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 A B S T R A C T

Background and objective: The increasing dimensionality of healthcare datasets presents major challenges 
for clinical data analysis and interpretation. This study introduces a scalable ensemble feature selection (FS) 
strategy optimized for multi-biometric healthcare datasets aiming to: address the need for dimensionality 
reduction, identify the most significant features, improve machine learning models’ performance, and enhance 
interpretability in a clinical context.
Methods: The novel waterfall selection, that integrates sequentially (a) tree-based feature ranking and (b) 
greedy backward feature elimination, produces as output several sets of features. These subsets are then 
combined using a specific merging strategy to produce a single set of clinically relevant features. The overall 
method is applied to two healthcare datasets: the biosignal-based BioVRSea dataset, containing electromyogra-
phy, electroencephalography, and center-of-pressure data for postural control and motion sickness assessment, 
and the image-based SinPain dataset, which includes MRI and CT-scan data to study knee osteoarthritis.
Results: Our ensemble FS approach demonstrated effective dimensionality reduction, achieving over a 50% de-
crease in certain feature subsets. The new reduced feature set maintained or improved the model classification 
metrics when tested with Support Vector Machine and Random Forest models.
Conclusion: The proposed ensemble FS method retains selected features essential for distinguishing clinical 
outcomes, leading to models that are both computationally efficient and clinically interpretable. Furthermore, 
the adaptability of this method across two heterogeneous healthcare datasets and the scalability of the 
algorithm indicates its potential as a generalizable tool in healthcare studies. This approach can advance 
clinical decision support systems, making high-dimensional healthcare datasets more accessible and clinically 
interpretable.
1. Introduction

The rapid growth of available data in modern society, boosted by 
recent advancements in artificial intelligence (AI) and data mining, 
presents nowadays a major challenge in managing high-dimensional 
datasets, leading to the need for dimensionality reduction and feature 
selection (FS) techniques. The issue of high dimensionality, also known 
as the ‘‘curse of dimensionality’’, presents significant challenges in data 
analysis, model training, and interpretation, as datasets with numerous 
features are more prone to sparsity and noise, leading to possible 
overfitting affecting the performances [1,2].

FS techniques enable the identification of relevant and informative 
features, reducing the dimensionality of datasets while preserving es-
sential information and enhancing computational efficiency. This pro-
cess not only aids in model interpretability, a crucial factor in domains 
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such as finance and healthcare, but also helps to optimize resource 
use, particularly when computational or data collection resources are 
limited [3].

FS methods are mainly divided into filter and wrapper categories
[4]. In the first case, features are selected based on performances on 
various statistical tests. Person’s correlation, ANOVA, and chi-square 
are among the most used and efficient filter techniques [5]. The wrap-
per methods, computationally more expensive, choose the relevant 
features by performing tests on a subset of features in a loop, training 
them with a selected algorithm adding or removing variables from the 
tested subset. These include forward selection, backward elimination, 
and Recursive Feature Elimination (RFE) [6]. When the quality of filter 
and wrapper methods are merged, the so-called embedded methods 
are generated [7]. Furthermore, the technique of principal component 
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analysis (PCA) is often performed to reduce the number of features, 
creating a new set of artificial features, reducing the number, and, at 
the same time, preserving the maximum amount of information [8].

In healthcare modern studies a vast amount of biomedical data 
can be generated by various sources, including biosensors and medical 
imaging, creating a demand for efficient analysis tools to support 
proper AI and machine learning (ML) models’ applications. The proper 
set of healthcare human-derived data is crucial for training efficiently 
predictive models presenting a complex task to optimize the clinical 
valuable outcomes while minimizing time and cost [9,10]. The identi-
fication and the retaining of the most meaningful features can enhance 
the accuracy and robustness of the predictive models, which is crucial 
in the healthcare domain where decisions can have a direct impact on 
patient outcomes and on the reaching of precise clinical and diagnostic 
evaluations [11].

When working with healthcare dataset that includes detailed bio-
signal analysis, such as ECG, EEG, and EMG data, FS techniques are 
proven essential. These signals might often generate irrelevant or re-
dundant features that obscure the most valuable information and allow 
for more precise clinical interpretability of the data.

For instance, in the classification of cardiac conditions using ECG 
data, FS algorithms such as RFE and genetic algorithms have been 
demonstrated as effective in improving ML model performances [12,
13]. Wrapper and embedded methods were also performed efficiently 
to improve automatic biometric human recognition using ECG [14].

Similarly, in EEG-based studies for neurological disorders, meth-
ods like sequential backward selection [15] or simple decision tree-
based selection [16] have been employed to reduce the number of 
features while maintaining or improving classification accuracy. Li 
et al. [17] experimented multiple FS techniques to detect mild depres-
sion in young university students with 128 channels EEG data finding 
the optimal performances with techniques based on correlation and 
greedy forward/backward selection.

When machine learning is involved in the feature selection process, 
architectures can be very complex. Xue et al. [18] proposed SWD-NAS, 
which leverages a dual-attention module and architectural weight nor-
malization to improve fairness and performance during the search pro-
cess in differentiable architecture search. Mechanism that can also be 
used in generative adversarial networks to improve convergence [19].

Recently, biology-inspired FS techniques like the Artificial Bee 
Colony algorithm [20] and the Binary Particle Swarm Optimization 
(PSO) [21,22] have been applied effectively to eliminate superfluous 
time and frequency domain features for EMG signal classification 
outperforming the classification models that used the whole set of ex-
tracted features. PSO has also been used on Hepatitis B virus diagnosis, 
obtaining a small classification rate [23]. Also, multi-objective feature 
selection has been widely used in evolutionary computation to perform 
feature selection [24,25].

In the context of healthcare, combining filter and wrapper algo-
rithms for FS in embedded hybrid approaches resulted particularly 
performing. For instance, Alzubi et al. [26] proposed a fusion of a 
filter and a wrapper method outperforming the basic FS methodologies 
to select Single Nucleotide Polymorphisms for rare diseases classifica-
tion, while Pavithra and Jayalakshmi [27] focused on cardiovascular 
diseases classification combining Random Forest (RF), ADA-Boost and 
Pearson Coefficient FS methods. Xue et al. [28] proposed a importance-
guided particle swarm optimization based on MLP (IGPSO) for fea-
ture selection purposes, on public datasets including medical. Also, 
on 11 tumor datasets, EAR-FS can effectively select 3% of the fea-
tures by keeping the classification accuracy over 93% [29]. Medical 
imaging, another healthcare domain with large and clinical informa-
tive data generation, also relies heavily on optimized FS [30]. For 
instance, deep learning-based techniques and PCA were performed to 
reduce dimensionality while preserving essential diagnostic informa-
tion: these methods have shown clear improvement in the field of 
2 
image-based oncology allowing for example, more precise breast and 
prostate diagnosis [31,32].

