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Abstract

Background—There is little research demonstrating the influence of nurse continuity on patient
outcomes despite an intuitive belief that continuity of care makes a difference in care outcomes.

Objective—To examine the influence of nurse continuity (the number of consecutive care days
by the same/consistent RNJ[s]) on the prevention of hospital-acquired pressure ulcers (HAPU).

Method—A secondary use of data from the Hands on Automated Nursing Data System
(HANDS) was performed for this comparative study. The HANDS is a nursing plan of care (POC)
“big data” database containing 42,403 episodes documented by 787 nurses, on 9 units, in four
hospitals and includes nurse staffing and patient characteristics. Via data mining, we created an
analytic dataset of 840 care episodes, 210 with and 630 without HAPUs, matched by nursing unit,
patient age, and patient characteristics. Logistic regression analysis determined the influence of
nurse continuity and additional nurse-staffing variables on the presence of HAPUs.

Results—Poor nurse continuity (Continuity Index=.21-.42 [1.0=optimal continuity]) was noted
on all nine study units. Nutrition, mobility, perfusion, hydration, and skin problems on admission
as well as patient age were associated with HAPUs (p<.001). Controlling for patient
characteristics, nurse continuity and the interactions between nurse continuity and other nurse-
staffing variables were not significantly associated with HAPU development.
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Discussion—~Patient characteristics including nutrition, mobility, and perfusion were associated
with HAPUSs, but nurse continuity was not. One study implication is that to reduce the incidence
of HAPUs the most effective resource utilization might be in the continued development of best
practices to address patient characteristics that lead to pressure ulcer vulnerability rather than a
focus on nurse staffing.
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Introduction

Patient safety and superior quality outcomes have become the mantra even as healthcare
organizations struggle with declining resources. Healthcare costs have escalated, largely due
to negative care associated outcomes including never events (e.g., pressure ulcers [PUs],
falls); serious, largely preventable adverse outcomes that occur during hospitalization.!
Approximately 13.5% or 1 in 7 hospitalized Medicare beneficiaries were affected by an
adverse event? with estimated costs to hospitals of 21 billion dollars annually.® One of
nurses’ primary concerns is to protect patients from harm while under their care.* Nurses
can prevent patient harm from adverse events through their ongoing assessments and
monitoring, by identifying risks, and selecting appropriate preventive interventions.
However, hospital nursing services are increasingly being reorganized to reduce expenses.
This reorganization (i.e., decreasing registered nurse [RN] care hours, use of more assistive
and temporary nursing personnel) has fragmented staffing practices, affected care
continuity, and may be related to poor patient outcomes.

Poor care continuity may be an influential nurse-staffing variable for patient outcomes.
Current staffing practices, unfortunately, have nurses frequently assigned to new patients
every shift. This practice leaves them with no basis of comparison from the day before and
may affect their ability to identify and intervene on ominous changes in patient status. This
problem is further magnified with novice or new graduate RNs who have little experiential
base to compare their findings. In the current hospital environment nurses float between
units, part-time nurses fill gaps in the schedule, and nurses care for a larger number of
patients than in previous eras. These staffing practices also affect care continuity and may
further impair the nurses’ ability to recognize and expediently intervene on negative changes
in patient status. Researchers have examined other nurse-staffing variables integral to
reorganization efforts such as RN education, experience, or patient-to-nurse ratios but failed
to demonstrate convincing evidence to explain how changes in nurse staffing may influence
negative care associated outcomes such as never events.>® We believe an examination of
nurse continuity may provide the missing link to demonstrate that connection.

Chief Nursing Officers (CNOs) have historically not been able to challenge these current
staffing trends as they have not had readily available data to do so. A CNO needs data
representing staffing variables such as nurse continuity as well as linked data that can help
demonstrate the connection between nurse staffing and patient outcomes. Without that data
the reorganization of nursing services will continue, potentially exacerbating hospital-
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acquired adverse events. Discovering the hidden knowledge available within electronic
health record (EHR) data and then leveraging this big data to improve nurse staffing and
subsequent patient care outcomes may offer an important approach to provide evidence
needed to reduce hospital costs and enhance care quality. The purpose of this study was to
determine the association between nurse continuity and the presence of one never event,
hospital-acquired pressure ulcers (HAPUSs), using the Hands on Automated Nursing Data
System (HANDS),” an electronic nursing plan of care (POC) database, as the data source.

Background

Extensive research has demonstrated the influence of multiple individual nurse-staffing
variables on patient outcomes. These studies were compiled in a recent state of the science
review8 of 29 systematic or literature reviews. Significant associations between additional
nursing care hours/higher proportion of RN care and patient outcomes including reductions
in mortality,2-10 falls,® and PUs%11 have been documented. Kane et al.10 noted that reducing
the number of patients cared for by each RN reduced the odds of nosocomial sepsis, cardiac
arrest, and medical complications. Aiken et al.12 learned that use of an additional RN per
patient day reduced the odds of dying within 30 days by more than one half. Additional
associations included a richer RN skill mix (i.e., a higher RN-to-ancillary personnel ratio)
and increased satisfactionl3 and more RN education and experience, and improved
mortality.14-16 Research studies describing the influence of shift length include some
negative outcomes, with longer shift lengths being associated with increased errors1’-18 and
performance lags,1® with less nursing time spent in direct patient care as the shift
lengthens.20 Finally, staff ‘churn’ (change in staffing with use of part-time, float, or agency
staff) has been found to interfere with team functioning and care continuity?! with potential
negative repercussions for patient outcomes.

