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Keywords:
 Purpose:We described the association between Intensive care units (ICU) characteristics and ICU Length of stay

(LoS), after correcting for patient characteristics. We also compared the predictive performances of models in-
cluding either patient and ICU characteristics or only patient characteristics.
Materials and methods:We included all admissions of 38 ICUs participating in the Dutch National Intensive Care
Evaluation registry (NICE) between 2014 and 2016. We performed mixed effect regression including, one ICU
characteristic in eachmodel and a random intercept per ICU. Furthermore,wedeveloped a predictionmodel con-
taining multiple ICU characteristics and patients characteristics.
Results:We found negative associations for the number of hospital beds; number of ICU beds; availability of fel-
lows in training for intensivist; full-time equivalent ICU nurses; and discharged in a shift with 100% bed occupan-
cy. Furthermore, we found a U-shaped association with the nurses to patient ratio as spline function. The
performance based on R2 was between 0.30 and 0.32 for both the model containing only patient characteristics
and the model also containing ICU characteristics.
Conclusion: After correcting for patient characteristics, we found statistically significant associations between ICU
LoS and six ICU characteristics, mainly describing staff availability. Furthermore, we conclude that including ICU
characteristics did not significantly improve ICU LoS prediction.

© 2017 Elsevier Inc. All rights reserved.
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1. Introduction

Intensive care units (ICUs) provide complex and expensive care and
hospitals face pressure to improve efficiency and reduce costs [1,2].
Since costs are strongly related to ICU length of stay (LoS), shorter ICU
LoS generally equates to lower costs [2-4]. ICU LoS is associatedwith pa-
tients' severity of illness [5-7] and hence case-mix adjustment is impor-
tant when analyzing and modeling LoS.

Previously, we defined three main reasons for modeling ICU LoS [6].
These were: 1) planning the number of beds and members of staff re-
quired to fulfil demand for ICU carewithin a given hospital or geograph-
ical area; 2) identifying individual patients or groups of patients with
unexpectedly long ICU LoS to drive direct quality improvement; and
3) comparing LoS between ICUs when benchmarking. Although a
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range of models for predicting ICU LoS using patient characteristics
have been published, the clinical utility of these models for these pur-
poses is suboptimal [6]. One reason for the suboptimal nature of these
models may be the difficulty of approximating ICU LoS using standard
statistical distributions [5].

In a previous study we aimed to predict individual patient LoS for
benchmarking purposes by regressionmethods using patient character-
istics at admission time only and concluded that it is difficult to predict
ICU LoS [5]. We hypothesize that information on ICU characteristics is
required to model ICU LoS for an individual ICU accurately.

Previous studies discussed the association between ICU LoS and
among others the number of ICU and hospital beds [8,9]; the availability
of step down or intermediate units [10,11]; intensivist to bed ratios
[12]; the presence of full-time intensivists [13,14]; presence of fellows
[15]; type of hospital [8,13,16-18]; types of care protocol [10,17,19];
and having clear admission and discharge policies [10]. Additional re-
search has been performed on modeling ICU bed shortages [20,21],
but not on direct associationswith ICU LoS. However, not all these stud-
ies correct for patient characteristics as a base prior to analyse the asso-
ciation between ICU LoS.
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Our primary aim is to describe associations between ICU characteris-
tics and ICU LoS, correcting for patient characteristics. We also compare
the predictive performance of amodel including patient and ICU charac-
teristics and one including only patient characteristics [6] for ICU LoS.
We used data collected in the Dutch National Intensive Care Evaluation
(NICE) registry [22].

2. Material and methods

2.1. The Dutch National Intensive Care Evaluation registry

The NICE registry exists since 1996 and collects data on patient char-
acteristics, such as demographics, physiological and diagnostic data
[22]. In addition, the registry records ICU characteristics and quality in-
dicators for a subgroup of voluntary participating ICUs. Twice a year
these ICUs report to the registry on staff resources, hospital type, ICU
level, and the number of beds available. Four times a year they report
on the availability of intensivists and policies to reduce the risk of med-
ication errors. Every shift (day, evening, night), they report on availabil-
ity of ICU nurses and operational ICU beds. The medical ethics
committee of the Academic Medical Center stated that medical ethics
approval for this study was not required under Dutch law (registration
number W16_314).

