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Diagnostic decision-making in medical imaging by radiologists has been aug-
mented by computer-aided diagnosis (CAD) systems. Several CAD systems have 
been developed to help estimate the probability of lung cancer based on nodule 
characteristics and some clinical information. We study the relationships between 
radiologists' subjective assessments for nodule characteristics and image features 
computed from the region of interest with the final goal of integrating these rela-
tionships in the CAD systems.  

Goals: 
• Determine the relationship between physi-

cal nodule characteristics and their annota-
tions. 

• Understand how radiologists rate nodules. 
• Create content and semantic-based image 

retrieval systems to help educate future ra-
diologists.  

System Characteristics: 
• Provide probabilistic annotation for 

lung nodule semantics based on 
low-level image features 

• Increase radiologists’ ability to in-
terpret lung nodules efficiently 

• Reduce interpretation variability 
among observers 

Example of nodule char-
acteristics assigned by a 
radiologist and low-level 
features. 
 
Nine nodule characteris-
tics were provided by 
each radiologist and 64 
image features were com-
puted from each seg-
mented nodule image.  

Accuracy Results   
 

From prediction rules learned from decision 
trees, we can accurately predict the rating of 
Malignancy, Margin, Subtlety, and  Texture 
with accuracies greater than 80%. Lobulation, 
Sphericity, and Spiculation are all based off of 
the nodule’s shape and boundary which were 
not captured well by our morphological shape 
features. 



Applications: 
 

As shown in the table to the right, using a 
set of rules governed by a complete lung 
nodule ontology, one can accurately clas-
sify nodule characteristics. This framework 
can be applied to other soft tissues to help 
radiologists determine a tumor’s malig-
nancy. 
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How you can contribute: 
• If  you are a trained radiologist we 

would like you to look at our results 
and provide feedback. 

• We could use people who have experi-
ence with or are willing to learn about 
active learning classifiers.  

• We need software engineers and pro-
grammers to implement  a practical 
system from this prototype. 

 

To learn more about our lab 
visit 

http://facweb.cs.depaul.edu/research/vc 
e-mail our advisors,  

Dr. Raicu (DStan@cti.depaul.edu)  and 
Dr. Furst (JFurst@cs.depaul.edu) 

 
Or attend one of our visual computing semi-

nars, held every other Friday,  
starting January 11th from 2:30-3:30 in room 

610 (CTI) 

Table 1: 
Predicting rules for Subtlety along with possi-
ble ratings and their probabilities  
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* Minor axis length is the length of the minor axes 
of the ellipse that has the same normalized second 
central moments as the segmented nodule image 
* Maximum intensity is the maximum value of the 
gray-level intensity in the segmented nodule image 

  

Ratings Rules 
  
1 

(Extremely 
Subtle) 

  
IF both the minor axis length and 
the maximum intensity are small 
 THEN subtlety =  1 
 Pr (1) = 1.00 

  
4 

(Moderately 
Obvious) 

IF the minor axis length is low but 
the maximum intensity is high 
THEN subtlety =  4 
 Pr (4) = 0.94 
Pr (5) = 0.06 

  
5 

(Obvious) 

IF the minor axis length is high  
THEN subtlety =  5 
 Pr (5) = 0.99 
Pr (4) = 0.01 


