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Abstract

Title. Benchmarking nurse staffing levels: the development of a nationwide feedback
tool.

Aim. This paper is a report of a study to develop a methodology that corrects nurse
staffing for nursing care intensity in a way that allows nationwide benchmarking of
nurse staffing data.

Background. Although nurse workload measurement systems are recognized to be
informative in nurse staffing decisions, they are rarely used. When these systems are
used, however, it is only possible to compare units within hospitals, because cur-
rently available instruments are not standardized for comparisons beyond hospital
boundaries. The Belgian Nursing Minimum Dataset (B-NMDS) contains uniformly
measured data about the intensity of nursing care and nurse staffing levels for all
hospitals in Belgium.

Method. We conducted a retrospective multilevel analysis of the B-NMDS for the
year 2003. The sample included 690,258 inpatient days for 298,691 patients, re-
corded from 1637 acute care nursing units in 115 hospitals. We corrected the
number of nursing staff by using different covariates available in the B-NMDS:
intensity of nursing care, type of day (week vs. weekend), service type (general vs.
intensive) and hospital type (academic vs. general).

Findings. The multilevel approach allowed us to explain about 70% of the vari-
ability in the number of nursing staff per nursing unit using hospital type
(P = 0-0053); intensity of nursing care (P < 0-0001) and service type (P < 0-0001)
as the only covariates.

Conclusion. The feedback tool we developed can inform nurse managers and pol-
icymakers about nursing intensity-adjusted nurse staffing levels according to dif-
ferent benchmarks. Our study demonstrates that investing in large nursing datasets

is appropriate for the international nursing community.

Keywords: benchmarking, intensity of nursing care, multilevel model, nurse staff-
ing, nursing minimum dataset, nursing shortage, nursing workload, patient classi-

fication system
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Introduction

Recently, gaining more knowledge about nurse staffing
issues has attracted much interest. This awareness is based
on a global nursing shortage that threatens the sustainability
of many healthcare systems. In many countries, the avail-
ability of nurses is insufficient to meet all healthcare
demands (Janiszewski 2003, Rauhala et al. 2007). More-
over, this situation is anticipated to worsen in coming years.
On the one hand, the supply of nurses continues to decrease
because of improved career opportunities for women, a
growing proportion of the nursing workforce about to
retire, fewer funds for nursing school students, more family
career obligations, societal trends towards reducing work
hours and towards earlier retirement; poor working condi-
tions (including poor pay), improved career opportunities
outside the healthcare sector, and a poor image of the
nursing profession. On the other hand, the demand for
nurses continues to increase because of an ageing population
and shortening lengths of stay in hospitals, both of which
increase the intensity of nursing care (Plati et al. 1998,
Buerhaus et al. 2000, Kirk 2007). Shortfalls in the nurse
workforce have striking implications in light of a large and
growing base of research literature demonstrating an asso-
ciation between nurse staffing and both nurse and patient
outcomes in hospitals (Aiken et al. 2002a, 2003, Needleman
et al. 2002, Kane et al. 2007, Rafferty et al. 2007). Thus,
scarce nursing resources should be allocated appropriately
so that excessive workload (and its negative impact on nurse
and patient outcomes) is avoided (Rauhala et al. 2007).
Therefore, it is necessary to implement efficient and effective
mechanisms to address workload issues (McGillis-Hall ez al.
2006). However, although there is general agreement that
measuring nursing workload is important, in reality nurse
staffing decisions are more often based on professional
judgment or ‘gut’ feelings, which are confined within budget
parameters, than on data from workload measurements
(McGillis-Hall et al. 2006). In cases in which data are used
to guide staffing decisions, these data are often limited to
measuring the number of nursing hours per patient day
(NHPPD). The pitfall of this approach is the underlying
assumption that all patients and patient days are equal,
when in fact nursing care intensity varies significantly across
patients and over the length of stay of individual patients
(Graf et al. 2003, Welton et al. 2006). Therefore, relying
exclusively on NHPPD data generates inadequate figures of
nursing resource deployment. If the goal is to benchmark
nurse staffing — an area of nursing research that is fairly
undeveloped — then the intensity of nursing care needs to be
considered.

