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Abstract

This thesis presents algorithms and software which allow the extraction of biologi-
cally meaningful patterns from high-throughput multi-omics data and biomolecular
networks. It describes the concept and implementation of an algorithm which allows
the extraction of deregulated subnetworks from large directed molecular interaction
networks based on node scores derived from omics data. Statistical underpinnings
of the algorithms are derived and the algorithm is benchmarked against its closest
methodological relative. Relying on fractional integer programming, the algorithm
and its implementation, DeRegNet, allow many flexible modes of application. I demon-
strate the application of the algorithm in the context of the public The Cancer Genome
Atlas (TCGA) liver cancer dataset, a study investigating the role of folate one-carbon
metabolism in liver cancer and a study about the phosphoproteomic regulation of the
Saccharomyces cerevisiae (budding yeast) cell cycle. Finally, the general architecture

and some implementation details of a web-based API for DeRegNet are presented.
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Zusammenfassung

In der vorliegenden Arbeit werden Methoden und Software vorgestellt, die es erlau-
ben, aus Hochdurchsatz Omics-Daten und biomolekularen Interaktionsnetzwerken
biologisch relevante Muster zu extrahieren. Es wird ein Algorithmus entwickelt, der es
ermoglicht, aus grof3en gerichteten molekularen Interaktionsnetzwerken sog. deregu-
lierte Teilnetzwerke zu extrahieren. Deregulierung wird hierbei iiber auf die Knoten
des Netzwerkes abgebildete Omics-Daten definiert. Es wird eine statistische Grundlage
fiir den vorgestellten Algorithmus diskutiert und eine Evaluierung hinsichtlich metho-
disch verwandter Verfahren vorgenommen. Der Algorithmus und seine Implementie-
rung, DeRegNet, beruhen auf fraktionaler ganzzahliger Optimierung und erlauben
zahlreiche Anwendungsszenarien. Exemplarisch wird die Anwendung auf offentlich
zugangliche Daten des TCGA-Projekts vorgestellt (TCGA: The Cancer Genome Atlas),
hier genauer an Hand der Daten zum hepatozelluldren Karzinom (Leberkrebs). Wei-
terhin werden Anwendungen auf eine Studie des Folate One-Carbon Metabolismus im
Leberkrebs, als auch auf die phosphoproteomische Regulierung des Saccharomyces
cerevisiae (Backhefe) Zellzyklus beschrieben. Abschlief3end wird auf die allgemeine
Architektur und einige Implementationsdetails einer web-basierten API (Application

Programming Interface) zur Bereitstellung von DeRegNet eingegangen.

ix






Acknowledgments

I would like to thank Prof. Dr. Kohlbacher and all members of the Applied Bioinfor-
matics Group (ABI). Special gratitude goes to Philip Thiel for sharing his TeX thesis
template within ABI. Also I would like to thank my various office co-inhabitants for
their geniality: Thorsten Tiede, Mirjam Figaschewski, Matthew Divine, Lukas Zimmer-
mann, Eugen Netz and Nico Weber. I would also like to thank the International Max
Planck Research School (IMPRS) "From Molecules to Organisms", i.e. its organizers
and participants.

Most importantly, for objective and scientific reasons, I like to express elevated
gratitude to my wife Ivana and our son Linus. I especially congratulate Linus for his

existence! Well done!

xi






Contents

3

Introduction

1.1 Multi-omicsdata ... .. .. ... .. ...

1.2 From pathway enrichment to de-novo pathway discovery in biomolec-
ularnetworks . . . ...
1.2.1 Functional annotation via pathway enrichment methods
1.2.2 Functional annotation via topology-aware pathway enrichment
1.2.3 De-novo pathway enrichment . . . ... ... ............

1.3 Outlook . . . . . . . e

Functional enrichment: a methodological overview
2.1 Terminology and notation . . . .. ... ... ... ... .. ... ......
2.2 Genesetenrichment . .. ... ... ... .. ... .. ... ...
2.3 Topological pathway enrichment. . . .. ... ... .............
2.4 De-novo subnetwork enrichment. . . .. ......... .. ... .. ...
2.4.1 Heuristic methods for de-novo subnetwork detection . . .. ..
2.4.2 Exact methods for de-novo subnetwork detection

2.5 Summary and DiSCUSSION . . . . . . ...

N NN

A de-novo pathway discovery algorithm for omics data 25

3.1 Fractional integer-programming for nding deregulated subnetworks .
3.1.1 The Maximum Average Weight Connected Subgraph Problem
(MAWCSP) . . .

26

Xiii



Contents

3.2

3.3
3.4

3.1.2 The DeRegNet fractional integer programming model . . . . . .
3.1.3 Statistical interpretation for binary node scores . . . .. ... ..
3.1.4 Fixingtherootnode . . ... ...... ... .. ... .. .. ....
3.1.5 Reversingtheorientation. ... ....................
3.1.6 Extracting suboptimal subnetworks . . ... ............
Solving the DeRegNet model . . . .. ... ... ... ... ... ......
3.2.1 Dinkelbach-type algorithm . . . . ... ................
3.2.2 Generalized Charnes-Cooper transformation . . . . . ... .. ..
3.2.3 Lazy constraints in branch-and-cut MILP solvers . ... .. ...
3.2.4 Lazy constraints for the DeRegNet model . . . . . ... ......
3.2.5 Primal heuristics for the DeRegNet model . ... ...... ...
3.2.6 Approximate solutions via branch-and-bound gap cut . . . . ..
3.2.7 Software for solving fractional integer programs: libgrbfrc . . .
3.2.8 Implementation and availability of DeRegNet . . ... ... ...
Benchmarking DeRegNet . . ... ... ... ... .. .. .. .. .. ....

Summary and Discussion . . . .. ...

4 Applications of de-novo pathway discovery

5

Xiv

4.1

4.2
4.3
4.4

Application to TCGA livercancerdata . . .. ................
411 Networkandomicsdata . ... ... ... ... ...,

4.1.2 Global deregulated subgraphs for TCGA-LIHC . . .. ... .. ..

4.1.3 Personalized deregulated subgraphs for TCGA-LIHC . .. .. ..

4.1.4 Subgraph features for predicting survival . . . .. ... ... ...
Application to 1C metabolismin livercancer ... .............
Application to S. cerevisiae Cell cycle regulation . . . .. .........

Summary and Discussion . . ... ... ... ..

A REST-style API for de-novo pathway discovery

5.1
5.2

Introduction and Context . . . . ... .. .. . . ...

The DeRegNet APl . . . . . . .

65
65
66

67
74
79
85
86
86



Contents

5.2.1 Resource types, resources and endpoints . . . .. ......... 91
5.2.2 Architecture and implementation . . . ... ............. 97
5.3 Summary and Discussion . . ... .. ... .. ... 101
6 Conclusion 107
Bibliography 109
A Fractional mixed-integer linear programming (FMILP) 135
A.1 Dinkelbach-type algorithm (Dinkelbach algorithm) . .. ... ...... 136
A.1.1 Correctness of Dinkelbach's Algorithm (11) - based on You et al.
[YCGOg . . .. 137
Abbreviations 143
Supporting Figures 149
Global upregulated RNA-Seq subgraphs (TCGA-LIHC) . . . .. ... ...... 149
Global downregulated RNA-Seq subgraphs (TCGA-LIHC) . . .. ... ... .. 152
Contributions 155
Publications 157

XV






Chapter 1

Introduction

This thesis is about de-novo pathway identi cation within biomolecular networks
based on omics data. | therefore begin by shortly introducing the most common omics
technologies in section 1.1 and then proceed to introduce biomolecular networks in the
context of de-novo pathway identi cation in section 1.2. | also conceptually outline
the methodological precursors to de-novo pathway identi cation, namely (topological)
pathway enrichment methods. While this chapter will remain fairly conceptual in
nature, chapter 2 will then provide a more formal review of functional enrichment in

general and de-novo subnetwork enrichment in particular.

1.1 Multi-omics data

Cancer research, as one of the major biomedical challenges of th&15' century, is in-
creasingly being conducted in a genome-wide and personalized fashion by utilizing
modern molecular high-throughput technologies, such as DNA sequencing, RNA-Seq
[WGS09 and mass spectrometry] AMH13] for proteomic and metabolomic analyses.
These technologies enable the experimental probing of multiple molecular organiza-
tional levels of biology.

The respectively targeted layers of biological organization are referred to asomes

(e.g. genome, transcriptome, proteome, metabolome), while the general elds of
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study addressing these omes are known a®mics(e.g. genomics, transcriptomics,
proteomics, metabolomics). Experimental technology used to assess genome-wide
characteristics of the associated ome is called ammics technologynd an omics layer
is an experimental read-out produced with the corresponding omics technology.

Many of of these omics technologies are increasingly applied in clinical settings and
publicly available large-scale data resources such as The Cancer Genome Atlas (TCGA)
[TCW15] provide ample opportunity to leverage the vast amounts of available data
for methodological and ultimately biomedical progress. These resources can provide
valuable reference datasets in the analysis of molecular pro les of individual patients
and patient groups. However, one of the biggest challenges in the analysis of omics data
remains functional annotation/ interpretation: The interpretation of the experimental
read-outs with the goal of understanding the underlying known or unknown biological
processes and functions, is a vital step in providing personalized, precise and focused

molecular therapies.

1.2 From pathway enrichment to de-novo pathway dis-

covery in biomolecular networks

1.2.1 Functional annotation via pathway enrichment methods

One of the most widely used approaches for functional annotation is Gene Set Enrich-
ment (GSE) [Mac14]. In its most basic form, GSE entails hypergeometric and Fisher
test-based approaches to detect the overrepresentation of differentially expressed
genes. Input information for GSE are a set of prede ned gene sets (e.g. representing
the gene contents of various pathways from pathway database$D'E13] such as KEGG
[KFT"17], WikiPathways [ KRN 16] or Reactome[ FIM" 18]) and a measure of "deregu-
lation" (e.g. binary indication of differential gene expression, expression fold changes,
etc.). The goal of the GSE analysis is to identify those gene sets from the collection

which show "high" deregulation. Here, the term "high" is de ned by the method's spe-
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ci c underlying statistical model. In the simplest case, the method examines if a gene
set contains a higher number of differentially expressed genes than would be expected
by chance, under the assumption that genes are differentially expressed independently
of each other with a uniform probability. Many adaptations and variations of GSE exist
[Mac14], among them Gene set enrichment analysis (GSEA)STM"05]. See gure 1.1

for a conceptual depiction of basic GSE.

Figure 1.1: Conceptual view of classical pathway /gene set analysis. Gene set-
s/ pathways are considered merely as sets of genes ignoring any explicit biomolec-
ular interactions between the elements of a gene setpathway. Here red nodes
represent differentially regulated genes and a basic GSE analysis employing hyper-
geometric Over-representation analysis (ORA) would test for more red nodes than
expected, given a method-speci c statistical model, in any given gene set. Rhombic
elements representreceptorswhile triangle elements represent targets terminals
which could correspond to membrane receptors and transcription factors in a bio-
chemical signal transduction pathway. Elements encircled by the green and blue
boxes respectively denote prede ned gene sets.
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1.2.2 Functional annotation via topology-aware pathway enrich-

ment

Classical GSE methods treat pathways as an unstructured collection of genésind do
not explicitly take into account the biomolecular connections between the geneg pro-
teins. Explicit network representations of the interactions between geneg proteins play
an important role in systems biology [BBIO7, KHT09, KP12 BGL11, QZ14, WHFL13,
BSG16 Furl3, CRH" 15] and exist in various forms. Geneg proteins can be connected
in a network to represent signaling pathways, metabolic networks [CDK13, gene reg-
ulatory networks [Big11] or protein-protein interaction networks [LWH"17, SMC"17]
which can convey more ne-grained views into biological systems functions than just
unstructured functionally grouped sets of genes (gene sets, pathways). Another aspect
in this context is pathway crosstalk i.e. the interconnections of pathways by virtue
of shared biological agents between two gene sets or a known connection between
two biological agents each being in different gene sets. Both situations, i.e. that a
gene protein is part of multiple pathways or that genes/ proteins in different pathways
are known to interact, are common in practice.

There has been extensive research into the possibility of designing enrichment
methods which take into account the topology of pathways [JE16, MTB" 13, IPB1§].
An example of such an approach is the calculation of topology-dependent perturbation
scores for each gend TDK"09]. See gure 1.2 for a conceptual representation of topo-
logical GSE. For a conceptual depiction of topological GSE which allows for pathway

crosstalk, see gure 1.3.

1.2.3 De-novo pathway enrichment

While historically de ned pathways have a solid base in biological ndings and can pro-
vide useful guidance for functional interpretation of omics experiments, molecular and

cellular events are often more complicated and involve the direct interaction of molec-

1See gure 1.1.
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Figure 1.2: Conceptual view of topological pathway /analysis. Biomolecular
interactions are taken into account when calculating enrichment for any given path-
way. Gene setgpathways are still prede ned though and interactions between
pathways are usually not taken into account, compare gure 1.3. Again, elements
colored in red correspond to deregulatechodes. Rhombic elements representecep-
tors while triangle elements represent targetd terminals which could correspond
to membrane receptors and transcription factors in a biochemical signal transduc-
tion pathway. Elements encircled by the green and blue boxes respectively denote
prede ned gene sets.

ular entities across prede ned pathway boundaries. Correspondingly, a wide range of
methods were proposed which aim to extract "deregulated” patterns from larger regu-
latory networks without relying on prede ned pathways [MCRI13, BAG 17]. These
methods are often referred to asde-novopathway enrichment methods, emphasizing
that the pathways are de ned/ extracted from the data itself and are not given as
xed gene sets a priori. In this thesis | often use the term deregulated subnetwork,
dysregulated subnetwork or de-novo subnetwork synonymously withde-novo pathway
Some de-novo methods are tailored to the characteristics of a particular data type.
An example are methods attempting to nd signi cantly mutated pathways / networks
[VRU16, VUR123 ZZ18, CDS 10, HSC 13, VUR12H], trying to factor in the pecu-
larities of mutation data in a network context. Another way to categorize these

methods is based on how they handle undirected or directed interaction networks.
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Figure 1.3: Conceptual view of topological pathway /analysis with pathway
crosstalks. Pathway crosstalks happen when genes are part of multiple pathways
or genes in different pathways are known to interact. Even with pathway crosstalks
accounted for, the gene setépathways as such are still predetermined. Again, ele-
ments colored in red correspond toderegulatechodes. Rhombic elements represent
receptorswhile triangle elements represent targets terminals which could corre-
spond to membrane receptors and transcription factors in a biochemical signal
transduction pathway. Elements encircled by the green and blue boxes respectively
denote prede ned gene sets.

A lot of biomolecular interactions are directed in nature, e.g. protein A phospho-
rylates protein B, enzyme A precedes enzyme B in a metabolic pathway in contrast
to symmetric interactions such as physical interactions of proteins in protein com-
plexes. Some methods designed for undirected networks are described for example
in the following studies: [I0SS02 PNO05, US07, DKR' 08, ZWCA08 US09, UKKS1Q
DWC'11, BBBB 11, AFK' 12, APB" 14, ALDH" 16]. More detailed description of these
methods and further extensions is available in[MCRI13, BAG" 17] and in chapter 2
of this thesis. While methods which work natively with directed networks are rarer
[DKR"08, KBG' 09, BRK 12, AS13, GSH 13, MSI" 15, LTG'19], it is instrumental to
be able to capture the effects of directed biomolecular interactions in the process of
discovering dysregulated networks. One particular approach is the one described in

[BRK"12] which utilized an integer programming approach in order to nd deregu-
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Figure 1.4: Conceptual view of de-novo pathway analysis. De-novo path-
way identi cation / deregulated subnetwork discovery drops the predetermined
pathways and de nes enriched subnetworkd pathways from the omics data it-
self. Again, elements colored in red correspond toderegulatednodes. Rhombic
elements representreceptorswhile triangle elements represent targets terminals
which could correspond to membrane receptors and transcription factors in a
biochemical signal transduction pathway.

lated subnetworks. These subnetworks show deregulated subnetworks downstream or
upstream of a so called root node where the latter can be xed a priori or determined
by the algorithm itself. Further approaches include the prize-collecting Steiner tree
methods proposed in[HF09, HCG' 13, TBP" 13, TGK" 16] which allow for exible iden-

ti cation of subnetworks which connect certain types of nodes (so called sourceswith
terminals). Chapter 2 provides a more detailed view of de-novo pathway enrichment
in general and (exact) methods in particular. See gure 1.4 for a conceptual depiction

of de-novo pathway enrichment.

1.3 Outlook

After a technical overview on existing functional enrichment methods with a focus on
exact methods in chapter 2, the remainder of this thesis will introduce the de-novo

pathway enrichment algorithm DeRegNetn chapter 3, outline several applications
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of DeRegNet to omics datasets in chapter 4 and concludes with a description of a

web-based Application Programming Interface (API) for DeRegNet in chapter 5.



Chapter 2

Functional enrichment: a

methodological overview

This chapter provides an overview of the main methodological principles involved in
the progression from gene set enrichment to de-novo pathway subnetwork detection
algorithms. | start by outlining some terminology and notation to be used in the follow-
ing. The terminology and notation is explicitly referring to graph concepts throughout,
even for methods which could be formulated without any reference to such concepts.
The following sections then outline gene set enrichment, topological extensions to gene
set enrichment and nally de-novo subnetwork / pathway enrichment methods, focus-
ing on exact directed methods since the algorithms proposed in subsequent chapters

of this thesis fall into this category.

2.1 Terminology and notation

Formally, itis given a directed graph G=( V,E),i.e. E V 'V, representing knowledge
about biomolecular interactions in some way. To avoid certain pathologies in the
models de ned below, it is assumed that G has no self-loops, i.e.(v,v) 2 E8v 2 V.
For asubsetS V,onedenes *(S)=fu2VnS:9v2 S:(v,u)2 Egand (S)=

fu2VvnS:9v2 S: (u,v) 2 Eg, i.e. the sets of outgoing nodes into and incoming nodes
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from a set of nodesS. For a nodev 2 V one writes  (v) :=  (fvg). Furthermore, it
is given a score functions: V! R, describing some summary of experimental data
available for the biomolecular entities represented by the nodes. For a given graph
G = (V,E) any node labeling function f : V! R is implicitly implied to be a vector
f 2 RV, subject to an arbitrary but xed ordering of the nodes (shared across all
node labeling function)%). In particular, with f,:= f(v) forv2 V,given f,g: V! R,
one can write f g = f,g,- ForS Vandf:V! Ronedenes fs:V! Rvia
fs(v) := Oforall v2 {//Z\rQSand fs(v) := f(v) for all 3/(2 S. Dening e: V! R with

e(v) := 1 forall v2 V, one further can write egf = f,forS Vandf:V! R.

v2S
Comparison of node labeling functions f, g are meant to be understood element-wise,

eg. f g meansf, g, forall v2 V. An edge weight (function) is a function

w:E! R.

2.2 Gene set enrichment

Under gene set enrichment | subsume all methods which try to identify pre-de ned
pathway/ gene sets which areenrichedwith members (genes, proteins, ...) which are
deregulatedaccording so some measure of deregulationwithout taking topological
interactions between members and or pathways/ gene sets into account. See gure
1.1 for a conceptual depiction of that general setting. The measure of deregulation
often is an indicator of differential expression, but this is exible due to the nature of
most enrichment methods and can also correspond to more complex measures such
as continuous measurements of some omics modality and also is not restricted to
gene expression. In the following | outline the basic application of standard statisti-
cal tests based on the hypergeometric distribution characteristics of the enrichment
problem. While many extensions and modi cations of basic gene set enrichment ex-
ist [Macl14, SLMO0§], discussion of the most basic setting will suf ce as a proxy for
the purposes of this thesis as it captures the essential characteristics of the classical

gene set enrichment problem. Further methods for gene set enrichment are GSEA

10



Gene set enrichment

[MLE"03, STM"05], LRpath based on logistic regressiorf SLM08, KKM*12], the ran-
dom set approach[NQdB"07] or gene set analysis (GSAJETO06]. For a comparison

and classi cation of these and further methods it is referred to [Mac14].

Hypergeometric enrichment tests

A pathway / gene set database is represented by a setP 2V, i.e. asetP =
fP,...Pgwith P Vforall i=1,..,nsomen 2 N. A deregulation set is a sub-
setD V of nodes which is indicated to be deregulated according to some measure.
One common deregulation set is the set obtained by all genes which are differentially
expressed between two given conditions. Hypergeometric tests of gene set enrich-
ment (also sometimes referred to as overrepresentation analysis (ORA)) test whether
a given pathway P, contains signi cantly more (or less) nodes from the deregulation
set as would be expected by chance. These tests correspond to one-sided versions
of the Fisher exact test ( 2 test for contingency tables). See gure 2.1 for a canoni-
cal depiction of the setting. Under the null hypothesis that each node gene has the
same probability of being deregulated regardless of it being inP, or not the counts of

deregulated noded genes in a given pathway follow a hypergeometric distribution, i.e.

0 10 1 0 10 1
- e T .
@ Pa@ViiD,y g% ag (e &) 4
Kk iPj k elen e'(er ep)
PGP\ Dj= k)= o 1 = 0 1
- . T
@jVj A @ e'e A
iRi e'ey

and enrichment (of nodes from D in a given pathway P) can then be calculated by
calculating a one-sided p-value under that null hypothesis by summing all probabil-

ities P(jP\ Dj = k9 for all k®which are at least as extreme as the observek. For

11
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Figure 2.1: Conceptual depiction of a pathway/ gene setP. overlapping with a
deregulation set D. Both sets are subsets of the set of all noddggenesV which
are the nodes of an underlying regulatory network G = (V,E). The topological
interaction encoded by E are ignored in standard gene set enrichment methods.

enrichment/ overrepresentation® this means calculating

p:=P(GR\ D k)= ’ P(iR\ Dj = k9.
ko k
Note, that after each P, is associated with its enrichment p value, multiple testing
correction should be carried out due to testing multiple pathways simultaneously for
enrichment. It may seem trivial, but | stress here that the just outlined enrichment
method (and related methods [Mac14]) do not make any explicit use of E, i.e. the
interactions between genes, given an underlying regulatory network G=( V, E). Also

the identi ed enriched gene sets are given a priori via the pathway database.

