introduction to systems science

lecture 14: multilevel organization of complex systems and modeling limitations
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evaluation

introduction to systems science
m Participation: 20%.

e class discussion, everybody reads and discusses every paper
e engagement in class
m Paper Presentation and Discussion: 20%

e SSIES01 students are assigned to papers individually or as group lead presenters and discussants
m all students ar.
e Presenter prepa

supposed to read and pa C|pate in discussion of every paper.
= no formal prese
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The Black Box |I: Due: November 26th, 2024

Herbert Simon: Law discovery means only finding pattern in the data;
whether the pattern will continue to hold for new data that are observed
subsequently will be decided in the course of testing the law, not
discovering it. The discovery process runs from particular facts to
general laws that are somehow induced from them; the process of
testing discoveries runs from the laws to predictions of particular facts

| from them [...] To explain why the patterns we extract from observations
frequently lead to correct predictions (when they do) requires us to face
again the problem of induction, and perhaps to make some hypothesis
about the uniformity of nature. But that hypothesis is neither required for,
nor relevant to, the theory of discovery processes. [...] By separating the
question of pattern detection from the question of prediction, we can
construct a true normative theory of discovery-a logic of discovery.

m Focus on uncovering quadrants
induction.
is doing.
m  Maximum 20 pages!!!

e 4 per quadrant + 4
e Supporting information in separate file

e using data collection, descriptive patterns & statistics, and
m Propose a formal model or algorithm of what each quadrant

e Analyze, using deduction, the behavior of this algorithm.
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data analytics, Al, and complex systems
systems modeling

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

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

m 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.

e The philosophical implications of modeling from the perspective of
complex systems science.

International Conference on
Robot Ethics and Standards

ICRES 2021

New York, USA, 26-27 July 2021

ICRES 2021
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data analytics, Al, and complex systems
systems modeling

The Magic Formula ...

= more
= more SUCCEeSS

Dirk Helbing <foore power

knowledge

more
data

LLLLLLLLLLL
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Hume’s and Hertz's World (of Al): Inductive learning
good news | & II: near-decomposability and induction

(black box)

: model of redictions
[ examples }Partlcular Genera Statistical P
regularities observations

Symbols 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”

Encoding>

(simple) Natural Laws
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Hume’s and Hertz's World (of Al): Inductive learning
good news | & II: near-decomposability and induction

(black box)
model of
Statistical
regularities

predictions

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”

Studying (multilayered, contextual)
complexity possible if world is
near-decomposable and
predictable from past examples
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good news | & II: near-decomposability and induction

(black box)
model of

Hume’s and Hertz's World (of Al): Inductive learning
W Particular Gene

el predictions
nnnnnn Statistical

examples e
GLASSIFICATION vs s
nE nE I " avid Hume’s Empiricism
Everyday knowledge

/E’X depends on patterns of
S repeated experience
Q Me Classification Regression t is not reason which is the
‘=’ guide of life, but custom.”
TT] . . A\ wise man proportions his

® O .. o) belief to the evidence”
&

textual)
is

near-decomposable and
predictable from past examples
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Hume’s and Hertz's World (of Al): Inductive learning
Bad news |. computational limits

SCIENTIFIC .
[ examples }— MODEL _bpredlctlons“./

observations

Symbols

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”

Encoding>

(simple) Natural Laws

Model complexity
We must simplify computational models
Tradeoff descriptive and uncertainty-based complexity
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Induction is dictated (biased) by previous observations
Bad news lI: black swans

Hcone

Fuluwe Predicliony based
en Lawy of Nalure
Fast Experience

Skeptical Gag
of

DOOOOOOM

Bertrand Russell
On Hume’s common sense
practical skepticism

" e David Hume’s Empiricism
-~ ™~ Particular General Everyday knowledge depends on
/ \ Instance Rule patterns of repeated experience
“It is not reason which is the
,L o guide of life, but custom.”
ﬁi:\h."\mf — o "“x_\ “A wise man proportions his belief
-~ e N _ ] { to the evidence”
., bxamples <_ bdodel |  Fredichon
—e ——
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Induction is dictated (biased) by previous observations
Bad news lI: black swans

/ ex
Fuluwre Predictiony ased
en Lawy of Nalure

Fast Experience

Skeplical Gap
of
DOOOOOOM

Bertrand Russell
On Hume’s common sense
practical skepticism

Karl Popper’s

Falsification Principle David Hume’s Empiricism
logical asymmetry between verification and falsification: Everyday knowledge depends on
many observations do not derive (universal) theories, a patterns of repeated experience
single observation can falsify it: scientific theories “It is not reason which is the

(deduced) from induction are testable. guide of life, but custom.”
“A wise man proportions his belief

to the evidence”
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Bad news Il: black swans

READY TO
THE FARMER?

