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ABSTRACT

Objective: The study sought to present the findings of a systematic review of studies involving secondary analy-

ses of data coded with standardized nursing terminologies (SNTs) retrieved from electronic health records (EHRs).

Materials and Methods: We identified studies that performed secondary analysis of SNT-coded nursing EHR

data from PubMed, CINAHL, and Google Scholar. We screened 2570 unique records and identified 44 articles of

interest. We extracted research questions, nursing terminologies, sample characteristics, variables, and statisti-

cal techniques used from these articles. An adapted STROBE (Strengthening The Reporting of OBservational

Studies in Epidemiology) Statement checklist for observational studies was used for reproducibility

assessment.

Results: Forty-four articles were identified. Their study foci were grouped into 3 categories: (1) potential uses of

SNT-coded nursing data or challenges associated with this type of data (feasibility of standardizing nursing

data), (2) analysis of SNT-coded nursing data to describe the characteristics of nursing care (characterization of

nursing care), and (3) analysis of SNT-coded nursing data to understand the impact or effectiveness of nursing

care (impact of nursing care). The analytical techniques varied including bivariate analysis, data mining, and

predictive modeling.

Discussion: SNT-coded nursing data extracted from EHRs is useful in characterizing nursing practice and offers

the potential for demonstrating its impact on patient outcomes.

Conclusions: Our study provides evidence of the value of SNT-coded nursing data in EHRs. Future studies are

needed to identify additional useful methods of analyzing SNT-coded nursing data and to combine nursing data

with other data elements in EHRs to fully characterize the patient’s health care experience.
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INTRODUCTION

In the hospital setting, nurses are typically the main frontline pro-

viders of care. In their role, nurses continuously identify patients’

issues and subsequently plan and implement care to achieve desired

patient outcomes. In 2016, there were 3 million registered nurses

working in the United States, of whom 61% worked in hospitals,1

compared with only 25% of 312 500 pharmacists and 12% of

854 698 physicians who practiced full-time in hospitals.2–4 Despite

these statistics, it has been difficult to effectively evaluate the impact

of nursing care on patient outcomes. The rapid adoption of elec-

tronic health record (EHR) systems provides a growing opportunity

to expand our knowledge about nursing practices using nursing data

in EHRs. The documentation of nursing care in EHRs with stan-

dardized terms provides a means for producing consistent data

about nursing needed to share, compare, and merge with other data

across systems.5–7 In this article, we present a systematic review of

studies characterizing nursing care through the analysis of standard-

ized nursing data retrieved from EHRs. The review also provides a

foundation for future paths of inquiries using nursing and other data

retrievable from EHRs.

Nursing data include elements of nursing services (eg, personnel,

equipment), patient demographics, progress notes, assessment data,

and care plans.8,9 In particular, care plan data are a rich source of

information that can improve our understanding of the nursing care

provided to patients. Care plan information represents nurses’ clini-

cal reasoning and includes patient problems, target outcomes, and

the planned and implemented nursing interventions.10

In the mid-1970s, nursing researchers began developing stan-

dardized nursing terminologies (SNTs) to help bedside nurses docu-

ment diagnoses, as well as the care they provided to patients and

families, which is different from medical diagnoses.11 SNTs are con-

trolled vocabularies that contain standardized terms to represent

nursing diagnoses, interventions, and outcomes.7 Over time, SNTs

evolved from alphabetical lists to conceptual systems that guide the

decision-making process of nursing care at the individual, caregiver,

group, family, and community levels.12 The American Nurses Asso-

ciation recognizes the following 7 SNTs12,13:

• Clinical Care Classification (CCC)14

• International Classification for Nursing Practice (ICNP)15

• Omaha System16

• Perioperative Nursing Data Set (PNDS)17

• NANDA-International (NANDA-I) (diagnoses)18

• Nursing Outcomes Classification (NOC) (outcomes)19

• Nursing Interventions Classification (NIC) (interventions)20

The first 4 SNTs (ie, CCC, ICNP, Omaha System, PNDS) con-

tain terms for nursing diagnoses, interventions, and outcomes. The

NANDA-I, NIC, and NOC, each representing 1 element (diagnoses,

interventions, and outcomes, respectively), are often used together

and referred to as a set (NNN).

To date, there are few reviews of secondary analyses of nursing

data coded in SNTs. Tastan et al21 focused on determining how

SNT usage has evolved over the years, mainly describing the study

focus and frequency of SNTs in publications. More recently, Kim et

al22 evaluated the coverage of the bioCADDIE (biomedical and

healthCAre Data Discovery Index Ecosystem) metadata specifica-

tion in representing nursing data from published studies. Our sys-

tematic review fills an important knowledge gap: we explored the

analysis of SNT-coded nursing data in research studies and the po-

tential of using these data to show the impact of nursing care.