Within the knee cartilage degeneration studies using MRI and CT 
scan medical images, the SinPain dataset has been demonstrated to 
be efficient in distinguish healthy and degenerative cartilages using 
radiomics data together with densitometric and geometric features 
related to bones, cartilage and muscles [33]. In specific, FS techniques 
that considered both statistical data analysis and correlation analysis 
were performed on the full cohort of 98 subjects. Two approaches were 
used: firstly, two highly correlated features were merged creating a 
single new feature, alternatively, one of the two correlated features was 
removed, basing the decision on the least significant feature according 
to statistical analysis [34]. Moreover, a ML study was conducted on 
radiomic data extracted from cartilages (on both image modalities CT 
and MRI) [35]. FS was here performed through correlation analysis, 
where features with a correlation greater than 90% were removed. The 
FS process, guided by both correlation and feature importance analyses, 
identified the texture and shape-related features as key predictors in 
distinguishing between healthy and degenerative knee cartilage classes.

FS techniques have been recently applied to predict adaptive re-
sponses during postural control tasks with the BioVRSea paradigm. The 
study employs multiple physiological signals, including Electromyo-
graphy (EMG), Electroencephalography (EEG), and Center of Pres-
sure (CoP) crucial for understanding and diagnosing balance disorders 
and neurodegenerative diseases, such as Parkinson’s disease, and for 
evaluating susceptibility to motion sickness [36,37]. Various feature 
selection (FS) methods, including filter and wrapper techniques, were 
applied to BioVRSea feature sets for classification purposes. Specifi-
cally, Center of Pressure (CoP) and EMG features were used to classify 
healthy and unhealthy lifestyles. FS filters, such as ANOVA and mutual 
information tests, highlighted CoP as the most effective signal for dis-
tinguishing between these groups [38]. Additionally, applying ANOVA 
to EEG, EMG, and CoP data achieved high accuracy in predicting 
phases of postural adaptation, underscoring the complementary roles of 
muscle activity and pressure in balance control [39]. Furthermore, EEG, 
CoP, and basic heart rate features, reduced via PCA, could distinguish 
individuals with a history of concussion from healthy controls, though 
interpretability remained limited due to PCA’s artificial output [40]. 
Heart rate features, selected through a backward elimination wrapper 
FS, effectively predicted motion sickness, with movement-phase data 
indicating a stronger symptom response and suggesting possible car-
diovascular irregularities in healthy subjects during complex postural 
tasks [41]. These studies have mainly focused on single bio-signals and 
never considered the complete set of available features, amounting to a 
dataset approximately five times the number of subjects. Each of these 
features holds potential for clinical interpretability, both individually 
and within specific sub-groups.

1.1. Goal of the present study

In healthcare applications, a significant amount of highly meaning-
ful features are continuously generated from human sources, whether 
they are derived from biosignals or medical imaging, creating a large 
availability of potential clinical important features. It is crucial to 
understand which of these features retain the most impactful clinical 
meaning trough reliable feature selection methods. This understanding 
is essential not only for machine learning applications, which rely on 
accurate and efficient models, but more importantly for clinicians who 
need to interpret these variables in their decision-making.

In this study, we propose an ensemble feature selection strategy 
grounded in sequential tree-based feature ranking (Fig.  1). We apply 
this strategy to two datasets with features extracted from both bio-
signals and medical images, using data from the BioVRSea and Sinpain 
datasets. This study introduces a feature selection workflow that aims 
to:

• identify the most significant features in medical datasets;
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Fig. 1. Workflow of the present research.
• improving the performance of predicting models;
• enhance interpretability of results in clinical contexts;
• ensure computational efficiency of feature selection.

2. Materials and methods

The novel ensemble features selection approach is applied to two 
different datasets described below: the BioVRSea, a postural control 
dataset based on biosignals features, and the SinPain database, which 
includes imaging features from knee MRI and Ct-Scan.

The BioVRSea studies involving human participants were reviewed 
and approved by the Icelandic National Bioethics Committee (Applica-
tion no: 17-183-S1). All the patients/participants provided their written 
informed consent to participate in the study. The Sinpain study was 
approved by the Icelandic Bioethics Commission (approval number: 
VSN-19-050V1). Prior to any scans, subjects provided comprehensive 
written consent, ensuring transparency and accountability. To ensure 
patient privacy, all data are anonymized and securely stored on a 
dedicated hospital server approved by the Data Protection Unit.

2.1. BioVRSea dataset

The BioVRSea project [42], firstly introduced in 2020, at the Insti-
tute of Biomedical and Neural Engineering (IBNE) at Reykjavik Univer-
sity, is an advanced research paradigm designed to study human pos-
tural control and balance behavior using virtual reality (VR) combined 
with a dynamic platform that simulates sea waves [43]. This novel 
approach aims to enhance the understanding of the neurophysiological 
processes behind balance and postural adaptation, particularly in a 
complex sensory environment that challenge stability, such as being 
on a simulated moving boat. The study employs multiple physiological 
signals, including Electromyography (EMG), Electroencephalography 
(EEG), and Center of Pressure (CoP). Therefore, the BioVrSea setup is 
a so-called multi-metric system that combines a moving platform and 
virtual reality to assess postural control with multiple biosignals, during 
a 6 phases experiment.

In the first phase (baseline), the subject views a static mountain en-
vironment while the platform remains still, and EEG and EMG record-
ings begin [36,37]. The following phases simulate the virtual experi-
ence of being on a small boat at sea starting with no platform movement 
(PRE phase - only visual waves input), then increases movement in 
three intervals of 40 s each (25%, 50%, and 75% of maximal machine 
3 
amplitude), then finish with again only visual input and no movement 
of the platform re-doing the PRE phase (POST phase). The subjects are 
instructed to balance themselves in the PRE and POST phases without 
holding on to the bar. Demographic data and the Motion Sickness Ques-
tionnaire (MSSQ) were collected before the experiment, and afterward 
to assess differences between the pre- and post-experiment phases. The 
focus was on the main motion sickness symptoms like nausea, dizziness, 
sweating, and salivation identified by Golding [44].