Bertrand Russell
On Hume’s common sense
practical skepticism

STAY AWAY
FROM THE
FARMER TODAY.

Induction is dictated (biased) by previous observations

WHAT ARE YOU
TALKING ABOUTP
THE FARMER IS
OLR FRIEND, HE

SIVES LS
DELICIOUS GRAIN
EVERY DAY! WHAT

ARE YOU S0
WORRIED ABOUT?

IT JUST
SEEMS LIEE
THINGS MIGHT

REASOM...

Observations/Tests Pattern

Theory

\

f~  LOOK, IT'S SIMPLE
INDUETIVE REASONING.
EVERY DAY FOR THE PAST
SEVERAL MONTHS WE GO
SEE THE FARMER, AND
EVERY DAY ME FEEDS LS.
THEREFORE IT'S
REASONABLE TO INFER
THAT THE SAME THING WILL
HAPPEN TODAY. AND IN
FACT THE INDUCTIVE
INFEREMCE THAT HE WILL
FEED US 15 STRONGER

TODAY THAN IT HAS EEEN
\ OM ANY DAY BEFORE!

HAPPY
THANKSGIVING!

¥?

HMM, WELL
WHEN YOU PUT
IT THAT WAY...
ALRIGHT, LET'S

B0 BET US

SOME FOOD!

vid Hume’s Empiricism

y knowledge depends on
5 of repeated experience
5 not reason which is the
huide of life, but custom.”

an proportions his belief

to the evidence”

inghamton.edu
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Bad news Il: black swans

Bertrand Russell
Karl Popper’s On Hume’s common sense
Falsification Principle practical skepticism
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.

Observations/Tests

Induction is dictated (biased) by previous observations

Hcone

Fuluwre Predictiony ased
en Lawy of Nalure

Fast Experience

Skeptical Gap
of

DOOOOOOM

“Every empirical law has the

disquieting quality that one David Hume’s Empiricism
does not know its limitations.

E. Wigner [1957] in “The Everyday knowledge depencljs 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”

Unreasonable Effectiveness of
Maggematics in the Natural
: Sciences”
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social media data pipelines for biomedicine

EPILEPSY )
FOUNDATION

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

@ Social Media for Public Health Monitoring a scientific app.

- i H
The knowledge network represents how the terms in the dictionaries co-occur in the timelines. Terms 60 i
that always occur together will be linked and closer to each other in the network.
preject: Opiods (Fentanyl & Oxycodone) 404
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Wood, Varela, Bollen, Rocha & Sa [2017]. Scientific Reports. 7: 17973 .

Correia, Li & Rocha [2016]. PSB: 21:492-503.

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

integrating and analyzing multiomics data
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Wood, Correia, Miller, &Rocha [2022]. Epilepsy & Behavior. 128: 108580.
Correia, Wood, Bollen, & Rocha [2020]. Annual Review of Biomedical Data Science, 3:1.
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social media data pipelines for biomedicine

%

EPILEPSY
FOUNDATION

Min et al [2023]. CHI 2023. 32.
Wood, Varela, Bollen, Rocha & Sa [2017]. Scientific Reports. 7: 17973 .

Correia, Li & Rocha [2016]. PSB: 21:492-503.

Social Media for Publ

The knowledge network represents how|
that always occur together will be linked

project: Opiods (Fentanyl & C

network: 7 days

Mode & Edge Information:
@ Wartarin

Noxta Type: érug
- Phytanadione
Source Type: drug
- ‘Warfarin
Target Type: dnug

# Proximity  0.11764705862352841
Dol v ADA X =k

Timelines contributing 1o this edge: m

Visualization:

Q Search  Abasia & m
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Selected nodes: @

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

integrating and analyzing multiomics data
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i Apps W Bookmarks = Luis Rocha's Cyber ¢ ql index.html Google Toolbar £ Wolfram|Alpha [% Save to Mendel u One.U | All IU Camy m Digital Mea
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i a scientific app

Correia, Wood, Bollen & Rocha [2020]. Mining social media data
i , for biomedical signals and health-related behavior.
S
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Wood, Correia, Miller, &Rocha [2022]. Epilepsy & Behavior. 128: 108580.
Correia, Wood, Bollen, & Rocha [2020]. Annual Review of Biomedical Data Science, 3:1.
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integrating and analyzing multiomics data