Background

Confusion often exists in the nursing workload literature
stemming from the loose usage of terms. Terms such as
‘nursing workload’, ‘patient dependency’, ‘nursing intensity’,
‘patient acuity’, ‘complexity of care’ and even ‘severity of
illness’ are often used interchangeably. In a recent paper,
Morris et al. (2007) clarified the nursing workload concept,
describing it as encompassing both nursing intensity and non-
patient care-related nursing activities. However, the concepts
of patient dependency, severity of illness, complexity of care,
and time taken to carry out nursing work are subsumed under
the umbrella term nursing intensity. Nursing intensity com-
prises direct (e.g. administration of medication, assessment of
blood pressure) as well as indirect (e.g. making a phone call
on behalf of the patient, ordering medication) care activities
that are performed on the behalf of patients. Non-patient
care-related nursing activities are, for example, attending
courses to enhance student education, attending staff meet-
ings and supporting unit management (Morris et al. 2007).
During the last 50 years, nurse leaders and researchers
have traditionally developed patient classification systems for
nursing care in an attempt to measure the workload of nurses
(De Groot 1989). Two main ways of categorizing patients
can be distinguished: the summative task type and the critical
indicator or criterion type (Seago 2002). The summative task
type requires nurses to record a list of the majority, if not all,
of the nursing tasks or activities that may be required to care
for patients. Each activity has a corresponding weight or
number of points associated with it. The total sum of these
acuity points gives an estimate of a patient’s nursing care
requirements (Seago 2002). A widely used example is the
Projet de Recherche en Nursing system (Tilquin 1987). The
critical indicator or criterion type classifies patients based on
a combination of critical indicators of care, which are based
on conceptually distinct categories of patient care require-
ments rather than on individual activities, tasks or proce-
dures. Each care indicator is ranked according to the level of
care required by a patient for that particular indicator. The
overall patient category is determined by scoring across and
between the indicators. A well-known example is the San
Joaquin Patient Classification System (Murphy et al. 1978).
The primary (and mostly only) use of patient classification
systems is limited to constructing an instrument that allows
nurse managers to compare workloads across units within
hospitals so that they can more objectively document their
labour budgets as they negotiate within the hospital (Seago
2002). Most nurses are not informed about or involved in the
way in which patient classification systems are used. Nurses

just complete a piece of paper (or the electronic equivalent),
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and do not realize the benefits of doing so. As a result, nurses
view completing patient classification system reports as an
extra, meaningless burden (McGillis-Hall ez al. 2006). Of the
numerous existing patient classification systems, of which
many are commercially marketed, only a restricted number
have found large-scale applications. However, none has
proven to be superior (Giovannetti & Johnson 1990,
Fagerstrom et al. 2000, Seago 2002). No patient classifica-
tions and definitions of nursing categories have been nation-
ally standardized (Upenieks et al. 2007), and all measure only
a fraction of the above-mentioned subconcepts that fall
within the nursing workload concept. Furthermore, most
patient classification systems are designed to be unit specific,
which complicates cross-unit comparison. With the exception
of a recent initiative in Finland (Fagerstrom & Rauhala
2007), to date researchers and managers have generally been
unable to incorporate patient classification systems into large-
scale nurse staffing benchmarking initiatives. Acquiring large-
scale data pertinent to different specialties will only be
possible if the great majority of hospitals using identical
patient classification systems agree to pool their staffing data.
However, Clarke (2003) does not foresee this happening in
the near future. Nevertheless, Belgium is in a unique position
to fill the gap in this research area, as the Belgian Nursing
Minimum Dataset (B-NMDS) contains information about
nurse staffing levels and the intensity of nursing care in all
nursing units in all Belgian acute hospitals (Sermeus et al.
2007a).

The study
Aim
The aim of the study was to develop a methodology that

corrects nurse staffing for nursing care intensity in a way that

allows nationwide benchmarking of nurse staffing data.

Design

A retrospective analysis of cross-sectionally collected data
was conducted.

Sample

Data from the year 2003 on nurse staffing and nursing
activities were available from all 115 Belgian acute care
hospitals. The study sample was restricted to general surgical,
internal medicine, mixed internal medicine and surgical, elder
care and intensive care units because the intensity of care

measure was validated for these types of units (Sermeus et al.
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2007a). The final sample included 690,258 inpatient days for
298,691 patients recorded from 1637 units in 115 acute
hospitals. The nursing unit types were used to classify the
sample into five groups: surgical nursing units (department
type C; 232,282 inpatient days, 511 units); internal medicine
nursing units (department type D; 254,139 inpatient days,
525 units); elder care nursing units (department type Gs
106,829 inpatient days, 234 units); mixed surgical and
internal medicine nursing units (department type H*;
60,335 inpatient days, 140 units); and intensive care nursing
units (department type I; 36,673 inpatient days, 227 units).

Data collection

Since 1988, all Belgian acute hospitals have been obliged by
law to submit to the Ministry of Public Health data about
nurse staffing levels and nursing activities. Data were
submitted quarterly (March, June, September and Decem-
ber), and these data form the basis of the B-NMDS. Data
intended for the B-NMDS were recorded during the first
15 days of March, June, September and December, during
which one recording takes place every 24 hours. However,
for 5 days (one of which always includes a weekend day) of
each recording period, the data must be submitted for entry
into the national database. The Ministry of Public Health
randomly chooses the specific 5-day period.

Ethical considerations

The study committee appointed by the Ministry of Science
Policy gave ethics clearance for the study. The data provided
by the Ministry of Public Health of Belgium did not contain
information about the identity of patients or hospitals.

