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The Use of Prediction 
Reliability Estimates on 
Imbalanced Datasets:

A Case Study of Wall Shear Stress in 
the Human Carotid Artery Bifurcation

ABSTRACT

Data mining techniques are extensively used on medical data, which is typically composed of many 
normal examples and few interesting ones. When presented with highly imbalanced data, some standard 
classifiers tend to ignore the minority class which leads to poor performance. Various solutions have 
been proposed to counter this problem. Random undersampling, random oversampling, and SMOTE 
(Synthetic Minority Oversampling Technique) are the most well-known approaches. In recent years 
several approaches to evaluate the reliability of single predictions have been developed. Most recently 
a simple and efficient approach, based on the classifier’s class probability estimates was shown to out-
perform the other reliability estimates. The authors propose to use this reliability estimate to improve the 
SMOTE algorithm. In this study, they demonstrate the positive effects of using the proposed algorithms 
on artificial datasets. The authors then apply the developed methodology on the problem of predicting 
the maximal wall shear stress (MWSS) in the human carotid artery bifurcation. The results indicate 
that it is feasible to improve the classifier’s performance by balancing the data with their versions of 
the SMOTE algorithm.
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INTRODUCTION

Increase of the stroke risk is induced by many 
factors: age, systolic and diastolic hyperten-
sion, diabetes, cigarette smoking, high levels 
of cholesterol, arrhythmia, etc. Changes of the 
geometrical vessel dimensions in the region of 
the carotid artery bifurcation certainly affect 
the blood flow and may lead to stenosis process 
(Schulz & Rothwell, 2001).

The stenosis is a narrowing of the inner surface 
(lumen) of the blood vessel. Carotid artery ste-
nosis is usually caused by the cholesterol plaque 
buildup. The plaque makes the blood flow to 
become faster and more turbulent. Irregular blood 
flow can cause pieces of plaque to break off and 
block smaller arteries in the brain. The pieces of 
plaque can partially or completely restrict blood 
flow to parts of the brain which that vessel sup-
plies. The risk of this happening is especially high 
in patients with arrhythmia.

The common carotid artery supplies the neck, 
head and brain with oxygenated blood. In the 
neck it bifurcates into the internal and external 
carotid artery. The blood flow in this section was 
simulated using a 3D model in order to analyze the 
influence of geometric parameters on maximum 
wall shear stress (MWSS) in the human carotid 
artery bifurcation (Radović & Filipović, 2010).

We transformed the regression problem of 
predicting the MWSS value into two classification 
problems by setting two thresholds for wall shear 
stress values. We try to predict the levels MWSS 
using the 3D model’s geometric parameters, but 
both classification datasets (mwss95 and mwss99) 
suffer from the class imbalance problem.

Big imbalance in data can cause some classifi-
ers to perform poorly. Imbalanced data is common 
in real world problems, such as image analysis 
(Kubat, Holte & Matwin, 1998), fraud detection 
(Fawcett & Provost, 1996), text classification 
(Zheng, Wu & Srihari, 2004) and medicine (Mac 
Namee, Cunningham, Byrne & Corrigan, 2002; 
Cohen, Hilario, Sax, Hugonnet & Geissbuhler, 
2006). When the majority examples heavily out-

number the minority examples some classifiers 
tend to ignore the minority class. Classification 
accuracy measure, however, does not consider 
this. For instance, a simple classifier that always 
predicts the majority class would show a 99% 
classification accuracy when presented with a 
dataset that consists of 99% majority examples 
and 1% minority examples. This classifier would 
of course be useless. In this study, we focus more 
on the informative AUC value (Area Under the 
ROC Curve) instead of relying on classification 
accuracy.

Several already existant approaches enable 
even the imbalance-sensitive classifiers to be 
able to successfully predict minority examples. 
Some of the proposed solutions focus on the al-
gorithmic level – they modify existing classifiers 
and present new algorithms that are not sensitive 
to imbalanced learning data. Other approaches 
focus on the data. They modify the data itself in 
order to soften the ratio between the numbers of 
majority and minority examples.

