ORIGINAL ARTICLE

Understanding Severe Asthma Through Small
and Big Data in Spanish Hospitals: The PAGE
Study

Melero Moreno C'?, AlImonacid Sanchez C*®, Bafas Conejero D*, Quirce S°¢, Alvarez Gutiérrez FJ7,
Cardona V8, Sanchez-Herrero MG*, Soriano JB®®'%" on behalf of the PAGE Study Group*

'Hospital Universitario La Princesa, Madrid, Spain

Hospital Universitario 12 de Octubre, Madrid, Spain

*Hospital Universitario de Toledo, Toledo, Spain

“Specialty Care Medical Department, GlaxoSmithKline, Madrid, Spain
*Hospital Universitario La Paz, IdiPAZ, Madrid, Spain

SCIBER of Respiratory Diseases (CIBERES), Madrid, Spain

"Hospital Universitario Virgen del Rocio, Sevilla, Spain

®Hospital Universitario Vall d'Hebron, Barcelona, Spain

“Hospital Universitario de La Princesa, Madrid, Spain

YFacultad de Medicina, Universidad Auténoma de Madrid, Madrid, Spain
Instituto de Salud Carlos 11l (ISCIII), Madrid, Spain

*See Online Appendix for a full list of collaborators.

J Investig Allergol Clin Immunol 2023; Vol. 33(5): 373-382
doi: 10.18176/jiaci.0848

M Abstract

Background: Data on the prevalence of severe asthma (SA) are limited. Electronic health records (EHRs) offer a unique research
opportunity to test machine learning (ML) tools in epidemiological studies. Our aim was to estimate the prevalence of SA among
asthma patients seen in hospital asthma units, using both ML-based and traditional research methodologies. Our secondary objective
was to describe patients with nonsevere asthma (NSA) and SA over a follow-up of 12 months.

Methods: PAGE is a multicenter, controlled, observational study conducted in 36 Spanish hospitals and split into 2 phases: a cross-sectional
phase for estimation of the prevalence of SA and a prospective phase (3 visits in 12 months) for the follow-up and characterization of
SA and NSA patients. A substudy with ML was performed in 6 hospitals. Our ML tool uses EHRead technology, which extracts clinical
concepts from EHRs and standardizes them to SNOMED CT.

Results: The prevalence of SA among asthma patients in Spanish hospitals was 20.1%, compared with 9.7% using the ML tool.
The proportion of SA phenotypes and the features of patients followed up were consistent with previous studies. The clinical
predictions of patients’ clinical course were unreliable, and ML found only 2 predictive models with discriminatory power to
predict outcomes.

Conclusion: This study is the first to estimate the prevalence of SA in hospitalized asthma patients and to predict patient outcomes
using both standard and ML-based research techniques. Our findings offer relevant insights for further epidemiological and clinical
research in SA.

Key words: Severe asthma. Prevalence. Big data. Machine learning. Natural language processing. Predictive models.

M Resumen

Antecedentes: Los datos sobre la prevalencia del asma grave (SA) son limitados. La implantacion de las historias clinicas electrénicas
(EHR) ofrece una oportunidad unica de investigacion con tecnologias de aprendizaje maquina (ML) en los estudios epidemiolégicos. El
objetivo fue estimar la prevalencia del SA entre los pacientes atendidos en las unidades de asma hospitalarias, utilizando el ML como
la metodologia de investigacion tradicional. Los objetivos secundarios fueron describir los pacientes con asma no grave (NSA) y con SA
durante un periodo de seguimiento de 12 meses.

Meétodos: El estudio PAGE es un estudio multicéntrico, controlado y observacional realizado en 36 hospitales espafioles y dividido en dos
fases: una primera fase transversal para la estimacion de la prevalencia de AS, y una segunda fase prospectiva (3 visitas en 12 meses)
para el sequimiento y caracterizacion de los pacientes con SA y NSA. Se incluy6 un subestudio con ML en 6 hospitales.

Resultados: Se obtuvo una prevalencia de SA del 20,1% entre los pacientes asmaticos, frente al 9,7% de la herramienta ML. La proporcién
de fenotipos de SA y las caracteristicas de los pacientes en seguimiento fueron consistentes con estudios anteriores. Las predicciones
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clinicas de la evolucion de los pacientes fueron poco fiables, mientras que el ML s6lo encontré dos modelos predictivos con potencial

discriminatorio para predecir resultados.

