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Outline	for	my	block	

•  Intro	to	use	of	the	EHR	for	genomic	research	
•  NLP	for	EHR	phenotyping		

•  diseases/traits	
•  Drug-response	phenotypes	

•  NLP	for	medical	educaOon	



EHR	adop9on	increasing	faster	than	an9cipated	
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Sequence analysis
Mutual information is critically dependent
on prior assumptions: would the correct
estimate of mutual information please
identify itself? 
A.D.Fernandes and G.B.Gloor

LOTUS, a new domain associated with
small RNA pathways in the germline
I.Callebaut and J.-P.Mornon
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Genome analysis
Genome-wide synteny through highly
sensitive sequence alignment: Satsuma
M.G.Grabherr, P.Russell, M.Meyer,
E.Mauceli, J.Alföldi, F.Di Palma and
K.Lindblad-Toh

Sequence analysis
Localized motif discovery in gene
regulatory sequences
V.Narang, A.Mittal and W.-K.Sung

Structural bioinformatics
ProBiS algorithm for detection of
structurally similar protein binding sites
by local structural alignment
J.Konc and D.Janežič

A machine learning approach to predicting
protein–ligand binding affinity with
applications to molecular docking 
P.J.Ballester and J.B.O.Mitchell

Alignment-free local structural search by
writhe decomposition 
D.Zhi, M.Shatsky and S.E.Brenner

Gene expression
Reducing the algorithmic variability in
transcriptome-based inference
S.Tuna and M.Niranjan

Integrative mixture of experts to combine
clinical factors and gene markers
K.-A.Lê Cao, E.Meugnier and
G.J.McLachlan

A signal–noise model for significance
analysis of ChIP-seq with negative control 
H.Xu, L.Handoko, X.Wei, C.Ye, J.Sheng,
C.-L.Wei, F.Lin and W.-K.Sung

Genetics and population analysis
PheWAS: demonstrating the feasibility of
a phenome-wide scan to discover
gene–disease associations 
J.C.Denny, M.D.Ritchie, M.A.Basford,
J.M.Pulley, L.Bastarache, K.Brown-Gentry,
D.Wang, D.R.Masys, D.M.Roden and
D.C.Crawford

Systems biology
Pathway discovery in metabolic networks
by subgraph extraction 
K.Faust, P.Dupont, J.Callut and J.van Helden

Genome-wide inferring gene–phenotype
relationship by walking on the
heterogeneous network 
Y.Li and J.C.Patra

PathWave: discovering patterns of
differentially regulated enzymes in
metabolic pathways
G.Schramm, S.Wiesberg, N.Diessl,
A.-L.Kranz, V.Sagulenko, M.Oswald,
G.Reinelt, F.Westermann, R.Eils and 
R.König

Going from where to why—interpretable
prediction of protein subcellular
localization
S.Briesemeister, J.Rahnenführer and
O.Kohlbacher

Identification of genetic network dynamics
with unate structure
R.Porreca, E.Cinquemani, J.Lygeros and
G.Ferrari-Trecate

Data and text mining
Building a high-quality sense inventory for
improved abbreviation disambiguation
N.Okazaki, S.Ananiadou and J.Tsujii

APPLICATIONS NOTE

Genome analysis
EuGène-maize: a web site for maize gene
prediction 
P.Montalent and J.Joets

Phylogentetics
PanCGHweb: a web tool for genotype
calling in pangenome CGH data 
J.R.Bayjanov, R.J.Siezen and 
S.A.F.T.van Hijum
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2004:	PublicaOon	of	finished	
human	genome	sequence	

2005:	First	genome-
wide	associaOon	

study	

2010:	500th	genome-wide	
associaOon	study	



The	Synthe9c	Deriva9ve	
A	de-iden9fied	and	conOnuously-updated	
image	of	the	EMR:	2,358,760	subjects	

Resources	for	EMR-based	
research	at	Vanderbilt		

Clinical		
Notes	

Meds,	
Orders	

Clinical	
Messaging		

ICD9,	
CPT	

Test	Results	

Tumor	
registry	

Death	
index	



Using	clinical	notes	to	enhance	knowledge	
Clinical	Notes,		
test	reports,	etc	

Find	Biomedical	Concepts	
and	Qualifiers	

(KnowledgeMap)	

chief_complaint:	
				C0392680:	Shortness	of	Breath	
history_present_illness:	
					CongesOve	Heart	Failure	
					Type	2	diabetes,	negated	
mother_medical_history:	
					rheumatoid	arthriOs	

Structured	Output	
certainty	(posiOve,	negated)	
Who	experienced	it?	(paOent	or	family	
member?)	

Medication 
Extraction 
(MedEx) 

Structured	Output	
DrugName:	atenolol	
Strength:	50	mg		
Frequency:		daily	

EMR’	
Research	
DerivaOve	

CC:	SOB	
HPI:	This	is	a	65yo	w/	h/o	
CHF,	…	no	dm2…	
on	atenolol	50mg	daily…	
Mother	had	RA.	

Billing	
codes	

Retrained cTAKES 
Smoking module 
(an example of a 

routine procedure)  



Extracted	detailed	smoking	history	
from	clinical	narra9ves	

8	

Travis Osterman 
AMIA 
Weds 10:30-12 session 



Example - Clinical Notes 

9 

CC: SOB 
HPI: 71 yo woman h/o DM, HTN, Dilated CM/CHF, 

Afib s/p embolic event, chronic diarrhea, admitted 
with SOB.  CXR pulm edema.  Rx’d Lasix. 

