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Abstract—Latent Dirichlet Allocation (LDA) is a topic clas-
sification technique that produces a probabilistic model based
on word co-occurrence, for the purpose of text classification.
Conventional LDA ignores the fact that words may have multiple
meanings and that different words may have the same meaning.
This focus on the words rather than their meanings limits
the accuracy of the classification. This work introduces an
intermediate labelling component to LDA using the concepts in
DBpedia’s ontology to help capture some of the possible meanings
of the words appearing in the documents. We call this novel
technique Ontology-Driven LDA (OLDA). As for LDA, OLDA
can be combined with a self-training procedure to reduce the
amount of manually classified data required (we refer to the self-
training variant as ST-OLDA). We compared the classification
performance of ST-OLDA against the performance of two other
leading self-training classification methods: ST Term Frequency-
Inverse Document Frequency (ST TF-IDF) and ST-LDA. Our
experimental results show that the inclusion of the ontology
component helps to reduce the training time by nearly half whilst
achieving the highest accuracy in the classification of four widely
used datasets. In particular, ST-OLDA outperforms ST-LDA’s
accuracy of classification by as much as 11%.

Index Terms—NLP, topic classification, LDA, semi-supervised
learning

I. INTRODUCTION

Recent advances in natural language processing enable the
collection and analysis of unstructured text data with an
unprecedented breadth and scale [1]. An important analysis
task is the classification of documents into topics or categories,
so that humans can discover texts that are of interest to them
more easily. Obviously, as manual topic extraction is time-
consuming and does not scale well, automating this process is
very important and has been done successfully in some specific
domains, such as Tweet classification [2], public opinion
monitoring [3], personalised recommendation systems [4], as
well as legal documents [5].

Many existing classification techniques can summarise text
into topics (topic modelling) and accordingly identify topic
terms and classify texts (topic classification). Latent Dirichlet
Allocation (LDA) is one of the most commonly used topic
modelling techniques [2], [3], [6]. LDA is a probabilistic
model that projects a document into the topic space using the
Dirichlet probability distribution [7]. Each topic is seen as a
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collection of words and their probability distribution [8]. An
LDA model can be produced by both supervised and unsu-
pervised machine learning techniques. In general, supervised
techniques produce LDA models that vastly outperform those
produced by unsupervised techniques [2], [3], [6]. However,
supervised techniques need a training dataset that is manually
generated and very costly to produce [9], and as a result these
training datasets are usually small. However, larger training
datasets not only assure better generalisation, but also provide
better accuracy. In order to overcome the cost of obtaining
a large training dataset, [10] suggested the introduction of a
self-training phase to automatically enlarge an initially small
amount of training data. [11] used this idea with LDA resulting
in a technique called Self-Training LDA (ST-LDA). Once the
enlarged training dataset is generated, the topic classification
can then be performed using a conventional supervised tech-
nique, such as Support Vector Machine (SVM).

It is also possible to incorporate expert knowledge during
the generation of the topic model itself [12] instead of the
use of a self-training phase. However, this requires a larger
amount of human effort [11].

As conventional LDA approaches use words as self-
contained tokens, they ignore the fact that words may have
multiple meanings and that different words may have the
same meaning, thereby limiting the potential accuracy of
the models they produce [13]. For example, the sentences
“Google is launching their new phone” and “Microsoft is
stepping into the study of advanced electronics” would not
be classified into the same category using LDA because
they do not have any relevant words in common. However,
these sentences are related because Microsoft and Google are
both “companies” involved with “technology”. Our idea is to
bridge this gap by looking at some concepts associated with
the words “Microsoft” and “Google”. This can be done by
making use of a database containing a good set of cross-
domain knowledge such as DBpedia or WordNet. In this work,
we chose DBpedia, because it contains much more general
knowledge than WordNet.

DBpedia contains structured content about over 6.0 million
entities, classified in a consistent ontology. In DBpedia each
word is associated with a set of labels describing its general
properties within the ontology. Our approach uses these labels
to find implicit relationships between words and therefore
increase the overall accuracy of the classification. In our
previous example, Microsoft and Google would be associated
through the labels “company” and “technology” that they
share in DBpedia. Including this ontological knowledge as an



intermediate labelling component in LDA has the following
advantages: (i) it allows the topics to be defined more generally
in terms of ontological concepts rather than words and this
captures the semantical meaning of the words more accurately;
(ii) as a side-effect, we will see that this extra dimension helps
to reduce the training and classification times. In virtue of the
use of this ontological knowledge, we call the resulting tech-
nique Ontology-Driven Latent Dirichlet Allocation (OLDA).

