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Background Secondary use of electronic health record (EHR) data can reduce costs of
research and quality reporting. However, EHR data must be consistent within and
across organizations. Flowsheet data provide a rich source of interprofessional data and
represents a high volume of documentation; however, content is not standardized.
Health care organizations design and implement customized content for different care
areas creating duplicative data that is noncomparable. In a prior study, 10 information
models (IMs) were derived from an EHR that included 2.4 million patients. There was a
need to evaluate the generalizability of the models across organizations. The pain IM
was selected for evaluation and refinement because pain is a commonly occurring
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problem associated with high costs for pain management.

Objective The purpose of our study was to validate and further refine a pain IM from
EHR flowsheet data that standardizes pain concepts, definitions, and associated value
sets for assessments, goals, interventions, and outcomes.

Methods A retrospective observational study was conducted using an iterative
consensus-based approach to map, analyze, and evaluate data from 10 organizations.
Results The aggregated metadata from the EHRs of 8 large health care organizations
and the design build in 2 additional organizations represented flowsheet data from 6.6
million patients, 27 million encounters, and 683 million observations. The final pain IM
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has 30 concepts, 4 panels (classes), and 396 value set items. Results are built on Logical
Observation Identifiers Names and Codes (LOINC) pain assessment terms and extend
the need for additional terms to support interoperability.

Conclusion The resulting pain IM is a consensus model based on actual EHR
documentation in the participating health systems. The IM captures the most
important concepts related to pain.

Background and Significance

The widespread implementation of electronic health records
(EHRs) provides health care organizations the opportunity to
capture, use, and share data for evaluation, benchmarking,
quality improvement, and research to improve the effective-
ness, efficiency, and outcomes of patient care. Secondary use
and sharing, however, requires data to be represented using
recognized terminologies and descriptors that are consis-
tent, understood, and effectively formatted for comparison.
These requirements suggest that concepts must be standar-
dized, formally modeled, and mapped into the EHR for
optimal use. An “information model” (IM) is an organized
structure to represent knowledge about a clinical condition
or concept including data elements, their relationships, and
the data standards that are independent of implementation
in EHRs." IMs can be mapped to EHR data to identify
semantic similarities? and, more importantly, to enable
researchers to understand and normalize differences when
they occur to improve data sharing.

The American Recovery and Reinvestment Act of 2009
(ARRA) provided incentives for creating a national health
care technology infrastructure and accelerating the adoption
and meaningful use of enterprise-wide, vendor-based EHR
systems with a key focus on physician-based data capture.
Vendors provide generic content and guide organizations in
using consensus-based approaches to configure the bulk of
their system to meet the clinical requirements of the orga-
nization. Much of the documentation, however, is captured
in flowsheet format, using nonstandardized semistructured
data in a matrix format for patient assessments, goals,
problems, interventions, and outcomes of care. Limited
resources and rapid deployment timelines provide little
time for organizations to identify and adopt standardized
terminologies and use IMs to design flowsheets for future
data sharing. Further, informaticians are required to choose
from multiple terminologies>* with limited reference stan-
dards to guide flowsheet builds. These conditions allow
organizations to continue to design and implement custo-
mized content, creating flowsheet rows (unique identifica-
tions [IDs]) for different care areas, e.g., intensive care units,
emergency departments, or medical-surgical units,®> with
varied choice options for documentation in flowsheet rows
with the same or similar names. As organizations move
beyond deployment, it is time to reevaluate the extensive
clinical information captured in flowsheets and consider
how to optimize and manage data better in the future.
Furthermore, analyzing existing content may inform the
development of standardized terminologies and IMs for
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representing the essential nursing and interprofessional
assessments and interventions to achieve best patient
outcomes.

Nursing informatics leaders have successfully utilized
methods for developing generalizable domain-specific IMs
based on documentation artifacts captured in the EHR.%’
These investigators used consensus-based, data-driven
methods for analyzing EHR data elements embedded by
large multisite health care systems to develop a skin inspec-
tion and pressure ulcer IM for standardizing and coding
concepts. Both groups identified that existing EHR systems
contain heterogeneous data with limited interoperability.
They recommended ongoing efforts to create common IMs
based on best evidence, clinical expertise, and standardized
terminology beyond skin and pressure ulcer prevention.

Similarly, Westra et al° utilized EHR data to develop a
Reference Information Model for the concept of pain. These
researchers selected the concept of pain because it is a
commonly occurring problem, assessed and managed by
all professional nurses and those who specialize in pain
management.® About 126 million, or more than half (56%)
of adults in the United States, reported some level of pain
within a 3-month period.” The estimated total national
economic cost (direct and indirect) attributed to pain in
2010 ranged from $560 to $635 million.' The concept of pain
remains an important aspect of hospital-based patient care,
with additional regulatory focus on conducting pain assess-
ments consistent with age, condition, and ability to under-
stand, with an increased focus on patient involvement and
the effective use of nonpharmacological interventions.'' The
Pain Reference IM was developed by extracting the metadata
from a clinical data repository (CDR) of one large integrated
health care system representing over 2.4 million patients.
The validation of the Pain Reference IM with other health
care organizations was needed to increase the generaliz-
ability of the model.

Objective

The purpose of our study was to validate and refine a Pain
Reference IM from EHR flowsheet data that standardizes pain
concepts, definitions, and associated value sets for assess-
ments, goals, interventions, and outcomes..

