
 

 

 

Abstract—The intestinal tracts in the human gut is the host of 

trillions and trillions of microorganisms in both commensal and 

pathogenic forms. In fact, the microbial communities in the human 

gastrointestinal (GI) tract is one of the most crowded population on 

earth. The relationships of these microorganisms with the human GI 

tract is responsible for human health and several diseases. It is 

essential to comprehend their roles to human ailments related to the 

GI tract. The computational pipeline combined with attribute 

selection and model selection technique was employed to investigate 

the differences in microbial community samples between two 

prevalent Inflammatory Bowel Diseases (IBD): Crohn’s disease and 

Ulcerative Colitis using Length Heterogeneity Polymerase Chain 

Reaction (LH-PCR) data extracted from the various human GI tract 

locations. The purpose was to obtain understandings into the 

microbes correlated with IBD diseases. 
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I. INTRODUCTION 

UMAN gastrointestinal (GI) tract is heavily concentrated 

with extremely tiny organisms; the microbes. The 

number of these microorganisms is in the scale of 

trillions. In fact, the human GI tract contains approximately a 

hundred trillion microbes, around ten times more than the total 

number of entire human body cells combined [1]. In other 

words, one can say that the microbes are actually the host of a 

human body. Unsurprisingly, they are involved in many of our 

metabolic functions such as synthesizing vitamins and 

extricating energy from our diet [2]. The estimated number of 

microorganism species living in our GI tract is five hundreds 

to one thousand [3]. 

There are many studies supporting the claims that these tiny 

organisms play a critical role in our health and diseases. The 

existence of some commensal microbes can inhibit the growth 

of potential pathogens [4]. Moreover, the rising in the 

abundance of Bacteroidetes causes significantly lower body 

weight without changing the diet [2].  

Development of new sequencing methods leads to the rapid 

discovery of many organism genomes [4], leading to extensive 
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studies of microorganism roles to human health and diseases. 

As such, there are studies showing that alteration of the 

microbial communities could also cause or is a result of some 

diseases such as obesity and inflammatory bowel diseases [5]. 

For most of microbe studies, use of specific preserved genes 

i.e. 16S rRNA gene, is a common method for determining the 

diversity of microbial communities due to the genes’ gradual 

rate of evolution and high conservation of sequences. The 

determination of 16S rRNA gene is usually the first stage in 

several of microbial community studies [6].  

In this study, the differential abundances between two 

prevalent Inflammatory Bowel Diseases, Crohn’s disease and 

Ulcerative Colitis, were examined in different GI major sites 

consisting of the mucosa, lumen and the stool. The 

composition of the communities were then correlated to IBD. 

The relative abundances of microbial communities in the 

human gut were scrutinized using LHPCR, a traditional 

technique that exploits length information of variable 

sequences within the highly conserved 16S Ribosomal RNA 

(rRNA) gene. Such method is suitable for the fingerprinting of 

various microbial species within a microbe community [7].  

LH-PCR method generated profiles of Operational Taxonomic 

Units (OTU) or dataset attributes that were derived from the 

gut microbes of IBD patients.  

The model selection frameworks with three classification 

algorithms: Naïve Bayes (NB), K-Nearest Neighbor (KNN), 

Support Vector Machines (SVM) along with attribute 

selection technique were used to classify between the microbe 

community samples of Crohn’s disease patients and those of 

Ulcerative Colitis patients at different human GI tract sites. 

The differences between microbial samples of IBD disease 

patients and those of healthy ones were already investigated 

and the results show that there might exist differentially 

abundant OTU in various GI locations [5].  

With these techniques, the best mixtures of OTU which 

were the most fitting for differentiating two IBD diseases at 

different intestinal sites were determined. Moreover, this 

computational pipeline for the investigation of microbe 

samples is transportable to the novel sequence or attribute 

based datasets and can be used in determining phenotype-

specific attributes or disease classifiers. 

