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1 Introduction 
Breast cancer is the most common form of cancer among women. According to statistics, 
one woman out of eight will develop breast cancer in her lifetime [1]. Since the cause of 
breast cancer is unknown, early detection is very important. If detected early, the five-
year survival rate exceeds 95%. 

Mammography is one of the most effective ways to detect breast cancer. A mammogram 
is an x-ray picture of the breast, which is used to detect tumors and cysts and help 
differentiate benign (non cancerous) and malignant (cancerous) disease. The success of 
treatment depends on early detection and mammography can show changes in the 
breasts well earlier than any other method. 

Screening mammograms are now analyzed by doctors, but this could be done with the 
aid of a computer system. Mammographic images should be examined about every 
woman over 40. The analysis of this huge amount of images takes very long time and 
requires a huge number of radiologist experts and can also produce errors due to the 
length and monotony of the process. A system which could preprocess the images – 
filter out normal ones or draw attention to the suspicious ones – would be extremely 
useful. It could save time and could help avoid false diagnoses. 

A Medical Decision Support System for Mammography [2] is being developed in 
cooperation with radiologists in the Budapest University of Technology and Economics. In 
the system several detection algorithms are working parallel to each other, looking for 
different kinds of abnormalities. 

One of the methods uses decision trees to classify a certain number of features at 
specific locations of the image. Since the input mammograms are around 12M pixel 
images, speed has great importance. Relatively slow algorithms are not preferred, 
because the analysis of the images, training and exhaustive testing of the system might 
demand prohibitively long time. Decision trees are among the fastest classifier systems. 
They possess a simple architecture, and the growth process or training can also be 
conducted effectively even in high input dimensions. Other favorable properties, like the 
clearly defined decision boundary, makes the decision tree classifier the ideal foundation 
for the work explained in this thesis. This thesis builds upon the foundations of the 
original decision tree framework. 

The research goals and results of this Thesis are originating from the problems and their 
solutions during the development of the Medical Decision Support System for 
Mammography. 

Research Goals 

Many applications – such as certain medical decision support systems – require not only 
the cases or samples to be classified, but a classification certainty value is required in 
addition to the predicted class label indicating the strength of the diagnosis. Despite all 
of the favorable properties the standard form of decision tree classifiers do not provide 
ranking information, while other classifier models, like neural networks or density 
estimator based classifiers do. 

• The first research goal is to extend the standard decision tree framework to 
handle classification uncertainty. 

In classification problems the ultimate goal is to create a classifier or classifier system 
that achieves the best performance for the application at hand. The traditional approach 
was to create or train different kind of classifiers (or the same kind with different 
parameters) and select the one that performs the best. During the evaluation of the 
trained classifiers for the same classification task it has been observed that however they 
provide different accuracies, the set of patterns misclassified might not necessarily be 
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the same or even overlap. This suggested that different classifiers provide different 
information about the patterns to be classified, which if somehow could be integrated, a 
classifier system could be created that outperforms the best individual classifier in the 
trained classifier set. 

• The second research goal is to create a new more effective classifier combiner 
architecture. As part of the goal investigate the applicability of the certainty 
information in the integration of the individual classifiers. 

Methodology 

Research techniques used in this Thesis originate from the theory of machine learning, 
probability and statistics, linear algebra and optimization. Several methods or 
approaches are used from the literature, all referred in the Thesis. 

The main purpose of this work is to enhance existing decision tree models, thereby this 
Thesis heavily builds upon the foundations of the original decision tree framework. 

General theoretical results of the Thesis are evaluated and justified by artificial 
simulations and one real world application, mammographic image analysis. 

Structure of the Thesis 

After the theoretical foundations and overview of the approaches in the literature the 
first major part of this Thesis (Uncertainty Estimation Using Decision Tree Classifiers) 
proposes a novel extension to the decision tree framework to handle classification 
uncertainty. It involves distance calculation to the relevant decision boundary, class 
density estimation, correct classification probability and confidence estimation. The 
method is not restricted to axis-parallel trees; it is applicable to trees (or classifiers) that 
utilize oblique hyperplanes to cluster the input space also and it is not restricted to the 
Euclidian distance metric. 