The imbalance in data can be, for example, 
countered by reducing the number of majority ex-
amples by randomly removing majority examples 
from the dataset (random undersampling) or by 
replicating minority examples (random overs-
ampling). Random undersampling and random 
oversampling are very straightforward algorithms 
that can be used to change the numbers of majority 
and minority examples. The effects of data un-
dersampling and oversampling were extensively 
studied in the last decade (Estabrooks & Japkowitz, 
2001; Chawla, Japkowitz & Koltz, 2004).

A new algorithm called SMOTE (Chawla, 
Bowyer, Hall & Kegelmeyer, 2002) was intro-
duced in 2002 (see Algorithm 1). Instead of delet-
ing or duplicating random examples in the dataset, 
this algorithm generates synthetic examples using 
the existing minority examples. For every synthetic 
example a minority example and one of its nearest 
neighbors are used to generate a new minority 
example. Several researchers used this algorithm 
in their research and developed new variations of 
the SMOTE algorithm (Chavla, Lazarevic, Hall 
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& Bowyer, 2003; Akbani, Kwek & Japkowitz, 
2004; Han, Wang & Mao, 2005).

Algorithm 1. Algorithm SMOTE
Until enough synthetic examples are 

 generated do: 

  Select a minority example A. 

  Select one of the example’s  

   nearest neighbors B. 

  Select a random weight W  

   between 0 and 1. 

  Create a new synthetic example C. 

  For every attribute do: 

  attValue_C = attValue_A  

   + (attValue_B - attValue_A) * W

The area of prediction reliability estimation is 
relatively new. Estimates of a single prediction’s 
reliability enable the users of the model to know 
how much they can trust the prediction before 
making a decision based on it. There are several 
approaches to the evaluation of the single predic-
tion reliability (Kukar, 2001; Kukar & Kononenko 
2002; Bosnić & Kononenko, 2009). Most recently, 
a simple and efficient approach, based on the 
classifiers’ own class probability estimates, was 
shown to outperform the other reliability estimates 
(Pevec, Štrumbelj & Kononenko, 2011).

SMOTE uses all minority examples to generate 
new examples. Many research papers show that 
good classification performance can be achieved 
by balancing the learning data using SMOTE be-
fore building a model. The basic idea of SMOTE 
is to randomly select a minority instance and 
construct from it a new instance by modifying it 
in a direction towards its nearest neighbor from 
the same class. We believe that better results can 
be achieved by using a modified algorithm that 
uses prediction reliability estimates. This way we 
can be more selective when choosing the source 
minority examples to be used to generate new ones. 
In this chapter we propose two new algorithms: 
SMOTERAND-ASC and SMOTERAND-DESC, 
each focusing on the other part of minority ex-

amples’ population in terms of prediction reli-
ability estimates values. Both algorithms use the 
reliability estimates to choose the source minority 
examples. SMOTERAND-ASC is more likely to 
choose examples with lower prediction reliability 
estimates and SMOTERAND-DESC those with 
higher prediction reliability estimates. Both ap-
proaches can be useful in different situations which 
are demonstrated in this chapter.

We use all the mentioned algorithms on pre-
viously described medical datasets and measure 
improvements of AUC values and classification 
accuracies when predicting wall shear stress in 
human carotid artery bifurcation using artificial 
neural networks and support vector machines for 
classification (Kononenko & Kukar, 2007).

USING PREDICTION RELIABILITY 
ESTIMATES IN SMOTE

Algorithm SMOTERAND-ASC 
and SMOTERAND-DESC

In this section we describe two new algorithms for 
reducing imbalance in data. Both algorithms are 
based on the SMOTE algorithm. They differ from 
SMOTE in the way they choose the source minority 
examples that are used as a basis for generating 
synthetic examples. SMOTE has no preference 
regarding the choice of source examples. It uses all 
minority examples one after another until enough 
synthetic examples are generated. Our proposed 
algorithms are more selective.

