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The	  burden	  of	  chronic	  diseases	  

•  Chronic	  disease	  is	  a	  global	  burden	  

–  Hundreds	  of	  millions	  of	  people	  

–  Trillions	  of	  dollars	  spent	  
–  Loss	  in	  life	  expectancy	  
–  Loss	  in	  quality	  of	  life	  

•  Example:	  Chronic	  ObstrucIve	  
Pulmonary	  Disease	  (COPD)	  

–  Impacts	  low-‐income	  populaIon	  

–  Key	  risk	  factors:	  smoking	  and	  air	  
polluIon	  

–  Causes	  systemic	  illness	  
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COPD	  diagnosis	  &	  progression	  

•  COPD	  diagnosis	  made	  using	  a	  breath	  test	  –	  fracIon	  of	  air	  
expelled	  in	  first	  second	  of	  exhalaIon	  <	  70%	  

•  Most	  doctors	  use	  GOLD	  criteria	  to	  stage	  the	  disease	  and	  
measure	  its	  progression:	  
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Our	  contribuIon	  

•  Algorithm	  to	  learn	  a	  disease	  progression	  model	  from	  EHR	  data	  
–  No	  labeled	  data	  needed	  
–  GeneraIve	  model	  

•  We	  demonstrate	  its	  use	  in	  
–  Deriving	  a	  meaningful	  characterizaIon	  of	  disease	  progression	  and	  

stages	  
–  IdenIfying	  the	  progression	  trajectory	  of	  individual	  paIents	  

•  More	  broadly,	  these	  models	  will	  be	  used	  to	  
–  Provide	  decision	  support	  for	  early	  intervenIon	  
–  Develop	  data-‐driven	  guidelines	  for	  care	  plan	  management	  
–  Align	  paIents	  across	  Ime,	  by	  disease	  stage,	  to	  enable	  comparaIve	  

effecIveness	  research	  (e.g.,	  of	  medicaIons)	  



Learn	  from	  Electronic	  Health	  Records	  (EHR)	  

PaIent	  ID	   Date	   CLINICAL_EVENT	   ICD9_LONGNAME	  
000000	   July	  1,	  ‘11	   305.1	   Tobacco	  Use	  Disorder	  
000000	   July	  1,	  ‘11	   496	   Chronic	  Airway	  ObstrucIon,	  Not	  Elsewhere	  Classified	  
000000	   July	  1,	  ‘11	   733	   Osteoporosis,	  Unspecified	  
000000	   July	  1,	  ‘11	   724.2	   Lumbago	  
000000	   Aug	  15,	  ‘11	   733	   Osteoporosis,	  Unspecified	  
000000	   Aug	  15,	  ‘11	   733	   Osteoporosis,	  Unspecified	  
000000	   Aug	  15,	  ‘11	   782.3	   Edema	  
000000	   Aug	  15,	  ‘11	   780.79	   Other	  Malaise	  And	  FaIgue	  

Mining	  electronic	  health	  records:	  towards	  beLer	  research	  applica-ons	  and	  clinical	  care.	  Nat	  Rev	  Genet.	  2012	  May	  2;13(6):395-‐405.	  



Challenges	  of	  disease	  progression	  modeling	  

•  MulIple	  covariates	  

•  Progression	  heterogeneity	  
–  No	  natural	  alignment	  between	  records	  with	  varied	  progression	  rates	  

•  Missing	  data	  
–  Doctors	  only	  document	  a	  subset	  of	  what	  they	  observe	  

•  Incomplete	  records	  
–  Might	  be	  only	  2-‐5	  years	  of	  data	  available	  for	  any	  one	  person	  

•  Irregular	  visits	  
–  ConInuous-‐Ime	  model	  is	  needed	  

•  Limited	  supervision	  
–  No	  ground	  truth	  regarding	  the	  current	  stage	  of	  progression	  



Our	  overall	  model	  

Markov	  Jump	  
Process	  

Progression	  Stages	  

K	  ComorbidiIes,	  
each	  with	  its	  own	  
Markov	  chain	  

ObservaIons	  



Disease	  stage	  on	  
Feb.	  ‘12?	  