In the second major part of the Thesis (Classifier Combination Based on Classification 
Confidence) it is shown that these classification confidence values – provided by 
individual classification trees – can be integrated to derive a consensus decision. The 
proposed combination scheme – classification confidence weighted majority voting – 
possesses attractive features compared to previous approaches. There is no need for an 
auxiliary combiner or weighting network, the weights are adaptively provided by the 
individual tree classifiers in the ensemble, new classifiers can be added dynamically 
without the need of any retraining or modification to the existing system. 

The last major part of the Thesis (Real World Application of the Presented Algorithms in 
the Case of Mammography) evaluates the detailed approaches in the context of a real 
world application: computer aided mammographic image analysis. The output of the 
singe decision trees (extended with the proposed methods) are explained along with the 
ensemble’s output (which is created using the proposed combination scheme based 
correct classification confidence). More than 1400 images are processed to provide a 
decent evaluation. 
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2 Uncertainty Estimation Using Decision Tree Classifiers 
Decision tree methods use supervised learning to recursively divide the observations into 
subcategories in such a way that these subcategories differ from each other as much as 
possible while each subcategory is as homogenous as possible. 

Classification Tree

X1 < 0.5174

1

X2 < 0.35585

X1 < 0.55825

2 1

2

leaf nodes &
class labels

internal nodes &
splitting rules

 
Figure 2.1. Sample classification tree with three univariate splits and two classes. 

Two main types of decision tree classifiers – that use hyperplanes as decisions – can be 
distinguished: the axis-parallel trees and the oblique trees. An axis parallel tree 
classifier’s hyperplanes are parallel to the axes, while an oblique tree classifier’s are not. 

In classification problems the main goal is to create a classifier that classifies the input 
samples as accurately as possible. However in many scenarios the classification is 
required to be characterized or measured, indicating its reliability. This measurement 
can be conducted by an external component – working separately from the classifiers –, 
or by the classifiers themselves. 

In chapter 2 of the Thesis a novel method is proposed to extend the decision tree 
framework to handle classification uncertainty. Using the proposed method the decision 
trees are able to attach a unique reliability measure in addition to the class label to every 
input sample. The method is based on distance calculation to the relevant decision 
boundary and classification probability estimation. 

Euclidian Distance to the Relevant Decision Boundary 

Distance to the relevant decision boundary is obtained through the solution of a 
quadratic program [3], where the constraints are defined by the decision tree’s 
hyperplanes. Each leaf of the decision tree has a corresponding class label, which is 
assigned to the input samples, which "end up" in that leaf. We want to measure the 
shortest distance to the closest section – leaf – with a different class label. This problem 
could be tackled by solving a set of linearly constrained quadratic programs, one for 
each leaf of different class labels. An input point's ( s ) (Euclidean) distance from a 

different leaf (polyhedron defined by a set of inequalities) }|{ bAxx ≤=P  in nR  is 

defined as }|||inf{||),( 2 PPdist ∈−= xsxs . To find the distance of s  from P , the 

following quadratic program must be solved 
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minimize 2
22

1
0 ||||][][ sxsxEsx −=−−= Tf  

subject to bAx ≤ , 

(2.1) 

 

where s  is constant (input point’s coordinates), E  is the identity matrix of appropriate 
dimension (see Figure 2.3). The matrix A  and the vector b  is built from the constraints 
collected from the tree’s decision nodes on the path from the root node to leaf node: 
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Figure 2.2. Decision making path from the top root node to the leaf P. The constraints for the optimization 
problem are collected during the decision making path. 

Each leaf of the decision tree defines a polyhedron covering a region in the input space. 
As mentioned above to get the distance from the decision boundary; the distance from 
every leaf of different class label must be calculated. Distances to leafs with the same 
class label do not count because they belong to the same region of the space and they 
do not pose a misclassification threat. Two different leafs with the same class label can 
be neighbors in the input space, but there is no relevant decision boundary between 
them. 
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Figure 2.3. The distance between the sample point s  and the polyhedron P  – which is the distance between 

s  (input point) and 0x  (the minimal distance projection) – is the result of the optimization problem. 

The proposed method is not limited to axis-parallel trees; it is applicable to any kind of 
classifier that uses hyperplanes as separator surfaces, like an oblique tree. 

