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>  Chair for Clinical Bioinformatics 
>  Research at a glance 
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Precision  
Healthcare 

Non-Invasive Biomarkers Genetic Testing by NGS 

Bacterial Resistance Systems Biology 
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new SNV 1185new SNV 1185

SID298

new SNV 1186new SNV 1186

SID307Detection of miRNA and protein biomarker 
patterns from human blood or serum 
samples using microarrays, NGS, 
qRT-PCR & mass spectrometry. 
Biostatistical evaluation & va- 
lidation of the complex profiles.  

Whole genome, exome or gene panel 
sequencing of DNA in order to detect 
genetic causes for human diseases. 

 Understanding the effect of the  
respective genetic variants for 
different disease phenotypes. 

Understanding the genetic cause 
of bacterial resistance and correlate 
the bacterial resistance to classical  
culture based tests in order to derive 
the minimal inhibitory concentration and 
best therapy with anti bacterial agents. 

Model and understand how DNA, 
mRNA, microRNA, methylation and  

proteins mutually interact in order 
 generate a holistic and multi- 

scale molecular representa- 
tion of human pathologies.  
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>  What is a biomarker? 

A biomarker is in general a substance used 
as an indicator of a biological state. It is a 
characteristic that is objectively measured 
and evaluated as an indicator of normal 
biological processes, pathogenic processes, 
o r pharmaco log ica l responses to a 
intervention. 
 
 
[wikipedia] 
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>  Classes of Biomarkers 
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•  Molecules (DNA / RNA / Proteins / …) 
•  Cells 
•  Organ function 
•  … 

•  In-vivo biomarkers 
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>  In vivo Biomarker 
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>  How to determine the quality 
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•  Specificity 
•  Sensitivity 
•  Accuracy 
•  Positive Predictive Value 
•  Negative Predictive Value 
•  Positive Likelihood Ratio 
•  Negative Likelihood Ratio 
•  Odds ratio 
•  Area under the ROC curve 
•  Wilcoxon Mann-Whitney test 
•  T-tests 
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>  Example – a diagnostic test 
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>  Example – a diagnostic test 
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controls	   pa2ents	  

po
si2

ve
	  te

st
	  

ne
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e	  
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True	  Posi*ves	  	  
(TP)	  

False	  Nega*ves	  	  
(FN)	  True	  Nega*ves	  

(TN)	  

False	  Posi*ves	  	  
(FP)	  
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>  Example – a diagnostic test 
>  SENSITIVITY 
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controls	   pa2ents	  

po
si2

ve
	  te

st
	  

ne
ga
2v
e	  
te
st
	  

True	  Posi*ves	  	  
(TP)	  

False	  Nega*ves	  	  
(FN)	  True	  Nega*ves	  

(TN)	  

False	  Posi*ves	  	  
(FP)	  

sens	  =	  TP	  /	  (TP	  +	  FN)	  
	  
=	  6	  /	  (	  6	  +	  1)	  	  
=	  85.7%	  
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>  Example – a diagnostic test 
>  SPECIFICITY 
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controls	   pa2ents	  

po
si2

ve
	  te

st
	  

ne
ga
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e	  
te
st
	  

True	  Posi*ves	  	  
(TP)	  

False	  Nega*ves	  	  
(FN)	  True	  Nega*ves	  

(TN)	  

False	  Posi*ves	  	  
(FP)	  

spec	  =	  TN	  /	  (TN	  +	  FP)	  
	  
=	  5	  /	  (	  5	  +	  2)	  	  
=	  71.4%	  
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>  Example – a diagnostic test 
>  ACCURACY 
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controls	   pa2ents	  

po
si2

ve
	  te

st
	  

ne
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e	  
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True	  Posi*ves	  	  
(TP)	  

False	  Nega*ves	  	  
(FN)	  True	  Nega*ves	  

(TN)	  

False	  Posi*ves	  	  
(FP)	  

acc	  =	  (TP	  +	  TN	  )/	  (TP	  +	  FN	  +	  FP	  +	  TN)	  
	  
