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A B S T R A C T   

The aim of this study is to build machine learning models to predict severe complications using administrative 
and clinical elements that are collected immediately after patient admission to the intensive care unit (ICU). Risk 
models are of increasing importance in the ICU setting. However, they generally present the black-box issue 
because they do not provide meaningful information about the logic involved in patient-specific predictions. 
Fortunately, effective algorithms exist for explaining black-box models, and in practice, they offer valuable 
explanations for model predictions. These explanations are becoming essential to engender trust and accredi
tation to the model. However, once the model is implemented, a major issue is whether it will continue to employ 
the same prediction logic as originally intended to. To build our models, features are obtained from patient 
administrative data, laboratory results and vital signs available within the first hour after ICU admission. This 
enables our models to provide great anticipation because complications can occur at any moment during ICU 
stay. To build models that continue to work as originally designed we first propose to measure (i) how the 
provided explanations vary for different inputs (that is, robustness), and (ii) how the provided explanations 
change with models built from different patient sub-populations (that is, stability). Second, we employ these 
measures as regularization terms that are coupled with a feature selection procedure such that the final model 
provides predictions with more robust and stable explanations. Experiments were conducted on a dataset con
taining 6000 ICU admissions of 5474 patients. Results obtained on an external validation cohort of 1069 patients 
with 1086 ICU admissions showed that selecting features based on robustness led to gains in terms of predictive 
power that varied from 6.8% to 9.4%, whereas selecting features based on stability led to gains that varied from 
7.2% to 11.5%, depending on the target complication. Our results are of practical importance as our models 
predict complications with great anticipation, thus facilitating timely and protective interventions.   

1. Introduction 

Intensive care units (ICUs) provide the facilities, resources and 
specialized personnel to the comprehensive management of patients 
having or at risk of developing life-threatening organ dysfunctions [1]. 
Treating the evident physiologic disorder is only the first step in the care 
of ICU patients because they are subject to many complications arising 
from the etiology of the disorder, as well from the advanced therapy that 
is required [2]. Important complications during ICU stay, such as in
fections, delirium, myopathies, neuropathies and nutritional distur
bances have consistently been shown to be associated with long-term 
quality of life impairments [3] and death [4]. Thus, the first motivation 

for this study is to predict the occurrence of complications at the ICU as 
early as possible, providing the opportunity for early intervention, and 
to potentially achieving better outcomes. 

As ICUs are data-rich environments where multiple signals are 
continuously monitored, machine learning models have already been 
developed to identify patients who are at increased risk of complications 
[5–11]. Whereas these models typically excel at capturing complex re
lationships between patient signals [12,13], they suffer from the black- 
box issue [14], that is, the mechanism by which signals are combined to 
convert inputs into outputs is opaque [15]. Complex black-box models 
for an early prediction of complications raise certain concerns because 
medical decisions in the ICU may have life or death consequences [16]. 
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Thus, the prediction mechanism of these models must be shown to be in 
accordance with real clinical knowledge before the model is imple
mented [17–19]. Here we have an additional motivation: provide reli
able and explainable predictions to optimize clinician's confidence in 
using these insights into their decision-making process. As we know, 
lack of confidence is a major issue in deploying AI-based solutions in the 
intensive care field. 

Algorithms that aim at explaining black-box models are being 
increasingly used to understand the prediction mechanism [20,21]. 
These algorithms provide a mechanistic understanding of the func
tioning of the model by revealing the way features are jointly related to 
form the final prediction [22]. In ICU data modeling, the importance of a 
signal is calculated by considering many forms of interactions involving 
the signal. This type of explanation can mitigate the issue with black-box 
models because one can design or select a model that associates 
appropriate importance to the signals, thus providing a trustful reason 
for model predictions [15,23]. 

However, once the model is implemented, a major concern is 
whether it will continue to work as originally intended to [24]–that is, 
does the prediction mechanism remain in accordance with clinical 
knowledge? Trusting the provided explanations implies trusting both 
the model's prediction mechanism and the data that it was built from 
[25]. ICU data is complex and the resulting model may have potential 
flaws because the training data is incomplete, that is, it has not 
exhausted all the ways in which signals can interact. 

It is important to mention that in the early prediction setting, 
required therapies and interventions cannot be included in the model as 
features because they will occur only after the prediction is provided, 
but they may change the likely outcome of complications. Consequently, 
explanations may differ greatly with small variations in the training set 
[26]. Moreover, the implications of over-trusting an ICU risk model can 
be disastrous because a flawed (but trusted) model, may falsely reassure 
a clinician, possibly leading to a systematic change in clinical practice 
[27,28]. 

