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A B S T R A C T   

Background: One of the main problems in poorly controlled asthma is the access to the Emergency Department 
(ED). Using a machine learning (ML) approach, the aim of our study was to identify the main predictors of severe 
asthma exacerbations requiring hospital admission. 
Methods: Consecutive patients with asthma exacerbation were screened for inclusion within 48 hours of ED 
discharge. A k-means clustering algorithm was implemented to evaluate a potential distinction of different 
phenotypes. K-Nearest Neighbor (KNN) as instance-based algorithm and Random Forest (RF) as tree-based al
gorithm were implemented in order to classify patients, based on the presence of at least one additional access to 
the ED in the previous 12 months. 
Results: To train our model, we included 260 patients (31.5% males, mean age 47.6 years). Unsupervised ML 
identified two groups, based on eosinophil count. A total of 86 patients with eosinophiles ≥370 cells/µL were 
significantly older, had a longer disease duration, more restrictions to daily activities, and lower rate of treatment 
compared to 174 patients with eosinophiles <370 cells/μL. In addition, they reported lower values of predicted 
FEV1 (64.8±12.3% vs. 83.9±17.3%) and FEV1/FVC (71.3±9.3 vs. 78.5±6.8), with a higher amount of exacer
bations/year. In supervised ML, KNN achieved the best performance in identifying frequent exacerbators 
(AUROC: 96.7%), confirming the importance of spirometry parameters and eosinophil count, along with the 
number of prior exacerbations and other clinical and demographic variables. 
Conclusions: This study confirms the key prognostic value of eosinophiles in asthma, suggesting the usefulness of 
ML in defining biological pathways that can help plan personalized pharmacological and rehabilitation 
strategies.   

1. Introduction 

Asthma is a respiratory disease with a wide spectrum of clinical 
presentations. The prevalence in adults is 8.2% and 9.4% in children in 
the European Union [1]. Severe asthma is a clinical condition affecting 
patients with different characteristics but similar medical needs. One of 
the main problems with poorly controlled asthma is the need for access 
to an emergency department (ED), which places a heavy economic 
burden on health care systems, given that each emergency visit costs on 

average 5-fold more than an outpatient visit for asthma [2]. Despite this 
heavy social and economic burden, a relatively low number of studies 
has been specifically designed to identify the factors associated with 
hospital admission in severe asthma patients [3,4]. If psychological 
dysfunction has been occasionally proposed as the strongest factor 
predicting frequent exacerbations [5], most literature evidence suggests 
an association between elevated blood or sputum eosinophil counts and 
severe exacerbations in patients with uncontrolled asthma [6], partic
ularly in the presence of elevated baseline levels of fractional exhaled 
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nitric oxide (FeNO) [7]. However, while these biomarkers of type 2 
inflammation have been reported as the strongest predictors also in 
other studies [8], one of the largest population-based articles on this 
topic suggests that, regardless of disease severity and therapy adherence, 
prior exacerbations represent the best predictor of future events [9]. 
Overall, despite prediction scores and current guidelines [10], severe 
exacerbations still remain a major issue in asthma management, highly 
impacting prognosis and quality of life. 

Recently, the usefulness of artificial intelligence in medical research 
has been widely demonstrated and reported in the literature [11–14]. 
Unlike conventional statistical models which draw population in
ferences from a sample, machine learning (ML) is able to find general
izable predictive patterns [15]. Thus, ML has the potential to manage 
large and heterogeneous sources of data, identifying new patterns and 
predicting outcomes [15]. Given the above, both supervised and unsu
pervised ML have been effectively applied to explore asthma, with the 
aim of identifying phenotypes and comparing clinical characteristics 
and comorbidities [16,17]. However, to the best of our knowledge, ML 
has never been applied to exploring clinical patterns related to the 
severity of asthma exacerbations. 

Thus, using a ML approach, the aim of our study was to identify the 
main predictors of severe asthma exacerbations requiring hospital 
admission. 

