
Über die Differentielle Analyse von
Protein-Protein-Interaktionsnetzwerken

Inauguraldissertation

zur

Erlangung des akademischen Grades eines

Doktors der Naturwissenschaften

der

Mathematisch-Naturwissenschaftlichen Fakultät

der

Ernst-Moritz-Arndt-Universität Greifswald

vorgelegt von

Gregor Warsow

geboren am 30.03.1982

in Karlsburg

Greifswald, 03.09.2013



Dekan: Professor Dr. Klaus Fesser

1. Gutachter: Professor Dr. Georg Füllen
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”
Es geht doch nichts über die Freude, die uns das Studium der Natur gewährt. Ihre

Geheimnisse sind von einer unergründlichen Tiefe; aber es ist uns Menschen erlaubt

und gegeben, immer weitere Blicke hineinzutun. Und gerade, dass sie am Ende doch

unergründlich bleibt, hat für uns einen ewigen Reiz, immer wieder zu ihr heranzugehen

und immer wieder neue Einblicke und Entdeckungen zu versuchen.“

Johann Wolfgang von Goethe

im Gespräch mit Frédéric Jacob Soret
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Teil I

Zusammenfassung
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1 Einführung

1.1 Netzwerke in der Bioinformatik

Netzwerke werden häufig verwendet, um Zusammenhänge, Wechselwirkungen, Ähnlich-

keiten, Abstände und vieles mehr abzubilden. Sie ermöglichen die Formalisierung und

Untersuchung komplexer Systeme verschiedenster Arten, beispielsweise im Transport-

wesen, in der Telekommunikation, im Finanzwesen aber auch in der Biologie und Medizin.

Hier werden sie als vereinfachende Modelle biologischer Prozesse genutzt. Formal lassen

sie sich als Graphen beschreiben, die aus einer Knotenmenge V (vertex set) und einer

Kantenmenge E (edge set) bestehen. Die Knoten repräsentieren in biologischen Netz-

werken häufig Gene, Proteine, Metabolite oder andere biologisch relevante Moleküle.

Die Kanten verbinden die Knoten miteinander und drücken so die Zusammenhänge,

Abhängigkeiten und Wechselwirkungen zwischen den Knoten aus.

Graphen können gerichtet oder ungerichtet sein. Gerichtete Graphen werden genutzt,

wenn die Richtung der Kanten von Bedeutung ist. Protein-Protein-Interaktionsnetzwerke

beispielsweise sind ungerichtet. Sie beschreiben lediglich, welche Proteine miteinander in-

teragieren, treffen aber keine Aussage über die Qualität der Interaktion, etwa, welches

Protein die Expression welchen Gens stimuliert oder inhibiert. Hierfür sind nur gerich-

tete Netzwerke geeignet.

Neben den durch das Netzwerk selbst repräsentierten Informationen können zu jedem

Knoten und jeder Kante Daten aus verschiedenen Quellen in das Netzwerk integriert wer-

den. Zu den gängigsten in Interaktions- oder Regulationsnetzwerke integrierten Daten

zählen Hochdurchsatzdaten der Expression von Genen, der Proteinmengen, des Epi-

genoms (DNA-oder Histon-Modifikation), von Genvariationen sowie der Evidenz der

im Netzwerk enthaltenen Interaktionen/Kanten (Chromatin-Immunpräzipitation, also

ChIP-Seq [1] beziehungsweise ChIP-Chip [2] für Protein-DNA-Interaktionen oder Yeast-

Two-Hybrid für Protein-Protein-Interaktionen).

Trotz der simplifizierenden Darstellung biologischer Prozesse/Zustände durch Netzwerke

erlaubt dieser integrative Ansatz eine möglichst ganzheitliche Sicht auf die dem unter-

suchten Zustand zugrundeliegende Biologie [3]. Netzwerke haben daher - unter anderem

bei der Suche nach molekularen Mechanismen, die mit Krankheiten assoziiert werden

können - eine breite Anwendung gefunden. Durch Gegenüberstellung eines Netzwerks,

das einen krankhaften Zustand beschreibt mit einem den gesunden Kontrollzustand re-

präsentierenden Netzwerk können Unterschiede identifiziert werden, die mit der Krank-

heit korreliert und möglicherweise sogar ursächlich für diese sind. In der Regel sind solche
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1.2. DIE ERSTELLUNG VON NETZWERKEN

Netzwerke jedoch aufgrund der Vielzahl der bekannten Interakteure und ihrer komplexen

Wechselwirkungen nicht intuitiv erfassbar. Hier stellt sich der Bioinformatik die Aufgabe

der Reduktion der Netzwerke auf die für die jeweilige Fragestellung wesentlichen Teile,

um hieraus Hypothesen, etwa über die Pathogenese, ableiten zu können. Dieser Prozess

wird derzeit insbesondere durch die Identifizierung sogenannter aktiver Subnetzwerke

realisiert. Hierfür wurden zahlreiche Methoden entwickelt, zu denen auch die hier vor-

gestellte Methode ExprEssence zählt, auf die später noch genauer eingegangen wird.

1.2 Die Erstellung von Netzwerken

Netzwerke werden unter anderem durch die Aggregation von in der Literatur oder in

Datenbanken (zum Beispiel HPRD [4], BioGRID [5], STRING [6], oder KEGG [7]) vor-

handenem Wissen gewonnen. Das manuelle Sichten der Literatur ermöglicht eine sehr

hohe Qualität des Netzwerks, da uneindeutige Bezeichnungen präzisiert und fehlerhafte

Aussagen direkt korrigiert werden können. Allerdings ist dieser Prozess äußerst aufwen-

dig.

Deutlich ressourcensparender, jedoch weniger treffsicher, lassen sich Netzwerke auch

durch automatisches Auswerten der wissenschaftlichen Literatur (Text-Mining) generie-

ren [8]. Da der Text-Mining Ansatz sämtliche für den Text-Miner verfügbare Fachliteratur

berücksichtigt, ist das so zusammengetragene Wissen potentiell vollständiger als ein ma-

nuell erstelltes Netzwerk: Es können Nebenbefunde in einem unerwarteten Zusammen-

hang und somit aus bei manueller Erstellung eventuell nicht untersuchten Fachartikeln

Berücksichtigung finden. Sämtliche in den Wissenschaftsliteratur-Datenbanken PubMed

(23 Millionen Kurzzusammenfassungen, Stand August 2013) und PubMed Central (2,8

Millionen Volltextartikel, Stand August 2013) verfügbare Literatur kann in kurzer Zeit

zur Erstellung von reichhaltig annotierten Netzwerken prozessiert werden.

Text-Miner müssen vielfältige Schwierigkeiten meistern, etwa den Umgang mit Homo-

nymen und Synonymen. Diese erschweren die eindeutige Identifizierung der genannten

Gene oder Proteine, welche häufig erst bei Berücksichtigung des Kontextes, in dem die

Bezeichnungen genannt werden, möglich wird. Methoden wie GENO stellen sich dieser

Herausforderung und nehmen in 85-90 % der Fälle korrekte Zuordnungen vor [9].

Eine weitere Herausforderung für Text-Miner ist das Erkennen der Qualität von Inter-

aktionen (Aktivierung, Repression, Modifikation etc.). Wenn solche den Interaktionstyp

ausdrückenden Beschreibungen in einer vom Text-Miner nicht erwarteten, komplizierten

Satzstruktur auftreten, führt dies häufig zu fehlerhaften Interpretationen des Textes.

Folglich ist beim Arbeiten mit einem durch Text-Mining generierten Netzwerk stets die
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KAPITEL 1. EINFÜHRUNG

Korrektheit der einzelnen Knoten und Kanten zu prüfen. Ist das gesamte Netzwerk

hierfür zu umfangreich, sollte darauf dennoch nicht gänzlich verzichtet werden. Eine

mögliche Strategie ist, das unkorrigierte Netzwerk für die durchzuführende Analyse zu

nutzen und anschließend eine Prüfung der für die Ergebnisse relevanten Proteine und

Interaktionen auf Korrektheit vorzunehmen. Vom Text-Miner fehlerhaft interpretierte

Knoten oder Interaktionen sind zu berichtigen beziehungsweise zu entfernen. Fehlerhaft

bedeutet hierbei nicht, dass eine Aussage im Netzwerk nicht zu den in der Netzwerkana-

lyse genutzten Daten passt, sondern, dass die Aussage per se nach fachlichen Aspekten

unkorrekt ist. Die Analyse wird dann mit dem berichtigten Netzwerk erneut ausgeführt.

Diese Schritte werden wiederholt, bis sich keine Informationen mehr unter den für die Hy-

pothesenbildung genutzten Netzwerkkomponenten befinden, die als fehlerhaft bekannt

sind. Die so gewonnene Hypothese wird einer experimentellen Prüfung unterzogen, de-

ren Ergebnisse wiederum in das Netzwerk einfließen können, um es weiter zu verbessern.

Bei dieser Vorgehensweise ist zu berücksichtigen, dass sich zwar keine als unkorrekt

bekannten Knoten und Kanten mehr im Ergebnisnetzwerk befinden, jedoch fälschlicher-

weise nicht als für das Ergebnisnetzwerk relevant erkannte - und somit nicht korrigierte

- fehlerhafte Knoten/Kanten das Ergebnisnetzwerk indirekt beeinflussen können.

Ist ein bereits bestehendes - beispielsweise auf einen bestimmten Zelltyp fokussiertes -

Netzwerk um zusätzliche, ebenso spezifisch zum Netzwerk passende Proteine zu erwei-

tern, kann dies mit Hilfe von PILGRM (platform for interactive learning by genomics

results mining [10]) erfolgen. Die Methode erhält als Eingabedaten eine Liste der im

Netzwerk repräsentierten Gene (sogenannte Goldstandard-Gene) sowie eine Menge von

uninteressanten Genen. Mit Hilfe von Support Vector Maschinen (SVM) werden diejeni-

gen Gene identifiziert, die sich in ihrem Expressionsprofil ähnlich zu den Goldstandard-

Genen verhalten. Die Expressionsdaten liegen PILGRM bereits als Kompendium aus

verschiedensten Studien vor. Das Ergebnis ist eine Liste ähnlich exprimierter Gene, die

jedoch noch in das Netzwerk integriert werden müssen. Die Suche nach Interaktionen

zwischen Genen aus dem Netzwerk und den Genen der Ergebnisliste kann durch die

Nutzung von Text-Minern vereinfacht werden.

Eine alternative Erstellung von Netzwerken ist als (de novo)-Synthese auch ohne biologi-

sches Vorwissen unter Nutzung von Hochdurchsatzdaten möglich. Ein einfaches Beispiel

hierfür sind gewichtete Koregulationsnetzwerke, bei denen die Knoten durch gewichtete

Kanten verbunden werden. Das Kantengewicht beschreibt die Ähnlichkeit der Genex-

pression (siehe Abschnitt 1.5) der verbundenen Gene über verschiedene Zustände hinweg

(Koexpression).

Eine Familie weiterentwickelter Methoden zur Netzwerkerstellung, die unter dem Be-

griff reverse engineering zusammengefasst werden, verwendet ebenso Hochdurchsatz-

daten [11–13]. Aus Genexpressionsdaten werden so beispielsweise genregulatorische Netz-
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1.3. NETZWERKE IN DER ERFORSCHUNG VON KRANKHEITEN

werke (GRN) entwickelt, die erklären sollen, wie regulierende Elemente - etwa Tran-

skriptionsfaktoren - das beobachtete Expressionsverhalten generieren [14]. Die de novo-

Synthese eines vollständigen regulatorischen Netzwerks auf Basis von ChIP-Seq und

Genexpressions-Daten wurde von Galagan et al. vorgestellt [15]. Mit dem erstellten

Netzwerk konnten Expressionsänderungen in Abhängigkeit von der Sauerstoffverfügbar-

keit im Mycobacterium tuberculosis korrekt vorhergesagt werden. Trotz erfolgreicher An-

wendung von reverse engineering Methoden in Einzelfällen ist deren Präzision bei der

Prädiktion der Netzwerkmotive zum Großteil jedoch noch gering (50%) [16].

Die im Rahmen dieser Arbeit genutzten Interaktionsnetzwerke wurden manuell erstellt

(PodNet oder KEGG [7], PluriNet), stammen aus einer Datenbank (GlobalNet ba-

sierend auf der STRING Datenbank [6]) oder sind manuell erstellt und um direkte

Interaktionspartner aus STRING ergänzt worden (XPodNet) [17].

1.3 Netzwerke in der Erforschung von Krankheiten

Die erfolgreiche Behandlung von Krankheiten auf molekularer Basis wird durch ein um-

fangreiches und detailliertes Wissen über den Ablauf biologischer Prozesse gefördert.

Krankheiten können als irreguläre, den Organismus negativ beeinflussende Zustände be-

trachtet werden. Folglich müssen der Normalzustand und der krankhafte Zustand des

Organismus, seiner Zellen und der in diesen ablaufenden molekularen Prozesse bekannt

sein, um gesund und krank auf molekularer Ebene miteinander in Relation setzen zu

können.

In vielen Fällen von Krankheitsentstehung ist das im gesunden Zustand vorhandene

Interaktionsgeflecht zwischen Proteinen, DNA, Metaboliten, verschiedenen Arten von

RNA, Co-Faktoren und weiteren Molekülen aus dem Gleichgewicht geraten. Bildlich

ausgedrückt liegt Krankheiten eine Erkrankung der Regulations- und Interaktionsnetz-

werke zugrunde. Der Einsatz von Netzwerken in der Untersuchung der Krankheiten zielt

darauf ab, diese deregulierten Bereiche zu identifizieren und zu charakterisieren.

Mit diesem Ansatz wird es möglich, Proteine mit der Krankheit in Verbindung zu brin-

gen, die allein durch die Analyse der in das Netzwerk integrierten Daten nicht aufgefallen

wären [18, 19]. Hierbei wird die Beobachtung ausgenutzt, dass Proteine, die mit einem

bestimmten Phänotyp, so auch mit der Entstehung einer Krankheit, assoziiert sind, nicht

zufällig im Netzwerk verteilt sind. Vielmehr liegen die diese Proteine repräsentierenden

Knoten im Netzwerk topologisch nahe beieinander, was bedeutet, dass sie über relativ

wenig Kanten (oder Knoten) miteinander verbunden sind [20, 21]. Neben dem Einsatz

klassischer sogenannter Biomarker - Gene, Proteine, Hormone oder andere Moleküle, die
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KAPITEL 1. EINFÜHRUNG

für eine eine (frühzeitige) Diagnose oder eine Verlaufsprognose der Krankheit relevant

sind - können auch die bei einer Krankheit als verändert erkannten Subnetzwerke als

Biomarker genutzt werden. Sie repräsentieren nicht das Verhalten einzelner Gene oder

Proteine, sondern vielmehr die gemeinsame Veränderung einer funktional zusammen-

gehörigen Gruppe. Am Beispiel von Brustkrebs konnte gezeigt werden, dass sie gegenüber

klassischen Biomarkern eine erhöhte Vorhersagegenauigkeit (Korrektklassifikationsrate)

haben [22,23].

Sollte bei einer Person mit Hilfe von Biomarkern auf den möglicherweise bevorstehenden

Ausbruch einer Krankheit geschlossen werden, könnten ihr gezielte, relativ engmaschige

Untersuchungen angeboten werden, um das tatsächliche Ausbrechen frühzeitig erkennen

und gegebenenfalls dagegen intervenieren zu können. Dieser Ansatz der individuellen

Gesundheitsvorsorge bildet einen Teil der Personalisierten/Individualisierten Medizin,

die sich zur Zeit noch in der Entwicklung befindet. Sie hat - neben der möglichst frühzei-

tigen Diagnose einer Krankheit - zum Ziel, den Therapieplan spezifisch auf den Patienten

zuzuschneiden, um diesen möglichst effizient und nebenwirkungsarm zu gestalten. Um

das hierfür notwendige Wissen zusammenzutragen, wird eine große Anzahl verschiede-

ner Datenquellen integrativ miteinander verknüpft, wobei Netzwerke eine tragende Rolle

innehaben [24,25].

In der vorliegenden Arbeit wird eine Methode vorgestellt und angewandt, die unter ande-

rem zur Identifizierung krankheitsrelevanter Interaktionen beitragen kann. Diese Metho-

de kombiniert vorhandenes Wissen in Form eines Interaktionsnetzwerks mit verschiedene

Zustände (gesund, krank) beschreibenden Hochdurchsatzdaten. Diese Zustände werden

einander gegenübergestellt, um ein Subnetzwerk der am stärksten differentiell regulier-

ten Interaktionen zu erhalten. Die Methode ist vielseitig anwendbar und somit nicht auf

die Ursachenforschung bei Krankheiten beschränkt. Implementiert wurde die Methode

als Computerprogramm unter dem Namen ExprEssence (siehe Publikation #1).

1.4 Einschränkungen von Netzwerken und mögliche

Lösungsansätze

Ein offensichtlicher Nachteil von nicht-do novo-Netzwerken ist, dass sie nicht direkt

zur Aufdeckung bisher vollständig unbekannter, das heißt, nicht im Netzwerk enthal-

tener, zellbiologischer Mechanismen beitragen können. Interaktionen oder Interakteure,

die im untersuchten Kontext von Bedeutung, im Netzwerk jedoch nicht repräsentiert

sind, können in den Ergebnissen von Netzwerkanalysen - etwa der Suche nach aktiven

Subnetzwerken, siehe Abschnitt 2.4 - nicht auftreten (falsch-negative Resultate). Daher
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1.4. EINSCHRÄNKUNGEN VON NETZWERKEN UND MÖGLICHE
LÖSUNGSANSÄTZE

ist eine regelmäßige Aktualisierung der Netzwerke auf den aktuellen Wissensstand, was

auch die Neuberechnung von reverse engineering-Netzwerken mit neu verfügbaren Hoch-

durchsatzdaten beinhaltet, vorzunehmen. Dies kann dazu beitragen, die Unvollständig-

keit sukzessive abzubauen.

Neben falsch-negativen können allerdings auch falsch-positive Resultate auftreten. Bio-

logische Systeme sind dynamisch und kontextabhängig, während Netzwerke überlagerte

Schnappschüsse sind - eine Sammlung von Wechselwirkungen, die unter verschiedensten

Bedingungen nachgewiesen wurden, nicht notwendigerweise jedoch gleichzeitig auftreten

müssen. Selbst wenn die Gene von als interagierend bekannten Proteinen in einer Zel-

le zeitgleich exprimiert werden, können beispielsweise verschiedene Lokalisierungen der

Proteine in der Zelle, eine fehlende Proteinmodifikation (etwa einer Phosphorylierung)

oder das Vorhandensein eines die Wechselwirkung störenden kompetitiven Moleküls die

Interaktion unterbinden. Dies kann bei der Interpretation folglich zu falsch-positiven

Ergebnissen führen. Ist bekannt, dass eine Interaktion im untersuchten Kontext nicht

auftritt, sollte sie aus dem verwendeten Netzwerk entfernt werden. Insbesondere bei der

Untersuchung gewebs- oder zelltypspezifischer biologischer Prozesse ist, aufgrund von in

den untersuchten Zellen nicht auftretenden beziehungsweise exklusiv in diesen Zellen auf-

tretenden Proteinen und Interaktionen, die Anwendung eines gewebs-/zelltypspezifischen

Netzwerks angeraten [26].

Statische Netzwerke sind zudem wenig geeignet für die Modellierung dynamischer Pro-

zesse wie der verzögerten Expression von Genen, die durch einen Transkriptionsfaktor

kontrolliert werden, der wiederum erst nach Durchlaufen einer Kaskade diverser vorge-

schalteter Genregulations-Kontrollmechanismen exprimiert wird. Sind derartige Prozesse

abzubilden, sollten dynamische Netzwerke eingesetzt werden, deren Topologie veränder-

lich ist [27, 28]. Im Idealfall erfolgt die Anwendung von für die experimentelle Frage-

stellung (zelltyp)spezifisch entwickelten Interaktions- und Regulationsnetzwerken mit

dynamischer Topologie [29,30].

Nicht zuletzt ist zu erwähnen, dass Netzwerke ein verzerrtes Bild bezüglich der repräsen-

tierten Proteine und Interaktionen aufweisen können. Dies ist der sehr intensiven Unter-

suchung einiger als besonders wichtig erachteter Proteine oder Gene geschuldet, während

bisher weniger auffällige kaum untersucht, jedoch für die mit dem Netzwerk untersuch-

te Fragestellung von mindestens ebenso großer Bedeutung sein können. Das führt zum

erwähnten Problem, dass einerseits die weniger untersuchten Proteine im Netzwerk feh-

len, die intensiv untersuchten Proteine andererseits stark vernetzt mit vielen Interakti-

onspartnern im Netzwerk repräsentiert sind (sogenannte Hubs).

Folglich kann den Hubs eine möglicherweise ungerechtfertigt zentrale Bedeutung zuge-

messen werden. Häufig hilft bei der Bewertung der Bedeutung eines Hub-Knotens in

einem Netzwerk nur die biologische Expertise weiter.
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KAPITEL 1. EINFÜHRUNG

1.5 Transkriptomdaten

Bei den in der vorliegenden Arbeit genutzten Hochdurchsatzdaten handelt es sich über-

wiegend um Transkriptomdaten. Daher soll hier eine sehr kurze Einführung in die The-

matik gegeben werden.

Die unterschiedlichen Fähigkeiten der verschiedenen Zelltypen werden zu wesentlichen

Teilen durch Proteine realisiert, die selektiv hergestellt und abgebaut werden. Die Syn-

these eines Proteins erfolgt, sehr stark vereinfacht dargestellt, indem die DNA des Ziel-

Gens, die den Code für die Proteinsequenz enthält, abgelesen wird, um hiervon Kopien in

Form von messenger RNA (mRNA) herzustellen (Transkription). Diese wird dann für die

eigentliche Proteinbiosynthese genutzt (Translation). Soll bestimmt werden, welche Ge-

ne in welchem Umfang abgelesen werden (Genexpression), können die mRNA-Moleküle

quantitativ bestimmt werden. Hierfür gibt es eine Vielzahl etablierter Verfahren, von

denen das Next Generation Sequencing (NGS) zu der fortschrittlichsten Familie solcher

Verfahren zählt [31]. NGS Daten standen in der vorliegenden Arbeit jedoch nicht zur

Verfügung. Es wurden Daten aus Microarray-Experimenten genutzt, welche ebenfalls

verlässliche und wertvolle Informationen liefern [32].

Es wurden größtenteils Daten von GeneChip Microarrays der Firma Affymetrix (Affy-

metrix, Santa Clara, CA, USA) genutzt. Ihre Funktionsweise wird im Folgenden stark

vereinfacht dargestellt. Als Einstieg in weiterführende Literatur sei auf [33] verwiesen.

Affymetrix GeneChips bestehen aus einer Glasplatte, die in mehrere hunderttausend

Felder unterteilt ist. Auf jedem Feld sind viele kurze einzelsträngige DNA-Moleküle am

Glasboden fixiert, deren Sequenz jeweils Abschnitten einzelner Gene entspricht und pro

Feld identisch ist. Somit repräsentiert jedes Feld einen Abschnitt eines Gens.

Wurde ein Gen in der Zelle exprimiert, befindet sich in dieser die zugehörige mRNA. Alle

mRNA-Moleküle werden aus der Zelle entnommen und in einzelsträngige cDNA über-

setzt. Jedes cDNA-Molekül wird bei diesem Prozess mit einem fluoreszierenden Molekül

ligiert. Die cDNA-Moleküle werden anschließend mit dem Microarray inkubiert und bin-

den spezifisch durch komplementäre Basenpaarung an einen der fixierten DNA-Stränge

auf jenem Feld, das einen Abschnitt ihres jeweiligen Gens repräsentiert. Nach diesem

Hybridisierungsvorgang und einem anschließenden Waschgang zum Entfernen von nicht

spezifisch gebundener cDNA erfolgt die Ermittlung der Genexpression. Je stärker ein

Gen exprimiert wurde, um so mehr cDNA hat an die fixierte DNA der entsprechenden

Felder gebunden und um so stärker ist dort die Fluoreszenz. Die Intensität der Fluo-

reszenz jedes Feldes wird mit einer Kamera ermittelt und in einen numerischen Wert

übersetzt.
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1.5. TRANSKRIPTOMDATEN

Das Ergebnis der Ermittlung des Transkriptoms sind Intensitätswerte pro Feld, welche

noch vorbereitenden Datenverarbeitungs- und Qualitätssicherungsschritten unterzogen

werden, um schließlich für jedes auf dem Microarray vertretene Gen einen Expressi-

onswert zu erhalten. Neben verschiedenen statistischen Normalisierungs- und Aufberei-

tungsschritten werden die Daten auch zur Basis 2 logarithmiert. Hierdurch wird eine

annähernde Normalverteilung der (logarithimierten) Genexpressionswerte erreicht [34].

Diese so aufbereiteten Daten stehen dann für weitere Analysen zur Verfügung.
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2 Ergebnisse

2.1 ExprEssence

Ein Protein-Protein-Interaktionsnetzwerk mit hunderten bis tausenden von Proteinen

und zehn- bis hunderttausenden Interaktionen ist in seiner Komplexität nicht intuitiv

erfassbar: Zusammenhänge können hier nicht direkt erkannt werden. Erst die Reduktion

eines Netzwerks auf die für einen zellbiologischen Zustand wesentlichen Komponenten

ermöglicht es, die diesem Zustand zugrundeliegenden molekularen Mechanismen nach-

zuvollziehen - insoweit diese im Netzwerk repräsentiert sind. Das Entfernen unwesentli-

cher und Herausstellen zustandsrelevanter Interaktionen ist die Aufgabe von Methoden,

die nach sogenannten aktiven Subnetzwerken suchen. Das vom Verfasser dieser Arbeit

entwickelte Programm ExprEssence gehört zu dieser Gruppe von Methoden.

ExprEssence wurde als Plugin für die frei verfügbare Netzwerk-Visualisierungs- und

-Analyse-Plattform Cytoscape [35] entwickelt. Es dient der Identifizierung von Interak-

tionen in biologischen Netzwerken, deren Interaktionsstärke (Auftretenshäufigkeit, Ak-

tivität) sich zwischen zwei Zuständen (beispielsweise krank versus gesund) am stärksten

unterscheidet. Diese Interaktionen werden als zwischen den beiden Zuständen differenti-

ell reguliert bezeichnet. ExprEssence reduziert die Netzwerkgröße, indem es nur die am

stärksten differentiell regulierten Interaktionen im Netzwerk belässt.

Abbildung 2.1: Prinzip der Netzwerkkon-
densierung mit ExprEssence. In ein Protein-
Protein-Interaktions- oder Regulationsnetzwerk werden
Proteom-/Transkriptomdaten von zwei zu verglei-
chenden Zuständen integriert. ExprEssence ermittelt
die Interaktionsstärke/Aktivität jeder Interaktion im
Netzwerk für jeweils beide Zustände (dargestellt durch
die Dicke der blauen Kanten). Anschließend wird für
jede Interaktion der Aktivitätsunterschied zwischen
beiden Zuständen ermittelt. Nur Interaktionen mit am
stärksten veränderter Aktivität bilden das kondensierte
Ergebnisnetzwerk. Die Stärke und Richtung der Ände-
rung wird durch die Kantendicke und -farbe dargestellt
(grün: abnehmende, rot: zunehmende Aktivität).

Um die am stärksten differentiell regulierten Interaktionen zu ermitteln, werden neben

einem Interaktionsnetzwerk Hochdurchsatzdaten benötigt, die sich als Proteinmenge der

durch die Knoten des Netzwerks repräsentierten Proteine interpretieren lassen. Da Pro-

teomdaten für die untersuchten Fragestellungen nicht zur Verfügung standen, wurden

Genexpressionsdaten von Microarrays genutzt. Ein theoretischer Nachteil der Nutzung

von Genexpressions- gegenüber Proteomdaten bei der Analyse von Protein-Protein-
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2.1. EXPRESSENCE

Interaktionen ist eine insgesamt nur mäßige Korrelation (r : 0, 4 bis 0, 75) zwischen

mRNA und Protein-Menge [36]. Jedoch berichteten Greenbaum et al., dass die mRNA-

Mengen differentiell regulierter Gene eine höhere Korrelation mit den zugehörigen Protein-

mengen aufweisen (r = 0, 89) [37]. Da gerade die differentielle Regulation von Genen bei

ExprEssence zu differentiell regulierten Interaktionen und somit zum Verbleiben der In-

teraktionen im verkleinerten Netzwerk führt, ist die vereinfachende Gleichsetzung von

mRNA- mit Protein-Menge gerechtfertigt.

Auf Grundlage der die Proteinmengen beschreibenden Daten wird für jede Interaktion

des Netzwerks ein numerischer Wert, der LinkScore (siehe Abschnitt 2.2), berechnet.

