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Four significant programs: 1992 - present �
•  TRANSIMS: Urban transport planning  

[1992-2001] 
–  Multi-modal urban transport  networks

•  NISAC-UIS [2000-present]
–  Planning and response in the event of crisis. 

HPC based simulations, Inter-dependent 
infrastructures

•  CNIMS: National Incident 
management system [2006-present]
–  Interdependent infrastructure modeling and 

simulation, short-term planning and 
response for large scale disasters

•  Simdemics: Real-time epidemic 
planning and response [2002-present]
–  Planning and response; short time scale
–  New technologies: pervasive apps, real-time 

measurement and response, 

Each application comprises of multi-scale socially coupled CP-networks !
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Increased sophistication and requirements from decision 
makers are driving real-time decision analytics�
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CINet!

•  Web address
http://cinet.vbi.vt.edu or
http://ndssl.vbi.vt.edu/cinet

•  Central location of CINET
Entry point to provide detailed information 
about collections of network graphs and 
analysis measures, and pointers to CINET 
analysis tools (Granite, GDSC, etc.)

•  Portal for course materials
Portal for collecting and disseminating course 
notes, presentations, videos , and research 
papers related to network science
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 Epidemic science in real-time �
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Informatics for real-time integrated 
reasoning about  situations and actions �

•  Vision: Real time computational networked 
epidemiology 

•  Goal: Build a flexible suite of informatics tools that
–  Synthesize: available data to produce consistent and 

meaningful representation of the underlying system
–  Provide: range of interpretations of incoming measurements
–  Evaluate:  range of response actions and behaviors
–  Monitor: Effect of policy responses  
–  Support coordination among diverse stakeholders

•  Want to go beyond prediction
•  Systems should be useable by analysts and not just by 

computing experts
www.sciencemag.org SCIENCE VOL 324 22 MAY 2009 987
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EDITORIAL

Epidemic Science in Real Time
FEW SITUATIONS MORE DRAMATICALLY ILLUSTRATE THE SALIENCE OF SCIENCE TO POLICY THAN AN
epidemic. The relevant science takes place rapidly and continually, in the laboratory, clinic, and
community. In facing the current swine flu (H1N1 influenza) outbreak, the world has benefited
from research investment over many years, as well as from preparedness exercises and planning in
many countries. The global public health enterprise has been tempered by the outbreak of severe
acute respiratory syndrome (SARS) in 2002–2003, the ongoing threat of highly pathogenic avian
flu, and concerns over bioterrorism. Researchers and other experts are now able to make vital con-
tributions in real time. By conducting the right science and communicating expert judgment,
scientists can enable policies to be adjusted appropriately as an epidemic scenario unfolds. 

In the past, scientists and policy-makers have often failed to take advantage of the opportu-
nity to learn and adjust policy in real time. In 1976, for example, in response to a swine flu out-
break at Fort Dix, New Jersey, a decision was made to mount a nationwide
immunization program against this virus because it was deemed similar
to that responsible for the 1918–1919 flu pandemic. Immunizations were
initiated months later despite the fact that not a single related case of
infection had appeared by that time elsewhere in the United States or the
world (www.iom.edu/swinefluaffair). Decision-makers failed to take
seriously a key question: What additional information could lead to a dif-
ferent course of action? The answer is precisely what should drive a
research agenda in real time today.

In the face of a threatened pandemic, policy-makers will want real-
time answers in at least five areas where science can help: pandemic risk,
vulnerable populations, available interventions, implementation possi-
bilities and pitfalls, and public understanding. Pandemic risk, for exam-
ple, entails both spread and severity. In the current H1N1 influenza out-
break, the causative virus and its genetic sequence were identified in a matter of days. Within a
couple of weeks, an international consortium of investigators developed preliminary assess-
ments of cases and mortality based on epidemic modeling.* 

Specific genetic markers on flu viruses have been associated with more severe outbreaks. But
virulence is an incompletely understood function of host-pathogen interaction, and the absence
of a known marker in the current H1N1 virus does not mean it will remain relatively benign. It
may mutate or acquire new genetic material. Thus, ongoing, refined estimates of its pandemic
potential will benefit from tracking epidemiological patterns in the field and viral mutations in
the laboratory. If epidemic models suggest that more precise estimates on specific elements such
as attack rate, case fatality rate, or duration of viral shedding will be pivotal for projecting pan-
demic potential, then these measurements deserve special attention. Even when more is learned,
a degree of uncertainty will persist, and scientists have the responsibility to accurately convey the
extent of and change in scientific uncertainty as new information emerges.

A range of laboratory, epidemiologic, and social science research will similarly be required
to provide answers about vulnerable populations; interventions to prevent, treat, and mitigate
disease and other consequences of a pandemic; and ways of achieving public understanding that
avoid both over- and underreaction. Also, we know from past experience that planning for the
implementation of such projects has often been inadequate. For example, if the United States
decides to immunize twice the number of people in half the usual time, are the existing channels
of vaccine distribution and administration up to the task? On a global scale, making the rapid
availability and administration of vaccine possible is an order of magnitude more daunting.

Scientists and other flu experts in the United States and around the world have much to
occupy their attention. Time and resources are limited, however, and leaders in government
agencies will need to ensure that the most consequential scientific questions are answered. In the
meantime, scientists can discourage irrational policies, such as the banning of pork imports, and
in the face of a threatened pandemic, energetically pursue science in real time.

