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A	Non-Trivial	Challenge:	
Development	of	a	
“mechanism-based	
taxonomy	for	
neurodegenerative	
diseases”	



Add	your	logo

In	2011,	Kola	and	
Bell	published	a	
remarkable	paper	in	
Nature	Reviews	
Drug	Discovery.	
With	their		“Call	to	
reform	the	
taxonomy	of	
human	disease”	
they	proposed	a	
new,	mechanism-
based	classification	
of	human	disease.

Kola,	I.,	&	Bell,	J.	(2011).	A	call to reform the taxonomy of human	
disease.	Nature	Reviews	Drug	Discovery,	10(9),	641-642.
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Data	and	Knowledge	in	
Neurodegenerative	
Disease	Research:	
incomplete,	scattered,	
mono-modal



Mechanisms, measurable features and stratification ....

Gene	Expression	



Mechanisms, measurable features and stratification ....



There is not	a	single coherent data set covering all	aspects ....

We therefore need to integrate heterogeneous data and
knowledge and glue them together in	models ....
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Excursion:

Making	Data	Findable,	
Accessible,	Interoperable,	
and Re-Usable:	
FAIR	data principles



Making	Data	and Knowledge	FAIR

FAIR	data principles:

- Findable
- Accessible
- Interoperable
- Re-usable

This	is about (clinical)	data and their role in	translational biomedicine

This	is also	about the way we do	science:

Iqbal,	S.	A.,	Wallach,	J.	D.,	Khoury,	M.	J.,	Schully,	S.	D.,	&	Ioannidis,	J.	P.	
(2016).	Reproducible research practices and transparency across the
biomedical literature. PLoS Biol, 14(1),	e1002333.



Making	Data	and Knowledge	FAIR

To be Findable:

F1.	(meta)data are assigned a globally unique and eternally persistent	identifier.

F2.	data are described with rich metadata.

F3.	(meta)data are registered or indexed in	a	searchable resource.

F4.	metadata specify the data identifier.



Making	Data	and Knowledge	FAIR

To be Accessible:

A1	 (meta)data are retrievable by their identifier using a	standardized

communications protocol.

A1.1	the protocol is open,	free,	and universally implementable.

A1.2	the protocol allows for an authentication and authorization procedure,	

where necessary.

A2 metadata are accessible,	even when the data are no longer available.



Making	Data	and Knowledge	FAIR

To be Interoperable:

I1.	(meta)data use a formal,	accessible,	shared,	and broadly applicable

language for knowledge representation.

I2.	(meta)data use vocabularies that follow	FAIR	principles.

I3.	(meta)data include qualified references to other (meta)data.



Making	Data	and Knowledge	FAIR

To be Re-usable:

R1.	meta(data)	have a plurality of accurate and relevant	attributes.

R1.1.	(meta)data are released with a clear and accessible data usage license.

R1.2.	(meta)data are associated with their provenance.

R1.3.	(meta)data meet domain-relevant	community standards.
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Step 1:
Building	Resources
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Taking care	of
interoperability of data
and knowledge:	
Shared Semantics

Ashutosh
Malhotra

Erfan
Younesi



ADO:	Alzheimer	Disease Ontology

Malhotra,	A.,	Younesi,	E.,	Gündel,	M.,	Müller,	B.,	Heneka,	M.	T.,	&	Hofmann-Apitius,	M.	(2014).	
ADO:	A	disease ontology representing the domain knowledge specific to Alzheimer's disease.	
Alzheimer's &	dementia,	10(2),	238-246.



PDON:	Parkinson	Disease Ontology integrating Mechanisms

Younesi,	E.,	Malhotra,	A.,	Gündel,	M.,	Scordis,	P.,	Page,	M.,	Müller,	B.,	...	&	Hofmann-Apitius,	M.	(2015).	
PDON:	Parkinson’s disease ontology for representation and modeling of the Parkinson’s disease knowledge
domain.	Theoretical Biology and Medical	Modelling,	12(1),	1.