Thus, the most important motivation for our study is to assure the 
model's consistency and maximizing predictive performance, providing 
means to verify whether the model will continue to employ the same 
prediction mechanism as originally intended, assuming the early pre
diction setting. For that, we investigate robustness and stability of ex
planations over different patient sub-populations as follows:  

• First, to quantify the robustness of explanations we compute the 
similarity matrices for the inputs and their corresponding explana
tions, and then calculate the spatial auto-correlation between these 
two similarity matrices. Thus, correlation captures the key aspect of 
robustness, namely the degree to which variations in inputs and 
explanations are related. Similar to [29], we argue that explanations 
should be robust, that is, similar inputs should not lead to substan
tially different explanations.  

• Second, we quantify the stability of explanations by comparing the 
provided explanations when the model is trained in different boot
strapped patient sub-populations. We argue that explanations should 
be stable, that is, small variations in the training data should not lead 
to substantially different explanations.  

• Third, we show the existence of high performance models with high 
values of robustness and stability of explanations. Thus, we propose 
to use measures of robustness and stability as regularization terms to 
select more effective ICU risk models. Regularization is the process of 
adding information to solve an ill-posed problem or to prevent 
overfitting. Specifically, we use regularization terms to select fea
tures to compose the model iteratively such that the final model 
provides robust and stable explanations without hurting its predic
tion performance. We show that regularized models are not only 
effective in terms of prediction performance, but they also maintain a 
similar prediction mechanism on future data. 

The remainder of this paper is organized as follows. In Section 2, we 
discuss relevant related work. In Section 3, we present the data, features 
used to build models, and model development. In Section 4, we discuss 
the robustness and stability of explanations. In Section 5, we present 
experimental results. In Section 6, we present concluding remarks as 
well as directions for future research. 

2. Related work 

There is vast literature on the use of machine learning methods for 
predicting events during ICU stay. These methods have been designed 
primarily to support medical experts in their clinical decision-making 
process. Systematic reviews and discussions are present in 
[6,9,11,18,30]. 

Studies differ mainly on the machine learning method employed and 
on the targeted complications being considered. In [31], the authors 
developed a decision tree model to early identify COVID-19 patients at 
risk for thromboembolic complications. In [10], the authors employed 
machine learning methods to predict renal failure, bleeding and mor
tality during critical care in real-time after cardiothoracic surgery. In 
[32], the authors used machine learning methods to early identify pa
tients at risk of circulatory failure with a considerably lower false-alarm 
rate than that in conventional threshold-based systems. In [33], the 
authors evaluated the performance of machine learning methods in the 
prediction of 30-day post-surgical mortality. In [34], the authors 
developed a machine learning method to predict hypotension during 
ICU stay. In [35], the authors evaluated the performance of machine 
learning models in predicting one-year mortality at hospital admission. 
In [36], the authors employed machine learning methods to predict 
morbid conditions. 

The black-box issue has been recently considered as an important 
aspect of machine learning methods that predict complications in ICU 
patients [37]. The lack of interpretability of machine learning models is 
being increasingly associated with insufficient clinical confidence on the 
models and little approval from the physicians [38]. Authors in [39] 
employed a deep learning method that produced an interpretable model 
for an early prediction of sepsis. In general, using machine learning 
models in a more realistic scenario and adding techniques that deal with 
the black-box issue to a certain extent have led to stronger and indi
vidualized risk prediction [40]. 

However, there is room for improvement when it comes to tools to 
excel model's performance, properly addressing the black-box issues, 
expanding the scope to a general approach, and improving physician's 
confidence. These are the main goals of this study, which are comple
mentary to the recent literature. Typically, machine learning methods 
are designed to predict a specific complication. Thus, our study signif
icantly differs from the aforementioned studies because we exploit the 
link between explanation and prediction to develop a more general 
regularization concept that can improve the prediction of diverse 
complications. 

3. Materials and methods 

Our models were trained on data from patient data, laboratory re
sults and vital signs available within the first hour after ICU admission. 
This implies that predictions of labels (that is, complications) are 
available within the first hour after ICU admission, but they may occur 
anytime during ICU stay. We randomly built one million models that 
employed a different subset of features, as explained in Section 4.3. A 
Shapley additive explanations algorithm [41] was applied to the models 
to obtain the importance of the features driving patient-specific pre
dictions. We considered a diverse set of possible complications to pre
dict, including delirium, central line-associated bloodstream infection 
(CLABSI), ventilator-associated pneumonia (VAP) and mortality. 
Finally, for each model, we employed robustness and stability of ex
planations as regularization terms to estimate the best performing 
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models. Prediction performance was measured by the area under the 
receiver operating characteristic curve (AUROC). 