SMOTERAND-ASC and SMOTERAND-
DESC both use the leave-one-out method to 
calculate predictions for all minority examples 
(see Algorithm 2). The prediction reliability es-
timate (Pevec et al., 2011) is calculated from the 
model’s predicted class probability prob using 
the formula: reliability = 1 – (2 × prob × (1 – 
prob)) . By using the model’s predicted class, the 
example’s true class and reliability we can focus 
only on correctly classified minority examples 
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with high or low prediction reliability estimates, 
depending on our needs. From reliability we 
derive the preference for ordering the training 
examples. For ordering the examples from the 
minority class in SMOTERAND-DESC we use 
preference = reliability. The formula for prefer-
ence used in SMOTERAND-ASC is modified so 
that examples with lower prediction reliability 
estimates are preferred: preference = 1.5 - reli-
ability = 0.5 + (2 × prob × (1 – prob)). In both 
algorithms the variable preference is confined to 
values between 0.5 and 1. Both SMOTERAND-
ASC and SMOTERAND-DESC use weighted 
random to choose the source minority examples 
from which new examples are synthesized. In order 
to increase the selectiveness of both algorithms 
preference to the power of four (preference4) is 
used in the weighted random. The exponent was 
chosen heuristically. The exponentiation step is 
needed to increase the difference between the 
lowest and the highest weight used and therefore 
to increase the chance for SMOTERAND-ASC to 
choose a minority example with a low prediction 
reliability estimate and for SMOTERAND-DESC 
to choose an example with a high prediction reli-
ability estimate.

Algorithm 2. Algorithms SMOTERAND-ASC 
and SMOTERAND-DESC
Calculate the prediction reliability 

 estimates for all minority examples 

 in the dataset. 

Until enough synthetic examples are 

 generated do: 

  Use weighted random to select  

   a minority example  

   (weight = preference4).

  Select one of the example’s  

   nearest neighbors. 

  Select a random weight  

   between 0 and 1. 

  Calculate attribute values for  

   the new synthetic example  

   the same way as in SMOTE.

Test Framework

In order to be able to compare the data imbal-
ance reducing algorithms among themselves, we 
developed a simple framework. We modified the 
standard 10-fold cross-validation technique and 
added a preprocessing stage for the training set. In 
the preprocessing stage the training set is modified 
by one of the imbalance reducing algorithms and 
then used to build a model. The test data is left 
unmodified. This way the balancing algorithms 
can only influence the model training and have 
no direct influence on test examples’ predictions.

We then use the modified 10-fold cross-
validation to measure classification accuracy and 
AUC values.

Classification accuracy is added only for 
completeness as AUC is a much more important 
measure in classification, especially for imbal-
anced datasets where extremely high classifica-
tion accuracy can be achieved by trivial (default) 
majority classifiers.

Illustrative Experiments 
for SMOTERAND-ASC

In this section we show how algorithm SMOTER-
AND-ASC works on a simple artificial dataset. The 
dataset, which was generated randomly purely for 
the purpose of this illustration, is shown in Figure 
1. The majority class (x) heavily outnumbers the 
minority class (o). In addition, the border between 
classes is quite clear to the human eye, but there 
very few minority examples along the border. We 
use SMOTERAND-ASC to generate synthetic 
examples close to the class’ border in order to 
strengthen the border and increase the prediction 
reliability estimates in this area.

We used a SVM classifier with a polynomial 
kernel with our test framework – modified 10-fold 
cross-validation. Minority class of every training 
set was expanded to 50% of the majority class 
size. This test was run five times (to average the 
influence of stochastic parts of the SMOTE* al-
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gorithms) and we measured the AUC values. The 
averages in Table 1 show a significant AUC in-
crease for SMOTERAND-ASC.

Illustrative Experiment for 
SMOTERAND-DESC

We generated another artificial dataset (see Figure 
2) to illustrate a situation where SMOTERAND-
ASC does not perform well and SMOTERAND-
DESC does. In this example the border between 
the majority and minority class is much fuzzier. 
There are a few minority examples deep inside the 
majority class. When new examples are generated, 
those examples should not be used to generate 

new examples as they are obviously noisy and 
will distort the model by increasing the entropy 
with newly generated examples. Instead, only 
the reliable minority examples in the top-right 
corner should be used as the source for synthetic 
examples. This is shown on Figure 2 where most of 
the synthetic examples are also located in the top-
right corner. There are a few synthetic examples 
that were obviously generated using the minority 
examples located in the middle of the majority 
class – this is the price we pay for using weighted 
random when selecting the source examples. We 
ran the test in the same way as in the previous 
subsection and results in Table 2 show that using 
SMOTERAND-DESC on the learning set can 
increase the AUC value of a model.

