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Bioinformatics

Péter Antal

Computational Biomedicine (Combine) workgroup
Department of Measurement and Information Systems, 

Budapest University of Technology and Economics



• Course site
– https://www.mit.bme.hu/oktatas/targyak/vimiav10

• Lecturer
– Péter Sárközy psarkozy@mit.bme.hu

– Péter Antal, antal@mit.bme.hu

– Bence Bruncsics bruncsics@mit.bme.hu

– Bence Bolgár, bolgar@mit.bme.hu

• Schedule
– Tuesday, Thursday 12.15-13.45, IE320, building I, wing E, 3rd floor

• Contact hour
– By appointment, BME IE.412

• Book
– P.Baldi: Bioinformatics
– Antal et al.:Bioinformatics: http://www.tankonyvtar.hu/hu/tartalom/tamop412A/2011_0079_antal_bioinformatika/adatok.html

• Slides
– At course site
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• No midterm

• 1 homework

• Exam 
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Homework, midterm, …grading
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KOBAK: Bioinformatics

1. DNA genotyping and 

sequencing

2. Post-processing of genetic data

3. Protein modeling

4. Homology modeling

5. Functional effect of genetic 

variants

6. Gene regulatory networks

7. Genetic association studies

8. Gene expression studies

9. Biomarker analysis

10.Network science

11.Systems modeling

12.Causal inference in biomedicine

13.Text-mining in biomedicine

14.Study design

15.The biomedical big data

16.Data and knowledge fusion

17.Bayesian encyclopedia

18.Bioinformatic workflow systems

19.Drug discovery for personalized 

medicine

20.Metagenomics



ComBineLab.hu: Themes

• Knowledge engineering

• Study design

• Genetic measurements

• Data engineering

• Data analysis

• Interpretation

• Decision support



ComBineLab.hu: tools

• BayesEye: Bayesian, systems-based data analysis
– Bayesian model averaging over Bayesian network structures.

• BayesCube: Probabilistic decision support
– Semantically enriched Bayesian and decision network models.

• BysCyc/QSF (Bayesian Encyclopedia): 
– Large-scale probabilistic inference

• QDF: Kernel-based fusion methods for repositioning
– Multi-aspect rankings and multi-aspect metrics in drug discovery

• Variant Meta Caller: precision NGS
– Next-generation sequencing pipelines

• VB-MK-LMF: drug-target interaction prediction

– Variational Bayesian Multiple Kernel Logistic Matrix Factorization

• ... see Tools @ http://bioinfo.mit.bme.hu/

http://bioinformatics.mit.bme.hu/


• NGS data analysis: 5 weeks

• Semantic technologies: 1 week:

• Chemoinformatics, drug discovery: 1 week

• GWAS data analysis: 3 weeks

• Biomed decision support: 2 weeks

• Causal data analysis: 1 lecture

• Guest lectures: phylogeny,..

• Cases studies
9/4/2018 A.I. 8/x

Course outline



Overview

• The „big data”/omic era of chemo- and bioinformatics

• Data and knowledge fusion in biomedicine

• The semantic unification of pharmacological spaces

• Research topics

– Multi-aspect virtual screening

– Drug repositioning

– Aging research

– Systems-based analysis of large health data sets

– Medical decision support

– Privacy preserving data analysis in chemo/bioinformatics
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Direct2customer genetics
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An era of a new health care?
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Watson? 

The Science Behind an Answer

• http://www-
03.ibm.com/innovation/us/watson/what-is-
watson/science-behind-an-answer.html



Biomedical decision support 

systems

Watson for Oncology – assessment and advice cycle

www.avanteoconsulting.com/machine-learning-accelerates-cancer-research-discovery-innovation/



Automated discovery systems
 Langley, P. (1978). Bacon: A general discovery system. Proceedings of the 
Second Biennial Conference of the Canadian Society for Computational 
Studies of Intelligence (pp. 173-180). Toronto, Ontario.

…

 Chrisman, L., Langley, P., & Bay, S. (2003). Incorporating biological 
knowledge into evaluation of causal regulatory hypotheses. Proceedings of 
the Pacific Symposium on Biocomputing (pp. 128-139). Lihue, Hawaii. 

 (Gene prioritization…)

 R.D.King et al.: The Automation of Science, Science, 2009



„Machine science”
Swanson, Don R. "Fish oil, Raynaud's syndrome, and undiscovered public 
knowledge." Perspectives in biology and medicine 30.1 (1986): 7-18.

Smalheiser, Neil R., and Don R. Swanson. "Using ARROWSMITH: a computer-
assisted approach to formulating and assessing scientific hypotheses." Computer 
methods and programs in biomedicine 57.3 (1998): 149-153.

