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Outline	  
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  Collabora'ons	  Welcome!	  
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Spatial Scales (meters) 
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“Human  
  Population  
  Systems” 

Thanks	  to	  Don	  Burke	  

Public	  
Health	  

Medicine	  



University	  of	  Pi?sburgh	  Public	  Health	  Dynamics	  Lab	  
Computa'onal	  modeling	  to	  advance	  the	  theory	  and	  prac'ce	  of	  Public	  Health	  

www.phdl.pi?.edu	  

MISSION:	  	  	  Promote	  health	  and	  prevent	  disease	  
	  
APPROACH:	  
•  Develop	  interdisciplinary	  approaches	  using	  computa0onal	  

models	  to	  advance	  the	  theory	  and	  prac0ce	  of	  Public	  
Health 	   	  	  

•  Contribute	  to	  "Systems	  Thinking"	  in	  the	  training	  of	  the	  
next	  genera0on	  of	  Public	  Health	  professionals	  	  
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PHDL	  Members	  

5	  and	  more	  ...	  



Major	  Projects	  and	  Partners	  
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Models	  of	  Infec0ous	  Disease	  Agent	  Study	  (MIDAS)	  
	   	  Na0onal	  Center	  of	  Excellence	  (NIGMS/NIH)	  
Real	  0me	  epidemic	  parameter	  es0ma0on	  	  
Applied	  modeling	  
Effects	  of	  weather	  and	  climate	  on	  infec0ous	  diseases	  
Viral	  evolu0on	  
Human	  behavior	  in	  epidemics	  	  
	  

Vaccine	  Modeling	  Ini0a0ve	  (Bill	  and	  Melinda	  Gates	  Founda0on) 	  	  
Impact	  of	  new	  vaccine	  technologies	  	  
Global	  open	  source	  public	  health	  data	  access	  
Supply	  chain	  models	  of	  vaccine	  distribu0on	  in	  developing	  countries	  

	  
Public	  Health	  Adap0ve	  Systems	  Studies	  (CDC)	  

Data	  and	  metrics	  for	  popula0ons	  and	  public	  health	  systems	  
Geocoding	  of	  public	  health	  system	  capaci0es	  
Network	  analyses	  of	  public	  health	  laws	  and	  policies	  
Behavioral	  modeling	  for	  public	  health	  interven0ons	  
Modeling	  tools	  for	  public	  health	  decision-‐making	  

	  
Partners:	  

www.midas.pi?.edu	  

www.vaccinemodeling.org	  

www.phasys.pi?.edu	  
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Agent	  Based	  Models	  

•  Agent-‐based	  models	  (ABMs)	  focus	  on	  how	  interac0ons	  
among	  individual	  agents	  can	  result	  in	  complex	  and	  
interes0ng	  pa?erns	  of	  popula0on	  behavior	  

8	  
Ferguson NM, Cummings DA, Fraser C, Cajka JC, Cooley PC, Burke DS.  

Strategies for mitigating an influenza epidemic 
Nature July 27, 2006; 442: 448-52 



Agent-‐Based	  Models	  for	  Infec0ous	  Disease	  
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Small-‐pox	  
(Epstein	  et	  al	  2002)	  

5000	  agents	  
H5N1	  Thailand	  

(Ferguson	  et	  al	  2005)	  
85M	  agents	  

Influenza	  Pandemic	  US	  
(Ferguson	  et	  al,	  2006)	  

273M	  agents	  

Global	  Scale	  Agent	  Model	  
(Parker	  and	  Epstein,	  2009)	  

6.5B	  agents	  

FRED:	  (Pi?,	  2011)	  	  
Dynamic	  Demographics,	  
Health	  Behavior	  Models	  

MIDAS	  H1N1pdm	  Model	  
(Cooley,	  Brown	  et	  al	  2009)	  

Pandemic	  Planning	  



2009	  H1N1	  Pandemic	  Planning	  

May	  

University	  of	  
Pi?sburgh	  

Influenza	  Task	  
Force	  

April	  	   Sept	   Oct	  	   Nov	   Dec	   Jan	  July	   Aug	  	  June	  

Shawn	  	  
Brown,	  	  
PhD	  

Bruce	  Y.	  	  
Lee,	  MD,	  MBA	  

2009	   2010	  

Washington,	  
DC	  

Con0nued	  
work	  with	  
ASPR	  and	  
DHS	  

Commenced	  
work	  with	  ASPR	  

and	  PCAST	  

School	  Closure	   Vaccina0on	  Strategy	   An0viral	  Es0mates	   3rd	  Wave	  Scenarios	  
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MIDAS	  Large-‐Scale	  ABMs	  contributed	  to	  
	  H1N1	  Pandemic	  Na0onal	  Planning	  	  

