' [ ] [ ] [ ]
Wl hiomedicines
[*“I==]=]

Article

ARDS Mortality Prediction Model Using Evolving Clinical
Data and Chest Radiograph Analysis

Ana Cysneiros **, Tiago Galvao

30, Nuno Domingues 3, Pedro Jorge 317, Luis Bento 1

and Ignacio Martin-Loeches *

check for
updates

Citation: Cysneiros, A.; Galvao, T.;
Domingues, N.; Jorge, P.; Bento, L.;
Martin-Loeches, I. ARDS Mortality
Prediction Model Using Evolving
Clinical Data and Chest Radiograph
Analysis. Biomedicines 2024, 12, 439.
https://doi.org/10.3390/
biomedicines12020439

Academic Editor: Christian

Lehmann

Received: 19 January 2024
Revised: 12 February 2024
Accepted: 14 February 2024
Published: 16 February 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

1 Nova Medical School, Universidade de Lisboa, 1649-004 Lisbon, Portugal; luis.bento@chlc.min-saude.pt
Unidade de Urgéncia Médica, Hospital de Sao José, Centro Hospitalar Universitario Lisboa Central,
1169-050 Lisbon, Portugal

Instituto Politécnico de Lisboa/Instituto Superior de Engenharia de Lisboa, 1959-007 Lisbon, Portugal;
tiagogalvao97@gmail.com (T.G.); nuno.ndomingues@isel.pt (N.D.); pedro.mendes.jorge@isel.pt (P].)

4 Trinity College Dublin, D02 PN40 Dublin, Ireland; drmartinloeches@gmail.com

*  Correspondence: taiacysneiros@gmail.com

Abstract: Introduction: Within primary ARDS, SARS-CoV-2-associated ARDS (C-ARDS) emerged
in late 2019, reaching its peak during the subsequent two years. Recent efforts in ARDS research
have concentrated on phenotyping this heterogeneous syndrome to enhance comprehension of its
pathophysiology. Methods and Results: A retrospective study was conducted on C-ARDS patients
from April 2020 to February 2021, encompassing 110 participants with a mean age of 63.2 + 11.92
(26-83 years). Of these, 61.2% (68) were male, and 25% (17) experienced severe ARDS, resulting
in a mortality rate of 47.3% (52). Ventilation settings, arterial blood gases, and chest X-ray (CXR)
were evaluated on the first day of invasive mechanical ventilation and between days two and
three. CXR images were scrutinized using a convolutional neural network (CNN). A binary logistic
regression model for predicting C-ARDS mortality was developed based on the most influential
variables: age, PaO, /FiO, ratio (P/F) on days one and three, CNN-extracted CXR features, and age.
Initial performance assessment on test data (23 patients out of the 110) revealed an area under the
receiver operating characteristic (ROC) curve of 0.862 with a 95% confidence interval (0.654-0.969).
Conclusion: Integrating data available in all intensive care units enables the prediction of C-ARDS
mortality by utilizing evolving P/F ratios and CXR. This approach can assist in tailoring treatment
plans and initiating early discussions to escalate care and extracorporeal life support. Machine
learning algorithms for imaging classification can uncover otherwise inaccessible patterns, potentially
evolving into another form of ARDS phenotyping. The combined features of these algorithms and
clinical variables demonstrate superior performance compared to either element alone.

Keywords: ARDS; imaging; machine learning; deep learning

1. Introduction

Acute Respiratory Distress Syndrome (ARDS) is a critical medical condition charac-
terized by severe respiratory failure posing a substantial threat with high mortality rates.
It can manifest in response to diverse underlying causes, including pneumonia, sepsis,
trauma, or inhalation injuries [1]. ARDS is a significant concern in critical care medicine
due to its potential for rapid progression and severe respiratory compromise. The Berlin
criteria define ARDS by acute lung insult, bilateral chest infiltrates, and hypoxemia not
fully explained by other factors [1,2].

While widely accepted, the Berlin criteria need to capture ARDS’s multifaceted nature
fully. This syndrome encompasses a spectrum of clinical disorders, diverse physiologi-
cal abnormalities, varied radiographic presentations, multiple potential microbiological
causes, and dynamic evolution over time [3,4]. ARDS exhibits a continuum from the early
development of acute lung injury to meeting specific diagnostic criteria [4].
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Diagnostic Criteria and Radiological Evidence

The Berlin criteria assume the use of arterial blood gases, specifically the PaO, /FiO,
ratio, and require radiological evidence often obtained through chest X-ray (CXR) or chest
CT scans. Recently published ESICM definitions have sparked debate and alternative
approaches in the medical community, challenging the reliance on chest radiography [5,6].

A prior randomized controlled trial (RCT) revealed no improvement in CXR inter-
pretation following standardized training specific to ARDS. Alternative approaches have
been debated, such as accepting unilateral opacities mandating computed tomography
(CT) scans and incorporating lung ultrasound in ARDS [6].

Despite being a prevalent cause of acute respiratory failure with high morbidity and
mortality, ARDS lacks proven therapeutic options beyond lung protective ventilation [7].

