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•  How	do	we	know	which	EHR	interface	is	
beAer?	

•  Does	an	NLP	method	get	all	men.ons	of	
uncertainty	or	diabetes	in	a	dataset?	



Evalua.on	methods	

•  Quan.ta.ve	
–  Compare	to	Gold	standard	
–  Classifica.on/predic.on	
–  Evaluate	cost,	.me	

•  Qualita.ve	
–  Compare	to	exis.ng	literature	
– Usability	

•  Replica.on	



Gold	standard	
•  Create	labels	for	data	
•  Evaluate	based	on	how	many	items	found	
•  Example:	have	MDs	mark	Framingham	symptoms	
in	text,	evaluate	what	percentage	NLP	method	
can	find	

•  Challenges?	
–  Inter-rater	reliability	
–  Cost	
–  Evalua.ng	precision	



Inter-rater	reliability	

How	well	do	annotators	agree?	
	
E.g.	do	clinicians	agree	on	which	records	
men.on	diabetes?	
	
What’s	difference	delay	between	two	people	
annota.ng	ac.vi.es?	Does	it	differ	significantly?	



How	to	annotate?	
•  Domain	experts	

+	Exper.se	
+	Can	help	develop	annota.on	scheme	
–  $$$,	.me	
–  Smaller	pool	of	annotators	

•  Crowdsourcing	
+	Large	pool	of	poten.al	annotators	
+	Cheaper	
– Need	training	
– May	try	to	game	system	
–  Privacy	issues	



Crowdsourcing	



•  1042	clinical	trial	announcements	(CTAs)	from	
the	ClinicalTrials.gov		

•  Annotated	by	experts	and	crowd	(based	on	
mechanical	turk)	
– Medica.on	names,	types	+	aAributes	



Results	

•  Agreement	between	crowd/expert	
(1)	annota.ons	(0.87,	F-measure	for	medica.on	
names;	0.73,	medica.on	types)	
(2)	correc.on	of	previous	annota.ons	(0.90,	
medica.on	names;	0.76,	medica.on	types)	
(3)	linking	medica.ons	with	their	aAributes	(0.96).		
No	sta.s.cally	significant	difference	between	the	
crowd	and	tradi.onally-generated	corpora.		





Classifica.on,	predic.on	
•  Classifica.on:	train	model	to	determine	who	has	CHF.	
Apply	to	new	data	to	separate	CHF/non-CHF.	

•  Predic.on:	Use	past	data,	predict	who	will	develop	
CHF,	and	follow	cohort.	

•  Challenges?	
–  Labels	aren’t	certain	
–  Gefng	labels	can	be	difficult,	expensive	
– May	have	to	follow	cohort	over	a	long	.me		
–  Predic.ons	are	indirect	measure,	doesn’t	ensure	causality	



Cost/.me	

•  Does	new	method	reduce	readmissions	to	
hospital?	

•  Did	expenditures	go	down?	
•  Are	orders	slowed	down	by	new	decision	
support?	



Replica.on	

•  Compare	against	prior	method	
•  Compare	findings	in	two	popula.ons	

•  Recall	earlier	discussion	paper!	



Literature	review	

•  Do	findings	conflict	with	prior	knowledge?	
•  Are	there	known	mechanisms	that	support	a	
hypothesis?	

•  Problems:		
– Can	find	suppor.ng	results	for	almost	any	finding	
– What	if	it’s	truly	new?	



Usability	

•  Metrics	from	HCI	
– Surveys,	ques.onnaires,	interviews	
– Lab	vs	contextual	
– Focus	groups?	
– Screen	capture	
– Eye	tracking	



Evalua.on	strategy	depends	on..	

•  What	you’re	evalua.ng	
– NLP,	decision	support,	new	interface?	

•  Goal 		
– Evaluate	usability	vs.	annota.on	accuracy	

•  Constraints		
– Time,	money,	people	
–  In-depth	study	of	small	group	vs.	superficial	test	
with	large	popula.on	





Case	study	
A	large	hospital	wanted	to	find	out	how	many	of	their	pa.ents	
with	hypertension	have	their	blood	pressure	(BP)	under	
control.		
	