There has been little research investigating the influence of nurse continuity on patient
outcomes. Medical continuity has been examined in one study?2 focused on patient
outcomes associated with care continuity with primary care practitioners. Findings included
improved patient satisfaction, and decreased hospitalizations and emergency room visits for
patients with consistent primary care physicians.22 As profiled in the following sections,
only three nursing studies examining nurse continuity were located, with only one
considering adverse events.

Bostrom et al.23 noted increased satisfaction with aspects of patient care (e.g., patient and
family involvement) when nurse continuity was studied in 116 medical-surgical patients
discharged from one tertiary medical center. Nurse continuity was measured in terms of
constancy and consistency, with constancy defined as the maximum number of consecutive
days the patient was cared for by the same nurse.23 A consistency index for each shift (i.e.,
days, evenings, nights) was calculated using the number of shifts the patient was
hospitalized divided by the number of care providers a patient had on a specific shift. Larger
consistency index and constancy values, reflecting better nurse continuity, were associated
with the increased satisfaction levels in this study.23
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Russell et al.24 found reduced use of hospitals and emergent care, and improved function in
the activities of daily living when studying home health care visits (N=59,854 patients) with
consistent nurse care providers from one home care agency. Continuity of care was
measured as consistency of nurse care providers across a series of home health care visits.24
Each patient was awarded a continuity score using a formula that calculated a score based on
the number of care providers, the number of visits by each care provider, and the total
number of visits for each patient with all of the care providers. Scores ranged from 0-1 with
higher scores representing greater continuity in home health care services whereas lower
scores indicated less continuity.24

Siow?2® found in a secondary data analysis that greater levels of nurse continuity were
associated with a longer length of stay and a greater number of ventilator days in one
pediatric intensive care unit (N=332 patients). No significant associations between nurse
continuity and adverse events or hospital-acquired infections were noted. Continuity was
measured using an adapted version of Curley and Hickey’s Continuity of Care Index
(CCI).28 Siow reversed the formula so that higher scores represented higher continuity
(CCl=1-Total number of different nurses/Total number of shifts). The CCI scores ranged
from a high of one representing strong continuity to zero for poor continuity.2®

Despite nurse continuity once being a critical feature of the primary nursing model it has
been infrequently studied, especially related to patient outcomes. This lack of study may be
attributed to the inconsistent definition of continuity and the absence of reliable and valid
evaluation measures that link continuity and patient outcomes. To help demonstrate the
connection between nurse staffing and patient outcomes the EHR was used in this study as
an untapped data source. The EHR can be a valuable big data source for data mining if it
contains POC documentation coded in a way that allows easy access and is in a form
amenable to analysis. In this study the HANDS database was used to examine the influence
of nurse-staffing variables, including nurse continuity, and the prevention of one never
event, HAPUs.

Recently a new conceptual model for studying the effect of nurse continuity and nurse-
staffing variables on patient outcomes was proposed (Figure 1).27 The model depicts three
relationships based on the hypothesis that nurse continuity is an integral nurse-staffing
variable that can influence patient outcomes or moderate other nurse-staffing or unit
environment variables leading to improved patient outcomes. It also shows a fourth
relationship, specific to an examination of HAPUS, depicting the influence of patient
characteristics on patient outcomes. PUs are a prevalent never event (5-10%)28 and a nurse-
sensitive quality outcome. Multiple factors contribute to PUs including impairments of
mobility, nutrition, and perfusion?® that are further affected by timely nursing assessment,
monitoring, decision making, and interventions. Based on the model and controlling for
patient characteristics, our study aim was to determine the influence of nurse continuity and
nurse-staffing variables on the presence of HAPUSs.
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Study Design

Setting

Sample

Measures

This comparative study was a secondary use of the HANDS database. This same database
has been used to examine best practice findings related to pain?%-30 and death anxiety3!
outcomes for patients at the end of life and to document findings from usability studies that
examine nurse preferences for the presentation of evidence as part of clinical decision
support interfaces.32 This study was submitted to the Institutional Review Board (IRB) for
review and was determined to not meet the definition of human subject research because the
data are de-identified.

The HANDS is an electronic documentation tool with standardized nursing terminologies
(SNTs) used by RNs to enter data each shift. The HANDS tracks a patient’s diagnoses
(North American Nursing Diagnosis Association International [NANDA-I]),33 interventions
(Nursing Interventions Classification [N1C]),34 and outcomes (Nursing Outcomes
Classification [NOC]),3® patient demographics, and nurse characteristics.” The HANDS is a
valid and reliable database30-3¢ implemented as the nursing documentation system on nine
units in four hospitals for 12 or 24 months. The hospitals included two large community, one
university, and one small community settings with units comprised of medical-surgical and
critical care patients.

