S

ELS

Since January 2020 Elsevier has created a COVID-19 resource centre with
free information in English and Mandarin on the novel coronavirus COVID-
19. The COVID-19 resource centre is hosted on Elsevier Connect, the

company's public news and information website.

Elsevier hereby grants permission to make all its COVID-19-related
research that is available on the COVID-19 resource centre - including this
research content - immediately available in PubMed Central and other
publicly funded repositories, such as the WHO COVID database with rights
for unrestricted research re-use and analyses in any form or by any means
with acknowledgement of the original source. These permissions are
granted for free by Elsevier for as long as the COVID-19 resource centre

remains active.



European Journal of Radiology 148 (2022) 110164

ELSEVIER

Contents lists available at ScienceDirect

European Journal of Radiology

journal homepage: www.elsevier.com/locate/ejrad
Long-COVID diagnosis: From diagnostic to advanced Al-driven models e

Riccardo Cau®, Gavino Faa ", Valentina Nardi ¢, Antonella Balestrieri %, Josep Puig

Jasjit S Suri ¢, Roberto SanFilippo ', Luca Saba™"

2 Department of Radiology, Azienda Ospedaliero Universitaria (A.0.U.), di Cagliari — Polo di Monserrato, s.s. 554 Monserrato, Cagliari 09045, Italy

Y Department of Pathology, Azienda Ospedaliero Universitaria (A.O.U.), di Cagliari, Ttaly
¢ Department of Cardiovascular Medicine Mayo Clinic, Rochester, MN, USA

d Department of Radiology (IDI), Hospital Universitari de Girona, Girona, Spain

¢ Stroke Diagnosis and Monitoring Division, Atheropoint LLC, Roseville, CA, USA

f Department of Vascular Surgery, Azienda Ospedaliero Universitaria (A.0.U.), di Cagliari — Polo di Monserrato, s.s. 554 Monserrato, Cagliari 09045, Italy

ARTICLE INFO ABSTRACT

Keywords: SARS-COV 2 is recognized to be responsible for a multi-organ syndrome. In most patients, symptoms are mild.
Al However, in certain subjects, COVID-19 tends to progress more severely.

COVID-19 Most of the patients infected with SARS-COV2 fully recovered within some weeks. In a considerable number of
SARS-COV2 . . . . . . . . .
Long-COVID patients, like many other viral infections, various long-lasting symptoms have been described, now defined as

“long COVID-19 syndrome”.

Given the high number of contagious over the world, it is necessary to understand and comprehend this
emerging pathology to enable early diagnosis and improve patents outcomes.

In this scenario, Al-based models can be applied in long-COVID-19 patients to assist clinicians and at the same
time, to reduce the considerable impact on the care and rehabilitation unit.

The purpose of this manuscript is to review different aspects of long-COVID-19 syndrome from clinical pre-
sentation to diagnosis, highlighting the considerable impact that AI can have.

1. Introduction

As of October 12th, 2021, global casualties due to coronavirus dis-
ease 2019 (COVID-19) infections approach 200 million, several patients
are asymptomatic or have mild symptoms, while few others show an
aggressive and life-threatening disease [1-3].

Through a large proportion of subjects infected with SARS-COV-2
present a restitutio ad integrum within a few weeks, an emerging
aspect of COVID-19 infection is the long-term effect [4,5]. Among those
surviving the acute infection, a fraction of the COVID-19 patients reports
persistent symptoms for 12 weeks or longer beyond the initial period of
acute infection and illness [5]. The symptoms are diverse and related to
multiorgan involvement, the most described symptoms are fatigue,
headache, attention disorder, hair loss, and dyspnea (Fig. 1) [6]. Dennis
et al. investigated the medium-term organ impairment in 201 symp-
tomatic patients after initial COVID-19 symptoms reporting that 70 % of
patients have impairment in one or more organs after 4 months

following COVID-19 infection [4]. Similar findings were reported from
other studies. An Italian case series reported persistent COVID-19
symptoms in 87,4 % of patients who had recovered from COVID-19,
particularly fatigue and dyspnea [7]. Thus, the authors reported a
worsening of the quality of life in 44,1 % of patients [7].

