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1. Zusammenfassung

Die Physiologie des Schmerzes umfasst komplexe immunologische, sensorische und
inflammatorische Prozesse im Riickenmark, im Gehirn und in der Peripherie. Wiederholte
nozizeptive  Stimulation induziert pathophysiologische Veranderungen bei der
Schmerzweiterleitung, aus denen eine periphere oder zentrale Sensibilisierung resultiert.
Diese kann bei dafir anfdlligen Patienten zu der Ausbildung von chronischen
Schmerzzustdanden fiihren. Obwohl das Wissen Uber die genauen molekularen Vorgange der
Schmerz-Chronifizierung noch immer unvollstandig ist, sind die Identifizierung von
Risikofaktoren verniinftige Schritte, um die individuelle Anfalligkeit flr die Entwicklung
chronischer Schmerzen zu bestimmen. Das Hauptziel dieser Doktorarbeit bestand daherin der

Identifikation humaner genetischer Biomarker fiir chronische Schmerzzustande.

Das biologische Ausgangsmaterial stammte von gesunden Probanden sowie von
Schmerzpatienten, basierend auf einer Kohorte von 1.000 Frauen kaukasischer Herkunft im
Alter von 28 bis 75 Jahren, welche an nicht metastasierendem Brustkrebs litten. Nach der
operativen Behandlung wurde die Intensitat der postoperativen Schmerzen in mehreren
Abstdnden fiir eine Dauer von 3 Jahren anhand von Fragebogen erfasst. Aus dieser Kohorte
wurden zwei Gruppen von Schmerzphanotypen identifiziert, bei der jeweils 70 Patienten zu
einer “Schmerz-Chronifizierer” oder einer “Nicht-Schmerz-Chronifizierer” Gruppe zugeordnet

wurden, sich sonst aber in anderen Parametern wie Gewicht und Alter nicht unterschieden.

Die Existenz einer genetischen Komponente, welche auf die individuelle Wahrnehmung von
Schmerz und den pathophysiologischen Prozess seiner Chronifizierung funktionell einwirkt,
wird durch das Wissen Uber viele Schmerz-modulierende Mutationen deutlich, welche durch
die wissenschaftliche Forschung im Bereich der Humangenetik innerhalb der letzten
Jahrzehnte identifiziert wurden. Da viele dieser Mutationen als Einzelnukleotid-
Abweichungen auftreten, welche erst im Zusammenspiel eine erkennbare Auswirkung auf den
Phanotyp haben, ist es schwierig, eine einzelne Mutation mit der veranderten Reaktion auf
bestimmte Medikamente oder dem Risiko einer Ausbildung bestimmter Krankheitsbilder zu

assoziieren.



Wahrend haufige Einzelnukleotid-Varianten seit mehreren Jahren mit groRem Erfolg durch
genomweite Assoziationsstudien identifiziert werden konnten, ist die Identifizierung seltener
Varianten, insbesondere aufgrund der grolRen Zahl der beitragenden Gene, nur begrenzt
erfolgreich. Im Laufe der letzten Jahre konnten mehr als 500 Gene identifiziert werden, die an
der Modulation schmerzbezogener Phanotypen beteiligt sind. Durch die rasante Entwicklung
im Bereichen der DNA-Sequenzierung, insbesondere dem “Next Generation Sequencing”
(NGS) und den daraus resultierenden Sequenzdaten, welche das gesamte Exom umfassen und
dem parallelen Fortschritt im Bereich der “Data Science”, vor allem in den Teilbereichen des
maschinellen Lernens und der kiinstlichen Intelligenz, ist es moéglich, dem klinischen Problem

der Schmerz-Chronifizierung auf einer genomweiten Ebene zu begegnen.

Aufgrund von technisch bedingten Limitierungen innerhalb der NGS-Anwendungen war es
notwendig die Anzahl der Gene, welche fiir die Genotypisierung in Frage kommen, zu
reduzieren. Die Auswahl der vorliegenden Kandidaten-Gene erfolgte mittels systematischer
“Pathway-Analysen”, funktioneller Genomik und systembiologischer sowie bioinformatischer
Methoden. Durch innovative Verbesserungen im Bereich der Systemmedizin, welche die
verschiedenen Fachrichtungen wie Biologie, Medizin, und Informatik in sich vereint, sind
mittlerweile genauere Charakterisierungen der biochemischen, zelluldren und
physiologischen Eigenschaften von Genprodukten méglich, um die Beziehung zwischen dem

Genom und dem Phanotyp besser zu verstehen.

Dadurch kann das aus klinischen Studien generierte Wissen Uber genetische Modulationen
mit aktuellen Kenntnissen iber Gen-Funktionen kombiniert werden. Es wurde mit Hilfe dieser
Methoden ein Set von 77 sogenannten “Schmerz-Chronifizierungs-Genen” zusammengestellt,
welches als Grundlage fur die NGS-Genotypisierung, basierend auf der lon Torrent™

Technologie, diente.



Das Set enthielt Gene, welche (i) fir die Steuerung biologischer Lernprozesse und neuronale
Plastizitat verantwortlich sind, basierend auf der Sichtweise, dass sich Schmerz als eine Art
Deregulierung bestimmter biologischer Prozesse abbilden ldsst, welche in der” Gene
Ontologie-Database” unter den Termen “Learning or Memory” und “Nervous System
Development” zusammengefasst werden. Zudem enthielt es Gene, die (ii) funktionelle
Varianten enthalten, welche die Schmerz-Chronifizierung in  mindestens zwei
unterschiedlichen klinischen Schmerzzustanden modulieren. Auflerdem wurden Gene
miteingeschlossen, welche (iii) in den letzten Jahren im Bereich der Schmerzforschung
wiederholt eine wichtige Rolle bei der Modulation von langanhaltenden Schmerzen spielten
oder teilweise auch erst kiirzlich als neuartige und vielversprechende genetische Modulatoren

gehandelt wurden.

Die Hauptidee bei der Auswertung der NGS-Daten war das Trainieren einer kinstlichen
Intelligenz (KI), implementiert als verschiedene Arten des maschinellen Lernens, um ihr
Assoziationen der genetischen Informationen mit dem Schmerz-Phdanotyp anzulernen und
anschlielend die trainierte KI zu verwenden, um in neuen Daten einen Phanotyp
vorherzusagen. Dabei wurde der innovative Ansatz verfolgt, bei dem eine durch NGS-basierte
genetische Informationen trainierte Kl, den entsprechenden Phanotyp besser vorhersagen
sollte, als dass es durch Raten moglich ware. Dazu wurden die ausgewahlten 140 Probanden

basierend auf der lon Torrent™ Technologie genotypisiert.

Aufgrund der zu erwartenden hohen Dimensionalitat der komplexen, durch NGS gewonnenen
genetischen Informationen, wurden Methoden des maschinellen Lernens von vornherein
traditionellen statistischen Methoden zur Datenanalyse vorgezogen. Die Datenauswertung
umfasste eine Merkmals-Selektion zur Identifizierung der informativsten genetischen
Varianten mit anschlieBender Genotyp-Phanotyp-Assoziation unter Verwendung
verschiedener Arten von Algorithmen basierend auf Methoden des maschinellen Lernens. Im
Zuge der Datenanalyse wurde die genetische Information von den urspriinglichen 4.748
Varianten, die in den 77 Genen gefunden wurden, auf 21 relevante Varianten reduziert, die in
13 verschiedenen Genen lokalisiert waren. Das gefundene Muster stiitzte eine Assoziation der
Genotypen mit den Schmerzphanotypen. Die angewendete K, die mit 2/3 der Daten trainiert
wurde, identifizierte die richtige Schmerzphanotyp-Gruppe bei den verbleibenden 1/3 der

Patienten mit einer Genauigkeit von etwa 70 Prozent.
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Obwohl die Auswahl der Kandidaten-Gene groRtenteils auf der Grundlage friherer
wissenschaftlicher Studien basierte, welche groRtenteils keine Assoziationen zu chronischen
Schmerzen nach Brustkrebs-Operationen enthielten, lieferten die vorliegenden Ergebnisse
eine Gen-Rangfolge, welche sich mit ihrer besonderen Bedeutung ihres klinischen Kontextes
vereinbaren lasst. Die Analyse identifizierte die genetischen Unterschiede zweier Phanotyp-
Gruppen im Hinblick auf die Entwicklung einer Schmerz-Chronifizierung zusatzlich zu einer
Modulation des klinischen Verlaufs von Brustkrebs. Die Schmerz-Modulation kann bei dieser

Analyse anhand bestimmter Nukleotid-Abweichungen charakterisiert werden.

Aullerdem unterstiitzt die Tatsache, dass mehr als 75 Prozent der bei dieser Analyse
identifizierten Gene, Targets von bereits zugelassenen oder sich noch in der Entwicklung
befindenden Schmerzmitteln sind, die Wichtigkeit dieser Ergebnisse. Der vorliegende Satz von
Gen-Varianten kann als ein wichtiger Baustein dienen, um den Weg fir die Etablierung einer
personalisierten Schmerz-Therapie zu ebnen, wenn einige der sich noch in der Entwicklung

befindlichen Medikamente klinisch verfligbar werden.



2. Einleitung

“Ein unangenehmes Sinnes- und Geflihlserlebnis, das mit aktueller oder potentieller
Gewebeschadigung verknlipft ist oder mit Begriffen einer solchen Schadigung beschrieben
wird"; so wird von der Weltschmerzorganisation “International Association for the Study of
Pain“ (IASP) der Begriff “Schmerz” definiert [1]. Schmerz ist Gberlebenswichtig, er dient als ein
Warnsignal indem er den Kérper auf eine drohende Gewebeschadigung hinweist und in der
Regel geht dem Schmerz ein ihn auslésender Reiz voraus [2]. Ist der Schmerz lokal und zeitlich
begrenzt, spricht man von einem akuten Schmerz. Bleibt der Schmerz aber (iber einen
langeren Zeitraum von mehreren Monaten bestehen und man kann ihn nicht mehr mit einem

bestimmten Ausldser in Verbindung bringen, spricht man von chronischem Schmerz [3].

Wahrend akuter Schmerz ein wichtiges Symptom ist, verliert der Schmerzreiz durch die
Chronifizierung seinen schiitzenden Charakter und somit auch seine Relevanz [4]. Chronische
Schmerzen sind ein weitverbreitetes Gesundheitsproblem. Sie verringern die Lebensqualitat
der Patienten und verursachen erhebliche Kosten im Gesundheitswesen aufgrund von
Frihverrentung und Arbeitsunfahigkeit [5]. Schatzungsweise leidet jeder flinfte Europaer und
jeder dritte Europaer tUber 70 Jahren taglich an chronischen Schmerzen, die so stark sind, dass

sie eine medizinische Behandlung erfordern [6].

Diese hohe Pravalenz ist ein eindeutiges Zeichen flir momentan noch vorherrschende
unzureichende Behandlungsmaoglichkeiten. In der Tat belegen wissenschaftliche Studien, dass
die aktuell verfligbaren Analgetika nur bei einer Minderheit der Patienten eine
zufriedenstellende Schmerzlinderung bewirken [7, 8]. Die verfligbaren Schmerzmittel sind
entweder nicht effektiv genug oder die Patienten leiden an Unvertraglichkeiten und kénnen
die Medikamente aufgrund zu starker Nebenwirkungen nicht einnehmen [9]. Daher ist es
erforderlich sich auf die Herstellung von Analgetika mit neuartigen Wirkungsmechanismen zu
konzentrieren, deren Entwicklung auf der Grundlage eines besseren Verstdandnisses der
komplexen Pathophysiologie des Schmerzes [10] und dessen klinischer Darstellung

beruht [11].



Diese Wissensgrundlage wurde innerhalb der letzten 50 Jahre im Bereich der
Schmerzforschung durch die Kenntnis (ber viele Schmerz-modulierende humane
Polymorphismen erschaffen. Lotsch und Kollegen haben zu diesem Thema eine ausfiihrliche
Ubersichtsarbeit verfasst [12]. Dadurch wird die Existenz einer genetischen Komponente
deutlich, welche funktionell auf die Schmerz-Chronifizierung einwirkt. Obwohl mittlerweile
mehr als 500 Gene identifiziert werden konnten, die an dieser Modulation beteiligt sind, ist
das Verstdindnis um aller dazugehorigen molekularen Vorgdnge noch immer
unvollstandig [13]. Dieser aktuelle Zustand verdeutlicht die Notwendigkeit einer Etablierung
von datenwissenschaftlich basierten Methoden, wie maschinellem Lernen und kiinstlicher
Intelligenz, in Kombination mit modernsten Techniken der Hochdurchsatz-Sequenzierung
(“Next Generation Sequencing”), um genetische Pradiktoren fiir das Risiko einer Schmerz-
Chronifizierung zu charakterisieren und diesem klinischen Problem auf einer genomweiten

Ebene zu begegnen.

2.1 Aligemeine Mechanismen der Nozizeption

Die einzelnen Stimuli, welche eine nozizeptive Reaktion hervorbringen kénnen, sind sehr
unterschiedlich, aber die Rezeptoren und endogenen Mechanismen in der Peripherie des
Nervensystems interagieren immer auf die gleiche Weise. Chemisch-, mechanisch- und
thermisch-reizbare Rezeptoren erkennen und definieren die Intensitat, Dauer und Lokalitat
von nozizeptiven Stimuli. Sie leiten die Schmerzreize weiter an das Hinterhorn des
Riickenmarks, wo sekundare Neurone, aktiviert von Neurotransmittern, das Signal mit Hilfe
von aufsteigenden Nervenbahnen ans Gehirn weitergeben [10]. Daraufhin werden
sensorische oder modulatorische Prozesse eingeleitet, um den Vorgang der
Schmerzempfindung zu stoppen. Im Idealfall nehmen die Schmerzreize mit einer
fortschreitenden Heilung ab und das Schmerzempfinden lasst nach, bis keine Schmerzen mehr

festgestellt werden kdnnen.



2.1.1 Opioid-Rezeptor System

Das korpereigene Opioid-Rezeptor-System besteht aus einem weitverbreiteten, aber
strategisch sinnvoll konzentriertem Netz aus Opioid-Rezeptoren und deren endogenen
Agonisten. Dieses System spielt eine maligebliche Rolle bei anti-nozizeptiven Prozessen und
ist deshalb vor allem in Koérperregionen, die mit Schmerz und Nozizeption in Verbindung
stehen, reprasentiert [14]. Das endogene Opioid-System spielt jedoch auch bei der peripheren
Analgesie und der Modulation von Stimmungslage und Stress eine wichtige Rolle, auRerdem
vermittelt es die Wirkungen der exogenen Opioid-Liganden [15]. Der Bereich der endogenen
Opioide umfasst die Peptid-Gruppen der Endorphine, Enkephaline und Dynorphine [16] und
hat differenzielle Affinitditen zu den Opioid-Rezeptoren [17]. Vier verschiedene Opioid-
Rezeptoren: Mu (u), Delta (6), Kappa (k) und Opioid-Rezeptor-Like (ORL) wurden bisher
identifiziert. Alle vier Opioid-Rezeptoren gehoéren zur Familie der G-Protein-gekoppelten

Rezeptoren und werden von den Genen OPRM1, OPRK1, OPRD1 und OPRL1 codiert [18].

Opioid-induzierte Analgesie wird durch Aktivierung des endogenen Opioid-Systems ausgel6st.
Der Prozess der Schmerzlinderung erfolgt dann durch verschiedene molekulare
Mechanismen, die zur analgetischen Wirkung der Opioide beitragen und sich liber das gesamt
nozizeptive System erstreckt. Sie sorgen fiir eine Hemmung der Reizweiterleitung in das
Rickenmark und aktivieren das absteigende Hemmsystem [19]. Opioide sind aus der heutigen
Schmerztherapie nicht mehr wegzudenken, die Verabreichung kann jedoch auch zu
unerwiinschten Nebenwirkungen filihren, was ihre Dosierung und somit auch ihre
Wirksamkeit einschrankt. Zu den haufigsten Nebenwirkungen zidhlen Verstopfung, Ubelkeit
und Mudigkeit [20], es kann jedoch auch zu schwerwiegenderen Komplikationen, wie zum
Beispiel einer Atemwegsdepression kommen [21]. Es existieren zwei weitere klinisch
relevante Phanomene, die man als eine Art unerwiinschten Nebeneffekt bezeichnen kann. Die
“Opioid-induzierte Toleranz”, bei der nach wiederholter Applikation die Opioide ihre
schmerzstillende Wirkung auf Grund einer Toleranzentwicklung verlieren, und die “Opioid-
induzierte Hyperalgesie”, eine Absenkung der Schmerzschwelle, die gleichzeitig mit der
Opioid-Gabe beginnt, und pl6tzlich einsetzt [22]. Beiden Phdnomenen liegen &dhnliche
molekulare Mechanismen zugrunde, wobei die Aktivierung des exitatorischen glutaminergen
Systems als einer der wichtigsten Prozesse zu nennen ist [23], da gezeigt werden konnte, dass
Antagonisten von Glutamat-sensitiven NMDA-Rezeptoren Opioid-induzierte Toleranz sowie

Opioid-induzierte Hyperalgesie abschwachen kénnen [24, 25].
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2.1.2 TRP-Kanal-Rezeptor System

Die TRP-Kanale (englisch: “Transient Receptor Potential Channels”) sind eine Familie zellularer
nicht-selektiver lonenkanale, die sich in sieben Unterklassen aufteilen lassen. Die Homologie
zwischen den einzelnen Klassen ist nur geringfligig ausgepragt, sie alle haben jedoch
gemeinsam, dass sie 6 Transmembranregionen besitzen und den lonentransport nicht nur
ermoglichen, sondern auch hemmen kénnen. TRP-Kanale sind entwicklungsgeschichtlich sehr
alt und konnten bereits in Insekten, aber auch in hoher entwickelten Sdugetieren,
nachgewiesen werden. Sie kdnnen durch harmlose sowohl als auch schadliche dulRere Reize
aktiviert werden, welche mechanischen, chemischen und osmotischen Ursprungs sein
konnen. Mehrere klinische Studien haben gezeigt, dass TRP-Kanale eine wichtige Rolle bei der
Weiterleitung thermischer Schmerzen einnehmen, da einige TRP-Kanale durch bestimmte
Temperaturen aktiviert werden kénnen. TRPM8 wird durch Kalte (<25 °C) und Menthol
aktiviert. TRPV1 wird durch Hitze (242 °C) und Capsaicin aktiviert, wahrend TRPA1 ebenfalls
durch Kalte (<18 °C) und durch eine Vielzahl weiterer chemischer Verbindungen wie
Zimtaldehyd und Allicin aktiviert werden kann [26-28]. TRP-Kandle gelten in der
Arzneimittelforschung als vielversprechende Targets fir die Entwicklung von neuen
Analgetika, wobei sich mehrere pharmazeutische Substanzen derzeit in der klinischen
Testphase befinden. Als wichtigste pharmazeutische Kandidaten aus der Gruppe der
thermosensitiver TRP-Kandle sind TRPV1 und TRPA1l zu nennen [29]. Eine Abfrage des
Thomson Reuters “Drugs and Biologics Search Tool” (http://integrity.thomsonpharma.com)
im Juni 2016 ergab, dass TRPV1 mit mehr als 200 Agonisten oder Antagonisten in der Klasse
der Analgetika, welche sich aktuell in der Wirkstoffentwicklung befinden, der TRP-Kanal ist,
auf dem das meiste pharmazeutische Interesse liegt [30], dicht gefolgt von TRPA1l und
TRPMBS [29]. Wissenschaftliche Studien konnten aulRerdem eine Co-Expression von TRPV1 und

TRPMBS8 sowie die Co-Expression von TRPV1 und TRPA1 nachweisen [31].



2.2 Chronifizierung von Schmerz

Vereinfacht gesagt sind chronische Schmerzen ein paradoxes Phanomen, welches im
Vergleich zum akuten Schmerz keinem adaptiven Zweck dient [32]. Akute Schmerzen lassen
sich experimentell leicht als physiologische oder pathophysiologische Reaktionen des Kérpers
auf zugefiihrte Reize oder Gewebeschaden darstellen, wahrend chronische Schmerzen durch
verschiedene Arten von Gewebeschdaden und auch durch Schadigung der peripheren oder
zentralen Nerven des Schmerzleitungssystems verursacht werden koénnen [33] [34].
Chronische Schmerzen konnen aber auch spontan auftreten, ohne dass irgendeine
Gewebeschadigung vorliegt, oder sie kdnnen paradoxerweise in Bereichen auftreten, in
denen gar kein geschadigtes Gewebe mehr vorhanden ist [35, 36]. Chronische Schmerzen
kénnen die Schwellenwerte fir das, was wir normalerweise als Schmerz definieren wirden,
verschieben und zu einer “Hyperalgesie” (erhohte Schmerzempfindlichkeit gegenliber einem
schmerzhaften Reiz) oder einer “Allodynie” (Schmerz als Reaktion auf Reize, die
normalerweise keine Schmerzen verursachen) fihren [37, 38]. Das Verstandnis um die
Notwendigkeit unterschiedlicher Behandlungsansatze bei akuten und chronischen Schmerzen
steht seit Jahren im Mittelpunkt von intensiver Forschungsarbeit. Die Schwerpunkte auf
diesem Gebiet liegen auf einer verbesserten Interpretation und einem detaillierteren
Verstandnis der einzelnen Prozesse, die bei der Chronifizierung von Schmerzen im

menschlichen Kérper ablaufen [32].

2.2.1 Molekulare Grundlagen der Schmerz-Chronifizierung

Lianger anhaltende, intensivere Schmerzen, bei denen die Gefahr einer Chronifizierung
besteht, aktivieren sekundare Mechanismen im Zentralnervensystem, sowohl als auch in der
Peripherie, was Allodynie, Hyperalgesie und Hyperpathie verursachen kann, und die normale
Funktion der Schmerzempfindung beeintrachtigt [35]. Diese Veranderungen beginnen in der
Peripherie mit der Hochregulierung des Enzyms Cyclooxygenase 2 [39] und im
Zentralnervensystem mit einer verstarkten Aktivierung von NMDA-Rezeptoren [40], einer
daraus folgenden Sensibilisierung von Nervenzellen-Kaskaden und einer Aktivierung der
Mikroglia [41], welche die neuronale Architektur beeinflussen und verandern kénnen [42, 43].
Bei diesen komplexen Vorgangen, die wiahrend der Umwandlung von akutem zu chronischem

Schmerz ablaufen, spielen auBerdem noch Prostaglandine [44], Endocannabinoide [45] und



ionenspezifische Kanale [46] wichtige Schllsselrollen, deren genaues Zusammenspiel bisher
jedoch noch nicht vollstandig aufgeklart werden konnte [35]. Die Entstehung und
Aufrechterhaltung chronischer Schmerzen erfolgt unter anderem durch den Prozess der
zentralen Sensibilisierung [47], ein Phdanomen basierend auf der Grundlage synaptischer
Plastizitdt [48] und neuronaler Reorganisation des zentralen Nervensystems [49]. Einige
wissenschaftliche Arbeiten weisen darauf hin, dass die zentrale Sensibilisierung auch durch
Neuroinflammation im peripheren sowohl auch im zentralen Nervensystem ausgeldst werden
kann [39, 50, 51]. Unabhangig von ihrer Ursache umfasst der Bereich der Neuroinflammation

immer die Interaktion von Nervenzellen, Gliazellen und Immunzellen [52].

2.2.2 Chronischer neuropathischer Schmerz

Je nach Art der Schmerzentstehung existiert auBer dem physiologischen oder
pathophysiologischen Nozizeptor-Schmerz noch der neuropathische Schmerz, der durch
Schadigungen der Nervenfaser entsteht, und somit seine natirliche Warnfunktion verloren
hat. Wahrend bei nozizeptiven Schmerzen die Nervenbahnen nur als Ubermittler von
Schmerzreizen dienen, ist bei den neuropathischen Schmerzen das Nervensystem selbst der
Schmerzverursacher [53]. Diese Nervenschadigung kann durch eine Verletzung oder Infektion

entstehen und im Zentralnervensystem sowie in der Peripherie auftreten [54].

Neuropathischer Schmerz betrifft bis zu zehn Prozent der gesamten Weltbevélkerung [55] und
gilt immer noch als eine der grofRten Herausforderungen in der Schmerztherapie, da moderne
Behandlungsmethoden oft nur in geringem Male verfligbar sind und hauptsachlich aus einer
Kombination von Opioiden mit neu entwickelten Antidepressiva und Antiepileptika bestehen,
die den Schmerz zwar lindern, aber in einem GroRteil der Patienten ihn weder komplett
beseitigen, noch verhindern kdnnen, dass es zu einer Chronifizierung kommt [11, 56]. Dies
zeigt sich auch in der aktuellen Forderpolitik der Europdischen Union, welche im Rahmen ihres
siebten Forschungsrahmenprogramms (FP7) den Bereich der Schmerzforschung mit mehr als
46 Millionen Euro unterstitzt hat, wobei von den acht geférderten Konsortien sich sechs
Forschungsgruppierungen mit neuropathischen Schmerzen beschaftigt haben [11]. Es wird
angenommen, dass Neuroinflammation und die Aktivierung von Gliazellen bei
neuropathischen Schmerzen, aber auch bei anderen chronischen Schmerzzustinden, eine

entscheidende Rolle spielen [52].
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2.2.3 Gliazellen

Gliazellen (Mikroglia und Astrozyten) sind hochreaktive immunkompetente Zellen des
Zentralnervensystems, die durch Entziindung, Infektion, Nerven- und Gewebeschadigung
sowie Stress aktiviert werden konnen [57]. Sie haben sich innerhalb der letzten Jahre als
wichtige Schliusselfigur beim Verstandnis der komplexen Mechanismen zur Entwicklung einer
zentralen Schmerzsensibilisierung  durch  Neuroinflammation etabliert [58]. Ein
charakteristisches Merkmal der Neuroinflammation ist namlich die Aktivierung von Gliazellen
im Bereich des Riickenmarks und Gehirns, was eine Freisetzung von pro-inflammatorischen
Zytokinen und Chemokinen zur Folge hat [59]. Jliingste Studien legen auBerdem nahe, dass
Zytokine und Chemokine als starke Neuromodulatoren wirken kdénnen, und somit eine

bedeutsame Rolle bei der Auslésung von Hyperalgesie und Allodynie spielen [52, 60, 61].

Ein weiterer Prozess, der mit der Aktivierung von Gliazellen in Verbindung gebracht wird, ist
die Opioid-induzierte Hyperalgesie [62]. Die genauen komplexen molekularen Vorgéange und
die Frage, ob die Mobilisierung des opiodergischen Systems in Folge chronischer Schmerzen
die Gliazellen sowohl Ulber endogene als auch Uber exogene Opioid-Rezeptor-Liganden

aktivieren kann, ist bisher noch nicht vollstandig geklart [63].
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2.3 Entwicklung der Systemmedizin

Lange Zeit war in der Schmerzforschung und auch im Bereich der molekularen
Biowissenschaften eine Arbeitsweise vorherrschend, die den Fokus auf die Erforschung
einzelner Gene oder Proteine gelegt hat. Es konnte somit ein umfangreiches Faktenwissen
Uber einzelne Komponenten angesammelt werden. Das Zusammenspiel der ganzen Faktoren,
die fir die Ablaufe komplexer zellularer Prozesse in verschiedenen Gewebestrukturen und in
komplexen Organismen notwendig sind, wurden dabei vernachldssigt [64]. Fir eine
ganzheitliche Betrachtung eines Organismus ist jedoch ein Zusammenspiel verschiedenster
Fachbereiche wie der Biologie, Medizin, und Informatik notwendig. Den Kern dieser
Systemmedizin bildet das standige Wechselspiel zwischen Modellierung und Laborarbeit. Auf
der Basis dessen, was im Labor entdeckt wird, konnen dann zu bestimmten Aspekten
Computermodelle entworfen werden. Die wiederum werden im Labor erneut tberprift. Auf

diese Weise kommt man Schritt fiir Schritt zu einem praziseren Resultat [65].

2.3.1 Das Zeitalter der “Omics“-Technologien

Insbesondere im Zeitalter der “Omics“-Technologien (Genomik, Proteomik, und
Metabolomik) hat sich die biologische Forschung tiefgreifend verandert. Die Anwendung von
modernen Methoden wie den Hochdurchsatz-Sequenzierungen (NGS), kombiniert mit
interdisziplindrer Kooperation in den verschiedenen Teilbereichen der Biologie, fiihrt dazu,
dass wir in einem noch nie da gewesenen Malle komplexe Zusammenhadnge in unserer
Umwelt besser verstehen und erforschen kénnen. Dies bedarf jedoch einer effektiven und

effizienten Vernetzung von biologischen Daten [66].

2.3.2 Funktionelle Genomik

Das Forschungsgebiet der funktionellen Genomik untersucht die biochemischen, zellularen
und physiologischen Eigenschaften von Genprodukten, mit dem Ziel die Beziehung zwischen
dem Genom und dem Phanotyp besser zu verstehen. Dieser Prozess hat den Bereich der
Arzneimittelforschung, gerade bei der Entwicklung neuer Analgetika, zu einer datenlastigen
Disziplin gemacht, deren Anwendung erheblich vom parallel verlaufenden Fortschritt im

Bereich der Informatik, vor allem in den Teilbereichen des maschinellen Lernens und der
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kiinstlichen Intelligenz, abhdngt [67]. Durch die Untersuchung funktioneller Einzelnukleotid-
Variationen, welche Einfluss auf die Schmerzwahrnehmung haben oder die Reaktion auf
Analgetika modulieren, und durch die tierexperimentelle Forschung an Modellorganismen,
insbesondere an transgenen Mause, wurden mittlerweile mehr als 500 Gene identifiziert, die

an der Modulation schmerzbezogener Phanotypen beteiligt sind [13].

Um Schmerzen auf genomweiter Ebene zu analysieren, werden mithilfe der funktionellen
Genomik Daten kombiniert, die aus verschiedenen Prozessen im Zusammenhang mit DNA-
Sequenz, Genexpression und Proteinfunktion stammen. Die meisten wissenschaftlichen
Studien zu diesem Thema sind jedoch genomweite Expressionsanalysen oder genetische
Assoziationsstudien, die nur eine kleine Anzahl von Genen beinhalten, wdhrend die
Verwendung der funktionellen Genomik mit dem expliziten Ziel der Entdeckung neuer

Wirkstoffe und Targets im Bereich der Analgetika vergleichsweise selten vorkommt [13].

Die Arzneimittelforschung konzentriert sich bei der Wirkstoffentdeckung oft auf Target-
basierte Ansatze. Insbesondere die gangigen Arzneimittel-Targets sind in weltweit
verfligbaren Datenbanken, wie zum Beispiel in der “DrugBank-Database” [68], flir jedermann
zuganglich. Bei einer alternativen Herangehensweise in dieser Thematik liegt der Fokus nicht
mehr nur auf dem Wirkstoff-Target, sondern konzentriert sich auf die Krankheit an sich und
ihre zugrundeliegenden biologischen Prozesse. Dieser eher phanotypisch basierte Ansatz
versucht die Komplexitdt von Krankheiten zu begreifen, ohne dabei das Wissen von
Wirkstoffspektren einzelner Medikamente und deren Targets zu benutzen [69]. Die
biologischen Prozesse, in denen die mit der Krankheit assoziierten Gene involviert sind,
konnen ebenfalls aus 6ffentlich zuganglichen Datenbanken ausgelesen werden, allen voran
die “Gene Ontology (GO) Database” [70]. Dies hat den Vorteil, dass dieser funktionell
genomische Ansatz sich nicht nur auf einzelne Arzneimittel-Targets stiitzt, sondern versucht
die Krankheit an sich in ihrer ganzen Komplexitat zu betrachten, was bei der
Schmerzwahrnehmung, welche im Allgemeinen als ein sehr umfassender und komplexer

molekularbiologischer und biochemischer Prozess angesehen wird, durchaus Sinn macht [71].
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2.4 DNA-Sequenzierung

Der Begriff “DNA-Sequenzierung” beschreibt die Bestimmung der genauen Nukleotid-Abfolge
in einem DNA-Molekiil. Dieser Prozess hat die molekularen Biowissenschaften revolutioniert
und die Ara der Genomik eingeleitet. Um die Terminologie der DNA-Sequenzierung zu
verstehen, ist es wichtig die molekulargenetischen Vorgdnge zu kennen, die diesem Prozess

zugrunde liegen.

2.4.1 Genetische Grundlagen der DNA-Sequenzierung

Desoxyribonukleinsdure (DNA) ist die Grundeinheit, deren Abfolge der einzelnen Basenpaare
alle Informationen eines Organismus codiert, die fiur das Funktionieren seiner gesamten
biologischen und biochemischen Prozesse erforderlich sind. DNA liegt in Form einer
doppelstrangigen Helix vor, die aus vier Nukleotiden besteht, die wiederum unterschiedliche
Basen enthalten: Adenin (A), Guanin (G), Cytosin (C) und Thymin (T). Diese DNA-Strange sind
in Chromosomen organisiert. Die Doppelstrangstruktur basiert auf der Komplementaritat der
einzelnen Basen. Adenin paart mit Thymin und Guanin paart mit Cytosin. Die DNA liefert auch
die Vorlage, mit der die Messenger-Ribonukleinsaure (mRNA), durch einen Prozess namens
“Transkription” erzeugt wird. Die mRNA ist einzelstrangig und somit klein genug, um durch
den Zellkern zu gelangen und wird anschliefend durch einen als “Translation” bezeichneten
Prozess im Cytoplasma in eine Kette von Aminosaduren Ubersetzt, um ein funktionierendes
Protein zu bilden. Ein Codon ist ein Satz von drei aufeinanderfolgenden Basen und jedes Codon
kann in eine bestimmte Aminosaure (ibersetzt werden oder zeigt das Ende des Proteins an
(zum Beispiel entspricht das Codon GTC der Aminosdure Valin und TAG ist eines der drei
Stopp-Codons). Als menschliches “Genom” bezeichnet man den kompletten Satz
chromosomaler DNA, der beim Menschen ungefdahr 3 Milliarden Basenpaare umfasst, die in
23 Chromosomenpaare unterteilt sind. Allerdings sind nicht alle dieser Basenpaare an der
Codierung von Proteinen beteiligt, da das Genom aus Protein-codierenden Regionen (Exons)
und nicht-codierenden Regionen (Introns) besteht. Der vollstandige Satz von Protein-
codierenden Regionen wird als "Exom" bezeichnet und stellt ungeféhr ein bis zwei Prozent des

Genoms dar [72].
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2.4.2 Anwendungsbereiche von DNA-Sequenzierungen

Eine genetische Analyse kann zu medizinischen oder nicht medizinischen Zwecken (wie zum
Beispiel bei Abstammungsanalysen) durchgefiihrt werden. Im klinisch-medizinischen Bereich
zielt die DNA-Sequenzierung unmittelbar auf eine Diagnostik hin, wie zum Beispiel bei der
Fragestellung nach dem Vorliegen einer vererbten oder erworbenen genetischen Abweichung
[73]. Die jeweiligen Ansatze einer genetischen Analyse kénnen sehr unterschiedlich sein und
sind vom Umfang her von ihrem jeweiligen Anliegen abhdngig. Es kdnnen einzelne, fest
definierte Gen-Stellen im Fokus liegen oder auch umfangreiche genomweite Ansatze
durchgefihrt werden. Die Exom-Sequenzierung hat die Erfassung aller fir die
Proteinmolekiile codierenden Genabschnitte zum Ziel [74], bei einer Genom-Sequenzierung
wird die Gesamtheit der Nukleotid-Sequenzen in allen 23 Chromosomenpaaren
untersucht [75]. Eine eher punktuelle Analyse wird bei einer zielgerichteten Gen-
Sequenzierung, oder auch Panel-Diagnostik, durchgefiihrt, bei der nur Gen-Stellen, die fir
eine bestimmte Diagnose relevant sind, untersucht werden [76]. Dies wird oft im Bereich der
Pharmakogenetik durchgefiihrt, wo sich DNA-Sequenzierungen zur Feststellung von
Genvarianten auf spezielle Gene fokussieren, die fiur die Wirkung oder den Abbau von
bestimmten Medikamenten zustandig sind, oder im Bereich der Krebsdiagnostik, wo sich
Analysen auf Verdanderungen in Genen richten, deren Varianten sich krebsférdernd
(Onkogene) oder krebshemmend (Tumorsuppressorgene) auswirken koénnen [73]. Das
Ergebnis einer genetischen Analyse erhdlt jedoch erst durch das Wissen um seine
phanotypische Bedeutung flr das untersuchte Individuum oder die untersuchte Gruppe eine
Aussagekraft. Bei pradiktiver Diagnostik liegt hingegen noch kein relevanter Phanotyp vor. Die
genetische Untersuchung hat hierbei vielmehr eine Voraussage zum Ziel, namlich ob und mit
welcher Wahrscheinlichkeit und unter welchen sonstigen Bedingungen bei einer Person ein

bestimmter Phanotyp entstehen kénnte [77].
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2.4.3 “Next-Generation-Sequencing”

Der Begriff “Next-Generation-Sequencing” (NGS), auf Deutsch “Gensequenzierung der
nachsten Generation” oder auch "Hochdurchsatz-Sequenzierung" genannt, umfasst eine
Sammlung von genetischen Sequenzierungstechniken. Diese DNA- und RNA-
Sequenzierungsmethoden verwenden viele parallele Prozesse, was zu einer schnelleren
Verarbeitung flhrt, womit sie dem urspriinglichen Sanger-Sequenzierungsverfahren in den
Punkten Zeitaufwand, Kosten und Genauigkeit der Sequenzierung (iberlegen sind [78, 79].
Beispiele hierfur sind unter anderem die Plattformen lllumina, Roche 454, lon Torrent™ und
SOLID. In einer kirzlich veroffentlichten Studie konnte gezeigt werden, dass NGS bei der
Detektion von Mutationen beim Gen BRCA1/2 akkurater und sensitiver gewesen war, als die

traditionelle Sanger-Methode [80].

Fast 30 Jahre lang war die Sanger-Sequenzierung der Goldstandart fiir die Mutationsdetektion
in der molekularen Genetik. Diese Methode wurde 1977 von Frederick Sanger vorgestellt und
1980 mit dem Nobelpreis ausgezeichnet [81]. Sie beruht auf dem Kettenabbruch-Verfahren,
bei der wie bei der Polymerase-Kettenreaktion (PCR) ein DNA-Strang von einer Polymerase
abgelesen und eine komplementdre Kopie davon angefertigt wird. Der Vorgang der
Sequenzierung erfolgte dann an einem einzelnen DNA-Fragment durch Kettenabbriiche und
anschlieBender  elektrophoretischer  Auftrennung  der  unterschiedlich langen
Syntheseprodukte [82]. Beim NGS erfolgt dieser Vorgang parallel, das heit es werden
Millionen von unterschiedlich langen DNA-Fragmenten gleichzeitig sequenziert. Dies wird
erreicht, indem man die Einzelfragmente an einer Oberfliche fixiert, dies koénnen
beispielsweise kleine Kugeln auch “Beads” genannt (lon Torrent™) oder eine Glasoberflache
(Hlumina) sein. Die fixierten Einzelfragmente werden dann anschlieRend um ein Vielfaches
amplifiziert. Der Vorgang der Sequenzierung erfolgt lokal begrenzt an der jeweiligen
Oberflache, wodurch es moglich ist, parallel Millionen von Fragmente gleichzeitig und im

selben Volumen zu synthetisieren [83].

Eine weitere groRRe Erneuerung dieser neuen Technologien ist die Moglichkeit, dass die
Sequenzier-Reaktion selbst jeweils Base fiir Base spezifisch sichtbar gemacht werden kann.
Die jeweiligen Methoden, um diese Sequenzier-Reaktionen optisch aufzunehmen, sind bei
jeder Plattform unterschiedlich realisiert worden. Bei der lon Torrent™ Plattform kann der

Einbau eines Nukleotids durch eine leichte Abanderung des pH-Werts gemessen werden, bei
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der lllumina Plattfort ist die Nukleotid-Detektion an einen Fluoreszenzfarbstoff gekoppelt. Ist
der eigentliche Sequenzier-Vorgang abgeschlossen, werden die zahlreichen sich teilweise
Uberlappenden Einzelfragmente mit Hilfe einer speziellen und komplexen gerateinternen
Analyse-Software wieder in die richtige Reihenfolge zusammengesetzt. Dies geschieht unter
Zuhilfenahme des bekannten menschlichen Referenzgenoms (hgl9). Weitere gerateinterne
Schritte am Ende einer Sequenzierung umfassen die Zuordnung von zusammengesetzten
Teilsequenzen an die korrekte Lokalisation im zutreffenden Chromosom und eine
umfangreiche Fehlerkorrektur, denn erst in diesem Stadium der Erstellung einer
Genomsequenz ist eine interpretierende Untersuchung von funktionell relevanten

genetischen Varianten des gesamten Chromosoms sinnvoll moglich [77].

Da das Probenmaterial vervielfaltigt werden muss und eine Polymerase-Kettenreaktion in der
Theorie nie komplett fehlerfrei ablauft, konnen bei dem Sequenzier-Vorgang Unsicherheiten
oder Fehler auftreten. Da das Genom aber nicht nur ein einziges Mal synthetisiert wird,
sondern so viele Fragmente enthalt, dass sie zusammen mindestens dem 30-fachen des
ganzen Genoms entsprechen, kann ein sehr groRer Anteil der auftretenden Fehler korrigiert
werden. Man spricht in diesem Zusammenhang von einer “30-fachen-Coverage”, was auch in
dem Begriff der “Hochdurchsatz-Sequenzierung” wiedergegeben wird [84]. Der
Arbeitsaufwand ist jedoch nach Abschluss des Sequenzier-Prozesses und dem anschlieBenden
Sortieren der Sequenzstiicke zu einem kompletten Genom noch lange nicht abgeschlossen.
Nun erfolgt ein ebenso wichtiger wie komplexer Arbeitsschritt, das Auswerten der
Sequenzdaten. Fir diese Form der Datenanalyse wird eine komplett neue bioinformatorische
Expertise benotigt, welche die herkdmmliche Auswertung biomedizinischer Daten bei Weitem

Ubersteigt [85].
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2.4.4 lon Torrent™ Technologie

Im Gegensatz zu anderen auf dem Markt existierenden NGS-Plattformen nutzt das lon
Torrent™-System fiir den Sequenzierungsprozess das Halbleiterverfahren, womit es méglich
ist mittels integrierter Schaltkreise eine unmittelbare nicht-optische Genom-Sequenzierung
durchzufiihren. Dieses Prinzip basiert auf einem Halbleiter-Chip, ahnlich den Chips, die in
Digitalkameras verbaut werden. Wahrend Kamera-Chips eine Schicht mit Millionen von Pixeln
besitzen, die Licht in digitale Informationen umwandeln, hat ein lon Torrent™ Sequenzier-
Chip Millionen kleiner Vertiefungen, in denen sich ionensensitive Sensoren befinden, in denen
die Polymerase-Reaktion stattfindet. Die chemische Information dieses Vorgangs wird erfasst

und in digitale Information umgewandelt.

Der Sequenzier-Prozess beginnt, nachdem ein DNA-Sample in Millionen einzelner Fragmente
aufgetrennt wird. Jedes Fragment bindet dann an seinen eigenen “Bead” und wird
vervielfaltigt, bis die gesamte Oberflache mit Replikationen bedeckt ist. Dieser automatisierte
Prozess findet an Millionen verschiedener “Beads” und mit Millionen verschiedenen DNA-
Fragmente statt. Alle 15 Sekunden werden nacheinander alle vier moglichen Nukleotide
hinzugegeben, wird ein Nukleotid nach dem Prinzip der komplementdren Basenpaarung in
den DNA-Strang eingebaut, wird dabei ein Wasserstoff-lon freigesetzt. Das freigelassene H+
lon andert den pH-Wert der Lésung und diese minimale Abanderung wird direkt auf dem Chip
registriert. Direkt unter jeder Vertiefung befindet sich die lonen-sensitive Schicht, welche die
pH-Veranderung erkennt und in Strom umwandelt. Bei jeder eingebauten Base wird also ein
Stromsignal abgegeben und anhand der Intensitit des gemessenen Signals kdnnen
Wiederholungen desselben Nukleotids identifiziert werden. Zusammengefasst gesagt: Das lon
Torrent™ System kombiniert einen einfachen chemischen Prozess mit bewahrter Halbleiter-
Technologie und vereinfacht, beschleunigt und verglinstigt somit den Sequenzier-Vorgang

gegenlber dem traditionellen Sanger-Verfahren erheblich.

Aufgrund der Halbleiter-Technologie ist das System prinzipiell auch weniger stéranfalliger als
andere Sequenzier-Methoden, wie zum Beispiel das Pyrosequencing, da zum Auslesen der
Informationen keine photometrischen Verfahren verwendet werden [86]. AuRerdem ist zu
erwarten, dass sich Sequenzier-Kosten und die Sequenzier—-Geschwindigkeit durch den
Verbau integrierter Schaltkreise, dhnlich wie bei Computerchips, durch immer komplexere

Herstellungsverfahren laufend verbessern (Mooresches Gesetz) [87]. Die Kosten fiir die NGS-

18



Analyse eines Patienten betragen momentan ungefahr 150 Euro [88, 89], wobei das immer
abhangig von der jeweiligen GroRe des Gen-Panels und der GroRe der gewiinschten
Sequenzier-Abdeckung (“Coverage”) ist. Ein GroRteil der Kosten fillt dabei auf die Anfertigung
des Primer-Panels und die Konstruktion der Templates, nur ein kleiner Anteil von ungefahr 10

Prozent ist flr den eigentlichen Sequenzier-Vorgang aufzuwenden [89].

2.4.5 lon Torrent™ Workflow

Der lon Torrent™ Workflow l&sst sich in drei Bereiche aufteilen: (i) Anfertigung des Template,
(i) Sequenzierung und (iii) Daten-Analyse. Zunachst ist es bei einer zielgerichteten DNA-
Sequenzierung jedoch erforderlich, die einzelnen Amplicons fiir die gewlinschten Targets zu
einem Primer-Panel zu synthetisieren. Bei der lon Torrent™-Plattform geschieht das Giber das
Online-Tool AmpliSeq™ Designer [84]. Ein AmpliSeq™-Panel besteht aus einem Pool von
Oligonukleotid-Primerpaaren und bildet die Basis der Primer-Bibliothek, wobei jedes Paar zur
Amplifikation einer bestimmten genomischen Region bestimmt ist. Einzigartig bei diesem
Ansatz ist die Fahigkeit, dass bis zu 24,000 Primer-Paare in einer einzigen PCR-Reaktion vereint
werden kdnnen, was bedeutet, dass man in einem einzelnen Sequenzier-Durchgang eine

Vielzahl an Genen integrieren kann [84].

2.4.5.1 Template Konstruktion

Die Template-Konstruktion umfasst den Aufbau einer Bibliothek von Nukleinsauren (DNA oder
komplementire DNA) und deren Amplifikation auf Basis des vorher konturierten AmpliSeq™-
Pools. Diese Sequenzier-Bibliotheken werden konstruiert, indem die DNA-Probe zunachst
fragmentiert wird und danach Adaptersequenzen (synthetische Oligonukleotide einer
bekannten Sequenz) an die Enden der DNA-Fragmente ligiert werden. Einmal angefertigt,
bilden die Bibliotheken den ersten Schritt der Sequenzierung und kénnen fiir viele
verschiedene Sequenzier-Vorgiange amplifiziert werden. Die lon Torrent™ “Personal Genome
Machine“-Einheit (PGM) verwendet eine Emulsions-PCR auf Basis des lonOneTouch™-
Systems, um Fragmente einer einzelnen Bibliothek auf Mikrokligelchen zu amplifizieren,
wahrend das MiSeqg-System der Firma Illumina eine Briickenamplifikation verwendet, um

Matrizencluster auf einer Durchflusszelle zu bilden [86, 90].
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Um eine Nukleinsdure-Sequenz aus den amplifizierten Bibliotheken zu erhalten, stiitzen sich
sowohl das lon Torrent™ PGM als auch das MiSeq auf das Prinzip “Sequenzierung durch
Synthese” (“Sequencing by Synthesis“). Es wird also die Synthese eines komplementéaren
Stranges Nukleotid fiir Nukleotid verfolgt. Die Bibliotheks-Fragmente fungieren dabei als
Matrize, aus der ein neues DNA-Fragment synthetisiert wird. Die Sequenzierung erfolgt durch
einen Wasch- und Floating-Zyklus der einzelnen Fragmente mit den bekannten Nukleotiden
in sequentieller Reihenfolge. Wenn Nukleotide in den wachsenden DNA-Strang eingebaut
werden, werden sie digital als Sequenz aufgezeichnet. Das PGM und das MiSeq besitzen einen
unterschiedlichen Mechanismus zum Nachweis der Sequenzinformationen. Das PGM fihrt
eine Halbleitersequenzierung durch, die auf dem Nachweis von pH-Anderungen beruht, die
durch die Freisetzung eines Wasserstoff lons beim Einbau eines Nukleotids in einen
wachsenden DNA-Strang induziert werden. Im Gegensatz dazu beruht der MiSeq auf dem
Nachweis der Fluoreszenz, die durch den Einbau fluoreszenzmarkierter Nukleotide in den

wachsenden DNA-Strang erzeugt wird [86].

2.4.5.2 Datenanalyse

Sobald der Sequenzier-Vorgang abgeschlossen ist, missen die Rohsequenzdaten mehreren
Analyseschritten unterzogen werden, um sie verwertbar zu machen. Eine verallgemeinerte
Datenanalyse-Pipeline fir NGS-Daten umfasst (i) eine Vorverarbeitung der Daten, um
Adaptersequenzen und Lesevorgdnge von geringer Qualitat zu entfernen, (ii) die Zuordnung
der Daten zu einem Referenzgenom oder die “de novo“-Ausrichtung der Lesevorginge
(Sequenzier-Vorgang ohne Referenzgenom) und (iii) die Analyse der zusammengesetzten
Sequenzen. Der letzte Schritt kann eine Vielzahl von bioinformatischen Methoden umfassen.
Es existieren einige freizugdngliche Software-Tools um grundlegende Datenauswertungen auf
der Basis von Nukleotid-Variationen, dem Nachweis neuer Gene oder regulatorischer
Elemente und die Bewertung der Transkriptions-Expressionsgrade vorzunehmen [91]. NGS
bietet einen umfassenden Zugang auf die Sequenzdaten des Genoms und kann auch
problemlos zur Diagnose krankheitsassoziierter genetischer Merkmale eingesetzt
werden [92]. Die Interpretation der Daten bleibt jedoch aufgrund der Grofse und Komplexitat

des Genoms immer noch eine bioinformatische Herausforderung.
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2.4.5.3 Genetische Variationen

Einzelnukleotid-Variationen (SNVs) treten auf, wenn eine Base durch eine andere ersetzt wird
(zum Beispiel ein Guanin fir ein Thymin). Dies verandert die DNA an einem einzelnen Punkt
und wird daher auch als Punktmutation bezeichnet. Der Effekt dieser Punktmutation kann
dramatisch sein und man klassifiziert SNVs aufgrund ihrer Auswirkungen in "Missense",
"Silence" und "Nonsense". Eine “Missense”-Mutation fiihrt zu einem Aminosdurewechsel,
zum Beispiel ein Wechsel von GTA zu GAA wiirde bewirken, dass die Aminosdure von Valin zu
Glutamin wechselt. Eine “Silence”-Mutation fiihrt nicht zu einer Anderung der Aminoséure,
da Redundanz besteht, was bedeutet, dass viele Aminosdauren von mehreren Codon-Tripletts
codiert werden. Eine “Nonsense“-Mutation fuhrt zur Einfihrung eines Stopp-Codons.
Beispielsweise fiihrt eine Mutation von TCA zu TAA zur Produktion des Stopp-Codons TAA
anstelle der Aminosdure Serin. Dies kann dann dazu fihren, dass ein kleineres Protein
produziert wird, da die DNA nach dem Stopp-Codon nicht weiter translatiert wird, was die
Funktion des Proteins wahrscheinlich erheblich beeintrachtigt.

Insertionen und Deletionen sind weitere Varianten von Einzelnukleotid-Abweichungen und
werden auch als “Indels” bezeichnet. In diesem Fall werden eine oder mehrere Basen in die
Sequenz eingefligt oder aus der Sequenz geldscht, was zu einer Verschiebung des kompletten
Leserasters fuhrt, insofern die Anzahl der eingefligten oder geléschten Nukleotide nicht drei
oder ein Vielfaches von drei ist.

Als Polymorphismus bezeichnet man eine in einer Population haufig vorkommende
Abweichung der DNA-Sequenz. Ob eine genetische Variation als Mutation oder als
Polymorphismus bezeichnet wird, hangt von der Haufigkeit ab, in der sie in der Population
auftritt. Hier wurde ein Grenzwert von einem Prozent festgelegt, was bedeutet, dass eine
genetische Variation als Polymorphismus bezeichnet wird, wenn sie in mehr als in einem
Prozent der Bevolkerung auftritt, und als Mutation, wenn sie in weniger als einem Prozent der
Bevolkerung vorkommt [93].

Single Nucleotide Polymorphismen (SNPs) sind die am haufigsten vorkommenden Typen von
SNVs. Viele SNPs treten in nicht-codierenden Bereichen des Genoms auf und die Mehrzahl der
SNPs hat keine, zumindest bekannte, klinische Relevanz [94]. Andere SNPs sind jedoch mit
einer veranderten Reaktion auf bestimmte Medikamente oder dem Risiko der Ausbildung
bestimmter Krankheitsbilder assoziiert, wobei es aber schwierig ist, einen einzelnen
verantwortlichen SNP zu lokalisieren, da viele SNPs korrelieren und erst gemeinsam als Masse

eine erkennbare Auswirkung auf den Phanotyp haben [95].
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2.5 Computionale Wissensgenerierung

In den letzten Jahren ist das Volumen von generierten Daten in den molekularen
Biowissenschaften vor allem durch den massiven Fortschritt im Bereich der NGS-Technologien
exponentiell angestiegen [85]. Weil die Technologie der Sequenzier-Verfahren immer besser
wird und gleichzeitig auch die Kosten sinken, steigt demnach auch die Menge der generierten
Daten. Zum Beispiels besitzt ein lon Torrent™ S5XL-System die Kapazitat, um innerhalb eines
Jahres mehr als 18 Tera-Basen (102 Basen) zu produzieren [84], was bedeuten wiirde, das
man taglich das komplette Genom eines Menschen sequenzieren kénnte. Zum Vergleich, das
“Human Genome Project”, an dem mehr als 1.000 Wissenschaftler beteiligt gewesen sind,

bendtigte zur vollstandigen Entschliisselung des menschlichen Genoms tiber 12 Jahre [96].

Die Kosten fir die Sequenzierung eines menschlichen Genoms betragen derzeit weniger als
1.000 US-Dollar [97] und sind somit auf ihrem bisher niedrigsten Wert, was es nun maoglich
macht, groR angelegte Sequenzier-Projekte zu finanzieren und das in einem Volumen, wie es
vor einigen Jahren noch nicht denkbar gewesen ware. Nicht enthalten sind in diesen
Preisprojektionen allerdings die Kosten fir die Interpretation der umfangreichen und
komplexen Daten. Diese dirften trotz entsprechenden Fortschritten im Bereich der “Data
Science” auch weiterhin vergleichsweise hoch bleiben [77]. Man schéatzt trotzdem, dass
innerhalb des nachsten Jahrzehnts bis zu zwei Milliarden menschliche Genome fertig
sequenziert werden konnten, was mehr als ein Viertel der aktuellen Weltbevélkerung
ausmacht [98]. Dieser rasante Fortschritt wird sich erheblich auf viele Forschungsgebiete
auswirken, vor allem auf Bereiche der personalisierten Medizin. Des Weiteren sind splirbare
Auswirkungen bei der Entdeckung und Erforschung neuer Wirkstoffe und Arzneimittel

absehbar [99].
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2.5.1 Maschinelles Lernen

Maschinelles Lernen bezeichnet eine Ansammlung informatischer Methoden, die dazu in der
Lage sind automatisch Muster in Daten zu erkennen und diese dann zu nutzen, um zukiinftige
Daten vorherzusagen, sie zu klassifizieren, Strukturen wie Untergruppen zu identifizieren oder
Informationen aus den Daten zu extrahieren, die dann wiederum dazu geeignet sind, um an

ihnen neues Wissen ableiten zu konnen [100].

Fast jeder hat im Alltag bereits Erfahrungen mit maschinellen Lernsystemen gemacht und
nutzt sie auch regelmaRig. Die Rede ist von Spracherkennungssoftware, so wie “Siri“,
“Cortana”“, und “Alexa“. Sprachgesteuerte Assistenzsysteme sind allerdings nur eine der vielen
Anwendungsbereiche fir selbstiandiges maschinelles Lernen. Zu den weiteren Anwendungen
gehoren die automatische Betrugserkennung, Empfehlungssysteme in Onlineshops oder die
DNA-Analyse [101]. Dank einer rasanten Weiterentwicklung von Computersystemen hat sich
auch der Bereich der “Data Science” schnell entwickelt. Seit Kurzem stehen potenziellen
Datenwissenschaftlern regelrechte Supercomputer zur Verfligung, die in der Lage sind, die fur
das maschinelle Lernen notwendige hohe Rechenleistung zu erbringen. Mit acht Tesla-P100-
Grafikprozessoren ausgestattet leistet der Rechner des Herstellers “Nvidia“ 170 Tera-FLOPS,
wobei ein Tera-FLOP 102 Operationen pro Sekunde entspricht. Fiir diese Leistung benétigte
man hierfir bislang bis zu 250 Intel-Xeon-E5-Systeme [102]. Diese Leistung wird moglich, da
Grafikprozessoren dazu in der Lage sind Dutzende oder sogar Hunderte von Rechenvorgangen

parallel zu verarbeiten [103].

