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"AnCbioCcs	
  do	
  not	
  appear	
  to	
  be	
  effecCve	
  in	
  treaCng	
  acute	
  laryngiCs	
  when	
  assessing	
  
objecCve	
  outcomes."	
  



“The	
  informaCon	
  has	
  been	
  checked	
  
by	
  medical	
  doctors	
  at	
  Google	
  and	
  the	
  
Mayo	
  Clinic	
  for	
  accuracy"1	
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Healthcare	
  Data	
  	
  
Doubling	
  Time	
  



Variety	
  (physiology)	
  
•  increasing	
  ability	
  to	
  
passively	
  sense	
  bio-­‐
physiologic	
  
parameters	
  

 

No	
  conflicts	
  with	
  any	
  product	
  men4oned	
  	
  

MC10	
  BioStamp	
  sensor	
  

Google	
  Lens	
  



Variety	
  (behavior)	
  
•  new	
  field	
  of	
  
"emoCon	
  analyCcs"	
  

 

No	
  conflicts	
  with	
  any	
  product	
  men4oned	
  	
  

AffecCva	
  
MIT	
  Medial	
  Lab	
  spin	
  off	
  



Variety	
  (built	
  environment)	
  
•  the	
  Internet	
  of	
  
Things	
  are	
  sensors	
  
to	
  our	
  physical	
  
environment	
  
– 25	
  billion	
  things	
  
now	
  

– 75	
  billion	
  by	
  2020	
  

 
No	
  conflicts	
  with	
  any	
  product	
  men4oned	
  	
  

ProacCve	
  Health	
  Lab,	
  Intel	
  

Array	
  of	
  Things,	
  
City	
  of	
  Chicago	
  



Variety	
  of	
  Data	
  

TradiConal	
   Non-­‐tradiConal	
  

Internet	
  of	
  Things	
  

EHR	
  data	
  

clinical	
  trial	
  data	
  

claims	
  data	
  

survey	
  data	
  

public	
  health	
  data	
  



Variety	
  of	
  Data	
  

Structured	
   Semi-­‐structured	
   Unstructured	
  

EHR	
  document	
  



Faster,	
  larger,	
  different	
  studies	
  





Data	
  –	
  InformaCon	
  -­‐	
  Knowledge	
  
•  Data	
  

–  raw	
  observaCons,	
  objecCve	
  facts	
  
•  InformaCon	
  

–  data	
  in	
  meaningful	
  context	
  

•  Knowledge	
  
–  understanding	
  about	
  the	
  world	
  

•  explicit,	
  codifiable	
  (e.g.	
  Wikipedia,	
  
guideline)	
  

•  tacit,	
  not	
  codifiable	
  (e.g.	
  experCse)	
  
–  also	
  process	
  knowledge,	
  i.e.,	
  riding	
  a	
  

bike	
  	
  
–  useful	
  for	
  explaining,	
  predicCng,	
  and	
  

guiding	
  future	
  acCon	
  



D-­‐I-­‐K	
  Example	
  

•  Data	
  
–  HgbA1C	
  value	
  10.1%	
  

•  InformaCon	
  
–  occurred	
  last	
  Thursday	
  
–  10.1%	
  is	
  above	
  normal	
  

•  Knowledge	
  
–  high	
  HgbA1C	
  occurs	
  in	
  diabetes	
  
–  associated	
  with	
  higher	
  risk	
  for	
  

cardiovascular	
  outcomes	
  

•  Evidence?	
  



Evidence	
  :	
  basis	
  for	
  a	
  claim	
  of	
  knowledge	
  



Evidence	
  :	
  data	
  +	
  "study"	
  design	
  +	
  analysis	
  

big,	
  non-­‐tradiConal	
  data	
   new	
  machine	
  
learning	
  methods	
  



“The	
  future	
  is	
  already	
  here	
  –	
  it's	
  just	
  not	
  
evenly	
  distributed."	
  

