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Abstract

Feature Filtering is an approach that is widely used
for dimensionality reduction in text categorization.
In this approach feature scoring methods are used to
evaluate features leading to selection. Thresholding
is then applied to select the highest scoring features
either locally or globally. In this paper, we investi-
gate several local and global feature selection meth-
ods. The usage of Standard Deviation (STD) and
Maximum Deviation (MD) as globalization schemes
is suggested. This work provides a comparative study
among fourteen thresholding techniques using differ-
ent scoring methods and benchmark datasets of di-
verse nature. This includes investigation of normaliz-
ing feature scores before combining them in the global
pool. The results suggest that normalized MD out-
performs other methods in thresholding Document
Frequency (DF) scores using even and moderate di-
verse data-sets. Furthermore, the results indicated
that normalizing feature scores improves the perfor-
mance of rare categories and balances the bias of some
techniques to frequent categories.

Keywords:{Text Categorization, Thresholding
Techniques, Dimensionality Reduction, Feature Fil-
tering, Support Vector Machine}

1 Introduction

Text Categorization (TC) is the process of assigning
a given text to one or more categories. This pro-
cess is considered as a supervised classification tech-
nique, since a set of labeled (pre-classified) documents
is provided as a training set. The goal of TC is to as-
sign a label to a new, unseen, document(Yang 1995).
TC can play an important role in a wide variety
of areas such as information retrieval(Freitas-Junior,
Ribeiro-Neto, Vale, Laender & Lima 2006), news
recommendation(Antonellis, Bouras & Poulopoulos
2006), word sense disambiguation(Montoyo, Suarez,
Rigau & Palomar 2005), topic detection and
tracking(Tsay, Shih & Wu 2005), web pages
classification(Yang, Slattery & Ghani 2002, Shen,
Sun, Yang & Chen 2006), as well as any application
requiring document organization.

Text categorization can be divided into four major
stages:

1. Document pre-processing where words are
extracted from the documents and presented in
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a form of bag of words (BOW)(Salton, Wong &
Yang 1975). Song et al. showed that perform-
ing stop word removal and stemming during the
pre-processing step may harm the performance
a little bit but it has a great effect on reduc-
ing the feature space significantly(Song, Liu &
Yang 2005).

2. Dimensionality reduction (DR): is per-
formed using either feature extraction or fea-
ture selection approaches(Sebastiani 2002). In
feature extraction, new features are gener-
ated based on complex methods such as la-
tent Semantic Indexing (LSI)(Wiener, Peder-
sen & Weigend 1995), Independent Component
Analysis(Kolenda, Hansen & Sigurdsson 2000),
and word clustering(Cohen & Singer 1999). On
the other hand, the feature selection approach
is based on selecting high-relevance features
by either filtering irrelevance features(Yang &
Pedersen 1997) or wrapping the features around
the classifier used(Kohavi & John 1997).

3. Feature Weighting where the selected fea-
tures are weighted by commonly using term
frequency inverse document frequency (tfidf)
technique(Sebastiani 2002) where tf measures
the importance of the term within the document
and idf measures the general importance of the
term(Salton & Buckley 1988). In order to handle
the diversity in document lengths, normalization
of the tfidf measure could be performed which
has proved to lead to a significant improvement
in the performance(Song et al. 2005).

4. Classification: The weighted feature set is used
to learn how to distinguish among the different
document categories. Several supervised classi-
fiers have been used in TC. Among them are De-
cision trees(Johnson, Oles, Zhang & Goetz 2002),
K-nearest neighbors(Bang, Yang & Yang 2006) ,
Naive Bayes(Peng, Schuurmans & Wang 2004),
Neural Network(Chen, Lee & Hwang 2005),
Maximum Entropy(Kazama & Tsujii 2005), and
Support Vector Machine(SVM)(Dı́az, Ranilla,
Montañes, Fernández & Combarro 2004). SVM
has been shown to be among the best performing
classifiers in TC applications(Joachims 1998, Du-
mais, Platt, Heckerman & Sahami 1998, Yang
1999, Yang, Zhang & Kisiel 2003, Li & Yang
2003, Debole & Sebastiani 2005).

