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Webinar Logistics

•  All	  a%endees	  are	  in	  listen-‐only	  mode.	  
•  All	  ques4ons	  will	  be	  addressed	  at	  the	  end	  of	  the	  presenta4on.	  

Please	  feel	  free	  to	  type	  ques4ons	  throughout	  using:	  
•  The	  ques4on	  sec4on	  of	  the	  GoToWebinar	  control	  panel	  
•  Twi%er	  (#ProjectTychoWebinar)	  

•  During	  the	  Q&A	  por4on	  of	  the	  webinar,	  you	  may	  also	  use	  the	  
GoToWebinar	  control	  panel	  to	  virtually	  raise	  your	  hand	  to	  be	  
unmuted	  

•  Evalua4on:	  As	  you	  are	  leaving	  the	  webinar,	  you	  should	  see	  an	  
evalua4on	  pop-‐up.	  Please	  take	  a	  few	  moments	  to	  provide	  your	  
input.	  

•  1	  CPH	  recer4fica4on	  credit	  is	  available	  for	  viewing	  this	  webinar	  
(must	  complete	  the	  evalua4on).	  	  



What	  is	  an	  outbreak?	  

•  Many	  different	  defini4ons	  
•  Here	  are	  some	  examples:	  
	  



What	  is	  an	  outbreak?	  
1.  An	  incidence	  higher	  than	  what	  is	  expected	  
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What	  is	  an	  outbreak?	  
1.  An	  incidence	  higher	  than	  what	  is	  expected	  
	  



What	  is	  an	  outbreak?	  
2.  Clustering	  of	  events	  close	  in	  loca4on	  and	  4me	  
	  



What	  is	  an	  outbreak?	  
3.  A	  number	  of	  confirmed	  cases	  where	  the	  

infec4on	  is	  from	  a	  local	  source	  
	  



What	  is	  an	  outbreak?	  
4.  A	  change	  from	  constant	  level	  to	  increasing	  
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Sta4s4cal	  Surveillance	  

•  Online	  detec4on	  
•  Evaluate	  informa4on	  each	  4me	  a	  new	  
observa4on	  is	  made	  
	  
	  

•  Compare	  the	  following:	  



Sta4s4cal	  Surveillance	  
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Outbreak	  started	  here!	  



Sta4s4cal	  Surveillance	  

0	  

5	  

10	  

15	  

20	  

25	  

30	  

35	  

0	   5	   10	   15	   20	   25	  



Sta4s4cal	  Surveillance	  

0	  

5	  

10	  

15	  

20	  

25	  

30	  

35	  

0	   5	   10	   15	   20	   25	  



Sta4s4cal	  Surveillance	  

0	  

5	  

10	  

15	  

20	  

25	  

30	  

35	  

0	   5	   10	   15	   20	   25	  



Sta4s4cal	  Surveillance	  

0	  

5	  

10	  

15	  

20	  

25	  

30	  

35	  

0	   5	   10	   15	   20	   25	  



Sta4s4cal	  Surveillance	  

0	  

5	  

10	  

15	  

20	  

25	  

30	  

35	  

0	   5	   10	   15	   20	   25	  



Sta4s4cal	  Surveillance	  

0	  

5	  

10	  

15	  

20	  

25	  

30	  

35	  

0	   5	   10	   15	   20	   25	  



Sta4s4cal	  Surveillance	  

0	  

5	  

10	  

15	  

20	  

25	  

30	  

35	  

0	   5	   10	   15	   20	   25	  



Sta4s4cal	  Surveillance	  

0	  

5	  

10	  

15	  

20	  

25	  

30	  

35	  

0	   5	   10	   15	   20	   25	  



Sta4s4cal	  Surveillance	  

0	  

5	  

10	  

15	  

20	  

25	  

30	  

35	  

0	   5	   10	   15	   20	   25	  



Sta4s4cal	  Surveillance	  

0	  

5	  

10	  

15	  

20	  

25	  

30	  

35	  

0	   5	   10	   15	   20	   25	  



Sta4s4cal	  Surveillance	  

0	  

5	  

10	  

15	  

20	  

25	  

30	  

35	  

0	   5	   10	   15	   20	   25	  



Sta4s4cal	  Surveillance	  
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Now	  an	  outbreak	  has	  started!	  



