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Abstract—Acute Respiratory Distress Syndrome (ARDS), also
known as noncardiogenic pulmonary edema, is a severe condition that affects around one in ten-thousand people every
year with life-threatening consequences. Its pathophysiology is
characterized by bronchoalveolar injury and alveolar collapse
(i.e., atelectasis), whereby its patient diagnosis is based on the
so-called ‘Berlin Definition‘. One common practice in Intensive
Care Units (ICUs) is to use lung recruitment manoeuvres (RMs)
in ARDS to open up unstable, collapsed alveoli using a temporary
increase in transpulmonary pressure. Many RMs have been
proposed, but there is also confusion regarding the optimal way to
achieve and maintain alveolar recruitment in ARDS. Therefore,
the best solution to prevent lung damages by ARDS is to identify
the onset of ARDS which is still a matter of research. Determining ARDS disease onset, progression, diagnosis, and treatment
required algorithmic support which in turn raises the demand
for cutting-edge computing power. This paper thus describes
several different data science approaches to better understand
ARDS, such as using time series analysis and image recognition
with deep learning methods and mechanistic modelling using
a lung simulator. In addition, we outline how High-Performance
Computing (HPC) helps in both cases. That also includes porting
the mechanistic models from serial MatLab approaches and its
modular supercomputer designs. Finally, without losing sight of
discussing the datasets, their features, and their relevance, we also
include broader selected lessons learned in the context of ARDS
out of our Smart Medical Information Technology for Healthcare (SMITH) research project. The SMITH consortium brings
together technologists and medical doctors of nine hospitals,
whereby the ARDS research is performed by our Algorithmic
Surveillance of ICU (ASIC) patients team. The paper thus also
describes how it is essential that HPC experts team up with
medical doctors that usually lack the technical and data science
experience and contribute to the fact that a wealth of data exists,
but ARDS analysis is still slowly progressing. We complement the
ARDS findings with selected insights from our Covid-19 research
under the umbrella of the European Open Science Cloud (EOSC)
fast track grant, a very similar application field.
Keywords—High-Performance Computing; Acute Respiratory
Distress Syndrome; modular supercomputing; data science platform; machine learning