All:  none 
Meds Lasix 40mg IV bid, ASA, Coumadin 5, Prinivil 

10, glucophage 850 bid, glipizide 10 bid, 
immodium prn 

A/P: 
-  increase lasix to 80 bid 
-  maintain sao2 > 92% per RT protocol 
-  no fever and wbc wnl, so cont immodium prn 
-  dm2: ccm 
 
 
 
 



The	Synthe9c	Deriva9ve	
A	de-idenOfied	and	conOnuously-updated	
image	of	the	EMR:	2,358,760	subjects	

BioVU	
Subjects	with	DNA:	197,330	

•  Dense	(GWAS-level)	
genotypes:	~20,000	

•  Exome	chip	data:	
~36,000	

Resources	for	EMR-based	
research	at	Vanderbilt		



EHR	Phenotyping	



No hypertension 

Has hypertension 

“Simple”	Example:	Who	has	hypertension?	
Defini9on:	SBP	>	140	or	DBP	>	90	
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Our	“simple”	example:	Hypertension	
MulOple	components	are	beher		
(and	blood	pressure	is	the	worst)	



The	“demonstra9on	project”	
•  Are	genotype-phenotype	relaOons	replicated	in	BioVU?		
•  Genotype	“high-value”	SNPs	in	the	first	10,000	samples	

accrued.	
•  21	established	loci	(>1	SNP	for	some)		
•  in	5	diseases	with	known	associaOons:		

Atrial	fibrilla9on 	 	 		
Crohn’s	disease 	 	 		
Mul9ple	Sclerosis	
Rheumatoid	arthri9s	
Type	II	Diabetes	

•  Develop	“electronic	phenotype	algorithms”	to	idenOfy	
cases	and	controls		



RA	–	Case	Defini9on	Evolu9on	
# Definition # Cases Problem 

1 ICD9 codes for RA + Medications (only 
in problem list) 

371 Found incomplete problem lists 

2 Same as above but searched notes 411 Patients billed as RA but actually 
other conditions, overlap syndromes 
such as psoriatic arthritis, juvenile RA 

3 Above + require text “rheumatoid 
arthritis” and small list of exclusions 

358 Overlap syndromes with other 
autoimmune conditions, conditions in 
which physicians did not agree 

4 Above + exclusion of other inflammatory 
arthritides  

255 PPV = 97%; a few “possible RA” or 
family history items remained 



ICD 9 codes (any of the below)       
•  714				Rheumatoid	arthriOs	and	other	inflammatory	polyarthropathies 			
•  714.0 	Rheumatoid	arthriOs 	 	 	 			
•  714.1 	Felty’s	syndrome 	 	 	 		
•  714.2 	Other	rheumatoid	arthriOs	with	visceral	or	systemic	involvement   
 

Final RA case definition 

AND 
Medications (any of the below) 

methotrexate	[MTX][amethopterin]	sulfasalazine	[azulfidine];	Minocycline	[minocin][solodyn];	
hydroxychloroquine	[Plaquenil];	adalimumab	[Humira];	etanercept	[Enbrel]	infliximab	
[Remicade];	Gold	[myochrysine];	azathioprine	[Imuran];	rituximab	[Rituxan]	[MabThera];	
anakinra	[Kineret];	abatacept	[Orencia];	leflunomide		[Arava]	

	

AND 
Keywords (any of the below) 

rheumatoid	[rheum]	[reumatoid]	arthriOs	[arthriOdes]	[arthriris]	[arthrisOs]	
[arthritus]	[arthrOs]	[artriOs] 

=Narrative components 
 



•  714.30  Polyarticular juvenile rheumatoid arthritis, chronic or 
unspecified 

•  714.31  Polyarticular juvenile rheumatoid arthritis, acute 
•  714.32  Pauciarticular juvenile rheumatoid arthritis 
•  714.33  Monoarticular juvenile rheumatoid arthritis 
•  695.4   Lupus erythematosus 
•  710.0 Systemic lupus erythematosus 
•  373.34  Discoid lupus erythematosus of eyelid 
•  710.2  Sjogren's disease 
•  710.3  Dermatomyositis 
•  710.4  Polymyositis 
•  555    Regional enteritis 
•  555.0  Regional enteritis of small intestine 
•  555.1  Regional enteritis of large intestine 
•  555.2  Regional enteritis of small/large intestine 
•  555.9  Regional enteritis of unspecified site 
•  564.1  Irritable Bowel Syndrome 
•  135  Sarcoidosis 
•  696  Psoriasis and similar disorders 
•  696.0  Psoriatic arthropathy 
•  696.1  Other psoriasis and similar disorders excluding psoriatic 

arthropathy 
•  696.8  Other psoriasis and similar disorders 
•  099.3  Reiter’s disease 
•  716.8  Arthropathy, unspecified 
•  274.0  Gouty arthropathy 
•  358.0  myasthenia gravis 
•  358.00  myasthenia gravis without acute exacerbation 
•  358.01  myasthenia gravis with acute exacerbation 
•  775.2  neonatal myasthenia gravis 