The HANDS database contains 42,403 episodes of care (Table 1) defined as a continuous
patient stay on a single hospital unit and consist of all care plans entered at admission, the
end of each shift, and discharge.3 From this original HANDS dataset we extracted the
24,609 episodes that satisfied the following criteria: (1) no PUs present upon admission, (2)
each episode associated with a unique patient (one HAPU episode was excluded in this
process), (3) patients 18 years or older, and (4) episode lasted more than one day to allow a
meaningful continuity measure. We also measured gaps in documentation, defined as
missing care plans within a patient care episode, and found an 11% average gap. Given the
low percentage of missing data, we used mean imputation in our analysis.

HAPUs—Structured query language (SQL) commands were developed to identify and
extract all HAPU episodes in the HANDS dataset. The HAPU episodes were defined as all
episodes in which the label NIC: Pressure Ulcer Care was placed on the patient’s POC at
least 24 hours after admission to the unit. Episodes in which this NIC was placed on a
patient’s POC within 24 hours of admission to the unit were considered as admission
pressure ulcers (APU). This definition ensured that PUs present on admission to the unit
that were identified and documented by the nurse within the first 24 hours of care were not
included as HAPUSs. A total of 896 pressure ulcers were located in the original database
(N=42,403) with 685 classified as APU and 211 as HAPUs (Table 1).
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Patient risk factors—Eighteen NANDA-I, 29 NOC, and 39 NIC labels (Table 2) were
selected to identify patient characteristics that might predispose PUs. Two methods were
used to elicit these labels. The first method examined common labels for the patient
characteristics using the NANDA-I to NOC and NOC to NIC linkages available in the
HANDS system and in the NNN literature.33-35 Next, a list of all NNN labels present on the
POCs for the 896 PU episodes were reviewed to narrow down the most consistently used
labels for these patient characteristics. The final list of 86 NNN labels (Table 2) was
validated by a clinical nurse expert with extensive experience and research in the use of
SNTs. These labels fall under seven distinct categories: Nutrition, Mobility, Hydration,
Continence, Skin, Perfusion, and Cognition, each representing a factor suggesting PU
vulnerability. For each episode, we examined the admission POC and extracted the relevant
NOC ratings to indicate the patient condition in each of these categories.

Nurse staffing—Nurse-staffing variables were operationalized using the raw data also
available in the HANDS dataset (Table 3). For the HAPU episodes nurse-staffing variables
were examined on the shifts leading up to the ulcer occurrence. The variable nurse
continuity was calculated using the total number of consecutive days worked by each RN
with the patient and operationalized as the percent of consecutive care days by the same/
single RNs in a patient episode. For our calculation (Figure 2) we computed the episode
continuity index by dividing the total number of consecutive days (from all RNs) by the total
number of possible consecutive days excluding the first day. Nurse experience was
calculated using the number of years the RNs were in the nursing profession and
operationalized as the percent of time a patient was cared for by RNs with at least two years
of experience. The RN education variable was determined by the highest nursing degree
reported and operationalized as the percent of time a patient was cared for by RNs with a
BSN or greater. The shift length variable was calculated using the number of consecutive
hours worked by each RN with the patient and operationalized as the percent of 8-hour RN
care shifts in a patient episode. The RN work pattern variable (full, part, or very part-time
status) was calculated using the actual hours worked as a fraction of full-time status (80
hours over two weeks) for each RN caring for the patient in an episode. Very part-time
status was defined as any nurse who worked less than or equal to 24 hours (.3) per pay
period (pay period=80 hours over two weeks) with part-time to full-time status classified as
greater than .3-1.0. The RN work pattern variable was operationalized as the percent of very
part-time RNs caring for a patient. To determine the average patient-to-nurse ratio across a
patient episode, we computed for each four-hour window the patient-to-nurse ratio on the
unit and averaged the ratios of all windows spanned by the patient episode. Finally, worked
hours per patient days (whppd) were determined by calculating an average whppd over the
course of a patient care episode. The whppd definition used in this study was the total
number of RN hours on a unit in a 24-hour period divided by the number of patients on that
unit at midnight.

HANDS database structure—The HANDS POC documentation method was
implemented and tested in four hospitals over 12—24 months from 2005-2008.36 Seven
hundred and eighty seven unique RNs documented the care they provided using HANDS for
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either one (4 units) or two (5 units) years creating a dataset of 42,403 episodes of care. The
HANDS dataset resides in a relational database consisting of 89 tables and 747 columns of
data.”

