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A B S T R A C T   

Robust and rabid mortality prediction is crucial in intensive care units because it is considered one of the critical 
steps for treating patients with serious conditions. Combining mortality prediction with the length of stay (LoS) 
prediction adds another level of importance to these models. No studies in the literature predict such tasks for 
neonates, especially using time-series data and dynamic ensemble techniques. Dynamic ensembles are novel 
techniques that dynamically select the base classifiers for each new case. Medically, implementing an accurate 
machine learning model is insufficient to gain the trust of physicians. The model must be able to justify its 
decisions. While explainable AI (XAI) techniques can be used to handle this challenge, no studies have been done 
in this regard for neonate monitoring in the neonatal intensive care unit (NICU). This study utilizes advanced 
machine learning approaches to predict mortality and LoS through data-driven learning. We propose a multilayer 
dynamic ensemble-based model to predict mortality as a classification task and LoS as a regression task for 
neonates admitted to the NICU. The model has been built based on the patient’s time-series data of the first 24 h 
in the NICU. We utilized a cohort of 3,133 infants from the MIMIC-III real dataset to build and optimize the 
selected algorithms. It has shown that the dynamic ensemble models achieved better results than other classi
fiers, and static ensemble regressors achieved better results than classical machine learning regressors. The 
proposed optimized model is supported by three well-known explainability techniques of SHAP, decision tree 
visualization, and rule-based system. To provide online assistance to physicians in monitoring and managing 
neonates in the NICU, we implemented a web-based clinical decision support system based on the most accurate 
models and selected XAI techniques. The code of the proposed models is publicly available at https://github. 
com/InfoLab-SKKU/neonateMortalityPrediction.   

1. Introduction 

Patient hospitalization is considered the principal cost of patient 
care. Admission to an intensive care unit (ICU) is one of the most 
expensive and complex phases in the hospital stay [1,2]. It accounts for 
up to one-third of total hospital costs [3]. Hospitals are always under 
pressure to enhance the ICU’s efficiency and reduce costs. ICU mortality 
and length of stay (LoS) are the most crucial clinical outcomes for pa
tient admission [4]. ICU LoS is a major indicator for the consumption of 
hospital resources. Its prediction is critical, because clinicians use these 
predictions to plan ICU capacity, select appropriate treatment options, 
identify unexpectedly long ICU length of stay, and benchmark ICUs [5]. 
In addition, this metric is important both for healthcare providers and 

patients, because it is used as an indicator for other outcomes such as 
hospital and ICU mortalities, the severity of illness, and healthcare 
resource utilization. Quantifying ICU LoS outcomes is difficult even for 
experienced physicians [6]. Verburg et al. [7] reviewed the ICU LoS 
prediction models for adults and asserted that no model completely 
satisfied physician requirements. No model produced a prediction with 
low bias, and R2 was 0.05–0.28 across patients, and 0.01–0.64 across 
ICU. This task is complex, because LoS is prone to outliers, there is no 
standard definition for LoS, and there are no criteria for selecting pre
dictive variables. Different studies have concentrated on different cat
egories of patients. For example, Peres et al. [2] surveyed the most 
critical risk factors that should be considered in prediction models for 
prolonged ICU LoS. These factors included severity scores, mechanical 
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ventilation, hypomagnesemia, delirium, malnutrition, infection, 
trauma, red blood cells, and PaO2:FiO2. Other studies, such as Seaton 
et al. [8] and Atashi et al. [9], concentrated on the neonatal unit and 
after coronary artery bypass grafting ICU patients, respectively. 

On the other hand, hospitals plan to maximize their ICU statistics by 
reducing the number of patients dying inside the ICU. There is a strong 
correlation between LoS and mortality [10,11,12,4], and to improve 
their prediction, researchers have developed novel machine learning 
models [4] and scores [19,20]. Awad et al. reviewed the LoS and mor
tality studies for acute medicine and critical care units and their corre
lation [13]. Many medical prognostic scores like, SOFA [14], SAPS-II 
[15], and APACHE II [16], have been utilized to predict outcomes and 
evaluate the severity of illness [17]. These scoring systems or universal 
models have several limitations, which include: (1) they led to miscal
culation for a specific subgroup of patients, as they applied to patients 
with significantly different risk factors at admission, (2) models need a 
periodic update to reflect possible enhancements in medical practice, (3) 
these scores are based on a small number of baseline characteristics 
collected from the first 24 h after ICU admission, but do not consider the 
evolution of the patient’s clinical situation during the ICU stay, and (4) 
they utilized simple models like logistic regression the assume a linear 
and additive relationship between outcome variable (e.g., mortality) 
and predictors [4,18,19,20]. Zimmerman et al. [21] used the APACHE 
score to predict LoS, which showed poor accuracy (R2= (0.18–0.22)) 
across individual patients. In fact, APACHE IV developers explicitly 
stated that “the APACHE IV model provides clinically useful ICU length of 
stay predictions for critically ill patient groups, but its accuracy and utility are 
limited for individual patients” [21]. Siddiqui et al. [22] compared the pre- 
ICU admission scores, including the SIRS, EWS, and qSOFA scores, to 
predict the mortality and ICU LoS for patients admitted with the diag
nosis of sepsis. Ding et al. [20] asserted that these scores are neither 
sufficient nor accurate, because they established global offline models 
unsuitable for specific patients. Machine learning (ML) and deep 
learning (DL) models based on big time-series data can be used to 
improve the prediction of ICU LoS and mortality [1,23]. These models 
can be easily updated and create customized decisions based on the 
patient’s temporal data collected during the stay. For example, the 
DeepSOFA model is demonstrated to have better performance than the 
SOFA score [24]. LoS and mortality predictions have been demonstrated 
in different domains, such as after cardiac surgeries where short LoS 
could streamline efficient fast-track pathways, while long LOS could 
provide the opportunity to consider modifiable risk factors and surgical 
timing [25]. Neonates are patients aged under 28 days (d). The previous 
tasks have not been studied for neonates. 

After studying the literature, we found the following shortcomings. 
Many studies have proposed mortality and LoS prediction models for 
children and adult patients. Such techniques utilized classical machine 
learning [26,27], ensemble [28,29], and deep learning [30,31,32] al
gorithms. However, few studies have concentrated on neonate patients 
using regular machine learning or deep learning models [33,34]. No 
studies utilized dynamic ensemble models to optimize these tasks (ICU 
LoS and mortality predictions) for neonates based on raw time-series 
data. Inspired by these limitations of the literature, in this paper, we 
propose a two layers model to jointly predict neonates’ ICU LoS and 
mortality. In addition, this is the first work in the literature that jointly 
explores the ICU LoS and mortality predictions using the MIMIC dataset 
for neonates. The contributions of the study can be summarized as 
follows. 

1. We propose an explainable multilayer prediction framework of ne
onates’ mortality in ICU based on DES techniques. The proposed 
model has two layers. The first layer is a classification model to 
predict the risk of patient mortality in the ICU, and the second layer 
is a regression model to predict neonates’ LoS in the ICU.  

2. In the classification layer, we explore the capabilities of different 
machine learning models to learn ICU time-series data for predicting 

patient mortality. These models include base classifiers as decision 
tree, support vector machine, logistic regression, naïve Bayes, k- 
nearest neighbors, and multilayer perceptron; static ensemble model 
as random forest, AdaBoost, XGBoost, gradient boosting, CatBoost, 
LGBM, and majority voting; and DES models that include KNORAE, 
mETA-DES, DESP, KNORAU, DES-KNN, KNOP, FIRE-KNORA-U, 
FIRE-KNORA-E, FIRE-mETA-DES, FIRE-DESP, FIRE-DES-KNN, and 
FIRE-KNOP.  

3. In the regression layer, we explore the performances of different 
classical regression models, static ensemble regression models, and 
voting regression with homogeneous and heterogeneous base 
regression models. These models include classical regression models 
of linear regression, k-nearest neighbors, linear support vector 
regression, decision tree, ridge, and lasso; static ensemble regression 
models of random forest, CatBoost, XGBoost, LGBM, gradient 
boosting, extra trees, and AdaBoost.  

4. We propose a novel data preprocessing algorithm to prepare time- 
series data of 3,133 patients from MIMIC-III dataset with different 
time intervals and different missing rates. 

5. We extend the framework by adding the explainability to help phy
sicians understand model decisions. The selected best machine 
learning models in the two layers and the explainability features are 
embedded in a web-based application to provide the physician with a 
real and complete implementation of the ICU neonates management 
system. 

The study is organized as follows. Section 2 reviews the related work. 
Section 3 presents the proposed model, while Section 4 provides the 
performance evaluation criteria, and Section 5 describes the experi
mental setup. Sections 6 and 7 discuss the classification and regression 
results, respectively. Section 8 Model addresses explainability, while 
Section 9 considers system implementation. Section 10 then concludes 
the paper. 

2. Related works 

2.1. Mortality prediction 

The literature of this task has two branches hospital mortality 
[35,36], and ICU mortality [37,38,39]. Patient-specific ICU mortality 
prediction is more complex, time-consuming, and expensive, because it 
enables timely decisions towards effective patient care and optimized 
ICU resource management [23]. Many regular ML models have been 
used to predict ICU mortality. Johnson et al. [38] tested gradient 
boosting and logistic regression models for ICU mortality prediction 
using a simple set of features collected from the MIMIC-III dataset [39]. 
Fika et al. [40] concentrated on adult patients to build their ICU mor
tality prediction model. The study built a multivariate logistic regression 
model based on 436 patients collected during the first 24 h of ICU 
admission from medical/surgical and multidisciplinary ICUs. The model 
achieved an AUC of 0.85. Sadeghi et al. [41] utilized the vital signs to 
optimize a decision tree classifier for mortality prediction. Liu et al. [42] 
proposed an end-to-end learning model based on an SVM classifier, cost- 
sensitive principal component analysis for feature extraction, and chaos 
particle swarm optimization for hyperparameter optimization. The 
model has been tested using 4,000 subjects whose 41 variables were 
recorded during the first 48 h after admission to ICU. The study 
concentrated on adult patients admitted to four ICUs (i.e., cardiac, 
surgical, medical, or trauma). The model achieved an AUC of 0.7718. 
Ding et al. [20] proposed a two-step model for the personalized mor
tality prediction of ICU patients. The first step clusters patients, while 
the second step is for mortality prediction. The model combined just-in- 
time learning and an extreme learning machine. The experiments have 
been done using 4000 ICU patients, and the model achieved an AUC of 
0.8568. Monteiro [43] proposed a linear SVM model to predict ICU 
mortality. The model achieved an accuracy of 0.73. 
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Alam et al. [44] asserted that the current ML literature achieved 
insufficient accuracy levels, and the literature needs to explore more 
powerful techniques to boost the performance of these classical ML 
techniques. There are two main potential approaches to improve this 
performance. The first approach is to use advanced DL models, while the 
other approach is to combine more than one classical ML model to form 
either static or dynamic ensembles. DL offers state-of-the-art capabil
ities, and research suggests DL could outperform traditional ML tech
niques [45]. Ge et al. [46] compared an LSTM-based model with a 
logistic regression model for ICU mortality prediction. Recently, novel 
DL architectures such as LSTM performed well to predict ICU mortality 
and LoS (binary classification) [47]. The model achieved a c-statistic of 
0.7614, compared to 0.7412 for the logistic regression model. Krishnan 
et al. [23] proposed an extreme learning machine-based neural network 
to predict ICU mortality. The authors used a genetic algorithm-based 
feature selection technique to improve care delivery and cost optimi
zation to use the minimal patient-specific feature set. The study was 
based on 31,691 adult patients (age > 15) from the MIMIC III dataset. In 
terms of AUC, the model outperformed the traditional scoring systems 
by (11–29) % and the state-of-the-art models by up to 14 %. Caicedo- 
Torres and Gutierrez [48] proposed the ISeeU model. This is a multi- 
scale CNN architecture trained on MIMIC-III for mortality prediction. 
CNN model can handle both static and dynamic data, which is expected 
to outperform other hybrid architectures (ANN/RNN). The model 
attained a testing AUC of (0.8735 ± 0.0025). Searching for the best 
neural network architecture is a challenging task that requires intensive 
resources and a large amount of data. In addition, DL models are black- 
box models where it is difficult to know why the model has taken a 
specific decision. If not better, comparable results can be achieved by 
using easier, faster, and more robust ensemble techniques. Ensemble 
techniques are discussed in the following subsection. 

