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Deep Learning Surrogate of Computational
Fluid Dynamics for Thrombus Formation Risk in

the Left Atrial Appendage

Xabier Morales1, Jordi Mill1, Kristine A. Juhl2, Andy Olivares1, Guillermo
Jimenez-Perez1, Rasmus R. Paulsen2, and Oscar Camara1

1 Physense, Department of Information and Communication Technologies,
Universitat Pompeu Fabra, Barcelona, Spain.

2 DTU Compute, Technical University of Denmark, Kongens Lyngby, Denmark.

Abstract. Recently, the risk of thrombus formation in the left atrium
(LA) has been assessed through patient-specific computational fluid dy-
namic (CFD) simulations, characterizing the complex 4D nature of blood
flow in the left atrial appendage (LAA). Nevertheless, the vast computa-
tional resources and long computing times required by traditional CFD
methods prevents its embedding in the clinical workflow of time-sensitive
applications. In this study, two distinct deep learning (DL) architectures
have been developed to receive the patient-specific LAA geometry as an
input and predict the endothelial cell activation potential (ECAP), which
is linked to the risk of thrombosis. The first network is based on a simple
fully-connected network, while the latter also performs a dimensionality
reduction of the variables. Both models have been trained with a syn-
thetic dataset of 210 LAA geometries being able to accurately predict
the ECAP distributions with an average error of 4.72% for the fully-
connected approach and 5.75% for its counterpart. Most importantly,
the obtention of the ECAP predictions was quasi-instantaneous, orders
of magnitude faster than conventional CFD.

Keywords: Deep learning · Computational Fluid Dynamics · Thrombus
Formation · Hemodynamics · Left Atrial Appendage

1 Introduction

Atrial fibrillation (AF) is the most common arrhythmia of clinical significance,
often leading to wall rigidity of the left atrium (LA), which severely disrupts
local hemodynamics [4]. This may lead to blood stagnation increasing the risk
of thrombosis. In fact, around 90% of such intracardiac thrombus formation in
AF patients takes place in the left atrial appendage (LAA) [10]. At the moment,
blood flow velocity can only be assessed through noisy imaging data from trans-
esophageal echocardiography (TEE) at one single point in space and time, vastly
oversimplifying the characterization of the 4D nature of cardiac hemodynamics.

Recently, computational fluid dynamics (CFD) have been applied to image-
based LA geometries seeking to assess the risk of thrombogenesis more quantita-
tively [6]. CFD has proven to be an invaluable tool in establishing a mechanistic
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relation between patient-specific organ morphology and its characteristic hemo-
dynamics. Nevertheless, traditional CFD methods are renowned for their large
memory requirements and long computing times [5], which severely hinders its
suitability for time-sensitive clinical applications. Moreover, the studies available
on the LAA are few and with very limited number of real or synthetic cases.

Hence, this study seeks to harness the immense potential of deep learning
(DL) with the objective of generating a fast and accurate surrogate of CFD
analysis on the LAA. For this purpose, two distinct deep neural networks (DNN)
have been developed, which receive the specific LAA geometry as an input, and
accurately predict its corresponding endothelial cell activation potential (ECAP)
map, parameter linked to the risk of thrombosis. To the best of our knowledge,
this study represents the first successful implementation of a DL surrogate of
finite element analysis in a biological structure as complex and heterogeneous as
the LAA, which had only been previously attempted in the aorta [5].

2 Methods

The general pipeline of the study is shown in Figure 1. Initially, the virtual LAA
geometries are created, assembled to the oval LA and aligned (steps 1-3 in the
figure, respectively). Afterwards, the 3D volumetric mesh is generated (4) to
carry out the CFD simulations (5) before calculating the ECAP maps (6). Once
the training data has been generated, the DNNs are trained (in red). As the
final step, the performance of the networks is evaluated through Monte Carlo
cross-validation (in green).

