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Klassifikation und Kontrolle von RNA 

Einleitung 

Ribonukleinsäure (RNA) ist eine Nukleinsäure, die sich als Polynukleotid aus einer Kette 

von Nukleotiden zusammensetzt. Sie ist an verschiedenen biologischen Prozessen 

beteiligt und lässt sich anhand ihrer Funktion in verschiedene Subklassen unterteilen. Als 

messenger-RNA (mRNA) codiert sie genetische Information, daher ist mRNA auch als 

„codierende“ RNA bekannt. Daneben existiert die sogenannte „nicht-codierende“ RNA 

(ncRNA), deren Aufgabenspektrum vielfältig und teilweise noch nicht verstanden ist.  

Beispiele für ncRNA sind ribosomale RNA (rRNA), transfer-RNA (tRNA), mikro-RNA 

(miRNA), small nuclear RNA (snRNA) und small nucleolar RNA (snoRNA). Einige dieser 

Arten von ncRNA sind an zentralen zellulären Prozessen beteiligt, wie zum Beispiel der 

Translation. So bestehen Ribosomen, in denen die Proteinbiosynthese stattfindet, aus 

rRNA-Molekülen. In den Ribosomen werden die Codons der mRNA durch die tRNA 

erkannt und in die entsprechenden Aminosäuren umgesetzt. Das geschieht mithilfe des 

Anticodons in der tRNA, einer Region aus drei Nukleotiden, die die zu einem Codon 

komplementären Basen besitzt. Andere Arten von ncRNA sind an post-transkriptionellen 

Prozessen wie der Modifikation oder Replizierung von DNA beteiligt. Dazu zählen 

snoRNA, snRNA, Ribonuclease P (RNaseP), Ribonuclease MRP (RNase MRP), Y RNA 

und telomerase RNA: SnoRNAs sind meist in den Nukleoli anzutreffen. Sie führen 

Modifikationen in die rRNA ein, die essentiell für die Funktion des Ribosoms sind. 

SnRNAs sind an dem Prozess des Splicings beteiligt, sie bilden nach ihrer Synthese 

kleine Ribonukleoproteine (snRNPs). RNase P ist ein Enzym, das eine Vorläufersequenz 

von tRNA abspaltet. Daher ist es für die Funktion der tRNA essentiell. Daneben ist sie an 

der Transkription von tRNA, rRNA und snRNA beteiligt. RNase MRP ist in Mitochondrien 

direkt an der Initiation der Prozessierung von mitochondrialer RNA beteiligt. Im Nukleus ist 

es in die Prozessierung von Vorläufer-rRNA involviert. Y RNA ist ein Initiationsfaktor für 

die DNA-Replikation. Telomerase RNA ist ein Bestandteil des gleichnamigen Enzyms, 

das die Endstücke der Chromosomen, die sogenannten Telomere, nach der Zellteilung 

wiederherstellt. Eine weitere nicht-codierende Art von RNA stellt die mikro-RNA (miRNA) 

dar. Neben ihrer Bedeutung im Zellzyklus und dem Zellmetabolismus hat miRNA eine 

wichtige Funktion in der Regulation der Genexpression. Wie die anderen RNA-Arten wird 

auch die miRNA selbst wiederum durch Abschnitte auf dem Genom reguliert. 

Noch immer werden neue Gensequenzen identifiziert, die für RNA codieren. Durch den 

Einsatz moderner Sequenzierungsverfahren werden fortlaufend neue Datensätze 

produziert. Für die Zuordnung von DNA-Abschnitten zu ihrem Transkriptionsprodukt gibt 
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es mehrere Möglichkeiten: Eine besteht darin, die Sequenzierungsprodukte mit bekannten 

Sequenzen abzugleichen, die in Datenbanken zu finden sind. Dazu wurden bereits 

Programme entwickelt, wie beispielsweise „RNAhybrid“ und „snoGPS“. Aufgrund der 

großen Variabilität der Sequenzen, die für eine RNA-Art codieren, kann bislang jedoch nur 

ein kleiner Teil von genomischer DNA mit diesem Verfahren ihrem Transkriptionsprodukt 

zugeordnet werden. Neue, zunächst nicht klassifizierbare Sequenzen können dann durch 

experimentelle Analyse ihrer Eigenschaften, wie zum Beispiel ihrer Faltung, mittels 

Kernspinresonanzspektroskopie (NMR-Spektroskopie) einer Art zugeordnet werden. 

Dieses Verfahren ist jedoch aufwändig und teuer. Eine zuverlässige und schnelle 

Alternative bieten die in silico-Verfahren, die mithilfe von bioinformatischen Methoden 

unbekannte DNA-Sequenzen ohne Abgleichung mit bekannten Sequenzen zuverlässig 

einordnen können. In der Literatur lassen sich dazu Klassifikationssysteme finden, wie 

zum Beispiel „snoReport“, welches snoRNA aus DNA-Sequenzen erkennt. 

Diese Dissertation soll neue Einblicke in die komplexen Zusammenhänge und 

Eigenschaften der unterschiedlichen Arten von RNA geben. Zwar haben sich Forscher 

seit der Entdeckung der RNA in vielen und weitreichenden Studien mit dem Thema der 

Klassifikation und Kontrolle von RNA auseinandergesetzt, vom vollständigen Verständnis 

ihrer Vielfalt und der komplexen Mechanismen ist man bislang noch immer weit entfernt. 

Insgesamt sollen die folgenden Fragen geklärt werden: 

Fragestellung 1: Wie kann ncRNA klassifiziert werden und ist es möglich, mithilfe eines in 

silico-Verfahrens unbekannte ncRNA-Sequenzen zu identifizieren? 

Fragestellung 2: Wie wird miRNA reguliert und wie ist die miRNA in die Expression 

anderer Gene involviert? 

Fragestellung 3: Inwieweit kann mRNA für die Genexpressionsanalyse verwendet 

werden? 
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Fragestellung (1) 

Publikation: 

Witte, M., Gupta, Y., Möller, S., Ludwig, R.J., Restle, T., Zillikens, D., and Ibrahim, S.M. 

(2014). ptRNApred: computational identification and classification of post-transcriptional 

RNA. Nucleic Acids Res. 42, e167. 

Inhalt 

RNA-Sequenzen lassen sich, basierend auf ihrer Funktion in der Zelle, einer RNA-Art 

zuordnen. Aufgrund ihrer phylogenetischen Verwandtschaft weisen RNA-Sequenzen 

innerhalb einer RNA-Art strukturelle Ähnlichkeiten auf. Die strukturellen Eigenschaften 

von RNA-Sequenzen einer RNA-Art können zur Entwicklung bioinformatischer Methoden 

verwendet werden, die neue Sequenzen einer RNA-Art zuordnen können. Ziel von Studie 

(1) war es, verschiedene RNA-Arten anhand ihrer strukturellen Eigenschaften zu 

charakterisieren. Mithilfe dieser charakteristischen Eigenschaften sollte dann das 

Programm „ptRNApred“ entwickelt werden, mit dem unbekannte Sequenzen einer 

bestimmten RNA-Art zugeordnet werden können. Hierbei wurde besonders auf die 

Charakterisierung von RNA-Arten geachtet, die an post-transkriptioneller Modifikation 

oder Replikation von DNA beteiligt sind. Zu dieser Gruppe gehörten zum Zeitpunkt dieser 

Arbeit snoRNA, snRNA, Ribonuclease P (RNaseP), Ribonuclease MRP (RNase MRP), Y 

RNA und telomerase RNA. Zum besseren Verständnis werden diese RNA-Arten in Studie 

(1) als „post-transkriptionelle RNA“ („ptRNA“) zusammengefasst. 

Um ptRNA zu charakterisieren, wurden zunächst 2040 ptRNA-Sequenzen aus der 

„NONCODE“ heruntergeladen, einer Datenbank, in der Sequenzen nicht-codierender 

RNA-Arten gespeichert sind. Darunter fanden sich 268 RNase P-, 14 RNase MRP-, 1443 

snoRNA- (davon 13 scaRNA-), 46 telomerase RNA-, 14 Y RNA- und 255 snRNA-

Sequenzen. Zwei Drittel dieser Sequenzen wurden zur Identifikation charakteristischer 

Eigenschaften und zur Entwicklung des Klassifizierungssystems verwendet. Das übrige 

Drittel wurde zunächst beiseitegelegt, um später die Sensitivität und Spezifität des 

Klassifizierungssystems testen zu können. Die genaue Anzahl der Sequenzen aus den 

unterschiedlichen RNA-Arten und ihre Verwendung sind in Tabelle 1 zusammengefasst. 
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 Trainingssequenzen Testsequenzen 

RNase P 178 90 

RNase MRP 9 5 

snoRNA+scaRNA 978+9 452+4 

Telomerase RNA 29 17 

Y RNA 9 5 

snRNA 170 85 

Tabelle 1: Anzahl der Trainings- und Testsequenzen jeder ptRNA-Subklasse. 

Als bioinformatische Methode für ptRNApred wählten wir eine „support vector machine“ 

(„SVM“), ein mathematisches Verfahren der Mustererkennung. Vereinfacht dargestellt 

kann eine SVM durch Eingabe von Daten und einer dazugehörigen Gruppe mit 

verschiedenen Eigenschaften „trainiert“ werden. Anschließend können neue Daten 

anhand ihrer Eigenschaften einer bestimmten Gruppe zugeordnet werden. Zum Training 

der SVM wurden die in Tabelle 1 aufgeführten Trainingssequenzen und ihre dazugehörige 

RNA-Art verwendet. Um die Sequenzen anschließend ihrer RNA-Art zuordnen und 

strukturelle Ähnlichkeiten der RNA-Sequenzen feststellen zu können, wurden 

Eigenschaften unterschiedlicher ptRNA-Arten definiert und auf ihre Fähigkeit zur 

Diskriminierung verschiedener ptRNA-Arten getestet. Es wurden Eigenschaften gewählt, 

die sowohl auf der Primär- als auch auf der Sekundärstruktur basierten. Die Fähigkeit zur 

Diskriminierung wurde dann mithilfe von „LibSVM“ getestet, das eine Schnittstelle zum 

vektorbasierten Training von SVMs darstellt. Als Eigenschaften wurden beispielsweise die 

Anzahl der Basen Guanin, Adenin, Cytosin und Uracil innerhalb einer RNA-Sequenz oder 

die Anzahl der Haarnadelstrukturen im Rahmen der Faltung herangezogen. Zusätzlich 

wählten wir thermodynamische Eigenschaften aus, wie beispielsweise die freie Energie. 

Insgesamt konnten sieben Eigenschaften aus der Primär- und 52 Eigenschaften von der 

Sekundärstruktur abgeleitet werden, es ergaben sich somit 59 Eigenschaften. Zusätzlich 

verwendeten wir die 32 Tripleteigenschaften, die zur Klassifikation von miRNA bereits im 

Programm „miPred“ verwendet werden. Zusammenfassend ergaben sich dadurch 91 

Eigenschaften. Eine Liste der Eigenschaften und ihren Stellenwert in der Diskriminierung 

zwischen den unterschiedlichen ptRNA-Arten in Form eines F-Maßes „F-Score“ ist in 

Tabelle 2 dargestellt. Das F-Maß kombiniert Genauigkeit (precision) und Trefferquote 

(recall). Je höher das F-Maß, desto besser ist die Fähigkeit zur Diskrimination. Ein 

weiteres Maß zum Stellenwert in der Diskriminierung ist der „Gini-Index“, der im 

Folgenden erläutert wird. 
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Property number Property description F-Score Gini-Index 

1 Adenine_content 0,064268 2,41E-44 

2 Cytosine_content 0,083006 6,03E-15 

3 Entropy_1 0,088785 4,34E-19 

4 Entropy_2 0,09256 5,93E-21 

5 GC_content 0,106083 5,43E-11 

6 Guanine_content 0,12987 2,75E-18 

7 Hydrophilicity 0,098519 4,37E-23 

8 Keto_content 0,131688 4,12E-16 

9 Rise 0,091877 8,37E-20 

10 Roll 0,098188 6,50E-26 

11 Shift 0,057281 5,62E-49 

12 Slide 0,09489 4,93E-19 

13 Stacking_energy 0,088663 1,80E-30 

14 Tilt 0,060113 6,03E-20 

15 Twist 0,090472 3,98E-27 

16 value_in_3rd_rnafold 0,039964 2,48E-51 

17 count_star_bracket_{ 0,032699 0,002720791 

18 count_comma_in_rnafold 0,032914 0,000482739 

19 value_line_no_3_RNAfold 0,037566 2,54E-21 

20 value_line_no_3_RNAfold(second value) 0,034666 7,25E-18 

21 value_line_number_4 0,037892 1,68E-18 

22 value_line_number_4(second value) 0,034268 6,11E-32 

23 frequency_of_mfe_structure_in_ensemble 0,035204 1,12E-16 

24 ensemble diversity 0,039227 1,21E-11 

25 value_MFE_RNAfold 0,038989 1,18E-34 

26 Number_of_loops 0,03857 1,12E-12 

27 ((( 0,032912 3,18E-29 

28 ((. 0,037534 7,90E-11 

29 (.. 0,039972 3,42E-07 

30 ...  0,029854 7,49E-10 

31 .((  0,038714 4,07E-11 

32 ..(  0,040519 0,000102735 

33 .(.  0,023965 0,996225164 

34 (.( 0,031401 0,003872273 

35 A((( 0,003259 5,34E-15 

36 A((. 0,003767 1,49E-06 

37 A(.( 0,00501 0,037528552 

38 A(.. 0,014225 2,74E-05 

39 A.(( 0,001732 4,20E-06 

40 A.(.  0,001482 0,119541752 

41 A..(  0,015074 2,38E-12 

42 A...  0,029134 5,04E-12 

43 U((( 0,003228 1,41E-09 

44 U((. 0,00721 2,26E-05 

45 U(.( 0,00737 0,000196773 

46 U(.. 0,010258 4,59E-09 
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47 U.(( 0,002741 0,00024243 

48 U.(.  0,000326 0,996205638 

49 U..(  0,017021 1,90E-21 

50 U...  0,093364 3,83E-43 

51 G((( 0,021702 3,72E-27 

52 G((. 0,024863 0,000494941 

53 G(.( 0,005776 3,58E-08 

54 G(.. 0,010109 6,84E-14 

55 G.(( 0,003169 0,000144641 

56 G.(.  0,001119 0,403681085 

57 G..(  0,010458 2,26E-06 

58 G...  0,006942 1,12E-30 

59 C((( 0,044132 4,38E-07 

60 C((. 0,009389 2,98E-09 

61 C(.( 0,001738 0,98836726 

62 C(.. 0,002454 1,76E-08 

63 C.(( 0,016575 0,017213739 

64 C.(.  0,000654 0,000405832 

65 C..(  0,006828 0,003771578 

66 C...  0,019666 2,19E-12 

67 number_of_AU 0,018431 1,55E-20 

68 number_of_CG 0,008113 1,63E-10 

69 number_of_GU 0,005051 4,01E-09 

70 number_of_mistatches_in_sec_struc 0,036243 1,48E-12 

71 number_of_buldges_in_sec_struc 0,06064 4,57E-09 

72 A_in_buldges 0,059369 2,94E-13 

73 G_in_buldges 0,064056 0,168681863 

74 C_in_buldges 0,037917 2,02E-05 

75 U_in_buldges 0,035724 1,48E-09 

76 length_of_hairpin 0,029 4,29E-12 

77 number_of_sub_sec_structure 0,025913 1,59E-11 

78 number_of_A_hairpin 0,026994 8,85E-09 

79 number_of_G_hairpin 0,010075 0,021895501 

80 number_of_C_hairpin 0,027103 0,006452735 

81 number_of_U_hairpin 0,066878 1,63E-12 

82 number_of_A_purine 0,021688 6,41E-07 

83 number_of_A_pyramidine 0,055579 1,70E-14 

84 number_of_A_in_first_complementary_strand 0,002319 1,32E-16 

85 number_of_G_in_first_complementary_strand 0,005858 4,21E-14 

86 number_of_C_in_first_complementary_strand 0,001151 1,07E-07 

87 number_of_U_in_first_complementary_strand 0,004656 1,13E-34 

88 number_of_A_in_second_complementary_strand 0,003052 2,39E-14 

89 number_of_G_in_second_complementary_strand 0,003099 0,00106611 

90 number_of_C_in_second_complementary_strand 0,012551 2,20E-08 

91 number_of_U_in_second_complementary_strand 0,035877 9,40E-16 

Tabelle 2: Eigenschaften für die SVM und ihre Fähigkeit zur Diskrimination zwischen den 
unterschiedlichen RNA-Arten. 
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Die in Tabelle 2 aufgeführten Eigenschaften wurden als Vektoren für die SVM verwendet, 

um zwischen den unterschiedlichen ptRNA-Arten zu diskriminieren. Um jedoch ptRNA 

von anderen RNA-Arten, wie beispielsweise mRNA unterscheiden zu können, wurde ein 

weiteres Klassifizierungssystem vorgeschaltet, mit dem ptRNA von anderen RNA-Arten 

abgegrenzt wird. Bei der Eingabe einer unbekannten Sequenz kontrolliert ptRNApred 

zunächst, ob es sich bei der Sequenz um ptRNA handelt und ordnet diese im zweiten 

Schritt einer ptRNA-Art zu. Die Klassifikationsfähigkeit der SVM wurde mithilfe der 

anfangs beiseitegelegten Testsequenzen (Tabelle 1) kontrolliert. Diese ergab eine 

Sensitivität von 91% und eine Spezifität von 94%. Zusammenfassend stellt ptRNApred 

eine neue Möglichkeit zur Detektion und Klassifikation unbekannter DNA-Sequenzen dar. 

