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Abstract—Metagenomics is an unobtrusive science linking 

microbial genes to biological functions or environmental states. 

Classifying microbial genes into their functional repertoire is an 

important task in the downstream analysis of Metagenomic 

studies. The task involves Machine Learning (ML) based 

supervised methods to achieve good classification performance. 

Random Forest (RF) has been applied rigorously to microbial 

gene abundance profiles, mapping them to functional 

phenotypes. The current research targets tuning RF by the 

evolutionary ancestry of microbial phylogeny, developing a 

Phylogeny-RF model for functional classification of 

metagenomes. This method facilitates capturing the effects of 

phylogenetic relatedness in an ML classifier itself rather than 

just applying a supervised classifier over the raw abundances. 

The idea is rooted in the fact that closely related microbes by 

phylogeny are highly correlated and tend to have similar genetic 

and phenotypic traits. Such microbes behave similarly; and 

hence tend to be selected together, or one of these could be 

dropped from the analysis, to improve the ML process. The 

proposed Phylogeny-RF algorithm has been compared with state-

of-the-art classification methods including RF and the phylogeny-

aware method of MetaPhyl, using two real-world 16S rRNA 

metagenomic datasets. The proposed method was observed to 

perform better than the other phylogeny-driven benchmarks. For 

example, Phylogeny-RF attained a high AUC of 0.949 over soil 

microbiomes in comparison to other benchmarks. 

 

 
Index Terms— Metagenomics, Phylogeny, Random Forest, 

Operational Taxonomic Units (OTUs), Classification, Clustering 

 

I. INTRODUCTION 

HE area of functional metagenomics [1] has been 

expanding, seeking to predict functional roles associated 

with microbial genes i.e. Operational Taxonomic Units 

(OTUs) or Amplicon Sequence Variants (ASVs) of high-

dimensional, heterogeneous, and complex 16S rRNA genes 

present in metagenomic datasets[2]. Mapping of microbial 

samples consisting of OTUs/ASVs as microbial features to 

functional phenotypes (categorical class); is the most 

commonly used phenomenon (known as functional 

metagenomics) and forms a classical problem of supervised 

classification in Machine Learning (ML)[3]. The progress of 

using Random Forest classifier for classifying genotypes into 

 

 
 

phenotypes has been observed [4]–[11]. The application of RF 

in these studies considered OTUs as independent features, but 

naturally OTUs are related by their evolutionary and 

taxonomic hierarchal relationships, also known as 

phylogeny[12],[13]. The construction of quantitative profiles 

of OTUs in 16S metagenomics pipelines such as QIIME[14] 

ignores the fine structure present in their phylogeny. A current 

challenge in functional metagenomics is to model the 

phylogenetic effects with high-dimensional abundance profiles 

of microbial genes in ML models. Very limited research in 

this area has been conducted[15]–[19]. Some regularization 

methods have been recommended as classifiers in literature 

[20],Error! Reference source not found.[21] for functional 

metagenomics to jointly considering the phylogenetic effect. 
However, research in the literature lacks in exploring and 

modeling phylogeny in decision tree-based models. 

The possible ways in which phylogeny could be integrated 

into functional microbiome analysis are - i) integrating 

phylogeny in modeling feature (data) space[17],[22],[23], and 

ii) integrating phylogeny in the ML models itself 

[15],[20],[24]. In this work, for the first time, it has been 

demonstrated how the phylogenetic information could be used 

to guide and model the RF approach (and is termed as 

Phylogeny-RF), accounting for functional classification of 

metagenomes based on the biological domain knowledge. 

Importantly, the proposed approach addresses the modelling 

of phylogeny aware OTU features or taxa within the RF 

model, which could prove useful in its application to 

metagenomic datasets. This sets up the stage to identify 

biologically relevant OTUs that enable this good prediction 

via RF and; contain more diverse biological information. 