Mahalanobis Distance to the Relevant Decision Boundary 

Using the method proposed above – to calculate the distance from the decision boundary 
induced by a decision tree – allows us to use different distance metrics rather than the 
Euclidean metric, such as the Mahalanobis metric. These metrics are not limited to those 
where the minimal distance projection is invariant. This means that the minimal distance 
point in a polyhedron to a point s , which is the minimal distance projection of s  to P , is 
different for the Euclidean and the Mahalanobis metric. The Mahalanobis distance was 
introduced by P. C. Mahalanobis [4]. It differs from the Euclidean distance in that it 
takes into account the correlations between the input variables, and is scale invariant. 
The Mahalanobis distance among two random vectors x  and y  with the same 

distribution and the covariance matrix Σ : 

)()(),( 1 yxΣyxyx −−= −Tdist . (2.2) 

Using the Mahalanobis distance as a distance metric when calculating the classification 
certainty comes from the hypothesis that in directions of greater deviation greater 
Euclidean distance is required for the same certainty of the classification. This is 
illustrated in the following figure (Figure 2.4). The “square class” data points show 
greater deviation in the horizontal axis than in the vertical axis. This indicates that we 
need a greater distance from decision boundaries in that direction for the same 
certainty. 
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Figure 2.4. Two class classification and a decision tree defining four hyperplanes (solid lines). Distance is 
calculated from the decision boundary and the contour levels are illustrated with dotted lines. Euclidean 

distance to the left, Mahalanobis distance to the right. 

Using Mahalanobis distance means that in greater deviation directions (in this case the 
horizontal axis) the distance from the decision boundaries will raise slower than in lower 
deviation directions (in this case the vertical axis). Figure 2.4 illustrates that the use of 
the Mahalanobis distance results in more concentrated contour lines in the center. Figure 
2.5 shows that the gradient of the distance function is smaller along the horizontal axis 
than the vertical axis using Mahalanobis distance instead of Euclidean distance. Using 
Euclidean distance the gradient is the same in both – in fact all the – directions. 

 
Figure 2.5. Distance levels from the decision boundary. Euclidean to the left, Mahalanobis to the right. 

Class Conditional Classification Probabilities 

After calculating the distance the method uses kernel density estimation [5] to estimate 
the true / false classification conditional probabilities (or class conditional probabilities). 
The distance information from the decision boundary eliminates the problem referred as 
“curse-of-dimensionality” of which most density estimator greatly suffer. 

Combining the distance calculation techniques and the kernel density estimation the 
input data points (regardless of dimension) can be mapped into a one dimensional space 
where the only dimension of a data point is its calculated distance from the relevant 
decision boundary. This way we only have to use one dimensional kernel density 
estimates, hence avoiding the severe computational and storage requirements. 

A scenario was also proposed to handle the zero distance boundary conditions. The 
application of the reflection technique eliminates the steep rises and drops in the 

densities ensuring 0)0(ˆ ' =+f . This is a very favorable property, because it produces 

robust class density estimates and conditional classification probabilities. The method to 
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get local leaf density estimates is applicable no matter how complicated the leaf 
structure or how many hyperplanes define the leafs. 

Using the Bayes rule [6] the probability of the correct classification is derived. 
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Figure 2.6. True and false classification probability and the Bayes probability of correct classification. 

Confidence Intervals 

In the latter sections in this chapter a further approach is proposed to estimate 
classification confidence values [7] in addition to the correct classification probabilities. 
The method is based on the fact that any classifier can be modeled as a black box where 
the success rate has the form of the binomial distribution (to which the confidence 
intervals can be calculated using the F distribution [8]). In the proposed framework this 
success rate is the function of the distance from the decision boundary. For the 
calculation of the confidence intervals of the conditional classification probabilities, at 
given distances, the number of test points, at the specific distances, must be measured. 
The number of test points at a specific distance is approximated from the densities. 
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Figure 2.7. 95% confidence intervals for the classification certainty of a sample decision tree for every input 

sample at distance d  from the decision boundary. 

The resulting confidence interval at any distance from the decision boundary will be the 
function of the correct classification probability and the number of training samples at 
that distance. 

