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Abstract Naive Bayesian classifiers are a powerful and well-known type of classifiers that can be easily
induced from a dataset of sample cases. However, the strong conditional independence assumptions can
sometimes lead to weak classification performance. Normally, naive Bayesian classifiers use Gaussian
distributions to handle continuous attributes and to represent the likelihood of the features conditioned on the
classes. The probability density of attributes, however, is not always well fitted by a Gaussian distribution.
Another eminent type of classifier is the neuro-fuzzy classifier, which can learn fuzzy rules and fuzzy sets
using supervised learning. Since there are specific structural similarities between a neuro-fuzzy classifier and a
naive Bayesian classifier, the purpose of this study is to apply learning distribution graphs constructed by a
neuro-fuzzy network to naive Bayesian classifiers. We compare the Gaussian distribution graphs with the fuzzy
distribution graphs for the naive Bayesian classifier. We applied these two types of distribution graphs to
classify leukemia and colon DNA microarray data sets. The results demonstrate that a naive Bayesian classifier
with fuzzy distribution graphs is more reliable than that with Gaussian distribution graphs.
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1. INTRODUCTION

Classification is a statistical operation in which
certain objects are arranged in groups or classes
according to their characteristics (sometimes known as
attributes) to find a training set. There are many
approaches to classification, including decision trees,
neural networks, support vector machines, and
Bayesian network. The Bayesian approach is the most
commonly used when dealing with uncertainty because
it is based on probability theory [1]. A Bayesian
Network (BN) is a graphical model that encodes
probabilistic relationships of variables. Its main
statistical

inference approaches is the use of subjective or

distinguishing  feature from classical
personal beliefs (prior probahilities) in the analysis [2,
3]. These probabilistic approaches make strong
assumptions about how the data is generated, and posit
a probabilistic model that embodies these assumptions.
Naive Bayesian network (NBN) classifiers are very
robust regarding irrelevant attributes, and classification
takes into account evidence from many attributes to
make the final prediction [3, 4, 5]. Naive Bayesian has
been adapted to handle continuous attributes primarily
using Gaussian distributions or discretizing the domain,
both of which present certain disadvantages. In the
former approach, the probability density of the
attributes is not always well fitted by a Gaussian
distribution. In the latter approach, there can be a loss
of information.

Instead of Gaussian distributions, we propose the
use of fuzzy distribution graphs for the NBN classifier
in the following manner. The continuous attributes are
fuzzified and combined with probabilities of the naive
Bayesian model in a simple fashion. The learned fuzzy
distribution graphs are constructed by a neuro—fuzzy
network called a neural network with weighted
membership functions (NEWFM) [6, 7]. A NEWFM
algorithm characterizes graphs of each feature using

bounded sum of weighted fuzzy membership functions

(BSWEM) [6, 7]. We compare the Gaussian distribution
graphs with the fuzzy distribution graphs for the NBN
classifier.

We applied the two types of distribution graphs to
classify leukemia and colon DNA microarray data sets
[8, 9]. With the successful completion of the Human
Genome Project (HGP), we are entering the post
genomic era. Facing massive amounts of data,
traditional biological experiments and data analysis
techniques encounter significant challenges. In this
and high-density

oligonucleotide chips, which are novel biotechnologies,

situation, cDNA  microarrays

are global  (genome-wide or  system-wide)
experimental approaches that are effectively used in the
systematic analysis of large-scale genome data [14]. In
this paper, we apply NBN classifiers for the analysis of
DNA microarray data.

The experiment results demonstrate that NBN
classifiers with fuzzy distribution graphs are more

reliable than with Gaussian distribution graphs.

2. MATERIALS AND METHODS

2.1 Materials

In [8], the authors present methods for analyzing
gene expression data obtained from DNA microarrays
in order to classify types of leukemia. The data is split
into two subsets: a training set and a test set. The
training set consists of 38 samples (27 ALL and 11
AML) from bone marrow specimens. The test set has
34 samples (20 ALL and 14 AML), prepared under
different experimental conditions and including 24 bone
marrow and 10 blood sample specimens. All samples
have 7,129 features, corresponding to some normalized
gene expression value extracted from the microarray
image. We used the same training and test set (as [8])
for our experiment. In [9], the authors describe and
study a colon data set that is available on-line. Gene

expression information was extracted from the DNA
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microarray data resulting in a table of 62 tissues x 2000
gene expression values. The 62 tissues include 22
normal and 40 colon cancer tissues. Since there was no
defined training or test set, we used all 62 samples for
both training and test.