Validity and reliability

Bedside nurses record 23 nursing activities for the B-NMDS
(Appendix 1). Nurse managers record the number of hours
that nursing staff work during the recording days. The
number of nursing staff is expressed as NHPPD, which is
the sum of the staffed hours of Registered Nurses (bache-
lor’s degree prepared and second level nurses) divided by the
number of inpatient days per nursing unit per observation
day. The inter-rater reliability of the recording was 78:8%,
as tested by the Kendall’s tau-b statistic (Sermeus 1992).
During regular hospital visits, a random selection of patient
records is reviewed by the Ministry of Public Health to
ensure that data were coded correctly. However, the results
of these audits are not disclosed in the public domain
(Sermeus et al. 2007a).
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By means of non-linear principal component analysis,
Sermeus et al. (2007a) showed that the 23 nursing activities
could be aggregated into one measure (weight 1) that
describes the intensity of nursing care in acute hospitals
(Sermeus et al. 2007a). Two alternative systems (weight 2
and weight 3) are broadly used in Belgian hospitals to
estimate the intensity of nursing care from the B-NMDS and
have been used in the past in hospital financing systems
(Sermeus et al. 2007b). Both systems assign to each of the 23
nursing activities (per response category) a number of points
(Appendix 1) (Closon 1991, Demeyere 2001). The summed
points result in an ‘intensity of nursing care score’ for each
patient. The points were developed by using a Delphi-like
approach (Closon 1991, Demeyere 2001). Yet, no further
validation work was performed. Therefore, in this paper the
aggregate intensity of nursing care score obtained through
non-linear principal component analyses (Sermeus et al.
2007a) was taken as the reference, whereas weight 2 and
weight 3 were used for cross-validation. The correspondence
between the three intensity of nursing care variables (weight
1, weight 2 and weight 3) was evaluated using the Spearman
rank correlation. A high correlation was obtained between
the three different measures (weight 1, weight 2 and weight 3)
used to compute the intensity of nursing from the B-NMDS
(Table 1). Spearman rank correlations ranged from 0-91 to
0-98 and from 0-80 to 0-99, when all nursing units or nursing

units per unit type were considered.

Data analysis

The ultimate objective of our data analyses was to develop a
model that allows the comparison of nurse staffing levels
across nursing units and hospitals. To achieve fair compar-
isons, our model must control for different characteristics
that can influence nurse staffing levels. In this study, we could
only control for factors that are available in the B-NMDS:
intensity of nursing care (weight 1); type of day (week vs.
weekend); type of nursing unit (general acute care nursing
units vs. intensive care nursing units) and type of hospital

(academic vs. general hospital). During weekdays, more

surgical procedures, investigations and admission/discharges/
transfers take place compared with weekend days, thus
justifying higher staffing levels for weekdays. Furthermore,
intensive care units treat very severe ill patients for which
surveillance and continuous monitoring is important. Thus,
more permanent staff are required to work in these units than
are reflected by the intensity of nursing care alone. Lastly,
nursing staff in academic hospitals are more involved in non-
patient care-related activities (e.g. research, staff training)
than staff in general hospitals. The non-patient activities of
nurses working in academic hospitals thus justify higher
nurse staffing levels in this group.

The number of nursing staff (i.e. NHPPD) is measured for
each B-NMDS observation day and depends on the charac-
teristics of that particular day, the nursing unit, and the
hospital. Thus, our dataset has a three-levelled structure: B-
NMDS observation days (level 1) nested within nursing units
(level 2); and nursing units, in turn, nested within hospitals
(level 3). In a conventional regression model, all of the un-
modelled contextual information (e.g. architecture of the
nursing unit, nurse staffing model, organizational culture and
nurse experience levels) ends up pooled into a single
individual error term of the model. This is problematic
because nursing units within a hospital are presumably
correlated (e.g. nursing units within a hospital are influenced
by the same organizational climate, which is one of the
unmeasured factors). Ignoring this correlation induces arti-
ficially smaller standard errors, which would lead to a higher
possibility of concluding that the results are statistically
significant, even though they may not be (Hox 2002, Luke
2004, Park & Lake 2005). Therefore, multilevel models are
increasingly employed in the nursing research field (Cho
2003, Park & Lake 2005, Adewale et al. 2007). These models
are specifically designed to correct the dependency of
observations within a cluster and to allow disentangling the
components of variability pertaining to the different levels
(Luke 2004).

We performed a linear multilevel modelling approach with
the Proc Mixed procedure of sas v9-1 (SAS Institute 2001). In
the first step, we calculated intraclass correlation coefficients

Table 1 Spearman rank correlations between three different nursing intensity measures deduced from the Belgian Nursing Minimum Data Set

Correlation All units C D G H* 1

Weight 1-weight 2 091 0-82 0-89 0-87 0-86 093
Weight 2—-weight 3 0-98 097 0-98 098 097 0-99
Weight 1-weight 3 091 0-80 0-89 0-83 0-85 0-91

Level of measurement: nursing unit per observation day (all units, # = 30,7225 C, n = 9527; D, n = 9947; G, n = 4458; H*, n = 2540;

I, n = 4250).

