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Abstract

Long COVID is a multi-systemic disease characterized by the persistence or occurrence of many symptoms

that in many cases affect the pulmonary system. These, in turn, may deteriorate the patient’s quality of life making

it easier to develop severe complications. Being able to predict this syndrome is therefore important as this enables
early treatment. In this work, we investigated three machine learning approaches that use clinical data collected

at the time of hospitalization to this goal. The first works with all the descriptors feeding a traditional shallow learner,
the second exploits the benefits of an ensemble of classifiers, and the third is driven by the intrinsic multimodality
of the data so that different models learn complementary information. The experiments on a new cohort of data
from 152 patients show that it is possible to predict pulmonary Long Covid sequelae with an accuracy of up to 94%.
As a further contribution, this work also publicly discloses the related data repository to foster research in this field.
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Introduction

Since the first clinical evidence in 2019, the coronavirus
disease (COVID-19) has globally affected more than 765
million people and caused nearly 7 million deaths [1, 2].
After almost four years it is still spreading worldwide
and, due to its novelty, much about the clinical course
remains uncertain [3]. This also applies to its long-term
manifestation, which is called Long-COVID or Post-
COVID syndrome. Long COVID is a multi-systemic dis-
ease characterized by the persistence or occurrence of a
wide range of symptoms of varying intensity, regardless
of the severity of the original illness caused by SARS-
CoV-2 infection. Due to the lack of a common definition,
the WHO advocated adopting the term Post-COVID-19
listed in the ICD-10 classification based on the Delphi
agreement [4]. Variable manifestations are experienced
by patients with this syndrome, including fatigue, mus-
cle soreness, palpitations, cognitive impairment, anxi-
ety, arthralgia, and pulmonary symptoms [5]. Pulmonary
post-COVID syndrome is clinically characterized by
shortness of breath, even with minimal physical exer-
tion, that can be accompanied by a decreased exercise
tolerance, persistent dry or productive cough that lasts
beyond the acute phase of the illness, bronchial hyper-
reactivity, with episodes of wheezing, chest tightness, and
difficulty breathing [6]. Moreover, pulmonary fibrosis has
been described as a possible complication of COVID-19
infection, with a long-term impact on patients’ respira-
tory health, with reduced lung function and impaired
oxygen exchange [7]. Post-COVID syndrome is not nec-
essarily related to the severity of COVID-19 [8], and it is
estimated that more than 17 million people are suffer-
ing from it [9]. In this context, being able to predict its
development is a very ambitious challenge [10] because
early treatment of the disease might reduce its impact
on affected patients [11]. Nevertheless, the widespread
uncertainty about the clinical utility and dosimetric
appropriateness of radiological follow-up of the evolu-
tion of lung involvement by COVID-19, subject to the
diffuse practice of performing chest X-rays or CT scans
immediately preceding hospital discharge, has resulted in
a scarce availability of extensive imaging case histories in
patients recovered from COVID-19 disease or in patients
with post-COVID syndrome [12]. There is therefore a
need for effective and reliable approaches to predict syn-
drome evolution in its early stages.

Artificial Intelligence (AI) applications in medicine
are widely spread among all possible fields of applica-
tions, ranging from medical image analysis to inspection
of patients’ clinical data for diagnosis purposes [13]. In
particular, a huge number of publications appeared on
the COVID-19 outbreak [14, 15], where the vast major-
ity of works focused on the diagnosis of the COVID-19
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outcome mostly starting from radiological images, such
as chest X-ray images or chest CT scans, using deep-
learning methods [16]. In several other papers, other
machine-learning algorithms, such as Decision Trees,
Random Forests and Logistic Regression showed their
usefulness for prediction purposes on clinical and labo-
ratory data. However, only a few studies investigated Al
applications predicting Long-COVID syndrome [17-22].
In [17] the authors focuse on developing machine learn-
ing models to predict the incidence of Long COVID
using electronic health record (EHR) data collected
from the National COVID Cohort Collaborative (N3C),
addressing the challenge training two machine learn-
ing models, namely logistic regression (LR) and ran-
dom forest (RF), using several features from EHR data,
including symptoms experienced during acute infection,
medications administered, demographic information,
and pre-existing health conditions. Labeling and analys-
ing a cohort of more than 2000000 individuals as having
Long COVID based on the U09.9 ICD10-CM code, they
found a promising result of LR and RF models achieving
median AUC values of 0.76 and 0.75 respectively. Finally,
they used SHapley Additive exPlanations methods to
help underscore various important predictive features.
Tang C.Y. et al,, in their work [18] focused on the devel-
opment predictive models to assess multiple outcomes
associated with COVID-19 as intensive care unit (ICU)
admission, hospitalization, and the risk of Long COVID.
They utilised a retrospective cross-sectional study, ana-
lysing data from 4,450 individuals who tested positive
for SARS-CoV-2 collected over 2 years, and including
disease courses, urban-rural classifications, demographic
data, and clinical histories. The study aimed to cre-
ate personalized risk assessment models that can pre-
dict clinical outcomes and forecast hospitalization, ICU
admission, and Long COVID. They demonstrated the
capability to identify patients at higher risk for adverse
outcomes associated with COVID-19. The authors in [19]
also integrated physiological and neurological factors and
utilised advanced machine learning methods to investi-
gate the health complications experienced by individu-
als after they recovered from COVID-19. The study was
addressed by collecting survey data from COVID-19
recovered patients in Bangladesh, focusing on determin-
ing which factors most significantly impact post-COVID
health outcome by using several machine learning algo-
rithms. The study identified 17 key physiological and
neurological health factors and the Decision Tree model
was highlighted as particularly effective, also evaluating
the statistical robustness validating the results using Chi-
square tests and Pearson’s coefficient methods. In [20] the
authors presented a machine-learning approach based
on XGBoost models, to highlight different risk factors
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that appear to be most significant in predicting whether
a COVID-positive person will go on to develop the long
COVID syndrome. Risk factors such as chronic illnesses
like diabetes, chronic kidney disease, and chronic pul-
monary disease, were included, as well as non-respira-
tory symptoms like sleep disturbances, chest pain, and
malaise after the acute COVID infection has subsided.
The approach was tested on a private dataset account-
ing for 946 patients, and the best-developed model
obtained an AUROC value of 0.92. Kessler et al. [21]
used a gradient-boosting classifier (LGBM) instead. The
model was trained on 272588 patients from a private
dataset, 5440 of whom had a long COVID diagnosis.
Age, sex, and the complete history of diagnoses and pre-
scription data before COVID-19 infection were used as
training features. On the test set the model scored 0.84
as AUC. Other authors in [22] applied random forest and
LASSO models on data from a private dataset including
4182 patients, 558 of whom reported long COVID symp-
toms. Both models scored an AUC of 0.77. Furthermore,
in [23] the authors presented a large dataset assessing
the risk factors for long-term physical and psychoso-
cial health consequences following COVID-19 diagno-
sis. Data were collected through direct observation and/
or reviewing and extracting electronic health records or
patient registries, and follow-up data were gathered using
self-administered questionnaires. In the same direction,
the National Institute for Health and Care Excellence,
the Scottish Intercollegiate Guidelines Network, and
the Royal College of General Practitioners have recently
developed a guideline with a living approach, i.e. subject
to periodic updates, to provide recommendations on the
treatment of post-COVID syndrome [24].