Er beschreibt die Änderung der Interaktionsstärke/Aktivität1 vom ersten zum zweiten

Zustand. Nur eine vom Nutzer bestimmte Anzahl der am stärksten differentiell regu-

Abbildung 2.2: Screenshot
von ExprEssence. Mittig ist ein
kondensiertes Netzwerk abgebil-
det. Es enthält die am stärksten
differentiell regulierten Kanten aus
dem Netzwerk, das im Hintergrund
abgebildet ist. Die Richtung der
differentiellen Regulation einer
Kante wird durch deren Farbe
beschrieben (grün: abnehmende,
rot: zunehmende Aktivität). Die
LinkScores können dem Datenbe-
reich (unten) entnommen werden
- alternativ werden sie auch
angezeigt, wenn der Mauszeiger
über einer Kante zum Stehen
kommt. Links befindet sich die
Bedienoberfläche, über die unter
anderem festgelegt wird, aus wie
vielen Kanten das kondensierte
Netzwerk bestehen soll.

lierten Interaktionen verbleibt im Netzwerk und bildet somit das kondensierte Netzwerk

(siehe Abbildung 2.1). Dabei können die Anzahl der aktiver werdenden und der in ih-

rer Interaktionsstärke abnehmenden Interaktionen jeweils separat festgelegt werden. Die

Interaktionen werden im Netzwerk gefärbt, um die Zunahme (rot) beziehungsweise Ab-

nahme (grün) der Aktivität zu visualisieren. Das Ausmaß der differentiellen Regulation

(der Betrag des LinkScores) einer Interaktion wird im Netzwerk durch die Kantendicke

dargestellt, sodass Kanten mit einem großen Absolutbetrag des LinkScores dicker sind

als Kanten mit kleineren Beträgen.

Damit die als differentiell reguliert identifizierten Interaktionen bei Bedarf auch in einem

erweiterten Kontext interpretiert werden können, ermöglicht ExprEssence das fallweise

1Es ist zu beachten, dass der Terminus der Aktivität einer Interaktion nicht gleichzusetzen ist mit einem
aktiven Subnetzwerk. Die Aktivität einer Interaktion beschreibt die Häufigkeit ihres Auftretens. Ein
Subnetzwerk hingegen wird als aktiv bezeichnet, wenn es differentiell regulierte Interaktionen enthält –
Interaktionen deren Aktivität sich zwischen beiden Zuständen hinreichend stark ändert.
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KAPITEL 2. ERGEBNISSE

Hinzufügen von Proteinen, deren Gene unter beiden verglichenen Zuständen stark expri-

miert wurden und somit in beiden Zuständen potentiell als Interaktionspartner zur

Verfügung stehen. Auch wenn diese Proteine keinen direkten Beitrag zu den Unterschie-

den der Phänotypen leisten, können sie als eventuelle Haushaltsproteine (housekeeping

proteins) dennoch von wesentlicher funktionaler Bedeutung für die Zelle sein. Weiterhin

lassen sich bei Bedarf Kanten anzeigen, die zwischen im kondensierten Netzwerk vorhan-

denen Knoten liegen, jedoch nicht ausreichend differentiell reguliert sind, um selbst im

Subnetzwerk vertreten zu sein (einige der grauen Kanten im kondensierten Netzwerk in

Abbildung 2.1). Durch Nutzung beider Optionen kann die Interpretierbarkeit des Sub-

netzwerks verbessert werden.

Eine detaillierte Beschreibung der Methode ist in Warsow et al. [38] zu finden; jedoch

ist zu beachten, dass die Formeln zur Berechnung des LinkScores mittlerweile, wie im

nächsten Abschnitt beschrieben, verändert wurden.

2.2 Der ExprEssence LinkScore

Der von ExprEssence berechnete LinkScore ist ein Maß für die Änderung der Inter-

aktionsstärke (im Sinne der Häufigkeit des Auftretens der Interaktion) zweier Proteine

A und B beim Übergang der Zelle von einer in eine andere Bedingung. Die Formeln

zur Berechnung des LinkScores wurden aus der Stoßtheorie/dem Massenwirkungsgesetz

abgeleitet. Für physische und genregulatorisch positiv wirkende Interaktionen lautet sie:

LS1→2 = I2 − I1 (2.1)

= (EA
2 + EB

2 )− (EA
1 + EB

1 ),

wobei I1/2 die Interaktionsstärke unter Bedingung 1 beziehungsweise 2 und E
A/B
1/2 der

log2-transformierte Genexpressionswert von A beziehungsweise B unter Bedingung 1

beziehungsweise 2 seien.

Für genregulatorisch inhibierend wirkende Interaktionen gilt für den LinkScore:

LSi
1→2 = Ii2 − Ii1 (2.2)

= (ER
2 − EZ

2 )− (ER
1 − EZ

1 ),

wobei Ii1 bzw. 2 die Stärke der inhibierend wirkenden Interaktion unter Bedingung 1 bezie-

hungsweise 2 und ER bzw. Z
1 bzw. 2 der log2-transformierte Genexpressionswert des Repressor-

Proteins R beziehungsweise des Ziel-Gens Z unter der Bedingung 1 beziehungsweise 2

seien. Einzelheiten zur Herleitung der Formeln befinden sich im Anhang, Abschnitt 7.1.
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2.2. DER EXPRESSENCE LINKSCORE

In der Publikation zu ExprEssence wurde der LinkScore über die Differenz Di, i ∈ {A,B}
der Expression eines Gens i ∈ {A,B} beim Übergang von der ersten zur zweiten Bedin-

gung hergeleitet [38]. Diese Differenz wurde durch Anwendung der Welch-Formel [39,40]

modifiziert, um zu erreichen, dass der Betrag des LinkScores bei großen Varianzen kleiner

wird:

LS = DA +DB mit Di =
Ei

2 − Ei
1√

V ar(Ei
1)

n1
+

V ar(Ei
2)

n2

, i ∈ {A,B} (2.3)

Jedoch führen hier kleine Varianzen zu einer Inflation des LinkScores. Dies ist insbe-

sondere bei kleinen Gruppengrößen (n1, n2) zu berücksichtigen, da hier die geschätz-

te Varianz zufällig sehr gering ausfallen kann [41]. Kleine Genexpressions-Änderungen

können so bei kleinen Varianzen zu einem extremeren LinkScore führen als im Mittel

ausgeprägtere Änderungen bei großer Varianz.

Tusher et al. haben vorgeschlagen, diesem Umstand durch die Einführung eines Korrek-

turfaktors (s0) entgegenzuwirken, der den Einfluss kleiner Varianzen dämpft und dessen

Anwendung zu folgender Berechnung führt [42]:

Di =
Ei

2 − Ei
1√

V ar(Ei
1)

n1
+

V ar(Ei
2)

n2
+ s0

, i ∈ {A,B} (2.4)

Hierbei wird s0 so gewählt, dass der Variationskoeffizient von Di minimiert wird. Der

Wert des Faktors liegt oft im 5-10% Quantil der gemeinsamen Standardabweichung (Nen-

ner in Formel 2.3) [43].

Das primäre Interesse bei der Anwendung von ExprEssence ist jedoch, jene Interaktionen

mit den absolut stärksten Änderungen zu erkennen. Eine Umsortierung der Wertigkeit

der Änderung der Interaktionsstärken durch die Einbeziehung der Varianzen ist hier

kontraintuitiv. Daher wurde die LinkScore-Berechnung optimiert, indem der LinkScore

ohne die Korrektur nach Formel 2.3, jedoch zusätzlich mit einem Signifikanzmaß berech-

net wird.

Die unmodifizierten LinkScores werden genutzt, um die am stärksten differentiell regu-

lierten Interaktionen zu identifizieren und diese, bis zur eingestellten Anzahl an Kanten,

im kondensierten Interaktionsnetzwerk zu belassen. Anschließend wird für diese Inter-

aktionen ein Signifikanzmaß/die Irrtumswahrscheinlichkeit des Einstufens als differen-

tiell regulierte Interaktion berechnet. Interaktionen mit einer Irrtumswahrscheinlichkeit

> 5% (kann von Nutzer geändert werden) werden nicht sofort verworfen, sondern mit

steigender Irrtumswahrscheinlichkeit zunehmend ausgeblendet, um deren Änderung als

weniger verlässlich kenntlich zu machen. Ziel der beschriebenen Trennung in Selektion

von maximal differentiell regulierten Interaktionen und deren anschließender Reliabi-
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KAPITEL 2. ERGEBNISSE

litätsbestimmung ist, die Resultate von ExprEssence noch intuitiver interpretierbar zu

machen.

Im Folgenden wird die Berechnung des Signifikanzmaßes beschrieben. Ihr liegt ein statis-

tischer Test zugrunde, dessen Nullhypothese, dass die Differenz der Interaktionsstärken

zwischen der ersten und zweiten Bedingung den Wert Null habe, der Alternativhypo-

these, die Differenz sei ungleich 0, gegenübersteht:

H0 : I1 = I2 sowie HA : I1 6= I2 (2.5)

Es handelt sich hierbei um eine zweiseitige Fragestellung, da a priori nicht bekannt ist,

ob der LinkScore positiv oder negativ sein wird. Ein t-Test, der gleiche Varianzen in bei-

den Gruppen voraussetzt, ist für diesen Test im Allgemeinen ungeeignet. Zwar zeigten

Simulationsstudien (Monte Carlo), dass sich der t-Test robust gegenüber Verletzungen

der Varianzhomogenität verhält, wenn die Gruppengrößen annähernd gleich sind [44],

dennoch ist ein Test anzuwenden, der mit unbekannten und nicht als gleich vorausge-

setzten Varianzen genutzt werden kann, da die Anzahl der zur Verfügung stehenden

Replikate in beiden Zustandsgruppen wesentlich voneinander abweichen kann.

Das führt zum Behrens-Fischer-Problem, für dessen Lösung eine Approximation nach

Welch existiert - bekannt unter der Bezeichnung Welch’s t-Test. Dieser Test kann mit

ungleichen Stichprobengrößen und ungleichen Varianzen genutzt werden. Die Wahl die-

ses Tests ist unabhängig von der oben beschriebenen Verwendung in Formel 2.3. Trotz

des Fallenlassens der Annahme der Varianzhomogenität und gleicher Gruppengrößen

setzt dieser Test jedoch noch die Normalverteilung der zu vergleichenden Zufallsva-

riablen - der Interaktionsstärken - voraus. Da in der einschlägigen Literatur eine log-

Normalverteilung der Genexpression angenommen wird [34] und die Interaktionsstärke

als Summe der jeweils normalverteilten logarithmierten Expressionswerte der beteiligten

Gene wieder normalverteilt ist, ist die Annahme einer Normalverteilung der Interakti-

onsstärken gerechtfertigt. Zudem ist diese Voraussetzung bei Stichprobenumfängen ≥ 30

vernachlässigbar [44].

Somit kann ein zweiseitiger t-Test nach Welch angewendet werden. Die Teststatistik für

den Test nach Welch auf Gleichheit der Interaktionsstärken - oder einen LinkScore von

0,0 - lautet

tLS1→2 =
|I2 − I1|√

V ar(I1)
n1

+ V ar(I2)
n2

, (2.6)

wobei n1, n2 weiterhin die Anzahl der Messungen in Bedingung 1 beziehungsweise 2 be-

schreiben. Um die Formel anwenden zu können, ist die Varianz der Interaktionsstärke zu

ermitteln. Hierauf wird im Anhang, Abschnitt 7.2, näher eingegangen. tLS1→2 ist t ver-

teilt mit der Anzahl an Freiheitsgraden ν, die nach der Formel von Welch-Satterthwaite
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2.3. EXPRESSENCE-ERWEITERUNGEN

berechnet wird:

νtLS1→2
=

(V ar(I1)
n1

+ V ar(I2)
n2

)2

V ar(I1)2

n2
1(n1−1)

+ V ar(I2)2

n2
2(n2−1)

(2.7)

Für jeden LinkScore kann nun sein p-Wert berechnet werden. Er gibt an, mit welcher

Wahrscheinlichkeit die Ablehnung der Nullhypothese bei einer Interaktion falsch wäre,

da diese Interaktion tatsächlich nicht differentiell reguliert ist. Der p-Wert ist gleich dem

doppelten Anteil (aufgrund der zweiseitigen Fragestellung) der Fläche der t-Verteilung

(mit der in Formel 2.7 berechneten Anzahl an Freiheitsgraden), die rechts von dem

Wert tLS1→2 liegt. Die p-Werte werden anschließend mit der Methode nach Benjamini-

Hochberg (False Discovery Rate, FDR) für multiples Testen korrigiert [45]. Als signifi-

kant differentiell reguliert gelten Interaktionen, deren korrigierter p-Wert ≤ 0, 05 ist. Sie

werden im kondensierten Netzwerk vollwertig dargestellt, während Interaktionen bis zu

einem korrigierten p-Wert von 0,1 kontinuierlich ausgeblichen werden. Beide Schwellen-

werte können vom Nutzer angepasst werden.

2.3 ExprEssence-Erweiterungen

2.3.1 MetaExprEssence und ExprEsSector

Seit der Publikation von ExprEssence sind Erweiterungen, ebenso Plugins für Cytosca-

pe, entwickelt worden. Zum einen kann ExprEssence nun im sogenannten Batch-Modus

mehrere Aufträge gleichzeitig entgegennehmen, was durch das Tool MetaExprEssence

realisiert wird. Zum anderen kann mit ExprEsSector (ExprEssence Intersector) nach

Interaktionen gesucht werden, die unter verschiedenen Zustands-Übergängen gemeinsam

differentiell reguliert werden. Diese Fragestellung ist beispielsweise von Belang, wenn ver-

schiedene Krankheiten auf das Vorhandensein mechanistischer Ähnlichkeiten im Sinne

gemeinsam differentiell regulierter Interaktionen überprüft werden sollen.

Vorbereitend für die Nutzung von ExprEsSector werden mittels ExprEssence die krank-

heitsspezifisch differentiell regulierten Interaktionen durch Gegenüberstellung des Krank-

heitszustands mit einem (gesunden) Kontrollzustand identifiziert. Die so erhaltenen Sub-

netzwerke werden anschließend mit ExprEsSector miteinander geschnitten (siehe Abbil-

dung 2.3). Es entsteht ein Netzwerk, das nur solche Knoten und Kanten enthält, die

in allen kondensierten Netzwerken vertreten sind. Das heißt, diese Interaktionen sind in

allen verglichenen Krankheiten bezogen auf den Kontrollzustand differentiell reguliert.

Je mehr Netzwerke miteinander geschnitten werden, umso größer ist die Wahrschein-
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Abbildung 2.3: Prinzip des Schneidens kon-
densierter Netzwerke mit ExprEsSector. Dar-
gestellt ist die Anwendung von ExprEsSector auf
drei kondensierte Netzwerke (oben) unter der rela-
xierenden Bedingung, dass die Knoten und Kanten
in nur zwei anstatt allen drei Netzwerken präsent
sein müssen, um im Schnittmengen-Netzwerk ent-
halten zu sein.
Das Schnittmengen-Netzwerk (unten) besteht so-
mit genau aus den Kanten und Knoten, die in allen
drei oberen Netzwerken (Linien durchgehend ge-
zeichnet) oder in nur zwei der drei oberen Netz-
werke enthalten sind (gestrichelte Linien).
Der LinkScore der Kanten im unteren Netz-
werk berechnet sich als Mittelwert der zugehöri-
gen LinkScores aus den oberen Netzwerken. Er
wird durch die Kantenfarbe (grün: negativ, rot:
positiv) und die Kantendicke (Absolutbetrag des
LinkScores) visualisiert.

lichkeit, dass einzelne Kanten nicht in sämtlichen kondensierten Netzwerken vorhanden

sind. Bereits das Fehlen einer Kante in nur einem Netzwerk führt zu deren Verlust im

Schnittmengennetzwerk. Soll diesem Umstand entgegengewirkt werden und die Schnitt-

mengenbildung robuster gegenüber dem nur vereinzelten Fehlen von Kanten werden,

kann die Anforderung des Vorhandenseins aller Knoten und Kanten in jedem ausgewähl-

ten ExprEssence-Netzwerk auch auf eine beliebige kleinere Anzahl von Netzwerken rela-

xiert werden: Fehlen Knoten oder Kanten in nicht mehr Netzwerken als erlaubt, bleiben

sie im Schnittmengennetzwerk erhalten. Dabei ist es unbedeutend, in genau welchen

ExprEssence-Netzwerken sie fehlen. Um solche Kanten von Kanten unterscheiden zu

können, die in jedem Netzwerk vertreten sind, werden sie nicht durchgehend sondern

gestrichelt dargestellt.

Weiterhin ermöglicht ExprEsSector, vor dem Schneiden ein Vereinigungsnetzwerk aus-

gewählter Netzwerke zu bilden. Dies ist von Interesse, wenn für die gleiche Krankheit

Datensätze verschiedener Qualität (beispielsweise Transkriptom- und Proteomdaten)

vorliegen. Lassen sich die Daten nicht sinnvoll kombinieren, um mit ihnen ein Netz-

werk mit ExprEssence zu kondensieren, wird für die Transkriptom- und Proteomdaten

jeweils ein kondensiertes Netzwerk erstellt. Beide kondensierten Netzwerke können an-

schließend mit der Vereinigungsoperation von ExprEsSector genutzt werden, um die

jeweils als differentiell reguliert identifizierten Kanten in einem Netzwerk zu aggregie-

ren, welches anschließend mit anderen Netzwerken geschnitten werden kann. Ebenso

kann jedoch auch die Schnittmengenbildung beider Netzwerke von Interesse, wenn die

Übereinstimmung der aus den Transkriptom- und Proteomdaten gewonnenen Signale ge-

prüft werden soll. Eine detaillierte Beschreibung der Schnittmengenberechnungen wird

im Anhang, Abschnitt 7.3, gegeben.
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Der LinkScore der Interaktionen in den geschnittenen Netzwerken entspricht dem Mit-

telwert der LinkScores aus den zu schneidenden Netzwerken. Handelt es sich bei einem

der zu schneidenden Netzwerke um ein Vereinigungsnetzwerk, werden für dieses die

LinkScores zuvor aus den Mittelwerten der LinkScores der zu vereinigenden Netzwerke

gebildet.

Die Anzahl der in den ausgewählten ExprEssence-kondensierten Netzwerken vorhande-

nen Kanten kann vom Nutzer mit den von ExprEssence bekannten Bedienelementen je-

derzeit manipuliert werden. Sämtliche zu vereinigende und zu schneidende ExprEssence-

Netzwerke werden bei einer solchen Änderung sofort angepasst, sodass alle die einge-

stellte Anzahl an Interaktionen besitzen. Anschließend werden automatisch erneut die

Vereinigungs- und Schnittmengenberechnungen durchgeführt, sodass die Änderungen

im Schnittmengennetzwerk unmittelbar umgesetzt werden. Durch die Anwendung von

ExprEsSector wird so eine gemeinsame Betrachtung verschiedener Krankheiten auf ei-

nem gemeinsamen molekularen Niveau möglich: Molekulare Mechanismen, die von ver-

schiedenen Krankheiten geteilt werden, werden direkt erkennbar.

2.3.2 MovieMaker

Eine zusätzliche Erweiterung von ExprEssence ist das Plugin MovieMaker. Dieses Pro-

gramm vereinfacht durch eine Animation das Auffinden von sonst erst nach längerer

Betrachtung erkennbaren Gemeinsamkeiten und Unterschieden zwischen verschiedenen

ExprEssence-kondensierten Netzwerken. Im Allgemeinen identifiziert der Mensch Unter-

schiede in zwei Bildern durch häufiges Wechseln zwischen beiden Bildern. Das Erkennen

von Unterschieden wird mit MovieMaker einfacher, da hinzukommende und verloren-

gehende Knoten und Kanten langsam ein- beziehungsweise ausgeblendet werden und

dadurch leichter identifizierbar sind. Knoten, die beim Wechsel zwischen zwei konden-

sierten Netzwerken erhalten bleiben, sind durch eine Markierung leicht identifizierbar.

Für alle visualisierten Netzwerke wird ein gemeinsames Layout genutzt, sodass der Über-

blick nicht durch Knoten beeinträchtigt wird, die die Position wechseln. Die Reihenfolge,

in der die Animation durch die ausgewählten ExprEssence-Netzwerke führen soll, wird

zu Beginn vom Nutzer festgelegt; jedoch kann er jederzeit direkt zu einem bestimmten

Netzwerk wechseln.

Diese Art der Darstellung eignet sich aufgrund der linearen Struktur des von MovieMaker

erstellten Films besonders gut für die Visualisierung von ExprEssence-Netzwerken, de-

nen Zeitreihendaten zugrundeliegen.

18



KAPITEL 2. ERGEBNISSE

2.4 ExprEssence im Kontext anderer Methoden

Wie bereits dargestellt, wird die Kombination von Netzwerken mit Expressionsdaten

häufig bei der Suche nach den molekularen Grundlagen unterschiedlicher Phänotypen

angewandt. Einige der Methoden, die diesem integrativen Ansatz folgen, bewerten die

Aktivität bereits vordefinierter Stoffwechsel- oder Regulationswege (Pathways) unter den

betrachteten Zuständen. Diese Strategie wird beispielsweise bei der Ingenuity Pathway

Analysis (IPA, Ingenuity®Systems, www.ingenuity.com) oder für Pathways von KEGG

angewandt, um jene Pathways zu identifizieren, die unter einer betrachteten Bedingung

mutmaßlich aktiv sind [46]. Für die vorhandenen vordefinierten Pathways ist dieser An-

satz durchaus nützlich. Jedoch werden die als aktiv indentifizierten Pathways hier isoliert

betrachtet und nicht miteinander in Verbindung gebracht.

Das ist jedoch bei einer zweiten Gruppe von Methoden möglich, deren Vertreter ak-

tive Subnetzwerke aus einem Protein-Protein-Interaktionsnetzwerk oder einem regula-

torischen Netzwerk extrahieren. Sind die Gene/Proteine der erwähnten vordefinierten

Pathways in dem Netzwerk enthalten, können hier ihre gegenseitigen Wechselwirkungen

und Abhängigkeiten Berücksichtigung finden.

Einige der Methoden, die in solchen Netzwerken nach aktiven Komponenten suchen, set-

zen Vorwissen über den untersuchten Phänotyp voraus. So müssen Gruppen von Genen

oder Funktionsgruppen von Proteinen (GeneOntology) definiert werden, die bereits als

zum Phänotyp zugehörig gelten. Entsprechend des in der jeweiligen Methode definier-

ten Distanzmaßes wird schließlich die Ähnlichkeit/Zugehörigkeit der Kandidaten zum

vordefinierten Kontext ermittelt. Die hierzu am besten passenden Proteine und deren

Interaktionen werden als Subnetzwerk ausgegeben [47, 48]. Das Wissen über die biolo-

gische Zusammengehörigkeit topologisch nahe beieinander liegender Knoten wird neben

der Identifizierung aktiver Subnetzwerke auch genutzt, um Proteine unbekannter Funk-

tionalität in einen funktionalen Kontext zu setzen [49,50].

Bei der Suche nach aktiven Subnetzwerken ohne Vorwissen über den untersuchten Phäno-

typ werden Methoden eingesetzt, die ausschließlich das zugrundeliegende Netzwerk und

die darin integrierten differentiellen Hochdurchsatzdaten nutzen. Zu dieser Gruppe gehört

ExprEssence. Die Aktivität der Subnetzwerke wird häufig knotenbasiert aus den Genex-

pressionsunterschieden, den zugehörigen Signifikanzwerten (p-Werte) oder anderen die

differentielle Genexpression repräsentierenden Maßen abgeleitet [51–53]. Auch kantenbe-

zogene Informationen - wie die Anzahl an publizierten Experimenten, die eine Interaktion

nachweisen [54], oder die Korrelation der Genexpression [55] - werden für die Suche nach

aktiven Subnetzwerken genutzt. Letzteres Maß berücksichtigt jedoch nicht die Qualität

der Interaktionen (stimulierend oder inhibierend). Ein wichtiger Vorteil von ExprEssence
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gegenüber solchen Verfahren ist daher die Berücksichtigung des Interaktionstyps (phy-

sisch, Stimulation, Inhibition).

Aufgrund der Interaktionstyp-spezifischen Berechnung des LinkScores sind neben Protein-

Protein-Interaktionsnetzwerken auch genregulatorische Netzwerke für ExprEssence nutz-

bar. Verfahren wie jActiveModules [51], OptDis [52] oder KeyPathwayMiner [53] berück-

sichtigen ausschließlich die Unterschiede in der Genexpression. So können dort auch

inhibitorische Interaktionen im Subnetzwerk auftreten, obwohl die Änderung der Gen-

expression der zugehörigen Gene gleichgerichtet ist.

Im Gegensatz zu den erwähnten Methoden ist die Anwendung von ExprEssence, abge-

sehen von der festzulegenden Anzahl an Kanten, die das kondensierte Netzwerk bilden

sollen, frei von Parametern, deren genutzte Werte vom Nutzer zu legitimieren wären.

Ein weiterer Unterschied von ExprEssence zu anderen etablierten Verfahren, welche das

Auffinden möglichst umfangreicher zusammenhängender Subnetzwerke zum Ziel haben,

ist die ausschließliche Nutzung des LinkScores ohne weitere Nebenbedingungen bezüglich

des Zusammenhangs2 des identifizierten Subnetzwerks. Die Suche des aktivsten zusam-

menhängenden Subnetzwerks ist ein NP-schweres Problem3 [56]. Um das Problem in

akzeptabler Zeit näherungsweise zu lösen, werden daher Heuristiken angewandt [51,57].

Hierdurch wird jedoch die Optimalität der Subnetzwerke nicht von jeder Methode si-

chergestellt, wodurch die identifizierten Subnetzwerke bei jeder erneuten Anwendung

verschieden sein können. Dies schränkt die Nachvollziehbarkeit für den Anwender erheb-

lich ein.

Der Verzicht auf die Zusammenhangsforderung vereinfacht den Rechenaufwand enorm,

da keine optimalen Subnetzwerke gefunden werden müssen. Bemerkenswerterweise tritt

bei Anwendung von ExprEssence dennoch häufig die Bildung von Zusammenhangskom-

ponenten auf. Das kann darauf zurückzuführen sein, dass die die Zusammenhangskom-

ponente bildenden differentiell regulierten Interaktionen tatsächlich mechanistisch ver-

knüpft und somit gemeinsam differentiell reguliert sind. ExprEssence ist am besten in

der Lage diese Zusammengehörigkeit aufzudecken, wenn die genutzten Netzwerke auf

die der jeweiligen Untersuchung zugrundeliegenden Biologie fokussiert sind (zelltyp-/

gewebsspezifische Netzwerke) (siehe kondensierte PodNet- (spezifisch) und GlobalNet-

Netzwerke (unspezifisch) in Publikation #3, Abbildungen 5 und 6, Seite 57).

Doch auch bei der Nutzung von nichtfokussierten Netzwerken werden mit ExprEssence

plausible Subnetzwerke gewonnen: Im Anwendungsfall der Unterscheidung von Erfolg

2Ein Netzwerk ist zusammenhängend, wenn es von jedem Knoten eine Verbindung zu jedem beliebigen
anderen Knoten gibt.

3Als NP-schwer wird eine Klasse von Fragestellungen bezeichnet, für die keine Lösung in polynomieller
Zeit bekannt ist. Auf die Suche nach optimalen aktiven Subnetzwerken bezogen bedeutet das, dass der
Zeitbedarf bei der Suche nach ihnen um so schneller ansteigt, je größer das Ausgangsnetzwerk ist. Eine
vorgegebene Lösung lässt sich jedoch in polynomieller Zeit prüfen.
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und Misserfolg einer Chemotherapie bei Brustkrebs (siehe Publikation #3) wurde ein

unfokussiertes, auf der Protein-Protein-Interaktionsdatenbank STRING [6] basierendes

Netzwerk genutzt, da kein Brustkrebs-fokussiertes Netzwerk zur Verfügung stand, das

nicht ebenso auf Interaktionen aus Datenbanken zurückgeht [23,58]. Eine Gegenüberstel-

lung der Subnetzwerke von ExprEssence und OptDis hat gezeigt, dass das ExprEssence-

Subnetzwerk direkter mit dem Wirkungsprinzip der Therapie korrespondiert, als es bei

OptDis der Fall ist. Aus dem erhaltenen ExprEssence-Subnetzwerk konnte eine Hypo-

these über einen am Therapie-Erfolg beteiligten Mechanismus abgeleitet werden, der

bisher nicht in der Literatur erwähnt wurde. Die Hypothese wurde bereits in Teilen

experimentell untermauert (siehe Publikation #3).

2.5 Podozyten und das PodNet

Die vorgestellten selbstentwickelten Methoden wurden unter anderem bei der Untersu-

chung des Podozyten, eines für die Filterfunktion der Niere essentiellen Zelltyps, ange-

wandt. Diese Zellen befinden sich im Glomerulum (Bowman-Kapsel) und bilden dort

zusammen mit der Basalmembran und dem Kapillarendothel die Blut-Harn-Schranke.

Der Name des Podozyten leitet sich von seiner äußeren Form ab, welche an einen Fuß

(griechisch: Podos) erinnert. Diese Form wird durch das Aktin-Zytoskelett der Zellen

ermöglicht [59]. Die Fußfortsätze (Zehen) zweier Podozyten interdigitieren miteinan-

der wie die Finger zusammengefalteter Hände und bilden so den Filtrationsschlitz,

welcher vom extrazellulären Schlitzdiaphragma bedeckt ist [60]. Dieses hat die Funk-

tion eines größenselektiven Filters, der hochmolekulare Substanzen wie Albumine im

Blut zurückhält, während niedermolekulare Substanzen diese Barriere durchdringen und

zu Urin angereichert werden können. Durch die geschlungene Form der Filtrations-

schlitze wird die Filtrationsfläche stark vergrößert. Wenn Podozyten, beispielsweise durch

überhöhten Blutdruck, einer erhöhten Dehnung ausgesetzt sind, versuchen sie durch Re-

organisation ihres Aktin-Zytoskeletts, dem Druck standzuhalten und ihre Funktion wei-

terhin auszuüben [61, 62]. Sollten die Podozyten jedoch Schaden nehmen und sich ihre

Fußfortsätze zurückbilden [63], verkleinert dies die Filtrationsfläche und somit die Filtra-

tionsrate. Schließlich können sich die Podozyten aufgrund des gestiegenen Drucks nicht

mehr an der Basalmembran halten. Sie werden abgesprengt und die Filtrationskompe-

tenz der Niere ist folglich eingeschränkt bis nicht mehr vorhanden, was die Dialysepflicht

und gegebenenfalls eine Nierentransplantation zur Folge hat.