The objective of this review was to understand how SNT-coded

nursing data, retrieved from EHRs, have been utilized in research

studies to answer important questions about nursing practice.

MATERIALS AND METHODS

We performed a systematic review of studies that conducted second-

ary data analysis on SNT-coded nursing data extracted from EHRs.

Our protocol23 was registered on PROSPERO (available at https://

www.crd.york.ac.uk/prospero/display_record.php? Record-

ID¼99830), and developed in accordance with the Preferred Report-

ing Items for Systematic Reviews and Meta-Analyses Statement.24

The different phases of our systematic review are illustrated in

Figure 1.

Data sources and search strategy
We built on previous systematic review on SNT usage in studies

from the 1960s to 2011,21 which reported 19 studies focusing on

secondary uses of SNT-coded nursing documentation. We then pro-

ceeded to search on PubMed and CINAHL for studies published

from 2011 to May 27, 2018, in the English language, and with

abstracts available. The search of the databases included the follow-

ing themes: nursing, electronic health records, and the American

Nurses Association–recognized SNTs. The database EMBASE was

not included because we did not have access to it through our insti-

tution’s library at the time of our search.

With the help of the sponsoring institution’s nursing librarian,

along with the authors of this review, a search strategy was devel-

oped including a comprehensive set of text words and MeSH (Medi-

cal Subject Headings) terms for electronic health records and SNTs.

Details on the search strategies are presented in Table 1.

We downloaded potential publications into a reference manage-

ment program (EndNote X7 V.17.8.0.13453, Thompson Reuters, Phil-

adelphia, PA/USA), in which we identified and removed duplicates.

Abstract and full-text screening
We retained 2551 articles after duplicates were removed. Three

reviewers (T.M., N.D., T.C.)—specifically, 2 doctoral students in

nursing informatics (T.M. and N.D.) and 1 faculty member (T.C.)

with expertise in nursing terminologies—participated in screening

abstracts from all articles. At least 2 of these reviewers indepen-

dently screened each abstract. To ensure consistency, a guide was

created to assist in a systematic process for abstracts screening. The

guide directed reviewers to include a record if its abstract described

(1) any of the SNTs noted previously or words such as nursing diag-

noses or nursing interventions, (2) if the analyzed SNT-coded nurs-

ing data were retrieved from EHRs or electronic medical records,

and (3) if the nursing data were documented at the point of care, as

part of their care routine. A record was excluded if it was clear in

the abstract that nursing data were collected in a research setting,

not part of patient’s standard of care. All discrepancies were dis-

cussed until consensus was reached.

Four reviewers (T.M., T.C., M.S., and K.D.L.) then participated

in full-text reviews of 87 articles using the same guide described pre-

viously. We further excluded articles that are letters, commentaries,

news reports, and literature reviews. At least 2 of the reviewers inde-

pendently reviewed each full-text article. Discrepancies were re-

solved by discussion and consultation with 2 other faculty members,

a specialist in nursing informatics (G.K.) and a statistician (Y.Y.).

Figure 1 lists reasons for exclusions after full-text review.
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Google Scholar search for additional articles
Secondary analysis of nursing data is often an interdisciplinary ef-

fort. Nursing researchers often collaborate with experts outside of

biomedical domain. Thus, relevant studies may be reported in jour-

nals of other fields (eg, computer science journals) and may not be

indexed in PubMed or CINAHL. We searched on Google Scholar

for authors (n¼134) whose articles were included in our study after

full-text review. The same screening process described above was

used to locate and include additional relevant articles.

Data extraction and synthesis
Data were extracted into individual tables for each study included in

the qualitative synthesis process. The following items were extracted:

• Research questions answered by the analysis of SNT-coded nurs-

ing data
• Specific SNTs used to code the data
• Sample characteristics (setting, number of records, type of patient)
• Variables (descriptive, predictor, outcome, covariate)
• Statistical techniques applied

Figure 1. Flow diagram illustrating the different phases of the study selection process. EHR: electronic health record; SNT: standardized nursing terminology.
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Three reviewers (T.M., T.C., and M.S.) extracted the data for in-

cluded articles. For each article, 2 reviewers independently extracted

the data. T.M. and M.S. reached an agreement of 93% for the data

extracted. The interrater reliability for the second pair of reviewers

(T.M. and T.C.) was 84%.

Reproducibility assessment
We used an adapted version of the STROBE (Strengthening The

Reporting of OBservational Studies in Epidemiology) Statement

checklist for observational studies25 to assess the reproducibility of

studies included in our review. Pairs of reviewers (T.M. and M.S.;

T.M. and T.C.) independently evaluated the reproducibility of these

studies, given their descriptions of (1) setting, (2) participants, (3)

variables, (4) data sources or measurement, and (5) statistical meth-

ods. The reviewers also evaluated if the variables were described

with sufficient clarity to be collected in future studies, scoring them

as 1 (not defined), 2 (partially defined), and 3 (well defined).

