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Purpose: To compare categorical and continuous combinations of the standardizedmortality ratio (SMR) and the
standardized resource use (SRU) to evaluate ICU performance.
Materials andmethods:Weanalysed data from adult patients admitted to 128 ICUs in Brazil andUruguay (BR/UY)ICU benchmarking
and 83 ICUs in The Netherlands between 2016 and 2018. SMR and SRUwere calculated using SAPS-3 (BR/UY) or
APACHE-IV (The Netherlands). Performance was defined as a combination of metrics. The categorical combina-
tion was the efficiency matrix, whereas the continuous combination was the average SMR and SRU (average
standardized ratio, ASER). Association amongmetrics in eachdatasetwas evaluatedusing Spearman's rho and R2.
Results:We included 277,459 BR/UY and 164,399 Dutch admissions. Median [interquartile range] ASER = 0.99
[0.83–1.21] in BR/UY and 0.99[0.92–1.09] in Dutch datasets. The SMR and SRU were more correlated in BR/UY
ICUs than in Dutch ICUs (Spearman's Rho: 0.54vs.0.24). The highest and lowest ASER values were concentrated
in the least and most efficient groups. An expert focus group listed potential advantages and limitations of both
combinations.
Conclusions: The categorical combination of metrics is easy to interpret but limits statistical inference for
benchmarking. The continuous combination offers appropriate statistical properties for evaluating performance
when metrics are positively correlated.

© 2022 Elsevier Inc. All rights reserved.
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1. Introduction

Benchmarking processes and outcomes metrics provide healthcare
professionals and policymakers opportunities to identify outliers and
targets for quality improvement [1]. In intensive care, benchmarking
of performance is frequently applied using risk-adjusted mortality and
ronic Health Evaluation; ICU,
lified Acute Physiology Score;
ource Use.
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resource use measures [2]. Intensive care unit (ICU) performance
should be evaluated in different perspectives [3-5], and standardized
outcome measures have been preferred since they are case-mix ad-
justed and easy to interpret. The two most commonly used metrics to
assess ICU performance are the standardized mortality ratio (SMR)
and the standardized length-of-stay, also called standardized resource
use (SRU), which measure the clinical efficacy and the efficiency of a
unit, respectively [5-7].

Quantifying ICUperformance based on the combination of these two
measures is challenging. A few studies have considered different ways
of combining SMR and SRU, for example, categorical and continuous ap-
proaches. The first has traditionally been used in ICU benchmarking,
y of Health and Social Security de ClinicalKey.es por Elsevier en agosto 19, 
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such as the Rapoport-Teres graph or the “efficiency matrix” [7-11]. This
approach uses the median values of SMR and SRU to categorize units
into four efficiency groups. The second approachwas proposedmore re-
cently and averages the SMR and SRU for each unit, thus obtaining a sin-
gle continuous performance metric [12].

Each approach has its benefits and drawbacks. The categorical
approach can identify groups of interest straightforwardly, such as
the best and worst-performing units [9,13]. However, categorising a
continuous outcomemay result in a loss of information for further infer-
ence analysis. Otherwise, the continuous approach is an attractive alter-
native to reduce information loss and improve comparisons when
benchmarking. However, the resulting single performance metric has
yet to be assessed.

This study aimed to compare the categorical and the continuous ap-
proaches combining SMR and SRU to evaluate and benchmark ICU per-
formance.We hypothesize that clinicians have different opinions on the
application possibilities of the two approaches and that different rela-
tions between SMR and SRU might provide distinct insights and inter-
pretations in practice. An ICU might be considered efficient using one
approach but not when using the other, or the data sample could affect
ICU efficiency. Hence, we used two datasets of ICUs, one from two South
American countries, Brazil, and Uruguay, and the other from The
Netherlands. We assessed the categorical and the continuous combina-
tions of the SMR and SRU in the two different settings and provided rec-
ommendations on the usage of both approaches.

