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Abstract. Many studies in automated Text Categorization focus on the perfor-
mance of classifiers, with or without considering feature selection methods, but
almost as a rule taking into account just one document representation. Only rel-
atively recently did detailed studies on the impact of various document repre-
sentations step into the spotlight, showing that there may be statistically signif-
icant differences in classifier performance even among variations of the classi-
cal bag-of-words model. This paper examines the relationship between the idf
transform and several widely used feature selection methods, in the context of
Naı̈ve Bayes and Support Vector Machines classifiers, on datasets extracted from
the dmoz ontology of Web-page descriptions. The described experimental study
shows that the idf transform considerably effects the distribution of classifica-
tion performance over feature selection reduction rates, and offers an evaluation
method which permits the discovery of relationships between different document
representations and feature selection methods which is independent of absolute
differences in classification performance.

1 Introduction

Automated Text Categorization (TC) differentiated as an independent field during the
1990s, and has since then provided a benchmark for practically every known Machine
Learning technique [1]. Its applicability has also been widely acknowledged by Data
Mining (ie. Text and Web Mining), Semantic Web, Digital Libraries, Information Re-
trieval and Natural Language Processing communities. The biggest appeal of TC, from
a researcher’s point of view, is in the high number of features of textual data (high
dimensionality), even when documents are represented as a simple bag-of-words. For
these reasons, the majority of Text Categorization research was concentrated at com-
paring how various Machine Learning techniques fare in such conditions, and devising
methods for reducing the number of features without compromising classification per-
formance, using feature selection or extraction.
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Recently, several detailed studies appeared which investigate the impact of docu-
ment representations – variations of the bag-of-words model – on classification perfor-
mance. Leopold and Kindermann [2] experimented with the Support Vector Machines
(SVM) classifier using different kernels, term frequency transformations and lemmati-
zation of German. They found that lemmatization usually degraded classification per-
formance, and had the additional downside of great computational complexity, making
SVM capable of avoiding it altogether. Similar results were reported for Neural Net-
works on French [3]. Another study on the impact of document representation on one-
class SVM [4] showed that, with a careful choice of representation, classification perfor-
mance can reach 95% of the performance of SVM trained on both positive and negative
examples. Kibriya et al. [5] compared the performance of SVM and a variant of the
Naı̈ve Bayes classifier called Complement Naı̈ve Bayes (CNB) [6], emphasizing the
importance of term frequency (tf) and inverse document frequency (idf) transforma-
tions for CNB. Debole and Sebastiani [7] investigated supervised learning of feature
weights, and found that their replacement of the idf transform can in some cases lead to
significant improvement of classification performance.

Our own study [8] demonstrated that there can be statistically significant differ-
ences between document representations for every considered classifier1 with at least
one of the standard performance measures: accuracy, precision, recall, F1 and F2 (see
Section 2). The emphasis of the study was on determining the relationships between
different transformations of the bag-of-words representation, including stemming, nor-
malization of weights, tf, idf and logtf (the logarithm of 1+ tf), ie. on determining their
behavior when used in meaningful combinations. Performance of each classifier with
different document representations was measured, and representations were compared,
counting the number of statistically significant wins and losses of every representation
for each classifier. In this scheme, the subtracted value of wins–losses expresses the
“strength” of a particular representation when compared to others, in the context of a
particular classifier. Figure 1, reproduced from [8], depicts the experimentally measured
effect of the idf transform, when included in the document representation. The charts
were obtained by adding up the wins–losses values of representations which include idf,
and subtracting from that the wins–losses values of all representations not containing
the idf transform. All values were additionally summed up over 11 datasets extracted
from the dmoz Open Directory taxonomy of Web-page descriptions.