HANDS data entry process—A training program with unit champions oriented all nurse
users to the HANDS method and nurses were competency validated on creating admission
care plans as well as updating care plans using NANDA-1, NOC, and NIC (NNN)
terminologies.36 The HANDS documentation begins with the admission POC for an episode
submitted at the first nursing handoff.36 This POC includes nursing diagnoses, outcomes,
and interventions (delineated with NNN labels) identified during the initial shift. The
subsequent care plans build on the initial plan and include any additions, deletions, or
resolutions that occur during the time period since the last POC submission. The current
status of all POC NOC outcomes are rated (or re-rated) at each handoff. When a NOC
outcome label is first added to a POC an expected NOC rating (goal at discharge from a
unit) is also identified. The entry of a current NOC status rating at each handoff and the
expected NOC outcome rating make it possible to gauge progress toward meeting outcome
goals during an episode. All NOC outcomes are scored on a rating scale ranging from 1-5,
with a 5 representing the best outcome.36 The reliability and validity of the NOC outcomes
ratings were established in prior studies.37-38

Data processing to identify a matched sample for the analytic dataset—Cluster
mining was used to identify the matched control group for the analytic dataset. Clustering is
a machine learning algorithm that groups observations into multiple clusters, with each
cluster different from another, but members within each cluster consist of observations of
similar characteristics. The objective was to identify matched controls for HAPU episodes in
the database. Thus, clustering was an ideal tool to group episodes with similar PU risk
factors together.

To utilize clustering to accomplish our goal, we defined a similarity measure based on
variables predictive of PUs, including NOC ratings for seven patient characteristics
(Perfusion, Skin, Nutrition, Mobility, Hydration, Cognition, Continence), patient age, and
hospital unit. Variables were weighted using a Weight by Uncertainty operator, which
assigns higher weights to variables that are more predictive (and thus reduce more
uncertainty) of the HAPU outcome to ensure that the similarity measure closely reflects the
similarity in HAPU risks between episodes. A range of cluster solutions was examined to
identify a solution with no significant imbalance between the HAPU and control episodes.
For each cluster solution, we randomly selected for each HAPU episode three matched
control episodes from the same cluster but without PUs. Our goal was to locate a cluster
solution with clusters that contained highly similar members based on the NOC ratings for
the patient characteristics, patient age, and/or units that either led to HAPUs or did not lead
to HAPUs (matched controls). As the number of clusters increased the episodes within each
cluster should become more similar allowing us to achieve a better balance between the
control and HAPU cases.

For example, in a 5-cluster solution the episodes were clustered primarily by unit and there
were significant differences in the mean NOC outcome ratings for 5 out of 7 patient
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characteristics and age comparing HAPUs and controls. By 18 clusters, the differences in
the mean NOC outcome ratings for some of the patient characteristics and age had decreased
when comparing the HAPU episodes and matched controls (e.g., the p values for the
perfusion characteristic t tests went from 0.00 in the 5-cluster solution to 0.43 in the 18-
cluster solution); however, there remained significant differences in patient age as well as 3
out of 7 characteristics between the HAPU and control episodes. With a 200-cluster solution
we achieved our goal of no statistically significant differences in HAPU versus matched
control episodes noted with the seven patient characteristics and patient age as measured by
the independent t test. There was also no difference in the distribution of HAPU and non-
HAPU episodes across the nine clinical units (Fisher’s Exact Test, p=1.0). The 630 matched
control cases selected from this cluster solution and the 210 HAPU cases comprised the
analytic dataset for the regression analysis.

Aim Analyses—Analyses to address the study aim included descriptive statistics
(frequencies, means, and standard deviations) to enhance understanding of the patient
characteristics associated with HAPUs in the HANDS database. Frequencies were also
calculated for the nurse-staffing variables by patient unit. A logistic regression using the
STATA 12 statistical software package was performed regressing HAPU outcomes against
nurse continuity and six nurse-staffing variables (whppd, patient-to-nurse ratio, RN
experience, RN education, shift length, RN work pattern [number of shifts cared for by very
part-time versus part/full-time staff]). A second logistic regression introduced interaction
terms between nurse continuity and each nurse-staffing variable to determine whether nurse
continuity had a moderating effect, enhancing the influence of other nurse-staffing variables
on HAPU outcomes.

Within the reduced dataset the average age of patients with HAPUs was 68.9 (15.3) years as
compared to 65.1 (18.2) years for episodes without (Table 4). The mean admission NOC
outcome ratings were higher for all seven patient characteristics in the non-HAPU versus
HAPU episodes. Results were statistically significant at a p<.001 for all but the cognition
and continence patient characteristics (Table 4). Study analyses were then conducted on a
subset of HAPU episodes (n=210) with matched controls (n=630) derived from the reduced
dataset as described in the measures and analysis sections. With our sample of 840 episodes
(including 210 HAPU episodes) and a two-sided significance level of 0.05, we detected with
80% power the continuity effect size that was 0.22 or larger.

The overall continuity index for the reduced dataset was low, 0.32 (SD=0.35) (0 to 1.0
possible) with the lowest values on the ICU and neuro units (0.21, SD=0.21) and the highest
(0.42, SD=0.24) on the gerontology unit in the large community hospital (Table 5).
Comparing the HAPU and the matched control episodes, HAPU episodes had a lower
percentage of BSN nurses and a lower patient-to-nurse ratio, but a higher percentage of
eight-hour shifts, VPT nurses, experienced nurses, whppd, and continuity. None of these
differences were statistically significant (Table 6). Over 50% of the RNs in the dataset had a
BSN, more than 75% of the RNs had greater than 2 years of experience, and just over 40%
of the nurses worked 8-hour shifts.
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The regression analysis revealed that continuity was not significantly associated with the
HAPU outcome both when it was the only predictor (p=.50) and when we controlled for
other nurse-staffing variables (p=.37) (Table 7). Similarly, none of the nurse-staffing
variables entered in the logistic regression reached statistical significance with HAPU
outcomes. In a second logistic regression that introduced six interaction terms between nurse
continuity and each nurse-staffing variable no statistically significant relationships with
HAPU outcomes were noted.