•  719.3  Palindromic rheumatism 
•  719.30  Palindromic rheumatism, site unspecified 
•  719.31  Palindromic rheumatism involving shoulder region 
•  719.32  Palindromic rheumatism involving upper arm 
•  719.33  Palindromic rheumatism involving forearm 
•  719.34  Palindromic rheumatism involving hand 
•  719.35  Palindromic rheumatism involving pelvic region and thigh 
•  719.36  Palindromic rheumatism involving lower leg 
•  719.37  Palindromic rheumatism involving ankle and foot 
•  719.38  Palindromic rheumatism involving other specified sites 
•  719.39  Palindromic rheumatism involving multiple sites 
•  720  Ankylosing spondylitis and other inflammatory spondylopathies 
•  720.0  Ankylosing spondylitis 
•  720.8  Other inflammatory spondylopathies 
•  720.81  Inflammatory spondylopathies in diseases classified 

elsewhere 
•  720.89  Other inflammatory spondylopathies 
•  720.9  Unspecified inflammatory spondylopathy 
•  721.2  Thoracic spondylosis without myelopathy 
•  721.3  Lumbosacral spondylosis without myelopathy 
•  729.0  Rheumatism, unspecified and fibrositis 
•  340 Multiple sclerosis 
•  341.9 Demyelinating disease of the central nervous system 

unspecified 
•  323.9  transverse myelitis 
•  710.1  Systemic sclerosis 
•  245.2  Hashimoto’s thyroiditis 
•  242.0 Toxic diffuse goiter 
•  443.0 Raynaud’s syndrome 

AND NOT 
ICD 9 codes (any of the below) 

AND NOT 
Keywords (any of the below) 

juvenile [juv] rheumatoid [rheum] [reumatoid] [rhumatoid] arthritis [arthritides] [arthriris] [arthristis] [arthritus] [arthrtis] [artritis] 
juvenile [juv] arthritis arthritis [arthritides] [arthriris] [arthristis] [arthritus] [arthrtis] [artritis] 
juvenile chronic arthritis [arthritides] [arthriris] [arthristis] [arthritus] [arthrtis] [artritis] 
juvenile [juv] RA; JRA 
Inflammatory [inflamatory] [inflam] osteoarthritis [osteoarthrosis] [OA] 
Reactive [psoriatic] arthritis [arthropathy] [arthritides] [arthriris] [arthristis] [arthritus] [arthrtis] [artritis] 

Final RA case definition - 2 



Algorithm	Development	and	Implementa9on	
	
	
	
	

Clinical Notes 
(NLP - natural language 

processing) 
Billing codes 
ICD9 & CPT 

Medications 
ePrescribing 

& NLP 
Labs & test results 

NLP 

What	we	learned	-	Finding	
phenotypes	in	the	EMR	

True	cases	

IdenOfy	
phenotype	
of	interest	

Case	&	control	
algorithm	

development	and	
refinement	

Manual	
review;	assess	

precision	

Deploy	in	
BioVU	

GeneOc	
associaOon	

tests	

≥95%	

<95%	



A	common	general	approach	to	
phenotyping	

Denny. PLoS Comp Bio 2012 

(typically rare diseases) 



Valida9ng	EMR	phenotype	algorithms	
(Using	first	10,000	pa9ents	in	BioVU)	

Disease Methods Definite	Cases Controls Case	PPV Control	PPV 

Atrial	fibrilla9on NLP	of	ECG	
impressions	
ICD9	codes	
CPT	codes 

168 1695 98% 100% 

Crohn’s	Disease ICD9	codes		
MedicaOons	(NLP) 

116 2643 100%	
 

100% 

Type	2	Diabetes ICD9	codes	
MedicaOons	(NLP)	
NLP	exclusions	
Labs 

570 764 100% 100% 

Mul9ple	Sclerosis ICD9	codes	or	text	
diagnosis 

66 1857 87% 100% 

Rheumatoid	
Arthri9s 

ICD9	codes	
MedicaOons	(NLP)	
NLP	exclusions 

170 701 97% 100% 

NLP  = Natural language processing 

Common	themes:	
Billing	codes	–	5/5	
NLP	–	5/5	
Meds	–	4/5	
Labs	–	2/5	



0.5 5

Results	

0.5 50.5 5.0 1.0 
Odds Ratio 

rs2200733 Chr. 4q25 
rs10033464 Chr. 4q25 
rs11805303 IL23R 
rs17234657 Chr. 5 
rs1000113 Chr. 5 
rs17221417 NOD2 
rs2542151 PTPN22 
rs3135388 DRB1*1501 
rs2104286 IL2RA 
rs6897932 IL7RA 
rs6457617 Chr. 6 
rs6679677 RSBN1 
rs2476601 PTPN22 
rs4506565 TCF7L2 
rs12255372 TCF7L2 
rs12243326 TCF7L2 
rs10811661 CDKN2B 
rs8050136 FTO 
rs5219 KCNJ11 
rs5215 KCNJ11 
rs4402960 IGF2BP2 

Atrial fibrillation 

Crohn's disease 

Multiple sclerosis 

Rheumatoid arthritis 

Type 2 diabetes 

disease gene /  
region marker 

2.0 

Ritchie	et	al.,	AJHG	2010	

observed published 



Iden9fying	cases	with	precision	from	the	EMR	

RA	 MS	 CD	 T2D	

Had	ICD-9	codes:	 3.9%	 1.	8%	 1.8%	 17.3%	

Met	algorithm	definiOon:	 2.7%	 1.	2%	 1.6%	 9.7%	

Accuracy	of	ICD9	codes:	 69%	 66%	 89%	 56%	

requires structured and unstructured information 



Hypothyroidism	algorithm	



Hypothyroidism 
Validation 

Site	
Case	

PPV	(%)	
Control	
PPV	(%)	

Group	Health	 98	 100	
Marshfield	 91	 100	
Mayo	Clinic	 82	 96	
Northwestern	 98	 100	
Vanderbilt	 98	 100	
All	sites	(weighted)	 92.4	 98.5	

Same algorithm, 
deployed at five 
sites 

24	

More	examples	of	paOents	with	
secondary	hypothyroidism	without	
code	evidence	-	only	findable	via	

more	complex	NLP	not	in	algorithm	



Hypothyroidism:		
“No-Genotyping”	GWAS	

FOXE1 

Denny	et	al.,	AJHG	2011	



Sharing	algorithms:	PheKB.org	
This	is	not	just	gene9cs!	