2. Methods 

We designed a prospective cohort study of asthma patients with 
recent exacerbation in the Campania Region, Italy. 

2.1. Study population 

From 2018 to 2019, consecutive asthmatic patients referring to the 
Respiratory Unit of the A.O.R.N. dei Colli, Naples, Italy, within the first 
48 hours after discharge from an acute care setting, they went to for a 
recent asthma exacerbation, were screened for study entry according to 
inclusion and exclusion criteria. Inclusion criteria were: age ≥18 years; 
history of asthma; recent visit to the ED for an acute asthma attack. 
Patients were excluded in the presence of one of the following criteria: 
history of chronic obstructive pulmonary disease (COPD) or interstitial 
lung disease; previous lung surgery; history of drug or alcohol abuse; 
inability to understand the informed consent or poor compliance with 
the study procedures. Patients with missing data for the outcome of 
interest were excluded from the study. 

The study was conducted following the Strengthening the Reporting 
of Observational Studies in Epidemiology (STROBE) reporting guide
lines [18]. All patients signed written informed consent for voluntary 
participation to use their de-identified data, and the study was approved 
by the Institutional Review Board of SUN-A.O. dei Colli, Naples, Italy, 
with reference number 2018-002266-45. 

2.2. Study procedures 

After signing the informed consent, the main demographic and 
clinical data were collected for all patient, including age of asthma 
onset, disease duration, frequency of exacerbations, therapies, smoking 
habit, allergy, family history, and comorbidities (e.g., obesity, gastro- 
oesophageal reflux disease, bronchiectasis, nasal polyposis, chronic 
sinusitis). Moreover, each patient underwent functional assessment and 
spirometry with a Master Screen Body Jaeger-Carefusion spirometer 
(22745 Savi Ranch Parkway, Yorba Linda, CA, USA) following the 
American Thoracic Society (ATS) and the European Respiratory Society 
(ERS) Task Force Standardisation of Lung Function Testing [19]. All 
patients were instructed to avoid the use of inhaled short- and long-
acting bronchodilators for ≥12 hours before testing. Forced expiratory 
manoeuvres were judged to be acceptable if they met or exceeded the 
ATS criteria [19]. The best forced expiratory volume in 1 second (FEV1) 

and forced vital capacity (FVC) were selected for data analysis. The 
FEV1/FVC ratio was calculated. Data on eosinophil counts (cells/μL) at 
the time of ED access, prior to initiating any asthma exacerbation 
therapy, were extracted from regional electronic health records. 

2.3. Unsupervised ML analysis 

Preliminary assessments using MATLAB software (v. 2021b; Math
Works, Natick, MA, USA) and unsupervised ML using the KNIME Ana
lytics Platform (v. 4.5.0; KNIME, Zurich, Switzerland) were performed. 
Previous biomedical studies in the literature have demonstrated the 
effectiveness of KNIME, which allows workflows to be developed to 
implement ML analyses with good results in cardiology [20] and other 
clinical settings [21,22]. 

A k-means clustering algorithm was implemented to evaluate 
whether a potential distinction could be identified between different 
phenotypes depending on the clinical and respiratory parameters of 
patients with asthma. k-means is an unsupervised iterative algorithm 
that identifies k clusters assigning n similar data to them through 
minimization of the in-cluster sum of squares, and each cluster is rep
resented by a centroid [23]. The optimal number of clusters was 
determined using the silhouette criterion, which assigns a score ranging 
from − 1 to 1 to the appropriateness of clustering depending on how well 
separated and clearly distinguished the groups are [24]. Then, multi
dimensional data were mapped and visualized in a two-dimensional set 
using a parallel coordinates plot. In particular, the names of clinical 
variables were reported on the x-axis and their values on the y-axis, with 
each line of the graph plotting the value of each variable of a clustered 
subject. This may allow to compare the features of several individuals on 
a set of numeric variables and to understand whether or not there is a 
discrimination among them. 