In view of several reports, the definition of a new syndrome has been
proposed, namely long COVID-19 syndrome. In the UK NICE guidelines,
a distinction of long-COVID has been made in relation to the duration
after the acute onset of the syndrome. Especially, post-acute COVID-19
is defined as ongoing symptomatic COVID-19 for patients who still have
symptoms between 4 and 12 weeks after the start of acute symptoms, on
the other hand, post-COVID-19 syndrome for people who still have
symptoms for more than 12 weeks after the start of acute symptoms [8].

Care and management for COVID-19 patients do not conclude after
acute infection but continue in the outpatient setting. Consequently, a
large amount of time and resources will be needed to help clinicians
understand and manage long-term COVID-19 sequelae. In view of the

Abbreviations: COVID-19, coronavirus disease 2019; MERS, Middle East respiratory syndrome; ICU, Intensive care unit; CT, computed tomography; CMR, cardiac
magnetic resonance; CTA, computed tomography angiography; DM, diabetes mellitus; Al, Artificial intelligence; DL, Deep Learning; ML, Machine Learning.
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Fig. 3. A 68-years old male patient presented with fever, dyspnea and cough diagnosed as positive for COVID-19 by PCR. HRCT chest three month after the diagnosis
(Fig. 3a) showing bilateral interlobular thickening with scattered reticular and ground glass infiltration. Follow-up HRCT was done 6 months from start of symptoms
revealing a worsening with bilateral fibrotic-like changes, represents by parenchimal bands and peri-bronchial thickening (Fig. 3b).

multi-organ involvement during post-COVID-19 syndrome, an inter-
disciplinary approach is mandatory, where clinical and laboratory
data must be embedded with the radiological data (Fig. 2).

This scenario is a new future frontier for artificial intelligence (AI)
such as its ability to join office-based, laboratory-based, and image-
based data. We provide a review of the current literature on post-
COVID-19 syndrome, its clinical presentation, and imaging-based
diagnosis. Finally, we discuss the potential role of the multi-
disciplinary approach with the support of Al.

2. Respiratory system
2.1. Clinical manifestations

The lung is a predominant organ involvement during COVID-19
infection [1], but data on residual lung damage are still scarce.
Among COVID-19 survivors several pulmonary manifestations, ranging
from cough to dyspnea, have been described [9]. Previous studies
evaluating SARS 2002/2003 outbreak showed that 27,8 % of patients
presented persistent lung functional deficit at 1-year follow-up [10].
Similarly, a decreased lung function and sign of pulmonary fibrosis have
been demonstrated during the Middle East respiratory syndrome
(MERS) in up to 33 % of patients [11].

Similar findings were described following SARS-COV 2 infection. A
multicenter European study showed an impaired performance status in
41 % of survivors and persisting symptoms such as dyspnea in 36 % of
survivors 100 days after COVID-19 onset [12]. In detail, the authors
reported a reduction in forced vital capacity and/or forced expiratory
volume in 1 s in 22%, a reduced total lung capacity in 11%, and an
impaired diffusing capacity of the lung for carbon monoxide in 21% of

all survivors [12]. Huang et al investigated the long-term health con-
sequences in 1733 discharged patients with COVID-19, reporting a
lower median 6-min walking distance than normal reference values in
24 % patients at 6 months [13]. Further analysis showed the charac-
teristic of patients with persistent lung injuries, including male, over-
weight, comorbidity, oxygen therapy, intensive care unit (ICU)
admission, and invasive mechanical ventilation [14].

2.2. Imaging features

Computed tomography (CT) imaging revealed pulmonary alteration
in 63 % of survivors, including ground-glass opacities, consolidation,
and reticulation with bilateral involvement in 75 % of survivors under
analysis [12].