On these grounds, this study investigates three Al-
based approaches to predict the development of lung
alteration on CT during long COVID syndrome, using
clinical and laboratory data collected at the time of hos-
pitalization. This may help in selecting patient with long
COVID syndrome that deserve a closer radiologic sur-
veillance. The first approach is based on shallow machine
learning classifiers, the second works with an ensemble
of classifiers, and the third makes use of classifier selec-
tion driven by a-priori medical knowledge of the type of
features. The three methods presented in this study dem-
onstrate effective strategies for predicting Long COVID,
even when the patient sample size is limited. Notably,
the final approach yields promising results, achieving
a predictive accuracy that surpasses leading models in
the field. This finding highlights how clinical data col-
lected during the hospitalisation period can significantly
inform the assessment of potential Long COVID devel-
opment. As a further contribution, this work introduces
a novel dataset including clinical data from 152 patients

Page 3 of 13

with COVID-19 who were hospitalized in four hospitals
in Italy. To each patient, we associated prognostic infor-
mation related to having or not of pulmonary sequelae at
chest CT within 12 months after the hospital discharge.
Our study therefore offers a first quantitative analysis of
this new repository that can be used by other researchers
and practitioners as a baseline reference.

The rest of the manuscript is organized as follows:
the next section presents the materials and data prepa-
ration, “Methods” section describes the methodology.
“Results and discussion” section presents and discusses
the results, while “Conclusion” section offers concluding
remarks.

Materials

Study design

This study includes the clinical data collected in three
Italian hospitals (ASST Fatebenefratelli Sacco, Fondazi-
one IRCSS Policlinico San Matteo, Centro Diagnostico
Italiano) at the time of hospitalization and follow-up
of COVID-19 patients from March 2020 to September
2021. These hospitals are located in the north of Italy and
such data was generated during the clinical activity with
the primary purpose of managing COVID-19 patients
within the daily practice. During the period of this study,
different SARS-CoV-2 variants were predominant in
Italy: the original Wuhan strain and D614G in 2020, fol-
lowed by the Alpha variant (B.1.1.7) in early 2021, and the
Delta variant (B.1.617.2), which became dominant from
May 2021 onward. All data were retrospectively reviewed
and collected, after patients’ anonymization. For the data
analysis, we randomly assigned to each center a symbolic
label, from A up to C.

The inclusion criteria for this study were: adult patients,
confirmed SARS-CoV-2 infection via RT-PCR test, and
signed informed consent to participate [25]. Patients
were excluded if they were younger than 18 years old,
did not provide informed consent, or if their data were
incomplete for the study’s clinical outcome analysis.
Moreover, we reviewed RT-PCR test results and clinical
records from the hospitals involved in the study to iden-
tify any episodes of COVID-19 reinfection. Patients with
confirmed reinfection during the 12-months follow-up
period were excluded from the final analysis to ensure
that the observed pulmonary sequelae were attributable
to the initial infection.

We selected these comorbidities, cardiovascular dis-
ease, neurological disease, oncological disease, diabetes,
and obesity, as they are associated with an increased risk
of death in Sars-Cov2 patients in a large epidemiological
survey [26] and according to the clinical outcome, each
of the 152 patients included in this study was assigned
to two groups according to the presence or absence of
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pulmonary sequelae at chest CT within 12 months after
the hospital dismission. In the following text, we named
as positive the class including patients with pulmonary
sequelae, and negative otherwise. The positive and nega-
tive class accounts for 97 and 55 samples, respectively.
The presence of pulmonary sequelae were defined as the
presence of abnormalities observed in chest CT scans,
including ground-glass opacities, reticulations, consoli-
dations, or evidence of fibrosis, as described in the rel-
evant literature [27]. These findings were confirmed by
an expert radiologist with over 5 years of experience, and
any doubtful cases were resolved by consensus.

Data preparation

Data underwent three pre-processing steps. First, we
verified the anomalous data and outliers with our clini-
cal partners. Outliers were defined as values falling out-
side the expected clinical range or identified using the
interquartile range (IQR) method, which calculates the
range between the first (25th percentile) and third quar-
tiles (75th percentile) to determine thresholds for outli-
ers. Necessary corrections were made on the basis of this
revision, considering these outliers as missing values and
imputing them.

Second, we removed all the features with more than
50% missing entries, and Table 1 reports the available
descriptors. The values of the missing data of the remain-
ing features were imputed instead, using the mean, for
continuous variables, or the mode, in case of categorical
variables. Furthermore, it is important to note that the
computation of the mean or the mode values for each
feature was performed considering only the training data
stage of each algorithm tested. Straightforwardly, no bias
was introduced since this procedure was applied respect-
ing the training-validation-test split described in “Models
validation” section. It is worth noting that the presence
of missing entries in the clinical data mostly depends
upon the procedures carried out in the individual hospi-
tals as well as upon the pressure due to the overwhelming
number of patients hospitalized during the COVID-19
emergency.

Third, the values of binary variables (e.g., sex) were all
coded as 0 and 1, homogenized to a coherent coding,
such as 0 and 1 values for comorbidities and sex, and cat-
egorical features encoded into a binary representation
with One-Hot Encoding.

Methods

We investigated three Al-based approaches to predict
if COVID-19-positive patients will develop pulmonary
sequelae, using the clinical features presented in “Materi-
als” section, also aiming to offer researchers and practi-
tioners a reference baseline to process the data available
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within this repository. Two of these approaches leverage
well-known methodologies, i.e., namely shallow machine
learning and ensemble of learners; the third one is based
on a multimodal approach exploiting the intrinsic mul-
timodality of the clinical data we collected. The next
three subsections present each approach, graphically
summarized in Fig. 1. The fourth subsection puts these
approaches in the context of multimodal learning, whilst
the fifth one details the adopted validation procedures to
foster further research allowing easy and fair compari-
son of the results, thus recommending others to measure
models’ performance at least as reported here.

All analyses were carried out using Python version
3.8.10, leveraging the following main libraries: NumPy
(version 1.24.2), Pandas (version 1.5.3), and Scikit-Learn
(version 1.2.1).

