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lecture 10: multilevel organization of complex systems and modeling limitations
introduction to systems science



rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501m

data analytics, AI, and complex systems

 Data and statistics provide the essential basis to understand (i) the 
ontogeny of systems and (ii) their evolution.

 Machine Learning is the key technology for the creation of 
predictive models and the eventual automation of decision making 
across different economic valuations.

 Providing analytical insights [from the currently available] huge 
amount of data, in real time, requires not only strong computational 
processing power and specific tools, but awareness of the 
technical, ethical and legal complexities all along the processual 
pipeline. 
 The philosophical implications of modeling from the perspective of 

complex systems science.

systems modeling 
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ontogeny of systems and (ii) their evolution.

 Machine Learning is the key technology for the creation of 
predictive models and the eventual automation of decision making 
across different economic valuations.

 Providing analytical insights [from the currently available] huge 
amount of data, in real time, requires not only strong computational 
processing power and specific tools, but awareness of the 
technical, ethical and legal complexities all along the processual 
pipeline. 
 The philosophical implications of modeling from the perspective of 

complex systems science.

systems modeling 

Dirk Helbing
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digital twins for health from human and animal data from all levels 
data science and AI approach to complex systems

Digital twin: in-silico replication of a biological cell, sub-
system, organ or a whole organism with a transparent 
predictive model of their relevant causal mechanisms 
which responds in the same manner to interventions.

De Domenico, et al [2025]. "Challenges and opportunities for digital twins in precision medicine: 
a complex systems perspective". npj Digital Medicine 8, 37.
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multiscale correlations in disease
integrating and analyzing human multiomics data

network pathways for identification and validation 
of correlations and putative causal mechanism
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multiscale correlations in disease
integrating and analyzing human multiomics data

network pathways for identification and validation 
of correlations and putative causal mechanism

explainability is limited and not straightforward  to 
retrace original data that explains correlations.
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Herb Simon

good news I & II: near-decomposability and induction
Hume’s and Hertz’s World (of AI): Inductive learning

World1

Measure

Symbols

examples

Measure

(black box) 
model of 
Statistical 
regularities

World2
Natural Laws

observations

predictions

En
co

di
ng

Studying (multiscale, contextual) 
complexity possible if world is 
near-decomposable and 
predictable from past examples

David Hume’s Empiricism
Everyday knowledge 

depends on patterns of 
repeated experience

“It is not reason which is the 
guide of life, but custom.”

“A wise man proportions his 
belief to the evidence”

(simple)
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Bad news I: computational limits
Hume’s and Hertz’s World (of AI): Inductive learning

World1

Measure

Symbols

examples

Measure

World2
Natural Laws

observations

predictions

En
co

di
ng

David Hume’s Empiricism
Everyday knowledge 

depends on patterns of 
repeated experience

“It is not reason which is the 
guide of life, but custom.”

“A wise man proportions his 
belief to the evidence”

(simple)

Model complexity
We must simplify computational models

Tradeoff descriptive and uncertainty-based complexity

scientific 
model
scientific 
model

George Klir

Hans 
Bremmermann
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Bad news II: black swans
Induction is dictated (biased) by previous observations

David Hume’s Empiricism
Everyday knowledge depends on 

patterns of repeated experience
“It is not reason which is the 

guide of life, but custom.”
“A wise man proportions his belief 

to the evidence”

Bertrand Russell
On Hume’s common sense 
practical skepticism
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Bad news II: black swans
Induction is dictated (biased) by previous observations

David Hume’s Empiricism
Everyday knowledge depends on 

patterns of repeated experience
“It is not reason which is the 

guide of life, but custom.”
“A wise man proportions his belief 

to the evidence”

Karl Popper’s 
Falsification Principle
logical asymmetry between verification and falsification: 
many observations do not derive (universal) theories, a 
single observation can falsify it: scientific theories 
(deduced) from induction are testable. 

Bertrand Russell
On Hume’s common sense 
practical skepticism

Eugene Wigner

“Every empirical law has the 
disquieting quality that one 

does not know its limitations.” 
E. Wigner [1957] in “The 

Unreasonable Effectiveness of 
Mathematics in the Natural 

Sciences” 
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David Hume’s Empiricism
Everyday knowledge depends on 

patterns of repeated experience
“It is not reason which is the 
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“A wise man proportions his belief 
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Karl Popper’s 
Falsification Principle
logical asymmetry between verification and falsification: 
many observations do not derive (universal) theories, a 
single observation can falsify it: scientific theories 
(deduced) from induction are testable. 

