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Purpose: As the goal of ICU treatment is survival in good health, we aimed to develop a prediction model for ICU
survivors' change in quality of life (QoL) one year after ICU admission.

Materials & methods: This is a sub-study of the prospective cohort MONITOR-IC study. Adults admitted 212 h to
the ICU of a university hospital between July 2016-January 2019 were included. Moribund patients were ex-
cluded. Change in QoL one year after ICU admission was quantified using the EuroQol five-dimensional (EQ-
5D-5L) questionnaire, and Short-Form 36 (SF-36). Multivariable linear regression analysis and best subsets re-
gression analysis (SRA) were used. Models were internally validated by bootstrapping.

Resuits: The PREdicting PAtients’ long-term outcome for Recovery (PREPARE) model was developed (n = 1308
ICU survivors). The EQ-5D-models had better predictive performance than the SF-36-models. Explained variance
(adjusted R?) of the best model (33 predictors) was 58.0%. SRA reduced the number of predictors to 5 (adjusted
R? = 55.3%, SE = 0.3), including QoL, diagnosis of a Cardiovascular Incident and frailty before admission, sex, and
ICU-admission following planned surgery.

Conclusions: Though more long-term data are needed to ascertain model accuracy, in future, the PREPARE model
may be used to better inform and prepare patients and their families for ICU recovery.

© 2021 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Every year, millions of patients are admitted to an intensive care unit
(ICU) worldwide. Due to advances in critical care medicine the number
of patients that survive their critical illness has been steadily increasing
[1]. However, over the last two decades, it has become more clear how
devastating and long-lasting the consequences of critical illness can be

Abbreviations: PREPARE, PREdicting PAtients' long-term outcome for Recovery; ICU,
Intensive Care Unit; QoL, Quality of Life; SRA, Subsets Regression Analysis; EQ-5D-5L,
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Subjects; PCS, Physical Component Summary (of the SF-36 questionnaire); MCS, Mental
Component Summary (of the SF-36 questionnaire); EHR, Electronic Health Record; CFS,
Clinical Frailty Scale; VAS, Visual Analogue Scale; APACHE, Acute Physiology and Chronic
Health Evaluation; NICE, (Dutch) National Intensive Care Evaluation registry; AIC,
Akaike's Information Criterion; a-R?, adjusted R%; MSE, Mean Square Error; SE, Standard
Error; VIF, Variance Inflation Factor; CVA, Cerebro Vascular Accident.
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for ICU survivors and their families. Physical, mental, and cognitive
health symptoms can persist for months or even years post-discharge,
severely affecting quality of life (QoL). Many patients and families are
unaware of this fact, and are often too optimistic about long-term health
expectations, underestimating the possible time and effort needed to
return to their previous health state and associated life activities [2,3].

As highlighted by the COVID-19 pandemic [4], incorporating QoL as-
pects in decision making is incredibly important [5]. Expected ICU survi-
vors need conversations about good quality of survivorship: what it
entails for a particular person, whether it can be achieved, and what is
necessary to achieve it.

Long-term prognoses are often based on caregivers' expert opinion
and experience. Even though this is of invaluable importance in clinical
practice, ICU physicians and nursing staff cannot always reliably predict
future QoL [6-8]. At the same time, patients and families do not always
feel comfortable speaking up about their concerns and preferences
without invitation [9,10]. As it is not only the patient's survival that mat-
ters, but also their QoL, taking a more holistic point of view and broad-
ening focus from being primarily on vital parameters is essential.
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Therefore, to improve communication between the patient and their
family and ICU clinicians regarding long-term outcomes of critical ill-
ness and ICU treatment, an increased use of patient reported outcome
measures (PROMs) is needed. Prediction models can aid the incorpora-
tion of PROMs in clinical decision making, and provide a more tailored
prognosis regarding long-term health outcome.

Prediction modelling within the ICU has been predominantly fo-
cused on modelling short-term mortality [11,12]. Few models consider
long-term health outcomes [13-15], let alone long-term QoL [16], and a
clear path towards their use in the ICU is often rare. Existing models can
be used to predict the chances of survival, but when survival is apparent,
conversations about the QoL after the ICU need long-term data on ICU
survivors to inform patients about the road to recovery and to provide
ICU physicians with more outcome information to guide their ICU deci-
sion making and achieve goal-concordant care. Therefore, the aim of the
present study was to develop a model to predict the change in QoL of
ICU survivors one year after ICU admission, with the clear goal of its
use in clinical practice.