2.2. Ensemble modeling 

Model stability and performance can be improved by building 
ensemble models, such as boosting [38] and random forests [34]. 
Ensemble modeling is an active area of research in machine learning and 
pattern recognition, where ensembles can combine a diverse set of 
simple base models, using techniques such as bootstrapping, stacking 
[49], or voting [50]. The base models could be homogeneous or het
erogeneous regular ML models or deep learning models [51,52] In 
recent years, several studies have been published that demonstrated the 
advantages of ensemble models over base models based on theoretical 
[53], and empirical [54,55], evaluations. Kefi et al. [33] proposed an 
ensemble model based on a linear discriminant analysis-based classifier 
for neonate mortality prediction after the two first hours of admission. 
The model is based on lab tests, demographics, and vital signs. It ach
ieved an accuracy of 0.947. The study predicted the exact mortality time 
using a random forest regressor and achieved an F-score of 0.871. Pir
racchio [37] tested the performance of the Super Learner algorithm [56] 
(i.e., an ensemble model) for predicting ICU mortality, and compared its 
performance with severity scores using the MIMIC-II database. Alam 
et al. [44] used lab data only to predict ICU mortality based on an 
ensemble classifier. Awad et al. [57] proposed a random forest ensemble 
model for early ICU mortality prediction based on the data collected 
during the first 6 h of admission. The study collected single stays data for 
11,722 adult patients (age ≥ 16) from MIMIC-II dataset admitted to 
medical, surgical, or cardiac surgery recovery ICUs. The proposed model 
achieved an AUC of 0.90 ± 0.01. El-Rashidy et al. [58] proposed a 
stacking ensemble model for ICU mortality prediction of adults. The 
study utilized 10,664 subjects from the MIMIC III dataset. The model 
achieved an accuracy of 94.4 %. Lin et al. [59] proposed a random forest 
model to predict ICU mortality for adult patients (age ≥ 16) with acute 
kidney injury. The model achieved an AUC of 0.866 and an accuracy of 
0.728. Rowan et al. [60] proposed an ensemble of ANN to investigate the 
role of 32 demographic factors, medical and surgical histories, and 

clinical measures, to predict the need for an extended LOS in post- 
cardiac surgery ICU. They built a binary classifier, i.e., less than 
or>24 h LOS in the ICU, and achieved an AUC of 0.902, sensitivity of 91 
%, and specificity of 78 %. As is apparent, using an ensemble of base 
classifiers achieved promising results. However, the previous studies are 
based on the static ensemble techniques, where while building the 
model, the list of base classifiers is selected only once. Moreover, no 
studies in the literature used static ensembles to predict neonate mor
tality in ICU, especially using multimodal and time-series data. 

Recently, one of the most promising ensemble techniques has 
become dynamic ensemble selection (DES), where base classifiers are 
selected dynamically for each query sample to be classified [50]. For 
each new case to be classified, the DES techniques firstly estimate the 
competence level of each classifier from a pool of classifiers. Secondly, 
an ensemble containing the most competent classifiers is selected to 
predict the label of this query sample. The main idea of DES is that not 
every classifier in the pool is an expert in classifying all unknown sam
ples; rather, each base classifier is an expert in a different local region of 
the feature space. As a result, the key is how to dynamically select the 
most competent base classifiers for any given query sample. Many ideas 
have been proposed to solve this challenge, including DES algorithms 
such as K-nearest oracle elimination (KNORAE), meta-learning for dy
namic ensemble selection (mETA-DES), dynamic ensemble selection 
performance (DESP), Dynamic ensemble selection-Clustering (DES- 
Clustering), K-nearest oracle union (KNORAU), Dynamic ensemble 
selection-K nearest neighbor (DES-KNN), multiple-classifier behavior 
(MCB), and Frienemy Indecision Region Dynamic Ensemble Selection 
(FIRE) frameworks, such as FIRE-KNORA-U and FIRE-KNORA-E 
[50,61]. DES has been used to solve many real-world problems, 
including Alzheimer’s prediction [62], imbalanced data [63], credit risk 
assessment [64], and multiclass classification [65]. DES has proven its 
superiority over simple classifiers, static ensemble classifiers, and dy
namic classifier selection techniques. In the ICU domain, especially 
neonate mortality prediction, there are no studies that have implemented and 
tested DES techniques. Using these techniques to interpret complex ICU 
data (i.e., multimodal and time-series data) offers promises. In this 
study, we investigate this possibility. 

2.3. Length of stay prediction 

LoS is the number of days that a patient stays in ICU or other hospital 
facilities during a single admission [66]. It is difficult for physicians to 
predict a patient’s LoS periods [19]. Some studies predicted the general 
hospital LoS at admission based on static features [67]. However, the 
most critical task is to predict the ICU LoS [68]. Some studies calculated 
the ICU LoS period by grouping patients based on their conditions. They 
assumed that every disease, illness, or procedure is associated with a 
specific LoS [69]. These models are known as diagnosis-related-group 
systems [70]. However, these systems cannot provide personalized de
cisions for different patients. LoS calculation is a complex task, because 
it is affected by other factors, such as demographics, treatment 
complexity, complications, and lab tests. Almashrafi [68] surveyed the 
factors that influence the ICU LoS after adult cardiac surgery. Literature 
studies calculated LoS using different techniques, including arithmetic 
methods [71], statistical methods [72] and ML methods [32]. Some 
studies modeled this task as a binary classification task [73] (e.g., LoS is 
long [>5 d], or short [<5 d]), or a regression task [4]. Arithmetic 
methods are based on calculating metrics such as the average or median 
LoS. These simple methods wrongly assumed that LoS is normally 
distributed [72]. Vasilakis et al. [72] proposed alternative statistical 
techniques based on survival analysis [74], which studies the role of 
different features on the patient’s survival time. Linear regression and 
logistic regression are special cases of survival models [71]. Most studies 
built these models based on patients’ diagnoses, procedures, gender, and 
age [75,76]. Because hospitals are complex stochastic systems, simple 
deterministic approaches for planning and managing are insufficient to 
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provide an accurate analysis [77,78,79]. For example, building systems 
based on simple decision rules extracted from regression trees had low 
predictive accuracy [80]. Moreover, Grubinger et al. [54] asserted that 
these systems are unstable, because any minor change in the patient data 
can lead to a completely different model. 

Data-driven approaches used more sophisticated methods, such as 
deep learning (DL) techniques, ensembles models, and advanced ML 
techniques, such as support vector machines (SVM), to analyze the pa
tient’s big, multivariate, and time-series data. The digitalization of ICU 
led to the collection of big time-series data at the bedside with different 
origins and formats. For example, the Epimed Monitor System deployed 
a tool that predicts ICU LoS [81]. This is a cloud-based ICU management 
system that collected the data of>2,500,000 ICU admissions in Brazil. 
Ma et al. [82] proposed an LoS prediction model based on the combi
nation of just-in-time learning and a one-class extreme learning ma
chine. The model was based on 15 time-series physiological indicators; 
each one is represented by the first 48 h after admission to ICU. The 
authors extracted 360 statistical features from these indicators and used 
PCA to reduce the dimensionality of the data. They achieved an area 
under the curve (AUC), precision, G-mean, accuracy, specificity, and 
sensitivity of (0.851, 1, 0.7842, 0.82, 1, and 0.615), respectively. Note 
that the study has modeled LoS prediction as a classification task by 
checking if LoS will be greater than a threshold. Meyfroidt et al. [25] 
applied Gaussian processes for ICU LOS prediction. They collected data 
of 960 patients undergoing cardiac surgery who are monitored in the 
first 4 h after admission. Houthooft et al. [12] built an SVM model based 
on data values from the first five days after admission of 14,480 patients 
to predict ICU LoS and mortality. The study used the SOFA score as a 
predictor in the model. The model achieved an AUC of 0.77 for pre
dicting mortality, a mean absolute error of 1.79 d, and a median abso
lute error of 1.22 d for patients who survived a non-prolonged stay. 
Mansouri et al. [34] evaluated the performance of different ML models 
to predict LoS of neonates in the neonatal intensive care unit (NICU). 
The study implemented a random forest regressor model based on the 
MIMIC III data collected from the first 24 h of admission. This model 
achieved R2 of 0.78 by exploiting only patients’ diagnoses and de
mographics data. Li et al. [83] used the LASSO algorithm to build a 
regression model for ICU LoS prediction. The proposed model achieved 
the performance of 0.88 ± 0.13 for RMSPE, 0.87 ± 0.07 for MAE, and 
0.35 ± 0.09 for R2. Daghistani et al. [84] proposed a random forest 
classification model for predicting in-hospital LoS for cardiac patients. 
The study grouped the patients into three categories based on their LoS: 
short (<3 d), intermediate (3–5 d), and long (>5 d). However, this could 
not obtain a quantitative LoS. Dominici et al. [85] proposed a logistic 
regression model for calculating a new nomogram score and tested it to 
predict a long ICU LoS among patients undergoing coronary artery 
bypass graft surgery. The model is based on ten predictors and trained 
using 7,352 patients. The study achieved a sensitivity of 74 % and a 
specificity of 60 %. Rouzbahman et al. [86] proposed a clustering step to 
summarize patients’ data before applying the logistic regression anal
ysis. The study has been applied using the MIMIC-II database to predict 
both ICU LoS and morality. Clustering improved prediction accuracy for 
both tasks (mortality prediction accuracy of 75.3 % and ICU LoS MAE of 
7,300 min). 

DL techniques play an important role in analyzing the ICU big time- 
series data. LaFaro et al. [87] built an artificial neural network (ANN) 
regression model to predict ICU LoS in the cardiac surgical ICU based on 
eight factors. The model achieved a training prediction R2 of 0.535 and 
a cross-validation prediction R2 of 0.410. Tu and Guerriere [88] applied 
an ANN model to predict ICU LOS following cardiac surgery. They used 
15 factors to build a binary classifier, i.e., greater or<48 h of ICU care. 
They achieved an AUC of 0.7094 ± 0.0224 for training and 0.6960 ±
0.0227 for testing. Staziaki et al. [89] compared SVM and ANN models 
for ICU LoS prediction after torso trauma. They improved the model’s 
performance by combining image modality with the clinical parameters. 
The study collected age, sex, vital signs, clinical scores, laboratory 

values, and CT images from 840 adult patients admitted to a level 1 
trauma center after injury to the torso over the course of 1 year. ANN 
achieved better performance than SVM (AUC of 0.80 ± 0.04 for SVM 
and 0.81 ± 0.05 for ANN). Purushotham et al. [4] compared DL models 
with other models, including ensemble models, SAPS II, and SOFA 
scores for predicting LoS (i.e., regression task) and mortality (i.e., binary 
classification task). This study was based on the MIMIC-III time-series 
dataset, where features were extracted from the first 24 h and first 48 h 
after admission to ICU. The study used the recurrent neural networks 
(RNN), especially the long short-term memory (LSTM) [37] and gated 
recurrent unit (GRU) models, to deeply learn the raw time-series data. 
As a result, these DL models consistently outperform all the other ap
proaches. However, the study concentrated on adult patients (i.e., age >
15 years) only. Rocheteau et al. [90] proposed a temporal pointwise 
CNN architecture for predicting the remaining LoS of patients in ICU 
based on electronic health record time-series data. The model combined 
temporal convolutional layers to capture causal dependencies across 
time, and pointwise convolutional layers to compute more abstract 
features from feature interactions. The model achieved (18–51) % 
improvement over the LSTM model. 

Although big data analysis is promising in the medical domain, very 
limited applications have been used in ICU clinical practice [1,85]. Garg 
et al. [91] asserted that the current statistical and data-driven methods 
failed to handle the inherent uncertainty, complexity, and heterogeneity 
in a healthcare environment. The main reason for these limitations is 
that the proposed models are simple, and they did not handle the time- 
series data using more convenient DL models like LSTM or CNN. 

About 11 % (440,000 newborns) of all infants are born every year in 
the USA. This medical care poses a financial burden of about $26 billion 
every year [34]. However, as noticed, few studies have concentrated on 
the prediction of ICU LoS for neonate patients. This task is crucial, 
because it assists healthcare providers in allocating required resources, 
and this clinical value is considered an indicator of a newborn’s health 
status [92]. More research is needed to determine the important risk 
factors and build more accurate models for predicting neonates’ LoS in 
the NICU. 

2.4. Model explainability 

Depending on the decisions of opaque decision systems is not 
acceptable in the medical domain [93]. Humans do not accept adopting 
techniques that are not directly interpretable and trustworthy [94]. 
Recently, XAI has been widely acknowledged as a critical feature for the 
practical deployment of trustworthy, ethical, and responsible AI models. 
Arrieta et al. [93] have defined XAI as “Given an audience, an explainable 
AI is one that produces details or reasons to make its functioning clear or easy 
to understand.” XAI has many roles based on the audience of this feature. 
For the model’s end-users (i.e., physician and patient), this is called 
explain to justify, where the explainer justifies why it took a specific 
decision. It answers the question of “does it medically make sense to take 
a specific decision using a specific feature set?” For the model de
velopers, this is called explain to control, where model developers can 
debug the model and discover potential flaws, which facilitate the 
improvement of the models’ accuracy and efficiency. For the regulator, 
XAI answers the question of “who is responsible for the model de
cisions?” The European Parliament, in Article 22 of the General Data 
Protection Regulation (GDPR), sets out the right of explanation by giving 
patients the right to obtain explanations of automated model decisions. 
XAI features have been implemented in many domains, and for complete 
literature of the existing methods, readers are guided to the surveys in 
Refs. [95,93]. Medically, XAI features were implemented to explain 
decisions for diagnosis and progression detection of many diseases like 
Alzheimer’s disease [96]. In the ICU domain, many studies have been 
implemented to explain machine learning decisions [97,98,99,100]. Ge 
et al. [46] proposed an explainable deep learning model for ICU mor
tality prediction. Comprehensive surveys of XAI in the medical domain 
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Fig. 1. The architecture of the proposed framework.  
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can be found in [101,102]. However, no studies in the literature discuss 
XAI capabilities for neonate monitoring in ICUs. 

3. Proposed framework 

Fig. 1 illustrates the proposed model for ICU mortality prediction for 
neonates. The main goal of this model is to provide an accurate and 
explainable prediction of ICU mortality and LoS for neonate patients. 
The model has two main layers: the classification layer for predicting 
mortality, and the regression layer for predicting the patient’s LoS in the 
ICU. We optimize a collection of machine learning (ML) models for each 
layer, including classical ML models, static ensemble models, and dy
namic ensemble models. Statistically significant difference among these 
machine learning models is performed using the most suitable statistical 
test. The models are compared using default hyperparameters and using 
optimized hyperparameters. These two options are combined with or 
without a feature selection optimization step. The best model is selected 
that achieves the best statistical difference in its performance. The 
selected model is extended to add XAI capabilities using different 
techniques. XAI features improve model understandability for both 
machine learning engineers and medical experts. Machine learning en
gineers can determine the logic behind the model decision, and whether 
the model is based on the right feature set or not. As a result, they can 
check model stability, and predict when the model will make the wrong 
decisions. On the other hand, understanding why a model takes a spe
cific decision increases the trust of a domain expert in the prediction 
model’s decisions. In the following subsections, we discuss each phase of 

the proposed model. 

