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Abstract 
In the following work, we test a generalized approach 
to integrating, transforming and learning data from 
disparate data sources for the classification of bacte-
rial proteins involved in pathogenesis. We rely on the 
implicit inter-linkages between biological databases 
to draw relevant records, and leverage statistical 
learning methods to infer classification based on 
abundant, albeit noisy, data. Results suggest that 
types of public biological information have varying 
degrees of effectiveness in predictive data mining. 
Introduction 
Emerging infectious diseases have moved to the fore-
front of research and global health in the face of anti-
biotic-resistant pathogens, epidemics and the threat of 
bioterrorism. Our need to understand mechanisms of 
pathogenicity has magnified, yet the depth to which 
pathogenic proteins are characterized often does not 
go beyond basic similarity searches1. Though triangu-
lating data across many databases is a common prac-
tice among biologists, noise in biological repositories 
make it hard to reach a conclusion towards protein 
pathogenicity. To address this, we propose using 
linked, integrated data across multiple databases as a 
‘query space’ upon which we can classify a protein. 
When trained against pathogenic proteins, this 
method facilitates the identification and annotation of 
pathogenic proteins while using only inexpensive and 
publicly-available biological data sources. 
Methods 
To retrieve large amounts of relevant results for a 
query protein, we used an existing data integration 
system (BioMediator2) to query a dozen different 
data sources. Upon seeding with a query protein of 
known class, data sources that take as input protein 
sequences return results linked to our query; these 
results are linked to other sources, which return more 
data. The query space becomes a large amount of 
data from a number of databases, each bit of which 
may be of varying relevance to our query. To make 
sense of the information, we map the data onto a fea-
ture space that allows us to treat each query as a la-
beled vector, and thus each set of queries as a matrix. 
This generated feature space can then be trained upon 
using statistical learning methods. 
To evaluate this method, we trained support vector3 
classifiers on 100 pathogenic proteins and 100 pro-
teins randomly selected from GenBank. We also 
evaluated our approach on a specific virulence cate-

gory, pathogen-related polysaccharide proteins, by 
training on 50 positive and 20 negative examples. We 
created three feature spaces for training on these sets: 
3-mer sequence windows that provide a baseline 
classification independent of data sources; bag-of-
words frequency from integrated data; and GO terms 
that appeared in our query space more than once. 
Different kernels were used to train three separate 
classifiers for each feature space: a linear kernel; a 
radial basis function (RBF) kernel with high regulari-
zation cost; and an RBF whose cost and width were 
determined from a constrained grid search and whose 
features were selected using F-scores.  
Results 
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Figure: Accuracy of classification by type and kernel for general 
pathogenicity classification (polysaccharide results not shown). 

 

We evaluated pathogenicity and polysaccharide pre-
diction on 100 positive, 100 negative and 20 positive, 
20 negative examples, respectively. Performance was 
better when specific pathogenic categories were 
trained, especially for bag-of-words (top accuracy, 
100%). With general pathogenicity prediction, aggre-
gated GO categories have the best performance (top 
accuracy, 77.5%). In both the general and specific 
cases integrated approaches outperformed the se-
quence baseline, which suggests that even a mixture 
of relevant and spurious data records, mined appro-
priately, provide a high-level predictive layer at de-
termining pathogenicity. 
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