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Abstract 
In recent years we have seen a tremendous growth in the number of text document 
collections available on the Internet. Automatic text categorization, the process of 
assigning unseen documents to user-defined categories, is an important task that can 
help in the organization and querying of such collections. In this article we consider the 
problem of classifying online papers from a specific journal in the geological sciences, 
over a set of expert defined categories.  We evaluate two general strategies and several 
variants thereof. The first strategy is based on Naïve Bayes, a popular text classification 
algorithm.  The second strategy is based on Principle Direction Divisive Partitioning, an 
unsupervised document clustering algorithm. While the performance of both approaches 
is quite good, some of the new variants that we propose including one, which involves a 
combination of these two approaches yield even better results. 
 
 
1. Introduction 
In recent years, the amount of online text data has grown tremendously due to the 
popularity of the Internet and the World Wide Web. As a result, there is an overriding 
need to provide effective content-based text retrieval, search and querying capabilities. In 
this paper we consider the problem of automatic text categorization, a means by which 
one can rapidly enable such retrieval and querying capabilities on a large scale.  
 
Automated text categorization [17, 18, 5] is a supervised learning task, involving the 
assigning of category labels (pre-defined) to new documents based on the information 
learned from a labeled training data.  The labeled training data involves manual 
categorization of the data by subject experts. A large number of learning approaches have 
been brought to bear on this problem domain including, statistical methods [1], Bayesian 
learning [2, 4, 10, 11, 5, 12, 13], decision trees [3, 14, 4, 10, 5], neural networks [15, 16] 
and support vector machines [5].  
 
In this paper we evaluate the performance of two such methods for the automatic 
categorization of  articles published by  an international journal in the geological 
sciences. The first method we consider is the Naïve Bayes method, a popular 
categorization method. Not surprisingly, we observe that when the domain expert, in 
addition to labeling duties also provides a list of keywords and associated weighting the 
performance of this algorithm is greatly enhanced. The second method we consider is 
Principle Direction Divisive Partitioning , an unsupervised text clustering approach based 
on principal components analysis. Basically in this approach we cluster both the labeled 
and unlabeled data together and let the labeled documents within each cluster determine 
the labels of the unlabeled documents. We consider several new variants of the above 



methods including one that combines both. This hybrid approach, involves using the 
keywords and weights associated with relatively pure clusters, generated by PDDP, to 
seed the Naïve Bayes Classifier (as described above). We also evaluate the performance 
of these methods and their variants on papers that are considered to be a mixture of 
categories. 
 
The rest of this article is organized as follows. Sections 2 and 3 describe the Naïve Bayes 
and the PDDP algorithms respectively. In Section 4 we describe the different classifiers 
we evaluated along with the experimental results. In section 5 we discuss the results 
obtained and some additional features of our work (visualization etc.).  We also outline 
directions for future work in this section. 
 
2. Naïve Bayes Classifier 
 
The basic idea in Naïve Bayes methods is to use the joint probabilities of words and 
categories to estimate the probabilities of categories given a document. The naïve aspect 
of the method has to do with the fact that the dependencies between words are ignored, 
i.e. the conditional probability of a word given a category is assumed to be independent 
from the conditional probabilities of other words given that category. The assumption is 
necessary for efficiency reasons.  We next describe this approach more formally using the 
notation from [6]. 
 
Assume that each text document is described by a conjunction of the English words (ai) it 
contains. Let  vj be the set of user-defined categories. A set of  labeled (training) 
documents in every category is provided to the classifier.  After the training phase 
(described below) when a new document is presented, described by the tuple of its words 
<a1, a2…an>, the learner is asked to predict the category for this new document.  
The Bayesian approach to classifying the new document is to assign the most probable 
category it fits in, vMAP -- the maximum a posteriori (MAP) hypothesis, given the words < 
(<a1, a2…an>) contained in the document.  
 
vMAP = argmax P(vj| a1, a2…an) 
 
