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Abstract. In many textual repositories, documents are organized in a
hierarchy of categories to support a thematic search by browsing topics
of interests. In this paper we present a novel approach for automatic
classification of documents into a hierarchy of categories that works in
the transductive setting and exploits relevant example selection. While
resorting to the transductive learning setting permits to classify repos-
itories where only few examples are labelled by exploiting information
potentially conveyed by unlabelled data, relevant example selection per-
mits to tame the complexity of the task and increase the rate of learning
by focusing only on informative examples. Results on real world datasets
show the effectiveness of the proposed solutions.

1 Introduction

Transductive learning is an inference mechanism adopted from several classifi-
cation algorithms capable of exploiting, as in semi-supervised learning, infor-
mation potentially conveyed by unlabelled data to better estimate the data
distribution when making predictions. However, transductive learning differs
from semi-supervised learning since, instead of learning a function to be used to
make predictions on any possible example, it is only possible to make predic-
tions for the given set of unlabeled data. This means that transductive learning
needs no general hypothesis and appears to be an easier problem than both
semi-supervised learning and classical inductive learning.

Several transductive learning methods have been proposed in the literature
for classification tasks. They exploit SVMs ([1] [9] [12] [5]), k-NN classifiers ([13])
and even general classifiers ([14]). However, a common problem in this learning
setting comes from the high dimensionality of unlabeled data and labeled data
that have to be simultaneously analyzed during learning. In order to face this
problem, two orthogonal directions can be exploited: the first direction aims at
simplifying the classification process by considering that categories can be orga-
nized hierarchically. The second direction aims at simplifying the classification
process by considering only a subset of relevant examples for learning (relevant
examples selection).

Indeed, both directions can be profitably pursued in the context of document
categorization [22] that we consider in this paper. In fact, Hierarchical text cate-
gorization, that is, the process of automatically assigning one or more predefined
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categories to text documents where the pre-defined categories are organized in a
tree-like structure, has received increasing attention in the last years [17,18,7,21].
From an information retrieval viewpoint, this hierarchical arrangement is essen-
tial when the number of categories is high, since thematic search is made easier
by browsing topics of interests. Yahoo, Google Directory, Medical Subject Head-
ings (MeSH), Open Directory Project and Reuters Corpus Volume I provides
typical examples of organization of documents in topic hierarchies.

The hierarchical structure of categories may help to simplify the classification
process: while in flat classification a given example is assigned to a category on
the basis of the output of one or a set of classifiers, in hierarchical classification
the assignment of a document to a category can be done on the basis of the
output of multiple sets of classifiers, which are associated to different levels
of the hierarchy and distribute example among categories in a top-down way.
The advantage of this hierarchical view of the classification process is that the
problem is partitioned into smaller subproblems, each of which can be effectively
and efficiently managed [4].

As for relevant example selection, in [2], the authors observed that there are
at least three reasons for selecting examples to be used during the learning pro-
cess: i) the learning process is computationally intensive, ii) the cost of manual
labelling is high, iii) it is necessary to increase the rate of learning by focus-
ing only on informative examples. In this context, all these motivations make
relevant example selection particularly suited. Surprisingly, there is not much
research on relevant example selection for text classification. The issue is mostly
addressed either with the traditional statistical approach of sampling [27] or by
more elaborate, but sometimes heuristic, approaches. For Instance, in [26] the
problem is addressed using a distance measure. In essence instances that are
”closer” to each other tend to bear overlapping information; therefore, some of
them can be discarded.

In this paper, we investigate the use of transductive learning by exploiting
both hierarchical classification and relevant example selection. At this aim, we
exploit a modified version of an inductive hierarchical learning framework that
permits to classify examples (documents) in internal and leaf nodes of a hi-
erarchy of categories. The learner is asked to take into account only a subset
of the original documents. This way it is possible to speed up learning times
without loosing in accuracy. Transductive learning exploits the Spectral Graph
Transducer (SGT) [13], in the context of a hierarchical classification framework.
Experimental results on real world datasets are reported.