=	  (6	  +	  5)	  /	  (	  6	  +	  1	  +	  2	  +	  5)	  	  
=	  78.6%	  
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>  Example – a diagnostic test 
>  POSITIVE PREDICTIVE VALUE 
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controls	   pa2ents	  

po
si2

ve
	  te

st
	  

ne
ga
2v
e	  
te
st
	  

True	  Posi*ves	  	  
(TP)	  

False	  Nega*ves	  	  
(FN)	  True	  Nega*ves	  

(TN)	  

False	  Posi*ves	  	  
(FP)	  

ppv	  =	  TP	  /	  (TP	  +	  FP)	  
	  
=	  6	  /	  (	  6	  +	  2)	  	  
=	  75%	  
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>  Example – a diagnostic test 
>  NEGATIVE PREDICTIVE VALUE 
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controls	   pa2ents	  

po
si2

ve
	  te

st
	  

ne
ga
2v
e	  
te
st
	  

True	  Posi*ves	  	  
(TP)	  

False	  Nega*ves	  	  
(FN)	  True	  Nega*ves	  

(TN)	  

False	  Posi*ves	  	  
(FP)	  

npv	  =	  TN	  /	  (TN	  +	  FN)	  
	  
=	  5	  /	  (	  5	  +	  1)	  	  
=	  83.3%	  
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>  Example – a diagnostic test 
>  PREDICTIVE VALUE PITFAL 

02.12.13 

in	  this	  case,	  the	  prevalence	  of	  the	  disease	  
is	  equal	  in	  both	  classes,	  in	  reality,	  this	  
must	  not	  hold	  and	  the	  prevalence	  has	  to	  
be	  included	  in	  the	  considera2on	  
	  
example:	  test	  with	  80%	  specificity,	  90%	  
sensi2vity	  and	  prevalence	  of	  1%	  

ppv	  =	  TP	  /	  (TP	  +	  FP)	  
	  
TP	  =	  sensi2vity	  *	  prevalence	  =	  0.9	  *	  0.01	  =	  0.009	  
FP	  =	  (1-‐specificity)*(1-‐prevalence)	  	  
	  	  	  	  	  	  =	  0.2	  *	  0.99	  =	  0.198	  
	  
ppv	  =	  0.009/(0.009+0.198)	  =	  0.043	  
	  
if	  the	  test	  is	  posi2ve	  you	  have	  a	  chance	  of	  4.3%	  to	  be	  diseased	  

controls	   pa2ents	  

po
si2

ve
	  te

st
	  

ne
ga
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e	  
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st
	  

True	  Posi*ves	  	  
(TP)	  

False	  Nega*ves	  	  
(FN)	  True	  Nega*ves	  

(TN)	  

False	  Posi*ves	  	  
(FP)	  
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>  Example – a diagnostic test 
>  ROC / AUC 

•  ROC (receiver operator characteristics) curve is a 
plot of sensitivity versus 1 – specificity 

•  Specificity and Sensitivity are computed depended 
on a threshold for a binary classifier 

 
True	  Posi*ves	  	  

(TP)	  

False	  Nega*ves	  	  
(FN)	  True	  Nega*ves	  

(TN)	  

False	  Posi*ves	  	  
(FP)	  

threshold	  

•  ROC	  analysis	  helps	  to	  find	  the	  
op2mal	  classifica2on	  threshold	  

•  The	  closer	  the	  area	  under	  the	  
curve	  (AUC)	  to	  1	  the	  beYer	  the	  
classifier	  	  
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controls	   pa2ents	  

