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Abstract: Acute Respiratory Distress Syndrome (ARDS) is a severe lung injury associated
with high mortality. Epidemiological studies have shown that ARDS is often diagnosed too
late or not at all. Artificial intelligence (AI) can help clinicians identify ARDS and initiate
appropriate therapy earlier. Various data must be collected and processed for the training
of such Al methods. It is particularly important to consider the data basis and describe
the pre-processing steps of the data, as this has a major influence on the results of an Al
model. A random forest algorithm is proposed to automatically assess a patient’s condition for
compatibility with an ARDS using time-series data (like vital signs, laboratory values and other
parameters). We emphasize the data preparation and its influence on the results. The model
achieved moderate to excellent results depending on the preparation and dataset.
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1. INTRODUCTION

Acute Respiratory Distress Syndrome (ARDS) is a se-
vere medical condition first described by Ashbaugh et al.
(1967). The syndrome affects around 10 % of mechanically
ventilated patients in intensive care units (ICU) (Bellani
et al. (2016)). It is characterized by a rapidly evolving,
massively impaired gas exchange due to extensive inflam-
mation of the lung tissue. During the Covid-19 pandemic,
ARDS has become increasingly relevant for research and
treatment because an underlying infection can lead to an
onset of the syndrome (Gorman et al. (2022)). According
to Bellani et al. (2016), the in-hospital mortality of all
ARDS patients across all severities is approximately 40 %.
Since 2012, the condition has been diagnosed according to
the Berlin Definition (BD) by Ranieri et al. (2012), which
includes four criteria that must be met:

1. Timing: Onset within one week of a known clinical
insult or new or worsening respiratory symptoms

2. Origin of edema: Respiratory failure that cannot
fully be explained by cardiac failure or fluid overload

3. Chest imaging: Bilateral opacities, which cannot be
explained by effusions, lung collapse or nodules

4. Oxygenation: Horovitz-quotient (or P/F ratio) lower
than 300 mmHg with a PEEP higher or equal than
5 cmH30. The P/F ratio is calculated as follows:

P,0O

o (1)
Y2

where P,0Os is the oxygen arterial partial pressure

and F;05 denotes the inspiratory oxygen fraction set

in the mechanical ventilator.

P/F ratio =

Despite its high relevance for critical care and its clear de-
fined diagnostic criteria, Bellani et al. (2016, 2020) discov-
ered that ARDS is significantly under-recognized in daily
routine. In a large clinical study, Bellani et al. (2016) found
out, that approximately one third of all ARDS cases were
not diagnosed. In mildly affected patients, the diagnosis
rate was as low as 50 %, leaving half of all mild ARDS cases
unrecognized. Other studies showed even worse detection
rates in earlier years (Ferguson et al. (2005); Fréhlich
et al. (2013)). To improve this situation, several artificial
intelligence (AI) methods have been proposed in the lit-
erature for the detection and assisted treatment of ARDS
(Rashid et al. (2022)). In particular, the third (Sjoding
et al. (2021); Fonck et al. (2023)) and fourth (Rashid et al.
(2022)) criteria are often addressed promoting the use of
Al-assisted detection methods. Training and evaluation
of such AI methods requires a large amount of data,
whose collection is time-consuming and poses regulatory
challenges. Therefore, published secondary databases, i.e.
data that is collected and reused for another purpose,
have become increasingly important in recent years as
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they allow for better reproducibility and are in line with
the FAIR principles by Wilkinson et al. (2016). Despite
the necessity and benefits of using secondary databases,
several challenges arise. First, information on patients’
diagnoses is limited. In some databases, only the Interna-
tional Classification of Diseases (ICD) codes are published
without a timestamp during the admission time indicating
a specific onset of the diagnosis; other databases do not
contain any diagnostic information at all, making it diffi-
cult to pre-select patients for supervised learning. Second,
data from large healthcare-related databases inherit the
undetected ARDS cases as missing diagnosis annotations.
Third, there are many missing data samples because not
all parameters are collected with the same granularity and
sensor errors can lead to inconsistent values. To address
these challenges, we propose a data processing concept to
implement a Random Forest (RF) algorithm for the retro-
spective classification of ARDS in intensive care secondary
data.