•  Modeled	  a	  wide	  range	  of	  
hypothe0cal	  scenarios	  for	  
government	  decision	  makers	  

•  Effects	  of	  epidemic	  peak	  0ming	  
and	  vaccine	  produc0on	  
schedules	  

•  Effects	  of	  using	  adjuvants	  
•  Effects	  of	  school	  closure	  policies	  
•  Poten0al	  an0viral	  demand	  
•  Effects	  on	  healthcare	  opera0ons	  

(e.g.,	  ven0lator	  demand)	  
•  Possible	  third	  wave	  

11	  



Visualizing	  the	  Epidemic	  Peak	  in	  Washington	  DC	  
Four	  Scenarios	  

12	  

A.	  	  15%	  serologic	  a?ack	  rate,	  no	  mi0ga0on	  

D.	  Vaccinate	  a	  few	  months	  before	  the	  peak	  

B.	  Vaccinate	  a	  few	  weeks	  before	  peak	  

C.	  Vaccinate	  a	  month	  before	  the	  peak	  



Requirements	  arising	  from	  H1N1	  experience	  

•  Agent-‐based	  models	  with	  realis0c	  U.S.	  popula0on	  

•  Support	  for	  complex	  vaccina0on	  availability	  schedules	  

•  Flexible	  so_ware	  design	  to	  allow	  rapid	  response	  

•  Support	  for	  the	  study	  of	  human	  health	  behaviors	  
	  
•  Support	  for	  studies	  of	  viral	  evolu0on	  

	  	  
•  Adap0ve	  re-‐use	  of	  research	  models:	  

  real-‐0me	  decision	  support	  
  training	  and	  educa0onal	  tools	  

13	  
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FRED:	  Framework	  for	  Reconstruc0on	  of	  Epidemic	  Dynamics	  

Fred	  McFeely	  Rogers,	  “Mr.	  Rogers”	  (March	  20,	  1928	  –	  February	  27,	  2003)	  was	  an	  
American	  educator,	  Presbyterian	  minister,	  songwriter,	  and	  television	  host.	  Rogers	  
was	  the	  host	  of	  the	  Pi?sburgh-‐based	  television	  show	  Mister	  Rogers'	  Neighborhood,	  in	  
produc0on	  from	  1968	  to	  2001.	  The	  show	  won	  four	  Emmy	  awards.	  

It's	  a	  beau'ful	  day	  in	  this	  neighborhood,	  
A	  beau'ful	  day	  for	  a	  neighbor.	  
Would	  you	  be	  mine?	  
Could	  you	  be	  mine?...	  
	  

15	  
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Popula=on	  
Data	  

Disease	  
Data	  

Interven=on	  
Data	  

Behavioral	  
Data	  

Interac=on	  
Model	  

FRED:	  Framework	  for	  Reconstruc0on	  
of	  Epidemic	  Dynamics	  



FRED:	  Framework	  for	  Reconstruc0on	  of	  Epidemic	  Dynamics	  
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Crea0ng	  a	  Synthe0c	  Popula0on:	  
Data	  Inputs	  and	  Techniques	  

Macro/Aggregate	  Data	  
  Coun0es	  
  Census	  Tracts	  
  Block	  Groups	  [black	  outlines]	  

o  census	  counts	  only	  
Micro/Individual	  Data	  

  5%	  sample	  from	  Public	  Use	  Microdata	  
Areas	  (PUMAs)	  [red]	  

  Detailed	  individual	  and	  household	  
info	  

18	  Courtesy	  of	  Bill	  Wheaton,	  RTI	  

Household	  Loca=ons	  
  Based	  on	  LandScan	  data	  
  90m	  grid	  resou0on	  

Itera=ve	  Propor=onal	  FiLng	  
  “Clone”	  par0cular	  records	  of	  the	  5%	  

PUMS	  sample	  to	  match	  census	  counts	  
at	  block	  group	  level	  



Example	  Households	  and	  Persons	  

19	  

ID	   Persons	   Age	  of	  HH	   Income	   Vehicles	  
9903	   4	   47	   55,000	   2	  

ID	   Person	  Num	   Age	   Sex	   school_ID	   work_ID	  
9903	   1	   47	   Male	   N/A	   23401	  
9903	   2	   45	   Female	   N/A	   N/A	  
9903	   3	   15	   Female	   18047	   N/A	  
9903	   4	   10	   Female	   34789	   N/A	  

Household	  	  

Persons	  

Details	  in:	  Beckman,	  Richard	  J.,	  “Crea0ng	  
Synthe0c	  Baseline	  Popula0ons”,	  
Transporta0on	  Research,	  Vol	  30,	  No.6,	  pp	  
415-‐429,	  1996	  



