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(Figure 1) Comparison between Homogeneous and Heterogeneous Document Classification
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Semi-supervised decision boundary

X

(Figure 2) Basic Concept of Semi-supervised Learning
(Zhu, X, and Goldberg, AB., 2009)
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Combined Score Result A 5
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L ——

Combined Score Result B i

Switching Rules Selection

'

Combined Score Result C

Target A, Target B, Target C), o] E0°] = vl
dloJelQl o]dA o] E|(Heterogeneous
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TF —IDF(d,t) = TF(d,t) X IDF(t)

3 0 if freq(dt) = 0
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AABHE WA o2 o] Fo X H(Blei et al.,
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of Al &2 + e 54L& etk B
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For Supervised Learning

e
]

Labeled Data

l

Structurization Using Topic Modeling

025 o ojAH, NS BFHIH P52

T NWlo] B3 ndds g goly 723}

T3S h(Figure 4). o]u, dlolg] T3} Z2A

25 B5710) et Bestel Fase 2L
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For Heterogeneity Learning
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Labeled Data

Unlabeled Data

Structurization Using Topic Modeling
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i
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(Figure 4) Data Structurization for Learning
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<Table 1>& H|o]E] F23} A}o] o] A% 1}
glom, ol A3 HolHE FEB ol F
I BEER S BIEEE TSI

2 K

9] 71AE<F 7|4k
gk o] d A Sk 7|uke] o)A

o} <Figure 5>+ o] 24 35S 53 o243
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e
N
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2579} A7

(Table 1) Example of data structurization result

«<Big data: How predictive analytics is
taking over the public sector=

From predicting emergency department

admissians to identifying tax fraud, the
Australian public sector is putting its
mountains of data to work.

(a) Learning Data (News)

Learning

a (b) Unlabeled Heterogeneous Data (Blog, Twitter)

Rule
Generation

S ——

<Busan Travel Guide: What to do
and see in Busan in 48 hours>

Busan is the second largest city in
Korea. Approximately 1 hour outside
of Dasgu, Busan is dubbed Korea's
San Francisco, for the fact, it's got
the largest port.

Labeling

Doc_No Topic_1 Topic 2 Topic_3 Topic_4 Topic_ 5 Label
Doc 1 0.004 0.000 0.155 0.003 0.000 DIGITAL
Doc 2 0.003 0.000 0.274 -0.001 0.004 ENTERTAIN
Doc 3 0.004 0.000 0.074 -0.004 0.000 ENTERTAIN
Doc 4 -0.004 0.000 0.163 -0.001 0.009 DIGITAL
Doc 5 0.004 -0.001 0.002 -0.005 0.011 ENTERTAIN
Doc 6 0.003 -0.001 0.002 -0.003 -0.003 POLITICS
Doc 7 0.009 0.000 0.060 -0.004 0.012 SPORTS
Doc 8 0.002 -0.001 0.021 0.000 0.008 SPORTS
Doc 9 0.006 0.009 0.010 0.004 0.000 POLITICS

Doc 10 0.007 0.000 -0.025 0.000 0.000 DIGITAL

Er!leﬁa'nrrlent
oy lmu'f;,

Digital -

ety

< Busan Travel Guide: What to do

and see in Busan in 48 hours =

Busan is the second largest city in
Korea. Approximately 1 hour outside

of Dasgu, Busan is

ubbed Korea's
San Francisco, for the fact, it's got
the largest port.

(d) Learning data + Selected Labeled Heterogeneous Data

Saciety
< Busan Travel Guide: What to do
and see in Busan in 43 hours >

Busan is the second largest city in
Korea. Appmxi"naleg,- 1 hour cutside
of Da=gu, Busan is dubbed Korea's
San Francisco, for the fact, it's got
the largest port.

(¢) Labeled Heterogeneous Data

(Figure 5) Example of Heterogeneity Injection Process
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(Table 2) Example of combined score result for target dataset A
Doc_No SC_Confidence SC_Category HC_Confidence HC_Category Difference
1001 0.404 SPORTS 0.863 DIGITAL 0.458
1002 0.844 ENTERTAIN 0.514 DIGITAL -0.330
1003 0,682 DIGITAL 0977 POLITICS 0.296
1004 0.989 DIGITAL 0.682 DIGITAL -0.307
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(Table 3) Example of combined score result with original category

Doc_No  Ori_Category SC_Confidence SC_Category HC_Confidence HC_Category  Difference Decision
1001 DIGITAL 0.404 SPORTS 0.863 DIGITAL 0.458 DIGITAL
1002 DIGITAL 0.844 ENTERTAIN 0.514 DIGITAL -0.330 ENTERTAIN
1003 DIGITAL 0.682 DIGITAL 0977 POLITICS 0.296 POLITICS
1004 DIGITAL 0.989 DIGITAL 0.682 DIGITAL -0.307 DIGITAL
SHAITE <Table 3>2] 241 10032] 7%, AA A HlelE o AAl HeolEd vl B35k #lo]