2. Materials & methods
2.1. Study design and population

Data were obtained through an ongoing multicenter prospective co-
hort study (MONITOR-IC study), in which long-term outcomes of ICU
patients are measured up to five years after ICU admission
(ClinicalTrials.gov: NCT03246334). ICU patients aged 16 years or older
were excluded when they had been admitted to the ICU for less than
12 h, had a life expectancy of less than 48 h, or could not read or
speak the Dutch language. The MONITOR-IC study protocol has been
previously published and can be referred to for further detail [17].

For this ancillary study, data of patients who were admitted to one of
the five adult units of the intensive care department of a university hos-
pital between July 2016 and January 2019 were used. The intensive care
department regularly treats patients after complex cardiac surgery. It
also has a unit specifically designed for patients who have difficulty
being weaned from ventilation. The study population included medical,
planned and emergency surgery admission types. The follow-up period
was one year.

Possible predictors and other specific points of interest were
discussed with two members of the patient organization (www.fcic.
nl) before analysis and model development began. Post-analysis, the
finished prediction model was again discussed with a patient organiza-
tion representative.

The study has been approved by the research ethics committee of
the Radboud University Medical Centre, CMO region Arnhem-
Nijmegen (number 2016-2724). All patients, or their legal representa-
tive, provided written informed consent.

2.2. Data collection

Patients were asked to complete self-administered questionnaires
regarding their health status before and one year after ICU admission.
In the case of unplanned ICU admissions, patients or proxies were
asked to recall their health situation before admission and complete
the questionnaire retrospectively as soon as possible after admission.
Patients with a planned ICU admission filled in the baseline question-
naire at the outpatient clinic before ICU admission. E-mail and tele-
phone reminders were used in the case of non-response for 4 or 6
weeks, respectively. After 90 days of non-response, patients were
excluded.

2.2.1. Outcome measure

The outcome measure, change in QoL one year after ICU admission,
was calculated as the QoL one year after ICU admission minus the QoL
before ICU admission (at baseline). A positive change in QoL meant a
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QoL improvement, and a negative change in QoL meant a decrease. It
was quantified using both the EQ-5D-5L questionnaire [18], and the
Short-Form 36 (SF-36) questionnaire [19], as specifically calibrated for
the Dutch population [20]. Both questionnaires are oft-used measure-
ments of QoL in ICUs [21,22]. Both were used for initial analyses to see
which model would perform better, after which one was chosen for
continued main analyses.

The EQ-5D is generally used in health technology assessment stud-
ies, though it is still frequently used in ICU research [21]. It consists of
five questions each highlighting different aspects of QoL. The Dutch
EQ-5D-5L range is —0.446 to 1 [20], a higher score means a better
QoL. Its minimal clinically important difference is 0.08 [23].

The SF-36 is a staple of ICU QoL research [22]. Its 36 questions are
used to describe both the physical and the mental health aspects of
QoL, compiled into the physical component summary (PCS) and the
mental component summary (MCS). Both the PCS and MCS range
from O to 100, a higher score means a better QoL.

2.2.2. Predictors

Candidate predictors consisted of PROMs and other variables that
were part of the questionnaire filled in by the patients or proxies as
part of the MONITOR-IC study, and of medical patient characteristics
collected in the electronic health record (EHR). Two of the PROMs
used as candidate predictors in this study were frailty, measured using
the Dutch Clinical Frailty Scale (CFS) (range: (1 [very fit] - 9 [terminally
ill]) [24], and the Visual Analog Scale (VAS, a part of the EQ-5D, a mea-
sure of overall QoL experience) (both assessed by patients or proxies
themselves). Examples of other questionnaire variables are marital sta-
tus and education level (categorized according to highest finished level
of education as low [unfinished primary education, primary education,
lower-level secondary education], middle [intermediate general sec-
ondary education, secondary vocational education, pre-university edu-
cation], or high [high professional education or academic education]).
All PROMs and other variables collected in the MONITOR-IC database
can be found in the study protocol [17]. EHR data included information
about the first 24 h of a patient's admission to the ICU, as well as hospital
and ICU length of stay. This was supplemented with the Acute Physiol-
ogy and Chronic Health Evaluation IV (APACHE IV) score and physiolog-
ical factors like blood pressure. All of these variables were collected by
the Dutch National Intensive Care Evaluation registry (NICE: https://
stichting-nice.nl/), with standardized definitions as specified in their
data dictionary.