Conclusion: Este estudio es el primero en estimar la prevalencia del SA, en una poblacion hospitalaria de pacientes con asma, y en predecir

los resultados de los pacientes utilizando técnicas estandar y de ML.

Palabras clave: Asma grave. Prevalencia. Big data. Machine learning. Procesamiento de lenguaje natural. Modelos predictivos.

Summary box

¢ What do we know about this topic?

Data on the prevalence of severe asthma (SA) are limited. Electronic health records offer a unique research opportunity to test machine

learning (ML) tools in epidemiological studies.

How does this study impact our current understanding and/or clinical management of this topic?

This is the first study to address estimation of the prevalence of SA using both standard and ML techniques. Despite the heterogeneity
of our findings, the prevalence of SA in Spanish hospitals using ML techniques may be closer to the actual prevalence of SA in Spain.

Introduction

Asthma remains one of the most common chronic
diseases worldwide, and even if a decline in asthma-related
hospitalizations and deaths has been reported, the prevalence
of the disease continues to increase in many countries [1,2].

Available data on the prevalence of severe asthma (SA)
are limited and vary widely between countries [3]. In Spain,
the most recent study, from 2011, estimated the prevalence of
uncontrolled SA to be 3.9% in adult patients seen in hospital
asthma units [4].

Since then, electronic health records (EHRs) have been widely
implemented across Spanish hospitals and offer a unique new
research opportunity [5,6], since clinical data often appear as
structured information. However, analyzing EHRs is usually time-
consuming and subject to bias, thus highlighting the suitability
of new machine learning (ML) tools (mainly natural language
processing [NLP]) for management of this information [7,8].

NLP refers to the branch of artificial intelligence (AI) that
aims to make computers able to read and understand text. NLP
technologies combine linguistic with statistical and deep learning
models to “understand” the full meaning of readable text [9].

Indeed, the use of NLP to extract and analyze the
unstructured and structured clinical information in EHRs
has helped to advance our clinical and epidemiological
understanding of certain diseases [10,11]. However, to the
best of our knowledge, few studies have used this technology
in patients with SA [12,13].

Therefore, we designed a protocol combining “traditional”
methods and ML to assess key, clinically relevant outcomes
in SA. The aim of this study was to determine, through chart
reviews (manual screening of EHRs by investigators), the
proportion of adult asthma patients with SA in outpatient
allergy clinics and hospital pulmonology departments in
Spain. As secondary objectives, we followed patients up and
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described their clinical characteristics over 12 months. We also
performed a substudy to incorporate the NLP-based EHRead
technology Savana to determine the prevalence of SA and
predict patients’ clinical course using ML [7,14,15].

Methodology
Design

The “Prevalence of Severe Asthma in Spain” study (PAGE
[Spanish initials]) is a multicenter, observational study, split
into 2 phases, a cross-sectional phase and a prospective phase,
with 2-stage patient selection by random sampling [16]. The
research was conducted in 36 hospitals distributed throughout
Spain. Patients gave their informed consent to be included
in the study, and the protocol was approved by the Ethics
Committee of Hospital de La Princesa, Madrid, Spain. The
study protocol was registered at ClinicalTrials.gov (ID:
NCT03137043). These study findings are reported according
to the Strengthening the Reporting of Observational Studies
in Epidemiology (STROBE) guideline [17]. The abridged
protocol and methodology are available elsewhere [16].

Selection of Participants

For the primary objective, each investigator obtained
from their hospital information technology department an
internal and confidential list of patients diagnosed with
“asthma” (and compatible terms). The contract research
organization randomized these lists by hospital. Afterwards,
the investigators screened the patients from these lists to verify
the asthma diagnosis and the SA diagnosis.

The investigators also recorded sex, age, age at asthma
diagnosis, and atopic status of a random sample of these
patients (Table 1).
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Table 1. Summary of Baseline Demographic Features of the Prev.

Severe Asthma Population.

No. 169
Mean (SD) age, y 62.88 (16.87)
Female sex, No. (%) 119 (70.04%)

39.53(18.73)
63 (37.3%)

Mean (SD) age at asthma diagnosis, y
Respiratory allergy

From the previous randomized lists, the investigators
included 12 consecutive patients per site at a ratio of 2:1 for
SA vs nonsevere asthma (NSA) (ie, 8 SA patients and 4 NSA
patients) (Figure 1).