A. Inflammatory Bowel Disease 

Inflammatory Bowel Disease (IBD) is a collection of 

conditions related to gastrointestinal tract inflammations. The 

condition is usually reappearing and also persistent. Of all the 

conditions classified as IBD, Crohn’s disease and Ulcerative 
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Colitis represent the two prevalent kinds [8]. Crohn’s disease 

can affect any location of the GI tract; nonetheless, it usually 

occurs at the ileum (the end site of the small intestine where it 

connects to the colon) and the colon. Ulcerative colitis, in 

contrast, only affects the colon [8]. Regardless of vast 

researches involving IBD, the fundamental causes of this 

ailment condition continues to be indefinable. However, some 

studies indicate that the microbial communities in the GI tract 

might be correlated with IBD [9]. 

II.   MATERIALS AND METHODS 

In this experiment, LH-PCR data generated from the 

microbial communities from the human gastrointestinal tracts 

were investigated. The differential abundances of microbial 

communities between patient samples suffering from Crohn’s 

disease and Ulcerative Colitis were analyzed in different gut 

locations including lumen and stool. To investigate, the 

computational pipeline using attribute selection and 

classification algorithms coupled with model selection 

techniques was developed predict the phenotype of IBD 

diseases phenotype with the LH-PCR data. As such, an 

understanding of the gut microorganisms associated with IBD 

diseases could be realized. 

A. Patient Samples 

The patient samples used in this research were gathered at 

Rush University Medical Centre with essential clinical 

information related to IBD. A normal pinch biopsy forceps 

method was used to extract mucosal samples consisting of 

samples from ileum, colon (ascending + transverse colon), 

sigmoid colon, and rectum during a colonoscopy process. A 

Luken’s Trap was employed to take samples from the fluid 

inside intestinal lumen during the colonoscopy process. These 

samples were taken from patients suffering from Crohn’s 

disease and Ulcerative Colitis. The total numbers of samples 

were 348 for Crohn’s disease and 233 for Ulcerative Colitis. 

The number of attributes (OTU) for all the samples was 103. 

Attribute and class data matrices were constructed from 

diverse gastrointestinal locations of patients having Crohn’s 

disease and Ulcerative Colitis using the LH-PCR method. The 

microbial community samples were acquired from the 

mucosal layers of ileum, colon, sigmoid and rectum as well as 

the lumen inside the intestine. The samples were also taken 

from stools of IBD patients. The total amounts of samples in 

different locations are shown in Table 1; “Whole” means the 

amount of microbial samples in all GI locations combined. 

B. Length Heterogeneity PCR 

The patient samples were employed to construct an 

amplicon length heterogeneity profiles or microbial 

fingerprints (LH-PCR) [10]. The 16S ribosomal RNA (rRNA) 

genes located in the DNA of microbes were targeted by LH-

PCR method for the identification of various microbial 

Operational Taxonomic Units (OTUs). The method uses DNA 

primers to amplify 16S rRNA gene regions which are highly 

conserved but are scattered by varying sequence regions 

(depending on microbial species). Thus, the DNA primers can 

amplify an extensive range of the species microorganisms and 

the use of 16S rRNA genes is reported to be beneficial for 

microbial community analysis [11].  

In this microbe identifying method, a total microbial 

genome was extracted and the two primary alterable regions of 

the highly conserved 16S rRNA gene were amplified by PCR 

technique with two primers; a fluorescently labeled 27F 

primer and an unlabeled 355R primer. The products of the 

amplified DNA regions, called amplicons, were separated by 

gel electrophoresis technique and examined by a fluorescent 

sequencer [12] generating a profile of amplicon lengths or 

Operational Taxanomic Units (OTUs). The process of 

constructing a microbial community profile based on the uses 

of 16S rRNA genes by amplifying those conservative regions 

offer a fast and cost-efficient way to differentiating taxa in the 

microbial communities [13].  

