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ABSTRACT 

Most web content classification methods are based on the vector-
space model of information retrieval. One of the important 
advantages of this representation model is that it can be used by 
both instance-based and model-based classifiers for 
categorization. However, this popular method of document 
representation does not capture important structural information, 
such as the order and proximity of word occurrence or the 
location of a word within the document. It also makes no use of 
the mark-up information that can be easily extracted from the web 
document HTML tags. 

A recently developed graph-based web document representation 
model can preserve web document structural information. It was 
shown to outperform the traditional vector representation, using 
the k-Nearest Neighbor (k-NN) classification algorithm. The 
problem, however, is that the eager (model-based) classifiers 
cannot work with this representation directly. In this paper, three 
new, hybrid approaches to web document classification are 
presented, built upon both graph and vector space representations, 
thus preserving the benefits and discarding the limitations of each. 
The hybrid methods presented here are compared to vector-based 
models using two model-based classifiers (C4.5 decision-tree 
algorithm and probabilistic Naïve Bayes) on two benchmark web 
document collections. The results demonstrate that the hybrid 
methods presented in this paper outperform, in most cases, 
existing approaches in terms of classification accuracy, and in 
addition, achieve a significant reduction in the classification time. 

Categories and Subject Descriptors 
H.3.1 [Content Analysis and Indexing]: Linguistic processing; 
I.5.2 [Pattern Recognition]: Design Methodology—classifier 
design and evaluation 

General Terms 
Algorithms, Experimentation. 
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Web content mining, document classification, graph theory. 
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1. INTRODUCTION 
Document classification (a.k.a document categorization or topic 
spotting) is the task of labeling documents with a set of 
predefined thematic categories. The first document classification 
approaches belonged to the so-called knowledge engineering 
domain. Categorization according to these techniques was based 
on rules generated by knowledge experts for each one of the 
categories separately. Such a rule generation was very expensive, 
and its prediction capability was low. Nowadays machine learning 
and data mining approaches are most commonly used for 
classification purposes. These techniques use a set of pre-
classified documents to induce a classification model. This model 
is then used to classify previously unseen documents. 

In information retrieval techniques, the vector space model [ 20] is 
typically used for document representation. A set of terms 
(features) T(t1,...,t|T|) that occurred at least once in at least one 
document of the corpus serves as a feature set and each document 
dj is represented as vector⎯dj = (w1,...,w|T|), where each wi is a 
weight (significance) of term ti in document dj. Set T is usually 
called vocabulary or dictionary1. The differences between the 
various approaches are in:  
the method used to define the term 
the method used to calculate the weight of the term 
In traditional information retrieval techniques single words are 
used as terms. This method is called 'set' or 'bag-of-words' and it 
is widely used in document categorization research studies and 
applications. Some examples can be found in [ 17,  25,  14, and  5]. 
According to this approach, vocabulary is constructed from either 
all or N most important (having the highest weight) words that 
appear in training set documents. Though this simple 
representation provides relatively good classification results in 
terms of accuracy, its limitations are obvious. This popular 
method of document representation does not capture important 
structural information, such as the order and proximity of term 
occurrence or the location of a term within the document. 
As to term weight calculation, the TF × IDF (term frequency × 
inverse document frequency) measure [ 21,  22] is most frequently 
used. Such a calculation gives the highest weight to terms that 
occur frequently in a specific document but rarely in any other 
documents.  
The Boolean model of Information Retrieval is also very popular 
and it usually produces good accuracy results [ 1,  11]. Here a 
                                                                 
1 The difference between dictionary and bag/set of words is that 

in the first, term is not defined and can be anything, while in the 
second, term is a single word.  