DR is one of the most important challenges in
TC. This reduction is necessary to avoid overfitting,
as well as decreasing the computational resources,
storage , and the memory required to manage these
features(Sebastiani 2002, Guyon & Elisseeff 2003).
This study concentrates on the filter approach of
DR due to its simplicity compared to the other
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approach(Blum & Langley 1997, Combarro, Mon-
tanes, Diaz, Ranilla & Mones 2005). Filtering fea-
tures is performed first by applying feature scoring
methods locally to each category in the training set in
order to evaluate features. This is followed by thresh-
olding, which is performed either locally, or globally
to select the features that have the highest feature
scores(Debole & Sebastiani 2005).

This work proposes new techniques for threshold-
ing feature scores in order to address some shortcom-
ings in the existing techniques. In addition, few stud-
ies have been conducted to compare the performance
of different thresholding techniques. In order to eval-
uate the proposed thresholding techniques, a com-
parative study is conducted among these techniques
and the existing state-of-art thresholding techniques.
Since the performance of the thresholding techniques
is highly affected by the feature scoring method used,
the comparative study is performed using four high-
performing feature scoring methods and different
thresholding values. These feature scoring methods
are the Document Frequency(DF)(Yang & Pedersen
1997), Information Gain(IG)(Sebastiani 2002), Mu-
tual Information(MI)(Yang & Pedersen 1997), and
Correlation Coefficient(CC)(Ng, Goh & Low 1997).
These methods have been widely used, and have
shown to be among the top performing methods(Yang
& Pedersen 1997, Sebastiani 2002). It might be
worth noting that CC is a modification of χ2 and
has been shown to outperform it in the literature(Ng
et al. 1997, Ruiz & Srinivasan 2002). The follow-
ing sections elaborate together to show the ratio-
nal beyond the new thresholding methods as well as
their performance evaluation using different bench-
mark data-sets.

2 Thresholding Policies for Feature Filtering

Thresholding is an important issue in performing fea-
ture selection using the filter approach. After apply-
ing feature scoring methods to each category, thresh-
olding is performed to select the final set of features
that represents the training set. Selection is done ac-
cording to either (a) a local policy, or (b) a global
policy. In the local policy, thresholding is applied lo-
cally on each category to compose the final represen-
tative feature set(Dı́az et al. 2004). While a global-
ization scheme is performed to extract a single global
score for features in the global policy. Then, features
with the highest global scores are selected(Yang &
Pedersen 1997). Figure 1 illustrates the difference
between local and global thresholding policies.

2.1 The local policy

Several researchers have suggested usage of a local
policy, where a different set of features is chosen from
each category independent on other categories. The
local policy tends to optimize the classification pro-
cess for each category by selecting the most relevant
features in that category.

Local selection policy was used by(Apté, Damerau
& Weiss 1994) where a local dictionary of the most
important words in each topic was used. They then
selected from each category the words that matched
the category dictionary. However, using local dic-
tionaries suffers from being a domain-dependent and
language-dependent approach. Alternatively, Lewis
and Ringuette selected the top IG features from each
category(Lewis & Ringuette 1994). On the other
hand, an implementation to local feature extraction
was proposed by(Wiener et al. 1995) where they ap-
plied LSI on each category separately. An extension
to the usage of the local strategy was presented by(Ng

(a) Fixed Local thresholding

(b) Global thresholding

Figure 1: Local and Global Thresholding
et al. 1997) where they applied this policy to three
feature scoring methods, namely DF, CC, and χ2.

The previous approaches select the same number
of features from each category. In this work we re-
fer to this policy as the fixed local approach (FLo-
cal). On the other hand, Soucy and Mineau(Soucy
& Mineau 2003), proposed selecting features in pro-
portion to the category distribution, or what can be
considered a weighted local approach (WLocal). The
rational behind this approach is that in highly-skewed
datasets the ratio among words of frequent and infre-
quent categories maybe very large. Hence, selecting
the same number of features from both distributions
may degrade the performance.

In (Forman 2004), Forman proposed a similar idea
to fixed local thresholding, which he called round-
robin. In this approach features are selected from
each class in a round-robin manner. Additionally,
Forman proposed another idea for local thresholding
called rand-robin. In this method, the next class to
select features from is determined randomly by a pro-
cess that is controlled by the probability of the class
distribution. This seems very similar to the idea of
WLocal. However, one drawback of rand-robin is that
in highly-skewed datasets it might not select any doc-
ument from rare-categories. This is due to its random
nature in selection, which depends on the category
probability.