The underlying heterogeneity has prompted research into ARDS sub-phenotypes that
may respond to specific treatments [8-10].

Recent latent class analysis (LCA) has identified sub-phenotypes with distinct clinical
and biological features, emphasizing the importance of precision medicine in addressing
ARDS heterogeneity [10].

The lack of a definitive diagnostic test contributes to the broad definition of ARDS,
exemplified by histopathological findings in only 45% of autopsied lungs from ARDS
patients [11,12].

The debate over steroids in ARDS underscores the need for phenotyping, as specific
subtypes, like COVID-19-associated ARDS (C-ARDS), may benefit from steroids [13],
whereas plenty of RCTs have not been able to demonstrate clear benefit from steroids in
ARDS [14,15].

Prediction of ARDS remains challenging, and the heterogeneity of its etiology often
hampers clinical trials. Machine learning, especially in radiology, is gaining prominence
and has been employed in ARDS diagnosis [16-19] as well as studying recruitability and
response to PEEP [17,20].

Our study aims to analyze evolving ventilation settings, PaO, /FiO,, and chest radio-
graphy in patients with C-ARDS. The hypothesis is that the combination of chest X-rays
with ventilation settings and arterial blood gases can effectively predict ARDS mortality,
contributing to more comprehensive understanding of this complex syndrome.

2. Materials and Methods
2.1. Study Design

A retrospective cohort study was conducted on mechanically ventilated C-ARDS
patients admitted to the intensive care units of Hospital Sao José and Hospital Curry Cabral
between April 2020 and January 2021. This is a university hospital trust with 217 beds and
55 ICU beds. Patient data were acquired through electronic medical records.

2.2. Inclusion and Exclusion Criteria

Patients on extracorporeal membrane oxygenation (ECMO) were excluded due to
potential differences in ventilation data arising from lung rest ventilation strategies. The
analysis focused on the first 72 h of ICU admission when SARSCOV was the sole infectious
isolate. Patients diagnosed with ARDS according to the Berlin definition requiring invasive
mechanical ventilation for at least 48 h were included. Exclusion criteria encompassed
age below 18, pregnancy, any other contributing causes of ARDS, synchronous respiratory
infection with other agents, death within the initial 48 h of ICU admission, and lack of data
on ventilation settings or poor-quality chest radiographs.

2.3. Primary Outcome

The primary outcome was defined as all-cause mortality.
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2.4. Data Acquisition

Patient data included age, gender, arterial blood gases, and ventilation settings during
the first day (PS d1) and between 48 and 72 h (PS d3) of invasive mechanical ventilation.
Portable chest radiographs (CXRs) at day one (CXR d1) and day three (CXR d3) were
processed using Gaussian blur filtering and contrast-limited adaptive histogram equaliza-
tion. These techniques aim to achieve noise reduction and image contrast optimization
in the regions of interest and improve accuracy in image classification tasks using neural
networks [21].

The lung area was segmented and properly resized, and normalized CXR d1 and
CXR d3 were concatenated. A pre-trained DenseNet121 convolutional neural network
(CheXNet) was employed for transfer learning, providing reliable analysis and detection of
14 thoracic-related pathologies. Deep learning features (DLFs) were extracted and coupled
with clinical variables (CVs) to construct two machine learning models: logistic regression
(LogReg) and a multilayer perceptron (MLP). Age, PaO,/FiO; ratio on the third day
(P/F d3) of invasive mechanical ventilation, and deep learning features (DLFs) were used
in the final models.

2.5. Sample Split and Imputation

Sample data were randomly split into training (85 patients) and test (23 patients)
groups. Missing data were imputed by the median after splitting. Imputation was individ-
ually applied to each subset of cross-validation to reduce risk of bias and variance. Other
methods were not used because the dataset was relatively small, with the risk of outliers.

2.6. Statistical Analysis

Models were developed using logistic regression (LogReg), multilayer perceptron
(MLP), support vector machine (SVM), and random forest (RndForest) algorithms for
comparison. Sequential feature selection, employing logistic regression with five-fold
cross-validation in the training group, was performed to avoid model overfitting. For
comparison purposes, a model was created using only clinical data with age and P/F d3
(Model B).

3. Results

A total of 110 patients were enrolled in the study, with a mean age of 63.2 & 11.92
(26-83 years). The gender distribution revealed an expected predominance of males,
constituting 61.2% (n = 68) of the cohort. Severe ARDS was present in 25% (17) of patients.
The overall mortality rate was 47.3% (52). Further epidemiological characteristics are
displayed in Figure 1 and Table 1.

Figure 1 shows the majority of patients had moderate ARDS based on their P/F ratio,
with severe ARDS more common in the 60-80 age group and more common in males.

Table 1 shows 61.2% of patients were male and overall mortality was 47.3%. The
average age was 63.2% (min 26; max 83) and the average P/F ratio on admission was 148.5
(min 51 max 297). The average P/F ratio increased on day 3 (163.73). The average PEEP on
day 1 was 12.76 and was 11.61 on day 3.