26	

•  eMERGE,	PCORnet,	NIH	Collaboratory,	
PGRN,	PGPop	

•  381	acOve	users,	48	insOtuOons	
•  21	publicly	available	phenotypes,	67	

phenotypes	in	development	
•  There	are	165	implementaOons	
•  social	networking	features;	

versioning;	etc.	
•  Data	dicOonary	and	data	set	

validaOon	



What	EHR	data	do	we	need	for	
research?	

Data	modali9es	or	
methods		

Number	of	phenotypes	u9lizing	
these	features	

Public	
(N=30)	

Non-Public	
(N=62)	

Percent	of	
Total	

ICD-9	Codes	 27	 37	 70%	
Medica9ons	 25	 32	 62%	
Natural	Language	
Processing	

21	 21	 46%	

CPT	Codes	 14	 24	 41%	
Laboratory/test	results	 14	 21	 38%	

Evaluation of EHR data types used in 92 phenotypes posted on 
PheKB.org (median positive predictive value = 96%) 



ICD,	Meds,	and	(nonnegated)	Text	men9ons	iden9fy	
different	counts	of	possible	cases	for	different	diseases	

Wei-WQ et al. JAMIA 2015 



ROC	curves	for	ICD-9,	primary	notes,	and	specific	
medica9ons	for	10	diseases	(1750	reviewed	charts)	

Wei-WQ et al. JAMIA 2015 



How	to	find	cases:	general	maxims	

•  ICD9s	(and	CPT)	very	useful	but	not	sufficient	
•  nearly	all	algorithms	use	them	
•  good	for	sensiOvity	but	not	necessarily	PPV	

•  Labs	
•  Meds	–	marker	of	disease	and	severity	–	not	
usually	that	helpful	by	itelf	

•  NLP	–	o{en	confirmatory	and	refining,	unless	
dealing	with	rare	diseases	

30	



PPV	and	sensi9vity	over	10	diseases	by	counts	of	occurrence	

Wei-WQ et al. JAMIA 2015 



Completed	eMERGE	GWAS	
All	of	these	are	on	PheKB	and	will	eventually	be	public	
Diseases	
•  Demen9a	
•  Cataracts	
•  Autoimmune	Hypothyroidism	
•  DiverOculosis/diver9culi9s	
•  Type	2	Diabetes	
•  DiabeOc	reOnopathy		
•  Herpes	zoster	
•  PheWAS	
•  Peripheral	Arterial	Disease	
•  Venous	Thromboembolism		
•  Glaucoma	
•  Ocular	hypertension	
•  Abdominal	AorOc	Aneurysm		
•  Colon	polyps	
	
	
	

Endophenotypes	
•  PR	Dura9on	
•  QRS	Dura9on	
•  HDL/LDL	
•  height		
•  white	blood	cell	counts	
•  red	blood	cell	counts	
•  Cardiorespiratory	Fitness	
•  ESR	levels	
•  Platelet	levels	

Pharmacogenomic	phenotypes	
•  ACE	inhibitor	cough	
•  Heparin	induced	thrombocytopenia	
•  Resistant	hypertension	
•  Drug	Induced	Liver	Injury	
•  C.	difficile	coliOs	bold=GWAS	completed	with		

										significant	results	

Selected	consor9a	
contribu9ons	
•  Height	
•  QTc	
•  Rheum.	Arthri9s	
•  Myocardial	Infarc9on	

Gene9cs	Consor9um	
•  Intl.	Mult	Sclerosis	Genet.	

Consort.	
•  Genomic	Inves9ga9on	of	

Sta9n	Therapy	



Are	algorithms	portable,	part	II:	Rheumatoid	
Arthri9s	

•  Previously published logistic regression model 
•  Developed at Partners Healthcare 
•  ICD9, Labs, Meds, NLP 
•  Tested at Northwestern and Vanderbilt 

•  Is the signature the same across 
•  Differing healthcare environments and EHR systems? 
•  Differing NLP systems (regular expression vs. out-of-the-bag 

KnowledgeMap)? 

Site	 n	 PPV	 SensiOvity	 AUC	
Original	(Partners)	
Northwestern	
Vanderbilt	

400	
390	
376	

94%	
87%	
95%	

63%	
60%	
57%	

95%	
92%	
95%	

Liao	et	al.	Arth	Care	Res	2010	
Carroll	et	al.	JAMIA	2012	 33	



Using	Machine	Learning	for	Phenotyping	

Carroll et al, AMIA 2011 

Synthe9c	Deriva9ve	

Filter	to	
RA	related	
items	

Naïve	SVM	Refined	SVM	

NLP	
Concepts	

Meds		 ICD9	



clopidogrel                2-oxoclopidogrel 

A	Demonstra9on:	clopidogrel	response	

clopidogrel failure=myocardial infarction, stroke, revascularization, death  
Semi-automated Methods: Algorithms + Manual Review 