2.3 Topological pathway enrichment

As conceptually motivated in subsection 1.2.2 topological gene set enrichment refers
to pathway enrichment methods which make use of the connections between genes
in the pathways. Formally, a topological pathway database is a setfG,, ..., G,g of

subgraphsG, = (V;, E) of G such that G, is the subgraph of G induced by V, V, i.e.

INote, that one can also yest for depletior’ underrepresentation of deregulated nodeg genes by
calculating P(jR\ Dj k)= PGP\ Dj= k9.
KO k

12
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E = f(u,v) 2 Eu,v 2 Vg In the context of topological pathway analysis, eachG, is
referred to as a pathway. See gure 1.2 for conceptual depiction corresponding to
that de nition. The result of a topological pathway enrichment analysis is a p-value
for every pathway indicating whether that pathway is enriched with respect to some
measure of deregulation (like gene expression fold changes) under the constraints
imposed by the topology of each pathway. How the connections between the genes in
each pathway, i.e. its topology, are taken into account when determining a pathway's
signi cance for enrichment is characteristic for a given topological pathway enrichment
method. For a review on topological pathway enrichment in general and existing
methods in particular | refer to [JE16, MTB" 13, IPB1§]. In the following | provide an
overview of Signaling Pathway Impact Analysis (SPIA)[ TDK"09] as a representative

example for a topological path way enrichment algorithm.

Signaling Pathway Impact Analysis (SPIA): [TDK"09]

Signaling Pathway Impact Analysis[ TDK"09] was one of the rst topological pathway
enrichment methods. Given a node scores: V! R representing the difference of
some omics measure, such as a gene expression fold change between two conditions,
SPIA is based on a pathway-speci ¢ derived perturbation scorep®” : V; I R which

captures the interplay of pathway topology and the mapped deregulation scores as

pi) = 5, + i(V>b(‘_)(v)2. Here, ,(v):= (Vv)\ V. Furthermore, (" denotes the row cor-

responding to node v 2 V; of a pathway-speci ¢ parameter matrix ; = ( L(JIV)) 2 RV VM
. (i)

and |"of,') = Jpﬁ is the perturbation score of v normalized by the number of down-

stream genes [ (v) of v (in pathway G). Intuitively, the perturbation score of gene
v 2 V, in pathway G is determined by its general deregulation s, and the com-
bined contributions of its upstream regulators. The latter in turn is quanti ed as
the weighted sum of the upstream regulators' perturbation scores normalized with

each regulator's number of targeted genes. The normalization serves to down-weigh

)= 5+

13
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contributions from nodes which regulate many other nodes relative to nodes which
may only regulate very few nodes what can then be seen as a potentially more sig-
ni cant in uence. [TDK'09] de ne a node's perturbation accumulation (for pathway
G)asal) := p s, and show that given above model,a®” can be determined as
a® = B0 BY) 's, where B" = (=& 2 RY Vi, To arrive at a p value indicating
enrichment, SPIA also assumes the classical null hypothesid, that deregulated genes

are completely random [ TDK"09] 3. The topological perturbation p-value is given by
Peerr= P(eTAY  eTalVjH,) and can be evaluated by simulating perturbation accumu-
lation scores AV by bootstrapping as described in[ TDK"09]. ppegrriS then combined
with a standard ORA p-value (see section 2.2) by classical p-value aggregation via
Fisher's method[Fis92] to arrive at nal p-value for the signi cance of pathway en-

richment.

2.4 De-novo subnetwork enrichment

In this section | outline existing de-novosubnetwork enrichment approaches whose
rationale was introduced in the introduction and is conceptually depicted in gure
1.4. For dedicated reviews, it is referred to [MCRI13] and [BAG" 17]. De-novo sub-
network enrichment acquired many names during the last two decades, such as active
subnetwork/ module detection or deregulated subnetwork/ module detection. 1 try
to restrict myself to de-novo subnetworkpathway enrichment detectiori discoveryand
deregulated subnetworksubgraph enrichmentdetectior discoverythroughout this the-
sis. The discussion here is strati ed according to whether the algorithms are heuristic
or exact in nature. The next subsection outlines heuristic approaches while the follow-
ing subsection gives some details on exact methods. The overview on exact methods
is my primary focus due to the fact, that this thesis develops such an exact approach

to de-novo enrichment starting in the next chapter.

3See previous section 2.2

14
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2.4.1 Heuristic methods for de-novo subnetwork detection

One of the rst papers describing a de-novo method for detecting deregulated subnet-
work was presented by[I0SS0*. | sketch the methods of[IOSS0Z which is based
on simulated annealing in the next subsection.

Starting with the Simulated Annealing approach of [IOSS0ZJ many further heuristic
methods were proposed[I0SS02 PN05, US07, US09, UKKS1Q DWC'11, BBBB 11,
AFK'12, APB' 14, ALDH" 16]. These methods, while achieving similar end results on
an abstract level, vary vastly in terms of suitable underlying networks, interpretation
of outcomes and algorithmic strategies employed. Algorithmic approaches employed
range from ant colony optimization [ALDH"16], dynamic programming [DWC'11],
Markov random elds [VBS 10] to message passing approachefBBBB 11]. See
[MCRI13, BAG 17] for further references.

Ideker et al. 2002 [IOSS02Z]: de-novo enrichment via simulated annealing

One of the rst studies examining the possibilities of de-novo pathway/ subnetwork
enrichment was the work of Ideker et al. from 2002 [I0SS0J who referred to the
deregulated subnetworks inferred by their algorithms as active modules The algorithm
itself and its most commonly used implementation [I0SS0J is known as jActiveMod-
ules jActiveModulesapplies the metaheuristic principle of simulated annealing to nd
deregulated subnetworks within a larger regulatory network. The algorithm is out-
lined as algorithm 1 in more detail to give a somewhat representative example on how

heuristic optimization approaches can be applied to nd de-novo pathways.

2.4.2 Exact methods for de-novo subnetwork detection

This subsection gives an overview on exact methods for de-novo enrichment. Here,
the term exactis understood in terms of how the underlying optimization problem for

nding deregulated subgraphs is solved, namely provably exact. This is in contrast to

4Who called the resulting subnetworks active modules
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Data: A undirected graph G=(V, E), node scores: V! R, startand end
temperature Ty, Toq > 0, maximal number of iterations N 2 N
Result: V° V and the deregulated subnetwork G°= ( V°, E9 induced by V°
Set x, = 1 (otherwise x, = 0) with probability 3 for eachv2 V

S = s'X

(Annealing phase)
fori=1,..,Ndo
Pickv 2 V atrandom and setx, = j1 x,j (Toggle)
s = s'x (Toggled score)
ifs s ;then
‘ X, = J1 X, (toggle back) with probability 1 e%
end

C

T,= ¥ =2 T, (Update temperature)

end

(Quenching phase)
B (x):=f%x2f0,1¢'j9v2 V:jx,j=j%, 1j,s"x< s"kg
while B (x) 6 ? do
| Setx = % forsome X 2B (x)
end
Let G°= ( V° EY be the subgraph of G induced by V°= fv2 Vjx, = 1g
return (Connected componentC  V°of G°with highest score s"e.)

Algorithm 1: Simulated annealing for de-novo enrichment [10SS02]. The al-
gorithm applies simulated annealing to nd subnetworks by iteratively toggling a
node's membership in the current subnetwork and evaluating the resulting total
score of the subnetwork. According to the de ning principle of simulated annealing,
new solutions are accepted with a certain probability even if they worsen the score
of the resulting subnetwork. Once the annealing stopped, local search is used to
nd a locally optimal solution. This is called quenchingin the context of simulated
annealing. Finally the best scoring connected component of the subgraph induced
by the selected nodes is returned as the deregulated subgraph.
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De-novo subnetwork enrichment

the heuristic methods introduced in the previous subsection which nd solutions by

means of heuristic approximations to a solution. Often one also cannot provide any
guarantees on how close an approximate heuristic solution may be to an optimal one.
This drawback gave rise to so called exact methods for de-novo pathway enrichment
which are are based on mixed-integer programming. Before reviewing existing exact
methods, | give an overview of the so called (directed) maximum weight connected

subgraph problem on which many exact methods are based on. In particular, the
algorithms introduced in this thesis solve certain extended and generalized versions

of that problem as outlined in chapter 3.

(Directed) Maximum Weight Connected Subgraph Problem (MWCSP)

In terms of mathematical optimization and subject to minor modi cations °

, most exact
(and some heuristic) de-novo subnetwork detection methods solve instances of the so
called (directed) Maximum Weight Connected Subgraph Problenf. In the following |
provide formal de nitions of that problem.

In the setting of an undirected graph one de nes [DKR"08]:

De nition 1  (Maximum Weight Connected Subgraph Problem (MWCSP))
Given an undirected graphG = (V,E) and node scores: V! R, nd a set of nodes

V® V whose induced subgrapfv®, E°) maximizes €.s such that(V° EY) is connected.

For directed graphs, the de nition largely stays the same except for the notion of

connectivity:

De nition 2 (Directed Maximum Weight Connected Subgraph Problem (DMWCSP))
Given a directed graplG = ( V, E) and node scores: V! R, nd a set of nodesV® V
whose induced subgrapliv®, E°) maximizese/,s such that there is a node 2 V°such

that there is a directed path from r to every other node & V°.

SFor example the requirement of the subgraphs to be of a certain prede ned sizek 2 N.
60r its rooted variant.
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In the directed setting, by xing the root node in the DMWCSP to a particular node in
the underlying graph one arrives at the so calledRooted Maximum Weight Connected

Subgraph Problem (RMWCSP) :

De nition 3  (Rooted Maximum Weight Connected Subgraph Problem (RMWCSP))
Given a directed graplG = (V, E), node scores: V! R, and a noder 2 V called the
root node, nd a set of nodesv® V with r 2 V%such that the induced subgrapkVv® E9

maximizes éos such that there is a directed path from r to every other node2w®.

As indicated, the (R)MWCSP has found explicit applications in network biology[ DKR"08],
[BRK 12] in the context of de-novo subnetwork detection which will be outlined in
more detail in the following subsections. The problem also attracted general com-
putational and theoretical research in recent years[BWB17], [LAS1q, from differ-
ent integer programming formulations and problem-speci ¢ branch-and-cut strategies
[EKK14, [AMLM13a], [AMLM13b], [AB11], to more recent research on computa-
tional strategies for addressing large-scale instancefAMS17] and problem reduction

techniques and heuristics] RKM19], [RK19].

Dittrich et al. 2008 [DKR'08]: Prize-collecting Steiner tree problem

[DKR'08] presented a solution to the (undirected) de-novo subnetwork detection
problem by formulating it as an undirected MWCSP (see 2.4.2) and showing that
the problem can be transformed to a so called Prize-collecting Steiner tree (PCST)

problem.

De nition 4 (Prize-collecting Steiner tree (PCST) problem)
Given an undirected graphG = (V,E), node scorep : V! [0,1 ) and edge scores
c:E! [0,1 ), nda setof nodesV® V and edgesE’® E such that the subgraph

(V% EY is connecteland maximizes §,p  eLc.

"Note that the requirement of connectedness could also be replaced by the requireme(V8fE®) being
a tree since from any connected subgraph one can remove edges such that the result is a tree while only
improving the objective in the process due t¢g) Oforalle2 E.
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De-novo subnetwork enrichment

In above de nition of the PCST problem, the node score p can still be interpreted
as a measure of deregulation while the edge scorec can be interpreted as the cost
of including an edge into the solution and hence a solution of the PCST problem
tries to maximize deregulation while minimizing the cost of edge inclusion. Given an
undirected MWCSP instance (see de nition 1), [ DKR"08] achieve an equivalent PCST
formulation by de ning p,:=s, max,yS, foreveryv2 Vandc,:= max,y s, for
everye2 E. | refer to [DKR'08] for the proof of equivalence. In order to solve the
resulting PCST problem[ DKR" 08] employ the published solution strategy by [ LWP" 06]
which solves the problem via integer programming with lazy constraints.

[DKR'08] also contains a methodology with which their exact algorithm can pro-
duce suboptimal additional solutions (next to the optimal one) by re-solving under
additional constraints which force the subnetwork to only share a certain percent-
age with the already found subnetworks. See subsection 3.1.6 in chapter 3 for an
adaptation to the algorithms developed in this thesis. [DKR"08] furthermore provide
a detailed statistical framework which explicitly spells out the underlying statistical

assumptions of their model and its application. | refer to [DKR"08] for further details.

Zhao et al. 2008 [ZWCAO08]: From receptor to target

Another early and interesting exact de-novo enrichment approach was formulated
by [ZWCAOQg. Given an undirected regulatory network G = (V, E) the authors do
not formulate a model in terms of node scores but instead work with edge scores
w: E! R which have to be engineered to re ect node-level changes. The primary
example provided in [ZWCAOQ§ is an edge score based on gene expression correlation
between any two given genes. The other essential idea ofZWCAOQ§ in the context of
exact de-novo enrichment is the idea of receptors and targets in biological pathways,
i.e. the notion that many biological pathways implement a directed signal transmission
capability from some kind of receptor to some kind of target. The most prominent
example would be a signaling cascade, relaying signals from membrane receptors

to transcription factors and their targets via its constituting molecular interactions.
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2. Functional enrichment: a methodological overview

Receptors and targets are called starting and ending nodelsgenes in[ZWCAO0§ and
given via setsR V and T V. Note however, that the model of [ZWCA08§ was
formulated for undirected networks and thus cannot make optimal use of the implied
directionality of the receptor/ start and target/ ending nodes in a network context.
Additionally, the method of [ZWCAO§ allows to specify a setK V of genes known
to be contained in the to be identi ed de-novo subnetwork. [ZWCAO08's model then
introduces indicator variables for both nodes and edges, i.e. x = ( X,),y and Y =
YT =( Yu)tuvgzv v- Xy = 1 meansv is included in the de-novo subnetwork and
Yo = 1 means that(u,v) 2 Eis included in the subnetwork. With edge score matrix

W=WT"=(Wy)uvav v RV the model can be formulated as follows:

x2f0,1gvr,n>i/nzf0,19VV AL (232
s.t. y,e X, 8v2V (2.1b)

yMe x, 8v2V (2.1c)

yMe 1 8v2R[ T (2.1d)

yMe 2x, 8v2Vn(R[ T) (2.1e)

x,=1 8v2R[ T[ K (2.1f)

Here, y) denotes the row of Y which corresponds tov 2 V (as a row vector)

and y, denotes the column of Y corresponding to v 2 V (as a column vector) and

1 X 2
iYijg = Ji yvjjg denotes the Frobenius norm of Y. > 0 denotes a penalty
v2V X X
factor which penalizes edge inclusion. Furthermore,W Y := w,, Y,y denotes

v2V u2Vv
the Hadamard product of of W and Y. The special role of receptors and targets

in the subnetwork is now achieved by constraints (2.1d) and (2.1e) which simply
enforce receptors and targets to be connected while requiring of all other included

nodes to have at least two connections within the subnetwork. Note however that
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De-novo subnetwork enrichment

the approach cannot really distinguish between receptors on one side and targets on
the other. Additionally it requires receptors and targets to be predetermined and does
not allow to select receptors and targets from a given set of potential receptors and
targets. Regardless, the approachZWCAOQ§ was the rst to put forward the idea of
semantically relevant special nodes (receptorstargets) in the context of exact de-novo

enrichment methods.

From Steiner trees to forests [HF09, HCG'13, TBP" 13, TGK" 16]

[HF09, HCG' 13] introduce de-novo subnetwork enrichment methods which are based
on the Prize-collecting Steiner tree (PCST) problem as i DKR"08]. While technically
also based on the PCST the modeling angle is slightly different compared t§ DKR" 08].
Formally, [HF09, HCG' 13] use the so called Goemans-Williamson formulation of the
PCST problem[HCG' 13] with an additional penalty factor > 08. This formulation
is technically equivalent to the PCST problem from[DKR"08] up to the additional

penalty factor

De nition 5 (PCST problem: extended Goemans-Williamson formulationfHCG" 13])
Given an undirected graphG = (V,E), node scores : V! [0,1 ) and edge scores
c:E! (0,1 ), nda setofnodesV® V and edgesE’® E such that the subgraph

(V% EY is connected and minimizeslec+ €] cS.

While the PCST problem which is solved in[ DKR"08] stems from the formal re-
formulation of the MWCSP the PCST formulation is used by[HF09, HCG' 13] as an
explicit modelling approach. Note, that while c still represents costsassociated with
edge inclusion, the node scores corresponds to a penalty of not including a node into
the solution and hence is semantically equivalent with the usual deregulation score.
The difference here is that in contrast to maximizing the deregulation within subnet-
work, [HF09, HCG' 13] try to minimize the deregulation score of nodes which do not

end up in the subgraph. The edge scorec is modelled as a interaction con dence, i.e.

8[HF09] use the formulation without additional penalty factor  which is introduced by [HCG' 13].
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2. Functional enrichment: a methodological overview

C.> Cpmeans the con dence of edgee”2 Eis higher than that of e2 E and hence inclu-
sion of ein the solution is more costly. In terms of solution technology [HF09, HCG" 13]
also utilize the [LWP' 06]. Akin to the strategy of [ DKR"08] to nd suboptimal subnet-
works which could still carry biological signi cance, [TBP"13] extend the methods of
[HF09, HCG 13] to the Prize-collecting Steiner forest (PCSF) approach which is able

to nd multiple deregulated de-novo subnetworks simultaneously.

Backes et al. 2012 [BRK"12]: Directed networks

[BRK"12] were one of the rst to explicitly tackle the de-novo subnetwork problem
for directed networks by solving extended versions of the (rooted) Directed Maximum
Weight Connected Subgraph Problem (DMWCSP) and their work constitutes the most
direct predecessor of the work presented in this thesis. Another important feature
of the [BRK' 12] formulation is the restriction to node-level decision variables in the
integer programming model while most other approaches rely on both node and edge
variables’ like for example all exact methods summarized in the previous subsections
[DKR™ 08, HF09, HCG' 13, TBP' 13, ZWCAO0§]. Introducing binary decision variables

x and y the [BRK"12] model can then be formulated as follows:

max s'x (2.2a)

x,y2f0,1g"

s.t. y X (2.2b)
e'y=1 (2.2¢)
e'x=k (2.2d)
X, Yy e X 0 8v2V (2.2e)
el(x y) e oX 1 C 18C VigjCj>1 (2.2f)

9For most biomolecular networks the number of nodes is signi cantly less than the number of edges
and hence integer programming formulations avoiding decision variables corresponding to edges can
potentially lead to signi cantly smaller models.
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De-novo subnetwork enrichment

Here, for subset of nodesC V | write C icif the subgraph induced by C contains
a cycle with all nodes from C. While x corresponds to inclusion of a node in the
subgraph, y decides on a particularroot node See the de nition of Rooted Maximum
Weight Connected Subgraph Problem (RMWCSP), de nition 3. Constraints (2.2e)
and (2.2f) together achieve the connectedness of the resulting subgraph. Since the
constraints (2.2f) are exponentially many in terms of the size of the underlying graph
[BRK"12] take these constraints into account as lazy constraints during the branch-
and-cut procedure which solves the integer program. In order to alleviate the rather
strict constraint of a xed subgraph size k 2 N, [BRK 12] employ the strategy to nd
deregulated subgraphs for a range of subgraph sizes and take the union grapii as the

resulting de-novo subnetwork.

Further exact methods

While the exact methods presented so far constitute the set of methods most relevant to
the methods developed in this thesis, this short section collects some minimal review on
further exact methods found in the literature. Gosline et al. 2012 [ GSUF13 proposed
SAMNet while Atias and Sharan, 2013[AS13] introduced iPoint, both exact methods
based on network ow interpretations and formulations of the de-novo subnetwork
detection problem.

An interesting aspect of the method of Gaire et al. 2013[ GSH" 13], called CASNet
is its emphasis on the consistency of the deregulation measures mapped to the nodes
of the network and the semantic meaning of the edges connecting deregulated nodes.

Building on the work of Melas et al. 2015 [MSI*15], Liu et al. 2019 [LTG'19]
presented CARNIVAL an ambitious model which not only tries to infer de-novo sub-
networks but tries to do so by simultaneously inferring activation state of reactions
(edges), whether a given interaction is inhibitory or activating given mapped deregula-

tion scores, and more, while also being able to take into consideration experimentally

10Given a list of n 2 N subgraphsG, = ( V;, E), ..., G, = ( Vi, E,) of some graphG=(V,E) (i.e. V, V
andE Eforalli=1,..,n)the union graph[ ., G of (G); isdenedas ([ L,Vi,[ _,E).

23



2. Functional enrichment: a methodological overview

applied perturbations. Note also, that CARNIVAL is based on a hypergraph model for

the underlying regulatory network.

2.5 Summary and Discussion

This chapter reviewed the progression of methods for functional enrichment from gene
set enrichment and topological pathway enrichment to de-novo subnetwork enrich-
ment with a focus on exact approaches based on integer programming for the latter
methodological paradigm. Table 2.1 summarizes some characteristics of the exact
algorithms reviewed in this chapter. The next chapter introduces DeRegNet, an ex-
act method for de-novo subnetwork enrichment and the main algorithmic framework

developed in this thesis.