2. STATE OF THE ART

The importance and status of Al methods for the detection
of ARDS is shown by the systematic review by Rashid
et al. (2022) in which a total of 19 studies on this topic
are identified and presented. 53 % of the found articles
dealt with the diagnosis of ARDS in time series and ra-
diological images. All developed models showed good to
excellent results on commonly used performance metrics
such as area under the receiver operating characteristic
curve (AUC) or sensitivity. Although no RF algorithm
was used to directly detect ARDS, the predictive ability
of the method was demonstrated in a study by Ding et al.
(2019). In their work, an RF was implemented for an early
prediction of ARDS on the first day of hospitalization. The
model incorporated various vital signs and laboratory data
from 296 patients collected between 2011 and 2014. The
average AUC values were 0.82 and the predictive accuracy
was 0.83. In 2022, Pai et al. (2022) used an RF algorithm in
an ensemble method for assisted diagnosis of ARDS in in-
tensive care time series data as well as radiographs. In their
work, three different machine learning (ML) algorithms,
eXtreme Gradient Boosting, RF and Logistic Regression,
were combined with a convolutional neural network to
determine a probability for the presence of ARDS. A
total of 1,577 patients from the Taichung Veterans General
Hospital in Taiwan with vital signs, laboratory data and
chest radiographs were used for final data analysis. The
ensemble method of all models together achieved AUC
values of 0.925. The RF algorithm achieved accuracy of
0.840, sensitivity of 0.791, specificity of 0.855 and AUC
of 0.910. These studies demonstrate the high potential of
using RF for the classification of ARDS. Unfortunately,
the models and data from each study are not available,
making it difficult to extend or reproduce the results. For
this reason, we present the implementation of an RF using
primarily publicly available databases. In the following
section, we concentrate on the pre-processing concept of
the data in order to increase reproducibility and describe
the influence of this pre-processing on the results of the
RF algorithm.

3. DESIGN & IMPLEMENTATION

Even though RF has already been used in the context of
ARDS classification, we would like to emphasize the data
preparation as an addition to support reproducibility. We
decided to use an RF algorithm because it provides promis-
ing results in the literature and can be used well for binary
classification. RF is an ensemble method, that constructs
multiple decision trees during training and outputs the av-
erage prediction of the individual trees (Breiman (2001)).
Each tree is trained on a random subset of the training
features (Bagging), which reduces the risk of overfitting.

The implementation is structured into two main parts:
First, the data preparation including extraction, pre-
processing, filtering and feature selection, and second, the
model learner, which encompasses the training and evalua-
tion of the models using various datasets (see Fig. 1). Each
of the substeps are described in the following subsections.

Data Preparation
Data Data Pre- Data Feature
Extraction Processing Filtering Selection
Model Learner

[ Training ]—{Evaluation}

Fig. 1. Workflow for the RF algorithm with data prepara-
tion (blue) and the model learner (green).

3.1 Data Extraction

In order to test the generalizability and transferability of
the proposed RF algorithm, we used three different inten-
sive care databases for training and evaluation: MIMIC-
IV, eICU, and a database provided by the University
Hospital RWTH Aachen (UHA). The first two databases
are published by the PhysioNet (Goldberger et al. (2000)).

Johnson et al. (2021) The MIMIC-IV database contains
data from admissions to the Beth Israel Deaconess Medical
Center in Boston, USA collected from 2008 to 2019, includ-
ing information on patients, admissions, laboratory mea-
surements, diagnoses, and other data. There are 523,740
distinct admissions in the database.

