










3.1 Official Runs 
The results of our official runs are presented in Table 2. In the columns “Classification Method” and 
“Feature Selection”, we use the term Single Model to denote that the classification or the feature selection 
is built on the whole training data, and the term Cluster-Based to denote the application of the cluster-based 
method to the classification or to the feature selection. The best results we achieved in the official runs, in 
terms of the normalized utility score, for each of the categories allele, embryologic gene expression, GO, 
and tumor, are 0.7760, 0.5563, 0.3763 and 0.7439, respectively. The recall is higher than the corresponding 
precision in all of our runs. This is partly because we have introduced a high cost to false negatives to 
reflect the biased penalty applied. We also note that in particular the cluster-based approach is expected to 
favor recall, as it requires examples to fit into specific negative-cluster models in order to be classified as 
negative. The highest recall we got is of 1.0 for tumor categorization in the run tQUT10, in which the 
cluster-based classification is applied. Overfitting is observed in both official and unofficial runs. For 
instance, the single-model run gQUNB12 resulted in a utility score of 0.696 for the training data, but only 
0.346 for the test data. This might be partially caused by the different distributions of the training and test 
set, especially when the cost sensitive approach is applied. 

Table 2: The official runs 

Note that the official runs from different classification methods are not directly comparable to each other 
because of their different feature selection schemes or different parameter settings. We have conducted 
some unofficial runs for a more complete comparison of different classification methods and different 
feature selection schemes. 

3.2 Unofficial Runs 
In our unofficial runs, the best utility scores we got for the allele, embryologic gene expression, GO, and 
tumor categories are 0.7505, 0.6101, 0.4189 and 0.8582, respectively. These results are much better than 
those obtained in our official runs, except the one for allele categorization, which is 0.02 lower than the 
utility of our best official run. These results were obtained by either the cluster-based classification or by 
the single-model classification with the cluster-based feature selection. We will use bold to highlight these 
results in Table 3 and Table 4. 

We performed several runs to directly compare the performance of the single-model classification and the 
cluster-based classification.  Table 3 shows the performance of the two classification methods under the 

Category Run Classification 
Method Terms Feature 

Selection CB Precision Recall F-score Normalized 
Utility 

aQUNB8 Single Model 4487 Cluster-Based 0.54 0.3182 0.8464 0.4626 0.7397 

aQUT11 Cluster-Based 10533 Single Model 1 0.3785 0.7741 0.5084 0.6993 Allele 

aQUT14 Cluster-Based 4487 Cluster-Based 2 0.3582 0.8675 0.5070 0.7760 

eQUNB11 Single Model 2228 Cluster-Based 1 0.1086 0.6381 0.1856 0.5563 

eQUNB19 Single Model 5155 Single Model 1.17 0.1132 0.4571 0.1815 0.4012 

Embryologic 

Gene Expression 

eQUT18 Cluster-Based 5155 Cluster-Based 0.10 0.0967 0.5238 0.1632 0.4473 

gQUNB12 Single Model 13414 Single Model 1 0.1603 0.6602 0.2580 0.3459 

gQUNB15 Single Model 4872 Cluster-Based 0.55 0.2102 0.5676 0.3067 0.3763 GO 

gQUT22 Cluster-Based 11417 Single Model 4 0.1811 0.6158 0.2799 0.3628 

tQUNB3 Single Model 3058 Single Model 1 0.0244 0.9000 0.0474 0.7439 

tQUT10 Cluster-Based 3058 Single Model 0.02 0.0132 1.0000 0.0260 0.6758 Tumor 

tQUT14 Cluster-Based 1500 Cluster-Based 1 0.3095 0.6500 0.4194 0.6437 



same parameter setting. We set the same Chi-square threshold for both methods on the same classification 
task. The thresholds are 7 for allele and GO, and 5 for embryologic gene expression and tumor. For each 
category, both methods – the single-model classification and the cluster-based classification – use the same 
value for CB. 