Ref. Node var. | Edge var. | # variables Stat. model | Lazy constr. | Directed
[DKR'08] | Yes Yes jVj+ jEj Yes Yes No
[HFO9] Yes Yes iVi+jE No Yes No
[HCG'13] | Yes Yes jVj+ jEj No Yes No
[TBP13] | Yes Yes jiVi+ijEj No Yes No
[ZWCAQ] | Yes Yes jVj+ jEj No No No
[GSUF13 | No Yes O(jEj + 2jVj) | No No Yes
[AS13 Yes Yes jVj+ 2jEj No No Yes
[GSH 13] | Yes Yes jVi+ 2jEj No No Yes
[MSI"15] | Yes Yes 8jVj+ 3jEj No No Yes
[LTG"19] | Yes Yes 8jVj+ 3jEj No No Yes
[BRK 12] | Yes No jVj or 2jVj Yes (*) Yes Yes
DeRegNet | Yes No jVj or 2jVj Yes Yes Yes

Table 2.1: Exact de-novo subnetwork enrichment methods.  The table shows
some characteristics of the methods introduced in this chapter, as well as of DeReg-
Net, the method developed in this thesis starting with the next chapter. The
columns Node var.and Edge var.denote whether a method employs decision vari-
ables corresponding to nodes and edges respectivelyt variables gives the number
of variables of the respective model formulations, while Stat. modellogs whether
the model has an accompanying statistical model or interpretation. Lazy constr.
documents whether lazy constraints are necessary for the solution of the model
and Directed nally summarizes whether the model makes/ can make explicit use
of the directionality of the interactions in given underlying regulatory network.
(*): Introduced and specialized to [BRK" 12] in chapter 3 of this thesis.
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Chapter 3

A de-novo pathway discovery

algorithm for omics data

This chapter develops an algorithm for de-novo pathway subnetwork identi cation
and describes its technical basis and general implementation. The algorithm andor
the implemented software are referred to asDeRegNet. For a very high-level overview,
see gure 3.1. Methodologically, DeRegNet builds mainly upon the work of [BRK" 12]
and the prize-collecting Steiner tree methods proposed in[HF09, HCG" 13, TBP' 13,
TGK"16] and also in [ZWCA0g. DeRegNet handles directed interaction networks
and adapts from [BRK" 12] the general integer programming approach in such a way
that it can encapsulate the general idea of sources and targets as put forward in the
prize-collecting Steiner tree/ forest (PCST PCSF) approache$§HF09, HCG' 13, TBP' 13,
TGK'16]. The idea of receptors and terminals captures the idea of deregulated net-
works starting or ending at certain types of nodes, for example membrane receptors and
transcription factors. More speci cally, | extend the integer programming approach of
[BRK 12] to fractional integer programming to allow for the necessary exibility to
incorporate sources and targets by means of variable subgraph size. | also show that
DeRegNet can be seen as general maximum likelihood estimation with respect to a sta-

tistical model introduced below. The chapter now proceeds to describe a mathematical
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3. A de-novopathway discovery algorithm for omics data

optimization model which is at the heart of DeRegNet together with a motivating statis-
tical model. Various extensions and application modes of the algorithm are explained.
Naturally, the chapter continues detailing the solution methods for the DeRegNet model
and nally closes with a description of a benchmark of DeRegNet comparing it to its
closest methodological relative[ BRK 12]. Applications of DeRegNet to actual omics

data are presented in chapter 4.

3.1 Fractional integer-programming for nding dereg-

ulated subnetworks

3.1.1 The Maximum Average Weight Connected Subgraph Prob-
lem (MAWCSP)

Analogously to the directed (R)MWCSP (see de nitions 2, 3 in chapter 2) one can

de ne versions which strive to optimize the average score in the subgraph.

De nition 6 (Maximum Average Weight Connected Subgraph Problem (MAWCSP))

Given a directed graphG = ( V, E) and node scores: V! R, nd a set of nodesV® V
e
eTe,0
that there is a directed path from r to every other node & V°.

whose induced subgraptiv® E9) maximizes such that there is a node 2 V°such

De nition 7 (Rooted Maximum Average Weight Connected Subgraph Problem (RMAWCSP))
Given a directed graplG = (V, E), node scores: V! R, and a noder 2 V called the

root node, nd a set of nodesv® V with r 2 V%such that the induced subgrapkVv® E9

)
s

maximizes o~

such that there is a directed path from r to every other node2vV°.

The next subsection introduces the DeRegNet model for nding deregulated subnet-
works in biomolecular networks. Mathematically speaking, the proposed model is an

extended version of the just de ned (R)MAWCS problem.
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Fractional integer-programming for nding deregulated subnetworks

Figure 3.1: DeRegNet's inputs are a biomolecular network (A), such as a signaling
or gene regulatory network, and omics measurements (B), such as gene expression
data. The latter are mapped onto the nodes of the network acting as node-level
measures of deregulation. This mapping is re ected here in (A) and (C) as the color
of the nodes. (C) DeRegNet then extracts the most deregulated subnetwork from
the larger regulatory network according to some de nition of most deregulated
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3.1.2 The DeRegNet fractional integer programming model

Given the generic setting and notation introduced in the previous chapter, | now formu-
late the main model of DeRegNet. Apart from the directedgraph G and node scoress,
there are given possibly empty subsets of node§ Vand T V. Itisreferredto Sas
sourcesand to T asterminals, independent of the biological semantics underlying the
de nition of these sets (see below). The model is an extended version of the MAWCSP
introduced above. Note, that in the following | formulate all problems as maximization
problems while there are situations where minimization may, depending on the seman-
tics of the node scoré, be the proper choice. As in[BRK' 12], the problem of nding
deregulated subnetworks is modelled in terms of indicator variables x, = (v 2 V9?2
and y, = I(v is the root node) where V° V is a set of nodes inducing a subgraph
such that one can reach every node in that subgraph by means of a directed path from
the root node. In addition, the root is supposed to be a source node and all nodes in
the subgraph with no outgoing edges are supposed to be terminal nodes. Furthermore,

a subset of nodesvV® V induces a strongly connected subgraph ¥°iscs for short) if

IMinimization may for example be prudent in case the node scores represent p values originating
from some statistical signi cance test. Compare section 4.3.
2|(P)= 1if P, 1(P)= 0if not P for some predicate P.
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the subgraph induced by VCis strongly connected. The proposed model then reads as

follows:

T

max ST—X (3.1a)

x,y2f0,1g" € X

s.t. y X (3.1b)
e'y=1 (3.1¢)
kmin eTX kmax (3-1d)
X, Y, € wX 0 8v2V (3.1e)
es(x y) e gx S 18S Viscsjs>1 (3.1f)
y,=0 8v2VnR if RE ? (3.1g)
x, €. ,x 0 8v2VnT ifT6? (3.1h)
el _x = jIncj (3.1i)
X =0 (3.1))

The model derives from the corresponding integer linear programming model in
[BRK 12] and adapts it for the fractional case, most notably here are the constraints
involving the the receptors R (3.1g) and the terminals T (3.1h). (3.1g) ensures that
the root node is a receptor®, while (3.1h) ensures that any node in the subgraph with
no outgoing edges is a terminal node. (3.1b) means that a node can only be the root
if it is included in the subgraph. (3.1c) means that there is exactly one root. (3.1d)
means that the size of subgraph has to be within the bound given byki,, Knax 2 N.
(3.1e) says that a nodev 2 V in the subgraph is either the root node or there is another
node u 2 V in the subgraph such that there is an edge(u, v) 2 E. Moreover, the the

constraints (3.1i) and (3.1)) trivially allow to include and exclude speci ¢ nodes from

30f course, for practical implementation one can also just introduce variablesy, 2 f 0, 1g only for
nodesv 2 T in the rst place. In terms of formulation one would need to make a difference for
constraints (3.1e,f) as well and formulate them differently (with or without y) for nodes in R on the
one hand and for nodes not in R on the other.
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3. A de-novopathway discovery algorithm for omics data

given setsinc,Ex V respectively?. The constraint (1f) is the most involved one and
describes (potentially) exponentially many constraints® which ensure that there are no
disconnected directed circles by requiring that any strongly connected component in
the subgraph either contains the root node or has an incoming edge from another node
which is part of the subgraph but not part the given strongly connected component.
Note, that one could merge (3.1e) and (3.1f) in terms of formulation by requiring
el(x y) e X 1S 1lforal S ViscsjS 1. Finally, the objective (3.1a) de-
scribes the notion of maximizing the average score of the subgraph. This is crucial for
allowing the model the exibility to connect source nodes to target nodes. | also give

a probabilistic motivation of the the just described model, in particular its objective

function, in the next subsection.

For the rest of this thesis | will use the following terminology in the context of the

mathematical programming problem (3.1):

De nition 8 (DeRegNet instances, data, and subgraphs)

Atuple (G,R, T,Ex, Inc, s) is called aninstance of DeRegNet(a DeRegNet instance an
instance of the DeRegNet mode)). Here, G = (V, E) is theunderlying graph ,R V

is thereceptor set, T  V is theterminal set, Ex V is theexclude set Inc V is
the include set ands: V! R is thenode score (the score). Further, x,: V!f 0,19

is called asubgraph with the understanding that it is referred to the subgraph o
induced byV = fv2 V:x,= 1g Equivalentlytox,:V !f 0,1g, itis also referred

to the correspondingy = fv2 V : x, = 1gas a subgraph. A subgraph ifeasible for
DeRegNet(for the DeRegNet instance), if it satis es DeRegNet's constraints (3.1b-j). A
subgraph satisfying these constraints is callede@asible subgraph. A feasible subgraph

which optimizes problem (3.1) is called aroptimal subgraph .

4In many situations, speci ¢ nodes, i.e. genes in the case of gene regulatory networks, may be of
interest in other topological positions than in a receptor or terminal role. In that case just requiring a
certain gene to be part of the subgraph without any special constraints on its inclusion in topological
terms can be of value.

5In terms of the size of the underlying graph G.
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In terms of the notation and exact formulation provided above, | will now proceed
to formally specify certain topological characteristics of solutions of the above model
which were casually asserted before. For similar proofs and also alternative formula-
tions for the MWCSP it is referred to [BRK" 12], [AMLM13b], [AMLM134a], [EKK14,
[AB11]. | rst formally recapture the de ning topological feature of problems of

(RIM(A)WCS avour for DeRegNet.

Proposition 1
A feasible subgraphv of a DeRegNet instance has the property that any node in the

subgraph can be reached from the root of the subgraph.

Proof. Any given node v 2 V of the subgraph is contained in a strongly connected
component. By constraints (3.1e) and (3.1f) this strongly connected component either
contains the root node or is reachable from some nodeu 2 V in the subgraph which
is not in that strongly connected component: LetS V be the vertex set inducing the
strongly connected component. If the root is not in Swe have eg(x y) = j§ and hence
one hase’ X 1 otherwise one would have el(x y) e X 1 Siinviolation of

constraints (3.1e) and (3.1f). If the root node is in S, it holds that e;(x y)=ij§ 1

and hence constraints (3.1e) and (3.1f) always hold dueto e’ .. x 0. Inthe case, that

©)
the root node is in v's component, v is reachable from the root node. In the case the
component does not contain the root, repeat the argument with u instead of v. Again,
the root is in the strongly connected component of u or the component is reachable
from some u®2 V , and so on. Since the subgraph has a nite number of strongly
connected components, one ultimately will encounter the component containing the
root in the above argument which establishes the existence of a path to any arbitrary

v2 V from the root node. "

The terminals from the terminal set T represent terminals of a subgraph in the following

sense.

Proposition 2

A feasible subgraply of a DeRegNet instance has the property that a nod@ V in the
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(@) (b)

Figure 3.2: Conceptual view of subgraphs extracted by DeRegNet. (a) Froma
receptor node/ root node (green cube) one can reach any node in the subnetwork.
Nodes without any edges leading to other nodes (red triangles) of the subnetwork
need to be elements of the so called terminal nodes. Generally, all nodes in the
subgraph can be reached from the root node.(b) By reversing the the orientation
of the underlying network before applying DeRegNet, one can nd subgraphs with
only one terminal "root" node and multiple receptor nodes such that the terminal
node can be reached from any other node in the subgraph. See subsection 3.1.4.

subgraph withv 2 T has to have an outgoing edge into the subgraph, i.e. only terminal

nodes are allowed to have no outgoing edges within the subgraph.

Proof. Given a non-terminal node v 2 T one has constraint (3.1h): x, eT+(V)X 0,

i.e. if x, = 1it has to hold that e'.

exists another nodeu 2 V such that (v,u) 2 E, E being the edge set of the underlying

x 1. The latter inequality means that there

graph. »

For a high-level conceptual depiction of the topology of subgraphs encapsulated in

DeRegNet's constraints, see gure 3.2 (a).
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3.1.3 Statistical interpretation for binary node scores

This subsection formalizes the notion that a deregulatedsubgraph satisfying given
topological constraints should have higher maximal probability of deregulation with
respect to all possible subgraphs of that particular topological class. | present a basic
probabilistic model yielding one possible formal probabilistic rationale for optimizing

a model of the above form 3.1.2. Furthermore | provide a suitable interpretation of the
model proposed in[BRK 12] in terms of that model, showing that DeRegNet solves a
more general problem in the statistical sense necessitated by the probabilistic model
introduced.

The model assumes binary node scores: V I f 0,1gwhich are realizations of ran-
dom variablesS=( S,),,y. Further it is assumed the existence of a subset of vertices
VP V suchthatSjv2 V® Ber(pY and S,jv2 Vnv® Ber(p) with p,p®2 (0,1)
denoting probabilities of deregulation outside and inside of the deregulated subgraph
respectively. It is assumed thatp®> p to re ect the idea of higher deregulation (prob-
ability) in the deregulatedsubgraph. The network context (dependency) is introduced
via the restriction that V°2 C (V) P (V). Here, C (V) denotes the set of feasible sub-
structures and should (can) re ect topologies inspired by known biomolecular pathway
topologies like the one described in[BRK" 12] and the last subsection. Furthermore it
is assumed, that the(S,), given a network context and deregulation probabilities p, p°,
are independent. Introducing the notation (V) := jfv2 V: S, = 1gj and consider-
ing V° p, p° to be parameters, and a subgraph determined by indicator variablesx as

outlined in the previous subsection, we can state:

Proposition 3
The log-likelihoodL (V, p, p%) = logP(S= sjV°= V, p, p% under above model is given

by:
pAl p)
p(1 p9

eTongll—p+sTeIogp+(e s)Telog(1 p).

T
s' xlog o0
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Proof.

Y ) Y )
RS = siv°=V,p) P(S, = 8jV°= V,p)

v2V v2VnV

p0 (\“/)(1 pO)j\7j (\“/)p(Vn\”/)(l p)jVn\“/j (vn¥)

P(S= sjV°= V,p, p%

Employing decision variables x, = I(v 2 V), we can write (V) = s'x,jVj =
e'x, (VnV) = s'(e x)andjvnVj= e'(e x). It follows that the log-likelihood

L(x,p.pY= L«(V,p,p%) = logP(S= sjV°= V, p, p9) can be written as:

L«(V,p,p9)=s"xlogp’+(e 9s)"xlog(l p?)
+s'(e x)logp+(e s)T(e x)log(1 p)

0,
= STX|09M eT

(1 p9Yp

1
xlogl—;)+ s'elogp+(e 9s)Telog(l p)

| call an optimization model maximizing the objective s' x subject to any constraints
on X (the subgraph topology) a model of Backes-typBRK' 12]. Note that the DeRegNet

model reduces to a Backes-type model in case i, = Knax’-

Proposition 4
Any subgraph model of Backes-type enforcing a xed subgraph size can be interpreted as

maximum likelihood estimation with respect to subgraph structure given the above model.

Proof. Given the log-likelihood as determined by proposition 3, ignoring the constant
term with respect to x, a maximum likelihood estimator V with respect to subgraph

structure can be determined as follows:

6See DeRegNet model formulation 3.1.2
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V 2 argmaxL (V,p,p% (3.2)
Ve (v) 5 a
1 1

= argmax sTongu e’ x log po (3.3)

Ve (v p(1 P9 1 p
; L p)

= argmax S'xlog———= (3.4)
Ve () p(1 p9

= argmax s’ x (3.5)
ve )

Here, equality (3 .4) follows from the assumption that the topological constraints

of the optimization model enforce a constant subgraphs size (i.e.e"x = k for some

xed k 2 N). The last equality follows (by assumption p°> p) becauselog 23(11 p?; > 0.
Overall, a maximum likelihood estimator is given by a solution to a given Backes-type
optimization model max s"x with subgraph topology restricted to subgraphs from
C (V).

In particular, the specic model proposed by [BRK 12] lends itself to the just

justi ed interpretation:

Corollary 1
The optimization model suggested BBRK 12] can be interpreted as maximum likelihood
estimation with respect to a subgraph structure of xed size given the above probabilistic

model.

I now proceed to provide a maximum likelihood interpretation for the DeRegNet
model. Since the DeRegNet model does not assume a xed subgraph size, above
conclusions do not apply. Under the assumption that the parameterp is estimated
external to the model and represents some general base level of deregulation one can
by (conceptual) reduction from the full log-likelihood L (V,p,pY to L (V, p% state

the following proposition.

35
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Proposition 5
Solving a DeRegNet instance (see 3.1.2) amounts to maximum likelihood estimation under
above model with respect to subgraph structure and deregulation probabil}{assuming

p°> 0).

Proof. Given the log-likelihood as in proposition 3, one can differentiate with respect

to p&
@ ~ @ ~
@)LS(V,p, p% = @)LS(V,p") (3.6)
@ pL p) @ 1 p
= @)s x log @ pop @)Oe x log 1 po (3.7)
By computing
@, pP1p_ @,  p @, 1 p°
I = log— — | 3.8
@ %1 o @ p @ 1 p (3:8)
_p 1 1 p 1
PP p 1 pP1lop (3:9)
1 1
" ST (3.10)
and
@ gl PP L (3.11)
@ °1 p 1 p '
one obtains
@ ~ 1 1
@)Ls(v,po): sTxE)+ sTx1 = eTx1 > (3.12)

Requiring & L «(V,p®) = 0 and with
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@ © on p° _e'x
@)LS(V,D)—O, > tl= o (3.13)
sTx
., pd= == 3.14
P = o (3.14)
and’
@ ~ 1 1 1 s'x
—— L (V,p%) = s"x—=+s"x e’ x <0 (3.15)
@® " ° p® (1 p9? (1 p9? pe®
one arrives at
ST
Vi e 2 argmax p° = argmax —— (3.16)
Ve () Ve (v) €X

since no terms involving x were dropped in the derivation for p°.

The propositions of this subsection show, that, given the introduced statistical
model, solving a DeRegNet instance instead of an instance of the optimization model
proposed in [BRK 12] allows to carry out maximum likelihood estimation without
the need to x the subgraph size in advance. Given the assumptions of the model,
these results hold regardless of further topological constraints and only relate to the

respective objective functions.

3.1.4 Fixing the root node

Instead of the root being determined by the algorithm as outlined in the previous

paragraph, one can also specify a given node 2 V as root[BRK 12]. In this case, one

’Sinces"x e"x and e x > 0 under the assumption that the subgraphs are constrained to have at
least one node andp®> 0.
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does not need they variables anymore and, since the constraint logic can be carried

over analogously, we can write the corresponding fractional integer problem as:

S' X

max P (3.17a)
x2f0,1g" € X

s.t. X, =0 (3.17b)

kmin eTX kmax (3-170)

X, €' wX 0 8v2Vnfrg (3.17d)

ecx e gx j§ 1 8S Viscsj§>1 (3.17¢)

x, e, y,x 0 8v2VnT ifT6? (3.17f)

el X = jIncj (3.179)

el x=0 (3.17h)

Note, that the above formulation is a special case of the more general formulation of
the previous section, namelyR= frg. It is nonetheless convenient to sometimes refer
to the tuple (G,r, T,EX, Inc,s) as arooted DeRegNet instanceAll other terminology

from the previous section carries over without modi cation.

3.1.5 Reversing the orientation

The default version of the just outlined algorithm will nd subnetworks which possess

a root node from which one can reach any other node in the subnetwork. This can be
interpreted as the subnetwork being deregulated downstream of that root. As outlined
in the previous sections, this root can either be determined by the algorithm or pre-
determined by biological curiosity or insight. By reversing the orientation of the graph
one can easily obtain subnetworks where theroot can be reached from any node in the
subnetwork [BRK"12]. Such a subgraph can be interpreted as deregulated upstream

of the either algorithmically determined or user-de ned root node. In that case a
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more intuitive name for the "root" is "terminal” or "destination”. See Figure 3.2 for a
visual comparison of the two scenarios. Formally, this difference in the structure of
the output can be achieved by substituting the original graph G with the transposed
graph G=(V,E), E= f(u,v)2V V:(v,u) 2 Eg and de ning the models as before

with the roles of receptors and terminals exchanged.

De nition 9

Areverse solution of a DeRegNet instance= ( G, R, T, Ex, Inc, s) with underlying graph

G = (V,E) is the (graph) transpose of an optimal subgraph of the DeRegNet instance
T=(G,T,RExInc,s). The latter is called the reverse instance bfHere, G denotes the

transposed graph of G, i.eG=(V,E), E= f(u,v)2V V:(v,u) 2 Eg.

After the algorithm found subnetworks with respect to the reversed graph the resulting
subnetworks have to be re-reversed to re ect physical reality. Also note, that the
reversed instance exchanges the roles of receptors and terminal nodes to keep the
intuitive and semantic notions associated with these terms in line with the topology

of the just de ned reverse solutions.