Methods

This study is a retrospective observational study using an
iterative consensus-based approach to map, analyze, and
evaluate EHR pain data across several organizations to
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Data source for validation of the pain information model
Organization Organization type Data source Number of beds Dates
represented by
data
Allina Health Hospitals, medical centers, 13 hospitals, 90+ | 1,775 2005-2016
clinics, rehabilitation, hospice, clinics
homecare, retail pharmacy
Aurora Health Care Private, not-for-profit, integrated | 1 hospital; qua- 710 CY 2016
health care system w/ 16 hospi- | ternary medical
tals including behavioral health, | center
rehab, and hospice
Bumrungrad Interna- Hospital 1 hospital 580 2013-2016
tional Hospital®
Cedars Sinai Academic medical center and 1 hospital, 40 886 2009-2016
health system clinics
Duke University Health Health system 3 hospitals, 400 1,512 2012-2016
System clinics
Fairview Health Services | Hospitals, academic health cen- | 7 hospitals, 2,530 2011-2016
ter, clinics, senior housing, retail | 40 + clinics
pharmacy
Kaiser Permanente Health system, hospitals, aca- Northern Califor- 3,922 2005-2016
demic hospitals (graduate medi- | niaregion only: 21
cal education), clinics, hospitals, 233
ambulatory care centers, acute medical office
rehab, inpatient psychiatry buildings, 203
ambulatory care
centers
North Memorial Medical | Hospitals, specialty and primary | 2 hospitals 355 2016
Center care clinics, home care, medical
transportation
Partners Healthcare® Integrated health system 9 hospitals, many | 2,825 2016
clinics
UCLA Health Health system 4 hospitals 861 2013-2016

Abbreviations: CY, calendar year; EHR, electronic health record; UCLA,
“Organizations that provided information about their EHR build only.

validate and refine the Pain Reference IM.> A convenience
sample of nursing informatics researchers who were active
in the Nursing Knowledge Big Data Science Initiative'? were
invited to represent their organization as participants in the
study. One researcher was a pain management specialist;
others consulted pain experts in their organizations or pain
resources (i.e., pain society guidelines or studies).The
researchers represented medium to large size multihospital
health care systems with the majority of the group using the
Epic EHR (see ). Of the 10 participating organiza-
tions, 8 shared metadata for mapping their EHR to the Pain
Reference IM and 2 additional organizations shared how they
built their systems since they were just going live. The shared
metadata included all flowsheet data, but only general pain
concepts from inpatient and outpatient settings including
the emergency department were analyzed for this project.
Specialized cardiac/chest pain assessments were excluded as
the focus was on general pain.

Organizations were asked to extract metadata about the
flowsheet documentation contained in their EHR. The meta-
data consisted of a unique identifier for each flowsheet data

University of California, Los Angeles.

row representing assessments, interventions, goals, or out-
comes; the internal description and name used to display the
flowsheet row; the name of the template (data entry screen)
that was used to collect the data (and which grouping of pain
concepts within the screen); the number of observations,
encounters, and patients; and the date of first and last uses.
This metadata represented actual documentation by clini-
cians at each organization. shows an example of how
the pain flowsheet data are documented and the relationship
to the metadata. Within each organization, the EHR data
were transferred to their Clarity relational database. A
Structured Query Language (SQL) script was developed
that allowed each of the organizations to extract the meta-
data in exactly the same manner. Based on organizations’
resources for data extraction, there was variation in the time
frames selected and specific hospitals or practices included
in metadata extractions.

Each organization next mapped their metadata to the
concepts in the Pain Reference IM. This was accomplished
using software (FloMap) that allowed the metadata to be
imported from each organization. FloMap was developed by
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Questions/ Flowsheet Measures |Value Sets/ Answers Documentation
11/12/2017 | 11/12/2017 | 11/12/2017
10:00 AM 2:00 PM 6:00 PM
Groups
General Information
Immunizations
Advanced Directives
yes
no
unable to assess
Pain Current Pain non-verbal Yes Yes No
acute pain
chronic pain
labor pain
chest pain
Type Pain surgical pain Acute Acute
Pain Rating 0-10 7 =
activities of daily living
(ADLs)
activity
anxiety
breathing
Exacerbating Factors carrying activity activity
cold
distraction activities
elevation
heat applications
medications medications, | medications,
AIIeviatinE Factors Repositioning repositioning |repositioning
Musculoskeletal
Skin
Cardiac
Neuro
Functional Status

Example of documenting pain on flowsheets. The orange template is a screen view that shows the Adult Assessment which includes
multiple groups of related questions shown in light green on the left. The group called “Pain” shows examples of specific questions/flowsheet
measures displayed to the clinician. The clinician selects answers from the value sets with actual documentation shown in blue for

documentation that occurred at specific dates/times.

one of the researchers (S.J.) and is not currently publically
available. A researcher from each organization used FloMap
to search for pain-related flowsheet rows in their organiza-
tion’s metadata and map them to the appropriate concept in
the Pain Reference IM. FloMap allows sophisticated search-
ing using Boolean logic to make it easy to find local data that
matched the pain concepts. Flowsheet rows related to exclu-
sion criteria (i.e., cardiac/chest pain) or rows that had less
than 10 observations were not mapped. demon-
strates the mapping process. This example shows how
FloMap finds all flowsheet rows that contain “pain” and
one of the additional terms. Users can see the value sets
which help to determine if the flowsheet rows represent a
similar concept. They then select the flowsheet rows that
map to the concept and click on “Add items to concept.” After
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these flowsheet rows are added to the concept, they are
displayed and included in reports for comparison
(see ).