I. I NTRODUCTION
In their survey on the global impact of respiratory disease,
the World Health Organization (WHO) highlighted the lungs’
vulnerability to external disease vectors, and described the
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broad range of life-threatening conditions that can occur as
a result of such exposures [1]. These conditions endanger
the pathways through which the body collects oxygen and
drains carbon dioxide, and would benefit greatly from early
treatment, leading to more positive outcomes for patients.
Generally speaking, diseases of the respiratory system can be
either directly related to trauma or infection to the airways and
lungs, or deferred through the failure of other organs (cardiovascular conditions, multi-organ failure). In the specific case
of infections, part of the respiratory system can be affected
and there is a generally observed distinction between upper
respiratory tract infections (URTI) affecting the airways above
the glottis and usually more benign, and lower respiratory
tract infections (LRTI) where the condition can quickly become life-threatening [2]. One specific condition that affects a
large fraction of mechanically-ventilated (MV) Intensive Care
Unit (ICU) patients is Acute Respiratory Distress Syndrome
(ARDS). It was first referred to in the literature by Ashbaugh et
al. and has since been the subject of much research in order to
determine means of diagnosis and treatment [3]. This condition
is especially dangerous as it has a relatively high mortality
rate, while early detection is generally associated with more
positive outcomes for the patients [4, 5].
With the onset of the Covid-19 pandemic, it became clear
that fast and accurate methods for diagnosis and prediction of
disease progression are vital for hospitals as they strain under
the large number of incoming patients. Seeing as infection
with the Severe Acute Respiratory Syndrome coronavirus 2
(SARS-CoV-2) virus leads to a condition that is a similar
application field to the work we are performing in ARDS
prediction, we use the available resources and expertise to
advance some work done in chest X-ray image analysis and
attempt to expand it into new data provided under partnerships
within the European Open Science Cloud.
The work described herein takes advantage of the information gained through work conducted on ARDS patient
data as well as the collected knowledge of Covid-19 progression, the Modular Supercomputing Architecture (MSA)
hardware resources available at the Jülich Supercomputing
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Centre (JSC), the previously developed High-Performance
Computing (HPC)-enabled expert system [6], and the collaboration and collected expertise of Machine Learning (ML)
specialists, medical doctors, data analysts, and statisticians to
fulfill several goals as part of the overarching Smart Medical Information Technology for Healthcare (SMITH) project
spanning several medical and research institutions in Germany,
under the guidance of the Federal Ministry of Education and
Research (BMBF) [7, 8]. The goals we set out to reach
include (i) understanding ICU medical data made available
through the collaboration between university clinics, (ii) using
a patient simulator, made available by project partners, to
generate output data that determine outcomes of patients based
on selected inputs [9, 10], (iii) to leverage the available HPC
and MSA resources at JSC to parallelise and optimise the
process, (iv) to design, develop, train, and evaluate a MLbased model that can assist in ARDS diagnosis and is portable
enough to be implemented in hospital ICUs, (v) to retrain a
previously developed CNN-based approach to detect Covid-19
from patient chest X-rays, and subsequently, (vi) to validate
the previously established HPC-enabled expert system in a
clinical use case.
The remainder of this paper is structured as follows: related
work is reviewed in Section II and Section III provides brief
overviews on medical and technological methods required to
understand the paper, Section IV presents the work done on the
physiological model parallelisation and data preparation, while
Section V describes the data preparation and model training
for the predictive Covid-19 model. This paper ends with some
concluding remarks.
II. R ELATED W ORK
In this section we survey related works that are relevant in
context (e.g., simulators of disease progression, machine and
deep learning approaches, etc.).
Currently, the generally accepted method of diagnosing
ARDS is the "Berlin Definition" which defines onset of the
condition as a ratio of arterial oxygen to inspired oxygen of
less than 300 mmHg, with increasing severity as the ratio decreases [11, 12]. The definition does not specify the duration of
the reduced ratio, and diagnosis depends on the familiarity of
the ICU staff and physicians with the condition. On the other
hand, many treatment methods have been proposed to prevent
or treat ARDS, although no concensus has been reached in the
literature. These methods either revolve around lung protective
ventilation in order to prevent ARDS, or lung recruitment
through maintained inflation or high-PEEP/low tidal volume
accompanied by treatment to reduce the associated infection
[13, 14, 15]. In order to simplify the analysis of potential
treatment methods, Hardman et al. and later on Das et al.
worked on developing a mechanistic approach to simulate the
pulmonary and cardiovascular system of a patient. Their model
was built on available formulae that simulate air flow into the
lungs, gas exchange through the alveoli, and hemodynamic
equilibrium in the blood, and was shown to be accurate in its
representation of patient trajectories based on selected input
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parameters [9, 16, 17, 10]. This model was also used to test
the efficacy of several ventilation protocols to treat a simulated
ARDS patient [14, 15, 18].
Work such as that done by Das et al. could only be possible
as medical information becomes digitised, and patient data,
after anonymisation, becomes more accessible and available
for research [19, 20]. As Electronic Health Records (EHRs)
become the standard for medical data storage while storage
itself become more efficient, more medical information is
available for analysis and research and we come into the
age of medical "Big Data" [21]. This advancement mirrors
the growth, increased efficiency, and expanding availability of
computational resources and algorithms. Research institutions,
universities, and medical centres are now more likely to have
access to HPC resources on-site or through agreements with
other institutions, cloud computing resources are available
through private vendors (e.g. Amazon Web Services, Microsoft
Azure), and finally, through worldwide collaboration, new and
efficient open-source algorithms for ML and data processing
that take advantage of the technological advancements are
available online and are well-documented (e.g. Python1 , TensorFlow2 , PyTorch3 , etc.).
Covid-19 is the disease caused by infection with Severe
Acute Respiratory Syndrome coronavirus 2 (SARS-CoV-2)
and which has had a major effect on the international scale
in terms of strain to medical infrastructures, as well as
on an economic level4 [22, 23]. Infected patients generally
exhibit flu-like symptoms that in 5% of cases can lead to
severe consequences such as shock, respiratory failure, and
multi-organ dysfunction5 . Currently, the standard and most
effective diagnosis method is through Reverse TranscriptionPolymerase Chain Reaction (RT-PCR) which is a time- and
resource-consuming method6 . The ability to quickly and accurately diagnose the condition at low cost and using standard
equipment available at hospitals has been a goal for several
researchers and Punn et al. present an analysis of developed
Deep Learning (DL) methods to detect Covid-19 from chest Xrays [24]. Of these methods, COVID-Net developed by Wang
et al. is considered in this paper, as an open-source network,
trained on collected chest X-rays compiled within a opensource dataset (COVIDx7 ) [25]. This network leverages residual networks in a similar fashion to the ResNet50 developed
by He et al. that outperformed its competitors in the ImageNet
detection and localisation tasks in 2015 [26].

