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1.1 Abstract (English)

This work proposes a novel machine learning-based simulation concept that fuses a
specific machine learning algorithm (Mutual Hazard Networks (MHN)) with a stochas-
tic simulation algorithm (a modified Gillespie algorithm) to iteratively reconstruct and
predict potential genetic mutation sequences and their interactions in tumours. A pro-
totypical web interface has been developed to facilitate the intuitive utilisation of our
simulation and prediction of individual tumours. The simulation model was evaluated
and validated on several types of specific sets of genetic alterations in tumours from dif-
ferent studies and various cancer types. Additionally, a comparative analysis of learned
models and their resulting simulations with real data from differing genetic evolutionary
points was conducted, which enabled a first statistical significant prognostic prediction
in certain types of lung cancer based on the gene STK11 /LKB1.

1.2 Abstract (German)

In dieser Arbeit wird das Konzept einer neuartigen, auf maschinellem Lernen basieren-
den Simulation vorgestellt, die einen spezifischen Algorithmus flir maschinelles Lernen
(Mutual Hazard Networks (MHN)) mit einem stochastischen Simulationsalgorithmus
(einem modifizierten Gillespie-Algorithmus) verbindet, um mdgliche genetische Muta-
tionssequenzen und ihre Wechselwirkungen in Tumoren iterativ zu rekonstruieren und
vorherzusagen. Um die intuitive Nutzung unserer Simulation und die Vorhersage indi-
vidueller Tumore zu erleichtern, wurde ein Webseiten-Prototyp entwickelt. Das Simula-
tionsmodell wurde anhand mehrerer Arten spezifischer genetischer Veranderungen in
Tumoren aus verschiedenen Studien und unterschiedlichen Organsystemen evaluiert
und validiert. DarlUber hinaus wurde eine vergleichende Analyse der gelernten Mo-
delle und der daraus resultierenden Simulationen mit realen Daten aus verschiedenen
genetischen Evolutionspunkten durchgefihrt. Diese ermdglichte eine erste statistisch
signifikante prognostische Vorhersage auf der Basis des Gens STK71 / LKBT in be-
stimmten Lungentumoren.



2 Introduction

Although medical advances have improved the ability to prevent, detect and treat ma-
lignant tumours, cancer remains the leading cause of death in people under the age of
85 in the United States, as shown in the data presented by Siegel et al. [1].

The treatment of malignant tumours is a major challenge, partly due to the potential
development of drug resistance. The development of drug resistance can occur not
only with conventional therapies (such as cytostatics) but also with newer treatments
that target specific genetic abnormalities. Examples of such methods include CAR-T
cells, monoclonal antibodies, checkpoint inhibitors and other similar approaches [2].
In this context, the combination of different targeted therapies represents a potential
strategy for overcoming such resistance [3].

A more comprehensive grasp of past and potential future individual genetic alterations
may facilitate a deeper comprehension of tumourigenesis, thereby enhancing the ef-
ficacy of personalised cancer therapy. In order to address these questions, a new
machine learning-based simulation is proposed. The approach combines a specific
machine learning algorithm (Mutual Hazard Networks (MHN)) with a stochastic simu-
lation algorithm (a modified Gillespie algorithm) in order to iteratively reconstruct and
simulate possible genetic mutation sequences and their interactions in tumours.

The simulations are validated and evaluated as a concept on publicly available data
sets. Initially, they are examined in general with respect to different types of cancer,
including glioblastoma, renal cancer, and breast cancer. Subsequently, they are sub-
jected to more detailed scrutiny with a particular focus on lung cancer.

Additionally, a comparative analysis of learned models and their resulting simulations
with real data from differing genetic evolutionary points is conducted, which enables a
first prognostic prediction. The prediction was conducted on lung cancer data utilising
a specified tumour gene set to ascertain the probability of developing a poor prognostic
mutation (STK11/LKBT) through this methodology.

Moreover, to facilitate usability, a web interface has been developed. This allows the
user to input a specific set of mutations in a tumour and the underlying learned possible
genetic interactions, and then to study and simulate possible future mutations.

This work will commence with the present Introduction. The following Chapter [3| will
present the fundamental methodologies and background knowledge, while Chapter [4]
will delineate the methodologies and data employed in this study. The results obtained
on simulated data will be examined in Chapter [5, and Chapter [6] will conclude with a
discussion.



3 Background, related work and basic model restric-
tions

3.1 Evolution of cancer

Greaves et al. [4] and Nowell et al. [5] described a hypothesis for the evolution of
tumour cells. This hypothesis states that tumours develop in a sequential evolutionary
manner, which is in line with Darwin’s theory of evolution. It is described as a process in
which cell alterations (mainly due to genetics, epigenetics, or regulatory factors) occur
with selective advantage, selective disadvantage, or no effect. Cells with a selective
advantage over other competing cells are likely to predominate within a subpopula-
tion. Tumours arise when this process occurs multiple times in cells, creating a cycle
of clonal and sub-clonal evolution. A possible outcome of these cycles is defined as
malignant if the cell composite leads to predetermined disadvantages for the organism.

In the contemporary context [4, 6], the field of cancer research is dominated by a
predominant paradigm that perceives cancer progression as a multifaceted, individual
process that occurs on an evolutionary basis. This paradigm is characterised by the
presence of partially random mutational processes, which involve the emergence of
genetic driver, passenger, and mutator alterations.

Stochastic processes in cancer evolution depend on complex underlying biological and
biochemical actions and interactions, including, but not limited to

+ Patient factors such as comorbidities, fitness, or immunodeficiency

Tumour attributes (e.g. tumour age, localisation, or organ type)

Medical therapy (e.g. surgery, medication, or radiation)

Histological characteristics (e.g. cancer cell type, degree of malignancy, or cell
receptor status)

» Underlying primarily genetic causes [7, 8] (e.g. mutations and clonal selection)

» Underlying non-directly genetic causes [7, 8, 9, 10] (e.g. the tumour microenvi-
ronment and non-genetic variability)

Cancer progression is a current research topic with very limited predictability for spe-
cific settings [8, 111}, [12]. Recently, Diaz-Colunga et al. [8] compared different cancer
progression models (CPMs) to prospectively predict short-term mutations in specified
tumour evolution scenarios.