2. Materials and methods

2.1. Study design and data source

We performed a retrospective observational analysis on data
from two large ICU networks in Brazil/Uruguay (BR/UY) and The
Netherlands [11,14,15]. BR/UY data was obtained from the “Organiza-
tional CHaractEriSTics in cRitical cAre” (ORCHESTRA) network [11,15].
This dataset contains demographic and clinical data, and outcomes for
adult patients (≥ 16 years old) admitted to 128 ICUs (123 from Brazil
and five from Uruguay) in 77 hospitals (72 from Brazil and five from
Uruguay) from 2016 to 2018. In both countries, patient data were re-
trieved from the Epimed Monitor System® (Epimed Solutions®, Rio de
Janeiro, Brazil) [16]. Dutch patient admission data was obtained from
the Dutch National Intensive Care Evaluation (NICE) registry, a non-
profit foundation established by intensivists in 1996 [14] to evaluate
ICU performance and quality of care. It consists of demographic, physi-
ological, and clinical data and outcomes of ICU patients from all Dutch
ICUs in the Netherlands, mainly extracted from electronic patient
records and manually validated according to stringent data quality
measures. The Brazilian National Ethics Committee (Brazil CAAE:
19687113.8.1001.5249), the Ethics committee of the Hospital Maciel,
Montevidéo, Uruguay (protocol no 20/2017), and the Medical Ethics Re-
view Committee of the Amsterdam University Medical Centers (refer-
ence number W20_192#20.223) approved the study and waived the
need for informed consent.

2.2. Study population

We included all adult ICU patients (age ≥ 18 years old) in both
datasets admitted between 2016 and 2018. The countries use different
severity of illness scoring systems. Hence, in the BR/UY dataset, patients
were excluded based on the Simplified Acute Physiology Score 3 (SAPS-
3) exclusion criteria [17], consisting of patients with missing core data
such as age, location before ICU admission, main ICU admission diagno-
sis, and readmissions. In the Dutch dataset, patients were excluded
based on the Acute Physiology And Chronic Health Evaluation
(APACHE) IV exclusion criteria: patients with an ICU length-of-stay
(LOS) ≤ 4 h or longer than one year; readmissions; patients admitted
from another Coronary Care Unit (CCU) or ICU; patients with missing
2

Descargado para Lucia Angulo (lu.maru26@gmail.com) en National Library o
2022. Para uso personal exclusivamente. No se permiten otros usos sin autor
admission diagnosis or admission type; patients with burns; transplant
patients or CCU or recovery patients [18]. In addition, patients with
missing SAPS-3 or APACHE-IV scores were excluded. We excluded
ICUs with more than 10% missing data of admission diagnosis or hospi-
tal outcomes. Patient-level data furthermore consisted of the patient's
demographics (age and gender), type of admission (i.e., medical, elec-
tive surgical, or urgent surgical), the severity of illness at ICU admission,
i.e., the SAPS-3 score and probability used in BR/UY ICUs, and the
APACHE-IV score and probability used in Dutch ICUs, the in-hospital
and ICU mortality, and ICU length-of-stay in days (defined as 24-h pe-
riods based on admission and discharge dates). Organizational level
data consisted of ICU and hospital size expressed as the number of beds.

2.3. Outcomes and ICU performance

Our primary outcome was the ICU performance as the combination
of two outcome measures, the SMR and SRU, both adjusted for the
severity of illness score as used in each country.

The SMR corresponds to the ratio of the observed number of deaths
to the expected number of deaths. The expected number of deaths was
obtained by the sumofmortality probabilities obtained from the SAPS-3
standard equation [19] or APACHE-IV risk models [18].We performed a
first-level customization of risk models to reduce the potential over- or
underestimation of the predicted risks, thus providing recalibrated
mortality risks (Appendix A, Fig. S1).

Similarly, SRU corresponds to the observed resource use to the ex-
pected resource use ratio. For this purpose, we considered the ICU LOS
as a surrogatemeasure of ICU resource use [9]. Following the SRUmeth-
odology [9,13], the observed use of resources was calculated as the total
ICU LOS and the expected use of resources was the average ICU LOS per
surviving patient. We obtained ICU LOS estimates for each decile
of the recalibrated probabilities obtained from SAPS-3 (BR/UY) or
APACHE-IV (The Netherlands) models to reduce potential biases due
to miscalibration (Appendix A, Table S1).