Weight 1 (Sermeus et al. 2007a); weight 2 (Closon 1991); weight 3 (Demeyere 2001).
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for the null model, that is, a model without covariates. The
purpose of this step was to capture the variability in the
number of nursing staff (NHPPD) accounted for by the
different levels (Appendix 2a). In the second step, we
included the covariates of each measurement level in the
model: weekday vs. weekend day and intensity of nursing
care (level 1); service type (level 2) and hospital type (level 3).
We applied a random intercept model (Appendix 2b and c).
In this type of multilevel model, the intercept of each hospital
varies (i.e. the average nurse staffing levels within a hospital
have a different baseline starting point, depending on the
unmeasured context of that particular hospital). The residual
ICC were calculated from the model with covariates (Appen-
dix 2a). This reflects the unexplained variability remaining in
these levels after controlling for the covariates. Note that the
aim of study reported in this paper was not to predict the
nurse staffing levels of a particular nursing unit within a
hospital (taking into account the noise from that particular
unit) but to obtain an ‘average’ or expected nurse staffing
level, given the covariates.

As random intercept models take into account the noise (or
unmeasured context factors) of particular nursing units, we
averaged the (estimated) random intercepts of the nursing
units within hospitals and between hospitals (Appendix 2d).
This resulted in an (estimated) expected number of nursing
staff (i.e. expected NHPPD) per unit per B-NMDS observa-
tion day. The expected NHPPD gives us a picture of how the
available pool of nurses nationwide can be best shared by
different nursing units. Next, we compared the expected
NHPPD with the actual staffing patterns (i.e. observed
NHPPD) for each nursing unit. To facilitate interpretation
for nurse managers, we multiplied this index by the crude
NHPPD (overall sample average):

Nursing-intensity adjusted NHPPDy, =

Observed NHPPD;;
Expected NHPPD;;,

1
x Crude NHPPD (1)

where the fraction (equation 1) corresponds to the kth
observation day in the jth nursing unit of the ith hospital.
A weighted census of the number of nursing staff is obtained
by multiplying the fraction with the national average (crude
NHPPD). The weighted census of the number of nursing staff
is controlled for by the intensity of nursing care and other
covariates.

Feedback tool development

We developed a feedback tool based on our statistical model
so that feedback can be obtained from two levels. Nurse
staffing data can be aggregated at the level of the hospital or
the nursing unit. At the hospital level, hospitals will be able

Benchmarking nurse staffing levels

to compare data about their hospital with different bench-
marks (all hospitals or a selection of hospitals of similar size
or type). Next, hospitals can focus on the nursing unit level
(i.e. compare data about one of their nursing units with all
Belgian nursing units, with all Belgian nursing units of the
same type, or with all nursing units within the same hos-
pital). The feedback tool provides both uncorrected (ob-
served NHPPD) as well as corrected (i.e. nursing-intensity
adjusted NHPPD) data. The ‘turnip’ plot (The Center for
the Evaluative Clinical Sciences at Dartmouth 1999) is then
used to illustrate in a graphical way the variability of
nursing-intensity adjusted NHPPD among Belgian hospitals.
The position of a particular hospital/nursing unit is indi-
cated by an asterisk. This graphical information is comple-
mented by descriptive data for the corrected as well as the

uncorrected data.

Results

General descriptive results

The average observed NHPPD in the study sample was 2:74.
Table 2 summarizes NHPPD as a function of hospital,
nursing unit and time characteristics. Academic hospitals
had a higher median number of nursing staff than general
hospitals (0-5-0-7 NHPPD for general acute units, and 1-2—
2-1 NHPPD for intensive care units). In addition, staffing in
intensive care units was considerably higher (4-5 times
more) than that in acute general units. Finally, staffing
patterns on weekdays and weekend days did not differ
substantially.

Model results

The null model showed that variability in nursing staff
numbers was mostly attributed to nursing unit level
(86:56%), followed by observation day level (12-07%) and
hospital level (1:37%). The inclusion of the set of covariates
and their interaction reduced the overall variance by 69-72%.
Table 3 shows that unexplained variability was mainly
attributed to nursing unit level (0-0656% or 53:8%) and
observation day level (0:0479% or 39:3%) rather than to
hospital level (0-0084% or 6:9%). Table 3 also presents the
fixed effects coefficient estimates for the multilevel regression
model. The association of the regressors hospital type
(P = 0-0053), intensity of nursing care (P < 0-0001), and
service type (P < 0-0001) on the response NHPPD were
highly statistically significant. As type of day interacts with
intensity of nursing care and hospital type, this covariate was

retained in the model.
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General acute care
units (C, D, E, H¥)

Table 2 Distribution of nursing hours

. . per patient day
Intensive care units (I)

Hospital type Type of day P50 (P25-P75) P50 (P25-P75)

Academic Weekdays 272 (2-:29-3-30) 12-11 (10-18-13-83)
Weekend days 2:82 (2:36-3-44) 11-08 (9-49-12-57)

General Weekdays 2:22 (1-87-2-68) 10:00 (8-:38-12-33)
Weekend days 2-13 (1-74-2-63) 9-84 (8-:38-12-40)

Level of measurement: nursing unit per Belgian Nursing Minimum Data Set observation day.
P25 = 25th percentile; P50 = 50th percentile or median; P75 = 75th percentile; C = surgical
units; D = internal medicine units; E = acute elder care units; H* = mixed units; I = intensive

care units.