Neben einer SVM gibt es weitere Algorithmen, um die Fähigkeit von Eigenschaften zur 

Diskriminierung zwischen RNA-Arten zu testen. Ein Beispiel ist der sogenannte „Random 

Forest“ nach Breiman. Auch wenn, bezogen auf ptRNApred, dieses Verfahren gegenüber 

einer SVM im Hinblick auf die Treffsicherheit unterlegen war (82% vs. 91% beim Einsatz 

der SVM), gibt der Random Forest einen weiteren Einblick in die strukturellen 

Eigenschaften der ptRNA-Arten. In Tabelle 3 ist eine Rangfolge der 25 Eigenschaften 

angegeben, mithilfe derer am besten zwischen den unterschiedlichen ptRNA-Arten 

diskriminiert werden kann. Die Fähigkeit zur Diskriminierung wurde anhand der beiden 

Algorithmen errechnet und ist in Form eines F-Maßes (entsprechend der SVM) bzw. Gini-

Indexes (entsprechend dem Random Forest nach Breiman) angegeben. 

Interessanterweise finden sich unter den 10 am meisten diskriminativen Eigenschaften, 

gemessen am F-Maß, 9 Dinukleotid-Eigenschaften. Zudem finden sich unter den 25 am 

meisten diskriminativen Eigenschaften alle 15 für ptRNApred verwendeten Dinukleotid-

Eigenschaften. Auch der Gini-Index zeigt, dass 12 Dinukleotid-Eigenschaften zu den 25 

diskriminativsten Eigenschaften gehören. Somit haben Dinukleotid-Eigenschaften in der 

Diskriminierung der unterschiedlichen ptRNA-Arten einen sehr hohen Stellenwert. 
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Rank of 
importance for 
discrimination Property ranked by F-score Property ranked by Gini-Index 

1 Keto_content value_in_3rd_rnafold 

2 Guanine_content Shift 

3 GC_content Adenine_content 

4 Hydrophilicity U... 

5 Roll number_of_U_in_first_complementary_strand 

6 Slide value_MFE_RNAfold 

7 U... value_line_number_4(second value) 

8 Entropy_2 G... 

9 Rise Stacking_energy 

10 Twist ((( 

11 Entropy_1 G((( 

12 Stacking_energy Twist 

13 Cytosine_content Roll 

14 number_of_U_hairpin Hydrophilicity 

15 Adenine_content U..( 

16 G_in_buldges value_line_no_3_RNAfold 

17 number_of_buldges_in_sec_struc Entropy_2 

18 Tilt number_of_AU 

19 A_in_buldges Tilt 

20 Shift Rise 

21 number_of_A_pyramidine Entropy_1 

22 C((( Slide 

23 ..( value_line_number_4  

24 (.. Guanine_content 

25 value_in_3rd_rnafold value_line_no_3_RNAfold(second value)  

Tabelle 3: Rangfolge der 25 am meisten diskriminativen Eigenschaften, gemessen am F-Maß 
und am Gini-Index. 

Schlussfolgerung 

Einzelne Sequenzen einer RNA-Art ähneln sich nicht nur in ihrer Funktion, sondern auch 

in ihrer Struktur. Mithilfe ihrer strukturellen Eigenschaften lassen sich RNA-Sequenzen 

einer RNA-Art zuordnen. Die wichtigsten Eigenschaften zur Diskriminierung 

unterschiedlicher Arten von RNA basieren auf der Konstellation ihrer Dinukleotide. Durch 

die Identifikation charakteristischer Eigenschaften unterschiedlicher RNA-Arten war es 

uns möglich, „ptRNApred“ zu entwickeln, eine bioinformatische Methode, mit der man 

verschiedene Arten von RNA aus unbekannten genomischen Sequenzen erkennen kann.  
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Fragestellung (2) 

Publikation: 

Gupta, Y., Möller, S., Witte, M., Belheouane, M., Sezin, T., Hirose, M., Vorobyev, A., 

Niesar, F., Bischof, J., Ludwig, R.J., et al. (2016). Dissecting genetics of cutaneous 

miRNA in a mouse model of an autoimmune blistering disease. BMC Genomics 17, 112. 

Inhalt 

Mikro-RNA (miRNA) ist eine nicht-codierende RNA, die neben dem Zellzyklus und dem 

Zellmetabolismus eine wichtige Rolle in der Regulation der Genexpression spielt. 

Während die Prozesse, die durch miRNA reguliert werden, inzwischen gut verstanden 

sind, ist die Regulation der Expression der miRNA selbst bisher weitestgehend 

unbekannt. Ziel dieser Studie war es, Regionen des Genoms zu identifizieren, die die 

Expression von miRNAs regulieren. Dabei fokussierten wir uns in Studie (2) auf die 

miRNA-Regulation in der Haut im Rahmen eines Mausmodells zur Epidermolysis bullosa 

acquisita (EBA), einer blasenbildenden Autoimmunerkrankung mit Autoantikörpern gegen 

Kollagen VII in der Haut. 

Zur Identifikation von Regionen (=Loci) auf dem Genom, die für die Expression von 

miRNA in der Haut verantwortlich sind, wurde EBA durch Injektion von rekombinantem 

Kollagen VII in Mäusen der 4. Generation einer Kreuzung aus den Mausstämmen 

MRL/MpJ, NZM2410/J, BXD2/TyJ und Cast/EiJ induziert. Die Krankheitsaktivität wurde zu 

verschiedenen Zeitpunkten beurteilt. Anschließend wurden den Mäusen Hautproben 

entnommen, die Mäuse wurden genotypisiert und die Expression verschiedener miRNAs 

gemessen. Zur Identifikation genetischer Loci, die an der Regulation von miRNA-

Expression in der Haut beteiligt sind, wurden der Genotyp und die quantitative Expression 

der verschiedenen miRNAs korreliert. Dadurch konnten Loci identifiziert werden, die die 

Expression verschiedener miRNAs regulieren. Diese Loci werden auch „expression 

quantitative trait loci“ (eQTL) genannt. Insgesamt wurden dadurch 42 eQTLs identifiziert, 

die die Expression von 38 verschiedenen miRNAs regulieren. Die höchste Signifikanz 

ergab sich dabei für die Regulation der miRNA „miR-298“ durch ein eQTL auf Chromosom 

9. Eine Liste der eQTLs ist in Tabelle 4 dargestellt. 
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AffyID PEAK SNP Chr Pos(Mb) CI -logP score α Transcript Location (Chr:Pos) 

miR-322 rs6386920 1 54.1 51.5-58.4 4.797697778 0.02 X:50407432-50407526 

miR-431 rs6386920 1 54.1 51.5-59.8 5.231417376 0.006 12:110828657-110828747 

miR-26a rs6265423 2 47 28.1-51.3 4.376166299 0.021 
10:126432586-126432669,9:118940914-

118941003 

miR-291a-3p 
CEL.2_5060

5053 2 50.5 28.1-59.9 4.546953451 0.018 7:3218920-3219001 

miR-423-3p rs6265423 2 47 33.9-51.3 4.948513523 0.015 11:76891566-76891674 

miR-671-5p rs13476472 2 45.5 33.9-50.5 5.838570402 0.004 5:24097932-24098029 

miR-23b rs6250599 2 48.5 44.3-51.3 4.335454904 0.022 13:63401792-63401865 

miR-409-5p rs13476874 2 159.5 136-163 4.175101842 0.035 12:110981368-110981446 

miR-409-5p rs13477083 3 43.3 27.5-45.4 4.215972522 0.033 12:110981368-110981446 

miR-546 rs13477126 3 56.4 52.9-58.3 4.493016911 0.029 10:126435496-126435616 
miR-200a-

star rs3671119 3 126.1 117.4-131.3 4.688008826 0.011 4:155429005-155429094 

miR-339-5p rs3660863 4 7.1 3.7-19.5 4.878132165 0.003 5:139845604-139845699 

miR-465c-5p rs13477873 4 101.1 82.8-118 4.472478928 0.01 X:64079130-64079210 

miR-295 rs3663950 4 135.3 129.4-141.1 4.209508065 0.04 7:3220774-3220842 

miR-878-3p rs13478002 4 136.2 135.3-141.1 5.110152979 0.01 X:64054683-64054760 

miR-742 rs3673049 5 90.1 87.5-96.6 4.765858909 0.035 X:64033548-64033612 

miR-379 rs6208251 6 104.8 98.4-116.7 4.024954772 0.034 12:110947270-110947335 

miR-154 rs13479063 6 136.3 
133.92-
142.4 4.309450382 0.032 12:110976643-110976708 

miR-425* rs3663988 7 146.5 140.2-146.5 4.342220512 0.035 9:108471108-108471192 

miR-486 rs13479880 8 89.3 72.5-95.1 4.108040959 0.033 8:24253027-24253154 

miR-487b rs6257357 8 88 77.7-90.2 4.81779528 0.019 12:110965543-110965624 

miR-501-3p rs13479880 8 89.3 81.7-95 4.205948891 0.03 X:6818369-6818477 

miR-130b rs6413270 9 37.7 36.8-44.4 4.222559895 0.032 16:17124154-17124235 

miR-298 rs3700596 9 86.2 85-90.6 6.573678024 0.001 2:174093005-174093086 

miR-466c-3p rs3712394 10 17.7 14.1-24.2 4.569565941 0.03 2:10403161-10403244 

miR-466c-3p rs13480563 10 27.9 24.2-38.7 4.591526295 0.029 2:10403161-10403244 

miR-126-5p rs6374078 10 60.6 30.7-65.9 4.177297455 0.031 2:26446877-26446949 

miR-681 rs13481076 11 66.5 40.1-71.3 4.055742697 0.043 12:70864822-70864931 

miR-20a-star rs3712881 11 120.9 112-121 4.160612966 0.03 14:115443379-115443485 

miR-203 
mCV223512

41 12 60 55.0-72.6 3.838027866 0.039 12:113369091-113369166 

miR-542-3p 
CEL.12_847

50094 12 91.4 79.7-103.8 4.735149963 0.023 X:50402580-50402664 

miR-341 
gnf13.079.67

1 13 80.5 69.5-88.3 5.260091403 0.008 12:110849710-110849805 

miR-449b rs13482231 14 67.6 50.9-72.3 4.485232377 0.019 13:113827627-113827706 

miR-7a 
CEL.15_422

2769 15 4.4 3.2-9.7 4.941341377 0.044 
13:58494140-58494247, 7:86033163-

86033259 

miR-7a rs13482455 15 16.7 14.8-24.5 5.73214998 0.022 
13:58494140-58494247, 7:86033163-

86033259 

miR-337-3p rs13482549 15 45.5 38.4-53.9 4.298224443 0.029 12:110823999-110824095 

miR-673-5p rs13482549 15 45.5 38.9-56.6 4.592339382 0.014 12:110810200-110810290 

miR-136 rs13482914 17 21 16.5-27.6 4.679083445 0.026 12:110833537-110833598 

miR-466b-5p rs13483212 18 12.3 0-21 4.48515896 0.016 2:10395846-10395927 

miR-493 rs6211533 19 57.1 50.2-60.2 4.98913787 0.004 12:110818443-110818525 

miR-26a gnfX.023.543 X 36.3 0-49.3 4.718906745 0.01 
10:126432586-126432669, 
9:118940914-118941003 

miR-466e-5p rs13483712 X 9.1 0-33.5 4.013512497 0.05 2:10398257-10398340 

Tabelle 4: Auflistung der eQTLs, die die Expression von miRNAs regulieren. 

Neben der Regulation durch einen einzigen Genlocus kann die Expression von miRNA 

auch durch die Interaktion verschiedener Orte auf dem Genom reguliert werden. Dies wird 

auch Epistase genannt. Um die Epistase in der Regulation verschiedener miRNAs zu 

erforschen, wurden jeweils Paare von Variationen im Genom (=single nucleutide 

Polymorphisms, SNPs) mit der Expression verschiedener miRNAs korreliert. Dabei 
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ergaben sich insgesamt 200 signifikante SNP-Paare, die 8 verschiedene miRNAs 

regulieren (Abbildung 1). 

 

Abbildung 1: Epistatische Regulation der miRNA-Expression. 

In vergangenen Studien wurden QTLs identifiziert, die in Verbindung mit der 

Krankheitsaktivität in dem hier angewendeten Mausmodell zur EBA stehen. Da auch 

miRNA bei der EBA unterschiedlich exprimiert wird, müssten sich die identifizierten 

eQTLs für miRNA und die bereits identifizierten QTLs für EBA überlappen. Dies wurde im 

nächsten Schritt erforscht. Als Ergebnis zeigen sich vier sich überlappende QTLs auf den 

Chromosomen 9, 12, 14 und 19. 
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Schlussfolgerung 

Die Expression verschiedener miRNAs in der Haut wird sowohl durch einzelne Genloci, 

als auch durch die Interaktion verschiedener Genloci reguliert. Diese Art von Regulation 

wird auch Epistase genannt. In Bezug auf EBA, einer Autoimmunerkrankung der Haut, 

überlappen sich die Genloci, die die Expression verschiedener miRNAs regulieren, mit 

bereits bekannten Genloci, die mit EBA in Verbindung stehen.  
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Fragestellung (3) 

Publikation: 

Iwata, H., Witte, M., Samavedam, U.K.S.R.L., Gupta, Y., Shimizu, A., Ishiko, A., Schröder, 

T., Seeger, K., Dahlke, M., Rades, D., et al. (2015). Radiosensitive Hematopoietic Cells 

Determine the Extent of Skin Inflammation in Experimental Epidermolysis Bullosa 

Acquisita. J. Immunol. Baltim. Md 1950 195, 1945–1954. 

Inhalt 

Diese Studie verdeutlicht die experimentelle Anwendung von codierender RNA. MRNA 

kann zur Messung der Expression von Genen herangezogen werden. Gene, die für 

wichtige Proteine im Rahmen eines bestimmten Prozesses kodieren, werden zur 

Proteinbiosynthese vermehrt transkribiert. Die dabei gebildete Menge an mRNA in einem 

bestimmten Gewebe kann anschließend gemessen werden. So kann eine qualitative und 

quantitative Aussage über die Aktivität verschiedener Gene im Rahmen eines Prozesses, 

wie beispielsweise der Entzündung, getroffen werden. Zu den geeigneten Verfahren 

gehören unter anderem die Northern-Blot-Analyse oder die quantitative Reverse 

Transkriptase-Polymerase-Kettenreaktion (qRT-PCR). Diese Verfahren werden 

eingesetzt, wenn man eines bzw. nur wenige Transkriptionsprodukte nachweisen möchte. 

Zum Nachweis einer breiteren Palette an exprimierten Genen in einem Gewebe 

verwendet man heutzutage sogenannte DNA-Chips (oder DNA-Mikroarrays), mit denen 

die Expression einer Vielzahl von Genen simultan bestimmt werden kann. 

In dieser Studie ging es um Unterschiede in der neutrophilenabhängigen, 

immunkomplexinduzierten Entzündungsaktivität in zwei unterschiedlichen Mausstämmen. 