As for LDA, OLDA can also employ a self-training phase
in order to enlarge the initial amount of manually classified
data. Accordingly, we call the variant using the self-training
phase Self-Training Ontology-Driven Latent Dirichlet Alloca-
tion (ST-OLDA). The self-training can be performed with any
appropriate procedure. We considered two alternatives: a rel-
atively ad hoc method employing a logistic regression model
and the procedure proposed in [11], which employs Gibbs
sampling. The former is faster to train but its classification is
less accurate. In our experiments, the combination of the more
precise self-training technique with OLDA outperformed ST-
LDA by as much as 11.01% (in the R52 dataset) and even
the classifier proposed by [14] (which is not self-trained and
requires more training data) in the “20 Newsgroups” dataset
by nearly 8%.

The remainder of this paper is organised as follows. Sec-
tion II provides some background about topic modelling.
Section III presents our new OLDA approach. Section IV
describes the two self-training techniques and how they can
be incorporated with OLDA. Section V describes the results
of our experimental analysis and Section VI concludes with a
discussion and areas for future work.

II. BACKGROUND

Topic modelling is a type of statistical modelling for dis-
covering the abstract topics that occur in a collection of doc-
uments. Intuitively speaking, given that a document is about a
particular topic, one would expect certain words to appear in
the document more frequently, and others less frequently. The
“topics” produced by topic modelling techniques are collec-
tions of related words. A topic model captures this intuition in
a mathematical framework, which allows examining a set of
documents to discover, based on the statistics of the words in
each one, what the topics might be and what each document’s
balance of topics is.

Topic extraction approaches commonly use a Vector Space
Model (VSM) representation, where topics are based on words
as independent units and are weighed using Term-Frequency
- Inverse Document Frequency (TF-IDF) [15]. However, the
sole use of word frequency is not sufficient to differentiate
between topics in many situations where the order of the
appearance of the word is important [16]. To address this,
Nigam et al. employs a Naı̈ve Bayes classifier to perform
parameter estimation of a statistical Expectation Maximisation
(EM) model (EM-NB) [17]. A significant drawback of this
approach is that it converges to a local optimum. Deerwester
et. al proposed Latent Semantic Analysis (LSA) to repre-
sent text as latent concepts in a low dimensional semantic

space [18]. LSA was further enhanced by interpreting topics
as multinomial word distributions using the probability den-
sity function, yielding a technique called Probabilistic Latent
Semantic Analysis (PLSA) [19]. However, PLSA is prone to
overfitting, i.e., incorrectly classifying documents. In order
to address PLSA’s overfitting problems, Blei et al. proposed
an improved model based on the Dirichlet prior probability
distribution [8] – the so-called Latent Dirichlet Allocation
(LDA). Each document in LDA is represented as a multinomial
distribution of topics, where topics are clusters of words.

Fig. 1 depicts a typical LDA matrix representation. Let
D = {D1, . . . ,Dn} be a collection of documents to classify into
the topics T = {T1, . . . ,Tl} and W = {W1, . . . ,Wk} be the set of
words appearing in D . ∆ is the matrix associating documents
to words, where each di j is 1 if the word Wj ∈ W appears
in the document Di ∈ D and 0 otherwise. LDA treats each
document in a collection as having been created from several
latent topics, each of which having an associated probability
distribution of co-occurring words [13]. This probability dis-
tribution is captured by a l×k matrix Φ with the probabilities
pab of each topic Ta (1≤ a≤ l) being described by word Wb
(1≤ b≤ k). The LDA model aims to obtain from ∆ and Φ a
n× l documents/topics matrix Θ with the probabilities qxy of
each document Dx (1≤ x≤ n) being associated with topic Ty
(1≤ y≤ l).