1-‐specificity	  

se
ns
i2
vi
ty
	  

0;	  1	  

spec;	  sens	  

>  Example – a diagnostic test 
>  ROC / AUC 
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>  Example – a diagnostic test 
>  ROC / AUC 

controls	   pa2ents	  

1-‐specificity	  

se
ns
i2
vi
ty
	  

spec;	  sens	  

0.71;	  1	  
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>  Example – a diagnostic test 
>  ROC / AUC 

controls	   pa2ents	  

1-‐specificity	  

se
ns
i2
vi
ty
	  

spec;	  sens	  

0.71;	  0.86	  
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>  Example – a diagnostic test 
>  ROC / AUC 

controls	   pa2ents	  

1-‐specificity	  

se
ns
i2
vi
ty
	  

spec;	  sens	  

0.71;	  0.57	  
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>  Example – a diagnostic test 
>  ROC / AUC 

controls	   pa2ents	  

1-‐specificity	  

se
ns
i2
vi
ty
	  

spec;	  sens	  

0.86;	  0.57	  
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>  Example – a diagnostic test 
>  ROC / AUC 

controls	   pa2ents	  

1-‐specificity	  

se
ns
i2
vi
ty
	  

spec;	  sens	  

0.86;	  0.14	  
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>  Example – a diagnostic test 
>  ROC / AUC 

controls	   pa2ents	  

1-‐specificity	  

se
ns
i2
vi
ty
	  

spec;	  sens	  

1;	  0.14	  
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>  Example – a diagnostic test 
>  ROC / AUC 

controls	   pa2ents	  

1-‐specificity	  

se
ns
i2
vi
ty
	  

spec;	  sens	  

1;	  0.14	  
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>  Example – a diagnostic test 
>  ROC / AUC 

controls	   pa2ents	  

1-‐specificity	  

se
ns
i2
vi
ty
	  

spec;	  sens	  

1;	  0.14	  

AUC	  =	  0.816	  
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> Agenda 

A brief intro to biomarkers 
 
Steps in biomarker pipeline 
 
Regulatory basics 
 
miRNAs as markers 
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>  From research to routine 

  Discovery phases 

  Patent protection 

  Development phases  

  Regulatory &  
 reimbursement issues 

  Assay production 

  Marketing 

  Competition 

basic 
research 

Clinical  
Assay  

Formats 

many hurdle to overcome 
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>  Steps for a typical IVD assay 
>  Example: ELISA 

                                                       
 

Front End 
 

Prototyping 

 

Assay 
Optimization 

 

Design 
Verification 

 

 

Design 
Validation 

•  Specifications 

•  IP issues 

•  Make 
immunogens 
(inject, wait, fuse, 
screen, repeat) 

•  Candidate 
antibodies 

•  Conjugation and 
reagent research 
(prototype 
assays) 

•  Select antibodies 

•  Reagent 
components 

•  Assay 
configuration 

•  Reagent 
manufacturing 
processes 

•  Begin stability 
studies 

•  Repeat until final 
design achieved 

•  Design 
verification 
testing 

•  Validation lots 

•  produced 

•  Submit 510K/
PMA 

•  Complete design 
validation 

•  Inventory build  

Predevelopment Assay Development 
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> Agenda 

A brief intro to biomarkers 
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>  Regulatory basics: FDA 

•  In the US 3 classes of medical devices exist: 
–  Class I: Devices that do not require premarket 

approval or clearance but must follow general 
controls. 

–  Class II: Devices that are cleared using the 510(k) 
process, which uses a similar approved device in the 
market (predicate device)  for comparison. The 
process is referred as Premarket Notification (PMN). 

–  Class III: Devices are approved by the Premarket 
Approval (PMA) process, similar to new drug 
approvals. These include devices to sustain human 
life and are of substantial importance in preventing 
impairment of human health. (Section 515) 

http://www.fda.gov/MedicalDevices/DeviceRegulationandGuidance/HowtoMarketYourDevice/
PremarketSubmissions/PremarketNotification510k/default.htm 
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>  FDA: determining the class 

http://www.fda.gov/
MedicalDevices/
DeviceRegulationandGuidance/
Overview/ClassifyYourDevice/
ucm051530.htm 
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>  FDA: determining the class 

http://www.fda.gov/
MedicalDevices/
DeviceRegulationandGuidance/
Overview/ClassifyYourDevice/
ucm051530.htm 
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>  FDA: determining the class 

http://www.fda.gov/
MedicalDevices/
DeviceRegulationandGuidance/
Overview/ClassifyYourDevice/
ucm051530.htm 
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>  EU regulation 