A preselection of possible predictors was executed based on expert
opinion |25], future model ease-of-use and existing literature [21,26-
28]. The full list of candidate predictors can be found in the Additional
Files (Additional File 1).

2.3. Statistical analysis

The aim was to achieve the best predictive performance as opposed
to explain associations between the predictors and the outcome. Predic-
tive performance was primarily expressed as the explained variance
(R?). This aim guided all of the analysis decisions [29].

Complete case analysis was applied, meaning that the prediction
model has explicitly been developed using survivor data. Multiple im-
putation was applied to account for independent variable missing
values, but did not significantly change predictive performance.

In order to satisfy the regression assumption of normal dependent
variable distribution, the outcome measure was defined as change in
QoL after one year, i.e. QoL one year after ICU admission minus QoL be-
fore ICU admission (at baseline). To produce both a statistically sound
and practically useable prediction model for ICU survivors' change in
QoL after one year, multivariable linear regression analysis was applied
to find the model that best fit the data, followed by best subsets regres-
sion analysis (SRA). Calibration plots can be found in the Additional Files
(Additional File 3).
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2.3.1. Linear regression modelling: choosing the best fit model

To obtain the model that best fit the data with respect to Akaike's In-
formation Criterion (AIC) [30], a stepwise selection procedure was per-
formed. This model is subsequently referred to as the best fit model. The
adjusted R? (a-R?) and mean square error (MSE) were calculated to in-
dicate the predictive performance of the model.

2.3.2. Best subsets regression modelling: choosing the best practical model
SRA was used to identify the best practical model for use in daily
clinical practice, and to compare its performance to the best fit model.
This study considered a ‘practical’ model to be easy to use and thus
small in terms of the number of predictors needed, while still providing
an adequate predictive performance. SRA is a means for model selection
that consists of testing all possible combinations of predictor variables
while restricting the number of variables allowed in the prediction
model. The R function regsubsets from the R package leaps was used
to identify different best models of different sizes, ranging from the
best one-variable model up to the best ten-variable model [31]. The
best practical model was chosen based on expert-led discussion com-
bined with the predictive performance, defined as the a-R? increase in
the amount of variation explained in the model per predictor added.

2.3.3. Internal validation

For all models, interval validation was performed through bootstrap
sampling [32]. The model was fit on the bootstrap dataset for each of the
2000 bootstrap samples. The outcomes on the full dataset were pre-
dicted and the R? and MSE from these predictions were calculated.
Then, the mean R? and MSE across bootstrap samples as well as stan-
dard errors (SEs) were calculated. Good internal validation would result
in mean bootstrap R?'s that are similar to the model a-R?, and low SEs.

Classification tables for each bootstrap model to visualize the data fit
can be viewed in the Additional Files (Additional File 4). For these, we
categorized observed and predicted change in QoL score in three cate-
gories (<—0.2, —0.2-0.2, and > 0.2) and tabulated them. The variance
inflation factor (VIF) was used to identify multicollinearity in the
models. Variables with VIF > 5 were removed from the model.

Some additional analyses were explored for the purpose of exploring
the consequences of our choice of outcome measurement and complete
case analysis strategy. These can be viewed in Additional Files 4 and 5.
These include the analysis using the SF-36 questionnaire to quantify
Qol and a prediction model using EQ-5D including confirmed deaths
(i.e. non-survivors).

All analyses were performed in R, version 3.6.2, using the readxl,
MASS, haven, tidyr, ggplot2, plyr, gamlss, Imtest, foreign, varhandle,
leaps and xlIsx packages [31,33-42]. The Transparent Reporting of a mul-
tivariable prediction model for individual prognosis or diagnosis (TRI-
POD) was used to check that reporting adhered to their
recommendations for the reporting of studies developing a prediction
model [43].