The traditional RF model of classification progresses by using 

bagging strategy over multiple decision trees[25]. Each 

decision tree in RF chooses  number of predictors to make 

decisions; and  [25],[26].  

Phylogeny-RF particularly regularizes 𝑚 to be guided by a 

phylogenetic measure assuming that phylogenetic similar 

OTU features tend to share the same functional responses[27]. 

The phylogenetic refinement learns the decision nodes of all 

trees under a global objective function so that microbiome 

information within multiple trees of RF is biologically diverse. 

The proposed new approach progresses by further clustering 

(grouping) original OTUs/ASVs based on their phylogenetic 

similarity into 𝑚 groups and, thereafter, choosing an 

OTU/ASV element randomly from each group as a potential 
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feature to be chosen as a decision node in a constituting 

decision tree of RF model. This approach is inspired from the 

principle that closely related microbes by phylogeny are 

highly correlated and tend to have similar genetic and 

phenotypic traits [13], [27]–[29]. 

The performance of an RF classifier is highly dependent on 

the accuracy of each component decision tree. In RF, 

randomization could cause the occurrence of redundant and 

correlated trees as this could include phylogenetically 

correlated features. This may lead to an inefficient ensemble 

classification decision. Better RF modelling could be achieved 

through the random selection of uncorrelated and diverse 

microbial features. The purpose of this research is to model 

RF over the phylogenetically diverse features to improve the 

quality of functional phenotypic predictions. As when two 

OTU features have high phylogenetic similarity, they will 

behave similarly; and henceforth, one of the two features 

could be chosen to minimize the redundancy and make 

learning over the more biologically relevant signatures in RF 

modelling. The key idea behind the proposed classification 

approach is to model RF over the OTU features with 

minimum redundancy and maximal biological relevance; to 

enhance its application in metagenomic studies. 

The proposed Phylogeny-RF over a different number of trees 

(ranging from 1-300) showed a significant improvement (p-

value < 0.05) with regards to predictive metrics (AUC and 

Kappa values) over the two datasets under study, in 

comparison to the traditional RF method proposed by 

Breiman[25].The comprehensive analysis results also showed 

less variation in AUC using Phylogeny-RF than using 

traditional RF over different runs of 5-fold cross-validation on 

soil and throat microbiome. The current research primarily 

focused to optimize over the high-dimensional feature set fed 

to RF in functional metagenomic studies by the selection of 

only biologically diverse and uncorrelated features to be 

modelled in constituting decision trees with attaining good 

classification performance. 

The rest of the paper is organized as follows. The data sources 

used in the study are presented in Section II. Section III 

describes the methodology and implementation involved in the 

proposed approach. Experimental results are presented in 

Section IV followed by discussions in Section V. Section VI 

provides a conclusion and future research directions. 

II. MATERIAL 

•    High throughput sequence (HTS) data from DNA- or 
RNA-based stable isotope probing (SIP) 
experiments[30]:- The data were sampled from SIP 
experiments by incubating microorganisms in aliquots 
of soil receiving both cellulose and glucose treatments. 
It contains 139 samples with 1072 OTUs. The three 
classes associated with this data are 13C-Cel (Cellulose 
treated) (46), 13C-Glu (Glucose treated) (47) and 12C-
Con (Control) (46). The source is available at 
https://cran.rproject.org/web/packages/HTSSIP/index.h
tml. 

•    Human Throat Microbiome (HTM) [31]:- Charlson et 
al. [31]investigated the effect of cigarette smoking on 

the microbial communities present in the human 
respiratory tract. The dataset is comprised of 28 
cigarette smokers and 32 non-smokers individuals. It 
has 60 samples and 856 OTUs. It is available as part of 
the MiSPU package in R [32] at https://cran.r  
project.org/web/packages/MiSPU/). 