	
   	
   	
   	
   	
   	
   	
   	
   	
  William	
  Gibson	
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Opinions	
  About	
  HPV	
  VaccinaCon:	
  
TradiConal	
  Survey	
  



Opinions	
  About	
  HPV	
  VaccinaCon:	
  
Using	
  "Non-­‐tradiConal"	
  Data	
  

•  Non-­‐tradiConal,	
  unstructured	
  data	
  
–  keyword	
  search	
  of	
  all	
  Canadian	
  newspapers	
  –>	
  71	
  arCcles	
  
–  3073	
  comments	
  from	
  1198	
  individuals	
  	
  

•  Manual	
  qualitaCve	
  analysis	
  
–  themaCc	
  analysis	
  
–  senCment	
  analysis	
  (posiCve,	
  negaCve,	
  neutral)	
  



Opinions	
  About	
  HPV	
  VaccinaCon:	
  
Using	
  "Non-­‐tradiConal"	
  Data	
  



Opinions	
  About	
  HPV	
  VaccinaCon:	
  
"Non-­‐tradiConal"	
  Data	
  and	
  Machine	
  AnalyCcs	
  

•  Non-­‐tradiConal	
  data	
  
–  scanned	
  130	
  million	
  English	
  language	
  blogs	
  and	
  media	
  items	
  
–  idenCfied	
  9,656	
  HPV-­‐related	
  posts	
  over	
  7	
  months	
  in	
  2008-­‐9	
  

•  Machine	
  learning	
  
–  manually	
  labeled	
  set:	
  157	
  blog	
  posts	
  as	
  posiCve	
  or	
  negaCve	
  senCment	
  	
  
–  training	
  set:	
  1000	
  posts	
  
–  supervised	
  learning:	
  support	
  vector	
  machine	
  (SVM)	
  method	
  
–  overall	
  accuracy	
  of	
  70%	
  

•  SVM	
  classifier	
  run	
  on	
  remaining	
  8500+	
  posts	
  
	
  



Opinions	
  About	
  HPV	
  VaccinaCon:	
  
"Non-­‐tradiConal"	
  Data	
  and	
  Machine	
  AnalyCcs	
  



Data 
Mining

All Studies

Descriptive Analytic

Survey

Qualitative
Experimental Observational

(Randomized) 
Parallel Group

(Randomized) 
Crossover

Cohort

Case 
Control

Cross-
sectional

Descriptive Study Designs: Add Data Mining 



AnalyCc	
  Intent	
  

•  ClassificaCon	
  e.g.,	
  diagnosis	
  
•  PredicCon:	
  e.g.,	
  prognosCc	
  rules	
  
•  Causal	
  inference:	
  e.g.,	
  does	
  X	
  cause	
  Y	
  
•  ExplanaCon,	
  modeling,	
  simulaCon	
  –	
  biomedical,	
  implementaCon	
  	
  

Analytic
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Analy5c	
  Intent	
   Data	
  Source	
   "Study"	
  Design	
  	
   Analy5c	
  Method	
  

ClassificaCon/
PredicCon	
  

Structured	
  

Causal	
  Inference	
   Semi-­‐structured	
  

Unstructured	
  

Examples	
  of	
  AnalyCc	
  Studies	
  





Analy5c	
  Intent	
   Data	
  Source	
   "Study"	
  Design	
   Analy5c	
  Method	
  

ClassificaCon/
PredicCon	
  

Structured	
   "Grab	
  and	
  go"	
   Classical	
  or	
  
Bayesian	
  StaCsCcs	
  

Causal	
  Inference	
   Semi-­‐structured	
  

Unstructured	
  

•  data	
  challenges	
  
–  quality	
  of	
  EHR	
  data	
  
–  quality	
  of	
  data	
  processing	
  (e.g.,	
  NLP)	
  



Incorrect	
  

Non-­‐computable	
  

Biased	
  

ConflicCng	
  

Processed	
  



Analy5c	
  Intent	
   Data	
  Source	
   "Study"	
  Design	
   Analy5c	
  Method	
  

ClassificaCon/
PredicCon	
  

Structured	
   "Grab	
  and	
  go"	
   Classical	
  or	
  
Bayesian	
  StaCsCcs	
  

Causal	
  Inference	
   Semi-­‐structured	
  

Unstructured	
  

•  data	
  challenges	
  
–  quality	
  of	
  EHR	
  data	
  
–  quality	
  of	
  data	
  processing	
  (e.g.,	
  NLP)	
  

