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Paradigms

» Mathematics:

« 17t century: Descartes, Hobbes, Spinoza, Leibnitz, and Pascal
* Psychology:

« 18t century: Berkeley, Hume, Condillac, and Kant
* Synthesis/biology/nature:

« 19t century: Schelling (construct a program which covers both
nature and the intellectual life in a single system and method),
Schopenhauer (world as representation),

Spencer (application of evolution to every field), Nietzsche
(creative powers of the individual),
« 20t century: Bergson (rationalism)
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Jim Gray’s Four Scientific Paradigms

Jim Gray (1944-2007)
Turing Award Winner 1998

Science Paradigms
* Thousand years ago:
science was empirical
describing natural phenomena
* Last few hundred years:
theoretical branch
using models, generalizations
* Last few decades:
a computational branch
simulating complex phenomena
+ Today: data exploration (eScience)
unify theory, experiment, and simulation
— Data captured by instruments
or generated by simulator
— Processed by software
- Informatien/knowledge stored in computer
— Scientist analyzes database/files
using data management and statistics.
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1. empiricism

observe phenomenon and attempt
to classify

Ptolemy”s universe of concentric
spheres

2. theory

describe above classificationswith
mathematical models
Newtonian/Einsteinian gravity

3. computation

build "virtual” physical systemsvia
solution of math models

Cosmic structure formation

4. data-driven synthesis

unite empirical, theoretical and
computational branches with data
(X-info and Comp-X)
Matter/energy content of the
universe
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The End of Theory: The Data Deluge Makes the Scientific Method Obsolete

THE END OF THEORY: THE DATA
DELUGE MARES THE SCIENTIFIC
METHOD OBSOLETE

K
3 SEPgMBER 2008~

SCIENCE IN THE
PETABYTEERA

11 FEBRUARY2011

“ Hlustration: Marian Bantjes * "All models are wrong, but
some are useful.”

So proclaimed statistician George Box 30 years ago, and he
was right. But what choice did we have? Only models, from
cosmological equations to theories of human behavior,
seemed to be able ta consistently, if imperfectly, explain the
world around us. Until now. Today companies like Google,
which have grown up in an era of massively abundant data,
don’t have to settle for wrong models. Indeed, they don’t
have to settle for models at all.
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DATA = SCIENCE
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DATA =< SCIENCE
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few years ago, Chris Anderson,
A ormer editor in chief of Wired maga-

zine, published a provocative and
thought-provoking article: “The end of theory:
the data deluge makes the scientific method
obsolete”  (http://archive.wired.comyscience/
discoveries/magazine/16-07/pb_theory/)
As the title indicates, Anderson asserted that
in the era of petabyte information and
supercomputing, the traditional, hypothesis-
driven scientific method would become
obsolete. No more theories or hypotheses,
no more discussions whether the experimen-
tal results refute or support the original
hypotheses. In this new era, what counts
are sophisticated algorithms and statistical
tools to sift through a massive amount of
data to find information that could be turned
into knowledge.

« . . .
... [an] imagined future in
which the long-established way
of doing scientific research is

replaced by computers that
divulge knowledge from data

at the press of a button...”

press of a button deserves some inquiry
from an epistemological point of view. Is
data-driven research a genuine mode of
knowledge production, or is it above all a
tool to identify potentially useful informa-
tion? Given the amount of scientific data
available, is it now possible to dismiss the
role of theoretical assumptions and
hypotheses? Should this new mode of gath-
ering information supersede the old way of
doing researcht?

he scientific method encompasses an
T ongoing process of formulate a

hypothesis-test with an experiment—
analyze the results-reformulate the hypoth-
esis. Such a way of proceeding has been in
use for centuries and is basically accepted in
our Western society as the most reliable way
to produce robust knowledge.

However, Anderson is not the first to
want to relegate hypotheses to a subordinate
role. Francis Bacon, the *father of the scien-
tific method” himself, in his Novum
Organum (1620), argued that scientific
knowledge should not be based on precon-
ceived notions but on experimental data
Deductive reasoning, he argued, is eventu-
ally limited because setting a premise in
advance of an experiment would constrain

9/13/2022 1:05 B immsion st s ot 5

Professor Jimi

u, HKBU

Johannes Kepler. In 1609 and 1619, Kepler,
who was the assistant of Tycho Brahe,
published the three laws of planetary motion
based on his analysis of Brahe's observa-
tional data. These would be later verified by
the laws of motion and universal gravitation
in Isaac Newton's Principia. Newton was
another follower of empiricism. Hypotheses
non fingo—l frame no hypotheses—he
asserted. Like Bacon, he advised a bottom-
up approach, assuming the primacy of
experiments, which provide empirical
evidence on which to base induction.

