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Obesity is a common disease among all ages that has threatened human health 

and has become a global concern. Gut microbiota can affect human metabolism and 

thus may modulate obesity. Certain mixes of gut microbiota can protect the host to be 

healthy or predispose the host to obesity. Modern next-generation sequencing 

technique allows accessing huge amount of genetic information underlying microbiota 

and thus provides new insights into the functionality of these micro-organisms and their 

interactions with the host. Multiple previous studies have demonstrated that the 

microbiome might contribute to obesity by increasing dietary energy harvest, promoting 

fat deposition and triggering systemic inflammation. However, these researches are 

either based on lab cultivation studies or basic statistical analysis. In order to further 

explore how gut microbiota affect obesity, this thesis utilize a series of machine learning 

methods to analyze large amount of metagenomics data from human gut microbiome. 

The publicly available HMP (Human Microbiome Project) metagenomic sequencing 

data, contain microbiome data for healthy adults, including overweight and obese 

individuals, were used for this study. HMP gut data were organized based on two 

different feature definitions: taxonomic information and metabolic reconstruction 

information. Several widely used classification algorithms: namely Naive Bayes, 

Random Forest, SVM and elastic net logistic regression were applied to predict healthy 

or obese status of the subjects based on the cross-validation accuracy. Furthermore, 

the corresponding feature selection algorithms were used to identify signature features 



 

in each dataset that lead to the differences between healthy and obese samples. The 

results showed that these algorithms perform poorly on taxonomic data than metabolic 

pathway data though lots of selected taxa are still supported by literature. Among all the 

combinations between different algorithms and data, elastic net logistic regression has 

the best cross-validation performance and thus becomes the best model. In this model, 

several important features are found and some of these are consistent with the previous 

studies. Rerunning classifiers by using features selected by elastic net logistic 

regression again further improved the performance of the classifiers. On the other hand, 

this study uncovered some new features that haven't been supported by previous 

studies. The new features could also be the potential target to distinguish obese and 

healthy subjects. The present thesis work compares the strengths and weaknesses of 

different machine learning techniques with different types of features originating from 

the same metagenomics data. The features selected by these models could provide a 

deep understanding of the metabolic mechanisms of micro-organisms. It is therefore 

worth to comprehensively understand the differences of gut microbiota between healthy 

and obese subjects, and particularly how gut microbiome affects obesity. 
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CHAPTER 1 

INTRODUCTION 

1.1 Microbiome and Metagenomics 

Microbes, include bacteria, archaea and fungi, are essential for earth and human 

body. Microbes are widespread on earth, and can even survive in some extreme 

environments like the deep sea and hot spring. As microbes act as both producer and 

decomposer, they can supply and recycle organic matter, and their effects are 

irreplaceable. Microbes are crucial for plants, such as nitrogen fixation. Also, animals and 

human are affected a lot by microbes; we benefit from microbes such as for agriculture, 

food industry and medicine development. With more and more microbial genomes now 

available, the nature of microbiology and microbial evolution studies have changed to 

some extent. However, traditional culture-dependent method can’t successfully isolate 

vast majority of microbial species, as the growth of a microbial species is dependent upon 

a specific microenvironment. 

Recently, the fast development of sequencing technologies offers a powerful tool 

for zooming in the microbial world. The usage of parallel systems and cultivation-

independent cloning of DNA by the next generation sequencing (NGS) technologies avoid 

the main bottlenecks in old laboratory analysis [1]. NGS applications include 16S 

ribosomal RNA gene sequencing (16S rRNA) and whole genome sequencing (WGS). 

The 16S sequencing strategies use the small subunit ribosomal RNA gene as the 

taxonomic marker to identify species. These regions contain about 1500 base pairs, from 

variable region V1 to V9. In particular, the regions that are highly conserved and specific 

can be used to distinguish bacteria, allowing researchers to capture the relative 
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abundance of different taxonomic classes within a community. 16S sequencing is widely 

applied for determining bacterial composition in the microbiome. While it is difficult to 

translate species profiles into function profiles by 16S sequencing, the whole genome 

sequencing (WGS) technologies, which are shot-gun sequencing and gene-centric 

method, can provide both bacterial composition and functional profiles. The high-

throughput sequencers like Roche 454 sequencer, Illumina genome analyzer, 

Biosystems SOLiD sequencer can produce fast, low cost and accurate genome 

information [2]. Thus the NGS could efficiently increase the sequencing speed and allow 

the researchers to get the totality of all genetic information directly from the micro-

organisms in environment with extremely low cost. Thanks to these advantages, the scale 

and size of microbial genetic data are growing much rapidly than before, thus stimulating 

the studies of metagenomes and leading to significant advances in the field of 

metagenomics. Metagenomics focuses on all genetic material retrieved directly from 

environmental samples [3]. The aim of metagenomics is to answer the questions like “who 

is there in this community”? “What are they doing?” etc. Microbiome is the total microbial 

community, the complex ensemble of microorganisms, including biomolecules, within a 

defined environment such as the soil, lake or human body [4]. Perhaps this field has 

brought forth the most cutting-edge methods to deeply understand the functionality of 

microorganisms in human metabolisms and their association with human health and 

disease. Coupled with the fast improvement of sequencing technology, more robust 

databases and advanced bioinformatics tools are now available to researchers. 
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1.2 Obesity and Gut Microbiome 

The worldwide obesity has nearly doubled since 1980 

(http://www.who.int/mediacentre/ factsheets/fs311/en/). The WHO definition of obesity is: 

the body mass index (BMI) greater than or equal to 25 is overweight, and BMI greater 

than or equal to 30 is obesity. Obesity is a common disease among all ages. In 2003-

2004, 17.1% of US children and adolescents were overweight and 32.2% of adults were 

obese [5]. This problem continues to worsen. In 2008, more than 1.4 billion adults, 20 and 

older, were overweight, of these over 200 million men and nearly 300 million women were 

obese. Obesity has threatened to human health and become a global concern. 

Obesity is a kind of complicated disease, associated with inflammatory bowel 

disease, diabetes mellitus, cardiovascular disease, the risk of musculoskeletal disorders 

and mortality [6]. Many factors can promote the risk of obesity epidemic, including the 

genetic factors such as leptin involved in body weight regulation, the environmental 

contributions such as excessive food intake, high fat diets, and lack of physical activities 

[7]. Previous epidemiological studies have suggested that the increase in obesity couldn’t 

be fully explained by genetics and/or food availability alone [8]; many evidences indicate 

that the gut microflora may contribute to or modulate obesity. Gut microbiome plays a key 

role in human’s metabolism, such as the vitamin and amino acid biosynthesis, energy 

balance, fat deposition and immune development. While only less than 30% of the gut 

bacteria have been cultured, the NGS sequencing methods can successfully illuminate 

the diversity of the gut microbiota. The important effect of gut microbiota to human health 

has been acknowledged more and more in recent years. Metagenomic studies showed 

that certain state condition of gut microbiota may protect from, or predispose the host 



4 

body to obesity [9]. A “healthy composition of gut microbiota” or changing the microbiota 

towards a healthy composition may improve human health condition and control body 

weight, while a “bad composition of gut microbiota” may result in metabolic disorder like 

inflammatory bowel disease, type 2 diabetes and obesity. Thus, the gut microflora is a 

potential novel contributor to the development of obesity [10][11][12][13]. 

In human gut microbiome, the major phyla Firmicutes and Bacteroidetes constitute 

80-90% of the bacteria, and followed by Actinobacteria, Proteobacteria as minority 

members [14][15]. When using mouse for experiment, researchers have found that obese 

individuals had a different gut microbiota composition compared to lean controls: obese 

gut microbiota had a greater relative abundance of Firmicutes while lean microbiomes 

had low Firmicutes to Bacteroidetes ratios; and the high Firmicutes to Bacteroidetes ratios 

were correlated with more number of genes encoding key enzymes for polysaccharide 

digestion [16], causing high absorption of carbohydrate and lipid. This may be induced by 

high-fat diet. In some research it also showed overweight and obese people have lower 

number of Ruminococcus flavefaciens subgroup, and obese one has significantly lower 

concentrations of C.leptum group and of the genus Bifidobacterium, has lower amount of 

Methanobrevibacter spp. than the lean carriers [17]. Also, obese gut microbiome has 

lower values for Shannon index, Simpson’s index and equitability index compared with 

lean ones, indicating that the lean microbiome is more diverse [15]. 

There are totally about 3.3 million genes in the gut microbiome, which are 150 

times more than human genes [18], indicating many potential functions still need to be 

discovered. Some researchers found that the gut microbiota functions in energy harvest 

from the diet, modulation of lipid metabolism, endocrine signaling, and promoting 
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metabolic inflammation [19]. Gut microbiome is enriched in genes involved in 

carbohydrate sensing and degradation, resulting in the increase of energy absorption. 

Obesity associated enzymes/genes can use a variety of energy sources for increasing 

the capacity for energy absorbed from diet. Gut microbiota may contribute obesity by 

increasing dietary energy harvest and promoting fat deposition [20]. Obese gut microbiota 

may also regulate host genes associated with promoting deposition of absorbed fat into 

adipocytes and increasing fat storage. Gut microbiota can also affect host metabolism by 

regulating host hormone production. 

Other studies showed that obese gut microbiota are different from healthy ones in 

that, the genes encoding membrane transport functions are enriched in the obese gut 

microbiota, while the genes related to enzymes involved in cofactors, vitamin metabolism, 

nucleotide metabolism and transcription processes not so relative to the lean gut 

microbiota [21]. And obese microbiomes are less modular, owing to adaptation to low-

diversity environments [21]. Also genes involved in butyrate production were enriched in 

the gut microbiota from obese adolescents, whereas bacteria from lean adolescents 

seem to have more genes associated with vitamin B6 synthesis [15]. 

Many factors can affect gut microbiome. Diet can change the composition of the 

gut microbiome. A diet rich in fat can increase the bacteria of Firmicutes phylum, so 

Firmicutes/Bacteroidetes ratio can be changed by high-fat diet [22]. High-fat diet also 

decreases the family Enterobacteriaceae and Bacteroides spp, and reduces the 

beneficial bacteria such as bifidobacteria. Gut microbiota can be modulated by 

antibiotics/vaccines or prebiotics/probiotics. Specific antibiotics can reduce specific 

pathogenic bacteria while probiotics can increase beneficial bacteria. Taking prebiotics 
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can decrease Firmicutes and can increase Bacteroidetes phyla [23], restore the numbers 

of bifidobacteria [24]. 

 

1.3 Human Microbiome Project (HMP) 

It’s amazing to know that more than 90% of the cells in human body are microbes 

[25][26]. Previous culture-dependent study of microbes has already revealed that human 

microbes play a crucial role in host-related metabolism and have a profound impact of 

human health. However, the functionality of large amount of unknown species and their 

interaction with hosts are still a mystery to biologists due to the fact that culture-dependent 

method could only access less than 1% of the total micro-organism species in 

environment. 