Shared semantics for Neurodegeneration	Research
Human	Physiology Simulation	
Ontology (HUPSON)
(Gündel et	al.,	2013)
Brain	Region	and Cell- Type	
Terminology (BRCT)
(unpublished)
Clinical	Trial	Ontology (NDD-CTO)
(unpublished)
Alzheimer	Disease Ontology (ADO)
(Malhotra et	al.,	2013)
Parkinson	Disease Ontology (PDON)
(Younesi et	al.,	2015)
Multiple	Sclerosis Ontology (MSO)
(Malhotra et	al.,	2015)
Biomarker	Terminology
(Younesi et	al.,	2012)
Hypothesis	Finder
(Malhotra et	al.,	2013)
Pathway Terminology System
(Iyappan et	al.,	2016)
PTSD	Terminology
(Kodamullil et	al.,	in	preparation)



Usage	of	Ontologies	/	Terminologies	in	Text	Mining	Services

NDD-CTO	
terminology
markup

BRCO	+	ADO
terminology
markup



N O
M Y

Generating	Models	of
Disease:	
A	Plurality of Modeling	
Approaches

Alpha	Tom	
Kodamullil

Stephan	
Gebel



“PD	map“	
SBML	model	
representing	
essential	processes	
and	pathways	in	
Parkinson´s	Disease
(generated	by	
partner	LCSB)		

http://pdmap.uni.lu/pd_map/

Fujita,	Kazuhiro	A.,	et	al.	"Integrating pathways of Parkinson's disease in	a	
molecular interaction map."	Molecular neurobiology 49.1	(2014):	88-102.



Overlay	Marker	Selection	Results	to	PD	Map

Marker	selection	from	
GSE20146



Capturing	Knowledge	on	Causes	and	Effects:	OpenBEL

a(CHEBI:corticosteroid) -| bp(NCI:”Tissue Damage”)

The abundance of molecules 
designated by the name 
“corticosteroid” in the CHEBI 
namespace.

The biological process 
designated by the name 
“Tissue Damage” in the NCI 
namespace.

decreases

Term	Expression Relationship Term	Expression

Subject Predicate Object



OpenBEL:	Capturing	of	Knowledge	and	“encoding”	of	data

BEL Functions Namespace Identifires Entity Definitions

Phosphorylation of glycogen synthase kinase 3beta at  Threonine, 668 
increases the degradation of Amyloid precursor protein.



BEL	forms	Graphs	
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• Subject-predicate-object	“triples”
• Object	of	one	triple	can	be	subject	of	another
• Putting	them	together	makes	arbitrarily	large	

knowledge	graphs
• Reasoning	over	causal	relationships	becomes	a	

graph	traversal



Model-driven Integration	of Data- and Knowledge	in	AD

diseased normal

Kodamullil,	A.	T.,	Younesi,	E.,	Naz,	M.,	Bagewadi,	S.,	&	Hofmann-Apitius,	M.	(2015).	
Computable cause-and-effect models of healthy and Alzheimer's disease states and
their mechanistic differential	analysis.	Alzheimer's &	Dementia,	11(11),	1329-1339.
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The AETIONOMY 
Knowledge Base

Christian Ebeling Aishwarya Alex



© Fraunhofer SCAI 

tranSMART : Summary Statistics for Selected Cohorts

Dataset : 
UKB AD Cytokine (95)
Subset1 : 
Non Demented Controls (17)
Subset2 :
Alzheimer’s Disease (44)



AETIONOMY	KB	(non-tranSMART portion):	Model	Explorer

http://aetionomy.scai.fhg.de



Mapping	Models	into	the	“The	Virtual	Brain”	(TVB)

Work	of Aliaksandr Masny,	Asif	Emon and Daniel	Domingo-Fernandez



http://aetionomy.scai.fhg.de

Integrated	Information	System	for Translational Neuroscience
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Step 2:	
Making	Use of the
Resources	
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Identification of
Candidate Mechanisms:	
The	Mining	Strategies

Anandhi Iyappan Shweta Bagewadi

Alpha	Kodamullil Erfan Younesi



Reverse	Causal Reasoning (RCR;	Catlett et	al.,	2013)



A	Mechanistic Link	between AD	and T2DM
Mining	of co-morbidity
information results in	
the second mechanism-
hypothesis generated in	
AETIONOMY:	a	possible
link	between insulin
receptor pathway,	
mTOR-induced
autophagy and APP	
peptide clearance
Supportive evidence
from SNPs	that are
shared by AD	and T2DM

!