2.2 The global policy

As an alternative to the local policy, the global pol-
icy aims at providing a global view of the training set
by extracting a global score from local feature scores.
Thresholding is then applied to these global scores,
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where features with the highest global score are re-
tained. Yang and Pedersen(Yang & Pedersen 1997)
used Maximization (Max) and Weighted Averaging
(WAvg) for extracting global scores from χ2 and
MI. Additionally, they used Averaging (Avg) for
DF and IG. Calvo and Ceccatto proposed the us-
age of Weighted Maximum (WMax), where features
are weighted by the category probability(Calvo &
Ceccatto 2000). Equations 1, 2, 3, and 4 provide the
mathematical definitions of Avg, Max, WAvg, and
WMax respectively.

FAvg(wk) =
∑M

i=1 f(wk, ci)
M

(1)

FMax(wk) = Mmax
i=1

{f(wk, ci)} (2)

where f(wk, ci) is the score of the word wk w.r.t. the
category ci, and M is number of categories in the
training set.

FWAvg(wk) =
∑M

i=1 p(ci)f(wk, ci)
M

(3)

FWMax(wk) = Mmax
i=1

{p(ci)f(wk, ci)} . (4)

2.3 Proposed Thresholding techniques

Feature scoring methods such as the DF, have an in-
herent biased to frequent categories. Similarly global
techniques such as the Max or Avg tends to select
features that are biased to frequent categories. More-
over, weighting the feature scores based on the cat-
egory probability increases this bias and is excepted
to degrade the performance mainly in the classifica-
tion of rare categories. These rare categories may
have high importance and their number maybe large
especially in highly skewed datasets. Alternatively,
we propose normalizing feature scores before apply-
ing the globalization scheme in order to enhance the
classification process of rare categories and balance
the bias of feature scoring methods such as DF. Ac-
cordingly, Normalized Average (NAvg), and Normal-
ized Maximization (NMax) are defined as shown in
equations 5, and 6 respectively:

FNAvg(wk) =

∑M
i=1

f(wk,ci)
p(ci)

M
(5)

FNMax(wk) = Mmax
i=1

f(wk, ci)
p(ci)

. (6)

However, an interesting question that arises is how
to define a good feature. It is usually assumed to be
the feature that has the maximum or the maximum
average score in the training set. As a matter of fact,
when using a feature scoring method such as DF,
this definition is rendered inappropriate. Based on
this definition, the features that exist in all categories
with the same DF will be considered as good features.
However, a good feature is the one that has a score
in one category that is substantially different from its
score in all other categories. In order to identify such
features, we propose the usage of the Standard De-
viation (STD) as a globalization scheme. STD gives
an estimated measure of how diverse the data is from
the mean. Although intuitively the STD should cap-
ture good features, as opposed to the Max and Avg,
it has its shortcomings. To illustrate this, suppose
that a certain feature w1 occurs in only one category
with DF= x while another feature w2 occurs in two
categories with the same DF=x. According to the
definition of a good feature w1 should be considered
better than w2. When using DF as a scoring method,
the mean of w2 will be higher than the mean of w1.
Accordingly, the STD of w2 will be greater than the

STD of w1 since the scores of w2 will be more diverse
from its mean. In order to overcome this pitfall, we
propose the Maximum Deviation (MD) as a global-
ization scheme. Contrary to the STD, MD gives an
estimation of how diverse is the data from the Max
which makes it closer to realize the definition of a
good feature compared to the STD. Equations 7, and
8 show the mathematical definitions of the STD, and
MD respectively.

FSTD(wk) =

√∑M
i=1 [f(wk, ci)− fAvg(wk)]2

M
. (7)

FMD(wk) =

√∑M
i=1 [f(wk, ci)− fMax(wk)]2

M
. (8)

Accordingly, Weighted STD (WSTD), Normalized
STD (NSTD), Weighted MD (WMD), and Normal-
ized MD (NMD) could be systematically defined.

2.4 Comparative studies of Thresholding
Techniques

Table 1 provides a summary of different studies
conducted to evaluate the performance of current
thresholding techniques. The comparisons among
the Max and WAvg performed by(Yang & Pedersen
1997, Galavotti et al. 2000) indicated that using the
Max is better than WAvg. However, the two mea-
sures used in these experiments, MicroF1 and 11-
averaging point, are mainly affected by the perfor-
mance of frequent categories especially in a highly
skewed dataset such as Reuters-21578. The study
performed by(Calvo & Ceccatto 2000) took MacroF1
into consideration which is a measure of the per-
formance of rare categories. However, the conclu-
sion of this study contradicted the results of(Yang
& Pedersen 1997, Galavotti et al. 2000) in MicroF1
despite using the same dataset.