Als Modell für die neutrophilenabhängige, immunkomplexinduzierte Entzündung kam 

dabei ein Mausmodell zur Epidermolysis bullosa acquisita (EBA, siehe Studie (2)) zum 

Einsatz. Dabei wurde EBA in zwei verschiedenen Mausstämmen, und zwar C57BL/6J und 

MRL//MpJ, durch repetitive Injektion von Antikörpern gegen eine immunogene Domäne 

auf dem Kollagen VII induziert. Die Ausprägung der Entzündung wurde durch ein 

standardisiertes Scoringsystem zu 6 verschiedenen Zeitpunkten gemessen. Dabei zeigte 

sich eine hohe Krankheitsaktivität im C57BL/6J-Stamm, während die Mäuse des 

MRL/MpJ-Stamms kaum Krankheit zeigten. Um zu beweisen, dass dies an Unterschieden 

in der Neutrophilenaktivität lag, wurden Mäuse beider Stämme zunächst bestrahlt und 

anschließend Neutrophile des jeweils anderen Stammes transplantiert. Nun zeigte sich 

ein entgegengesetztes Bild: C57BL/6J-Mäuse mit MRL/MpJ-Neutrophilen blieben nach 

der Injektion von anti-Kollagen VII-Antikörper gesund, während MRL/MpJ-Mäuse mit 

C57BL/6J-Neutrophilen eine Krankheitsaktivität zeigen. Um die Entzündungsaktivität der 



15 
 

Neutrophilen zu beurteilen, wurden anschließend Neutrophile isoliert und deren Aktivität 

mithilfe eines sogenannten „ROS-Release-Assays“ gemessen. Dabei zeigte sich eine 

höhere Aktivität der Neutrophilen im C57BL/6J-Stamm gegenüber denen des MRL/MpJ-

Stamms. Um die beteiligten Gene in den Neutrophilen im Rahmen der 

immunkomplexinduzierten Entzündung zu identifizieren, wurde die oben beschriebene 

Genexpressionsanalyse mithilfe des DNA-Chips durchgeführt. Dazu wurde die Expression 

verschiedener Gene in Neutrophilen vor und nach ihrer Aktivierung mittels 

Immunkomplexen gemessen. Es ergaben sich 44 differenziell exprimierte Gene in den 

Neutrophilen des C57BL/6J-Stamms und 90 differenziell exprimierte Gene in den 

Neutrophilen des MRL/MpJ-Stamms, von denen sich 35 Gene überlappten. Eine genaue 

Liste der identifizierten Gene findet sich in Tabelle 5. 
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Common genes Only MRL/MpJ Only C57BL/6J 

CCL2 ABCG1 CASS4 

CXCL2 APLNR CCNO 

DDIT3 ARMC7 FRAT1 

DPH1 (OVCA2) ATF3 P2RY13 

DUSP2 CCDC85B PLA1A 

EGR1 CCL3 (CCL3L1, CCL3L3, LOC101060267) SLCO4C1 

EGR2 CCL4 THBD 

GADD45G CCNL1 TNFAIP2 

GPR65 CCR1 UBTD1 

H6PD CCR5  

HILPDA CCRL2  

HMGCS1 CD83  

HYOU1 COQ10B  

IER2 CSTB  

IER5 CXCL3  

IMPACT DUSP4  

INSIG1 DUSP5  

KCTD7 (RABGEF1) EGR3  

KLF10 F3  

MAFB FABP5 (LOC101060453)  

MAFK FFAR2  

MTUS1 G0S2  

MYC GJB4  

NAB2 GPRC5A  

OSM GZMB  

PLK3 HAS2  

PTGER2 HMGCR  

PTGIR HOMER1  

PTGS2 HSPBAP1  

RGS1 IFRD1  

SPP1 ITPKC  

TNFAIP6 KCNJ2  

XCL1 LFNG  

XCL1 (XCL2) MKL1  

ZBTB39 NPC1  

 
NR4A1  

 
NR4A3  

 
OLFML3  

 
OSGIN2  

 
P2RY14  

 
PER1  

 
PLK2  

 
PMAIP1  

 
PRICKLE3  

 
RAB20  

 
RARA  

 
RIN2  

 
SH3BP2  
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SQLE  

 
TBX6  

 
TPD52L2  

 
TRIB1  

 
VPS37B  

 
WBP5  

 
ZFP36  

Tabelle 5: Differenziell exprimierte Gene in den Neutrophilen des C57BL/6J-Stamms und 90 
differenziell exprimierte Gene in den Neutrophilen des MRL/MpJ-Stamms nach ihrer 
Aktivierung mittels Immunkomplexen, von denen sich 35 Gene überlappten. 

Um Pathways und die dazugehörigen Schlüsselgene zu identifizieren, die für die Aktivität 

der Neutrophilen im Rahmen der immunkomplexinduzierten Entzündung eine Rolle 

spielen, wurden die differenziert exprimierten Gene (Tabelle 5) mithilfe der Programme 

„Database for Annotation, Visualization and Integrated Discovery“ (DAVID) und 

„Integrative Pathway Analysis“ (IPA) analysiert. Als Pathways, die in der Aktivität der 

Neutrophilen im Rahmen der immunkomplexinduzierten Entzündung eine Rolle spielen, 

wurden dabei für Neutrophile beider Mausstämme die Pathways „cytokine-cytokine 

receptor interaction“, und „MAPK signalling“ identifiziert. Für Neutrophile des MRL/MpJ-

Stammes wurden zusätzlich die Pathways „chemokine signalling“ und „terpenoid 

backbone signalling“ identifiziert. Die Identifikation dieser Pathways könnte in Zukunft für 

die Entwicklung spezifischer Inhibitoren verwendet werden. Ein Netzwerk der Gene ist in 

Abbildung 2 dargestellt. 
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Abbildung 2: Netzwerk der differenziell exprimierten Gene in den Neutrophilen nach 
Aktivierung mittels Immunkomplexen. Als Schlüsselgene sind vor allem MYC, EGR1 und 
EGR 2 anzusehen. 

Schlussfolgerung 

Die Expression von Genen kann durch quantitative Bestimmung von mRNA gemessen 

werden. In einem Mausmodell zur EBA identifizierten wir durch Genexpressionsanalyse 

Gene, die an der Pathogenese der Erkrankung und an einer neutrophilenabhängigen, 

immunkomplexinduzierten Entzündung beteiligt sind. Durch Verknüpfung dieser Gene 

konnten wir verschiedene Pathways identifizieren, die an der Pathogenese der 

Erkrankung beteiligt sind. Die Identifikation dieser Pathways könnte in Zukunft für die 

Entwicklung spezifischer Inhibitoren verwendet werden. 
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Zusammenfassung 

RNA ist eine Nukleinsäure, die sich als Polynukleotid aus einer Kette von vielen 

Nukleotiden zusammensetzt. Sie lässt sich unterteilen in codierende RNA (mRNA) und 

nicht-codierende RNA (ncRNA). Darüber hinaus kann ncRNA weiter unterteilt werden. 

Sequenzen einer RNA-Art ähneln sich nicht nur in ihrer Funktion, sondern auch in ihrer 

Struktur. Mithilfe ihrer strukturellen Eigenschaften lassen sich RNA-Sequenzen einer 

RNA-Art zuordnen. Die wichtigsten Eigenschaften zur Diskriminierung unterschiedlicher 

Arten von RNA basieren auf der Konstellation ihrer Dinukleotide. Mithilfe solcher 

Eigenschaften erkennt das in Studie (1) präsentierte Programm „ptRNApred“ 

verschiedene Arten von RNA aus unbekannten genomischen Sequenzen und ordnet sie 

einer jeweiligen RNA-Art zu. Eine der nicht-codierenden Arten von RNA stellt die mikro-

RNA (miRNA) dar. Neben dem Zellzyklus und dem Zellmetabolismus spielt miRNA eine 

wichtige Rolle in der Regulation der Genexpression. Die miRNA selbst wird wiederum 

durch Abschnitte auf dem Genom reguliert. Wie Studie (2) zeigt, wird die Expression 

verschiedener miRNAs in der Haut sowohl durch einzelne Genloci, als auch durch die 

Interaktion verschiedener Genloci reguliert. Diese Art von Regulation wird auch Epistase 

genannt. In Bezug auf EBA, einer Autoimmunerkrankung der Haut, überlappen sich die 

Genloci, die die Expression verschiedener miRNAs regulieren, mit bereits bekannten 

Genloci, die mit EBA in Verbindung stehen. 

Codierende RNA kann verwendet werden, um die quantitative Expression von Genen zu 

messen. In einem Mausmodell zur EBA identifizierten wir durch Genexpressionsanalyse 

Gene, die an der Pathogenese der Erkrankung und an einer neutrophilenabhängigen, 

immunkomplexinduzierten Entzündung beteiligt sind. Durch Verknüpfung dieser Gene 

konnten wir verschiedene Pathways identifizieren, die an der Pathogenese der 

Erkrankung beteiligt sind. Die Identifikation dieser Pathways könnte in Zukunft für die 

Entwicklung spezifischer Inhibitoren verwendet werden. Insgesamt gibt diese Arbeit neue 

Einblicke in die komplexen Zusammenhänge und Eigenschaften der unterschiedlichen 

Arten von RNA.  
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ABSTRACT

Non-coding RNAs (ncRNAs) are known to play im-
portant functional roles in the cell. However, their
identification and recognition in genomic sequences
remains challenging. In silico methods, such as clas-
sification tools, offer a fast and reliable way for
such screening and multiple classifiers have already
been developed to predict well-defined subfamilies
of RNA. So far, however, out of all the ncRNAs, only
tRNA, miRNA and snoRNA can be predicted with a
satisfying sensitivity and specificity. We here present
ptRNApred, a tool to detect and classify subclasses
of non-coding RNA that are involved in the regu-
lation of post-transcriptional modifications or DNA
replication, which we here call post-transcriptional
RNA (ptRNA). It (i) detects RNA sequences cod-
ing for post-transcriptional RNA from the genomic
sequence with an overall sensitivity of 91% and a
specificity of 94% and (ii) predicts ptRNA-subclasses
that exist in eukaryotes: snRNA, snoRNA, RNase P,
RNase MRP, Y RNA or telomerase RNA. AVAILABIL-
ITY: The ptRNApred software is open for public use
on http://www.ptrnapred.org/.

INTRODUCTION

There are many different types of RNA with multiple func-
tions in the cell. Some RNA molecules contribute to the
translation of genetic information into protein and the reg-
ulation of genes. Others function enzymatically by catalyz-
ing biological reactions. While the non-coding regions in
the genome were first believed to be dispensable sequences,
they have been shown to code for RNA families that play
important roles in the eukaryotic cell. These so-called non-
coding RNAs (ncRNAs) do not code for protein but are
involved in many regulatory processes and can be divided
into a tremendous variety of highly plethoric and ver-

satile families that are essential for the cellular function
(1). Hence, they form a vast and to a large extent unex-
plored reservoir of potentially valuable medical biomarkers
(2,3). For their identification, modern techniques like next-
generation-sequencing and microarray-technologies are be-
ing employed (4,5). These techniques provide an immense
amount of data and offer ample opportunities to identify
novel classes of non-coding RNA. However, the experi-
mental analysis of new sequences is time-consuming and
complex, indicating the need to find alternative approaches
for their analysis. Promising and auspicious approaches are
given by in silico methods. Due to phylogenetic relation-
ships, sequences of non-coding RNA show similarities re-
garding their properties. They can be divided into subclasses
based on their conserved properties, meaning sequence con-
servation and structural conservation (6). Computational
methods, such as classification tools, offer a fast and re-
liable way to analyze and classify sequences by exploiting
conserved properties among the sequences (6,7).

Various classification systems have been developed to
predict different subsets of RNA, using machine learning
and phylogenetic approaches (8–12). So far, tRNAs can be
detected reliably using tRNAScan-SE (13). Furthermore,
various approaches have been established to detect miRNA
(14) and other small RNA subsets. Recently, snoReport was
introduced, which is designed to recognize small nucleolar
RNA (snoRNA) from the genome without using any target
information (15). Most of these systems achieve a satisfying
accuracy, however not every RNA family can be predicted.
For example, to this point, there is no tool for the prediction
of small nuclear RNA (snRNA), Ribonuclease P (RNase
P), Ribonuclease MRP (RNase MRP), Y RNA and telom-
erase RNA. Facing the continuing increase in the number
of human RNAs in databases like Rfam (16,17), it is neces-
sary to extend the current possibilities of RNA prediction.
SnRNA, RNase P, RNase MRP, Y RNA and telomerase
RNA have in common, that, besides snoRNA, they are in-
volved in post-transcriptional modification or DNA repli-
cation in eukaryotes (18–23).
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The aim of this study was to develop a tool that can
predict and differentiate among sequences coding for these
RNA families, for which, for the sake of convenience, we
here use the term ‘post-transcriptional RNA (ptRNA)’.

PtRNA-subclasses are not only distinct regarding their
function, but also regarding their sequence. Therefore, we
hypothesized that implementation of certain algorithms
would make it possible to identify ptRNA from a ge-
nomic sequence. Machine learning algorithms, such as sup-
port vector machines (SVMs), have shown high accuracy
in the development of classification systems (24–26). Re-
cent advancement in small non-coding miRNA prediction
has achieved high performance using machine learning ap-
proaches (27–30). Moreover, SVMs are also employed in the
prediction of sequence based secondary structure of RNA
(31,32). The available tools for designing the machine learn-
ing classifier, like SVM-Light (33) and LibSVM (34) are of-
ten used for the development of new algorithms for RNA
prediction.

With the introduction of ‘ptRNApred’, this study offers
a novel opportunity to detect and classify ptRNA without
using any target information. ‘ptRNApred’ (i) detects RNA
sequences coding for post-transcriptional RNA from the
genomic sequence and (ii) predicts ptRNA-subclasses that
exist in eukaryotes: snRNA, snoRNA, RNase P, RNase
MRP, Y RNA or telomerase RNA.

MATERIALS AND METHODS

Dataset

2040 sequences of ncRNA were obtained from the NON-
CODE database (35), including 268 sequences of RNase P,
14 sequences of RNase MRP, 1443 sequences of snoRNA
(1430 + 13 scaRNA), 46 sequences of telomerase RNA,
14 sequences of Y RNA and 255 sequences of snRNA
(Table 1). These sequences were used as a dataset for the
multiclass-classifier and as a positive set for our binary
classifier. The negative set was made up of sequences of
tRNA, 5s ribosomal RNA and miRNA that were derived
from Rfam (17). Since our classifier focuses on eukaryotes,
our selection of miRNA-sequences was restricted to se-
quences from the species Homo sapiens, Mus musculus and
Drosophila melanogaster. The redundancy of the sequences
within a set was removed using CD-Hit (36) at a thresh-
old of 0.9 for the positive set and at 0.8 for the negative set
of sequences. After removal of redundancy, the ratio of se-
quences in the negative to positive set was 3:2. Comparable
ratios have been frequently used for the generation of SVMs
(37,38).

All sets of sequences were divided into two parts: two-
third of each set of sequences were used for training the clas-
sifiers and one-third was used for testing the performance
of the classifier. Table 1 gives an overview on the number of
training and testing sequences of each ptRNA-subclass.

A detailed list of the sequences is provided on the classi-
fier’s website http://www.ptrnapred.org/. For testing its per-
formance on RNase P, 329 RNase P sequences were down-
loaded from ‘The Ribonuclease P Database’ (48). Perfor-
mance on coding RNA was tested using 10 000 randomly
downloaded mRNA sequences from Ensembl (Release 72,
June 2013).

Features for classification

Feature selection and SVM training was performed using
two sets of input parameters: The first set was based on
the primary sequence and the second set considered the sec-
ondary structure which was predicted with RNAfold (Ver-
sion 2.0.7) (39). Primary sequence properties were mainly
derived from dinucleotide properties employing DiProGB
(40), using a sliding window approach (window size: 2 nu-
cleotides). Some of the properties in DiProGB are highly
correlating to each other. The use of highly correlating fea-
tures for classification would not only be redundant in in-
formation, but would overfit the classifier. In order to deter-
mine which of the features that we derived from DiProGB
were correlating, we determined the Pearson correlation co-
efficients among all possible dinucleotide properties. Two
features were considered as highly correlating when the
Pearson coefficient was >0.9. As an example, the dinu-
cleotide property ‘stacking energy’ was highly correlated to
the property ‘melting temperature’. Whenever one of two
features were highly correlating, one of them was randomly
discarded. In our example, we used ‘stacking energy’ as
an input feature and discarded ‘melting temperature’ from
consideration as a feature for classification. A table of the
selected dinucleotide properties as well as their dinucleotide
values (40) is provided in the supplement (Supplementary
Table S1).

Secondary structures of every sequence were calculated
via RNAfold (39), accessing the Vienna RNA Package (41).
Fifty-two different properties were derived from the sec-
ondary structure, e.g. the number of loops, the number
of bulges, the number of hairpins or the frequency of nu-
cleotides involved in substructures.

Additionally, we included 32 triplet element properties
employed by miPred, a triplet SVM for the classification
of miRNA (42): MiPred considers the middle nucleotide
among the triplet elements, resulting in 32 (4 × 8) possible
combinations, which are denoted as ‘U(((’, ‘A((.’, etc.

Altogether, ptRNApred uses 91 features for classifica-
tion. A detailed description of the feature selection is pro-
vided in the supplement (Supplementary Section S1).

Classification system

To create optimal conditions for classification, we com-
pared the outcome of two different algorithms.

On the one hand, we employed a Random Forest accord-
ing to Breiman (43) as a sophisticated classification method.
Random Forests operate by constructing a multitude of de-
cision trees at training time and outputting the class that is
the mode of the classes output by individual trees.

On the other hand, we employed LibSVM (34), a library
of SVM, which serves as an interface to train and build
SVMs based on certain vectors. LibSVM was a superior
machine learning algorithm for training our classifiers, since
it gave us a better accuracy than Random Forest prediction.
Further information is provided in the ‘Validation of the al-
gorithm’ part of the ‘Results’ section.

http://www.ptrnapred.org/
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Table 1. Total number of test and training sequences

Training sequences Testing sequences

RNase P 178 90
RNase MRP 9 5
snoRNA + scaRNA 978 + 9 452 + 4
telomerase RNA 29 17
Y RNA 9 5
snRNA 170 85

The table displays the number of training and testing sequences of each ptRNA-subclass used for the SVM.

Implementation of LibSVM

The SVM algorithm defines a hyperplane in the feature
space with maximum margin distinguishing positive in-
stances from negative (44). LibSVM provides a python
script to optimize the grid parameters C and gamma (� ).
C stands for cost function, i.e. penalty for the misclassifi-
cation in the training set and � is a free parameter decid-
ing upon the impact of each training vector. The parame-
ters are thus used for designing the classifier from a training
set. Therefore, we used a (Gaussian) Radial Basis Function
(RBF) (45) kernel for classification.

In order to decide the parameters C and γ , LibSVM ob-
tains cross validation (CV) accuracy for each possible pa-
rameter setting. Regarding our binary classifier, the highest
CV accuracy was achieved when C was set to 32768 and γ
was set to 0.008 (Figure 1a). These parameters were used to
train the whole training set and to generate the final model.

For multi-class classification, under a given (C, γ ), Lib-
SVM uses the one-against-one, one-against-all and sparse
method to build hyper planes and to obtain the CV ac-
curacy. Hence, the parameter selection tool suggests the
same (C, γ ) for all k(k−1)/2 decision functions. Yuan et al.
(46,47) discuss issues of using the same or different param-
eters for the k(k−1)/2 two-class problems. In our case, C =
4 and γ = 0.5 as well as usage of the sparse method gave us
the best CV accuracy for the multi-class classification (Fig-
ure 1b).