Asthma and SA were defined according to the GINA
guidelines [1]. Both groups of asthma patients were studied
and followed up at 3 visits, namely, baseline, 6 months, and
12 months. The information retrieved at baseline and entered
into the electronic case report form was the following:
demographic and clinical characteristics, including asthma
exacerbations, defined as per the American Thoracic Society/
European Respiratory Society task force as “the use of
systemic corticosteroids, or an increase from a maintenance
dose for >3 days or hospitalization/ER visit because of
asthma” [18]; lung function; Asthma Control Test (ACT)
score; Saint George’s Respiratory Questionnaire (SGRQ)
score; phenotypes according to GEMA guidelines [19]; and

comorbidities, as recorded in the EHRs. Investigators also
stated their predictions for the clinical course (change in ACT
and SGRQ scores at 6 and 12 months) of patients included
in the study at baseline based on their previous clinical
experience. These predictions were then individually compared
with the patients’ actual clinical course.

Thus, we investigated 3 populations: the “prev. population”
(ie, the random lists of patients screened by investigators to
determine asthma severity); the “prosp. population” (ie, the
population prospectively followed up for 12 months to assess
the secondary endpoints), and the “EHRead population” (ie,
the EHRs analyzed using EHRead technology, see below).

Substudy With Descriptive and Predictive ML
Models

The unstructured clinical information in the EHRs of all
patients at the 6 participating sites was extracted and analyzed
using EHRead technology.

NLP technology enables the extraction of clinical concepts
from EHRs and their subsequent standardization to a common
terminology based on Systematized Nomenclature of Medicine
— Clinical Terms (SNOMED CT) [20].

Using this information, the period prevalence was
estimated, and several ML predictive models were developed
to predict clinically relevant events/outcomes in asthma
patients, as follows: prescription of add-on biologics, in-
hospital mortality, exacerbations, asthma-related visits to the
emergency department, and asthma control. The definition of

( R
e 6 sites participated in
36 participating sites —> the substudy with ML
N N
271 790 EHRs obtained from EHRs from 3.77 million patients
the IT department analyzed using ML
N List randomization
5780 EHRs reviewed by Pls to
identify “true asthma patients”
Cross-sectional description J/
692 asthma/severe asthma patients 2691 EHRs confirmed as asthma 87315 EHRs confirmed
(25% sample) identified patients as asthma patients
|
7 ) !
360 patients included in the prospective 456 EHRs confirmed as severe 7821 EHRs confirmed as severe
phase of the study asthma patients asthma patients
i40 patients lost to follow-up —> | — 1 patient died
— 4 withdraw for personal reasons
320 patients completed visit 2 — 35 failed to show up for study visit
at6 mo
: — 1 patient died
10 patients lost to follow-up —>
l patients fost fo Toflow — 9 failed to show up for study visit
310 patients completed visit 3
at 12 mo
S J

Figure 1. STROBE flowchart of participation in PAGE. EHR indicates electronic health records; ML, machine learning; IT, information technology;
PI, principal investigator.
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these outcomes is detailed in the Online Appendix. Briefly, the
dataset was split into a training dataset (70%) and a test dataset
(30%). The features with the highest predictive potential for
each of the 6 outcomes were extracted from the training set
using random forests. Each of the 6 models was trained on
3 different classification algorithms: multivariable logistic
regressions, random forests, and decision tree classifiers.
Models were then validated in the test population using metrics
such as precision, recall, and F1 score. The best model was
chosen based on performance and interpretability. Additional
information on the generation of the predictive models is
included in the Online Appendix.

Further detail on the selection of participants, setting,
variables, sample size calculations, and the statistical analysis
are described in the published protocol [16]. Briefly, for
the primary objective, a meta-analysis of binary variables
(prevalence) was performed according to a fixed-effects
model with inverse variance weighting; and for the secondary
objectives, univariate and standard bivariate descriptive
analyses were performed in the case of categorical or
continuous variables, mixed models were run for longitudinal
data, and descriptive measures of predictive reliability,
probability ratios, and logistic binary multiple regression
models were used to detect relevant factors in the predictions
of clinical events. The substudy objective was analyzed by
determining whether the period-prevalence estimated by the
ML was included in 95% of the prevalence provided by the
chart reviews.