To	do	this,	they	searched	their	EHR	for	pa.ents	with	ICD9	
codes	for	hypertension,	and	then	did	a	search	of	text	and	
database	fields	for	words	confirming	the	diagnosis	and	the	BP	
values.	Pa.ents	where	this	data	could	not	be	found	were	
reviewed	manually.	
	
To	validate	their	results,	they	examined	a	random	sample	of	
pa.ents	whose	BP	was	found	to	be	in	control	to	see	if	this	
was	true.		



Today’s	paper	



Study	methods	

•  Observa.onal	
– Cross-sec.onal	
– Longitudinal	cohort	study	
– Case-control	

•  Interven.on	
– Clinical	trials	



Is	Health	IT	improving	outcomes	

Say	we	observe…	
– Reduced	readmissions	
– Fewer	errors	
– Less	.me	spent	on	notes	

among	hospitals	using	electronic	records	

How	do	we	know	if	it’s	a	result	of	EHR	use?	



What	causes	interven.on	vs	what	causes	effect?	
– More	skilled	doctors	may	choose	a	par.cular	
procedure	

– Healthier	pa.ents	may	use	an	app	



Comparing	two	fitness	trackers.	
	
Can	assign	half	par.cipants	to	one	and	half	to	
the	other,	but	is	there	a	beAer	approach?		



•  Subjec.ve	assessment	
•  Delayed	effects	(side	effects)	
•  Interven.on	indirectly	causing	effect	



RCTs	

•  Two	groups	iden.cal	in	all	respects	except	for	
treatment	

•  Differences	between	them	should	then	be	due	
to	treatment	



James	Lind	and	Scurvy	

•  Divided	12	sailors	into	groups	of	two	
•  Each	pair	received	an	addi.on	to	their	diet	
•  Citrus	led	to	improved	symptoms	

But	didn’t	randomly	assign	the	treatments	



•  Individual	
•  Group-level/cluster	

– Consider	true	sample	size	



Who	to		randomize?	

Tes.ng	heartburn	medica.on…	
	
Should	popula.on	be…?	
	-Everyone	
	-People	with	history	of	heartburn	
	-People	w/heartburn	and	not	taking	drugs	 	that	

may	interact	w/proposed	one	
	-People	w/o	heartburn	due	to	another	condi.on	



 Figure 4. Schematic diagram illustrating effect of multiple stages of selection inherent in clinical practice on proportion of patients in 
catchment of participating centre entered into an RCT done in secondary careWorst case assumes proportion of patients exc... 

Peter M Rothwell 

 External validity of randomised controlled trials: “To whom do the results of this trial apply?” 

null, Volume 365, Issue 9453, 2005, 82–93 

http://dx.doi.org/10.1016/S0140-6736(04)17670-8 



•  Randomizing	to	avoid	selec.on	bias	but…	



Who	to	analyze?	

•  People	not	available	for	all	data	collec.on	on	
outcomes	=	lost	to	follow-up	

•  Ignore	subjects	with	missing	data?	
•  Use	all	data?	



Survival	bias	

Example:	analyze	habits	of	people	who’ve	lost	
weight	and	kept	it	off	for	2	years.	
	
What’s	wrong	with	this?	



To	assign	treatments	we	could…	
	-Have	researcher	alternate	between	
	treatment/control	for	each	person	
	-Flip	a	coin	each	.me	person	joins	study	
	-Enclose	assignment	in	set	of	envelopes	that	
	researcher	only	opens	arer	each	subject	is	
	enrolled	



What	are	we	controlling?	

1st	RCT	compared	bed	rest	(then	current	
standard	of	care)	and	streptomycin	for	trea.ng	
tuberculosis	
	
Why	not	compare	streptomycin	against	
nothing?	



Why	placebo	

Act	of	treatment	(even	with	no	ac.ve	
ingredient)	can	lead	to	real	change	in	outcomes	
	
Just	because	something	changes	arer	
treatment,	doesn’t	mean	it’s	because	of	the	
treatment!	
	
Decisions	aren’t	treat/don’t	treat,	but	WHICH	
treatment	
	



Control	ethics	

•  If	effec.ve	treatment	exists,	should	compare	
against	that,	not	placebo	

•  Principle:	we	should	in	theory	not	know	
whether	one	treatment	is	beAer	than	the	
other.		