2.2. Study data

We included ICUs, for which patient level information and charac-
teristics recorded per shiftwas available for at least 23 completemonths
between January 1st, 2014 and January 1st, 2016 and the ICU character-
istics recorded twice or four times a year were available and judged to
be reliable by one of the authors (IV). ICU characteristics recorded
twice a year or quarterly rarely change, since staff resources, hospital
type, ICU level and number of available beds generally remain stable.
We chose to use data on 2015 or themost recent data.Wemerged year-
ly and quarterly data on the ICUs to the patient record level data, using
ICU as the merge variable. The maximum two records recorded for the
half yearly data and four records recorded for the quarterly data were
averaged to combine them into one record. Data recorded for each
shift were merged to patient level data if the shift overlaps the patient
admission period. ICU characteristics available on a shift level were av-
eraged over the patients' admission period. We present a flow chart of
ICU and patient inclusions in Fig. 1.

2.3. Identification of ICU characteristics for inclusion in the regression
analysis

To identify ICU characteristics for inclusion in the regression analysis
an intensivist (DD) identified ICU characteristics recorded in the NICE
registry, which he thought would have a clinically relevant association
with ICU LoS.We supported this work with a snowball literature search
to identify ICU characteristics with an indication of association with ICU
LoS. We examined potential collinearity by calculating Pearson's corre-
lation coefficients between pairs of ICU characteristics. Collinearity oc-
curs if two predictors are highly linearly related. We defined
collinearity if the correlation coefficientwas smaller than−0.9 or larger
than 0.9.

2.4. Statistical analysis

To examine the shape of the association between individual ICU
characteristics and ICU LoS we used stacked histograms (Fig. S1) and
scatterplots. The patient and ICU characteristics examined are respec-
tively presented in Tables 1 and 2. We found a U-shaped relationship
between ICU LoS and nurse-to-patient ratio, presented in Fig. 2, and in-
cluded it as spline, with four degrees of freedom in the regression
models.
For each individual ICU characteristic we performed a mixed-effects
ordinary least square regression with a random intercept per ICU and
log-transformed ICU LoS as the dependent variable [5]. A block of pa-
tients' characteristics and for eachmodel one ICU characteristicwere in-
cluded as fixed-effects. There were two steps in our model building
strategy. In the first step, we included the patient characteristics identi-
fied in a previous publication [5]. The model was subsequently simpli-
fied using stepwise backward selection and the Akaike Information
Criterion (AIC) and the corresponding p-value based on the likelihood
ratio test to test model improvement and used p-value N 0.01 for exclu-
sion. We viewed the patient characteristics in the resulting model as a
fixed block of variables to be included in all further models. In the sec-
ond step,we included the fixed block of patient case-mix characteristics
and one ICU characteristic asfixed covariates and a random intercept for
each ICU. We compared each model to the model with only patient
characteristics by computing analysis of deviance tables and using the
chi-squared distribution to compare them. We defined improvement
as a p-value smaller than 0.05 [23].

To examine the potential improvement of a prediction model for
log-transformed ICU LoS using both patient and ICU characteristics
compared to a model correcting for patient characteristics only we per-
formed another mixed effect regression analysis. We performed step-
wise backward selection as described above starting with all ICU
characteristics with p-value larger than 0.1 to exclude ICU characteris-
tics. We included the patient characteristics as a fixed block of variables.
We compared the difference in the residual deviances of themodels to a
chi-squared distribution as described above.

The models' performance was examined by analyzing statistics of the
residuals of bothmodels and deriving R2 on a patient level using a general
method for obtaining R2 formixed-effectmodels [24]. Finally,we evaluat-
ed the performance by presenting a recalibration plot of 50 subgroups
based on the mean predicted log-transformed ICU LoS based on fixed-ef-
fects only. For each subgroup we plot the mean predicted log-trans-
formed ICU LoS against the mean observed log-transformed ICU LoS.

We performed all statistical analyses using R statistical software,
version 3.3.1 (R Foundation for Statistical Computing, Vienna, Austria)
[25]. We used the lme4 package for mixed-effects models [26] and
rms package for calculating restricted cubic splines [27].