Disease	  stage	  on	  
Jun.	  ‘12?	  

Disease	  stage	  on	  
Mar.	  ‘11?	  

Disease	  stage	  on	  
Apr.	  ‘11?	  

Markov	  Jump	  Process	  

•  A	  conInuous-‐Ime	  Markov	  process	  with	  irregular	  discrete-‐Ime	  
observaIons	  

•  The	  transiIon	  probability	  is	  defined	  by	  an	  intensity	  matrix	  and	  
the	  Ime	  interval:	  

Matrix	  Q:	  	  	  Parameters	  to	  learn	  

S1	   S2	   ST-‐1	   ST	  ……	  

S(τ)	  Underlying	  
disease	  state	  

� = 34 days



Model	  for	  data	  at	  single	  point	  in	  Ime:	  
Noisy-‐OR	  network	  

Previously	  used	  for	  medical	  diagnosis,	  e.g.	  QMR-‐DT	  
(Shwe	  et	  al.	  ’91)	  



Model	  for	  data	  at	  single	  point	  in	  Ime:	  
Noisy-‐OR	  network	  

Previously	  used	  for	  medical	  diagnosis,	  e.g.	  QMR-‐DT	  
(Shwe	  et	  al.	  ’91)	  

Comorbidi;es	  /	  Phenotypes	  
(hidden)	  

“Everything	  else”	  
(always	  on)	  

Diagnosis	  codes,	  
medicaIons,	  etc.	  

Clinical	  findings	  
(observable)	  

Diabetes	   Depression	   Lung	  cancer	  

205.02	   296.3	   Methotrexate	  

All	  binary	  variables	  



Model	  for	  data	  at	  single	  point	  in	  Ime:	  
Noisy-‐OR	  network	  

Previously	  used	  for	  medical	  diagnosis,	  e.g.	  QMR-‐DT	  
(Shwe	  et	  al.	  ’91)	  

Comorbidi;es	  /	  Phenotypes	  
(hidden)	  

“Everything	  else”	  
(always	  on)	  

Clinical	  findings	  
(observable)	  

Diabetes	   Depression	   Lung	  cancer	  

205.02	   296.3	   Methotrexate	  

We	  learn	  which	  
edges	  exist	  



Model	  for	  data	  at	  single	  point	  in	  Ime:	  
Noisy-‐OR	  network	  

Previously	  used	  for	  medical	  diagnosis,	  e.g.	  QMR-‐DT	  
(Shwe	  et	  al.	  ’91)	  

Comorbidi;es	  /	  Phenotypes	  
(hidden)	  

“Everything	  else”	  
(always	  on)	  

Clinical	  findings	  
(observable)	  

Diabetes	   Depression	   Lung	  cancer	  

205.02	   296.3	   Methotrexate	  

We	  learn	  which	  
edges	  exist	  

Associated	  with	  
each	  edge	  is	  a	  
failure	  probability	  



•  An	  anchor	  is	  a	  finding	  that	  
can	  only	  be	  caused	  by	  a	  
single	  comorbidity	  

•  We	  can	  specify	  one	  or	  more	  
anchors	  for	  each	  hidden	  
variable	  

•  Use	  anchors	  to	  enable	  
injecIon	  of	  domain	  
experIse	  

Anchored	  noisy-‐OR	  network	  

Diabetes	  

205.02	  

Y.	  Halpern,	  YD	  Choi,	  S.	  Horng,	  D.	  Sontag.	  Using	  Anchors	  to	  Es-mate	  Clinical	  State	  without	  Labeled	  Data.	  To	  appear	  
in	  the	  American	  Medical	  Informa-cs	  Associa-on	  (AMIA)	  Annual	  Symposium,	  Nov.	  2014	  



Has	  diabetes	  
Feb.	  ‘12?	  