The document from the European Society of Thoracic Imaging and
the European Society of Radiology discussed the CT features in COVID-
19 survivors at discharge and during the follow-up[15]. The authors
proposed a glossary of appropriate definitions to describe the lung ab-
normalities post-COVID-19 pneumonia, which include, for example, the
term “fibrotic-like changes” representing potential precursors of fibrosis,
but with a high probability of resolving over time[15].

Fig. 3 showed an example of pulmonary fibrosis in Long-COVID
patients.

Given the high number of infected patients with SARS-COV2,
persistent functional deficits described are likely to represent a signifi-
cant disease burden. Therefore, prompt therapy may prevent potentially
permanent fibrosis and functional impairment.
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Fig. 4. A 21-year-old, normal weight and non-smoker man presented to the emergency department with new onset of acute chest pain, ten days after RT-PCR-
confirmed SARS-COV 2 infection. T2-short tau inversion recovery CMR short axis (Panel a-c) view revealing edema in the antero-lateral segments (red arrow).
Late gadolinium enhancement imaging in a short-axis view demonstrating an intramyocardial scar in the same segment (arrowhead in panel d-f). Follow-up HRCT
was done 3 months from start of symptoms showing a persistence edema (arrow in panel i) and intramyocardial scar (arrowhead in panel i) in lateral apical segment

(arrow in panel 1).

2.3. Diagnostic work-up

The British Thoracic Society provided guidance for the respiratory
follow-up for patients with COVID-19 pneumonia in two separate al-
gorithms based on the severity of acute COVID-19 infection and ICU
admission required [16]. Both algorithms recommended clinical
assessment, pulmonary function tests, and chest X-rays in all patients at
12 weeks. Subsequently, whether an abnormal chest X-ray and/or
clinical impairment has been observed, a further high-resolution CT is
recommended [16]. Also, NICE guidelines make recommendations for
clinical investigation of patients with long-COVID, including chest X-
rays in patients with persistent pulmonary symptoms [8].

3. Cardiac involvement
3.1. Clinical manifestations

A review of evidence performed by the NICE described the presence
of chest pain and palpitation in 10-44% survivors [17]. In an Italian case
series, Carfi et al. reported the presence of chest pain in up to 20% of
patients 60 days after acute infection [7]. Myocardial injuries have been
described after SARS-COV 2 infection[18]. The psychological, social,
and economic stress related to the COVID-19 was associated with an
increased incidence of stress cardiomyopathy in comparison with pre-
pandemic periods (7,8% vs 1,5-1,8%, respectively) [19]. Also, cardiac
arrhythmias in Long-COVID patients were reported, including atrial
fibrillation, supraventricular tachycardia, complete heart block, and
ventricular tachycardia [20].

3.2. Imaging features

Puntmann et al in a study of 100 patients, who recovered from

COVID-19, described cardiac involvement in 78 % of patients and
ongoing myocardial inflammation in 60 % of patients by cardiac mag-
netic resonance (CMR) independents of preexisting comorbidities, the
severity of the acute illness, and time from the original diagnosis [18].
Native T1 and T2 showed the best discriminatory power to detect
COVID-19 related myocardial damage (AUC of 0,83 and 0,82) [18].

Another CMR imaging study among 26 competitive college athletes
with SARS-COV 2 infection revealed that 46% of enrolled patients had
evidence of myocarditis or prior myocardial injury [21].

Similarly, Clark et al. investigated the presence of cardiac damage by
CMR among soldiers with cardiopulmonary symptoms in the late
convalescent phase of recovery from SARS-CoV-2, reporting the preva-
lence of myocarditis -LGE pattern in 8 % of patients enrolled [22]. See
Fig. 4.

3.3. Diagnostic work-up

The Canadian Cardiovascular Society Rapid Response Team provide
guidance to health care providers for patients who still have symptoms
4 weeks after the start of acute symptoms and (1) persistent or new
unexplained chest pain, (2) shortness of breath, (3) frequent palpita-
tions, and (4) postural lightheadedness. This guideline suggested clinical
examination and non-invasive assessment, including echocardiography,
CT, or CMR to rule out myopericarditis, coronary artery disease,
congestive heart failure, and pulmonary hypertension [17].