Evaluations 

The algorithm proposed was evaluated on three sample datasets. First a certainty 
threshold was determined to filter out the “risky” classifications with low certainty 
values. Results indicate that the proposed algorithm can significantly reduce the 
misclassification error, in the cost of rejecting a portion of the input points, considering 
them as “risky” points. Second ROC analysis was conducted. The proposed method 
produced ROC curves that not only dominate the ones obtained from the Laplace 
corrected probability estimates, but they also allow a smoother true positive / false 
positive ratio selection, since it provides unique certainty values to each individual input 
sample in contrary to the Laplace correction (it is based on the leaf probability estimates 
approximated using the learning samples). 
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3 Classifier Combination Based on Classification 
Confidence 

In chapter 3 of the Thesis a novel approach (classification confidence weighted majority 
voting) is proposed to combine individual (decision tree) classifiers to form a classifier 
ensemble. The method is based on the sum and the majority vote rule [9], and is 
derived using the results (to calculate classification confidence) of the previous chapter 
of the Thesis (Uncertainty Estimation Using Decision Tree Classifiers). 

The New Proposed Classification Confidence Weighted Majority Voting 
System 

In the previous chapter (2) a method was proposed to calculate a confidence interval in 
addition to the correct classification probability. These values represent the classifiers’ 
certainty in the classification, and are unique to every input sample, based on its 
distance from the decision boundary and the data density. Using these values every 
classifier can set its own weight according to its confidence in the classification. This way 
the weights attached to the individual classifiers are adaptively changing according to 
the input sample. For every input sample those classifiers that have a high confidence in 
the classification will set their weights high, and those classifiers that have only a low 
confidence in the classification will set their weights low. The ensemble architecture – 
using decision tree classifiers extended with the method introduced – is illustrated in 
Figure 3.1. 

 
Figure 3.1. The proposed weighted majority voting scheme. The weights are set adaptively by the individual 
extended decision tree classifiers that provide a classification certainty value using the method described in the 

previous chapter. 
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The final output class is determined by the formula: 

assign jCZ → , if 
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(3.1) 

 

where 

if the i th classifier votes for class k  





=∆
0

1
ki  

otherwise. 

(3.2) 

 

and )(xiΦ  is the weight of the i th classifier in the system. )(xiΦ  represents the i th 
classifier’s lower correct classification confidence. It is a certainty value, attached to the 
output class by the classifier itself, meaning that the probability of the correct 
classification for a specific input sample should not be less (at a given confidence level). 
The confidence level is set preliminary before inducing the trees and estimating the 
misclassification profiles. If not stated otherwise, the 95% confidence level is used 
during the Thesis. 

The proposed voting scheme adaptively weights the classifiers in the ensemble according 
to their predicted classification confidence, hence creating an input dependent, adaptive, 
self organized combiner architecture: 

• Input dependent: every classifier predicts its own classification confidence, which 
is based on the input sample’s distance from the decision boundary, hence unique 
to every input sample at different distances. 

• Adaptive: since the weights during the combination of the predicted classes are 
formed from the classification confidences of the classifiers in the ensemble, and 
these classification confidences are dependent on the input pattern, it is clear that 
the voting weights will also be the function of the input sample. 

• Self organized: again, voting weights are formed from classification confidences 
provided by the classifiers in the ensemble. This architecture does not require a 
separate combiner network or logic. There is no need to train or form this 
network (or logic), and the architecture also allows us to add new classifiers to 
(or remove from) the ensemble dynamically without the need to retrain or reform 
this kind of combiner logic. If a new classifier is inserted into the ensemble no 
modification is required to any of the components in the system. 

The Problem with Decision Boundaries that Extend Outside the Region 
of Competence 

Classifiers are trained on training data, hence they are supposed to operate in that 
particular input region the training data occupies (region of competence). The proposed 
method that enables classifiers to calculate the classification confidence for every input 
sample x  is a self-calculated value that the classifier provides to state how certain is the 
predicted classification. This value is a function of the number of training points available 
and the achieved accuracy of the classifier at a specific distance from the decision 
boundary. 

This value has a correct, interpretable meaning in the region of competence of the 
classifiers. However classifier decision boundaries might extend outside from the region 
of competence and in that case this classification confidence value looses it’s meaning. 
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This phenomenon is coming from the fact that this value is function of the classifier 
accuracy and the available training data points only through a one dimensional 
projection onto the decision boundary. Classifier decision boundaries that extend outside 
the region of competence of the classifier can induce false classification certainties in 
regions where were no training data points at all. 

This means that for input samples that fall far away from the training samples, but close 
to the decision boundary would get a small calculated distance value. Since classification 
confidence depends on the calculated distances, these samples would be classified with 
high confidence, although they are outliers. There were no training data in their region, 
classification from a tree that was grown in a different region should not be trusted. 