After the local flowsheet data were mapped to concepts in
the Pain Reference IM, the group met biweekly to evaluate
the concept mappings across all of the organizations. A
FloMap-generated report was used by the group to make
decisions about which concepts to keep, combine, remove, or
add additional concepts. Concepts were retained when all
researchers agreed that the concepts represented essential
questions for the majority of patients. One researcher was a
pain management specialist; others consulted pain experts
in their organizations or pain resources (i.e., pain society
guidelines or studies). There was discussion that there are
some differences in use based on the population such as age
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Definition of Factors That Aggravate Pain:

Postures/movements/agents that produce or intensify 2 patient’s pain and are used to establish the severity, imitability, and nature of the condition

tch Text: pain and (agaravat™ or affect or exacerbat™)

Add iterns to concept:

[0 Concept list Concepl 2 Mapyped 1 Flo_me

B pain_fa Fact Factors Thak Aggravate Pan Current 4303000002

B4 pain_fa ack Factors That Aggravate Pain Ll arant BIELS

B e Factors That Aggravate Pain Current G01726

& Pt ract Factors That Aggravate Pam Current G749a2

B3 pain_fair Factors  Facrors That Aggravate Pain Current 606366

u L 4485 ma 100021
Factors That Aggravate Pain

id Flo_meas name Flo_disp name

Find Matches

R UMP ORTHO Aggravabng Factors

PAIN

AGGRAVATING

FACTORS

CPM 515 ROW Factors That activity;anxiety;breatt
AS FACTORS Aggravate Pan physacal;movement;ps
THAT AGGRAVATE

PATH.LDA

CPM 515 ROW Factors That i3Ctivity; breathing;ine
PROC FACTORS Aggravate Pain comments];palpation
THAT AGGRAVATE

PAIN

CPM 515 ROW Factors That sactivity; amuiety;braat
AS FACTORS aggravate Pain tional stres:
THAT AGGRAVATE activity;inefi
PATN it er (see

comments];palpation;)

CPM 515 ROW Factors that Affect sactivity:breathing;ine

PRO FACTORS Pain comments);palpation
THAT AFFECT
PAIN

= 4303000002 : R UMP ORTHO PAIN AGGRAVATING FACTORS
601726: CPM 515 ROW PRO FACTORS THAT AGG:
BOGI6E: CPM 515 RO RO FACTORS THAT AFFE
674922: CPM 515 ROW AS FACTORS THAT AGGR
677715: CPM 515 ROW AS FACTORS THAT AGGRAVATE PAIM.LDA

(A) Example of Boolean searching FloMap for mapping flowsheet rows to “Factors that Aggravate Pain.” (B) Display of flowsheet measures

mapped to the concept of “Factors that Aggravate Pain.”

(pediatric vs. adult), type of unit (e.g., intensive care unit vs. a
medical-surgical unit), or the patient’s capability (e.g., abil-
ity to verbalize pain). The group developed a definition and
discussed the use of the concepts to help determine decisions
about the concept and associated value sets. A value set
represents the list of all possible values (answers) associated
with a specific concept (question). Value set response counts
varied by concept and ranged from a few (3-4) to many
(> 100). For example, the concept of “Body Site” had 507
different response choices across the 10 organizations. Some
response values were not useful (e.g., misspelled or incom-
plete words like “a,” “ac,” “acu,” “acut” for a value choice of
“acute”) or clearly inappropriate such as “...,” “/,” “ + + +,”
etc. After the inappropriate responses were removed, several
concepts with multiple diverse value sets remained for
evaluation.

To support the group in evaluating diverse response
values, a FloMap “survey” feature was developed. The Flo-
Map survey aggregated all of the response values for a
particular concept into a single list while retaining details
about which organizations used each choice. Researchers
from each organization received a survey via email with 1 to
2 concepts and a list of response values set choices for each
concept from all of the organizations. The email contained a
secure link to the survey. Survey participants were asked to
select values that were considered generalizable across
organizations even if their organization did not currently
include that value. The results were then discussed at the
biweekly calls. Value set items that received 50% or more of
the votes were automatically retained in the Pain Reference
IM. Those items that received less than 30% were automati-

” o« ” o«

cally removed from the model and those between 30 and 50%
were discussed by the group. The group decided on these
thresholds to reduce the amount of discussion needed to
reach consensus. The results were compared with pain
concepts included in Logical Observation Identifiers Names
and Codes (LOINC). Some concepts were then renamed to
match those in the Nursing Physiologic Assessment Panel in
LOINC or other LOINC locations.

Results

The aggregate metadata from 8 large health care organiza-
tions that contributed metadata represented flowsheet data
from 6 million patients, 27 million encounters, and 683
million observations. A high level diagram of the resulting
pain IM concepts is shown in ; the red font indicates
new panels and concepts added. shows a compar-
ison of the original Pain Reference IM and final consensus
regarding which concepts were retained with or without
revision, removed, or added. The new model consists of 30
concepts grouped into 4 panels with 396 value set items. The
in-depth analysis revealed that 24 concepts were retained, 6
added, and 59 removed compared with the concepts in the
original Pain Reference IM. Since some scales require copy-
right permission to use, we retained only the scale score for
each of the pain scales for consistency. The Supplemental
Digital Content (SCD) 1 includes a detailed list of the retained
concepts, definitions, and their value sets. lists the
information for each concept that was part of the final
model: the minimum (Min) and maximum (Max) number
of flowsheet rows per organization mapped to a concept as
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Current Pain
Pain Type
/ Context of Pain
Pain Quality

