combination of low binding affinity and
high protein abundance dominate the binding to RAS across all tissues, which
is in line with what has been reported before (Figure 4.7A). Next, we simulated
the system with the introduction of an interface mutation, in this example D38A,
which has been reported to abolish RAF binding in an experimental context
before, which is in line with our in silico analysis. For this system, as expected,
we see that binding to RAF proteins is almost not observable (Figure 4.7B).
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Instead, other effectors such as PISBKCA, RALGDS, RASIP1, RASSF5, RGL2
or SNX27 play more prominent roles in a tissue-dependent manner.

Performing this analysis for all combinations of our 200 interface mutations
in 29 tissues and 2 RAS-GTP loads results in many directions the RAS effector
system could possibly be rewired to. In order to assess which changes are
possible for individual proteins, we calculate for all combinations the difference
in bound protein for each effector compared to the system without an interface
mutation (Figure 4.S510). We find that for almost half (26 out of 54) of the
effectors, it is possible to increase the percentage of protein bound to RAS by
more than 25 % of total RAS in the system, and for 9 out of 54 effectors, it is
possible to increase it by 50 % or more.

Finally, we visualized all solvable system on a 2D plane with UMAP and
organised them in outliers and clusters using OPTICS. We were able to identify
19 cluster (Figure 4.7C) with our settings. These clusters correspond to distinct
states the system can occupy in response to our structure-based perturbations.
We further explored two of the clusters and showed that these different states
can be assembled in different ways. For the cluster analysed in Figure 4.7D,
we conclude that its systems come from a diverse tissue background but share
similar mutations in the D38 energetic hotspot. The cluster analysed in Figure
4.7E on the other hand is derived from only one tissue (lymph node) with a
diverse set of interface mutations.

1.2.5 Summary

Following our objective for this part of our analysis of the RAS effector system,
we built the proposed two-layer model, combining structural models with math-
ematical modelling. We integrated state-of-the-art protein structure prediction
software AlphaFold2 into our homology modelling pipeline. We characterized
these structural models and used them to estimate binding affinities. The
binding affinities were combined with protein abundances to construct a mathe-
matical model describing the amount of steady-state RAS effector complexes
in 29 different tissues. Then, we integrated the effects of interface mutations on
RAS, which were evaluated on the structural side of the model, into the mathe-
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matical model to assess the potential for rewiring the system. The combination
of structural and mathematical modelling enabled us to analyse the system in
a much deeper way then either one of the layers alone would have allowed us.

The two-fold modelling approach came with some advantages and disad-
vantages. One of the advantages is that any perturbation to the system that
can be modelled on the structural level can be integrated into the model. This
includes surface mutations as shown here but could also encompass more
complex perturbations such as drugs or maybe the presence or absence of
other proteins.

One of the major disadvantages is that this modelling approach is based
purely on in silico analysis. We have tried to mitigate this by incorporating
validations where possible. However, no specific validation has been performed
for these finding, nor is it directly integrating experimental data. We are hoping
in the future to assess some of the prediction we make in in vitro experiments.

In contrast, or rather as alternative to this, the next chapter will introduce a
different approach to model the RAS effector system, one that is built upon
experimental data.
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1.3 From experiments to systems

1.3.1 Hypothesis and aims

For the next step of this analysis of the RAS effector system, we will leave the
comfortably deterministic nature of in silico modelling behind and investigate
the KRAS effector system in an in vitro cell line model. Specifically, this chapter
is about the analysis of the interactome of KRAS in a Caco-2 cell line model,
under different conditions.

While our question from the last chapter, which effectors are interacting
with RAS, is still of interest here, there are other questions that need to be
asked in the broader context of this system. Moving on to an in vitro system
makes it possible to investigate the functional consequences that arise from
the interaction of RAS with different effectors, but also from other influences.
As we pointed out in the introduction, we believe that the outcomes of RAS
signalling arise from a complex interplay of effectors, oncogenic mutations,
cellular context and external stimuli. We hypothesize that, by experimentally
determining the interactome of different RAS mutants under different stimuli
using AP-MS, we will be able to shed some light on this interplay. Additionally,
we aim to find out which effectors of KRAS are mediating a certain cellular
function/biological process/phenotype in a specific context.

1.3.2 The experimental system

In order to understand the functional analysis of our experimental system, in a
first step we need to describe the system and the limitations inherent to it.
The analysis is based on the Caco-2 colorectal cancer cell line. Caco-
2 cells represent a cell line at the early stage of oncogenic transformation,
being mutated in APC, CTNNB1 (B-catenin), SMAD4, and TP53, but not in
KRAS [61, 62, 63, 64]. In our system, there are two major factors that we are
analysing: the first one is the mutation status of KRAS. As already discussed,
oncogenic mutations lock KRAS in its active state and thereby consistently
activate downstream signalling pathways. We also discussed that there seem
to be functional differences between the different oncogenic mutations, not just
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on the level of different mutated residues (i.e., not just G12 and G13 mutations
are different, but also G12V and G12D for example). In order to investigate this
influence on the KRAS signalling system, the following plasmids were used
that enable exogenous expression of KRAS in Caco-2 cells: flag-KRAS-WT,
flag-KRAS-G12C, flag-KRAS-G12D and flag-KRAS-G12V. We also discussed
the potential influence of co-stimulatory signals on effector recruitment and
therefore downstream signalling of KRAS. In order to model this influence
on the system, the cells were starved pre-transfection and then exposed to
specific treatments for 24 h until harvested. The following treatments were
applied: Dimethyloxalylglycine (DMOG), Interleukin-6 (IL-6), tumour necrosis
factor-alpha (TNF-o), epidermal growth factor (EGF) and prostaglandin E2
(PGE?2). These treatments were accompanied by an untreated control. DMOG
is a drug that inhibits PHD1-3, which leads to the stabilization of HIF-a and
thereby partially mimics the cellular hypoxia response [65, 66]. IL-6 and TNF-a.
as cytokines as well as PGE2 as a prostaglandin are common modulators of
the immune system in the colon. Finally, EGF is an important growth factor
regulating epithelial homeostasis, which is often de-regulated in an oncogenic
context. All these treatments were selected to mimic relevant conditions in
the (patho-) physiological environment. See [34] for an extensive review on
the roles and influences of the selected treatments on homeostasis and/or
oncogenic transformation in colorectal tissue.

The experimental objective was the identification of the KRAS interactome
in the above-described conditions. In brief, the following protocol was used.
For more details, please refer to the methods section on page 131. Cells were
transfected and treated for 24 h, then harvested and lysed. Immunoprecipitation
with the flag-tag was performed. Afterwards, samples were prepared for mass
spectroscopy analysis using a standard protocol. After mass spectroscopy,
peptides were assigned using MaxQuant, and label-free quantification (LFQ)
was perform using MaxLFQ [67, 68]. Finally, the data was filtered and pre-
processed using R, DEP and limma [69, 70, 71, 72].

To clearly point out my contributions to this project, | have not been involved
with any wet lab work. | was responsible for the bioinformatic and computa-
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tional analyses downstream of data collection. A detailed description of my
contribution to the paper can be found in the preamble on page Vvii.

1.3.3 Functional analysis

The first objective of the bioinformatic analysis of this data set is to understand
from the interactome data which functional outcomes are influenced. In order
to do this, two approaches were chosen: the first approach is a differential
interaction analysis, comparing two of our 44 conditions at a time, and then
performing a gene set enrichment analysis (GSEA) for each of the comparisons.
The second analysis is to sum up the measured LFQ intensities on different
functional ontology terms, and then statistically test for differences between the
conditions. The detailed procedure for this analysis is described on page 138,
see also figure 5.4A for an overview over the analysis.

Both analyses come with their own set of advantages and disadvantages.
One drawback of the differential analysis is that it is based entirely around
binary contrasts, which makes it difficult to capture bigger trends in the data set.
On the other hand, it is probably more suited to detect orchestrated changes
in individual functional processes. The advantage of the second approach
is that due to the statistical procedure, all influences can be considered at
once. However, it is not necessarily clear if summed up LFQ intensities are a
valid proxy for activity of a certain functional process. Changes in summed up
intensities come mostly from absence or presence of individual proteins from
the interactome, which does not have to coincide with lower or higher activity
in a biological process. Both approaches applied to the whole data set yield
many significantly influenced functional processes (Figure 5.S8A).

Next, both analyses were combined by using GO semantic analysis. The idea
of semantic analysis for GO terms is to measure the similarity between different
GO terms, and to group similar ones together to show combined trends in the
data set (Figure 5.4B). Based on semantic similarity, we clustered the 2135 GO
terms for which we identified significantly differences into 12 functional clusters.
The main five clusters are about metabolism (cluster 1), signal transduction and
cellular responses (cluster 2), intracellular transport (cluster 3), differentiation
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and development (cluster 4) and cytoskeleton organisation (cluster 5), which
cover 1802 of a total of 2135 GO terms (Figure 5.S8D-H).

There are three different factors influencing the interactome of KRAS in our
experimental set-up: 1) the mutation status of KRAS, 2) the selected treatment
and 3) the concentration at which the treatment was applied. In multiple stages
of the analysis, similar conclusions about these factors can be drawn: A)
The biggest differences in the mutation status are against the WT, between
the oncogenic mutations, these differences are less pronounced; and B) the
main influence on the interactome of KRAS comes from the treatments and
is enhanced by the overexpression of any oncogenic mutation. These trends
are in line with what can be observed on the PCA of the LFQ intensities: the
variability for the WT is relatively small, whereas across the oncogenic mutants
the treatments have comparable positions in the PCA plot (Figure 5.1D). This
is also supported by the analysis of which RAS effectors appear in which
conditions (Figure 5.3). Finally, these conclusions are supported by the results
from the statistical analysis. For both approaches, mutant versus WT and
untreated versus treated showed the highest number of significantly different
processes (Figure 5.S8B-C).

In order to make the analysis accessible, an interactive R shiny app was
developed (Figure 5.59). Users can explore the data and search for functional
processes that might be interesting to their research. The semantic similarity
heatmap is also available in an interactive fashion. After selecting a process,
the app shows information about the LFQ intensities of the proteins associated
with this functional process, as well as the results of the statistical analysis. All
of this data can be conveniently exported from the app.

After exploring the data together with my colleagues, we selected some func-
tional processes involved with well-established hallmarks of cancer cells and
for which cell assays exist for validation of the functional predictions in the wet
lab. In particular, we were interested in cell proliferation and metabolic changes
such as glucose metabolism and ATP generation. The wet lab validation was
performed by Thomas Sevrin. It was shown that the functional features we
tested were in line with our expectations based on the functional analysis of the
KRAS interaction (Figure 5.5). This established our data set as a useful tool to
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probe for functional features that are influenced by the oncogenic mutations
and treatments we have been exploring.

1.3.4 Mapping information flow

Having established that there are phenotypical differences in the experimental
system that can be predicted from the functional analysis, the next objective
is to describe how these differences are mediated by KRAS. Since we are
influencing the system by introducing KRAS while exposing the cells to selected
treatments, and we are measuring the interactome of KRAS, we would like to
map out how KRAS mediates these connections in its interactome to other
proteins that can be predictive of changes in the phenotype. In particular,
we are interested in understanding which effector proteins are involved in a
particular process.

To this means, we developed a methodology mapping the information flow be-
tween two nodes in a network by using biased random walks. There is already
a lot of information on downstream signalling of RAS in various databases
and network references. For this work, we were using the STRING database
filtered for a specific confidence cut-off. Our random walks were always starting
from KRAS and going to the other proteins that were found in the AP-MS. We
biased the system by favouring nodes in the random selection that were found
in the interactome of KRAS in a specific sample. This was done in order to
guide the random walks along paths of interacting proteins that are found in
the data set. The details of the implementation can be found on page 141.

This method was applied to the ontology terms that were selected for val-
idation from the functional analysis. As a result, we were able to generate
context-specific networks of how KRAS interacts with the proteins of interest
that are involved in a specific functional process (see Figure 5.512, 5.513,
5.514). Comparing these networks across different conditions, we are able to
identify differences in which functional processes are associated with which
effectors in which conditions (Figure 5.6). For example, we find that, for the
regulation of glucose metabolism, ARAF and RAF1 are important nodes in the
networks of the KRAS mutants. However, for the regulation of proliferation,
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AFDN seems to play a bigger role than RAF proteins. Interestingly, for the
regulation of proliferation in the DMOG-treated samples, PIK3CA is heavily
traversed. In conclusion, we are able to create an estimation of how information
flows from KRAS to the proteins involved in a functional process and which
effector proteins are involved, for the overexpression of different variants of
KRAS and the exposure to different treatments.

1.3.5 Summary

Regarding the first objective of this analysis, linking changes in the KRAS inter-
actome in different contexts (induced by overexpression of oncogenic KRAS
and selected treatments) to changes in functional outcomes, we employed two
different approaches (ANOVA based and differential-binding based) and then
combined them using semantic analysis. Overall, our analysis supports the
hypothesis that different co-stimulatory signals can have strong effects on the
interactome of KRAS. For our analysis, the effect of treatments is bigger than
the effect between different oncogenic mutants. The results of this analysis
were made available in an interactive R shiny app. Then, in order to understand
how KRAS is involved in these functional changes, we mapped the information
flow between KRAS and proteins of interest and investigated which effectors
were involved.

In conclusion, our analysis improves our understanding of how KRAS is able
to induce functional changes through its downstream signalling in different
(patho-) physiological conditions in a relevant in vitro system.
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1.4 Discussion

As already mentioned in the respective summaries, the two analyses address
different aspects of the questions we raised in the introduction. While the
structural approach to the RAS effector system investigates the RAS-effector
interactions as well as the potential to “structurally” perturb them in great detail,
the experimental approach explores the interplay between different influences
on the RAS signalling and how they are affecting functional outcomes.

Both approaches fit into the systems biology framework of 1) Building the
system, 2) Analysing the system, and 3) Inducing perturbations to the system,
as described in the introduction.

For the structural analysis, an existing network of PPIs around RAS was
extended by proteins with related domains (RBDs) in order to build a RAS-
centred PPI network. In a next step, this PPl was structurally modelled using
homology modelling. As the final step in the model building, a mathematical
model to solve the equilibrium state concentration of effector binding to RAS
based on binding affinities and protein abundances was formulated. For the
analysis of the system, we characterised the binding interface in the struc-
tural models, which we used to estimate the binding affinities for the pairwise
RAS-effector interactions using machine learning. Combining the estimated
affinities with protein abundances for different tissues from high-quality pro-
teomics [60] enabled us to numerically solve the steady-state equations and
quantitatively describe the system in terms of RAS-effector complexes. Finally,
we investigated “structure-based” perturbations in our system. Different inter-
face mutations on RAS were evaluated for all complexes, and the respective
changes to binding energy with RAS were applied to the mathematical model.
We were able to show that these structural perturbations are able to strongly
rewire the RAS-effector system depending on the tissue and the respective
mutation.

The experimental analysis is organized according to our systems biology
framework as well, although the different parts are arguably more intercon-
nected. From a relevant cell line model, the Caco-2 cell, AP-MS was performed
for the KRAS-bait protein for a series of interesting perturbations, namely the
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different combinations of selected treatments and overexpression of oncogenic
KRAS. We investigated which effector proteins could be found in the differ-
ent conditions. Next, functional analysis was performed in order to evaluate
changes by the perturbations in relation to the control conditions. Finally, after
integrating another network resource, the STRING [17], into the interactome
data, information flow between RAS and functionally interesting proteins was
evaluated and compared against the unperturbed system.

Biochemical and functional studies have indicated that different RAS onco-
genic mutations display a “mutation-specific” rewiring by modulating binding
affinity in a mutation-specific way [43] or changing the outcome of effector com-
petition for binding on RAS over each others [42]. As oncogenic hotspots on
RAS are not part of the interface to effector proteins, the most likely explanation
remaining is that mutation-specific changes in the dynamics of the RAS protein
play a role [48]. These changes, which ultimately result in the population of
different conformational states or altered transition rates between these states,
could lead to the observed modulation of binding affinities to effectors. Having
a full set of RAS effector complex structures, it could now become feasible to
investigate this phenomenon. However, the effect sizes observed so far in the
only setting where actual binding affinities were measured were probably on
the edge of what could be detected with current methodology (binding affinity
for RAF1 for KRAS-WT: 0.056 uM, binding affinities for RAF1 for various KRAS-
mutants: 0.067 to 0.348 uM [43]). Additionally, as this a problem related to the
dynamics of RAS structures, analysis of static proteins structures will not be
sufficient and running long molecular dynamics simulations for many effector
complexes and many mutants is computationally expensive. Nonetheless, this
seems to be another way RAS proteins and their oncogenic mutants are able
to modulate for which the set of RAS effector complex structures generated
could prove useful.

Over the recent years, an increasing number of structural “modulators” of the
RAS effector interactions has been brought to light. These are, 1) the formation
of dimers or nanoclusters in the membrane have been reported to stabilize RAS
effector complexes [73]; 2) the orientation of RAS to the plasma membrane [54,
55]; 3) the inclusion of more domains then the RBD in the interaction with RAS,
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as has been observed with the CRD domain of RAF1 [58]. We propose that, if
structural models exist, the RAS-effector complex structures generated in this
work could be useful for the integration in these models. For example, recently
a model for a helical assembly of RAS proteins in complex with RAF1 coined
signalosome was proposed [56]. While the authors focus on the RAF family of
effectors and acknowledge that their structural model could not accommodate
proteins of the PIK3 family, it would be interesting to evaluate if other effectors
could take part in this assembly.

To conclude, with the recent advances in structural biology [9], we expect
more systems to be fully modelled on the structural level. We propose that the
framework for “branchegetic” rewiring can prove to be a useful tool in other
system relying on PPIs.

29



2 Engineering of Biological Pathways:
Complex Formation and Signal
Transduction

2.1 Introduction

Signals in signalling networks are usually propagated by the interactions (and
potentially subsequent modification) of proteins. When investigating signalling
networks, synthetic biology approaches can be useful tools [12]. For example,
it can be of interest to manipulate the network in a way that only selective
interactions are lost. One approach to this is to use interface mutations, that
only affect the complex formation to some, but not all interaction partners. Here,
we call these mutations “network-rewiring” mutations.

The following paper describes the methodology of designing “network-
rewiring” interface mutations in silico using FoldX. As a practical example,
three RAS effector complex structures deposited in the PDB are analysed for
branch pruning mutations.
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2.2.1 Abstract

The rational in silico design of interface mutations within protein complexes
is a synthetic biology tool that enables—when introduced into biological sys-
tems—the artificial rewiring of biological pathways. Here we describe the
three-dimensional structure-based design of “rewiring” mutations using the
FoldX force field. Specifically, we provide the protocol for the design and se-
lection of interface mutations in three Ras-effector complex structures (PDB
entries 3KUD, 4K81, and 6AMB). Ras mutations that impair binding to some
but not all interacting partners are selected.

2.2.2 Introduction

Protein design is a valuable molecular tool in synthetic biology, which can be
either used to study how natural signaling networks function or to build synthetic
networks with specific functionalities [12]. Mutations impacting complex forma-
tions can be used to alter the affinities and specificities of an interaction, thereby
inducing network “rewiring.” Provided that high-resolution three-dimensional
(3D) structures of protein complexes are available, the impact of mutations
can be quickly and inexpensively assessed using in silico design algorithms
such as FoldX [74, 75]. Protein interface modelling using FoldX has been used
previously to predict the impact of interface mutations (Ala scan) with good
correlations between in silico prediction and in vitro experiments [76]. Likewise,
interface mutations with changed electrostatic properties and altered kinetics of
complex formations were designed using FoldX and subsequently engineered
and tested in human cell lines [77] and yeast cells [78].

Here, we provide the protocol for designing rewiring mutations using FoldX
for three Ras-effector complexes, with the aim to disrupt binding of one of the
effectors to Ras but keep binding of the other two effectors unchanged for all
three effectors (Fig. 2.1). The workflow contains five steps: (1) preparation of
3D complex structures, (2) identification of interface residues, (3) evaluation of
binding energy changes on mutation, (4) validation of protein stability, and (5)
selection of rewiring mutations of interest.
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2.2.3 Materials
Software

In this protocol, FoldX is used to calculate energies based on protein structures
[74, 75]. It can calculate both Gibbs free energy of a protein (AG), evaluating
its stability (see Note 1), and Gibbs free energy of binding (AGy;,q), evaluating
the interaction of two proteins in a complex (see Note 2). FoldX has two
main functionalities; the first one is the evaluation of the energy of a protein
using the FoldX force field. A force field is a set of theoretical and/or empirical
energy terms based on which a total energy for a protein structure can be
calculated (see Note 1). The second functionality is the adaptation of protein
structures by exploring different structural configurations of the amino acid side
chains, called rotamers. This can improve the energy of an experimentally
determined structure. The inbuild rotamer library is also used for the actual
step of in silico mutagenesis: FoldX can mutate all 20 natural amino acids. It
has long been a difficult task to calculate absolute energies, and this task is
still not adequately accomplished so far. Instead, relative energies are usually
considered. This means that for every mutant structure of interest, a reference
structure must be created, calculated, and compared to. This provides changes
in Gibbs free energies (AAG = AG .t — AGwr) and changes in Gibbs free
energies of binding (AAGyina = AGpind—nvut — AGrina—wr) (S€€ Note 3).
The FoldX software can be obtained on the official web page of the project:
http://foldxsuite.crg.eu/. To install, please follow the instructions of the
official manual.

Databases

FoldX requires protein structures as input. There are multiple ways of exper-
imentally determining the structure of a protein (X-ray crystallography, NMR,
cryo-EM), and experimentally determined protein structures have been invalu-
able in explaining the functions and mechanisms of action of proteins (see Note
4). All protein structures published are deposited in a common database, the
Protein Data Base (PDB). There, the parameters of the experimental procedure
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Table 2.1 Overview over the structures used in this example. Their PDB IDs as well as
which structure is stored under which chain identifier are listed in this table

PDBID Chain A Chain B Reference
4K81 Grb14 Ras [79]
3KUD Ras Raf (A85K) [80]
6AMB Ras AF6 [81]

are available for download alongside the structures itself, all under a unique
identifier, the PDB ID. The PDB can be accessed at http://rcsb.org/. For
this example protocol, three protein structures from the PDB will be used (Table
2.1).

Scripts

All code examples given here are bash code. While the FoldX commands
will be transferable without adaptation to the Windows command line or the
MacOS console (see Note 5), the bash commands used (such as grep, tr
or mkdir) are bash specific and their respective counterparts should be used.
The full bash scripts describing the data acquisition for the three structures
are available in the supplementary materials (Supplementary Files 1, 2, and
3). All data analysis and visualization were performed with R, ggplot2, and
tidyverse [69, 82, 83]. A data analysis script for this protocol is available in the
supplementary materials (Supplementary File 4).

2.2.4 Methods
Structure Preparation

Before working with the protein structures, there are some minor modifications
to be made.

1 Download the complex structures of interest from the PDB. The PDB identi-
fiers are 3KUD, 4K81, and 6AMB [79, 80, 81] (Table 2.1). The structures will
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be downloaded in PDB file format. Place the structures in the current working
directory and name them [PDB ID] .pdb, i.e., 4K81.pdb.