Approximately 500 subjects, both healthy and with diseases that 
affect normal postural control behavior, have been measured so far 
with the BioVRSea paradigm. However, the dataset of healthy subjects 
was resized to 388 based on the questionnaire and signal availabil-
ity. The classification target label for the ML models in this work, 
‘‘BioVRSea Effect Index’’, is binary and refers to all the self-assessed 
motion sickness symptoms analyzed. A subject is labeled as ‘‘sick’’ (1) 
if any symptoms increased after the experiment compared to before; 
otherwise, the label is ‘‘not sick’’ (0). Among the many categorical 
features included in the questionnaire, two are here selected as input 
features: gender and Lifestyle Index. The latter is calculated as binary 
index considering Body Mass Index, nicotine, caffeine and alcohol 
consume and physical activity frequency.

The biosignals are not analyzed raw but several features are ex-
tracted from them [37]. The EEG signals were recorded using a 64-
channel cap (sampling at 4096 Hz) and after preprocessing (including 
artifact removal and signal interpolation), power spectral density (PSD) 
was computed for each electrode and merged into 5 regions (parietal, 
occipital, frontal, temporal left, and right). Relative PSD values were 
calculated for each region in different brain bands (alpha, beta, gamma, 
delta, and theta), this resulted in 150 EEG features (5 regions × 6 phases 
× 5 bands). EMG data were recorded from 6 calf muscles, three on each 
leg. After a preprocessing with a Butterworth filter, spectral parameters 
were calculated using the discrete Fourier transform. Time-domain and 
frequency-domain features were then extracted resulting in a total of 
43. Considering all the phases, the total of the EMG features is 1548. 
CoP measurements were taken using sensors under each foot platform. 
A Savitsky-Golay filter was applied to smooth the signal during the 
preprocessing, and features were extracted based on medio-lateral and 
anteroposterior sways. A total of 175 features were calculated (35 
features × 5 phases).

In the dataset, some biosignals are missing for some subjects. This 
led to slightly different dataset sizes depending on the considered 
features: 322 samples in EEG data, 324 in COP data, 336 in EMG data, 
and only 259 complete subjects. In Table  1 is reported the training set 
composition with respect to the inspected feature subset: it is relative 
to 80% of the full dataset, but keeping the same ratio between classes 
of the original dataset.
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Table 1
BioVRSea training set composition with respect to the inspected feature subset.
 Algorithm execution BioVRSea sick BioVRSea not sick 
 EEG 209 (65%) 113 (35%)  
 EMG 221 (66%) 115 (34%)  
 COP 210 (65%) 114 (35%)  
 ALL 167 (64%) 92  (36%)  
 ALL + Gender (+Lifestyle) 166 (64%) 91  (36%)  

2.2. SinPain dataset

The RESTORE (http://restoreproject.eu/) and SINPAIN (https://
www.osteoarthritis-sinpain.eu/) projects are two EU-funded projects 
focused on studying knee cartilage degeneration. In particular, RE-
STORE goal was to develop advanced nanobiomaterials and bioprinting 
technologies for treating knee chondral lesions, while SINPAIN aims to 
develop new strategies for knee osteoarthritis (OA), which is among 
the most common joint disorders worldwide. As part of these projects, 
IBNE recruited subjects diagnosed with OA (degenerative class, ‘D’) and 
healthy volunteers (control class, ‘C’) to acquire a specific set of 275 
images. RESTORE/SINPAIN dataset includes 136 computed tomogra-
phy (CT) and 139 Magnetic Resonance Imaging (MRI) scans acquired 
at Landspitali University Hospital in Reykjavik, following standardized 
image acquisition and patient positioning protocols. Several features 
were extracted from the processing of these images, including densito-
metric and geometric features related to bones, cartilage and muscles, 
and radiomic features.

The SINPAIN dataset contains the CT and MRI of 98 subjects, for a 
total of 144 scanned legs, where 56 subjects scanned both left and right 
legs. From the MRI, femoral, lateral tibial, medial tibial, and patellar 
cartilages were manually segmented and then reported onto the CT 
through the process of image registration. All the steps in segmen-
tation, registration, and feature extraction were performed using the 
medical software MIMICS (Materialise Interactive Medical Image Con-
trol System, Materialise, Belgium). This validated workflow, described 
in details in [33,45], allows to extract radiomic, densitometric, and 
geometric features from different anatomical tissues.

The radiomic features were extracted from both the CT-scan regis-
tered cartilages and the MRI segmented ones, using the PyRadiomics 
library [46]. They include first-order statistics, shape-based features, 
texture ones (based on gray-value levels), and features derived from 
the wavelet transform of the images, creating two datasets, one for CT 
and one for MRI. The total radiomic features are 3245 from the CT 
images and 3368 from the MRI images [47]. As proposed in [35], a 
correlation analysis was performed to refine the dataset, and features 
with a correlation greater than 80% were removed, reducing the feature 
set to 420 for the CT and 581 for the MRI. Moreover, from CTs, densit-
ometric and geometric muscular and fat tissue features are extracted by 
selecting a small cylinder containing them from the axial view with the 
virtual histology technique [48,49]. The virtual histology was applied 
on eleven muscles, including the vastus medialis, intermedius and 
lateralis, the biceps femoris, the gastrocnemius lateral and the medial 
head. Then, muscular and adipose tissue were differentiated based 
on density thresholds in Hounsfield units (HU). The average density, 
standard deviation (SD), and volume of each tissue were computed, for 
a total of 66 features (3 features for each of the 2 extracted tissues of the 
eleven muscles). Finally, from the four registered cartilages, volumes, 
surfaces, and radiodensity (average and SD) were computed for a total 
of 16 cartilage features [34].

The SINPAIN data extracted for the current study come from 102 
legs with 4 classes of features:

• Cartilages: it contains the densitometric and geometric features 
extracted by the CT registered cartilages.

• Muscles: it contains the densitometric and geometric features 
from the muscle cylinder segmented on the CT.
4 
• Radiomics MRI: it contains the radiomic features extracted by the 
cartilages segmented on the MRI.

• Radiomics CT: it contains the radiomic features extracted by the 
cartilages registered on the CT.

As ML target label, people with a diagnosis of OA are considered sick 
while all the others are considered to belong to the healthy class.

