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Abstract— To analyze the influence of geometric 

parameters and flow on maximal wall shear stress 
(MWSS), maximum pressure and total force in the 
human aorta, the computer simulations were run 
to generate the data pertaining to this 
phenomenon. These data were used for training 
and testing two data mining models: multilayer 
perceptron neural network trained with 
backpropagation algorithm and k-nearest neighbor 
algorithm. The results showed that both models 
have strong ability in predicting target variables.  
 

Index Terms —  k-nearest neighbor (k-NN), 
multilayer perceptron neural network (MLPNN), 
backpropagation algorithm, CFD simulation.  

1. INTRODUCTION 

BDOMINAL aortic aneurysm is the most 
common form of the aortic aneurysm. An 

aneurysm is the abnormal widening of aorta with 
increasing more than 50% of the normal 
diameter. Over time due to blood flow, aortic 
wall becomes weaker and more stretched, thinner 
and thicker in the form of balloon.  

Patient specific modelling of the blood flow 
through the human aorta performed using 
computational fluid dynamics (CFD) and 
magnetic resonance imaging (MRI) is shown in 
[1,2]. 

In order to assess an individual’s stroke risk, 
three-dimensional numerical simulation of blood 
flow in the aortic arch during cardiopulmonary 
bypass has been done [3]. 
 The relationship between flow and 
geometric parameters was observed in the earlier 
simulated blood flow [4]. Alterations in arterial 
geometry affect blood flow, shear stress and 
pressure. Similarly encouraging results are 
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obtained for the comparison of simulated and 
measured flow structure [5]. 

This paper describes how we can predict and 
analyze state of aorta by using data mining. Many 
parameters such as pressure, shear stress and 
force, have an impact on the burden of the aorta.  

Our study consisted of several parts. At one 
side we have trained and tested two different 
models: neural network trained with 
backpropagation algorithm and nearest neighbor 
model. Both methods gave good results with 
minimal errors. Second part of our research 
included real patient data. We generated 3D 
model of aorta for an individual patient, which is 
then discretized with a set of elements of the 
same type to perform calculation providing details 
for conclusion about the process. The best 
results for fluid gave elements with eight nodes. 
The results showed that data mining can be used 
on a real model. 

2. METHODS 

Our investigation showed that nearest neighbor 
method and multilayer perceptron neural network 
can model relationships between geometry 
parameters and flow data on one side and 
intensity of the total force, the maximum wall 
shear stress and the maximum blood pressure on 
the other side. Set of candidate geometries with 
different flow values were randomly created for 
steady state. By running computer simulations 
total force, MWSS and maximum pressure were 
calculated. Nearest neighbor method and 
multilayer perceptron neural network have been 
created with randomly generated data which 
approximated total force, MWSS and maximum 
pressure as a function of geometry and flow.  

2.1 Finite Element Model of the Aorta 

Figure 1 shows a simplified geometry of the 
aorta. This geometry was used to generate the 
blood vessel internal surfaces. For the certain 
values of input data: geometry and flow, the 
specific outputs data are calculated: the total 
force, the maximum wall shear stress and the 
maximum pressure. 
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Figure 1: Geometric data for the model of the aorta: A -
 small height, B - large height, C – large diameter, D - a 
small diameter, E – radius 

 
Using these geometric parameters, flow for 

blood domain is generated by the finite element 
model.  Simulations in steady state were done for 
2000 geometries with different flow values. The 
total force, the maximum shear stress and the 
maximum pressure were extracted in order to 
construct multilayer perceptron neural network 
and nearest neighbor model. 

2.2 Data Set for Modeling MWSS, Total Force, 
and Maximum Pressure  

To demonstrate applicability of data mining 
techniques for assessing relationships between 
geometric parameters and flow on the one hand 
and MWSS, total force and pressure on the other, 
data set containing 2000 different examples is 
created. Table 1. shows mean values of six input 
variables. The perturbation of each parameter 
was taken as 30% of the corresponding mean 
value.  

 
TABLE 1: THE AVERAGE VALUES 

OF INPUT PARAMETERS, GEOMETRIC PARAMETERS ARE 

  EXPRESSED IN METERS, AND FLOW IN sm3
 

Description Mean value 
Small height (A) 0.03 
Large height (B) 0.15 
Large diameter (C) 0.023 
Small diameter (D) 0.0185 
Radius (E) 0.05 
Flow 8.333e-005 

  

2.3 K-Nearest Neighbor Algorithm 

K nearest neighbors algorithm (k-NN) belongs 
to a class of lazy learning methods. When a new 
example is presented to a nearest neighbor 
predictor, a subset of learning examples most 
similar to the new example is used to make a 
prediction. This method is described in [6,7]. 