The US NIH-funded Human Microbiome Project Consortium (HMP), which is called 

as “the second human genome project” [26][27], provides considerable reliable resources 

for retrieving and analyzing microbial metagenomics data in human body. HMP collated 

the largest existing dataset with high quality sequences for healthy individuals. The 

project aims to characterize microbial communities found in different human body sites 

and look for the correlations between changes in the microbiome and human health, and 

thus allow researchers to use these datasets in order to improve human health by 

monitoring and manipulating the human microbiome [28]. HMP brought a population-

scale framework for human microbiome including 242 healthy adults. Each adult’s 

microbiota were sampled and then sequenced up to 3 times for the microbial composition 

from 5 regions, covering a total of 15 or 18 different body sites. Those regions were gut 

(stool), oral cavity (buccal mucosa, hard palate, keratinized gingival, palatine tonsils, 



7 

saliva, subgingival plaque, supragingival plaque, throat, tongue dorsum), airway (anterior 

nares), skin (left anterior auricular fossa, left retroauricular crease, right antecubital fossa, 

right retroauricular crease), vagina (mid-vagina, posterior fornix, vaginal introitus). The 

corresponding metagenomic databases include 5177 microbial taxonomic profiles from 

16S ribosomal RNA genes and 3.5 tera bases of metagenomic shotgun sequences [27].  

HMP data is widely used by lots of microbiome researchers in recent years. HMP 

DACC Portal (http://www.hmpdacc.org/) website provides all the publicly available HMP 

data sets, from raw to processed sequencing data for both metagenome and reference 

genome data. The database also provides metagenomic protocols, including 

standardized methods for creating, processing and interpreting high-throughput 

metagenomic data. It is a very high quality data resource for human microbiome research. 

Among the 18 different body sites covered by the HMP databases, the gut microbiome 

data takes a considerable large portion. Also, majority of the human microbiome are found 

in the human gastrointestinal tract and they are tightly related with obesity. HMP gut 

microbiome dataset is a remarkable choice to investigate for this study. 

  

1.4 Machine Learning Applied to Microbiome Field 

Microbiota are a complex community where the bacteria are related to each other 

by the close interactions. Traditional statistical tests are often limited by the assumption 

that the variables are independent with each other. The correlations and interactions 

between features may not be considered by the traditional statistical tests, makes it 

difficult to identify the important features. In contrast, machine learning algorithms are 

more flexible and suitable for the study of complicated microbial world. Microbiome data 
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can be regard as “large p and small n data”, which means the data has very large features 

(attributes) and relatively small samples. Machine learning methods can be used to model 

the microbiome data. These methods can build models accounting for even highly 

complex feature relationships. Machine learning can recognize patterns, features, and 

predict better for the microbial field [29].  

In general, machine learning is a kind of artificial intelligence that enable computer 

to learn without being explicitly programmed. Currently there are two major categories of 

machine learning algorithms: unsupervised learning and supervised learning. 

Unsupervised learning focuses on characterizing the hidden pattern of data without any 

knowledge of the underlying pattern or in the absence of training data, while supervised 

learning aims to build models with labeled data, which are then used for prediction. In the 

recent years, both supervised and unsupervised learning algorithms have been frequently 

applied in microbiome field, addressing the biological issue like raw sequence processing 

and the downstream data analysis in metagenomics. 

For raw sequence processing, several unsupervised learning algorithms are 

developed for sequence denoising, OTU clustering and chimera checks. AmpliconNoise 

algorithm [30] is designed to reduce the machine error in 454 pyrosequencing data. 

UCHIME [31] program detects chimeric sequences with two or more segments based on 

self-training process. CD-HIT [32] is used for clustering biological sequences in order to 

reduce sequence redundancy and improve analyses performance, and also USEARCH 

[33], de novo greedy heuristic clustering, is a sequence analysis tool for searching and 

clustering sequences. Some supervised learning algorithms are also useful for taxonomic 

identification. RDP [34] uses word-based Naïve Bayesian classifier to rapidly and 
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accurately classify raw sequences by lower to higher taxonomic groups (from genus to 

phylum level). Phylopythia [35] utilizes multi-group support vector machines to classify 

the sequences across all considered taxonomic ranks. 

The downstream microbiome data analysis includes enterotype detection, feature 

selection, and category prediction. Enterotype [36] use K-mean clustering algorithms with 

JSD distance to identify robust microorganism clusters that are not specific to nation or 

continent. Random forest [37] with Boruta feature selection has been used to detect 

signature bacteria in gastrointestinal microbiome. Support vector machine [38] was used 

to classify samples into different categories for metagenomic count data with pretty good 

accuracy. Also genetic programming, logistic regression and random forests were applied 

to detect bacterial vaginosis by using vaginal microbiome [39]. 

  



10 

CHAPTER 2 

APPLYING MACHINE LEARNING ON GUT MICROBIOME DATA 

2.1 HMP Gut Microbiome Data 

The HMP gut microbiome data is a remarkable choice to investigate for my study. 

The data covers both HMP 16S rRNA and whole genome sequencing data for adults from 

18 to 40. Based on different definition of features, the sequencing data were constructed 

into two different tables: the HMP HMQCP (QIIME community profiling) dataset 

(http://www.hmpdacc.org/HMQCP/) and the HMMRC (metabolic reconstruction) dataset 

(http://www.hmpdacc.org/HMMRC/). 

 

2.1.1 Obtain the BMI Value for Each Sample 

For both HMQCP (16S rRNA sequencing) and HMMRC (whole genome 

sequencing) data, the BMI information for each subject is obtained by NCBI dbGaP 

database. dbGaP (The database of Genotypes and Phenotypes, 

http://www.ncbi.nlm.nih.gov/gap) is the database from NCBI to archive and distribute the 

results of studies that have investigated the interaction of genotype and phenotype. 

The dbGaP ID for HMP is phs000228. There are 7 datasets for this project. The BMI value 

for each subject is in EMMES_HMP_DTP_DHX_DVD dataset with variable accession 

phv00158679.v1.p1. Because this information is not publicly available, an authorized 

access application for BMI is needed. My application was approved and I successfully got 

the BMI value for each sample.  

The HMQCP is 16S rRNA sequencing data, processed by QIIME (Quantitative 

Insights Into Microbial Ecology) software SOP. It includes 2 different regions of 16S rRNA: 

http://www.hmpdacc.org/HMQCP/
http://www.hmpdacc.org/HMMRC/
http://www.ncbi.nlm.nih.gov/gap
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V1V3 region and V3V5 region. There are totally 187 gut microbiome samples in V1V3 

dataset, include 99 lean and 88 non-lean (63 overweight and 25 obese), with 16 phyla, 

26 classes, 34 orders, 57 families, 100 genera, 7858 OTUs (operational taxonomic units). 

And the V3V5 dataset has 319 gut microbiome samples, with 174 lean and 145 non-lean 

(100 overweight and 45 obese), covering 13 phyla, 24 classes, 36 orders, 63 families, 

114 genera, and 11747 OTUs. 

The HMMRC dataset is the metabolic reconstruction data that represents the 

properties of KEGG (Kyoto Encyclopedia of Genes and Genomes) module and pathway. 

KEGG module consists of manually defined functional units, aim for genome annotation 

and interpretation (http://www.genome.jp/kegg/module.html). A module can be consist of 

several KOs (KEGG orthologies), see figure 2.1. KEGG pathway consists of manually 

drawn pathway maps, showing the molecular interaction and reaction networks such as 

for metabolism, genetic information processing, cellular processes and so on 

(http://www.genome.jp/kegg/pathway.html). By running HMP HUMAnN [40] (Unified 

Metabolic Analysis Network) software on the Illumina whole HMP genome sequences 

data, two different types of table could be obtained to illustrate the KEGG module or 

pathway: the coverage tables shows the presence or absence for each KEGG 

module/pathway in the community; and the abundance tables shows the abundance of 

each KEGG module/pathway, that means how many copies of the module/pathway are 

present in the community. Totally, the HMMRC data includes 136 gut microbiome 

samples, which contains 71 lean and 65 non lean (49 overweight and 16 obese). The 

module abundance table contains 230 modules (features) and the module coverage table 

http://www.genome.jp/kegg/module.html
http://www.genome.jp/kegg/pathway.html
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contains 221 modules. While the pathway abundance table contains 290 pathways and 

the pathway coverage file contains 273 pathways. 

 

Figure 2.1. An example of KEGG module and KEGG pathway. Left, M00002: Glycolysis, core module 
involving three-carbon compounds, consisted of several KOs. Right, Map00020: Citrate cycle (TCA 
cycle). Figures are from the KEGG pathway database. 

 
One limitation for the dataset is that the data is unbalanced. The number of obese 

subjects is smaller compared with the healthy ones. Detailed information about data 

structure can be found in Table 2.1. 

HMQCP Data HMMRC Module Data HMMRC Pathway Data 

V1V3 region data 
99 lean and 88 non-lean (25 obese 
and 53 overweight) 
16 phyla, 26 classes, 34 orders, 57 
families, 100 genera, 7858 OTUs 

Abundance data 
71 lean and 65 nonlean (16 
obese and 49 overweight) 
230 modules 

Abundance data 
71 lean and 65 nonlean (16 
obese and 49 overweight) 
290 maps 

V3V5 region data 
174 lean and 145 non-lean (45 obese 
and 100 overweight) 
13 phyla, 24 classes, 36 orders, 63 
families, 114 genera, 11747 OTUs 

Coverage data 
71 lean and 65 nonlean (16 
obese and 49 overweight) 
221 modules 

Coverage data  
71 lean and 65 nonlean (16 
obese and 49 overweight) 
273 maps 

Table 2.1. HMP gut microbiome data structure 
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2.2 Classification and Feature Selection Algorithms 

2.2.1 Naïve Bayes 

Naïve Bayes classifier [41] is a simple probabilistic framework for solving 

classification problems based on Bayes’ theorem. The Bayes theorem is 

P(C|X)=P(X|C)P(C)/P(X). Given a record with attributes (x1, x2, …, xn), the posterior 

probability  for class C is: P(C|x1, x2, …, xn)=P(x1, x2, …, xn|C)P(C)/P(x1, x2, …, xn). 

Though theoretically the classifier relies on strong independence assumptions 

between the features, Naïve Bayes often performs surprisingly well in real 

implementations. Especially for data with few samples but large amount of features, the 

mechanism of estimating the conditional feature distribution in Naïve Bayes can 

significantly reduce the problem caused by dimension curse. Also, Naïve Bayes are 

considered to be quite useful to treat unbalanced classification problem. For the 

unbalanced dataset, Naïve Bayes could still make a correct decision as long as the 

correct class is deemed more probable than other classes by this method. So, due to the 

above properties about the tolerance to irrelevant features and isolated noise points, 

Naïve Bayes is a practically robust classifier for large p small n problem, where p denotes 

the number of attributes and n denotes the sample size. In our case, we use the bacterial 

taxa, KEGG modules, and KEGG pathways as the attributes and the status (lean and 

non-lean) as the classes. After model training, the samples are assigned to the class (lean 

or non-lean) with the maximum posteriori probability. CMAP=argmax P(d|c)P(c) =argmax 

P(x1, x2, …, xn|c)P(c). (CMAP is the maximum posteriori probability, argmax refers to the 

class c at which the value of P(x1, x2, …, xn|c)P(c) is as large as possible, where c is lean 

or non-lean) 
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2.2.2  Random Forest 

Random Forest [42] is an ensemble predictor based on a population of decision 

trees.  Decision tree is a tree like hierarchy graph for classification. The tree is grown 

starting from the top node and ending in terminal nodes or leafs are shown in Figure 2.2. 

For every tree node, attributes are randomly selected and evaluated to split the data. The 

attributes that lead to the largest decrease in impurity are used to divide the data at each 

parent node into two or more clusters (child nodes). Usually, the degree of impurity is 

evaluated by the two most common measures: entropy and Gini index. The entropy and 

Gini is given by Entropy= -∑i=1m pilog pi, Gini = 1 – ∑i=1mpi2 (when classifying items into ‘m’ 

classes using a set of training items ‘E’, where pi (i = 1,…,m) be the fraction of the items 

of E that belong to class). The splitting process is repeated and finished when the terminal 

nodes are pure, which means the samples within a terminal node belong to the same 

class. 

