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Abstract 

Background  Early identification of potential high cost and high need patients on the ICU may assist in the develop-
ment of targeted protocols, which allows proper resource utilization and initialization of preventive care. Weakness 
acquired in the ICU developed within the first week is an independent predictor of both short and long-term adverse 
outcomes, nonetheless early prediction is challenging. We aimed to develop and validate a machine learning model 
for ICU acquired-weakness (ICU-AW), using data readily available within the first 24 h of ICU admission.

Methods  Patients from the EPaNIC trial (NCT00512122, N = 4640) who were assessed for muscle weakness at day 9 
(IQR 8–13), after ICU-admission, using the Medical Research Council (MRC) sum. Patients are diagnosed with ICU-AW 
if their MRC is lower than 48. The final subset contains N = 600. Our models were internally validated using 100 repeti-
tions of fivefold cross validation. We compared three predictive models: (i) a random forest and (ii) a logistic regression 
model built using descriptors available at day 1, (iii) a random forest using only APACHE II as a descriptor. Both random 
forests contain 150 trees.

Results  The training set comprised 600 patients where the incidence of ICU-AW was 38.6% (232/600). The AUROC 
of the random forest with all descriptors and the logistic regression were 76% and 74%, respectively. The random 
forest (RF) achieved a specificity of 62% and a sensitivity 79%, whereas the logistic regression yielded 69% and 68%, 
respectively. The RF identified APACHE II, creatinine, SOFA PaO2/FiO2, bilirubin, BMI, age, glycemia upon admission, 
morning glycemia and sepsis as the most relevant descriptors. Lastly, the RF also presented very good calibration 
and clinical usefulness for a wide range of risk thresholds.

Conclusions  Machine learning models, especially random forests, can be used to predict if patients are at risk 
of developing ICU-AW, using data available within 24 h of admission. This tool allows prognostication early in an adult 
general critically ill patient population, with the potential to detect high cost and high need patients who benefit 
from different levels of care.
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Introduction
Health care providers are under increasing pressure to 
deliver care that is aligned with both socio-economi-
cal demands and patient goals [1–5]. Typically, outlier 
patients require more resource utilization [6]. Ensuring 
high value care in a sustainable format depends on pro-
ficient identification of these “high cost and high need” 
patients and delineate from which interventions they 
benefit [3, 5]. In an intensive care unit (ICU), patients 
who develop intensive care unit acquired weakness (ICU-
AW) represent a patient phenotype with particularly 
inflated downstream costs in both the short and long-
term [7–9].

ICU-AW is characterized by a generalized and sym-
metrical deterioration of respiratory muscle and limbs, 
which is associated with a significant loss of muscle tone 
and mass [10]. It also leads to prolonged mechanical ven-
tilatory support [11], higher chances of extubation fail-
ure [12], higher mortality risk up to 5 years [13], reduced 
walk and exercise ability and overall worse quality of life 
[13]. Currently, no effective treatments are available for 
ICU-AW [14].

The most used method to diagnose ICU-AW, the medi-
cal research council (MRC) scale, consists of manually 
assessing the strength of different muscles groups [15]. 
This procedure requires patients to be responsive and 
cooperative and assessors to have established inter-
observer agreement of scoring [14].

We hypothesize that machine learning models can, 
at day 1, reliably predict whether patients are at risk of 
developing ICU-AW by day 9. This will provide physi-
cians with prediction regardless of whether the patient 
can be diagnosed via the MRC scale, enabling the initia-
tion of preventive care and proper resource utilization. 
Furthermore, identifying patients at particular risk for 
ICU-AW would be interesting for possible new interven-
tional studies, such as: use of electrical muscle stimula-
tion; highly restrictive use of glucocorticoids and use of 
neuromuscular blockers.

Methods
Study design
The training and internal validation cohort initially con-
sisted of the subgroup of patients recruited during the 
“Impact of Early Parenteral Nutrition Completing Enteral 
Nutrition in Adult Critically Ill Patients”, EPaNIC-trial 
(NCT00512122, N = 4640). The inclusion and exclusion 
criteria are available in the Supplementary Material, 
Section 2.