While the previous three studies used only Reuters
dataset in the evaluation, Soucy and Mineau(Soucy
& Mineau 2003) used four different datasets and four
feature scoring methods. However, they reported only
the best performance achieved for each dataset re-
gardless of the feature scoring method and thresh-
old value used. Additionally, the evaluation mea-
sure used in this study, MicroF1 , does not gener-
ally affected by the performance of rare categories.
The study of(Forman 2004) was conducted using dif-
ferent small threshold values and nineteen different
datasets. However, the results reported were only the
average performance of the experiments conduct on
these datasets. Both studies however fall short of pre-
senting the complete picture required to determine
the most suitable thresholding techniques for differ-
ent datasets. Dı́az et. al.(Dı́az et al. 2004) presented
a comparison between FLocal and Avg. Although
this study didn’t evaluate the WLocal or even the
traditional Max, however, it supported the results
of(Soucy & Mineau 2003, Forman 2004) that local
thresholding maybe better than global thresholding.

In order to avoid the pitfalls of these studies, in
this work we present a comparative study among the
proposed thresholding techniques and the existing six
techniques. This study is conducted using different
threshold values, different feature scoring methods,
and datasets of diverse natures. The results of this
study are reported using MicroF1 and MacroF1 in
order to evaluate the performance of frequent and rare
categories.
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Table 1: A Summary of Comparative Studies among Thresholding Techniques

Scoring Methods Datasets Conclusions
Yang IG, χ2 Reuters-21578 11-average point:
and Pedersen(Yang & Pedersen 1997) Max > WAvg
Galavotti et. al.(Galavotti, Sebastiani & Simi 2000) Simplified χ2 Reuters-21578 MicroF1:

Max > WAvg
Calvo and Ceccatto(Calvo & Ceccatto 2000) χ2 Reuters-21578 MicroF1:

WAvg, WMax > Max
MacroF1:
Max,WAvg > WMax

Soucy and Mineau(Soucy & Mineau 2003) IG, DF Reuters-21578 MicroF1:
χ2, lingSpam, DigiTrad, FLocal > WLocal > Max
Cross Entropy Ohsumed

Forman(Forman 2004) IG, χ2 19 datasets IG (MacroF1):
FLocal > WLocal > Max > Avg
χ2 (MacroF1):
FLocal > Max > Avg > WLocal

Dı́az et al.(Dı́az et al. 2004) IG, tf Reuters-21578, Recall and Precision:
, tfidf Ohsumed FLocal > Avg

3 Experimental Setup

Three different data-sets were used in this study, they
are the 20 Newsgroups Collection (20NG)1(Joachims
1997), Ohsumed data-set2 (Joachims 1998, Combarro
et al. 2005), and Reuters-21578 ModeApté split3
(Reuters(90))(Joachims 1998). For the Ohsumed
dataset, the first 20,000 documents with abstracts
published in 1991 were considered which resulted in
23 categories. The first 10,000 have been used as
training set and the rest as test set.

While 20NG is an evenly distributed data-set,
Ohsumed data-set can be considered as a moderate
diverse data-set. Ohsumed has 23 categories where
the largest category has about 1800 document and the
smallest one has 65 documents. On the other hand,
Reuters (90) can be considered as a highly diverse
dataset as it has about 30 categories whose number
of documents is below 10.

The F1 measure is used as an effective measure.
F1 was first proposed as a measure of effectiveness in
TC by Lewis(Lewis & Ringuette 1994). MicroF1 and
MacroF1 tests are two measures based on F1. The
MacroF1 test equally weights all categories, and thus
it is influenced by the performance of rare categories.
On the other hand, MicroF1 test equally weights all
the documents, and therefore it is affected by the per-
formance of frequent categories(Yang 1999).