“Deductive reasoning [...] is
eventually limited because
setting a premise in advance of
an experiment would constrain

the reasoning so as to match
>

that premise.

Big Data science renews the primacy of
inductive reasoning in the form of technol-
ogy-based empiricism and has inspired a
view of the future in which automated data
mining will lead directly to new discoveries
According to this view, the new “hypothe-
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. correlations play an
important role as heuristic
devices [but] have to be further
analyzed [.. ] to assign them a
meaning”

The most relevant outcome from
ENCODE is the finding that most of the
human genome (about 80%) could be
assigned a “biochemical function,” meaning
that it participates in at least one biochemi-

the press, contrasts the notion of junk DNA
—that is, DNA sequences with no apparent
function—which were believed to make up
more than 90 percent of the human genome.
But is it really true that this concept has
been debunked by the ENCODE project?

One argument concerns the notion of
“function” by ENCODE: “Operationally, we
define a functional element as a discrete
genome segment that encodes a defined
product (for example, protein or non-coding
RNA) or displays a reproducible biochemical
signature (for example, protein binding, or a
specific chromatin structure)” [3]. In light of
this definition, it is possible to assign func-
tion to 80 percent of the human genome
But the ENCODE definition s clearly very
loose. The American biologist Michael White
and his team randomly generated 1,300
NA sequences and found that most of

\ese can be regarded as functional along,

particular region of the genome actually
does "something useful for us” (hitp://www.
huffingtonpost. com/michael-white/media-
genome-science_b_1881788.huml). Much more
work is required to understand whether a
certain part of the genome does have a
biological function and how this works—
and this requires, above all, smaller-scale,
hypothesis-driven research.

ore data do not necessarily gener-
ate more knowledge. Data by
themselves are meaningless. The

idea that “with enough data, the numbers
speak for themselves” hardly makes sense.
The “no theory" thesis contrasts with the
fact that the collection of data is not a
merely empirical activity. Science does not
collect data randomly. Experiments are
designed and carried out within theoretical,
methodological and  instrumental limita-
tions. Instruments are designed based on
prior theories and knowledge, which deter-
mine what these instruments indicate with
tespect to the object under investigation.
Research does not examine each possible
manipulation that could occur, but selects
what is relevant in light of a given perspec-

to generate enough raw data about
decay products. The LHC generates up to
600 million ~ collisions per second and
produces 15 petabytes (15 million  giga-
bytes) of data per year. Finding the traces of
elementary particles requires sifting through
this deluge of data to look for specific
patterns. To handle this enormous task, the
Worldwide LHC Computing Grid (WLCG)
that links hundreds of data processing
centers around the world was created in
2002. The performance of the Grid is essen-
tial for supporting LCH experiments and
releasing results quickly. Big Data, distrib-
uted computing and sophisticated ~data
analysis all played a crucial role in the
discovery of the Higgs boson—and perhaps
in finding new "patterns,” they might also
generate new hypotheses in this field. But
the discavery of the Higgs boson was not
data-driven. The collider experiments were
mostly driven by theoretical predictions: It
is because scientists were attempting to con-
firm the Standard Model of elementary
particles that the discovery of the Higgs
boson—the only missing piece—could
occur.
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tive, sometimes in order to match theoretical
predictions with experience.

