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Objec?ves	

• Define	big	data	as	it	relates	to	nursing	
• Iden?fy	challenges	in	use	of	nursing	data	
for	big	data	science	

• Explore	examples	of	big	data	nursing	
research	

• Iden?fy	strategies	for	nurse	informa?cians	
to	share	knowledge	across	seQngs	to	
create	nursing	big	data	



Big	Data	Sources	-	Nursing	
• Volume	
• Velocity	
• Variety	
• Veracity	
• Value	

https://infocus.emc.com/william_schmarzo/thoughts-on-the-strata-rx-healthcare-conference/ 

Geocodes	



Data	Sources	
• CTSA	–	hXps://ctsacentral.org/	

• NCATS	-	hXps://ncats.nih.gov/		
• PCORnet	-	hXp://www.pcornet.org/		

•  13	clinical	data	research	networks	(CDRNs)	
•  22	pa?ent	powered	research	networks	
(PPRNs)	

• Optum	Labs	–	140	million	lives	from	claims	data	
+	40	million	from	EHRs	(delaney@umn.edu)		

• hXp://www.data.gov/	-	Search	over	192,872	
datasets	



Big	Data	&	Big	Data	Science	

• Applica?on	of	math	to	large	data	sets	to	infer	
probabili?es	for	associa?ons/	predic?on	

• Purpose	is	to	accelerate	discovery,	improve	
cri?cal	decision-making	processes,	enable	a	
data-driven	economy1	

•  Three-legged	stool	
•  Data		
•  Technology	
•  Algorithms	



http://www.sciencemag.org/site/special/data/ScienceData-hi.pdf 

•  in	areas	of	eScience	such	as		
•  [data	capture],	
•  Databases,		
•  Workflow	management,	
•  Visualiza?on	
•  Compu?ng	technologies.		

 
 
Harnessing the EHR for Research  

Nursing Research Journal! 



© Westra, 2014 
Nursing Informatics & Translational Science 

Big	Data	Analy?cs	for	Nursing	



Requirements	for	Useful	Data	

• Common	data	models	
• Standardized	coding	of	data	
• Standardize	queries	



http://www.pcornet.org/resource-center/pcornet-common-data-model/  



Data	Standardiza?on	

• Demographics	–	OMB	
• Medica?ons	-	RxNorm	
• Laboratory	data	-	LOINC	
• Procedures	–	CPT,	HCPCS,	ICD,	SNOMED	
CT	

• Diagnoses	-	ICD-9/10-CM,	SNOMED	CT	
• Vital	status	–	CDC	
• Vital	signs	-	LOINC	
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Vision	–	Inclusion	of	Nursing	Data	

Clinical Data 
NMDS 

Management 
Data 

NMMDS 

Other Data 
Sets  

 

Con?nuum	of	Care	



Challenges	



Challenges	-	Standards	



ANA Position Statement – Inclusion of Recognized Terminologies Supporting 
Nursing Practice within Electronic Health Records and Other Health Information 
Technology Solutions 

hXp://z.umn.edu/bigdata		



Challenges	-	Architecture	



Challenges	-	Reinven?ng	



UMN	Clinical	Data	Repository	
Cohort	discovery	/recruitment	
Observa?onal	studies		
Predic?ve	Analy?cs	

Data available to UMN researchers via the Academic Health Center Information Exchange (AHC-IE) 
2+ million patients 



MHealth	/	Fairview	Health	Services		



Example	Flowsheet	



Data	Source	
Clinical	Data	Models	-	Flowsheets	

T	
562	

Groups	
2,696	

Flowsheet	Measures	
14,550	

Data	Points	
153,049,704	

	

•  10/20/2010 - 12/27/2013 
•  66,660 patients 
•  199,665 encounters 



UMN	CTSI	-	Extend	CDM	
Team:	Nursing	(DNP/	PhD),	Computer	
Science,	Health	Informa?cs	

Iden?fy	
Clinical	
Data	
Model	
Topic	

Iden?fy	
Concepts	

Map	
Flowsheets	

to	
Concepts	

Present	 Validate	



Making	Data	Useful	
200K	Pa?ent	Encounter	
	
Pain	Informa.on	Model		
309	observa?ons	
80	Unique	concepts	–	
assessments,	goals,	
interven?ons	(not	including	
value	sets	–	choice	lists)	