3.1. Data collection 

This study uses the MIMIC-III database for training and testing the 
proposed framework. This is an open-source clinical database contain
ing approximately 400,000 cases collected from the ICU at the Beth 
Israel Deaconess Medical Center in Boston from 2001 to 2012 [103]. The 
database includes patient’s vital signs, hospital records, fluid informa
tion, laboratory tests, treatment orders, and free-text medical records. 
All patient’s identification data were anonymized by the dataset owners. 

3.1.1. Data inclusion criteria 
In the MIMIC-III dataset, there is a total of 7,874 neonates. However, 

we selected 3133 neonates’ data based on the following inclusion 
criteria. In the first criterion, we excluded all neonates who do not have 
chart events data. MIMIC-II database contains approximately 460 vari
ables measured as biological signals. In this study, we selected two types 
of data, i.e., 13 single-valued features and 13 time-series features. This 
selection is based on the literature studies and domain experts’ opinions 
[33,104]. We built a model to predict the neonates’ mortality and length 
of stay based on the first 24 h data. However, some neonates do not have 
the first 24 h data. Therefore, in the next criterion, we excluded those 
neonates who do not have the first 24 h data. In the next criterion, we 
excluded the neonates who did not have these 26 features. In the fourth 
criterion, we excluded some neonates’ records because of the missing 
values. Those records have all the features that are required in the 

Fig. 2. Inclusion criteria of neonates.  

Table 1 
Statistics about single value features.  

Feature Name Total Male/ Female Minimum (M/F) Maximum (M/F) Std (M/F) UoM 

Number of neonates 3133 1748/1385 – – – – 
Number of dead neonates 48 30/18 – – – – 
Average birth weight 2.14 2.23/2.04 0.44/0.36 6.12/5.06 0.81/0.86 kg 
Average birth weight for Alive neonates 2.16 2.24/2.05 0.44/0.49 6.12/5.06 0.85/0.80 kg 
Average birth weight for dead neonates 1.17 1.28/0.99 0.57/0.36 3.64/2.53 0.83/0.59 kg 
Average head circumference 30.59 30.98/30.1 18.75/19.0 49.0/45.0 3.58/3.56 cm 
Average head circumference for Alive neonates 30.67 31.06/30.17 18.75/20.0 49.0/45.0 3.51/3.50 cm 
Average head circumference for dead neonates 25.3 25.86/24.36 21.0/19.0 37.0/31.0 3.89/3.85 cm 
Average LoS (Length of Stay) 22.0 21.29/22.9 0.07/0.05 150.8/171.7 25.4/26.1 days 
Average LoS for Alive neonates 22.21 21.59/22.99 0.08/0.05 150.8/171.7 25.5/26.1 days 
Average LoS for dead neonates 8.56 4.21/15.8 0.07/0.40 30.7/117/2 6.5/28.1 days  
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aforementioned criteria. However, there are many missing values that 
are challenging to fill. Therefore, we excluded them from further pro
cessing. In the last criteria, we excluded two neonates’ records who 
passed away outside the ICU. We proposed prediction models for mor
tality prediction at the ICU only. Therefore, neonates who passed away 
not at the ICU are outliers for our models. In the fourth criterion, we 
excluded some neonates during the data preprocessing if they have the 
first 24 h of data, but all these data are missing. Fig. 2 illustrates the 
sequence of data exclusion steps. 

Table 1 contains statistics about the single value features, and 
Table 2 contains statistics about the time-series features of the neonate 
patients. MIMIC III database consists of 26 tables. Among them, we used 
data from nine tables, as shown in Table 3. Our main time-series data are 
extracted from the CHARTEVENTS table. Table 3 discusses all the 
relevant tables and columns. 

Fig. 3 illustrates the distribution of the time-series features for 
different classes. The selected twelve features have statistically signifi
cantly different values in the two classes (P-value < 0.001). As shown in 
Fig. 3, these features enable the two classes to be discriminated well. For 
example, the Dead class has a higher heart rate and lower respiratory 
rate than the Alive class. The resulting distributions of the selected fea
tures for both classes are medically intuitive. Moreover, we explored the 
difference in distributions among features for neonates and not neo
nates, i.e., adults and children, as shown in Figure S5 in SI. We noticed 
significant differences between the distributions of neonates and adults. 

3.2. Data preprocessing 

The first step in the proposed framework is to improve the quality of 
the collected dataset. In this section, we discuss in detail the steps used 
to handle the issues in the dataset, including outliers and missing values. 

3.2.1. Removing outliers 
Most machine learning models are sensitive to outliers. Therefore, 

our domain expert has defined certain boundaries for outliers; and using 
those boundaries, we removed the outliers. Patients records that have 
outliers are not completely removed from the dataset. First, we fill them 
with null values and consider them as missing values; second, we fill 
these values using our proposed data imputation technique. 

3.2.2. Data imputation 
In our dataset, some patient data are missed for some periods. This 

means that in those periods, there was some failure in the reading sys
tem. To fill those missing data, we utilized our proposed customized 
algorithm. We propose a novel data imputation algorithm (Algorithm 1). 
We used forward and backward filling, and filling with mean. To pre
serve each patient’s data and not mix a patient’s data with other pa
tients, we processed every patient’s data separately, by splitting them. 
Other techniques, such as forward and backward fillings, apply their 
algorithms to whole data, which is not acceptable in the medical field. 

Applying filling techniques to whole data does not make medical sense, 
because it may mix different patients’ data. For example, suppose the 
patient’s first record was missed, and the applied filling technique is 
traditional forward filling. In that case, the missing record is filled with 
the previous patient’s last record, which is not acceptable in the medical 
field. Therefore, in our imputation algorithm, we processed each neo
nate’s data separately. First, the algorithm checks the first record of the 
individual neonate’s data. The algorithm applies backward filling if the 
first record is missed; otherwise, it applies forward filling. The main 
reason to use forward and backward filling is that using those tech
niques, we can fill the missing record with the value of the nearest 
available record, which makes medical sense. We also applied the filling 
with the mean, but that does not give a good result as our filling algo
rithm. The proposed data imputation algorithm is different from all 
existing techniques. The algorithm fills the missing values with accurate 
and more intuitive values from the medical point of view.  

Algorithm 1: Filling null cells using Forward and Backward filling 

Input: Time-series dataset: D 
Output: filled_dataset //The dataset with all null values filled using forward and 

backward techniques 
1. Sort dataset by neonate ID and chart time. 
2. Make a list of all unique neonates ID: L. 
3. Add new columns ‘row’ that indicates row number for each neonate. 
4. Fill each neonates’ null rows separately: 
filled_dataset = [] 
For id in L DO 
single_neonate_records =D[id]
IF (single_neonate_records[‘row’] == 1) and (single_neonate_records[‘value’] ==

null) THEN 
single_neonate_records = BackwardFill(single_neonate_records) //Fill the null values 

using backward filling 
ELSE 
single_neonate_records = ForwardFill(single_neonate_records) //Fill the null values 

using forward filling 
filled_dataset.append(single_neonate_records) 
END IF 
END FOR 
5. RETURN filled_dataset.  

3.2.3. Handling irregular time interval 
Most time-series features were entered with irregular time intervals. 

However, most machine learning techniques cannot handle such kinds 
of data. We proposed Algorithm 2, which introduces a new method to 
handle the irregular time interval. Note that we only consider the first 
24 h of data for every patient. We tried to get 24 measurements for each 
patient within a specific 24 h. However, some patients have>24 h of 
measurements, while some have<24 h of data. For those with>24 
measurements, we reduced the number of measurements by taking the 
average values of the nearest records and removing one of them, as 
shown in Fig. 4. We inserted new records for those with<24 measure
ments by generating them based on existing records. First, we generated 
random dates within the given range, and inserted new records with 
those dates and null values. Then, we filled those null values using the 

Table 2 
Statistics about time-series features.  

Feature Name Mean Minimum Maximum Standard Deviation p-value UoM 

Heart Rate  142.0 0 300  15.5  <0.001 bpm 
Respiratory Rate  52.4 0 150  15.9  <0.001 breath 
SaO2  2.14 5 100  3.6  <0.001 % 
HR Alarm High  198.4 100 299  12.7  <0.001 bpm 
HR Alarm Low  91.4 60 100  9.9  <0.001 bpm 
SaO2 Alarm High  98.9 87 100  1.9  <0.001 cmH20 
SaO2 Alarm Low  89.4 75 100  2.5  <0.001 cmH20 
Temperature  35.8 25 39.2  1.0  <0.001 ◦C 
Skin Temperature  36.2 25.6 39.3  0.4  <0.001 ◦C 
BP Cuff Diastolic  33.2 0 96  8.2  <0.001 cc/min 
BP Cuff Mean  42.8 17 98  8.2  <0.001 cc/min 
BP Cuff Systolic  59.2 0 113  10.5  <0.001 cc/min 
Glucometer  81.4 0 353  32.2  <0.001 gms  
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filling algorithms, i.e., Algorithm 1. The algorithm analyzes each pa
tient’s data separately, so as not to mix their data with other patients’ 
data, which is the main problem of other techniques. In our algorithm, 
while reducing the number of records, we used the values of removing 
records as much as possible. 

Fig. 4 (a) shows the process of reducing the number of records for 
patients who have>24 records. First, the algorithm receives the data of a 
single neonate. Then it calculates the number of extra records and sorts 
the records by their date. Following that, the algorithm creates a new 
column called diff (standing for difference) and calculates the difference 
between the value of the record and the value of the previous record, and 
stores the value of the difference in the diff column. After calculating the 
differences between records, it selects N (number of extra records) 
smallest differences. Next, the algorithm calculates the average value of 
pair records with the smallest differences, stores the average values to 
the second record, and removes the first records. 

Fig. 4 (b) shows the process of expanding the number of records for 
patients who have<24 records. First, the algorithm receives the data of a 
single neonate. Then it calculates how many records it must add, and 
sorts the records by their date. Following that, the algorithm generates N 
(shortage) dates within the given time range (between the maximum 
and minimum dates). After generating N random dates, the algorithm 
creates N new records (each record consists of neonate ID, chart time, 
and value). It creates the records with generated dates as chart time, and 
NULL as the value. After generating N records, the algorithm fills the 
NULL values of generated records using Algorithm 1.   

Algorithm 2: Handling Irregular Time Intervals 

Input: Dataset containing one time-series feature: D 
Output: balanced_dataset // Balanced dataset 
1. Sort dataset by neonate ID and chart time 
2. Add new column ‘row’ that indicates row number for each neonate 
3. Make a list of all unique neonates ID:L 
4. Balance each neonate’s rows separately: 
balanced_dataset = [] 
FOR id IN L DO 
single_neonate_records=D[id]
count = length(single_neonate_records) 
IF (count > 24) THEN 
extra_measurements = count − 24 
ELSE 
shortage_measurements = 24 - count 
IF shortage_measurements > 0 THEN 
//Create n (shortage_measurements) random dates between first and last chart time 
generated_dates = date_range(start_date, end_date, periods = shortage_measurements) 
FOR k = 0 TO shortage_measurements DO 
// Create new rows for generated dates with null values 
single_neonate_records[count + k] = [id, generated_dates[k], null] 
END FOR 
sort_values(single_neonate_records, by = charttime) 
fillByForwardBackward(single_neonate_records) // Fill null values using filling algorithms 
IF extra_measurements > 0 THEN 
sort_values(single_neonate_records, by = charttime) 
single_neonate_records[‘diff’] = 0 //Create new column: diff 
FOR k = 1 TO count DO 

(continued on next page) 

Table 3 
Selected tables and columns with their description.  

Table Selected Column 
Selected 

Content Extra Details 

Patient Subject-ID Unique identifier for each patient. Single value features were extracted from this table: gender, flag for whether the patient 
survived or not.  

Expire Flag Boolean flag shows whether the patient has 
died or not.   

Gender Indicates the gender of the patient  
Admissions HADM-ID Unique identifier for each admission Using patients’ first admission date, the ages of the patients were found, and patients with 

ages between 0 and 1 are extracted for our paper. Admission location and type of insurance 
data were extracted from this table.  

Admission- 
time 

Time when the patient was admitted   

Discharge- 
time 

Time when the patient was discharged  

ChartEvents Chart-time Time when the measurement was recorded Item IDs for the time-series features: 211, 834, 3,603, 8,518, 3,450, 8,532, 3,609, 8,502, 
3,312, 3,313, 3,655, 1,191, 8,537. 
Item IDs for single value features: 3,,734, 3754, 3,768, 3,771, 3,780, 3,789, 3,451, 3,723, 
3,834, 3,446.  

Item-ID Indicates the type of measurement   
Value The value of measurement  

InputEvents Chart-time Time when the measurement was recorded Item IDs: 30,187 (for D10W) 
How many times the patient took D10W, how much D10W they took were calculated, and 
the following statistical features were generated: D10W Count, D10W Sum, D10W Mean.  

Item-ID Indicates the type of measurement   
Amount Indicates how much liquid was entered  

OutputEvents Chart-time Time when the measurement was recorded Item IDs: 43,175 (for Urine). How many times the patient’s Urine was taken, how much 
Urine was taken were calculated, and the following statistical features were generated: 
Urine Count, Urine Sum, Urine Mean.  

Item-ID Indicates the type of measurement   
Amount Indicates the amount of output  

DateTimeEvents Chart-time Time when the change was recorded How many times equipment was changed is calculated as a statistical feature: Date Events 
Count 

MicrobiologyEvents Chart-time Time when the test was taken. How many times the patient took the microbiological test was calculated and the statistical 
feature was generated: microbiology test count.  