Work flow and output of ptRNApred

The web server implementation accepts sequences in a
FASTA-format as an input that can be either uploaded as a
file or pasted into the text box (Supplementary Figure S1).
By checking ‘Post-Transcriptional RNA’, an in-built Perl
script calculates input vectors for the pre-trained model to
predict whether or not the input sequence belongs to the
group of post-transcriptional RNA. Additionally selecting
‘RNA family’, the server also predicts the RNA-subclass.

Altogether, the output includes the prediction for ptRNA
as well as the classification of the RNA class within the
ptRNA. Additionally, it displays the minimum free energy
using RNA-fold (39) as well as the secondary structure, us-
ing VARNA (Version 3.1) (48) (Supplementary Figure S2).
The output can directly be downloaded.

RESULTS

We created a two-step classifier to distinguish sequences of
ptRNA and non-ptRNA in a binary classification, and for
the prior separate six classes of post-transcriptional RNA

(snRNA, snoRNA, RNase P, RNase MRP, Y RNA or
telomerase RNA) in a multi-class classification. Since the
binary and multi-class classifiers were trained with separate
data and thus function independently, the accuracy was cal-
culated for each individual classifier.

In a 5-fold cross validation, using balanced amounts of
randomly selected sequences throughout the positive and
negative sets, the binary classifier yields an accuracy of 93%
within the training set (Figure 1a) and the multi-class clas-
sifier yields a 5-fold cross validation accuracy of 87% (Fig-
ure 1b).

When testing the classifiers with the test set of sequences,
the binary classifier showed an accuracy of 93%, with a sen-
sitivity of 91%, a specificity of 94% and an overall preci-
sion of 90%. The multi-class classifier showed an accuracy
of 91%.

The fact that the accuracy in the test set is higher than
the 5-fold cross validation accuracy in the training set sug-
gests that an increase in the number of sequences leads to
a more accurate prediction. Regarding this matter, we ob-
served an increase of the accuracy of the multi-class classi-
fication when adding more sequences to the training set.

Validation of the method

In order to validate our tool by comparing it to existing
tools that can predict ptRNA, we found snoReport (15)
as an advanced tool for the prediction of snoRNA. snoRe-
port can predict orphan snoRNA without using target in-
formation and is therefore similar to our approach. To com-
pare our tool to snoReport, we derived snoRNA sequences
from a mouse genome from Ensembl (49) and used them
as an independent set. In total, we used an input of 1603
sequences of snoRNA. As a result, snoReport identified
733 sequences correctly. In contrast, our classifier identi-
fied 1589 sequences correctly. Furthermore, we abstracted
a human dataset with 1641 sequences of snoRNA from
Ensembl. While snoReport identified 852 of the snoRNA-
sequences correctly, our tool identified 1611 (Table 2).

In order to analyze the low sensitivity of snoReport we
inspected the sequences that it fails to classify. We found
that snoReport was not able to detect a major snoRNA-
subclass snoU13. snoU13 was identified in 1989 (50). It has
been well characterized in 35 species by both functional as-
say and prediction. It is involved in the nucleolytic cleavage
at the 3′ end of 18S rRNA where it works as a trans-acting
factor (51).

snoReport was unable to assign any of 245 snoU13-
sequences in a human cohort to snoRNA. Our tool ptR-
NApred however identified all of them correctly (Table 2).
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Figure 1. C and � determination and 5-fold cross validation using LibSVM. The figure shows graphs for different values of the parameters C (a trade-off
for misclassification) and � (inverse width of RBF kernel) on a logarithmic X and Y axis. The ranges of the axes describe the different values that were
tested, searching the optimal C and � values in the grid space. The different colors in the diagram display the different accuracies obtained while optimizing
C and � values. We chose the C and � values according to the green graphs, respectively, representing the C and � value with the highest accuracy. (a) C
and � determination and 5-fold cross validation of the two-class SVM. The green graph represents the optimal values for C and gamma. In this case, the
highest 5-fold cross validation accuracy (92.89%) is achieved when C = 32768 and � = 0.008. (b) C and � determination and 5-fold cross validation of the
multi-class SVM. The green graph represents the optimal values for C and gamma. In this case, the highest 5-fold cross validation accuracy (86.69%) is
achieved when C = 4 and � = 0.5.

Table 2. Comparison between snoReport and ptRNApred

Organism RNA class
Total number of
sequencesa

Number of sequences
identified by snoReport (%
of total number of
sequences)

Number of sequences
identified by ptRNApred (%
of total number of sequences)

M. musculus snoRNA 1603 737(46%) 1589(99%)
H. sapiens snoRNA 1641 852(52%) 1611(98%)

snoU13b 245b 0(0%)b 245(100%)b

A murine and a human dataset of snoRNA was abstracted from Ensembl (49) and performance of ptRNApred was compared to snoReport as a well-
established tool for snoRNA prediction. ptRNApred achieved higher sensitivity than snoReport (99 versus 46% on the murine and 98 versus 52% on the
human set of sequences). Regarding snoU13, a member of the snoRNAs, there is an even larger difference in the sensitivity (100 versus 0%).
aTotal number of snoRNA-sequences downloaded from Ensembl (49).
bsnoU13 among the human snoRNA sequences.

Current approaches to identify different RNA families
heavily rely on their secondary structure conservation. Con-
sequently, these approaches are accurate as long as the RNA
families show high secondary structure conservation. How-
ever, as soon as a RNA-family lacks a secondary structure
because it e.g. has no complementary sequences within it-
self, it will be misclassified. This explains why snoReport
failed to identify snoU13 and possibly also the remaining
∼550 snoRNA sequences: snoU13 does not form any sec-
ondary structure conservation as it forms a loop.

Validation of the algorithm

As mentioned in the ‘Materials and Methods’ section, we
compared the algorithm implemented in our tool to Ran-
dom Forest classification. As a result, implementation of
Random Forest yielded an overall accuracy of 82%. In com-
parison, using LibSVM, our multi-class classifier developed
yields an accuracy of 91%. Detailed results of the perfor-
mance of Random Forest based prediction of the ptRNA-

subclasses can be found in the Supplement (Supplementary
Table S2).

Variable importance

Classification features have an individual impact on the dif-
ferentiation of RNA-classes. To determine the importance
of each of the 91 features for classification of ptRNA, an
F-score was calculated for each feature, using LibSVM. F-
scores can be interpreted as a weighted average of the pre-
cision and recall, where an F-score reaches its best value at
1 and worst score at 0. Supplementary Table S3 depicts the
F-score corresponding to every feature.

Additionally, even though Random Forests did not con-
tribute to ptRNApred predictions, those provide useful in-
formation on feature importance. One of the measures of
variable importance in Random Forest is the mean decrease
in accuracy, calculated using the out-of-bag sample. The dif-
ference between the prediction accuracy on the untouched
out-of-bag sample and that on the out-of-bag sample per-
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muted on one predictor variable is averaged over all trees in
the forest and normalized by the standard error. This gives
the mean decrease in accuracy of that particular predictor
variable which has been permuted. Thus, the importance of
the predictor variables can be ranked by their mean decrease
in accuracy. Supplementary Table S3 depicts the Gini-Index
corresponding to every feature.

Interestingly, comparing the 25 most discriminative fea-
ture variables according to F-score and Gini-Index (Sup-
plementary Table S4), dinucleotide properties achieve high
ranks: 9 of the 10 most discriminative features according to
the F-score are composed of dinucleotide properties. Fur-
thermore, all of the 15 dinucleotide properties can be found
among the 25 most discriminative properties. According to
the Gini-Index, 12 properties can be found among the 25
most discriminative properties, whereas only three of them
can be found among the top 10, indicating the importance
of the secondary structure.

Validation of the feature number

As mentioned in the ‘Materials and Methods’ section, a
general concern for all machine learning approaches is that
one has too many features, i.e. that one trains on features
that are not relevant––referred to as overfitting. This was ex-
cluded by the above mentioned cross validation test. On the
other hand, too few features would lead to loss of (overall)
accuracy. In order to confirm that using less features would
lead to loss of accuracy, we selected the 78 most discrimina-
tive features based on Random Forest prediction, using the
R package ‘Boruta’. When using these 78 features instead of
91 features, the 5-fold cross validation accuracy decreased
from 92.89 to 74.46% (Supplementary Figure S3).

Performances on a non-eukaryotic system

Even though ptRNApred is designed to primarily predict
eukaryotic sequences, ptRNApred was tested for perfor-
mance on RNase P sequences, using 329 RNase P sequences
from ‘The Ribonuclease P Database’ (52). RNAse P has not
only been described in eukaryotic systems (53), but rather
distributes among different organisms (20). Interestingly,
our tool predicted the RNAse P sequences with an accuracy
of 97.3%.

Performances on coding RNA

Over the last few years, several tools have been developed
to distinguish coding from non-coding RNA (54–57). Even
though our aim was to develop a novel tool that can dif-
ferentiate between subclasses of non-coding RNAs and not
to distinguish between coding and non-coding RNAs, ptR-
NApred was tested for performance on mRNA. Therefore,
ptRNApred was challenged by 10 000 mRNA randomly
downloaded sequences from Ensembl. Surprisingly, only 15
of the sequences were misclassified as ptRNA. Therefore,
the accuracy of separating out mRNA is 99.85%.

DISCUSSION

RNA classes that are involved in post-transcriptional mod-
ification or DNA replication in eukaryotes not only have

functional similarities, but rather form a distinct group of
ncRNA with sequence and conformational similarities, that
make it possible to accurately distinguish them from other
RNA classes.

We here present a novel user-friendly tool that employs
discriminative properties to (i) distinguish what we here call
‘post-transcriptional RNA’ from other classes of ncRNA
and (ii) discriminate between the different types of ptRNA.

An advantage of the tool is its highly accurate and there-
fore reliable output. This is based on its working principle:
More than 90 features that are derived from the primary
sequence and secondary structure are used to define prop-
erties for characterization and differentiation between the
subclasses. Analyzing the most discriminative feature vari-
ables according to F-score and Gini-Index, the most impor-
tant features are not only based on the secondary struc-
ture, but even more importantly on dinucleotide proper-
ties. This might be due to the fact that many nucleic acid
properties such as nucleic acid stability, for example, seem
to depend primarily on the identity of nearest-neighbor
nucleotides (58). Furthermore, the corresponding nearest-
neighbor model is also the basis for RNA secondary struc-
ture prediction by free-energy minimization (59). It has long
been known that also thermodynamic but also conforma-
tional nucleotide properties may play a role. It has been
shown, for example, that promoter locations can be pre-
dicted adopting dinucleotide stiffness parameters derived
from molecular dynamic simulations (60). Our tool under-
scores the value of these properties.

Recently, a focus has been on the characterization of
snoRNA. However, there has been no classifier that could
predict snRNA, RNase P or RNase MRP, even though
these subclasses have conserved secondary structures. Iden-
tification of those RNA classes has as yet been dependent
on sequence alignment. This technique frequently leads to
misidentification, especially if the particular homologous
sequence is not present in any database.

Furthermore, ptRNApred can be used to elucidate un-
known relations and derivation of RNA classes. Based on
the assumption that evolutionarily close RNA families have
similar sequence properties, one may speculate that tools
like ptRNApred will falsely arrange evolutionarily close
RNA families into the same group.

A deficiency of this tool is that its accuracy is depen-
dent on the amount of published ptRNA sequences. Some
classes of ptRNA, for example Y RNA, are to this point just
rarely available in the NONCODE database, making it hard
to define discriminative sequence properties and setting lim-
its to the accuracy. In the current era of high-throughput
next generation sequencing, where a large amount of ge-
nomic data is generated each day, ptRNA sequences that
will be added to the database in the future can be used
to increase training and test set, setting a base to improve
the classifier. On the other hand, discovery of new candi-
dates for ptRNA requires a method which can classify them
rapidly and reliably. Our tool offers a solution to this prob-
lem. Also, facing the huge amount of new sequences that
are found in Next Generation Sequencing (NGS) or RNA-
seq data (61), it is important to include such algorithms into
NGS pipelines. For such purposes, we provide a standalone
version.
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We implemented our method as a web-based server for
free public use. Transparent and user-friendly design makes
it possible for everyone to understand and employ the tool.
Data and scripts for the development of the tool can be
downloaded, allowing anyone to acquire the working prin-
ciple and improve ptRNApred.

Collectively, our tool offers a fast and reliable way to an-
alyze cDNA and RNA sequences and outperforms the ex-
isting classifiers. Furthermore, the tool provides compre-
hensive annotations. Therefore, ptRNApred introduces dif-
ferent opportunities to identify and classify new and un-
annotated RNA sequences.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online.
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Abstract

Background: MicroRNAs (miRNAs) are small endogenous non-coding RNAs that control genes at post-transcriptional
level. They are essential for development and tissue differentiation, and such altered miRNA expression patterns are
linked to the pathogenesis of inflammation and cancer. There is evidence that miRNA expression is genetically
controlled similar to the transcription of protein-coding genes and previous studies identified quantitative trait
loci (QTL) for miRNA expression in the liver. So far, little attention has been paid to miRNA expression in the skin.
Moreover, epistatic control of miRNA expression remains unknown. In this study, we characterize genetic regulation of
cutaneous miRNA and their correlation with skin inflammation using a previously established murine autoimmune-
prone advanced intercross line.

Results: We identified in silico 42 eQTL controlling the expression of 38 cutaneous miRNAs and furthermore found two
chromosomal hot-spots on chromosomes 2 and 8 that control the expression of multiple miRNAs. Moreover, for 8
miRNAs an interacting effect from pairs of SNPs was observed. Combining the constraints on genes from the statistical
interaction of their loci and further using curated protein interaction networks, the number of candidate genes for
association of miRNAs was reduced to a set of several genes. A cluster analysis identified miR-379 and miR-223 to be
associated with EBA severity/onset, where miR-379 was observed to be associated to loci on chromosome 6.

Conclusion: The murine advanced intercross line allowed us to identify the genetic loci regulating multiple miRNA in
skin. The recurrence of trans-eQTL and epistasis suggest that cutaneous miRNAs are regulated by yet an unexplored
complex gene networks. Further, using co-expression analysis of miRNA expression levels we showed that multiple
miRNA contribute to multiple pathways that might be involved in pathogenesis of autoimmune skin blistering disease.
Specifically, we provide evidence that miRNA such as miR-223 and miR-379 may play critical role in disease progression
and severity.

Keywords: MicroRNA, Expression QTL, Epistasis, Autoimmune skin blistering disease, Co-expression analysis

Background
The discovery of microRNAs (miRNAs), a class of small
endogenous non-coding molecules ranging from 18–24 nt
brought a new level of complexity for understanding the
mechanisms that constitute various biological processes
[1, 2]. The involvement of miRNAs in the control of gene
expression has been thoroughly defined for the cell cycle,

metabolism, and immune system and in cancer [3–6].
Binding to the 3′ or 5′ UTR region of genes, miRNAs
may yield increased or decreased gene expression levels
and have been described to affect various molecular path-
ways [7].
Approximately half the miRNAs are intergenic with

few also located in intronic regions [8, 9]. These are
understood to have their own enhancers and promoters
and are transcribed by RNA polymerase II [10]. How-
ever, it remains unclear whether these are produced as
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by-products of protein-coding gene transcription or
whether their biogenesis has its own machinery [11].
Recent studies in murine and human fibroblasts of liver
tissues revealed that miRNA expression can either be
regulated by their transcriptional genomic location or
by other regions in the genome [12]. Furthermore, mu-
tations in genes involved in miRNA processing, such as
AGO1, DGCR8, and DICER, can cause significant changes
in the expression of miRNAs, resulting in altered disease
susceptibility [13]. Regarding the skin, in vivo studies show
that miRNA biogenesis is dependent on both DICER and
DGCR8. A lack of these enzymes causes severe pheno-
types [14], underscoring the importance of miRNAs in the
regulation of morphogenesis and homeostasis of the skin
[15]. Differentially expressed miRNAs are associated with
different physiological and pathological processes in the
skin such as melanoma, Sézary syndrome, psoriasis and
atopic dermatitis [16–19]. Advancements have been
achieved in understanding various processes regulated
by miRNAs. On the other hand, the mechanisms that
regulate their own expression have so far remained un-
known. One possible approach towards understanding
their regulation is constraining on genetic loci whose
variations statistically link the variable phenotypic effect.
We thus performed an in silico expression QTL-based
analysis, which has been widely used for deciphering gen-
etic loci regulating gene expression in various biological
processes [20]. Su et al. have further shown that expres-
sion QTL-based analysis can provide insights into miRNA
regulation [12]. However, no study has yet been performed
to determine the impact of genetic variation on miRNAs
associated to skin and autoimmune disorders.
This study (i) uses expression QTL-based analysis to

define genetic loci that control miRNA expression in the
skin and (ii) provides insights into interacting genes to
control a single transcript (epistasis). The relevance of
these findings is illustrated by employing a mouse model
for the autoimmune blistering disease EBA (Epidermolysis
Bullosa Acquisita), providing a direct link between miRNA
expression and disease phenotype. Taken together, the
data provide insights into the complexity of miRNA
regulation and possible means to understand various
gene interactions altering the expression of miRNAs.