Cardiovascular	System	 Pain	

Falls/	Safety	 Peripheral	Neurovascular	
(VTE)	

Gastrointes?nal	System	
	

Pressure	Ulcers	

Genitourinary	System/	CAUTI	 Respiratory	system	

Neuromusculoskeletal	System	 Vital	Signs,	Height	&	Weight	

Flowsheet	Informa?on	Models	



Informa.on	Model	Name	 Number	Flowsheet	IDs	

Mapped	to	Observables	

Number	Informa.on	Model	Classes/	

Observables		

		 		 Classes	 Concepts	

Cardiovascular	System	 241	 8	 84	

Falls		 59*	 4	 57	

Gastrointes.nal	System	 60	 3	 28	

GI/	CAUTI	 79	 3	 38	

Musculoskeletal	System	 276	 9	 72	

Pain		 309	 12	 80	

Pressure	Ulcers	 104	 6	 56	

Respiratory	System	 272	 12	 61	

VTE	 67	 8	 16	

Vital	Signs/	Anthopometrics	 85	 10	 48	



Nursing	Big	Data	Research	
	



Nursing	Research	
•  Severe	Sepsis	Compliance	guidelines	and	impact	on	
pa?ent	complica?ons	and	mortality	

•  Unan?cipated	ICU	admissions	for	elec?ve	surgery	
pa?ents	

•  Pa?ent	and	nurse	staffing	factors	associate	with	CAUTI	
•  Factors	associated	with	urinary	and	bowel	Incon?nence	
improvement	

•  Predic?ng	hospitaliza?on	for	frail	elders	
•  Demonstrate	value	of	Wound,	Ostomy,	Con?nence	
Nursing	for	improving	wounds	and	incon?nence	

•  Improvement	in	managing	oral	medica?ons	



Home	Care	EHR	De-Iden?fied	Data8,	9	

Reason	for	Removing	Records	 n	

Incomplete	episode	records	 464,485	

Assessment	outside	study	dates	 125,886	

Incorrect	type	of	assessment	 51,779	

Masked	or	missing	data	 16,302	

Duplicate	records	 2,748	

Age	<	18	or	primary	dx	related	to	pregnancy/	
complica?ons	

822	

Ini.al	Data	Set	
808	agencies,	1,560,508	OASIS	records,	888,243	pa?ents	
List	of	pa?ents	with	and	without	WOC	Nurse	
 

Final Data Set 
785 agencies, 447,309 patients,  

449,243 episodes of care, 0.6% re-admissions 



Cer?fied	WOC	Nurses	Influence	on	
Incon?nence		&	Wounds	

Outcome	Variables Descrip.on

Pressure	Ulcers	 Total	number	of	pressure	ulcers	(M0450	a-e)

Stasis	Ulcers Total	number	stasis	ulcers	(M0470/	M0474)

Surgical	Wounds Total	number	of	surgical	wound	(M0484/	M0486)

Urinary	Incon?nence Presence/management	of	urinary	
incon?nence	or	need	for	a	catheter	(M0520)

Urinary	Tract	Infec?on Treated	for	UTI	in	past	14	days	(M0510)

Bowel	Incon?nence Frequency	of	bowel	incon?nence	(M0540)



Improved/	Not	Worse	(Stabilize)	
Outcomes	

Score Bowel	Incon.nence	Frequency Improved
Not	Worse	
(Stabilize)

0
Very	rarely	/never	has	BI	or	has	ostomy	for	
bowel	elimina?on 	 	

1 Less	than	once	weekly 	 	

2 One	to	three	?mes	weekly 	 	

3 Four	to	six	?mes	weekly 	 	

4 On	a	daily	basis 	 	

5 More	open	than	once	daily 	 	



Aim	1:	Prevalence	
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Pressure	Ulcer	(PU),	Stasis	Ulcer	(SU),	Surgical	Wound	(SW),		
Urinary	Incon?nence	(UI),	Bowel	Incon?nence	(BI),	Urinary	Tract	Infec?on	(UTI)	



Aim	2:	Incidence	
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Effect	of	WOC	Nurses	on	Agency	Outcomes	



Individual	Pa?ent	Outcomes		



Individual	Pa?ent	Outcomes	



Lessons	Learned	

• Obtaining	data		
•  Tracking	WOC	nurse	pa?ent	visits	
• Data	quality		

• Matching	pa?ents	start	and	discharge	
• Duplicate	pa?ent	records	
•  Encrypted	data		
• Missing	data	