Organism-ID Indicates the ID of the existing organism. If 
null, means there is not an organism.  

Prescriptions Chart-time Time when the prescription was taken How many times the patient took prescription was calculated as a statistical feature: 
Prescriptions Count. 

D-items Label Name of measurement This table was used as a dictionary table.  
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(continued ) 

Algorithm 2: Handling Irregular Time Intervals 

// Fill the column diff with the difference between the value of current row with the 
value of previous row 

single_neonate_records[‘diff’] = abs(single_neonate_records[‘value’][k] - 
single_neonate_records[‘value’][k − 1]) 

END FOR 
// Make a list of n (extra_measurements) rows with the smallest diffs: drop_list 
smallest_diffs_indices = nsmallest(single_neonate_records[’diff’], extra_measurements) 
drop_list = single_neonate_records[smallest_diffs_indices] 
FOR row ¼ 0 TO count DO 
IF single_neonate_records[row] IN drop_list THEN 
//Calculate an average value of row (in the drop list) with a value of the nearest row and 

assign the average value to the nearest row 
single_neonate_records[row + 1]:= avg(single_neonate_records[’value’][row], 

single_neonate_records[‘value’][row + 1]) 
END FOR 
FOR row IN drop_list DO 
drop(row) //Drop the row (in the drop list) 
END FOR 
balanced_dataset.append(single_neonate_records) 
RETURN balanced_dataset. 
FUNCTION fillByForwardBackward(single_neonate_records): 
IF (single_neonate_records[‘row’] == 1) AND (single_neonate_records[’value’] ==

null) THEN 
backwardfilling(single_neonate_records) //Fill the null values using backward filling 
ELSE 
forwardfilling(single_neonate_records) //Fill the null values using forward filling 
END IF 
RETURN single_neonate_records.  

3.2.4. Feature generation 
Statistical features can be collected from time-series data to provide a 

global summary of the knowledge embedded in these time-series [105]. 
These calculated features can be used to train classical and ensemble ML 
models. We extracted representative statistical features from 13 time- 
series features, including Heart Rate, Heart Rate Alarm High, Heart 
Rate Alarm Low, SaO2, SaO2 Alarm High, SaO2 Alarm Low, Respiratory 
Rate, Skin Temperature, Temperature, Blood Pressure Cuff Mean, Blood 
Pressure Cuff Diastolic and Blood Pressure Cuff Systolic. From each 
time-series feature, we calculated mean, minimum, maximum, variance, 
and standard deviation. 

Along with the aforementioned time-series features, we have 
extracted relevant futures that the domain expert recommended to 
include, but we only calculated a smaller number of statistical functions 
over these futures, namely count, sum, and average. For example, the 
DATEEVENTS table includes date and time events for some medical 
activities (e.g., the date of the last dialysis) that we count for the first 24 
h. These date/time events are important based on the domain expert 
recommendation. Also, the PRESCRIPTIONS table had events about a 
medical prescription that we count for the first 24 h, to know how many 
times the neonate took the prescription. We have two other important 
tables that we utilized for creating statistical features (i.e., INPUTE
VENTS and OUTPUTEVENTS tables). From the INPUTEVENTS table, we 
calculated three statistical features (i.e., count, average, and total 
amount) over the D10W (Dextrose 10 % in Water) time-series for the 
first 24 h. From the OUTPUTEVENTS table, we found that the urine time 
series is mostly used as the output type for neonates. Therefore, we 
calculated the count, average, and total amount of urine for each 
neonate in the first 24 h. From the MICROBIOLOGYEVENTS table, we 
calculated two statistical features (i.e., count and count of negative re
sults) for the microbiology test in the first 24 h. 

3.3. Data preparation 

In this section, we discuss the data splitting, data balancing, and data 
normalization steps. These are well-known and important steps to 
implement a robust and accurate ML model. 

3.3.1. Data splitting 
Our dataset is large, compared to the literature studies. In addition, 

our models are based on regular machine learning models. However, we 
utilize an accurate method to divide the dataset into training, validation, 
and testing. The dataset is divided into 70 % and 30 % ratios for training 
and testing, respectively. The testing set is separated from the training 
set very early in the machine learning pipeline, to prevent the infor
mation leakage problem. Please note that applying missing values 
imputation before splitting does not affect the accuracy of the models. 
The 10-fold cross-validation technique was used with the 70 % partition 
to train and optimize the machine learning algorithms. The 70 %-30 % 
division process is repeated 10 times, and the average results with 
standard deviations are reported. 

3.3.2. Data normalization 
After data splitting, we apply the MinMax data normalization tech

nique to convert the data into zero mean and one standard deviation, see 
Eq. (1). The fitted scaler on the training data is used directly to transform 
the testing data without refitting it on the test data. This step is critical to 
prevent data leakage problems and over-optimistic results [106]. 

xscaled =
x − xmin

xmax − xmin
(1)  

3.3.3. Data balancing 
Our dataset is highly imbalanced, with about a 64:1 ratio. We have 

3085 records for the first class (i.e., survived) and 48 records for the 
second class (i.e., dead). Initially, we apply SMOTE, SMOTENC [107], 
and other balancing techniques that generate fake data, and we use 
these data to balance our dataset. Although the resulting dataset ach
ieved high performance, generating fake data for data balancing is not 
recommended in the medical field, because physicians will not trust the 
results. Another method for data balancing is called under-sampling, 
where balancing is done by randomly reducing the size of the abun
dant class and keeping all samples in the rare class. Note that this 
method wastes a lot of information. As a result, researchers took 
advantage of the oversampling techniques. Therefore, we apply the 
oversampling technique [108] separately for training and testing data
sets. This technique balances the dataset by increasing the size of rare 
samples by adding new samples from the rare class (for example, by 
repetition, bootstrapping, or a synthetic minority). 

3.4. Classification layer 

In this stage, we compare the performance of many classical machine 
learning (ML) algorithms (e.g., naive Bayes (NB), logistic regression 
(LR), k-nearest neighbors (KNN), decision tree (DT), SVM and MLP), 
static ensemble algorithms (e.g., random forest (RF), XGBoost, voting, 
AdaBoost, LightGBM, CatBoost, and gradient boosting (GB) classifiers), 
and the state-of-the-art dynamic ensemble selection (DES) algorithms (e. 
g., KNORA-E, METADES, DESP, KNORA-U, DESKNN, and KNOP) [50]. 
Classical ML algorithms have been tested with the MIMIC dataset for 
solving many ICU problems [109]. Ensemble modeling has better per
formance than its base classifiers [50]. Creating an ensemble has three 
main steps, namely generation (to create and train base classifiers), se
lection (to statically or dynamically select a set of base classifiers to 
build the ensemble), and integration (to combine the decisions of the 
base classifiers using techniques like majority voting), as shown in 
Fig. 5. The selection phase differentiates the static and dynamic 
ensemble classifiers. Because the ensemble of ML models produces more 
accurate models, many static ensemble models have been proposed in 
the literature using the MIMIC dataset to solve different ICU medical 
problems [57,110,58,111,44,112]. These ensembles are based on the 
static selection of base classifiers, as shown in Fig. 5. On the other hand, 
dynamic ensemble selection depends on selecting base classifiers on the 
fly according to each new sample. This technique estimates the 
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competence level of each classifier from a pool of classifiers, and the 
most competent ones are used to predict the label of the test sample, as 
shown in Fig. 5. Usually, the competence of the base classifiers is 
measured based on a local region of the feature space where the query 
sample is located. This region can be defined based on many techniques, 
such as KNN or clustering, and the competence is based only on samples 
of this region. This is because each base classifier is an expert in a spe
cific local region of the feature space. Dynamic ensemble modeling has 
not been sufficiently explored in the ICU domain, especially using the 
MIMIC-III dataset. Recently, Guo et al. [28] proposed a DES model based 
on k-means clustering for mortality prediction. They compared the 
proposed model with other ensembles of base classifiers, and the pro
posed model achieved the best results. Many proposed DES models in 

the literature could improve the prediction of critical ICU problems 
[50]. These models have not been explored in the ICU domain, espe
cially for neonates’ mortality prediction. The exploration of these 
advanced DES algorithms has been done in the Alzheimer’s domain by 
Muhammed and Thiyagarajan [62]. In this study, authors optimized 
many base classifiers like SVM, static ensembles like random forest, and 
DES models using grid search algorithm. The DESs achieved signifi
cantly better results than other techniques. Our study proposes an ac
curate and medically relevant data preparation pipeline. The resulting 
high-quality dataset is used to compare the previously mentioned clas
sifiers. We evaluate the algorithms using default hyperparameters, 
optimized hyperparameters, without feature selection step, and with 
feature selection step. The 6 state-of-the-art dynamic selection 

Fig. 4. Handling irregular time intervals for time series data.  

Fig. 3. Data distribution of the time-series data and single value data (birth weight and head circumference).  
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techniques include KNORA-E, KNORA-U, DESP, METADES, DESKNN, 
and KNOP (See Appendix A). 

All explored ML models are tested using default hyperparameters 
and optimized hyperparameters based on grid search. In addition, 
selected machine learning algorithms are optimized based on the whole 
feature set. However, selecting the best list of more informative features 
for the classification or regression tasks improves the model perfor
mance. There are many feature selection techniques in the literature 
[113], and there is no rule of thumb for selecting the best one. We apply 
many different feature selection algorithms like MultiSURF, correlation, 
and mutual information. Based on our experiments, we found that the 
mutual information feature selection technique achieves the highest 
performance. Mutual information from the field of information theory is 
the application of information gain in feature selection. Mutual infor
mation is calculated between two variables and measures the reduction 
in uncertainty for one variable given the known value of the other 
variable. 

3.5. Regression layer 

The second layer in the proposed framework is a regression layer to 
predict the LoS for neonates at the ICU. In this stage, we compare the 
performance of different classical ML regression algorithms (e.g., K- 
nearest neighbors [114], Linear Regression, SVR, Decision Tree, Ridge, 
and Lasso [115]), static ensemble regression algorithms (e.g., Random 
Forest [115], CatBoost [116], XGBoost [117], LightGBM [118], 
Gradient Boosting Regressor, Extra Trees and AdaBoost), and voting of 
both classical regression models and static ensemble regression models. 

4. Performance evaluation 

The first stage was a classification task. The performance of the state- 
of-the-art DES algorithms was compared with other classical and static 
ensemble classifiers. Four standard metrics were used to evaluate the 

classification models, i.e., accuracy, precision, recall, and F1-score, 
which are regularly used in biomedical applications [52,105]. 

The second stage was a regression task. Three metrics were used to 
evaluate the regressor models: the mean absolute error (MAE), root 
mean squared error (RMSE), and R-squared (r2) [52,105,119]. 

5. Experimental setup 

In Fig. 6, the road map of our conducted experiments is illustrated for 
the classification and regression layers. We conducted nine experiments 
(five in the classification layer, and four in the regression layer). These 
experiments search for the best classifier and regressor for mortality 
prediction and LoS prediction, respectively. Our strategy is to test the 
models using default hyperparameters, feature selection optimization, 
hyperparameters optimization, the best number of based classifiers for 
both dynamic and static ensemble models, and combinations of the 
previous options. The selection of models is based mainly on the sta
tistical comparison of the models’ performance. In our classification 
layer in Fig. 6 (a) at left: (1) denotes that the single machine learning 
classifiers are tested, and three separate results are reported, i.e., one 
without feature selection and hyperparameter optimization, one with 
the feature selection step, and one with both the feature selection and 
hyperparameter optimization steps. In the second step, (2) denotes those 
experiments are conducted with static ensemble ML classifiers, and the 
three results are reported as in (1). In the third step, (3) denotes that 
dynamic ensemble selection is applied with a single machine learning 
classifiers’ pool, and the results are reported. Note that all based clas
sifiers and DES models are optimized. In the fourth step, (4) denotes that 
DES is applied with a static ensemble machine learning classifiers pool, 
and the results are collected. In the last step, (5) denotes that DES is used 
with the mixed pool of single and static ensemble machine learning 
classifiers, and the results are collected. 

In the regression layer of Fig. 6 (b) at right, (1) denotes that the single 
regression models are tested, and the results are reported. The results are 

Fig. 6. Road map of experiments.  

Fig. 5. Ensemble modeling techniques.  
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collected before and after applying the feature selection and hyper
parameter optimization steps. In the second step, (2) denotes that the 
same experiments are conducted with the static ensemble regressors. In 
the third and fourth (b) steps, (3) and (4) denote that the voting 
regression model is tested with pools of single and static ensemble 
regression models, respectively, and the results are reported. 

6. Results of classification 

In this section, we discuss the results of the classification layer. This 
section has three subsections. First, we discuss the results of the classical 
ML models. Then, we discuss the results of the static ensemble models 
and the results of the dynamic ensemble models. We collect and report 
the testing results for all models. We used the 10-holdout testing tech
nique to obtain more stable results. The results are reported as (mean ±
standard deviation). Note that we discuss the results using the F1-Score only 
because it is representative of other metrics. For more details of the other 
performance metrics, readers can consult the corresponding tables. 