Delaney et al. Clin Pharm Ther. 2012 

Normal 
metabolizer 

Poor or intermediate 
metabolizers 

CYP2C19 

258 VOLUME 91 NUMBER 2 | FEBRUARY 2012 | www.nature.com/cpt

ARTICLES

The extent to which findings in these research settings can 
be translated to real-world clinical care settings is uncertain. 
Biobanks linking DNA to electronic health records (EHRs) 
offer an approach to addressing this issue.23–26 To date, such 
EHR-based studies have focused on disease susceptibility or 
physiologic traits, but their utility for pharmacogenomics 
has not been evaluated. The Vanderbilt University Medical 
Center EHR includes comprehensive information on ~1.7 
million patients; as of June 2011, BioVU, the Vanderbilt DNA 
biobank27 included de-identified DNA samples from more 
than 120,000 individuals. From the BioVU database we identi-
fied individuals who were started on clopidogrel therapy after 
an MI and/or PCI with stent placement and then assigned 
“case” or “control” status depending on the occurrence of a 
recurrent cardiac event during a 1- to 2-year follow-up. We 
report here that the associations of adverse cardiac events 
with variants in CYP2C19 and ABCB1 were readily replicated, 
whereas the association with PON1 was not.

RESULTS
Through the implementation of an electronic algorithm followed 
by manual review, we identified 807 individuals who had been 
started on clopidogrel therapy after an MI and/or intracoronary 
stent placement procedure (Figure 1). The primary outcome was a 
recurrent cardiovascular event, defined as a composite of all-cause 
mortality, MI, revascularization, and stroke. This primary out-
come occurred in 260 individuals, and, after biobank opt-out and 

inadequate DNA samples were taken into account, 225 underwent 
genotyping. Among the genotyped cases, there were 14 deaths,  
40 MIs (9 ST segment elevation MI, 28 non–ST segment elevation 
MI, and 3 MIs not categorized), 206 revascularization procedures, 
and 1 stroke. In addition, stent thrombosis occurred in 12 indi-
viduals. We identified 547 individuals with no second composite 
cardiac event, of whom 468 underwent genotyping. Of the con-
trols, 76.7% had 2 years of follow-up, and the remaining 23.3% 
had at least 1 year of follow-up.

Cases and controls were similar in age, gender, body mass 
index, and cardiac risk factors, including hypertension, dia-
betes mellitus, hyperlipidemia, and smoking status (Table 1). 
The overall rates of hypertension, hyperlipidemia, and positive 
smoking status were higher than in previously reported stud-
ies. Cases and controls were also similar in their indication for 
study enrollment.

We performed genotyping for six single-nucleotide polymor-
phisms (SNPs): rs1045642, ABCB1; rs4244285, CYP2C19*2; 
rs4986893, CYP2C19*3; rs28399504, CYP2C19*4; rs12248560, 
CYP2C19*17; and rs662, PON1. Two SNPs—rs28399504 
(CYP2C19*4) and rs4986893 (CYP2C19*3)—were excluded 
from further analysis because of the very low frequency of 
the minor alleles. The genotype frequencies by case status for 
four SNPs—rs1045642 (ABCB1), rs4244285 (CYP2C19*2), 
rs12248560 (CYP2C19*17), and rs662 (PON1)—are available 
in Supplementary Table S1 online.

Kaplan–Meier curves (Figure 2) of the primary end point for 
CYP2C19 among cases and controls showed that carriers of at 
least one CYP2C19 loss-of-function allele (*1/*2 or *2/*2) had 
higher event rates than those without this allele (P = 0.005). For 
ABCB1, the recurrent cardiac event rate was greater among A/A 
genotypes as compared to G/G genotypes (P = 0.065). Neither 
the CYP2C19*17 nor the PON1 genotype affected the time to 
second cardiac event in dominant, recessive, or additive genetic 
models.

Unadjusted and adjusted results for the primary analysis are 
shown in Table 2 for all individuals. According to the adjusted 
estimates, CYP2C19*2 and ABCB1 were significantly associated 
with the primary end point, with hazard ratios (HR) equal to 
1.54 (95% CI 1.16–2.06, P = 0.003) and 1.28 (1.04–1.57, P = 0.018), 
respectively. Individuals who were CYP2C19*2 heterozygotes 
were also at increased risk as compared to homozygote normal 
metabolizers, the HR being 1.61 (1.20–2.17, P = 0.001). There 
were 15 individuals who were CYP2C19*2 homozygotes, and no 
increased risk compared to normal metabolizers was detected in 
this small group. There was no evidence to suggest an effect of 
CYP2C19*17 or PON1 on the primary outcome measure: HRs 
were 0.91 (0.71–1.18, P =  0.48) for CYP2C19*17 and 0.91 (0.73–
1.12, P = 0.37) for PON1. For both CYP2C19*2 and ABCB1, the 
primary end point was driven largely by repeat revasculariza-
tion, the HR values being 1.54 (1.14–2.07, P = 0.004) and 1.21 
(0.99–1.47, P = 0.067), respectively (Table 3). For the second-
ary end points (death, MI, and stent thrombosis considered 
individually), none of the SNPs was found to have a significant 
association. However, ABCB1 approached significance for 
stent thrombosis, the HR being 2.64 (0.84–8.29, P = 0.096), and 

