
Caveats	  and	  Recommendations	  for	  Use	  of	  Operational	  Electronic	  
Health	  Record	  Data	  for	  Research	  and	  Quality	  Measurement	  

	  
William	  Hersh,	  MD,	  FACP,	  FACMI	  

Diplomate,	  Clinical	  Informatics,	  American	  Board	  of	  Preventive	  Medicine	  
Professor	  and	  Chair	  

Department	  of	  Medical	  Informatics	  &	  Clinical	  Epidemiology	  
Oregon	  Health	  &	  Science	  University	  

Portland,	  OR,	  USA	  
Email:	  hersh@ohsu.edu	  
Web:	  www.billhersh.info	  

Blog:	  http://informaticsprofessor.blogspot.com	  
	  

References	  
	  
Altman,	  RB	  (2012).	  Translational	  bioinformatics:	  linking	  the	  molecular	  world	  to	  the	  clinical	  
world.	  Clinical	  Pharmacology	  and	  Therapeutics.	  91:	  994-‐1000.	  
Amarasingham,	  R,	  Patel,	  PC,	  et	  al.	  (2013).	  Allocating	  scarce	  resources	  in	  real-‐time	  to	  reduce	  
heart	  failure	  readmissions:	  a	  prospective,	  controlled	  study.	  BMJ	  Quality	  &	  Safety.	  22:	  998-‐
1005.	  
Anonymous	  (2012).	  Demand	  Persists	  for	  Experienced	  Health	  IT	  Staff.	  Ann	  Arbor,	  MI,	  
College	  of	  Healthcare	  Information	  Management	  Executives.	  http://www.cio-‐
chime.org/chime/press/surveys/pdf/CHIME_Workforce	  _survey_report.pdf	  
Anonymous	  (2014).	  2014	  eHI	  Data	  Exchange	  Survey	  Key	  Findings.	  Washington,	  DC,	  
eHealth	  Initiative.	  http://www.ehidc.org/resource-‐
center/publications/view_document/461-‐reports-‐2014-‐ehi-‐data-‐exchange-‐survey-‐key-‐
findings	  
Anonymous	  (2014).	  2014	  HealthITJobs.com	  Salary	  Report.	  
http://www.healthitjobs.com/healthcare-‐it-‐careers-‐resources/2014-‐healthitjobs-‐health-‐
it-‐salary-‐survey.aspx	  
Anonymous	  (2014).	  2014	  HIMSS	  Workforce	  Survey.	  Chicago,	  IL,	  HIMSS	  Analytics.	  
http://www.himssanalytics.org/research/AssetDetail.aspx?pubid=82173	  
Anonymous	  (2014).	  Connecting	  Health	  and	  Care	  for	  the	  Nation:	  A	  10-‐Year	  Vision	  to	  
Achieve	  an	  Interoperable	  Health	  IT	  Infrastructure.	  Washington,	  DC,	  Department	  of	  Health	  
and	  Human	  Services.	  
http://www.healthit.gov/sites/default/files/ONC10yearInteroperabilityConceptPaper.pdf	  
Barkhuysen,	  P,	  deGrauw,	  W,	  et	  al.	  (2014).	  Is	  the	  quality	  of	  data	  in	  an	  electronic	  medical	  
record	  sufficient	  for	  assessing	  the	  quality	  of	  primary	  care?	  Journal	  of	  the	  American	  Medical	  
Informatics	  Association.	  21:	  692-‐698.	  
Bayley,	  KB,	  Belnap,	  T,	  et	  al.	  (2013).	  Challenges	  in	  using	  electronic	  health	  record	  data	  for	  
CER:	  experience	  of	  four	  learning	  organizations.	  Medical	  Care.	  51:	  S80-‐S86.	  
Blumenthal,	  D	  (2011).	  Implementation	  of	  the	  federal	  health	  information	  technology	  
initiative.	  New	  England	  Journal	  of	  Medicine.	  365:	  2426-‐2431.	  
Blumenthal,	  D	  (2011).	  Wiring	  the	  health	  system-‐-‐origins	  and	  provisions	  of	  a	  new	  federal	  
program.	  New	  England	  Journal	  of	  Medicine.	  365:	  2323-‐2329.	  