Rating

Monverbal Pain Iindicators

Pain Exacerbating Factors
Pain Alleviating Factors

|
|
‘ Pain Pattern

Speed of Pain Onset
Pain Duration
Pain Frequency

Pain Course
I Body Site
. | Pain Location / BodyLocstion Qualifier
Pain Assessments | L =
o Body Laterality
[ Checkiist of Monverbal Pain indicators (CNPl) Score
CRES Score
Lriical-care Hain Ubservabon ool (L2U } SCore
ain ; N L ik
FACES (Wong-Baker) Rating Scale Score
Faces Pain Scale — Revised (FPS5-R Scale) Score
) " FLACC Pain Assessment Score
Pain Scale | -
———— i Neonatal Infant Pain Scale (NIPS) Score
|\ Neonatal Pain, Agiafion, & Sedation Scale (N-PASS) Score
', Numeric Pain Rating 0-10 Score
PAIN Advanced Dementia (PAINAD) Score
Premature Infant Pain Scale (PIPP) Score
Revised FLACC Pain Assessment (rFLACC ) Score
E 2% Acceptable Comfort Level (numeric)
Pain Goals

Pain Interventions

Pain Qutcome Description

Acceptable Comfort Level (nominal)

Concepts retained in the pain information model (IM) through a data-driven consensus process.

well as the average (Avg) number of flowsheet rows across
organizations. On average, organizations mapped 9 flow-
sheet rows to a single concept in the model. In fact, one
organization had 81 unique flowsheet rows for recording
“Numeric Pain Rating 0-10 Score.” also includes
statistics for the percent of organizations using a particular
concept, the number and percent of patients for which a
concept was documented, and the total number of observa-
tions documented. Some concepts, such as “Numeric Pain
Rating 0-10 Score” are documented on 100% of patients.
Finally, also includes the number of value set
choices for each concept in the original and final models.
The number of items in a value set ranged from 4 items for
“Pain Duration” to 91 items for “Body Site.” The concepts that
remained in the model (not newly added) are documented on
average for 16% of patients. lists the 13 concepts
from the final pain IM that are currently mapped to LOINC
and 17 new concepts needed in LOINC. Additionally, there
were pain concepts in LOINC that were not found in organi-
zations’ data.

Discussion

The purpose of our study was to develop and refine a pain IM
from EHR flowsheet data that standardizes pain concepts,
definitions, and associated value sets for assessments, goals,
interventions, and outcomes. The data-driven consensus
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process among 10 organizations resulted in a considerable
reduction of concepts, panels (classes), and value set items
compared with the original Pain Reference IM which
included 84 concepts grouped into 14 panels and 599 value
set items.” The new model consists of 30 concepts grouped
into 4 panels with 396 value set items. The consensus process
helped eliminate concepts from the original model mainly
due to limited use across organizations and consistency in
representing pain assessment scales. However, some infre-
quently occurring concepts were retained in the model as
they were used to simplify documentation, such as a one-
item question to assess nonverbal pain indicators versus a 5
to 9 item observational pain scale. We found that organiza-
tions combined some concepts for ease of documentation
such as body orientation which included value items from
both body location qualifier and body laterality. The pain IM
separated body orientation into the two concepts to be
consistent with LOINC standards.

One of the strengths of our study was extracting all
flowsheet rows related to pain and mapping them to the
Pain Reference IM. EHRs become unwieldy over time with
multiple people building a system and upgrades occurring.
Mapping all semantically comparable flowsheet rows to a
concept demonstrated the redundancy in EHRs. While Harris
et al’ used a similar consensus process for developing a
pressure ulcer model, our study goes beyond their process to
include the ability to find and map data throughout the EHR. A

This document was downloaded for personal use only. Unauthorized distribution is strictly prohibited.



191

Westra et al.

Pain Information Model

"panqiyoid ApoLis si uonnguisip pazuoyineun “Ajuo asn [euosiad J0} PaPEOJUMOP SBM JUBWNIOP SIY L

(panupuo))