Phenotype algorithm:
MI defined by ICD-9/lab values/NLP

or
Intracoronary stent defined by CPT/NLP

+
Clopidogrel on discharge

Possible case
Between 2 and 730 days from initial
events with documented clopidogrel

use and evidence of:
MI(ICD9/lab values/NLP)

or
Revascularization (CPT/NLP)

or
Stroke (ICD9/NLP)

or
Death

N = 591

Manual review

Definite case
N = 260

Inadequate DNA
sample or

patient opt-out
N = 35

Genotyping
N = 225

Inadequate DNA
sample or

patient opt-out
N = 79

Genotyping
N = 468

Definite control
N = 547

Manual review

N = 811

Possible control
Between 2 and 365 730 days from

initial events with documented
clopidogrel use and no evidence of:

MI(ICD9/lab values/NLP)
or

Revascularization (CPT/NLP)
or

Stroke (ICD9/NLP)
or

Death

Figure 1 Phenotype algorithm for selection of cases and controls for 
genotyping. CPT, Current Procedural Terminology; ICD, International 
Classification of Disease; MI, myocardial infarction; NLP, natural language 
processing.



GWAS	of	ACEI-cough	(no	prior	GWAS)	

ACEI-cough  
(NLP of allergy sections) 

Mosley et al. TPJ 2014 

eMERGE	phenotype	–	document	ACEI	
cough	allergies	in	the	EMR	
	
Our	GWAS:	
OR=1.3	[95%CI:	1.2-1.4]		
	
eMERGE	replicaOon	(same	algorithm):	
OR=1.32	[1.01-1.70]	
	
European	replica9on	–	people	changed	
from	ACEI	to	an	ARB	(reason	unknown)	
	
European	replicaOon	
OR=1.15	[1.01-1.30]		



Part	3	–	Using	NLP	to	assess	and	
improve	Medical	Educa9on	
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Part	#1:	Assessing	
Curricula	

•  LCME	and	ACGME	require	increasing	documentaOon	of	
curriculum	objec9ves,	coverage,	and	student	pa9ent	
experiences	

•  AccreditaOon	standards	specific	content,	competencies,	
amount	of	training,	etc.	for	periodic	reviews	
•  PaOent	case	mix	
•  Topics	taught	
•  Response	to	certain	trans-course	“hot	topics”	over	Ome	–	women’s	

health,	substance	abuse,	etc.	
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Traditional Medical 
Curriculum 

Anatomy Physiology 

First year 

Histology Microbiology 

…etc 



Tradi9onal	Medical	Educa9on	
Model	
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First year Second year U
S

M
LE

 B
oa

rd
 E

xa
m

s 
Clinical education 

Patients 



Guiding	ques9ons	
•  Faculty:	“I	am	teaching	about	congesOve	heart	
disease	–	what	have	students	already	learned	about	
this?”	
	

•  Students:	Studying	immunoglobulins,	need	to	find	
relevant	prior	concepts	like	splicing		
	

•  Administrators:	Where	do	we	cover	large	concepts,	
like	geriatrics?		
	

41 



KM	screenshots	
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Courses grouped 
by years, with 
calendars specific 
for each year 

Supports multiple 
“programs” (Med school, 
residencies, etc) 
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Faculty upload native 
formats (e.g., PowerPoint) 
and KM creates other 
formats automatically 



Document	Processing	
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Document	
uploaded	by	
lecturer,	placed	in	
queue	

Document	
Conversion	
Server	

KM	Concept	
IdenOfier	

Document	Conversion	
Server	pulls	next	document	

off	queue,	converts	to	
HTML	and	Text	

Text	version	
placed	in	
queue	

Web	server	HTML	&	PDF	
versions	

CUIS	
PDF,	MS	Word,	
WordPerfect,	HTML,	
PowerPoint,	etc	



Searching	screenshots	
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Searching for “urinary 
incontinence” 

Analysis of first ~60,000 
searches showed that 85% 
were medical concepts 
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Documents containing the concept 
“urinary incontinence” 
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KM shows one of lectures that 
mention “urinary incontinence” 
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Three definitions for “CHF” – the 
system disambiguates each 

occurrence of “CHF” into one of 
these three matches when in 

documents 
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A document matching “Congestive 
heart failure”; the system finds both 
“congestive heart failure” and “CHF” 
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A document matching “congenital 
hepatic fibrosis”; these instances of 
“CHF” are interpreted as “congenital 
hepatic fibrosis instead of “congestive 
heart failure” 



How	do	we	find	broad	concepts	like	
“geriatrics”	or	“women’s	health”?		



Geriatrics	search	screen	shot	
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180 concepts related to 
“Geriatrics” 
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Concepts related to “Geriatrics” 

(using UMLS MRREL relationships) 

After building, you can save, export to 
Excel, periodically use to run reports 

as CSV/Excel 
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Searching for documents matching 
those 180 Geriatric concepts 
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A Geriatric document 



How	well	does	KM	find	metaconcepts?		

•  IdenOfied	gold	standard	set	of	380	documents	as	containing	high,	medium	
or	low	relevance	to	each	topic	

•  Used	KM	to	generate	a	variable	number	of	subconcepts	for	each	broad	
concept	and	calculated	a	relevance	score	for	each	document.		