In spite of its strengths, LDA sometimes fails to capture
the true semantical meaning of the topics. Word-assignment
ambiguity, homonyms and polysemous words can introduce
noise into the model [20] which some variations of the
method have attempted to reduce. Panichella et al. used a
genetic algorithm to fine-tune the prior probabilities in Φ and
Θ [21]. Hsu et al. proposed a supervised hybrid LDA approach
utilising a genetic algorithm to optimise the weight vector of
the documents-topics matrix Θ [22]. Krasnashchok et al. em-
ployed named entities to recognise domain-specific terms and
introduced a new weighting model, improving interpretability,
specificity and the diversity of the extracted topics [23]. Hida
et al. proposed a dynamic and static topic model (DSTM)
for LDA to simultaneously consider the dynamic structures
of the temporal topic evolution and the static structures of
the topic hierarchy [24]. However, none of these approaches
seem to address LDA’s intrinsic inability to capture semantical
information. Guo et al. attempted to exploit dictionary defini-
tions explicitly from WordNet yielding a better understanding
of word semantics [25], but WordNet ontologies are too
fine-grained resulting in a topic model of less generalisation
power. Similarly, Liu et al. attempted to capture the context
of the words in documents by incorporating word embedding
and part-of-speech in their representation [14]. Indeed this
produced impressive results: their topic model with SVM clas-
sifier achieved 70.2% accuracy on the 20Newsgroups dataset.
As we shall see, this is one of the best classification results
for this dataset, but requires a lot of training data and its
performance is still lower than the accuracy of our proposed
OLDA model when combined with self-training.

A secondary issue with LDA is that the construction of
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Fig. 1. A typical schematic of LDA matrices

the topic model in a purely unsupervised manner results in
a rather inaccurate topic classification. Several approaches
have attempted to create semi-supervised models. Wang et al.
suggested that the construction of the topic model could be
improved by manually incorporating available expert knowl-
edge (ssLDA, [12]), but this still requires a lot of human
intervention. Fu et al. fixed the number of topics across
datasets [26], whereas Wu et al. represented documents as
concept vectors [27] using heuristic selection rules to select
only related keywords rather than the full-text obtained from
Wikipedia. Gu et al. combined a supervised Bi-directional
Recurrent Neural Network (Bi-RNN), a neural network with
Long Short-Term Memory (LSTM), and LDA to capture con-
textual information and discover latent semantic information in
the representation of short documents [28]. Finally, Pavlinek
et al. suggested the use of a self-training algorithm within
LDA (ST-LDA, [11]). To the best of our knowledge, this was
the first approach to use self-training in topic modelling. It
is worth noting that the self-training process, although done
automatically, can also be very time consuming in LDA. As
we shall see, the proposed incorporation of the ontological
component within OLDA can significantly reduce this time
whilst achieving higher classification accuracy at the same
time.

III. ONTOLOGY-DRIVEN APPROACH FOR TOPIC
CLASSIFICATION

Our classification approach addresses the two issues with
pure LDA mentioned in Section II, namely its inability to
consider different word meanings, and the amount of human
supervision needed to train the model. In order to address
the first problem, we introduce an intermediate step to the
topic-modelling process using labels representing concepts of
an ontology to capture the different meanings of the words.
For this reason, our technique can be considered an ontology-
driven variant of LDA, which we abbreviate to OLDA. In its
pure approach, it also requires human supervision, but as for
LDA, it also allows the incorporation of a self-training phase.
Accordingly, we refer to this self-training variant as ST-OLDA.

OLDA’s aim is to generate a documents/topics matrix Θ

giving the probability qxy of each document Dx being about a
certain topic Ty. The incorporation of the ontological concepts
is done through the introduction of an intermediate matrix
in the LDA scheme of Fig. 1 resulting in the scheme in
Fig. 2. We first pre-process the documents employing standard

open source NLP tools (StanfordNLP [29]) for part-of-speech
(POS) tagging and extracting the set W of all words in
them. As before, we construct the matrix ∆ of binary values,
where each cell di j is given the value 1 if the document Di
(1≤ i≤ n) contains the word Wj (1≤ j ≤ k) or 0, otherwise.
Using DBpedia [30], we then construct the set of all labels
L = {L1, . . . ,Lm} that are associated with a word W ∈ W .
Analogously, we then construct the matrix Γ of binary values,
where each cell sro is given value 1 if the word Wo (1≤ o≤ k)
can be described by the label Lr (1≤ r ≤ m), or 0 otherwise
(this process is described in more detail in Section III-A).
The matrix Σ giving the probabilities rab of each topic Ta
being described by each label lb is constructed using a logistic
regression technique. Finally, Θ is computed by a supervised
learning method using ∆, Σ and Γ (the computation of Σ and Θ

are described in Section III-B). In Section IV we explain how
the amount of human supervision needed can be minimised.