We can use Bayes theorem to rewrite this expression as 
 
vMAP = argmax P(a1, a2…an|vj)P(vj)                                                                               (1) 
 
Estimating the different P(a1, a2…an|vj) terms in this fashion is not feasible unless there is 
an exceptionally large set of training data. The problem is that the number of these terms 
is equal to the number of possible documents times the number of possible categories. 
Therefore, we need to see every document in the training set many times in order to 
obtain reliable estimates.  The Naïve Bayes classifier is based on the simplifying 
assumption that the contained words are conditionally independent in the category. This 
assumption reduces equation 1 to equation 2. 
 
vNB = argmax P(vj) Πi P(ai|vj)                                                                                        (2) 



 
Here vNB denotes the probability output by naïve Bayes classifier. Notice that with the 
naïve Bayes classifier the number of distinct P(ai|vj) terms that must be estimated from 
the training data is just the number of distinct words times the number of distinct 
categories – a much smaller number than if we were to estimate the P(a1, a2…an|vj) terms 
first contemplated. 
 
Whenever the naïve Bayes assumption of conditional independence is satisfied, this naïve 
Bayes classification vNB is identical to the MAP classification vMAP obtained from 
equation (1). Even when this assumption is not met, as in the case of learning to classify 
text, the naïve Bayes classifier is often quite effective [7]. Completing the design of the 
learning algorithm requires choosing a method for estimating the probability P(ai|vj) 
terms. We adopt the m-estimate [8] with uniform priors and with m equal to the size of 
the word vocabulary. Thus, the estimate for P(ai|vj) will be (nk+1)/(n+ |Vocabulary|), 
where n is the total number of word positions in all training examples whose category is 
vj, nk is the number of times word ai is found among these n word positions, and 
|Vocabulary| is the total number of distinct words (and other tokens) found within 
training data [6].  
 
We adopt the implementation of the algorithm proposed in [9]. In addition to the base 
implementation we also implement a variant that allows us to embed domain specific 
knowledge within the classifier. This domain knowledge is embedded in terms of  
keywords associated with a particular category  and weights associated with each 
keyword. Essentially, instead of using the pre-classified papers as training data, we build 
our own collections of words with different weights based on the domain expert’s 
experience with the data.  Note, that the Naïve Bayes classifier needs several training 
papers for each topic to classify an unknown paper. The classifier is dependent on  the 
quality of papers in the training set. Instead of using the entire paper if one can instead 
train the classifier based on a bag of words deemed important by an expert, the classifier 
is less likely to be affected by noise effects. 
 
3. PDDP (Principal Direction Divisive Partitioning) 
 
PDDP is an unsupervised technique that clusters together related documents. It constructs 
a binary tree, in which each node is a data structure holding the documents associated 
with that node, the various quantities computed from that set of documents, and the 
pointers to the two children nodes.  The information stored in each node consists of the 
documents in the cluster associated with that node, the centroid (mean vector), the 
leading singular value and associated singular vector, and the pointers to the children 
nodes. The “scatter” value is also stored in the node, which will be discussed later. 
 
The PDDP tree starts with the root cluster representing all documents. The algorithm then 
recursively splits each leaf cluster into two children until some criterion is satisfied. Each 
document is represented by an n-vector d of word counts. Each n-vector is scaled so that 
||d|| = 1 to ensure that the values are independent of document length. The vectors of all 
the m documents to be clustered are assembled into term frequency matrix M(n x m) = 



(d1 … dm).  This term frequency matrix along with the mean vector (centroid) is used to 
obtain the principle direction and the hyper-plane partition that is used to split the 
documents within a given node into two partitions. To decide at each stage which node 
should be split next, one choice is to try to keep the binary tree balanced by splitting all 
the nodes at a given level before proceeding to the next level. However, by doing so the 
resulting clusters are often imbalanced with a few large clusters and many small clusters, 
even singletons. PDDP uses the notion of “scatter” to determine the best node to split. 
The scatter value is simply a measure of  how cohesive the documents within a cluster are 
[19, 20, 21].   
 