Short-term mutations of a given tumour genotype in this context were the next muta-
tion n+1, leading to the new genotype. Therefore, MHN, among Conjunctive Bayesian
Networks (CBN) [13, (14, [15], Oncogenetic Trees (OT) [16, [17], CAncer PRogression
Inference (CAPRI) [18] [19] and CAncer PRogression Extraction with Single Edges
(CAPRESE) [20] were investigated (citation, as seen in [8]). One shared conclusion
was that CPMs could potentially provide a gain of knowledge for prospective tumour
evolution. Still, more research is needed in specific settings for reliable and stable
predictions for use in medical practice.



3.2 Mutual Hazard Networks

Mutual Hazard Networks (MHN), published by Schill et al. [21], is a machine learn-
ing algorithm that infers cyclic progression models from cross-sectional data using a
continuous-time Markov process as a tumour progression model. Given events that
can be represented as binary events (e.g. mutations, copy number alterations, methy-
lation data or epigenetic data) in a collective of data sets, this algorithm can generate
two types of connections between events. The first type is an interconnected network
of events. It shows the frequency of occurrence and spontaneous fixation of binary
events and their multiplicative effects on the rates of successive events. This rate can
be facilitating or inhibiting. The second type of connection is a possible sequence of
events calculated using maximum likelihood paths leading from a initial tumour pro-
gression state to the observed tumour state.

Unlike other algorithms in the field (e.g. Conjunctive Bayesian Networks (CBN) [22]),
MHN allows cyclic graphs and therefore mutual exclusivity. Mutual exclusivity is the
term given to the phenomenon in which if a specific event occurs, it is unlikely that
another specific (mutually exclusive) genetic alteration will occur in the same tumour.
This phenomenon is often observed in cancer genetic analysis [23]. It can occur, for
example, when the events are in different pathways or potentially lethal.

Following the notation, variables and definitions of Schill et al. [21], the Markov process
is specified by a system of n functions:

=0 x;

After an MHN-model is learned, the ©-matrix is given by:
@ij = egij € R™™, (2)

The base risk of event i, given by 0, is defined as the rate in a neutral state, which
means prior to other simulated events happening. When event j happens, the multi-
plicative effect of event j on the rate of event i is given by ©,;.

Furthermore, additional developments and extensions have been devised or are cur-
rently being developed for MHN [24, 25, 26, including an efficient computing library for
Python [27], which is utilised in Section (5.4
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3.3 Gillespie algorithm

Gillespie et al. [28] described two main formalisms for simulating the time behaviour
of spatially homogeneous chemical systems. The first one is the stochastic approach,
which treats temporal evolution as a kind of random process driven by a single differ-
ential equation (the “master equation”). The other one is the traditional deterministic
approach, which views temporal evolution as a continuous, fully predictable event-
driven set of coupled ordinary differential equations (the “reaction rate equations”).
The Gillespie algorithm was first published in 1977 [28] and was initially used to sim-
ulate (bio)chemical reaction systems with known reaction times and limited computing
power. It uses a strictly derived Monte Carlo method. Monte Carlo methods are com-
putational algorithms based on repeated random events.

The Gillespie algorithm uses the stochastic approach and therefore does not attempt
to approximate infinitesimal time steps df with finite time steps At.

Since its publication, (modified) Gillespie algorithms have been used in many modifi-
cations in various fields. See, for example, [29, 30, 31].

11



4 Methods and used data sets

4.1 Data set selection and restrictions

One type of publicly available data set employed in this study to obtain raw tumour
data, as required in Section 5.1} is fully pre-processed and displayed in Section 4.2,
These data were utilised in Schill et al. [21] and Gerstung et al. [13]. In this study,
these data are employed to establish a comparison with a designated reference.
Another category of publically accessible data sets is utilised to obtain genetic profiles
of tumour data that have undergone sequencing. However, the utilisation of these
data in Chapter [5| necessitates preliminary processing for the purpose of conducting
simulations and adapting to their underlying algorithms, as outlined in Section 4.3 In
order to identify suitable data sets for the further validation of the data and to provide a
foundation for real-world tumour data, the cBioPortal [32, [33] platform was employed.
It is important to note that all of the data sets utilised in this study, in conjunction with
the used models, are reliant upon the analysis of bulk tissue mutational profiles. It is
noteworthy that the precise correspondence of sequences to cellular or cell population
levels remains to some extent ambiguous [34].

4.2 Reference data sets

The data set referred to as Baudis contains mutational profiles that were published
with the Progenetix database (Baudis et al. [35]). For the purposes of this study, the
preprocessed data that was published by Schill et al. [21] has been utilised. The data
set is composed of 817 cases of breast cancer, 570 cases of colorectal cancer, and 251
cases of renal cell carcinoma, which were characterised by 10, 11, and 12 recurrent
copy number alterations, respectively.

12



4.3 Preprocessing pipeline and basic model constraints

As data sets require preliminary processing for the purpose of our simulations, this is
undertaken in accordance with a standardised procedure:

To uniformly convert ensemble transcript IDs to ensemble Hugo symbols EnsDb.H-
sapiens.v86 was used with the R-Package of Rainer J. [36]. The sequenced data set
was filtered for binary mutation information without distinguishing between different mu-
tation types (like frame-shift, missense or silent). For each data set, unless otherwise
specified, and to simulate efficiently without deeper prior knowledge, the ten most mu-
tated genes (samples with at least one mutation, according to the cBioPortal website
[32, [33]) were utilised in the extraction process. When comparing two data sets, the
most quantitatively mutated genes from each data set were used, and genes not exam-
ined by the other data set were discarded. This pipeline did not address comparability
issues caused by different next-generation sequencing processing methods.