Discussion

Nurse continuity is an understudied nurse-staffing variable in part due to difficulties in
defining and measuring the concept. Consequently, research examining the influence of
continuous nurse care providers on patient outcomes is very limited. In this study we used
the HANDS, an EHR with linked data to operationalize and measure nurse continuity. Our
continuity definition was based on consecutive nurse care days and examined the influence
of nurse continuity and several other nurse-staffing variables on HAPUs. None of the nine
units participating in our study had good continuity in practice with unit-wide average
continuity ranging from very poor (0.21) to poor (0.42). We were able to validate that
nutrition, mobility, perfusion, hydration, and skin problems on admission as well as patient
age were associated with HAPU development (p<.001). However, we were not able to
demonstrate statistically significant relationships between continuity and HAPUS or with
nurse continuity as a moderator of other nurse-staffing variables and HAPU development.
Combining these findings with our power analysis our study results indicate that the effect
of nurse continuity and other nurse-staffing variables on HAPU outcomes over a patient
episode are likely small. Patient characteristics such as nutrition, mobility, and perfusion on
the other hand were found to be clearly associated with HAPUs. One study implication is
that to reduce the potential for HAPU never events the preferred strategies may be ones that
focus on prevention (good skin care, alternative bed surfaces) and aggressive intervention to
address patient characteristics that contribute to skin breakdown (poor nutrition, impaired
mobility) rather than adjustments to nurse staffing.

A second important finding was that we found a wide variation between good and poor
continuity on each of the nine care units as noted by our standard deviation calculations.
This finding might reflect individual nurse efforts to direct their assignments to achieve
continuity with particular patients, a strategy which can lead to increased nurse satisfaction,
retention and better patient outcomes.3? While this study did not reveal a significant
relationship between nurse continuity and the development of HAPUs a future study using
the HANDS database might allow us to examine the influence of continuous nurse staffing
on other outcomes variables such as nurse turnover and nurse satisfaction or patient
satisfaction. Another future study might consider drilling deeper into hospital-acquired
adverse outcomes by looking at the characteristics of an individual nurse and the staffing on
the actual shift in which a HAPU or a fall occurred. The availability of nurse-staffing
variables, unit environment characteristics, and patient outcomes data in HANDS make
these additional queries possible.
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A third notable finding is that it took 200 clusters before we were able to identify a cluster
solution with no significant imbalance between the HAPU and matched control episodes.
Our goal was to locate a cluster solution with each individual cluster different from the next
one but within each cluster members that were highly similar based on the NOC ratings for
the patient characteristics, patient age, and/or units that either led or did not lead to HAPUs
(matched controls). The fact that there were 200 different clusters in our solution, each made
up of a particular combination of patient characteristics, patient age, and/or units, reflects the
highly diverse profile of vulnerability that leads to a HAPU. The implication of this finding
is that the one size fits all standardized care bundles now commonly used for many nurse-
sensitive outcomes (i.e., ventilator associated pneumonia, catheter associated urinary tract
infections) may not be the most effective strategy to address the complexity of this patient
condition. Rather a case-by-case analysis of patient vulnerabilities with a customized
intervention strategy may be the most optimal approach for addressing this unique and
persistent hospital-acquired event.

This study was ground breaking for its use of an EHR big data set containing nursing POC
documentation as a means to inform about a nurse-sensitive patient outcome. Historically
use of nursing POC documentation in medical records for research inquiries would have
been futile as documentation has been incomplete and of poor quality.%41 In one pre- and
post-EHR implementation study only 28% (N=20/71 records) demonstrated full
documentation of a nursing problem, interventions, and outcomes using the electronic
system.?! In a second study of 161 records from a health care center, nursing POCs were
rarely found and if present none of the plans included complete documentation of a problem,
interventions, and outcomes.*% However, for this study, the HANDS POC documentation
system was uniquely available to examine nurse staffing and patient outcomes with a
remarkable 78-92% compliance rate at shift hand-off for a 12 to 24 months of use period.36
This database allowed a specific examination of a HAPU outcome linking it back to the
nurse staffing for patient care over the course of a hospital episode. Though the National
Database for Nursing Quality Indicators (NDNQI) is available and frequently used to
comparatively display nursing quality indicators across hospital units, at this juncture that
database is unable to connect patient specific outcomes with individual nurse characteristics.
The availability of the HANDS POC system and our use of cluster mining uniquely allowed
us to identify patients with HAPUs in the dataset as well as to operationalize the
characteristics of the nurse caregivers over the course of the episode. We were thus able to
drill down into readily available nursing POC EHR data to examine such questions as
whether the percentage of experienced nurses or the average patient load influenced PU
development. This accomplishment represents an important advance for nursing science in
the big data era.