Table 2 shows how DLFs increased sensitivity from 0.643 (model B) to 0.714
(model A); specificity from 0.711 to 0.778; the positive predictive value (PPV) from 0.675 to
0.75 and the AUC from 0.701 to 0.77. Regarding the Bayesian t-test results, the probability
of model A being better than model B was 0.739.
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Figure 1. Distribution of ARDS severity at day 1 of IMV based on pf_d1. (a) Distribution of ARDS
severity by age. (b) Distribution of ARDS severity by gender.

Table 1. Descriptive statistics of the total database.

Variables Categorical (n = 110)
Mortality Non-Survivors n =52 47.3%
(target: NS) Survived n=58 52.7%
Male n =68 61.2%
Gender Female n =42 38.2%
Continuous
Average. + s.d Median Mode Min-Max Cy Missing (%)
Age 63.2 £11.87 64 64 26:83 0.19 0
P/F_d1 148.50+ 52.92 147.5 150 51:297 0.36 2 (2%)
P/F_d3 163.73 £ 53.07 160 118 52:365 0.32 1 (1%)
PS_d1 16.22 +3.19 16 16 8:26 0.20 3 (3%)
PS_d3 15.49 £+ 3.50 18 16 0:26 0.23 7 (6%)
PEEP_d1 12.76 £ 3.29 14 14 6:20 0.26 0(0%)
PEEP_d3 11.61 £+ 3.49 12 12 0:22 0.30 5 (5%)
PaCO2_d1 45.84 £ 11.36 44.6 46 18.1:89 0.25 1 (1%)
PaCO2_d3 47.32 £ 9.61 46.2 40.3 26.4:90.6 0.20 2 (2%)

n = number of samples; NS = non-survivor; mean. & d.p = mean =+ standard deviation; min- max = minimum
and maximum values of the variable; Cv = coefficient of variation; missing (%) = percentage of missing samples.
The target class is shown in bold.

3.1. Logistic Regression Analysis

Utilizing logistic regression analysis, the most influential variables were identified as
age, PaO, /FiO, at day one (P/F d1), PaO,/FiO, at day three (P/F d3), and deep learning
image features (DLFs). Cross-validation using P/F d3, age, and DLFs demonstrated optimal
performance metrics.
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Table 2. Average of the performance metrics of the LogReg_A and LogReg_B models with their
Bayesian t-test results.

Model AUC, ¢4 AUC, CA Ss PPV Sp F1
LogReg_A 0.770 0.784 0.747 0.714 0.750 0.778 0.732
LogReg_B 0.701 0.751 0.678 0.643 0.675 0.711 0.659

P_AB 0.739 0.886 0.769 0.875 0.758 0.864
P_BA 0.261 0.114 0.231 0.122 0.242 0.136
Batf’s;ta“ Pso,_AB 0.364 0.630 0.568 0.734 0.547 0.713
Pso,_BA 0.062 0.026 0.104 0.204 0.107 0.056
Preg5% 0.574 0.453 0.328 0.230 0.346 0.230
P_AB = probability of model A being better than B; P_BA = probability of model B being better than model A;
Pse, AB = probability of model A being better than model B considering a negligible 5% performance difference;
Psq, BA = probability of model B being better than A considering a negligible 5% performance difference;
Pregs% = probability of the models being identical considering a negligible performance difference of 5%.
CA = classification accuracy; Ss = sensitivity, Sp = specificity; PPV = positive predictive value; F1 = harmonic
mean of PPV and sensitivity.
3.2. Model Performance
The models incorporating DLFs exhibited an 89% probability of superior accuracy
for logistic regression (LogReg) and 82% for multilayer perceptron (MLP) compared to
the clinical variables-only model (Model B). Within the internal test group (23 patients),
the LogReg model emerged as the most robust, yielding an area under the ROC curve
(AUC) of 0.862 with a 95% confidence interval [0.654, 0.969], an accuracy of 0.783 (95% CI
[0.563, 0.926]), and an F1 score of 0.783 (95% CI [0.563, 0.926]). Detailed results are shown
in Table 3.
Table 3. Performance metrics of the final model LogReg_A in the training group (LogReg_train), in
cross-validation (LogReg_CV), and in the test group (LogReg_Test). Acy Train = difference between
metrics from the training group ad cross-validation. Areg; Train = difference between the metrics of the
training group and test group.
Metrics LogReg_Train95%CI LogReg CV95%CI LogReg_Test95%ClI ACV Train ATest Train
0.820 0.770 0.862
AUCmeq [0.723-0.894] [0.667-0.853] [0.654-0.969] —0.092 0.042
AUGC, 0.820 0.784 0.862 —0.036 0.042
0.782 0.747 0.783
cA [0.681-0.863] [0.643-0.834] [0.563-0.926] —0.035 —00
0.776 0.732 0.783
Fl [0.672-0.859] [0.623-0.824] [0.563-0.926] —0.044 0.007
0.767 0.750 0.692
PPV [0.623-0889] [0.588-0.873] [0.385-0.909] —0026 0.084
0.795 0.744 0.900
NPV [0.647- 0.902] [0.596- 0.861] [0.555-0.997] —0051 0.105
0.787 0.714 0.900
5 [0.633-0.898] [0.554-0.843] [0.555-0.997] —007 0113
0.778 0.778 0.692
Sp [0.629-0.888] [0.629-0.888] [0.385-0.909] 0.000 —0.086

positive predictive value (PPV), negative predictive value (NPV), sensitivity (Ss), specificity (Sp), F1 = harmonic
mean of PPV, sensitivity, and classification accuracy (CA).



