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lecture 15: Multiscale Factors and Interdisciplinarity
introduction to systems science
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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.”
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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 
network meta-analysis of randomised controlled trials." bmj 384 (2024).

Soumerai, Stephen B., et al [2024] Health Affairs 43.10: 1360-1369.



rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501

rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501Pescosolido, B.A. 2006. Journal of Health and Social Behavior 47: 189-208.

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.

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 [2024]. "Challenges and opportunities for digital twins in precision medicine: 
a complex systems perspective". NPJ Digital Medicine. In press.  arXiv:2405.09649. 
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multiomics
integrating and analyzing molecular data

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 [2024]. NPJ Digital Medicine. In press. arXiv:2405.09649. 



rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501

rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501

multiomics
integrating and analyzing molecular data

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).

De Domenico, et al [2024]. NPJ Digital Medicine. In press. arXiv:2405.09649. 
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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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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 ????

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

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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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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multilayer network models of multiscale interdependence in disease
integrating and analyzing human multiomics data

De Domenico, et al [2024]. NPJ Digital Medicine. In press. arXiv:2405.09649. 

network pathways for identification and validation of correlations and 
explainable putative causal mechanism: “lines of argumentation”
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for explainability and computability
simplifying multilevel complexity

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.

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 dynamical redundancy 
from causal (multilayer) logic

distance backbones of networks: removing 
redundancy from (shortest) pathways
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Helikar et al. [2012] BMC Syst. Biol. 6, 96.

biochemical dynamics from synthesis of experimental data
complex network modeling in systems biology

Reka Albert
Jorge 
Zañudo

Large-scale literature synthesis for discrete 
modeling of within-cell oncogenic signal 

transduction, recapitulates known 
resistance PI3K inhibitors. Suggests novel 

combinatorial interventions.

Zañudo, Scaltriti, & Albert. Cancer convergence 1.1 (2017): 1-25.
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Helikar et al. [2012] BMC Syst. Biol. 6, 96.

biochemical dynamics from synthesis of experimental data
complex network modeling in systems biology

Reka Albert
Jorge 
Zañudo

Large-scale literature synthesis for discrete 
modeling of within-cell oncogenic signal 

transduction, recapitulates known 
resistance PI3K inhibitors. Suggests novel 

combinatorial interventions.

Barman & Kwon. PloS one 12.2 
(2017): e0171097.

Zañudo, Scaltriti, & Albert. Cancer convergence 1.1 (2017): 1-25.
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𝑘𝑘𝑟𝑟 𝑥𝑥4 =
1 × 2 + 2 × 6

8
= 1.75

quantifying redundancy in automata networks
with the effective graph (nonlinear collective measure of effective control)

Marques-Pita &  Rocha, [2013]. PLoS ONE, 8(3): e55946. 

input redundancy:
kr(x) = mean number of “#” in LUT

effective connectivity:
𝑘𝑘𝑒𝑒 𝑥𝑥 = 𝑘𝑘 𝑥𝑥 − 𝑘𝑘𝑟𝑟 𝑥𝑥

𝑘𝑘(𝑥𝑥4) = 3

Prime Implicants (Quine-McCluskey)
minimal transition control: set of wildcard schemata 
is DNF of prime implicants (Blake Canonical Form)

𝑥𝑥4 = 𝑥𝑥1 ∧ 𝑥𝑥2

𝑘𝑘𝑒𝑒(𝑥𝑥4) = 1.25

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

𝑘𝑘𝑒𝑒(𝑥𝑥𝑖𝑖) = �
𝑗𝑗=1

𝑘𝑘

𝑒𝑒𝑗𝑗𝑖𝑖

Measuring redundancy 
and its dual effectiveness

edge effectiveness
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(actionable) model of pharmachology in ER+ breast cancer

Correia, Gates, Wang & Rocha [2018]. Frontiers in Physyology  9: 1046. 
Gates & Rocha [2016]. Scientific Reports 6, 24456. 
Marques-Pita &  Rocha, [2013]. PLoS ONE, 8(3): e55946. 

pypi.python.org/pypi/cana
Parmer, Rocha & Radicchi [2022].  Nature Communications. 13, 3457.