Eugene Wigner

“Every empirical law has the 
disquieting quality that one 

does not know its limitations.” 
E. Wigner [1957] in “The 

Unreasonable Effectiveness of 
Mathematics in the Natural 

Sciences” 
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social media data pipelines for biomedicine

Correia, Li & Rocha [2016]. PSB: 21:492-503.
Wood, Varela, Bollen, Rocha & Sá [2017]. Scientific Reports. 7: 17973 .

Wood, Correia, Miller, &Rocha [2022]. Epilepsy & Behavior. 128: 108580. 

Ciampaglia, et al [2015]. PloS ONE. 10(6): e0128193.

Correia, Wood, Bollen, & Rocha [2020].  Annual Review of Biomedical Data Science, 3:1. 

integrating and analyzing multiomics data

Min et al [2023]. CHI 2023. 32.
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social media data pipelines for biomedicine

Correia, Li & Rocha [2016]. PSB: 21:492-503.
Wood, Varela, Bollen, Rocha & Sá [2017]. Scientific Reports. 7: 17973 .

Wood, Correia, Miller, &Rocha [2022]. Epilepsy & Behavior. 128: 108580. 

Ciampaglia, et al [2015]. PloS ONE. 10(6): e0128193.

Correia, Wood, Bollen, & Rocha [2020].  Annual Review of Biomedical Data Science, 3:1. 

Correia, Wood, Bollen & Rocha [2020]. Mining social media data 
for biomedical signals and health-related behavior. 

integrating and analyzing multiomics data

Min et al [2023]. CHI 2023. 32.
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social media data pipelines for biomedicine

Correia, Li & Rocha [2016]. PSB: 21:492-503.
Wood, Varela, Bollen, Rocha & Sá [2017]. Scientific Reports. 7: 17973 .

Wood, Correia, Miller, &Rocha [2022]. Epilepsy & Behavior. 128: 108580. 

Ciampaglia, et al [2015]. PloS ONE. 10(6): e0128193.

Correia, Wood, Bollen, & Rocha [2020].  Annual Review of Biomedical Data Science, 3:1. 

MyAura: Personalized Dashboard and Web Service For Chronic 
Disease Management

http://bit.ly/MyAuraR01 

integrating and analyzing multiomics data

Min et al [2023]. CHI 2023. 32.



rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501m

hypothesis falsification in data and complexity science

 Social Media (Twitter) Mood and Web Searches
 Understanding collective human behavior
 Discovering mood transitions in health 

resolving a sociobiology question on a planetary scale

Wood, Varela, Bollen, Rocha & Sá [2017]. Scientific Reports. 7: 17973 .

Joana Sá 
IST Johan Bollen

Indiana University
Ian Wood
Indiana University

The observed annual birth cycle (in countries 
where there is data). Is it driven by 
biological adaptation or culture?
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hypothesis falsification in data and complexity science

 Social Media (Twitter) Mood and Web Searches
 Understanding collective human behavior
 Discovering mood transitions in health 

resolving a sociobiology question on a planetary scale

Wood, Varela, Bollen, Rocha & Sá [2017]. Scientific Reports. 7: 17973 .

Joana Sá 
IST Johan Bollen

Indiana University
Ian Wood
Indiana University

The observed annual birth cycle (in countries 
where there is data). Is it driven by 
biological adaptation or culture?

Western Northern countries, Canada, Denmark, Finland, 
France, Germany, Italy, Lithuania, Mas: Austrialta, 
Netherlands, Poland, Portugal, Spain, Sweden and USA
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Is it biological adaptation? Is it cultural?
search and social media mood provide global patterns 

hypotheses for birth cycles

Online interest in sex

Wood, Varela, Bollen, Rocha & Sá [2017]. Scientific Reports. 7: 17973 .
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Z
> 
3

Hypothesis falsification in data and complexity science

 Social Media (Twitter) Mood and Google Searches
 Understanding collective human behavior
 Discovering mood transitions in health 

resolving a sociobiology question on a planetary scale

Wood, Varela, Bollen, Rocha & Sá [2017]. Scientific Reports. 7: 17973 .

Christmas - USA

granger causality analysis 
suggests that mood causes 

interest in sex

Online interest in sex

Sex search patterns (proxy for interest in sex 
and births) are culturally-driven and correlate 
with distinct mood patterns on social media

Why? child-
centered and 

gift-giving 
holidays?