4 Results

The study compares the performance of six fea-
ture thresholding techniques, namely Averaging
(Avg), Maximization (Max), Fixed Local (FLocal),
Weighted Local (WLocal) in addition to our pro-
posed techniques Standard Deviation (STD), and
Maximum Deviation (MD). The globalization tech-
niques are evaluated using the original, weighted,
and normalized scores. This amounts to fourteen
thresholding methods evaluated using four feature
scoring methods. In this study we apply classifi-
cation using the SV M light(Joachims 1999)4. The
experimental results are evaluated using 20 news
group (20NG), Ohsumed, and Reuters-21578 Mod-
eAptè (Reuters(90)) data-sets. In the following, we
will focus on the evaluation of the thresholding tech-
niques for each data-set separately.

1The 20 Newsgroups and the bydate split can be found at
http://people.csail.mit.edu/people/jrennie/20Newsgroups

2Ohsumed is available http://trec.nist.gov/data/t9 filtering/.
3Reuters-21578 is available at

http://www.daviddlewis.com/resources/testcollections/reuters21578/.
4SV M light is publicly published at

http://svmlight.joachims.org.

4.1 20NG Data-set

Since the 20NG dataset is an evenly distributed data-
set, the MicroF1 and MacroF1 values match. There-
fore, only the results of MicroF1 are reported in Fig-
ure 2. Additionally, due to the equal distribution
of categories in the data-set, weighting or normaliz-
ing feature scores will not be of value since all the
categories have the same probability. Therefore, the
evaluated thresholding techniques on this data-set are
limited to only the Avg, Max, STD, MD and FLocal.
The following observations can be seen from the re-
sults:
• The results show that the MD has a limited im-

provement when using DF as a scoring method,
especially noticeable at low threshold values. On
the hand, FLocal has the best performance com-
pared to the remaining methods.

• Generally, the Max, and MD exhibit an almost
identical performance in feature scoring methods
except DF. As a matter of fact, the correlation
between the feature sets they produce show a
high similarity, generally above 90%. This is due
to the fact that these scoring methods take into
account the relevance of the feature in the cate-
gory under investigation and other categories in
the training set. Therefore, using either the Max,
or MD tends to attain nearly the same set of fea-
tures. This is an expected result since these scor-
ing methods follow from the rational of a good
feature.

• Generally, FLocal shows a performance superior
to the Max and MD in thresholding feature scor-
ing methods except DF. This is due to the di-
versity in the number of good features from one
category to the other. Therefore, globalization
schemes such as the Max, or MD tend to be bi-
ased to certain categories in accordance to the
number of good features they include. On the
other hand, FLocal is an unbiased technique that
forces the selection of the same number of fea-
tures from all the categories.

• The MD is usually slightly better than the STD
which shows the potential of MD to capture dis-
criminative features.

• The Avg thresholding technique exhibits the
worst performance since it sums the scores of the
features across categories and hence it tends to
select non-discriminative features.

4.2 Ohsumed Data-set

Tables 2, and 3 show the performance of MicroF1,
and MacroF1 for the Ohsumed data-set respectively.
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Figure 2: MicroF1 of the 20NG using Thresholding Techniques (a) CC, (b) DF, (c) IG, and (d) MI
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Analyzing these results we can make the following
observations:

• NMD achieves the best MicroF1 and MacroF1
in thresholding DF scores.

• For CC, MI, and IG, FLocal has the best perfor-
mance for MacroF1. On the other hand, WLocal
is better than FLocal considering the MicroF1
and small threshold values. However, starting at
a certain threshold, the performance of FLocal
almost matches that of WLocal. This threshold
differs from one scoring method to the other.

• Consistent with the results from the 20NG, the
MD and Max show a high degree of similarity in
performance when thresholding the CC, IG, and
MI.

• The poor performance of the Avg in threshold-
ing DF scores is not surprising. Selecting the
highest average DF features at small threshold
values tends to retain the features that exist in
all categories. These features are not useful to
discriminate among categories.

• Generally, weighting the scores performs poorly
compared to both the original and normalized
scores. On the other hand, normalizing scores is
better than using the original score at the macro
level, since it adds bias to rare categories.

4.3 Reuters(90) Data-set

Figures 3, and 4 illustrate the performance of
MicroF1, and MacroF1 for the Reuters (90) dataset
respectively. Due to space limitations, we reduced the
figure to include only the best six thresholding tech-
niques(MD, Max, NMD, NMax, FLocal and WLocal).
The analysis of the performance of these techniques
yields the following observations:

• The performance of NMD and NMax is very
poor specially for small threshold values. Since
Reuters(90) is a highly skewed dataset, normaliz-
ing scores will be highly biased to rare categories
at small threshold values.