Ein Ziel der Forschung an Podozyten ist aufgrund dieser medizinischen Relevanz die Er-

langung von Wissen über die molekularen Prozesse bei der Rückbildung der Fußfortsätze.
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Hierbei spielen das Aktin-Zytoskelett und mit diesem assoziierte Proteine wie Cd2ap,

Palladin oder Synaptopodin eine zentrale Rolle [64,65].

Um die Auswirkungen experimenteller Stimuli sowie verschiedener Entwicklungsstadien

des Podozyten auf diese Proteine sowie deren Interaktionsumfeld abschätzen zu können,

wurde ein funktionell annotiertes Protein-Protein-Interaktionsnetzwerk des Podozyten

(PodNet) erstellt (Publikation #2, Abbildungen 1, Seite 51). Mit diesem Netzwerk wurde

eine wichtige Grundlage für die systembiologische Untersuchung von Podozyten geschaf-

fen. Mit Hilfe des PodNets wurden zahlreiche Erkenntnisse, etwa bezüglich einer mögli-

chen Relevanz zweier bisher nicht näher betrachteten Proteine (Cldn5, Pak1) sowie der

Ähnlichkeiten und Unterschiede zwischen in der Entwicklung befindlichen und zellkulti-

vierten Podozyten, gewonnen [17].

Allerdings ist es unserer sowie anderen Forschungsgruppen bisher nicht gelungen, die

Rückbildung der Fußfortsätze zu unterbinden oder sogar ein therapeutisch anwendbares

Konzept zur Podozyten-Regenerierung zu entwickeln. Das Dogma, dass eine Regenerie-

rung verlorengegangener Podozyten nicht möglich sei, wurde bisher nicht wissenschaft-

lich zweifelsfrei widerlegt. Zwar sind Publikationen erschienen, die mögliche Ansätze

zur Regenerierung von Podozyten aufzuzeigen versuchen [66–69], jedoch sind diese noch

unzureichend experimentell belegt und werden im Fach kontrovers diskutiert.
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3 Ausblick

3.1 Informationsaustausch in der Wissenschaft im Zeitalter der

Bioinformatik

Das PodNet wurde im Cytoscape-Format (zu Cytoscape: siehe oben) erstellt und steht

unter www.podnet.de zum Download zur Verfügung. Zudem ist es auf WikiPathways [70]

vorhanden und kann somit von anderen Personen ergänzt oder gegebenenfalls korrigiert

werden. Bis jetzt ist dies jedoch noch nicht geschehen, was als Indiz dafür aufgefasst

werden kann, dass diese Form der Kooperation zwischen den Forschungsgruppen ent-

weder unzureichend bekannt ist, als zu aufwendig empfunden wird oder neu gewonnene

Erkenntnisse noch nicht geteilt werden sollen. Folglich werden vorhandene Synergien

nicht genutzt. Erschwerend kommt hinzu, dass die publizierten Ergebnisse häufig nicht

maschinenlesbar verfügbar gemacht werden. Dieser Zustand entspricht einem Vergra-

ben (im Fließtext einer Publikation) und späterem Wiederausgraben (manuell oder mit

Text-Mining) von Informationen, um sie dann mit Hochdurchsatzdaten kombiniert ana-

lysieren zu können.

Hier versuchen innovative Plattformen wie Nano-Publications Abhilfe zu schaffen [71].

Nano-Publications stellen die kleinste Einheit einer publizierbaren Information dar – ein

Triplett aus Subjekt, Prädikat und Objekt (A aktiviert B; C ist ein D; E verursacht F

und Entsprechendes mehr). Diese Tripletts werden in einer Datenbank gesammelt und

stehen für Suchanfragen zur Verfügung. Derartige Dienste werden jedoch bisher in der

Breite kaum angenommen.

Langfristig ist die Verpflichtung anzustreben - ähnlich wie bereits bei Genexpressions-

oder Sequenzierungsdaten -, die in einer eingereichten Publikation vorgestellten wesent-

lichen Erkenntnisse an eine Nano-Publications Plattform zu übermitteln, um sie direkt

maschinell verwertbar vorzuhalten. Dies würde einen essentiellen Fortschritt bei der Ver-

wendung des verfügbaren Wissens in bioinformatischen Methoden bedeuten, ohne deren

Hilfe neu erhobene Daten, wenn überhaupt, nur sehr viel schwerer in ein vom Menschen

interpretierbares Konzept übersetzt werden können.

Ein Bereich, in dem dieser Ansatz gerade Fuß zu fassen beginnt, ist die pharmazeuti-

sche Forschung. In einem kollaborativen Projekt mit über zwei Dutzend Beteiligten aus

dem akademischen, pharmazeutischen und biotechnologischen Umfeld wurde die Platt-

form OpenPHACTS gegründet [72], mit deren Hilfe neue Medikamente effizienter entwi-

ckelt werden sollen. Hierzu werden Informationen aus diversen Quellen in einem seman-
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tisch einheitlichen Konzept zusammengeführt und somit algorithmisch direkt nutzbar

gemacht.

3.2 Ausblicke bezüglich der netzwerkbasierten Forschung und

ExprEssence

Biologische Netzwerke, unter ihnen Protein-Protein sowie genregulatorische Netzwer-

ke, stellen in der Biologie und Medizin zunehmend einen integralen Bestandteil der

ganzheitlichen Modellierung der jeweils untersuchten Prozesse und Zustände dar. Sie

ermöglichen es, biologisch aktive Komponenten wie Gene, Proteine, Metabolite, Signal-

stoffe etc. nicht isoliert, sondern im funktionalen Kontext zu interpretieren und sehr

komplexe Verflechtungen und Abhängigkeiten zwischen ihnen abzubilden. Zudem sind

Netzwerke besonders gut als Gerüst für die Integration von Daten diverser Quellen und

Qualitäten (Genom, Transkriptom, Proteom, Metabolom, Epigenom) geeignet. Hierauf

aufbauend sind Methoden entwickelt worden, die in Netzwerken nach Bereichen suchen,

die unter bestimmten Bedingungen - beispielsweise dem Auftreten einer Krankheit - vom

Normalzustand abweichen. Die Nutzung dieser aktiven Subnetzwerke resultiert in einer

höheren Korrektklassifikationsrate gegenüber der Klassifikation mit üblichen Biomar-

kern. Die so gewonnenen Erkenntnisse können bei der Diagnose, für prognostische und

somit therapierelevante Zwecke und nicht zuletzt für die Ursachenforschung der Krank-

heit genutzt werden.

Im Rahmen des Ausbaus und der großflächigen Umsetzung der Individualisierten Medi-

zin wird die Arbeit mit biologischen Netzwerken angesichts der bisherigen erfolgreichen

Anwendungen weiteren Auftrieb erhalten. Damit aus den Netzwerken Resultate abgelei-

tet werden können, die der Realität möglichst nahekommen, sollten die Netzwerke die

für die jeweilige Fragestellung wesentlichen molekularbiologischen Aspekte berücksich-

tigen. Derzeit ist die Anzahl solch fokussierter Netzwerke jedoch überschaubar. Sollten

die Spezifität und Sensitivität von für die Erstellung kontextabhängiger Netzwerke ge-

nutzten Text-Minern hinreichend groß werden (∼95-98 %), würde dies für die Arbeit

mit biologischen Netzwerken einen großen Fortschritt bedeuten: Die manuelle Prüfung

der Netzwerkinhalte auf Korrektheit könnte entfallen und die Netzwerke selbst würden

für Hochdurchsatzverfahren zur Verfügung stehen. Von mindestens ebenso großer Be-

deutung ist die experimentelle Bestimmung von Protein-Protein-Interaktionen im Hoch-

durchsatzverfahren, etwa durch Chromatin-Immunpräzipitation.
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In Folge könnten sogenannte Graphlet-basierte4 vergleichende Analysen von biologischen

Netzwerken neue Einblicke in die Architektur zellbiologischer Prozesse liefern [73–75].

Eine für die Pharmazeutische Industrie lukrative Anwendung von biologischen Netz-

werken ist das sogenannte drug repositioning. Hierbei wird für bereits bekannte bio-

logisch aktive Wirkstoffe nach bisher unbekannten Einsatzmöglichkeiten gesucht [76].

Dieses Vorgehen reduziert den Aufwand der Entwicklung und Zulassung der für den

neuen Anwendungsfall vorgesehenen Medikamente erheblich. Neben der bereits erwähn-

ten Plattform OpenPHACTS stellen die Datenbanken PROMISCUOUS und STITCH

Erkenntnisse über die Wirkung von über 25.000 beziehungsweise 300.000 Wirkstoffen auf

Proteine in einer Datenbank zur Verfügung (Stand August 2013) [77, 78]. Diese Wech-

selwirkungen lassen sich in Protein-Protein-Interaktionsnetzwerke integrieren, um den

Einfluss eines Wirkstoffs auf im Netzwerk weiter entfernt liegende Bereich abschätzen

zu können.

Eine mögliche Anschlussverwendung von mit ExprEssence ermittelten aktiven krank-

heitsassoziierten Subnetzwerken in Kombination mit derartigen Wirkstoff-Protein-Inter-

aktionsnetzwerken ist die Suche nach Wirkstoffen, die in ihrer Wirkung den vom Nor-

malzustand abweichenden krankhaften Änderungen entgegengerichtet sind. Lautet die

Vorhersage, dass die im Krankheitsfall in ihrer Aktivität gesteigerten Interaktionen durch

Applikation eines Wirkstoffs oder einer Wirkstoffkombination wieder gedämpft werden

können, stellen diese Wirkstoffe Kandidaten für eine mögliche Therapie der Krankheit

dar und können experimentell geprüft werden.

4Graphlets sind Subnetzwerke mit etwa bis zu 5 Knoten. Über die Verteilung der verschiedenen Graphlets
im Netzwerk sollen Aussagen beispielsweise bezüglich der Ähnlichkeit von Netzwerken getroffen werden.
Hierbei werden ausschließlich die Netzwertopologie betreffende Daten genutzt.
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Ausweisung der Eigenanteile an den Publikationen

Publikation #1
ExprEssence - revealing the essence of differential experimental data in the
context of an interaction/regulation net-work.
Warsow G, Greber B, Falk SS, Harder C, Siatkowski M, Schordan S, Som A, Endlich N, Schöler H,

Repsilber D, Endlich K, Fuellen G.

BMC Syst Biol. 2010 Nov 30;4:164. doi: 10.1186/1752-0509-4-164.

Anteil: Entwicklung, Implementierung und Anwendung von ExprEssence; Prozessierung der Genexpres-

sionsdaten; Vergleich mit jActiveModules; Schreiben eines mehrheitlichen Anteils des Manuskripts.

Publikation #2
PodNet, a protein-protein interaction network of the podocyte.
Warsow G, Endlich N, Schordan E, Schordan S, Chilukoti RK, Homuth G, Moeller MJ, Fuellen G,

Endlich K.

Kidney Int. 2013 Jul;84(1):104-15. doi: 10.1038/ki.2013.64. Epub 2013 Apr 3.

Anteil: Aufbau von PodNet aus vorgegebenen Interaktionslisten; Anbindung von Cytoscape an die

STRING Datenbank zur Erweiterung von PodNet zu XPodNet sowie zur Generierung von GlobalNet;

Prozessierung der Genexpressionsdaten; Erstellung und Analyse der kondensierten Netzwerke; Schreiben

der methodischen, nichtinterpretativen Teile des Manuskripts.

Publikation #3
Differential Network Analysis Applied to Preoperative Breast Cancer
Chemotherapy Response.
Warsow G, Struckmann S, Kerkhoff C, Reimer T, Engel N, Fuellen G.

eingereicht bei PLOS ONE; in Überarbeitung

Anteil: Erstellung des Ausgangsnetzwerks; Aufbereitung der Transkriptomdaten; Anwendung von ExprEssence;

Interpretation des kondensierten Netzwerks; Vergleich mit OptDis und KeyPathwayMiner; Schreiben ei-

nes mehrheitlichen Anteils des Manuskripts.
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SOFTWARE Open Access

ExprEssence - Revealing the essence of differential
experimental data in the context of an
interaction/regulation net-work
Gregor Warsow1,2,3, Boris Greber4, Steffi SI Falk1, Clemens Harder1, Marcin Siatkowski5,1, Sandra Schordan2,
Anup Som1, Nicole Endlich2, Hans Schöler4,6, Dirk Repsilber7, Karlhans Endlich2, Georg Fuellen1*

Abstract

Background: Experimentalists are overwhelmed by high-throughput data and there is an urgent need to
condense information into simple hypotheses. For example, large amounts of microarray and deep sequencing
data are becoming available, describing a variety of experimental conditions such as gene knockout and
knockdown, the effect of interventions, and the differences between tissues and cell lines.

Results: To address this challenge, we developed a method, implemented as a Cytoscape plugin called
ExprEssence. As input we take a network of interaction, stimulation and/or inhibition links between genes/proteins,
and differential data, such as gene expression data, tracking an intervention or development in time. We condense
the network, highlighting those links across which the largest changes can be observed. Highlighting is based on a
simple formula inspired by the law of mass action. We can interactively modify the threshold for highlighting and
instantaneously visualize results. We applied ExprEssence to three scenarios describing kidney podocyte biology,
pluripotency and ageing: 1) We identify putative processes involved in podocyte (de-)differentiation and validate
one prediction experimentally. 2) We predict and validate the expression level of a transcription factor involved in
pluripotency. 3) Finally, we generate plausible hypotheses on the role of apoptosis, cell cycle deregulation and
DNA repair in ageing data obtained from the hippocampus.

Conclusion: Reducing the size of gene/protein networks to the few links affected by large changes allows to
screen for putative mechanistic relationships among the genes/proteins that are involved in adaptation to different
experimental conditions, yielding important hypotheses, insights and suggestions for new experiments. We note
that we do not focus on the identification of ‘active subnetworks’. Instead we focus on the identification of single
links (which may or may not form subnetworks), and these single links are much easier to validate experimentally
than submodules. ExprEssence is available at http://sourceforge.net/projects/expressence/.

Background
The pace of data generation in the life sciences is stea-
dily increasing. Primary data sets grow in depth and
accuracy, covering more and more aspects of life. In
molecular biology and biomedicine, these include large-
scale measurements of DNA/Histone acetylation,
transcriptional activity, gene expression and protein
abundance (e.g. [1]). Measuring epigenetic patterns
(DNA methylation, DNA/Histone acetylation) on a large

scale has become possible only recently [1,2]. Measuring
transcription is entering a new era with the introduction
of deep (or next-generation, RNA-seq) sequencing [3,4].
Proteomics is becoming possible at unprecedented
depth, covering ever-larger parts of the proteome on a
routine basis [5]. For these primary data, repositories
such as the Gene Expression Omnibus database (GEO
[6]) or ArrayExpress [7] are constantly expanding.
Often, measurements are differential: they are made

for two or more conditions (such as gene knockdown or
knockout [8]), for two or more time points (such as
time series tracking the consequences of some experi-
mental intervention, [9]), or for two or more species
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(such as mouse and human, [10]). Exploiting differential
measurements is one key to cope with the flood of data,
by focusing on the most pronounced differences.
Life scientists also have to handle a deluge of second-

ary data, in the form of papers, reviews and curated
databases. These may be integrated by automated sys-
tems such as STRING [11], or by manual efforts
[12-14]. Exploiting secondary data provides another key
to cope with the flood of primary data, by putting them
into context and focusing on the most pronounced confir-
mations and contradictions to what is known already.
In this paper, we propose to interpret differential data

in the context of knowledge, yielding the ‘essence’ of an
experiment. Differential data may be provided by two
microarrays, and knowledge may be provided by a net-
work describing gene/protein interaction and regulation.
In this case, data tracking gene expression in the course
of an experiment can be used to identify the most pro-
nounced putative mechanisms. They are identified as
those known links between genes/proteins along which
expression changes indicate that there may have been
some regulatory change, such as the startup or shut-
down of an interaction, a stimulation or an inhibition.
ExprEssence highlights these links, and it enables the
user to filter out all links with no or negligible change.
The higher the filter threshold on the amount of change
to be displayed, the fewer links are shown, making it
straightforward to examine the ‘essence’ of the experi-
ment. Network condensations are illustrated by pairs of
figures (original network - condensed network) in the
section on Case Studies. The condensed network con-
tains good candidates for interpreting the experiment in
mechanistic terms, giving rise to the design of new
experiments. However, all inferences are hypotheses
derived from correlations in the experimental data in
the context of the a priori knowledge encoded in the
network, and it must be kept in mind that correlative
data do not necessarily entail mechanistic causality.
Moreover, the validity of the hypotheses generated by
our method will depend on the coverage and correct-
ness of the network, and on the accuracy of the experi-
mental data.

Related Work
Starting with the pioneering work of Ideker et al. [15],
there is a plethora of methods that combine network data
with high-throughput data (such as microarrays), in order
to highlight pathways or subnetworks, see the excellent
recent reviews of Minguez & Dopazo [16], Wu et al. [17]
and Yu & Li [18]. Notably, few of these methods are read-
ily available as publicly accessible software packages, plu-
gins or web services (see Table and in [17]). Also, there
does not seem to be a gold standard that can be used for
validation purposes (see, e.g., Tarca et al. [19] for a recent

discussion). Some methods lack validation except for the
example for which they were developed for, while others
are studied for an array of specific examples. In these
cases, strong enrichment in plausible Gene Ontology cate-
gories or detection of known pathways or annotations is
often used to demonstrate utility, as in [19-25]. We found
two articles including a comparison of different subnet-
work identification methods. The first one by Parkkinen
and Kaski [26] introduces variants of the Interaction Com-
ponent Model (ICM) method, comparing them to the ori-
ginal ICM method, to a method based on hidden modular
random fields (HMoF) [27] and to Matisse [28], using
identification of Gene Ontology classes and coverage of
protein complexes for two selected data sets (osmotic
shock response and DNA damage data) to judge one
method over the other. An evaluation of ClustEx [29], jAc-
tiveModules [15], GXNA [21] and a simple approach
based on fold change can be found in [29], taking identifi-
cation of gene sets, pathways and microarray targets
known from the literature and from the Gene Ontology
for comparison.
In general, it is exceedingly difficult to validate the

detection of (sub-) networks or (sub-) pathways: these
are complex entities, and ultimate experimental valida-
tion is impossible because of this complexity: experi-
mentalists are usually limited to investigating only few
components in isolation at any given time. Nevertheless,
we will compare results of our method with results
obtained by jActiveModules, in a separate section follow-
ing the case studies. In contrast, by just highlighting sin-
gle links in networks, we tackle a more primitive task,
but in this case results can be validated directly by
experiment, or by identifying corroborative statements
in the literature. In particular, as can be seen from our
case studies, the single links that we highlight give rise
to predictions about single genes and about single one-
step mechanisms that can be investigated in isolation.
Therefore, we would like to emphasize the direct utility
of our focus on single links and genes, complementing
the (sub-)network centric view that is usually employed;
to the best of our knowledge, the ‘single link and gene’
focus is not employed by other methods combining net-
work and high-throughput (’omics’) data. In fact, we
propose a ‘winning combination’ of ‘network’/’omics’
and ‘classical’ biology, using networks and high-through-
put data to highlight single genes and links that may
then be validated directly by classical molecular biology,
as will be demonstrated in our case studies.
As future work, our formula for link highlighting can,

however, be integrated into current methods for path-
way/subnetwork detection, possibly improving these
considerably. In particular, no such method treats inhi-
bitions and stimulations in a distinct way, as we do. In
particular, we envision that the edge score formula of
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Guo et al. [20], which is based on measuring co-var-
iance, may be replaced by our formula (see below),
emphasizing a different aspect of differential gene
expression: While Guo et al. identify coordinated
changes using their formula, integration of our formula
into their framework would identify subnetworks with
changes that are consistent with an input network of
interactions, stimulations and inhibitions. In any case,
we wish to stress that for the identification of coordi-
nated changes, correlation coefficients are most suitable.
Our approach, however, identifies a different biological
message, namely startups/shutdowns of interactions, sti-
mulations and inhibitions, using an input network that
is informative about biological relationships such as sti-
mulations and inhibitions.

Implementation
ExprEssence is implemented in Java Standard Edition 6.
It is a plugin for Cytoscape [30], an easy-to-install tool
for biological network analysis and visualization. Cytos-
cape is an open source software project and provides
basic features such as network layout and modification.
Cytoscape can be enhanced for analysis purposes by
straightforward installation of plugins.

Input data
ExprEssence analyses are based on a network of genes
and/or proteins, in a format readable by Cytoscape, such
as cys, sif, xgmml or gpml. It may be imported from
databases using web services such as the Pathway Com-
mons Web Service Client or the WikiPathways Web
Service Client [31,32] as a ‘simplified binary model’ (see
Fig. Five in [33]) or it may be downloaded directly from
the web. Usually, it reflects expert-curated interaction/
regulation data concerning a particular signaling path-
way or molecular phenomenon.
The network data must follow a simple specification

defined by two constraints:

a) Each link (edge) must be typed to represent either
an interaction, stimulation or inhibition. It is possi-
ble that all links represent physical interactions, as is
the case in a pure protein-protein interaction net-
work. Stimulations and inhibitions are directional,
whereas interactions can be interpreted to be un-
directional as well as bi-directional.
b) For each gene (node) at least two numerical
values must be given on which a meaningful com-
parison can be based. For example, these may be
expression values, derived from measurements in
two experiments E1 and E2.

By default, for better data interchangeability, ExprEs-
sence recognizes Systems Biology Ontology terms [34],

also included in the activity flow language of the Sys-
tems Biology Graphical Notation (SBGN, [35]), for the
specification of interaction types. Thus, each link (edge)
must include an attribute called Interactiontype, whose
values can be either stimulation (corresponding to
SBO:0000170), inhibition (SBO:0000169) or interaction
(SBO:0000231). In the networks discussed in this article,
a single node is used for a gene and its protein product,
and the exact nature of the links (edges) denoting sti-
mulations, inhibitions and interactions depends on the
evidence underlying the link. For example, a stimulation
may be due to the modification of one protein by
another, but it may also be the transcriptional stimula-
tion of a target gene by a transcription factor.
The differential measurement data used for compari-

son may be integrated into the network as described in
the Cytoscape manual [36]. Usually, integration is
accomplished by mapping unique gene/protein identi-
fiers in the data to unique gene/protein identifiers in the
network. The measurements may be gene expression
values, but they may also denote protein abundance,
methylation levels, etc.
If the numerical data result from multiple measure-

ments (replicates), the number of replicates has to be
declared for each experiment, and for each experiment
and for each node (gene/protein), the mean value and
its corresponding variance have to be given. More speci-
fically, for two experiments E1 and E2 to be compared,
node A has either two or four numerical values: If the
data consist of a single measurement, for node A these

are the two values MA
E1 , MA

E2 . If replicates are analyzed,

the two values MA
E1 , MA

E2 are the mean values and the

two variances VarA
E1 , VarA

E2 are also provided. The

number of replicates are n1 and n2. ExprEssence analyses
based on replicated measurements, where mean values
and variances are used as input, are more reliable than
analyses based on single measurements. Specifically, as
the variances are used for calculations, feature variation
within and between groups is considered and evaluated
appropriately. However, also comparisons based on sin-
gle measurements can be used to suggest underlying
mechanisms.

Identifying change in a network, motivation
For each link in the network we want to measure the
amount of change between experiments E1 and E2,
where ‘change’ is a modification in the intensity with
which one gene/protein may be influencing another
gene/protein; depending on the input data, such influ-
ence may be direct physical interaction (in the case of
proteins), transcriptional stimulation or inhibition.
Therefore, for all links connecting two genes/proteins A
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and B in the network under consideration, ExprEssence

uses the measurements MA
E1 , MA

E2 and MB
E1 , MB

E2 for

the two experiments E1 and E2 to calculate a link score
proportional to the amount of change from E1 to E2.
The formulae are given in the next section. The sign of
the score corresponds to the direction of change giving
a positive score for startups and a negative score for
shutdowns. The magnitude of this signed change corre-
sponds to the absolute value of the score. Links with a
link score whose absolute value does not exceed a user-
defined threshold are deleted from the network. Hence,
only those links are kept, where changes (startups or
shutdowns) are pronounced.
Following the heatmap metaphor, large measurement

values for genes are indicated by red color and small
values are indicated by green color. Similarly, links with
a positive value of the link score are colored in red and
indicate startups. Links with a negative value are colored
in green and indicate shutdowns.
More specifically, in case of a stimulation of gene/pro-

tein T (target) by gene/protein S (stimulator), abbreviated
S ® T , we suppose that the stimulation starts up (from
E1 to E2), if the values of both genes increase (see Figure 1
(a) and Figure 2(a); values for both genes S and T go up,
green to red). If the values of both genes decrease, we sup-
pose that the stimulation shuts down (Figure 1(b) and Fig-
ure 2(b)). In short, we reward correlated change. In case of
an inhibition of gene/protein T (target) by gene/protein I
(inhibitor), abbreviated I ® T , we suppose that the

inhibition starts up (from E1 to E2), if the value of the inhi-
bitor increases from E1 to E2, and the value of the target
goes down (Figure 2(c)). If the value of the inhibitor
decreases from E1 to E2, and the value of the target goes
up, we suppose that the inhibition is shut down (Figure 2
(d)). In short, we reward anti-correlated change. Other
cases, such as no change of values or an inconsistent
change, that is an anticorrelated change in case of a stimu-
lation or a correlated change in case of an inhibition, give
rise to a link score with a reduced absolute value, see Fig-
ure 1(c) and 1(d), Figure 2(e)-(m), and below.
Note that stimulations are treated in a symmetrical

way: S ® T is treated the same way as T ® S. Indeed, we
do not and cannot distinguish S ® T and T ® S, because
in both cases we expect increments in S to be correlated
with increments in T : Higher amounts of the stimulator
go hand in hand with higher amounts of the target. A
similar argument holds for decrements. Motivated by this
argument, interaction links (S ↔ T ) are treated in the
same way as stimulation links. This makes sense in gen-
eral, because the amount of A and B interacting with
each other increases in proportion to the amount of both
interactors. More generally, if the interaction represents a
biochemical reaction, a straightforward interpretation of
our reasoning is given by the law of mass action, see the
next section ‘Calculation of the amount of change’.

Calculation of the amount of change
Recall that for measurements of two experiments E1 and
E2, and two genes/proteins A and B, we denote the
mean of the measured values for A, or, if only data of
one measurement exists, the single value for A in

experiment E1 by MA
E1 , and in experiment E2 by MA

E2 ,

respectively. The values for B are MB
E1 and MB

E2 . We

can then calculate the amount of change as described in
the following. For gene/protein A, we determine the dif-
ferential of A, DA, that is the difference of the measured
values between experiments E1 and E2:

D M MA A
E

A
E= −2 1 . (1)

In case of replicates, DA is corrected for the variance
within the replicates for both experimental conditions,
employing Welch’s formula [37]:

D
M M

Var
n

Var
n

A
A
E

A
E

A
E

A
E

= −

+

2 1

1 2

1 2

,
(2)

where MA
E1 , MA

E1 : Mean value of gene/protein A

under experimental condition E1, E2;

Figure 1 Network condensation - exemplified for stimulations.
For each of the panels (a) to (d), in the graphs on the left side a
stimulator (S) and a target (T) are connected by a stimulation link.
Values in the first (E1, upper graph) and second experiment (E2,
lower graph) are indicated, where low values are marked green and
high values are red (following the heat map metaphor). The
coloring scheme is red, pale red, white, pale green and green, in
order of decreasing values (see text). The graphs on the right side of
each panel show the resulting link after applying our method. For
each gene, its values for E1 and E2 are now inlineed simultaneously
in the circle (value of E1 on the left, of E2 on the right side). The link
connecting both nodes describes the direction and the amount of
change between E1 and E2. Links with startup of stimulation are
colored in red (a), shutdown links in green (b). If values do not
change for both the source and the target, or if they change in a
completely inconsistent way, the link is removed, see (c) and (d).
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VarA
E1 , VarA

E1 : Variance of values of gene A under

experimental condition E1, E2;
n1, n2: Number of replicates done in experiment E1,

E2.
DB is determined analogously. This equation corre-

sponds to the Welch t-test for comparison of mean
values of two samples with unequal variances. As we do
not want to make strong preconditions about the statis-
tical distribution of the samples, we do not calculate
p-values. The weaker preconditions for Welsh’s t-test
are fulfilled if, for both experiments, independent sam-
ples are measured, and if their values are approximately
normally distributed. Given DA and DB, the amount of
change for an interaction link is the sum of the two dif-
ferentials:

LinkScore Int A BD D= + . (3)

Taking the difference M MA
E

A
E2 1− and not

M MA
E

A
E1 2− reflects the motivation to denote startups of

interactions by a positive score and shutdowns by a
negative score.