Pollard et al. (2018) The eICU database contains data
from admissions to 208 different hospitals in the United
States. The data were collected by the Philips eICU
program between 2014 and 2015, including information on
200,859 distinct admissions.

UHA  The UHA database is provided by the Data
Integration Center of the University Hospital Aachen and
contains data of patients admitted to the intensive care
units of this hospital, including 13,067 distinct admissions.
The data were collected and processed as part of the ASIC
study (Marx et al. (2021)).

3.2 Data Pre-Processing

To select relevant parameters for ARDS detection, the
Catalog of Items from the ASIC study (Marx et al.
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(2021)) was used. In this catalog, health care professionals
defined a large number of vital signs, laboratory values,
medications and diagnoses that could be relevant for
the detection of ARDS. In total, 107 parameters were
extracted from the databases (see Supplementary Material
S1: Selected Parameters). It is important to note that
not all parameters were available in all three databases.
However, some of them could be calculated using existing
data. Because ARDS does not have a single, unique
occurrence, a period of up to 10 days was considered
for each hospital admission. For this purpose, a possible
onset was determined by using the lowest mean P/F ratio
calculated using a sliding window. Values for all available
parameters from the 7 days prior and 3 days after were
then included to capture the possible cause and outcome
of ARDS. Since most of the parameters are available with
different frequencies, there are many missing values when
combining the parameters into a multivariate time series as
model input. To fill these gaps, time windows were defined
depending on the frequency of the data (from every 4 hours
for higher granularity data to once per analyzed window
for very low granularity data - see Supplementary Material
S1: Selected Parameters). Within these time windows,
the arithmetic mean for the parameter is calculated to
downsample the data (see Fig. 2). As the data granularity
also varies greatly between patients, data points may
remain empty during this process. Given that RF cannot
handle undefined data points, these missing values were
imputed with the implausible value -100,000.
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Fig. 2. Data Sampling for the heart rate of patient 2471706,
where the arithmetic mean is calculated for the heart
rate every 4 hours. Blue is the raw data and Orange
are the calculated parameters, that are used as input
for the algorithm.

3.8 Data Filtering

After data pre-processing, various filters are applied to the
data to remove possible outliers and inconsistencies (see
Fig. 3). Initially, all patients under 18 and who have been
in the ICU for less than 2 hours are filtered in accordance
to the ASIC study (Marx et al. (2021)). In addition, all
admissions for which no ICD-10 codes, P/F ratios and
PEEPs are available/calculable are excluded, as they can-
not be clearly classified. The resulting group of admissions
is divided into potential ARDS and Non-ARDS cases using
the ICD-10 code ”J80”. As mentioned in the introduction,

there is some uncertainty in the labeling of Non-ARDS
patients due to underrecognition of ARDS. To address this
issue, additional filters were applied on the data to remove
admissions where there is a potential uncertainty. First
we excluded all admissions from the ARDS group, where
there is no P/F ratio lower than 300 mmHg, as this would
contradict the BD by Ranieri et al. (2012) (BD filter). For
the Non-ARDS group we implemented two filters: a Lite
(excludes a smaller amount of Non-ARDS patients) and a
Strict (excludes a larger amount of Non-ARDS patients)
one. The Strict filter excludes all Non-ARDS admissions,
where the patient has a P/F ratio below 200 mmHg, an
according PEEP value above 5 cmH5O, as these patients
suffer from hypoxemia, which would be consistent with
an ARDS. The Lite filter also checks whether one of the
exclusion diagnoses listed in the second criterion of the BD
is present, as an ARDS would be likely in such cases. These
filters are evaluated and discussed later on. This filtering
results in 3 different datasets for each database (see Table
1).

Database Filter ARDS | Non-ARDS
No Filter 1.001 11.733
UHA BD + Lite 1.000 9.151
BD + Strict 1.000 1.977
No Filter 606 6.949
eICU BD + Lite 584 3.912
BD + Strict 584 3.193
No Filter 173 7.534
MIMIC-1V BD + Lite 163 5.932
BD + Strict 163 4.475

Table 1. Number of ARDS and Non-ARDS
patients based on the according filter (see
Subsection 3.3).