4. Vascular complications
4.1. Clinical and imaging features

Recently, elevated D-Dimer and C reactive protein levels have been
reported in 30% and 9,5 % of survivors, respectively [23]. A
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Fig. 5. Coronal T2 fast spin-echo of the olfactory bulb in patient suffering from post-infection anosmia.

retrospective observational cohort study of 163 patients with confirmed
COVID-19 not receiving anticoagulation reported an incidence of
thrombosis, including arterial and venous events, of 2,5 % (95% CI,
0,8% to 7,6%) at day 30 after discharge. The same study revealed
hemorrhagic events during the follow-up period (6 of 163; 3,7%) [24].
Despite recovery from COVID-19 infection, survivors may still live
thrombosis due to endothelial dysfunction with a high prevalence of
pulmonary vascular dysfunction[16].

4.2. Diagnostic work-up

In view of this emerging signal, the British Thoracic Society suggests
a computed tomography angiography (CTA) in patients with suspected
pulmonary embolism [16]. Another follow-up algorithm for the inves-
tigation of patients after COVID-19 is proposed by Dwahan et al. with
perfusion imaging as a key tool in the triage tree, including VQ scin-
tigraphy and dual-energy CT [25]. Also, high-performance low field MRI
may provide a morphology and function assessment in a single exami-
nation without the need to apply intravenous contrast agents or a ra-
diation exposure [26].

5. Neurological sequelae
5.1. Clinical manifestations

Persistent neurological symptoms have been reported in COVID-19
survivors [27] similar to chronic post-SARS and MERS syndrome [28].
The symptoms include headaches, fatigue, hyposmia, hypogeusia,
cognitive impairment, sleep disorders, pain, and Guillain-Barré syn-
drome [27-29].

Graham et al. investigated the neurological manifestation in 100
non-hospitalized COVID-19 survivors, reporting brain fog (81%),
headache (68%), numbness (60%), dysgeusia (59%), anosmia (55%),
and myalgias (55%) [30]. See Fig. 5. In a prospective study of 6-months
outcomes of COVID-19 patients, abnormalities in cognitive and func-
tional outcomes were reported in >90 % of survivors. The outcomes
were assessed with different scales, such as the modified Ranking scale,
Barthel index (for activities of daily living), and Quality of Life in
Neurological Disorder (a measurement of anxiety, depression, fatigue,
and sleep disorders). In a multivariate analysis, persistent neurological
manifestations were independent predictors of impaired activities of
daily living and were inversely associated with return to work [31].

COVID-19 survivors have reported a spectrum of persistent or

presenting psychiatric symptoms after initial infection, with a high
prevalence in the initial phase after discharge[32]. In a cohort of 126
COVID-19 survivors, 31%, 22,2%, and 38,1% of them suffered stress,
anxiety, and depression, respectively [32]. Another study by Mazza et al.
screened 402 COVID-19 survivors one month after hospital, reporting
approximately 56 % of patients that suffered from psychiatric sequelae
[33]. A study published in Lancet Psychiatry evaluated a cohort of
236,379 COVID-19 survivors and a control group among patients with
another viral influenza, reporting an incidence of neurological and
psychiatric disorders of 33 % in COVID-19 group, with higher values in
comparison with a control group [34].

5.2. Imaging features

A recent prospective study on brain MRI findings indicated that
COVID-19 survivors with no specific neurological symptoms exhibited
brain microstructure abnormalities and a decrease in cerebral blood
flow after a 3-months follow-up [35]. The MRI changes were more
extensive in patients with severe COVID-19 and highly correlated with
the level of inflammatory markers, suggesting an inflammatory storm
induced by the immune response as the main underlying mechanism
[35].