The formula gives scores with high absolute value for
correlated changes of the values of A and B from E1 to
E2. Depending on the direction of the correlated change,
the score becomes positive or negative which denotes a
startup or shutdown of the interaction/stimulation.
Anti-correlated changes are given a reduced absolute
value of the score (see below and Figure 2(f) and 2(h)).
The formula is simple, yet powerful:

1. In the specific case of a physical interaction
between two proteins, and log-transformed data, the
formula above corresponds to the law of mass
action, as follows. The ‘activity’ of a physical interac-
tion of protein A with protein B can be expressed by
the product of the abundances of both, assuming
that the expression values correspond to the
‘amount’ of protein. The ‘amount’ of the complex
AB in experiment 1 can then be compared to the
‘amount’ of the complex AB in experiment 2, by tak-
ing the ratio. Large changes in this ratio indicate
that there will be much more or much less of the
protein complex, comparing experiment 1 with
experiment 2. (Note that we do neither calculate

Figure 2 Network condensation - a gallery of various scenarios. For each gene, its (expression) values are represented by color. For each
link, its score is represented by color and thickness. The coloring scheme is red, pale red, white, pale green and green, in order of decreasing
values (see text). Links connecting genes with measurement values changing in an inconsistent way are marked by wavy lines. As in Fig. 1, if the
interacting genes are linked by a stimulation S ® T , the stimulation is assumed to start up, if for both genes, the values go up from E1 to E2
((a), E1 value: left side of circle, E2: right side of circle), and it is assumed to be shut down if both values go down (b). An inhibition I ⊣ T is
assumed to start up, if the inhibitor value goes up, but the target value goes down (c); it is assumed to shut down if the inhibitor value goes
down and the target value goes up (d). In cases (e) and (f) the startup of the stimulation as presented is still a justified hypothesis, even though
the target does not go up. For example, in (e) and (f), the stimulation by the source (the stimulator) goes up but it may be counteracted by
other inhibiting effects (dashed T-Bar arrow) on the target, as the target does not change (e) or even goes down slightly (f) (source principle, see
text). In cases where the amount of the stimulator is constant (g) or goes down slightly (h), the startup of a stimulation is still a justified
hypothesis based on the target value. Strictly speaking, we hypothesize the startup of the stimulatory effect on the target gene. For example, in
(g), the startup is not concluded from the change in the value of the stimulator, but it may be due to stimulator accumulation in time, and/or
due to cooperation of the stimulator with other stimulations of the target which go up at the same time; startup of the stimulating effect is
concluded from the behaviour of the target (target principle, see text). Scenario (i) is another example of the source principle: it is a justified
hypothesis that the inhibition starts up because the amount of inhibitor increases, even though counteracting stimulations drive the amount of
the target. Scenario (k) is another example of the target principle: it is a justified hypothesis that the stimulatory effect goes up, observing the
target and assuming other cooperating effects on it. Lastly, if values do not change at all, or if they change in a completely inconsistent way,
the amount of change is zero or near to zero, as in (l) and (m) (also see Fig. 1 (c) and (d)). Note that cases (e)-(m) all result in reduced link scores.
Hence, inconsistent links tend to be removed from the network, as the link score threshold is made more stringent.

Warsow et al. BMC Systems Biology 2010, 4:164
http://www.biomedcentral.com/1752-0509/4/164

Page 5 of 18

KAPITEL 4.1 PUBLIKATION #1

35



equilibrium constants nor reaction kinetics.) As we
have two experimental conditions and are interested
in the change from E1 to E2, startup of ‘activity’ is
thus proportional to the ratio of the products of the
abundances of A and B, taking experiment E2 over

experiment E1: ([ ] [ ] ) / ([ ] [ ] )A B A BE E E E2 2 1 1⋅ ⋅ . In

case of log-transformed values, this is the difference
of the sums of the measurement values under both

conditions: ( ) ( )M M M MA
E

B
E

A
E

B
E2 2 1 1+ − + . This can

be written as ( ) ( )M M M MA
E

A
E

B
E

B
E2 1 2 1− + − and cor-

responds to DA + DB from formula (3). Hence, our
formula for the link score of interaction links can be
connected directly to the law of mass action.
2. As explained above, we can treat the stimulation
of a gene/protein A by a gene/protein B in the same
way as an interaction of the two proteins with each
other and therefore use the same formula to deter-
mine the link score:

LinkScore LinkScoreStim Int A BD D= = + . (4)

3. Formula (4) can be modified to capture inhibi-
tions A ® B (A inhibits B), where A and B are
expected to be anticorrelated in their expression/
amount:

LinkScore Inh A BD D= − . (5)

This equation honors the case where higher
amounts of the inhibitor A go hand in hand with
lower amounts of the target B and vice versa,
whereas correlated changes are penalized (see Figure
2(c) and 2(d)).
4. Our formulae deliver justified hypotheses also
in the cases that are not as straightforward as the
cases in Figure 1(a)-(b)/Figure 2(a)-(d), given two
additional assumptions, that we call the source
principle and the target principle. It is important
to note that these complicated cases are character-
ized by relatively low link scores and additionally
they will be marked by wavy lines. Furthermore,
they can be identified by inspecting the color-
coded measurement values (Figure 2(e)-(k)), which
can be made explicit by addition of gene/node
labels as in the condensed networks of case stu-
dies 2 and 3.
The source principle maintains that changes in the
source, if they are large enough, are sufficient for a

hypothesis regarding startup/shutdown of a stimula-
tion/inhibition. Even if the value of the target is
inconsistent, putting trust into the network data
(that is, the stimulation/inhibition link is not ques-
tioned), the link then describes a startup/shutdown
which is assumed to act on the target, even though
it is counteracted by other effectors (Figure 2(e),(f),
(i)). The other effectors may or may not be included
in the network: we assume that the network is cor-
rect, but not necessarily complete. In case of tran-
scriptional stimulations/inhibitions, a simple
example for counteracting effectors are transcription
factors that act in an opposite way at a different
position of the regulatory region of the target gene.
Here, we view gene regulation as a ‘transcription fac-
tor battlefield’ [38,39]. In fact, the target gene may
not be observable (expressed) at all without the sti-
mulation that is highlighted. There is alternative
interpretation for an inconsistent target value: The
stimulation may not be in the scope of what is being
measured. For example, if the values refer to expres-
sion levels, a stimulation of the target by phosphory-
lation goes undetected.
The target principle holds that large changes in the
target are sucient for a hypothesis regarding startup/
shutdown of a stimulation/inhibition, even if the
value of the source (the stimulator/inhibitor) is
inconsistent. Again trusting the network data, the
link then describes a startup/shutdown that is
becoming relevant because other effectors are now
cooperating on the target (Figure 2(g),(h),(k)). Then,
strictly speaking, in all these three cases we hypothe-
size that it is not the stimulation itself that goes up,
but its effect on the target gene. Again, we view
gene regulation as a ‘transcription factor battlefield’.
Also, the other effectors may or may not be part of
the network. Of course, the inconsistent change in
the source has to be lower than the tale-telling
change in the target. Also, the startup of the stimu-
lating effect is assumed to require only a low
amount of the stimulator, which is however still
exceeded. There is an alternative interpretation for
an inconsistent source value: The stimulating effect
may simply be delayed in case of a time series,
where the stimulator (protein) needs time to accu-
mulate, which may also happen during a period of
constant or down-regulated gene expression of the
stimulator.
Naturally, inconsistencies can also give rise to revi-
sion of the network. However, our formula is not
designed to reveal severe inconsistencies (since such
links receive scores close to zero and are removed
from the network as in Figure 2(m)).
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5. To distinguish straightforward from inconsistent
cases by inspection, and to aid the interpretation of
links, our plugin offers multi-colored nodes, inline-
ing directly the measurement values of a gene for a
pair of experiments within a single node as a pie-
chart as explained in Figure 1 and inlineed in Figure
2. To calculate the color for visualization of the
values in the pie-chart, we take the 10%, 50% and
90% quantiles of the ordered list of all attribute
values. The value associated with the 10% quantile
defines the lower threshold. All values below this
threshold are visualized by green color of same
intensity. Values above this threshold and up to the
value corresponding to the 50% quantile get a color
defined by linear interpolation between the 10%
quantile (green color) and the 50% quantile (white).
Analogously, values are visualized by a color
between white (50% quantile) and red (90% quan-
tile). Values above the 90% quantile are represented
by red color of same intensity. The thresholds and
the coloring scheme can be redefined by the user.
Furthermore, our plugin provides labeling of selected
genes/nodes with the measurement data used for
node coloring as shown in the condensed networks
of case studies 2 and 3.

Finally, depending on the value of the Interactiontype
attribute for a link, the respective formula for the link
score is as follows:

LinkScore

Interactiontype InteractionInt

=
=LinkScore if

LinkSc

,

oore if

LinkScore if
Stim

Inh

Interactiontype stimulation

Intera

= ,

cctiontype inhibition=

⎧
⎨
⎪

⎩
⎪ .

(6)

We will use this link score to identify those links
along which there is a large change between E1 and E2.
Links with a link score exceeding a user-defined thresh-
old are colored in red or green; the other links are
deleted from the network.

Condensation of networks
After importing the network and measurement data into
Cytoscape, the ExprEssence dialog window is used to
define which data shall be taken for calculation of the
link score and hence for network condensation. As dis-
cussed above, the network must include at least two
numerical attributes for each gene/protein, so that the
formulae can be employed. These two attributes are
explicitly selected by the user, indicating their order (E1
versus E2, or E2 versus E1). After selecting two attri-
butes, the user may then indicate that there is variance
data available and specify the number of replicates. In
this case, the measured values are implicitly assumed to
be the mean values for which the variances are

provided. Finally, calculations are started and results are
inlineed in a new network window in Cytoscape. Links
with a positive change (startups) are rendered in red,
and negative change (shutdown) is rendered in green.
Color saturation and link thickness are directly linked to
the link score calculated.
In the user control interface of ExprEssence, a slider

(Figure 3) is provided to define the threshold to keep all
links with link score exceeding the threshold, on both
the positive (startup) and negative (shutdown) side of
the spectrum of link score values. Using this slider, the
user can cut the number of links in the network. The
more stringent the threshold, the more links are
removed and only links with high absolute value of the
link score will remain. Genes which have no link left
after removal of links are also removed from the net-
work. Using the condensed network, the user can inves-
tigate components of the network where interactions,
stimulations or inhibitions start up or shut down, com-
paring experiment E1 with E2.

Results
We present results of the application of ExprEssence in
three case studies.

Case Studies
We will describe three application scenarios, condensing
networks and describing the insights gained from these.
As a first example, we condense a network based on lit-
erature-curated interaction data of proteins involved in
structure and function of the podocyte, which is the cell
forming the kidney filtration barrier. The second exam-
ple will describe how a hand-curated network of interac-
tion and regulation of genes maintaining the pluripotent
state of stem cells can be condensed using microarray
data tracking an early transition process of embryonic
stem cells, yielding a mechanistic hypothesis that was
then confirmed experimentally. In a third application,
we will take a biological network describing ageing-
related processes from the WikiPathways database, inte-
grate publicly available microarray data, and confirm
some basic insights into ageing. Cytoscape session files
PodocyteCellMatrix.cys, Epiblast.cys and DNA_Damage.
cys are provided as Additional Files 1, 2 and 3, and they
enable reproduction of figures following the instructions
given there.
Case Study 1 - Interaction network of podocyte cell-matrix
proteins
Podocytes cover the outer aspect of the capillaries in the
kidney glomerulus, where the ultra filtration of blood
takes place. The filtration barrier is composed of
endothelial cells, the glomerular basement membrane
(GBM) and podocytes. The proper function of podo-
cytes is essential for the ultrafiltration process.
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Podocytes synthesize the majority of extracellular matrix
molecules that are present in the GBM. The podocyte-
GBM interface is crucial for mechanical anchorage and
inside-out as well as outside-in signaling. Damage or
loss of podocytes is estimated to be responsible for
about 90% of kidney diseases in humans [40]. To date
several hereditary kidney diseases are known that are
caused by mutations in genes involved in the podocyte-
GBM interface, e.g. Alport syndrome. Thus, the podo-
cyte-GBM interface is of central importance in kidney
biology and pathology.
We constructed a protein interaction network of the

podocyte-GBM interface based on expert knowledge.
We collected proteins and experimentally well-described

protein-protein interactions of the podocyte-GBM inter-
face by a comprehensive survey of the podocyte literature.
The expert network consists of 42 nodes (proteins) and 33
edges (protein-protein interactions). The proteins of the
expert network were screened for further interaction part-
ners utilizing the STRING database [11], to extend the
expert network by further experimentally verified interac-
tions involving at least one node (protein) of the network.
If not yet existent in the network, the respective interac-
tion partners were also added. The extended network
consists of 124 nodes and 206 edges (Figure 4).
Podocyte cell lines are a frequently employed tool to

study podocyte biology. However, it is well known that
podocyte cell lines are partially dedifferentiated as com-
pared to in vivo podocytes. To extract the main differ-
ences between the podocyte-GBM interface of in vivo
vs. cultured podocytes, we mapped microarray gene
expression data of in vivo and cultured mouse podo-
cytes onto the extended network shown in Figure 4. We
used publicly available microarray data (GSE10017, [41])
generated from a podocyte cell line and from in vivo
podocytes, which were isolated as podocalyxin-positive
cells in a cell suspension of enzymatically digested
mouse glomeruli. By condensing a protein interaction
network using gene expression data, we implicitly
assume that protein abundance is correlated to gene
expression. We log-transformed and quantile-normal-
ized these data.
By interactive use of ExprEssence we removed 94% of

the edges keeping the 3% quantiles of the most strongly
differentially altered interactions between in vivo and
cultured podocytes (Figure 5). ExprEssence revealed that
the interactions of semaphorin 3 d (Sema3d), fibroblast
growth factor receptor 1 (Fgfr1) and Gipc1 PDZ
domain-containing protein (Gipc1) with neuropilin
1 (Nrp1) as well as the interaction between pinch
2 (Lims2) and a-parvin (Parva) are most strongly dimin-
ished (green links) in cultured podocytes as compared
to the in vivo situation. On the other hand, the interac-
tions of integrin b3 (Itgb3) and myelin-associated

Figure 3 Slider in the ExprEssence user interface. Thresholds may
be set independently for both the upper (red arrow) and the lower
(green arrow) side of the spectrum of the link scores.
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glycoprotein (Mag) with fibronectin 1 (Fn1) are most
strongly up-regulated in cultured podocytes. As Mag
had so far not been reported as a podocyte protein, we
analyzed Mag expression by RT-PCR in a podocyte cell
line. Indeed, Mag expression was easily detected in cul-
tured podocytes (Figure 6), revealing a novel candidate
for the podocyte-GBM interface.
Podocytes dedifferentiate under cell culture condi-

tions. Dedifferentiation of podocytes in culture may
recapitulate dedifferentiation of podocytes in vivo during
kidney disease. Thus, comparing gene expression
between cultured and in vivo podocytes may give impor-
tant clues about essential proteins and protein interac-
tions needed for proper podocyte function. ExprEssence
segregates the most strongly differentially altered inter-
actions between cultured and in vivo podocytes, corro-
borating previous findings and discovering novel protein
interactions that might be involved in the podocyte-
GBM interface:

1. Pinch and parvin participate in integrin signaling
via integrin-linked kinase. This pathway is essential
for podocyte function, since mice with podocyte-

specific knockout of integrin-linked kinase die from
renal failure at the age of 16 weeks [42]. The pinch/
parvin interaction is shut down in cultured podo-
cytes (see Figure 5), making it a candidate key inter-
action reflecting podocyte dedifferentiation in cell
culture. In the healthy kidney, pinch and parvin may
have an important role in transmitting signals from
the extracellular matrix through integrin-linked
kinase, to maintain podocytes in a differentiated
state [43].
2. Neuropilin and its interaction with the guidance
molecule semaphorin have been implicated in podo-
cyte differentiation [44,45]. The interaction of neuro-
pilin with several proteins, including semaphorin, is
greatly diminished in cultured podocytes (see Figure
5). ExprEssence uncovers that loss of neuropilin
interaction with extracellular molecules also partici-
pates in the dedifferentiation of podocytes in culture
as suggested by the in vivo findings [46].
3. Massive up-regulation in cultured (= dedifferen-
tiating) podocytes of the interaction between fibro-
nectin 1 and the membrane protein Mag, suggest an
important and hitherto unknown function of Mag in

Figure 4 Protein interaction network of the podocyte GBM-interface (STRING-extended expert network).
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the regulation of podocyte differentiation through
the podocyte-GBM interface. Indeed, we could con-
firm podocyte expression of myelin-associated glyco-
protein (Mag) (Figure 6), which has so far not been
implicated in podocyte biology. Since myelin pro-
teins are known to be expressed only in glial cells of
the nervous system, it is also notable that knockout
of myelin protein zero, another myelin protein pre-
ferentially expressed in podocytes within the glomer-
ulus, has been shown to result in proteinuria [47].

Case Study 2 - Analysis of a pluripotency-related
experiment
Stem cell research is currently one of the most active
areas in molecular biology and biomedicine, based in
part on recent breakthroughs in generating ‘induced
pluripotent stem cells’ (iPS cells) from somatic cells like
fibroblasts (reviewed in [48,49]). Such a ‘reprogramming’
of differentiated cells into ‘pluripotent’ ones is possible
by directly manipulating gene regulation in the cell, con-
fronting the differentiated cell with artificial amounts of
key transcription factors such as Oct4 (also known as
POU5F1), Sox2 and Nanog. These ‘ectopic’ factors then
re-direct the overall network of interaction and regula-
tion into a direction that is so close to the ‘embryonic
state’ that mice can be obtained, in which some (or even

all) of their cells derive from the manipulated somatic
cells [50]. A mouse suering from sickle-cell anemia was
healed by reprogramming fibroblasts from its tail, cor-
recting the genetic defect, and re-differentiating the iPS
cells into blood-building cells that were then injected
[51]. In human, iPS technology already allows to study a
patient-specific disease in the ‘petridish’, and to regene-
nerate tissues by re-differentiating iPS cells. Safety con-
cerns currently hinder the engraftment of ‘healed’ tissue,
and triggering the re-direction of the regulatory network
by chemical compounds is one avenue to improve
safety. Consequently, molecular analyses of the induc-
tion of pluripotency and of (re-)differention triggered by
small chemical compounds is of high interest in the
human as well as in the mouse system. Over the past
year, we have assembled a network of molecular interac-
tions, stimulations and inhibitions from 135 publications
until March 2010, involving 262 genes/proteins of
mouse. The network includes the core circuit of Oct4,
Sox2 and Nanog, its periphery (such as Klf4, Esrrb, and
c-myc), connections to upstream signaling pathways
(such as Activin, Wnt, Fgf, Bmp, Insulin, Notch and
LIF), and epigenetic regulators (Figure 7). An updated
(June 2010) version of this ‘PluriNetWork’ is described
in [14].
Applying ExprEssence to our expert network, we ana-

lyzed recently published data (GSE17136 [52]) on the
effect of a pharmacological inhibitor (JAKi, Janus kinase
Inhibitor I, Merck) on embryonic stem cells, which trig-
gers a transition process from the embryonic stem cell

Figure 5 Condensed network resulting from the application of
ExprEssence to the network in Fig. 4, using gene expression
data from in vivo (left side) and cultured podocytes (right side).
Only links with highest and lowest link score were kept (3%
quantile on both sides).

Figure 6 Podocyte RT-PCR expression analysis of Mag. Mouse
kidney and two mouse podocyte cell lines (K5 D and S6) were
cultured as reported earlier [63]. Podocyte RNA was isolated using a
mixture of guanidine thiocyanate and phenol (TRI Reagent, Sigma)
according to the manufacturer’s protocol. Reverse transcription was
performed on 5 μg denaturated RNA. Real-time PCR was performed
with a Light Cycler (Roche Diagnostics, Mannheim, Germany) using
the Platinum® SYBR® Green qPCR SuperMix-UDG kit (Invitrogen,
Heidelberg, Germany) and run at 95°C for 10 min followed by 45
cycles at 95°C for 10 s, 60°C for 5 s, and 72°C for 12 s. Relative
expression was normalized using GAPDH. The following primers
were used: Mag sense 5’-TGG GCC TAC GAA ACT GTA CC-3’, anti-
sense: 5’-GCT CCG AGA AGG TGT ACT GG-3’, 110 bp expected
product size; Gapdh sense 5’-ACC CAG AAG ACT GTG GAT GG-3’,
antisense 5’-CAC ATT GGG GGT AGG AAC AC-3’, 170 bp expected
product size. A 50 bp DNA step ladder was loaded in the left lanes.
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to another pluripotent cell state, the epiblast stem cell
state. The effect is described by microarrays taken
before, and 12 hours after the intervention. We kept
the 5% quantiles of links with the largest amount of
change. We observed that shutdown of stimulations is
centered around the protein Esrrb, the expression of
which is just slightly diminished (see Figure 8). Coop-
erative Esrrb regulation by a variety of transcription
factors such as Klf4, Klf2 and Klf5 has already been
observed by Jiang et al. [53]. Thus, we predict Esrrb
down-regulation at a later time point. More specifi-
cally, Figure 8 inlines the condensed expert network,
describing the effects of inhibition of the LIF/Jak/Stat3
signaling pathway [52] by the JAK inhibitor I. Notably,
the stimulations of Esrrb by Nanog [54], Klf2, Klf4,
Klf5 [53] and by itself [55] are shut down. These

shutdowns are the result of down-regulation of these
stimulators within the first 12 hours. Klf2, Klf4, Klf5
and Nanog are known to be upstream of the ES cell-
specific transcription factor Esrrb [53,55,56]. However,
a strong effect on Esrrb was not yet seen at the 12
hour time-point, but according to Figure 8 our model
suggested a down-regulation of Esrrb as a consequence
of JAK inhibitor-mediated down-regulation of its
upstream factors. To test this hypothesis, we carried
out real-time PCR analysis of JAKi-treated ES cells at a
later time-point, 48 hours. As can be inferred from
Figure 9 Klf4 was already down-regulated at 12 hours
but its downstream target gene Esrrb was not. At 48
hours, however, we did observe significant down-regu-
lation of Esrrb, confirming the idea of its shutdown via
other members of the ES cell self-renewal network.

Figure 7 A network describing pluripotency-related interaction and regulation data assembled from the literature. The core part
describes gene regulation, the upper part signaling pathways, and the part on the left epigenetic phenomena.
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As Klf4 and Nanog are known to be stimulated by
Esrrb [55,56], these stimulations are also shut down
(Figure 8target principle). Finally, interactions between
the transcription factors Stat3, Hdac1, c-Myc & Nanog
and Trim28 (also known as TIF1b, a transcription co-
regulator (co-repressor) and chromatin modifier [57,58])
are started. These startups are highlighted because the
Trim28 expression value goes up strongly, from 7041 to
9124. The role of these startups is unknown, though
they may reflect the general repression of components
of the ES cell-specific self-renewal network by Trim28.
Case Study 3 - Analysis of ageing-related experiments
To study the effects of ageing on DNA damage
response, we retrieved a network from WikiPathways
[31], ‘DNA damage response’ in human, as of May 22,
2010. After importing it to Cytoscape, we expanded all
complexes yielding the network in Figure 10. For exam-
ple, for a complex in the original network such as
CDK2, CCNE1 and CCNE2, all genes were connected
pairwise to each other. We then integrated log-trans-
formed and quantile normalized microarray data from
GSE11882 [59]. From this dataset we used only the data

Figure 8 Network of protein interactions and gene/protein stimulations and inhibitions involved in pluripotency, condensed using
ExprEssence and microarray data tracking the transition process from embryonic stem to epiblast-like cell state. Expression values for
Trim28, Esrrb, Klf4, Klf2, Klf5 are inlineed to the left (ES state) and to the right (epiblast state) of the gene (node). Esrrb and Trim28 are both
found in the upper right corner.

Figure 9 Esrrb down-regulation is a later event in the ES-
Epiblast transition. Real-time PCR analysis of mouse embryonic
stem (ES) cells treated for 12 and 48 hr with a pharmacological
inhibitor against JAK to inhibit LIF/JAK/STAT3 signaling, which
induces a partial transition to the epiblast state. Note that the
known LIF/STAT3 target genes Socs3 and Klf4 are rapidly down-
regulated at 12 hr. At this timepoint, Esrrb expression is almost
unaffected. As suggested by the model, however, Esrrb inlines
down-regulation at 48 hr, whilst Oct4 expression is stable (the FGF/
MEK/ERK-inhibitor PD (PD0325901) was applied in all experiments).
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obtained from the hippocampus. We considered the
same four age categories (20-39, 40-59, 60-79, and 80-
99 years) as in [59]. Using ExprEssence, we analyzed the
changes between the first (20-39 years) and the last age
category (80-99 years) and kept the 3% quantiles of the
most strongly differentially altered links. The startup of
the stimulation of CASP8 by FAS (Figure 11 top red
link) and the shutdown of the inhibition of CCNE1 by
CCND3 are the largest changes. The up-regulation of
apoptosis, highlighted by the red link between FAS and
CASP8 just mentioned, is the result of stimulation by
p53 (TP53), and is a known phenomenon in ageing pro-
cesses [60]. Note that the expression value of CASP8 is
going up slightly (from 4.56 to 5.38), whereas the up-
regulation of FAS is more pronounced (from 5.37 to
7.15). The down-regulation of the inhibition of CCNE1
by CCND3 [61] and CCND1 as well as by their corre-
sponding kinase CDK6 may trigger the higher expres-
sion of CCNE1, indicating a deregulation of the cell
cycle. Finally, we found ageing-related up-regulation of a
DNA repair pathway, that is, stimulation of DDB2 by
p53 [62].

Subnetwork identification by jActiveModules for Case
Studies 1-3
To put the results obtained in case studies 1-3 into the
context of related work, we used jActiveModules [15] to

analyze the same data, identifying ‘active modules’, that
are subnetworks where the constituent genes show sig-
nificant changes in expression over the two conditions
we investigate. As discussed in the section on ‘Related
Work’, the aim of ExprEssence is quite different, namely
the identification of single links (interactions, stimula-
tions, inhibitions) and genes affected in the course of an
experiment, where the links do not necessarily have to
build up a connected subnetwork. Furthermore, ExprEs-
sence exploits the knowledge about stimulations and
inhibitions that may be encoded in the network.
We used jActiveModules with default parameters. In

contrast to ExprEssence, which takes two expression
values per gene (one for each experimental condition),
jActiveModules requires one p-value per gene (describ-
ing the statistical significance of the expression change
between the two experimental conditions; p-values were
used as calculated while processing the raw expression
data for the case studies).
Figure 12 inlines the results of jActiveModules applied

to the data of case study 1 (podocyte cell-matrix pro-
teins). Module scores are (from left to right) 4.048,
3.384, 2.927, 2.861, 2.761. The first four subnetworks
are overlapping. The Nrp1 gene/protein that is found in
these four subnetworks is also found in our condensed
network (Figure 5). In Figure 12 Nrp1 is linked to
Sema3a & Sema3c, as well as to Fgfr1 & Sema3 d, and

Figure 10 Network adapted from the WikiPathways ‘DNA damage response’ network in human.

Warsow et al. BMC Systems Biology 2010, 4:164
http://www.biomedcentral.com/1752-0509/4/164

Page 13 of 18

KAPITEL 4.1 PUBLIKATION #1

43



expression of these four genes indeed changes signifi-
cantly. Links to the latter two genes are highlighted by
ExprEssence, because change of expression is correlated
as in Figure 1(b), even though Fgfr1 & Sema3 d change
only slightly. Links to the first two genes are not high-
lighted by ExprEssence, because change of expression is
anti-correlated as in Figure 1(d), and the link threshold
is not exceeded (Figure 1(d) describes a case of perfect
anti-correlation yielding a link score of 0). Similarly, the
subnetwork Lyn-Evl-Src is not highlighted, because the
link scores are below threshold. In turn, the links
between Fn1 and Mag/Itgb3 are not picked up by

jActiveModules, because Mag/Itgb3 do not change with
sufficient significance (p-value); the same holds true for
Itga7, Parva and Itgav.
The results of jActiveModules for case study 2 (transi-

tion from the embryonic stem cell to the epiblast stem
cell state) are shown in Figure 13. Interestingly, we dis-
cover one small and two very large modules, scoring
3.612, 3.386, 2.768, respectively. The small network is
composed of Klf4 (which is also a focus of highlighting
by ExprEssence, due to its strong down-regulation) and
Arid3a, which is the protein linked to Klf4 that changes
most significantly. The two large modules have

Figure 11 Condensed network resulting from the network in Fig. 10. The genes (nodes) contain color-coded (heat map) information about
gene expression among young subjects (left side) and old subjects (right side). Expression values for FAS and CASP8 are inlineed to the left and
right of the gene (node).

Figure 12 Results of jActiveModules, default parameters, applied to the Podocyte dataset (case study 1). See also Figs. 4/5.
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significant overlap with each other, and also with the
ExprEssence-condensed network (Figure 8), but it can
immediately be seen that the latter is more informative
than the results of jActiveModules, due to link thickness
and coloring, allowing easier identification and interpre-
tation of mechanisms behind the observed expression
change.
Finally, we put together the active modules found for

the Ageing example of case study 3 (Figure 14). As in
case study 2, large overlapping networks are obtained.
Module scores are (from left to right) 1.899, 1.868,
1.387, 0.786, 0.547. The majority of the modules identi-
fied by jActiveModules include the link between TP53
and FAS, which is also highlighted by ExprEssence. The
link between FAS and CASP8 is only considered mar-
ginally active (it is found in one module), because
CASP8 does not feature a change with a high p-value.
The link between CCND3 and CCNE1 is not considered
by jActiveModules, because change of CCNE1 is not suf-
ficiently significant.
Overall, we observe an overlap of results between our

tool and jActiveModules. In all case studies, jActiveMo-
dules did not identify many of the links/effects on genes
that we discovered and validated. However, it identified

interesting subnetworks (around Nrp1; Klf4-Arid3a;
around TP53) that are plausible and worth investigating.
Most importantly, however, ExprEssence can distinguish
stimulations and inhibitions, and by marking links in
thick green or red color, we enable a more informed
focus on single links and genes, directly yielding sugges-
tions for experiments that may test the hypotheses we
generate.