57 Denny, Smithers, Armstrong , Spickard. JGIM 2005 

Topic ROC area 

Genetics 0.98 

Women’s Health 0.93 

Dermatology 0.95 

Radiology 0.97 



Finding	broad	curricular	topics	
•  Used	for	LCME,	creaOng/rearranging	courses,	
revising	curriculum		

0 
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VMS IV 
VMS III 
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VMS I 

Using to infuse Geriatrics in the curriculum: 

Initiative to 
increase 

Geriatrics start 



Part	#2:	Assessment	in	Clinical	Years	

•  TesOng	based:	USMLE,	NCLEX,	Residency	
Board	Exams	

•  Experience	Based:	
•  ACGME	and	RRC	
•  Nursing	requirements	

•  Both	current	methods	tend	to	aggregate	at	
high	levels	

•  Experience	is	an	important	part	of	
competency	

59 



Learning	Pornolio	–	leveraging	EMR	to	
capture	experience	

Trainee	creates		
note	in	the	EMR	

Database	of	
concepts	

Clinical	Pornolio	

Electronic	
Medical	
Record	

Appropriate	
mentors	emailed	

(students)	

Use	Natural	Language	Processing	
to	find	note	content	

	

Mentors	evaluate	and:	
1.	Give	feedback		
2.	Assign	learning	objec9ves	

Automa9cally	Log	Procedures	



LP	screenshots	
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Teachers have students/trainees 
they “mentor” 

What documents/patients they 
see (for patient confidentiality) is 
driven by: 

•  Mentorship type 

•  Timeframe of mentorship 
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EMR searching 
(screenshots) 

Search box for KM 
immediately accessible 

from EMR 

Provides “one-stop shopping” for: 
• Term Definitions 
• Drug information (Epocrates, Lexi-Comp) 
• Medical references (UpToDate, PubMed, 

MedlinePlus) 
• All curriculum content (VUSM, MPH, 

residencies, etc) 
• Additional local resources (POGOe, 

Geriatric Review Syllabus) 
• Other EBM resources and Google 



Tracking	experience:	Vanderbilt	
Core	Clinical	Curriculum	(VC3)	

Abdominal pain 
Abnormal uterine bleeding 
Abnormal vaginal 
discharge 
Abnormalities of mood 
Altered mental status 
Back pain 
Breast disease 
Chest pain 
Cough 
Dysuria 
Fever 
GI bleeding 

Headache 
Jaundice 
Loss of consciousness 
Obesity 
Pelvic pain  
Pharyngitis 
Rash 
Seizures 
Shock 
Shortness of breath 
Substance abuse 
Trauma  
Weight loss  

25 Core Clinical Problems (CCP) 
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Student view of how many VC3 topics they’ve 
completed.  (Teachers can see this also.) 

Mapping of a note to a VC3 topic happens manually 
and automatically for high scoring documents. 



Searching	for	relevant	notes	matching	
core	objecOve	“Back	Pain”	

He	discussed	
these	concepts	

…in	these	secOons	



Part	#3:	Evalua9ng	and	integra9ng		
	

Study	1:	Curriculum	vs.	Notes	
Learning Portfolio (clinical notes) 

CC: abdominal pain 
This is a 78yo with PMH 
significant for who presents 
with back pain after a fall… 

Natural 
language 

processing 

Concept	
database	

KnowledgeMap (curriculum documents) 

PowerPoint slides, 
lecture notes, etc. 

Natural 
language 

processing 

Clinical content filters 
-25 VC3 problems (CCPs) 
-7 types of infections 

 Compare content, 
identify discrepancies 



Coverage	of	VC3	Topics		

0 0.05 0.1 0.15 

Abdominal Pain  

Abnl Uterine Bleeding 

Abnl Mood  

Abnl Weight Loss 

Altered Mental Status 

Back Pain  

Breast Disease 

Chest Pain 

Cough  

Dysuria  

Fever 

GI Bleed 

Headache 

Concept density 

Clinical Notes Curriculum documents 

0 0.05 0.1 0.15 

Jaundice 

Loss of Consciousness 

Obesity  

Pelvic Pain 

Pharyngitis  

Rash  

Seizures 

Shock 

Shortness of Breath 

Substance Abuse  

Trauma  

Vaginal Discharge 

Concept density 

Denny et al. AMIA 2010 

300k	student	notes	
15k	lecture	documents	



Coverage	of	Infec9ous	Diseases	

Bacteria 
38% 

Fungi 
11% 

Virii 
27% 

Tick-
borne 

7% 

Protozoan 
7% 

Helminths 
6% 

Prions 
4% 

Curriulum Documents 

Bacteria 
60.8% 

Fungi 
11.8% 

Virii 
22.2% 

Tick-borne 
2.1% 

Protozoans 
1.7% Helminths 

1.3% 
Prions 
0.1% 

Clinical Notes  

Denny et al. AMIA 2010 



Study 2: Automated 
Education Advisors 

•  Current Email Advisors: 
•  Advanced directives (pts > 65, if they don’t mention them) 
•  Altered mental status (must say AMS concept in key section 

of note) 

Database 
of Note 

Concepts 

NLP Rules 
Engine 

Customized Emails 
•  Key facts about the diagnosis 
•  Whether or not they met some 
criteria 
•  Links to key references about the 
topic (on KM) 
•  Links to documents most relevant 
to their note 

Student types a 
note in the EMR 

NLP 

Denny et al. JBI 2015 



CHIEF COMPLAINT: confusion, weakness, and lethargy  
HISTORY OF PRESENT ILLNESS: Mrs. X is a 70 year old female with 
metastatic undifferentiated carcinoma, likely lung in origin, who 
was recently discharged from the hospital s/p left femoral 
fracture and biopsy due to a fracture who now presents with 
increasing confusion, weakness, and lethargy.  
… 
PHYSICAL EXAMINATION: General: waxing and waning alertness,  
… 
SUMMARY: This is a 72 year old female with metastatic lung 
carcinoma admitted for delirium most likely secondary to 
hypercalcemia.  
… 
ASSESSMENT AND PLAN:  
1. Hypercalcemia Hyperparathyroidism… malignancy… 
6. Disp -Will keep hospitalized until altered mental status 
improves… 