Similarly, Huang et al. investigated the long-term white matter
change in recovered COVID-19 patients at the one-year follow-up by
using conventional diffusion tensor imaging, diffusion kurtosis imaging,
and neurite orientation dispersion and density models[36]. The authors
showed lower axonal density with no significant decline in cognitive
function in COVID-19 survivors in comparison with healthy subjects. In
addition, patients admitted to intensive care unit and/or required longer
hospital stays had more white matter alterations[36].

5.3. Diagnostic work-up

Various guidelines treated long-Covid-19 management or have
included a recommendation for long-COVID in their guidelines for
COVID-19, NICE guidelines suggested a multidisciplinary approach to
identify, refer, and treat these patients [37]. In this scenario, also im-
aging should play a crucial role. Nuzzo et al. proposed an MRI control of
the brain in the management of long-COVID-19 patients with suspected
neurological sequelae, in order to assess the potentially neuronal
degeneration due to microvascular disorders [38,39].
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6. Abdominal involvement

Various abdominal manifestations were reported in COVID-19 sur-
vivors, including renal, digestive, and metabolic sequelae. In a cohort of
287 survivors from COVID-19, approximately 1,4 % of patients experi-
enced renal failure in long-term follow-up [40]. At 6 months after acute
infection, 35% of COVID-19 survivors demonstrated a decreased esti-
mated glomerular filtration rate[13]. More importantly, the study re-
ported that 13 % of patients developed a new-onset reduction of
estimated glomerular filtration rate after acute infection [13].

The prospective COVERSCAN study evaluated the medium-term
organ impact of the long-COVID syndrome in different organs,
including kidneys (4%), liver (28%), pancreas (40%), and spleen (4%),
with single-organ and multiorgan impairment in 70% and 29%,
respectively [4]. A Chinese study evaluated a 2-month follow-up in 253
discharged COVID-19 patients, showing that liver enzymes, such as ALT,
AST, GGT, and ALP remained elevated two weeks after acute infection
[41]. Similarly, pancreatic abnormalities were reported in COVID-19
survivors. In fact, patients with long-COVID may also experience
endocrinopathy, such as diabetes mellitus (DM) in subjects without
known DM prior to the acute infection [42]. A possible mechanism
explaining the occurrence of DM may be related to the cytolytic effect of
SARS-COV 2 on pancreatic f-cells [43]. In a retrospective cohort study of
three data sources from a large United States health plan, among 193
113 discharged COVID-19 patients, new-onset DM was one of the most
common clinical sequelae a median follow-up of 3 months [44].

7. Role of the Al

In the era of modern medicine, artificial intelligence (Al) is a growing
field of interest in diagnostic imaging due to technological innovations
that have led to constant development [45,46].

During the pandemic, the number of imaging investigations

performed has been increasing dramatically and it will continue to grow
due to the persistent symptomatology in Long-COVID patients [47]. Al
has numerous potential applications in diagnostic imaging, including
image analysis, decision-making, and prognosis prediction [48] (Fig. 6),
and has been widely used in the fight against the COVID-19 pandemic
[49-52].

7.1. Al for detection and grading

For example, Al has been shown to be able to differentiate COVID-19
pneumonia from community-acquired pneumonia and other lung con-
ditions [53,54]. A deep learning model achieved high sensitivity (90%)
and high specificity (96%)in the detection of COVID-19 using chest CT
with an area under the curve of 0.96 and an average time for each CT
scan of 4,51 s[53]. In addition, an Al algorithm can identify patients who
developed severe COVID-19 symptoms [55,56]. Quiroz-Juarez has
presented a study for the early identification of high-risk patients among
those exposed to the SARS-COV-2 virus, using a supervised artificial
neural network[55]. The machine learning models were trained using
comorbidities, patient demographic data, as well as recent COVID-19-
related medical information. The authors reported that the disease
outcome can be predicted with specificity greater than 82%, sensitivity
greater than 86%, and accuracy greater than 84%(55].