The remainder of this section is organized as follows. In Section 3.1, 
we present the data used for model development. In Section 3.2, we 
present the features and the labels used to build the models. In Section 
3.3, we present the algorithm to predict the occurrence of complications 
in ICU admissions. In Section 3.4, we present details on the Shapley 
algorithm. 

3.1. Data 

For model development, we retrospectively collected data from pa
tients admitted to three mixed medical and surgical ICUs of the Life
Center Hospital in Belo Horizonte, Brazil, covering the period from July- 
31-2016 to April-30-2019. All data records were anonymized. The study 
was approved by the appropriate local institutional review boards 
(LifeCenter CAAE: 89812318.5.0000.5126). To adhere to the SAPS III 
model, both the development and validation cohorts were composed of 
patients older than 16 years with an ICU stay lasting more than 24 h. 

The models were internally validated using multiple rounds of cross- 
validation on 6000 admissions and 5474 patients covering the period 
from July-31-2016 to December-31-2018. For model validation, we 
employed data collected from patients admitted to the same three ICUs, 
but covering the period from January-01-2019 to April-30-2019 (thus 
simulating future data). The resulting validation cohort contained 1086 
ICU admissions and 1069 patients. The main objective of validation was 
to demonstrate that regularized models maintained a similar prediction 
mechanism on future data as it was during model training. 

3.2. Features and labels 

Fig. 1 shows a subset of the features used to build our models. The 
features are a mix of static information extracted from data comprising 
demographics and diagnoses (obtained prior to ICU admission), daily 
laboratory results (obtained prior to ICU admission), and vital high- 
frequency signals collected from ICU equipment (during the first hour 
after ICU admission). 

The features used to build the models were available during the first 
hour of ICU admission. Briefly, our working data were a subset of the 
SAPS III model; therefore, we could link our model to current clinical 
practice. 

Table 1 lists the labels for training our models that includes com
plications that can occur at any time during ICU stay. 

These complications are detailed as follows:  

• Delirium is defined as a rapid change in consciousness (hours to 
days) characterized by reduced environmental awareness, decreased 
attention and altered cognition. These clinical features can manifest 
themselves as memory deficits, disorientation, hallucinations, fluc
tuating levels of alertness, and motor abnormalities. 

Fig. 1. Subset of the features used to learn the models.  

Table 1 
Complications during ICU stay. Number between parentheses indicates the 
fraction of cases with patient death.   

Development Validation 

(n = 6,000) (n = 1,086) 

Delirium 147 (10%) 89 (11%) 
Ventilator-associated Pneumonia 39 (31%) 8 (50%) 
Central Line Blood Infection 11 (27%) 4 (50%) 
Mortality 414 63  

Fig. 2. Early prediction setting: features are available within the first hour after ICU admission, but labels (that is, complications) may occur anytime during ICU 
stay. Data is divided into development and validation sets to build and evaluate the prediction performance of the models. 
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• A central line is a catheter that is placed into a patient's large vein, 
typically in the neck, chest, arms or groin. The central line is often 
used to draw blood, or to give fluids and medications more easily. 
The line can be left in place for several days if required. Sometimes, 
bacteria or other germs can enter the patient's central line and into 
their bloodstream. This can cause an infection called central line- 
associated bloodstream infection (CLABSI).  

• Ventilator-associated pneumonia (VAP) is a type of lung infection 
that occurs in patients who are on mechanical ventilation breathing 
machines in the ICU. It is a major source of increased illness and 
death. 

Fig. 2 depicts feature extraction and labeling. Our focus was on the 
early prediction setting, that is, predictions are performed almost 
immediately after ICU admission (more precisely, during the first hour 
of admission). Thus, we employed only vital signals measured during the 
first hour after ICU admission. These signals were aggregated (down- 
sampling), resulting in minimum and maximum values for each signal. 

3.3. Model development 

We applied an additive boosting algorithm to predict the occurrence 
of the aforementioned complications in ICU admissions. We used the 
LightGBM implementation [42], which follows the gradient boosting 
technique that fits boosted decision trees by minimizing a gradient error. 
Trees are added iteratively to the ensemble and are fit to correct the 
prediction errors made by prior decision trees. The ensemble minimizes 
the cross-entropy loss function using gradient descent. LightGBM pro
vides hyperparameters that must be tuned, including the number of trees 
to compose the ensemble (T), learning rate (γ), and maximum tree depth 
(θ). 