Butler,	  D	  (2013).	  When	  Google	  got	  flu	  wrong.	  Nature.	  494:	  155-‐156.	  
Chapman,	  WW,	  Christensen,	  LM,	  et	  al.	  (2004).	  Classifying	  free-‐text	  triage	  chief	  complaints	  
into	  syndromic	  categories	  with	  natural	  language	  processing.	  Artificial	  Intelligence	  in	  
Medicine.	  33:	  31-‐40.	  
Charles,	  D,	  Gabriel,	  M,	  et	  al.	  (2014).	  Adoption	  of	  Electronic	  Health	  Record	  Systems	  among	  
U.S.	  Non-‐federal	  Acute	  Care	  Hospitals:	  2008-‐2013.	  Washington,	  DC,	  Department	  of	  Health	  
and	  Human	  Services.	  http://www.healthit.gov/sites/default/files/oncdatabrief16.pdf	  
Collins,	  FS,	  Hudson,	  KL,	  et	  al.	  (2014).	  PCORnet:	  turning	  a	  dream	  into	  reality.	  Journal	  of	  the	  
American	  Medical	  Informatics	  Association:	  Epub	  ahead	  of	  print.	  
Crosslin,	  DR,	  McDavid,	  A,	  et	  al.	  (2012).	  Genetic	  variants	  associated	  with	  the	  white	  blood	  cell	  
count	  in	  13,923	  subjects	  in	  the	  eMERGE	  Network.	  Human	  Genetics.	  131:	  639-‐652.	  
Dahabreh,	  IJ	  and	  Kent,	  DM	  (2014).	  Can	  the	  learning	  health	  care	  system	  be	  educated	  with	  
observational	  data?	  Journal	  of	  the	  American	  Medical	  Association.	  312:	  129-‐130.	  
Danaei,	  G,	  Rodríguez,	  LA,	  et	  al.	  (2011).	  Observational	  data	  for	  comparative	  effectiveness	  
research:	  An	  emulation	  of	  randomised	  trials	  of	  statins	  and	  primary	  prevention	  of	  coronary	  
heart	  disease.	  Statistical	  Methods	  in	  Medical	  Research.	  22:	  70-‐96.	  
deLusignan,	  S	  and	  vanWeel,	  C	  (2005).	  The	  use	  of	  routinely	  collected	  computer	  data	  for	  
research	  in	  primary	  care:	  opportunities	  and	  challenges.	  Family	  Practice.	  23:	  253-‐263.	  
Denny,	  JC,	  Crawford,	  DC,	  et	  al.	  (2011).	  Variants	  near	  FOXE1	  are	  associated	  with	  
hypothyroidism	  and	  other	  thyroid	  conditions:	  using	  electronic	  medical	  records	  for	  
genome-‐	  and	  phenome-‐wide	  studies.	  American	  Journal	  of	  Human	  Genetics.	  89:	  529-‐542.	  
Denny,	  JC,	  Ritchie,	  MD,	  et	  al.	  (2010).	  Identification	  of	  genomic	  predictors	  of	  atrioventricular	  
conduction:	  using	  electronic	  medical	  records	  as	  a	  tool	  for	  genome	  science.	  Circulation.	  122:	  
2016-‐2021.	  
Detmer,	  DE	  and	  Shortliffe,	  EH	  (2014).	  Clinical	  informatics:	  prospects	  for	  a	  new	  medical	  
subspecialty.	  Journal	  of	  the	  American	  Medical	  Association.	  311:	  2067-‐2068.	  
Diamond,	  CC,	  Mostashari,	  F,	  et	  al.	  (2009).	  Collecting	  and	  sharing	  data	  for	  population	  health:	  
a	  new	  paradigm.	  Health	  Affairs.	  28:	  454-‐466.	  
Fleurence,	  RL,	  Curtis,	  LH,	  et	  al.	  (2014).	  Launching	  PCORnet,	  a	  national	  patient-‐centered	  
clinical	  research	  network.	  Journal	  of	  the	  American	  Medical	  Informatics	  Association:	  Epub	  
ahead	  of	  print.	  
Furukawa,	  MF,	  King,	  J,	  et	  al.	  (2014).	  Despite	  substantial	  progress	  in	  EHR	  adoption,	  health	  
information	  exchange	  and	  patient	  engagement	  remain	  low	  in	  office	  settings.	  Health	  Affairs.	  
33:	  1672-‐1679.	  
Furukawa,	  MF,	  Vibbert,	  D,	  et	  al.	  (2012).	  HITECH	  and	  Health	  IT	  Jobs:	  Evidence	  from	  Online	  
Job	  Postings.	  Washington,	  DC,	  Office	  of	  the	  National	  Coordinator	  for	  Health	  Information	  
Technology.	  
http://www.healthit.gov/sites/default/files/pdf/0512_ONCDataBrief2_JobPostings.pdf	  
Galvez,	  E	  (2014).	  Interoperability	  Roadmap:	  Early	  Draft	  Material	  -‐	  Joint	  HITPC	  and	  HITSC	  
Meeting.	  Washington,	  DC,	  Department	  of	  Health	  and	  Human	  Services.	  
http://www.healthit.gov/facas/sites/faca/files/Joint_HIT_DRAFT	  Nationwide	  
Interoperability	  Roadmap	  Material	  FACA	  v2_2014-‐10-‐15.pdf	  
Gerbier,	  S,	  Yarovaya,	  O,	  et	  al.	  (2011).	  Evaluation	  of	  natural	  language	  processing	  from	  
emergency	  department	  computerized	  medical	  records	  for	  intra-‐hospital	  syndromic	  
surveillance.	  BMC	  Medical	  Informatics	  &	  Decision	  Making.	  11:	  50.	  
http://www.biomedcentral.com/1472-‐6947/11/50	  



