
NLP Innovations – what does the 
healthcare industry see as knowledge 

gap in the NLP research 

Moderator:  

      Hongfang Liu, Mayo Clinic 
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Brian Hazlehurst, Kaiser Permanente Northwest Center for 
Health Research 

Scott DuVall, VA Salk Lake City VAMC 

Ruth Reeves, VA Tennessee Valley VAMC 
 



Dialogues in a clinical setting 

• From researchers:  
– Great, you can do NLP, right? I want to retrieve the number of patients newly diagnosis 

of diabetes with GI symptoms. I need that number for my submission next week. 

• From quality improvement analysts: 
– NSQIP – 30-day re-admission? Can you help me obtain the number of re-admissions from 

EMR? VA did that.  

• From clinicians: 
– Documentation support and computer-assisted coding 

– Clinical decision support  

– Outcomes. 

• From leaders: 
– We have established partnerships with XXX, YYY and ZZZ companies to solve the above 

problems.  



NLP use case: Heart Failure 

Echocardio
graphy 
Notes 

Medications Clinical 
Note 

Current Visit  
Information 

Labs Problem  
List 

Quality 
reporting  

e.g. how many HF 
admissions 

Decision 
support  

e.g. put diagnosis  
on problem list 

and provide 
educational 

material to HF 
patients  

Clinical 
Research 

e.g. identify HF 
cohort for survey 

Heart Failure 
Edema 

Arrthymmia 
 

Diagnosis 
Current 
History 

Quality of 
Life 

Findings 

Ejection 
fraction 

ACE 

Inhibitors 

Digoxin 

B-Blockers 

h/o MI 
Medications 

smoker 
 

CPK  
TnI 

S. Potassium 





IBM Research 

IBM Confidential 

IBM Watson NLP in Healthcare 
  
 

Eric Brown, PhD 
IBM Watson Group 
Yorktown Heights, NY 
 



© 2015 International Business Machines Corporation 2 

IBM Research 

IBM Confidential 

Physician’s Workflow 

Visit 
Preparation 

History and 
Physical Assessment Plan 

2	  

Get	  an	  overview	  of	  the	  
pa0ent	  

•  What	  are	  the	  pa)ent’s	  
ac)ve	  problems?	  

•  What	  are	  possible	  
concerns	  that	  need	  to	  be	  
addressed?	  

Review	  the	  pa0ent’s	  history	  
•  Chief	  compliant	  or	  reason	  

for	  the	  visit?	  
•  Past	  medical	  history?	  
•  Current	  medica)ons?	  
•  Most	  recent	  lab	  results?	  

Determine	  diagnos0c	  
workup	  

•  Explore	  diagnos)c	  tests	  
and	  screening	  /	  diagnos)c	  
guidelines	  

•  Apply	  knowledge	  to	  make	  
diagnosis	  

Determine	  treatment	  plan	  
•  Explore	  treatment	  op)ons	  

and	  possible	  management	  
guidelines	  

EMR Medical 
Knowledge 

Medical 
Knowledge 

Medical 
Knowledge 

Popula0on	  
and	  Similarity	  
Analy0cs	  

Performance Metrics Evaluation, Research, Cohort Analysis 
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Natural Language Understanding is Foundational 

food	  would	  “get	  
stuck”	  when	  she	  was	  
swallowing	   …can	  cause	  food	  to	  move	  

slowly	  in	  the	  esophagus.	  	  

…food	  gets	  held-‐up…	  

pneumaturia	  

bubbles	  in	  the	  urine	  

Abdomen	  Pain	  
Flank Pain 

Lower Back Pain 

swallowing	  difficulty…	  

Abdomen	  Pain	  exacerbated	  by	  exercise	  

between the 
upper abdomen 
and the back 

Kidney Pain 

Urina0on	  Pain	  

Dysuria	  

sudden	  onset	  of	  chills 

chills 

coryza 

cold 

produc0ve	  cough 

produc0ve	  cough	  a"er	  
nonproduc,ve	  cough	   

Fever	  aKer	  acute	  
symptoms	  subside…	   

Fever 

Temperature 

High	  
Temperature 

Causation Location 

Magnitude 

Negation 

Terminology 

Terminology 

Chronology Causation 

Terminology 

Chronology 

Normal	  QRS	  PaPern 

Delta-‐Wave 

Abnormal	  QRS	  Complex 

PR	  Interveral 

nonproduc0ve	  cough 
Chronology 

Domain 
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Medica0ons	  

Symptoms	  Diseases	  

Modifiers	  

NEJM Case Study 

Text Analytics for Automatic Semantic Annotation 
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Co-Reference 