Conclusions
The most important limitation of our approach is that
highlighting is neither necessary nor sufficient for
detecting mechanistic change. More specifically, it is
quite possible that no change (no startup or shutdown
of an interaction, stimulation or inhibition) happens
across a highlighted link, or that change happens across
a link that is not highlighted. The main reason for this
problem is missing accuracy (in terms of sensitivity, i.e.
false negatives, and specificity, i.e. false positives) of
both network and measured data. In particular, many
networks are seriously incomplete, so that we cannot
highlight the ‘essential’ mechanisms simply because
there are no links in the network that represent them.
For example, the main mechanism may be mediated by

Figure 13 Results of jActiveModules, default parameters, applied to the Pluripotency dataset (case study 2). See also Figs. 7/8.

Figure 14 Results of jActiveModules, default parameters, applied to the Ageing dataset (case study 3). See also Figs. 10/11.
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a regulatory RNA, which may be neither represented in
the network, nor in the expression data gained by
microarray experiments. Then, we simply cannot dis-
cover it, and the mechanisms that are highlighted will
be either minor, or simply false positive. To give another
example, imagine that the network data do not cover a
gene C that acts on both A and B, but it includes the
link A ® B. Then, the link may be highlighted even
though C is acting on both A and B, and nothing more.
Suce it to say, hypotheses generated with the help of
ExprEssence have to be validated experimentally. On the
other hand, in a signaling cascade, the mode of change
(information flow) may be via phosphorylation events
that cannot be measured by expression data. Then, A
may stimulate B via the link A ® B, but no change is
detectable in the differential expression data, and no
highlighting occurs.
With our approach towards identification of the cri-

tical parts of a gene/protein network using differential
data, we offer a means to easily become aware of
changes in gene/protein relationships that can be
observed by contrasting two experimental conditions.
We do not only consider physical interactions between
proteins but are able to take into account stimulations
or inhibitions and treat them accordingly in order to
get specific insights into regulatory aspects. ExprEs-
sence identifies startup/shutdown along all three differ-
ent link types (interaction, stimulation, inhibition) in a
coherent manner. Our method does not depend on a
specific type of network or experimental data as long
as edges in the network connect entities influencing
each other and the experimental data can be inter-
preted as measurements proportional to the abundance
of the entities.
The statistical basis for comparison of link scores of

different edges depends on the input data: if no repli-
cates are available, the plugin works without any mea-
surement of variability, and allows exploration of the
dataset. If replicates are given, the plugin uses Welch’s
formula to improve comparability of link scores by con-
sidering the variability of the measurements.
Despite its limitations, we developed a simple,

straightforward and easy-to-use tool for hypothesis
building, towards a mechanistic interpretation of experi-
ments, seeing the forest for the trees in a large amount
of data.

Additional Files
PodocyteCellMatrix.cys, Epiblast.cys, DNA_Damage.
cys. Cytoscape Session files containing the original net-
work, expression data and condensed network from case
studies 1-3.

Additional material

Additional file 1: PodocyteCellMatrix.cys. To reproduce Figure 5 open
the file ‘PodocyteCellMatrix.cys’ in Cytoscape, select the uncondensed
network, start condense!, select ‘Shaw_Ensembl’ (left side) and
‘Mundel_Ensembl’ (right side) and No variance data. After submitting,
click on Organic Layout.

Additional file 2: Epiblast.cys. To reproduce Figure 8 open the file
‘Epiblast.cys’ in Cytoscape, select the uncondensed network, start
condense!, select ‘12 h PD+LIF Signal’ (left side) and ‘12 h PD+JAKi Signal’
(right side) and No variance data. Modify the position of the two sliders
to select the 5% and 95% quantiles, and choose Organic layout.

Additional file 3: DNA_Damage.cys. To reproduce Figure 11 open the
file ‘DNA_Damage.cys’ in Cytoscape, select the uncondensed network,
start condense!, select ‘HC 1 mean’ (left side) and ‘HC_4_mean’ (right
side) and, as variance data, select ‘HC_1_var’ (left side) and ‘HC_4_var’
(right side). The number of replicates is 10 (left side) and 16 (right side).
After submitting, click on Organic Layout.
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Interactions between proteins crucially determine cellular

structure and function. Differential analysis of the

interactome may help elucidate molecular mechanisms

during disease development; however, this analysis

necessitates mapping of expression data on protein–protein

interaction networks. These networks do not exist for the

podocyte; therefore, we built PodNet, a literature-based

mouse podocyte network in Cytoscape format. Using

database protein–protein interactions, we expanded PodNet

to XPodNet with enhanced connectivity. In order to test the

performance of XPodNet in differential interactome analysis,

we examined podocyte developmental differentiation and

the effect of cell culture. Transcriptomes of podocytes in 10

different states were mapped on XPodNet and analyzed with

the Cytoscape plugin ExprEssence, based on the law of mass

action. Interactions between slit diaphragm proteins are

most significantly upregulated during podocyte

development and most significantly downregulated in

culture. On the other hand, our analysis revealed that

interactions lost during podocyte differentiation are not

regained in culture, suggesting a loss rather than a reversal

of differentiation for podocytes in culture. Thus, we have

developed PodNet as a valuable tool for differential

interactome analysis in podocytes, and we have identified

established and unexplored regulated interactions in

developing and cultured podocytes.

Kidney International advance online publication, 3 April 2013;

doi:10.1038/ki.2013.64

KEYWORDS: microarray analysis; podocyte; protein interaction; transcrip-

tional profiling

Podocytes have a crucial role for the glomerular filtration
barrier1 as well as in the development of chronic kidney
disease.2 One current aim of nephrology research is therefore
to define the molecular mechanisms that underlie podocyte
function and to understand the molecular mechanisms that
are deranged in glomerular disease. The constant improve-
ment of ‘omics’ technologies and developments in systems
biology importantly contribute to this endeavor.3–5 Among
the many available bioinformatics tools for the analysis of
expression data, methods that allow for the analysis of diffe-
rential changes of the interactome are especially well suited to
advance our biological understanding. This is because cell
function largely depends on protein–protein interactions
(PPIs). To perform differential interactome analyses on ex-
pression data, algorithms have been developed by others6 and
by us.7 These algorithms have been successfully applied to
PPI networks, for example, to identify molecular mechanisms
of pluripotency.8

In 2008, GlomNet was introduced as the first approach to
analyze glomerular ‘omics’ data in a PPI network.9,10 How-
ever, GlomNet does not discriminate between glomerular cell
types, that is, mesangial cells, endothelial cells, and podo-
cytes. Thanks to the recently developed isolation techniques
for podocytes from wild-type11,12 or transgenic mice,13–15 and
thanks to existing mouse podocyte cell lines,16,17 an increas-
ing number of expression data for mouse podocytes under
various conditions have become available. The goal of our
study was therefore to build a podocyte-specific PPI network
allowing for the podocyte-specific analysis of expression data.
To date, only a small fraction of all existing PPIs has been
determined and curated for public databases,18 and especially
PPIs relevant for highly specialized cell types, such as the
podocyte, cannot be assembled easily. Therefore, we decided
to build PodNet as an expert curated podocyte PPI network
based on the findings reported in the literature. We show that
PodNet, besides providing functional insight into the podo-
cyte PPI network, identifies relevant transitions in podocyte
development and culture by differential interactome analysis
using podocyte expression data.
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RESULTS
Generation and characterization of PPI networks

PodNet, our expert curated PPI network of the podocyte,
consists of 315 genes/proteins (nodes) and 223 interactions
(edges) extracted exclusively from the podocyte literature
(see Supplementary Methods and Supplementary Data Files
S1 and S2 online). Approximately 40% of the nodes and 80%
of the edges form the largest connected component with a
mean number of 2.7 interactions per node (Table 1). Of the
nodes, 46% are not connected to any other node. In order to
incorporate them into the network, we added further inter-
actions from the STRING PPI database19 in an unbiased
manner to build XPodNet. Unlike for PodNet, the added
interactions are not necessarily known to be relevant for
podocytes. By this approach, besides incorporating isolated
nodes into the interconnected parts of the network, we
further wanted to identify podocyte-relevant PPIs that have
not yet been described for the podocyte, leading to novel
hypotheses.

XPodNet (Figure 1) is made up of 839 nodes and 1048
edges with considerably improved connectivity: B80% of the
nodes and 95% of the edges are part of the largest connected
component (Table 1). Of the 146 isolated nodes in PodNet,
44 could be integrated into one of the three largest connected
components of XPodNet, whereas 84 nodes remained
isolated. Hence, STRING interactions integrated approxi-
mately one-third of the single PodNet nodes into a PPI
network. Of the 223 interactions in PodNet, we found only
23 in STRING, emphasizing the need for setting up expert-
curated, cell type–specific networks as a solid basis for
interaction-focused network investigations.

To perform comparative analyses, we generated GlobalNet
as an unbiased network not focused on the podocyte.
GlobalNet was based on all mouse interactions in STRING
above a certain confidence score (see Supplementary Methods
online). It contains 3607 nodes and 5657 edges, and its
network characteristics, such as the relative size of the largest
connected component, number of hubs, and the mean number
of edges per node, are comparable to those of XPodNet
(Table 1). It has to be kept in mind that GlobalNet contains
only 10% of the PPIs in PodNet, as GlobalNet was built
exclusively with database PPIs. All three PPI networks were
analyzed for Gene Ontology term enrichments (Table 2;
Supplementary Table S1 online). As can be seen in Table 2,
Gene Ontology terms such as cytoskeletal protein and actin
binding are highly enriched in PodNet and XPodNet, most
likely reflecting a focus of podocyte research. All PPI
networks are provided in Cytoscape20 format and can be
downloaded from www.PodNet.de.

Podocyte core network

During the past decade, many genes were identified that are
essential for podocyte function. These genes were discovered
by analyzing human disease, by gene knockout in mice, or by
gene knockdown in zebrafish. We wondered whether these
genes might be interconnected in a podocyte core network,

forming a functional module that is critical for podocyte
function. To this end, we extracted the component of
XPodNet that contained the largest number of essential
podocyte genes held together by the lowest possible number
of neighboring genes. The extracted podocyte core network
consists of 34 nodes, of which 28 are essential nodes
(Figure 2). Thus, almost half of the currently known essential
podocyte genes are interconnected in a small network. The
podocyte core network can be subdivided into three modules:
an actin module, an adhesion module, and a slit diaphragm/
signaling module. CD2AP and a-actinin-4 (Actn4) connect
two and three modules, respectively. All nodes and edges
in the podocyte core network are contained in PodNet,
underlining the relevance of our expert-curated approach.

Most abundant interactions in podocytes

We mapped two sets of gene expression data of differentiated
adult in vivo podocytes (Adult S-Pod and Adult G-Pod, see
Table 3) on both PodNet and GlobalNet. By using the gene
expression values, the abundance of the individual PPIs
in both networks was estimated (see Supplementary
Methods online). The most abundant interactions, that is,
protein complexes with the highest concentrations, were
extracted for both sets of gene expression data and
intersected for PodNet and GlobalNet, respectively. Such an
intersection yields the interactions being most abundant for
both data sets, and thus increases the reliability of reflecting
the in vivo situation.

As can be seen in Figure 3, the most abundant interactions
in XPodNet include the interaction between the two main slit
diaphragm proteins Nphs1 (nephrin) and Nphs2 (podocin).
Nephrin is connected via a-II spectrin (Spna2) and Actn4 to
the actin cytoskeleton. Given the fact that podocytes possess
a huge number of the actin-based foot processes, it is
comprehensible that structural PPIs of the actin cytoskeleton
form the largest group among the most abundant interac-
tions in PodNet. The most abundant interactions in
GlobalNet are related to more general cellular functions like
ribosomal, mitochondrial, and proteasomal functions. As
claudin 5 (Cldn5) has only recently been reported to be
expressed in podocytes,21 it is of interest that the PPIs
between Actn4, Zona Occludens 1 (ZO-1; Tjp1), and Cldn5
were detected among the most abundant interactions in both
XPodNet and GlobalNet.

Table 1 | Characteristic numbers of PodNet, expanded PodNet
(XPodNet), and GlobalNet

PodNet XPodNet GlobalNet

Nodes (genes) 315 839 3607
Edges (protein–protein interactions) 223 1048 5657
Mean number of edges per node 1.4 2.5 3.1
Number of hubs, that is, nodes with
X10 edges (fraction of network
nodes)

5 (1.6%) 42 (5.0%) 196 (5.4%)

Largest connected component
Nodes (fraction of network nodes) 130 (41%) 682 (82%) 2872 (80%)
Edges (fraction of network edges) 183 (82%) 994 (95%) 5085 (90%)

b a s i c r e s e a r c h G Warsow et al.: Podocyte protein interaction network
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Figure 1 | XPodNet. Genes are represented by nodes and interactions of the corresponding proteins by edges. Nphs1 and its interaction
partners are colored in dark orange. Nodes of PodNet are colored in pale orange and nodes from STRING are gray. (a) Complete network
and (b) zoom-in centered to Nphs1.
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Analysis of differentially regulated interactions

A total of 33 transcriptomes, including replicates, of 12
different entities were used for analysis (Table 3). Of the 33
transcriptomes, 30 are publicly available and 3 were
generated specifically for this study. The Affymetrix 430 2.0
and 1.0 ST mouse arrays were used in 16 and 17 cases,
respectively. First, transcriptomes were subjected to principal
component analysis (PCA; Figure 4). For both array
platforms, the first principal component separates in vivo
podocytes from podocytes in culture. Regarding the in vivo
podocytes, the second principal component separates devel-
oping podocytes from mature podocytes.

Subsequent to PCA, we performed 11 pairwise differential
analyses of PPIs with ExprEssence, the formula of which
is based on the law of mass action7 (see Supplementary
Methods online). Six of the differential analyses describe
podocyte development, three describe cultured versus in vivo
podocytes, one describes differentiated versus undifferen-
tiated cultured podocytes, and one describes whole glomeruli
versus podocytes (Table 3; Supplementary Table S2 and
Supplementary Figures S2 and S3 online). For the first two
groups, the ExprEssence link scores have been ranked and the
ranks have been averaged. Table 4 shows 10 most differen-
tially upregulated and downregulated interactions for the
development and cell culture comparisons, respectively. This

set of interactions has been curated manually from a larger
set of differentially regulated interactions (Supplementary
Table S3 online) to eliminate erroneous entries of STRING
and to eliminate interactions of genes that are probably not
expressed in podocytes.

Most differentially regulated interactions in podocyte
development

The largest group (60%) of most upregulated PPIs during
development consists of the interactions between slit
diaphragm proteins like Nphs1 (nephrin) and Nphs2
(podocin) (Table 4). The strong upregulation of slit
diaphragm PPIs during development is observed in both
XPodNet and GlobalNet. The differential analysis between
adult and embryonic day 13.5 (E13.5) podocytes further
illustrates this finding (Figure 5). The apical podocalyxin
(Podxl)/Nherf2 (Slc9a3r2)/ezrin (Ezr) complex, which is
essential for podocyte function,22 is also strongly upregulated
during podocyte development (Table 4). Finally, the unbiased
GlobalNet reveals that the differentiation of podocytes is
associated with a strong upregulation of Nbr1/Sqstm1/Cyld
interactions (Table 4). Nbr1 has been implicated in targeting
ubiquitinated proteins to the autophagosome,23 an organelle
that is vital for long-term podocyte function.24

Table 2 | Overrepresented Gene Ontology (GO) terms (molecular function) in PodNet, expanded PodNet (XPodNet), and
GlobalNet

PodNet XPodNet GlobalNet

Molecular function GO term
Nodes

(%) P-value
Enrichment

(fold)
Nodes

(%)
Enrichment

(fold)
Nodes

(%)
Enrichment

(fold)

Protein binding 77.9 0.0Eþ 00 4.2 81.4 4.4 68.3 3.7
Binding 90.6 3.8E� 89 2.5 92.8 2.6 87.4 2.5
Protein complex binding 12.7 8.1E� 33 15.8 9.2 11.4 3.9 4.9
Protein domain–specific binding 12.1 3.8E� 26 11.6 12.5 11.9 5.6 5.3
Cytoskeletal protein binding 13.4 7.4E� 26 9.5 10.2 7.3 5.4 3.8
Enzyme binding 13.0 1.1E� 25 9.8 12.3 9.3 6.0 4.4
Actin binding 11.1 3.0E� 24 11.7 7.6 8.0 3.3 3.5
Kinase activity 16.6 8.0E� 24 6.2 15.8 5.9 8.1 3.0
Kinase binding 8.5 1.2E� 21 15.4 7.0 12.7 2.7 4.9
Transferase activity transferring phosphorus-containing
groups

16.6 4.4E� 21 5.4 16.1 5.2 9.7 3.1

Protein kinase binding 7.8 2.7E� 20 15.8 6.5 13.1 2.6 5.1
Phosphotransferase activity; alcohol group as acceptor 13.4 2.2E� 18 5.9 13.1 5.8 6.9 3.1
Receptor binding 14.0 3.7E� 18 5.5 12.7 5.0 7.7 3.0
Protein kinase activity 11.4 7.4E� 16 6.0 11.8 6.2 6.5 3.4
Integrin binding 3.9 1.1E� 13 29.8 2.4 18.0 0.6 4.8
Transferase activity 18.2 1.5E� 13 3.2 18.4 3.3 12.2 2.2
Protein heterodimerization activity 6.5 4.5E� 13 10.0 5.2 8.0 3.2 4.8
Protein dimerization activity 8.8 3.8E� 12 6.0 8.6 5.8 6.1 4.0
SH3 domain binding 4.6 1.9E� 11 14.7 3.9 12.4 1.5 4.7
Ribonucleotide binding 16.9 1.2E� 10 2.9 18.1 3.1 15.1 2.6
Purine ribonucleotide binding 16.9 1.2E� 10 2.9 18.1 3.1 15.1 2.6
Cell adhesion molecule binding 2.9 1.3E� 10 31.4 1.7 18.7 0.6 5.9
Purine nucleotide binding 17.3 1.6E� 10 2.8 18.3 3.0 15.4 2.5
Catalytic activity 32.2 3.9E� 10 1.9 32.1 1.9 30.0 1.8
Cadherin binding 2.3 4.5E� 10 50.8 1.0 22.2 0.2 5.4
Extracellular matrix binding 2.9 4.7E� 10 27.4 1.6 15.1 0.4 3.6

The P-value for overrepresentation of the GO term is false discovery rate (FDR) corrected (see Supplementary Table S1 online for the complete list of P-values). The fold
values describe the factor of enrichment of the GO term in the corresponding network with respect to GO annotation of all genes.
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Among the interactions that are downregulated during
podocyte development (Table 4), one finds the interaction
between Grip1 and Fras1, which is an extracellular matrix
protein required for kidney as well as glomerular develop-
ment.25 Several interactions of proteins involved in cell–cell
contacts are downregulated during podocyte development:
the junctional adhesion molecules 3 (Jam3) and 4 (Jam4 or
Igsf5) and the gap junction–forming proteins connexin 31
(Gjb3) and 43 (Gja1). Interestingly, if podocytes are injured,
these proteins are upregulated and become involved in
junction formation, replacing slit diaphragms.26,27 Similarly,
Notch1, of which several interactions are downregulated
during podocyte development (Table 4), becomes reactivated
in injured podocytes of diabetic patients.28 As a novel finding
of potential relevance, our analysis identifies interactions of
Efs (embryonal Fyn-associated substrate) to be down-
regulated during podocyte development. The docking
protein Efs may orchestrate signaling of cell–matrix adhesions
in immature podocytes by binding the tyrosine kinases Src
and Ptk2 (Fak (focal adhesion kinase)).29

Most differentially regulated interactions in podocyte culture

In addition to the six differential analyses of podocyte
development, we performed three differential analyses to
assess the effect of putting podocytes into cell culture. The

most differentially regulated PPIs are compiled in Table 4,
again averaging over all differential analyses. The differential
analysis for Prim M-Pod versus Adult G-Pod is shown in
Figure 6 as an illustrating example. The largest group (60%)
of most downregulated PPIs in culture consists of the
interactions between the slit diaphragm proteins. The loss of
slit diaphragm PPIs in culture is detected in both XPodNet
and GlobalNet (Table 4 and Figure 6). The interactions
between ZO-1 (Tjp1) and Cldn5 and between Pak1 and the
Rho-GTPases Rac1 and Cdc42, which belong to the most
abundant PPIs in fully differentiated podocytes (Figure 3),
are consistently downregulated in cultured podocytes.

Among the interactions that are most upregulated in
cultured podocytes, interactions between the cell cycle
proteins (45%) are prevailing, a finding that is again observed
in both XPodNet and GlobalNet (Table 4 and Figure 6). The
cell cycle–promoting interactions between cyclin-dependent
kinase 1 (Cdk1) and cyclin A2 (Ccna2) or B2 (CCnb2) are
upregulated. However, the cell cycle in differentiated cultured
podocytes is arrested by the even stronger upregulation of the
interactions between Cdks 2, 4, and 6 and the Cdk inhibitors
1a (Cdkn1a or p21Cip1) or 2a (Cdkn2a or p16Ink4a) (data not
shown). Cdkn1a (p21Cip1) is known to be upregulated in
podocytes under many conditions of glomerular
disease.30 Besides the upregulation of PPIs among cell cycle
proteins in cultured podocytes, interactions of the
extracellular matrix proteins fibronectin 1 (Fn1) and the
interaction between the transcription factor Pax8 and the
Pax-interacting protein 1 (Paxip1) are upregulated in
cultured podocytes. Of note, expression of Pax8 has been
observed in podocytes in a TGF-b1 transgenic mouse model
of global glomerulosclerosis.31

Relationship between podocyte development and culture

As highlighted in Table 4, podocytes gain during develop-
ment the highly podocyte-specific PPIs of the slit diaphragm,
which are lost in cultured podocytes. However, interactions
that are lost during podocyte development from renal vesicle
to fully differentiated adult podocytes seem not to be regai-
ned when podocytes are put into culture. Hence, our
differential PPI analysis does not support the notion that
podocytes in cell culture dedifferentiate into an earlier
developmental stage.

For a more comprehensive picture, we compared the
mean changes in PPI abundance during podocyte develop-
ment with those during dedifferentiation in culture using all
interactions contained in XPodNet and GlobalNet. The
scatter plot in Figure 7 further supports the results obtained
by the most differentially regulated PPIs: several interactions
that are upregulated during podocyte development are
downregulated in culture. However, on the whole, changes
in PPI abundance are merely weakly correlated, especially for
the unbiased PPIs contained in GlobalNet (r2¼ 0.13). Thus,
the interactome changes of cultured podocytes match the
interactome changes of podocytes in early developmental
stages to a minor extent only.
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Figure 2 | Podocyte core network. Largest connected component of
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Differentiation of podocytes in culture

In 1997, Mundel et al.16 introduced the concept of
conditional immortalization to podocyte cell culture.
Thereafter, this concept has also been used by others for
the generation of podocyte cell lines.11,17,32 Conditionally
immortalized podocytes proliferate under the thermo-
sensitive SV40 large T antigen that is active at 33 1C and
whose expression can be stimulated by interferon-g. If cells
are shifted to 37 or 38 1C in the absence of interferon-g, they
stop proliferating. This process has frequently been termed
‘differentiation.’ Similarly, podocytes have been called
‘undifferentiated’ and ‘differentiated,’ respectively, under the
two culture conditions. However, differentiation of cultured
podocytes has never been examined in relation to
differentiation of podocytes during development.

When comparing Diff S-Pod with Undiff S-Pod
(Supplementary Figures S2 and S3 online), among the most
differentially regulated interactions in XPodNet, we found
two interactions between the proteins Oasl2-Smurf1 (140-
fold downregulation) and Prmt1-Smad6 (100-fold down-
regulation) that are thought to mediate resistance to virus
infection and to repress Stat1 transcriptional activity in the

late phase of interferon-g signaling, respectively. Among the
most differentially regulated interactions in GlobalNet, we
found five interactions between the proteins H2-DMa,
H2-Eb1, H2-Aa, Rmcs2, and Cd74 of the major histocom-
patibility complex II that were downregulated 730- to 47 000-
fold (Supplementary Figure S3B online). Interactions that
were most differentially regulated during podocyte develop-
ment, for example, slit diaphragm interactions, were only
affected to a negligible degree. Thus, ‘differentiation’ of
conditionally immortalized podocytes is a means to achieve
quiescence after induction of proliferation in culture, but it
does not reflect the differentiation process of podocytes
during development.

Analysis of differential interactions in whole glomeruli versus
podocytes

As the glomerulus is formed by three different cell types, all
three cell types contribute to the glomerular transcriptome.
If we map the glomerular transcriptome on XPodNet or
GlobalNet, many spurious interactions will be detected; for
example, the ‘interaction’ of a protein expressed in the
glomerular endothelium with one expressed in podocytes.

Table 3 | GEO data sets used for analysis of differential gene expression

Abbreviations: E13.5, embryonic day 13.5; GEO, Gene Expression Omnibus; Pod, podocyte.
A total of 33 transcriptomes of 12 different entities were used for analysis of differential gene expression. Transcriptomes were determined on two platforms: Affymetrix
Mouse Genome 430 2.0 Arrays (430 2.0) or Affymetrix Mouse Gene 1.0 ST Arrays (1.0 ST). Eleven pairwise comparisons (a–k) were performed as indicated in the table.
Pairwise comparisons colored in red (a, c, and d) were combined to study cultured versus in vivo podocytes. Pairwise comparisons colored in green (e, f, g, i, j, and k) were
combined to study podocytes during development.
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Nevertheless, if we perform a differential analysis of the
interactions in whole glomeruli versus podocytes (Glom vs.
Adult G-Pod), relevant information can be extracted
(Supplementary Figures S2 and S3 online). Because of cell
size and number, let us assume that podocyte transcripts
contribute about half to the glomerular transcriptome. Under
this assumption, we would expect that podocyte-specific
proteins are ‘downregulated’ by a factor of two in the
glomerular versus the podocyte transcriptome. Indeed, the
estimated abundance of interaction between the podocyte-
specific proteins Nphs1 (nephrin) and Nphs2 (podocin) is
‘downregulated’ in XPodNet by factor 2.8, close to the
expected value of 4. For a protein that is not expressed in
podocytes, we will encounter a strong upregulation of the
interaction. As an example, the interaction between Pecam1
and b-catenin 1 (Ctnnb1) in XPodNet is ‘upregulated’ 56-fold

in glomeruli versus podocytes (Supplementary Figure S2
online, link scores are not shown), as Pecam1 is absent in
podocytes, but highly expressed in the glomerular endo-
thelium. Thus, the analysis of differential interactions in
glomeruli versus podocytes may help to identify genes that
are specifically expressed in mesangial or glomerular endo-
thelial cells.

DISCUSSION

In this study, we present PodNet, an expert-curated PPI
network for the analysis of expression data of mouse
podocytes. Nodes and edges in PodNet were extracted from
the literature, as in the beginning of the project there were
good reasons to assume that databases contain a rather low
number of podocyte-specific PPIs. Indeed, only 10% of the
PPIs in PodNet could be found in STRING, corroborating
our approach. In addition, we expanded PodNet to XPodNet
by adding database PPIs to enhance connectivity, and we
generated GlobalNet as an unbiased network for the purpose
of comparison by taking all mouse PPIs in STRING above a
certain confidence score. XPodNet and GlobalNet yielded
complementary, as well as overlapping, insight into the
functionality of the podocyte PPI network and its regulation.

We used ExprEssence to perform differential interactome
analysis on the PPI networks.7 The calculation of the link
score in ExprEssence is based on the law of mass action,
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which relies on protein concentrations and the affinity
constant. Thus, ExprEssence detects the coordinated upre-
gulation or downregulation of interacting proteins, resulting,
for example, from transcriptional coregulation. The formula
for the calculation of the link score in ExprEssence does not
contain the affinity constant, as in the case of differential
analysis, when relative changes are analyzed, the law of mass
action becomes independent of the affinity constant.
However, if we analyze a single condition, as for the deter-
mination of the most abundant interactions, the reaction
constants matter. Affinity constants of PPIs may vary over a
certain range,33 and hence may affect the outcome. Concer-
ning the protein concentrations, we use transcriptome data in
our present study, assuming a linear correlation between
mRNA and protein concentration. It has been shown that
mRNA and protein levels are correlated to a fair degree,34,35

although several relevant exceptions for some mRNA–protein
pairs exist. Ideally, direct measurements of protein abun-
dance should be used. Given the recent accomplishment by
several groups to isolate podocytes,11–15 podocyte proteomes
will become available in the future. A further limiting factor
is that mRNA transcripts not represented on the microarray
are dismissed. Finally, our approach does not take into
consideration the fact that proteins are modified (for
example, by phosphorylation) or compartmentalized in the
cell. Our podocyte PPI networks are mouse networks, as

expression data of freshly isolated podocytes are available for
the mouse only. The generation of human podocyte PPI
networks will be worthwhile, as soon as expression data for
human in vivo podocytes become available.

Other possible sources of errors arise from wrong entries
in STRING and from contaminations of isolated podocytes
with other cell types. Although we expanded PodNet and
built GlobalNet only with experimentally described PPIs, we
still noted wrong entries in STRING. Concerning the publicly
available transcriptomes of freshly isolated podocytes, we
noted contaminations by other cell types such as endothelial
cells or distal tubular cells. Transcripts of highly expressed
genes in contaminating cells will be present in relevant
amounts in the transcriptome even if the purity of the
podocyte preparation is above 95%. For example, transcripts
of Pecam1 originating from endothelial cells (see Results) and
of uromodulin originating from distal tubular cells are
present in the podocyte transcriptomes in relevant amounts.
In order to minimize potential errors, we used network
intersection (Figure 3), averaging (Figure 7), and manual
curation (Table 4).