2 Prepare the structure for working with FoldX. Delete all crystal water and
all unnecessary protein chains from the PDB file (see Note 6). Replace the
character ¢ with * for the correct parametrization of the GTP in the structure.
This can be done manually, with a structure editor, or with text processing tool.
As an example, this is the command for the structure 4K81, using simple bash
tools:

# deletion of all HOH entries from the file

grep -v ’HETATM.*HOH’ 4K81.pdb | \
# deletion of all ATOM, HETATM and TER entries for the chains C-H

grep -v ’ATOM................. [C,D,E,F,G,H]’> | \

grep -v ’HETATM............... [C,D,E,F,G,H]’> | \

grep -v TER.................. [C,D,E,F,G,H]’> | \
# replacement of ’ with *

tr "’" "x" > 4K81_clean.pdb

3 Repair of the structure with FoldX. During the repair of the structure, the
amino acid side chains of the structure will be reoriented in order to minimize
the energy of the structure. Energy calculations made with FoldX are more
accurate after repairing a structure. The repair will create a report and a
repaired structure 4K81_clean_Repair.pdb. The command is:

foldx --command=RepairPDB --pdb=4K81_clean.pdb

4 Next, Ras-only structures will be obtained from the complex structures.
This will be necessary for assessing the influence of Ras mutations on protein
stability (Sect. 2.2.4). To do this, the effector chain will be deleted from the
PDB file. For example, for the 4K81 structure:

# deletion of all ATOM, HETATM and TER entries for the chain A

grep -v ’ATOM................. [A]l’> 4K81_clean.pdb | \
grep -v ’HETATM............... AT | \
grep -v ’TER.................. [A]> > ./4K81_clean_Ras.pdb
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Figure 2.2 Interface residues determined by FoldX in all complex structures

5 Repair of the Ras-only structures with FoldX analogously to the repair of
the complex structures.

Identification of Interface Residues

In order to reduce the computational cost, the mutations will be introduced only
in residues of Ras that are participating in the interaction between Ras and its
effectors, the so-called interface residues.

1 Analysis of the complex structure with FoldX. The command is:

foldx --command = AnalyseComplex --pdb = 4K81_clean_Repair.pdb

2 Extraction of the interface residues from the output file Interface_Residues_
4XK81_clean_Repair_AC.fxout. The residues are named in the following for-

mat: [Amino Acid 1 Letter Code] [Chain ID] [Residue Number], i.e., DB33

describes the aspartic acid at residue 33 of chain B.

3 Repeat for the other structures (3KUD, 6AMB) and compare the interface
residues. For the following analysis, all interface residues from the three
structures are pooled (see Note 7). Figure 2.2 shows the occurrence of
interface residues in all three structures.

Evaluation of Binding Energy Changes on Mutation

In order to identify mutations in the interface of Ras and its effectors that
selectively inhibit one interaction, a so-called position energy matrix for binding
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energy AAGynq Will be created for each of the complex structures. A position
energy matrix is a matrix that contains all changes to the energy upon all
mutations for all residues of interest.

1 Create an output directory, i.e., on a Linux operating system:

mkdir -p output_4K81

2 Run the PSSM command in FoldX to evaluate mutations in all amino
acids of interest with regard to their influence on the binding energy be-
tween Ras and its effector. Amino acids of interest are all the interface
residues identified for all three structures previously. FoldX expects amino
acid inputs in the format [Amino Acid 1 Letter Code] [Chain ID] [Residue
Number] [Mutation(s)], i.e., IB21a means that isoleucine at position 21 of
chain B will be mutated to all canonical amino acids. Depending on the compu-
tational infrastructure this is run on, mutating 18 amino acids to all 20 canonical
amino acids might take multiple hours. The command for 4K81 is:
foldx --command =Pssm \

--pdb =4K81_clean_Repair.pdb \

--output-dir = output_4K81 \

--analyseComplexChains =A,B \

--positions = IB21la,IB24a,(QB25a,VB29a,DB33a,TB35a,IB36a, \

EB37a,DB38a,SB39a,YB40a,RB41a ,DB54a ,LB56a,EB63a,YB64a,MB67a,

\

YB71a
While the PSSM command produces a lot of output files, the main information
of interest can be found in PSSM_4K81_clean_Repair.txt. This file contains
all changes of interaction energy of all mutations for all amino acids of interest
in matrix format.

3 Repeat steps 1 and 2 for 3BKUD and 6AMB. A visualization of the results
from all three structures can be found in Fig. 2.3.
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Figure 2.3 Heatmap of binding energy AAG bind for all mutations for all residues. (a)
Position energy matrix for 4K81. (b) Position energy matrix for 3KUD. (c) Position energy
matrix for 6AMB

Validation of Ras Protein Stability

After determining the effect of mutations on binding energy, a necessary vali-
dation step is to check whether a mutation significantly influences the stability
of our protein (Ras). To do this, we will create another position energy matrix
investigating the changes of Gibbs free energy AAG upon mutation of our
residues of interest.

1 Create an output directory, i.e., on a Linux operating system:

mkdir -p output_4K81_Ras

2 Run the PositionScan command in FoldX. Similar to the PSSM command,
it evaluates a list of mutations against the WT structure and generates a
summarized output. In contrast to PSSM, which evaluates Gibbs free energy
of binding (interaction), PositionScan evaluates Gibbs free energy (protein
stability).
cd output_4K81_Ras
foldx --command=PositionScan \

--pdb=4K81_clean_Ras_Repair.pdb \

--pdb_dir=./.. \

--positions=IB21a,IB24a,QB25a,VB29a,DB33a,TB35a,IB36a, \

EB37a ,DB38a,SB39a,YB40a,RB41a,DB54a ,LB56a,EB63a,YB64a,MB67a,

\

39



121 T Ol i I AAG
s BN BN H N | | || (kealimol)
V29 H g
D33 i
Tas (10 | | . | I | | | |
136

o E37 ]

3 D38 | | | |

8 s39

& vao | ] [ ‘  u ||
R41
D54 | H . H BN
156 _ N | | |
£63
ves [T | [ o
Me7 | |
o - n L -

ACDEFGHIKLMNPQRSTVWY ACDEFGHIKLMNPQRSTVWY ACDEFGHIKLMNPQRSTVWY
Mutation Mutation Mutation
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Again, many output files will be created. An overview over the Gibbs free energy
changes can be found in PS_4K81_clean_Ras_Repair_scanning_output.txt.

3 Repeat step 2 for 3BKUD and 6AMB. A visualization of the results from all
three structures can be found in Fig. 2.4.

Identification of Mutations of Interest

After obtaining both the changes to the binding energy AAG;,q and the
changes to the Gibbs free energy (stability) AAG for all mutations of interest,
the next step will be to select one or multiple mutations of interest. As stated
earlier, the objective for this exercise is to generate mutants that specifically
interrupt one Ras—Effector interaction, while simultaneously not affecting the
other interactions. Therefore, the selection of mutations will be based on
the following three criteria that have to be evaluated and balanced for each
mutation:

1. Change of binding energy in the structure of interest AAGy;,.q_;: as high
as possible.

2. Change of binding energy in the other structures AAGy;nq—;: as close to
zero as possible.
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3. Change of Gibbs free energy of Ras structures AAG: as close to zero
as possible.

While it would be possible to identify mutations of interest by simply studying
the heatmaps, this is a complicated task. However, the selection process can
be simplified and made objective by evaluating a scoring function based on the
three criteria.

score = AAGpind—interest — Mean(|AAGyind—other|) — mean(|AAG|)

The scoring function is implemented like this:

argmepmazxscore(m) = a (AAGping—i(m)) —

b<n11 > rAAGbmd_j<m>)—c(iZ\AAkan)

T jEX keX

with AAGy;,q being the changes to the binding energy upon mutation,
AAG being the changes to the Gibbs free energy upon mutation, M =
{I21A,121C,...,Y71Y} is the set of analyzed mutations, X = {3KUD, 4K81, 6AMB}
is the set of analyzed structures, n is the cardinality of the set X, and a, b, ¢
being manually chosen weights for each of the three criteria.

Tables 2.2, 2.3, and 2.4 show the five top scoring mutations for each of the in-
vestigated structures according to our scoring function using the simple weights
of a,b,c = 1. Considering the candidates in the light of our objective, there are
multiple mutations that our approach identified as possible candidates. For the
Ras-Grb14 structure (4K81), the mutations Y64L and Y64F, ranked first and
third, respectively, seem promising candidates (Table 2). Both offer relatively
high disruption of binding energy AAGy;,,q (see Note 8), while simultaneously
not impacting the stability AAG (see Note 9).

The Ras-Raf structure (3KUD) is more challenging to evaluate. All mutations
suggested affect the residue D38. This residue has been identified as a strong
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Table 2.2 Overview over the top scoring mutations for the structure 4K81. The weights
used in for the scoring procedure were a = b = ¢ = 1. All energy values are given in
kcal mol™

Mutation Score  AAGuing AAGhing AAGhing AAG  AAG  AAG
4K81 3KUD 6AMB 3KUD 4K81 6AMB

Y64L 1.63 2279 -0.013 -0.271 0474 0.665 0.382
R41D 1.443 3.54 0.653 0.262 1.554 1.872 1.491
Y64F 1.228 1432 -0.013 -0.106 -0.057 -0.332 -0.046
R41Q 1.145 1949 1259 0.042 0.185 0.185 0.089
Y64A 0.887 2526 0.101 -0.047 0.506 2.586 1.601

Table 2.3 Overview over the top scoring mutations for the structure 3KUD. The weights
used in for the scoring procedure were a = b = ¢ = 1. All energy values are given in
kcal mol™

Mutation Score  AAGung AAGhing AAGping AAG  AAG  AAG
3KUD 4K81 6AMB 3KUD 4K81 6AMB

D38W 3.474 4759 0.46 -0.235 -0.934 -1.083 -0.794
D38H 2.829 4.072 0.783 0.284 -0.526 -1.174 -0.429
D38R 2114 5,607 1816 0998 -2.212 -25 -1.546
D38G 1.805 2.836 0.472 1.087 -0.041 -0.176 0.539

D38M 1.771  3.002 0.003 0.106 -1.58 -1.325 -0.622

Table 2.4 Overview over the top scoring mutations for the structure 6AMB. The weights
used in for the scoring procedure were a = b = ¢ = 1. All energy values are given in
kcal mol™

Mutation Score  AAGuing AAGping AAGhinga AAG AAG  AAG
6AMB 3KUD 4K81 3KUD 4K81 6AMB

Y40M 1.112 1685 -0.235 -0.037 0.359 -0.049 0.904
136T 0.943 2564 1.135 -0.319 0.54 1.128 1.015
Q25Y 0.821 2143 0.163 0.089 -0.74 -1.024 -1.822
136Q 0.553 1.835 0.95 1.229 0.115 0.396 -0.069
Y40F 0.544 1.34 -0.285 -0.053 -0.628 -0.793 0.461
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contributor to the interaction of Ras and Raf, and in this particular structure, due
to an interface mutation in Raf (A85K), the importance of D38 to this interaction
has only been enhanced [80, 84]. This results in very high disruptions of binding
energy AAGy,q for mutations in D38, that dominate the scoring function (Table
2.3). While the mutations D38W and D38G, scoring first and fourth, respectively,
are interesting candidates, another approach would be to adjust the weights in
the scoring function such that a < b = ¢. This case highlights that the scoring
function can and should be tailored to the problem at hand.

For 6AMB, the calculated scores are lower than for the other two structures
(Table 2.4). Nonetheless, the mutations Y40M, Q25Y, and Y40F, scoring first,
third, and fifth, respectively, seem promising.

2.2.5 Notes

1 The FoldX force field calculates the free energy of unfolding (AG, free
energy difference between the folded and unfolded proteins) of a protein using
the following equation [74, 75]:

AG = a X AGygw +b X AGgorog + ¢ X AGgppop +d X AGhpond + € X AG b+
X AGg + g X AGron +h X ASpe +1 X ASge + 7 X AGeash

where AG 4, is sum of Van der Waals contributions of all atoms, AG 4017 IS
the difference in solvation energy for apolar groups, AG.p is the difference
in solvation energy for polar groups, AGnona is the free energy difference
between the formation of an intra-molecular hydrogen-bond compared to inter-
molecular hydrogen-bond formation with solvent, AG,,;, is the extra stabilizing
free energy provided by water molecules making more than one hydrogen bond
to the protein, AG,,; is the electrostatic contribution of charged groups, AGgon
is the effect of electrostatic interactions on the association rate constant (k,,),
AS,,. is the entropy cost for fixing the backbone in the folded state, AS,. is
the entropic cost of fixing a side chain in a specific conformation, and AGj4sn
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is a measure of unfavorable steric overlaps between atoms in the structure.
Parameters (a, ..., j) are relative weights of the different energy terms.

2 For protein complexes, FoldX calculates the interaction energy (AGyina)
between two proteins, A and B, using the following equation [74, 75]:

AGhing = AGap — (AG4 + AGB)

3 Validation of energy changes calculated by FoldX with energies measured
experimentally found that FoldX energy changes have a standard deviation
of o = +0.8kcalmol~! [74]. When evaluating FoldX energies, it is important
to keep in mind that these values are in silico calculations that come with a
certain error.

4 FoldX works most reliable when high-resolution 3D structures are used,
which are typically obtained from X-ray crystallography.

5 The FoldX software has been designed as a command line tool and has
been released for all major operating system. As mentioned, the commands are
transferable. Recently, a graphical interface to FoldX using the YASARA protein
visualization program has been released [85, 86]. The protocol described here
can also be replicated using the graphical interface; however, this protocol
focusses on giving instructions for using the command line interface to FoldX.
The FoldX plugin for YASARA along with instructions for the installation can be
found on the official homepage of the FoldX project: http://foldxsuite.crg.

eu/.
6 Only one biological assembly should be kept in the asymmetric unit, i.e., for

the 4K81 structure, the chains C-H are removed. Sometimes, the biological
assemblies are slightly different, so it might pay off to look through all of them.
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7 Interface residues that do not contribute much to binding energy could
nevertheless be good candidates for mutations as they might disrupt binding
energy by introducing steric clashes in the interface.

8 A reasonable energy threshold for considering whether a mutation does
disrupt a protein—protein interaction would be AAGping > 1 —2kcalmol~'. This
would reduce the binding affinity of an interaction by a factor of 5-10, which
would be enough to dramatically reduce the number of complexes formed.
This is especially true in a highly competitive system such as the Ras—Effector
system.

9 Disruption of stability should be evaluated in a different way from disruptions
of binding energy. In general, proteins are more resistant to mutations affecting
stability. A reasonable energy threshold would be a disruption of AAG <
1.6 kcal mol-1, at which proteins would be affected. This threshold of twice the
standard error of FoldX is commonly applied (see Note 3).
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2.3 Discussion

In this paper, we presented the theoretical background of the in silico design
of network-rewiring mutations using FoldX. These mutations are also called
“branch-pruning” mutations.

The design of network-rewiring mutations in silico has the benefit that it is
possible to check all possible mutations with low cost and time investment.
However, the in silico predictions should only be seen as a first step, and
experimental validation of interesting candidates is recommended.

For this work, we were using FoldX for the energy calculation on the protein
structures. FoldX is a well-established method for the assessment of point
mutations on protein stability and protein-protein interactions [74, 75, 87].
However, other methods for determining the energetic impact of point mutations
such as Rosetta [88] could be used analogously. For all of these methods, it
is important to note that the quality of the protein structures used is a major
factor on the expected accuracy of the results.

The work in this paper lays the foundation for the selection and evaluation of
“branch-pruning” mutations analysed in chapter 4.

46



3 HOMELETTE: a unified interface to
homology modelling software

3.1 Introduction

Protein structures are useful tools for understanding protein function on the
molecular level and for drug design. Therefore, predicting the structures of
proteins for which no structure has been experimentally identified so far is of
major interest.

Homology modelling is a method for the computation prediction of protein
structures. Briefly, the idea is that proteins that are closely related on the level
of amino acid sequence will also share strong similarity on the structural level.
Using information about the structures from close relatives in combination with
sequence alignments allows then the construction of computational models.

Over the last decades, a significant number of different software for model
generation and model evaluation has been developed by different groups
[89, 93, 94, 95, 96, 97, 98, 99, 100, 90, 91, 92]. In the following paper, |
am presenting a Python package called HOMELETTE that creates a unified
interface to many of these software packages. This makes it easy to assemble
and benchmark custom modelling pipelines.
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3.2.1 Abstract
Summary

Homology modelling, the technique of generating models of 3D protein struc-
tures based on experimental structures from related proteins, has become
increasingly popular over the years. An abundance of different tools for model
generation and model evaluation is available from various research groups. We
present HOMELETTE, an interface which implements a unified programmatic
access to these tools. This allows for the assemble of custom pipelines from
pre- or self-implemented building blocks.

Availability and implementation

HOMELETTE is implemented in Python, compatible with version 3.6 and newer.

It is distributed under the MIT license. Documentation and tutorials are avail-
able at Read the Docs (https://homelette.readthedocs.io/). The latest
version of HOMELETTE is available on PyPI (https://pypi.org/project/
homelette/) and GitHub (https://github.com/PhilippJunk/homelette). A
full installation of the latest version of HOMELETTE with all dependencies is
also available as a Docker container (https://hub.docker.com/r/philippjunk/
homelette_template).

Supplementary information

Supplementary data are available at Bioinformatics online.

3.2.2 Introduction

Access to homology modelling tools has become increasingly simpler over
the last years. There is a multitude of web services such as SWISS-MODEL
offering total automation of the whole process. These are great tools for small
homology modelling projects [101]. However, medium to large scale projects,
aiming to model the structures of tens or hundreds of proteins with different
homology modelling software in a full- or semi-automated manner are faced
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Figure 3.1 Homology modelling pipeline. (a) General pipeline of homology modelling from
left to right. (b) Building blocks implemented in HOMELETTE and how they correspond to
the steps in homology modelling

with a very tedious exercise. Most of the popular homology modelling services
offer command line tools. However, these tools come with different interfaces
and work with different file types. The same is true for software aiming to
evaluate homology models.

The general flow of a homology modelling pipeline is depicted in Figure 3.1a
[96]. Usual requirements for most homology modelling software are a multiple
sequence alignment (MSA) of the target sequence against one or multiple
template sequences, as well as template structures. Using the information from
the alignment and the template structure(s), a homology modelling algorithm
assembles one or multiple models. Afterwards, these are evaluated by some
evaluation metrics in order to select the best model(s).

Exchanging components of the pipeline such as the modelling algorithm
or the evaluation metrics is not trivial due to the problems outlined above.
Therefore, the motivation behind HOMELETTE is to provide a modular homol-
ogy modelling interface that can be used to construct pipelines with diverse
modelling and evaluation tools within the same interface. The focus is also on
making it easy for the user to implement new building blocks that fit into the
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framework. This interface can be used to easily assemble custom pipelines
and streamline medium to large scale homology modelling projects (Fig. 3.1b).

3.2.3 Implementation

The HOMELETTE interface is fully implemented in Python. Python is a pop-
ular and accessible programming language extensively used in the scientific
community [102].

HOMELETTE is built with modular design principles in mind. Template
identification/alignment generation, model generation and model evaluation
are designed as interchangeable building blocks that interact with the other
components of the pipeline in an identical manner. This allows for the easy
assembly of custom pipelines by freely combining these building blocks. Align-
ment generation and template processing building blocks are available for
identifying templates with the RCSB Search Web API using MMseqg2 [103,
104] and align them with Clustal Omega [105, 106], or using HHSuite3 [107].
Model generation building blocks are currently available for MODELLER [89,
96], altMOD [97] and ProMod3 [98, 99]. Model evaluation building blocks are
available for DOPE scores [100], SOAP scores [90], QMEAN [91, 92], QMEAN
DisCo [93] and MolProbity [94, 95]. A good model is expected to have a low
DOPE score, a low SOAP score, a high QMIEAN score and a MolProbity score
as close to 0 as possible. A list of the implemented building blocks is available
in Supplementary Table 3.S1.

In addition, new building blocks can be implemented and seamlessly fit into
existing pipelines allowing for even further customization. This is particularly
useful for integrating software for which no building block is available yet into
the framework. Users are strongly encouraged to share their custom building
blocks with the community, and an extension framework has been set up to
make this possible.

Extensive documentation and tutorials teach the user how to use these
building blocks, how to implement new building blocks and how to assemble
them into more complex pipelines. The documentation is available online at
https://homelette.readthedocs.io/. The tutorials are hosted together with
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the documentation, or as interactive Jupyter notebooks on the GitHub page
and in the Docker container.

HOMELETTE does not have any model building or model evaluating capaci-
ties on its own, but its strength comes from the integration of different software.
Due to these design choices, it is reliant on third-party software (Supplementary
Table 3.S1). All currently integrated software is freely available for academic
research. The documentation gives instruction on how to acquire and install
third-party software. Alternatively, HOMELETTE is also available as a Docker
container with all third-party software already installed.

3.2.4 Application

As an example for the custom assembly of alignment generating, homology
modelling and model evaluation building blocks into custom pipelines, the ARAF
protein was modelled (Supplementary Fig. 3.51). Starting from the sequence,
the templates 3NY5 (BRAF) and 4GON (RAF1) were identified, aligned and
processed. In order to show how different modelling building blocks can be used
interchangeably, two MODELLER building blocks with different parameters for
model refinement were used. Evaluation was performed by using SOAP scores
and MolProbity scores, which were summarized to a combined score using
Borda count (Supplementary Fig. 3.S1b). As expected, the modelling routine
that spends more time on model refinement generates better models. There are
also differences between the templates to be observed. The code to execute
this example as well as to generate the visualization is made fully available in
Tutorial 7.

3.2.5 Conclusion

There are three major determinants for the quality of a homology model. These
are the alignment used, the quality of the template structures and the algorithm
chosen for generating the models [96]. HOMELETTE leaves the selection of
all three determinants in the hand of the user. The user has agency which
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modelling software to use and compare, as well as full control over generating
and refining the alignment and selecting templates.

We explain and demonstrate the use of HOMELETTE in the series of eight
tutorials. The tutorials culminate in a tutorial about pipeline assembly, which
has been shown as an example pipeline for a proof of concept in this publication
(Supplementary Fig. 3.51).