Biomedicines 2024, 12, 439

60f 11

3.3. Comparative Analysis

The same analysis was repeated using only clinical variables and P/F d3, reveal-
ing an AUC of 0.77. Notably, enhanced classification performance was observed when
incorporating CNN-extracted image features.

3.4. Cross-Validation Significance

Cross-validation, which is crucial for reducing bias and accounting for outliers within
the same population, was employed. This approach is particularly significant in small-
population studies, ensuring robustness in the analysis and interpretation of the results, as
shown in Figure 2 and Table 4.
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Figure 2. Cross-validation sensitivity and specificity of model A and model B by logistic regression
and MLP.

Figure 2 shows the cross-validation sensitivity and specificity of both models by
logistic regression and MLP, with model A, which includes DLF, performing better than
model B.

Table 4 uses cross-validation, which is important when using small populations. Again,
the contribution of DLF is sustained, with AUC improving from 0.701 (CI 0.593-0.794) to
0.77 (CI1 0.667-0.853). Improvement was greater in PPV, which rose to 0.75 (CI 0.558-0.839)
from 0.675 (CI 0.509-0.814), and than NPV, which improved from 0.714 (CI 0.554-0.843) to
0.744 (CI 0.596-0.861).

Figure 3 shows the individual contribution of the three selected features to the final
model using logistic regression.
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Table 4. Cross-validation analysis by logistic regression.

Metric LogReg A LogReg_B Aa-B
AU Dosr-ossl oo 0
A (0685 0554 (0569-0773) 0089
PPV 0585073 0509-0513 00rs
Sensitivity [%75151?80;531] [(2)64;;%?80?;11] 0.071
NPV 10596 0561 054 058 o081
Specifct 10629-0558 0560-051 007
- 0.732 95%CI 0.659 95%CI 0.073

[0.623-0.824]

[0.546-0.760]

positive predictive value (PPV); negative predicted value (NPV); sensitivity (Ss); specificity (Sp); classification
accuracy (CA); F1 = harmonic mean of PPV and sensitivity.
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Figure 3. SHAP values (contribution to training prediction).

Figure 3 shows the contribution of the three selected features to the model using logistic
regression. Increasing age and decreasing P/F are therefore associated with mortality
(the positive outcome). DLFs result from the concatenated images of CXR at day 1 and
day 3.

4. Discussion

In the evolving landscape of Acute Respiratory Distress Syndrome (ARDS) research,
the utilization of machine learning techniques, particularly in conjunction with chest
radiography, holds promise for providing valuable insights into the prediction of mortality
and severity in patients with COVID-19-associated ARDS (C-ARDS). This study explored
the association between image features extracted from chest radiographs and patient
outcomes, emphasizing the evolving nature of chest imaging in the first 72 h of invasive
mechanical ventilation. Our main message is that we proved that integrating deep learning
image features in the logistic regression model exhibited superior predictive accuracy,
providing valuable insights into mortality prediction in C-ARDS patients. The robust
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performance metrics, especially within the internal test group, underscore the potential
clinical utility of the proposed model.

In the dynamic and continually advancing field of ARDS research, integrating machine
learning techniques, particularly in tandem with chest radiography, presents a transforma-
tive avenue with substantial promise. This synergistic approach has the potential to yield
profound insights into predicting not only the mortality outcomes but also the severity
of ARDS in afflicted patients. The confluence of machine learning and chest radiography
stands out as a cutting-edge paradigm poised to enhance our understanding of ARDS'’s
intricate dynamics and nuanced manifestations, ultimately contributing to more effective
and personalized approaches to patient management.

The evolving landscape of ARDS research reflects a growing recognition of the com-
plexities inherent in this critical medical condition. Traditional methodologies have en-
countered challenges in addressing the heterogeneity of ARDS, emphasizing the need for
innovative and sophisticated techniques to unravel its multifaceted nature. In this context,
the amalgamation of machine learning and chest radiography emerges as a revolution-
ary strategy, offering a comprehensive and nuanced perspective on the predictive factors
influencing both mortality and severity in ARDS patients.

Machine learning, with its capacity to discern patterns and relationships within vast
datasets, complements the intricacies of ARDS by providing a data-driven framework for
analysis. Integrating these advanced computational methods with chest radiography, a
widely accessible imaging modality, establishes a powerful synergy. This combined ap-
proach capitalizes on the detailed information embedded in radiographic images, enabling
the identification of subtle yet clinically significant features that may elude conventional
diagnostic and prognostic assessments.