Table 2. Summary of Baseline Patient Features in the EHRead Severe

Asthma Population.

No. 7,821

55.5(19.8)
5636 (72.1%)

Mean (SD) age, y
Female sex, No. (%)
Smoking status
2086 (26.6%)
Current active/passive smoker 2457 (30.8%)
Missing 3278 (41.9%)
Comorbidities:

Smoker/ex-smoker

Chronic rhinitis 194 (2.5%)

Allergic rhinitis 1395 (17.8%)
Anxiety 303 (3.9%)
Depression 1294 (16.5%)
Urticaria 753 (9.6%)
Asthma COPD overlap 1216 (15.5%)
Nasal polyps 766 (9.8%)
Obesity 1451 (18.6%)
Diabetes 1662 (21.3%)

870 (11.1%)
902 (11.5%)

Abbreviations: COPD, chronic obstructive pulmonary disease; NSAID,
nonsteroidal anti-inflammatory drug.

NSAID hypersensitivity
Gastroesophageal reflux Syndrome
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Results

As shown in Figure 1, a total of 271 790 patients’ EHRs
showing an asthma-compatible diagnosis were initially
obtained by the information technology department. From
these, 5780 EHRs were manually screened by the principal
investigators to eventually identify 2691 valid asthma patients.
This implies a specificity of 46.6% (ie, the proportion of valid
asthma patients in the lists obtained from the information
technology).

The main features of these populations are shown in
Tables 1, 2, and 3 (see Online Appendix for full details).
Although no formal comparisons were made between the
study populations because they were obtained through different
methodologies (ie, EHR screening by principal investigators,
patient prospective follow-up, and EHRead), all of them
were similar with regards to age distribution and relative sex

Table 3. Summary of Baseline Demographic and Clinical Features of

the Prosp. Severe Asthma Population.

No. 231

Mean (SD) age, y 56.9 (15.2)
Female sex, No. (%) 163 (70.6%)
Mean (SD) BMI, kg/m? 29.4 (6.2)

Smoking status

Never smoker 155 (67.1%)

Smoker/ex-smoker 76 (32.9%)
Missing 0(0%)
Mean age at diagnosis of asthma, y 35.3(17.4)
Family history of asthma 98 (42.4%)
Respiratory allergy 122 (52.8%)
Perennial 93 (76.2%)
Seasonal 29 (23.8%)
Comorbidities:
None 18 (7.7%)
Atopy 41(17.6%)
Chronic rhinitis 65 (27.9%)
Allergic rhinitis 74 (31.8%)
Anxiety 37 (15.9 %)
Depression 40 (17.2%)
Urticaria 16 (6.9%)
Asthma COPD overlap 9(3.9%)
Nasal polyps 47 (20.2%)
Obesity 63 (27%)
Diabetes 23 (9.9%)
NSAID hypersensitivity 21 (9%)
Gastroesophageal reflux syndrome 55 (23.6%)

Abbreviations: BMI, body mass index; COPD, chronic obstructive pulmonary
disease; NSAID, nonsteroidal anti-inflammatory drug.
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Figure 2. Forest plot of the proportion of severe asthma in all
participating sites.

distribution, although they differed in the frequency of certain
comorbidities such as allergic rhinitis, diabetes, and anxiety
(Table S1 in Online Appendix).

Primary Endpoint

Of the 2691 confirmed adult asthma patients, 456
were confirmed as SA, which results in a global estimated
prevalence of SA in Spanish hospitals of 20.1% (95%CI,
0.164-0.239 [range, 3.7%-70.7%]), with high heterogeneity
(I = 89.89%) (Figure 2). The high heterogeneity was
mostly due to the use of different sampling domains (eg,
SA clinics, pulmonology vs allergy outpatient clinics) and
encouraged us to perform additional post hoc analyses with
the aim of obtaining a nonheterogeneous result (Figures
S1 and S2 in the Online Appendix). One such analysis
aimed to understand whether the differences between
the investigators (eg, allergy vs pulmonology services,
coastal vs inland hospitals, large vs small hospitals) were

Table 5. Proportion of Asthma Phenotypes at Baseline.