In conclusion, HOMELETTE offers a unified, simple and well-documented
interface to a multitude of popular homology model and model evaluation
software. Its modular design principles allow users to assemble their own
pipelines in an easy and consistent manner. Simple implementation and
extensive documentation make it possible to extend HOMELETTE with other
software, while retaining the same programmatic interface. This gives users
even more freedom to assemble the best custom pipeline for their particular
project. This could prove useful for large scale projects such as the structural
modelling of whole biological systems.
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Figure 3.S1 (a) Example of a modelling pipeline. For the query sequence (ARAF RBD in
this case), templates were identified using the RCSB Search API, and an alignment was
generated using Clustal Omega. 3NY5 and 4GON were selected as templates. Models
were generated using the MODELLER homology modelling software with two different
parameter sets. The models were evaluated using SOAP scores and MolProbity scores.
(b) The combined scores of the models generated by the pipeline described in (a). Scores
were combined by using Borda count. A higher score indicates a better model. The full
code of this example is available as Tutorial 7 (https://homelette.readthedocs.io/en/
latest/Tutorial7_AssemblingPipelines.html).
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Table 3.S1 Building Blocks currently implemented in HOMELETTE

Building Block Type Program/Software ~ Reference
AlignmentGenerator_pdb Alignment gener- RCSB Search [103, 104, 105,

ation, Template APl (MMseq2), 106]

processing Clustal Omega
AlignmentGenerator_hhblits Alignment gener- HHSuite3 [107]

ation, Template

processing
AlignmentGenerator_from_aln Alignment gener- - -

ation, Template

processing
Routine_automodel_default Model generation MODELLER [89, 96]
Routine_automodel_slow Model generation MODELLER [89, 96]
Routine_altmod_default Model generation altMOD [97]
Routine_altmod_slow Model generation altMOD [97]
Routine_promod3 Model generation ProMod3 [98, 99]
Routine_complex_automodel_default  Model generation MODELLER [89, 96]
Routine_complex_automodel_slow Model generation MODELLER [89, 96]
Routine_complex_altmod_default Model generation altMOD [97]
Routine_complex_altmod_slow Model generation altMOD [97]
Routine_loopmodel_default Model generation MODELLER [89, 96]
Routine_loopmodel_slow Model generation MODELLER [89, 96]
Evaluation_dope Model evaluation MODELLER [100]
Evaluation_soap_protein Model evaluation MODELLER [90]
Evaluation_soap_pp Model evaluation MODELLER [90]
Evaluation_gmean4 Model evaluation QMEAN [91, 92]
Evaluation_gmean6 Model evaluation QMEAN [91,92]
Evaluation_gmeandisco Model evaluation QMEAN [91, 92, 93]
Evaluation_mol_probity Model evaluation MolProbity [94, 95]
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3.3 Discussion

With the release of AlphaFold2 in 2021, the landscape of protein structure
prediction has been changed [9, 59]. In particular in cases when no closely
related structures are available, AlphaFold2 vastly outperforms homology mod-
elling methods. Nonetheless, homology modelling is a useful technique for
the in silico generation of models. In my experience (compare also with 4),
homology modelling approaches still perform better than AlphaFold2 for the
modelling of related structures around a well-defined interface. Additionally,
some homology modelling software is able to work with heteroatoms such
as small molecules, co-factors or ions, which is currently not supported. So
while homology modelling methods will be superseded by deep learning based
methods (AlphaFold2 and related methods) in the long run, currently there is
still a use for homology modelling.

The HOMELETTE package presented in this paper is an interface to other
popular and well-established homology modelling and model evaluation soft-
ware, such as Modeller and ProMod3. In particular, it is useful for the creation
and comparison of different pipelines, which can be assembled from building
blocks. Other software can easily be implemented as custom building blocks
and integrated in existing pipelines. HOMELETTE is well documented and
offers an associated Docker container for easy set-up.
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4 Structure-based prediction of
Ras-effector binding affinities and
design of “branchegetic” interface
mutations

4.1 Introduction

As outlined in the introduction, one of the main aims of the work done in my
PhD was the investigation of the interaction of RAS with its effector proteins.
While some of these interactions are well-characterized on the biological or
the structural level, there are a number of proteins in the human genome that
encode domains that would potentially allow them to interact with RAS. The
aim of the following work is to explore all potential RAS effector interactions
systematically.

For this, a structural biology approach was used. The paradigm of analysing
protein structure to inform biological systems is not new. However, with the re-
cent release of AlphaFold2 addressing the protein structure prediction problem,
and subsequent technological development, new options are available in the
structural biology space.

The RAS effector system is a well-suited system to test structural biology
approaches. There is a massive amount of data available for this system,
which can be used to inform, train, and evaluate the modelling approaches.
For example, there are multiple structures of RAS in complex with different
effectors available in the PDB, making it possible to investigate the binding
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mode of these domains. Similarity, binding affinities for multiple effectors to
RAS have been measured experimentally.

In the following paper, computational structural biology approaches were
used to generate structural models of RAS in complex with effectors, as well
as mathematical models of the competition of effectors for the RAS interface in
different tissues. Potential interface mutations were selected from the structural
models and their impact on the systems model were evaluated.
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4.2.1 Summary

Ras is a central cellular hub protein controlling multiple cell fates. How Ras
interacts with a variety of potential effector proteins is relatively unexplored,
with only some key effectors characterized in great detail. Here, we have
used homology modelling based on X-ray and AlphaFold templates to build
structural models for 54 Ras-effectors complexes. These models were used to
estimate binding affinities using a supervised learning regressor. Furthermore,
we systematically introduced Ras “branch-pruning” (or branchegetic) mutations
to identify 200 interface mutations that affect the binding energy with at least
one of the model structures. The impacts of these branchegetic mutants
were integrated into a mathematical model to assess the potential for rewiring
interactions at the Ras hub on a systems level. These findings have provided
a quantitative understanding of Ras-effector interfaces and their impact on
systems properties of a key cellular hub.

4.2.2 Introduction

Ras is a key cellular signaling hub and oncogene [108]. The first correct Ras
structure was famously described in 1989 [37, 109] and consists of the G
domain super-fold (six B-strands and five a-helices; [108]). It's main structural
and functional characteristic is the nucleotide binding site (the typical o,-fold
of nucleotide binding proteins), which can bind GTP and hydrolyze it to GDP.
Then, GDP gets released and a new nucleotide (favorably GTP since it is
higher abundant in cells) gets bound. Depending on which nucleotide is bound,
the functional state of RAS is different. GDP bound Ras assumes a so-called
inactive conformation, whereas upon the binding of GTP, the conformation
of Ras is called active. The difference between the active and the inactive
conformation is that, in the active conformation, two loop regions called switch
1 and switch 2 are interacting with the GTP and thereby tightly bound to it
[108] (Figure 4.1A). This rearranges the interface of Ras in a specific way so
that effector proteins with a specific structural motive can interact with Ras.
The structural motive required for the interaction with Ras has a ubiquitin
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domain super-fold [40]. There exist three families of these domains, called Ras
binding domain (RBD), Ras association domain (RA domain) and PI3K-Ras
binding domain (PI3K RBD) with only minor sequence and structural differences
between them. In the following, for the sake of simplicity, all of these will be
called RBDs.

Ras-GTP can interact and activate many downstream effectors, some of
which are better studied than others [33]. Well-studied effectors include PI3-
kinases, RalGDS, and Raf kinases, which control important cellular processes
such as survival, polarization, adhesion, migration, and proliferation. In our
previous work, we characterized a set of 56 RBD-containing proteins as poten-
tial Ras effectors, which converge into 12 classes that are linked to different
downstream cellular processes and phenotypes [30, 15, 29, 57].

Ras-effector interactions are interesting from a systems biology and network
point of view. Effectors use a mutually exclusive binding site on Ras, hence
competition for binding can occur under certain conditions [110]. Also, the
experimental and predicted affinities between RBDs and Ras-GTP vary, ranging
from nano- to micromolar Ky values [29]. Previously we analyzed how the
amount of effectors in complex with Ras varies in different cell types [30, 15].
We find that only 9 effectors are predicted to bind in significant amount to Ras-
GTP using the RBD alone [15]. However, 31 effectors are predicted to form
significant complexes with Ras if they are additionally recruited to the plasma
membrane via other domains present in effectors (piggyback mechanism,
[111]). Hence, even weak binding affinities on the level of RBD-RAS binding
can turn into significant complex formation if effectors are recruited (e.g. in
a context specific manner). Thus, for systems analyses and computational
models, we need good estimations for all binding affinities between RBDs and
Ras.

Structural analysis can lead to a deeper understanding of protein-protein
interaction (PPI). Previous we used homology modelling, based on experi-
mentally determined complex structures, to predict binding between effectors
and Ras-GTP [49, 50]. While this has provided insights into binding propen-
sities, a limitation of this work was that no quantitative binding affinities were
predicted, but qualitative binding by classifying effectors into categories of
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Figure 4.1 Noticeable features of the Ras-RBD interfaces (A) Overview of interface features
for the Ras-RAF1 interface. Highlighted are the intramolecular -sheet alignment, the
assembly of the Ras interface by the switch regions and energetic hotspots in the interface.
(B) B-sheet alignment for experimentally determined complexes (MAE). A lower value
indicates a more similar alignment of the intramolecular B-sheets compared to other
crystal structures. (C) FoldX alanine scan hotspots on RAS for experimentally determined
complex structures. The color scale is confined to the limits [-1.6 kcal mol™', 1.6 kcal mol™'].
Positive AAG values indicate a loss in binding energy upon mutation, which reflects that
the respective amino acid contributes to binding. (D) Energetic contributions of functional
regions based on alanine scan analysis.
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“binding”, “non-binding”, and “twilight”. It is now timely to revisit homology
modelling of Ras-RBD complexes, as new template structures are available by
(i) X-ray crystallography (8 of 56 effectors are crystallized in complex with RAS)
and (ii) AlphaFold [9, 59]).

Ras is frequently mutated in different cancers, where aberrant Ras signaling
plays a role in cancer initiation, progression, and metastasis via alterations
in metabolism, proliferation, and survival [112]. As Ras cannot be directly
targeted (or only certain Ras mutations) [113], much hope rests on network-
centric approaches [114] that involve Ras-effector interactions or downstream
pathways [57]. Therefore, tinkering with Ras-effector binding is an attractive
alternative strategy for finding suitable targets for therapeutic interventions.
Previously we developed a “branch-pruning” (or “branchegetic”, in analogy
to “edgetics” [22] and “enedgetics” [23]) strategy for Ras effector interactions,
where mutations are introduced into Ras that differentially impact binding to
effectors [115]. For example, introducing a mutation can result in a steric
clash in the interface formed with one effector, but not with another; hence the
interaction with one effector is broken while intact for another.

In this work, we first generate homology models of all Ras-effector (RBD)
interactions and predict affinities of the RBDs in complex with Ras-GTP. We
then use the generated model structures to employ a systematic branchegetic
strategy that explores the impact of Ras interface mutants on binding to all
effectors. Altogether, our results contribute to a quantitative and systems-level
understanding of Ras-effector interactions and further our understanding of
Ras in health and disease.

4.2.3 Results
Structural analysis of experimental complex structures

From the few experimentally determined complex structures of Ras with these
RBDs, there are some structural similarities that can be determined. The main
interface on the site of Ras consists of the two switch regions, switch 1 and
switch 2. One of the main structural features of the interface between Ras
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and RBDs is the formation of an intra-molecular B-sheet between 2 on RAS
and B2 on the RBD. This interaction is a highly conserved structural feature
across all available complex structures, with deviations in orientation of less
than 1A (Figure 4.1B, see Methods for MAE). Analyzing the energetic profile of
the interface in silico using the FoldX force field shows that there are also some
recurring hotspots in the interface (highlighted in Figure 4.1C). 136, D38 and
Y40 are well characterized as important residues for the interaction between
Ras and effector domains. Additionally, for the structures 3DDC and 1LFD, the
mutation E31K was introduced to stabilize the complex for crystallization. Our
analysis confirms that this interface mutation has indeed been favorable for the
complex formation. Finally, the energetic contributions of the function regions
switch 1 and 2 to the interface were analyzed. Both relative and absolute
contributions are diverse, although switch 1 contributions to binding dominate
(Figure 4.1D). Altogether, the analysis of existing Ras-RBD effector structures
indicates that although there are many common features of the Ras RBD
interface such as the intra-molecular -sheet or the hydrophobic patch around
136, the actual energetic contributions can come from different parts of the
interface. It also sets the basis for a successful homology modelling approach.

Homology modelling and characterization of modelled interfaces

In order to study these interface features in a more diverse set of structures,
homology models of the complex between RAS and RBD were constructed for
all proteins containing an RBD in the human proteome.

The homology modelling pipeline is based on the already existing complex
models (Table 4.S1). Also, with the recent release of AlphaFold2 [9] and the
accompanying AlphaFold Protein Structure Database [59], the RBD domains
of all potential effectors were extracted from that database and used. The
structures of RBDs are predicted with good confidence by AlphaFold2 and
our analysis indicates that AlphaFold2 is reliable at predicting the RBD fold
(Figure 4.S1). Additionally, AlphaFold2 complex modelling was attempted for
all potential complex structures and models which AlphaFold2 were confident
in (by Predicted Alignment Error (PAE)) and where the B-sheet alignment of the
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interface was within a tolerance to what has been observed in crystal structures,
were used as templates as well (Figure 4.S2 and 4.S3, compare MAE Figure
4.1B). There are two kinds of templates to use: 1) complex templates which
comprised of the already experimentally determined complex structures of Ras
and RBDs, as well as “good” AlphaFold2 predicted complex templates (Table
4.S1), and 2) templates of the RBDs alone which were extracted from the
AlphaFold2 EMBL database (Table 4.52). An overview over the pipeline is de-
picted in Figure 4.2. Homology modelling was performed using homelette [116]
with modeller and altMod. Evaluation of predicted structures was performed
using QMEAN, MolProbity and SOAP potentials. The top 300 models for each
target for each source of complex templates (experimental or AlphaFold2) were
selected by combined score and FoldX analysis (interaction energy and alanine
scan) was performed.

In order to evaluate our approach, we generated a validation set, in which
we created models for the structures already solved by X-ray crystallography
without using information from the specific structure. Models generated in this
validation set were compared to the underlying ground truth by assessing their
correlation of the in silico alanine scan results to those of the crystal structures
of interest. Using this ground truth, different methods to select representative
models from the hundreds of structures were assessed. In particular, we
evaluated the hyperparameters of an unsupervised learning pipeline comprised
of different feature selection and dimensionality reduction strategies followed
by clustering with the OPTICS algorithm (see Methods for more details about
the hyperparameter space). After clustering, three representative structures
were chosen. Based on the performance in the validation set, the optimal set
of hyperparameters was chosen (Table 4.S3, see Figures 4.54 and 4.S5). The
described strategy for identifying representative structures was then applied
to all target complexes and we ended up with three representative complex
structures for each effector.

Analogous to how we characterized the interfaces of the experimentally
determined complex structures before, we performed the same analysis on
the complex models. The overall FoldX interaction energies for the models
are diverse, indicating that maybe some of the complexes are energetically
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Figure 4.2 Overview over the homology modelling pipeline The principal homology mod-
elling steps are shown from left to right with the steps of “Target Identification”, “Template
Identification”, “Alignment Generation”, “Complex Model Generation”, “Evaluation & Selec-
tion 17, and “Evaluation & Selection 2”. In the “Validation” process, the homology modelling
pipeline is run on a set of 7 RBD domains from known x-ray structures. The “Production”
process describes the generation of 61 domains (RBD and Ubiquitin super-fold domains
as controls).
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unfavorable and would not form (Figure 4.S6B). In general, the binding energies
are lower than what would be observed in crystal structures, which is to be
expected. There are one or two outliers with regards to FoldX binding energy,
namely RASSF8 and PIK3C2B. In particular, RASSF8 is also showing an
uncommon hotspot profile, with multiple unfavorable hotspots that are only
appearing for this set of structures (Figure 4.S6A). Based on this behavior,
RASSF8 is excluded from further analysis.

The analysis of hotspots confirmed the already established hotspots. 136,
Y40, D38 and E37 are the most commonly observed hotspots (Figure 4.3A,
Figure 4.S6A). Interestingly, while 136, Y40, and E37 are exclusively favorable
to the interaction with the effector protein, D38 seems to be also unfavorable in
some of the structures (Figure 4.3B). The energetic diversity of the hotspot D38
was further investigated in the models. For this, two models were picked for
which D38 was a favorable hotspot in the alanine scan analysis (Figure 4.3C:
RASSF1, Figure 4.3D: RGL3), and two models were picked for which it was
unfavorable (Figure 4.3E: ARAP2, Figure 4.3F: RAPGEF3). Next, neighboring
amino acids were analyzed. For favorable interactions, we were able to observe
positively charged amino acids. On RASSF1, we find K216 and H217, whereas
on RGLS3, there is R630. These amino acids probably form strong interactions
with the negatively charged D38 on Ras. In contrast, for the models where D38
comes up as an unfavorable hotspot in the interface, we observe an uncharged,
mostly hydrophobic neighborhood.

Estimation of binding energies

One of the applications of the structural models that were generated was to
use them for the estimation of binding energies. Since experiments measuring
the binding energy between two proteins are experimentally very challenging
and error-prone [117], we were implementing an in silico approach. Also, while
FoldX is good at predicting energy changes to interaction energy or protein
stability on mutation, the absolute interaction energies for protein complexes
usually are not well correlated with experimental values [75]. Because of this, a
supervised learning regression pipeline was built based on features extracted
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from the modelled structures and a collection of experimentally determined
binding energies of different Ras-effector complexes (Table 4.S5). From a
combination of different regressors, feature extraction procedures, and hy-
perparameters, the best approach was determined using a cross validation
strategy (see methods). A support vector machine-based regressor (see hy-
perparameters in Table 4.54) performed best in cross-validation with an R2
score of 0.53. Then, the performance of the best approach was evaluated in an
out-of-sample test set, where it achieved an R2 score of 0.77. The model was
then used to predict the interaction energies for the complexes without prior
experimental measurements (Figure 4.4, Table 4.S5). The predicted binding
affinities for our models range 4 orders of magnitude, between the highest
predicted affinity for BRAF of 0.02 uM to PIK3C2B with the lowest predicted
affinity of 588 uM. The highest binding effectors are quite well characterized
(RAF family, PI3K, RASSF5, RIN1, RalGDS, AFDN [29]). As experimental
measurements of the PI3K family members are difficult as the RBD is not easy
to express and purify in isolation, it is noteworthy that we assign three of the
good binding affinities to PI3K family members (PIK3CA, PIK3CD, PIK3CG).
A big group of effectors has affinities in the range of 1 to 10 uM. For example,
RASIP1 was previously in the “likely no binding” category [29], and is now pre-
dicted to have an affinity in complex with Ras of 2.7 uM. RAPGEF5 and RGL3
were previously in the “unknown” [29] category and have predicted affinities
of 9.2 and 5.6 uM, respectively. Another big group of effectors has affinities
in the range of 10 to 100 uM. Especially the first one could be interesting for
modulation of binding affinity by the piggy back mechanism [15].

Switch contributions to binding

Having Ras-effector structural models available allowed us to analyze the indi-
vidual contributions of switch 1 and switch 2 to binding using the results from
alanine scanning (similarly as done before for the X-ray Ras-effector structures).
We find that generally most structures are dominated by favorable switch 1 con-
tributions (Figure 4.5 and Figure 4.S7). Switch 2 contributions are surprisingly
small. We also predict more contributions from regions outside switch 1 and
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switch 2 as in the X-ray structures. For the two weak affinity binding groups
(10uM < K4 < 100puM and (Ky > 100 uM) switch 1 contributions are in the
range of 4kcalmol~! to 5kcal mol~" with small (~1 kcal mol~') contributions
from switch 2 and remaining parts involved in interface formation. For the
two strong affinity groups (Kg < 1 uM and 1 uM < K4 < 10 uM) switch 1 contri-
butions increase to 6 kcal mol~' to 9 kcal mol~! with also increasing switch 2
contributions (1 kcal mol~! to 2kcal mol~'). We also observed negative switch
contributions (mainly for switch 1), indicating that these proteins are either
not well predicted or non-binders. Indeed, all structures with negative switch
energies are weak binders.
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Branch pruning analysis using Ras-effector model structures

Next, we were interested in exploring surface mutations on Ras that would
selectively influence the binding to some, but not all effectors. Both enhancing
and inhibiting mutations are of interest. This could enable the engineering of the
Ras effector system to respond to stimuli in different ways and to study selective
sets of effectors. We previously reported a framework for the identification and
evaluation of so called “branch pruning” mutations [115]. Since our protein is
interacting with a many different effectors at the same time through the same
interface it will be quite unlikely to identify mutations that selectively target
only one protein. Instead, it is more likely that we will identify mutations that
enhance in interaction with some proteins while inhibiting some others. Figure
4.6 shows a heatmap of all identified mutations of interest and their effect on
all effectors. Some interesting mutations to highlight are mutations around 136,
that are almost exclusively unfavorable while affecting almost every structure.
D37 mutation are more selective and also exclusively disruptive. D38 is mixed,
as our analysis of the hotspot already indicates. This is probably the best point
to disrupt the system. Y40, interestingly, while being a ubiquitous hotspot, is
not a good spot for engineering the interface because mutations seem to affect
protein stability (compare with Figure 4.S8A). Also of interest is that we detect
both mutations that increase and disrupt binding (Figure 4.S8B).

Assessment of rewiring of Ras-effector interaction on a systems level

Finally, we want to evaluate the behavior of the Ras effector system based
on our predicted binding energies and based on the introduction of different
branch pruning mutations. For this means, we went back to our mathematical
model of the Ras-effector system that incorporated affinities and high-quality
proteomics data in 29 human tissues [15]. Here, all 29 tissue systems were
simulated at 20 % and 90 % GTP load on Ras. We are using exclusively the
predicted binding energies for this (except RASSF8, see methods). Overall,
the results for the systems without a branch pruning mutation are comparable
to previous findings (Figure 4.7A; [15]). The Raf family members ARAF, BRAF
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and RAF1 dominate the binding profile in complex with Ras. Other effectors
that are in high amount in complex with Ras in at least one of the 29 tissues are
RGL2, RASSF7, RASSF5, RASIP1, RALGDS, PIK3CD, PIK3CA, and AFDN.

Expanding on this, we introduced our branch pruning mutations to the mathe-
matical model. In total, there are 200 interface mutations that do not significantly
affect overall protein stability but affect binding to at least one of the effectors.
Some of the branch pruning mutations are able to dramatically change the
system in all tissues, as can be seen from the example of D38A (Figure 4.7B).
With a single interface mutation, almost all RAF binding is quenched, and other
effectors start to compete for the binding. Interestingly, which effectors come
up depends on the tissue.

Next, we wanted to explore whether there are recurring states that the
modelled system assumes and whether these states are dependent on Ras-
GTP load, the tissue, or interface mutation. To this end, we applied uniform
manifold approximation and projection (UMAP) to our systems to transform
a high-dimensional space of absolute and relative effector binding into a 2D
space. Then, we used OPTICS to identify areas of high density in this 2D
plane and assigned them into 19 distinct clusters (Figure 4.7C). For each
cluster, we picked three of the systems at random and visualized their relative
effector binding (Figure 4.S9). Each of these clusters belongs to a different
“state” that the Ras-effector system can be rewired into, with systems belonging
to a specific state showing similar trends in effector binding. Many of the
systems are dominated by ARAF binding, as it would be expected, but even
for these there are differences in the secondary effectors. To understand what
the attributes of different “states” of the systems are, two of them were picked
and investigated for Ras-GTP load, tissue composition, and interface mutation
status (Figure 4.7DE). We find that there are different ways a distinct state of
the system can come together: for the state analyzed in Figure 4.7D, we can
see that it is composed of many different tissues, but only a handful of interface
mutations, most of them D38 mutations. This indicates that this state can be
reached from many different tissues by a specific, recurring set of mutations.
In contrast, the state analyzed in Figure 4.7E is entirely composed of a single
tissue (lymph node) with many different mutations, indicated that this state can
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only be reached by a specific tissue. Interestingly, both states analyzed are
diverse in terms of Ras-GTP load. To conclude, we identify 19 distinct states
of the Ras-effector systems and show that there are different mechanisms on
how these states are formed.