‘ (eI R0 mptom soic.indiana.edu

i1 Apps Y Bookmarks [ Luis Rocha's Cyber ¢ T indexhtmi

social media data pipelines for biomedicine
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The knowledge network represents how|
that always occur together will be linked
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| Review of Biomedical Data Science
Small cohort of patients with epilepsy showed

increased activity on Facebook before sudden RIS £y
unexpected death %l 1
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hypothesis falsification in data and complexity science
resolving a sociobiology question on a planetary scale

m  Social Media (Twitter) Mood and Web Searches

e Understanding collective human behavior
e Discovering mood transitions in health

SCIENTIFIC REPg}RTS

Global Patterns of Seasonal Variation

in Human Fertility”

DAVID A. LAM#4 AND JEFFREY A. MIRON?

Emerald Article: Summer nights: A review of the evidence of seasonal

variations in sexual health indicators among young people
e Hore detail > Wendy Macdowall, Kaye Wellings, Judith Stephenson, Anna Glasier

Article | OPEN
Human Sexual Cycles are Driven by
Culture and Match Collective Moods

an B. Wood, Pedro L. Varela, Johan Bollen, Luis M. rocha ™ 2 Joana Gc)n;a\\;es—séaE

o

Joaha S3 2
IST § a/

Wood, Varela, Bollen, Rocha & S4 [2017]. Scientific Reports. 7: 17973 .

Annual Rhythm of Human Reproduction:
I. Biology, Sociology, or Both?

Till Roenneberg* and Jiirgen Aschofft

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

THE EFFECTS OF TEMPERATURE ON HUMAN FERTILITY"

DAVID A. LAM AND JEFFREY A. MIRON

BINGHAMTON

UNIVERSITY
STATE UNIVERSITY OF NEW YORK

rocha@binghamton.edu
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hypothesis falsification in data and complexity science
resolving a sociobiology question on a planetary scale

m Social Media (Twitter) Mood and Web Searches Global Patterns of Seasonal Variation
e Understanding collective human behavior in Human Fertility”

e Discovering mood transitions in health DAVID A. LAMA AND JEEFREY A. MIRON¢

Western Northern countries, Canada, Denmark, Finland, } A review of the evidence of seasonal
. . . tfors among young people

France, Germany, ltaly, Lithuania, Mas: Austrialta,

Netherlands, Poland, Portugal, Spain, Sweden and USA

Aannuar Rhvthm of Human Reproduction:
iology, or Both?

| Judith Stephenson, Anna Glasier

Births
Birth Month
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100 100
80 80 = ¥ 5 .
£ |nnual birth cycle (in countries
@] . : :
60 60 =|is data). Is it driven by
= Hlaptation or culture?
40 w0 gpap —
S
20 20 o
. o 'URE ON HUMAN FERTILITY'
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search and social media mood provide global patterns
Is it biological adaptation?

hypotheses for birth cycles

Is i1t cultural?

Births —_—5eX

out-04 abr-05 out-05 abr-06 out-06 abr-07 out-07 abr-08 out-08 abr-09 out-09 abr-10 out-10 abr-11 out-11 abr-12 out-12

Birth Month

Google Trends : ®
_w' o Online interest in sex

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

Jan-04 Jul-04 Jan-05 Jul05 Jan-06 Jul06 Jan-07 Jul-07 Jan-08 Jul-08 Jan-09 Jul-09 Jan-10 Jul-10 Jan-11 Jul-11 Jan-12

GT week

Normalized Births




Hypothesis falsification in data and complexity science

resolving a sociobiology question on a planetary scale

m Social Media (Twitter).Mood and Goc_)gle Searches Sex search patterns (proxy for interest in sex
L e s O and births) are culturally-driven and correlate
e Discovering mood transitions in health ) o } :
with distinct mood patterns on social media
Births —SEX

Birth Month (shifted 9 months)
out-04 abr-05 out-05 abr-06 out-06 abr-07 out-07 abr-08 out-08 abr-09 out-09 abr-10 out-10 abr-11 out-11 abr-12 out-12

i 80 30 é .

% o W‘P\WL’NL& 60 g Why? child-
s Online interest in sex . centered and
0 S I . gift-giving
Jan-04 Jul-04 Jan-05 Jul-05 Jan-06 Jul-06 Jan-07 Jul-07 Jj:r-[fEEJkULUS Jan-09 Jul-09 Jan-10 Jul-10 Jan-11 Jul-11 Jan-12 hOI id ayS?