•  Selec?ng	variables	-	theory	and	domain	exper?se	
•  Type	of	analysis	-	Research	ques?on,	structure	of	
the	data	



Mobility	Outcomes		

• Discover	pa?ents	and	support	system	
characteris?cs	associated	with	the	mobility	
outcomes	

•  Find	new	factors	associated	with	mobility	
besides	current	ambula?on	status	during	
admission	(OR	=	5.96)	

•  In	each	subgroup	of	pa?ents	defined	by	current	
ambula?on	status	during	admission	(1-5)	

•  To	compare	the	predictors	across	each	pa?ent	
subgroup	to	find	the	consistent	biomarkers	in	all	
subgroups	and	specific	factors	in	each	subgroup	

	



Mobility	Outcome	



Comparison	of	Outcomes	by	Group	



Overall	Steps	

39 Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P.  (1996).  From data mining to knowledge discovery in databases.  
AI Magazine, pp. 37 – 54. http://www.kdnuggets.com/gpspubs/aimag-kdd-overview-1996-Fayyad.pdf.   P. 41

OASIS	data	extracted	from		
EHRs	from	270,634	pa?ents	
served	by	581	Medicare-
cer?fied	home	healthcare	

agencies	

Standardizing	data,	de-
iden?fying	pa?ent,	impu?ng	
missing	value,	binarizing	
data	into	98	variables	



Data	Mining	Techniques	

•  Identify risk variables significantly associated with mobility 
outcomes - varied among the groups 

•  Group the single predictors based on whether they cover 
same or different patient group 
–  Clustering 

•  Based on similarity of patients 
•  Not discriminative 
•  High frequency variables got merged 

–  Pattern mining based approach 
•  Discriminative 
•  Coherence (similarity of patients) 



Subgroup	Variability	



Clustering	Groups	
Va

ria
bl
es
	

Variables	



Improvement	Group	2	

Older	adults	with	no	
problems	in	daily	

ac?vi?es	

Healthier	physiological	
and	psychosocial	elderly	

Household	
Management	



No	Improvement	Group	2	
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Incapable	to	
toilet	and	
transfer	

Help	with	financial	
and	legal	maXers	

Cogni?ve	deficits	and	
behavioral	problems	

Paid	Help	

Frail	pa?ents	
with	func?onal	
deficiency	



•  Transform data into binary variables 
•  Selection of variables – remove if 

•  Too little variation or high inter-correlations of 
predictors 

•  Medical diagnoses used to describe patients, not predict 
•  Analysis by subgroup  
•  Interpretation of results is critical – requires domain 

experts 
•  Different clusters point to the need to tailor interventions 

for subgroups 
•  Lack of standardized interventions precluded 

understand how care provided effects outcomes 
 

Lessons	Learned	



Sharing	Experiences	
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z.umn.edu/bigdata 



Vision	
•  BeXer	health	outcomes	from	the	standardiza?on	and	

integra?on	of	the	informa?on	nurses	gather	in	
electronic	health	records	
•  EHR	increasingly	the	source	of	insights	and	evidence		
•  Used	to	prevent,	diagnose,	treat	and	evaluate	health	
condi?ons.		

•  Other	IS	-	Rich	contextual	data	about	pa?ents	
(including	environmental,	geographical,	behavioral,	
imaging	data,	and	more)	

•  Lead	to	breakthroughs	for	the	health	of	individuals,	
families,	communi?es	and	popula?ons.	



Create	a	Na?onal	Ac?on	Plan	
•  Implement	nursing	informa?on	in	EHRs	and	other	
informa?on	systems	using	standardized	language	
•  Streamlined,	essen?al,	evidence-based,	ac?onable,	and	
demonstrates	value	of	nursing’s	contribu?on	to	health	

•  Standardize	nursing	informa?cs	educa?on	to	build	an	
understanding	and	competences	

•  Influence	policy	and	standards	for	documen?ng	and	
coding	nursing	informa?on	in	health	care	knowledge	
systems	

•  Use	standardized	nursing	data	with	other	data	sources	
for	business	analy?cs	and	research	

	



Conferences*	
•  Working	conferences	with	virtual	workgroups	
taking	ac?on	between	annual	mee?ngs	