In addition to retrospective analyses of the evolution of de novo tumours, this study
also employs a prospective approach to tumour simulations. The objective is to identify
potential mutations that could occur in an existing tumour as it progresses further along
its development trajectory. It was thus necessary to simulate events derived from data
sets comprising genetic data from a minimum of two distinct temporal stages of devel-
opment. The model was defined as requiring that the later data set must be a genetic
descendant of the earlier data set. In the preparation process, it was essential to en-
sure data quality and to simulate only existing tumours. Therefore, data points without
sequencing time or mutations in a set of the ten most frequently mutated genes were
discarded.

13



4.4 cBioPortal data sets

The first data set of these data sets, referred to as Metabric, was published by Pereira
et al., Rueada et al. and Curtis et al. [37, 38, 39]. This data set comprises targeted
sequencing of 2509 primary breast tumours with 548 matched normal tissue samples.
Of these tumour samples, 2369 samples remain after pre-processing.

The second data set, referred to as Razavi or Razavi Breast, published by Razavi et
al. [40], includes sequencing (of the MSK panel) of tumour/normal sample pairs from
1918 breast cancers, of which after pre-processing, 1542 are available.

The third data set from Kan et al. [41] consists of 187 primary breast tumours from
a Korean cohort (referred to as SMC). Of these, 185 records can be used after pre-
processing.

Three data sets were employed for the progressive simulations:

One of these data sets was published by Jordan et al. [42], and referenced here as
Jordan Lung. The cohort comprises 860 patients with metastatic lung adenocarcinoma
who underwent genetic analysis and, if appropriate, targeted treatment according to the
identified gene mutations. With the exception of patients with multiple samples or those
also present in Jee et al. [43] (see description below), 764 samples with the 40 most
common gene mutations were employed as a learning set in Section[5.4] The second
data set was published by Jee et al. and will be referred to as Jee Lung. The data set
features targeted sequencing from 1127 patients with metastatic non-small cell lung
cancer (NSCLC) and ctDNA-guided therapy. In Section of this data set 474 were
used in the corresponding learned model for the individual tumour progression simula-
tion (n=34 pairs). In Section [5.4] the data set was used for testing purposes, utilising
the 40 most frequently mutated genes from the Jordan Lung data sets. From the initial
set of 2621 genetic profiles, those comprising a single data point were primarily ex-
cluded (remaining n = 2233). Subsequently, data sets exhibiting identical mutations in
a single patient (remaining n = 1604) were excluded, again resulting in the exclusion
of patients with only one remaining data set (n = 1485). In consequence, 1054 sets
resulted in a progressive simulation, and of these, 953 were deemed valid, as no con-
flicts were identified in the mutational order (as described in Section [5.3). Data sets
lacking mutations in the 40 analysed genes have been excluded, leaving 562 sets (of
346 patients) with two evolutionary times. At last, the patients with lung problems that
were seen in Jordan have been filtered out, leaving n = 532 (of 334 patients) data sets.
The last data set was published by Lengel et al. [44] and will be henceforth referred to
as Lengel Lung. This data set contains 2532 lung adenocarcinomas and was collected
with a focus on the study of metastatic organotropism. Of these lung adenocarcinomas,
1989 were used in the learning process and 25 pairs were used to test the individual
progression simulation in Section 5.3

14



Table 1
Synopsis of utilized data sets

Data set Type Section n available n used
Progenetic/Baudis Breast cancer 5.2 - 817
Progenetic/Baudis Colorectal cancer 5.2 - 570
Progenetic/Baudis  Renal cell Caricoma 5.2 - 251
Progenetic/Baudis Glioblastoma 5.2 - 261
cBioPortal/Metabric Breast cancer 5.2 2509 2369
cBioPortal/Razavi Breast cancer 5.2 1918 1542
cBioPortal/SMC Breast cancer 5.2 187 185
cBioPortal/Jee Lung cancer 5.3 1127 474L, 34P*2S
cBioPortal/Lengel Lung cancer 5.3 2532 1989L, 25P*2S
cBioPortal/Jee Lung cancer 5.4 1127 334P, 532S
cBioPortal/Jordan Lung cancer 5.4 860 764

"Note: The following is an overview of the used data sets, with the number of patients
nin learning or testing indicated when there is no character. The following characters
are further delineated in this table: The symbol L denotes the number of patients in the
learned data, whilst P refers to the data points in the testing phase. The symbol S is
used to refer to the available data points.

15



4.5 Modified Gillespie algorithm simulation using MHN

Definitions and algorithmic details of our modified Gillespie algorithm simulation using
MHN are explained below.

The impact of gene J (corresponding index j) is defined as a constant number rep-
resenting the sum of all multiplicative effects (as absolute values) that an event of gene
J has on other simulated genes (indexed 0..n).

n

Impact(.J) =) _ |6;]. (3)
by

The probability of a given event X (corresponding index x) occurring next is defined as
P(X). Let I be the set of all possible events. We define two subsets:

* N ={y,...,y,} C I contains events that have not yet occurred.

* M ={z,...,zn} C I contains events that have already occurred.

P(X) is calculated by:

P(X) = g (4)
with
u = eemm+ZleA4 0z (5)
and
s — Z (69kk+ZzeM ekl) (6)
keN

The observation period 7' is defined as the (unknown) time from a hypothetical mutation-
free individual or cell ¢, to the time of first diagnosis (here, the time of first sequencing).
An event period t.,.; is defined as the time between the previous and the next event.
In addition to mutations, the current event can be t,, and the next event can be the end
of the observation period 7. When the actual time ¢ and the actual event time t.,.,; is
greater than 7', the end of the observation time is reached. According to Schill et al.
[21], the simulated time is an abstract variable that cannot be translated into real time
and was simulated using the exponential distribution.