Christmas - USA

Searches vs Similarity Regressio

78

~
&
T

granger causality analysis

Sex Search Volume
~
o

62 -
-0.00015 0.00005 0.00025

New Years r
Christmas %, suggests that mood causes
o Ramadan e interest in sex

Eigenmood Similarity
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Hypothesis falsification in data and complexity science
resolving a sociobiology question on a planetary scale

m  Social Media (Twitter) Mood and Google Searches S

Understanding collective human behavior
Discovering mood transitions in health

100

80

60

GTresults

40

20

Births —SEX

Birth Month (shifted 9 months)
out-04 abr-05 out-05 abr-06 out-06 abr-07 out-07 abr-08 out-08 abr-09 out-09 abr-10 out-10 abr-11 out-11 abr-12 out-12
| 4 | ) | I N

Online interest in sex
I | I

0

Jan-04 Jul-04 Jan-05 Jul-05 Jan-06 Jul-06 Jan-07 Jul-07 Jan-08 Jul-08 Jan-09 Jul-09 Jan-10 Jul-10 Jan-11 Jul-11 Jan-12
GT week

Christmas - USA

Searches vs Similarity Regression

78

74}

70}

Sex Search Volume

New Years
Christmas
Eid al-Fitr

 —— M Trending: 'Hypatia' Stone Contains Comp... search a
Submitted on 24 Dec 2017
100 30,106
Pel AL e (85% upvoted)
80 =
f After studying 129 countries, httpsi//redd. it/7luigs
&0 a academics discovered that the majority
b= : :
o of people become mare interested in
"—E sex and pornography around religious
40 § festivals.
17 days age by Wagamaga
0 %
o This Altmetric score means that the article is:
» inthe 99" percentile (ranked 1567 of the 158,698 tracked articles of a
similar age in all journals
s inthe 99t percentile (ranked 5™ of the 4,507 tracked articles of a similar age
in Scientific & SCIENTIFIC REPg}RTS
| | _ B Altmetric: 743 More detail >
1 Article | OPEN
grang

Ramadan

62
-0.00015

Eigenmood Similarity

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

0.00005 0.00025

THE NEW REDDIT j

Human Sexual Cycles are Driven by
Culture and Match Collective Moods

lan B. Wood, Pedro L. Varela, Johan Bollen, Luis M. Rocha B joana Gongalves-54 =
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control hierarchies are not near-decomposable
Bad news llI: inductive, “boxed” model failure with complex systems

Release

Climate
@ * Q Global Trade

Vector Habitat
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control hierarchies are not near-decomposable

Bad news llI: inductive, “boxed” model failure with complex systems

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)

BINGHAMTON

. . . UNIVERSITY
Pescosolido, B.A. 2006. Journal of Health and Social Behavior 47: 189-208. STATE UNIVERSITY OF NEW YORK

HIERARCHY
THEORY

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

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

SYSTEMS

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

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

A model of any

complex system will
deviate as emergent
properties arise from
(rare) external control

Robert Rosen

-

{ -
Howard Pattee

HIERARC

o

T o
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control hierarchies are not near-decomposable

Bad news llI: inductive, “boxed” model failure with complex systems

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)

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.

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

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

(black box)

, model of redictions
| f examples }Part'wlar Statistical P
$ : regularities observations
3 | & Symbols
B é \ :5‘,

Artificial
Intelligence

A Guide for
Thinking Humans
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inductive models can be falsified but cannot predict black swans

Artificial
Intelligence

A Guide for
Thinking Humans

model failure in complex world

Google Flu Lagged CDC

Google Flu + C(DC  ——— (DC

Google estimates more
than double CDC estimates

D T T T T T
07/01/09 07/01/10 07/01/11 07/01/12 07/01/13
. Google starts estimating
Google Flu Lagged CDC A \
’ W high 100 out of 108 weeks
100 Google Flu + CDC

A

. The Parable of Google Flu: Traps in Big Data
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machine learning depends on training data that is contextual

Angwin, Larson, Mattu & Kirchner, “Machine Bias”. ProPublica, May 23, 2016
propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing

inductive bias in diverse scenarios
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inductive bias in diverse scenarios
machine learning depends on training data that is contextual

Gender Darker Darker Lighter Lighter Largest
Classifier Male Female Male Female Gap
="‘ Microsoft 94.0% 79.2% 100% 98.3% 20.8%