Figure 1. An illustration of the workings of the algorithm SMOTERAND-ASC on an artificial dataset. 
On the left is the original dataset and on the right the same dataset with new minority examples that 
were generated with SMOTERAND-ASC. The algorithm used the borderline minority examples more 
frequently and strengthened the border between the classes.

Table 1. AUC values and classification accuracies for the artificial dataset that illustrates the workings 
of algorithm SMOTERAND-ASC 

results no preprocessing SMOTE SMOTERAND-ASC SMOTERAND-DESC

AUC 0.874 0.915 0.940 0.897

CA 0.920 0.908 0.908 0.908
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Predicting Wall Shear Stress

For evaluation of the stenosis process, a set of 
candidate geometries was randomly created for 
steady state three dimensional flow analyses. 12 
geometric parameters were used for the generation 
of the blood vessel internal surfaces (see Figure 
3), which are the boundaries for the blood flow 
domain. With the use of these geometric param-
eters, a 3D finite element model for the blood flow 
domain was generated. Steady state simulations 
for 1886 geometries were afterwards undertaken 
and MWSS for each geometry was computed. 

The generated data were used to construct vari-
ous models which approximated the MWSS as a 
function of geometric variables.

The simulation results were saved into a rela-
tional form, appropriate for applying machine 
learning algorithms. Since the MWSS study fo-
cuses on detecting vessels with high MWSS 
values, the MWSS variable was discretized into 
two classes (‘high’ and ‘low’) and was used as a 
class variable. In our experiments, two experi-
mental MWSS thresholds were used for discreti-
zation into the two classes, corresponding to 95 
and 99 percentile of MWSS. Such values were 

Table 2. AUC values and classification accuracies for the artificial dataset that illustrates the workings 
of algorithm SMOTERAND-DESC 

results no preprocessing SMOTE SMOTERAND-ASC SMOTERAND-DESC

AUC 0.744 0.745 0.740 0.767

CA 0.935 0.935 0.935 0.935

Figure 2. An illustration of the workings of the algorithm SMOTERAND-DESC on an artificial dataset. 
On the left we have the original dataset and on the right the same dataset with new minority examples 
that were generated with SMOTERAND-DESC. The border between the two classes in the original da-
taset is very fuzzy as there are a few minority examples deep inside the majority class. Most of the new 
examples were generated using the minority examples with higher prediction reliability estimates and 
are located in the top-right corner.
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chosen in order to allow the discretized problem 
to concur with the main motivation of the study 
(i.e. to detect outstandingly high MWSS values 
which correlate with the level of danger to the 
cardiovascular system).

Our experiments include two datasets. With 
each of the datasets we used the artificial neural 
network and SVM to build a model that should 
be able to reliably predict high MWSS values. 
The following attributes were used:

• Diameter of common carotid artery,
• Length of common carotid artery,
• Length of carotid bifurcation region,
• Diameter of carotid bifurcation region 

internal,
• Diameter of carotid bifurcation region 

external,
• Angle between internal carotid artery and 

common carotid artery,

• Angle between external carotid artery and 
common carotid artery,

• Length of internal carotid artery,
• Length of external carotid artery,
• Distance to internal carotid bulbus,
• Diameter of internal carotid bulbus and
• Diameter at end of internal carotid artery.

All the attributes are continuous. In order to 
prevent the class imbalance to impair the predic-
tor’s performance we preprocessed the training 
data with various algorithms (as described earlier 
in this chapter).

Results

We used the previously described modified 10-fold 
cross validation and averaged the results. Random 
undersampling, random oversampling, SMOTE 
and the proposed algorithms SMOTERAND-
ASC and SMOTERAND-DESC were used in the 

Figure 3. Geometrical data for the carotid artery model. The abbreviations here are: CCA –common 
carotid artery, CBR – carotid bifurcation region, CBRE – carotid bifurcation region external, ECA- exter-
nal carotid artery, CBRI- carotid bifurcation region internal, ICA- internal carotid artery, ICB- internal 
carotid bulbus. The axes denote the coordinate system in which the position of the MWSS is measured.
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preprocessing stage to reduce the class imbalance 
in the training data. All the balancing algorithms 
were run on the same training datasets.