Comparative Modeling	of Neuroinflammation in	Mice and Men
Separate	modeling of
causes-and-effects in	
neuroinflammation in	
mice and men reveals
insight into the
functional repertoire and
the functional
equivalence of rodent
models.	Our findings put
a	question mark behind
the extensive	usage of
mouse models for
neuroinflammation
studies.BIOPROCESS	LEVEL

PATHWAY	LEVEL

VEGF	signaling	
pathway

Adipocytokine	
signaling	
pathway

Cytokine-
cytokine	
receptor	
interactio

n

NOD-like	
receptor	
signaling	
pathway

Autoph
agy

Cannabi
noid	

Receptor	
activity

Choline	
O_acetyltrans
ferase activity

Cell	
prolifer
ation

cytokine	
production	
involved	in	
inflammator
y	response

Production	of	
molecular	
mediator	
involved	in	

inflammatory	
response

Mitocho
ndrial	
damage

Cell	
surviv
al

Oxidati
ve	

stress

T	cell	
receptor	
signaling	
pathway

N-methyl-D-
aspartate	selective	
glutamate	receptor	

activity

MAPK	
activit

y

Astroc
yte	

activat
ion

Microg
lia	

activat
ion

Mem
ory

Phagoc
ytosis

Axoge
nesis

Neutrophil	
adhesion

Lipid	
peroxid
ation

Histone	
deacetylase	
activity

cAMP-mediated	
signaling

ceramide	
biosynthetic	
process

Neuroinfla
mmation

Cogni
tion

Inflamm
atory	

Respons
e

Regulation	of	
autophagy

Pattern	
recognition	
receptor	
activity

Pyropto
sis

amyloid	
precursor	
protein	

metabolic	
process

mTOR signaling	
pathway

TGF-beta	
signaling	
pathway

Innate	immune	
response

Brain	
atrophy

A
p
o
p
t
o
s
i
s

Glucose	
metaboli

sm

Neurotr
ophin

signaling	
pathway

Chemoki
ne	

signaling	
pathwayMAPK	

signaling	
pathway

Toll-like	
receptor	
signaling	
pathway

Kodamullil,	A.	T.,	et	al.,	submitted
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NeuroMMSigDB – a	
server	for	mechanism-
enrichment

Christian
Ebeling

Alpha	T.	Kodamullil

Daniel
Domingo-Fernandez



An	Adaptation	of GSEA	/	MSigDB:	Mechanism Enrichment Server	

We	have	adapted	the	strategy	underlying	GSEA	/	MSigDB

(developed	by	the	Broad	Institute	
http://www.broadinstitute.org/gsea/msigdb/index.jsp)		

for	the	area	of	dementia	research.	



Molecular	Profiles	are	highly	specific	for	Neurodegenerative	Diseases:	the	“profiles“	or	
“signatures”	in	NeuroMMSigDB are	graph	models	representing	pathophysiology	context

NeuroMMSigDB entries	are	Multimodal:	Multiple	entity	types	constitute	knowledge	based	
mechanistic	models.	They	contain genes,	proteins,	chemicals,	ions,	drugs,	SNPs,	epigenetics,	
imaging	features,	cognitive	tests,	clinical	data,	etc.

Mechanisms	are	not	pathways:	canonical	pathways	(KEGG,	REACTOME	etc)	are	usually	not	
disease	specific.	Pathways	representing	“how	stuff	works“	in	a	a	general	way,	pathways	are	
not	disease	mechanisms.	Dysregulation	of	pathways	may	be	a	disease	mechanism.	
Examples:

• According	to	KEGG,	there	are	only	10	pathways	under	NervousSystem
• Not	all	genes	and	relationships	described	in	one	canonical	pathway	may	or	may	not	be	involving	as	same	as	in	a	

disease	specific	mechanism	or	some	genes	are	irrelevant	to	disease	context.