 

•   Costello et al. Body Habitats (CBH) [33]:- The 
microbial communities present in different human 
body sites are responsible for determining healthy or 
disease states. This data set included a microbial OTU 
table with 622 samples and 2683 OTUs present in six 
major body niches: External Auditory Canal (EAC) 
(44), Gut (45), Hair (14), Nostril (46), Oral cavity (54), 
and Skin (419) showcasing their variability across the 
human body. However, this example data set is a case 
of an imbalanced number of classes. This dataset could 
be availed from  https://www.knightslab.org/data.  

 
The summary of the datasets is shown in Table 1. 

TABLE 1  

             SUMMARY OF DATASETS USED IN THE CURRENT RESEARCH FOR 

FUNCTIONAL ANALYSES. 

 
 

 
    

 

 

 

 

 

 

 

 

 

 

III. METHODOLOGY 

This section indicates a step-wise procedure for defining the 

novel application of tuning RF model with phylogeny for 

functional metagenomic predictions. The inclusion of 

phylogeny would help in classifying microbes into phenotypic 

functions, according to the natural structure and properties of a 

microbial community.  

 

A. Inputs  

A source phylogeny tree that is in the parenthetical Newick 

format [34] was read and further processed using the 

read.tree() function in the ape R package[35]. An abundance 

count table of OTUs/ASVs and meta-data are other inputs to 

the pipeline. Metagenomic pipelines such as QIIME[14], aids 

in generating these inputs from the raw metagenomic 

sequences. 

 

Data 

Source 

Samples OTUs Phenotype 

    

HTS 139 1072(absolute 

abundances) 

Substrates treatment 

of glucose (47) or 

cellulose (46) or 
controls (46) 

HTM 60 856 (absolute 

abundances) 

Smoking (28) vs. 

Non-smoking 

individuals (32) 

CBH 622 2683 (relative 

abundances) 

Body habitats of 

External Auditory 

Canal (EAC) (44), 
Gut (45), Hair (14), 

Nostril (46), Oral 

cavity (54), and Skin 
(419) 

https://cran.rproject.org/web/packages/HTSSIP/index.html
https://cran.rproject.org/web/packages/HTSSIP/index.html
https://cran.r/
https://www.knightslab.org/data
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B. Generating Phylogenetic Distance Matrix from Phylogeny 

A matrix depicting the phylogenetic distances between each 

pair of leaf nodes of a phylogenetic tree is obtained by using 

the cophenetic () function in the ape package in R[35] . It is 

referred to as a phylogenetic distance matrix (PDM), and is 

serving as an important background information for 

incorporating phylogenetic diversity in the current approach 

[36]. The values in the cells of PDM are the sum of the branch 

lengths separating each pair of OTUs. Thus, if two OTUs are 

close relatives, their intersection cell contains a smaller value 

in comparison to OTUs that are far apart on the phylogeny 

tree. A toy example of converting phylogenetic tree to PDM is 

shown in Fig. 1. 

 

 
             

            Fig.1. A toy example illustration for tree to PDM 

 

C. Clustering   

Clustering determines interesting patterns in metagenomic 

data based on the similarity of the microbial genes [37]. In our 

approach, clustering has been applied to the PDM obtained in 

step (B), to group microbial OTUs/ASVs based on their 

shared phylogeny. Intuitively, the optimal choice of the 

number of clusters in the proposed approach is chosen 

equivalent to the number of features to be chosen by RF 

modelling to strike a balance of selecting a microbial feature 

(OTU) from each cluster. A well-known k-means [38], [39] 

clustering approach was chosen along the workflow of 

Phylogeny-RF as a precursor step to supervised learning.  The 

parameter commonly referred as ‘k’ in k-means specifies the 

number of clusters to be generated; however no such explicit 

choice of a number of clusters exists in other commonly used 

strategy of hierarchal clustering over distance-based matrices 

[40].  

The points in dimension coordinates (along with the two 

principal directions) are derived from the similarity distance 

matrix (PDM) to be input to the k-means clustering, as the k-

means algorithm primarily deals with calculating Euclidean 

distances between data points in a cartesian coordinate space 

for finding groups of similar data features. This also aided in 

reducing the dimensions while dealing with the high-

dimensional metagenomes.  