2.4. Supervised machine learning analysis 

Binary supervised classification learning was performed in KNIME 
using a leave-one-out cross validation. k-nearest neighbour (KNN, an 
instance-based algorithm) and random forest (RF, a tree-based algo
rithm) were implemented to classify the patients based on the presence 
of at least one additional visit to the ED in the previous 12 months. Tree- 
based learning algorithms use decision tree classifiers and are particu
larly suitable for target problems with discrete values, in addition to 
being robust to errors and imbalance. Instance-based learning algo
rithms perform classification depending on the similarity of instances 
and associating similar neighbours in terms of attributes, thus allowing 
the identification of phenotypes with analogue characteristics. 

KNN is one of the simplest but most effective classification methods 
that defines groups of k similar samples according to a query point in the 
features space, measuring the similarity by the distance in the neigh
bourhood [25]. RF is an ensemble learning algorithm that combines the 
predictions of a high number of decision trees according to the bagging 
technique, performing a randomization. 

Finally, the importance of the features was computed to identify the 
most relevant features in the classification through information gain 
(IG). IG is an entropy-based feature evaluation method, which considers 
how much information a feature can provide and how much this feature 
can be used in the classification process. The IG of all the features was 
normalized and expressed as a percentage to calculate the contribution 
of each feature to the prediction. 

Performances were evaluated in terms of accuracy, sensitivity, 
specificity and area under the receiver operating characteristics curve 
(AUROC). 

2.5. Statistical analysis 

The SPSS software (v. 27.0, IBM, Armonk, NY, USA) was used for the 
statistical analyses. A t test for independent samples was performed to 
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compare demographic and clinical features with normal distribution. 
Otherwise, a Mann-Whitney U test was used. Normality of the data was 
assessed with the Kolmogorov-Smirnov test and then Levene’s test was 
performed for normally distributed data to assess the homoscedasticity 
of variances between groups. 

3. Results 

A total of 260 patients with an asthma exacerbation (31.5% male; 
mean age, 47.6 years) were enrolled. The main characteristics of the 
study population are reported in Table 1. All patients had been treated in 
the ED with a single intramuscular or intravenous injection of betame
thasone 4 mg or methylprednisolone 40 mg, respectively, while, at the 
time of study enrolment, an ongoing therapy with inhaled corticoste
roids (ICS) was documented in 161 patients, using a daily dose of 
budesonide or equivalent of 200-800 μg/day in combination with LABA 
(formoterol, 6–24 μg/day, or salmeterol, 12–24 μg/day) or LABA plus a 
leukotriene receptor antagonist (montelukast, 10 mg/day) (Supple
mentary Table 1). 

Overall, the dataset was composed of 260 instances and 9 numerical 
features for unsupervised ML (Supplementary Table 1). The optimal 
number of clusters was obtained for k = 2, as demonstrated by the 
silhouette coefficients related to the number of clusters from 2 to 4; the 
silhouette score for k = 2 was 0.78, and 0.73 and 0.67 for k = 3 and k =
4, respectively. The parallel coordinates plot highlighted that the 
eosinophil counts well discriminated and separated two clusters (Fig. 1). 
Thus, two groups were identified, depending on whether their eosino
phil count was greater or less than 370 cells/μL. As shown in Table 2, 86 
patients with an eosinophil count ≥370 cells/μL (mean, 530.81 ±
127.29 cells/μL) were significantly older, had a longer disease duration, 
more restrictions to daily activities, and lower rate of treatment and ICS 
use compared with 174 patients with an eosinophil count <370 cells/μL 
(mean, 196.56 ± 84.33 cells/μL). In addition, patients with a higher 
eosinophil count reported lower values of FEV1 (64.8 ± 12.3 % pre
dicted vs. 83.9 ± 17.3 % predicted, p < 0.001) and FEV1/FVC (71.3 ±
9.3 vs. 78.5 ± 6.8, p < 0.001), with a significantly higher number of 
exacerbations per year (5.3 ± 2.2 vs. 3.18 ± 2.1, p < 0.001) (Fig. 2). 