•  analysis	
  challenges	
  
–  providing	
  epi/biostsats	
  experCse	
  via	
  a	
  paCents	
  like	
  mine	
  bu:on	
  
–  how	
  to	
  combine	
  near	
  real-­‐Cme	
  EHR	
  data	
  with	
  published	
  evidence	
  



Accuracy	
  70%	
  
PPV	
  74%	
  

Predic5ng	
  Depression	
  via	
  Social	
  Media.	
  De	
  Choudhury,	
  M	
  et	
  al.	
  Proceedings	
  of	
  the	
  Seventh	
  
InternaConal	
  AAAI	
  Conference	
  on	
  Weblogs	
  and	
  Social	
  Media,	
  p	
  128-­‐137.	
  



Analy5c	
  Intent	
   Data	
  Source	
   "Study"	
  Design	
   Analy5c	
  Method	
  

ClassificaCon/
PredicCon	
  

Structured	
   "Grab	
  and	
  go"	
   Classical	
  or	
  
Bayesian	
  StaCsCcs	
  

Causal	
  Inference	
   Semi-­‐structured	
   NLP,	
  SVM,	
  
automated	
  
senCment	
  and	
  
affect	
  analysis…	
  

Unstructured	
  

Predic5ng	
  Depression	
  via	
  Social	
  Media.	
  De	
  Choudhury,	
  M	
  et	
  al.	
  Proceedings	
  of	
  the	
  Seventh	
  
InternaConal	
  AAAI	
  Conference	
  on	
  Weblogs	
  and	
  Social	
  Media,	
  p	
  128-­‐137.	
  



ClassificaCon/PredicCon	
  Study	
  Designs	
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tional

Diagnostic 
Test

Analytic

Classification/
Prediction

Causal 
Inference

Modeling/
Simluation

Experimental

(Randomized) 
Parallel Group

(Randomized) 
Crossover

Observational

Cohort

Case 
Control

Cross-
sectional



Technology-­‐Enabled	
  Experimental	
  Studies	
  

Stepped 
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JITAI

Predictive 
Analytic
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Staying	
  Quit	
  –	
  A	
  JITAI	
  Study	
  
Just-­‐in-­‐Cme	
  AdapCve	
  IntervenCon	
  	
  

•  P:	
  smokers	
  who	
  have	
  just	
  quit	
  
•  I:	
  just-­‐in-­‐Cme	
  stress	
  reducCon	
  	
  
•  C:	
  usual	
  care	
  
•  O:	
  Cme	
  to	
  first	
  lapse,	
  rate	
  of	
  relapse	
  



Staying	
  Quit	
  –	
  A	
  JITAI	
  Study	
  	
  

Detect	
  stress	
   Detect	
  smoking	
  

geolocaCon	
  

stress	
  

acCvity	
  

MD2K	
  Spark	
  cloud	
  plaDorm	
  

individualized	
  smoking	
  
urge	
  model	
  

individualized	
  efficacy	
  
model	
  

adapCve	
  
microrandomizaCon	
  



Analy5c	
  Intent	
   Data	
  Source	
   "Study"	
  Design	
   Analy5c	
  Method	
  

ClassificaCon/
PredicCon	
  

Structured	
   "Grab	
  and	
  go"	
   Classical	
  or	
  
Bayesian	
  StaCsCcs	
  

Causal	
  Inference	
  
	
  

Semi-­‐structured	
   JITAI	
  with	
  micro-­‐
randomizaCon	
  

Machine	
  learning	
  

Unstructured	
  

•  Team	
  includes	
  engineers,	
  behavioral	
  psychologists,	
  
biostaCsCcians,	
  data	
  scienCsts,	
  computer	
  scienCsts	
  

•  MD2K	
  plauorm	
  to	
  be	
  freely	
  downloadable,	
  for	
  running	
  other	
  	