Schools	  Assignments	  

•  A_er	  crea0ng	  basic	  
popula0on,	  assign	  students	  
to	  schools	  

•  Based	  on	  na0onwide	  
database	  of	  schools:	  
loca0on;	  grades,	  capacity	  

•  Use	  distance	  to	  assign	  
students	  to	  school	  	  by	  age/
grade	  and	  capacity	  

20	  Courtesy	  of	  Bill	  Wheaton,	  RTI	  



Workplace	  Assignments	  

•  In	  general,	  data	  is	  not	  
available	  to	  assign	  
workers	  to	  specific	  
workplaces	  based	  on	  
occupa0on	  

•  Workplaces	  are	  
generated	  based	  on	  
size	  distribu0on	  and	  
placed	  by	  popula0on	  
density	  

•  Workers	  are	  assigned	  
to	  workplaces	  to	  
match	  census	  
commu0ng	  distances	  

21	  Courtesy	  of	  Bill	  Wheaton,	  RTI	  



U.S.	  Synthe0c	  Popula0on	  Results	  
•  Persons	  

  In	  households:	  273,624,650	  generated	  vs.	  281,421,906	  
o  In	  Group	  Quarters:	  	  (6,115,802)	  

  Individual	  a?ributes:	  age,	  sex,	  etc.	  

•  Households	  	  
  105,480,101	  	  generated	  	  vs.	  104,926,825	  	  in	  census	  
  Loca0ons	  matched	  to	  LandScan	  90m	  grid	  data	  
  Household	  a?ributes:	  size,	  age	  of	  householder,	  race,	  income,	  etc.	  

•  Workplaces	  
  8,580,092	  generated	  work	  loca0ons	  
  Workers	  assigned	  to	  match	  census	  commu0ng	  distance	  data	  

•  Schools	  
  116343	  actual	  school	  loca0ons	  
  Students	  assigned	  to	  match	  enrollment	  by	  age	  

•  Built-‐in	  Social	  Networks:	  family,	  school,	  workplace	  
22	  Courtesy	  of	  Bill	  Wheaton,	  RTI	  



workplace 

household 

elementary school 

secondary school 

market 

	  	  
• 	  	  Individuals	  commute	  
to	  schools/workplaces	  
with	  realis0c	  distances	  
based	  on	  travel	  data	  

• 	  	  Disease	  transmission	  
probabili0es	  depend	  on	  
where	  transmission	  
occurs,	  and	  who	  infects	  
whom	  

Contact	  Network	  Interac0ons	  

23	  



Individual	  Disease	  Model	  

S 

Suscep0ble	  

I 
Infec0ous	  

RE

Exposed	   Recovered	  

Symptoma0c	  

Asymptoma0c	  

24	  

Distribu0ons	  for	  influenza:	  
Longini	  et	  al,	  Science	  2005	  



Place	  Model	  
•  FRED	  assumes	  that	  all	  transmission	  occurs	  in	  a	  given	  Place	  
•  Place	  types	  include:	  

  Household	  
  Community	  
  School	  /	  Classroom	  
  Workplace	  /	  Office	  
  Addi0onal	  types	  can	  be	  defined	  

•  Places	  can	  have	  
  Contact	  rates	  
  Transmission	  probabili0es	  
  Geo-‐loca0on	  
  Environmental	  condi0ons	  

o  Temp,	  humidity	  
•  Place	  can	  be	  extended	  to	  include	  

  Vectors	  
  Fomites	  

25	  

Lee	  et	  al.	  Am	  J	  Prev	  Med	  2010,	  	  	  based	  on	  	  
Ferguson	  NM,	  Cummings	  DA,	  Fraser	  C,	  Cajka	  JC,	  Cooley	  PC,	  
Burke	  DS.	  Strategies	  for	  mi'ga'ng	  an	  influenza	  pandemic.	  
Nature	  2006;442(7101):448	  –52.	  



FRED	  Agent	  Model	  

26	  

Demographics:	  
Age	  
Sex	  

Behavior:	  
Vaccine	  Acceptance	  
Social	  Distancing	  
Hand	  Washing	  

Ac=vity	  Profile:	  
Pre-‐schooler	  
Student	  
Worker	  
Re0red	  

Health:	  
Immune	  Status	  
Exposure	  Status	  

Symptoms	  

Models	  of	  Health	  Behavior	  Change:	  
•  Stochas'c	  
•  Social	  norms	  /	  influence	  
•  Health	  Belief	  Model	  
•  Segmented	  popula'ons	  
	  

Ac'vity	  Profiles	  can	  change	  
over	  life'me	  of	  agents	  

Agents	  can	  age,	  
give	  birth,	  die	  

Maintain	  health	  history	  over	  
life'me	  of	  agents	  



FRED	  Daily	  Cycle	  

1.  Update	  all	  agents	  
a.  Demographics	  
b.  Health	  
c.  Health-‐related	  decisions	  
d.  Daily	  schedule	  of	  places	  to	  visit	  