3.1.6 Extracting suboptimal subnetworks

Although the strategy to optimize seems like a sensible heuristic, it is nonetheless
just an heuristic. There is no intrinsic need for a biological system at hand to behave
consistently with this optimization objective in the sense that it is not granted that the
patterns found by the algorithm actually correspond to what is biologically importantin
the given situation, even despite the outlined statistical model. Vice versa, something
(nodes; a particular pattern of nodes) not showing up in any subgraph does not mean
that they may not be important in the given context. While this cannot be mediated
completely, it is sensible to nd at least possible suboptimal patterns along with the
optimal one. This can be seen as a step to capture mathematically speaking slightly
less optimal but biologically potentially similarly or even more important patterns. |

implement this notion by following the approach found in [DKR'08] and adapt it to
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DeRegNet. Given a speci edmaximal overlap 2 [0,1) and a (induced) subgraph
V  V one adds to the models (3.1) or (3.2) the suboptimality constraint e\T, X e’ x
and reoptimizes, forcing any corresponding subgraph to be found to maximally have
100 % node overlap with the the nodes of the previously found subgraph. One can
iterate this theme. For example, given a set of subgraphs/@®, ..., V& for somek 2 N
one can add the constraintse]; x e'x forall j = 1,..., k to the DeRegNet instance
to obtain a optimal subgraph of that modi ed DeRegNet instance which is guaranteed
to have node overlap with any of the VU, With V&Y = V being the original
optimal subgraph of a DeRegNet instance one thus obtains a series of suboptimal
subgraphsV®@, ...,V The question which k to choose can be for example decided

T T
& k+1)S

such that one chooses thek for which e < % for the rst time for some

2 [0,1]. Here, quanties the degree of suboptimality one is willing to accept.

3.2 Solving the DeRegNet model

The model outlined in the preceding section are fractional integer programming prob-
lems. Generally, aFractional mixed-integer linear program (FMILP) is an optimiza-

tion problem of the following form:

T + d
max - (3.18a)
pTX+q
st. x2R" ZzZ" (3.18b)
AXx b (3.18¢)

Here, c, p2 R", d,q 2 R de ne the objective, A2 R™ ", b2 R™ dene m2 N linear
constraints andn. 2 N, n; 2 N denote the number of continuous and discrete (integer)

variables respectively. | assume w.l.o.g.p" x + g> 0 for all feasible x2.

8This condition (or that pTx + g < 0 for all feasible x has to be decided for every instance. For
DeRegNet instances the objective denominator i®" x > 0 for a reasonable setting ofk,,;, > 0, see 3.1.2.
In general, the issue can also be decided by solving one of the MILPs 2.22 and 2.23 for determining
lower and upper bounds on the objective denominator.
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DeRegNet solves its integer fractional linear programming problems introduced in the
previous sections by one out of two implemented methods. Firstly, a generalization of
the Charnes-Cooper transformation[ CC62 for fractional linear programs described
by [YGGY13 and secondly an iterative scheme as introduced generally by Dinkel-
bach [Din62, Din67] and subsequently applied in the context of integer fractional
programming by [Anz74, YCG09. While the Dinkelbach-type algorithm solves the
problem by iteratively solving certain non-fractional versions of the original problem
until some convergence criterion is met, the generalization of the Charnes-Cooper
method requires linearization of arti cially introduced quadratic constraints through
model reformulation. The linearization of quadratic constraints is implemented in

terms of the methods described by[Glo75, AF05, AFG04.

As in [BRK 12] the exponentially many constraints forbidding any strongly connected
components not containing the root and with no incoming edges from the subgraph
are handled by lazy constraints. Every time a feasible integer solution which beats the
current best lower bound of the optimal value is found, the Kosaraju—Sharir algorithm
[Sha8]] is employed (as implemented by the Lemon graph library[Lem]) to check
for violating components and, in the case of violating components, the corresponding
constraints are added to the model. Both solution approaches, the generalized Charnes-
Cooper method and the Dinkelbach-type algorithm, allow for the lazy constraints to
be handled in terms of the original model formulation since both retain the relevant
variables of the model within the transformed model(s). In the following subsections |

provide details on the relevant bits and pieces of the solution technology just outlined.

3.2.1 Dinkelbach-type algorithm

Originating in the 1960's [Din62, Din67] and studied more speci cally in the context
of FMILP problems[Anz74, YCGO9 later on, the Dinkelbach algorithm relies on the

iterative solution of linear problems only containing the original variables and an
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auxiliary iteration parameter. Algorithm 11 details the procedure. In the following, as
well as in the entire thesis, Dinkelbach algorithm and Dinkelbach-type algorithmare

used synonymously to refer to Algorithm 2.

Data: FMILP with feasible setS
Result: solution x of FMILP
Initialization :
= , (parameter, has to be a lower bound of the optimal objective value)
> 0 (termination tolerance)
F=1
while F> do
x = argmaxfc'x+d (p"x+0):x2Sg
F=c'x +d (p™x + Q)
_c'x +d
CpTX +q
end

return X _ _ _
Algorithm 2: Dinkelbach-type algorithm

The mixed-integer linear program appearing in the while-loop of algorithm 2 is called
a Dinkelbach iteration problem Dinkelbach's algorithm iteratively solves a sequence
Dinkelbach iteration problems until some convergence criterion is met. See Appendix
A for more details on the general theory of Dinkelbach's scheme.

| now proceed proving that the fractional integer programming model for nding
deregulated subgraphs proposed in the main (3.1.2) text can be solved via Dinkelbach's
algorithm. The only points to clarify are the suitability of Dinkelbach's algorithm for
models with lazy constraints, the suitability of an initial value for of 0 and the
positivity of the objective denominator (see Appendix A for an exposition of these

technical requirements in general form).

Proposition 6 (Dinkelbach-type algorithm for DeRegNet)
The Dinkelbach algorithm is correct for the fractional integer programming problem of

DeRegNet.

Proof. The rst point to observe is that the objective of DeRegNet is always 0 hence

the initialization condition of the iteration parameter = 0 satis es . Fur-
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thermore, for subgraphs which are constrained to contain at least one node, the de-
nominator of the objective is strictly positive. These two properties are enough to
guarantee convergence of Dinkelbach's algorithm as detailed in Appendix A. Also since
the original decision variables are also part of the parameterized Dinkelbach iteration
problems introducing lazy constraints is technically feasible. Since lazy constraints
can only decrease the maximum objective, after every iteration where isthe
optimal objective determined by the current constraints and hence lazy constraints do
not interfere with the correctness of Dinkelbach's algorithm since it requires a starting

value of which is a lower bound of the optimal objective value (see appendix A).

Note that lazy constraints effectively amount to restarting Dinkelbach's algorithm (in
a valid initialization state) every time a lazy constraint is added. Hence, convergence
can also only be considered superlinear (see appendix A) with respect to the current
optimal objective determined by the lazy constraints.

For more details on the theoretical underpinnings of Dinkelbach's method the

reader is referred to appendix A.

3.2.2 Generalized Charnes-Cooper transformation

The so called Generalized Charnes-Cooper transformatiofYGGY13 described in this
subsection derives its name and general idea from the classical Charnes-Cooper trans-
formation [CC62 used to solve continuous fractional linear problems (FLPs). Consider

the above general form of a FMILP in the following slightly more detailed format:

X+ ¢lx+d
max — - (3.19a)
P. Xf)+ Pi Xj+q

X

st. x= @°A2R. zn (3.19b)
X

AX.tAX, b (3.19¢)
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where we explicitly decomposed the variable x intg its; continuous and integer parts

X. 2 R™ and x; 2 Z". Analogously we havec = @CCA with ¢, 2 R™, ¢ 2 R", and
0 1 :
p= @A with P2 R™ p 2 R", andA= A A with A,2R™ ", A 2R™ ", As
Pi
1
PIXc* B Xi+ @

detailed in [YGGY13 one can now de ne additional variables u :=
XC

PiXo* PXi+q | . » .
the de nition of u as a further constraint and multiplying all original constraints with

and z .= = uX. Note, that u> 0 by assumption. After incorporating

u one arrives at the following quadratic mixed-integer problem:

max clz+c'(u x)+d (3.20a)
st. x22Z", z2R", u2R, (3.20b)
piz+p'(u x)+qu=1 (3.20c)
Az+ A x) bu O (3.20d)

Note that the above problem is not a mixed-integer linear program (MILP) but a
quadratic mixed-integer problem due to the terms ux; in the transformed constraints.
This is addressed in the next subsection. With the notation of this subsection one can
formulate the following propositions formalizing the equivalence of the two model

formulations [YGGY13°:

Proposition 7 (Feasible points of the generalized Charnes-Cooper transform)
A point (X, X;) is a feasible solution of problem (A.30) if and only ifz, x;, u) is a feasible

solution of problem (A.31).

Proposition 8 (Equivalence of solutions of the generalized Charnes-Cooper transform)

An feasible poin(x , x; ) of (A.30) is optimal if and only if (z , x, ,u ) is optimal for (A.31).

1
PIxc+pI X +a”

It holds thatz = u X, andu =

9Their proofs follow directly from the de nition of the transformation.
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With respect to lazy constraints involving the integer variables x; there do not arise
any complications since they are part of both problem formulations. Lazy constraints
for the continuous variables x. require more care due to the necessity to transform the
constraints correspondingly. The DeRegNet model does only contain integer (in fact,
binary) variables and hence it is straight-forward to incorporate lazy constraints in the

solution process in terms of the original model formulation.

Linearization of binary-continuous quadratic constraints

In contrast to the iterative Dinkelbach scheme, the reformulation-linearization method
described in the last section relies on the linearization of products of integer and contin-
uous variables. Since we only deal with binary variables in this paper, we assume from
now on that all integer variables are in fact binary.® While there exist variations on
the theme of linearization [AFG04], [AF05], | here present the implemented version

going back to [Glo75].

Given a continuous variablev 2 R and a binary variable x 2 f 0,1g one introduces
a third (continuous) variable z 2 R corresponding to z = vx and substitutes any
appearance of the productvx with z. Along with z one introduces the following

constraints to ensure equivalence:

z Ux
z Lx
v Ul x) z
v L1 x) z

(3.21)

% case of a proper intgger variablexx 2 D Z, one can introduce auxiliary binary variables
xg 2f0,1g,d 2 Dwith x = d xg and xg = 1 in order to transform its product with continuous

d2D d2D
variables into a sum of products between binary and continuous variables.
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Here, U 2 Ris an upper and L 2 R is a lower bound of v which are either given by the
problem formulation itself, can be inferred from manual insight into the problem or

by solving a certain MILP in some cases.

Proposition 9 (Linearization binary-continuous products)
Letv2S R with boundedS andletx 2f0,1gandz 2 R. FurthermoreU supS

and L infS . Then, the constraints 3.21 are satis ed if and only if =z vx.

Proof. Letz= vx,thenz= vx UxsinceU is an upper boundofvandz= vx Lx
sinceL is a lower bound of v. Also forthe casex = 1onehasv U(1 X)= v=vXx=12
andv L(1 x)= v= vx= zandforthe casex = 0thetwo constraintsv U(1 Xx) z
andv L(1 x) zreducetov Uandv Lrespectivelywhichistrue by assumption.
Conversely, let the constraints in (A.15) be satised. Then in the casex = 1, the
constraintsv. U(1 x) zandv L(1 x) zimply v =z v and hence

z= v= vX. Inthe casex = 0 the rst two constraints of (A.15) imply z= 0= vx. ,

The lower bound L and the upper bound U can generally be obtained by solving
suitable MILPs[YGGY13 involving the denominator of the original objective. To

obtain the (tightest possible) lower bound one can solve the following problem:

max plX.+ p'x +q (3.22a)
0 1
X
st. x= @°A2R. zn (3.22b)
X
AXx,+Ax; b (3.22¢)
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Analogously, to obtain the (tightest possible) upper bound one can solve the fol-

lowing minimization problem:

min  plX.+ p X+ q (3.23a)
0 1
X
st. x= @ AR zn (3.23b)
X
AX,+AX b (3.23c)

Note however, that any lower and upper bound would work. The trade-off be-
tween less tight bounds on the denominator variable and the necessity of solving up
to two MILPs up front has to be decided for every FMILP model to be solved with the
generalized Charnes-Cooper transformation.

In case of DeRegNet, lower and upper bound on the objective denominator are
explicitly set in the problem formulation in the form of minimal and maximal subgraph
size. Hence one does not have to solve any MILPs up front and has (optimal) lower
and upper bounds for the inverse denominator readily available due to the problem

formulation.

Caching transformed model formulations

For DeRegNet's use cases it is quite common to optimize DeRegNet instances which
just differ in terms of their node scores, i.e. share the same underlying graph. For
example, nding deregulated subgraphs for individual cases in a TCGA cohort with

a xed regulatory network derived from KEGG will require to solve a model with the
same structural properties but with differing score data'*. In particular, in such a
situation the reformulation and linearization procedure of the generalized Charnes-

Cooper transform only has to be carried out once and can be reused across cases

1 For example a omics-readout for every case in the cohort. See chapter 4.
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since it does not depend structurally on the objective data vectors. While solution
time of a DeRegNet instance with the generalized Charnes-Cooper transform tends
to be dominated by the time to solve the resulting integer linear program, reuse of
the transformed model structure can nonetheless result in signi cant computational

savings.

3.2.3 Lazy constraints in branch-and-cut MILP solvers

For reference, this section contains an high-level outline of how lazy constraints t
into branch-and-cut algorithms for solving mixed-integer programs. For a general
introduction to branch-and-cut for MILPs it is referred to [CCZ14 and [CBD1(.

Let a MILP with n, 2 N continuous and n; 2 N integer variables of the following form

be given:

max c'x+d'y (3.24a)
st. x2R" (3.24b)
y22Zn (3.24c¢)
Ax+ By b (3.244d)
x,y 0 (3.24¢e)
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Herec2 R"™,d2 R", A2 R™ " and B2 R™ " for some m2 N. The (natural) linear

programming relaxation of a MILP of the above form is the following:

max c'x+d'y (3.25a)
st. Xx2R" (3.25h)
y2 R" (3.25c)
Ax+ By b (3.25d)
X,y O (3.25¢€)

Lazy constraints are constraints which are not initially explicitly part of the model for-

mulation, the reason usually being that it would require an computationally infeasible

exponential number of constraints (with respect to the number of variables). On a
relatively high level of abstraction, the classical branch-and-cut strategy for solving
MILPs with lazy constraints can be formulated as detailed in algorithm 3.

In order for branch-and-cut with lazy constraints to be computationally at least po-
tentially feasible, the determination of the violated lazy constraints for any feasible
solution should be a ef cient/ polynomial time subroutine. The details for the separa-

tion routine for the DeRegNet model are provided in the next section.

3.2.4 Lazy constraints for the DeRegNet model

For DeRegNet the lazy constraint separation subroutine centers around nding the
strongly connected components of the given solution. This is generally considered an
ef ciently solvable problem.

Interlude: Strongly connected components

Given a directed graph G = (V, E) one says thatG is strongly connected if and only

if there is a directed path from every node v 2 V to every other nodeu 2 V. A
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Data: MILP and lazy constraints

Result: Solution of MILP satisfying any lazy constraint

Initialization :

L = fMILPg (Set of MILP problems in search tree)

z= 1 (Current best lower bound for optimal objective)

(x ,y )= (null,null) (Current best feasible solution)

while L & ? do

ChooseP from L and remove P from L

(*) Solve linear programming relaxation of P

Let z be the solution value and (X, y) be the solution of the relaxation

if z> z then

if (x,y) feasible for Pthen

Find the setV of violated lazy constraints by seperation subroutine
()

if V = ? then

(x,y):=(xy)

z:=2

Remove all subproblems fromL with optimal solution value < z

end

Ise
Insert P back into L

Add lazy constraints from V to models in L
end

nd

Ise

if you want to add cutsthen
| Add cuts and GOTO (*)

end

else
| Branch and add created subproblems toL

end
end
end

end

return (X ,y ), z
Algorithm 3: Branch-and-cut for MILPs with lazy constraints[CCZ14, BRK 12]

(1)

@D D

50



Solving the DeRegNet model

strongly connected component of a directed graph is any maximal subgraph which is
strongly connected'?. Sometimes one refers tov® V as inducing a strongly connected
component if the subgraph induced by Vs a strongly connected component. One
denotes the set of node sets inducing all strongly connected components of a grapks =
(V,E) by SCGG) P (V). The three classical algorithms which can be used to solve
the problem of nding a directed graph's strongly connected components in O(jVj+ j Ej)
time are the Kosarju-Sharir algorithm [ Sha81], Tarjan's algorithm [ Tar72] and variants
of the path-based strong component algorithm[Dij72]. A strongly connectedsubgraph

(in contrast to componen} is a subgraph of a graph which is strongly connected.

Lazy constraint separation subroutine of DeRegNet

This subsection and algorithm 4 provide the details on the lazy constraint separation
subroutine employed for the solution of the DeRegNet model. The formal details are
given as algorithm 4. In short, given a (potential) incumbent solution to a DeRegNet
instance not containing all strong-component constraints 3.1f, the subroutine nds the
strongly connected components of the corresponding subgraph and checks whether
any such component either contains the root node itself or has at least one incoming
edge from within the subgraph but from outside the component. If so, the (potential)
incumbent is feasible, hence an actual incumbent solution. Otherwise the violated con-

straint is added to the model in while the (potential) incumbent is declared infeasible.

3.2.5 Primal heuristics for the DeRegNet model

Every feasible solution of a mixed-integer program provides a lower bound on the
optimal solution value (for maximization problems). The feasible solution which

currently gives the best lower bound on the optimal value during a branch-and-bound
procedure is called theincumbent (solution). Branch-and-bound (and hence branch-

and-cut) for mixed-integer programs relies on pruning parts of the search tree of LP

12| e. adding any node not in the subgraph would render the resulting subgraph to be not strongly
connected anymore.
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Data: DeRegNet instance andx,y:V!f 0,1g

Result: Trueif x and y do not violate any lazy constraints, falseotherwise
V =fv2V:x,= 1g(nodes implied by x)

G =(V ,E) the subgraph induced byV

C =SCG),C 2P (V) (Find strongly connected components)

for CinC with jCj> 1do

if el(x y) e ©X>1Cj 1lthen

| return false
end

end
return true

Algorithm 4: Lazy constraint subroutine for DeRegNet. In case a potential in-
cumbent is found all strongly connected components are checked to assess feasi-
bility. In case any strongly connected component does not contain the root node
and has no incoming edges from another component, a (lazy) constraint enforc-
ing the requirement is added. SCQG) denotes the set of all strongly connected
components of a given graphG.

relaxation subproblems by assessing whether the optimal solution value of a given LP
relaxation is less than the best lower bound provided by the incumbent. See algorithm
3 as a reference. Primal heuristic§ BerO6] aim at nding and / or improving feasible
solutions during a branch-and-bound procedure. While some generic methods for
primal heuristics exist [GM97a], [GM97b], [FGAQY, [BSWO04], [BM8(], they tend to
be highly problem-speci c [Ber06]. Of special interest in the context of DeRegNet are
primal heuristics for the MWCSP[RK19], [AMLM13a], [AMLM13b]. In the following
| describe start and improvement heuristics useful during the solution of DeRegNet

instances.

Start heuristics

A priori there is no feasible solution known at the beginning of a branch-and-bound
procedure for solving a mixed-integer program. Heuristics which try to nd initial
feasible solutions are calledstart heuristics | outline two start heuristics which can

be employed at the beginning of the branch-and-bound search for the solution of the
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Solving the DeRegNet model

DeRegNet model.

Greedy start heuristic. The rst start heuristic is called greedy start heuristicand
basically starts with the highest scoring node and greedily adds neighbors of already
added nodes until the average score of the thus de ned subgraph starts decreasing. If
the currently selected subgraph is feasible upon termination, one has found a feasible
solution. The formal procedure is outlined in algorithm 5. There are a number sub-
tleties attached to this start heuristic. First and foremost the procedure only assures
the reachability constraints regarding the root node. Most other constraints may or
may not be satis ed at any given time during the procedure, mostly: subgraph size
constraints and constraints ensuring the necessity of leaf nodes to be from the subset of
terminal nodes. While the subgraph size constraint is relatively easily manageable by
stopping the procedure when the maximal subgraph size is reached and by restarting
in case the minimal subgraph size can not be achieved in the rst place. In the latter
case, one can restart the procedure from the best scoring node not already selected
during earlier attempts of the greedy start heuristic. The issue of the terminal node
constraints is not easily handled and hence the greedy start heuristic is in effect only

usable in caseT = ?. Also instances withinc 6 ? cannot be handled by this heuristic.