There were several study limitations that may have affected the significance of our findings.
For example, we recognize that HAPUs physiologically develop over time but manifest on a
single shift. Our analysis did not allow us to determine if the care was inadequate on one
particular shift or whether insufficient nurse staffing over the course of several shifts
contributed to the PU vulnerability. For our next analysis we will examine the shift in which
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a HAPU occurred and examine the characteristics of the individual nurse caregiver
including his/her continuity with the patient on prior shifts or in previous days. A second
limitation is that hospital never events, though an important nurse-sensitive indicator, occur
infrequently, making it more challenging to demonstrate a significant relationship between
nurse staffing and patient outcomes. We had sufficient power to detect a small effect (.22) of
nurse continuity on HAPU development after controlling for the other factors influential in
HAPU development. In this study, however, we lacked power to detect very small effects of
nurse continuity, those smaller than .22. A further limitation included our secondary use of a
dataset that restricted inquiries to the available data and did not include the entire EHR. For
example, the HANDS dataset had only RN POC documentation omitting the contributions
of assistive nursing personnel.

Two final study limitations may have been our continuity and pressure ulcer definitions. As
noted in the literature review, nurse continuity was previously studied using consistency
indices looking at the number of repeat days by the same nurses over the

hospitalization.23: 25 |t was noted early in our inquiry that this type of continuity measure
was confounded by length of stay (LOS) and so we created a new definition that defined
continuity as the number of consecutive care days by the same RN. If an RN missed a
consecutive care day but was assigned to the patient again at a later point in the episode that
day was not weighted in our definition. In retrospect this definition might not have been
broad enough and in light of our current short hospital LOS may have increased our
difficulty in discerning an influence from continuity.

This study also used a very conservative PU definition (prevalence = 0.7% versus 5-10%728
in published research) as we selected a single label, NIC: Pressure Ulcer Care, to increase
our certainty that included cases reflected only HAPUs. Expanding our definition to include
other labels in the HANDS database such as NIC: Pressure Management would have
increased our case count by 1,000 (prevalence = 2.1%) but without further study it is unclear
that this less specific term applies only to HAPUs. We acknowledge the possibility that PU
cases may have existed and gone unrecognized in our matched controls due to our
conservative definition.

Conclusions

In this study we demonstrated use of a large EHR database, the HANDS, as an innovative
data mining source for practice-based research. We set out to measure and determine the
influence of nurse continuity, an understudied nursing-staffing variable, on the prevention of
a common never event, HAPUs. Our initial findings suggest that nurse continuity and other
nurse-staffing variables may not be as influential in HAPU development as previously
thought. However, despite the absence of significant findings in this first study, we are
encouraged by our study method to continue examining patient outcomes influenced by
nurse staffing, made possible by the standardized clinical practice data in the HANDS
database. We believe that these studies are urgently needed so that hospital administrators
can make informed decisions when reorganizing health care delivery systems, thus securing
safe, high quality care for all hospitalized patients.
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Figure 1.

Conceptual Model for Studying the Effect of Nurse Continuity on Patient Outcomes
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4 consecutive care days out of a potential 7: Nurse 1, Day 1 and Day 2
Nurse 3, Day 2 and Day 3
—> =4 consecutive care days Nurse 4, Day 3 and Day 4
Nurse 4, Day 4 and Day 5

= =7 potential care days (from one 7a-7p to the next 7a-7p or from one 7p-7a to the next
Tp-Ta)

Continuity Index = 4/7 or .57

Figure 2.
Continuity Index Calculation
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Table 1
Number of Available Episodes with Pressure Ulcers by Unit (N = 42,403)

Hospital and Unit Number of Total Pressure Hospital-
Nurses by Episodes Ulcers Acquired
Unit@ of Careby Presenton  Pressure
Unit Admission Ulcers
(APU) (HAPUs)
LCH1P: General Medicine 113 5640 194 46
LCHZ1: Medical Intensive Care 54 1228 27 13
Unit (MICU)
LCHZ1: Gerontology 80 9565 91 31
SCHC: Medicine 63 4881 1 1
LCH29: Medicine 59 3432 16 6
LCH2: Gerontology 25 1673 41 13
UHE: Neuro Surgery 181 8216 2 3
UH: Cardiac Surgery 210 6112 59 59
UH: Intensive Care Unit 66 1656 254 39
(Icv)
Total 787 42403 685 211

aThe sum of the number of nurses for all units is actually 851 due to nurses who worked on multiple units. 787 reflect the total # of unique nurses.
bLCHl = Large Community Hospital 1

CSCH = Small Community Hospital

dLCH2 = Large Community Hospital 2

eUH = University Hospital
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NANDA-I2, NOCP, and NICS (NNN) Labels Used to Identify Patient Characteristics

