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Abstract 

Advances in next-generation sequencing (NGS) has led to the rapid expansion of research in 

the field and the establishment of “metagenomics”, the analysis of DNA from microbial 

communities in environmental samples without prior need for culturing. In this paper, we 

propose algorithms for metage-nomic analysis of microbiome composition in human oral 

environment by various machine learning approaches with selective features reduction. The 

proposed method can reduce the number of various microbes before constructing machine 

learning prediction models. By utilizing functions provided by open-source softwares in our 

platform, these methods analyze the important features by evaluating correlations between 

microbes and healthy states and other interested phenotypes or environmental variables. 

These relevant candidate microbes are ranked before constructing the predication models 

associated with various machine learning approaches. It is shown in these preliminary 

experimental analyses that several predication models report nearly perfect predication 

accuracy with just a handful of related observed microbes’ features. Furthermore, several 

tailored virtual machine images are constructed by OpenStack hypervisor that can be 

download from our web service to provide services for metagenomics analysis by researchers 

and interested biologists. 
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Materials and Methods  

We constructed a dataset containing the 16S rRNA sequence data obtained from the analysis 

of subgingival plague samples of twenty unrelated persons: ten patients with severe 

periodontal disease and ten healthy controls. The next generation sequencing evaluation of 

their oral microbial communities was carried out by using Illumina MiSeq after performing 

amplicon sequencing on 16S rRNA V1-V2 region and PCR reaction of 10 to 18 cycles to 

enrich the adapter-modified DNA fragments. The minimum length = 35 and error probability 

< 0.05 was adopted as the criteria for quality trim processing. The authors calculated the 

correlation coefficients between the microbes and healthy state associated with periodontal 

disease. The microbe with higher correlation coefficient was selected to be a more 

informative feature. Then, the prioritized features combination generated algorithm was 

adopted to produce the prioritized features combination composed by the more informative 

features. The feature combinations were used to build classifier with SVMs, each sample was 

selected to be testing sample by turn and others were training samples, and the accuracy of 

the classifier can be obtained by calculate the average accuracy of all training model; each 

combination was assessed until the accuracy exceed the threshold. 

Experimental Results 

In this experiment, the 16S rRNA next generation sequencing run produced 5,026,516 raw 

paired-end sequences belonging to the twenty samples. After merging these raw Illumina 

paired-end reads by using open-source software, PEAR, it gots 4,536,431(90.25%) assembled 

sequences and 490,085(9.75%) unassembled reads. In filtering and trimming step, total 

assembled sequences have been parsed according defined quality thresholds and 2,694,715 

sequences have been assigned to appropriate sample ID. The minimum and maximum length 

of there sequences are 54 and 544, respectively, and the average length is 313. After 

removing chimeras by using software UCHIME, it obtained 2,560,229 post-filtering reads for 

OUT clustering process, 134,486(5%) chimeras were found in this step. The freeware, 

UPARSE was used to perform clustering process which includes dereplication, abundance 

sort, OTU clustering, and mapping reads back to OTUs steps. Total of 938 OTUs were 

clustered in this process. The features chosen were used to produce feature combinations and 



build classifier with SVMs. In this study, the predictor can get absolute accuracy just only use 

Filifactor and Porphyromonas two features. The correlation coefficient between this features 

were analyzed, Figure 6 shows the correlation between the top 10 informative features. It 

finds that, Filifactor, Porphyromonas, TG5, and Treponema are related to each other with 

putatively symbiotic relationship. 

Discussion and Conclusions 

In this paper, a metagenomic analysis method was proposed to solve the problem of 

microbiome composition. As an example, the methodology is used to analyze the microbiome 

composition of human oral environment by utilizing functions provided by open-source 

softwares on our platform. A feature selection algorithm was also proposed to choice more 

informative features among many variables. The correlation coefficient of microbes and 

healthy state were taken as evaluating criterion for feature selection. Using the algorithm, the 

predictor can get absolute accuracy just only use a few handful of features. 
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