Receptor-terminal shortest path heuristic.  The second start heuristic is more suit-
able in situations where there is a non-empty terminal set T. In short, it nds the
shortest path between a pair of receptor and terminal nodes with high node scores.
The SHORTEST _PATHsubroutine referenced in algorithm 6 can be an implementation
of any of the canonical algorithms to nd single-source shortest paths with unit edge
weights in directed graphs in polynomial time [Dij59], [Joh77], [AMOT90]. Subject
to Ex = Inc = ? all connectivity constraints will be satis ed by construction. If the
subgraph size constraints are met is up to chance however. Again, running multiple
times with the, say K, highest scoring pairs of receptors and terminals, can help in

this situation. Note, that the restriction of Ex= Inc = ? could be lifted by formulat-
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3. A de-novopathway discovery algorithm for omics data

Data: DeRegNet instance withT = Inc = ?
Result: Feasible solution of DeRegNet instanceor null

if R6 ? then

| i=R
end

else

| V= VnEx
end

v = argmax,,y, S, (Select feasible root with highest score)

V = fv g(Selected DeRegNet solution)

N = *(v)nEx(Candidate nodes to be potentially added next)
A = s, (Current average score of selected subgraph)
CONTINUE-= true

while CONTINUEand jV j < K,y do
vV = argmax,,y S, (Highest scoring node in candidate set)

if s, A then
A = P (Update average score of selected subgraph)

V [f v g(Update current subgraphs)

N =( "(v)nV )nEx (New candidate nodes)
N=(Nnfvg[ N (Update candidate nodes)
end
else
| CONTINUE= false
end
end

if V feasiblethen
| return V (Return feasible solution of DeRegNet instance)

end

else
| return null (Return nothing to indicate failure to nd feasible solution)

end
Algorithm 5:  Greedy start heuristic for the DeRegNet model
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ing the corresponding shortest path problem by canonical means in terms of integer
programming problems [Tac16]. This possibility is not explored further however since
solving integer programs to get initial feasible solutions to integer program may be a
slippery slope. Especially in the case of DeRegNet where the main problem to solve is
formulated in terms of decision variables corresponding to nodes while shortest path
integer programming formulations usually introduce decision variables corresponding

to the edges of the graph.

Data: DeRegNet instance withEx= Inc = ?
Result: Feasible solution of DeRegNet instanceor null

if R6 ? then
| k=R
end

else

| Wk=V
end

r = argmax,,,, S, (Receptor with highest score)
if T6 ? then
| V=T
end

else

| Vy=V
end

t = argmax,,y, s, (Terminal with highest score)

V = fr ,t g(Selected DeRegNet solution)

P= SHORTEST_PATHG,r ,t ) (Find shortest path between receptor and
terminal)

V =V [ P (Add nodes from shortest path)

if Knin J Vi Kpax then

| return V (Return solution if it satis es the subgraph size constraints)
end

else

| return null (Return nothing if size constraints are not met)

end
Algorithm 6: Receptor-terminal shortest path start heuristic for the DeRegNet
model
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Improvement heuristics

In case a feasible solution is found at a particular branch-and-bound node (which may
be a new incumbent or not), heuristics which try to improve that given feasible solu-
tion are called improvement heuristics Here | describe a simple greedy improvement
heuristic which can be applied to any feasible solution, either found during the branch-
and-cut procedure or otherwise. It works analogously to the greedy start heuristic
(algorithm 5), the only difference being that one is already starting with a feasible
solution. In particular, the heuristic can be applied to solutions constructed by the
receptor-terminal shortest path start heuristic (algorithm 6) described in the previous
section. Trying to improve the greedy start heuristic (algorithm 5) with the improve-
ment strategy outlined below is futile however since by construction the former already
added all potential subgraph nodes in a greedy fashion. During a branch-and-cut run
any new feasible solution can potentially be improved by the heuristic. In case of an
incumbent one can hope for an even better incumbent, in case of a feasible solution
one can hope to improve it up to a point where it actually becomes a new incumbent.

The description of the heuristic is provided as algorithm 7.

3.2.6 Approximate solutions via branch-and-bound gap cut

One can use a mixed-integer programming solver generically to obtain suboptimal
solutions to a given (maximization) MILP with optimal objective value z . During
the branch-and-cut search one obtains lower bounds on the optimal value by feasible
solutions to the problem and an upper bound by the solution value of the initial LP
relaxation of the problem. Let z z be the best available lower bound and letz z
be the upper bound obtained by the relaxed problem. Therelative gap ,, during a

branch-and-cut search is de ned as , := £.*® With the upper bound ) rel i= g

N[N

T
rel”

on the gap it follows that z . re1Z @and hence z z with = Stopping

the branch-and-cut procedure at the given gap upper bound value hence provides an

13While the (absolute) gap .psisdenedas =2 z.
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Data: Feasible solution of a DeRegNet instance
Result: Another feasible solution of (the same) DeRegNet instance
V =fv2V:x, = 1g(Selected DeRegNet solution)

N =( “(v)) n(V [ EX) (Candidate nodes to be added next)
v2V

A= ::—’; (Current average score of selected subgraph)
CONTINUE= true

while CONTINUEand jV j < k.4 do

vV = argmax,,y S, (Highest scoring node in candidate set)
ifs, A then
A Nj\ﬂ% (Update average score of selected subgraph)
V =V [f v g(Update current subgraphs)
N
N

=( "(v)nV )nEx (New candidate nodes)
=(Nnfv g [ N (Update candidate nodes)

end
else
| CONTINUE= false

end
end

return V
Algorithm 7: Greedy improvement heuristic for the DeRegNet model

1

rel 1. I referto

approximate solution of a posteriori approximation guarantee of )
the strategy of stopping the branch-and-cut search once the gap upper bound is below
a certain threshold asgap cutor gap (cut) thresholding Employing the gap cut strategy
can be useful in situations where the MILP solver can nd reasonably good solutions
in reasonable time but would take signi cantly more time to nd the optimal solution.
The option of to carry out gap cut thresholding is incorporated in the implementation

of DeRegNet for this very reason.

3.2.7 Software for solving fractional integer programs: libgrbfrc

In order to solve the fractional integer programs formulated above, a C++ library based
on the commercial Gurobi solver[ Gurb] was implemented. libgrbfrc [Lib] implements
the two solution methods from above: Dinkelbach's algorithm and the generalized

Charnes-Cooper transform. Due to the requirements of the developed optimization
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3. A de-novopathway discovery algorithm for omics data

models the implementations support lazy constraints. Academic licenses for Gurobi

are readily obtained [Gura].

3.2.8 Implementation and availability of DeRegNet

DeRegNet's implementation is written in C++ and Python and utilizes the Gurobi
optimization library [Gurb] and the Lemon graph library [Lem]. The software is open
source under BSD-3-Clause OSl-approved licensgBSO and is available at [DeRd
where you can also nd installation instructions and usage examples. The algorithm
can be run either by using a Python package or a command line tool. Furthermore,
| implemented an easy-to-use Docker image $ebwink deregnetavailable at Docker
Hub [Docd) which bundles all necessary dependencies. Currently, in order to run
DeRegNet, a license for the Gurobi optimization library is needed. For academic

purposes these licences are readily obtained afGura].

3.3 Benchmarking DeRegNet

The evaluation and benchmarking of de-novopathway enrichment or deregulated sub-
network detection algorithms and implementations remains a big challenge. While
many of the methods cited in the introduction can be applied to reveal useful biological
insight, there are limited studies concerning the comparison of formal and statistical
properties of the proposed methods. The two main obstacles are a lack of well-de ned
gold standard datasets as well as the differences concerning the exact input andor out-
put of the methods. For example, itis notimmediately clear how to compare algorithms
which produce undirected subnetworks to those which elicit directed networks of a cer-
tain structure. An important rst step toward atoning the issue in general is described
in [BAG'" 17] which focuses on benchmarking approaches for undirected networks. For
the purposes of this thesis, | designed and performed benchmarks of DeRegNet relative

to its closest methodological relative, namely the algorithm described in [BRK 12].
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Note however, while | am comparing the integer programming based algorithm of
[BRK"12] to the fractional integer programming algorithm of DeRegNet, | am using
the former as implemented in the DeRegNet software packagd DeRd. This renders
the benchmark less dependent on implementation technology since both algorithms
have been implemented with the same general stack of languages and libraries. For
the benchmark | always utilize the human KEGG network as the underlying regulatory
network (see subsection 4.1.1 in chapter 4). | then repeatedly simulate subgraphs
which match the structure of both models (DeRegNet and[BRK" 12]). The formal
simulation procedure is described in algorithm 8. Initially, the simulated subgraph
consists of one randomly selected root node, to which we iteratively add a random
"outgoing" neighbor of a randomly selected current node in the subgraph until the size
of the subgraph matches a randomly chosen value. The latter is uniformly chosen to be
an integer between a given lower and an upper bound. "Outgoing" neighbors ofv 2 V
are any node from the set *(v) = fu2 Vnfvg: (v,u) 2 Eg. All nodes in the simulated
"real" subgraph are assigned a node score of 1, while all nodes which are not contained
in the subgraph are assigned a node score of 0. These node scores are then ipped
with a certain probability p; to emulate noise in the measurements of deregulation.
In summary, we obtain random "“real” subgraphs and simulated scores. In terms of the
probabilistic interpretation of DeRegNet presented in section 3.1.3 the above scheme
corresponds to a deregulation probability of 1  p; for nodes in the "real” subgraph
and of p; for nodes not part of the "real" subgraph. Hence, under the assumptions
outlined in section 3.1.3 the simulations are restricted to values p; 2 [0, %).

Given a sequence olN 2 N of these simulated instances, both subnetwork identi cation
algorithms are run in order to nd subgraphs which can then be compared to the
known simulated real subgraph. Here, ahit (true positive tp) is de ned as a node
appearing in a subgraph calculated by some algorithm which is also an element of the
real subgraph. Afalse positive(fp) is a node which appears in a subgraph calculated
by an algorithm but is not part of the real subgraph. A false negativas de ned as a

node which is part of the true subgraph but not part of the subgraph detected by an
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Data: A directed graph G = (V, E), receptor setR  V, p; 2 [0, 3)
Result: A DeRegNet instance, a simulatedrue optimal subgraph V° V and
the simulated root node r 2 V°\ R
Chooser 2 Rwith probability J% (Choose root node)
VO:= frg(Initialize subgraph with root)
Choosek 2 [Kpin, Kmay] With probability ——— (Choose subgraph size)
while j\{‘i 6 k do
if ( *(v)) nV°= ? then

vo2\V/0 .
RESTART Algorithm 8
end

Choosev 2 ( [ *(v)) nV°with probability j( [ (v)) nV9j 1
vo2\/0 Vo2 \/0
VO= VO[f vg
end
for v2 V%do
Samples(v) Ber(1 ps)
end

for v2 VnV°do
Samples(v) Ber(ps)

end

return (G,R,?,2,?,9),VCr

Algorithm 8: Simulating DeRegNet instances with known "optimal" subgraph.
Here, Ber(p;) denotes a Bernoulli random variable with parameter p;.
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@) (b) (©

Figure 3.3: Simulating DeRegNet instances. See algorithm 8
for a formal outline of the simulation procedure. On a high level it proceeds like this:
(&) Choose root node randomly. (b) Simulate a feasible subgraph by randomly
choosing nodes maintaining the topological constraints of the model. Set the
deregulation score of nodes in the subgraph to one.(c) Introduce noise by ipping
node deregulation scores randomly.

algorithm. Furthermore, we can compare the sizes of the calculated subgraphs with
the size of the real subgraph. In more formal terms, given an algorithm A , which on

a given instance with true subgraph sizejVY nds a subgraph V, , one de nes:

AR
Vo

number of possible hits, i.e. true subgraph size

* true positive rateTPR := , .e. the number of actual hits divided by the

» false positive rateFPR := N’J*V—”(;’q i.e. the proportion of nodes in the subgraph

found by the algorithms which are not part of the true subgraph relative to true

subgraph size

» size ef ciencySE:= %4l i.e. the proportion of algorithm subgraph size to true

subgraph size

Another comparison metric is the running time of the algorithms. Further, the bench-
mark is based on the realistic assumption that we do not know the exact size of the real
subgraph and that one can only assume lower and upper bounds on the subgraph size

instead. Since the[ BRK" 12] algorithm does need an a xed priori speci ed subgraph
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size we employ a strategy suggested byBRK 12] to circumvent that fact. Namely,
to iterate from the lower to the upper bound, nd a subgraph for each size and then
regard the union graph of all found subgraphs as the one subgraph emitted by the
algorithm. The strategy is summarized as algorithm 9. DeRegNet natively requires
only a lower and an upper bound on subgraph size as parameters.

Data: A DeRegNet instance with underlying graphG=(V, E)

Result: AsetV® V (inducing a subgraph)

V%:= 2 (Initialize the nal subgraph)

for k= Knini K Kpaxs kK++ do

| V%= V[ APPLY_BACKEK)

end
return V°

Algorithm 9: Applying [BRK"12] for benchmarking DeRegNet. Here,
APPLY_BACKE) refers to applying the algorithm of [BRK 12] with xed sub-
graph size k, understood to return a set of nodes corresponding to the induced
subgraph found by the run.

Figure 3.4 shows results of simulation runs carried out according to the described
procedure.
As can be seen in Figure 3.4, outperformg BRK" 12] in terms of false positive rate
(FPR), runtime and size ef ciency, while the true positive rate of [BRK 12] is hard to
beat. Nonetheless DeRegNet achieves solid performance also in terms of TPR.
Less quantitatively, note that DeRegNet allows for subgraphs which originate from so
called source (root, receptor) nodes andendat so called terminal nodes. This is not
readily possible with the [BRK"12] algorithm due to the necessity to specify a xed
subgraph sizea priori and the resulting lack of exibility to connect receptors to targets.
Lastly, note that DeRegNet actually provides an open-source implementation of the
[BRK" 12] algorithm **. All benchmarks have been carried out with the following setup:
software: Ubuntu 18.04, Gurobi 8.1.1, hardware: 12x Intel i7-8750H @ 4.100 GHz,
32 GB RAM, Samsung SSD 970 EVO Plus.

Currently the implementation only supports the commercial Gurobi MILP solver as a solver backend.
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Figure 3.4: Benchmark patterns for DeRegNet and [BRK"12]. (A) Running
time (in seconds) of DeRegNet (Dinkelbach algorithm) and Ky, Kmin + 1 runs
of the [BRK" 12] algorithm: DeRegNet at least matches beats the performance
of [BRK" 12] on our test instances (B) Size ef ciency (SE): the size DeRegNet
subgraphs is closer to the true size of the subgrapi{C) TPR:[BRK 12] nds more

of the true subgraph nodes than DeRegNet with a mean ofLl00 % possible hits,
while DeRegNet still achieves always more tham90 % of possible hits with a mean
well above 95 % (D) FPR: DeRegNet is less noisy thafBRK" 12] in that it nds
less false positive nodes. Moreover, DeRegNet is more consistent with respect to
that metric while the variance of [BRK"12]'s FPR is considerable.
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3.4 Summary and Discussion

This chapter presented the technical details of the de-novo pathway identi cation
framework DeRegNet, i.e. the mathematical optimization problem which serves as
its basis and the various methods employed to allow or improve the solution of that
problem. Furthermore, a statistical model for DeRegNet was provided, also explicitly
outlining DeRegNet's formal relationship to related work. DeRegNet's concrete imple-
mentation was described, providing links to the open source software implemented
by the author. Finally, a simulation-based benchmark was carried out and DeRegNet
manages to compare favourably to it closed methodological relative[ BRK 12].

While the methodological development and concrete implementation of DeRegNet
as outlined in this chapter is complete to a large degree, there always exists room for
improvements. In particular, although the commercial Gurobi solver [Gurb] allows
for a relatively exible academic licensing scheme [Gura], it would bene t DeRegNet
to be able to work with further commercial but especially open source MILP solvers.
This becomes especially apparent with respect to potential cloud or HPC deployments
(compare chapter 5). On a methodological level, more complex statistical models for
models like DeRegNet and similar methods would bene t the eld of de-novo pathway
enrichment as a whole. This would likely also pave the way to more rigoroud well-
de ned benchmarking approachegd principles. The application of DeRegNet to actual
omics data is outlined in chapter 4, demonstrating its suitability as a freely available

[DeRq heuristic hypothesis generation tool.
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Chapter 4

Applications of de-novo pathway

discovery

This chapter highlights three application of the DeRegNet framework introduced on a
technical level in chapter 3 to several omics datasets. Section 4.1 describes various ap-
plications to the public TCGA liver cancer dataset. Section 4.2 show the how DeRegNet
subgraphs can shed light onto the folate one-carbon metabolism (1C metabolism) in
the context of another liver cancer study. Finally, section 4.3 explains the application

of DeRegNet to phosphoproteomic regulation of theS. cerevisiaeell cycle.

4.1 Application to TCGA liver cancer data

While subsection 4.1.1 introduces the underlying biomolecular network used to nd
subgraphs and the node scores derived from the TCGA dataset, the following subsec-
tions detail mainly two application modes of DeRegNet to TCGA liver cancer omics
data. First, subsection 4.1.2 contains results concerning theylobal application of DeReg-
Net, i.e. use of DeRegNet to nd subgraphs based on node scores which describe the
dataset as a whole. Secondly, subsection 4.1.3 describes a personalized approach for
nding subgraphs based on node scores for every cagepatient/ participant of the TCGA

study at hand. Finally, based on this personalized application of DeRegNet, subsection
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4.1.4 outlines an approach for survival prediction based on features derived from the

determined subgraphs.

4.1.1 Network and omics data
KEGG network

While many sources for directed biomolecular networks are available, e.g.[CGD 11],
in this paper | exclusively utilize a directed gene-level network constructed from the
KEGG database with the KEGGgraph R-packad&WO09]. The script used to generate
the network as well as the network itself can be found in the DeRegNet GitHub repos-
itory [DeRd. The constructed directed KEGG network has 5522 nodes and 58295

edges.

TCGA-LIHC data and RNA-Seq derived node scores

Gene expression data was downloaded for hepatocellular carcinoma TCGA project from
the Genomic Data Commons Portaltcg]. Raw quanti ed RNA-Seq counts were nor-
malized with DESeq2[LHA14] which was also used for calculating log2 fold changes
for every gene between cancer and control tissue. Personalized log2 fold changes were
calculated by dividing a patients tumor sample expression by the mean of all available
control samples (adding a pseudo count of 1) before taking the log. The following

node scores are de ned.

* Global RNA-Seq score s, = RNASeq log2-fold change for a genev 2 V as
calculated by DESeq?2 for the TCGA-LIHC cohort

» Trinary personalized RNA-Seq scoréfer casec:

8
E +1 if personalized log2 fold > 2
2
SS=_ 1 if personalizedlog2fold< 2 (4.1)

0 else

66



Application to TCGA liver cancer data

We refer to subgraphs found with the global RNA-Seq scores as global subgraphs
A global subgraph can further be subdivided as beingupregulatedor downregulated
depending on whether the subgraphs were found by employing a maximization or
minimization objective respectively. For (any) node scores: V! R we dene jg:
VI Rbyjg(v):=js(v)j forall v2 V. Dysregulatedglobal subgraphs are those which
were found by using the scorejs under a maximization objective. Similarly subgraphs
found with any of the scores s° with a maximization objective are called upregulated
while those found with minimization objective are called downregulated(personalized
subgraphs for casé patient c). Subgraphs found with a js°j score under maximization
are called dysregulatedpersonalized subgraphs for casépatient c). Any of the above

subgraph types is called aderegulatedsubgraph.

4.1.2 Global deregulated subgraphs for TCGA-LIHC

Using the DeRegNet algorithm | determined the deregulated global subgraphs obtained
from running the algorithm with the global score de ned in the previous section. The

optimal and four next best suboptimal subgraphs were calculated for every modality.
The subgraphs were then summarized as a subgraph of the union graph of optimal

and suboptimal subgraphs in order to allow streamlined interpretation *.

Reconstruction of transcriptional activation of ~ WNT signaling

The summarized global upregulated subgraph is shown in Figure 4.1.

The subgraphs shows the activation of the/VNT signaling pathway by means of over-
expressed Glypican-3 GPC3, which represents a membrane-bound heparin sulphate
proteoglycan [ARF13. GPC3has been extensively researched as an early biomarker
and potential therapy target in HCC [ZSYT18 WLD16, FH14, FC13 HK11, BAM"12]
(See gure 4.2).

YFor the speci ¢ subgraphs determined by DeRegNet, see gures A.1, A.2, A.3, A.4, A5 for the
upregulated subgraphs and A.6, A.7, A.8 , A.9, A.10 for the downregulated subgraphs.
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68

Figure 4.1: Global upregulated subgraph for TCGA-LIHC reconstructs tran-
scriptional activation of WNT signaling. The Color of nodes indicates the av-
erage log, fold change of tumor samples compared to controls as represented in
the color bar. The color of rims around nodes indicates genes contained in the
integrin pathway (blue), the WNT pathway (yellow) and diverse other pathways
(no rim). The color of edges indicates following interactions: activation (red),
inhibition (dark blue), compound (brown), binding /association (yellow), indirect
effect (dashed grey), phosphorylation (pink), dephosphorylation (light green),
expression (green) and ubiquitination (light purple).
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Figure 4.2: GPC3mediated activation of WNT signaling is a well-documented
process in liver cancer. The gure shows the relevant KEGG map (Proteoglycans
in cancer: hsa05205) with TCGA-LIHC min-max-scaled log fold changes mapped
onto the genes. This process was automatically recaptured by the upregulated
subgraphs for TCGA-LIHC. See Figure 4.1.

Genomic analysis conducted over the past decade have identi ed mutations affect-
ing Telomere Reverse Transcriptase TERT), -catenin (CTNNB2J and cellular tumor
antigen p53 (TP53) [LZRP 16] as common driver mutations in HCC. Mutations in the
TERTpromoter are a well-studied factor in liver cancer development [NZR16, QOT" 14]
and lead to TERToverexpression while mutations in CTNNBJ activate CTNNBland
result in activation of WNT signaling. Previous studies have determined thatTERTpro-
moter mutations signi cantly co-occur with  CTNNBZlalternation and both mutations
represent events in early HCC malignant transformation[ TTC" 14]. In agreement, the
DeRegNet algorithm recaptures the importance of aCTNNBXTERTconnection on a
transcriptional level.