Results
A murine heterogeneous inter-cross line was generated
by inter-crossing four parental inbred mouse strains:
MRL/MpJ, NZM2410/J and BXD2/TyJ as autoimmunity-
prone strains and Cast/EiJ for genetic heterogeneity. As a
mouse model for an autoimmune blistering disease, 100
mice from generation 4 of the intercross-line were immu-
nized with recombinant collagen type VII (COL7), an
integral component of anchoring fibrils located at the
dermal-epidermal junction. This induced a loss of

tolerance and production of anti-COL7 autoantibodies
in all immunized mice. The incidence of sub-epidermal
blisters and the clinical phenotype of epidermolysis bul-
losa acquisita (EBA) were at 1/3 [21]. All mice were ge-
notyped and miRNA expression profiling was acquired
from skin tissue using the Affymetrix’s GeneChip miRNA
2.0 array. To reveal genetic loci that regulate miRNA
expression, we then performed an association study be-
tween the genotype and the respective expression levels
of miRNAs. Further we performed co-expression analysis
between expression levels of miRNAs and phenotype. The
workflow is presented in a flowchart (Additional file 1:
Figure S1).

miRNA expression is genetically controlled
We performed a genome-wide scan to detect genetic loci
associated with miRNA expression. Expression levels of
miRNA were treated as quantitative trait to yield expres-
sion quantitative trait loci (eQTL). Genome-wide signifi-
cance was determined by a permutation test. Using an
E-value cutoff of <0.05, 42 eQTL for 38 miRNAs were
mapped to the genome, corresponding to 6.83 % of all
murine miRNAs present on the above mentioned Affy-
metrix GeneChip (Table 1 and Fig. 1). Since the wild
derived strain CAST/EiJ was incorporated into the ad-
vanced intercross line, we investigated the polymorphic
sites located in the transcribed miRNAs that may have
an effect of probe hybridization which is derived from
C57B6/J [22]. We obtained the SNPs and indels in gen-
ome of CAST/EiJ from the database [23]. We found
that 4/38 (10.53 %) miRNAs (miR-291a-3p, miR-341,
miR-449b and miR-681) exhibits indels in CAST/EiJ
strain on chromosome 7 (3.2 Mb), 12 (69 and 109 Mb)
and 13 (113 Mb), which may suggest false positive asso-
ciations for those loci (Table 1). The highest -log P value of
6.57 was observed for miR-298 on chromosome 9 explain-
ing 20.76 % of the variance. The peak SNP (rs3700596)
was found within 1 kb of the Ube3D gene, an ubiquitin-
conjugating enzyme E2c binding protein. We found only
trans – eQTL, except for miR-486 (−log P = 4.10,
rs13479880), which was mapped to the same chromosome
of its transcriptional site (Chr 8, ~89 Mb). This indicates
that other genes rather than their own transcript may con-
tribute to the regulation of miRNA expression which could
be tissue specific.
Prior knowledge suggests classes of gene families that

play a major role in the regulation of miRNA expression
i.e. Argonaute proteins and helicases which play a cru-
cial role in its regulation [24]. To examine this assump-
tion, we obtained the coordinates of all helicases and
other genes involved in pathways of miRNA biogenesis
from ‘The RNA Helicase Database’ and mapped them to
the eQTL identified in our study [25]. Helicases like
Ddx39, Ddx49, Cd97 and Upf1 were mapped within the
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Table 1 eQTL detected for the expression of miRNA
AffyID PEAK SNP Chr Pos(Mb) CI -logP score α Transcript Location (Chr:Pos)

miR-322 rs6386920 1 54.1 51.5–58.4 4.797697778 0.02 X:50407432-50407526

miR-431 rs6386920 1 54.1 51.5–59.8 5.231417376 0.006 12:110828657-110828747

miR-26a rs6265423 2 47 28.1–51.3 4.376166299 0.021 10:126432586–126432669,9:118940914-118941003

miR-291a-3p CEL.2_50605053 2 50.5 28.1–59.9 4.546953451 0.018 7:3218920-3219001

miR-423-3p rs6265423 2 47 33.9–51.3 4.948513523 0.015 11:76891566-76891674

miR-671-5p rs13476472 2 45.5 33.9–50.5 5.838570402 0.004 5:24097932-24098029

miR-23b rs6250599 2 48.5 44.3–51.3 4.335454904 0.022 13:63401792-63401865

miR-409-5p rs13476874 2 159.5 136–163 4.175101842 0.035 12:110981368-110981446

miR-409-5p rs13477083 3 43.3 27.5–45.4 4.215972522 0.033 12:110981368-110981446

miR-546 rs13477126 3 56.4 52.9–58.3 4.493016911 0.029 10:126435496-126435616

miR-200a-star rs3671119 3 126.1 117.4–131.3 4.688008826 0.011 4:155429005-155429094

miR-339-5p rs3660863 4 7.1 3.7–19.5 4.878132165 0.003 5:139845604-139845699

miR-465c-5p rs13477873 4 101.1 82.8–118 4.472478928 0.01 X:64079130-64079210

miR-295 rs3663950 4 135.3 129.4–141.1 4.209508065 0.04 7:3220774-3220842

miR-878-3p rs13478002 4 136.2 135.3–141.1 5.110152979 0.01 X:64054683-64054760

miR-742 rs3673049 5 90.1 87.5–96.6 4.765858909 0.035 X:64033548-64033612

miR-379 rs6208251 6 104.8 98.4–116.7 4.024954772 0.034 12:110947270-110947335

miR-154 rs13479063 6 136.3 133.92–142.4 4.309450382 0.032 12:110976643-110976708

miR-425* rs3663988 7 146.5 140.2–146.5 4.342220512 0.035 9:108471108-108471192

miR-486 rs13479880 8 89.3 72.5–95.1 4.108040959 0.033 8:24253027-24253154

miR-487b rs6257357 8 88 77.7–90.2 4.81779528 0.019 12:110965543-110965624

miR-501-3p rs13479880 8 89.3 81.7–95 4.205948891 0.03 X:6818369-6818477

miR-130b rs6413270 9 37.7 36.8–44.4 4.222559895 0.032 16:17124154-17124235

miR-298 rs3700596 9 86.2 85–90.6 6.573678024 0.001 2:174093005-174093086

miR-466c-3p rs3712394 10 17.7 14.1–24.2 4.569565941 0.03 2:10403161-10403244

miR-466c-3p rs13480563 10 27.9 24.2–38.7 4.591526295 0.029 2:10403161-10403244

miR-126-5p rs6374078 10 60.6 30.7–65.9 4.177297455 0.031 2:26446877-26446949

miR-681 rs13481076 11 66.5 40.1–71.3 4.055742697 0.043 12:70864822-70864931

miR-20a-star rs3712881 11 120.9 112–121 4.160612966 0.03 14:115443379-115443485

miR-203 mCV22351241 12 60 55.0–72.6 3.838027866 0.039 12:113369091-113369166

miR-542-3p CEL.12_84750094 12 91.4 79.7–103.8 4.735149963 0.023 X:50402580-50402664

miR-341 gnf13.079.671 13 80.5 69.5–88.3 5.260091403 0.008 12:110849710-110849805

miR-449b rs13482231 14 67.6 50.9–72.3 4.485232377 0.019 13:113827627-113827706

miR-7a CEL.15_4222769 15 4.4 3.2–9.7 4.941341377 0.044 13:58494140–58494247, 7:86033163-86033259

miR-7a rs13482455 15 16.7 14.8–24.5 5.73214998 0.022 13:58494140–58494247, 7:86033163-86033259

miR-337-3p rs13482549 15 45.5 38.4–53.9 4.298224443 0.029 12:110823999-110824095

miR-673-5p rs13482549 15 45.5 38.9–56.6 4.592339382 0.014 12:110810200-110810290

miR-136 rs13482914 17 21 16.5–27.6 4.679083445 0.026 12:110833537-110833598

miR-466b-5p rs13483212 18 12.3 0–21 4.48515896 0.016 2:10395846-10395927

miR-493 rs6211533 19 57.1 50.2–60.2 4.98913787 0.004 12:110818443-110818525

miR-26a gnfX.023.543 X 36.3 0–49.3 4.718906745 0.01 10:126432586–126432669, 9:118940914-118941003

miR-466e-5p rs13483712 X 9.1 0–33.5 4.013512497 0.05 2:10398257-10398340

AffyID Affymentrix ID, Chr Chromosome, Pos (Mb) Peak Position SNP in Mb, CI Confidence Interval (CI) in Mb using 1.5 -log P drop, α Genome wide significance
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confidence interval of miR-486, miR-487b and miR-501
on chromosome 8. Further, four helicases (Ddx50, Ascc3,
Ddx21 and Dna2) were mapped within the confidence
interval of the eQTL controlling miR-126. Genes that
are involved in transcriptional processes, such as Polr3f,
Polr2a, Polr3g and Polr2a were also mapped to the
eQTL for miR-409, miR-681, miR-34 and miR-449.
Other genes which do not belong to these classes, such
as lin28a and its homolog lin28b, have been shown to
modulate let-7a [26]. These genes were mapped to the
eQTL for miR-290 on chromosome 4 and miR-126 on
chromosome 10, suggesting that Lin28 might modulate
the expression of other miRNAs as well.

Some miRNA eQTL were constrained to a specific lo-
cation in the genome, thereby suggesting potential eQTL
hotspots for the regulation of multiple miRNAs. On
chromosome 2, five miRNAs (miR-26a, mir-291a, miR-423,
miR-671 and miR-23b) were mapped between 28–51 Mb
(Fig. 2). Three nearby SNPs (rs6250599 ~ 48.5 Mb,
rs6265423 ~ 47 Mb and rs13476472 ~ 45 Mb) showed sig-
nificant association (−log P > 4) with all five miRNAs that
were mapped to this region. A long non coding RNA
1700019E08Rik was located near SNP rs13476472 (~3 Kb
upstream). As for the other two SNPs, the nearest gene to
rs6265423 was mapped 6.8 kb apart, coding for the snRNA
U7.39-201, while the nearest coding gene for SNP

Fig. 1 Transcriptome map for eQTL of miRNA . The x-axis in the figure represents the SNP location in the chromosome, and the y axis represents
the transcriptional site of miRNAs. In this figure genome wide significant threshold of α < 0.25 is represented in a green. 83 miRNA eQTL were
defined as suggestive eQTL for miRNA (genome wide threshold, α < 0.1) are represented in blue. 43 miRNA eQTL with α < 0.05 were observed
as significant eQTL are represented in red
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rs6250599 was a pseudogene Gm13489-001 (~13 kb
upstream).
Similarly, on chromosome 8 we identified eQTL for

three miRNAs (miR-486, miR487b and miR-501) in con-
fidence interval 72–95 Mb. Three genes Gm1068, Siah1
and Dnaja2 were located near peak SNPs (rs13479880
and rs6257357).
Furthermore, we found several miRNAs that are asso-

ciated to more than one locus in the genome. For example
miR-7a showed significant association with two loci
present on chromosome 15 (3–9 Mb, CEL.15_4222769
and 14–24 Mb, rs13482455). Similarly, miR-466-3c was
regulated by two nearby loci on chromosome 10 (14–
24 Mb, rs3712394 and 24–38 Mb, rs13480563). Addition-
ally, miR-26a was mapped with two loci on chromosomes
2 and X (28–51 Mb, rs6265423 and 0–49 Mb,
gnfX.023.543).

Epistatic control of miRNA expression
A defective of single loci may possibly be compensated
by another, or only jointly the effect is the strongest.
Therefore, for all the miRNAs significant single-locus
eQTL, we analyzed the epistatic effect for each SNP pair.
As a result, we identified 200 SNP pairs for 8 miRNAs

below the significance level (adjusted P value < 0.05)
(Fig. 3 and Additional file 1: Table S1). The highest -log
P value of 10.38 was found between the SNP pairs
rs13480360 (chr 10, ~67 Mb, nearest gene: AK139516)
and rs3689658 (chr 2, ~ 85 Mb, nearest gene: Olfr1006)
for miR-7a (Table 2). In total, we found 119 SNP pairs
for miRNA miR-7a. The hub locus (i.e. SNP with the
maximal number of interactions) for miR-7a was ob-
served on chromosome 16 (rs3680665 ~ 84 Mb, nearest
gene: AK04263). The same SNP (rs3680665) also showed
association with miR-542 additionally with another SNP
(rs4200124, nearest gene: Gbe1) present nearby. For
miR-742 we observed 47 SNP pairs with SNP rs3657112
(~148 Mb, nearest gene: Snora17) on chromosome 3
showing the highest number of associations (40 SNP
pairs). The same SNP i.e. rs3657112 also showed statis-
tical interaction with chromosome 9 loci 67–72 Mb for
miR-295. We also found multiple SNPs on chromo-
some 2 (13–17 Mb) statistical interacting with SNPs
on chromosome 1(3–11 Mb) for miR-501. Two miRNAs
(miR-136 and miR-337) had only one significant SNP pair:
for miR-136 the correspondence was found between SNPs
rs37113033 (chr 19, ~5 Mb, nearest gene: Slc29a2) and
rs13459176 (chr 15, ~3 Mb, nearest gene: Sepp1), while

Fig. 2 eQTL hot spots on chromosome 2. Position on x axis represents the coordinates in million base pairs on chromosome 2. The y axis is –log
P value. The overlapping peaks on y axis represents an eQTL hot spot between 28–51 Mb. miR-181, miR-30b* and miR-874 are additional suggestive
eQTL with significant genome-wide (α < 0.1) threshold after permutation
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miR-337 had SNP pair rs3693942 (chr 13, ~55 Mb, nearest
gene: Unc5A) and rs3663950 (chr4, ~135 Mb, nearest gene:
Il22ra) (Table 2).
To search the candidate interacting gene pairs we in-

vestigated the epistatic control of miR-501-3p. Using the
Ingenuity pathway analysis (IPA), we searched for all the
possible interacting genes present between loci present
on chromosome 1 and chromosome 2 [27]. We found
three putative interacting gene pairs; namely Commd3
with Cops5, Cacnb2 with Vopip1 and Commd3-Bmi1

with Rb1cc. Interestingly, Cops5 in the Nfkb1 pathway
possibly be associated with miR-501 via Tp53 (Additional
file 1: Figure S2).

Genetic overlap of QTL for clinical scores and miRNA
expression
Any genetic variation with an effect on the clinical pheno-
type and miRNA levels should map to the same chromo-
somal region. Previously, genetic loci for the clinical
phenotype of EBA, an autoimmune skin blistering disease,

Fig. 3 Epistasis in miRNA eQTL. The circular plot shows the chromosomes in their circumference. Each connecting line represents a SNP pair
interaction above the significance level (adj. P < 0.05). Each interaction is color coded for different miRNAs. The boxes adjacent to the chromosomal
band show eQTL for miRNAs mapped for single locus scans
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were studied using a larger cohort of mice from the same
breeding scheme. Previously, we mapped the QTL for the
onset of EBA to chromosomes 9 (39.5–46.3 Mb), 12
(83.2–109.9 Mb), 14 (49.1–68.9 Mb) and 19 (46.0-end Mb).
Additionally, three QTL were mapped for severity of EBA

on chromosomes 1 (3.1–27.3 Mb), 15 (61.0–85.7 Mb) and
19 (43.1-end Mb) [21]. In this study, we found 4 eQTL for
miRNAs overlapping with the QTL for EBA (Fig. 4). The
eQTL for miR130b (Chr 9: 36–44 Mb, −log P = 4.42),
miR-542-3p (Chr 12: 79–103 Mb, −log P = 4.73) and

Table 2 Epistasis in miRNA. The table includes only the top interacting SNPs for each miRNAs
miRNA Top interacting SNP 1 Top interacting SNP 2 I.Pval(log)

SNP ID chr Pos(Mb) Refseq Genes Pval(log) SNP ID chr pos(Mb) Refseq Genes Pval(log)

miR-7a rs13480630 10 67.29 0.89 rs3689658 2 85.52 Olfr1006 1.12 10.4

miR-136 rs3713033 19 5.03 Slc29a2 0.073 rs13459176 15 3.23 Ccdc152, Sepp1 1.56 7.2

miR-154 rs3708073 8 124.28 Gm20388,Jph3 0.3 rs8246404 2 136.7 Mkks 0.57 7.67

miR-295 rs13480271 9 72.68 RP23-461P14 0.018 rs3657112 3 148.03 0.32 8.064

miR-337-3p rs3693942 13 55.05 Unc5a 0.026 rs3663950 4 135.29 Il22ra1 0.2 7.17

miR-501-3p CZECH-2_15618849 2 15.5 Gm13364 1.33 rs3716083 1 9.01 Sntg1 0.72 8.46

miR-542-3p rs4200124 16 70.7 1.12 rs3718776 5 150.4 Wdr95 0.14 8.5

miR-742 rs3657112 3 148.028 0.35 CEL.1_49993068 1 49.68 0.33 9.16

Chr Chromosome, Pos (Mb) Position in million base pairs, Pval(log) Additive log 10 P value, I.Pval(log) Interacting log 10 P value

Fig. 4 Overlapping QTL for EBA disease and miRNA eQTL. The circular plot shows all the eQTL for miRNAs (green) and QTL for EBA (red). It also
presents the eQTL hot spots (dark green) and EBA QTL for onset (red) and severity (dark red). Each circular band represents a chromosome on
which QTL and eQTL are mapped. The region within the chromosome which has either red or dark red and green or dark green bands is
overlapping eQTL with EBA QTL
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miR-449b (Chr 14: 50–72 Mb, −log P = 4.49) were
mapped on QTL for disease onset on chromosome 9,
12 and 14. Additionally, we mapped eQTL for miR-493
(50–60 Mb, −log P = 4.98) to the QTL for both disease
severity and onset on chromosome 19. To further
evaluate, if the variation in the genome is associated
with the miRNA expression levels and also underlies
the clinical phenotype, we investigated the genotype as-
sociation of significant SNPs of miRNA eQTL with
clinical phenotype (Fig. 5). We observed that the most

significant SNP (rs6211533) mapped for the eQTL of
miR-493 on chromosome 19 also shows variation for
EBA severity score and onset. In this eQTL minor allele
(BB) derived from MRL/MpJ was associated with higher
expression of miR-493, late onset of the disease, and
higher clinical score (Fig. 5b). Similar observation was
also derived for eQTL mapped (peak SNP, rs6413270) for
miR-130b where minor allele (BB) derived for MRL/MpJ
and NZM/2410J was associated with lower expression of
miR-130b, and late onset of disease phenotype (Fig. 5a).