First approach: shallow machine learning
We set up this approach to build a baseline for the next
experiments by implementing a paradigm that works
with some classic machine learning models (top portion
of Fig. 1). We considered the following classifiers: the
k-Nearest Neighbor (kNN) as an instance-based clas-
sifier, the Support Vector Machine (SVM) as a kernel
machine, and CART, Classification And Regression Tree,
as a decision tree (DT). Each of these algorithms has been
widely applied to classification tasks across domains,
including medical clinical data [28-30], due to their
robustness and versatility to model complex and vari-
ous data distributions. We included them in our experi-
ments to establish a solid and well-understood baseline
for comparison. Notably, all three algorithms can capture
non-linear relationships, a crucial feature given the com-
plexity and potential interactions within our dataset.
Feature selection is the first step of this approach,
performed using the method described in “Data prepa-
ration” section, which returned the set of retained fea-
tures denoted as Fyy € R"*4, where k stands for the
k-th cross-validation fold, £ denotes the training set of
the k-th fold, n the number of training samples and d
the number of considered features. Fy ., together with
the ground truth Ly, is then used to train the three
shallow classifiers, whose hyper-parameters are opti-
mized by a grid search on the validation set by maxi-
mizing the balanced accuracy, i.e., the average of recall
per class since the dataset has a certain degree of imbal-
ance. In detail, for KNN we searched for the best k-value
in the interval [1, 9], for the SVM, we searched for C
parameter, gamma and kernel parameter, respectively
within the intervals [107!,10?], [107%,1] and the linear,
gaussian, sigmoidal and polynomial kernels, and for the
DT we searched for the most performing choosing cri-
terion between gini and entropy, the minimum number



Cordelli et al. BMC Medical Informatics and Decision Making (2024) 24:359

Table 1 List of features collected for each patient, with the corresponding description
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Name Description Overall-population NO sequele-group  Sequele-group Missing data One hot
(N=152) (N=55) (N=97) encoding
Age Patient’s age (years) 63; 55-71 56; 51-65 66; 60-76 0% No
Sex Patient’s sex (%males) 59% 44% 36% 0% No
Cardiovascular disease  Patient had cardiovascular ~ 46% 39% 55% 1% No
diseases (% reported)
Neurological disease  Patient had neurological 5% 2% 6% 0% No
diseases (% reported)
Oncology disease Patient had oncological 11% 15% 8% 1% No
diseases (% reported)
Diabetes Patient had diabetes (% 17% 17% 17% 2% No
reported)
Obesity Patient had obesity (% 20% 15% 23% 1% No
reported)
Dyspnea Patient had intense 46% 35% 52% 1% No
tightening in the chest, air
hunger, difficulty breathing,
breathlessness or a feeling
of suffocation (%yes)
Smoker Smoker (yes/no) 13% 16% 11% 1% No
Days of fever Days of fever up to admis-  6; 2.75-8.25 4;3-7 7;2.25-9.75 34% No
sion (days)
L DH at the time hospi-  Lactate Dehydrogenase 335;263.5-447.0 279;221.5-3435 367.5;298.25- 11% No
tal admission (mU/ml) 490.75
CRP at the time of hos- C-Reactive Protein (mg/dL)  12.6;5.3-25.6 8.59;4.89-31.2 15.2;6.53-24.80 4% No
pital admission
D-dimer at the time D-dimer is a protein 640; 308.5-1105.5 426; 208.5-761 751;360-1249.5 14% No
of hospital admission  fragment that’s made
when a blood clot dissolves
in the body (ng/mL)
Creatinine at the time ~ Creatinine is a waste 0.86; 0.69-1.09 0.85; 0.65-1.02 0.88;0.71-1.13 9% No
of hospital admission  product that comes
from the normal wear
and tear on muscles
of the body (mg/dL)
CRP at the time of hos- Value of CRP at the time 0.82;0.2-2.98 0.89;0.24-2.91 0.82;0.19-3.1 32% No
pital dismission of dismission (mg/dL)
Creatinine at the time  Value of Creatinine 0.74;0.62-0.95 0.8; 0.69-0.93 0.74;0.61-0.95 30% No
of hospital dismission  at the time of dismission
(mg/dL)
SpO; at the time Value of the oxygen satura-  0.93;0.91-0.96 0.95;0.93-0.98 0.93; 0.88-0.95 18% No
of admission tion of the arterial blood
at the time of admission (%)
0O, at the time Value of the oxygen 0.76; 0.59-0.91 0.78;0.67-0.93 0.70; 0.58-0.90 27% No
of admission consumption at the time
of admission (%)
Days of hospitalization  Number of days the patient  22; 14-35 14:11-23 29: 20-40 6% No
was on ventilation
Ventilation Presence of ventilations 46% 36% 64% 0% Yes
XR at the time of hos-  Chest XR acquisition 90% 92% 87% 0% No
pital admission at the time of hospital
admission (yes/no)
CT at the time of hos-  Chest CT acquisition 53% 43% 69% 0% No
pital admission at the time of hospital
admission (yes/no)
XR at the time of hos-  Chest XR acquisition 38% 39% 35% 0% No

pital dismission

at the time of hospital
dismission (yes/no)
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Table 1 (continued)
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Name Description Overall-population NO sequele-group  Sequele-group Missing data One hot
(N=152) (N=55) (N=97) encoding
CT at the time of hos-  Chest CT acquisition 29% 33% 22% 24% No

at the time of hospital
dismission (yes/no)

pital dismission

of sample leaves in [1, 2, 3, 10] and the minimum num-
ber of sample splits in [1, 2, 10, 100].

Second approach: an ensemble of learners
It is well known that an ensemble of multiple learners
allows extracting complementary and more powerful
data representation, to improve the performance con-
cerning those of each stand-alone classifier considered.
Although no formal proof exists, this intuition has
brought interesting results in many medical applica-
tions [31-34]. There are six main strategies to generate
a diverse pool of classifiers [35]: the use of different ini-
tialization, different parameters, different architectures,
different classifier models, different training sets, and
different feature sets. In our application, as depicted in
the central portion of Fig. 1, we investigated different
approaches for combining single classifiers. They are:
late fusion, stacking, boosting and random forest.

Late fusion approaches combine different trained
models using an aggregation function that takes as
input the individual predictions and selects the output

Stratified k-fold Cross Validation

label of the samples on the basis of the majority-voted
classes. Despite its simpleness, this rule has provided
good performance in several applications, especially
when the base classifiers are diverse, i.e., when they
provide different outputs on the same samples, thus
offering complementary points of view to the ensemble
since there is no reason to combine models that always
return the same output [36].

The stacking approach determines the final output for
a given sample by using a classifier trained on the predic-
tions provided by the base classifiers. Hence, it can be
considered a late fusion technique where a data-driven
aggregation rule is used: indeed, it is not heuristically set
by the researcher, but it is learned by a model.

In the case of majority voting and stacking, we aggre-
gated in an ensemble the three classifiers mentioned in
the previous subsection.