Aor0c	  stenosis.With	  aor0c	  stenosis,	  the	  
murmur	  is	  systolic,	  beginning	  aKer	  S1	  and	  
ending	  at	  or	  before	  aor0c	  valve	  closure.	  It's	  
harsh	  and	  gra0ng,	  medium-‐pitched,	  and	  
crescendo-‐decrescendo	  

The	  clinical	  presenta0on	  of	  the	  pa0ent	  with	  
constric0on	  resembles	  that	  of	  the	  individual	  
with	  tamponade	  except	  for	  normal	  pulse	  
pressure	  and	  lack	  of	  pulsus	  paradoxus	  in	  
constric0on.	  	  	  	  
Inspiratory	  increase	  in	  jugular	  venous	  
pressure	  (Kussmaul's	  sign)	  is	  occasionally	  
seen…	  

No	  Co-‐referent	  term	  

Anaphora	  

Discourse Segmentation 
(Confusors) 

Collagenous	  coli,s	  and	  lymphocy,c	  coli,s	  
are	  dis,nguished	  by	  the	  presence	  or	  
absence	  of	  a	  thickened	  subepithelial	  
collagen	  layer.	  The	  cause	  of	  microscopic	  
coli,s	  syndrome	  is	  uncertain	  

Typical Discourse Analysis Challenges 
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Leveraging Existing Medical Resources  

• UMLS	  (Unified	  Medical	  Language	  System)	  from	  NLM	  
–  ~100	  sources,	  sort	  of	  merged	  
–  ~3M	  unique	  concept	  iden)fiers	  (not	  unique	  concepts),	  
organized	  in	  a	  type	  hierarchy	  
•  ac)vi)es,	  anatomy,	  chemicals/drugs,	  devices,	  disorders,	  gene)cs,	  
organisms,	  physiology,	  procedures,	  ...	  

–  ~350	  rela)on	  types;	  ~30M	  unique	  rela)on	  instances	  
•  diagnoses,	  treats,	  finding_site_of,	  has_causa)ve_agent,	  
contraindicates,	  …	  
	  

KB	  

• Sample	  Uses	  of	  UMLS	  
–  Type	  Coercion:	  does	  a	  candidate	  answer	  match	  the	  type	  the	  ques)on	  is	  seeking	  
–  Candidate	  genera)on	  
–  Term	  matching	  
–  Clinical	  factor	  iden)fica)on	  
–  Rela)on	  genera)on	  in	  inference	  graph	  
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Domain Model – key entities and relationships 
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Encounter 
(Clinical) 

Notes 

Medications 

Lab Results 

EMR	  
(up	  to	  50MBs	  
per	  pa0ent)	  

Individual EMR = plain text + semi-structured data 
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Medical Concepts Annotations – A Simpler View 

“disease or syndrome” 
CUI = C0011849 

“sign or symptom” 
CUI = C0014743 
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Problem-Oriented Patient Record Summary 

…also,	  allergies,	  social	  history,	  and	  demography	  

Generated	  	  
Problems	  List	  

Medica0ons	  

Lab	  tests	  

“treated	  by”	  

“measured	  by”	  

“discussed	  in”	  

Procedures	  

Vitals	  

Clinical	  Notes	  &	  
0meline	  

Goals 

§  Generate medical problems 
list automatically 

§  Relate medications, labs, 
procedures, and clinical 
notes to medical problems 

§  Organize lists in a clinical 
order 

§  Enable one/two click access 
to raw data such as Notes, 
labs over a time line, 
medication history,…  
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Problem List Challenge 

•  Medical problem list is a patient’s diagnosed diseases and significant 
not-yet diagnosed symptoms that require care and management 

•  Maintaining an accurate PL is challenge because it requires: 
–  Broad and high level of medical expertise 
–  Significant time 

•  Our assessment of entered problem list based on a gold standard 
indicates the challenge: 

Entered	  Problem	  List	  Accuracy	  
Recall	  (Sensi0vity)	  =	  0.55	  
Precision	  (Posi0ve	  Predic0ve	  Value)	  =	  0.28	  
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Grouping	  Candidate	  
Genera0on	  
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Notes	  
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Graph	  of	  
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Score	  

1.
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EMRA Problem List Generation 

EMRA	  Problem	  List	  Accuracy:	  
Recall	  (Sensi0vity)	  =	  	  0.84	  	  
Precision	  (Posi0ve	  Predic0ve	  Rate)	  =	  0.53	  