Fig. 5 Boxplot for genotype variations for significant SNP in miRNA eQTL for disease QTL. The figure describes the genotype variation for the
peak SNP for miRNAs mapped to the previously described EBA QTL. a) In miR-130b eQTL, peak SNP (rs6413270, −logP = 4.22) have genotype AA
for BxD2 and CAST/EiJ while BB for NZM/2410J and MRL/MpJ strain. The variation associated with three genotypes AA, AB and BB for expression
of miR-130b is presented on left and onset week of EBA on right box. b) In miR-493 eQTL, peak SNP (rs6211533, −logP = 4.99) have genotype AA
for BxD2, CAST/EiJ and NZM/2410J while BB for MRL/MpJ strain. The variation associated with three genotypes AA, AB and BB for expression of
miR-493 is on left, maximum score of severity of EBA disease in middle and onset week of EBA on right
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Expression and co-expression of miRNAs
Immunization of mice with recombinant COL7 leads to
development of subepidermal blisters and the clinical
phenotype of EBA in 1/3 of the immunized mice, while
2/3 remain clinically healthy. To access differential ex-
pression of miRNAs, we divided the 4th generation of
our mouse cohort into two separate groups: affected and
non-affected mice. Comparing the two groups, only
two miRNAs were differentially expressed: miR-379
(adj. P value = 0.044) and miR-223 (adj. P value = 0.044)
(Fig. 6 and Additional file 1: Table S2). Both miRNAs
were significantly over expressed in mice with disease.
Additionally, an eQTL for miR-379 (−log P = 4.7, 98–
116 Mb) was also mapped on chromosome 6, with its
peak at ~104 Mb (rs6208251, nearest gene: Cntn6).
The comparison of diseased and non-diseased mice

has its drawbacks; the disease severity observed for indi-
vidual mice might differ depending on the differences in
the genome. To investigate miRNA expression affecting
disease severity, we performed co-expression analysis
among the expression levels of miRNAs (co-expressed
miRNAs are in same pathway) in correlation with quan-
titative scores for severity and onset week of disease. For
this purpose, we employed the WGCNA R package, which
clusters miRNAs into different modules and further asso-
ciates them to a phenotypic score, such as EBA severity or
disease onset. As a result, we identified 11 clusters (Fig. 7).
Using this approach, only the ‘black’ module, consisting of

23 miRNAs, was significantly associated with EBA (ρ =
0.28, P = 0.005) (Additional file 1: Table S3). Additionally,
it was significantly correlating to the onset of EBA (ρ =
0.29, P = 0.005). Due to the fact that the ‘black’ module
stronger correlates with the onset of the disease than with
the maximum score, one can speculate that miRNAs from
this module is rather involved in the onset than in the se-
verity of the disease. This would relate to our previous ob-
servation, in which miRNA eQTL were overlapping with
EBA onset QTL. The pathways associated with the ‘black’
module were predominantly pathways which have been
shown to play a crucial role in other autoimmune disor-
ders, such as the MAPK signaling pathway, T-cell receptor
and TGF-beta (Table 3).
Individual correlation of miRNA expression levels with

the disease severity identified 24 miRNAs to be significant
(P < 0.05) (Additional file 1: Table S3), with miR-223
showing the strongest association (ρ = 0.4, P = 4.93e-05).
To further validate this result we experimentally verified
the expression of miR-223 in EBA skin by qRT-PCR. We
found that miR-223 is upregulated in EBA skin in com-
parison to normal skin (Additional file 1: Figure S3). An-
other miRNA which was highly correlating with EBA was
miR-21 (ρ = 0.36, P = 0.00036). Further, investigations of
the co-expression module showed that miRNAs were po-
tentially co-regulated i.e. possible overlapping genetic loci
among co-expressed miRNAs. We observed that miRNAs
in a given locus were either clustered within the same

Fig. 6 Boxplot showing differentially expressed miRNAs. The box plot shows the most differentially expressed miRNAs miR-223 and miR-379 for
the disease phenotype EBA. The plots in blue color show the expression of miRNAs in mice with no clinical phenotype while mice with signs of
inflammation are shown in red
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module or showed stronger inter-module membership for
a specific module even if they were assigned to different
modules. As an example, miR-322 and miR-431, that
were mapped on chromosome 1 (51–59 Mb), are clus-
tered in the ‘red’ module. In eQTL hot spots as on
chromosome 2 (28–51 Mb), miR-423-3p and miR-23b
are clustered in the ‘yellow’ module. Even though other
miRNAs in this locus were assigned to a different mod-
ule, they also show significance for the ‘yellow’ module.
Examples are given by miR-671-5p (P = 1.224713e-12),
miR-26a (P = 2.654271e-19) and miR-291a-3p (P =
3.530522e-02) (Additional file 1: Table S3). In line with
this observation, for the eQTL mapped on chromosome
8, two miRNAs (miR-501-3p and miR-486) were clus-
tered with the ‘brown’ module while miR-487 was as-
signs to the ‘red’ module but had significant module
membership with the brown module as well (P = 0.004).
Thus, these genomic loci may be considered as con-
firmed and strengthen the genetic contribution for the
control of miRNAs expression levels.

Discussion
Small non-coding RNAs like miRNAs are known to con-
tribute to the onset and severity of various diseases as
well as the defense against them [28]. Thus, miRNAs
function as tissue-specific key regulators, affecting some
of the major pathways towards an aggravation of disease
severity when aberrantly expressed [29]. Accordingly, it

is not of surprise that miRNAs have been recently recog-
nized as potential therapeutic targets [30, 31].
However, the underlying mechanisms of such dysregu-

lated miRNA expression patterns are not well character-
ized. Different studies have shown that gene expression
alterations in different tissues are genetically derived [29].
Thus, it is plausible that not only the regulation of gene
expression is genetically controlled, but also the expres-
sion of miRNAs. In this study we explore the diversity of
miRNAs in inflamed skin tissue and genetic loci that con-
trol variations in miRNA expression levels across a mouse
cohort. We provide evidence that miRNA levels in skin
tissue are genetically controlled on transcriptional level by
helicases and RNA polymerases that are important for the
biogenesis of miRNA. Furthermore, we found that some
of the miRNA eQTL are restricted to one particular locus
in the genome (eQTL hot spots). Deeper investigation re-
vealed that these miRNAs are under multi-locus and/or
epistatic control.
Interestingly, eQTL hot spots were predominantly

found in genomic regions coding for non-coding RNA.
Hence, it is tempting to speculate miRNA expression
might not necessarily be solely controlled by protein-
coding RNA, but rather by non-coding RNA which
would impose an additional level of post-transcriptional
regulation. This in turn leads to the tempting hypothesis
that non-coding RNAs do at least in part regulate
miRNA expression. Such a scenario is supported by the
fact that some non-coding RNAs have been shown to

r

Fig. 7 Module-trait relationship between clusters of miRNAs with EBA severity and onset. The graph is a representation of co-expression analyses
of miRNAs. The clusters of miRNAs are called modules which are color coded on the y-axis. The disease phenotypes (traits) are EBA onset and EBA severity
given on the x-axis. Blocks represent the correlation of module with phenotype using a Pearson correlation coefficient ranging from −1 to 1. The range is
color coded with red representing positive correlation and blue representing negative correlation. P values are given in brackets below the
correlation coefficients
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bind to miRNAs at functional level as demonstrated by
an interaction of linc-MD1 with miR-133 and miR-135
[32]. Here, linc-MD1 works as a sponge and traps these
miRNAs preventing the binding to the canonical targets.
Moreover, a recent study even shows an interaction net-
work between lncRNAs and miRNAs [32].
Based on our observed overlap between QTL control-

ling miRNA expression and EBA, a blistering phenotype
in autoimmune skin disease, we conclude that there are
interconnected pathways to simultaneously regulate both
disease development and miRNA expression. This might
explain the findings of earlier studies that show a clear
correlation of aberrant miRNA expression and auto-
immune diseases [33–36]. Accordingly, initiation and/or
progression of the disease do not primarily appear to be
caused by aberrant miRNA expression. Quite the con-
trary seems to be true; aberrant miRNA expression
could be a consequence of the disease which in turn
would lead to a downward spiral. Hence, miRNAs could
provide a large and unexplored reservoir of potential
biomarkers for EBA and related cutaneous autoimmune
skin blistering diseases and an interesting target for
therapeutic intervention.

Conclusion
Taken together, our study provides a complex framework
of gene-gene and miRNA-gene-interactions, which even-
tually leads to disease development and progression.
Our data provide evidence that miRNAs are important
drivers of cutaneous autoimmune diseases by acting on
various pathways. Moreover, the study strongly implies
there is yet another, so far largely unexplored level of
regulatory network, possibly comprised of by non-
coding RNAs which on their part affect miRNA expres-
sion. In this sense, aberrant miRNA expression would
indeed be one the responsible elements for disease pro-
gression, however, the driving force behind might be a
different one.

Methods
Generation of a 4-way advanced intercross line
The out bred four-way autoimmune-prone advanced
intercross line (AIL) was generated (in our group) from
the parental mouse strains BXD2/TyJ, MRL/MpJ,
NZM2410/J and CAST/EiJ [21, 37, 38]. All strains were
purchased from The Jackson Laboratory (Bar Harbor,
ME). The four inbred strains were intercrossed following

Table 3 List of over-represented KEGG pathways for ‘black’ module
Total Genes of the Term Union Targets in the Term Union miRNAs in the Term Score

AXON_GUIDANCE 131 51 17 1.88

PATHWAYS_IN_CANCER 323 98 18 1.788

MAPK_SIGNALING_PATHWAY 271 89 17 1.69

NEUROTROPHIN_SIGNALING_PATHWAY 131 45 16 1.557

T_CELL_RECEPTOR_SIGNALING_PATHWAY 109 42 16 1.424

ENDOCYTOSIS 219 65 16 1.408

TGF-BETA_SIGNALING_PATHWAY 85 30 15 1.334

GLIOMA 65 27 16 1.319

PROSTATE_CANCER 89 32 17 1.314

UBIQUITIN_MEDIATED_PROTEOLYSIS 138 52 16 1.277

COLORECTAL_CANCER 65 25 16 1.271

WNT_SIGNALING_PATHWAY 153 38 18 1.268

MELANOGENESIS 100 34 18 1.256

ERBB_SIGNALING_PATHWAY 87 33 17 1.246

MTOR_SIGNALING_PATHWAY 53 22 13 1.154

INSULIN_SIGNALING_PATHWAY 137 45 16 1.151

B_CELL_RECEPTOR_SIGNALING_PATHWAY 76 23 16 1.137

FOCAL_ADHESION 197 50 18 1.111

ADHERENS_JUNCTION 74 28 17 1.097

CHAGAS_DISEASE 102 34 16 1.094

GNRH_SIGNALING_PATHWAY 99 32 15 1.042

MELANOMA 71 26 16 1.037

PANCREATIC_CANCER 70 27 15 1.028

ENDOMETRIAL_CANCER 52 19 16 1.022
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an equal strain and sex distribution. First generation
(G1) offspring mice were then mated based on their par-
ental origin to generate G2 mice in order to maintain an
equal distribution of the original strain alleles across the
genome. The same procedure was applied for intercross-
ing G2 and G3 mice. At least 50 breeding pairs were
used for each successive generation of mice. Animals
were held under pathogen free conditions at a 12-h
light/dark cycle with food and water ad libitum. All ani-
mal experiments were approved by the Ministerium für
Energiewende, Landwirtschaft, Umwelt und ländliche
Räume des Landes Schleswig Holstein in Kiel, Germany
(Refrence number : V 312–72241. 122–5 (12-2/09)).

Induction of experimental EBA
Experimental EBA was induced by immunization with
an immune-dominant peptide within the murine NC1
domain of Collagen type VII (GST-mCOL7C) as previ-
ously described [39]. In total, 600 mice of the AIL were
immunized out of which 100 mice were randomly se-
lected for miRNA expression profiling. Mice were evalu-
ated every 4th week after immunization regarding their
development and extent of skin disease, following an
established scoring system for a total period of 12 weeks
[40]. Murine skin tissues were obtained for analysis at
the end of the experiment.

Expression profiling and statistical analysis
Total RNA was extracted from skin tissue and processed
as previously described using the Flash Tag Biotin HSR
RNA labeling kit and hybridized with the miRNA ex-
pression profiling GeneChip miRNA 2.0 Array according
to the manufacturer’s protocol [41]. Raw data was pre-
processed using R packages and normalized using RMA
(Robust Multi-array analysis) to generate expression
levels across the samples following instruction of at bio-
conductors.org [42].

Genotyping and expression QTL analysis
Genomic DNA was isolated from tail clippings and in-
cubated in 500 μl 50 mM NaOH at 95 °C for 2 h. The
reaction was neutralized by posterior addition of 50 μl
1 M Tris HCl (pH 8.0). DNA was further processed
with DNeasy Blood & Tissue Kit according to manufac-
turer’s instructions. The extracted DNA was quantified
using Nanodrop and normalized to 50 ng/μl in TE buf-
fer (10 mM Tris; 1 mM EDTA; pH = 8). Agarose gel
electrophoresis was performed for quality control. A
total of 1400 SNPs markers evenly spaced across 19 au-
tosomes and the X chromosome were genotyped on
100 generation 4th mice using Illumina mouse medium
density array. 200 SNPs were discarded as they were
non informative and 1200 markers were retained. The
marker order and position in our map is provided in

(Additional file 1). The SNP genotype information for
each mouse from generation 4 and four founders is
provided in (Additional file 1). These informative SNPs
were used for performing eQTL analysis using HAPPY
2.3 on Debian Linux for miRNA expression levels [43, 44].
The software infers the haplotype probabilities for each
sample using the progenitor SNP information. The
miRNA expression levels of mice (600 probes) were
considered as quantitative traits and linkage analysis
with haplotype probabilities was done using the addi-
tive gaussian model. We considered gender as additive
covariate. 1000 permutations were performed across all
miRNA probes. A significant threshold (α = 0.05) was
defined genome-wide. Correction for family structure
was done using a variance component model: A Kinship
matrix was obtained by the EMMA R package to account
for relatedness among the individual [45] and interpreted
as a random effect with sex as fixed effect to perform sin-
gle marker association with phenotype.
We defined the confidence interval of the given eQTL

based on a -log P value drop of 1.5. We considered local
regulation if the eQTL for the probe was found on the
same chromosome as its genomic location. A trans-
regulation was presumed if the QTL controlling the trait
was found in a different chromosome than its genomic
location. The function “epistasis” from the HAPPY R
package was used to find pair wise SNP interactions
using F-score for the interaction model for SNPs which
were significantly associated with miRNA expression
levels in initial genomic scan [43]. All the P-values are
corrected for multiple testing using the Bonferroni cor-
rection. Circos was used for visualization of eQTL and
epistasis [46].

Co-expression analysis
The standard WGCNA procedure was used for module
detection [47]. For miRNA we considered 97 samples. 3
samples were excluded as these could not phenotype for
EBA score. A weighted adjacency matrix of pair-wise
connection strengths (correlation coefficients of gene ex-
pression levels) was constructed using the soft-threshold
approach with a scale independent topological power β =
7 (miRNA). For each probe, the connectivity was defined
as the sum of all connection strengths with all others.
Probes were aggregated into modules by hierarchical clus-
tering and refined by the dynamic cut tree algorithm [48].
The Pearson correlation coefficient was determined for
each phenotype-module pair. The representative module
expression profile, or module eigengene value, is the first
principal component of the gene expression profile within
a module. The correlation between the module eigengene
and the sample trait of interest yields the eigengene sig-
nificance, as assessed by a correlation test. The modules
were assigned by different colors where grey was assigned
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to traits that could not be clustered in any other mod-
ule. To determine the enriched pathways involved in a
cluster we used ‘miRsystem’ which uses the weighted
pathway-ranking method for identifying enriched bio-
logical functions [49].