•  All	focused	on	the	same	vision	
•  Strategic	inclusion	of	stakeholders	

•  Prac?ce	-	leaders	
•  Industry,	par?cularly	sopware	vendors	
•  Professional	organiza?ons	

•  Na?onal	–	nursing,	interprofessional,	informa?cs	

•  Academia	

*Proceedings:	hXp://z.umn.edu/nbd2k	



2014	–	2015	Accomplishments	
•  Educa.on	

•  Surveyed	accredita?on,	cer?fica?on	and	creden?aling	programs	
influencing	informa?cs	

•  Faculty	resources	for	teaching	informa?cs	available:	
hXp://www.nursing.umn.edu/con?nuing-professional-
development/nnideepdive/	

•  Science	of	NBD2K	
•  Completed	NMMDS	updates/	LOINC	coding	for	public	distribu?on	

•  hXp://z.umn.edu/nmmds	

•  Started	NINR	Nursing	Informa?cs	SIG	
•  Created	“Big	Data	Checklist	for	Chief	Nurse	Execu?ves”	

•  Quality	Measures	
•  Forwarded	eMeasure	for	Pressure	Ulcers	



•  Health	IT	Policy	
•  Guiding	Principles	for	Big	Data	in	Nursing:	Using	Big	Data	to	
Improve	the	Quality	of	Care	and	Outcomes.	
hXp://www.himss.org/big10	

•  ANA	Posi?on	Statement:	Inclusion	of	Recognized	Terminologies	
Suppor?ng	Nursing	Prac?ce	within	Electronic	Health	Records	and	
Other	Health	Informa?on	Technology	Solu?ons.	

•  ANA/	ANI/	AAN	Informa?cs	expert	panel	collaborated	on	
appointments	and	comments	on	policies	

•  Harmoniza.on/	Standardiza.on	of	Nursing	Data/	Models	
•  Focus	on	care	coordina?on	&	standardiza?on	
•  Integrate	PNDS	into	data	and	model	standards	

2014	–	2015	Accomplishments	



2014	–	2015	Accomplishments	
•  Value	of	Nursing	

•  Created	data	model	to	demonstrate	value	of	nursing	at	individual	
nurse	level	

•  LOINC/	SNOMED	CT	Minimum	Assessment	
•  Developed	minimum	physiological	assessment	encoded	with	
LOINC/	SNOMED	CT	

•  Workforce	Data	
•  Develop	dissemina?on	plan	for	Implementa?on	Guide	for	
NMMDS	

•  Transform	Nursing	Documenta.on	
•  Develop	a	set	of	recommenda?ons	for	leveraging	EHRs		and	
clinical	intelligence	tools	to	promote	evidence	based,	
personalized	care	across	the	con?nuum	



New	Workgroups	
•  Social/Behavioral	Determinants	of	Health	

•  Develop	a	toolkit	to	support	inclusion	of	this	data	into	electronic	
health	records,	including	expected	CMS	Meaningful	Use	program	
requirements	

•  Nursing	&	Care	Coordina?on	
•  Iden?fy	nursing	implica?ons	related	to	“big	data”	associated	with	
“care	coordina?on.”	

•  Connect	Nursing	Informa?cs	Leaders	
•  Provide	a	plavorm	for	emerging	and	expert	informa?cs	nurses	to	
discuss	opportuni?es	to	enhance	nursing	knowledge		

•  mHealth	Data	
•  Explore	the	use	of	mobile	health	data	by	nurses,	including	
nursing-	and	pa?ent-generated	data,	and	incorpora?ng	mHealth	
data	use	into	workflows	

	



You	Are	Invited	to	Get	Involved	
• Working	groups	–		

• Contact	Lisiane	Pruinelli	pruin001@umn.edu	
• Nursing	Knowledge:	2016	Big	Data	Science	
Conference	
•  June	1-3,	2016 		
• Minneapolis,	Minnesota	
• Registra?on	open!		
Early	bird	discount	through	April	1,	2016	

• hXp://z.umn.edu/bigdata	
	



Summary	

• Big	data	is	increasing	
•  Exis?ng	and	newer	methods	for	data	analysis	
• Big	data	science	useful	to	address	prac?ce	
ques?ons	

•  Lessons	learned	
• Data	quality	–	originates	in	prac?ce	
•  Standardized	data	and	common	data	/	
informa?on	models	needed	for	usable	data	

•  “Takes	a	village”	–	combined	exper?se	
important	
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