This paper is organized as follows. The problem to solve and the background
work are introduced in the next section. The proposed solution is described in
Sections 3 and 4. Experimental results on real world datasets are reported in
Section 5 while conclusions are drawn in Section 6.

2 Preliminaries

The problem we intend to solve can be formalized as follows:
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Let D be a set of documents and Ψ : D → Y be an unknown target function,
whose range is a finite set Y = {C1, C2, . . . , CL} where {C1, C2, . . . , CL} are cate-
gories organized according to a tree-like structure such that ∀i = 2, . . . , L ∃| j =
1, . . . , L, i �= j such that Ci is a subcategory of Cj (C1 is the root category).
Then, the transductive classification problem can be defined as follows:

Given:
– a training set TS of pairs (di, yi) where di represents a document and yi ∈ Y

represents the class (label)
– a working set WS of unlabelled documents;

Find : a prediction of the class value of each document in the working set WS
which is as accurate as possible.

The learner receives full information (including labels) on the documents in
TS and partial information (without labels) on the documents in WS and is
required to predict the class values only of the examples in WS.

The hierarchical organization of categories adds additional sources of com-
plexity to the transductive learning problem. First, documents can either be
associated to the leaves of the hierarchy or to internal nodes. Second, the set
of features selected to build a classifier can either be category specific or the
same for all categories (corpus-based). Third, the training set associated to each
category may or may not include training documents of subcategories. Fourth,
the classifier may or may not take into account the hierarchical relation between
categories. Fifth, a stopping criterion is required for hierarchical classification
of new documents in non-leaf categories. Sixth, performance evaluation criteria
should take into account the hierarchy when considering classification errors.

We face such complexity by resorting to solutions investigated in a previ-
ous work done on hierarchical classification in the classical inductive setting [4].
Those solutions have been implemented in the system WebClass. In WebClass,
the search proceeds top-down from the root to the leaves according to a greedy
strategy. When the document reaches an internal category C, it is represented
on the basis of the feature set associated to C. The classifier of category C
returns a score for each direct subcategory. Score thresholds, which are auto-
matically determined for all categories, are used to filter out the set of candidate
subcategories. If the set is empty, then search is stopped, otherwise the sub-
category corresponding to the highest score is selected and the (greedy) search
recursively proceeds with that subcategory (if not leaf). The last crossed node in
the hierarchy is returned as the candidate category for document classification
(single-category classification). If the search stops at the root, then the document
is considered unclassified. An example is illustrated in Figure 1.

Each document is represented at decreasing levels of abstraction by consid-
ering features selected according to the maxTF × DF 2 × ICF [4]. According
to the definition of such measure, features tend to be more specific for lower
level categories. These different representations of a document make the classi-
fication scores incomparable across different nodes in the hierarchy and prevent
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Fig. 1. Classification of a new document. On the basis of the scores returned by the
first classifier (associated to the category science) the document is passed down to
math. The scores returned by the second classifier (associated to the category math),
are not high enough to pass down the document to either trigonometry or geometry.
Therefore, the document is classified in the math category.

the correct application of an exhaustive search strategy instead of the proposed
greedy strategy.

During learning, for each internal category C of the hierarchy and for each
document in WS to be classified, the decision on which category C′ among the
direct subcategories of C is the most appropriate to receive the document has
to be taken. In general, however, a document should not be necessarily passed
down to a subcategory of C. This makes sense in the case that the document to
be classified deals with a general rather than a specific topic, or in the case that
the document to be classified belongs to a specific category that is not present in
the hierarchy and it makes more sense to classify the document in the “general
category” rather than in a wrong category.