Table 3 Results of multilevel model with nursing hours per patient day as a response

Effect Estimate (SE) t value P value
Fixed effects

Intercept 0-6999 (0-0154) 4545 <0-0001
Type of day (0 = weekday; 1 = weekend day) —0-0194 (0-0109) -1-78 0-0748
Service type (0 = general units; 1 = intensive care units) 1-2628 (0-0463) 2728 <0-0001
Log of weight 1 0-1936 (0-0149) 13-03 <0-0001
Hospital type (0 = general; 1 = academic) 0-1358 (0-0478) 2-84 0-0053
Type of day X service type 0-0438 (0-0147) 297 0-0030
Type of day X log of weight 1 —0-0445 (0-0152) -292 0-0035
Type of day X hospital type 0-1301 (0-0217) 6-00 <0-0001
Service type x log of weight 1 0-0785 (0-0322) 2-44 0-0147
Service type X hospital type —0-5534 (0-1474) -375 0-0002
log of weight 1 x hospital type 0-1024 (0-0359) 2-85 0-0044
Type of day X log of weight 1 x hospital type —0-0850 (0-0242) —3-52 0-0004
Service type X log of weight 1 x hospital type 02199 (0-0985) 2:23 0-0256
Covariance parameters RICC
Hospital 0-0084 (0-0018) 0-0689
Nursing Unit 0-0656 (0-0025) 0-5384
Observation day level 0-0479 (0-0004) 0-3927
Observations 30722

Model deviance —682-4

Change in deviance from null 29489

Weight 1: nursing intensity measure (Sermeus et al. 2007a).
RICC, residual intraclass correlation coefficient.

Nursing-intensity adjusted NHPPD

As can be seen in Figure 1, the majority of nursing units (per
observation day) were staffed below the national average
(indicated by bold line) when a correction for intensity of
nursing care was included.

Of nursing unit types (Figure 1), acute elder care units clearly
deviated most from the national staffing average. Sixty-nine
per cent of observation days in elder acute care units were
staffed below the national NHPPD average of 2:74. For
surgical nursing units, internal medicine nursing units, mixed
nursing units and intensive care nursing units, 56 %, 60%, 55 %
and 58% of the observation days, respectively, were staffed
below the national NHPPD average.

Feedback tool

Our statistical modelling resulted in the development of a
feedback tool, which will be made available online by the
Ministry of Public Health on a secure website. Hospitals can
generate different printouts for different analysis levels and
for different benchmarks. Nurse staffing data can be aggre-
gated at hospital level or nursing unit level. For the hospital
level, different benchmarks can be chosen: all hospitals; a
selection of hospitals with a similar size (<200 beds, 200-
299 beds, 300-449 beds, 2450 beds); or hospital type
(general, academic). For the nursing unit level, printouts
can be obtained for the following benchmarks: all Belgian

nursing units; all Belgian nursing units of the same type

612 © 2008 The Authors. Journal compilation © 2008 Blackwell Publishing Ltd
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Nursing intensity adjusted NHPPD

2
1
0
C D E H* |
P25 2.23 215 2.01 2.19 217
P50 2:63 255 2.42 2.64 2.57
P75 318 311 2.87 3-30 317

Figure 1 Distribution of nursing-intensity adjusted nursing hours per
patient day (NHPPD), measured for each nursing unit per observa-
tion day for five different unit types. The horizontal bold line in the
figure corresponds to the average observed NHPPD in the overall
sample. C = surgical; D = internal medicine; E = acute elder care;
H* = mixed internal and surgical units; I = intensive care units.

3-8+
E3-6;
o 34 .
I i .
Z 324 .
e ] o o o
2 3.0
g ] e o o o o
= 287
© e o o o o o o o o
é’Z6 e o o o o o 0 o % o o 0 o 0 o o o o
é2.4.5.IZIZZZZEEEEEZIZIZIZ.
£ 224 e e o o 0 o 0 s 0
2.0? ..
Hospital P10 P25 P50 P75 P90 P90:P10

value ratio

Uncorrected 570 2.1 240 258 2.81 3.10 1.40
NHPPD
Intensity-
adjusted
NHPPD

2.60 222 242 254 275 293 1.32

Figure 2 Feedback tool results for the number of nursing staff
(NHPPD) at the hospital level of one hospital benchmarked with all
other Belgian hospitals. Each dot represents one of 115 Belgian acute
hospitals. We used a multilevel model to correct nurse staffing levels
for differences in intensity of nursing care, type of service, type of
hospital and type of day. The asterisk represents the position of the
specific hospital for which the data were benchmarked. P10 = 10th
percentile; P25 = 25th percentile; P50 = 50th percentile or median;
P75 = 75th percentile; P90 = 90th percentile.