16



Let a, b be random numbers with:

a,beR:a,b~U(0,1). (7)
then
1
and lo(h
tevent = — Og( ) (9)

S
If an event occurs within the observation, a random number ¢ € R : ¢ ~ U(0,1) is
used to determine which event X € N will be drawn. The event is selected such that

the cumulative probability "  P(i) first exceeds c. This process is referred to as
i€EN,i<X
calculate random event.

The probability Pr(X) of an event X occurring in an observation period 7" is simulated
using a modified Gillespie algorithm. A simplified iteration of this algorithm is described
in the Algorithm([i] An iteration represents one observation period. After each iteration,
a tally is made of each mutated gene. After 1000 simulations, the probability Pr(X) is
approximated from its observed appearances.

Algorithm 1 lteration of modified Gillespie
Require: 7', ©
1: t < 0, calculate all P(X)
2. whilet<T & N#0 do
3 calculate s, toyent
4 if t +topens < T then
5 event = calculate random event
6 update(N ), update( M)
7 update all remaining P(X)
8
9
10:

end if
t<+t + tevent
end while

17



4.6 Interactive tumour simulation

The development of the prototype software was conducted in JavaScript, utilising the
D3.js JavaScript library. The prototype software comprises two distinct parts:

The first part is a web interface (also referred to as front-end), where a user, given
a certain tumour genome and a corresponding learned ©-matrix, can simulate auto-
matically or manually further possible mutations with the statistics described in Section
[4.5] Genes are arranged in accordance with the actual probability of mutation, in order
to facilitate intuitive anticipation of subsequent potential mutations. By positioning the
cursor over a specific gene, a preview of the calculated probability of that gene being
affected by the event is provided.

The utilisation of such simulation software has the potential to assist medical profes-
sionals in enhancing their clinical decision-making capabilities in the future. As this
software is intended primarily for scientific purposes, its design was inspired by the
”Publication Manual of the American Psychological Association” [45] for scientific ta-
bles.

The second component is the back-end, the function of which is to provide and calcu-
late statistical and simulation data. This data has previously been mentioned, and it is
based on a ©-matrix (see Section [4.5). Figure [1] presents a screenshot exemplifying
the software interface. This part has been further developed for the purpose of valida-
tion and testing, a process which is described in Sections and[5.2

4.7 Statistical analysis software

The software R version 4.1.2 was utilised in Chapter [5] to preprocess data sets, and
the R packages survival [46], groupdataZ2 [47], dplyr [48] and survminer [49] were
employed for further statistical analysis and the creation of statistical graphs. In the
context of simulations, the software delineated in Section [4.6] will be utilised.

18
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5 Results

In this Chapter, the developed simulation algorithm is first of all subjected to a validation
for the correctness of its implementation in Section 5.1} This is followed by validation
with different data sets in Section[5.2] and a highly specified progressive tumour simu-
lation with comparison to cases with two temporal data points is performed in Section
5.3l The model will be extended and tested in a presumably realistic scenario with
corresponding survival data in Section 5.4/

5.1 Internal Validation

In order to ascertain the correctness of the implemented algorithm in JavaScript, and
due to the unavailability of a suitable modified Gillespie algorithm in JavaScript for com-
parison with the one implemented here, an internal validation was performed with an
existing basic Gillespie algorithm in Python [50].

This validation was conducted after further development and modification of the original
Gillespie algorithm. Utilising the JavaScript and Python implemented Gillespie simula-
tion algorithm, three simulations with the reference data set of breast cancer, described
in Section[4.2)and the corresponding ©-matrix of 10.000x1.000 tumours were performed
with random exponential time using parameter » = 1 of the Python and the JavaScript
algorithms.

Figure [2 shows a density plot comparing the simulated mutation count of the gene -
13q between these two implementations. As the random exponential function was also
implemented in JavaScript, this was validated with the pre-existing random number
function used in MHN (visualised in Figure [3).
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Density distribution, breast cancer dataset, gene -13q, 10000 iterations
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Figure 2

Density plot comparing the mutation count of the gene -13q with 10000 observations
of 1000 tumour simulations from two implementations of the iterative Gillespie
algorithm (Python: first data set: mean 246.3528, sd 13.57628, second data set:
mean 246.527, sd 13.56794, third data set: mean 246.5293, sd 13.64655; JavaScript:
first data set: mean 246.5714, sd 13.56432, second data set mean 246.5632, sd
13.60509, third data set: mean 246.5938, sd 13.4838). Breast cancer data set
(Baudis) from Section[4.2 processed by MHN with \ = 0.01.
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Density plot of random points with exponential time distribution
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Figure 3

Density plot comparing two exponential distribution random functions with observation
time 1 as a parameter, using R-function rexp(mean 0.9983856, SD 1.015696) as used
by MHN and the developed JavaScript simulation algorithm (mean 0.9943825, SD
0.9809427). Time was simulated with 10000 data points and plotted in the range 0-6.
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5.2 External Validation

In order to obtain validation of different data sets, a number of different data sets, as
described in Chapter [4, are used. A semi-automated pipeline was developed, com-
prising the JavaScript implementation of the modified Gillespie algorithm for simulation
and the unmodified MHN package in R for learning and training. The generation of
simulated tumour data worked as follows:

1. Prepare a data set of n samples of tumours with g binary events, called raw
tumour data

2. Generate a matrix © ;5 using MHN on the raw tumour data, ©,,,y denoted as
MHN: data set name (e.g. MHN: Breastcancer)

3. Generate n simulated tumour data using the modified Gillespie algorithm with
Oy, called simulated tumour data

4. Generate a matrix ©¢;; using MHN of n simulated tumour data, O, referred as
SIM: data set name (e.g. SIM: Breast Cancer)

5. Validate

Validation was performed in-dataset, meaning that an MHN data set (2) was checked
against its raw tumour data (1) or a SIM data set (4) was checked against its simu-
lated tumour data (3). The quality criteria employed were consistent with those used
by Schill et al. and included the likelihood score Score implemented in MHN, 5-fold
cross-validation (5F-CV), and the Akaike Information Criterion (A/C). Furthermore, a
comparison was conducted between different data sets, designated as Intra-Dataset.
The likelihood score, denoted as M-Score, was employed as a comparison parameter
for SIM data sets with raw tumour data. The Kullback—Leibler divergence, represented
as KL, was utilised to assess the similarity between processed SIM data and MHN
data. Finally, referred to as Cross-Dataset, the Akaike Information Criterion, desig-
nated as M-AIC, was employed to evaluate the compatibility between SIM data and
raw tumour data.