For each patient sample that has a profile of amplicon 

lengths, the value associated with each length was the relative 

abundance of each OTU read at the peak value of the LH-PCR 

electropherogram. In this research, any OTU with the relative 

abundance less than 1% was eliminated from the distribution 

of amplicon lengths in a sample. As a result, the number of 

amplicon lengths or the total number of unique attributes was 

103 established after aligning shifted peaks together with an 

equal width discretization algorithm. All the 103 attributes 

signify length variants in the 16S rRNA sequences and those 

are defined as Operational Taxonomic Units of microorganism 

species. However, there may be more than 103 species as 

several species could contribute to a single OTU or even the 

variable regions in 16S rRNA genes of the same microbial 

species could be found in various OTUs. Consequently, the 

derived 103 attributes are to probe the combinations of co-

existing microbes within an IBD patient sample. 

C. Naïve Bayes (NB) 

A Naïve Bayes classification is a probability-based 

classification technique which uses Bayes’ theorem   with 

solid independence hypothesis. The conditional probabilities 

of dependent variables from the training dataset are 

approximated. The probabilities are then used for classifying 

new data samples. The algorithm is suitable for dataset with 

many discrete attributes; however, it is quite time-consuming 

to classify datasets with several continuous attributes [14] 
 

TABLE I 

PATIENT SAMPLES 

 

D. K-Nearest Neighbor (KNN) 

K-Nearest Neighbor [15] is a classification algorithm which 

classifies samples to class based on the nearest samples in the 

attribute space using a distance function. KNN algorithm has 

one essential parameter,   , i.e. when given a sample    of an 

unknown class, the KNN algorithm selects   nearest samples 

based on the training dataset. The class of    is chosen using 

the majority vote of   nearest neighbors employing a distance 

function [16]. In other words,    is assigned to a class which is 

the majority of   samples. In this study, the Euclidian distance 

was selected as the distance function that evaluates an 

unknown sample with the training samples. The classification 
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accuracy of KNN algorithm is mainly controlled by the   

parameter and the choice of the distance function [16]. 
  

E. Support Vector Machine (SVM) 

Given a training dataset containing a group of positive 

samples    and a group of negative samples   , SVM 

algorithm identifies a classifying function      of the form  
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where   
  and   

  are non-negative parameters calculated 

during a classifier training by maximizing a quadratic 

objective function, and        is the kernel function calculated 

during the training as well. A penalty factor,  , is presented 

during the training step and acts as the ratio of the  

classification errors. Given Equation 1, a new sample    is 

assigned to a positive or negative class depending on whether 

the value of      is positive or negative. In addition, the 

positive or negative values of      can signify the 

classification strength of the sample [9, 17].  

    The radial basis function (RBF) was used in this study 

which was defined by 

                            (  ||   ||
 
)     .                (3) 

For the SVM algorithm used in this study, there are 2 

parameters;         to be adjusted to find the optimal 

parameters [17]. 

F. Computational Methodology 

The computational pipeline for any IBD dataset either from 

the mucosal layers or the lumen (including the stool) is shown 

in Figure 1. The pipeline consists of two major procedures; (1) 

Data Processing (2) Attribute Selection. The Data Processing 

procedure is the process where the attributes are normalized in 

order to ease the computational load of the second procedure. 

The Attribute Selection procedure consists of two steps. The 

first one is the preliminary attribute selection process called 

'Relief Algorithm' where a handful of attributes are selected 

according to the relevance to their own class using the Relief 

algorithm.  The second one is the intensive attribute selection 

process called “Attribute Sweeping” where attributes are 

selected by the bottom-up screening process using 

classification algorithms.   

    To compare the performances of the those distinct attribute 

selection techniques, classification accuracies for three cases 

are reported: (i) using all attributes, designated as ATS_ALL 

(ii) using attributes selected from Relief algorithm, designated 

as ATS_REF (iii) using attributes selected from “Attribute 

Sweeping” process, designated as ATS_SWP.  