1 https://www.python.org/
2 https://www.tensorflow.org/
3 https://www.pytorch.org/
4 https://www.oecd.org/coronavirus/policy-responses/global-financial-markets-

policy-responses-to-covid-19-2d98c7e0/
5 https://www.cdc.gov/coronavirus/2019-ncov/hcp/clinical-guidance-

management-patients.html
6 https://ec.europa.eu/research-and-innovation/en/horizon-magazine/pcr-

antigen-and-antibody-five-things-know-about-coronavirus-tests
7 https://www.kaggle.com/andyczhao/covidx-cxr2

407

Figure 1. Parameter distribution over predetermined physiological ranges (mean in red).
Parameters: FiO2 - Fraction of inspired O2 , PEEP - Peak End-Expiratory Pressure, Vt - Tidal Volume,
P_EI - End-Inspiratory Pressure, SvO2 - Venous O2 Saturation, BEa - Arterial Base Excess.
III. M EDICAL AND T ECHNOLOGICAL M ETHODS
A. Machine Learning using State-of-the-Art Deep Learning
Artificial Intelligence (AI) is a vast area of techniques and
tools that enable computers to mimic human behaviour and
thus also include an extensive range of approaches such as ML,
DL, and robotics. ML is a specific subset of AI that is well
understood through statistical learning theory [27] wherein
valuable information can be extracted concerning model capacity, generalization, and the relevance of regularization and
validation for model selection. More recently, DL emerged
from ML as systems with the ability to learn underlying
features in data using neural networks with specific dedicated
types of layers tuned specifically for the tasks at hand such as
image processing [28] or sequence data analysis [29]. DL is an
active research topic with the number of publications grown
exponentially [30]. The image recognition work described in
this paper takes advantage of a specific type of DL network
for image recognition tasks related to Covid-19 described in
details in Sections II and V in more detail.
B. Understanding the need for High-Performance Computing
Using DL networks for image recognition tasks as required
for Covid-19 prediction is very computational-intensive, requiring HPC or Cloud Computing (CC) resources. Parallelising DL algorithms on HPC resources happens at the
level of numerical operations, at the level of the DL models
themselves, and at the level of the training process. DL models
transform n-dimensional tensors by applying element-wise
operations (e.g. activation functions, convolution operations, or
matrix multiplication) in fully-connected layers. Element-wise
operations are easily parallelizable, but convolution operations
and matrix multiplication require specialised parallelization
strategies. Our work benefits from HPC systems using parallel
matrix operations and convolutions using highly optimized
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libraries such as MKL8 , cuBLAS9 , and cuDNN10 . More details
on used HPC systems that are based on MSA[7] are described
in Table I of Section IV.
C. Selected Data Analysis Toolset
A wide variety of toolsets enabled the work on both aspects
of the project and simplified access to the HPC systems.
The system JuDoor11 enabled access to the HPC systems
addressing issues such as resource access through the Secure
Shell (SSH) protocol and account management, while the
availability of Jupyter notebooks on HPC resources of the
JSC12 made it possible to test code and visualise results more
efficiently. One particular challenge was switching between
TensorFlow versions where using the Covid-19 prediction
model required version 1.3 while the work on the virtual
patient model is not version-restricted. Having access to both
versions on the cluster greatly simplified the process. Additionally, the HPC systems we used provide an implementation
of Horovod [31], a data-parallel framework for distributed
training of DL networks with NCCL13 as a communication
framework. Finally, using COVID-Net required the use of the
Open Source Computer Vision Library (OpenCV)14 for image
manipulation.
IV. P HYSIOLOGICAL M ODEL - R ESULTS AND D ISCUSSION
A. Model Conversion and Parallelisation
The physiological simulator is available to us as a Matlab15
script. Given that (a) our intention is to parallelise the model,
8 https://www.intel.com/content/www/us/en/developer/tools/oneapi/onemkl.html
9 https://docs.nvidia.com/cuda/cublas/index.html
10 https://developer.nvidia.com/cudnn
11 https://judoor.fz-juelich.de
12 https://jupyter-jsc.fz-juelich.de
13 https://docs.nvidia.com/deeplearning/nccl/index.html
14 https://opencv.org/
15 https://www.mathworks.com/products/matlab.html
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Figure 2. Prediction performance on a test set of the EHL dataset (a) before and (b) after training.
feed it automatically generated data, and produce from it
outputs for selected parameters, and (b) the supercomputing
clusters at JSC do not have an implementation of Matlab
running in parallel, we opted to convert the model itself into
a compilable and portable version in C. This was done using
Matlab Coder16 developed by Mathworks inc. On the cluster
side, a python script was prepared that can read patient data,
use it to populate a function call for the C-based simulator,
compile it, and run it in order to generate outputs. The specific
parameters to output after each simulation run will be selected
at a later step as we progress further into the project.
Depending on which section of the supercomputing cluster
we use, we are able to scale up the simulation both in terms
of speed of execution of individual tasks and in terms of
the number of tasks that can be executed concurrently. Table
I shows the different configurations available. Accordingly,
we tested the ported simulator using dummy data as input
both within a serial JupyterLab implementation and in parallel
using the Message Passing Interface (MPI) on the Dynamical
Exascale Entry Platform (DEEP) cluster, and were able to
achieve the speedup values presented in Table II.
Given these results, and after comparing the outputs with
those from the original simulation, we show that the model
can be scaled up proportionally to the number of processors
recruited for the task at hand. Similarly, as running the
simulations in parallel also reduces the run times, as shown
in Table II, we can estimate the time it would take to run
the large number of simulations possible using algorithmically
generated inputs. The following section takes into consideration the methods through which the inputs for the simulator
are generated.
16 https://www.mathworks.com/products/matlab-coder.html