Finally, we wanted to explore to which extend, for a specific effector, it is
possible to modulate its binding. For this, we visualized the possible changes to
the relative amount of effector bound to Ras across all systems tested (Figure
4.510). On the side of proteins that can be negatively influenced, mostly the
high-affinity binders such as RAF family proteins show up, which is to be ex-
pected. Some effectors cannot be influenced by the branch pruning mutations,
either because they are energetically not affected or because their concentra-
tions in any of the 29 tissues do not leave them in a position to compete for
binding. Examples for this would be RADIL or the TIAM family proteins. The
effectors with the highest propensity to have their binding enhanced are AFDN,
RADIL, SNX27, RASSF5. In summary, based on a large set of Ras-effector
models, we predicted Ras branchegetic mutations and evaluate their binding in
a tissue-specific Ras competition model. The Ras mutations, once introduced
into cells or tissues, can be used as a tool to probe the contribution of specific
effector pathways to an output or cellular phenotype.

4.2.4 Discussion

In this work we have shown a complete structural reconstruction of Ras and
the RBDs of its effectors based on state-of-the-art technology. We used these
structural models to investigate the workings of the interface between Ras
and its effectors, as well as to search for and identify potential branch pruning
mutations on Ras that would alter the behavior of the underlying system. We
analyzed the effects on the steady state of the Ras effector system.

Recent advances in structural modelling, mostly by the development and
release of AlphaFold2 and similar algorithms have pushed the field of structural
bioinformatics forward. This development was crucial for the quality of this study.
While a normal homology modelling pipeline would have been successful, the
inclusion of both aspects of AlphaFold2 models was essential for the quality of
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the results. On the one hand, finding additional potential complex templates
diversified the possible configurations of the interface that we could use to
generate our models. On the other hand, having high quality templates of the
RBDs enabled us to improve the structural predictions. Interestingly, with all the
advancements that AlphaFold2 brought, this combined AlphaFold2/homology
modelling approach yielded more consistent and better results for this particular
question.

There is a growing body of literature about how Ras dimerizes or forms
multimers, or interacts with the membrane to modulate the signaling. All these
aspects have been deliberately left out for this approach. The essence of the
interaction of Ras and its effectors is the binary protein-protein interaction be-
tween the Ras switch regions and the RBD. This common feature was the focus
of this work, and we believe that other factors such as dimer/multimerization
of Ras, the composition of the membrane, etc., are only modulators for this
interaction.

By creating a complete structural system, we were able to investigate and
understand the interactions of Ras with its effector molecules on a different level.
Crucially, it enabled us to analyze how in silico mutations of the system could
affect its behavior. This is an interesting approach for a lot of different systems,
not just the Ras effector system. However, there are certainly challenges. The
prediction and verification of a protein-protein interface can be very complicated,
and the techniques for modelling protein-protein interactions are not sufficiently
developed to easily translate that approach to a larger scale. Probably the
main reason why it was possible to construct this structural system for the
Ras-effector system was because it is a conserved domain-domain interaction
between homologue proteins. Although the sequence identity of the RBD
sequences is not well preserved anymore, the structural fold of these domains
has been preserved. Additionally, there is also the preserved mode of binding
by the formation of the intermolecular B-sheet. These factors were favorable for
the construction of the structural system and would need to be addressed if this
approach were to be taken to a higher scale. Recent publications are already
able to work on system-wide structural prediction for interactions [118]. These
approaches are very promising for the structural characterization of known
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protein complexes and can identify high-confidence novel interactions as well.
However, for the exhaustive characterization of a full system, especially with
transient interactions, the distinction between true and false positives seems to
remain challenging.

Finally, we hope that our structural and systems analysis of the branch
pruning interface mutations will enable interesting experimental setups that
study different downstream pathways from Ras. Some of the more promising
candidates are AFDN, RADIL, SNX27, RASSF5. The downstream pathways
of Ras that are best characterized are the RAF-MEK-ERK signaling pathway
and the PI3K-AKT signaling pathway. However, some of the other proteins
might play a role in a physiological or pathophysiological context as well. AFDN
is essential for the organization of adhesion between cells[119], function that
is often impaired in cancer [120]. RADIL is also linked to cell adhesion, and
recent data showed that knockdown of was linked to decreased cell proliferation
and invasion [121]. SNX27 is also part of signaling pathways that link to cell
adhesion and barrier function [122]. RASSF5 is a tumor suppressor and
has been shown to inhibit growth and invasion and to induce apoptosis [123].
Importantly, all branchegetic mutations were studied on a systems level using a
tissues specific Ras competition model. These models can easily be adapted
for specific cell systems of interest, provided that estimates for Ras and effector
abundances are available. Altogether, this work contributed to a quantitative
understanding of a key cellular hub protein — Ras.

4.2.5 STAR Methods

Detailed methods are provided in the online version of this paper and include
the following:

* Key resource table

* Resource availability
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Lead contact

Further information and requests for resources should be directed to Philipp
Junk (philipp.junk@ucdconnect.ie)

Code availability

The code will soon be deposited on Zenodo.

4.2.6 Method Details
Experimentally determined Ras-effector complex structures

Structures were downloaded from the PDB. In the case where multiple models
were available, the best one by MolProbity score was selected [94, 95]. The
PDB files were processed so that all GTP and Mg2+ annotations were in the
expected format. The list of used template structures can be found in Table
4.51.

Interface characterization

Hotspots residues were determined by FoldX in silico Alanine scan [74, 75,
23, 76, 77]. In detail, each residue on both RAS and the effector was mutated
to alanine and the in silico change of binding energy AAG was determined as
such:

AAG giascan = AG(mut) — AG(wt)

A positive AAG value indicates that the mutated residue is involved favorably
in the interaction, whereas a negative AAG value indicates that the mutation
to alanine improved the interaction between the two proteins. The standard
error for AAG values in FoldX is around +0.8 kcalmol~'. In order to identify
the most important residues for the respective interaction, a AAG cut-off of
1.6 kcal mol~! was chosen for the investigation of crystal structures. Since the
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energies are systematically lower in the modelled complex structures, a cut-off
of 1.2kcal mol~! was chosen for those.

Based on the alanine scan results, the contribution of the two major functional
regions in the RAS interface [124], switch 1 (residues 20-42) and switch 2
(residues 56-76) to the interaction were determined. For each functional
region and the remainder of Ras, the AAG values were filtered by abs(AAG)
>0.8 kcal mol~' and then summed up. The definition of the switch regions used
here is more generous than what is normally used in the literature, and it would
be probably more correct to label them as “switch-influenced” regions. These
residue ranges aim to capture the regions in the interface that are affected by
the movement of switch 1 and 2 during the transition from the inactive GDP
bound state to the active GTP bound state. The conserved intra-molecular
B-sheet between the B2 sheet on Ras with the 2 sheet on the effector is
evaluated by measuring the differences in inter-molecular distances between
the B-sheets in the experimentally solved complex structures and comparing
them to the ones in a structure of interest. This measurement has been named
Measured Alignment Error (MAE) in this manuscript:

211\ (distmoder — distyer)?
n

MAE (resetf,7€5rqs) =

with dist,,.qe; being the Euclidean distance between two residues in the
model of interest; dist,.r being the Euclidean distance between the residue on
Ras and the corresponding residue in the reference structure, as determined by
structural alignment using TMalign [125]; and n being the number of reference
structures. The references used were the X-ray complex templates found in the
PDB (Table 4.S1). When the MAE is calculated for X-ray complex templates,
the comparison with itself is removed from the calculation.

AlphaFold2 determined single structures for RBDs

For each protein containing one or more potential RBD sequences as identified
in [30], the full structure was obtained from the AlphaFold Protein Structure
database [9, 59] (Release 1, accessed September 2021). The sequences of
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the RBDs were obtained from Pfam [126] and UNIPROT [127]. The part of the
structures that correspond to RBD sequences was subsequently extracted from
the AlphaFold2 structures. The list of used templates as well as information
about the extracted RBD domains can be found in Table 4.S2.

AlphaFold2 determined complex structures: generation and selection

AlphaFold2-multimer/ColabFold (version 1.3.0) was run on a local computer
[128, 9, 129]. Multiple sequence alignments were generated from MS2seq [130,
131, 132, 107]. Complex models were generated with HRAS as interaction
partner. For each target, five models were generated with additional template
search and five without additional template search [128, 133]. The resulting
model were relaxed as per ColabFold defaults [128, 134]. For each model,
several metrices were evaluated. Firstly, AlphaFold2’s Predicted Alignment
Error (PAE) was taken into consideration. PAE is an estimation of the error of
pairwise distances between residues, that can be used to assess how confident
AlphaFold2 is in the inter-domain arrangement of its models. Secondly, FoldX
[74, 75, 76, 77] interaction energies were determined for the complexes as
described above. Finally, the expected orientation of the inter-molecular -
sheets was evaluated by MAE. The best model by MAE was selected for each
target, and then all complex structures with a MAE > 1 A were removed.

Homology modelling pipeline

Alignment generation, model generation and model evaluation were performed
using the homelette homology modelling interface [116]. Inputs to the ho-
mology modelling pipeline were complex structures of Ras in complex with
some effectors, either experimentally determined or selected from AlphaFold2
complex predictions, as well as AlphaFold2 models of all RBDs of interest. For
each target, all combinations of the RBD template with all complex templates
were used to generate 300 models of the target in complex with HRAS each.
The different sources for the complex templates were run separately with slight
differences in the modelling procedure. For complex templates of experimen-
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tal origin, TMalign [125] was used to generate a structure-based sequence
alignment based on the RBD in the complex template and the single RBD of
the target structure. Then, with those two templates as inputs, models were
generated. For complex templates of in silico origin, structure-based sequence
alignments were generated with TMalign [125] as described. As an additional
template a HRAS single structure (5P21 [109]) was used in the modelling
process since the AlphaFold2-generated complex templates, in contrast to the
complex templates of experimental origin, do not have information about the
important heteroatoms GTP and MG2+ in the Ras part of the structure. Models
were generated using modeller [89, 96] with the altMOD extension [97]. All
models generated were evaluated using QMEAN [91, 92], MolProbity [94, 95],
and SOAP [90] potentials. A combined score was determined based on borda
count as such:

combined score(X) = X% n — rank;(X)

For an observation X with i...m being a collection of evaluation criteria and
n the total number of observations. A structure with high borda score is a
structure that performs well across all metrices.

For each of the different sources of complex templates (experimental or
in silico), 300 models were selected in a first selection step based on the
combined score. These 600 models per target were then further analyzed
using FoldX. In silico interaction energies were determined and in silico alanine
scan was performed (see Interface Characterization).

In addition to generating models for unknown targets, a set of validation
models based on the experimentally solved models were generated as well.
For each of the seven PDB complex structures, 300 models were generated.
Inputs were restricted so that the structure to be modelled would not be used as
a complex template, but only the remaining six experimentally derived complex
templates. For each validation target, 300 models were selected as described
above.

Using the results from the analysis with FoldX, representative structures
were selected based on an unsupervised learning workflow. As the clustering
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algorithm of choice, Ordering Points To Identify the Clustering Structure (OP-
TICS) [135] was used, as implemented in scikit-learn (https://jmlr.csail.
mit.edu/papers/vi12/pedregosalla.html). OPTICS is a density-based clus-
tering method, which unlike the more popular k-means clustering does not
require a manually set input of the number of clusters. Additionally, OPTICS is
able to label data points as outliers. Several approaches to feature selection
and/or feature engineering, hyperparameters of OPTICS, as well as methods
for selecting representative structures from clusters were evaluated against
the set of validation models (Table 4.S3). To select the best combination of
hyperparameters, for each combination, the in silico alanine scan results of
the representative structures were correlated to the results of corresponding
PDB structures, and the combination of hyperparameters with the most stable
performance across all validation sets (by minimum z-score of the correlation
against the PDB structure for all 7 validation sets) was chosen. The best
combination of hyperparameters is highlighted in (Table 4.S3).

Estimation of binding energies

Supervised learning based on a number of FoldX-derived features was used in
order to estimate binding energy of complex models. The features consisted
of the FoldX interaction energy, the energy contribution of switch 1, 2 and the
remainder of the Ras protein interface (see Interface characterization), and the
AAG values for hotspot residues on Ras (cut off 1.2kcal mol-'). All features
were standardized and highly intercorrelated features were removed. Data
preparation was performed in R.

The experimental measurements of the dissociation constant between Ras-
effector complexes were collected from several publications (see Table 4.S5,
also available as supplementary data). Effectors that were experimentally
determined as non-binders were removed from the data set due to uncertainty
how to encode them with the varying technical limitations on detectable bind-
ing energies at the time of their publication. Also, the models generated for
RASSF3 seem to be outliers with regards to FoldX interaction energy (see
Figure 4.7) and were therefore removed from the prediction. A test set was
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manually chosen from the available experimental measurements to cover the
full spectrum of experimentally determined interaction energies. At the end,
this gave us a training set with 51 observations (17 x 3 models) and a testing
set with 12 observations (4 x 3 models).

Supervised learning was performed in scikit-learn (https://jmlr.csail.
mit.edu/papers/v12/pedregosalla.html) using different combinations of
feature selection algorithms and regressors. Feature selection was performed
using either f-regression or mutual information as implemented by scikit-learn.
Regression was evaluated for different algorithms with various hyperparameter
spaces (see Table 4.S4). All combination of feature selection and regression
were evaluated using Group-K-Fold cross validation within the training data,
with k=5 and the groups corresponding to the three structural models chosen
for each target. Models were evaluated using R2 score. The best performing
combination was trained on the whole training data and evaluated against the
test data. Finally, this model was used to predict the binding energies for the
complex structures without experimental data.

Branch pruning

FoldX was used to evaluate the effect of interface mutation on the binding
energies in the modelled complex structures. As previously described, [115]
the FoldX command PSSM was used to evaluate the changes in binding energy,
and the FoldX command PosScan was used to evaluate if mutations impacted
the stability of RAS.

All mutations that were destabilizing HRAS in either of two structures (3TGP
and 5P21) were removed from the analysis (cutoff 1.6 kcal mol~'). Then, be-
tween the three models for each target structures, it was checked if a mutation
had a noticeable impact (>1 kcalmol~' or <—1 kcalmol~') in at least two of the
three structures. If so, the changes in binding energy for all models above/below
the cutoff were averaged.
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Systems analysis

A mathematical model of the Ras-effector system was set up as previously
described [30, 15]. The model is based on classic ligand-receptor kinetics
according to the assumption of conservation of mass. A system of ordinary dif-
ferential equations was set up and steady states were calculated as described.
The reactions are expressed as such:
R+ 5" RE,

With R representing the molar concentration of Ras, F; the molar concentration
of an effector of the set of i € (1,2,...,54) effectors (all modelled proteins,
except for proteins from the Ubiquitin family) and RE; the molar concentration
of a Ras-effector complexes. The complex is formed at rate k; and dismantled
at rate k_;. These rates define the dissociation constant:

Due to the assumption of mass conservation,

Ky

54
Ryt = R+ Y _ RE;
1

and

Eiot = E; + RE;

the system to solve therefore is:
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54
Riot = R+ Z RE;
1

Eiot = E; + RE;

K, =
d RE;

for the set of i = {1,2,...,54} and can be numerically solved for RE;. The
system was solved using SciPy.

The concentrations for the species in the model were taken from the sup-
plementary data of [15], in which molar concentrations were derived from
high-quality proteomics data set of 29 different human tissues [60]. The con-
centration of Ras proteins (HRAS, NRAS, KRAS) were pooled together and
then multiplied with a loading factor to take into account the balance between
active (GTP bound) and inactive (GDP bound) Ras. This loading factor was
set to 0.2 for a normal RAS system, and 0.9 for a system hyperactivated by an
oncogenic hotspot mutation.

The binding affinities were taken from the predicted binding affinities (see
Estimation of binding affinities), with the exception of RASSF3 for which we
are not confident in our structural predictions. An experimentally determined
binding affinity for RASSF3 was substituted from [136]. Additional sets of
binding affinities based on the branch pruning analysis were evaluated as well.
For this, the predicted binding affinities were adapted by the ddG values from
the branch pruning analysis. For the case that a system with hyperactivated
Ras was considered, it was made sure that common oncogenic hotspots such
as G12, G13 and Q61 do not influence the binding energies for any effector.

Some sets of parameters were not solvable in a physically meaningful so-
lution space (negative concentrations) or at all, these parameter sets were
removed from further analysis.

To gain an overview over all solved system, absolute and relative effec-
tor bindings were transformed using UMAP [137] and visualized. OPTICS
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clustering [135] was performed on the UMAP transformed data (parameters:
min_sample = 25, min_cluster_size=200).

Data analysis and visualization

All data analysis, unless otherwise noted was performed in R using the tidyverse
environment (https://www.R-project.org/). Visualizations were generated
using ggplot2 (H. Wickham. ggplot2: Elegant Graphics for Data Analysis.
Springer-Verlag New York, 2016.). Visualizations of protein structures were
generated using PyMol (version 2.5.0) (urlhttps://pymol.org/2/support.html).
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4.2.7 Supplementary Materials
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Figure 4.S1 Characterization and evaluation of AF2 RBD single templates retrieved from
the AlphaFold Protein Structure Database (A) TM Score from the TMalign structural
alignment program of AF2 generated RBD structures in comparison with the RBD domains
of known complex structures. A TM Score between 0 and 0.3 corresponds to a random fold,
whereas a TM Score of >0.5 indicates a similar fold. The TM score shown is normalised
to the length of the AF2 template. (B) RMSD (in A) of AF2 generated RBD structures
compared to crystal structure references. RMSD was calculated using TMalign. (C)
Distribution of average pLDDT values from the models retrieved from the AlphaFold Protein
Structure Database. The pLDDT score is a local measure of how confidence estimated by
AlphaFold2 when generating models. pLDDT scores >70 and >90 correspond to confident
and very confident predictions, respectively. (D) Matrix of pairwise sequence similarity (in
%) for all RBD/Ubiquitin-superfold domains investigated in this study.
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Figure 4.S2 Selection of AF2-generated complex templates by MAE (A) Histogram of the
MAE distribution for the best structure for each target by MAE. The selection cut off was
set to 1 A. The x-axis is visualized in log10 transformation. (B) Visualization of b-sheet
alignment for complex models generated with AlphaFold2 which have low median MAE
value (GRB10: 0.35, RALGDS: 0.41). (C) Visualization of b-sheet alignment for complex
models generated with AlphaFold2 which have moderate median MAE value (MY09A: 0.62,
RASSF6: 0.68). (D) Visualization of b-sheet alignment for complex models generated with
AlphaFold2 which have high median MAE value (RASSF7: 1.53, MYO10: 1.77). InB, C
and D, Ras is displayed in light blue, RAF1 from the X-ray structure 4GON is displayed in
orange and the structural models generated with AlphaFold2 are displayed in white. The
proteins were made semi-transparent except for f2 on RAS and B2 on the effectors.
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Figure 4.S3 Characterization of AF2-generated complex templates (A) Median Measured
Alignment Error (B-sheet alignment) for AF2 determined complex structures in Angstroms.
Selected structures are marked with a white cross. (B) Median Intra-molecular Predicted
Alignment Error for all AF2 determined complex structures. For the calculation of the
median, only PAE values between the two chains in the model were considered, not within
the two chains. Selected structures are marked with a white cross. (C) FoldX interaction
energy for all AF2 determined complex structures. Selected structures are marked with a
white cross.
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Figure 4.S4 Evaluation of hyperparameter space for clustering strategy to find good
representative models based on FoldX alanine scan results in the validation set Relative cu-
mulative distributions separated by hyperparameter in question (A-G). Order is established
by sorting by average correlation of alanine scan results for the three selected models to
the alanine scan results of the respective crystal structure. The hypermeter space consists
of different feature selection strategies (A), dimensionality reduction methods (B), the
number of selected components after a dimensionality reduction method (C), parameters
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across the ordering of combinations in the hyperparameter space.
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Figure 4.S5 Comparison of different strategies to select three representative structures
for the validation set (A and B: 1HE8; C and D: 1LFD; E and F: 2C5L; G and H: 3DDC; |
and J: 4GON; K and L: 4K81; M and N: 6AMB). Visualization of the average correlation of
the selection (A, C, E, G, |, K and M) and the average FoldX interaction energy (B, D, F, H,
J, L and N). Selection strategy cl+dist is the selection of three representative structures
after clustering from the best cluster by FoldX interaction energy based on lowest average
distance in the cluster. Selection strategy cl+DG is the selection of three representative
structures after clustering from the best cluster by FoldX interaction energy based on the
best FoldX interaction energy. Selection strategy DG is the selection of three representative
structures without clustering based on the best FoldX interaction energy. Multiple draws of
three random structures are visualized as a comparison.
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members were randomly drawn, and the % of effectors bound to RAS was visualized. The
colour scale restricted to [0 % - 50 %].
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Figure 4.510 Visualization of change in relative binding compared to WT system for
each effector. Visualization for each effector how much the relative binding can change
compared to the WT interface across all tested branch pruning mutations in all 29 tissues at
20 % or 90 % Ras-GTP load. Positive values indicate a relative increase in bound effector

to Ras.
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Table 4.S1 Complex templates.