Interrater reliability scores were an agreement of 83% for T.M. and

M.S. and agreement of 89% for T.M. and T.C..

RESULTS

The initial and updated searches on the 2 databases resulted in 3240

records. A total of 2551 records remained after duplicates were de-

leted and were submitted to abstract screening. 2483 records were

further removed because they were not related to nursing or to

SNTs. Reasons for the initial high volume of publications matching

our search keywords but outside the scope of nursing or SNTs could

be attributed to our use of the acronyms for each SNT as a text

word (eg, CCC). Many of these acronyms have meanings other than

those for nursing terminologies. We also used the Boolean term OR

to combine either nursing or SNTs to EHRs (and its variations),

which resulted in a more thorough search but also more false hits.

Sixty-eight records from PubMed and CINAHL and 19 records

from Tastan et al21 were included in full-text review, of which 40

met our inclusion criteria. Four additional records were identified

through search on Google Scholar. After qualitative synthesis, 44

articles were included. In 1 article, 2 studies were reported. Thus,

the findings below refer to a sample of 45 studies.

SNTs used
Amongst the 45 studies, we found that only 5 of the 7 SNTs were

used. There was no study that analyzed nursing data coded with

CCC or PNDS. Twenty-six (58%) studies analyzed nursing data

coded with NANDA-I,26–28 NOC,29,30 NIC,31–33 a combination of

these terminologies (eg, NIC and NOC),34–36 or the NNN set.37–51

Fourteen (31%) studies used Omaha System,52–65 while 4 (9%) used

ICNP.66–68 One (2%) study compared nursing data coded with

NANDA-I and ICNP from different EHRs.69

Study foci and variables
The specific study foci varied widely across studies. They can be

grouped into the following areas: (1) feasibility of standardizing

nursing data, (2) characterization of nursing care, and (3) impact of

nursing care. Table 2 includes a description of the different research

questions answered by SNT-coded nursing data in our sample of

studies.

Descriptive studies analyzed nursing diagnoses, interventions,

and outcomes relevant to SNTs. For studies that explored associa-

tions, the majority of independent variables were these same 3 nurs-

ing care plan elements, along with other factors related to delivery

of care. Dependent variables in those studies varied significantly.

The following sections summarize the variables analyzed across

studies to help contextualize their main focus.

Feasibility of standardizing nursing data

Nine of 45 (20%) studies focused on potential uses of SNT-coded

nursing data or challenges associated with this type of data. Keenan

et al42 reported benefits of using SNTs in EHRs to increase availabil-

ity, validity, and reliability of data for research purposes and statisti-

cal data analyses. Johnson et al53 demonstrated differences between

t test and Cohen’s d in describing changes in nursing outcomes rat-

ings. Park et al67 analyzed nursing interventions provided to hospi-

talized patients compared with standard nursing care from

guidelines. Farri et al52 and Melton et al58 analyzed nursing free-text

entries to standardized terms to describe potential flaws in a termi-

nology’s content coverage. Rivas et al45 compared standardized and

nonstandardized nursing care plans for delivery of health promotion

and prevention services. Park and Lee50 and Westra et al61

Table 1. Search strategies for PubMed and CINAHL databases

Database Search Restrictions

PubMed (“Nursing Intervention Classification”[Text Word] OR “Nursing Interventions Classification”[Text Word] OR

“Nursing Outcome Classification”[Text Word] OR “Nursing Outcomes Classification”[Text Word] OR “North

American Nursing Diagnosis”[Text Word] OR “Omaha System”[Text Word] OR “International Classification for

Nursing Practice”[Text Word] OR “Clinical Care Classification”[Text Word] OR “Perioperative Nursing Data

Set”[Text Word] OR “Home Health Care Classification”[Text Word] OR Standardized Nursing[tw]) OR

((“nursing”[Subheading] OR “nursing”[All Fields] OR “nursing”[MeSH Terms] OR “nursing”[All Fields] OR

“breast feeding”[MeSH Terms] OR (“breast”[All Fields] AND “feeding”[All Fields]) OR “breast feeding”[All

Fields]) AND (NIC[Text Word] OR NOC[Text Word] OR NANDA[Text Word] OR ICNP[Text Word] OR

HHCC[Text Word] OR ccc[tw] OR PNDS[Text Word] OR electronic health records[tw] OR electronic health

record[tw] OR ehr[tw] OR ehrs[tw]))