G.  Data Normalization 

For each OTU attribute, the intensity readings for all the 

microbial community samples taken from LH-PCR 

electropherograms were adjusted to have values ranging from 

-1 to 1. To achieve this, the lowest intensity value of each 

attribute was set to -1 and the maximum intensity value was 

set to 1. Then, the other intensity values were scaled within 

that range. Data normalization avoids the condition that 

attributes in higher value ranges could overshadow those in 

lower value ranges and also prevent arithmetical complexities 

faced during the computation [19] 

H.  Preliminary attribute selection: Relief algorithm 

 
The attribute selection was performed to search for 

significant OTU or attributes that are more likely to 

distinguish the Crohn’s disease samples from the Ulcerative 

Colitis samples in order to greatly improve the classifier 

performances. The Relief Algorithm [18] was used to pick 

attributes which are based on the notion that the attribute 

values of distinctive class samples should be dissimilar and 

attribute values of the same class samples should be similar. 

Attributes more likely to suit that notion are ranked higher and 

more probable to be selected.  

I. Model Selection 

As mention previously, the Relief algorithm was used to 

choose significant attributes from the microbial community 

samples. The attributes were sorted from the highest to the 

lowest according to the scoring system by the algorithm. Then, 

top-ranked 25 attributes out of 103 were chosen.   
 

TABLE II 

COMPUTATIONAL PIPELINE RESULTS 

 
For the Attribute Sweeping process, a bottom-up sweeping 

search method was used which is essentially a one-by-one 

model selection technique for each classification algorithm. 

The process used the 25 attributes chosen by the Relief 

algorithm. The computational steps for the bottom-up search 

method can be shortly explained as follows: the initial number 

of attributes is one and a classifier is tested to find which 

attribute generates the best classification accuracy; such 

attribute is kept, and removed from the attribute list. In the 

next round, the method sets the former best attribute as the 

basis attribute adding one attribute from the list at a time and 

then tests to determine which attribute (adding to the previous 
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base) generates the best accuracy. Such attribute is stored 

again in the attribute set and removed from the attribute list. 

The searching iteration is run until the classification accuracy 

stop increasing. 

Three classification algorithms were used in Attribute 

Sweeping process; NB, SVM and KNN. For NB, there is no 

selection of parameter for the model selection. For KNN, there 

was a   parameter to be searched which fell into a range of 1 

to 25. For SVM, the RBF kernel was used in which the 

selection of two parameters   and   was accomplished by a 

grid-search executing log base 2 of -5 to 15 (with step increase 

of 2) and log base 2 of -15 to 3 (with the step increase of 2), 

respectively. For each classification algorithm, five-fold cross 

validation was performed. In the five-fold cross validation, 

one-fifths of the samples were separated out for testing 

purpose and the remaining four-fifths were employed as a 

training samples. The iteration was done five times and 

classification performances were averaged.  

All the classification algorithms were from the ORANGE 

machine learning library found at http://www.ailab.si/orange/. 

III. RESULTS 

In this study, the LH-PCR data from the gastrointestinal 

tracts of IBD patients were analyzed by classification and 

attribute selection methods. The data was used for the 

comparison between IBD diseases i.e. Crohn’s disease and 

Ulcerative Colitis in various GI locations consisting of ileum, 

colon, sigmoid colon, rectum and intestinal lumen as well as 

patient stools. The aim of this study was to investigate how 

efficient the computational methods were in differentiating 

two prevalent IBD diseases at the same GI site and which 

attributes (orthogonal taxonomic units) were differentially 

abundant. Another purpose of this study was to examine 

which GI location demonstrated the greatest classification 

accuracy between Crohn’s disease and Ulcerative Colitis; in 

other words, which GI site showed the highest level of 

differentiation of microbial communities between these two 

IBD diseases. Finally, the performances of three classification 

algorithms used in the computational pipeline were compared.  

The computational methodology used in this study 

compared the performances of three classification algorithms 

using three sets of attributes (OTUs). The first set of attributes 

was the full 103 attributes of the patient samples. The second 

set was fixed at 25 attributes selected by Relief algorithm and 

the third set was chosen by the model selection method for 

each classification algorithm. The reason that those three sets 

of attributes were used for the analysis was that the 

computational pipeline could evaluate the level of 

differentiation between microbial samples belonging to 

Crohn’s disease and those belonging to Ulcerative Colitis with 

different number of attributes.  