TABLE I. PARTITIONS ON THE DEEP P ROTOTYPE .
Partition

Nodes

CPUs

GPU

DP-DAM
DP-ESB
DP-CN

16
75
50

96
16
48

✓
✓
x
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B. Defining Boundaries and Sampling
For the approach described in this paper, the available
patient data is used to validate the ranges within which our
parameter generation methods will have to be bound. The
boundaries themselves were selected based on the recommendations from ICU staff and medical practitioners participating
in the work, and Figure 1 highlights the distribution of the data
within these ranges. It is clear from the histograms that the
data provided confirms the choice of upper and lower bounds
for the parameters in question.
Aside from the parameters presented in Figure 1, the
simulation also requires inputs related to the behaviour of the
individual alveolar compartments within the respiratory model.
These parameters will also be sampled within boundaries
that were experimentally selected based on their distribution
in the patient data provided by the clinics. Sampled values
include the intra-compartmental airway resistance (Rcomp ), the
physiological deadspace volume (VDphys ), and the stickiness of
the alveoli, among others.
We use the simulator in this manner to generate a large
number of outputs that, along with their respective inputs,
can be used to train a ML-based model. This model will
be developed as an upcoming step within the scope of our
work. We generate inputs by populating a range between
the boundaries defined above, and randomly sampling over
these values over several iterations. By limiting the range
between boundaries to 10 values, we obtain 108 possible
combinations of values for the patient parameters presented
in Figure 1 and 1011 possible combinations for the variables
that define compartment parameters. It follows that the number
of combinations increases as the range between the boundaries
increases, though it is worth noting that the list of generated
parameter combinations grows in size to such an extent
TABLE II. E XECUTION TIME OF THE SIMULATION .
Platform
Original Simulation on Laptop
C in serial on DEEP with JupyterLab
C in parallel on DEEP on 48 CPUs