• At the micro level, MD, Max, FLocal, and WLo-
cal have similar performance with a limited supe-
riority of WLocal at small threshold values due
to the added bias to frequent categories.

• At the macro level, one can conclude that the
WLocal is the best method in thresholding IG
and MI at threshold values greater than 1%. It
is surprising to observe that the WLocal is gen-
erally better than the FLocal on the macro level.
This is despite the fact that the FLocal allows the
selection of more features from rare categories.
Examining the F1 of individual categories shows
that FLocal in fact slightly enhances the per-
formance of rare categories. However, WLocal
enhances the performance of frequent categories
significantly as it selects more features due to
the highly skewed nature of Reuters(90). Since
MacroF1 , as mentioned in section ??, gives the
same weight to all categories , the WLocal is gen-
erally better than the FLocal in thresholding IG
and MI.

• On the other hand, FLocal is the best method
considering the CC and DF for threshold values
less than 7.5%. Beyond this threshold, WLocal
outperforms FLocal. Using WLocal in thresh-
olding CC and DF scores in small threshold val-
ues leads to a selection of a very small number

of features from rare categories. If the scoring
method used is not in itself a high-performing
scheme, then adding these limited number of se-
lected features will not be enough to discriminate
rare categories. This argument is asserted by ex-
amining the F1 of individual categories.

5 Conclusions

In this study we propose performing global feature
selection using the Standard Deviation (STD) and
Maximum Deviation (MD). In order to balance the
bias of some scoring features to frequent categories,
we suggest normalizing feature scores before apply-
ing the globalization scheme. We conducted a com-
parative study using our new techniques and state-
of-art thresholding techniques. The study was per-
formed using four feature scoring methods and vari-
ous datasets of different nature.

Generally, localization techniques are better than
globalization methods, which supports the results ob-
tained by(Soucy & Mineau 2003, Dı́az et al. 2004,
Forman 2004). Additionally, localization techniques
are much faster since thresholding is done on each
category individually as opposed to the whole train-
ing set. Furthermore, there might be a possibility
to perform thresholding on local categories indepen-
dently in parallel, which may help speedup the pro-
cess of dimensionality reduction. With the exception
of the DF scoring method, FLocal is the best thresh-
olding method in even distributed data-set and gen-
erally moderate diverse data-set. On the other hand,
WLocal is the best in the MicroF1 and some cases of
the MacroF1 of highly diverse data-set. Furthermore,
WLocal achieves a performance that is either better
than or equivalent to that of FLocal in the MicroF1
of moderate diverse data-set.

MD shows an enhancement in the performance of
thresholding using the DF as a scoring method in an
even data-set. Normalized MD shows also potential
in improvement the performance of moderate diverse
data-set and large threshold values of highly diverse
data-set. However, MD has a performance similar to
the Max in all other feature scoring methods.

Generally, the MD outperforms STD in most
cases. This supports that MD is more efficient in
identifying good features. On the other hand, the
Avg shows a poor performance comparable to other
thresholding techniques. This is in consistent with
the results of (Yang & Pedersen 1997, Galavotti
et al. 2000).

Normalizing the features scores before applying
the globalization method shows also an enhancement
in the MacroF1 of moderate diverse data-set. How-
ever, when using IG and MI in highly-skewed data-
sets, the performance does not match that of the orig-
inal unmodified score.

As a general conclusion, the results suggest the us-
age of MD in an even distributed data-set and NMD
for a moderate diverse data-set for thresholding DF
scores. For methods except DF, the results recom-
mend FLocal for even data-set. Furthermore, WLocal
should be used in moderate diverse data-set in case
that frequent categories are more important and the
number of desired features is small. Otherwise, FLo-
cal is recommended. However for a highly skewed
data-set, WLocal is recommended for IG and MI as
it generally enhances the classification of both fre-
quent and rare categories. Additionally, WLocal is
suggested for CC and DF if frequent categories are
more important while FLocal is recommended for rare
ones.
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Table 2: MicroF1 of the Ohsumed data-set

Avg MD Max STD Local
% Metric Avg WAvg NAvg MD WMD NMD Max WMax NMax STD WSTD NSTD Flocal WLocal
0.5

CC

0.193 0.248 0.150 0.375 0.299 0.366 0.377 0.299 0.365 0.356 0.311 0.347 0.380 0.413