(shifted 9 months)



rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501m

Z
> 
3

Hypothesis falsification in data and complexity science

 Social Media (Twitter) Mood and Google Searches
 Understanding collective human behavior
 Discovering mood transitions in health 

resolving a sociobiology question on a planetary scale

Wood, Varela, Bollen, Rocha & Sá [2017]. Scientific Reports. 7: 17973 .

Christmas - USA

granger causality analysis 
suggests that mood causes 

interest in sex

Online interest in sex

Sex search patterns (proxy for interest in sex 
and births) are culturally-driven and correlate 
with distinct mood patterns on social media

Why? child-
centered and 

gift-giving 
holidays?

(shifted 9 months)






rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501m
rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501m

Bad news III: inductive, “boxed” model failure with complex systems
control hierarchies are not near-decomposable

Pescosolido, B.A. 2006. Journal of Health and Social Behavior 47: 189-208.
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Bad news III: inductive, “boxed” model failure with complex systems
control hierarchies are not near-decomposable

Pescosolido, B.A. 2006. Journal of Health and Social Behavior 47: 189-208.

Howard Pattee

Robert Rosen

A model of any
complex system will
deviate as emergent
properties arise from
(rare) external controls

Key insight: complex systems are: 1) not reducible 
to self-contained multivariate structure or 
dynamics (boxed mechanisms), 2) not 
predictable from past data when it matters. 

Key insight: complex systems need multi-level, 
contextual/actionable models and theory to 
predict rare, major transitions (not predictable 
by empirical evidence from single layer)
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Bad news III: inductive, “boxed” model failure with complex systems
control hierarchies are not near-decomposable

Pescosolido, B.A. 2006. Journal of Health and Social Behavior 47: 189-208.

Howard Pattee

Robert Rosen

A model of any
complex system will
deviate as emergent
properties arise from
(rare) external controls

Key insight: complex systems are: 1) not reducible 
to self-contained multivariate structure or 
dynamics (boxed mechanisms), 2) not 
predictable from past data when it matters. 

Key insight: complex systems need multi-level, 
contextual/actionable models and theory to 
predict rare, major transitions (not predictable 
by empirical evidence from single layer)

Nassim Nicholas Taleb 
unexpected events of large magnitude and consequence 
are dominant in history.
Importance of studying robustness/resilience/evolvability
“predictions of events depend more and more on theories 
when their probability is small and system is complex”



rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501m
rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501m

inductive models can be falsified but cannot predict black swans
model failure in complex world

World1

Measure

Symbols

examples

Measure

(black box) 
model of 
Statistical 
regularities observations

predictions

En
co

di
ng

World2

Complex Natural Laws

Robert RosenHoward PatteeNassim Nicholas Taleb 
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inductive models can be falsified but cannot predict black swans
model failure in complex world

World1

Measure

Symbols

examples

Measure

(black box) 
model of 
Statistical 
regularities observations

predictions

En
co

di
ng

World2

Complex Natural Laws

Robert Rosen

Alessandro 
Vespignani, 

Howard PatteeNassim Nicholas Taleb 
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machine learning depends on training data that is contextual 
inductive bias in diverse scenarios

Angwin, Larson, Mattu & Kirchner, “Machine Bias”. ProPublica, May 23, 2016
propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
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machine learning depends on training data that is contextual 
inductive bias in diverse scenarios

Angwin, Larson, Mattu & Kirchner, “Machine Bias”. ProPublica, May 23, 2016
propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
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Comparing 3 distinct health systems
How is the DDI phenomenon in human populations?

Blumenau (public, free)
140 unique DrugBank IDs 
dispensed to 133,047 
patients during 18 months 
(Jan 2014–Jun 2015).

Indianapolis (private)
1,228 unique DrugBank IDs 
dispensed to 264,607 
patients during 2 years (Jan 
2017–Dec 2018).

Catalonia
814 unique DrugBank IDs 
administered to 5,555,924 
patients during 11 years 
(Jan 2008-Dec 2018).

Sanchez-Valle et al [2024].. BMC Medicine 22: 166.

drug universe

(814)

(140)

(1228)

Rion Brattig Correia Alfonso ValenciaJon Sanchez-Valle
Rosalba 
Lepore

Correia, Araujo, Mattos, Wild & Rocha [2019]. NPJ Digital Medicine. 2:74.
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gender and age biases in drug-drug interactions
electronic health records from 3 World regions

Catalonia
814 unique DrugBank IDs administered to 5,555,924 
patients during 11 years (Jan 2008-Dec 2018).