M-Score, KL and M-AIC were also used analogues between different data sets MHN
Dataset1 x SIM Dataset2”, meaning that a model was learnt on Dataset1 and tested
on Dataset2. M-Score compares a learned model of Dataset? and the raw data of
Dataset1. For the M-AIC, the aforementioned M-Score was used with n of Dataset2.
In order to validate this methodology, an initial evaluation of tumour data generated by
the Gillespie simulation was conducted on the same samples that Schill et al. used for
their validation. These were published by Baudis et al. [35] and are shown in Figure 2]
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The second stage of the validation process entailed an evaluation of the tumour data
generated by the Gillespie simulation on the samples described in Section and
depicted in Table [3]and Table

In order to create a first visual impression of real-world data, Figure[4presents a picture
which was drawn like a screenshot of cBioPortal with Razavi-Data, alongside SIM-
Razavi-Data from the tumour simulation.

Table 2
Validation of MHN against SIM Data using Baudis-Data

In-Dataset! Intra-Dataset?
Data set n Score 5F-CV AIC M-Score KL M-AIC
MHN: Breast cancer 817 -5.62 -5.67 9191 - - -
SIM: Breast cancer 817 -549 -552 8978 -5.69 0.0223 9299

MHN: Colorectal cancer 570 -562 -569 6411 - - -
SIM: Colorectal cancer 570 -5.75 -5.80 6558 -5.71 0.0349 6515

MHN: Renal cell carcinoma 251 -4.87 -5.02 2445 - - -
SIM: Renal cell carcinoma 251 -520 -5.37 2608 -4.99 0.0589 2507

MHN: Glioblastoma 261 -7.70 -7.91 4020 - - -
SIM: Glioblastoma 261 -6.70 -6.88 3495 -8.05 0.1354 4200
"Note: A = 0.01 and mutational gene data (Baudis) as described in Section 4.2 were
used. '2: For more information, see Section[5.2]
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5.3 Progressive tumour simulation

In addition to retrospective analyses of the evolution of de novo tumours, this study
employs a prospective approach to tumour simulations. The objective is to identify
potential mutations that could occur in an existing tumour in the further course of its
development. The data set was split into two parts: one containing only one evolution-
ary point per case, and one containing cases with multiple data points. Since suitable
simulation data are rare, the single development point data set (with the number of
data points ny) was used to learn an MHN model, and the data set with multiple time
points data points was used for testing and simulation. The temporal order of the test
set was defined primarily by sequencing time and secondarily by location (as it can be
assumed, for example, that a metastasis originates from a primary tumour). In the sim-
ulation process, performed by the simulation software described above on individual
data points from the same patient, the number of mutated genes in the earlier (ey.r)
and later sets were counted and compared, generating the number of mutations to
simulate eg;,, in one iteration. In addition, sets with mutations in the earlier data set that
were absent in the subsequent data set were excluded, as they lack direct descendants
within our model. Using the number of events, a learned model and the previous muta-
tions of an individual tumour, 1000 simulations were run with these pairs of sets (nr).
Comparing these simulated events with real alterations gives us the number of right
(Rsim) and wrong simulated events (W,;,,). A descriptive statistical analysis followed
this (results are shown in Figure [5). For comparability, a baseline simulation was per-
formed without a priori knowledge, where all gene mutations have the same probability
of occurring and don’t affect the probability of alterations in other genes. This expected
number of randomly right mutations R,,.,q (number of randomly wrong simulated W,.,,.4
analogue) was calculated by:

) (10)
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As shown in Table |5, prospective analysis of this data set provides simulation results
that are closer to reality than random events and is, as such, a legitimate approach
for further research in progressive tumour simulation. In order to better understand
this, it should be said that the quality and results of the trained and tested data depend
not only on the algorithms used, but also on the quality, quantity and other factors
(such as homogeneity) of the data sets. As also described in Diaz-Colunga et al. [8],
more specific raw data sets of highly defined scenarios (as the scenario demonstrated
above) are required. Furthermore, genetic or biomedical processes in this context are
not deterministic but follow stochastic processes. This means that genetic alterations of
an existing tumour can develop with different probabilities in different directions, without
having only one possible genetic pathway.

Table 5
Simulation and Verification of progressive simulated tumour data

Data set nr nr  €pef Esim RSim WSim Rrand Wrand O R

Jee Lung” 474 34 29 43 13129 29871 6116.27 36883.73 2.65
Lengel Lung® 1989 25 34 32 7121 24879 5155.952 26844.05 1.49

"Note: A = 0.01, *Ten most frequent genes of the data sets according to cbioportal
were used. n;: number of data points learned. ny: number of data points tested. e;.:
events that happened before simulation. e;,,: number of simulated events. Rg;,,: num-
ber of events simulated right. Ws;,,: number of events simulated wrong. OR: Odds-
Ratio.
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5.4 Comparison of prospective simulated and real tumour data
and possible prognostic impact in lung cancer

The following Section aims to provide a comparative analysis of simulated tumour data
and real tumour data with regard to their possible prognostic impact. Therefore, a
model © is derived from a study and its data set. The progressive tumour simulation
is based on a different study, with the objective of utilising this data to ascertain its
prognostic value.

The initial stage of the Section [5.4.1|involves the calculation and comparison of simu-
lations of the aforementioned prospective simulated tumour data and real tumour data.
Subsequent to this, the potential gene mutation in lung tumours of the gene STK11 /
LKB11 in tumours is examined for survival analysis (see Section[5.4.2).

