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My Perspective 

 General internist for 30 years 
 Medical Director of Clinical Information Systems 
 Co-investigator, Clinical Decision Support 

Consortium (CDSC) 
 

Clinical decision support is not readily available and 
not easy to implement with currently available tools.  

 
 



Typical Decision Support 

Low-hanging fruit 



Current Challenges 

 Current generation EHR’s are not designed to 
optimally organize patient information – still 
heavily document and episode-based. 

 Historical facts not readily accessible 
 Certain kinds of data are not captured well as 

discrete data. 
 Symptoms 
 Physical findings 
 Previous procedures 
 Measurements supporting diagnoses 

 



Instantiating variables 
to support decision rules 

 Supplying variables automatically from the EMR 
requires capturing them during routine clinical 
care. 

 Pertinent variables must be identified. 
 EMRs, in general do not currently employ 

standardized terminology. 
 Much critical information is not captured in 

EMR variables. 



Two example guidelines 

 The Seventh Report of the Joint National Committee 
on Prevention, Detection, Evaluation, and Treatment 
of High Blood Pressure (JNC 7) 

JAMA. 2003;289:2560-2571 

 
 Third Report of the National Cholesterol Education 

Program (NCEP) Expert Panel on Detection, 
Evaluation, and Treatment of High Blood Cholesterol 
in Adults (Adult Treatment Panel III) 

JAMA. 2001;285:2486-2497. 
 

 



Variable types 
 Simple – single observations 

 e.g. “systolic blood pressure” 
 Calculated –not observed directly, but calculated from other 

observations 
 e.g. “Age” calculated from birth date 
 e.g. “Body mass index” calculated from height and weight. 

 Complex – variables defined in terms of other variables or 
observations 
 e.g. “elevated coronary risk” 
 e.g. “metabolic syndrome” 

 

 Example: “metabolic syndrome” – defined as any 3 of 
 Abdominal obesity – in turn defined in terms of abdominal 

circumference 
 Elevated Serum triglycerides 
 Low HDL cholesterol 
 Elevated blood pressure 
 Elevated fasting blood glucose 

 
 



Variable Types Observed 

Category  Subcategory Number Percent 
 Simple variable   Direct observation 42 25% 
  Health issue   40 24% 
  Medication   4 2% 
  Need to ask clinician   15 9% 
Calculated   32 19% 
Complex term   36 21% 
        
Total distinct terms   169 100% 



Findings 

 Only 51% of variables were simple terms 
collected in the form required for application of 
the guideline. 

 40% of variables depend on other simple terms 
or required calculations 

 There were many undefined terms: e.g. 
“children”, “adolescents”, “elderly”, “end-stage 
heart disease” 

 Some terms were defined only outside the 
guideline e.g. “elevated coronary risk”.   
 



Variable Dependencies 

Target 
Organ 
Damage 

Left ventricular 
hypertrophy 

Angina 

Prior MI 

Chronic Kidney 
Disease 

Heart failure 

Stroke 

TIA 

Prior Coronary 
Revascularization 

Peripheral arterial 
disease 

Retinopathy 

LV Mass 

LV Thickness 

LVH by ECG criteria 

Carotid stenosis 

Abdominal aortic aneurysm 

Occlusive lower extremity disease  

Others not specified……..  
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Variable Dependencies 

Target 
Organ 
Damage 

Left ventricular 
hypertrophy 

Angina 

Prior MI 

Chronic Kidney 
Disease 

Heart failure 

Stroke 

TIA 

Prior Coronary 
Revascularization 

Peripheral arterial 
disease 

Retinopathy 

LV Mass 

LV Wall Thickness 

LVH by ECG criteria 

Carotid stenosis 

Abdominal aortic aneurysm 

Occlusive lower extremity disease  

Others not specified……..  

Dependent on 
Diagnostic Tests 



LVH and CHF 

From text-based 
Echocardiogram report 

From EKG report 



Evidence of coronary 
revascularization 

In a letter from a consultant: 



Evidence of 
peripheral vascular disease 

From carotid duplex report 



From JNC-VII Hypertension 
guideline 



Documentation of symptoms 

In a letter from a consultant: 



Conclusions 
 Application of decision rules requires instantiation of a 

large number of clinical variables.  
 Many of these variables are not captured as discrete 

data, even in EHR’s.  
 Many important data items are available only as textual 

entries in narrative reports.  
 Current decision support systems cannot make use of 

all the information that is present in EHR’s. 
 For the foreseeable future, natural language processing 

will be the only way of capturing these data from the 
EHR. 
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