This dataset was further filtered to include only 
patients that underwent ICU-AW assessment on day 9 
(IQR 8–13), from ICU-admission [16]. As reported in 
[16], patients were excluded if they were never awake, 

displayed medical instability, had pre-existing neuromus-
cular disease, could not communicate with the assessor 
due to language barrier, could not be assessed due to una-
vailability of assessors, or simply declined participation.

This study was performed in accordance with the pro-
tocol as described in the European Medicine Agency’s 
"Note for guidance on good clinical practice CPMP/
ICH/135/95." as well as the Declaration of Helsinki [17]. 
The resulting dataset contains 600 patients.

Clinical strength was prospectively assessed by physi-
otherapists with known good interrater reliability at gen-
eral ICU- wards at the university hospitals of Leuven, 
Belgium, in populations admitted in from December 
2008 to November 2010, excluding patients with known 
prior neuromuscular disorders.

As recommended in [18], we report the “Key Reporting 
Metrics” in the Supplementary Material, Table 2.

Outcome of interest
The outcome of interest is ICU-AW measured using 
the medical research council sum scale [15]. More spe-
cifically, it consists of a bedside bilateral assessment of 
strength of 6 muscles groups, namely: shoulder abduc-
tion, elbow flexion, wrist extension, hip flexion, knee 
extension, foot dorsiflexion. That is, each category of 
muscle receives two scores, one per each limb, from 0 (no 
contraction) to 5 (full muscle force). The final diagnosis 
is determined by the summed score, if its value is lower 
than 48, then the patient has developed ICU-AW.

Modelling strategy
We followed the TRIPOD guidelines for developing mul-
tivariable models [19]. Candidate predictor variables 
used as input for the model were preselected by experts 
in the field based on estimated importance as risk fac-
tors for weakness, and by availability in electronic health 
records upon admission [16, 20–23]. More specifically, 
we have included baseline factors (age, diabetes, BMI as 
a continuous value, malignancy, sepsis, ge`nder and pre-
admission dialysis), admission factors (infection upon 
admission, APACHE II, admission glycemia), factors 
reflecting the first 24 h of ICU-stay (laboratory values as 
markers for severity of individual organ failure, i.e., total 
serum bilirubin, CRP, serum creatinine, glycemia levels 
at admission and in the morning after, and SOFA PaO2/
FiO2) and treatment factors (mechanical ventilation and 
corticosteroid administration on the first day). All fea-
tures were used as input in their original form.

We used three predictive models in total: (i) a ran-
dom forest and (ii) a logistic regression, both built using 
all descriptors available at day 1 and (iii) a random for-
est built using only APACHE II as a single descrip-
tor. We added the third model to assess the potential 
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non-linearity between APACHE and ICU-AW and to 
assess whether other descriptors in addition to APACHE 
would improve the predictive performance.

We have used threefold internal cross-validation to 
optimize the number of trees in the random forest, con-
sidering the following values {50, 100, 150, 200}. The 
value 150 was consistently chosen as the best parameter. 
The logistic regression was trained using L2 normaliza-
tion. All other parameters were set to default. The fea-
tures were standardized for the logistic regression.

Missing values were imputed using multiple chained 
equations with 31 iterations [24]. The most relevant fea-
tures were selected according to the inherent feature 
importance measured using impurity reduction.

We have employed Python version 3.10.12, Numpy 
1.24.1 and Pandas 1.5.3. Graphs were generated using 
Matplotlib 3.7.1, Pycaleva 0.71 for calibration curves and 
Dcurves 1.0.6 for decision curves.2

Validation
Prediction of ICU-AW was internally validated in the 
development cohort using 100 repetitions of fivefold 
cross validation. That is, patients were randomly split 
into development and testing subsets without intersec-
tions. We report the average results and the standard 
deviation considering the 500 folds.

Evaluation criteria
The model was evaluated using the area under the 
receiver operating curve (AUROC), sensitivity and speci-
ficity. The threshold values used for sensitivity and speci-
ficity were obtained using the Youden index [25]. For all 
three measures, the higher the value, the better the dis-
criminatory performance of the model, such that 100% 
corresponds to perfect discrimination.