 

Figure 2.2. An example of decision tree. The tree is grown starting from the top node and ending in 
terminal nodes (lean or non-lean). 

 
Although a single decision tree is weak, the ensembles of many trees together are 

powerful [42]. Random forest assembles lots of decision trees by combination of the 

bagging method and random subspace method on part of the training data and estimate 
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the error rate by the rest part of the data. The lowest risk of each weak decision tree is 

minimized and finally a robust combination of these decisions is built. After adding 

bagging features into it, random forest is now a robust method for complex classification 

and can give out out-of-bag (OOB) error rate, which has similar explanation and 

equivalent to cross-validation error in other classification methods. Random Forest is a 

robust classifier and is widely applied in different disciplines including biology [43][44]. 

Also, a natural process for feature selection can be provided from Random Forest 

by a series of permutation steps based on Gini-index or information gain. The algorithm 

first evaluates the total out-of-bag error for each feature during training process. Then it 

randomly permutes values for each feature in the training data and calculates a score 

(likelihood). The likelihood (Z-score) is evaluated by averaging the differences between 

the new OOB error after permutation and the original OOB error without permutation. 

Feature with higher Z-score will have higher rank in feature importance. 

Figure 2.3 shows a simple example about how a random forest works. This random 

forest is built with many decision trees. Each tree is grown from a different set of training 

samples and variables; training samples are randomly selected with replacement from 

original training data. A plenty of decision trees are needed to be built in order to cover 

all the samples and attributes in the training samples. After the training process, given a 

new sample (Test) for testing, each decision tree will give output showing which class 

(e.g. lean: green circle or non-lean: red circle) the Test belongs to. Then random forest 

uses voting strategy to finally predict which class it would be. As an example: if 700 trees 

predict Test into lean class and 300 trees predict Test into non-lean class, by voting 

strategy, Random Forest will classify the Test as lean. 
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Figure 2.3. An example of random forest. All training data can be randomly divided into several datasets. 
Each tree is grown from a dataset. Given a test instance, each tree will decide which class it belongs to. 
By using majority voting strategy, random forest will predict the final class it belongs to. 

 
2.2.3 Support Vector Machine 

Support vector machines (SVM) [45][46] aim to find a decision boundary 

(hyperplane) with maximized margin that separate the data. The model formula of basic 

SVM is composed of a hinge loss function and L2-regularization term [47]. The hinge loss 

function is used for maximum margin classification and provides a probabilistic free 

framework and a lightweight model only based on support vectors. The L2-norm 

regularization ensures the accuracy of the model by avoiding the overfitting problem. In 

SVM, if the training data is linearly separable, the classifier is a linear SVM with a 

maximum margin. The straight line used to separate data is called decision boundary. 

The decision boundary is positioned in order to leave the largest margin on either side. 

The training samples that are close to the decision boundary and lie on the margin are 

called support vectors.  
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Another important factor that leads to the success of SVM is the usage of kernel 

tricks. Kernel functions [46] aim to transfer the original feature space into a higher 

dimensional feature space so that so that a non-linear classification problem can be 

solved with a linear model in the new feature space. Thus the kernel trick provides lots of 

flexibility when the data are not linearly separable. So with the help of the different kernel 

functions, SVM can also handle a variety of non-linear decision boundaries with lots of 

different choices. Widely used kernel functions include linear kernel, radial basis function 

(RBF) kernel and polynomial kernel. Also the customized kernel functions can be 

designed to meet special requirement in different problems like string kernels for text 

classification and gene prediction. SVM-RFE (Recursive Feature Elimination) [48] is first 

developed for analyzing microarray data to find signature genes in gene-chips. SVM-RFE 

is a backward feature elimination method based on the scores of features. The scores 

are calculated with weight vectors in kernel matrix. Features with lower rank scores are 

assumed to have lower influence on decision boundary and thus will be excluded from 

feature list. SVM linear kernel and RBF (ratio basis function) kernel was applied in my 

study. 

Figure 2.4 showed an example of a support vector machine. During the training 

process, SVM separate the training data by an optimal hyperplane. The hyperplane is 

placed with the maximal margin of separation between two classes (e.g. lean and non-

lean class). Training samples that lie on the margin are the support vectors. Given a 

sample to be classified as lean or non-lean, we show in the illustrative figure below the 

SVM classifying the sample into lean group if the sample lies above the hyperplane, and 
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classifying the sample into non-lean group if the sample lies under the hyperplane (Figure 

2.4). 

 

Figure 2.4. An example of support vector machine. Samples on the dashed line are support vectors. SVM 
classify the sample into lean group if the sample lies above the hyperplane, and classify the sample into 
non-lean group if the sample lies under the hyperplane 

 
2.2.4 Elastic Net Logistic Regression 

Elastic net [49][50] is a regularization optimization method that utilize the elastic 

net penalty, which linearly combines L1-norm in lasso (least absolute shrinkage and 

selection operator) and and L2-norm penalties in ridge regression. So, the model built with 

Elastic-Net regularization can take the advantages of both. The L1-norm penalty in Lasso 

[51] has shown its great power in analyzing high-dimensional data and it can select 

features in sparse matrix automatically when training the model. However, the L1-norm 

regularization has 2 major limitations [49]: (1) in the p >> n case, Lasso could only select 

at most n important features, where p stands for attributes, n stands for sample size. (2) 

When selecting the features with high correlations, Lasso tends to select only one feature 

and ignore others. In contrast to Lasso, ridge regression with L2-norm regularization can 

overcome the above limitations by keeping all possible highly correlated features to 
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achieve high accuracy. However, unlike L1-norm regularization, L2-norm regularization 

will easily lead to overfitting problem in high-dimensional sparse data and cannot work as 

an automatic feature selection algorithm. In 2005, Hui Zou [49] designed elastic-net 

penalty, which uses L2-norm regularization to adjust L1-norm constraints and thus break 

the limitations of both Lasso and ridge regression. The elastic net penalty is given by: 

Pα(β) =
1
2

(1 − α) ∥ β ∥l2
2 + α ∥ β ∥l1= �[

1
2

p

j=1

(1 − α)βj
2 + α|βj| 

Where α is from 0 to 1, β is the weight vector. 

Logistic regression is generalized linear model for classification where the 

ơ(z)=1/(1+e-z) is the logistic sigmoid function. Given a sample with attributes (x1, x2, …, 

xn), where z= β0+β1x1+β2x2+ …+βnxn, β is the weight vector, if ơ(z)≥0.5, we can predict 

the sample into one class (e.g. lean group), while if ơ(z)<0.5, we will predict this sample 

into another class (e.g. non-lean group) (Figure 2.5).  

 
Figure 2.5. Example of logistic regression. ơ(z)=0.5 is the decision boundary. If ơ(z)≥0.5, we can predict 
the sample into one class (e.g. lean group), while if ơ(z)<0.5, we will predict this sample into another 
class (e.g. non-lean group) 

 

So the elastic net logistic regression is a regularized optimization problem with logistic 

loss and L1+L2-norm penalty. Thus, elastic-net penalty provides a powerful framework to 
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achieve both automatic feature selection and grouping effect for feature selection on high-

dimensional sparse data like microarray data and SNP. And elastic net regression 

problems can be solved very fast by taking the advantages of coordinate descent 

algorithms mentioned by Rob Tibshirani [52]. 

 

2.3 Data Processing and Algorithms Implementation 

For this study, I divided the data into two classes based on the BMI value: lean 

(BMI < 25) and non-lean (overweight and obese), because the data is unbalanced (only 

25 obese samples in HMQCP and 16 obese samples in HMMRC). I only extract the 

samples that belong to gut microbiome from the HMQCP and HMMRC datasets. Features 

with zero abundance in all samples are eliminated to reduce the dimensionality of the 

dataset (Figure 2.6). First, I use all the data as training data and then use the same data 

as testing. Further to avoid overfitting, 10-fold cross-validation is applied for each 

classifier, the highest cross-validation accuracy and best parameter set are obtained 

during this process and thus the best model is obtained. The classifier with the highest 

cross-validation accuracy is applied for feature selection. To improve the performance of 

classifiers, after obtaining the selected features from the best classifier, the selected 

features are used as new dataset for rerunning the previous classifiers again. The new 

cross-validation accuracy is obtained and compared with the original ones. 
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Figure 2.6. Flowchart for data processing and algorithm implementation. 

 
The machine learning and feature selection algorithms are implemented with R. 

1) Naïve Bayes (“naiveBayes” command in R package “naiveBayes”). 

2) Random Forest (‘randomForest’ command in R package “randomForest”). 

3) (3)SVM (implemented with R package “e1071” plus command ‘crossval’ in 
Bioconductor package “pathClass” ). 

4) Elastic Net Logistic Regression (‘cv.glmnet’ command in R package “glmnet” ). 

In order to test the performance of each algorithm, the 10-fold cross-validation 

accuracy is used as indicator. The feature selection algorithms are implemented with the 

best hyperparameters decided by 10 cross-validation accuracy by each algorithm. 

Furthermore, models with only selected features are re-trained as the final model for each 

algorithm in order to improve the performance. And the important taxa and metabolic 

pathway/modules selected to distinguish healthy with obese are discussed in detail. The 

cross-validation accuracy is implemented with R package “caret”.  
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The methods were assessed using the accuracy parameters, namely, sensitivity, 

specificity, classification accuracy, cross-validation accuracy (CV-accuracy), defined as 

follows. Here I specify the non-lean (overweight plus obese) as the positive, and the lean 

(healthy) as the negative. I use the total data for training and testing. The total 

classification accuracy for the classifiers is the measurement that how well they separate 

samples into lean and non-lean groups. Sensitivity measures how well the classifiers 

classify the non-lean subjects into the right group, and specificity measures how well the 

classifiers classify the lean subjects into the right group (formal definition below). Ten-fold 

cross-validation accuracy is defined as following.  We first partition data into ten subsets. 

Then we use nine subsets for training and the other one subset for testing, and repeat 

ten times. Cross-validation accuracy is the average of the accuracies from the above 

processes. 

 Predicted class 

Actual class  Test as non-lean group Test as lean group 

Non-lean group TP (true positive) FN (false negative) 

Lean group FN (false negative) TN (true negative) 

Table 2.2. Confusion matrix for the data 

Total accuracy = (TP + TN)/N 

Sensitivity = TP/(TP+FN) 

Specificity= TN/(TN+FP) 

TP: true positive, TN: true negative, FN: false negative, FP: false positive, N: sample size 

CHAPTER 3 

RESULTS AND DISCUSSION 
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CHAPTER 3 

RESULTS AND DISCUSSION 

3.1 Classification Performance 

3.1.1 Classification Result 

Table 3.1 shows the 10 cross-validation accuracy on 16S HMQCP data with 

different classifiers. Naïve Bayes performs poorly on phylum and genus level, with very 

low cross-validation accuracy and total accuracy. Also either sensitivity or specificity is 

extremely low, which indicates that Naïve Bayes tends to classify every example into one 

category for this data (supplement Table S1). Applying Naïve Bayes on OTU level 

significantly increases the total accuracy, sensitivity and specificity. However, the cross-

validation accuracy is still very low. So it is probably an overfitted model that could not 

represent the whole picture.  