Die Methoden des maschinellen Lernens erlauben es Muster in groRen und komplexen
Datenmengen zu identifizieren, ohne dass die Struktur der Muster explizit gegeben sein muss.
In diesem Zusammenhang wird oft der Begriff “Big Data” genannt. Dies bezeichnet
elektronisch erzeugte und gespeicherte Datensatze, die sowohl in ihrer GroRe als auch in ihrer
Komplexitdt so umfangreich sind, dass neue algorithmische Techniken erforderlich sind, um
aus ihnen nitzliche Informationen zu gewinnen [100]. Diese lernenden Systeme kénnen dabei
nicht nur GesetzmaRigkeit in groBen Datenmengen erkennen und daraus Regeln zur
Klassifizierung ableiten, sie treffen auch Vorhersagen tber zukiinftige Ereignisse, bereiten
wissensbasiert Entscheidungen vor oder treffen diese selbststandig ohne menschliches

Zutun [104].
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Je nachdem was fiir Daten man vorliegen hat oder was man mit ihnen anstellen mochte, gibt
es unterschiedliche algorithmische Ansatze. Grundsatzlich funktionieren diese verschiedenen
Ansatze nach einem ahnlichen Schema. Das System erhalt zunachst Trainingsdaten anhand
derer es ein Model ableitet, dieses wird dann mit Hilfe von Testdaten Gberprift und optimiert.
Nach einigen Durchgangen kann das Verfahren dann auf Daten angewendet werden deren
Klassifikation unbekannt ist, um Muster oder Assoziationen zu finden [103]. Die verschiedenen
Verfahren des maschinellen Lernens lassen sich grob in zwei verschiedene Kategorien
einteilen. Man unterscheidet zwischen dem “Uniberwachten Lernen” (“Unsupervised
Learning”), also ein Lernen ohne menschliches Zutun und ohne im Voraus bekannte Zielwerte,
und dem “Uberwachten Lernen” (“Supervised Learning”), bei dem ein menschlicher “Trainer”
die Lernergebnisse bewertet und die Ergebnisse durch Naturgesetze oder Expertenwissen
bekannt sind und genutzt werden um das System anzulernen [105]. Uniberwachte
Algorithmen eignen sich vor allem fiir die Mustererkennung in Datensatzen. Beispiele sind
hierfiir das “k-Means-Clustering“-Verfahren oder die Hauptkomponenten-Analyse [106]. Das
Uberwachte Lernen findet haufig Anwendung um Vorhersagen zu treffen oder
Klassifizierungen vorzunehmen. Beispiele fiir iberwachtes Lernen sind die “k-Nearest-

Neighbor“-Analyse, “Support-Vektor-Machines” oder “Random Forests*“.

2.5.2 Maschinelles Lernen in der Schmerzforschung

Die Schmerzforschung gehért zu den Bereichen, in denen groBe Mengen an
multidimensionalen Daten aufgenommen werden, da sich Schmerz aufgrund seiner
komplexen Pathophysiologie in komplexen und heterogenen klinischen Phanotypen
ausdriickt [107]. Die Verwendung moderner DNA-Sequenzierungs-Methoden wie dem NGS
flhrt zwar zu uneingeschranktem Zugang zum menschlichen Genom, produziert jedoch auch
“Big Data“, das in Menge und Komplexitat die Auslese-Fahigkeit der klassischen analytischen
Ansatze bei Weitem Ubertrifft [108]. Durch die computergestitzte Verarbeitung komplexer
schmerzbezogener Datensatze ist es moglich Informationen effektiver zu extrahieren.
Maschinelles Lernen hat aufgrund dieser neuen Art der Wissensgenerierung die Moglichkeit
das pathophysiologische Verstindnis von Schmerzen zu verbessern und somit die

Behandlungsmoglichkeiten von Schmerzpatienten positiv zu beeinflussen [100].
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2.6 Wissenschaftliche Hintergriinde dieser Arbeit

Diese Arbeit wurde im Rahmen eines, von der Europaischen Union geforderten Projekts des
Forschungsrahmenprogramms 7 (FP7), durchgefihrt. Das Projekt GLORIA (Glial Opioid
Receptor Interface in Analgesia) beschaftigte sich mit Neuroinflammation und der Rolle der
Gliazellen-Aktivierung bei chronischen Schmerzzustinden. Ziel war es, neuartige Analgetika
zu entwickeln und Molekiile zu synthetisieren, die entweder auf die Gliazellen-Aktivierung
Uber den Toll-like-Rezeptor Reaktionsweg abzielen, analog sind zu endogenen Opioid-
Liganden oder an die gleichen Rezeptoren binden, so wie die Liganden aus der Biomolekiil-
Familie der neuroprophen Faktoren. Die Hauptaufgabe der Arbeitsgruppe aus Frankfurt am
Main bestand in der Identifizierung genetischer Biomarker bei chronischen
Schmerzzustanden. Dazu wurde ein sehr komplexer Datensatz von der Universitat Helsinki zur
Verfligung gestellt, basierend auf einer Kohorte von 1.000 Frauen kaukasischer Herkunft, die
sich einer Brustkrebs Operation unterzogen hatten, und umfasste auer DNA-Proben auch
umfangreiche Schmerzdaten [109]. AuBerdem standen die modernen Technologien der

Hochdurchsatz-Sequenzierung (lon Torrent™ Plattform) zur Verfligung.

2.6.1 Etablierung der lon Torrent™ Plattform

Manuskript #1 Next-generation sequencing of human opioid receptor genes based on a custom

AmpliSeq™ library and ion torrent personal genome machine

Zunichst wurde die neue Methode der lon Torrent™ Sequenzierung etabliert [89]. Da die
DNA-Menge des von der Universitdt Helsinki zu Verfligung gestellten Datensatzes nur in
begrenzter Menge vorlag, und die Kosten fiir eine NGS-Sequenzierung vergleichsweise hoch
sind, wurde zunachst mit bereits archivierter und projektfremder humaner DNA gearbeitet,
um sicher zu stellen, dass die Etablierung des lon Torrent™-Systems mit Proben durchzufihrt
werden konnte, welche in ausreichender Menge zur Verfligung standen. Dazu wurde auf
einen dlteren Datensatz zuriickgegriffen, der aus DNA-Proben von Patienten bestand, welche
zum Erzielen einer analgetischen Wirkung ungewohnlich hohe Mengen an Opioiden

bendtigten, obwohl dafiir keine medizinische Ursache vorlag [88].
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Das Opioid-System ist an der Kontrolle des Belohnungssystems, Suchtverhalten aber auch bei
der Schmerzwahrnehmung beteiligt. Opioide tben ihre pharmakologische Wirkung durch die
agonistische Bindung an endogene Opioid-Rezeptoren aus und Variationen in den jeweiligen
codierenden Genen kodnnen die Expression oder Signalgebung der Opioid-Rezeptoren
abandern. Aufgrund der Tatsache, dass die Opioid-Rezeptoren auch einen der
Forschungsschwerpunkte des GLORIA-Projektes ausmachten, war der vorhandene Datensatz

hervorragend fiir eine NGS-Analyse geeignet.

Um eine zielgerichtete exonische Genotypisierung durchzufiihren, wurde mit Hilfe des Online-
Tools AmpliSeq™ ein Primer-Panel fir die Gene der humanen Opioid-Rezeptoren OPRM1
OPRD1 und OPRK1 und der Opioid-dhnlichen Rezeptoren OPRL1 und SIGMA1 entworfen. Dann
wurde der NGS-Workflow in der Kohorte von 79 Schmerzpatienten mit teilweise sehr hohen
Opioid-Gaben durchgefiihrt, um die exonischen Sequenzen der codierenden Genbereiche zu

analysieren und anschlieBend zu bewerten.

Die Sequenzier-Abdeckung (“Coverage”) ist abhangig von der Panel-GroRe und um die vom
Hersteller empfohlene Mindestanforderung bei der “Coverage” zu erreichen, ist es bei einem
groflen Gen-Panel erforderlich, die Patienten auf mehrere Sequenzier-Ldufe zu verteilen.
Damit sichergestellt werden konnte, dass alle einzelnen Laufe eine vergleichbare Sequenzier-
Qualitat aufwiesen, wurde ein besonderes Augenmerk auf eine gleichbleibende
Messgenauigkeit gelegt. Aullerdem wurde eine Methode etabliert, um die NGS-
Messergebnisse zu validieren. Dazu wurden mehrere zufallig ausgewahlte DNA-Proben in
einem externen und unabhéangigen Labor per Sanger-Sequenzierung nochmals analysiert und

anschlielend miteinander verglichen [89].
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2.6.2 Etablierung bioinformatischer Methoden zur Auswertung von
“Big Data“

Manuskript #2 Emergent biomarker derived from next-generation sequencing to identify pain

patients requiring uncommonly high opioid doses

Die NGS-Analyse der im vorangegangenen Kapitel beschriebenen 79 Schmerzpatienten konnte
erfolgreich durchgefiihrt werden, die verschiedenen Sequenzier-Laufe entsprachen den vom
Hersteller empfohlenen Qualitdatsanforderungen [84] und lieferten in der gesamten Population
in allen Opioid-Rezeptoren insgesamt 152 Einzelnukleotid-Variationen. Es stellte sich bei der
Datenanalyse jedoch heraus, dass das klinische Problem des hohen Opioid-Bedarfs nicht
anhand einzelner Varianten zu erklaren war. Einzelne funktionelle genetische Variationen
werden fir die genetische Diagnose klinischer Phanotypen zunehmend als unzureichend
betrachtet [110]. Die Akkumulation mehrerer genetischer Varianten, die einzeln nur geringen
funktionelle Einflisse haben, kann jedoch erkennbare Auswirkungen haben [88]. Deswegen
war es das Ziel, die durch NGS produzierte Datenmenge in einen klassifizierenden Biomarker
zu konvertieren, um die Fragestellung erdrtern zu kénnen, warum einige Patienten der
sequenzierten Kohorte ohne ersichtlichen Grund extrem hohe Mengen an Opioiden
bendtigten. Dieser selbst-lernende und sich selbst-verbessernde Biomarker sollte in der Lage
sein, mit Hilfe der NGS-Daten einzelne Patienten richtig zu klassifizieren, also die jeweiligen
Patienten in die Gruppe der “Hohe-Opioid-Dosen” oder “Niedrige-Opioid-Dosen” richtig
zuordnen zu kénnen. AulRerdem sollte er das Potenzial haben bisherige klassische Ansatze zur
genetisch basierten Patientenklassifikation zu Ubertreffen, deren Funktionalitdt durch

Komplexitat der vorhandenen Menge an "Big Data" nicht mehr gegeben war [88].
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2.6.3 Charakterisierung und Identifizierung von Schmerzphanotypen

Manuskript #3 Next-generation sequencing of the human TRPV1 gene and the regulating co-
players LTB4R and LTB4R2 based on a custom AmpliSeq™ panel & Manuskript #4 Machine-

learned analysis of the association of next-generation sequencing—based human TRPV1 and

TRPA1 genotypes with the sensitivity to heat stimuli and topically applied capsaicin

Ein Schmerzphanotyp kann als ein MaR definiert werden, das direkt oder indirekt die gesamte
und teilweise Verarbeitung des Schmerzsystems widerspiegelt. Er dient als eine Art Fenster
fir die der Schmerzwahrnehmung zugrundeliegenden pathophysiologischen neuronalen
Mechanismen und kann somit auch als eine Art Leitfaden fir die Entwicklung einer
personalisierten Schmerzmedizin dienen [111]. Ebenso ist die Existenz von Untergruppen in
der jeweiligen Untersuchungskohorte eine haufige und oft auch bedeutsame Fragestellung,
da aus deren Charakterisierung Riickschlliisse auf den sogenannten datengenerierenden

Prozess geschlossen werden kann [107].

Diese Fragestellung war bei der gewiinschten Assoziation von komplexen Genotypen mit
Schmerzphanotypen essenziell, erforderte aber bei der durch die NGS-Analyse des
Datensatzes aus Helsinki zu erwarteten umfangreichen Menge an “Big Data“ eine Entwicklung
neuer bioinformatischer Methoden. Deshalb wurde die Etablierung dieser analytischen
Anwendung an einem kleineren NGS-Datensatz durchgefiihrt. Dazu wurde auf eine Kohorte
gesunder Patienten aus einer zuvor veroffentlichten Studie zurtickgriffen, bei der die Rolle von
Capsaicin und UV-B als Sensibilisierungsmethode gegenliber Hitzereizen erértert wurde [112].
Mit Hilfe von NGS wurden 75 gesunde Probanden genotypisiert und die exonischen DNA-
Sequenzen der fiir die TRP-Kanale codierenden Gene TRPA1 und TRPV1 erzeugt. Die bei dem
NGS-Ansatz erzeugten genetischen Informationen enthielten 278 Gen-Loci mit Abweichungen

zum Referenzgenom in Form von Einzelnukleotid-Variationen [30].
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Die zelluldren lonenkandle der TRP-Familie spielen eine wichtige Rolle in der
Schmerzwahrnehmung und vermitteln nozizeptive Sensibilisierung und Hyperalgesie [113,
114]. TRPV1 sowie TRPA1l sind aktuell das Ziel neuartiger Analgetika und gelten als
vielversprechende Targets bei der Entwicklung von neuen Medikamenten [30]. Von daher
konnten genetische Varianten von TRPV1 und TRPA1 vielversprechende Kandidaten fur

pharmakogenetische Modulationen von Arzneimittelwirkungen sein [29].

Bei dieser Analyse wurde die Fragestellung verfolgt, ob es bei den genotypisierten Probanden,
bei denen im Vorfeld Hitzeschmerzschwellen vor und nach Sensibilisierung mit lokal
aufgetragenem Capsaicin gemessen wurden, Untergruppen von Reaktionsmustern auf
Hitzeschmerz gibt und ob diese Untergruppen sich hinsichtlich des Genotyps von TRPV1 und
TRPA1 unterscheiden [115].

Nach Datenvisualisierung und anschlieBender Modellierung mittels eines Gaulischen
Mischmodells konnten zwei Untergruppen definiert werden, deren Mitglieder sich entweder
durch niedrige Hitzeschmerzsensitivitat, welche durch das Auftragen von Capsaicin deutlich
verstarkt wurde, oder durch eine von vornherein hohe Schmerzsensitivitat gegenlber
Hitzereizen auszeichneten. Dariliber hinaus wurde eine weitere unabhangige und
computerbasierte Analyse mit dem GWAVA-Tool [116] durchgefiihrt um die biologische
Auswirkung nicht-codierender Gen-Variationen zu ermitteln und diese Ergebnisse mit denen

des maschinellen Lernens zu vergleichen [115].
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2.6.4 Funktionelle genomische Charakterisierung der Schmerz-
Chronifizierung

Manuskript #5 A machine-learned analysis of human gene polymorphisms modulating

persisting pain points to major roles of neuroimmune processes

Die wissenschaftliche Forschung hat im Bereich der Humangenetik innerhalb der letzten 10
Jahre in mehr als hundert Genen viele Einzelnukleotid-Variationen identifiziert, welche
modulierend auf den chronischen Schmerzphanotyp einwirken. Dank einer stetigen
Verbesserung in vielen Bereichen der Informatik, insbesondere bei kiinstlicher Intelligenz,
maschinellem Lernen und Wissensgenerierung aus Datenbanken, ist es moglich, komplexe
molekularbiologische Zusammenhange besser zu verstehen und das Zusammenspiel der
gesamten Faktoren, die fur die Ablaufe komplexer zelluldrer Prozesse in verschiedenen
Gewebestrukturen und in komplexen Organismen notwendig sind, detaillierter zu
charakterisieren. Dadurch besteht nun die Méglichkeit das aus klinischen Studien generierte
Wissen Uber genetische Modulationen mit aktuellen Kenntnissen liber Gen-Funktionen zu
kombinieren und somit dem klinischen Phanomen der Schmerz-Chronifizierung auf Ebene der
funktionellen Genomik zu begegnen. Viele wissenschaftliche Analysen konzentrieren sich im
Bereich der Schmerzforschung auf einzelne bestimmte Gene und meistens sind das oftmals
die gleichen Gene, die schon seit Jahren im Fokus klinischer Forschungsarbeit liegen. Im
Rahmen dieser Arbeit sollte einem innovativeren Ansatz nachgegangen werden und somit
wurde die Fragestellung verfolgt, ob eine Zusammenfihrung des Wissens aller momentan
bekannten schmerzrelevanten Gene neue Erkenntnisse und einen komplexeren Einblick in die
Pathophysiologie von chronischen Schmerzen beim Menschen liefern kann [117]. Daflir wurde
auf bioinformatische Methoden des maschinellen Lernens und verfiigbare empirische Daten
Uber die Modulation langanhaltender Schmerzzustanden durch humane Polymorphismen
zurlickgriffen, um die grundlegenden pathophysiologischen Prozesse zu identifizieren, die bei
der Chronifizierung von Schmerzen beim Menschen eine Rolle spielen. Ziel dieser Auswertung
war eine Charakterisierung der funktionellen Genomik des chronischen Schmerzphanotyps
basierend auf der biologischen Rolle und Funktion von den Genen, die fiir den Prozess der
Chronifizierung modulierend sind, um anschlielend die wichtigsten biologischen Funktionen

ihrer Genprodukte zu analysieren.
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2.6.5 Charakterisierung chronischer Schmerzgenotypen

Manuskript #6 Development of an AmpliSeq™ Panel for Next-Generation Sequencing of a Set

of Genetic Predictors of Persisting Pain

Eine genetische Komponente, die dazu beitragt die individuelle Wahrnehmung von Schmerzen
und den pathophysiologischen Prozess der Chronifizierung besser zu verstehen, ist seit mehr
als einem halben Jahrhundert Thema molekularbiologischer Forschung. Mittlerweile weil
man, dass mehr als 500 Gene an diesen Prozessen beteiligt sind [13]. Wahrend dieses Wissen
es aktuell ermoglicht, gemeinsam mit anderen experimentellen und klinischen
Forschungsstrategien potenzielle Arzneimittel-Targets zu identifizieren, um die Entwicklung
neuartiger Analgetika zu intensivieren, ist unser Verstandnis von der komplexen genetischen
Architektur des Schmerzes und seine Entwicklung in Richtung einer Chronifizierung noch

immer unvollstandig.

Um die Assoziation der genetischen Muster, die den schmerzbezogenen Phanotypen
zugrunde liegen, auf einer breiteren Ebene zu untersuchen und nicht nur allgemein
anerkannte Kandidaten-Gene zu verwenden, die schon seit Jahren mit Schmerz-
Chronifizierung in Verbindung gebracht werden, basierte die vorliegende Auswahl des Gen-
Sets auf zuvor durchgefiihrten systembiologischen Analysen [13, 117]. Das Wissen von 535
empirisch als schmerzrelevant identifizierter humaner Gene wurde mit dem Wissen lber die
biologischen Funktionen Tausender humaner Gene kombiniert. Diese Analysen ergaben
schlielllich ein Set von 77 “Schmerz-Chronifizierungs-Genen”, bestehend aus drei

Untergruppen aus verschiedener Evidenz, welches dann als Basis fiir NGS-Panel diente [118].

(i) Die erste Gruppe bestand aus Genen, welche fiir die Steuerung biologischer Lernprozesse
und neuronale Plastizitat verantwortlich sind [13]. Als Basis fiir diese Hypothese diente die
bereits wissenschaftlich anerkannte Sichtweise [119, 120] dass sich Schmerz als eine Art
Deregulierung bestimmter biologischer Prozesse abbilden lasst, welche in der (GO)-
Datenbank unter den Termen “Learning or Memory” und “Nervous System Development”
zusammengefasst werden. Es wurde eine funktionelle Genomanalyse durchgefiihrt, die eine
Untergruppe von 34 Schmerzgenen identifizierte, welche mit beiden GO-Termen

annotiert waren.
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(ii) Die zweite Gruppe umfasste Gene, die funktionelle Polymorphismen enthielten, welche
die  Schmerz-Chronifizierung in  mindestens zwei unterschiedlichen klinischen
Schmerzzustanden modulieren. Sie setzte sich zusammen aus der Schnittmenge von 535
sogenannten “Schmerz-Genen” mit 22 Genen, die aus einer unabhangigen funktionellen
genomischen Analyse (Kapitel 2.6.4) in Kombination mit Methoden des maschinellen Lernens
stammten, und bildete den zweiten Gen-Satz von 13 Genen, welche auf funktioneller Ebene

hauptsachlich dem Immunsystem zugeordnet werden konnte [117].

(iii) Die dritte Untergruppe bildete sich aus Genen, welche in den letzten Jahren im Bereich
der Schmerzforschung wiederholt eine wichtige Rolle bei der Modulation von
langanhaltenden Schmerzen spielten, oder teilweise auch erst kirzlich als neuartige und
vielversprechende genetische Modulatoren gehandelt wurden. Diese dritte Gruppe wurde
erstellt, um bei der NGS-Analyse auf die altbewahrten und intensiv erforschten Kandidaten-

Gene nicht zu verzichten und um das Gen-Panel auch so aktuell wie moglich zu halten.
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2.6.6 Genotyp-Phanotyp Assoziation bei chronischen
Schmerzpatienten

Manuskript #7 Machine-learned analysis of the association of next-generation sequencing

based genotypes with persistent pain after breast cancer surgery

Chronische Schmerzen sind ein ernst zu nehmendes und weitreichendes Problem, von dem
etwa ein Flinftel der europaischen Bevolkerung betroffen ist [6]. Das bessere Verstandnis von
Schmerz und den pathophysiologischen Prozessen seiner Chronifizierung liegt im Fokus
aktueller Forschungsaktivitaten und findet auf praklinischer, humanexperimenteller und
klinischer Ebene statt [107]. Die Beteiligung genetischer Faktoren findet dabei immer mehr
Beachtung und aktuelle wissenschaftliche Erkenntnisse deuten darauf hin, dass die
individuelle Wahrnehmung von Schmerz und sein Chronifizierungs-Prozess durch eine Vielzahl

von Gen-Varianten moduliert wird [121-123].

DNA-Sequenzierungen, insbesondere das NGS sind geeignete Methoden, um Wissen Uber
funktionelle genetische Polymorphismen zu generieren. Das Erkennen von Datenstrukturen
in der jeweiligen Untersuchungskohorte ist gerade bei komplexen Genotyp-Phanotyp
Assoziation essenziell. Anhand maschinell erlernter Datenprojektionen kdénnen
schmerzbezogene Phanotypen ermittelt werden [100], diese erfordern aber gerade bei NGS-
basierten Analysen durch die produzierte komplexe und groBe Menge an “Big Data“ die
Entwicklung neuer bioinformatischer Methoden. Derzeit richtet sich ein besonderes Interesse
auf das maschinelle Lernen, welches Methoden zur Detektion interessanter, insbesondere
biologisch aussagekraftiger Strukturen in hochdimensionalen Daten bereitstellt, um
sogenannte Klassifikatoren zu erstellen, die dazu in der Lage sind, klinische Phanotypen aus

genetischen Merkmalen vorherzusagen [107].
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Die bioinformatische Methodik fiir eine Kl-basierte Assoziation komplexer Genotypen mit
schmerzbezogenen Phadnotypen wurde bereits in einer vorherigen Studie erfolgreich
etabliert [115] und sollte nun auf den viel umfangreicheren Datensatz angewendet werden,
welcher die Basis dieser Analyse war. Dieser sehr groRe Datensatz basierte auf einer Kohorte
von 1.000 Frauen kaukasischer Herkunft, die sich einer Brustkrebs Operation unterzogen
hatten und der von der Universitat Helsinki zur Verfligung gestellt wurde [109]. Er enthielt
auBer DNA-Proben auch umfangreiche Schmerzdaten, welche im Rahmen einer 3-jdhrigen
Nachuntersuchung erhoben wurden. Die Hauptidee bei dieser Analyse war das Trainieren
einer kinstlichen Intelligenz, implementiert als verschiedene Arten des maschinellen Lernens,
um Assoziationen von genetischen Informationen mit dem Schmerz-Phanotyp zu erlernen und
anschliefend diese trainierte Form von kinstlicher Intelligenz anzuwenden, um in neuen

Daten ebenfalls einen Phanotyp vorhersagen zu konnen [108].

2.7 Ziel dieser Arbeit

Das Ziel dieser Doktorarbeit bestand darin, genetische Biomarker fir chronische Schmerzen
zu identifizieren. Das biologische Ausgangsmaterial stammte von gesunden Probanden sowie
von Schmerzpatienten. Die Haupthypothese betraf zunachst die Glia-Opioid-Interaktion, was
auf die wichtige Rolle fiir die Opioid-Gene (zum Beispiel OPRM1) und Toll-like-Rezeptor-Gene
(zum Beispiel TLR4) als wichtiges Targets bei chronischen Schmerzen hinweist. Das Panel sollte
noch auf neue potenzielle Gene, welche im klinischen Kontext mit der Schmerz-
Chronifizierung assoziiert werden koénnen, mittels systematischer “Pathway-Analysen”,
funktioneller Genomik und systembiologischer sowie bioinformatischer Methoden erweitert
werden. Die vorliegenden Analysen umfassten die Auswertung genetischer, klinischer,
psychologischer und demografischer Parameter, anhand derer innerhalb der Probanden
Untergruppen identifiziert werden sollten, welche dieselben Phanotyp-Merkmale bezliglich
chronischer Schmerzen besitzen. Zusatzlich sollten verschiedene informatische Methoden wie
das maschinelle Lernen sowie NGS-Methoden angewendet werden, um grolRe und komplexe
Datenmengen (“Big Data“) zu generieren und auszuwerten. Dies sollte zu der Identifizierung
von schmerzbezogenen Untergruppen innerhalb der Patienten fiihren, die wiederum die
Assoziation mit genetischen Markern ermoglichen sollte, mit denen Patienten ermittelt

werden kdnnen, die ebenfalls zu diesen Phanotyp-Gruppen gehdren.
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3. Diskussion

Im Rahmen dieser Doktorarbeit wurden in gesunden Probanden und in Patienten mit einem
pathophysiologischen Risiko zur Schmerz-Chronifizierung relevante Genotypen sowie
Phanotypen identifiziert und charakterisiert. Die Genotypisierung aller Probanden fir die
Generierung der exonischen Nukleotid-Sequenzen schmerzrelevanter Gene erfolgte durch
Etablierung der “Next Generation Sequencing” (NGS) Methode der lon Torrent™ Plattform.
Mit Hilfe bioinformatischer Expertise konnte nach der Etablierung neuer Methoden im Bereich
des maschinellen Lernens in allen analysierten Datensdtzen biologisch plausible
phanotypische Untergruppen definiert werden. Bioinformatische Auswertungen auf der Basis
funktioneller Genomik fihrten zur Identifikation von Gene, welche fiir die Schmerz-
Chronifizierung relevante Polymorphismen enthalten und bildeten eine potenzielle Basis flr
die Entdeckung neuer Arzneimittel-Targets. Auf dessen Grundlage wurde ein Gen-Satz
bestehend aus 77 humanen “Schmerz-Chronifizierungs-Genen“ zusammengestellt, welche
mutmallich den chronischen Schmerzphanotyp modulieren. Dabei wurden verschiedene
Denkansatze verfolgt und altbekannte Gene, an denen bereits jahrelang intensiv geforschte
wurde, sowie Gene, welche mit Hilfe bioinformatischer Analysen basierend auf funktioneller
Genomik identifiziert werden konnten, inkludiert. Es wurden in einer Kohorte, bestehend aus
1.000 Frauen kaukasischer Herkunft, nach einer Brustkrebs-Operation und anschlielender
dreijahriger Nachkontrolle Genotyp-Phanotyp Assoziationen durchgefiihrt, um zu erértern, ob
die Genotypen genug Informationen enthalten, um die Patienten entweder als “Schmerz-

Chronifizierer” oder als “Nicht-Schmerz-Chronifizierer” zu kategorisieren.
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3.1 lon Torrent™ Etablierung und Auswertung von NGS-“Big Data“

Manuskript #1 und Manuskript #2

Im Rahmen dieser Doktorarbeit wurde der NGS Workflow basierend auf einer selbsterstellten
AmpliSeq™ Primer-Bibliothek fiir die Gene der humanen Opioid-Rezeptoren etabliert und in
einer Kohorte von 79 Patienten erfolgreich durchgefiihrt [89]. Die vorliegenden Ergebnisse
legen nahe, dass es sich bei dem entwickelten NGS-Ansatz um eine hocheffiziente Methode
zur Mutations-Detektion handelt. Alle wichtigen Polymorphismen, welche im Interesse
aktueller Forschungen sind, wurden von dem NGS-Assay abgedeckt. Zusatzlich wurde durch
die hohe Abdeckung der Amplicons Uber die exonischen Opioid-Rezeptor-Sequenzen eine
groBe Menge an genetischer Information verfligbar gemacht, welche als Grundlage fur
weitere genetische Analysen Uber die funktionellen Konsequenzen der Einzelnukleotid-

Variationen menschlicher Opioid-Rezeptors dienen kann.

Die Analyse durch den lon Torrent™ Workflow ergab insgesamt 152 Einzelnukleotid-
Variationen, wobei jedoch nur wenige Nukleotid-Variationen im Hinblick ihrer Allel-Frequenz
statistisch signifikante Gruppenunterschiede aufwiesen. Das pathophysiologische Phanomen
des extrem hohen Opioid-Bedarfs dieser Patienten lasst sich daher eher als eine Ansammlung
vieler genetischer Variationen mit nur geringer Funktionalitat betrachten, welche erst in ihrer
Summe heraus einen Einfluss auf den Phanotypen haben. Die Auswertung der durch die NGS-
Analyse erzeugten Menge an “Big Data” erfolgte Uiber einen “selbstlernenden
subsymbolischen klassifizierenden Biomarker”, basieren auf dem “k-Nearest-Neighbor*-
Algorithmus [88]. Diese Methode aus dem Bereich des maschinellen Lernens ist ein
Klassifikationsverfahren, bei dem eine Klassenzuordnung unter Berlicksichtigung seiner
nachsten Nachbarn vorgenommen wird. Der Begriff der “Subsymbolik” beschreibt dabei einen
Klassifikator, bei dem die Tatsache, warum bestimmt Daten in bestimmte Gruppen
zugeordnet wurden, nicht mehr nachvollziehbar ist. Es ist also kein direkter Einblick in die
Losungswege moglich. Auf diese Analyse bezogen wiirde das bedeuten, dass die genetischen
Muster, welche durch die einzelnen Nukleotid-Abweichungen reprasentiert werden, nicht

direkt mit einer biologischen Konsequenz assoziiert sein miissen.
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Ein Klassifikator gilt als “selbstlernend”, wenn richtig zugeordnete Daten zu seinem
Wissensfundus hinzugefligt werden und seine Prognosen dadurch immer besser werden, er
somit “dazulernt”. Die Auswertung der NGS-Daten mit diesem Biomarker zeigte, dass die
Genotypisierung der Opioid-Rezeptoren mit biologischer Plausibilitdt verbunden war. Nach
einer Selektion der 34 Marker mit dem hochsten Informationsgehalt mit Hilfe des
informatischen Tools der ABC-Analyse [124] konnte der subsymbolische Biomarker die
Patienten mit einer diagnostischen Treffsicherheit von {ber 80 Prozent erfolgreich
klassifizieren. Da seine Applikation nicht nur auf die Opioid-Rezeptoren beschrankt ist, hat
seine Anwendung durch die Erfassung emergenter genetischer Strukturen im Bereich der

klinischen Diagnostik grofRes Potenzial.
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3.2 Identifizierung von schmerzbasierten Phanotypen

Manuskript #3 und Manuskript #4

Die Datengrundlage fir dieses Projekt bildete eine NGS-Analyse, die im Rahmen dieser
Doktorarbeit mit dem lon Torrent™ Workflow durchgefiihrt wurde [89]. Dazu wurde eine
AmpliSeq™ Primer-Bibliothek fiir Gene der humanen TRP-Kanal Rezeptoren und zugehdrige
Co-Rezeptoren erstellt und deren exonische Sequenzen in 75 gesunden Probanden erfasst
[30]. In einer zuvor veroffentlichten Studie wurden in den gleichen Probanden Schmerzdaten
Uber Hitze- und Capsaicin-Empfindlichkeit erhoben [112]. In den beiden Kandidaten-Genen
TRPV1 und TRPA1 wurden insgesamt 278 Gen-Loci gefunden. Mit klassischer Chi-Quadrat-
Statistik konnte jedoch kein signifikanter Genotyp-Unterschied zwischen den Gruppen

nachgewiesen werden.

Mittels Methoden des maschinellen Lernens ist es in innovativen Ansdtzen moglich, komplexe
Genotypen mit schmerzbezogenen Phanotypen zu assoziieren [107]. Die durch NGS-
Anwendungen produzierten groRen und komplexen Datenmengen an genetischen
Informationen sind jedoch gerade im Hinblick auf komplexe Genotyp-Phanotyp Assoziationen
eine bioinformatische Herausforderung. Aus diesem Grund wurde mit Hilfe bioinformatischer
Expertise ein neuartiger Ansatz entwickelt, um die mit Hilfe von NGS gewonnenen Mengen an

“Big Data” zu verarbeiten. Die Datenanalyse wurde in mehreren Schritten durchgefihrt.

(i) Der erste Schritt zielte darauf ab den “Output-Space” der Datenausgabe zu ermitteln, das
heillt eine Phanotyp-Klassenstruktur zu definieren, in diesem Fall also die Verteilung der
Veranderungen der Hitzeempfindlichkeit nach Capsaicin-Applikation. Eine Gaulische
Mischmodellierung [125] zeigte zwei Phanotyp-Gruppen mit hoher oder niedriger Capsaicin-

induzierter Uberempfindlichkeit gegen Hitze an.

(ii) Dann erfolgte eine Merkmals-Selektion basierend auf Methoden des Uberwachten
maschinellen Lernens, um die informativsten genetischen Varianten zu identifizieren [124], da
nicht jedes Merkmal eines Datensatzes den gleichen nachhaltigen Wert besitzt und ein
Klassifikator mit reduziertem Merkmalsraum nicht nur schneller arbeitet, sondern in der Regel

auch weitaus effizienter [126].
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(iii) Nach der Datenvorverarbeitung und Reduktion auf 31 Gen-Loci erfolgte uniiberwachtes
maschinelles Lernen, das als “Swarm-Clustering” [127] implementiert wurde und auf
Unterschiede im genetischen Muster zwischen diesen Phanotyp-Gruppen hindeutete. Ziel
dieses Analyse-Schrittes es war aus den reduzierten genetischen Daten heraus
Gruppenstrukturen zu definieren, welche im Idealfall die Gruppenstruktur des
Schmerzphinotyps widerspiegelt, da eine Ubereinstimmung zwischen den Genotyp- und

Phanotyp-Datenstrukturen eine Assoziation zwischen den beiden Datenséatzen erleichtert.

(iv) Diese Genotyp-Phdnotyp Assoziation wurde anschlieBend durch (iberwachtes
maschinelles Lernen unter Verwendung verschiedener Arten von Algorithmen basierend auf
kinstlicher Intelligenz durchgefiihrt. Dazu wurden Klassifikations-Verfahren wie “k-nearest
Neighbors” [128], “Logistic Regressions” [129], “Random Forests” [130], und “Adaptive
Boosting” [131] mit einem aus dem Gesamtdatensatz zufallig ausgewahlten
Trainingsdatensatz, der zwei Drittel des urspriinglichen Datensatzes ausmacht, trainiert, um
anhand der Genotyp-Information die Zugehorigkeit in der Phdanotyp-Gruppe fir das restliche

Drittel des Datensatzes vorherzusagen.

Als Negativ-Kontrolle wurden die Allele der einzelnen Gen-Loci zuféllig vermischt (permutiert),
sodass die Geninformation “sinnlos” wurde. Ebenso wurde ein idealer Genotyp konstruiert,
bei dem fast alle Allele einer Phanotyp-Gruppe zugeordnet wurden. Dies diente als positive
Kontrolle, um sicherzustellen, dass die Klassifikations-Verfahren prinzipiell in der Lage sind,
solch ein Problem zu I16sen. Im Ergebnis zeigte sich, dass alle Algorithmen bei Verwendung des
vorliegenden Genotyps den Phanotyp besser vorhersagen konnten, als es bei der Verwendung
einer zufalligen Permutation der Gensequenzen der Fall war. Somit konnte eine Kl-basierte
Assoziation des TRPA1/TRPV1-Genotyps mit Schmerzempfindlichkeit gegenlber Hitzereizen

demonstriert werden [115].
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3.3 Charakterisierung von Genotypen durch funktionelle Genomik

Manuskript #5

Die computerbasierte funktionelle genomische Analyse brachte einen Einblick in die
pathophysiologischen Prozesse der Schmerz-Chronifizierung aus einer systembiologischen
Perspektive [117]. Sie enthielt mehrere Methoden des maschinellen Lernens [100], die man
als eine Ansammlung von bioinformatischen Tools verstehen kann, mit denen es moglich ist,
Strukturen in Datensatzen aufzudecken, um dann anhand zukiinftiger Daten Prognosen oder

Klassifikationen zu erstellen.

Die Analyse umfasste 110 wissenschaftlich anerkannte “Schmerz-Gene”. Der Fokus lag dabei
im Vorfeld auf Genen, die in acht unterschiedlichen klinischen Schmerzzustanden (wie zum
Beispiel Riickenschmerzen, Nervenschmerzen oder Muskelschmerzen) bereits mehrmals mit
dem klinischen Aspekt der Schmerz-Chronifizierung assoziiert wurden. Die “Gene Ontology
(GO) Database” beschreibt die biologische Funktion jedes Gens anhand der biologischen
Prozesse, in welche die Gene involviert sind und definiert diese Rolle als eine
Aneinanderreihung biologisch relevanter Ereignisse oder als molekulare Funktionen,
sogenannter “GO-Terms”“. Die computerbasierte Auslesung der GO-Daten, basierend auf einer
Uberreprasentations-Analyse  [132] und mehreren Methoden des maschinellen
Lernens [69, 133, 134], ergab eine starke heterogene Gruppierung (Cluster) der an der
Schmerz-Chronifizierung beteiligten Gene, ohne klar erkennbaren Fokus auf die bei diesem

Prozess sonst charakteristischen Merkmale.

Darum wurde eine zweite Analyse durchgefiihrt, in der die Hypothese verfolgt wurde, dass
sich die funktionelle Genomik chronischer Schmerzen Uber die vorher definierten acht
Schmerzzustande hinaus und somit ungeachtet von der klinisch definierten Krankheit, welche
diesem Prozess urspriinglich zugrunde liegt, definiert. Das Ziel dieser zweiten Analyse war
anhand der in der (GO)-Datenbank enthaltenen Informationen Gber chemische, zelluldre und
physiologische Eigenschaften der Genprodukte ein besseres Verstiandnis tiber die Beziehung
zwischen Genotyp und Phanotyp zu erhalten, um funktionelle Muster zu erkennen, die einen

Einblick in die Pathophysiologie chronischer Schmerzzustande ermdéglichen.
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Mit Hilfe eines bioinformatischen Klassifikationsverfahrens [124] wurden genetische
Untergruppen definiert, in denen die vielversprechendsten Gene enthalten waren und fihrte
zu einer Auswahl von 22 Genen. Deren funktionelles genomisches Abbild ergab nach einer
Uberreprasentations-Analyse, dass (i) das Immunsystem und (ii) die Stickoxid-Signalgebung zu
den biologischen Prozessen gehoren, deren Rolle bei der Schmerz-Chronifizierung von
besonderer Bedeutung sind. Dieses Ergebnis ist aus biologischer Sicht sehr plausibel, da bei
beiden Prozessen eine Beteiligung an der Schmerz-Chronifizierung bereits in friiheren
wissenschaftlichen Studien nachgewiesen werden konnte [135, 136]. Stickoxid wird bei
nozizeptiven Reizen in den Neuronen des Rickenmark-Hinterhorns verstarkt produziert,
wodurch dann vermehrt bestimmte Neurotransmitter freigesetzt werden, was wiederum zu
einer zentralen Schmerz-Sensibilisierung und somit zu einer Chronifizierung fiihren
kann [137]. Des Weitern kann das Immunsystem mit dem Prozess der Schmerz-
Chronifizierung auf einer sich iberlagernden neuroimmunen Ebene Ulber die Glia-Opioid-

Schnittstelle interagieren [136].

Die Rolle des Immunsystems bei der Entwicklung chronischer Schmerzzustande konnte nach
einer Reduzierung des vorliegenden Gen-Satzes noch weiter hervorgehoben werden. Dazu
wurde die Schnittmenge der 22 Gene mit einem weiteren Gen-Satz von 535 sogenannten
“Schmerz-Genen” [13], welcher in einer unabhangigen Analyse erzeugt wurde, gebildet. Das
Ergebnis war eine Liste von 13 Genen, welche hauptsachlich in die Zytokin-Produktion
involviert sind, was die Rolle des Immunsystems an pathophysiologischen lang anhaltenden

Schmerzzustianden noch unterstreicht [117].
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3.4 Identifizierung genetischer Pradiktoren fiir chronische Schmerzen

Manuskript #6

Die Existenz einer genetischen Komponente, welche auf die individuelle Wahrnehmung von
Schmerz und den pathophysiologischen Prozess seiner Chronifizierung funktionell einwirkt,
wird durch das Wissen (ber viele Schmerz-modulierende humane genetische
Polymorphismen deutlich [121-123]. Bis vor wenigen Jahren konzentrierte sich die
molekularbiologische Forschung auf die Rolle einzelner funktioneller genetischer Varianten.
Die sinkenden Kosten von DNA-Sequenzierungen und die bessere Verfligbarkeit von NGS-
Methoden haben diesen Trend innerhalb der letzten Jahre abgeschwacht [138] und aktuelle
Analysen umfassen nun die gesamten codierenden Bereiche und regulatorischen Sequenzen

schmerzrelevanter Gene [30, 89, 118].

Im Rahmen dieser Doktorarbeit wurde ein Set von 77 humanen “Schmerz-Chronifizierungs-
Genen“ vorgestellt, welches als Grundlage fiir ein NGS-Panel diente, basierend auf der lon
Torrent™ Technologie [118]. Die Genotypisierung wurde an 72 Probanden kaukasischer
Herkunft durchgefiihrt und alle generierten Nukleotid-Sequenzen deckten sich mit den
Sequenzen aus der nach dem Sanger-Verfahren durchgefiihrten Validierung. Die Auswahl der

77 Gene basierte auf drei Untergruppen aus verschiedener Evidenz.

Die Hypothese der ersten Gruppierung zielte auf die Annahme ab, dass sich Schmerz als eine
Art Deregulierung der biologischen Prozesse abbilden lasst, welche in der (GO)-Datenbank
unter den Termen “Learning or Memory“ und “Nervous System Development”
zusammengefasst werden [119, 120]. Sie umfasste unter anderem Gene, die mit dem
mesolimbischen dopaminergen System assoziiert sind, beispielsweise das fir die
Tyrosinhydroxylase kodierende Gen TH und die fir die Dopamin-Rezeptoren kodieren Gene
DRD1, DRD2 und DRD3, welche bereits mit der Ausbildung chronischer Riickenschmerzen
assoziiert werden konnten [139]. Weitere 14 Gene waren an circadianen Rhythmen beteiligt,
was ein wissenschaftlich anerkannter modulatorischer Faktor fir verschiedene
Schmerzzustianden darstellt [140, 141]. Darliber hinaus waren noch Gene enthalten, welche
fir metabotrope Glutamat-Rezeptoren codieren, sowie drei NMDA-Rezeptor-Gene
(GRIN1, GRIN2A und GRIN2B), welche in vielen essentiellen physiologischen Prozessen eine
Rolle spielen [142].
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Die zweite Teilgruppe enthielt Gene, welche anhand einer umfangreichen Literaturrecherche
identifiziert werden konnten. Eine zuvor durchgefiihrte funktionelle genomische Analyse
(Kapitel 2.6.4) zeigte eine Beteiligung dieser Gen-Gruppe an Immunprozessen und der
Stickoxid-Signalgebung [117]. Enthalten sind unter anderem Gene codierend fiir mehrere
Interleukine (IL1B, IL4, IL6, IL10), bei denen gezeigt worden ist, dass sie an immunologischen
Schmerzmechanismen beteiligt sind [143, 144]. AuBerdem enthielt diese Teilgruppe die in

metabolische Prozesse involvierten Gene TNF, GCH1 und ESR1 [145-147].

Die dritte Untergruppe schlieRlich bildeten Gene, die in den letzten Jahren im Bereich der
Schmerzforschung bei der Modulation chronischer Schmerzen verstarkt im Fokus lagen, oder
teilweise auch erst kirzlich als neuartige und vielversprechende genetische Modulatoren
aufgekommen sind. Das inkludiert unter anderem die Gene codierend fir Mitglieder der TRP-
Kanal-Familie (TRPA1, TRPM8 und TRPV4), die bekanntermaBen wichtige Akteure bei der
Schmerz-Wahrnehmung Gber ihre Erregung durch chemische, thermische oder mechanische
Reize darstellen [148]. Gleiches gilt auch fiir das opioiderge System, welches durch die Gene
der Opioid-Rezeptoren OPRM1, OPRK1 und OPRD1 reprasentiert wird, die ebenfalls in der
dritten Untergruppe enthalten sind und mit der Modulation verschiedenster Schmerz-

Zustande assoziiert werden [149].

Bei der Entwicklung des Gen-Sets von 77 humanen “Schmerz-Chronifizierungs-Genen“ wurde
die Strategie verfolgt, die Pathophysiologie der Schmerz-Chronifizierung eher aus Sichtweise
der funktionellen Genomik abzubilden und nicht vollstandig, aber jedoch teilweise von der
sonst Ublichen Vorgehensweise, bei der sich die Auswahl passender Kandidaten-Gene
meistens auf zuvor veroffentlichte Studien konzentriert, abzuweichen. Wahrend genomweite
Assoziationsstudien mittlerweile einige vielversprechende, fiir Schmerz-Phdanotypen
relevante, Gene identifiziert haben, werden wissenschaftliche Studien schmerzrelevanter
Gene immer noch von einer gleichbleibenden und vergleichsweise kleinen Anzahl von
Kandidaten-Genen dominiert [150]. Mehr als die Hélfte aller schmerzrelevanter Gen-Studien
entfallen auf die Analyse von nur etwa zehn Genen oder Gen-Komplexen und diese Studien

werden teilweise auch noch mehrfach repliziert [122].
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Ein Vergleich des ausgewahlten Set von Genen mit zwei unabhangigen humanen Gen-Satzen,
welche ebenfalls mit der Modulierung von chronischem Schmerzzustianden assoziiert
werden [122, 123], ergab eine nur geringfiigige gegenseitige Uberlappung [118]. Dies
unterstreicht die Tatsache, dass das Verstandnis flr die genetische Architektur des Schmerzes
noch immer unvollstandig ist, und es von daher sinnvoll sein kann, unterschiedliche und
voneinander unabhdngige Forschungsansiatze zu verfolgen. Interessant war auch die
Tatsache, dass der hier vorgestellte Gen-Satz im Vergleich zu den beiden alternativen
Vorschldgen die groRte Ubereinstimmung mit der Menge der 535 “Schmerz-Gene” erzielte,
welche die wohl aktuell umfangreichste Auflistung humaner Gene reprasentiert, die

wissenschaftlich nachgewiesen auf den Schmerzphanotyp modulierend einwirken [13].
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3.5 Komplexe Genotyp-Phanotyp Assoziationen

Manuskript #7

Die Physiologie des Schmerzes umfasst komplexe immunologische, sensorische, hormonelle
und inflammatorische Prozesse im Riickenmark, im Gehirn und in der Peripherie. Wiederholte
nozizeptive  Stimulation induziert pathophysiologische Veranderungen bei der
Schmerzweiterleitung, die zu peripherer oder zentraler Sensibilisierung flihren, was bei daflr
anfalligen Patienten zu der Ausbildung chronischer Schmerzen fiihren kann. Obwohl das
Wissen Uber die genauen molekularen Vorgange, die zu einer Chronifizierung fiihren, noch
immer unvollstandig ist, sind die Identifizierung von Risikofaktoren [108] sowie die
psychosoziale Bewertung der Patienten [151] vernlnftige Schritte, um die individuelle

Anfalligkeit fur die Entwicklung chronischer Schmerzen zu bestimmen.

Die Hauptidee dieser Analyse war das Trainieren einer kinstlichen Intelligenz (Kl),
implementiert als verschiedene Arten des maschinellen Lernens, um ihr Assoziationen der
genetischen Informationen mit dem Schmerz-Phanotyp anzulernen und anschlieRend die
trainierte Kl zu verwenden, um in neuen Daten einen Phanotyp vorhersagen zu konnen. Dabei
wurde der innovative Ansatz verfolgt, bei dem eine durch NGS-basierte genetische
Informationen trainierte Kl, den entsprechenden Phanotyp besser vorhersagen sollte, als dass
es durch Raten moglich ware. Komplexe Genotyp-Phanotyp Assoziationen mit der jeweiligen

vorhandenen Datengrundlage waren somit realisierbar.

Aufgrund der zu erwartenden hohen Dimensionalitdit und Kollinearitdt der komplexen
genetischen Informationen, wurden Methoden des maschinellen Lernens von vornherein
traditionellen Ansatzen, wie der logistischen Regressionsanalyse, vorgezogen. Dieser
bioinformatische Ansatz fiir eine Kl-basierte Genotyp-Phanotyp Assoziation wurde bereits in
einer vorherigen Studie erfolgreich etabliert [115] und nun auf den viel umfangreicheren

Datensatz angewendet, der als Datengrundlage fiir diese Analyse diente.
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Der Datensatz basierte auf einer Kohorte von 1.000 Frauen kaukasischer Herkunft im Alter von
28 bis 75 Jahren, welche an nicht metastasierendem Brustkrebs litten. Nach der operativen
Behandlung wurde die Intensitdt der postoperativen Schmerzen in mehreren Abstanden fiir
eine Dauer von 3 Jahren anhand von Fragebogen erfasst [109]. Aus dieser Kohorte wurden
zwei Gruppen von Schmerzphdnotypen identifiziert, bei der jeweils 70 Patienten zu einer
“Schmerz-Chronifizierer” oder einer “Nicht-Schmerz-Chronifizierer” Gruppe zugeordnet
wurden, sich sonst aber in anderen Parametern wie Gewicht und Alter nicht

unterschieden [151].

Im Rahmen dieser Doktorarbeit wurden diese 140 Probanden basierend auf der lon Torrent™
Technologie genotypisiert. Hierbei wurde das in einer zuvor veroffentlichten Studie
vorgestellte NGS-Panel der 77 humanen “Schmerz-Chronifizierungs-Gene” verwendet [118].
Die Genauswahl erfolge unter der Zusammenfihrung von drei Evidenzlinien und wird in
Kapitel 2.6.5 ausfihrlich erldutert. Das Panel enthielt Gene welche (i) fir die Steuerung
biologischer Lernprozesse und neuronale Plastizitat verantwortlich sind [13], basierend auf
der Sichtweise [119, 120], dass sich Schmerz als eine Art Deregulierung bestimmter
biologischer Prozesse abbilden lasst, welche in der (GO)-Datenbank unter den Termen
“Learning or Memory“ und “Nervous System Development” zusammengefasst werden, und
(i) Gene, die funktionelle Polymorphismen enthalten, welche die Schmerz-Chronifizierung in
mindestens zwei unterschiedlichen klinischen Schmerzzustanden modulieren [117], und
(iii) Gene, welche in den letzten Jahren im Bereich der Schmerzforschung wiederholt eine
wichtige Rolle bei der Modulation von lang anhaltenden Schmerzen spielten oder teilweise
auch erst kirzlich als neuartige und vielversprechende genetische Modulatoren gehandelt

wurden [118].

Nach erfolgreicher Validierung der in Kapitel 2.6.2 ausfihrlich erlauterten bioinformatischen
Methode wurde die Analyse der NGS-Daten der beiden Schmerz-Phanotyp-Gruppen
(chronischer Schmerz oder nicht-chronischer Schmerz) durchgefiihrt, welche aus der
urspriinglichen Kohorte der 1.000 mit Brustkrebs behandelten Patienten identifiziert wurden.
Wahrend dieser Analyse wurde die genetische Information von den urspriinglichen 4.748
Varianten, die in den 77 Genen gefunden wurden, auf 21 relevante Varianten reduziert, die in
13 verschiedenen Genen lokalisiert waren. Das gefundene Muster stiitzte eine Assoziation der

Genotypen mit den Schmerzphanotypen.
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Uberwachte Klassifikatoren auf der Basis maschinellen Lernens, die mit zwei Drittel der Daten
trainiert wurden, identifizierten die richtige Schmerz-Phanotyp-Gruppe bei dem
verbleibenden Drittel der Patienten mit einer Genauigkeit von etwa 70 Prozent [108]. Die
Analyse identifizierte die genetischen Unterschiede zweier Phanotyp-Gruppen im Hinblick auf
die Entwicklung einer Schmerz-Chronifizierung nach einer operativen Behandlung von
Brustkrebs und obwohl die Auswahl Kandidaten-Gene groRtenteils auf der Grundlage friiherer
wissenschaftlicher Studien basierte, lieferten die vorliegenden Ergebnisse eine Gen-
Rangfolge, welche sich mit ihrer besonderen Bedeutung ihres klinischen Kontextes

vereinbaren lasst.

Ein interessantes Ergebnis der vorliegenden Analyse ist, dass sich einige der wichtigsten
Varianten in Genen befinden, die an dopaminergen Signalwegen beteiligt sind, so wie die
Rezeptor-Gene DRD1, DRD3, DRD4 und das Tyrosinhydroxylase-Gen TH. Ebenso waren
Varianten in Genen, welche in katecholaminerge und serotonerge Stoffwechselwege
involviert sind (COMT, HTR2A, HTR3A, SLC6A2 und SCL6A3) hochplatzierte Kandidaten, die
moglicherweise zu einer Entwicklung von chronischen Schmerzen nach einer Brustkrebs-
Operation beitragen. Katecholamin und Serotonin dienen hauptsachliche als
Neurotransmitter und spielen eine Rolle in der peripheren und zentralen
Schmerzentwicklung [152]. Diese Neurotransmitter aktivieren bei Gewebeverletzungen
periphere Nozizeptoren und tragen somit zu einer zentralen Sensibilisierung des
Nervensystems bei [153] und eine Funktionsstorung bei katecholaminerger und serotonerger
Neurotransmission ist mit der Ausbildung verschiedener chronischer Schmerzzustiande

assoziiert [154].

Trotz dieser positiven Ergebnisse offenbarte diese Analyse auch einige Einschrankungen, die
an dieser Stelle auch kurz diskutiert werden sollen. Die Kohorte, welche schlussendlich einer
NGS-Analyse unterzogen wurde, war verhaltnismaRig klein, da nur etwa zehn Prozent der
urspriinglich registrierten 1.000 Patientinnen als “Schmerz-Chronifizierer” definiert werden
konnten. AulRerdem war eine Replikation der Analyse an einer unabhéangigen Kontroll-Gruppe

aufgrund der Einzigartigkeit der Kohorte und des Datensatzes nicht ohne weiteres moglich.
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Zudem wurde bei dieser Analyse wegen der technischen Limitation eines Ampliseq™ Panels
[84] ein Satz von Kandidaten-Gene verwendet, der zwar unter anderem durch eine
genomweite Gen-Auswahl entstanden ist, jedoch an die Vollstandigkeit einer kompletten
Genom-Sequenzierung nicht herankommt. Eine weitere Einschrankung dieser Studie kam
durch das Weglassen seltener Varianten bei Allel-Frequenzen unter 10 Prozent zustande. In
der Tat ist es theoretisch moglich, dass die Entwicklung chronischer Schmerzen auch von
einigen wenigen sehr seltenen Nukleotid-Variationen reguliert wird und das dariiber hinaus
bei jedem Patienten eine andere Variante vorliegt, welche somit nicht in die Auswertung mit
einbezogen wurden. Eine Analyse dieser Varianten ist aber mit maschinellen Lernsystemen,
so wie sie angewendet wurden, nicht moglich, bietet jedoch die Moglichkeit fiir die zukiinftige
Entwicklung alternativer Analyse-Verfahren und ist ein interessanter Aspekt, der nicht

komplett auRer Acht gelassen werden sollte.

Gleichwohl aller Kritikpunkte unterstitzt die Tatsache, dass mehr als 75 Prozent der bei dieser
Analyse identifizierten Gene Targets von bereits zugelassenen oder sich noch in der
Entwicklung befindenden Schmerzmitteln sind, die Wichtigkeit dieser Ergebnisse. Der
vorliegende Satz von Gen-Varianten kann als ein wichtiger Baustein dienen um den Weg zu
ebnen fir die Etablierung einer personalisierten Schmerz-Therapie, wenn einige der sich noch

in der Entwicklung befindlichen Medikamente klinisch verfiigbar werden.
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3.6 Ausblick

Die rasanten Fortschritte in der wissenschaftlichen Forschung, vor allem in den
Fachrichtungen “Data Science”, NGS und funktioneller Genomik werden uns in den nachsten
Jahren vor groRe Herausforderungen stellen. Mittlerweile hat die generierte Datenmenge in
diesen  Bereichen eine  GroBenordnung erreicht, die ohne selbstlernende
Computeralgorithmen (KI) nicht genutzt werden kann, da deren Starke besonders in der
Verwertung grofler Datenmengen liegt. Die Erhebung von Daten und ihre Auswertung ist
jedoch nur eine dieser Herausforderungen, die es zu meistern gilt. Es ist mindestens genauso
wichtig bereits vorhandene Daten sinnvoll miteinander zu vernetzen, was im Idealfall
bedeuten wirde, dass alle verfligbaren Daten aus den unterschiedlichsten Quellen

zusammengefiihrt und somit als Ganzes ausgewertet werden kdnnen [85].

Mittlerweile gibt es immer groRere Ansammlungen von Genomdaten, auf die Wissenschaftler
unter anderem zurickgreifen kdnnen. Im britischen “100.000 Genomes Project” [155] sollen,
so wie der Name bereits sagt, 100.000 Genome entschliisselt werden. Die Niederlande haben
das “GoNL-Genome of the Netherlands” [156], Saudi-Arabien das “Saudi Human Genom
Programme® [157] und in den USA sollen mit dem im Jahr 2015 gestarteten Projekt “Precision
Medicine Initiative” [158] genetische und medizinische Daten von 1.000.000 Personen
gesammelt werden. Diese Genomsequenzierungen bilden einen Datenpool, dessen Nutzung

neue wissenschaftliche Entdeckungen und medizinische Erkenntnisse ermdglichen kann [65].
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3.6.1 “Big Data” in der biomedizinischen Forschung

“Big Data” ist ein immer haufiger verwendeter Begriff, da in vielen Bereichen immer groRere
und komplexere Datenmengen anfallen. Allein auf der Online Streaming-Plattform “Youtube”
werden jede Minute mehr als 300 Stunden Film hochgeladen, in einem Jahr mussen bis zu
einem Exabyte an generierten Daten gespeichert werden, was einer Trillion Bytes entspricht.
Aber auch in der Wissenschaft liefern immer groRer angelegte Experimente immer mehr
Daten. Der Weg von den Daten und Informationen hin zu Erkenntnissen und Wissen bendétigt

jedoch auch Speicher- und Analysemoglichkeiten in einer neuen Qualitat [98].