© 2015 International Business Machines Corporation 13 

IBM Research 

IBM Confidential 

Physician opens the EMR and sees a summary of the record… 
 

Automatically generated problems 
grouped by clinical relevance 

Automatically categorized 
encounters  

Medications grouped by 
clinical relevance 

EMRA Usage 
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A closer look at the left side of the screenshot… 
 

EMRA Usage 
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A closer look at the right side of the screenshot… 
 

EMRA Usage 
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As the Physician selects Diabetes Mellitus, screen changes to show related active 
medications, labs, related Notes,… 

Labs show elevated glucose and 
A1C among the others… 

When a problem is selected related 
labs, meds, notes are shown 

Current and related meds 
are highlighted 

Relevant labs are 
highlighted 

EMRA Usage 
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THANK YOU 



NLP Research & 
Application 

Richard Wolniewicz, Division Scientist, Health Information Systems Division 

September, 2015 
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1: NLP Adds Value Within a Clinical Workflow 

• Application Value Generally Delivered by: 

1. Eliminating a human workflow entirely, or 

2. Increasing human productivity or effectiveness in a workflow 

• Eliminating Human Workflow 

 Confidence model is essential 

• Increasing Human Effectiveness 

 Workflow-specific 

 Explicability of NLP recommendations 

 Reduction in noise (false positives) – is F-measure a good score? 
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2: N ≥ 100,000 

• Real-world Data is Big 

• Does the result which held at 1,000 samples hold at 1,000,000 samples? 

• Does the algorithm add computational complexity? If so, is it worth it? 

• Real-world Targets are Big 

• There are >100,000 ICD-10 codes. Does an approach which works for 100 

codes really work on 100,000? 

• Do precision and recall fool us? 

 



4 

3: Protected Health Information 

• PHI is Fundamental to Clinical NLP Research 

• Volumes (and thus Risk Exposures) are Large 

• Partitioning is Often Difficult 

• Not all algorithms are the same … open research question 

• Algorithm Intermediate Results 

• E.g. are word embeddings PHI? 
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Top Ten features of text in electronic 
health records 

 

Brian Hazlehurst, PhD 

Kaiser Permanente  

Center for Health Research 
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10.  Physicians write cryptically 

 Incomplete sentences 

 Lack of grammar 

 Shortened words and abbreviations 

 Brief statements 

 Sparse, ideosyncratic, or no use of punctuation 

 

Fam Hx:Fa-aodm, pgf colon ca, mgm bone marrow ca 
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Clinical practice generates documentation 
variation 

9. Documentation events in the EHR are created for many 

purposes 

administrative, billing, legal, patient care 

 

 
8. There are many different providers that touch the 

patient, each with their own protocols for care and 

documentation 

Specialties, trainees, professional/legal divisions of labor 
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Clinical discourse is special 

7. Traditions exist for writing notes and documenting care 

(e.g., SOAP structure for progress notes)  

– However, many EHR implementations don’t promote such 

structure to the writer 

 

 

 

6. Concepts discussed are complex (eg., disease, 

differential diagnosis, intentions for action by multiple 

parties with distinct roles) 

– Requires deep and situated knowledge to understand correctly 
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The EHR is a data aggregator  
(garbage collector?) 

5. Patient is often seen by multiple institutions each with 

their own EHR implementation 

– Just because note writing has a “place” in the workflow of one does 

not mean these data are easily imported into the database of the 

other (the same is true across specialties within an institution) 

4. Many practices are simply importing paper-based text 

(e.g., faxes, scans, legal and form letters) into the 

EHR  

– Creates a great historical “dossier” of contact with the patient, 

but a messy clinical record 
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EHR software generates documentation 
noise 

3. Unused, partially-used, inconsistently-used 

templates for text entry 

 
2. UI “features” allow point-click addition of content into 

notes (e.g., adding current medications list to the 

progress note) 

1. Vendors are trying to keep all customers happy, 

allowing for near-infinite customizations to 

accelerate/simplify data entry 



NLP Research Knowledge Gap 

Scott L. DuVall 

Sep 9 2015 



 

• Resources and Facilities 
– Veterans Affairs Salt Lake City Health Care System 

– Department of Epidemiology, University of Utah 

• Funding Support 
– VA Informatics and Computing Infrastructure VA HSR RES 13-457 

• Financial Relationships 
– Research Grants from AbbVie Inc, Amgen Inc, Anolinx LLC, AstraZeneca 

Pharmaceuticals LP, F. Hoffmann-La Roche Ltd, Genentech Inc, Genomic 
Health, Inc., Merck & Co., Inc., Mylan Specialty LP, PAREXEL International 
Corporation, and Shire PLC through the University of Utah and Western 
Institute for Biomedical Research. 