Benchmarking nurse staffing levels

(surgical units, internal medicine units, mixed units, elder
care units and intensive care units); all nursing units from the
same type or size of hospitals; or all units of the same
hospital. Both uncorrected and corrected data are provided in
the feedback tool.

Figure 2 shows sample results from using the feedback tool
to benchmark ‘one hospital’ against ‘all other hospitals’. The
position of the hospital using the feedback tool is represented
by an asterisk. In this particular case, both the corrected and
uncorrected NHPPDs fall between the median and the 75th
percentile.

Discussion

The average NHPPD in Belgian acute hospitals is 2:74, a
figure that is situated towards the lower boundaries of nurse
staffing levels in countries such as the United States of
America (USA) (Landon et al. 2006). The potential origins of
the large differences in nurse staffing levels between countries
are numerous (e.g. different nursing roles, different hospital
case mix and different social status of the nursing profession)
and need to be further explored. Nevertheless, we found that
variability in nurse staffing levels mainly occurs at nursing
unit level. This finding necessitates the measurement of nurse
staffing levels at nursing unit level, which agrees with Blegen
(2006), who suggested that comparing nurse staffing levels
should preferably be performed at nursing unit level rather
than at hospital level. Therefore, in the present study we
explored a novel strategy to benchmark nurse staffing data on
a large scale (in this case, nationwide), allowing comparisons
at both nursing unit and hospital levels. The goal of this
approach was to correct the number of nursing staff for the
intensity of nursing care and other covariates (i.e. type of day,
type of service and type of hospital) using a multilevel
regression model. The included set of covariates reduced the
overall unexplained variance in number of nursing staff by
69-72%. Applying the study approach to all Belgian acute
hospitals, we found that the majority of nursing units (acute
elder care nursing units in particular) is staffed below the
national NHPPD average of 2-74. However, the figures
generated from the feedback tool do not indicate the optimal

or evidence-based nurse staffing levels.

Study limitations

The most important limitation of this study is that we only re-
distributed the national available nurse staffing pool accord-
ing to factors available in the data sources at hand (intensity
of nursing care, hospital type, service type and type of day).

An external criterion is preferred to evaluate whether nursing

© 2008 The Authors. Journal compilation © 2008 Blackwell Publishing Ltd 613
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units are under- or over-staffed relative to what is required.
One possible way to determine whether a unit is under- or
over-staffed is to survey nurses. For example, nurses could be
asked whether enough nurses are available to provide optimal
care. In Finland, a nurse survey showed that, in about 50% of
the observed days, the optimal nursing care intensity level
was exceeded (Fagerstrom & Rauhala 2007). In the USA,
Canada, Scotland, England and Germany, 62-71% of nurses
indicated that nurse staffing levels were insufficient for
providing high-quality care (Aiken ez al. 2002b). By contrast,
in Belgium, only 41-3% of the nearly 10,000 hospital nurses
surveyed indicated that they were concerned that they could
not provide the level of care they wished (Milisen et al. 2006).
Thus, surveys can complement the information generated by
our feedback tool by supplying an external criterion.
Nevertheless, information obtained by surveys should also
be interpreted carefully as this information is, by
definition, subjective and is thus not necessarily evidence
based.

There are some other limitations inherent to the method-
ology applied in this study. First, the nursing-intensity
adjusted NHPPD, although identical for two hospitals/
nursing units, does not always yield a similar amount of
workload. Despite the fact that large amounts of nursing data
are uniformly recorded in all nursing units of all acute
hospitals, an important limitation of this measure is the large
number of unmeasured factors, such as staffing models,
technical support, medical staff organization, the experience
level of the staff, the numbers and types of non-direct care
clinical supports and operational staff, the amount of
technology and the physical layout of the unit. These factors
are so complex and numerous, and differ so much from
organization to organization, that it is unlikely that one or
more current (and probably also future) instruments could
uniformly capture them across a large number of hospitals.
Furthermore, the majority of nurses’ working hours is still
allocated to nursing interventions related to individual
patient care (Rauhala et al. 2007), which makes it worth-
while to benchmark nurse staffing data that are corrected for
the intensity of nursing care.

Second, the measurement instrument for the B-NMDS used
in this study is nearly 20 years old. Thus, we need to
investigate how our present model can be applied to the
revised B-NMDS, which will be implemented in all Belgian
hospitals from 2008 onwards (Sermeus et al. 2005). The
revised B-NMDS is expected to capture the intensity of
nursing care from contemporary nursing practice better
because it includes nursing activities that are adjusted to
current nursing practice standards and pertains to an

increased number of possible nursing activities.