& ©] E(Ori_Category)©] “DIGITAL”?IE] $1¢] & E AHIEE 22T FoU) Ao wgd] B A

F Aol we} “POLITICS 2 Z5 EREE 7 TollME T4 BFel e e At &7

S7F AR o)A A Sgke] Aoldvt ZA 2& A3 S (1) dSEke] Aolo] wE

sto] BF THL A4S EAE BRE A4S, AR @ dAR dolBo] YH=E B4

ARE B2 A A% Aot zgE ¢ TH A 2P ES AR 72 A g
&

o %o

o w85 720 s A do

Loop SC & HC Confidence Result Rows

If Diff < 0 OR HC_Cat = SC_Cat OR (ORG_Cat != HC_Cat and ORG Cat != SC_Cat) then

Continue
Endif

If ORG Cat = HC Cat and ORG Cat != SC Cat then

CorrectCount = CorrectCount + 1

Elseif ORG Cat < HC Cat and ORG Cat = SC Cat then

IncorrectCount = IncorrectCount + 1
Endif
CurrentDiffGain = CorrectCount - IncorrectCount

If (Current Row Rule == Next Row Rule) AND (Current Row Diff = Next Row Diff) then

continue

Elseif (Current Row Rule != Next Row Rule) then

NetGain = CurrentDiffGain

Elseif (Current Row Rule = Next Row Rule) AND (Current Row Diff != Next Row Diff) then

If NetGain < CurrentDiffGain then
NetGain = CurrentDiffGain

Endif

Endif

If NetGain > 0
Print Selected Rule
NetGain = 0
CorrectCount = 0
IncorrectCount = 0

Endif

End Loop
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5 772 33X F R79 7%, <Table 4>0l A

¥ 7N (Incorrect)oll ™} =0]5(Net Gain)©l = o=k Ao|(Threshold)7} 0.4% F<=0]7]
2FEET olu, =o]5o] 0BT E R 13 9] ujFoll “SPORTS”7} “DIGITAL’Z thA| =0
HE 7 13 AR S A E7 12 SRS 1 <Table 5>l A= EH ol BollAl= 0]
2 AR Sl B B3 =W BF A Sol 0un} o} fEA e BF FHOR
# FHT R, R2, RS, R6, R7E <Figure 3>2] B 7250 T &7 #HAM= Al9d 2= &
Al tlo]E] Boll 2-8-= 0] Phase 29} -2 W20 & 4= 9t} o)A A= AAFL AH AEH
(Table 4) Example of switching rules generation
Rule No Rule Threshold Correct Incorrect Net Gain Selected Gain (>0)

R1 DIGITAL->ENTERTAIN 0 12 0 12 TRUE

R2 DIGITAL->POLITICS 0 9 14 28 TRUE

R3 ENTERTAIN->DIGITAL 0 21 38 -17 FALSE

R4 ENTERTAIN->POLITICS 0.1 8 9 -1 FALSE

RS ENTERTAIN->POLITICS 0 12 5 7 TRUE

R6 ENTERTAIN->SPORTS 0 39 20 19 TRUE

R7 SPORTS->DIGITAL 0.4 1 0 1 TRUE

R8 SPORTS->DIGITAL 0.3 1 1 0 FALSE

R9 SPORTS->DIGITAL 0.2 1 3 2 FALSE

R10 SPORTS->DIGITAL 0.1 2 4 2 FALSE

RI11 SPORTS->DIGITAL 0 7 7 0 FALSE

RI2 SPORTS->ENTERTAIN 0 13 13 0 FALSE

(Table 5) Example of rule candidates after switching rules selection
Rule No Rule Threshold Correct Incorrect Net Gain  Selected Gain (>0)

RI DIGITAL->ENTERTAIN 0 11 6 5 TRUE

R2 DIGITAL->POLITICS 0 30 12 18 TRUE

RS ENTERTAIN->POLITICS 0 15 3 12 TRUE

R6 ENTERTAIN->SPORTS 0 43 18 25 TRUE

R7 SPORTS->DIGITAL 0.4 3 5 2 FALSE
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(Table 6) Results of heterogeneity injection through heterogeneity learning (Part)