Blumenau (public, free)
140 unique DrugBank IDs 
dispensed to 133,047 
patients during 18 months 
(Jan 2014–Jun 2015).

Indianapolis (private)
1,228 unique DrugBank IDs dispensed to 264,607 
patients during 2 years (Jan 2017–Dec 2018).

Sanchez-Valle et al [2024].. BMC Medicine 22: 166.
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gender and age biases in drug-drug interactions
electronic health records from 3 World regions

Catalonia
814 unique DrugBank IDs administered to 5,555,924 
patients during 11 years (Jan 2008-Dec 2018).

Blumenau (public, free)
140 unique DrugBank IDs 
dispensed to 133,047 
patients during 18 months 
(Jan 2014–Jun 2015).

Indianapolis (private)
1,228 unique DrugBank IDs dispensed to 264,607 
patients during 2 years (Jan 2017–Dec 2018).

Sanchez-Valle et al [2024].. BMC Medicine 22: 166.
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gender and age biases in drug-drug interactions
electronic health records from 3 World regions

Catalonia, Spain

Jon Sanchez-Valle
Sanchez-Valle et al [2024].. BMC Medicine 22: 166.
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gender and age biases in drug-drug interactions
electronic health records from 3 World regions

what actionable interventions?

Catalonia, Spain

Jon Sanchez-Valle
Sanchez-Valle et al [2024].. BMC Medicine 22: 166.
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Browsable networks to synthesize information and aid actionable interventions 
How is the DDI phenomenon in human populations?

Catalonia
814 unique DrugBank IDs 
administered to 5,555,924 
patients during 11 years 
(Jan 2008-Dec 2018).

Strength of interaction ≥ 0.18: likelihood of joint 
administration, given administration of i or j).

Indianapolis
1,228 unique DrugBank IDs 
dispensed to 264,607 
patients during 2 years 
(Jan 2017–Dec 2018). Blumenau

140 unique DrugBank IDs 
dispensed to 133,047 
patients during 18 months 
(Jan 2014–Jun 2015).

Sanchez-Valle et al [2024].. BMC Medicine 22: 166.
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Browsable networks to synthesize information and aid actionable interventions 
How is the DDI phenomenon in human populations?

Catalonia
814 unique DrugBank IDs 
administered to 5,555,924 
patients during 11 years 
(Jan 2008-Dec 2018).

Strength of interaction ≥ 0.18: likelihood of joint 
administration, given administration of i or j).

Indianapolis
1,228 unique DrugBank IDs 
dispensed to 264,607 
patients during 2 years 
(Jan 2017–Dec 2018). Blumenau

140 unique DrugBank IDs 
dispensed to 133,047 
patients during 18 months 
(Jan 2014–Jun 2015).

Sanchez-Valle et al [2024].. BMC Medicine 22: 166.

disease-perception.bsc.es/ddinteract/

http://disease-perception.bsc.es/ddinteract/
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Browsable networks to synthesize information and aid actionable interventions 
How is the DDI phenomenon in human populations?

Catalonia
814 unique DrugBank IDs 
administered to 5,555,924 
patients during 11 years 
(Jan 2008-Dec 2018).

Strength of interaction ≥ 0.18: likelihood of joint 
administration, given administration of i or j).

Indianapolis
1,228 unique DrugBank IDs 
dispensed to 264,607 
patients during 2 years 
(Jan 2017–Dec 2018). Blumenau

140 unique DrugBank IDs 
dispensed to 133,047 
patients during 18 months 
(Jan 2014–Jun 2015).

Sanchez-Valle et al [2024].. BMC Medicine 22: 166.

disease-perception.bsc.es/ddinteract/

Explainable correlations 
but why the bias?

http://disease-perception.bsc.es/ddinteract/
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depression/anxiety in mouse models 
uncovering molecular mechanism in psychopathology

Mir, F. R., & Rivarola, M. A. (2022). Sex differences in anxiety and depression: 
What can (and cannot) preclinical studies tell us? Sexes, 3(1), 141-163.

• Mechanistic basis of complex multiscale disease 
• assumed to reside in the genetic architecture of anxiety 

and depression  
• at most, in the architecture of the brain. 

• Emphasis on pharmaceuticals as the only interventions 
derived from  “mechanistic understanding.”

where is language, society, policy?
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depression/anxiety in a multiscale view of human disease 
What is the best “mechanism” for intervention in psychopathology

“Mechanism” in complex multiscale disease 
assumed to reside in molecular architecture. 
Interventions: pharmaceutical, molecular, cellular… 

where is language, society, policy?