Effector Source Identifier
PIK3CG PDB 1HES8

RALGDS PDB 1LFD

PLCE1 PDB 2C5L

RASSF5 PDB 3DDC

RAF1 PDB 4GON

GRB14 PDB 4K81

AFDN PDB 6AMB

RGLA1 PDB 7SCW

AFDN_1 AlphaFold2 multimer AF2c_AFDN_1
AFDN_2 AlphaFold2 multimer AF2c_AFDN_2
APBB1IP AlphaFold2 multimer AF2c_APBB1IP
ARAF AlphaFold2 multimer AF2c_ARAF
ARHGAP20 AlphaFold2 multimer AF2c_ARHGAP20
BRAF AlphaFold2 multimer AF2c_BRAF
GRB10 AlphaFold2 multimer AF2c_GRB10
GRB14 AlphaFold2 multimer AF2c_GRB14
GRB7 AlphaFold2 multimer AF2c_GRB7
MYO9A AlphaFold2 multimer AF2c_MYO9A
PIK3CA AlphaFold2 multimer AF2c_PIK3CA
PIK3CB AlphaFold2 multimer AF2c_PIK3CB
PIK3CG AlphaFold2 multimer AF2c_PIK3CG
PIK3CD AlphaFold2 multimer AF2c_PIK3CD
PLCE1_2 AlphaFold2 multimer AF2c_PLCE1_2
RADIL AlphaFold2 multimer AF2c_RADIL
RAF1 AlphaFold2 multimer AF2c_RAF1

RALGDS AlphaFold2 multimer
RAPGEF4 AlphaFold2 multimer
RAPGEF5 AlphaFold2 multimer

RAPH1 AlphaFold2 multimer
RASIP1 AlphaFold2 multimer
RASSF1 AlphaFold2 multimer

RASSF2 AlphaFold2 multimer
RASSF3 AlphaFold2 multimer
RASSF4 AlphaFold2 multimer
RASSF5 AlphaFold2 multimer
RASSF6 AlphaFold2 multimer

RGLA1 AlphaFold2 multimer
RGL2 AlphaFold2 multimer
RGL3 AlphaFold2 multimer

RGS12_1 AlphaFold2 multimer
RGS14_1 AlphaFold2 multimer

RIN1 AlphaFold2 multimer
RIN2 AlphaFold2 multimer
RIN3 AlphaFold2 multimer

AF2c_RALGDS
AF2c_RAPGEF4
AF2c_RAPGEF5
AF2c_RAPH1
AF2c_RASIP1
AF2c_RASSF1
AF2c_RASSF2
AF2c_RASSF3
AF2c_RASSF4
AF2c_RASSF5
AF2c_RASSF6
AF2c_RGL1
AF2c_RGL2
AF2c_RGL3
AF2c RGS12_1
AF2c_RGS14 1
AF2c_RINT
AF2c_RIN2
AF2c_RIN3
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Table 4.S2 Single templates. For each putative RBD, the AlphaFold2 prediction of the
main UNIPROT sequence was downloaded from the AlphaFold Protein Structure Database
(Release 1, accessed September 2021). The relevant domain was extracted either by
using the domain information from PFAM, or for the proteins where PFAM had no RBD
annotation, by using TMalign to identify the conserved ubiquitin superfold.

HGNC UNIPROT ID Residue start Residue end
ARAF P10398 19 91
BRAF P15056 155 227
RAF1 P04049 56 131
PIK3CA P42336 187 289
PIK3CB P42338 194 285
PIK3CG P48736 217 309
PIK3CD 000329 187 278
PIK3C2A 000443 421 509
PIK3C2B 000750 375 463
PIK3C2G 075747 285 371
RALGDS Q12967 798 885
RGL1 QINZL6 648 735
RGL2 015211 648 735
RGL3 Q3MIN7 613 700
AFDN_1 P55196_1 39 133
AFDN_ P55196_2 246 348
PLCE1_1 Q9P212_1 2012 2114
PLCE1_2 Q9P212_2 2135 2238
RIN1 Q13671 624 706
RIN2 Q8WYP3 787 878
RIN3 Q8TB24 877 963
SNX27 Q96L92 273 362
TIAMA1 Q13009 765 832
TIAM2 Q8IVF5 810 881
ARHGAP20 Q9P2F6 194 295
ARAP1 Q96P48 1172 1261
ARAP2 Q8WZzZ64 1326 1420
ARAP3 Q8WWN8 1117 1210
DGKQ P52824 395 494
RASSF1 QINS23 164 292
RASSF2 P50749 176 264
RASSF3 Q86WH2 79 186
RASSF4 Q9H2L5 174 262
RASSF5 Q8WWWO0 236 364
RASSF6 Q6ZTQ3 218 306
RASSF7 Q02833 6 89
RASSF8 Q8NHQ8 1 82
RASSF9 075901 25 119
RASSF10 ABNK89 4 133
RAPGEF2 Q9Y4G8 606 692
RAPGEF3 095398 557 637
RAPGEF4 Q8WZA2 667 747
RAPGEF5 Q92565 240 321
RAPGEF6 Q8TEU7 749 835
RASIP1 Q5U651 144 259
RADIL Q96JH8 61 164
APBB1IP Q7Z5R6 176 263
RAPH1 Q70E73 269 355
MYO9A B2RTY4 14 112
MYO9B Q13459 15 114
MYO10 Q9HD67 1684 1791
RGS12_1 014924 1 962 1032
RGS12_2 014924 _2 1034 1104
RGS14_1 043566_1 302 373
RGS14_2 043566_2 375 445
GRB7 Q14451 100 186
GRB10 Q13322 166 250
GRB14 Q14449 106 192
UBB_1 POCG47_1 1 76
UBD_1 015205_1 6 81
UBD_2 015205_2 90 163
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Table 4.S3 The hyperparameter space explored for the selection of representative struc-
tures. The best combination of hyperparameters is marked in bold text. For feature
selection, hotspots were ranked by number of occurrences in all models for a spe-
cific target. min_samples, min_cluster_size and xi are hyperparameters of the OP-
TICS algorithm. For more information, please refer to the documentation: https:
//scikit-learn.org/stable/modules/generated/sklearn.cluster.0PTICS.html

Hyperparameter

Options

Feature selection strategy

all, only hotspots, top 10
hotspots + interaction, top
5 hotspots + interaction, top 3
hotspots + interaction

Dimensionality reduction

None, PCA, ICA, UMAP,
kPCA_rbfdot, kPCA_polydot,
kPCA_anovadot

Number of components after dimensionality reduction 3, 5,7
min_samples 3,4,5,7,10
min_cluster_size 5,15, 30, 50, 70

Xi

0.01, 0.015, 0.02, 0.025, 0.03,
0.035, 0.04, 0.045, 0.05, 0.055,
0.06, 0.065, 0.07

Selection of representative structures

Lowest energy cluster top 3 struc-
tures by FoldX interaction energy,
lowest energy cluster top 3
structures by smallest average
distance
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Table 4.54 The hyperparameter space explored for the regression of binding energies
based on FoldX-derived features. The best combination of hyperparameters is marked
in bold text. For all regressors, a two-step pipeline was used. In step 1, feature selection
was performed using SelectKBest. In the step 2, the hyperparameter space for different
regressors was explored. For more information, please refer to the documentation: https:
//scikit-learn.org/stable

Step Model Hyperparameter Options
1 SelectKBest K 1-27; bestis 10
score_func mutual informa-
tion regression, f-
regression
Lasso alpha 0-1in 1000 steps
LassolLars alpha 0-1in 1000 steps
Ridge alpha 0-1in 1000 steps
ElasticNet alpha 0-1in 1000 steps
I1_ratio 0.005, 0.01, 0.1, 0.5,
0.7, 0.9, 0.95, 0.99, 1
2 Linear Regression
kernel linear
SVR C 0.1,1, 10, 100, 1000,
10000
epsilon 0.001, 0.01,0.1,0.5, 1
kernel poly, rbf, sigmoid
SVR C 0.1, 1,10, 100, 1000,
10000
epsilon 0.001, 0.01, 0.1, 0.5, 1
gamma 10.1,0.01, 0.001,
0.0001
n_estimators 50, 75, 100, 125
Random
Forest max_depth None, 2, 3, 4,5, 6
Regressor max_features 0.1,0.2,0.3,0.4,0.5,
0.6,0.8, 1
bootstrap True, False
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Table 4.S5 Predicted Ky values in comparison with experimental K4 values. nb stands for

not binding.
Target Predicted Ky (M) Experimental K4 (uM) PMID Test/Training?
ARAF 0.257664 0.07 24441586 Training
BRAF 0.020433 0.04 24441586 Training
RAF1 0.233102 0.08 11292826 Test
PIK3CA 0.828134
PIK3CB 5.106858
PIK3CG 1.012316 29 11136978 Training
PIK3CD 0.986412
PIK3C2A 122.4118
PIK3C2B 588.1618
PIK3C2G 17.89329
RALGDS 2.95131 1 11292826 Training
RGL1 6.076352 3.5 9753431 Test
RGL2 3.744253 0.09 9753431 Training
RGL3 5.635062
AFDN_1 3.096808 3.03 11292826 Training
AFDN_2 2.633623
PLCE1_1 36.95527
PLCE1_2 1.137651 0.82 15826668 Test
RIN1 1.577532 0.88 15826668 Training
RIN2 11.32005 11 15826668 Test
RIN3 19.36871
SNX27 25.84413
TIAMA1 45.29575
TIAM2 107.8572
ARHGAP20 45.16912
ARAP1 15.27132
ARAP2 42.52022
ARAP3 23.03746
DGKQ 18.45376
RASSF1 13.29281 39 15826668 Training
RASSF2 66.08577 147 33930461 Training
RASSF3 500 33930461
RASSF4 212.0512 193 33930461 Training
RASSF5 1.451177 0.21 24441586 Training
RASSF6 721179 91 33930461 Training
RASSF7 15.30952 140 33930461 Training
RASSF8 17.0793 nb 33930461
RASSF9 135.0758 179 33930461 Training
RASSF10 32.53544 nb 33930461
RAPGEF2 14.19324 33 15826668 Training
RAPGEF3 76.75141 nb 15826669
RAPGEF4 2.465967
RAPGEF5 9.242346
RAPGEF6 103.6208
RASIP1 2.652572 nb 15826668
RADIL 49.68458
APBB1IP 17.66283
RAPH1 17.34223
MYO9A 41.23323
MYO9B 88.87451 nb 15826669
MYO10 71.10372
RGS12_1 9.043251
RGS12_2 7.166583
RGS14_1 7.415029 14 24441586 Training
RGS14_2 30.27894
GRB7 4.097531
GRB10 51.39415
GRB14 4.328095 3.6 26423700 Training
UBB_1 33.13215 nb 16310215
UBD_1 52.91385 nb 16310215
UBD_2 18.4631 nb 16310215
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4.3 Discussion

In this paper, we were exploring a structural systems biology approach to model
the competition for RAS by its effector proteins. To this end, we generated struc-
tural models for all RAS effector complexes using state of the art methodology.
Next, we analysed the binding interfaces and built a machine learning model
predicting binding affinities. Using these affinities, we modelled the equilibrium
state of the competition system. Finally, we explored interface mutations, which
effect they have on the binding to the effectors, and how these changes affect
the competition for the binding interface in the mathematical model.

For modelling the activities of RAS in the competition model, | assumed the
GTP load and therefore the active state for RAS to be 20 % and 90 % for WT
and oncogenic mutations of RAS, respectively. In reality, the GTP load of RAS
is determined by the rates of nucleotide exchange and GTP hydrolysis, both
intrinsic and supported by GAPs and GEFs. For some mutants, these rates
have been determined experimentally [41]. According to these results, different
mutants have different mechanisms in which they are proportionally more in the
active state. For example, G12V-mutant HRAS is resistant to GAP-mediated
hydrolysis. In contrast, G13D-mutant HRAS is less sensitive to GAP-mediated
hydrolysis than WT HRAS, but still somewhat sensitive. Instead, it has an
increased intrinsic and extrinsic nucleotide exchange rate. The used fixed
values of 20 % and 90 % are useful to simplify the mathematical modelling and
have been previously used when modelling the system [15].

A major part of this work was the generation of the complex models. The
building and refinement of this pipeline, as shown in Figure 4.2 has been a
lengthy process. At the time this project was started, AlphaFold2 was not
around yet, so the pipeline was built purely on homology modelling. Also,
docking strategies using HADDOCK have been explored. Over the course of
this project, it has become clear that homology modelling was more applicable
to our problem than docking. Then, with the release of AlphaFold2, more
template structures became available, which improved our predictions. We
also tried to model all the complexes with AlphaFold2-multi, however this
approach only works for some of the complexes as shown in Figures 4.51 and
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4.S2. While many ideas have been tried for this pipeline, there are certainly
possibilities to improve upon it, especially now that new technology based on
AlphaFold2 is being developed.

We have been using FoldX for the energetic analysis of the complex inter-
faces. FoldX has been developed and tested with protein structures obtained
from X-ray crystallography, we are however using it on structures created from
computational methods. There could be concerns about the applicability of
the FoldX force field for predicted protein structures, however a recent study
shows that FoldX can be used on structures modelled with AlphaFold2 [138].
This is in line with what we observe in this paper on the validation set of protein
structures, where the energetic predictions between the experimental and
predicted protein structures are well aligned. Nonetheless, it would have been
interesting to confirm the energetic predictions with other methods such as the
Rosetta force field [88].

While the advance of technology for the prediction of protein structures is
impressive, it is important to keep in mind that these are computational models
and should be validated by experimental methods. This is in my opinion the
biggest limitation of this work, and it would be interesting to see validation
experiments of the predictions presented in the paper.

For protein structures, the gold standard is, and probably will be for a
long time, X-ray crystallography. However, computational method such as
AlphaFold2 are extremely valuable tools, as the turnover time to generate a
structure is so much quicker. In addition, AlphaFold2 estimates how well it
thinks it is able to predict a protein structure, which can be used to evaluate
carefully whether to trust a model or not.

We have compared the list of interface hotspots we have identified in this
work against variants in RAS that are known to lead to malignancies. Recently,
an interesting paper was published evaluating the potential for different point
mutations in KRAS to lead to hyperactivation [139]. Comparing our set of
system-rewiring mutations against their mutation only had a small overlap. Of
the 97 Ras variants they were studying, there was an overlap of four mutations.
None of these mutations had any major impact on the competition of effectors
for the Ras binding interface. Similarly, we compared the rewiring interface
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mutations against known variants of Rasopathies. There was no overlap. This
indicates that in the case of KRAS, disease-causing mechanisms are not based
on modulating the interaction interface, but, as it has been well known for a long
time, based on modulating the active state of RAS. This is why the mutations we
were interested in do not coincide with oncogenic or other malignant mutations,
because those tend to be localized around the nucleotide binding site.

There are multiple directions in which this work can be expanded on. Firstly,
additional components of the RAS system can be structurally and mathemati-
cally modelled. For this, GAPs and GEFs, the proteins that control RAS activity
and which are also competitors for the same interface as the effectors, come to
mind. While they do not share the identical binding mode to the effectors, there
are crystal structures of them available on the PDB which could be used as
the basis for the model generation. Similarly, important downstream modules
of RAS signalling, such as the MAP kinase pathway for example, could be
modelled in the same way. It would be very interesting to see how much of the
known complexity of MAPK signalling could be recapitulated using parameters
derived from structural models.

Additionally, it would be interesting to move from static protein structures to
dynamic protein structures with the inclusion of molecular dynamic simulations.
RAS in particular is a very dynamic protein, so the analysis of the complex
models with MD simulations could potentially shed some more light on how
the binding interface works. Oncogenic mutations of RAS have been shown
to affect the dynamics of the protein, in particular in the switch regions which
assemble the interface. Using MD simulations could be an interesting approach
to investigate if oncogenic mutations affect different RAS effector complexes
differently.
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5 Analysis of context-specific
KRAS-effector (sub) complexes in
Caco-2 cells

5.1 Introduction

Proteins control cell fates by being organised into complex signalling networks.
RAS is one of the signalling hubs in the cell, controlling cellular states such as
proliferation, differentiation and apoptosis [30, 33]. RAS is commonly mutated
in many cancer types such as pancreatic cancer, lung cancer and colon cancer.
The functionality of RAS is mediated by interaction of active RAS with effector
proteins, although many details of these signalling events are currently not well
understood [29, 34].

In particular, it is unclear how exactly signalling outcomes are determined
and which effectors play a role for the respective outcomes. In a previous study
by a colleague from my group, it was hypothesized that only a small subset
of the effector proteins is able to bind RAS consistently on their own, with
a much larger group being possibly dependent on some form of recruitment
to the plasma membrane based on a specific stimulus [15]. This could be a
mechanism by which cells (or other extracellular signals) could control and
modulate their signalling response.

Based on this hypothesis, we investigated the interactome of KRAS using
AP/MS in Caco-2 cells, an early colorectal cancer cell line, after overexpressing
RAS and oncogenic mutations of RAS and treating the cells with different
stimuli and inhibitors. In particular, we were interested in potential changes of
the interactome based on different oncogenic variants or treatment conditions.
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5.2.1 Abstract

Ras is a key switch controlling cell behavior. In the GTP-bound form, Ras inter-
acts with numerous effectors in a mutually exclusive manner, where individual
Ras-effectors are likely part of larger cellular (sub)complexes. The molecu-
lar details of these (sub)complexes and their alteration in specific contexts is
not understood. Focusing on KRAS, we performed affinity purification (AP)-
mass spectrometry (MS) experiments of exogenous expressed FLAG-KRAS
WT and three oncogenic mutants (“genetic contexts”) in the human Caco-2
cell line, each exposed to 11 different culture media (“culture contexts”) that
mimic conditions relevant in the colon and colorectal cancer. We identified
four effectors present in complex with KRAS in all genetic and growth contexts
(“context-general effectors”). Seven effectors are found in KRAS complexes in
only some contexts (“context-specific effectors”). Analyzing all interactors in
complex with KRAS per condition, we find that the culture contexts had a larger
impact on interaction rewiring than genetic contexts. We investigated how
changes in the interactome impact functional outcomes and created a shiny
app for interactive visualization. We validated some of the functional differences
in metabolism and proliferation. Finally, we used networks to evaluate how
KRAS effectors are involved in the modulation of functions by random walk
analyses of effector-mediated (sub)complexes. Altogether, our work shows the
impact of environmental contexts on network rewiring, which provides insights
into tissue-specific signaling mechanisms. This may also explain why KRAS
oncogenic mutants may be causing cancer only in specific tissues despite
KRAS being expressed in most cells and tissues.

5.2.2 Introduction

The interactome of a cell, like a social network, refers to the entirety of interac-
tions of cellular molecules, in particular protein-protein interactions (PPIs) [16].
These interactions form a network and impact the spatial protein localization
and functional organization of a cell. Networks adapt to internal and external
cues by converting the signal in responses to stimuli into a plethora of possible
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output functions that drive cell fates and phenotypes. PPIs, as the core of sig-
naling networks, impact how signals are transduced, and alterations in cellular
networks are often linked to diseases, particularly complex diseases such as
cancer [16, 140]. Mutations in oncogenes can perturb PPl networks [141] when
protein catalytic and binding functions are affected resulting in alterations in
the proteins’ binding interfaces [23].

The oncoprotein KRAS is an example of a hub signaling protein, as it is
part of a highly interconnected and dynamic network capable of interacting
with many other proteins [29]. Oncogenic mutations in KRAS rewire interac-
tions and signaling pathways [142]. KRAS belongs to the Ras superfamily
of GTPases and acts as a molecular switch that cycles between an inactive
guanosine diphosphate (GDP)-bound state and an active guanosine triphos-
phate (GTP)-bound state. The GTP-bound Ras protein mediates binding to
several downstream proteins, thereby controlling essential and diverse cellular
processes such as survival, polarization, proliferation, differentiation, apoptosis,
and migration [33, 30]. It is still enigmatic how Ras does all of it. However, what
is known is that a class of proteins, called “effectors”, plays a critical role [29,
110, 112].

Ras effectors are defined as proteins that bind much stronger (i.e. with higher
affinity or lower K4-value) to Ras-GTP than to Ras-GDP. Their interaction with
Ras-GTP relies on a domain with a ubiquitin-like topology of three types: the
Ras-binding domain (RBD), the Ras association (RA) domain, or the PI3K_rbd,
which will herein collectively be referred to as RBDs. All effector RBDs recog-
nize the same switch regions of Ras-GTP, which results in mutually exclusive
binding [30, 143]. While the presence of an RBD is a necessary condition to
qualify as an effector for Ras-GTP, it is not a sufficient criterion. Indeed, for a
total of 56 effectors that contain RBD domains, the binding affinities between
Ras-GTP-effector complexes are known (either from experiments or computa-
tional predictions) to vary, and some are predicted not to bind at all (Fig. 5.51)
[29, 30, 136, 144, 145].

In addition to affinities between the RBDs and Ras-GTP, protein abundances
are important for complex formation. In a previous study we used protein
abundances together with binding affinities in a mathematical model to predict
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the amount of each of the 56 effectors in complex with Ras-GTP in 29 human
tissues [15]. Surprisingly, only nine effectors form significant complexes (>5%)
with Ras-GTP in at least one of the 29 tissues (here referred to as group 1
effectors). These results let us wonder about the relevance of the remaining
effectors, some of which are well-established effectors, such as PI3-kinase
(PI3K) [146]. As effectors are generally multi-domain proteins, we reasoned
that domains that can transfer effectors to the plasma membrane (PM), where
Ras-GTP is localized, can increase the number of complexes formed be-
tween Ras-GTP and effectors [30]. Indeed, seminal work by Kholodenko and
colleagues has demonstrated that membrane anchoring of both interacting
proteins strongly increases the average lifetime of complexes, i.e. the “piggy-
back” mechanism [111]. Indeed, when we applied the piggyback mechanism
to the Ras-effector model, we identified 32 effectors that are predicted to form
significant complexes with Ras-GTP only with an additional domain recruited
to the PM (here referred to as group 2 effectors) (Fig. 5.S1). These effectors
were predicted to be recruited to the PM in response to specific conditions (e.g.
inputs/stimuli/growth factors) [29, 30]. The remaining 15 effectors are never
predicted to be in significant complex with Ras-GTP and are likely no true Ras
effectors (here referred to as group 3 effectors).

Colorectal cancer (CRC) is the fourth leading cause of cancer death world-
wide. A statistic update reports that there were 1.8 million new cases worldwide
in 2018, with a significant burden shift from the old to the younger individuals
[147]. CRC develops through a complex sequence of processes involving an
accumulation of epigenetic and genetic alterations, where one of the major
driver mutations appears to be KRAS mutations and specific pathways that
regulate cell growth and differentiation [148]. The most frequent KRAS mu-
tations found in CRC are single-point mutations found at codon 12 with the
G12D, G12V, and G12C mutations, often followed by codon G13 and Q61
[27, 149]. Oncogenic KRAS leads to an accumulation of constitutively active
KRAS mutated proteins leading toward the activation of diversified downstream
signaling pathways such as the RAS/RAF/MEK/ERK signaling pathway and the
PI3K/AKT signaling pathways which were extensively studied in RAS effectors
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cancer context [150]. However, there is evidence that other RAS effectors play
arole in cancer [151].