OutbreakP	  

•  We	  developed	  a	  semiparametric	  method	  for	  
outbreak	  detec4on	  

•  Relies	  on	  the	  shape	  of	  the	  curve	  
•  Likelihood	  ra4o	  between	  restric4on	  of	  
increasing	  level	  and	  constant	  level	  



OutbreakP	  
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OutbreakP	  
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Measures	  of	  performance	  
•  We	  want	  a	  method	  that	  

– Detects	  outbreaks	  without	  small	  delays	  
– Gives	  few	  false	  alarms	  

•  Balance	  between	  few	  false	  alarm	  and	  delay	  
–  Faster	  detec4on	  -‐>	  more	  false	  alarms	  
– More	  accurate	  detec4on	  -‐>	  longer	  delay	  

•  We	  need	  measures	  to	  evaluate	  this!	  
•  Mul4variate	  surveillance	  needs	  special	  measures	  
•  Frisén,	  M.,	  E.	  Andersson,	  et	  al.	  (2010).	  "Evalua4on	  of	  Mul4variate	  

Surveillance."	  Journal	  of	  Applied	  Sta4s4cs	  37(12):	  2089-‐2100.	  



Measures	  of	  performance	  
•  Nota4on:	  

–  tA	  	  -‐	  4me	  of	  alarm	  
– τ	  	  -‐	  4me	  of	  outbreak	  

•  Condi4onal	  Expected	  Delay,	  CED	  

•  Average	  Run	  Length	  

•  Skewed	  distribu4on	  
– Median	  Run	  Length0,	  MRL0	  

( ) A ACED E t tτ τ τ= ⎡ − ≥ ⎤⎣ ⎦

[ ]0 |AARL E t τ= =∞



Measures	  of	  performance	  
•  Predic4ve	  Value,	  PV	  

•  Or	  
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Mul4variate	  surveillance	  

•  Monitoring	  of	  p	  processes	  instead	  of	  one	  
•  What	  to	  detect?	  

– Time	  of	  first	  change	  in	  any	  process	  
– Time	  of	  change	  in	  a	  specific	  process	  
– Time	  of	  change	  in	  at	  least	  n	  processes	  



Updated	  Measures	  of	  performance	  
•  Nota4on:	  

–  tA	  	  -‐	  4me	  of	  alarm	  
– τmin	  	  -‐	  4me	  of	  first	  outbreak	  

•  Condi4onal	  Expected	  Delay,	  CED	  

•  Predic4ve	  Value,	  PV	  
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Mul4variate	  surveillance	  

•  Different	  approaches:	  
– Parallel	  univariate	  surveillance	  
– Reduc4on	  of	  dimension	  

•  Reduc4on	  to	  a	  scalar	  
– Vector	  Accumula4on	  
– Using	  full	  mul4variate	  likelihood	  

•  Can	  be	  quite	  complex	  



•  A	  sufficient	  sta4s4c	  captures	  all	  the	  
informa4on	  about	  a	  parameter	  θ available	  in	  
a	  sample	  

•  Inference	  regarding	  θ	  should	  be	  the	  same	  for	  
the	  same	  value	  of	  an	  observed	  sta4s4c	  
T(X)=t(x)	  

•  Assump4ons	  important!	  

The	  sufficiency	  principle	  



Mul4variate	  surveillance	  

•  Data	  reduc4on	  to	  reduce	  complexity	  
•  Sufficient	  reduc4on	  –	  no	  informa4on	  is	  lost	  
•  We	  showed	  that	  the	  sum	  is	  sufficient	  for	  
surveillance	  in	  the	  one	  parameter	  exponen4al	  
family	  

•  The	  semiparametric	  method	  further	  
developed	  



Applica4on	  of	  the	  sufficiency	  principle	  
to	  Sta4s4cal	  surveillance	  

	  
•  Known	  4me-‐lag	  between	  the	  processes	  
•  Processes	  iid	  given	  4me	  and	  lag	  

– Same	  baseline,	  same	  shape	  

•  Sufficient	  reduc4on	  into	  a	  univariate	  sta4s4c	  
may	  be	  found	  



Applica4on	  of	  the	  sufficiency	  principle	  
to	  Sta4s4cal	  surveillance	  

•  For	  p	  independent	  processes	  in	  the	  one-‐parameter	  
exponen4al	  family	  a	  sufficient	  reduc4on	  is	  shown	  
for	  step	  changes	  in	  	  
–  Frisén,	  M.,	  E.	  Andersson,	  et	  al.	  (2011).	  "Sufficient	  reduc4on	  
in	  mul4variate	  surveillance."	  Communica4ons	  in	  Sta4s4cs	  -‐
Theory	  and	  Methods	  40(10):	  1821-‐1838.	  