 

To obtain points-in-dimensions, coordinate data from the 

similarity distance matrix of PDM was obtained by calculating 

eigenvectors from an eigen decomposition following a path 

of- PDM (input) → Covariance Matrix → Eigen-

Decomposition → 2D Coordinate System [41],[42],[43]. 

Centering of PDM would make it a covariance matrix as 

indicated in Algorithm 1.  

 

The eigen values and corresponding eigen vectors are 

calculated from centered PDM (i.e., PDMc) (as indicated in 

Algorithm 2) and serves similar to fitting straight principal-

component lines in a 2D coordinate system in accordance with 

the variance in data. Eigenvalues are the coefficients 

associated with eigenvectors and; provide the measure of the 

data’s covariance. The two-component axes are determined by 

ranking eigenvectors in order of their eigenvalues (highest to 

lowest) (Algorithm 2). The reduced feature space is referred to 

as 2DCS-OTU. 

k-means clustering is applied to reduced feature space (2DCS-

OUT) as shown in Algorithm 3. The algorithmic procedure 

follows an iterative process (Algorithm 3). The function of 

kmeans() in the vegan R package, has been used to obtain 

clustering[44]. 

Obtained clusters from k-means are inputted to RF 

implementation in subsequent steps of the proposed method.  

  

Algorithm 1 Perform " Centering” of PDM 

 

Input. Phylogenetic Distance Matrix (PDM) of size 

(Number of data features X Number of data features)  

 

Method.  

n = nrow (PDM) where nrow () calculates the number of 

rows of PDM      

P = diag(n) – 1/n where diag () extracts the diagonal of the 

matrix or constructs a diagonal matrix 

 
where * represents the multiplication operator 

 

Output.    
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D. Supervised Learning with Phylogeny-RF  

A traditional RF model constructs a constituting decision tree 

by selecting a random subset of the predictors from the entire 

feature set to determine the best split markers based on a Gini 

Index splitting criterion [45]. However, we propose an idea of 

random selection of subset of microbial features from 

phylogeny-based created clusters, also equivalent to 

. Randomly choosing features 

from each cluster to model a decision tree intends to cover 

maximal phylogenetic diversity with minimum redundancy 

(Algorithm 4). The idea gains insights from the assumption 

that the similarity patterns are present between the microbial 

features based on their phylogeny and similar features tend to 

behave similarly to functions. This would reduce redundancy 

between microbial genes while constructing decision trees in 

RF. Hence, one of the OTUs/ASVs could be chosen randomly 

from its cluster, as the rest of the OTUs/ASVs in that cluster 

would behave and function similarly. This is repeatable for 

each cluster created. Thus, the proposed phylogeny-guided RF 

model (Algorithm 4) has the potential to cover maximal 

phylogenetic diversity and minimize redundancy between 

microbial genes.  

 

E. Performance Evaluation  

 

The performance has been evaluated in this chapter using the 

average performance of popular assessment techniques of 

Accuracy [7], Kappa[46], and AUC-ROC[47] over different 

phenotypic classes in the datasets mentioned in Table 1. 

Kappa and AUC-ROC serve as a logical extension to the 

interpretation of classification performance by Accuracy, 

especially in the case of imbalanced classes[48]. 

 

The framework based on the above steps (A-E) is 

summarized in Fig.2. Phylogeny-RF is implemented as a 

modification of a Python script to code RF functionality[49]. 

The settings of RF parameters with maximum depth = 6, 

number of folds = 5 (chosen 5 folds to uniformly evaluate all 

data sources with cross-validation settings), and the number of 

trees is set to 1, 20, 64, 100, 128, 164, 200, 225, and 300 

respectively for experiments in the study. 