The execution time of the algorithm depends on the size of the term frequency matrix. 
Much like we did for the Naïve Bayes approach we have implemented a variant of the 
base PDDP algorithm where instead of using all the distinct words in the documents to 
build the term frequency matrix we limit the words to the set of words chosen by domain 
experts for the problem on hand. This variant reduces the execution time of the algorithm 
significantly (since the size of the term frequency matrix is reduced) without significantly 
affecting the quality of results obtained as we shall see in the next section. 
 
4. Experiments and Results 
 
The data we used is from a key journal in the water sciences called  “Water Resources 
Research”. We evaluated articles over 7 years, i.e., from 1990-1996. There were basically 
five major categories of water sciences research (“precipitation”, “unsaturated”, 
“groundwater”, “river-lake”, and “estuary-ocean”) amongst these articles along with 
several articles that involve a mixture of research topics. Unless otherwise stated we used 
a training set of 116 papers (roughly an equal number from each category) and a testing 
set of 233 papers to evaluate classifier performance. Of the 233 papers in our testing set 
the domain experts identified 51 papers as hard to classify (this is also borne out in our 
classification results). We report classification accuracies over the entire test dataset as 
well as over this hard subset of test papers.  We evaluated the following classifiers: 
 
1. NB0 (Naïve Bayes):  This classifier served as a baseline against which we evaluate the 
other NB variants. This is the classical approach that uses a training set of documents and 
evaluates the classifier on an independent testing set. While the overall performance of 
this classifier was not bad (81% accuracy), only 13 out of 51 papers (25% accuracy) from 
“hard” set were correctly classified.  
 
2. NB1 (Naïve Bayes with experts’ chosen keywords and weighting) 
The second classifier we evaluated is the variant described in Section 2. Instead of 
sending in the pre-labeled chosen papers as training set, we  used experts’ chosen 
keywords and associated weights to seed the classifier (see Figure 1). In this experiment, 
the memory needed for storing vocabularies (128 words) and running time is much 
smaller and more efficient than using training papers (116 pre-labeled training papers 
created more than 13,000 words).  The overall accuracy of this classifier was 87%  and 
the accuracy on the hard subset was 39% (20/51).   
 



3. NB2 (Naïve Bayes with experts’ chosen keywords without weights) 
 
Essentially the same as NB1 except that no weight was assigned to each word (Figure 1). 
The primary purpose of evaluating this classifier is to  quantify the extra benefit (if any) 
of weighting and to evaluate its importance within the context of the NB approaches . 
The results showed that the overall accuracy was around the same as the baseline (NB0) 
and the accuracy on the hard subset dropped from 39% (NB1) to 20% (10 out of 51 
papers from testing set).  This result underscores the importance of weighting on 
classification performance. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
4. NB3 (Naïve Bayes with experts’ chosen keywords with distribution weighting) 
 
In this variant we used the distribution of  the expert-provided keywords in the various 
categories to determine the weights of  the words. This variant was motivated by the fact 
that some words such as “precipitation”,  and “modeling” seemed relevant for more than 
one category but they also seemed to have largely different frequency distributions for 
different categories. The frequency of occurrence also seems to depend on the contextual 
interpretation of  these words. For instance, “precipitation”,  meaning rainfall in the  
“precipitation category”, and having a chemical connotation in the “groundwater 
category” had a greater frequency of occurrence in the “precipitation category” when 
compared with the “groundwater category”.  There was a marginal improvement in the  

 

Figure 1. Bag of words (for “groundwater” category) selected by experts. Weights 
assigned (X #) (left); no weights (right) 

groundwater 
saturated 
phreatic 
aquifer 
head 
heads 
transmissivity 
storage 
net 
pathline 
equipotential 
potentiometric 
table 
line 
piezometer 
well 
subsurface 
recharge 
discharge 
confining 
confined 
unconfined 
bed 
darcy 
darcy’s 

groundwater X 10 
saturated X 10 
phreatic X 10 
aquifer X 5 
head X 1 
heads X 1 
transmissivity X 5 
storage X 1 
net X 1 
pathline X 1 
equipotential X 1 
potentiometric X 1 
table X 1 
line X 1 
piezometer X 1 
well X1 
subsurface X 1 
recharge X 1 
discharge X 1 
confining X 1 
confined X 1 
unconfined X 1 
bed X 1 
darcy X 1 
darcy’s X 1 



classification accuracy when evaluated on the hard subset (increased from 39% (NB1) to 
41% (21 out of 51 papers from testing set)). 
 