effective graph: redundancy and control in biochemical regulation

Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.
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effective graph: redundancy and control in biochemical regulation

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



rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501

rocha@binghamton.edu
casci.binghamton.edu/academics/ssie501

(actionable) model of pharmachology in ER+ breast cancer

Correia, Gates, Wang & Rocha [2018]. Frontiers in Physyology  9: 1046. 
Gates & Rocha [2016]. Scientific Reports 6, 24456. 
Marques-Pita &  Rocha, [2013]. PLoS ONE, 8(3): e55946. 

pypi.python.org/pypi/cana

ER+ baseline

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

effective graph: redundancy and control in biochemical regulation

Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.
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(actionable) model of pharmachology in ER+ breast cancer

Correia, Gates, Wang & Rocha [2018]. Frontiers in Physyology  9: 1046. 
Gates & Rocha [2016]. Scientific Reports 6, 24456. 
Marques-Pita &  Rocha, [2013]. PLoS ONE, 8(3): e55946. 

pypi.python.org/pypi/cana

ER+ baseline

+ Alpelisib

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

effective graph: redundancy and control in biochemical regulation

Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.
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(actionable) model of pharmachology in ER+ breast cancer

Correia, Gates, Wang & Rocha [2018]. Frontiers in Physyology  9: 1046. 
Gates & Rocha [2016]. Scientific Reports 6, 24456. 
Marques-Pita &  Rocha, [2013]. PLoS ONE, 8(3): e55946. 

pypi.python.org/pypi/cana

ER+ baseline

+ Alpelisib

+ Fulvestrant

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

effective graph: redundancy and control in biochemical regulation

Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.
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(actionable) model of pharmachology in ER+ breast cancer

Correia, Gates, Wang & Rocha [2018]. Frontiers in Physyology  9: 1046. 
Gates & Rocha [2016]. Scientific Reports 6, 24456. 
Marques-Pita &  Rocha, [2013]. PLoS ONE, 8(3): e55946. 

pypi.python.org/pypi/cana

ER+ baseline

+ Alpelisib

+ Fulvestrant

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

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

not via Monte-Carlo simulations

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

effective graph: redundancy and control in biochemical regulation

Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.
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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
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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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multiscale factors in social, technological and biomedical problems

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

goal of systems science: multilevel complexity

Interdisciplinary,

 systems-thinking
 

Education &
Training

Computational/systems thinking

Sociology

Science

Physics

Molecular Biology

Chemistry

Neuroscience

Cognitive Science

Medicine

Economics

Political science
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De Domenico, et al [2024]. NPJ Digital Medicine. In press. 
arXiv:2405.09649. 
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Necessity is the mother of invention
Interdisciplinarity 
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necessary to tackle 21st century problems
interdisciplinarity

Van Noorden, R. [2015]. "Interdisciplinary research by the numbers". Nature, 525(7569):306–7.

Ledford, H. [2015]. Nature, 525(7569):308–11.

Nature, 525(7569):289–90.
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Van Noorden, R. [2015]. "Interdisciplinary research by the numbers". Nature, 525(7569):306–7.

Ledford, H. [2015]. Nature, 525(7569):308–11.

Nature, 525(7569):289–90.
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necessary to tackle 21st century problems
interdisciplinarity

Van Noorden, R. [2015]. "Interdisciplinary research by the numbers". Nature, 525(7569):306–7.

Ledford, H. [2015]. Nature, 525(7569):308–11.

Nature, 525(7569):289–90.

Fleming, Lee, and Adam Juda. “A Network of 
Invention." Harvard Business Review 82 (4).

Fleming, Lee. "Perfecting Cross-Pollination." 
Harvard Business Review 82 (9) : 22-24. 

Biotech Invention Network
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CNS, interdisciplinarity and universities

 Frozen department structure
 university departments built 

within disciplinary walls hinder 
collaboration and team building

 difficult for a single-PI group to 
develop interdisciplinary 
competence

 promotion of Faculty/PIs based 
on short-term rewards

 incentives for teaching and 
training to move within walls (e.g. 
tuition revenue, faculty lines)

 academic inbreeding

siloed academic, research, and career incentives

S. Baker. “Interdisciplinary research ‘struggles to bridge academic 
silos’”. Times Higher Education. June 7, 2019.
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