Total RNA preparation, cDNA synthesis and qRT-PCR
Perilesional skin samples from mice injected with NC1
domain of Collagen type VII (GST-mCOL7C) or normal
skin from mice injected with GST alone were obtained.
Total RNA was extracted using TRIzol® reagent (Invitrogen
GmbH, Darmstadt, Germany). RNA concentrations were
measured on a Nanodrop 2000c spectrophotometer
(Thermo Fischer Scientific GmbH, Bremen, Germany).
Total RNA was used for cDNA synthesis as previously de-
scribed [50]. Briefly, 100 ng of total RNA were poly (A)
tailed and reverse transcribed in a single reaction tube con-
taining: 1 μl of 10xpoly(A) polymerase buffer, 0.1 mM of
ATP, 0.1 mM of dNTPs, 100 units of MuLV reverse
transcriptase (New England Biolabs, Frankfurt am Main,
Germany), 1 unit of poly(A) polymerase (New England
Biolabs, Frankfurt am Main, Germany), and 1 μM of RT
primer (5′-CAGGTCCAGTTTTTTTTTTTTTTTGT-3′)
in a final volume of 10 μl. Consequently, the tube was in-
cubated at 42 °C for 1 h followed by 5 min at 95 °C. The
cDNA was diluted 1:10 before the qPCR reaction. qPCR
analysis was performed on a Mastercycler ep Realplex
(Eppendorf AG, Hamburg, Germany) using 8 μl of diluted
cDNA, 10 μl of SYBR Select Master Mix (Thermo Fischer
Scientific GmbH, Bremen, Germany), and 250nM mmu-
mir-223 specific primer set. The cycling conditions were
50 °C for 2 min, 95° for 2 min, followed by 40 cycles of
95 °C 15 s and 60 °C for 1 min. The expression levels of
mmu-mir-223 were normalized against β-actin. The se-
quences of the qPCR primers used in this study are:
mmu-mir-223 F: 5′-CGCAGTGTCAGTTTGTCA-3′;
mmu-mir-223 R:5′-CCAGTTTTTTTTTTTTTTTGGG
GTA-3′; mmu-β-actin F:5-CCCCATTGAACATGGCA
TTG-3′; mmu-β-actin R: 5′- ACGACCAGAGGCATA
CAGG-3′.

Availability of the supporting data
Data is accessible at NCBI GEO GSE64276.

Additional file

Additional file 1: Figure S1. Flowchart describing the workflow of
analysis. The flowchart provides an overview of the analysis performed
for understanding regulation of miRNAs and their contribution to the
disease phenotype. Figure S2 Interaction network accessed via IPA software
for epistasis of miR-501. The graph depicts the interacting genes identified
from epistasis scan of miRNA miR-501 in chromosome 1 and chromosome 2.
The graph shows all known gene interactions between the two loci where
genes colored in yellow are from locus on chromosome 2 and green are
from locus on chromosome 1. The red line shows the possible pathway for

the regulation of miR-501. Figure S3 qRT-PCR validation of miR-223
expression in EBA and normal murine skin. (ZIP 637 kb)
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Radiosensitive Hematopoietic Cells Determine the Extent of
Skin Inflammation in Experimental Epidermolysis Bullosa
Acquisita

Hiroaki Iwata,*,1 Mareike Witte,† Unni Krishna S. R. L. Samavedam,† Yask Gupta,†

Atsushi Shimizu,‡ Akira Ishiko,‡ Tobias Schröder,† Karsten Seeger,x Markus Dahlke,{

Dirk Rades,{ Detlef Zillikens,*,† and Ralf J. Ludwig*,†

Animal models have enhanced our understanding of the pathogenesis of autoimmune diseases. For these models, genetically iden-

tical, inbred mice have commonly been used. Different inbred mouse strains, however, show a high variability in disease manifes-

tation. Identifying the factors that influence this disease variability could provide unrecognized insights into pathogenesis. We

established a novel Ab transfer-induced model of epidermolysis bullosa acquisita (EBA), an autoimmune disease characterized

by (muco)-cutaneous blistering caused by anti-type VII collagen (COL7) autoantibodies. Blistering after anti-COL7 IgG (directed

against the von Willebrand factor A–like domain 2) transfer showed clear variability among inbred mouse strains, that is, severe

cutaneous blistering and inflammation in C57BL/6J and absence of skin lesions in MRL/MpJ mice. The transfer of anti-COL7

IgG into irradiated, EBA-resistant MRL/MpJ mice, rescued by transplantation with bone marrow from EBA-susceptible B6.AK-

H2k mice, induced blistering. To the contrary, irradiated EBA-susceptible B6.AK-H2k mice that were rescued using MRL/MpJ

bone marrow were devoid of blistering. In vitro, immune complex activation of neutrophils from C57BL/6J or MRL/MpJ mice

showed an impaired reactive oxygen species release from the latter, whereas no differences were observed after PMA activation.

This finding was paralleled by divergent expression profiles of immune complex–activated neutrophils from either C57BL/6J or

MRL/MpJ mice. Collectively, we demonstrate that radiosensitive cells determine the varying extent of skin inflammation and

blistering in the end-stage effector phase of EBA. The Journal of Immunology, 2015, 195: 1945–1954.

A
utoimmune diseases, such as systemic lupus erythe-
matosus, rheumatoid arthritis, type 1 diabetes, or au-
toimmune bullous dermatoses, are examples of complex

diseases that have become a major health burden worldwide (1).
They are characterized by an aberrant immune response against
self-Ags (2), which is, for example, reflected by the detection of
autoantibodies in patients (3) and the demonstration of autoanti-
body pathogenicity by transfer into experimental animals (4).
Although the current treatment options for patients with autoim-

mune diseases are far from ideal, they have dramatically improved,
as exemplified by the introduction and application of biologicals into
clinical practice (5). The present treatment of patients with auto-

immune diseases has been shaped, to a great extent, by an increased
understanding of the pathogenesis of diseases. In particular, the
development and use of animal models have significantly con-

tributed to both an increased understanding of the pathogenesis of
autoimmune diseases and the identification of novel treatments (6).
For several reasons, such as the reproduction rate, housing

requirements, standardization, and availability of genetic mod-
ifications, inbred mice are most often used in current biomedical
research. Translating the experimental outcomes from mouse

models into the corresponding human diseases may, however, be
hampered by conflicting and contradictory results obtained from
different inbred mouse lines, that is, a reduced response to i.v. Ig

treatment of immune thrombocytopenia in C57BL/6, as opposed to
BALB/c, mice (7). Consistent with this observation of a differen-
tial response to treatment, disease induction in mice is strain de-

pendent. This strain dependency has been identified for both
immunization-induced (8, 9) and Ab transfer-induced models of
autoimmune diseases (10, 11). These observations led to the

identification of the C5 locus as an important modulator of joint
destruction in the K/B3N serum transfer arthritis model (10).
Therefore, novel insights into the pathogenesis of disease and

therapeutic responses can be obtained from a detailed under-
standing of strain differences observed in the majority, if not all, of

mouse models of autoimmune diseases.
In this study, we developed a novel Ab transfer-induced mouse

model of epidermolysis bullosa acquisita (EBA), which is a rare

but prototypical organ-specific autoimmune disease caused by
autoantibodies against type VII collagen (COL7) (12, 13). Al-
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though the clinical presentation of EBA patients shows consid-
erable variability, that is, EBA patients may present with skin
fragility, tense blisters, scarring, milia formation, or widespread
cutaneous blistering on inflamed skin, which is often compli-
cated by mucous membrane involvement (14–16), subepidermal
blistering is the histopathological hallmark of the disease (17).
In the current study, we first demonstrated the in vitro and in vivo

pathogenicity of autoantibodies directed against an immunodo-
minant epitope located within the murine COL7. Secondly, our
results confirmed observations of strain dependency in Ab transfer
model of arthritis (10) and nephritis (11). By generating bone
marrow chimeric mice, we extended these findings, thus demon-
strating that the observed strain dependency in Ab transfer-induced
EBA is uniquely controlled by radiosensitive cells. Because Gr-1+

myeloid cells are the primary effector cells in Ab transfer-induced
EBA (6), we subsequently investigated the transcriptional and
functional responses of neutrophils from EBA-resistant and EBA-
susceptible mouse strains. Pathway analysis of this data set pro-
vided novel insights into the molecular mechanisms of neutrophil
activation.

Materials and Methods
Studies involving human material

The approval for studies using biological material from humans was ob-
tained from the Institutional Review Board at the University of L€ubeck
(L€ubeck, Germany), and written informed consent was obtained, as spec-
ified in the Declaration of Helsinki.

Mice

Mice from inbred mouse strains (BALB/cJ, C57BL/6J, DBA1/J, and MRL/
MpJ,); B6.129P2-Fcer1gtm1Rav/J (g-chain deficient), B10.D2-Hc0 H2d
H2-T18c/oSnJ (C5-deficient), and B10.D2-Hc1 H2d H2-T18c/nSnJ (C5-
sufficient); and MHC-congenic B6.C-H2d/bByJ (B6.d), B6.SJL-H2s C3c/
1CyJ (B6.s), and B6.AK-H2k/FlaEgJ (B6.k) were obtained from The
Jackson Laboratory (Bar Harbor, ME). Sixth generation mice of a recently
described, autoimmune-prone advanced intercross line were made, as
previously described (18). All animals were housed in specific pathogen-
free conditions, fed standard mouse chow, and provided acidified drinking
water ad libitum. All clinical examinations, biopsies, and blood drawings
were performed under anesthesia using i.p. administration of a mixture of
ketamine (100 mg/g) and xylazine (15 mg/g). The animal experiments were
approved by the local authorities of the Animal Care and Use Committee
(Kiel, Germany) and conducted by certified personnel.

Generation of bone marrow chimeric mice

Bone marrow from B6.k or MRL/MpJ mouse donors was isolated from
femoral bones. The cells (1 3 107; 6.7 3 106/ml) were i.v. injected into
irradiated (8 Gy) B6.k and MRL/MpJ female mice. Engraftment of donor
cells was evaluated using flow cytometry 6 wk after transplantation.
EDTA-anticoagulated blood was stained with PE-CD8a (clone 53-6.7;
eBioscience, Frankfurt, Germany) and FITC-CD8b.2 (clone 53-5.8; Bio-
Legend, San Diego, CA) to distinguish the different alloantigens of the
MRL/MpJ and B6.k strains (19, 20).

Induction of experimental EBA and clinical evaluation

Experimental EBAwas induced by repetitive injections of anti-COL7vWFA2

IgG, according to slightly modified established protocols (21). Two New
Zealand White rabbits (SA6812 and SA6813) were s.c. immunized with
250 mg murine von Willebrand factor A–like domain 2 (vWFA2) protein
(13, 22) that was suspended in CFA. The animals were boosted three times
(at 13-d intervals) with the same protein preparation in IFA, and immune
sera were characterized using immunofluorescent (IF) microscopy on
cryosections of murine skin. IgG from immune and normal rabbit sera was
purified using affinity chromatography and protein G affinity, as previously
reported (23, 24). The split-inducing capacity of the purified rabbit Abs
was evaluated using an in vitro assay, as described elsewhere (25–27). The
reactive oxygen species (ROS) release capacity of the purified rabbit Abs
was studied using an established in vitro assay (28). In cases of ROS re-
lease by mouse neutrophils, the cells were isolated from bone marrow
flushed from femurs and tibias, as previously reported (29). In brief,
neutrophils were isolated from cell suspension using 62% Percoll (GE

Healthcare, Uppsala, Sweden). After centrifugation at 10003 g for 30 min
at room temperature without breaking, the pellet was collected. The cells
were subsequently washed with RPMI 1640 medium (Lonza, Basel,
Switzerland) and resuspended at 2 3 107 cells/ml in phenol red-free RPMI
1640 medium (Biochrom, Berlin, Germany) supplemented with 25 mM
HEPES and 1% FCS. PMA (2 mg/ml) was then used as a positive control.
Purified rabbit IgG specific to vWFA2 or normal rabbit IgG was injected
s.c. into adult mice every second day for a total of six injections. The mice
were examined to determine their general condition and to note evidence
of cutaneous lesions (i.e., erythema, blisters, erosions, alopecia, and
crusts) every fourth day for 12 or 20 d. Disease severity is expressed as
the percentage of body surface area that was affected by skin lesions
every fourth day, and total disease severity during the observation period
was calculated as the area under the curve of the recorded disease se-
verity. Serum and tail skin samples were collected every fourth day. Se-
rum, ear skin, tail skin, oral mucosa, esophagus, stomach, duodenum,
small intestine, and colon samples were obtained on the final day and
prepared for examination by histopathology and IF microscopy. Skin
samples for electron microscopy were obtained on days 6 and 20.

Direct and indirect IF microscopy, immunoblot analysis, and
histopathology

Tissue-bound Abs were detected using direct IF microscopy on 6-mm frozen
sections that were prepared from tissue biopsies using 100-fold diluted
FITC-labeled Abs specific to rabbit IgG (DakoCytomation) or murine C3
(Cappel Organon-Teknika). The fluorescence intensity at the dermal-
epidermal junction (DEJ) was determined using ImageJ software (http://
rsbweb.nih.gov/ij/) and dermal fluorescence for background subtraction.
NaCl (1 M)-split murine and human skin sections were prepared, as pre-
viously described (30). Recombinant vWFA2 proteins or murine dermal
extracts were fractionated using 12 and 6% SDS-PAGE, respectively,
transferred to nitrocellulose, and analyzed using immunoblotting (31). The
dermal extracts were prepared as described (32). H&E staining and direct
and indirect IF microscopy were performed as described (33).

Expression profiling of immune complex–activated mouse
neutrophils

Gene expression in immune complex (IC)–activated neutrophils of MRL/
MpJ and C57BL/6J mice and nonactivated neutrophils from gender-, age-,
and strain-matched mice was compared using the Affymetrix GeneChip
Mouse Gene 2.0 ST Array (n = 3/group). The raw data were processed
using the oligo R/BioConductor package. Thus, the raw intensity values
were background corrected, log2 transformed, and then quantile normal-
ized using the Robust Multiarray Average implemented in R. An unpaired
t test was performed to identify differential expressed genes. Genes with
a fold change of.2 or#2 and p, 0.01 were considered to be statistically
significant. The pathway ontology was performed using the Database for
Annotation, Visualization, and Integrated Discovery v6.7 as well as the
STRING database with Kyoto Encyclopedia of Genes and Genomes as
a reference pathway database. Moreover, ingenuity pathway analysis
software was used to investigate the unknown putative pathways. For the
generation of heat maps, we used the gplots package provided by R.

Statistical analysis

Comparisons or differences in the extent of clinical phenotypes were per-
formed using SigmaPlot (Version 12; Systat Software, Erkrath, Germany).
The tests used are presented in the legends of the figures and tables. A
p value ,0.05 was considered to be statistically significant.

Results
Mice injected with Abs against the vWFA2-like domain of
murine COL7 develop skin blisters

In vitro characterization of anti-COL7 (vWFA2) IgG. IgG from
immune rabbit sera (SA6812 and SA6813) against the COL7
subdomain vWFA2, but not preimmune sera, bound to the DEJ
of murine skin as determined by indirect IF microscopy
(Supplemental Fig. 1A, 1B). Immune IgG localized at the dermal
side of 1 M NaCl-split murine skin (Supplemental Fig. 1C) with
an endpoint serum titer by indirect IF of 1:256,000. Cross-
reactivity at lower endpoint titers (1:800) with human skin was
also observed (Supplemental Fig. 1D). Indirect immunogold
electron microscopy with murine skin as a substrate showed im-
mune IgG deposits at the lamina densa (Supplemental Fig. 1E).
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Using immunoblot analysis, immune sera, but not preimmune
sera, targeted both recombinant vWFA2 protein and dermal ex-

tract of murine skin at 290 kDa (Supplemental Fig. 1F, 1G). To
study the pathogenic potential of immune IgG, we first evaluated

the impact of immune IgG/vWFA2 IC on neutrophil activation.
Incubation of neutrophils with either Ag or immune IgG alone did

not lead to their activation assayed by their ROS release. In

contrast, incubation of neutrophils with IC dose dependently ac-
tivated neutrophils, exceeding the ROS release of the positive

control (fMLP) (Supplemental Fig. 1H). To study the ability to
induce subepidermal splits ex vivo, immune IgG was incubated

with cryosections of murine skin. After the subsequent addition of

leukocytes, subepidermal splits developed in skin sections incu-
bated with immune IgG (Supplemental Fig. 1I, 1J), whereas no

dermal–epidermal separation occurred in sections treated with
preimmune IgG (Supplemental Fig. 1K).

Anti-COL7 (vWFA2) IgG dose dependently induces subepidermal
blisters in mice. To clarify whether anti-COL7 (vWFA2) IgG is
capable of inducing skin blistering in vivo, C57BL/6J male mice were

injected with immune IgG. Injecting 0.25 mg/g immune IgG led to the

induction of subepidermal blisters in C57BL/6J mice (n = 16). Disease
severity, determined as the body surface area affected by skin lesions,

increased throughout the observation period (Fig. 1A). To confirm
these results in an independent experiment and to establish a possible

dose–response relationship, mice received 0.25, 0.125, or 0.063 mg/g

immune IgG per injection. Again, subepidermal blistering was ob-
served in all mice. The onset of disease and the extent of blistering

were, however, dose dependent. The mice injected with high and
medium immune IgG doses developed skin lesions within 4 d after

the first injection, whereas the mice injected with 0.063 mg/g de-
veloped initial skin lesions by day 8 and had an overall reduced

cumulative disease severity, expressed as the area under the curve

calculated from the plots of affected body surface area against time
(Fig. 1B, 1C). In all of the mice injected with immune IgG, skin

lesions initially developed on the ears and eyelids. Subsequently, the
lesions spread to tails, limbs, and trunk. Most commonly, erosions,

crusts, and alopecia were observed (Fig. 1D, 1F). In all mice injected

with immune IgG, light-microscopic analysis of skin biopsies
revealed extensive subepidermal blisters accompanied by varying

degrees of inflammatory infiltrates (Fig. 1G). Transmission electron
microscopy showed that blisters developed below the lamina densa

(Fig. 1H). Furthermore, deposits of IgG and C3 were observed at the

DEJ of mice injected with immune IgG (Fig. 1I, 1J), and the degree
of IgG deposits at the DEJ increased over time (Fig. 1K). Regarding

other anatomical sites, 7 (46.8%) of 15 oral mucosa and 5 (33.3%) of
15 esophagus specimens showed subepidermal blistering with mild

inflammatory infiltrates (Supplemental Fig. 2A). Additionally, failure

to gain weight was observed in the diseased mice, but not in the
control mice. Control mice gained 13% weight during the 20-d ob-

servation period. In contrast, the diseased mice only gained 1%
weight (Supplemental Fig. 2B).