3. Results

Between July 2016 and January 2019 a total of 4315 patients were
admitted to a university hospital, of whom a total of 2291 patients
were included in the MONITOR-IC study. Of these, 780 (34.0%) were ex-
cluded from this study because their one-year outcome measurements
were missing, either due to death (n = 184, 8.0%), a wish to discontinue
study participation (n = 291, 12.7%), noncompletion of questionnaire
(n = 36, 1.6%) or other, unknown reasons (n = 269, 11.7%), resulting
in a dataset of 1511 patients, of whom 1308 records had no other miss-
ing non-outcome data (Fig. 1).

3.1. Baseline patients characteristics

The median age of the study population was 65.0 years (interquar-
tile range [IQR] = 57-71) and the majority was male (67.9%). Their
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All patients admitted to a
University hospital between
July 2016 - January 2019
n=4315

Excluded, n= 2024 (46.9%)

Did not want to participate; n = 1104 (25.6%)

Moribund or died before informed consent; n = 532 (12.3%)
Admission <12 hours; n = 209 (4.8%)

Did not speak Dutch; n = 179 (4.1%)

University hospital patients
included in MONITOR-IC

Admissions excluded, n = 780 (34.0%)

Did no longer wish to continue with the research; n = 291 (12.7)%)
Reasons unknown; n = 269 (11.7%)

Deceased before one year follow-up; n = 184 (8.0%)

Did not complete questionnaire; n = 36 (1.6%)

L

L, 4

Study dataset
n =151

h 4

Complete cases
n=1308

Fig. 1. Study population flowchart.

median QoL, as quantified using the EQ-5D describing the period before
ICU admission, was 0.8 (IQR = 0.7-0.9). A histogram of the changes in
QoL measured by the EQ-5D can be found in Additional File 2. Over
two thirds of the sample were admitted for planned surgery (72.7%).
The median APACHE-IV score was 48.0 (IQR = 38-60). All baseline
study population characteristics can be found in Table 1.

3.2. Quality of life outcome measure

Two practical prediction models were developed using the SF-36, to
describe the change in PCS and MCS score. The best change in PCS model
had an a-R? = 40.6%, and the best change in MCS model had an R? =
38.6%, more details can be found in the Additional Files (Additional
File 5). The EQ-5D yielded better results in terms of predictive perfor-
mance (a-R? = 55.3%) and was preferred to the SF-36 due to the smaller
size of the questionnaire. It was therefore selected for further analysis.

While the main goal was to develop a prediction model for ICU sur-
vivors, this study explored the option the EQ-5D questionnaire provides
to give confirmed deaths a value of ‘0’. Due to the increased heterogene-
ity in the outcome measure variation, this yielded a lower predictive
performance (a-R? = 35.0). See Additional File 6 for full results.

3.3. Best fit model (EQ-5D)

A total of 69 candidate predictors (excluding variable categories)
were included in the linear regression analysis (Additional File 1). Step-
wise selection resulted in a model with 34 predictors as the best fitting
model (lowest AIC). Minimum thrombocyte level in first 24 h was re-
moved due to evidence of multicollinearity, and the model was refit
with 33 predictors. The strongest predictor in this best fit model was
the baseline EQ-5D QoL score (3 = —0.79, 95% CI: —0.83 to —0.75), a
higher score was associated with a lower change in QoL after one year.
Other negatively associated predictors were being admitted with a cere-
brovascular accident (CVA) (which includes a cerebral embolism,
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Table 1
Patient characteristics at baseline (ICU admission).
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Variable Median (25th-75th
percentile) or N (%)

Sex: male 888 (67.9)

Age 65.0 (57.0-71.0)

Frailty 3(2.0-3.0)

EQ-5D-5L score 0.8 (0.7-0.9)

SF-36 PCS score 419 (323-51.1)

SF-36 MCS score 52.0 (41.4-57.6)

APACHE IV score 48.0 (38.0-60.0)

Education level:

- High 376 (28.7)

+ Medium 574 (43.9)

« Low 358 (27.4)

Admission type:

= Planned Surgery 951 (72.7)

+ Emergency surgery 140 (10.7)

* Medical 217 (16.6)

Mechanically ventilated 24 h after admission 1020 (78.0)

Comorbidity (chronic conditions):

= Immunological insufficiency 66 (5.0)

* Malignant hematological disease 18 (1.4)

» Metastasized neoplasm 58 (44)

+ Cirrhosis 0(0)

* Chronic cardiovascular insufficiency 37 (2.8)

+ Chronic respiratory insufficiency 16 (1.2)

= Chronic renal insufficiency 21(1.6)