To support the classification of documents also in the internal categories of the
hierarchy, it is necessary to compute the thresholds that represent the “minimal
score” (returned by the classifier), such that a document can be considered to
belong to a direct subcategory. More formally, let γC→C′ (d) denote the score
returned by the classifier associated to the internal category C when the decision
of classifying the document d in the subcategory C′ is made. Thresholds are used
to decide if a new testing document is characterized by a score that justifies
the assignment of such a document to C′. Formally, a new document d ∈ WS
temporary assigned to a category C will be passed down to a category C′ if
γC→C′ (d) > ThC(C′), where ThC(C′) is the score threshold.

The algorithm for the automated determination of thresholds ThC(C′) is
based on a bottom-up strategy and minimizes a measure based on a tree
distance[4].
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3 Relevant Example Selection

When working in the transductive setting, we do not distinguish between learn-
ing and classification steps. However, the hierarchical organization of categories
requires a preliminary step during which thresholds are automatically identi-
fied. Later on, in a second stage, the transductive classification is performed.
Indeed, the two phases are not completely independent each other since the al-
gorithm for automatic threshold identification estimates thresholds on the basis
of a simulation of the classification step on the training set. Relevant example
selection is performed both in the automatic threshold determination and in the
transductive classification task. In particular, while in automatic threshold de-
termination relevant examples are determined from the training set TS for each
internal category C of the hierarchy, in the classification case, both examples in
TS and examples in WS are analyzed for each internal category C of the hier-
archy. Transductive classification of relevant examples in WS is then extended
to other examples in WS by means of a K-NN label propagation by means of
the classical K-NN classifier.

For relevant example selection, we consider two different approaches: the first
approach reduces the number of documents by exploiting clustering algorithms,
while the second approach identifies and keeps only documents that are at the
boundary of the class. Before describing how relevant documents are selected,
we present details on their representation.

3.1 Document Representation

Document representation depends on a preprocessing step which aims at:

1. Removing stopwords, such as articles, adverbs, prepositions and other fre-
quent words.

2. Determining equivalent stems (stemming) by means of Porter’s algorithm
for English texts [20].

After these preprocessing steps, documents are represented by means of a feature
set which is determined on the basis of some statistics whose formalization is
reported below. Let

• C be an internal node in the hierarchy of categories,
• C′ a direct subcategory of C,
• d a training document from C′,
• w a token of a stemmed (non-stop)word in d,
• TFd(w) the relative frequency of w in d,
• Training(C) ⊆ TS the set of documents in C and its subcategories,
• TFC′(w) = maxd∈Training(C′)TFd(w) the maximum value of TFd(w) on all
training documents d of category C′,
• DFC′(w) = |{d∈Training(C′)| w occurs in d}|

|Training(C′)| the percentage of documents of
category C′ in which w occurs,
• CFC(w) the number of subcategories C′′ ∈ DirectSubCategories(C) such
that w occurs in a document d ∈ Training(C′′).
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Then the following measure: vi = TFc′(wi)×DF 2
c′(wi)× 1

CFc(wi)
is used to select

relevant tokens for the representation of documents in C.
Tokens that maximize vi (maxTF×DF 2×ICF criterion) are those commonly

used in documents of category C′ but not in its sibling categories. The category
dictionary of C′, DictC′, is the set of the best ndict terms with respect to vi,
where ndict is a user defined parameter.

For each learning task, the following feature set is used:

FeatSetC =
⋃

C′∈DirectSubCategories(C)

DictC′ (1)

and documents are represented according to the classical TF × idf measure [22].

3.2 Clustering-Based Relevant Example Selection

This approach follows the main idea of cluster sampling where the goal is to
sample a set S documents into l subsets N1, N2, . . . , Nl respectively. These sub-
sets (called strata) are non-overlapping, and together they comprise the whole
of the data set (i.e., ∪i=1..lNi = N). When the strata have been determined, a
sample is drawn from each stratum. Drawings are performed independently in
different strata. Cluster sampling is often used in some applications where we
wish to divide a heterogeneous data set into subsets, each of which is internally
homogeneous [15].

For relevant examples selection, we consider the simple k-means [16] clustering
algorithm for the identification of strata.