Figure 1a depicts the wins–losses differences without any kind of dimensionality
reduction, while Fig. 1b2 shows the values when only around 1000 most frequent fea-
tures are retained (from a total of 3500–4500, depending on the dataset). There is a
clear discrepancy between the effects of idf on CNB and SMO: while it degrades the
performance of CNB and improves SMO without dimensionality reduction, with di-
mensionality reduction the result was completely opposite! This struck us as counter-
intuitive – discarding least frequent features meant discarding features with a high idf

1CNB, Platt’s Sequential Minimal Optimization (SMO) method for SVM training, the Voted-
Perceptron by Freund and Schapire, Aha, Kibler and Albert’s Instance-Based variant of k-Nearest
Neighbor, and revision 8 of Quinlan’s C4.5, all implemented in WEKA.

2The IBk classifier is missing from the chart because it was completely broken by dimension-
ality reduction, for reasons similar to the breakdown of RF in Section 3.
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Fig. 1. Effects of idf applied to tf before (a) and after dimensionality reduction (b)

score, which should either have improved or degraded classification performance, but
not both. Improvement would have happened in case the less frequent features were
not discriminative (correlated with the class feature) and idf was giving them unreal-
istically high weight, while degradation would have taken place if such features were
highly discriminative (this depending on the actual datasets). Thus an interesting ques-
tion was raised: do CNB and SMO function at such different levels that they were able
to capture completely different notions of feature frequencies and weights?

Motivated by the above dilemma, this paper presents a follow-up experimental study
which concentrates on the effect that the idf transform exhibits on several commonly
used feature selection (FS) methods, and considers a wider array of reduction rates.
Since the datasets used in our previous study were rather small in order to avoid issues
of dimensionality reduction, this study uses bigger, more realistic datasets also extracted
from the dmoz taxonomy.

The reason for using dmoz instead of some other more commonly employed TC
corpora (like Reuters and OHSUMED) lies in the initial motivation for determining
the best combination of document representation, FS method and classifier for building
CatS [9]: a meta-search engine which sorts search results by automatically classify-
ing them into topics derived from the dmoz taxonomy. CatS is currently available at
http://stribog.im.ns.ac.yu/cats/.

The rest of the paper is organized as follows. The next section introduces the ex-
perimental setup: used datasets, document representations, feature selection methods
and classifiers. Section 3 describes the most interesting findings about the interactions
between document representations, feature selection methods, and reduction rates. The
last section gives some concluding remarks and guidelines for possible future work.

2 The Experimental Setup

The WEKA Machine Learning environment [10] was used as the platform for perform-
ing all experiments described in this paper. Classification performance was measured by
the standard metrics, which may be described in terms of possible outcomes of binary
classification summarized in Table 1. Accuracy is the ratio of correctly classified exam-
ples into both classes: (TP +TN )/(TP +TN +FP +FN ); precision expresses the



ratio of truly positive examples among all examples classified into the positive class:
TP /(TP +FP); recall describes the coverage of truly positive examples by the set
of all examples classified into the positive class: TP /(TP +FN ); F1 is the harmonic
mean of precision and recall: 2 ·pr · re /(pr + re); and F2 is a mean which favors recall
over precision: 5 ·pr · re /(4 ·pr + re). For the sake of brevity only F1 will be reported,
since, on one hand, it is the most widely used evaluation measure in TC literature and,
on the other, it is sufficient to illustrate all main points of the study.

Table 1. Outcomes of binary classification

Predicted class
yes no

Actual yes True Positive True Negative
class no False Positive False Negative

Datasets. The dmoz Open Directory is a large human-annotated collection of Web-page
descriptions available at http://dmoz.org, and also used by Google. Its contents can be
downloaded in RDF format, and are constantly evolving; the version from July 2, 2005
was used in our research. It has found its way into much Text and Web Mining applica-
tions [11,12,13,9], being the only freely available resource of its kind.