Boosting is a well-established ensemble meta-algo-
rithm that converts weak learners to strong ones dur-
ing the training process. Here we adopted the AdaBoost
approach with two variations as a base estimator: the
first uses the ExtraTlree, whilst the second employs the
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Fig. 1 Graphical representation of the methodology with the three different approaches. Symbols are defined in “Exploiting the multimodality:

classifier selection” section
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logistic regression and L2 regularization. These mod-
els had shown good classification capabilities in both
assessing the presence of the COVID-19 infection [37]
and mortality risk [38]. When using the ExtraTree,
we optimized, via a randomized search, the following
hyperparameters during the training phase: the num-
ber of estimators (sampled from a log uniform distribu-
tion between 50 and 1000), the learning rate (sampled
from a log uniform distribution between 0.0001 and
10), the minimum samples per leaf (sampled from a log
uniform distribution between 1 and 10), the minimum
samples for splitting (sampled from a uniform distribu-
tion between 0.1 and 0.9), and class weights to compen-
sate for the class imbalance. For this last parameter we
tried: a balanced approach that adjusts weights inversely
proportional to class frequencies in the input data as
Hsamples | (Mclasses * Bsamples_per_class(Y))» @ pre-established
multiplier for the minority class set to 2, 3 and 5. When
using logistic regression and L2 regularization, we opti-
mized the number of estimators, the learning rate, the
magnitude of the regularization term, and again the class
weights assigned to the two classes by the base estimator.
The searched range for parameters is the same as those
specified for the ExtraTrees case, except for the strength
of the regularization term, whose inverse was sampled
from a log uniform distribution in the range 0.0001 and
1000. Furthermore, to eliminate non-informative fea-
tures, improve performance and reduce the training time,
we applied the boosting methods not only to the whole
set of features, but also to a set of features restricted,
excluding high-correlated and near-zero variance fea-
tures (manual feature selection), and further reduced by
Recursive Feature Elimination [39], from a maximum of
10 to a minimum of 4.

As a fourth ensemble paradigm, we used the Random
Forest approach that constructs a multitude of deci-
sion trees at training time. It is a well-known ensemble
method that combines the output of multiple decision
trees to reach a single result [40]. Furthermore, we did
not run feature selection in this case thanks to the intrin-
sic ability of the decision trees to detect the most impor-
tant descriptors.

Exploiting the multimodality: classifier selection

The use of a feature space including all the available
descriptors can hinder peculiarities that should be
included in specific groups of features. This third learn-
ing approach stems from this observation, and it also
exploits that the collected features can be divided into
three different modalities from a medical point of view.
Each modality groups the features as follows:
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+ Modality 1: Anamnestic data, which includes Age at
hospitalization, Sex, Cardiovascular disorders, Neu-
rological disorders, Oncological disorders, Diabetes,
Obesity, Dyspnea and Smoking attitude;

+ Modality 2: Hospitalisation data, which includes
X-Ray at hospitalization, unenhanced chest CT at
hospitalization, Days of fever at hospitalization,
Lactate Dehydrogenase (LDH) at hospitalization, C
Reactive Protein (CRP) at hospitalization, D-dimer at
hospitalization, Creatinine at hospitalization, X-Ray
at discharge, unenhanced chest CT at discharge, CRP
at discharge and Creatinine at discharge;

+ Modality 3: Ventilation data, which includes Periph-
eral Oxygen Saturation (SpOj) at hospitalization,
Oxygen Saturation (O3) at hospitalization, Days of
ventilation, Continuous positive airway pressure
(CPAP) ventilation and Non-invasive ventilation
(NIV) ventilation.

Such three modalities fed three different classifiers, one
per modality, constructing decision boundaries in a
modality-specific feature space. It is worth noting that
such an approach exploits one of the strategies to gener-
ate a diverse pool of classifiers mentioned in the previous
subsection, i.e., the use of different feature sets that is the
more successful in generating base experts that are more
diverse and informative [41]. However, different from
the methods mentioned in “Second approach: an ensem-
ble of learners” section, here we define an approach that
selects the most competent classifier, a step that can be
conducted either in a static or dynamic fashion. In static
selection methods, the expert is selected during the train-
ing phase, according to a selection criterion estimated on
the validation set, and it will be used to predict the label
of all samples in the test set. Oppositely, in the dynamic
selection, the most competent classifier is selected specif-
ically to classify each unknown example, thus exploiting
the fact that each base classifier is an expert in distinct
regions of the feature space.

Our approach works with dynamic selection and,
according to the taxonomy proposed [35], our selection
criterion belongs to meta-learning. Indeed, we intro-
duce a meta-classifier that, for each input sample, spec-
ifies which is the classifier that has to be used to set the
final label among the three available. This meta-learner
receives as input the classification reliabilities provided
by the three base classifiers. Let us recall that classifi-
cation reliability, commonly referred to as confidence
or credibility, is a measure in [0, 1] computed using
information directly derived from the output of the
expert, by establishing a correspondence between the
expert’s output and the sample situations in the feature
space [42]. This allows taking into account the issues
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influencing the achievement of satisfactory results,
such as the noise affecting the samples domain or the
difference between objects to be recognized and those
used to train the classifier [43].

Formally, our selection approach works in the train-
ing and testing phases as follows (bottom portion
of Fig. 1):

+ For each fold, Fi, and Fyy (where te stands for
testing) is further subdivided by grouping the fea-
tures according to the three modalities described
before, denoted by myj, with j=1,2,3, obtaining

k tr and FI]( te’

. The training features F,J< together with the ground
truth Ly ;- are then used to train the expert ¢; on the
modality mj;

+ After training, each expert e; provides th e Rx!
and R;( € R™*1, which are the predicted labels and
the rehablhtles for all the training samples;

+ The meta-classifier is trained using {R;< tr} ,le.,a
) j=1

matrix of size # x 3 concatenating the reliabilities
returned by each expert, and using as ground truth
a vector specifying which classifier works correctly
for each training sample. In the case of multiple
correct classifiers for a training sample, we speci-
fied the one with the largest reliability.
+ During the test phase, each expert ej receives Fk
and provides both th and R; o
+ Still in the test phase, the meta-learner receives
R1/<,te and outputs the index of the expert to be used
to set the final decision. Formally:

Zk,te = ijklte) Wlth] = {17 2, 3} (1)

and j* the index of the selected modality.

For the sake of completeness, let us report that we
used the Random Forest as a base expert per each
modality, whereas we considered a pool of different
models as a meta-classifier. This pool includes a Bayes-
ian classifier, a DT, an SVM, and the XGBoost, using
their default hyperparameters.

The three approaches in the context of multimodal
learning

Before delving into model validation, here we discuss
how the three approaches mentioned so far fit the con-
text of multimodal learning. According to the definition
offered in [44], multimodal learning combines data from
different modalities of a common phenomenon, each
providing separate views, to solve an inference problem.
In our case, the availability of different information for a
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patient provides us the opportunity to take advantage of
such rich information. Techniques for multimodal data
fusion have been investigated by the research biomedi-
cal community [44—46]. Traditionally, there exist three
main strategies to merge different modalities” informa-
tion: early, late, and joint fusion. In the first technique,
the features of each modality are merged according to a
rule into a feature vector to be given to the learner, even-
tually removing correlations between modalities or rep-
resenting the fused data in a lower-dimensional common
subspace. In the second, the predictions provided by dif-
ferent learners, even one per modality, are aggregated
by an aggregation rule. The third approach is designed
for (deep) neural networks since the different modali-
ties are fused at different levels of abstractions offered by
the hidden layers. Although deep-learning-based mul-
timodal learning should offer several advantages over
conventional machine-learning methods [45], it needs a
certain amount of training data that are not available in
this application. Furthermore, machine learning methods
still outperform deep learning approaches on real tabular
datasets, as experimentally demonstrated in [47].