After the COVID-19 pandemic, an increasing number of survivors
continue to battle the symptoms of the disease. Various studies have
found that a fraction of COVID-19 survivors developed fibrotic abnor-
malities [12,57]. Zou et al. evaluated an Al-assisted chest CT technology
to quantitively measure the extent and the degree of pulmonary
inflammation in 239 patients that developed pulmonary fibrosis after
COVID-19 pneumonia at 30, 60, and 90 days after discharge [58]. The
authors reported that the Al inflammation score showed a good corre-
lation with the quantitative pulmonary fibrosis score, concluding that
Al-assisted chest CT technology may provide qualitative and
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Table 1
Previous studies regarding potential role of Artificial Intelligence in long-COVID-19 assessment.
Authors Number Date Research Results
(patients) published

Diagnosis and Zou et al. 239 2021 Evaluated an Al-assisted chest CT technology to Al inflammation score showed good correlation with
stratification of quantitively measure the extent and the degree the quantitative pulmonary fibrosis score
patients with of pulmonary inflammation
pulmonary fibrosis Christe 104 2019 Investigated the performance of an Al-based Al-based model achieved similar accuracy in

et al. models for the automatic classification of comparison with human readers: 0.81, 0.70, and 0.81,
idiopathic interstitial pneumonias into respectively
radiological CT pattern
Maékeldetal 71 2021 Investigated ad Al model with a deep Al-based model demonstrated median values for false
convolutional neural network to find positive, false negative, error, precision, sensitivity,
histological features with a prognostic role in and F1 score were 1.4% (range of 0%-6.7%), 1.0%
patients with idiopathic pulmonary fibrosis (range of 0.1%-5.2%), 2.9% (range of 0.6%-9.9%),
54.5% (range of 7.3%-98.2%), 65.2% (range of 7.0%—
87.3%), and 55.7% (range of 7.4%-85.5%),
respectively.

Grading and Wang et al 1051 2021 Evaluated a deep-learning model that combined  The prediction model achieved a C-index of 0.80 with
stratification of long CT imaging and clinical data to predict future an AUC of 0.82, 0.81, and 0.83 for prediction of
COVID-19 deterioration to critical illness in those patients progression risk at cutoff values of 3, 5, and 7 days,
involvement respectively. Therefore, this Al-based model

demonstrated the ability to stratify the patients into
high-risk and low-risk groups with distinct
progression risks (p < 0.0001)

Create Al trained models ~ Tesche etal 361 2021 Investigated the prognostic value of coronary Implementation of coronary CTA plaque features
to aid in predicting CTA features and clinical parameters on major together with clinical information to a ML model
outcomes cardiac adverse events provide better risk stratification (AUC 0,96) compared

to conventional CT risk score (AUCs 0,79-0,89),
plaque features (AUCs 0,72-0,82) and traditional
cardiovascular risk score (AUCs 0,52-0,76)
Quiroz- 475 2021 Investigated a ML models for the early The authors reported that the disease outcome can be
Juarez et al identification of high-risk patients among those predicted with a specificity greater than 82%, a
exposed to the SARS-COV-2 virus sensitivity greater than 86%, and an accuracy greater
than 84%.
Souza et al. 13 690 2021 Explored a ML algorithms make a prognosis or Artificial intelligence model showed a ROC area under
early identification of patients at increased risk curve (AUC) of 0.92, a sensitivity of 0.88, and a
of developing severe COVID-19 symptoms specificity of 0.82.
Motwani et 10,030 2017 ML approach to predict all-cause of mortality in ~ Machine learning showed an AUC of 0,79 for
al patients with suspected CAD prediction of 5-year all-cause mortality
Al’ Aref et 13,054 2020 ML-model, incorporating clinical factor and the =~ Machine learning with coronary calcium score
al coronary calcium score to predict the presence showed an AUC of 0,881 to predict the present of CAD
of obstructive coronary artery disease
Lal et al. 70 2020 Al algorithm to develop a predictive model for Artificial intelligence model showed an AUC of 0,86 to
adverse neurologic events in patients with predict major adverse neurologic events
carotid atherosclerosis
Van 8844 2018 ML- based algorithm, including degree of Machine learning model demonstrated an AUC of
Rosendal coronary stenosis and plaque composition to 0.7707 to provide risk stratification.
et al. improve risk stratification.
Gupta et al 180 2021 Proposed a hybrid ML-model to identify patients ~ The results show 93,23% accuracy, 95,74%
at risk of heart disease post-COVID-19 illness. specificity, 95,24% precision, and 92,05 recall73