In this work, we experimentally probed context-specific network rewiring
of KRAS exogenously expressed with a FLAG-tag in immortalized human
Caco-2 cells. This cell line, derived from human colorectal adenocarcinoma
cells, harbors somatic APC mutations and CTNNB1 (i.e., B-catenin) mutations,
but is wildtype (WT) for KRAS [61]. To probe different “genetic contexts”, we
exogenously expressed KRAS WT and three oncogenic mutations frequently
found in CRC (G12V, G12D and G12C) to probe different “genetic contexts”. To
probe different “culture contexts” we grew Caco-2 cells in various growth media
mimicking tumor microenvironments (TME) that are known to impact CRC main-
tenance, progression, and metastasis, which have been described earlier in
connection with oncogenic KRAS. Interleukin-6 (IL-6) and tumor necrosis factor-
alpha (TNF-a), both part of the inflammatory response found in the TME, are
factors of those growth culture contexts [152, 153, 154]. (Patho)physiological
conditions such as hypoxia [155, 156] (mimicked by Dimethyloxalylglycine,
DMOG, [157]), epidermal growth factor (EGF), and prostaglandin E2 (PGE2)
also play a role in CRC and KRAS TME [158, 159, 160] and were selected
as growth conditions here. Each combination of genetic and culture contexts
was analyzed separately in affinity purification-mass spectrometry (AP-MS)
experiments [161, 162] to determine KRAS-mediated complexes. Our study
provides an in-depth reconstruction of PPI networks mediated by oncogenic
KRAS-effector proteins in specific relevant (patho)physiological colon contexts.
Additionally, by identifying different levels of network organization called sub-
complexes, we further detailed the downstream pathways mediated by effectors
of KRAS and linked them to functional outputs.
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5.2.3 Results

Analysis of KRAS-mediated networks in different genetic and culture
contexts

We conducted AP-MS experiments to characterize the PPI landscape of both
the WT and oncogenic mutant forms of KRAS in different growth conditions.
KRAS protein variants were exogenously expressed as FLAG-tagged proteins
under the control of a doxycycline-inducible promoter [163]. As observed earlier
[163], the promotor shows some leakiness even without doxycycline. As we
aimed to express FLAG-KRAS at relatively physiological levels, doxycycline
was only added to express the FLAG-KRAS WT proteins at a dose that re-
sulted in equal expression levels compared to the FLAG-KRAS mutant proteins
expressed without doxycycline (Fig. 5.S2).

To analyze the KRAS WT and mutant interactomes in different growth media
(“culture contexts”) that mimic conditions relevant in the colon and CRC, Caco-2
cells were grown 4 h after transfection for 24 h in minimal medium (DMEM with
2mM L-glutamine) supplemented with either IL-6, TNF-a, PGE2, epidermal
growth factor (EGF) or the HIF-hydroxylase inhibitor DMOG at different concen-
trations (20 and 200 ngmL~") before the AP-MS experiment was conducted.
Altogether, we tested four “genetic contexts” (FLAG-KRAS WT, G12V, G12D
and G12C) and 11 “culture contexts” (minimal medium, and each two concen-
trations of IL6, TNF-a, PGE2, EGF, and DMOG in minimal medium), resulting
in 44 condition-specific AP-MS experiments (Fig. 5.1).

To identify high-confidence interacting proteins for each condition, the label-
free quantification (LFQ) intensities data for all proteins were filtered in a series
of steps (see Materials and methods). Specifically, data for each MS run (44 x
three biological with two technical replicates = 264) was visualized as histogram
to filter out 8 runs with very few proteins identified (Fig. 5.S3). Further, for
a protein to qualify for the high-confidence list, it had to be detected in at
least 60 % of the technical and biological replicates for a specific condition. In
addition, only proteins that were significantly enriched compared to the beads
only control were included. Technical replicates were merged using the median
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Figure 5.1 Global analysis of context-specific KRAS WT and mutant interactomes. (A)
Number of proteins identified in KRAS WT and mutant AP-MS experiments after filtering.
The conditions are unstimulated (minimal medium), DMOG (20 and 200 ngmL™" in minimal
medium), EGF (20 and 200ngmL™" in minimal medium), IL6 (20 and 200ngmL™" in
minimal medium), PGE2 (20 and 200 ngmL~" in minimal medium), and TNF-a. (20 and
200 ngmL~" in minimal medium). (B) Overlap of all interactions identified in at least one
condition with the literature KRAS interactome described in [29]. (C) Overlap of the same
datasets as in panel B but focusing on effector proteins. (D) Principal component (PC)
analysis performed on label-free quantification intensity (LFQi) and executed with MS log2-
transformed data after filtering on the whole AP-MS dataset. Colors indicate the different
growth conditions, i.e., DMOG, EGF, IL-6, PGE2, TNF-a and unstimulated (unstim), and
shapes indicate the concentration of the conditions (none, 20ngmL~" and 200ngmL™").
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LFQ intensity. To verify the robustness and applicability of the protocol, we
analyzed KRAS expression levels in the complete dataset. The LFQ intensity
of the KRAS bait is comparable across all AP-MS conditions (Fig. 5.S4), which
suggests that a similar quantity of FLAG-KRAS proteins binds to the magnetic
beads across all APs.

A total of 2265 high-confidence PPls were identified in the 44 contexts, with
an average of 725 PPIs per condition (Fig. 5.1). Although KRAS is a small
protein, a large number of interaction partners is not too surprising, as many
of those are expected to be not direct binary physical interactors but rather
bind via third proteins (i.e. effectors or other proteins that enable compatible
complex formations). Of note, less interactors are generally found for conditions
in minimal medium (cf. unstimulated conditions in Fig. 5.1A), supporting our
initial hypothesis that microenvironmental contexts play a significant role in
KRAS complex formations. Further, the FLAG-KRAS WT APs generally have
less PPls, which can likely be explained by the fact that effectors bind KRAS
predominantly in its GTP-bound form (in fact, no effectors are detected in any
of the FLAG-KRAS WT APs grown in minimal medium). Comparing the 2265
high-confidence PPIs determined in this work to 811 previously reported KRAS
PPls (reviewed in [29]) shows an overlap of 245 proteins (hence, 30.2 % of the
literature PPl are among the 2265 identified here) and 2020 proteins were not
previously reported (Fig. 5.1B). Similar overlaps are obtained when focusing
only on the classical effector proteins (Fig. 5.1C).

To gain insights into the whole dataset, a principal component (PC) analysis
and a uniform manifold approximation and projection (UMAP) [137] were per-
formed with all high-confidence interactors identified in each AP-MS experiment
(Fig. 5.1D; Fig. 5.S5). Both techniques enable a dimensionality reduction of the
data and a data visualization. The PC analysis, which is commonly used, tries
to preserve the global structure of the data (Fig. 5.1D), while the UMAP tries to
preserve the data’s local structure (Fig. 5.S5). The unstimulated and KRAS
WT samples cluster separately from the other groups suggesting that KRAS
WT and unstimulated conditions are a good control group (KRAS mutants
and stimulated conditions; middle left area in Fig. 5.1D). Interestingly, KRAS
interactor proteins detected in the different mutant datasets cluster together,
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compared to the different culture context datasets, where the data are more
discriminated. For example, IL-6 and PGE2 context cluster together at the top
right corner, whereas DMOG context at the bottom right corner (Fig. 5.1D).
Taken together, these results suggest that the proteins detected in complex with
KRAS seem to be more conditions-dependent rather than mutation-dependent.

Binding landscape of effectors in complex with KRAS WT and mutants

Effector proteins bind Ras in the GTP-bound state and they are likely forming,
among other proteins, the first layer of interacting proteins. Hence, we first
characterized the KRAS-effector layer in more detail. As previously mentioned,
no effectors are found in complex with KRAS WT in minimal medium, which
is expected as KRAS will be mainly in the GDP-bound state that does not
enable high affinity binding. Eleven out of 56 classical Ras effector proteins
were identified in at least one of the 44 conditions (Fig. 5.2AB). All effectors
identified in complex with KRAS belong to either group 1 (AFDN, ARAF, RAF1,
BRAF, RGL2) or group 2 effectors (RIN1, PIKBCA, GRB7, RIN2, PIK3C2A,
ARAP1). They are generally highly expressed in colon tissue and Caco-2 cells
(with medium or high affinities for Ras-GTP) or are moderately expressed but
have high affinities in complex with Ras-GTP (Fig. 5.2B). Concerning the 45
effectors not found in any of the KRAS AP-MS samples, 15 belong to group 3
effectors (likely no “true” Ras effectors) and 26 belong to group 2 (of which 7
have low mRNA levels in Caco-2; <3.3 nTPM). Four effectors belong to group
1 effectors, of which RALGDS and RASSF5 are part of the KRAS literature
interactome literature and are highly/moderately expressed in Caco-2 cells.
SNX27 and RASSF7 are also highly/moderately expressed in Caco-2 cells,
but their affinities in complex with Ras are lower. Altogether, we provide a
near-to-complete binding landscape of effectors in complex with KRAS under
the conditions tested.

A comparison with the effectors identified in previous KRAS interactomes
(reviewed in [29]) (Fig. 5.2CD) shows that the AP-MS experiments in this study
specifically increase the percentage of group 2 effectors, but little increase in
group 1 effector coverage and no increase in group 3 effectors (Fig. 5.2E).
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Figure 5.2 Ras effector abundances, binding affinities, and detection in AP-MS experiments.
Ras effector protein abundances in human colon tissue based on [60] and [30] (A) and
mRNA abundances in Caco-2 cells based on the Human Protein Atlas database (B). The
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group 2 and group 3 effectors are normalized based on the total number of effectors in the
respective group. (F) Number of conditions where an effectors is present.
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Further, the number of conditions in which an effector is identified in complex
with KRAS tends to be lower for group 2 effectors (Fig. 5.2F). To visualize in
which genetic and culture contexts the 11 effectors were detected, two heatmap
images were generated (Fig. 5.3). The two heatmaps show a similar pattern in
terms of effector detection and abundances in each of the groups of the AP
KRAS mutants (i.e., G12D, G12C and G12V) in unstimulated and stimulated
conditions. More specifically, the effectors AFDN, ARAF, RAF1 and RIN1 are
detected in all the KRAS mutant AP-MS experiments when unstimulated and
stimulated (Fig. 5.3A). These effectors are also detected in the WT AP-MS
experiments - albeit not in all the culture contexts. They are classified in the
effector group 1 except for RIN1, which is part of the effector group 2. Moreover,
they appear to be more abundant when detected in particular conditions such
as DMOG and TNF-a, compared to other conditions such as IL-6 or PGE2 (Fig.
5.3B). As these effectors are detected consistently in the presence of KRAS
with or without stimulations, we propose that these effectors are KRAS-specific
rather than condition(stimulation)-specific. Other effectors are only detected in
specific stimulated conditions and are mainly detected in the predicted effector
group 2. Moreover, GRB7 is only detected in the presence of DMOG culture
context. Another effector, PIKSCA, is only detected when stimulated with
TNF-a in the presence of either the G12D or G12V KRAS mutations. The
effector PIK3C2A is only detected significantly in the presence of the G12D
KRAS mutation with DMOG. These effectors grouped in effector group 2 can
be classified as conditions-specific. To mention, the effector BRAF, which was
computationally predicted to be always in complex with KRAS, is found in
complex to KRAS only in DMOG and TNF-a conditions.

Altogether, this supports our initial hypothesis that group 2 effectors tend
to be found in complex with Ras only in specific conditions that promote PM
recruitment via RBD-independent mechanisms (Fig. 5.S6). Further, it validates
our computational-based classification into group 1, group 2, and group 3
effectors [15] and supports its applicability beyond the 29 human tissues as the
basis of the prediction model.
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Figure 5.3 Summary of effector presence in AP-MS experiments in Caco-2 cells. The
rows display the effectors in complex with KRAS grouped by mutational status (WT, G12D,
G12V and G12C) and the columns represent the conditions (unstimulated or stimulated
with either DMOG, EGF, IL-6, TNF-a and PGE2). To generate the two heatmaps, the
LFQ intensities were analyzed, the different concentrations for each stimulation merged
and translate for the heatmap (A) in terms of presence or absence of an effector (color
code: detected = blue and not detected = yellow) and for second heatmap (B) the LFQ
intensities were directly plotted into the heatmap (code: from low abundance = yellow to
high abundance = blue). The heatmaps were created using GraphPad Prism 9.
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Investigation of functional differences in the KRAS interactome

To investigate functional differences in the interactome of the different genetic
and culture contexts, two approaches were chosen. First, a differential interac-
tion analysis was performed on the identified proteins followed by a gene set
enrichment analysis (GSEA) against the Gene Ontology (GO) Biological Pro-
cesses gene ontology (Fig. 5.4A). Secondly, using the ontology, we collapsed
each sample onto all ontologies listed under “biological process” by summing
up their LFQ intensities. This process preserved the variation in the data (Fig.
5.87). Then, multiple ANOVAs were used to identify differences between the
samples in terms of their summed up LFQ intensities. Out of the 16.000 GO
terms tested, we find significant changes for 2135 (Fig. 5.4B; Fig. 5.S8A).
Afterwards, semantic analysis was used to organize the significantly changed
ontology terms into clusters. The full distance heatmap from the semantic
analysis together with the clusters and some of the data projected onto it is
shown in Fig. 5.4. The biggest semantic clusters are linked to metabolic and
biosynthetic processes (cluster 1), signaling and immune response (cluster 2),
vesicle-mediated transmembrane and ion transport (cluster 3), differentiation,
development and morphogenesis (cluster 4), and actin and cytoskeleton orga-
nization (cluster 5) (Fig. 5.4B, Fig. 5.S8D-H). Smaller clusters are linked to
thermogenesis, ion homeostasis, cell cycle, leukocyte activation, regulation
of GTPases, proliferation, and apoptotic cell death (Fig. 5.4B). Altogether,
the overall functional differences in the KRAS interactome are consistent with
known cellular functions mediated by KRAS [30, 57].

The above two-fold analysis shows different aspects of functional differences
between the different genetic and culture conditions. To make the data bet-
ter approachable, we developed an interactive R Shiny app for exploring the
functional terms that are different between the samples (Fig. 5.S9). Users can
explore the analysis through the semantic distance heatmap and the semantic
clusters, or search and filter for functional terms of their interest, visualize
which proteins are part of this particular GO term and show their abundance
in the different samples. It also directly displays the samples that are statisti-
cally significant to each other. We propose this app as a resource to filter for
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Figure 5.4 Gene set enrichment analysis (GSEA) of AP-MS analysis in different genetic
and culture contexts. (A) Overview of the functional analysis pipeline. The first approach is
a standard differential analysis pipeline using limma, followed by a gene set enrichment
analysis against the “Biological Process” GO ontology. The second approach is to sum
up LFQ intensities for each of the “Biological Process” GO ontology terms. Then, for each
term, an ANOVA was performed to identify whether there was a significant influence of
mutation status, condition and concentration and their interaction terms. Both analysis
were then analyzed using semantic analysis of ontology terms. (B) Distance matrix with the
pairwise semantic distances between the GO terms is shown in the center of the plot. On
the right, the bigger clusters are annotated by word clouds. On the left, the data from the
ANOVA and the GSEA analysis pipeline is shown, for the ANOVA whether a main effect is
statistically significant and for the GSEA, whether a significant enrichment was found in the
relevant pairwise comparison. All data shown is in comparison to the WT and unstimulated
for the analysis of mutation status and condition, respectively.
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interesting functional influence of certain KRAS mutations or certain growth
conditions from our data set. From the results of this functional investigation,
we selected some GO terms of interest to us which we went on to validate
in the wet lab. Those were GO terms related to proliferation (“Epithelial cell
proliferation” and “Positive regulation of cell population proliferation”), glucose
metabolism (“Glycolytic process” and “Regulation of glucose metabolic pro-
cess”), and ATP metabolism (“ATP metabolic process”, and “Regulation of
ATP metabolic process”) shown for the genetic contexts G12C and G12D and
the culture contexts DMOG and IL-6 in Fig. 5.5A). As we are studying the
effect of oncogenic KRAS-mutation in an adenocarcinoma cell line under CRC
microenvironment mimicking culture contexts, we were particularly interested in
biological processes commonly observed in cancer development. Among the
hallmarks of cancer [164], sustained cell proliferation and the Warburg effect,
described by a switch in cell energetic metabolism from oxidative phosphory-
lation to aerobic glycolysis, are two biological and metabolic processes that
are feasible to test experimentally. In the GO functional analysis, we observed
that PGE2 and DMOG had the greatest number of differentially expressed GO
compared to unstimulated while IL-6 had the lowest. In addition, we observed
that the differential expression profile of the three KRAS mutants were similar,
and KRAS G12C and G12D differ the most for GO terms related to biological
and metabolic processes.

Analysis of cell phenotypes in selected genetic and culture contexts

To investigate changes in cell proliferation and glycolytic metabolism for three
genetic contexts (KRAS WT, G12D and G12C) in three culture contexts (unstim-
ulated, DMOG and IL-6), we measured cell count, cell viability, glucose uptake
and lactate release over a 72 h period in Caco-2 cells (see methods). We chose
to determine Caco-2 metabolism and proliferation until 72 h post-transfection
under the assumption that the changes observed in the interactome seen 24 h
post-transfection would affect cell phenotype on a long-term basis and that
phenotypic changes can take longer to be accurately measured. To ensure that
exogeneous KRAS was expressed until 72 h post-transfection we performed
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Figure 5.5 Comparison of phenotypic parameters with the sum of LFQ intensity of related
GO terms in the AP-MS. (A) Radar plot of phenotypic parameters related to cell proliferation,
glucose metabolism and ATP metabolism of Caco-2 cells under different genetic and culture
contexts. (B) Radar plot of the GO terms related to cell proliferation, glucose metabolism
and ATP metabolism of Caco-2 cells under different “culture” and “genetic” contexts. Value
in radar plots are the LS mean values normalized by the maximum value of each parameter
to obtain values between 0 and 1. (C) Pearson correlation matrix of phenotypic parameters
versus sum of LFQ intensity of specific GO terms from the AP-MS. Phenotypic parameters
and GO terms related to the same biological process are displayed with the same colors.
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a Western-Blot of FLAG-KRAS before transfection and from 24 h to 72 h post-
transfection. We observed an overall significant increase of FLAG expression
24 h post-transfection with a peak at 48 h, and then a decrease of FLAG ex-
pression at 72h to reach the level of 24 h time point (Fig. 5.510). Those
results suggest that for all genetic contexts, exogenous KRAS was effectively
expressed during a 72 h period. However, we also noticed that exogenous
KRAS expression was significantly different between the three genetic contexts.

We observed a significant increase in cell proliferation under DMOG context
compared to the control (unstimulated), although IL-6 led to a significant de-
crease in cell proliferation (Fig. 5.S11A). The increase in cell proliferation in
DMOG culture context was confirmed by cell viability results (ATP concentration,
Fig. 5.S11G). Furthermore, for those two phenotypic parameters, under DMOG
stimulation, KRAS G12D had a significantly greater cell proliferation than KRAS
WT and G12C. In terms of glycolytic metabolism, it was overall better captured
by lactate release than glucose uptake and the highest lactate release was
observed in DMOG context. A greater lactate release was also observed for
both KRAS mutants compared to WT (Fig. 5.S11E). When normalized per
cell, both glucose uptake and lactate release were significantly greater in the
IL-6 condition than in the control and DMOG, suggesting a higher glucose
utilization at the single cell level in IL-6 context. Finally, the ATP pool per cell,
which can be used as a proxy for changes in metabolic activity, was higher
for both stimulations compared to the control and for both oncogenic KRAS
compared to the WT. Altogether, the experimental results suggest that under
genetic and culture contexts that mimic colon and CRC, Caco-2 cells produce
more energy than KRAS WT cells in control conditions. It also suggests that
changes on the level of the interactome, particularly those seen with different
culture (microenvironmental) contexts, likely manifest as phenotypical changes.
It supports our initial hypothesis that culture contexts are modifiers of both
KRAS-mediated networks and downstream phenotypes.

Next, we compared the measured phenotypical parameters to the sum of
LFQ intensities of proteins associated with GO terms linked to proliferation,
glucose metabolism, or ATP metabolism with either term directly related to the
final cell phenotype or its regulation (Fig. 5.5). Overall, the culture context
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effects are similar between the AP-MS (GO term) and the phenotypical experi-
ments. Indeed, we observed that for all GO terms excepts “Glycolytic process”
the sum of LFQ intensities were significantly higher in DMOG compared to
unstimulated and IL-6 (Table 5.S1). Those results are similar to the cell density,
lactate release, and ATP concentration experimental results. In addition, for
“Regulation of glucose metabolic process” the sum of LFQ intensity was higher
in the IL-6 context compared to unstimulated, which could be linked to the
higher lactate release per cell observed in the IL-6 condition. The only notable
difference is observed for the “Glycolytic process” where the sum of LFQ in-
tensities was significantly lower in the IL-6 culture context, which is contrary
to what was observed for lactate release per cell. Results of the effect of the
genetic context are also to some extent similar, with no significant effect on
proliferation related GO terms such as cell density. In addition, a significantly
higher sum of LFQ intensities was observed in the “Regulation of glucose
metabolic process” in the two KRAS mutant proteins compared to WT, with
results similar to the lactate release. However, no genetic context effect was
observed for ATP metabolism-related GO terms, although mutant KRAS had a
higher overall ATP concentration than WT. Especially, the sum of LFQ intensi-
ties of “Glycolytic process” was significantly lower in G12C than in the two other
genetic contexts mostly due to a substantial decrease under IL-6, which is op-
posite to what was found for overall lactate release. Those results suggest first
that the strongest changes in phenotype, such as those observed for DMOG
stimulation, are more reliably captured by the AP-MS than the milder changes
such as those observed for genetic context or IL-6 stimulation. Second, the
changes observed for GO terms related to the regulation of a process seem to
be better at capturing the results of phenotypical experiment than GO terms
related to the biological process itself. This latter point is also suggested by the
better Pearson’s correlation coefficient observed for phenotypical parameters
with the associated GO terms related to the regulation of a biological process
than those directly related to the biological process (Fig. 5.5C). This may be
because proteins that have a direct effect on phenotype are too many layers
downstream of RAS signaling network to be precisely captured by AP-MS
experiments. Finally, for metabolic parameters, the functional analysis results
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are more correlated with overall lactate release and ATP concentration than
with the values normalized per cell. This implies that the results of the func-
tional analysis based on AP-MS data are more suitable at capturing changes
in metabolism at the level of the whole cell culture than at the level of a single
cell.

Information flow analysis predicts the contribution of effectors to
functional processes

After demonstrating that the differences in the summed LFQ intensities for a
functional process can be associated with functional differences in the behavior
of the Caco-2 cells, we aimed to further explore how the changes in the
interactome led to these functional differences. In particular, we were interested
in understanding which effectors and proteins downstream of KRAS were
involved for a specific process. To this end, we used random walks over a
filtered version of the STRING network, in which we biased the random decision
for each step depending on whether a potential next protein was part of the
AP-MS dataset for a specific sample or not (see methods). This left us with a
collection of paths and their probability to be traversed, based on the network
architecture and the proteins found in the AP-MS sample.

Applying this method to the functional terms and samples we were interested
in, we observed drastic changes in the network architecture depending on the
sample (Fig. 5.6). Particularly, for some GO terms there is a different predicted
engagement of effectors. Examples are the two GO terms related to “Epithelial
Proliferation” for KRAS oncogenic mutations in culture contexts IL-6, DMOG
and unstimulated (Fig. 5.S12). For “Epithelial cell proliferation”, in IL-6 context
high path counts are found for the effectors AFDN, ARAF, and RAF1 (Fig.
5.6A). In DMOG context, additional high counts are found for BRAF, GRB?7,
and PIK3CA (Fig. 5.6A). Likewise, for “Positive regulation of cell population
proliferation” contributions of AFDN and PIK3CA dominate in DMOG context
(Fig. 5.6B). For GO terms related to glucose metabolism, AFDN, GRB7 and
PIK3CA dominate the path counts for “Glycolytic process (GO:0006006)” in
DMOG condition and for KRAS G12C in IL-6 context, but has a low count
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for “Regulation of glucose metabolic process (GO:0010906)”, where ARAF,
BRAF and RAF1 dominate in most culture conditions (Fig. 5.6CD; Fig. 5.513).
With respect to GO terms related to ATP metabolism, the culture contexts
IL-6 and DMOG show profound path count differences for the effector RAF1,
which contributes more in DMOG than in IL-6 context (for KRAS G12D genetic
context), but slightly higher path count in IL-6 context for KRAS G12C (Fig.
5.6EF; Fig. 5.514). The path count is generally low for BRAF and ARAF. AFDN
has high/the highest path counts in almost all genetic and culture contexts.
Also noteworthy, RIN1 is present in all contexts but not necessarily much
involved. Altogether, our biased random walk analyses predicts the contribution
of individual effectors to GO terms that link to experimental phenotypes.

