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= Acute Respiratory Distress Syndrome (ARDS)
affects many mechanically-ventilated ICU
patients with a high mortality rate.

= Causes infiltrates in the pulmonary
compartments|[1].

» Gradual decrease in oxygenation[1].

= Early diagnosis is associated with positive outcomes ~ Comparison of ARDS (left) and healthy lungs (right)
for the patients[2,3].

= Generally diagnosed based on the Berlin
Definition[4].

= Covid-19 caused by SARS-Cov-2 primarily
affects the lungs[5,6].

= Early diagnosis often associated with positive
outcomes|5,6].

= A lot of data available for analysis.

Comparison of Covid-19 (left) and healthy lungs (right)




Aims of the Research

= Provide quick diagnosis methods for ARDS:
= Generate patient-similar data to run simulations.
= Design and build a neural network for ARDS

diagnosis.

= Provide quick Covid-19 diagnosis:
= Validate COVID-Net.
= Test it on new data.
= Retrain and deploy.

= Validate the previously developed HPC-enabled
data science platform[7].
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Abstract—An increasing number of data science approaches
that take advantage of deep learning in computational medicine
and biomedical engineering require parallel and scalable algo-
rithms using High-Performance Computing systems. Especially
computational methods for analysing clinical datasets that con-
sist of multivariate time series data can benefit from High-
Performance Computing when applying computing-intensive Re-
current Neural Networks. This paper proposes a dynamic data
science platform congisting of modular High-Performance Com-
puting systems using accelerators for innovative Deep Learning
algorithms to speed-up dical licati that take advantage
of large biomedical scientific databases. This platform’s core
idea is to train a set of Deep Learning models very fast
to easily combine and compare the different Deep Learning
models’ forecast (out-of-sample) performance to their past (in-
sample) performance. Considering that this enables a better
understanding of what Deep Learning models can be useful
to apply to specific medical datasets, our case study leverages
the three data science methods Gated Recurrent Units, one-
dimensional convolutional layers, and their combination. We
validate our approach using the open MIMIC-TIT database in a
case study that assists in understanding, diagnosing, and treating
a specific condition that affects Intensive Care Unit patients,
namely Acute Respiratory Distress Syndrome.

Keywords—High-Performance Computing; MIMIC-1H
database; Acute  Respiratory Distress  Syndrome; modular
supercomputing; data science platform

. INTRODUCTION
The technology involved in collecting, storing, and pro-
cessing information has advanced to such an extent that we
have at our disposal data on almost every aspect of the

Health Records (EHRs) have made il easier to group data
ol many patients diagnosed with the same conditions from
several hospilals, countries, and even time periods (o highlight
previously overlooked markers that could improve treaiment
or accelerate diagnosis [2]. Applying ML and Deep Learning
(DL) techniques to this data has the potential of uncovering
underlying correlations that would otherwise require several
researchers several years to piece together [3]. All the above
relevant methods and techniques for medical data sciences
have in common that we observe a significant increase in
the requirement of having larger computing capacity available
(e.g., HPC for distributed training of deep learning networks).

This paper addresses the increased complexity that medical
experts experience when interacting with High-Performance
Computing (HPC) resources which are becoming more widely
available in academic centers and accessible through public
cloud resources as well. That also includes an increase in the
power of HPC resources available through research institu-
tions, clinics, and hospitals. Aside from their regular duties,
medical experts have to learn to navigate these resources in
order to perform their analyses as opposed to the traditional
data analysis performed on personal computers. This paper
thus describes one flexible platform approach wherein this
problem is mitigated and there is no need for medical experts
to pick up any specialised high-level programming skills, Fur-
thermore, today, it is possible to scale medical applications of
the above-mentioned DL and ML technigues in a way that fits
the growing size of the data available through EHRs. Bul the
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Methodology R

* Virtual Patient Simulator:

= Matlab model ported to C. Generate Tra:g a:ld Test
. . . . > e New
= Tuned outputs to most informative. Training D W Model
* Input Patient Data: M T, ==
. . . . \\\ . E
= Understand distribution of available data. .o DEEPEST
= Validate methods for random sampling. Parallelise Yy
= Parallelise data generation. s e JuwEs
= COVID-Net: E}' =il Re;/r\aig ’rlhe
. . . Ne ode
= Validate original network. . O VIOt
SERT . ompare
= Highlight speed up when using HPC Results from

= Test on data from hospital. Datasets
= Retrain on the data.



Results — ARDS Diagnosis SRR

= C-based model performance: R T ———
- . . | b h | ” d HPC C in serial on DEEP with JupyterLab 108.8 s
Faster in serial both locally and on . C in parallel on DEEP on 48 CPUs 100.79 s
= 100% faster in parallelon HPC, with potential
for SCa|e-UP Heemoglobin Fi02 PEEP

* The patient parameters follow a Normal
distribution:
= Fits the boundaries defined by ICU personnel.
= Can be modelled mathematically. B I rzo

= Data generation can be parallelised.

= Python Generators are an efficient method
for feeding into the simulation.

/min mil mEg/L



Results — Covid-19 Diagnosis

* Pre-trained COVID-Net:

» Performs as expected on images similar the data it was
trained on.

= Underperforms on new images with different resolutions.

= Inference was sped up and scaled up significantly.

» Retraining COVID-Net:

= Almost impossible on local machine.

= Using HPC made the process more efficient (speed-up,
scale-up, multi-runs).

= Retraining with new data showed improved inference.
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Conclusions and Next Steps R

= Validated the pre-established Data Science Platform:
= Performed data analysis on available patient data.
= Ported the virtual patient simulation to C.
= Parallelised and scaled up virtual patient simulation.
= Managed the transfer and storage of medical data for training COVID-Net.
= Highlighted speed-ups possible using specialised hardware and software.

= Prepared the platform for large-scale data generation.
= Set up the groundwork for building the neural network-based simulation.

= Successfully retrained COVID-Net on new data.
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Thank you!

Questions are Welcome
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