6.1. Classical ML models 

We test the classical ML models without using feature selection and 
hyperparameter optimization (see Appendix B.1), using the feature se
lection step only (see Appendix B.2), and using both feature selection and 
hyperparameter optimization. In this section, we test the role of 
hyperparameter optimization to improve the performance of classical 
ML models. Note that this step is applied based on the results of the 
previous experiments, i.e., after the feature selection step. The hyper
parameters of every ML model are optimized using grid search tech
niques. As expected, the performance of most ML models is significantly 
improved as illustrated in Table 4. Surprisingly, SVC achieved the best 
results after optimizing its hyperparameters (F1-score of 0.958 ±
0.002). In addition, the model is more stable. The F1-score of NB, LR, 
DT, SVC, and MLP is improved by (1.6, 3.2, 34.6, 12.3, and 17.1) %, 
respectively. The performance of KNN is not affected by the hyper
parameter optimization step, and the model achieved the same F1 score. 
Figs. 7 and 8 summarize the results of this stage by illustrating the 
performance of ML models with and without feature selection and 
hyperparameter optimization steps. The optimized hyperparameters for 

these classifiers can be found in Table S1 of the Supplementary Infor
mation (SI). 

6.2. Static ensemble ML models 

In this section, we optimize a set of seven popular static ensembles, 
namely AdaBoost, XGBoost, RF, GB, CatBoost, LGBM, and majority 
voting with a pool of five DT classifiers. Each technique is implemented 
and tested (1) using default hyperparameters and without feature se
lection (see Appendix B.3), (2) after feature selection step (see Appendix 
B.4), and (3) after feature selection and hyperparameter optimization. 
Once we add the hyperparameter optimization step to the machine 
learning pipeline, the performance is enhanced for all static ensemble 
models, as shown in Table 5. After optimizing its hyperparameters, RF 
achieved the best results (i.e., F1-score of 0.959 ± 0.002). Note that all 

Table 4 
Classical ML classifiers model results with feature selection and hyperparameter 
optimization.  

Models Accuracy Precision Recall F1-score 

NB 0.905 ± 0.001 0.955 ± 0.001 0.849 ± 0.003 0.899 ± 0.002 
LR 0.953 ± 0.002 0.913 ± 0.003 1.000 ± 0.000 0.955 ± 0.002 
KNN 0.890 ± 0.002 0.979 ± 0.002 0.797 ± 0.004 0.879 ± 0.003 
DT 0.931 ± 0.002 0.928 ± 0.003 0.934 ± 0.003 0.931 ± 0.002 
SVC 0.958 ± 0.002 0.922 ± 0.004 1.000 ± 0.000 0.959 ± 0.002 
MLP 0.954 ± 0.006 0.916 ± 0.010 1.000 ± 0.000 0.956 ± 0.005  

Fig. 7. Performance comparison of classical classifiers: with and without feature selection and optimization.  

Fig. 8. Comparison between the performances of different classical 
ML classifiers. 

Table 5 
Static ensemble ML classifiers model results with feature selection and hyper
parameter optimization.  

Models Accuracy Precision Recall F1-score 

AdaBoost 0.947 ±
0.003 

0.904 ±
0.005 

1.000 ±
0.000 

0.950 ±
0.003 

XGBoost 0.919 ±
0.011 

0.916 ±
0.010 

0.922 ±
0.026 

0.919 ±
0.012 

RF 0.957 ± 
0.004 

0.921 ± 
0.007 

1.000 ± 
0.000 

0.959 ± 
0.004 

GB 0.910 ±
0.018 

0.931 ±
0.009 

0.886 ±
0.037 

0.908 ±
0.020 

CatBoost 0.949 ±
0.003 

0.908 ±
0.005 

1.000 ±
0.000 

0.952 ±
0.003 

LGBM 0.940 ±
0.002 

0.965 ±
0.003 

0.914 ±
0.003 

0.939 ±
0.002 

Majority 
Voting 

0.933 ±
0.010 

0.927 ±
0.003 

0.941 ±
0.020 

0.934 ±
0.010  
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models become more stable after optimizing their hyperparameters. 
Fig. 9 compares the results of before and after adding optimization steps. 
Fig. 10 illustrated the performance metrics of all the optimized models 
of static ensemble classifiers where RF achieved the best results. Fig. 11 
compares the AUC of classical and static ensemble models. Table S2 of 
the SI shows the optimized hyperparameters for these classifiers. 

The feature selection step highlighted the critical roles of some fea
tures. Tables S3 and Table S4 in the supplementary materials of the SI 
show the most important features for different regular ML and static 
ensemble models, and the selected features by all models. Common 

features among classifiers are highlighted in bold. These features should 
have played a critical medical role in the real ICU environment to pre
dict neonate mortality. Statistical comparison among different classifiers 
is performed based on the Friedman test. The critical diagrams for both 
classical and static ensemble classifiers are shown in Fig. 12 shows the 
critical diagrams for both classical and static ensemble classifiers. 

Fig. 13 compares the performance of classical and static ensemble 
classifiers. As seen in the figure, SVC achieves the best results, and KNN 
achieves the worst results. Fig. 14 shows the statistical comparison be
tween all elements using the Friedman test. 

Fig. 9. Performance comparison between the of classifiers (with and without) feature selection and optimization.  

Fig. 10. Comparison between the performances of different classifiers after the optimization.  

Fig. 11. AUC score for all classifiers with feature selection and hyperparameter optimization.  
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Fig. 12. Comparison of all classifiers based on the Friedman test.  

Fig. 13. Comparison of all classical and static ensemble classifiers.  

Fig. 14. Comparison of all classical and static ensemble machine learning classifiers based on the Friedman test.  
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6.3. Dynamic ensemble ML models 

In this section, we explore the capabilities of dynamic ensembles in 
the ICU environment. This is the first study in the literature that im
plements dynamic ensembles in the ICU environment, especially for 
neonate mortality prediction. 

6.3.1. Selecting the best number of classical classifiers 
Building dynamic ensembles require selecting the best number and 

types of base classifiers. Note that the list of base classifiers is the same as 
that we optimized in Section 6.1. We tested the performance of dynamic 
ensembles based on the best three, best four, best five, and all six base 
classifiers. The details of the experiments are included in Appendix B 
Table B5. We noticed that the best results are with the selecting of 5 
classifiers as shown in Fig. 15. Using the FIRE DESKNN, the selected base 
classifiers that achieved the highest DES performance are MLP, LR, SVC, 
DT, and NB. 

6.3.2. Results of DES with a pool of classical ML models 
In this experiment, we tested the performance of the 12 DES tech

niques based on the previously selected five base classifiers, see Table 6. 
As mentioned in the previous experiment, the FIRE-DESKNN achieves 
the best results (F1-score of 0.988 ± 0.001, P-value < 0.001). The 
DESKNN algorithm achieves a similar performance (0.987 ± 0.000). 
The improved performance of the FIRE-DESKNN algorithm is the result 
of adding the FIRE capability that implements the Dynamic Frienemy 
Pruning [120] to the DESKNN algorithm. Fig. 16 shows the AUC scores 
and critical diagram for statistical comparison of the DES models. 

Fig. 15. Comparison between the DES with classical ML classifiers pool with different numbers of classifiers.  

Table 6 
Dynamic Ensemble Selection model results with classical ML classifiers pool.  

Models Accuracy Precision Recall F1-score 

FIRE-KNORA- 
U 

0.971 ±
0.001 

0.945 ±
0.002 

1.000 ±
0.000 

0.972 ±
0.001 

KNORA-U 0.967 ±
0.002 

0.938 ±
0.003 

1.000 ±
0.000 

0.968 ±
0.002 

FIRE-KNORA- 
E 

0.940 ±
0.000 

0.964 ±
0.001 

0.914 ±
0.000 

0.938 ±
0.000 

KNORA-E 0.942 ±
0.000 

0.969 ±
0.001 

0.914 ±
0.000 

0.941 ±
0.000 

FIRE- 
METADES 

0.957 ±
0.014 

0.931 ±
0.002 

0.987 ±
0.028 

0.958 ±
0.014 

METADES 0.942 ±
0.010 

0.942 ±
0.003 

0.941 ±
0.021 

0.941 ±
0.011 

FIRE- 
DESKNN 

0.987 ± 
0.001 

0.975 ± 
0.001 

1.000 ± 
0.000 

0.988 ± 
0.001 

DESKNN 0.986 ±
0.001 

0.973 ±
0.001 

1.000 ±
0.000 

0.987 ±
0.000 

FIRE-DESP 0.976 ±
0.001 

0.954 ±
0.002 

1.000 ±
0.000 

0.976 ±
0.001 

DESP 0.973 ±
0.002 

0.949 ±
0.003 

1.000 ±
0.000 

0.974 ±
0.002 

FIRE-KNOP 0.959 ±
0.001 

0.924 ±
0.002 

1.000 ±
0.000 

0.960 ±
0.001 

KNOP 0.959 ±
0.018 

0.938 ±
0.003 

0.983 ±
0.036 

0.959 ±
0.019  

Fig. 16. AUC and statistical comparison of the DES models based on classical ML models.  
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6.3.3. Selecting the best number of static ensemble classifiers for DES 
We explored the possibility of enhancing the performance of DES 

algorithms by using static ensemble models as the pool of classifiers of 
the DES models. We found that FIRE METADES with the three static 
ensemble models (i.e., AdaBoost, RF, and CatBoost) achieves the best 
accuracy of 0.965 ± 0.003. The detail of the experiments is included in 
Appendix B Table B6. Fig. 17 shows a comparison of the different DES 
models based on different pools of classifiers. 

6.3.4. Results of DES with a pool of static ensemble models 
In this experiment, we discuss the detailed results of the 12 DES 

models that are optimized based on the three selected base static 
ensemble models. As shown in Table 7, the highest results are achieved 
by the METADES model (F1-score of 0.967 ± 0.003, P-value < 0.001). 
There are no significant differences between the 12 DES models. Note 
that using the classical base models in Section 6.3.2 as the DES pool 
achieves higher results than using the advanced static ensemble models. 
As a result, it can be concluded that using simple heterogeneous base 
classifiers can create a powerful DES model. Fig. 18 shows the AUC 
scores and the critical diagram for statistical comparison of the DES 
models. 

6.3.5. Selecting the best number of classifiers for a mixed pool of classical 
and static ensemble models 

We optimized the performance of DES using a pool of heterogeneous 
optimized classical and static ensemble models. 

We tested different pool sizes from four to ten base classifiers and 
included the detail of the experiments in Appendix B Table B7. The best 

Fig. 17. Comparison of DES models with different pools of static ensemble classifiers.  

Table 7 
Dynamic DES model results with static ensemble ML classifiers pool.  

Models Accuracy Precision Recall F1-score 

FIRE-KNORA- 
U 

0.959 ±
0.003 

0.925 ±
0.005 

1.000 ±
0.000 

0.961 ±
0.003 

KNORA-U 0.959 ±
0.003 

0.924 ±
0.005 

1.000 ±
0.000 

0.960 ±
0.003 

FIRE-KNORA- 
E 

0.962 ±
0.002 

0.929 ±
0.003 

1.000 ±
0.000 

0.963 ±
0.002 

KNORA-E 0.962 ±
0.002 

0.930 ±
0.003 

1.000 ±
0.000 

0.964 ±
0.001 

FIRE- 
METADES 

0.965 ±
0.002 

0.935 ±
0.004 

1.000 ±
0.000 

0.966 ±
0.002 

METADES 0.965 ± 
0.003 

0.935 ± 
0.005 

1.000 ± 
0.000 

0.967 ± 
0.003 

FIRE-DESKNN 0.955 ±
0.005 

0.918 ±
0.009 

1.000 ±
0.000 

0.957 ±
0.005 

DESKNN 0.958 ±
0.004 

0.922 ±
0.007 

1.000 ±
0.000 

0.959 ±
0.004 

FIRE-DESP 0.961 ±
0.003 

0.928 ±
0.005 

1.000 ±
0.000 

0.963 ±
0.002 

DESP 0.961 ±
0.002 

0.929 ±
0.004 

1.000 ±
0.000 

0.963 ±
0.002 

FIRE-KNOP 0.960 ±
0.003 

0.926 ±
0.005 

1.000 ±
0.000 

0.962 ±
0.003 

KNOP 0.962 ±
0.003 

0.929 ±
0.005 

1.000 ±
0.000 

0.963 ±
0.003  

Fig. 18. AUC and statistical comparison of the DES models based on static ensemble models.  
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performance is achieved by the KNORA-E DES model (average accuracy 
of 0.973 ± 0.004 and best accuracy of 0.980), and the model is stable. 
Fig. 19 illustrates the performance of different combinations of base 
classifiers. 

6.3.6. Results of DES with a mixed pool of classical and static ensemble 
models 

Based on the selected numbers and types of base classifiers in Section 
6.3.5, which achieved the highest average accuracy, this experiment 
explores the performance of the 12 DES models. All models have 
improved performance compared with using classical or static ensemble 
models. KNORA-E achieved the highest results (F1-score of 0.981 ±
0.001), see Table 8. One main reason for that performance is that 
KNORA-E is very strict in selecting classifiers, because it selects a clas
sifier if it correctly predicts all neighbors of the given test sample. By 
adding the FIRE feature to KNORA-E (FIRE-KNORA-E), the resulting 
model achieves the next highest performance (F1-score of 0.980 ±
0.001). FIRE is used when there are many indecision regions. Indecision 
regions are regions where there are samples of different classes; how
ever, our dataset has not many indecision regions with high probability, 
because classical ML models can perform well, such as LR (>95 %) and 
DT (>93 %). In addition, these models have the lowest standard devi
ation in their performance, which means they are more robust. Fig. 20 
shows the AUC scores for DES models using mixed models. 

Table S5 of the SI shows the most critical features that are selected by 
the best DES models when the pool of classifiers has classical ML models, 
static ML models, or mixed models. Table S6 of the SI shows the opti
mized hyperparameters of the selected DES models. As a result, the best 

Fig. 19. Comparison of DES models with a pool of mixed classifiers from classical and static ensemble models.  

Table 8 
DES model results with the mixed pool of classical and static ensemble ML 
classifiers.  