The subgraphs further show a possible alternative mechanism o€ TNNB lactivation
through upregulated GPC3 an early marker of HCC, as well as Wnt Family member
3a (WNT3A) and Frizzled 10 (FZD10. WNT3Apromotes the stabilization of CTNNB1
and consequently expression of genes that are important for growth, proliferation and
survival [AM13] through activity of transcription factor Lymphoid Enhancer-Binding
Factor 1 (LEFJ. As shown in the subgraph gure 4.1, LEF1s known targets SRY-box 2
(SOX2? and Baculoviral IAP Repeat Containing 5 BIRCH are likely important contrib-

2Sex-Determining Region Y GRY)
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4. Applications of de-novopathway discovery

utors to WNT pathway driven WNT proliferation. SOX2is a pluripotency-associated
transcription factor with known role in HCC development [SSL 13, WHC" 13, LLZ" 16]
and BIRC5(survinin) is an anti-apoptotic factor often implicated in chronic liver disease
and liver cancer[MJB*12, MMF* 07, Sulg].

In summary, the algorithm reconstructed important components of the canonical
WNT signaling pathway activation in liver cancer [TB08, LXC 16, VTMG16, CN12,
NC17] from TCGA-LIHC RNA-Seq data and pairwise gene-gene interaction informa-
tion from KEGG.

Crosstalk between integrin and WNT signaling

Another interesting pattern emerging in the upregulated subgraphs is the crosstalk
between the WNT signaling cascade and integrin signaling. Over-expression of Se-
creted Phosphoprotein 1 (SPPJ) has been shown to be a common feature for most
known human malignancies and it is commonly associated with poor overall sur-
vival [BCO 08]. The binding of SPP1to integrins (e.g. integrin V 3) leads to
further activation of kinases associated with proliferation, epithelial-mesenchymal-
transition, migration and invasion in HCC, such as Mitogen Activated Kinase-like
Protein (MAPK), Phosphatidylinositol-4,5-bisphosphate 3-kinase P13K), Protein Ty-
rosine Kinase (PTK2, and SRC proto-oncogené Non-receptor tyrosine kinase (SRGQ
[WJIXK1q. Further captured by the subgraphs is that elevated expression oPTK2and
MAPK12are accompanied with elevated expression of cell cycle related genes (Cell
Division Cycle 25 Homolog C/ M-phase inducer phosphatase 1 CDC25@, Cyclin-
dependent Kinase 1 CDK1) and Polo-like Kinase 1 (PLKD), thus connecting over-
expression of kinases with cell proliferation.
Although KEGG lists the interaction between SRCand CTNNB1las inhibitory in

nature, other studies have concluded that activated Src enhances the accumulation of
nuclear beta-catenin and therefore through their interaction contributes to an onco-

genic phenotype[KGD'05].

70



Application to TCGA liver cancer data

In conclusion, the upregulated subgraphs capture the interaction of SPP1with in-
tegrin and consequent activation of PTK2and SRCtogether with their connection to

the WNT signaling pathway (via CTNNB2J and cell cycle genes.

Downregulated oncogenes FOSand JUN and drug metabolism

The global downregulated subgraphs are centered around down-regulation of tran-
scription factors FOSand JUN. The subgraph summary is depicted in gure 4.3. FOS
and JUN, which form AP-1the transcription factor complex, are considered to be onco-
genic factors and necessary for development of liver tumord EWO03]. Considering their
prominent role in liver tumorigenesis, further experimental study of the signi cance
of Jun and Fos downregulation on HCC development could be of great interest. Inter-
estingly, RNA-seq data show that allFOS(FOS FOSB FOSL1 FOSL2 and JUN (JUN,
JUNB JUND) isoforms are downregulated in a majority of liver tumors of the TCGA
cohort (See gure 4.4).

Furthermore, the subgraphs show a number of downregulated Cytochrome P450
(CYB enzymes as part of the most downregulated network of genes.CYP3Adis mainly
expressed in the liver and has an important role in the conversion of carcinogens,
such as a atoxin B, toward their ultimate DNA-reactive metabolites [Luc05], as well
as, in detoxi cation of anticancer drugs [UGAROQY. Although the downregulation of
CYPenzymes could potentially render HCC tumors sensitive to chemotherapy, liver
tumors are notoriously unresponsive to chemotherapy[LZRP 16]. Therefore, it is
unclear how the gene pattern of CYPenzymes captured by the presented subgraphs
could in uence the HCC response to therapy and which compensatory mechanism is

employed to counteract CYPdownregulation.

71



72

4. Applications of de-novopathway discovery

Figure 4.3: Global downregulated subgraph for TCGA-LIHC are centered on
FOSand JUN transcription factors and drug metabolism. Color of nodes in-
dicates the average log fold change of tumor samples compared to controls as
represented by the color bar. The color of edges indicates the following interac-
tions: activation (red), compound (brown), binding /association (yellow), indirect
effect (dashed grey) and expression (green). Also noteworthy it the general con-
nection of transcriptional activators and inhibitors to signaling as well as metabolic
networks. Transcription regulators have been highlighted with an orange rim.
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Figure 4.4: Expression of FOSand JUN isoforms in tumor of TCGA-LIHC co-
hort. (A) Log,-fold changes of FOS isoforms in individual tumors compared to
the mean control value in the TCGA-LIHC dataset. (B) Log fold changes of JUN
isoforms in individual tumors compared to the mean control expression value in
the TCGA-LIHC dataset. The color of the bars in the waterfall plot indicate mRNA
downregulation  1.5-fold (blue), mRNA upregulation  1.5-fold (red). Related
to Figure 4.3.
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4.1.3 Personalized deregulated subgraphs for TCGA-LIHC

Finding deregulated subgraphs in a patient-resolved manner enables steps toward
personalized medicine. In this section | describe a case study where DeRegNet was
employed to nd an upregulated subgraph for every TCGA-LIHC patient. By stratifying
patients according to whether their subgraph contains a gene or not, one can identify
genes whose inclusion into a patient's inferred subgraph provides a survival handicap
or advantage. | rst detail the subnetwork-de ned cancer genapproach and thereafter
highlight one particular such gene, namely Spleen Tyrosine Kinase $YK), in the context

of its de ning subgraphs.

Subnetwork-de ned cancer genes

Genes, gene products or biomolecular agents are likely to bring about their various
phenotypic effects only in conjunction with other agents via their shared biomolecular
network context. By that token, one can search for genes which convey phenotypic
differences by means of some de ned network context. Here, | propose DeRegNet
subgraphs as network context for a given casépatient in order to nd genes whose in-
clusion into a case's subgraph associates with a signi cant difference in overall survival.
Algorithm 10 describes the procedure more formally. Genes implicated by the outlined
procedure are termed network-de ned cancer geneslhe next section provides details
on a speci ¢ network-de ned cancer gene obtained by application of the procedure
to personalized upregulated subgraphs in the TCGA-LIHC cohort. Figure 4.6 shows
the survival effect for some other subnetwork-de ned cancer genegetermined based

on the personalized subgraphs.

Spleen tyrosine kinase ( SYK) as a network-de ned cancer gene

Patients whose subgraph contain the spleen tyrosine kinase$YK showed compara-

tively bad survival outlook (see Figures 4.5, 4.7).

74



Application to TCGA liver cancer data

Data: A set of casesC, DeRegNet instanced,=(G=(V,E),R, T,Ex, Inc,s)
for every c2 C , a subset ofnodes of interest V 'V and a survival
mapping p:C! [0,1 ).

Result: A mapping pval:V, ! [0, 1] associating eachv 2 V, with a p-value.

for c2C do
Solve the DeRegNet instancd . to obtain the nodes V, contained in C's

subgraph
end
for v2 'V, do
C,:=fc2C :v2Vg
Obtain the Kaplan-Meier estimate[ KM58] for p w.r.t groups C, andC nC,,.
pval(v) := p-value of log rank test [ABG0O§ between groupsC, and C nC,
end
Carry out multiple testing correction of pval
return pval

Algorithm 10: Finding subnetwork-de ned cancer genes. After nding sub-
graphs for individual cased patients the procedure partitions a set of casespatients
according to whether they contain a given gene in their determined subnetwork
and tests whether the thus de ned partition conveys a signi cant survival differ-
ence. Note, that in the described setting, the DeRegNet instances only differ in
terms of their case-dependent node scores’.

Figure 4.5: SYK signaling indicates poor survival. = TCGA-LIHC cases TCGA-
5C-AAPD, TCGA-CC-A3MA, TCGA-ED-A5KG, TCGA-DD-AACH, TCGA-YA-A8S7,
TCGA-CC-5261, TCGA-CC-A3M9 show activate8YKsignaling and poor survival.
Survival difference is signi cant with p= 0.2 10 2 (Kaplan-Meier curve estimates
[KM58, ABGO] and log-rank test [ABGO0§).
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Figure 4.6: Subset of genes whose inclusion into a patient's inferred sub-
graph indicates poor survival.  Survival difference is calculated using Kaplan-

Meier estimates[KM58, ABG0§ and log-rank test [ABG0g. Related to Figure
4.5,
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Application to TCGA liver cancer data

Figure 4.7: Consistent upregulation of SYKsignaling components and down-
stream targets in subgraph of patients with poor survival. Inner color repre-
sents the average log fold change across the SYKpositive" patients and rim color
represent average log2 fold change across the rest of the TCGA-LIHC cohort. Color
of edges indicates following interactions: activation (red), inhibition (dark blue),
compound (brown), indirect effect (dark grey) and expression (blue green).
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4. Applications of de-novopathway discovery

SYKis most commonly expressed in immune cells and its deregulation has been
originally associated with hematopoietic cancers[Low11, KG15 MRT10]. However, it
has been shown thatSYKplays a role in various other cancer types and its respective
roles seem to vary signi cantly depending on the molecular (i.e. ultimately network)
context [KG15]. SYKcomes in the form of two splice variants, SYKL) and SYKS)
[HYW' 14]. In the context of liver cancer, SYKpromoter hypermethylation and cor-
responding SYK downregulation has been associated with poor survival[ SLK" 14].
Furthermore, Checkpoint Kinase 1 (CHK1) mediated phosphorylation of SYKL) and
associatedSYKdegradation has been considered an oncogenic proce§dHHY" 12], as-
sociating low levels of SYKas a factor of poor survival. On the other hand, [HYW" 14]
SYKS) expression promotes metastasis development in HCC and thus leads to poor
survival outcome. Furthermore, high SYKexpression has been shown to promote liver
brosis [QZL"18]. The development of HCC is closely related to formation and pro-
gression of brosis. Fibrosis represents excessive accumulation of extracellular matrix
(ECM) and scarring tissue in an organ. A brotic environment promotes development
of dysplastic nodules which can gradually progress to liver tumors[BB05]. In short, a
somewhat inconsistent role of SYKas a tumor suppressor or oncogene can be observed
in many cancers[KG15), including liver cancer.

By employing DeRegNet, | identi ed by means of the approach de ned as algorithm
10 a subgroup of HCC patients from the TCGA-LIHC cohort which show poor survival
and a distinguished SYKsignaling pattern shown in Figure 4.7. The depicted net-
work is manually extracted from the union graph of all the patient's subgraphs which
contained SYK The network shows SRCSYKmediated/ enabled activation of PI3K-
Akt signaling via B-lymphocyte antigen CD19 (CD19) and Phosphatidylinositol 4,5-
bisphosphate 3-kinase catalytic subunit delta PI3KCD?® [TYZ15]. Furthermore, SYK
also feeds into mitogen-activated protein kinase 11-13 (p38) signaling (only MAPK13
shown) through GTPase Hras HRAS and aspase recruitment domain-containing pro-

tein 9 (CASP9. p38 signaling promotes cytokine expression via Growth-regulated

3p110
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alphaprotein (CXCLJ). Increased cytokine expression and activation is another canon-
ical effect of SYKsignaling [MRT10]. This in turn, activates JAK signaling through
Januskinase 3 JAK?3) activity, thereby reinforcing PI3K activation. Interestingly, SYK
signaling is consistently linked to the upregulation of the guanine nucleotide exchange
factors VAV1and VAV3[MRT10, Low11]*. The proto-oncogeneVAV 3is associated to
adverse outcomes in colorectall UFH" 15] and breast cancer CMMGE 12, CCL" 15].
Furthermore VAV 3mutations have been pro led to be potential drivers for liver cancer
[LXK"18]. VAVsignaling is mediated by forming a complex with Lymphocyte cytosolic
protein 2 (LCP2°® upon activation of SYKsignaling. VAV-meditated Ras-related C3
botulinum toxin substrate 2 ( RACJ activation may play a role in intravastation and
motility [RCP1]. Additionally, the subgraph shows upregulation of the B-cell lym-
phoma 2 (BCL2 gene, a known regulator of apoptosis[HS13], and vascular endothelial
growth factor-C (VEGGEwhich can promote metastasis|MJJ" 01] and angiogenesis

[TZW*' 08, TAZ' 10].

4.1.4 Subgraph features for predicting survival

Predicting phenotypes based on clinical and molecular data is one of the big chal-
lenge on the road to personalized medicine. A frequently readily available measure
of phenotype for cancer patients is survival (i.e. the time from disease onsetdiag-
nosis to (possibly disease induced) death). Improving upon clinical predictors with
molecular data often still poses signi cant challenges[YVACO 14]. Here, | provide an
example of the suitability of deregulated subgraph-derived features for predicting sur-
vival in the TCGA-LIHC dataset. In particular, we demonstrate that predictions based
on subgraphs is at least as good GSEA-based predictions obtained in a comparable
manner. Furthermore, subgraph derived features can improve upon predictions based

on clinical features alone.

4Guanine nucleotide exchange factor {/AV)
SSLP-76
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Data preparation and feature engineering

Survival times were binarized by labeling all patients with survival less than three
years (1095 days) as bad outlook patients (y = 0) and all patients with last follow-up

time larger than three years as good outlook patients (y = 1). The resulting dataset
consisted of 198 patients from the TCGA-LIHC coho®. For every case the following

features are derived:

 clinical : Features from clinical data comprising age gender body mass index
(BMI), tumor stage(!) and tumor morphology. Age (in years) and BMI were

scaled via z-scores. Tumor stage and morphology where one-hot encoded.

» gsea Features derived from (single sample) Gene Set Enrichment Analysis
(GSEA)[STM'05]. Two lists of signi cantly enriched pathways w.r.t good out-
comes vs. bad outcomes and vice versa were computed by (standard) GSEA.
From every list | retained pathways with adjusted p-value less than0.1, which
resulted in a total of 14 KEGG pathways. After performing ssGSEA, every sample
received the corresponding personalized ssGSEA enrichment scores for these
pathways as a 14-dimensional feature vector. The above steps were carried out
with gseapy[gs€. For more information on single-sample GSEA, se¢FBL" 18].

The obtained features were scaled via z-scores.

» subgraph_overlap : Features based on up- and downregulated subgraphs for
the good and bad outcome subgroups. Subgraphs were computed based on
the global deregulation score for the good outcome and bad outcome patients
respectively (on the respective training sets only, see below). Every sample is then
associated with the regulation-aware node overlag between its personalized de-,

up- and downregulated subgraphs and up- and downregulated global subgraphs

8Some cases dropped out due to incomplete or missing survival data.
Given two (induced) subgraphs V, V% V and node scoress’, s V If 1,0, 1gthe deregulation-

aware node overlapisdenedas  (I(v2 V9 &) (I(v2 V% 9.
v2V
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for the good and bad outcome subgroups respectively. This amounts to a 12-

dimensional feature vector. Again, z-scores were applied.

* ndcg: Subgraph features derived from network-de ned cancer genes. After
identifying network-de ned cancer genes (see previous subsection) for de-, up-
and downregulated subgraphs one obtains a binary indicator for every case
representing whether it contains any given such gene or not, leading to 15-

dimensional feature vectors corresponding to 15 network-de ned cancer genes.

» subgraph: subgraph_overlapand ndcgcombined (concatenated).

Under afeature combinationit is understood the combination of two or more of the
just de ned features. Inthe following, | use a plus sign to indicate feature combinations,
e.g. subgraph= subgraph_overlap- ndcg As another example,subgrapht+ clinical then

denotes subgraphfeatures combined with clinical features.

Survival prediction with clinical, pathway and subgraph features

The experiments described in the following were carried out with scikit-learn [sci].
Every feature/ feature combination was tested by training a Support Vector Machine,
a simple arti cial neural network, a random forest and a logistic regression. For every
algorithm we performed an algorithm-speci c grid search for model selection. The grid
search was equivalent for different feature combinations in order to be able to assess
the comparative suitability of the features. The grid search was conducted with 6-fold
cross validation estimating mean Receiver Operating Characteristic (ROC) curves and
Area under the curve (AUC) scores.

Features gseaand subgraph_overlapare roughly equivalent with respect to the
underlying logic, with subgraphs or pathways as contextual data inputs respectively.
Hence, comparing these two features may give an indication of the suitability of sub-
graph vs. pathway methods for feature engineering for survival prediction. Figure 4.8

shows that the subgraph_overlageatures hold promise w.r.t gseafeatures.
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Figure 4.8: Subgraph features vs. GSEA features across models. (A) Sup-
port Vector Classi er (SVC) with linear kernel (B) Support Vector Classi er (SVC)
with radial basis function (RBF) kernel (C) Arti cial Neural Network (ANN) (D)
Random forest (E) Logistic Regression.
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Furthermore, it has been shown that improving upon clinical features with molec-
ular features for survival prediction is not an easy task[ YVAO" 14]. The experiments
conducted here show that for the given setting, prediction models combining clinical
and subgraph features (based on molecular interactions and data) provide performance
gains compared to a purely clinical model. Also, the subgraph features achieve parity

with classi ers based on clinical data alone. Figure 4.9 represents these ndings.
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Figure 4.9: Subgraph features vs. clinical features across models.  Clinical
+ subgraph features together outperform either in isolation. Subgraph features
perform comparably to clinical features. (A) Support Vector Classi er (SVC) with
linear kernel (B) Support Vector Classi er (SVC) with radial basis function (RBF)
kernel (C) Arti cial Neural Network (ANN) (D) Random forest (E) Logistic Re-
gression.
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4.2 Application to 1C metabolism in liver cancer

Folate one-carbon metabolism (1C metabolism) produces many metabolites which
serve as intermediate compounds that are channeled in production of key metabolites
such as nucleotides and amino acids. Additionally, this pathway plays an important
role in methylation as well as free radicals control [Loc13]. In a study examining the

dysregulation of metabolic pathways in liver cancer [WTD"] a deregulated subgraph
based on liver cancer RNA-Seq datashowed decisive network effects for altered 1C
metabolism and associated pathways, helping to guide research into further dissection
of the importance of this pathway in liver cancer development [WTD"]. The subgraph
is shown in gure 4.10. Subsequent metabolic ux analysis performed on cell lines

derived from the tumors has further supported the insight into importance of 1C

pathway in liver carcinogenesis.

Figure 4.10: Folate one-carbon metabolism and its deregulated network con-
text. See main text, section 4.2 and[WTD*].

8Log, node scores similar to section 4.1 and the KEGG network from subsection 4.1.1.
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4.3 Application to S. cerevisiae Cell cycle regulation

DeRegNet was applied in the context of a study of the regulation of the S. cerevisiae
cell cycle by metabolic processe$ZWS'" 19a, ZWS' 19b]. The application of DeRegNet
is based on phosphoproteomic time series spanning the cell cycle. Based on these
measurements, time-course patterns were de ned representing meaningful changes
of phosphorylation [ZWS'19b, ZWS' 19b]. These abstract patterns were then used to
statistically test for their occurrence for any given phosphorylation site in any given
protein covered by the dataset[ZWS" 19b, ZWS'19a]. The minimum of the p-values
of all sites for a given protein was then taken as a node score for DeRegNet where a
node represents a protein in a regulatory network derived from KEGG [ZWS'194].
As shown in gure 4.11, the obtained deregulated subgraphs (minimizing the average
p-value score) could capture essential parts of the yeast cell cycl§ZWS"19a]. The

subgraph is shown in gure 4.11.