For regression problems the mean target 
variable value from the set of nearest neighbors 
is predicted: 
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where k  is the number of nearest learning 
examples which influence the prediction of k-NN 
algorithm.  

Type of distance measure has big impact on 
determining which set of learning examples are 
closest to the new example. In the most cases, 
Euclidean distance is used: 
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Before calculating Euclidean distance all 
attributes are scaled to the [0,1] interval. For 
continuous attributes (which is our case) the 
distance between two attributes liv ,  and jiv ,  is 

defined as: 

jilijili vvvvd ,,,, ),( −=                 (3) 

2.4 Multilayer perceptron neural network 

Multilayer perceptron neural network (MLPNN) 
is composed of simple elements called  neurons.  
The basic structure of the MLPNN, consists of 
one or more hidden layers and an output layer.  

The objective of the training is to find a set of 
weights and biases that minimize the error 
between the neural network predictions and the 
desired outputs. There are different learning 
algorithms. The back-propagation algorithm [8] 
has been the most commonly used training 
algorithm. The basic algorithm is a gradient 
descent method in which the network weights and 
biases are moved along the negative 
performance function. One iteration of this 
algorithm can be written as: 

   
dX

dperf
lrX ⋅=∆                      (1)

 
where X  represents weight and bias variables of 
the network, lr  is learning rate and perf  is 
performace function which defines how much real 
outputs disagree with predicted ones (mean 
squared error for example).    

It has problems with local minima and slow 
convergence. In the literature, a number of 
variations of the standard algorithm have been 
developed [9]. In this study we used 
backpropagation algorithm with momentum and 
adaptive learning rate. Each variable is adjusted 
according to gradient descent with momentum: 

           
dX

dperf
mlrXmX cprevc ⋅⋅+∆⋅=∆      (2) 

where cm is momentum constant and prevX∆  is 

the previous change of the weight or bias. For 
each epoch, if performance decreases toward the 
goal, then the learning rate is increased by the 

inclr factor. If performance increases by more 

than the incmax
 

factor, the learning rate is 

adjusted by the factor declr and the change that 

increased the performance is not made. The 
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values of cm , inclr , declr and incmax are given in 

table 3. 

TABLE 3: cm , inclr , declr AND incmax VALUES USED FOR 

MULTILAYER PERCEPTRON TRAINING  

cm  inclr  declr  incmax  

0.9 1.05 0.7 1.04 
 

MLPNN with as few as one single hidden layer 
is indeed capable of universal approximation in a 
very precise and satisfactory sense [10]. 

There are several different criteria for learning 
stop (maximum number of epochs, maximum 
amount of time, performance goal, etc.). In this 
study we used maximum number of learning 
epochs (1000).  

2.5 3D Reconstruction 

Our study also included creating 3D model of 
aorta based on scanned images for one patient. 
For this purpose Mimics and Geomagic software 
were used. This model presented network of 
equilateral triangles. The model is discretized with 
array of elements of same type, array of 
tetrahedrons. Fluid domain was meshed via 
meshing software FEMAP. From triangles we got 
tetrahedrons which are 3D objects that perfectly 
lie on each other (shown in Figure 2). 

 

 
Figure 2: Model of the aorta filled with tetrahedrons 

 
These tetrahedrons fill volume of aorta. By 

division of one tetrahedron on four parts we got 
elements with eight nodes, bricks. The reason for 
new division is that elements with eight nodes 
give the best results for fluid, in our case for 
blood.  These elements will be inputs for solver, 
program which calculate parallel algorithm on 
parallel computers. Results are the vectors point 
domain. From these results we can conclude 
about behavior of the aorta. 

3. RESULTS 

In our example we used K-nearest neighbor 
algorithm and multilayer perceptron neural 
network trained with backpropagation algorithm. 

For testing leave-one-out cross validation is used 
where in each iteration one of 2000 examples 
acts as a test example on the model which is built 
on the remaining 1999 examples.  

We evaluated the performance of the models 
by computing their relative mean squared error 
(RMSE) and relative absolute error (RAE). RMSE 
is computed as a mean squared difference 
between the true and the predicted values of the 
outputs for each of 2000 examples in the data set 
and is afterwards normalized with the mean 
squared error of the default predictor (i.e. a model 
which always predicts an average value of the 
output). 
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where f is an average output value. 