2.  Iden0fy	  all	  places	  that	  have	  infec0ous	  visitors	  
a.  Find	  all	  suscep0ble	  visitors	  

3.  Simulate	  spread	  of	  infec0on	  in	  each	  infec0ous	  place:	  
a.  Schools	  
b.  Workplaces	  
c.  Neighborhoods	  
d.  Households	  

27	  



Interven0on	  Models	  

•  Pharmaceu0cal	  Interven0ons	  
  Vaccines	  
  An0-‐viral	  drugs	  
  Flexible	  specifica0on	  of	  efficacy	  
  Complex	  availability	  and	  delivery	  

schedules	  

	  
•  Non-‐pharmaceu0cal	  Interven0ons	  

  School	  closure	  
o  Mul0ple	  closure/reopen	  policies	  

  Personal	  behavior	  changes	  
o  Facemasks	  

  Travel	  Restric0ons	  
  Environmental	  treatments	  (future)	  

28	  



Model	  Calibra0on	  

Workplaces	  
Communi0es	  

Schools	  

Homes	   30%	  

33%	  

37%	  

(Applies	  to	  an	  
epidemic	  R0	  =	  1.9)	  

Reference:	  	  
Ferguson	  N,	  Cummings	  DAT,	  Fraser	  C,	  Cajka	  JC,	  Cooley	  PC,	  Burke	  
DS.	  Strategies	  for	  mi0ga0ng	  an	  influenza	  pandemic.	  Nature.	  July	  
27,	  2006;	  442:448-‐452.	  

16%	  infec0ons	  in	  schools	  
21%	  infec0ons	  in	  workplaces	  

Flu	  

Flu	  
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Spread	  of	  Pandemic	  Influenza	  in	  Allegheny	  County,	  PA	  

30	  



Spread	  of	  Pandemic	  Influenza	  in	  PA	  

31	  



Reconstruc0on	  of	  Detailed	  Epidemic	  Dynamics	  

•  Who	  is	  infected	  over	  0me?	  
•  Who	  infects	  whom?	  
•  When/Where	  do	  infec0ons	  occur?	  
•  Evalua0on	  of	  individual-‐based	  interven0on	  strategies	  

32	  

Who	  Infects	  Whom?	  
Age-‐Stra0fied	  Chains	  of	  Infec0ons	  

Average	  Age	  of	  Incident	  Infec0ons	  
FRED	  Model	  of	  Influenza	  in	  Allegheny	  County	  



Transmission	  Tree	  Visualiza0on	  

33	  Jiawei	  Huang,	  Univ	  PiR	  	  



FRED:	  So_ware	  Features	  

•  Objected	  Oriented	  ABM	  in	  C++	  
•  Tested	  under	  Linux,	  OS	  X,	  Windows	  
•  Runs	  on	  Blacklight	  supercomputer	  (PSC)	  
•  Team	  so_ware	  development	  prac0ces	  
•  Simula0on	  data	  management	  
•  Separate	  sta0s0cal	  analysis	  and	  

visualiza0on	  tools	  
•  Web	  services	  interface	  
	  

34	  

Blacklight	  
Pi?sburgh	  Supercompu0ng	  Center	  



FRED	  Simula0on	  Informa0on	  Management	  System	  

•  Ensures	  reproducible	  methods	  and	  results	  
  Calibra0on	  exercises	  
  Sensi0vity	  Analyses	  
  Op0miza0on	  runs	  

35	  

Results	  
Database	  

Meta	  Data	  
• 	  Version	  
• 	  Parameters	  
• 	  Log	  

Output	  Data	  
• 	  Raw	  output	  files	  
• 	  Sta0s0cal	  analyses	  
• 	  Visualiza0ons	  
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Outline	  

•  Public	  Health	  Dynamics	  Lab	  
•  Agent-‐Based	  Models	  of	  Infec0ous	  Disease	  Dynamics	  
•  FRED:	  Framework	  for	  Reconstruc0on	  of	  Epidemic	  Dynamics	  
•  Case	  Studies	  
•  Valida0on	  
•  Ac0ve	  Areas	  of	  Research	  

  Collabora'ons	  Welcome!	  
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School	  Closures	  

•  Lee	  et	  al	  (2010).	  	  Simula0ng	  school	  closure	  strategies	  to	  
mi0gate	  an	  influenza	  epidemic.	  J	  Public	  Health	  Manag	  Pract.	  
2010	  May-‐Jun;16(3):252-‐61.	  PubMed	  PMID:	  20035236	  