2.2 Preprocessing of The Data Set

In this section, we explain the data normalization
and feature selection methods. We executed two steps
for the data normalization. The first step was to
normalize each input data to a scale of [0,1]. Next we
provided a limited range of values using the Sigmoid
method. In the feature selection, we used the
Bhattacharyya distance method to rank the genes, and
then selected the gene with the greatest distance as the
best feature.

2.2,1 Data Normalization

To analysis microarray data, we normalized the
microarray data in two steps. The first step, using
formula (1), normalized each input value to the scale of
[0,1]. Step 2 used the Sigmoid method to concentrate
the data [10]. The Sigmoid formula is shown in formula
(2). The matrix of genes is shown in Table 1. In this
gene matrix, ¢; is the ith gene. p and g represent class
1 and class 2 respectively. s, and s, are the kth sample

in class 1 and the jth sample in class 2, respectively.

(Table 1) Matrix of Genes

Genes 91 92 g3 9;
Samples 511)(91) 511)(92) 5[1)(93) 5[1)(91)
in Class 1
sh(g1) | sh(gy) [sklgs) | | sh(g:)
samples | 51 (g,) | s1(g5) | s7(g5) s1(g;)
s1(g,) | s9(gy) | s4(g3) s(g;)

In formula (1), g, is the original microarray value

from the ith gene, g,,;, and g,,., are the minimum

value and maximum values from g;, respectively. g, is
the normalized value from Step 1.
, 1
(9;) = D
1+e 7
In formula (2), f(g;) is the final normalized data

@

that is used as the input data for our experiment.

2.2.2 Feature Selection
In this paper, we used the Bhattacharyya distance

(BD) approach as our feature selection method for the

!

g;s

BD between two classes is shown as follows [11]:

1 (1 (s1,) = pl(s;))?
B; = 4 (Uf(Sk))2+(Uf(8j))2+ 3)
1 ((Uf(sk))Q-&-(ag(sj))?j
Eln

207 (s1.)0f(s;)

microarray data analysis [11]. The definition of

In formula (3), B; denotes g¢;'s BD between two

classes. 1 %(s ,), u %(s ;) are the g;'s mean
value of genes for the samples of classl and class?,
respectively. o (s ,), 0 %(s ;) denotes g;'s
standard deviation of genes for the samples of class 1
and class 2, respectively. The gene with the greatest

distance is the most differently expressed gene
(DEG)[11].

2.3 Fuzzy Distribution Graphs for Naive
Bayesian Classifier

Instead of Gaussian distribution graphs, we proposed
using fuzzy distribution graphs in the NBN classifier.
We determined the membership function distribution
from NEWFM [6, 7]. NEWFM can get BSWEM since
train the experiment data [6, 7). We applied the
BSWEM into the NBN classifier. Fig. 1 shows an
example of a fuzzy distribution graph for a leukemia
gene. In Fig 1, the solid and dotted lines represent the
fuzzy distrbiution of ALL and AML, respectively.
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[Fig. 11 Fuzzy Distribution Graph for a Leukemia
Gene

2.4 Constructing NBN Classifier Using
Fuzzy Distribution Graphs

After building the fuzzy distribution graphs, we used
these to construct the NBN classifier. The structure of
the NBN classifier, using fuzzy distribution graphs, is
shown in Fig. 2. The NBN classifier has one root node
that represents the class and n leaf nodes that
Instead  of
distributions, we used fuzzy distribution graphs on the
leaf nodes.

represent the features. Gaussian

[Fig. 2] Fuzzy Distribution Graph for a Leukemia
Gene

Our process first normalized the microarray data.
Then we used the BD to select the best features. With
the selected features, the NEWFM algorithm
characterized the fuzzy distribution graphs of each
feature using BSWEFM. Instead of Gaussian distribution

graphs, fuzzy distribution graphs were applied to the
NBN classifier. Finally we used these fuzzy distribution
graphs with NBN classifier to classify the leukemia and

colon DNA microarray data sets.

