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Abstract

During the global pandemic, COVID-19 patients who suffer greatly from cardiovascular issues showed a
higher mortality rate. This study focuses on analyzing Computational Fluid Dynamics (CFD) simulation
data to develop a predictive model for Lagrangian particles that washout in one cardiac cycle. The
proposed model relies on a simple arterial ultrasound procedure, making it non-invasive. This transition
to Deep Learning (DL) helps explore and extract complex patterns of cardiovascular data, ideally leading
to better prediction accuracy. Our research proposes using Ray Tune and our pipeline which tunes the
hyperparameters as well as model structure. The system does this based on a range for each of the variables
and optimizes for the best Mean Squared Error (MSE) results. The model achieved high accuracy with an
R2 of up to 92.8% and 94.8% on two CFD datasets. This demonstrates the model's ability to capture
complex cardiovascular patterns and suggests potential for rapid thrombogenesis prediction. Our results
indicate that further improvements could be achieved with larger datasets and more extensive
hyperparameter tuning. This implementation and comprehensive optimization process aims to provide a
system to detect thrombogenesis using DL which can ultimately enhance patient care and outcomes.
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Introduction

Thrombogenesis while having COVID-19 has been studied to increase the risk of death by 161% and the
risk related to critical status to 191% (Xiao et al., 2022). COVID-19 patients seem to also have a notable
incidence rate of thrombogenesis especially critical patients as studies have found the incidence of
thrombosis related issues to be 17% in COVID-19 patients and 35% for critical patients admitted to the
ICU while other issues are not nearly as prevalent (Farkouh et al., 2022). In the field of cardiovascular
healthcare patient-specific applications of new and advanced engineering methods have opened new doors.
This is especially true for fluid mechanics calculations and metrics inside of cardiovascular systems which
turn out to be extremely important in terms of determining thrombogenesis (Qin et al., 2021). Usually the
time, setup, and execution cost of the systems developed in the field of cardiovascular computation make
it really challenging to be effectively utilized in general use (Méndez et al. 2017). Those systems often take
specific expertise and large computational time which lead to research on using artificial intelligence to
determine patient-specific fluid dynamic prediction. There has been research that combines machine
learning with mathematical modeling to reduce the input size and reduce the load on the ML algorithm to
extract relations (Bouchnitaetal., 2023; LEE et al., 2024). Although this modeling approach reduces overall
prediction time it still relies on mathematical modeling. However, the focus of this paper has been to
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develop a DL model which predicts washout using non-invasive MRI scans while being trained on CFD
simulations of COVID-19 patients specifically. This deliberate choice was made due to COVID-19 being
a big recent pandemic and multiple research papers concluding that 20% to 50% of COVID-19 patients
experience changes in their coagulation profile, including elevated D-dimer levels, which are associated
with higher incidences of bleeding and thrombosis (Levi et al., 2020). This study aims to implement a
system by which the application runs multiple instances of different configurations to find not only the
hyperparameters but also the model structure of the deep neural network. This implementation should
provide fine-tuned configurations for models that are capable of fully extracting complex patterns from
cardiovascular research and also pave the way for other DL applications of cardiovascular research using
this method.

Contributions of this paper:

1. This research aims to provide implementation of a DL framework using PyTorch and Ray Tune
which determine the best configuration of a model as well as its hyperparameters to minimize
testing MSE and can be evaluated based on that combined with the R? value.

2. This implementation would significantly drop the time it would take other non-Artificial
Intelligence (Al) based Thrombogenesis prediction and provide a framework for other related
research to progress faster by quickly finding model configuration and hyperparameters that
converge towards better accuracy.

Methodology

The dataset consists of CFD simulations which are equivalent to 2 cardiac cycles. The simulations have
varying fluid dynamics parameters for 2 different patient-specific geometries. The input feature parameters
consist of values for the internal as well as external carotid artery pressure, distal resistance, and proximal
resistance. The dataset also has values for the cross-sectional area, the cardiac cycle period length, the mean
inflow rate, and maximum fluid viscosity. These parameters relating to pressure, flow rate, and shear stress
are identified to be indicators of thrombogenesis (Fraser et al., 2010). The output feature in the dataset is
washout which is the percentage of Lagrangian particles that washout in one cardiac cycle. We also have
mean, max, min tawss values which are the time-averaged wall shear stress.
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Data Preprocessing

The data files read by the code consist of 24 columns. Upon closer inspection the values in the cross-
sectional area (area_cca), internal carotid artery initial pressure (Pi_ica), and external carotid artery initial
pressure (Pi_eca) stays the same, which means they have no influence over the model and for that reason
they are removed in the pre-processing phase. In addition to that there are 3 columns that show the values
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for time-averaged wall shear stress in min, max, and mean forms. Those are essentially not needed - so they
are removed in this phase as well. The first column, which is just the directory name also is not needed. As
Figure 1 shows, this leaves us with 9 columns that are going to be input features and one column that will
be the output feature being the percent of Lagrangian particles that washout in one cardiac cycle when the
velocity is seeded with particles at a consistent location (washout). The data then goes through
normalization using standard deviation. The normalization is done due to the range of the input values
varying from very small or large numbers, normalizing the input features allows for better mapping and
pattern extraction.