Models Accuracy Precision Recall F1-Score 

FIRE-KNORA- 
U 

0.970 ±
0.002 

0.943 ±
0.004 

1.000 ±
0.000 

0.971 ±
0.002 

KNORA-U 0.968 ±
0.002 

0.941 ±
0.004 

1.000 ±
0.000 

0.969 ±
0.002 

FIRE-KNORA- 
E 

0.980 ±
0.001 

0.962 ±
0.002 

1.000 ±
0.000 

0.980 ±
0.001 

KNORA-E 0.980 ± 
0.001 

0.962 ± 
0.002 

1.000 ± 
0.000 

0.981 ± 
0.001 

FIRE- 
METADES 

0.976 ±
0.011 

0.960 ±
0.003 

0.994 ±
0.021 

0.977 ±
0.011 

METADES 0.971 ±
0.015 

0.957 ±
0.004 

0.986 ±
0.030 

0.972 ±
0.016 

FIRE-DESKNN 0.972 ±
0.004 

0.948 ±
0.003 

0.999 ±
0.007 

0.973 ±
0.004 

DESKNN 0.972 ±
0.004 

0.947 ±
0.003 

0.999 ±
0.007 

0.973 ±
0.004 

FIRE-DESP 0.972 ±
0.002 

0.948 ±
0.004 

1.000 ±
0.000 

0.973 ±
0.002 

DESP 0.971 ±
0.002 

0.946 ±
0.004 

1.000 ±
0.000 

0.972 ±
0.002 

FIRE-KNOP 0.972 ±
0.011 

0.953 ±
0.003 

0.994 ±
0.023 

0.973 ±
0.012 

KNOP 0.969 ±
0.011 

0.948 ±
0.003 

0.994 ±
0.023 

0.970 ±
0.012  

Fig. 20. AUC and statistical comparison of the DES models based on mixed models.  
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performing model from the classical ML category was SVC while RF was 
the best static ensemble classifier. FIRE-DESKNN achieved the best re
sults compared to the other DES models. To evaluate the reliability of 
these best classifiers from different categories, both calibration and 
precision recall-plots have been used. Figure S1 in SI illustrates a com
parison among the top three classifiers for each category, i.e., the clas
sical ML, static ensemble, and dynamic ensemble models. The 
calibration subplots confirmed our results as they showed that SVC was 
the best compared to LR and MLP, RF was the best compared to Catboost 
and Adaboost, and FIRE-DESKNN was the best compared to DESP and 
FIRE-KNORA-U. Figure S2 compared the best model of each category. As 
clearly noticed, the FIRE-DESKNN had the best brier score (0.058, 0.099, 
0.044 for SVC, RF, FIRE-DESKNN, respectively). Moreover, to measure 
the performance of the classifiers to detect the minority class (dead 
neonate), the precision-recall plot has been used to plot the relationship 
between precision and recall. Figures S3 and S4 in SI compared the 
performance of the best-selected models. Notice that the DES model 
(FIRE-DESKNN) achieved the best average precision (AP), i.e., 0.98, 
0,98, 0.99 for SVC, RF, FIRE-DESKNN, respectively. 

7. Results of regression 

After predicting the mortality of neonates in the ICU, it is medically 
important to determine the LoS for the alive patients. This is critical 
information to be known by physicians because they can make special 
decisions based on this information, such as changing the ICU, or 
providing special care for patients that have a short LoS period. This 
section discusses the results of the second level of our proposed model (i. 
e., regression layer). To select the optimum regressor, we conducted five 
experiments. These experiments compare the performance of classical 
regressors, static ensemble regressors, and voting regressors. In the 
following, we discuss the details of these experiments. The performance 
of these models is evaluated using the RMSE, MAE, and R2 metrics. 

7.1. Classical regression models 

In this section, we discuss the optimization of classical regressors by 
feature selection and hyperparameter tuning steps. Six well-known 
classical regressors are tested, including KNN Regressor (KNNR), 
linear regression (LiR), linear SVR, DT regressor (DTR), Ridge, and 
Lasso. 

7.1.1. Experiment 12: Regressor results without feature selection and 
hyperparameter optimization 

Table 9 shows the results of the six regressors without adding the 
feature selection and hyperparameter optimization steps in the ML 
pipeline. Lasso achieved the best average results (RMSE = 16.019 ±
0.378, MAE = 11.383 ± 0.318, and R2 = 65.982 ± 0.161). Lasso re
gressor uses the L1 regularization technique, which adds a penalty equal 
to the absolute value of the magnitude of the coefficient. Larger regu
larization results in sparse models with few coefficients. KNNR achieved 
the worst results (RMSE = 24.168 ± 1.452, MAE = 16.427 ± 0.552, and 
R2 = 22.566 ± 0.930). 

7.1.2. Experiment 13: Results after feature selection and hyperparameter 
optimization 

This experiment adds the two optimization steps of feature selection 
and hyperparameter tuning. It can be noticed that these steps improved 
the performance of all regressors, see Table 10. LiR achieved the best 
results after applying these two steps (RMSE = 14.818 ± 0.251, MAE =
10.828 ± 0.210, and R2 = 69.064 ± 0.105, P-value = 0.0219). Its 
performance is improved by 1.362, 0.835, and 3.771 for RMSE, MAE, 
and R2, respectively. Lasso performance is improved by 1.167, 0.579, 
and 2.94 for RMSE, MAE, and R2, respectively. Fig. 21 shows the sta
tistical comparison of the optimized classical regressors. As can be seen, 
LiR is significantly better than all other models. Table S7 in the sup
plementary materials shows the selected hyperparameters of the opti
mized classical techniques. 

7.2. Static ensemble regression models 

In the following two experiments, we explore the role of static 
ensemble regressors to improve the performance of LoS prediction. We 
test the performance of seven static ensemble models, namely CatBoost 
Regressor (CBR), XGB Regressor (XGBR), LGBM Regressor (LGBMR), 
GradientBoosting Regressor (GBR), RandomForest Regressor (RFR), 
ExtraTrees Regressor (ETR), and AdaBoost Regressor (ABR). 

7.2.1. Experiment 14: Results without feature selection and hyperparameter 
optimization 

The average performance of the seven static ensemble models is 
shown in Table 11. The results indicate that CBR is the best model 
without feature selection and hyperparameter tuning steps. The model 
achieved a performance of 12.969 ± 0.781, 8.619 ± 0.644, and 74.821 
± 0.303 for RMSE, MAE, and R2, respectively. As it can be seen, LiR is 
significantly better than all other models. 

7.2.2. Experiment 15: Results after feature selection and hyperparameter 
optimization 

After optimizing the models’ hyperparameters and feature selection 
of the seven static ensembles, CBR still achieves the best results of 
(12.529 ± 0.103, 8.525 ± 0.058, and 78.275 ± 0.356) for RMSE, MAE, 
and R2, respectively. Table 12 shows that these optimization steps 
positively affect the performance of all ensemble models. Fig. 22 shows 
the statistical comparison of the optimized static ensemble regressors, 
while Fig. 23 analyzes the statistical difference between all optimized 
classical and ensemble models using the critical diagram. As noted, CBR 
achieved the best results (P-value 0.05) among the classical and static 
ensemble models. Table S8 of the SI shows the selected hyperparameters 
of the optimized static ensemble classifiers. 

7.2.3. Experiment 16: Voting regression models 
In this experiment, we test the voting regression model by using 

classical regression models as the pool of the voting model. We explored 
the voting regression model with a different number of classical 
regression models. We achieved the best result with the pool of the best 
three classical regression models (i.e., Linear Regression, Ridge, and 
Decision Tree Regressor) shown in Table 13. We also explore the voting 

Table 9 
Classical regression models results without feature selection and hyper
parameter optimization.  

Models RMSE MAE R2 

KNNR 24.168 ± 1.452 16.427 ± 0.552 22.566 ± 0.930 
LiR 16.180 ± 0.620 11.663 ± 0.405 65.293 ± 0.266 
SVR 20.090 ± 31.69 14.308 ± 25.539 45.299 ± 17.712 
DTR 20.194 ± 8.076 13.209 ± 4.961 45.861 ± 4.354 
Ridge 16.176 ± 0.620 11.657 ± 0.397 65.312 ± 0.266 
Lasso 16.019 ± 0.378 11.383 ± 0.318 65.982 ± 0.161  

Table 10 
Classical regression models results with feature selection and hyperparameter 
optimization.  

Models RMSE MAE R2 

KNNR 18.155 ± 1.191 11.730 ± 0.593 53.561 ± 0.610 
LiR 14.818 ± 0.251 10.828 ± 0.210 69.064 ± 0.105 
SVR 16.026 ± 0.847 10.782 ± 0.261 63.816 ± 0.383 
DTR 15.669 ± 3.934 10.531 ± 1.583 65.391 ± 1.732 
Ridge 14.822 ± 0.252 10.828 ± 0.219 69.048 ± 0.105 
Lasso 14.852 ± 0.176 10.804 ± 0.200 68.922 ± 0.074  
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regression model by using static ensemble regression models as a pool. 
Table 13 provides the results of the voting regression model with two 
different numbers of static ensemble regression models. First, we test the 
voting regression model with the best four static ensemble regression 
models (i.e., CatBoost, ExtraTrees, Gradient Boosting, and LGBM Re
gressor), and achieve 78.330 ± 0.258 for R2. Second, we test the voting 
regression model with the best three static ensemble regression models 
(i.e., CatBoost, ExtraTrees, and Gradient Boosting), and achieve 78.345 
± 0.275 for R2. 

Fig. 24 compares the voting regressor with other previously opti
mized regressors. The voting regressor with classical regressors pool 
(homogeneous ensemble) performs much better than other classical 
regression models (P-value < 0.01), i.e., the best classical regression 
model achieves R2 of 69.0 and the voting regressor with classical 

Fig. 21. Comparison of all classical regression models based on the Friedman test.  

Table 11 
Results of static ensemble regression models without feature selection and 
hyperparameter optimization.  

Models RMSE MAE R2 

CBR 12.969 ± 0.781 8.619 ± 0.644 74.821 ± 0.303 
XGBR 14.098 ± 2.775 9.431 ± 1.725 70.237 ± 1.178 
LGBMR 13.247 ± 1.142 8.858 ± 0.867 73.730 ± 0.454 
GBR 13.450 ± 0.811 8.933 ± 0.637 72.919 ± 0.327 
RFR 13.624 ± 0.897 9.053 ± 0.714 72.212 ± 0.365 
ETR 13.328 ± 0.853 8.867 ± 0.406 73.406 ± 0.340 
ABR 17.521 ± 3.544 14.956 ± 4.134 54.026 ± 1.864  

Table 12 
Static ensemble regression models results with feature selection and hyper
parameter optimization.  

Models RMSE MAE R-square 

CBR 12.529 ± 0.103 8.525 ± 0.058 78.275 ± 0.356 
XGBR 13.015 ± 0.121 8.847 ± 0.074 76.555 ± 0.439 
LGBMR 13.052 ± 0.105 8.889 ± 0.051 76.424 ± 0.382 
GBR 13.008 ± 0.119 8.853 ± 0.063 76.583 ± 0.430 
RFR 13.327 ± 0.091 8.907 ± 0.026 75.420 ± 0.336 
ETR 12.921 ± 0.086 8.776 ± 0.046 76.895 ± 0.309 
ABR 14.303 ± 0.086 10.178 ± 0.059 71.688 ± 0.342  

Fig. 22. Comparison of all static ensemble regression models based on the Friedman test.  

Fig. 23. Comparison of all static ensemble regression models based on the Friedman test.  

Table 13 
Voting regressor results after feature selection and hyperparameter optimization 
steps.  

Pool Number of 
regressors 

RMSE MAE R2 

Classical 
Regressors 

3 regressors 13.935 ±
0.144 

9.871 ±
0.045 

72.638 ±
0.569 

Static 
Ensemble 

4 regressors 12.513 ±
0.075 

8.449 ±
0.035 

78.330 ±
0.258 

Static 
Ensemble 

3 regressors 12.509 ± 
0.079 

8.497 ± 
0.036 

78.345 ± 
0.275  
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regression model achieves R2 of 72.6 with a difference of 3.6, as shown 
in Fig. 24. On the other hand, the voting regressor with base classifiers of 
static ensemble regression models performs better than other static 
ensemble regression models, as shown in Fig. 25. The main reason for 
this better performance is possible because, in a classical regression 
models pool, there are many different regression models with very 
different techniques. These models are good in different parts of the 
feature space, which causes the aggregation of decisions to be better 
than classical decisions. That is why when we combine them, they give 

better performance. In the case of voting regressors with static ensemble 
base models, all techniques have a similar approach, and they are good 
at similar parts of the feature space. Therefore, when we combine them, 
they do not achieve higher results. The important features table 
(Table 26) shows that all static ensemble regression models share similar 
important features. 

Table S9 of the SI lists the order sets of features for every classical 
regressor and their voting, while Table S10 of the SI shows the ordered 
lists of important features for static ensembles and their voting. The 

Fig. 24. Comparison of classical and static ensemble regression models with their voting regressor.  

Fig. 25. Comparison of all static ensemble regression models based on the Friedman test.  

Fig. 26. Feature Importance for the classification layer (left) and the regression layer (right).  
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important common features in all classifiers are marked with bold font. 
Classical regressors highlight the main role of prescriptions count, head 
circumference, date events count, gestational age, and SaO2. On the 
other hand, the static ensemble regressors highlight another list of fea
tures, including birth weight, head circumference, date events count, 
prescriptions count, gestational age, SaO2 (mean), and D10W count. It 
seems interesting that both categorizes highlight the critical role of very 
similar features, where these features have significant differences be
tween the compared two classes (i.e., Dead vs Alive). 