According to this taxonomy, shallow learning (“First
approach: shallow machine learning” section) is a form
of early fusion, whereas the approach leveraging the
ensemble of classifiers (“Second approach: an ensemble
of learners” section) is a hybrid between early and late
fusion. Indeed, while each base classifier is trained on all
the features, the overall approach benefits from the diver-
sity given by the use of several classifiers. The method
that exploits the multimodality according to a medical-
based data split (“Exploiting the multimodality: classifier
selection” section) belongs to late fusion because each
learner is trained with a different modality, and the deci-
sions are then combined in the selection stage.

Models validation
Model validation for the three approaches consists of
5-fold stratified cross-validation approach, which pre-
serves the original imbalance between the classes among
all the folds. For each cross-validation run, the training
set is composed of four-folds, extracting the validation
set for data normalization, parameters’ estimation and/
or features’ selection depending on the applied approach,
as detailed before. Straightforwardly, the test set is com-
posed of one fold and it is used to assess the perfor-
mance. To improve the statistical robustness, the entire
procedure was repeated 10 times.

With reference to the measured performance score,
we considered the accuracy, sensitivity, specificity, Area
Under the ROC Curve (AUC), and F1-score.
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Table 2 Results of the three proposed approaches when missing continuous and categorical values are imputed by the mean and

the mode, respectively, as reported in “Data preparation” section

Method Performance (%)
Accuracy Sensitivity Specificity AUC F1-score
Shallow Machine Learning kNN 727 +£32 819433 565+78 740452 793423
SVM 770+ 4.8 816+£51 689+£53 80.6 £ 2.1 819+£40
DT 659 +54 732+£112 529491 63.1£40 731+£58
Ensemble classification Majority Voting 742+ 57 845+ 7.1 560492 794 +53 80.7 +46
Stacking 741 +£50 814+064 61.1£65 761 £ 24 80.0+£43
AdaBoost’ 707 £15 73.1£29 66.2 +3.8 736£16 762£15
AdaBoost” 721£18 714429 73.6+20 76119 76.6 19
Random Forest 776 £24 892+43 571£60 814+ 3.1 835420
Multimodal approach® Bayesian classifier 874+15 729425 957+ 16 931412 80.8+23
Decision Tree 824+£13 67.5+30 909+16 896+ 14 734+£25
SVM 946+ 10 873423 988 +08 980+ 04 921+15
XGBoost 845+13 682+ 44 938 +£20 918+13 760+ 24

2 ExtraTree as base estimator
bLogistic regression and L2 regularization as base estimator

“Only meta learner, Random Forest as base classifier

Results and discussion

Table 2 presents the results of the three approaches
described in the previous section, one per each horizon-
tal section of the table. By column, the table reports the
model used and then the five performance scores already
mentioned in terms of average and standard deviation
across the cross-validation folds. Still by column, we
highlight in bold the best performance attained, which
reveals that classifier selection exploiting the multimo-
dality with the SVM as meta learner returns the high-
est scores. It is also interesting to note that, in general,
the multimodal classifier selection provides values of
accuracy, specificity, and AUC that are larger than those
returned by shallow machine learning and by the ensem-
ble of learners.

To deepen the results summarized by the AUC values,
and to discover possible specific regions where the high-
AUC classifier might perform worse than the other low-
AUC classifier, Fig. 2 plots the corresponding average
ROC curves'. From left to right, it displays the plots of
the shallow machine learning approach, of the ensemble
of classifiers, and of the approach exploiting the modal-
ity selection. In the leftmost plot, we notice that the
SVM curve lies over the others in a large portion of the
ROC space, confirming its better performance observed
in Table 2. The ROC plot in the case of ensemble learn-
ing shows that Random Forest and Majority Voting per-
forms better than the other three approaches, since their
curves lying closer to the ideal point, thus confirming the
values observed in Table 2. Furthermore, while there the
AUC values of the Random Forest and Majority Voting

are closer, in the plot we notice that the Random For-
est is more liberal than Majority Voting. The rightmost
chart refers to the approach exploiting the multimodal-
ity when the model used for the selection varies: it is
worth noting that the SVM lies closer to the ideal point
in the ROC space, confirming its superiority to the other
learners. We deem that this happens because the original
feature space is in R? and the kernel expansion, together
with the binary decomposition of the three-class classi-
fication task tackled by the model, helps obtain a linear
separable space where the SVM effectively learns the
boundary [48].

Finally, we focus more on the third approach exploit-
ing the multimodality: we investigate to what extent hav-
ing divided the feature set according to a medical point of
view impacts the results. To this end, we randomly shuf-
fle the features in three sets, therefore losing any medical
interpretation while keeping the number of modalities
for the sake of comparison. The results attained using the
same selection methodology reported in “Exploiting the
multimodality: classifier selection” section are reported
in Table 3, showing that the random organization of the
descriptors reduces the performance in many scores
and for different models. Furthermore, in the case of the
best-performing models, i.e., the SVM in both Tables 2
and 3 we found that their performance statistically differs

! We decided to do not show the horizontal and vertical standard deviation
to make clearer the plots.
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Fig. 2 ROC plots of the three approaches. From left to right, it displays the plots of the shallow machine learning approach, of the ensemble

of classifiers and of the approach exploiting the modality selection

Table 3 Results of the multimodal approach when the features are randomly divided. As in Table 2, missing continuous and
categorical values are imputed by the mean and the mode, respectively, as reported in “Data preparation” section

Meta-learner Performance (%)

Accuracy Sensitivity Specificity AUC F1-score
Bayesian classifier 864+ 1.6 69.2 + 3.5 958+ 13 927 £18 783 £27
Decision Tree 764+ 14 552429 888+ 1.1 839+ 21 63.1£25
SVM 916 +0.7 792426 992 £+ 07. 980+ 05 865+ 13
XGBoost 814409 593+ 21 9334012 880+17 68.7 £ 16

(p < 0.05) according to the Wilcoxon-Mann-Whitney
test.

Discussion

Long COVID, or post-acute sequelae of SARS-CoV-2
infection, has hampered patient and societal recovery
from the COVID-19 pandemic. Long COVID is charac-
terized by changing, varied symptoms, making an une-
quivocal definition difficult to construct, with a urgent
need to understand this syndrome, define therapies and
early identify patients who will develop it. The patho-
physiology of long COVID is complex and variable in
terms of immunology, neurobiology, endocrinology,
physiology [49]. It is important to note that our study
was conducted during a period (March 2020 - Septem-
ber 2021) when the original Wuhan strain, the Alpha
variant (B.1.1.7), and the Delta variant (B.1.617.2) were
predominant in Italy. These strains, particularly Delta,
were associated with more severe disease outcomes
and higher hospitalization rates compared to the Omi-
cron variant, which emerged after the study period.
Omicron, while more transmissible, has generally been
associated with milder clinical outcomes, particularly
in vaccinated individuals. The relevance of our find-
ings, particularly regarding pulmonary sequelae, may

be limited when applied to the Omicron variant and
future strains, given the different clinical manifesta-
tions of the disease. Future studies are needed to evalu-
ate the impact of evolving variants on the development
of Long COVID and its long-term outcomes. Despite
these differences in variants, our study provides valu-
able insights into the long-term pulmonary sequelae of
severe COVID-19 infections, particularly for patients
hospitalized during the earlier phases of the pandemic.
The pathophysiology of Long COVID remains complex
and variable, and our findings underscore the impor-
tance of early identification and management of patients
at risk of developing long-term complications, regard-
less of the strain involved.