Once the strata have been identified, each cluster is represented by means of
its surrogate. In our approach, as in the case of the Rocchio classifier [22], the
surrogate of the cluster is its centroid d′(i):

d′(i) =
∑

dj∈Ni

dj

|Ni| (2)

We also evaluate the opportunity of considering, in alternative to the centroid a
representative example, that is, the example in Ni that appears to be closer to
the cluster centroid. Formally:

d′′(i) = argmindj∈Ni
d1(dj , d

′(i)) (3)

where d1(·, ·) is the euclidean distance measure between document vectors.
For example reduction purposes, for each internal category C of the hierarchy,

both documents in TS and in WS are represented according to features in
FeatSetC and according to the TF × idf measure.

3.3 Class Border Identification for Relevant Example Selection

In this alternative approach to example reduction, the main idea is that of ex-
ploiting support vectors extracted by support vector machines [24] in order to
identify the class border.
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Indeed, in this case, the class is associated to the learning task that per-
mits to establish whether an example should be passed down from a category
C to its descendant category C′ or not. This means that we extract a set of
relevant examples by considering as positive examples the documents that be-
long to Training(C′) and as negative examples the documents that belong to
Training(C)− Training(C′).

As in the case of clustering-based relevant example selection, this approach
permits to reduce examples both in TS and in WS.

Let ({x1,y1), (x2,y2), . . . , (xN ,yN)} be the set of training documents in
Training(C) such that xi ∈ R

|FeatSetC | (xi is a document vector) and yi = +1 if
xi ∈ Training(C′) and yi = −1 if xi ∈ Training(C)− Training(C′). An SVM
identifies the hyperplane in R

|FeatSetC | that linearly separates positive and neg-
ative examples with the maximum margin (optimal separating hyperplane). In
general, the hyperplane can be constructed as the linear combination of all train-
ing examples, however, only some examples, called support vectors, do actually
contribute to the optimal separating hyperplane which can be represented as:

f(x) =
N∑

i=1

yiαixi · x + b (4)

Indeed, we are only interested in identifying support vectors, that is, vectors for
which αi �= 0 (see Figure 2a).

The coefficients of the linear combination αi and b are determined by solving a
large-scale quadratic programming (QP) problem, for which efficient algorithms
that find the global optimum exist.

The linear separability appears to be a strong limitation, however, as ex-
perimentally observed by [11], most text categorization problems are linearly
separable.

SVMs are based on the Structural Risk Minimization principle: a function
that can classify training data accurately and which belongs to a set of functions

Fig. 2. a) Support vectors (examples on the dashed lines). b) Relevant examples selec-
tion from WS.
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with the lowest capacity (particularly in the VC-dimension) [24] will generalize
best, regardless of the dimensionality of the feature space |FeatSetC|. Therefore,
SVMs can generalize well even in large feature space, such as those used in text
categorization. In the case of the separating hyperplane, minimizing the VC-
dimension corresponds to maximizing the margin.

The SVM we use in the identification of support vectors is a modified version
of the Sequential Minimal Optimization classifier (SMO) [19] with linear kernels.
SMO is very fast and is based on the idea of breaking a large QP problem down
into a series of smaller QP problems that can be solved analytically. This allows
us to directly identifying document vectors xi for which αi �= 0.

Let D(C, C′) = {xi|xi ∈ Training(C), αi} be the set of support vectors that
have been identified, they are used in order to identify the subset of documents
in WS to be considered in the classification phase. In particular, we are only
interested in keeping the most discriminative p% documents from WS according
to the score function score : WS → R defined as follows:

score(d) = min
xi∈Training(C′); xj∈Training(C)−Training(C′)

d1(d, xi)+d1(d, xj) (5)

Intuitively, we only consider examples in WS that are close to both positive and
negative class margins.

4 SGT Hierarchical Classifier

In this section, the proposed learning method is described in detail. In particular,
we first introduce the hierarchical transductive classification, and, then, we detail
the application of SGT.