8. Model explainability 

From the previous experiments, we select the most accurate and 
stable classifier and regressor for the first and second layers, respec
tively. Providing a robust decision only is insufficient in the medical 
domain. Physicians ask for the reasons behind making specific decisions. 
They need to know the answer to these questions: Why has the system 
taken that decision? Based on what features? And are these features medi
cally relevant and sufficient? In this section, we discuss our implemented 
XAI features in the current study. The physician will receive XAI capa
bilities in different formats that include feature importance, decision 
tree, and rule-based models. 

8.1. Feature importance-based explainability 

In feature importance-based explainability, it is essential to know the 
most important features that our classifier and regressor considered to 
make their final decisions. Fig. 26 shows a sorted list of features for the 
mortality prediction classifier, and for the LoS prediction regressor. We 
use the SHAP explainer to calculate the feature importance. Note that 
the two algorithms ranked the features similarly. In addition, these 
features are medically important. For example, the patient’s tempera
ture is the most important feature for predicting if the neonate will die in 
the ICU, and this is medically confirmed knowledge [124]. Neonate 

temperature also has a role in predicting the patient’s LoS period, as 
shown in the right part of Fig. 26. Birth weight is the most important 
feature to predict the patient’s LoS period, followed by heart circum
ference. The ranking of the features is medically relevant because it 
includes critical features like SaO2, respiratory rate, blood pressure, and 
heart rate. The collected statistical features, including means and stan
dard deviations, are the most important features for both the classifi
cation and regression tasks. In addition to the statistical features, static 
features, like birth weight, admission location, D10W, and white blood 
count, also greatly affect the model decisions. 

After analyzing the global feature importance of the used feature set, 
we need to examine the relevance of features for specific cases (i.e., local 
feature importance). We give an example of each case (i.e., Alive and 
Dead), and a case for LoS. Fig. 27 shows the Waterfall plots for a sur
vived neonate case. The final decision for this case is “Alive” with a 
probability of 83.9 %. The dominating features are the mean tempera
ture (35.92), mean D10w amount (10.46), mean SaO2 (97.87), birth 
weight (3.92), mean respiratory rate (54.08), the standard deviation of 
SaO2 (1.82), the variance of SaO2 (3.33), mean blood pressure cuff 
systolic (63.2), and mean blood pressure cuff (38.27). These values for 
the features push the decision toward the “Alive” class. Three statistical 
features are used from SaO2 (i.e., mean, variance, and standard devia
tion). When the patient has normal ranges of features, such as normal 
weight (around 4), normal temperature (around 36), etc., the patient is 
expected to live in the ICU. 

On the other hand, Fig. 28 shows a Waterfall plot for a case from the 
“Dead” class. The dominating features are the mean respiratory rate 
(26.33), mean temperature (36.70), birth weight (0.72), the variance of 
respiratory rate (1.33), mean D10w amount (0.89), mean blood pressure 
cuff systolic (57.67), mean blood pressure cuff (41.21), mean SaO2 
(97.87), mean skin temperature (36.69), and standard deviation of 
respiratory rate (1.15). From Fig. 28, a physician can visually measure 
the importance of each feature and its value on the final decision. As a 
result, physicians can determine if the ML model is taking the right 

Fig. 27. Waterfall plots for survived neonate (left: probability of Alive class, right: probability of Dead class).  

Fig. 28. Waterfall plots for dead neonate (left: probability of class 0-Alive, right: probability of class 1-Dead).  
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decision or not, which affects their trust. Notice that SaO2 is not very 
critical to predicting the “Dead” class, but skin temperature appears in 
the list with a high value of around 37. Low respiratory rate, high 
temperature, very low birth weight, and very low D10W force the model 
to predict this case as “Dead”. This decision is medically relevant and 
shows that our model is based on critical features with medically critical 
values. To investigate the robustness of our model, we explored the 
incorrectly predicted neonate cases. Out of 1854 test samples, our best 
model predicts 23 samples wrongly. These 23 neonates are all alive 
neonates, and our best model predicts them as dead. We explored the 
main reason for predicting those 23 neonates as dead, and found that 
they are very close to dead neonate samples, as illustrated in Figure S6 of 
the SI. Figure S7 in SI shows two examples from these 23 wrongly pre
dicted neonates where the first neonate (left) is predicted as dead with 
75.5 % confidence. The respiratory Rate of this neonate is 23.19, but the 
average respiratory rate for alive neonates is 52.16. The birth weight of 
this neonate is 1.054 kg. However, the average birth weight for alive 
neonates is 2.16 kg, and it is 1.17 kg for dead neonates. From the results, 
it can be clearly seen that this neonate’s data is very close to dead 

neonates’ data. Therefore, our best model failed to predict this neonate 
correctly. The same observation can be seen in the second neonate 
example (right). To support our observation, we provided data records 
of the top 5 important features for wrongly predicted neonates’ data in 
Table S11 of the SI. 

Fig. 29 shows regression cases for both long and short LoSs. We 
notice that neonates with normal birth weight have a short LoS 
compared to neonates with low birth weight. The conditions are for the 
other features, such as head circumference, heart rate. For space re
strictions, we will not discuss the figures in more detail. 

Depending only on feature importance to provide model explain
ability is insufficient for physicians. Physicians have normally based 
their decisions on a set of rules collected from their experience. The most 
accurate classifier is the DESKNN with the pool of classical machine 
learning classifiers, which is a black-box dynamic ensemble classifier 
where it is difficult to extract its set of rules. The most accurate regressor 
is the voting regression model with the pool of static ensemble regres
sion models, which is a black-box model. Decision tree classifier can be 
used as a post-hoc XAI model for the black-box classifier. It is 

Fig. 29. Waterfall plots for regression (left: short time stay, right: long-time stay).  

Fig. 30. Decision tree classifier for XAI.  

Fig. 31. Decision tree regressor for XAI.  
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straightforward to extract a set of rules from any decision tree by 
following the path from the root of the tree to every leaf. Figs. 30 and 31 
provide examples for the decision tree classifier and the decision tree 
regressor, respectivly. From these trees, the physician is able to collect 
the exact set of rules. These rules can assist domain experts confirm their 

decisions, and enable junior physicians to enrich their knowledge. 

9. System implementation 

The best performing models from the previously optimized 

Fig. 32. Mortality and LoS prediction screen.  

Fig. 33. XAI for mortality prediction decisions.  
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classification and regression models are used to implement a web-based 
system for neonate monitoring in ICU. For the classification backend, we 
use the DESKNN classifier, while for the regression backend, we use the 
CatBoost regressor. In addition, the proposed system can explain its 
decisions using many XAI capabilities. To the best of our knowledge, this 
is the first system for neonate management in ICU based on dynamic 
ensemble and XAI. As shown in the video illustration attached with the 
paper, the system works as follows:  

1. The physician logs in to access the patient profile in the hospital 
information system. Once authorized, he/she sees the neonate’s 
profile, as shown in Fig. 32.  

2. Some of the patient data are collected automatically based on the 
patient ID from his/her electronic health record (EHR) at the 
admission time, such as gender, age, insurance, etc.  

3. In this screen, a physician can insert the patient’s vital signs. These 
data are time-series data where the physician can enter as much data 
as possible. Physicians are expected to enter the recorded data of the 
previous 24 h. Physicians can import these data directly from the 
patient EHR and can add or remove data manually if needed by 
clicking the plus and minus buttons. Mean and standard deviation 
derived features of these time series data are calculated and will be 
updated dynamically based on the newly added values by the 
domain expert.  

4. After collecting the needed data from physicians and the EHR, the 
system provides the domain expert with the capability to accurately 
predict the survival rate, mortality rate, expected length of stay, and 
length of stay confidence using the previously optimized ML models. 
These decisions are calculated by clicking the “Get Results” button.  

5. One of the most critical capabilities of the proposed system is the 
data preparation features. If the domain expert does not enter suf
ficient time-series data (i.e., the 24 h data after admission), the 
system will use our proposed Algorithms 1 and 2 to fill in the missing 
data.  

6. As previously asserted, physicians do not believe ML decisions 
without knowing why the model has taken a specific decision. In 
addition, providing explainability features using multiple methods 
improves the confidence of the domain expert in the model decisions. 
The proposed system implements many XAI capabilities ranging 
from feature importance to decision tree rules. XAI features can be 
accessed by clicking the “Get Explanation.” Button, which opens the 
screen shown in Fig. 33. 

The proposed system provides two types of XAI, one for mortality 
prediction and the other for the length of stay prediction. In the first 
dashboard shown in Fig. 33, we provide three types of XAI, of feature 
importance, decision tree, and rules. The system provides both global 
XAI to describe the classifier’s logic in general and local XAI to explain 
decisions of specific cases. The system decisions are explained by using a 
list of decision rules and decision trees as well. The implemented XAI 
features show consistency regarding the feature importance. 

The second dashboard provides XAI features for the LoS prediction 
regression task. The system implements the feature importance and DT- 
based XAI to show the features that impact LoS prediction decisions, as 
shown in Fig. 34. 

This paper explored the dynamic ensemble modeling techniques to 
predict neonate mortality and static ensemble modeling techniques to 
predict the patient’s LoS. We explored the capabilities of these models 
using different combinations of base classifiers, using feature selection 
step, and hyperparameter optimization step. The study has been 
extended to include XAI features for both layers of the proposed model. 
Finally, and most importantly, we have implemented the proposed 
techniques in a web-based system to provide online assistance to phy
sicians in ICU units to monitor neonate patients accurately and robustly. 
Our system provides accurate decisions and explanations for every de
cision and whole model logic. As a result, using this system can solve the 
problems of unavailability of qualified experienced physician and of less 
experienced physician. 

Our study has some limitations that will be handled in future studies. 

Fig. 34. XAI for LoS prediction decisions.  
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First, our model is based on a large set of features that could be expensive 
to collect in ICU. In future studies, we will explore the role of every 
feature on the model performance using accurate statistical analysis 
tests and select the least number of features. We will try to implement 
the most accurate and cost-effective models. Second, we concentrated 
here on the XAI of our model to build a medically acceptable clinical 
decision support system that requires XAI. The system must be trust
worthy, which means robust, fair, and interpretable. In a future study, 
we will explore and implement the other two dimensions of robustness 
and fairness and explore other methods of explainability. Third, our 
models are based on the extracted features from time-series data to build 
accurate classifiers based on classical ML models. Even though these 
models are faster than the deep learning model; it is expected that using 
the raw time-series data with deep learning models like RNN and LSTM 
could improve the model performance. As noticed, there is no study for 
deep learning in neonate management. In addition, few studies have 
been conducted using advanced DL techniques such as multilayered 
LSTM, Bidirectional LSTM, CNN, ConvLSTM, and hybrid CNN-LSTM 
[121,122,123,105,119] These techniques are expert in extracting 
dynamical patterns within univariate time-series and interactions 
among heterogeneous or multivariate time-series. These deep features 
support the creation of decision support tools that provide personalized 
decisions [124]. We will explore the capabilities of DL models to learn 
time-series data in a separate study. 

10. Conclusion 

In this work, we proposed a two-layers machine learning model for 
the ICU mortality prediction of neonates. In the first layer, we investi
gated the role of dynamic ensemble modeling to predict mortality for 
neonate patients in ICU. In the second layer and for the survived pa
tients, we predicted their LoS. The study was based on the time-series 
data of the patients for the previous 24 h. We proposed intelligent and 
medically acceptable algorithms for preparing these time-series data. To 
search for the optimum model, we implemented and tested different 
categories of machine learning models, including classical ML models, 
static ensemble models, and dynamic ensemble models. These models 
have been tested after using the default hyperparameters, optimized 
hyperparameters, and feature selection steps. Results were collected 
after optimizing these models using the MIMIC-III real-world dataset. 
We used a cohort of 3133 patients. For mortality prediction classifica
tion task, the most performing model was DESKNN with the pool of 
classical machine learning classifiers (accuracy = 0.987 ± 0.001, pre
cision = 0.975 ± 0.001, recall = 1.000 ± 0.000, and F-score = 0.988 ±
0.001). The best model for the LoS prediction regression task was the 
Voting regression model with the pool of static ensemble regression 
models (RMSE = 12.509 ± 0.079, R2 = 78.345 ± 0.275). We extended 
these optimized models to provide XAI capabilities using different 
techniques, including feature importance based on SHAP, decision trees, 
and rule-base. Our resulting model was robust because it achieved high 
performance, and it was explainable by adding the XAI features. As a 
result, this model was medically more intuitive and trustworthy than 
other literature studies. Note that this is the first study that predicts ICU 
mortality and LoS for neonates based on time-series data and dynamic 
ensembles. In addition, this is the first study that provides XAI for this 

task. To complete the task, we utilized the optimized classifier and re
gressors with their explainability power to implement a website for 
neonate monitoring. The system can assist physicians in predicting pa
tient mortality and LoS, and at the same time, provide explanations for 
why the model takes a specific decision. In future studies, we will handle 
the limitations of this study as discussed in the manuscript. 
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Appendix A. . Used dynamic ensemble classifier algorithms 

KNORA-E [125] algorithm searches for local Oracle classifiers from the pool of classifiers that correctly classify all the K nearest neighbors for a 
given test data in the training set. This classifier is a base classifier that correctly classifies all samples belonging to the region of competence of the test 
sample. The list of classifiers that have a perfect performance in the region of competence defines the local Oracles. If no classifier achieves perfect 
accuracy, the algorithm keeps reducing the size of the competence region by removing the farthest neighbors, until finding at least one classifier that 
classifies all the training examples in the neighborhood of the test set correctly. The ensemble of the chosen classifiers is assigned and used for voting to 
classify the test data, i.e., decisions of all local oracles are combined using the majority voting scheme. 
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DESP [126] algorithm selects all base classifiers from the pool of classifiers that achieve a higher performance in the region of competence than the 
random classifier. Random classifier performance is 1/M for M being the number of classes in the dataset. Hence, the competence level is calculated as 
P
(
ci|θj

)
− 1

M, for a region of competence θj. A classifier with a positive value for that value is selected. If no base classifier achieves that performance, the 
whole pool is used for classification. The dynamic selection is made for every test case by comparing the performance of all classifiers with the random 
classifier in the defined neighborhood of the test data. 