Die Genforschung konnte sich bald an die Spitze der weltweiten “Big-Data“-Produzenten
setzten, wenn die durch DNA-Sequenzierungen von Pflanzen, Tieren und Menschen
anfallenden Datenmengen, so wie bereits prognostiziert, weiterhin rapide ansteigen. Schon
jetzt verdoppelt sich die Menge der generierten genetischen Daten alle sieben Monate und
dieser Trend wird sich fortsetzen [85]. Bereits im Jahr 2025 kénnten demnach in der Genomik
jedes Jahr bis zu 40 Exabyte (1 Exabyte = 1 Millionen Gigabyte) an Daten generiert werden,
mehr als Zwanzigmal so viel wie in den Bereichen “Youtube”, “Twitter” und der Astronomie
zusammen [98]. Ein Teilgebiet der biomedizinischen Forschung, in dem immer groRere
Datenmengen anfallen, ist zum Beispiel die Krebsforschung. Durch die Sequenzierung des
gesamten Erbguts von Krebszellen durch NGS-Technologien oder durch neue bildgebende
Verfahren kénnen teilweise riesige Datensatze anfallen. Deren Analyse ist jedoch auch mit

grofRen informatischen Herausforderungen verbunden.

Die Entschlisselung der jeweiligen DNA-Sequenzen nur namlich nur ein erster Schritt.
Generiert werden zunachst reine Basen-Abfolgen und Nukleotid-Abweichungen vom Referenz-
Genom. Die jeweilige Sequenzier-Plattform liefert also erst einmal nur die Rohdaten und das in
riesigen Mengen. Die Sequenzdaten missen jedoch auch ausgewertet werden und dazu
bendtigt man komplexe und computertechnisch anspruchsvolle Algorithmen. Erst so lassen
sich die Gen-Daten zielgerichtet analysieren, biologisch relevante Muster erkennen und

Vergleiche anstellen, die bei der Diagnostik von Krankheiten weiterhelfen kénnen [66].
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Die Nutzung von “Big Data“ erlaubt eine viel genauere Prognose des Krankheitsverlaufs, als es
momentan noch in der Klinik moéglich ist. Damit lasst sich eine Behandlungsentscheidung
treffen, die viel personalisierter ist und mehr den individuellen Patientenmerkmalen
entspricht [159]. Die rasant anwachsende Datenmenge stellt die Wissenschaft aber auch vor
Probleme, da es nicht immer moglich ist, auf standardisierte und anwendbare Daten zugreifen
und die DateigroRe vieler Datenbanken eine enorm hohe Speicherkapazitat erfordert. GroRRe
Datenmengen sind oft auch noch nicht zusammengefihrt und kénnen so nicht sinnvoll genutzt
werden. Gerade in dieser Integration von Daten liegt ein riesiges Potenzial, welches es

ermoglich kann, neue medizinisch relevante Zusammenhange zu entdecken.

Die Bioinformatik bildet im Bereich des NGS zu aktuellem Stand immer noch den grof3ten
Engpass und es wird empfohlen, dass fir jeden Geldbetrag, der fir Sequenzier-Hardware
ausgegeben wird, eine gleichgrolle Investition im Bereich “Data-Science” zu tatigen [160], da
man mittlerweile an einem Punkt angekommen ist, wo das Auswerten der generierten Daten
mehr kostet, als der Sequenzier-Prozess selbst [85]. Ebenso ist ein Fortschritt in zuklinftigen
Bereichen der bioinformatischen Infrastruktur notwendig, um in eine Verbesserung neuartiger
Technologien wie einer effizienteren Daten-Komprimierung und der Entwicklung neuer

bioinformatischer Methoden gewahrleisten zu konnen [98].
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5. Anhang

5.1 Abkilirzungen
°C Grad Celsius
DNA Desoxyribonukleinsadure
FP7 Forschungsrahmenprogramm 7
GLORIA Glial Opioid Receptor Interface in Analgesia
GO Gene Ontology
GWAVA Genome-wide Annotation of Variants
hgl9 Humanes Referenzgenom 19
Kl Kinstliche Intelligenz
mRNA Boten-Ribonukleinsaure
NGS Next Generation Sequencing
NMDA N-Methyl-D-Aspartat
PCR Polymerase-Kettenreaktion
SNP Einzelnukleotid Polymorphismus
SNV Einzelnukleotid Variation
TRP Transient Receptor Potential
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Background: The opioid system is involved in the control of pain, reward, addictive behaviors and vegetative ef-
fects. Opioids exert their pharmacological actions through the agonistic binding at opioid receptors and variation
in the coding genes has been found to modulate opioid receptor expression or signaling. However, a limited se-
lection of functional opioid receptor variants is perceived as insufficient in providing a genetic diagnosis of clinical
phenotypes and therefore, unrestricted access to opioid receptor genetics is required.

Methods: Next-generation sequencing (NGS) workflow was based on a custom AmpliSeq™ panel and designed

Iéiﬁ;grg;'stem for sequencing of human genes related to the opioid receptor group (OPRM1, OPRD1, OPRK1, SIGMA1, OPRL1)
Analgesia on an lon PGM™ Sequencer. A cohort of 79 previously studied chronic pain patients was screened to evaluate
Addiction and validate the detection of exomic sequences of the coding genes with 25 base pair exon padding. In-silico anal-
Molecular diagnosis ysis was performed using SNP and Variation Suite® software.

Mutations Results: The amplicons covered approximately 90% of the target sequence. A median of 2.54 x 10° reads per run
NGS sequencing was obtained generating a total of 35,447 nucleotide reads from each DNA sample. This identified approximately

100 chromosome loci where nucleotides deviated from the reference sequence GRCh37 hg19, including func-
tional variants such as the OPRM1 rs1799971 SNP (118 A > G) as the most scientifically regarded variant or
1s563649 SNP coding for p-opioid receptor splice variants. Correspondence between NGS and Sanger derived nu-
cleotide sequences was 100%.
Conclusion: Results suggested that the NGS approach based on AmpliSeq™ libraries and lon PGM sequencing is a
highly efficient mutation detection method. It is suitable for large-scale sequencing of opioid receptor genes. The
method includes the variants studied so far for functional associations and adds a large amount of genetic infor-
mation as a basis for complete analysis of human opioid receptor genetics and its functional consequences.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

Opioid signaling is triggered by endogenous opioid peptides com-
prising endorphins, enkephalins and dynorphins with preferential se-
lectivities at the -, k- and &-opioid receptors, respectively [1]. The
existence of opioid binding sites in the brain was established in 1973
[2] and subsequently located in various different physiological systems.
In peripheral [3,4] and central [5-7] parts of the nociceptive system, ac-
tivation confers an effective nocifensive mechanism. Activation at the
Area postrema causes respiratory depression [8], activation in brain
areas belonging to the reward system [9] is involved in addiction [10-
12], activation in the gastrointestinal tract causes constipation [13],
and activation at the hypothalamic-pituitary-adrenal (HPA) axis is in-
volved in stress responses [14].

Genetic variation of human opioid receptors is an active research
topic that has identified several possible modulators of the individual

* Corresponding author.
E-mail address: jloetsch@em.uni-frankfurt.de (J. L6tsch).

http://dx.doi.org/10.1016/j.cca.2016.10.009
0009-8981/© 2016 Elsevier B.V. All rights reserved.

response to endogenous and exogenous opioids [15]. Variants were as-
sociated with the modulation of opioid receptor expression [16,17] or
signaling [17-19] up to an almost complete functional loss [18,20].
However, the collection of certain opioid receptor variants has provided
only modest explanations of clinical phenotypes [21,22]. Therefore, a
limited selection of functional opioid receptor variants for which specif-
ic genetic assays had been established [23] is perceived as insufficient in
providing a genetic diagnosis of the clinical phenotype [24].

Since the early 70th of the last century when the first processes of
Sanger sequencing were introduced [25,26], the access to the whole ge-
nomic information has been widely accepted as a valuable method in
clinical research [27]. With the recent broader availability of next gener-
ation sequencing (NGS) [28] the limitation to known functional variants
has therefore fallen in favor of unrestricted access to opioid receptor ge-
netics, which has already been shown to provide a working genetic
marker for opioid-related clinical phenotypes [29]. In this report, the
evaluation of a new NGS method based on a custom AmpliSeq™ library
and lon Torrent sequencing for the fast detection of genetic variations in
human opioid receptor genes is described.
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2. Methods
2.1. Gene selection

Exomic genotyping was performed for the human OPRM1, OPRK1
and OPRD1 genes (NCBI IDs 4985, 4988 and 4986), located on chromo-
somes 6, 8, and 1, and encoding for the three major (W, K, 6) opioid re-
ceptors. Their endogenous ligands are opioid neuropeptides
comprising endorphins/endomorphines, dynorphins, enkephalins, re-
spectively, and they are the main targets of opioid analgesics as listed
in the DrugBank database (version 4.1; http://www.drugbank.ca [30]).
In particular OPRM1 is addressed by most exogenous opioids. In addi-
tion, the SIGMAR1 gene (NCBI ID 10280) located on chromosome 9,
was included that codes for 0;-opioid receptors. These are not activated
or blocked by opioid peptides or naloxone, respectively, however, his-
torically belong to the opioid receptors [31], are targets of some drugs
classified as opioids such as pentazocine [32] or dextromethorphan
[33] and their activation modulates peripheral p-opioid analgesia [34].
Furthermore, the gene panel was extended to the opiate receptor-like
1 gene (OPRL1; NCBI ID 4987), located on chromosome 20 and coding
for the nociceptin receptor that shows a high degree of structural ho-
mology to the classical opioid receptors although opioid peptides or
morphine-like compounds have little or no affinity for it [35]. Its endog-
enous ligand is nociceptin, however, exogenous opioids comprising
buprenorphine [36] and its glucuronide metabolites [37] have been
shown to exert agonist activity that seems to contribute to their clinical
effects, and the nonselective opioid agonist etorphine also binds at the
OPRL1 gene product [38], which supports the inclusion of this gene in
the present panel.

2.2. DNA template preparation and amplification

The investigation followed the Declaration of Helsinki on Biomedical
Research Involving Human Subjects and was approved by the Ethics
Committee of the Medical Faculty of the Goethe-University, Frankfurt,
Germany. All subjects had provided informed written consent covering
the genotyping. Genomic DNA was available from venous blood sam-
ples drawn from 79 pain patients in a previously reported [29] context
of the pharmacogenomics of opioid dosing requirements.

DNA was extracted from 200 pl blood on a BioRobot EZ1 workstation
applying the blood and body fluid spin protocol provided in the EZ1
DNA Blood 200 pl Kit (Qiagen, Hilden, Germany). A multiplex PCR am-
plification strategy for the coding DNA sequences was accomplished on-
line (Ion Ampliseq™ Designer; http://www.ampliseq.com) to amplify
the target region specified above (for primer sequences, see Supple-
mentary Table 1) with 25 base pair exon padding. After a comparison
of several primer design options, the design providing the maximum
target sequence coverage was chosen. The ordered amplicons covered
approximately 90% of the target sequence (Table 1). A total of 10 ng
DNA per sample were used for the target enrichment by a multiplex
PCR and each DNA pool was amplified with the lon Ampliseq™ Library
Kit in conjunction with the lon Ampliseq™ “custom Primer Pool” - pro-
tocols according to the manufacturer procedures (Life Technologies,
Darmstadt, Germany).

After each pool had undergone 17 PCR cycles, the PCR primers were
removed with FuPa Reagent and the amplicons were ligated to the se-
quencing adaptors with short stretches of index sequences (barcodes)
that enabled sample multiplexing for subsequent steps (lon Xpress™
Barcode Adapters Kit; Life Technologies). After purification with
AMPure XP beads (Beckman Coulter, Krefeld, Germany), the barcoded
libraries were quantified with a Qubit® 2.0 Fluorimeter (Life Technolo-
gies, Darmstadt, Germany) and normalized for DNA concentration to a
final concentration of 20 pmol/l using the Ion Library Equalizer™ Kit
(Life Technologies, Darmstadt, Germany). Equalized barcoded libraries
from 11 to 12 samples at a time were pooled. To clonally amplify the li-
brary DNA onto the Ion Sphere Particles (ISPs; Life Technologies,

Darmstadt, Germany), the library pool was subjected to emulsion PCR
by using an IT OneTouch template kit on an IT OneTouch system (Life
Technologies, Darmstadt, Germany) following the manufacturer's
protocol.

2.3. Sequencing

Enriched ISPs which carried many copies of the same DNA fragment
were subjected to sequencing on an Ion 316 Chip to sequence pooled li-
braries with eleven to twelve samples. The 316 chip was chosen (in-
stead of the low-capacity 314 or the high-capacity 318 chip) to obtain
a mean sequencing depth of coverage of 50 x which means that, on av-
erage, each base has been sequenced 50 x, when eleven samples were
loaded. A larger number of samples could be analyzed simultaneously
using the 318 chip, but this would increase the turnaround time for
each sample, depending on the number of samples that are received
by the laboratory. Sequencing was performed using the sequencing kit
(Ion PGM 200 Sequencing Kit; Life Technologies, Darmstadt, Germany)
as per the manufacturer's instructions with the 200-bp single-end run
configuration.

2.4. Bioinformatics generation of sequence information

The raw data (unmapped BAM-files) from the sequencing runs were
processed using Torrent Suite Software (Version 4.4.2, Life Technolo-
gies, Darmstadt, Germany) to generate read alignments which are fil-
tered by the software into mapped BAM-files using the reference
genomic sequence (hg19) of target genes. Variant calling was per-
formed with the Torrent Variant Caller Plugin using as key parameters:
minimum allele frequency = 0.015, minimum quality = 10, minimum
coverage = 20 and minimum coverage on either strand = 3.

The annotation of called variants was done using the lon Reporter
Software (Version 4.4; Life Technologies, Darmstadt, Germany) for the
VCF files that contained the nucleotide reads. The GenomeBrowse®
software (Version 2.0.4, Golden Helix, Bozeman, MT, USA) was used to
map the observed sequences to the reference sequences GRCh37 hg19
(dated February 2009). The SNP and Variation Suite software (Version
8.4.4; Golden Helix, Bozeman, MT, USA) was used for the analysis of se-
quence quality, coverage and also for variant identification.

2.5. Method validation

For method validation, two genomic regions were chosen at random
from the whole analyzed region for validation by Sanger sequencing
[25,26] in an independent external laboratory (AGOWA, Berlin,
Germany), which was performed in ten DNA samples randomly chosen
from the n = 79 samples in the present cohort. Amplification of
the respective DNA segments was done using PCR primer pairs
(forward, reverse) of (i) 5-ATGAAGACAGCAACCAACATTTAC-3"
and 5°-CCAGATGCAGATATTGATGATCTT-3" and (ii) 5-TTTAACCTG
GCTTTGGCAGATG-3"and 5"-ACATCGACGTCTTCCCTGACT-3". The results
of Sanger sequencing were aligned with the genomic sequence and
analyzed using Chromas Lite® (Version 2.1.1, Technelysium Pty Ltd.,
South Brisbane, Australia) and the GenomeBrowse® (Version 2.0.4,
Golden Helix, Bozeman, MT, USA) was used to compare the sequences
obtained with NGS or Sanger techniques.

3. Results

The NGS assay of human opioid receptors was established on 79 ge-
nomic DNA samples [29]. As proposed previously [39], only exons and
their boundary sequences for which read-depths >20 for each nucleo-
tide could be obtained were considered as successfully analyzed. Apply-
ing this criterion, complete or nearly complete coverage of the relevant
sequences was obtained (Table 1; for details on missing variants, see
Supplementary Table 2).
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Table 1
AmpliSeq™ amplicons and coverage details of the human opioid receptor NGS assay.
Gene Chr Chr start Chr end Amplicons Total bases Covered bases Coverage Sum (total, covered, %)
Chr1 29138628 29139147 1 519 94 0.181
OPRD1 Chr1 29185440 29185840 2 400 292 0.730 1924, 1336, 69.4%
Chr1 29189228 29190233 6 1005 950 0.9453
Chr6 154331605 154331719 1 114 114 1.000
Chr6 154331605 154332178 3 573 573 1.000
Chr6 154360211 154360465 2 254 254 1.000
Chr6 154360270 154360465 2 195 195 1.000
Chr6 154360520 154360994 4 474 474 1.000
Chr6 154360211 154360994 6 783 783 1.000
Chr6 154407616 154408945 8 1329 1329 1.000
Chr6 154407616 154408964 8 1348 1348 1.000
Chr6 154410935 154411338 3 403 403 1.000
Chr6 154410871 154411338 3 467 467 1.000
OPRMT Chr6 154412061 154412632 4 571 571 1.000 23787, 21839, 91.8%
Chr6 154412918 154413098 2 180 180 1.000
Chr6 154414379 154414680 2 301 301 1.000
Chr6 154428725 154428812 1 87 87 1.000
Chr6 154428574 154428812 2 238 238 1.000
Chr6 154429125 154430178 6 1053 865 0.8215
Chr6 154428857 154430178 9 1321 1123 0.8501
Chr6 154431464 154431613 1 149 149 1.000
Chr6 154439792 154453514 72 13722 12180 0.88763
Chr6 154567801 154568026 2 225 225 1.000
Chr8 54138250 54142414 23 4164 3872 0.9299
Chr8 54147293 54147696 3 403 403 1.000
Chr8 54155273 54155497 1 224 116 0.518 .
OPRK1 Chr8 54163315 54163670 3 355 338 0.952 3683, 5117, 90%
Chr8 54163982 54164219 1 237 194 0.819
Chr8 54163982 54164282 1 300 194 0.647
Chr9 34634693 34635662 6 969 969 1.000
Chr9 34634693 34635880 8 1187 1187 1.000
Chr9 34636968 34637111 1 143 143 1.000
Chr9 34636968 34637134 1 166 166 1.000 o
SICMARI Chr9 34637238 34637442 2 204 204 1.000 3520,3427,97.3%
Chr9 34637191 34637442 2 251 251 1.000
Chr9 34637578 34637848 2 270 251 0.930
Chr9 34637518 34637848 2 330 256 0.776
Chr20 62711445 62711730 2 285 230 0.807
Chr20 62716343 62716526 2 183 183 1.000
Chr20 62717832 62717977 2 145 145 1.000
OPRL1 Chr20 62723293 62723494 2 201 201 1.000 3954, 3708, 93.7%
Chr20 62724015 62724331 4 316 316 1.000
Chr20 62729129 62729535 5 406 406 1.000
Chr20 62729603 62732021 15 2418 2227 0.921
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Fig. 1. Pseudo-color image of the Ion 316™ v2 Chip plate showing percent loading across the physical surface. This sequencing run had a 70% loading, which ensures a high ISP density.
Every 316 chip contains more than 6 million wells and the color scale on the right side conduces as a loading indicator. Deep red coloration stays for a 100% loading which means that every
well in this area contains an ISP (templated and non-templated) whereas deep blue coloration implies that the wells in this area are empty.
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The sequencing of the whole cohort required seven separate runs
with each 11-12 patients' samples. Coverage statistics (Table 1) were
comparable among all runs and were in the range of accepted quality
criteria [40-42]. During the seven runs, a median of 2.54 x 106 reads
per run was generated. The mean depth was near from 200 reads, the
mean read length evaluated 163 bases and average chip loading
(Fig. 1) was 62%. To ensure a high density of ISPs on a chip and hence,
a high sequencing output, the chip loading value should be >60%
(Table 2). The observed NGS results matched with the results obtained
with conventional sequencing of random samples (Fig. 2). In all
validation samples, the correspondence between NGS and Sanger
derived nucleotide sequences was 100%.

From the NGS runs, a total of 35,447 nucleotides were read from
each DNA sample. Following elimination of nucleotides agreeing with
the standard human genome sequence GRCh37 hg19 (dated February
2009), the final result of the NGS consisted of a vector of nucleotide in-
formation for each individual DNA sample. This vector had a length
equaling the number of chromosomal positions in which a non-refer-
ence nucleotide had been found in any probe of the actual study sample.
In the 28 pain patients who required standard opioid doses for analgesia
(for clinical details, see [29]) and could therefore substitute for a ran-
dom sample with respect to opioid receptor genetics, these vectors
had a length of 91 nucleotides (Fig. 3). They included the genetic infor-
mation about known functional opioid receptor variants such as about
the OPRM1 rs1799971 SNP (118 A > G; Chr6:154360797 in Fig. 3) as
the so far scientifically most regarded variant possibly triggering
reduced opioid efficacy or about the OPRMI rs563649 SNP
(Chr6:154407967 in Fig. 3) coding for the p-opioid receptor splice vari-
ant MOR-1K probably triggering opioid-induced hyperalgesia [43].
However, the full NGS information comprises a whole matrix composed
of the single vectors and the evaluation and interpretation of this infor-
mation requires bioinformatics approaches able to unleash the ad-
vances of NGS over single variant approaches as shown elsewhere [29].

4. Discussion

A comprehensive NGS assay for the exons and regulatory parts of
human opioid receptors was developed that produced valid nucleotide
sequences corresponding to those obtained with the classical Sanger se-
quencing technique. The NGS assay is suitable for small to large-scale
experimental setups aiming at accessing the information about any nu-
cleotide in a study cohort, with a selection of those that differ from the
reference nucleotide.

Single opioid receptor variants have been causally involved in re-
duced responses to analgesic treatment [44], hyperalgesic responses
to opioid analgesics [45], protection against opioid induced side effects
[46,47], the individual sensitivity to painful stimuli [48,49], the risk for
drug addiction [50,51], the individual response to stress [12], the suc-
cess of naloxone treatment of alcoholism [52], or even the susceptibility
to breast cancer [53] or the incidence of sudden infant death syndrome
[54]. At the molecular level, in particular p-opioid receptor variants have
been shown to reduce opioid receptor expression [16,17], receptor sig-
naling [17-19] up to an almost complete functional loss [18,20], and

Table 2
Ion Torrent PGM Run Characteristics (n = 7) of the NGS of human opioid receptor genes in
n = 79 DNA samples obtained from pain patients.

Chip  Sampleson Loading density Total Total Mean read length

chip (%) bases Reads (bp)
316_1 12 65 502 M 2,949,673 170
316.2 12 80 220M 1,755,623 125
316_3 11 63 339 M 2,060,050 165
316.4 11 50 406 M 2,374,049 171
316.5 11 67 540 M 3,186,425 169
316_6 11 56 477 M 2,813,274 170
316_7 11 52 495 M 2,645,442 174

' Read depth
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Fig. 2. The Figure shows the alignment of the ion torrent sequence of the k-opioid receptor
illustrated by Golden Helix Genome Browse® readout (A) versus the same sequence
according to a Sanger electropherogram (B). The grey bars in panel A show the read
depth of the single nucleotides (all nucleotide positions =~ 300 reads). The green scale in
panel A shows the amino acids from different transcripts in detail. The colored bars in
Panel B indicate for a sequencing quality parameter, which means a high filled box
means a trustworthy sequencing process.

alternative splicing with the appearance of a six-transmembrane seg-
ment p-opioid receptor [45] that triggers excitatory effects [43]. Howev-
er, despite this apparently successful research on opioid receptor
genetics, results have neither entered clinical practice nor have they
been included in main treatment guidelines for pain or addiction [24,
55]. This may have several causes such as too small effect sizes
counterbalanced by concomitantly other genetic variants [56]. Howev-
er, an important perception of the discrepancy between the pathophys-
iological importance of opioid receptors including their role as main
drug targets and the modest utility of their genotyping is, that the lim-
ited selection of published functional variants with accessibility by spe-
cific genetic assays [23] is probably insufficient. Indeed, we have
recently shown that NGS of human opioid receptor genes outperforms
single opioid receptor variants as a genetic biomarker of opioid-analge-
sia related phenotypes [29].

Research interest in the complete genomic information dates back to
the seventies of the last century when the selective incorporation of
chain-terminating dideoxynucleotides by DNA polymerase during in
vitro DNA replication had been introduced [25,26]. Techniques signifi-
cantly improved during the last decades [57] with the development of
contemporary machines in the late 1990s released to the market around
the year 2005. The term “next generation” DNA sequencing refers to
high-throughput technologies capable of parallel analyses of large num-
bers of different DNA sequences in a single reaction [58]. NGS has been
attributed the potential to accelerate biomedical research [28,59,60].
Current leading manufacturers of commercial NGS platforms are
Illumina (Genome Analyzer, HiSeq, MiSeq) and Life Technologies
(SOLID System, lon Torrent, Proton). The systems combine conceptually
similar workflows, starting with the creation of the genetic sample,
which commences library preparation involving fragmentation of geno-
mic DNA, purifying to uniform and desired fragment size and ligation to
sequencing adapters specific to the platform. Differences apply to the
reaction biochemistry and the way how the sequencing information is
read [58]. In the present ion semiconductor sequencing method, librar-
ies are immobilized to beads and amplified in microdroplets of aqueous
solution and oil using emulsion PCR. Individual nucleotide bases are in-
corporated via DNA polymerase, which in the case of success triggers



DNA samples

R B

mm
==}
& 2

23

L1doxa

EEEEEEEEEEEESEEEEEEEEEEEEEEEESEEEEEEEEEEEEEENEEEEEEEEEEEEEEEEEEEEEEEEEEEEE [

£46PQ

1€23

36 D. Kringel, J. Létsch / Clinica Chimica Acta 463 (2016) 32-38
Chr6.154441965 SNV
Chr. 154442130, SNV

o

&N n m

SR 8 &
Chr1.29139140.SNV ]
Chr1.29189597. SNV ]
Chr1.29190138. SNV ]
ChrB.154360797.8NV ]
Chr6.154407967.SNV
Chr6. 154408702 SNV m
Chr6.154412004.SNV ]
Chr6.154414375.5NV || B
Chr6.154414446.SNV | | |
Chr6.154414563.5NV | M
Chr6.154414573.SNV || B
Chr6.154428537.SNV || |
Chr6.154428666.5NV | | ]
Chré.154428702.5NV ||
Chr6.154430026. SNV ||
Chr6.154431565.5NV | |
Chr6.154440742.5NV ||
Chr6.154441227.SNV ||
Chr6.154441526. 8NV | |
Chr6.154441864.5NV
Chr6.154442143 SNV

5

Chr6.154442251. SNV

i 154442512, SNV
] _ H CIEC é u

Chr6.154442570. SNV
Chr6.154442676.SNV
Non-reference allele count o =

Chré. 154443279.SNV
Chr. 154443882 SNV

Ghi6.154444436.Ins
Chre. 154445215, SNV
Chr6. 154446722 SNV
Chr6.154446778.5NV
Chré. 154447283, SNV
Chr. 154447392 SNV
Chr6. 154447545 SNV
Chré. 154449420.SNV
Chrb. 154449525 SNV
Chr.154449695 SNV
Chre. 154449850.SNV
Chr.154449939. SNV

Ghr.154450079.Del
Chre. 154450103.SNV
Chré. 154450391, SNV
Chrb, 154450608 SNV
Chre. 154450956, SNV
Chr6.154450985.5NV |11

Ghr.154451224.Del
Chr6.154451812.SNV
Chré. 154452486 SNV
Chr6. 154452537 SNV
Chr6.154452687.5NV I

[TT T M T T TTT T T T T T T TTTTTTITTTTT7 T W 1283
TWYdO Taydo

Chr6.154452687 MNP
Chr6. 154452690 SNV
Chr6.154567863.SNV
Chr8 54138232 SNV
ChrB.54136291 SNV
GhrB.54138601 SNV
Chr8.54138618 SNV
ChrB.54138861 SNV
GhrB.54139049. SNV
Chr@.54139056 SNV
ChrB 54139557 SNV
GhrB.54140029. SNV
Chr854140111.SNV
ChrB54140789. SNV
GhrB.54140818.SNV
Chr@.54140948 SNV
ChrB.54140989 SNV
GhrB.54141163. SNV
ChrB54141204 SNV
GhrB.54141524 SNV
ChrB.54141824 SNV
ChrB54142157 SNV H
Chig.54147491.5Nv [T
Chr8.54155452 SNV
ChrB 54155455 SNV
GhrB.54155476.SNV
Chr@.54163562 SNV
Chrd.34634801.Del
Chr20.62716270.SNV
Chr20.62717930.5NV.
Chr20.62723169.Ins
Chr20.62723310.5NV.
Chr20.62729431.5NV
Chr20.62729577.5NV.
Chr20,62730678. SNV
Chr20.62731455 SNV
Chr20.62731461.5NV
Chr20,62731462 SNV
Chr20.62731992. SNV

TXHdO

EEESESEESEEEESSEEEEEESSEEEESSEESSEEEESEEESEEEESEEEEEEEEEEEEEEEEEEEEEEE EE [HE

NS EEEEENSENE SEEEEEEEEEEEE BN BN N & 2 S§ENE R E § = NN B[
EEEEEE SEENESEEEEEEEEEEEEE BN B B 2§ S B NN § BN BEE BN BN BN = EE  mft

AEEEEEEEEEEEEEEEEEEEEEEE B BN B B B B  E BEE B B B B 2 BEE EyEE
EEEEEEESEEEESEEEEEEEEENEEEE @ B 2§ S B NN § BN BEE B BN BN E EEE ElY

EEEEEENEEEEEE EEEEEEEEEEE

EESEEEESESEESEENEEEEEEEEEE EEE BN EE BN 2§ 2 EE R B E§ = 2 EEEEEUE]

THYWOIS

I74d0O

EEEEEEE B EEEEE 2~ = SESEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEENEEEEEEEEEE  JVec
Hl SENEEEEEEEEEE BN BB B ______§ _E EE SN ® ___§®§ EE Vo

[T T T T T T T T T T ITT
EEEEEEEEEENENEEEEEEEEEEEEEE BN BSE B 22§ 22E EE . § = 2 EEE B[

[ TTTTTTITTTT T

T O
[TT T T T T T T T T T T T T T T T T T T T T T T I T T T T T T T TTTTTTTT 7177 T ] se43
EEEEEEEEEEEEEEEEEEEEEEEE EESEEEEEEEEEEENEEEEEEEENEEEEEEEEEEEEEEENENENEEEEEE  BIE

ENEEEEE EEESESEESEEESESEESESSESSEESSESESEEESS EEESEESEESEEESE EESEEEEEEEEEEEEEEEENEEEE EE  BEAE

Hl EEEE EEEEEEEEEEESEESEEEEE SEEE EEEEEESEEEEEEEEEEEEEEEEE EEEEEEEEEEEEEE B EREREC
[TT T T T T T T T T I I T T T T T T T T T T T T TTTTTTTTTTT]
EEEEEE EECCESSSSE  DAGNES BES BSSSEEE BE BB N B B EEE B BN EEEEENTT

Fig. 3. Example opioid receptors' genetic pattern of 28 pain patients receiving standard opioid doses (extended from [29]). The plot shows the occurrence of variants (lines) per DNA
sample (columns) as vectors of a length corresponding to the number of gene loci in which a non-reference nucleotide was found in any sample of the whole cohort. The vectors are
composed of information about the number of non-reference alleles found at the respective locus in the respective sample, color codes as white, 0 non-reference alleles = wild type
genotype, yellow, heterozygous, and red, 2 non-reference alleles. The opioid receptors are indicated by different color shading behind the vectors of individual genetic information.
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the release of a proton. The semiconductor chip that acts as a pH meter
[61] providing the final readout. Alternative techniques use the detec-
tion of light instead, i.e., from optical fluorescence signals in the case
of successful nucleotide incorporation the DNA nucleotide sequence is
assembled. The different techniques differ with respect to the obtained
throughput and accuracy [62,63].

The high throughput and comprehensive information about DNA se-
quences are presently reflected in the assay costs. The sequencing of the
opioid receptor genes of 79 patients required € 4500 for the AmpliSeq™
custom panel, € 5800 for library preparation, € 980 for template prepa-
ration and € 1200 for sequencing. In addition, approximately € 800 was
spent for consumables and supplies. With twelve barcoded samples
loaded on each chip, analysis costs for a single patient's opioid receptor
gene sequence were approximately € 168. NGS costs are expected to
quickly fall in near future [64]. However, despite this rapid technological
progress, the analysis of the generated large data sets remains challeng-
ing [65]. As the sequencing process is only the beginning of the proce-
dure, the analysis of the resulting “big data” requires substantial
computational power, bioinformatics expertise and “up to date” data-
bases of genomic variations. NGS technologies seem to shift the work-
load essentially away from the laboratory sample preparation toward
various data analysis processes.

Research on the genetic variation of human opioid receptors as the
main targets of endogenous and exogenous opioids is of immediate in-
terest for assessing the clinical effects of opioid analgesics and for study-
ing the epidemiology of substance addiction. The present NGS method
is suitable for large-scale sequencing of an extended set of human
genes belonging or related to opioid receptors. By covering almost the
complete relevant coding and regulatory parts of the genes, the method
includes all variants studied so far for functional associations and adds a
large amount of genetic information as a basis for complete analysis of
human opioid receptor genetics and its functional consequences.
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ORIGINAL ARTICLE

Emergent biomarker derived from next-generation
sequencing to identify pain patients requiring uncommonly

high opioid doses

D Kringel, A Ultsch?, M Zimmermann?, J-P Jansen®, W llias®, R Freynhagen®’, N Griessinger®, A Kopf®, C Stein®, A Doehring’,

E Resch'® and J Létsch™°

Next-generation sequencing (NGS) provides unrestricted access to the genome, but it produces ‘big data’ exceeding in amount and
complexity the classical analytical approaches. We introduce a bioinformatics-based classifying biomarker that uses emergent
properties in genetics to separate pain patients requiring extremely high opioid doses from controls. Following precisely calculated
selection of the 34 most informative markers in the OPRM1, OPRK1, OPRD1 and SIGMART genes, pattern of genotypes belonging to
either patient group could be derived using a k-nearest neighbor (kNN) classifier that provided a diagnostic accuracy of 80.6 + 4%.
This outperformed alternative classifiers such as reportedly functional opioid receptor gene variants or complex biomarkers
obtained via multiple regression or decision tree analysis. The accumulation of several genetic variants with only minor functional
influences may result in a qualitative consequence affecting complex phenotypes, pointing at emergent properties in genetics.

The Pharmacogenomics Journal (2017) 17, 419-426; doi:10.1038/tpj.2016.28; published online 3 May 2016

INTRODUCTION

Genotyping-based drug therapy decisions are increasingly desired
in clinical practice; however, their introduction is still limited. The
so far published single functional genetic variants are increasingly
perceived as insufficient in providing a genetic diagnosis of
clinical phenotypes.! However, exploitation of the whole genetic
information becomes possible overcoming the restricted selection
of known variants. Next-generation sequencing (NGS)? provides
unrestricted access to the subjects’ genome.

As the resulting ‘big data’ exceeds in its amount and complexity
the classical approaches, the analysis of NGS derived data is an
active research topic. It has already led to working solutions (for
review, see Nielsen et al.®> and Pabinger et al.*) and new statistical
methods for analyzing NGS data are continuously emerging.>™®
However, methods to convert NGS-derived big data into biomar-
kers are still sparse and solutions exploiting the whole genomic
information content for patient classification are still needed. Novel
types of classifying biomarkers derived from NGS information are
needed, and we report a subsymbolic classifier that uses emergent
properties in genetics'® with the potential of self-learned improve-
ment from successively addable genetic and clinical information.

The biomarker was developed based on the clinical problem of
extremely high opioid demands by some pain patients without
any indication of addiction. These patients were subjected
to our pharmacogenetic counseling for opioid receptor genetics
as the primary candidates coding for the main targets of this class
of drugs. The results show that the biomarker utilizing

comprehensive DNA sequence information outperforms classical
approaches at genetics-based patient classification and promises
the utilization of complex information in NGS-derived genotypes
for successful clinical diagnostics.

MATERIALS AND METHODS

Patients

The investigation followed the Declaration of Helsinki on Biomedical
Research Involving Human Subjects and was approved by the ethics
committee of the Medical Faculty of the Goethe-University, Frankfurt,
Germany (ethics protocol number E 195/08). Patients were included for
whom pharmacogenetic counseling, in particular opioid receptor genotyp-
ing, had been requested because of the perception of uncommonly high
analgesic opioid dosing requirements without any obvious clinical reason
and explicit denial of an addiction background. Using conversion to oral
morphine equivalents (OMEs; for details, see Supplementary Table 1), these
patients were divided into two groups with high (=400 mgday~' OME;
n=30; mean+s.d.: 3.04+034log OME) and common (<100 mg day '
OME; n=28; ‘controls; meanzs.d. 1.7+024log OME) opioid dosing
requirements for chronic pain therapy. Upon written informed consent, a
venous blood sample was taken from each patient; the samples were
anonymized and sent to our laboratory at the Institute of Clinical
Pharmacology in Frankfurt.

Opioid receptor genotyping using NGS

DNA preparation and amplification. Genomic DNA was extracted from
200 pl venous blood on a BioRobot EZ1 workstation applying the blood
and body fluid spin protocol provided in the EZ1 DNA Blood 200 pl Kit
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(Qiagen, Hilden, Germany). A multiplex amplification primer set for the
exonic sequences of the opioid receptor genes (OPRM1, OPRK1, OPRD1 and
SIGMAR1, located on chromosomes 6, 8, 1 and 9, respectively) was
designed online using a web tool (lon Ampliseq Designer; Life
Technologies, Darmstadt, Germany) provided by the manufacturer of the
NGS device at http://www.ampliseq.com. Sequencing gaps affected only
noncoding regions (for details, see Supplementary Table 2). A total of
10 ng DNA per sample were used for the target enrichment by a multiplex
PCR and each DNA pool was amplified with the lon AmpliSeq Library Kit
2.0 in conjunction with the lon AmpliSeq ‘custom Primer Pool’ protocols
according to the manufacturer’s instructions (Life Technologies). After each
pool had undergone 17 PCR cycles, amplicons were digested with FuPa
Reagent partially removing the primer sequences followed by adaptors
ligation. To enable multiplexing, sequencing adaptors with short lengths of
index sequences (barcodes) were used (lon Xpress Barcode Adapters Kit;
Life Technologies). The adaptor-ligated amplicons were then purified using
the Agentcourt AMPure XP beads (Beckman Coulter, Krefeld, Germany).
After purification, fragment libraries were normalized to a final DNA
concentration of 100 pm using the lon Library Equalizer Kit (Life
Technologies). Equalized barcoded libraries from 10 to 12 samples were
pooled at a time. To clonally amplify the library DNA onto the lon Sphere
Particles (Life Technologies), a volume of 2 pl of the barcoded and pooled
library was suspended to emulsion PCR using the lon Personal Genome
Machine (PGM) Template OT2 200 Kit on the lon OneTouch 2 system (Life
Technologies) according to the manufacturer's recommended protocol.

DNA NGS and variant identification. The template-positive lon Sphere
Particles were enriched on the lon OneTouch ES (Life Technologies) and
loaded on lon 316 v2 Chips (500 Mb of expected sequence data output).
Sequencing was performed with the lon (PGM) system using lon PGM 200
Sequencing Kit v2 (Life Technologies) with the 200-bp single-end run
configuration following the manufacturer’s instructions. Using the Torrent
Suite software (version 4.4.2; Life Technologies), signal processing, base
calling and the generation of unmapped and mapped BAM-files (hg19
reference genomic sequence) were performed. The variant calling (single-
nucleotide polymorphisms, multi-nucleotide polymorphisms (MNPs),
insertions (Ins) and deletions) across the hg19 reference genomic
sequence was performed with the Torrent Variant Caller Plugin with
following key parameters: minimum allele frequency=0.1, minimum
quality=10, minimum coverage=6 and minimum coverage on either
strand =0. The annotation of called variants was done with lon Reporter
software (version 4.2.2; Life Technologies) using VCF files from the Torrent
Variant Caller as input. Data quality and coverage checks as well as variant
identification were done using the single-nucleotide polymorphism and
variation suite software (SVS version 8.3.3 for Linux 64-bit; Golden Helix,
Bozeman, MT, USA). The correctness of the genotyping was verified using
10 amplifications of the coding parts of the genes that were completely
conventionally sequenced by an independent commercial provider (LGC
GmbH, Berlin, Germany).

Data analysis

Opioid receptor genotype differences between patients with high opioid
dosage and controls were analyzed using the single-nucleotide poly-
morphism and variation suite software (SVS version 8.3.3 for Linux
64-bit; Golden Helix), the R software package (version 3.0.2 for Linux;
http://CRAN.R-project.org/) and the Matlab numerical computing environ-
ment (version 8.3.0.532, MathWorks, Natick, MA, USA). The analyses are
described briefly in the following; more detailed descriptions are provided
in the Supplementary Materials.

Assessment of group differences in single opioid receptor variant or
haplotype frequencies. A first analysis employed the classical approach
to pharmacogenetic analyses consisting of x> statistics with an a-level of
0.05 corrected for multiple testing according to the conservative criterion
of Bonferroni. The dominant hereditary model (DD, Dd versus dd,
where D denotes the minor allele and d the wild-type allele) was
applied. In addition, haplotypes identified in silico via the minimizing
historical recombination algorithm'’ were analogously assessed. To
observe statistical power, only variants found at a frequency of >10%'2
were included.

Assessment of combined genotypic group classifiers. Further analysis

addressed combinations of genetic variants employing two classical
methods comprising stepwise regression analysis and classification and
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regression tree (CART) analysis. In addition, advanced approaches at
complex genetic group classifiers were used. As above approaches implicitly
assumed homogeneity within the two patient cohorts, cluster analysis was
used to reveal subgroups within each cohort. For this analysis, data were
preprocessed to obtain the genotypes at each locus that could be expected
by chance, which were obtained as the group size weighted means across
all patients, separately for each variant. Subsequently, for each variant and
patient the directed deviations were calculated as the difference between
the actual observation and the above calculated expectation. These
deviations were submitted to cluster analysis using the Ward algorithm
and the Jaccard distance calculated as 7 —Jaccard coefficient, the latter being
identical to the percentage of nonzero values that differ. In a final step, these
clusters served for the training of a k-nearest neighbor (kNN)'2 classifier with
k=3. Furthermore, the distance function was optimized by selection of the
most informative variables using computed ABC analysis'* that identified
those genetic variants that promised to provide the best distinction
between the two patient groups based on the difference in absolute group
means of the number of rare-type alleles.

Classification performance analyses. For all single and complex classifiers
cross-validated prediction performances were assessed. Test data sets
(sample size n=20) were drawn from the study cohort that always
included (1) seven additional patients with high opioid dosage, and
expanded by (2) further three patients randomly chosen from the already
analyzed group with high opioid dosage to obtain a sufficiently large
number for accuracy calculations and (3) 10 patients randomly chosen
from the control group. Testing was 100 times repeated. The diagnostic
accuracy, test sensitivity, specificity and positive predictive value were
calculated using standard equations.

RESULTS
Group differences in single opioid receptor variant frequencies

Nucleotide information was completely available and sequencing
runs met the standard requirements. The average throughput was
540 mega-bases, using 316 sequencing chips, which is within the
upper third of the expected sequencing output according to the
manufacturer’s instructions, and the average chip loading was
71%, meeting the all expected assay quality parameters criteria.

NGS identified 152 variants in opioid receptor genes in the whole
study population (Figure 1). A number of 100, 42, 3 and 7 variants
were located in the covered sequences of the OPRMI1, OPRKI,
OPRD1 and SIGMAR1 genes. Group differences in the allelic
frequencies were analyzed for 77 gene loci where variant alleles
were found in at least 10% of the patients. This resulted in a
corrected a-level of 0.000649351 as the upper limit for acceptance of
a significant difference (Figure 2). A P-value below this limit resulted
for the group frequency comparisons of the Chr6:154451812-single-
nucleotide variation (SNV) in the p-opioid receptor gene OPRM1
(P=0.00049, a-corrected P=0.038) and for the Chr8:54147491-SNV
in the k-opioid receptor gene OPRKT (P=0.000278, a-corrected
P=0.021), whereas a few other variants in the p-opioid receptor
gene, that is, Chr6:154444436-Ins (uncorrected P=0.0169),
Chr6:154452687-MNP (uncorrected P=0.036) and Chr6:154567863-
SNV (uncorrected P=0.0174), merely displayed differences at an
uncorrected significance level and were therefore rejected.

All opioid receptor genetic variants previously proposed as
modulating opioid requirements (Table 1) failed to display
significant group differences with respect to their allelic frequen-
cies. For example, the variant OPRM1 118 G allele was found in 9
patients requiring high opioid doses and in 13 controls
(uncorrected P=0.589). However, none of the variants identified
in this classical analysis provided an acceptable accuracy for the
assignment of a patient to either group (51.5+2% and 51.4 +5%)
and the diagnostic sensitivities of these markers were also low
(Table 3). Furthermore, a total of 24 different genetic variants
carried only by pain patients who received very high opioid doses
but not by any of the control patients provided an immediate
biologically plausible cause for reduced or absent opioid receptor
function (Table 2).
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Figure 1. Overview of the opioid receptor genetic pattern of the present patients (n=30 and 28 pain patients with high and average opioid

dosage, respectively). The denominations of gene loci where variants have been detected is given at the bottom of the figure. (Top) Bar plot of
the frequency of carriers of single-nucleotide polymorphisms (SNPs), with bar lengths indicating the percentage of patients carrying a variant
allele (either heterozygously or homozygously); bars in the upper direction (yellow) show the high opioid patients (n=30) and bars directed
toward the bottom (dark gray) show the controls (n =28). (Bottom) Matrix plot of the occurrence of variants (columns) per patient (lines; color
coding is white: wild type, yellow: heterozygous, red: homozygous rare allele), separated by gaps for the two groups of patients and for the
four opioid receptor genes (OPRD1, OPRM1, OPRK1 and SIGMART) from the left to the right; the codes at the right are the patient’s codes left in
the figure for potential data validation purposes). For better visibility, the variants are numbered and the abscissa details are given in
an enlarged version in the Supplementary Materials (DetailedAbscissa_Figure1.pdf).

Predictions using combined genetic markers obtained with

classical approaches

An only moderate improvement of the opioid receptor genetics-
based group classification performance was obtained using classical
assessments of combined genotypic group classifiers. Stepwise

regression analysis identified, based on the P < 0.05 inclusion and
P>0.1 rejection criteria, n=6 opioid receptor variants, that is,
Chr6:154443510-SNV,  Chr6:154449106-Ins, Chr6:154450991-MIX,
Chr6:154451812-SNV, Chr8:54147491-SNV and Chr8:54155452-SNV,
as suitable components of a combined genotypic classifier for the
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present group assignment. A linear regression model using these
alleles performed with an average accuracy of 61.7 + 6% on the 100
randomly drawn test data sets (Table 3). A decision tree classifier
constructed with the CART algorithm used n=12 opioid receptor
variants, that is, Chr6:154360483-SNV, Chr6:154414666-SNV,
Chr6:154439865-SNV, Chr6:154442128-SNV, Chr6:154443510-SNV,
Chr6:154450065-SNV, Chr6:154450991-MIX, Chr6:154450996-MNP,
Chr6:154451812-SNV, Chr6:154567863-SNV, Chr8:54147491-SNV
and Chr8:54155452-SNV. The prediction of group assignment using
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Figure 2. Manhattan plot showing the results of the genotype
association test using the dominant hereditary model. Only
chromosomes 1, 6, 8 and 9 are shown where the four opioid
receptor genes are located. In addition, the a-levels before and after
correction for multiple testing according to Bonferroni are indicated
as horizontal lines.

this decision tree performed with an average accuracy of 74.4+ 4%
on the 100 randomly drawn test data sets (Table 3).

Predictions using advanced approaches at complex genetic group
classifiers

A Ward clustering using the Jaccard distance on all genetic markers
led to clusters of n=5 each in both the high opioid patients and the
controls. The kNN classifier was trained with the pattern of each
cluster per group that resulted in a number of typical patterns given
by the number of clusters per patient group. Each of the 100
randomly drawn test data sets was compared in the high-
dimensional data space with the obtained complete genotypes
according to the Jaccard distance, and the case was assigned to
that cluster to which the majority of its three neighbors belonged.
The performance of this classifier on the test data resulted in an
accuracy of 74.4+7% matching that of the CART-derived classifier
(Table 3). This result could be improved by eliminating those
genetic markers that only introduced noise into the classifier. ABC
analysis revealed that the genetic information contained at 34 loci
in opioid receptor genes suffices for accurate group assignment to
either patients with high opioid dosage or controls (Figure 3). With
these markers, three clusters were identified for the control group,
whereas four clusters appeared in the high opioid group. The
performance of this kNN classifier on the test data, obtained as
described in the previous paragraph, resulted in an accuracy of
80.6 +4% (Table 3).

DISCUSSION

The present analysis showed that patterns of opioid receptor
genotypes indeed provide a basis for the high opioid dose
occasionally observed in pain patients. However, this was obtained
using a ‘self-learning subsymbolic high-dimensional classifying
biomarker'. That is, in machine learning a classifier is called
symbolic if it can in principle answer the question of why a given
data set has been assigned to a particular group; however, it is in
principle not possible to get a reason for a particular classification.
The presently used kNN classifier belongs to this type of algorithms.
Its functioning is like an associative memory. For a given case the
kNN classifier searches its data base of already learned correct
classifications in order to find those cases that are most similar to
the given data set.'® If a data set has been classified successfully to
its proper class, the data base of the classifier can be enhanced with
this data set and classification (‘machine learning’). In analogy to the

Table 1.
including example references for each variant

Variants in opioid receptor genes for which functional consequences for opioid-based analgesic therapy had been reported previously,

effects in response to antidepressants

Gene cDNA Nucleotide position Effect dbSNP Clinical consequence Reference
OPRM1  ¢575G>T chr6:154411245  p.Cys192Phe rs62638690  Heroin and cocaine addiction 26
Cc.1206A>T chr6:154414446  p.GIn402His  rs540825 Decreased effects in response to antidepressants 2
c.118A>G chr6:154360797  p.Asn40Asp  rs1799971 Decreased effects in response to opioids 28
c17C>T chr6:154360696  p.Ala6Val rs1799972 Heroin addiction; opioid dependence 2
c.172C>T  chr6:154039373  p.GIn5His rs6912029 Change-in-libido side effects; insomnia side effects 30
c.1231C>T chr6:154107531 p.Glu411AMB rs677830 Decreased effects in response to opioids 27
c440C>G chr6:154089975  p.Ser47Cys rs17174794  Heroin and cocaine addiction 26
c.1323A>G chr6:154414563  p.(=) rs675026 Increased risk in coronary heart disease 3
c.1333C>T chr6:154414573  p.(=) rs562859 Decreased effects in response to antidepressants 32
OPRD1  ¢.921C>T chr1:29189597 p.(=) rs2234918 Increased effect sizes of pain 33
OPRK1  ¢36G>T  chr8:54163562 p.(=) rs1051660  Heroin addiction; alcohol dependence 34
c.846C>T chr8:54142154 p.(=) rs16918875  Heroin addiction; alcohol dependence 35
c.843A>G chr8:54142157 p.(=) rs702764 Heroin addiction; alcohol dependence 35
SIGMART c¢.5A>C chr9:34637690 p.GIn2Pro rs1800866 Increased risk for developing Alzheimer’s disease; decreased 36

Abbreviations: cDNA, complementary DNA; dbSNP, single-nucleotide polymorphism database; p.(=), synonymous variant.
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Table 2. Genetic variants found only in patients receiving high opioid doses

Gene Variant DNA change Molecular consequence Potential functional effect® dbSNP ID

OPRK1 54139145-SNV Cc¥2712C>T Noncoding Reduced transcriptional efficiency rs117602211
54141429-SNV c*¥428G>A Noncoding Reduced transcriptional efficiency rs182444059
54147531-SNV €.398T>C p.lle133Thr Missense mutation rs146859342

OPRM1 154411110-SNV c440C>G p.Ser147Cys Missense mutation rs17174794
154411245-SNV c.575G>T p.Cys192Phe Missense mutation rs62638690
154439865-SNV c9C>T —_ — rs11575858
154439876-SNV c¥20G>A Noncoding Reduced transcriptional efficiency rs200778856
154443060-SNV — o — —
154443067-SNV —_ —_ — —_
154443459-SNV — — — —
154443510-SNV C¥3689A>G Noncoding Reduced transcriptional efficiency rs188792757
154446218-SNV — — — rs190450820
154448521-Ins — — — —
154449106-Ins —_ — — rs73022035
154450157-SNV — — — —
154450988-MIX — — — —
154450973-MNP —_ —_ — —_
154451224-MIX — — — —
154451843-SNV c*¥11987C>T Noncoding Reduced transcriptional efficiency rs191957030
154452251-SNV €.¥2395G>C Noncoding Reduced transcriptional efficiency rs644261
154453066-MIX c*13210A>G Noncoding Reduced transcriptional efficiency rs184783311
154453095-SNV — o — —

SIGMART1 34637690-SNV c5A>C p.GIn2Pro Missense mutation rs1800866

Abbreviations: dbSNP, single-nucleotide polymorphism database; mutation variants are as follows: Ins, insertion; MIX, a mixture of variation types; MNP, multi-
nucleotide polymorphism; SNV, single-nucleotide variation. “Potential consequences according to this review.?'

classifier

Table 3. Performances of selected classifiers to predict a patient with high opioid dosing
Classifier Group difference No. of  Sensitivity (%) Specificity (%) PPV (%) Accuracy (%) No. of 7 independent
(P-uncorrected)* genes samples correct
Chr6:154360797-SNV P=0.589 1 13.9 87 51 506 +5 0
Chr6:154451812-SNV 0.00049 1 29 100 29 51.5+2 0
Chr8:54147491-SNV 0.000278 1 10.5 92.2 52 514+5 4
Regression — 6 67.7 55.7 60 61.7+6 4
CART — 12 92.6 56.1 68 744 +4 3
Clustering+kNN classifier — 152 753 73.5 74 744 +7 5
ABC analysis+clustering+kNN — 34 93.7 67.4 74 80.6+4 4

corrected significance level was 0.000649351.

Abbreviations: CART, classification and regression tree; kNN, k-nearest neighbor; PPV, positive predictive value; SNV, single-nucleotide variation. y? test: the a-

subsymbolic/symbolic concept in machine learning we define a
subsymbolic biomarker as a pattern of markers, here represented
by the genetic changes, where (1) none of the markers needs to be
directly related to any known biological function/process or a
cellular component, although this is not excluded; and (2) the
sequence of marker changes is not important, that is, the marker
does not retrieve its classificatory value by its place in a sequence
such as a nucleic or amino acid sequence in genes or proteins. In
contrast, a symbolic biomarker would represent a genetic change
that can be directly related to a biological function/process or a
cellular component. However, if the pattern of the subsymbolic
biomarkers is observed in an organism, it can be connected to
biological function processes or a cellular component. This points at
emergent properties in genetics."

A subsymbolic high-dimensional classifying biomarker uses
subsymbolic biomarkers and subsymbolic classifiers in order to
decide between different biological conditions/classes/clusters. It
is called self-learning, if successfully classified data are added to
the knowledge base of the classifier. This can be called a ‘self-
learning subsymbolic high-dimensional classifying biomarker’

(Figure 4). The present information from 30+28 patients can be
successively enlarged by adding further patients. In the case that a
new opioid receptor genotype pattern will be correctly identified
by comparison with the present information from these 58
patients, the biomarker would be successful. In the opposite case,
a wrongly classified genotype pattern can be implemented into
the present data basis and new ABC marker sets. Jaccard distances
can be computed to improve further diagnoses by a continuously
developing system. Thus, the biomarker can ‘learn’.

One of the keys to the success of the classification was the
accounting for the heterogeneity of the patients. Beyond the main
phenotype of high opioid dosage, the present patients were
indeed a heterogeneous group. They had been submitted to our
pharmacogenetic counseling mostly without further details of the
clinical background except for a few cases such as those
presented. Therefore, patients have different diseases underlying
the pain. The high opioid doses may be accidental as most
patients were sent from University tertiary care centers where the
physicians were more inclined to raise the opioid doses, whereas
in the periphery, the same patients might have been labeled as
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Figure 3. Identification of those genetic variants that promised to provide the comparatively best distinction between the two patient groups.

The bar plot shows the absolute group size standardized differences of the occurrences of each variant between the two patients groups. The
34 bars left of the solid vertical line indicate the genetic variants found by a computed ABC analysis (rlght upper part of the figure) to provide
a statistically valid set of markers to be included in a complex biomarker. At the upper right corner is the ABC plot'® of the cumulative
distribution function of the additional fraction of the absolute group differences in allelic numbers (solid curved line). In addition, ABC plots of
the identity distribution, x;= constant (dotted line, that is, each genetic variant occurs at the same number in each group), and of the uniform
distribution in the data range (dotted line, that is, each variant allele had the same chance to occur) are shown. Compared with the latter
distributions, the solid curved line clearly indicates a highly unequal distribution of the group differences in the numbers of variant alleles.
Further marks in this plot consist of a light grey and a darker grey star denoting the so-called Pareto and BreakEven points, respectively. The
Pareto point A (A,, A)) is the point at the smallest distance (left oblique black line) to the ideal point at xy where the effort would be zero to
obtain the whole yield. The BreakEven point B (Bx, By) marks the point on the ABC curve where its slope, dY/dE, equals 1, that is, the so-called
profit gain dABC equals 1. Beyond that point, more information can only be gained with inadequately high efforts. The ABC analysis comes
from economical informatics and, in the present context, aims at identifying the most informative genetic variant for group classification by
dividing the 152 variants into 3 distinct subsets. Set A should contain the ‘critical few; that is, those elements that allow obtaining a maximum
of yield with a minimal effort."* Set B comprises those elements where an increase in effort is proportional to the increase in yield. In contrast,
set C contains the ‘trivial many; that is, those elements that are not worth to be considered a biomarker. As a result, set A was used to establish

a subsymbolic classifying biomarker.

opioid resistant already at doses below 400 mg OME per day and
therefore not included into this analysis. An opioid resistance
might indeed apply to one of the presented patients as discussed
below. Thus, the heterogeneity of opioid-treated pain patients is a
clinical reality and has to be considered in a successful biomarker.
Here, a self-learning biomarker provides an ideal basis.

However, although the subsymbolic biomarker successfully
classified the patients, the question remained of how genetic
changes of no singular identifiable major molecular consequence
can nevertheless underlie the phenotype. A possible explanation
may be the above-mentioned emergent properties in genetics'®
to which the biomarker pointed. Specifically, we hypothesize that
from the accumulation of several genetic variants that mostly
provide only small quantitative modulations of gene transcription,
a qualitative genetic change can emerge toward a substantially
more or less efficiently transcribed gene that then gains the
phenotypic consequences that were not produced by any single
variant alone.