•  IVD directive 98/79/EG (IVDD - In vitro 
diagnostic directive) 

 
•  Directive 90/385/EWG (e.g. implants) 

•  Medical Device Directive (MDD) 93/42/EWG 

•  All in-vitro diagnostics have to be CE-labeled  



Seite 02.12.13 

>  Example of „hitters“ 

Troponin-I 
§  1987  first polyclonal antibodies reported 

§  1992  first monoclonal antibodies reported 

§  1995  first automated commercial assay  

§  1997/8  acceptance comparable to CKMB 

§  2001  new gold standard test for AMI per ACC/ESC Guidelines 

BNP / NT-proBNP 
§  1995  Research activity reaches a high level 

§  1997  Monoclonal antibodies available 

§  2001  First commercial BNP assay available  

§  2003  First commerical NT-proBNP (Bayer) assay commercialized 

§  2005/6  ESC guideline; NACB/AHA guideline 

§  TBD  Acceptance as a gold standard test for CHF 

8 
ye

ar
s 

 
tim

e 
to

 m
ar

ke
t 
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>  Three paradigms for diagnostic tests 
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Develop a minimal-invasive test (screening blood cells, serum, urine) 
 
Combine the diagnostic power of many markers 
 
Investigate different diseases to understand the specificity of the profiles 
 
 

Three paradigms: 
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>  Why do we need more than one marker 
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The advantage of marker sets 

Frequency cases 

R
eq

ui
re

d 
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m
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r o
f m
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rs
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>  miRNAs 
>  Potentially disruptive biomarkers 
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§  Small non-coding RNAs (17-23 nucleotides 
length) 

§  Very stable and conserved across organisms 
§  Per ~120 base precursor molecule transcribed 

from the genome usually two mature forms are 
build and exported from nucleus, -3p and -5p 

miRNA biogenesis and gene silencing 

Structure 

Biology 

§  > 20,000 miRNAs in >100 species are known 
§  For h. sapiens > 2,2000 are annotated 
§  These build 0.0002% of the human genome 
§ … while regulating > 70% of genes and 

majority of biochemical pathways 

Potential 

§  Are expressed specifically in tissues and 
body fluids 

§  Have demonstrated a wide potential as 
diagnostic biomarkers 
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>  Biogenesis 

40	  02.12.13 

-  Transcription of the pre-miRNAs is done via 
the RNA-Polymerase II  

 
-  The pre-miRNAs can contain multiple miRNA 

sequences in their hairpin structure 

-  The typical hairpin-structure is due to two 
symmetrical strands.  

-  Additional characteristics are a 5'-cap and a 3'-
poly-A tail. 

-  The pre-miRNAs are exported from the 
nucleus to the cytoplasm via Exportin5 

-  DICER splices out the loop-structures of the 
pre-miRNA. 

-  Result is the mature miRNA 
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>  The specificity challenge 
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-  miRNAs are often very similar 
to each other (see let-7 family 
as example) 

-  it is however, especially in the 
light of multiplex assays, 
important to distinguish 
between these miRNAs 

-  standard hybridization assays, 
e.g., may show a high degree of 
so-called „cross-hybridization“ 
introducing noise to the 
multiplex profiles 

let-7b UGAGGUAGUAGGUUGUGUGGUU !
let-7c UGAGGUAGUAGGUUGUAUGGUU  !
let-7d AGAGGUAGUAGGUUGCAUAGUU  !
let-7e UGAGGUAGGAGGUUGUAUAGUU !
let-7a UGAGGUAGUAGGUUGUAUAGUU !
let-7f UGAGGUAGUAGAUUGUAUAGUU !
let-7g UGAGGUAGUAGUUUGUACAGUU  !
let-7i UGAGGUAGUAGUUUGUGCUGUU !
        ******* ** ***    *** !