NeuroMMSig DB	Server	is different	from GSEA	/	MSigDB



Canonical Pathways are NOT	Disease Mechanisms

Canonical	Pathway Cause	and	effects	of	an	entity	from	BEL	mechanistic	model



NeuroMMSigDB – the	mechanism-inventory

Subgraph	example	and	tree	representations	of	candidate	mechanisms

CHI3L1 (YKL-40)	subgraph List	of PD	candidates (76)													List	of AD	candidates (126)

Domingo-Fernandez	et	al.,	submitted



Current Design	of the NeuroMMSigDB Mechanism Inventory



NeuroMMSigDB:	Multimodal,	Multiscale Mechanism Enrichment

List	of mechanisms that fit	to
the patterns in	the clinical data

Clinical	data &	variables

NeuroMMSigDB Server



Use Case	Scenarios	for Mechanism-Enrichment:	Genes	

INPUT OUTPUT

List of	differential	expressed	genes	 Enriched Mechanisms	from	disease
specific	model

ü APP
ü PSEN

ü NOTCH1
ü NOTCH2

Amyloid	beta	signaling
Notch	signaling



Use Case	Scenarios	for Mechanism-Enrichment:	Genetics

INPUT OUTPUT

List of	SNPs	from	
a	disease	
subgroup

Associated	
genes Enriched Mechanisms

rs12769316,	
rs1056890,	
rs11160707,	
rs1799724

NFKB2,
TNF Nuclear factor	kappa	signaling,

Tumour	Necrosis	Factor	signaling



Ranking	of Candidate Mechanisms
1. Map	gene	expression	values	(different	stages	of	the	disease)	to	BEL	

networks

2. Devise	a	scoring	function
• Apply	Network	Perturbation	Amplitude	(NPA)	algorithm	(see	the	work	

of	Florian	Martin,	Julia	Hoeng,	and	Manuel	Peitsch on	that	method)
• Calculate	score	for	dysfunctional	mechanism(s)	for	different	stages		

• Score	=	!
"
	∑ 	"

%&!	 Si .	ßi

where
ß is	log2		fold	change
S	is	the	sign	(+1	for	increase,	-1	for	decrease)
N	is	the	no.	of	downstream	nodes

• Rank	mechanisms	based	on	the	score



Ranking	of Candidate Mechanisms part II
Represent	clinical	data	in	Bayesian	dependency	graphs

Devise	a	scoring	function
Systematically	test	subgraphs	in	the	conditional	dependency	graph	for	their	
concordance	with	BEL-encoded	cause-and-effect	graphs

Score	each	individual	triple	match

Score	each	individual	directionality	match

Flag	concordance	/	discordance	areas	
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M Y Conditional	Dependency	Graph	
representing	Patient	Level	data:	

Bayesian	Network	learned	
from	ADNI	

Work	of Shashank Khanna	(Fraunhofer)	
Supported by Prof.	Holger	Fröhlich	(UCB)
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Bayesian	Network	links	SNPs	to	Brain	Regions

Sorting	protein-related	receptor	with	A-type	repeats	(SORLA,	
also	known	as	LR11)	is	a	type	1	membrane	protein	highly	expressed	
in	neurons	of	the	cortex,	hippocampus,	and	cerebellum.1,2

Genetic	data	and	protein	levels	revealed	that	two	SNPs	in	SORL1,	rs2070045	and	
rs1699102,	are	associated	with	reduced	SORLA	expression	levels in	the	brain

[http://jamanetwork.com/journals/jamaneurology/fullarticle/1108012]
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APOE	clinical	trial	feature	links	to	SNP	2075650We	found	that	rs3818361	in CR1 was	associated	
with	more	rapid	cognitive	decline. CR1 is	a	
complement	receptor	expressed	in	cerebral	
cortex

http://ajp.psychiatryonline.org/doi/full/10.1176/appi.ajp.2012.11121815?trendmd-shared=1&

A	big	SNP-SNP	interaction	network is	seen.	CR1	gene	related	to	SNP	rs3818361	has	some	
literature	talking	about	cognitive	decline.
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APOE	clinical	trial	feature	links	to	SNP	2075650

A	link	between	GRIN2B	and	SYNE1	is	shown	by	the	BN.
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“Learning”	indirect	relationships	from	data

CADPS2

GRIN2B

SYNE1 MOBP

CR1
Left

Cerebral
Cortex

GULOP

PPP3R1GREM2

rs7012010	

CSMD1

rs1806201

rs7450824

20451
875

rs1868
402

rs12129547

23022416

rs3818361

rs1768208

Bayesian	network	was	
able	to	learn	the	

indirect	relationship	
between	GRIN2B	and	

SYNE1	

From	literature	we	get	to	know	that	GRIN2B	is	connected	to	CSMD1; CSMD1	is	regulating	the	expression	of	gene	SYNE1
btw:	This	would	be	represented	in	a	BEL	model.	Since	we	did	not	have	any	SNP	related	to	CSMD1	in	our	data,	therefore	
this	link	was	generated	by	the	BN	but	the	indirect	link	between	GRIN2B	and	SYNE1	was	created.
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Temporal	and	Spatial	
Representation	of	
Simulated	Patients:
Virtual	Dementia	CohortMarc	Jacobs