4.1 Hierarchical Transductive Classification

We assume that a classifier returns a numerical score γC→C′(d) that expresses a
“belief” that a document d belonging to C also belongs to a direct subcategory
C′. The document d is passed down if γC→C′(d) is greater than a threshold, which
is automatically determined for each class by an algorithm that minimizes, on
the training set, a tree distance. This distance measures the number of edges in
the hierarchy of categories between the actual class of a document and the class
returned by the hierarchical classifier [8].

As in [4], the computation proceeds bottom-up, from leaves to the root. The
difference is that in this work we learn, for each internal category C, m two-class
classifiers, one for each subcategory C′ and compare the scores. This is quite differ-
ent from what proposed in [4], where a 1-of-m classifier is learnt for each internal
node. This would permit us to exploit two-class classifiers and avoid computa-
tional problems coming from a subsequent pair-wise coupling classification [10].

The classifier used to classify examples belonging to internal nodes of the hi-
erarchy is based on the Spectral Graph Transducer algorithm (SGT) proposed
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in [13] that works in the transductive setting. Although, in its final formulation
SGT returns hard class assignments, we use the SGT algorithm in order to
compute the scores γC→C′(d). This way, the algorithm can be used both to
compute thresholds and to classify examples in the working set. The problem
solved by each application of SGT can be formalized as follows:

Given:
– An internal category C;
– A direct subcategory C′ of C;
– A set of l relevant labeled examples (documents) belonging to C and its de-

scendants (identified as specified in the previous section). Positive examples
(labeled with +1) refer to documents in Training(C′) and all its descen-
dands, while negative examples (labeled with -1) refer to all other examples
in categories descendants of C (in Training(C)− Training(C′));

– A set of relevant unlabeled examples (possibly) belonging to C and its de-
scendants;

the task of the transductive algorithm is to compute the score γC→C′(d) for
each relevant document d in the training or in the working set such that error
is minimized.

4.2 Application of SGT Algorithm

The algorithm builds a nearest neighbor graph G = (N, E), with labeled and
unlabeled examples as vertexes, and dissimilarity measure (d2(di, dj)) between
the neighboring examples as edge weights. SGT assigns labels to unlabeled ex-
amples by cutting G into two subgraphs G− and G+, and tags all examples
corresponding to vertexes in G− (G+ ) with -1 (+1). To give a good prediction
of labels for unlabeled examples, SGT chooses the cut of G that maximizes the
normalized cut cost.

max
y

cut(G+, G−)
|{i|yi = +1}||{i|yi = −1}| (6)

where y = [yi]{i=1,..,n} is the prediction vector (where n is the number of both
labeled and unlabeled relevant examples), and cut(G+, G−) is the sum of the
weights of all edges that cross the cut (i.e., edges with one end in G− and the
other in G+). The optimization is subjected to the following constraints: (i)
yi ∈ {−1, +1} and (ii) labels for labeled training examples must be correct,
i.e., vertexes corresponding to positive (negative) labeled relevant training ex-
amples must lie in G+ (G−). As this optimization is NP-hard, SGT performs
approximate optimization by means of a spectral graph method which solves the
following problem [6]:

min
Z

ZT LZ + c(Z − y)T C(Z − y) (7)

such that ZT 1 = 0 and ZT Z = n
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where

– Z is the transformed prediction vector with comparable scores,
– L is computed as the Laplacian matrix L = (B − A) in the case of RATIO

CUT or, alternatively, as the normalized Laplacian matrix obtained as L =
B−1(B − A) in the case of NORMALIZED CUT [23];

– A = [ai,j ]{i,j=1,..,n} = [a′
i,j + a′

j,i]{i,j=1,..,n} where a′
i,j = d2(di, dj);

– B = [bi,j ]{i,j=1,..,n} is the diagonal matrix such that bi,i =
∑

j ai,j ;
– c is a user-defined parameter;
– C = [ci,j ]{i,j=1,..,n} is a diagonal cost matrix with ci,i = l/(2l+) for positive

relevant examples, ci,i = l/(2l−) for negative and ci,i = 0 for unlabelled
relevant examples;

– l+ (l−)is the number of positive (negative) relevant labeled examples and
l ≤ n is the number of relevant labelled examples;

– γ = [γi]{i=1,..,n} is a vector with γi =
√

l − /l+ for positive examples, γi =√
l + /l− for negative examples and γi = 0 for unlabelled examples.