document is represented as a vector where dimension values are 
Boolean with 0 indicating the absence and 1 indicating the 
presence of the corresponding dictionary term in the document. 
In a number of works [ 8,  13,  6,  7] more complicated text 
representation techniques were presented and tested. These 
representations did not yield better results compared to the bag-
of-words in [ 21]. 
Web document classification became a very important sub-field 
of document categorization in the last decade due to the rapid 
growth of the Internet. Most web categorization methods 
originated in traditional text classification techniques that use 
only internal text for documents representation and classification 
model induction. Such an approach is not optimal for web 
documents, since it completely ignores the fact that web 
documents contain markup elements (HTML tags), which are an 
additional source of information. These tags can be used for 
identification of hyperlinks, title, underlined, or bold text, etc. 
Major document representation techniques also give no weight to 
the order and combination of words in the text. We believe that 
this kind of structural information may be critical for accurate 
internet page classification. Better document representation is a 
solution for the problems explained above.  
The Graph-Theoretic web document representation technique was 
recently developed [ 23]. The strength of the graph approach is in 
its ability to capture important structural information hidden in the 
document and its HTML tags. Capability to calculate the 
similarity between two graphs [ 3,  4] allows the classification of 
graphs using some distance-based (“lazy”) algorithms such as k-
NN; the online computational complexity of such kinds of 
algorithms is, however, very high. It is obvious, therefore, that 
lazy algorithms cannot be used for massive or online document 
classification. The major weakness of the graph representation is 
that model-based Data Mining algorithms, such as C4.5 [ 19] 
Naïve Bayes [ 9] and others, cannot work with it. This fact 
prevents quick document categorization based on a pre-induced 
classification model. 
In this paper, we present new experimental results for our recently 
developed method [ 15,  16]  of web document representation, 
based on frequent sub-graph extraction that can help us to 
overcome the problems of traditional bag-of-words [ 20] and graph 
[ 23] techniques. Our hybrid methodology has two main benefits: 
(1) we keep important structural web page information by 
extracting relevant sub-graphs from a graph that represents this 
page; (2) we can use most eager classification algorithms for 
inducing a classification model because, eventually, a web 
document is represented by a simple vector with Boolean values.  
In this paper, we evaluate the hybrid representation methodology 
on two model-based classifiers (C4.5 decision-tree algorithm and 
probabilistic Naïve Bayes) using two benchmark web document 
collections. 

2. Graph Document Models: An Overview 
In this section a novel, graph-based methodology is introduced, 
designed especially for web document representation [ 23]. The 
main benefit of graph-based techniques is that they allow keeping 
the inherent structural information of the original document. 
Before describing the graph-based methodology, the definition of 
a graph, subgraph and graph isomorphism should be given.  

A graph G is a 4-tuple: G= (V, E,α,β), where V is a set of nodes 
(vertices), E ⊆ V×V is a set of edges connecting the nodes, α : V 
→ ∑v is a function labeling the nodes, and 
β : V×V → ∑e is a function labeling the edges (∑v and ∑e being 
the sets of labels that can appear on the nodes and edges, 
respectively). For brevity, we may refer to G as G= (V, E) by 
omitting the labeling functions. 

A graph G1=(V1,E1,α1,β1) is a subgraph of a graph 
G2=(V2,E2,α2,β2), denoted G1 ⊆ G2, if V1 ⊆ V2,  
E1 ⊆ E2 ∩ (V1 × V1), α1(x) = α2(x) ∀ x∈V1 and β1(x, y) = β2(x, y) 
∀ (x, y) ∈ E1. Conversely, graph G2 is also called a supergraph of 
G1. 

All graph representations proposed in [  23] are based on the 
adjacency of terms in an HTML document. Under the standard 
method each unique term (keyword) appearing in the document 
becomes a node in the graph representing that document. Distinct 
terms (stems, lemmas, etc.) can be identified by a stemming 
algorithm and other language-specific normalization techniques. 
Each node is labeled with the term it represents. The node labels 
in a document graph are unique, since a single node is created for 
each keyword even if a term appears more than once in the text. 
Second, if word a immediately precedes word b somewhere in a 
"section" s of the document, then there is a directed edge from the 
node corresponding to term a to the node corresponding to term b 
with an edge label s. An edge is not created between two words if 
they are separated by certain punctuation marks (such as periods). 
Sections defined for the standard representation are: title (TL), 
which contains the text related to the document's title and any 
provided keywords (meta-data); link (L), which is the anchor text 
that appears in hyper-links on the document; and text (TX), which 
comprises any of the visible text in the document (this includes 
hyperlinked text, but not text in the document's title and 
keywords).  Graph representations are language-independent: they 
can be applied to a normalized text in any language. An example 
of a standard graph representation of a short English web 
document is shown in Figure 1. 
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Figure 1 Standard Graph Document Representation 