Gildersleeve,	  R	  and	  Cooper,	  P	  (2013).	  Development	  of	  an	  automated,	  real	  time	  surveillance	  
tool	  for	  predicting	  readmissions	  at	  a	  community	  hospital.	  Applied	  Clinical	  Informatics.	  4:	  
153-‐169.	  
Ginsberg,	  J,	  Mohebbi,	  MH,	  et	  al.	  (2009).	  Detecting	  influenza	  epidemics	  using	  search	  engine	  
query	  data.	  Nature.	  457:	  1012-‐1014.	  
Gottesman,	  O,	  Kuivaniemi,	  H,	  et	  al.	  (2013).	  The	  Electronic	  Medical	  Records	  and	  Genomics	  
(eMERGE)	  Network:	  past,	  present,	  and	  future.	  Genetics	  in	  Medicine.	  15:	  761-‐771.	  
Hebert,	  C,	  Shivade,	  C,	  et	  al.	  (2014).	  Diagnosis-‐specific	  readmission	  risk	  prediction	  using	  
electronic	  health	  data:	  a	  retrospective	  cohort	  study.	  BMC	  Medical	  Informatics	  &	  Decision	  
Making.	  14:	  65.	  http://www.biomedcentral.com/1472-‐6947/14/65	  
Henning,	  KJ	  (2004).	  What	  is	  syndromic	  surveillance?	  Morbidity	  and	  Mortality	  Weekly	  
Report.	  53(Suppl):	  5-‐11.	  http://www.cdc.gov/mmwr/preview/mmwrhtml/su5301a3.htm	  
Hersh,	  W	  (2010).	  The	  health	  information	  technology	  workforce:	  estimations	  of	  demands	  
and	  a	  framework	  for	  requirements.	  Applied	  Clinical	  Informatics.	  1:	  197-‐212.	  
Hersh,	  W	  (2012).	  Update	  on	  the	  ONC	  for	  Health	  IT	  Workforce	  Development	  Program.	  
HIMSS	  Clinical	  Informatics	  Insights,	  July,	  2012.	  
http://www.himss.org/ASP/ContentRedirector.asp?ContentId=80559&type=HIMSSNewsIt
em;src=cii20120709	  
Hersh,	  W	  (2014).	  Square	  Pegs	  into	  Round	  Holes	  -‐	  Challenges	  for	  the	  Clinical	  Fellowship	  
Model	  for	  Clinical	  Informatics	  Subspecialty	  Training.	  Informatics	  Professor,	  May	  14,	  2014.	  
http://informaticsprofessor.blogspot.com/2014/05/square-‐pegs-‐into-‐round-‐holes-‐
challenges.html	  
Hersh,	  WR,	  Cimino,	  JJ,	  et	  al.	  (2013).	  Recommendations	  for	  the	  use	  of	  operational	  electronic	  
health	  record	  data	  in	  comparative	  effectiveness	  research.	  eGEMs	  (Generating	  Evidence	  &	  
Methods	  to	  improve	  patient	  outcomes).	  1:	  14.	  
http://repository.academyhealth.org/egems/vol1/iss1/14/	  
Hersh,	  WR,	  Weiner,	  MG,	  et	  al.	  (2013).	  Caveats	  for	  the	  use	  of	  operational	  electronic	  health	  
record	  data	  in	  comparative	  effectiveness	  research.	  Medical	  Care.	  51(Suppl	  3):	  S30-‐S37.	  
Hersh,	  WR	  and	  Wright,	  A	  (2008).	  What	  workforce	  is	  needed	  to	  implement	  the	  health	  
information	  technology	  agenda?	  An	  analysis	  from	  the	  HIMSS	  Analytics™	  Database.	  AMIA	  
Annual	  Symposium	  Proceedings,	  Washington,	  DC.	  American	  Medical	  Informatics	  
Association.	  303-‐307.	  
Horner,	  P	  and	  Basu,	  A	  (2012).	  Analytics	  &	  the	  future	  of	  healthcare.	  Analytics,	  
January/February	  2012.	  http://www.analytics-‐magazine.org/januaryfebruary-‐2012/503-‐
analytics-‐a-‐the-‐future-‐of-‐healthcare	  
Hsiao,	  CJ	  and	  Hing,	  E	  (2014).	  Use	  and	  Characteristics	  of	  Electronic	  Health	  Record	  Systems	  
Among	  Office-‐based	  Physician	  Practices:	  United	  States,	  2001–2013.	  Hyattsville,	  MD,	  
National	  Center	  for	  Health	  Statistics.	  
http://www.cdc.gov/nchs/data/databriefs/db143.htm	  
Jha,	  AK,	  Joynt,	  KE,	  et	  al.	  (2012).	  The	  long-‐term	  effect	  of	  Premier	  pay	  for	  performance	  on	  
patient	  outcomes.	  New	  England	  Journal	  of	  Medicine:	  Epub	  ahead	  of	  print.	  
Kullo,	  LJ,	  Ding,	  K,	  et	  al.	  (2010).	  A	  genome-‐wide	  association	  study	  of	  red	  blood	  cell	  traits	  
using	  the	  electronic	  medical	  record.	  PLoS	  ONE.	  5(9):	  e13011.	  
Lazer,	  D,	  Kennedy,	  R,	  et	  al.	  (2014).	  Big	  data.	  The	  parable	  of	  Google	  Flu:	  traps	  in	  big	  data	  
analysis.	  Science.	  343:	  1203-‐1205.	  