Abstract Available

English Language

CINAHL (TX “Nursing Intervention Classification”) OR (TX “Nursing Interventions Classification”) OR (TX “Nursing Out-

come Classification”) OR (TX “Nursing Outcomes Classification”) OR (TX “North American Nursing Diagnosis”)

OR (TX “Omaha System”) OR (TX “International Classification for Nursing Practice”) OR (TX “Clinical Care

Classification”) OR (TX “Perioperative Nursing Data Set”) OR (TX “Home Health Care Classification”) OR (TX

“Standardized Nursing”) OR ((TX Nursing) AND ((TX NIC) OR (TX NOC) OR (TX NANDA) OR (TX ICNP)

OR (TX HHCC) OR (TX ccc) OR (TX PNDS) OR (TX “electronic health records”) OR (TX “electronic health

record”) OR (TX ehr) OR (TX ehrs)))

Abstract Available

English Language

Source Types:

Academic Journals

1404 Journal of the American Medical Informatics Association, 2019, Vol. 26, No. 11



Table 2. Summary of study focus and statistical methods of included studies grouped by publications on 1 dataset

First author Year Dataseta Sampleb Study Focus Areac Statistical analyses

Frauenfelder26 2018 A 424 To describe nursing diagnoses in the psychiatric

setting

2 Chi-square

Horning63 2018 B 558 To measure nutrition-related nursing care 2 Chi-square, general linear

models

Monsen64 2017 B 208 To measure the impact of nursing care on maternal

risk index

3 Visualization methods,

ANCOVA

Monsen54 2015 B 141 To explore association between nursing care and

health literacy

3 Mixed-effects logistic

regression

Johnson53 2013 B 1016 To test the feasibility of 2 statistical methods in

describing changes in outcomes scores

1 t test, effect sizes (Cohen’s d)

Monsen55 2011 B 486 To compare nursing care between groups of low

and high risk

2 Descriptive statistics

Rodr�ıguez- 2018 C 9063 To describe grieving-related nursing diagnoses 2 Chi-square, t test, Mann-

Whitney U�Alvaro28

Rodr�ıguez- 2018 C 6091 To describe nursing care for patients with and with-

out complications of grieving

2 Chi-square
�Alvaro36

Olsen65 2018 D 419 To measure the association between nursing care

and physical activity-related outcomes

3 Chi-square, t test, multiple

regression

Gao62 2017 E 1618 To examine associations between frailty and social

and behavioral determinants of health for older

adults

3 Visualization methods, t test,

ANOVA

Gonz�alez- 2017 F 9928 To describe nursing diagnoses 2 Descriptive statistics

Rodr�ıguez27

Lodhi38 2017 G 2300 To predict readmission for patients with pain

problem

3 Data mining

Lodhi41 2015 G 438 To predict comfortable death outcome in end-of-life

patients

3 Data mining, chi-square,

logistic regression

Lodhi43 2015 G 160 To predict current pain outcome ratings for

hospitalized patients

3 Data mining, logistic regres-

sion, Pearson correlation

Stifter47 2015 G 840 To measure the association between nurse

continuity and occurrence of pressure ulcers

3 Logistic regression

Yao44 2015 G 901 To describe marks of shift from standard care to

palliative care among patients who died during

hospitalization

3 ANOVA, Tukey post hoc test

Lodhi37 2014 G 432 To measure the impact of nursing care on death

anxiety for end-of-life patients

3 Data mining, chi-square

Almasalha40 2013 G 569 To predict whether or not an end-of-life patient

would meet the expected pain-related outcomes

3 Data mining, chi-square, t test

Yao39 2013 G 596 To report pain care from admission to discharge or

death for end-of-life patients

3 Chi-square, Wald test

Keenan42 2012 G 40 747 To describe the availability of plans-of-care data 1 Descriptive statistics

Rabelo-Silva69 2017 H 138 To describe nursing diagnoses for patients with

heart failure

2 t test

Yang51 2017 I 220 To describe nursing care for obstetric patients 2 Descriptive statistics

Rivas45 2016 J 379 601 To compare standardized and nonstandardized

nursing data

1 Chi-square, t test

Escalada-

Hernandez46

2015 K 690 To establish associations between national outcome

mental illness scores and nursing care

3 Multiple regression, Pearson

correlation

Park50 2015 L 180 To describe the nursing care of an SNT-based EHR 1 Descriptive statistics

Jenkins30 2014 M 3111 To determine nursing cost per acute care episode 3 Least squares regression

Garcia59 2013 N 680 To compare outcome ratings for Latina adolescent

and adult mothers with mental problems

3 General linear mixed-methods

models

Kim68 2012 O 759c To test different computerized search strategies to

analyze the incidence of contrast media

hypersensitivity

1 Descriptive statistics

Park67 2012 O s1: 427 s1: To compare pressure-ulcers nursing interven-

tions against measures from 2 published

guidelines

s1: 1 s1: ANOVA

s2: 355 s2: To describe narrative nursing statements of

cancer patients treated with cisplatin-based

chemotherapy

s2: 2 s2: Descriptive statistics

(continued)
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compared SNT-coded nursing data from different EHR vendors.