Study strengths

Despite these limitations, our study does have several
strengths. It is, to our knowledge, the first attempt to apply
a sound methodology that adjusts the number of nursing staff
for the intensity of nursing care on a large scale with
uniformly measured data. The feedback tool goes beyond
most patient classification systems, which are designed only
to be unit specific and do not facilitate cross-unit or cross-
hospital comparison. As a result, the feedback tool has great
potential for nursing management and policy applications.
The Ministry of Public Health can use this instrument to
monitor general patterns in nurse staffing data. For example,
our finding that elder care units have the highest proportion
of under-staffed units (relative to average Belgian figures)
could be further explored. Do these units have more clinical
support staff than other units or is it necessary to increase the
minimum staffing ratios for elder care units? Additionally,
chief nurse executives or unit managers can use the feedback
tool as a barometer to help them assess the current nurse
staffing allocation patterns (or budget) of their hospital or
nursing units. Information obtained from the feedback tool
can be merged with data from the hospital’s management
information system to complete each nursing care unit’s
profile by adding other attributes (e.g. experience level of
nursing staff, admissions/discharges/transfers).

An important strength of our study is that it will help fill an
important gap in research on nurse staffing and patient
outcomes. This is especially so when our findings are linked
to Belgian patient outcomes data via the Belgian Hospital
Discharge Dataset. Over the last 5 years, the research
literature describing possible ties between nurse staffing and
patient outcomes has steadily grown. Whilst some claim that
the findings are conclusive, others claim that they are
tentative at best because of the many unresolved technical
research issues involved (Clarke 2003). An important tech-
nical issue involves the correction of nurse staffing levels for
differences in intensity of nursing care. As nursing care
intensity increases, the number of nursing staff required to
care properly for patients will increase (Unruh & Fottler
2006). Several researchers, such as Needleman et al. (2002)
and Unruh and Fottler (2006), have attempted to integrate
intensity of nursing care into their nurse staffing and patient
outcomes research. Unruh and Fottler (2006) used patient
turnover as a proxy measure of intensity of nursing care and
hypothesized that as patient turnover increases, a similar
increase in nursing care must be delivered in a shorter period
of time during each patient stay. Reducing the length of stay
presumably eliminates lower resource-use patient-care days

but retains higher resource-use patient-care days (Unruh &
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What is already known about this topic

e Nursing shortages and the established link between
nurse staffing levels and patient/nurse outcomes de-
mand the appropriate work allocation of available
nurses so that they are assigned to where the need for
nurses is greatest.

e Although patient classification systems can be used to
measure nursing workload, most are designed for
specific unit types and only a few can be applied on a
large scale.

e The Belgian Nursing Minimum Dataset contains
information about nursing care intensity and nurse
staffing levels that are uniformly measured in all acute
care units in all Belgian hospitals.

What this paper adds

e The variability in nurse staffing levels in Belgian acute
hospitals occurs at the nursing unit level.

e A feedback tool that allows nationwide benchmarking
of nurse staffing levels, corrected for the intensity of
nursing care across a variety of disciplines.

e The feedback tool can be used by nurse managers and

policymakers to guide nurse staffing decisions.

Fottler 2006). However, as described above, patient turnover
remains a poor proxy measure of the intensity of nursing
care. Needleman et al. (2002) used Nursing Intensity
Weights, which are estimates of the relative level of nursing
care needed by patients in each diagnosis-related group.
However, the assumption that all patients with a similar
medical diagnosis receive the same care is highly criticized by
Welton et al. (2006). The nursing-intensity adjusted NHPPD
calculated in this study can potentially solve this technical
issue identified in the nurse staffing and patient outcomes
literature because, since 2000, the B-NMDS and the Belgian
Hospital Discharge Dataset (which contains data for calcu-

lating patient outcomes) were linked.

Conclusions

Hospitals are increasingly challenged to balance ideal invest-
ments in care quality with current nurse labour constraints.
In this context, it is of the utmost importance that available
nurse staffing resources are allocated as accurately as possi-
ble, using the best evidence at hand. Despite the fact that our
study model does not take into account many factors, given
the data at hand, we succeeded in developing a benchmarking

Benchmarking nurse staffing levels

tool that enables hospital managers (at different organiza-
tional levels) to gain information about their nurse staffing
allocation policy by comparing their data with those of
others. Furthermore, the feedback tool can also be used by
the Ministry of Public Health to assist in evaluating the
current nurse staffing ratios for the different types of nursing
units in acute hospitals. We hope that our findings will
encourage researchers and policymakers in other countries to
study and invest in systematic and uniform collection of data
about the number of nurses involved in direct patient care

and data about the intensity of nursing care.
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Appendix 1 Nursing activities recorded for the Belgian Nursing Minimum Data Set with corresponding intensity-of-nursing-