•  Brown	  et	  al.	  (2011).	  	  Would	  school	  closure	  for	  the	  2009	  H1N1	  
influenza	  epidemic	  have	  been	  worth	  the	  cost?:	  a	  
computa0onal	  simula0on	  of	  Pennsylvania.	  BMC	  Public	  Health.	  
2011	  May	  20;11(1):353.	  [Epub	  ahead	  of	  print]	  PubMed	  PMID:	  
21599920	  

•  Po?er	  et	  al	  (in	  press).	  Preparedness	  for	  Pandemics:	  Does	  
Varia0on	  Among	  States	  Affect	  the	  Na0on	  as	  a	  Whole?	  J	  Public	  
Health	  Manag	  Pract.	  (2012).	  
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Pennsylvania	  Schools	  
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Must	  close	  schools	  for	  6-‐8	  
weeks	  to	  have	  significant	  
effect	  on	  a?ack	  rate	  
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Too	  
Early	  

Too	  
Late	  

No	  
Closure	  

It	  is	  difficult	  to	  select	  the	  
op0mal	  0me	  for	  school	  
closure.	  
	  
In	  general,	  by	  the	  0me	  an	  
outbreak	  is	  detected	  in	  a	  
school,	  it	  is	  too	  late	  



Employee	  Vaccina0on	  Coverage	  
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DC	  Metro	  Region	  Workplaces	  
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Vaccine	  Coverage	  and	  Timing	  

43	  

Even	  though	  a	  majority	  of	  workers	  are	  employed	  by	  small	  businesses,	  focusing	  on	  
vaccina0ng	  larger	  firms	  (green	  bars)	  may	  be	  just	  as	  effec0ve	  in	  epidemic	  mi0ga0on	  
as	  trying	  to	  vaccinate	  all	  employees	  (purple	  bars).	  

Rate:	  	  	  	  	  	  60	  days	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  90	  days	  	  	  	  	  	  	  	  	  	  	  	  	  120	  days	  	  	  	  	  	  	  	  	  	  	  	  240	  days	  



Vaccine	  Priori0za0on	  
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Priority	  H1N1	  Vaccina0on	  

Children	  under	  24	  

Pregnant	  Women	  

Adults	  over	  65	  

Family	  with	  Newborns	  

At	  Risk	  

ACIP	  Recommenda0on	  
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Priority	  H1N1	  Vaccina0on	  

Children	  under	  24	   At	  Risk	  

ACIP	  Recommenda0on	  

High	  	  
Mixing	  

Greater	  
Hospitaliza0on	  
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ACIP	  Modeling	  Results	  

21.0%	  

22.0%	  

23.0%	  

24.0%	  

25.0%	  

26.0%	  

27.0%	  

28.0%	  

29.0%	  

30.0%	  

31.0%	  

No	  Mi0ga0on	   ACIP	  Priority	   Priority	  0	  to	  24	   ACIP	  At	  Risk	  First	   ACIP	  Age	  group	  first	  

Percent	  of	  Influenza	  Cases	  in	  the	  DC	  Metro	  Popula=on	  for	  an	  
R0=1.4	  with	  Vaccina=on	  of	  Different	  Priority	  Groups	  

A?ack	  Rate	  
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A?ack	  
Rate	  

None	  	  	  	  	  	  	  	  	  	  	  	  	  	  ACIP	  	  	  	  	  	  	  	  	  	  	  	  	  	  0-‐24	  	  	  	  	  	  	  	  	  At	  Risk	  First	  	  	  ACIP-‐Children	  	  	  	  



Economic	  Costs	  
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ACIP	  Modeling	  Results	  

45	  

47	  

49	  

51	  

53	  

55	  

57	  

59	  

61	  

63	  

65	  

No	  Mi0ga0on	   ACIP	  Priority	   Priority	  0	  to	  24	   ACIP	  At	  Risk	  First	   ACIP	  Age	  group	  first	  

Societal	  Costs	  in	  the	  United	  States	  	  for	  an	  R0=1.4	  with	  
Vaccina=on	  of	  Different	  Priority	  Groups	  

Cost	  (Billions)	  

49	  
None	  	  	  	  	  	  	  	  	  	  	  	  	  	  ACIP	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  0-‐24	  	  	  	  	  	  	  	  	  At	  Risk	  First	  	  	  ACIP-‐Children	  	  	  	  

Cost	  
$B	  



Effects	  of	  Equal	  Vaccine	  Distribu0on	  

•  H1N1	  vaccines	  were	  not	  
always	  distributed	  equally	  
in	  2009	  

•  Used	  a	  detailed	  model	  of	  
Washington	  DC	  region	  

Conclusions:	  
•  Limi0ng	  or	  delaying	  

vaccine	  access	  in	  poorer	  
coun0es	  could	  raise	  total	  
number	  of	  infec0ons	  
throughout	  region	  