The collider experiments in high-energy
physics illustrate this selective mode of
conducting research. After the discovery of
the W and Z bosons in 1983, the Standard|
Model of elementary particles—quarks)
leptons qud forces—was pﬁrﬁsld%inras bas-

not yel

cally proveh: the” Ghly’ particle
ha bligs | e

“Big Data, distributed comput-
ing and sophisticated data
analysis all played a crucial
role in the discovery of the
Higgs boson [...] But the
discovery of the Higgs boson
was not data-driven.”
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The Real World...
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Global Examples of Emerging and

Re-Emerging Infectious Diseases

8 C

resistant threats
CRE

West Nile
virus

Ebola virus disease

Diphtheria
E. coli 0104:H4 / Drug-resistant malaria

MERS-CoV
Akhmeta virus

- MRSA
- C. difficile

monkeypox
Listeriosis

Bourbon
virus

2009 HIN1
influenza

Hantavirus

pulmonary Dengue
syndrome Zika virus
Yellow fever
Human African

Cholera

Marburg MDR/XDR tuberculosis
fever

Rift Valley fever
Typhoid fever

E. coli
0157:H7

H10N8
influenza
H7Ng
influenza
H5N1
influenza

Enterovirus 71
Human monkeypox
Ebola virus disease

Zika virus
Plague

© Newly emerging

O Re-emerging/resurging @ “Deliberately emerging"|

Decomber 2015
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ENVIRONMENT

Climate change Mega-cities

Pollution Migration
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“Anliz:ipaling and responding
to disease risk requires

[...] as emergent properties of
a complex system from which
to gather infectious disease

intelligence.”

We think that such a system for classify-
ing infectious disease risk would help to
guide the development of infectious disease
intelligence and to identify best courses of
action. In the following sections, we
consider data needs and modeling technolo-
gies that would serve such activities at each
threat level
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The predictive capacity of infectious
disease intelligence is not limited by technol-
ogy. Machine learning methods have already
been shown to be effective at harnessing
data from multiple sources to characterize
the zoonotic potential of particular wildlife
species [5]. Instead, our capacity to predict
spillover events depends on environmental
and ecological data, such as the distribution
of zoonoses and their vectors and reservoir
species, knowledge about pathogens that are
not yet known to infect humans, and the
assimilation of data from multiple sources to
quantify risk and identify trigger conditions
early enough for timely intervention. Creat-
ing a data infrastructure that would enable
real-time risk quantification would empower
the health community to better evaluate the
‘most reasonable preventative investments—
such as disrupting plausible transmission

Professor Jiming Liu, HKBU

may be carried out over the course of months
or years to treat chronic infection and
prevent transmission [7]. Importantly, the
downstream consequences of an outbreak
could exacerbate the effects of another
disease. These complex interactions can be
nonlinear and occur at dueling timescales
whose dynamical consequences can again be
explored using computer models [8].

“The hard limits to forecasting
are set by the volume and
quality of basic scientific
information.”

In contrast, the goal of phylodynamic
modeling is to provide a better understanding

By Barbara Han & John Drake
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COMPLEXITY
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Butterfly Effect
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Developing the next-generation climate
system models: challenges and achievements
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characteristics of complex systems

complex systems | behaviour of the components

involve: - /]\
5 /"\f 805 l‘
|_many | 2 — § S)
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BOOO GOOO VBDD Control structures
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interacting I substructure

and giving rise to decomposability

a ‘complex’ system .
emergent behaviour that cannot
B be simply inferred from the ™
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chaos
fine-scale influence

Large-scale behaviour

a number of J
-
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a ‘simple‘J
system
which exhibit

ransdisciplinary concepts

“= common
behaviours

across types of systems,
across scales, and thus
across disciplines
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pett Game theory

Complex Systems
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Complex Systems

social systems)

computational problems)
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¢ Goal 1: modeling (of autonomous entities
of) complex systems (e.g., cyber-physical-

¢ Goal 2: computing with autonomous
entities (e.g., for tackling complex

Autonomy-Oriented Computing

AUTONOMY
ORIENTED
COMPUTING

From Problem Solving to
Complex Systems Modeling

Jiming Liu
XigoLong Jin
Kwok Ching Taui
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back to the Reality...
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Some interacting
components (in circles) and
associated factors that can
affect the transmission of
diseases.
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Environmental factors

Complexity (“Mysterious Triangle”)

Biological factors

Genetics Virulence

Cultural Infectivity
characteristics .
Drug resistance
Morphosis
Habitat
Temperature Health status
Elevation Susceptibility
Humidity Age
Rainfall Immunity
Treatment
Land type Occupation Diagnosis
Physical Chemical ~ Mobility & migration  yiegica situation

pest control  pesticides Secio-economics

Human social and behavioral factors
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Spatial Scale