•  For	  gradual	  (i.e.	  non-‐decreasing)	  changes	  
–  Schiöler,	  L.	  and	  M.	  Frisén	  (2012).	  "Mul4variate	  outbreak	  
detec4on."	  Journal	  of	  Applied	  Sta4s4cs	  39(2):	  223-‐242.	  



Parallel	  vs	  Reduc4on	  
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Influenza	  data	  from	  Sweden	  

•  Laboratory	  diagnosed	  influenza	  (LDI)	  
– Collected	  weekly	  from	  different	  laboratories	  
–  Informa4on	  on	  catchment	  area	  not	  available	  
– A	  city	  may	  not	  use	  same	  laboratory	  each	  year	  
– Different	  policies	  regarding	  tes4ng	  



Data	  quality	  

•  Laboratory	  diagnosed	  influenza	  data:	  
– Baseline	  uncertain	  
– Small	  number	  of	  cases,	  aggrega4on	  needed	  
– Star4ng	  4me	  of	  outbreak	  differs	  
– Different	  severity	  of	  outbreak	  



Data	  quality	  

•  However:	  
– Data	  for	  all	  years	  from	  50%	  of	  laboratories	  
– Consistent	  repor4ng	  from	  large	  laboratories	  
– Laboratories	  rela+vely	  evenly	  distributed	  with	  
regards	  to	  popula4on	  



Spa4al	  informa4on	  

•  Regional	  informa4on	  or	  other	  data	  sources	  
may	  be	  used	  to	  detect	  the	  outbreak	  earlier	  

•  Time	  lag	  between	  regions?	  
– North	  to	  south	  
– East	  to	  west	  
– Other	  



Applica4on	  to	  Swedish	  Influenza	  

•  The	  Swedish	  influenza	  in	  general	  starts	  
one	  week	  earlier	  in	  the	  metropolitan	  
areas	  than	  in	  the	  rest	  of	  Sweden.	  

•  Thus	  a	  sufficient	  reduc4on	  may	  be	  used	  
to	  detect	  the	  influenza	  earlier	  



Aggregated	  Data	  
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Surveillance	  of	  Regional	  Data	  

•  Data	  reduc4on	  incorpora4ng	  4me	  lag	  used	  
•  Outbreaks	  detected	  at	  same	  4me	  or	  earlier	  
than	  using	  the	  whole	  country	  



Thank	  you	  for	  listening!	  
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Analy4c	  Methodologies	  for	  Disease	  Surveillance	  
Using	  Mul4ple	  Sources	  of	  Evidence:	  	  

Overview	  and	  Bayes	  Net	  Implementa4on	  
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for	  Disease	  Surveillance	  
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Mul4variate	  Analy4c	  Fusion	  of	  Evidence:	  
Outline	  

Part	  1:	  General	  Remarks	  on	  Analy4c	  Fusion	  of	  Evidence	  
•  Concept	  
•  What	  is	  taking	  so	  long?	  	  Obstacles	  
•  Prac4cal	  role	  of	  mul4variate	  analy4c	  methods	  
•  Seeking	  evidenced-‐based	  valida4on	  without	  sufficient	  

evidence	  
•  Role	  of	  simula4on,	  historical	  signals,	  predic4ve	  models	  

•  Many	  academic	  approaches	  in	  recent	  years—not	  enough	  
prac4cal	  collabora4on	  

	  
Part	  2:	  Bayesian	  Networks	  Applied	  to	  Mul4variate	  Syndromic	  
Surveillance	  for	  the	  U.S.	  Department	  of	  Defense	  
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Analy4c	  Fusion	  of	  Evidence:	  Concept	  
Many	  Frameworks,	  Shells,	  Interfaces	  since	  2000	  

From	  1999	  Program	  Presenta4on:	  
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What	  is	  taking	  so	  long?	  
Obstacles	  

•  Public	  health	  monitors	  with	  the	  system	  needs	  do	  not	  have	  
funding,	  4me,	  manpower	  to	  design	  systems	  
–  Widespread	  lack	  of	  sufficient	  human	  analysts/inves4gators	  
–  Oven	  responding	  to	  latest	  perceived	  crisis	  