Has	  diabetes	  
Jun.	  7,	  ‘12?	  

Has	  diabetes	  
Mar.	  ‘11?	  

Has	  diabetes	  
Apr.	  ‘11?	  

Model	  of	  comorbidiIes	  across	  Ime	  

S1	   S2	   ST-‐1	   ST	  
……	  

S(τ)	  

X1,1	   X1,2	   X1,T-‐1	   X1,T	  ……	  

•  Presence	  of	  comorbidiIes	  depends	  on	  value	  at	  previous	  Ime	  
step	  and	  on	  disease	  stage	  

•  Later	  stages	  of	  disease	  =	  more	  likely	  to	  develop	  comorbidiIes	  

•  Once	  paIent	  has	  a	  comorbidity,	  likely	  to	  always	  have	  it	  



Inference	  
•  Outer	  loop	  

–  EM	  
–  Algorithm	  to	  esImate	  the	  Markov	  Jump	  Process	  is	  borrowed	  

form	  recent	  literature	  in	  physics	  	  

•  Inner	  loop	  
–  Gibbs	  sampler	  used	  for	  approximate	  inference	  

•  Block	  sampling	  of	  the	  Markov	  chains:	  decreases	  mixing	  Ime	  

–  Each	  update	  can	  be	  performed	  in	  Ime	  linear	  in	  the	  number	  of	  
posi-ve	  findings	  

–  Parallelize	  over	  paIents	  and	  findings:	  each	  update	  takes	  3	  
minutes	  (using	  24	  cores)	  

P.	  Metzner,	  I.	  Horenko,	  and	  C.	  SchuLe.	  Generator	  es-ma-on	  of	  markov	  jump	  processes	  based	  on	  incomplete	  
observa-ons	  nonequidistant	  in	  -me.	  Physical	  Review	  E,	  76(6):066702,	  2007.	  



CustomizaIons	  for	  COPD	  

•  Enforce	  monotonic	  stage	  progression,	  i.e.	  St+1	  ≥	  St:	  

•  Enforce	  monotonicity	  of	  likelihood	  of	  comorbidiIes	  in	  ini-al	  
Ime	  step,	  i.e.	  Pr(Xj,1	  |	  S1	  =	  2)	  ≥	  Pr(Xj,1	  |	  S1	  =	  1)	  	  
–  We	  solve	  a	  Iny	  convex	  opImizaIon	  problem	  within	  EM	  

•  Edge	  weights	  given	  a	  Beta(0.1,	  1)	  prior	  to	  encourage	  sparsity	  

S1	   S2	   ST-‐1	   ST	  ……	  

S(τ)	  



Experimental	  evaluaIon	  

•  We	  create	  a	  COPD	  cohort	  of	  3,705	  paIents:	  

–  At	  least	  one	  COPD-‐related	  diagnosis	  code	  
–  At	  least	  one	  COPD-‐related	  drug	  

•  Clinical	  findings	  from	  264	  most	  common	  diagnosis	  codes	  

•  Combined	  visits	  into	  3-‐month	  Ime	  windows	  

•  In	  total:	  34,976	  visits,	  189,815	  posiIve	  findings	  



Specifying	  the	  latent	  variables	  

•  We	  provide	  anchors	  for	  each	  of	  the	  comorbidiIes	  that	  we	  
want	  to	  model:	  

•  Can	  be	  viewed	  as	  a	  type	  of	  weak	  supervision,	  using	  clinical	  
domain	  knowledge	  

•  Without	  these,	  the	  results	  are	  less	  interpretable	  



Which	  edges	  are	  learned?	  