– Federal funding from Centers for Disease Control and Prevention, Department 
of Defense, Department of Veterans Affairs, Intermountain Healthcare, 
National Heart, Lung, and Blood Institute, National Institute on Alcohol Abuse 
and Alcoholism, National Institute of Arthritis and Musculoskeletal and Skin 
Diseases, National Institute of General Medical Sciences, National Institute of 
Standards and Technology, National Library of Medicine, National Science 
Foundation, and Patient Centered Outcomes Research Institute 
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• Jonathan Nebeker 

• Olga Patterson 

• Patrick Alba 

• Lalinda De Silva 

• Ryan Cornia 

• Brad Adams 

• Tom Ginter 
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• VINCI team 
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"Drug Evaluation Process" by Kernsters - Graph created based on 

information provided in Scientific American article, "Faster Evaluation 

of Vital Drugs". Licensed under CC BY-SA 3.0 via Wikipedia - 

https://en.wikipedia.org/wiki/File:Drug_Evaluation_Process.jpg#/media/

File:Drug_Evaluation_Process.jpg 
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"Influenza virus research" by Photo Credit: James GathanyContent 

Providers(s): CDC - This media comes from the Centers for Disease 

Control and Prevention's Public Health Image Library (PHIL), with 

identification number #7988. Licensed under Public Domain via 

Commons - 

https://commons.wikimedia.org/wiki/File:Influenza_virus_research.jpg#

/media/File:Influenza_virus_research.jpg 
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"Seattle physician with patient 1999" by Seattle Municipal Archives 

from Seattle, WA - Doctors with patient, 1999. Licensed under CC BY 

2.0 via Commons - 

https://commons.wikimedia.org/wiki/File:Seattle_physician_with_patien

t_1999.jpg#/media/File:Seattle_physician_with_patient_1999.jpg 
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By Cdang (Own work) [GFDL (http://www.gnu.org/copyleft/fdl.html) or 

CC BY-SA 3.0 (http://creativecommons.org/licenses/by-sa/3.0)], via 

Wikimedia Commons 



8 08/20/2015 



9 08/20/2015 



10 08/20/2015 



11 08/20/2015 



 

• Specialization in early development and 

translation 

• Framework for rapid deployment and 

processing 

• Support of “shotgun” and “rifle” approaches – 

rapid, modular development 
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Scott.Duvall@va.gov 
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Which Gap? 
Natural Language Processing in HealthCare 

Ruth M Reeves, PhD 



GAP: Shareable Data for Reproducible Results 



GAP: Evaluations that Meet the Information Need 

Evaluation metrics that are good for measuring the performance of 

information extraction tasks don’t necessarily extend to evaluating the 

contribution of NLP to healthcare related tasks 

 

NLP used for a hypothesis generating task needs to be measured differently 

from NLP used to discover incidental findings, yet differently again for NLP to 

identify changes in tumor size over time 



The data model doesn’t necessarily 

speak to the information model 

Modelling Gaps 



claims- 

The IT cost of classifying clinical 

information by financial claims data 

and just because it has to be said…. 

Cohort definitions based on ICD codes often have to be revalidated against 

clinical narrative text or external human review.   



•Event models for typing subparts of trend data 

 Populate event classes and subclasses with regular ol’ information 

extraction & mapping 

 Define semantic & temporal constraints on uniting subparts of clinical 

events; distinguishing these from unrelated events and their sub-events 

•Semantics of Change & Transition States By Clinical Domain 

 Align clinical event model to temporal model 

 Calibrate probabilities of temporal relations between events 

 

 



Temporal Reasoning in Support of Clinical Inferencing 

• Knowledge of temporal relation between events 
Necessary but not sufficient for causal hypotheses 

Temporally ordered clusters of symptom events can predict 

disease progression  

• Probabilistic engine for temporal relation assignment  
 Built and under evaluation in Post Traumatic Stress 

Disorder domain 

 Re-use of infrastructure for tracking pulmonary nodule 

changes  



Infrastructure Maintenance 

Statistically generated models 

that underwrite NLP systems 

are unlikely to be any more 

useful than butterfly collections 

for the next use-case down the 

line, without integration into 

other existent models and 

regular upkeep 



THANKS! 