D. R. Swanson et al.: An interactive system for finding complementary 
literatures: a stimulus to scientific discovery, Artificial Intelligence, 1997

James Evans and Andrey Rzhetsky: Machine science, Science, 2013

„Soon, computers could generate many useful hypotheses with little help from 

humans.”



Factors behind the new health care

• New measurements?

– Ultimate diagnostics?

• New theories? 

– Unified theory of medicine?

– Unified theory of artificial intelligence?

• New therapies?

– Preventions?

– Drugs?

– Anti-aging, rejuvenation?



1965, Gordon Moore, founder of Intel:

„The number of transistors that can be

placed inexpensively on an integrated

circuit doubles approximately every two

years ”... "for at least ten years" 

9/4/2018 A.I. 17

Computing power: Moore’s Law

Integration and 

parallelization wont 

bring us further. End 

of Moore’s law?



• Financial transaction data, mobile phone data, user 

(click) data, e-mail data, internet search data, social 

network data, sensor networks, ambient assisted living, 

intelligent home, wearable electronics,...
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The „big” data

Gadgets

Internet
Moore’s 

law

“The line between the virtual 

world of computing and our 

physical, organic world is 

blurring.” E.Dumbill: Making 

sense of big data, Big Data, 

vol.1, no.1, 2013

Factors:
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Definitions of „big data”

M. Cox and D. Ellsworth, “Managing Big Data for Scientific 

Visualization,” Proc. ACM Siggraph, ACM, 1997

The 3xV: volume, variety, and velocity (2001).

The 8xV: Vast, Volumes of Vigorously, Verified, Vexingly 

Variable Verbose yet Valuable Visualized high Velocity Data

(2013)

Not „conventional” data: „Big data is data that exceeds the

processing capacity of conventional database systems. The

data is too big, moves too fast, or doesn’t fit the strictures of

your database architectures. To gain value from this data,

you must choose an alternative way to process it (E.Dumbill:

Making sense of big data, Big Data, vol.1, no.1, 2013)
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Carlson’s Law for Biological Data

Sequencing 

costs per mill. 

base

Publicly 

available 

genetic data

NATURE, Vol 464, April 2010

• x10 every 2-3 years

• Data volumes and 

complexity that IT has 

never faced before…



The new health care: 

personalized medicine
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Lander, E.S., Linton, L.M., Birren, B., Nusbaum, C., Zody, M.C., Baldwin, J., Devon, K., 

Dewar, K., Doyle, M., Fitzhugh, W. and Funke, R., 2001. Initial sequencing and analysis of 

the human genome. Nature, 409(6822), pp.860-921.

Venter, J.C., Adams, M.D., Myers, E.W., Li, P.W., Mural, R.J., Sutton, G.G., 

Smith, H.O., Yandell, M., Evans, C.A., Holt, R.A. and Gocayne, J.D., 2001. 

The sequence of the human genome. Science, 291(5507), pp.1304-1351.



22

The „omic” definition of „big 

data”
.. [data] is often big in relation to the

phenomenon that we are trying to

record and understand. So, if we are

only looking at 64,000 data points,

but that represents the totality

or the universe of

observations. That is what

qualifies as big data. You do

not have to have a hypothesis

in advance before you collect

your data. You have collected all

there is—all the data

there is about a

phenomenon.



M.Swan: THE QUANTIFIED SELF: Fundamental Disruption in 

Big Data Science and Biological Discovery, Big data, Vol 1., 

No. 2., 2013 23

Big health data streams



Big „omic” data sets in biomed.
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Multiple levels in biomedicine

Genome(s)

Phenome (disease, side effect)

Transcriptome

Proteome

Metabolome

Environment&life style

Drugs



Data: „Big” data in life sciences



Open data

• FAIR data

– Findability

– Accessibility

– Interoperability

– Reusability

27

Jelen

https://www.elsevier.com/connect/10-aspects-of-highly-effective-

research-data
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NHGRI GWA Catalog

www.genome.gov/GWAStudie

s

www.ebi.ac.uk/fgpt/gwas/ 

Published Genome-Wide Associations through 12/2012

Published GWA at p≤5X10-8 for 17 trait categories



Genetic overlap based disease maps

L.A.Barabási:PNAS, 2007, The human disease network



Repositories for gene expression

• Gene Expression Omnibus (NCBI)

• http://www.ncbi.nlm.nih.gov/geo/



Data: chemogenomics screening

• Justin Lamb: The Connectivity Map: a new tool for 

biomedical research, Nature,  7,pp 54-60, 2007

Compounds Cell lines

Each cell is 

transcriptional 

proifle



STRING - Protein-Protein Interactions

• http://string-db.org/



Unification of biology: Gene Ontology

• Ontologies:

– Gene Ontology (GO): http://www.geneontology.org/

– Enzyme Classification (EC)

– Unified Medical Language Systems (UMLS)

– OBO



Large-scale cohorts in UK
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UK Biobank:

• 1million< adults

• aged 40-69,

• 2006-2036<

• genes x lifestyle x environment 

diseases

• open 2012-



Epidemiologocal disease maps

Marx, P., Antal, P., Bolgar, B., Bagdy, G., Deakin, B. and Juhasz, G., 2017. Comorbidities in the diseasome are 

more apparent than real: What Bayesian filtering reveals about the comorbidities of depression. PLoS

computational biology, 13(6), p.e1005487.