3. Results

3.1. Identification of ICU characteristics for inclusion in the regression
analysis

Supplementary Table S1 shows all ICU characteristics included in the
analyses and identified as being clinically associatedwith ICU LoS. Table
S2 presents the Pearson correlation coefficients between these vari-
ables. No pairs of ICU characteristics demonstrated collinearity, hence
we included all variables in the univariate analyses.

3.2. Study data

A total of 84 ICUs participated in the NICE registry between January
1st, 2014 and January 1st, 2016. Of these, 54 (64%) participated in the
ICU characteristics and quality indicator registration. We included 38
(70%) in this study. The remaining 16 ICUs provided unreliable data
on one ormore of the ICU characteristics examined in this paper.We in-
cluded 93,807 ICU admissions, of which we included 78,822 (84%) in
this study, Fig. 1. Tables 1 and 2 respectively present information
about the number of admissions and ICU LoS for each of the patient
characteristics and each of the ICU characteristics.

3.3. Statistical analysis

We removed two variables from the block of patient characteristics
during the backwards selection procedure. These were hematologic



Fig. 1. Flow diagram of ICU and patient inclusion.
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malignity (p= 0.887) and chronic obstructive pulmonary disease (p=
0.162). Table 1, contains the patient characteristics used in the model
and Table S3 presents the results of the regression analyses for patient
characteristics. In Table 3, we present the results of the regression anal-
yses for individual ICU characteristics. Six demonstrated a statistically
significant association with ICU LoS: number of hospital beds; number
of ICU beds; availability of fellows in training for intensivist; full-time
equivalent ICU nurses; whether a patient was discharged in a shift
with 100% bed occupancy; and nurse to patient ratio. Apart from the
nurse to patient ratio, all characteristics had a negative association
with ICU LoS.

Examining the potential improvement of a model for log-trans-
formed ICU LoS by including ICU characteristics resulted in a model
with number of ICU beds; full-time equivalent ICU nurses; and
whether a patient was discharged in a shift with 100% bed occu-
pancy, Table 3. The fit statistics in Fig. S2, presents the performance
of the model with correction for case-mix characteristics and ICU
characteristics. Comparing the performance of this full model
with the model with only patient case-mix included, lead to R2 be-
tween 0.30 and 0.32 for both models. Furthermore, residuals
showed biased results for patients with short and long ICU LoS,
but followed a normal distribution overall. Fig. S3, presents a cali-
bration plot comparing predicted and observed values for 50 sub-
groups based on mean predicted log-transformed ICU LoS. For the
model including ICU characteristics, we found that the total pre-
dicted ICU LoS was slightly closer to the total observed values and
that ICU level differences were associated with the number of ICU
nurses available.



Table 1
Patient characteristics included in the model.

Patient case-mix characteristic Patients with patient Characteristic (yes) Patients without patient characteristic (no)

Admission count (%) Mean (sd) ICU length of stay in days Mean (sd) ICU length of stay in days

Number of ICU admissions 78,822 3.1 (6.6)

Age in yearsa

Up to 55 20,866 (26) 2.9 (6.3)
56 to 66 19,938 (25) 3.3 (7.1)
67 and 74 18,498 (23) 3.3 (6.8)
Over 74 19,520 (25) 3.2 (6.2)
Gender male 47,309 (60) 3.2 (6.9) 1.3 (2.2)

Admission type
Medical 35,646 (45) 4.1 (7.5)
Urgent surgery 9203 (12) 4.7 (9.2)
Elective surgery 33,973 (43) 1.7 (3.9)

APACHE IV physiology score (APS) (quartiles)a

Up to 26 20,366 (26) 1.3 (2.2)
26 to 38 19,831 (25) 1.9 (3.6)
38 to 56 18,979 (24) 3.3 (6.3)
Over 56 19,646 (25) 6.2 (10.2)
Confirmed infection 11,501 (15) 6.2 (10) 2.6 (5.7)
Mechanical ventilation during the first 24 h of admission 37,809 (48) 4.5 (8.5) 1.9 (3.8)
Vasoactive drug use first 24-h of admission 32,766 (42) 4.6 (8.6) 2.1 (4.5)
Lowest Glasgow coma score b 15 first 24 h of admission 16,205 (21) 4.9 (8.7) 2.7 (5.9