Multiple alignment 
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>  Uniqueness per tissue 
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Brain  
 
 
Heart 
 
 
Liver 
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>  miRNAs regulate pathways 
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>  Technologies & data 
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Technologies for measuring miRNAs 

computational biology analysis 

Microarray 
NGS 

Microarray 
NGS 

qRT - PCR 
Microarray 
NGS 

qRT - PCR 
Microarray 
NGS 

Discovery Screening Validation,  
replication Clinical testing 

Complexity/throughput  miRNAs 
Throughput samples 

Microarray 
NGS 

Microarray 
NGS 

qRT - PCR 
Microarray 
NGS 

qRT - PCR 
Microarray 
NGS 

Discovery Screening Validation,  
replication Clinical testing 

Complexity/throughput  miRNAs 
Throughput samples 

Microarray 
NGS 

Microarray 
NGS 

qRT - PCR 
Microarray 
NGS 

qRT - PCR 
Microarray 
NGS 

Discovery Screening Validation,  
replication Clinical testing 

Complexity/throughput  miRNAs 
Throughput samples 

Data from blood cells and serum 

-  2,000 microarray samples (10MB)      
-  1,000 Illumina HiSeq NGS samples (5GB)     
-  4,000 qRT-PCR samples (10KB) 

 20.00 GB  
5,000.00 GB 

0.05 GB 
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>  Version 2.0  
>  of the whole miRNome project 
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Category	   ICD10	   #	  Samples	  

Normal	   203	  
long-‐lived	  individuals	  (lli)	   15	  
tumor	  of	  stomach	   C16	   13	  
colon	  cancer	   C18	   29	  
lung	  cancer	   C24	   73	  
pancrea*c	  cancer	  ducatal	   C25	   45	  
Melanoma	   C43	   35	  
breast	  cancer	   C50	   48	  
ovarian	  cancer	   C56	   24	  
prostate	  cancer	   C61	   65	  
wilms	  tumor	   C64	   124	  
renal	  cancer	   C65	   20	  
Glioma	   C71	   20	  
Sarcoidosis	   D86.0	   45	  
mul*ple	  sclerosis	   G35	   23	  
acute	  myocardial	  infarc*on	   I21.3	   62	  
dilata*ve	  cardiomyopathie	   I42	   33	  
COPD	   J40-‐47	   47	  
Peridon**s	   K05.4	   18	  
crohn's	  disease	   K50	   62	  
Coli*s	   K51	   46	  
Pancrea**s	   K85	   37	  
Psoriasis	   L40	   43	  
benign	  prostate	  hyperplasia	   N40	   35	  
pre-‐eclampsia	   O14	   16	  
Others	   133	  

1,314 samples screened using 
microarray technology 
 
863 miRNAs (miRBase 16) screened 
 
On average 10 replicates per miRNA 
measured 
 
Corresponds to ≈12 million single 
measurements 
 
Unsupervised and supervised analysis 
carried out. 
 
Classification is carried out as 10-fold 
cross validation radial basis function 
SVM with stepwise forward subset 
selection together with non-parametric 
permutation tests 
 
 
 

Cohort Key characteristics 
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>  General dys-regulation in diseases 
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miR-144*, diseases vs. control miR-144*, cancer vs. control 
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>  miR-144* qRT-PCR validation 
>  3 cohorts > 300 samples 
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0 
0,5 

1 
1,5 

2 
2,5 

3 
3,5 

4 

microarray 
screening 

qRT-PCR 
cohort 1 

qRT-PCR 
cohort 2 

qRT-PCR 
cohort 3 

Constant down-regulation in all cohorts 
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e 
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>  Single markers are not specific 
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hsa-miR-1246 
hsa-miR-223 
hsa-let-7e* 
hsa-miR-1303 
hsa-miR-25* 
hsa-miR-491-5p 
hsa-miR-885-5p 
hsa-miR-539 
hsa-miR-194* 
hsa-miR-658 
hsa-miR-145 
hsa-miR-130b* 
hsa-miR-499-5p 
hsa-miR-484 
hsa-miR-126* 