METADES [127] algorithm models the DES as a meta-problem that uses different criteria to evaluate the behavior of a base classifier ci to decide if 
the classifier is competent enough to classify a sample. There are two main steps in solving this meta-problem: (1) METADES has a meta-training stage 
of extracting a list of meta-features (MFs) from each example in training and the dynamic selection dataset for all classifiers in the pool. Four types of 
MFs could be collected. (a) posterior probability for each label, (b) the overall local accuracy of ci in the region of competence, (c) neighbors’ hard 
classification (vector v ∈ Rn created for each classifier ci, where, n is the number of samples in the region of competence; if classifier ci, correctly 
classifies a sample xi, v[i] = 1, otherwise v[i] = 0), and (d) classifier’s confidence (the perpendicular distance between the input sample and the 
decision boundary of the classifier). (2) These extracted MFs are used to train a meta-classifier λ to predict whether a base classifier ci is competent 
enough to classify a given sample. To classify an unknown sample x, first, the MFs for each base classifier ci in relation to × are calculated and 
presented to λ. Second, λ estimates the competence level of each base classifier ci for the classification of x. All base classifiers with competence level 
higher than a pre-defined threshold are selected. If all base classifiers have lower competence level than the threshold, the whole pool is used for 
classification. 

KNORA-U [125] algorithm selects all classifiers from the pool of classifiers that correctly classifies any sample of the K nearest neighbors of a case 
in the region of competence. These classifiers are combined to form an ensemble for the given test data. Majority voting is used for KNORAU pre
diction. The number of votes for each of the selected classifiers equals the number of correctly classified training set samples in the K neighborhood by 
that classifier. The votes obtained by all base classifiers are aggregated to obtain the final ensemble decision. 

DESKNN [128] algorithm selects all classifiers from the pool of classifiers based on accuracy and diversity. The first step is to define the region of 
competence θj. After that, DESKNN ranks the base classifiers based on the accuracy in decreasing order, and it ranks classifiers in increasing order 
based on their diversity. The Double Fault measure [118] was utilized to measure the diversity of the base classifiers. Next, DESKNN selects N 
classifiers from the pool based on their accuracy. Then, it selects J classifiers from the N most accurate classifiers based on their diversity for creating 
Ensemble of Classifiers (EoC). (J ≤ N) must be defined. 

KNOP [127] algorithm selects all classifiers from the pool of classifiers that correctly classifies at least one sample of the K nearest neighbors of a 
case in the region of competence θj. To define the region of competence, samples that are close to the given query instance are selected. The similarity 
between the query and samples in the validation set is calculated using decision space, not feature space. Then each selected classifier predicts the 
label of the given query, and the predictions are aggregated to obtain the final decision. 

Appendix B. . Preliminary results of Classical, static Ensemble, dynamic ensemble mortality prediction models 

1. Classical ML Models Results without feature selection and hyperparameter optimization. 
In this experiment, we implement six of the most popular ML classifiers. We test the models using the default hyperparameters and with all 

features. As shown in Table B1, Logistic regression model achieved the best results (F1-score of 0.918 ± 0.012). However, support vector classifier 
(SVC) is the most stable model because it has the lowest standard deviation. KNN classifier achieved the worst results (F1-score of 0.499 ± 0.028). 

2. Classical ML Models Result after feature selection step only. 
In this experiment, we study the role of the feature selection step to train ML models with default hyperparameters. The selected six models are test- 

based, and the results are collected. After applying the feature selection step, most classifiers (i.e., NB, LR, KNN, DT, and MLP) show improved results, 
see Table B2. The performance of NB is improved by 12.3 %, the performance of LR is improved by 0.5 %, the performance of KNN is improved by 37.9 
%, the performance of DT is improved by 6.4 %, and the performance of MLP is improved by 8.5 %. LR achieved the best results (F1-score of 0.923 ±
0.003), and the model became more stable. SVC performed 88.9 % without feature selection, but after applying the feature selection step, its per
formance decreased by 5.3 %. 

3. Static Ensemble Models Results without feature selection and optimization. 

Table B1 
Classical ML classifiers model results without feature selection and hyperparameter optimization.  

Models Accuracy Precision Recall F1-score 

NB 0.682 ± 0.005 0.611 ± 0.004 1.000 ± 0.000 0.759 ± 0.003 
LR 0.918 ± 0.010 0.922 ± 0.004 0.914 ± 0.021 0.918 ± 0.012 
KNN 0.659 ± 0.011 0.938 ± 0.011 0.340 ± 0.021 0.499 ± 0.028 
DT 0.667 ± 0.047 0.900 ± 0.032 0.371 ± 0.092 0.521 ± 0.099 
SVC 0.895 ± 0.002 0.946 ± 0.003 0.838 ± 0.003 0.889 ± 0.002 
MLP 0.768 ± 0.040 0.978 ± 0.006 0.549 ± 0.082 0.700 ± 0.069  

Table B2 
Classical ML classifiers model results with feature selection.  

Models Accuracy Precision Recall F1-score 

NB 0.888 ± 0.002 0.920 ± 0.004 0.849 ± 0.003 0.883 ± 0.002 
LR 0.922 ± 0.003 0.912 ± 0.004 0.935 ± 0.003 0.923 ± 0.003 
KNN 0.889 ± 0.002 0.976 ± 0.002 0.797 ± 0.004 0.878 ± 0.002 
DT 0.703 ± 0.037 0.955 ± 0.007 0.426 ± 0.075 0.585 ± 0.082 
SVC 0.848 ± 0.011 0.908 ± 0.007 0.776 ± 0.024 0.836 ± 0.013 
MLP 0.817 ± 0.012 0.948 ± 0.008 0.671 ± 0.031 0.785 ± 0.019  
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Table B3 shows the results of this experiment. As noticed, AdaBoost achieved the best results (F1-score of 0.706 ± 0.081). Although LGBM is a 
strong ensemble model, testing it using the default hyperparameters achieved the worst results. 

4. Static Ensemble Result after feature selection step. 
Table B4 reports the results of the static ensemble classifiers after applying the feature optimization step. As expected, the feature optimization step 

enhances the performance of all classifiers. XGBoost achieved the best results (F1-score of 0.814 ± 0.032). The other boosting algorithm (i.e., 
AdaBoost) achieved comparable results (F1-score of 0.795 ± 0.065), but AdaBoost is less stable than XGBoost. 

5. Selecting the best number of classical classifiers for the dynamic ensembles pool. 
Table B5 shows four experiments that explore the role of a different number of base classifiers on the performance of dynamic ensemble models. We 

tested the performance of dynamic ensembles based on the best three, best four, best five, and all six base classifiers. When we used a pool of six 
classifiers, this behavior is changed, when we used a pool of six classifiers because the model performance is decreased. As a result, we used the best 
five classifiers to build the pool of base classifiers for the DES. The selected base classifiers that result in the highest DES performance are MLP, LR, SVC, 
DT, and NB. We report the average accuracy over all DES algorithms, including namely FIRE-KNORA-U, KNORA-U, FIRE-KNORA-E, KNORA-E, FIRE- 
METADES, METADES, FIRE-DESKNN, DESKNN, FIRE-DESP, DESP, FIRE-KNOP, and KNOP. Using the pool of five classifiers, the FIRE DESKNN 
achieved an average accuracy of 0.963 ± ±0.016. This ensemble is also the most robust, because it has the best confidence interval for model per
formance [0.987, 0.940]. 

6. Selecting the best number of static ensemble classifiers for dynamic ensembles pool. 
As shown in Table B6, we tested the best optimized three static ensemble models (i.e., AdaBoost, RF, and CatBoost), and the average accuracy of the 

12 DES models is 0.961 ± 0.003. The best DES model is FIRE METADES, which achieves an accuracy of 0.965. We notice that adding more static 
ensemble models (e.g., LightGBM, Gradient Boosting, or Majority Voting) to the pool decreases the performance of the DES model. As a result, we retain 
stick this number to build the pool of best-performing base classifiers. 

7. Selecting the best number of classifiers for a mixed pool of classical and static ensemble models. 
We explored the possible role of building a pool of heterogeneous classifiers by mixing both classical and static ensemble base classifiers. We tested 

different pool sizes from four to ten base classifiers and explored the effect of changing the number of base classifiers from different categories. 

Table B3 
Static ensemble ML classifiers model results without feature selection and hyperparameter optimization.  

Models Accuracy Precision Recall F1-score 

AdaBoost 0.772 ± 0.046 0.969 ± 0.008 0.561 ± 0.093 0.706 ± 0.081 
XGBoost 0.749 ± 0.049 0.991 ± 0.006 0.503 ± 0.096 0.661 ± 0.090 
RF 0.733 ± 0.032 0.952 ± 0.007 0.490 ± 0.065 0.644 ± 0.057 
GB 0.745 ± 0.019 0.978 ± 0.005 0.501 ± 0.038 0.662 ± 0.033 
CatBoost 0.759 ± 0.028 0.987 ± 0.004 0.525 ± 0.057 0.683 ± 0.050 
LGBM 0.668 ± 0.022 0.994 ± 0.003 0.338 ± 0.044 0.504 ± 0.054 
Majority Voting 0.663 ± 0.037 0.910 ± 0.018 0.359 ± 0.074 0.511 ± 0.081  

Table B4 
Static ensemble ML classifiers model results with feature selection.  

Models Accuracy Precision Recall F1-score 

AdaBoost 0.829 ± 0.045 0.970 ± 0.005 0.679 ± 0.092 0.795 ± 0.065 
XGBoost 0.843 ± 0.024 0.989 ± 0.003 0.693 ± 0.047 0.814 ± 0.032 
RF 0.815 ± 0.054 0.961 ± 0.008 0.656 ± 0.107 0.775 ± 0.077 
GB 0.767 ± 0.032 0.960 ± 0.004 0.557 ± 0.065 0.703 ± 0.053 
CatBoost 0.756 ± 0.026 0.986 ± 0.003 0.520 ± 0.052 0.679 ± 0.043 
LGBM 0.743 ± 0.032 0.991 ± 0.002 0.491 ± 0.065 0.654 ± 0.057 
Majority Voting 0.776 ± 0.018 0.946 ± 0.004 0.586 ± 0.036 0.723 ± 0.029  

Table B5 
Selecting the best number of classifiers for DES with classical ML classifiers.  

Experiment Average Accuracy Best Model Best Model Accuracy Worst Model Worst Model Accuracy 

3 classifiers 0.952 (0.007) DESKNN, KNORA-E  0.960 FIRE KNOP  0.939 
4 classifiers 0.953 (0.022) DESKNN  0.972 FIRE KNOP  0.920 
5 classifiers (selected) 0.963 (0.016) FIRE DESKNN  0.987 FIRE KNORA-E  0.940 
6 classifiers 0.939 (0.029) FIRE KNORA-U  0.981 FIRE KNOP  0.890  

Table B6 
Selecting the best number of classifiers for DES with static ensemble ML classifiers.  

Experiment Average Accuracy Best Model Best Model Accuracy Worst Mode Worst Model Accuracy 

3 classifiers (selected) 0.961 (0.003) FIRE METADES  0.965 FIRE DESKNN  0.955 
4 classifiers 0.955 (0.018) KNORA-E  0.975 KNOP  0.932 
5 classifiers 0.947 (0.026) KNORA-E  0.976 METADES  0.906 
6 classifiers 0.954 (0.021) KNORA-E  0.980 KNOP  0.928  
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Table B7 shows all experiments, and highlights that using seven base classifiers (the three best classical [MLP, LR, and SVC] and four best static 
ensembles [AdaBoost, RF, CatBoost, and LightGBM]) achieves the best results with the KNORA-E DES model (average accuracy of 0.973 ± 0.004 and 
best accuracy of 0.980), and the model is more stable. Note that mixing classical and static ensemble classifiers achieved the highest average accuracy. 
We also noticed that increasing the number of classifiers gradually improves the DES model performance. This behavior reached the optimum results 
when the pool had seven base classifiers. However, when the number of base classifiers increased to more than seven, the performance started to 
decrease. As a result, it can be concluded that increasing the number of base classifiers causes the ensemble to become more complex, and overfits the 
data. In addition, we note that the static ensemble has a more positive effect on the performance of the DES model than the simple classical models. 

Appendix C. Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.jbi.2022.104216. 
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predict length of stay in the intensive care unit? Systematic review and meta- 
analysis, J. Crit. Care 60 (2020) 183–194. 

[3] A.M. Mclaughlin, J. Hardt, J. Canavan, M. Donnelly, Determining the economic 
cost of ICU treatment: A prospective ‘micro-costing’ study, Intensive Care Med. 
35 (2009) 2135–2140, https://doi.org/10.1007/s00134-009-1622-1. 

[4] S. Purushotham, C. Meng, Z. Che, Y. Liu, Benchmarking deep learning models on 
large healthcare datasets, J Biomed Inform 83 (2018) 112–134, https://doi.org/ 
10.1016/j.jbi.2018.04.007. 

[5] L.D. Straney, A.A. Udy, A. Burrell, C. Bergmeir, S. Huckson, D.J. Cooper, D. 
V. Pilcher, S. Brakenridge, Modelling risk-adjusted variation in length of stay 
among Australian and New Zealand ICUs, PLoS ONE 12 (5) (2017) e0176570. 
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