3.4 Feature Selection

The next step is an optional feature selection, which
reduces the feature space and can therefore improve model
accuracy, reduce overfitting and speed up the training
process. After data pre-processing and down sampling, a
total of over 2500 features is available to serve as input for
the RF algorithm. Four different options were tested for
feature selection: Without feature selection, with mutual
information (the top 30 % and the top 60 % of features)
and the embedded feature importance from the RF. After
the relevant features are identified, all other features are
dropped from the dataset.

3.5 Model Learner: Training & Evaluation

The model learner is split into the training and evaluation
phase (see Fig. 1). Before the training phase, the described
datasets from all three databases (see Table 1) are split
into a training and a test dataset (75 %/25 %). The
training dataset of each database is then used to perform
a b-fold cross-validation. The best resulting model is
applied to the test datasets of all three databases. This
allows for an internal validation and furthermore for an
external validation to check the generalizability of the
algorithm. The RF is implemented using the sk-learn
library (Pedregosa et al. (2011)). The results are described
and discussed in the following sections.
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Fig. 3. Exclusion and filter criteria for data pre-processing. The first three exclusion criteria are used for all patient
admissions. On the bottom left, the filter BD (for Berlin-Definition) is described. On the Non-ARDS side, the Lite
and Strict filter are displayed. The yellow box encompasses the segregation by ICD-10 codes and the admission

groups used for the training without filters.

4. RESULTS

The RF algorithm trained with the datasets from Table 1
achieved varying results based on the according feature
selection and filtering. Exemplary results for the cross-
validation of the RF algorithm using the embedded feature
selection can be seen in Table 2. The according ROC
curve for the UHA dataset is presented in Fig. 4 (See
Appendix A.1 and Appendix A.2 for the MIMIC-IV and
eICU results). For all datasets used, the model with all
filter options has a very high specificity, which shows that
almost all negative cases were correctly identified as such.
The algorithm performs slightly worse for the positive
cases. In particular, without filtering and with the light
filter, the sensitivity is lower. Overall, the rather high
AUC indicates that the classifier achieves a reliable clas-
sification. The best model for the 5-fold cross-validation
(Filter BD + Strict) is then used for an external validation
on the test datasets of all databases (see Table 3). The
external validation shows that the respective models can
be transferred well to the test data of each database and
are therefore generalizable.

5. DISCUSSION

In general, our results are consistent with those published
in the related literature, where an RF algorithm has al-
ready been used for the classification and early prediction
for ARDS in time-series data. However, using the unfil-
tered data we achieve only moderate sensitivity, which may
be due to the homogeneity or imbalance of the two patient
groups. When the data are filtered however, the algorithm
produces excellent results in all considered metrics. The
question remains to what extent the population in the non-

Database Filter Sen. | Spec. | AUC
No Filter 0.384 0.976 0.895

UHA BD + Lite 0.449 | 0.964 0.885
BD + Strict | 0.973 | 1.000 0.999

No Filter 0.363 | 0.951 0.848

eICU BD + Lite 0.625 | 0.953 0.933
BD + Strict | 0.932 | 0.988 0.985

No Filter 0.584 | 0.922 0.892

MIMIC-IV BD + Lite 0.672 | 0.958 0.945
BD + Strict | 0.884 | 0.981 0.985

Table 2. Mean Sensitivity (Sen.), Specificity
(Spec.) and AUC for the internal cross-
validation for each database using the different
filtered datasets for the RF feature selection.

