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Abstract. This paper deals with automatic multi-label document classification
in the context of a real application for the Czech News Agency. The main goal
of this work consists in proposing novel fully unsupervised features based on an
unsupervised stemmer, Latent Dirichlet Allocation and semantic spaces (HAL
and COALS). The proposed features are integrated into the document classifica-
tion task. Another interesting contribution is that these two semantic spaces have
never been used in the context of document classification before. The proposed
approaches are evaluated on a Czech newspaper corpus. We experimentally show
that almost all proposed features significantly improve the document classifica-
tion score. The corpus is freely available for research purposes.

Keywords: Multi-label Document Classification, LDA, Semantic spaces, HAL,
COALS, HPS, Stemming, Czech, Czech News Agency, Maximum Entropy

1 Introduction

Nowadays, the amount of electronic text documents and the size of the World Wide
Web increase extremely rapidly. Therefore, automatic document classification (or cate-
gorization) becomes very important for information retrieval.

In this work, we focus on the multi-label document classification1 in the context
of a real application for the Czech News Agency (ČTK)2. ČTK produces daily about
one thousand of text documents. These documents belong to different categories such as
politics, sport, culture, business, etc. In the current application, documents are manually
annotated. Unfortunately, the manual labeling represents a very time consuming and

1 Multi-label document classification: one document is usually labeled with more than one la-
bel from a predefined set of labels vs. Single-label document classification: one document is
assigned exactly to one label.

2 http://www.ctk.eu
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expensive task. It is thus beneficial to propose and implement an automatic document
classification system.

One important issue in the document classification field is the high dimensionality
and insufficient precision of the feature vector. Several feature selection methods and
sophisticated language specific features have been proposed. The main drawback of
these methods is that they need a significant amount of the annotated data. Furthermore,
a complete re-annotation is necessary when the target language is modified.

In this work, we address these issues by proposing novel fully unsupervised features
based on an unsupervised stemmer, Latent Dirichlet Allocation (LDA) and semantic
spaces (HAL and COALS). We further integrate these features into the document clas-
sification task.

The next scientific contribution is evaluating a new simple LDA model, called S-
LDA, which integrates stem features into the topic modeling. Another interesting con-
tribution is the use of semantic space models (i.e. HAL and COALS), because they have
not been used for the document classification yet. The last contribution consists in the
evaluation of the proposed approaches on Czech, as a representative of morphologically
rich language.

The paper structure is as follows. Section 2 introduces the document classification
approaches with a particular focus on the document representation. Section 3 describes
our proposed features and their integration into the document classification task. Sec-
tion 4 deals with the experiments on the ČTK corpus. In the last section, we discuss the
research results and we propose some future research directions.

2 Related Work

The today’s document classification relies usually on supervised machine learning meth-
ods that exploit a manually annotated training corpus to train a classifier, which in turn
identifies the class of new unlabeled documents. Most approaches are based on the Vec-
tor Space Models (VSMs), which mostly represent each document as a vector of all oc-
curring words usually weighted by their Term Frequency-Inverse Document Frequency
(TF-IDF).

Several classification algorithms have been successfully applied [3, 7], e.g. Bayesian
classifiers, decision trees, k-Nearest Neighbor (kNN), rule learning algorithms, neural
networks, fuzzy logic based algorithms, Maximum Entropy (ME) and Support Vector
Machines (SVMs). However, one important issue of this task is that the feature space in
VSM has a high dimension which negatively affects the performance of the classifiers.

Numerous feature selection/reduction approaches have been proposed in order to
solve this problem. The successfully used feature selection methods include Document
Frequency (DF), Mutual Information (MI), Information Gain (IG), Chi-square test or
Gallavotti, Sebastiani & Simi metric [8, 9].

In the last years, multi-label document classification becomes a popular research
field, because it corresponds usually better to the needs of the real applications than
the single-label document classification. One popular approach presented in [27] uses n
binary class/no class classifiers. A final classification is then given by an union of these
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partial results. Another approach presented by the authors of [27] simplifies the multi-
label document classification task by replacing each different set of labels by a new
single label. Then, a single-label document classifier is created on such data. Note that
this approach suffers by the data sparsity problem. Zhu et al. propose in [30] another
multi-label document classification approach. The same classifier as in the single-label
document classification task is created. The document is associated with a set of la-
bels based on an acceptance threshold. The other methods are presented for instance in
survey [26].