We combined SMR and SRU in twoways: a categorical approach and
a continuous approach. In the first, we grouped the ICUs using the SMR
and SRU efficiency matrix [8,9]. This method uses the respective me-
dians of SMR and SRU distribution to define efficiency groups: the
most efficient (both SMR and SRU < median), underachieving (SMR ≥
median and SRU < median), overachieving (SMR < median and SRU ≥
median), and the least efficient (both SMR and SRU ≥medians). Second,
we used the average of SMR and SRU to obtain a single performance
metric [12], defined as (SMR + SRU)/2. We refer to this metric as the
Average Standardized Efficiency Ratio (ASER). Since this metric is de-
rived from SMR and SRU, the interpretation is similar: the lower the
ASER, the better the ICU performance and efficiency than expected.

2.4. Data analysis

We described the study population (patients and ICUs) from both
countries. We used median and interquartile range (IQR) or mean and
standard deviation (SD) for continuous variables depending on their
distribution. For categorical variables, we used absolute frequencies
and proportions.

For each country, we analysed the distribution of SMR and SRU
values. We evaluated the SAPS-3 and APACHE-IV risk probabilities
using the calibration belts [20] (Appendix A, Fig. S1). Using the effi-
ciency matrix, we visualised the association between SMR and SRU
and estimated their correlation using Spearman's rho coefficient [21].

We calculated the ASER per ICU per dataset. To assess the ASER in
each sample, we evaluated its distribution and association with SMR
and SRU both combined and individually. First, we added the ASER in
the efficiency matrix, observed the low and high performing units' pat-
tern, and described the ASER distribution per efficiency group. Then,
using a linear regression model, we estimated the R2 coefficient of de-
termination to obtain the level of association using SMR or SRU as the
f Health and Social Security de ClinicalKey.es por Elsevier en agosto 19, 
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Table 2
Characteristics and outcomes of critically ill patients in Brazil/Uruguay and The
Netherlands.

Characteristics and Outcomes Brazil and
Uruguay

The Netherlands

Total number of patients 277,459 164,399
Age (years), median (IQR) 65 (49, 78) 66 (54,75)
16–30, N (%) 19,487 (7%) 9599 (5.8%)
31–40 25,798 (9.3%) 8558 (5.2%)
41–50 28,144 (10%) 15,300 (9.3%)
51–60 41,238 (15%) 27,707 (16.9%)
61–70 52,472 (19%) 42,542 (25.9%)
71–80 52,960 (19%) 41,572 (25.3%)
81–90 44,918 (16.2%) 17,716 (10.8%)
>90 12,442 (4.5%) 1405 (0.9%)

Gender, N (%)
Female 140,529 (50.6%) 69,636 (42.4%)
Male 136,790 (49.3%) 94,748 (57.6%)
Unknown/Transgender 140 (0.1%) 15 (<0.1%)

Admission type, N (%)
Medical 183,561 (66%) 100,252 (61.0%)
Elective surgery 74,610 (27%) 43,742 (26.6%)
Urgent surgery 19,288 (7.0%) 20,405 (12.4%)

Severity-of-illness score, median (IQR)
Simplified Acute Physiology Score
(SAPS-3)

43 (34, 54) –

Acute Physiology and Chronic Health
Evaluation (APACHE-IV)

– 53 (38, 75)

Predicted mortality risk
SAPS-3 Predicted mortality risk 0.09 (0.03,

0.24)
–

APACHE-IV Predicted mortality risk – 0.08 (0.03, 0.26)
Outcomes
ICU Length-of-Stay (days), median (IQR) 2 (1, 5) 2 (2, 4)
ICU mortality, N (%) 24,470 (8.8%) 16,048 (9.8%)
Hospital mortality, N (%) 37,557 (14%) 23,023 (14%)

ICU: Intensive Care Unit; IQR: Interquartile Range (1st Quartile – 3rd Quartile); SD: Stan-
dard Deviation.
–: not available in the dataset.
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response variable and as the ASER predictor. We also assessed potential
unexpected behaviour of units due to under and overestimation in
ASER, SMR and SRU using funnel plots [21,22]. As a sensitivity analysis,
we evaluated the association between SMR, SRU and ASER stratified by
each year of the study period (2016, 2017, and 2018).