Implementation

The model development in this research project embodies the focus of this project to create a pipeline, the
process shown in Figure 2. Using PyTorch and Ray Tune frameworks, this implementation not only aims
to optimize hyperparameters as well as the structure of the model. The development process starts by
randomly choosing values from a specified search space for the layer count, neuron count in each layer,
learning rate, and epochs. The search spaces are specified as follows; layer count can be between 2 and 4,
the neuron counts in the first layer can be in the range of 32 to 128, while the neuron counts in layer 2 and
3 can be inthe range of 8 to 32, and 8 to 64, respectively. Lastly, the neuron counts in layer 4 can be between
16 and 128. The epochs must be in the range of 80 to 350 and the learning rate needs to be in the range of
0.0001 and 0.1. These specified ranges have been chosen through individual runs and testing for models
that were built without Ray Tune and provided better results and seemed to have better converge towards
our current models general shape which is why these ranges were set. This process also allows for better
model selection given reasonable ranges and a large sample size, which essentially controls how many
models would be developed and tested given those ranges. After running the specified number of instances
(sample size) Ray Tune is used to select the model that performed the best using the MSE_train metrics
and humanly evaluated using the R? values and the variation in the testing vs training values to make sure
no overfitting is happening. Once a model configuration meets the required criteria it can be saved and
further tested in isolation.
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Figure 2: DL Model Development Pipeline
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Results

We ran multiple simulations using the current pipeline, the best result was achieved with the first dataset
when 30% was used for testing where we got R? = 92.80% and MSE = 1.22. We can see the performance
on the Actual and Predicted value graphed over the index to show the real variation between our predicted
and actual values.
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Figure 3: Graph of Actual Vs Predicted on the first dataset

The high R? values indicate that the model used for this particular run is able to cover a large set of variation
in the dependent variable as seen in Figure 3, which is the input data in this case. When the testing prediction
value is plotted with the actual value, it is clear that the model was successful in picking up the patterns in
the data. The model configuration that achieved this result had 4 hidden layers with 81,21,25, and 67 being
their neuron counts respectively. The learning rate used was 0.078, and then there were 141 epochs. This
pipeline-based approach has revealed that there are many different configurations for a model to achieve
similar results as had become evident through multiple runs.

When re-run with the same parameters we can get an R?of 92.32% with a 4-layer configuration but the
neuron count being 121,10,63, and 84 respectively. This variation in model does somewhat point towards
the fact that there could be better configurations that might give better outcomes if the number of total runs
is increased which would exponentially increase the total time it takes to finish execution. The second data
file showed promise as well with an R? of 94.77% and MSE being 3.97, unlike the first dataset we can see
a much higher value for the MSE indicating a larger error, this needs more work to be minimized as we
have not been able to find a better model for lower MSE yet.
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Figure 4: Graph of Actual Vs Predicted on the second dataset

The scatter plot shown in Figure 4 has two points that are outside the reasonable range of the other actual
values, likely to blame for slight deviation of the predicted value around them. Although even the extreme
values outside the range are being predicted with decent accuracy indicating them to learnable patterns and
not outliers. The second dataset achieved these results with a 4 hidden layer model with the neuron counts
being 97,18,61, and 105 respectively, the learning rate was 0.075 with epochs being 297.

Although MSE alone can be a good indicator of performance R? value is also used to judge performance
because the range of MSE can be up to oo which makes it harder to judge performance during the tuning
section (Chicco et al., 2021). Table I shows the current best configurations and their specified learning
rate(Ir) and epochs. The stability of this model is best described as fairly stable judging by a smooth decline
in the loss graph shown in Figure 5 and Figure 6. This is further supported through testing as we can see
the actual vs predicted values plotted in Figure 3 were able to be predicted by the model even without any
seemingly obvious pattern shown in the dataset, especially in the testing set which were plotted.
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Figure 5: Training Loss graph for the first dataset
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Figure 6: Training Loss graph for the second dataset

Table I: Hyperparameters for DL with metrics

Name Ir epoch Layer | Layer | Layer | Layer | MSE MSE R? R?
1 2 3 4 Test Train Test Train
Dataset 1 0.063 143 81 21 25 67 1.22 0.83 92.8% 94.7%
Dataset 2 0.075 297 97 18 61 105 3.97 2.38 94.8% 93.2%
Conclusions

This study introduces a DL framework implemented using PyTorch and Ray Tune to optimize models
which helps us work towards better thrombogenesis predictions. By improving the efficiency of model
development, this approach aims to accelerate the adoption of non-invasive MRI-based diagnostics in
clinical practice, potentially improving patient care outcomes for COVID-19. The research emphasizes
using Ray Tune to find models and their hyperparameters leading to highly accurate predictions for the
CFD datasets. The results from Table I clearly show this. Moving forward, expanding datasets and refining
parameter search strategies as well as finding a suitable and unified deep neural structure are crucial for
enhancing the reliability and applicability of these predictive models in real-world cardiovascular
healthcare although multiple challenges like outlier concerns as well as large time to execute when
performing proportionally smaller increments in search-space are major concerns further research should
open avenues for this research to advance.
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