A. Generating the Labels/Words Matrix Γ

DBpedia is a crowd-sourced community website providing
structured content extracted from the information created
in various Wikipedia projects. This structured knowledge is
freely available for use and described by a shallow, cross-
domain ontology called the DBpedia Ontology. The DBpedia
Ontology currently consists of 685 concepts described by 2795
different properties. An important property of each concept is
its Type, which loosely describes the semantic meaning of the
concept. We use the type property of the concepts to create the
set of labels L and the matrix Γ which gives the association
between words and labels as follows (this process is done
programmatically via scripts without human intervention).

For each noun W ∈ W , we query DBpedia to obtain
W ’s type properties and then construct the set of labels
L(W ) associated with the word W . Because of the way the
type properties are presented in DBpedia, some basic data
cleansing is needed: we remove any redundant information
in the property; segment words as needed; and aggregate
similar terms. For example, the word “computer” has ten
different Type properties in DBpedia: Thing; Device; Ar-
tifact100021939; ComputerSystem103085915; Instrumental-
ity103575240; Object100002684; PhysicalEntity100001930;
System104377057; Whole100003553 and WikicatComputer-
Systems. During cleansing we remove the numerical ref-
erences from the types; segment words in terms such as
“ComputerSystem”; and combine similar words such as “Sys-
tem” and “Systems” into a single label. For our “com-
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Fig. 2. Ontology-Driven topic model matrices schematic

puter” example, we would end up with the set of labels
L(computer) = {T hing,Device,Arti f act,Computer System,
Instrumentality,Ob ject,Physical Entity,System, . . .}.

We then set L =
⋃

W∈W L(W ); assume a fixed ordering
of labels [L0,L1, . . . ,Lm] (for Li ∈L ); and then construct the
matrix Γ by setting si j = 1 if L j ∈ L(Wi), or 0 otherwise.

B. Generating the Matrices Θ and Σ

The documents/topics matrix Θ and the topics/labels matrix
Σ are generated iteratively using the input matrix Γ in a
logistic regression model. This is a machine learning technique
that tries to capture patterns within data features. The model
uses the linear weighted combination of inputs from Γ and
generates the predicted probabilities of each label relating to
each topic (i.e., the matrix Σ) [31], [32]. A schematic diagram
of the model is shown in Fig. 3. For each word Wi ∈W , the
corresponding column in the labels/words matrix Γ is used
as an input data vector Li (equation (1) below) to generate
an output vector yi with the predicted probability of each
label being associated with a topic, as described next. A fully
connected layer takes the vector Li and generates the evidence
vector zi using (2) and a weight matrix Wt and bias vector bt .
The initial values W0 and b0 are randomly given.

Li j =

{
1 if l j ∈ L(Wi)

0 if l j 6∈ L(Wi)
(1)

zi = f (Li) = WtLi +bt (2)

Each element r̂a in the evidence vector zi is then normalised
in the softmax layer to finally generate the vector yi according
to (3) (this means that the values within yi add up to 1). Each
element rab in the output vector yi is the predicted probability
of each label lb being associated with a topic Ta. This whole
process is repeated for all words (i ∈ (1,2, . . . ,k)), resulting in
the matrix Σt . Finally, the matrix Θt can be computed using
the matrix schematic shown in Fig. 2.

yi = so f tmax(zi) =
er̂a

∑
l
a=1 er̂a

(3)

Consequently, the initial matrices Σ0 and Θ0 are obtained
using random values for the weight matrix W0 and the bias
vector b0. For each subsequent iteration t+1, we then measure
the Euclidean distance between the predicted classification Θt
and the true classification Θs (recall Θs is manually done).
Using the Stochastic Gradient Descent technique we obtain
new values for Wt+1 and the vector bt+1 [33], [34] that

minimise this distance. We then calculate Σt+1 and Θt+1 as
before using Wt+1 and bt+1. This process continues until the
distance between the predicated classification Θ j computed
in an iteration j and the true classification Θs goes below
a desired threshold. The output of this process is the doc-
uments/topics matrix Θ, the topics/labels matrix Σ, and the
optimised weight matrix W and bias vector b.