10-fold Cross-
validation Accuracy 

Phylum 
V1V3 

Phylum 
V3V5 

Genus 
V1V3 

Genus 
V3V5 

OTU 
V1V3 

OTU 
V3V5 

Naive Bayes 0.5029 0.5486 0.4474 0.4487 0.5015 0.5325 

Random Forest 0.5134 0.5078 0.5508 0.6176 0.5615 0.6176 

SVM linear kernel 0.5294 0.5392 0.5455 0.6082 0.5936 0.5862 

SVM rbf kernel 0.5882 0.5549 0.5401 0.605 0.5841 0.6074 

Elastic Net Logistic 
Regression 

0.5668 0.5705 0.5668 0.6082 0.6578 0.6426 

Table 3.1. 10-fold cross-validation accuracy of 16S HMQCP data for each classifier 

Naïve Bayes is not the only algorithm showing this trend, all other classifiers suffer 

from the overfitting problem to some degree though they all could provide good 

classification accuracy on the whole data. SVM with either linear or rbf kernel has a very 

unstable performance on phylum and genus data. The cross-validation accuracy of 

Random Forest is only less than 0.6 though it has the total accuracy 1.0 with lots of trees. 
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The overfitting problem is strong at phylum level and then becomes weaker at OTU level 

when more specific features are introduced into the model. Applying Elastic net logistic 

regression on OTU level with V1V3 and V3V5 region has the best cross validation 

accuracy and generalization performance. So the elastic net logistic regression is the best 

model among the candidates for finding indicator features. 

The classifiers trained with HMQCP taxonomy dataset generally perform poorly in 

distinguishing the obese and lean gut microbiota. So here I use metabolic reconstruction 

HMMRC data, which focus on pathway or module abundance and coverage to build the 

model. Table 3.2 shows the 10-fold cross-validation accuracy on HMMRC data with 

different classifiers. Similar to the results in HMQCP data, the Naïve Bayes classifier has 

low cross-validation accuracy, total accuracy and biased sensitivity/specificity rate. 

Random Forest and SVM has extremely high total accuracy, sensitivity and specificity 

with low cross-validation accuracy (supplement Table S2). Elastic-Net logistic regression 

has the highest cross-validation accuracy and affordable total accuracy, sensitivity and 

specificity. This indicates that Elastic-Net logistic regression is the best model for 

metabolic reconstruction data. 

10-fold Cross-
validation Accuracy 

Module 
Abundance 

Module 
Coverage 

Pathway 
Abundance 

Pathway 
Coverage 

Naive Bayes 0.5654 0.5588 0.6313 0.5808 

Random Forest 0.6103 0.6176 0.6029 0.6029 

SVM linear kernel 0.5956 0.6176 0.6471 0.6324 

SVM rbf kernel 0.6250 0.6250 0.6471 0.6544 

Elastic Net Logistic 
Regression 

0.6471 0.6544 0.6985 0.6618 

Table 3.2. 10-fold cross-validation accuracy of metabolic reconstruction (HMMRC) data for each classifier 
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In the 4 models built by Elastic-Net for the different sub-categories in HMMRC data, 

module abundance model and module coverage model have similar cross-validaion 

accuracy but the total accuracy, sensitivity and specificity are much higher in the latter 

model (Supplementary Table S2). Pathway abundance model further increases the cross 

validation-accuracy to nearly 70% with considerate other indicators and thus is the best 

model among these four.  

 

3.1.2 Comparison of the Result for Different Classifiers and Datasets 

The above results demonstrate that the Elastic-Net logistic regression performs 

best among all candidate classifiers. Though the model built by Elastic-Net has lower total 

accuracy than models like Random Forest and SVM, it could provide higher cross-

validation accuracy with reliable sensitivity and specificity. This is mainly because Elastic-

Net has better regularization strategy to deal with high-dimensional sparse matrix where 

the data has many attributes but values of most attributes are zero. The logistic loss 

provides a good approximation to model the distribution of unbalanced data [49]. Naïve 

Bayes algorithm has the worst cross-validation performance and sensitivity and specificity. 

Though generally speaking this algorithm doesn’t really suffer from the inaccurate 

independence assumptions and the curse of high-dimensionality due to the independent 

estimation of feature distribution, Naïve Bayes failed to build the reliable conditional 

probability on the datasets I choose. This might because the sample sizes in obese and 

lean classes are unbalanced and lots of low abundance features like singletons influence 

the parameter estimation of feature distributions. Random forest and SVM showed better 

performance than Naive Bayes. Both of the above two feature selection algorithms are 
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based on indicator scores – Gini index and weight influence – to rank the importance of 

each feature. And the randomization process in these two algorithms could randomly 

choose a small amount of features from the candidates with similar scores. So it is entirely 

possible that some low abundance features are randomly selected into the final model 

and these noisy features could accidently improve the total accuracy but lead to overfitting 

on testing. 

When comparing the 16S taxonomic data and metabolic pathway data, it is clearly 

that the latter datasets have better cross-validation performance. The best Elastic-Net 

model for metabolic pathway abundance of V3V5  data has around 5% higher 

classification accuracy than the best model for V1V3 taxonomic data, while the total 

accuracy, sensitivity and specificity is around 10% lower (supplementary Table S1). This 

means that the metabolic pathway data could provide better features compared with 

taxonomic data. Several possible reasons might contribute to this phenomenon. One 

possibility is that the taxonomic features like OTUs are defined by clustering algorithms 

with a specific cut-off (like 97%) based on the phylogenetic distance between sequences 

and thus introduces bias features like singletons. Also some of the features are unreliable 

to use because micro-organisms having single features could be randomly distributed 

into small broken multiple features, blurring the original feature property. Both the above 

two factors could lead to unstable feature selection and thus influence the model accuracy. 

Grouping sequences into taxonomic level will ignore the hidden biological relationships 

between features. Previous study has shown that different microorganisms with different 

functionality could work together in one metabolic pathway and some of these 

microorganisms are interchangeable. So it is entirely possible that some microorganisms 



27 

occur in one sample and some other micro-organisms dominate another sample in the 

same class. Also close taxa may have different functions while distant taxa may share 

some similar functions. Applying metabolic pathway as features indicated more biological 

interactions between microorganisms than their phylogenetic distance. Therefore, the 

function profiles of gut microbiome may have more effect on obesity rather than its 

taxonomic composition. 

 

3.2 Improving the Model Performance 

3.2.1 Rerunning Classifiers by Using Selected Features and Supported Features 

The highest cross-validation accuracy is 0.6985. There are many factors that may 

influence the accuracy such as sample size, some biases introduced during the 

sequencing process, and/or genetic factors like leptin and environmental factors like diets 

and activities. Nevertheless, the performance of the classifiers could be further improved 

with the features selected by Elastic net logistic regression. Features selected by Elastic 

net logistic regression (selected features) can be divided into supported features and 

unsupported ones. Supported features are the features have already been shown to have 

an effect on obesity by the previous studies; unsupported ones are the features that 

haven’t been reported in any studies yet. Both the selected features and supported 

features were used as new datasets. I compared the result after rerunning the classifiers 

with the original (first) run.  

For 16S dataset, using selected features, the performance improved for genus 

V3V5 data, while the performance didn’t improve for genus V1V3 data (Table 3.3). Using 
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supported features, while SVM with rbf kernel showed better cross-validation accuracy 

on genus V1V3 data, other classifiers failed to get better results (Table 3.4).  

10-fold Cross-validation Accuracy  16S Genus V1V3 16S Genus V3V5 

Random Forest 0.4920(0.5508) 0.6583(0.6176) 

SVM linear kernel 0.5187(0.5455) 0.6270(0.6082) 

SVM rbf kernel 0.5882(0.5401) 0.6583(0.6050) 

Elastic Net Logistic Regression 0.5509(0.5668) 0.6180(0.6082) 

Table 3.3. Comparison for the result of rerunning selected features vs. original 16S (HMQCP) data 
(rerun(original result)) 

 

10-fold Cross-validation Accuracy 16S Genus V1V3 16S Genus V3V5 

Random Forest 0.4866(0.5508) 0.4828(0.6176) 

SVM linear kernel 0.5508(0.5455) 0.5455(0.6082) 

SVM rbf kernel 0.5775(0.5401) 0.5799(0.6050) 

Elastic Net Logistic Regression 0.5509(0.5668) 0.5670(0.6082) 

Table 3.4. Comparison for the result of rerunning supported features vs. original 16S (HMQCP) data 
(rerun(original result)) 

 
Similar results were obtained with metabolic reconstruction dataset as well, results show 

that usage of selected features can significantly improve the performance (Table 3.5), in 

some cases the cross-validation accuracies increased by ~10% compared to the original 

results (see the bold value), in contrast using supported features resulted in poor 

performance (Table 3.6). 

 

10-fold Cross-
validation Accuracy 

Module 
Abundance 

Module 
Coverage 

Pathway 
Abundance 

Pathway 
Coverage 

Random Forest  0.5956(0.6103) 0.6324(0.6176) 0.5956(0.6029) 0.6912(0.6029) 

SVM linear kernel 0.6765(0.5956) 0.6544(0.6176) 0.7500(0.6471) 0.7868(0.6324) 
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SVM rbf kernel 0.6765(0.6250) 0.6838(0.6250) 0.7353(0.6471) 0.8015(0.6544) 

Elastic Net Logistic 
Regression 

0.6852(0.6471) 0.6765(0.6544) 0.7353(0.6985) 0.8236(0.6618) 

Table 3.5. Comparison for the result of selected features vs. original metabolic reconstruction (HMMRC) 
data (rerun(original result)). 

 

10-fold Cross-
validation Accuracy 

Module Abundance Module Coverage Pathway 
Abundance 

Pathway 
Coverage 

Random Forest 0.6103(0.6103) 0.5368(0.6176) 0.6250(0.6029) 0.5661(0.6029) 

SVM linear kernel 0.7059(0.5956) 0.5515(0.6176) 0.5515(0.6471) 0.5882(0.6324) 

SVM rbf kernel 0.7059(0.6250) 0.5588(0.6250) 0.5852(0.6471) 0.6176(0.6544) 

Elastic Net Logistic 
Regression 

0.6985(0.6471) 0.5735(0.6544) 0.5582(0.6985) 0.6177(0.6618) 

Table 3.6. Comparison for the result of supported features vs. original metabolic reconstruction (HMMRC) 
data (rerun(original result)). 

 

3.2.2 Comparison the Result of Selected Features and Supported Features 

Rerunning the classifiers by using selected features, the performance of the 

classifiers can be improved, showing the features selected by the elastic net logistic 

regression are reliable. The performance rendered by the selected features is much better 

than that by the supported features, indicating that the unsupported features selected by 

Elastic net logistic regression are also important features for this study. These 

unsupported features could be regarded as potential new features. 

 

3.3 Investigate the Features Selected by the Best Classifiers  

3.3.1 Result of Feature Selection 

For 16S dataset, the feature selection results with Elastic-Net logistic regression 

algorithm are listed in Supplementary Table S3. For phylum level, features Firmicutes and 

Bacteroidetes are selected, which is consistent with the previous study: the features 
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Bacteroidetes, Firmicutes are the major phyla for gut microbiome, and obese gut 

microbiome has the higher Firmicutes to Bacteroidetes ratio. For genus level, 22 features 

are selected for V1V3 dataset with 4 supported by literature and 71 features are selected 

for V35 dataset with 7 supported. Features selected by elastic net logistic regression for 

V3V5 dataset almost covers all the features in V1V3 data (Figure 3.1), suggesting that 

the features for V3V5 are more comprehensive.The Elastic-Net logistic regression selects 

a total of 10 OTUs for V1V3 dataset and 9 features for V3V5 dataset. Notably, several of 

these features are novel, that is not supported by previous research.  