Execution Time
259.1 s
108.8 s
100.79 s
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Figure 3. Prediction performance on a test set of the Fusion dataset (a) before and (b) after training.
that it would be difficult to keep in the available storage,
even on the HPC cluster. Our approach to avoiding memory
overload in this case is to apply the knowledge we have in
using distributed memory and HPC to break down the task
into smaller individual tasks. In doing these steps, we set
the ground work both for building the ML model, and for
generating the data required to train said model.
V. C OVID -19 M ODEL - R ESULTS AND D ISCUSSION
A. Data Preparation and Distribution
Data from health partners in Europe is provided to assist
in testing, training, and validating a model that builds on
the work done by Wang et al. for COVID-Net [25]. Unlike
the COVIDx dataset, in which the X-ray images are labelled
across 3 categories (healthy, pneumonia, and Covid-19), the
X-ray images provided by e-HealthLine (EHL) are further
classified, as well as the above-mentioned three classes, into
categories covering a wide range of conditions affecting the
lungs (e.g. pulmonary edema, atelectasis, etc.).
For the time being, and as part of our attempt to validate the
model and the platform with the available data, we restrict our
approach to a 3 class prediction. Given that the EHL dataset is
greatly reduced after removing images that do not fit the three
categories mentioned above, we opt to create a Fusion dataset
that merges the provided images with those available from
COVIDx. Table III compares dataset sizes and constitutions.
B. Model Selection
Several iterations of COVID-Net exist in the original authors’ public repository and they provide a comprehensive
guide that sheds light on model accuracy after training. In
our implementation of the model, we found that the latest
greatest model (at the time of writing: COVID-Net-CXR4-A)
performed badly on the data made available through EHL. This
TABLE III. DATASET CONSTITUTION
Dataset

Normal

Pneumonia

Covid-19

COVIDx
EHL
Fusion

8,066
1,898
9,964

5,575
118
5,693

2,358
187
2,542
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was due to the provided images being of a lower resolution
than the COVIDx images. For that reason we opted to use an
earlier version of the model (COVIDNet-CXR Large) which
takes images of 224x224 pixel resolutions, and which has
relatively high accuracy and Covid-19 sensitivity.
The model inference performance was poor on both the
EHL data and the Fusion dataset, with many images automatically being classified as having Covid-19. This highlights
the difference between the available images and those that
the model was trained on, as well as the presence of a
built-in algorithmic weighting scheme that pushes the model
towards detecting Covid-19 more often. Alternately, these
results, presented in Figures 2(a) and 3(a), confirm the need
to retrain the model altogether in order to increase prediction
accuracy for the two other classes in our data.
C. Model Retraining
Training COVID-Net is done through a script provided
by the original authors, though several parameters can be
tuned. In our applications, we fine-tuned the class weights to
leverage the Covid-19 and Pneumonia classes. This was done
to make up for the class imbalance due to the healthy patient
dataset being significantly larger than the other classes. We
can see the improvement in the model’s predictive capabilities
in Figures 2(b) and 3(b). When training is performed on the
EHL dataset alone, the model’s ability to distinguish between
Covid-19 and the other classes is much more pronounced. For
pneumonia we see that the model is not able to accurately
differentiate between it and healthy patients, but that might be
due to the reduced number of images for this particular class.
Alternatively, the model’s performance improvement on the
Fusion dataset is less pronounced but still clear as prediction
accuracy increases for all three classes.
Seeing as the model was successfully trained on the data
made available by EHL, which in turn was shown to be
different than the COVIDx data the model was originally
trained on, we can confirm that it is both robust and easy
to train. This COVID-Net model that was retrained on the
images from the EHL dataset is currently more attuned to
the type of images that will be made available in the future
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by the participating hospitals, making it a good fit for their
applications. On the other hand, and with the information
gained through retraining the model, we can move on to the
next step of the project where we to use the remainder of the
labelled dataset and apply transfer learning on the model for
prediction over further conditions.
VI. C ONCLUSION
In this paper we described two methods where we leverage
the HPC structure available through JSC to make possible or
to accelerate work in medical data processing. On the one
hand we facilitate the generation of data for simulating the
pulmonary and cardiovascular system responses and pave the
way for the development of a portable black-box model of
human physiology. On the other hand we parallelise retraining
of a DL classification model with new data to simplify Covid19 diagnosis through chest X-rays, with the potential to expand
into more conditions as data become more available and
accessible. This work is presented both as stepping stones for
future projects as well as validation of a pre-established HPCenabled expert system for medical applications.
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