Indeed, molecular knowledge about members of the ‘A’ set of
the ABC analysis (Figure 3) supports this hypothesis, and this will be
illustrated by two examples. The Chr6:154451812-SNV, and various
further variants that occurred only in patients receiving high
analgesic opioid doses (not shown), is noncoding; yet, it is known
that such variants can affect mRNA splicing, stability and structure,
resulting in a reduced transcriptional efficiency.'®'” Indeed,
genome-wide association studies yielded that besides mutations
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in the coding regions of genes, even mutations in noncoding and
intergenic regions can be associated with diseases.'® These changes
can affect the function of proteins, change the cellular response
to therapeutic targets and can explain the different responses
of individual patients to medications.”® Furthermore, the
Chr8:54147491-SNV variant (c.438G>T) changes the codon ATA,
which translates to isoleucine, to codon ATC, which also translates
to isoleucine. Although apparently this mutation does not lead to
an alteration in the primary polypeptide sequence, that is, it is
synonymous, this kind of mutation is now widely acknowledged to
be able to cause changes in protein expression, conformation and
function.?® Recent genetic and biomedical studies have identified
multiple mechanisms that provide an indication of the means by
which synonymous mutations can affect physiological changes and
consequently influence disease.?’

A synonymous substitution might produce changes in the
phenotype by affecting splicing that in consequence can lead to a
shortened mRNA and subsequently a nonfunctional protein.?'??
Moreover, synonymous mutations might alter the mRNA Stabl|l%l
leading to faster degradation and reduced protein expression.
Another possibility of how synonymous mutations may influence
protein levels is affecting translation elongation. The relative
synonymous codon usage (RSCU) value represents the local
translation elongation rates and is directly linked with protein
expression, as the speed of translation is often important for
accurate protein folding. For example, a negative ARSCU value
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(when a mutation introduces a rarer codon) might lead to a slower
rate of translation elongation compared with the wild type.?' The
¢.438G>T variant causes, as a consequence of codon modifica-
tion, a change in the RSCU value (the RSCU value changes from
141 to 0.51 with ARSCU=-0.9)*° as queried from the Codon
Usage Database at www.kazusa.or.jp/codon/. A negative ARSCU
value means that the mutation introduces a rarer codon and this
might be associated with a slower rate of translation elongation
compared with the wild type.?'

Taking this idea one step further, multiple mutations that affect
codon usage thus might increase or decrease translation rates and
therefore appreciably bias protein expression. In its consequence,
the opioidergic system might have been altered to a degree that
translated into a clinical phenotype. Specifically, the present
subsymbolic classifying biomarker included 21 OPRM1 variants, 9
OPRK1 variants and 3 OPRD1 variants. All coded receptors are
involved in the endogenous nocifensive system. Hence, a
pharmacological interpretation of the present results may involve
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Figure 4. Schematic representation of main features of a prediction
using the proposed ‘high-dimensional subsymbolic biomarker’
(from top to bottom). (a) The biomarker creation starts from the
analysis of the relevant single markers, gene sequences, symbolized
as arbitrarily colored squares (for example, let this be nucleotides
and their heterozygous or homozygous presences). In the present
analysis, let these squares denote the variants in the opioid receptor
genes. (b) Based on the clinical background, the complex markers
were grouped into either high-opioid doses demanding patients
(orange small squares at the right) or controls (blue small squares at
the right). Subgroups within the groups are possible and should be
addressed by clustering (not shown). (c) From these composed
makers, ABC analysis identifies the relevant submarkers that are
most informative for the prediction (noninformative submarkers
grayed out). (d) A new patient is analyzed (markers with red
margins). Based on distance measuring in the high-dimensional
space, this patient will be assigned to the most similar group, that is,
to its nearest neighbors in the high-dimensional space based on the
chosen distance measure (here, the Jaccard distance was used for
genetic markers being either 0, 1 or 2). Concomitantly a learning
process of the biomarker starts. In the present example, it proves
useful, in a new ABC analysis, to include a further marker that, in a
previous ABC analysis, had been found uninformative (third marker
from the left, green margins). The process is repeated (dotted arrow)
with each prediction where the disease background is known, that
is, the biomarker ‘learns’ in the sense of Artificial Intelligence, where
valid information about a patient’s background is used to improve
the marker. This will improve its predictive accuracy in cases where
the background is not known.

<

the hypothesis of a general weakening of the endogenous opioid
system, mainly but not exclusively p-opioidergic, that was caused
by the accumulation of genetic variants. This may have finally
rendered the patient as nearly ‘opioid resistant’, directly because
of a reduced activity of exogenous p-opioid agonists and
indirectly also owing to a disturbed opioidergic system. Alter-
natively, as the subsymbolic nature of the biomarker involves that
its classification performance cannot be definitely assigned to one
of its components, it could turn out that the main contributors to
the successful classification are variants in the OPRM1 gene. This is
also well within the possibility of a self-learning classifier that, as
explained above, by successively re-evaluating and modifying its
composition, may still evolve toward a OPRMT variant-based
classifier. In that case, the association with a reduced activity of
mainly p-opioid receptor agonists would become straightforward.

This analysis showed that opioid receptor genotyping, consis-
tent with biological plausibility, has the potential to provide the
desired predictively of particular (clinical) phenotypes as demon-
strated with high opioid dose demands in pain patients. This may
be obtained with a novel type of biomarker, called ‘self-learning
subsymbolic high-dimensional classifying biomarker’. A self-
learning biomarker offers an ideal basis to account for the
heterogeneity of patients as it uses flexible patterns for the
prediction. This is a novel concept of biomarkers and it is not
limited to the present clinical diagnostic tasks. Related to this
concept, results of the analysis can also be taken as evidence for
emergent properties in genetics.'®
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Abstract

Background

Transient receptor potential cation channel subfamily V member 1 (TRPV1) are sensitive to
heat, capsaicin, pungent chemicals and other noxious stimuli. They play important roles in
the pain pathway where in concert with proinflammatory factors such as leukotrienes they
mediate sensitization and hyperalgesia. TRPV1 is the target of several novel analgesics
drugs under development and therefore, TRPV1 genetic variants might represent promising
candidates for pharmacogenetic modulators of drug effects.

Methods

A next-generation sequencing (NGS) panel was created for the human TRPV1 gene and in
addition, for the leukotriene receptors BLT1 and BLT2 recently described to modulate
TRPV1 mediated sensitisation processes rendering the coding genes LTB4R and LTB4R2
important co-players in pharmacogenetic approaches involving TRPV1. The NGS workflow
was based on a custom AmpliSeq™ panel and designed for sequencing of human genes on
an lon PGM™ Sequencer. A cohort of 80 healthy subjects of Western European descent
was screened to evaluate and validate the detection of exomic sequences of the coding
genes with 25 base pair exon padding.

Results

The amplicons covered approximately 97% of the target sequence. A median of 2.81 x 10°
reads per run was obtained. This identified approximately 140 chromosome loci where
nucleotides deviated from the reference sequence GRCh37 hg19 comprising the three
genes TRPV1, LTB4R and LTB4R2. Correspondence between NGS and Sanger derived
nucleotide sequences was 100%.
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Conclusions

Results suggested that the NGS approach based on AmpliSeq™ libraries and lon Personal
Genome Machine (PGM) sequencing is a highly efficient mutation detection method. Itis
suitable for large-scale sequencing of TRPV1 and functionally related genes. The method
adds a large amount of genetic information as a basis for complete analysis of TRPV1 ion
channel genetics and its functional consequences.

Introduction

The transient receptor potential (TRP) family comprises several non-selective cation chan-
nels [1] enabling or inhibiting the transmembrane transport of several ions. Various mem-
bers of this ion channel family are expressed at nociceptors and via their excitation by
chemical, thermal or mechanical stimuli involved in the perception of pain [2]. This makes
them primary candidates for the discovery of novel analgesic drugs [3]. A query of the
Thomson Reuters “Drugs and Biologics Search Tool” (http://integrity.thomsonpharma.com)
in June 2016 indicated that by far the most frequently regarded TRP member in analgesic
drug development is TRP cation channel, subfamily V, member 1 (TRPV1 [4]) for which
more than 200 agonists or antagonists are currently under development, which bases on the
concept that endogenous agonists or sensitizers acting on TRPV1 provide a major contribu-
tion to pathophysiological pain conditions [5, 6]. The pharmacological modulation of this
mechanism employs (i) the approach of direct antagonism of the TRPV1 ion channel, (ii)
the exposure to agonists such as capsaicin that initially activates TRPV1 but upon prolonged
exposure induces a deactivation via a calcineurin-dependent channel dephosphorylation
and desensitization [7] and (iii) to prevent a sensitization and hyperactivation of the TRPV1
channel [8].

Given the importance of TRPV1 in pain and analgesic drug discovery and development,
TRPV1 genetics move into a focus of pharmacogenetic interest. A modulation of the effects of
TRPV1 targeting analgesics is supported by observations that intronic TRPV1 variants were
associated with insensitivity to capsaicin [9] while the coding TRPV 1 variant rs8065080 was
associated with altered responses to experimentally induced pain [10]. Moreover, gain-of-
function mutations in TRPV1 have been associated with increased pain sensitivity [11], for
which TRPV1 antagonists would enable a specific pharmacogenetics-based personalized cure.
Hence, genetic variation of human TRPV1 is in a focus of pain and analgesic research. With
the broader availability of next generation sequencing (NGS) [12], a limitation to already
investigated variants has fallen in favor of unrestricted access to the whole genetic information
in agreement with the wider acceptance of whole genomic information as a valuable method
in clinical research [13].

In this report, the evaluation of a new NGS method based on a custom AmpliSeq™ library
and Ion Torrent sequencing for the fast detection of genetic variations in the human TRPV1
gene is described. However, preclinical evidence indicates that leukotriene B4 mediates the
inflammation via TRPV1 [14] and that the nociceptive function of TRPV1 is modulated by the
activation of leukotriene receptors BLT1 and BLT2 [8] that are highly expressed in TRPV1
expressing dorsal root ganglion neurons. Both receptors form an antagonistic sensitizing sys-
tem and have opposing roles in TRPV1 sensitisation. This renders them important co-players
in pharmacogenetic approaches at analgesics aiming at modulation of the function of TRPV1.
To provide a comprehensive basis for pharmacogenetic assessments of TRPV1 modulators,
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the present NGS panel was extended with human LTB4R and LTB4R2 genes that code for the
leukotriene receptors of present interest.

Methods
DNA template preparation and amplification

The investigation followed the Declaration of Helsinki on Biomedical Research Involving
Human Subjects and was approved by the Ethics Committee of the Medical Faculty of the
Goethe-University, Frankfurt, Germany. All participating subjects had provided informed
written consent. Genomic DNA was available from venous blood samples drawn from a ran-
dom sample of 80 healthy volunteers of Western European descent according to self-assign-
ment. DNA was extracted from 200 pl blood on a BioRobot EZ1 workstation applying the
blood and body fluid spin protocol provided in the EZ1 DNA Blood 200 pl Kit (Qiagen, Hil-
den, Germany).

Exomic genotyping was performed for the TRPVI gene (NCBI ID 7442), located on chro-
mosome 17 and encoding for the TRPV1 ion channel and for the LTB4R and LTB4R2 genes
(NCBI IDs 1241 and 56413), both located on chromosomes 14 and encoding for leukotriene
B4 receptors BLT1 and BLT2. A multiplex PCR amplification strategy for the coding genes
sequences was accomplished online (Ion Ampliseq™ Designer; http://www.ampliseq.com) to
amplify the target region specified above (for primer sequences, see S1 Table) with 25 base pair
exon padding. After comparison of several primer design options, the design providing the
maximum target sequence coverage was chosen. The ordered amplicons covered 97.02% of
the target sequence. A total of 10 ng DNA per sample were used for the target enrichment by a
multiplex PCR and each DNA pool was amplified with the Ion Ampliseq™ Library Kit in con-
junction with the Ion Ampliseq™ “custom Primer Pool”—protocols according to the manufac-
turer procedures (Life Technologies, Darmstadt, Germany).

After each pool had undergone 17 PCR cycles, the PCR primers were removed with FuPa
Reagent and the amplicons were ligated to the sequencing adapters with short stretches of
index sequences (barcodes) that enabled sample multiplexing for subsequent steps (Ion
Xpress™ Barcode Adapters Kit; Life Technologies). After purification with AMPure XP beads
(Beckman Coulter, Krefeld, Germany), the barcoded libraries were quantified with a Qubit™
2.0 Fluorimeter (Life Technologies, Darmstadt, Germany) and normalized for DNA concen-
tration to a final concentration of 20 pmol/L using the Ion Library Equalizer™ Kit (Life Tech-
nologies, Darmstadt, Germany). Equalized barcoded libraries from 11 to 40 samples at a time
were pooled. To clonally amplify the library DNA onto the Ion Sphere Particles (ISPs; Life
Technologies, Darmstadt, Germany), the library pool was subjected to emulsion PCR by using
an IT OneTouch template kit on an IT OneTouch system (Life Technologies, Darmstadt, Ger-
many) following the manufacturer’s protocol.

Sequencing

Enriched ISPs which carried many copies of the same DNA fragment were subjected to
sequencing on an Ion 318 Chip to sequence pooled libraries with eleven to twelve samples.
The 318 chip was chosen (instead of the low-capacity 314 or the middle-capacity 316 chip) to
obtain a high sequencing depth of coverage which was averagely of 50x which means that,
each base has been sequenced 50 times, when 40 samples were loaded. Sequencing was
performed using the sequencing kit (Ion PGM 200 Sequencing Kit; Life Technologies, Darm-
stadt, Germany) as per the manufacturer’s instructions with the 200-bp single-end run
configuration.
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Bioinformatics generation of sequence information

The raw data (unmapped BAM-files) from the sequencing runs were processed using Torrent
Suite Software (Version 4.4.2, Life Technologies, Darmstadt, Germany) to generate read align-
ments which are filtered by the software into mapped BAM-files using the reference genomic
sequence (hgl9) of target genes. Variant calling was performed with the Torrent Variant Caller
Plugin using as key parameters: minimum quality = 10, minimum coverage = 20, and mini-
mum coverage on either strand = 3. The annotation of called variants was done using the Ion
Reporter Software (Version 5.0; Life Technologies, Darmstadt, Germany) and the variant clas-
sification tool of the SNP and Variation Suite software (Version 8.4.4; Golden Helix, Bozeman,
MT, USA) for the VCF (variant call format) files that contained the nucleotide reads and the
GenomeBrowse™ software (Version 2.0.4, Golden Helix, Bozeman, MT, USA) to map the
sequences to the reference sequences GRCh37 glk (dated February 2009).

On the basis of the observed allelic frequency, the expected number of homozygous and
heterozygous carriers of the respective SNP (single nucleotide polymorphism) was calculated
using the Hardy-Weinberg equation. Indicating that the study sample corresponded to a ran-
dom sample of subjects, Fisher’s exact test [15] was used as proposed previously [16]. Only var-
iants within the Hardy-Weinberg equilibrium were retained. The SNP and Variation Suite
software (Version 8.4.4; Golden Helix, Bozeman, MT, USA) was used for the analysis of
sequence quality, coverage and for variant identification.

Method validation

Method validation was accomplished by means of Sanger sequencing [17, 18] in an indepen-
dent external laboratory (Eurofins Genomics, Ebersberg, Germany). For the detected variant
type, i.e., single nucleotide polymorphisms (SNV), nucleotide insertions (Ins) and nucleotide
deletions (Del), the variant with the highest frequency of the rare allele was chosen for external
sequencing: 17:3493769-SNV, 17:3496181_Ins, 17:3512619_Del. In addition, the variant
17:3480447-SNV, which is the functional rs8065080 SNP previously associated with altered
pain sensitivity [10], was added accommodating the present context of analgesics’ pharmaco-
genetic. Amplification of the respective DNA segments was done using PCR primer pairs (for-
ward, reverse) of (i) 5" ~CCATGTTGCGTCTCTCGATG-3 " and 5" -CAACCCGTTATTTCCT
GTTCCCA-3" (ii) 5" - CTCAGAGGTGAGCAGGCCTAGC -3 and 5 - AAGGCCAGGATGCT
TGACAGATG -3, (iii) 5" - AAGGCACAAGACTCTGGAAGAAT-3" and 5 - CGAGTTTGGG
AAGCAGTCGTAT-3" and (iv) 5 - ACCCAGTGCCTTCTCATTCAG-3" and 5° - CACGTT
CTCAAGACGCATCC-3 . Results of Sanger sequencing were aligned with the genomic
sequence and analyzed using Chromas Lite™ (Version 2.1.1, Technelysium Pty Ltd, South
Brisbane, Australia) and the GenomeBrowse™ (Version 2.0.4, Golden Helix, Bozeman, MT,
USA) was used to compare the sequences obtained with NGS or Sanger techniques.

Results

The NGS assay of human TRPV1, LTB4R2 and LTB4R genes was established on 80 genomic
DNA samples obtained from a random selection of healthy subjects of Caucasian ethnicity.

As proposed previously [19], only exons and their boundary sequences for which read-

depths > 20 for each nucleotide could be obtained were considered as successfully analyzed.
Applying this criterion, complete or nearly complete coverage of the relevant sequences was
obtained (Table 1; for details on missing variants, see S2 Table). The sequencing of the whole
cohort required two separate runs with each 40 patients’ samples. Coverage statistics (Table 1)
were comparable between both runs and were in the range of accepted quality criteria [20-22].
During the runs, a median of 2.81 - 10° reads per run was generated. The mean depth was near
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Table 1. AmpliSeq™ amplicons and coverage details of the human LTB4R2, LTB4R and TRPV1NGS assay.

Gene Chr* Chr start
LTBR42 Chr14 34634693
34636968
34636968
34637238
34637191
34637578
34637518
34634693
LTBR4 Chr14 34637238
34637191
34637578
34637518
34634693
34637238
TRPV1 Chr17 24636968
24636968
24637238
24637191
24636968
24637238
24637191
24636968
24637238
24637191
24636968
24637238
24637191
24637191
24636968
24637238
24637191
24636968
24637238
24637191
24636968

*: Chr: Chromosome.

Chr end

34635880
34637111
34637134
34637442
34637442
34637848
34637848
34635880
34637442
34637442
34637848
34637848
34635880
34637442
24637111
24637134
24637442
24637442
24637134
24637442
24637442
24637134
24637442
24637442
24637134
24637442
24637442
24637442
24637134
24637442
24637442
24637134
24637442
24637442
24637134

https://doi.org/10.1371/journal.pone.0180116.t001

Amplicons Total bases
1187
143
166
204
251
270
330
1187
204
251
270
330
1187
204
143
166
204
251
166
204
251
166
204
251
166
204
251
251
270
330
1187
251
270
330
1187

0 (NN N NN INDIN(= NN = NN [= NN == N 0NN ININ00ININNDN = = |0

Covered bases

1187
143
166
204
251
251
256
1187
204
251
251
256
1187
204
143
166
204
251
166
204
251
166
204
251
166
204
251
251
251
256
1187
251
251
256
1187

Coverage

1.000
1.000
1.000
1.000
1.000
0.930
0.776
1.000
1.000
1.000
0.930
0.776
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
0.930
0.776
1.000
1.000
0.930
0.776
1.000

Sum (total, covered, %)

3520, 3427, 98.3%

5683, 5117,97%

23787,21859, 98.8%

from 200 reads, the mean read length evaluated 198 bases and average chip loading was 66%

(Fig 1). To ensure a high density of ISPs on a chip and hence, a high sequencing output,

the chip loading value should be > 60%. The observed NGS results agreed with the results

obtained with conventional sequencing of random samples (Fig 2). In all validation samples,
the correspondence between NGS and Sanger derived nucleotide sequences was 100%, all of

the tested nucleotide variants could be verified.

Following elimination of nucleotides agreeing with the standard human genome sequence
GRCh37 glk (dated February 2009), the result of the NGS consisted of a vector of nucleotide
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Fig 1. Pseudo-color image of the lon 318™ v2 chip plate showing percent loading across the physical
surface. This sequencing run had a 70% loading, which ensures a high ISP density. Every 318 chip contains
more than 6 million wells and the color scale on the right side conduces as a loading indicator. Deep red
coloration stays for a 100% loading, which means that every well in this area contains an ISP (templated and
non-templated) whereas deep blue coloration implies that the wells in this area are empty.

https://doi.org/10.1371/journal.pone.0180116.9001

information about the LTB4R2, LTB4R and TRPV1 genes for each individual DNA sample
(Fig 3). This vector had a length equaling the set union of the number of chromosomal posi-
tions in which a non-reference nucleotide had been found in any probe of the actual cohort of
randomly chosen healthy subjects. Specifically, a total of 156 genetic variants was found, of
which 11, 28 and 117 were located in the LTB4R2, LTB4R and TRPV 1 genes, respectively (Fig
3). Of the observed variants, 38 were located in coding parts of the genes (Table 2), 56 were
located in introns, 33 in the 3°-UTR, 16 in the 5°-UTR, 5 variants were assigned to both UTR’s
and 8 were located downstream. The nucleotidic and, if present, the resulting amino acid
exchanges, of the coding variants are listed in Table 2. The allelic frequencies corresponded

to those expected based on the Hardy-Weinberg equilibrium (Fisher’s exact tests: p

always > 0.05) and, for variants with reported clinical functional association, the observed alle-
lic frequency was comparable to reported frequencies (Table 3). Most of the observed variants
were single nucleotide polymorphisms (n = 135; 9, 25 and 101 in the LTB4R2, LTB4R and
TRPV1 genes, respectively) whereas classified as mixed polymorphisms (n = 8), nucleotide
insertions (n = 6), nucleotide deletions (n = 5) or multinucleotide polymorphisms (n = 2) were
more rarely found in the present cohort.
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Fig 2. Alignment of the ion torrent sequence of the TRPV1 gene illustrated by Golden Helix Genome
Browse® readout versus the same sequence according to a Sanger electrophereogram. Highlighted is
the coding TRPV1 variant rs8065080 as a heterozygous mutation and a non-mutated wild type.

https://doi.org/10.1371/journal.pone.0180116.g002

Discussion

An NGS assay for the exons and regulatory parts of the human genes coding for the TRPV1
ion channel and those coding for its recently associated co-players comprising the leukotriene
receptors BLT1 and BLT2 (LTB4R, LTB4R2). The NGS assay produced valid nucleotide
sequences corresponding to those obtained with the classical Sanger sequencing technique.
The NGS assay is suitable for small to large-scale experimental setups aiming at accessing the
information about any nucleotide in a study cohort, with a selection of those that differ from
the reference nucleotide.

TRPV1 ion channels mediate pain induced by noxious heat (> 43°C) [23]. A most striking
phenotype of Trpvl —/— mice is a severe deficit of inflammation-induced thermal hyperalgesia
[24]. In addition to heat, TRPV1 expression is largely associated with small diameter primary
afferent nerve fibers, which are sensitive to various chemical excitants including protons (low
pH), capsaicin, lipoxygenase, resiniferatoxin, ethanol, N-arachidonoyl-dopamine and the
endogenous cannabinoid anandamide [3, 25]. Based on evidence that TRPV1 channels are
necessary for the development of inflammatory hyperalgesia to thermal stimuli [24] their role
in pain has been acknowledged for more than two decades [24, 26]. Currently, they are used as
target of capsaicin containing analgesics. However, TRPV1 remains a primary candidate for
the discovery of novel analgesic drugs [3] and approximately 200 modulators of this target are
currently under development (http://integrity.thomsonpharma.com). This establishes a strong
future pharmacogenetic context of TRPV1 considering the increasing acknowledgment that
the treatment of pain will benefit from individualized approaches including those based on the
patient’s genotype [8].

Research on the genetic variation of variants in human TRPV1 or leukotriene receptor genes
is an active topic that has already provided several clinically relevant functional associations. A
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Fig 3. LTB4R2, LTB4R and TRPV1 genetic pattern of 80 healthy volunteers of Caucasian ethnicity. The mosaic plot shows the occurrence of variants
(lines) per DNA sample (columns) as vectors of a length corresponding to the number of gene loci in which a non-reference nucleotide was found in any
sample of the whole cohort. The vectors are composed of information about the number of non-reference alleles found at the respective locus in the
respective sample, color codes as white, 0 non-reference alleles = wild type genotype, yellow, heterozygous, and red, 2 non-reference alleles). The bar plot
on the top shows the number of variant alleles found in the cohort.

https://doi.org/10.1371/journal.pone.0180116.9003

query of the 156 genetic variants in various publicly available data sources (Online Mendelian
Inheritance in Man” (OMIM ™) database at http://www.ncbi.nlm.nih.gov/omim, NCBI gene
index database at http://www.ncbi.nlm.nih.gov/gene; GeneCards at http://www.genecards.org
[27] and the “1000 Genomes Browser” at https://www.ncbi.nlm.nih.gov/variation/tools/
1000genomes; all accessed in May 2017) yielded 13 clinical associations (Table 3). The clinical
associations included a variety of pathologies such as pain, asthma or osteoarthritis. Specifically,
variants in both, TRPVI and LTB4R have been associated with a higher susceptibility to bron-
chial asthma [28-32]. Moreover, TRPVI variants have been associated with a higher risk of type
2 diabetes [33] or of functional dyspepsia [34]. Finally, of potential importance for a pharmaco-
genetic modulation of the effects of future analgesics, TRPV1 variants have been associated with
altered pain phenotypes in clinical or human experimental settings [10, 35, 36]. This fits to the
particular role of TRPV1 as a major target for novel analgesic drugs under development.
Winter and colleagues recently created an overview of site-directed mutagenesis studies on
TrpvI receptor in rodents [37]. Their study summarized information about several mutated
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Table 2. Alist of variants found in the coding parts of the LTB4R2, LTB4R and TRPV1 genes in a random sample of 80 healthy volunteers of Cauca-
sian ethnicity.

Gene Variant Chr* Position Classification Exon Coding Protein

LTB4R2 14:24779946-SNV 14 24779946 Nonsyn SNV 2 c.76T>C p.Phe26Leu
14:24779959-SNV 14 24779959 Nonsyn SNV 2 c.89C>T p.Ala30Val
14:24779961-SNV 14 24779961 Nonsyn SNV 2 c.91G>A p.Ala31Thr
14:24779994-SNV 14 24779994 Nonsyn SNV 2 c.124G>A p.Vald2Met
14:24780010-Del 14 24780010 Frameshift Del 2 c.140_164del p.Ala51fs
14:24780503-SNV 14 24780503 Synonymous 2 c.633C>T p.=
14:24780847-SNV 14 24780847 Nonsyn SNV 2 c.977A>G p.Glu326Gly

LTB4R 14:24784911-SNV 14 24784911 Synonymous 2 c.54T>C p.=
14:24785083-SNV 14 24785083 Nonsyn SNV 2 c.226C>T p.His76Tyr
14:24785633-SNV 14 24785633 Nonsyn SNV 2 c.776T>C p.Val259Ala
14:24785784-SNV 14 24785784 Synonymous 2 c.927C>T p.=

TRPV1 17:3474927-SNV 17 3474927 Synonymous 14 €.2238C>T p.=
17:3475435-SNV 17 3475435 Nonsyn SNV 13 c.2212G>T p.Asp738Tyr
17:3475459-SNV 17 3475459 Nonsyn SNV 13 c.2188G>A p.Gly730Arg
17:3475490-SNV 17 3475490 Synonymous 13 c.2157G>A p.=
17:3476990-SNV 17 3476990 Synonymous 12 c.2040C>T p.=
17:3477000-SNV 17 3477000 Nonsyn SNV 12 c.2030A>G p.Asn677Ser
17:3480432-SNV 17 3480432 Nonsyn SNV 11 c.1768G>A p.Gly590Arg
17:3480447-SNV 17 3480447 Nonsyn SNV 11 c.1753A>G p.lle585Val
17:3480910-SNV 17 3480910 Synonymous 10 c.1695T>C p.=
17:3483785-SNV 17 3483785 Nonsyn SNV 9 c.1513A>G p.Thr505Ala
17:3486702-SNV 17 3486702 Nonsyn SNV 8 c.1406C>T p.Thr469lle
17:3486703-SNV 17 3486703 Nonsyn SNV 8 c.1405A>T p.Thr469Ser
17:3489068-SNV 17 3489068 Synonymous 7 c.13777>C p.=
17:3491499-SNV 17 3491499 Nonsyn SNV 6 c.1207A>G p.Ser403Gly
17:3493200-SNV 17 3493200 Nonsyn SNV 5 €.945G>C p.Met315lle
17:3494361-SNV 17 3494361 Synonymous 3 c.501C>T p.=
17:3494388-SNV 17 3494388 Synonymous 3 c.474T>C p.=
17:3494533-SNV 17 3494533 Synonymous 2 €.399G>A p.=
17:3494562-SNV 17 3494562 Stopgain 2 ¢.370C>T p.GIn124*
17:3494603-SNV 17 3494603 Nonsyn SNV 2 €.329T>C p.Leu110Pro
17:3495374-SNV 17 3495374 Nonsyn SNV 1 c.271C>T p.Pro91Ser
17:3495391-SNV 17 3495391 Nonsyn SNV 1 c.254A>G p.GIn85Arg
17:3495407-SNV 17 3495407 Nonsyn SNV 1 €.238C>T p.Pro80Ser
17:3495456-SNV 17 3495456 Synonymous 1 c.189C>T p.=
17:3495550-SNV 17 3495550 Nonsyn SNV 1 c.95G>T p.Arg32Met
17:3495607-SNV 17 3495607 Nonsyn SNV 1 c.38C>T p.Ala13Val
17:3495618-SNV 17 3495618 Nonsyn SNV 1 c.27G>C p.Leu9Phe

*: Chr: Chromosome.

https://doi.org/10.1371/journal.pone.0180116.t002

sites along the Trpv1, which influenced the effect or binding of different compounds like ago-
nists, antagonists, and channel blockers and alter the responsiveness to heat and influence the
regulation of the receptor function. Of peculiar interest is the c-terminus part of the receptor,
because it contained several mutations implicated in binding of capsaicin. To reference this

information to our study, we took out an alignment blast with http://www.uniprot.org/blast/,
which is a search tool to find regions of local similarity between sequences and can be used to
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Table 3. A list of human variants of the LTB4R and TRPV1 genes, found in the present random sample of 80 healthy volunteers of Caucasian eth-
nicity, for which functional associations in clinical or human experimental settings have been reported.

Gene Variant

LTB4R 14:24786060-SNV
14:24786293-SNV
TRPV1 17:3469853-SNV

17:3480447-SNV

17:3486702-SNV
17:3493200-SNV

17:3495391-SNV

dbSNP* accession number Allelic frequency [%] (C1*) | Known clinical association Reference
Present cohort* HAPMAP
CEU
rs1046587 46.2 (38.7-54) 47.4 | Asthma susceptibility [28]
rs4981503 28.1(21.7-35.4) - Asthma susceptibility [29]
rs4790522 49.4 (41.7-57) 56.2 | Bronchial asthma susceptibility [30, 31, 66]
Susceptibility to cough [67]
Altered pain sensitivity [35]
rs8065080 33.7 (26.9-41.4) 35.8 | Altered cold pain sensitivity [10]
Painful knee osteoarthritis [36]
Altered salt taste perception [68]
Higher risk of type 2 diabetes [33]
30 (23.4-37.5) 33.5 | Sickle cell pain [69]
25.6 (19.5-32.9) 18.3 | Functional dyspepsia [34]
Méniére’s disease [70]
rs55916885 1.2(0.3-4.4) - Cerebellar hypoplasia [71]

*: Cl denotes 95% binomial confidence intervals of the allelic frequencies are given in parentheses after the observed frequency.
#: Database of Single Nucleotide Polymorphisms (dbSNP). Bethesda (MD): National Center for Biotechnology Information, National Library of Medicine.
Available from: http://www.ncbi.nlm.nih.gov/SNP/[72]

https://doi.org/10.1371/journal.pone.0180116.t003

infer functional and evolutionary relationships between sequences revealed that TRPV1 is
highly conserved. With the present NGS assay, several functional SNPs could be identified in
the coding area of TRPVI; one variant (17:3477000-SNV) was located in exactly the c-terminus
area mentioned above. On this basis, the impact of this variant on nociception can be prospec-
tively studied.

A pharmacogenetic modulation of the effects of TRPV1-targeting analgesics is supported
by evidence of associations of rare and of common variants in the human TRPV1 gene with
pain-related clinical phenotypes. Based upon the direction of change of each phenotype and
cumulative changes in each SNP, three functional categories of TRPVI variants were proposed:
gain of function (hTRPV1 Q85R, P91S, and T4691), loss of function (I585V), and mixed
(M315I) [38]. These in vitro results support clinical observations of TRPV1 genotypic effects. A
Korean subject who was insensitive to capsaicin and displayed mRNA and protein expression
levels of TRPV1 reduced by 50% from average subjects was found to carry seven intronic
TRPV1 single nucleotide polymorphisms (SNPs) [9]. Similarly, women carrying a coding
TRPV1 variant were found to be less sensitive to cold [10]. The association possibly involves
interactions among TRP channels [39] based on evidence that TRPA1 channels are often co-
expressed with heat (> 43°C [4]) gated TRPV1 [40, 41]) and the channels act in concert.
TRPV1 can oligomerize with other TRP family subunits including TRPV3 and TRPA1 [42-
44] and the heteromerization can affect the calcium signaling pathways of TRPA1 homomers
[44]. While heat hyperalgesia was initially attributed solely to TRPV1, currently TRPA1 and
TRPV1 are regarded to be regulated downstream of PLC-coupled bradykinin (BK},) receptors
[45] contributing together to hypersensitivity to heat [46]. Hence, this evidence supports a pos-
sible pharmacogenetic importance. Further evidence about functional associations of TRPV1
gene variants has been raised in Spanish Caucasian migraine patients in whom the presence of
the TRPV1 rs222741 variant conferred a disease risk [47].
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The addition of leukotriene B4 (LTB4) receptors to the TRPV1 gene panel anticipates a pos-
sible pharmacogenetic role in TRPV1 targeting analgesics resulting from recent evidence
about a co-expression of the receptors at nociceptive neurons and functional their interplay
[8]. LTB4 is a potent proinflammatory agent and its signaling pathway involves two distinct G
protein coupled receptors of which BLT1 is a high-affinity and BLT2 a low-affinity LTB4
receptor [48]. The interaction of LTB4 at these receptors is a contributing factor in the patho-
genesis of inflammatory diseases [49]. Studies involving the targeted deletion of murine BLT1
and the effect of antagonizing LTB4 receptors in inflammatory models have highlighted the
therapeutic potential of BLT receptors with regard to inflammatory diseases [49]. LTB4 has
also been shown to activate the TRPV1 channel [50, 51] which leads to excitation of nocicep-
tors and evokes pain-related behaviors [25]. While variants in the two LTB4 receptors
potentially affect TRPV1 modulation based analgesic therapies, evidence about functional
polymorphisms in these genes is sparse. Studies have suggested a role of polymorphisms over-
reaching leukotriene pathway genes in determining leukotriene production and susceptibility
to allergic disorders, such as inflammatory cell chemotaxis and asthma [52]. Both receptor
genes were shown to be polymorphic, in addition, LTB4R and LTB4R2 show splice variations
at multiple regions, however, the functional significance has yet to be determined [53].

The present NGS method is suitable for large-scale sequencing of an extended set of human
genes involving the main target, TRPV, and recently identified co-players, LTB4R and
LTB4R2. By covering almost, the complete relevant coding and regulatory parts of these genes,
the method includes all variants studied so far for functional associations and adds a large
amount of genetic information as a basis for complete analysis of human TRPV1 ion channel
genetics and its functional consequences. The assay aimed at the complete coding and regula-
tory information of the selected genes, which regards the increasing acknowledgment of the
insufficiency of addressing a limited selection of published functional genetic variants in pro-
viding a satisfactory genetic diagnosis of the clinical phenotype. Research interest in the com-
plete genomic information dates back to the seventies of last century when the selective
incorporation of chain-terminating dideoxynucleotides by DNA polymerase during in vitro
DNA replication had been introduced [17, 18]. Techniques significantly improved during the
last decades with the development of contemporary machines in the late 1990s re-leased to the
market around the year 2005. The term “next generation” DNA sequencing refers to high-
throughput technologies capable of parallel analyzes of large numbers of different DNA
sequences in a single reaction [54]. NGS has been attributed the potential to accelerate bio-
medical research [12, 55, 56].

Currently, two commercial NGS platforms are widely used for diagnostic purposes: the
MiSeq/HiSeq/NextSeq (Illumina, Hayward, CA, USA) and the Ion Torrent PGM (Life Tech-
nologies, Carlsbad, CA, USA). Both platforms combine conceptually similar workflows, start-
ing with the creation of the genetic sample, which commences library preparation involving
fragmentation of genomic DNA, purifying to uniform and desired fragment size and ligation
to sequencing adapters specific to the platform. Differences apply to the reaction biochemistry
and the way how the sequencing information is read [54]. In the present ion semiconductor
sequencing method, libraries are immobilized to beads and amplified in microdroplets of
aqueous solution and oil using emulsion PCR. Individual nucleotide bases are incorporated
via DNA polymerase, which in the case of success triggers the release of a proton. The semi-
conductor chip that acts as a pH meter [57] providing the final readout. Alternative techniques
use the detection of light instead, i.e., from optical fluorescence signals in the case of successful
nucleotide incorporation the DNA nucleotide sequence is assembled. The different techniques
differ with respect to the obtained throughput and accuracy, but multiple studies have shown
that both NGS platforms provide reliable sequencing results in routine clinical diagnostics
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[58-61] and a recent study came up with a 100% concordance between NGS and an alternative
diagnostic approach in mutant allele detection [62].

The high throughput and comprehensive information about DNA sequences are presently
reflected in the assay costs. The sequencing of the TRPVI, LTB4R and LTB4R2 receptor genes
of 80 patients required € 1,500 for the AmpliSeq™ custom panel, € 5,880 for library prepara-
tion, € 980 for template preparation and € 1,400 for sequencing. In addition, approximately €
600 were spent for consumables and laboratory supplies. With 40 barcoded samples loaded on
two chips, respectively, analysis costs for a single patient’s gene sequence were approximately
€ 130. NGS costs are expected to quickly fall in near future [63]. However, despite this rapid
technological progress, the analysis of the generated large data sets remains challenging [64].
As the sequencing process is only the beginning of the procedure, the analysis of the resulting
“big data” requires substantial computational power, bioinformatics expertise and “up to date”
databases of genomic variations. NGS technologies seem to shift the workload essentially away
from the laboratory sample preparation toward various data analysis processes.

We report a NGS assay based on AmpliSeq™ libraries and Ion Personal Genome Machine
(PGM) suitable for large-scale sequencing of TRPVI and functionally related genes. While the
aim of assay development had the pharmacogenetics of TRPV1-targeting novel analgesics in
mind, the roles of TRPV1 and the two LTB4 receptors are not restricted to this setting. By con-
trast, the expression of TRPV1 is also observed in non-neuronal sites such as the epithelium of
bladder and lungs and in hair cells of the cochlea. At these sites, TRPV1 serves as a potential
drug target for treating various diseases such as cystitis, asthma and hearing loss [65].
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Research Paper

Machine-learned analysis of the association of
next-generation sequencing-based human TRPV1
and TRPA1 genotypes with the sensitivity to heat
stimuli and topically applied capsaicin

Dario Kringel?, Gerd Geisslinger?, Eduard Resch®, Bruno G. Oertel®, Michael C. Thrun®, Sarah Heinemann?,
Jorn Létsch® P+

Abstract \
Heat pain and its modulation by capsaicin varies among subjects in experimental and clinical settings. A plausible cause is a genetic
component, of which TRPV1 ion channels, by their response to both heat and capsaicin, are primary candidates. However, TRPA1
channels can heterodimerize with TRPV1 channels and carry genetic variants reported to modulate heat pain sensitivity. To address
the role of these candidate genes in capsaicin-induced hypersensitization to heat, pain thresholds acquired before and after topical
application of capsaicin and TRPA1/TRPV1 exomic sequences derived by next-generation sequencing were assessed in n = 75
healthy volunteers and the genetic information comprised 278 loci. Gaussian mixture modeling indicated 2 phenotype groups with
high or low capsaicin-induced hypersensitization to heat. Unsupervised machine learning implemented as swarm-based clustering
hinted at differences in the genetic pattern between these phenotype groups. Several methods of supervised machine learning
implemented as random forests, adaptive boosting, k-nearest neighbors, naive Bayes, support vector machines, and for
comparison, binary logistic regression predicted the phenotype group association consistently better when based on the observed
genotypes than when using a random permutation of the exomic sequences. Of note, TRPAT variants were more important for
correct phenotype group association than TRPV1 variants. This indicates a role of the TRPAT and TRPV1 next-generation
sequencing-based genetic pattern in the modulation of the individual response to heat-related pain phenotypes. When considering
earlier evidence that topical capsaicin can induce neuropathy-like quantitative sensory testing patterns in healthy subjects,
implications for future analgesic treatments with transient receptor potential inhibitors arise.

Keywords: Data science, Machine learning, Next-generation sequencing, Genetics of pain, Human, Experimental pain models

1. Introduction

The perception of pain after noxious stimulation involves
a complex pathophysiology'® processed in a large network of
nociceptive molecular pathways.C This complexity extends to
the perception of apparently uniform stimuli such as heat shown
to follow a multimodal distribution.®® This hints at interindividual
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differences in involved sensors of which the largest group belongs
to the transient receptor potential (TRP) channels.® In particular,
TRPV1 is known as a thermosensitive channel involved in
nociception,®’ and in addition to heat, it is also gated by pungent
chemicals such as vanilloids including capsaicin.'®

Synergistic effects of chemical and thermal gating are used to
study mechanisms of thermal hyperalgesia in humans.®® Although
hyperalgesia varies among patients with pain,*? in experimental
settings topical capsaicin application induces hyperalgesia only in
a fraction of subjects.*? This may point at a genetic background
where TRPV1 as a primary candidate gene is playing a role in both,
heat sensation and capsaicin hypersensitization. However, associ-
ations of genetic variants with the heat sensitivity or hypersensitiza-
tion by capsaicin were only rarely reported. However, the only hint at
an association of TRPV1 genetics with heat pain sensitivity in
humans points at the rs8065080 single-nuclectide polymorphism
(SNP),% which was not replicated.®® Moreover, an unexpected role
of a TRPAT genetic variant rs11988795 in heat pain was
reproduced.®®®® The coexpression of TRPV1 and TRPA172 and
the flexibility of the TRP family channels raise the possibility that these
channels might interact to influence the properties of one another.°
In this regard, recently reported heteromerization among the TRP
channels is suggestive of the mechanism for interactions.®

Based on this evidence and considering the unresolved role of
TRPV1 variants for the modulation of human pain sensitivity,
despite the molecular plausibility of an involvement, the present
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analysis addressed the association between TRPV1 and TRPAT
genotypes with a human phenotype of capsaicin-induced
hyperalgesia to heat stimuli. With the broader availability of
next-generation sequencing (NGS), the limitation to known
functional variants has fallen in favor of unrestricted access of
TRP channel genetics. Therefore, itis not necessary to assess the
phenotypic role of TRP channel genotypes for selected single
variants. This accommodates increasing molecular evidence that
noncoding variants can affect mRNA splicing, stability, and
structure, resulting in a reduced transcriptional efficiency?2*7*
rendering them potentially functionally relevant. Hence, a recently
developed genetic panel®® was used to address the role TRPV/1
and TRPAT genetic variants in the sensitivity to nociceptive heat
and in the reaction to hypersensitization with topical capsaicin
recently assessed in a cohort of healthy subjects.*®

2. Methods
2.1. Data sets, subjects, and study design

The phenotype data sets and DNA samples were available from
a previous study,*® enrolling n = 100 healthy volunteers (46 men)
of Caucasian ethnicity by self-assignment, aged 19 to 42 years
(mean = SD 25 *= 3.5 years). In this data set, phenotypic
measurements from n = 82 subjects were nonmissing and
included in the present analysis. The study followed the
Declaration of Helsinki and was approved by the Ethics
Committee of the Goethe-University Medical Faculty, Frankfurt
am Main, Germany. Informed written consent in the study
procedures including the genotyping had been obtained from
each participating subject.

Inclusion criteria were age between 18 and 50 years and no
relevant current medical history. The subjects’ actual health had
been ascertained by medical history and physical examination
including vital signs. Exclusion criteria were drug intake during the
previous week, except for oral contraceptives and vitamin or
hormone-substituting drugs (eg, L-thyroxin), a current clinical
condition involving pain, and current diseases according to
questioning and medical examination. Alcohol was prohibited for
24 hours before the actual experiments. Before the experimental
tests, all subjects completed training sessions with pain tests
applied to an area different from the planned skin areas.

2.2. Assessment of heat pain sensitivity

In the capsaicin experimental pain model, chemical methods of
nociceptor stimulation were used to produce stable and long-
lasting hyperalgesia with a low potential for skin injury, in the
original publication supplemented by heat stimulation.®® Topical
application of 150 mg capsaicin cream (0.2%, manufactured by
the local Hospital Pharmacy) onto a 3 X 3 cm? skin area was
used. Subsequently, the area was covered with a plaster for 30
minutes.

Quantitative sensory testing (QST) was performed at baseline
and after application of capsaicin. A clinically established QST
test battery proposed by the German Research Network on
Neuropathic Pain®*®* was used. For the present report, pain
thresholds to noxious heat were selected. They were assessed
using a 3 X 3 cm thermode (TSA 2001—II; Ramat Yishai, Israel)
on a 9 cm? skin area at the inside of the forearm without any
superficial veins or birth marks. Heat pain thresholds (HPTs) were
measured by increasing the temperature of the thermode by
1°C/s, starting at 32°C, until the subject indicated pain, which
triggered the reversal of the temperature ramp back to the
baseline. According to the published instructions for the QST test
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battery,>9%%64 the HPT was defined as the mean of 3
measurement repetitions. During testing, the room temperature
was kept at 20 to 25°C.

Data were preprocessed according to the QST test battery
instructions,®®%3%* which included uniform direction along
increasing stimulus intensity as HPTy = HPT — 32°C, where the
subscript T denotes the data transformation. The values of HPT+
were mapped onto the distribution of the reference group that
consists of 180 healthy subjects, in whom a data set of 1080 QST
parameter values has been obtained. This serves as the reference
for all QST-based diagnoses.®? Therefore, according to the QST
standard procedure, the individual QST parameter values were

z-transformed @S Zqstngwidual = o ntige — OSTeerce - yith QST

Dreference

reference values with regard to the sex, age, and tested body
site of the actual subject taken from.5? The signs of the z-scores,
zHPT+, were adjusted to denote that a z-score >0 indicates high
sensitivity and z-score <0 indicates low sensitivity, according to
the standardized instructions. The effect of capsaicin was
quantified as the difference between the measurement after
capsaicin application and the measurement without the presence
of capsaicin, ie, CapsEff = zHPTt capsaicin — ZHPTT basesline -

2.3. Transient receptor potential channel genotyping using
next-generation sequencing

Next-generation sequencing of TRPAT and TRPV1 genes was
based on a custom AmpliSeq library and performed using
a validated assay on an lon Torrent personal genome machine as
described in detail previously.®® In brief, genomic DNA was
extracted from 200 pL venous blood on a BioRobot EZ1
workstation applying the blood and body fluid spin protocol
provided in the EZ1 DNA Blood 200 pL Kit (Qiagen, Hilden,
Germany). A multiplex amplification primer set for the exomic
sequences of the TRP channel genes was designed online using
aweb tool (lon Ampliseq Designer; Life Technologies, Darmstadt,
Germany) provided by the manufacturer of the NGS device at
http://www.ampliseg.com.

The present amplification design obtained coverage of 96% of
target sequence. After sequencing, signal processing was
performed using Torrent Suite software (version 5.2.2; Life
Technologies), base calling and the generation of unmapped
and mapped binary alignment map files (hg19 reference genomic
sequence) were performed. Variant calling across the hg19
reference genomic sequence was performed with the Torrent
Variant Caller Plugin (minimum quality = 10, minimum coverage
= 20, and minimum coverage on either strand = 3) and variant
annotation was performed using lon Reporter Software (version
5.2.2; Life Technologies). Variant call format files containing the
nucleotide reads were processed toward the individual geno-
types using GenomeBrowse software (Version 2.0.4; Golden
Helix, Bozeman, MT) and SNP and Variation Suite software
(Version 8.7.1; Golden Helix).

2.4. Data analysis

To accommodate a large number of genetic variants expected to
result from the NGS-based genotyping, the main genotype—
phenotype association analysis was implemented using a novel
approach based on machine-learned techniques (for an overview
on machine learning in pain research, see 49). The main idea was
to train an artificial intelligence, implemented as different types of
machine learning, to learn the association of the genetic
information with the pain-related phenotype, and to subsequently
use the trained intelligence to predict a phenotype in new data
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from genetic information. If this performed better than guessing
the phenotype or than using genetic information unrelated to the
phenotype, a genotype—-phenotype association can be con-
cluded as supported by the data. Machine learning was a priori
preferred to the sole use of traditional approaches such as logistic
regression analysis because of the expected high dimensionality
and collinearity of the rich genetic information; indeed, the
nevertheless included regression analysis was outperformed by
several machine-learned methods (see Results section). The
concept of training an artificial intelligence with genetic in-
formation to enable it to correctly associate an individual with
a pain phenotype class required measures against overfitting,>*
which are usually implemented as splitting the data set into
atraining subset that is provided to the artificial intelligence during
the learning phase and a test subset which is not seen by the
artificial intelligence during learning but provided when the
learned algorithm is used for classification; usually, this procedure
is repeated several times in a resampling design.>*

Data were analyzed using the R software package (version
3.4.1 for Linux; http://CRAN.R-project.org/)®® on an Intel Xeon
computer running on Ubuntu Linux 16.04.3 64-bit. Supervised
and unsupervised machine learning was used for genotype vs
phenotype association. Machine learning addresses the so-
called dataspace D = {(x;, y;)|x€ X,y;€Y, i=1,...,n}including
an input space X comprising vectors x = <Xi1,...,Xid>
with d >0 different parameters (here, the genetic information)
acquired fromn >0 cases belonging to the output classes y; (eg, a
pain-related phenotype). In unsupervised learning, the class
information is disregarded and only the so-called feature
space comprising an unlabeled data set of
D={(x)|x€ X, i=1,....,n}, composed of values xcX c R
comprising the d features, respectively, genetic markers is
searched with the goal to find “interesting” structures, which
can be associated subsequently with the phenotypes. By
contrast, in supervised machine learning, an algorithm is trained
on data for which the class labels of the cases are known that is
able to assign future cases for which this class label information is
unknown to the right class (prediction and generalization®).

The analysis was performed in 4 main steps comprising (1)
creation of a phenotype group structure, (2) preprocessing of the
TRPV1 and TRPAT NGS genetic information, (3) identification of
a genetic marker pattern and its relation to the phenotype
classes, and (4) finding a mapping of the genetic parameters to
the phenotype classes.

2.5. Identification of capsaicin sensitivity phenotype classes

The first step of the data analysis aimed at establishing the output
data space, ie, a phenotype class structure. Therefore, the
distribution of the changes after capsaicin application, CapsEff,
was investigated by analyzing the probability density function
(PDF) as described previously.**® In brief, the Pareto density
estimation (PDE), ie, a kernel density estimator particularly
suitable for the discovery of groups in the data,®' was used. A
multimodal distribution of the pain responses was assessed by
fitting a Gaussian mixture model (GMM) to the PDEs as

_ xmmp?

PO)=Y"_ wiN(xImi,8) = Y11 widoe T
N(x|m;, si) denotes Gaussian probability densities (components)
with mean values m; and SDs s;. The w; denotes the mixture
weights indicating the relative contribution of each Gaussian
component to the overall distribution, which add up to a value of
1. M denotes the number of components in the mixture. Gaussian
mixture model fitting was performed with our R package

where
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“AdaptGauss” (https://cran.r-project.org/package =Adapt-
Gauss).®® To determine the optimum number of components,
model optimization was performed for M = 1 to 5 components.
The final model was selected based on likelihood ratio tests.”® In
addition, the Kolmogorov-Smirnov test’® was applied to assess
whether the observed distribution differed significantly from the
expectation from the model, and the quality of the model to fit the
distribution was assessed visually using a quantile-quantile (QQ)
plot. Subject association to the identified subgroups was obtained
using the Bayes’ theorem? that provided the probability that an
individual observation belongs to mode i calculated as the posterior
probability. Thus, the output space Y was obtained, comprising
y;eC = {1,...,c}, where ¢ denotes possible unambiguous classes
¢ where every y; has a unique class label and the number of classes
was equal to the number of Gaussian modes, M.

2.6. Preprocessing of the genetic information

The determination of single-nucleotide variants from the NGS
data refers to the Software plugin “The Torrent Variant Caller”
(TVC) provided by Life Technologies. A variant is defined as
a nucleotide disagreeing with the nucleotide in the reference
sequence. The TVC plugin calls SNPs, multinucleotide poly-
morphisms, insertions, and deletions in a sample across
areference (hg19). In the second step of the analysis, the genetic
information (mainly SNPs) was curated by (1) eliminating non-
informative variants and (2) creating of negative and positive
genetic control data sets with respect to a possible association of
the genotype with the phenotypes. Variants were eliminated for
which the distribution of homozygous and heterozygous carriers
differed from expectation according to the Hardy-Weinberg
equilibrium.?® This was judged by means of Fishers exact tests®
using the R package “HardyWeinberg” (https://cran.r-project.
org/package=HardyWeinberg).2° To avoid the inclusion of non-
informative variants such as those carried by only very few
subjects into the classifier, informative gene loci were detected
based on the Shannon information®® computed as
Info= — Pg;-In(Po,) — P1;-In(P1;), where Pg; and P, are the
observed probabilities of the nonobservation (0) or observation
(1), respectively, of a variant allele in the ith gene locus. The
precise limit of the Shannon information up to which a gene locus
could be regarded sufficiently informative, was calculated by
means of a computed ABC analysis.®® This is a categorization
technique for the selection of a most important subset among
a larger set of positive numerical items. It divides the set into 3
disjoint subsets “A,” “B,” and “C"®® referred to in economic
sciences where the method originates as “the important few” (set
“A”) vs “the trivial many” (set “C”),°" whereas set “B” comprises
items between the 2 extremes including elements where an
increase in effort is proportional to the increase in yield. However,
although earlier applications of ABC analyses parted the item set
according to the so-called 80/20 rule, which sets the limit
between sets “A” and “B” at 80% of the yield achieved with 20%
efforts, this limit is based on mathematical calculations in
computed ABC analysis®® implemented in our R package
“ABCanalysis”  (http://cran.r-project.org/package=ABCanaly-
sis).?% As subset “A” can be regarded as containing the most
profitable features,®'%° it was chosen for classifier establishment.
The limit to set “B” was found at Shannon information = 0.339.
Furthermore, as implemented previously,>® further variants
unlikely to provide a suitable basis for phenotype class
assignment were excluded. In the present analysis, this was
approached through the effect sizes of the allelic distribution
between the phenotype classes used classic x° statistics.®” The
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values of x° obtained for each gene locus were submitted to
acomputed ABC analysis described above. Here, only the clearly
unsuitable variants were omitted, ie, ABC set “C” regarded as
comprising “the trivial many.”®'

Genetic control data sets were created by rearranging the original
genotype information. Specifically, a negative control feature set was
obtained by random permutation of the genetic data. The
expectation was that the association with the phenotypes was not
better than guessing and should be consistently outperformed by
the mapping of the true genotypes to the phenotypes using different
machine-learned methods. In addition, a positive control feature set
was obtained by sorting the original genotype information at each
locus in descending order data of the number of variant alleles along
the sorted phenotype classes (Fig. 1). The expectation was that the
association with the phenotypes could be almost perfectly obtained
by all machine-learming methods.

2.7. Identification of a genetic marker pattern and its relation
to the phenotype classes

In the third step of the analysis, the genetic information was
explored for data structures. Their existence would support that
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the TRPAT and TRPV1 NGS genotypes were not homogenously
distributed among the subjects but hinted at subgroups of
subject based on the genetic information. This would be a first
step to further explore the data for a possible relation of the
genotype-based subgroups with the phenotype classes. Hence,
the preprocessed genetic information was analyzed for patterns
using unsupervised machine learning, which was implemented
as a swarm of intelligent agents called “DataBots.”®° The data
space D= {x,i=1,...,n}cRY, comprising d genetic markers
acquired in n subjects was explored for distance-based
structures using the cityblock (Manhattan) distance'® as used
elsewhere® for genetic data scaled [0,1,2]. To explore this
feature space, topographic mapping was used, which provides
data projection methods to create low-dimensional images from
high-dimensional data. Specifically, topographic mapping was
implemented as swarm intelligence, ie, an algorithm guided by
the flocking behavior of numerous independent but cooperating
the so-called DataBots, which are self-organizing artificial “life
forms” identified with single data objects (subjects). These
“DataBots” can move on a 2-dimensional grid, and their
movements are either random or follow the attractive or repulsive
forces proportionally to the (dis-)similarities of neighboring

Gaussian #1

Gaussian #2

N}
**
c
.o
@
[}
=
©
O

Permuted data (negative control)
| | HE_EEEE

Sorted data (positive control)
[T b

Gaussian #2

H
4
£

fgg8ggg g9 RIILIILRAARIRLAX

Figure 1. Patterns of the TRPAT (chromosome 8: X8) and TRPV1 (chromosome 17: X17) genotypes observed in n = 75 healthy volunteers of Caucasian ethnicity
for whom phenotype data of the heat hypersensitization after capsaicin application were available. The heat plot shows the occurrence of variants (columns) per
subject (lines). The genetic information is color coded as the number of nonreference alleles found at the respective locus in the respective sample as white,
0 nonreference alleles = wild type genotype; green, heterozygous; and blue, 2 nonreference alleles. Thus, the individual genotypes are given by the vectors (rows)
associated with each subject (subjects count at the right of each panel). The bar plot at the left shows the phenotype group association, with gray indicating
Gaussian #1 and black indicating Gaussian #2 in Figure 2. The original genotype information (left) was permuted to obtain a negative control data set for
the association of genotypes with phenotypes, and sorted in descending order of alleles at each gene locus to obtain a positive control data set for the
genotype-phenotype association. The figure has been created with the R software package (version 3.4.1 for Linux; http://CRAN.R-project.org/)?° using the
library “gplots” (Warnes et al., https://cran.r-project.org/package=gplots).
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“DataBots.” Specifically, a parameter-free focusing projection
method of a polar swarm, Pswarm, was used that exploits
concepts of self-organization and swarm intelligence.”® During
construction of this type of projection, which is called the learning
phase and requires an annealing scheme, structure analysis
shifts from global optimization to local distance preservation
(focusing). Intelligent agents of Pswarm operate on a toroid grid
where positions are coded into polar coordinates allowing for
a precise definition of their movement, neighborhood function,
and annealing scheme. The size of the grid and, in contrast to
other focusing projection methods, " the annealing scheme is
data based and therefore, the method does not require any
parameters. During learning, each DataBot searched for the
strongest “scent,”?’ ie, for other agents that carried data with
most similar features as it carried itself, by moving across the grid
or staying in its current position, with a decreasing search radius.