 

Figure 3.1. Venn diagram of selected features for 16S V1V3 data and V3V5 data. Small grey circle 
represent selected features for 16S V1V3 data, large white circle represent selected features for 16S 
V3V5 data. 

 
For metabolic reconstruction dataset, the feature selection results with Elastic-Net 

logistic regression algorithm are listed in Supplementary Table S4-S7. The module 

abundance model is built on 46 core features and 10 of them are supported by literature 

review. However for the module coverage data, similar number of features were selected 

but only 6 are supported. For metabolic reconstruction data, 36 and 40 features are 
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selected in the abundance and coverage data with 9 and 7 features respectively are 

supported by studies. And 9 of these features are identified as important for both data 

and 3 of the literature-supported features exist in both lists. The common features are 

lipopolysaccharides biosynthesis, phosphotransferase system, fatty acid biosynthesis 

and biotin metabolism. 

 

3.3.2 Biological Meaning of Supported Features 

3.3.2.1 Supported Features for 16S Dataset 

In the results for 16S rRNA data, Firmicutes and Bacteroidetes are selected by 

Elastic-Net logistic regression in V3V5 data as important features, while the V1V3 data 

only shows Bacteroidetes. For V3V5 data, the mean abundance of Firmicutes in lean 

subjects is 25.87% and is 31.00% in non-lean subjects. And the T-test results shows that 

there is significant difference between the abundance in these two groups with p-value = 

0.0114. Similar to Firmicutes, the mean abundance of Bacteroidetes is 69.22% in lean 

subjects and 64.48% in non-lean subjects (the T-test p-value is 0.026). Notice that the 

abundance of Firmicutes and Bacteroidetes are highly reverse-correlated (pearson 

correlation = -0.9625), I further test the Firmicutes to Bacteroidetes ratios in lean and non-

lean groups, the T-test result also shows the significant difference with p-value = 0.095. 

These statistics are consistent with previous research that using mouse for experiment, 

researchers have found that obese individuals had a different gut microbiota composition 

compared to lean controls: obese gut microbiota had a greater relative abundance of 

Firmicutes while lean microbiomes had low Firmicutes to Bacteroidetes ratios; and the 

high Firmicutes to Bacteroidetes ratios were correlated with abundance in genes 
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encoding key enzymes for polysaccharide digestion [16], causing high absorption of 

carbohydrate and lipid. 

The results showed Bacteroides, Eubacterium, Prevotella, Ruminococcus are key 

discriminating features for both V1V3 and V3V5 data at genus level (Table 3.7). This is 

supported by the previous study that in the lean gut microbiome Prevotella and 

Bacteroides are predominated for protein expression while Bacteroides and Eubacterium 

are dominated ones in obese adolescent [15]. Prevotella proteins are essential in 

pyridoxine (vitamin B6) synthesis.  

 Supported Feature Coefficient 

Phylum V1V3 Bacteroidetes   -1.40E-05 

Phylum V3V5 Bacteroidetes    1.81E-05 

Firmicutes      -7.68E-05 

Genus V1V3 Bacteroides -2.53E-05 

Eubacterium -3.30E-04 

Prevotella 1.10E-04 

Ruminococcus 1.89E-05 

Genus V3V5 Bacteroides -1.70E-05 

Bifidobacterium -1.37E-02 

Clostridium 3.28E-04 

Eubacterium -2.74E-03 

Lactobacillus -1.45E-02 

Prevotella 2.37E-04 

Ruminococcus 1.07E-05 

Table 3.7. Supported features for HMQCP (16S) data at genus level with elastic net logistic regression 
algorithm 

 



33 

In addition, Bifidobacterium, Clostridium and Lactobacillus are features for V3V5 

dataset. Some researchers have indicated that Ruminococcus flavefaciens subgroup, 

Bifidobacterium and Clostridium group decreased in overweight and obese volunteers 

[53]. Specific strains of Bifidobacterium and Lactobacillus can be used as the common 

probiotic to improve gut microbiome. Bifidobacterium, which belongs to Actinobacteria, is 

a kind of lactic acid bacteria. Bifidobacterium group often presents beneficial health 

effects. It was shown that the serum and liver triglyceride and cholesterol can be reduced 

by certain strains of Bifidobacterium for high-fat induced obese rats. And the lipid 

deposition was significantly alleviated in liver [54]. Some strains of Lactobacillus can be 

used as probiotic to maintain normal weight while specific stains are associated with 

obesity [55].  

 

3.3.2.2 Supported Features for Metabolic Reconstruction HMMRC dataset 

For metabolic reconstruction dataset, the selected pathway features for the  four 

major categories are discussed below. Using the module abundance data results in 

selection of more features in comparison to module coverage data. This is mainly 

because for obese and healthy group, their modules and pathway coverage is similar 

while abundance is more different from each other. Supported selected features can be 

mainly classified into the following categories: carbohydrate synthesis and metabolism, 

amino acid synthesis and metabolism, lipid synthesis and metabolism, vitamin 

biosynthesis and metabolism, phosphotransferase system (Table 3.8). 
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module abundance supported features coefficient 
Carbohydrate Synthesis and 
Metabolism 

M00194: Maltose maltodextrin transport system -2.9794 
M00060: Lipopolysaccharide biosynthesis KDO2 lipid 
A 33.9992 
M00001: Glycolysis Embden Meyerhof pathway 
glucose pyruvate 0.4385 
M00003: Gluconeogenesis oxaloacetate fructose 6P 9.0800 
M00002: Glycolysis core module involving three 
carbon compounds 9.9772 

Phosphotransferase System M00222: Phosphate transport system -11.1296 
Lipid Synthesis and Metabolism M00083: Fatty acid biosynthesis elongation 4.3807 
Vitamin Synthesis and 
Metabolism 

M00124: Pyridoxal biosynthesis erythrose 4P 
pyridoxal 5P -18.6207 
M00123: Biotin biosynthesis pimeloyl CoA biotin -6.3185 

module coverage supported features coefficient 
carbohydrate synthesis and 
metabolism 

M00060: Lipopolysaccharide biosynthesis KDO2 lipid 
A 0.1524 

lipid synthesis and metabolism M00085: Fatty acid biosynthesis  elongation  
mitochondria -0.1237 
M00089: Triacylglycerol biosynthesis 0.4090 
M00090: Phosphatidylcholine (PC) biosynthesis 
choline   -0.0874 

vitamin synthesis and 
metabolism 

M00116: Menaquinone biosynthesis  chorismate  
menaquinone 0.7098 

pathway abundance supported features coefficient 
carbohydrate synthesis and 
metabolism 

map00500: Starch and sucrose metabolism -169.3895 
map00540: Lipopolysaccharide biosynthesis 385.3889 

phosphotransferase system map02060: Phosphotransferase system (PTS) -328.4963 
lipid synthesis and metabolism map00561: Glycerolipid metabolism 396.4657 
vitamin synthesis and 
metabolism 

map00750: Vitamin B6 metabolism -268.7905 
map00740: Riboflavin metabolism -8.3087 
map00730: Thiamine metabolism 119.9423 
map00790: Folate biosynthesis 70.6765 
map00780: Biotin metabolism -31.3573 

pathway coverage supported features coefficient 
carbohydrate synthesis and 
metabolism 

map00533: Glycosaminoglycan biosynthesis  keratan 
sulfate 2.3137 
map00540: Lipopolysaccharide biosynthesis 4.0949 

phosphotransferase system map02060: Phosphotransferase system (PTS) -0.1232 
lipid synthesis and metabolism map00061: Fatty acid biosynthesis 0.8372 

map00062: Fatty acid elongation in mitochondria 0.0675 
map01040: Biosynthesis of unsaturated fatty acids 1.3807 

vitamin synthesis and 
metabolism 

map00780: Biotin metabolism 
0.2184 

Table 3.8. Supported features for HMMRC data with elastic net logistic regression algorithm 
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(1) Carbohydrate Synthesis and Metabolism 

Obese gut microbiome strongly associated with genes for energy harvest and 

storage. The selected features belong to carbohydrate synthesis and metabolism 

indicating obese gut microbiome can extract the energy from variety of carbohydrates, 

even non digestible ones. This is consistent with the previous mouse model study obese 

mice gut were found to be enriched in genes that encode complex polysaccharides 

catabolism, including glycoside hydrolases, and transporters of the resulting mono-/oligo-

saccharides [16], [56]. 

From Table 3.8, it is clear to see that the common feature M00060 

(Lipopolysaccharide biosynthesis) is the selected feature both for module abundance and 

coverage data, while map00540 (Lipopolysaccharide biosynthesis) is for pathway 

abundance and coverage data. Lipopolysaccharide (LPS) is an important component of 

the outer membrane of Gram-negative bacteria. LPS act as endotoxin and trigger a 

cascade of inflammation response. LPS is embedded in freshly synthesized chylomicrons. 

It is easier to be absorbed across the intestinal barrier into the lymphatic system and then 

into the blood with a high fat diet. Chronic infusion of LPS in mice cause increased 

adiposity and insulin resistance [57]. Taking Bifidobacteria can reduce levels of LPS in 

mice and enhance mucosal barrier function. They can provide a healthier microvillus 

environment by preventing permeability and bacterial translocation [20]. Also, based on 

the absolute value of the coefficient, it is easy to see that the lipopolysaccharide 

biosynthesis feature has a much higher absolute value than other features in module 

abundance data, which means that this feature takes much larger weight in the model 

and thus is a more important feature compared with other features. Despite the 
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Lipopolysaccharide biosynthesis module, some other features related to Glycolysis 

embden and Gluconeo and Starch genesis are also potential features that could lead to 

obesity. The metabolic mechanisms for these modules still need further experimental 

evidence. 

 

(2) Lipid Synthesis and Metabolism 

These are also selected features related to lipid synthesis. These features may be 

associated with expression of genes in gut microbiome that lead to enhanced fat 

production and storage and cause obesity. The obese gut microbiota can suppress 

intestinal expression of Angiopoietin-like molecule 4 (Angptl4, known as fasting-induced 

adipose factor) [11] in the host. This factor can regulate lipoprotein lipase activity and may 

promote fatty acid oxidation in muscle and adipose tissue [20][58].  Also, fasting-induced 

adipocyte factor (Fiaf) can decrease fat storage by inhibiting lipoprotein lipase, while 

promoting release of fatty acids by inducing peroxisomal proliferator-activated receptor 

coactivator (Pgc-1a) [58]. Obese gut microbiota was shown to suppress intestinal Fiaf, 

resulting in increased storage of calories as fat. 

 

(3) Phosphotransferase System 

All 4 dataset share the common feature map02060 with large absolute coefficients, 

which represents the module Phosphotransferase system (PTS). PTS act as a complex 

group transporter to import or export carbohydrates, has been indicated to involve the 

regulation of carbohydrate intake. Previous study showed that it is up-regulated in mice 

fed a high fat/sugar “western” diet, may result in obesity [59]. Also PTS is associated with 
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the microbiome of the Firmicutes phylum, and the obese gut microbiome has high 

Firmicutes to Bacteroidetes ratios, indicating that PTS increased in the obese gut 

microbiome [60].  

 

(4) Vitamin Synthesis and Metabolism 

The common feature in 4 different datasets is Biotin metabolism. From table 3.8, 

it is clear to see that abundance data can reveal more relevant features in addition to the 

major Biotin metabolism feature. While different from the resulting pattern in carbohydrate 

synthesis and metabolism, the side-effect features like Vitamin B6 metabolism and 

Thiamine metabolism have much larger coefficient compared to the Biotin metabolism 

feature. Previous research has shown that Vitamin can be produced by gut microbiome. 