Comorbidi;es	  /	  Phenotypes	  
(hidden)	  

“Everything	  else”	  
(always	  on)	  

Clinical	  findings	  
(observable)	  

Diabetes	   Depression	   Lung	  cancer	  

205.02	   296.3	   Methotrexate	  



*585.3 	  0.20 	  Chronic	  Kidney	  Disease,	  Stage	  Iii	  (Moderate)	  
	  285.9 	  0.15 	  Anemia,	  Unspecified	  
*585.9 	  0.10 	  Chronic	  Kidney	  Disease,	  Unspecified	  
	  599.0 	  0.08 	  Urinary	  Tract	  InfecIon,	  Site	  Not	  Specified	  
*585.4 	  0.08 	  Chronic	  Kidney	  Disease,	  Stage	  Iv	  (Severe)	  
*584.9 	  0.07 	  Acute	  Renal	  Failure,	  Unspecified	  
*586 	  0.07 	  Renal	  Failure,	  Unspecified	  
	  782.3 	  0.06 	  Edema	  
*585.6 	  0.05 	  End	  Stage	  Renal	  Disease	  
	  593.9 	  0.04 	  Unspecified	  Disorder	  Of	  Kidney	  And	  Ureter	  
	  272.4 	  0.04 	  Other	  And	  Unspecified	  Hyperlipidemia	  
	  272.2 	  0.03 	  Mixed	  Hyperlipidemia	  

Diagnosis	  code	   Weight	  

Edges	  learned	  for	  kidney	  disease	  



*585.3 	  0.20 	  Chronic	  Kidney	  Disease,	  Stage	  Iii	  (Moderate)	  
	  285.9 	  0.15 	  Anemia,	  Unspecified	  
*585.9 	  0.10 	  Chronic	  Kidney	  Disease,	  Unspecified	  
	  599.0 	  0.08 	  Urinary	  Tract	  InfecIon,	  Site	  Not	  Specified	  
*585.4 	  0.08 	  Chronic	  Kidney	  Disease,	  Stage	  Iv	  (Severe)	  
*584.9 	  0.07 	  Acute	  Renal	  Failure,	  Unspecified	  
*586 	  0.07 	  Renal	  Failure,	  Unspecified	  
	  782.3 	  0.06 	  Edema	  
*585.6 	  0.05 	  End	  Stage	  Renal	  Disease	  
	  593.9 	  0.04 	  Unspecified	  Disorder	  Of	  Kidney	  And	  Ureter	  
	  272.4 	  0.04 	  Other	  And	  Unspecified	  Hyperlipidemia	  
	  272.2 	  0.03 	  Mixed	  Hyperlipidemia	  

Diagnosis	  code	   Weight	  

Edges	  learned	  for	  kidney	  disease	  



*585.3 	  0.20 	  Chronic	  Kidney	  Disease,	  Stage	  Iii	  (Moderate)	  
	  285.9 	  0.15 	  Anemia,	  Unspecified	  
*585.9 	  0.10 	  Chronic	  Kidney	  Disease,	  Unspecified	  
	  599.0 	  0.08 	  Urinary	  Tract	  Infec;on,	  Site	  Not	  Specified	  
*585.4 	  0.08 	  Chronic	  Kidney	  Disease,	  Stage	  Iv	  (Severe)	  
*584.9 	  0.07 	  Acute	  Renal	  Failure,	  Unspecified	  
*586 	  0.07 	  Renal	  Failure,	  Unspecified	  
	  782.3 	  0.06 	  Edema	  
*585.6 	  0.05 	  End	  Stage	  Renal	  Disease	  
	  593.9 	  0.04 	  Unspecified	  Disorder	  Of	  Kidney	  And	  Ureter	  
	  272.4 	  0.04 	  Other	  And	  Unspecified	  Hyperlipidemia	  
	  272.2 	  0.03 	  Mixed	  Hyperlipidemia	  

Diagnosis	  code	   Weight	  

Edges	  learned	  for	  kidney	  disease	  

WWW.KIDNEY.ORG 5

like eggs, fish and liver. Your 
body needs these important 
minerals and vitamins to help 
make red blood cells.

■   A poor diet

 You can become anemic 
if you do not eat healthy 
foods with enough vitamin 
B12, folic acid and iron. Your 
body needs these important 
vitamins and minerals to help 
make red blood cells.