IV. REDUCING THE REQUIRED AMOUNT OF
PRE-CLASSIFIED DATA

Obviously, obtaining a large training dataset is costly, so
we would like to minimise the amount of pre-classified data
required. As done for LDA in the creation of ST-LDA, this
can be done by introducing a self-training stage to enlarge the
original amount of manually trained data.

In this section, we consider the use of two self-training
approaches for this: the first, presented in Section IV-A,
consists of a relatively ad hoc procedure that is quick to
perform and produces good but sub-optimal results. As an
alternative, we also describe Pavlinek et al.’s self-training
procedure [11] in Section IV-B. We will see that this procedure
takes nearly twice as long to complete as the ad hoc method,
but produces the best results when combined with OLDA. We
stress that the introduction of the labelling matrix reduces the
time required for training by approximately half independently
of the training procedure used.

A. A Simple Self-training Procedure

Instead of using a large amount of pre-classified documents
to calculate values for the weight matrix W and the bias vector
b, the idea is to take a very small amount of pre-classified
documents Ds and a much larger amount of unclassified
documents Du to output an enlarged classified training matrix
Θss from the manually provided matrix Θs. W and b are
obtained from Ds and Θs as described in Section III-B until
we reduce the distance between Θt and Θs to below 0.55 (this
choice of value is explained in Section V-B).

In a second phase, we use the values of W and b thus
obtained to automatically train the remaining unclassified data
(Du). Thus, the final training set Dss consists of the manually
classified set Ds together with the automatically trained set
Du and is applicable for training purposes as in any other
supervised classification method. The resulting topic model
Θss and Σss can then be used to classify the remaining
unclassified documents.
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B. The Self-training Procedure Proposed by Pavlinek

Pavlinek et al. proposed a more elaborate self-training
algorithm also consisting of two phases [11]. As before, the
goal of the first phase is to generate a topic model from the
smaller amount of manually classified data Ds. However, they
employ Gibbs sampling [35] to do this.

In the second phase, unclassified data (from Du) is it-
eratively classified using the topic model generated in the
first phase and compared using a centroids distance until
a predefined threshold is reached. The centroid distance is
defined by a semantic similarity measure based on the topic
distribution and a cosine similarity measure defined in terms
of the centroids for each category [36].

The second phase finishes when for each unclassified doc-
ument in Du, the difference between the distances from the
two nearest centroids is smaller than the similarity threshold.
As a result of this phase, we also end up with an enlarged
classified training set Dss consisting of the manually classified
set Ds and the automatically classified set Du. Full details of
the whole process can be found in [11].

V. EXPERIMENTAL ANALYSIS

As we mentioned, OLDA can be used with or without a
self-training stage. When self-training is employed we use the
prefix “ST” and refer to the resulting classification method
as ST-OLDA instead. As we suggested two different self-
training procedures, the prefix ST is subscripted with H (to
indicate the use of the ad hoc training procedure) or P (to
indicate the use of Pavlinek et. al.’s). Where the distinction
is irrelevant, we avoid the subscript. With all this in mind,
we conducted comprehensive benchmarking to evaluate the
performance of our method and variants against a number
of other semi-supervised methods using four different widely
available datasets.

More specifically, we compared the performance of OLDA
with the performance of ST-OLDA with the Bag-of-Words
(BOW) representation with a Term Frequency-Inverse Doc-
ument Frequency (TF-IDF) weighting scheme [37] and with
the Latent Dirichlet Allocation (LDA) [11]. Furthermore, we

considered the two self-training techniques (STH and STP)
described in Section IV for LDA, TF-IDF and OLDA, result-
ing in a total of six variations of the semi-supervised methods.
The results of our experiments are given in Tables I and II and
discussed in more detail in Section V-B. All experiments were
performed on a PC with an i7 processor, a NVIDIA GeForce
GPU GTX 970M graphics card, and 16GB RAM.