50	  



Outline	  

•  Public	  Health	  Dynamics	  Lab	  
•  Agent-‐Based	  Models	  of	  Infec0ous	  Disease	  Dynamics	  
•  FRED:	  Framework	  for	  Reconstruc0on	  of	  Epidemic	  Dynamics	  
•  Case	  Studies	  
•  Valida0on	  
•  Ac0ve	  Areas	  of	  Research	  

  Collabora'ons	  Welcome!	  
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Valida0on	  Methods	  (1)	  

Internal	  Validity	  
•  Validate	  the	  individual	  mechanisms	  

or	  assump0ons	  within	  the	  model	  
•  Trace	  the	  behavior	  of	  specific	  en00es	  

in	  the	  model	  to	  determine	  if	  they	  
behave	  as	  in	  the	  real	  system	  

•  Does	  the	  model	  produce	  expected	  
results	  when	  some	  inputs	  are	  set	  to	  
extreme	  values?	  

Face	  Validity	  	  
•  Does	  the	  model	  produce	  the	  

expected	  sequence	  or	  distribu0on	  of	  
events?	  

•  Does	  the	  model	  produce	  expected	  
results	  for	  input	  values	  for	  which	  the	  
results	  are	  known	  or	  easily	  computed	  

•  Do	  experts	  agree	  that	  the	  behavior	  of	  
the	  model	  is	  reasonable?	  

52	  Sargent,	  1999	  



Valida0on	  Methods	  (2)	  

Sensi0vity	  analysis	  
•  How	  does	  the	  uncertainty	  in	  a	  given	  

parameter	  affect	  the	  model	  outcome?	  
•  Determine	  if	  the	  more	  sensi0ve	  

parameters	  have	  been	  es0mated	  with	  
enough	  accuracy	  to	  support	  the	  
model	  outcomes	  

	  

	  
	  
	  
	  
	  
	  
	  
	  
	  
	  

Mul0-‐Model	  Comparison	  
•  Compare	  the	  model	  to	  other	  models	  

that	  employ	  different	  assump0ons	  
and	  data	  sources	  

•  Differences	  may	  suggest	  model	  
refinements	  or	  new	  data	  collec0on	  
needs	  
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Valida0on	  Methods	  (3)	  

Historical	  Data	  Valida0on	  
•  Compare	  the	  model	  against	  historical	  

data,	  using	  parameter	  es0mates	  
derived	  from	  the	  historical	  situa0on	  

	  

	  
	  
	  
	  
	  
	  
	  
	  
Predic0ve	  Valida0on	  
•  Use	  the	  model	  to	  predict	  the	  system	  

behavior,	  and	  then	  compare	  with	  the	  
system's	  observed	  behavior	  
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Effects	  of	  School	  Closure	  



Na0onwide	  Difference	  between	  American	  Community	  
Survey	  and	  Synthe0c	  Popula0on	  

Courtesy	  W.	  Wheaton,	  RTI	  Interna'onal	  
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Category	  
	  	   1	   2	   3	   4	   5	   6	   7	  

Va
ria

bl
e	  

Age	   15-‐24	   25-‐34	   35-‐44	   45-‐54	   55-‐64	   65-‐74	   >74	  

Income	   <$10K	  
$10K-‐
$15K	  

$15K-‐
$25K	  

$25K-‐
$35K	  

$35K-‐
$50K	  

$50K-‐
$100K	   >$100K	  

Size	   1	   2	   3	   4	   5	   6	   7+	  
Race	   White	   Black/AA	   Asian	   other	   2+	   N/A	   N/A	  

Category	  
	  	   1	   2	   3	   4	   5	   6	   7	  

Va
ria

bl
e	  

Age	   0.151	   0.054	   0.049	   -‐0.125	   -‐0.048	   0.089	   -‐0.004	  
Income	   0.016	   0.139	   0.166	   0.200	   0.202	   -‐0.175	   -‐0.112	  

Size	   0.065	   -‐0.131	   0.059	   -‐0.038	   0.206	   0.272	   0.227	  
Race	   -‐0.042	   0.075	   0.330	   0.159	   0.340	   N/A	   N/A	  

Percentage	  difference	  from	  ACS:	  



Popula0on	  Differences	  by	  County	  
•  Example	  of	  differences	  in	  ‘Age	  of	  Head	  of	  Householder’	  by	  

county:	  
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>1
0	  

	  C
ou

n=
es
	  

Percent	  Difference	  from	  ACS	  

%	  Difference	  by	  County	  
HH	  Age	  Variable	  

15-‐24	  

25-‐34	  

35-‐44	  

45-‐54	  

55-‐64	  

65-‐74	  

>74	  

%	  Difference	  
Min	   Max	   Mean	   St	  Dev.	  