This minimization problem leads to compute

Z∗ = V (M − λ∗I)−1b (8)

where V is the matrix with all eigenvectors of L except the smaller; b = CV T Cγ;
M = (D + cV T I); D is the diagonal matrix with the square of all eigenvalues of

L except the smaller; λ∗ is the smaller eigenvalue of
[

M −I
−1
n bbT M

]
.

The vector Z∗ = [z∗i ]{i=1,..,n} is then used to compute the score γC→C′(di).
In particular:

γC→C′(di) = (z∗i − min
j

z∗j )/(max
j

z∗j − min
j

z∗j ) (9)

The dissimilarity measure d2(·, ·) used in this work is the cosine dissimilarity
computed as follows:

d2(di, dj) = 1 − di · dj

‖di‖2 ‖dj‖2

(10)

where di (dj) represents the TF × idf representation of di (dj).

5 Experiments

To evaluate the applicability of the proposed approach, we performed experi-
ments on distinct experimental settings involving two distinct datasets. As base-
line we considered the Hierarchical SGT transductive classifier that do not ex-
ploit relevant example selection [3].

Results are obtained with the following parameters: c = 104 as proposed in
[13]; ndict=100; α = 0.4; K used in the K-NN label propagation is set to the
highest odd integer such that K ≤ √

n (according to [25]) where n is the total
number of both labelled and unlabelled examples that (possibly) belong to the
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processed category C; ns = 5%×n; p% = 5%. Values of ndict and α are estimated
after an empirical evaluation. Values of ns and p% are set in order to make the
comparison between relevant example selection algorithms fair.

Results obtained with the different experimental settings aim at comparing
the trasductive algorithm without example reduction (that we indicate in these
experiments as HSGT- Hierarchical SGT) with the trasductive algorithm with
relevant example selection based on k-means clustering and d′(·) cluster repre-
sentation (KmSGT), the trasductive algorithm with relevant example selection
based on k-means clustering and d′′(·) cluster representation (SelectSGT) and
the trasductive algorithm with relevant example selection based on support vec-
tors (SVSGT).

5.1 Datasets

Reuters Corpus Volume I (RCV1). RCV1 is a benchmark dataset widely
used in text categorization and in document retrieval1. It consists of over 800,000
newswire stories, collected by the Reuters news and information agency. The sto-
ries have been manually coded using three orthogonal hierarchical category sets.
In our study, similarly to other authors [28], we use topic codes for categorization.
Topics hierarchy consists of a set of 104 categories organized in 4-levels.

We pre-processed documents as proposed by Lewis et al. and, in addition, we
considered only documents associated to a single category. This selection is due
to the fact that in this study we are interested in investigating single category
assignment [4]. We separated the training set and the testing set using the same
split adopted by Lewis et al. In particular, documents published from August
20, 1996 to August 31, 1996 (document IDs 2286 to 26150) were included in
the training set, while documents published from September 1, 1996 to August
19, 1997 (document IDs 26151 to 810596) were included in the working set.
The result was a split of the 804,414 documents into 23,149 training documents
and 781,265 working documents. After multiple-label document removal, we had
150,765 documents, (4,517 training documents and 146,248 testing documents).

In our experiments we analyze three large subsets of RCV1: A subset rooted
in the category “C3” (1,647 training documents, 50,345 working documents); a
subset rooted in the category “C18” (1,438 training documents, 44,148 working
documents); a subset rooted in the category “MCAT” (10,715 training docu-
ments, 163,592 working documents).