2.3. Feature selection ensemble method

The proposed FS ensemble method approach presented in this study, 
which full architecture is visible in [Fig.  2] including input and output, 
is split into two main sections: a first waterfall selection block and 
a next feature merging block from which the final set of features is 
obtained. The final set of features is then the input for the classification 
models from which the evaluation metrics are computed. The inputs of 
the pipeline are the dataset itself and 50 unique seeds (∈ 𝑆, where 𝑆
is the seed set); as a matter of fact, the minimum number of seeds to 
have a good generalization is 20 as demonstrated by Colas et al. [50].

To prevent bias in seed selection, each seed was generated using 
a random number generator initialized with a unique seed, simulating 
the randomness of unfixed execution. As stated before, the number of 
seeds has been selected to guarantee a good generalization and avoid 
effects from seed distribution.

The dataset is split into two subsets namely the 80% training set 
and the 20% test set. The employment of a fixed seed value for 
the split guarantees the repeatability and the reliability of the entire 
experimentation process. Moreover to maintain identical class ratios in 
training and test set and to avoid an arbitrary division of the dataset 
we applied a stratification splitting technique.

Before providing the data to the pipeline, we performed a scaling 
procedure using the Z-score normalization [51], where 𝑥 is the feature, 
𝜇 is the training set mean value and 𝜎 is the training set SD (see Eq.  (1)). 
Z-score normalization is a well-known technique used to transform the 
features to have the properties of a standard normal distribution with a 
mean of 0 and an SD of 1. Z-score normalization is typically associated 
with normally distributed data, but it can be calculated for non-normal 
distributions in the same way. However, the interpretation can be 
more challenging because the percentiles derived from the scores may 
not correspond to standard normal probabilities. Besides, the use of 
normalization in the scope of this work is to boost the convergence and 
performance of AI models, and not give probabilistic interpretations of 
the normalized features, so this is a neglectable drawback. 
𝑧 =

𝑥 − 𝜇
𝜎

(1)

The scaling algorithm’s parameters (means and SDs) have been cal-
culated based on the training set, and then used to scale the test set 
without re-calculation, in order to allow a test for generalizability.

2.3.1. Section 1: Waterfall selection
The novel waterfall features selection section can be considered the 

core of the methodology proposed.
Its structure, inspired by software deployment waterfall model [52], 

is composed of two parts, composing the waterfall, and they are called
feature selection A and feature selection B. This approach aims to per-
form both exploration (with FS A) and exploitation (with FS B) of 
the searching space [Fig.  3], and retrieving both outputs at the end 
of the process. The selected ML algorithm is the Gradient Boosting 
(GB) [53]; it builds weak classifiers sequentially, preferably trees. Each 
weak classifier learns from the residual errors of its predecessors, and 
each tree’s predictions are weighted based on their accuracy. Usually, 
tree-based models are the most explainable and preferable for clinical 
applications. Moreover, it has been considered that Recursive feature 
elimination based on GB between the most effective one in healthcare 
data [54].

http://restoreproject.eu/
https://www.osteoarthritis-sinpain.eu/
https://www.osteoarthritis-sinpain.eu/
https://www.osteoarthritis-sinpain.eu/
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Fig. 2. System’s General Architecture.
FS A consists of a basic selection of the most significant features 
from the GB model and the output set is called 𝐹𝐴. This first method 
aims to select a subset of features from the dataset, focusing on the 
most contributing ones in the prediction process. The selection is 
performed on the trained model, and the importance of each feature 
concerning the target variable is evaluated on both the performance 
and the prediction error. Using a threshold for the parameter selection 
is common practice because by introducing a regularization factor, the 
computational resources can focus on the most relevant features. This 
model simplification leads to faster training, improved performance, 
and reduced risk of overfitting [55]. Indeed, in this work, an L1 
(LASSO) penalty [56] is used with the corresponding threshold of 10−5. 
All the features below this threshold are discarded, obtaining a virtual 
filter, and to do so, it adds a penalty term proportional to the absolute 
values of the coefficient of features.

The FS B is a Backward Sequential FS, on a reduced version of the 
dataset comprehensive of only the significant features included in the 
FS A. The set of features obtained from this process is called 𝐹𝐵 .

The backward FS is a greedy algorithm that works stepwise and 
operates systematically to identify the most significant features. It has 
been proven to be effective with datasets with an unbalanced sample 
number versus features [57]. The sequential FS process starts with 
constructing a predictive model using all the available features in the 
dataset, which will be used as a baseline for successive iterations. In 
this case, the model’s effectiveness is evaluated based on its accuracy. 
Still, any other metric can be chosen to evaluate how well the model 
predicts the target variable.

The backward selection is done so that reducing the number of 
features should not decrease by more than 1% at a time. This is because 
variations of such a small scale are not very significant with respect 
to the relevance of the extrapolation of fewer features. However, the 
Backwards FS is a time-consuming algorithm, so to avoid using too 
many computational resources to perform a backward passage, the 
maximum number of features obtainable from the first FS is fixed to 
50. It is not a dynamic threshold depending on the number of features, 
still, we have found that it can be a good trade-off between accuracy, 
computational time, clinician relevance, and a few features that a 
human can consider at a glance.

The FS A is performed on the entire input training set, while the FS B 
is performed with 5-fold cross-validation (CV), because FS A is intended 
as a rough exploration and FS B is an exploitation of the space [58,59]. 
Considering each seed 𝑛 ∈ 𝑆, where 𝑆 is the seed set, the FS A output 
𝐹𝐴(𝑛) is a list of features and their weights in the model. Instead, FS 
B receives 𝐹𝐴(𝑛) as input and retrieves an unordered list of features 
as output, 𝐹𝐵(𝑛). Considering all the sets, ∀𝑛 ∈ 𝑆, we can derive the 
supersets 𝐹𝐴 and 𝐹𝐵 , containing every algorithm execution.

In Pseudocode 1 a high level description of the novel waterfall 
selection is provided.

