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Babylonian Cuneiform tablet 350 BCE
Science: Vol. 351, Issue 6272 (2016) (Jupiter)

Mayan astronomy 500 BCE,  Dresden Codex

P. M. A. Sloot. ‘More likely we would be ritually slaughtered’. In: 43 Visions for Complexity. ISBN 9789813206847. pp. 65-66.



‘if we uncover the pattern in 
the data then we understand’

Hans Rosling





Hoefer et al., New evidence for the Theory of the Stork, 
Paediatric and Perinatal Epidemiology 2004, 18, 88–92



The recent case of Asthma
Rich Caruana et al:

Applying Neural Nets and Rule Based Learning and Generalized 
Additive Models on 1000.000 Patients discovered the rule: 

‘A History of Asthma Lowers a Patient’s Chance of Dying From 
Pneumonia’

Hidden process: If asthmatic then much more vigilant and rapid early 
treatment for any pulmonary affection!

Imagine what would happen if the rule would have become a Hospital 
Regulation or GP’s rule …

Rich Caruana et al., Intelligible Models for HealthCare: Predicting Pneumonia
Risk and Hospital 30-day Readmission. AAAS 2017





Even Worse: 
Most Published Research Findings Are False!

• Not only do we interpret the patterns in the data in the wrong way, and 
do we apply black boxes to distill meaning, we often even start out with 
wrong data:

• Our most important dataset – the conclusions of peer-reviewed studies 
– consists of predominantly bad (medical) data and cannot be relied 
upon!!

• As they miss evidence of good experimental design, first principle 
models and rigorous statistical analysis.

- Ioannidis JPA (2005) ‘Why Most Published Research Findings Are False’. PLoS Med 2(8)
- C. Glenn Begley and Lee M. Ellis, ‘Drug development: Raise standards for preclinical 

cancer research’ Nature 483, 531–533 (2012)
- Peter C. Gøtzsche:  ‘Deadly Medicines and Organised Crime: How Big Pharma Has 

Corrupted Healthcare’



‘The real purpose of the scientific method is to 
discover that Nature hasn’t misled you into 

thinking you know something you don’t actually 
know.’ 

Robert M. Pirsig 1974
Zen and the Art of Motorcycle Maintenance

Data



Clash of the Titans: Inductivism vs Deductivism

Sir Francis Bacon (1561 – 1626) Sir Carl Popper (1902 - 1994)

P.M.A. Sloot, P. Coveney and J. Dongarra: Journal of Computational Science Vol. 1 (2010) 3–4; 



Real World: Complex Systems

– Not simple  not 
reducible to elements 
 looses the aspects 
that make it complex

– Interacting elements 
that adapt to the 
environment they 
themselves create



Historical Perspective
– 17th, 18th, 19th Centuries: Newton, Faraday, Maxwell solved problems of 

‘simplicity’ : Small number of variables

– 1800 onwards: Boltzmann, Gibbs: Problems of Disorganized Complexity 
with 1023 variables  Microscopic from Microscopic

– 1948 Warren Weaver: Study Organized Complexity

– 1972 Philip Anderson: The whole is more and also different from the sum 
of parts (Science 177, 4047, 1972)

– 1984 Santa Fe Complexity Institute (Nobel Price Winners)

– 2000 Stephen Hawking, “the 21st century will be the century of 
complexity”.



Difference Chaos and Complexity
In (deterministic) chaotic systems uncertainty arises from 
practical inability to know the initial conditions of a system

Chaos

In complex systems uncertainty is inherent in the system 
because of emergence



Example: complex financial world

Dave Lauer: Quant. 
Algorithms trade at speed of light
2010 Flash Crash: in minutes 862 Billion Dollars evaporated in Stock Markets



Flying Algorithms

R. Quax, D. Kandhai, and P. M. A. Sloot. Information dissipation as an early-warning signal for the 
Lehman Brothers collapse in financial time series. Scientific Reports 3, 1898. Nature Publishers



Networks of Interaction



New Paradigm: Information processing in complex systems

R. Quax and P.M.A. Sloot
‘understanding the behaviour of complex systems using 

information theory’

The European Physical Journal - Special Topics, vol. 
222, nr 6 pp. 1389-1401. 2013.



Not the ‘influentials’ but the ‘man in the street’ 
drives the change

Journal of the Royal Society Interface, vol. 10, nr 88, 2013
Quax, Apolloni and Sloot



Stochastic Resonance

A. Czaplicka.; J.A. Hołyst and P.M.A. Sloot: 
Noise enhances information transfer in hierarchical networks

Scientific Reports, vol. 3, 2013. Nature publishers



Complex Systems are Scale Free
࢖ ࢑ ൌ ࢽ࢑ି࡯ න ݌ ݇ ݀݇ ൌ 1

ஶ

௞೘೔೙
࡯ ൌ ߛ െ 1 . ݇௠௜௡

ఊିଵ

݇௡ ൌ න ݇௡݌ ݇ ݀݇ ൌ ܥ
݇௠௔௫
௡ିఊାଵ െ ݇௠௜௡

௡ିఊାଵ

݊ െ ߛ ൅ 1

௞೘ೌೣ

௞೘೔೙

݇௡ ൌ finite		݂݅	݊ ൑ ߛ െ 1

݇௡ → ∞	݂݅	݊ ൐ ߛ െ 1	

௠௔௫݇	ݎ݋݂ → ∞

2	݁ݒ݄ܽ	ݏ݇ݎ݋ݓݐ݁ܰ	݁݁ݎܨ݈݁ܽܿܵ	ݐݏ݋ܯ ൏ ߛ ൑ 3	

	
⇒2௡ௗܽ݊݀ ݎ݄݄݁݃݅ ݎ݁݀ݎ݋ ݏݐ݊݁݉݋݉ !݁݃ݎ݁ݒ݅݀



Consequence

• No average and/or infinite variance 

• More data  More exceptions  Learning 
algorithms won’t converse

• In complex systems it often makes no sense to talk 
about cause and effect, they are intertwined