After successful swarm learning, DataBots carrying items with
similar features, ie, DataBots associated with similar data points,
are placed in groups on the projection grid. The identification of
emergent structures was enhanced on top of the learned
structure. To this end, the distances between data points were
calculated with the so-called U matrix®'® shown previously to
provide emergent structures corresponding to clusters®’ and
outperforming classic clustering methods.®* Every value (height)
in the U matrix depicts the average high-dimensional distance of a
prototype to all immediate neighboring prototypes regarding
a grid position. The corresponding visualization technique is
a topographical map with hypsometric colors’® facilitating the
recognition of data structures. The calculations were performed
using the R library “DatabionicSwarm” (Thrun M, https://cran.
r-project.org/package=DatabionicSwarm).”® Subsequently,
clusters in the projected data were verified using the Ward
method.®? Finally, a possible association of the genotype-based
clusters with the phenotype classes was assessed using the
Fisher exact statistics.?" In case of a positive association, this
established that the genetic data were related to the pain
phenotype, which was addressed in the next step of the data
analysis.

2.8. Mapping of the genetic parameters to the
phenotype classes

After establishment of a data structure in the genotype that
reflected the phenotype structure, the association of the
genotype with the phenotype was further analyzed. Therefore,
in the fourth step of the data analysis, the question was pursued
whether the phenotype can be predicted from the genotype. This
was achieved by means of supervised machine learning, which
addresses the data space D= {(x,y;)|[xeX,yieY,i=1,...,n}
and tries to find a mapping of the input space X, comprising
vectors X = <X1,...,Xig> with d >0 different parameters
(here, the genetic information) acquired from n >0 cases, to the
output space Y, comprising v; classes, eg, a pain-related
phenotypes obtained through GMM and subsequent calculation
of the Bayesian decision limits used for class separation.

In the present analysis, the mapping of the input space to the
output space was performed using different methods of
supervised machine learning, ie, (1) random forests,® (2) adaptive
boosting,®® (3) k-nearest neighbors (kNNs), " (4) naive Bayesian®
classifiers, (5) support vector machines,'® and (6) logistic
regression,®’ which provided an internal validation of the results
without the intention to compare the performances between
machine-learning methods. The machine-learning methods were
applied on the original data set and on the negative and positive
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control data set created as described above. The expectation
was to observe a prediction of the phenotypes that were
consistently better across several methods when using the
original genotypes than when using the permuted genotypes,
which should provide a classification performance not superior to
guessing. In all 3 data sets, the classifiers were trained at training
data subsets comprising 2/3 of the data, and subsequently their
performance was estimated on the test data subset consisting of
the remaining 1/3 of the data. This was repeated in 1000 cross-
validation runs using Monte-Carlo®® resampling and random
splits of the original training data set into new training and
test data subsets, using the R library “sampling” (https://cran.
r-project.org/package=sampling).”®

Random forests create sets of different, uncorrelated, and
often very simple decision trees® with conditions on features as
vertices and classes as leaves. The splits of the features are
random and the classifier relates on the majority vote for class
membership provided by a large number of decision trees. In the
present analysis, 1000 decision trees were built containing sqrt(d)
features, respectively, to nucleotide positions as the standard
setting implemented in the R library “randomForest” (https://cran.
r—|oroject.org/package:randomForest).41 The number of trees
was heuristically based on visual analysis of the relationship
between the number of decision trees and the classification
accuracy, which indicated that beyond 100 trees, the classifica-
tion balanced accuracy remained stable and a larger number
merely consumed available computation time (Supplementary
Fig. 1, available online at http://links.lww.com/PAIN/A561).

Boosting®™ approaches classification through a set of weak
learners from which a single strong leamner is created.®® As weak
classifiers served small classification and regression trees,” which
provide a simple form of classification rules using the Gini impurity to
find optimal (local) dichotomic decisions. In the present analysis,
adaptive boosting as a successful algorithm for binary classification®”
was used, in which during the learning phase, subsequent weak
learners are tweaked in favor of those data instances that had been
misclassified by previous classifiers. Initially, each of n data point is
associated with the same weight w; = 1/n. A learner was trained to
assign the correct class to each data point. lteratively, the weights of
misclassified data points were increased such that the subsequent
learner gave more focus on the misclassified items. The final model
combined all models using a weighted sum of the outputs that reflect
the accuracy of all the constituent models. The number of iterations
was heuristically based on the classification accuracy, which
indicated no improvement beyond 500 runs, from which 1000
iterations were considered to provide robust results. These
calculations were performed using the R package “ada” (http://
cran.r-project.org/package=ada, " with the partitoning and classi-
fication package “rpart” https://cran.r-project.org/package=rpart).

The kNN classification'’ is a nonparametric method that
belongs to the most frequently used algorithms in data science,
although it is one of the basic methods in machine learning.
During kNN model building, the entire labeled training data set is
stored while a test case is placed in the feature space in the
vicinity of the test cases at the smallest high-dimensional
distance. The test case receives the class label according to
the majority vote of the class labels of the k-training cases in its
vicinity. In the present implementation, the size of k was
established in resampling experiments with k set at 3 or 5. Even
numbers for k intuitively make a majority vote on which the class
assignment is based difficult when one of the nearest neighbors
belongs to class 1 and the other to class 2. We tested 3 and 5
because these are often used and the default in various
implementations of KNN. A silhouette plot would show the quality
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of a clustering and to compare alternatives, eg, with different
numbers of clusters. However, here, we used kNN as a classifier
for a predefined number of classes (¢ = 2), not to obtain clusters
or to reassess the number of classes in the data that had been
obtained by means of GMM. At k = 3 and using the Manhattan
distance'® as used elsewhere®® for genetic data, the best
classification accuracy of the classifier was observed in 100 runs
on randomly resampled data. Other distances such as the
Euclidian, Jaccard, or Bray—Curtis distances, or more sophisti-
cated implementations of nearest neighbor-based class assign-
ment such as weighting or the use of kernel of different shapes
were tried but did not provide any improvements regarding the
basic version. These calculations were performed using the R
package “KernelKnn” (Mouselimis L, https://cran.r-project.org/
package=KemelKnn).

Bayesian classifiers were used that provide the probability that
a data point being assigned to a specific class calculated by
application of the Bayes’ theorem.? In naive Bayesian classifiers,
the oversimplified assumption is included that all features are
conditionally independent of each other, which is a widely used
technique to assign class labels to the samples from the available
set of features, describing a special case of the more general
Bayesian network model. The calculations were performed using
the R package “e1071” (Meyer D, https://cran.r-project.org/
package=e1071).

Support vector machines are supervised learning methods that
classify data mainly based on geometrical and statistical
approaches used for finding an optimum decision surface
(hyperplane) that can separate the data points of 1 class from
those belonging to another class in the high-dimensional feature
space.’ Using a kernel function, the hyperplane is frequently
selected in a way to obtain a tradeoff between minimizing the
misclassification rate and maximizing the distance of the plane to
the nearest properly classified data point. In the present analysis,
a Gaussian kernel with a radial basis was used. The analyses
were performed using the R library “kernlab” (https://cran.r-
project.org/package=kernlab).%?

Finally, logistic regression®' was used to map the genotype
information to the 2 phenotype classes. This accommodated
the inclusion of a more classic data analysis method well
known from statistics. Logistic regression estimates the
probability of falling into a certain level of the categorical
response given a set of predictors. The calculations were
performed using the “glm” command and the “family =
binomial” switch as implemented in the R “stats” package®®
provided with the basic installation of the software core
package (http://www.R-project.org/). The performances of
all classifiers were assessed on the test data subsets created
during cross-validation and are reported as the median of the
resampling runs. Finally, a classic x? test-based genotype vs
association was performed.

3. Results
3.1. Capsaicin sensitivity phenotype classes

Phenotype data (HPTs acquired before and after topical
application of capsaicin) were complete from 82 subjects. For
technical reasons, data from 18 subjects were incomplete and
therefore, these subjects were excluded from all analyses.
After capsaicin application, a right shift in the pain thresholds to
heat stimuli, calculated as stimulus intensity HPT+ = HPT — 32°C
(Fig. 2), was observed. The shift was pronounced enough to
place the cohort in the range of HPT values typical for neuropathic
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patients according to the reference values of the QST test
battery.®? That is, while at baseline, only 6 pathological values
were observed; after capsaicin application, 78 of the 82 subjects
displayed pathological HPT values.

Visual inspection of the probability density distribution (PDF) of
the capsaicin effects, CapsEff, suggested a multimodal distribution
(Fig. 2). This was statistically supported by a significant likelihood
ratio test (P = 1.87 X 10~°) comparing the goodness of the fits of
the PDF, estimated using the PDE, between a single Gaussian
mode and a GMM using M = 2 modes. No more significant
improvement of the fit was obtained when a further Gaussian was
added, based on likelihood ratio tests (P = 0.9403 for M = 3vs M
= 2). A satisfactory fit by a GMM with M = 2 was also supported by
the nonsignificant result of the Kolmogorov—Smirnov test (P =
0.952) and the visual inspection of the QQ plot (Fig. 2). The
parameter values of the final GMM are provided in Table 1. Thus,
the output space was structured into 2 classes containing n = 24
and 58 subjects with low or high hypersensitization response to
heat after topical application of capsaicin, respectively.

3.2. Association of TRPV1 and TRPA1 genotypes with
capsaicin sensitivity phenotypes

Next-generation sequencing data were obtained from 75 subjects
distributed across phenotype classes in a proportion of n = 24 and
n = 51. The genetic information initially comprised 278 loci wherein
atleast 1 subject an allele differing from the hg19 reference genomic
sequence was observed. The TRPAT gene at chromosome 8
displayed 134 loci with variant alleles and the TRPV71 gene at
chromosome 17 displayed 144 loci with variant alleles. All variant
alleles were observed at frequencies corresponding to the expect-
ations from the Hardy-Weinberg equilibrium (Fisher exact tests:
P always > 0.05). After feature selection based on the Shannon
information criterion and the ABC analysis of the Chi2 statistics for
phenotype group differences (Fig. 3), d = 31 genetic features
remained in the data set comprising 25 variants in the TRPAT gene
and 6 loci in the TRPV1 gene (Fig. 1) with different putative
molecular functional consequences (Table 2). This corresponded
to the size of the genetic features used in a previous study with
comparable data analysis.*® The frequencies of the minor alleles, ie,
those disagreeing with the hg19 reference genomic sequence, in
the analyzed data set ranged between 5% and 61%, with a median
of 28%.

3.3. Genetic marker pattern and its relation to the
phenotype classes

Unsupervised machine learning, aiming at data structure de-
tection, was applied to analyze the 75 X 31-sized matrix
comprising d = 31 genetic variants acquired in n = 75 subjects.
Training of a swarm of intelligent data bots provided a structure-
preserving projection of the high-dimensional data space
D={x,i=1,...,n}cR® onto a 2-dimensional toroid projection
grid (Fig. 4). After addition of the U matrix, a cluster structure
emerged from the separation of the data bots carrying the genetic
information into 2 distinct groups as visually indicated by
a “mountain range” on the topographic map analogy (Fig. 4
top). This was verified by Ward clustering that indicated 2 clusters
differing with respect to the pattern of genetic variants (Fig. 4).
Finally, the cluster membership was found to be unequally
distributed among the phenotypes (the Fisher exact test: P =
0.01199), ie, the swarm-based cluster #1 comprising subjects
carrying few variant alleles was underrepresented in phenotype
cluster (Gaussian) #1 comprising subjects with low heat
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Figure 2. Original heat pain thresholds (HPTs) and distribution of the effects of capsaicin. Top: One-dimensional scatter plot of the observed individual heat pain
sensitivity (dots; raw data). At the upper half (green dots), the values acquired at baseline are shown, whereas at the lower half, the values acquired after topical
application of capsaicin are shown (blue dots). Bottom: The distribution of the capsaicin effects, obtained from the z-transformed HPTs according to the QST
standard procedure®® as CapsEf = ZHPT capsaicin — ZHPTT paseine @and shown as probability density function (PDF) estimated by means of the Pareto density
estimation (PDE®"; black line) overlaid on a histogram could be fitted using a Gaussian mixture model (GMM) given as P(x) = ZM: oWiN(x|my, ), with M = 2 modes.
The fit is shown as a red line and the M = 2 mixes are indicated as differently colored dashed lines (G #1-#2). The Bayesian boundary between the Gaussians is
indicated as a perpendicular magenta line. At the right side, a quantile—quantile (QQ) plot is shown comparing the observed distribution of cold pain data (ordinate)
with the distribution expected from the GMM (abscissa). The blue dots symbolize the quantiles of observed data vs predicted data and the red line indicates
identity, ie, the agreement between the data distribution expected from the model with the observed data distribution. The close vicinity of the dots to this line
indicates satisfactory fits of the data by the respective GMM. The figure has been created using the R software package (version 3.4.1 for Linux; http://CRAN.R-
project.org/)®%; in particular, the dot plot was drawn using the R library “beeswarm” (Eklund A, https://cran.r-project.org/package=beeswarm) and the GMM plots

were obtained using our package “AdaptGauss” (https://cran.r-project.org/package=AdaptGauss).?® QST, quantitative sensory testing.

sensitivity and hypersensitization response (Fig. 4). This sup-
ported further exploration of the genetic information for relevance
for the phenotypic classification.

3.4. Mapping of the genetic parameters to the
phenotype classes

After establishment of a relation between the TRPAT and TRPV1
NGS-based genetic patterns with the phenotype classes, the

Parameter values of Gaussian mixture models (GMMs)
appliedasP(x) = Z:V' - oWiN(x|m;, s;) where m;, s;, and w; are
the parameters mean, SD, and relative weight of each of the
Gaussians, i, respectively, obtained in the fit of the probability
density distributions the pain thresholds to heat stimuli,
calculated from the z values of the heat pain thresholds zHPT+
= z(HPT — 32°C) as CapsEf = zHPTr capsaicin — ZHPTT paseline-

GMM parameter i=1 i=2
(Gaussian 1) (Gaussian 2)

m; [ZHPTt capsaicin — ZHPT paselinel 1.371 3.215

Si 0.567 0.629

w; 0.307 0.693

Bayesian decision limit 2.107

[ZHPTT,capsa\cin - ZHPTT,baseline]

Amixture of M = 2 Gaussians (Fig. 2) was found to provide the best fits, as indicated by likelihood ratio tests.
HPT, heat pain threshold.

genotype—phenotype association was further analyzed. The classic
x°-based genotype vs phenotype association analysis was
negative, ie, only the 2 TRPAT variants X8.72934391.SNV and
X8.72969263.SNV differed in allelic distribution between pheno-
type groups, but only at the uncorrected « level (Fig. 3) while when
corrected according to Bonferroni,® the a level of 0.0016 resulting
for the d = 31 genetic variants was exceeded for all gene loci.

Subsequently, supervised machine leaning was applied in
cross-validation experiments using 1000 Monte-Carlo random
resamplings of 2/3 vs (new training) 1/3 (new test) of the data
provided the consistent observation that when using the true
TRPAT and TRPV1 NGS genotypes, the class assignment was
better than that obtained with the permuted and therefore
meaningless genotype information (Fig. 5). With the best median
classification accuracy with the true genotypes of 62.5%
(Table 3; n = 14, 5, 3, and 3 true positives, false positives, false
negatives, and true negatives, respectively, as the average
confusion matrix across the 1000 model runs), obtained with
random forest and the best median classification accuracy
obtained with the permuted genotype data of 50.7%, the
improvement was almost by 1/8. However, the classification
improvement associated with the true genotype data over the
permuted data was small as compared to that obtained with the
sorted, ie, positive control data (Table 3).

Finally, random forests allowed convenient access to the
features’ relative importance, which was numerically provided as
mean decrease in classification accuracy when the respective
feature (gene locus) was omitted from forest building (Fig. 3). The
feature ranking pointed at TRPAT variants as most important,
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Genetic variants that after feature selection were included in the genotype-phenotype associations, and their potential
biological consequences as queried from several publicly available databases (NCBI gene index database at http://www.ncbi.
nim.nih.gov/gene; GeneCards at http://www.genecards.org, Short Genetic Variations database [dbSNP] at https://www.ncbi.
nim.nih.gov/snp and the “1000 Genomes Browser” at https://www.ncbi.nim.nih.gov/variation/tools/1000genomes; all accessed

in August 2017).
Gene Variant DNA change Molecular consequence dbSNP ID Region score TSS score Unmatched score

TRPAT X8.72933632.SNV C>T 3 prime UTR variant rs6996723 0.34 0.63 0.78
X8.72934032.SNV A>G 3 prime UTR variant 1s7827617 = = =
X8.72934391.SNV G>T 3 prime UTR variant rs9298197 0.34 0.7 0.77
X8.72936145.SNV >C Missense variant 15959976 0.29 0.07 0.36
X8.72938332.SNV G>A Intron variant rs2305017 0.25 0.19 0.22
X8.72938357.SNV A>C Intron variant rs2305018 0.24 0.17 0.18
X8.72938359.SNV >C Intron variant rs2305019 0.23 0.2 0.17
X8.72958799.SNV G>A Synonymous variant 161757563 0.23 0.1 0.37
X8.72963135.SNV A>G Intron variant rs1025927 0.23 0.28 0.07
X8.72965043.SNV >C Intron variant rs13271151 0.51 0.68 0.79
X8.72965973.SNV G>A Intron variant rs3735942 0.21 0.2 0.49
X8.72966002.SNV G>A Synonymous variant rs3735943 0.32 0.25 0.44
X8.72966124.SNV A>G Intron variant rs3735944 0.39 0.38 0.54
X8.72969263.SNV A>C Intron variant rs3779752 0.49 0.31 0.31
X8.72971459.SNV T>C Intron variant rs12541196 0.23 017 0.1
X8.72971473.SNV C>T Intron variant rs71525150 0.15 0.19 0.1
X8.72971502.SNV ™>C Intron variant rs12541199 0.26 0.2 0.1
X8.72971505.SNV >G Intron variant rs12541200 0.14 017 0.15
X8.72971527.SNV C>T Intron variant rs12548486 — — —
X8.72971570.SNV C>T Intron variant rs9298198 0.12 0.12 0.18
X8.72971579.SNV A>C Intron variant rs11423229 0.27 0.39 0.18
X8.72975801.SNV T>A Missense variant rs7819749 0.27 0.37 0.49
X8.72981327.SNV A>G Synonymous variant rs1811457 0.15 0.32 0.46
X8.72987369.SNV C>T Intron variant 1s2278654 0.16 0.46 0.87
X8.72987384.SNV A>T Intron variant 152278653 017 0.52 0.82

TRPV1 X17.3480396.SNV C>T Intron variant rs8078936 0.21 0.23 0.22
X17.3480447.SNV ™>C Missense variant rs8065080 0.18 0.29 0.43
X17.3489244.SNV G>A Intron variant rs161394 0.18 0.11 0.21
X17.3495374.SNV G>A Missense variant 15222749 0.42 0.42 0.76
X17.3496039.SNV C>T 5 prime UTR variant rs729271 0.44 0.26 0.18
X17.3512617.MIX.2 — Deletion/Insertion rs775128810 — — —

The putative functional consequences according to 65 are amino acid or protein changes for missense and deletion/insertion variants, and reduced transcriptional efficiency for UTR and synonymous exonic variants. At the right
of the tables, the values of 3 scores are provided by the genome-wide annotation of variants tool (GWAVA; at http://www.sanger.ac.uk/sanger/StatGen_Gwava)® that generates 3 different so-called GWAVA scores, ie, the
“region score,” the “TSS score,” and the “unmatched” score, all in the range [0,...,1]. A high GWAVA score means more active functionality with respect to a low GWAVA score.

MIX, A mixture of variation types; SNV, single-nucleotide variation; TSS, transcription start site.

whereas the first TRPV1 variants figured only at rank 7 among the
classification-relevant gene loci. This observation accompanied
the results of the classic x>-based genotype vs phenotype
association analysis, in which only the 2 TRPAT variants
X8.72934391.SNV and X8.72969263.SNV differed in allelic
distribution between phenotype groups, however, only at the
uncorrected a level (Fig. 3). These variants could also be used for
phenotype class association; however, when eliminating them
from the data set, a phenotype association was still consistently
better than chance (Table 3 and Fig. 3B), which supports that
a complex genotype rather than a single variant modulated the
phenotype.

4. Discussion

In the present analysis, several different methods of data analysis
pointed toward a contribution of human TRP channel genotypes
to the individual susceptibility to capsaicin-induced hypersensi-
tization to heat stimuli. This was firstly hinted at by a high-
dimensional pattern that emerged in the genotypes and could be
statistically significantly associated with the 2 generated pheno-
type classes. Subsequently and most importantly, an importance

of TRP genotypes for the heat pain—related phenotypes could be
supported by the consistently better prediction of phenotypes
from the genetic information than by chance, which was similarly
observed across all machine-learned methods applied that
always outperformed the phenotype class prediction when using
randomly permuted genetic markers. Thus, the results can be
summarized as an association of a complex TRP channel-related
NGS genotype with the phenotype of the individual sensitivity to
heat pain—related phenotypes.

The 31 genetic variants in the TRPAT and TPRV1 genes that
after feature selection were included in the association analyses,
comprised 4 missense, 3 synonymous, and 1 deletion/insertion
variation (Table 2), whereas the majority was located in introns or
untranslated regions of the genes. The 2 polymorphism that
differed in allelic distribution between phenotype classes at the
uncorrected o level, ie, rs9298197 and rs3779752, and in
addition, the rs2278654 variant that got the highest random-
forest-based rank among all genetic loci, are located in
noncoding areas of the TRPAT gene. Although they cannot
affect the protein structure directly, recent studies in cancer tissue
have highlighted the importance of noncoding variants and
indeed, the majority of variants, both somatic and germline, had


http://www.ncbi.nlm.nih.gov/gene
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http://www.genecards.org
https://www.ncbi.nlm.nih.gov/snp
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Figure 3. Dot plot of the results of the x?-based genotype association tests for d = 278 loci at the TRPAT (left panel) and TRPV1 (right panel) genes. The « levels
before (red) and after (blue) correction for multiple testing according to Bonferroni® are indicated as horizontal lines. A distribution differing between phenotypes
above the uncorrected a level was observed for the variants X8.72934391.SNV and X8.72969263.SNV (Table 2). The figure has been created using the R software
package (version 3.4.1 for Linux; http://CRAN.R-project.org/)®° and the package “qgman” (https://cran.r-project.org/package=aqgman).”®

been observed in noncoding portions of the genome.** This
observation implies that variants that affect the risk of complex
diseases often exert their effect by altering the regulation of genes
rather than by directly affecting the gene and protein function.®?
They act by affecting gene expression, eg, by disrupting
a transcription factor-binding site’* or by affecting mRNA
splicing, stability, and structure, which may result in a reduced
transcriptional efficiency.??

Along this line, to further assess the biological plausibility of
a functional consequence of the present machine-learned
derived selection of gene loci, the 31 selected variants were
queried in the genome-wide annotation of variants tool (GWAVA,
https://www.sanger.ac.uk/sanger/StatGen_Gwava). This web-
based tool produces a prediction of the functional impact of
noncoding genetic variants that are based on machine learning
from a wide range of annotations of noncoding elements for
which the functional consequences are known. For this task, it
uses a tailored random-forest algorithm that builds 3 different
classifiers, the so-called GWAVA scores named “region score,”
“TSS score,” and “unmatched” score and all scaled in the range
[0,...,1], by using all available annotations to discriminate
between disease variants and variants from 3 control data sets.®?
Specifically, the “unmatched” classifier bases on a random
selection of single-nucleotide variations (SNVs) from across the
genome to get a reasonable sample of the background, the “TSS
score” includes genome-wide variants matched for distance to
the nearest transcription start site and the “region score” is
composed of all variants in the 1 kb surrounding each of the
disease variants. The machine-learned algorithm is trained with
a set of variants with known function and learns to predict the
function of further variants from their location within the gene. A
high GWAVA score means more active functionality with respect
to a low GWAVA score. The quality of the prediction was
addressed in the original publication® where the authors showed
that the classifier for each training set could usefully discriminate
between disease and control variants. The area under the
receiver operating characteristic curves were 0.97, 0.88, and

0.71, respectively, where a value of 0.5 denotes a bad classifier
and 1 denotes an excellent classifier.

A GWAVA analysis for all the 134 gene loci in the TRPAT yielded
58 hits; 76 of the present variants that had not been reported
previously were not found. Interestingly, the GWAVA tool found all
but 2 of the 25 TRPAT variants included in the final analyses, which
provides a first support for the potential importance, ie, for the
successful of the applied machine-learned methods in selecting
relevant gene loci for phenotype association (Table 2). Moreover,
the 3 TRPAT variants highlighted by the random-forest classifier as
most important (Fig. 6), ie, x8.72934392.SNV (rs9298197),
x8.72969263.SNV  (rs3779752), and  x8.72987369.SNV
(rs2278654) figured at the first or second positions of at least 1 of
the GWAVA prediction scores (Table 2). This supports (1) the
present data analysis approach and (2) the functional role of
variants, although located in noncoding regions of the genes.
Further variants included in the selection of d = 31 gene loci in the
TRPAT and TRPVT1 genes could be supported by previous
evidence of a functional role. This includes the TRPAT variants
rs11988795, rs3735942, and rs3735943, which have been
reported as associated with different sensitivity to pain, or the
TRPAT variant rs12548486, which has been associated with
menthol preference among smokers.”® In addition, the lle585Val
encoded by rs8065080 in the TRPV1 gene has been reported to be
associated with genetic risk of painful knee osteoarthritis,%” and
carriers of the TRPAT variant rs8065080 had a 1.6 time longer cold
withdrawal time than noncarriers.®%4% A further positive hit was the
missense variant Lys186Asn (rs7819749) in TRPV1, which has
been linked with glioblastoma multiforme.

The pattern of variant alleles differed between phenotype groups
in the direction that carriers of fewer variant alleles were un-
derrepresented in the phenotype group with less pronounced
changes of HPTs after topical application of capsaicin. Both
directions of changes would seem biological plausible, and in
particular, gain-of-function mutations in ion channels may lead to
increased agonist sensitivity or altered gating properties, and may
render the channel constitutively active.® For example, an
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Figure 4. Data structure found in the TRPAT/TRPV1 NGS genotypes and its relation with the phenotypes. Top: Visualization of high-dimensional data consisting of
d = 31 gene locianalyzed in n = 75 subjects. The data were projected onto a 2-dimensional grid using a parameter-free projection polar swarm, Pswarm.”® During
the learning phase, the DataBots were allowed for adaptively adjusting their location on the grid close to DataBots carrying data with similar features, with
successively decreasing search radius. When the algorithm ends, the DataBots become projected points. To enhance the emergence of data structures on this
projection, a generalized U matrix displaying the distance in the high-dimensional space was added as a third dimension to this visualization.”® The U matrix was
colored in hypsometric colors”® making the visualization appear as a geographical map with brown (up to snow-covered) heights and green valleys with blue lakes.
Watersheds indicate borderlines between different groups of subjects according to the pattern of repeated cold pain measurements. The data points are colored
according to the emerging 2-cluster structure. Bottom left: Ward clustering of the projected data clearly indicated 2 clusters using the Manhattan distance. Bottom
center: Heat plot of the pattern of genetic variants (columns) per subject (lines), grouped for the data structure of the genetic information. The 75 X 31 matrix is
avisualization of high-dimensional data consisting of d = 31 gene loci analyzed in n = 75 subjects. The allele occurrences are shown color coded as the number of
nonreference alleles found at the respective locus in the respective sample as white, O nonreference alleles = wild type genotype; green, heterozygous; and blue, 2
non-reference alleles. Bottom right: Subjects belonging to the different genotype clusters were unevenly distributed across the phenotype clusters, ie, assignment
to the 2 Gaussian modes in the distribution of capsaicin effects (Fig. 2), at a statistical significance level of P < 0.05 (the Fisher exact test). The mosaic plots
represent the contingency table of the genotype vs phenotype class structure (membership sizes given as numbers in the fields of the mosaic). The figure has been
created using the R software package (version 3.4.1 for Linux; http://CRAN.R-project.org/),%° in particular the libraries “DatabionicSwarm” (M. Thrun, https://cran.
r-project.org/package=DatabionicSwarm)’® and “gplots” (Warnes G et al., https://cran.r-project.org/package=gplots). NGS, next-generation sequencing.

autosomal-dominant hereditary form of high-pain sensitivity, the The more important role of TRPA1 as compared to that of
so-called familial episodic pain syndrome, FEPS1 (accession  TRPV1 in the sensitivity to heat or the hypersensitization response
number 615040 in the Online Mendelian Inheritance in Man  to capsaicin bears implications for the development of novel
(OMIM) database; http://www.ncbi.nim.nih.gov/omim), which  analgesic treatments®® involving TRP channel inhibitors. Specifi-
is characterized by episodes of debilitating upper-body pain,  cally, aquery of the Thomson Reuters “Drugs and Biologics Search
triggered by fasting and physical stress, is caused by a gain-of- ~ Tool” (http://integrity.thomsonpharma.com) in August 2017 in-
function SNP (rs398123010) in the TRPAT gene.®” In carriers,  dicated (Table 4) that by far, the most frequently regarded TRP
QST showed normal baseline sensory thresholds but enhanced  channel family member in analgesic drug development is TRPV1,
secondary hyperalgesia to punctate stimuli after treatment with  for which are 29 agonists or antagonists are currently under active
mustard oil.” Accordingly, this mutation increases the chemical  development. TRPA1 agonists or antagonists figured with only 7
sensitivity of TRPA1, but leaves the voltage sensitivity un-  entries. If, based on the present results, the functional impact of
changed. Other gain-of-function mutations, rs753375978 and  TRPAT variants exceeds TRPV1 variants, TRPA1 may play
rs575489206, located in the analogous region of the TRPV1  agreater role in pain including neuropathic pain when considering
gene, severely affect all aspects of channel activation and lead  that topical capsaicin can induce a neuropathy-like QST results
to spontaneous activity.® pattern in a small subgroup of healthy subjects.*®
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Figure 5. Radar plot of the balanced accuracy of different classifiers (random
forests, adaptive boosting, k-nearest neighbors, naive Bayes, support vector
machines, and logistic regression) to detect of a membership to the group with
high response to capsaicin-induced hypersensitization against heat pain
stimuli (Gaussian #2 in Fig. 2). The classification performance has been
assessed in 1000 model runs using Monte-Carlo resampling runs with splits
into 2/3 of the data (new training data) and 1/3 (new test data). The
performance measures are comparatively shown for the results obtained on
the original TRPV1/TRPAT NGS genotype and capsaicin sensitivity phenotype
classes data set, on data constructed to provide as a negative control by
permuting the genotypes, and on data constructed to provide a positive
control by sorting the genotype information in descending order of alleles at
each gene locus (Table 3). The plot shows the balanced accuracies in a spider
web form. Each category, ie, machine-learning method, has a separate axis,
scaled from 0% to 100% balanced accuracy. The axes are arranged in a circle
in 360° evenly, and the values of each series are connected with lines indicating
the results obtained with either of the 3 data sets, each with a different color.
The figure has been created using the R software package (version 3.4.1 for
Linux; http://CRAN.R-project.org/)®° with the “radarchart” function provided in
the library “fmsb” (Nakazawa M, https://cran.r-project.org/package=fmsb).
NGS, next-generation sequencing.

The improvement of phenotype prediction provided by the TRPAT
and TRPV1 genotypes over a nonsense genotype was consistent yet
modest when comparing the aimost perfect phenotype association
with an idealized arbitrary genotype. This points at further factors
modulating the individual sensitivity to heat pain or the response to
capsaicin, which is highly plausible and a monogenetic regulation of
heat pain sensitivity or its enhancement by capsaicin was not
expected considering the current knowledge about the complex
genetic architecture of pain'®** and the role of competitive genotype
effects not controlled for.*® Indeed, although the present assess-
ments had an explicit focus on TRPV1 and TRPAT, further genetic
variants are known to play a role in thermal pain sensitivity.?® For
example, the third heat transducer, TRPM3 (TRPM3), was not
addressed in this study but may also contribute to heat pain sensitivity
as shown in mice.®° Furthermore, variants implicated in the present
phenotype have been found in the genes coding for GTP cyclo-
hydrolase 1 (GCH1),2 for the melanocortin 1 receptor (MC1R)'® or for
the vasopressin receptor 1A (AVPR1A).5% Furthermore, nongenetic
factors play a role*® up to the estimate that only 26% of the variance in
heat pain responses can be explained by genetic factors.?®

The present data-driven analyses were based on machine
learning, which in its unsupervised form was applied to detect
structures in the genetic data that hinted at a group separation,
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Figure 6. Importance of single-gene loci among the TRPAT (chromosome 8:
X8) and TRPV1 (chromosome 17: X17) genotypes for the random-forests—
based classification into the 2 capsaicin hypersensitization phenotype groups
(Fig. 2). The stripchart shows the importance of each gene locus, measured as
the mean decrease in the classification accuracy when the respective feature is
omitted from random-forests building. The figure has been created using the R
software package (version 3.4.1 for Linux; http://CRAN.R-project.org/).®®
SNV, single-nucleotide variation.

and in its supervised form was applied to assess the question
whether the genotype provides information suitable for correct
pain phenotype assignment. The methods were selected
heuristically; possible alternatives such as self-organizing maps
as used previously,*®°° multidimensional scaling® t-SNE® or
principal component analysis did not offer obvious advantages
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Novel drugs intended as analgesics targeting TRPV1 or
TRPA1 ion channels, which are currently under active clinical

development.

Drug Action

Company

Zucapsaicin TRPV1 agonist Winston Laboratories
Resiniferatoxin Icos

Capsaicin Perrigo
Cannabidivarin GW Pharmaceuticals
Etodolac MEDRX

CGS-125 Vizuri Health Sciences
Hyaluronan Vizuri Health Sciences

Diclofenac sodium

Boehringer Ingelheim

Propofol Aspen Pharmacare
Axomadol Grunenthal
Tivanisiran TRPV1 expression inhibitor ~ Sylentis

Davasaicin TRPV1 ligand Dong-A
DWP-05195 TRPV1 antagonist Daewoong

TR-1 Daewoong
V-116517 Purdue Pharma
JYL-1421 AmorePacific
NGD-8695 Ligand

NGD-8243 Ligand

NGD-9611 Ligand

Mavatrep Johnson & Johnson
JTS-653 Japan Tobacco (JT)
DD-04107 BCN Peptides
AMG-51 Amgen

AMG-628 Amgen

ABT-102 Abbott

SAR-115740 Sanofi

AZD-1386 AstraZeneca
GRC-6211 Lilly

Catharanthine TRPA1 agonist University of Toronto
KDS-4103 Kadmus Pharmaceuticals
Cannabidivarin GW Pharmaceuticals
ODM-108 TRPA1 modulator Orion (F1)
HC-030031 TRPA1 antagonist Hydra Biosciences
CB-625 Merck & Co
GRC-17536 Glenmark Pharmaceuticals

The information was queried on August 23, 2017, from the Thomson Reuters Integrity database at https://

integrity.thomson-pharma.com.

over a swarm-based data projection. By contrast, it could not be
excluded that methods mail fail such as on data that contain
a cluster structure not separable using hyperplanes where
multidimensional scaling may fail, or on data displaying high
intrinsic data dimensionality were t-SNE is not recommended (eg,
Figure 5.2 in Ref. 76), or on data not linearly separable where PCA
has also been shown to fail in some settings where the swarm-
based clustering was correct (eg, Figure 5.3 in Ref. 76). Similarly,
the choice of supervised methods was heuristic; however,

PAIN®

chosen to cover a variety of machine-learned classifiers pre-
viously used in pain research®® such as prototype based (eg,
kNN) or collective decision based (eg, boosting and random
forests), with the addition of classic methods such as logistic
regression included for its vicinity to classic statistical
approaches, or naive Bayes. Indeed, the agreement among
results obtained using different kinds of machine-learning
methods and the biological plausibility of the results did not
indicate an immediate need to include further methods.

The present analyses used machine learning for knowledge
discovery, ie, an association of the TRPV1 and TRPAT genetics
with the heat-related pain phenotype was sought rather than
a clinical tool for diagnostics. The moderate classification
performance strongly suggests to base such a diagnostic tool
on further factors including demographic, psychological and
clinical parameters and factors derived from “omics,” ie,
proteomics, lipidomics, or genome-wide based features. More-
over, the present methods produced subsymbolic’’ classifiers
where a better performance of machine-learned algorithm is
sought by waiving the possibility to understand the details, ie, it is
impossible to obtain complete biomedical explanations for the
functioning of the algorithm. For example, random forests use
hundreds or thousands of simple decision trees that escape
interpretation; the classification is obtained through the complete
set of trees, ie, the “forest.”® The subsequently applied ranking of
the importance of single variants only partly provided a biological
explanation. With other classifiers, this was even less possible or
completely impossible. However, the purpose of the present
analysis was to study whether or not the genetic information
contained in the sequences of TRPV1 and TRPAT may contribute
to the prediction of the phenotype, which establishes a genotype—
phenotype association as the main purpose of this analysis.

5. Conclusions

In a cross-validated scenario, several analytical paths supported
a role of TRPAT and, to a lower degree, TRPV1 NGS-based
genotypes for a potentially clinically relevant pain phenotype. The
analysis shows that the complexity of the genotype is a relevant
factor and machine-learned methods provide biologically plau-
sible results, outperforming classic statistical genotype vs
phenotype association analyses. The results were biologically
plausible and fit with evidence of function TRPAT or TRPV1
variants. Moreover, the relative importance of the variants
observed with the machine learmning agrees with an independent
computer-based prediction of the biological roles of noncoding
gene variants obtained in a GWAVA analysis. From this, a role of
TRPAT or TRPV1 NGS genotyping in personalized approaches at
analgesic therapy with the respective novel analgesics may be
expected. However, the improvement of phenotype prediction
over chance was consistent but small when compared with
a virtual extreme phenotype where most variant alleles were
moved into a single phenotype group, which hints at further
factors such as the genetics of other ion channels, generally pain-
relevant genes® or nongenetic factors.
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Abstract

Background: Human genetic research has implicated functional
variants of more than one hundred genes in the modulation of
persisting pain. Artificial intelligence and machine-learning techniques
may combine this knowledge with results of genetic research gathered
in any context, which permits the identification of the key biological
processes involved in chronic sensitization to pain.

Methods: Based on published evidence, a set of 110 genes carrying
variants reported to be associated with modulation of the clinical
phenotype of persisting pain in eight different clinical settings was
submitted to unsupervised machine-learning aimed at functional
clustering. Subsequently, a mathematically supported subset of genes,
comprising those most consistently involved in persisting pain, was
analysed by means of computational functional genomics in the Gene
Ontology knowledgebase.

Results: Clustering of genes with evidence for a modulation of
persisting pain elucidated a functionally heterogeneous set. The situation
cleared when the focus was narrowed to a genetic modulation
consistently observed throughout several clinical settings. On this basis,
two groups of biological processes, the immune system and nitric oxide
signalling, emerged as major players in sensitization to persisting pain,
which is biologically highly plausible and in agreement with other lines
of pain research.

Conclusions: The present computational functional genomics-based
approach provided a computational systems-biology perspective on
chronic sensitization to pain. Human genetic control of persisting pain
points to the immune system as a source of potential future targets for
drugs directed against persisting pain. Contemporary machine-learned
methods provide innovative approaches to knowledge discovery from
previous evidence.

Significance: We show that knowledge discovery in genetic databases
and contemporary machine-learned techniques can identify relevant
biological processes involved in Persitent pain.
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Knowledge-discovery in genetic bases of persistent pain

1. Introduction

Persisting pain has a high prevalence (Elliott et al.,
1999; Breivik et al., 2006, van Hecke et al., 2013)
affecting a significant proportion of the world’s pop-
ulation (Breivik et al., 2006). Its pathophysiology is
incompletely understood, which is reflected in the
limited success of available treatment options (Moore
et al., 2009, 2012; Derry et al., 2012) and has stimu-
lated intense research on this topic (Kringel and
Lotsch, 2015). In this context, the study of human
gene polymorphisms that modulate the persisting
pain phenotype is an accepted research approach
which has been pursued for more than 50 years
(Godinova, 1965). A genetic background to persist-
ing pain is clearly reflected by a protective effect
against persisting pain exerted, for example, by a
haplotype of the guanosine-5'-triphosphate (GTP)
cyclohydrolase 1 gene (GCHI), originally reported to
be composed of 15 genetic variants (Tegeder et al.,
2006, 2008), or by a reduction in the perceived
intensity of pain exerted, for example, by a deletion/
insertion variant in the serotonin transporter gene-
linked polymorphic region (5-HTTLPR; gene:
SLC6A4) reportedly reducing the perception of heat
pain (Lindstedt et al., 2011; Hooten et al.,, 2013;
Kunz et al., 2016). On the other hand, increased risk
for persisting pain is conferred, for example, by the
rs12584920 variant of the 5-hydroxytryptamine
receptor 2A gene (HTR2A) (Nicholl et al.,, 2011) or
the rs734784 polymorphism in the potassium volt-
age-gated channel modifier, subfamily S member 1,
gene (KCNSI) (Costigan et al., 2010).

Human genetic research during the last decade has
identified many common variants of more than a
hundred different genes spread across the genome
that modulate the phenotype of persisting pain in sev-
eral different clinical settings (Table 1). Thanks to
concomitant developments in computer science,
including progress in artificial intelligence, machine-
learning and knowledge discovery in databases (Ash-
burner et al., 2000), the analysis of fundamental,
complex biological functions has become increasingly
possible. This allows persisting pain to be approached
at a functional genomics level by combining the infor-
mation on genetic modulation acquired in clinical
studies with current knowledge of the function of
human genes. This active research topic has already
led to the identification of candidate genes for further
clinical genetic pain research (Lotsch et al., 2013) and
highlighted key pathophysiological processes of pain
which may be targeted for future pharmacological
treatment options (Ultsch et al., 2016).
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In the present analysis, information on genes,
for which empirical evidence indicates the exis-
tence of variants that modulate the clinical pheno-
type of persisting pain, was analysed at a
functional genomics level. In this way, the bio-
chemical, cellular and/or physiological properties of
each and every gene product can be investigated
to gain an understanding of the relationship
between the genome and the phenotype on a glo-
bal genomewide scale (Gibson and Muse, 2009).
Applying machine-learned techniques (Fig. 1), the
genes currently known to have relevance to
human persisting pain were analysed for functional
patterns that may provide insight into its patho-
physiology based on current research activities,
applying a data-driven approach without using
prior hypotheses about the most important biologi-
cal functions characterizing persisting pain. By
applying methods of precisely calculated item selec-
tion (Ultsch and Lotsch, 2015), the present analysis
aimed to identify a subset of genes that were most
consistently reported to be involved in the modula-
tion of persisting pain with a subsequent analysis
of the main biological functions exerted by the
products of these genes.

2. Methods

2.1 Search strategy

A set of genes relevant to persisting pain, based on
published associations of their variants with pheno-
typic differences in persisting pain patients, was
obtained from (1) a PubMed database (accessed in
August 2016), by searches for the string ‘(chronic
OR persisting OR neuropathic OR back OR inflam-
matory OR musculoskeletal OR visceral OR wide-
spread OR idiopathic OR fibromyalgia) AND pain
AND (polymorphism OR variant) NOT review’ and
(2) publications starting from the year 2000, which
is close to the first sequencing of the human genome
(Lander et al.,, 2001; Venter et al., 2001) marking
the beginning of a new area of genetic research, and
(3) published overviews on pain genetics (e.g.
Edwards, 2006; Tegeder and Lotsch, 2009; Mogil,
2012; Zorina-Lichtenwalter et al., 2016). To avoid
redundancies, reports of positive associations of any
gene variant were included only once per clinical
setting in the present analysis. This implies that not
every variant found to be functionally associated
with a persisting pain phenotype was taken into
account. The resulting information for each gene,
thus, comprised (1) a positive report of a gene
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‘Pain genes’
A= 53 '?““ »  Setintersection
Literature search N=13 . Polyhierarchy of Functional
T : Overrepresentation i % 5
pain genes’ in ABC > anabysis —> biological —> abstraction
sets ‘A’ or ‘B’ processes (Figure 6)

Figure 1 Flow chart of the data analysis. The figure provides an overview of the machine-learning and data science approach applied, specifying
the data flow of the gene sets and the analyses applied to them. The figure follows the analytical flow (left column of blue rectangles, separated
by horizontal dashed lines) that following data collection from the literature was implemented as two analytical approaches comprising (1) func-
tional gene clustering and (2) a computational functional genomics analysis of the biological roles of the genes implicated in the modulation of per-

sisting pain in various clinical settings. The coloured frames show the presented analysis, the grey frames the intermediate data flows.

(Ultsch and Lotsch, 2015) and subsequently, tech-
niques of knowledge discovery were applied to
identify the particular biological roles exerted by
this set of genes as opposed to the biological func-
tions exerted by a similarly sized random set of
genes. This analysis was performed twice, once
using the most informative genes resulting from
above-mentioned analysis, and, to strengthen the
evidence for pain reliance, again using the addi-
tional selection criterion that the genes should be
listed among pain-relevant genes in the PainGenes
database (Lacroix-Fralish et al., 2007). The analyti-
cal steps are described in detail in the following.

2.2.1 Functional clustering of genes

A first analytical approach to the functional geno-
mics of persisting pain reflected in the set of genes
that carry variants reported to modulate the pheno-
type aimed at finding functional clusters of genes.

1740 Eur ) Pain 22 (2018) 1735-1756

2.2.2 Generation of a gene versus functional
feature matrix

As a prerequisite for functional clustering of genes, a
gene versus function matrix was created. Therefore,
the biological functions in which the genes, or their
products, are involved were queried from the GO
knowledge base (http://www.geneontology.org/). The
GO knowledge base is searchable for three major cate-
gories, consisting of biological process, cellular compo-
nent and molecular function. As the most suitable
representation of processes that are involved in the
chronification of central sensitization to pain, the GO
category biological process was selected as previously
(Lotsch et al., 2013; Lotsch and Ultsch, 2016b; Ultsch
et al., 2016). According to the GO knowledgebase, this
category contains one or more ordered collections of
molecular functions involving chemical or physical
transformations such as cell growth and maintenance
or signal transduction (Ashburner et al., 2000).

© 2018 The Authors. European Journal of Pain published by John Wiley & Sons Ltd on behalf of
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However, not all processes known to be influenced
by the genes were sought, but only those that were
annotated to the present set of genes more often
than expected for any similarly sized random set of
genes. Therefore, to capture biological processes that
are particularly relevant to the present gene set, the
set of genes was submitted to overrepresentation
analysis (ORA; Backes et al., 2007). As intended, this
compared the occurrence (as defined by its annota-
tion term) of the particular set of genes covered by a
GO term with the number of genes expected to be
defined by this term. The significance of the associa-
tion of a GO term with the expected list of genes
was determined by means of a Fisher’s exact test
(Fisher, 1922). A p-value threshold, t, of 1 x 10™°
was applied and subsequently, the obtained results
were additionally corrected for multiple testing
according to Bonferroni (Hochberg, 1988). The result
was the desired ‘gene versus biological process’
matrix (Fig. 2) that, rescaled as [0,1] indicating the
absence or presence, respectively, of the involvement
of a gene in a particular biological process, provided
a filtered representation of the particularly important
processes in which the analysed genes were involved
while disregarding processes that would have been
found by chance in any similarly sized gene set. This
ORA-based filtering of gene functions was previously
found to facilitate the functional analysis of gene sets
including a context of pain and analgesia (Lotsch
and Ultsch, 2016a; Lotsch et al., 2017).

2.2.3 Machine-learned cluster detection

Following the creation of the gene versus functional
feature matrix, expressed as ‘gene versus biological
process’ matrix, the feature space required for func-
tional gene clustering was established as D = {(x;) |
xi € N,i=1,...,n} comprising the d biological pro-
cess to which the n genes in the analysed set were
annotated. This feature space was searched for a clus-
ter structure. Among several methods available for
clustering, a method of unsupervised machine-learn-
ing shown recently to provide a viable unbiased clus-
tering of high-dimensional biomedical data,
outperforming classical clustering algorithms (Ultsch
and Lotsch, 2017), was chosen. Specifically, the data
space was projected from the high-dimensional fea-
ture space D onto a two-dimensional self-organizing
map (SOM) of the Kohonen type (Kohonen, 1982).
This map was composed of a toroid grid (Ultsch,
2003), i.e. a projection plane where opposite edges are
connected. The grid had a size of 25 x 35 artificial
neurons chosen according to the proposals of SOM

© 2018 The Authors. European Journal of Pain published by John Wiley & Sons Ltd on behalf of
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size determination described previously (Ultsch and
Lotsch, 2017). Each of the artificial neurons held a
position vector, which carried the information about
the biological processes associated with each gene,
and a further parameter, which carried ‘weights’ of
the same dimensions as the input dimensions. The
weights were initially randomly drawn from the range
of the data variables and subsequently adapted to the
data during the learning phase of 25 epochs. The
Euclidean distance was used for process (dis-)similar-
ity; very general processes, such as ‘biological process’
that is the root term of the polyhierarchy carry the
same value for all genes and therefore do not influ-
ence this distance. Following training of the neural
network, an emergent SOM (ESOM; Lotsch and
Ultsch, 2014; Ultsch and Sieman, 1990) was obtained
that represented the genes as the localizations of their
‘best matching units” (BMU), which are neurons that
carried the vector most similar to a gene’s data vector.

Following the projection of the data on the grid of
neurons, an extension of the Kohonen map was
applied to obtain clusters of genes. Specifically, the
distance structure in the high-dimensional space was
visualized using the so-called U-matrix (Ultsch and
Sieman, 1990; Lotsch and Ultsch, 2014). The clusters
became visible using a geographical map analogy
where ‘mountain ranges’” represent large distances in
the feature space that can be used to visually sepa-
rate data clusters, whereas low ‘valleys” represent
sets of genes that are related to similar biological
processes and therefore belong to the same cluster.
The ‘map’ was further enhanced by calculating a
so-called P-matrix (Ultsch, 2003), which displays the
probability of a data point as p(x) =| {data points x; |
d(x;,x)< =r}| estimated as the number of data
points in a sphere with radius r around x at each
grid point on the ESOM’s output grid. The calcula-
tions were performed using our R library ‘Umatrix’
(https://cran.r-project.org/package=Umatrix;  Lotsch
et al., 2018a).

2.2.4 Functional genomics analysis of most
informative genes reported to modulate persisting
pain

A second analytical approach at the functional geno-
mics of persisting pain reflected in the set of genes
that carry variants reported to modulate the pheno-
type aimed at identifying the biological roles of those
genes that had been implicated most consistently in
this context. Specifically, the present analysis aimed
at the discovery of new knowledge about pain,
rather than about the underlying disease, from
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Figure 2 Matrix plot of the association of identified genes (rows; Table 1) with biological processes (columns), according to the annotations of
the Gene Ontology (GO) knowledgebase (Ashburner et al., 2000), filtered for statistical significance in the present context by means of an overrep-
resentation analysis with a p-value threshold of 1 x 107 and correction for multiple testing according to Bonferroni. The matrix displays a yes/no
scaling [1,0], colour-coded as blue or white, respectively. The figure has been created using the R software package (version 3.3.2 for Linux; http://
CRAN.R-project.org/; R Development Core Team, 2008). Specifically, this plot was created using the ‘heatmap.2’ functions of the R package ‘gplots’
(Warnes G. R.; https://cran.r-project.org/package=gplots) with the build-in clustering of the plotting routine disabled (R switches ‘Colv = FALSE,
Rowv = FALSE’). For descriptions of the GO terms (abscissa), see the AmiGO search tool at http://amigo.geneontology.org/ (Carbon et al., 2009).

reports about a genetic modulation of a clinical
symptom involving pain. This implies a distinction
between the modulation of pain and the modulation
of the disease-causing pain that has usually not been
made in the included reports. For example, in rheu-
matic diseases a genetic variant could modulate the
progress and severity of inflammatory processes and
via this it could finally modulate pain, or a genetic
variant could directly modulate the individual per-
ception of pain and therefore, similar nociceptive
stimuli produced by the inflammatory processes
could cause different degrees of pain. However, in
the interest of the present analysis, we assessed only
the direct modulations of pain, which were expected
to be provided most likely by those genes that had
been implicated in modulation of persisting pain in
more than one clinical setting.

2.2.5 Identification of genes most consistently
reported to modulate persisting pain

To identify the most informative subset of genes
reportedly modulating clinical persisting pain, a

1742  Eur J Pain 22 (2018) 1735-1756

cut-off criterion had to be defined for the number
of different clinical settings required for inclusion
in further analyses. To avoid arbitrary criteria, the
cut-off was obtained by applying an item catego-
rization technique used to separate ‘the important
few” from the ‘trivial many’ (Juran, 1975). As a
most suitable technique, because providing a math-
ematically based cut-off, computed ABC analysis
was chosen for the present purpose, supported by
previous demonstrations that it is suitable for item
selection tasks in biomedical research (Ultsch and
Lotsch, 2015; Lotsch and Ultsch, 2017b; Lotsch
et al., 2018b).

ABC analysis requires a set of positive numbers,
which was given by the column sums of the ‘clini-
cal settings versus genes’ matrix (Fig. 4 top). The
vector of the sums of clinical settings with positive
reports of the modulatory involvement a gene’s
variant was submitted to computed ABC analysis
(Ultsch and Lotsch, 2015), which aims to divide a
set of positive data — here the set of genes scored
according to their involvement in clinical settings
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of persisting pain - into three disjointed subsets
called ‘A’, ‘B’ and ‘C’. Subset ‘A’ comprises ‘the
important few’, subset ‘C’ comprises clearly non-
profitable values, i.e. ‘the trivial many’ (Juran,
1975), whereas subset ‘B’ includes items that pro-
vide still a balance between effort and gain. There-
fore, the limit separating subset ‘C’, i.e. the genes
for which a modulation of persisting clinical pain
provides the least relevant information, was chosen
as the limit for the inclusion of genes in further
analyses. These calculations were made using our
R package ‘ABCanalysis’ (https://cran.r-project.org/
package=ABCanalysis; Ultsch and Lotsch, 2015).

2.2.6 Functional genomics analysis of genes most
consistently reported to modulate persisting pain

Following identification of the most informative
genes as members of ABC sets ‘A" or ‘B’, the func-
tional genomics picture of persisting pain arising
from these genes was analysed. This was obtained
by applying ORA as described above, again using a
p-value threshold of 7, =1 x 10~° with Bonferroni
a-correction for multiple testing. The focus of this
analysis was, however, the hierarchical representa-
tion of the complete knowledge on the biological
roles of genes that carry polymorphisms observed
to modulate persisting pain phenotypes. This was
provided in a directed acyclic graph (DAG; Thu-
lasiraman and Swamy, 1992). In this graph, the
top-down, branching polyhierarchy of GO terms
starts with the most broadly defined terms and
progresses towards the branches, representing GO
terms with the narrowest definition (details). These
calculations were made using our R package
‘dbtORA’ (https://github.com/IME-TMP-FFM/db
tORA; Lippmann et al., 2018), which has been
designed for knowledge discovery in the GO.

As the complete DAG usually contains many GO
terms (e.g. 64 GO terms in the present ORA), the
information was transformed into a more intelligible
form using the method of ‘functional abstraction’
(Ultsch and Lotsch, 2014). This aims to reduce the
numbers of GO terms using a heuristic search algo-
rithm that identifies so-called functional areas
(Ultsch and Lotsch, 2014), which are GO terms that
qualify by their informational importance as headli-
nes representing specific aspects (taxonomies) of the
complete DAG with maximal coverage, precision,
informational value and conciseness (Ultsch and
Lotsch, 2014).

To narrow the focus even more to pain-relevant
genes, the ORA was repeated using the set
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intersection of the most informative genes identified
as described above by means of ABC analysis, with
the genes listed among known pain-relevant genes
in the PainGenes database (http://www.jbldesign.
com/jmogil/enter.html; Lacroix-Fralish et al., 2007).
These mainly include genes found, in at least three
independent studies in transgenic mice, to contribute
to the modulation of pain and identified using
PubMed searches, with the addition of further genes
(Lotsch et al., 2013) comprising those causally impli-
cated in human hereditary diseases associated with
extreme pain phenotypes (summarized in, e.g.
Lotsch et al., 2017), and genes coding for the targets
of approved analgesic drugs or of novel analgesics
currently in clinical phases of development (Lotsch
and Geisslinger, 2011). This provided a set of
n = 535 ‘pain genes’ (Fig. 1 bottom).

3. Results

As a result of a literature search, a total of 110
unique genes were identified in eight different
clinical settings of chronic central sensitization to
pain, including back pain, inflammatory pain, mus-
culoskeletal pain, neuropathic pain, visceral pain,
widespread pain, idiopathic pain and miscellaneous
pain, for which functional associations of genetic
variants with differences in the phenotype of per-
sisting pain had been reported (Table 1). Some of
the included studies used a genomewide approach;
however, many were candidate gene studies.

3.1 Functional clustering of genes carrying
variants reportedly modulating persisting
clinical pain

In a first analytical approach, functional subgroups
were sought in the set of human genes, variants of
which have been associated with modulation of the
clinical phenotype of persisting pain. A filtered
representation of the particularly important processes
in which the analysed genes were involved while
disregarding processes that would have been found
by chance in any similarly sized gene set, was
obtained by means of overrepresentation analysis
(ORA) of the biological processes to which the
genes were annotated in the GO knowledgebase.
This identified J = 258 biological processes (GO
terms), given the p-value threshold of 1 x 107° and
the a-correction according to Bonferroni. One gene
was neglected in this analysis, COL6A44PI1, the colla-
gen type VI alpha 4 pseudogene 1, because it was
not referenced in the GO.
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Subsequently, the 109 x 258 sized ‘gene to bio-
logical process matrix’ (Fig. 2) thus obtained was
analysed for functional subgroups of genes. Using
unsupervised machine-learning implemented as
self-organizing artificial neuronal network of the

D. Kringel et al.

3.2 Functional genomics analysis of most
informative genes reported to modulate
persisting pain

In a second analytical approach, the hypothesis was

pursued that the functional genomics of persisting
pain will prevail across clinical settings irrespective
of the disease that had originally triggered the pro-
cess. However, the set intersection of the genes asso-
ciated with any of the eight different clinical settings
was empty. Nevertheless, the hypothesis that modu-
latory effects on chronic central sensitization to pain,
rather than on the underlying disease-causing pain,
are exerted by the same genes across several clinical
settings could be pursued in several genes have been
shown to be involved in more than one clinical set-
ting of chronic central sensitization.

To identify how many clinical settings qualify as a
cut-off, an ABC analysis was applied to the sum of
settings in which each of the 110 genes was involved
(column sums in the matrix plot in Fig. 4, top). This
assigned 22 genes to ABC sets ‘A’ or ‘B’ (Table 2)
that were included in further analysis as they could
be regarded as best suited to perform an evidence-
based functional genomics analysis of chronic central
sensitization to pain, considering the difficulty of
separation between a modulation of the pain-causing
disease from a modulation of the perception and
processing of chronic nociceptive input when a gene
was involved only in a single clinical setting of per-
sisting pain.