To assess the reliability of our model, we have meas-
ured the calibration of our model using the calibration 
belt [26], which can be visualized as a 2-dimensional plot. 
If the diagonal of the plot is within the confidence inter-
val (blue area), then the model is considered to be well-
calibrated (p-value larger than 0.05).

Furthermore, we have also assessed clinical usefulness 
using decision curves [27]. A decision curve describes 
the clinical usefulness of our model by visualizing its 
(net) benefit above or below the standard medical prac-
tice. The net benefit corresponds to the relative harm and 
benefit that a certain decision has, which is measured 
using Eq.  1, where A stands for the number of patients 
correctly classified by the model as developing ICU-AW, 

B is the number of patients wrong classified by the model 
as developing ICU-AW, pt is the threshold being applied 
and N is the total number of patients.

Net benefit used to measure the clinical usefulness.

Online application
We have developed an online application, which is pub-
licly available,3 with an adapted version of the random 
forest where only the 10 most relevant features, which 
were selected using feature importance, ("Most relevant 
descriptors" section) are employed. We have used the 
same resources listed in "Modelling strategy" section and 
also the libraries Shiny 0.6,4 Shap 0.43 [45] 5 and Scikit- 
learn 1.3.2.6

Ethical consent
The EPaNIC study protocol and informed consent forms 
were approved by the Leuven University Hospital Ethics 
Committee (ML4190) in 2007.

Results
Dataset
As can be seen in Table 1, 600 patients had MRC scores 
measured: 232 (39%) patients were diagnosed with 
ICU-AW, 368 (61%) did not develop ICU-AW. Patients 
with ICU-AW, as compared to those without weakness, 
were older, more likely to have sepsis or infection upon 
admission, more likely to have received steroids, pre-
sented higher SOFA PaO2/FiO2 and APACHE II score 
and higher CRP and creatinine levels. Histograms built 
using the laboratory factors, admission glycemia, biliru-
bin, C-reactive protein, creatinine and morning glycemia, 
are available in the Supplementary Material, Sections 1.7, 
Figs. 8, 9, 10, 11 and 12.

Model performance
As presented in Fig.  1, the AUROC of the random for-
est using all descriptors was 76%, whereas the logistic 
regression reached 74%. The random forests using only 
APACHE II yielded 70%. In terms of specificity and 
specificity, a similar behavior is observed where the ran-
dom forest with all descriptors presents 62% and 79%, 
respectively, in comparison to the random forest using 

(1)

(

A− B ·

(

pt
1−pt

))

N

1  https://​github.​com/​Marti​nWeigl/​pycal​eva
2  https://​pypi.​org/​proje​ct/​dcurv​es/

3  https://​kulak.​kuleu​ven.​be/​ICUAW​Predi​ctor/
4  https://​shiny.​posit.​co/​py/
5  https://​shap.​readt​hedocs.​io/​en/​latest/
6  https://​scikit-​learn.​org/​stable/

https://github.com/MartinWeigl/pycaleva
https://pypi.org/project/dcurves/
https://kulak.kuleuven.be/ICUAWPredictor/
https://shiny.posit.co/py/
https://shap.readthedocs.io/en/latest/
https://scikit-learn.org/stable/
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only APACHE II (63% and 67%). The logistic regres-
sion reached 69% in specificity and 68% in sensitivity. 
All models presented standard deviation smaller than 
0.01, regarding all measures. The thresholds selected by 
the Youden index for the LR averaged 0.39 with standard 
deviation of 0.04, ranging from 0.27 to 0.49. Similarly, the 
thresholds selected for the RF averaged 0.37 with stand-
ard deviation of 0.03, ranging from 0.29 to 0.44. These 
results are summarized in Table 2.

Furthermore, the random forest with all descriptors 
presented very good calibration, as shown in the calibra-
tion belt in Fig.  2, which contains the diagonal for the 
entire predicted probability range. The decision curve 
(Fig.  3) indicated clinical usefulness with net benefit 
above the default strategies for thresholds ranging from 
approximately 10% to 70%, for the random forest with all 
descriptors. The calibration belt of the logistic regression, 
the random forest using only APACHE II are available in 

the Supplementary Material Figs.  6 and 7, respectively. 
Results obtained using a random forest and SOFA PaO2/
FiO2 as a sole descriptor are available in Supplementary 
Material Table  1. Its calibration belt is available in the 
Supplementary Material Fig. 7.