•  Wide	  varia4on	  in	  situa4onal	  awareness	  needs	  
•  Limited,	  temporary	  funding	  	  
•  Diverse	  professional	  cultures	  can	  hinder	  collabora4on	  as	  much	  as	  

na4onal,	  ethnic	  cultures	  
•  Need	  to	  discern	  and	  apply	  appropriate	  use	  of	  technology:	  it	  can’t	  

do	  everything	  
–  Just	  because	  we	  can	  doesn’t	  mean	  we	  should	  

•  Data	  Availability:	  Need	  to	  protect	  pa4ent	  privacy,	  proprietary	  
rights,	  and	  individual	  and	  collec4ve	  intellectual	  property	  
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What	  is	  the	  Prac4cal	  Role	  for	  	  
Mul4variate	  Analy4c	  Methods?	  

Which	  statement	  most	  closely	  agrees	  with	  your	  percep4on?	  
1.	  Within	  the	  foreseeable	  future	  (say	  20	  years),	  machine	  learning	  will	  take	  over	  all	  

complex	  decision	  processes	  involving	  mul4ple	  sources	  of	  evidence.	  
2.	  Certain	  aspects	  of	  decision	  making	  	  and	  weigh4ng	  of	  evidence	  can	  be	  lev	  to	  

automa4on.	  	  The	  rest	  must	  remain	  up	  to	  the	  human	  decision	  maker.	  
3.	  Automated	  decision	  tools	  could	  play	  a	  useful	  advisory	  role	  in	  some	  situa4ons.	  
4.	  Analy4c	  tools	  can	  clarify	  data	  through	  sta4s4cal	  methods	  and	  data	  modeling	  but	  

are	  	  not	  appropriate	  for	  decision	  making.	  
5.	  What	  is	  needed	  is	  not	  analy4cs,	  but	  just	  faster,	  user-‐friendly,	  and	  streamlined	  

data	  visualiza4on	  methods.	  
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Numerous	  Analy4c	  Approaches	  in	  Recent	  Years	  

	  Mul6ple	  Approaches,	  gradually	  converging:	  
Mul4variate	  Time	  Series	  Models	  
•  Lau	  E.H.Y,	  Cowling	  B.J.,	  Ho	  L-‐M,	  Leung	  G.M.,	  Op4mizing	  Use	  of	  Mul4stream	  Influenza	  
Sen4nel	  Surveillance	  Data,	  Emerg	  Infect	  Dis.	  Jul	  2008;	  14(7):	  1154–1157.	  doi:
10.3201/eid1407.080060	  

Mul4variate	  methods	  based	  on	  agent-‐based	  models	  	  
•  X.	  Jiang,	  G.	  F.	  Cooper,	  A	  real-‐4me	  temporal	  Bayesian	  architecture	  for	  event	  

surveillance	  and	  its	  applica4on	  to	  pa4ent-‐specific	  mul4ple	  disease	  outbreak	  detec4on,	  
Data	  Min.	  Knowl.	  Discov.	  20	  (3)	  (2010)	  328-‐360.	  	  

Agent-‐based	  models:	  computa4onal	  improvements	  
•  Skvortsov	  A,	  Ris4c	  B,	  Monitoring	  and	  predic4on	  of	  an	  epidemic	  outbreak	  using	  

syndromic	  observa4ons,	  Math.	  Biosci.	  (2012),	  	  
Spa4otemporal	  applica4on	  of	  mul4variate	  branching	  process	  model:	  	  
•  Paul	  M,	  Held	  L,	  and	  Toschke	  AM,	  Mul4variate	  modelling	  of	  infec4ous	  disease	  
surveillance	  data,	  Sta4s4cs	  in	  Medicine,	  Volume	  27,	  Issue	  29,	  	  pages	  6250–6267,	  20	  
December	  2008	  

Bayesian	  shared	  component	  model	  framework,	  extending	  SCPO:	  
•  Corberán-‐Vallet	  A,	  Prospec4ve	  surveillance	  of	  mul4variate	  spa4al	  disease	  data,	  Stat	  

Methods	  Med	  Res.	  2012	  October	  ;	  21(5):	  457–477.	  
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Nature	  of	  Required	  Collabora4on	  

1.  Mul4ple	  evidence	  sources	  should	  be	  used	  to	  clarify	  
surveillance	  picture,	  not	  obscure	  it	  

Ø U4lity,	  effec4ve	  role	  of	  new	  data	  sources	  derived	  from	  social	  media?	  