We sampled several models by randomly selecting k features from 
the set of available features with 2 ≥ k ≥ 25. For each set of features we 
built models by using combinations of T (10, 50, 100), γ (0.05, 0.1, 0.2), 
and θ (5,36). Therefore, a specific subset of features resulted in 18 
different models. We repeated the random exploration of feature-sets 
such that roughly 1,000,000 models were produced for each target 
complication. 

3.4. Explanations 

We applied a Shapley additive explanations (SHAP) algorithm to 

each model to obtain the importance of the features that drive patient- 
specific predictions [41]. SHAP is a model-agnostic representation of 
the importance of each feature on a particular prediction that is repre
sented using Shapley values inspired by cooperative game theory. Given 
the current set of feature values, a Shapley value quantifies how much a 
single feature in the context of its interaction with other features con
tributes to the difference between the actual prediction and the mean 
prediction. That is, the sum of the Shapley values for all features plus the 
mean prediction equals the actual prediction. 

Importantly, the Shapley value for a feature should not be considered 
as its direct and isolated effect, but as its compound effect when inter
acting with the other features. Shapley values consider all possible 
predictions for an instance using all possible combinations of inputs, and 
because of this exhaustive approach, SHAP can guarantee properties like 
consistency and local accuracy [41]. In summary, SHAP provides a 
vector of approximated Shapley values for each input, also known as an 
explanation vector. SHAP explanation vectors have the same dimension 
of the inputs and each value in an explanation vector indicates the 
importance of the corresponding feature in a particular prediction. 

4. Regularization based on robustness and stability of 
explanations 

In this section, we define the concepts of robustness and stability of 
explanations and the approaches we proposed to measure them. We also 
discuss the method of employing these concepts for model regulariza
tion. Finally, we present a method for feature selection that employs the 
concepts of stability and robustness of explanations. The main objective 
of using stability and robustness as regularization terms when learning 
models is to avoid models that change their mechanism of prediction in 
future data. 

The remainder of this section is organized as follows. In Section 4.1, 
we introduce the robustness of explanations. In Section 4.2, we intro
duce the stability of explanations. In Section 4.3, we discuss ways to 
sample the model space to select the features that compose a model 
regularized in terms of robustness or stability. 

4.1. Robustness of explanations (α) 

Robustness measures the extent to which similar inputs have similar 
explanation vectors. To measure the robustness of explanations we first 
create a similarity matrix from the inputs (that is, patients). Then, we 

Fig. 3. Similar inputs (i.e., patients) are given to the model, and if the corresponding explanations are similar, the robustness of the set of features is high.  
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create a parallel similarity matrix from the corresponding explanation 
vectors. For both matrices, similarity is defined in terms of the Euclidean 
distance. Once the two parallel similarity matrices are created, we 
employ the Mantel r coefficient [43], which gives the spatial auto- 
correlation between two similarity matrices. It is non-parametric and 
computes the significance of the correlation through permutations of the 
rows and columns of one similarity matrix. The statistic test is the 
Pearson product− moment correlation coefficient r that falls in the range 
of − 1 to +1, where close to − 1 indicates a strong negative correlation 
(that is, explanations are not robust) and close to +1 indicates strong 
positive correlation. An r value of 0 indicates no correlation between 
inputs and explanation vectors. Fig. 3 illustrates the assessment of 
robustness. 

4.2. Stability of explanations (β) 

Stability measures the extent to which the same input leads to similar 
explanation vectors when it is given to models built from training sets 
with small variations. To measure the stability of explanations we 

perform multiple bootstrap rounds (that is, sample the training data 
uniformly with replacement), and in each round we create a similarity 
matrix from the obtained explanation vectors. The bootstrapping pro
cess results in multiple similarity matrices with one matrix per round. 
They are then compared with the similarity matrix from the explanation 
vectors obtained from the original training set (that is, the baseline 
matrix). Comparison between bootstrapped matrices and the baseline 
matrix is defined in terms of the Mantel r coefficient. Because we have 
multiple matrices, we simply calculate the average r value. High average 
values of r indicate that explanations are stable with variations in the 
training set, whereas low average values of r indicate that explanations 
vary greatly with small variations in the training set. Fig. 4 illustrates the 
assessment if stability. 

4.3. Sampling the model space by selecting features that compose a model 

We sample the model space by selecting the features that compose a 
model. We begin by enumerating all possible models composed of a 
single feature. Next, we select the feature within the best performing 

Fig. 4. Models A and B employ the same set of features but are trained on two slightly different populations A and B. Then, the same inputs (i.e., patients) are given 
to models A and B, and if the corresponding explanations are similar, then the stability of the set of features is high. 