SA NSA Total
Allergic asthma, 97 72 169
No. (%) (43.5%) (58.1%) (48.7%)
Late-onset eosinophilic 60 16 76 (21.9%)
asthma, No. (%) (26.9%) (12.9%)
Obesity and asthma, 31 13 44 (12.7%)
No. (%) (13.9%) (10.5%)
Neutrophilic late-onset 22(9.9%) 8(6.5%) 30 (8.6%)
asthma, No. (%)
Other, No. (%) 13(5.8%) 15 28 (8.1%)
(12.1%)
Total?, No. (%) 223 124 347
(100%) (100%) (100%)

Abbreviations: NSA, nonsevere asthma; SA, severe asthma.

aMissing: 10 SA patients and 3 NSA patients. Phenotypes were assigned as
per investigator criteria, according to the GEMA 4.1 guideline, which was the
current edition at the time the protocol was developed and the data collected
(Pearson, 2=.003).

significantly influencing the heterogeneity of the result
(Table 4). An omnibus P value of .189 indicates that none of
these factors individually was the cause of the heterogeneity
of the primary outcome.

Secondary Endpoints

In the prosp. population, a higher proportion of the allergic
phenotype was found in the NSA patients than in the SA
patients, while the late-onset eosinophilic phenotype was more
frequent in patients with SA (Table 5).

Figure 3 and Table S7 show the change in annualized
exacerbation rate, prebronchodilator FEV,, ACT score, and
SGRQ score at 6 and 12 months. As expected, all these clinical
endpoints reflected worse disease control in SA patients than
in NSA patients. Furthermore, an improvement was observed
in both groups, probably owing to closer clinical follow-up
of patients during the study and regression towards the mean
in patients with SA.

Table 4. Meta-regression of Severe Asthma Prevalence.?

Covariate Coefficients Lower Lim. Upper Lim. Std. error PValue
Intercept 0.190 0.063 0.317 0.065 .003
Allergy -0.157 -0.274 -0.039 0.060 .009
Pulmonology 0.096 -0.031 0.224 0.065 .138
Emergency department 0.089 -0.043 0.221 0.067 .185
Hospitalization -0.062 -0.210 0.085 0.075 408
Coastal 0.061 -0.033 0.155 0.048 .206
Large hospital 0.033 -0.068 0.134 0.052 523

Omnibus p-Value = 0.189

2The analysis takes into account different variables potentially influencing the result: patient lists (from allergy departments, pulmonology departments, emergency
departments only), hospitalizations, coastal vs inland, large vs small hospitals. The omnibus P value indicates that none of the factors analyzed has a significant influence
on prevalence. Therefore, the observed heterogeneity of the primary endpoint is not attributable to any of these factors.
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Table 6. Results of clinical predictions vs actual change in ACT and SGRQ in SA and NSA patients in the prosp. population.?

SA ACT change prediction

ACT change >3 points No change >3 points Total
improvement decrease

>3 points improvement No. (%) 18 (9.0%) 35(17.6%) 7 (3.5%) 60 (30.2%)

No change No. (%) 37 (18.6%) 70 (35.2%) 10 (5.0%) 117 (58.8%)

>3 points decrease No. (%) 5(2.5%) 16 (8.0%) 1(0.5%) 22 (11.1%)

Total No. (%) 60 (30.2%) 121 (60.8%) 18 (9.0%) 199 (100%)

NSA ACT change prediction

ACT change >3 points No change >3 points Total
improvement decrease

>3 points improvement No. (%) 6 (5.7%) 9(8.6%) 1(1.0%) 16 (15.2%)

No change No. (%) 12 (11.4%) 57 (54.3%) 6 (5.7%) 75 (71.4%)

>3 points decrease No. (%) 1(1.0%) 12 (11.4%) 1(1.0%) 14 (13.3%)

Total No. (%) No. (%) 78 (74.3%) 8 (7.6%) 105 (100.0%)

SA SGRQ change prediction

SGRQ change >4 points No change >4 points Total

decrease increase

>4 points decrease No. (%) 12 (6.5%) 76 (41.3%) 25(13.6%) 113 (61.4%)

No change No. (%) 3(1.6%) 38 (20.7%) 4(2.2%) 45 (24.5%)

No. (%) No. (%) 3(1.6%) 21 (11.4%) 2(1.1%) 26 (14.1%)

Total No. (%) 18 (9.8%) 135 (73.4%) 31(16.8%) 184 (100.0%)