A. Datasets Used in the Analysis

In our analysis we used the 20 Newsgroups dataset, the
Reuters R8 and R52 datasets and the WebKB dataset. For each
dataset, we performed some preprocessing to combine word
variants and to remove words that we deemed irrelevant. To be
precise: (i) all words were converted to lower case; (ii) stop
words (such as “etc.”, “I’m” and “of”) were removed; (iii)
words shorter than three characters were also removed; and
(iv) plural words were converted into singular using lemmati-
zation tool from StanfordNLP. We now briefly describe how
each of these datasets were used.
20 Newsgroups: This dataset comprises a collection of 18,846
newsgroup documents, partitioned (nearly) evenly across 20
different categories, each corresponding to a different topic.
We used the so-called “bydate” version, where duplicates
and some headers are removed. In total, 233,745 words
were extracted from the documents. After preprocessing the
number of words was reduced to 155,387 and hence our
documents/words matrix ∆ is a 18,846 × 155,387 binary
matrix. We then extracted 13,820 labels in DBpedia associated
with these words, yielding a labels/words matrix Γ of size
13,820×155,387 for the ST-OLDA methods. For each round
of experiments for ST TF-IDF, ST-LDA and ST-OLDA, we
used 5% of the data for the first phase of training, 45% for the
second semi-supervised phase, and used the remaining 50%
for testing.
Reuters R8 and Reuters R52:These two datasets are derived
from the Reuters-21578 dataset and are single labelled with
a ModApte split, which means that each topic category con-
tains at least two documents and hence at least one can be
used for training and one for testing. Reuters R8 contains



TABLE I
CLASSIFICATION ACCURACY RESULTS

Dataset Semi-supervised STH Semi-supervised STP
TF-IDF LDA OLDA TF-IDF LDA OLDA

20 Newsgroups 56.21% 61.33% 72.12% 60.25% 68.51% 78.01%
Reuters R8 20.11% 60.54% 77.32% 23.66% 75.71% 83.11%
Reuters R52 22.05% 45.88% 56.14% 25.87% 53.24% 64.25%

WebKB 63.31% 68.09% 74.90% 67.13% 72.38% 81.89%

7674 documents divided into 8 categories. From the words
extracted, 7808 were left after preprocessing, resulting in a
7674×7808 binary documents/words matrix ∆. We then found
5315 labels associated with these words in DBpedia, yielding
a 5315× 7808 labels/words matrix Γ. Reuters R52 consists
of 9100 documents divided into 52 categories. Preprocessing
of the words extracted resulted in 8937 words yielding a
9100× 8937 binary documents/words matrix ∆. As before,
we extracted 6471 associated labels from DBpedia, yielding
a 6471×8937 labels/words matrix Γ. With these datasets, we
employed an approximate 70/30 ratio for training/testing as
normally employed elsewhere. For ST TF-IDF, ST-LDA and
ST-OLDA, we used 7% of the data for the first phase of
training, 63% for the second phase, leaving the remaining 30%
for testing.
WebKB: This dataset comprises a collection of websites
from computer science departments, whose pages are divided
into seven categories: student, faculty, staff, course, project,
department and other. Our experiments used a variant of
the dataset covering 4199 documents from the first four
previous categories. After preprocessing, we were left with
a 4199× 7719 binary documents/words matrix ∆. We found
5109 associated labels in DBpedia, yielding a 5109× 7719
labels/words matrix Γ. For ST TF-IDF, ST-LDA and ST-
OLDA, we used 6% of the data for the first phase of training,
60% for the second phase, and the remaining 33% for testing.

B. Experimental Results

We conducted two rounds of experiments with each of the
four datasets. In each round of the semi-supervised experi-
ments we performed 10 repetitions in the training and selected
the data for training using stratified random sampling for each
topic category, so that each topic had equal representation in
the training set.

Table I summarises the classification accuracy results of
TF-IDF, LDA and OLDA when using either of the two self-
training procedures STH and STP. Table II summarises the
topic model’s construction times for each techniques for the
20Newsgroup dataset.

In what follows, we discuss the results using each self-
training procedure in more detail.

1) Self-Training Using the Simplified Approach (STH ): As
we mentioned in Section IV-A, the training procedure stops
when the distance between the predicted and actual classifica-
tion drops below a certain threshold. In our experiments, this
distance drops dramatically in the first 2,500,000 iterations,
decreasing further but at a reduced rate in later iterations.

The distance remained fairly stable after 20,000,000 iterations
dropping to values close to 0.54. For that reason, we stop
iterating when the distance goes below 0.55.