5.2.4 Discussion

This study set out to explore KRAS as a key cellular signaling hub in specific
relevant (patho)physiological contexts. The Caco-2 cell line has been used as
a relevant model system that can be grown in various growth media (culture
contexts) and enable exogenous expression of KRAS WT and oncogenic
mutants (genetic contexts). Indeed, Caco-2 cells are human intestinal epithelial
cells that closely mimic the colon intestinal epithelium in the early stage of CRC.
By identifying different levels of network organization (e.g. sub-complexes and
number of paths traversing a network), we aimed to detail the downstream
pathway of KRAS further and investigate the functional outputs. To address this
challenge experimentally, even though all methodology has their limitations, AP-
MS excels for profiling interactomes in humans [161] due to its sensitivity and
its ability to detect interactions within complexes in appropriate contexts [165].
We successfully pulled down complexes by using the exogenous expression of
tagged bait proteins for different KRAS mutations on Caco-2 cells.

Effectors bind to KRAS in a mutually exclusive fashion and can potentially
compete for binding [110]. Our earlier computational predictions suggested
that there is a considerable impact of the culture contexts on the recruitment of
specific effectors to the PM [15]. Here, we identified a total of 11 effectors in at
least one of the AP-MS experiments, of which seven are only found in complex
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Figure 5.6 Pathway analysis by biased random walks. (A) Heatmaps of effector traversal in
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with KRAS in some genetic and culture contexts. For example, effectors such
as PIBKCA, RIN2, GRB7 or ARAP1, are detected in the presence of culture
conditions such as hypoxia (HIF-stabilization), IL-6, and TNF-o.. We predict
that in these cases the affinity between the RBD and KRAS is not high enough
to allow for sufficient binding and that additional domains present in effectors
are required to increase the number of complexes formed between KRAS and
effectors at the PM (based on the “piggyback” mechanisms; [111]). Indeed, we
show in this work that the total number of effectors and other proteins in the
Ras-mediated complex increases with the number of conditions. This context
dependent binding can be explained by the fact that cells in their physiological
microenvironment are constantly experiencing a variety of stimuli that trigger
receptors (e.g. the EGF receptor) located on the plasma membrane, where
Ras is located [166]. In the context of cancer, tumor cells are often located in
a hypoxic, immunosuppressive and nutrition-deficient microenvironment that
causes reprogramming of metabolism and signaling [164]. Indeed, we identified
culture context-specific metabolic alterations in glucose and ATP metabolism
in the Caco-2 cells. Hence, this work supports the requirement to study the
role of the microenvironment when performing an experiment that aims to
characterize PPI networks because they have a major role in driving complex
formation. It also demonstrates the need to consider multidomain interactions.
However, the interpretation of PM recruitment and culture conditions might
not be straightforward. In fact, it is difficult to understand and predict what
happens on the upstream level of Ras and effectors and why some effectors
are identified in the specific conditions tested. This is partly due to signaling
pathways that are highly cell type-specific [140, 167]. Together with different
databases such as the Human Protein Atlas initiative [168] and the large-scale
interactome Bioplex based on AP-MS baits [169, 170], analyzing human PPI
and the conditions in which they occur is essential for the development of a
context-dependent human interactome. Indeed, a new version of the Bioplex
3.0 interactome has been recently published where, in addition to the HEK
293T cells, a dual comparison with the HCT116 cell line was performed [165].

Based on the assumption that effectors compete for binding to KRAS, our
working hypothesis is that individual KRAS-effector-mediated sub-complexes
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form in a cell, which ultimately affect downstream signal propagation and cel-
lular phenotypes. Indeed, we show here that differences in KRAS-mediated
complexes propagate to downstream changes in phenotypes that roughly align
with the predicted functional changes based on GO terms of proteins detected
in an AP-MS experiment. This suggests that the PPI network orientation/assem-
bly on the level of KRAS (likely mediated in part by effectors in complex with
KRAS) impacts the downstream phenotype. As effectors compete for binding
to KRAS we hypothesized that specific Ras-effector sub-complexes exist that
each (or in combination) link to specific phenotypes. To explore the contribution
of individual effectors to phenotypes, we used biased random walk analysis.
Indeed, we find differences in the number of paths between different genetic
and culture contexts. The analysis also enabled us to predict which effector
pathways are likely linked to cellular phenotypes. Hence, our analysis pipeline
that combines AP-MS data with random walks and GO terms provides a novel
way to link PPl networks to phenotypes. The pipeline and code is available to
the scientific community and can be adapted for specific AP-MS experiments.
There are, however, limitations of the random walk analysis. The data structure
at the end is a collection of different paths for different targets for different condi-
tions. Some of these are comparable, some are biased. Paths ending into the
same target should be comparable across conditions, as long as the underlying
network structure does not change. However, there is a bias for shorter paths
to be more likely to be found, and targets with shorter shortest-paths have on
average higher counts in the found paths. Additionally, the analysis is strongly
dependent on the underlying network structure that is used.

With respect to the impact of genetic vs culture contexts on KRAS-mediated
network rewiring, our analyses based on PCA and UMAP suggest that the
impact of growth condition (culture context) is greater than type of oncogenic
mutation (genetic context). We observe a similar trend in the functional analysis
as well as in the effector contributions as calculated by random walks, where
different oncogenic mutants generally having more similar effector path counts
are different culture contexts/ growth conditions. Indeed, the results of this work
offer an additional explanation why cancer genes and mutations only manifest
in some but not all tissues [171]. Future steps in systems medicine require the
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integration of protein abundances with context-specific conditions and localized
signaling responses. Indeed, quantitatively predicting the influence of specific
conditions on larger networks to get an efficient predictive model would be
ideal, especially in the case of oncogenic mutations. In addition, understanding
the rewiring in physiological contexts to enhance the understanding of network
rewiring in cancer contexts would provide new insights into potential therapeutic
targets [172].

5.2.5 Materials and Methods
Culturing of Caco-2 cells

Caco-2 cells (ATCCOHTB-37) were cultured in Dulbecco’s Modified Eagle’s
Medium (DMEM) (GibcoTM, ThermoFisher, 21969-035) supplemented with
2mM L-glutamine (GibcoTM, ThermoFisher, 25030-024), 10% (v/v) Foetal
Bovine Serum (FBS) (GibcoTM, ThermoFisher, A4766801), and 1% Peni-
cillin/streptomycin (GibcoTM, ThermoFisher, 15140122). For long-term stor-
age, frozen stock vials were made on the week of receiving the cell line in
RecoveryTM cell culture freezing medium (GibcoTM, ThermoFisher, 12648010)
and stored in liquid nitrogen. For each experiment, cells were not exceeding
passage 25 and were thawed from the liquid nitrogen stock. To generate growth
media that mimic conditions relevant in the colon and CRC (“culture contexts”),
the minimal medium (DMEM with 2 mM L-glutamine) was supplemented with
either IL6 (interleukin-6) (ThermoFisher), TNF-a (tumor necrosis factor-alpha)
(ThermoFisher), PGE2 (prostaglandin E2) (ThermoFisher), EGF (epidermal
growth factor) or the HIF-Hydroxylase Inhibitor DMOG (Cayman chemical) at
different concentration (20 and 200 ngmL™").

Plasmids for exogenous expression of FLAG-KRAS WT and mutants

Plasmids were gifted from the previous research laboratory of Christina Kiel
in Barcelona (CRG) (from Luis Serrano and Hannah Benisty). All the plas-
mids harbor the identical backbone pMDS-TetOn3G-kozak-FLAG-GOI (gene
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of interest). Plasmids differ only by their GOI, which are wildtype (WT) KRAS,
KRASG12D, KRASG12V, or KRASG12C as GOI.

Bacterial transformation with plasmids, plasmid extraction and
purification

The bacterial transformation of the plasmids for exogenous expression of FLAG-
KRAS (pMDS-TetOn3G-kozak-FLAG-KRAS WT/mutants) was performed using
the One-Shot™ StbI3™ (Invitrogen, C737303) chemically competent bacte-
rial cells to replicate each plasmid following the manufacturer’s instructions.
Subsequently, 100 pL of the bacteria-plasmids solutions were plated into LB se-
lective agar plates containing the antibiotic spectinomycin (50 uL). Plates were
incubated at 37 °C, overnight. The next day, individual bacterial colonies were
selected from LB agar plate and grown in 4 mL LB broth with the corresponding
antibiotics for 6 to 12 h at 37 °C in a shaking incubator at 250 rpm. After incu-
bation, several aliquots of this original starter culture were used to generate
a bacterial glycerol stock for long-term storage at -80 °C (1 mL transformed
bacteria in 1 mL 50% glycerol). The remainder of the original starter culture
was then used to grow at a large scale the transformed bacteria under selective
antibiotics overnight in 500 mL of LB medium at 37 °C in a shaking incubator
at 250 rpm. The HiSpeed Plasmid Maxi Kit (Qiagen) was used to generate
larger amount of the FLAG-KRAS plasmids. The kit was used following the
manufacturer’s instructions. Final DNA was eluted in 400 uL of TE buffer and
allowed to resuspend overnight to ensure homogeneity. The following day, con-
centrations and purities were measured on the Implen NanoPhotometer®NP80,
and plasmids DNA were stored at-20 °C.

Transfection and expression of FLAG-KRAS in Caco-2 cells

For AP-MS experiments, Caco-2 cells were seeded 24 h before transfection in
10 cm dishes in normal growth medium and grown to 70-80% of confluency.
Cells were transfected with 15 ug of pMDS-TetOn3G-kozak-FLAG-GOI plas-
mids (containing FLAG-KRASWT or FLAG-KRASG12D or FLAG-KRASG12V
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or FLAG-KRASG12C as GOlI) using Lipofectamine 2000 (Invitrogen, 11668-
019) according to the manufacturer’s instructions in OPTI-MEM reduced serum
medium (GibcoTM, ThermoFisher, 31985-062) for 4h. Then, the medium
was changed and supplemented with culture medium containing the various
growth conditions. To note, cells transfected with the KRASWT plasmids were
always supplemented with 15ngmL~" of doxycycline (Sigma-Aldrich). Cells
were incubated for 24 h at 37 °C and harvested. FLAG-KRAS mutant plasmid
transfections were not supplemented with doxycycline as the promoter is leaky
and KRAS mutant proteins were already expressed at WT levels without adding
doxycycline.

Caco-2 cell lysis, protein extractions and concentration

Caco-2 cell lysates were obtained after trypsinization, and cell pellets were
recovered and washed twice with PBS 1X. The cells pellets were then resus-
pended in the appropriate volume (e.g., 300 pL for the AP-MS experiments)
of lysis buffer (50 mM TRIS HCL pH 7.5, 1mM EDTA, 1mM EGTA, 150 mM
NaCl, 2mM MgClI2, 1 mM DTT, and 1% IGEPAL/NP-40 supplemented with
PhosSTOP (Roche) and cOmplete, Mini protease inhibitor cocktail (Roche)).
Cells were lysed for 30 min on a rotator at 4 °C, centrifuged at 14 000 rpm
for 30 min at 4 °C, and the supernatants were collected in a new tube. Pro-
tein concentrations were measured using the PierceTM 660 nm Protein Assay
(ThermoFisher, 22660) per manufacturer’s guidelines. Samples were incu-
bated for 5 min before absorbance was read at 660 nm on a SpectraMax M3
plate reader. Net absorbances were plotted against BSA protein concentration
for standard curve generation (ThermoFisher, 23208). For each sample, the
concentration was obtained by comparing net absorbance values against the
generated standard curve. A new standard curve was generated for each
assay. Kept on ice, cell lysates were then directly used for affinity purification.
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Western blotting

Prior to loading the samples into the gel, a normalization of the concentration
for each sample is done, with a concentration aiming to be 1 uguL=". Proteins
were then denatured by incubating samples at 95 °C for 5min in 4x Laemmli
buffer and dithiothreitol (DTT) before loading onto 4 to 12% NuPAGE gradient
precast gels (ThermoFisher). Gels were run for 10 min at 110V, followed by
45min at 150V, with gels submerged in NUPAGE MES running buffer (Ther-
moFisher). After electrophoresis, proteins are dry-transferred using the iBLOT2
device (ThermoFisher) for 7 min into a nitrocellulose membrane. The mem-
branes were checked by Ponceau S staining to ensure protein transfer. Then,
the membranes were washed in 1x Tris buffer saline-tween20 (TBS-T) before
blocking solution for 1 h in 5% milk at room temperature in a shaking device.
Depending on the antibody, the membranes were incubated either overnight
at 4 °C or at room temperature for 4 h, with the primary antibody diluted in
0.05% milk in TBS-T. The membranes were then washed three times in TBS-T,
10min each and incubated horse radish peroxidase (HRP) conjugated sec-
ondary antibody for 1 h diluted in milk TBS-T on a shaking device. Protein
bands were developed using high sensitivity ECL reagent (ThermoFisher) with
the West Pico western blotting substrate per the manufacturer’s instructions
and visualized using the G-Box image developer (SYNGENE). Densitometry
analysis was performed using Imaged, with target protein bands normalized
to loading control (B-actin or GAPDH). The following antibodies were used
for Western blotting: beta-Actin (Cell Signaling, #4970, rabbit / monoclonal,
1/3000 dilution), GAPDH (Abcam, ab2118, rabbit / monoclonal, 1/1000 dilu-
tion), panRAS (Abcam, ab52939, rabbit / monoclonal, 1/5000 dilution), KRAS
(CPTC-KRAS4B-2, DSHB, mouse / monoclonal, 0.5 ugmL-' working concen-
tration), and secondary Anti-mouse HRP (Abcam, ab97023, goat / monoclonal,
1/3000).
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Affinity purification (AP)

Caco-2 cell lysates expressing FLAG-KRAS proteins were immunoprecipitated
from 800 pg of cell lysate using anti-FLAG-M2 magnetic beads (Sigma, M8823)
by using the KingFisher DuoPrime purification system (ThermoFisher). Beads
were washed in TBS (according to the manufacturer’s instructions) for 5 min,
twice, at low speed. Then beads were collected by the KingFisher magnet
and discarded into the samples wells and mixed at a slow speed for 1h.
Beads-antibody samples were collected and went through different wash salted
solutions (Wash 1 and 2: RIPA buffer with 150 mM NaCl; Wash 3: RIPA buffer
with 500 mM NaCl), mixed at low speed for 30 s. Beads-antibody-sample were
eluted in 50 pL of glycine (0.1 M, pH 3.0) for 5 min. Immediately after, samples
were neutralized with 20 L of TRIS BASE (1 M, pH 8.0).

Sample preparation after AP for mass spectrometry (MS)

For protein cleanup the paramagnetic bead—based SP3 (solid-phase-enhanced
sample-preparation) workflow was used [173]. For each AP experiment sam-
ple protein concentrations were determined using the PierceTM BCA protein
assay (ThermoFisher) following the manufacturer’s instructions and 50 pg of
proteins were adjusted in 20 uL of buffer/MS grade water. Samples were
homogenized and denatured in urea (final concentration, 4 M), ammonium
bicarbonate (100 mM), and calcium chloride (100 mM), then reduced in DTT
(final concentration, 1 mM) for 15 min at room temperature and alkalinized in
iodoacetamide (IAA) (3 mM) in the dark at room temperature for 15min. The
tryptic digestion protocol was performed using the KingFisher DuoPrime purifi-
cation system (ThermoFisher) in a series of steps. First, magnetic hydrophobic
and hydrophilic beads were washed several times in MS grade water and
added to the deepwells plate in the KingFisher along with the samples and the
same volume as the sample of 100% ethanol. Next, the solutions were mixed
at low speed for 10 min, after which the beads coupled to the proteins were
collected with the magnetic arm of the KingFisher and transferred to be washed
in 3 different deepwells containing each 80% of ethanol. The washed beads-
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proteins were then released into the trypsin (Promega, V5111)-containing
deepwells at a 50:1 (w/w) protein to protease ratio and mixed at low speed for
8 h of digestions into peptide fragments at 37 °C in the KingFisher. Peptide
samples were transferred into low protein binding tubes, 1% of trifluoroacetic
acid (TFA) was added to acidify the samples ready to be desalted, cleaned,
and concentrated on C18Tips (ThermoFisher, 87784) [174] according to the
manufacturer’s instructions. Purified peptides were dried and resuspended in
low protein binding tubes before mass spectrometry analysis in 30 pL of 0.15%
TFA acid and 1% acetic acid in mass spectrometry grade water.

Mass spectrometry

The peptides were analyzed using a MS shotgun proteomics technique. This
technique allows a sensitive bottom-up approach that consists of separating
peptides resulting from protein digestion by liquid high-performance liquid
chromatography (HPLC) followed by tandem mass spectrometry (MS/MS).
Samples were run on a Bruker timsTof Pro mass spectrometer connected to an
Evosep One liquid chromatography system. Tryptic peptides were resuspended
in 0.1% formic acid and each sample was loaded onto an Evosep tip. The
Evosep tips were placed in position on the Evosep One, in a 96-tip box. The
autosampler is configured to pick up each tip, elute and separate the peptides
using a set chromatography method [175]. The chromatography buffers used
were buffer B (99.9% acetonitrile, 0.1% formic acid) and buffer A (99.9% water,
0.1% formic acid). All solvents are LCMS grade.

The mass spectrometer was operated in positive ion mode with a capillary
voltage of 1500V, dry gas flow of 3L min~! and a dry temperature of 180 °C.
All data was acquired with the instrument operating in trapped ion mobility
spectrometry (TIMS) mode. Trapped ions were selected for ms/ms using
parallel accumulation serial fragmentation (PASEF). A scan range of (100-1700
m/z) was performed at a rate of 5 PASEF MS/MS frames to 1 MS scan with a
cycle time of 1.03s [176].

The data analysis was done using MaxQuant software [67]. The raw data was
searched against the Homo sapiens subset of the Uniprot Swissprot database
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(reviewed) with the search engine Maxquant (release 2.0.3.0). Specific pa-
rameters for trapped ion mobility spectrometry data-dependent acquisition
(TIMS DDA) were used: Fixed Mod: carbamidomethylation; Variable Mods: me-
thionine, oxidation; Trypsin/P digest enzyme (maximum 2 missed cleavages);
Precursor mass tolerances 10 ppm; Peptide FDR 1%; Protein FDR 1%. The
normalized protein intensity of each identified protein was used for label-free
quantitation (LFQ) using the MaxLFQ algorithm [68].

The mass spectrometry proteomics data have been deposited to the Pro-
teomeXchange Consortium via the PRIDE [177] partner repository with the
dataset identifier PXD035399.

AP-MS data filtering and ID mapping

The data were first filtered based on the label-free quantification intensities
(LFQI) using the following five steps: (i) removal of proteins that were labeled
as “only identified by site”, “potential contaminant”, and “reverse”; (ii) removal of
all observations with LFQi equals to 0; (iii) removal of outlier samples (based on
low overall LFQI; see Fig. S3); (iv) removal of proteins which are not present in
at least 60% of the samples of a group for each group (a group is defined as the
collection of three biological with 2 technical replicates for one condition, which
results in a group size of maximum 6); (v) filtering against the negative control
sample, which is only the beads used for the AP-MS sample preparations,
by only considering proteins for further analysis that are significantly higher
found in the samples compared to the negative control. In MS analysis based
proteomic data, there are typically two types of missing values, the missing
not at random (MNAR) and the missing at random (MAR) [178]. A mixed
imputation strategy was chosen, with KNN imputation as the strategy for MAR
values [179, 180, 181]. Other missing values were considered MNAR values
and imputed at value 0. After the imputation, differential interaction analysis was
performed for each group against the beads control. P values were adjusted
using FDR correction as described by Benjamini-Hochberg [182]. Afterwards,
all proteins were extracted for each group which were significantly enriched
in the sample (cutoffs: p-value adjusted: <0.01, Log Fold Change: >1). The
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data were transformed to have consistent protein and gene names annotations
following the data filtering. The data are received from the MaxQuant software
in UniProt IDs and mapped to HGNC gene names using the HGNC database
(retrieved 12/2021) However, one UniProt ID can correspond to multiple HGNC
gene names. In this case, manual selection of the gene names of interest
was performed. Finally, the HGNC names were mapped to genes IDs of the
SysGO database [183]. A couple of proteins could not be found in the SysGO
database, and one protein was renamed (i.e., HGNC name: PHB1, which
was renamed PHD for SysGO). Then, the technical replicates were merged
using the median. In summary, we obtain a dataset with raw LFQi (Data S1)
or log2 transform (Data S2) data with biological triplicates. Data preparation
was performed in R ([69], http://www.r-project.org/index.html) using the
following packages: dplyr [83, 184], tidyr [185], stringr [186], tidyx1 [187],
purrr [188], DEP [70] and 1imma [71, 72]. The script file for the data preparation
as well as the data pre and post preparation are available on Zenodo (https:
//zenodo .org/record/6896565) (DOI: 10.5281/zen0do.6896565).

Functional analysis of the interactome

Functional analysis of the interactome was performed in two different ways. The
first approach consists of a differential interaction analysis based on the filtered
LFQ intensities. Imputation was performed by a mixed imputation strategy,
using bpca (Bayesian PCA) [189, 190] for MNAR values and MinProb [191]
for MAR values. Differential analysis was performed using limma [71, 72] and
DEP [70]. P values were adjusted using FDR correction by Benjamini-Hochberg
[182]. The results of the differential interaction analysis were evaluated for
functional enrichment by performing a gene set enrichment analysis (GSEA)
using ClusterProfiler4 [192, 193] against the Gene Ontology (GO) Biological
Process (BP) ontology [194, 195].

For the second approach, LFQ intensities were collapsed on GO BP terms
by summing up all intensities of all identified proteins for each sample for each
GO term. Then, for each GO term, a three-way ANOVA was performed with the
main effects of mutation status (genetic context), condition and concentration
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(culture context) and their interaction terms. The p-values of these ANOVAs
were collectively corrected using correction by Holm [196]. After correction, sig-
nificant terms (p <0.05) were further analyzed using Tukey’s Honest Significant
Differences post hoc tests. P-values were collectively corrected using FDR
correction by Benjamini-Hochberg [182].