News Blog Twitter Heterogeneity

No Confidence Category Confidence Category Confidence Category Confidence Category
1028 0.973 DIGITAL 0.422 SPORTS 0.795 DIGITAL 0.973 DIGITAL
1305 0.976 DIGITAL 0.995 DIGITAL 0.876 DIGITAL 0.995 DIGITAL
1337 0.977 DIGITAL 0.985 DIGITAL 0.696 DIGITAL 0.985 DIGITAL
2047 0.953 ENTERTAIN 0.880 SPORTS 0.994 SPORTS 0.994 SPORTS
2050 1.000 ENTERTAIN 0.864 DIGITAL 0.621 ENTERTAIN 1.000 ENTERTAIN
2059 0.695 SPORTS 0.749 SPORTS 0.994 SPORTS 0.994 SPORTS
3085 0.977 POLITICS 0.816 POLITICS 0.967 POLITICS 0.977 POLITICS
3274 0.971 POLITICS 0.623 SPORTS 0.470 SPORTS 0.971 POLITICS
3276 0.980 POLITICS 0.951 POLITICS 0.992 POLITICS 0.992 POLITICS
4931 0.972 DIGITAL 1.000 ENTERTAIN 0.389 SPORTS 1.000 ENTERTAIN
4762 0.874 SPORTS 0.691 SPORTS 0.994 SPORTS 0.994 SPORTS
4928 0.991 SPORTS 0.933 SPORTS 0.994 SPORTS 0.994 SPORTS
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(Table 7) Rule candidates extracted results (Part)
No Ori_Category SC_Confidence SC_Category HC_Confidence HC_Category Difference
1028 DIGITAL 0.908 SPORTS 0.973 DIGITAL 0.065
1305 DIGITAL 0.948 POLITICS 0.995 DIGITAL 0.047
1337 DIGITAL 0.942 POLITICS 0.985 DIGITAL 0.043
2047 ENTERTAIN 0.976 ENTERTAIN 0.994 SPORTS 0.019
2050 ENTERTAIN 0.849 DIGITAL 1.000 ENTERTAIN 0.151
2059 ENTERTAIN 0.998 SPORTS 0.994 SPORTS -0.004
3085 POLITICS 0.955 POLITICS 0.977 POLITICS 0.022
3274 POLITICS 0.401 SPORTS 0.970 POLITICS 0.569
3276 POLITICS 0.794 ENTERTAIN 0.992 POLITICS 0.198
4931 SPORTS 0.642 SPORTS 1.000 ENTERTAIN 0.358
4762 SPORTS 0.946 ENTERTAIN 0.994 SPORTS 0.048
4928 SPORTS 0.836 ENTERTAIN 0.994 SPORTS 0.158
(Table 8) Accuracy comparison of supervised classifier and RSESL classifier
Traditional Classifier RSESL Classifier
Category Actual Predicted Correct Predicted Correct
ENTERTAIN 3000 2947 2724 2908 2747
SPORTS 3000 3169 2792 3066 2829
DIGITAL 3000 2831 2566 2912 2642
POLITICS 3000 3053 2754 3114 2790
Total 12000 12000 10836 12000 11008
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Abstract

Improving the Accuracy of Document Classification
by Learning Heterogeneity

William Xiu Shun Wong* * Yoonjin Hyun* - Namgyu Kim**

In recent years, the rapid development of internet technology and the popularization of smart devices
have resulted in massive amounts of text data. Those text data were produced and distributed through
various media platforms such as World Wide Web, Internet news feeds, microblog, and social media.
However, this enormous amount of easily obtained information is lack of organization. Therefore, this
problem has raised the interest of many researchers in order to manage this huge amount of information.
Further, this problem also required professionals that are capable of classifying relevant information and
hence text classification is introduced. Text classification is a challenging task in modern data analysis,
which it needs to assign a text document into one or more predefined categories or classes. In text
classification field, there are different kinds of techniques available such as K-Nearest Neighbor, Naive
Bayes Algorithm, Support Vector Machine, Decision Tree, and Artificial Neural Network.

However, while dealing with huge amount of text data, model performance and accuracy becomes
a challenge. According to the type of words used in the corpus and type of features created for
classification, the performance of a text classification model can be varied. Most of the attempts are been
made based on proposing a new algorithm or modifying an existing algorithm. This kind of research can
be said already reached their certain limitations for further improvements. In this study, aside from
proposing a new algorithm or modifying the algorithm, we focus on searching a way to modify the use
of data. It is widely known that classifier performance is influenced by the quality of training data upon
which this classifier is built. The real world datasets in most of the time contain noise, or in other words
noisy data, these can actually affect the decision made by the classifiers built from these data. In this study,
we consider that the data from different domains, which is heterogeneous data might have the characteristics

of noise which can be utilized in the classification process.
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In order to build the classifier, machine learning algorithm is performed based on the assumption
that the characteristics of training data and target data are the same or very similar to each other. However,
in the case of unstructured data such as text, the features are determined according to the vocabularies
included in the document. If the viewpoints of the learning data and target data are different, the features
may be appearing different between these two data. In this study, we attempt to improve the classification
accuracy by strengthening the robustness of the document classifier through artificially injecting the noise
into the process of constructing the document classifier.

With data coming from various kind of sources, these data are likely formatted differently. These
cause difficulties for traditional machine learning algorithms because they are not developed to recognize
different type of data representation at one time and to put them together in same generalization. Therefore,
in order to utilize heterogeneous data in the learning process of document classifier, we apply
semi-supervised learning in our study. However, unlabeled data might have the possibility to degrade the
performance of the document classifier. Therefore, we further proposed a method called Rule
Selection-Based Ensemble Semi-Supervised Learning Algorithm (RSESLA) to select only the documents
that contributing to the accuracy improvement of the classifier. RSESLA creates multiple views by
manipulating the features using different types of classification models and different types of heterogeneous
data. The most confident classification rules will be selected and applied for the final decision making. In

this paper, three different types of real-world data sources were used, which are news, twitter and blogs.

Key Words : Text Mining, Text Classification, Heterogeneity Learning, Semi-Supervised Learning,
Ensemble Learning
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