Lee,	  SJ	  and	  Walter,	  LC	  (2011).	  Quality	  indicators	  for	  older	  adults:	  preventing	  unintended	  
harms.	  Journal	  of	  the	  American	  Medical	  Association.	  306:	  1481-‐1482.	  
MacKenzie,	  SL,	  Wyatt,	  MC,	  et	  al.	  (2012).	  Practices	  and	  perspectives	  on	  building	  integrated	  
data	  repositories:	  results	  from	  a	  2010	  CTSA	  survey.	  Journal	  of	  the	  American	  Medical	  
Informatics	  Association.	  19(e1):	  e119-‐e124.	  
Miller,	  DR,	  Safford,	  MM,	  et	  al.	  (2004).	  Who	  has	  diabetes?	  Best	  estimates	  of	  diabetes	  
prevalence	  in	  the	  Department	  of	  Veterans	  Affairs	  based	  on	  computerized	  patient	  data.	  
Diabetes	  Care.	  27(Suppl	  2):	  B10-‐21.	  
Mirnezami,	  R,	  Nicholson,	  J,	  et	  al.	  (2012).	  Preparing	  for	  precision	  medicine.	  New	  England	  
Journal	  of	  Medicine.	  366:	  489-‐491.	  
Newton,	  KM,	  Peissig,	  PL,	  et	  al.	  (2013).	  Validation	  of	  electronic	  medical	  record-‐based	  
phenotyping	  algorithms:	  results	  and	  lessons	  learned	  from	  the	  eMERGE	  network.	  Journal	  of	  
the	  American	  Medical	  Informatics	  Association.	  20(e1):	  e147-‐154.	  
Parsons,	  A,	  McCullough,	  C,	  et	  al.	  (2012).	  Validity	  of	  electronic	  health	  record-‐derived	  quality	  
measurement	  for	  performance	  monitoring.	  Journal	  of	  the	  American	  Medical	  Informatics	  
Association.	  19:	  604-‐609.	  
Pathak,	  J,	  Bailey,	  KR,	  et	  al.	  (2013).	  Normalization	  and	  standardization	  of	  electronic	  health	  
records	  for	  high-‐throughput	  phenotyping:	  the	  SHARPn	  consortium.	  Journal	  of	  the	  American	  
Medical	  Informatics	  Association.	  20:	  e341-‐e348.	  
Rea,	  S,	  Pathak,	  J,	  et	  al.	  (2012).	  Building	  a	  robust,	  scalable	  and	  standards-‐driven	  
infrastructure	  for	  secondary	  use	  of	  EHR	  data:	  The	  SHARPn	  project.	  Journal	  of	  Biomedical	  
Informatics.	  45:	  763-‐771.	  
Richesson,	  RL,	  Rusincovitch,	  SA,	  et	  al.	  (2013).	  A	  comparison	  of	  phenotype	  definitions	  for	  
diabetes	  mellitus.	  Journal	  of	  the	  American	  Medical	  Informatics	  Association.	  20:	  e319-‐e326.	  
Safran,	  C,	  Bloomrosen,	  M,	  et	  al.	  (2007).	  Toward	  a	  national	  framework	  for	  the	  secondary	  use	  
of	  health	  data:	  an	  American	  Medical	  Informatics	  Association	  white	  paper.	  Journal	  of	  the	  
American	  Medical	  Informatics	  Association.	  14:	  1-‐9.	  
Schwartz,	  A,	  Magoulas,	  R,	  et	  al.	  (2013).	  Tracking	  labor	  demand	  with	  online	  job	  postings:	  the	  
case	  of	  health	  IT	  workers	  and	  the	  HITECH	  Act.	  Industrial	  Relations:	  A	  Journal	  of	  Economy	  
and	  Society.	  52:	  941–968.	  
Serumaga,	  B,	  Ross-‐Degnan,	  D,	  et	  al.	  (2011).	  Effect	  of	  pay	  for	  performance	  on	  the	  
management	  and	  outcomes	  of	  hypertension	  in	  the	  United	  Kingdom:	  interrupted	  time	  series	  
study.	  British	  Medical	  Journal.	  342:	  d108.	  http://www.bmj.com/content/342/bmj.d108	  
Swain,	  M,	  Charles,	  D,	  et	  al.	  (2014).	  Health	  Information	  Exchange	  among	  U.S.	  Non-‐federal	  
Acute	  Care	  Hospitals:	  2008-‐2013.	  Washington,	  DC,	  Department	  of	  Health	  and	  Human	  
Services.	  
http://www.healthit.gov/sites/default/files/oncdatabrief17_hieamonghospitals.pdf	  
Tannen,	  RL,	  Weiner,	  MG,	  et	  al.	  (2008).	  Replicated	  studies	  of	  two	  randomized	  trials	  of	  
angiotensin-‐converting	  enzyme	  inhibitors:	  further	  empiric	  validation	  of	  the	  'prior	  event	  
rate	  ratio'	  to	  adjust	  for	  unmeasured	  confounding	  by	  indication.	  Pharmacoepidemiology	  and	  
Drug	  Safety.	  17:	  671-‐685.	  
Tannen,	  RL,	  Weiner,	  MG,	  et	  al.	  (2009).	  Use	  of	  primary	  care	  electronic	  medical	  record	  
database	  in	  drug	  efficacy	  research	  on	  cardiovascular	  outcomes:	  comparison	  of	  database	  
and	  randomised	  controlled	  trial	  findings.	  British	  Medical	  Journal.	  338:	  b81.	  
http://www.bmj.com/cgi/content/full/338/jan27_1/b81	  