Fig. 5. The proposed regularization process. Features are selected iteratively by maximizing either model robustness or stability. The final model is used to predict 
the complications. 

T. Amador et al.                                                                                                                                                                                                                                



Artificial Intelligence In Medicine 128 (2022) 102283

6

model according to a specific utility criterion. Then, we enumerate all 
possible models composed of two features. The model enumeration 
process continues by including one feature after each iteration, until the 
cross-validation performance of the model starts to degrade. We ensure 
that no feature appears more than once within the same model. 

When sampling the model space, we want to discourage learning a 
model f, for which explanations are neither robust nor stable, to avoid 
the risk of over-trusting the model's mechanism of prediction. Therefore 
we define utilities Uα(f) and Uβ(f) of a model f as the following functions: 

Uα(f ) = P+C×α,withC ≥ 0,α > 0 (1)  

Uβ
(
f
)
= P+C× β,with C ≥ 0, β > 0 (2)  

where P represents prediction performance measure, C denotes the 
regularization coefficient, α denotes the robustness of explanations and 
β represents the stability of explanations. Lower values of C will 
encourage sampling models with apparently high prediction perfor
mance irrespective of the robustness and stability of the provided ex
planations. In contrast, higher values of C may lead to models with low 
prediction performance. Appropriate values of C may lead to highly 
performing models with robust and stable explanations, and therefore 
these models are more likely to employ a prediction mechanism that is 
similar to the expected one. We disregard any model with negative 
robustness or negative stability. 

Fig. 5 presents an overview of the proposed regularization process. 
As explained earlier, features obtained from patient data, vital signs and 
laboratory results are available within the first hour after ICU admission. 
Therefore, predictions of labels (that is, complications) are available 
within the first hour after ICU admission, but they may occur anytime 
during ICU stay. Next, features are selected iteratively by maximizing 
either model robustness or stability until the best performing model is 
selected. Finally, the final model is used for the early identification of 
patients at risk of complications. 

5. Experimental results 

In this section, we present our evaluation procedure and then report 
results for the early identification of patients at risk of complications. In 
particular, our experiments aim to answer the following research 
questions: 

RQ1: Is there a trade-off between robustness and stability of expla
nations and predictive performance? 

RQ2: Can we build improved models using robustness and stability 
of explanations as regularization terms? 

The remainder of this section is organized as follows. In Section 5.1, 
we present the patient data available at the time of ICU admission. In 
Section 5.2, we present the metric used to assess the prediction perfor
mance. In Section 5.3, we discuss how we validate the development of 
the models. In Section 5.3, we present experimental results and 
discussion. 

5.1. Datasets 

Table 2 presents the characteristics of the patients in the develop
ment and validation datasets using data from their ICU admission. In the 
development dataset, the median age was 65 years with interquartile 
range (IQR) of 54 − 80 and 3074 (51.2%) were female. 

5.2. Model performance 

We assessed the prediction performance in terms of AUROC. AUROC 
is considered a balanced performance measure, rendering it useful for 
imbalanced datasets [44], and it measures the ability of the model to 
correctly rank positive from negative cases. It takes values between 0.5 
(random predictions) and 1 (all positive cases are ranked higher than 
negative cases). 

5.3. Setup 

We conducted five-fold cross-validation using the development 
dataset containing 6,000 inputs to build the models. The dataset was 
arranged into five folds, each containing 1,200 inputs. At each run, four 
folds were used as training set (4,800 inputs) and the remaining fold was 
used as the test set (1,200 inputs). We reported the average AUROC 
value for the five runs. Robustness and stability of explanations were 
also averaged over the five folds. This entire process was executed 
separately for each label (that is, complications), namely delirium, VAP, 
CLABSI, and mortality. 

We also evaluated the performance of our models on a separated 
validation cohort dataset (1,086 inputs) as an independent dataset (that 
is, future data), in which we evaluated models built from the develop
ment cohort. All experiments were run on an Intel i7-3770K 3.50 GHz 
processor. 

We provided comparison with popular algorithms, namely XGBoost 
[45], random forest [46], and logistic regression [47]. To ensure a fair 
comparison, for all algorithms we used the SKLearn implementation,1 

and the parameter settings used were in line with typical values used for 
them. Specifically, for random forest we set the number of decision trees 
to 100, minimum samples to split on at an internal node to 2, and 
maximum number of leaf nodes is unlimited. For XGBoost we set the 
learning rate to 0.1, number of trees to 100, and minimum samples to 
split on at an internal node to 2. For logistic regression we set the 
maximum number of iterations taken for the solvers to converge to 100. 
We performed an initial evaluation, which showed that these parameter 
settings usually lead to the best results for each algorithm. All the ex
periments were conducted on a commodity PC with Intel(R) Core(TM) 
i5–4460 CPU, running GNU/Linux at 3.40Ghz and holding 8GB of RAM. 