We can overcome the problem of extending decision boundaries with a correction after 
the distance from the decision boundary is calculated. In this solution an artificial 
decision boundary is created around the training data during training. Later when the 
distance of an input sample is calculated from the decision boundaries, the corrected 
distance is defined as the maximum of the distance from the real decision boundaries 
and the distance from the artificially induced region of competence boundary: 

)}boundary competence ofregion ,();boundarydecision ,(max{)( xxx ddd = . (3.3) 

This solution overcomes the problem induced by the decision boundaries that extend 
outside the region of the training data used to form the classifier. Data samples that fall 
far from the training samples, but close to an extending decision boundary will get high 
distance values and low classification confidences. 

Evaluations 

To evaluate the new combination scheme it is compared to two accepted and widely 
used combination schemes (that follow different approaches): 

• The Mixture of Experts Structure (MOE) [10], and 

• Bagging [11]. 

These two methods follow different approaches to create and combine classifier 
ensembles. The MOE structure is developed to partition the data in the input space and 
assign classifiers to these regions. If an input sample is classified, the classifier(s) that 
are most competent in the region get the highest weight in the final voting process. This 
is accomplished by the use of a separate gating network that assigns the weights to the 
classifiers according to input pattern. 

The bagging approach follows a different path. From the same training dataset bootstrap 
replicates are created and the classifiers are trained on these replicated datasets. In this 
case every classifier operates in the same input space region and majority voting is used 
to derive final classification. 

During the comparisons it was shown that the proposed method is applicable in both 
cases, whether there is overlapping between the classifiers or not. It was shown that the 
proposed method can mimic the MOE structure in behavior, because the provided 
classification confidence values can be regarded as gating functions that partition the 
input space. During the comparison to bagging it was shown that when the classifier 
outputs are highly correlated and the classifiers occupy the same input region, the 
method is still applicable. These evaluations show that the proposed classifier combiner 
scheme can be effectively applied without the need to check the independence or the 
overlapping of the classifiers. 
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4 Summary of New Scientific Results 
The first Thesis group introduces a novel way to provide more accurate classification 
probability estimates using decision tree classifiers. The method is based on distance 
calculation from the decision boundary. The second Thesis group proposes a new way to 
combine decision tree like classifiers using the results of the first Thesis. 

1. Thesis group: I have proposed a novel way to provide more accurate 
classification probability estimates based on the input sample’s distance 
from the relevant classification boundary induced by decision tree 
classifiers. Parts of the Thesis group appeared in publications [p 1][p 2][p 
4][p 8][p 9][p 11][p 13][p 15][p 16]. 

1.1. I have formulated a problem that could be solved by a quadratic program to 
calculate the input sample’s distance from the relevant decision boundary of 
decision tree classifiers. The method is not limited to axis-parallel trees, it can be 
applied to any kind of decision trees (or classifiers) that use hyperplanes to 
cluster the input space. 

1.2. I have shown that the method – to calculate the distance from the decision 
boundary using a quadratic program– can be used with different distance metrics 
in addition to the Euclidean metric, where the minimal distance projections are 
not invariant to selection of the metric. I have demonstrated the use of the 
Mahalanobis metric. 

1.3. To get probability estimates, kernel density estimation is applied using the 
distances from the relevant decision boundary. I have recommended a way to 
handle the zero distance boundary conditions near the classification boundaries. 

2. Thesis group: I have developed a method to provide classification 
confidence interval to the distance conditional classification probability, 
provided by the first Thesis, and I have shown that this classification 
confidence can be effectively used to combine classifiers into a classifier 
ensemble. Parts of the Thesis group appeared in publications [p 1][p 2][p 
8][p 9][p 11][p 13][p 15][p 17]. 

2.1. I have developed a method to provide confidence interval to the distance 
conditional classification probability. 

2.2. I have provided a new adaptive way to combine decision tree classifiers using 
the classification confidence value into classifier ensembles. The resulting 
combination scheme, classification confidence weighted majority voting, can be 
regarded as an extension of majority voting. 

2.3. I provided a solution to deal with the case of decision boundaries extending 
outside the region of the training data during the combination of the classifiers. 
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5 Real World Application of the Presented Algorithms in 
the Case of Mammography 

The new proposed methods are evaluated in chapter 4 of the Thesis in a real world 
application, in the case of mammographic image analysis. A sample application is used 
to show the benefits of applying decision trees extended with the proposed new 
classification confidence calculation method (chapter 2) to classify regions of the input 
mammogram. The mammogram is divided into segments and each is classified with a 
set of decision trees, whose results are aggregated utilizing the proposed new 
classification confidence weighted voting combination scheme (chapter 3). 