Tannen,	  RL,	  Weiner,	  MG,	  et	  al.	  (2007).	  A	  simulation	  using	  data	  from	  a	  primary	  care	  practice	  
database	  closely	  replicated	  the	  Women's	  Health	  Initiative	  trial.	  Journal	  of	  Clinical	  
Epidemiology.	  60:	  686-‐695.	  
Wang,	  TY,	  Dai,	  D,	  et	  al.	  (2011).	  The	  importance	  of	  consistent,	  high-‐quality	  acute	  myocardial	  
infarction	  and	  heart	  failure	  care	  results	  from	  the	  American	  Heart	  Association's	  Get	  with	  the	  
Guidelines	  Program.	  Journal	  of	  the	  American	  College	  of	  Cardiology.	  58:	  637-‐644.	  
Wei,	  WQ,	  Leibson,	  CL,	  et	  al.	  (2013).	  The	  absence	  of	  longitudinal	  data	  limits	  the	  accuracy	  of	  
high-‐throughput	  clinical	  phenotyping	  for	  identifying	  type	  2	  diabetes	  mellitus	  subjects.	  
International	  Journal	  of	  Medical	  Informatics.	  82:	  239-‐247.	  
Weiner,	  MG,	  Barnhart,	  K,	  et	  al.	  (2008).	  Hormone	  therapy	  and	  coronary	  heart	  disease	  in	  
young	  women.	  Menopause.	  15:	  86-‐93.	  
Xu,	  H,	  Aldrich,	  MC,	  et	  al.	  (2014).	  Validating	  drug	  repurposing	  signals	  using	  electronic	  health	  
records:	  a	  case	  study	  of	  metformin	  associated	  with	  reduced	  cancer	  mortality.	  Journal	  of	  the	  
American	  Medical	  Informatics	  Association:	  Epub	  ahead	  of	  print.	  
Zhang,	  Z	  and	  Sun,	  J	  (2010).	  Interval	  censoring.	  Statistical	  Methods	  in	  Medical	  Research.	  19:	  
53-‐70.	  
	  
	  



1 

Caveats	  and	  Recommenda.ons	  for	  
Use	  of	  Opera.onal	  Electronic	  Health	  

Record	  Data	  for	  Research	  and	  
Quality	  Measurement	  

William	  Hersh,	  MD,	  FACP,	  FACMI	  
Diplomate,	  Clinical	  Informa.cs,	  ABPM	  

Professor	  and	  Chair	  
Department	  of	  Medical	  Informa.cs	  &	  Clinical	  Epidemiology	  

Oregon	  Health	  &	  Science	  University	  
Portland,	  OR,	  USA	  

Email:	  hersh@ohsu.edu	  
Web:	  www.billhersh.info	  

Blog:	  hMp://informa.csprofessor.blogspot.com	  

1	  

Outline	  

•  Opportuni.es	  for	  secondary	  use	  or	  re-‐use	  of	  
clinical	  data	  for	  research	  and	  other	  purposes	  

•  Caveats	  of	  using	  opera.onal	  clinical	  data	  
•  Recommenda.ons	  for	  using	  opera.onal	  
clinical	  data	  

•  Need	  for	  standards	  and	  interoperability	  
•  Role	  of	  informa.cs	  professionals	  
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US	  has	  made	  substan.al	  investment	  in	  
health	  informa.on	  technology	  (HIT)	  

“To	  improve	  the	  quality	  of	  our	  health	  care	  while	  lowering	  
its	  cost,	  we	  will	  make	  the	  immediate	  investments	  
necessary	  to	  ensure	  that	  within	  five	  years,	  all	  of	  
America’s	  medical	  records	  are	  computerized	  …	  It	  just	  
won’t	  save	  billions	  of	  dollars	  and	  thousands	  of	  jobs	  –	  it	  
will	  save	  lives	  by	  reducing	  the	  deadly	  but	  preventable	  
medical	  errors	  that	  pervade	  our	  health	  care	  system.”	  

	  January	  5,	  2009	  
	  
Health	  Informa.on	  Technology	  for	  Economic	  and	  Clinical	  
Health	  (HITECH)	  Act	  of	  the	  American	  Recovery	  and	  
Reinvestment	  Act	  (ARRA)	  (Blumenthal,	  2011)	  
•  Incen.ves	  for	  electronic	  health	  record	  (EHR)	  adop.on	  

by	  physicians	  and	  hospitals	  (up	  to	  $27B)	  
•  Direct	  grants	  administered	  by	  federal	  agencies	  ($2B,	  

including	  $118M	  for	  workforce	  development)	  

3	  

Which	  has	  led	  to	  significant	  EHR	  
adop.on	  in	  the	  US	  

(Hsiao,	  2014)	  

(Charles,	  2014)	  
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Providing	  opportuni.es	  for	  “secondary	  
use”	  or	  “re-‐use”	  of	  clinical	  data	  

•  (Safran,	  2007;	  SHARPn,	  Rea,	  2012)	  
•  Using	  data	  to	  improve	  care	  delivery	  
•  Healthcare	  quality	  measurement	  and	  
improvement	  

•  Clinical	  and	  transla.onal	  research	  
•  Public	  health	  surveillance	  
•  Implemen.ng	  the	  learning	  health	  system	  

5	  

Using	  data	  to	  improve	  healthcare	  

•  With	  shie	  of	  payment	  from	  “volume	  to	  value,”	  
healthcare	  organiza.ons	  will	  need	  to	  manage	  
informa.on	  beMer	  to	  provide	  beMer	  care	  (Diamond,	  
2009;	  Horner,	  2012)	  

•  Predic.ve	  analy.cs	  is	  use	  of	  data	  to	  an.cipate	  poor	  
outcomes	  or	  increased	  resource	  use	  –	  applied	  by	  many	  
to	  problem	  of	  early	  hospital	  re-‐admission	  (e.g.,	  
Gildersleeve,	  2013;	  Amarasingham,	  2013;	  Herbert,	  
2014)	  

•  A	  requirement	  for	  “precision	  medicine”	  (Mirnezami,	  
2012)	  and	  “personalized	  medicine”	  (Altman,	  2012)	  

6	  
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Quality	  measurement	  and	  
improvement	  

•  Quality	  measures	  increasingly	  used	  in	  US	  and	  
elsewhere	  to	  make	  care	  more	  “accountable”	  
–  Used	  more	  for	  process	  than	  outcome	  measures	  (Lee,	  
2011),	  e.g.,	  Stage	  1	  meaningful	  use	  