Most relevant descriptors
The random forest has identified the following 10 
descriptors as the most relevant: APACHE II, Creatinine, 
SOFA PaO2/FiO2, C-Reactive protein, bilirubin, BMI, 
age, morning glycemia, glycemia at admission and sep-
sis upon admission. A complete ranking of descriptors is 
available in the Supplementary Material Sect. 1.1.

Table 1  Descriptive analysis of the dataset

Each descriptor is further described by their percentage of missing values. Furthermore, numerical descriptors (N) are described using their mean and standard 
deviation, whereas binary descriptors (B) are described using absolute values and their corresponding percentage

#ICU-AW (n = 232) # Non ICU-AW (n = 368) P-value

Baseline Factors

 Age (0%, N) 63.36 (13.57) 60.23 (16.26) 0.014

 Diabetes (0%, B) 1

 Yes 37 (16%) 59 (16%)

 BMI (0%, N) 26.61 (6.55) 26.12 (4.85) 0.29

 Malignancy (0%, B) 0.51

 Yes 67 (29%) 96 (71%)

 Sepsis (0%, B)  < 0.001

 Yes 141 (61%) 123 (33%)

 Gender (0%, B) 0.49

 Male (1) 100 (43%) 147 (40%)

 Dyalisis pre-admission (0%, B) 0.32

 Yes 4 (2%) 2 (1%)

Admission Factors

 Infection upon admission (0%, B)  < 0.001

 Yes 147 (63%) 129 (35%)

 APACHEII (0%, N) 34.1 (8.79) 25.85 (9.79)  < 0.001

 Admission glycemia (1%, N) 145.26 (60.48) 144.42 (49.03) 0.14

24 h ICU stay Factors

 Bilirubin (3%, N) 1.88 (3.84) 1.50 (3.66) 0.19

 C-Reactive protein (3%, N) 151.59 (125.39) 97.24 (92.31)  < 0.001

 Creatinine (3%, N) 1.83 (1.40) 1.31 (1.42)  < 0.001

 Morning glycemia (1%, N) 114.00 (45.2) 109.2 (36.12) 0.85

 SOFA PaO2/FiO2 (1%, N) 190.15 (92.83) 239.79 (95.7)  < 0.001

Treatment Factors initiated at ICU admission

 Mechanical ventilation support (0%, B) 0.47

 Yes 217 (94%) 337 (92%)

Steroids (0%, B)  < 0.001

 Yes 74 (68%) 65 (18%)
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Online application

Using a fivefold cross validation, our publicly available 
online application,7 with an adapted version of our model 
where only the 10 most relevant features ("Most rele-
vant descriptors" section) are employed, reached 74% of 
AUROC, which is a minimal difference in comparison to 
using all predictor variables (76%). Similarly to the ran-
dom forest using all descriptors, the random forest avail-
able in the web application is well calibrated, as seen in 
the calibration belt in Supplementary Material Figure 3. 
Further, regarding clinical usefulness (Supplementary 
Material Figure 4), it also presents net benefit above the 
default strategies when thresholds ranging from approxi-
mately 10% to 70% are used.

More information about the online application is avail-
able in the Supplementary Material Sect. 1.2.

Discussion
In this study, we evaluated the use of machine learning 
models for early prediction of ICU-AW. To ensure long-
term sustainability of health care systems, tailored treat-
ment is increasingly enforced through an accountability 
burden for treatment choice. As costs tend to concen-
trate in selected patient groups, it may be necessary to 
devise specific protocols for these outliers [28]. In ICU, 
resource usage is the highest in long-stay patients, and 
among them, patients who will develop intensive care 
unit acquired weakness (ICU-AW) represent a subgroup 
with particularly inflated costs [29].