Since the severity of illness of patients in ICUs from both datasets
was not comparable due to the different risk scores (SAPS-3 vs
APACHE-IV) used,we performed all analyses in each of them separately.
A p-value of 0.05 was considered significant in statistical tests, and 95%
confidence intervals were calculated using 5000 bootstrapped samples.
We performed all statistical analyses in R version 4.1.2. We followed
STROBE guideline recommendations (Appendix B).

Finally, we conducted an expert focus group to obtain a list of recom-
mendations for using both combinations, including limitations, clinical
and statistical interpretation, and implications for further use for
benchmarking purposes. This group consisted of four intensivists and
four statisticians/methodologists, who discussed and identified the
main clinical and statistical advantages and disadvantages using both
approaches.

3. Results

Of 441,858 patients, 277,459 (63%) were admitted to 128 BR/UY
ICUs and 164,399 (37%) were admitted to 83 Dutch ICUs. On average,
BR/UY ICUs were larger than Dutch ICUs (Table 1). The median age in
BR/UY ICUs (Table 2) was comparable to the median age in Dutch
ICUs, but the proportion of patients over 60 years old was higher in
the Dutch population (62.9% vs 58.7%). The median SAPS-3 score in
BR/UY patients was 43 [IQR: 34–54], and the median APACHE-IV score
in Dutch patients was 53 [IQR: 38–75]. Dutch ICUs admitted more
male than female patients. This difference was absent in BR/UY (male:
50.6% vs 49.3%). Most ICU admissions were medical in both samples
(over 60%). Proportions of crude ICU and in-hospital mortality in BR/
UY and Dutch units were comparable (ICUmortality: 8.8% vs 9.8%; hos-
pital mortality: 14% vs 14%). ICU length of stay between BR/UY and
Dutch patients was also similar (median ICU LOS = 2 [IQR: 1, 5] days
and 2 [IQR: 2, 4] days, respectively).

The distribution of SMR and SRUwas quite different between the two
countries (Fig. 1, Appendix A, Fig. S2). BR/UY units showed larger SMR
and SRU variability than Dutch units (Table 1, Fig. 1). The SMR and SRU
were more correlated in BR/UY ICUs than in Dutch ICUs (Spearman's
Rho: 0.54 vs 0.24). The proportion of units in overachieving or
underachieving groups was lower in BR/UY than in the Dutch dataset
(34% vs 41%, respectively, Appendix A, Table S2). When observing the
ASER values for both datasets, the highest and lowest values of ASER
were concentrated in the least and most efficient groups, respectively.
However, the BR/UY dataset has more units with high SMR or SRU,
Table 1
Characteristics and outcome metrics of Brazilian/Uruguayan and Dutch ICUs.

Characteristics and outcomes Brazil/Uruguay The Netherlands

Total number of ICUs 128 83

ICU Beds, median (IQR) 14 (10,20) 12 (7, 16)
Hospital Beds, median (IQR) 217 (151, 380) 438 (315, 626)
Proportion of ICU bed/Hospital bed (%),
median (IQR)

5.9 (3.3, 12.1) 2.7 (2.1, 3.5)

Overall outcome performance,
median (IQR)

Standardized Mortality Ratio (SMR) 0.97 (0.76, 1.21) 1.00 (0.89, 1.12)
Standardized Resource Use (SRU) 1.06 (0.79, 1.30) 0.98 (0.88, 1.08)
Averaged Standardized Efficiency
Ratio (ASER)

0.99 (0.82, 1.21) 0.99 (0.92, 1.09)

ICU: Intensive Care Unit.
IQR: Interquartile Range (1st Quartile, 3rd Quartile).
ASER: Average between SMR and SRU.
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expressed as a larger number of extreme ASER values, mostly concen-
trated in the “least efficient” group. In contrast, Dutch units aremore con-
centrated toward the median (Fig. 1).