Furthermore, the final Section of the text presents a statistical analysis and sur-
vival graphs, which evaluate the potential impact of the gene mutation in question. This
analysis is contextualised within the broader framework of the significance of other mu-
tated genes and patient factors.

In order to achieve this objective, an extended model of the MHN was selected, as
published in Python (as described in Section [3.2), with A = 0.0013 and 40 analysed
genes.

The first Jordan Lung data set (n=764 with 40 genes, as outlined in Section [4.4) with
advanced (in this case metastasised) lung adenocarcinomas was employed for the
purpose of training an MHN-Model (©-Matrix). Based on the aforementioned learned
model ©, a second data set is prepared for test simulations. This is the Jee Lung data
set, which contains genetic sets of metastatic non-small cell lung cancer (NSCLC) but
comprises multiple samples collected at different times or from other locations (n=532
simulations; see Section for details). The resulting simulated set comprises 532
simulations between two evolutionary points.
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5.4.1 Prospective simulated tumour and real tumour data

The initial analysis (see Table [6) was conducted in a manner analogous to that de-
scribed in Section [5.3] with the exception that the temporal order of the test set was
defined solely based on the number of mutated genes. A simulation was conducted
with 1000 iterations using the aforementioned gene set of 532 real tumour data, incor-
porating both earlier and later gene sets. The number of mutations that occurred in
reality, represented by e,;,,, was used as the basis for the simulation.

Table 6
Prospective simulated tumour data and real tumour data

Data set nr, nr Chef Csim RSim WSim R’r‘and Wrand OR
Jee Lung 764 532 848 1203 204895 998105 80755.68 1122244 2.85

Note: A = 0.01, 40 most mutated genes of Jordan Lung were used. n;: number of
data points learned by Jordan Lung. nr: number of data points tested on Jee Lung.
e €vents that happened before simulation. eg;,,: number of simulated events. Rg;,:
number of events simulated right. Wg;,,: number of events simulated wrong. OR:
Odds-Ratio. p-Value (Fisher’s exact test/Chi-squared test) < 2.2¢ — 16.
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5.4.2 Survival analysis in tumours with a likely mutation in STK71 /LKB1

Subsequent to the aforementioned simulations and for the examination of the gene
STK11 /LKB1, a further study was initiated. The gene STK11 /LKB1 (referred to as
STK11) is currently the subject of research in the field of non-small cell lung cancer
(NSCLC) due to its association with a lack of response to immunotherapy in some pa-
tients [52, 53]. Consequently, a change in therapy regimen is being considered [54,
55]. The gene has been used to divide patients into two groups:

The first group encompasses instances where the occurrence of the event is deemed
probable within the simulation models (with a probability greater than > 20%, referred
to as STK11 probable or STK11 likely). The second group comprises cases where the
event is not probable (with a probability of < 20%, referred to as STK11 not probable
or STK11 not likely).

Within each group, different samples from the same patient have been included or
excluded in the calculated Kaplan-Meier curves. At the time of sequencing, it is un-
clear whether additional samples will be forthcoming or if more samples will follow.
Consequently, different approaches were simulated in which the same patient may be
represented in the same or different groups multiple times, never, or once (see Figures
and [6). For more information, please see the supplementary data with Figures
and[16l

For Figure , the number of simulated events e, /rumouwr Was chosen as the number of
events in real data. As the simulated number of events per tumour set, e, /tumour, that
occurred in the real-world data set was not uniform and could distort the results, an-
other simulation with real-world survival data was performed with e, /tumour = 5 (SE€
Figure[6).

In Figures [5a] and [6a], different samples of the same patients could be represented in
different groups. Each group can have more than one sample from the same patient.
Figures [bb| and |6b| show data, where patients with data points in different groups are
filtered. Within a group, a patient is represented once. Please note that tumours in
which STK11 is already mutated (referred to as STK11 is) are included (see below for
further details).

As the Gene STK11 has the capacity to mutate either before the initial genetic analysis
or the first data point (referred to as STK11 early or STK11 is) or in the subsequent
data point (referred to as STK11 late), Kaplan-Meier curves were constructed for the
purpose of comparison. Figure [7| shows a not significant difference between STK711
late and STK11 likely data. Whereas Figure [8] provides an overview of the four groups
(STK11 early, late, unlikely and likely).
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Figure 5

The Kaplan-Meier curves illustrate forward simulations with a learned model © from
Jordan Lung Data set with real tumour data of Jee-Lung, as described in Section[5.4,
Number of events individually simulated per tumour e, jwumour- P-value calculated by
log-rank test.
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(b) €sim/tumour @S in real-world data. Patients with data
points in different groups are filtered. In a group, each
patient can have one sample only. STK11 probable

(> 20%,n=97), STK11 not probable (< 20%, n=192),
STK11 is mutated (n = 16), *p < 0.01.
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Figure 6

The Kaplan-Meier curves illustrate forward simulations with a learned model © from
Jordan Lung Data set with real tumour data of Jee-Lung, as described in Section[5.4,
Number of events individually simulated per tumour e, j1umour- P-value calculated by
log-rank test.
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(b) €gim/tumour = 5. Patients with data points in different
groups are filtered. In a group, each patient can have one
sample only. STK11 probable (> 20%,n=187), STK11 not
probable (< 20%, n=113), STK11 is mutated (n = 16)

**n < 0.01.
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Strata STK11 late =+ STK11 likely
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Figure 7
The following comparison is made between simulated data, in which STK11 is likely

(n = 187) and the case in real data, in which STK11 mutates in a late data point
(n = 34). The p-value (p = 0.22) shows no significant difference.
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Strata STK11 early STK11 late =+ STK11 unlikely STK11 likely
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Figure 8

The following comparison was made between the early (n = 24) and late (n = 34)
STK11-mutation groups, as well as the simulated probable (n = 187) and not probable
(n = 113) groups. *p < 0.05.