Highest Sequential Organ Failure Assessment (SOFA) score 7.0 (5.0-9.0)

Length of mechanical ventilation (days) 1.0 (1.0-2.0)

ICU length of stay (days) 1.0 (1.0-2.0)

Hospital length of stay (days) 8.0 (6.0-13.0)

Abbreviations: PCS = SF-36 Physical Component Summary, MCS = SF-36 Mental Compo-
nent Summary.

occlusion, bleeding or infarction prevalent before or within one hour of
admission) (p = —0.11, 95% ClI: —0.18 to —0.04)), chronic respiratory
insufficiency (5 = —0.15, 95% CI: —0.24 to —0.06) and a higher frailty
score (p = —0.01, 95% CI: —0.02 to -0.01). Male sex was associated
with a higher change in EQ-5D score after one year ([> = 0.05, 95% CI:
0.03-0.07). The full summary of the best fit regression model is depicted
in Table 2.

3.4. Best subsets regression analysis

If, through SRA, the number of predictors in the model was restricted
to one, the model was most likely to include the baseline EQ-5D QoL
score. The a-R? ranged from 51.1% for the smallest model, to an a-R?
value of 58.0% for the largest model. The a-R?'s for all models were sim-
ilar to their bootstrap mean RZ, showing good internal validation.
Starting from the four-predictor model, adding more predictors to the
smallest model added only minimal improvement in terms of predictive
performance. After discussions within the multidisciplinary team, it was
decided that using the five-variable model would offer a predictive per-
formance approaching the full model while not forcing us to compro-
mise on ease-of-use or nuance, and was selected as the final model.
There was no evidence of multicollinearity, with variance inflation fac-
tors <2 for all variables across the 10 models. The full summary of the
best subsets regression analysis can be found in Table 3.

3.5. Best practical model analysis

The five predictors most likely to be included in the best subsets
model restricted to five predictors were studied with linear regression
analysis. Baseline EQ-5D QoL score was negatively associated with the
outcome (p = —0.76, 95% Cl: —0.81 to —0.72), as were frailty score
(p = —0.02, 95% CI: —0.03 to —0.01) and having been admitted with
a cerebral vascular accident (CVA) (p = —0.14, 95% CI: —0.20 —
—0.07). Male sex and being admitted from the operating room from
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Table 2
Best fit prediction model for Change in QoL summary, including 33 predictors.

Predictor Coefficient 95% Cl p-value

Baseline EQ-5D score —0.79 —0.83 to <0.001
—0.75

Age at baseline —0.00 —0.00 to 0.13
—0.00

Sex: male 0.05 0.03-0.07 <0.001

Weight —0.00 —0.00-0.00 0.09

Frailty —0.01 —0.02 to <0.001
—0.01

Education level

= High education 0.03 0.00-0.06 0.02

* Medium education 0.03 0.01-0.05 0.01

Admission type

« Planned surgery 0.03 —0.01-0.07 0.10

Admission source (from same hospital):