Furthermore, a better document representation may lead to decreasing the feature
vector dimension, e.g. using lexical and syntactic features as shown in [18]. Chan-
drasekar et al. further show in [6] that it is beneficial to use POS-tag filtration in order to
represent a document more accurate. The authors of [21] and [28] use a set of linguis-
tic features. Unfortunately, they do not show any impact to the document classification
task. However, they conclude that more complex linguistic features may improve the
classification score.

More recently, an advanced technique based on Labeled Latent Dirichlet Allocation
(L-LDA) [24] has been introduced. Unlike our approach, L-LDA incorporates supervi-
sion by constraining the topic model to use only those topics that correspond to doc-
ument labels. Principal Component Analysis (PCA) [10] incorporating semantic con-
cepts [29] has been also successfully proposed for the document classification. Semi-
supervised approaches, which augment labeled training corpus with unlabeled data [22]
were also used.

The most of the proposed approaches is focused on English. Unfortunately, only
little work about the document classification in other non-mainstream languages, par-
ticularly in Czech, exits. Hrala et al. [14] use lemmatization and POS-tag filtering for
a precise representation of the Czech documents. The authors further show the perfor-
mance of three multi-label classification approaches [13].

3 Document Classification

In the following sections we describe the proposed unsupervised features and classifi-
cation approaches.

3.1 Unsupervised Stemming

Stemming is a task to replace a particular (inflected) word form by its “stem” (an unique
label for all morphological forms of a word). It is used in many Natural Language
Processing (NLP) fields (e.g. information retrieval) to reduce the number of parameters
with a positive impact to the classification accuracy. Therefore, we assume that stems
should improve the results of the document classification.

We propose two approaches to integrate the stem features into the document clas-
sification. In the first approach, the stem occurrences are used directly as the features,
while in the second one, we use stems as a preprocessing step for LDA. We use an un-
supervised stemming algorithm called HPS [5] This stemmer have been already proved
to be very efficient in the NLP, see for example [12].
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Note that this task is very similar to lemmatization. However, the main advantage
of our stemming approach is that it is fully unsupervised and thus it does not need any
annotated data (only plain text).

3.2 Latent Dirichlet Allocation

Latent Dirichlet Allocation (LDA) [2] is a popular topic model that assigns a topic to
each word in the document collection. In our first approach, we use a standard LDA
model as follows. We calculate the topic probabilities for each document. The proba-
bility of each topic t is given by the number of times the topic t occurs in a document
divided by the document size. These probabilities are used directly as new features for
a classifier.

In our second approach, we use stems instead of words. This concept is motivated
by the following assumptions. LDA is a bag-of-word model, thus the word role in a
sentence is inhibited. We assume that the morphosyntactic information in a document
is useless for inferring topics. Moreover, the word normalization (i.e. stemming in our
case) can reduce the data sparsity problem, which is particularly significant in the pro-
cessing of morphologically rich languages (e.g. Czech). The parameters of such model
should be better estimated than the parameters of the standard LDA. The features for
the classifier are calculated in the same way as for the word-based LDA. This model
will be hereafter called the S-LDA (Stem-based LDA).

3.3 Semantic Spaces

Semantic spaces represent words as high dimensional vectors. Semantically close words
should be represented by similar vectors and the vector space gives an opportunity to
use a clustering method to create word clusters.

The authors of [4] have proved that word clusters created by the semantic spaces
improve significantly language modeling. We assume that these models can play an im-
portant role for document classification. We use two semantic space models, namely:
HAL (Hyperspace Analogue to Language) [19] and COALS (Correlated Occurrence
Analogue to Lexical Semantic) [25]. The word clusters are created using Repeated bi-
section algorithm. The document is then represented as a bag of clusters and we use a
tf-idf weighting scheme for each cluster to create the features.

We assume that these models should reduce (analogically as in the previous case)
the data sparsity problem. It is worth of mentioning that these two semantic space mod-
els have never been used in the context of document classification before.