ARDS group still corresponds to reality. These research
results show the importance of data pre-processing as it
has a major impact on the training and performance of ML
algorithms. Often, the principle of ”garbage in, garbage
out” is used to address the poor data quality that also
affects the results of AI methods (Kilkenny and Robinson
(2018)). To generate truly robust results from AI methods
in the medical context, we need to focus more on the
quality of the data and its annotations. Apart from the
dependence of the results on the dataset, our work shows
that RF is a suitable method for retrospectively classifying
ARDS patients. Furthermore, the trained models can be
used for analysis of diagnoses in intensive care datasets to
improve annotation. This would require external valida-
tion by medical experts to ensure efficient use of secondary
data. Also, the transferability to other datasets without
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Receiver operating characteristic curve
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Fig. 4. ROC curves for the internal cross-validation for the
UHA database without filters and with RF feature

selection.
Model Testset Sen. | Spec. | AUC
UHA 0.968 1.000 1.000
UHA eICU 0.875 1.000 0.981
MIMIC-IV | 0.825 0.992 0.989
UHA 1.000 0.994 0.999
elCU eICU 0.943 0.987 0.990
MIMIC-IV | 0.900 0.989 0.987
UHA 1.000 0.964 0.999
MIMIC-IV eICU 0.943 0.971 0.983
MIMIC-IV | 0.900 0.978 0.992

Table 3. Sensitivity (Sen.), Specificity (Spec.)

and AUC for the models evaluated with the

testdata of all databases (RF feature selec-
tion).

much loss of performance indicates the generalizability of
the algorithm. Surprisingly, the model initially trained on
the MIMIC-IV data performed even better on the other
test data than on the internal test set. This may be due to
better data quality and higher resolution of the relevant
data, which should be investigated in further research. An-
other aspect that should be addressed in future work is the
subdivision of ARDS patients into different severity levels
in order to analyze whether a multiclass classification is
possible with the proposed algorithm.

Our research also has limitations: The problem of filtering
the data has already been addressed and should be im-
proved in further work using external physician validation.
In addition, the database for ARDS patients, especially
the MIMIC-IV database, is very small. With the help of
other intensive care databases, the training and evaluation
process could be further extended. The UHA dataset used
is not publicly available at the time of this publication,
which limits reproducibility. We hope to remedy this in
the future. An easy understanding of the algorithm is not
given at the moment, as the model acts as a black box. By
incorporating explanatory methods, we hope to extend the
application in the future and make it more comprehensible,
as already shown by Raab et al. (2023) for the use case of
seizure detection in EEG time series data.

6. CONCLUSIONS

ARDS is a critical lung disease with a high mortality
rate. One reason for this is the late and often missed
diagnosis. Al can assist physicians in the diagnostic pro-
cess. These methods can be trained and evaluated using
(published) secondary databases. However, there are some
challenges that need to be openly described and discussed.
Using three intensive care datasets, we implemented an
RF algorithm for the retrospective detection of ARDS
and explained the data processing procedure. Our results
are comparable to and, depending on the dataset, even
better than those in the related literature. In this work,
we wanted to focus on the data to show the importance
of sufficiently addressing the processing steps. In further
work, we would like to validate our approach with more
datasets and use the models to test or possibly improve
the uncertainty of the annotations. In addition, other ML
methods such as Bayesian Networks, Support Vector Ma-
chines or Neural Networks can be used for ARDS classifi-
cation to extend this classification. In the medical context,
the comprehensibility of these algorithms is of particu-
lar importance and should be supported by explanatory
methods. The results should also be validated externally
by integrating doctors or other datasets.

7. CODE & DATA AVAILABILITY

The code and supplementary material used for this re-
search is available on the following github: https://github.
com/embedded-software-laboratory /RF-for-ARDS-classi

fication. The data can be accessed using the provided
references: Johnson et al. (2021); Pollard et al. (2018).
The data collected during the ASIC project is currently
not available, but is planned to be published in the future.
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Fig. A.1. ROC curves for the internal cross-validation for
the MIMIC-IV database without filters and with RF
feature selection.
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Fig. A.2. ROC curves for the internal cross-validation for
the eICU database without filters and with RF feature
selection.