care weights

Nursing activity Response categories Weight 2 Weight 3
1. Care relating to hygiene a. No assistance 0 1
b. Supportive assistance 2 3
c. Partial assistance 4 8
d. Complete assistance 7 13
2. Care relating to mobility a. No assistance 0 05
b. Supportive assistance 1 2
c. Partial assistance 4 4
d. Complete assistance 6 9
3. Care relating to elimination a. No assistance 0 1
b. Supportive assistance 2 4
c. Partial assistance 5 7-5
d. Complete assistance 9 15
4. Care relating to feeding a. No assistance 1 4
b. Supportive assistance 3 6
c. Partial assistance 5 9
d. Complete assistance 15 25
5. Tube feeding a. No 0 0
b. Yes 8 115
6. Mouth care Frequency/24 hours 2 x frequency 1 X frequency
7. Prevention of pressure sores: changing position Frequency/24 hours 2 x frequency 4 x frequency
8. Assistance in getting dressed a. No 0 0
b. Yes 4 7
9. Care of patient with tracheotomy or endotracheal tube a. No 0 0
b. Present without artificial ventilation 5 7
c. Present with artificial ventilation 15 23
10. Nursing admission assessment a. No 0 0
b. Yes 3 85
11. Training in activities of daily living a. No 0 0
b. Occasional 3 10
c. According to programme 5 12-5
12. Emotional support a. No 0 0
b. Yes 5 83
13. Care of a disoriented patient a. No 0 0
b. Passive 3 N
c. Reality orientation training 7 10
14. Isolation to prevent contamination a. No 0 0
b. Yes 7 145
15. Monitoring vital signs Highest frequency/24 hours 1 x frequency 1 x frequency
16. Monitoring clinical signs Highest frequency/24 hours 1 x frequency 1 x frequency
17. Cast care a. No 0 0
b. Yes 4 15
18. Taking blood samples Frequency/24 hours 1 x frequency 2-5 x frequency
19. Medication management (intramuscular, subcutaneous) Number of doses/24 hours 2 x frequency 1 x frequency
20. Medication management (intravenous) Number of doses/24 hours 2 x frequency 2 x frequency
21. Infusion therapy Number of intravenous lines 4 x i.v.-lines 6 X i.v -lines
22. Surgical wound care Number of interventions/24 hours 3 x frequency 5 x frequency

23a. Traumatic wound care (surface)

23b. Traumatic wound care (interventions)

a. <20% of body surface
b. 21-45% of body surface
c. 46-70% of body surface
d. >70% of body surface

number of interventions/24 hours

3

6

8

10

Score 23a x frequency

2
4
6
8
9 x frequency

Weight 1: First component that results from non-linear principal component analysis of the 23 nursing activities using Proc PRINQUAL of sas (Sermeus et al.
2007a).
Hours of nursing care staffed per nursing unit

Working hours of Registered Nurses having at least a Bachelor’s degree

Working hours of other Registered Nurses

Weight 2 (Closon 1991); weight 3 (Demeyere 2001).
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Appendix 2 Statistical model details

The intraclass correlation coefficient (ICC) is the fraction of
the total variability that is due to the group level. ICC
represents to what degree units belonging to the same group
resemble (correlate to) each other; that is, ICC represents the
correlation between two randomly chosen units in one
randomly drawn group.

m

ICC, = (2a)

]

2
SF
i=1

In equation (2a), ICCy, represents the intraclass correlation
for the kth level; of is the variance of the kth level; and
=7 o7 is the total variability for all the m levels.

With regard to the correlation between two individuals in
the same group, part of the correlation is explained by its
covariates, whereas another part is unexplained. The unex-
plained correlation is called the residual intraclass correlation
coefficient (RICC). RICC is calculated using equation (2a)
but after controlling for the covariates.

The multilevel model accounts for the variability attributed
to the covariates: ‘Lweight1’ is the logarithmic function of the
intensity of care; ‘Wk’ indicates the difference between
weekdays (0) and weekend days (1); ‘htype’ indicates the
hospital type (academic = 1, general = 0); and ‘serv’ indicates
the service type (0 = general units, 1 = intensive care units).
The multilevel model also accounts for some unexplained
variability emanating from the nursing units within hospitals
and from the hospitals themselves by applying a random

intercept model:

Yir = Wi + &ije (2b)

Wir = Bo + o + mj; + By Lweight1;;
+ Boservi; + Bswki, + Bahtype; + Bsoryy,

In equation (2b), Y;;, is the log of the NHPPD for the kth day
of the jth unit in the ith hospital, and o; and #;; are random
effects pertaining to the ith hospital and the jth nursing unit,
respectively, within the ith hospital. By, B, B3 and B4 are the
fixed effect coefficients for Lweightl,;, serv;, wk;;, and
htype;, respectively. By is the fixed effect intercept coefficient.
The vector w;j, represents the set of all possible interaction
terms, and Ps represents their corresponding fixed effects
coefficients. ¢;; is the measurement error pertaining to the
observation day level.

To obtain the population average model, we average the
random intercepts of the nursing units within hospitals and
hospitals by integration:

E(NHPPD;) = E,, (Ey, (NHPPD|6;7;))
o (2d)
://EXP(Hi,-k)d%dnif

where [i;, is given by equation (2c) whereby all parameters
are replaced by their estimates. o, and #;; are replaced by their
Empirical Bayes estimates; that is, 4; and f;; respectively. The
integration (equation 2d) is realized through the sampling
approach, by averaging over 1000 draws of &; and W, for
each covariate combination.
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