Anti-COL7 (vWFA2) IgG-induced blistering depends on activating
FcgRs and C5. The g-chain (Fcer1)–deficient mice were com-
pletely resistant to induction of experimental EBA; moreover, doses

of 0.5 mg/g immune IgG did not lead to the development of skin

lesions (Supplemental Fig. 3). Histopathologically, neither subepi-
dermal blistering nor leukocyte infiltration was observed (data not

shown). Direct IF microscopy showed linear deposits of rabbit IgG
and murine C3 in all g-chain–deficient mice injected with immune

IgG (Supplemental Fig. 3). In contrast, the control mice in this
experiment developed clinical disease (Supplemental Fig. 3).

Interestingly, both C5-deficient and C5-sufficient mice (n = 12/10)
developed initial blisters 4–6 d after the first injection of immune

IgG (Supplemental Fig. 3). C5-deficient mice, however, presented
with a significantly milder blistering phenotype compared with C5-
sufficient mice. Reductions by 76, 78, or 88% were observed in mice
injected with 0.125, 0.25, and 0.5 mg/g immune IgG, respectively.
Histopathologically, subepidermal blistering was observed in biop-
sies of lesional skin in both groups (data not shown). Direct IF
microscopy of skin showed linear deposits of rabbit IgG and murine
C3 (Supplemental Fig. 3), with similar intensities in both groups.

Induction of skin blistering is strain dependent

In Ab-transfer mouse models of arthritis and nephritis, a high var-
iability of disease severity among different inbred strains has been
observed (10, 11). Previous data in Ab transfer-induced EBA also
pointed toward a strain dependency of autoantibody-induced blis-
tering because C57BL/6 mice presented with nearly a 2-fold in-
crease in body surface area affected by subepidermal blistering
compared with BALB/c mice (34). To systematically analyze for a
potential strain dependency of Ab transfer-induced EBA, C57BL/6J,
DBA/1J, BALB/c, and MRL/MpJ (n = 4) mice were concurrently
injected with 0.125 mg/g anti-COL7 (vWFA2) IgG, which dupli-
cates the immunological, histological, and clinical features of the
inflammatory variant of the human disease, as well as of other Ab
transfer-induced EBA mouse models (Fig. 1). C57BL/6J and BALB/c
mice, but not MRL mice, developed clinical disease, which was
most pronounced in C57BL/6J mice (Fig. 2A–F). IgG deposits at
DEJ, however, were similar in all of the strains (Fig. 2G–J). Con-
sistent with these observations, we observed a high variation of skin
blistering after anti-COL7 (vWFA2) IgG injection into genetically
diverse advanced intercross line mice (Fig. 2K–O). Variances in the
clinical phenotype in the inbred mouse lines were not associated
with an enhanced immune response toward rabbit IgG. Interest-
ingly, anti-rabbit IgG production was detected in all of the strains,
except C57BL/6J mice (n = 11). Among DBA1/J, BALB/c, and
MRL/MpJ (n = 4/strain), similar anti-rabbit IgG ODs were mea-
sured (Supplemental Table I).

Radiosensitive cells are responsible for the variation in clinical
disease presentation in the end-stage effector phase of EBA

To determine whether these differences in susceptibility to develop
blisters are controlled by radiosensitive (hematopoietic) or non-
radiosensitive cells or both, bone marrow chimeric mice were gen-
erated. First, to identify potential MHC-matched donor/recipient pairs
and to exclude a possible impact of the MHC haplotype on blister
induction, anti-COL7 (vWFA2) IgG was injected into MHC-congenic
mouse strains of the B6 genetic background. C57BL/6J (H2b) mice
were used as a reference. All MHC-congenic strains developed an
identical clinical disease (Fig. 3A, 3B). The MHC-independent blister
induction in MHC-congenic B6 mice, the resistance to EBA induction
in MRL/MpJ (H2k) mice, and the susceptibility in B6.k mice col-
lectively indicated that genes outside this locus control the suscepti-
bility to autoantibody-induced tissue injury. Furthermore, this finding
identified a MHC-matched donor/recipient pair for the generation of
chimeric mice. Engraftment of either MRL/MpJ or B6.k bone marrow
reached ∼70%. Regardless of the recipient genotype, the recipients of
MRL/MpJ bone marrow cells were nearly completely protected from
skin blistering after the transfer of anti-COL7 (vWFA2) IgG. Con-
versely, B6.k bone marrow cells transferred to either recipient geno-
type did lead to severe clinical EBA manifestation (Fig. 3C–E).

C57BL/6J and MRL/MpJ neutrophils differ in their response
after activation with IC

Because Gr-1 myeloid cells are the primary effector cells in ex-
perimental EBA (35), we evaluated whether neutrophils from
C57BL/6J and MRL/MpJ differ in their response after stimulation.
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When stimulated with IC neutrophils derived from MRL/MpJ,
bone marrow showed a significant reduced release of ROS com-
pared with C57BL/6J mice (Fig. 4A, 4C). In contrast, when the
cells were activated with PMA, no difference was observed be-
tween the two strains (Fig. 4B, 4C).

Expression profiling of IC-activated neutrophils differs among
EBA-susceptible and -resistant mouse strains

To unravel the molecular basis for the different response to IC
stimulation between MRL/MpJ and C57BL/6J mice, the cells were
activated using IC, and global mRNA expression was compared
between resting or activated neutrophils from MRL/MpJ or
C57BL/6J mice. Unexpectedly, fewer genes (n = 44) were dif-
ferentially expressed in C57BL/6J after activation compared with

90 in MRL/MpJ mice (Fig. 5A). Of the differentially expressed
genes, 35 were commonly differentially regulated in both strains,
whereas 9 genes were only differentially regulated in C57BL/6J
mice, in contrast to 55 in MRL/MpJ animals (Fig. 5). The com-
plete expression data have been deposited at National Center for
Biotechnology Information Gene Expression Omnibus (accession
number GSE70193, http://www.ncbi.nlm.nih.gov/geo/query/acc.
cgi?acc=GSE70193). These differentially expressed genes are
predominantly allocated to four pathways in MRL/MpJ mice,
more specifically, cytokine–cytokine receptor interaction (8 genes,
p = 0.0001), chemokine signaling (7 genes, p = 0.0001), MAPK
signaling (7 genes, p = 0.002), as well as terpenoid backbone
biosynthesis (2 genes, p = 0.002). In C57BL/6J mice, only two path-
ways were found, that is, cytokine–cytokine receptor interaction

FIGURE 1. Transfer of anti-COL7vWFA2 IgG into C57BL/6 mice induces subepidermal blistering. (A) The mean 6 SEM of the body surface area (%)

affected by skin lesions during the 20-d observation period in anti-COL7vWFA2 (EBA, n = 16) or normal rabbit (control, n = 3) IgG-injected C57BL/6

mice. (B) The induction of skin blistering by anti-COL7vWFA2 IgG into C57BL/6 mice is dose dependent (n = 3/group). (C) Cumulative disease severity,

expressed as the area under the curve (AUC) and calculated from graph b. Clinical images of (D) normal rabbit or (E and F) anti-COL7vWFA2 IgG-injected

C57BL/6 that were obtained at the end of the observation period. Whereas (D) normal rabbit IgG-injected mice showed no clinical disease, mice injected

with immune IgG developed (E) blisters, (F) erosions, and crusts. (G) Histopathologically, subepidermal blistering and dense dermal inflammatory infiltrates

were observed (original magnification 3400). (H) Using transmission electron microscopy, blister formation was observed below the lamina densa (ar-

rowhead indicates the lamina densa; scale bar, 500 nm). Direct immunofluorescence microscopy showed (I) IgG and (J) C3 deposition at the DEJ. (K) The

relative intensity of tissue-bound IgG at the DEJ increased during the observation period; comparison of the relative intensity of day 20 with all other time

points showed a significant difference for all comparisons (one-way repeated measures ANOVA with Holm-Sidak posttest).
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FIGURE 2. Induction of experimental EBA by autoantibody transfer in mice is strain dependent. (A) Disease score expressed as the percentage of the

body surface area affected by skin lesions during the 20-d observation period in C57BL/6J, BALB/c, and MRL/MpJ mice (n = 4/group) injected with

immune IgG showed that C57BL/6J mice exhibited the most severe clinical phenotype, BALB/c mice had a mild phenotype, and MRL/MpJ mice showed

no clinical signs. (B) The overall disease severity, scored as the area under the curve (calculated from the plots of affected body surface area against time

from A), was significantly different between the four groups. (C–F) Representative clinical pictures of (C) a C57BL/6J mouse with a severe phenotype, (D)

BALB/c and (E) DBA1/J mice with mild phenotypes, and (F) a MRL/MpJ mouse with no disease. (G–J) Direct IF revealed no differences in IgG deposits at

the DEJ between the strains. (K) Advanced intercross line mice (n = 8) developed clinical disease. (L–N) Representative clinical pictures of EBA-affected

advanced intercross line mice. (O) H&E-stained skin section obtained from the lesional skin of an advanced intercross line mouse with evidence of

subepidermal blistering and a dense, dermal leukocyte infiltration.
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FIGURE 3. Radiosensitive cells are responsible for the varying clinical disease manifestations in the end-stage effector phase of EBA. (A) Disease

scores, which were expressed as the percentage of the body surface area affected by skin lesions, in B6 mice carrying different MHC-H2 haplotypes (H2-b,

-d, -s, and -k) showed similar disease severity in all groups (n = 6/group). (B) Overall disease severity, scored as the area under the curve (AUC), was not

significantly different between the groups. (C) Disease score over the duration of the experiment and (D) overall disease severity (AUC) in bone marrow

chimeric mice. Independent of the donor strain, mice reconstituted with MRL/MpJ bone marrow were resistant to blister induction after anti-COL7 IgG

transfer. In contrast, mice reconstituted with B6.k bone marrow developed severe clinical EBA. (E) Representative results from flow cytometry (upper

panel), clinical images (middle panel), and H&E-stained sections from the ears of bone marrow chimeric mice (lower panel).
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(4 genes, p = 0.006) and MAPK signaling (4 genes, p = 0.009).
This finding has been visualized by integrating the differential
gene expression in the pathway analysis (Fig. 6).

Discussion
Our data document a strain dependency in a novel Ab transfer-
induced mouse model of EBA, a prototypical, organ-specific au-
toimmune disease. Using bone marrow chimeric mice, we were
able to link this observation to radiosensitive cells. Our results from
the different functional and transcriptional response of IC-activated
neutrophils from EBA-resistant and EBA-susceptible mouse strains
demonstrate that neutrophils of different inbred mouse lines have
distinct responses to neutrophil agonists.
We had previously established a well-characterized Ab transfer-

induced model reproducing the inflammatory variant of EBA (33).
In an attempt to reproduce also the findings in the mechano-
bullous variant of EBA (14, 36), we immunized rabbits of the
vWFA2 domain. This domain had been shown to be important for
the interaction of COL7 with type I collagen (37), with the fi-
bronectin 3-like domain 9 of COL7 (22) and the cysteine-knot
located between the NC-1 and collagenous domain of COL7
(38). In this study, we show that Abs to the vWFA2 domain induce
frank blistering when injected into wild-type mice. Interestingly,

however, blister formation in this model was also inflammation
dependent, because, like in our previously described Ab transfer-
induced EBA model (34), clinical disease manifestation was
mediated by FcgR-induced inflammatory events. We were also
intrigued by the distinct differences regarding the clinical phe-
notype in this novel Ab transfer-induced EBA model, which
ranged from widespread blistering in C57BL/6J mice, in which up
to 25% of the body surface area was affected by blistering and
inflammatory skin lesions, to a complete absence of blistering in
MRL/MpJ mice. Such strain differences have previously also been
described in the K/B3N serum transfer arthritis mouse model (10)
and in an immune-mediated nephritis model, induced by injection
of anti-mouse glomerular basement membrane rabbit serum (11).
In the latter model, the differences in nephritis were not due to an
increased immune response to rabbit IgG, which we also observed
in this study. Interestingly, in all three model systems, MRL/MpJ
mice showed the least susceptibility to disease induction.
Intrigued by the striking differences in clinically evident blis-

tering disease in the different inbred mouse lines, we aimed at
excluding an impact of the MHC locus on Ab-induced blistering
because this locus is a major susceptibility locus in immunization-
induced EBA (9). The similar extent of blistering in MHC con-
genic B6 mice (H2d, H2k, H2s, and H2b as a control) in Ab

FIGURE 4. Distinct responses of neutrophils

derived from C57BL/6J and MRL/MpJ mice are

induced after stimulation with IC or PMA. Bone

marrow–derived neutrophils from either C57BL/

6J or MRL/MpJ mice were stimulated with (A)

IC or (B) PMA, and their activation was assessed

by measurement of ROS, which was normalized

to resting cells of each strain (n = 4/group).

When stimulated with IC, the neutrophils from

MRL mice showed a significantly lower degree

of activation, whereas the stimulation using

PMA showed no differences among the two

strains. Due to the nonparametric distribution,

data are presented as median (black line) and 75

percentiles (boxes). *p , 0.05 (rank-sum test,

n = 4 mice/group). (C) Representative ROS re-

lease (chemiluminescence intensity) over time

(0–60 min) in PMA (red)- or IC (blue)-stimu-

lated neutrophils compared with resting cells

(black) in MRL/MpJ (straight lines) and C57BL/

6J mice (dotted lines).
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transfer-induced EBA, however, argues against a major contribu-
tion of the MHC locus in controlling the blistering phenotype.
Additionally, these data identified a suitable donor/recipient pair to
investigate the contribution of radiosensitive and nonradiosensitive
cells to the observation of a strain dependency in autoantibody
transfer-induced blistering in, more specifically, EBA-resistant
MRK/MpJ (H2k) and EBA-susceptible B6.AK-H2k/FlaEgJ (B6.k)
mice. We assumed that both cell types contribute to blistering be-
cause radiosensitive cells [i.e., Gr-1+ myeloid cells (35)] and non-
radiosensitive cells [i.e., complement proteins produced resident
tissue cells and hepatocytes (33, 39)] have been shown to be re-
quired for blister induction. Interestingly, when hematopoietic cells
from EBA-susceptible mice were used to rescue irradiated recipient
mice, blistering was induced independent of the donor genotype.
Conversely, when the cells from EBA-resistant mice were trans-

planted, none of the recipient mice developed blistering. Collec-
tively, this finding indicates that radiosensitive, hematopoietic cells
solely determine the strain dependency observed in this work. This
is in contrast to observations noted in the K/B3N arthritis model, in
which C5, which is predominantly produced in the liver, was iden-
tified as a major susceptibility locus (10).
Because ROS production by neutrophils is a key prerequisite for

blister formation in experimental EBA (35), we compared the re-
sponse to stimulation with IC of neutrophils from EBA-susceptible
C57BL/6 to EBA-resistant MRL/MpJ mice. The results showed
that the production of ROS after IC, but not after PMA, stimulation
is significantly reduced in the EBA-resistant MRL/MpJ mice. This
difference in the neutrophil response to stimulation with IC may, in
part, explain the resistance of MRL/MpJ mice to the induction of
experimental EBA by autoantibody transfer. This difference is also

FIGURE 5. Distinct mRNA expression profile of IC-activated neutrophils from C57BL/6J and MRL/MpJ mice. (A) Venn diagram of differentially

activated genes in IC-activated versus resting neutrophils in C57BL/6J and MRL/MpJ mice (n = 3 mice per group and experimental condition). (B) Heat

map of the differential expressed genes in the indicated mouse strains. (C) List of differentially expressed genes in MRL/MpJ and C57BL/6J mice after

activation with IC. The data have been deposited at National Center for Biotechnology Information Gene Expression Omnibus (accession number

GSE70193, http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE70193).
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reflected by the differential transcriptome response of neutrophils
from these two strains after stimulation with IC. Based on the
observed difference regarding IC-induced ROS release, we ex-
pected that more genes are differentially regulated in the EBA-
susceptible C57Bl6/J mice. Contrary to our assumptions, we found
more differentially regulated genes in EBA-resistant MRL/MpJ
mice. This may point toward the fact that, after IC binding, both
inhibitory and activating signals are induced, that is, inhibitory
signaling through the FcgRIIB or through dectin-1 (40). Therefore,
it is tempting to speculate that the chemokine signaling and ter-
penoid backbone biosynthesis pathways can dampen the proin-
flammatory pathways, which is reflected by the cytokine–cytokine
receptor interaction and MAPK signaling pathways.
These insights into the pathogenesis of experimental EBA and

the transcriptome of IC-activated neutrophils from mice with
a diverse response to neutrophil activation may aid the devel-
opment of neutrophil-modulating strategies, which could provide
therapeutic benefits in EBA, as well as in other neutrophil-
dependent diseases.
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