The Human Phenotype Ontology

http://human-phenotype-ontology.github.io/

http://human-phenotype-ontology.github.io/


Number of biomedical publications
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Little Science, Big Science, by 

Derek J. de Solla Price, 1963
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The fusion bottleneck

(~limits of personal cognition)



E D. Green et al. Nature 470, 204-213 (2011) doi:10.1038/nature09764         

Accomplishments of genomics research 



Biomedical decision support
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Optimal decision: decision theory

probability theory+utility theory

• Decision situation:

– Actions

– Outcomes

– Probabilities of outcomes

– Utilities/losses of outcomes

– Maximum Expected Utility 

Principle (MEU)

– Best action is the one 

with maximum expected 

utility

 j ijiji aopaoUaEU )|()|()(

)(maxarg* ii aEUa 
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Types of inference

• (Passive, observational) inference
– P(Query|Observations, Observational data) 

• Interventionist inference
– P(Query|Observations, Interventions)

• Counterfactual inference
– P(Query| Observations, Counterfactual conditionals) 

• Biomedical applications
– Prevention

– Screening

– Diagnosis

– Therapy selection

– Therapy modification

– Evaluation of therapic efficiancy



Probabilistic graphical 

models: Bayesian Networks
• A directed acyclic graph 

(DAG)

• Nodes are random 

variables

• Edges represent direct 

dependence (causal 

relationship)

• Local models: P(Xi|Pa(Xi))

• Offers three interpretations

)()|()|( ModelPModelDataPDataModelP 
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Thomas Bayes 
(c. 1702 – 1761)



International Ovarian Tumor Analysis (IOTA, Dirk Timmerman)

Ovarian tumor diagnostics

Antal, P., Fannes, G., Timmerman, D., Moreau, Y. and De Moor, B., 2004. Using 

literature and data to learn Bayesian networks as clinical models of ovarian tumors. 

Artificial Intelligence in medicine, 30(3), pp.257-281.



Decision networks



Sensitivity of the inference

1

P(Pathology=malignant|E=e)

Evidence e



FUSION
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Pharma productivity (~gap)

Mullard, A., 2017. 2016 FDA drug approvals. Nature Reviews Drug Discovery, 

16(2), pp.73-76.



Linked Open Data: ~2020
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Linking Open Data cloud diagram 2017, by Andrejs Abele, John P. McCrae, Paul Buitelaar, Anja Jentzsch and Richard 

Cyganiak. http://lod-cloud.net/
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• Discovery Platform for cross-domain fusion. 

• Public, curated, linked data.

– The data sources you already use, integrated and 

linked together: compounds, targets, pathways, 

diseases and tissues.

• Everything in triples: Subject-predicate-object 
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Open Pharmacological Space

Precursor: Gene Ontology: tool for the unification of biology, Nature, 2000



@gray_alasdair Big Data Integration 53



• Discovery Platform to cross barriers. 

• The data sources you already use, integrated

and linked together: compounds, targets, 

pathways, diseases and tissues.

• ChEBI, ChEMBL, ChemSpider, ConceptWiki, 

DisGeNET, DrugBank, Gene Ontology, 

neXtProt, UniProt and WikiPathways. 

• For questions in drug discovery, answers from 

publications in peer reviewed scientific journals. 
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http://www.ebi.ac.uk/chebi/
https://www.ebi.ac.uk/chembl/
http://www.chemspider.com/
http://www.conceptwiki.org/
http://www.disgenet.org/web/DisGeNET/v2.1
http://www.drugbank.ca/
http://geneontology.org/
http://www.nextprot.org/
http://www.uniprot.org/
http://www.wikipathways.org/index.php/WikiPathways


Top questions in the pharma 

industry I. (Open PHACTS)
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Top questions II.
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Open PHACTS: databases
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Dataset Downloaded Version Licence Triples