In addition, interventions prescribed for this patient 
group, such as long-term recovery of premorbid physical 
function and quality of life, are not necessarily success-
ful [9, 29–33], ensuring high value care will increasingly 

Fig. 1  ROC curve considering fivefold cross-validation. The x-axis contains false positive rate, whereas the y-axis contains the true positive rate

Table 2  Average results obtained on 100 times fivefold cross 
validation

RF stands for the random forest with all descriptors, LR for logistic regression 
and RF APACHE II for the random forest using only APACHE

RF LR RF APACHE II

AUROC 76 74 70

Specificity 62 69 63

Sensitivity 79 68 67

Fig. 2  Calibration belt considering fivefold cross-validation 
for the random forest. The x-axis contains the probabilities predicted 
by the random forest, whereas the y-axis contains the expected 
output. In this case, no evidence of miscalibration can be found 
since the diagonal is within the blue region

7  https://​kulak.​kuleu​ven.​be/​ICUAW​Predi​ctor/

https://kulak.kuleuven.be/ICUAWPredictor/


Page 6 of 9Nakano et al. Intensive Care Medicine Experimental  (2025) 13:98

depend on ability to identify the “high cost and high 
need” patients, and delineate from which interventions 
they benefit the most [2, 4, 28, 34].

ICU-AW is a well-known predictor of both short and 
long-term outcome in ICU- patients [9, 29, 35, 36]. 
Upfront patient stratification by risk of ICU-AW as surro-
gate marker for individual patient trajectory could guide 
proactive treatment planning. As such, it holds added 
value over ICU-AW assessment itself. Indeed, the current 
body of evidence linking ICU-AW to outcome focused 
on its presence or absence on day 9, which indicates the 
beginning of prolonged critical illness [13, 30]. The clini-
cal testing of peripheral muscle strength is inexpensive 
and simple, but reproducibility depends on assessment 
by trained health care providers: systematic daily assess-
ment of all ICU-patients by the same trained physiother-
apists is not a feasible clinical reality. Conversely, delayed 
formal ICU-AW assessment until clinical suspicion due 
to its associated complications (e.g. delayed weaning) or 
due to lack of cooperation (e.g., due to sedation, use of 
neuromuscular blocking agents, delirium) precludes the 
possibility to anticipate the ICU-trajectory upfront, and 
impedes targeted patient inclusion in randomized con-
trolled trials aiming to reduce the burden of ICU-AW.

We created a model for predicting ICU-AW using a 
cohort of adult critically ill patients demographically 
representative of a general ICU population and made 
it available online. We based our prediction on clinical 
ICU-AW assessments performed by the same trained 
physiotherapists in an internal validation setup. Using a 
random forest, we constructed an accurate and calibrated 

model using baseline characteristics and descriptors 
readily available within 24 h after ICU admission at the 
bedside.

Based on its inherent feature importance, the random 
forest identified APACHE as the most relevant descrip-
tor. This was expected, as it combines several factors that 
are related to the development of weakness, such as: high 
severity of illness implying high likelihood of sepsis and 
high likelihood of prolonged mechanical ventilation, use 
of steroids and neuromuscular blocking agents, among 
others.

However, age and creatinine, which are already 
included in the APACHE, are surprisingly descriptive. 
We can interpret this as an indication that pre-ICU frailty 
(i.e., higher creatinine likely captures patients with pre-
existing renal disease) is a very strong predictor of more 
frailty and more adverse ICU outcomes. This could also 
be related to the non-linear relationship between creati-
nine and ICU-AW, when taking into account interactions 
with covariates such as APACHE II, as can be seen in 
the partial dependency plot presented in Supplementary 
Material Fig. 13.

This is in line with the perceived evolution in the task 
of critical care physicians, namely to include a long-term 
perspective in their care and incorporate clearly estab-
lished predictors of ICU and post ICU disability in early 
goals of care discussions for patients likely to not do well 
both in the ICU and beyond [37].