3.4 Document Classification

For multi-label classification, we use (as presented in [27]) n binary classifiers Cn
i=1 :

d → l,¬l (i.e. each binary classifier assigns the document d to the label l iff the label
is included in the document, ¬l otherwise). The classification result is given by the
following equation:

C(d) = ∪n
i=1: Ci(d) (1)
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The Maximum Entropy (ME) [1] classifier is used. As a baseline, we use the tf-idf
weighting of the word features. Then, this set is progressively extended by the novel
unsupervised features. In order to facilitate the reading of the paper, all features are
summarized next.

– Words (baseline) – Occurrence of a word in a document. Tf-idf weighting is used.
– Stems – Occurrence of a stem in a document. Tf-idf weighting is used.
– LDA – LDA topic probabilities for a document.
– S-LDA – S-LDA topic probabilities for a document.
– HAL – Occurrence of a HAL cluster in a document. Tf-idf weighting is used.
– COALS – Occurrence of a COALS cluster in a document. Tf-idf weighting is used.

4 Experiments

In our experiments we use LDA implementation from the MALLET [20] tool-kit. For
each experiment, we train LDA with 1,000 iterations of the Gibbs sampling. The hy-
perparameters of the Dirichlet distributions were (as proposed in [11]) initially set to
α = 50/K, where K is the number of topics and β = 0.1.

The S-Space package [15] is used for implementation of the HAL and COALS
algorithms. For each semantic space, we use a four-word context window (in both di-
rections). HAL uses a matrix consisting of 50,000 columns. COALS uses a matrix with
14,000 columns (as suggested by the authors of the algorithm). SVD (Singular Value
Decomposition) was not used in our experiments.

We created the word clusters in the similar way as described in [4], i.e. by using
Repeated Bisection algorithm and cosine similarity metric. For clustering, we use an
implementation from the CLUTO software package [16]. For both semantic spaces, the
word vectors are clustered into four depths: 100, 500, 1,000, and 5,000 clusters.

For multi-label classification we use Brainy [17] implementation of Maximum En-
tropy classifier.

4.1 Corpus

As mentioned previously, the results of this work will be used by the ČTK. Therefore,
we use Czech document collection provided by the ČTK for the training of our models
(i.e. LDA, S-LDA, semantic spaces and multi-label classifier).

This corpus contains 2,974,040 words belonging to 11,955 documents annotated
from a set of 37 categories. Figure 1 illustrates the distribution of the documents de-
pending on the number of labels. This corpus is freely available for research purposes
at http://home.zcu.cz/˜pkral/sw/.

In all experiments, we use the five-fold cross-validation procedure, where 20% of
the corpus is reserved for the test. For evaluation of the document classification accu-
racy, we use the standard Precision (P ), Recall (R) and F-measure (Fm) metrics [23].
The confidence interval of the experimental results is 0.6% at a confidence level of 0.95.

No feature selection has been done in our experiments to clearly show the impact of
the proposed features. In the following tables, the term words denotes the word features
and stems denotes the stem features.
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Fig. 1. Distribution of the documents depending on the number of labels

4.2 Classification Results of the LDA and S-LDA Models

In this experiment, we would like to compare the classification results of the stand-
alone LDA and S-LDA model (see Table 1). This table shows that the larger number of
the topics is better for document classification. Moreover, the proposed S-LDA slightly
outperforms the stand-alone LDA model for all topic numbers.

Table 1. Results of stand-alone LDA and S-LDA models

topics
LDA S-LDA

P [%] R[%] Fm[%] P [%] R[%] Fm[%]

100 82.9 65.9 73.4 83.1 66.0 73.6
200 83.4 69.1 75.6 83.7 70.3 76.4
300 84.0 71.1 77.0 85.3 72.6 78.4
400 83.3 70.7 77.5 85.5 73.2 78.8
500 84.7 72.6 78.2 85.9 74.0 79.5

4.3 Classification Results of the LDA and S-LDA Models with baseline Word
Features

This experiment compares the classification results of the stand-alone LDA and S-LDA
models when the baseline word features are also used (see Table 2). Unlike the previous
experiment, the recognition score remains almost constant for every topic number and
both LDA models. The topic number and LDA type thus no longer play any role for
document classification.