1 0.277 0.289 0.242 0.444 0.356 0.416 0.455 0.354 0.424 0.420 0.407 0.411 0.447 0.457

1.5 0.328 0.326 0.298 0.488 0.420 0.460 0.487 0.406 0.453 0.456 0.445 0.438 0.490 0.505

2.5 0.441 0.392 0.358 0.530 0.472 0.528 0.537 0.472 0.534 0.509 0.488 0.504 0.542 0.546

5 0.511 0.448 0.456 0.571 0.546 0.574 0.573 0.539 0.579 0.559 0.543 0.558 0.584 0.585

7.5 0.552 0.484 0.503 0.587 0.568 0.589 0.589 0.569 0.596 0.581 0.569 0.581 0.601 0.596
10 0.567 0.514 0.527 0.596 0.580 0.600 0.599 0.589 0.603 0.592 0.583 0.595 0.604 0.602

0.5

DF

0.000 0.062 0.000 0.349 0.251 0.423 0.277 0.243 0.381 0.298 0.255 0.391 0.385 0.395
1 0.141 0.177 0.089 0.389 0.293 0.486 0.378 0.293 0.444 0.379 0.315 0.458 0.455 0.430

1.5 0.370 0.356 0.384 0.431 0.324 0.507 0.402 0.334 0.491 0.406 0.329 0.498 0.485 0.477
2.5 0.370 0.356 0.384 0.494 0.401 0.548 0.486 0.401 0.526 0.481 0.418 0.529 0.527 0.516
5 0.485 0.471 0.475 0.544 0.513 0.591 0.544 0.515 0.574 0.541 0.510 0.576 0.573 0.557

7.5 0.534 0.520 0.534 0.575 0.541 0.604 0.576 0.541 0.596 0.574 0.538 0.591 0.597 0.576
10 0.553 0.547 0.556 0.592 0.561 0.605 0.589 0.559 0.600 0.585 0.565 0.601 0.601 0.586
0.5

IG

0.480 0.445 0.432 0.493 0.445 0.441 0.493 0.445 0.441 0.491 0.444 0.438 0.486 0.505

1 0.520 0.495 0.493 0.537 0.504 0.501 0.535 0.504 0.501 0.530 0.504 0.500 0.532 0.553

1.5 0.545 0.533 0.529 0.562 0.531 0.524 0.562 0.531 0.525 0.558 0.533 0.529 0.567 0.578

2.5 0.580 0.553 0.563 0.598 0.565 0.560 0.596 0.566 0.561 0.603 0.566 0.566 0.605 0.603

5 0.606 0.590 0.595 0.628 0.593 0.592 0.627 0.592 0.608 0.625 0.598 0.601 0.629 0.628

7.5 0.610 0.603 0.600 0.633 0.612 0.615 0.633 0.612 0.617 0.629 0.613 0.619 0.635 0.630

10 0.611 0.606 0.607 0.633 0.620 0.622 0.632 0.620 0.624 0.633 0.622 0.625 0.636 0.632

0.5

MI

0.470 0.400 0.274 0.483 0.400 0.435 0.484 0.399 0.436 0.470 0.404 0.431 0.475 0.495

1 0.520 0.459 0.410 0.525 0.476 0.490 0.523 0.478 0.491 0.514 0.474 0.488 0.518 0.535

1.5 0.551 0.489 0.469 0.543 0.504 0.518 0.543 0.503 0.518 0.536 0.498 0.511 0.562 0.563

2.5 0.587 0.536 0.524 0.582 0.537 0.551 0.585 0.539 0.555 0.568 0.531 0.565 0.595 0.592

5 0.616 0.583 0.591 0.610 0.573 0.604 0.610 0.577 0.608 0.602 0.571 0.600 0.620 0.617

7.5 0.624 0.603 0.610 0.617 0.592 0.611 0.616 0.595 0.614 0.611 0.592 0.609 0.621 0.621

10 0.625 0.608 0.610 0.620 0.604 0.614 0.622 0.607 0.616 0.612 0.598 0.610 0.623 0.618

Table 3: MacroF1 of the Ohsumed data-set

Avg MD Max STD Local
% Metric Avg WAvg NAvg MD WMD NMD Max WMax NMax STD WSTD NSTD Flocal WLocal
0.5

CC

0.108 0.083 0.145 0.195 0.093 0.269 0.198 0.093 0.274 0.176 0.119 0.203 0.273 0.273