Y eacer 99.3% 65.5% 99.2%  94.0% 33.8%

VERNON PRATER BRISHA BORDEN

or Off nlse B.0%  65.3% 99.7% 92.9% 34.4%

Subsequent Offenses
Subsequent Offenses None
1grand theft

LOW RISK 3 HIGH RISK JAMES RIVELLI

LOW RISK 3 MEDIUMRISK @

JAMES RIVELLI ROBERT CANNON

Prior Offenses Prior Offense
1 domestic violence 1 petty theft
aggravated assault, 1

d theft, 1 petty Subsequent Offenses
theft, 1drug trafficking None

Subsequent Offenses
1grand theft

BERNARD, PARKER

i, T
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How is the DDI phenomenon in human populations?
Comparing 3 distinct health systems

~ & Catalonia
. . ° - ‘b
Indianapolis (private) e 7 : : 814 unique DrugBank IDs

1,228 unique DrugBank IDs administered to 5,555,924
dispensed to 264,607 patients during 11 years

patients during 2 years (Jan (Jan 2008-Dec 2018).
2017-Dec 2018).

Blumenau (public, free)
140 unique DrugBank 1Ds
dispensed to 133,047
patients during 18 months
(Jan 2014-Jun 2015). _
drug univers

‘n Sanchez-Valle il Rion Brattig Correia Alfonso Valencia
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electronic health records from 3 World regions

gender and age biases in drug-drug interactions
Blumenau Catalonia Indianapolis
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Indianapolis (private)
1,228 unique DrugBank 1Ds dispensed to 264,607
patients during 2 years (Jan 2017-Dec 2018).
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: ’ 814 unique DrugBank IDs administered to 5,555,924
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gender and age biases in drug-drug interactions

electronic health records from 3 World regions

Blumenau Catalonia Indianapolis
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140 unique DrugBank |1Ds
dispensed to 133,047
patients during 18 months
(Jan 2014-Jun 2015).
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Risk of interactions
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e Men
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electronic health records from 3 World regions

gender and age biases in drug-drug interactions

Risk of interactions

e Women
e Men

Co-dispensation percentage e Risk of interactions

‘ of known drug-drug interactions in Catalonia 50
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How is the DDI phenomenon in human populations?

Browsable networks to synthesize information and aid actionable interventions
gy W

Nodes
X « omgen T

PUY) | 4% <

@ Cardiovascular agents
@ CNS agents
Hormones
@ Anti-infectives
@ Psychotherapeutic agents
@ Metabolic agents
@ Respiratory agents
Gastrointestinal agents
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Browsable networks to synthesize

DDInteract Networks  Co-dispensationpatterns ~  Documentation

Select the

population of

Catalonia ~

Select the age

range of The edges’ width denote the strength of the association of interacting drugs (see Documentation)

interest: The size of the node represents the propensity to be involved in an interaction (see Documentation)
Al . Nodes are colored based on the category they belong to (drugs.com)
Select your drug of interest v
Select the

severity of the
interactions:

A'\ v
Select the

E gender
associated risk:

How is the DDI phenomenon in human populations?

information and aid actionable interventions

i oy B
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Al . . « 1k

Select the
significant
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All g

Select the
strength of the
association:
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—_—

Co-administration patterns of interacting drugs vary depending
interest: on age, gender and healthcare system

Drug categories:
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Catalonia
814 unique DrugBank |Ds
administered to 5,555,924
patients during 11 years
(Jan 2008-Dec 2018).

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).

Strength of interaction > 0.18: likelihood of joint
administration, given administration of i or}).
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DDlnteract

Browsable networks to synthesize

Select the
population of
interest:

Catalonia ~

Select the age
range of interest:

All >

Select the severity
of the interactions:

All ks

Select the gender
associated risk:

Al -

Select the
significant
interactions:

All >

Select the strength
of the association:
0 1
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Networks

Co-dispensation patterns ~

How is the DDI phenomenon in human populations?
information and aid actionable interventions

R

Documentation ~ Whoweare

Co-administration patterns of interacting drugs vary depending on

age, gender and healthcare system

Red edges denote a higher risk for females
Blue edges denote a higher risk for males

The edges' width denote the strength of the association of interacting drugs (see Documentation)
The size of the node represents the propensity to be involved in an interaction (see Documentation)

Nodes are colored based on the category they belong to (drugs.com)
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814 unique DrugBank |Ds
administered to 5,555,924
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(Jan 2008-Dec 2018).
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(Jan 2014-Jun 2015).

Strength of interaction > 0.18: likelihood of joint
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