In our first experiment we used the neural 
network classifier which is widely used in medi-
cal problems. The neural network classifier often 
gives unstable results (due to random initialization 
of weights). That is why we decided to run the 
10-fold cross-validation procedure 10 times and 
average the results. We kept the same starting 
training and test folds for all 10 tests. The results 
for neural network are presented in Table 3 and 
for SVM in Table 4.

For SVM classifiers we used polynomial 
kernels. The same modified 10-fold cross-valida-
tion procedure was used to measure the classifiers’ 
performance when predicting the MWSS level. 
Because the SVM classifiers always give stable 
results we ran the procedure only once. Table 4 

shows AUC values and classification accuracies 
for SVM classifiers.

In our initial experiments with the artificial 
neural networks we saw very poor results on 
both medical datasets (Table 3). We used various 
balancing algorithms to increase the number of 
minority examples to 25% of the size of the ma-
jority class random. This resulted in an increase 
of AUC values, especially when we used random 
oversampling. When we further increased the 
size of the minority class we saw the best results 
when we used SMOTERAND-ASC. AUC values 
increased for up to 0.08.

We then replaced the neural networks with 
a SVM classifier with a polynomial kernel and 
we saw a whole different picture. The results on 
original datasets were somewhat better than when 
we used neural networks. But when we applied 
the balancing algorithms to dataset mwss95 (5% 

Table 3. Average classification accuracies and AUC values using artificial neural networks 

DATA SET, 
balancing %

original random 
undersampl.

random 
oversampling

SMOTE SMOTERAND-
ASC

SMOTERAND-
DESC

AUC CA AUC CA AUC CA AUC CA AUC CA AUC CA

mwss95, 50% 0.621 0.953 0.646 0.884 0.690 0.917 0.669 0.906 0.704 0.928 0.670 0.902

mwss95, 33% 0.616 0.953 0.665 0.927 0.659 0.943 0.658 0.944 0.695 0.941 0.652 0.935

mwss95, 25% 0.615 0.954 0.634 0.943 0.657 0.949 0.629 0.949 0.627 0.949 0.611 0.945

mwss99, 50% 0.508 0.989 0.552 0.804 0.556 0.882 0.541 0.870 0.570 0.854 0.561 0.865

mwss99, 33% 0.529 0.989 0.526 0.915 0.567 0.948 0.561 0.926 0.620 0.950 0.566 0.946

mwss99, 25% 0.503 0.989 0.527 0.928 0.581 0.968 0.573 0.961 0.514 0.969 0.568 0.968

Table 4. Classification accuracies and AUC values using a SVM classifier 

DATA SET, 
balancing %

original random 
undersampl.

random 
oversampling

SMOTE SMOTERAND-
ASC

SMOTERAND-
DESC

AUC CA AUC CA AUC CA AUC CA AUC CA AUC CA

mwss95, 50% 0.743 0.957 0.671 0.930 0.673 0.901 0.670 0.889 0.675 0.920 0.658 0.885

mwss95, 33% 0.743 0.957 0.674 0.946 0.704 0.924 0.704 0.934 0.698 0.941 0.678 0.915

mwss95, 25% 0.742 0.957 0.726 0.950 0.698 0.935 0.713 0.941 0.705 0.946 0.705 0.936

mwss99, 50% 0.558 0.990 0.499 0.970 0.618 0.980 0.616 0.931 0.638 0.934 0.627 0.931

mwss99, 33% 0.562 0.990 0.537 0.982 0.597 0.980 0.633 0.945 0.624 0.941 0.629 0.938

mwss99, 25% 0.555 0.990 0.530 0.986 0.607 0.981 0.590 0.953 0.624 0.935 0.595 0.935
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minority class share), all the AUC values dropped. 
The AUC values increased however (up to 0.12), 
when we used the balancing algorithm on dataset 
mwss99 (only 1% minority class share). The 
reason for this behavior could be that SVM clas-
sifiers are not as sensitive to imbalanced data as 
are neural networks.

FUTURE RESEARCH DIRECTIONS

Our proposed algorithms were briefly illustrated 
on two small artificial datasets using only one clas-
sifier. A comprehensive analysis including more 
classification algorithms, commonly used datasets 
and artificially generated datasets would probably 
show in detail which dataset characteristics can be 
associated with increased classifier’s performance 
when using specific data balancing algorithms.