Table 2 
Some characteristics of the ICU patients in the development and validation 
datasets.   

Development Validation  

(n=6,000) (n=1,086) 
Age, years 65 (54 − 80) 65 (53 − 80) 
Sex   

Female 3074 (51.2%) 562 (51.7%) 
Male 2926 (48.8%) 524 (48.3%) 

Comorbidities   
Aids 32 (0.005%) 7 (0.007%) 
Hypertension 3543 (59.0%) 532 (52.1%) 
Diabetes 919 (15.3%) 196 (19.5%) 
Cardiac arrhythmia 304 (5.1%) 27 (2.6%) 
Dementia 528 (8.8%) 145 (14.2%) 
Morbid obesity 373 (6.2%) 59 (5.6%) 
Cancer therapy 212 (3.5%) 90 (8.6%) 

Admission category   
Medical 3275 (54.6%) 664 (61.1%) 
Scheduled surgery 2158 (36.0%) 272 (25.0%) 
Unscheduled surgery 553 (9.4%) 103 (9.5%) 

Type of surgery   
Cardiac surgery 53 (0.9%) 1 (0.1%) 
Trauma 42 (0.7%) 3 (0.3%) 
Neuro surgery 24 (0.4%) 1 (0.1%) 

Length of stay before ICU, days 2.76 (0–1) 2.00 (0–1) 
Length of ICU stay, days 3.87 (1–4) 4.08 (2–5) 
Number of ICU admissions   

1 5034 (92.1%) 928 (96.5%) 
2 361 (6.6%) 31 (3.2%) 
3 51 (0.9%) 2 (0.02%) 
≥4 19 (0.4%) 1 (0.01%)  

1 https://scikit-learn.org/. 
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With these settings, all considered algorithms perform the training 
procedures within few seconds. More precisely, the longest training time 
for XGBoost was 41 s, for Random Forest it was 71 s, and for Logistic 
Regression it was only 29 s. 

5.4. Results and discussion 

Our experiments evaluated the relationship between stability and 
robustness and the employment of these measures to provide improved 
prediction performance. To answer RQ1 we sampled the model space 
(one million models for each targeted complication) to grasp the 
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relationship between robustness and stability of explanations and pre
dictive performance. Fig. 6 shows the distribution of these quantities 
among models trained to predict delirium. Clearly, predictive perfor
mance increased with both robustness and stability of explanations. The 
best performing models are the ones located in the top right corner in 
each fig. 

A comparison of the two heatmaps, as shown in Fig. 6, indicated 
differences in AUROC values when the stability of explanations ranged 
from 0.3 to 0.5 and robustness of explanations ranged from 0.8 to 0.9. 
Still, predictive performance achieved the highest values when robust
ness and stability of explanations were higher. Specifically, AUROC 
values were as high as 0.88 with cross-validation using the development 
dataset, and as high as 0.85 on the validation dataset (that is, future 
data). 

Figs. 7, 8 and 9 present similar trends when analyzing models trained 
to predict the other targeted complications, namely VAP, CLABSI and 
mortality, respectively. In all cases, predictive performance increased 
with both robustness and stability of explanations. In summary, models 
predicting VAP had AUROC values as high as 0.92 with cross-validation 
and also on the external validation dataset. Models predicting CLABSI 
had AUROC values as high as 0.88 with cross-validation and 0.85 on the 
external validation dataset. Finally, models predicting mortality had 
AUROC values as high as 0.84 with cross-validation and 0.83 on the 
external validation dataset. 

To answer RQ2, we sampled the model space as described in Section 
3.3. Specifically, we iteratively selected the features to compose the 
model. At each iteration, the selected feature is the one that provides 
maximum utility. By varying regularization coefficient C we control the 
importance that the regularization terms will have in the feature selec
tion process. For C=0, utility is given solely in terms of a predictive 
performance measure (namely, AUROC), that is, features are incorpo
rated into the model by simply maximizing AUROC. As C increases, the 
features being selected tend to increase robustness and stability of ex
planations of the resulting model. We varied regularization coefficient C 

from 0 to 0.5, and we reported the results in terms of AUROC. Further, 
we considered the method introduced in [48] to provide baseline 
comparison. It employs logistic regression for model fitting using all 
features available. Before fitting, continuous features are standardized 
(zero mean, one s.d.). 