Fig. 1. General pipeline of the project. LAA: Left Atrial Appendage, SSM: Statistical
Shape Model, CFD: Computational Fluid Dynamics, ECAP: Endothelial Cell Activa-
tion Potential.
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2.1 Geometry

Due to the high anatomical complexity and variability of both the LA and the
LAA, several assumptions had to be made to keep the model simple. Based
on the work by Garćıa-Isla et al. [3], the LA cavity was approximated to an
ovoid structure, aiming to disregard the effect of LA heterogeneity on atrial
hemodynamics and focus on the LAA.

The spatial (x, y, z) coordinates of the nodes conforming the LAA surface
mesh were chosen as the input to the DNNs. Therefore, correspondence between
LAA geometries was set as a requirement, that is, each geometry had to share
the same number of nodes and maintain inter-nodal connectivity. In addition,
training of DNNs requires huge datasets, which can rarely be achieved with real
patient geometries. To fulfill such demands, a virtual dataset of 300 LAAs was
generated from a statistical shape model (SSM) based on principal component
analysis (PCA) [8], by varying the 10 most meaningful eigenvalues according to
a normal distribution N(0, 1). Each virtual LAA consists on a triangular mesh
of 2536 nodes and 5000 elements.

The assembly to the ovoid structure was done on Meshmixer1. Afterwards,
the mitral valve of the geometries were longitudinally aligned on the z-axis on
Space Claim2. Finally, the tetrahedral volumetric mesh was generated on gmsh3,
composed of approximately 350,000 elements each. It should be noted that while
correspondence was imposed on the LAA surface mesh, being the input to the
DNN, the same does not apply to the volumetric and LA surface meshes.

2.2 Generation of risk indices for thrombus formation - ECAP

The ECAP, defined by Di Achille et al. [1], was the parameter chosen to evaluate
the risk of thrombus formation. High values are linked with high endothelial
susceptibility and thrombogenesis risk. The ECAP is defined as the oscillatory
shear index (OSI) divided by the time averaged wall shear stress (TAWSS).

The in silico ECAP distributions for the training of the DNNs were obtained
through CFD simulations performed on Ansys Fluent 19.24. They were com-
pleted automatically by leveraging the MATLAB AAS toolbox (R2018b Aca-
demic license)5. Each simulation encompasses a whole cardiac cycle with a sys-
tole and diastole lasting 0.4 s and 0.65 s respectively. An input blood flow was
imposed on the PVs obtained from clinical observations made by Fernandez-
Perez et al. [2]. In addition, the mitral valve was considered as a wall boundary
during diastole, while an outlet pressure of 1067 Pa was set through the sys-
tole. The rest of the setup of the CFD simulations was implemented similarly to
Garćıa-Isla et al. [3] Moreover, to simulate the LA motion and preventing mass-
imbalance during the cardiac cycle, a diffusion-based smoothing dynamic mesh

1 http://www.meshmixer.com/
2 https://www.ansys.com/academic/free-student-products
3 http://gmsh.info/
4 https://www.ansys.com/products/fluids/ansys-fluent
5 https://es.mathworks.com/products/matlab.html
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Fig. 2. Architecture of the dimensionality reduction network. no = Number of mesh
nodes, U = Number of activation units, LAA: Left Atrial Appendage, ECAP: En-
dothelial Cell Activation Potential, M −N : Number of retained principal components.
Figure adapted from Liang et al. [5].

was applied in the longitudinal direction (z-axis) of the mitral valve annulus [7]
with data from real-time 3D echocardiography measurements by Veronesi et al.
[9]. After a qualitative visual quality control of fluid simulation results, seeking
to discard unrealistic flow patterns or exceedingly high or low ECAP values (by
several orders of magnitude), the final training dataset was comprised by 210
LAA geometries and its corresponding ECAP maps.

2.3 Deep learning model

Keras 2.2.46, with TensorFlow 1.13.17 backend, was chosen as the high-level
neural network API. Two distinct DNN architectures were developed.

First and simplest, a fully-connected feed-forward (SFC) network was imple-
mented to perform a non-linear regression between the space coordinate triplets
and their corresponding ECAP values. The final layout was comprised of two
equally sized hidden layers, counting a total of 5000 nodes each.