3. EXPERIMENTAL RESULTS

In this research, we selected the six best genes from
the leukemia data set and the seven best genes from
the colon data set [12, 13]. We compared the Gaussian
distribution graphs (GDG) with the fuzzy distribution
graphs (FDG) for the NBN classifier, and applied the
two types of distribution graphs to classify the
leukemia and colon DNA microarray data sets. The
comparison results shown in Table 2, demonstrate that
the NBN classifier with fuzzy distribution graphs was
more reliable than with the Gaussian distribution
graphs.

The performance results of this study showed that
100% accuracy could be achieved with a NBN classifier
using fuzzy distribution graph for the leukemia data
set. With the Gaussian naive Bayesian classifier, it
could only attain 94%.

classification, the accuracy of the fuzzy distribution

For the colon data set

graph NBN classifier was 8% higher than the Gaussian
distribution graph.

(Table 2) Experimental Results Comparison

Categories Colon Leukemia
Method GDG FDG GDG FDG
Accuracy 81% 89% 9% 100%

4, CONCLUDING REMARKS

In this paper, we analyzed the data using fuzzy
distribution graphs for the NBN classifier. We showed
that the NBN classifier with fuzzy distribution graphs
was more reliable than with Gaussian distribution

graphs.
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In future works, we will apply fuzzy distribution
graphs to other Bayesian classifiers, such as the
Tree-augment naive Bayesian (TAN) classifier. The
NBN classifier assumes a strong independence, ie.,
every attribute (every leaf node in the network) is
independent of the other attributes. In the real world,
nothing is absolutely independent. TAN approximates
the interactions between attributes using a tree
structure imposed on the NBN structure.

ACKNOWLEDGMENTS

This research was supported by the MKE(The
Ministry of Knowledge Economy), Korea, under the
IT-CRSPAT Convergence Research Support Program)
(NIPA-2013-H0401-13-1001)  supervised by the
NIPA(National IT Industry Promotion Agency).

This research was supported by Basic Science
Research Program through the National Research
Foundation of Korea (NRF) funded by the Ministry of

Education, Science and Technology.
(2012R1A1A2044134).
REFERENCES

[1] N. Friedman, D. Geiger, and M. Goldszmidt,
Bayesian network classifiers. Machine Learning,
Vol. 29, No. 9, pp. 131-163, 1997.

[21 B. W. Morgan, An Introduction to Bayesian
Statistical Decision Processes. New Jersey, 1968.

[3] D. Heckerman, A tutorial on learning with Bayesian
Network. Microsoft Research, Redmond, 199%.

[4] M. Sahami, Learning Limited Dependence Bayesian
Classifiers. Knowledge Discovery and Data Mining,
pp. 335-338, 199%6.

[5] P. Langley, An analysis of Bayesian classifiers.
Tenth National Conference on Artificial Intelligence
pp. 223 - 228, 1992.

[6] J. S. Lim, D. Wang, Y.-S. Kim, and S. Gupta, A

neuro-Fuzzy Approach for Diagnosis of Antibody
Deficiency Syndrome. Neurocomputing 69, Issues
7-9, pp. 969-974, March 2006.

[71 J. S. Lim, “Finding Features for Real-Time
Premature Ventricular Contraction Detection Using
a Fuzzy Neural Network System,” IEEE
Transactions on Neural Networks, pp. 522-527,
2009.

[8] T. R. Golub, D. K Slonim, and P. Tamayo,
Molecular Classification of Cancer: Class Discovery
and Class Prediction by Gene
Monitoring. Science, pp. 531-537, 1999.

[9] U. Alon, N. Barkai, D. Notterman, K. Gish, S.
Ybarra, D. Mack, and A. J. Levine, Broad Patterns
of Gene Expression Revealed by Clustering
Analysis of Tumor and Normal Colon Tissues
Probed by Oligonucleotide Arrays. Proc. Nat. Acad.
Sci. USA, vol. 96, pp. 6745-6750, 1999.