1 0.154 0.099 0.225 0.289 0.162 0.326 0.295 0.154 0.339 0.239 0.216 0.265 0.362 0.316
1.5 0.202 0.127 0.285 0.329 0.226 0.372 0.333 0.202 0.369 0.275 0.246 0.318 0.395 0.365
2.5 0.304 0.185 0.331 0.381 0.291 0.427 0.391 0.272 0.434 0.333 0.289 0.396 0.444 0.407
5 0.391 0.246 0.422 0.429 0.375 0.482 0.429 0.353 0.488 0.417 0.366 0.470 0.499 0.465

7.5 0.439 0.302 0.463 0.464 0.409 0.498 0.467 0.415 0.506 0.451 0.414 0.491 0.517 0.482
10 0.455 0.341 0.480 0.473 0.440 0.517 0.481 0.449 0.519 0.479 0.438 0.503 0.521 0.497
0.5

DF

0.000 0.018 0.000 0.160 0.067 0.332 0.084 0.065 0.242 0.112 0.067 0.254 0.272 0.230
1 0.041 0.049 0.023 0.205 0.098 0.393 0.197 0.097 0.344 0.199 0.118 0.353 0.359 0.274

1.5 0.109 0.095 0.098 0.238 0.127 0.422 0.214 0.135 0.387 0.220 0.130 0.396 0.392 0.332
2.5 0.185 0.159 0.208 0.304 0.196 0.462 0.300 0.196 0.430 0.295 0.218 0.427 0.440 0.389
5 0.310 0.276 0.320 0.379 0.336 0.511 0.379 0.336 0.488 0.375 0.331 0.485 0.490 0.435

7.5 0.374 0.349 0.401 0.440 0.386 0.524 0.441 0.386 0.510 0.436 0.368 0.503 0.514 0.460
10 0.405 0.390 0.442 0.470 0.416 0.521 0.466 0.412 0.514 0.462 0.412 0.514 0.518 0.477
0.5

IG

0.310 0.244 0.342 0.360 0.239 0.371 0.360 0.239 0.371 0.340 0.244 0.366 0.405 0.390
1 0.391 0.283 0.409 0.421 0.286 0.448 0.418 0.287 0.448 0.414 0.289 0.446 0.457 0.445

1.5 0.413 0.355 0.448 0.456 0.336 0.478 0.454 0.336 0.478 0.453 0.352 0.483 0.508 0.476
2.5 0.463 0.372 0.492 0.500 0.388 0.513 0.497 0.389 0.515 0.504 0.391 0.518 0.546 0.500
5 0.510 0.444 0.523 0.554 0.429 0.537 0.548 0.429 0.546 0.546 0.432 0.540 0.561 0.549

7.5 0.517 0.478 0.520 0.555 0.469 0.548 0.555 0.469 0.549 0.553 0.478 0.550 0.566 0.552
10 0.517 0.488 0.523 0.558 0.486 0.549 0.555 0.488 0.552 0.553 0.503 0.549 0.562 0.553
0.5

MI

0.295 0.192 0.281 0.317 0.192 0.359 0.317 0.192 0.364 0.303 0.196 0.356 0.397 0.386
1 0.387 0.242 0.372 0.396 0.266 0.422 0.395 0.266 0.424 0.359 0.265 0.412 0.446 0.427

1.5 0.425 0.261 0.413 0.418 0.287 0.462 0.419 0.286 0.462 0.407 0.285 0.445 0.498 0.448
2.5 0.471 0.334 0.473 0.468 0.349 0.495 0.473 0.350 0.499 0.445 0.340 0.501 0.528 0.488
5 0.521 0.410 0.520 0.520 0.406 0.534 0.520 0.410 0.538 0.505 0.404 0.528 0.548 0.532

7.5 0.533 0.464 0.529 0.530 0.436 0.538 0.530 0.440 0.538 0.519 0.440 0.531 0.548 0.540
10 0.537 0.477 0.530 0.534 0.466 0.536 0.534 0.468 0.536 0.521 0.458 0.527 0.545 0.535
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Figure 3: MicroF1 of the Reuters(90) data-set using the Thresholding Techniques (a) CC, (b) DF, (c) IG, and
(d) MI
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Figure 4: MacroF1 of the Reuters(90) data-set using Thresholding Techniques (a) CC, (b) DF, (c) IG, and
(d) MI
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