2.  Requirements:	  
Ø  Effec4ve	  visualiza4on	  tools	  are	  essen4al	  
Ø  Transparency:	  epidemiologist	  users	  will	  not	  accept	  black-‐box	  output	  for	  
decision-‐making	  
–  Analy4c	  mul4variate	  tools	  must	  be	  well	  explained,	  produce	  logical	  
outputs	  in	  canonical	  scenarios	  

Ø Manage	  data	  dropouts,	  other	  quality	  problems	  
Ø  Appropriate	  weigh4ng	  of	  clinical,	  syndromic,	  environmental	  evidence	  



Part	  2:	  Bayesian	  Networks	  Applied	  to	  Mul+variate	  
Syndromic	  Surveillance	  for	  the	  U.S.	  Department	  

of	  Defense	  

Howard	  Burkom,	  Yevgeniy	  Elbert,	  	  
Liane	  Ramac-‐Thomas,	  Christopher	  Cuellar	  
Johns	  Hopkins	  Applied	  Physics	  Laboratory	  
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Bayes	  Networks	  for	  DoD	  Surveillance:	  
Outline	  

•  Scope,	  Evidence	  Sources	  of	  DoD	  Surveillance	  
•  Concept:	  Bayesian	  Networks	  for	  Analy4c	  Fusion	  
•  Implementa4on	  Summary	  
•  Recent	  Results	  
•  Discussion:	  valida4on	  and	  prac4cal	  usage	  	  
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Outpatient Visits 
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From Separate Algorithms to Integrated 
Decision Support for DoD Surveillance 
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Development	  Data	  Environment	  

•  Historical	  Dataset	  of	  3.75	  years,	  all	  US	  military	  treatment	  facili4es	  
–  Data	  Sources	  

Outpa4ent	  records,	  	  including	  ICD-‐9,	  chief	  complaints,	  demographic,	  
severity-‐related	  fields	  

Chemistry	  and	  Microbiology	  Laboratory	  test	  orders	  &	  results	  
Filled	  Prescrip4ons	  

–  Data	  dates:	  1360	  con4nuous	  days,	  10Jan2007	  –	  29Sep2010	  
•  Data	  from	  502	  individual	  treatment	  facili4es	  	  

–  Including	  289	  hospitals	  and	  large	  clinics	  with	  all	  data	  sources	  
•  Truth	  data:	  reported	  outbreaks	  in	  three	  clinical	  categories	  	  	  

–  Influenza-‐like	  illness	  (ILI)	  
–  Gastrointes4nal	  illness	  (GI)	  
–  Febrile	  illness	  (Fever)	  

References:	  
[MSMR]	  Medical	  Surveillance	  Monthly	  Report,	  April	  2012,	  Volume	  19,	  Number	  4,	  	  

h%p://www.a~sc.mil/viewMSMR?file=2012/v19_n04.pdf	  
[TRICARE]	  Defense	  Health	  Cost	  Assessment	  and	  Program	  Evalua4on	  (DHCAPE),	  in	  the	  Office	  of	  the	  Assistant	  Secretary	  of	  Defense	  (Health	  

Affairs)	  (OASD/HA)	  (2012)	  Evalua4on	  of	  the	  TRICARE	  Program:	  Fiscal	  Year	  2012	  Report	  to	  Congress.	  	  
h%p://www.tricare.mil/hpae/_docs/TRICARE2012_02_28v5.pdf.	  	  

[DHSS	  ESSENCE]	  h%p://www.health.mil/Military-‐Health-‐Topics/Technology/Decision-‐Support/Electronic-‐Surveillance-‐System-‐for-‐the-‐
Early-‐No4fica4on-‐of-‐Community-‐based-‐Epidemics	  
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Approach	  to	  Analy4c	  Fusion	  of	  
Evidence	  

Instead	  of:	  	  
–  how	  to	  model	  data	  effects	  of	  public	  health	  threats,	  
–  how	  evidence	  sources	  are	  correlated,	  
–  which	  data	  signals	  correspond	  to	  authen4c	  events	  and	  
false	  alarms,	  

–  how	  to	  analy4cally	  combine	  data	  from	  different,	  weighted	  
data	  sources,	  

We	  ask:	  	  
–  how	  would	  an	  experienced	  health	  monitor	  make	  

inves4ga4on	  decisions	  given	  the	  luxury	  of	  examining	  all	  data	  
sources	  every	  day?	  	  	  
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Concept:	  Popula4on-‐based	  Bayes	  
Networks	  