Ayjesa3e] Jed djwoleuy €-8zz0z “A3|e1338| DNIOT

Apoq e jo apis e jo uondudsag uo paseq uol3eIuaLIo Apoq WLy paALIdp sem 3daduod siy| PPY Ayjesaieq Apog
Jayijend uonedo Apog 8-z 1 L6€ Ajelaie| HOHEIHORO
uol3didsap uoi3edo| [edjwojeuy | pue (uoizejusiio) sayijenb uoneso| Apoq ojul 3dasuod siy3 yds urey 1ayiend uoied01 Apog
UOI1ED0| |BDILIOJEUE PAlIIUSP! pue di1dads DNIO1 Yo3ew o3 saweu pabuey) ure3ay wepeset 21ls Apog
uied jo Ajjeiaze DNIOT ul [9ued uoizesyiuapi
pue ‘1ayijenb uoizedo| ‘@31s Apoq sapnaul Jey3 aweu [pued ay| 911s Apog yam snowAuouAs [aued e jo aweu ay3 si Syl uie1ay |oued UO13BDOT Apeg uled
[eutwou si yoiym uiaized [eiodway ured sey JNJOT 9SIom
10 19339q bunab buiyswos Ajdwi ued 9sino), {(aseasip
9S10M 10 13339q e “b6'39) asiom Bbu3ab si jeys buiyiswos saidwi uoissalb
Bui33ab buiyiswos Ajdwi ued asinod 1o uled jo uiazied syl -0.1d, 9snedaq uolissalboud uied 1ano paliayald si 3sinod uled uleIdy | {eAreHeEH)Hetssa+bed 351N0) Uled
sin220 ujed ualo MoH uie1y Aduanbaly uled
‘9posida uied sejnonyied e buunp Ayjuenb sey DNIO1 YO sAep pue gz “*3°1 ainseaw Jo Jiun 3y}
sin220 uled ay3 buo| moy jo uondidsap pajlodal jJualjed | 1043s19310YD B pUB JI3qUINU B - S1amsue z salinbal 3daduod siy | ure3ay uoneinqg uled
193UN0DOUI(ISIA 3] 310§9q ‘paLindd0 uled yoiym 3e ajes ay| DNIO1 Yd3ew 03 paylpow aweN ure3ay 195UQ uled Jo paads
uted Jo 3s1n0d pue ‘uoijeinp
‘Aouanbauy ‘33suo jo paads ay3 sapn|dul 3ey3 aweu |aued ay| 195 9N|BA B 9ABY JOU S0P YdIym |aued e Jo aweu ays st SiyL PPY |aued uialied uled
uled saA31j31/sadNpal/saleinl||e HHed-oIeHASHYfoASHOY FeHt-Ste3oe4
eyl Juabe ue ‘ured J19y3 sanslas Jeym buiiodal Juanied JONIOT Y23ew 03 paweudy ure3ay s1012e4 bunein||y uied
uoJ3Ipuod 3Y3 JO Ainjeu pue
‘A31]1qe311 ‘A3119A3S BU3 Ysi|qe3sa 03 pasn ale pue uled s juaied tHed-azeAetbby3eqtste13es
e Ajisuajul 1o adnpoud jey) sjuabe/sjuawanowl[sain3sod JONIO1 Y23ewWw 03 paweudy ure3ay s1031oe4 buineqiasex3 uied
‘subis 2160jo1sAyd ur suoizeniony pue sioiaeyaq ul sabueyd
9|qeadi3ou apnuj 3say] — uled jo suoissaidxa |eloineyag 3da5u0d siy3 y3m uied jo uoissaldx3y pabiay ureyay S103edIpu| uled [BQIIAUON
135 3N|eA B SEM I3
uled 119y3 aquIsap 03 asn sjuaned spiopn SB _9AIIBLIBU, SAOWL -IN|OT Ul PASN S| 31 SB W3] pa.lajald ure3ay {eAnresed) A11end uled
passasse si uied uaym 10} Jaylijenb — passasse s| ured
Y21ym Ul JUIA3 ue 10j bu33as ay3 wioy Jey3 SaOUBISWNIIID Y| ure3ay buney uied Jo 3xa3u0)
S9210UD JUSLIIEI]} PUB JUSLISSISSE
19y3iny apinb sdjay 1ey3 uted jo adA3 ay3 jo uonezuobaje) uie1y 9dA| uled
uonsanb ay3 payjse
s1 9ys/ay awi3 ay3 e uted Bupusuadxa Ajpuaiind st Jualied ureyay ured jualin)
uoisidag awey 3dasuo)
uoniuyaQ jJuswwo) | uonepljep NI @2ud13j9y uled

SUOISID9P UOIIEPI|EA UM $3dadU0D |A| 9DUIId4l Uled

Vol. 9 No. 1/2018

Applied Clinical Informatics



Westra et al.

Pain Information Model

192

"panqiyoid ApoLis si uonnguisip pazuoyineun “Ajuo asn [euosiad J0} PaPEOJUMOP SBM JUBWNIOP SIY L

UOIIU3AIa1U| 01 3suodsay

HoHOAIITH-OTOSHOdsIY

co_p.a_bmwo awodINQ uled

suojjuaAlalul uled ay3 03 asuodsas sjuaiied jo uopdadiad Y3IM Uled 9INdY 104 [9AT 30jWwoD) 9|qeidaddy pauiquiod) uie1y
juanjed ay3 1o} auop
ured 331e1A9||E 10 JUdAAId 03 21Npad0.d 1O “JUSWIIBII] ‘UOIIIE Uy uieay SUOIJUAAIRIU| UlRd
juaned a3 (jeurwou)
Aq pa3e3s uled Jo |9A3)] 9|qeidadde ue jo uoildidsap dAljelieN ule3ay [9A97 3ojwo) 9|qeidandy
uted buibeuew 1oy (o13Wwnu)
9|qeidadde s| sajels Juaied ay3 Jeym uo paseq Q| - 0 Jo buney PPV |9A97 10w o) 3|qeidandy
|eob uied pausisap sjuaned ay| [9ued e jo aweu ayy si siyL [9ued S|eon uled
Aoua3sisuod 21025 (DDV144) 3usw
10§ SWIY [BNPIAIPUI § PIAOLLIAL — 31035 A|UO pauleIdy uie3ay -SS9sSY Uled DDV 14 Pasinay
21035 (ddld)
PPV 39|jo.d Uled JUBjU| dINJRWII]
Aouaisisuod 9102S (QVNIVd)
10} SWY [BNPIAIPUI G PIAOWAL — 310D A|UO pauleIdy uie1y BIUSWS(Q PIdUBAPY NIVd
d|qeuibeuwn uted 3s10m, s1 g pue .uied ou, s 91035 010 ote3S
0 319ym ‘g | 03 0 wody 9jeds 3jdwis e uo uled 1193 93kl SJUBIIed (0L-0) 3|82 buizey suawWNN YHm SNOWAUOUAS uie3ay Buiyey uied ouawiny
Adua3sisuod 91025 (SSYd-N) 2[e2S uoiepas
10} SWY [BNPIAIPUI G PIAOWAL — 310D A|UO pauleIdy uie1ny 3 uoneuby ‘uied |p3eUOIN
Aoua3sisuod 91025 (SdIN)
10} SWY [BNPIAIPUI 9 PIAOWIAL — 310DS A|UO pauleIdy uie1ay 9|edS Uled 1UBjU| [BJBUOIN
Adua3sisuod
104 SWYI [BNPIAIPUIQ PAAOWAL — 3102 A|UO paule1dy ule39y | 9101 JUBLWISSISSY Uled DIV14
(s1e3 IN0OYIM) 91036 (9]e3S ¥-Sdd)
1003 3ARISUds Ajje1n3nd ‘(sJA +¢€) |003 310dal-}|9s A3isuaiu| uied PPV PasIAdy — 3|edS uled Sadeq
9102G 3|edS
ure1ay buney (1eg-buopm) S3DV4
31035 (10dD) |ooL
PPV | uonealasqo uied alex-jed3id
PPV 91035 S3IYD
91035 (IdND) s103ed1pu|
PPV uled [BQI9AUON JO 3sIP|39y)
‘310dal-4|9s 03 A31j1qe pue abe uo paseq uied
s.Juaiied ay3 93eN|EAS 03 Pasn poyiaw [|003 JUSWISSISSE dY | [9ued e jo saweu ays SI siy| PPV |[sued 9|e3S uied
uoisnag awe 3dasuo)
uoniuyaQg juswwo) | uonepijep NI 22u31343Y uled

(panunuo))

Vol. 9 No. 1/2018

Applied Clinical Informatics



193

Westra et al.