Chronic diagnoses
Cardio vascular insufficiency 3698 (5) 3 (5.7) 3.2 (6.6)
Chronic renal insufficiency 4370 (6) 3.8 (7.0) 3.1 (6.6)
Chronic dialysis 1089 (1) 2.8 (4.9) 3.2 (6.6)
Cirrhosis 1110 (1) 4.2 (6.6) 3.1 (6.6)
Chronic obstructive pulmonary disease (COPD)b 11,014 (14) 3.6 (6.6) 3.1 (6.6)
Diabetes 13,265 (17) 3.3 (6.6) 3.1 (6.6)
Hematologic malignancyb 1277 (2) 5.5 (8.7) 3.1 (6.5)
Immunologic insufficiency 6803 (9) 4.2 (7.8) 3.0 (6.5)
Neoplasm 3811 (5) 2.6 (5.1) 3.2 (6.7)
Respiratory insufficiency 3361 (4) 4.7 (8.4) 3.1 (6.5)

Acute diagnoses
Acute renal failure 6196 (8) 7.1 (11.4) 2.8 (5.9)
Cardiopulmonary reanimation (CPR) 3391 (4) 5.7 (9.0) 3.0 (6.4)
Cerebrovascular accident (CVA) 3238 (4) 4.8 (7.7) 3.1 (6.5)
Dysrhythmia 5970 (8) 4.9 (8.3) 3.0 (6.4)
Gastro intestinal bleeding 1574 (2) 2.8 (5.8) 3.2 (6.6)
Intracranial mass effect 3950 (5) 4.6 (9.7) 3.1 (6.4)

APACHE IV admission diagnose (head categories)
Cardiovascular non-operative 11,611 (15) 4.3 (7.5)
Cardiovascular operative 20,957 (27) 2.4 (5.7)
Gastro-intestinal non-operative 2697 (3) 3.4 (6.7)
Gastro-intestinal operative 7318 (9) 2.8 (5.4)
Genito-urinary non-operative 981 (1) 3.2 (5.2)
Genito-urinary operative 2090 (3) 1.5 (2.9)
Hematology non-operative and operative 358 (0) 4.3 (7.2)
Metabolic non-operative 1219 (2) 2.1 (3.6)
Metabolic operative 188 (0) 1.8 (3.7)
Musculoskeletal/skin non-operative 149 (0) 4.6 (9.1)
Musculoskeletal/skin operative 1699 (2) 1.4 (2.4)
Neurological non-operative 6689 (8) 2.9 (6.5)
Neurological operative 4651 (6) 2.2 (4.9)
Respiratory non-operative 9590 (12) 5.3 (8.5)
Respiratory operative 4198 (5) 1.8 (4.4)
Transplant operative 406 (1) 2.4 (3.6)
Trauma non-operative 2348 (3) 3.8 (7.7)
Trauma operative 1673 (2) 4.1 (11.9)

Outcome measure
ICU death: yes 6150 (8) 5.8 (10.6) 2.9 (6.1)
Hospital death 8878 (11) 5.7 (10.0) 2.8 (6.0)

a Continuous variables age and APACHE IV physiology score (APS) are presented in quartiles, but they were included as splines in the regression analyses.
b COPD and hematological malignancy were removed from the model during backward selection.
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4. Discussion

In this study, we examined the association between ICU char-
acteristics available in the NICE registry and ICU LoS, after
correcting for patient characteristics. The results of our study
show statistically significant associations for the number of hos-
pital beds; the number of ICU beds; full-time equivalent ICU
nurses; whether fellows in training for intensivist were available;
nurse to patient ratio; and whether a patient was discharged in a
shift with 100% bed occupancy. Adding these characteristics to a



Table 2
Summary of included ICU characteristics.

ICU characteristicsa,b Admission count (%) Number of ICUs Mean (sd) length of stay

ICU level
1 9854 (13) 11 2.6 (5.1)
2 20,756 (26) 13 3.3 (6.7)
3 48,212 (61) 14 3.2 (6.8)

Hospital type
University affiliated 20,569 (26) 5 3.3 (7.2)
Teaching 36,411 (46) 15 3.1 (6.5)
General 21,842 (28) 18 3.1 (6.1)

Number of hospital beds (25% percentiles)
Up to 382 12,992 (16) 10 2.7 (5.5)
383 to 482 12,743 (16) 9 3.6 (6.8)
483 to 660 17,779 (23) 9 3.3 (7)
Over 660 35,308 (45) 10 3.1 (6.6)