Noetel, Michael, et al. "Effect of exercise for depression: systematic review and 
network meta-analysis of randomised controlled trials." bmj 384 (2024).

Soumerai, Stephen B., et al [2024] Health Affairs 43.10: 1360-1369.
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Noetel, Michael, et al. "Effect of exercise for depression: systematic review and 
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Soumerai, Stephen B., et al [2024] Health Affairs 43.10: 1360-1369.
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depression/anxiety in a multiscale view of human disease 
What is the best “mechanism” for intervention in psychopathology

“Mechanism” in complex multiscale disease 
assumed to reside in molecular architecture. 
Interventions: pharmaceutical, molecular, cellular… 

where is language, society, policy?

Noetel, Michael, et al. "Effect of exercise for depression: systematic review and 
network meta-analysis of randomised controlled trials." bmj 384 (2024).

Soumerai, Stephen B., et al [2024] Health Affairs 43.10: 1360-1369.
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mechanism depends on control hierarchies that are not fully separable (near-decomposable)
complex systems not reducible to single level

Howard Pattee

Robert Rosen

Key insight: complex systems are: 1) not reducible 
to self-contained multivariate structure or 
dynamics (boxed mechanisms), 2) not 
predictable from past data when it matters. 

Key insight: complex systems need multi-level, 
models and theory to predict rare, major 
transitions (not predictable by empirical 
evidence from single layer)

Pescosolido, B.A. 2006. Journal of Health and Social Behavior 47: 189-208.

George Klir

Key insight: best set of levels to understand, 
predict ,and control complex systems needs to 
be agnostically and pragmatically estimated 
from multivariate, multi-level data/evidence

epistemic/pragmatic nature of mechanism?
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what is (are) the appropriate level(s)?
complex systems not reducible to single level

Howard Pattee
George Klir

Key insight: appropriate level of description 
of complex systems must be agnostically 
and pragmatically estimated

Brenner, Sydney. [2012]. “Life’s code script.” Nature 482 (7386): 461-461.

Key insight: complex systems not 
reducible to single level and 
deviate from past data eventually

epistemic/pragmatic nature of mechanism?
Biologists accept genetic information as a preferred level of explanation 
(with two levels implied by a genotype-phenotype code)

“The concept of the gene as a symbolic representation of the organism — a code script — is a fundamental 
feature of the living world and must form the kernel of biological theory. […] at the core of everything are the 
tapes containing the descriptions to build these special Turing machines.”  (Sydney Brenner)
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what is (are) the appropriate level(s)?
complex systems not reducible to single level

Howard Pattee
George Klir

Key insight: appropriate level of description 
of complex systems must be agnostically 
and pragmatically estimated

Key insight: complex systems not 
reducible to single level and 
deviate from past data eventually

epistemic/pragmatic nature of mechanism?

functional (control) hierarchies (especially symbolic codes) establish a “selective loss of detail”.

micro-level details below genetic information can be 
ignored for most functional and evolutionary explanation 

Biologists accept genetic information as a preferred level of explanation

A theory of mechanism is valid if predicted interventions work 
better than other theories (suggesting ontological nature of theory) 

preferred levels of explanation 
should not be assumed, but 
experimentally established

Not the same as near-
decomposability because 
control hierarchies establish 
non-holonomic constraints.
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what is (are) the appropriate level(s)?
complex systems not reducible to single level

epistemic/pragmatic nature of mechanism?

micro-level details below genetic information can be 
ignored for most functional and evolutionary explanation 

but lower levels relevant if we are interested, 
e.g. in DNA as computational memory

magnetic field in A-T coordination complex

Mechanism is pragmatic: levels of explanation should not 
be assumed, but experimentally established to maximize 
intervention, prediction, and explainability.
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multiscale view of disease, including human data 
what is the best “mechanism” for intervention in disease?

Noetel, Michael, et al. "Effect of exercise for depression: systematic review and 
network meta-analysis of randomised controlled trials." bmj 384 (2024).

Mechanism is pragmatic: levels of explanation should 
not be assumed, but experimentally established to 
maximize intervention, prediction, and explainability

complex systems, multiscale approach: agnostic 
use of all multiomics levels, as well as medical history, 
environmental, psychological, linguistic, social, 
technological, and political layers (exposome).

interventions: whatever mechanism works 
best, from pharmaceuticals to policy.