Table 3: The performance of the single-model and of the cluster-based classification 

Our results show that, all else being equal, the cluster-based classification outperforms the single-model 
classification on all categorization tasks in terms of normalized utility and recall. Using the cluster-based 
classification, there is about 56% improvement in normalized utility. However, the precision resulting from 
the cluster-based approach is significantly lower than that of the single-model classification on all runs. 
This is because the cluster-based classification combines multiple cluster-based classifiers, each built on a 
separate cluster, where all these individual classifiers are biased towards avoiding false negatives. Recall 
that each individual cluster-based classifier is trained with respect to a single cluster of negative examples. 
Therefore, each such classifier has a narrow negative category associated with it, and all the documents 
falling outside this category are initially viewed as positive with respect to this specific classifier. This 
means that each cluster-based classifier initially produces a large number of false positives and relatively 
few false negatives. Taking our experimental result on the allele classification as an example, using sixteen 
clusters, the average number of the false negatives is 4, while the average number of the false positives is 
4,875 (note that this is before the classification results are combined – this phase is not shown in the tables). 
As discussed in Section 2.2.2, the results from the individual classifiers are combined such that a document 
is labeled as positive if and only if it is labeled as positive by all of the individual cluster-based classifiers. 
At this stage, we are left with 288 true positives and 516 false positives. While the number of the false 
positives has been significantly reduced when the results from the individual classifiers are combined, this 
number is still larger than the one resulting from the single-model classification, which is 172. Thus, many 
false positives still remain even after the strict positive selection induced by the combination of the 
individual classifiers. Trying to improve the precision under the cluster-based framework is our immediate 
next step.  

Table 4: The effect of the cluster-based feature selection. 

Category 
Classification 

Method 
CB TP FP FN Precision Recall F-score 

Normalized 

Utility 

Single Model 160 100 172 0.6154 0.4819 0.5405 0.4642 
Allele 

Cluster-Based 
2 

288 516 44 0.3582 0.8675 0.5070 0.7760 

Single Model 35 71 70 0.3302 0.3333 0.3318 0.3228 Embryologic Gene 

Expression Cluster-Based 
2 

84 1276 21 0.0618 0.8000 0.1147 0.6101 

Single Model 188 340 330 0.3561 0.3629 0.3595 0.3033 
GO 

Cluster-Based 
4 

379 1782 139 0.1754 0.7317 0.2829 0.4189 

Single Model 6 4 14 0.6000 0.3000 0.4000 0.2991 
Tumor 

Cluster-Based 
1 

13 29 7 0.3095 0.6500 0.4194 0.6437 

Normalized Utility 
Category Feature Selection 

Feature 

Number Training Data Test Data Difference 

Single Model 0.8446 0.6588 0.1858 
Allele 

Cluster-based 
4487 

0.8422 0.7505 0.0917 

Single Model 0.8937 0.0467 0.8470 Embryologic Gene 

Expression Cluster-based 
2228 

0.8490 0.5563 0.2927 

Single Model 0.6848 0.1909 0.4939 
GO 

Cluster-based 
4872 

0.5085 0.3508 0.1577 

Single Model 0.9768 0.1496 0.8272 
Tumor 

Cluster-based 
1500 

0.9030 0.8582 0.0448 



 

As discussed in Section 2.3, a side-effect of the cluster-based classification is an alternative method for 
feature selection. We have run some preliminary experiments to evaluate the performance of this method. 
We first collected the selected features from all the clusters that were constructed as part of the cluster-
based classification. The union of the feature sets was used as features for both the training and test data. 
For comparison, we applied the Chi-square test using the training data set, with no clustering, to select the 
same number of features. Keeping all parameters identical, single-models were constructed separately 
based on these two feature sets. The experimental results are presented in Table 4. All experiments listed in 
Table 4 have CB value of 1. The Training Data column and the Test Data column show the normalized 
utility on the training set and the test set, respectively. The Difference column shows the difference in 
normalized utility between the training and test data. The Difference is used to evaluate the variability in 
the model performance between the training and the test sets. The smaller the difference is, the more 
consistent performance a model provides. We can clearly see that all models have better performance on 
the training set than on the test set. However, the models that are constructed based on the cluster-based 
feature selection perform more consistently than the models that are constructed based on the single-model 
feature selection. Our results suggest that there is less drift between test and training data when the cluster-
based feature selection is used. 

4. Conclusion 
We approached the categorization task in the TREC 2005 Genomics Track as a set of separate binary 
classification tasks. A common characteristic of both training and test data is their relative abundance of 
negative examples, which typically leads to low recall. We have investigated a cluster-based classification 
approach, which aims to distinguish among subsets within the large set of negative examples. A 
comparison was made between this approach and the single-model approach. Using a basic text processing 
method, when all else is equal, the cluster-based classification approach outperforms the single-model 
approach in our experiments. We have also explored the effect of the cluster-based feature selection. Our 
primary finding is that the utility gap between the training data and the test data decreases when the cluster-
based feature selection is applied, which suggests that the cluster-based feature selection may address the 
issue of “conceptual drift”. We recognize the need for further improvement on the classification 
performance, and plan to experiment with more advanced baseline methods and feature selection in the 
future.  
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