Before starting anemia treatment, 
your doctor will order tests to find 
the exact cause of your anemia.

Why do people with kidney  
disease get anemia?

Your kidneys make an important 
hormone called erythropoietin 
(EPO). Hormones are secretions 
that your body makes to help 
your body work and keep you 
healthy. EPO tells your body to 
make red blood cells. When you 
have kidney disease, your kidneys 
cannot make enough EPO. This 
causes your red blood cell count 
to drop and anemia to develop. 



*162.9 	  	  	  0.60 	  Malignant	  Neoplasm	  Of	  Bronchus	  And	  Lung	  
	  518.89	  	  	  0.15 	  Other	  Diseases	  Of	  Lung,	  Not	  Elsewhere	  Classified	  
*162.8 	  	  	  0.15 	  Malignant	  Neoplasm	  Of	  Other	  Parts	  Of	  Lung	  
*162.3 	  	  	  0.15 	  Malignant	  Neoplasm	  Of	  Upper	  Lobe,	  Lung	  
	  786.6 	  	  	  0.15 	  Swelling,	  Mass,	  Or	  Lump	  In	  Chest	  
	  793.1 	  	  	  0.10 	  Abnormal	  Findings	  On	  Radiological	  Exam	  Of	  Lung	  
	  786.09	  	  	  0.07 	  Other	  Respiratory	  AbnormaliIes	  
*162.5 	  	  	  0.06 	  Malignant	  Neoplasm	  Of	  Lower	  Lobe,	  Lung	  
*162.2 	  	  	  0.04 	  Malignant	  Neoplasm	  Of	  Main	  Bronchus	  
	  702.0 	  	  	  0.03 	  AcInic	  Keratosis	  
	  511.9 	  	  	  0.03 	  Unspecified	  Pleural	  Effusion	  
*162.4 	  	  	  0.03 	  Malignant	  Neoplasm	  Of	  Middle	  Lobe,	  Lung	  

Diagnosis	  code	   Weight	  

Edges	  learned	  for	  lung	  cancer	  



*162.9 	  	  	  0.60 	  Malignant	  Neoplasm	  Of	  Bronchus	  And	  Lung	  
	  518.89	  	  	  0.15 	  Other	  Diseases	  Of	  Lung,	  Not	  Elsewhere	  Classified	  
*162.8 	  	  	  0.15 	  Malignant	  Neoplasm	  Of	  Other	  Parts	  Of	  Lung	  
*162.3 	  	  	  0.15 	  Malignant	  Neoplasm	  Of	  Upper	  Lobe,	  Lung	  
	  786.6 	  	  	  0.15 	  Swelling,	  Mass,	  Or	  Lump	  In	  Chest	  
	  793.1 	  	  	  0.10 	  Abnormal	  Findings	  On	  Radiological	  Exam	  Of	  Lung	  
	  786.09	  	  	  0.07 	  Other	  Respiratory	  AbnormaliIes	  
*162.5 	  	  	  0.06 	  Malignant	  Neoplasm	  Of	  Lower	  Lobe,	  Lung	  
*162.2 	  	  	  0.04 	  Malignant	  Neoplasm	  Of	  Main	  Bronchus	  
	  702.0 	  	  	  0.03 	  AcInic	  Keratosis	  
	  511.9 	  	  	  0.03 	  Unspecified	  Pleural	  Effusion	  
*162.4 	  	  	  0.03 	  Malignant	  Neoplasm	  Of	  Middle	  Lobe,	  Lung	  