The promise lies not only in the ability to predict mortality outcomes but also in
gauging the severity of ARDS, a crucial aspect that influences the trajectory of patient
care. By harnessing the potential of machine learning algorithms to analyze intricate
radiographic details, the predictive model becomes more adept at discerning the nu-
ances of disease progression, thereby contributing to more nuanced understanding of
ARDS severity.

This integrated approach is not merely confined to a technological juxtaposition but
represents a fundamental shift in the paradigm of ARDS research. It transcends the con-
ventional boundaries of diagnostic and prognostic methodologies, offering a holistic and
data-driven framework that aligns with the evolving complexities of ARDS pathophysiol-
ogy. As a result, this innovative synthesis of machine learning and chest radiography stands
poised to redefine the landscape of ARDS research, ushering in a new era of precision
medicine and personalized patient care.

The challenges in ARDS treatment have been underscored by its inherent heterogeneity.
The RECOVERY trial [13] demonstrated a mortality benefit of steroids in mechanically ven-
tilated patients fulfilling the Berlin criteria, particularly in those with COVID-19-associated
ARDS (C-ARDS), suggesting a potential subgroup homogeneity. However, the applicability
of steroids across all ARDS cases remains uncertain, as evidenced by varying outcomes in
ARDS secondary to influenza [22,23].

Our study delves into the predictive capacity of deep learning features extracted from
chest radiographs, surpassing the predictive capability of the P/F ratio in terms of mortality.
This finding aligns with the evolving trend in ARDS research, which emphasizes the
importance of integrating lung morphology assessments in patient management. Studies
have traditionally focused on radiographic assessment of lung edema (RALE), which was
validated using patients in the ARDS Network Fluid and Catheter Treatment Trial [24].
Studies have found the RALE score to be correlated with ARDS severity [25,26] and
survival [27], but this score requires specific training to reduce observer variability.

Recent studies using imaging patterns to tailor ventilation strategies have had mixed
outcomes. The LIVE trial, for instance, indicated that personalization based on CT-based
image classification did not decrease mortality, potentially due to misclassification and
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subsequent mismatch in ventilator strategies [28]. Automated approaches, as performed in
our study, identify regions of interest with less risk of misclassification.

Our study sheds light on the evolving nature of chest imaging within the first 72 h
of invasive mechanical ventilation, revealing a strong correlation with mortality. Unlike
baseline images, [29,30], this temporal relationship aligns with recent studies highlighting
the prognostic value of changes in imaging parameters over time [29].

Lung ultrasound has also emerged as promising in distinguishing between focal and
non-focal ARDS [31,32], and trials are ongoing regarding lung ultrasound patterns and
personalized mechanical ventilation. However, lung ultrasound is operator-dependent and
more time-consuming.

Integrating multi-source data becomes imperative as ARDS research transitions to-
wards a phenotyping strategy. This study, leveraging data readily available in the ICU,
demonstrates our potential to achieve a robust predictive model. Nevertheless, the study’s
limitations, including its retrospective nature and relatively small population size, warrant
prospective validation to enhance its clinical utility; an external validation cohort is under-
way, which will include ARDS patients from a Dublin ICU. The data assessed will include
more outcomes such as ventilator-free days and length of ICU stay.

Given its high volume of images and cost-effectiveness, chest radiography emerges as
an appealing modality for machine learning applications. Unlike chest tomography, bedside
chest radiographs offer the advantage of being readily accessible and conducive to repeated
examinations, facilitating the assessment of disease progression. However, limitations
in available data necessitated the selection of clinical variables. Notably, comprehensive
data on ventilation parameters, including driving pressure and plateau pressure, were not
uniformly obtainable within the specified timeframe. Consequently, the PaO, /FiO, ratio
(P/F ratio) was chosen, despite its susceptibility to influence from positive end-expiratory
pressure (PEEP).

5. Conclusions

In conclusion, our findings underscore the significance of integrating chest radiogra-
phy and machine learning in early mortality prediction in C-ARDS. The evolving aspect of
chest imaging, particularly within the first 72 h of invasive mechanical ventilation, emerges
as a critical determinant of patient outcomes. As ARDS research advances towards a
phenotyping strategy, we anticipate future studies will build upon our findings, combining
multi-source data to refine treatment strategies for specific patient subgroups. Prospective
validation is essential for establishing the clinical applicability of our predictive model,
ultimately enabling early discussions and strategic planning for patients at higher risk of
mortality in the critical care setting.

Author Contributions: Conceptualization, A.C.; Methodology, T.G.; Formal analysis, IM.-L.;
Investigation, A.C., T.G., N.D., PJ. and I.M.-L.; Resources, N.D. and PJ.; Data curation, T.G.;
Writing—original draft, A.C.; Supervision, L.B. and I.M.-L. All authors have read and agreed to the
published version of the manuscript.

Funding: This research was partially funded by Predictive Models of COVID-19 Outcomes for Higher
Risk Patients Towards Precision Medicine (PREMO) project, by Fundagao para a Ciéncia e Tecnologia
(FCT) grant DSAIPA /DS/0117/2020.