Detection of pulmonary Soffer et al. 36,847 2021 Performed a systematic review of applying deep ~ The application of deep learning achieved pooled

embolism learning for the diagnosis of pulmonary sensitivity and specificity for PE detection were 0.88
embolism on CT (95% CI 0.803-0.927) and 0.86 (95% CI
0.756-0.924), respectively.

Predict the structure of Senior et al. 2020 Evaluated a deep-learning approach to protein Demonstrated that a deep-learning model can provide
protein and analyze structure prediction accurate prediction of the protein structure.
genomic mutations Pfab et al. 2021 Evaluated a fully automated deep learning The average percentage of matched model residues is

algorithm to determine the protein structure on ~ 84% for Deep learning model and 49.8% for the
a dataset of coronavirus-related cryo-EM maps previous automatic tool.
Lopez- 2021 Proposed a deep-learning algorithm that was The authors reported an accuracy above 95 %, with
Rincon able to deliver the primer sets for COVID-19 two exceptions, in particular for the variants P1-2
variants with an accuracy of 88.99 % and for B.1.1.519 with
60.40% for the forward primer, and 64.32% for the
reverse primer
Haimed 2022 Evaluated an Al approach to discover the Al models achieved an accuracy of 72% to predict the

patterns and evolution behavior of SARS-CoV-2

next evolved sequence

quantitative data to analyze the long-term evolution of pulmonary

fibrosis [58].

In addition, AI has already proven to be an excellent tool in the
diagnosis and stratification of patients with pulmonary fibrosis [59,60].
Christe et al. investigated the performance of Al-based models for the
automatic classification of idiopathic interstitial pneumonia into
radiological CT patterns, based on chest CT scans and clinical markers in
comparison with two expert readers[59]. This model achieved similar

respectively [59].

accuracy in comparison with human readers: 0,81, 0,70, and 0,81,

Wang et al. evaluated a deep-learning model that combined CT im-
aging and clinical data in a multi-institutional international cohort of
1051 COVID-19 patients with the purpose to predict future deterioration
to critical illness in those patients [61]. The prediction model achieved a
C-index of 0,80 with an AUC of 0,82, 0,81, and 0,83 for prediction of
progression risk at cutoff values of 3, 5, and 7 days, respectively. This
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model demonstrated the ability to successfully stratify the patients into
risk score group [61]. We can speculate that an Al-trained model
combining imaging-based and clinical-based data might predict the
persistence of symptoms and lung progression abnormalities in long-
COVID patients.

7.2. Al for cardio-vascular complications

It is well known that SARS-COV-2 involved microcirculation, leading
to endothelial cell and pericytes damage, micro-thrombosis, and capil-
lary congestion that may contribute to persisting COVID-19 symptoms
[62]. In addition, the pro-inflammatory state caused by SARS-COV-2 is
considered a trigger in promoting plaque vulnerability [63,64].