Supervised ML was then used to classify patients based on the 
presence of at least one additional visit to the ED in the previous 12 
months. In this case, the dataset was composed of 260 instances and 19 
features, of which 9 were numerical variables and 10 were nominal 
attributes transformed in binary variables (Supplementary Table 2). As 
shown in Table 3 and Supplementary Figure 1, KNN achieved the best 
performance with an accuracy of 98.5% (95%CI: 96.1–99.4), a sensi
tivity of 98.7% (95% CI: 96.2–99.6), a specificity of 96.7% (95% CI: 
83.3–99.4), and an AUROC of 96.7% (95% CI: 83.3–99.4). On the other 
hand, RF exhibited low specificity (40.0%) and high accuracy (92.3%), 
due to an imbalance in the data, thus confirming overfitting (Supple
mentary Figure 2). 

The 10 most important features for predicting an additional visit to 
the ED with the corresponding importance rankings are reported in 
Table 4. When stratifying these features based on the presence/absence 
of the target characteristic, we documented significant differences be
tween the two groups. In particular, frequent exacerbators were older 
(51.43 ± 8.3 years vs. 47.04 ± 14.3 years, p = 0.017), with lower FEV1/ 
FVC values (69.3 ± 13.5 vs. 77.0 ± 7.1, p = 0.004), higher frequency of 
nasal polyposis (46.7% vs. 15.7%, p < 0.001) and lower frequency of 
allergy (26.7% vs. 49.6%, p = 0.018). A trend towards lower FEV1 values 
(p = 0.056) was also documented (Table 5). 

4. Discussion 

In this study, a ML approach was used to identify the main charac
teristics related to severe asthma exacerbations requiring ED admit
tance. In our study population, unsupervised ML revealed the prominent 
role of eosinophil counts in discriminating two phenotypic clusters 
among asthma patients who had access to the ED, with a more severe 
pattern for those who exhibited eosinophil counts greater than 370 
cells/μL. Moreover, based on the presence of at least one additional 
access to the ED in the previous 12 months, supervised learning iden
tified a model with a good performance, in which eosinophil count was 
confirmed as one of the most important features of frequent exacer
bators, along with the number of prior exacerbations, pulmonary func
tion parameters and other clinical and demographic variables. 

The identification of the biological pathways that are predominant in 
asthma patients with frequent exacerbations is still a matter of debate 
[26]. Several cross-sectional and longitudinal studies identified circu
lating and sputum eosinophil counts as the main risk factors for exac
erbations, also suggesting a role for FeNO as an additional biomarker of 
type 2 inflammation [5,27,28]. Overall, the prognostic role of eosinophil 
count in asthma has been widely documented. In one of the largest 
observational studies on over 130,000 asthmatics, patients with blood 
eosinophiles greater than 400 cells/μL experienced more severe exac
erbations and had poorer asthma control [29]. Other observational 
studies using the same cut-off value reported similar findings [30–32], 
thus confirming the key role of monitoring eosinophil count to maintain 
a good asthma control. On the other hand, when analysing the Severe 
Asthma Research Program-3 (SARP-3) population, Peters et al [33] 
failed in demonstrating a strong association between eosinophil counts 
and the frequency of exacerbations, while suggesting that prior exac
erbations may represent the strongest predictor of subsequent additional 
events. Moreover, they identified a number of clinical and demographic 
variables (e.g., age, female gender, body mass index, diabetes, spirom
etry parameters) that somehow impacted the risk of exacerbations. The 
fact that neither blood or sputum eosinophil count nor FeNO differed 
when stratifying patients according to exacerbation rate may be related 
to differences in asthma severity or treatment regimens in their study 
population but, nevertheless, it raises the question of the need for spe
cifically designed population-based studies and alternative methods for 
identifying hidden patterns of exacerbation-prone asthma [26]. 

In recent times, the growing popularity and applicability of ML in 
medical research has been observed, as ML is able to handle large and 
heterogeneous data sources, identifying new patterns and predicting 

Table 1 
Characteristics of patients with asthma exacerbation attending the emergency 
department.   