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki, and approved by the Ethics Committee of Comissao de Etica para a Satide 1043 /2021
20th of May 2020 for studies involving humans.

Informed Consent Statement: Individual patient consent was waived considering no intervention
was conducted and data was fully anonymised and cannot be identified.

Data Availability Statement: The debase is still being used for research and other outcomes but will
be shared in the future.

Conflicts of Interest: The authors declare no conflict of interest.



Biomedicines 2024, 12, 439 10 of 11

References

1.

>

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Force, A.D.; Ranieri, V.M.; Rubenfeld, G.D.; Thompson, B.T.; Ferguson, N.D.; Caldwell, E.; Fan, E.; Camporota, L.; Slutsky, A.S.
Acute respiratory distress syndrome: The Berlin Definition. JAMA 2012, 307, 2526-2533. [CrossRef]

Matthay, M.A.; Zemans, R.L.; Zimmerman, G.A.; Arabi, Y.M.; Beitler, ].R.; Mercat, A.; Herridge, M.; Randolph, A.G.; Calfee, C.S.
Acute respiratory distress syndrome. Nat. Rev. Dis. Primers 2018, 5, 18. [CrossRef] [PubMed]

Ware, L.B.; Matthay, M.A. The acute respiratory distress syndrome. N. Engl. . Med. 2000, 342, 1334-1349. [CrossRef] [PubMed]

Meyer, N.J.; Gattinoni, L.; Calfee, C.S. Acute respiratory distress syndrome. Lancet 2021, 398, 622-637. [CrossRef]

Grasselli, G.; Calfee, C.S.; Camporota, L.; Poole, D.; Amato, M.B.P.; Antonelli, M.; Arabi, Y.M.; Baroncelli, F; Beitler, J.R,;
Bellani, G.; et al. ESICM guidelines on acute respiratory distress syndrome: Definition, phenotyping and respiratory support
strategies. Intensiv. Care Med. 2023, 49, 727-759. [CrossRef] [PubMed]

Matthay, M.A.; Arabi, Y.,; Arroliga, A.C.; Bernard, G.; Bersten, A.D.; Brochard, L.J.; Calfee, C.S.; Combes, A.; Daniel, B.M,;
Ferguson, N.D.; et al. A New Global Definition of Acute Respiratory Distress Syndrome. Am. J. Respir. Crit. Care Med. 2023, 209,
37-47. [CrossRef]

Yndrome, S.; Etwork, N. Ventilation with lowertidal volumesas compared with traditionaltidal volumes for acute lung injury and
the acute respiratory distress syndrome. N. Engl. J. Med. 2000, 342, 1301-1308.

Bos, L.D.J.; Ware, L.B. Acute respiratory distress syndrome: Causes, pathophysiology, and phenotypes. Lancet 2022, 400,
1145-1156. [CrossRef]

Wildi, K,; Livingstone, S.; Palmieri, C.; LiBassi, G.; Suen, J.; Fraser, J. The discovery of biological subphenotypes in ARDS: A novel
approach to targeted medicine? J. Intensiv. Care 2021, 9, 14. [CrossRef]

Maddali, M.V.; Churpek, M.; Pham, T.; Rezoagli, E.; Zhuo, H.; Zhao, W.; He, J.; Delucchi, K.L.; Wang, C.; Wickersham, N.; et al.
Validation and utility of ARDS subphenotypes identified by machine-learning models using clinical data: An observational,
multicohort, retrospective analysis. Lancet Respir. Med. 2022, 10, 367-377. [CrossRef]

Thille, A.W.; Esteban, A.; Fernandez-Segoviano, P.; Rodriguez, ].-M.; Aramburu, J.-A.; Pefiuelas, O.; Cortés-Puch, I.; Cardinal-
Fernandez, P; Lorente, ].A.; Frutos-Vivar, F. Comparison of the Berlin Definition for Acute Respiratory Distress Syndrome with
Autopsy. Am. |. Respir. Crit. Care Med. 2013, 187, 761-767. [CrossRef] [PubMed]

Reilly, J.; Calfee, C.; Christie, ]. Acute Respiratory Distress Syndrome Phenotypes. Semin. Respir. Crit. Care Med. 2019, 40, 19-30.
[CrossRef] [PubMed]

The Recovery Collaborative Group. Dexamethasone in Hospitalized Patients with Covid-19. N. Engl. ]. Med. 2021, 384, 693-704.
[CrossRef]

Lewis, S.R.; Pritchard, M.W.; Thomas, C.M.; Smith, A.F. Pharmacological agents for adults with acute respiratory distress
syndrome. Cochrane Database Syst. Rev. 2019, 7, CD004477. [CrossRef] [PubMed]

Villar, J.; Ferrando, C.; Martinez, D.; Ambrés, A.; Mufnoz, T.; Soler, J.A.; Aguilar, G.; Alba, F; Gonzélez-Higueras, E.;
Conesa, L.A; et al. Dexamethasone treatment for the acute respiratory distress syndrome: A multicentre, randomised controlled
trial. Lancet Respir. Med. 2020, 8, 267-276. [CrossRef] [PubMed]