2.3.2. Section 2: Feature merging
The pipeline is executed 50 times, with each random generator set 

to the same unique fixed seed for every iteration. Thus each iteration 
can produce a different set of results. This led to the necessity of 
merging them as homologous sets [Fig.  4].
5 
Pseudocode 1 Waterfall selection
function waterfall(n_seeds, dataset)
 𝑖 ← 𝑛_𝑠𝑒𝑒𝑑𝑠
 while 𝑖 ≠ 0 do
 train(GB, dataset)
 importances ← Compute_Feature_importances(GB)
 𝐹𝐴𝑖

← Sort(importances by importance descending, limit
max_feat_number)
 𝐹𝐵𝑖

←BackwardFeatureSelection(GB, dataset, 𝐹𝐴𝑖
)

 𝑛_𝑠𝑒𝑒𝑑𝑠 ← 𝑛_𝑠𝑒𝑒𝑑𝑠 − 1
 end while
 𝐹𝐴 ← union_all(𝐹𝐴𝑖

 for each i)
 𝐹𝐵 ← union_all(𝐹𝐵𝑖

 for each i)
end function

Fig. 3. Waterfall Selection section of the algorithm.

The final 𝐹𝑅 set is obtained by ranking the features 𝐹𝐴 according 
to the number of executions they have been considered important 
and taking the 75 quartiles of the set. We can call this the repetition
method because it ranks the features based on how many times they 
are repeated among the 50 executions.

The 𝐹𝑃  set is formed by collecting all the features that were found 
to be useful at any different iteration by FS B, 𝐹𝐵 . This is referred to 
as the performance method because it is based on the assumption of not 
losing performances during the greedy reduction.

The 𝐹𝑊  set is determined by evaluating the features 𝐹𝐴 according 
to the sum of their weights during the 50 executions. These features are 
then ranked according to this sum, and next, the top 75% are included 
in the set.

When merging, the final set 𝐹  appears as the set of the common 
features to 𝐹𝑅, 𝐹𝑃 , and 𝐹𝑊 , namely repetition, performance, and 
weighted sets.

We selected the threshold 75% to enable further FS while ensuring 
that essential features are not eliminated. After some iterations, we 
selected it as a trade-off between feature amount and overfitting. The 
workflow of how the merging works is descripted in Pseudocode 2.

2.3.3. Classification algorithms
The algorithm was validated on two distinct datasets (BioVRSea 

and SINPAIN), addressing different classification targets(self-reported 
score and disease assessment). In BioVRSea tests, the pipeline has been 
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Pseudocode 2 Feature merging
FRsubset ← Sort( 𝐹𝐴 by repetition_num descending)
𝐹𝑅 ← filter( FRsubset ≥ percentile(FRsubset.importance, 75))
FWsubset ← Sort( 𝐹𝐴 by weigths descending)
𝐹𝑊 ← filter( FWsubset ≥ percentile(FWsubset.weights, 75))
𝐹𝑃 ← 𝐹𝐵
for all feature in features do
 if feature ∈ 𝐹𝑅, 𝐹𝑊 , 𝐹𝑃  then

append feature to final_set
 end if
end for

Fig. 4. Merging section of the algorithm.

executed separately on each biosignal analyzed (EMG, COP, and EEG) 
and their ensemble in the BioVrSea effect classification. In SINPAIN 
tests, the pipeline has been executed separately for each feature cat-
egory (cartilages, muscles, radiomics CT and radiomics MRI) and their 
ensemble for OA classification. In both cases, the goal is to understand 
if the pipeline is more effective on homogeneous features or if it can 
be data-agnostic, keeping the same performances.

Moreover, both an SVM model and a Random Forest (RF) model are 
trained on the original feature sets and the reduced ones 𝐹  to compare 
performances [Fig.  5]. The choice of these algorithms tries to span 
among different ‘‘explainable’’ architectures to test the effectiveness of 
FS.

RF algorithm [60] belongs to the ensemble learning category. It 
searches for the best-selecting features among a randomly selected 
subgroup of features and it builds multiple decision trees. Each tree 
gives its prediction to obtain the predicted class or value, and a majority 
vote selects the final class.

The Support Vector Machine (SVM) [61] tries to find the best 
hyperplane separating two classes by maximizing the distance between 
the hyperplane and the nearest data points. To handle non-linear deci-
sions, SVM uses a method known as the kernel trick, which transforms 
the input features into a higher dimensional space using functions 
like polynomial or Radial Basis Function (RBF) kernels. Since SVM is 
sensitive to the choice of the kernel function, we selected the RBF, 
shaped like a Gaussian, thanks to its property of dataset dimension 
invariance [62].

Sometimes, the use of categorical features when building the model 
can worsen the models’ performances, the so-called absent level [63]; 
thus, in both cases, the pipeline has been tested with and without cate-
gorical features in order to evaluate FS capabilities. The performances 
have been evaluated in CV on 5-folds.

2.3.4. Evaluation metrics
The metric considered for the classification evaluation is the F1 

score. It represents the harmonic mean of precision and recall [64], 
providing a balanced measure between the two. Precision (P) is defined 
as the ratio of true positives (TP) to the sum of true positives and false 
positives (FP), while recall (R), also known as sensitivity, is the ratio 
of true positives to the sum of true positives and false negatives (FN). 
F1 score is particularly important in our case due to class imbalance 
6 
Fig. 5. Classification models.

Table 2
Feature number reduction in BioVRSea and SINPAIN datasets.
 Algorithm execution Starting features Selected features 
 BioVRSea effect EEG 150 86  (57%)  
 BioVRSea effect EMG 1548 357 (23%)  
 BioVRSea effect COP 175 97  (55%)  
 BioVRSea effect ALL 1873 433 (23%)  
 BioVRSea effect ALL + Gender 1873 437 (23%)  
 BioVRSea effect ALL + Gender + Lifestyle 1875 439 (23%)  
 SINPAIN cartilages 16 8  (50%)  
 SINPAIN muscles 66 32  (48%)  
 SINPAIN radiomics MRI 581 237 (41%)  
 SINPAIN radiomics CT 420 150 (36%)  
 SINPAIN complete 1082 341 (32%)  

in both datasets. Metrics such as accuracy can be misleading in imbal-
anced settings, as they may be overly influenced by the majority class. 
The use of precision and recall allows the analysis of performances on 
each classes, and F1 score has the ability of combine the two in only one 
metric easier to compare. The F1 score can be calculated using Eq.  (2), 
which ranges from 0 to 1, where a score of 1 indicates perfect precision 
and recall. This metric is particularly useful when class distributions are 
imbalanced and accuracy alone may be misleading. 