ORA identified 64 GO terms associated with this
particular subset of genes more often than expected
by chance, given the chosen p-value thresholds of
1 x 10~° and correction for multiple testing accord-
ing to Bonferroni. These terms provided a functional
genomics perspective of the genes with variants

Kohonen type enhanced by the U-matrix (i.e. an
emergent self-organizing map, ESOM; Ultsch and
Sieman, 1990; Lotsch and Ultsch, 2014), the high-
dimensional data space was projected onto a two-
dimensional toroid grid. On this grid, the U-matrix
was visualized by applying a geographical landscape
analogy (Fig. 3) providing a visual structure that
could be employed for clustering of genes. The
results indicated a large cluster comprising more
than half of the genes (# = 58). However, this cluster
was still composed of functionally very different
genes, pointing towards a large heterogeneity of the
genes chosen as candidate modulators of persisting
pain in the different clinical studies, or was found
with genomewide association studies (GWAS) with-
out a focus on a particular gene. In addition, six
smaller clusters were suggested, but their distinct
separation was occasionally incomplete or, according
to the U-matrix landscape analogy, they were not
clearly presented as ‘valleys” but consisted merely of
‘mountain’ zones separated by slightly higher ridges
(Fig. 3). In ESOM/U-matrix based clustering, this
indicates rather large intracluster distances.

As the present method has been shown to be
well able to identify existent cluster structures
while being unlikely to show false clusters
(Ultsch, 2005; Ultsch and Lotsch, 2017), the main
result of this analysis was that there is consider-
able heterogeneity among the genes reported to
be involved in persisting pain without a clear
functional focus on common general processes
underlying this trait.

Figure 3 Result of a projection of the genes carrying variants reportedly modulating persistent pain onto a self-organizing map (SOM) of the Kohonen
type (Kohonen, 1982). Following projection of the genes on the grid of neurons, based on their functional annotations in the Gene Ontology knowledge-
base (Ashburner et al., 2000) (n = 109; one of the 110 genes in Table 1 was not annotated in the GO), the distance and density structures in the high-
dimensional space were visualized using the so-called U*-matrix (Ultsch, 2003). Specifically, a trained SOM represents a topology preserving mapping of
n high-dimensional data points x; ¢ D, where D denotes the data space, onto a two-dimensional grid of neurons. A neuron n and the neurons in its neigh-
bourhood N(n) on the output grid of the SOM represent points in the data space. The sum of distances between n and N(n) in the high-dimensional space,
combined with the respective density probabilities, is shown on a U*-matrix as a height value (U-height) at neuron n. Large U-heights mean that there is a
large gap in the data space. Low U-heights mean that the points are close to each other within the data space (Lotsch and Ultsch, 2014). The dots indicate
the so-called best matching units (BMUs) of the SOM, which are those neurons whose weight vector is most similar to the input, i.e. the representation of
the vector of the annotation of genes to GO terms. The BMUs are coloured according to the obtained clustering of the data space and labelled with the
respective gene symbols. The cluster structure emerged from visualization of distances and density structures between neurons in the high-dimensional
space by means of a U*-Matrix (Izenmann, 2009). Top: here, the genes represented by the BMUs are annotated. Bottom: 3D-display of the U-matrix in
which the ‘valleys’, ‘ridges’ and ‘basins’ can be seen. Valleys indicate clusters of functionally similar genes based on the significant GO term annotations.
The figure was created using the R software package (version 3.3.2 for Linux; http://CRAN.R-project.org/; R Development Core Team, 2008) using our R
library ‘Umatrix’ (https://cran.r-project.org/package=Umatrix; Lotsch et al., 2018a).
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shown to modulate the persisting pain sensitization
phenotype in different clinical settings. Their graphi-
cal representation visualized their arrangement in
the GO polyhierarchy (Fig. 5). Following application
of functional abstraction (Ultsch and Lotsch, 2014),
the main biological functions of the 22 gene carrying
variants modulating persisting pain, were grouped
around seven centres of biological activity or func-
tional areas (Table 2; Fig. 5).

A first functional area to emerge was ‘immune sys-
tem process’, represented in this particular gene set as
an important common biological function (Fig. 5 mid-
dle left). The most significantly associated immune
regulatory processes were ‘regulation of immune
effector processes’ (GO:0002697, p = 2.8 x 10~%) and
‘positive regulation of lymphocyte mediated immu-
nity’ (GO:0002708, p = 2.9 x 1077). A second func-
tional area centred on ‘reactive oxygen species
metabolic process’ (GO:0072593, p =4.5 x 10~ ')
and comprised mainly nitric oxide signalling related
processes (Fig. 5 middle right) such as ‘nitric oxide
biosynthetic process’ (GO:0006809, p = 3.2 x 107 '?)
and its regulation.

Further functional areas, however, mainly
reflected processes known from previous research to
contribute to pain (Lotsch et al., 2013; Ultsch et al.,
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2016). This included ‘response to stimulus’” with sev-
eral subordinate terms, such as ‘response to stress’
(GO:0006950, p = 5.2 x 1077), comprising the reac-
tion of the body to several challenges such as ‘re-
sponse to chemical’ (GO0042221, p =1.1 x 107!
and ‘defense response’ (GO:0006952, p=1.8 x
1077). Further subordinate areas included ‘inflam-
matory response’ (GO:0006954, p = 2.8 x 10*8) and
‘response to  other organism’ (GO:0051707,
p =25 x 107'% to which ‘response to bacterium’
(Fig. 5 middle left) was related. These response areas
were also associated with the more general func-
tional area ‘regulation of multicellular organismal
process’ (GO: 51239, p=1.2 x 1077). In addition,
the associated functional area ‘transport’, mainly
comprised subordinate processes related to ion or
transmitter transport such as ‘regulation of ion
transport” (GO:0043269, p =9 x 10°%) or ‘regula-
tion of secretion by cell” (GO:1903530, p =4.1 X
10~7). Finally, a functional area ‘neurological system
process” (GO:0050877, p = 2.4 x 10’7), as a more
specific subordinate term to ‘system process’,
reflected the expected involvement of nervous sys-
tem related processes with pain.

The main results, i.e. the most specific functional
areas pointing at immune processes and nitric oxide
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Figure 4 Number of clinical settings in which variants in the respective genes have been reported to be associated with modified phenotypes of
chronic pain. Left: Matrix plot of the clinical settings (rows) versus the genes (n = 110, columns split in two halves, sorted for column sums in
descending order). The column sums are displayed in the bottom row below the matrix. The numbers are displayed colour-coded with 0 = white,
1 = blue, >1 darker blue). Right: ABC plot of the cumulative distribution function of the sums of clinical settings in which the genes were report-
edly involved (column sums in the top matrix; bottom line). The ABC set limits are indicated as red lines (for further details about an ABC analysis,
see (Ultsch and Lotsch, 2015)). The figure was created using the R software package (version 3.3.2 for Linux; http://CRAN.R-project.org/; R Develop-
ment Core Team, 2008). Specifically, the matrix plot was created using the ‘heatmap.2’ functions of the R package ‘gplots’ (Warnes G. R.; https:/
cran.r-project.org/package=gplots), with the build-in clustering of the plotting routine disabled (R switches ‘Colv=FALSE, Rowv=FALSE’). The ABC
curve was drawn using our R library ‘ABCanalysis’ (https://cran.r-project.org/package=ABCanalysis; Ultsch and Lotsch, 2015).
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Table 2 Genes for which functional involvement of their variants has been reported in more than one clinical setting of persisting pain (number
of these clinical settings given in the third column) were assigned to ABC sets ‘A’ or ‘B’ (Figure 4), comprising the most profitable information for
an evidence-based functional genomics analysis of persisting pain.

Functional areas

Number of Reactive
clinical oxygen Regulation of
settings of Immune  species Neurological — multicellular
Gene persisting ~ Response system  metabolic system organismal Multiorganism
symbol  Gene name pain to stimulus  process  process Transport  process process process
COMT Catechol-0- 5 X 0] 0] X X X X
methyltransferase
IL-6 Interleukin-6 4 X X X X X X X
SCN9A  Sodium channel, voltage- 4 X 0 0 X X o] o]
gated, type IX alpha
subunit
TNF Tumour necrosis factor 4 X X X X X X X
ADRB2  Adrenoceptor beta 2, 3 X 0 0 X o] X o]
surface
ESR1 Oestrogen receptor 1 3 X 0] X 0] 0] X X
IL-10 Interleukin-10 3 X X X X X X X
IL-TRN  Interleukin-1 receptor 3 X X 0 X X X X
antagonist
TGFB1  Transforming growth 3 X X X X 6] X X
factor, beta 1
CRHBP  Corticotropin-releasing 2 X 0 0 X X X X
hormone binding protein
DRD4 Dopamine receptor D4 2 X 0] 0 X X X X
GCH1 GTP cyclohydrolase 1 2 X X X o] X 0 X
GSTM1  Glutathione S-transferase 2 X 0 ] o] o] 6] o]
mu 1
HLA-B  Major histocompatibility 2 X X ] 6] 6] X X
complex, class |, B
IL-1B Interleukin-1, beta 2 X X X X 0] X X
IL-4 Interleukin-4 2 X X X X o] X X
IL-4R Interleukin-4 receptor 2 X X 0 X o] X X
P2RX7  Purinergic receptor P2X, 2 X X X X X X X
ligand gated ion channel,
7
SCN5A  Sodium channel, voltage- 2 X 0 0 X X X o]
gated, type V alpha
subunit
SoD2 Superoxide dismutase 2, 2 X X X 0 X 0 X
mitochondrial
TPH2 Tryptophan hydroxylase 2 2 X 0 0 o] o] 0 o]
TRPV1  Transient receptor 2 X 0 0 X X o] 0
potential cation channel,
subfamily V, member 1
Sum 22 12 10 16 13 16 16

The right part of the table displays the functional areas (Figure 5) or groups of biological functions in which the gene set is involved, together with
their association with each gene (X = yes, O = No). The precise definition of the GO terms can be obtained using AmiGO search tool for GO at
http://amigo.geneontology.org/ (Carbon et al., 2009).

signalling as key biological processes involved in genes identified above and the genes of the Pain-

persisting pain across more than a single clinical set- Genes database included only n =13 genes, the
ting, prevailed when narrowing the gene set further ORA applying the same statistical thresholds
on those that are also listed in the PainGenes data- resulted in fewer additional significant GO terms

base (Fig. 6). As the set intersection between the 22 (Fig. 6).
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4. Discussion

The present analysis used empirical evidence for
functional human genetic variants to approach the
genetic architecture of persisting pain. Although the
evidence was collected from separate studies, its com-
bination permitted a limited genomewide association
analysis of the trait. Methods for data mining and
machine-learned knowledge discovery were applied
to publicly available databases in order to relate
knowledge, acquired in the context of clinical pain
research, on genes that modulate the phenotype of
persisting pain with data on the biological functions
of these human genes acquired in any context, with-
out restriction to pain research (Lotsch et al., 2013).
The initial analysis of the whole set of genes
showing positive results from clinical pain associa-
tion studies indicated that, apart from a minority of
genes that could be topically grouped such as inter-
leukin or histocompatibility complex-related genes,
most genes displayed very heterogeneous functions
and the analysis did not illuminate the pathophysiol-
ogy of persisting pain beyond the functions of the
single genes. This was probably due to the fact that
data were drawn mainly from candidate gene or
GWAS approaches. This selection probably intro-
duced a research bias by (1) addressing genetic mod-
ulators in the context of the underlying disease and
(2) including a selection of genetic markers that
mimic other successful reports of comparable studies.
The situation became clearer when the analytical
focus was narrowed to genetic modulations consis-
tently observed across several clinical conditions with
potential underlying painful diseases. This reduced
the analytical bias generated by genetic modulations
responsible for a specific pain-causing disease and is
in keeping with the contemporary approach to per-
sisting pain as a distinct condition of central sensitiza-
tion to pain and not merely a symptom of another
underlying chronic disease. Consequently, it would
be expected that the trait is modulated by specific
genes which should be reflected by observations on
its modulation in clinical research. The mathemati-
cally precise calculation provided by the ABC analysis
(Ultsch and Lotsch, 2015), developed in order to select
the most promising or profitable items from a larger
set of items, resulted in identification of a set of 22
genes which could be then be assessed in a computa-
tional functional genomics analysis of persisting pain.
A major finding of this analysis of available evi-
dence on genetic modulation of persisting pain was
the particular importance of two groups of biological
processes indicating involvement (1) of the immune
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system and of (2) nitric oxide signalling in persisting
pain. Involvement of both processes is biologically
highly plausible; however, their emergence as major
process groups from a functional genomics analysis of
data from clinical genetic research on persisting pain
was not anticipated. Specific roles for the present
subset of 22 genes, with repeated evidence for
involvement in persisting pain, were exhibited by the
12 genes annotated as ‘immune system process’
(Table 1). This subset included interleukin (/L-1B, IL-
4, IL-6, IL-10) (Dinarello, 1994; Choi and Reiser,
1998; Mocellin et al., 2004; Nemeth et al., 2004),
interleukin receptor (IL-IRN, IL-4R) (Bittar and Bit-
tar, 1996) and histocompatibility complex-related
(HLA-B) genes (Dupont and Ceppellini, 1989), which
have been shown to be involved in immunological
mechanisms of pain (Sato et al., 2002; de Rooij et al.,
2009). This is also supported by published evidence
for the further genes in this list, such as, TNF (Vas-
salli, 1992; Franchimont et al., 1999), TGFBI (Li
etal, 2006), GCHI (Schott etal., 1993), P2RX7
(Schwartz et al., 2009) and SOD2 (Wells et al., 2003).
The second major process group emerging from the
functional genomics analysis of the key evidence for
genetic modulation of clinical persisting pain was
nitric oxide signalling, in particular metabolic pro-
cesses, summarized in this context under the GO
term ‘reactive oxygen species metabolic process’
which includes the genes IL-6 (Deakin et al., 1995),
TNF (Deakin et al., 1995; Katusic et al., 1998), ESRI
(Clapauch et al.,, 2014), IL-10 (Cattaruzza et al.,
2003), TGFBI (Saura et al.,, 2005), GCHI (Katusic
et al., 1998; Zhang et al., 2007), IL-1B (Katusic et al.,
1998), IL-4 (Coccia et al.,, 2000), P2RX7 (Gendron
et al., 2003), SOD2 (Fridovich, 1978). It is widely
accepted that nitric oxide (NO) is critically involved
in persisting pain (Chung, 2004). It has been shown
that NO is produced in the spinal dorsal horn neu-
rons in response to extensive nociceptive inputs and
then it diffuses out and increases neurotransmitter
release from primary afferent terminals, thereby con-
tributing to central sensitization and persisting pain
(Lin et al., 1999). Recent findings seem to indicate
that not only NO is a mediator of persisting pain that
accompanies inflammation, other reactive oxygen
species like superoxide (SO) might also participate in
persisting pain (Schwartz et al., 2008). Kim and col-
leagues found that NO and SO contribute to persist-
ing pain via two separate and independent pathways
and a recent study has shown that capsaicin-induced
hyperalgesia is a consequence of superoxide build-up
in spinal dorsal horn neurons. Superoxide dismutase
(SOD-2) encoded by gene SOD2 is a major
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Neurological system process
‘ System process

Regulation of secretion

Regulation of transport

Regulation of ion transport

Regulation of secretion by cell
Negative regulation of transport
Negative regulation of secretion
Regulation of localization

Negative regulation of secretion by cell

Regulation of reactive oxygen species metabolic process
Reactive oxygen species metabolic process

Reactive nitrogen species metabolic process

Reactive oxygen species biosynthetic process

Nitric oxide metabolic process

Positive regulation of reactive oxygen species metabolic process
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Figure 5 Results of an overrepresentation analysis (ORA; p-value threshold, t, = 1 x 107 and Bonferroni o correction) of 22 genes (Table 2) carrying variants reported to modulate the persisting
pain phenotypes in different clinical settings (ABC sets ‘A’ or ‘B’) versus all human genes. A top-down representation of the annotations (GO terms) is shown representing a systems-biology per-

spective of the biological processes modulated by this set of genes. Each ellipse represents a GO term. The graphical representation follows the standard of the GO knowledge base, where GO
terms are related to each other by ‘is-a’, ‘part-of’, and ‘regulates’ relationships forming a branching polyhierarchy organized in a directed acyclic graph (DAG; Thulasiraman and Swamy, 1992).

Top: Significant GO terms are shown as coloured ellipses with the number of member genes, the number of expected genes by chance and the significance of the deviation in the observed from
the expected number of genes indicated. The biological processes in which the present n = 22 genes are involved can be summarized by seven primary ‘functional areas’ or headlines presenting

e. a GO term that by its location in the polyhierarchy may serve as headlines for a branch of the hierarchy, red for significantly overrepresented terms and white for non-

particular aspects (taxonomies) of the complete polyhierarchy at maximum coverage, precision, informational value and conciseness (Ultsch and Lotsch, 2014). The ellipses are colour-coded using

yellow for a ‘headline’;

Eur J Pain

figure was created using the R software package (version 3.3.2 for Linux; http://CRAN.R-project.org/; R Development Core Team, 2008) and our R package ‘dbtORA’ (https://github.com/IME-TMP-

omy (branch) in the polyhierarchy. Bottom: The GO terms (biological processes) taken from the functional areas, shown above in the DAG, are shown with larger fonts for better readability. The
FFM/dbtORA,; Lippmann et al., 2018).

significant terms that need to be displayed to preserve the polyhierarchical structure of the DAG. Blue vertices or blue labels are the most specific terms (leaves of the DAG) at the end of a taxon-
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determinant suggesting a therapeutic potential for
the manipulation of spinal SOD-2 activity in pain
conditions (Schwartz et al., 2009).

The role of cytokines was further highlighted by
further restricting the gene subset most consistently
related to persisting pain by identifying the appear-
ance of the relevant gene in an independently cre-
ated list of 535 so-called pain genes (Ultsch et al.,
2016). These were genes relevant to pain listed by
several sources: mainly the Pain Genes Database
(http://www.jbldesign.com/jmogil/enter.html (Lacroix-
Fralish et al., 2007). The overlap of the set of the 22
genes, with repeated records of variants that modu-
late the clinical phenotype of persisting pain, with
the 535 ‘pain genes’ comprised 13 genes (ADRB2,
COMT, ESRI1, GCHI, IL-10, IL-1B, IL-4, IL-6, P2RX7,
SCN9A, SOD2, TNF, TRPVI). After performing a simi-
lar ORA (Fig. 6) as that described above, these 13
genes were found to be mainly involved in cytokine
production, covered by the significant GO terms
‘chemokine  metabolic  process” (GO:0050755,
p=3.3 x 1077), mitrogen compound metabolic pro-
cess” and again ‘response to stimulus’, the most sig-
nificant term being ‘nitric oxide biosynthetic process’
(GO:0006809, p =1 x 107'%).

The involvement of the immune system in persist-
ing pain is plausible from a biological perspective.
One of the sites of interaction of the immune system
with persisting pain has been identified as neuroim-
mune crosstalk at the glial-opioid interface (Tian
et al., 2012). Previous research has shown that glial
and immune cells, including astrocytes, microglia/
macrophages, as well as T lymphocytes, are key cells
activated during persisting pain, which contribute to
pain persistence (Calvo et al., 2012; von Hehn et al.,
2012). A role for local production of cytokines in the
central nervous system during inflammatory condi-
tions associated with persisting pain, such as rheuma-
toid arthritis (Lampa et al., 2012) or fibromyalgia
(Kadetoff et al., 2012), as well as evidence for central
nervous system sensitization by cytokines (Aden
et al., 2010) also suggests such an immune system
interaction with persisting pain states. Indeed, it has
recently been suggested that the predominance of
pain sensitization during chronic diseases in women
is closely linked to the effects of female sex hormones
on the neuroimmune system (Rosen et al., 2017).

The present results clearly support the modulation
of neuroimmune system processes as a promising
strategy in the development of novel analgesic drugs
against persisting pain. This may be possible along sev-
eral lines. For example, involvement of glial cells in
opiate actions has been shown recently (Chen et al.,
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2010; Boue et al., 2012). Consequently, the elucida-
tion of pain- and opioid-induced mechanisms at the
level of glial and immune cells could lead to improve-
ment of pain management. In an animal model, ibudi-
last, a mnonselective phosphodiesterase-inhibiting,
anti-inflammatory drug that also blocks glial activa-
tion probably via antagonism at the Toll-like receptor
4 (Jia etal, 2012), restored morphine-induced
antinociception following tolerance development (Lil-
ius et al., 2009). Similarly, minocycline, a tetracycline
that inhibits microglial activation and proliferation,
also seems to attenuate morphine tolerance in mouse
models of neuropathic pain (Chen et al.,, 2010).
Hence, increasing evidence points towards the
immune system as a potential source of future targets
for analgesic drugs directed against persisting pain.

By gathering the relevant reports, the present anal-
ysis centres on the current evidence about a genetic
modulation of persisting pain on a gene level, with-
out going into the details of single nucleotide poly-
morphism level as usually applied in review papers.
However, the approach was centred on machine-
learned knowledge discovery from the gathered evi-
dence and was based on published evidence gathered
from studies in which the authors had used a candi-
date gene approach or had performed a GWAS with-
out a gene-specific hypothesis. Therefore, the present
analysis implies a research bias given by the original
hypotheses or on the inclusion of frequently
addressed genetic variants in the analysed studies.
The question addressed with the present analysis was
about the greater functional perspective emerging
from successful clinical studies of the genetic modula-
tion of persisting pain. Importantly, while the analy-
sis is biased with respect to the gene selection, made
by the authors of the included studies, its results are
not biased for a particular functional genomics per-
spective as this had not been an gene inclusion crite-
rion in the analysed studies. Nevertheless, the
present selection of repeatedly reported associations
implies an advantage of frequently included genes
that have been attracted research interest through
the last several years, such as OPRM1, GCHI or COMT.

With the caution advised by the implicit research
bias regarding the gene selection, the results of the
present analysis were (1) unexpected considering
that hypotheses about the involvement of immune
system processes or of nitric oxide signalling were
not preformulated for the present analysis and (2)
biologically plausible and completely compatible
with current research activities on persisting pain in
the light of increasingly acknowledgement of an
involvement of immune processes that has attracted
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concerted research activities (Kringel and Lotsch,
2015), including that on the role of the glial-opioid
interface in persisting pain (http://gloria.helsinki.fi).
Hence, although the evidence was generated in sepa-
rate studies, the combination of positive findings of a
genetic modulation of persisting pain allows a lim-
ited yet valid genomewide analysis of the trait, pro-
viding a more comprehensive picture of functional
background of persisting pain from genomics per-
spective than associations of single genotypes.

5. Conclusions

While many studies have focused on particular
genes, the present analysis pursued the question
whether their combined results may provide more
complex insights into the pathophysiology of persist-
ing pain in humans. In keeping with the contempo-
rary trend towards ‘big data’ analysis in biomedical
research, the current empirical data on modulation
of persisting pain via human genetic polymorphisms
have been subjected here to a computational func-
tional genomics analysis. This evidence was then
analysed for emergent, principal pathophysiological
processes that characterize persisting sensitization to
pain. Analysis of 110 unique genes, with variants
that have been reported to modulate the clinical
phenotype of persisting pain, led to the selection of
functionally heterogeneous genes. By focusing on
genes that have been repeatedly associated with
modulation of persisting pain phenotypes in several
clinical settings, a clearer picture emerged of the
main processes identified by current human genetics
research on persisting pain. A mathematically sup-
ported, precise selection of a subset of genes was
possible using a computational functional genomics
approach. On this basis, including the research bias
of current clinical genetic association studies, the
evidence gathered so far points to the view of per-
sisting pain as a trait resulting from alterations in the
immune system and/or in nitric oxide signalling, a
concept that is biologically highly plausible and
agrees with other lines of pain research. While ana-
lysing existing evidence and therefore limited to pre-
viously shown functional pathways, the present
computational functional genomics-based approach
provides a computational systems-biology perspective
on chronic sensitization to pain by summarizing the
empirical evidence gathered in many separate stud-
ies. Moreover, human genetic research on persisting
pain emphasizes the immune system as a potential
source of important future targets for analgesic drugs
directed against persisting pain and demonstrates
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that contemporary machine-learned methods offer
innovative approaches to knowledge discovery from
previous evidence.
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Background: Many gene variants modulate the individual perception of pain and
possibly also its persistence. The limited selection of single functional variants is
increasingly being replaced by analyses of the full coding and regulatory sequences
of pain-relevant genes accessible by means of next generation sequencing (NGS).

Methods: An NGS panel was created for a set of 77 human genes selected following
different lines of evidence supporting their role in persisting pain. To address the role
of these candidate genes, we established a sequencing assay based on a custom
AmpliSeq™ panel to assess the exomic sequences in 72 subjects of Caucasian
ethnicity. To identify the systems biology of the genes, the biological functions associated
with these genes were assessed by means of a computational over-representation
analysis.

Results: Sequencing generated a median of 2.85 - 10° reads per run with a mean depth
close to 200 reads, mean read length of 205 called bases and an average chip loading of
71%. Atotal of 3,185 genetic variants were called. A computational functional genomics
analysis indicated that the proposed NGS gene panel covers biological processes
identified previously as characterizing the functional genomics of persisting pain.

Conclusion: Results of the NGS assay suggested that the produced nucleotide
sequences are comparable to those earned with the classical Sanger sequencing
technique. The assay is applicable for small to large-scale experimental setups to target
the accessing of information about any nucleotide within the addressed genes in a study
cohort.

Keywords: pain, data science, knowledge discovery, functional genomics, next generation sequencing (NGS)
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INTRODUCTION

Persisting pain has been proposed to result from a gene
environment interaction where nerve injuries or inflammatory
processes act as triggers while the clinical symptoms develop only
in a minority of subjects (Lee and Tracey, 2013). A role of the
genetic background in pain is supported by evidence of many
variants modulating the individual perception of pain and the
development of its persistence (Diatchenko et al., 2005; Lotsch
et al., 2009b; Mogil, 2012). Genetic variants have been reported
to confer protection against pain such as the rs1799971 variant in
the p-opioid receptor gene (OPRM1I) (Lotsch et al., 2006), or to
increase the risk for persisting pain such as the rs12584920 variant
of the 5-hydroxytryptamine receptor 2A gene (HTR2A) (Nicholl
et al, 2011) or the rs734784 polymorphism in the voltage-
gated potassium ion channel modifier, subfamily S member 1,
gene (KCNS1I) (Costigan et al., 2010). Nevertheless, the genetic
background of persisting pain is still incompletely understood
(Mogil, 2009; Lotsch and Geisslinger, 2010) and under intense
discussion.

Until recently, research focused on the role of selected
functional genetic variants as protective or risk factors of
persisting pain. This has changed with the broader availability
of next generation sequencing (NGS) (Metzker, 2010). To make
use of these technical advancements, we developed a custom
AmpliSeq™ library and sequencing assay for efficient detection
of genetic variants possibly associated with persisting pain. We
propose an assay of a set of 77 genes supported by evidence of an
involvement in pain and its development toward persistence. The
set size fully uses the technical specifications of the AmpliSeq™
gene sequencing library technique.

MATERIALS AND METHODS

Selection of Genes Relevant for

Persisting Pain

A set of candidate genes with shown or biologically plausible
relevance to persisting pain was created by applying a
combination of criteria, which provided three different genetic
subsets. Subset 1 was chosen exclusively on the basis of
computational functional genomics based on a recently published
analysis of persisting pain regarded as displaying systemic
features of learning and neuronal plasticity (Mansour etal., 2014).
As discussed previously (Ultsch et al., 2016), the view of chronic
pain as a dysregulation in biological processes of learning and
neuronal plasticity (Alvarado et al., 2013) seems to be captured
by the controlled vocabulary (Camon et al., 2004) of the Gene
Ontology (GO) knowledge base by the GO terms “learning or
memory” (GO:0007611)" and “nervous system development”
(GO:0007399)*. An intersection of the genes annotated to these
GO terms with a set of 539 “pain genes” identified empirically as
relevant to pain provided the first subset of 34 genes described
in detail previously (Ultsch et al., 2016). Briefly, the intersecting

Thttp://amigo.geneontology.org/amigo/term/G0:0007611
Zhttp://amigo.geneontology.org/amigo/term/GO:0007399

set of so-called “pain genes” consists of a combination of (i) genes
listed in the PainGenes database (Lacroix-Fralish et al., 2007)?, (ii)
genes causally involved in human hereditary diseases associated
with extreme pain phenotypes, (iii) genes found to be associated
with chronic pain in at least three human studies, and (iv) genes
coding for targets of novel analgesics under clinical development
(Lotsch et al., 2013).

Subset 2 consisted of genes that were reported to carry
variants modulating the risk or the phenotypic symptoms in
at least two different clinical settings of persisting pain. They
were obtained using (i) a PubMed database search for the
string “(chronic OR persisting OR neuropathic OR back OR
inflammatory OR musculoskeletal OR visceral OR widespread
OR idiopathic OR fibromyalgia) AND pain AND (polymorphism
OR variant) NOT review,” to which genes highlighted in
overviews on pain genetics (e.g., Edwards, 2006) were added. The
intersection of the queried genes with the set of 539 “pain genes”
(see above) provided a subset of 13 genes (Table 1).

Finally, subset 3 comprised genes that have consistently been
included in human pain research projects over the last several
years. One of them is the OPRM1 gene that codes for the human
p-opioid receptor and which has been shown to modulate the
time course of persisting cancer pain by delaying the necessity
of opioid treatment (Lotsch et al., 2010). However, further genes
were added such as the GDNF gene coding for the glial cell
derived neurotrophic factor, which has been shown to be involved
in a glia-dependent mechanism of neuropathic pain (Wang et al.,
2014) although no modulating human genetic variants have been
reported so far. Following expert counseling within the EU-
funded “glial-opioid interface in chronic pain, GLORIA” research
consortium (Kringel and Lotsch, 2015)%, a subset of 30 genes
(Table 1) was identified. Thus, the complete set as the union of
the three subsets comprised 43 + 13 + 30 = 77 genes that are
proposed to be included in an NGS panel of human persisting
pain.

DNA Sample Origin

Due to the costs of assay development (for details, see second
paragraph of the Discussion), the Ampliseq'™ panel was
established in a limited number of n = 72 DNA samples. This
corresponds to the number of samples used in comparable recent
studies for NGS assay establishment and validation (Bruera et al.,
2018; De Luca et al,, 2018; Mustafa et al., 2018; Shah et al,
2018). To further limit the project costs, the Ampliseq™ panel
was established in a subset of samples originating from a clinical
cohort of 1,000 women who had undergone breast cancer surgery
(Kaunisto et al., 2013; Lotsch et al., 2018). The study followed the
Declaration of Helsinki and was approved by the Coordinating
Ethics Committee of the Helsinki University Hospital. Each
participating subject had provided a written informed consent
including genetic studies.

Specifically, for the presently reported method establishment,
a subsample of 72 women (age 58.4 & 8 years, mean =+ standard
deviation, weight 69.3 £ 11 kg), was drawn from the clinical

*http://www.jbldesign.com/jmogil/enter.html
“http://gloria.helsinki.fi
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TABLE 1 | Genes included in the proposed NGS panel of persisting pain, combined from three subsets included on different bases.

Gene symbol NCBI Gene description Reference

Subset #1

ADCY1 107 Adenylate cyclase 1 Vadakkan et al., 2006
BDNF 627 Brain-derived neurotrophic factor Obata and Noguchi, 2006
CDK5 1020 Cyclin-dependent kinase 5 Yang et al., 2014
CHRNB2 1141 Cholinergic receptor, nicotinic, beta 2 Dineley et al., 2015
CNR1 1268 Cannabinoid receptor 1 (brain) Smith et al., 1998

DLG4 1742 Disks, large homolog 4 (Drosophila) Florio et al., 2009

DRD1 1812 Dopamine receptor D1 Onojjighofia et al., 2014
DRD2 1813 Dopamine receptor D2 Onojjighofia et al., 2014
DRD3 1814 Dopamine receptor D3 Potvin et al., 2009

EGR1 1958 Early growth response 1 Ko et al., 2005

FOS 2353 Cellular oncogene FOS Abbadie et al., 1994

FYN 2534 Src family tyrosine kinase Liuetal., 2014

GABRAS 2558 GABA A receptor, alpha 5 Bravo-Hernandez et al., 2016
GALR2 8811 Galanin receptor 2 Hulse et al., 2012

GRINT 2902 Glutamate receptor, NMDA 1 Petrenko et al., 2003
GRIN2A 2903 Glutamate receptor, NMDA 2A Petrenko et al., 2003
GRIN2B 2904 Glutamate receptor, NMDA 2B Petrenko et al., 2003
GRM5 2915 Glutamate receptor, metabotropic 5 Walker et al., 2001

HRH3 11255 Histamine receptor H3 Huang et al., 2007

KIT 3815 Tyrosine kinase KIT Sun et al., 2009

NF1 4763 Neurofibromin 1 Wolters et al., 2015

NGF 4803 Nerve growth factor Kumar and Mahal, 2012
NTF4 4909 Neurotrophin 4 Kumar and Mahal, 2012
NTRK1 4914 Neurotrophic tyrosine kinase 1 Kumar and Mahal, 2012
OXT 5020 Oxytocin prepropeptide Goodin et al., 2015
PLCB1 23236 Phospholipase C, beta 1 ShiT.-J.S. et al., 2008
PRKCG 5582 Protein kinase C, gamma Sluka and Audette, 2006
PRNP 5621 Prion protein Gadotti and Zamponi, 2011
PTN 5764 Pleiotrophin Gramage and Herradon, 2010
PTPRZ1 5803 Protein tyrosine phosphatase Z 1 Ultsch et al., 2016

RELN 5649 Reelin Buchheit et al., 2012
S100B 6285 S100 calcium binding protein B Zanette et al., 2014
SLC6A4 6532 Serotonin transporter Offenbaecher et al., 1999
™H 7054 Tyrosine hydroxylase Bravo et al., 2014
Subset #2

ADRB2 154 Adrenoceptor beta 2 Hocking et al., 2010
COMT 1312 Catechol-O-methyltransferase Feng et al., 2013

ESR1 2099 Extrogen Receptor 1 Ribeiro-Dasilva et al., 2009
GCH1 2643 GTP cyclohydrolase 1 Tegeder et al., 2006
IL1B 3553 Interleukin 1B Loncar et al., 2013

IL4 3565 Interleukin 4 Sugaya et al., 2002

IL6 3569 Interleukin 6 Shoskes et al., 2002
IL70 3586 Interleukin 10 Stephens et al., 2014
P2RX7 5027 Purinergic Receptor P2X7 Sorge et al., 2012
SCN9A 6335 Sodium voltage-gated alpha subunit 9 Reimann et al., 2010
SOD2 6648 Superoxide dismutase 2 Schwartz et al., 2009
TNF 7124 Tumor necrosis factor Leung and Cahill, 2010
TRPV1 7442 Transient receptor potential cation channel, subfamily V, member 1 Bourinet et al., 2014
Subset #3

ABHD12 26090 Abhydrolase domain containing 12 Kim, 2015

ABHD16A 7920 Abhydrolase domain containing 16A Kim, 2015

ABHD6 57406 Abhydrolase domain containing 6 Kim, 2015

(Continued)
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TABLE 1 | Continued

Gene symbol NCBI Gene description Reference

CACNG2 10369 Calcium voltage-gated channel auxiliary subunit gamma 2 Nissenbaum et al., 2010
CSF1 1435 Colony stimulating factor 1 Thuault, 2016

DRD4 1815 Dopamine receptor D4 Buskila et al., 2004
FAAH 2166 Fatty acid amide hydrolase Jayamanne et al., 2006
FKBP5 2289 Fk506 binding protein 5 Fujii et al., 2014

GDNF 2668 Glial cell derived neurotrophic factor Sah et al., 2005

GFRAT1 2674 GDNF family receptor alpha 1 Yamamoto et al., 2003
GPR132 29933 G protein-coupled receptor 132 Hohmann et al., 2017
HCN2 610 Hyperpolarization-activated cyclic nucleotide-gated Tsantoulas et al., 2016
HLA-DQB1 3119 Major histocompatibility complex, class Il, DQ beta 1 Dominguez et al., 2013
HLA-DRB1 3123 Major histocompatibility complex, class Il, DR beta 1 Dominguez et al., 2013
HTR1A 3350 5-hydroxytryptamine (serotonin) receptor 1A Lindstedt et al., 2012
HTR2A 3356 5-hydroxytryptamine (serotonin) receptor 2A Nicholl et al., 2011
IL1R2 7850 Interleukin 1 receptor type 2 Stephens et al., 2014
KCNS1 3787 Potassium voltage-gated channel, modifier subfamily S, member 1 Costigan et al., 2010
LTB4R 1241 Leukotriene b4 receptor Zinn et al., 2017
LTB4R2 56413 Leukotriene b4 receptor 2 Zinn et al., 2017

OPRD1 4985 Opioid receptor delta 1 Law et al., 2013

OPRK1 4986 Opioid receptor kappa 1 Guerrero et al., 2010
OPRM1 4988 Opioid receptor mu 1 Létsch and Geisslinger, 2005
RET 5979 RET receptor tyrosine kinase Snider and McMahon, 1998
RUNX1 861 Runt related transcription factor 1 Chen et al., 2006

TLR4 7099 Toll like Receptor 4 Hutchinson et al., 2010
TRPA1 8989 Transient receptor potential cation channel, subfamily A, member 1 Bourinet et al., 2014
TRPMS8 79054 Transient receptor potential cation channel, subfamily M, member 8 Bourinet et al., 2014
TRPV4 59341 Transient receptor potential cation channel, subfamily V, member 4 Bourinet et al., 2014
TSPO 706 Translocator protein Loggia et al., 2015

Subset #1 comprises d = 34 genes that had resulted from a computational functional genomics analysis (Ultsch et al., 2016) pursuing the hypothesis that persisting pain
displays systemic features of learning and neuronal plasticity (Mansour et al., 2014). Hence, from a set of genes identified empirically as relevant to pain and listed in the
PainGenes database (http.//www.jbldesign.com/jmogil/enter.html, Lacroix-Fralish et al., 2007), those were selected that are annotated to the Gene Ontology (Ashburner
et al., 2000) terms “learning or memory” and “nervous system development.” The references are those found to provide evidence for an association with pain, except for
PTPRZ1 that was a novel finding in (Ultsch et al., 2016). Subset #2 comprises d = 13 genes identified empirically as relevant to pain and listed in the PainGenes database
(http://www.jbldesign.com/jmogil/enter.html, Lacroix-Fralish et al., 2007) and reported to carry variants that modulated the risk or the symptomatology in at least two
different clinical settings of persisting paint. Subset #3 comprises d = 30 genes repeatedly shown during the last several years to play a role in the human genetics of

persisting pain or recently reported as novel players.

subgroup not having developed persisting pain during the
observation period. This was believed to come closer to a
random sample than a mixture of patients with persisting and
without persisting pain. This limitation of the sample selection
has probably affected which and how many variants were
identified. However, it is unlikely to have jeopardized the general
applicability of the gene selection heuristics, assay establishment
and validation, and of the functional analysis of the selected
subset of genes.

DNA Template Preparation and
Amplification

A multiplex PCR amplification strategy for the coding gene
sequences was accomplished online (Ion Ampliseq™ Designer)®
to amplify the target region specified above (for primer
sequences, see Supplementary Table 1) with 25 base pair exon
padding. After a comparison of several primer design options,

>http://www.ampliseq.com

the design providing the maximum target sequence coverage
was chosen. The ordered 1,953 amplicons covered approximately
97.5% of the target sequence (Supplementary Table 2). A total
of 10 ng DNA per sample was used for the target enrichment by
a multiplex PCR and each DNA pool was amplified with the Ion
Ampliseq™ Library Kit in conjunction with the Ton Ampliseq™
“custom Primer Pool”-protocols according to the manufacturer’s
procedures (Life Technologies, Darmstadt, Germany).

After each pool had undergone 18 PCR cycles, the PCR
primers were removed with FuPa Reagent and the amplicons
were ligated to the sequencing adaptors with short stretches of
index sequences (barcodes) that enabled sample multiplexing
for subsequent steps (Ion Xpress'™ Barcode Adapters Kit;
Life Technologies). After purification with AMPure XP beads
(Beckman Coulter, Krefeld, Germany), the barcoded libraries
were quantified with a Qubit® 2.0 Fluorimeter (Life Technologies,
Darmstadt, Germany) and normalized for DNA concentration
to a final concentration of 20 pmol/l using the Ion Library
Equalizer™ Kit (Life Technologies, Darmstadt, Germany).
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Equalized barcoded libraries from seven to eight samples at a time
were pooled. To clonally amplify the library DNA onto the Ion
Sphere Particles (ISPs; Life Technologies, Darmstadt, Germany),
the library pool was subjected to emulsion PCR by using an
Ion PGM HI-Q View Template Kit on an PGM OneTouch
system (Life Technologies, Darmstadt, Germany) following the
manufacturer’s protocol.

Sequencing

Enriched ISPs which carried many copies of the same DNA
fragment were subjected to sequencing on an Ion 318 Chip to
sequence pooled libraries with seven to eight samples. During
this process, bases are inferred from light intensity signals, a
process commonly referred to as base-calling (Ledergerber and
Dessimoz, 2011). The number of combined libraries that can
be accommodated in a single sequencing run depends on the
size of the chip, the balance of barcoded library concentration,
and the coverage required. The high-capacity 318 chip was
chosen (instead of the low-capacity 314 or the medium-capacity
316 chip) to obtain a high sequencing depth of coverage for a
genomic DNA library with >95% of bases at 30x. Sequencing
was performed using the sequencing kit (Ion PGM Hi-Q
Sequencing Kit; Life Technologies, Darmstadt, Germany) as
per the manufacturer’s instructions with the 200 bp single-
end run configuration. This kit contained the most advanced
sequencing chemistry available to users of the Ion PGM System
(Life Technologies, Darmstadt, Germany).

Data Analysis

Bioinformatics Generation of Sequence Information
The raw data (unmapped BAM-files) from the sequencing runs
were processed using Torrent Suite Software (Version 5.2.2, Life
Technologies, Darmstadt, Germany) to generate read alignments
which were filtered by the software into mapped BAM-files
using the reference genomic sequence (hgl9) of target genes.
Variant calling was performed with the Torrent Variant Caller
Plugin using as key parameters: minimum allele frequency = 0.15,
minimum quality = 10, minimum coverage = 20 and minimum
coverage on either strand = 3.

The annotation of called variants was done using the Ion
Reporter Software (Version 4.4; Life Technologies, Darmstadt,
Germany) for the VCF files that contained the nucleotide reads
and the GenomeBrowse® software (Version 2.0.4, Golden Helix,
Bozeman, MT, United States) to map the sequences to the
reference sequences GRCh37 hgl9 (dated February 2009). The
SNP and Variation Suite software (Version 8.4.4; Golden Helix,
Bozeman, MT, United States) was used for the analysis of
sequence quality, coverage and for variant identification.

Based on the observed allelic frequency, the expected
number of homozygous and heterozygous carriers of the
respective SNP (single nucleotide polymorphism) was calculated
using the Hardy-Weinberg equation. Only variants within the
Hardy-Weinberg equilibrium as assessed using Fisher’s exact
test (Emigh, 1980) were retained. The SNP and Variation
Suite software (Version 8.4.4; Golden Helix, Bozeman, MT,
United States) was used for the analysis of sequence quality,
coverage and for variant identification.

Assay Validation

Method validation was accomplished by means of Sanger
sequencing (Sanger and Coulson, 1975; Sanger et al., 1977) in an
independent external laboratory (Eurofins Genomics, Ebersberg,
Germany). As performed previously with different AmpliSeq™
panels (Kringel et al., 2017) and other genotyping assays (Skarke
etal.,, 2004, 2005), four DNA samples have been chosen randomly
from an independent cohort of healthy subjects and sequenced
with the current NGS panel. For the detected variant type,
single nucleotide polymorphisms from five different genomic
regions for which clinical associations have been reported
(Table 2), i.e., rs324420 (FAAH), rs333970 (CSFI), rs4986790
(TLR4), rs4633 (COMT), and rs17151558 (RELN) were chosen
for external sequencing. Amplification of the respective
DNA segments was done using PCR primer pairs (forward,
reverse) of (i) 5-TTTCTTAAAAAGGCCAGCCTCCT-3
and 5-AATGACCCAAGATGCAGAGCA-3" (ii) 5-GCCTT
CAACCCCGGGATGG-3" and 5-CTCCGATCCCTGGTGC
TCCTC-3" (iii) 5-TTTATTGCACAGACTTGCGGGTTC-3'
and 5-AGCCTTTTGAGAGATTTGAGTTTCA-3' (iv) 5-CC
TTATCGGCTGGAACGAGTT-3" and 5-GTAAGGGCTTT
GATGCCTGGT-3' (v) 5-GTTATTCCTCTGTAAGCAGCTGCC
T-3 and 5 -TGTTTGTTTTAGATTGTGGTGGGTT-3'.
Results of Sanger sequencing were aligned with the genomic
sequence and analyzed using Chromas Lite® (Version 2.1.1,
Technelysium Pty Ltd, South Brisbane, QLD, Australia) and the
GenomeBrowse® (Version 2.0.4, Golden Helix, Bozeman, MT,
United States) was used to compare the sequences obtained with
NGS or Sanger techniques.

RESULTS

The NGS assay of the proposed set of 77 human genes
relevant to persisting pain was established in 72 genomic DNA
samples. As applied previously (Kringel et al., 2017), only exons
including 25 bases of padding around all targeted coding regions
for which the realized read-depths for each nucleotide was
higher than 20 were contemplated as successfully analyzed.
With this acceptance criterion the whole or almost whole
coverage of the relevant sequences was obtained (Table 1; for
details on missing variants, see Supplementary Table 3). The
NGS sequencing process of the whole patient cohort required
ten separate runs, each with samples of n = 7 or n = 8
patients. Coverage statistics were analogous between all runs
and matched the scope of accepted quality levels [20-22].
A median of 2.85 - 10° reads per run was produced. The mean
depth was close to 200 reads, the mean read length of called
bases resulted in 205 bases and average chip loading was 71%
(Figure 1A). To establish a sequencing output with a high
density of ISPs on a sequencing chip, the chip loading value
should exceed 60% (Life Technologies, Carlsbad, United States).
The generated results of all NGS runs matched with the
results obtained with Sanger sequencing of random samples
(Figure 1B), meaning the accordance of nucleotide sequences
between NGS and Sanger sequencing was 100% in all validated
samples.
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TABLE 2 | A list of coding human variants in the 77 putative chronic pain genes, found in the present random sample of 72 subjects of Caucasian ethnicity, for which

clinical associations have been reported.

Gene

Variant

dbSNP# accession number

Known clinical association

Reference

Pain context

TH
BDNF
DRD2
DRD2
P2RX7
P2RX7
HTR2A
TRPV1
KCNST1
COMT
COMT
COMT

Other context

CSF1
CSF1
NTRK1
NTRK1
SCN9A
TRPMS8
TRPM8
DRD3
KIT

KIT
HTRTA
ADRB2
DRD1
HLA-DQBT
FKBP5

1:46870761-SNV
1:46870761-SNV
1:110466338-SNV
1:1156829313-SNV
1:115829313-SNV
2:113590966-SNV
2:113590966-SNV
2:167099158-SNV
2:167099158-SNV
2:167099158-SNV
2:167145122-SNV
3:113890815-SNV
3:113890815-SNV
5:148206646-SNV
5:148206885-SNV
6:1562129077-SNV
6:1562129077-SNV
6:154360797-SNV
6:160113872-SNV
7:22771039-SNV
8:54142157-SNV
9:120475302-SNV
11:2188238-SNV
11:2190951-SNV
11:27679916-SNV
11:113283459-SNV
11:113283477-SNV
12:121600253-SNV
12:121605355-SNV
13:47409034-SNV
17:3480447-SNV
20:43723627-SNV
22:19950235-SNV
22:19950263-SNV
22:19951271-SNV

1:110466466-SNV
1:110466555-SNV
1:156846233-SNV
1:156848946-SNV
2:167143050-SNV
2:234854550-SNV
2:234905078-SNV
3:113890789-SNV
4:55593464-SNV
4:55602765-SNV
5:63257483-SNV
5:148206646-SNV
5:174868840-SNV
6:32629920-SNV
6:35544942-SNV

rs324420
rs324420
rs333970
rs6330
rs6330
rs1143634
rs1143634
rs6746030
rs6746030
rs6746030
rs188798505
rs6280
rs6280
rs1042717
rs1800888
rs2077647
rs2077647
rs1799971
rs4880
rs13306435
rs702764
rs4986790
rs6357
rs6356
rs6265
rs6277
rs6275
rs208294
rs7958311
rs6314
rs8065080
rs734784
rs4633
rs6267
rs4680

rs1058885
rs2229165
rs6334
rs6339
rs41268673
rs11562975
rs11563208
rs3732783
rs3822214
rs3733542
rs1799921
rs1042717
rs155417
rs41544112
rs34866878

Effect of endocannabinoid degradation on pain

Cold and heat pain sensitivity
Rheumatoid arthritis
Procedural pain

Susceptibility to migraine
Adverse effects in postoperative pain
Low back pain

Pain susceptibility in Parkinson disease
Congenital insensitivity to pain
Basal Pain Sensitivity

Altered pain perception

Acute pain in sickle cell disease
Higher prevalence of migraine
Musculoskeletal pain
Migraine

Migraine

Musculoskeletal pain

Pain of various origins
Migraine

Low back pain

Neuropathic pain
Musculoskeletal pain
Widespread Pain

Migraine

Widespread Pain
Post-surgical pain

Migraine

Cold pain sensitivity
Neuropathic pain

Migraine susceptibility
Neuropathic pain

Neuropathic pain
Postoperative pain
Widespread Pain

Altered pain perception

Periodontitis
Carcinogenesis/breast cancer
Nephropathy

Acute myeloid leukemia
Erythromelalgia

Hyperresponsiveness in bronchial asthma

Anthropometric parameters

Phenotypic traits relevant to anorexia nervosa

Cancer risk
Glandular odontogenic cyst
Bipolar disorders

Cognitive dysfunction in opioid-treated patients with cancer

Alcohol dependence
Ulcerative colitis

Clinical response in pediatric acute myeloid leukemia

Cajanus et al., 2016
Kim et al., 2006b
Solus et al., 2015
Ersig et al., 2017
Coskun et al., 2016
Somogyi et al., 2016
Feng et al., 2016
Greenbaum et al., 2012
Klein et al., 2013
Duan et al., 2015
Reimann et al., 2010
Jhun et al., 2014

Hu et al., 2014
Diatchenko et al., 2006
Schurks et al., 2009
Schurks et al., 2010
Wise et al., 2009
Loétsch et al., 2009¢
Palmirotta et al., 2015
Eskola et al., 2010
Garassino et al., 2013
Gebura et al., 2017
Jhun et al., 2015
Corominas et al., 2009
Ersig et al., 2017

Kim et al., 2006a
Onaya et al., 2013
Ide et al., 2014

Ursu et al., 2014
Yulcel et al., 2016
Doehring et al., 2011
Doehring et al., 2011
Khalil et al., 2017
Linetal., 2017

Wang et al., 2015

Chen et al., 2014

Savas et al., 2006

Hahn et al., 2011
Schweinhardt et al., 2008
Klein et al., 2013
Naumov et al., 2015
Potapova et al., 2014
Root et al., 2011

Pelletier and Weidhaas, 2010
Siqueira et al., 2017
Goodyer et al., 2010
Kurita et al., 2016

Hack et al., 2011

Achkar et al., 2012

Mitra et al., 2011

(Continued)
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TABLE 2 | Continued

Gene Variant dbSNP# accession number Known clinical association Reference

CNR1 6:88853635-SNV rs1049353 Bone mineral density Woo et al., 2015
CNR1 6:88853635-SNV rs1049353 Alcohol dependence Marcos et al., 2012
CNR1 6:88853635-SNV rs1049353 Nicotine dependence Chen et al., 2008
CNR1 6:88853635-SNV rs1049353 Obesity Schleinitz et al., 2010
CNR1 6:88853635-SNV rs1049353 Psychiatric disorders Hillard et al., 2012
ESR1 6:152129077-SNV rs2077647 Breast cancer susceptibility Lietal, 2016

ESR1 6:152129077-SNV rs2077647 Prostate cancer development JureCekova et al., 2015
ESR1 6:152129077-SNV rs2077647 Osteoporosis Sonoda et al., 2012
ESR1 6:152129308-SNV rs746432 Mood disorders Mill et al., 2008

ESR1 6:152201875-SNV rs4986934 Endometrial cancer risk Wedrén et al., 2008
OPRM1 6:154360508-SNV rs6912029 Irritable bowel syndrome Camilleri et al., 2014
OPRM1 6:154360797-SNV rs1799971 Schizophrenia Sery et al., 2010
OPRM1 6:154414573-SNV rs562859 Depressive disorder Garriock et al., 2010
OPRM1 6:154414563-SNV rs675026 Treatment response for opiate dependence Al-Eitan et al., 2012
SOD2 6:160113872-SNV rs4880 Development of type 2 diabetes mellitus Lietal, 2015

SOD2 6:160113872-SNV rs4880 Breast cancer susceptibility Rodrigues et al., 2014
SOD2 6:160113872-SNV rs4880 Asthma Yucesoy et al., 2012
ADCY1 7:45703971-SNV rs1042009 Bipolar disorder Shi J. et al., 2008
RELN 7:103124207-SNV rs1062831 Attention deficit hyperactivity disorder Kwon et al., 2016
RELN 7:103251161-SNV rs362691 Childhood epilepsy Dutta et al., 2011
OPRK1 8:54142154-SNV rs16918875 Susceptibility to addiction Kumar et al., 2012
TRPV1 8:72948588-SNV rs13280644 Perception olfactory stimuli Schitz et al., 2014
TLR4 9:120475602-SNV rs4986791 Breast cancer susceptibility Mine et al., 2014
GRIN1 9:140051238-SNV rs6293 Schizophrenia Georgi et al., 2007
RET 10:43610119-SNV rs1799939 Hirschsprung’s disease Vaclavikova et al., 2014
RET 10:43615094-SNV rs1800862 Medullary thyroid carcinoma Ceolin et al., 2012
GFRAT1 10:117884950-SNV rs2245020 Age-related macular degeneration Schmidt et al., 2006
DRD4 11:637537-Del rsb87776842 Acousticous neurinoma Nothen et al., 1994
BDNF 11:27720937-SNV rs66866077 Irritable bowel syndrome-diarrhea Camilleri et al., 2014
DRD2 11:113283484-SNV rs1801028 Neurologic disorders Doehring et al., 2009
GRIN2B 12:13717508-SNV rs1806201 Alzheimer’s disease Andreoli et al., 2014
TRPV4 12:110252547-SNV rs3742030 Hyponatremia Tian et al., 2009
P2RX7 12:121592689-SNV rs17525809 Multiple sclerosis Oyanguren-Desez et al., 2011
HTR2A 13:47466622-SNV rs6305 Susceptibility to substance abuse Herman and Balogh, 2012
LTB4R 14:24785092-SNV rs34645221 Asthma susceptibility Tulah et al., 2012
GABRAS 15:27182357-SNV rs140682 Autism-spectrum disorders Hogart et al., 2007
GRIN2A 16:9943666-SNV rs2229193 Hyperactivity disorder Kim et al., 2017
DLG4 17:7099811-SNV rs17203281 Schizophrenia Tsai et al., 2007
SLC6A4 17:28530193-SNV rs6352 Autism-spectrum disorders Prasad et al., 2009
NF1 17:29553485-SNV rs2285892 Neurofibromatosis Maertens et al., 2007
HCN2 19:607984-SNV rs3752158 Risk of depression MclIntosh et al., 2012
PRKCG 19:54394965-SNV rs3745396 Osteosarcoma susceptibility Luetal., 2015

PRNP 20:4680251-SNV rs1799990 Creutzfeldt-Jakob disease Mead et al., 2009
HRH3 20:60791422-SNV rs3787430 Risk of chronic heart failure He et al., 2016
S100B 21:48022230-SNV rs1051169 Schizophrenia Liu et al., 2005

The selection is restricted to one or two publications per variant, and it focuses on a pain context corresponding to the main aim of the present NGS gene panel; however,
functional variants highlighted in another clinical context are additionally provided in the lower part of the table. * Database of Single Nucleotide Polymorphisms (dbSNP).
Bethesda (MD, United States): National Center for Biotechnology Information, National Library of Medicine. Available from: http://www.ncbi.nlm.nih.gov/SNFP/ (Sherry

et al., 2001).

Following elimination of nucleotides agreeing with the
standard human genome sequence GRCh37 glk (dated February
2009), the result of the NGS consisted of a vector of nucleotide
information about the d = 77 genes for each individual DNA

sample (Figure 2). This vector had a length equaling the set
union of the number of chromosomal positions in which a non-
reference nucleotide had been found in any probe of the actual
cohort. Specifically, a total of 3,185 genetic variants was found, of
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FIGURE 1 | Assay establishment and validation. (A) Pseudo-color image of
the lon 318™ v2 Chip plate showing percent loading across the physical
surface. This sequencing run had a 76% loading, which ensures a high lon
Sphere Particles (ISP) density. Every 318 chip contains 11 million wells and the
color scale on the right side conduces as a loading indicator. Deep red
coloration stays for a 100% loading, which means that every well in this area
contains an ISP (templated and non-templated) whereas deep blue coloration
implies that the wells in this area are empty. (B) Alignment of a segment of the
ion torrent sequence of the COMT gene as a Golden Helix Genome Browse®
readout versus the same sequence according to an externally predicted
Sanger electropherogram. Highlighted is the COMT variant rs4633 (COMT
€.186C>T — p.His62 =) as a heterozygous mutation and a non-mutated wild
type. The SNP is part of the functional COMT haplotype comprising rs4633,
rs4818 and rs4680, which showed >11-fold difference in expressed enzyme
activity and was reported to be associated with different phenotypes of pain
sensitivity (Diatchenko et al., 2005).

which 659 were located in coding parts of the genes, 1,241 were
located in introns and 1,285 in the 3’-UTR, 5'-UTR, upstream or
downstream regions. The coding variants for which a clinical or
phenotypic association have been reported are listed in Table 2
together with an example of each variant. Most of the observed
variants were single nucleotide polymorphisms (d = 571) whereas
mixed polymorphisms (d = 26), nucleotide insertions (d = 18) or
nucleotide deletions (d = 44) were more rarely found.