Algorithm 2 Construction of Cartesian Coordinates 

 

Input. Centred Phylogenetic Distance Matrix ( ) 

 

Method. 

 

Eigen = Eigen Values of   that are calculated by solving  

determinant (  − λI) = 0; and finding the value of λ 

where ‘I’ is an identity matrix. λ serves as eigen values. 

 

twoDEValue= Eigen [1:2] # a set of first two eigen values is 

taken 

 

twoDEValue is a matrix of size 2X2. 

 

Eigen Vectors = Two Eigen Vectors are calculated for 

corresponding twoDEValue by following   

(  − λI) *x = 0; where x values are considered as 

corresponding eigen vectors of λ eigen values.  

 

2DCS-OTU = Eigen Vectors * diag (twoDEValue) where 

diag () constructs a diagonal matrix; and here represents 

matrix multiplication (Eigen Vectors is a matrix of size 

Number of data features X 2). 

 

Output.  

2DCS-OTU (i.e., a reduced two-dimensional coordinate 

system) 

Algorithm 3.  k -Means Clustering applied over the 

obtained Coordinate System in Algorithm 2 

 

 

Input. The number of clusters as k and 2DCS-OTU is 

containing n OTU data points. Let X = { , ,.. } 

denotes the set of data points. 

 

Method. k points are chosen as initial cluster centroids 

(c1, ..., ck);  

 

The algorithmic procedure follows an iterative process, 

as indicated below. 

Repeat  

1. Each data point  is assigned to its nearest 

centroid, based on an objective of minimizing 

distance(ci, x)2, where distance (·) is the 

standard Euclidean distance between cluster 

centroid (ci ) and the data point (x) and 

 

2. Recompute/Update the cluster centroid, i.e., 

calculating the new centroid value by 

calculating the mean of the data points 

for each cluster created in step 1; 

i.e. , where   represents 

the number of data points in an ith cluster. 

Until no change (arbitrarily for n times or till no point 

changes its cluster and convergence is attained) 

 

Output. A set of k clusters that meets the convergence 

criteria. 
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Fig.2. Proposed Phylogeny-RF Approach considering Microbial 

gene Similarity for 16S rRNA metagenomic classification 

Based on the predictive values, the significance of the 

differences between the multiple ML methods (in a 

benchmark analysis) has been performed using Analysis of 

Variance (ANOVA)[50].  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

IV. EXPERIMENTS AND RESULTS 

Experimental results demonstrate a promising performance 

with the preliminary investigation of Phylogeny-RF into the 

prediction of the microbiome associated with different 

functions in human and soil samples (over three data sources 

as indicated in Table 1). We have estimated the performance 

of the classification algorithms using the three trial runs of the 

5-fold cross-validation procedure. 

 

 

 

                     

                     Algorithm 4.  Phylogeny-RF 

 

Input. The input set consists of N metagenomic samples; 

the dimension of the feature space is equal to the total 

number of OTU features ( ) 

 

Method.  

 

1. OTU features (F) obtained from the input are 

clustered into  =   a number of groups using 

the k-Means algorithm (shown in Algorithm 3) 

[38] based on their phylogenetic similarity (PDM). 

2. A random sub-sample is generated from N that 

serves as the training set (particularly in this 

research kf-folds with kf = 5 is implemented 

keeping 4-folds over N for training, and 1-fold of 

data serves as the test set. 

3. Amongst the  groups of clustered OTU features 

(obtained in step 1), the algorithm randomly 

chooses a predicting node from each clustered 

group to construct a decision tree.  Hence, the 

number of predicting nodes in a decision tree 

would be equal to the number of clusters. It serves 

an alternative way to choose predicting nodes 

in a decision tree based on the phylogenetic 

clusters. Chosen predictors intend to cover 

maximal phylogenetic diversity in this case of RF. 

A node is chosen from the predictors as a split 

point in a decision using the traditional split 

criteria of the Gini Impurity criterion [25]. 