[10] H. Jun; M. Claudio, The influence of the sigmoid

speed  of
backpropagation learning. From Natural to Artificial
Neural Computation, pp. 195 - 201, 199%.

[11] G. Xuan, Bhattacharyya distance feature selection.
Pattern Recognition, Proceedings of the 13th
International Conference, 199%.

[12] X. W. Tian. S. H. Lee, and J. S. Lim, Gene
Selection for Leukemia Classification Based on
Bhattacharyya Distance. Proceedings of KIS
Spring Conference, vol. 23, No. 1, pp. 17-18 2013.

[13] X. W. Tian and J. S. Lim, Bhattacharyya Distance
for identifying differentially expressed genes in

Expression

function  parameters on  the

colon gene experiments, International Conference on
Information Science and Applications, 2013.

[14] E. Themaat, On the Use of Learning Bayesian
Networks to Analyze Gene Expression Data:
Classification and Gene Network Reconstruction,
Master Thesis, University of Amsterdam, Artificial
Intelligence, June 2005.

The Journal of Digital Policy & Management | 413



Learning Distribution Graphs Using a Neuro—Fuzzy Network for Naive Bayesian Classifier

A A $)(Xue-Wei Tian)

- Aug. 2008 : Shandong University
of Technology, China. Computer
Science (B.S.)

- Aug. 2010 : Kyungwon University,
Korea. Computer Science (M.S.)
-Mar. 2010 ~ now : Gachon
University, Korea.  Computer

Science in Ph.D. course

- Interests : neuro—fuzzy systems, biomedical prediction
systems, and signal process

- E-Mail : aitianxuemao@gmail.com

9] & 4](Joon S. Lim)

- 1986. 2 : Inha University, Korea.
Computer Science (B.S.)

<1989 : University of Alabama,
Birmingham, USA. Computer
Science (M.S.)

21994, 6 @ Louisiana State
University, USA.  Computer
Science (Ph.D)

+199%. 3 ~ now : Gachon University, Korea. Dept. of
Computer Science. professor.

- Interests : neuro—fuzzy systems, biomedical prediction
systems, and human-centered systems

- E-Mail : jslim@gachon.ac.kr

414 | The Journal of Digital Policy & Management 2013 Nov; 11(11): 409-414




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /FRA <>
    /ENU (Use these settings to create PDF documents with higher image resolution for improved printing quality. The PDF documents can be opened with Acrobat and Reader 5.0 and later.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308000200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e30593002537052376642306e753b8cea3092670059279650306b4fdd306430533068304c3067304d307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /KOR <FEFFd5a5c0c1b41c0020c778c1c40020d488c9c8c7440020c5bbae300020c704d5740020ace0d574c0c1b3c4c7580020c774bbf8c9c0b97c0020c0acc6a9d558c5ec00200050004400460020bb38c11cb97c0020b9ccb4e4b824ba740020c7740020c124c815c7440020c0acc6a9d558c2edc2dcc624002e0020c7740020c124c815c7440020c0acc6a9d558c5ec0020b9ccb4e000200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /CHS <FEFF4f7f75288fd94e9b8bbe7f6e521b5efa76840020005000440046002065876863ff0c5c065305542b66f49ad8768456fe50cf52068fa87387ff0c4ee563d09ad8625353708d2891cf30028be5002000500044004600206587686353ef4ee54f7f752800200020004100630072006f00620061007400204e0e002000520065006100640065007200200035002e00300020548c66f49ad87248672c62535f003002>
    /CHT <FEFF4f7f752890194e9b8a2d5b9a5efa7acb76840020005000440046002065874ef65305542b8f039ad876845f7150cf89e367905ea6ff0c4fbf65bc63d066075217537054c18cea3002005000440046002065874ef653ef4ee54f7f75280020004100630072006f0062006100740020548c002000520065006100640065007200200035002e0030002053ca66f465b07248672c4f86958b555f3002>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