5. PDDP1 (with experts’ chosen keywords) 
 
Experts’ chosen keywords were used to build the term frequency matrix. The PDDP tree 
was built based on this term frequency matrix. As mentioned earlier, the storage 
requirements and execution time of this algorithm is much less than the storage 
requirements and execution time of an algorithm that used all the words from the training 
set. Since this essentially a clustering algorithm we grouped the test and training data 
together and grew the PDDP tree. To compute the classification accuracy for each leaf 
cluster we looked at the labeled documents that were in that cluster and classified all the 
documents in that cluster based on the dominant class label.  The overall accuracy of this 
algorithm compares with the best of the NB approaches at around  87%. What is very 
interesting is the fact that the accuracy on the hard subset is significantly better than the 
accuracy reported by the NB approaches (57%).  The generated tree can be viewed at 
http://128.146.67.134/~fang/Tree17.html.  
 
6. PDDP2 (with all words from the training set on testing set of 223 papers) 
 
In this experiment, we used all words collected from training set (116 pre-labeled 
documents) except words like, “I”, “and”, “the”, etc.,  in order to build the term-
frequency matrix.  As can be seen here in some of the leaf nodes, the results are different 
than PDDP1; some papers clustered together in PDDP1 were not clustered together in 
PDDP2.   In this variant no supervision was required in word selection. The overall 
accuracy of this algorithm is the best of all the classifiers we evaluated  at 90%. Like 
PDDP1 the accuracy on the hard subset is significantly better than the accuracy reported 
by the NB approaches (61%).  The generated tree can be viewed at 
http://128.146.67.134/~fang/Tree18.html  
 
 
7. NB4 (Naïve Bayes with PDDP words and weighting) 
 
In this experiment, we wanted to evaluate if we could improve the performance of Naïve 
Bayes by bootstrapping information derived from running PDDP on the training data. 
Basically 12 distinctive words were chosen from the principal direction vectors of pure 
nodes in a PDDP tree generated from only the training data. A pure node is one which is 
dominated by one of the five categories.  Weights were assigned to these distinctive 
words according to their relative frequencies (already calculated by PDDP).  Using these 
bags of collected words from PDDP tree and associated weights we embedded this 
information into the Naïve Bayes classifier (as in NB1). The overall performance of the 
classifier was 85% a clear improvement on the baseline (NB0).  Its accuracy on the hard 
subset was 33% (17/51) again an improvement over NB0.  This classifier did slightly 
worse compared to NB1 but one has to remember that there was no supervision required 
in terms of providing keywords and weights associated with categories. This experiment 



highlights the fact that integrating PDDP with NB boosts performance without any 
additional supervision being required.  
 
 
 NB0 NB1 NB2 NB3 NB4 
Training 
Words 

Training set 
(116 papers) 

Expert’s 
words 
(with weights) 

Expert’s 
words 
(no weights) 

Expert’s words 
(w/dist. weight) 

PDDP words 
(w/weights) 

Accuracy 13/51 = 25% 20/51 = 39% 10/51 = 20% 21/51 = 41% 17/51 = 33% 
Testing 
set 

233 papers 233 papers 233 papers 233 papers 233 papers 

Overall 
Perform. 

82% 87% 82% 87% 85% 

 
Table 1. Summary of the Naïve Bayes classifiers.  
 