4. Build forest by repeating steps 2 to 3 for “n” 

number times to create “n” number of trees.; with 

the application of bagging strategy  [51]. 

 

The built forest is used to predict output class for the test 

set by calculating the votes for each predicted class by each 

constituting tree. The highly voted class is considered as the 

final prediction obtained from the RF algorithm 

 

Output. Phylogeny-based Phenotypic class predictions for 

test set samples 
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A. Performance Comparison of Phylogeny-RF and traditional 

RF 

 

Tables 2-4 record predictive Accuracy, Kappa and AUC-ROC 

results of the performance across Phylogeny-RF and classical 

RF over three microbiome data sources of HTS[52], HTM and 

CBH[52], respectively. Results indicate that the phylogeny 

distance-driven RF model can successfully be applied to the 

problem area of functional metagenomics and has the potential 

to outperform state-of-the-art RF. 

The best performance with AUC-ROC of 0.949 was achieved 

by Phylogeny-RF (at Number of trees = 164) applied over 

HTS dataset to classify microbial genes into the phenotypes of 

substrates treatment of glucose (47) or cellulose (46) or 

controls (46). 

 

 

TABLE 2 SUMMARY OF AVERAGE PERFORMANCES OBTAINED BY APPLICATION 

OF PHYLOGENY-RF AND RF WITH 5-FOLDS (3 TRIAL RUNS) CROSS-

VALIDATION DEALING WITH THE DIFFERENT NUMBER OF TREES IN RF OVER 

SOIL MICROBIOME (HTS) (BEST VALUES ATTAINED IN EACH COLUMN ARE 

HIGHLIGHTED IN BOLD IN EACH CATEGORY) [52]. 

 

 

 

 

 

TABLE 3. SUMMARY OF AVERAGE PERFORMANCES OBTAINED BY APPLICATION 

OF PHYLOGENY-RF AND RF WITH 5-FOLDS (3 TRIAL RUNS) CROSS-

VALIDATION DEALING WITH THE DIFFERENT NUMBER OF TREES IN RF OVER 

HUMAN THROAT MICROBIOME (HTM) (BEST VALUES ATTAINED IN EACH 

COLUMN ARE HIGHLIGHTED IN BOLD IN EACH CATEGORY). 

 

. Over HTM, the highest performance of Phylogeny-RF 

employed with number of trees = 64, noticed an Accuracy of 

0.700 and Kappa of 0.390 which is better than RF (Accuracy 

of 0.667 and Kappa of 0.317 with number of trees = 164). 

Over the CBH dataset, the best performance was achieved 

with Phylogeny-RF (AUC-ROC of 0.609) method. This 

indicates performance of Phylogeny-RF with respect to 

functional classification in terms of Accuracy, Kappa, and 

AUC-ROC, has achieved an overall improvement in 

comparison to the traditional RF[25] for identifying 

phenotypes (Tables 2-4). Phylogeny-RF over a different 

number of trees (ranging from 1-500) reported this 

improvement as significant (p-value < 0.05) with regards to 

predictive metrics over the three data sources in comparison to 

the traditional RF method proposed by Breiman [25]. It has 

also been observed that the performance value entries almost 

intend to follow a U-shaped curve, attaining maximum 

performance in the somewhere middle range of a number of 

trees. However, in the case of Phylogeny-RF, better 

performance is being achieved in a smaller number of trees in 

comparison to the traditional RF. For example, in the case of 

HTS data, Phylogeny-RF attained the highest performance at 

164 trees whilst 225 trees in traditional RF.  