DISCUSSION

In this report, development and validation of a novel Ampliseq™
NGS assay for the coding regions and boundary parts of d = 77

genes qualifying as candidate modulators of persisting pain is
described. The NGS assay produced nucleotide sequences that
corresponded, with respect to the selected validation probes, to
the results of classical Sanger sequencing. However, the NGS
assay substantially reduced the laboratory effort to obtain the
genetic information and provides the perquisites to be used
in high throughput environments. In particular, the presented
NGS assay is convenient for small up to large-scale setups. As
mentioned in the methods section, a limitation of the present
results applies to the identified genetic variants as only samples
from Caucasian women were included. By contrast, the validity of
gene selection and assay establishment is unlikely to be reduced
by this selection chosen to remain within the financial limits of
the present project.

Specifically, as observed previously (Kringel et al., 2017), the
comprehensive genetic information and the high throughput are
reflected in the assay costs. Specifically, sequencing of the 77
genes in 72 DNA samples required approximately € 18,000 for
the AmpliSeq™ custom panel, € 5,500 for library preparation,
€ 700 for template preparation and € 700 for sequencing. Ten 318
sequencing chips cost around € 7,000 and in addition and basic
consumables and laboratory supplies issued approximately € 800.
With 7-8 barcoded samples loaded on ten chips, the expense
to analyses the gene sequence for a single patient were around
€ 325. While NGS costs are likely to decrease in the near future
(Lohmann and Klein, 2014), present assay establishment was
therefore applied in DNA samples planned for future genotype
versus phenotype association analysis, which required using DNA
from patients of a pain-relevant cohort instead from a true
random sample of healthy subjects.

As a result of the present assay development, a set of d = 77
genes was chosen as potentially relevant to persisting pain. The
chosen set of genes differs from alternative proposals aiming
at similar phenotypes (Mogil, 2012; Zorina-Lichtenwalter et al.,
2016). However, when analyzing these alternatives for mutual
agreement, only limited overlap could be observed (Figure 3).
This emphasizes that the genetic architecture of persisting
pain is incompletely understood, and several independent
lines of research can be pursued. Of note, the present set
showed the largest agreement with a set of d = 539 genes
identified empirically as relevant to pain and listed in the
PainGenes database (Lacroix-Fralish et al., 2007)® or recognized
as causing human hereditary diseases associated with extreme
pain phenotypes (Lotsch et al, 2013; Ultsch et al, 2016).
Combining all proposals into a large panel was not an option due
to the technical limitations of the IonTorrent restricting the panel
size to 500 kb (pipeline version 5.6.2); therefore, further genes
would need to be addressed in separate panels.

In the present study sample, selected with a certain bias by
using, as explained above for cost saving, clinical samples from
only women and only Caucasians, a total of 659 genetic coding
variants were found. Regardless of the sample preselection, 105
clinical associations (Table 2) could be queried for the observed
variants from openly obtainable data sources comprising (i) the

Chttp://www.jbldesign.com/jmogil/enter.html
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FIGURE 2 | Mosaic plot representing a contingency table of the types of genetic variants detected by means of the present AmpIiSeqT'\/I panel versus the genes
included in the assay. The vertical size of the cells is proportional to the number of variants of a particular type; the horizontal size of the cells is proportional to the
number of variants found in the respective gene. The location of the variants is indicated at the left of the mosaic plot in letters colored similarly to the respective bars
in the mosaic plot. Variants were not found at all possible locations of each gene, which causes the reduction of several bars to dashed lines drawn as placeholders
and indicating that at the particular location no variant has been found in the respective gene. The figure has been created using the R software package (version
3.4.2 for Linux; http://CRAN.R-project.org/, R Development Core Team, 2008). UTR: untranslated region. NCExonic: Non-coding exonic.
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FIGURE 3 | Venn diagram (Venn, 1880) visualizing the intersections between
the presently proposed set of human genes involved in modulating the risk or
the clinical course of persisting pain (“Current set,” green frame), and two
alternative proposals [“Mogil” (Mogil, 2012), blue frame and
“Zorina-Lichtenwalter” (Zorina-Lichtenwalter et al., 2016), violet frame]. In
addition, a set of d = 539 genes identified empirically as relevant to pain and
either listed in the PainGenes database (http://www.jbldesign.com/
jmogil/enter.html, Lacroix-Fralish et al., 2007) or added because recognized as
causing human hereditary diseases associated with extreme pain phenotypes,
found to be regulated in chronic pain in at least three studies including human
association studies, or being targets of novel analgesics. The number of
shared genes between data sets is numerically shown in the respective
intersections of the Venn diagram. The figure has been created using the R
software package (version 3.4.2 for Linux; http://CRAN.R-project.org/, R
Development Core Team, 2008) with the particular package “Vennerable”
(Swinton J., https://r-forge.r-project.org/R/?group_id=474).

Online Mendelian Inheritance in Man (OMIM®) database’, (ii)
the NCBI gene index database®, the GeneCards database’ [27]
and the “1000 Genomes Browser”" (all accessed in December
2017). The observation of functional variants in the present
cohort preselected for the absence of pain persistence is plausible
as (i) variants can exert protective effects against chronic pain
and (ii) most genetic variants identified so far exert only small
effects on pain and the individual result of their functional
modulations depends on their combined effects or from the sum
of positive and negative effects on pain perception (Lotsch et al.,
2009a).

The selection of genes (Table 1) relied on empirical evidence
of their involvement in pain. For subset #1 (d = 34), this had been
shown for 33 genes in the original paper (Ultsch et al., 2016). As
the hypothesis that persisting pain displays systemic features of

"http://www.ncbi.nlm.nih.gov/omim
Shttp://www.ncbi.nlm.nih.gov/gene
“http://www.genecards.org
1Ohttps://www.ncbi.nlm.nih.gov/variation/tools/1000genomes

learning and of neuronal plasticity (Mansour et al., 2014) could
be substantiated at a computational functional genomics level,
the further gene (PTPRZI, protein tyrosine phosphatase Z 1)
can also be regarded as supported by prior knowledge to be
included in the present set. The subset comprised, for example,
genes associated with the mesolimbic dopaminergic system, i.e.,
DRDI, DRD2, DRD3, which code for dopamine receptors, and
TH, which is the coding gene for the tyrosine hydroxylase, a
metabolic restricting enzyme in dopaminergic pathways, which
have been implicated in promoting chronic back pain (Hagelberg
et al., 2003, 2004; Jaaskelainen et al., 2014; Martikainen et al.,
2015). Further 14 genes were involved in the circadian rhythm
recognized as a modulatory factor in various pain conditions
such as arthritis (Haus et al., 2012; Gibbs and Ray, 2013) and
neuropathic pain (Gilron and Ghasemlou, 2014). The subset
further included three NMDA receptor genes (GRINI, GRIN2A,
and GRIN2B) known to be major players in a number of essential
physiological functions including neuroplasticity (Coyle and Tsai,
2004). In addition, metabotropic glutamate receptors (mGluR)
have been implemented in several chronic pain conditions. One
subtype, mGluR5, coded by GRMS5, is of particular interest
in the context of pain conditions as recent studies showed
a pro-nociceptive role of mGluR5 in models of chronic pain
(Walker et al., 2001; Crock et al, 2012). Furthermore, genes
associated with histaminergic signaling such as HRH3 have been
implicated in pain transmission (Hough and Rice, 2011) and
analgesia (Huang et al., 2007).

The second subset of genes relied on a new PubMed
search rather than on a previously published and hypothesis-
based selection of candidate genes. A computational functional
genomics analysis of this subset (details not shown) suggested
its involvement in (i) immune processes and (ii) nitric oxide
signaling. The genes annotated to the GO term “immune system
process” included interleukin (IL1B, IL4, IL6, IL10) (Dinarello,
1994; Choi and Reiser, 1998; Mocellin et al., 2004; Nemeth
et al., 2004) and histocompatibility complex related (HLA-B)
genes (Dupont and Ceppellini, 1989), which have been shown to
be involved in immunological mechanisms of pain (Sato et al,,
2002; de Rooij et al., 2009). This is also supported by published
evidence for the further genes in this list, such as, TNF (Vassalli,
1992; Franchimont et al., 1999), GCHI (Schott et al., 1993) and
P2RX7 (Chen and Brosnan, 2006). The second major process
group emerging from the functional genomics analysis of the
key evidence for genetic modulation of clinical chronic pain
was nitric oxide signaling, in particular metabolic processes,
summarized in this context under the GO term “reactive oxygen
species metabolic process” which includes the genes IL6 (Deakin
et al., 1995), TNF (Deakin et al.,, 1995; Katusic et al., 1998),
ESR1 (Clapauch et al., 2014), IL10 (Cattaruzza et al., 2003),
GCHI (Katusic et al., 1998; Zhang et al., 2007), ILIB (Katusic
et al., 1998), IL4 (Coccia et al., 2000), P2RX7 (Gendron et al.,
2003), SOD2 (Fridovich, 1978). Furthermore, catecholamines
including noradrenaline, adrenaline and dopamine have multiple
functions in the brain and spinal cord including pain perception
and processing (D'Mello and Dickenson, 2008). Catechol-O-
methyltransferase, encoded by the COMT gene, is one of several
enzymes that degrade dopamine, noradrenaline and adrenaline
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FIGURE 4 | Top—down representation of the annotations (GO terms) representing the taxonomy of the functional differences between the set of d = 77 genes
included in the proposed NGS panel of persisting pain and two alternative proposals of genes modulating persisting pain in humans (Mogil, 2012;
Zorina-Lichtenwalter et al., 2016). The figure represents the results of an over-representation analysis of the present set of d = 77 genes against the reference
comprising the set intersection of the alternative gene lists. A p-value threshold of 0.01 and Bonferroni a-correction were applied. Significant terms are shown as
colored circles with the number of member genes, the number of expected genes by change and the significance of the deviation of the observed from the expected
number of genes indicated (yellow = headline, red = significant term, blue = significant term located as a leave at the end of a taxonomy in the polyhierarchy). The
graphical representation follows the standard of the GO knowledgebase, where GO terms are related to each other by “is-a,
forming a polyhierarchy organized in a directed acyclic graph (DAG, Thulasiraman and Swamy, 1992). The figure has been created using our R library “dotORA”
(https://github.com/IME-TMP-FFM/dbtORA, Lippmann et al., 2018) on the R software package (version 3.4.2 for Linux; http://CRAN.R-project.org/, R Development
Core Team, 2008) and the freely available graph visualization software GraphViz (http://www.graphviz.org, Gansner and North, 2000).
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and has become one of the most frequently addressed genes in
pain research (Nackley et al., 2006).

Finally, subset #3 (d = 30) consists of genes repeatedly shown
to play a role in the genetic modulation of persisting pain in
humans or, by contrast, included a few novel items only recently
published in the context of pain. This included members of
the transient receptor potential (TRP) family (TRPA1, TRPMS,
TRPV4) that are expressed at nociceptors and which are well
established players in the perception of pain via their excitation
by chemical, thermal or mechanical stimuli (Clapham, 2003).
This similarly applies to the opioidergic system represented by
the inclusion of the genes coding for the major opioid receptors
(OPRM1, OPRK1 OPRDI), which have been associated with
variations in pain or opioid response in various settings (Lotsch
and Geisslinger, 2005). The most important of this group, the
lL-opioid receptor encoded by the OPRM1 gene, carriers several
variants of which the 118 A>G (rs1799971) has been studied
most extensively since the early description of its association with
a functional phenotype in humans (Lotsch et al., 2002).

Almost half of the present sets of genes were chosen based
on a computational functional genomics analysis that attributed
persisting pain to GO processes of “learning or memory” and
“nervous system development” (Ultsch et al., 2016) as likely
to reflect systemic features of persisting pain. This implied
a functional bias and therefore, the present set of d = 77
genes (Figure 4) was analyzed whether this bias prevailed
when comparing it with the alternative sets of human genes
proposed to modulate persisting pain (Mogil, 2012; Zorina-
Lichtenwalter et al., 2016). As applied previously (Lippmann
et al., 2018), the biological roles of the set of d = 77 genes
were queried from the Gene Ontology knowledgebase (GO)"
(Ashburner et al., 2000) where the knowledge about the biological
processes, the molecular functions and the cellular components
of genes is formulated using a controlled and clearly defined
vocabulary of GO terms. Particular biological roles of the set
of d = 77 genes, among all human genes, were analyzed by

http://www.geneontology.org/
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TABLE 3 | Current targeting of the genes included in the proposed NGS panel of persisting pain by novel drugs that are currently under active clinical development and
include analgesia as the main clinical target or at least as one of the intended clinical indication.

Gene Status Drug Action Company
ABHD12 - - - -
ABHD16A - - - -
ABHD6 Preclinical Benzylpiperidin methanone Acylamino-Acid-Releasing Enzyme Scripps Research Institute
ADCY1 Under Active Development NB-001 Adenylate Cyclase Inhibitors Forever Cheer International
ADRB2 Phase II/1ll Gencaro Signal Transduction Modulators ARCA
BDNF Phase | CXB-909 Nerve Growth Factor (NGF) Enhancers Krenitsky
CACNG2 Preclinical Hanfangchin Calcium Channel Blockers Millenia Hope Kaken
CDK5 Biological Testing Litvinolin CDK5/p25 Inhibitors Hong Kong University
CHRNB2 Biological Testing Epiboxidine Nicotinic alpha4beta2 Receptor Agonists Pfizer
CNR1 Registered Epidiolex Cannabinoid Receptor Agonists InSys Therapeutics
COMT Clinical Nitecapone Catechol-O-Methyl Transferase (COMT) Inhibitors Orion
CSF1 - - - -
DLG4 Preclinical AB-125 Protein Inhibitors Lundbeck University of Copenhagen
DRD1 Phase II/11l Ecopipam Dopamine D1 Receptor (DRD1) Antagonists Merck & Co.
DRD2 Phase II/11l Sarizotan hydrochloride Dopamine D2 Receptor (DRD2) Antagonists Newron
DRD3 Phase Il Brilaroxazine D3 Receptor (DRD3) Agonists Reviva Pharmaceuticals
DRD4 Biological Testing Mesulergine hydrochloride Dopamine Receptor Agonists Novartis
EGR1 Phase II Brivoligide EGR1 Expression Inhibitors Adynxx
ESR1 Phase Il Zindoxifene Selective Estrogen Receptor Modulators Evonik
FAAH Phase /Il Minerval Fatty Acid Amide Hydrolase (FAAH) Inhibitors Scripps Research Institute
FKBP5 Phase Il Barusiban Oxytocin Receptor Antagonist Ferring
FOS Registered Macrilen FOS Expression Enhancers Strongbridge Biopharma
FYN Phase Il Bafetinib Fyn Kinase Inhibitors Nippon Shinyaku
GABRAS Phase Il Ganaxolone GABA(A) Receptor Modulators Marinus Pharmaceuticals
GALR2 Preclinical NAX-810-2 GAL2 Receptor Ligands NeuroAdjuvants
GCH1 - - - -
GDNF Phase Il Edonerpic maleate Signal Transduction Modulators Toyama
GFRAT - - - -
GPR132 . - - -
GRIN1 Phase Il Dimiracetam Signal Transduction Modulators Metys Pharmaceuticals
GRIN2A Phase | Dexanabinol NMDA Receptor Antagonists e-Therapeutics Pharmos
GRIN2B Phase | Gacyclidine NMDA Receptor Antagonists INSERM
GRM5 Phase Il Mavoglurant Signal Transduction Modulators Novartis
HCN2 Clinical Ivabradine Adrenoceptor Antagonists Servier
HLA-DQB1 - - - -
HLA-DRB1 - - - -
HRH3 Phase | Immethridine Histalean Abbott
HTR1A Phase Il Eltoprazine hydrochloride 5-HT1A Receptor Agonists Elto Pharma
HTR2A Phase Il Midomafetamine 5-HT2 Receptor Agonists Assoc
IL10 Phase II BT-063 Signal Transduction Modulators Anti-IL-10 Biotest AG
IL1B Phase IIl Resunab IL-1beta Inhibitors Corbus
IL1R2 - - - -
IL4 - - - -
IL6 Preclinical Azintrel Signal Transduction Modulators Anti-IL-6 Jazz Pharmaceuticals
KCNS1 Preclinical Crotamine Voltage-Gated K(V) Channel Blockers Celtic Biotech
KIT Phase Il Vatalanib succinate KIT (C-KIT) Inhibitors Novartis
LTB4R Phase II Coversin Signal Transduction Modulators Akari Therapeutics
LTB4R2 Phase Il Coversin Signal Transduction Modulators Akari Therapeutics
NF1 - - - -
NGF Phase IIl Tanezumab Anti-Nerve Growth Factor (NGF) Pfizer
NTF4 - - - -

(Continued)
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TABLE 3 | Continued

Gene Status Drug Action Company

NTRK1 Phase II Danusertib NTRK1 Inhibitors Pfizer

OPRD1 Preclinical Metenkephalin Delta-Opioid Receptor Agonists TNI Pharmaceuticals
OPRK1 Phase Il Morphine glucuronide Opioid Receptor Agonists PAION

OPRM1 Registered Naltrexone mu-Opioid Receptor Antagonists Pfizer

OXT Phase II Barusiban Oxytocin Receptor Antagonist Ferring

P2RX7 Preclinical BIL-06v Anti-P2RX7 Biosceptre International
PLCB1 Biological Testing Vinaxanthone Signal Transduction Modulators Roche

PRKCG Phase IIl Rydapt Protein Kinase C (PKC) Inhibitors Yeda

PRNP - - - -

PTN - - - -

PTPRZ1 - - - -

RELN Preclinical IAIPs Serine Protease Inhibitors ProThera Biologics
RET Phase II Danusertib Ret (RET) Inhibitors Pfizer

RUNX1 - - - -

S100B - - - -

SCN9A Phase Il Priralfinamide Voltage-Gated Sodium Channel Blockers Newron

SLC6A4 Phase Il Litoxetine Signal Transduction Modulators Sanofi

SOD2 Phase II Avasopasem manganese Superoxide Dismutase (SOD) Mimetics MetaPhore

TH - - - -

TLR4 Phase II Eritoran tetrasodium Toll-Like Receptor 4 (TLR4) Antagonists Eisai

TNF Phase Il Givinostat hydrochloride TNF-alpha Release Inhibitors [talfarmaco

TRPA1 Phase II Cannabidivarin TRPA1 Agonists GW Pharmaceuticals
TRPMS8 Phase II Cannabidivarin TRPM8 Antagonists GW Pharmaceuticals
TRPV1 Phase /Il Resiniferatoxin TRPV1 (Vanilloid VR1 Receptor) Agonists lcos

TRPV4 Phase Il GSK-2798745 TRPV4 Antagonists GlaxoSmithKline
TSPO Clinical [11C]CB-184 Translocator Protein (TSPO) Ligands Tokyo Metrop Geriatr

Hosp Inst Gerontol

The information was queried from the Thomson Reuters Integrity database at https://integrity.thomson-pharma.com on July 11, 2018.

means of over-representation analysis (ORA). This compared
the occurrence of the particular GO terms associated with
the present set of genes with their expected occurrence by
chance (Backes et al., 2007). In contrast to enrichment analysis,
any quantitative criteria such as gene expression values are
disregarded (Backes et al., 2007). The analyses were performed
using our R library “dbtORA” (Lippmann et al., 2018)'* on the R
software environment (version 3.4.2 for Linux; R Development
Core Team, 2008)".

Surprisingly, the results of this analysis indicated that the
functional bias of the present gene set toward “learning or
memory” (GO:0007611) and “nervous system development”
(G0O:0007399) was not maintained against the alternative gene
sets. Instead, a few more general GO terms such as “behavior”
(“single organism behavior, GO:0044708), or “response to
organic cyclic compound” (GO:0014070) and response to
alkaloid (G0:0043279), which could be identified as morphine
and cocaine when repeating the analysis with a less conservative
a-correction (further details not shown), were overrepresented,
as well as the pain specific term “sensory perception of pain”
(G0:0019233). A possible explanation that the selection bias of

https://github.com/IME-TMP- FFM/dbtORA
Bhttp://CRAN.R-project.org/

the present gene set was not maintained when comparing it
with alternative proposals is that the two biological processes,
“learning or memory” and “nervous system development,” reflect
indeed an important biological function of persisting pain and
even when choosing candidate genes without having these
processes in mind as for the alternative gene sets, they are
nevertheless included. This may be regarded as support for the
present gene set as suitable candidates for future association
studies with persisting pain phenotypes.

Although the present gene set has been assembled with
a focus of a relevance to pain, many of its members have
pharmacological implications. Specifically, 58 of the 77 genes
(75%) have been chosen as targets of analgesics, approved or
under current clinical development (Table 3). Moreover, several
of the genes in the present NGS panel have been implicated
in pharmacogenetic modulations of drug effects (Table 4).
Possibly the most widely studied gene in analgesic research is
OPRM 1 because coding for the primary target of opioids (Peiro
et al., 2016). Several polymorphisms have been described in
OPRM1, among which the best characterized may be rs1799971
(OPRM1 118A>G) that leads to an asparagine to aspartate
substitution at the extracellular terminal of the receptor protein
(Bond et al., 1998). May studies have addressed this variant
(for reviews, see Walter et al., 2013; Somogyi et al., 2015).

Frontiers in Pharmacology | www.frontiersin.org

September 2018 | Volume 9 | Article 1008


https://integrity.thomson-pharma.com
https://github.com/IME-TMP-FFM/dbtORA
http://CRAN.R-project.org/
https://www.frontiersin.org/journals/pharmacology/
https://www.frontiersin.org/
https://www.frontiersin.org/journals/pharmacology#articles

Kringel et al.

NGS for Persistent Pain

TABLE 4 | Summary of variants in genes included in the proposed NGS panel of persisting pain, that have been implicated in a pharmacogenetic context to modulate
the effects of drugs administered for the treatment of pain or as disease modifying therapeutics in painful disease.

Modulated process Gene Variant

Affected drug

Findings Reference

G protein coupled signaling COMT rs4680 (Val158Met)

DRD2 rs6275 Heroine

DRD4 rs1800955 Heroine

OPRM1 rs1799971 (A118Q)

OPRK1 rs1051660

Neurotransmitters BDNF rs6265

HTR2A rs12584920

lon Channels TRPV1 7 intronic SNPs

Proinflammatory Cytokines IL6 rs1800795

Other ESR1 rs2234693

rs2295632

TLR4 rs4986790

TNF rs361525

Morphine

Various opioids

Morphine

Various opioids

Various opioids

Capsaicin

Etanercept

Leflunomide

Various opioids

Methotrexate

Infliximab

Carriers of val/val and val/met genotype
required higher morphine dose
compared to carriers of met/met
genotype

Reyes-Gibby et al., 2007

Polymorphism is associated with
decreased likelihood of headache
disorders

Cargnin et al., 2014

Polymorphism had lower pain threshold Ho et al., 2008

versus CC/CT controls

Tendency toward increased pain in
dose-dependent manner with the
i-opioid receptor variant 118G

Lotsch et al., 2009¢

Patients with the polymorphism and
cancer-related pain may require a
reduced dose escalation of morphine

Chatti et al., 2017

Polymorphism is associated with
decreased likelihood of headache
disorders

Cargnin et al., 2014

Increased likelihood of having chronic Nicholl et al., 2011
widespread pain

TRPV1 polymorphisms had only 50% Park et al., 2007
of the mRNA and protein expression

levels of normally sensing subjects
Polymorphism is associated with
increased response to adalimumab,
etanercept or infliximab in people with
painful Arthritis

Polymorphism is associated with
increased response to leflunomide in
women with painful Arthritis

Davila-Fajardo et al., 2014

Dziedziejko et al., 2011

Polymorphism is associated with Biesiada et al., 2014
increased risk of Respiratory

Insufficiency

Polymorphism associated with Kooloos et al., 2010
increased risk of adverse drug events
when treated with folic acid and

methotrexate in people with Arthritis
Polymorphism is associated with
increased response to infliximab in
people with painful Arthritis

Maxwell et al., 2008

The information was derived by literature search and by querying the Pharmacogenetics Research Network/Knowledge base at http://www.pharmgkb.org (accessed in

July 2018). Only key or example references are given.

Summarizing its effects, the variant is associated with decreased
receptor expression and signaling efficiency (Oertel et al,
2012) which leads to reproducibly reduced pharmacodynamic
effects in human experimental settings while the effect size
seems insufficient to be a major factor of opioid response in
clinical settings, despite several reports of modulations of opioid
demands or side effects. For example, subjects carrying the
118A>G variant were found to have a reduced response to
morphine treatment (Hwang et al., 2014), reduced analgesic
response to alfentanil (Oertel et al., 2006) and demanded higher
doses of morphine for pain relief (Klepstad et al., 2004; Hwang
et al., 2014). However, the importance of this variant seems to be
comparatively high in patients with an Asian ethnic background,

which might be related to the higher allelic frequency as
compared to other ethnicities. COMT is a key modulator of
dopaminergic neurotransmission and in the signaling response
to opioids The Vall58Met polymorphism (rs4680) causes an
amino acid substitution in the enzyme, which reduced the
enzyme active to a forth (Peiro et al., 2016). Carriers of the
homozygous Met/Met variant had lower morphine requirements
than those with a the wild type COMT (Rakvag et al., 2005).
Furthermore, a modulation of the effects of TRPVI targeting
analgesics is supported by observations that intronic TRPVI
variants were associated with insensitivity to capsaicin (Park
et al,, 2007) while the coding TRPVI variant rs8065080 was
associated with altered responses to experimentally induced pain
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(Kim et al, 2004). Moreover, gain-of-function mutations in
TRPVI1 have been associated with increased pain sensitivity
(Boukalova et al., 2014), for which TRPVI antagonists would
enable a specific pharmacogenetics-based personalized cure.

CONCLUSION

The breakthrough in mapping the whole human genome
(Lander et al., 2001; Venter et al, 2001) along with genome
wide association studies (GWAS) has led to rapid advances
in the knowledge of the genetic bases of human diseases
(Wellcome Trust Case Control and Consortium, 2007). Genetic
research in pain medicine has directed to the recognition of
genes in which variants influence pain behavior, post-operative
drug requirements, and the temporal developments of pain
toward persistence (James, 2013). While many candidate gene
association studies have identified multiple genes relevant for
pain phenotypes (Fillingim et al., 2008), pain related genetic
studies have so far been owned by investigations of a limited
number of genes. Roughly ten genes or gene complexes account
for over half of the extant findings and several of these candidate
gene associations have held up in replication (Mogil, 2012).
The selection of variants has been limited and they have been
addressed in most studies repeatedly, leading to the perception
that genetic research in pain produces often unsatisfactory results
(Mogil, 2009). However, this may soon change with the arise
of new technologies. In this manuscript, we present a validated
NGS assay for a set of 77 genes supported by empirical evidence
and computational functional genomics analyses as relevant
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Abstract \
Cancer and its surgical treatment are among the most important triggering events for persistent pain, but additional factors need to
be present for the clinical manifestation, such as variants in pain-relevant genes. In a cohort of 140 women undergoing breast cancer
surgery, assigned based on a 3-year follow-up to either a persistent or nonpersistent pain phenotype, next-generation sequencing
was performed for 77 genes selected for known functional involvement in persistent pain. Applying machine-learning and item
categorization techniques, 21 variants in 13 different genes were found to be relevant to the assignment of a patient to either the
persistent pain or the nonpersistent pain phenotype group. In descending order of importance for correct group assignment, the
relevant genes comprised DRD1, FAAH, GCH1, GPR132, OPRM1, DRD3, RELN, GABRAS, NF1, COMT, TRPA1, ABHD6, and
DRD4, of which one in the DRD4 gene was a novel discovery. Particularly relevant variants were found in the DRD1 and GPR132
genes, or in a cis-eCTL position of the OPRM1 gene. Supervised machine-learning—based classifiers, trained with 2/3 of the data,
identified the correct pain phenotype group in the remaining 1/3 of the patients at accuracies and areas under the receiver operator
characteristic curves of 65% to 72%. When using conservative classical statistical approaches, none of the variants passed
a-corrected testing. The present data analysis approach, using machine learning and training artificial intelligences, provided
biologically plausible results and outperformed classical approaches to genotype—phenotype association.

Keywords: Data science, Machine learning, Next-generation sequencing, Cancer pain, Persistent pain, Breast cancer surgery,
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Patients, WWomen

1. Introduction

Persistent pain is a major health care issue affecting about a fifth
of the European population.®® Cancer and its surgical treatment
figure among the most important triggering events. However,
persistent pain does not develop in every patient’?; indeed, its
prevalence among breast cancer survivors has been reported to
vary between 25% and 60%. 2% In a more recent analysis, 13.5%
of women operated for breast cancer reported at least moderate
pain 1 year after surgery.®® This variance may be partly due to the
way in which persistent pain was defined in the respective
studies. Nevertheless, it has been shown that many different
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individual patient factors make a major contribution to its
development after breast cancer surgery. 85198128

A genetic component contributing to the individual risk of
chronic pain has been the subject of research for more than half
a century.®® Current evidence indicates that many gene variants
modulate the individual perception of pain and its progression to
persistence.?*2581:102159 The association of these gene variants
with persistent pain after breast cancer surgery is currently an
active research topic (Table 1). Selected functional genetic variants
clearly have been a research focus.®? However, it is only recently
that the broad available next-generation sequencing (NGS)'® has
provided unrestricted access to all genetic information.

In the present analysis, we assessed whether NGS-derived
genotypes were associated with persistent pain in a subgroup of
patients who had been treated with breast cancer surgery. Next-
generation sequencing allowed us to rank the importance of
candidate genes in this clinical context based on any specific
variant, thereby exceeding most previous approaches in which
preselected variants were used. DNA samples and pain data
were available from a cohort of 1000 women®® among whom 70
had been diagnosed with persistent pain, based on ratings
acquired up to 36 months after surgery.8® A recent data-driven
analytical approach was used®® in which mainly machine-learning
algorithms for classifier building were used to uncover the genetic
background of persistent pain after breast cancer surgery,
although without explicitly aiming to identify a genetic biomarker
for clinical use. Techniques of feature selection*™""® were used to
rank the genes in terms of the relative importance of genetic
variants, thereby training machine-learned algorithms to perform
genotype vs phenotype associations.

www. painjournalonline.com 2263
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Reports of a genetic modulation of persistent pain in the clinical context of breast cancer.

Gene NCBI Variant Clinical association Ref.
cOMT 1312 1165774 Increased heat pain sensitivity 56
comr 1312 rs887200 Increased cold pain sensitivity 55
FAAH 2166 15324420 Decreased cold pain sensitivity 12
OPRM7T 4988 rs1799971 Increased analgesic dosing demands 13
F2RX7 5027 15208294 Development of persistent postsurgical pain 56
NG 3458 152069718 Development of persistent postsurgical pain 134
LIRT 3554 rs2110726 Decreased odds of reporting breast pain 92
L1R2 7850 rs11674595 Development of severe persistent postsurgical pain 134
y/Z 3565 152243248 Development of persistent postsurgical pain 134
IL70 3586 13024498 Development of persistent postsurgical pain 134
L13 3596 151295686 Increased odds of reporting breast pain 92
NFKBT 4790 rs4648141 Development of persistent postsurgical pain 134
KCNST 3787 rs4499491 Increased odds of reporting breast pain 14,68
KONJ3 3760 1s7574878 Decreased odds of reporting breast pain 68
KCNJE 3763 1$s2835914 Decreased odds of reporting breast pain 68
KCNVK9 51305 rs3780039 Increased odds of reporting breast pain 68
ADRB2 154 152400707 Development of mild persistent postsurgical pain 61
HIR3A 3359 rs10160548 Development of mild persistent postsurgical pain 61
SLC6AZ 6530 rs1566652 Development of mild persistent postsurgical pain 61
TPHZ 121278 rs11179000 Development of mild persistent postsurgical pain 61
HIRZA 3356 152296972 Development of moderate persistent postsurgical 61

pain
SLCBAZ 6530 rs17841327 Development of moderate persistent postsurgical 61
pain
SLCOA3 6531 rs464049 Development of severe persistent postsurgical pain 61
TNVF 7124 1800610 Development of mild persistent postsurgical pain 135
e 3569 152069840 Development of mild persistent postsurgical pain 135
CACNG2 10369 154820242 Development of persistent postsurgical pain 105

The list was created based on a PubMed search for (Pain OR hyperalgesia OR allodynia) AND (cancer OR tumor) AND breast AND (genetic OR gene) AND (polymorphism OR SNP OR modulation), conducted on June 9, 2018. This

search provided 47 hits. After elimination of 31, 16 reports were kept.

2. Methods
2.1. Patients and pain phenotype

The study followed the Declaration of Helsinki, and both the
Coordinating Ethics Committee (journal number 136/E6/2006) and
the Ethics Committee of the Department of Surgery (148/E6/05) of
the Hospital District of Helsinki and Uusimaa approved the study
protocol. Informed written consent was obtained from each
patient. The cohort has been described in detail previously.5®%°
In brief, 1000 women aged 28 to 75 years, suffering from unilateral
nonmetastasized breast cancer, were enrolled during the pre-
operative visit. Exclusion criteria were neoadjuvant therapy'** and
immediate breast reconstruction surgery. The patients were
treated with breast-conserving surgery or mastectomy, sentinel
node biopsy, and/or axillary clearance. Postoperative analgesia
was standardized, consisting of oral acetaminophen and in-
travenous oxycodone; no regional anesthesia was used. Adjuvant
treatments (radiation therapy, chemotherapy, and hormonal
therapy) were given according to international guidelines.®®
Postsurgical pain intensity was assessed with posted ques-
tionnaires at months 1, 6, 12, 24, and 36 after surgery using the

numerical rating scale (NRS) ranging from O (no pain) to 10 (the
most severe pain that can be imagined).®® For the diagnosis of
persistent pain, NRS data acquired 12 to 36 months after the
surgery were used. As discussed previously,'®® this more
adequately reflects the clinical setting of breast cancer surgery
than the original definition of persistent postsurgical pain, which
proposes a cutoff at 2 months.*® This seems premature, as
adjuvant therapies after breast cancer surgery continue longer.
Persistent pain was defined on the basis of NRS ratings, as
described in detail previously.®® In brief, patients were assigned to
the “persistent pain” subgroup if the following conditions applied:
NRSmonthSG >3 and NRSmonthﬂZ...monthSG >0and (NRSmonthSG -
NRSonthea) =0, whereas patients were assigned to the “non-
persistent pain” group if NRSonthas =3 and NRSonth12...month3s
=3. Applying these selection criteria to the cohort of 1000
women, n = 70 patients were identified with persistent pain.®®

2.2. Next-generation sequencing

The association of the patients’ genotype with the pain-related
phenotype was explored in a set of candidate genes, using the

Copyright © 2019 by the International Association for the Study of Pain. Unauthorized reproduction of this article is prohibited.
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complete information from coding and regulatory parts accessi-
ble by means of NGS. Next-generation sequencing no longer
restricts genotype vs phenotype association assessments to
a few single-nucleotide polymorphisms as had been the standard
a decade ago.®° Specifically, NGS DNA sequencing now refers to
a number of high-throughput technologies that are capable of
parallel analyzes of large numbers of different DNA sequences in
asingle reaction."” Two different commercial NGS platforms are
currently widely used for diagnostic purposes: the MiSeq/HiSeq/
NextSeq (lllumina, Hayward, CA) and the lonTorrent PGM (Life
Technologies, Carlsbad, CA). Although both platforms differ in
the technical implementation of NGS,%3* multiple studies have
shown that both NGS platforms provide reliable sequencing
results in routine clinical diagnostics.?2:94128

2.3. Gene selection

A computational functional genomics—based approach for
candidate gene selection was used, as the present genetic panel
had been assembled solely based on evidence of the involvement
of the genes in persistent pain or on functional genomic analyses.
The Thomson Reuters Integrity database at https://integrity.
thomson-pharma.com on July 11, 2018, indicated that 75% of
these genes are targets of approved or novel analgesics under
current clinical development.®* The list of genes partially over-
lapped with 2 other proposed gene sets involved in the
modulation of pain'®?®® and was in agreement with the genes
listed in the “PainGenes” database (http://www.jbldesign.com/
jmogil/enter.html).5” However, combining all proposals of pain-
relevant genes into a large panel was not an option because of the
technical limitations of the lonTorrent, restricting the panel size to
500 kb (pipeline version 5.6.2).

2.4. Gene sequencing

Next-generation sequencing was performed for the n = 70
patients assigned to the “persistent pain” group, according to the
above-mentioned NRS-based criteria. In addition, a similarly
sized random sample of age- and body mass index—-matched
patients, assigned to the “nonpersistent pain” subgroup based
on the above-mentioned criteria, was included in the analysis
(age: persistent pain group: 57.9 = 7.9 years, nonpersistent pain
group: 58.1 = 8 years, the Wilcoxon test: W = 2476.5, P =
0.9136; body mass index: persistent pain group: 26.6 + 4.8 kg/
m?, nonpersistent pain group: 25.6 = 3.8 kg/m?, the Wilcoxon
test: W = 2224.5, P = 0.3483). The matching criteria reflected
the demographic parameters found to be relevant for the
prediction of persistent pain in the complete cohort of 1000
women.®® Additional relevant parameters included psychological
parameters and acute postoperative pain-related parameters;
however, matching for those made creation of a 70-case-sized
control sample impossible due to too many restrictions.
Furthermore, an earlier analysis of the same cohort performed
at 1 year after the surgery identified, in addition to above-
mentioned demographic or pain-related parameters, smoking as
a risk factor. 2 With respect to smoking, the present persistent
and nonpersistent pain subsamples were similar (the x? test of
smoking behavior: X2 = 0.552, df = 3, P = 0.9073).
Sequencing of coding and regulatory parts of the selected
genes in the n = 140 DNA samples was performed on an
lonTorrent PGM. A multiplex PCR amplification strategy for the
coding gene sequences was established online (lon Ampliseq
Designer; http://www.amplisegq.com) to amplify the target
regions specified above. All the amplicons were designed with
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25 base pair exon padding. After a comparison of several primer
design options, the design providing the maximum target
sequence coverage was chosen. The ordered 1953 amplicons
covered approximately 97.5% of the target sequence. The
Enriched lon Sphere Particles that carried many copies of the
same DNA fragment were subjected to sequencing on an lon 318
Chip to sequence pooled libraries with 7 to 8 samples. The high-
capacity 318 chip was chosen (instead of the low-capacity 314 or
the medium-capacity 316 chip) to obtain a high-sequencing
depth of coverage for a genomic DNA library with >95% of bases
at 30 times base calls (30X, ie, 30 unique reads that include
a given nucleotide). Finally, sequencing was performed using the
sequencing kit (lon PGM Hi-Q Sequencing Kit; Life Technologies,
Darmstadt, Germany), with the 200 base pair single-end run
configuration, according to the manufacturer’s instructions. The
samples were split into 16 equal batches of 8 to 10 samples. The
determination of nucleotide variants from the NGS data was
performed using the software plugin “The Torrent Variant Caller”
as provided by the manufacturer of the lonTorrent device.
Specifically, a called variant is defined as a nucleotide that
disagrees with the nucleotide found in the reference sequence
GRCh37/hg19  (https://www.ncbi.nim.nih.gov/assembly/GCF_
000001405.13/).

2.5. Data analysis

Data analysis was performed using the R software package
(version 3.4.4 for Linux; http://CRAN.R-project.org/)'™* on an
Intel Core i9 computer running on Ubuntu Linux 18.04.1 64-bit.
The analytical protocol for NGS-based genotype vs phenotype
association has recently been established in similarly sized
cohorts carrying or not carrying a pain-related phenotype.®® An
overview of the data analysis is shown in Fig. 1. The analysis was
performed in 2 main steps comprising (1) feature selection of
most informative genetic variants followed by (2) supervised
machine-learming-based genotype X phenotype association
using the selected variants.

2.6. Selection of informative genetic variants

As NGS produced many candidate genetic variables, a dimension
reduction procedure was implemented to narrow the focus to the
most relevant variables. Therefore, the data analysis started with
feature selection.*'"® This was performed in 5 steps as
described previously in all detail.®® In brief, first, variants found
in the whole patient cohort at allelic frequencies below 10% were
omitted. Second, variants for which the distribution of homozy-
gous and heterozygous carriers differed from expectation,
according to the Hardy-Weinberg equilibrium,*® were omitted.
Third, noninformative variants, such as those carried by almost all
or only a few subjects, were detected based on the Shannon
information, 2® and only the most profitable was retained based
on computed ABC analysis.’® The latter is a categorization
technique for the selection of the most important subset among
alarger set of positive numerical items, dividing on a mathematical
basis the set into 3 disjointed subsets “A,” “B,” and “C,”'* of
which set “A”contains “the important few.”%* This was calculated
using our R package “ABCanalysis” (http://cran.r-project.org/
package=ABCanalysis).'*® Fourth, further variants unlikely to
provide a suitable basis for phenotype class assignment were
excluded based on effect size estimates quantified using x?
statistics''° and again followed by ABC analysis of the x° values.
Fifth, random forests combined with computed ABC analysis®®
were used for feature selection. Specifically, a random

Copyright © 2019 by the International Association for the Study of Pain. Unauthorized reproduction of this article is prohibited.


https://integrity.thomson-pharma.com/
https://integrity.thomson-pharma.com/
http://www.jbldesign.com/jmogil/enter.html
http://www.jbldesign.com/jmogil/enter.html
http://www.ampliseq.com/
https://www.ncbi.nlm.nih.gov/assembly/GCF_000001405.13/
https://www.ncbi.nlm.nih.gov/assembly/GCF_000001405.13/
http://cran.r-project.org/
http://cran.r-project.org/package=ABCanalysis
http://cran.r-project.org/package=ABCanalysis
www.painjournalonline.com

2266 D. Kringel et al. « 160 (2019) 2263-2277

70 patients with persisting pain,
70 patients without persisting pain,
5562 genetic variants

v

v

4749 genetic variants

v

v

520 genetic variants

y——

>

yr——

249 genetic variants

Feature selection

——

.

"

86 genetic variants

—
—>

b ——

21 genetic variants

v

| —

Original data Permuted data

v —v

Genotype phenotype association

Figure 1. Flowchart of the data analysis, including a complex feature
selection step and the analysis of whether several machine-learned
algorithms, when trained with the original genetic information, associated
the pain phenotype group better than when trained with nonsense
information consisting of permuted genotypes. Feature selection started
with the full NGS information. Subsequently, variants not in the Hardy-
Weinberg equilibrium*® and those rarer than 10% allelic frequency were
eliminated. The next steps involved analysis of information content using
the Shannon'2® information criterion and variants most unequally distrib-
uted among phenotype groups, based on the x? statistic, selected as the
“A” subset of a computed ABC analysis,'*® ie, the “most profitable”
items. ' Finally, the genetic variants were ranked for their importance in
a random forest classifier, and only the most relevant items in ABC set “A”
were maintained. This selection was used for genotype vs phenotype
associations, once as original genotype per patient, and gain with permuted
genetic information. To verify that the random forest step in feature
selection had not led to a feature set biased toward this particular algorithm,
the classification was also performed using the feature set obtained before
the last step of feature selection. HW, Hardy-Weinberg; NGS, next-
generation sequencing.

PAIN®

forest-based classifier®‘® was created to assign a patients based

on the NGS information to a pain phenotype. Genetic variants
were iteratively left out from the classification task, and the
decrease in classification accuracy associated with the omitted
variant was retained. The calculations were done using the R
library “randomForest” (https://cran.r-project.org/package=ran-
domForest).”* Subsequently, computed ABC analysis was
applied to select only variants that, when omitted, produced an
important drop in accuracy, ie, belonged to ABC set “A” in this
calculation. The analyses were performed following the concept
of a nested cross-validation analysis.'*® Specifically, using 1000
times Monte-Carlo®” resampling, the original data set was class
proportionally split into disjoint training (2/3 of the data) and test
(1/8 of the data) data subsets. Further measures against
overfitting have been described with previous analogous
analyses.®382

2.7. Genotype vs phenotype association

After feature selection, the genetic variants selected for further
analysis were included in the genotype vs phenotype association
assessments. The analysis followed the same concept as applied
in a previous analogous assessment previously described in
detail.®® In brief, the relationship between the genotypic and the
phenotypic data structure was first explored using unsupervised
machine learning to identify a genetic marker pattern that is
compatible with the class structure of the phenotypes. Following
establishment that the genetic data contained a structure onto
which the phenotype class structure can be superimposed to
a statistically significant degree, mapping of the genetic
parameters to the phenotype classes was performed. The main
idea was to train an artificial intelligence, implemented as different
types of supervised machine learning, to learn how the genetic
information was associated with the pain-related phenotype, and
to subsequently use the trained intelligence to predict a pheno-
type from new genetic data. Should this application perform
better than guessing, the phenotype can be regarded as being
related to the genotype.

The use of the artificial intelligence algorithms for these 2 main
steps of the genotype vs phenotype association analysis has
been described in detail previously.?® In brief, for pattern
identification in the prepossessed NGS genotypes, possibly
reflected in the phenotype class structure, unsupervised machine
learning was implemented as a swarm of intelligent agents called
DataBots."*" A parameter-free focusing projection method of
a polar swarm, Pswarm, was used that exploits concepts of self-
organization and swarm inteligence.%® Agents of Pswarm
operate on a toroid polar grid. Following learning, DataBots
carrying items with similar features, ie, DataBots associated with
similar data points, are placed in groups on the projection grid.
The identification of emergent cluster structures was enhanced
by displaying the distances between data points as a third
dimension implemented as a so-called U-matrix.53%" The
corresponding visualization technique is a topographical map
colored like a geographical map facilitating the recognition of data
structures as “valleys” separated by “mountain ridges.” The
calculations were performed using the R library “DatabionicS-
warm” (M. Thrun, https://cran.r-project.org/package=Databio-
nicSwarm).*° Finally, projected data cluster was detected using
the Ward method.'®? The association of the genotype clusters
with the phenotype classes was tested using the Fisher exact
statistics.*°

Supervised algorithms were used to map the genetic input
space to the output space, defined by the phenotype class
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Figure 2. Selection of informative variants using random forest analysis followed by computed ABC analysis: (A) Computed ABC analysis of the forest-based
feature ranking (Supplementary Fig. 1, http://links.lww.com/PAIN/A795) of the importance of the genetic variants for class association of patients to the “persistent
pain” or the “nonpersistent pain” subgroups. The ABC plot (blue line) shows the cumulative distribution function of the mean decreases in accuracy, along with the
identity distribution, x; = constant (magenta line), ie, each feature contributes similarly to the classification accuracy (for further details about computed ABC
analysis, see Ref. 146). The red lines indicate the borders between ABC sets “A,” “B,” and “C.” Only set “A” containing the most profitable items was selected as
most genes for the identification of patients with persistent pain. (B) Bar plot of the number of genetic variants found in ABC set A during the 1000 runs. (C) Bar plot
of the features’ importance in descending order of their appearance in ABC set “A” during the 1000 runs. As set “A” had most frequently a size of d = 21, the 21
variants (blue bars) found most frequently in set “A” were selected as the most relevant lipid mediators for the association with persistent pain. The figure was
created using the R software package (version 3.4.4 for Linux; http://CRAN.R-project.org/)."'* In particular, the computed ABC analysis was performed and

plotted using our R package “ABCanalysis” (http://cran.r-project.org/package =ABCanalysis).

146

information. These methods included: (1) random forests,®4€ (2)
adaptive boosting, '?" (3) k-nearest neighbors (kNN2), (4) logistic
regression, '°" (5) support vector machines,'® and (6) naive Bayes
classification.? The methods were chosen heuristically, with the
intention to cover a variety of machine-learned classifiers
previously used in pain research,®® such as prototype-based
learning (eg, kNN) or ensemble-learning—based classifications
(eg, boosting of simple decision trees or random forests), with the
addition of classical methods such as logistic regression included
for its vicinity to statistical approaches, or naive Bayes.

Briefly, random forests were introduced during the de-
scription of the feature selection. Boosting'?" is another variety
of ensemble learning that approaches classification through
a set of weak learners that are tuned to provide a single strong
learner.%® In the present analysis, adaptive boosting was used
as a successful algorithm for binary classification.'?? These
calculations were made using the R package “ada” (http://cran.
r-project.org/package=ada with the partitioning and classifica-
tion package “rpart” https://cran.r-project.org/package=r-
part).?! K-nearest neighbor classification?® was implemented
as a 5NN classifier, as the default of the R package “KernelKnn”
(Mouselimis L, https://cran.r-project.org/package=Ker-
nelknn). Standard Bayesian classifiers were obtained using
the R package “e1071” (Meyer D, https://cran.r-project.org/
package=e1071). Support vector machines, which classify
data mainly based on geometrical and statistical approaches
used for finding an optimum decision surface (hyperplane), were
created using the R library “kernlab” (https://cran.r-project.org/
package=kernlab).%” Finally, logistic regression'®' was per-
formed using the “glm” command and the “family = binomial”
switch, as implemented in the R “stats” package''* provided
with the basic installation of the software core package (http://
www.R-project.org/).

The analyses were performed on the original and the
negative control data sets in 1000 cross-validation runs using
Monte-Carlo®” resampling and random splits of the original
training data set into disjoint new training (2/3 of the data) and
test (1/3 of the data) data subsets. The performance of all
classifiers was assessed on the test data subsets created
during cross-validation and is reported as the median of the
resampling runs. The mapping of the feature space (NGS data)
to the output space (pain phenotype groups) was addressed by
training the machine-learning methods on the original data set
and repeated on a negative control data set created by random
permutation of the genetic data in the actual training subset.
The expectation was that the prediction would be consistently
better when using the original genotypes than when using the
permuted genotypes. When trained with permuted data,
a classification better than chance, or more precisely, better
than a zeroR classifier that simply assigns every case to the
majority group resulting in 50% in the present sample, would
hint at possible overfitting.

Measures to protect against overfitting were implemented as
described elsewhere.®? These included: (1) tuning of available
hyperparameters, (2) the above-mentioned 1000 cross-validation
runs using random splits of the original data set into disjoint
training (2/3 of the data) and test (1/3 of the data) data subsets, (3)
the above-mentioned negative control condition, and (4) the use
of 6 different classifiers to avoid reliance of the analysis on a single
method in which occasionally overfitting may have occurred. The
addition of further classifiers also considered a possible bias in the
features selection that relied on random forests. In addition, the
genotype vs phenotype associations were repeated using the
feature set that had been obtained before random forests
followed by ABC analysis had been performed during feature
selection.
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Genetic variants (d = 21) that were included in the genotype-phenotype associations following the feature selection step of the

data analysis (Fig. 1).

Gene Variant DNA change Molecular consequence dbSNP ID
DRDT X5.174870196.SNV C>T UTR5 variant rs5326
FAAH X1.46879562.SNV T>G UTR3 variant rs2295632
FAAH X1.46870761.SNV C>A Missense variant rs324420
GCHT X14.55310003.SNV >C UTR3 variant rs45454691
GPR132 X14.105516226.SNV C>G UTR3 variant rs12890396
OPRMT X6.154449850.SNV C>A UTR3 variant rs613355
DRD3 X3.113890815.SNV C>T Missense variant 1s6280
RELN X7.103136102.SNV C>A Intronic variant rs2528873
GABRAS X15.27188459.SNV C>T Synonymous coding variant 15140685
GPR132 X14.105532002.SNV >C UTR5 variant rs3809469
GPR132 X14.105531945.SNV A>G UTR5 variant rs3809470
NFT X17.29703438.SNV C>G UTR3 variant rs1800845
GPR132 X14.105522201.SNV C>T UTR5 variant rs7157567
coMmT X22.19956781.SNV G>A UTR3 variant rs165599
TRPAT X8.72938359.SNV >C Intronic variant rs2305019
TRFAT X8.72938332.SNV G>A Intronic variant rs2305017
GABRAS X15.27182656.SNV A>G Intronic variant rs61999613
GPR152 X14.105523663.SNV G>A Intronic variant rs7147439
ABHDE X3.58270963.SNV >C Intronic variant 186774235
ABHDE X3.58280061.SNV >C UTR3 variant 156924
DRD4 X11.640860.Del delG UTR3 variant =

Their potential biological functions were queried from several publicly available databases (NCBI gene index database at http://www.ncbi.nim.nih.gov/gene; GeneCards at http://www.genecards.org, Short Genetic Variations
database (dbSNP) at https://www.ncbi.nlm.nih.gov/snp, and the “1000 Genomes Browser” at https://www.ncbi.nlm.nih.gov/variation/tools/1000genomes; all accessed on June 2018). The order of the variants corresponds to

their importance for phenotype association shown in Supplementary Figure 2, http://links.lww.com/PAIN/A795.

Del, nucleotide deletion; Ins, nucleotide insertion; SNV, single-nucleotide variation.

In addition to the machine-learned approach to genotype—
phenotype association, a classical x° test analysis was performed
on the variants found at allelic frequencies >10%, without any
further feature selection.

3. Results

Next-generation sequencing data were obtained from n = 140
patients equally distributed across phenotype classes of “per-
sistent pain” or “nonpersistent pain.” The genetic information
initially comprised d = 4748 loci for which in at least one subject,
an allele was observed that differed from the hg19 reference
genomic sequence and for which the allelic distribution corre-
sponded to the expectation from the Hardy-Weinberg equilib-
rium (the Fisher exact tests: P > 0.05). Most of the variants were
rare, selecting only those found at allelic frequencies =10%
provided d = 520 variants. Following feature selection based on
the Shannon information criterion, d = 249 variants passed, and
following application of the criterion based on x° statistics for
phenotype group differences, d = 86 genetic features remained
in the data set. The final step of feature selection reduced the set
further to d = 21 variants (Fig. 2). The selected variants covered
13 different genes and had different putative molecular functional
consequences (Table 2). The frequencies of the minor alleles
ranged between 19.3% and 40%, with a median of 31%.
Specifically, variants in the ABC set “A” belonged, in descending
order of importance (Supplementary Fig. 2, available at http://

links.lww.com/PAIN/A795), to the genes DRD1, FAAH, GCHT,
GPR132, OPRM1, DRD3, RELN, GABRAS, NF1, COMT, TRPAT,
ABHDG6, and DRD4 (for gene names, see Table 3).
Unsupervised machine learning, aiming at data structure
detection, was applied to analyze the 140 X 21-sized matrix
comprising d = 21 genetic variants acquired in n = 140 patients.
Training of a swarm of intelligent data bots provided a structure-
preserving projection of the high-dimensional data space
D={Xig,i=1,..., n}cRd onto a 2-dimensional toroid projection
grid (Fig. 3). Following addition of the U-matrix, a cluster structure
emerged from the separation of the data bots carrying the genetic
information into 2 distinct groups as visually indicated by
a “mountain range” on the topographic map analogy (Fig. 3
top). This was verified by Ward clustering that indicated 2 clusters
differing with respect to the pattern of genetic variants (Fig. 3).
Finally, the cluster membership was found to be unequally
distributed among the phenotypes (the Fisher exact test: P <
0.05). This supported further exploration of the genetic in-
formation for relevance for the phenotypic classification.
Supervised machine learning, applied in cross-validation
experiments using 1000 Monte-Carlo random resamplings of 2/
3 vs (new training subset) 1/3 (new test) of the data (Supplemen-
tary Fig. 1, available at http://links.lww.com/PAIN/A795), pro-
vided the consistent observation that when using the true NGS
genotypes, the phenotype class assignment was better than
guessing (Table 4). This is indicated by the fact that values for
accuracy exceeded 50%, which would be zeroR expectation
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Table 3 (continued)

Genes included in the NGS panel of persistent pain. Gene symbol NCBI _ Gene description Ref.
Gene symbol NCBI  Gene description Ref. KONST 3787  Potassium voltage-gated channel, modifier 19
ABHD72 26090 Abhydrolase domain containing 12 60 subfamily S, member 1
ABHDIGA 7920 Abhydrolase domain containing 16A 60 T 3815 Tyrosine kinase KIT 187
ABHD6E 57406 Abhydrolase domain containing 6 60 L1647 1241 Leukotriene b4 receptor 65
40T 107 Adenylate cyclase 1 147 LTB4R2 56413  Leukotriene b4 receptor 2 65
ADRB? 154 Adrenoceptor beta 2 47 N7 4763 _ Neurofioromin 1 =
BONF 627 Brain-derived neurotrophic factor 106 ver 4803 Nerve growth factor 66
CACMG2 10369 Calcium voltage-gated channel auxiliary subunit 105 Vird 4909 Neurotrophin 4 66
gamma 2 NIRKT 4914 Neurotrophic tyrosine kinase 1 66
CORS 1020 Cyclin-dependent kinase 5 157 OPRDY 4985  Opioid receptor delta 1 71
CHRNB2 1141  Cholinergic receptor, nicotinic, beta 2 26 OPRKT 4986  Opioid receptor kappa 1 40
CNVRT 1268  Cannabinoid receptor 1 (brain) 131 OPRM7T 4988  Opioid receptor mu 1 79
cOMT 1312 Catechol-0-methyltransferase 29 OXT 5020  Oxytocin prepropeptide 38
CSF1 1435  Colony-stimulating factor 1 142 PORX7 5027  Purinergic receptor P2X7 133
DLG4 1742 Discs, large homolog 4 (Drosophila) 31 PLCBT 23236  Phospholipase C, beta 1 126
DRDT 1812 Dopamine receptor D1 108 PRKCG 5582  Protein kinase C, gamma 130
DRD2 1813  Dopamine receptor D2 108 PRNP 5621  Prion protein 34
DRD3 1814 Dopamine receptor D3 12 PIN 5764  Pleiotrophin 39
DRD4 1815 Dopamine receptor D4 11 PIPRZ?7 5803  Protein tyrosine phosphatase Z 1
FGRT 1958  Early growth response 1 62 RELN 5649  Reelin 10
ESRT 2099  Extrogen receptor 1 116 RET 5979  RET receptor tyrosine kinase 132
FAAH 2166  Fatty acid amide hydrolase 53 RUNXT 861 Runt-related transcription factor 1 16
FKBPS 2289  Fkd06-binding protein 5 33 57008 6285  S100 calcium-binding protein B 158
FOS 2353 Cellular oncogene FOS 1 SCN9A 6335  Sodium voltage-gated alpha subunit 9 115
Fm 2534 Src family tyrosine kinase 76 SLC6A4 6532 Serotonin transporter 107
GABRAS 2558  GABA A receptor, alpha 5 6 Sop2 6648  Superoxide dismutase 2 124
GALR2 8811  Galanin receptor 2 50 TH 7054  Tyrosine hydroxylase 7
GCHT 2643  GTP cyclohydrolase 1 139 7LR4 7099  Toll-like receptor 4 51
GONF 2668  Glial cell-derived neurotrophic factor 120 TNVF 7124 Tumor necrosis factor 73
GFRAT 2674 GDNF family receptor alpha 1 156 TRPAT 8989  Transient receptor potential cation channel, 5
GPR132 29933 G-protein-coupled receptor 132 48 subfamily A, member 1
GRIVT 2002 Glutamate receptor, NMDA 1 111 TRPME 79054  Transient receptor potential cation channel, 5
subfamily M, member 8
GRINZA 2903  Glutamate receptor, NMDA 2A 111
TRPVT 7442  Transient receptor potential cation channel, B
GRINZB 2904  Glutamate receptor, NVIDA 2B 111 subfamily VV, member 1
GRMS 2915 Glutamate receptor, metabotropic 5 150 TRPV4 59341 Transient receptor potential cation channel, 5
HONZ 610  Hyperpolarization-activated cyclic nucleotide-gated 145 subfamily V, member 4
HA-DQR? 3119 Major histocompatibility complex, class Il, DQ beta 27 I1SPO 706 Translocator protein n
1 The selection of the genes has been described previously in more detail,>* including evidence for the
involvement of the respective gene in persistent pain.
HIA-DRBT 3123 Major histocompatibility complex, class I, DRbeta1 27 NGS, next-generation sequencing; NMDA, Amethyl-p-aspartate.
HRHS 11255 Histamine receptor H3 49
HIRIA 3350  5-hydroxytryptamine (serotonin) receptor 1A 75 (Supplementary Fig. 3, available at http://links.lww.com/PAIN/
HIR2A 3356  5-hydroxytryptamine (serotonin) receptor 2A 104 A795). Specifically, accuracies obtained with random forests,
10 3586 Interieukin 10 134 adaptive boosting, kNN, naive Bayes, support vector machine,
nierleurin and regression-based classifiers were 71.7, 71.7, 65.2, 67.4,
L1B 3563  Interleukin 1B 78 71.7, and 65.2, respectively; the values of the areas under the
Va2 7850  Interleukin 1 receptor type 2 134 receiver operator characteristic were similar as those of the
N e —— 136 acourac!es (Table 4). The above-mentioned obtglned balanced
accuracies exceeded the balanced accuracies that were
LE 3569 Interleukin 6 127 obtained when training the algorithms with d = 86 variants that
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had been identified before the last step of feature selection
(67.4%, 67.4%, 64.1%, 65.2%, 67.4%, and 56.5%, respectively),
emphasizing the utility of a dimension reduction before training
machine-learning algorithms. By contrast, class assignment
using the permuted, and therefore meaningless, genotype
information used as the negative control was 50%, thus,
corresponding to chance. The best median classification
accuracy with the true genotypes was obtained with random
forests, adaptive boosting, and support vector machines
(Table 4). The use of random forests already in feature selection
did not produce a bias toward this particular algorithm, as
indicated by the similar classification performance of all algo-
rithms. This was true either with the set of 21 variants included in
the final result or with the set of 86 variants that had been obtained
during feature selection before random forests had been
included.