A comparison of the results obtained through the pro-
posed method with those currently available in the lit-
erature reveals a general improvement in the accuracy
of assessing the risk of developing Long COVID. This
enhancement surpasses existing findings by utilizing clin-
ical information collected from hospitals during patients’
hospitalization periods. This approach offers signifi-
cant advantages in terms of data collection efficiency, as
these are standard pieces of information routinely gath-
ered and monitored in clinical practice during hospitali-
zation. Furthermore, the proposed method effectively
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leverages various data types typically considered upon
patient admission and monitored throughout their stay,
including medical history, hospitalization data, and ven-
tilation information. From a technical perspective, it is
clear that utilizing a meta-classifier designed to optimize
predictions from multiple expert classifiers can effec-
tively resolve potential conflicts in decision-making. This
capability enhances the accuracy of assessing a patient’s
risk of developing Long COVID, leading to significant
improvements over traditional methods that depend on
individual classifiers. These classical approaches often
demonstrate increased susceptibility to bias, particularly
when working with limited datasets.

Early identification of post-COVID-19 sequelae is
crucial for providing appropriate care and support to
affected individuals. By identifying high-risk patients,
healthcare providers can implement targeted interven-
tions, regular follow-ups, and personalized treatment
plans to mitigate the long-term effects of COVID-
19 and improve patient outcomes. In this respect, by
developing three Al-based approaches we have dem-
onstrated the possibility of predicting possible pulmo-
nary sequelae that can represent the cause of the long
COVID syndrome. This can assist healthcare profes-
sionals in identifying patients who are more suscepti-
ble to developing long COVID and provide appropriate
care and support to mitigate its long-term effects.
More specifically, we believe that this method can lead
to a twofold concrete benefit. From the physician’s
perspective, it can improve informed decision-making
by allowing physicians to identify patients at high risk
of Long COVID early in treatment. Such identification
facilitates the tailored follow-up care and monitoring
strategies, thus improving overall patient management.
Furthermore, by predicting which patients are more
likely to develop Long COVID, healthcare providers
can allocate resources more effectively, ensuring that
those at higher risk receive appropriate attention and
interventions. Moreover, the presented approach could
assist clinicians in enhancing patient communication.
In fact, by providing a clear risk assessment, it fosters
discussions with patients regarding their individual
risk factors, emphasizing the importance of follow-up
care and potential lifestyle adjustments post-discharge.
The integration of a user-friendly interface-where
clinicians can input demographics, medical history,
and laboratory values-can further streamline work-
flow efficiency, allowing for rapid assessments during
patient consultations. Furthermore, from the patients
side, the development of such a predictive model
offers the benefit receiving a quantifiable risk score
for developing Long COVID based on their specific
clinical data, thereby empowering them with critical
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knowledge about their health status. This understand-
ing, in turn, can motivate patients to engage in proac-
tive health management behaviors, such as adhering
to follow-up appointments and implementing recom-
mended lifestyle modifications and agree a shared
decision-making with the healthcare providers, stimu-
lating collaborative discussions regarding preventive
measures and treatment options.

Nevertheless, our study presents some limitations.
First, we included only patients hospitalized for COVID-
19, without considering patients treated only at home.
Second, the study requires further validation on diverse
and larger populations to ensure its generalizability
and effectiveness. The availability of more training data
would give the chance to investigate deep learning-based
approaches that immensely depend on the availability of
large training data to reduce the risk of over-fitting. Third,
due to the retrospective nature of the study, we included
clinical data and laboratory tests which were most fre-
quently collected at the time of hospitalization, but other
clinical parameters, such as other comorbidities or blood
tests could not be analysed. Also the radiological pres-
entation of the disease could have been included in the
investigation, even if, in the absence of updated univer-
sally recognized international guidelines on the imaging
modality and timing, we preferred to avoid the inclu-
sion of examinations associated with radiation exposure,
preferring clinical and laboratory parameters. Addition-
ally, past SARS-CoV-2 infections prior to hospitalisation
were not systematically accounted for, and COVID-19
vaccination status was not consistently available for all
patients. Both previous infections and vaccination status
could potentially influence the development of pulmo-
nary sequelae and Long COVID. These factors were not
included in the present analysis and represent important
limitations of the study. Future studies should aim to
include these variables to provide a more comprehensive
assessment of Long COVID outcomes.

Finally, we acknowledge that while our current sample
size is sufficient to conduct a valid analysis, it may not
ensure the statistical robustness necessary to prevent
generalisation bias. Consequently, we are committed to
expanding the cohort size, which will not only enhance
the reliability of our findings but also enable us to inte-
grate state-of-the-art deep learning techniques into our
methodology. Furthermore, the integration of an external
dataset will be essential to ensure a more equitable com-
parison of the results. This step will enhance the validity
of our findings and provide a broader context for inter-
pretation, while improving the overall rigour and applica-
bility of our research.
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Conclusion

With over 765 million documented infections and 7 mil-
lion deaths worldwide, the COVID-19 pandemic contin-
ues unabated still in fall 2023. An important aspect of the
disease is the post-COVID syndrome, which is not neces-
sarily related to the severity of the main symptoms, but
still affects a large portion of the pandemic’s victims. Pre-
dicting its development represents one of the most ambi-
tious challenges, particularly with regard to pulmonary
sequelae and using only clinical data collected during the
patient’s hospitalization.

In this context, we collected here demographic, clini-
cal, and laboratory test data and, then, we proposed three
Al-based approaches that have proved to be a valuable ally
against this syndrome. They span from shallow machine
learning to classifier selection driven by a medical-inspired
multimodal analysis that, as an indirect observation of the
results attained, confirms that feature engineering is a cru-
cial part of tackling real-world challenges.

Future work is directed towards different issues. First,
we plan to address the limitations mentioned at the end
of the previous “Discussion” section, enlarging the data-
set not only in terms of cardinality but also considering
other clinical parameters and possible correlation
with pulmonary function at spirometry. A second
direction of future investigation is to explore poten-
tial mechanisms underlying the development of long
COVID, improving also our understanding of the evolu-
tion of post-COVID-19 sequelae.

Abbreviations

kNN k-Nearest Neighbor

SVM Support Vector Machine

DT Regression Tree

LDH Lactate Dehydrogenase

CRP C Reactive Protein

SpO2  Peripheral Oxygen Saturation

CPAP  Continuous positive airway pressure
NIV on-invasive ventilation

AUC  Area Under the ROC Curve

Acknowledgements
Not applicable.