 Phylogeny-RF RF 

Number of 

Trees 

Accuracy Kappa AUC-

ROC 

Accuracy Kappa AUC-

ROC 

1 

(Decision 

Tree) 

0.768 0.666 0.831 0.600 0.395 0.691 

10 0.787 0.684 0.849 0.674 0.505 0.765 

20 0.871 0.812 0.904 0.731 0.595 0.806 

40 0.895 0.841 0.924 0.750 0.626 0.816 

64 0.906 0.861 0.933 0.788 0.68 0.848 

100 0.916 0.872 0.938 0.812 0.718 0.861 

128 0.919 0.874 0.944 0.815 0.722 0.868 

164 0.929 0.891 0.949 0.807 0.709 0.864 

200 0.901 0.851 0.943 0.820 0.725 0.870 

225 0.921 0.88 0.946 0.827 0.74 0.875 

300 0.910 0.883 0.949 0.815 0.724 0.868 

500 0.906 0.868 0.935 0.810 0.713 0.867 

 Phylogeny-RF RF 

Number of 

Trees 

Accuracy Kappa AUC-

ROC 

Accuracy Kappa AUC-

ROC 

1 (Decision 

Tree) 

0.559 0.140 0.570 0.498 0.080 0.499 

10 0.594 0.239 0.635 0.545 0.119 0.555 

20 0.628 0.364 0.647 0.589 0.176 0.591 

40 0.689 0.381 0.696 0.583 0.223 0.632 

64 0.700 0.394 0.712 0.616 0.252 0.637 

100 0.616 0.232 0.622 0.600 0.233 0.620 

128 0.639 0.323 0.674 0.639 0.315 0.669 

164 0.672 0.365 0.689 0.667 0.317 0.678 

200 0.672 0.396 0.711 0.589 0.243 0.643 

225 0.661 0.344 0.694 0.633 0.268 0.638 

300 0.694 0.370 0.696 0.628 0.302 0.672 

500 0.655 0.326 0.671 0.561 0.229 0.627 
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TABLE 4 SUMMARY OF AVERAGE PERFORMANCES OBTAINED BY APPLICATION 

OF PHYLOGENY-RF AND RF WITH 5-FOLDS (3 TRIAL RUNS) CROSS-

VALIDATION DEALING WITH THE DIFFERENT NUMBER OF TREES IN RF OVER 

COSTELLO BODY SITES (CBH) (BEST VALUES ATTAINED IN EACH COLUMN ARE 

HIGHLIGHTED IN BOLD IN EACH CATEGORY)[52].  

 

Furthermore, the variation in AUC was analyzed in 

the three trials of 5-folds cross-validation employed over the 

three data sets used in current study. The results also indicate 

comparatively less variation in the results of Phylogeny-RF 

than traditional RF Error! Reference source not found. over 

the datasets in the comprehensive analysis and hence indicated 

the effectiveness of Phylogeny-RF.  

 

 
                

 

Fig.3a. A graphical representation of Box Plots indicating variation in 

AUC-ROC obtained over 3 trial runs of 5-folds cross-validation with (i) 

Phylogeny-RF over HTS (ii) Traditional RF over HTS. 

For the use cases of HTS and HTM, the related 

boxplot graphs indicating variation in AUC-ROC are 

presented in Fig.3. The results demonstrated a 

comparatively less variation in the results of Phylogeny-

RF than traditional RF[25] over Soil(HTS) and Human 

Throat Microbiome (HTM) in the comprehensive analysis 

and hence indicated the effectiveness of Phylogeny-RF. 

 

 

 

 

 Phylogeny-RF RF 

Number 

of Trees 

Accuracy Kappa AUC-

ROC 

Accuracy Kappa AUC-

ROC 

1 

(Decision 

Tree) 

0.745 0.352 0.613 0.729 0.287 0.576 

10 0.737 0.287 0.591 0.729 0.252 0.577 

20 0.745 0.312 0.603 0.729 0.246 0.575 

40 0.738 0.295 0.593 0.718 0.213 0.564 

64 0.743 0.307 0.595 0.721 0.217 0.564 

100 0.727 0.250 0.575 0.716 0.210 0.567 

128 0.753 0.348 0.609 0.726 0.242 0.574 

164 0.740 0.301 0.589 0.724 0.239 0.573 

200 0.735 0.279 0.584 0.727 0.257 0.577 

225 0.748 0.337 0.602 0.735 0.280 0.585 

300 0.737 0.283 0.585 0.734 0.259 0.577 

500 0.735 0.274 0.581 0.732 0.268 0.579 
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Fig.3b. A graphical representation of Box Plots indicating variation in AUC-

ROC obtained over 3 trial runs of 5-folds cross-validation with (i) Phylogeny-

RF over HTM (ii) Traditional RF over HTM. 