Number of ICU beds (25% percentiles)
Up to 8 8675 (11) 10 2.5 (4.7)
9 to 12 6633 (8) 5 3.2 (6.9)
13 to 21 23,091 (29) 13 3.4 (6.8)
Over 21 40,423 (51) 10 3.1 (6.8)
Stepdown beds with supervision: no 41,249 (52) 23 3.1 (6.2)
Stepdown beds with supervision: yes 37,573 (48) 15 3.2 (7)
Stepdown beds without supervision: no 66,670 (85) 34 3.2 (6.7)
Stepdown beds without supervision: yes 12,152 (15) 4 2.8 (5.9)
PACU beds with mechanical ventilation: no 54,799 (70) 31 3.1 (6.3)
PACU beds with mechanical ventilation: yes 24,023 (30) 7 3.3 (7.1)
PACU beds without mechanical ventilation: no 59,148 (75) 28 3 (6.2)
PACU beds without mechanical ventilation: yes 19,674 (25) 10 3.5 (7.7)
CCU beds: no 70,406 (89) 34 3.1 (6.5)
CCU beds: yes 8416 (11) 4 3.5 (7.2)
Calamity beds: no 29,290 (37) 12 3 (6.4)
Calamity beds: yes 49,532 (63) 26 3.2 (6.7)

Medication error prevention score
6 1936 (2) 1 3.6 (6.2)
7 18,635 (24) 7 3.4 (7.5)
8 38,614 (49) 20 3 (6.2)
9 13,559 (17) 8 3.2 (6.1)
10 6078 (8) 2 3.5 (7)

Fellows in training to intensivist available: no 55,491 (70) 32 3.1 (6.4)
Fellows in training to intensivist available: yes 23,331 (30) 6 3.3 (7.1)
Full-time equivalent ICU doctors (non-intensivists)

Up to 3.0 11,242 (14) 9 3.2 (6.3)
3.0 to 6.0 10,059 (13) 7 3.1 (6.8)
6.0 to 8.8 21,526 (27) 12 3.1 (6.6)
Over 8.8 35,995 (46) 10 3.2 (6.7)

Full-time equivalent ICU nurses
Up to 6.5 10,269 (13) 23 2.6 (4.9)
6.5 to 10.9 11,285 (14) 26 3.1 (6.2)
10.9 to 17 19,145 (24) 26 3.4 (6.8)
Over 17 38,123 (48) 20 3.2 (7)

Full-time equivalent intensivists
Up to 4.3 11,861 (15) 10 3.2 (6.3)
4.3 to 5.1 13,327 (17) 9 2.9 (6)
5.1 to 7.0 18,962 (24) 9 3.2 (6.6)
Over 7.0 34,672 (44) 10 3.2 (6.9)

Nurses to patient ratio
Up to 0.6 20,579 (26) 38 2.7 (5.7)
0.6 to 0.7 19,266 (24) 38 3.6 (7.5)
0.7 to 0.8 19,025 (24) 38 3.5 (7.5)
Over 0.8 19,952 (25) 38 2.8 (5.5)

Intensivists to operational beds ratio
Up to 0.3 25,872 (33) 9 3.1 (6.6)
0.3 to 0.4 15,209 (19) 10 3.2 (6.5)
0.4 to 0.5 18,844 (24) 9 2.8 (5.7)
Over 0.5 18,897 (24) 10 3.5 (7.5)

Hours intensivist present
Up to 15 10,109 (13) 10 3.2 (6.3)
15 to 17 15,183 (19) 9 3.7 (7.9)
17 to 22 24,624 (31) 9 3 (6.1)
Over 22 28,906 (37) 10 3 (6.3)

Discharged in shift with 100% bed occupancy: no 63,836 (81) 38 3.1 (6.4)
Discharged in shift with 100% bed occupancy: yes 14,986 (19) 37 3.2 (7.2)