Kim et al68 tested different nursing intervention terms as search

strategy to identify and analyze the incidence of contrast-media hy-

persensitivity.

Characterization of nursing care

Sixteen (36%) studies of 45 described characteristics of nursing

care. Ten of 16 (63%) studies described the most common nursing

diagnoses, interventions, and outcomes for patients with heart fail-

ure48,67; older patients with pneumonia49; younger patients with de-

hydration35; obstetric patients51; low- and high-risk groups55;

infants with low birth weight60; patients with cancer69; patients

with pressure ulcers66; and patients with pneumonia, total hip or

knee replacement, or heart failure.29 In 6 of 16 (37%) studies,

researchers explored interactions between nursing diagnoses, inter-

ventions, or outcomes with patient’s age and sex27,28,36; patient’s

age and length of stay34; medical diagnoses and hospital characteris-

tics26; and number of home-visits performed by nurses, patient’s

age, and race.63

Impact of nursing care

Twenty of 45 (44%) studies measured the impact or effectiveness of

nursing care. Table 3 lists patient outcomes and key predictors for

the 20 studies.

Garcia et al59 compared nursing outcome ratings given at admis-

sion and discharge to measure effectiveness of nursing care. Yao

et al39 compared pain-related nursing diagnoses and outcome rat-

ings across different hospitals to investigate the quality of current

pain management practices. Shever et al32 associated number of

times a day the intervention “surveillance” was documented with to-

tal hospital costs for older patients at risk of falling to measure the

cost of delivering this nursing intervention. On the other hand,

Table 2. continued

First author Year Dataseta Sampleb Study Focus Areac Statistical analyses

Park66 2011 O 41 891 To describe nursing care to prevent and treat

pressure ulcers

2 Descriptive statistics

Farri52 2011 P 61 701d To compare free-text entries with existing standard

terms

1 Descriptive statistics

Melton58 2010 P 3388 To compare free-text entries with existing standard

terms

1 Descriptive statistics

Head49 2011 Q 451 To describe nursing care for hospitalized older

patients with a primary discharge diagnosis re-

lated to pneumonia

2 Descriptive statistics

Scherb48 2011 Q 302 To describe nursing care for hospitalized older

patients with a primary discharge diagnosis of

heart failure

2 Descriptive statistics

Scherb29 2002 Q 669 To describe changes in nursing outcomes ratings 2 t test

Monsen56 2011 R 1750 To predict hospitalization for frail and nonfrail el-

ders

3 Data mining, logistic regression

Westra57 2011 R 2072 To measure the association between nursing care

and improvement in urinary and bowel inconti-

nence

3 Data mining, logistic regres-

sion, chi-square

Westra61 2010 R 2900 To describe nursing care across 2 different EHR

vendors

1 Descriptive statistics

Shever33 2011 S 10 004 To measure the impact of nursing care on failure to

rescue

3 Propensity scores, logistic re-

gression

Titler31 2011 S 7851 To measure the association between nursing, medi-

cal and pharmacy care, and falls for older adults

3 Generalized estimating equa-

tions

Shever32 2008 S 7851 To measure the cost of delivering high surveillance

for hospitalized elders at risk for falling

3 Propensity scores, generalized

estimating equations

regression

Orlygsdottir60 2007 T 75 To describe nursing care for patients in an LBW

program

2 Descriptive statistics

Scherb35 2007 U 29 To determine changes in outcomes scores for pediat-

ric patients with dehydration

2 t test

Tseng34 2007 V 29 To describe nursing care for patients with cancer 2 t test

Groups based on study’s description of the dataset and authorship.

ANCOVA: analysis of covariance; ANOVA: analysis of variance; EHR: electronic health record; LBW: low birth weight; SNT: standardized nursing terminol-

ogy; s1: study 1; s2: study 2.
aData from (A) 1 university hospital, (B) 1 family home visiting services, (C) 105 primary healthcare centers, (D) 1 county health department, (E) 8 homecare

agencies, (F) 1 hospital and 2 primary healthcare centers, (G) 1 university hospital and 3 community hospitals, (H) 2 hospitals, (I) 1 hospital, (J) 34 primary

healthcare centers, (K) 5 psychiatric clinics, (L) 1 hospital, (M) 1 academic medical center, (N) 1 public health agency, (O) 1 university hospital, (P) 1 home care/

hospice facility and 1 maternal home visiting program, (Q) 3 community hospitals, (R) 15 home care agencies, (S) 1 academic medical center, ( T) 1 LBW pro-

gram, (U) 1 community hospital, (V) 1 hospital.
bUnique patients, unless specified otherwise.
c(1) Feasibility of standardized nursing data, (2) characterization of nursing care, and (3) impact of nursing care.
dDaily or shift entries of documentation of care.
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Jenkins and Welton30 multiplied the sum of nursing outcomes rat-

ings per shift by actual nursing wages and patient’s length of stay to

estimate nursing care costs.