4.4 Summary and Discussion

This chapter described various applications of the DeRegNet algorithm as introduced
in chapter 3. In the context of the TCGA-LIHC dataset, it was outlined in section 4.1
how the application of DeRegNet in a global fashion could identify driving factors of
liver cancer such as a transcriptionally activated WNT-pathway. Another example of
the insights DeRegNet can provide is interaction of integrin and WNT signaling, as
well as drug metabolism in liver cancer. In fact, pro ling of such interactions between
pathways is one of the main strengths of the algorithm over classical gene enrichment
methods. Additionally, the application of DeRegNet in a patient-speci ¢ manner could
identify a consistent subgroup of patients showing poor prognosis potentially due to
aberrant SYKsignaling and therefore can generate meaningful hypotheses suitable for

further experimental follow-up. Given that the SYKexample is just one example case

®Analogously as described in subsection 4.1.1 but with the S. cerevisiae version of KEGG instead.
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Figure 4.11: Cell cycle regulation in yeast on a time-resolved phosphopro-
teomic level. The DeRegNet subgraph captures important parts of the yeast cell
cycle [ZWS'19a]. See main text, section 4.3. One conceptually important as-
pect of DeRegNet becomes especially apparent in the depicted subgraph: The
subgraphs uncovered can gracefully deal with non-activated proteins not show-
ing any signi cant phosphorylation pattern and even proteins not detected in the
phosphoproteomic data by means of their network context.

of a network-de ned cancer gene, this indicates that DeRegNet is a useful hypothesis
generation tool for network-guided personalized cancer research. In summary, DeReg-
Net can provide sensible insight into a given omics experiment and may lead to novel
and so far uncharacterized discoveries of genépathways involved in carcinogenesis.*®

Furthermore, | demonstrated the usefulness of subgraph-derived features for Machine
Learning approaches to Personalized Medicine. Two further independent applications
of DeRegNet, one in the context of the folate one-carbon metabolism in liver cancer cell

lines in section 4.2 and another on the phosphoproteomic regulation of the yeast cell

ONote, for example, that we only presented and discussed network-de ned cancer genes (e.gSYK)
for upregulated subgraphs, while | did not present the results of an analysis based on downregulated
or generically deregulated (either up- or downregulated) subgraphs which would lead to similar oppor-
tunities [dere].
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cycle in section 4.3, show further realized possibilities of DeRegNet. Together with the
documented open-source software[ DeRd implementing the presented algorithm in a
readily accessible manner, | hope that DeRegNet is a viable option for any researcher

interested in network interactions in a high-throughput omics context.
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Chapter 5

A REST-style API for de-novo pathway

discovery

5.1 Introduction and Context

| claim that science' generally bene ts from principled ways of enabling access to the
generic components of scienti ¢ methodology, e.g. conceptual description or speci ca-
tion of methods, experimental protocols, research software, etc.. The most prominent
way of distributing certain aspects of scienti c research is certainly via adequate pub-
lication of that work [BF14]. In the eld of Bioinformatics it is quite common that a
body of scienti c work is supported by, enabled by or even to some large extent con-
sists itself of software components which are reusable to a certain degree. Common
mechanisms of software distribution, research software or otherwise, are the distri-
bution of the corresponding source code and or precompiled binaries/ packages. In
principle, this enables anybody to install and run the software on a suitable system
of their own. A common additional / alternative step is to provide access to the soft-
ware's functionality remotely via computer networking mechanisms, one wide-spread

system in use being the public internet and the world-wide-web [RFJ. The eld of

1The societal economic process, as well as the generated body of workknowledge itself
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Bioinformatics has a long history making methods and algorithms available via web
services and webpages, see for example the annual special edition of the journalucleic
Acids Researchnar20]. Embedded in the general theme of the increasing adoption
of cloud computing in industry and research [BZdIP" 10, LMS"14, LN18, BFK 19],
recent’ technological trends in implementing web-based services include containeriza-
tion®, container orchestration* and microservices[Ric18]°,°. This chapter describes
the logic and implementation of a web-based API for the DeRegNet algorithm and asso-
ciated functionality. All components of the API are containerized by means of Docker
[Docd) images and orchestrated viadocker-composgDoch]. Finally, the API is meant
to be embedded as one microservice out of many within a larger system of cooperating
services. Nonetheless it provides all functionality necessary to nd de-novo pathways
by means of DeRegNet (see next section). The design of the API itself (in contrast to its
implementation) is loosely guided by the principles of Representational State Transfer

(REST) introduced by Fielding [Fie00].

5.2 The DeRegNet API

The DeRegNet API exposes the de-novo subgraph inference functionality of DeRegNet
via a set of so calledresource types A concrete instance of a certain resource type
is called aresource (instancepnd is uniquely identi able by an identi er (ID) gener-
ated and provided by the API on creation of the resource. Resources or collections of

resources of a given resource type are addressable through a dedicated HTT[PMtt]’

2The time-scale here is roughly 5 years with a reference of 2020; it is quite common to come across
different time scales when witnessing discussions on the latest cloud technology, ranging from days to
minutes.

3Containerization: The packaging of software by means of (Linux) container technology

4Container orchestration: The process to run and enable interactions between multiple software
components which interact and are packaged as containers, e.g. Docker images

SMicroservices: A set of smaller (network-based) software components with de ned functionality
which can interact to achieve higher order functionality

5There is certainly no shortage of other discussion threads, tools and attached keywords. For a
plethora of relatively concrete entrypoints one can consult the CNCF's (Cloud Native Computing Foun-
dation) cloud-native landscape [CNC4

"HTTP: the Hyper-Text Transfer Protocol
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endpoint which de nes the possible queries for resources of a particular type. Fur-
thermore resources can be referenced (by their respective ID) in queries and actions
involving the HTTP endpoint of other resource types which provides the means to carry
out actions involving resources of multiple different types. For the exact speci cation
we refer the reader to [DeRd|®. An interactive documentation of the API can be found

here: [DeR4°.

5.2.1 Resource types, resources and endpoints

As outlined, resources represent the data associated with the DeRegNet APl and any
resource is of a particular resource type. The DeRegNet API de nes six resource types:
graphs node setsparameter setsnode scoregsruns and subgraphs In the following |
provide details on the resource types of the DeRegNet API and sketch the respective
gueries enabled by their respective endpoints. Every HTTP endpoint associated with
a particular resource type allows for certain queries supported by canonical usage of
HTTP verbs, request data and status codefpHtt]. For the complete and formal docu-
mentation of the endpoints provided by the DeRegNet API it is referred to[DeRg and
[DeRd . For graphical overview on de ned resource types and their basic relationships

see gure 5.1.

Graphs. Resources of resource typegraph represent a biomolecular network with
respect to which DeRegNet can nd subgraphs. This can for example correspond to
a network derived from KEGG (see previous chapter) for a particular organism. A
KEGG network restricted to just interactions of a certain type (for example phospho-
rylation/ dephosphorylation) could correspond to another graph resource. A graph
resource is meant to be reused across multiple runs (see below) of DeRegNet. The
graph endpoint allows to de ne and upload new graphs which can then later be used

as a base graph for nding subgraphs. This can canonically be achieved via POST

8https://sebwink.github.io/deregnet-rest/server/swagger/swagger.yaml
https://sebwink.github.io/deregnet-rest/docs/index.html
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Figure 5.1: Conceptual dependencies between resource types in the DeReg-
Net API. The API de nes six resource types as described in more detail in the main
text: graphs, node sets, (nhode) scores, parameter sets, runs and subgraphs. The
four resource types on the left of the gure can be considered representing the
data needed to run DeRegNet, namely an underlyinggraph, node scoreqderived
for example from gene expression data), different node setsand parametersto
con gure the algorithm. The run resource type then represents an actual run of
the DeRegNet algorithm in order to generate subgraphsusing the relevant data.

requests. GET requests allow to retrieve information on already registered graphs
(number of nodes/ edges etc.). Finally, graphs can be deleted. The data necessary
for initial graph de nition (besides the actual GraphML data representing the graph)

is displayed in listing 5.1 while its representation once uploaded is shown in listing 5.2.

{
"node _id_attr": <Node attribute with default IDs>,
"name": <Name of graph>,
"description": <Description of graph>

}

Listing 5.1: Initial graph info. The data necessary to de ne a graph initially
(besides the GraphML representation of the network). node_id_attr represents the
default node attribute used for mapping node score IDs to nodes in a given graph.
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{
“"time_of _upload": <Timestamp of graph upload>,
"name": <Name of graph>,
"description": <Description of graph>,
"id": <ID of graph>,
"num_nodes": <Number of nodes in the graph>,
"num_edges": <Number of edges in the graph>

}

Listing 5.2: General graph info. Once uploaded the API creates an ID, logs the
timestamp of the update and registers some basic statistics on the graph.

Node sets. Resources of resource typ@ode setepresent sets of nodes which appear in
some graph-type resources and are meant to be sets of biologically meaningful nodes
which can be used as receptor andor terminal nodes when running DeRegNet. One
example would be to register a list of known oncogenes as a node set. The latter
can then be referenced and used as receptor or terminal set in a given DeRegNet run.
Nodes from a given node set can also be forced to be included or excluded during
DeRegNet's search for optimal and suboptimal subgraphs. Just like a graph resource,
a node set resource is meant to be used across many DeRegNet runs. The node set
endpoint allows node set resources to be created, queried for information or deleted.

The data necessary to de ne a node set is schematically shown in listing 5.3.

"nodes": |
<node 1>,
<node 2>,

<node N
]

"name": <name of node set>,
"description": <description of node set>

Listing 5.3: Node set data. A node set consists of a list of node labels.

Node scores. Node score resources represent the scores for the nodésertices of a
given graph with respect to which DeRegNet should nd subgraphs. For instance, the
RNA-Seq pro le of a TCGA case could represent a node score while the binary mutation

indicator of a patient could be another node score resource. Note, that each TCGA case
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would give rise to separate node score resources. Nodes in a node score resources have
to be matched with node identi ers in the graph resource they are meant to be used
with. Note, that the de nition of the nodes scores as such is external of the DeRegNet
API. Given a node score, the API allows the creation, retrieval and deletion of node
scores as API resources, as well as their use in DeRegNet subgraph nding runs. The

data necessary to de ne a node score is schematically shown in listing 5.4.

"score_values": |
<score of node 2,
<score of node 2,

<“s'c’ore of node N
1,
"node_ids": |

<node 1>,

<node 2>,

<node N
]

"name": <name of node score>
"description": <description of node score>

Listing 5.4: Node score data. A node score consists of a list of node labels
and a list of scalars with matching dimension containing the scores for the nodes
referenced by the labels.

Parameter sets. DeRegNet allows for con guration parameters besides the biologi-
cally relevant data captured in the preceding resource types graph, node setand node
scorg. These parameters are represented by resources of typparameter set Param-
eters which can be de ned in a parameter set are for example the lower and upper
bounds on subgraph size, the algorithm to be used (i.e. Dinkelbach's algorithm or
the generalized Charnes-Cooper transform) or whether one wants to nd maximal

or minimal subgraphs with respect to the node score. The parameter set endpoint
allows to organize parameter settings for DeRegNet runs, i.e. the type of algorithm
used, minimal/ maximal number of nodes in subgraphs, etc. The endpoint supports the

canonical actions of creation, querying and deletion. Parameter sets are referenced by
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IDs created and returned during creation of a parameter set. Additionally the endpoint
allows to query for the default parameter setting used for DeRegNet runs. An example

parameter set is shown in listing 5.5

"model _sense": "max",
"default_score": 0.0,
"num_suboptimal": 1,
“flip_orientation": false,
"max_overlap": 10.0,
"gap_cut": 0.05,
"min_size": 15,
"abs_values": true,
"max_size": 50,
"algorithm": "gcc"

Listing 5.5: An example parameter set. A parameter set allows to con gure run
resources. E.g. that optimization should stop once the relative gap is less than
%(():g'()‘igap_cut": 0.05) or to use Generalized Charnes-Cooper method ("algorithm™:
Runs. Given agraph, optionally one or more node setss receptors, terminals, included
or excluded nodes, anode scor@and a parameter sefa run resource represents an actual
run of DeRegNet in order to nd subgraphs. The run endpoint allows to de ne runs
of DeRegNet in order to nd subgraphs relative to data de ned and registered via the
previous endpoints. With a POST request to therun endpoint one can instruct the API
to nd subgraphs within a given graph using a given node score Optionally one can
specify node setsas receptor or terminal nodes for the subgraphs. Another use ohode
setsis to instruct the run to nd subgraphs which include (or exclude) nodes from a
node set by force in any subgraph. Existing runs can be queried for their status by GET
requests. Information returned are for example whether the run nished, whether
it successfully found subgraphs and if so the IDs of these subgraphs. Each run also
keeps track of its input resources, i.e. underlying graph resource, node score resource,
potential node set resources and parameter set resources. The data necessary to de ne

a subgraph run is schematically shown in listing 5.6 while the information structure

concerning a run which is retrievable via a GET request to the run endpoint is shown
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schematically in listing 5.7.

{
"name": <Name of run resource>,
"description": <Description of run resource>,
"include_id": <ID of include node set resource>,
"terminals_id": <ID of terminals node set resource>,
"parameter_set _id": <ID of parameter set resource>,
"score_id": <ID of node score resource,
"root": <Node ID of root node>,
"receptors_id": <ID of receptors node set resource,
"exclude id": <ID of exclude node set resource,
"graph_id": <ID of graph resource>

}
Listing 5.6: Data to de ne a run. In order to de ne a run, one needs to
(optionally) reference node set resources for exclude, include, receptor and
terminal set, optionally a xed root node, a parameter set resource, graph resource
and node score resource.

{
"subgraph_ids": |

<ID of subgraph resource %,
<ID of subgraph resource 2

1,
"description”: "Description of run resource",
"started": true,
"id": <ID of run resource>,
"done": true,
"post_time": <timestamp>,
"run_input": <See listing 5.6

}

Listing 5.7: Basic run information.  With a GET request to the run endpoint one
can retrieve information on created runs. Among other things, it details its status
in terms of completion ("done") and references the subgraphs found by means of
subgraph resource IDs ("subgraph_ids"). Also, it logs all the input data used to
de ne the run ("run_input"). This is highly useful for tracking data dependencies
of generated subgraphs.

Subgraphs. Finally, subgraphs are the outcome of a DeRegNet run and are represented
by resources ofsubgraphtype. Besides some general information (Is the subgraph op-
timal or suboptimal? How many nodes and edges does it have? etc.) it also references
the run resource which produced it. This allows to keep track of the context of the

subgraph (What is the underlying graph? With which parameters was the DeRegNet
run performed?). The subgraph endpoint also enables to download different represen-

tations of available subgraphs, namely in Simple Interaction Format (SIF)[Sim] and
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GraphML format [Gra].

"score": <Node score of subgraphs,

“run_id": <ID of run resource which found the subgraph>,
"optimal": <Optimality status of subgraph>,

"root": <Node ID of determined root node>,

"id": <ID of subgraph resource>,

"num_nodes": <Number of nodes in subgraph>,
"num_edges": <Number of edges in subgraph,
"optimality_type": <Optimality type of subgraph>

Listing 5.8: Basic subgraph information. = The score of the subgraph is listed,
which run generated it, whether the model representing the subgraph was
solved to optimality and also if it is the optimal subgraph or a suboptimal one

("optimality_type™).

Example work ow

Figure 5.2 shows a typical example work ow of an API user interacting with the API°.
It details the upload of a custom graph to nd subnetworks in, the registration of a node
score and a node set. Finally the user makes a request to nd subgraphs referencing
data uploaded in the previous steps. Upon success of the subgraph nding run, the

user can retrieve the found subnetworks by means of the respective endpoint.

5.2.2 Architecture and implementation
General architecture

The architecture of the DeRegNet API is based mostly on a straightforward variation
on standard multi-tier architecture [Sch09 for client-server systems as ubiquitously
applied in industry and academia. It is based on three layergtiers, namely a server
layer, a data layer and a worker layert!. The architecture is presented graphically in
gure 5.3. The server layer provides the entry point for users of the APl who are not

meant to interact directly with either the data or the worker layer. It provides the

OInteraction can of course also mean automated programmatic access in this context.
10ne can consider any HTTP client a presentation layer of the API.
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interface for all API functionality and implements it by addressing the data and worker
layers. The Data layer consists of three components: 1) a database, keeping track
of the API's resources, 2) a cache, keeping track of frequently accessed information
and making it accessible without the need to address the database directly and nally
3) a job queue which registers requested subgraph runs. The latter are carried out
by the worker layer which listens to new tasks in the job queue and then extracts all
necessary information for the subgraph request from the database upon the decision
to carry out a particular run in the queue. The main reason of this three layer ar-
chitecture is the possibility to independently scale the the different APl components.
For example, the worker layers solve the fractional integer linear programs associated
with DeRegNet and hence have different hardware requirements than either database
or application servers which merely handle a certain amount of CRUDB? operations.
The server as well as the worker layers are stateless in the sense that all data is stored
exclusively in the data layer. This makes these components readily scalable within
container orchestration platforms like Docker Swarm [Docd] or Kubernetes[Kub]. By
choice, the DeRegNet API does not provideimplement standard API features such as
authentication/ authorization, (user dependent) rate limiting or traf ¢ monitoring by
itself. Instead, for these and other features, the API is meant to rely on a so called API
gateway [Ric18] 3,1, An API gateway proxies all requests to a set of microservices
which in turn are usually only accessible through the gateway. The API gateway then
can be used to implement generic and common functionality for the microservices like,
as mentioned, authentication, authorization, rate limits, traf c monitoring, aggrega-
tion of service endpoints, etc. [Ric18]. See gure 5.4 for the role of an API gateway

for the DeRegNet API in general and for authorizatior/ authentication in particular.

2CRUD: Create-Read-Update-Delete

3Examples of API gateways are KongiKon], Gloo [Glo] or krakend [Kra]. See alsof CNCH. For more
information on the API gateway pattern in general and its intended use and enabled possibilities, see
[Ric18, ric]

140f course, instead of and off-the-shelf AP gateway one can also imagine a custom proxy for the
DeRegNet API.
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Authentication and Authorization

The currently realized mode of authentication/ authorization for the DeRegNet API is
as follows. Firstly, the DeRegNet API does not handle authentication at all. Secondly,
to enable authorization, every resource is associated to aiserof the API. In terms of a
API resource, a user is nothing more than auser eld in the actual data representation

of the resource. This then allows ltering of resources with respect to a given user
name/ identi er. The API server itself is agnostic about how these user names relate
to any surrounding context of authentication and where they originally come from.
User management is meant to be carried out by the API gateway and any associated
user management service¥. Upon handling of any HTTP request, the API server layer
tries to extract a user namé identi er provided via a JSON Web Token (JWT)*® [Jwt]
and then returns only those resources matching the given user or associates a newly
generated resource to that user. The DeRegNet server layer as such also does not
concern itself with whether the provided JWT is validated or the initial creation of the
JWT. It only extracts the user information from a provided JWT. The creation/ vali-
dation of the JWT is also meant to be carried out by the API gateway and associated
services. Under the assumption that the DeRegNet server layer is only reachable from
the API gateway (servers) the contents of the JWT can be trusted and the business
logic can be carried out based on the provided user namegidenti er 1. See gure 5.4
for a schematic work ow encapsulating the just outlined authentication / authorization
logic.

The advantage of the outlined mode of handling authentication and authorization is
that the DeRegNet API does not need to make any assumptions about any authenti-

cation mechanisms and only needs to extract information relevant for authorization

150ften user management and authorization and authentication services can be provided by the API
gateway itself. Alternatively one can use external commercial services or rely on open source solutions.
One open source solution for authorization and authentication is the ORY stack] Ory]

18 JWT: cryptographically signed JSON data which allows somebody to verify that the JSON data
encoded in the token was issued by a certain party.

17If no user name/ identi er is provided in the request, resources are ltered / associated to a generic
anonymous user.
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from an externally cryptographically validated JWT. Hence, in conjunction with an
API gateway the DeRegNet API is amenable to any authentication mechanism provided
by the former. This can be as simple as HTTP Basic Authentication and as complex
as fully edged OAuth2 [oau] and Openld Connect[Ope] work ows. The factor de-
termined by the implementation of the DeRegNet API itself is of course the mapping
of JWT-encoded (user) information provided from the gateway to the authorization
logic within the DeRegNet API. As detailed above, this logic is based on a one-to-one

mapping of usersto resources

Example work ow with internal events

The sequence diagram 5.5 details events in a typical work ow of a series of requests by
an APl user. In contrast to gure 5.2 it shows the internal events the implementation
of the API carries out in order to be able to serve the requests. This entails the server
layer interacting with the data layer to create and retrieve resources and to queue
subgraph jobs into the job queue, as well as the worker layer communicating with
the job queue and the data layer in order to be able to start subgraph nding runs.
The interaction logic from the users perspective represents the upload of a regulatory
network, the upload of a node score and the subsequent de nition of a subgraph nding
run with respect to the previously de ned resources. In the end, subgraph found by
the run are retrieved and downloaded in GraphML format. While the interactions
displayed between user and server layer are analogous to the sequence diagram 5.2,
the interactions between server and data layer, as well as those between data and

worker layer are internal to the API's implementation.

Implementation technology

At the time of writing, the server layer is implemented via OpenAPI/ Swagger server
stub generation [Swa] for the Python Flask[Fla] web framework from the API speci-

cation and corresponding implementation of DeRegNet-speci ¢ CRUD logic for the
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generated endpoints. The data layer consists of MongoDBMon] as the database and
Redis[Red] serving as a cache and a job queue via CeleryCeld. The worker layer con-
sists of Celery workers[ Celb] implemented in Python utilizing the DeRegNet Python
package. The server layer and the worker layer are encapsulated in Docker images

which can be run independently given instances of MongoDB and Redi¥.

5.3 Summary and Discussion

The implemented API provides all necessary base functionality needed to nd sub-
graphs by means of the DeRegNet algorithm (see chapter 3). At the same time it is
designed and implemented with the embedding into a larger context in mind by not
relying on too many assumptions about common interaction factors in a microservice
setting (authorization and user identity, authentication, rate limiting, etc.) but also
providing a corresponding integration surface for factors which are determined by
the API itself (such as resource access authorization logic as such). The API relies on
the open source implementation of DeRegNetf DeRd and is itself open source[ DeRb
under the BSD 3-Clause licens¢ BSO. The associated software components are pack-

aged as Docker images.