•  In	  UK,	  pay	  for	  performance	  schemes	  achieved	  early	  
value	  but	  fewer	  further	  gains	  (Serumaga,	  2011)	  

•  In	  US,	  some	  quality	  measures	  found	  to	  lead	  to	  
improved	  pa.ent	  outcomes	  (e.g.,	  Wang,	  2011),	  others	  
not	  (e.g.,	  Jha,	  2012)	  

•  Desire	  is	  to	  derive	  automa.cally	  from	  EHR	  data,	  but	  
this	  has	  proven	  challenging	  with	  current	  systems	  
(Parsons,	  2012;	  Pathak,	  2013;	  Barkhuysen,	  2014)	  

7	  

Clinical	  and	  transla.onal	  research	  
•  Led	  in	  part	  by	  ac.vi.es	  of	  NIH	  Clinical	  and	  
Transla.onal	  Science	  Award	  (CTSA)	  Program	  
(Mackenzie,	  2012)	  

•  One	  of	  largest	  and	  most	  produc.ve	  efforts	  has	  
been	  eMERGE	  Network	  –	  connec.ng	  genotype-‐
phenotype	  (GoMesman,	  2013;	  Newton,	  2013)	  
–  hMp://emerge.mc.vanderbilt.edu	  	  
– Has	  used	  EHR	  data	  to	  iden.fy	  genomic	  variants	  
associated	  with	  atrioventricular	  conduc.on	  
abnormali.es	  (Denny,	  2010),	  red	  blood	  cell	  traits	  
(Kullo,	  2010),	  white	  blood	  cell	  count	  abnormali.es	  
(Crosslin,	  2012),	  thyroid	  disorders	  (Denny,	  2011),	  etc.	  
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Clinical	  and	  transla.onal	  research	  
(cont.)	  

•  Other	  successes	  include	  replica.on	  of	  clinical	  studies,	  
e.g.,	  
–  Randomized	  controlled	  trials	  (RCT)	  

•  Women’s	  Health	  Ini.a.ve	  (Tannen,	  2007;	  Weiner,	  2008)	  
•  Other	  cardiovascular	  diseases	  (Tannen,	  2008;	  Tannen,	  2009)	  and	  
value	  of	  sta.n	  drugs	  in	  primary	  preven.on	  of	  coronary	  heart	  
disease	  (Danaei,	  2011)	  

–  Observa.onal	  studies	  
•  Menormin	  and	  reduced	  cancer	  mortality	  rate	  (Xu,	  2014)	  

•  Much	  poten.al	  for	  using	  propensity	  scores	  with	  
observa.onal	  studies	  as	  complement	  to	  RCTs	  
–  Oeen	  but	  not	  always	  obtain	  same	  results	  as	  RCTs	  
(Dahabreh,	  2014)	  

9	  

Public	  health	  
•  “Syndromic	  surveillance”	  aims	  to	  use	  data	  sources	  for	  
early	  detec.on	  of	  public	  health	  threats,	  from	  
bioterrorism	  to	  emergent	  diseases	  

•  Interest	  increased	  aeer	  9/11	  aMacks	  (Henning,	  2004;	  
Chapman,	  2004;	  Gerbier,	  2011)	  

•  Ongoing	  effort	  in	  Google	  Flu	  Trends	  
–  hMp://www.google.org/flutrends/	  
–  Search	  terms	  entered	  into	  Google	  predicted	  flu	  ac.vity	  but	  
not	  early	  enough	  to	  intervene	  (Ginsberg,	  2009)	  

–  Performance	  in	  recent	  years	  has	  been	  poorer	  (Butler,	  
2013)	  

–  Case	  of	  needing	  to	  avoid	  “Big	  Data	  hubris”	  (Lazer,	  2014)	  

10	  
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Implemen.ng	  the	  learning	  healthcare	  
system	  (ONC,	  2014)	  

11	  

12	  

Opera.onal	  clinical	  data	  may	  be	  (Medical	  Care,	  2013):	  
•  Inaccurate	  
•  Incomplete	  
•  Transformed	  in	  ways	  that	  undermine	  meaning	  
•  Unrecoverable	  for	  research	  
•  Of	  unknown	  provenance	  
•  Of	  insufficient	  granularity	  
•  Incompa.ble	  with	  research	  protocols	  
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Inaccurate	  

•  Documenta.on	  not	  always	  a	  top	  priority	  for	  busy	  
clinicians	  (de	  Lusignan,	  2005)	  

•  Analysis	  of	  EHR	  systems	  of	  four	  known	  na.onal	  leaders	  
assessed	  use	  of	  data	  for	  studies	  on	  treatment	  of	  
hypertension	  and	  found	  five	  categories	  of	  reasons	  why	  
data	  were	  problema.c	  (Bayley,	  2013)	  
– Missing	  
–  Erroneous	  
–  Un-‐interpretable	  
–  Inconsistent	  
–  Inaccessible	  in	  text	  notes	  

13	  

Incomplete	  
•  Not	  every	  diagnosis	  is	  recorded	  at	  every	  visit;	  absence	  
of	  evidence	  is	  not	  always	  evidence	  of	  absence,	  an	  
example	  of	  a	  concern	  known	  by	  sta.s.cians	  as	  
censoring	  (Zhang,	  2010)	  

•  Makes	  tasks	  such	  as	  iden.fying	  diabe.c	  pa.ents	  
challenging	  (Miller,	  2004;	  Wei,	  2013;	  Richesson,	  2013)	  