•  If	we	know	a	treatment	exists	and	we	
withhold	it,	that’s	unethical	



Control	and	bias	

•  Ever	see	commercials	for	diet	programs	or	
supplements?	
–  Just	shows	A	diet	beAer	than	none,	not	that	this	
par.cular	one	is	beAer	than	any	other	

•  Remember,	choosing	popula.on	and	HOW	
the	other	treatment	is	given	(dosage,	etc)	



Choosing	a	control 		

•  Mimic	the	process	as	much	as	possible	

Examples	
-sugar	pill	
-sham	acupuncture	
-fake	surgery	
-ac.ve	placebos	



Placebo	effect	

•  Dosage	
•  Injec.on	vs	pill	
•  Color	of	pills	
•  Packaging/branding	
•  Surgeries	





Open	placebo	



Blinding	

•  Single:	Pa.ent	unaware	of	what	treatment	
being	received	

•  Double:	Pa.ent	+	clinician	unaware	of	what	
treatment	being	administered/received	

•  Triple:	Double	+	person	analyzing	results	not	
aware	of	which	group	is	which	



Example	

RCT	of	two	treatments	+	placebo	for	mul.ple	
sclerosis	
Examina.on	by	blinded	and	unblinded	
neurologists	
Unblinded	Neurologists	showed	one	treatment	
beneficial	at	6,	12,	24	months,	p-value<0.05	

Noseworthy,	J.	H.,	Ebers,	G.	C.,	Vandervoort,	M.	K.,	Farquhar,	R.	E.,	
Ye.sir,	E.,	&	Roberts,	R.	(1994).	The	impact	of	blinding	on	the	results	of	
a	randomized,	placebo-controlled	mul.ple	sclerosis	clinical	trial.	
Neurology,	44(1),	16-16.		



Using	RCT	results	
•  Tension	between	study	adequately	tes.ng	
hypothesis…	and	broader	applicability	

•  Study	tests	one	interven.on,	but	in	reality	do	we	
only	change	one	thing?	

•  Homogeneous	study	popula.on	isolates	cause,	
but	what	happens	when	we	move	to	more	varied	
sefng?	

•  RCT	tells	us	treatment	CAN	cause	something,	not	
that	it	WILL	when	we	try	to	use	it	



Key	ques.ons		

•  Context	
– Are	needed	features	present?	

•  Will	treatment	work	the	same	way	in	another	
place?	
– Ex:	incen.ves,	mosquito	nets/fishing	

•  Side	effects	
•  Interac.ons	

– Factors	that	will	undermine	the	cause?	



•  Interven.on:	office	chairs	
•  Outcome:	weight	loss	

Weight	loss	in	first	test!	

Failure	in	new	popula.on.	How?	





n=1	

How	can	we	figure	out	which	of	two	
interven.ons	is	best	for	one	individual?	
	
Instead	of	randomizing	people,	randomize	order	
of	treatment	



•  A-B?		
– No	sta.s.cal	significance	

•  A-B-A-B?	
– What	if	condi.on	improves	always	over	.me?	

•  Random? 		
– Could	get	unlucky	and	can’t	guarantee	half/half	

•  Randomize	pairs	
– Again,	what	if	ABAB?	



Considera.ons	

•  How	many	treatment	periods?	
•  How	to	randomize	order?		
•  Washout	period?	



What	do	we	need	to	know	before	we	
can	use	the	results	of	an	RCT?	

•  Study	is	internally	valid	
–  i.e.	it	can	answer	the	ques.on	it	aims	to	answer	

•  Factors	affec.ng	external	validity	
– Characteris.cs	of	sefng	
– Selec.on	of	pa.ents	
– Characteris.cs	of	pa.ents	
– Follow-up	

•  Control?	
•  Blinding	–	single,	double,	triple	
See	also:	Rothwell,	P.	M.	(2006).	Factors	that	can	affect	the	external	validity	of	
randomised	controlled	trials.	PLoS	Clin	Trials,	1(1),	e9.	



Next	week	

•  See	syllabus	for	reading!	
	