Table 3 shows performance values of models predicting delirium. Up 
arrows indicate an improvement in performance when compared with 
that in [48], whereas down arrows indicate the opposite trend. In both 
cases, the number within parentheses shows the absolute difference in 
terms of AUROC. Clearly, selecting features based solely on AUROC 
(that is, C=0.0) does not lead to the best models. Instead, the proposed 
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Table 3 
Models predicting delirium − Predictive performance with varying values of C.  

C Stability Robustness 

Development Validation Development Validation 

0.0 0.79 ↓ (20) 0.77 ↓ (20) 0.79 ↓ (20) 0.77 ↓ (20) 
0.1 0.82 ↑ (29) 0.82 ↑ (30) 0.80 ↕ (0) 0.79 ↑ (20) 
0.2 0.84 ↑ (30) 0.84 ↑ (27) 0.82 ↑ (29) 0.80 ↑ (29) 
0.3 0.86 ↑ (27) 0.85 ↑ (35) 0.84 ↑ (30) 0.82 ↑ (30) 
0.4 0.82 ↑ (29) 0.83 ↑ (5) 0.83 ↑ (23) 0.81 ↑ (23) 
0.5 0.82 ↑ (29) 0.80 ↑ (29) 0.81 ↑ (20) 0.80 ↑ (29)  

Table 4 
Models predicting VAP − Predictive performance with varying values of C.  

C Stability Robustness 

Development Validation Development Validation 

0.0 0.86 ↓ (29) 0.84 ↓ (29) 0.86 ↓ (29) ↓ 0.84 (2) 
0.1 0.88 ↕ (0) 0.86 ↕ (0) 0.86 ↓ (29) ↓ 0.84 (2) 
0.2 0.90 ↑ (29) 0.90 ↑ (30) 0.88 ↕ (0) ↑ 0.87 (1) 
0.3 0.92 ↑ (30) 0.90 ↑ (30) 0.90 ↑ (29) ↑ 0.88 (2) 
0.4 0.90 ↑ (29) 0.90 ↑ (30) 0.89 ↑ (20) ↑ 0.88 (2) 
0.5 0.88 ↕ (0) 0.88 ↑ (29) 0.88 ↕ (0) ↕ 0.86 (0)  

Table 5 
Models predicting CLABSI − Predictive performance with varying values of C.  

C Stability Robustness 

Development Validation Development Validation 

0.0 0.82 ↓ (29) 0.79 ↓ (23) 0.82 ↓ (29) 0.79 ↓ (23) 
0.1 0.83 ↓ (20) 0.81 ↓ (20) 0.84 ↕ (0) 0.82 ↕ (0) 
0.2 0.86 ↑ (29) 0.84 ↑ (29) 0.86 ↑ (29) 0.84 ↑ (29) 
0.3 0.88 ↑ (30) 0.86 ↑ (30) 0.88 ↑ (30) 0.85 ↑ (23) 
0.4 0.87 ↑ (23) 0.85 ↑ (23) 0.88 ↑ (30) 0.85 ↑ (23) 
0.5 0.85 ↑ (20) 0.85 ↑ (23) 0.85 ↑ (20) 0.83 ↑ (20)  

Table 6 
Models predicting mortality − Predictive performance with varying values of C.  

C Stability Robustness 

Development Validation Development Validation 

0.0 0.81 ↓ (20) 0.77 ↓ (23) 0.81 ↓ (20) 0.77 ↓ (23) 
0.1 0.82 ↕ (0) 0.80 ↕ (0) 0.82 ↕ (0) 0.80 ↕ (0) 
0.2 0.83 ↑ (20) 0.82 ↑ (29) 0.84 ↑ (29) 0.82 ↑ (29) 
0.3 0.86 ↑ (30) 0.85 ↑ (5) 0.86 ↑ (30) 0.84 ↑ (30) 
0.4 0.84 ↑ (29) 0.82 ↑ (29) 0.84 ↑ (29) 0.84 ↑ (30) 
0.5 0.81 ↓ (20) 0.80 ↕ (0) 0.80 ↓ (29) 0.78 ↓ (29)  
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regularization terms play an important role in feature selection. Best 
results in terms of AUROC were obtained with C=0.3. Notably, perfor
mance on the development and validation datasets became closer as C 
increased, suggesting that both robustness and stability of explanations 
were useful for model generalization. Further, the performance obtained 
with C=0.3 greatly surpassed the baseline prediction performance in 
terms of AUROC. 