Authors’ contributions

EC,PS,SC,DF,AC,IC,SP,DS.and MA. conceptualised the overall study.
EC,SC,CS,DF,MC, CB, LP and M.A. organized and prepared the data for
analysis. EC,, PS,, S.C, CS., G.C. and D.S. conducted the formal analysis. S.P. and
M.A. secured the necessary funding to support the research. EC, PS., S.C, DF,
D.S. and M.A. investigated the experiments. EC, PS, S.C, CS, ES, DF,GC,
AC, LF, MT, DS. and M.A. designed the research methodology and proce-
dures. PS, I.C, S.P, D.S. and M.A. managed the overall project and coordination.
PS. S.P, DS.and M.A. provided the necessary recources and materials. E.C.,
S.C,CS, ES, GC, LF, MT.and D.S. developed the software for the project.

PS., D.S.and M.A. supervised the research team. E.C, PS, S.C, CS, ES, DF, DS.
and M.A. valdidated the results. E.C, PS,, S.C, CS, ES. D.S. and M.A. created the
graphical representations of the data. EC, PS, S.C, ES, G.C, M.C, DS.and MA.
authored the initial manuscript draft. EC, PS, S.C, ES, GC, M.C, CB, LP, MT,
I.C, SP,DS. and M.A. reviewed and edited the written work.

Page 12 of 13

Funding

Open access funding provided by Umea University. This work has been
partially funded by project PEO000013-FAIR of the Ministry of University and
Research.

Data availability
Data will be provided upon request to the corresponding author.

Declarations

Ethics approval and consent to participate

Informed consent to participate was obtained from all of the participants in
the study and all data were managed in accordance with the GDPR regulation.
The study was approved by the Fondazione IRCCS Ca’Granda Ospedale Mag-
giore Policlinico ethical committee, to which our center refers (protocol ID:
2417, approved on September 29, 2021).

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 14 June 2024 Accepted: 25 October 2024
Published: 27 November 2024

References

1. WHO.WHO Coronavirus (COVID-19) Dashboard. 2020. https://covid19.
who.int/. Accessed 3 May 2023.

2. Fiscon G, Salvadore F, Guarrasi V, Garbuglia AR, Paci P. Assessing the impact
of data-driven limitations on tracing and forecasting the outbreak dynamics
of COVID-19. Comput Biol Med. 2021;135:104657.

3. DelRio C, Collins LF, Malani P. Long-term health consequences of COVID-19.
JAMA. 2020;324(17):1723-4.

4. Soriano JB, Murthy S, Marshall JC, Relan P, Diaz JV. A clinical case defini-
tion of post-COVID-19 condition by a Delphi consensus. Lancet Infect Dis.
2022;22(4)e102-7.

5. Carfi A, Bernabei R, Landi F. for the Gemelli Against COVID-19 Post-Acute
Care Study Group. Persistent Symptoms in Patients After Acute COVID-19.
JAMA. 2020;324(6):603-5.

6. Bailey J, Lavelle B, Miller J, Jimenez M, Lim PH, Orban ZS, et al. Multidiscipli-
nary Center Care for Long COVID Syndrome-a Retrospective Cohort Study.
Am J Med. 2023. https://doi.org/10.1016/j.amjmed.2023.05.002.

7. Duong-Quy S, Vo-Pham-Minh T, Tran-Xuan Q, Huynh-Anh T, Vo-Van T, Vu-
Tran-Thien Q et al. Post-COVID-19 Pulmonary Fibrosis: Facts—Challenges
and Futures: A Narrative Review. Pulm Ther. 2023;9:1-13.

8. Moreno-Pérez O, Merino E, Leon-Ramirez JM, Andres M, Ramos JM, Arenas-
Jiménez J, et al. Post-acute COVID-19 syndrome. Incidence and risk factors:
A Mediterranean cohort study. J Infect. 2021,82(3):378-83.

9. Post COVID-19 condition (Long COVID). https://www.who.int/europe/news-
room/fact-sheets/item/post-covid-19-condition. Accessed 7 Dec 2022.

10. Cau R, Faa G, NardiV, Balestrieri A, Puig J, Suri JS, et al. Long-COVID
diagnosis: from diagnostic to advanced Al-driven models. Eur J Radiol.
2022;148:110164.

11. Morante-Garcfa W, Zapata-Boluda RM, Garcia-Gonzélez J, Campuzano-
Cuadrado P, Calvillo C, Alarcéon-Rodriguez R. Influence of social determinants
of health on COVID-19 infection in socially vulnerable groups. Int J Environ
Res Public Health. 2022;19(3):1294.

12. Coronavirus Disease 2019 (COVID-19): A Systematic Review of Imaging Find-
ings in 919 Patients. https//www.ajronline.org/doi/10.2214/AJR.20.23034.
Accessed 14 Mar 2020.

13. Rofena A, GuarrasiV, Sarli M, Piccolo CL, Sammarra M, Zobel BB, et al. A deep
learning approach for virtual contrast enhancement in contrast enhanced
spectral mammography. Comput Med Imaging Graph. 2024;116:102398.

14. Mano LY, Torres AM, Morales AG, Cruz CCP, Cardoso FH, Alves SH, et al.
Machine Learning Applied to COVID-19: A Review of the Initial Pandemic


https://covid19.who.int/
https://covid19.who.int/
https://doi.org/10.1016/j.amjmed.2023.05.002
https://www.who.int/europe/news-room/fact-sheets/item/post-covid-19-condition
https://www.who.int/europe/news-room/fact-sheets/item/post-covid-19-condition
https://www.ajronline.org/doi/10.2214/AJR.20.23034

Cordelli et al. BMC Medical Informatics and Decision Making (2024) 24:359

20.

21.

22.

23.

24,

25.
26.
27.

28.

29.

30.

31.

32.

33.

34,

35.

36.

37.

38.

39.

Period. Int J Comput Intell Syst. 2023;16(1):73-24. https://doi.org/10.1007/
544196-023-00236-3.

Dogan O, Tiwari S, Jabbar MA, Guggari S. A systematic review on Al/

ML approaches against COVID-19 outbreak. Complex Intell Syst.
2021;7(5):2655-78. https://doi.org/10.1007/540747-021-00424-8.

Guarrasi V, Tronchin L, Albano D, Faiella E, Fazzini D, Santucci D, et al.
Multimodal explainability via latent shift applied to COVID-19 stratification.
Pattern Recognit. 2024;156:110825.

Antony B, Blau H, Casiraghi E, Loomba JJ, Callahan TJ, Laraway BJ, et al.
Predictive models of long COVID. EBioMedicine. 2023;96:51-64.

Tang CY, Gao C, Prasai K, Li T, Dash S, McElroy JA, et al. Prediction

models for COVID-19 disease outcomes. Emerg Microbes Infect.
2024;(just-accepted):2361791.

Islam MN, Islam MS, Shourav NH, Rahman |, Faisal FA, Islam MM, et al. Explor-
ing post-COVID-19 health effects and features with advanced machine
learning techniques. Sci Rep. 2024;14(1):9884.

Pfaff ER, Girvin AT, Bennett TD, Bhatia A, Brooks IM, Deer RR, et al. Identifying
who has long COVID in the USA: a machine learning approach using N3C
data. Lancet Digit Health. 2022;4(7).e532-41.