Category

NANDA-I

NOC

NIC

Continence

Mobility

Nutrition

Hydration

Impaired Urinary
Elimination

Bowel Incontinence

Diarrhea

Impaired Bed Mobility

Impaired Physical
Mobility

Imbalanced Nutrition:
Less Than Body
Requirements

Deficit Fluid Volume

Risk for Deficit Fluid
Volume

Risk for Imbalanced
Fluid Volume

Bowel Elimination
Bowel Continence
Urinary Continence

Urinary Elimination

Mobility

Body Positioning: Self-
initiated

Neurological Status: Cranial
Sensory/Motor Function
Immobility Consequences:
Physiological

Nutritional Status
Nutritional Status: Energy

Nutritional Status: Nutrient
Intake

Nutritional Status: Food and
Fluid Intake

Nutritional Status:
Biochemical Measures

Hydration

Electrolyte & Acid/Base
Balance

Fluid Balance

Nurs Res. Author manuscript; available in PMC 2015 December 28.

Urinary Incontinence Care

Self-Care Assistance: Toileting

Diarrhea Management

Urinary Elimination
Management

Bowel Incontinence Care

Bowel Management

Positioning

Positioning: Wheelchair
Pressure Management
Bed Rest Care

Positioning: Neurologic

Nutritional Monitoring
Enteral Tube Feeding
Nutrition Management

Total Parenteral Nutrition
Administration

Nutrition Therapy

Electrolyte Management
Fluid Management
Intravenous (1V) Therapy
Hypovolemia Management

Electrolyte Management:
Hypernatremia

Fluid and Electrolyte
Management

Fluid Resuscitation
Electrolyte Monitoring

Fluid Monitoring
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NOC

NIC

STIFTER et al.
Category NANDA-I
Perfusion .
Cognition .
Skin .

Ineffective Tissue
Perfusion: Peripheral

Risk for Peripheral
Neurovascular
Dysfunction

Disturbed Sensory
Perception: Tactile

Disturbed Thought
Processes

Acute Confusion

Chronic Confusion

Impaired Skin Integrity
Risk for Impaired Skin

Integrity

Impaired Tissue
Integrity

Neurological Status: Cranial
Sensory/Motor Function

Tissue Perfusion: Peripheral
Circulation Status

Cardiac Pump Effectiveness

Neurological Status:
Consciousness

Information Processing
Cognitive Orientation
Communication
Communication: Expressive

Distorted Thought Self
Control

Tissue Perfusion: Cerebral
Cognition

Neurological Status

Circulatory Care: Arterial
Insufficiency

Lower Extremity Monitoring
Hemodynamic Regulation

Invasive Hemodynamic
Monitoring

Circulatory Precautions
Circulatory Care: Venous
Insufficiency

Communication Enhancement:
Speech Deficit

Dementia Management
Reality Orientation

Delirium Management
Sedation Management

Delusion Management

Skin Surveillance

Pressure Ulcer Prevention

ENANDA-I = North American Nursing Diagnosis Association-International

b

NOC = Nursing Outcomes Classification

c . . o
NIC = Nursing Interventions Classification

d

NNN = NANDA-I, NOC, NIC
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Raw Data in HANDS and Operationalized Definitions for Patient Characteristics, Nurse Staffing, and

Continuity Variables

Table 3

Variable

Raw Data Found in HANDS

Operationalized Definition

Nurse Staffing Variables

Shift Length

RN Work Pattern (Shifts
of Care by Part Time
[PT]/Full Time [FT] vs.
Very Part Time [VPT]
Workers)

Number of consecutive hours
worked by each registered nurse
(RN) during a care episode.

Fraction of time status (FT, PT, VPT)
for each RN who cared for the
patient during a care episode.

% of 8-hour RN care shiftsina
patient episode.

% of care shifts by very part
time status RNs (0.3 [24
hours] or less]) in a patient
episode.

Nurse Experience

Nurse Education

Patient-to-Nurse Ratio

Worked hours per
patient day (whppd)

Years of experience as an RN.

Diploma, ADN,@ BSN,P BSN and some
additional coursework, Master’s

degree in nursing, or Doctoral

degree in nursing.

Actual number of patients cared for
by a single RN during a shift.

The total number of RN hours on a
unit in a 24-hour period divided by
the number of patients on that unit
at the midnight census.

% of time cared for by RNs
with = to 2 years of
experience in a patient
episode.

% of time cared for by RNs
with a BSN or greater in a
patient episode.

The average patient-to-nurse
ratio over the course of the
patient care episode

The average whppd over the
course of the patient care
episode

Nurse Continuity
Variable

Number of consecutive
days cared for by the
same/single RNs

The total number of consecutive
care days worked by each RN with
the patient during a care episode.

% of consecutive care days by
the same/single RNs in a
patient episode.