Mohamud et al. described a case series of 6 patients with COVID-19
presenting to the emergency department with acute ischemic infarction
due to intraluminal carotid artery thrombus [64]. Similar findings have
also been described for coronary artery disease [65], given the rela-
tionship between carotid and coronary atherosclerosis [66]. The appli-
cation of Al algorithms in cardiovascular imaging is an evolving field
that has shown to be an efficient tool for the diagnosis of atherosclerotic
disease as well as for plaque characterization [45]. Various Al-trained
models that combined imaging data and clinical risk factors have been
applied to aid in predicting outcomes [67-71]. For example, Tesche et al.
developed a ML-model, incorporating CT plaque features and clinical
parameters to predict the presence of major cardiac events, achieving a
better risk stratification (AUC 0,96) compared to conventional CT risk
score (AUCs 0,79-0,89), plaque features (AUCs 0,72-0,82) and tradi-
tional cardiovascular risk score (AUCs 0,52-0,76) [71]. The study by
Gupta et al. focused on the identification of patients at risk of heart
disease post-COVID-19 illness[72]. In their work, the authors train an
ML approach based on stacking ensemble from historical and clinical
variables. The results show 93,23% accuracy, 95,74% specificity,
95,24% precision, and 92,05 recall[72].

Al system may also have a significant impact on pulmonary embo-
lism detection [73], a condition that may be present in the clinical
progression of COVID-19 patients during acute infection [2], as well as
in the follow-up [74]. A recent meta-analysis investigated the diagnostic
performance of deep learning algorithms for the diagnosis of pulmonary
embolism using CT, demonstrating a sensitivity and specificity of 0,88
and 0,86, respectively [73].

7.3. Al for control measures and genome analysis

Al can be harnessed for forecasting the spread of the virus and
developing control measures by analyzing the change in the infectious
capacity of virus carriers within a few days after infection [75], pre-
dicting the long-term trend of the COVID-19 outbreak [76].

Al models can also help to predict the structure of protein essential
for the replication of the virus. A recent study published in Nature in
2020 evaluated a deep-learning approach to protein structure prediction
with the purpose to understand the fold shape, the detailed side-chain
configurations in binding regions as well as to target mutations to
destabilize the protein, improving the biological insight [77]. Deep-
Tracer, a fully automated software based on a customized deep con-
volutional neural network, was used to derive macromolecules’ 3D maps
at a near-atomic resolution of SARS-COV-2 from electron cryomicro-
scopy [78]. Deep learning algorithms can also analyze genomic muta-
tions in the coding regions of SARS-CoV-2 and their probable protein
secondary structure with the purpose to predict the possible virus
transmissions between patients, tracking the evolution, and the world-
wide spread of the virus [79]. Similarly, Haimed et al. evaluated an Al
approach to discover the patterns and evolution behavior of SARS-CoV-2
with a comparison to other viral families, including Orthomyxoviridae,
Retroviridae, Filoviridae, Flaviviridae, and Coronaviridae, reporting an
accuracy of 72% to predict the next evolved sequence [80]. An ML al-
gorithm to define the aberrant host immune response in COVID-19
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patients was explored by Sahoo et al., reporting a common host immune
response in all viral pandemics, namely Vip signature, and a subset of 20-
genes classified disease severity (i.e severe Vip signature)[81]. This
signature may be a powerful tool to assess disease severity, providing a
quantitative and qualitative framework for the assessment of the im-
mune response in viral pandemics[81].

An emerging issue is the rapid spread of COVID-19 variants with
serious concerns to global health, it is important to be able to promptly
identify and detect these emerging variants. Perez-Romero et al. pro-
posed a deep-learning algorithm that was able to deliver the primer sets
for each variant, reporting an accuracy above 95 %, with two excep-
tions, in particular for the variants P1-2 with an accuracy of 88,99 % and
for B.1.1.519 with 60,40% % for the forward primer, and 64,32% for the
reverse primer [82].

Table 1 summarized previous research regarding the potential role of
Al in long-COVID 19 patients.

8. Conclusion

The multi-organ involvement of COVID-19 beyond the acute infec-
tion is now recognized in a fraction of the patients, namely “long-
COVID”. Given the high number of patients affected by COVID-19 and
many patients with symptoms suggestive for long-COVID, early identi-
fication and management are vital to improving patient outcomes. In the
near future, the adoption of Al may greatly enrich daily clinical practice
with the promise to provide solutions to the physician interrogations of
risk stratification and the clinical progression of COVID-19 patients.
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