The output of the classifying system is a vote-board where each image segment will 
have a vote value representing the image region’s conspicuousness. Every decision tree 
assigns a vote (-1 or +1), whether the classified sample is a background tissue or a 
mass. Adding these votes together (with weights in the case of the classification 
confidence weighted voting) forms the vote-boards. 

The system is evaluated on more than 800 positive and more than 600 negative images. 
A specific evaluation method is detailed and the proposed approaches are compared to 
the most common voting system (especially in the case of decision trees, where only 
classification information is available), majority voting. The results are evaluated both 
qualitatively and quantitatively. Qualitative results are justified by the quantitative 
results, that show significant improvement over the standard and widespread used 
approach, majority voting. 

Parts of the system explained in this chapter are contained in the Medical Decision 
Support System for Mammography being developed in cooperation with radiologists in 
the Budapest University of Technology and Economics [2]. Results shown here should 
not and cannot be compared to complete mammographic analyzer systems for the 
following reasons: 

• The purpose of this chapter is to evaluate and prove the applicability of the 
general theoretical results of this thesis and not to attain the best possible true 
positive or false positive rate on mammograms. The system in this chapter lack 
certain preprocessing and post processing steps that could significantly increase 
the system’s performance and which are included in complete analyzer systems. 

• Commercially available systems like the Second Look or R2 are confidential, 
information on them is very limited. It can be stated generally that comparing to 
other systems, e.g. the Analogic Mammogram Diagnostic Workstation [12]-[13], 
where information on the architecture can be accessed would also be 
inappropriate without having the exact same test images, test rules. 

Results on Positive Images 

To test the method on positive images the system is evaluated on 10 DDSM [14] image 
volumes, total of 829 positive images. Each positive image contained at least one 
abnormality. The results show that the use of the proposed classification confidence 
weighted voting system instead of combining the decision tree classifiers with 
conventional majority voting results in a 6.6% true positive hit ratio increase (image 
level). During the analysis only the most suspicious region was marked in the vote-
boards as the mass candidate (see Table 5.1). From another point of view, the proposed 
method can cause a 68% (132 false positive markings with majority voting and 41 false 
positive markings with confidence weighted voting) decrease in the number of the false 
positive markings, if all the connected markings are counted in every vote board until 
the threshold is reduced as much to mark the real mass (see Table 5.1). 
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Table 5.1. Summarized results of 10 DDSM volumes. Number of images: 829. 

 Majority 
Voting 

Classification 
Weighted Voting 

Improvement 

# False 
Positives 

132 42 68,4% 

TP Hit Ratio 
at Highest 

Confidence / 
Probability 
Marking 

88,4% 95,0% 6,6% 

Results on Negative Images 

To test the method on negative (normal, without any abnormality) images the system is 
evaluated on 2 normal DDSM image volumes, total of 611 negative images. At first an 
average confidence threshold was determined for both the majority voting and for the 
confidence weighted voting on the vote boards of the 829 positive images. These 
average thresholds are calculated (averaged) from the individual image thresholds at the 
confidence / probability level where the actual mass can be found. These thresholds (one 
for the majority voting and one for the confidence weighted voting) are used on the 
negative image vote boards. After the thresholding the connected regions are counted, 
giving the number of false positives / image. The better the algorithms perform the less 
false positive markings they produce. The results show that the use of the proposed 
classification confidence weighted voting system instead of combining the decision tree 
classifiers with conventional majority voting results in a 7.5% false positive hit ratio 
decrease (image level) on the negative images (see Table 5.2). 

Table 5.2. Summarized results of 2 normal DDSM volumes. Number of images: 611. 

 Majority 
Voting 

Classification 
Weighted 
Voting 

# False 
Positives 

4437 4103 

Average False 
Positives / 
Image 

7,26 6,72 

Conclusion 

In this section parts of a complete mammographic image analyzer system – classifier 
and voting – is evaluated. Results show that the use of the proposed methods result in 
significant increase in the accuracy of the system. However, this analysis should not be 
compared to complete mammographic image analyzers that utilize additional 
components missing from this analysis. These components are for example 
preprocessing, post processing, joint analysis of the images, etc. These components can 
significantly affect the system’s final results. The goal of the evaluation is to demonstrate 
the applicability and effectiveness the proposed approaches of this Thesis. It is obvious 
that the proposed system can be further improved with the use of the mentioned 
additional system parts to achieve better results if the ultimate goal is to classify 
mammograms. 