ICU = intensive care unit, PACU= post anesthesia care unit, CCU = coronary care unit.
a Continues characteristics included as continuous or spline covariates are presented using center level quartiles. For the characteristic full-time equivalent ICU nurses and nurses to

patient ratio patient level quartiles were used, since this characteristic was recorded per shift.
b We included variables on numbers of specific bed types and number of fellows in training to intensivist to include as binary covariates in the analyses. Specific bed types were not

available and among ICUs with availability of such beds the number of beds we found that it was often just one or two beds.
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Fig. 2. Predicted log-transformed ICU length of stay by nurses to patient ratio. Log-transformed ICU length of stay is adjusted for patient case-mix characteristics and nurses to patient ratio
included as spline. A smoothing curve was derived using generalized additive model method. Grey zones represent 95% confidence intervals.
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multivariate prediction model with patient characteristics did not
improve the performance of the model. We hypothesized that
case-mix corrected ICU LoS is associated with these characteris-
tics. Hence, our data show that adding ICU characteristics will
not substantially improve predictive performance for planning
Table 3
Coefficients for ICU characteristics in the mixed effects regression models.

Characteristics Models including a single

Parameter (95% CI)

ICU level (reference 1 (lowest))
2 0.030 (−0.088 to 0.15
3 (highest) −0.003 (−0.119 to 0.11

Hospital type (reference general hospital)
Teaching hospital −0.048 (−0.143 to 0.04
University affiliated −0.148 (−0.285 to −0.
Number of hospital beds / 100 −0.017 (−0.034 to 0.00
Number of ICU beds / 10 −0.045 (−0.09 to −0.0
Stepdown beds with supervision: yes −0.031 (−0.124 to 0.06
Stepdown beds without supervision: yes −0.049 (−0.198 to 0.10
PACU beds with mechanical ventilation: yes −0.068 (−0.184 to 0.04
PACU beds without mechanical ventilation: yes 0.033 (−0.071 to 0.13
CCU beds: yes 0.008 (−0.142 to 0.15
Calamity beds: yes 0.037 (−0.062 to 0.13
Fellows in training to intensivist available: yes −0.145 (−0.261 to −0.
Full-time equivalent ICU doctors (non-intensivists) −0.004 (−0.011 to 0.00
Full-time equivalent ICU nurses −0.017 (−0.021 to −0.
Full-time equivalent intensivists −0.010 (−0.021 to 0.00
Intensivists to operational beds ratio 0.000 (−0.317 to 0.32
Nurses to patient ratio (npr) (spline)a

Hours intensivist present −0.005 (−0.014 to 0.00
Discharged in a shift with 100% bed occupancy −0.054 (−0.071 to −0.
Medication error prevention score 0.001 (−0.054 to 0.05
ICU admission in weekend −0.004 (−0.021 to 0.01

The coefficients represent the change in log transformed intensive care unit length of stay asso
ICU = intensive care unit, CI = confidence interval, PACU= post anesthesia care unit, CCU =
⁎ p b 0.05 significant.
⁎⁎ Inclusion in a multivariate model was based on p b 0.1. Using stepwise backward selection
a A graphical result is shown in Fig. 2. 2.573·npr-28.358 (npr-0.491)^3 + 64.672·(npr-0.62
beds and staff requirements, identifying patients with unexpect-
ed long LoS or benchmarking ICUs.

We found that as the numbers of hospital or ICU beds increase ICU
LoS decreases. A previous study found no associations between ICU
LoS and number of hospital beds in five categories after case-mix
ICU characteristic Final model including multiple ICU
characteristics

p-Value Parameter (95% CI) p-Value

0.803
0)
0)

0.093⁎⁎

7)
012)
1) 0.040⁎

02) 0.039⁎ 0.009 (0.002 to 0.014) b0.001
3) 0.512
0) 0.509
8) 0.242
7) 0.522
9) 0.912
5) 0.456
035) 0.016⁎

3) 0.227
013) b0.001⁎ −0.030 (−0.034 to −0.025) b0.001
0) 0.058⁎⁎
) 0.999

b0.001⁎

3) 0.221
037) b0.001⁎ 0.035 (0.017 to 0.054) b0.001
6) 0.965
3) 0.668

ciated with the characteristic.
coronary care unit.