 
 PDDP1 PDDP2 
   
Words Expert’s words 

(128) 
Words from 
training set 
(13372) 

Documents 116+233 papers 116+233 papers 
Term.Freq.Matrix 349 X 128 349 X 13372 
Accuracy 29/51 = 57% 31/51 = 61% 
Overall Perform. 87%  90% 
 
Table 2. Summary of the PDDP tree Experiments. 
 
 
5. Discussion 
 
 
Tables 1 and 2 summarize the results presented in the previous section.  While the results 
presented in the previous section were over one  training and testing set, these results 
have been cross validated. Of the Naïve Bayes variants NB1 and NB3 performed the best. 
Clearly if one can embed the necessary domain knowledge (keywords and associated 
weights) classification performance improves. Note, however that our results 
(performance of  NB2) showed that just identifying keywords alone is not enough, the 
associated weights are crucial to this performance gain.  Another crucial advantage of 
NB1 and NB3 over NB0 is that these classifiers are space and time-efficient to build. 
 
However, one drawback of NB1 and NB3 is the extra supervision required to identify 
keywords and associated weights.  If either this domain knowledge is unavailable or 
difficult to quantify and characterize then the best option seems to be NB4 which requires 
no additional supervision (when compared with NB0). NB4 combines the best of both 



worlds,  it has the efficiency of NB1 and NB3, closely approximates the accuracy of NB1 
and NB3 and does not require any more supervision than NB0.  
 
In the PDDP tree experiments we evaluated the impact of using the keywords suggested 
by the domain expert to generate the word frequency matrix. We compared this against 
the baseline approach where words are collected from all root documents. In the former 
case the running time and storage requirements are reduced due to the size of the word 
frequency matrix.  While the execution times are significantly lower, the overall 
performance (classifier accuracy) is also lower when using the reduced word set. Of all 
the classifiers evaluated the classification accuracy of PDDP2 was the best at 90%. 
However, one should be sensitive to the crucial issue of scalability. As more and more 
papers are added to the problem domain, the classification efficiency of  the PDDP-based 
methods is going to deteriorate much more rapidly than the NB methods (this is true even 
for NB4 since PDDP is applied only on the training data).  Another problem with using 
the PDDP-based methods in their current form, is that after running the above experiment 
if one is to classify another paper, one has to re-run the algorithm from scratch.  Of 
course one may be able to modify the PDDP algorithm to identify which hyper-plane 
partition a paper belongs to and therefore be able to classify it. This would require some 
modifications to the existing PDDP implementation.  Because of these limitations NB4 
might still be preferred when compared with PDDP-based approaches for large scale 
text categorization problems. 
   

 
Figure 2: Screen shot of Node 32 in Tree18 (PDDP2). Use of color to highlight pure nodes. 
 
 



Since the training set was pre-labeled and the PDDP tree was generated in HTML format, 
we added a coloring scheme to the labeled data better visualize and evaluate the 
performance of the tree.  Different colors were used for different categories.  On viewing 
the resulting PDDP tree one can immediately identify the cohesive or pure nodes by the 
uniformity in color of the labeled data (Figure 2).  
 
We also evaluated the performance of the classifiers on papers that were considered to 
involve a mixture of research areas. 14 such combined-topic papers were selected and 
evaluated. The NB classifiers basically identified one of the categories but could not 
identify the paper as a mixture paper (the probabilities for the second paper was 
infinitesimal). The PDDP results were slightly better in the sense that the mixture papers 
were often categorized in nodes which involve papers from both categories. However, the 
notion of mixture is hard to capture within the PDDP context. This is certainly an area 
that needs further investigation.  
 
As part of ongoing work we are currently carrying out scalability measurements to fully 
characterize and understand the various tradeoffs between the different methods. We plan 
to incorporate these results in a future version of this document.  We are also interested in 
exploring other text categorization methods for our domain. In addition we also plan to 
explore the impact of  word associations (i.e. moving away from the Naïve Bayes  
assumption), perhaps via association rule mining [22],  on classifier performance. 
Another interesting avenue of future research that we may consider is the use of semantic 
information (say from WordNet) to improve classifier performance. 
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