𝐹1 = 2 × 𝑃 × 𝑅
𝑃 + 𝑅

= 2 × 𝑇𝑃
2 × 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

(2)

Thus the evaluated metrics are accuracy (ratio of correctly classified 
samples), precision, recall, and F1 score as defined by Hicks et al. [64] 
for medical AI applications. While we also computed other metrics 
(e.g., precision, recall, and accuracy), we prioritized the F1 score in 
this workfor its ability to reflect the trade-off between false positives 
and false negatives, which is critical in clinical applications. All other 
evaluation metrics can be found in the Supplementary Materials.

3. Results

SVM and RF models are trained in CV on the original datasets 
and the reduced datasets obtained from the proposed FS process. The 
BioVRSea dataset consists of 1875 features, primarily comprising EMG 
signals, EEG data, and COP measurements, which are represented in 
similar quantities. In contrast, the dataset includes only two categorical 
features, making them the least represented (Table  2). The gender and
lifestyle categorical features allowed us to carry out two different tests, 
with only one and with both, and check how well the algorithm can 
deal with them. In the SINPAIN dataset, the features are 1082: the 
most present feature group is the radiomics, mainly from MRI images, 
completely overshadowing the other categories composed of only 66 
and 16 features.

The performances reported in Tables  3 and 5 are not directly 
derived from the FS approach. ‘‘Before feature selection’’ refers to 
the model’s performance when trained on the original dataset, which 



I. Maruotto et al. Computers in Biology and Medicine 196 (2025) 110812 
Table 3
CV (k = 5) f1-score, before and after feature selection with the BioVRSea dataset.
 Feature set RF SVM

 Full set Final set Full set Final set  
 EEG 0.75 ± 0.03 0.78 ± 0.01 0.74 ± 0.03 0.79 ± 0.01 
 EMG 0.76 ± 0.02 0.78 ± 0.03 0.78 ± 0.03 0.79 ± 0.01 
 COP 0.74 ± 0.03 0.78 ± 0.01 0.73 ± 0.03 0.78 ± 0.01 
 ALL 0.76 ± 0.03 0.77 ± 0.02 0.78 ± 0.03 0.79 ± 0.01 
 ALL + Gender 0.75 ± 0.04 0.79 ± 0.02 0.78 ± 0.02 0.78 ± 0.01 
 ALL + Gender + Lifestyle 0.75 ± 0.04 0.78 ± 0.02 0.78 ± 0.02 0.79 ± 0.01 

Table 4
Test f1-score after feature selection with BioVRSea dataset.
 Feature set RF SVM 
 EEG 0.79 0.78 
 EMG 0.80 0.79 
 COP 0.70 0.78 
 ALL 0.76 0.77 
 ALL + Gender 0.80 0.79 
 ALL + Gender + Lifestyle 0.80 0.79 

includes all the features. ‘‘After feature selection’’ refers to the model’s 
performance when trained on the reduced dataset, which contains only 
the features chosen by the FS process. The performances of the two 
models are F1 scores on a 5-fold CV, and we consider them as mean and 
SD. These results can be analyzed alongside the test set performances on 
unseen data. Finally, in the Supplementary material, Table S13 reports 
the minimum, maximum and average execution time per seed, as it 
highly depends on the convergence speed and number of iterations 
from FS B.

3.1. BioVRSea

As stated before, the FS was performed independently on EMG, 
EEG, and COP features. Moreover, the FS has been performed on a 
comprehensive dataset of all biosignals together with single categorical 
features. Table  1 shows how much the different executions may differ 
in dataset size. Besides, the different signals are actually quite different 
from each other, indeed, from a ML point of view, they have in common 
only the fact of being recorded simultaneously and the same target 
variable.

The EEG training set comprised 113 subjects who did not experience 
the influence of the experiment and 209 who did. EEG features are 
originally 150, and the FS extracted 86, corresponding to 57%. In this 
case, the number of features is lower than the dataset size, and the 
performances did not change when the feature set was reduced, so in 
this case fewer features do not lead to loss of information.

The EMG training set comprised 115 subjects not influenced by 
the experiment, and 221 were influenced. This reduction is the most 
effective, from 1548 features to only 357, corresponding to 23% of the 
original dataset.

The COP training set was made of 114 subjects who did not suffer, 
whereas 210 suffered from the experiment. Starting from 175 features, 
the algorithm extracted only 97 of them, the 55%.

The developed algorithm is not restricted to homogeneous data and 
can be applied to heterogeneous data as a unified dataset. Thus, the 
performances are evaluated on the complete dataset of every biosignal, 
obtaining a reduction from 1873 to 433 (23%), where the dataset is 
composed of 167 people who had symptoms and 92 who had not. 
The cross validation results are reported in Table  3, while the test set 
results are shown in Table  4. The feature set 𝐹  is composed of 73.9% of 
features from EMG set, 14.3% from CoP set and 11.8% from EEG and 
the phases are equally represented.

When adding a categorical feature, the Gender, it changes the com-
position of the final dataset even though in the selected features it is not 
included. The EMG features rise to 74.4%, the EEG and COP are equally 
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Table 5
CV (k = 5) f1-score, before and after feature selection with the SINPAIN dataset.
 Feature set RF SVM

 Full set Final set Full set Final set  
 Cartilages 0.67 ± 0.13 0.73 ± 0.08 0.66 ± 0.12 0.80 ± 0.07 
 Muscles 0.62 ± 0.15 0.65 ± 0.12 0.58 ± 0.10 0.67 ± 0.11 
 Radiomics MRI 0.75 ± 0.19 0.83 ± 0.11 0.85 ± 0.08 0.92 ± 0.06 
 Radiomics CT 0.75 ± 0.16 0.81 ± 0.10 0.75 ± 0.17 0.86 ± 0.07 
 Complete 0.79 ± 0.14 0.82 ± 0.11 0.86 ± 0.12 0.94 ± 0.07 

Table 6
Test f1-score after feature selection with the SINPAIN dataset.
 Feature set RF SVM 
 Cartilages 0.83 0.81 
 Muscles 0.79 0.70 
 Radiomics MRI 0.95 0.95 
 Radiomics CT 0.88 0.90 
 Complete 0.82 0.94 

present with 12.8%. When adding the second categorical feature, the 
features’ group importance equal the execution without the categorical 
feature. Although the number of features selected and their overall 
composition do not change a lot, inspecting the selected features, they 
highly differ from the selection without categorical features.

Supplementary material, Tables S1, S2, and S3 report CV accuracy, 
precision, and recall on the BioVrSea dataset. Tables S7, S8, and S9 
show test set accuracy, precision, and recall on the BioVrSea dataset.