Sven	Hodapp
Meemansa Sood

for the EPAD
consortium



PHAGO	Kick-Off,	Diegem,	22-23/11/2016	 55

EPAD	Longitudinal	Study Viewer

http://epad.scai.fraunhofer.de/app/alzheimer-model
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Extraction from Tables

Amyloid β deposition, neurodegeneration, and cognitive decline in sporadic
Alzheimer’s disease: a prospective cohort study

https://www.ncbi.nlm.nih.gov/pubmed/23477989
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Generation of a Virtual Cohort

Age
Male	
sex MMSE CDR-SOB

Positive	
for	
APOE	ε4

Years	of	
education

Episodic	
memory	
composite	
score

Non-
memory	
composite
score

Grey	
matter	
volume	
(cm3)†

Hippoca
mpal	
volume	
(cm3)†

Amyloid	
β	burden	
(SUVR)

High	
11C-PiB	
retentio
n DX

1 75M 26 0,009 1 9 0,532 -0,275 354,847 3,947 1,315 1NL
2 72M 29 -0,031 1 16 -0,111 -1,934 348,312 3,803 1,585 1NL
3 82M 27 0,246 1 8 -1,020 0,364 335,034 4,225 1,706 1NL
4 64M 30 -0,221 1 9 0,403 -0,212 351,737 4,381 1,112 1NL
5 59M 29 -0,825 1 9 -0,480 -0,517 355,043 4,123 1,888 1NL
6 74M 28 -0,104 1 20 -0,176 0,056 318,458 4,247 1,577 1NL
7 64M 28 -0,027 1 12 1,750 -0,506 358,696 3,897 1,012 1NL
8 65M 27 -0,239 1 12 0,207 -0,794 346,226 4,154 1,234 1NL
9 74M 29 -0,109 1 19 0,570 0,684 375,371 4,440 1,946 1NL
10 73M 29 0,171 1 14 0,431 -0,352 358,861 4,646 1,722 1NL
11 82M 30 0,373 1 13 0,985 -0,159 337,404 4,129 1,283 1NL
12 67M 29 0,600 1 14 0,167 0,855 345,236 4,366 1,448 1NL
13 74M 29 0,356 1 13 -0,520 -0,049 324,570 4,494 1,355 1NL
14 70M 27 0,043 1 17 -0,830 -0,645 339,836 4,589 1,470 1NL
15 62M 29 -0,039 1 5 1,828 -1,137 344,289 4,360 1,114 1NL
16 75M 29 -0,386 1 18 1,376 0,292 356,352 3,901 1,458 1NL
17 72M 30 0,194 1 18 0,394 -0,387 346,461 3,410 1,636 1NL
18 61M 30 0,183 1 11 -0,769 0,622 357,991 4,426 1,236 1NL
19 69M 29 0,087 1 12 -0,346 0,611 320,059 4,057 0,917 1NL
20 67M 30 0,332 1 11 -0,373 -0,603 384,360 4,033 1,097 1NL
21 71M 28 0,093 1 17 -0,650 -0,134 354,805 4,538 1,557 1NL
22 75M 30 0,419 1 19 1,035 0,440 342,523 4,258 1,255 1NL
23 68M 28 0,092 1 14 -1,389 -1,551 372,876 4,123 1,256 1NL
24 69M 29 0,033 1 13 -0,013 0,522 354,471 4,124 1,537 1NL
25 71M 30 -0,097 1 13 1,732 -0,092 344,885 3,581 1,585 1NL

12
14
16
18
20
22
24
26
28
30
32

40 50 60 70 80 90 100

MMSE	vs	Age

Sampling	of
distributions
taken from the
literature
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§ ADNI data

Task: Correlating Biomarkers to Disease 
Stages

https://api.scaiview.com/§§:header/adni.experiment1

Distributions
taken from
patient data
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The Virtual Dementia Cohort

As	never	seen	before:

- Here	should	have	been	the	Virtual	Dementia	Cohort	video	-
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The	People	and	the	
Institutions	behind	the	
Project
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