As shown in Table I, TF-IDF performed worst of all in
all datasets, with OLDA also outperforming LDA by quite
a considerable margin (e.g., 77.32% against 60.54% in the
Reuters R8 dataset). As shown in Table II, the construction
of the topic model for the 20 Newsgroups dataset using the
training procedure STH for OLDA took about two days to
complete while it took five days for LDA. This is 40% of the
time.

2) Self-Training Using Pavlinek et al.’s Approach (STP):
OLDA’s construction of the topic model for the 20Newsgroup
dataset using the training procedure STP took about five days,
whilst LDA’s took ten days. That is, OLDA’s construction took
around half the time.

In terms of accuracy, the training procedure STP performed
better in all techniques and datasets. TF-IDF performed worst
in all datasets albeit it was better when using the training
procedure STP than when using STH . The best combination
was STP and OLDA, which outperformed STP and LDA by
quite a considerable margin (64.25% against 53.24% in the
Reuters R52 dataset).

TABLE II
TIME TO CONSTRUCT THE 20 NEWSGROUPS TOPIC MODEL

Technique Construction time (days)

Semi-supervised STH
TF-IDF 2

LDA 5
OLDA 2

Semi-supervised STP
TF-IDF 6

LDA 10
OLDA 5

So we can conclude that the self-training procedure STP
is superior to the simple training procedure STH although
its topic model takes roughly twice as long to construct. We
can also conclude that the introduction of the intermediate
ontology concepts to the topic model helps to reduce the
amount of time required to train the model (independently
of the self-training procedure employed).

So our overall conclusion is that the introduction of the
concept matrix into the topic model not only increases the
accuracy of the classification across all datasets but also helps
to reduce the training time by up to 60%.



VI. CONCLUSIONS AND FUTURE WORK

Conventional data-driven approaches to topic modelling of
natural language texts, such as Term Frequency - Inverse
Document Frequency (TF-IDF), Latent Semantic Analysis
(LSA) and Latent Dirichlet Allocation (LDA), come with
two important limitations. Firstly, these approaches do not
use the semantical meanings of the words, ignoring the fact
that individual words may have multiple meanings and that
different words may have the same meaning. This limits the
ability of the method to perform the modelling independently
of the particular set of words describing the topics. Secondly,
they require a significant amount of classified training data
for supervised machine learning. Generating this training data
is expensive and time-consuming as it relies on humans to
collect, read and manually classify the data in a consistent
manner.

In this paper we propose a novel approach based on LDA
that uses ontological information obtained from DBpedia
about the semantical meaning of the words, allowing topics
to be represented more faithfully and independently to the
particular set of words used to describe them. This approach,
that we called Ontology-Driven Latent Dirichlet Allocation
(OLDA), can be combined with a self-training phase to pro-
duce a semi-supervised method (ST-OLDA), which requires
only a small amount of pre-classified training data. The idea
is to generate the topic model using the restricted amount of
manually classified data – typically, only 10% of the training
data, and then use the remaining 90% of the training data
to automatically train the model. The resulting model is then
used to classify the remaining testing data.

Our experiments, using the four datasets “20 Newsgroups”,
“Reuters R8”, “Reuters R52” and “WebKB”, show that the
addition of the semantical component into LDA significantly
increases the accuracy of the classification. In addition, when
used with self-training, this allows the reduction of the amount
of trained data needed and significantly increases the per-
formance of the classification over ST-LDA and ST TF-IDF,
while reducing the time required for training.

Our main conclusions can be summarised as follows:

1) The inclusion of the ontological component reduces the self-
training time by nearly half using two distinct self-training
procedures. In particular, it reduces the time needed for
training using the self-training procedure proposed by [11] by
nearly half in the 20 Newsgroups dataset.

2) The inclusion of the ontological component also increases
the accuracy of the classification regardless of the self-training
method employed by between 6 and 17 percentual points
(depending on the training method and dataset).

3) The self-training procedure proposed by [11] produces
better accuracy results than an Ad Hoc procedure suggested
in this paper, for both LDA and OLDA, independently of
the dataset, although it takes twice as long to train. When
combined with OLDA it provides the best accuracy results in
all datasets, significantly outperfoming ST-LDA.

These results are very encouraging and we think that there
is scope for further improvement of the classification accuracy
through the use of specialised ontologies and/or a more
fine-tuned selection of labels. Furthermore, incorporating the
relationships between words and ontological concepts into the
topic model is also an interesting future direction. These are
left as future work.
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