3.2. SINPAIN

The pipeline has been fed by a total of 102 samples, 41 belonging to 
the positive class and 61 to the negative one. The positive class refers 
to people diagnosed with OA. One positive sample is missing in the 
radiomics CT dataset, leading to the training of 60 samples from the 
healthy class and 41 degenerate in the complete dataset. However, the 
ratio between classes is kept, and this difference can be neglected.

As done before, the performances are evaluated in CV (see Table  5) 
and on the test set (see Table  6).

Considering the complete dataset, the final composition of the 
dataset is 52.2% from radiological MRI features, 38.4% CT features, 
and 7.9% from muscle features, 1.5% cartilage features. Corresponding 
to 178 MRI features, 131 CT, 27 muscle, and 5 cartilage ones.

Tables S4, S5, and S6 in the Supplementary material report CV 
accuracy, precision, and recall on the SINPAIN dataset. Tables S10, S11, 
and S12 show test set accuracy, precision, and recall on the SINPAIN 
dataset.

4. Discussion

The objective of the work is to reduce the feature number for clinical 
evaluations. BioVrSea dataset is a collection of features extracted from 
biosignals, SINPAIN dataset is a collection of features extracted from 
images. Considering these characteristics, they are deeply different, but 
they share the fact that they are dealing with health-related data and 
fit into the scope of this work.

FS is considered effective when it identifies the most informative 
features that provide the most relevant data for the task. In ML terms, 
this means selecting the smallest possible feature subset that still allows 
the model to achieve accurate classification. In other words, the goal 
is to retain only the essential features that contribute significantly to 
the model’s performance while discarding any that do not add value 
or could even introduce noise. AI-driven approaches can also focus 
on important characteristics that physicians would otherwise neglect 
because of the high amount of information that can be misleading 
for diagnosis. On the one hand, in postural control analysis, FS is 
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important in order to finally reach clinical integration. On the other, in 
the SINPAIN dataset, the amount of information that can be extracted 
from an image sometimes complicates creating a metric system for 
clinical assessment of cartilage.

After FS, AI algorithms’ performance may worsen. Still, it is ne-
glectable with respect to the reduction amount, which is at least 43% 
in our tests, as shown in Table  2. However, this possibility never arises 
in this work because, as Table  3 and Table  5 show, the performances 
never worsen after FS; they increase or remain unchanged. Even with 
the least effective network, the OA classification using muscles is 
close to random when using the SVM model. However, after FS, the 
performance improves from 58% to 67%, while maintaining the same 
SD. The strong results in CV may indicate overfitting, even though the 
goal of reducing features is to mitigate its risk. So, we can look at the 
test set performance, to obtain a more objective measure on unseen 
data.

For the BioVRSea dataset, the test set results are similar to the CV 
results, which suggests good generalization and provides insight into 
the sparsity of the results. In contrast, for the SINPAIN dataset, the test 
performances exceed those of the CV. This could be due to the smaller 
size of the dataset, which may lead to more variable results across folds 
(high standard deviation) and less reliable generalization.

Due to their intrinsic differences in model structure and learning 
mechanisms, RF and SVM can exhibit varying performance on the same 
data, with RF benefiting from its ensemble approach and ability to 
handle non-linearities. In contrast, SVM’s performance is more sensitive 
to data distribution and the choice of kernel. These differences highlight 
that FS remains effective regardless of the chosen algorithm, as RF and 
SVM perform well on both SINPAIN and BioVRSea datasets. In fact, the 
results on the BioVRSea dataset (Table  4) are quite comparable between 
the models, likely due to the complexity of the classification task, 
where both algorithms can effectively capture relationships between 
features. However, in the case of COP data, SVM outperforms RF 
by capturing feature relationships more effectively. Considering the 
SINPAIN classification results, Table  6, the RF OA classification with 
muscle features is more effective than SVM. A possible explanation is 
the fact that the data are not easily separable by the SVM algorithm 
because of their spatial distribution. This effect is also present when 
using the complete subset of features, as it includes muscle information.

The aforementioned absent level problem [63] should head to-
wards a decrease in performance when adding the categorical features. 
The analysis of the BioVRSea dataset shows the impact of categorical 
features, in RF and SVM classifications. Initially, the introduction of 
the categorical feature gender led to decreased performance in RF 
[Table  3], which aligns with the aforementioned absent level problem. 
When a second categorical feature, the lifestyle index, was added, 
the performance metric did not change when compared to the only
gender one. The differences observed between the various executions 
of the algorithm with and without categorical features are quite small, 
although there were only a few of them. These differences can lead to 
further investigation, but they fall outside the scope of this discussion. 
Despite these minor dissimilarities, the overall results are robust and 
not significantly affected by the presence of categorical features in the 
dataset.

The goal of the approach is not only to have an effective FS 
algorithm but also to be as scalable and modular as possible. Indeed, 
the selected algorithm has been considered the most suitable for our 
case, as discussed before, but it could not be the same when dealing 
with different data structures. For example, the merging threshold of 
75% is one of the tunable parameters. Future work will include an 
analysis to explore the impact of different threshold values on models’ 
performance.

Analyzing the BioVRSea performances and reduction, the dataset 
containing all the features, including the categoricals, is unbalanced 
with a ratio of 1875 features to 257 subjects, over 7:1. This imbalance 
can lead to overfitting and stall model performance. However, after 
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applying FS, the ratio is reduced significantly, to 439 features against 
the same number of subjects. Moreover, the performances increased in 
both RF and SVM without impacting the SD in CV; on the contrary, 
they decreased. Instead, in terms of biosignal, the final feature set 
composition complies with the original one; and, in this regard, it 
is worth noting that when feeding the algorithm with features, they 
are all equals; it has no clue of their origins. The majority of the 
final set is composed of muscle features, and the performances of the 
full dataset is similar to the EMG one. However, being the postural 
control task a difficult one, from these results we cannot conclude that 
the EMG signals are enough to characterize the phenomenon, indeed 
the EEG and COP features can classify the effect of the BioVRSea as 
well, as the results confirm. Moreover, in the final set, they did not 
show EMG dominance over the other features, for example, by an 
increase in percentage. Although it is not possible to precisely compare 
with the results of [41] because of the different metric and biosignal 
composition, the accuracy using RF is 74.7%, instead in this work RF 
performance metric after the FS is never reported to be under 77%.