Olsen et al65 explored association of nursing outcome ratings

with patient’s age, body mass index, nursing diagnoses, and nursing

interventions. Monsen et al54 investigated associations among

nurses, nursing interventions, patient characteristics, and nursing

outcomes ratings used to determine patients’ health literacy. Mean-

while, Gao et al62 translated specific nursing diagnoses into social

and behavioral determinants of health and frailty concepts and de-

termined association between those and nursing outcomes ratings.

Monsen et al64 used similar approach to assess the frequency of

nursing diagnoses and used them as a measure of maternal risk in-

dex. Monsen et al56 tested different data management approaches to

identify nursing interventions groups associated with patient’s hos-

pitalization in homecare.

Of 20 studies, 7 (35%) focused on establishing associations

among a broader number of nursing-related variables such as patient

characteristics, support system factors, and nursing characteristics.

For instance, Lodhi et al37,41,43 explored associations between

patient’s age, nurse’s years of experience, length of stay, nursing di-

agnoses, and interventions, with outcomes for end-of-life patients.

Almasalha et al40 focused on analyzing length of stay and nursing

interventions to predict whether or not a patient would meet pain-

related outcomes. Yao et al44 identified nursing diagnoses and inter-

ventions associated with changes in outcomes that could be used as

an indicator of a shift from standard nursing care to palliative care.

Lodhi et al38 created predictive models for hospital readmission

using patient’s age, length of stay, nurse years of experience, time of

admission and discharge, and pain outcomes ratings. Last, Stifter

et al47 used nursing diagnoses, interventions, and outcomes to deter-

mine presence of pressure ulcers in hospitalized patients, and then

examined their association with nurse staffing (eg, nurse years of ex-

perience, education, shift length, work pattern) and nurse

continuity.

Other 5 (25%) studies of 20 merged nursing data to other parts

of EHRs, namely unit characteristics, medical and pharmacy pre-

scriptions,31,33 national outcome scales and psychiatric medical

diagnoses,46 and medical diagnoses or treatment conditions, nutri-

tional therapies, and patient’s service utilization.57

Statistical analysis
Fifteen of 45 (33%) studies used descriptive statistics only. Eleven of

15 (73%) studies exclusively analyzed nursing care plans.48–

50,52,55,58,60,61,66–68 Three of 15 (20%) studies provided descriptive

analyses of care plans along with other nursing data (eg, patient’s

age and sex, nurse’s years of experience)27,34,42 and 1 (7%)51 ana-

lyzed nursing care plans merged with other parts of EHR (eg, medi-

cal diagnoses).

The remaining studies (30 of 45, 67%) applied descriptive statis-

tics and other statistical methods specified in Table 2. At least 9

(30%) of 30 studies used only chi-square or t tests26,28,29,34–

36,39,45,69; meanwhile, other studies from the 30 used a combination

of these basic tests and more complex methods such as data min-

ing,37,38,40,41,43,56,57 logistic regression,33,41,43,47,54,56,57 analysis of

Table 3. Summary of predictors and outcomes for included studies that measured impact of nursing care

First author Predictors Outcomes

Monsen64 Nurses, nursing diagnoses (ie, problems), nursing interventions Maternal risk index score

Monsen54 Patient’s characteristics, nurses, nursing interventions Health literacy score

Olsen65 Patient’s age, gender and body mass index, nursing diagnoses, number

of physical activity-related nursing interventions

Physical activity-related outcomes scores

Gao62 Nursing diagnoses used to determine social and behavioral determi-

nants of health index, and frailty

Knowledge, behavior, and status outcomes scores

Lodhi38 Patient’s age, nurse experience, length of stay, time of admission, time

of discharge, outcome ratings

Hospital readmissions

Lodhi41 Patient’s age, nurse experience, length of stay, nursing diagnoses and

interventions domains

Meeting or not expected comfortable death outcome

score

Lodhi43 Patient’s age, nurse experience, length of stay, nursing diagnoses and

interventions domains, outcomes scores

Meeting or not expected pain-related outcome score

Stifter47 Nurse continuity, nurse-staffing variables Pressure ulcer-related outcomes