Fig. 2 shows the association between SMR and SRU with the ASER
using a linear regression model. In the BR/UY sample, the association
between SMR and SRU with ASER was high (R2: 0.74 and 0.81 for SMR
and SRU, respectively), while in the Dutch sample, this association
was lower (R2: 0.67 and 0.60 for SMR and SRU respectively). In addition,
the analysis using funnel plots showed that the ICUs were mainly lo-
cated within the control limits for SMR, SRU and ASER, and, therefore,
were no signs of relevant under or overestimation of values (Appendix
A, Fig. S3). In our sensitivity analysis, we observed that the results on the
association between SMR, SRU and ASER for each year were similar to
those in themain analysis in both BR/UY and Dutch datasets (Appendix
A, Figs. S4–S6).

Inspired by these quantitative results, the expert focus group
composed a list of potential advantages, limitations and statistical and
clinical interpretations of considering a categorical and continuous
approach for combining SMR and SRU (Table 3). From a statistical
perspective, the categorical approach implies that units from the same
group have similar performance, whereas the continuous combination
provides a span of performance values. The latter feature provides
more information for statistical models, thus not requiring a large
amount of data to perform benchmarking or providing better estimates
in further statistical analysis. Furthermore, when observing their usabil-
ity and interpretation, categorising performancemetrics provides a very
straightforward performance indicator (e.g., low or high). However, the
classification is often post-hoc and depends on the chosen cut-offs.
Additionally, the continuous combination provides a general perfor-
mance metric, facilitating the benchmarking process, but it is limited
when metrics present low or negative correlation.
f Health and Social Security de ClinicalKey.es por Elsevier en agosto 19, 
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Fig. 1. Distribution of the Standardized Mortality Ratio (SMR), Standardized Resource Use (SRU), and Average Standardized Efficiency Ratio (ASER) values in the efficiency matrix in
(A) Brazilian/Uruguayan ICUs and (B) Dutch ICUs. Mortality risks were obtained using the SAPS-3 model for Brazilian/Uruguayan units and the APACHE-IV model for Dutch units.

Fig. 2. Association between the Standardized Mortality Ratio (SMR), Standardized Resource Use (SRU), and Average Standardized Efficiency Ratio (ASER) between (A) Brazilian/
Uruguayan ICUs and (B) Dutch ICUs. The blue line is the regressionwith confidence intervals (shaded area). R2was obtained from the linear regressionmodel using theASER as a predictor
for SMR or SRU.
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4. Discussion

We evaluated two approaches to combine SMR and SRU for ICU
benchmarking using data from two large ICU networks in Brazil,
Uruguay, and The Netherlands. We observed that the correlation be-
tween SMR and SRU influences the properties of their combination. A
high positive correlation between SMR and SRU favours using the aver-
age as a general efficiency metric. In contrast, a lower correlation pro-
vides a balanced distribution of units per quadrant in the efficiency
matrix.

As expected, our results showed a high association between SMR
and SRU with ASER in the BR/UY sample (i.e., R2: 0.74 and 0.85 for
SMR and SRU, respectively). This association was lower in the Dutch
ICUs (i.e., R2: 0.67 and 0.60, respectively), and the most and least effi-
cient groups become less distinguishable from under- or overachieving
groups (Fig. 2). This finding potentially indicates that a low correlation
between SMR and SRU affected the distribution of the ASER. In addition,
the “cut-offs” for defining the efficiency groupsmay providemisclassifi-
cations and produce unreliable results, thus decreasing the rankability.
We noted that, although large, the BR/UYdata corresponded to a conve-
nience sample, whereas the Dutch data came from a complete coverage
national database; thus, national coverage is different. However, the
Table 3
Advantages and disadvantages of using a categorical/dichotomous versus the continuous repre

Dichotomous/Categorical

Definition Classify ICUs of efficiency groups (“Efficiency ma
et al., 1994/Rothen et al., 2007):
Most efficient ICUs are defined as ICUs with an SM
SMR and SRU < median SRU, least efficient ICUs
SMR > median SMR and SRU > median SRU

Studies where the outcome is used [Rothen et al. 2007] [9],
[Nathanson et al. 2007] [7],
[Soares et al. 2015] [11],
[Bastos et al. 2020] [10]

Statistical analyses Simplifies statistical analyses.
Units in the same group are assumed to have sim
Can evaluate differences among groups of efficien
statistical tests or regression analysis (e.g., comp
cient vs least efficient units)
Subgroups of ICUs can be further explored.