•  Method	  of	  combining	  informa4on	  from	  the	  monitored	  
popula4on	  
–  Algorithm	  results	  from	  mul4ple	  data	  streams	  of	  varying	  
relevance	  (not	  raw	  data)	  

– More	  than	  a	  rule	  set:	  an	  analy4c	  umbrella	  that	  can	  also	  
include	  report-‐based	  results,	  incomplete	  data	  updates,	  
other	  mul4variate	  methods	  

•  Not	  Bayesian	  sta4s4cs	  in	  the	  sense	  of	  hierarchical	  modeling,	  
fixed/random	  effects	  (could	  incorporate)	  

•  Not	  an	  agent-‐based	  Bayesian	  model	  represen4ng	  every	  
individual	  as	  a	  separate	  node	  with	  proper4es	  
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Fusing	  Syndromic	  and	  Defini4ve	  Evidence	  
6-‐Nov-‐14	  

CLO-‐05-‐002-‐RevV	  65	  

For	  technical	  approach	  descrip4on,	  see:	  
Burkom	  H,	  Ramac-‐Thomas	  L,	  Babin	  S,	  Holtry	  R,	  Mnatsakanyan	  Z,	  Yund	  C,	  2011:	  
An	  integrated	  approach	  for	  fusion	  of	  environmental	  and	  human	  health	  data	  for	  
disease	  surveillance.	  Sta4s4cs	  in	  Medicine,	  30(5):470-‐479	  
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Quan4ta4ve	  Effect	  of	  Fused	  Evidence	  

6-‐Nov-‐14	   CLO-‐05-‐002-‐RevV	   66	  
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Generic	  Nodal	  Structure	  for	  
Fusion	  
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Bayesian	  Fusion:	  Severity	  Sub-‐Network	  
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Overview	  of	  Machine-‐Learning	  
Methods	  

•  Network	  structures:	  	  mainly	  heuris4c,	  based	  on	  guidance	  from	  
medical	  epidemiologist	  	  

•  Condi4onal	  probability	  tables	  for	  each	  node:	  op4mized	  to	  yield	  
desired	  degree	  of	  concern	  for	  canonical	  input	  state	  combina4ons	  
–  	  dependent	  on	  input	  from	  epidemiologist	  domain	  experts	  

•  Calibra4on:	  mul4variate	  search	  to	  produce	  combina4on	  of	  
thresholds	  for	  indicator	  algorithm	  states	  and	  for	  network	  decision	  
nodes	  
–  detect	  all	  known	  events	  with	  highest	  decision	  node	  odds	  ra4os	  

•  Valida4on:	  	  
–  checked	  performance	  on	  30	  known	  health	  events,	  
–  10-‐fold	  cross-‐valida4on	  based	  on	  undocumented,	  data-‐derived	  

events	  
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Schema4c:	  ESSENCE	  Fusion	  
Aler4ng	  

Condi6onal	  
	  Probability	  
	  Table	  

Keep	  watching?	  
Inves6gate?	  
No6fy?	  
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Aler4ng	  Summary	  for	  Influenza-‐like	  Illness	  Fusion	  
Syndrome:	  289	  Facili4es	  over	  3.75	  Years	  
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Odds	  Ra4o	  Analysis	  of	  Indicator	  and	  Fusion	  
Outputs	  for	  Reported	  ILI	  Events	  
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Timeliness	  Comparison	  of	  ICD-‐9	  
Aler4ng	  	  

and	  BN	  Fusion	  Aler4ng:	  30	  Events	  
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The	  Valida4on	  Problem:	  	  	  	  	  “Why	  adopt	  
this?”	  

“Why	  should	  you	  believe	  me?”	  
•  Why	  believe	  that	  sensi4vity	  to	  a	  few	  dozen	  historical	  events	  

promises	  sensi4vity	  to	  future	  events?	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  How	  to	  get	  
acceptance?	  