Pain Information Model

"panqiyoid ApoLis si uonnguisip pazuoyineun “Ajuo asn [euosiad J0} PaPEOJUMOP SBM JUBWNIOP SIY L

*UO[IB|NWI3S SAIBU |13

SNO3UBRINDOSUB} ‘GNTL ‘HUN 318D DAISUSIUL [BIBUOSU ‘ND|N {SIPOD PUE SIWEN SISYIIUIP| UOIIBAIDSGQ [21607 “ONIOT {[2POW UoIBWLIO! ‘A $3103s A31|Iqe|osuoD ‘A1D) ‘AHAIRDY ‘sBaT ‘984 ‘9103 DDV 14 (suoneIAIqqY

suoluaAlalul uted ul papnpul st siyL EYGINEN ST eGP HIeE
pJ0331 uoijensiuiWpe uoiedpaw 3y jo ied st siyy EYGIIEN] ISOPISEIOTEPHOHESIPOtHed
pJ0231 uoljeasiuiwpe uoedpaw 3y Jo ied st siy| EYGIIEN] {01904 HerepIt-tHed
IN] Uled 9yl Ul papn|aul 30U SBM UOI31EINP] EYGIIEN
uodidsag awWodINQ Uled 03Ul pauIquUiod) EYGIIEN
9AljBLIRU
e pue ‘sanbiuyda) bujwies ‘a3e3s |esnote ‘payiauapi swajqoud
‘bujuoisod ‘3104w0d - s3dadu0d g papn|pul Siy3 — SN pawWI] EYGIIEN
dag|s ‘buruonouny ‘joszuod uied ‘ured
ur abueyd ‘110jw0d Jo 53dadU0d G papnjaul Siy| — SN paHWI] dA0WIDY
uoneinies uabAxo ‘uonelidsal ‘a3es 31eay ‘aunssaid
poo|q - sJojedipul 3daduod 4 papnjpul iyl — s palwi] EYGIIEN]
pa3€|3J |PIUSWUOIIAUS pue ‘[euostad 2160|
-o1sAyd ‘Juawieay jo s3daduod { papnjpul Sy — Isn pajiwi] dA0WIDY
9sn paywi] EYGIIEN
s3dadu0> 1330 JO JuepuUNpay AOLIDY
9s.1n0d uled 03 3dadu0d JejiWIS EYGIIEN]
S1031BDIpU| Uled [BQISAUON UM SI3s anjea ul dellanQ EYGIIEN
s39s anjeA ul depdano ‘Ajijend) uled yym pabisiy AOLLIDY
9sn paywi] EYGIIEN]
9|eds uied yoea 10} 310s
9U3 papnpul uayjl pue 3jeds uied 1oy |dued e y3m pade|day AOWIRY posf-ofeastted
panoway sydasuo) jppop |eulblip
uoisag awey 3dasuo)
uonulyaQg jJuswwo) | uonepijep NI 92U313)3Y uled

(panupuod)

Vol. 9 No. 1/2018

Applied Clinical Informatics



Westra et al.

194 Pain Information Model

"panqiyoid ApoLis si uonnguisip pazuoyineun “Ajuo asn [euosiad J0} PaPEOJUMOP SBM JUBWNIOP SIY L

9 9 6CLL8LY 4 €TELLL 0s 14 4 L

100S (SdIN)

L L 6v'ETL'T 14 ¥G2'8G¢ €9 L L L 9|edS uled jueju] [BJBUOSN

9 9 LE€80L9'Y 14 789°LLT 88 0c¢ L L | ®103S jusuwissassy uled JDV14

21025 (3]3S ¥-Sdd)

9 9 o€ PasIn9Yy—-3|edS uled sadeq

9101S 3|edS

9 9 0£2°908°L L GeseL 8¢ LT €l L | buney (12eg-buom) S3OV4

21035 (10dD) 0oL

S 0S UOIIBAISSQQ UlBd 9.1BD-|BIIILD

9 0¢ 210§ S3IYD

91035 (IdND) s103ed1pu|

6 0¢ uled |BGI3AUON 4O 3ISI¥D9YD
[9ued 3|edS Uled

VN VN 0 - 0 0 0 0 Ajjess3e7 Apog

VN VN 076°'696°0L 4} 08€°€9L €9 43 14 9 layljend uoneso Apog

L6 ¥8 GlZ'860°9Y LS v68°6¥7L ¢E 88 70l 8¢C 9 aus Apog
[9ued uoi3ed07 Uled

14 ¥L0°€C8 [4 9/0'9C1L 8¢ 8 14 L 9s4n0) uled

S L €02°019°C v ¥60'79C €9 LE Ll L Asuanbauy ured

14 14 LS£°900°6C 1274 785°908°C 88 6l L 14 uoneinqg uied

S Ll 178'sseCL €l 180°LES 88 8 S L 3135UQ uled Jo paads
|oued uidlled uled
LE 8¢ 220°€90y L 859°0Y 8¢ 19 €C 14 s1032e4 bunens)|y uled
8¢ 9C 6L9°8¥C°L 4 6L1°6E1L 8¢ 14 € L s1032e4 buneqiasexy uled
LE LT 865°€0L L ¥SC 99 0s 9l L L s103ed1pu] Uled |[GI2AUON
74 0€ 1Z8°780°C € €1e/8lL T4 9 S 14 Auend ued
S 14 L8L°96C°9L 6 866°L5G 8¢ (113 Ll L buney uied 4o 3xa3u0d
S LL | £89'G68°LL Gl L87°086 88 43 z1 L adA| uieq
14 6 Gv6'787°8C €l 08€'698 SL <SS 8l L uled juan)