“Mechanism” in complex multiscale disease 
assumed to reside in molecular architecture. 
Interventions: pharmaceutical, molecular, cellular… 
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multiscale view of disease, including human data from all levels 
complex systems approach to digital twins

Mechanism is pragmatic: levels of explanation should 
not be assumed, but experimentally established to 
maximize intervention, prediction, and explainability

complex systems, multiscale approach: agnostic 
use of all multiomics levels, as well as medical history, 
environmental, psychological, linguistic, social, 
technological, and political layers (exposome).

interventions: whatever mechanism works 
best, from pharmaceuticals to policy.

De Domenico, et al [2025]. "Challenges and opportunities for digital twins in precision medicine: 
a complex systems perspective". npj Digital Medicine 8, 37.

Digital twin: in-silico replication of a biological 
cell, sub-system, organ or a whole organism 
with a transparent predictive model of their 
relevant causal mechanisms which responds 
in the same manner to interventions.
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may work in complex interrelated domain (with rare control events)
multiscale combination of inductive and deductive actionable models

World1

Measure

Symbols

Initial 
conditions

Measure

Formal, 
explainable,  
actionable 
model/theory

World2

Complex  Physical Laws

observations

predictions

En
co

di
ng

Howard Pattee

Logical 
consequences ????

Nassim Nicholas Taleb 
“predictions of events depend more and more on theories 
when their probability is small and system is complex”

Robert Rosen

Melanie Mitchell: Current AI systems seem to be lacking a crucial aspect 
of human intelligence: rich internal models of the world. A tenet of modern 
cognitive science is that humans are not simply conditioned-reflex 
machines; instead, we have inside our heads abstracted models of the 
physical and social worlds that reflect the causes of events rather than 
merely correlations among them 
AI’s challenge of understanding the world”.Science 382,eadm8175(2023)
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may work in complex interrelated domain (with rare control events)
multiscale combination of inductive and deductive actionable models

World1

Measure

Symbols

Initial 
conditions

Measure

Formal, 
explainable,  
actionable 
model/theory

World2

Complex  Physical Laws

observations

predictions

En
co

di
ng

Howard Pattee

Logical 
consequences ????

Nassim Nicholas Taleb 
“predictions of events depend more and more on theories 
when their probability is small and system is complex”

examples

Measure

World0

Parameter estimation

unobserved 
scenarios

Robert Rosen
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deductive theory example

 Vehicles and people modeled as particles in a fluid medium
 Free traffic: behaves as a gas

 Particles move freely
 Congested traffic: behaves as a liquid

 movement of particles strongly depends on surrounding dynamics
 Shock waves

 emerge from density variations
 Example in congested traffic

 The velocity change of a vehicle propagates (with a homogenous time 
delay) in the opposite direction of traffic as downstream vehicle respond 
to changes in upstream vehicles 

 propagation speed aprox. -15 km/h (In free traffic =  free vehicle velocity).

Dirk Helbing’s Modeling traffic and human group behavior

D. Helbing: Traffic and related self-driven many-particle systems. 
Reviews of Modern Physics 73, 1067-1141 (2003).

Dirk Helbing
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deductive theory example

 Vehicles and people modeled as particles in a fluid medium
 Free traffic: behaves as a gas

 Particles move freely
 Congested traffic: behaves as a liquid

 movement of particles strongly depends on surrounding dynamics
 Shock waves

 emerge from density variations
 Example in congested traffic

 The velocity change of a vehicle propagates (with a homogenous time 
delay) in the opposite direction of traffic as downstream vehicle respond 
to changes in upstream vehicles 

 propagation speed aprox. -15 km/h (In free traffic =  free vehicle velocity).

Dirk Helbing’s Modeling traffic and human group behavior

D. Helbing: Traffic and related self-driven many-particle systems. 
Reviews of Modern Physics 73, 1067-1141 (2003).

Dirk Helbing

Korecki, M., Dailisan, D.,Yang, J. and Helbing, D. 
[2023]. “Democratizing Traffic Control in Smart 
Cities”. SSRN: 459846.
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deductive theory example

 People modeled as self-driven many-particle systems
 Testing individualistic vs herding behavior as well as environmental solutions

modeling crowd disasters

D. Helbing, A. Johansson and H. Z. Al-Abideen (2007) The Dynamics of Crowd 
Disasters: An Empirical Study. Physical Review E 75, 046109.
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deductive theory example

 People modeled as self-driven many-particle systems
 Testing individualistic vs herding behavior as well as environmental solutions

modeling crowd disasters

D. Helbing, A. Johansson and H. Z. Al-Abideen (2007) The Dynamics of Crowd 
Disasters: An Empirical Study. Physical Review E 75, 046109.
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mechanistic models, estimated parameters
actionable epidemiology models from data

Alessandro 
Vespignani, 
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mechanistic models, estimated parameters
actionable epidemiology models from data

Alessandro 
Vespignani, 
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integrating and analyzing multiomics data
building up (retraceable) multiscale models

Núñez-Carpintero et al [2024]. Nature communications, 15:1227.
Sanchez-Valle et al [2020]. Nature communications, 11: 2854.