Analyzing the SINPAIN performances and reduction, the dataset 
containing all the features is unbalanced with a ratio of 1082 features to 
102 samples, over 10:1 ; after the FS, the ratio has decreased to 341 to 
102, over 3:1. Also in this case, the performances have increased after 
the FS with an SVM peak performance on the test set of 94% in Table  5. 
The SD decreased as well, having more accurate ML models. Again, in 
terms of biosignals percentage, the final set composition complies with 
the original one. Although, the final set 𝐹  of the complete dataset, is 
composed of fewer features from each feature category when compared 
with the homogeneous FS. For instance, the MRI features extracted 
when focusing on them are 237, whilst the number of MRI features 
extracted using the complete one are only 178. This may be because 
of emerging properties when in the presence of a composition of 
different features, leading to the need for less data to represent the same 
information.

The SINPAIN dataset allows us to test the algorithm’s capability to 
extract the best feature set using a limited number of features. The 
starting number of cartilage features is only 16, and the algorithm 
selects half of it. Not only does it reduce the number of features, but the 
selected ones significantly improve the performances of RF and SVM 
in CV, both in the considered metric and SD. It is unlikely that this 
behavior is due to overfitting, and the test set’s performance confirms 
this.

In [35] the authors performed a FS by extracting the top 50 fea-
tures from different models. Considering OA classification on MRI, 
the reported F1 score in RF in 10-fold CV is 87.90% ± 6.10 and with 
SVM 95.54% ± 4.35. Their higher score can be because of the tuning 
of hyperparameters, which fall outside the scope of this work. Indeed, 
the ensemble FS algorithm is not tuned on any particular dataset, in 
fact, its objective is to provide an ensemble FS approach. Moreover, the 
classification models included are only meant to explore whether the 
reduced features can enhance the ability of AI to distinguish between 
categories, rather than being already clinically applicable.

In [34] the authors extracted 8 cartilage features from the original 
16 and obtained 0.81%± 0.03 performance metric with SVM and linear 
kernel. Our approach also reduces the number of features to 8 reaching 
0.80%±0.07 performance metric. The comparable results show that the 
selected features contain enough information to be able to classify OA 
comparably to a custom feature extraction method.

4.1. Limitation and strength

This study presents both strengths and limitations, acknowledg-
ing challenges that may affect the algorithm’s effectiveness and its 
generalizability.

The selected scaling, the Z-score normalization, allows the preser-
vation of the relationship between the variables, ensuring that every 
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feature has the same distribution, avoids domination, and is less af-
fected by the presence of outliers [65]. The drawback is that when 
dealing with non-normal variables, the standard deviation is not a 
meaningful parameter, and the scaling is ineffective. However, the cho-
sen FS algorithm is scale insensitive, nullifying the scaling drawback. 
But it is not useless because, in gradient-based algorithms, scaling can 
improve algorithm convergence speed, especially in high dimensional 
spaces [66]. One of the algorithm’s main characteristics is using dif-
ferent seeds when dealing with random choices, leading to a sort of 
independence from the seed and allowing perfect replicability. How-
ever, they are fixed, and changing them can probably impact the 
selected features. To overcome this drawback, the number of iterations 
of the algorithm is set to 50, which has been considered a good tradeoff 
between time and performance, keeping the goal of generalization [50]. 
The number of seeds might be considered to the main limitation of the 
study. In the algorithm presented, the maximum number of features 
that can theoretically be selected is less than 2500. From FS A, the 
feature number is capped at 50; these features are then used as a 
training set for FS B. Considering the extreme case in which FS B is 
selecting all of them from this iteration, we extract 50 features. This 
process is repeated for each seed, so 50 times. The extreme case is 
when each iteration selects a different feature set of 50 features, leading 
to 2500. The actual number is less than 2500 because of the 75% 
quartile selection on 𝐹𝑅 and 𝐹𝑊 . However, this threshold does not 
impact the presented results as the largest input dataset contains only 
1875 features. For larger datasets, increasing the number of seeds or 
the maximum number of selectable features could be considered. The 
opposite extreme case is when 𝐹𝑝 is a disjoint set from 𝐹𝑤 and 𝐹𝑅, 
which is a really rare case because it may be possible only because 
of different ranking and quartile selection. However, the dataset is 
composed of biomedical data, and the sets are extracted with the 
same classification target; in such cases, tuning the parameters and 
inspecting the sets can give insights into feature importance for further 
clinical considerations. It is important to notice that the purpose of this 
algorithm is not to provide a monolithic FS approach but to be scalable 
to fit to the healthcare data analysis. In the future, it may be worth 
further exploration of the behavior of the algorithm when changing the 
number of seeds; intuitively, increasing the number of seeds could lead 
to a more accurate selection in a bigger multidimensional space.

Scalability is a key property of modern FS algorithms, and the pro-
posed one is flexible on several points. First is the selection algorithm, 
where users can choose from different FS strategies based on their needs 
and the nature of the dataset. Additionally, the number of seeds can 
be tuned for the robustness and diversity of feature subsets selected 
during the process. Moreover, changing the regularization strategy 
allows model complexity control and can prevent overfitting. Instead, 
changing the percentile threshold or merging criteria can lead to dif-
ferent final datasets. The diverse customizations also include changing 
the maximum number of features allowed and RFE criteria. The results 
of our feature selection and classification framework have practical 
value in clinical decision support, as they help reduce the complexity of 
data analysis while preserving diagnostic performance. This can assist 
clinicians and researchers in focusing on the most relevant features, 
leading to more efficient resource allocation, reduced diagnostic time, 
and potentially more interpretable ML models in real-world healthcare 
settings.

4.2. Conclusions

The multimetric nature and complex dimensionality of modern 
healthcare datasets often affect the performances of artificial intelli-
gence tools for clinical evaluation. The proposed ensemble FS method 
has proved to be able to effectively reduce features in two datasets, 
postural control BioVRSea and knee OA cartilage study SINPAIN, com-
posed respectively of a large number of features extracted from biosig-
nals and medical images. Moreover, using ML models, the reduced 
feature sets increase the F1 score without compromising the SD when 
evaluated in CV, allowing customization to different scenarios and 
datasets, relying on the algorithm’s scalability. These aspects are es-
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sential for extracting health-relevant features for better clinical inter-
pretation and development of possible future treatments, indicating its 
potential as a generalizable tool in healthcare studies.
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