Limitations A larger number of observations/ICUs is needed t
consistent estimates in statistical modelling (e.g.
models).
Dichotomisation would lead to a loss of informat
true relationship between variables, resulting in
statistical power and a decreased effect size.
Choosing two groups (e.g., most efficient vs least
may limit the power of the analysis.
When regression is being used to adjust for the e
confounding variable, dichotomisation will run t
substantial part of the confounding remains.

Statistical interpretation Generally, there is no good reason to suppose tha
underlying dichotomy, and if one exists, there is
should be at the median. Therefore, interpretatio
highly dependent on the chosen cut-off point (e.
and median SRU).
It makes it challenging to model other categories
e.g., under- and overachieving ICUs (ICUs with S
SMR and SRU > median SRU and vice versa)
Dichotomisation conceals any non-linearity in th
between the variable and outcome.

Clinical interpretation of the definition Interpretation of ICUs performance is straightforw
either efficient or not.
ICUs close to the cut-off point but on opposite sid
characterised as being very different rather than

ASER: Averaged Standardized Efficiency Ratio; ICU: Intensive Care Unit; SMR: Standardized M
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heterogeneity in the BR/UY healthcare system we describe here has
been previously evidenced [10,11,15,23]. We note that although direct
comparison of ICU performance between countries was not possible,
SMR and SRU estimates were obtained from recalibrated SAPS-3 and
APACHE-IV models. This is in line with earlier literature showing that
regular assessment of calibration from mortality models is important
to provide reliable analysis [24].

Combiningmetrics is a natural approachwhen evaluatingmore than
one performancemeasure [25]. Decisions onwhether to combine or not
are essential in ICU benchmarking since metrics must represent the
unit's performance, and their interpretation can influence clinical and
managerial decision-making. Categorising into single continuous met-
rics or variables have been published before [7,9,10,26]. Our focus
group identified similar implications for using the efficiency matrix or
the average SMR and SRU.

The continuous approach, such as the ASER, retains the original in-
formation and interpretation of performance among units and enables
a more straightforward comparison. We noted that this combination
is only useful as a general outcome metric if SMR and SRU have a high
positive correlation. A negative correlation indicates that the metrics
are in the opposite direction, potentially incurring regression to the
mean and not favouring its usage as a general metric [21]. On the
sentation of ICU.

Continuous

trix”, Rapoport

R < median
are defined as

Calculate the arithmetic mean between SMR and SRU.
Averaged Standardized Efficiency Ratio (ASER)
ASER = (SMR + SRU)/2

[Wortel et al. 2021] [12]

ilar performance.
cy using
aring most effi-

Fewer observations/ICUs are needed to observe effects in
statistical modelling.
Units are not necessarily similar in terms of performance. A
continuous metric provides a span of values of performance
metrics that can be analysed.
Depending on the distribution of the ASER, multiple parametric or
non-parametric statistical analyses can straightforwardly be
applied.

o obtain
, regression

ion about the
a loss of

efficient units)

ffect of a
he risk that a

Averaging SMR and SRU may not be fully representative of a unit's
actual performance (e.g., units with high SMR and low SMR may
present an average value closer to the reference lines for grouping
units)
SMR and SRU may have different weights during the
decision-making process. The arithmetic mean is a simple
approach to combine those metrics. Other averaging metrics and
different weights could be incorporated.

t there is an
no reason it
n of the results is
g., median SMR

of ICUs,
MR < median

e relation

For ICUs with very low SMR and very high SRU (or vice versa), the
resulting ASER is distorted.
Hence, a negative correlation between SMR and SRU may limit the
achievement of a general outcome metric (metrics point to
opposite directions).

ard: a unit is

es are
similar.