The hypothesis behind the computational pipeline that 

employs different steps of attribute selection techniques was 

that when the number of attributes was reduced in the dataset 

due to subsequent attribute selections, a dataset with lower 

number of attributes would have higher level of differences in 

microbial abundances between samples of Crohn’s disease and 

those of Ulcerative Colitis. The hypothesis was based on the 

point that attributes having more ability to differentiate 

Crohn’s disease samples from Ulcerative Colitis samples 

would more likely to be selected.  

In condensed terms, there are three aspects to be 

investigated in this study; (i) examining whether datasets with 

lower number of attributes would demonstrate higher 

differences between microbial samples of two IBD diseases 

(ii) investigating which GI locations could differentiate 

samples of two IBD diseases better than the others and (iii) 

exploring which classification algorithms performed better in 

distinguishing the microbial community samples between 

those belonging to Crohn’s disease from those belonging to 

Ulcerative Colitis.  

A. Computational pipeline results  

Tables 2 reports the results of the computational pipelines 

which are essentially the classifications between microbial 

community samples from patients of Crohn’s disease versus 

those of Ulcerative Colitis at different GI sites (ileum, colon, 

sigmoid, lumen, rectum, and stool) and all GI sites (whole) 

with different set of attributes.  The Table demonstrates the 

computational pipeline results through three classification 

algorithms: Naïve Bayes (NB), K-Nearest Neighbors (KNN) 

and Support Vector Machines (SVM), done through three 

cases of attribute selections: (i) ATS_ALL, (ii) ATS_REF and 

(iii) ATS_SWP. Note that the number of attributes for the case 

ATS_ALL is 103 and for the case ATS_REF is fixed at 25. 

The numbers of microbial samples belonging to IBD diseases 

are reported as pairs of classes together with classification 

accuracies and AUC values (area under the receiver operating 

characteristic curve). The AUC score evaluates how efficacy 

the supervised-learner (classifier) is in discriminating between 

samples of Crohn’s disease and Ulcerative Colitis and is also a 

good assessment of classification results particularly when the 

numbers of two classes are biased [19].  

    From the results in Table 2, the classification accuracies and 

AUC values tend to increase when the numbers of attributes 

decrease showing that datasets with lower number of attributes 

(selected at the computational pipeline) lead to higher 

variances between microbial community samples of Crohn’s 

disease patients and those of Ulcerative patients. In other 

words, smaller sets of OTU selected by Relief algorithm and 

model selection method could differentiate Crohn’s disease 

samples from Ulcerative Colitis samples better than the full set 

of OTU with those from model selection method appearing to 

distinguish the best.   

For the classification performances of NB, KNN and SVM 

classifiers, the classification accuracy with ATS_ALL are 

quite low with an average values of 41.08%, 63.98% and 

63.39%, respectively, and the average AUC values are 0.51, 

0.57 and 0.57, respectively. With attribute selection in the 

ATS_ALL case, KNN classifier seems to perform the best 

compared to the other two classifiers. In comparison, the 

ATS_REF for NB, KNN and SVM demonstrate the average 

accuracies of 49.02%, 65.85% and 71.44%; AUC scores of 

0.6, 0.63 and 0.65, respectively. In the ATS_REF case, SVM 

classifier performs the best with 12.7% increase in accuracy 

and 14.04% increase in AUC value from ATS_ALL. The 

ATS_SWP for NB, KNN and SVM show the average 

accuracies of 69.39%, 69.71% and 77.36%; AUC scores of 

0.62, 0.62 and 0.74, respectively. In the ATS_SWP case, the 
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SVM classifier again performs the best with 10.97% increase 

in accuracy and 19.35% increase in AUC value from 

ATS_REF. Consequently, SVM classifier appears to perform 

better than NB and KNN in discriminating Crohn’s disease 

samples from Ulcerative Colitis samples.             