•  Undermine	  ability	  to	  automate	  quality	  measurement	  
– Measures	  under-‐reported	  based	  on	  under-‐capture	  of	  data	  
due	  to	  varia.on	  in	  clinical	  workflow	  and	  documenta.on	  
prac.ces	  (Parsons,	  2012)	  

–  Correct	  when	  present	  but	  not	  infrequently	  missing	  in	  
primary	  care	  EHRs	  (Barkhuysen,	  2014)	  

14	  
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“Idiosyncrasies”	  of	  clinical	  data	  
(Hersh,	  2013)	  

•  “Lee	  censoring”	  –	  First	  instance	  of	  disease	  in	  record	  
may	  not	  be	  when	  first	  manifested	  

•  “Right	  censoring”	  –	  Data	  source	  may	  not	  cover	  long	  
enough	  .me	  interval	  

•  Data	  might	  not	  be	  captured	  from	  other	  clinical	  (other	  
hospitals	  or	  health	  systems)	  or	  non-‐clinical	  (OTC	  drugs)	  
setngs	  

•  Bias	  in	  tes.ng	  or	  treatment	  
•  Ins.tu.onal	  or	  personal	  varia.on	  in	  prac.ce	  or	  
documenta.on	  styles	  

•  Inconsistent	  use	  of	  coding	  or	  standards	  

15	  

Overcoming	  the	  caveats:	  
recommenda.ons	  for	  EHR	  data	  use	  

•  (Hersh,	  2013)	  
•  Assessing	  and	  using	  
data	  

•  Adapta.on	  of	  “best	  
evidence”	  approaches	  
to	  use	  of	  opera.onal	  
data	  

•  Need	  for	  standards	  
and	  interoperability	  

•  Appropriate	  use	  of	  
informa.cs	  exper.se	  

16	  
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Approach:	  adapt	  rules	  of	  evidence-‐
based	  medicine	  (EBM)?	  

•  Ask	  an	  answerable	  ques.on	  
–  Can	  ques.on	  be	  answered	  by	  the	  data	  we	  have?	  

•  Find	  the	  best	  evidence	  
–  In	  this	  case,	  the	  best	  evidence	  is	  the	  EHR	  data	  needed	  
to	  answer	  the	  ques.on	  

•  Cri.cally	  appraise	  the	  evidence	  
– Does	  the	  data	  answer	  our	  ques.on?	  Are	  there	  
confounders?	  

•  Apply	  it	  to	  the	  pa.ent	  situa.on	  
–  Can	  the	  data	  be	  applied	  to	  this	  setng?	  

17	  

18	  

Uptake	  of	  health	  informa.on	  exchange	  (HIE)	  less	  
than	  adop.on	  of	  EHRs	  
•  Hospitals	  62%	  with	  outside	  organiza.ons	  (Swain,	  2014)	  
•  Physicians	  38%	  with	  outside	  providers	  (Furukawa,	  2014)	  
•  Costs	  and	  technical	  challenges	  s.ll	  undermine	  

sustainability	  of	  HIE	  organiza.ons	  (eHI,	  2014)	  
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Challenges	  to	  EHRs	  and	  HIE	  have	  
spurred	  focus	  on	  interoperability	  

•  Office	  of	  Na.onal	  Coordinator	  for	  Health	  IT	  (ONC)	  
developing	  interoperability	  road	  map	  for	  10-‐year	  path	  
forward	  (ONC,	  2014)	  

•  Emerging	  approaches	  include	  
–  RESTful	  architectures	  for	  efficient	  client-‐server	  interac.on	  
–  OAuth2	  for	  Internet-‐based	  security	  
–  Standard	  applica.on	  programming	  interface	  (API)	  for	  
query/retrieval	  of	  data	  

•  Need	  for	  both	  documents	  and	  discrete	  data	  
•  Emerging	  standard	  is	  Fast	  Health	  Interoperability	  Resources	  (FHIR)	  
–	  hMp://wiki.hl7.org/index.php?.tle=FHIR_for_Clinical_Users	  	  

19	  

ONC	  drae	  interoperability	  roadmap	  
(Galvez,	  2014)	  	  

20	  
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Interoperability	  goals	  for	  2017?	  

•  RESTful	  architecture	  with	  OAuth2	  security	  
•  FHIR	  APIs	  with	  some	  specified	  data	  standards	  

–  For	  documents	  
•  Consolidated	  Clinical	  Document	  Architecture	  (CCDA)	  with	  
standard	  metadata	  including	  document	  and	  sec.on	  type	  
names	  

–  For	  discrete	  data	  
•  Use	  of	  mature	  terminology	  sets	  for	  diagnoses	  (ICD,	  
SNOMED),	  tests	  (LOINC),	  medica.ons	  (RxNorm/RXTerms)	  

•  Na.onal	  Library	  of	  Medicine	  Value	  Set	  Authority	  Center	  
(VSAC)	  for	  quality	  and	  other	  measures	  –	  
hMps://vsac.nlm.nih.gov	  	  

21	  

Also	  need	  to	  develop	  clinical	  data	  
research	  networks	  

•  Established	  
– HMO	  Research	  Network	  –	  facilitates	  clinical	  research	  

•  www.hmoresearchnetwork.org	  	  
–  FDA	  Mini-‐Sen.nel	  Network	  –	  safety	  surveillance	  

•  www.mini-‐sen.nel.org	  	  

•  New	  
–  PCORnet	  –	  www.pcornet.org	  	  

•  Clinical	  data	  research	  networks	  (CDRNs)	  –	  11	  networks	  
aggrega.ng	  data	  on	  >1M	  pa.ents	  each	  