  
JITAI	
  studies	
  

•  Enabling	
  rigorous	
  tesCng	
  of	
  sensor-­‐driven	
  complex	
  behavioral	
  
intervenCons	
  	
  



Machine	
  Learning	
  for	
  Causality	
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sectional





EHR	
   Pa5ents	
   Encounters	
   ICD-­‐9	
  
Diagnoses	
  

Prescrip5ons	
   Unstructured	
  
Notes	
  

Stanford	
   1.8	
  m	
   19	
  m	
   35	
  m	
   11	
  m	
  

PracCce	
  Fusion	
   1.1	
  m	
   5.5	
  m	
   6.8	
  m	
   5.5	
  m	
  

•  MI	
  case	
  finding	
  (n=1503):	
  GenePAD	
  study	
  and	
  independently	
  verified	
  
•  Pharmacovigilance	
  data	
  mining	
  pipeline:	
  

•  previously	
  validated	
  with	
  97.5%	
  sensiCvity	
  and	
  39%	
  specificity	
  
Clin	
  Pharmacol	
  Ther.	
  2013	
  Jun;93(6):547-­‐55.	
  doi:	
  10.1038/clpt.2013.47.	
  



Analy5c	
  Intent	
   Data	
  Source	
   "Study"	
  Design	
   Analy5c	
  Method	
  

ClassificaCon/
PredicCon	
  

Structured	
   "Grab	
  and	
  go"	
   Classical	
  or	
  
Bayesian	
  StaCsCcs	
  

Causal	
  Inference	
   Semi-­‐structured	
   Pharmacovigilance	
  
workflow	
  

Pharmacovigilance	
  
pipeline	
  

Unstructured	
  

•  Can	
  anCcipate	
  more	
  studies	
  from	
  reusable	
  analyCc	
  plauorms	
  
(e.g.,	
  MD2K	
  JITAI)	
  and	
  pipelines	
  (e.g.,	
  Stanford	
  
pharmacovigilance)	
  
–  each	
  with	
  their	
  own	
  risks	
  of	
  bias	
  	
  



Puxng	
  it	
  All	
  Together:	
  Blue	
  and	
  Orange	
  Boxes	
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Deep	
  Learning	
  CogniCve	
  Systems	
  

h:p://www.ibm.com/analyCcs/watson-­‐analyCcs/	
  

Jeopardy!	
  TV	
  Game	
  Show	
  



"Dr.	
  Watson"	
  

•  Supervised	
  and	
  unsupervised	
  learning	
  
–  ingested	
  textbooks,	
  PubMed,	
  took	
  board	
  exam	
  quesCons,	
  solved	
  

NEJM	
  cases	
  
–  with	
  Memorial	
  Sloan	
  Ke:ering:	
  analyzed	
  605,000	
  pieces	
  of	
  medical	
  

evidence,	
  2	
  m	
  pages	
  of	
  text	
  from	
  42	
  medical	
  journals,	
  assisted	
  by	
  
14,700	
  clinician	
  hours	
  

•  Offering	
  individualized	
  oncology	
  treatment	
  advice 
–  based on EHR data and "a synthesis of updated guidelines and 

published research" (including Cochrane reviews) 
–  provides users with evidence trail 

•  Now partnering with Epic  



EBM	
  in	
  a	
  Box?	
  

•  "Watson	
  and	
  Epic	
  sozware	
  could	
  …	
  intelligently	
  
assist	
  doctors	
  and	
  nurses	
  by	
  providing	
  relevant	
  
evidence	
  from	
  the	
  worldwide	
  body	
  of	
  medical	
  
knowledge.	
  Providers	
  will	
  be	
  able	
  to	
  share	
  paCent-­‐
specific	
  data	
  with	
  Watson	
  in	
  real	
  Cme,	
  within	
  
workflows,	
  allowing	
  Watson	
  to	
  bring	
  forth	
  criCcal	
  
evidence	
  from	
  medical	
  literature	
  and	
  case	
  studies	
  
that	
  are	
  most	
  relevant	
  to	
  the	
  paCent’s	
  care"	
  