The selectiveness of both proposed algorithms 
can be further increased by eliminating certain 
subpopulations of the minority class from the 
source pool of examples that are used for the 
synthesis of new examples.

CONCLUSION

In this chapter we describe our approach when 
we were presented with the problem of predict-
ing the level of wall shear stress in the human 
carotid artery bifurcation. As it is common in 
medical problems, we were confronted with a 
dataset where the interesting examples (examples 
with high wall shear stress values) were heavily 
outnumbered by normal examples. We converted 
this regression problem into two classification 
problems by setting two thresholds for wall shear 
stress values. The new mwss95 dataset has 5% 
minority class share and dataset mwss99 has a 
1% minority class share. The threshold used for 
mwss99 is higher which means that predictions 
for high wall shear stress based on this dataset are 
even more important than those based on mwss95.

Our approach to measuring the success of 
predicting wall shear stress is based on the 10-fold 
cross-validation and measuring the AUC values. 
Our initial experiments with the artificial neural 
networks (Table 3) show very poor classificatory 
performance – AUC value of 0.62 on dataset 
mwss95 and 0.51 on mwss99. This indicates that 
the prediction of wall shear stress in the human 
carotid artery bifurcation is a difficult problem.

We decided to add a preprocessing stage to the 
10-fold cross-validation in which we use various 
balancing algorithms to reduce the imbalance in 
training sets. We used random undersampling, 
random oversampling and SMOTE. In addition 
we developed two new variations of the SMOTE 
algorithm that incorporate prediction reliability 
estimates in the process of selecting the source 
minority examples from which new examples are 
synthesized. SMOTERAND-ASC generates new 
examples using minority examples with lower 
prediction reliability estimates and SMOTER-
AND-DESC uses those with higher prediction 
reliability estimates.

As can be seen in Table 3 using balancing 
algorithms on training sets can significantly 
increase AUC values. In this case using the 
SMOTERAND-ASC algorithm gave highest 
AUC values, increasing the values from initial 
test for up to 0.08.

The results from our experiments on dataset 
mwss95 using SVM classifiers (Table 4) however 
show relatively high AUC values when no prepro-
cessing was done and a decrease in AUC values 
from use of balancing algorithms. Experiments 
on mwss99 on the other hand show that a 1% 
minority class share in the training data represents 
a difficult problem for a SVM classifier and that 
the imbalanced should be reduced before build-
ing a model. The highest AUC values were again 
achieved when we used SMOTERAND-ASC to 
balance the data.

Our results show that using balancing algo-
rithms on training data can significantly increase 
the AUC value of the model when we are dealing 
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with an imbalanced dataset. The best results were 
obtained when we used SMOTERAND-ASC 
to balance the training sets but we expect tests 
on other datasets to also show usefulness of 
SMOTERAND-DESC.

Despite the significant improvements in the 
AUC values they are still very low. We can safely 
assume that there is still room for improvement.
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KEY TERMS AND DEFINITIONS

Carotid Artery Bifurcation: The left and 
right common carotid arteries transport oxygen-
ated blood to the head and neck. In the neck they 
bifurcate into the internal and external carotid 
arteries.

Carotid Artery Stenosis: The stenosis is a 
narrowing of the inner surface (lumen) of the 
blood vessel. Carotid artery stenosis is usually 
caused by the cholesterol plaque buildup.

Classification Performance: The correctness 
of classification results is usually evaluated using 
measures like classification accuracy, precision, 
sensitivity, AUC (Area Under Curve) values or 
F1 scores.

Imbalanced Dataset: A dataset with an imbal-
anced class distribution. They are very common 
in real-world domains.

Single Prediction Reliability Estimate: 
Global measures such as classification accuracy 
and AUC values do not provide reliability esti-
mates for single predictions. Single prediction reli-
ability estimates play major role in risk-sensitive 
applications.

SMOTE: The SMOTE algorithm is used to 
reduce class imbalance in a dataset. It uses minority 
examples from the dataset to synthesize additional 
minority examples.

Synthetic Example: An example that is not 
part of the original dataset. The values of its at-
tributes are calculated using attribute values of 
examples from the dataset.