Both approaches identify many GO terms that are significantly different
(p <0.05 after respective adjustment) between the groups. In order to gain
an overview over the results, semantic similarity between the GO terms was
determined using the methodology proposed by Schlicker et al. [197, 198].
Based on the resulting similarity matrix, GO terms were clustered using the
binary cut algorithm [199]. The results were visualized as a heatmap with data
from the analysis projected as additional heatmaps [199, 200]. All analysis
in this part was performed using the R programming language ([69], http:
//www.r-project.org/index.html) and the tidyverse environment [83]. The
scripts and output for this analysis are available on Zenodo (https://zenodo.
org/record/6896565) (DOI: 10.5281/zen0d0.6896565).

Visualization of AP-MS data in shiny app

The results from the functional analysis together with the filtered AP-MS
data were put together in an R shiny dashboard, allowing the interactive
exploration of our analysis and data [69, 83, 201, 202, 203, 204]. The R
shiny app is available at https://pjunk.shinyapps.io/kras_apms_vis/, with
the source code and underlying data files available at https://github.com/
PhilippJunk/kras_apms_vis.

Assessment of phenotypic and metabolic parameters of Caco-2 cells

Caco-2 cells cultured in DMEM supplemented with 10% FBS were seeded
at about 70% confluency in nine 12-well plates (CELLSTAR, Greiner Bio-
One) to test 3 KRAS mutant status (WT, G12D and G12C) in three contexts
(unstimulated, DMOG and IL-6). Twenty-four hours post-seeding cells were
transfected with FLAG-KRASWT, FLAG-KRASG12D or flag-KRASG12C with
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the protocol previously described. Then, 5h post-transfection medium was
changed and replaced with DMEM supplemented with 1% glutamine contain-
ing either 20ngmL-!' DMOG, 20 ngmL~" IL-6 or no stimulus (unstimulated).
In addition, for cell transfected with KRASWT 15ngmL-! doxycycline was
added for plasmid activation. Cell suspension samples were collected: once
for all group during the seeding (24 h before transfection) then in triplicate for
each group at 24 h, 48h and 72 h post-transfection. Medium samples were
collected: once during the context introduction (5 h post-transfection) then in
triplicate for each group at 24 h, 48 h and 72 h post-transfection. Cell suspen-
sion samples were used for cell counting using Scepter™ 2.0 Automated Cell
Counter with 60 um sensors (Merck Millipore), for cell viability and cellular ATP
assessments using CellTiter-Glo®Luminescent Cell Viability Assay (Promega)
and for Western-Blots of FLAG-KRAS (Sigma-Aldrich, Anti-FLAG®M2, F3165,
mouse / monoclonal, 1:1000 dilution) normalized with B-actin (Cell Signaling,
#4970, rabbit / monoclonal, 1:3000 dilution) using protocol previously described.
For the Western Blot, after cell lysis, for each plasmid and at each time, the
3 context replicates were pooled to obtain enough protein to prepare 40 uL
loading solution at 0.25ugmL~" (e.g., for WT at 24 h, the 3 replicates are 1
Unstim, 1 DMOG and 1 IL-6 samples). Medium were used for assessment
of glucose uptake and lactate release using, respectively, Glucose-Glo™ and
Lactate-Glo™ assays (Promega).

Statistical analysis

All data expressed as average + standard deviations (SD), with SD represented
by error bars. Statistical comparisons between two groups (typically treated
group against control samples) were performed using a t-test. The average
value and SD were calculated from at least three biological experiments. All
tests were performed with a p-value of 0.05 using GraphPad Prism 9 software.
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Network reconstruction and random walks analysis of AP-MS data

The starting point of the network are the 56 potential effectors of KRAS [30].
Then, beginning from these effectors, STRING (version 11.5) was used to
construct the network [17]. All nodes which had a shortest path of 4 or less to
these effectors were included, while filtering out edges with a STRING confi-
dence score of less than 0.7. For KRAS, only edges towards the effectors were
included in the network. Apart from the KRAS-effector edges, all interactions in
the network are considered undirected. The final network consists of 15062
nodes and 493 838 edges.

Using the network, targeted random walks were performed starting from
KRAS, in the following called source, for each target protein in each condition
of interest. For a predetermined number of steps, based on the current node,
one of the connected nodes is randomly chosen. For each random walk, there
is always only one target protein. As soon as the target protein is reached,
or a certain number of iterations has been exceeded, the walk ends. The
random walks are biased towards proteins found in the interactome of a certain
condition. This is facilitated by favoring nodes found in the interactome by a
factor of 20 over nodes not found the interactome of the specific condition. The
actual probability depends on the number of connecting nodes.

P(in APMS) = 20 x P(not in APMS)

The number of iterations for the random walk for each target is dynamically
calculated based on the length of the shortest path between source and target.

walklen = shortestpath + 2

Finally, the number of random walks, limited by runtime and memory, was
set to 100 000 000 for each target for each condition. The code for the random
walks was written in python using numpy, scipy, pandas, numba and crsgraph
[102, 205, 206, 207, 208, 209]. The script used to run this analysis is avail-
able on Zenodo (https://zenodo.org/record/6896565) (DOI: 10.5281/zen-
0d0.6896565).
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Analysis of the random walks was performed by filtering out any paths that
were found less than 100/100 000 000 walks and selecting the top 10 identified
paths for each target by frequency. Paths were decomposed into a sequence
of edges, and all edges for one condition were concatenated to generate
a condition-specific network of information flow from KRAS to all proteins
associated with a specific GO term. Networks were visualized, and the effector
layer of each network was extracted and visualized together. All analysis and
visualization were performed using R, in particular the packages dplyr, tidyr,
stringr, purrr, furrr, ggplot and ggraph [184, 185, 186, 188, 210, 82, 211].
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5.2.8 Supplement

(Class) Signaling Group 1 effectors Group 2 effectors Group 3 effectors
pathway
(2) PI3K-AKT PIK3CA PIK3C2B  PIK3CB PIK3C2G
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Figure 5.S1 Classification of 56 effectors into groups based on their requirement of
additional domains for efficient binding to Ras-GTP. High-affinity effectors are defined by Ky
values of <1 puM, and low- affinity binders by Ky values of >1 uM) (reviewed in [29] & [136]).
Effectors groups (1-3) are based on predictions by [15]. Group 1 effectors form significant
complexes with Ras-GTP using their RBD alone in most tissues. Group 2 effectors form
significant complexes with Ras-GTP only with additional domains recruited to the PM.
Group 3 effectors are predicted to be never in significant complex with Ras-GTP (in the 29
human tissues analysed) and are likely no true Ras effectors.
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Figure 5.S2 Exogenous expression of FLAG-KRAS WT and mutant variants. (A) Results of
Western blot analysis of FLAG-KRAS WT and mutant proteins using anti-FLAG, anti-Pan-
Ras, and anti-Actin antibodies. (B) Quantification of exogenous KRAS normalized by actin
as the loading control. (C) Quantification of the sum of endogenous Pan-Ras (= HRAS +
NRAS + KRAS) and exogenous KRAS normalized by actin as the loading control. The
KRAS WT biological triplicates were supplemented with 10ng mL~" of doxycycline after
transfection. All samples were harvested at 24 h post-transfection. The ratios of FLAG/Actin
and Ras/Actin analyses were performed with blots from N=3 independent experiments with
ImagedJ and analysed with two-way ANOVA.

144



Ao o A A A A s a A A A A & & . 4 o a
A A A o oA A 4 2 A AlA A A A A A
A A o alA|A| A A ololhlA &K & & &
A A A A A A A A A . . A A & A a .
A A & A 2 ok A A A LA . . s aA
A 2 » A A s A A A A AlA A A A & A
A A [ [ Al Al o o A A AA A A |4l
A A & & A|A|As & A olalals s o A A
}114“-‘-1&#“1‘1‘4&
A A A & Ala & &l |a alals A A .
A A A A A |A| . . A A a|la s & 4 a A
A A A A ala AT V10 alala o o ola
A Al T ]alala & ala ala A A o o4
A A A A& A A| . A & A A A A A A A A
A A A Alala & A A A al. A A a ala
A A A A A A A A A& A A ala A A

Figure 5.S3 Outlier analysis of AP-MS data. Each result of a MS analysis (biological or
technical replicate) is represented as a histogram where the x-axis shows the LOG2 LFQ
intensity of each protein and the y-axis shows the count (number of proteins). Histograms
in red refer to datasets that are kept for further analyses. Histograms in blue and with
boxes refer to outliers datasets that were filtered out (datasets: 12d_tnfa_200_1_2; 12d_
tnfa_200_2_1; 12v_dmog_20_1_2; 12v_pge2_200_3_1; wt_dmog_200_1_2; wt_dmog_200_
2_1;wt_egf_200_1_2; wt_egf_200_2_1).
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Figure 5.4 KRAS protein abundances across the whole AP-MS dataset. The histogram
represents the log10-fold change of the LFQ intensity of the WT and mutant KRAS proteins
in the transfected Caco-2 cells with either WT, G12V, G12D, and G12C KRAS flagged
proteins unstimulated (unstim) or stimulated with different growth conditions (i.e., DMOG,
EGF, IL-6, PGE2, and TNF-a) at two concentrations (20 and 200 ngmL™"). The average
LFQ intensities are shown with error bars from the 3 biological replicates.
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Figure 5.85 UMAP analysis performed on LFQ intensity and executed with MS log2-
transformed data after filtering on the whole AP-MS dataset. Colors indicate the different
growth conditions, i.e., DMOG, EGF, IL-6, PGE2, TNF-a and unstimulated (unstim), and
shapes indicate the concentration of the conditions (none, 20 ngmL~" and 2200 ngmL™").
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Figure 5.56 Domain composition and capabilities of PM recruitment of 11 effectors iden-
tified in the AP-MS experiments. (A) Domain compositions of eleven effectors (adapted
from [29]). Domain composition and ways of PM recruitment for BRAF, RAF1 and ARAF
(B), PIK3CA (C), RGL2 (D), GRB7(E), RIN2 and RIN1 (F), PI3KC2A (G), ARAP1 (H), and
AFDN ().
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Figure 5.S7 Principle component (PC) analysis after transforming the data set by summing
up LFQ intensities for each GO biological process. Facets indicate the different genetic
context (WT, G12C, G12D, G12V), Colors indicate the different growth conditions (DMOG,
EGF, IL-6, PGE2, TNF-a and unstimulated) and shapes indicate the concentration of the
conditions (none, 20 ngmL™" and 2200 ngmL™").
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Figure 5.88 Functional differences in the KRAS interactome. (A) Venn diagram showing
the overlap of differentially identified GO terms between the two approaches. (B) Heatmap
showing the number of significant (Adjusted p-value <0.05) contrasts for the main effects of
the ANOVA analysis. (C) Heatmap showing the number of significantly (Adjusted p-value

<0.05) enriched GO terms for the GSEA analysis between all samples. (D-

H). Word clouds

of the biggest semantic clusters from the GO term semantic similarity analysis (see Fig.

5.3). Visualized are cluster 1 (n=672), 2 (n=336), 3 (n=315),

panels D, E, F, G, H, respectively.

4 (n=258) and 5 (n=221) in
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Figure 5.S9 Visualization of functional analysis of AP-MS experiments. (A) Overview and
workflow of functionalities in the Shiny app. (B) Screenshot of data visualization using the
Shiny app.
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Figure 5.510 Time course of exogenous expression of FLAG-KRAS WT and mutant during
the Caco-2 phenotypical assessment experiment. (A) Results of Western Blot analysis of
FLAG-KRAS WT and mutant using anti-FLAG and anti-Actin antibodies. For each plasmid
at each time the protein sample come from a pool of the 3 context samples (1 Unstim,
1 DMOG and 1 IL-6 sample). (B) Relative quantification of FLAG-KRAS using the Gel
Analyser tool in ImagedJ. FLAG-KRAS expression normalized by B-actin as loading control
have been normalized between gels using the average values of each plasmid at 24h.
Values are mean + SEM of log2 transformed and normalized FLAG expression relative to
G12D at 24 h, N=3. Data were analysed with 2-ways ANOVA followed by Tukey’s post-hoc
test. Different letters represent significant differences (p <0.05) between “mutant status”
main effect and different Greek letters represent significant differences between different
“time point” main effect.
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Figure 5.511 Effect of culture and genetic contexts on phenotypic and metabolic parame-
ters of Caco-2 cells. (A) cell density, (B) cell volume, (C) glucose uptake, (D) glucose uptake
per cell, (E) lactate release, (F) lactate release per cell, (G) ATP concentration, (H) ATP
pool per cell. Glucose uptake, lactate release and ATP pool were normalized per cell by
dividing raw values by cell concentration (cellmL™"). Values are mean + SEM and N=3 per
group. Data were analysed by a 3-way ANOVA with “culture context”, “genetic context” and
“time” as main effect. ANOVAs were followed by Tukey’s post-hoc tests. Different letters
represent significant differences (p <0.05) between levels of the “genetic context” effect.
Different Greek letters represents significant differences between levels of the “culture
context” effect.

153



G0:0050673 g12d_unstim_none GO:0050673 g12d_il6_20

Sl

'/Qi

Node Annotation

ZZAED — ‘&

IR

o somee i, : PP
Degree ,\\‘ o] ’,’i’\‘!’i&l\\\
[ y ol [
[ J§¢]
[ B
Counts

Cc

RAPGEF2
Node Annotation

nnnnnnnn

Figure 5.512 Examples for random walk analyses linked to GO term “Epithelial cell
proliferation” (GO:0050673). (A) AP-MS data for KRAS G12D in unstimulated culture
context. (B) AP-MS data for KRAS G12D in unstimulated culture context. (C) AP-MS data
for KRAS G12D in IL-6 culture context. (B) AP-MS data for KRAS G12D in IL-6 culture
context.
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Figure 5.513 Examples for random walk analyses linked to GO term “Regulation of glucose
metabolic process” (GO:0010906). (A) AP-MS data for KRAS G12D in unstimulated culture
context. (B) AP-MS data for KRAS G12D in unstimulated culture context. (C) AP-MS data
for KRAS G12D in IL-6 culture context. (B) AP-MS data for KRAS G12D in IL-6 culture
context.
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Figure 5.514 Examples for random walk analyses linked to GO term “ATP metabolic
process” (GO:0046034). (A) AP-MS data for KRAS G12D in unstimulated culture context.
(B) AP-MS data for KRAS G12D in unstimulated culture context. (C) AP-MS data for KRAS
G12D in IL-6 culture context. (B) AP-MS data for KRAS G12D in IL-6 culture context.
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Table 5.S1 List of context-specific significant pairwise comparison of the sum of LFQ
intensity of proteins in the AP-MS from six GO terms of interest (GO:0050673 Ep-
ithelial cell proliferation; GO:0050679 Positive regulation of cell population proliferation;
G0:0006006 Glucose metabolic process; GO:0010906 Regulation of glucose metabolic
process; GO:0046034 APT metabolic process; GO:1903578 Regulation of ATP metabolic
process)(see Fig. 5.5). For each GO term the sum of LFQ intensity was analyse with a
three-way ANOVA followed by Tukey post-hoc tests (see shiny app). Only pairwise compar-
isons of “culture” and “genetic” context effects and their two-way interaction with a p-value
inferior to 0.1 are displayed. For the Genetic:Culture contexts interaction, only comparison
of groups with one term in common are displayed. The six GO terms were selected for
comparison to phenotypic parameters related to proliferation, glucose metabolism and ATP
metabolism.

GO term Pairwise Comparison Statistics
ID Context Group Group LS mean p-adjusted
effect higher lower difference
) DMOG IL-6 2.227 436 x107°
GO:0050673  Culture DMOG Unstim 2.891 4.08 x 10
DMOG IL-6 2.682 3.46 x 1077
GO:0050679 Culture DMOG Unstim 5.347 4.07 x107°
IL-6 Unstim 2.665 2.66 x 10
DMOG IL-6 1.116 3.16 x 1074
GO0:0006006 Culture DMOG Unstim 2.738 4.07 x107°
IL-6 Unstim 1.622 1.54 x 107
DMOG IL-6 0.781 414 x10™*
Culture DMOG Unstim 2.905 4.07 x 107°
IL-6 Unstim 2.124 4.07 x 107°
Genet G12C WT 0.846 1.18 x 1078
enetic G12D WT 0.763 1.50 x 10-5
) G12C:DMOG WT:DMOG 1.603 6.28 x 1073
G0:0010906 G12D:DMOG WT:DMOG 1.513 1.53 x 102
- G12C:IL-6 WT:IL-6 1.365 3.30x 102
Genetic: . . . 9
Culture G12D:DMOG G12D:Unstim 3.386 459 x10
G12D:IL-6 G12D:Unstim 2.839 4.45 x 1077
G12C:IL-6 G12C:Unstim 2.697 1.98 x 1078
G12C:DMOG G12C:Unstim 3.305 6.06 x 107°
) DMOG IL-6 1.312 1.79 x 1077
GO:0046034  Culture DMOG Unstim 0.790 5.78 x 102
_ DMOG IL-6 1.335 1.50 x 1072
GO:1903578  Culture DMOG Unstim 1.831 484 %10
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5.3 Discussion

In this work, we explored the interactome of KRAS, with different mutation status
and under different treatments. We mapped protein-protein interactions using
interaction proteomics and analysed functional differences between different
conditions. Finally, we analysed how signals could propagate from KRAS to
cause different functional effects.

As highlighted previously, my contribution to this paper has been the bioinfor-
matic analysis (a detailed description can be found in the preamble on page
vii). Nonetheless, | want to briefly touch on the experimental side of the project
as well. In this work, the aim was the analysis of KRAS signalling networks
in different conditions that are to a certain degree resembling the (patho-)
physiological context in the colon epithelium. For this, several decisions on the
level of the experimental system were made: A) the choice of cell line; B) the
choice of how to include oncogenic variants of KRAS in the system; and C) the
choice of treatments to stimulate the cells with.

Protein-protein interactions are usually measured in non-physiological con-
texts and cells, such as HEK293T cells [170]. However, it has been shown that
protein-protein interactions rewire between different cell types and differences
in the environment of cells [212, 213]. In order to investigate protein-protein
interaction networks in a model close to early adenocarcinoma, the cell line
of choice was Caco-2 cells. These cells are an interesting system for multiple
reasons. Caco-2 cells are mutated in APC, CTNNB1 (B-catenin), SMAD4, and
TP53, but not in KRAS [62, 63, 64]. These mutations match what is known as
the Vogelstein sequence [148], establishing them as a model of early colorecal
adenocarcinoma. From the perspective of physiology, Caco-2 cells are able
to spontaneously differentiate into an epithelium, both in 2D and 3D culture.
Additionally, Caco-2 cells are well established for studies of intestinal epithelial
permeability, indicating that they are a relevant model for colon epithelium.
However, the individual cells can be diverse in shape and size, introducing
biological variablility into the experiments. As | am not an expert on different
cell lines for colon cancer and epithelium, | am going with the judgement of my
wet lab colleagues that, while Caco-2 cells are not the ideal system, they are
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an interesting and relevant system to study KRAS interactions in the (patho-)
physiological context of early adenocarcinoma.

Moving on to the choice of how to introduce oncogenic variants of KRAS.
Originally, the idea was to use CRISPR/Cas9 to create point mutations for the
oncogenic variants of interest and work with endogenous KRAS expression.
However, this was not successful for multiple reasons. Caco-2 cells are slowly
growing cells, in particular when growing in isolation, which is unfortunately
part of the protocol for generating genotypically identical clones. Not many
clones survived, and those that did were not of the desired genotype. Secondly,
a lot of the antibodies against KRAS were not strong enough binders to perform
Co-IP experiments on endogenous KRAS consistently. For this reason, the
decision was made to pivot to an exogenous expression of flag-tagged KRAS.
More details on these approaches and how they were performed can be found
in the PhD thesis of my colleague who had been performing the experiments
[214].

Regarding the choice of treatments to stimulate the cells with, these were
chosen based on a detailed literature analysis of the extracellular signals
KRAS is integrating in the physiological and oncogenic intestinal epithelium.
The treatments were chosen to mimic relevant influences such as the tumour
microenvironment, growth signalling and hypoxia. These treatments are clearly
artificial simplifications of what is actually happening to cancer cells in their
environment, however this approach gives us the option to investigate their
influence on the KRAS interactome in separation. However, the artificial nature
of these treatments is a limiting factor for the experiments. For example, the
treatment of the cells with DMOG as a proxy for hypoxia only partially mimics the
hypoxic response of cells. In detail, DMOG is an inhibitor of prolyl hydroxylases
1-3 (PHD1-3), a family of enzymes which in normoxic conditions lead to the
degradation of HIF-a [65]. As their enzymatic activity is dependent on O,,
under hypoxic conditions, HIF-a is stabilized and can act as a transcription
factor. However, it is becoming increasingly clearer that there are also PHD/HIF
independent adaptation to low oxygen levels which play an important role in
the hypoxia response [66, 215, 216]. The treatment of the cells with DMOG
can therefore not be interpreted as an equivalent of low O2 exposure, which
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might have been the better experimental setup to use for these experiments.
Similar limitations apply to the other treatments, i.e., the interaction of immune
cells in the tumour microenvironment cannot be accurately mimicked by the
addition of one or multiple cytokines and chemokines.

In the context of DMOG, it has been brought to my attention that the con-
centration used in the publication is lower than what is typically used in the
literature. In the publication, we use 20 and 200 ngmL-", which is 0.114 and
1.14 uM, respectively. Common values in the literature are around 100 uM
to 2mM [217]. Interestingly, the DMOG treated samples are showing one of
the strongest differences compared to the untreated samples, even at these
low concentrations. To investigate whether the observed changes in the in-
teractome are due to a stabilization of HIF-alpha, it would have been good to
check for stabilization of HIF-a with a Western blot at different concentrations
of DMOG.

Next, | want to discuss the bioinformatics analysis, which | have performed.
The analysis of the proteomics data was straightforward, using well established
software and resources. More interestingly, | have tried to provide an interactive
interface to the data analysis by designing and publishing an R shiny web app.
Designing good user interfaces is hard, and | am not an expert in it, so | think
there is a lot to improve in terms of user interface and experience. However,
| think the concept of making data interactive is something that could be
interesting for more biological projects, although additional time and skills are
required for the design of these platforms.

Finally, | tried to approach the question about how the signal propagates from
KRAS to certain functional submodules through the network in this publication
by performing random walks over an interaction network, which was biased
by the presence or absence of specific proteins in the AP/MS data. This is
to the best of my knowledge a novel approach, and there are certainly some
aspects that can be improved on. In particular, a better statistical framework to
analyse and normalize the results from the random walks would be interesting.
Ideas that come to mind, but would need to be tested, are comparisons against
random networks or random biases. Also, currently the path length is a major
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bias in determining the counts for specific paths through the networks, which
needs to be considered and potentially corrected.

In terms on limitations of the approach, there are two major ones. Firstly,
the approach is limited by the data used for the interaction network. In this
publication, we used the STRING database filtered for high confidence interac-
tors. However, different databases for protein interactions come from different
background and with their specific biases. Secondly, proteomic approaches
are well known to have problems with noise and missing values. Since these
are used as inputs for the random walks, these problems propagate to this
method as well.
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