|eutq leuibuQ SUOIeAIFSGO % JlaquinN suon Xenl bay uin

SWId)! 33S IN|eA # Jo Jaquiny sjuanjed -ezjuebiQ % paddew smou 393ysmo|4 aweu 3daduo)

NI uted |eul ay3 ul s3dadu0d pajepijea 1of 3pod DNIOT PUE sJ13s13els aAdLdsag

Vol. 9 No. 1/2018

Applied Clinical Informatics



195

Westra et al.

Pain Information Model

"panqiyoid ApoLis si uonnguisip pazuoyineun “Ajuo asn [euosiad J0} PaPEOJUMOP SBM JUBWNIOP SIY L

9|qedidde
J0U ‘YN SWNWIUIW ‘Ul SWNWIXeW XB $<S9POD) pPUe saweN SIayi3uap| uoilealasqQ [ed1607 “ONIQT {epow uolewloul ‘|| £103s A1jiqejosuo) ‘A1D ‘A3A1IDY ‘sba ‘ade4 91035 DDy 14 ‘abelane ‘bay :suonieinaiqqy
S S €58°081°C 14 69L°GLL 0s 6 14 L uoidiasa@ awodInQ uled
L9 99 96G°LL6EY o ¥96°6€9°C ool 4% €l L SUOIJUSAIL1U| Uled
(Jeurwou)
S 4! 9GE L0y 9 661°88¢€ SL L 14 L [9A37 3104w 3|qeidandy
(o12Wwinu)
Ll Ll G7S'ST9°99 Ly 906°91L°C €9 Ll € L [2A97 Hojwo) 3|qedaddy
[9ued s|eon uied
210G (JDV144) JusW
9 9 zes'Ly 0 ¥99°L €l 14 4 14 -SS9sSy Uled DDV14 pasinay
31025 (ddld)
9 0¢ 9|J0.d UlBd JUBJU| dINjEWld
21035 (AVNIVd)
S S 9vS°'L68 L 08€'vE 8¢ 0¢ 8 14 ellUsWsg paduUBAPY NIVd
3102§
Ll LL | svp'ore'est ool 0S1°195°9 ool L8 €C 14 01-0 buney uied suawny
91025 (SSVd-N) 9|eds uonepas
g uoneyby ‘uled [eeuoaN
|eutq |leuibuQ SUOIEAIDSGO % JlaquinN suon XeN bay uin
SWId)! 33S IN|eA # JO J1aquiny sjuailed -eziuebiQ % paddew smou 393ysmo|4 aweu 3daduo)

(panunuo))

Vol. 9 No. 1/2018

Applied Clinical Informatics



196 Pain Information Model Westra et al.

Comparison of validated pain information model with LOINC nursing physiological assessment panel®

Concepts in pain IM and LOINC Nursing Physiological Assessment (n = 13)
32419-4 Pain Quality

38209-3 Pain Exacerbating Factors

38210-1 Pain Alleviating Factors

38203-6 Speed of Pain Onset

38207-7 Pain Duration

38206-9 Pain Course

39111-0 Body Site

39112-8 Body Location Qualifier?

20228-3 Body Laterality®

80316-3 Pain Scales

38221-8 FACES (Wong-Baker)®

38208-5 Pain Rating 0-10 Scale

38213-5 FLACC Pain Assessment

Concepts In LOINC Nursing Physiological Assessment not in pain Reference IM (n = 6)
38201-0 Pain Onset [Date and Time] - Reported

38202-8 Pain Onset [Hours Ago] - Reported

38204-4 Pain Primary Location - Reported

38205-1 Pain Radiation

38211-9 Pain Initiating Event Narrative - Reported

80317-1 Pain Assessment [Interpretation]

New concepts not in the Nursing Physiological Assessment (n = 17)

Current Pain

Pain Type

Context of Pain Rating

Nonverbal Pain Indicators

Pain Frequency

Checklist of Nonverbal Pain Indicators (CNPI) Score
CRIES Score

Critical-care Pain Observation Tool (CPOT) Score
Neonatal Pain, Agitation & Sedation Scale (N-PASS) Score
Neonatal Infant Pain Scale (NIPS) Score

PAIN Advanced Dementia (PAINAD) Score

Premature Infant Pain Scale (PIPP) Score

Faces Pain Scale - Revised (FPS-R Scale) Score
Revised FLACC Pain Assessment (rFLACC) Score

Acceptable Comfort Level (numeric)

Acceptable Comfort Level (nominal)

Pain Outcome Description

Abbreviations: FLACC score, Face, Legs, Activity, Cry, Consolability score; IM, information model; LOINC, Logical Observation Identifiers Names and
Codes.
@Concepts in LOINC but not in Nursing Physiological Assessment Panel.
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custom query provides a method for extracting comparable
data for interoperability and cross-organization pain research.