Initially, we restricted the domain of experimentation to 11 top level categories of
dmoz which were considered suitable for the task of sorting search results [8,9], namely
Arts, Business, Computers, Games, Health, Home, Recreation, Science, Shopping, So-
ciety and Sports. For the purposes of this study, six two-class datasets, summarized in
Table 2, were extracted from the dmoz data. The table shows the number of features
(not including the class feature) of each dataset, the total number of examples (docu-
ments), and the number of positive and negative ones. Every dataset corresponds to one
dmoz topic from which positive examples are taken, while the negative ones are chosen
in a stratified fashion from all other topics at the same level of the hierarchy, within a
common parent topic. Thus, for each of the chosen first-level categories (Arts, Comput-
ers, Sports) the negative examples are extracted from all leftover dmoz data, while for
the second-level topics (Music, Roleplaying, Physics) negative examples are restricted
to their first-level parents (Arts, Games, and Science, respectively). All texts were pre-
processed by eliminating stopwords using the standard stopword list from [14]. Since
best document representations that were determined in [8] all included stemming, the
Porter stemmer [15] was applied to every dataset.

Document Representations. Let W be the dictionary – the set of all terms (or features,
in this case words) that occur at least once in a set of documents D. The bag-of-words
representation of document dj is a vector of weights wj = (w1j , . . . , w|W |j). If wij

is taken to be the frequency of the ith term in the jth document, the representation is
referred to as the term frequency (tf) representation. Normalization can be employed
to scale the term frequencies to values between 0 and 1, accounting for differences in
the lengths of documents. The logtf transform can be applied to term frequencies, re-
placing the weights with log(1 + wij). The inverse document frequency (idf) transform



Table 2. Extracted datasets

Dataset Features Examples
Total Pos. Neg.

Arts 14144 6261 3002 3259
Computers 15152 7064 3390 3674
Sports 14784 7694 3881 3813
Arts/Music 13968 8038 4069 3969
Games/Roleplaying 12530 8948 4574 4374
Science/Physics 10558 4973 2519 2454

is expressed as: log(|D|/docfreq(D, i)), where docfreq(D, i) is the number of docu-
ments from D the ith term occurs in. It can be used by itself, or be multiplied with term
frequency to yield the popular tfidf representation.

For each dataset, two different variations of the bag-of-words representation were
generated, one just with term frequencies (tf), and the other using the tfidf represen-
tation. Normalization with regards to document length was performed in both cases,
since it was shown in [8] to be beneficial to performance of the classifiers that will be
considered in this paper.

Feature Selection. The examined feature selection methods are more-less well known
and widely used in TC: chi-square (CHI), information gain (IG), gain ratio (GR), Re-
liefF (RF) and symmetrical uncertainty (SU) [16,17,18,10]. All these methods assign a
score to every text feature based on its correlation with the class feature. CHI achieves
this using the well known χ2 measure from Statistics, while IG, GR and SU all come
from the same stream of equations originating in the notion of entropy from Informa-
tion Theory. RF is essentially different from all methods described above. It functions
at a more algorithmical level, by taking a random example from the dataset and using
its nearest neighbors (with regards to some vector distance metric) from each class to
update the relevance of every feature.

In our experiments, the performance of classification was measured on datasets con-
sisting of the top 100, 500, 1000, 3000, 5000, 7000 and 10000 features selected by each
method, and on datasets with all features. The simple feature selection method from our
previous study [8], which discards least frequent features, was not used. The reason was
simple – it was difficult to follow the same reduction rates on different datasets without
randomly discarding features with same frequencies of appearance, which would have
compromised the validity of any reached conclusion.

Classifiers. The two classifiers implemented in WEKA that were used in the study are
ComplementNaiveBayes (CNB) – a variant of the classic Naı̈ve Bayes algorithm opti-
mized for applications on text [6,5], and SMO – an implementation of Platt’s Sequential
Minimal Optimization method for training Support Vector Machines [19]. Both classi-
fiers were employed using their default parameters (with the exception of turning off
SMO’s option for normalization of data, since it was done beforehand), meaning that
SMO was used with the linear kernel, which is known to perform well on text [2].

Experiments were carried out on each dataset with a particular document representation,
FS method and number of features, and classifier, in five runs of 4-fold cross-validation.