Alfonso Valencia

complex systems, multiscale approach: agnostic use of all multiomics 
levels, as well as medical history, environmental, psychological, linguistic, 
social, technological, and political layers (exposome).

Jon 
Sanchez 
Valle

De Domenico, et al [2025]. npj Digital Medicine 8, 37.
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multilayer network models of multiscale interdependence for comorbidity analysis
integrating and analyzing human multiomics data

Núñez-Carpintero et al [2024]. Nature communications, 15:1227.
Sanchez-Valle et al [2020]. Nature communications, 11: 2854.

complex systems, multiscale approach: agnostic 
use of all multiomics levels, as well as medical history, 
environmental, psychological, linguistic, social, 
technological, and political layers (exposome).

De Domenico, et al [2025]. npj Digital Medicine 8, 37.
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multilayer network models of multiscale interdependence for comorbidity analysis
integrating and analyzing human multiomics data

Núñez-Carpintero et al [2024]. Nature communications, 15:1227.
Sanchez-Valle et al [2020]. Nature communications, 11: 2854.

complex systems, multiscale approach: agnostic 
use of all multiomics levels, as well as medical history, 
environmental, psychological, linguistic, social, 
technological, and political layers (exposome).

De Domenico, et al [2025]. npj Digital Medicine 8, 37.
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multilayer network models of multiscale factors in disease
integrating and analyzing human multiomics data

De Domenico, et al [2025]. npj Digital Medicine 8, 37.

multilayer pathways for identification and validation of 
correlations and explainable putative causal mechanism: 
“lines of argumentation” for multiscale factors in disease
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for explainability and computability
simplifying multilevel complexity by extracting redundancy

𝜏𝜏𝑚𝑚 ≈ 18%
𝜎𝜎𝑚𝑚 ≈ 82%

Simas, Correia & Rocha [2021]. J Complex Networks. 9 (6), cnab021. 
Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.

Effective causal pathways: 
removing logical redundancy from 
causal (multilayer) dynamics

distance backbones of networks: 
removing redundancy from (shortest) 
pathways

Howard Pattee

functional (control) hierarchies (especially symbolic 
codes) establish a “selective loss of detail”.

handles for interventions: If there is emergence of new 
levels, there must be redundancy for control to work.
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distance backbone helps uncovers ancient regulators of human spermatogenesis
simplifying molecular multi-organism complexity in disease

Correia, Barrat & Rocha [2023]. PLoS Computational Biology. 19(2): e1010854.
Simas, Correia & Rocha [2021]. J Complex Networks. 9 (6), cnab021. 

𝜏𝜏𝑚𝑚 ≈ 1.7%

Paulo Navarro-
Costa U. Lisboa 
Medical School

Correia et al [2024]. eLife. 13:RP95774
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distance backbone helps uncovers ancient regulators of human spermatogenesis
simplifying multilevel complexity in disease

Paulo Navarro-
Costa U. Lisboa 
Medical School

Correia et al [2024]. eLife. 13:RP95774
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distance backbone helps uncovers ancient regulators of human spermatogenesis
simplifying multilevel complexity in disease

Paulo Navarro-
Costa U. Lisboa 
Medical School

Correia et al [2024]. eLife. 13:RP95774 complete loss of germ cells with HSPA2 and KPNA2 variants
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distance backbone helps uncovers ancient regulators of human spermatogenesis
simplifying multilevel complexity in disease

Paulo Navarro-
Costa U. Lisboa 
Medical School

Correia et al [2024]. eLife. 13:RP95774

Helped identify a core component of the conserved genetic program of 
male germ cells: 79 interactions with 179 novel functionally-validated 
candidate genes, 3 of which associated with human male infertility.