Patient Characteristics

Nutrition

Continence

Hydration

Mobility

Perfusion

Cognition

Skin

1 NANDA-1,¢5 NOC,d 5 NIC® Nutrition
labels

3 NANDA-I, 4 NOC, 6 NIC Continence
labels

3 NANDA- I, 3 NOC, 9 NIC Hydration
labels

2 NANDA- |, 4 NOC, 5 NIC Mobility
labels

2 NANDA-I, 4 NOC, 5 NIC Perfusion
labels

4 NANDA-I, 9 NOC, 6 NIC Cognition
labels

3 NANDA-I, 2 NIC Skin Labels

NNNF Nutrition label
appearing on the admission

POCY in the patient’s episode

NNN Continence label
appearing on at the
admission POC in the
patient’s episode

NNN Hydration label
appearing on the admission
POC in the patient’s episode

NNN Mobility label appearing
on the admission POC in the
patient’s episode

NNN Perfusion label
appearing on the admission
POC in the patient’s episode

NNN Cognition label
appearing on the admission
POC in the patient’s episode

NNN Skin label appearing on
the admission POC in the

Nurs Res. Author manuscript; available in PMC 2015 December 28.
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Variable Raw Data Found in HANDS Operationalized Definition
patient’s episode
Age Age in years Age in years

aADN = Associate Degree in Nursing

bBSN = Bachelor of Science in Nursing

CNANDA-I = North American Nursing Diagnosis Association — International
dNOC = Nursing Outcomes Classification

eNIC = Nursing Interventions Classification

fNNN = NANDA-I NOC NIC, POC

gPOC = Plan of Care
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Patient Characteristics and HAPU?2 vs. Non-HAPU Episodes in the Reduced Dataset (N = 24,609)

Table 4

Patient HAPUs Non-HAPUs t test
Characteristics  Nean of NOC Pon  Mean of NOCon P value
Admission (5.0)¢  AAdmission (S.D)
Nutrition 4.35 (1.27) 4.62 (0.94) 0.00
Mobility 4.10 (1.25) 4.49 (0.98) 0.00
Cognition 457 (1.02) 4.64 (0.85) 0.26
Perfusion 3.95(1.29) 4.49 (0.92) 0.00
Continence 4.83 (0.66) 4.88 (0.54) 0.20
Hydration 412 (1.17) 4.60 (0.86) 0.00
Skin 4.10 (1.29) 4.47 (1.01) 0.00
Age 68.9 (15.3) 65.1 (18.2) 0.00

a . .
HAPU = Hospital-Acquired Pressure Ulcer

b . -
NOC = Nursing Outcomes Classification

CS.D. = Standard Deviation
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Continuity Index by Unit in the Reduced Dataset (N = 24,609)

Continuity

Mean (SD)@ | Median (IQR)P
Overall 0.32(0.25) | 0.33(0.14-0.50)
LCH1S: Med 0.32 (0.23) 0.32 (0.17-0.50)
LCH1:ICU 0.31(0.26) | 0.29 (0.08-0.43)

LCH1:Gerontology | 0.42 (0.24)

0.43 (0.29-0.54)

SCHY: Med 0.37(0.29) | 0.33(0.13-0.50)
LCH28Med 0.32(0.21) | 0.33(0.20-0.44)
LCH2:Gerontology | 0.35 (0.21) 0.33 (0.22-0.50)
UH:Neuro 0.21(0.22) | 0.18(0.00-0.33)
UH:ICU 0.21(0.21) | 0.18 (0.00-0.33)
UH:Cardiac 0.28(0.22) | 0.25(0.14-0.40)

aSD = Standard Deviation

bIQR = Interquartile Range

CLCH1 = Large Community Hospital 1
dSCH = Small Community Hospital
eLCHZ = Large Community Hospital 2

fUH = University Hospital
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Nurse Staffing Characteristics: HAPU2 vs. non-HAPU Episodes in the Analytic (N=840) Dataset

HAPU non HAPU p value
BSNP 53.3% (23.0%) | 54.1% (22.3%) | .66
Experienced | 75.3% (21.5%) | 75.1% (23.2%) | .93
8-hour Shifts | 44.9% (30.3%) | 43.5% (32.3%) | .57
Workload 3.63 (1.46) 3.67 (1.33) .72
Whppd© 8.32 (3.19) 8.25 (3.15) .79
%\vpTd 3.9% (6.3%) 3.5% (6.5%) 37
Continuity 0.30 (0.22) 0.29 (0.22) 51

a . .
HAPU = Hospital-Acquired Pressure Ulcer

b

BSN = Bachelor of Science in Nursing

CWhppd = Worked Hours per Patient Day

d%VPT = Percent Very Part Time
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Table 7

Regressing Nurse Continuity and Nurse Staffing Variables on Hospital-Acquired Pressure Ulcers (HAPUs) (N
= 840)2

Outcome Predictor Coefficient  SE z P>[z]
HAPUs Nurse .35 39 0.90 0.37
Continuity
Experience -.09 40 -023 082
BSND -.14 37 -038 0.70
Load (patient- -.06 12 -0.47 0.64
to-nurse ratio)
Eight-hour shifts 22 .30 0.73 0.46
Very part-time 1.09 124 0.88 0.38
WhppdC -.00 .05 -0.02 098

a . . . . . . . - . .
Analytic dataset contains episodes with and without HAPUs (matched controls) using the patient characteristics, units, and patient age as the
similarity measure

bBSN = Bachelor of Science in Nursing

CWhppd = Worked hours per patient day
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