Alternatively, another network was developed which performed dimension-
ality reduction of the variables as a first step. The spatial coordinates and the
ECAP maps were reduced to a small set of scalar values through truncated PCA,
aiming to simplify the non-linear mapping between the input and the output.
Each node can be expressed as follows:

X = X +

M∑
i=1

αi

√
λiWi, (1)

6 https://keras.io/
7 https://www.tensorflow.org/
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where X is the mean shape and Wi and λi is the set of eigenvectors and eigenval-
ues of the covariance matrix for the retained number, i, of principal components
(PC). If the variability of the dataset is explained by a small set of PCs, the
data can be accurately represented by a small set of scalar values as:

βm =
WT

m(X −X)√
λm

, εn =
WT

n (Y − Y )√
λn

, (2)

βm and εn being the low-dimensional representation of the geometry and the
ECAP respectively. A total of m = n = 32 PCs were kept retaining 97.6%
of variability for the shape and 90.3% for the ECAP. Afterwards, non-linear
mapping between the low dimensional scalars was completed through a fully-
connected feed-forward neural network composed of 3 hidden layers of 512 units,
as shown on Figure 2. Once successfully trained, predicted ECAP values were
reconstructed from its low-dimensional representations reversing Equation 2:

Y = Y +

N∑
n=1

(
εn ·

√
λn

)
Wn (3)

Adam was chosen as a compiler and the mean square error (MSE) was se-
lected as the loss function. A batch size of 20 was employed on both networks.
Likewise, ReLU units were chosen over other non-linear units, such as Leaky
ReLU or Softplus, due to superior performance. The predictive capabilities of
both DL models were evaluated through a 10-fold Monte Carlo cross-validation
with 100 repetitions, randomly selecting 90% of the dataset for each training
round. The mean absolute error (MAE) on ECAP values and its normalized
counterpart (NMAE) were chosen as metrics, following Liang et al. [5].

MAE =
1

n

n∑
j=1

| yj − yj | NMAE =
MAE

max (| yj |)
· 100 (4)

3 Results

The training of the PCA network was quick, requiring just 30 seconds to com-
plete each cross-validation round, while it took almost 25 minutes for the SFC
model. However, considering that each CFD simulation required up to 2 hours
to complete the improvement is substantial. Especially, if we consider that once
trained, the ECAP predictions were obtained almost instantaneously.

The accuracy achieved by each of the networks is shown on Table 1. Both
our DL models achieve very similar accuracy, attaining an average MAE ∼ 0.64
and a NMAE ∼ 5%. Furthermore, the predicted ECAP maps alongside with its
ground truth, can be visualized for 9 representative LAA shapes in Figure 3.
These specific set of LAA shapes, belong to one single iteration of the Monte
Carlo cross-validation.
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Fig. 3. Set of ECAP values on a random test dataset of 21 shapes from a single iteration
of the Monte Carlo cross-validation, 9 of which are shown in here. Each row corresponds
to a given geometry while the columns from left to right represent: (1) Ground truth
(GT) obtained from CFD simulations, (2) Prediction of the dimensionality reduction
PCA network, (3) Predicted ECAP from the simple fully-connected (SFC) network, (4)
Difference between GT and PCA prediction, (5-6) Binary classification with positive
condition ECAP > 4. (5) Front face and (6) Posterior face. TN: True negative, FN:
False negative, TP: True positive, FP: False positive.
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Table 1. Performance of DL models on a 10-fold Monte Carlo cross-validation. MAE:
Mean Absolute Error, NMAE: Normalized Mean Absolute Error.

Network MAE NMAE

PCA 0.6457 ± 0.0493 4.7197± 1.4625%

SFC 0.6486 ± 0.0462 5.7558± 1.523%

Additionally, the predictive capability of the DL networks to detect the areas
with the highest thrombi formation risk was assessed. Following the study by
Di Achille et al. [1] on thrombotic abdominal aortic aneurysms, a value of 4,
corresponding to the upper 99th percentile, was chosen as the lower bound of
thrombosis risk, being more robust than only considering isolated peak values.
Consequently, a binary classification was performed with the positive condition
being ECAP > 4. The results are shown on column (5) and (6) of Figure 3. In
addition, pursuing a more quantitative assessment, a couple of confusion matrices
were constructed for each network which are reported on Table 2.