Similar, RAE is computed as a mean absolute 
difference between the true and the predicted 
values of the outputs for each of 2000 examples 
in the data set and is afterwards normalized with 
the mean absolute error of the default predictor. 
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The values of RMSE and RAE smaller than 1.0 
indicate that the model is useful. The lower 
RMSE and RAE are, the more accurate the 
model is. The RMSE and RAE values for the 
multilayer perceptron and k-NN algorithm are 
shown in tables 3 and 4 respectively. From these 
tables we can see that both, MLPNN and k-NN 
models, showed high potential in this prediction 
task. Also, we can see that neural network model 
showed higher precision in this precision task 
than k-NN model.  

Multilayer perceptron with 5 neurons in hidden 
layer, sigmoid activation functions in hidden 
neurons and linear activation function in the 
output neuron is used (Figure 3). The stopping 
criterion was defined as the maximum number or 
learning epochs (1000). The number of neurons 
in the input and output layer is determined by the 
problem we are solving. In our case we have six 
input neurons corresponding to six input 
parameters (see table 1) and three output 
neurons corresponding to total force, MWSS and 
max pressure. Preprocessing of data has been 
performed where inputs and outputs are scaled to 
the interval [-1,1].   
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Figure 3: Structure of MLPNN 

 

K-nearest neighbors algorithm predicts the 
target value that is averaged from the 5 most 
similar learning examples (nearest neighbors) in 
the problem space (k=5). 

 
TABLE 3: RESULTS OF PREDICTING TOTAL FORCE, MWSS, MAX 

PRESSURE USING MULTILAYER PERCEPTRON 

ERROR Total Force 
intensity 

MWSS Max Pressure 

RMSE 0.0266 0.0469 0.0342 
RAE 0.1464 0.1939 0.1642 

 
TABLE 4: RESULTS OF PREDICTING TOTAL FORCE , MWSS, MAX 

PRESSURE USING K-NEAREST NEIGHBOR ALGORTIHM 

ERROR Total Force 
intensity 

MWSS Max Pressure 

RMSE 0.0551 0.0875 0.0834 
RAE 0.2063 0.2549 0.2316 

 
By using computer simulation we have 

calculated the total force, MWSS and maximum 
pressure for real example. Then, we tried to 
predict these values by using multilayer 
perceptron and nearest neighbor method. These 
results are compared in table 6. The geometric 
parameters for real example are measured 
(Figure 4) and values are presented in table 5. 

TABLE 5: INPUTS FOR 
REAL EXAMPLE, GEOMETRIC PARAMETERS ARE 

  EXPRESSED IN METERS, AND FLOW IN sm3
 

Description Value 
Small height (A) 0.038 
Large height (B) 0.174 
Large diameter (C) 0.029 
Small diameter (D) 0.021 
Radius (E) 0.0488 
Flow 8.333e-005 

 

 
Figure 4: Real example geometry 

 
Figures 5 and 6 show wall shear stress and 

pressure distribution respectively. These results 
are obtained by using solver for 3D 
reconstruction.  

TABLE 6: REAL EXAMPLE RESULTS 

 Total Force 
intensity 

MWSS Max 
Pressure 

Real value 2.02e-002 4.18e+002 2.13e+004 
MLPNN 1.87e-002 3.76e+002 2.02e+004 
K-NN 2.02e-002 4.07e+002 2.13e+004 
 

 
Figure 5: Wall shear distribution for real example 
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Figure 6: Pressure distribution for real example 

4. DISCUSSION AND CONCLUSION 

The purpose of this work was to find correlation 
between geometry and flow data inside aortic 
blood flow and hemodynamics parameters (total 
force, MWSS and maximum blood pressure). The 
applied methodology was data mining approach. 
In this study we implemented two different data 
mining algorithms: backpropagation and nearest 
neighbor algorithm. Both algorithms have shown 
very good results. If we compare the results from 
tables 3 and 4, we can conclude that the K-
nearest neighbor algorithm gives slightly better 
results than backpropagation algorithm for the 
multilayer perceptron. It is also shown that these 
two models can be applied on real patient model. 
Further research will include testing other 
regression algorithms, like linear regression and 
support vector machine, for this problem. Also, 
we will compare performance of the used neural 
network with the performance of three individual 
networks, each having a single output neuron for 
different predictive task. 
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