Patients (n¼260) 

Age, years 47.6 ±13.8 
Age at onset, years 31.7 ± 17.3 
Disease duartion, years 16.3 ± 11.7 
FEV1, % predicted 77.6 ±18.2 
FVC, % predicted 86.5 ± 16.7 
FEV1/FVC 76.2 ± 8.4 
Exacerbations, n/year 3.9 ± 2.3 
Males, n (%) 82 (31.5) 
Smokers, n (%) 73 (28.1) 
Former smokers, n (%) 50 (19.2) 
Family history, n (%) 78 (30) 
Restriction to daily activities, n (%) 164 (63.1) 
GERD, n (%) 48 (18.5) 
Bronchiectasis, n (%) 9 (3.5) 
Obesity, n (%) 12 (4.6) 
CS without NP, n (%) 77 (29.6) 
CS with NP, n (%) 40 (15.4) 
ASA-induced asthma, n (%) 7 (2.7) 
Allergy, n (%) 122 (46.9) 
Eosinophil count, cells/μL 307.1 ± 186.0 
ICS, n (%) 161 (61.9) 
No ICS, n (%) 48 (18.5) 
No treatment, n (%) 51 (19.6) 

n: number; FEV1, forced expiratory volume in 1 second; FVC, forced vital ca
pacity; GERD, gastro-esophageal reflux disease; ICS, inhaled corticosteroids; CS, 
chronic sinusitis; NP, nasal polyposis; ASA, acetylsalicylic acid. Data are 
expressed as mean ± standard deviation unless otherwise indicated. 
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outcomes [15]. Therefore, the use of ML in addition to conventional 
statistics has been highly recommended in asthma [26], given the urgent 
need to recognize the biological pathways that are more prevalent 
among frequent exacerbators. Previous evidence on the use of super
vised and unsupervised ML in asthma patients have been reported, 
substantially confirming the key prognostic role of eosinophiles [16,17]. 

It is interesting to highlight that our unsupervised model was able to 
identify a cut-off value of 370 cells/μL, which was not predetermined 
but automatically identified by the computational process, being very 
similar to the value associated with poorer asthma control in other large 
population-based studies [29]. Moreover, in line with previous evidence 
[34], we documented that the participants with higher eosinophiles 
experienced more exacerbations, with worse spirometry parameters and 
pulmonary function, thus confirming the prognostic value of this vari
able. Interestingly, while the presence of atopic conditions and nasal 
polyps were expected to be linked to eosinophilia [35], only nasal pol
yposis was found to be more frequent among patients with higher 
eosinophil counts. Allergy, on the other hand, was less frequent. This 
apparently contrasting result may have different interpretations. First, 
patients with an eosinophil count greater than 370 cells/μL had signif
icantly higher rates of steroid treatment in our study population, 
potentially reflecting the higher need for therapy due to the more severe 
disease pattern, and it is important to highlight that blood eosinophiles 
may not reflect airway eosinophilia in patients with severe asthma 
treated with high doses of steroids [36]. Moreover, although blood eo
sinophils have been identified as a surrogate marker of airway eosino
philic inflammation [37], they may not unconditionally reflect an 
allergic aetiology, as eosinophilic inflammation is not a prerogative of 
atopy [38]. Accordingly, more than half of the participants in our study 
were nonallergic, suggesting that severe eosinophilia may be a charac
teristic related to severity rather than aetiology [39] and thus partici
pating in the debate on what molecular mechanisms may be involved in 
airway eosinophilic inflammation in case of nonallergic asthma [38]. 
While allergen-specific T helper 2 (Th2) cells drive the pathogenesis of 
allergic asthma, it has been demonstrated that high levels of type 2 
innate lymphoid cells (ILC2s) can be found in both nasal polyps and in 
nonallergic asthma [40]. Therefore, two different pathways activated by 
allergen-specific Th2 lymphocytes or non-specific ILC2 may both result 
in an increased interleukin-5 (IL-5) synthesis, which in turn is respon
sible for eosinophilic inflammatory response of the airways [38]. 
Overall, it may be argued that our unsupervised ML model confirmed the 
key prognostic role of blood eosinophil count in asthma exacerbations, 