Yao44 Patient’s age, length of stay, pain-related outcomes, number of nursing

diagnoses in a care plan

Nursing diagnoses, interventions, and outcomes related

to palliative care

Lodhi37 Patient’s age, nurse experience, length of stay, nursing diagnosis of

death anxiety

Meeting or not expected comfortable death outcome

score

Almasalha40 Nursing interventions, length of stay Meeting or not expected pain-related outcome score

Yao39 Nursing diagnoses, pain-related outcome scores, length of stay Meeting or not expected pain-related outcome score

Escalada-

Hernandez46

Health of the Nation Outcome Scale scores Number of nursing diagnoses

Jenkins30 Patient characteristics, nurse characteristics Nursing cost

Garcia59 Patient’s mental health conditions Knowledge, behavior, and status outcomes scores

Monsen56 Nursing interventions Patient’s hospitalization

Westra57 Nursing interventions, assessment data Improvement on urinary or bowel incontinence

Shever33 Number of times the nursing intervention “surveillance” is delivered

per day (more or less than 12 times)

Failure to rescue

Titler31 Patient characteristics, nursing unit characteristics, nursing interven-

tions medical interventions, pharmacy interventions

Occurrence of falls

Shever32 Nursing staff variables, number of medical treatments, number of

pharmacy treatments

Cost of the nursing intervention “surveillance”
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covariance,64 multiple regression,46,63,65 and generalized estimating

equations.31,32

Among 30 studies that conducted association analyses, 6 (20%)

exclusively analyzed nursing care plans.29,35,53,56,62,69 Eight (27%)

of 30 merged these data with other parts of EHRs.26,31–33,45,46,57,67

The majority (16 of 30, 53%) of studies analyzed care plans and

other nursing data.28,30,36–41,43,44,47,54,59,63–65

Table 2 shows 22 SNT-coded nursing datasets. Ten (45%) of 22

were retrieved from at least 2 different institutions/clinics. Some of

the datasets were analyzed in more than 1 study (see Table 2). For

example, the datasets referred as “B” (data from 1 family home vis-

iting services) and “G” (data from 1 university hospital and 3 com-

munity hospitals) were analyzed in at least 5 different publications

each since 2011. Earlier publications typically provided descriptive

statistics on aspects of the broader dataset. Through the years,

researchers began using more specific and complex statistical analy-

sis (eg, generalized estimating equations, different types of regres-

sions, and data mining procedures) to analyze smaller parts of the

dataset.

It can also be noted in Table 2 that descriptive or basic statistics

were used by the researchers that focused on exploring the feasibility

of standardizing nursing data (study focus area 1) or characterizing

nursing care (study focus area 2). For studies on the feasibility of

standardizing nursing data (9 of 45, 20%), earlier publications (eg,

the 2010s) employed descriptive analysis only and evolved to the use

of chi-square and t tests across the years. Among studies that fo-

cused on the characterization of nursing care (16 of 45, 36%), publi-

cations from the early 2000s applied t tests and other basic statistics

to smaller samples. From 2011 to 2017, the studies used descriptive

statistics only, but to analyze larger amounts of readily available

data.

More complex statistical analyses were employed by researchers

interested in measuring the impact of nursing care (study focus area

3). Within this study focus area, publications from 2008 reported

using generalized estimating equations and logistic regression and

have evolved to the use of other advanced statistical methods, such

as data mining (first study in 2011) and generalized linear mixed-

effects models (since 2013), among others.

Reproducibility of publications included
All studies described sample sizes and listed statistical methods ap-

plied. Thirty-three (73%) of 45 studies defined their variables well

and scored a 3, while 11 (25%) studies partially defined variables

and received a 2.30,34,42,45,51,52,54,57,67,68 Only 1 (2%) study59 of 45

did not define variables clearly. Overall, our sample’s completeness

in reporting information was rated “of good reproducibility.”