Using real-world evidence from large data sets is an
increasing trend in research due to the potential cost-sav-
ings.!® However, if research was conducted evaluating a vital
sign such as patients’ pain and it used only one of the
multiple flowsheet rows mapped to a concept like “Numeric
Pain Rating 0-10 Score,” then the study’s effectiveness for
evaluating medications or nursing pain interventions could
result in false conclusions because the pain rating data
contained in the other flowsheet rows mapped to “Numeric
Pain Rating 0-10 Score” would be missing. Implementation
of an IM can reduce redundancy and increase the usefulness
of the data.

While it might be ideal to have a single pain scale, we
retained 12 unique pain assessment scales which include
both self-report and observational assessments. Nurses and
other clinicians need to select the appropriate tool based on
age, setting, and clinical condition. The pain assessment
scales identified address these wide variety of circum-
stances. One essential point, however, is the importance of
consistent use of the same scale over time to evaluate
patient’s progress.

Results of our study extend the concepts needed in LOINC
for interoperability.'* For example, there are some important
pain concepts that are missing from LOINC such as “Current
Pain,” “Pain Type,” and “Acceptable Comfort Level (numeric).”
However, there are LOINC concepts not found in our study,
such as “Pain Onset,” which is a date and time stamp. Another
LOINC term that was not found in our organizations’ data was
“Pain Primary Location.” This is likely due to the fact that
patients can have multiple pain locations, each with its own
assessment, so it is not used in practice.

There are several future steps planned including adding
standard terminology mappings to the concepts, validating
the pain IM with additional organizations and settings, and
applying the process to validate IMs for other clinical areas.
The terminology standards include LOINC for assessments
and some outcomes and Systematized Nomenclature of
Medicine-Clinical Terms (SNOMED CT) for value sets asso-
ciated with assessments, problems, and interventions.'*
Additional terms will need to be submitted to LOINC and
SNOMED CT when codes do not exist. Once this work is
completed, broad dissemination is needed. The Nursing
Knowledge Big Data Science Initiative is developing an
open source repository for sharing work such as the pain
IM."® Additional research is needed in several areas. Valida-
tion of the IM with a broader set of stakeholders including
home care, hospice, long-term care, and others would be
beneficial. The IM could also be validated with multiple
clinical experts specific to pain using a Delphi technique or
other consensus approach. Further IM mapping is needed on
other nurse-sensitive measures such as falls, catheter-asso-
ciated urinary tract infections (CAUTI), and central line
associated bloodstream infections (CLABSI). Once the models
have been validated, research is needed on implementation
of the models and the coded data elements in EHRs to
understand what worked, what problems and issues were

Pain Information Model Westra et al.

uncovered, how documentation is impacted, and if any
differences exist based on vendor solutions. Ultimately, we
want to know if the IMs and use of coded key data elements
increases interoperability and our ability to enable large,
multicenter research including comparative effectiveness
research.

Our work has several limitations. A volunteer sample of
organizations participated, and thus, the model may not be
generalizable to all organizations. While this was a conve-
nience sample, which can limit generalizability of findings,
the geographic locations, population size, and variety of
practices provides a foundation for a generalizable pain IM
that can be used to support research. The pain IM is a
beginning and it is anticipated that it will evolve over
time. In particular, there are additional concepts needed
for cardiac services and pain clinics may have more specia-
lized assessments and interventions. There was variability in
the data extraction approaches and criteria used at each
participating organization that could influence the results.
No attempt was made to dictate how to implement the pain
IM in an EHR, and thus organizations need to determine the
best practice for doing this. While the researchers consulted
their pain experts, a more conscious effort is needed in future
work to include domain experts. Another limitation is that
FloMap is not yet available publicly nor is the SQL script for
data extraction. If others are interested in its use, they can
contact S.J., one of the authors on this article.

Conclusion

The purpose of our research was to validate and refine a pain
IM by using a data-driven approach across multiple health
systems. The resulting pain IM is a consensus model based on
actual EHR documentation in the participating health sys-
tems. The pain IM captures the most important concepts
related to pain.

Clinical Relevance Statement

Secondary use of EHR data must be standardized for com-
parison within and across organizations. Our study resulted
in 30 concepts, definitions, and associated value sets agreed
upon by 10 organizations as useful for building or optimizing
an EHR. Our methods also allowed agencies to map their
flowsheet data to these concepts to support future research.

Multiple Choice Question
Variation in flowsheet data are often due to

. The content and guidelines provided by vendors

. Professional guidelines that influence content

. Limited resources and rapid deployment of EHRs

. Available guidelines from terminologies of how to build
EHRs

e. All of the above

an o e

Correct Answer: The correct answer is e, all of the above.
Vendors provide generic content and guide organizations in
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using consensus-based approaches to configure the bulk of
their system to meet the clinical requirements of the
organization. Much of the documentation, however, is
captured in flowsheet format, using nonstandardized,
semistructured data in a matrix format for patient assess-
ments, goals, problems, interventions, and outcomes of
care. Limited resources and rapid deployment timelines
provide little time for organizations to identify and adopt
standardized terminologies and use IMs to design flow-
sheets for future data sharing. Further, the informaticians
are required to choose from multiple terminologies®* with
limited reference standards to guide flowsheet builds.

The data were considered “metadata” and represented
descriptions of how the organization’s EHR was designed
and aggregated counts for frequency of use; no patient-
identifiable data were included. Each participant con-
sulted with their organization to determine whether
Institutional Board Approval was needed. If Institutional
Review Board (IRB) approval was required, it was
obtained prior to data extraction and transmission to a
secure database at the University of Minnesota.

None.

We would like to acknowledge the organizations that
were willing to share their data and committed their staff
time to collaborate on this project over an extended
period of time.
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