# down-regulations in diseases 
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>  Classification 
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True Negatives  False Negatives  

False Positives True Positives 

lo
g 

od
ds

 

sample 

True Negatives  False Negatives  

False Positives True Positives 

sample 

lo
g 

od
ds

 

diseases vs. controls Cancer 

Accuracy  78% 
Specificity  81% 
Sensitivity  75% 

Accuracy  82% 
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>  Superiority of miRNA profiles 
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Improved AUC by at least 11% 
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>  Classification for all diseases 
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>  Principal Component Analysis 
>  Weak clustering of Neoplasms 
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>  Disease Probability Plot (DPP) 
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►  For each patient i and each 
disease j we compute the 
probability that the patient 
is positive for this disease 
as p(i,j) relying on the 
distance from the SVM 
hyperplane  

►  For each patient the 
disease with highest 
probability is selected OR 

►  Alternatively all diseases 
with probability above a 
selected threshold 

►  The hit rate of the “best” 
disease was 48% 

0%                           50%                          100% 

Keller et al,  in preparation 

DPP for one melanoma patient 
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>  Shift to Next Generation Sequencing 

54	  02.12.13 

•  NGS offers to screen for all known miRNAs at once 

•  NGS enables the detection of novel miRNAs  

•  NGS allows for detecting SNPs in miRNAs  

•  NGS enables ultra-high throughput screening 

•  NGS is more sensitive 

è We screened about 1,000 patients using NGS 

Five advantages of NGS 
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>  Application Multiple Sclerosis 
>  Microarray, NGS, qRT-PCR on the same cohort 

55	  02.12.13 

0 20 40 60 80 100

0
20

0
40

0
60

0
80

0

frequency of samples

nu
m

be
r o

f m
iR

N
A

s

array
sequencing

353 

50 

228 



Seite 

>  8-miRNA signature  
>  to differentiate between MS and control 
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>  Application Alzheimer 
>  12 miRNA signature 

57	  02.12.13 



Seite 

>  Alzheimer vs. Controls 
>  NGS vs. qRT-PCR 
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>  Classification AD vs. controls 
>  Highly specific test 
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Accuracy         Specificity        Sensitivity 
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>  Other neurological disorders 
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>  Potential pitfalls 
>  Systemic bias 
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array 1      array 2      NGS array 1     array 2     NGS array 1      array 2     NGS 

DOWN in NGS equal UP in NGS 

Technological bias 

The technological bias leads to results that can’t be reproduced by qRT-PCR technically, causing 
avoidable cost and precious biological material. 
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array 1          array 2  NGS 

DOWN in NGS equal UP in NGS 

Technological bias 

The technological bias leads to results that can’t be reproduced by qRT-PCR technically, causing 
avoidable cost and precious biological material. 

array 1          array 2  NGS array 1          array 2  NGS 

>  Potential pitfalls 
>  Systemic bias 
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>  isiPCR validation 
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>  isiPCR validation 
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Concept 
For many miRNAs array, NGS and qRT-
PCR data are available. Use them to train 
three statistical models. 
 
For new studies use 
a)  NGS data & sequence  OR 
b)  Array data & sequence OR 
c)  NGS & Array data & sequence OR 
d)  sequence 
in order to predict whether effects come 
from technical bias or biological effects 

Training & prediction 
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Result for case a) 

miRNA 
Predicted 
performance performance 

miR-x     
miR-x     
miR-x     
miR-x     
miR-x     
miR-x     
miR-x     
zns-miR-x     
zns-miR-x     
zns-miR-x     

Special problems in this case:  
a)  Very old samples of bad quality and 

severely affected sequencing quality 
b)  Only small amount of samples 

available 
è No trial and error validation possible 

Validation of 8 of 10 markers despite 
weak quality In Silicio prediction of PCR 

validation (isiPCR validation) 
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