Table 2. Confusion matrices for both PCA and SFC predicted ECAP values

PCA Prediction outcome

DL Risk DL Safe

GT Risk
233.95
0.5967

158.14
0.4118

GT Safe
55.57
0.0268

2018.3
0.9732

289.5 2176.5

SFC Prediction outcome

DL Risk DL Safe Total

230.62
0.5882

161.48
0.4033 2073.9

50.19
0.0242

2023.7
0.9758 392.1

280.8 2185.2

4 Discussion

Upon close inspection of Figure 3, the developed DNNs seem to successfully
grasp the non-linear function relating the LAA geometry and its ECAP maps.
Nevertheless, interpreting the results is highly challenging due to the “black box”
nature of DNN methods. Interestingly, there are no striking visual or quantitative
differences between the accuracy achieved by each of the DL models. This was
unexpected, since the non-linear mapping relating the LAA shape and the ECAP
is far more simple in the dimensionality reduction PCA network.
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Afterwards, the accuracy attained by both developed networks was bench-
marked against that achieved by Liang et al. [5], which attained an NMAE of
0.492%. While it may look like a huge drop in accuracy, there are a number of rea-
sons that explain such a disparity with the obtained results. Firstly, compared to
the LAA, the aorta is a very simple geometry with mainly laminar flow, making
DNN-based surrogate estimation easier. Secondly, this very complexity of LAA
morphology, severely restricted the possibility of applying structured grids. This
entails that potentially more successful DL methods such as convolutional neural
networks could not be employed.

Regarding the detection of high ECAP values, both networks exhibit an al-
most identical number of correctly classified nodes. On the other hand, it seems
that the developed DL networks are not capable of properly adjusting to the
most extreme ECAP values, as false negative (FN) nodes are 3-fold more nu-
merous than false positives (FP). This is probably due to the lower frequency of
occurrence of ECAP values far from the mean in the training dataset. Nonethe-
less, although the true positive rate is rather low at ∼ 0.6, it must be stated
that almost all significantly large FP and FN areas on Figure 3 are found sur-
rounding the edges of true positive patches. This means that the developed DL
architectures managed to grasp the overall layout of the areas in high risk of
thrombus formation with few misclassifications outside of these regions.

Finally, it is worth mentioning the limitations and assumptions faced by
this study due to the complexity of the task in hand. First and foremost, the
network has been trained exclusively with synthetic populations of both, the
LA and the LAA. Therefore, the developed DL models would most certainly be
unable to successfully predict the ECAP maps on patient-specific geometries at
the moment. Nevertheless, this could be overcome if a sufficiently big dataset of
real LA and LAA geometries is obtained, so that it does fully capture the real
heterogeneity and complexity of their morphologies. Afterwards, the geometries
would have to be registered to a template to share the same number of nodes
and preserve connectivity similarly to Slipsager et al. [8]. On the other hand,
solely geometric parameters (3D spatial coordinates) have been fed to the neural
networks during training, including no flow-specific parameters since all the CFD
simulations have been carried out with the same boundary conditions. This
implies that the networks would fail on patients with different systolic pressure
or inlet velocity profile. Finally, the CFD and DL based ECAP values could not
be properly validated as it is currently impossible to measure the ECAP on the
LAA until technologies such as 4D-Flow MRI are further developed.

5 Conclusion

To the best of our knowledge, this study represents the first successful imple-
mentation of a DL surrogate of CFD in a biological structure as complex and
heterogeneous as the LAA, which had only been previously attempted in the
aorta [5]. The developed DNNs managed to capture the non-linear function re-
lating the geometry of the LAA and its ECAP distributions, which resulted
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in accurate predictions consistent with the ground truth. Moreover, the overall
layout of the LAA regions with higher risk of thrombosis were also successfully
detected by the networks. Most importantly, the task was completed order of
magnitudes faster than any conventional CFD approach.

Data availability The files containing the code to reproduce this study can be
downloaded from github.com/Xtaltec/DL-surrogate-CFD-LAA.
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