Handling Classification Uncertainty with Decision Trees in Biomedical Diagnostic Systems  

 

  18 

6 List of Publications 

6.1 International Periodicals 

[p 1] N. Tóth, B. Pataki: “Classification Confidence Weighted Majority Voting Using 
Decision Tree Classifiers”, International Journal of Intelligent Computing and 
Cybernetics, accepted, to appear in June, 2008. 

[p 2] N. Székely, N. Tóth, B. Pataki: "A Hybrid System for Detecting Masses in 
Mammographic Images", IEEE Transactions on Instrumentation and 
Measurement, Vol. 55, No. 3, June 2006, pp. 944-952. 

[p 3] L. Lasztovicza, B. Pataki, N. Székely, N. Tóth: "Neural Network Based 
Microcalcification Detection in a Mammographic CAD System", International 
Scientific Journal of Computing, Vol. 3, Issue 3, 2004. 

6.2 Hungarian Periodicals in English 

[p 4] N. Tóth, B. Pataki: "A Proposed Method to Handle Classification Uncertainty Using 
Decision Trees", Production Systems and Information Engineering, Vol. 3, 2006, 
pp. 21-38.  

6.3 Hungarian Periodicals in Hungarian 

[p 5] N. Tóth, B. Pataki: "Foltok detektálása mammogrammokon textúra-analízis 
segítségével" = "Detecting Lesions in Mammograms Using Texture Analysis", 
HÍRADÁSTECHNIKA, Budapest, 2005 April, pp.: 22-24 (in Hungarian). 

[p 6] N. Tóth, B. Pataki: "Mammogramok textúra analízise" = "Texture Analysis of 
Mammograms", INFORMATIKA, Budapest, 2003 November, pp. 32-39 (in 
Hungarian).  

[p 7] N. Tóth, B. Pataki: "Textúra analízis" = "Texture Analysis", ELEKTROnet, 
Budapest, 2003/3, pp. 51-53 (in Hungarian). 

6.4 International Conference Proceedings 

[p 8] N. Tóth, B. Pataki: "On Classification Confidence and Ranking Using Decision 
Trees", Proceedings of the 11th International Conference on Intelligent 
Engineering Systems (INES2007), Budapest, Hungary, June 29 - July 1, 2007, 
pp. 133-138. 

[p 9] N. Tóth, G. Takács, B. Pataki: "Mass Detection in Mammograms Combining Two 
Methods", in Proceedings of the 3rd European Medical & Biological Engineering 
Conference (EMBEC'05), Prague, Czech Republic, November 20-25, 2005. 

[p 10] G. Horváth, B. Pataki, J. Valyon, Zs. Dömötöri, N. Székely, N. Toth, G. Takács: 
"An Intelligent Decision Support System for Screening Mammography", Proc. of 
the 3rd European Medical and Biological Engineering Conference EMBEC´05, 
Prague, Czech Republic, Nov. 2005. 



Handling Classification Uncertainty with Decision Trees in Biomedical Diagnostic Systems  

 

  19 

[p 11] N. Székely, N. Tóth, L. Lasztovicza, B. Pataki: "Combining Methods For Mass 
Detection In Mammograms", Proceedings of 17th Biennial International EURASIP 
Conference BIOSIGNAL 2004, Brno, Czech Republic, 23-25 May 2004, pp. 281-
283. 

[p 12] L. Lasztovicza, N. Tóth, N. Székely, B. Pataki: "Hybrid Microcalcification Detection 
In Mammograms", Proceedings of 17th Biennial International EURASIP 
Conference BIOSIGNAL 2004, Brno, Czech Republic, 23-25 May 2004, pp. 287-
289. 

[p 13] N. Székely, N. Tóth, B. Pataki: "A Hybrid System for Detecting Masses in 
Mammographic Images", Proceedings of IMTC/04, 21th IEEE Instrumentation and 
Measurement Technology Conference, Como, Italy, 18-20 May 2004, pp. 2065-
2070. 