Le, S.; Pellegrini, E.; Green-Saxena, A.; Summers, C.; Hoffman, J.; Calvert, J.; Das, R. Supervised machine learning for the early
prediction of acute respiratory distress syndrome (ARDS). J. Crit. Care 2020, 60, 96-102. [CrossRef] [PubMed]

Bitker, L.; Talmor, D.; Richard, J.C. Imaging the acute respiratory distress syndrome: Past, present and future. Intensiv. Care Med.
2022, 48, 995-1008. [CrossRef] [PubMed]

Reamaroon, N.; Sjoding, M.W.; Gryak, J.; Athey, B.D.; Najarian, K.; Derksen, H. Automated detection of acute respiratory distress
syndrome from chest X-Rays using Directionality Measure and deep learning features. Comput. Biol. Med. 2021, 134, 104463.
[CrossRef]

Sjoding, M.W.; Taylor, D.; Motyka, J.; Lee, E.; Co, I; Claar, D.; I McSparron, J.; Ansari, S.; Kerlin, M.P; Reilly, ].P; et al. Deep
learning to detect acute respiratory distress syndrome on chest radiographs: A retrospective study with external validation.
Lancet Digit. Healt. 2021, 3, e340-e348. [CrossRef]

Filippini, D.FL.; Di Gennaro, E.; van Amstel, R.B.E.; Beenen, L.EM.; Grasso, S.; Pisani, L.; Bos, L.D.].; Smit, M.R. Latent class
analysis of imaging and clinical respiratory parameters from patients with COVID-19-related ARDS identifies recruitment
subphenotypes. Crit. Care 2022, 26, 1-10. [CrossRef]

Gietczyk, A.; Marciniak, A.; Tarczewska, M.; Lutowski, Z. Pre-processing methods in chest X-ray image classification. PLoS ONE
2022, 17, €0265949. [CrossRef]

Moreno, G.; on behalf of the GETGAG Study Group; Rodriguez, A.; Reyes, L.F.; Gomez, ].; Sole-Violan, J.; Diaz, E.; Bodi, M.;
Trefler, S.; Guardiola, ].; et al. Corticosteroid treatment in critically ill patients with severe influenza pneumonia: A propensity
score matching study. Intensiv. Care Med. 2018, 44, 1470-1482. [CrossRef]

Tsai, M.-].; For Taiwan Severe Influenza Research Consortium (TSIRC) Investigators; Yang, K.-Y.; Chan, M.-C.; Kao, K.-C,;
Wang, H.-C.; Perng, W.-C.; Wu, C.-L.; Liang, S.-J.; Fang, W.-F; et al. Impact of corticosteroid treatment on clinical outcomes of
influenza-associated ARDS: A nationwide multicenter study. Ann. Intensiv. Care 2020, 10, 26. [CrossRef]

National Heart, Lung, and Blood Institute Acute Respiratory Distress Syndrome (ARDS) Clinical Trials Network; Wiedemann,
H.P.; Wheeler, A.P,; Bernard, G.R.; Thompson, B.T.; Hayden, D.; Deboisblanc, B.; Connors, A.F].; Hite, R.D.; Harabin, A.L.
Comparison of Two Fluid-Management Strategies in Acute Lung Injury. N. Engl. ]. Med. 2006, 354, 2564-2575. [CrossRef]


https://doi.org/10.1001/jama.2012.5669
https://doi.org/10.1038/s41572-019-0069-0
https://www.ncbi.nlm.nih.gov/pubmed/30872586
https://doi.org/10.1056/NEJM200005043421806
https://www.ncbi.nlm.nih.gov/pubmed/10793167
https://doi.org/10.1016/S0140-6736(21)00439-6
https://doi.org/10.1007/s00134-023-07050-7
https://www.ncbi.nlm.nih.gov/pubmed/37326646
https://doi.org/10.1164/rccm.202303-0558WS
https://doi.org/10.1016/S0140-6736(22)01485-4
https://doi.org/10.1186/s40560-021-00528-w
https://doi.org/10.1016/S2213-2600(21)00461-6
https://doi.org/10.1164/rccm.201211-1981OC
https://www.ncbi.nlm.nih.gov/pubmed/23370917
https://doi.org/10.1055/s-0039-1684049
https://www.ncbi.nlm.nih.gov/pubmed/31060085
https://doi.org/10.1056/NEJMoa2021436
https://doi.org/10.1002/14651858.CD004477.pub3
https://www.ncbi.nlm.nih.gov/pubmed/31334568
https://doi.org/10.1016/S2213-2600(19)30417-5
https://www.ncbi.nlm.nih.gov/pubmed/32043986
https://doi.org/10.1016/j.jcrc.2020.07.019
https://www.ncbi.nlm.nih.gov/pubmed/32777759
https://doi.org/10.1007/s00134-022-06809-8
https://www.ncbi.nlm.nih.gov/pubmed/35833958
https://doi.org/10.1016/j.compbiomed.2021.104463
https://doi.org/10.1016/S2589-7500(21)00056-X
https://doi.org/10.1186/s13054-022-04251-2
https://doi.org/10.1371/journal.pone.0265949
https://doi.org/10.1007/s00134-018-5332-4
https://doi.org/10.1186/s13613-020-0642-4
https://doi.org/10.1016/j.jvs.2006.08.053

Biomedicines 2024, 12, 439 11 of 11

25.