Kessler R, Philipp J, Wilfer J, Kostev K. Predictive Attributes for Developing
Long COVID-A Study Using Machine Learning and Real-World Data from
Primary Care Physicians in Germany. J Clin Med. 2023;12(10):3511.

Sudre CH, Murray B, Varsavsky T, Graham MS, Penfold RS, Bowyer RC, et al.
Attributes and predictors of long COVID. Nat Med. 2021;27(4):626-31.
Etienne M, Ettalhaoui N, Everding AG, Evers M, Fabre |, Fabre M, et al. ISARIC-
COVID-19 dataset: a prospective, standardized, global dataset of patients
hospitalized with COVID-19. Sci Data. 2022;9(1):454.

Alarcén-Rodriguez J, Fernandez-Velilla M, Urefia-Vacas A, Martin-Pinacho J,
Rigual-Bobillo J, Jaureguizar-Oriol A, et al. Radiological management and
follow-up of post-COVID-19 patients. Radiol (Engl Ed). 2021;63(3):258-69.
Yang W, Yan F. Patients with RT-PCR-confirmed COVID-19 and normal chest
CT. Radiology. 2020,295(2):E3-E3.

EpiCentro - Epidemiology for public health. https://www.epicentro.iss.it.
Accessed 4 Jan 2024.

Solomon JJ, Heyman B, Ko JP, Condos R, Lynch DA. CT of post-acute lung
complications of COVID-19. Radiology. 2021;301(2):E383-95.

Singh KN, Mantri JK. Clinical decision support system based on RST with
machine learning for medical data classification. Multimed Tools Appl.
2024;83(13):39707-30. https://doi.org/10.1007/511042-023-16802-y.

Xing W, Bei Y. Medical Health Big Data Classification Based on KNN Clas-
sification Algorithm. IEEE Access. 2019;8:28808-19. https://doi.org/10.1109/
ACCESS.2019.2955754.

Huang S, Cai N, Pacheco PP, Narrandes S, Wang Y, Xu W. Applications of Sup-
port Vector Machine (SVM) Learning in Cancer Genomics. Cancer Genomics
Proteomics. 2018;15(1):41-51. https://doi.org/10.21873/cgp.20063.

Zhang C, Ma Y. Ensemble machine learning: methods and applications.
Springer; 2012.

Guarrasi V, Soda P Multi-objective optimization determines when, which
and how to fuse deep networks: An application to predict COVID-19 out-
comes. Comput Biol Med. 2023;154:106625.

Guarrasi V, D'Amico NG, Sicilia R, Cordelli E, Soda PA, multi-expert system

to detect covid-19 cases in x-ray images. In: 2021 |EEE 34th International
Symposium on Computer-Based Medical Systems (CBMS). IEEE; 2021. pp.
395-400.

Guarrasi V, Soda P. Optimized fusion of CNNs to diagnose pulmonary dis-
eases on chest X-Rays. In: International Conference on Image Analysis and
Processing. Springer; 2022. pp. 197-209.

Cruz RM, Sabourin R, Cavalcanti GD. Dynamic classifier selection: Recent
advances and perspectives. Inf Fusion. 2018;41:195-216.

Guarrasi V, D’Amico NG, Sicilia R, Cordelli E, Soda P. Pareto optimization of
deep networks for COVID-19 diagnosis from chest X-rays. Pattern Recogn.
2022;121:108242.

Soui M, Mansouri N, Alhamad R, Kessentini M, Ghedira K. NSGA-Il as feature
selection technique and AdaBoost classifier for COVID-19 prediction using

patient’s symptoms. Nonlinear Dyn. 2021;106(2):1453-75. https://doi.org/10.

1007/511071-021-06504-1.

Ramon A, Torres AM, Milara J, Cascén J, Blasco P, Mateo J. eXtreme Gradient
Boosting-based method to classify patients with COVID-19. J Invest Med.
2022;70(7):1472-80. https://doi.org/10.1136/jim-2021-002278.

Guyon |, Weston J, Barnhill S, Vapnik V. Gene selection for cancer classifica-
tion using support vector machines. Mach Learn. 2002;46:389-422.

40.

41.

42.

43.

45.

46.

47.

48.

49.

Page 13 of 13

Breiman L. Random Forests. Mach Learn. 2001;45(1):5-32. https//doi.org/10.
1023/A:1010933404324.

Duin RP. The combining classifier: to train or not to train? In: 2002 Interna-
tional Conference on Pattern Recognition. vol. 2. IEEE; 2002. pp. 765-770.
Cordella LP, Foggia P, Sansone C, Tortorella F, Vento M. Reliability parameters
to improve combination strategies in multi-expert systems. Pattern Anal
Applic. 1999;2:205-14.

lannello G, Percannella G, Sansone C, Soda P. On the use of classification
reliability for improving performance of the one-per-class decomposition
method. Data Knowl Eng. 2009,68(12):1398-410.

. Stahlschmidt SR, Ulfenborg B, Synnergren J. Multimodal deep learning for

biomedical data fusion: a review. Brief Bioinform. 2022;23(2):bbab569.
Ramachandram D, Taylor GW. Deep multimodal learning: A survey on
recent advances and trends. IEEE Signal Proc Mag. 2017;34(6):96-108.
Caruso CM, GuarrasiV, Cordelli E, Sicilia R, Gentile S, Messina L, et al. A mul-
timodal ensemble driven by multiobjective optimisation to predict overall
survival in non-small-cell lung cancer. J Imaging. 2022;8(11):298.

BorisovV, Leemann T, SeBler K, Haug J, Pawelczyk M, Kasneci G. Deep neural
networks and tabular data: a survey. IEEE Trans Neural Netw Learn Syst.
2022;35(6):7499-519.

Ruffini F, Tronchin L, Wu Z, Chen W, Soda P, Shen L, et al. Multi-Dataset Multi-
Task Learning for COVID-19 Prognosis. 2024. arXiv preprint arXiv:2405.13771.
Yong SJ, Liu S. Proposed subtypes of post-COVID-19 syndrome (or
long-COVID) and their respective potential therapies. Rev Med Virol.
2022;32(4):e2315.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published
maps and institutional affiliations.


https://doi.org/10.1007/s44196-023-00236-3
https://doi.org/10.1007/s44196-023-00236-3
https://doi.org/10.1007/s40747-021-00424-8
https://www.epicentro.iss.it
https://doi.org/10.1007/s11042-023-16802-y
https://doi.org/10.1109/ACCESS.2019.2955754
https://doi.org/10.1109/ACCESS.2019.2955754
https://doi.org/10.21873/cgp.20063
https://doi.org/10.1007/s11071-021-06504-1
https://doi.org/10.1007/s11071-021-06504-1
https://doi.org/10.1136/jim-2021-002278
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
http://arxiv.org/abs/2405.13771

	Machine learning predicts pulmonary Long Covid sequelae using clinical data
	Abstract 
	Introduction
	Materials
	Study design
	Data preparation

	Methods
	First approach: shallow machine learning
	Second approach: an ensemble of learners
	Exploiting the multimodality: classifier selection
	The three approaches in the context of multimodal learning
	Models validation

	Results and discussion
	Discussion

	Conclusion
	Acknowledgements
	References