Bio Assay Ontology CC-By 10,360

CALOHA 8 Apr 2015 2014-01-22 CC-By-ND 14,552

ChEBI 4 Mar 2015 125 CC-By-SA 1,012,056

ChEMBL 18 Feb 2015 20.0 CC-By-SA 445,732,880

ConceptWiki 12 Dec 2013 CC-By-SA 4,331,760

DisGeNET 31 Mar 2015 2.1.0 ODbL 15,011,136

Disease Ontology 2015-05-21 CC-By 188,062

DrugBank 19 Feb 2015 4.1 Non-commercial 4,028,767

ENZYME 2015_11 CC-By-ND 61,467

FDA Adverse Events 9 Jul 2012 CC0 13,557,070

Total: ~3 Billion triples



Dataset Downloaded Version Licence Triples

Gene Ontology 4 Mar 2015 CC-By 1,366,494

Gene Ontology Annotations 17 Feb 2015 CC-By 879,448,347

NCATS OPDDR Nov 2015 Oct 2015 2,643

neXTProt (NP) 1 Feb 2014 1.0 CC-By-ND 215,006,108

OPS Chemical Registry 4 Nov 2014 CC-By-SA 241,986,722

HMDB 3.6 HMDB

MeSH 2015 MeSH

PDB Ligands 2 PDB

OPS Metadata CC-By-SA 2,053

UniProt 2015_11 CC-By-ND 1,131,186,434

WikiPathways 20151118 CC-By 11,781,627

Total: ~3 Billion triples



OPS: open tools for free 

academic use
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FUSION in aging research
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Number of publications related 

to aging, lifespan, healthspan
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Healthspan
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The Wellderly study

• Erikson G.A. et al.: Whole Genome 

Sequencing of a Healthy Aging Cohort, 

Cell, 2016

– Definition of the „Wellderly phenotype: >80

years old with no chronic diseases and who

are not taking chronic medications +

exclusions with any autoimmune disease,

blood clots, cancer, type I or II diabetes,

dementia, myocardial infarction, renal failure,

and stroke.

– WGS 600 wellderly people (511 analyzed)



Wellderly variants on the web
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https://genomics.scripps.edu/browser/

https://genomics.scripps.edu/browser/


Sharing variants in research
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Global Alliance for Genomics and Health (GA4GH)
A Page, D Baker, M Bobrow, K Boycott, J Burn, S Chanock, et al. Genomics.

a federated ecosystem for sharing genomic, clinical data. global

alliance for genomics and health. Science, 352(6291):1278{1280, 2016.



The largest healthspan cohort
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Paul Lacaze, et al.: The 

medical genome reference 

bank: a whole-genome

data resource of 4,000 

healthy elderly individuals. 

rationale and cohort

design. bioRxiv, page 

274019, 2018.

Lacaze, Paul, et al.: "Penetrance and 

the Healthy Elderly." Genetic testing 

and molecular biomarkers 21.11 

(2017)

Concept of non-penetrance

Lacaze, Paul, et al. "Pathogenic 

variants in the healthy elderly: 

unique ethical and practical 

challenges." Journal of medical 

ethics (2017)



Reference or „control” genome?
• Genetic landscape of

– age-associated/common diseases vs longevity

– longevity/lifespan vs. healthspan

• M. Beekman et al. : Genome-wide association study (GWAS)-identied disease 

risk alleles do not compromise human longevity. PNAS, 107(42): 2010.

• Y. Freudenberg-Hua et al.: Disease variants in genomes of 44 centenarians. 

Molecular genetics & genomic medicine, 2(5):2014.

• M. Stevenson et al.: Burden of disease variants in participants of the long life 

family study. Aging (Albany NY), 7(2):123, 2015.

• L. C. Tindale et al.: Burden of common complex disease variants in the exomes 

of two healthy centenarian brothers. Gerontology, 62(1):58-62, 2016.

• S. CP Williams: Genetic mutations you want., PNAS, 113(10):2554-2557, 2016.

• P. Lacaze et al: Penetrance and the healthy elderly. Genetic testing and molecular 

biomarkers, 21(11):637-640, 2017.
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Nemzeti Egészségtárház

• 2018-2020, Nemzeti Bionikai Program

• PI: Prof. Molnár Mária Judit (SE)

• SE-PPKE kooperáció

• Célok: 

– 100 „hosszú egészségű” magyar kohorsz

– Teljes genom szekvenálás

 „referencia” genom/variáns készlet

 IT infrastruktúra eredmények megosztására

”egészséghossz”/healthspan kutatás
69



Summary
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• NGS data analysis: 5 weeks

• Semantic technologies: 1 week:

• Chemoinformatics, drug discovery: 1 week

• GWAS data analysis: 3 weeks

• Biomed decision support: 2 weeks

• Causal data analysis: 1 lecture

• Guest lectures: phylogeny,..

• Cases studies



Thank you for your attention!