Step 1. Student sees a patients, writes a note 

Denny et al. JBI 2015 



CHIEF COMPLAINT: confusion, weakness, and lethargy  
HISTORY OF PRESENT ILLNESS: Mrs. X is a 70 year old female with 
metastatic undifferentiated carcinoma, likely lung in origin, who 
was recently discharged from the hospital s/p left femoral 
fracture and biopsy due to a fracture who now presents with 
increasing confusion, weakness, and lethargy.  
… 
PHYSICAL EXAMINATION: General: waxing and waning alertness,  
… 
SUMMARY: This is a 72 year old female with metastatic lung 
carcinoma admitted for delirium most likely secondary to 
hypercalcemia.  
… 
ASSESSMENT AND PLAN:  
1. Hypercalcemia Hyperparathyroidism… malignancy… 
6. Disp -Will keep hospitalized until altered mental status 
improves… 

Step 2. Portfolio finds AMS concepts found in note 



CHIEF COMPLAINT: confusion, weakness, and lethargy  
HISTORY OF PRESENT ILLNESS: Mrs. X is a 70 year old female with 
metastatic undifferentiated carcinoma, likely lung in origin, who 
was recently discharged from the hospital s/p left femoral 
fracture and biopsy due to a fracture who now presents with 
increasing confusion, weakness, and lethargy.  
… 
PHYSICAL EXAMINATION: General: waxing and waning alertness,  
… 
SUMMARY: This is a 72 year old female with metastatic lung 
carcinoma admitted for delirium most likely secondary to 
hypercalcemia.  
… 
ASSESSMENT AND PLAN:  
1. Hypercalcemia Hyperparathyroidism… malignancy… 
6. Disp -Will keep hospitalized until altered mental status 
improves… 

You are getting this email as part of a project to improve your understanding of altered mental status.  
This email is generated based on your note: Medical Student Admission History and Physical, written 
on 2011-01-15 19:42:15.   
  
Key facts about Altered Mental Status: 
• The differential diagnosis of altered mental status is extensive including dementia, delirium, substance 
induced, drug side effects, infection, intracranial lesions or strokes, trauma, and metabolic entities such 
as liver disease or hypoglycemia.  
• Alzhiemer’s disease, vascular dementia, and dementia with Lewy bodies are the most common forms 
of degenerative dementias seen in late life.  
  
KM documents most like yours: 
• Typical Laboratory Results in the Differential Diagnosis of Hypercalcemia | Joshua Charles Denny | 
Geriatrics Review Syllabus (Geriatrics)  
• Hypercalcemia | Natasha Janelle Schneider | Outpatient Medicine Curriculum (Core Lecture Series)   
• Fluid Management for Students | Kyle Bertram Brothers | Pediatrics (VMS III)  
• Pharmacological Concepts | Joseph A Awad | Pharmacology (VMS II)  
  
Other searches that may be relevant to this patient: 
• Differential diagnosis of metobolic (liver ds, electrolytes, gluocose abnormalities) as causes of AMS. (4 
overlapping concepts)  
• Differential diagnosis of delerium as a cause of AMS. (2 overlapping concepts)  
• Signs and symptoms of AMS (2 overlapping concepts)  
• Evaluation of AMS (1 overlapping concepts)  

Step 3. Portfolio finds related curriculum 
documents and emails the student 

Denny et al. JBI 2015 



How does it actually work? 
name	 Altered	Mental	Status	
classificaOons	 VMS3,	VMS4	(type	of	people	to	evaluate)	
eval_saved_search_num	 446	(list	of	CUIs	related	to	AMS,	built	on	website)	

eval_wordsearch	
AMS,	altered	mental	status	(extra	words	to	
search,	nonnegated)	

eval_limit_note_secOons	 1		(searches	only	“high	value”	note	secOons)	
feedback_saved_searches	 426,426,428,429,430,431...			

feedback_saved_searches_programs	

1,2,4	(what	curricula	to	use;	documents	are	
ranked	via	TF-IDF	from	very	broadly	defined	AMS	
CUIs	in	the	saved	searches)	

email_matching_concepts	
TRUE		(tell	the	student	what	we	found	in	their	
note)	

min_age	 18	
max_age	 9999	
min_score_to_keep	 1		
once_per_paOent	 1	
km_docs_to_send	 74	(a	list	of	highly	relevant	AMS	resources)	
email_subjectline	 Altered	Mental	Status	

email_header	
You	are	ge�ng	this	email	as	part	of	a	project	to	improve	your	
learning	on	<b>altered	mental	status</b>.			

email_instrucOon	 Key	facts	about	Altered	Mental	Status:<ul>	…	 74 



Summary	
•  EHR-linked	DNA	biobanks	can	be	used	for	genomic	and	pharmacogenomic	

discovery.		They	can	be	cost	efficient	and	fast.			

•  Best	algorithms	to	find	phenotypes	include	codes,	labs,	meds,	and/or	NLP	
through	combinaOon	of	Boolean	and/or	machine	learning	approaches	–	
these	algorithms	are	placed	on	PheKB	

•  NLP	is	o{en	confirmatory	for	phenotypes	

•  NLP	can	also	be	used	to	improve	cataloging	of	medical	educaOon	content	
and	tracking	of	trainee	experiences	