Despite the limitations mentioned above, we demonstrate
that podocyte PPI networks considerably extend previous
approaches, such as the pioneering three cell–mixture PPI
network of GlomNet9 and the recent gene expression–based
definition of the molecular equipment of podocytes.13 The

Table 4 | Manually curated subset of the most differentially regulated podocyte protein–protein interactions in development
and culture

Adult podocytes versus earlier stages Cultured podocytes versus adult podocytes

XPodNet GlobalNet XPodNet GlobalNet

Upregulated

Interaction Rank Interaction Rank Interaction Rank Interaction Rank
Nphs2–Cd2ap 0.994 Nphs1–Nphs2 0.997 Itgb3–Fn1 0.988 Itga5–Fn1 0.990
Nphs1–Nphs2 0.990 Nphs2–Sh3kbp1 0.981 Cdkn1a–Cdk4 0.987 Cdk1–Ccna2 0.984
Nphs2–Kirrel 0.979 Cd2ap–Cbl 0.959 Paxip1–Pax8 0.969 Itgb3–Fn1 0.984
Nphs1–Cd2ap 0.956 Nphs1–Iqgap1 0.957 Cdkn2a–Cdk4 0.967 Cdkn1a–Cdk2 0.981
Nphs2–Kirrel3 0.951 Anxa2–Mras 0.938 Enah–Zyx 0.954 Fn1–Mag 0.981
Nphs2–Trpc6 0.951 Nbr1–Sqstm1 0.937 Cdkn1a–Casp3 0.949 Cdkn2a–Cdk4 0.976
Podxl–Ezr 0.944 Sqstm1–Cyld 0.934 Igf1r–Grb10 0.938 Cdkn1a–Cdk4 0.974
Podxl–Slc9a3r2 0.938 Tjp1–Cldn5 0.931 Cdkn1a–Cdk6 0.935 Paxip1–Pax8 0.972
Cd2ap–Ddn 0.938 Ilk–Parva 0.911 Actb–Pfn2 0.935 Cdk1–Ccnb2 0.970
Nphs2–Sh3kbp1 0.937 Cflar–Itch 0.910 Smad3–Smad4 0.932 Glis2–Hdac3 0.969

Downregulated

Interaction Rank Interaction Rank Interaction Rank Interaction Rank
Src–Efs 0.092 Cdt1–Gmnn 0.086 Nphs1–Nphs2 0.003 Nphs1–Nphs2 0.001
Notch1–Wdr12 0.110 Gmnn–Tbpl1 0.089 Nphs2–Cd2ap 0.006 Tjp1–Cldn5 0.003
Cdkn2a–Mycn 0.110 Gja1–Sgsm3 0.097 Nphs1–Ddn 0.007 Nphs2–Sh3kbp1 0.009
Fras1–Grip1 0.111 Npy–Npy1r 0.104 Nphs2–Trpc6 0.008 Magi2–Dll4 0.010
Igsf5–Magi1 0.115 Cdk9–Myc 0.104 Nphs2–Kirrel3 0.010 Nphs1–Iqgap1 0.017
Notch1–Kat2a 0.117 Tle1–Hes6 0.111 Nphs1–Magi2 0.010 Pak1–Cdc42 0.018
Nid2–Fbln2 0.140 Gjb3–Gja1 0.112 Tjp1–Cldn5 0.017 Pak1–Rac1 0.019
Ptk2–Efs 0.150 Cdc7–Orc6l 0.113 Cd2ap–Ddn 0.019 Dynlt3–Dync1i1 0.038
Pick1–Jam3 0.157 Orc1l–Cdc45l 0.113 Nphs1–Slc4a1 0.027 Cflar–Itch 0.044
Notch1–Smarcd3 0.161 Mcm3–Cdc45l 0.114 Nphs2–Kirrel 0.029 Taf5–Mafb 0.046

The rank of each interaction is the mean of the normalized ranks of the link scores originating from our ExprEssence analyses (see Table 3). If an interaction appears in both
XPodNet and GlobalNet in the development or culture comparison, it is written in bold.
Gray cells mark inversely regulated interactions, which are upregulated during development and downregulated in culture. There are no inversely regulated interactions
that are lost during development and are regained in culture.
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analysis of the podocyte PPI networks presented in this study
provides a holistic view of the current knowledge about
podocyte biology and a differential interactome analysis,
delivering testable hypotheses. This will be illustrated by two
examples. The podocyte core network (Figure 2) serves as the
first example. Intriguingly, approximately half of the proteins
known to be essential for podocyte function are held together
by six additional proteins in an interconnected cluster. It is
tempting to speculate that some of the additional proteins
might also prove to be essential for podocyte function, such
as ezrin (Ezr) or Iqgap1. Moreover, as more podocyte PPIs
will be identified, the podocyte core network may grow and
further essential nodes will be incorporated. Thus, a rather

large core network may underlie podocyte function in health
and disease. As a second example, we will consider the most
abundant interactions in podocytes (Figure 3). In XPodNet,
several PPIs were identified among the most abundant
interactions that have up to now received only very limited
attention: Cldn5,21 interacting with ZO-1, p21-activated
kinase (Pak1),36 interacting with the GTPases Rac1 and
Cdc42, and Spna2, connecting nephrin (Nphs1) to the actin
cytoskeleton. As the Cldn5 and Pak1 interactions also belong
to the most differentially regulated interactions in
development and culture (Table 4), and as the most abundant
interactions are of major relevance for podocyte structure,
these proteins and their interactions are suggested to have an
important role in podocyte biology.

As further applications, we analyzed existing podocyte
transcriptomes mainly with regard to podocyte differentia-
tion during development and to podocyte dedifferentiation
in cell culture. In order to analyze podocyte differentiation
during development, transcriptomes of podocytes isolated

Nphs2

Nphs1
Tgfb2

Tgfbr1
Cd2ap

Actn4
Magi2

Podxl Ezr
Ccnd1

Cdkn1a

Ccnd2

Ccna2Cdkn1bCdk4

Itgb3 Myh10

Fn1

Igf1

Gigyf1

Nupr1 Myod1

Ep300Ddx5 Mtf2

Hdac1

Ezh2

Eed

l7Rn5

Nphs2

Nphs1

Ndc80

Spc25

Tjp1

App

Aplp2Mme

Nasp Myo1d

Lrrk2

Smc2

Psmc3ip

Rpa3
Mnd1

Orc6lBmpr2

Mertk

Ccna2

Cdk1
Smc4

Iqgap1

Actn4

Dbn1

Gja1

Tcf3

Pfn2

Id2

Dnm1

Csf1

Fyn

Kirrel

Figure 5 | ExprEssence analyses for Adult G-Pod versus E13.5
G-Pod. The 10 most upregulated (red) and downregulated (green)
interactions, including connecting interactions (gray), are shown for
(a) XPodNet and (b) GlobalNet. The node color describes expression
levels (left side, E13.5, G-Pod; right side, Adult G-Pod). The thicker an
edge, the more it is upregulated/downregulated. E13.5, embryonic
day 13.5; Pod, podocyte.

Ncstn

Cav1

Gadd45g
Ccnd2

Cd2ap
Ddn

Nphs1
Nphs2

Kirrel2Trpc6

Cdk4

Ccnd2

Cdkn1a

Mrto4

Gtpbp4
Sco1

Cox17

Chchd4

Fn1Itga5

Gadd45g
Cdk6

Ccnd1

Hspa8

Csf1

Ndufa2 Ndufa5 Nid1 Hspg2 Pfdn5 Pfdn2

Taf13Taf11Nphs2Nphs1Psmc5Fosb

Flnb Ncstn Gm10698

Nip7

Magi2
Cdk6

Cdkn1a Cdk4

Ccnd1

Fbln2

Gm10698

Itgb3

Fn1

Actb
Myh10

Hspg2

Nid1

Csf1

Figure 6 | ExprEssence analyses for Prim M-Pod versus Adult
G-Pod. The 10 most upregulated (red) and downregulated (green)
interactions, including connecting interactions (gray), are shown for
(a) XPodNet and (b) GlobalNet. The node color describes expression
levels (left side, Adult G-Pod; right side, Prim M-Pod). The thicker
an edge, the more it is upregulated/downregulated. Pod, podocyte;
Prim, primary.

Kidney International 9

G Warsow et al.: Podocyte protein interaction network b a s i c r e s e a r c h

KAPITEL 5.1 PUBLIKATION #2

57



by fluorescence-activated cell sorting and transcriptomes of
microdissected tissue were used. Both sources possess specific
advantages: a pure cell population is provided by podocytes
isolated by fluorescence-activated cell sorting and a defined
developmental stage is provided by microdissected tissue.
The advantages of both preparations were combined by
extracting the most differentially regulated interactions
(Table 4) in the complete data set. The identification of the
slit diaphragm protein complex among the most differen-
tially regulated interactions during development demon-
strates the power of the differential interactome analysis with
XPodNet and ExprEssence.13,37,38 Interactions between slit
diaphragm proteins are massively downregulated in three
independently derived podocyte cultures, in agreement with
previous measurements of transcript and protein levels.39

Thus, podocytes in culture are dedifferentiated. As
interactions that are shut down during development do not
come up in cultured podocytes (Table 4 and Figure 7),
dedifferentiation of podocytes in culture represents rather a
loss of differentiation than a reversal of development. This
finding is further supported by PCA (Figure 4), by regression
analysis of gene expression (Supplementary Figures S4 and S5
online), and by analysis of the most differentially expressed

genes (Supplementary Table S4 online). It is important to
note that differential interactome analysis provides immedi-
ate insight into biological mechanisms by identifying
differentially regulated pairs and clusters of PPIs (see
Figures 5 and 6). In contrast, if the most differentially
regulated genes are mapped on XPodNet and GlobalNet
(Supplementary Figure S6 online), none of the most
differentially expressed genes code for pairs of interacting
proteins (except for the Nphs1/Nphs2 pair). This clearly
demonstrates the power of our approach.

It has been suggested for endocrine and acinar pancreatic
cells, as well as for hepatocytes, that they regress into an
embryonic progenitor-like state as judged by the expression
of progenitor marker genes.40–42 Although the gene
expression pattern and the expression changes in cultured
podocytes better fit to that of the renal vesicle than E13.5
podocytes (Supplementary Figures S4 and S5 online),
cultured podocytes express neither markers of the renal
vesicle nor even earlier markers of metanephric mesenchyme
(Supplementary Figure S7 online).

Taken together, we have built podocyte PPI networks and
demonstrate their utility in analyzing differential changes of
the podocyte interactome. The PPI networks (PodNet,
XPodNet, and GlobalNet) and the software for differential
interactome analysis (ExprEssence)7 are implemented in
Cytoscape, an open source platform.20 Podocyte PPI
networks and differential interactome analysis will become
indispensable tools for the interpretation of the steadily
increasing number of podocyte expression data. The public
availability of our tools and podocyte PPI networks
(www.PodNet.de and WikiPathways) ensures broad and
immediate access by the research community.

MATERIALS AND METHODS
Generation of PPI networks
To set up PodNet, we examined the podocyte-related literature for
the period from 1 January 2000 to 1 January 2011 by hand for
reliable information on PPIs (co-immunoprecipitation and pull-
down), as well as for gene/protein expression (in situ hybridization,
immunofluorescence, immunohistochemistry, and immunoelectron
microscopy) in the podocyte (for details, see Supplementary
Methods online). Interactions from both human and mouse were
considered to obtain a more comprehensive network, as restriction
to PPIs directly proven to occur in mice results in a sparse PPI
network, and as differences between mouse and human interactions
are limited to a negligible number of proteins. Only mouse gene
identifiers were used in the network, which allowed for direct
integration of mouse gene expression data into the network
(Supplementary Data File S1 and S2 online). By using the STRING
database,19 we expanded PodNet to build XPodNet by adding nodes
that interact with the nodes of PodNet and by adding interactions
between all nodes. As a network without podocyte bias, we built
GlobalNet featuring all mouse interactions from STRING (see
Supplementary Methods online). In general, only interactions
described as experimentally verified were taken from STRING.
Enrichment of Gene Ontology terms was determined with the help
of BiNGO plugin (version 2.44; http://apps.cytoscape.org/apps/
bingo) for Cytoscape.
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Figure 7 | Scatter plots of mean log fold changes in abundance of
interaction (mean ExprEssence link score). The x axis describes
changes in abundance of interactions during podocyte development
and the y axis describes them for in vivo podocytes that are put into
culture for interactions in (a) XPodNet and (b) GlobalNet. The ellipse
contains 95% of the data points.
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Identification of a podocyte core network
To isolate a subnetwork of XPodNet that contains as many essential
nodes as possible, essential nodes and their interacting nodes were
kept, whereas all other nodes were removed. Nodes were considered
as ‘essential’ if human gene mutation, gene knockout in mice, or
gene knockdown in zebrafish is associated with a podocyte
phenotype (for example, foot process effacement). The subnetwork
containing the highest number of essential nodes was selected, and
those nodes interacting with essential nodes were deleted as long as
the subnetwork did not fall apart.

Gene expression data
We used our own and publicly available gene expression data from
Gene Expression Omnibus (GEO) based on Affymetrix Mouse
Genome 430 2.0 Array (Santa Clara, CA) and Mouse Gene 1.0 ST
Array platforms (Table 3). To extend publicly available gene
expression data of cultured podocytes, we determined the
transcriptome of our mouse podocyte cell line SVI in the same
way as described previously.14 Podocytes were grown and
differentiated according to the original protocol.17 The CEL files
were processed with JMP Genomics 4.0 software (Cary, NC), using
custom CDF files from Brainarray.org for Entrez Gene ID.
Separately for each array platform, background correction was
done using the robust multichip average method, followed by
quantile normalization as provided by JMP Genomics.

Networks of most abundant interactions
To obtain a network of the most abundant interactions in the adult
podocyte, we determined the most abundant interactions in Adult
S-Pod and Adult G-Pod (Table 3) by applying the Law of Mass
Action as described in Supplementary Methods online. For XPodNet,
we took the subnetworks of the 50 most abundant interactions for
both data sets (Supplementary Figure S1A and B online), keeping
nonabundant interactions that connected proteins of most abun-
dant interactions (gray edges). Thereafter, we built the intersection
network (Figure 3a), which encompassed 19 common interactions.
The same procedure was applied to GlobalNet, but with 75 most
abundant interactions for both networks (Supplementary Figure
S1C and D online), as for this number the intersection also yielded
19 shared most abundant interactions (Figure 3b).

PCA of gene expression data
We performed two PCA—one for each microarray platform. Input
data for PCA were the mean log-transformed, robust multichip
average background�corrected, and quantile-normalized expression
values as provided as Lsmean values by JMP Genomics’ analysis of
variance macro for each condition. The first two principal
components are visualized.

Identification of most differentially regulated interactions
For both XPodNet and GlobalNet, we used ExprEssence7 (http://
sourceforge.net/projects/expressence/) (ExprEssWeb, a browser-based
version of ExprEssence to map raw data on networks, will be avai-
lable in due time (see presentation at http://www.ibima.med.
uni-rostock.de/IBIMA/software_project/SoftwareProject.html)) for
pairwise differential analyses of (1) developing versus adult
podocytes (comparisons e, f, g, i, j, and k in Table 3) and (2)
in vivo versus cultured podocytes (comparisons a, c, and d, in
Table 3). Preprocessed (see section on Gene Expression Data)
transcriptome data sets (see Table 3) were integrated into XPodNet

and GlobalNet. ExprEssence was applied without using variance
data for the gene expression values. The link score is calculated from
the relative expression changes of each interacting protein (for details,
see Warsow et al.7). In brief, the link score increases if the expression
of both interacting proteins increases; it decreases if the expression of
both interacting proteins decreases; and it remains unchanged if the
expression of the interacting proteins changes in opposite directions.
The link score percentile thresholds were set as to give subnetworks
with the desired number of remaining interactions.

In addition, we determined the most differentially regulated
interactions in the set of the six pairwise comparisons of developing
podocytes and in the set of the three pairwise comparisons of
cultured podocytes. In each set, we ranked the interactions by their
ExprEssence link scores, normalized the ranks by the number of
links in the respective network (XPodNet or GlobalNet), and
calculated the mean ranks. The 50 most differentially regulated
interactions for both sets and both PPI networks are given in
Supplementary Table S3 online. Starting with the highest rank, the
10 most differentially regulated interactions were selected (Table 4)
for which the interaction in STRING could be verified in the
literature and for which expression in adult podocytes could be
confirmed using the Human Protein Atlas (Proteinatlas.org).
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Abstract

All processes in a living cell are organized by a complex functional network of interactions

between genes, their products and other molecules of various origin. If their concerted

actions are disturbed, this may have consequences for the cell and the organism, giving

rise to the development of diseases such as breast cancer. Several strategies have been

developed for treatment of breast cancer. One of them, neoadjuvant TFAC chemotherapy,

is used in cases where application of preoperative systemic therapy is indicated. Estimating

response to treatment allows or improves clinical decision-making and this, in turn, may be

based on a good understanding of the underlying molecular mechanisms. Ever increasing

amounts of high throughput data are available for integration into functional networks.

In this study, we applied our software tool ExprEssence to identify specific mechanisms

relevant for TFAC therapy response, thereby validating our method by recovering known

mechanisms. Furthermore, we identified a mechanism that may further explain the syn-

ergism between paclitaxel and doxorubicin in TFAC treatment: Paclitaxel may attenuate

MELK gene expression, resulting in lower levels of its target MYBL2, already associated

with doxorubicin synergism in hepatocellular carcinoma cell lines. We tested our hypothe-

sis in three breast cancer cell lines, confirming it in part. In particular, the predicted effect

on MYBL2 could be validated, and a synergistic effect of paclitaxel and doxorubicin could

be demonstrated in some cell lines.
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Introduction

For the successful treatment of breast cancer, the most common type of cancer in women worldwide,

knowledge of cancer-treatment responsiveness is most useful. Substantial progress was made in under-

standing disease mechanisms of breast cancer, but many questions are still unanswered. The rise of

genome-scale gene expression profiling allowed for identification of biomarkers that help to further sub-

categorize known groups of breast cancer, among them luminal (ER+/HER2−), HER2-enriched (HER2+)

and triple-negative (ER−/PR−/HER2−) types.

Profiling approaches were first based on the identification of single, differentially expressed genes or of

gene sets (signatures). Nowadays, research follows an integrative approach utilizing protein/gene inter-

action networks, thereby reflecting that biological processes are performed by genes/proteins/molecules

interacting with each other and not by single proteins individually. In terms of complexity, this approach

goes beyond former analysis methods, as the number of genes in the human genome is surprisingly low

(around 23,000 protein coding genes), but the number of interactions and dependencies between them

allows for a great number of processes in the cell. The work presented here also attempts to model certain

aspects of cell biology to better understand breast cancer treatment.

We use a protein/gene interaction network, into which large genome-scale datasets, assembled from more

than 200 patients from various subtypes were integrated [1]. Patient collectives of this size enable un-

precedented statistical power and robustness despite subgroup differences. We applied our previously

published ExprEssence method [2] for the identification of altered protein/gene interactions that char-

acterize the differences between the responders and non-responders to neoadjuvant TFAC therapy. We

assume these differentially regulated interactions to be related or even critical for therapy outcome. Know-

ing about the differences between responders and non-responders may help to gain more detailed insights

into both the progression of breast cancer and how it is affected by drugs, which is of high relevance

for choosing individualized cancer treatment. Besides ours, there are several network-based approaches

aiming to identify genes or proteins involved in the response to a treatment or external condition [3–5],

including the pioneering work of Ideker et al. [6]. We compare the results of our method to two such

methods, OptDis [5] and KeyPathwayMiner [7] investigating the same breast cancer dataset as the one

explored by OptDis, and find that ExprEssence generates subnetworks more directly related to disease-

and drug-related processes than both other methods.
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Materials and Methods

Microarray data and generation of the condensed network

We used breast cancer-related gene expression data from the MicroArray Quality Control (MAQC)-II

study ( [1], GSE20194). The data were generated at the MD Anderson Cancer Center (MDACC, Houston

TX, USA). In this study, transcriptome data as well as ER, PR and HER2 receptor status of 230 patients

with newly diagnosed breast cancer were acquired by fine-needle aspiration before neoadjuvant chemother-

apy with TFAC (a combination of paclitaxel (Taxol R©), 5-f luorouracil, doxorubicin (Adriamycin R©) and

cyclophosphamide). Application of TFAC has become a combinatorial standard-therapy scheme since

extension of the older FAC scheme by paclitaxel turned out to be beneficial for response [8]. The patients

were classified as responders or non-responders after tumor resection. For each gene represented on the

array, we pooled individual expression measures to obtain single expression values for all responders and

all non-responders, respectively. The same data was used by Dao et al. for the application of their Opt-

Dis method, which generates subnetworks that are most suitable for distinction between two conditions

(responder and non-responder in this case) [5]. In their study, the 230 cases were split up into a discovery

and a validation group. After applying OptDis on both sets individually, they intersected the gene sets

that made up the respective top-50 subnetworks for each group (discovery and validation). The overlap

was a set of 39 genes, denoted as O39.

We integrated the gene expression data into a functional network based on the String database, version

9.0 [9]. The network contained all human interactions scoring at least 0.85 for experimental, database

or textmining evidence channels. ExprEssence [2], a plugin for the Cytoscape platform [10], was then

applied to the network. After integration of gene expression data into a network, ExprEssence identifies

a subnetwork of those protein interactions that are most differential between the two compared states

(responders versus non-responders in this case). ExprEssence link score thresholds are adjustable by the

user and were set so that we obtained a number of genes comparable to the 39 genes from OptDis (the

O39), resulting in 40 proteins (denoted as E40).

Cell culture and treatment conditions

Breast cancer cell lines MCF-7, BT-20 and SK-BR-3 and MCF-10A cells were obtained from American

Type Culture Collection (ATCC, USA). MCF-7 and BT-20 were maintained in Dulbecco’s modified

Eagle’s medium (Invitrogen, Germany) with 10 % fetal bovine serum (PAN Biotech GmbH, Germany)

and 1 % gentamycin (Ratiopharm, Germany). SKBR3 cell line was cultured in McCoy’s 5a Medium

(ATCC, USA) supplemented with 10 % fetal bovine serum (PAN Biotech GmbH, Germany) and 1 %

gentamycin (Ratiopharm, Germany). The non-tumorigenic control cell line MCF-10A was grown in

Dulbecco’s modified Eagle’s medium Ham’s F12 without phenol red (Invitrogen, Germany) containing

10 % horse serum (PAA Laboratories GmbH, Germany), the Mammary Epithelial Cell Growth Medium

Supplement Pack (Promo Cell, Germany) including Bovine Pituitary Extract (0.004 ml/ml), Epidermal

Growth Factor (recombinant human) 10 ng/ml, Insulin (recombinant human) 5µg/ml, Hydrocortisone

0.5µg/ml and 1 % gentamycin (Ratiopharm, Germany). All cell lines were authenticated by morphology
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and growth rate and were mycoplasma free. Prior treatment, all cell lines were seeded in 6-well plates and

adapted to phenol-red-free Dulbecco’s modified Eagle’s medium (PAA Laboratories GmbH, Germany)

with 10 % charcoal stripped fetal bovine serum (PAN Biotech GmbH, Germany) for 48 h (assay medium).

Paclitaxel (T, Taxol; Ratiopharm, Germany) at a final concentration of 0.1 nM or 0.1µM, doxorubicin

hydrochloride (A, Adriamycin; Sigma, Germany) at a final concentration of 1 nM or 1µM, or both were

added to the cells for 24 or 48 h in fresh assay medium. As negative control the diluent EtOH (0.1 %)

was used in the same manner.

Western blot

After treatment with T or/and A or rather with the control substance EtOH for at least 48 h, the cells

were trypsinized, washed with PBS and lysed in ice-cold lysis buffer (Bio-Plex Cell Lysis Kit, Bio-Rad,

USA). Cells were homogenized by brief sonification at 4 ◦C and centrifuged at 8,000 g for 1 min at 4 ◦C.

Protein concentrations of supernatants were estimated by Bradford protein assay [11] so that equal

amounts (10-20µg) of total soluble protein could be separated by Criterion TGX Stain-Free precast gels

(Bio-Rad, Germany) and blotted on PVDF membranes. After SDS-PAGE, protein content per lane as

well separation quality was additionally controlled with the Criterion Stain FreeTM gel imaging system

(Bio-Rad, Germany). Protein transfer was carried out with a tank blotting system (Bio-Rad, Germany)

and then, membranes were blocked with 5 % skim milk in Tris-buffered saline (TBS) and washed five

times in TBS. For protein detection, primary antibodies (anti-rabbit anti-MYBL2: AP20207PU-N, Acris,

USA; anti-mouse anti-PCNA, sc-56, Santa Cruz, USA; anti-mouse anti–Actin, sc-47778, Santa Cruz,

USA) were incubated overnight at 4 ◦C followed by a labeling with a horseradish peroxidase (HPR)-

conjugated secondary antibody (Dako, Glostrup, Denmark) for 1 h at room temperature. Protein signals

were visualized by using SuperSignal West Femto Chemiluminescent Substrate (Pierce Biotechnology,

Rockford, USA) for detection of peroxidase activity. Band intensity was analyzed densitometrically with

the Molecular Imager ChemiDoc XRS and Image Lab 3.0.1 software (Bio-Rad, USA). Protein detection

was repeated at a minimum of three times with individually prepared cell lysates from independent

passaged cells.

MTS assay

Cells seeded in 96-well-plates in 100µL medium were treated with indicated compounds. After 48 h incu-

bation at 37 ◦C in a 5 % CO2 atmosphere, cells were assayed with 10µL MTS [3-(4,5 dimethylthiazol-2-yl)-

5-(3-carboxymethoxyphenyl)-2-(4-sulfophenyl)-2H-tetrazolium] solution (Promega Corp., Madison, WI)

for 1 h at 37 ◦C. The vehicle EtOH (0.1 %) was used in the same manner to serve as control. Colorimetric

changes were measured at 492 nm and correction for background absorbance was done by measuring

the absorbance of the compounds and MTS solution without the cells. Raw data were transferred to

Microsoft Excel for analysis.
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Live-Dead Assay

Live-Dead Assay was carried out following manufacture’s instructions (PromoCell GmbH, Heidelberg,

Germany). After treatment with the indicated compounds cells were washed with phosphate buffered

saline to remove serum esterase activity and then treated with 200µL of Calcein AM/Ethidium homodimer-

lll (EthD-lll) standard working solution. Cells were incubated at 37 ◦C for 1 h (Promo cell GmbH, Heidel-

berg, Germany). The percentage of stained live and dead cells was measured by a fluorescence multiplate

reader (Tecan R©M200, GmbH, Austria) at appropriate wavelengths; Calcein AM (Ex/Em ∼495/∼515

nm), EthD-lll (Ex/Em ∼530/∼635 nm). The relative reference to the cell number was ensured by a

simultaneous Hoechst staining. All obtained values were normalized with respect to the cell number.

Cell cycle measurement for proliferation analysis

To determine proliferation, cell cycle analysis was performed by flow cytometry [12]. The software FlowJo

version 10.0.5 (Tree Star Inc., USA) was used to acquire data. A minimum of 15,000 ungated events

were recorded. Double and clumps were excluded by gating on the DNA pulse width versus pulse area

displays. For statistical analysis, the S-phase and G2/M-phase cells were defined as proliferative cells.

Results and Discussion

After integration of differential gene expression data of responders and non-responders into the STRING-

based functional network, we applied ExprEssence as described in Materials and Methods in order to

extract a condensed network of most strongly up- or downregulated interactions comparing responders

to non-responders with respect to TFAC therapy. The resulting 40 proteins (denoted as E40) and their

interactions are shown in the ExprEssence-condensed network in Figure 1. All interactions except one

(KRT16–KRT7) are differentially regulated in a statistically significant way with Benjamini-Hochberg

adjusted P-values below 0.05 for the two-tailed t-test.

We conducted an Ingenuity R© IPA Functional Enrichment Analysis (using the Ingenuity database as

of 01/21/2013) on our E40 proteins and the OptDis O39 proteins. In contrast to O39, our E40 gene

set does not just feature tumor/cancer, apoptosis and cell cycle among the top enriched terms, but also

many breast cancer terms, among them proliferation or cell cycle progression of breast cancer cell lines

(Table 1). Therefore, compared to the O39 set, our E40 gene is more specific with respect to the biological

mechanisms that distinguish responders from non-responders with regard to breast cancer treatment with

TFAC.