As demonstrated by the data presented above, which shows statistical significance in
accordance with the hypothesis that a likely STK71 mutation in our model is a prog-
nostic factor, further studies are to be conducted with the following constraints:

The progression model with e, /+umour = 5 @ppears to be a more appropriate approach,
particularly in light of the uncertainty surrounding the number of mutations within a bulk
tumour that are responsible for its further development. For further details on this topic,
readers are referred to Section[4.1] Consequently, the progression model with five mu-
tations will be utilised.

The grouping model, in which patients are permitted to have only one sample within a
single group, appears to be the most statistically appropriate model. For this reason, it
will be used for further investigations.
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5.4.3 Possible STK11/LKB1 mutations in the context of statistical survival with
other genes and patient factors

The following investigation will firstly establish the context of STK71 mutations in rela-
tion to other genes and survival rates. Subsequently, it will be contextualised within a
statistical framework, with patient factors being taken into consideration.

In the initial phase of the investigation, the genes that exhibited the most significant
impact on STK11 were selected, and a univariate Cox regression analysis was con-
ducted, as illustrated in Table [/, For the genes that demonstrated significance in the
initial analysis, a multivariate Cox regression was conducted, and the results are pre-
sented in Table [8

Table 7
Univariate Cox regression in specified genes and probable STK11-mutations.

Gene Beta HR (95% CI for HR) Wald-test p-value
STK11-likely 0.47 1.6 (1.1-2.3) 7.2 0.0073 **
KRAS 0.45 1.6 (1.1-2.2) 7.1 0.0077 **
KEAP1 1.2 3.3 (1.5-7.6) 8.2 0.0043 **
EGFR -0.46 0.63 (0.44-0.91) 6.1 0.014*
TP53 0.39 1.5(1.1-2) 5.8 0.016 *
PTPRD -15 3e-07 (0-Inf) 0 0.99
MET -0.09 0.91 (0.51-1.6) 0.09 0.77
SMARCA4 0.62 1.9 (0.26-13) 0.38 0.54
RBM10 0.62 1.9 (0.26-13) 0.38 0.54

Note: Significance codes: 0.001 ***’, 0.01 ™**, 0.05 "’. Genes with the most impact
on STK11 derived the ©-model from Jordan Lung were selected. The gene EHB1 was
dismissed, as no occurrence was found in Jee Lung.

Abbreviations: Beta: Beta coefficient, 95% CI for HR: Hazard ratio (95 % confidence
interval), Wald-Test: Wald Test.

Table 8
Multivariate Cox regression analysis in specified genes and probable
STK11-mutations, for more details, see Table .

Gene Coef HR SE(Coef) Wald p-value
STK11-likely 0.40429 1.49823 0.42696 0.947 0.34370
KRAS 0.44573 1.56163 0.20149 2.212 0.02695 *
EGFR 0.09762 1.10254 0.42504 0.230 0.81835
KEAP1 1.34981 3.85668 0.48631 2.776 0.00551 **
TP53 0.43001 1.53727 0.18301 2.350 0.01879 *

Note: Significance codes: 0.001 "***, 0.01 "**’, 0.05 **'.
Abbreviations: coef: Coefficient (B), HR: Hazard ratio (exponential of the coefficient
(B)), SE(Coef): Standard error of the coefficient, Wald: Wald statistic value.
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Given the finding that multiple genes demonstrated significance in a multivariate Cox
regression, it is proposed that these genes should be explored individually with Kaplan-
Meier curves in the context of possible STK11-mutations. As demonstrated in the study
by Boeschen et al. [56], mutations in KRAS, STK11, and KEAP1 exhibit significant
co-occurrence in NSCLC, leading to a consequent reduction in the number of cases
available for the subsequent analyses. It should be noted that some of the figures
present data on a comparatively limited number of cases. However, these figures are
incorporated for the sake of comprehensiveness.

« KRAS is shown in Figure [9)and Figure [10]

« KEAPT1 is shown in Figure[T1] It is notable that no cases were observed in which
KEAP1 was mutated and STK71 was likely, and thus the case in which KEAP1
was mutated and STK71 was unlikely was included in Figure[11]

« TP53 is shown in Figure[12/and [T3]

 EGFR In contrast to the other genes analysed, the presence of mutations in
the epidermal growth factor receptor (EGFR) does not show any cases where
STK11 is likely and EGFR is mutated. Furthermore, a mutation in EGFR shows
a worse survival curve than in the case where a STK71 mutation is likely. It can
be hypothesised that these genes are mutually exclusive (see Figure[14).
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Figure 9

In this particular instance, the analysis indicates that KRAS is mutated. The data
presented in the graphs demonstrates a high likelihood of a STK11-mutation (n = 1)
and a low likelihood of a STK11-mutation (n = 6), as described in the preceding

Section .
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Figure 10

In this particular instance, the analysis indicates that KRAS is not mutated. The data
presented in the graphs demonstrates a high likelihood of a STK11-mutation (n = 113)
and a low likelihood of a STK11-mutation (n = 107), as described in the preceding

Section[5.4, **p < 0.01.
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Figure 11

In this particular instance, the analysis shows the gene KRAS. The data demonstrates
that KEAP1 is not mutated, with a high likelihood of a STK11-mutation (n = 187) and a
low likelihood of a STK11-mutation (n = 105). It also includes the case where KEAP1
is mutated and STK11 is likely (n = 8). ***p < 0.001.
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In this particular instance, the analysis shows the gene TP53. The data demonstrates,
that TP53 is mutated, with a high likelihood of a STK11-mutation (n = 121) and a low
likelihood of a STK11-mutation (n = 53).
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In this particular instance, the analysis shows the gene TP53. The data demonstrates
that TP53 is not mutated, with a high likelihood of a STK11-mutation (n = 66) and a
low likelihood of a STK11-mutation (n = 60). *p < 0.01.
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Figure 14

In this particular instance, the analysis shows the gene EGFR. The data

demonstrates that EGFR is not mutated, with a high likelihood of a STK11-mutation
(n = 187) and a low likelihood of a STK11-mutation (n = 16). It also includes the case
where EGFR is mutated and STK11 is not likely (n = 97). *p < 0.05, p-Value without
"EGFR not mutated - STK not likely”: **p = 0.0072.
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The last investigation will employ univariate Cox regression in probable STK11-mutations
and patient data. Initially, the base factors of patients and likely STK7 7-mutations were
selected, as illustrated in Table[9] For the factors that demonstrated significance in the
first analysis, a multivariate Cox regression was conducted and is presented in Table
10l

Table 9
Univariate Cox regression in probable STK11-mutations and patient factors.