Gut microbiome are enriched with various genes for the biosynthesis of essential vitamins 

for healthy adults. And the genes contributing to vitamin synthesis and metabolism were 

less abundant in obese group [36]. So based on the phenomenon in feature selection, it 

is possible that Biotin metabolism is the key factor that leads to the differences between 

health and obese while other vitamins could contribute to amplify these differences and 

no certain kinds of vitamin could directly lead to obese by itself. So the complicated 

relationships between different vitamins pathway could be another interesting aspect for 

regulating obesity. 

 

3.3.3 Discover Potential New Features 

3.3.3.1 Potential New Features for 16S (HMQCP) dataset 

From the above discussion, in addition to the supported features, other features 

selected by Elastic-net also play an important role for this study. By applying student T-
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test and Wilcoxon test, I found some new features are significantly different between the 

lean group and non-lean group (Table 4.3.1). Among the signature bacteria, Blautia 

(student T-test, p value: 0.0421), Catenibacterium (Wilcoxon test, p value: 0.0335), 

Faecalibacterium (Wilcoxon test, p value: 0.0111) are abundant bacteria in lean or non-

lean groups (Figure 3.2), indicating these features could be a target to distinguish lean 

and non-lean subjects.  

The abundance of Blautia is significantly higher in non-lean group than lean group. 

There could be several reasons for this. Most members in Blautia are short-chain fatty 

acid (SCFA) producers [61]. SCFAs are the saturated fatty acids containing acetate, 

propionate, butyrate, pentanoic acid and hexanoic acid, and thus can be served as an 

additional energy source and play a crucial role for the maintenance of host health. 

Partially and nondigestible polysaccharides such as dietary fiber and resistant starch, are 

the major ingredients to produce SCFA. Previous research showed the gut microbiome 

in obese mice has increased ability to ferment and produce SCFAs [16]. Most of SCFAs 

are utilized within the gut, while a small proportion can cross the epithelial barrier to reach 

liver for tricarboxylic acid cycle, producing glucose. Obese phenotype is linked with 

significantly increased permeability and elevated endotoxin levels [62]. Also, some 

SCFAs (like acetate) are utilized as substrate for lipogenesis in liver and adipocytes. The 

increased levels of SCFAs and glucose can stimulate the increased lipogenesis in liver 

[11]. The increased adipogenesis is associated with obesity. Previous research showed 

certain species (Blautia hydrogenotorophica) was significantly associated with obese 

while Blautia wexlerae is associated with non-obese [63].  

The results further showed Catenibacterium is significantly more in non-lean group 
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than in lean group. Some studies mentioned Catenibacterium decreased in the ulcerative 

colitis (a kind of inflammatory bowel disease) compared with the healthy subjects [64]. 

Also when changing mice’ diet from low-fat plant polysaccharide-rich diet to a “Western’ 

diet (high fat and high sugar, low fiber), Catenibacterium mitsuokai increased [65].  

 

Figure 3.2. Bar plot displaying potential new features in 16S V3V5 dataset. Y-axis shows the abundance 
of the bacteria. 

16S V1V3 data Lean mean Non-lean mean T test Wilcoxon test 

Phascolarctobacterium 14.4495 11.9337 0.6834 0.0453 

16S V3V5 data Lean mean Non-lean mean T test Wilcoxon test 

Actinomyces 0.0115 0.0448 0.0365 0.0007 

Klebsiella 0.0125 0.2885 0.0299 0.0049 

Faecalibacterium 42.8209 61.5322 0.0566 0.0111 

Dehalobacterium 0.0766 0.1425 0.0547 0.0315 

Bilophila 0.1092 0.2690 0.0616 0.0410 

Propionibacterium 0.0086 0.0264 0.0501 0.0412 

Anaerofilum 0.0125 0.0276 0.0401 0.0848 

Blautia 5.5489 9.4908 0.0421 0.0911 

Turicibacter 0.0144 0.0333 0.0819 0.0335 

Catenibacterium 0.0603 1.2080 0.1281 0.0335 

Table 3.9. Potential new features for 16S data at genus level  
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Faecalibacterium is more abundant in non-lean group than in lean group. 

Previous study has shown that Faecalibacterium prausnitzii, one prominent species 

from Faecalibacterium belonging to the Firmicutes, is characterized by high levels of 

butyrate production. It is significantly higher in the obese subjects compared with the 

normal subjects [66]. 

 

3.3.3.2 Potential New Features for Metabolic Reconstruction (HMMRC) Dataset 

In addition to the above 4 major categories of features, some other novel features 

without robust literature support were also selected. These features may also be the 

potential candidate to distinguish health and obese ones. By applying student T-test and 

Wilcoxon test on selected features except supported ones, some of them are found 

significantly different between lean and non lean group (Table 3.10, Table 3.11, Table 

3.12, Table 3.13). It indicated these features may also be important for this study. The 

signature features can be divided into three groups: (1) features involved in amino acid 

biosynthesis and transport (2) features related to sugar transport and (3) others.  

Amino acid and peptide are essential for the body since they are the substrate to 

synthesis protein. The new features involved in this group suggest the capacity of usage 

and recycle of amino acid are distinct between lean and non-lean subjects. Features 

related to sugar transport may also suggest that the metabolism of sugar differs in lean 

and non-lean people. 

Feature like module M00175, which indicates nitrogen fixation, is an interesting 

feature that hasn’t been well studied in gut microbiome. It is easy to make an assumption 

that this feature is considered important due to the fact that lean people eat less protein 
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than fat people. When diets are deficient in protein, bacteria needs to increase nitrogen 

recycling. Other signature features such as pyruvate oxidation are also interesting. 

Pyruvate is intermediate product of cellular metabolism, which can link the conversion 

among carbohydrate, lipid, and amino acid. Glucolysis produce pyruvate, pyruvate 

oxidation can produce acetyl-CoA for citric acid cycle, and acetyl CoA can also act as the 

raw material for fatty acid synthesis, and then convert to fat. M00307 (Pyruvate oxidation) 

in non-lean group is significant higher (T-test P value=0.0187) than lean group, suggest 

fat storage is higher in non-lean group. Also Pyruvate ferredoxin oxidoreductase can 

catalyze pyruvate to produce acetyl-CoA. M00310 (Pyruvate ferredoxin oxidoreductase) 

in non-lean group is also significant higher than lean group (T-test P value=0.0203). 

Features in Amino Acid Biosynthesis and Transport T test Wilcoxon 
test 

Lean 
mean 

Non-lean 
mean 

M00023: Tryptophan biosynthesis chorismate 
ryptophan 0.0234 0.0195 0.0195 0.0183 

M00019: Leucine biosynthesis pyruvate 2 
oxoisovalerate leucine 0.0559 0.0143 0.0057 0.0052 

M00239: Peptides nickel transport system 0.0934 0.0331 0.0047 0.0057 

M00237: Branched chain amino acid transport 
system 0.0837 0.0219 0.0029 0.0037 

Features in Sugar Transport T test Wilcoxon 
test 

Lean 
mean 

Non-lean 
mean 

M00197: Putative sugar transport system 0.0243 0.0230 0.0037 0.0050 

M00361: Nucleotide sugar biosynthesis eukaryotes 0.0173 0.0324 0.0032 0.0042 

Features in other group T test Wilcoxon 
Test 

Lean 
mean 

Non-lean 
mean 

M00115: NAD biosynthesis aspartate NAD 0.0007 0.0007 0.0257 0.0240 

M00189: Molybdate transport system 0.0010 0.0039 0.0025 0.0034 

M00307: Pyruvate oxidation pyruvate acetyl CoA 0.0187 0.0275 0.0020 0.0025 

M00053: Pyrimidine deoxyribonuleotide 
biosynthesis 0.0897 0.0331 0.0040 0.0048 

M00183: RNA polymerase bacteria 0.0685 0.0381 0.0090 0.0110 

M00310: Pyruvate ferredoxin oxidoreductase 0.0203 0.0996 0.0014 0.0020 
Table 3.10. Potential new features for module abundance data 
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Features in Amino Acid Biosynthesis and Transport T test Wilcoxon 
test 

Lean  
mean 

Non-lean 
mean 

M00230: Glutamate aspartate transport system 0.0302 0.0502 0.9846 0.9236 

M00323: Urea transport system 0.0327 0.1030 0.0059 0.0630 

Features in Sugar Transport T test Wilcoxon 
test 

Lean 
mean 

Non-lean 
mean 

M00220: Rhamnose transport system 0.0389 0.0364 0.5355 0.6750 

M00166: Reductive pentose phosphate cycle RuBP 
CO2 glyceraldehyde 3P 0.0174 0.0748 0.0848 0.2032 

M00165: Reductive pentose phosphate cycle Calvin 
cycle 0.0448 0.1474 0.0427 0.1223 

M00201: alpha Glucoside transport system 0.0557 0.0491 0.8629 0.9345 

M00173: Reductive citric acid cycle Arnon Buchanan 
cycle 0.0281 0.2032 0.1526 0.2929 

Features in others T test Wilcoxon 
Test 

Lean 
mean 

Non-lean 
mean 

M00174: Methane oxidation methylotroph methane 
CO2 0.0300 0.0129 0.2686 0.4029 

M00246: Nickel transport system 0.0307 0.0307 0.7042 0.5231 

M00366: C10 C20 isoprenoid biosynthesis plants 0.0246 0.0395 0.7906 0.6445 

M00171: C4 dicarboxylic acid cycle NAD malic 
enzyme type 0.2268 0.0092 0.7762 0.7012 

M00345: Formaldehyde assimilation ribulose 
monophosphate pathway 0.1348 0.0412 0.7211 0.8063 

M00285: MCM complex 0.3440 0.0254 0.0153 0.0408 
Table 3.11. Potential new features for module coverage data 

 
Features in Amino acid Biosynthesis and 
Transport T test Wilcoxon 

test 
Lean 
mean Non-lean mean 

map00460: Cyano amino acid metabolism 0.0039 0.0240 0.0087 0.0092 

Features in others T test Wilcoxon 
Test 

Lean 
mean Non-lean mean 

map00633: Nitrotoluene degradation 0.0186 0.0499 0.0009 0.0013 

map00860: Porphyrin and chlorophyll 
metabolism 0.0227 0.0499 0.0057 0.0060 

map00903: Limonene and pinene degradation 0.0296 0.1209 0.0027 0.0029 
Table 3.12. Potential new features for pathway abundance data 
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Features in amino acid biosynthesis and transport T test Wilcoxon 
test 

Lean 
mean 

Non-lean 
mean 

map00290: Valine leucine and isoleucine 
biosynthesis 0.0015 0.0016 0.9443 0.9699 

Features in others T test Wilcoxon 
Test 

Lean 
mean 

Non-lean 
mean 

map04950: Maturity onset diabetes of the young 0.0068 0.0004 0.0772 0.0486 

map01056: Biosynthesis of type II polyketide 
backbone 0.0057 0.0075 0.1113 0.0754 

map04712:Circadian rhythm plant 0.0236 0.0196 0.0628 0.0519 

map03070: Bacterial secretion system 0.0578 0.0438 0.5879 0.6135 
Table 3.13. Potential new features for pathway coverage data 
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CHAPTER 4 

CONCLUSIONS AND FUTURE WORK 

This study demonstrates the composition of the gut microbiota is significantly 

different between obese/overweight and lean people. Also their gene modules and 

metabolic pathways are different from each other. Among all the different classifiers, 

elastic net logistic regression is a more accurate classifier to predict whether a subject is 

obese or not based on the gut microbiome. The functional profiles of gut microbiome may 

have more impact on obesity rather than the taxonomic composition of microbiota. The 

features selected by elastic-net logistic regression suggest certain bacteria or metabolic 

pathways that may relate to obese state. Some selected features are supported by 

previous studies. Potential new features are also found in this study, and as discussed 

above, they may contribute to obesity.  