Tables 4, 5 and 6 present the same analyses for models trained to 
predict VAP, CLABSI, and mortality, respectively. The same trend was 
observed when predicting these complications, that is, the best results in 
terms of AUROC were obtained using moderate values of C. Higher 
values may select features that improve explanation stability and 
robustness, but are weak in terms of increasing AUROC values. 

Clearly, the proposed regularization terms were highly effective in 
selecting features that produce models with high generalization for all 
complications considered. Finally, it is important to note that explana
tion stability and robustness are highly effective regularizers even when 
being used within gradient boosting trees that employ other types of 
regularization, such as L1 and L2. 

To better understand the impact of using robustness and stability of 
explanations as regularizers when selecting features, we plotted a 
heatmap showing the decision boundaries for models predicting mor
tality. Basically, we represented each point (that is, a patient) using the 
corresponding feature values, and then we used t-SNE [49] to visualize 
the data in two dimensions. Fig. 10 (Left) shows the decision boundary 
for the best model obtained with C=0, and Fig. 10 (Right) shows the best 
models obtained with C=0.3. Points in red correspond to patients who 
died during ICU stay. Interestingly, features selected using C=0.2 pro
duced a model that was substantially more homogeneous, that is, it 

improved the separability of the different outcomes. 
Finally, Table 7 presents the comparison between regularized models 

(that is, stability or robustness) and popular machine learning methods. 
All models were trained using the development set and evaluated using 
the validation set. The choice for α and β was performed using cross- 
validation on the development set. Generally, regularization based on 
stability results in higher gains over the baselines. Interestingly, a recent 
systematic review has shown that, in a general population, no perfor
mance benefit of complex machine learning algorithms over logistic 
regression is observed for clinical predictions [50] however, in an ICU 
population, a significant performance difference is observed. 

6. Conclusions and future research 

Complications in the ICU increase mortality and cost and are asso
ciated with long-term consequences. Therefore, the ability to predict, as 
early as possible, the risk for major complications and patient deterio
ration is of paramount importance. For instance, there are bundles to 
prevent VAP and CLABSI that can be strengthened in patients identified 
as at high risk for these conditions; environment modifications are the 
best actions to prevent delirium, and together with presence of family 
members are effective measures that can be implemented early. All of 
these three conditions are associated with mortality, which can be 
reduced if they are prevented. 

For a large cohort of patients in critical care, we developed and 
validated a machine-learning algorithm that uses clinical and de
mographics data to forecast the risk for major complications and death 
within the first hour after admission in the ICU. Improved predictive 
performance was obtained by using novel regularization terms that were 
proposed to be used within a feature selection procedure. Features 
selected using the proposed regularization terms produced models with 
better separability and improved prediction performance when 
compared against popular baselines. The proposed regularization terms 
forced the selection of models based on the stability and robustness of 
prediction explanations, and thus regularized models had the additional 
advantage of continuing to employ the same prediction logic on future 
data. 

In addition to the theoretical contributions of our models, practical 
advantages may arise from avoiding further suffering, because VAP, 
CLABSI, and delirium are major factors that can increase ICU length of 
stay, and effective early prediction system would certainly enable 
improved actions to prevent complications in the ICU, as stated above. 
Future research goals include the development of models for dynamic 
prediction of ICU length of stay and mortality, as well as models to 
indicate the necessary resources to treat specific subgroups of patients. It 
is true that the use of AI-based solutions in practice nowadays is scarce. 

Fig. 10. Two models trained to predict mortality. Left − Utility of the model is given solely by AUROC. Right − Utility of the model is given by Eq. 1 (stability of 
explanations). 

Table 7 
Best regularized models versus baselines XGBoost, Random Forest and Logistic 
Regression. α and β values indicate the best models in terms of robustness and 
stability, respectively.   

Gains over  

Target complication XGBoost Rand Forest LogReg 

Robustness     
Delirium (α=0.3) 6.8% 8.2% 10.3% 
VAP (α=0.3) 4.9% 5.0% 5.5% 
CLABSI (α=0.3) 7.9% 8.2% 8.8% 
Mortality (α=0.3) 9.4% 9.2% 9.5% 

Stability     
Delirium (β=0.3) 11.1% 11.5% 12.1% 
VAP (β=0.2) 7.4% 7.2% 7.6% 
CLABSI (β=0.3) 8.8% 8.8% 9.2% 
Mortality (β=0.3) 10.2% 10.0% 10.7%  
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In this way, improving model's performance based on regularization 
methods − whilst we include novel features coming from the patient 
evolution in ICU − and enhancing clinical confidence could offer an 
evolution in further steps to implement these tools in the process of 
clinical decision-making. 
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