NSA SGRQ change prediction

SGRQ change >4 points No change >4 points Total

decrease increase

>4 points decrease No. (%) 2(2.2%) 34 (37.8%) 6 (6.7%) 42 (46.7%)

No change No. (%) 1(1.1%) 31(34.4%) 2(2.2%) 34 (37.8%)

>4 points increase No. (%) 0(0.0%) 14 (15.6%) 0(0.0%) 14 (15.6%)

Total No. (%) No. (%) 79 (87.8%) 8 (8.9%) 90 (100.0%)

Abbreviations: SA, severe asthma; NSA, nonsevere asthma; ACT, Asthma Control Test; SGRQ, Saint George's Respiratory Questionnaire.
?The « statistic for each of these 4 predictions was 0.021, 0.095, 0.026, and 0.009.

As shown in Table 6, clinicians’ predictions on the change
in ACT and SGRQ scores in SA and NSA patients at 12 months
were unreliable (Cohen x = 0.021, 0.095, 0.026, and 0.009,
respectively).

Investigators were asked on which clinical parameters
they based their predictions, and the 3 most common factors
mentioned were the number of previous exacerbations, FEV,
and rescue medication (Online Appendix, Table S4).

Substudy With Descriptive and Predictive ML
Models

A total of 3 766 292 EHRs from 6 participating hospitals
were analyzed using EHRead from January 1, 2014 to
December 31, 2018. From the total, we identified 87 315
asthma patients, of whom 7821 were diagnosed with SA
(population for Table 2).

J Investig Allergol Clin Immunol 2023; Vol. 33(5): 373-382
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The period prevalence was measured at the midpoint of
the study period (excluding deaths and patients lost to follow-
up 1 year or more before the midpoint). A total of 1 681 383
patients visited the study hospitals at least once during this
period. Of these, 46 964 had asthma and 4571 had SA, ie, a
prevalence of asthma of 2.8%. Among these, the prevalence
of SA was 9.7% (Table S2).

Of the 6 predictive models run in the asthma patients
identified, only 2 (add-on therapy and in-hospital mortality)
showed acceptable discriminatory power to predict outcomes.
For these models, performance metrics were slightly lower
for outcomes at 12 months than at 6 months in all 3 tested
algorithms. For add-on biologics, no significant differences
were observed between logistic regression, random forests,
and decision tree algorithms, with F1-scores of 0.78 and 0.76
at 6 and 12 months, respectively. For in-hospital mortality,
random forests performed best, with F1-scores of 0.81 and

© 2023 Esmon Publicidad
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Figure 3. Change in clinical endpoints. All intergroup measures were statistically significant (table S7 in Online Appendix). SA indicates severe asthma;
NSA, nonsevere asthma; FEV;, forced expiratory volume in 1 second; ACT, Asthma Control Test; SGRQ, Saint George's Respiratory Questionnaire.

0.78. However, logistic regression was considered a quasi-
equivalent, more interpretable alternative, especially for the
6-month prediction, with an F1-score of 0.8 (see Table S3 for
more detail).

For the predictions of add-on therapy with biologics
at 6 months, we identified a list of predictor variables that
influenced the prediction model. The most relevant factors
were atopy, the use of montelukast, and the presence of nasal
polyps. Specifically, patients with atopy had an OR of 6.34
(95%CI, 4.21-9.36) for being prescribed an add-on biologic.
The OR (95%CI) for montelukast and nasal polyps was 4.59
(3.48-6.10) and 3.97 (2.93-5.35), respectively (Table S5)

For in-hospital mortality, the 3 most relevant factors were
being a smoker (OR, 5.48; 95%CI, 1.58-23.96), having a
chest x-ray (OR, 3.73; 95%CI, 1.07-16.30), and myocardial
infarction (OR, 3.51; 95%ClI, 0.80-12.20) (Table S6).