Finally, of all the classification results for all 

gastrointestinal tract locations (except the whole combination), 

using only results from SVM classifier, stool is shown to have 

the highest accuracy and AUC value of 86.67% and 0.9 

respectively. The locations that has the lower classification 

accuracies than that of stool are ileum, lumen, rectum, sigmoid 

and colon ranging from high to low. This means that, in stool, 

there are a set of OTUs which are the most differentially 

abundant between Crohn’s disease samples and Ulcerative 

Colitis samples, when compared to those in other GI sites. 

And the results might relate to the fact that Crohn’s disease 

frequently  

Of all the results for all sites except the Entire combination, 

the Ileum site has the highest accuracy in the FS_FULL, 

FS_RELIEF and FS_BOTH at 56.88%, 70.82% and 75.22%, 

respectively. This corresponds to the fact that Crohn’s disease 

frequently arises at the ileum location and Ulcerative Colitis 

mainly happens at the colon site.  

IV. DISCUSSION 

In this research, a computational pipeline method 

employing attribute selections and classification algorithms 

was developed to examine the differential abundances of 

microbial communities between Crohn’s disease and 

Ulcerative Colitis patients in various gastrointestinal tract 

locations including ileum, colon, sigmoid, lumen rectum and 

stool. The microbial communities in the patient gut were 

detected by LH-PCR microbe identifying technique. The 

pipeline used attribute selection technique. Precisely, the 

attributes or operational taxonomic units (OTU) were 

computational selected in such a way that their abundances in 

different IBD disease samples (Crohn’s disease and Ulcerative 

Colitis) should be more dissimilar and their abundances in the 

same IBD disease should be more similar. Two stages of 

attribute selections were used to select the attributes that are 

the best in differentiating the microbial samples of Crohn’s 

disease from those of Ulcerative Colitis.  

    The results show that Crohn’s disease and Ulcerative Colitis 

samples could be classified well in some GI tracts (stool, 

ileum, lumen and rectum). The increases in classification 

accuracies and AUC values were demonstrated when using the 

Relief algorithm and model selection method (in which the 

performances of SVM classification algorithm outperformed 

those of KNN and NB algorithms). It can be concluded from 

the results that there occur substantial operational taxonomic 

units which are differently abundant between the microbial 

communities of Crohn’s disease and Ulcerative Colitis and the 

communities can be characterized well at particular intestinal 

locations. 

ACKNOWLEDGMENT 

N. W. Author thanks Microbiome Analysis Center 

(MBAC), Environmental Science and Policy Department, 

George Mason University for providing the microbe data of 

Inflammatory Bowel Disease patients.  

REFERENCES   

[1] P. J. Turnbaugh, “The Human Microbiome Project,” Nature, Vol. 449, 
pp. 804–810, 2007. 

http://dx.doi.org/10.1038/nature06244 

[2] H. Tilg, A. R. Moschen, and A. Kaser, “Obesity and the Microbiota,” 
Gastroenterology, vol. 136, pp. 1476–83, 2009. 

http://dx.doi.org/10.1053/j.gastro.2009.03.030 

[3] C. L. Sears, “A dynamic partnership: Celebrating our gut flora,” 
Anaerobe, vol. 11, pp.247-51, 2005. 

http://dx.doi.org/10.1016/j.anaerobe.2005.05.001 

[4] J. Qin, et al., “A Human Gut Microbial Gene Catalogue Established by 
Metagenomic Sequencing,” Nature, vol. 464, pp.59-65, 2010. 

http://dx.doi.org/10.1038/nature08821 

[5] N. Wisittipanit, et al., “Classification methods for the analysis of LH-
PCR data associated with Inflammatory Bowel Disease Patients,” 

International Journal of Bioinformatics Research and Applications, vol. 