Our research has several strengths. First, our modelling 
approach has several methodological advantages when 
compared to currently available prediction models for 

Fig. 3  Decision curve considering fivefold cross-validation. The x-axis contains the probabilities predicted by the random forest, whereas the y-axis 
contains the clinical usefulness (net benefit, Eq. 1). In this case, clinical usefulness is observed for the random forest in thresholds ranging from 10 
to 70%
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ICU-AW. Namely, we rely on well-established machine 
learning models, whereas the other studies use step-wise 
logistic regression, which is inherently flawed [38]. More-
over, other models use data collected up until ICU-AW 
evaluation, such as duration of mechanical ventilatory 
support, to increase accuracy for detection of prolonged 
critically ill patients [21, 22]. Alternatively, they depend 
on data available only at day 2 after admission [23]. 
Thus, they employ data collected throughout the disease 
course, which excludes or reduces the possibility of pre-
dicting the outcome upfront and consequently of early 
initiation of preventive care. Our model uses variables 
which are frequently recorded in most of the ICUs and 
are also extractable from electronic health records.

Second, our study reported not only AUROC, sensitiv-
ity and specificity, but also model calibration and deci-
sion curves (clinical usefulness), as opposed to other 
studies [39, 40].

Third, as shown in the decision curve (Fig.  3), our 
model shows benefits above default strategies in the risk 
range below 0.5. Hence, using a relatively low threshold 
would be advantageous, as it increases the number of 
correctly identified ICU-AW in the expense of few incor-
rectly diagnosed with ICU-AW. For instance, if we take a 
false negative cost three times as high as a false positive 
cost, our model yields 88% sensitivity and 53% specific-
ity, compared to 84% and 53% for the logistic regression 
model, respectively. This is particularly interesting for 
the inclusion of patients in new RCTs aiming to pre-
vent ICU-AW or to initiate goals of care discussions in 
patients expected to have very poor long-term outcome 
based on this model among others. This allows the imple-
mentation of more efficient RCTs to assess the effect of 
interventions, since most of them still have limited suc-
cess [14].

Lastly, our experiments included a larger number of 
descriptors, which enables us to assess their influence on 
ICU-AW. In principle, this could be a hindrance to some 
machine learning models, nonetheless our employed 
model, random forest, can correctly handle and benefit 
from such higher number of descriptors, as it is robust 
to overfitting [41]. Further, we showcased that using all 
descriptors is superior to using solely APACHE II. Our 
model is also available as an online application, which 
allows clinicians to estimate model performance in a 
sample of their patients, compensating for the lack of 
formal external validation. Since external validation will 
likely require a large university center, our online appli-
cation allows physicians working in smaller hospitals 
to assess the applicability of the model in their patient 
populations.

Our study has important limitations. The choice of 
an early prediction model, using data limited to the first 

24 h of ICU-stay, inherently limits the expected optimal 
performance for prediction of ICU-AW and long-term 
outcome [30]. To ensure that our model was informative 
of the long-term trajectory without including temporal 
indicators reflecting the in-ICU trajectory, we validated 
our model to predict weakness at day 9 of ICU-stay, 
as this time frame was shown to represent the cut-off 
towards prolonged critical illness known to be related to 
incremental adverse long-term prospects.

Another potential limitation of our study is the use of 
the MRC sum score to diagnose ICUAW, while a two-tier 
approach using handgrip dynamometry and a through 
range 4-grade score showed better inter-operator agree-
ment for ICUAW diagnosis [42]. Nevertheless the MRC 
sum score remains the most used diagnostic procedure 
for ICUAW [14] and has demonstrated good inter-oper-
ator agreement [43, 44], while the two-tier approach still 
requires further validation.

Thirdly, ICU-AW was only assessed on the patients 
who were awake and cooperative at day 9, which can lead 
to possible bias, as competing factors, such as mortality 
prior to day 9, were not taken into account. Furthermore, 
the clinical trial from which the data originates dates to 
2010, while different patient management strategies such 
as different types of sedation and variations in feeding 
strategies might be currently used.

Lastly, our experiments were limited to a single-center. 
External validation is thus required to assess the validity 
of the model in other centers. However, the online appli-
cation tool allows clinicians to estimate the out-of-sam-
ple performance in their local patient population.

Conclusions
In conclusion, we provide a well-calibrated early predic-
tion model for ICU-AW, identifying “high cost and high 
need” patients using data available within 24 h of admis-
sion. Our model can predict the probability of develop-
ing ICU-AW by day 9, serving as a communicable metric 
that can hopefully assist in the development of better 
preventive and personalized care. Further, we also make 
our model publicly available in an online application.
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