–  (Fleurence,	  2014;	  Collins,	  2014;	  and	  other	  papers	  in	  JAMIA	  
special	  issue)	  

•  Common	  Data	  Model	  for	  subset	  of	  data	  

22	  
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Another	  need:	  contribu.ons	  of	  a	  
competent	  informa.cs	  workforce	  

•  Many	  roles	  for	  diverse	  professionals	  (Hersh,	  2010)	  
•  Opportuni.es	  

–  Es.mated	  need	  for	  41,000	  addi.onal	  HIT	  professionals	  as	  we	  
moved	  to	  more	  advanced	  clinical	  systems	  (Hersh,	  2008)	  

–  Actual	  numbers	  hired	  were	  even	  higher	  (Furukawa,	  2012;	  
Schwartz,	  2013)	  

–  Well-‐paying	  jobs!	  (HealthITJobs.com,	  2014)	  
•  Shortages	  

–  71%	  of	  healthcare	  CIOs	  said	  IT	  staff	  shortages	  could	  jeopardize	  
an	  enterprise	  IT	  project,	  while	  58%	  said	  they	  would	  affect	  
mee.ng	  meaningful	  use	  (CHIME,	  2012)	  

–  More	  recent	  surveys	  paint	  con.nued	  picture	  of	  healthcare	  
organiza.ons	  and	  vendors	  having	  challenges	  recrui.ng	  and	  
maintaining	  staff	  (HIMSS,	  2014)	  

23	  

Job	  growth	  and	  salaries	  are	  high	  
Employment	  in	  health	  IT-‐
related	  occupa.ons	  in	  the	  
health	  delivery	  system:	  
2005-‐2011	  (Furukawa,	  
2012)	  

24	  

>60K!	  
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Opportuni.es	  for	  physicians:	  
clinical	  informa.cs	  subspecialty	  

•  History	  
–  2009	  –	  American	  Medical	  Informa.cs	  Associa.on	  (AMIA)	  
develops	  and	  publishes	  plans	  for	  curriculum	  and	  training	  
requirements	  

–  2011	  –	  American	  Board	  of	  Medical	  Special.es	  (ABMS)	  
approves;	  American	  Board	  of	  Preven.ve	  Medicine	  (ABPM)	  
becomes	  administra.ve	  home	  

•  Subspecialty	  open	  to	  physicians	  of	  all	  primary	  special.es	  but	  not	  
those	  without	  a	  specialty	  or	  whose	  specialty	  cer.fica.on	  has	  
lapsed	  

–  2013	  –	  First	  cer.fica.on	  exam	  offered	  by	  ABPM	  
•  455	  physicians	  pass	  (91%)	  

–  2014	  –	  ACGME	  fellowship	  accredita.on	  rules	  released	  
•  Four	  programs	  accredited	  na.onwide,	  including	  OHSU	  

25	  

Clinical	  informa.cs	  subspecialty	  (cont.)	  

•  Following	  usual	  path	  of	  five	  years	  of	  
“grandfathering”	  training	  requirements	  to	  take	  
cer.fica.on	  exam	  before	  formal	  fellowships	  
required	  

•  Two	  paths	  to	  eligibility	  for	  exam	  in	  first	  five	  years	  
–  Prac.ce	  pathway	  –	  prac.cing	  25%	  .me	  for	  at	  least	  
three	  years	  within	  last	  five	  years	  (educa.on	  counts	  at	  
half	  .me	  of	  prac.ce)	  

– Non-‐tradi.onal	  fellowships	  –	  	  qualifying	  educa.onal	  
or	  training	  experience,	  e.g.,	  NLM,	  VA,	  or	  other	  
fellowship	  or	  educa.onal	  program	  (e.g.,	  master’s	  
degree)	  

26	  
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Clinical	  training	  model	  presents	  some	  
challenges	  

•  Fragmenta.on	  and	  funding	  challenges	  (Detmer,	  2014)	  
•  Clinical	  fellowship	  model	  has	  some	  aspects	  of	  “fitng	  

square	  pegs	  into	  round	  holes”	  (Hersh,	  2014)	  
•  Requirement	  of	  two-‐year,	  full-‐.me	  fellowship	  for	  board	  

cer.fica.on	  may	  limit	  career	  paths	  
–  Many	  clinicians	  pursue	  informa.cs	  in	  mid-‐career	  

•  Many	  concerned	  about	  sustainability	  of	  funding	  
–  Fellows	  may	  prac.ce	  but	  CMS	  rules	  do	  not	  allow	  them	  to	  bill	  

•  Informa.cs	  is	  not	  only	  for	  physicians	  –	  AMIA	  exploring	  
cer.fica.on	  for	  others	  in	  informa.cs	  
–  hMp://www.amia.org/advanced-‐interprofessional-‐informa.cs-‐
cer.fica.on	  	  

27	  

Conclusions	  
•  There	  are	  plen.ful	  opportuni.es	  for	  secondary	  
use	  or	  re-‐use	  of	  clinical	  data	  

•  We	  must	  be	  cognizant	  of	  caveats	  of	  using	  
opera.onal	  clinical	  data	  

•  We	  must	  implement	  best	  prac.ces	  for	  using	  such	  
data	  

•  We	  need	  consensus	  on	  approaches	  to	  standards	  
and	  interoperability	  

•  There	  are	  opportuni.es	  for	  rewarding	  careers	  for	  
diverse	  professionals	  

28	  