Values of evaluation measures were compared using the corrected resampled t-test pro-
vided by WEKA, at p = 0.05, and averaged over runs and folds for further reporting.

The experiments in [8] showed that tf was the best document representation for
CNB, but logtf was the winner for SMO. Despite that fact, this study uses tf as the base-
line representation for both classifiers, in order to accurately capture the relationships
between feature selection and the idf transform, and enable a more exact comparison of
the behavior of the two classifiers.

3 Results

Figure 2 depicts the performance of CNB measured by F1 for all considered feature
selection algorithms and reduction rates, averaged over the six datasets, with the tf rep-
resentation (a) and tfidf (b). It can be seen that CHI, IG and SU feature selection meth-
ods behave practically the same, which is somewhat surprising since CHI is based on
rather different theoretical grounds. GR closely follows the three down to more radical
reduction rates of 500 and 100, where its performance drops. RF proved to be a com-
plete failure, in all probability not because of any shortcoming as a feature selection
algorithm, or unsuitability for use in textual domains. It was a consequence of WEKA’s
implementation using the Euclidian measure when calculating document vector dis-
tances for determining nearest neighbors. Not until the late phases of experimentation
did we realize that the Euclidian measure tends to deform with high numbers of fea-
tures [20]. Therefore, the bad performance of RF may be treated as an experimental
verification of this fact in the context of feature selection.
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Fig. 2. Performance of CNB measured by F1, with tf (a) and tfidf representation (b)

The described trends in the performance of FS methods were consistent over all
evaluation measures with both classifiers (except for GR exhibiting a boost in recall for
CNB at low number of features), so the following comments will generally refer to the
CHI–IG–SU trio.

Noticeable differences in the behavior of CNB in the two charts of Fig. 2 are the
more obvious dent between 3000 and 10000 features for tfidf, and the fact that CNB



performance with tfidf is scaled down several percent from tf. But, when instead look-
ing at the summed-up statistically significant wins–losses values, shown in Fig. 3, the
differences between reduction rates become more obvious3. What these charts depict
is independent of absolute classifier performance at given reduction rates – they rather
express how FS methods and reduction rates fare against one another within the realms
of a particular classifier and document representation. Peaks at 1000 selected features
and no feature selection are more clearly pronounced than in Fig. 2, as well as the dents
between 3000 and 10000.
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Fig. 3. Summed up wins–losses for F1 and CNB, with tf (a) and tfidf representation (b)

In order to express how the idf transform effects the behavior of the CNB classi-
fier in conjunction with feature selection, the chart in Fig. 4a shows the wins–losses
for tf (Fig. 3a) subtracted from the wins-losses for the tfidf representation (Fig. 3b).
It can be seen that idf degrades the performance of CNB at higher numbers of fea-
tures, while improving it in the 100–3000 range. Note that this is relative improve-
ment/degradation – the performance of a FS method at a particular reduction rate is
expressed only through comparison with its peers within the same document represen-
tation and classifier. Therefore, the 100–3000 range can only be viewed as the place
to expect improvement when introducing the idf transform to the document representa-
tion. Whether improvement will actually take place is up to the datasets and classifiers
– in our studies the tfidf representation proved inferior almost as a rule, but that may not
always be the case [5,2]. Using wins–losses instead of values of performance measures
effectively avoided the issue of scale when comparing feature selection methods on dif-
ferent document representations, sacrificing information about absolute performance to
express the relationships between document representations and feature selection.

Figure 4b shows the corresponding graph of wins–losses differences introduced by
idf for the SMO classifier. Contrary to the the chart for CNB, this chart points to two
possible areas of idf performance improvement: one at higher numbers of features, ap-

3The wins–losses axes ranges from−210 to 210: this is six datasets times 35 – the maximum
number of wins (and losses) for a FS method at a particular number of features, out of a total of
5 methods · 7 reduction rates + 1 = 36.
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Fig. 4. Effect of idf on F1 wins–losses for CNB (a) and SMO (b)

proximately above the 8000 mark, and one in the lower feature counts below 800. This
shows that the idf transform effects the two classifiers differently regarding FS reduc-
tion rates, and explains the discrepancy noticed in Section 1. With no feature selection
idf degrades CNB and improves SMO, while at 2000–3000 selected features4 the ef-
fect is opposite. What makes the correspondence with our previous study [8] even more
remarkable is the fact that different datasets, and even feature selection methods were
used, thus supporting the validity of the approach.