•  Burden	  of	  proof	  is	  discipline-‐specific	  
–  Public	  health	  epidemiology	  

•  authen4c	  outbreak	  effects	  difficult	  to	  ascertain	  in	  data	  
•  much	  more	  difficult	  in	  mul4variate	  data	  

–  Computer	  science/data	  mining	  
•  Simula4ons	  widely	  used,	  highly	  developed,	  but	  problema4c	  
•  Rela4ve	  strength	  of	  signal,	  	  4ming	  across	  datasets	  
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Ten-‐Fold	  Cross-‐valida4on	  using	  
Derived	  Events	  from	  Authen4c	  Data	  

•  Unreported	  “events”	  derived	  from	  3.75	  years	  
of	  data	  from	  289	  facili4es	  

•  Corrobora4on	  in	  syndromic,	  clinical	  data	  
•  101	  events	  for	  Fever,	  73	  for	  GI,	  128	  for	  ILI	  

•  Events	  par44oned	  into	  10	  subsets	  of	  facili4es	  
•  Ten	  sensi4vity	  tests:	  one	  subset	  removed	  	  

•  Other	  9	  subsets	  pooled	  for	  training	  
•  Op4mal	  combina4on	  of	  thresholds	  found	  
•  Network	  with	  op4mal	  thresholds	  applied	  	  to	  test	  

subset	  
•  RESULTS:	  	  95-‐99%	  of	  extracted	  “events”	  detected	  for	  

each	  syndrome-‐specific	  Bayesian	  Network	  

Each	  Subset	  
Extracted	  as	  
Test	  Set	  
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Bayes	  Net	  Approach	  to	  General	  
Surveillance	  	  
Summary	  

•  Cross-‐valida4on	  method	  supports	  use	  of	  Bayesian	  Network	  
fusion	  approach	  to	  combine	  mul4ple	  data	  sources	  for	  
prospec4ve	  aler4ng	  

•  Learning	  to	  combine	  historical	  data	  analysis	  with	  knowledge	  of	  
experienced	  medical	  epis	  

•  Next	  step:	  applica4on	  to	  true	  real-‐4me	  aler4ng	  
•  Essen4al	  for	  realiza4on	  of	  fusion	  capability	  

–  Training	  
–  Visualiza4on	  
–  Integra4on	  with	  other	  surveillance	  tools	  
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Toward	  Portable,	  Translatable	  Fusion	  
of	  Surveillance	  Evidence	  Fusion:	  

Technical	  Challenges	  
•  Difficulty	  of	  insufficient	  truth	  data,	  especially	  outbreak	  effects	  in	  

mul4ple	  indicators:	  
–  	  Rela4ve	  4ming,	  rela4ve	  degree	  of	  effects	  in	  different	  data??	  

•  At	  what	  level	  and	  consistency	  is	  a	  purely	  syndromic	  signal	  worthy	  of	  
inves4ga4on?	  

•  All	  data	  sources	  contaminated	  in	  some	  way	  
–  Challenge	  to	  extract	  meaningful,	  representa4ve	  indicators	  
–  Need	  right	  balance	  between	  granular	  analysis	  and	  robust	  data	  
behavior	  

•  Expert	  elicita4on	  problem	  
–  Judgment	  of	  medical	  epidemiologists	  	  
–  Extrapola4on	  to	  all	  state	  combina4ons	  
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Thank	  you	  for	  your	  a%en4on!	  

Howard.Burkom@jhuapl.edu	  



Summary remarks 
Marianne Frisén 

University of Gothenburg	  
	  
	  
	  
	  



 Detection of outbreak of health threat. 
 

Enhancement by use of multiple sources.	  



 
Relations between different variables are 

examined and utilized: 	  

	  Combination of evidence from sources of different 
kinds (health and environment)	  
versus	  
Optimal combination of data at a time lag between 
incidence in different geographical areas	  



Inferential approach	  

 
Bayes –Summarize different kinds of information into a 
measure of the probability that there is a threat.	  

versus	  
Frequentistic -  Good properties in the long run	  

         	  



Health	  threat	  

Influenza	  
Increasing 
Data summarized over 
time	  

 
 

Waterborne disease 
	  

Worse than baseline 
Data evaluated 
separately at each time 



Combine	  informa4on	  

•  Outbreak	  alarm	   •  Epidemiologic	  experience	  
•  Visualiza4on	  	  



•  Webinar:	  November	  12,	  2014	  –	  Planning	  for	  the	  
ICD-‐10	  Transi4on	  

•  November	  7,	  2014	  –	  Meaningful	  Use	  Commun4y	  
Call	  

•  Webinar:	  November	  20,	  2014	  -‐	  Animal	  Surveillance	  
in	  the	  US	  

	  

Upcoming ISDS Events



Thank you for attending!