+ CCU, ICU or Special Care Unit 0.10 0.01-0.18 0.02

* Operating room from nursing ward 0.03 —0.00-0.01 0.07

Dysrhythmia 0.03 —0.01-007 0.12

CVA (present at admission) —0.11 —0.18 to 0.00
—0.04

Intracranial mass effect —0.07 —0.14-0.00 0.06

Chronic respiratory insufficiency —0.15 —0.24to 0.00
—0.06

Acute renal failure —0.05 —0.11-0.01 0.11

Chronic COPD —0.03 —0.06 to 0.12
—0.01

Minimum heartrate in first 24 h —0.00 —0.00 to 0.04
—0.00

Maximum heartrate in first 24 h 0.00 —0.00-0.00 0.18

Minimum systolic blood pressure in first 24 h  0.00 —0.00-0.00 0.09

Maximum systolic blood pressure in first 24h  —0.00 —0.00-0.00 0.10

Mean minimum blood pressure in first 24 h —0.00 —0.00-0.00 0.15

Minimum temperature in first 24 h —0.01 —0.02 to 0.13
—0.00

Maximum potassium level in first 24 h —0.02 —0.04-0.00 0.02

Maximum sodium level in first 24 h —0.00 —0.01to 0.02
—0.00

Maximum bicarbonate level in first 24 h —0.00 —0.01to 0.03
—0.00

Bilirubin level in first 24 h 0.00 0.00-0.00 0.03

Minimum albumin level in first 24 h —0.00 —0.00-0.00 0.10

Maximum albumin level in first 24 h 0.00 —0.00-0.00 0.36

Maximum thrombocyte level in first 24 h 0.00 —0.00-0.00 0.20

Maximum glucose level in first 24 h —0.00 —0.01-0.00 0.05

APACHE probability score at baseline 021 0.08-0.34 0.00

APACHE [V probability score at baseline —0.21 —0.32 to <0.001
—0.10

One previous admission to the ICU —0.05 —0.09 to 0.02
—0.01

Abbreviations: CCU = coronary care unit, CVA = Cardiovascular Accident, COPD =
Chronic Obstructive Pulmonary disease, APACHE = Acute Physiology and Chronic Health
Evaluation.

the nursing ward within the same hospital were positively associated
with the outcome (5 = 0.05, 95% CI: 0.03-0.07) and p = 0.07, 95% CI:
0.05-0.10), respectively.

This best practical model, named PREPARE (PREdicting PAtient's
long-term outcome for REcovery) had an a-R? of 55.3%. A visual demon-
stration of the best practical model can be viewed in Fig. 2. The red dot
points to the predicted change in QoL after one year for a fictional pa-
tient. An example of its possible use is detailed in the figure description.

The calibration plot shows that the relationship between the pre-
dicted changes in EQ-5D and the actual changes in EQ-5D is linear
with slope = 1 (95% CI: 0.95-1.05) and intercept = 0 (95% Cl:
—0.01-0.01), indicating that the model is well calibrated. The calibra-
tion plot can be viewed in the Additional Files (Additional File 3).

The classification table for the PREPARE model shows that the model
correctly classifies higher differences in EQ-5D score better than lower
differences. Though this also occurred in the full model, this is more pro-
nounced in the PREPARE model. All classification tables can be viewed
in the Additional Files (Additional Files 4, 5, 6).
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Table 3
Best subsets regression analysis summary.
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Variable name | Number of variables in

1 2 3 4 5 6 7 8 9 10 Best fit: 33
v model >
Baseline EQ-5D-5L score
Admission source: Operating room*
Sex: male
Frailty
CVA (present at admission)
Chronic respiratory insufficiency
Maximum sodium levels in first 24 hours
One previous ICU admission
Minimum heartrate in first 24 hours
Bilirubin levels in first 24 hours
Model Adjusted R* % 51.1 53.1 54.0 54.8 55.3 55.6 55.7 55.9 56.0 56.2 58.0
Mean Square Error of prediction (model) |0.033 0.032 0.031 0.030 0.030 0.030 0.030 0.030 0.030 0.029 0.029
51.0 53.0 54.0 54.7 55.1 55.3 55.5 55.7 55.8 55.9 57.6
Mean bootstrap R? % (SE)
(0.13) (0.14) (0.15) (0.16) (0.25) (0.26) (0.27) (0.27) (0.28) (0.34) (0.45)

* Admitted from Operating room from nursing ward, same hospital. This indicates an ICU admission after elective surgery.

Abbreviations: CVA = Cardiovascular accident

4. Discussion

In this study, a prediction model for change in ICU survivors' QoL one
year after ICU admission was developed that has both predictive value
and is well calibrated, as supported by internal validation. The small
number of predictors, all available within the first 24 h of admission, in-
crease the feasibility of eventually using the PREPARE model in clinical
practice. Moreover, the prediction model based on the less-
burdensome five-question EQ-5D questionnaire had better predictive
value than the longer SF-36 QoL questionnaire, which is more com-
monly used in the ICU [21,22].

Prediction models focusing purely on QoL, and not on mortality, are
rare in critical care. In many places, collecting long-term outcomes post-
ICU is not routinely done. Using this information in clinical practice goes
even further. A timely and continuous conversation about long-term
outcomes is an indispensable part of future intensive care medicine
for the growing numbers of ICU survivors who need to reckon with
the fact that their lives might not be the same as before the ICU. Incor-
porating a prediction model in physician-family conversation as an en-
richment to ICU professionals’ knowledge invites and empowers ICU
patients and their families to be more involved in conversations around
the care of their family members and helps to manage their expecta-
tions for long-term recovery, facilitating an individualized, preparatory
approach instead of a reactionary one.