 
Ability to calculate similarity between two graphs allows to 
classify graphs with some distance-based lazy algorithms like k-
NN, but available eager algorithms (like ID3, C4.5, NBC etc) 
work only with vectors and cannot induce even a simple 
classification model from a graph structure. On the other hand, 
lazy algorithms are very problematic in terms of classification 
speed and cannot be used for massive online classification of web 
documents represented by graphs. 



3. Short Methodology Overview 
3.1 Term Definition 
In order to represent a web document, a document term has to be 
defined first. The proposed hybrid methodology is based on graph 
document representation [  23]. In the representation methods 
presented here, terms are defined as subgraphs selected to 
represent a document already converted into a graph form. It is 
obvious that all possible subgraphs in a document graph cannot be 
taken as attributes because of their quantity, so some extraction 
criteria and techniques should be proposed.  In this work, two 
optional term selection procedures are offered, called Hybrid 
Naïve and Hybrid Smart. 

3.2 Categorization Model Induction Based on 
a Hybrid Document Representation 
The process for inducing a classification model from labeled web 
documents represented by graphs is shown in Figure 2. 
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Figure 2 : Classification Model Induction 
 
First we obtain a training set of labeled web documents D = 
(d1,…, d|D|) and a set of categories as C = (c1, …, c|C|), where each 
document di ∈ D; 1≤i≤|D| belongs to one and only one category 
cv ∈ C; 1≤v≤|C|. Then graph representation of each document is 
generated (Section 3) and a set of labeled graphs G = (g1, …, g|D|) 
is obtained. Now we are able to extract predictive features 
(subgraphs in this case) by identifying the most relevant for 
classification subgraphs in a set of training graphs. Naïve or 
Smart subgraph extraction methods can be used (see sub-sections 
3.3 and 3.4 respectively). A set of terms or vocabulary T = (t1, …, 
t|T|) is the output of this stage. 
Using T we can now represent all document graphs as vectors of 
Boolean features for every subgraph term in a set T ("1" – a 
subgraph from the set created in the previous stage appears in the 
graph). Feature selection may be performed to identify best 
attributes (Boolean features) for classification.  
Then prediction model creation and extraction of classification 
rules can be performed by one of the "eager" classification 
algorithms. Naïve Bayes and C4.5 were used for evaluation 
purposes in this particular research study. 

3.3 The Hybrid Naïve Approach 
All graphs representing the web documents are divided into 
groups by class attribute value (for instance: positive and negative 
in case of binary categorization). 

Then the frequent sub-graphs extraction algorithm (see sub-
section 3.5 below) is activated on each group (category) with a 
user-specified threshold value 0 < tmin < 1. Every sub-graph more 
frequent than tmin is chosen by the algorithm to be a term 
(classification feature) and stored in the vocabulary. All accepted 
groups of sub-graphs relevant for classification are combined into 
one set. The Naive method is based on a simple postulate that an 
attribute explains the category best if it is frequent in that 
category but in real-world situations it is not necessarily the case. 
For example if sub-graph g is frequent in more than one category 
it can be chosen to be an attribute but cannot help us to 
discriminate instances belonging to those categories. The”smart” 
extraction method has been developed by us to overcome this 
problem. 

3.4 The Hybrid Smart Approach 
First publication related to Smart term extraction appears in [ 16]. 
As in the Naïve representation, all graphs representing the web 
documents should be divided into groups by class attribute value. 
In order to extract subgraphs relevant for classification we defined 
a measure called Classification Rate (CR) [19]. The CR measure 
maximizes the weight of subgraphs that are frequent in some 
specific category and infrequent in other categories. Only 
subgraphs with higher CR then some predefined CRmin value are 
chosen to be attributes. Calculation of Classification Rate for each 
candidate sub-graph is a slightly more complicated and time 
consuming procedure than finding frequency only in the Naïve 
approach, because of graphs from other categories that are taken 
into account. Notwithstanding, as can be seen below, in most 
cases using Smart representation brings to better accuracy results. 
We also tried to combine between Naïve and Smart methods by 
defining and using tmin and CRmin together. This was done because, 
in some cases, when a subgraph is infrequent in some category 
but even less frequent or non-existent in other categories it can 
still pass the CRmin threshold. This hypothesis is theoretically 
logical, but in practice it does not provide a significant 
improvement in classification accuracy. However, introduction of 
a fixed frequency threshold for additional elimination of non-
relevant subgraphs can potentially reduce execution time.  

3.5 Frequent sub-graph extraction problem 
The input of the sub-graph discovery problem is, in our case, a set 
of labeled, directed graphs and a parameter tmin such that 0 < tmin < 
1. The goal of the frequent sub-graph discovery is to find all 
connected sub-graphs that occur in at least (tmin*100) % of the 
input graphs. Additional property of our graphs is that a labeled 
vertex is unique in each graph. This fact makes our problem much 
easier than the standard sub-graph discovery case [12] where such 
restriction does not exist. The most complex task in frequent sub-
graph discovery problem is the sub-graph isomorphism 
identification2. It is known as NP-complete problem when nodes 
in the graph are not uniquely labeled but in our case it has a 
polynomial O(n2) complexity. We use breadth first search (BFS) 
approach and simplify the algorithm given in [12] for sub-graph 
detection.  
Our algorithm and its notations are presented in Algorithm 1 and 
Table 1 respectively. First, all frequent nodes in the input set of 

                                                                 
2 Means that a graph is isomorphic to a part of another graph. 



graphs are detected and inserted into the frequent subgraph set. At 
each iteration of the While loop (Row 3), we try to extend each 
frequent subgraph of size k by finding subgraph isomorphism 
between it and the graphs from the input set and adding outgoing 
edge to the subgraph (Row 7). Then we construct a set Ck of all 
possible candidate subgraphs (Rows 8 to 13). We store frequent 
candidates in the frequent set Fk (Row 14) and return the union of 
all frequent subgraph sets obtained after each iteration (Row 16). 
 

Table 1: Notations Used in Algorithms 

Notation Description 

G Set of document graphs 

tmin Subgraph frequency threshold 

K Number of edges in the graph 

G Single graph 

sg Single subgraph 

sgk Subgraph with k edges 

Fk Set of frequent subgraphs with k edges 

Ek Set of extension subgraphs with k edges 

Ck Set of candidate subgraphs with k edges 

 
 
 BFS Subgraph Extraction (G, tmin) 

 1: F0 ← Detect all frequent 1 node subgraphs (vertexes) in G 
 2: k ← 1  
 3: While Fk-1 ≠ Ø Do 
 4: For Each subgraph sgk-1 ∈ Fk-1 Do 

 5:  For Each graph g ∈ G Do 
 6:   If sgk-1 ⊆ g Then 
 7:    Ek ← Detect all possible k edge extensions of sgk-1 in g 
 8: For Each subgraph sgk ∈ Ek Do 
 9:  If sgk already a member of Ck Then 
10:   {sgk ∈ Ck}.Count++ 
11:  Else 
12:   sgk.Count ← 1 
13:   Ck ← sgk 
14: Fk ← {sgk in Ck | sgk.Count > tmin * |G|} 
15: k++ 
16: Return F1, F2, …Fk-2          

Algorithm 1: Frequent Subgraph Extraction Process 

4. Comparative Evaluation  
4.1 Description of Benchmark Data Sets 
In order to evaluate the performance of the methods studied in 
this work, two experiments were performed using two different 
collections of web documents, called the K-series [ 2] and the U-
series [ 7].  These data sets were selected for two major reasons. 
First, all of the original HTML documents are available for these 
data sets, which is necessary if the web documents are to be 
represented using the proposed hybrid methodology. Many other 
document collections only provide a pre-processed vector 
representation, which is unsuitable for use with these methods. 
Second, ground truth classifications are provided for each data 
set, and there are multiple classes (categories) representing easily 

understandable groupings that relate to the content of the 
documents. Most other benchmark collections of web document 
are not labeled or stored with some other task in mind than 
content-related classification (e.g., question answering or building 
a predictive model based on user preferences). 
The K-series consists of 2,340 documents and 20 categories: 
business, health, politics, sports, technology, entertainment, art, 
cable, culture, film, industry, media, multimedia, music, online, 
people, review, stage, television, and variety. The last 14 
categories are subcategories related to entertainment, while the 
entertainment category refers to entertainment in general. 
Experiments on this data set are presented in [ 24]. These were 
originally news pages hosted at Yahoo! (www.yahoo.com). The 
K-series dataset can be downloaded from the following FTP 
directory: ftp://ftp.cs.umn.edu/dept/users/boley/PDDPdata. 
The U-series contains 4,167 documents taken from the computer 
science department of four different universities: Cornell, Texas, 
Washington, and Wisconsin. Initially, documents were divided 
into seven different categories: course, faculty, students, project, 
staff, department and other that catch all other documents. For the 
classification experiments, only four of these classes were used: 
course, faculty, students, and project, and pool the remaining 
examples into a single other class. This collection can be found 
and downloaded here - http://www.cs.cmu.edu/~webkb. 
The bag-of-words representation was compared with our hybrid 
techniques using two model-based classifiers: Naïve Bayes and 
C4.5.  

4.2 Preprocessing and Representation 
In this section a comparison of Hybrid and bag-of-words 
representation techniques is presented. Some preprocessing steps 
were done before representation: 

• All redundant words (stopwords) were removed from every 
document 

• Stemming was done using the Porter stemmer [ 18]. 
To construct a dictionary for the bag-of-words representation, N 
most frequent words were taken from each document. Unique 
words were inserted in the dictionary. The different values of N 
which were used in these experiments together with the dictionary 
sizes obtained can be found in Table 1. Each document was then 
represented as a vector of Boolean values, 1 for presence and 0 
for absence of a dictionary word in the document. As can be 
understood from Table 1, the longest vector (21,463 words) was 
obtained using the U-series data set and N = 100. After the 
representation stage, documents were randomly partitioned into a 
training set and a validation set.  The documents in the validation 
set were classified using the classification model induced from the 
training set. Since in some cases the accuracy gap between two 
different cross validation runs with the same dictionary can reach 
1.5 – 2%, the average of ten runs of a ten-fold cross validation 
was used as the final accuracy value for each collection and 
dictionary size.  
 



Table 2: Dictionary sizes per data set and N 

          
N 
 
Series 

20 30 40 50 100 

K 6553 7988 9258 10663 16874 
U 9313 11814 13911 15594 21463 

 
 

As for Hybrid techniques, the same N most frequent words in 
each document were taken for graph construction, that is, exactly 
the same words in each document were used for both the graph-
based and the bag-of-words representations. Subgraphs relevant 
for classification were then extracted using the Naïve and the 
Smart approaches. A dictionary containing subgraphs instead of 
simple words was constructed. Each document was then 
represented as a vector of Boolean values, 1 for presence and 0 
for absence of a dictionary term (subgraph) in the document. 
Hundreds of experiments were performed, with N being varied 
together with tmin and CRmin for Naïve and Smart approaches, 
respectively. Exactly the same values of N were taken as in bag-
of-words representation.  
In all the experiments an attempt was made to combine Naïve and 
Smart extraction approaches by defining the fixed frequency 
threshold tmin = 0.1 together with CRmin, and performing smart 
extraction. The value of tmin was not chosen arbitrarily. The 
assumption was that subgraphs that appear in less than 10% of the 
graphs in a given category cannot be predictive features even if 
they do not appear at all in other categories.  

4.3 Comparison of Hybrid and Bag-of-words 
Representations Using the C4.5 Classifier 
Only the best results for each technique are presented here. 
Classification results for K and U-series are given in Figure 3 and 
Figure 4, respectively.  
As can be seen from the figures, in all cases Hybrid approaches 
achieved better classification results than did the regular Vector 
Space Model (bag-of-words) representation, especially in the U-
series dataset where all Hybrid representations showed much 
better results for all values of N. In the K-series data set case 
(Figure 3), the bag-of-words representation outperformed the 
Hybrid Smart and combined approach for some values of N. 
However, the best classification accuracy was still found to 
belong to the Hybrid Naïve method. Absolute best accuracy 
results for each data set are emphasized in bold, and it can easily 
be seen that they were all produced by the Hybrid techniques. 
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Figure 3: Comparative results for K-series with C4.5 classifier 
 

 
Accuracy Comparison for C4.5, U-series
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Figure 4: Comparative results for U-series with C4.5 classifier 
 
The times needed to build a classification model and categorize 
one document in the U-series data set, which was the most time-
consuming task in each method, were also measured and 
compared. The time required for each procedure was measured on 
the same computer under the same operation conditions: a 2GHz 
Pentium 4 processor with one Gigabyte of RAM. Execution time 
was measured for the most accurate cases of each approach.  The 
total time span needed to create a classification model in each 
case is given in Table 2. It is called the offline classification time 
because the classification model is usually constructed before the 
start of the categorization stage, and does not change during it3. 
The model preparation stage consists of several steps, so the total 
offline time is broken down into windows according to the steps 
which were done: 
1. Time to Build Graphs – time needed to build graphs of 100 

nodes from each document in the collection (not relevant for 
bag-of-words representation) 

2. Time to Build Dictionary – for the Hybrid techniques this is 
the time needed to extract relevant subgraphs, while for bag-
of-words it is the time needed to find and unite the 20 (in the 
highest accuracy case) most frequent words from every 
document 

3. Time to Construct Vectors – time required for document 
representation in vector format 

4. Time to Induce Classification Model – building model with 
C4.5 

                                                                 
3 Incremental induction of classification models is beyond the 

scope of this research 



It is interesting to note that the extraction process using the Smart 
method took much more time than the Naive Hybrid technique. 
Such a difference occurred because an infrequent subgraph cannot 
be dropped without calculating its CR. Another fact which catches 
one's attention is that creating a dictionary using Hybrid 
approaches (subgraphs extraction) with fixed thresholds is faster 
than creating one for bag-of-words, even for relatively small N 
(20 in this case). All Hybrid techniques also demonstrated better 
data representation and model creation time than did bag-of-
words representation. This fact can be easily explained by the size 
of the relevant sub-graph dictionary obtained using Hybrid 
approaches, which is smaller than the dictionary used with the 
bag-of-words representation. Finally, the shortest total time is 
reached with Hybrid Smart using the fixed threshold approach, 
where the highest accuracy is also reached. 
The average time needed to classify one document, or online 
classification time, for current cases is presented in Table 3. This 
comparable parameter is usually much more important than the 
model creation time. As can be seen, documents represented by 
Hybrid techniques are classified much faster. This is due to the 
relatively small dictionary size and the resultant smaller decision 
tree. 

Table 2: Total time needed to create classification model 
(C4.5) – U Dataset 

 
 

Table 3: Average time to classify one document (C4.5) – U 
Dataset 

Method 
Average Time to 

Classify One 
Document (sec) 

Hybrid Smart 2.88 × 10-4 

Hybrid Naïve 4.56 × 10-4 

Hybrid with Fixed 
Threshold  

3.12 × 10-4 

Bag-of-words 1.68 × 10-3  

 

4.4 Comparison of Hybrid and Bag-of-words 
Representations Using Probabilistic Naïve 
Bayes Classifier 
In the experiments using the Naïve Bayes classifier the same 
preprocessing stages as in previous section were performed. 
Exactly the same input parameters values and document 
representation were used in the empirical evaluation. Since the 
document representation stage remained unchanged, the 
dictionaries used for C4.5 tests stayed exactly the same. Accuracy 
results for available K and U-series data sets are presented in 
Figure 5 and Figure 6 respectively. 
As shown in Figure 6, with the Naïve Bayes Classifier (NBC), 
Hybrid techniques are also better than the bag-of-words 
representation for the U-series dataset. However, in the K-series 
collection (see Figure 5), the bag-of-words representation 
achieved better accuracy results for most values of N. This can be 
explained by NBC's ability to perform well with a large number 
of features. 
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Figure 5: Comparative results for K-series with Naïve Bayes 
classifier 

 
Accuracy Comparison for NBC, U-series

50%

55%

60%

65%

70%

75%

80%

20 30 40 50 60 70 80 90 100

Frequent Terms Used

C
la

s
s

if
ic

a
ti

o
n

 A
c

c
u

ra
c

y

Bag-of-words Hybrid Naïve
Hybrid Smart Hybrid Smart with Fixed Threshold  

Figure 6: Comparative results for U-series with Naïve Bayes 
classifier 

 

 
Comparative time results for classification model construction 
and single document categorization are given in Table 4 and 
Table 5, respectively. Model creation took more time with Hybrid 
Smart extraction than with bag-of-words, but other Hybrid 
techniques succeeded in performing faster. Computational time 
reduction in other then Smart hybrid approaches is explained by 

Method 

Time 
to 

Build 
Graphs 

(sec) 

Time to 
Build 

Dictionary 

(sec) 

Time to 
Construct 
Vectors 

(sec) 

Time to 
Build 

Classific
ation 

Model 

(sec) 

Total 
Time 

Offline 

(sec) 

Hybrid 
Smart 223.2 2628.56 5.59 4.36 2861.7

1 
Hybrid 
Naïve 223.2 43.4 31.16 76.59 374.35 

Hybrid 
with 

Fixed 
Threshold  

223.2 66.35 7.47 6.09 303.11 

Bag-of-
words n/a 300.9 133.2 330.32 764.42 



presence of fixed frequency threshold that helps to remit number 
of candidate subgraphs in each iteration. A significant 
improvement is also seen in the average time required to classify 
one document using all Hybrid approaches vs. bag-of-words that, 
of course, results from a smaller dictionary size, reached by 
Hybrid methods.  

 
Table 4: Total time needed to create classification model 
(NBC) - – U Dataset 

 
 

Table 5: Average time to classify one document (NBC) – U 
Dataset 

Method 
Average Time to 

Classify One 
Document (sec) 

Hybrid Smart 1.2 × 10-3 

Hybrid Naïve 6.49 × 10-4 

Hybrid with Fixed 
Threshold  

5.7 × 10-4 

Bag-of-words 0.125  

 
 

5. Conclusions and Future Research 
The goal of this research study was to evaluate a new document 
representation model on two popular model-based classification 
algorithms and to compare this model to existing representation 
approaches. The primary objective of the new, hybrid model is to 
improve the performance of model-based document classifiers. In 
terms of classification accuracy and execution time the proposed 
methodology succeeded in outperforming existing representation 
models, in most cases.  
As for future research, some issues are still open.  
1. Some heuristic should be developed for finding the optimal 

input parameters N, CRmin and tmin for better representation 
and classification results. The evaluation in this research 
study was purely empirical, and the experiments were run 
using a wide range of input values to achieve better 
classification results. Despite the relatively small accuracy 

gap between the best and the worst classification results in 
most cases, there is still a need in some simple heuristic. 

2. In this research, the ability of our Hybrid representation 
approaches to perform a document classification task was 
examined. However, we hope that the techniques presented 
in this thesis can also be easily applied to other Information 
Retrieval tasks. This capability should be further evaluated. 

3. The techniques presented here can be tested with other 
classifiers in order to find the optimal algorithm to work 
with. They can also be used together with other 
representation techniques, and may thus improve 
classification accuracy. A good example would be the 
relational representation [ 6,  7], where relevant subgraphs can 
be used as background knowledge instead of simple words. 
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