Fig. 1. Parallel coordinates: each line represents a clustered subject, with clinical features reported on the x-axis and their values on the y-axis. The clusters are 
presented with distinct colours. If a variable can discriminate clustered subjects, all the lines are distinguishable. Otherwise, all the lines are overlapping. 
FEV1, forced expiratory volume in 1 second; FVC: forced vital capacity. 

Table 2 
Main demographic and clinical characteristics of 260 patients with asthma 
exacerbation based on blood eosinophil count.   

Eosinophil ≥ 370 
cells/µL (n=86) 

Eosinophil < 370 
cells/µL (n=174) 

P-value 

Age, years 52.9 ± 10.7 44.9 ± 14.4 <0.001 
Males, n (%) 34 (39.5) 48 (27.6) 0.051 
Age at onset, years 34.5 ± 15.4 30.3 ± 18.1 0.054 
Disease duration, days 19.0 ± 11.8 15.0 ± 11.5 0.010 
FEV1, % pred 64.8 ± 12.3 83.9 ± 17.3 <0.001 
FVC, % pred 77.8 ± 12.5 90.9 ± 16.8 <0.001 
FEV1/FVC 71.3 ± 9.3 78.5 ± 6.8 <0.001 
Exacerbations, n/year 5.3 ± 2.2 3.18 ± 2.1 <0.001 
Smoker, n (%) 26 (30.2) 48 (27.6) 0.802 
Family history, n (%) 8 (9.3) 70 (40.2) <0.001 
Restriction to daily 

activities, n (%) 
75 (87.0) 89 (51.1) <0.001 

GERD, n (%) 19 (22.1) 29 (16.7) 0.289 
Bronchiectasis, n (%) 3 (3.5) 6 (3.4) 0.987 
Obesity, n (%) 7 (8.1) 5 (2.9) 0.057 
CS without NP, n (%) 13 (15.1) 64 (36.8) <0.001 
CS with NP, n (%) 37 (43.0) 3 (1.7) <0.001 
ASA-induced asthma, n 

(%) 
4 (4.7) 3 (1.7) 0.170 

Allergy, n (%) 25 (29.1) 97 (55.7) <0.001 
ICS, n (%) 74 (86.0) 87 (50.0) <0.001 
Non ICS, n (%) 9 (10.4) 39 (22.4) 
No treatment, n (%) 3 (3.5) 48 (27.6) 

n: number; FEV1, forced expiratory volume in 1 second; FVC, forced vital ca
pacity; GERD, gastro-esophageal reflux disease; ICS, inhaled corticosteroids; CS, 
chronic sinusitis; NP, nasal polyposis; ASA, acetylsalicylic acid. Data are 
expressed as mean ± standard deviation unless otherwise indicated. 
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being able to identify a more severe pattern among those who had access 
to the ED, regardless of the allergic or nonallergic aetiology. On the 
other hand, the fact that allergy was less frequent among patients with 
high blood eosinophiles may support – at least in part – the evidence of a 
more severe phenotype and lower response rate to standard therapy for 
patients with nonallergic asthma [41]. 

Interestingly, when a supervised approach was used, eosinophil 
count was confirmed as one of the features related to frequent exacer
bations, along with age, spirometry parameters, prior exacerbations and 
other clinical variables. However, when stratifying participants ac
cording to the presence of at least one additional access to the ED in the 
previous 12 months, no significant difference was found for eosinophil 
count, possibly due to the unbalanced distribution of patients between 
the two groups. An atopic status was also one of the most important 
features, with allergy being less represented in frequent exacerbators. In 
line with the results of the unsupervised approach, this may be consis
tent with the hypothesis of a worse outcome for patients with nonal
lergic asthma [41], further suggesting that eosinophilia is related to 

severity of asthma rather than its aetiology [40]. 
Overall, these results should be considered in light of the current 

scenario, where severe asthma has become a major issue in terms of 
public health and social costs [42]. About 5% of asthma patients expe
rience a severe form, which is resistant to standard therapy and is 
characterized by frequent exacerbations, often requiring ED admittance 
[43]. Therefore, severe asthma can be considered a disabling condition, 
having a significant impact on quality of life and even ability to work 
[44]. Accordingly, similar to COPD and other respiratory disorders [45, 