-‐66.67*	  200.00**	   0.08	   9.05	  

-‐40.48	   47.83	   0.06	   4.49	  

-‐66.67	   33.33	   0.06	   3.84	  

-‐22.08	   25.00	   -‐0.04	   2.88	  

-‐50.00	   29.41	   -‐0.11	   3.31	  

-‐27.27	   34.78	   0.05	   4.04	  

-‐60.00	   33.33	   -‐0.08	   4.43	  

*	  	  	  Broadwater,	  MT:	  Popula0on	  5,612	  
**	  Camas	  County,	  ID:	  Popula0on	  991	  

Courtesy	  of	  W.	  Wheaton,	  RTI	  Interna'onal	  



Sample	  Comparison	  between	  American	  
Community	  Survey	  and	  Synthe0c	  Popula0on	  

•  Graphs	  for	  a	  single	  Public	  
Use	  Microdata	  Area	  
(PUMA)	  

•  Each	  dot	  represents	  one	  
block	  group	  
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Courtesy	  of	  W.	  Wheaton,	  RTI	  Interna'onal	  



Collec0ng	  School	  Contact	  Data	  

•  Social	  Mixing	  and	  
Respiratory	  Transmission	  
(SMART)	  Schools	  
  2011-‐2013	  Pi?	  Study	  
  CDC	  Funded	  
  Measure	  child-‐child	  contact	  

rates	  in	  Pi?sburgh	  school	  
  Correlate	  with	  Flu	  and	  stay-‐

at-‐home	  behavior	  

	  

58	  

Dave	  Galloway	  with	  motes	  



Comparing	  Effect	  of	  NPI	  Compliance	  across	  models	  

59	  
Halloran,	  M.	  E.,	  Ferguson,	  N.	  M.,	  Eubank,	  S.,	  Jr,	  I.	  M.,	  Cummings,	  D.	  A.,	  Lewis,	  B.	  et	  al.	  (2008).	  Modeling	  targeted	  layered	  
containment	  of	  an	  influenza	  pandemic	  in	  the	  United	  States.	  Proceedings	  of	  the	  Na'onal	  Academy	  of	  Sciences	  of	  the	  United	  
States	  of	  America,	  105(12),	  4639-‐4644	  



Sensi0vity	  to	  Interven0on	  Thresholds	  across	  Models	  

60	  
Halloran,	  M.	  E.,	  Ferguson,	  N.	  M.,	  Eubank,	  S.,	  Jr,	  I.	  M.,	  Cummings,	  D.	  A.,	  Lewis,	  B.	  et	  al.	  (2008).	  Modeling	  targeted	  layered	  
containment	  of	  an	  influenza	  pandemic	  in	  the	  United	  States.	  Proceedings	  of	  the	  Na'onal	  Academy	  of	  Sciences	  of	  the	  United	  
States	  of	  America,	  105(12),	  4639-‐4644	  



Comparing	  Alterna0ve	  Interven0ons	  across	  models	  

  Non-‐pharmaceu0cal	  
interven0on	  (NPI)	  

  Case	  Treatment	  
  Targeted	  an0viral	  

prophylaxis	  (TAP)	  	  
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Halloran,	  M.	  E.,	  Ferguson,	  N.	  M.,	  Eubank,	  S.,	  Jr,	  I.	  M.,	  Cummings,	  D.	  A.,	  Lewis,	  B.	  et	  al.	  (2008).	  Modeling	  targeted	  layered	  
containment	  of	  an	  influenza	  pandemic	  in	  the	  United	  States.	  Proceedings	  of	  the	  Na'onal	  Academy	  of	  Sciences	  of	  the	  United	  
States	  of	  America,	  105(12),	  4639-‐4644	  



Data	  Needs	  for	  Model	  Valida0on	  

•  Transmission	  data	  based	  on	  place	  of	  infec0on	  for	  known	  
pathogens	  
  Household,	  Schools,	  Workplaces	  
  Health	  Care	  Facili0es,	  Group	  quarters	  
  Playgrounds,	  stores,	  subways,	  etc	  

•  Periodic	  biological	  surveys	  
  Spa0al	  distribu0on	  of	  viral	  strains	  
  Infec0on	  rates	  pre-‐	  and	  post-‐epidemic	  

	  
•  Periodic	  health	  behavior	  surveys	  

  Spa0al	  distribu0on	  of	  vaccine	  coverage	  and	  behavior	  pa?erns	  
  Measure	  behaviors	  pre-‐,	  intra-‐	  and	  post-‐epidemic	  
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Outline	  

•  Public	  Health	  Dynamics	  Lab	  
•  Agent-‐Based	  Models	  of	  Infec0ous	  Disease	  Dynamics	  
•  FRED:	  Framework	  for	  Reconstruc0on	  of	  Epidemic	  Dynamics	  
•  Case	  Studies	  
•  Valida0on	  
•  Ac0ve	  Areas	  of	  Research	  