Diagnosis	  code	   Weight	  

Edges	  learned	  for	  lung	  cancer	  



*162.9 	  	  	  0.60 	  Malignant	  Neoplasm	  Of	  Bronchus	  And	  Lung	  
	  518.89	  	  	  0.15 	  Other	  Diseases	  Of	  Lung,	  Not	  Elsewhere	  Classified	  
*162.8 	  	  	  0.15 	  Malignant	  Neoplasm	  Of	  Other	  Parts	  Of	  Lung	  
*162.3 	  	  	  0.15 	  Malignant	  Neoplasm	  Of	  Upper	  Lobe,	  Lung	  
	  786.6 	  	  	  0.15 	  Swelling,	  Mass,	  Or	  Lump	  In	  Chest	  
	  793.1 	  	  	  0.10 	  Abnormal	  Findings	  On	  Radiological	  Exam	  Of	  Lung	  
	  786.09	  	  	  0.07 	  Other	  Respiratory	  Abnormali;es	  
*162.5 	  	  	  0.06 	  Malignant	  Neoplasm	  Of	  Lower	  Lobe,	  Lung	  
*162.2 	  	  	  0.04 	  Malignant	  Neoplasm	  Of	  Main	  Bronchus	  
	  702.0 	  	  	  0.03 	  Ac;nic	  Keratosis	  
	  511.9 	  	  	  0.03 	  Unspecified	  Pleural	  Effusion	  
*162.4 	  	  	  0.03 	  Malignant	  Neoplasm	  Of	  Middle	  Lobe,	  Lung	  

Diagnosis	  code	   Weight	  

Edges	  learned	  for	  lung	  cancer	  



*486 	  	  	  0.30 	  Pneumonia,	  Organism	  Unspecified	  
	  786.05	  	  	  0.10 	  Shortness	  Of	  Breath	  
	  786.09	  	  	  0.10 	  Other	  Respiratory	  AbnormaliIes	  
	  786.2 	  	  	  0.10 	  Cough	  
	  793.1 	  	  	  0.06 	  Abnormal	  Findings	  On	  Radiological	  Exam	  Of	  Lung	  
	  285.9 	  	  	  0.05 	  Anemia,	  Unspecified	  
	  518.89	  	  	  0.05 	  Other	  Diseases	  Of	  Lung,	  Not	  Elsewhere	  Classified	  
	  466.0 	  	  	  0.05 	  Acute	  BronchiIs	  
	  799.02	  	  	  0.05 	  Hypoxemia	  
	  599.0 	  	  	  0.04 	  Urinary	  Tract	  InfecIon,	  Site	  Not	  Specified	  
	  V58.61	  	  	  0.04 	  Long-‐Term	  (Current)	  Use	  Of	  AnIcoagulants	  
	  786.50	  	  	  0.04 	  Chest	  Pain,	  Unspecified	  

Diagnosis	  code	   Weight	  

Edges	  learned	  for	  lung	  infec-on	  



Prevalence	  of	  comorbidiIes	  across	  stages	  
(Lung	  cancer	  and	  Obesity)	  
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Prevalence	  of	  comorbidiIes	  across	  stages	  
(Kidney	  disease)	  
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Prevalence	  of	  comorbidiIes	  across	  stages	  
(Lung	  infecIons)	  
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Prevalence	  of	  comorbidiIes	  across	  stages	  
(Diabetes	  &	  Musculoskeletal	  disorders)	  
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Prevalence	  of	  comorbidiIes	  across	  stages	  
(Cardiovascular	  disease)	  
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Inference	  of	  disease	  progression	  
An	  individual	  with	  a	  stable	  trajectory	  



Inference	  of	  disease	  progression	  
An	  individual	  with	  a	  progressive	  trajectory	  



Conclusion	  and	  future	  work	  

•  We	  present	  a	  conInuous-‐Ime	  disease	  progression	  model	  that	  
can	  learn	  from	  censored	  EHR	  data	  with	  no	  direct	  supervision	  

•  We	  applied	  it	  to	  a	  real	  COPD	  cohort	  and	  derived	  medically	  
meaningful	  results	  

•  Future	  work	  includes:	  
–  InteracIon	  with	  physicians	  for	  validaIon	  and	  feedback	  
–  Model	  mulIple	  trajectories	  

–  Incorporate	  medicaIon/treatment	  data	  

More	  info:	  clinicalml.org	  