Fig. 2. The figure shows a scatter plot of the obtained clusters, corresponding to the identified phenotypes, and highlights the relationship of FEV1/FVC, FEV1, and 
the number of asthma exacerbations in the last year with eosinophil count (cells/μL). Clusters are represented with distinct colours. In particular, blue dots represent 
participants (n=86) with eosinophil count ≥ 370 cells/µL, green dots refer to those (n=174) with eosinophil count < 370 cells/µL. 

Table 3 
Evaluation metrics for each algorithm.  

Algorithm Accuracy (%) Sensitivity (%) Specificity (%) AUROC 
(%) 

KNN 98.5 (95%CI: 
96.1-99.4) 

98.7 (95%CI: 
96.2-99.6) 

96.7 (95%CI: 
83.3-99.4) 

96.3 

RF 92.3 (95%CI: 
88.4-95.0) 

99.1 (95%CI: 
96.9-99.8) 

40.0 (95%CI: 
24.6-57.7) 

90.1 

AUROC: area under the receiver operating characteristic curve; RF: random 
forest; KNN: k-nearest neighbors. 

Table 4 
Supervised machine learning analysis: features In
formation Gain (IG) normalized and transformed 
into percentage for the 10 most important parame
ters predicting the presence of at least one addi
tional access to the emergency department (ED) in 
the previous 12 months.  

Feature IG 

FEV1/FVC 11.9% 
Exacerbations 10.4% 
FEV1 9.2% 
Nasal polyposis 8.1% 
Age 7.8% 
Eosinophil count 6.9% 
Disease duration 6.6% 
Follow-up 6.4% 
Age at onset 6.1% 
Allergy 6.0% 

FEV1, forced expiratory volume in 1 second; FVC: 
forced vital capacity. 
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46], it has been reported that severe asthma patients may benefit from 
multidisciplinary pulmonary rehabilitation [47–49], which has been 
shown to be effective in improving symptoms and functional exercise 
capacity [50]. Overall, given this health and social burden, the identi
fication of hidden patterns and prognostic models is mandatory in order 
to predict long-term outcomes, plan adequate pharmacological and 
rehabilitation strategies, and monitor response to therapies in such a 
disabling condition. 

Some relevant limitations of our protocol should be considered. First, 
patients included in this study were all local residents from the Cam
pania Region in Italy. Therefore, we cannot exclude that this predictive 
model may be generalized to other populations/ethnic groups. In 
addition, the relatively low number of included patients and their un
balanced distribution between groups when considering a specific var
iable is another major limitation of this study. Therefore, considering 
that ML performs better with large datasets, further studies on a larger 
sample are needed, aimed at confirming the role of the features chosen 
for modelling in determining disease severity and frequency of exacer
bations in asthma. 

5. Conclusions 

In conclusion, our results confirm the prognostic role of blood 
eosinophil count in asthma exacerbations, being able to identify a more 
severe pattern among those requiring hospital admission, regardless of 
the allergic or nonallergic aetiology. Moreover, eosinophil count was 
confirmed as one of the most important features of frequent exacer
bators, along with the number of prior exacerbations, pulmonary func
tion parameters and other clinical and demographic variables. Finally, 
our study reveals the potential of ML in identifying specific phenotypic 
patterns for asthma, thus suggesting the usefulness of artificial intelli
gence in defining models with good performance that can help predict 
long-term outcomes and plan personalized pharmacological and reha
bilitation strategies while monitoring response to therapies. 
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