  Collabora'ons	  Welcome!	  
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Ac0ve	  Areas	  of	  Development	  in	  FRED	  

•  Transmission	  Models	  
  Respiratory,	  Oral/fecal,	  Sexual,	  Vector	  

•  Viral	  evolu0on	  
  Resistance	  
  Emerging	  diseases	  

•  Health	  behavior	  and	  decisions	  
  Risk	  Assessment	  
  Social	  Influences	  

•  Models	  of	  Human	  Movement	  
  Urban	  mobility,	  Short-‐term	  Travel,	  Migra0on	  

•  Environmental	  condi0ons	  
  Climate	  effects,	  Seasonality	  
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Work	  in	  Progress:	  
Human	  Behavior	  Modeling	  

•  Models	  of	  Behavior	  Change	  
  Health	  Belief	  Model	  
  Game	  Theory	  

•  Health	  Behaviors	  being	  modeled:	  
  Vaccine	  Refusal	  
  Personal	  Hygiene	  (Face	  Masks)	  
  Social	  Distancing	  (Staying	  home	  from	  work)	  

•  Impact	  of	  An0-‐vaccine	  Clusters	  on	  Measles	  
Outbreak	  

•  Effect	  of	  Sick	  Leave	  Policies	  
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Steve	  Albert	  
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Supriya	  Kumar	  



Individual	  Behaviors	  and	  Epidemic	  Dynamics	  

66	  

•  Hypothesis:	  Individual	  behaviors	  and	  epidemic	  state	  
form	  a	  mutual	  feedback	  loop	  

Decision	  to	  
take	  ac=on	  

Vaccina=on	  

Cases	   Cases	  



Assuming	  constant	  vaccine	  compliance	  
underes0mates	  the	  a?ack	  rate	  and	  delays	  the	  peak,	  

compared	  to	  a	  Health	  Belief	  Model	  
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Work	  in	  Progress:	  
Viral	  Evolu0on	  

•  FRED	  supports	  mul0ple	  circula0ng	  pathogens/
strains	  

•  Pathogens	  can	  be	  described	  in	  varying	  levels	  of	  
details	  
  Phenotype,	  genotype	  
  Cross	  immunogene0city	  

•  Strain	  evolu0on	  models	  
  Muta0on	  rates	  
  Evolu0on	  of	  resistance	  

•  Pathogen	  can	  be	  tracked	  geographically	  
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Roni	  Rosenfeld	  



Work	  in	  Progress:	  
Vector-‐Borne	  Disease	  

•  Dengue	  
  Mulitple	  serotypes	  

•  Complete	  agent-‐based	  mosquito	  life	  cycle	  
  Aedes	  Egyp'	  
  Human	  Bi0ng	  Behavior,	  Mobility	  

•  Human-‐mosquito	  popula0on	  interac0ons	  
•  Mi0ga0ons	  being	  Modeled	  

  Environmental	  treatments	  
  Vector	  control	  
  Wolbachia	  
  Vaccina0on	  
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Shawn	  Brown	  

Nathan	  Stone	  



Work	  in	  Progress:	  
Vector-‐Borne	  Disease	  
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Work	  in	  Progress:	  
Network	  Analysis	  of	  Disease	  Dynamics	  

•  Mul0year	  Epidemics	  
  Who	  gets	  infected	  repeatedly	  /	  rarely	  ?	  
  What	  affects	  epidemic	  seasonality?	  

•  Popula0on	  Network	  Structure	  
  Who	  infects	  whom?	  
  Superspreaders	  and	  possible	  vaccina0on	  

targets	  
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Agent	  Models	  with	  Births/Deaths/Aging	  

•  Local	  age-‐specific	  
maternity	  rates	  

72	  

PRE-‐SCHOOL	  
CHILD	  

STUDENT	  

WORKER	  

RETIRED	  

BIRTH	  

WEEKEND	  
WORKER	  

NON-‐EMPLOYED	  

DEATH	  

•  Each	  agent	  is	  
assigned	  a	  birth	  date	  
consistent	  with	  age	  
in	  synthe0c	  
popula0on	   • Mortality	  

rates	  

•  Employment/
re0rement	  data	  

•  School	  
a?endance	  data	  



Other	  Poten0al	  Health	  Modeling	  Applica0ons	  

•  Chronic	  Condi0ons	  and	  Behaviors	  
  Smoking	  
  Obesity	  

•  Health	  Care	  Systems	  
  Supply	  Chain	  Analysis	  
  Spread	  of	  Innova0ons	  
  Health	  Care	  Facility	  Opera0on	  

•  Preparedness	  and	  Response	  
  Emergency	  Services	  Response	  
  Evacua0on	  Behavior	  

Collabora'ons	  Welcome!	  
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Thank	  You!	  
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