As far as we are aware, only Oeyen et al. have developed a practically
usable prediction model for the general ICU population's long-term QoL
[16]. Although our overall conclusions are similar, the major difference
between the studies is the inclusion of patients who died in the year
after admission, an approach that was rejected due to our focus on the
increasing number of patients who survive their ICU stay and the man-
ner of their survivorship. After all, when survival is apparent, data on the
long-term health outcomes of survivors are incredibly important. This
study also had more planned surgical patients and incorporated more
physiological patient characteristics within the first 24 h of admission.
The authors consider this study to be an elaboration, with a focus on
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the manner of survivorship and a proposed method of prediction
model visualisation.

Past implementation of prediction modelling in ICU practice has
been impeded by doubts about model accuracy [16,44]. Medical profes-
sionals familiar with prediction modelling might think the PREPARE
model performance inferior to the predictive performance measure-
ments of other oft used prediction models in ICU practice (SAPS III
aROC: 0.86 [12], APACHE IV aROC: 0.88 [11] predict patients' chance
to die in hospital). Any prediction for long-term health can only ever
be used as a supplement to ICU professionals’ knowledge and experi-
ence. Considering the difficulty of predicting a long-term PROM such
as QoL, we deem the current achieved model performance based only
on variables available within the first 24 h of admission to be a substan-
tive step in the right direction. All the same, the CIs of the PREPARE
model predictions are still fairly wide, and it predicts better for larger
QoL differences than smaller ones. In order to use the prediction
model in clinical practice, the model performance and accuracy should
be improved upon. For instance, by more detailed patient data from
the EHR, instead of only data from the first 24 h. Moreover, the applica-
bility of the PREPARE prediction is conditional on 1-year survival. As has
been noted in literature before, clinicians cannot always reliably predict
survival [8]. At this time, therefore, we foresee optimal use of the predic-
tion model to be in conversations between physicians and family mem-
bers, who can explain the current limitations to the PREPARE model
while still using the prediction to start and improve the quality of the
discussions and prepare patients and family members for post-ICU
recovery.

Though the aim was to develop the best possible prediction model
rather than identify and explain associations, this study found, like
other studies detailing the prediction of physical long-term ICU health
outcomes, that among the predictors the pre-ICU QoL is by far the
most important predictor for long-term QoL (used as the sole predictor
a-R? = 51.1%) [16,21,45-49]. Being admitted to the ICU in a good state
improves the changes of being discharged with good outcomes. Previ-
ous research into the importance of pre-ICU QoL for post-ICU QoL has
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Fig. 2. Risk table visualising the PREPARE model.

The PREPARE model has five predictors and is described by the following formula: Change in QoL 1 year after ICU admission = 0.63 + Baseline QoL score * —0.77 + Planned surgery
admission * 0.07 + Male sex * 0.05 + Frailty score * —0.02 + CVA (present at admission) * —0.14

1. The red dot points to the predicted change in QoL (A = —0.08, 95% CI: —0.43 — 0.26) after one year for a fictional female patient who is frail (Frailty score = 6), had a baseline QoL score of 0.84
and who was admitted after a planned surgery with no CVA present.

2. Case example: A 74-year-old woman, still living at home, is admitted for a planned operation to her knee. The operation leaves her with some complications which prolong her stay for several
days. Fortunately, the complications appear to pass, and after 5 days on the ICU things are looking good. In the second of two family conversations in the ICU, the physician sits down with the family.
As part of the conversation, the physician talks to the family about the long-term health situation of the patient, who before admission had an EQ-5D utility score of 0.85. The model predicts a change
of —0.08, meaning her predicted score one year after admission is 0.75, lower than the Dutch national average for her age category. The physician discusses this slight deterioration in general terms,
reminding the family of the uncertainty in the prediction, and uses the schematic image to discuss with the family several likely general scenarios regarding the patient's future quality of life,
depending on the rest of her ICU and hospital stay. A conversation around the weeks of rehabilitation ahead and what the patient would consider a satisfying quality of life ensues. Eventually,
the physician notes that while the patient will likely be able to go home this time, it is worthwhile to consider what a potential future admission would mean for her. The family clarify what
they know of the situation at the moment, and discuss among themselves their understanding of the patient’s limits.