Dmoz dataset. Dmoz data is obtained from the documents referenced by the
Open Directory Project (ODP) (www.dmoz.org)2. We extracted all actual Web
documents referenced at the top five levels of the Web directory rooted in the
branch “Health\Conditions and Diseases\”. Empty documents, documents con-
taining only scripts, and documents whose size is less than 3Kb are removed. At
the end, the dataset contains 3,668 documents organized in 203 categories.
1 The dataset cannot be made available on-line without maintainers authorization.
2 The dataset is available at http://www.di.uniba.it/%7ececi/micFiles/

dmoz health conditions and diseases docs.zip.
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The dataset is analyzed by means of a 3-fold cross-validation (CONDITION).
Two subset of this dataset rooted in the category “Cancer” and in the category
“Cardiovascular disorders” respectively are also analyzed by means of a 3-fold
cross-validation. It is noteworthy that, differently from usual, in this paper the
t-fold cross-validation uses in turn one fold for training and the remaining t− 1
folds as working set. This is coherent with principles motivating the transductive
approach where the working set is generally larger than the training set.

5.2 Results

Accuracy results3 are reported in Tables 1 and 2. In particular, results in
Table 1 show that relevant example selection permits to obtain classification
accuracies that are generally comparable with those obtained with HSGT. By an-
alyzing results in Table 2 it is possible to see that when considering only relevant

Table 1. Average accuracies obtained with HSGT, KmSGT, SelectSGT and SVSGT.
Thresholds are obtained on the whole set of training examples.

DATASET cut HSGT KmSGT SelectSGT SVSGT

CANCER RATIO 64% 62% 55% 29%
NORMALIZED 60% 56% 53% 32%

CARDIOVASCULAR RATIO 63% 61% 53% 31%
NORMALIZED 60% 55% 47% 42%

CONDITION RATIO 37% 29% 26% 12%
NORMALIZED 34% 23% 26% 12%

C3 RATIO – 30% 32% 32%
NORMALIZED – 29% 7% 29%

C18 RATIO – 65% 68% 49%

MCAT RATIO – 49% 50% %5

Table 2. Average accuracies obtained with HSGT, KmSGT, SelectSGT and SVSGT.
Thresholds are obtained on the set of relevant training examples.

DATASET cut HSGT KmSGT SelectSGT SVSGT

CANCER RATIO 64% 65% 59% 32%
NORMALIZED 60% 60% 54% 28%

CARDIOVASCULAR RATIO 63% 64% 57% 33%
NORMALIZED 60% 60% 51% 34%

CONDITION RATIO 37% 39% 36% 13%
NORMALIZED 34% 37% 32% 14%

C3 RATIO – 31% 28% 18%
NORMALIZED – 31% 12% 29%

C18 RATIO – 69% 77% 70%

MCAT RATIO – 49% 50% 5%

3 Due to space complexity problems, it was not possible to run HSGT on the datasets
C3, C18 and MCAT.



482 M. Ceci

examples in automatic threshold determination, accuracy significantly increases.
In fact, in most of cases KmSGT outperforms HSGT even if it works on smaller
set of examples. A possible reason can be found in the fact that, in this way,
the classification performed by SGT is coherent with the automatic threshold
determination phase.

By comparing results obtained with relevant example selection, we can see
that the clustering algorithm permits to identify a good representative set of
examples to be used during the learning phase. We cannot draw the same con-
clusion for SVSGT that, as SMO [19], suffers from the high imbalanced distribu-
tion of examples. In fact, for C3 and C18, where categories are almost uniformly
distributed SVSGT provides interesting results.

It is also noteworthy that the RATIO CUT outperforms the NORMALIZED
CUT both in terms of accuracy and efficiency (for this reason we do not report
NORMALIZED CUT results for C18 and MCAT). This means that the use of
a normalized cut in transductive learning is not as beneficial as in the case of
image processing [23].

Finally, results reported in Table 3 give a clear perspective of the learning time
reduction obtained with relevant example selection. As expected, this advantage
is more clear when the automatic threshold determination algorithm works only
on relevant examples.