p N 0.1 was used for exclusion.
7)^3 − 36.508·(npr-0.735)^3− 0.193 (npr-1.061)^3.
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adjustment [8]. An explanation could be that larger hospitals care for
more severely ill patients. Another study found no change in ICU LoS re-
ducing the number of ICU beds and when severity of illness stayed con-
stant [9]. One of the explanations could be the increase in nurses per
bed.We also found that the availability of fellows resulted in an increase
of ICU LoS. Previously, ICU LoS has been shown to be longer [15], unaf-
fected [28] or shortened [29] at pediatric ICUs after correcting for pa-
tient case-mix in the presence of fellows. Furthermore, we found that
the ICU LoS increased as the number of ICU nurses decreased. This con-
forms a systematic literature review which indicates that the presence
ICU nurses is associated with reduced ICU LoS [30]. We found no associ-
ation between ICU LoS and the ratio of intensivists to operational beds,
but the ICU LoS was associated with the ratio of nurses to patients. A
previous study has shown that an increase in the bed to physician
ratio was associated with a decrease in ICU LoS [12]. One study devel-
oped a quality indicator for ICU LoS and classified ICUs in two groups
based on efficiency [31]. They analyzed the association between effi-
ciency and ICU characteristics. They found a significant negative associ-
ation for the number of physicians, intensivist per bed and the
availability of intensivist. They found a significant positive association
for nurses to bed ratio. However, these associationswere not significant
in a multivariate model.

We found that ‘discharged in a shift with 100% bed occupancy’ was
associated with shorter ICU stay. The reason could be that there was
pressure to discharge patients somewhat faster to make bed capacity
available. This is in line with previous research, which showed that de-
lays in discharging patients from the ICU decreasedwhen bed occupan-
cy increased [32] and in the event of bed shortage admissions and
discharges are triaged, increasing the number of rejected admission re-
quests and shortening the LOS [21,33].

Step-down units are intermediate levels of care between ICU and
general wards [10,34]. The availability of step-down units may reduce
ICU LoS [11,17,19]. Step-down units were available among the top 10
performing ICUs inUnited States [10].We foundno association between
the availability of step-down beds on the ICU and ICU LoS in our data.
However, the NICE registry only records the number of step-down
beds under responsibility of an intensivist. Previously, researchers
have reported that having a full time intensivist [13,14] or being able
to call an intensivist [35] decreases ICU LoS and the absence of a full
time intensivist prolonged ICU LoS [36]. Furthermore, studies found
that teaching hospitals had longer [8,16,17] or shorter [13,18] ICU LoS.
However, following correction for patient characteristics, we found no
statistically significant associations between ICU LoS and the average
hours of intensivist availability, the availability of intensivists on week-
days or at weekends, the ability to call an intensivist, type of hospital or
ICU level.

A strength of this study is the large amount of patient level data
available in the NICE registry. Although not all Dutch ICUs register
data on their structure and logistics processes, we believe that the
ICUs included in this study were representative for all Dutch ICUs as
we found similar distribution of ICU level and hospital type among the
included and excluded ICUs. A limitation of this study is that we did
not have information on the availability of intermediate care or step-
downunits in the hospitals or on other factors, whichmay be associated
with ICU LoS. These include whether ICUs: had open or closed manage-
mentmodels [37-39]; standardized care by following guidelines [17,19]
using clinical pathways [17] or process related guidelines and protocols
[10,17]; or had discharge policies for when ICU or general beds are
scarce. Discharge policies may influence ICU LoS predictions, but may
not directlymean low utility in terms of identifying outliers [7]. Another
limitation of this study is that although, none of the ICU characteristics
showed a correlation coefficient smaller than−0.9 and larger than 0.9
which were chosen as cut-off values for collinearity, it is likely that sev-
eral characteristics are not independent predictors. For example, the
number of ICU beds and the total number of ICU nurseswere related. In-
terestingly, both the number of ICU beds and number of ICU nurses
appeared to be independent predictors in multivariate analysis. Fur-
thermore, the direction of the regression coefficient changed for both
the number of ICU beds and the 100% bed occupancy, which may be
caused by associations between the three ICU characteristics included
in the full model. Since the purpose of the full model was to predict
ICU LoS, including these correlated ICU characteristics is not a problem.

5. Conclusions

After correcting for patient characteristics, we found statistically sig-
nificant associations between ICU LoS and six ICU characteristics. These
characteristicsmainly describe staff availability. Adding ICU characteris-
tics to a predictionmodel for ICU LoS already containing patient charac-
teristics did not substantially improve the performance of the model.
This indicates that the use of ICU characteristics have little additional
utility above the use of only patient characteristics, when predicting
ICU LoS.

Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.jcrc.2017.08.014.
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