h:p://www-­‐03.ibm.com/press/us/en/pressrelease/46768.wss	
  



Two	
  Cultures	
  

Evidence-­‐based	
  Medicine 	
  	
  
1.  Emphasis	
  of	
  empirical	
  

evidence	
  over	
  expert	
  
judgment,	
  and	
  research	
  
over	
  authority	
  

2.  Evidence	
  must	
  be	
  
appraised	
  and	
  synthesized	
  
with	
  methodological	
  rigor	
  

Data	
  Science	
  	
  
1.  Emphasis	
  of	
  empirical	
  

observaCon	
  via	
  data	
  
2.  "More	
  data	
  is	
  be:er	
  than	
  

be:er	
  data"	
  
3.  Trust	
  in	
  algorithms	
  



Two	
  Epistemological	
  Approaches	
  

Evidence-­‐based	
  Medicine 	
  	
  
•  FrequenCst,	
  hypothesis-­‐

tesCng	
  	
  
•  Internal	
  validity	
  is	
  

paramount:	
  "best"	
  evidence	
  
should	
  be	
  the	
  main	
  basis	
  for	
  
decisions	
  	
  

•  Decisions	
  ozen	
  narrowly	
  
framed:	
  does	
  this	
  drug	
  
work?	
  	
  

Data	
  Science	
  
•  Data-­‐driven	
  rather	
  than	
  

hypothesis-­‐tesCng	
  
•  External	
  validity	
  is	
  more	
  

highly	
  valued	
  ("paCents	
  like	
  
mine")	
  

•  Decisions	
  are	
  personal,	
  
iteraCve,	
  and	
  conCngent,	
  
involving	
  tradeoffs	
  and	
  
uncertainty	
  (Bayesian,	
  
decision-­‐theoreCc)	
  



PotenCal	
  Paths	
  into	
  Uneven	
  Future	
  
1.  Focus	
  on	
  improving	
  today's	
  EBM	
  
2.  Incorporate	
  studies	
  that	
  use	
  big	
  and	
  non-­‐

tradiConal	
  data	
  and	
  machine	
  analyCcs	
  
3.  Pursue	
  a	
  synergy	
  of	
  EBM	
  and	
  data	
  science	
  



"We	
  gather	
  and	
  summarize	
  the	
  best	
  evidence	
  from	
  research	
  to	
  
help	
  you	
  make	
  informed	
  choices	
  about	
  treatment”	
  	
  



Experimental	
  or	
  
ObservaConal	
  
AnalyCc	
  Studies	
  	
  

Data	
  

PublicaCons	
  

EBM	
  Pipeline	
  

Decision	
  
Maker	
  

SystemaCc	
  
Reviews	
  

Hierarchy	
  of	
  Evidence	
  

?	
  



Data	
  and	
  InformaCon	
  

DescripCon	
  
ClassificaCon/PredicCon	
  

Causal	
  Inference	
  
Modeling/SimulaCon	
  

A	
  Synergy?	
  

Decision	
  
Maker(s)	
  

personalized,	
  just-­‐in-­‐4me,	
  
predic4ve	
  decision	
  support	
  



Data	
  and	
  InformaCon	
  

orange	
  boxes	
  

blue	
  boxes	
  

Evidence	
  from	
  Many	
  Study	
  Types	
  

DescripCon	
  
ClassificaCon/PredicCon	
  

Causal	
  Inference	
  
Modeling/SimulaCon	
  

Synthesis	
  of	
  All	
  
Evidence	
  

Decision	
  
Maker(s)	
  

personalized,	
  just-­‐in-­‐4me,	
  
predic4ve	
  decision	
  support	
  



Data	
  and	
  InformaCon	
  

Need	
  New	
  Evidence?	
  

Synthesis	
  of	
  All	
  
Evidence	
  

DescripCon	
  
ClassificaCon/PredicCon	
  

Causal	
  Inference	
  
Modeling/SimulaCon	
  

Decision	
  
Maker(s)	
  

personalized,	
  just-­‐in-­‐4me,	
  
predic4ve	
  decision	
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