DISCUSSION

In this systematic review, we comprehensively identified and evalu-

ated 45 studies to determine how SNT-coded nursing data retrieved

from EHRs are being analyzed to answer important questions about

nursing practice. We identified studies that analyzed nursing data

documented with the terminologies NANDA-I, NOC, NIC, Omaha

System, and ICNP. We observed that, although distinct, these termi-

nologies structured the nursing care plans in the same manner across

EHRs, which enabled easy retrieval and analyses of nursing diagno-

ses, interventions, and outcomes for different groups of patients. Ad-

ditionally, the use of SNTs to code nursing care plans supported the

analysis of data from multiple institutions (eg, 105 primary health-

care centers)28,36 and from distinct healthcare practices, such as 2

primary healthcare centers and a hospital.27

We synthesized foci of included studies into the following cate-

gories: (1) feasibility of standardizing nursing data, (2) characteriza-

tion of nursing care, and (3) impact of nursing care. Within each

focus, studies addressed different questions and analyzed distinct

variables. For example, some studies that measured the impact of

nursing care examined associations between nursing interventions

and patient outcomes, such as patient’s health literacy, readmission,

and presence of pressure ulcers, while others focused on developing

predictive models. In 2014, a systematic review by Topaz et al70 on

the use of the Omaha System described a shift from studies focusing

on terminology development to the analysis of standardized nursing

data to understand patient outcomes, through the years. Our find-

ings support those of Topaz et al.70

The potential and versatility of SNT terms to characterize

patients’ social, financial, and behavioral status were evidenced by

the use of nursing diagnoses and interventions to operationalize

patients’ income, social contact, and physical activity level, among

others.62,63 The range of research questions studied using SNT-

coded data demonstrates the potential that SNTs have in helping

generate new knowledge about care offered by nurses. These studies

show that incorporation of SNTs in electronic nursing documenta-

tion allows nursing care data to be available in a consistent format

amenable to feasible analyses.71,72 The use of SNTs in EHR offers

an advantage over allowing nurses to document with free-text. Two

studies in our review52,58 compared free-text documentation with

standard terms and reported that the use of SNTs reduces errors,

such as typos and duplicated information. Nonetheless, the use of

methods such as natural language processing offers the potential to

augment standardized data through analyses of free-text notes en-

tered by nurses into EHRs, further enhancing our understanding of

the impact of nursing care.

Most studies used descriptive statistical analysis or basic tests,

such as t tests, correlations, and chi-square tests. Our results indicate

that these statistical methods have been more often used by research-

ers studying the feasibility of standardizing nursing data and charac-

terization of nursing care. These statistical methods provide crucial

results to understand a dataset and the population under study.73

We also noted that these basic statistical tests have been applied in-

creasingly to larger datasets across the years. Our results suggest

SNTs are more widely implemented to code point-of-care nursing

documentation in EHRs within clinical settings than previously

thought.74,75

The vast majority of studies conducted association analyses,

employing methods such as multiple regression analysis, data clus-

tering, and association mining techniques to select clinically impor-

tant features and reduce dimensions of the dataset. Some also used

decision trees, k-nearest neighbors, and support vector machines to

identify hidden patterns in nursing data or to construct predictive

models for patient outcomes.

We observed a research trend toward using more sophisticated

statistical methods when analyzing SNT-coded nursing data, mainly

to measure the impact of nursing care. Monsen et al64 showed how

specific interventions delivered by public health nurses during home

visits were associated with decreased risks for pregnant women and

their families suffering from social disadvantages and poverty. Lodhi

et al38 showed that SNT-coded nursing care plans are valuable in

predicting hospital readmissions, which may help practitioners de-

velop strategies to identify at-risk patients and potentially reduce

healthcare costs in the future.
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We also observed efforts from research teams to ensure full and

valid representation of SNTs in EHRs through the analysis of the

same datasets across the years. Specifically, 2 research teams stood

out with nine37–44,47 and five53–55,63,64 publications each in the past

8 years. The dedication of these teams generated evidence of the fea-

sibility of SNT-coded nursing data to characterize nursing care and

enable analysis on the impact of nursing care on patient outcomes.

Studies, however, are needed to examine the impact of nursing as

component of total health care and these can be done through merg-

ing standardized nursing data with other types of data captured

within EHRs.

Finally, our review showed that SNT-coded nursing data ena-

bles aggregation and comparison of nursing care plans providing

the context of the care delivered.71 In addition, our systematic re-

view provides evidence that SNT-coded nursing data are a viable

foundation for systematically building knowledge to demonstrate

nursing’s contribution to health care. Only 9 studies in our sample,

however, included variables such as medical diagnoses, medical

and pharmaceutical treatments. In future studies that utilize SNT-

coded data, we recommend that other EHR data (eg, free text and

non-nursing elements) be added to the analyses for the purpose of

deepening our understanding of the impact of nursing on patient

outcomes.

Limitations of this study
Our systematic review has a few limitations. Although some articles

from other sources were identified through Google Scholar, our re-

view ultimately included only 2 databases. Furthermore, the fact

that our review focused on study methods rather than study results

limits the overall conclusions on the impact of nursing care that

we offer.

CONCLUSION

The need for controlled vocabularies in EHRs is well known. Our

systematic review showed that SNTs are a foundation for creating

sharable and comparable nursing data in larger datasets. This review

also revealed the value of initially examining nursing variables sepa-

rate from other sources. Research is needed, however, to expand and

refine methods that will unleash the deep knowledge captured in stan-

dardized nursing data when it is merged with other data elements

stored in EHRs. The adoption of SNTs in EHRs was shown to be sta-

ble, where future refinement may not be needed for a longer period of

time to allow comparable findings. We, therefore, recommend wider

adoption of SNTs in EHRs to document nursing care plans.
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