In conclusion, gut microbiome plays a critical role in the development of obesity. 

Machine learning could be an effective tool for classification for gut microbiome and an 

alternative method to discover novel features associated with obesity. 

Further work is needed for understanding the gut microbiome and obesity, 

leveraging this new knowledge to transforming the obese state microbiome to a healthy 

state microbiome and thus preventing or curing the obesity. Further work includes 

applying more machine learning algorithms and assessing on new datasets. Other 

algorithms like artificial neural network and Bayesian networks can also be used for the 

gut microbiome data. The performance of machine learning algorithms may vary based 

on the definition of features; other datasets like gut microbiome gene expression data can 

be applied to examine whether these classifiers can perform even better. Also, potential 
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new features need to be further studied and supported by experimental evidence, with 

the objective to transform to the obese gut microbiome to a healthy state. 
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APPENDIX  

SUPPLEMENTAL TABLES
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NaiveBayes Phylum 
V1V3 

Phylum 
V3V5 

Genus 
V1V3 

Genus 
V3V5 

OTU 
V1V3 

OTU 
V3V5 

10-fold Cross-validation 
Accuracy 0.5029 0.5486 0.4474 0.4487 0.5015 0.5325 

Total Accuracy 0.5080 0.4890 0.6096 0.5893 0.9572 0.9667 

Total Sensitivity 0.9773 0.9172 0.2386 0.3172 1.0000 1.0000 

Total Specificity 0.0909 0.1322 0.9394 0.8161 0.9192 0.9034 

RandomForest Phylum 
V1V3 

Phylum 
V3V5 

Genus 
V1V3 

Genus 
V3V5 

OTU 
V1V3 

OTU 
V3V5 

10-fold Cross-validation 
Accuracy 0.5134 0.5078 0.5508 0.6176 0.5615 0.6176 

Total Accuracy 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

Total Sensitivity 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

Total Specificity 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

SVM linear kernel Phylum 
V1V3 

Phylum 
V3V5 

Genus 
V1V3 

Genus 
V3V5 

OTU 
V1V3 

OTU 
V3V5 

10-fold Cross-validation 
Accuracy 0.5294 0.5392 0.5455 0.6082 0.5936 0.5862 

Total Accuracy 0.6043 0.5737 0.7754 0.8213 1.0000 1.0000 

Total Sensitivity 0.9091 0.9598 0.9091 0.9368 1.0000 1.0000 

Total Specificity 0.2614 0.1103 0.6250 0.6828 1.0000 1.0000 

SVM rbf kernel Phylum 
V1V3 

Phylum 
V3V5 

Genus 
V1V3 

Genus 
V3V5 

OTU 
V1V3 

OTU 
V3V5 

10-fold Cross-validation 
Accuracy 0.5882 0.5549 0.5401 0.6050 0.5841 0.6074 

Total Accuracy 0.8182 0.7680 0.9893 0.8652 1.0000 1.0000 

Total Sensitivity 0.9596 0.8908 0.9798 0.9770 1.0000 1.0000 

Total Specificity 0.6591 0.6207 1.0000 0.7310 1.0000 1.0000 

Elastic net Logistic 
regression 

Phylum 
V1V3 

Phylum 
V3V5 

Genus 
V1V3 

Genus 
V3V5 

OTU 
V1V3 

OTU 
V3V5 

10-fold Cross-validation 
Accuracy 0.5668 0.5705 0.5668 0.6082 0.6578 0.6426 

Total Accuracy 0.5829 0.5643 0.6578 0.7712 0.9626 0.9687 

Total Sensitivity 0.7172 0.8736 0.8283 0.8736 1.0000 0.9770 

Total Specificity 0.4318 0.1931 0.4659 0.6483 0.9205 0.9586 
Table S1. 10-fold cross-validation accuracy, accuracy, sensitivity and specificity for 16S dataset 
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Naive Bayes Module 
Abundance 

Module 
Coverage 

Pathway 
Abundance 

Pathway 
Coverage 

10-fold Cross-validation 
Accuracy 0.5654 0.5588 0.6313 0.5808 

Total Accuracy 0.6324 0.6618 0.8015 0.7941 

Total Sensitivity 1.0000 0.9859 0.7183 0.6479 

Total Specificity 0.2308 0.3077 0.8923 0.9538 

Random Forest Module 
Abundance 

Module 
Coverage 

Pathway 
Abundance 

Pathway 
Coverage 

10-fold Cross-validation 
Accuracy 0.6103 0.6176 0.6029 0.6029 

Total Accuracy 1.0000 1.0000 1.0000 1.0000 

Total Sensitivity 1.0000 1.0000 1.0000 1.0000 

Total Specificity 1.0000 1.0000 1.0000 1.0000 

SVM linear kernel Module 
Abundance 

Module 
Coverage 

Pathway 
Abundance 

Pathway 
Coverage 

10-fold Cross-validation 
Accuracy 0.5956 0.6176 0.6471 0.6324 

Total Accuracy 0.7279 0.9338 0.7353 0.9853 

Total Sensitivity 0.8028 0.9859 0.7887 1.0000 

Total Specificity 0.6462 0.8769 0.6769 0.9692 

SVM rbf kernel Module 
Abundance 

Module 
Coverage 

Pathway 
Abundance 

Pathway 
Coverage 

10-fold Cross-validation 
Accuracy 0.6250 0.6250 0.6471 0.6544 

Total Accuracy 0.9926 0.9338 0.7353 1.0000 

Total Sensitivity 1.0000 0.9859 0.7887 1.0000 

Total Specificity 0.9846 0.8769 0.6769 1.0000 

Elastic Net Logistic 
Regression 

Module 
Abundance 

Module 
Coverage 

Pathway 
Abundance 

Pathway 
Coverage 

10-fold Cross-validation 
Accuracy 0.6471 0.6544 0.6985 0.6618 

Total Accuracy 0.7500 0.8603 0.8529 0.8529 

Total Sensitivity 0.7465 0.9014 0.8592 0.8451 

Total Specificity 0.7538 0.8154 0.8462 0.8615 
Table S2. 10-fold cross-validation accuracy, accuracy, sensitivity and specificity for metabolic 
reconstruction dataset 
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Genus V1V3 coeffici
ent 

Genus 
V3V5 

coeffici
ent 

Genus 
V3V5 

coeffici
ent Genus V3V5 coeffici

ent 

Acidaminococc
us 

-
1.47E-
03 

Acidaminoc
occus 

-
1.90E-
03 

Coprococcu
s 

-
1.43E-
04 

Megasphaera 4.72E-
03 

Akkermansia 2.34E-
04 

Actinobacill
us 

3.29E-
01 

Dehalobact
erium 

-
1.74E-
01 

Mitsuokella 
-
3.76E-
01 

Alistipes 2.34E-
04 

Actinomyce
s 

-
5.98E-
01 

Desulfovibri
o 

1.51E-
02 Moraxella 

-
1.05E-
01 

Bacteroides 
-
2.53E-
05 

Adlercreutzi
a 

2.63E-
01 Dialister 9.89E-

04 Mycoplasma 1.16E-
01 

Blautia 
-
6.33E-
04 

Akkermansi
a 

1.61E-
03 Dorea 4.68E-

03 Neisseria 3.28E-
01 

Bulleidia 7.88E-
04 Alistipes 2.62E-

04 
Dysgonomo
nas 

9.78E-
02 Odoribacter 5.10E-

03 

Catenibacteriu
m 

-
2.01E-
02 

Anaerococc
us 

-
2.88E-
01 

Eggerthella 1.52E-
01 Oribacterium 3.39E-

01 

Coprococcus 1.57E-
04 Anaerofilum 

-
4.11E-
01 

Enterococc
us 

1.66E-
01 Oscillospira 5.67E-

04 

Dialister 
-
3.52E-
04 

Anaerostipe
s 

8.00E-
02 Escherichia 1.03E-

02 Oxalobacter 
-
4.29E-
02 

Eubacterium 
-
3.30E-
04 

Anaerotrun
cus 

-
2.84E-
03 

Eubacteriu
m 

-
2.74E-
03 

Parabacteroide
s 

-
4.55E-
04 

Faecalibacteriu
m 

-
4.44E-
05 

Anaerovora
x 

-
1.85E-
01 

Faecalibact
erium 

-
8.84E-
05 

Phascolarctoba
cterium 

1.17E-
03 

Lachnospira 8.36E-
04 

Asterolepla
sma 

2.01E-
02 Finegoldia 1.86E-

01 Porphyromonas 1.06E-
01 

Megamonas 
-
4.84E-
03 

Bacteroides 
-
1.70E-
05 

Fusobacteri
um 

-
3.22E-
03 

Prevotella 2.37E-
04 

Odoribacter 1.30E-
03 

Bifidobacter
ium 

-
1.37E-
02 

Haemophilu
s 

4.24E-
03 

Propionibacteri
um 

-
6.85E-
02 

Oscillospira 9.88E-
04 Bilophila 

-
2.44E-
02 

Holdemania 8.28E-
03 

Pseudobutyrivi
brio 

-
6.12E-
02 
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Parabacteroide
s 

-
2.97E-
04 

Blautia 
-
3.67E-
03 

Klebsiella 
-
2.78E-
01 

Pseudomonas 
-
1.20E-
02 

Phascolarctoba
cterium 

7.27E-
04 Brachyspira 1.72E-

01 LE30 
-
1.10E-
01 

RFN20 4.74E-
02 

Prevotella 1.10E-
04 

Capnocytop
haga 

2.95E-
03 

Lachnobact
erium 

-
1.95E-
03 

Raoultella 
-
1.59E-
01 

Roseburia 
-
3.38E-
04 

Catenibacte
rium 

-
3.77E-
02 

Lachnospir
a 

3.23E-
03 Roseburia 

-
5.42E-
04 

Ruminococcus 1.89E-
05 Clostridium 3.28E-

04 
Lactobacillu
s 

-
1.45E-
02 

Ruminococcus 1.07E-
05 

Subdoligranulu
m 

2.18E-
03 Collinsella 8.01E-

03 
Lactococcu
s 

2.59E-
01 Streptococcus 1.09E-

02 

Sutterella 1.97E-
04 

Coprobacill
us 

-
1.70E-
02 

Megamona
s 

-
8.41E-
03 

Subdoligranulu
m 

2.79E-
04 

  Succinivibri
o 

2.85E-
02 Treponema 1.51E-

02 Veillonella 
-
4.51E-
03 

  Sutterella 
-
7.66E-
04 

Turicibacter 
-
5.55E-
02 

  