26.

27.

28.

29.

30.

31.

32.

Warren, M.A.; Zhao, Z.; Koyama, T.; Bastarache, ].A.; Shaver, C.M.; Semler, M.W.; Rice, T.W.; Matthay, M.A.; Calfee, C.S.; Ware,
L.B. Severity scoring of lung oedema on the chest radiograph is associated with clinical outcomes in ARDS. Thorax 2018, 73,
840-846. [CrossRef]

Sedhai, Y.R.; Yuan, M.; Ketcham, S.W.; Co, I; Claar, D.D.; McSparron, J.I; Prescott, H.C.; Sjoding, M.W. Validating Measures of
Disease Severity in Acute Respiratory Distress Syndrome. Ann. Am. Thorac. Soc. 2021, 18, 1211-1218. [CrossRef]

Jabaudon, M.; Audard, J.; Pereira, B.; Jaber, S.; Lefrant, J.-Y.; Blondonnet, R.; Godet, T.; Futier, E.; Lambert, C.; Bazin, J.-E.; et al.
Early Changes Over Time in the Radiographic Assessment of Lung Edema Score Are Associated With Survival in ARDS. Chest
2020, 158, 2394-2403. [CrossRef] [PubMed]

Constantin, J.-M.; Jabaudon, M.; Lefrant, J.-Y.; Jaber, S.; Quenot, J.-P.; Langeron, O.; Ferrandiere, M.; Grelon, F.; Seguin, P;
Ichai, C.; et al. Personalised mechanical ventilation tailored to lung morphology versus low positive end-expiratory pressure for
patients with acute respiratory distress syndrome in France (the LIVE study): A multicentre, single-blind, randomised controlled
trial. Lancet Respir. Med. 2019, 7, 870-880. [CrossRef] [PubMed]

Valk, CM.A.; Zimatore, C.; Mazzinari, G.; Pierrakos, C.; Sivakorn, C.; Dechsanga, ]J.; Grasso, S.; Beenen, L.; Bos, L.D.J;
Paulus, E; et al. The Prognostic Capacity of the Radiographic Assessment for Lung Edema Score in Patients With COVID-19
Acute Respiratory Distress Syndrome—An International Multicenter Observational Study. Front. Med. 2022, 8, 772056. [CrossRef]
[PubMed]

Herrmann, J.; Adam, E.H.; Notz, Q.; Helmer, P.; Sonntagbauer, M.; Ungemach-Papenberg, P.; Sanns, A.; Zausig, Y.; Steinfeldt, T.;
Torje, I.; et al. COVID-19 Induced Acute Respiratory Distress Syndrome—A Multicenter Observational Study. Front. Med. 2020,
7,599533. [CrossRef] [PubMed]

Mongodi, S.; Santangelo, E.; Bouhemad, B.; Vaschetto, R.; Mojoli, F. Personalised mechanical ventilation in acute respiratory
distress syndrome: The right idea with the wrong tools? Lancet Respir. Med. 2019, 7, €38. [CrossRef] [PubMed]

Pierrakos, C.; Smit, M.R,; Pisani, L.; Paulus, F; Schultz, M.].; Constantin, ].-M.; Chiumello, D.; Mojoli, F.; Mongodi, S.; Bos, L.D.J.
Lung Ultrasound Assessment of Focal and Non-focal Lung Morphology in Patients With Acute Respiratory Distress Syndrome.
Front. Physiol. 2021, 12, 1482. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1136/thoraxjnl-2017-211280
https://doi.org/10.1513/AnnalsATS.202007-772OC
https://doi.org/10.1016/j.chest.2020.06.070
https://www.ncbi.nlm.nih.gov/pubmed/32659235
https://doi.org/10.1016/S2213-2600(19)30138-9
https://www.ncbi.nlm.nih.gov/pubmed/31399381
https://doi.org/10.3389/fmed.2021.772056
https://www.ncbi.nlm.nih.gov/pubmed/35071263
https://doi.org/10.3389/fmed.2020.599533
https://www.ncbi.nlm.nih.gov/pubmed/33392222
https://doi.org/10.1016/S2213-2600(19)30353-4
https://www.ncbi.nlm.nih.gov/pubmed/31777393
https://doi.org/10.3389/fphys.2021.730857
https://www.ncbi.nlm.nih.gov/pubmed/34594240

	Introduction 
	Materials and Methods 
	Study Design 
	Inclusion and Exclusion Criteria 
	Primary Outcome 
	Data Acquisition 
	Sample Split and Imputation 
	Statistical Analysis 

	Results 
	Logistic Regression Analysis 
	Model Performance 
	Comparative Analysis 
	Cross-Validation Significance 

	Discussion 
	Conclusions 
	References