Table 3. (Average) classification times with Ratio cut (in secs.). NS refers to thresh-
olds obtained on the whole set of training examples. S refers to thresholds obtained on
the set of relevant training examples.

DATASET HSGT KmSGT SelectSGT SVSGT

NS S NS S NS S

CANCER 64 56 50 53 49 45 42

CARDIOVASCULAR 63 51 43 41 40 41 42

CONDITION 58803 19939 10482 16200 6971 11685 7800

C3 – 35991 16541 12581 16881 12354 30762

C18 – 25801 35000 15440 16671 4853 3203

MCAT – 413548 253410 168962 175239 234431 62072

6 Conclusions

In this paper, we present a novel approach for automatic classification of doc-
uments into a hierarchy of categories that exploits relevant example selection
and works in the transductive setting. The proposed approach is based on a
framework that exploits the SGT classifier in internal nodes of the hierarchy.
This way, it can pass down examples to more specific categories on the basis
of scores returned by the classifier. Documents can also be classified in internal
nodes of the hierarchy according to some automatically learned thresholds. The
SGT algorithm is used both for learning thresholds and for classifying examples.
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Relevant example selection is performed according to two different approaches:
the first approach reduces the number of documents by exploiting clustering al-
gorithms, while the second approach identifies and keeps only documents that
are at the boundary of the class. Results empirically prove that relevant exam-
ple selection based on clustering algorithms permits to tame the computational
complexity and, at the same time, permits to increase predictive capabilities of
the learning algorithm.

For future work, we intend to exploit the proposed transductive learning in
a multi-label classifier that permits to classify documents by considering more
than one classification dimension.
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18. Mladenić, D.: Machine learning on non-homogeneus, distribuited text data. PhD
thesis, University of Ljubjana, Ljubjana, Slovenia (1998)

19. Platt, J.: Fast training of support vector machines using sequential minimal opti-
mization. In: Advances in kernel methods - support vector learning (1998)

20. Porter, M.F.: An algorithm for suffix stripping. In: Readings in information re-
trieval, pp. 313–316 (1997)

21. Ruiz, M.E., Srinivasan, P.: Hierarchical text categorization using neural networks.
Inf. Retr. 5(1), 87–118 (2002)

22. Sebastiani, F.: Machine learning in automated text categorization. ACM Comput-
ing Surveys 34(1), 1–47 (2002)

23. Shi, J., Malik, J.: Normalized cuts and image segmentation. IEEE Trans. Pattern
Anal. Mach. Intell. 22(8), 888–905 (2000)

24. Vapnik, V.: The Nature of Statistical Learning Theory. Springer, Heidelberg (1995)
25. Wettschereck, D.: A study of Distance-Based Machine Learning Algorithms. PhD

thesis, Oregon State University (1994)
26. Wilson, D.R., Martinez, T.R.: Instance pruning techniques. In: ICML 1997: Pro-

ceedings of the Fourteenth International Conference on Machine Learning, pp.
403–411. Morgan Kaufmann Publishers Inc., San Francisco (1997)

27. Yang, Y.: Sampling strategies and learning efficiency in text categorization. In:
AAAI Spring Symposium on Machine Learning in Information Access, pp. 88–95
(1996)

28. Zhang, J., Jin, R., Yang, Y., Hauptmann, A.G.: Modified logistic regression: An
approximation to svm and its applications in large-scale text categorization. In:
Proceedings of the 20th International Conference on Machine Learning (2003)


	Transductive Learning from Textual Data with Relevant Example Selection
	Introduction
	Preliminaries
	Relevant Example Selection
	Document Representation
	Clustering-Based Relevant Example Selection
	Class Border Identification for Relevant Example Selection

	SGT Hierarchical Classifier
	Hierarchical Transductive Classification
	Application of SGT Algorithm

	Experiments
	Datasets
	Results

	Conclusions



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile (Color Management Off)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 290
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 290
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 800
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /DEU <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice


