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Hierarchical Text Classification using Relative
Inverse Document Frequency
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ABSTRACT: Automated text classification for hierarchical taxonomy has been
a challenge resulting from the increasing popularity of applying knowledge orga-
nization to express relations among classes in a tree structure. Categories on the
same branch contain overlapped generalized concept from its super-category. This
overlap causes difficulty in classification to arise relatively to complexity of a hi-
erarchy. This paper presents the use of frequency of occurring terms in related
categories among the hierarchical tree to help in document classification. The four
extended terms for weighting of Relative Inverse Document Frequency (IDFr) in-
clude its located category, its parent category, its sibling categories, and its child
categories. These are exploited to generate a classifier model using a centroid-based
technique. In an experiment on hierarchical text classification of Thai documents,
the IDFr achieved the best accuracy and F-measures of 53.65% and 50.80% when
applied to the Top-n features set higher than traditional term frequency—inverse
document frequency for 2.35% and 1.15%, respectively.
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1. INTRODUCTION

The use of hierarchical categories has become com-
mon in knowledge organization nowadays. The hier-
archy category is a set of categories formed in hi-
erarchical order to express hypernym-hyponym rela-
tions where there is one parent category (generalized
concept) with unlimited child categories (specific con-
cepts) which can be arranged in an unlimited number
of depths. In the past, research in data mining and
machine learning mostly focused on an automated
methods of text classification of a flat category. Such
techniques cannot perform well in hierarchical text
classification without an adjustment.

Hierarchical text classification has become an ac-
tive research topic in machine learning, sentiment
analysis, and text mining [1-4]. The difference from
traditional classification is that the document collec-
tions are organized in hierarchy with a category struc-

ture having many fields and many languages such
as news article categories Reuters-Hierl[1], Reuters-
Hier2[1], 15- 20NGHier [1, 5], a hierarchical class of
protein functions [3], web page taxonomy in English
[4], and text opinion categories in Thai [6].

In hierarchical classification, methods differ in
three main criteria [7] which may be related and af-
fect classification accuracy. The first one is a type of
focused hierarchical structures, such as trees and di-
rect acyclic graphs (DAG). The difference between
them is that categories in a DAG are allowed to
have more than one parent category while a tree
allows only one parent to connect unlimited child
categories. The second one concerns the focus of
prediction. There are two types of prediction in-
cluding mandatory leaf-category prediction and non-
mandatory leaf-category prediction. A mandatory
leaf-category prediction performs a classification on
leaf categories while a non-mandatory leaf-category
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prediction considers classification of all categories in
any level of the hierarchy. The last criterion is the
approach to classification as a local classifier and a
global classifier. A local classifier is an approach to
perform a classification in a step-wise manner for each
level from the top level towards the bottom level cate-
gories. On the other hand, a global classifier creates a
model to classify all categories in any level in a single
action.

Past research works on the local classifier approach
[1, 8-11] using term frequency (TF), term frequency
inverse document frequency (TFIDF), and term fre-
quency inverse class frequency (TFICF) features for
term weighting with n-gram to deal with the hierar-
chy categories in documents. However, this approach
has a disadvantage as it is prone to inconsistency and
blocking problems since the overall accuracy is car-
ried from correctness of a prediction from parent level
categories, especially for the hierarchical taxonomy of
many depths. The inaccurate prediction in the higher
level directly affects all its descendant level predic-
tion. Some local approaches may choose to ignore
parent and child category relationships during train-
ing, which leads to a greater number of classifiers and
results in a complex classification model that may run
slowly and produce a disappointing outcome.

The work [4, 12, 13] using the global classifier ap-
proach has advantages. These advantages include
preserving natural constraints in category member-
ship, while taking into consideration the category hi-
erarchy during training and testing, to allow gener-
ating a single but complex decision model. Although
the model resulting from a global classifier approach
is much more complex, it can avoid the drawbacks
of high-level irrecoverable errors from inconsistency
[14].

In this work, we present a method to apply in-
formation from a tree-based hierarchical category
structure using Relative Inverse Document Frequency
(IDFr) [6] for hierarchical text classification. The
method used is non-mandatory leaf-category predic-
tion for generating a single global classifier model.
It is expected to enhance classification results from
hierarchically structured categories with a statistical
model based on features of the superclass-subclass re-
lation.

2. LITERATURE REVIEWS

Normally, the task of automatic text classification
can be divided based on a structure of category type
into flat classification and hierarchical classification.
The flat text classification works on classifying a cat-
egory in which each document belongs to one spe-
cific category from a set of independent categories.
On the other hand, the hierarchical text classifica-
tion predicts categories that relate to one another
by hypernym-hyponym relations. Thus, the indepen-
dence of concepts in a hierarchy makes the classifica-

tion task more complex due to overlapping of terms
used and a high number of related categories.

Several methods have been proposed to handle hi-
erarchical text classification. The first one is to ig-
nore the category hierarchy and use as a flat category
type. This method is the simplest method but may
suffer from inaccurate classification results. The sec-
ond method is a local classifier per node approach.
It trains one binary classifier for each category of the
hierarchy (except the root category). Hence, many
classifiers are trained depending on the hierarchy size.
In addition, they often suffer from problems of incon-
sistent results in both horizontal and vertical predic-
tions in hierarchical structures. This approach is used
in [15, 16]. The third method uses a local classifier
per parent node method. By training a traditional
flat classifier for each tree by focusing on the parent
node of a hierarchical category, the classifiers are built
for discriminating their child categories. The forth
method is local classification per level approach. This
method applies a multiclass-classifier for each level of
the hierarchy. Classifiers are trained at each level to
make independent predictions. The disadvantage of
this approach is an inconsistency issue because there
are different classifiers for each level of the hierarchy.
Last, the global or big-bang classifier approach is a
single complex classification model that is built from
a training set, considering the category hierarchy as
a whole during a single run of the classification algo-
rithm [12, 13, 18]. This approach however requires
selecting a good set of features that can help in dis-
crimination of tree-dependant categories.

In many works, a term in the document is
assigned with a weight that measures its impor-
tance/significance in the document. Term weighting
is one popular scheme for controlling document clus-
tering and classification [19- 25]. It is possible to se-
lect candidate keywords for a document by selecting
terms with a high weight [26]. The weight is gen-
erally calculated based on a number of criteria that
declare relative importance of the terms in the text.
Such criteria include the term’s frequency in the text
and/or first occurrence in the text, as well as how
the term is distributed in the document, the cate-
gory, or the collection [27-29]. The commonly used
term-weighting techniques are term frequency and in-
verse document frequency (TF-IDF). Besides tradi-
tional TFIDF, some statistical values such as resid-
ual IDF, information gain, gain ratio, mutual infor-
mation, expected cross entropy, variance, chi-squared
statistics, and odds ratio can be applied as alterna-
tives or complements.

In hierarchy text classification, the classical TF-
IDF term weighting can be combined with hierarchy
information to improve performance on classification.
In [3], the relationships among the classes are used to
revise TF-IDF for better attribute weighting. The
centroid vectors of all classes are computed from
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Table 1: A Summary of recent work on hierarchical classification.

Paper |Hierarchy| Category Feature Methods Classification
Feature Prediction Extraction Approach
Graovac Unused Leaf category | - TF-IDF - kNN-based HTC Local
et al., - byte n-gram - SVM-based HTC
2016 - No text preprocessing
steps
Qiu et al, Partial Leaf category | - No word stemming - Hierarchical PA (HPA) Global
2011 - No stop-word removal - Hierarchical PA with latent concepts
- bag-of-words, TF-IDF (LHPA)
- Sibling Information
Javed Unused Leaf category | - TF-IDF, SVD - Clustering Local
et al., (clustering) - KNN (fine-level classifier : flat)
2015 - TF, TF-IDF - SVM (coarse-level classifier)
(classification)
- Unigram, Bigram
Zhou Unused Leaf category | - TF-IDF - HierMult (hierarchical multiclass Local
et al., - Tokenized, SVM)
2011 - Stopworded - TreeLoss (hierarchical SVM)
- Stemmed - Orthognl
Gupta Unused Any category | - TF-IDF and - k-means Local
et al., distributional semantics - Path-Wise Prediction Classifier (PP)
2016 representation - Node-Wise Prediction Classifier (NP)
(gwBoWYV) - Depth-Wise Node Prediction
- Inverse Cluster Classifiers (DNPi)
frequency (ICF)
Oh & Unused Any category | - TF-ICF - Passive use of global information for Local
Myaeng, - Stop-words Removal category selection (HCLM)
2014 - Stemming - Aggressive use of global information
- Bigrams, Trigrams for category selection (TCLM
classifier)
- Using path information
Silla Jr & Partial Any category | - Protein attribute - Naive Bayes Global
Freitas,
2009
Qiu et al., Used Leaf category | - VSM (vector space - Multi-class SVM(HSVM-S, HSVM) Global
2009 model)
Xue et al., Used Any category | - n-gram features - a statistical-language-model based Local
2008 classifier (light-weighting classifier
based on naive Bayes classifier)
- SVM
Valentini, Partial Any category | - Bio-molecular feature - polynomial SVM Local
2009 (Protein, Gene, etc.) - True Path Rule (TPR) hierarchical
ensemble
Secker Partial Leaf category | - Protein attribute - Naive Bayes Local
et al., - Attributes selection - Bayesian Network
2010 (wrapper and filter - SVM(SMO)
methods as Chi squared, | - l-nearest neighbour
IG, Gain Ratio etc.) - Etc.
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parent-child relations. In 2009, Miao and Qiu [30] in-
tegrated the hierarchical information as a parent cat-
egory into centroid-based classifiers to reduce train-
ing and test times. The results show their method
has comparable performance to traditional IDF. In
[4], the dataset used a bag-of-words representation
with TF-IDF weighting and a hierarchical category
structure. A variant of the Passive-Aggressive (PA)
algorithm was proposed for the hierarchical text clas-
sification with latent concepts using sibling informa-
tion of subclasses in taxonomy. For the clustering
task, in 2013, Kashireddy, Gauch and Billah [31] pro-
posed a new algorithm that automatically assigns
concise labels to subclasses in a hierarchical ontology
using clustering techniques. Term frequency with sib-
ling cluster information (DeltaTF) and cross-cluster
term frequency with standard deviation (TFStDev)
were evaluated. Their result indicated that the sib-
ling information and cross-cluster standard deviation
outperformed traditional TF-IDF. From our litera-
ture review, we can summarize the existing works as
shown in Table 1.

There are many approaches and methods for solv-
ing hierarchical text classification. Moreover, the us-
age of information in a hierarchical structure can be
useful for the task of assigning term weight values and
hierarchical classification. In this work, we propose
the use of term weight values calculated from doc-
uments relatedly tagged with hierarchical categories
for a global classifier model.

3. TERM-WEIGHTING USING HIERAR-
CHY RELATIONSHIPS FOR HIERAR-
CHICAL CLASSIFICATION

This research aims to enhance hierarchical text
classification performance by using term weighting
using statistical information from the hierarchy cat-
egory structure. The method is applied by term
weighting of the category documents, namely relative
inverse document frequency (IDFr) for documents of
a specific category in the hierarchy structure. IDFr
considers the term being in a hierarchical level com-
bining super-categories (sup), sub-categories (sub),
sibling-categories (sib) and self-categories (self) for
relative inverse document frequency. The terms in
documents are calculated for the IDFr and classic TF-
IDF as term weights in automatic text-classification.
The output model is thus a single global model for
classifying all categories in a hierarchy. For this
classification technique, centroid-based classification
is applied. Since there are several combinations of
IDFr weights (namely hyperparameters and mathe-
matic operations for IDFr), we plan on finding the
best combination pattern for classifying a hierarchi-
cal category.

The targeted dataset in this work is a set of Thai
documents from the Thai-Reform forum which need
to be classified into pre-set categories for submitting

to responsible government sections. The documents
are a collection of public hearing opinion texts on
how to reform Thailand from the view of citizens.
The category set for Thai-Reform is designed to be
a hierarchical taxonomy of 3-4 level depths by the
experts in political science. The complexity of the
hierarchy is high due to the complication of political
knowledge.

3.1 Pre-processing

Since the targeted input data are Thai text docu-
ments from the Thai-reform forum [32], text cleans-
ing and word segmentation are necessary for process-
ing the document effectively. Thai word segmenta-
tion using the Longest matching function from Lexto
(LongLexTo) [33] is applied. With automatic word
segmentation, there are some errors in segmenta-
tion from typos and unknown words. Thus manual
post-edition is applied to improve input quality. For
cleansing, non-terms including ordinal markers, sym-
bols, and emoticons are removed since they are not
related to content and provide little, if any, semantic
meaning.

The documents are assigned to categories by po-
litical experts. A document can be assigned to one or
more categories. A category set is organized as a hi-
erarchy tree. A parent category represents a general-
ized topic while a child category is for a more specific
topic. A category can be assigned to a document,
with regardless of any level in the tree depending on
the depth of topic mentioned in a document.

For feature selection, words in a document are used
as features for representing similarity of content in
categories. A vector of words and documents anno-
tated with categories is then created for further pro-
cesses.

Term normalization is applied to normalize the TF
weights of all terms occurring in a document by L2-
normalization to reduce the effect of the size of term
frequency in the document. L2-Norm of TF is cal-
culated by dividing all elements in a vector with the
length of the vector, that is \/>_ N(w,d)? [28]. The
output of this process is then used in training pro-
cesses.

3.2 Hierarchical classification using with rela-
tive inverse document frequency

In this process, there are three parts: term-
weighting calculation, feature selection, and classifi-
cation model generation.

3.2.1 Term weighting calculation using relative in-
verse document frequency

For term weighting, we exploit relations in the hi-
erarchical structure associated with a document. The
relationships include parent-child and sibling rela-
tionships. Each category associated with a document
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is calculated into IDFr term weighting by enhancing
conventional IDF with these relationships. For TF-
IDF, the traditional IDF is defined as given in (1).

IDF = N(w, d) x log(|D|/N(d,w)) (1)

N (wmd) refers to the number of occurrences of each
word (w) in a document (d). IDF is a logarithmic
scale value of the collection of whole documents (D)
divided by the number of documents that contained
the word (w).

By considering parent-child and sibling relation-
ships, conventional IDF becomes IDFr. For IDFr, we
adjust the details of calculation by considering the
relationship of categories. We enhance calculation of
an IDF part while a TF part remains intact. In IDFr,
a collection of documents (D) changes according to
a focusing relationship. There are three relationships
including IDFp(parent), IDF¢ (child), and IDFg
(sibling) for IDFr calculation while the current cat-
egory remains IDFx (self). The difference is as fol-
lows:

e IDFp: D refers to documents from a single-level
parent of the focused category and categories of
a branch from that focused category. For example
(regarding Fig. 1), the focused category is 1.1, so D
refers to documents from 1, 1.1, 1.1.1, 1.1.2, 1.1.3,
1.2,1.2.1, 1.2.2, 1.3, 1.3.1, and 1.3.2.

e IDFs: D refers to documents from sub-classes of
the focused category. For example, the focused cat-
egory is 1.1, so D refers to documents from 1.1.1,
1.1.2, and 1.1.3.

e IDFgs: D refers to documents from branches of sib-
ling categories of the focused category. For exam-
ple, focused category is 1.1; thus, D refers to doc-
uments from 1.2, 1.2.1, 1.2.2, 1.3, 1.3.1 and 1.3.2.

Fig.1: An Ezample of Hierarchical Category Struc-
ture.

The term-weight calculation applies the IDF base-
line as part of calculating IDFr. The formula for cal-
culating TF normalized-IDFr is defined in equation

2).

TF — IDFr
=TFporm X IDF x IDF% x IDF% x IDF§ x IDFg
2)
An additional exponent for promoting or demoting
the weight is assigned a positive value (for promot-
ing) or a negative value (for demoting), as a power
(denoted by a, b, ¢, and d in the formula), to each

factor. During the evaluation, each power determines
the importance of its corresponding factor and forms
hyper-parameters in the calculation.

The relationship used for IDFr term-weighting de-
pends on the category position in a hierarchy tree
because the top-level category does not have a par-
ent, and there is no child category for the leaf-level
category. We can summarize the relations used in
Table 2.

Table 2: Average iteration at various weight ratios
of Bva(u).

IDFr factors
IDFx | IDFp | IDFg | IDF¢
Top level v X v v
Middle level v v v
Leaf level v v v X

The relations shown in Table 2 are the available
IDFr factors based on category type. In the usage of
IDFr, not all factors will be used in all calculations,
since some combinations of the selected power and
hyperparameters for some factors can be set to zero.

3.2.2 Feature selection based on term rank

Commonly, all terms in documents in a category
are used as features for classification. However, too
many features directly increases runtime and may
produce an unwanted result from the outlier features.
To reduce the features (words) used in classification,
some high ranking terms according to term-weight
are selected to represent a category instead of using
all features.

The term-weights from TF-IDFr of each category
are ranked from highest to lowest. The ranked terms
at the top-n rank are selected as the top features. In
this work, the default top-n is set to one third of all
words in a category.

3.2.3 Centroid-based Classification using IDFr

For classification, a centroid based method is cho-
sen to categorize a document. In centroid-based text
categorization, a centroid vector or a prototype vector
is computed for each category in the training dataset
and then used as the representative of all positive
documents of the category.

The Centroid based method focuses on finding cen-
troid of document vectors. A Centroid refers to a
prototype vector for each category. It comes in three
variant forms: the sum centroid, the average centroid,
and the normalized centroid. This work uses the sum
centroid for category ci. The centroids are defined in
(3) [34].

?k(sum) = Z gj (3)

deCy

where cy, is centroid vector of category, and d; is
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a document. cy, refers to category k, and d; is a term
weighting vector of document.

From the scores of IDFr term-weighting, each term
in a category is assigned a single score based on its
category. Scores of terms is vary from category to
category depending on how significant they are. The
vector space model from the top ranked term is used
as a classification model. The input for classifying is
calculated for TF-IDF smooth and TF vector space
models.

In the classification process, a vector representing
test document is compared using its similarity dis-
tance with all prototype vectors, and a category is
identified to test the document which is most similar
to the prototype vector [27, 35]. For similarity mea-
surement, the selected method is Cosine similarity,
which is commonly used in several frameworks [36,
37]. The Cosine similarity measurement equation is
given in (4) for category prototype vectors.

—
N

dj - Ck
ldjll2 -l ckll2

The most suitable category to assign to the test
document is the category whose vector is the most

similar (maximum similarity) to the test document
vector as given in (5).

cos(dj, cx) =

¢ = argmax,SIM(d, cy) (5)

4. RESULTS AND DISCUSSION
4.1 Data

The datasets used in this experiment are collec-
tions of public hearing opinion texts on how to reform
Thailand, arranged in hierarchical categories. Among
all 18 categories, we select two pairs of categories for
benchmarking. This was done by considering data
balance in terms of data amount and depth level of
categories. The selected pairs of datasets are Reform-
E-C and Reform-E-G, in which E is a tree of cate-
gory ‘educational and human resource development’,
C is for ‘anti-corruption and anti-misconduct’, and G
refers to a tree category of ‘local government’.

To simplify the process, two heuristics are used to
select major subcategories and their membership doc-
uments. First, documents (multi-category) assigned
with both categories in the pair are discarded. Thus,
a number of documents in the pairs are different. Sec-
ond, we select the subcategories whose siblings are
balanced and sufficient for training (more than 200
documents). Details of the selected dataset pairs used
in this experiment are shown in Table 3. The distri-
bution of documents in categories and subcategories
in the hierarchy is illustrated in Fig. 2 and 3 for
Reform E-C pair and Reform E-G pair, respectively.
The documents are prepared for experiments as men-
tioned in Section Preprocessing.

To simplify the process, two heuristics are used to
select major subcategories and their membership doc-
uments. First, documents (multi-category) assigned
with both categories in the pair are discarded. Thus,
a number of documents in the pairs are different. Sec-
ond, we select the subcategories whose siblings are
balanced and sufficient for training (more than 200
documents). Details of the selected dataset pairs used
in this experiment are shown in Table 3. The distri-
bution of documents in categories and subcategories
in the hierarchy is illustrated in Fig. 2 and 3 for
Reform E-C pair and Reform E-G pair, respectively.
The documents are prepared for experiments as men-
tioned in Section Preprocessing.

Table 3: Characteristics of the dataset pairs.