Gene Beta HR (95% CI for HR) Wald-test p-value
STK11 0.46 1.6 (1.1-2.2) 7.1 0.0079 **
Sex -0.23 0.8 (0.58-1.1) 2.1 0.15
Prior treatment 0.9 2.5 (1.7-3.6) 22 3.1e-06 ***
Smoking status -0.3 0.74 (0.53-1) 3.2 0.073
Age current 0.0076 1(0.99-1) 1.2 0.27

Note: Significance codes: 0.001 "***, 0.01 "**’, 0.05 **'.
Abbreviations: Beta: Beta coefficient, 95% CI for HR: Hazard ratio (95 % confidence
interval), Wald-Test: Wald Test.

Table 10
Multivariate Cox regression analysis in probable STK11-mutations and patient factors,
for more information see Table[12,

Gene Coef HR SE(Coef) Wald p-value
STK11 0.4032 1.4967 0.1752 2.302 0.0213 *
Prior treatment 0.8670 2.3799 0.1931 4.490 7.12e-06 ***

Note: Significance codes: 0.001 "***’, 0.01 ™**’, 0.05 .
Abbreviations: coef: Coefficient (B), HR: Hazard ratio (exponential of the coefficient
(B)), SE(Coef): Standard error of the coefficient, Wald: Wald statistic value.

45



6 Conclusion and Discussion

In conclusion, the feasibility and validation of a machine learning-based simulation util-
ising MHN and a modified Gillespie algorithm have been demonstrated. Furthermore,
a scientific prototype simulation software interface for individual tumour evolution simu-
lation has been developed, and a statistically significant prognostic prediction of tumour
evolution has been performed.

In order to evaluate and validate the simulation software, three different types of vali-
dation and one kind of prognostic prediction were conducted:

* First, genetic sets of tumours randomly generated on a learned model were re-
learned and then compared with the original learned data set. This was per-
formed on the four different cancer types, which were used by Schill et al. [21]
(originally published by Baudis et al [39]).

« Second, tumours of the same type (breast cancer) were prepared from three
different data sets (Razavi [40], Metabric [37, 38, 39], SMC [41]). Each data
set was learned, random tumours were generated from this learned model and
relearned, and each data set from a different study was compared at least once
with data from another study.

 Third, a model was defined in which tumours with tumour data with at least two
different evolutionary developmental points were prepared. Lengel [44] and Jee
[43], both lung cancer data sets, were used as baselines. Here, tumours with
less than two evolutionary points were used to learn a model; this model was then
used with the earlier data sets with more than one evolutionary point. Progressive
simulations were run on these tumours and then compared with the data sets of
their biological genetic descendants.

» The prognostic prediction entailed applying a learned model © derived from a
lung cancer data set (Jordan Lung [42]) to the progressive tumour simulation of
another lung cancer data set (Jee Lung [43]). A statistically significant prognostic
value was demonstrated for the prediction of the gene STK11 /LKB1. This gene
is currently subject of research in the field of non-small cell lung cancer (NSCLC)
due to its association with a lack of response to immunotherapy in some patients,
where a change in therapy regimen is being considered.
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The above-described results are promising, but there are limitations:
» A reduced and simplified gene set was used

» The data sets originate from (now) retrospective different studies of the same
or different cancer (sub)types, including different patient cohorts and, in some
cases, small numbers of suitable subjects. In addition, different pipelines were
used for the genetic sequencing of the data sets, with different sets of genes
being analysed.

 Although the prediction of STK711 shows promising results, it's possible that the
actual results will not only show a single possible gene mutation, but rather a
network of genes, which could also result in a medical prediction score rather
than a gene mutation prediction.

It is further noted that this type of genetic analysis and simulation can be applied to
other areas of emerging resistance, such as viral diseases (e.g. HIV, or the develop-
ment of more mutation-stable vaccines) and multidrug-resistant outbreaks.
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6.1 Supplementary information

Source code is available on: https://github. com/spang-lab/MHN-Gill-Sim

Table 11
Further information to Table @ Multivariate Cox regression analysis with probable
STK11-mutations and specified genetic mutations.

Statistical test p-value

Likelihood ratio test=24.18 on 5 df p=2e—04
Wald test = 25.01 on 5 df p=1le—04
Score (logrank) test = 26.68 on 5 df p="Te—05

Note: Concordance= 0.631 (se = 0.022).

Table 12
Further information to Table : Multivariate Cox regression analysis with probable
STK11-mutations and patient factors.

Statistical test p-value

Likelihood ratio test= 30.28 on 2 df p=3e—07
Wald test = 27.08 on 2 df p=1le—06
Score (logrank) test = 28.46 on 2 df p="Te—07

Note: Concordance= 0.644 (se = 0.02).
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Figure 15

The Kaplan-Meier curves illustrate forward simulations with a learned model © from
Jordan Lung Data set with real tumour data of Jee-Lung, as described in Section[5.4,
Number of events individually simulated per tumour e, j1umour- P-value calculated by
log-rank test.
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(b) €sim/tumour @S in real-world data. Patients with data
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can have one sample only. STK11 probable (> 20%,
n=97), STK11 not probable (< 20%, n=194), **p < 0.01.
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Figure 16
The Kaplan-Meier curves illustrate forward simulations with a learned model © from
Jordan Lung Data set with real tumour data of Jee-Lung, as described in Section[5.4,

Number of events individually simulated per tumour e, jrumour- P-value calculated by
log-rank test.
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