Using the PREPARE model has ensured that the physician, who might normally not have started speaking about the long-term health situation, has given the family a visual reminder of the days
ahead. This has provided the family with food for thought regarding the future. It has reminded them that they have a choice about how to proceed with possible future ICU care and has engaged
them in discussions about what care should and shouldn't be considered. Using the prediction in the conversation has provided the physician with information about the patient that they can use to
inform further treatment decision making.

shown that a majority of ICU-survivors regained their pre-ICU QoL [48]. possibility of achieving an acceptable predictive performance combined
Conversations about pre-ICU health status are already an important part with a reduction of the number of predictors needed, compared to its
of many ICU physicians' manner of providing care. Supplementing these predecessor in purpose [16], thereby possibly providing physicians

conversations with a more standardized set of questions and more long- and families with a tool to enhance the quality of their conversations
term data will increase their quality. on the ICU.

Inviting patients and families to talk about both the opportunities This study has some limitations. There is a possible survival bias in
and the disadvantages of an ICU admission in a frank manner is impor- the relatively healthier ICU patient group that agreed to participate in

tant to prepare them for recovery [5,9,10]. This study is new evidence the MONITOR-IC study, and by extension, are included in the prediction
supporting the importance of pre-ICU health in ICU decision making. model. Over one third of the eligible MONITOR-IC patients was lost to
Moreover, while age is generally one of the most crucial factors consid- follow-up or failed to fill in the questionnaire one year after ICU admis-
ered when performing triage [50,51], this study shows that while it was sion, and, with their outcome data missing, were excluded from the
associated with the outcome in the full model, the results show that analysis. The possible reason for the loss-to-follow-up might go two
baseline QoL and frailty score are more important predictors of long- ways. It might be due to a loss of study engagement after a complete re-
term QoL than age, which is supported by literature [21,52]. However, covery, but it could also be due to a worsening of health outcomes. This
this may be explained by the narrowness of the age range of the study could have caused our results to reflect a too-healthy ICU population.
population, or the fact that the majority of study population had a More than two thirds of the included patients were admitted due to
planned admission. planned surgery (e.g. cardiac surgery, oncology surgery, neurosurgery).

This is a large prospective cohort study based on ICU patients’ past Generally, these patients are more prepared for an ICU stay and have
and long-term health. Though second of its kind, it demonstrates the better outcomes. Even though the prediction model is for ICU survivors
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only, this sample may be slightly better off than the general ICU survivor
population. This could have caused the predictions to be overoptimistic
and may affect the generalizability of the PREPARE model. An external
validation procedure with data from more centers and with a larger pro-
portion of medical ICU patients is needed to assess and further improve
model accuracy. Also, our aim of developing a static prediction model
usable within the 24-h of admission has necessarily caused us to not in-
clude variables possibly associated with the outcome that can be mea-
sured post-ICU, such as ICU-acquired weakness and symptoms of
anxiety and depression at discharge. Moreover, though proxies filling
in the questionnaire when patients were unable to might have intro-
duced a small underestimation of their QoL scores [53], though the liter-
ature on this is not consistent [54], we believe that excluding these
patients would have led to bias as well [55]. The fact that some patients
and proxies took some days to fill in the questionnaire might have intro-
duced some recall bias. We consider the choice to use only ICU survivor
data to be best considering the aim, though we realize that it is not al-
ways clear who will survive long-term. However, we still believe that
the conversations around the information the model provides will be
a valuable contribution to the improved ICU care of today, with its
shifting focus towards the manner of survivorship.

In order to further model implementation, the next step is an exter-
nal validation procedure with more multicenter long term outcome
data with a larger proportion of medical ICU patients to assess and fur-
ther improve model accuracy.

5. Conclusions

This study shows the development of the PREPARE model, a predic-
tion model for ICU survivors' change in QoL one year after ICU admission
that may be usable in clinical practice in the future due to the small
number of predictors available on the first day of admission. Though
the explained variance of 55.3%, as supported by internal validation,
marks the model as a potential helpful future complement to ICU pro-
fessionals' knowledge and expertise to improve the quality of conversa-
tions with patients and their families, there is a need for more long term
outcome data with a larger proportion of medical ICU patients to assess
and further improve model accuracy. In the future, conversations using
long-term QoL information could be integrated in ICU care to better in-
form ICU decision making and to aid ICU survivors in managing their
long-term health expectations.
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