Reform-E-C | Reform-E-G
No. of categories 14 16
No. of hierarchical levels 3 3
No.. of features 6,772 7941
(unique words) ’

E: Edu. Reform & HR Development
(1,595)

+—{ E1: HR Organization (1,136)

E11: Improve Struc & Edu_Admin
& Decentralize_Edu Management (1,409)

L | E12: Budget allocation (253)

E2: Edu_HR System & process (1,224)

E21: Curriculum Develop. (1,221)

E22: Develop_Edu Tech. & Media (439)

C: Anti_corruption & Anti Misconduct
(308)

|| €1: Stimulation moral, ethics, & attitude-
anti-corruption (298)

C11: Culture building & social power in
anti-corruption (518)

C12: Cultivation & awareness building on
moral and ethic (330)

C2: Concrete & Sustainable Prevention
corruption (273)

C21: Develop_system/Mechanism_
corruption Prevention (1,069)

C22: Develop _relevant legislation to
prevent corruption (360)

Fig.2: Hierarchy Category Structure of Reform-E-
C.
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E: Edu. Reform & HR Development
(1,595)

—{ E1: HR Organization (979) |

E11: Improve_Struc & Edu_Admin
& Decentralize Edu Management (1,362)

E12: Budget allocation (243)

E2: Edu_HR System & process (1,032)

E21: Curriculum Develop. (1,193) ‘

E22:Develop_Edu Tech. & Media (435) ‘

G: Local Government (914)

|| G1:HR Organization (1,094)

G11: Local_Gov_Restruct (1,336)

G12: Decentralize to Local (900)

G13: Develop_Legal rules & Regulations
(319)

G2:Local Gov System & Process (758)

G21: Support_Local Gov. (270)

G22: Support _Civil Society Participation
(445)

G23: Development budget method (440)

Fig.3: Hierarchy Category Structure of Reform-E-
G.

4.2 Experiment Setting

In this experiment, we aim to study the effect of us-
ing IDFr in a Thai document classification task. The
baseline in this experiment is traditional normalized
TF and TF-IDF. Moreover, using only selected fea-
tures vs. using all features to generate a classification
model is studied.

One of the most important factors influencing the
evaluation result is the way hyperparameters in the
generated classifier are set. For hyperparameter set-
ting, there are many combinations. 625 combinations
exist for IDFr from four hyperparameters of five pos-
sibilities of 1, 0.5, 0, -0.5 and -1 (5%). Since using all
combinations was impractical for our experiments, we
decided to select 10 patterns giving best performance
compared to the baseline, TF-IDF smooth, and on
average classification accuracy in preliminary results.
The top-10 performing patterns are given in Table 4.

The measurements related, use to evaluate re-
sults in this experiment are accuracy and fl-measure.
Since this work aims to classify based on hierarchical

categories in which categories in the same tree are
closely related, especially those in a parent category
and its child categories, most of the incorrect predic-
tions fall into its family

Table 4: Average iteration at various weight ratios

of EBva(u,).
Pattern Term weighting operation
Pattern-1 | TF x IDF x IDF35 x IDFZ®
Pattern-2 | TF x IDF x IDFJ5 x IDFJ® x IDFZ®
Pattern-3 | TF x IDF x IDF¥® x IDF3®
Pattern-4 | TF x IDF x IDF} x IDFZ5
Pattern-5 | TF x IDF x IDF) x IDFg"® x IDF%5
Pattern-6 | TF x IDF x IDF%5 x IDF35 x IDFY;°
Pattern-7 | TF x IDF x IDF%5 x IDFJ
Pattern-8 | TF x IDF x IDFy x IDFQ-5
Pattern-9 | TF x IDF x IDF}, x IDF,
Pattern-10 | TF x IDF x IDF3% x IDFZ-®

Thus, to investigate a prediction that is assigned to
close family, the calculation of measurement result is
divided to two sets. The first one is to count only the
perfectly classified result (family = 0). The second
one is to give a score of 0.5 to the predictions that fall
closely to their designated target as in their branch
categories. This is expected to reveal the potential of
the proposed method in classification of similar text
documents.

4.3 Experimental Results

The classification results are given in Fig. 4 and
5 for accuracy and fl-measure, respectively. In both
measurements, there are two scoring systems. One
is counting for exactly matched (a), and another is
counting those falling into the family category for 0.5
(b).