Interpretation is not always clear: e.g., it is difficult to identify
which ICUs are ‘good’ and ‘bad’, and there is no cut-off point.
However, a single measure score may provide straightforward
information on overall efficiency.
It might be more important for some ICUs to know how they score
on the SMR, while others might find their performance based on
SRU more important. It is unclear which of the underlying
indicators the ICU could improve with a single average score.

ortality Ratio; SRU: Standardized Resource Use.
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other hand, the categorical/dichotomous approach provides a straight-
forward (clinical) interpretation [27] since an ICU is positioned into a
specific performance category. However, units in different efficiency
groups but very close to the cut-off points are considered different,
while their SMR and SRU values might be very similar. Furthermore,
units from the same group are considered equal and, thus, this loss of in-
formation may harm further analyses, especially when the sample size
is already small [28,29]. In fact, there are rare reasons for discretising a
continuous metric, for instance, only if the categories are intrinsic to
the variable's nature or known cut-offs in its distribution [30,31].

Choosing one of those combination approaches will depend on the
management, research, or clinical objectives. A categorical approach
seems adequate to identify performance groups instead of individual
comparison. For instance, the ICU manager can quickly identify if the
unit must improve mortality or use of resources. However, even within
those groups, targets for improvement in organizational processes may
be different, and grouping may reduce the comparability among units.
On the other hand, if the goal is to compare individual performance, a
continuous approach may be preferable. For instance, continuous met-
rics may provide better statistical properties and more robust results
in inference analysis, which assist studies that evaluate the association
between organizational factors and ICU efficiency and identify targets
for process improvement [10-13]. This behaviour might explain possi-
ble non-significant results due to dichotomising performance in addi-
tion to reduced sample size when comparing two groups (e.g., “least”
and “most” efficient groups).

We evaluated the association between SMR and SRUwith their com-
bination approaches. SMR and SRUpresented a high positive correlation
for BR/UY ICUs, resulting in units concentrated in quadrants of “least”
and “most” efficient units in the efficiency matrix. For Dutch units, the
correlation was lower, and all efficiency quadrants were more equally
distributed (Fig. 1). However, ASER was correlated with SMR and SRU
individually in both countries, especially for BR/UY units (Fig. 2).
Hence, the average SMR and SRU could be used as a general efficiency
measure in those settings of moderate/high correlation between those
metrics.

The strengths of our work include the analysis of outcome metrics
from large national networks of ICUs in three distinct countries, Brazil,
Uruguay, and The Netherlands. We had information on the severity of
illness and outcomes for all studied patients. The present study also
has some limitations. First, comparisons among countries were not pos-
sible due to differences in the locally adopted severity of illness score.
However, we performed our analysis per dataset, considering their dis-
tribution of SMR and SRU. Second, our analysis was limited to the com-
bination of twometrics. Using the averagemay give reasonable results if
more than twometrics present considerable collinearity. Third, we used
the arithmetic mean to compute the ASER, thus implying equal weights
for SMR and SRU, which may differ in other circumstances with differ-
ent priorities. However, we noted that the continuous combination
could easily incorporate different weights and keep the properties dis-
cussed previously, especially when the correlation between SMR and
SRU is high. The categorisation becomes challenging in the case of mul-
tiple dimensions. Our study analysed the two main metrics used in ICU
benchmarking, SMR and SRU, measuring different performance per-
spectives. Hence, different combination methods, such as clustering or
data envelopment analysis, should be applied.
5. Conclusion

Combining measures of performance indicators will always conceal
some degree of information. The continuous combination offers appro-
priate statistical properties for evaluating benchmarkingwhen outcome
metrics are highly positively correlated, assisting the identification of
process improvement targets. The categorical combination facilitates
the interpretation of outcomes results, such as identifying best and
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worst-performing ICUs but should be usedwith cautionwhen the num-
ber of units is limited.
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