[p 14] László Lasztovicza, Béla Pataki, Nóra Székely, Norbert Tóth: "Neural Network 
Based Microcalcification Detection in a Mammographic CAD System", Proceedings 
of the Second IEEE International Workshop on Intelligent Data Acquisition and 
Advanced Computing Systems: Technology and Applications (IDAACS'2003), Lviv, 
Ukraine, 8-10 September, 2003, pp. 319-323. 

6.5 Technical Reports 

[p 15] N. Tóth, B. Pataki: "Extending the Decision Tree Framework to Handle 
Classification Certainty", Budapest University of Technology and Economics, 
Department of Measurement and Information Systems, Hungary, 2007. 

6.6 Hungarian Conference Proceedings 

[p 16] N. Tóth, B. Pataki: "Decision Trees with Uncertainty", Proceedings of the 13th 
Mini-Symposium, Budapest, Hungary, 6-7 February 2006, pp. 42-43. 

[p 17] N. Tóth, B. Pataki: "Detecting Masses in Mammograms Using Texture Analysis", 
Proceedings of the 12th Mini-Symposium, Budapest, Hungary, 8-9 February 
2005, pp. 22-23. 

[p 18] N. Tóth, B. Pataki: "Texture Analysis of Mammograms", Proceedings of the 11th 
Mini-Symposium, Budapest, Hungary, 3-4 February 2004, pp. 52-53. 



Handling Classification Uncertainty with Decision Trees in Biomedical Diagnostic Systems  

 

  20 

7 References 
[1] E. J. Feuer, L. M. Wun, C. C. Boring, W. D. Flanders, M. J. Timmel, T. Tong: “The 

Lifetime Risk of Developing Breast Cancer”, Journal of the National Cancer 
Institute, 1993, 85(11), pp. 892-897. 

[2] G. Horváth, B. Pataki, J. Valyon, Zs. Dömötöri, N. Székely, N. Toth, G. Takács: 
"An Intelligent Decision Support System for Screening Mammography", Proc. of 
the 3rd European Medical and Biological Engineering Conference EMBEC´05, 
Prague, Czech Republic, Nov. 2005. 

[3] S. Boyd, L. Vandenberghe: Convex Optimization, Cambridge University Press, 
2006. 

[4] P. C. Mahalanobis: “On the generalised distance in statistics”, Proceedings of the 
National Institute of Science of India, 12 (1936) 49-55. 

[5] B. W. Silverman: Density Estimation for Statistics and Data Analysis, Chapman 
and Hall, London, 1986. 

[6] R. O. Duda, P. E. Hart, D. G. Stork: Pattern Classification, John Wiley & Sons, 
2001. 

[7] D. Harde: Non Asymptotic Binomial Confidence Intervals, Statistics Research 
Assosiates, Wellington, web: http://www.statsresearch.co.nz/pdf/confint.pdf. 

[8] D. Harde: Non Asymptotic Binomial Confidence Intervals, Statistics Research 
Assosiates, Wellington, web: http://www.statsresearch.co.nz/pdf/confint.pdf. 

[9] J. Kittler, M. Hatef, R. P.W. Duin: “On Combining Classifiers”, IEEE Transactions 
on Pattern Analysis and Machine Learning, vol. 20, no. 3, March 1998. 

[10] M. I. Jordan, R. A. Jacobs: “Hierarchical Mixtures of Experts and the EM 
Algorithm”, Neural Computation, 6, pp. 181-214, 1994. 

[11] L. Breiman: “Bagging Predictors”, Machine Learning, vol. 24, 2, pp. 123-140, 
1996. 

[12] Á. Zarándy, T. Roska, Gy. Liszka, J. Hegyesi, L. Kék, and Cs. Rekeczky: "Design 
of Analogic CNN Algorithms for Mammogram Analysis", Proceedings of the IEEE 
International Workshop on Cellular Neural Networks and their Applications 
(CNNA’94), pp. 255-260, Rome, 1994. 

[13] Kék László, Liszka Gyögy Dr., Petrányi Ágota Dr., Zarándy Ákos Dr., Bölöni 
László: “Mammographiás szőrıállomásokhoz telepített analogikai munkahely 
adatkezelése", Magyar Onkológia 42., 109-120, 1998. 

[14] DDSM: Digital Database for Screening Mammography, 
http://marathon.csee.usf.edu/Mammography/Database.html 

 

 

 