– Harvey V. Fineberg and Mary Elizabeth Wilson

10.1126/science.1176297

*C. Fraser et al., Science 11 May 2009 (10.1126/science.1176062).
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Overall pipeline: Abductive Loop for 
computational steering �
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  media	
  
data	
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  data	
  
from	
  health	
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Problem	
  specific	
  
crowdsourcing	
  sites	
  	
  
and	
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  Inferring	
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and	
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models	
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  +	
  Causal	
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ODE/network-­‐based+	
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Decision	
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Models

Simulations

Forecasting
Simfrastructure:
Middleware to 

support pervasive 
app ecosystem

EpiCaster

EpiViewer

DISimS

Game Apps

Analysis

Diseases

FluCasterMY4Sight

User apps

Digital library

Compute resources

Diverse data organized in various forms:
 Networks, Populations, infrastructures….

Services: Browsing, storing, memoization, 
browsing, searching, linking….



Synthetic social contact networks�
§  A statistically accurate, augmentable 

representation of agents (people, 
infrastructure elements)  
§  in a given area with associated demographic, 

physical, social and behavioral attributes
§  Synthetic infrastructure & social networks 

networks 
§  Capture the interaction between individuals and 

infrastructure elements
§  Multi-networks capture the interaction between 

individuals and infrastructures across networks



Constructing synthetic multi-scale 
social contact  networks at scale �

DISAGGREGATED POPULATION 
GENERATOR

DISAGGREGATED SYNTHETIC 
POPULATION

ACTIVITY, LOCATIONS, & 
ROUTE ASSIGNMENT

SYNTHETIC SOCIAL CONTACT 
NETWORK

WORK

SHOP

OTHER
HOME

OTHER

WORK
LUNCH 

WORK

DOCTOR

SHOP

LOCATIONS

ROUTES

LOCATION ASSIGNMENT

HOME
WORK

GYM

DAYCARE

SHOP

WORK

LUNCH

LUNCH

SYNTHETIC NETWORK

SOCIAL NETWORKS

PEOPLE 
- age
- household size
- gender
- income

LOCATION 
(x,y,z) -

land use -
business type -

EDGE LABELS
- activity type: shop, work, school
- start time 1, end time 1
- start time 2, end time 2

AGE

INCOME

STATUS

AUTO

26

$57K

Worker

Yes

26

$46K

Worker

Yes

7

$0

Student

No

12

$0

Student

No

Washington, DC

LOCATION

CENSUS POPULATION

POPULATION INFORMATION

SOCIAL NETWORKS

SYNTHETIC POPULATION

ANNAJOHN ALEXJOHN MATT

HOUSEHOLD 

PERSON 1

AGE

INCOME 

STATUS

4 PEOPLE 

JOHN

26

57K 

WORKER

LandScan 
Population  
Counts 

Census Data 

Time Use Surveys 



Real-time epidemic science:  From multi-scale 
networks to multi-scale, multi-layered networks�
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Organizational/government policies
•     Factors: Social and economic cost, global risk, 
mortality… 

•    Actions: Pharmaceuticals, work and school 
closures, building ETUs

•    Time scale: days to  months

Community, neighborhood actions
•  Factors: unrest, ostracize, ..
•  Actions: neighborhood cleaning, quarantine, 

funeral norms, and school closure 
•  Time scale: days to weeks to months

Individual behavior
•    Factors: risk perception, network information, 
compliance, 

•    Actions: self isolation, personal hygiene, antivirals
•    Time scale: few minutes to  days



Abductive human computation for 
global disease surveillance �

Web-apps 
Web-apps Web-apps 

Web-apps 

Sensing information 
sent back to the 

Synthetic information 
and modeling platform 

Model driven 
information 
accquisition  

Apps for 
•  Behavioral change 
•  Infrastructure state 
•  Ground perception 
•  Bio-sample analysis 
•  Policy implementation 
•  Logistics 
•  …….. 



Pervasive webapps to support Ebola response �
http://www.vbi.vt.edu/ndssl/tools�



Combining statistical and causal methods�

Initial 
Conditions θ0

Derivative-free searchDisease+ behavior simulator, e.g. 
Epifast

argminθ L(Yθ,X)

Loss function
L(Yθ,X)

Simulated Replicates (Yθ) Observed Epicurve (X)

Epidemic Forecast

Short term forecasts 
using statistical 

methods

min✓
1
R

PR
r=1(

PN
i=1 ↵

N�i|Y✓,r(i)�X(i)|)L(Yθ,X)  =  



Summary�
•  Socially-coupled cyber-physical systems serve as an interesting 

class of applications for streaming research
–  Diversity of devices, human sensors and large scale simulations needed for real-time 

reasoning
–  Causal data driven modeling is at core: data comes from varied sources: stream processing 

for many steps is the key, e.g. social media, apps, PMUs, road sensors, ….
–  Certain errors are tolerated; decision cycles are slower than the rate at which data is 

received.
•  Technical challenges

–  How does one design human-computation based abductive systems for improving 
streaming information foraging: When where, what and how to collect data to improve reasoning 
and actions

–  Steering is needed but is adaptive and happens at various levels from information gathering 
to carrying out computations locally. 

–  Processing results from massive simulations for use by analysts (some on the ground) 
–  These systems co-evolve: policies, data collection, networks and dynamics co-evolve !