The ExprEssence-condensed network

Liedtke et al. [13] report that triple-negative breast cancer is responding better to neoadjuvant chemother-

apy compared to other types, especially ER-positive breast cancer. Thus, we expect a large proportion of

TFAC responders to feature low expression of the ER receptor. This indeed reflects our results (Figure 1)
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Enriched Functional Terms
E40 Genes O39 Genes

Carcinoma Transactivation
Cell cycle progression Cell movement
Chromosomal congression of chromosomes Cell cycle progression
Cancer Migration of cells
Carcinoma in breast Proliferation of tumor cell lines
Breast cancer Apoptosis of tumor cell lines
Digestive organ tumor Proliferation of connective tissue cells
Proliferation of cells Proliferation of cells
Proliferation of tumor cells Necrosis
Plaque psoriasis Hypoplasia
Cell movement Proliferation of epithelial cells
Proliferation of breast cancer cell lines Transcription
Amenorrhea Cell death of tumor cell lines
Cell cycle progression of tumor cell lines Differentiation of cells
Proliferation of cancer cells Organismal death
Hyperplasia Cell survival
Mitosis Synthesis of DNA
Skin development Transcription of RNA
Development of epidermis Cell viability
Cell cycle progression of breast cancer cell lines Binding of DNA
Cell viability of endometrial cells Quantity of cells
Cloning of fibroblast cell lines Development of carcinoma
Infanticide Proliferation of fibroblasts
Mammary gland development Development of tumor
Carcinoma in situ Morphology of embryonic tissue

Tab. 1. The top 25 terms of Ingenuity Functional Enrichment Analysis for 40 genes found by
ExprEssence (E40) and 39 genes found by OptDis (O39). Breast cancer related terms are written italic.
Supp.Tab. 1 and 2 contain also P-values and the lists of the genes associated with the terms.

showing lower ESR1 (as well as AR and PGR) expression in the group of responders compared to non-

responders. More generally, in our condensed network, these genes and their interactions describe some

of the major differences between responders and non-responders. They build up parts of the subnetwork

boxed in green, which contains interactions that are downregulated most strongly in responders compared

to non-responders. In particular, this subnetwork includes the mutual stimulation between GATA3 and

ESR1. This interaction has been hypothesized by Eeckhoute et al. [14] to promote breast cancer pro-

gression via a positive cross-regulatory loop. Despite its cancer promoting role, expression of GATA3

is indicative for good general prognosis [15], as it is strongly correlated with ESR1 expression [16] and

such cancer cells can be treated with high rates of success with hormone therapy. Since TFAC therapy

performs poorly in ER-positive breast cancer [13], however, the mutual stimulation between GATA3 and

ESR1 implies that low GATA3 expression is in fact indicative for good response under the TFAC regimen.

In summary, we successfully identified the downregulated interaction between GATA3 and ESR1 to be

beneficial for good TFAC response, even though prognosis is worse in general for triple-negative breast

cancer compared to hormone therapy-treatable receptor positive breast cancers.
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KIFC1MID1

CCND1

CENPE

KIF20A

CDCA8 CENPN

HJURP KIF18A

NDC80

CDC20

MELK

MYBL2SERPINA3

TFF3

SERPINA6

SERPINA5

TFF1
S100A1 S100A7

GATA3

ZEB1

FOXA1

PGR

ESR1

AR

LYPD3

KRT16KRT17

AGR2

MYB

KRT15

RUVBL2

GFRA1IRS1CPB1SERPINH1 PLATKRT7 COL1A2

Fig. 1. ExprEssence-condensed network describing the 16 most and 16 least active interactions
between 40 proteins (E40). For each protein, its mean expression level is visualized for non-responders
(left) and responders (right) by color (green for low, white for intermediate, red for high expression).
Interactions between proteins are represented by a line between the proteins. Stimulations are indicated
by an arrow on the target, inhibitions by a t-bar. The up- (red) and down-regulation (green) of
interactions are also color-coded. Full gene names can be found in Table 3.

Another protein in the subnetwork boxed in green, the pioneer transcription factor FOXA1, opens the

chromatin and allows estrogen and anti-estrogens to bind the DNA [17]. FOXA1 expression is a signal

for proliferation of ER-positive breast cancer and an indicator for good outcome of hormone therapy,

as are ESR1 and GATA3 [18]. However, with our data, response to neoadjuvant TFAC treatment was

examined. Since patients did not receive anti-estrogens, the proliferative effect of FOXA1 that mediates

estrogen binding [19] implies that downregulation of the interaction between FOXA1 and ESR1 indicates

good response under TFAC therapy. Lower FOXA1 gene expression has also been correlated with lower

TFF1 protein levels and prevention of hormone-induced reentry into the cell cycle [20]. Further, the lower

activity of the interaction between TFF1 and TFF3 in responders matches the hypothesis that high levels

of the Trefoil factors promote both tumor growth and migration [21, 22]. Therefore, the downregulation

of the interaction path FOXA1–TFF1–TFF3 indicates good response under TFAC therapy.

The subnetwork boxed in red in Figure 1 contains exclusively interactions between genes associated

with cell cycle and mitosis. In contrast to the subnetwork boxed in green that we discussed above, all

these interactions are more active in responders than in non-responders. Cells of responders are thus

mitotically more active than non-responder cells, allowing the mitotic spindle poison paclitaxel to have
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a stronger therapeutical effect [23].

Furthermore, we observed an upregulation of the interactions KRT7–KRT16 and KRT15–KRT17 in

responders, where only the former is differentially regulated in a statistically significant way. We found

no consistent biological interpretation for this observation.

The upregulation of SERPINH1 (also known as HSP47) may contribute to a good treatment response

by its stimulating effect on procollagen secretion [24,25], which evokes a protective barrier around cancer-

ous cells. Before cancer cells can migrate to distant sites, this obstacle has to be overcome and therefore

the ability to metastasize is decreased in case of collagen secreting cells [26]. Some other serpins are also

differentially regulated, but their relevance for breast cancer therapy is unclear.

In addition, we observe an upregulation of S100A1 and S100A7 in responders. Both genes belong

to the S100 gene family, which is implicated in breast cancer and melanoma, metastasis, Alzheimer’s

disease, cardiomyopathy and other diseases. S100A7 was found to be expressed in high-grade ductal

carcinoma in situ (DCIS), a key stage to invasive breast cancer [27]. S100A7 is associated with poor

prognostic markers in DCIS and influences progression of breast carcinoma through its interaction with

the c-Jun activation domain-binding protein 1 (Jab1) [28], thereby enhancing survival under conditions

of cellular stress, such as anoikis [29]. Its downregulation was also shown to inhibit EGF-induced cell

migration and invasion in ER-negative MDA-MB-468 cells [30, 31]. Some recent studies, however, also

identified tumor-suppressive effects of S100A7 in ER-positive breast cancer cells [32,33]. High expression

of S100A1, as observed among the group of responders, leads to significant reduction of motility and

invasion rates in cells expressing also high levels of metastasis-promoting S100A4 [34]. This observation

suggests an antagonistic role of S100A1 against S100A4-mediated metastasis [35]. However, it remains

unclear whether S100A1 also counteracts tumorigenic effects mediated by S100A7.

Another protein known to be involved in breast cancer tumorigenesis [36], IRS1, interacts with

GFRA1. This interaction is part of a RET oncogene related pathway, which mediates IRS1 activation

through GFRA-signalling proteins [37]. The lower activity of this growth-related oncogenetic pathway

and lower IRS1 levels in responders may slow down breast cancer progression.

In concordance with high expression levels of AGR2 being associated with decreased survival [38],

we also observe lower amounts of AGR2 in responders. The interaction between AGR2 and LYPD3 was

considered a ”viable target for oestrogen-responsive breast cancer intervention” by Fletcher et al. [39].

Moreover, according to Maslon et al. [40], RUVBL2 is ”overproduced in a panel of primary breast cancer

biopsy specimens” and a validiated interactor of AGR2. Thus, we suggest that RUVBL2, AGR2 and

LYPD3 are forming a module whose downregulation is beneficial and indicative of good prognosis in case

of TFAC therapy. The interaction between PLAT and CPB1 is downregulated in responders, but we

have no indication of its role based on the literature.

Finally, we identified the stimulation of MYBL2 by MELK to be upregulated in responders. At first

glance, this finding is contradictory to the general association of high MYBL2 and MELK expression levels

with aggressive tumor growth and poor outcome in breast cancer and other tumors [41–43]. Moreover,

the proto-oncogene MYBL2 is known to allow cells to override growth inhibitory signals and is essential

for S-phase entry [44–46]. However, the BioGraph Database [47] and the Comparative Toxicogenomics

Database (CTD, [48]) suggest that MELK is related to susceptibility to TFAC therapy. Both databases
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refer to analyses performed by Hess et al., where MELK has been observed to be significantly upregulated

in responders to TFAC therapy [49], although no direct effects of paclitaxel on MELK were reported

there. MELK is known to stimulate MYBL2 based on observations by Nakano et al., who found a

downregulation of MYBL2 to be induced by MELK knockdown [50]. Thus, we decided to investigate

the underlying stimulation, and its possible inhibition by paclitaxel, in more depth. In the literature we

found indications that paclitaxel inhibits MELK via E2F transcription factors, and that MELK stimulates

MYBL2 via ZPR9, implying that paclitaxel inhibits MYBL2 indirectly via MELK.

More specifically, paclitaxel has been shown to induce the cyclin inhibitor p21WAF1 in MCF-7 breast

cancer cells [51], which leads to lower Cdk2 activity [52], resulting in less phosphorylation of the pocket

proteins p107/p130 and persistent association of E2F transcription factors with p107/p130 [53]. Verlinden

et al. found the MELK gene to carry E2F responsive elements in its promoter region [54]. Hence,

paclitaxel-induced complexation of E2F transcription factors could lead to a downregulation of MELK

gene expression. This could trigger less MYBL2 expression, since MELK has been shown to phosphorylate

the zinc-finger-like protein ZPR9 [55], which, in turn enhances transcriptional activity of MYBL2 [50,56].

Moreover, Nakano et al. suggested that both ZPR9 and MYBL2 are transcriptionally regulated by

MELK [50]. (Since ZPR9 is not represented in the data we used, it could not become a member of our

E40 network.)

According to Calvisi et al. [57], low expression of MYBL2 is beneficial for chemotherapy response.

More specifically, Calvisi et al. investigated hepatocellular carcinoma (HCC) cell lines with wildtype

and mutated p53 and found MYBL2-inhibited HCC cells to be associated with reduced proliferation,

increased DNA damage, and induction of apoptosis irrespective of p53 status. A p53 mutant status was

correlated with higher levels of MYBL2 and advanced tumor stage of human breast cancer [58]. However,

especially HCC cells with mutated p53, which are not able to arrest in the G1 phase and therefore enter

into mitosis with DNA heavily damaged by doxorubicin, show higher rates of apoptosis than p53 wildtype

HCC cells. Therefore, Calvisi et al. concluded that MYBL2 inhibition could represent a valuable adjuvant

for doxorubicin treatment against human hepatocellular carcinoma especially with mutated p53.

Taken together, paclitaxel may play an important role as a co-player of doxorubicin by repressing

MELK expression, which in turn attenuates MYBL2 expression and hence allows for more efficient effects

of doxorubicin. We will investigate this aspect in more detail in the section on MELK and MYBL2 as

targets for TFAC therapy.

General patterns in the ExprEssence-condensed network

In summary, with respect to up- and downregulated links in the ExprEssence-condensed network, we

observe that links that are upregulated in responders can be divided into two classes. The first class sup-

ports tumorsuppressive processes (indicating good prognosis irrespective of treatment, e.g. the protective

collagen barrier built with the help of SERPINH1). The other class supports pro-oncogenic processes

(e.g. cell cycle/mitosis related links). In this study, for all cases of the latter type, the process itself or

at least one of the proteins involved in it is known as a target of TFAC. In turn, non-responders do not

feature these specific targets for chemotherapy and therefore cannot benefit from the therapy as much.
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Therefore, we suppose that upregulated pro-oncogenic processes are targets for therapy and hence a basis

for TFAC response.

Downregulated links, on the other hand, cannot be associated closely to response to TFAC. Instead,

if the downregulated links were upregulated, they would generally indicate worse response. Moreover,

we observe that the subnetwork of downregulated links renders a collection of targets for other kinds of

therapies. In particular, targets of anti-hormone therapy (e.g. ESR1 and AR) are part of the subnetwork

boxed in green.

Summing up, we could show that, by utilizing an interaction network and gene expression data con-

trasting responders with non-responders of TFAC chemotherapy, ExprEssence yielded a subnetwork that

can be incorporated into the cancer-related body of knowledge and, in addition, gives rise to new hy-

potheses with regard to the mechanistic workings of TFAC. One of these mechanisms will be investigated

further in the following section.

MELK and MYBL2 as targets for TFAC therapy

MELK is expressed in several developing tissues, but it is also found in breast tumor-initiating cells, and

is required for mammary tumor growth in vivo [59]. In our analysis (Figure 1), the stimulation of MYBL2

by MELK is upregulated in responders, despite high MYBL2 and MELK levels being associated with

poor prognosis [41,42]. Therefore, we investigated this interaction in more detail using breast cancer cell

lines. Our hypothesis was that paclitaxel (abbreviated by T for its trade name Taxol R©) inhibits MELK

gene expression, which leads to lower expression of MYBL2, suggesting that T may act as a co-player of

doxorubicin (abbreviated by A for its trade name Adriamycin R©) [57].

Probably due to very low levels of MELK protein in the breast cancer cell lines used in this study,

we were not able to detect MELK using immunofluorescence and western blotting (Figure 2). This

reflects that primarily tumor-initiating cells or stroma cells, which are not represented by the used cell

cultures, express MELK [59]. Accordingly, MELK gene expression of the specimens investigated in

this study indicates that they originate from freshly diagnosed breast cancer tissue which may, besides

breast cancer cells, contain also tumor-initiating and stoma cells. In contrast, we observed high levels of

MYBL2 especially in the breast cancer cell lines (Figures 2,3) and a decrease of MYBL2 protein levels

after application of T and A both individually and in combination could be verified by Western blotting,

as follows.

Four different cell line types were chosen to compare effects imputed to breast cancer subtype (Table 2).

As a non-tumorigenic/normal breast-like control the cell line MCF-10A was selected. The cell line MCF-

7 represents the most prevalent and most common breast cancer subtype (luminal, estrogen receptor

(ER) and progesterone receptor (PR) positive). The highly invasive cell line BT-20 was used as a model

for the triple negative type because neither ER, PR nor human epidermal growth factor receptor 2

(HER2) expressions is observed in BT-20. As HER2 positive cell type the cell line SKBR3 was used.

Prior treatment with chemotherapeutic agents, all cells were adapted to phenol red free medium with

charcoal treated serum to avoid cross stimulation with endogenous hormones like 17β-estradiol. Final

concentrations of paclitaxel and doxorubicin were selected on the basis of published IC50 values for both
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substances [60].

For our experimental setup, we tested paclitaxel alone for 48 h (T), doxorubicin alone for 48 h (A),

a combination (T + A) (48 h) and successive treatment so that paclitaxel was first given for 24 h and

thereafter doxorubicin was added (T (24 h), A (24 h)). These various treatment combinations showed

the direct influence of the single agents and also the combined effects on the protein expression level of

MYBL2. In the left panel of Figure 3(a), the protein expression level of MYBL2 in the non-tumorigenic

cell line MCF-10A after treatment with chemotherapeutic agents in comparison with vehicle control is

given. The representative blot as well as the densitometric statistics of the three individual replicates

shows that MYBL2 is expressed with no significant alterations in the non-tumorigenic cell line MCF-10A

after treatment with the chemotherapeutics. As a marker for proliferative behavior, the Proliferating

Cell Nuclear Antigen, commonly known as PCNA, was detected on the same blots. PCNA expression

was significantly reduced after treatment with T and A alone as well as with the combined treatments.

Only the lowest concentrations (0.1 nM T + 1 nM A) caused no proliferative alterations in comparison

with control. This result reflects the strong inhibitory effect of T and A on proliferation of dividing

cell populations by either stabilizing microtubules or by intercalating DNA. As loading control, the

counter labeling with β-actin as a housekeeping protein and also the stain-free imaging of the SDS-PAGE

separations for visual monitoring of the loaded total protein contents were utilized.

The first observation we gained from the western blotting experiments of the breast cancer cell lines

(MCF-7, BT-20, SKBR3) was that these displayed significantly stronger expression levels of MYBL2

in the untreated state compared to the non-tumorigenic control (MCF-10A). On each blot, 10µg total

soluble protein was transferred, making the expression levels of the cell lines comparable. The high

expression levels of MYBL2 in the cancer cell lines render them as potential targets for treatment with

the chemotherapeutic agents. In contrast to the non-tumorigenic cell line, MYBL2 expression levels of

the breast cancer cell lines showed a distinct response to treatment with the chemotherapeutic agents

(Figure 3). For MCF-7, a significant reduction of MYBL2 expression (by ∼80 %) after treatment with

the simultaneously given agents (T + A (48 h)) was observed. Furthermore, the exposure to 1µM

A alone revealed a significant reduction of MYBL2 expression. The triple negative breast cancer cell

line, BT-20, and the HER2 positive one, SKBR3, displayed a strong response after the simultaneous

treatment with both chemotherapeutics (Figure 3(b)). The expression levels of MYBL2 in BT-20 cells

decreased up to approximately 80 %. For SKBR3 cells, a reduction of 95 % for MYBL2 protein was

reached. But in contrast to MCF-7, the single agents also influenced the protein contents of BT-20

and SKBR3. BT-20 cells showed a strong downregulation of MYBL2 protein after 0.1µM T or 1µM A

exposure, similar to their combined application. The successive exposure with chemotherapeutic agents

did not further enhance the protein repression in BT-20 cells. The influence on SKBR3 cells turned out

to be somewhat different. Although the single chemotherapeutics paclitaxel and doxorubicin decreased

MYBL2 expression significantly, the highest downregulation was reached after combined or successive

treatment. In conclusion, the combined exposure of paclitaxel and doxorubicin (T + A (48 h)) revealed

the strongest response on MYBL2 repression in the breast cancer cell lines (MCF-7, BT-20, SKBR3) while

non-tumorigenic control cells (MCF-10A) were not affected. All three tested breast cancer cell lines were

sensitive for the combined treatment of both chemotherapeutic adjuvants, as reflected by decreased PCNA
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expression, except for the lowest treatment conditions in MCF-7 cells. However, SKBR3 and not BT-20

cells showed the most sensitive response to the combined chemotherapeutic treatment with paclitaxel

and doxorubicin in concordance with repression of MYBL2 contents. Therefore, further investigations

should be performed on MYBL2 as a marker for TFAC chemotherapy response in breast cancer cells, in

particular in HER2-positive cells.

Currently, TFAC therapy is preferably used for triple-negative breast tumors [13]. Therefore, we

also analyzed the cytotoxic potential of the combined treatment of paclitaxel (T) and doxorubicin (A)

in the triple-negative cell line BT-20 in comparison to the non-tumorigenic control (MCF-10A) (Supp.

Figure 1). Towards this end, we decided to use three independent cytotoxic measurement methods (MTS

assay, Live-Dead-assay and cell cycle measurements for proliferation and apoptosis determination). The

MTS assay reflects the influence on the metabolic viability of the cells, while the live-dead-test directly

provides information about the induction of apoptosis. Viability was significantly lowered after treatment

with A alone and in combination with T in both cell lines (Fig. 3A). In contrast, the live-dead staining

revealed a significant higher level of apoptotic BT-20 cells after exposure to 1µM A and the combined

treatment with T (Supp. Figure 1 B,D).

Finally, we analyzed the cell cycle phases by flow cytometry since paclitaxel stabilizes microtubules

and induces a G2-phase arrest. As expected, T alone induced an arrest in the G2-phase, leading to higher

proliferation rates (G2/M + S phase) in both cell lines. Treatment with A or the combined exposure

of both agents showed a significant decrease of the proliferative phases in BT-20 cells, while MCF-10A

proliferation was stimulated. This effect on MCF-10A cells is not unusual, since, in an epithelial tissue,

apoptosis is often compensated for by increased proliferation rates to maintain the tissue structure. These

three cytotoxic assays confirm the postulated effects of T and A on the BT-20 cell line, a representative

of the triple-negative breast cancer subtype. Furthermore, these results validate the MYBL2 western

blotting experiments, demonstrating that the combined exposure to T and A leads to the strongest

effects.

We can conclude that high expression levels of MYBL2 are associated with response to TFAC treat-

ment, which should be verified in further experiments by the investigation of human tissue material. The

results of the bioinformatics analysis are consistent with cell biological results concerning the downreg-

ulation of MYBL2 protein induced by TFAC treatment, rendering MYBL2 as a potential breast cancer

marker for a successful TFAC therapy.

Conclusions

We have applied ExprEssence, a software tool for extraction of condition-related interactions from a

functional interaction network, to preoperative breast cancer chemotherapy response. We identified in-

teractions that were already known to be related to TFAC therapy response. Further, we proposed a

putative response-related mechanism via MELK and MYBL2 which has not been taken into account yet

for assessment of chances of response. We performed experiments with cell lines representing various

breast cancer subtypes to test our hypothesis that paclitaxel acts synergistically with doxorubicin via

suppression of MELK, which in turn attenuates MYBL2 gene expression, known to be advantageous for
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Subtype Markers Prevalence Cell line

Luminal ER+ and/or PR+, HER2−, low
Ki67

42-59 % MCF-7

Triple negative ER−, PR−, HER2−, cytokeratin
5/6+

14-20 % BT-20

HER2+ ER−, PR−, HER2+ 7-12 % SKBR3

Non-tumorigenic/basal-like/
normal breast-like

ER+/− and/or PR+/−, HER2−, —— MCF-10A

Tab. 2. Selected breast cancer subtypes with their most common marker profile, their overall
prevalence and a representative human cell line with these molecular features. This table was compiled
from different sources [61–64]. ER: Estrogen receptor; PR: Progesterone receptor; HER2: human
epidermal growth factor receptor 2; +: positive; -: negative.

TFAC response. Though, probably due to low amounts, we were not able to detect MELK protein, we

could demonstrate attenuated MYBL2 protein levels in TFAC treated cells and a synergism of paclitaxel

and doxorubicin.

Our method relies on a network of gene/protein interactions onto which gene expression data is mapped.

A disadvantage of starting with a known network is that we are not able to discover novel interactions and

hence false negatives may arise. Also, gene expression data may not reflect post-translational modifica-

tions such as phosphorylations. Nevertheless, we can generate valuable hypotheses based on highlighting

some interactions as particularly relevant. These may be false positives, since network interactions are

context-dependent events, and gene expression data may give false evidence in cases where changes of

gene expression are irrelevant. Thus, the highlighted interactions we found may not give a complete

picture, and they need to be validated experimentally.
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Fig. 2. Expression levels of MELK and MYBL2 protein in the non-tumorigenic cell line
MCF-10A in contrast to the breast cancer cell lines MCF-7, BT-20 and SKBR3 detected
by immunofluorescence. Note that MELK proteins levels were below detection threshold
while MYBL2 protein was abundant in all cell lines. The strongest MYBL2 signal was
reached in the cell line SKBR3. MELK and MYBL2 protein: green; cell nuclei: blue.
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(a) Non-tumorigenic cell line MCF-10A and the breast cancer
cell line MCF-7.

(b) Estrogen receptor negative breast cancer cell line BT-
20 and the HER2 positive breast cancer cell line SKBR3.

Fig. 3. Expression analysis of MYBL2 protein after treatment with paclitaxel (Taxol, T) and
doxorubicin (Adriamycin, A) in several cell lines by Western blotting. Single treatment with T or A for
48 h (T (48 h); A (48 h)), combined treatment for 48 h (T + A (48 h)) or successive treatment for each
for 24 h (T (24 h), A (24 h) was applied. Quantification of western blotting results was carried out with
individual passaged cells for at least three times. Representative western blots were displayed on the
top the graphs. Proliferative alterations were detected against Proliferating Cell Nuclear Antigen
(PCNA). Loading controls were labeling of the house keeping protein β-actin and stain-free imaging of
the SDS-PAGEs prior blotting procedure. Mean ± SD values (n = 3). ∗ : p < 0.05; ∗∗ : p < 0.01;
∗ ∗ ∗ : p < 0.001 as compared to control treatment (unpaired t test).
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Fig. 4. Cytotoxic activity on non-tumorigenic control cell line
MCF-10A (black bar) and triple negative breast cancer cell line BT-20
(grey bar) after treatment with paclitaxel (P) and doxorubicin (D) was
calculated by three individual assays: MTS (A), Live-Dead (B, D) and
Cell cycle analysis (C). In each measurement the control treatment with
0.1 % EtOH was set to 100 % to validate the results after exposure to the
compounds. All measurements were repeated at a minimum of three
replicates. Fluorescence pictures of live (green) and dead (red) stained
cells were taken with a fluorescence microscope (Axio Scope. A1, Carl
Zeiss, Germany). Mean ± SD values (n = 3). ∗ : p < 0.05; ∗∗ : p < 0.01;
∗ ∗ ∗ : p < 0.001 as compared to control treatment (unpaired t test).
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Supplement

Supp. Figure 1. Cytotoxic activity on non-tumorigenic control cell
line MCF-10A (black bar) and triple negative breast cancer cell line
BT-20 (grey bar) after treatment with paclitaxel (T) and doxorubicin
(A) was calculated by three individual assays: MTS (A), Live-Dead (B,
D) and Cell cycle analysis (C). In each measurement the control
treatment with 0.1 % EtOH was set to 100 % to validate the results after
exposure to the compounds. All measurements were repeated at a
minimum of three replicates. Fluorescence pictures of live (green) and
dead (red) stained cells were taken with a fluorescence microscope (Axio
Scope. A1, Carl Zeiss, Germany). Mean ± SD values (n = 3).
∗ : p < 0.05; ∗∗ : p < 0.01; ∗ ∗ ∗ : p < 0.001 as compared to control
treatment (unpaired t test).

Functions Annotation P-value Molecules

Carcinoma 2.00E-07 AGR2, AR, CCND1, CDC20, CDCA8, COL1A2, ESR1, FOXA1,

GATA3, GFRA1, IRS1, KIF20A, KIFC1, KRT16, KRT7, MELK,

MYB, MYBL2, PGR, PLAT, S100A1, SERPINA3, SERPINA5,

SERPINA6, TFF1, TFF3, ZEB1

Cell cycle progression 2.00E-07 AR, CCND1, CDC20, CDCA8, CENPE, ESR1, FOXA1, GATA3,

HJURP, IRS1, KIFC1, MELK, MYB, MYBL2, NDC80, PGR,

SERPINA5, ZEB1

Chromosomal congression of chromo-

somes

1.58E-06 CENPE, KIF18A, KIFC1, NDC80

Cancer 1.58E-06 AGR2, AR, CCND1, CDC20, CDCA8, COL1A2, ESR1, FOXA1,

GATA3, GFRA1, IRS1, KIF20A, KIFC1, KRT15, KRT16,

KRT17, KRT7, MELK, MYB, MYBL2, NDC80, PGR, PLAT,

S100A1, SERPINA3, SERPINA5, SERPINA6, TFF1, TFF3,

ZEB1

Carcinoma in breast 1.58E-06 AGR2, AR, CCND1, COL1A2, ESR1, GATA3, GFRA1, MYBL2,

PGR, SERPINA5, TFF1

Breast cancer 1.58E-06 AGR2, AR, CCND1, CDC20, COL1A2, ESR1, FOXA1, GATA3,

GFRA1, KRT15, KRT17, MYB, MYBL2, PGR, SERPINA5,

TFF1

Digestive organ tumor 1.89E-05 AR, CCND1, CDC20, CDCA8, COL1A2, ESR1, FOXA1, IRS1,

KIF20A, KIFC1, KRT7, MELK, MYB, PGR, PLAT, SERPINA3,

SERPINA6, TFF1, TFF3

Proliferation of cells 3.49E-05 AGR2, AR, CCND1, CDC20, CDCA8, COL1A2, ESR1, FOXA1,

GATA3, GFRA1, IRS1, KIF20A, KRT16, KRT17, MELK, MYB,

MYBL2, PGR, PLAT, S100A1, S100A7, SERPINA5, SERPINH1,

TFF1, TFF3, ZEB1

Proliferation of tumor cells 6.25E-05 AR, CCND1, ESR1, GFRA1, IRS1, MYB, MYBL2, PLAT,

S100A7, TFF3

Plaque psoriasis 6.25E-05 CCND1, GATA3, KRT15, KRT16, KRT17, S100A7

Continued on next page
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Supp. Table 1 – continued from previous page

Functions Annotation P-value Molecules

Cell movement 7.72E-05 AGR2, AR, CCND1, ESR1, FOXA1, GATA3, GFRA1, IRS1,

KRT16, LYPD3, MYB, PLAT, S100A1, S100A7, SERPINA3,

SERPINA5, TFF1, TFF3, ZEB1

Proliferation of breast cancer cell lines 1.00E-04 AR, CCND1, ESR1, IRS1, MYB, PGR, S100A1, S100A7, ZEB1

Amenorrhea 2.46E-04 AR, PGR, SERPINA6

Cell cycle progression of tumor cell lines 2.65E-04 AR, CCND1, ESR1, FOXA1, MELK, PGR, ZEB1

Proliferation of cancer cells 2.98E-04 ESR1, GFRA1, IRS1, MYB, MYBL2, PLAT, S100A7, TFF3

Hyperplasia 3.32E-04 AR, CCND1, ESR1, GATA3, IRS1, KRT16, KRT17, MYB, PGR,

S100A7

Mitosis 3.98E-04 AR, CCND1, CDC20, CDCA8, CENPE, IRS1, KIFC1, MYBL2,

NDC80

Skin development 4.33E-04 CCND1, COL1A2, GFRA1, KRT15, KRT16, KRT17, S100A7

Development of epidermis 4.92E-04 CCND1, GFRA1, KRT15, KRT16, KRT17, S100A7

Cell cycle progression of breast cancer

cell lines

5.04E-04 CCND1, ESR1, MELK, PGR

Cell viability of endometrial cells 5.06E-04 ESR1, PGR

Cloning of fibroblast cell lines 5.06E-04 CCND1, MYBL2

Infanticide 5.06E-04 ESR1, PGR

Mammary gland development 5.09E-04 AR, CCND1, ESR1, GATA3, IRS1, PGR

Carcinoma in situ 5.09E-04 AR, ESR1, GATA3, KRT16, KRT7, TFF3

Supp. Table 1. Top 25 terms of Ingenuity Functional Enrichment Analysis for E40 gene set including
associated genes and P-values (corrected for multiple testing using BenjaminiHochberg correction).