Finally, a classical x° test-based genotype vs phenotype
association was performed for comparison. Using the d = 520
variants observed at allelic frequencies =10% resulted in 24 P
values <0.05 but, only at the uncorrected o-level (Fig. 4).
However, when corrected according to Bonferroni,* the resulting
a level of 9.61 X 107° for the d = 520 genetic variants was
exceeded for all gene loci.

4. Discussion

The analyses showed that selected genotypes, obtained by NGS
of coding and regulatory parts of genes reported to be involved in
the modulation of pain, are able to correctly assign a patient
phenotype to either pain persistence after breast cancer surgery
or not. This can be concluded from the observations that (1)
machine-learned algorithms trained with the true genetic in-
formation were able to assign an individual to the correct pain
phenotype group better than just guessing, and that (2)
algorithms trained with the random genetic information were
unable to perform this task while not differing from performance
obtained by guessing. Thus, the main result of the preset analysis
is the unequivocal establishment of a genetic background of pain
persistence after breast cancer surgery. Moreover, the present
analysis narrowed the focus from initially 77 candidate genes to
finally 13 genes in which variants were associated with group
differences in the development of pain over the 3 years after
breast cancer surgery.

An interesting result of the present analysis is that the highest-
ranked variants are located in genes involved in dopaminergic
pathways, including the receptor genes DRD1, DRD3, DRD4,
and the tyrosine hydroxylase gene TH, which codes for a rate-
limiting enzyme in dopamine synthesis. So far, variants in these
genes have been implicated in promoting chronic back
pain.*2435291 Their implication in pain after breast cancer
surgery is novel. Variations in genes operating in the catechol-
aminergic and serotonergic pathways (COMT, HTR2A, HTR3A,
SLC6A2, and SCLEA3) are logical candidates that may contribute
to the development and severity of persistent pain after breast
surgery. Catecholamine and serotonin serve as principal neuro-
transmitters and play important roles in both the peripheral and
central mechanisms of pain.®' These neurotransmitters activate
peripheral nociceptors during tissue injury and contribute to the
development of central sensitization.®® Dysfunction in both
catecholamine and serotonin neurotransmission is implicated in
the development of persistent pain syndromes.®

Several of the highest-ranking variants (Supplementary Fig. 2,
available at http://links.lww.com/PAIN/A795) are located in the
G-protein-coupled receptor 132 (G2A) gene (GPR132). The G2A
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receptor is an antiproliferative cell cycle regulator that can be
induced by several different stimuli, including different classes of
DNA-damaging agents such as hydroxyurea, 5’-fluorouracil,
cytosine arabinoside, etoposide, taxol, or doxorubicin.’®® Of
note, most of the present patients had received docetaxel in
addition to 5-fluorouracil, epirubicin, and cyclophosphamide. '2°
The G2A receptor is implicated in chemotherapy-induced
peripheral neuropathic pain, as its activation sensitized the
ligand-gated ion-channel TRPV1 in sensory neurons through
activation of protein kinase C.”® The highest-ranked GPR132
SNP in the present association analysis was rs12890396, which
is a micro-RNA target site that has been implicated among risk
factors for endometriosis.

GABAergic mechanisms play a role in the mediation and
perception of pain, and at least some types of persistent pain
have been associated with a decline in GABAergic tone.” At the
cellular level, opioids and cannabinoids are thought to activate
descending analgesic pathways indirectly by suppressing in-
hibitory GABAergic inputs into output neurons of these descend-
ing pathways.”° In addition to these roles of GABRAS in pain, the
receptor has been implicated in the progression of breast cancer
where GABRAS mutations have been found in the primary tumor
and first metastases.®” Within the candidate gene approach, the
appearance of COMT among the genes with the most relevant
variants for the association to the present persistent pain
phenotype groups provides support to the suggestion®® that it
is a key genetic modulator of pain in the average population.
Interestingly, other COMT polymorphisms increasing heat or cold
pain sensitivity before breast cancer surgery have already been
detected in the same cohort of women as previously reported.®®
Similarly, GCH1 variants have been implicated in protecting
against pain. A pain-protective haplotype has been reported,
which is composed of 15 single-nucleotide polymorphisms in the
GCH?1 gene."® Presently, the X14.55310003.SNV correspond-
ing to the database listed variant rs45454691 was among the
highest-ranked modulators of the risk of persistent pain. This
variant is located in the 3" downstream region of the gene. It was
more frequent in the “persistent pain” group (Supplementary Fig.
1, available at http://links.lww.com/PAIN/A795). However, it is
notincluded in the “pain-protective” GCH1 haplotype, mentioned
above, and therefore, its higher frequency among patients with
pain does not contradict prior knowledge.

Reelin is a glycoprotein that modulates N-methyl-p-aspartate
receptor function'” and plays a role in sensory processing.'®"
RELN mutations have been associated with mechanical and
thermal hypersensitivity.'® A direct link to breast cancer may be
based on the role of reelin in the control of cell migration and
tumor invasiveness.'® In addition, a role of neuroinflammation in
persistent pain is increasingly recognized. For example, one of
the sites of interaction of the immune system with chronic pain
has been identified as neuroimmune crosstalk at the glial-opioid
interface.* In addition, FAAH®® and GCH1%° also play a role in
pain-related inflammatory processes. FAAH variants have been
identified in an independent analysis of 9 different pain
phenotypes in the same cohort, '? as well as P2RX7.%¢ Moreover,
a link between FAAH and breast cancer is supported by reports
that cannabinoid receptor agonists inhibited tumor growth and
metastasis of breast cancer.'"®

Considering the role of the p-opioid receptor gene OPRM1 in
pain, through both its effect on pain sensitivity and opioid
analgesia, it was not surprising that it was among the highest-
ranking variants. The 118A>G single-nucleotide polymorphism
(OPRM1 rs1799971) is of great scientific interest. It modulates
both the expression and signaling efficiency of the w-opioid
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Figure 3. Data structure found in the NGS genotypes and its relation with the phenotypes: (A) Visualization of high-dimensional data consisting of d = 21 variants in
13 different genes analyzed in n = 140 subjects. The data were projected onto a 2-dimensional grid using a parameter-free projection polar swarm, Pswarm.'*!
During the learning phase, the DataBots were allowed adaptively adjusting their location on the grid close to DataBots carrying data with similar features, with
successively decreasing search radius. When the algorithm ends, the DataBots become projected points. To enhance the emergence of data structures on this
projection, a generalized U-matrix displaying the distance in the high-dimensional space was added as a third dimension to this visualization. The U-matrix was
colored to appear as a geographical map with brown (up to snow-covered) heights and green valleys with blue lakes. Watersheds indicate borderlines between
different groups of subjects according to the pattern of repeated cold pain measurements. The data points are colored according to the emerging 2-cluster
structure. (B) Ward clustering of the projected data clearly indicated 2 clusters. (C) Subjects belonging to the different genotype clusters were unevenly distributed
across the pain phenotype groups, ie, assignment to either the nonpersisting pain or the persisting pain group, at a statistical significance level of P < 0.05 (the
Fisher exact test). The mosaic plots represent the contingency table of the genotype vs phenotype class structure (membership size). The figure has been created
using the R software package (version 3.4.4 for Linux; http://CRAN.R-project.org/),"'* in particular the libraries “DatabionicSwarm” (https://cran.r-project.org/
package=DatabionicSwarm)'*' and “gplots” (Warnes et al., https://cran.r-project.org/package=gplots). NGS, next-generation sequencing.

receptor. However, in the present cohort, rs1799971 was not In the light of the limitations of the present data, the accuracy of
associated with persistent pain, although an earlier analysis'*had ~ 71% for the prediction of persistent pain seems remarkable. First,
associated rs1799971 with postoperative oxycodone demands  the cohort was small, owing to the <10% of patients who
and several other studies with the demands of other opioids. On  developed persistent pain among the originally enrolled 1000
the other hand, OPRM1 rs613355 was among the most relevant patients,®® and replication of these findings is needed in an
genetic variants. This variant seems to be an expression independent and larger sample. Second, this study included
quantitative trait locus (eQTL), defined as genomic loci that  replications using data splits and resampling techniques in cross-
explain all or a fraction of variation in expression levels of  validation experiments. However, a completely independent
mRNAs. "8 Specifically, rs613355 is listed as located in a cis-  control cohort was not available. Nevertheless, some of the
eQTL locus for OPRM1,** a locus that maps to the approximate  candidate genes were taken from positive reports of an
location of their gene-of-origin. lts association with OPRM1  association of variants with pain-related phenotypes, making
expression was statistically significant at P = 0.01. the present analysis, in part, a replication study of earlier
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Performance of classifiers obtained using different machine-learned methods (random forests, adaptive boosting, k-nearest neighbors [KNN], naive Bayes, and support vector
machines [SVM]) that were trained with (1) the original genetic information and (2) using training data subsets constructed to provide a negative control by permuting the original
genotypes.
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Parameter Random forests Boosting kNN Naive Bayes SVM Regression
(%) Original Original Permuted Original Original Permuted Original Original Permuted Original Original Permuted Original Original Permuted Original Original Permuted
data data training data data ( training data data training data data training data data training data data training
(d=21 (d=286 data (d=21 d=286 data (d=21 (d=286 data (d=21 (d=286 data (d=21 (d=286 data d=21 (d=286 data
variants) variants) variants) variants) variants) variants) variants) variants) variants) variants) variants) variants)
Sensitivity, 73.9 65.2 47.8 69.6 69.6 47.8 60.9 69.6 52.2 69.6 60.9 47.8 69.6 69.6 47.8 56.5 56.5 50
recall
Specificity 739 69.6 47.8 73.9 69.6 47.8 69.6 56.5 52.2 69.6 65.2 52.2 739 65.2 52.2 739 56.5 52.2
Positive 72 66.7 50 7.4 68.4 50 66.7 62.5 50 68.2 65.2 50 714 66.7 50 66.7 55.2 50
predictive
value,
precision
Negative 2.7 66.7 50 70.8 68.2 50 64.3 66.7 50 68.2 64 50 70.8 66.7 50 62.3 55 50
predictive
value
F1 72.3 66.7 50 70.8 68.1 50 63.9 66.7 51.1 68.2 63.6 50 711 66.7 50 60.9 54.5 50
Accuracy 7 67.4 50 7 67.4 50 65.2 64.1 50 67.4 65.2 50 mn7 67.4 50 65.2 54.3 50
Area under  71.7 67.4 50 7.7 67.4 50 65.2 64.1 50 67.4 65.2 50 .7 67.4 50 65.2 56.5 50
the ROC curve

Results represent the medians of the test performance measures from 1000 model runs using Monte-Carlo resampling with splits into 2/3 of the data (training data subset) and 1/3 (test data subset).
ROC, receiver operating characteristic.
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Figure 4. Dotplot (Manhattan plot) of the results of the x2 test-based genotype vs phenotype association tests for d = 520 gene lociin 77 genes (Table 2) found at allelic
frequencies = 10% in the n = 140 patients after breast cancer surgery. The « levels, without (red) and with (gray/green) correction for multiple testing according to
Bonferroni,* are indicated as dashed lines. The figure was created using the R software package (version 3.4.4 for Linux; http://CRAN.R-project.org/)' ™ and the

package “CMplot” (Lilin Yin; https://github.com/YinLiLin/R-CMplot).

evidence. Moreover, the fact that 75% of these genes are targets
of approved or novel analgesics under current clinical de-
velopment supports the relevance of the findings. Of the 13
genes in the final set identified in the present analysis, 10 (77%)
figure among the targets of analgesics, namely ABHD6, COMT,
DRD1, DRD3, DRD4, FAAH, GABRAS5, OPRM1, RELN, and
TRPAT. This suggests that the present set of gene variants may
pave the way for future efforts to establish personalized therapy in
persistent pain after breast cancer surgery, when some of the
drugs under development become clinically available. Third,
although this study used a candidate gene approach limited to 77
genes due to technical limitations of the AmpliSeq panel, it
exceeded classical candidate gene approaches by including
a genome-wide selection of genes and, importantly, by including
the complete sequence of exomic and regulatory parts of the
selected genes.

Using a case-control approach in which we compared
a subgroup of patients with persistent pain to a similarly sized
sample of patients who did not have persistent pain has some
limitations. Specifically, it is possible that certain identified variants
would also have been seen in the unsampled members of the
nonpersistent pain subgroup. That the present results are an
effect of this sampling may be contradicted by the reproduction of
variants that have been assessed previously using the full cohort
while not using NGS. 2% With NGS, the financial effort had to be
limited, and therefore, the present sample was taken to compare
the genotypes of the subjects with the extreme pain phenotypes
of interest, while intermediate phenotypes were omitted. This is
a standard design that has several variants such as using
matched pairs or similar designs. Therefore, the numerical values
of the pain phenotype group association accuracy may require
revision when applied to a nonselected cohort. Hence, the
reported classification performances of the algorithms are not
presented as diagnostic tools but have been used in a knowl-
edge-discovery manner aimed at identifying genetic variants
distinctive between extreme pain phenotypes after breast cancer
surgery. A further limitation of this study is the omission of rare
variants found at allelic frequencies <10%. Indeed, it is possible
that the development of persistent pain is regulated by some of
the omitted variants and moreover, in each patient by another
variant. This would require another analysis such as proposed
elsewhere.®® However, the present already complex analysis

focused on the group-level differences and was therefore not yet
further extended.

The intensity of pain is the traditional target of research and
therapy concepts. However, it becomes clearer that this may
underestimate the complexity of pain and reflects its clinical
facets only partly. The present group definition may therefore
reflect the clinically relevant phenotype only partially. Further-
more, the present analysis focused on genetic variants while
ignoring other modulators of persistent pain. This partly owes to
the conceptualization as a genetic association study and partly to
the intention to observe nonredundancy to previous analyses of
the same cohort. We know from the previously analyses of this
cohort that demographic, psychological, and early pain-related
parameters are predictive for the development of persistent pain
or the lack of such development.®*858° Rather than adding these
parameters again, it would be interesting in the future to combine
several different classifiers to study whether this increases the
overall predictive value.

Finally, this study still used a candidate approach because of
technical and project limitations, and the sample size was also
limited. While providing a hierarchy of candidate genes and
variants in the present clinical context, replication in larger studies
and in studies with unrestricted inclusion of all pain-relevant
genes or the whole genome could be based on the present
positive results.

5. Conclusions

Using NGS-derived genetic information on the coding and
regulatory sequences of 77 candidate genes, machine-learned
analysis indicated that the genotypes provide useful information
for the allocation of the patients to either a “persistent pain” or
“nonpersistent pain” phenotype group in a 3-year follow-up after
breast cancer surgery. Although candidate genes had been
selected on the basis of previous reports in persistent pain, the
present results provided a ranking of genes with respect to their
importance in the clinical context. A particular association with
breast cancer could be observed for most of the highest-ranking
genes. These findings strengthen the specificity of the present
results for the clinical setting of breast cancer surgery. The
involvement of the genes in breast cancer applies to the whole
cohort, while the present analysis identified differences with
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respect to the development of pain. Thus, in addition to
modulation of the clinical course of breast cancer, specific
modulation of pain is provided by certain variants. For example,
an important role of the DRD7 and GPR132 genes, or of a variant
located in a cis-eCTL position of the OPRM1 gene, in the clinical
context of pain after breast cancer surgery, was highlighted as
a novel finding.

Conflict of interest statement

The authors have no conflicts of interest to declare.

Acknowledgement

The authors thank Professor Mike Parnham for native English
proofreading the manuscript.

This work was supported by the European Union Seventh
Framework Programme (FP7/2007—2013) under grant agree-
ment no. 602919 (GLORIA, E.K., J.L.), by the Academy of Finland
(E.K.) and by the Helsinki University Hospital Governmental
Research funds (TYH2008225, TYH2010210, E.K.). Additional
support, in particular for the NGS laboratory equipment, was
received from the Landesoffensive zur Entwicklung wissen-
schaftlich-dkonomischer Exzellenz (LOEWE), Centre for Trans-
lational Medicine and Pharmacology (J.L.). The funders had no
role in method design, data selection and analysis, decision to
publish, or preparation of the manuscript.

Data from this study were analyzed in a nonredundant manner as
published in Breast Cancer Res Treat. 2018. doi: 10.1007/
$10549-018-4841-8, Br J Anaesth. 2018 Nov;121(5):1123-
1132, BrJ Anaesth. 2017 Oct 1;119(4):821-829, and J Clin Oncol
2017; 35: 1660-1667.

Appendix A. Supplemental digital content

Supplemental digital content associated with this article can be
found online at http://links.lww.com/PAIN/A795.

Article history:

Received 19 December 2018
Received in revised form 29 April 2019
Accepted 3 May 2019

Available online 15 May 2019

References

[1] Abbadie C, Besson JM, Calvino B. c-Fos expression in the spinal cord
and pain-related symptoms induced by chronic arthritis in the rat are
prevented by pretreatment with Freund adjuvant. J Neurosci 1994;14:
5865-71.

[2] Bayes M, Price M. An essay towards solving a problem in the doctrine of
chances. By the late Rev. Mr. Bayes, F. R. S. Communicated by Mr.
Price, in a Letter to John Canton, A. M. F. R. S. Phil Trans 1763;53:
370-418.

[3] Becker S, Schweinhardt P. Dysfunctional neurotransmitter systems in
fioromyalgia, their role in central stress circuitry and pharmacological
actions on these systems. Pain Res Treat 2012;2012:741746.

[4] Bonferroni CE. Teoria statistica delle classi e calcolo delle probabilita.
Pubblicazioni del R Istituto Superiore di Scienze Economiche e
Commerciali di Firenze 1936;8:3-62.

[5] Bourinet E, Altier C, Hildebrand ME, Trang T, Salter MW, Zamponi GW.
Calcium-permeable ion channels in pain signaling. Physiol Rev 2014;94:
81-140.

[6] Bravo-Hernandez M, Corleto JA, Barragan-lglesias P, Gonzalez-
Ramirez R, Pineda-Farias JB, Felix R, Calcutt NA, Delgado-Lezama R,
Marsala M, Granados-Soto V. The a5 subunit containing GABAA
receptors contribute to chronic pain. PAIN 2016;157:613-26.

PAIN®

[7] Bravo L, Torres-Sanchez S, Alba-Delgado C, Mico JA, Berrocoso E.
Pain exacerbates chronic mild stress-induced changes in noradrenergic
transmission in rats. Eur Neuropsychopharmacol 2014;24:996-1003.

[8] Breiman L. Random forests. Mach Learn 2001;45:5-32.

[9] Breivik H, Collett B, Ventafridda V, Cohen R, Gallacher D. Survey of
chronic pain in Europe: prevalence, impact on daily life, and treatment.
Eur J Pain 2006;10:287-333.

[10] Buchheit T, Van de Ven T, Shaw A. Epigenetics and the transition from
acute to chronic pain. Pain Med 2012;13:1474-90.

[11] Buskila D, Cohen H, Neumann L, Ebstein RP. An association between

fioromyalgia and the dopamine D4 receptor exon Il repeat

polymorphism and relationship to novelty seeking personality traits.

Mol Psychiatry 2004;9:730-1.

Cajanus K, Holmstrom EJ, Wessman M, Anttila V, Kaunisto MA, Kalso E.

Effect of endocannabinoid degradation on pain: role of FAAH

polymorphisms in experimental and postoperative pain in women

treated for breast cancer. PAIN 2016;157:361-9.

Cajanus K, Kaunisto MA, Tallgren M, Jokela R, Kalso E. How much

oxycodone is needed for adequate analgesia after breast cancer

surgery: effect of the OPRM1 118A>G polymorphism. J Pain 2014;15:

1248-56.

[14] Carpenter FC Jr. ECG telemetry within a small, closed chamber. Aerosp
Med 1970;41:402-6.

[15] Castellano E, Molina-Arcas M, Krygowska AA, East P, Warne P, Nicol A,
Downward J. RAS signalling through PI3-Kinase controls cell migration
via modulation of Reelin expression. Nat Commun 2016;7:11245.

[16] Chen CL, Broom DC, Liu'Y, de Nooij JC, Li Z, Cen C, Samad OA, Jessell
TM, Woolf CJ, Ma Q. Runx1 determines nociceptive sensory neuron
phenotype and is required for thermal and neuropathic pain. Neuron
2006;49:365-77.

[17] Chen'Y, Beffert U, Ertunc M, Tang TS, Kavalali ET, Bezprozvanny |, Herz
J. Reelin modulates NMDA receptor activity in cortical neurons.
J Neurosci 2005;25:8209-16.

[18] Cortes C, Vapnik V. Support-vector networks. Mach Learn 1995;20:
273-97.

[19] Costigan M, Belfer |, Griffin RS, Dai F, Barrett LB, Coppola G, Wu T,
Kiselycznyk C, Poddar M, Lu Y, Diatchenko L, Smith S, Cobos EJ,
Zaykin D, Allchorne A, Gershon E, Livneh J, Shen PH, Nikolajsen L,
Karppinen J, Mannikko M, Kelempisioti A, Goldman D, Maixner W,
Geschwind DH, Max MB, Seltzer Z, Woolf CJ. Multiple chronic pain
states are associated with a common amino acid-changing allele in
KCNS1. Brain 2010;133:2519-27.

[20] Cover T, Hart P. Nearest neighbor pattern classification. IEEE Trans Inf
Theor 1967;13:21-7.

[21] Culp M, Johnson K, Michailides G. ada: an R package for stochastic
boosting. J Stat Softw 2006;17:27.

[22] de Leng WW, Gadellaa-van Hooijdonk CG, Barendregt-Smouter FA,

Koudijs MJ, Nijman I, Hinrichs JW, Cuppen E, van Lieshout S, Loberg

RD, de Jonge M, Voest EE, de Weger RA, Steeghs N, Langenberg MH,

Sleiffer S, Willems SM, Lolkema MP. Targeted next generation

sequencing as a reliable diagnostic assay for the detection of somatic

mutations in tumours using minimal DNA amounts from formalin fixed
paraffin embedded material. PLoS One 2016;11:e0149405.

Diatchenko L, Nackley AG, Slade GD, Bhalang K, Belfer I, Max MB,

Goldman D, Maixner W. Catechol-O-methyltransferase gene

polymorphisms are associated with multiple pain-evoking stimuli.

PAIN 2006;125:216-24.

[24] Diatchenko L, Nackley AG, Tchivileva IE, Shabalina SA, Maixner W.

Genetic architecture of human pain perception. Trends Genet 2007;23:

605-13.

Diatchenko L, Slade GD, Nackley AG, Bhalang K, Sigurdsson A, Belfer |,

Goldman D, Xu K, Shabalina SA, Shagin D, Max MB, Makarov SS,

Maixner W. Genetic basis for individual variations in pain perception and

the development of a chronic pain condition. Hum Mol Genet 2005;14:

135-43.

Dineley KT, Pandya AA, Yakel JL. Nicotinic ACh receptors as

therapeutic targets in CNS disorders. Trends Pharmacol Sci 2015;36:

96-108.

[27] Dominguez CA, Kalliomaki M, Gunnarsson U, Moen A, Sandblom G,

Kockum I, Lavant E, Olsson T, Nyberg F, Rygh LJ, Roe C, Gjerstad J,

Gordh T, Piehl F. The DQB1 *03:02 HLA haplotype is associated with

increased risk of chronic pain after inguinal hernia surgery and lumbar

disc herniation. PAIN 2013;154:427-33.

Elliott AM, Smith BH, Penny Kl, Smith WC, Chambers WA. The

epidemiology of chronic pain in the community. Lancet 1999;354:

1248-52.

Feng Y, Zhao X, Zhou C, Yang L, Liu Y, Bian C, Gou J, Lin X, Wang Z,

Zhao X. The associations between the Val158Met in the catechol-O-

[12

[13

[23

[25

[26

[28

[29

Copyright © 2019 by the International Association for the Study of Pain. Unauthorized reproduction of this article is prohibited.


http://links.lww.com/PAIN/A795

October 2019 e Volume 160 ® Number 10

methyltransferase (COMT) gene and the risk of uterine leiomyoma
(ULM). Gene 2013;529:296-9.

[30] Fisher RA. On the interpretation of chi square from contingency tables,
and the calculation of P. J R Stat Soc 1922;85:87-94.

[31] Florio SK, Loh C, Huang SM, lwamaye AE, Kitto KF, Fowler KW, Treiberg
JA, Hayflick JS, Walker JM, Fairbanks CA, Lai Y. Disruption of nNOS-
PSD95 protein-protein interaction inhibits acute thermal hyperalgesia
and chronic mechanical allodynia in rodents. Br J Pharmacol 2009;158:
494-506.

[32] Frank M, Prenzler A, Eils R, Graf von der Schulenburg JM. Genome
sequencing: a systematic review of health economic evidence. Health
Econ Rev 2013;3:29.

[33] Fuijii T, Ota M, Hori H, Hattori K, Teraishi T, Matsuo J, Kinoshita Y, Ishida
I, Nagashima A, Kunugi H. The common functional FKBP5 variant
rs1360780 is associated with altered cognitive function in aged
individuals. Sci Rep 2014;4:6696.

[34] Gadotti VM, Zamponi GW. Cellular prion protein protects from
inflammatory and neuropathic pain. Mol Pain 2011;7:59.

[35] Gagliese L, Weizblit N, Elis W, Chan VW. The measurement of
postoperative pain: a comparison of intensity scales in younger and
older surgical patients. PAIN 2005;117:412-20.

[36] Godinova AM. Genetic analysis of migraine [in Russian]. Zh Nevropatol
Psikhiatr Im S S Korsakova 1965;65:1132-8.

[37] Good PI. Resampling methods: a practical guide to data analysis.
Boston: Birkhauser, 2006.

[38] Goodin BR, Ness TJ, Robbins MT. Oxytocin—a multifunctional
analgesic for chronic deep tissue pain. Curr Pharm Des 2015;21:
906-13.

[39] Gramage E, Herradon G. Genetic deletion of pleiotrophin leads to
disruption of spinal nociceptive transmission: evidence for pleiotrophin
modulation of morphine-induced analgesia. Eur J Pharmacol 2010;647:
97-102.

[40] Guerrero M, Urbano M, Brown SJ, Cayanan C, Ferguson J, Cameron M,
Devi LA, Roberts E, Rosen H. Optimization and characterization of an
opioid kappa receptor (OPRK1) antagonist. Probe reports from the NIH
molecular libraries program. Bethesda: National Center for
Biotechnology Information (US), 2010.

[41] Guyon |, Elisseeff A. An introduction to variable and feature selection.
J Mach Learn Res 2003;3:1157-82.

[42] Hagelberg N, Forssell H, Aalto S, Rinne JO, Scheinin H, Taiminen T,
Nagren K, Eskola O, Jaaskelainen SK. Altered dopamine D2 receptor
binding in atypical facial pain. PAIN 2003;106:43-8.

[43] Hagelberg N, Jaaskelainen SK, Martikainen IK, Mansikka H, Forssell H,
Scheinin H, Hietala J, Pertovaara A. Striatal dopamine D2 receptors in
modulation of pain in humans: a review. Eur J Pharmacol 2004;500:
187-92.

[44] Hancock DB, Levy JL, Gaddis NC, Glasheen C, Saccone NL, Page GP,
Hulse G, Wildenauer D, Kelty E, Schwab S, Degenhardt L, Martin NG,
Montgomery GW, Attia J, Holliday EG, McEvoy M, Scott RJ, Bierut LJ,
Nelson EC, Kral A, Johnson EO. Cis-expression quantitative trait loci
mapping reveals replicable associations with heroin addiction in
OPRMT1. Biol Psychiatry 2015;78:474-84.

[45] Hardy GH. Mendelian proportions in a mixed population. Science 1908;
28:49-50.

[46] Ho TK. Random decision forests. Proceedings of the Third International
Conference on Document Analysis and Recognition—Volume 1: I[EEE
Computer Society, 1995. p. 278.

[47] Hocking LJ, Smith BH, Jones GT, Reid DM, Strachan DP, Macfarlane
GJ. Genetic variation in the beta2-adrenergic receptor but not
catecholamine-O-methyltransferase predisposes to chronic pain:
results from the 1958 British Birth Cohort Study. PAIN 2010;149:
143-51.

[48] Hohmann SW, Angioni C, Tunaru S, Lee S, Woolf CJ, Offermanns S,
Geisslinger G, Scholich K, Sisignano M. The G2A receptor (GPR132)
contributes to oxaliplatin-induced mechanical pain hypersensitivity. Sci
Rep 2017;7:446.

[49] HuangL, AdachiN, Nagaro T, Liu K, Arai T. Histaminergic involvement in
neuropathic pain produced by partial ligation of the sciatic nerve in rats.
Reg Anesth Pain Med 2007;32:124-9.

[50] Hulse RP, Donaldson LF, Wynick D. Peripheral galanin receptor 2 as
a target for the modulation of pain. Pain Res Treat 2012;2012:545386.

[61] Hutchinson MR, Zhang Y, Shridhar M, Evans JH, Buchanan MM, Zhao
TX, Slivka PF, Coats BD, Rezvani N, Wieseler J, Hughes TS, Landgraf
KE, Chan S, Fong S, Phipps S, Falke JJ, Leinwand LA, Maier SF, Yin H,
Rice KC, Watkins LR. Evidence that opioids may have toll-like receptor 4
and MD-2 effects. Brain Behav Immun 2010;24:83-95.

[62] Jaaskelainen SK, Lindholm P, Valmunen T, Pesonen U, Taiminen T,
Virtanen A, Lamusuo S, Forssell H, Hagelberg N, Hietala J, Pertovaara A.

www. painjournalonline.com 2275

Variation in the dopamine D2 receptor gene plays a key role in human
pain and its modulation by transcranial magnetic stimulation. PAIN
2014;155:2180-7.

[53] Jayamanne A, Greenwood R, Mitchell VA, Aslan S, Piomelli D, Vaughan
CW. Actions of the FAAH inhibitor URB597 in neuropathic and
inflammatory chronic pain models. Br J Pharmacol 2006;147:281-8.

[54] Juran JM. The non-Pareto principle; Mea culpa. Qual Prog 1975;8:8-9.

[65] Kambur O, Kaunisto MA, Tikkanen E, Leal SM, Ripatti S, Kalso EA.
Effect of catechol-o-methyltransferase-gene (COMT) variants on
experimental and acute postoperative pain in 1,000 women
undergoing surgery for breast cancer. Anesthesiology 2013;119:
1422-33.

[66] Kambur O, Kaunisto MA, Winsvold BS, Wilsgaard T, Stubhaug A, Zwart
JA, Kalso E, Nielsen CS. Genetic variation in P2RX7 and pain tolerance.
PAIN 2018;159:1064-73.

[57] Karatzoglou A, Smola A, Hornik K, Zeileis A. Kernlab—an S4 package
for kernel methods in R. J Stat Softw 2004;11:1-20.

[568] Kaunisto MA, Jokela R, Tallgren M, Kambur O, Tikkanen E, Tasmuth T,
Sipila R, Palotie A, Estlander AM, Leidenius M, Ripatti S, Kalso EA. Pain
in 1,000 women treated for breast cancer: a prospective study of pain
sensitivity and postoperative pain. Anesthesiology 2013;119:1410-21.

[59] Kearns M, Valiant LG. Crytographic limitations on learning Boolean
formulae and finite automata. Proceedings of the twenty-first annual
ACM symposium on Theory of computing. Seattle, WA: ACM, 1989. p.
433-444.

[60] Kim HY. Phospholipids: a neuroinflammation emerging target. Nat
Chem Biol 2015;11:99-100.

[61] Knisely MR, Conley YP, Kober KM, Smoot B, Paul SM, Levine JD,
Miaskowski C. Associations between catecholaminergic and
serotonergic genes and persistent breast pain phenotypes following
breast cancer surgery. J Pain 2018;19:1130-46.

[62] Ko SW, Vadakkan Kl, Ao H, Gallitano-Mendel A, Wei F, Milbrandt J,
Zhuo M. Selective contribution of Egrl (zif/268) to persistent
inflammatory pain. J Pain 2005;6:12-20.

[63] Kringel D, Geisslinger G, Resch E, Oertel BG, Thrun MC, Heinemann S,
Lotsch J. Machine-learned analysis of the association of next-
generation sequencing-based human TRPV1 and TRPA1 genotypes
with the sensitivity to heat stimuli and topically applied capsaicin. PAIN
2018;159:1366-81.

[64] Kringel D, Kaunisto MA, Lippmann C, Kalso E, Létsch J. Development of
an AmpliSeq panel for next-generation sequencing of a set of genetic
predictors of persisting pain. Front Pharmacol 2018;9:1008.

[65] Kringel D, Sisighano M, Zinn S, Létsch J. Next-generation sequencing of
the human TRPV1 gene and the regulating co-players LTB4R and
LTB4R2 based on a custom AmpliSeq panel. PLoS One 2017;12:
e0180116.

[66] KumarV, Mahal BA. NGF—the TrkA to successful pain treatment. J Pain
Res 2012;5:279-87.

[67] Lacroix-Fralish ML, Ledoux JB, Mogil JS. The Pain Genes Database: an
interactive web browser of pain-related transgenic knockout studies.
PAIN 2007;131:3 e1-4.

[68] Langford DJ, West C, Elboim C, Cooper BA, Abrams G, Paul SM,
Schmidt BL, Levine JD, Merriman JD, Dhruva A, Neuhaus J, Leutwyler
H, Baggott C, Sullivan CW, Aouizerat BE, Miaskowski C. Variations in
potassium channel genes are associated with breast pain in women
prior to breast cancer surgery. J Neurogenet 2014;28:122-35.

[69] Latremoliere A, Latini A, Andrews N, Cronin SJ, Fujita M, Gorska K,
Hovius R, Romero C, Chuaiphichai S, Painter M, Miracca G, Babaniyi O,
Remor AP, Duong K, Riva P, Barrett LB, Ferreiros N, Naylor A, Penninger
JM, Tegeder |, Zhong J, Blagg J, Channon KM, Johnsson K, Costigan
M, Woolf CJ. Reduction of neuropathic and inflammatory pain through
inhibition of the tetrahydrobiopterin pathway. Neuron 2015;86:
1393-406.

[70] Lau BK, Vaughan CW. Descending modulation of pain: the GABA
disinhibition hypothesis of analgesia. Curr Opin Neurobiol 2014;29:
159-64.

[71] Law PY, Reggio PH, Loh HH. Opioid receptors: toward separation of
analgesic from undesirable effects. Trends Biochem Sci 2013;38:
275-82.

[72] Lee M, Tracey |. Neuro-genetics of persistent pain. Curr Opin Neurobiol
2013;23:127-32.

[73] Leung L, Cahill CM. TNF-alpha and neuropathic pain—a review.
J Neuroinflammation 2010;7:27.

[74] Liaw A, Wiener M. Classification and regression by randomForest. R
News 2002;2:18-22.

[75] Lindstedt F, Karshikoff B, Schalling M, Olgart Hoglund C, Ingvar M,
Lekander M, Kosek E. Serotonin-1A receptor polymorphism (rs6295)
associated with thermal pain perception. PLoS One 2012;7:e43221.

Copyright © 2019 by the International Association for the Study of Pain. Unauthorized reproduction of this article is prohibited.


www.painjournalonline.com

2276  D. Kringel et al. « 160 (2019) 2263-2277

[76] Liu YN, Yang X, Suo ZW, Xu YM, Hu XD. Fyn kinase-regulated NMDA
receptor- and AMPA receptor-dependent pain sensitization in spinal
dorsal horn of mice. Eur J Pain 2014;18:1120-8.

[77] Loggia ML, Chonde DB, Akeju O, Arabasz G, Catana C, Edwards RR,
Hill E, Hsu S, Izquierdo-Garcia D, Ji RR, Riley M, Wasan AD, Zurcher NR,
Albrecht DS, Vangel MG, Rosen BR, Napadow V, Hooker JM. Evidence
for brain glial activation in chronic pain patients. Brain 2015;138:604-15.

[78] Loncar Z, Curic G, Mestrovic AH, Mickovic V, Bilic M. Do IL-1B and IL-
1RN modulate chronic low back pain in patients with post-traumatic
stress disorder? Coll Antropol 2013;37:1237-44.

[79] Lotsch J, Geisslinger G. Are mu-opioid receptor polymorphisms
important for clinical opioid therapy? Trends Mol Med 2005;11:82-9.

[80] Lotsch J, Geisslinger G. Current evidence for a modulation of
nociception by human genetic polymorphisms. PAIN 2007;132:18-22.

[81] Létsch J, Geisslinger G, Tegeder |. Genetic modulation of the
pharmacological treatment of pain. Pharmacol Ther 2009;124:168-84.

[82] Lotsch J, Hummel T. A machine-learned analysis suggests non-
redundant diagnostic information in olfactory subtests. IBRO Rep
2019;6:64-73.

[83] Lotsch J, Lerch F, Djaldetti R, Tegeder I, Ultsch A. Identification of
disease-distinct complex biomarker patterns by means of unsupervised
machine-learning using an interactive R toolbox (Umatrix). Bi Data Anal
2018;3:5.

[84] Loétsch J, Sipila R, Dimova V, Kalso E. Machine-learned selection of
psychological questionnaire items relevant to the development of
persistent pain after breast cancer surgery. Br J Anaesth 2018;121:
1123-32.

[85] Lotsch J, Sipila R, Tasmuth T, Kringel D, Estlander AM, Meretoja T,
Kalso E, Ultsch A. Machine-learning-derived classifier predicts absence
of persistent pain after breast cancer surgery with high accuracy. Breast
Cancer Res Treat 2018;171:399-411.

[86] Lotsch J, Ultsch A. Machine learning in pain research. PAIN 2017;159:
623-30.

[87] Lotsch J, Ultsch A. Exploiting the structures of the U-matrix. In: Villmann
T, Schleif FM, Kaden M, Lange M, editors. Advances in intelligent
systems and computing, Vol. 295. Heidelberg: Springer, 2014. p.
248-57.

[88] Loétsch J, Ultsch A, Random forests followed by computed ABC analysis
as a feature selection method for machine-learning in biomedical data.
In: Imaizumi T editor, Proceedings of the Conference of the International
Federation of Classification Societies IFCS-2017: Springer, 2017.

[89] Létschd, Ultsch A, Kalso E. Prediction of persistent post-surgery pain by
preoperative cold pain sensitivity: biomarker development with
machine-learning-derived analysis. Br J Anaesth 2017;119:821-29.

[90] Macrae WA. Chronic pain after surgery. Br J Anaesth 2001;87:88-98.

[91] Martikainen IK, Nuechterlein EB, Pecina M, Love TM, Cummiford CM,
Green CR, Stohler CS, Zubieta JK. Chronic back pain is associated with
alterations in dopamine neurotransmission in the ventral striatum.
J Neurosci 2015;35:9957-65.

[92] McCann B, Miaskowski C, Koetters T, Baggott C, West C, Levine JD,
Elboim C, Abrams G, Hamolsky D, Dunn L, Rugo H, Dodd M, Paul SM,
Neuhaus J, Cooper B, Schmidt B, Langford D, Cataldo J, Aouizerat BE.
Associations between pro- and anti-inflammatory cytokine genes and
breast pain in women prior to breast cancer surgery. J Pain 2012;13:
425-37.

[938] McCarson KE, Enna SJ. GABA pharmacology: the search for
analgesics. Neurochem Res 2014;39:1948-63.

[94] McCourt CM, McArt DG, Mills K, Catherwood MA, Maxwell P, Waugh
DJ, Hamilton P, O’Sullivan JM, Salto-Tellez M. Validation of next
generation sequencing technologies in comparison to current
diagnostic gold standards for BRAF, EGFR and KRAS mutational
analysis. PLoS One 2013;8:69604.

[95] McDougall JJ, Muley MM, Philpott HT, Reid A, Krustev E. Early blockade
of joint inflammation with a fatty acid amide hydrolase inhibitor
decreases end-stage osteoarthritis pain and peripheral neuropathy in
mice. Arthritis Res Ther 2017;19:106.

[96] Meacham K, Shepherd A, Mohapatra DP, Haroutounian S. Neuropathic
pain: central vs. peripheral mechanisms. Curr Pain Headache Rep 2017;
21:28.

[97] MeiBner T, Mark A, Wiliams C, Berdel WE, Wiebe S, Kerkhoff A,
Wardelmann E, Gaiser T, Muller-Tidow C, Rosenstiel P, Arnold N,
Leyland-Jones B, Franke A, Stanulla M, Forster M. Metastatic triple-
negative breast cancer patient with TP53 tumor mutation experienced
11 months progression-free survival on bortezomib monotherapy
without adverse events after ending standard treatments with grade 3
adverse events. Cold Spring Harb Mol Case Stud 2017;3:a001677.

[98] Meretoja TJ, Andersen KG, Bruce J, Haasio L, Sipila R, Scott NW, Ripatti
S, Kehlet H, Kalso E. Clinical prediction model and tool for assessing risk

PAIN®

of persistent pain after breast cancer surgery. J Clin Oncol 2017;35:
1660-7.

[99] Meretoja TJ, Leidenius MH, Tasmuth T, Sipila R, Kalso E. Pain at 12
months after surgery for breast cancer. JAMA 2014;311:90-2.

[100] Metzker ML. Sequencing technologies—the next generation. Nat Rev
Genet 2010;11:31-46.

[101] Mitchell CP, Chen Y, Kundakovic M, Costa E, Grayson DR. Histone
deacetylase inhibitors decrease reelin promoter methylation in vitro.
J Neurochem 2005;93:483-92.

[102] Mogil JS. Pain genetics: past, present and future. Trends Genet 2012;
28:258-66.

[108] Mustonen L, Aho T, Harno H, Sipila R, Meretoja T, Kalso E. What makes
surgical nerve injury painful? A 4-9 year follow-up of patients with inter-
costobrachial nerve resection in women treated for breast cancer. PAIN
2018;160:246-56.

[104] Nicholl BI, Holliday KL, Macfarlane GJ, Thomson W, Davies KA, O’Neill
TW, Bartfai G, Boonen S, Casanueva FF, Finn JD, Forti G, Giwercman A,
Huhtaniemi IT, Kula K, Punab M, Silman AJ, Vanderschueren D, Wu FC,
McBeth J; European Male Ageing Study G. Association of HTR2A
polymorphisms with chronic widespread pain and the extent of
musculoskeletal pain: results from two population-based cohorts.
Arthritis Rheum 2011;63:810-18.

[105] Nissenbaum J, Devor M, Seltzer Z, Gebauer M, Michaelis M, Tal M,
Dorfman R, Abitbul-Yarkoni M, Lu Y, Elahipanah T, delCanho S, Minert
A, Fried K, Persson AK, Shpigler H, Shabo E, Yakir B, Pisante A, Darvasi
A. Susceptibility to chronic pain following nerve injury is genetically
affected by CACNG2. Genome Res 2010;20:1180-90.

[106] Obata K, Noguchi K. BDNF in sensory neurons and chronic pain.
Neurosci Res 2006;55:1-10.

[107] Offenbaecher M, Bondy B, de Jonge S, Glatzeder K, Kruger M, Schoeps
P, Ackenheil M. Possible association of fioromyalgia with
a polymorphism in the serotonin transporter gene regulatory region.
Arthritis Rheum 1999;42:2482-8.

[108] Onojjighofia T, Meshkin B, Nguyen SV, Schwartz D, Akindele B.
Perception of analgesia in narcotic users with chronic pain: a multi-
center cross-sectional study comparing genotype to pain VAS (P.A.I.N.
Study). Neurology 2014;82:P4.349.

[109] Pareto V. Manuale di economia politica, Milan: Societa editrice libraria,
1909. revised and translated into French as Manuel d’économie
politique.

[110] Pearson K. On the criterion that a given system of deviations from the
probable in the case of a correlated system of variables is such that it can
be reasonably supposed to have arisen from random sampling.
Philosophical Mag 1900;50:157-75.

[111] Petrenko AB, Yamakura T, Baba H, Shimoji K. The role of N-methyl-D-
aspartate (NMDA) receptors in pain: a review. Anesth Analg 2003;97:
1108-16.

[112] Potvin S, Larouche A, Normand E, de Souza JB, Gaumond |, Grignon S,
Marchand S. DRD3 Ser9Gly polymorphism is related to thermal pain
perception and modulation in chronic widespread pain patients and
healthy controls. J Pain 2009;10:969-75.

[118] QamriZ, Preet A, Nasser MW, Bass CE, Leone G, Barsky SH, Ganju
RK. Synthetic cannabinoid receptor agonists inhibit tumor growth
and metastasis of breast cancer. Mol Cancer Ther 2009;8:
3117-29.

[114] R Core Team. R: A language and environment for statistical computing.
R Foundation for Statistical Computing, Vienna, Austria, 2008. Available
online at: https://www.R-project.org/.

[115] Reimann F, Cox JJ, Belfer |, Diatchenko L, Zaykin DV, McHale DP,
Drenth JP, Dai F, Wheeler J, Sanders F, Wood L, Wu TX, Karppinen J,
Nikolajsen L, Mannikko M, Max MB, Kiselycznyk C, Poddar M, Te
Morsche RH, Smith S, Gibson D, Kelempisioti A, Maixner W, Gribble FM,
Woods CG. Pain perception is altered by a nucleotide polymorphism in
SCNO9A. Proc Natl Acad Sci U S A 2010;107:5148-53.

[116] Ribeiro-Dasilva MC, Peres Line SR, Leme Godoy dos Santos MC,
Arthuri MT, Hou W, Filingim RB, Rizzatti Barbosa CM. Estrogen
receptor-alpha polymorphisms and predisposition to TMJ disorder.
J Pain 2009;10:527-383.

[117] Rizzo JM, Buck MJ. Key principles and clinical applications of “next-
generation” DNA sequencing. Cancer Prev Res (Phila) 2012;5:887-900.

[118] Rockman MV, Kruglyak L. Genetics of global gene expression. Nat Rev
Genet 2006;7:862-72.

[119] SaeysY, Inzal, Larranaga P. A review of feature selection techniques in
bioinformatics. Bioinformatics 2007;23:2507-17.

[120] Sah DW, Ossipov MH, Rossomando A, Silvian L, Porreca F. New
approaches for the treatment of pain: the GDNF family of neurotrophic
growth factors. Curr Top Med Chem 2005;5:577-83.

Copyright © 2019 by the International Association for the Study of Pain. Unauthorized reproduction of this article is prohibited.


https://www.R-project.org/

October 2019 e Volume 160 ® Number 10

[121] Schapire RE, Freund Y. A short introduction to boosting. J Jpn Soc Artif
Intell 1999;14:771-80.

[122] Schapire RE, Freund Y. Boosting: foundations and algorithms: The MIT
Press, 2012.

[123] Schou Bredal I, Smeby NA, Ottesen S, Warncke T, Schlichting E.
Chronic pain in breast cancer survivors: comparison of psychosocial,
surgical, and medical characteristics between survivors with and
without pain. J Pain Symptom Manage 2014;48:852-62.

[124] Schwartz ES, Kim HY, Wang J, Lee |, Klann E, Chung JM, Chung K.
Persistent pain is dependent on spinal mitochondrial antioxidant levels.
J Neurosci 2009;29:159-68.

[125] Shannon CE. A mathematical theory of communication. Bell Syst Techn
J 1951;30:50-64.

[126] Shi TJS, Liu SXL, Hammarberg H, Watanabe M, Xu ZQD, Hokfelt T.
Phospholipase C{beta}3 in mouse and human dorsal root ganglia and
spinal cord is a possible target for treatment of neuropathic pain. Proc
Natl Acad Sci U S A 2008;105:20004-8.

[127] Shoskes DA, Albakri Q, Thomas K, Cook D. Cytokine polymorphisms in
men with chronic prostatitis/chronic pelvic pain syndrome: association
with diagnosis and treatment response. J Urol 2002;168:331-5.

[128] Sie D, Snijders PJ, Meijer GA, Doeleman MW, van Moorsel MI, van
Essen HF, Eijk PP, Grunberg K, van Grieken NC, Thunnissen E, Verheul
HM, Smit EF, Ylstra B, Heideman DA. Performance of amplicon-based
next generation DNA sequencing for diagnostic gene mutation profiling
in oncopathology. Cell Oncol (Dordr) 2014;37:353-61.

[129] Sipila R, Estlander AM, Tasmuth T, Kataja M, Kalso E. Development of
a screening instrument for risk factors of persistent pain after breast
cancer surgery. Br J Cancer 2012;107:1459-66.

[130] Sluka KA, Audette KM. Activation of protein kinase C in the spinal cord
produces mechanical hyperalgesia by activating glutamate receptors,
but does not mediate chronic muscle-induced hyperalgesia. Mol Pain
2006;2:13.

[131] Smith FL, Fujimori K, Lowe J, Welch SP. Characterization of delta9-
tetrahydrocannabinol and anandamide antinociception in nonarthritic
and arthritic rats. Pharmacol Biochem Behav 1998;60:183-91.

[132] Snider WD, McMahon SB. Tackling pain at the source: new ideas about
nociceptors. Neuron 1998;20:629-32.

[133] Sorge RE, Trang T, Dorfman R, Smith SB, Beggs S, Ritchie J, Austin JS,
Zaykin DV, Vander Meulen H, Costigan M, Herbert TA, Yarkoni-Abitoul
M, Tichauer D, Livneh J, Gershon E, Zheng M, Tan K, John SL, Slade
GD, Jordan J, Woolf CJ, Peltz G, Maixner W, Diatchenko L, Seltzer Z,
Salter MW, Mogil JS. Genetically determined P2X7 receptor pore
formation regulates variability in chronic pain sensitivity. Nat Med 2012;
18:595-9.

[134] Stephens K, Cooper BA, West C, Paul SM, Baggott CR, Merriman JD,
Dhruva A, Kober KM, Langford DJ, Leutwyler H, Luce JA, Schmidt BL,
Abrams GM, Elboim C, Hamolsky D, Levine JD, Miaskowski C,
Aouizerat BE. Associations between cytokine gene variations and
severe persistent breast pain in women following breast cancer surgery.
J Pain 2014;15:169-80.

[135] Stephens KE, Levine JD, Aouizerat BE, Paul SM, Abrams G, Conley YP,
Miaskowski C. Associations between genetic and epigenetic variations
in cytokine genes and mild persistent breast pain in women following
breast cancer surgery. Cytokine 2017;99:203-13.

[136] Sugaya K, Nishijima S, Yamada T, Miyazato M, Hatano T, Ogawa Y.
Molecular analysis of adrenergic receptor genes and interleukin-4/
interleukin-4 receptor genes in patients with interstitial cystitis. J Urol
2002;168:2668-71.

[137] SunYG, Gracias NG, Drobish JK, Vasko MR, Gereau RW, Chen ZF. The
c-kit signaling pathway is involved in the development of persistent pain.
PAIN 2009;144:178-86.

[138] Taudien S, Lausser L, Giamarellos-Bourboulis EJ, Sponholz C,
Schoneweck F, Felder M, Schirra LR, Schmid F, Gogos C, Groth S,
Petersen BS, Franke A, Lieb W, Huse K, Zipfel PF, Kurzai O, Moepps B,
Gierschik P, Bauer M, Scherag A, Kestler HA, Platzer M. Genetic factors
of the disease course after sepsis: rare deleterious variants are
predictive. EBioMedicine 2016;12:227-38.

www. painjournalonline.com 2277

[139] Tegeder |, Costigan M, Griffin RS, Abele A, Belfer |, Schmidt H, Ehnert C,
Nejim J, Marian C, Scholz J, Wu T, Allchorne A, Diatchenko L, Binshtok
AM, Goldman D, Adolph J, Sama S, Atlas SJ, Carlezon WA, Parsegian
A, Létsch J, Fillingim RB, Maixner W, Geisslinger G, Max MB, Woolf CJ.
GTP cyclohydrolase and tetrahydrobiopterin regulate pain sensitivity
and persistence. Nat Med 2006;12:1269-77.

[140] Thrun MC. Projection-based clustering through self-organization and
swarm intelligence. Wiesbaden, Germany: Springer, 2018.

[141] Thrun MC. Projection-based clustering through self-organization and
swarm intelligence: combining cluster analysis with the visualization of
high-dimensional data: Springer Fachmedien Wiesbaden, 2018.

[142] Thuault S. A peripheral messenger for chronic pain. Nat Neurosci 2016;
19:9.

[143] Tian L, Ma L, Kaarela T, Li Z. Neuroimmune crosstalk in the central
nervous system and its significance for neurological diseases.
J Neuroinflammation 2012;9:155.

[144] Trimble EL, Ungerleider RS, Abrams JA, Kaplan RS, Feigal EG, Smith
MA, Carter CL, Friedman MA. Neoadjuvant therapy in cancer treatment.
Cancer 1993;72(11 suppl):3515-24.

[145] Tsantoulas C, Mooney ER, McNaughton PA. HCN2 ion channels: basic
science opens up possibilities for therapeutic intervention in neuropathic
pain. Biochem J 2016;473:2717-36.

[146] Ultsch A, Loétsch J. Computed ABC analysis for rational selection of
most informative variables in multivariate data. PLoS One 2015;10:
e0129767.

[147] Vadakkan KI, Wang H, Ko SW, Zastepa E, Petrovic MJ, Sluka KA, Zhuo
M. Genetic reduction of chronic muscle pain in mice lacking calcium/
calmodulin-stimulated adenylyl cyclases. Mol Pain 2006;2:7.

[148] Varma S, Simon R. Bias in error estimation when using cross-validation
for model selection. BMC Bioinformatics 2006;7:91.

[149] Villeda SA, Akopians AL, Babayan AH, Basbaum Al, Phelps PE.
Absence of Reelin results in altered nociception and aberrant neuronal
positioning in the dorsal spinal cord. Neuroscience 2006;139:1385-96.

[150] Walker K, Bowes M, Panesar M, Davis A, Gentry C, Kesingland A,
Gasparini F, Spooren W, Stoehr N, Pagano A, Flor PJ, Vranesic |,
Lingenhoehl K, Johnson EC, Varney M, Urban L, Kuhn R. Metabotropic
glutamate receptor subtype 5 (mGIu5) and nociceptive function. I.
Selective blockade of mGlub receptors in models of acute, persistent
and chronic pain. Neuropharmacology 2001;40:1-9.

[151] Walker SH, Duncan DB. Estimation of the probability of an event as
a function of several independent variables. Biometrika 1967;54:
167-79.

[1562] Ward JH Jr. Hierarchical grouping to optimize an objective function.
J Am Stat Assoc 1963;58:236-44.

[153] Weng Z, Fluckiger AC, Nisitani S, Wahl MI, Le LQ, Hunter CA, Fernal AA,
Le Beau MM, Witte ON. A DNA damage and stress inducible G protein-
coupled receptor blocks cells in G(2)/M. Proc Natl Acad Sci U S A 1998;
95:12334-9.

[154] Wild A. Best practice in inventory management. New York: Wiley, 1997.

[1565] Wolters PL, Burns KM, Martin S, Baldwin A, Dombi E, Toledo-Tamula
MA, Dudley WN, Gillespie A, Widemann BC. Pain interference in youth
with neurofibromatosis type 1 and plexiform neurofibromas and relation
to disease severity, social-emotional functioning, and quality of life. Am J
Med Genet A 2015;167A:2103-13.

[156] Yamamoto M, lto Y, Mitsuma N, Hattori N, Sobue G. Pain-related
differential expression of NGF, GDNF, IL-6, and their receptors in human
vasculitic neuropathies. Intern Med 2003;42:1100-3.

[1567] Yang L, Gu X, Zhang W, Zhang J, Ma Z. Cdk5 inhibitor roscovitine
alleviates neuropathic pain in the dorsal root ganglia by downregulating
N-methyl-D-aspartate receptor subunit 2A. Neurol Sci 2014;35:
1365-71.

[158] Zanette SA, Dussan-Sarria JA, Souza A, Deitos A, Torres ILS, Caumo
W. Higher serum S100B and BDNF levels are correlated with a lower
pressure-pain threshold in fibromyalgia. Mol Pain 2014;10:46.

[159] Zorina-Lichtenwalter K, Meloto CB, Khoury S, Diatchenko L. Genetic
predictors of human chronic pain conditions. Neuroscience 2016;338:
36-62.

Copyright © 2019 by the International Association for the Study of Pain. Unauthorized reproduction of this article is prohibited.


www.painjournalonline.com