4.4 Classification Results of the Semantic Space Models

This experiment compares the classification results of the HAL and COALS models
(see Table 3). The table shows that with rising number of clusters the classification score
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Table 2. Results of LDA models with baseline word features

topics
Words+LDA Words+S-LDA

P [%] R[%] Fm[%] P [%] R[%] Fm[%]

100 89.0 74.0 80.8 88.9 74.0 80.8
200 88.9 73.8 80.7 88.9 73.6 80.5
300 88.9 73.6 80.6 89.0 73.6 80.6
400 88.8 73.7 80.5 88.8 73.7 80.5
500 88.8 73.7 80.5 88.8 73.5 80.4

increases. At the level of 5,000 clusters the score is almost the same as for the baseline.
However, the number of the parameters in the classifier is significantly reduced.

In the case of COALS and 5,000 clusters the F-measure is slightly better than the
baseline. However, we believe this deviation is caused by a chance. In all these experi-
ments COALS outperforms the HAL model.

Table 3. Results of semantic space models

clusters
HAL COALS

P [%] R[%] Fm[%] P [%] R[%] Fm[%]

100 58.5 14.7 23.6 66.9 25.2 36.6
500 76.1 51.3 61.3 79.6 59.3 68.0
1000 80.2 62.0 70.0 81.6 64.8 72.2
5000 87.9 72.1 79.2 88.5 73.5 80.3

4.5 Classification Results of the Semantic Space Models with baseline Word
Features

This experiment compares the classification results of the HAL and COALS models
when the baseline word features are also used. The results are reported in Table 4.
Unlike the previous experiment, the recognition score remains almost constant for all
clusters and for both semantic space models.

We can explain this behavior by the fact that the clusters from semantic spaces do
not bring any useful additional information compared to the baseline.

Table 4. Results of semantic space models with baseline word features

clusters
Words+HAL Words+COALS

P [%] R[%] Fm[%] P [%] R[%] Fm[%]

100 88.2 72.6 79.7 88.2 72.8 79.7
500 88.2 72.7 79.7 88.2 72.7 79.7
1000 88.3 72.8 79.8 88.2 72.7 79.7
5000 88.3 72.8 79.8 88.3 72.7 79.7



8 Tomáš Brychcı́n, Pavel Král

4.6 Classification Results of the Different Model Combinations

In this section we evaluate and compare several combinations of our models (see Ta-
ble 5). The best model configurations from the previous experiments are used. These
configurations are compared over the baseline “word” approach (first line in the table).
This experiment clearly shows that almost all proposed features significantly improve
the document classification accuracy. The F-measure improvement is 2.1% in the abso-
lute value when all proposed features are used. Only the semantic space models do not
have any significant impact to improve the classification score. Note that this behavior
has been already justified in the previous section.

Table 5. Results of different model combinations. The term COALS denotes the combination
of all four COALS models (i.e. 100, 500, 1000, and 5000 clusters). The term HAL denotes the
combination of all HAL models. The term S-LDA means the combination of the S-LDA models
with 100 and 400 topics.

model P [%] R[%] Fm[%] impr. Fm[%]

words 88.1 72.7 79.7
stems 86.4 75.0 80.3 +0.7
words+stems 88.3 74.8 81.0 +1.3
words+HAL 88.4 72.8 79.9 +0.2
words+COALS 88.5 72.8 79.9 +0.2
words+S-LDA 89.2 74.6 81.2 +1.6
words+stems+S-LDA 88.8 75.5 81.6 +1.9
words+stems+S-LDA+COALS 89.0 75.6 81.7 +2.1

5 Conclusions and Future Work

In this work, we have proposed novel fully unsupervised features based on an unsu-
pervised stemmer HPS, Latent Dirichlet Allocation and semantic spaces (HAL and
COALS). These features were further integrated into the multi-label document clas-
sification task.

We have evaluated the proposed approaches on the ČTK corpus in Czech that is a
representative of morphologically rich languages.

We have experimentally shown that almost all proposed unsupervised features sig-
nificantly improve the document classification score. The F-measure improvement over
the baseline is 2.1% absolute, when all proposed features are used.

We plan to extend our work by experiments with different languages and language
families. Due to the unsupervised character of the proposed methods, no additional
annotations are required.
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