Functions Annotation P-value Molecules

Transactivation 2.31E-12 AR, EP300, ESR1, GADD45G, GATA3, IGFBP4, MAPK3,

MDM2, MED1, MED31, NCOA3, PRKACA, RARA, RET,

SMAD3, SRC, STUB1, UBE2I, ZBTB16

Cell movement 4.89E-11 AGR2, AR, C4B (includes others), CST3, ESR1, EVL, GATA3,

GFRA1, IGF1R, IGF2, IGFBP4, IL6ST, IRS1, MAPK3, MED1,

NCOA3, PRKACA, RABEP1, RARA, RET, SEMA6A, SHC1,

SMAD3, SRC, TSC2, UBE2I, ZBTB16

Cell cycle progression 2.37E-10 AR, EP300, ESR1, GADD45G, GATA3, IGF1R, IGF2, IRS1,

MAPK3, MDM2, NCOA3, PRKACA, RARA, RET, SHC1,

SMAD3, SRC, TSC2, UBE2I, YWHAB, ZBTB16

Migration of cells 2.44E-10 AR, C4B (includes others), CST3, ESR1, EVL, GATA3,

GFRA1, IGF1R, IGF2, IGFBP4, IL6ST, IRS1, MAPK3, NCOA3,

PRKACA, RABEP1, RARA, RET, SEMA6A, SHC1, SMAD3,

SRC, TSC2, UBE2I, ZBTB16

Proliferation of tumor cell lines 1.96E-09 AR, EP300, ESR1, GADD45G, IGF1R, IGF2, IGFBP4, IL6ST,

IRS1, MAPK3, MDM2, MED1, NCOA3, PRKACA, RARA, RET,

SHC1, SMAD3, SRC, STUB1, UBE2I, ZBTB16

Continued on next page
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Supp. Table 2 – continued from previous page

Functions Annotation P-value Molecules

Apoptosis of tumor cell lines 3.95E-09 AR, EP300, ESR1, GADD45G, IGF1R, IGF2, IGFBP4, IL6ST,

MAPK3, MDM2, NCOA3, PRKACA, RARA, RET, SHC1,

SMAD3, SRC, STUB1, TSC2, ZBTB16

Proliferation of connective tissue cells 5.15E-09 AR, ESR1, IGF1R, IGF2, IGFBP4, IL6ST, IRS1, MAPK3,

MDM2, MED1, RARA, RET, SMAD3, SRC, TSC2

Proliferation of cells 5.15E-09 AGR2, AR, ASH2L, CALM1 (includes others), CST3, EP300,

ESR1, GADD45G, GATA3, GFRA1, IGF1R, IGF2, IGFBP4,

IL6ST, IRS1, MAPK3, MDM2, MED1, NCOA3, PRKACA,

RABEP1, RARA, RET, SEMA6A, SHC1, SMAD3, SRC, STUB1,

TSC2, UBE2I, ZBTB16

Necrosis 5.15E-09 AGR2, AR, CST3, EP300, ESR1, GADD45G, GATA3, GFRA1,

IGF1R, IGF2, IGFBP4, IL6ST, IRS1, MAPK3, MDM2, MED1,

NCOA3, PRKACA, RARA, RET, SHC1, SMAD3, SRC, STUB1,

TSC2, YWHAB, ZBTB16

Hypoplasia 5.77E-09 AR, ESR1, IGF1R, IGF2, IL6ST, MDM2, MED1, RARA, RET,

SHC1, SMAD3, SRC, STUB1, TSC2

Proliferation of epithelial cells 5.77E-09 AGR2, AR, EP300, ESR1, IGF1R, IGF2, IGFBP4, MED1,

RARA, RET, SMAD3, TSC2, ZBTB16

Transcription 6.11E-09 AP1G2, AR, ASH2L, EP300, ESR1, GADD45G, GATA3, IGF2,

IL6ST, MAPK3, MDM2, MED1, NCOA3, PRKACA, RARA,

RET, SHC1, SMAD3, SMAD9, SRC, STUB1, UBE2I, YWHAB,

ZBTB16

Cell death of tumor cell lines 6.78E-09 AGR2, AR, EP300, ESR1, GADD45G, IGF1R, IGF2, IGFBP4,

IL6ST, MAPK3, MDM2, NCOA3, PRKACA, RARA, RET,

SHC1, SMAD3, SRC, STUB1, TSC2, ZBTB16

Differentiation of cells 8.30E-09 AR, EP300, ESR1, GADD45G, GATA3, GFRA1, IGF1R, IGF2,

IL6ST, IRS1, MAPK3, MDM2, MED1, NCOA3, PRKACA,

RARA, RET, SHC1, SMAD3, SMAD9, SRC, TSC2, UBE2I,

ZBTB16

Organismal death 1.29E-08 AR, C4B (includes others), CST3, EP300, ESR1, GATA3, IGF1R,

IGF2, IL6ST, MAPK3, MDM2, MED1, NCOA3, PRKACA,

RARA, RET, SHC1, SMAD3, SMAD9, SRC, STUB1, TSC2

Cell survival 1.29E-08 AR, EP300, ESR1, GATA3, GFRA1, IGF1R, IGF2, IL6ST,

IRS1, MAPK3, MDM2, MED1, PRKACA, RARA, RET, SHC1,

SMAD3, SRC, TSC2, UBE2I

Synthesis of DNA 1.32E-08 AR, EP300, ESR1, IGF1R, IGF2, IGFBP4, IL6ST, IRS1, MDM2,

PRKACA, SHC1, SRC, TSC2

Transcription of RNA 2.48E-08 AR, ASH2L, EP300, ESR1, GADD45G, GATA3, IGF2, IL6ST,

MAPK3, MDM2, MED1, NCOA3, PRKACA, RARA, RET,

SHC1, SMAD3, SMAD9, SRC, STUB1, UBE2I, YWHAB,

ZBTB16

Cell viability 2.62E-08 AR, EP300, ESR1, GATA3, GFRA1, IGF1R, IGF2, IL6ST,

MAPK3, MDM2, MED1, PRKACA, RARA, RET, SHC1,

SMAD3, SRC, TSC2, UBE2I

Binding of DNA 2.80E-08 AR, CALM1 (includes others), EP300, ESR1, GATA3, IL6ST,

MAPK3, MDM2, MED1, PRKACA, RARA, SMAD3, SRC,

YWHAB

Continued on next page
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Supp. Table 2 – continued from previous page

Functions Annotation P-value Molecules

Quantity of cells 3.81E-08 AGR2, AR, C4B (includes others), EP300, ESR1, GADD45G,

GATA3, GFRA1, IGF1R, IGF2, IL6ST, IRS1, MAPK3, MDM2,

MED1, RARA, RET, SHC1, SMAD3, SRC, TSC2, ZBTB16

Development of carcinoma 3.81E-08 CST3, NCOA3, RARA, RET, SMAD3, SRC, TSC2

Proliferation of fibroblasts 4.76E-08 ESR1, IGF1R, IGF2, IGFBP4, IL6ST, MAPK3, MDM2, RARA,

SMAD3, SRC, TSC2

Development of tumor 4.76E-08 CST3, ESR1, IGF1R, IL6ST, NCOA3, RARA, RET, SMAD3,

SRC, TSC2, ZBTB16

Morphology of embryonic tissue 5.03E-08 AR, EP300, ESR1, GATA3, GFRA1, IL6ST, MDM2, PRKACA,

RARA, RET, SHC1, SMAD3, SMAD9, UBE2I

Supp. Table 2. Top 25 terms of Ingenuity Functional Enrichment Analysis for O39 gene set including
associated genes and P-values (corrected for multiple testing using BenjaminiHochberg correction).

Gene Symbol Gene Name

AGR2 anterior gradient 2 homolog (Xenopus laevis)

AR androgen receptor

CCND1 cyclin D1

CDC20 cell division cycle 20

CDCA8 cell division cycle associated 8

CENPE centromere protein E, 312kDa

CENPN centromere protein N

COL1A2 collagen, type I, alpha 2

CPB1 carboxypeptidase B1 (tissue)

ESR1 estrogen receptor 1

FOXA1 forkhead box A1

GATA3 GATA binding protein 3

GFRA1 GDNF family receptor alpha 1

HJURP Holliday junction recognition protein

IRS1 insulin receptor substrate 1

KIF18A kinesin family member 18A

KIF20A kinesin family member 20A

KIFC1 kinesin family member C1

KRT15 keratin 15

KRT16 keratin 16

KRT17 keratin 17

KRT7 keratin 7

Continued on next page
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Supp. Table 3 – continued from previous page

Gene Symbol Gene Name

LYPD3 LY6/PLAUR domain containing 3

MELK maternal embryonic leucine zipper kinase

MID1 midline 1 (Opitz/BBB syndrome)

MYB v-myb myeloblastosis viral oncogene homolog (avian)

MYBL2 v-myb myeloblastosis viral oncogene homolog (avian)-like 2

NDC80 NDC80 kinetochore complex component

PGR progesterone receptor

PLAT plasminogen activator, tissue

RUVBL2 RuvB-like 2 (E. coli)

S100A1 S100 calcium binding protein A1

S100A7 S100 calcium binding protein A7

SERPINA3 serpin peptidase inhibitor, clade A (alpha-1 antiproteinase, antitrypsin), member 3

SERPINA5 serpin peptidase inhibitor, clade A (alpha-1 antiproteinase, antitrypsin), member 5

SERPINA6 serpin peptidase inhibitor, clade A (alpha-1 antiproteinase, antitrypsin), member 6

Supp. Table 3. Full gene names for the gene symbols in Figure 1.
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7 Hintergrundinformationen zu den Berechnungen

7.1 Details zur LinkScore-Berechnung durch ExprEssence

Der von ExprEssence berechnete LinkScore schätzt die Änderung der Stärke (Häufigkeit)

einer Interaktion zweier Proteine beim Übergang von einer Bedingung in eine andere. Die

Interaktion zwischen zwei Proteinen A und B wird hier vereinfachend als bimolekulare

Elementarreaktion zwischen A und B betrachtet. Der Stoßtheorie folgend, müssen A und

B aufeinandertreffen, um miteinander in Interaktion zu treten. Die Rate r dieser Elemen-

tarreaktion, somit also die Rate der Interaktion (im Folgenden als Interaktionsstärke,

Auftretenshäufigkeit oder Aktivität bezeichnet), ist gemäß der Stoßtheorie proportional

zum Produkt der Konzentrationen der an der Reaktion teilnehmenden Moleküle:

r = k · [A] · [B], k: Stoßfaktor. (7.1)

Je ein Protein A und B werden für eine Interaktion (die Komplexbildung AB) dem Pool

der einzeln vorliegenden Proteine entnommen und diesem bei Reversibilität der Bindung

zwischen A und B nach
”
Beedingung“ der Interaktion wieder zugeführt. Es bildet sich ein

Gleichgewicht zwischen den im Komplex und in freier Form vorliegenden Proteinen aus,

das je nach Größe des Stoßfaktors - oder äquivalent - der Affinität der interagierenden

Proteine zueinander, eher auf der Seite der einzelnen Proteine oder des interagierenden

Proteinkomplexes liegt. Dieses Gleichgewicht lässt sich durch das Massenwirkungsge-

setz beschreiben, das die Proportionalität der Konzentration des Komplexes AB zum

Produkt der Konzentrationen von A und B ausdrückt:

[AB] = K · [A] · [B], K: Gleichgewichtskonstante. (7.2)

Der Stoßfaktor sowie die Gleichgewichtskonstante sind in der Regel für Interaktionen

zwischen verschiedenen Proteinen unterschiedlich.

Wie in Abschnitt 2.1 legitimiert, werden im Folgenden Genexpressionswerte direkt als

Proteinmengen interpretiert. Des Weiteren wird von nun an direkt mit den Genexpressi-

onswerten anstatt mit Konzentrationen von Proteinmengen gearbeitet. Die Unterschei-

dung ist unerheblich, da die Überführung von Proteinmengen in Konzentrationen durch

Multiplikation mit einem für alle Proteine konstanten Faktor ω umgesetzt werden kann,

was zu einem geänderten Faktor k aus Formel 7.1 führt und - wie in Formel 7.5 gezeigt
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wird - dieser Faktor für die Berechnung des LinkScores vernachlässigbar ist.

Sei [A] = ω · EA. Dann gilt (7.3)

r = k · (ω · EA) · (ω · EB)

= k · ω2 · (EA) · (EB)

= k′ · (EA) · (EB), mit

k′ = k · ω2.

Im Folgenden wird mit zur Basis 2 logarithmierten Interaktionsstärken gearbeitet. Dies

bringt den Vorteil mit sich, dass die ebenfalls log2-transformierten Genexpressionsda-

ten direkt genutzt werden können. Somit wird im weiteren Verlauf mit Summen und

Differenzen normalverteilter Variablen gearbeitet, welche wiederum normalverteilt sind.

Aus der Produktbildung der nichtlogarithmierten Expressionswerte von A und B gemäß

Formel 7.1 wird somit die Summation der logarithmierten Werte. Im Sinne des besse-

ren Verständnisses beinhalte die Bezeichnung (I) für die Interaktionsstärke bereits die

log2-Transformation. Es gilt dann:

I = ld(r) = ld(k′ · (EA) · (EB)) (7.4)

= ld(k′) + ld(EA) + ld(EB)

= ld(k′) + EA + EB,

wobei ld(·) den Logarithmus zur Basis 2 beschreibe und EA und EB die zur Basis 2

logarithmierten Genexpressionswerte der Proteine A und B seien.

Der LinkScore ist ein Maß für die Änderung der Interaktionsstärke beim Übergang

von einer Bedingung in eine andere. Er berechnet sich als die Differenz der Interak-

tionsstärken zwischen der ersten und der zweiten Bedingung:

LS1→2 = I2 − I1 (7.5)

= (ld(k′) + EA
2 + EB

2 )− (ld(k′) + EA
1 + EB

1 )

= (EA
2 + EB

2 )− (EA
1 + EB

1 ),

wobei 1 → 2 den Vergleich von der ersten zu der zweiten Bedingung beschreibe. Wie

zu erkennen ist, entfallen die Summanden ld(k′) bei Bildung der Differenz. Mit diesem

Wissen kann die Berechnung der Interaktionsstärke aus Formel 7.4 wie folgt vereinfacht

werden:

I = EA + EB. (7.6)
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Die LinkScores sind direkt interpretierbar: Ein LinkScore von +1 entspricht einer Ver-

dopplung, ein Wert von +2 einer Vervierfachung etc. der Interaktionsstärke von der

ersten zur zweiten Bedingung. Entsprechend beschreibt -1 die Halbierung und -2 die

Reduktion der Interaktionsstärke auf ein Viertel.

Nachdem die LinkScore-Berechnung für zwei physisch interagierende Proteine hergeleitet

wurde, sollen nun auch genregulative Interaktionen (Stimulation, Inhibition) betrachtet

werden. Hier übt ein Protein Einfluss auf die Expression des Gens eines anderen Proteins

aus.

Ist dieser Einfluss positiv - beispielsweise bei der Stimulation/Aktivierung eines Ziel-Gens

Z durch einen Transkriptionsfaktor T - wird man diese Regulation als aktiv bezeichnen,

ihr also einen großen Wert für die Interaktionsstärke zusprechen, wenn die Expressions-

werte von T und Z hoch sind. Dies ist zwar kein Beleg dafür, dass die Expression von Z

tatsächlich durch T induziert wurde, jedoch ist es hierfür ein Indiz, da sich die Expressi-

onswerte wie für eine Stimulation erwartet verhalten. Sind die Expressionswerte hingegen

niedrig, wird die Interaktion als nicht-aktiv angesehen und die Interaktionsstärke sollte

gering sein. Diese Bedingungen werden durch die Formel 7.6 zur Berechnung der Interak-

tionsstärke bei physischen Interaktionen erfüllt. Die LinkScore-Berechnung bleibt folglich

ebenso bestehen, da der LinkScore auch im positiv-regulativen Fall den Unterschied der

Interaktionsstärke/Regulationsstärke zwischen den betrachteten Bedingungen beschrei-

ben soll. Den vom Betrag her größten LinkScore hat eine positiv-regulative Interaktion

dann, wenn die Expressionswerte von T und Z unter der einen Bedingung niedrig und

unter der anderen Bedingung hoch sind. Wird nur entweder T oder Z exprimiert, ist

die Interaktionsstärke intermediär und kann keinen so großen Beitrag mehr zu einem

extremen LinkScore leisten. Die Interaktion wird unter diesen Umständen nicht zu den

am stärksten differentiell regulierten Interaktionen zählen. Dies ist auch erwünscht, da

in dem beschriebenen Fall kein Indiz für das Vorhandensein der Interaktion existiert.

Eine Inhibition ist aktiv, und soll dann einen großen Wert für die Interaktionsstärke

erhalten, wenn große Mengen des Repressors R vorhanden sind, das Ziel-Gen Z jedoch

nicht exprimiert wird. Sie ist hingegen nicht aktiv, wenn kein R vorhanden ist und Z

in großen Mengen exprimiert wird. Um dies abzubilden, wird die Stärke einer Inhibition

daher wie dargestellt berechnet:

Ii = ER − EZ . (7.7)
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Der zugehörige LinkScore (LSi) ist

LSi
1→2 = Ii2 − Ii1 (7.8)

= (ER
2 − EZ

2 )− (ER
1 − EZ

1 ),

wobei i kennzeichnet, dass es sich um eine inhibitorische Interaktion handelt. Auch

hier kann im Fall von nicht zum Interaktionstyp passenden Expressionsdaten (Repressor

und Ziel-Gen sind beide exprimiert oder sie sind beide nicht exprimiert) kein extremer

LinkScore erreicht werden.
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7.2 Details zur Berechnung der Varianz der Interaktionsstärke

Es gilt gemäß Formeln 7.6 und 7.7:

V ar(I) = V ar(EA + EB) (7.9)

= V ar(EA) + V ar(EB) + 2Cov(EA, EB) und

V ar(Ii) = V ar(ER − EZ) (7.10)

= V ar(ER) + V ar(EZ) + 2Cov(ER, EZ).

Die Varianz der Interaktionsstärke berechnet sich demnach immer gleich – unabhängig

von der Qualität der Interaktion (physische, positiv- oder negativ-regulative Interakti-

on). Die Varianzdaten der Genexpressionswerte stehen meist zur Verfügung. In der Regel

sind jedoch die Kovarianzmatrizen nicht verfügbar. Eine vereinfachende Annahme, dass

EA mit EB oder ER mit EZ statistisch nicht korreliert wären und der Kovarianz-Term

deswegen entfallen könnte, ist gerade aufgrund der durch die Interaktion beschrieben

Wechselwirkung nicht zulässig. Daher soll kurz diskutiert werden, wann der Kovarianz-

Term dennoch entfallen kann und was die Folge ist. Die Kovarianz kann unter Anwen-

dung der Cauchy-Schwarzschen Ungleichung durch die Standardabweichungen nach oben

abgeschätzt werden:

|Cov(EA, EB)| ≤
√
V ar(EA) ·

√
V ar(EB) (7.11)

Die Gleichheit wird genau dann erreicht, wenn der Betrag des Korrelationskoeffizienten

1 ist. Dies ergibt sich direkt aus der Definition des Korrelationskoeffizienten %:

%(EA, EB) =
Cov(EA, EB)√

V ar(EA) ·
√
V ar(EB)

(7.12)

Gilt die Gleichheit nicht, wird die Kovarianz der Genexpressionswerte und somit die Va-

rianz der Interaktion bei Anwendung der Ungleichung überschätzt. Dies führt zu einer

kleineren Teststatistik (Formel 2.6) und in Folge zu einer möglichen Nichtablehnung der

Nullhypothese. Diese Abschätzung der Kovarianz führt demnach zu einem größeren Feh-

ler 2. Art (β-Fehler), wodurch differentiell regulierte Interaktionen häufiger ausgeblichen

dargestellt werden. Im Umkehrschluss führt das Weglassen des Kovarianz-Terms zu ei-

nem größeren Fehler 1. Art (α-Fehler) ohne den Fehler 2. Art zu erhöhen. Somit bleiben

maximal regulierte Interaktionen häufiger vollwertig dargestellt (nicht blass), obwohl die

Änderung tatsächlich nicht signifikant ist.
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Insgesamt ist bei der Anwendung von ExprEssence ein erhöhter Fehler 1. Art einem 2.

Art vorzuziehen, da bei letzterem der Erkenntnisgewinn durch das Ausbleichen der be-

troffenen Interaktionen unnötig stark eingeschränkt wird. Diese Argumentation berück-

sichtigt, dass ExprEssence ein Tool zur Generierung von Hypothesen zur mechanisti-

schen Erklärung von Unterschieden verschiedener Zustände ist, und folglich Aussagen,

die aus ExprEssence-Subnetzwerken abgeleitet werden, unbedingt einer experimentellen

Prüfung zu unterziehen sind.
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7.3 Schnittmengenbildung ExprEssence-kondensierter

Netzwerke mit ExprEsSector

ExprEsSector (ExprEssence Intersector) ist ein Programm, das aus mehreren (n ∈ N)

verschiedenen ExprEssence-kondensierten Netzwerken (CNi, i = {1, . . . , n}, condensed

networks) diejenigen Interaktionen identifiziert, die gemeinsam als differentiell reguliert

identifiziert wurden. Sei C̃N die Menge der ausgewählten ExprEssence-Netzwerke:

C̃N = {CN1, . . . , CNn}. (7.13)

ExprEsSector bildet das Schnittmengennetzwerk CN∩n der n ExprEssence-kondensierten

Netzwerke:

CN∩n = (V∩n , E∩n) , (7.14)

wobei

V∩n =
⋂

i∈{1,...,n}

VCNi = {v|∀VCN ∈ {VCN1 , . . . , VCNn} : v ∈ VCN} (7.15)

und

E∩n =
⋂

i∈{1,...,n}

ECNi = {e|∀ECN ∈ {ECN1 , . . . , ECNn} : e ∈ ECN}. (7.16)

VCN(i)
beschreibe die Vertexmenge und ECN(i)

die Kantenmenge des ExprEssence-Sub-

netzwerks CN(i).

Anstatt die kondensierten Netzwerke direkt miteinander zu schneiden, können auch vom

Nutzer ausgewählte ExprEssence-Netzwerke CNu1 , . . . , CNuk
zu einem gemeinsamen

Netzwerk vereinigt werden, um dieses anschließend mit anderen Vereinigungsnetzwer-

ken oder unveränderten ExprEssence-Netzwerken zu schneiden:

CN⋃
u1,...,uk

= (V⋃
u1,...,uk

, E⋃
u1,...,uk

), (7.17)

wobei

V⋃
u1,...,uk

=
⋃

i∈{u1,...,uk}

VCNi = {v|∃VCN ∈ {VCNu1
, . . . , VCNuk

} : v ∈ VCN} (7.18)
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und

E⋃
u1,...,uk

=
⋃

i∈{u1,...,uk}

ECNi = {e|∃ECN ∈ {ECNu1
, . . . , ECNuk

} : e ∈ ECN}. (7.19)

Für das so erstellte und zu schneidende Vereinigungsnetzwerk gelte

CN⋃
u1,...,uk

∈ C̃N, (7.20)

wohingegen von den unveränderten ExprEssence-Netzwerken CNu1 , . . . , CNuk
nur dieje-

nigen in C̃N vertreten seien, die vom Nutzer nochmals separat als zu schneidend definiert

wurden.

Die Anforderung des Vorhandenseins aller Knoten und Kanten in jedem zu schneidenden

Netzwerk kann auf eine beliebige kleinere Anzahl von Netzwerken m ∈ {1, . . . , n − 1}
relaxiert werden, sodass das Fehlen eines Knotens oder einer Kante in bis zu q = n−m
Netzwerken nicht zur Elimination aus dem Schnittmengennetzwerk führt:

CN∩mn =
(
V∩mn , E∩mn

)
, (7.21)

wobei

V∩mn = {v|∃C̃N∗ ⊂ C̃N,
∣∣∣C̃N∗∣∣∣ ≥ m ∀CN ∈ C̃N∗ : v ∈ VCN} (7.22)

und

E∩mn = {e|∃C̃N∗ ⊂ C̃N,
∣∣∣C̃N∗∣∣∣ ≥ m ∀CN ∈ C̃N∗ : e ∈ ECN}. (7.23)

Wie leicht erkennbar ist, ist unbedeutend, in welchen q der n ausgewählten ExprEssence-

Netzwerke eine Kante oder ein Knoten nicht vorhanden ist.
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[60] Pavenstädt H, Kriz W, Kretzler M (2003) Cell biology of the glomerular podocyte.

Physiol Rev 83: 253–307.

[61] Endlich N, Kress KR, Reiser J, Uttenweiler D, Kriz W, et al. (2001) Podocytes

respond to mechanical stress in vitro. J Am Soc Nephrol 12: 413–422.

[62] Endlich N, Endlich K (2012) The challenge and response of podocytes to glomerular

hypertension. Semin Nephrol 32: 327–341.

[63] Shankland SJ (2006) The podocyte’s response to injury: role in proteinuria and

glomerulosclerosis. Kidney Int 69: 2131–2147.

[64] Asanuma K, Kim K, Oh J, Giardino L, Chabanis S, et al. (2005) Synaptopodin

regulates the actin-bundling activity of alpha-actinin in an isoform-specific manner.

J Clin Invest 115: 1188–1198.

[65] Endlich N, Schordan E, Cohen CD, Kretzler M, Lewko B, et al. (2009) Palladin is

a dynamic actin-associated protein in podocytes. Kidney Int 75: 214–226.

[66] Poulsom R, Little MH (2009) Parietal epithelial cells regenerate podocytes. J Am

Soc Nephrol 20: 231–233.

[67] Ronconi E, Sagrinati C, Angelotti ML, Lazzeri E, Mazzinghi B, et al. (2009) Rege-

neration of glomerular podocytes by human renal progenitors. J Am Soc Nephrol

20: 322–332.

[68] Zhang J, Pippin JW, Krofft RD, Naito S, Liu ZH, et al. (2013) Podocyte repopu-

lation by renal progenitor cells following glucocorticoids treatment in experimental

fsgs. Am J Physiol Renal Physiol 304: F1375–F1389.

[69] Pippin JW, Sparks MA, Glenn ST, Buitrago S, Coffman TM, et al. (2013) Cells

of renin lineage are progenitors of podocytes and parietal epithelial cells in experi-

mental glomerular disease. Am J Pathol 183: 542–557.

102



Literaturverzeichnis

[70] Kelder T, Pico AR, Hanspers K, van Iersel MP, Evelo C, et al. (2009) Mining

biological pathways using wikipathways web services. PLoS One 4: e6447.

[71] Giardine B, Borg J, Higgs DR, Peterson KR, Philipsen S, et al. (2011) Systematic

documentation and analysis of human genetic variation in hemoglobinopathies using

the microattribution approach. Nat Genet 43: 295–301.

[72] Williams AJ, Harland L, Groth P, Pettifer S, Chichester C, et al. (2012) Open

phacts: semantic interoperability for drug discovery. Drug Discov Today 17: 1188–

1198.

[73] Przulj N, Corneil DG, Jurisica I (2006) Efficient estimation of graphlet frequency

distributions in protein-protein interaction networks. Bioinformatics 22: 974–980.

[74] Przulj N (2007) Biological network comparison using graphlet degree distribution.

Bioinformatics 23: e177–e183.

[75] Milenkovi? T, Przulj N (2008) Uncovering biological network function via graphlet

degree signatures. Cancer Inform 6: 257–273.

[76] Ashburn TT, Thor KB (2004) Drug repositioning: identifying and developing new

uses for existing drugs. Nat Rev Drug Discov 3: 673–683.

[77] von Eichborn J, Murgueitio MS, Dunkel M, Koerner S, Bourne PE, et al. (2011)

Promiscuous: a database for network-based drug-repositioning. Nucleic Acids Res

39: D1060–D1066.

[78] Kuhn M, Szklarczyk D, Franceschini A, von Mering C, Jensen LJ, et al. (2012) Stitch

3: zooming in on protein-chemical interactions. Nucleic Acids Res 40: D876–D880.

103


	Abbildungsverzeichnis
	Zusammenfassung
	Einführung
	Netzwerke in der Bioinformatik
	Die Erstellung von Netzwerken
	Netzwerke in der Erforschung von Krankheiten
	Einschränkungen von Netzwerken und mögliche Lösungsansätze
	Transkriptomdaten

	Ergebnisse
	ExprEssence
	Der ExprEssence LinkScore
	ExprEssence-Erweiterungen
	MetaExprEssence und ExprEsSector
	MovieMaker

	ExprEssence im Kontext anderer Methoden
	Podozyten und das PodNet

	Ausblick
	Informationsaustausch in der Wissenschaft im Zeitalter der Bioinformatik
	Ausblicke bezüglich der netzwerkbasierten Forschung und ExprEssence


	Publikationen
	 Publikation #1
	 ExprEssence – Revealing the essence of differential experimental data in the context of an interaction/regulation network

	 Publikation #2
	 PodNet, a protein-protein interaction network of the podocyte

	 Publication #3, in Überarbeitung
	 Differential Network Analysis Applied to Preoperative Breast Cancer Chemotherapy Response


	Appendix
	Hintergrundinformationen zu den Berechnungen
	Details zur LinkScore-Berechnung durch ExprEssence
	Details zur Berechnung der Varianz der Interaktionsstärke
	Details zur Schnittmengenbildung mit ExprEsSector

	Literaturverzeichnis