Reveals key pathways to be prioritized for study and putative interventions.

complete loss of germ cells with HSPA2 and KPNA2 variants
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integrating multiomics, human health data and exposome layers
myAURA 2.0: uncovering and explaining multiscale factors in disease

Correia et al [2024]. eLife. 13:RP95774
De Domenico, et al [2025]. npj Digital Medicine 8, 37.

• Broadens data-driven discovery in biomedical complexity
• Principled combination of heterogenous data sources, 

allowing linking and inferences from different phenomena
• connects the exposome (digital cohorts) to molecular 

insights (multiomics data) to infer complex multilayer factors 
(mechanisms) involved in disease

• e.g., diet in epilepsy and mental health, 
Correia, Rozum, et al [2025]. JAMIA. 10.1093/jamia/ocaf012.  arXiv:2405.05229. 
Rozum & Rocha [2024]. Journal of Physics: Complexity. ad679e.
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analyzing multilayer distance backbone via causal (logical) models
myAURA 2.0: uncovering (and explaining) multiscale factors in disease

Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.

Simas, Correia & Rocha [2021]. J Complex Networks. 9 (6), cnab021. 

Effective causal pathways: removing logical 
redundancy from causal (multilayer) dynamics

Multilayer distance backbones of networks: 
removing redundancy from (shortest) pathways

removal of redundancy from multilayer 
pathways between multiomics and 
exposome layers facilitates explanation 
of multiscale factors in disease

Rozum & Rocha [2024]. Journal of Physics: Complexity. ad679e.

Marques-Pita &  Rocha, [2013]. PLoS ONE, 8(3): e55946. 
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analyzing multilayer distance backbone via causal (logical) models
simplifying multilevel complexity in disease

Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.
Parmer, Rocha & Radicchi [2022].  Nature Communications. 13, 3457.
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analyzing multilayer distance backbone via causal (logical) models
simplifying multilevel complexity in disease

Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.
Parmer, Rocha & Radicchi [2022].  Nature Communications. 13, 3457.
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analyzing multilayer distance backbone via causal (logical) models
simplifying multilevel complexity in disease

Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.

ER+ baseline

Parmer, Rocha & Radicchi [2022].  Nature Communications. 13, 3457.
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analyzing multilayer distance backbone via causal (logical) models
simplifying multilevel complexity in disease

Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.

ER+ baseline

+ Alpelisib

Parmer, Rocha & Radicchi [2022].  Nature Communications. 13, 3457.
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analyzing multilayer distance backbone via causal (logical) models
simplifying multilevel complexity in disease

Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.

ER+ baseline

+ Alpelisib

+ Fulvestrant

Parmer, Rocha & Radicchi [2022].  Nature Communications. 13, 3457.
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analyzing multilayer distance backbone via causal (logical) models
simplifying multilevel complexity in disease

Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.

ER+ baseline

+ Alpelisib

+ Fulvestrant

Parmer, Rocha & Radicchi [2022].  Nature Communications. 13, 3457.

Integrative, causal models for deductive analysis
• built from inductive parameter estimation and 

knowledge synthesis 
• study and predict unobserved events
• uncovers probabilistic causal dynamics 

analytically, not via Monte-Carlo simulations
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may work in complex interrelated domain (with rare control events)
Inductive and deductive actionable models

World1

Measure

Symbols

Initial 
conditions

Measure

Formal, 
explainable,  
actionable 
model/theory

World2

Complex  Physical Laws

observations

predictions

En
co

di
ng

Howard Pattee

Logical 
consequences ????

examples

Measure

World0

Parameter estimation

unobserved 
scenarios

Robert Rosen

George Klir
Model and data simplification is 
key for feasibility and explainability.

Simplified, 
Formal, 
explainable, 
actionable 
model/theory
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github.com/CASCI-lab

Correia, Barrat, & Rocha [2023]. PLoS Computational Biology. 19(2): e1010854.

Gates,Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.
Parmer, Rocha & Radicchi [2022].  Nature Communications. 13, 3457.

Manicka, Marques-Pita, &  Rocha, [2022]. J. Royal Society Interface. 19(186):20210659.

Park, Costa,  Rocha,  Albert, & Rozum [2023]. PRX Life. 1, 023009. 

bit.ly/RochaPub

Correia et al [2024]. eLife. 13:RP95774

De Domenico, et al [2025]. npj Digital Medicine 8, 37.

. 
Correia, Rozum, et al [2025]. JAMIA. 10.1093/jamia/ocaf012.  

Costa, Rozum, Marcus, and Rocha [2023]. Entropy. 25(2):374.

Rozum & Rocha [2024]. Journal of Physics: Complexity. ad679e.
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