Table S3. Result of feature selection for 16S dataset at genus level  



51 

Selected Features for Module Abundance Coefficien
t  

M00010: Citrate cycle first carbon oxidation -2.0282 

M00011: Citrate cycle second carbon oxidation -0.3277 

M00018: Threonine biosynthesis apartate homoserine threonine 1.3751 

M00019: Leucine biosynthesis pyruvate 2 oxoisovalerate leucine 1.1032 

M00157: F type ATPase bacteria 6.3437 

M00124: Pyridoxal biosynthesis erythrose 4P pyridoxal_5P -18.6207 

M00123: Biotin biosynthesis pimeloyl CoA biotin -6.3186 

M00121: Heme biosynthesis glutamate protoheme siroheme 0.5265 

M00083: Fatty acid biosynthesis elongation 4.3808 

M00335: Sec secretion system -2.8302 

M00239: Peptides nickel transport system -2.6831 

M00237: Branched chain amino acid transport system -9.9144 

M00349: Microcin C transport system 3.3785 

M00164: ATP synthase 6.3585 

M00048: Inosine monophosphate biosynthesis PRPP glutamine IMP 5.8277 

M00307: Pyruvate oxidation pyruvate acetyl CoA -3.8202 

M00001: Glycolysis Embden Meyerhof pathway glucose pyruvate 0.4386 

M00003: Gluconeogenesis oxaloacetate fructose 6P 9.0800 

M00002: Glycolysis core module involving three carbon compounds 9.9773 

M00133: Polyamine biosynthesis arginine agmatine putrescine spermidine 8.5425 

M00183: RNA polymerase bacteria -8.2665 

M0022: Phosphate transport system -11.1296 

M00310: Pyruvate ferredoxin oxidoreductase -5.8371 

M00175: Nitrogen fixation N2 ammonia 15.9249 

M00178: Ribosome bacteria 14.4934 

M00189: Molybdate transport system -11.0682 

M00311: 2 oxoglutarate ferredoxin oxidoreductase -3.4094 

M00035: Methionine degradation 12.9481 

M00197: Putative sugar transport system -3.3649 

M00194: Maltose maltodextrin transport system -2.9794 

M00360: Aminoacyl tRNA biosynthesis prokaryotes 0.4029 

M00361: Nucleotide sugar biosynthesis eukaryotes -7.8267 

M00064: ADPL glycero D manno heptose biosynthesis 10.7326 

M00149: Complex II succinate dehydrogenase fumarate reductase succinate 
dehydrogenase 4.9204 
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M00061: Uronic acid metabolism -18.7166 

M00060: Lipopolysaccharide biosynthesis KDO2 lipid A 33.9993 

M00096: C5 isoprenoid biosynthesis non mevalonate pathway 3.9828 

M00246: Nickel transport system 6.3400 

M00029: Urea cycle -8.9528 

M00023: Tryptophan biosynthesis chorismate tryptophan 15.9955 

M00022: Shikimate pathway phosphoenolpyruvate erythrose 4P chorismate -0.9636 

M00021: Cysteine biosynthesis serine cysteine -9.2947 

M00115: NAD biosynthesis aspartate NAD 16.5311 

M00299: Spermidine putrescine transport system -3.9374 

M00052: Pyrimidine ribonucleotide biosynthesis UMP UDP UTP CDP CTP -2.5306 

M00053: Pyrimidine deoxyribonuleotide biosynthesis CDP CTP dCDP dCTP dTDP dTTP -11.2165 
Table S4. Result of feature selection for module abundance dataset in metabolic reconstruction data 

 
Selected Features for Module Coverage Coefficient  

M00171:  C4-dicarboxylic acid cycle:  NAD+ -malic enzyme type 0.0654 

M00173:  Reductive citric acid cycle (Arnon-Buchanan cycle) -0.3356 

M00174:  Methane oxidation methylotroph methane => CO2 -0.1239 

M00176:  Sulfur reduction sulfate => H2S -0.0066 

M00317:  Manganese/iron transport system -0.0320 

M00358:  Coenzyme M biosynthesis -0.4589 

M00278:  PTS system sorbose-specific II component -0.1022 

M00148:  Complex II (succinate dehydrogenase/fumarate reductase): succinate 
dehydrogenase (ubiquinone) -0.0810 

M00095:  C5 isoprenoid biosynthesis mevalonate pathway 0.1331 

M00149:  Complex II (succinate dehydrogenase / fumarate reductase): succinate 
dehydrogenase 0.0389 

M00031:  Lysine biosynthesis archaea 2-aminoadipate => lysine 0.0818 

M00136:  GABA biosynthesis prokaryotes putrescine => GABA 0.0510 

M00260:  DNA polymerase III complex:  bacteria -0.1141 

M00060:  Lipopolysaccharide biosynthesis KDO2-lipid A 0.1524 

M00012:  Glyoxylate cycle 0.3374 

M00011:  Citrate cycle second carbon oxidation -0.0748 

M00156:  Complex IV (Cytochrome c oxidase) cytochrome c oxidase cbb3-type 0.0166 

M00150:  Complex II (succinate dehydrogenase / fumarate reductase) fumarate 
reductase 0.4386 

M00094:  Ceramide biosynthesis 0.6484 
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M00319:  Manganese/zinc/iron transport system -0.1098 

M00009:  Citrate cycle (TCA cycle:  Krebs cycle) -0.5316 

M00089:  Triacylglycerol biosynthesis 0.4090 

M00088:  Ketone body biosynthesis acetyl-CoA => acetoacetate/3-
hydroxybutyrate/acetone 0.0447 

M00246:  Nickel transport system 0.2033 

M00085:  Fatty acid biosynthesis elongation mitochondria -0.1238 

M00206:  Cellobiose transport system -0.0215 

M00034:  Methionine salvage pathway -0.2037 

M00036:  Leucine degradation:  leucine => acetoacetate + acetyl-CoA -0.4506 

M00323:  Urea transport system -0.7768 

M00032:  Lysine degradation:  lysine => saccharopine => acetoacetyl-CoA -0.4701 

M00335:  Sec (secretion) system -0.4105 

M00334:  Type VI secretion system -0.0150 

M00233:  Glutamate transport system 0.0448 

M00230:  Glutamate/aspartate transport system 0.5755 

M00229:  Arginine transport system 1.0096 

M00345:  Formaldehyde assimilation:  ribulose monophosphate  pathway -0.0214 

M00220:  Rhamnose transport system -0.7235 

M00116:  Menaquinone biosynthesis:  chorismate => menaquinone 0.7098 

M00118:  Glutathione biosynthesis:  glutamate => glutathione 0.2228 

M00166:  Reductive pentose phosphate cycle:  RuBP + CO2 => glyceraldehyde-3P -0.6594 

M00167:  Reductive pentose phosphate cycle:  glyceraldehyde-3P => RuBP -0.1130 

M00165:  Reductive pentose phosphate cycle (Calvin cycle) -0.3550 

M00285:  MCM complex -0.0419 

M00201:  alpha-Glucoside transport system -0.2207 

M00366:  C10-C20 isoprenoid biosynthesis:  plants 0.2682 

M00092:  Phosphatidylethanolamine (PE) biosynthesis:  ethanolamine => PE -0.0103 

M00090:  Phosphatidylcholine (PC) biosynthesis:  choline => PC -0.0875 
Table S5. Result of feature selection for module coverage dataset in metabolic reconstruction data 
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Selected Features for Pathway Abundance Coefficient  

map00920:  Sulfur metabolism -257.0856 

map00600:  Sphingolipid metabolism -28.9670 

map00523:  Polyketide sugar unit biosynthesis -0.3044 

map02060:  Phosphotransferase system (PTS) -328.4963 

map00450:  Selenocompound metabolism 737.1051 

map00260:  Glycine, serine and threonine metabolism 74.8656 

map00750:  Vitamin B6 metabolism -268.7905 

map00500:  Starch and sucrose metabolism -169.3895 

map00625:  Chloroalkane and chloroalkene degradation 226.9866 

map00626:  Naphthalene degradation 44.6035 

map00621:  Dioxin degradation 456.3717 

map00620:  Pyruvate metabolism 351.2605 

map00270:  Cysteine and methionine metabolism 29.7255 

map00740:  Riboflavin metabolism -8.3088 

map03060:  Protein export -16.4346 

map00561:  Glycerolipid metabolism 396.4657 

map00633:  Nitrotoluene degradation -93.1720 

map00040:  Pentose and glucuronate interconversions -185.6025 

map00730:  Thiamine metabolism 119.9424 

map00311:  Penicillin and cephalosporin biosynthesis 22.9370 

map03010:  Ribosome 146.4204 

map00520:  Amino sugar and nucleotide sugar metabolism -38.1214 

map00790:  Folate biosynthesis 70.6766 

map00340:  Histidine metabolism 401.5286 

map02030:  Bacterial chemotaxis 81.2972 

map00460:  Cyanoamino acid metabolism -341.3163 

map00780:  Biotin metabolism -31.3574 

map00670:  One carbon pool by folate -318.8544 

map00540:  Lipopolysaccharide biosynthesis 385.3889 

map00900:  Terpenoid backbone biosynthesis 107.8220 

map00903:  Limonene and pinene degradation -129.6044 

map00471:  D-Glutamine and D-glutamate metabolism -127.4987 

map00473:  D-Alanine metabolism -56.2758 

map00240:  Pyrimidine metabolism -485.3054 

map00860:  Porphyrin and chlorophyll metabolism -330.4504 
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map04112:  Cell cycle - Caulobacter -547.2228 
Table S6. Result of feature selection for pathway abundance dataset in metabolic reconstruction data 

 

Selected Features for Pathway Coverage Coefficient  

map00564_ Glycerophospholipid metabolism -0.6091 

map00563:  Glycosylphosphatidylinositol(GPI)-anchor biosynthesis -1.4098 

map00280:  Valine, leucine and isoleucine degradation -0.4357 

map04144:  Endocytosis 0.0859 

map00310:  Lysine degradation -1.4835 

map04140:  Regulation of autophagy -0.6340 

map04711:  Circadian rhythm - fly -0.5177 

map02060:  Phosphotransferase system (PTS) -0.1232 

map04712:  Circadian rhythm - plant 2.4413 

map00450:  Selenocompound metabolism -0.2067 

map00565:  Ether lipid metabolism -1.7552 

map00910:  Nitrogen metabolism 0.1216 

map00592:  alpha-Linolenic acid metabolism 2.0717 

map00061:  Fatty acid biosynthesis 0.8372 

map03070:  Bacterial secretion system -2.5944 

map03060:  Protein export -1.7913 

map00062:  Fatty acid elongation in mitochondria 0.0675 

map00625:  Chloroalkane and chloroalkene degradation 1.0029 

map01053:  Biosynthesis of siderophore group nonribosomal peptides 0.7234 

map01056:  Biosynthesis of type II polyketide backbone 1.5519 

map00072:  Synthesis and degradation of ketone bodies 0.3399 

map00533:  Glycosaminoglycan biosynthesis - keratan sulfate 2.3137 

map00633:  Nitrotoluene degradation -0.8915 

map01040:  Biosynthesis of unsaturated fatty acids 1.3807 

map00311:  Penicillin and cephalosporin biosynthesis 0.4333 

map00281:  Geraniol degradation -0.4411 

map00522:  Biosynthesis of 12-, 14- and 16-membered macrolides -0.6525 

map00350:  Tyrosine metabolism 0.5540 

map00643:  Styrene degradation 0.3323 

map00603:  Glycosphingolipid biosynthesis - globo series -0.5697 

map04966:  Collecting duct acid secretion -0.1851 
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map00290:  Valine, leucine and isoleucine biosynthesis -2.8414 

map04614:  Renin-angiotensin system 2.5442 

map00780:  Biotin metabolism 0.2184 

map04122:  Sulfur relay system 0.1822 

map00540:  Lipopolysaccharide biosynthesis 4.0950 

map03022:  Basal transcription factors -1.2151 

map04950:  Maturity onset diabetes of the young 4.4401 

map03420:  Nucleotide excision repair 2.4163 

map04112:  Cell cycle - Caulobacter 1.3902 
Table S7. Result of feature selection for pathway coverage dataset in metabolic reconstruction data 
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