11, pp.111-29, 2015. 
http://dx.doi.org/10.1504/IJBRA.2015.068087 

[6] M. Arumegam, et al., “Enterotypes of the Human Gut Microbiome,” 

Nature, vol. 473, pp.174-180, 2011. 
http://dx.doi.org/10.1038/nature09944 

[7] P. Ricanek, et al., ”Gut Bacterial Profile in Patients Newly Diagnosed 

with Treatment-naïve Crohn’s Disease,” Clinical and Experimental 
Gastroenterology, vol. 5, pp.173-186, 2012. 

http://dx.doi.org/10.2147/CEG.S33858 

[8] D. C. Baumgart, and S. R. Carding, “Inflammatory Bowel Disease: 
Cause and Immunobiology,” The Lancet, vol. 369, pp.1627-1640, 2007. 

http://dx.doi.org/10.1016/S0140-6736(07)60750-8  

[9] P. Chandran, et al., “Inflammatory Bowel Disease: Dysfunction of 
GALT and gut bacterial flora (II),” The Surgeon, vol. 1, pp.125-136. 

http://dx.doi.org/10.1016/S1479-666X(03)80091-4 

[10] S. Komanduri, et al., “Dysbiosis in Pouchitis: evidence of unique 
microfloral patterns in pouch Inflammation,” Clinical gastroenterology 

and hepatology, vol. 5, pp.352-60, 2007. 

http://dx.doi.org/10.1016/j.cgh.2007.01.001 
[11] D. K. Mills, et al., “A comparison of DNA profiling techniques for 

monitoring nutrient impact on microbial community composition during 

bioremediation of petroleum-contaminated soils,” Journal of 
Microbiological Methods, vol. 54, pp.57-74, 2003.  

http://dx.doi.org/10.1016/S0167-7012(03)00007-1 

[12] N. Ritchie, et al., “Use of Length Heterogeneity PCR and Fatty Acid 
Mythyl Ester Profiles to Characterize Microbial Communities in Soil,” 

American Society for Microbiology, vol. 66, pp.1668-1675, 2000. 

[13] A. E. Bernhard, et al., “Microbial Community dynamics based on 16S 
rRNA gene profiles in a Pacific Northwest estuary and its tributaries,” 

FEMS Microbiol Ecol, vol. 52, pp.115-128, 2005. 
http://dx.doi.org/10.1016/j.femsec.2004.10.016 

[14] S. Russell, P. Norvig, Artificial Intellgence: A Modern Approach (2nd 

ed), Prentice Hall, 2003. 
[15] D. Bremner, et al., “Output-Sensitive Algorithms for Computing 

Nearest-Neighbor Decision Boundaries,” Discrete and Computational 

Geometry, vol. 33, pp.593-604, 2005. 
http://dx.doi.org/10.1007/s00454-004-1152-0 

[16] C. Yang, et al., “An Ecoinformatics tool for microbial community 

studies: Supervised classification of Amplicon Length Heterogeity 

(ALH) profiles of 16S rRNA”, Journal of Microbiological Methods, vol. 

65, pp.49-62, 2006. 

http://dx.doi.org/10.1016/j.mimet.2005.06.012  
[17] B. E. Boser, I.M. Guyon, and V. N. Vapnik, “A training algorithm for 

optimal margin classifiers,” in Proc. 5th Annu. Conf. workshop on 

Computational learning theory, pp.144-152, 1992. 
http://dx.doi.org/10.1145/130385.130401  

[18] K. Kira, and L. Rendell, “A practical approach to feature selection,” 

Proceedings of the 9th Int’l Conf. on Machine Learning, pp.249. 
http://dx.doi.org/10.1016/b978-1-55860-247-2.50037-1  

[19] T. Fawcett, “An introduction to ROC analysis,” Pattern Recognition 

Letters, vol. 27, pp.861-74, 2006. 
http://dx.doi.org/10.1016/j.patrec.2005.10.010 

 

 

 