Discussion

PAGE is a clinical study largely based on traditional
research methodology that includes in its design a novel

© 2023 Esmon Publicidad

substudy performed using ML, which was applied in parallel
to the traditional approach and attempted to estimate the
prevalence of SA and to predict patients’ clinical course.
The PAGE study showed a prevalence of SA in the
hospital setting of 20.1%, which is higher than most previous
findings, with significant heterogeneity. The differences found
in the prevalence of the study hospitals (range, 3.7%-70.7%)
suggest that the main source of heterogeneity arises from the
method selected by the information technology departments
of the different hospitals, as each region uses its own coding
system [21]. These results highlight the need to homogenize
clinical practice, data collection, and health coding systems.
It is at this point where ML could have shown an advantage
because of EHRead, which was performed independently of
the hospital platform. Even so, the 2.8% prevalence of asthma
estimated by the ML is lower than current estimates [22],
while the 9.7% prevalence of SA is higher than most previous
publications (Italy, 3.2% [23]; Netherlands, 3.6% [24]; Japan,
between 2.4% [25] and 7.8% [26]; Brazil, between 4.1% [27]
and 7.6% [28]; Germany, 8.7% [29]; and Sweden, 9.5% [30]).
However, most of the studies used different methodologies (eg,
hospital records—based studies vs population-based studies)
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and definitions for SA, with prevalence ranging from 1.8%
to 38% [31], thus hampering comparisons. In an exploratory
analysis, we found a reverse correlation between the specificity
of EHRs and prevalence (Figure S2), where extrapolating a
100% specificity for EHRs would result in a prevalence of
SA 0f 9.3%.

Analysis of severe asthma phenotypes at baseline showed a
higher proportion of the allergic phenotype in the NSA cohort
than in the SA cohort, and the opposite was observed for the
late-onset eosinophilic phenotype. Along these lines, Pérez de
Llano et al [32] found that the most frequent clinical phenotype
in an adult Spanish population of patients with uncontrolled
SA was late-onset eosinophilic asthma (58.1%).

We observed clinical improvements in exacerbation rate,
FEV,, ACT score, and SGRQ score over the study duration,
likely explained by the inclusion of these patients in a study
and their subsequent closer clinical follow-up with regression
towards the mean. However expected these changes were, they
were not reliably predicted by investigators when analyzed
individually. We did not find previous studies analyzing the
investigators’ predictions on the change in their patients’ disease
course. Research has relied on finding biomarkers to predict
disease change. Malinovschi et al [33] used measurement of
exhaled fraction of nitric oxide (FeNO) to predict response to
inhaled corticosteroids and symptom control in patients with
NSA. However, elsewhere, FeNO monitoring was not shown to
decrease the frequency of exacerbations or the dose of inhaled
corticosteroids in asthma [34]. Castner et al [35] did not rely on
physician judgment but instead used fitness and sleep trackers
to predict asthma-specific nighttime awakenings and daily
FEV, changes. The sleep data from the tracker demonstrated
predictive ability for daily asthma outcomes.

As for the ML-based prediction about the change in asthma
control, we expected to be able to compare the investigators’
predictions with monitoring data (gold standard) and the ML
predictive model. However, we could not compare the output
from the substudy with the standard methodologies, probably
because of the lack of predictable patterns in the population,
the quality of the medical records analyzed, and the different
methods used to build the databases (ie, disease codes vs
NLP). The quality of the medical records is a relevant factor
that has been worked on thoroughly over the last few decades
in other countries. For example, in our substudy with ML, the
ACT score was read in only 147 patients (1.9%). This implies
that either ACT scores are not commonly stored in EHRs or
they are not being interpreted appropriately by ML [36,37].
Our results contrast with other publications describing ML
models with large-scale outpatient data that can predict asthma
exacerbations [38].

Among the limitations of our study are the heterogeneity of
the information and coding systems at the study sites and the
fact that it was conducted in a specialized care setting instead
of'a primary care or population-based setting. Another potential
caveat to ML technologies is that their algorithms, data analysis
results, and underlying weighting factors sometimes remain
opaque (black box methodology in neural networks). Besides,
algorithms are also subject to biases resulting from the human
use of uncontrolled information (biased samples and labels).
Therefore, often, both researchers and algorithms only have
access to biased data [39].
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Undeniably, ML in particular and computer science in
general will enhance the future of research in this area [40].
The main challenge will be to ensure the lack of human bias
and heterogeneity in the electronic information that can be
analyzed by EHRead technologies.

Conclusion

Ours is the first study to address estimation of the
prevalence of SA using both standard and ML techniques.
Despite the heterogeneity of our findings, the prevalence of
SA in Spanish hospitals was 20.1%, while the approach using
ML techniques may be closer to the actual prevalence of severe
asthma in Spain, ie, 9.7%, although still higher than in previous
studies in other countries.
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