However, the general shape of the curves for CNB and SMO in Fig. 4 (regarding
the CHI–IG–SU trio) is quite similar, except for the drop of the CNB curve below the
500 feature mark. This may as well be followed by a corresponding drop for SMO at a
lower number of features which was not measured. These observations indicate that the
CNB and SMO classifiers may not behave in such opposing fashion with regards to the
idf transform as was suggested, since the curves are not exactly contrary to one another.

As a side observation, we were struck by the fact that the wins–losses differences
charts for the F1 measure (Fig. 4) and accuracy (figure not shown) are practically iden-
tical. Accuracy is an old measure for evaluating Machine Learning techniques which is
considered to be very sound, but is seldom used in textual domains since it does not be-
have well in situations with highly imbalanced class distributions. On the other hand, F1

is known to handle imbalanced class distributions well, and it has shown behavior prac-
tically identical to that of accuracy on our datasets which do not exhibit class imbalance.
To appreciate the correlation between accuracy and F1 better, consider the wins–losses
differences charts for precision and recall (the two measures which comprise F1) on
CNB in Fig. 5, and the CNB chart for F1, in Fig. 4a.

4 Conclusion

The intuition introduced in Section 1, that there may be significant interactions between
the idf transform in the bag-of-words document representation, and feature selection,

4This roughly corresponds to 1000 features from the previous batch of experiments since
those datasets had a considerably lower number of features.
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Fig. 5. The effect of idf on precision (a) and recall wins–losses (b) for CNB

has been verified by the presented experimental study. The study concentrated on de-
scribing the interaction in the context of two commonly used classifiers for text: Naı̈ve
Bayes and Support Vector Machines. By examining wins–losses and their differences,
instead of absolute values given by the F1 evaluation measure, the experiments were
able to quantify this interaction, making comparisons between the behaviors of clas-
sifiers with regard to the interaction possible. Thus the study concluded that the two
examined classifiers behaved in different, but not entirely opposing ways.

Another possibility opened by the quantification of interaction between document
representation and feature selection is the comparison of the behavior of datasets. One
interesting direction of future work would certainly be to extend the experiments to cor-
pora more commonly used in TC research, like Reuters, OHSUMED, WebKB, 20News-
groups and the like, which would enable drawing some additional parallels with existing
experimental and theoretical results.

Other basic bag-of-words transforms beside idf, like stemming, normalization and
logtf, could also benefit from similar experimental treatment, although they appear not
to be so strongly correlated with feature selection as idf (according to the evidence
from [8]). But, it would be interesting to examine the behavior of supervised feature
weighing schemes introduced by Debole and Sebastiani [7], which, unlike idf, do at-
tempt to weigh text features in correspondence to the class feature. Intuitively, such
transforms should generate wins–losses difference charts that are much more placid
and closer to 0 than the ones in Fig. 4. Finally, the proposed method can be used in the
context of more advanced document representation schemes, including n-grams [17],
information derived from hyperlinks, and elements of document structure [11].

With the rapid expanse of research and applications of classification algorithms in
the 1990s, the field of document representations was left somewhat under-studied. Re-
cent papers focusing on issues of document representation [2,3,4,5,7,8] showed that
some of the “old truths” (e.g. “tfidf is the best variant of the bag-of-words representa-
tion”) may not always hold for new and improved algorithms. Further understanding of
the relationships between document representation, feature selection, and classification
algorithms can provide useful insights to both researchers and practitioners, assisting
them in choosing the right tools and methods for their classification-related tasks.
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