International Conference on Computer, Electrical and Communication Engineering (ICCECE'2015) June 18-19, 2015 Pattaya (Thailand)

http://dx.doi.org/10.15242/IIE.E0615024 11

http://dx.doi.org/10.1038/nature06244
http://dx.doi.org/10.1038/nature06244
http://dx.doi.org/10.1038/nature06244
http://dx.doi.org/10.1053/j.gastro.2009.03.030
http://dx.doi.org/10.1053/j.gastro.2009.03.030
http://dx.doi.org/10.1053/j.gastro.2009.03.030
http://dx.doi.org/10.1016/j.anaerobe.2005.05.001
http://dx.doi.org/10.1016/j.anaerobe.2005.05.001
http://dx.doi.org/10.1016/j.anaerobe.2005.05.001
http://dx.doi.org/10.1038/nature08821
http://dx.doi.org/10.1038/nature08821
http://dx.doi.org/10.1038/nature08821
http://dx.doi.org/10.1504/IJBRA.2015.068087
http://dx.doi.org/10.1504/IJBRA.2015.068087
http://dx.doi.org/10.1504/IJBRA.2015.068087
http://dx.doi.org/10.1504/IJBRA.2015.068087
http://dx.doi.org/10.1504/IJBRA.2015.068087
http://dx.doi.org/10.1038/nature09944
http://dx.doi.org/10.1038/nature09944
http://dx.doi.org/10.1038/nature09944
http://dx.doi.org/10.2147/CEG.S33858
http://dx.doi.org/10.2147/CEG.S33858
http://dx.doi.org/10.2147/CEG.S33858
http://dx.doi.org/10.2147/CEG.S33858
http://dx.doi.org/10.1016/S0140-6736(07)60750-8
http://dx.doi.org/10.1016/S0140-6736(07)60750-8
http://dx.doi.org/10.1016/S0140-6736(07)60750-8
http://dx.doi.org/10.1016/S1479-666X(03)80091-4
http://dx.doi.org/10.1016/S1479-666X(03)80091-4
http://dx.doi.org/10.1016/S1479-666X(03)80091-4
http://dx.doi.org/10.1016/j.cgh.2007.01.001
http://dx.doi.org/10.1016/j.cgh.2007.01.001
http://dx.doi.org/10.1016/j.cgh.2007.01.001
http://dx.doi.org/10.1016/j.cgh.2007.01.001
http://dx.doi.org/10.1016/S0167-7012(03)00007-1
http://dx.doi.org/10.1016/S0167-7012(03)00007-1
http://dx.doi.org/10.1016/S0167-7012(03)00007-1
http://dx.doi.org/10.1016/S0167-7012(03)00007-1
http://dx.doi.org/10.1016/S0167-7012(03)00007-1
http://dx.doi.org/10.1016/j.femsec.2004.10.016
http://dx.doi.org/10.1016/j.femsec.2004.10.016
http://dx.doi.org/10.1016/j.femsec.2004.10.016
http://dx.doi.org/10.1016/j.femsec.2004.10.016
http://dx.doi.org/10.1007/s00454-004-1152-0
http://dx.doi.org/10.1007/s00454-004-1152-0
http://dx.doi.org/10.1007/s00454-004-1152-0
http://dx.doi.org/10.1007/s00454-004-1152-0
http://dx.doi.org/10.1016/j.mimet.2005.06.012
http://dx.doi.org/10.1016/j.mimet.2005.06.012
http://dx.doi.org/10.1016/j.mimet.2005.06.012
http://dx.doi.org/10.1016/j.mimet.2005.06.012
http://dx.doi.org/10.1016/j.mimet.2005.06.012
http://dx.doi.org/10.1145/130385.130401
http://dx.doi.org/10.1145/130385.130401
http://dx.doi.org/10.1145/130385.130401
http://dx.doi.org/10.1145/130385.130401
http://dx.doi.org/10.1016/b978-1-55860-247-2.50037-1
http://dx.doi.org/10.1016/b978-1-55860-247-2.50037-1
http://dx.doi.org/10.1016/b978-1-55860-247-2.50037-1
http://dx.doi.org/10.1016/j.patrec.2005.10.010
http://dx.doi.org/10.1016/j.patrec.2005.10.010
http://dx.doi.org/10.1016/j.patrec.2005.10.010