Micro
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Observer

Real Word

Real Word Observer Virtual World

Cormplox Systems
G| Montoing
Systom
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Spread of infectious
disease

Modelling

Intervention
Main approaches used for the simulation of this. System
complex phenomenon

Virtual Word

Complex Sysiem

Mathematical Cellular Traditional Multi- Multl-Agent
Model Automaton Agent System Geosimulation
Mondher Bouden and Bernard Mouiin, “Multi-evel geosimulation of zoonosis propagation: Amult-agent and clmate sensiie too forrisk managementin publc health,in
1 o 1 Advances in Risk (Ed), Published: August 17, 2010.
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NATURE OF INQUIRY
(AIM OF MODELING)

9/13/20221:05PM Professor Jiming Liu, HKBU

INFECTIOUS 3
DISEASES
HUMANS

NAMICS AND (O}

Sir Roy Anders
Brofessor of Infectious Disease Epidemiolofl
Faculty of Medicine, Imperial Colleg&London
United Kingdom
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Modeling Microparasite Disease Dynamics

Coupled differential equations; one for each host compartment:
dS/dt = fxn; dIldt = fxn; dR/dt = fxn
S, I & Rare numbers of individuals; the other variables are rates

Recovered &
Immune
hosts (R)

Susceptible Infected
LCEEERES) B transmission hosts (I)

After Anderson & May (1979ab) & May (1983}
21:05PM
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Reproduced from Anderson and May (1979)

Nature of Inquiry
(Aim of Modeling)?
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International Air Travel

Credit: Research on Complex Systems Group, Northwestern University

Dynamics on Networks: Super-Spreaders

Susceptible;
Infected 15%: &
Infected 50%:
Recovered:

Day 4 .

k

By Madotto &Liu
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Key to Unveiling Meta-Population Transmission

« To understand, predict, and control epidemic dynamics
by characterizing age-specific or spatial sub-populations

Ieyr = Kl = g(5¢:BCA)I,

Macroscopic level

S,: Susceptible population

B: Infection acquiring rate

C: Contact matrix

A: Infection transmission rate

Microscopic level

s i . Contact: Individuals’ mutual
® iectons exposure in the same
oy fows g physical environment

[Vespignani 2012]

By Yang, Pei, Xia, &Liu, etal
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2009 HK HIN1 Influenza
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Predictions and quantitative evaluation of different strategies
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Behavior Intervention
Strategies
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Nature of Inquiry
(Aim of Modeling)?
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journal homepage: www.elsevier.com/locate/epidemics

Using data-driven agent-based models for forecasting emerging
infectious diseases

Srinivasan Venkatramanan®*, Bryan Lewis?, Jiangzhuo Chen*?, Dave Higdon"*,
Anil Vullikanti*¢, Madhav Marathe*¢

. d Simulation Vinginia Tech, United States

+Social and Decision Analytcs Laboratory, Biocomplexity nsitute of Virginia Tech, United States

< Department of Searitic, Virginia Tech, United States

4 Department of Computer Science, Virginia Tech, United States

ARTICLE INFO ABSTRACT

ricle istory Producing timely, and reliable forecasts for.

Received 2 July 2016 disease is a huge challenge. Epidemiologists and policy makers have to deal with poor data quality,

:!(ﬂvf: ':‘7:":’5!“ fﬂfz'tn\;vﬂll““ﬂw AR, limited understanding of the disease dynamics, rapidly changing social environment and the uncertainty
\ccepted 17 February

on effects of various interventions in place. Under this setting, detailed computational models provide

a comprehensive framework for integrating diverse data sources into a well-defined model of disease

dynamics and social behavior, potentially leading to better understanding and actions. In this paper,

we describe one such agent-based model framework developed for forecasting the 2014-2015 Ebola

epidemic in Liberia, and subsequently used during the Ebola forecasting challenge. We describe the

i process and

scenarios of lude b i ha data-di be refined
and adapted for future epidemics, and share the lessons learned over the course of the challenge.

©2017 The Author(s). Published by Elsevier B.V. This is an open access article under the CC

BY-NC-ND license (htt c 14.0))
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Emerging infectious diseases
Agent-based models
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Q2: ...Right Model,
at Right Scale,
for Right Inquiry?
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Q3: Multiple Scales are
Inter-Related... How?
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