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I. Introduction and inspiration 

A Medical Decision Support System for Mammography is being developed in cooperation with 
radiologists in the Budapest University of Technology [1] for the automatic evaluation of the 
mammograms. In the system several detection algorithms are working parallel to each other, looking 
for different kinds of abnormalities (e.g. microcalfications, masses) or different kinds of features to 
detect the same type of abnormality. Since markings (spots that show the location of an abnormality) 
created by the detection algorithms cannot be 100% certain, a confidence value was introduced to the 
system. Each marking is accompanied by this value, showing the diagnoses certainty. Each algorithm 
produces this confidence value, although in different ways.  

One of the methods uses decision trees to classify a certain number of features at a location of the 
image [2]. The result of this classification can be normal tissue or abnormality. If the features are 
classified as abnormal tissue a marking is generated. To generate the confidence value the original 
decision tree algorithm was modified to handle classification uncertainty. 

II. Dealing with classification uncertainty 

One of the most widespread used decision tree frameworks is the Classification and Regression 
Trees (CART, 1984) [3] developed by Breiman et al. Their work was used as basis for the 
enhancements to the decision tree methodology. Decision trees produced by the CART algorithm 
have some favorable properties compared to other methods. They are easily interpretable and can be 
used to classify data very quickly. Another good property is that the decision boundary can be easily 
identified. A new algorithm was developed to provide a confidence value to the classification result 
of the tree. This algorithm makes use of the clear structure of the trees and the explicitly defined 
decision boundary. 

Dealing with the classification uncertainty or classification confidence the main assumption is that 
the confidence of the classification is proportional to the distance from the closest decision boundary 
that splits the differently labeled regions. 

According to the previous assumption, to get a classification certainty value we need to measure 
the shortest distance to the closest decision boundary that splits different classes, or equally the 
shortest distance to the closest region with different class label. 

The proposed algorithm to measure the shortest distance from the closest relevant decision 
boundary is the following: 

1) First the actual data is classified using the decision tree: a leaf node is reached, which defines 
a section in the input space and an output label. 

2) To get the distances to the other sections the input data point is projected to all of the decision 
boundaries. The projection rules are calculated only once, right after the tree growth process 
and stored together with the tree structure. If the input space contains N variables than the 
decision boundaries of a section are maximum N-1 dimensional hyperplanes.  

3) The distance between the projected points and the input point is calculated. 
4) Take out the projected point that has minimal distance from the input point. 
5) Check if that projected point is on a decision plane that splits different classes. 
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6) If yes, the output certainty value is the distance between the projected point and the input 
data. If no, take out the next projected point with minimal distance and repeat steps 5 and 6. 

From the distances of the original training points the true classification rate can be estimated for a 
given distance (Figure a, upper curve). Assuming a correct classifier this function increases with the 
distance, ultimately reaching 1. pD=1 at a given distance D indicates that the training points whose 
distance to the decision boundary is greater than D are all correctly classified. 

However using this estimated classification rate pD as classification uncertainty will give high 
confidence to points that are far away from the decision boundary. But how can we estimate the 
classification certainty if there were no training data farther away than the actual input point? To 
overcome this problem the 95% lower confidence interval ϕ (Figure a, lower dotted curve) is 
calculated for the pD function. ϕ is a function of pD, N (number of point used to estimate pD) and α
(the significance level, which is 0.05 in the current implementation). As D increases pD will (usually) 
also increase and this will cause ϕ to increase also. However at a certain distance the number of 
points used to estimate pD will decrease in the way that it will cause ϕ to fall. Using ϕ as 
classification certainty will give zero confidence to points that are farther away than the training 
points. 

Figure a (left): estimated classification rate and the 95% confidence interval. The confidence interval 
falls to zero as the number of training points decreases. Figure b (right): Distribution of the training 

points around the decision boundary. Only class 1 points are displayed. The D=0.04 distance 
thresholds from the decision boundary is also shown. 

III. Results and Conclusion 

A novel method was presented in this paper to extend the decision tree framework. The proposed 
extension to the decision tree framework gives the possibility to determine classification certainty for 
each input sample. The method is experimental, testing will be concluded in the next months. 
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