Hodgkin Cycle



Environment

Population

Organism

Atom

C C
H H

H H

Molecule

Cell

Tissue

Organ

Organ System

Needs upwards and downwards 
causation: Integration across…



Two Examples:

– The big question of 
Pandemics

– Diabetes Mellites (type 2)
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‘Understanding, preventing and 
handling diseases requires a 
holistic approach’

Neil Ferguson
Nature 446, 2007

HIV Truly complex



Molecular Dynamics
Binding Affinity

Protein
Structure
& Binding 
Affinity

Protease  and RT
mutations

P.M.A. Sloot et al., HIV Decision Support: From Molecule to Man, Phil . Trans. R. Soc. A, vol. 367, 
nr 1898 pp. 2691-2703.

I Stoica, et al., Rapid and accurate prediction of binding free energies for saquinavir-bound HIV-1 
proteases. J. Am. Chem. Soc., 130 (8), 2639-2648, 2008



Agent-Based 
Entry 

Simulation

CXCR4

CCR5

CD4+ Target Cell

HIV

S. Jaeger, G. Ertaylan, D. van Dijk, U. Leser, and P.M.A. 
Sloot. Inference of surface membrane factors of HIV-1 
infection through functional interaction networks. PLoS One 
5(10), p. e13139. 2010

G. Ertaylan and P. M. A. Sloot. A complex automata model of 
HIV-1 co-receptor tropism: Understanding mutation rate 
pressure. In: Reviews in Antiretroviral Therapy. 2007



CA Based Immune 
Response 

E. Mancini; F. Castiglione; M. Bernaschi; A. de Luca and P.M.A. Sloot: HIV Reservoirs and Immune 
Surveillance Evasion Cause the Failure of Structured Treatment Interruptions, PLoS ONE, vol. 7, nr 4 pp. 
e36108. 2012.
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P. M. A. Sloot, F. Chen, and C. A. B. Boucher. Cellular Automata Model of Drug Therapy for HIV Infection. 
ACRI 2002. 2493, pp. 282-293. 



Complex Networks 
Epidemics

70  ,7.2 max  kHeterosexual 250  ,6.1 max  kHomosexual

R. Quax, D. A. M. C. van de Vijver, D. Frentz, and P. M. A. Sloot. Inferring epidemiological parameters 
from phylogenetic information for the HIV-1 epidemic among MSM. The European Physical Journal  
222(6), pp. 1347-1358. 

S. Mei, P. M. A. Sloot, R. Quax, Y. Zhu, and W. Wang. Complex agent networks explaining the HIV 
epidemic among homosexual men in Amsterdam. Mathematics and Computers in Simulation 80(5), 
pp. 1018-1030. 

A. Mei Shan, R. Quax, D. van de Vijver, Y. Zhu, and P. M. A. Sloot. Increasing risk behaviour can outweigh the benefits of antiretroviral drug 
treatment on the HIV incidence among men-having-sex-with-men in Amsterdam. BMC Infectious Diseases 11(118). 



Calibration for Total Pandemic

P.M.A. Sloot; S.V. Ivanov; A.V. Boukhanovsky et al., 2008

S. Mei; P.M.A. Sloot; R. Quax; Y. Zhu and W. Wang: 2010.
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Prediction of MSM HIV incidence in Big Cities

S. Mei; R. Quax; D.A.M.C. van de Vijver; Y. Zhu and P.M.A. Sloot: Increasing risk behaviour can outweigh the 
benefits of antiretroviral drug treatment on the HIV incidence among men-having-sex-with-men in Amsterdam, 
BMC Infectious Diseases, vol. 11, 2011.



Clinical Parameters: 
-weight

- opportunistic 
infections 

and tumors
-survival

Text Mining 
Drugranking  1st order 
logic

Protease  and RT
mutations

C. Bui; Ó Nualláin; Boucher, P.M.A. Sloot: 
Extracting causal relations on HIV drug resistance 
from literature,  BMC Bioinformatics, vol. 11, nr 1 pp. 
101+11. 2010.

Q. C. Bui, P. M. A. Sloot, E. M. van Mulligen, J. A. 
Kors. A novel feature-based approach to extract 
drug-drug interactions from biomedical text. 
Bioinformatics 30(23), pp. 3365-3371. 



HiV Drug Ranking
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System Dynamics Approach

Stock-flow diagrams

?
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Two stable weights emerge due to feedback and 
adaptation in the system:
This simple example already behaves as a complex 
system!



‘The future of medications management: 
personalisation, monitoring and adherence’

Josip Car, Woan Shin Tan, Zhilian Huang and 
Peter Sloot

BMC Medicine 2017 15:73
Regulation through eHealth provides even 
more feedback loops!



Conclusions…
• Data is dead (without what-if models1): 

– Data is a record, not a conclusion or an insight or a solution. 
Data Analytic predictions work well only if the future is 
fundamentally like the past.

• Big Data leads to Radical Empiricism (data without 
reason)
– ‘Denies the possibility of knowledge': Reichenbach, H. 1971 The Rise of 

Scientific Philosophy

• We need to: … ‘stop and think about the complexity, 
the inconceivable nature of Nature’ (R. Feynman)

1See e.g.: Peter J. Haas et al., VLDB, 2011