Primary extension points for the APl would be additional microservices to implement
more specialized functionality in general and for upstream and downstream subgraph
analysis in particular. In general, the APl would bene t from integration with an
identi er mapping service for biomolecular identities. Currently, the mapping of iden-
ti ers of node scores to identi ers in underlying networks is only supported manually
through careful encoding in the de nition of resources and manual linking when de n-
ing runs. Concerning upstream serviceghis mainly relates to services encapsulating

speci ¢ means of de ning and working with underlying regulatory networks, node

18Note that MongoDB and Redis can be deployed as high-availability clusters. This is outside the
scope of this thesis but reiterates the point that all layers of the DeRegNet API, server, worker, and the
components of the data layer can be scaled independently.
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scores and node sets. As an example, one can imagine a service which facilitates the
direct import of NDEx [PCW 15, PCP 17, Ndeb, Ndea] networks as base networks
for use with the DeRegNet API, as well as other means to de ne suitable networks for
use with DeRegNet likesbml4j[sbm]. Similarly, services to de ne node scores would
be highly useful, for example to de ne canonical global as well as personalized node
scores based on the omics data in the TCGA datasef§ CW15]. Other possibilities are
services to seamlessly link the output of mutational variant annotation pipelines such
as ClinVAP[SSD 20] with suitable node scores. Streamlined node set de nition based
on canonical sources of gene sets are another obvious extension point. Organizing the
process of nding personalized subgraphs for many patients for multiple omics node
scores with possibly various modes of DeRegNet application modes (known tumor sup-
pressor oncogenes genes as receptofserminals, etc.) can become a organizational
challenge. Hence, services supporting these and other complex application scenar-
ios can come in handy and would touch upstream as well as downstream services
functionality. The most useful candidate for a downstream servicés visualization and
BioGraphVisArt[ bio] already provides an implementation. Additional tools relate to
the comparison of inferred subgraphs, for example in a personalized setting comparing
subgraphs of different patients. See alsaBioGraphVisArt[bio]. The nding of network-
de ned cancer genegsee algorithm 10 in chapter 3) also lends itself to implementation

in terms of a downstream service with semi-automated input from potential upstream
services for TCGA node scores. While there are certainly more possibilities one can
think of right off the bat, | leave it at this.

In purely technical terms, the transfer of the implementation to the Kubernetes [Kub]

container orchestration platform is desirable.
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Figure 5.2: Example ow for a user interacting with the DeRegNet API. 1-3)
By POSTing a graph a user can register a graph which can then be referenced
by an ID. Next (4) and (5) represent the upload of a node score resource and
the return of and ID identifying the created node score by the API. Similarly (6)
and (7) represent the creation of a node set. The actual command to initiate the
nding of subgraphs happens in (8) with a POST request to the run endpoint
referencing underlying network, node scores and any other associated resources
by their respective IDs. In (9) the user received the ID of the created run which
can subsequently be used to query for the status of the run (10). Once the run
nished the Subgraphinforesponse will contain references to IDs of subgraphs
found by the run. The subgraphs can be queried for some initial information (11),
(12) and nally be downloaded (12) in GraphML format.
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Figure 5.3: Conceptual architecture of the DeRegNet APIl. The architecture can
be roughly divided into three different layers: 1) the serverlayer which provides
all user-facing endpoints and implements the CRUD logic of the API 2) thedata
layer which consists of a database, a cache and a job queue and 3) thevorker
layer which is a pool of servers which actually run DeRegNet in order to nd
subgraphs. Note, that the serverand worker layer are stateless in the sense that
they do not themselves store any data and merely carry out functions with data
provided externally (to these layers) via the data layer. For clarity the stateless
layers of the API are colored in pale green while the layer(s) holding persistent
data are colored pale yellow.



Summary and Discussion

Figure 5.4: The role of the API gateway in general and for authentication  /au-
thorization in particular. ~ An API gateway proxies all (end) user requests to a
target serviceg API. By means ofAuth servicest can be used to implement autho-
rization and authentication generically for several services in a compatible way.
Auth servicescan be provided by the API gateway itself, a dedicated stack like
[Ory] or even third-party identity providers. In addition to the prominent autho-
rization/ authentication functionality, an API gateway can also implement various
other generic features. One example would berate limits: Based on the user's
identity known to the gateway, the gateway can enforce personalized rate limits
for the services exposed through the API gateway.
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Figure 5.5: Example ow for a user interacting with the DeRegNet API. See
main text.
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Chapter 6

Conclusion

The preceding chapters introduced an algorithm for de-novo pathway identi cation /
deregulated subnetwork detection. The mathematical underpinnings, technical solu-
tion procedures and implementation aspects the algorithm were discussed in chapter 3,
as well as a statistical model for proposed method and a simulation-based benchmark
with respect to its closest methodological relative [BRK 12]. Special attention was
given to the methods employed to solve the fractional integer programming model
which constitutes the heart of the algorithm, including a description of the general
solution technology as well as problem-speci ¢ heuristics. Chapter 4 then detailed
concrete applications of the proposed algorithm to omics datasets. Application to the
hepatocellular carcinoma dataset of the The Cancer Genome Atlas (TCGA) showed
the ability of the algorithm to extract regulatory patterns. In particular, it could re-
construct the transcriptional activation of the WNT pathway in the context of liver
cancer. Furthermore, it proves its value as an heuristic hypothesis generation tool by
uncovering various interesting pathway crosstalks in term of omics deregulation. In
the context of the application to the liver cancer TCGA dataset, this thesis outlined
approaches to uncover personalized molecular patterns based on a patient-speci ¢
application of the algorithm. It was shown how these personalized patterns can then
in turn be used to create hypotheses concerning genes which provide phenotypic effect

by means of their network context in conjunction with its deregulation. | detailed one
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such gene and the associated pattern, namely Spleen Tyrosine Kinase&s{'K). Also it

was shown that predictive features derived from patient-speci ¢ subgraphs can help
construct Machine Learning models. In particular, the proposed features improve
upon just clinical features, which is known to remain challenging problem [YVAO' 14].
Two further applications of the proposed algorithm were highlighted, underlining its

various application scenarios. One application could provide useful network insights
concerning folate one-carbon metabolism in hepatocellular carcinoma[WTD"], while

another case study could identify regulatory patterns of the S. cerevisiaeell cycle based
on phosphoproteomic time series data[ZWS'19a]. The nal chapter 5 described the
design and implementation of a web-based Application Programming Interface (API)
for the outlined algorithm, making a web-based deployment of the methods described

in the preceding chapters readily achievable for any interested party.
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Appendix A

Fractional mixed-integer linear

programming (FMILP)

For locality of exposition we restate:

De nition 10 (Fractional mixed-integer linear program; FMILP)

A Fractional mixed-integer linear program (FMILP) is an optimization problem of

the following structure:

Tx +
max cx+d (A.1a)
pTX+q
st. x2RM™ ZzZN (A.1b)
Ax b (A.1lc)

Here,c, p 2 R", d,q 2 R de ne the objective A2 R™ ", b2 R™ de ne m 2 N linear

constraints andn, 2 N, n; 2 N denote the number of continuous and discrete (integer)

variables.

We assume8x 2F :p'x+q>0,F := fx2 R": Ax bg. Fractional mixed-
integer linear problems are hence mixed-integer problems except for the objective

which is a rational function with linear enumerator and denominator instead. While a
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A. Fractional mixed-integer linear programming (FMILP)

FMILP is non-convey, it turns out that a FMILP is pseudolinear and hence quasilinear,

rendering local optima to be globally optimal [YCGO09.

Proposition 10 (You et al. [YCGO09)

A FMILP is pseudoconvex and pseudoconcave.

Proposition 11 (You et al. [YCGO09)

A FMILP is strictly quasiconvex and strictly quasiconcave.

Proposition 12 (You et al. [YCGO09)

A local optimum of a FMILP is also a global optimum.

The latter facts render FMILP solvable by any generic mixed-integer nonlinear pro-
gramming (MINLP) solver which can handle pseudolinear objective functions[ YCGO09.
Empirically, it was shown that iterative schemes[ YCGO09 or linearization-reformulation
approaches[YGGY13 outperform generic MINLP solvers with respect to computing
time and memory footprint. These approaches rely on a mixed-integer linear program-
ming (MILP) solver as their optimization kernel, hence unlocking the power of modern
MILP software, and rely on transforming the original problem into a (sequence of)
MILP problem(s). The DeRegNet software package discussed in the main text imple-
ments a Dinkelbach-type algorithm[YCGO09 and a reformulation-linearization method
[YGGY13 resembling the Charnes-Cooper method CC67 for solving fractional linear
programs (FLP). The remainder of this appendix details the proof for the correctness

and superlinear convergence of Dinkelbach's iterative algorithm.

A.1 Dinkelbach-type algorithm (Dinkelbach algorithm)

This section details why Dinkelbach's algorithm works for solving fractional integer

programming models. Again for locality of exposition we restate:
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Dinkelbach-type algorithm (Dinkelbach algorithm)

Data: FMILP with feasible setS
Result: solution x of FMILP
Initialization
=0
> 0 (termination tolerance)
F=1
while F> do
x = argmaxfc'x+d (pTx+0):x2Sg
F=c'x +d r(p'x +0q)
_c'x +d
T pTx +q
end

return x ) ) )
Algorithm 11: Dinkelbach-type algorithm

A.1.1 Correctness of Dinkelbach's Algorithm (11) - based on You
etal. [YCGOY

In order to facilitate the following exposition the functions N:F! R,N(x):= c'x+d
forthe nominatorand D: F! R, D(x) := p'x+ qfor the denominator of the objective

function are introduced. Without loss of generality one can setd = g = 0 since one can
introduce dummy variables x4 and X, with linear constraints x4 = X, = 1 and corre-
sponding coef cients ¢; = p, = 1leadingto N(x) = c"x+ ;X4 and D(x) = p' X+ pyXq.
Furthermore, dene L (x) := N(Xx) D(x)and F: R! R,F( ):= maxfL (x):
x 2 Fg be the optimal objective value of a Dinkelbach iteration problem as a function
of the auxiliary parameter . Without loss of generality we assumeD(x) > 0O for all

X2F .

The two main results concerning Dinkelbach's algorithm are the following:

Proposition 13 (Optimality criterion, Yue et al. [YGGY13 Proposition 1)

F( )= maxfN(x) D(x):x2Fg =0 ( = 563 = maxfghd 1 x 2 Fg

— N(x) .
where x = argmaxf B0 - X 2Fg
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Proposition 14 (Convergence (rate), Yue et al. [YGGY13 Proposition 2)

Dinkelbach's algorithm converges superlinearly to in where x 2 argmaxf ,I\D‘E:; i X2

N(x )
D(x )"

Fgand =
We follow Yue et al. [YGGY13 in proving the above propositions via a series of lemmas.

Lemma 1 (Yue et al. [YGGY13 Appendix, Lemma 4)

F is convex.

Proof. For 2 [0,1], let x 2 F be x 2 argmaxfL o ) ofX) : x 2 Fg with
0 002 R. Then:

FC (1 )%

maxfL (x):x2Fg (A.2)

N(x) [ %+(1 ) *ID(x) (A.3)

[N(x)  D(x)+(1 IIN(x) °*D(x) (A4
F(9+(1 )R % (A.5)

Lemma 2 (Yue et al. [YGGY13 Appendix, Lemma 5)

F is strictly monotonically increasing, i.e. °< =) F( 9< F( %.

Proof. Given °< one obtains with x° = argmaxfL o(x) : x 2 Fg and x%°=

argmaxfL ofX):x2Fg:

F( 9= N9  Dx% (A.6)
< N(x%  °D(x% (A7)
N(x9)  °D(x9 (A.8)

= F( 9 (A.9)
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Lemma 3 (Yue et al. [YGGY13 Appendix, Lemma 6)

F( )= 0 has a unique solution.

Proof. Follows from Ililm F( )= 1 and IIilm F( )= 1 and F being strictly mono-

tonically increasing (Lemma 2). ”

Lemma 4 (Yue et al. [YGGY13 Appendix, Lemma 7)

8x°2F :F(R) 0

Proof. For any x°2 F one has:

N(x °) N(x9
F(———=)= maxfN(x) ———=D(x):x2Fg (A.10)
D(x °) D(x9
N(x?)
N D A1l
() B PO (A11)
=0 (A.12)
One can now prove proposition 1:
Proof of proposition 1. We have to show: F( ) () = géii = maX,,p %.
=) :Given F( )= maXx,gN(x) D(x) it follows with x := argmaxf N(x)

D(x) : x 2Fg forall x 2 F 0= N(x) D(x) N(x) D(x). Hence

N(x) _ N(x) - _ N(x) .
D) = Bx) € X = argmaxf B0 - X 2Fg.

(=: With x = argmaxigld : x 2 Fg one has = §&2 =8 under
our general assumption D(x) > 0 for all x 2 F it follows N(x) D(x) 0=

N(x ) D(x ) for all x 2 F which shows x = argmaxf N(x) D(x):x2Fg.

From now onward, let  be the unique solution of F( ) = Oandlet x 2 argmaxf gé)’g :
x2Fg with = ggi;

Lemma 5 (Yue et al. [YGGY13 Appendix, Lemma 8)
Let x°2 argmaxfN(x)  °D(x)gand x°°2 argmaxfN(x)  °D(x) : x 2 Fg with
< 9then D(x% D(x%.
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Proof. Adding the inequalities N(x%  D(x9 N(x% °D(x%)andN(x% °D(x%
N(x9) "D(xYleadsto( © 9YD(xY) ( © 9YD(x%, ie. D(x) D(x since

0 Ohy assumption.

Lemma 6 (Yue et al. [YGGY13 Appendix, Lemma 9)
Let x°2 argmaxfN(x)  °D(x)gand x°°2 argmaxiN(x)  °D(x) : x 2 Fg, then
f(XOS f(XO) FCY F(9

D(x%9 D(x9

Proof. From F( %= N(x%  °D(x% N(x) °D(x%itfollows g 0B
N(x9

565 ° This implies:

NGO NG NG L o, DOCY oy NG

A.13

D(x9  D(x9 D(xz(% ( o D(x9 o D(x9 ()3() ( )

_ N(x N(x . 0 D(x D(x

— ) (A.14)

D(x%  D(x9 D(x9  D(x%9
SN (o )+ DY ) (ALS)
D(x%  D(x9 D(x%  D(x9% '

_ 0 1 1

= F( %% 50 D(x09) (A.16)

_FCY RO

= D DO (A.17)

Lemma 7 (Yue et al. [YGGY13 Appendix, Lemma 10)
Let x°2 argmaxftN(x)  °D(x)gand x°°2 argmaxftN(x)  °D(x) : x 2 Fg and

F( )= 0, theniffollowsfor © ©  that 3o ROk

Proof.

N NG FCY RO

D(x%9 D(x9 D(x% D(x9 (A.18)
FC % F(C%

550 DO (A.19)

=0 (A.20)

The rstinequality follows from lemma 9, the second from lemma 7 and 8.
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Lemma 8 (Yue et al. [YGGY13 Appendix, Lemma 11)

Letx°2 argmaxtN(x)  °D(x)gand x°2 argmaxfN(x)  °D(x) : x 2 Fg, then

PO (XY (FC99+( ° 9D (5hy  sew)-

Proof. FromN(x9  °D(x9 N(x%  °D(x% it follows g((if?

by dividing by D(x% > 0. It then follows:

0
F(x%)  f(x9= I;é:og EE:;)
N(x N(x0‘3+ oD(x%
D(x%9 D(x9 D(x9
N ON(X®) o D(x% D(x%)
" D(x%9  D(x9 (D(x09 D(xo))

1 1

=( N6+ DN grs B

0o N(x% oN(x%
D(x9 D(x9

(A.21)
(A.22)
(A.23)

(A.24)

=(F( 94 O9D(x9)(—r

) (A.25)

D(x9 D(x%

Lemma 9 (Yue et al. [YGGY13 Appendix, Lemma 12)

Let x°2 argmaxfN(x)  °D(x)gand x°°2 argmaxfN(x)  °D(x) : x 2 Fg with

F( )= N(x) D(x)=0,then  f(x) ( (1

Proof.

).

FOxXO= f(x) f(x9 (A.26)
(RO D0 Gos By (A2
_ D(x)
=( % X 50 1) (A.28)
_ D(x)
=( )1 50 ) (A.29)

where the inequality follows from Lemma 11.

Proposition 2 can now be demonstrated as follows:
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Proof of proposition 2.Let F( ) = 0, i.e. = maxf gé:i
w1 = pod = f(x) where x; 2 argmaxfN(x)  ;D(X) :
Lemma 9:
wi_ _ f0) | D(x)
i i D(xi)
. _ N(x) . : : D(x )
Since maxf D(:) : X 2 Fg it follows with Lemma 5 D();(i)
D(x )

> 0 one obtains

D(xi)

for all i 2 N. The latter inequality demonstrates superlinear convergence.
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AP-1 Activator protein 1. 71

BCL2 B-cell lymphoma 2. 79

BIRC5 Baculoviral IAP Repeat Containing 5. 69, 70

CASP9 aspase recruitment domain-containing protein 9. 78

CD19 B-lymphocyte antigen CD19. 78

CDC25C Cell Division Cycle 25 Homolog C/ M-phase inducer phosphatase 1. 70
CDK1 Cyclin-dependent Kinase 1. 70

CHK1 Checkpoint Kinase 1. 78

CTNNB1 -catenin. 69-71

CXCL1 Growth-regulated alphaprotein. 78

CYP Cytochrome P450. 71

FOS AP-1 transcription factor subunit / Fos proto-oncogene. 71-73
FZD10 Frizzled 10. 69

GPC3 Glypican-3. 67, 69

HRAS GTPase Hras. 78
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JAK3 Januskinase 3. 79

JUN AP-1 transcription factor subunit / Jun proto-oncogene. 71-73
LCP2 Lymphocyte cytosolic protein 2. 79

LEF1 Lymphoid Enhancer-Binding Factor 1. 69

MAPK Mitogen Activated Kinase-like Protein. 70, 78

PISKCD Phosphatidylinositol 4,5-bisphosphate 3-kinase catalytic subunit delta. 78
PISK Phosphatidylinositol-4,5-bisphosphate 3-kinase. 70

PLK1 Polo-like Kinase 1. 70

PTK2 Protein Tyrosine Kinase. 70, 71

RAC2 Ras-related C3 botulinum toxin substrate 2. 79

S. cerevisiae Saccharomyces cerevisi@eudding yeast). vii, 65, 108
SOX2 SRY-box 2. 69, 70

SPP1 Secreted Phosphoprotein 1. 70, 71

SRC SRC proto-oncogenéNon-receptor tyrosine kinase. 70, 71, 78
SRY Sex-Determining Region Y. 69

SYK Spleen Tyrosine Kinase. 74, 75, 77-79, 86, 87, 108

TERT Telomere Reverse Transcriptase. 69

VAV Guanine nucleotide exchange factor. 79

VEGGC vascular endothelial growth factor-C. 79

WNT3A Wnt Family member 3a. 69
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Abbreviations

WNT Wingless-related integration site. 67—71, 107

1C one-carbon. 65, 85

ABI Applied Bioinformatics Group. Xi
ANN Arti cial Neural Network. 82, 84
API Application Programming Interface. ix, xiv, 8, 89—106, 108

AUC Area under the curve. 81

BMI Body Mass Index. 80

BSD Berkeley Software Distribution. 58, 101

CNCF Cloud Native Computing Foundation. 90

CRUD Create-Read-Update-Delete. 98, 100, 104

DMWCSP Directed Maximum Weight Connected Subgraph Problem. 17, 18, 22

ECM Extracellular Matrix. 78

FLP Fractional linear program/ programming. 43
FMILP Fractional mixed-integer linear program/ programming. 40-43, 47

FPR False Positive Rate. 62, 63

GB Gigabyte. 62
GHz Gigahertz. 62
GraphML Graph Markup Language. 92, 97, 100, 103

GSE Gene Set Enrichment. 2—4
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GSEA Gene set enrichment analysis. 3, 10, 79, 80, 82

HCC Hepatocellular Carcinoma. 67, 69-71, 78
HPC High-Performance Computing. 64

HTTP Hyper-text transfer protocol. 90, 91, 97, 99, 100

ID Identi er (of an API resource). 90, 91, 93, 95, 103

IMPRS International Max Planck Research School. xi

JSON JavaScript Object Notation. 99

JWT JSON Web Token. 99, 100

KEGG Kyoto Encyclopedia of Genes and Genomes. 47, 59, 66, 69, 70, 80, 85, 86, 91

LIHC Liver Hepatocellular Carcinoma. xiv, xv, 66—70, 72—74, 77-80, 86, 149-154,
157

LP Linear program/ programming. 51, 52, 56

MAWCSP Maximum Average Weight Connected Subgraph Problem. xiii, 26, 28
MILP Mixed-integer linear program/ programming. xiv, 40, 44, 46-50, 56, 57, 62, 64

MWCSP Maximum Weight Connected Subgraph Problem. 17-19, 21, 31, 52

ORA Over-representation analysis. 3, 11, 14

OSI Open Source Initiative. 58

PCSF Prize-collecting Steiner forest. 22, 25

PCST Prize-collecting Steiner tree. 18, 19, 21, 25
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RAM Random Access Memory. 62

RBF Radial Basis Function. 82, 84

REST Representational State Transfer. xiv, 89, 90, 92, 94, 96, 98, 100, 102, 104, 106
RMAWCSP Rooted Maximum Average Weight Connected Subgraph Problem. 26
RMWCSP Rooted Maximum Weight Connected Subgraph Problem. 18, 23

RNA Ribonucleic Acid. xv, 66, 67, 70, 71, 93, 149, 152

ROC Receiver Operating Characteristic. 81

SE Size Ef ciency. 63

SIF Simple Interaction Format. 96

SPIA Signaling Pathway Impact Analysis. 13, 14

SSD Solid-State Disk. 62

sSGSEA Single Sample Gene Set Enrichment Analysis. 80

SVC Support Vector Classi er. 82, 84

TCGA The Cancer Genome Atlas. vii, ix, xiv, xv, 47, 65—75, 77-81, 83, 86, 93, 102,
107, 149-154, 157

TPR True Positive Rate. 62, 63

w.l.o.g. without loss of generality. 40

w.r.t with respect to. 75, 80, 81
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Supporting Figures

Global upregulated RNA-Seq subgraphs (TCGA-LIHC)

Figure A.1: Optimal upregulated global subgraph for TCGA-LIHC
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Supporting Figures

Figure A.2: 15! suboptimal upregulated global subgraph for TCGA-LIHC

Figure A.3: 2" suboptimal upregulated global subgraph for TCGA-LIHC
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