From the results of accuracy of exact prediction,
the use of IDFr in all patterns produces classifica-
tion results with higher accuracy than those from the
baseline, TF-IDF. The accuracy of the top-feature
models is slightly better than their respective full-
feature models. This indicates that the top-n feature
for one-third of the features not only helps in com-
plexity reduction, but also shows good performance
in classification tasks. For scoring of counting predic-
tions in family for 0.5, most of the models from IDFr
still outperform those of the baseline. It is noticeable
that pattern-10 and pattern-3 give apparently higher
accuracy score than others. The best accuracy score
is obtained from the model using pattern-10 and the
top-n featured method yielding a 53.65 score which is
higher than those of the TF-IDF baseline for 2.35%.

In terms of fl-measure score, three patterns in-
cluding pattern-3, pattern-7, and pattern-10 produce
higher scores than those of TF-IDF in both exact pre-
diction and the inclusion of related family prediction.
The best fl- measure score is again obtained from
the model using pattern-10 and the top-n featured
method with family inclusion calculation. It obtain-
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Exact prediction

= Full Features

mTop-N Features

TF TFIDF  Patternl Pattern2 Pattern3 Pattern4  Pattern5 Pattern6 Pattern7 Pattern8  Pattern9 Pattern10

Comparision TF, TFIDF and Pattern 1-10

(a)

Exact prediction = 1, Family prediction= 0.5

54.00
> 53.00
52.00
S1.00 4
50.00 4
49.00
48.00
47.00

-Accurac

» Full Features

® Top-N Features

Avg

TF TFIDF  Patternl  Pattern2 Pattern3  Patternd  Pattern5  Pattern6  Pattern7  Pattern8  Pattern9 Pattern10

Comparision TF, TFIDF and Pattern 1-10

(b)
Fig.4: (a)-(b) Classification results for average accuracy of the top-10 patterns comparing the TF normalize,
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ed a 50.80 f-measure score while the TF-IDF baseline
obtained only a 49.65 f-measure score.

The model using top-n features selection is always
better at producing higher accuracy and fl-measure
classification results. Thus, the top-n feature se-
lection method is recommended when applying TF-
IDFr, since it can significantly reduce time consump-
tion and computational complexity by reducing fea-
tures in classification task.

From analysis, we also found that the low-ranked
features caused ambiguity in classification. With the
nature of hierarchical tree, it is possible the classes in
the same branch contain generalized concepts inher-
ited from their super-class. Using low-weight features
for classification may cause confusion in the classifi-
cation model and apparently lowers the capability of
the model.

Regarding pattern combinations of IDFr hyperpa-
rameters, the experimental results show that the pat-
tern 10 (TF-IDF-IDFY%®-1DFJ-5) produces the best
result when allowing classifying using related family
categories. This pattern outperforms other patterns
in both accuracy and fl-score measurement. Thus,
this pattern is recommended for classifying Thai doc-
uments in a hierarchical category fashion.

5. CONCLUSION

This paper presents a method for hierarchical
text classification using relationships of categories for
term-weighting. The term-weighting is called IDFr
and exploits traditional IDF with relations and the
existence of terms in hierarchical categories for iden-
tifying significant terms in the same tree. The IDFr
is then used for automated classification for Thai
text documents aligned in a 3-level hierarchy of cat-
egories. In order to confirm the effectiveness of the
proposed IDFr, classification performance was eval-
uated in terms of accuracy and Fl-score. Moreover,
comparisons with different features set such as all fea-
tures and selected top-n features were conducted.

The experiment results revealed that the perfor-
mance of IDFr is better than those of traditional
TF-IDF in both accuracy and Fl-score. The IDFr
achieved the best accuracy and F-measure as 53.65%
and 50.80% in the Top-n features set higher than the
baseline for 2.351.15%, respectively. Moreover, we
can also conclude that top-n feature selection per-
formed slightly better than or equal to full-feature
set in all experiment cases. Thus, the top-n feature
selection method is recommended since it can signif-
icantly reduce time consumption and computational
complexity by reducing the features in the classifica-
tion task. We conclude that the proposed method
is superior to the standard approach for hierarchical
text classification and has very competitive perfor-
mance compared to a state-of-the-art algorithm.
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