 

B. Performance Comparison of Phylogeny-RF and state-   

      of-the-art Phylogenetic Models 
 

Phylogeny-RF method is further compared to two popular 

state-of-the-art methods of MetaPhyl [20] and PhILR[53]. 

MetaPhyl is a supervised classifier that involves 

regularization of Logistic Regression by taking advantage of 

the natural characteristics as encoded in the phylogenetic tree. 

Analysis in current research shows benchmarking of 

developed Phylogeny-RF method (attaining best results while 

varying number of trees in 1-500) with the phylogeny-aware 

classifier of MetaPhyl (with its default settings recommended 

in  [20]). The newly developed classifier of Phylogeny-RF 

performed relatively better than MetaPhyl with respect to 

classification performance metrics over HTS and CBH (Table 

5). However, comparing Phylogeny-RF and MetaPhyl over all 

three data sources, reported marginal difference in the 

significance of results with (p-value = 0.042 < 0.05). 

 

 

 

 

 

 

 

      

TABLE 5. SUMMARY OF PERFORMANCE RESULTS OBTAINED BY APPLICATION 

OF PHYLOGENY-RF WITH 5-FOLDS CROSS-VALIDATION AND 

METAPHYL WITH DEFAULT SETTINGS OVER DS1, DS3, DS4. 

 

The current research further compares the traditional RF 

model applied to PhILR[53] transformed microbiota data (a 

phylogeny-based transform) for a further benchmark analysis. 

The newly constructed Phylogeny-RF was applied to 

abundance datasets and compared with RF applied over the 

PhILR-transformed data. The results (averaged over all 3 trial 

runs over all the 5-folds) are reported in Table 6-8 for sources 

HTS, HTM and CBH, respectively. 

TABLE 6. A COMPARISON OF AVERAGE PERFORMANCE RESULTS OBTAINED BY 

APPLICATION OF PHYLOGENY-RF AND CLASSICAL RF APPLIED OVER PHILR 

TRANSFORMED DATA WITH 5-FOLDS CROSS-VALIDATION (3 TRIALS)  ON HTS 

(SOIL MICROBIOME) (BEST VALUE IN EACH COLUMN IS BOLD-FACED). 

 

 

 

 

 Phylogeny-RF MetaPhyl 

Data 

Source 

Number 

of Trees 

at which 

best 

performa

nce is 

attained 

Accuracy Kappa AUC-

ROC 

Accuracy Kappa AUC-

ROC 

HTM 64 0.700 0.394 0.712 0.733 0.471 0.739 

DS3 128 0.753 0.348 0.609 0.553 0.132 0.557 

DS4 164 0.929 0.891 0.949 0.755 0.633 0.816 

 Phylogeny-RF RF applied over PhILR 

Transformed Data 

Number 

of Trees 

Accuracy Kappa AUC-

ROC 
Accuracy Kappa AUC-

ROC 

1 

(Decision 

Tree) 

0.768 0.666 0.831 0.418 0.113 0.561 

10 0.787 0.684 0.849 0.555 0.337 0.665 

20 0.871 0.812 0.904 0.567 0.356 0.673 

40 0.895 0.841 0.924 0.562 0.349 0.67 

64 0.906 0.861 0.933 0.612 0.399 0.703 

100 0.919 0.874 0.944 0.567 0.355 0.678 

128 0.916 0.872 0.938 0.574 0.363 0.678 

164 0.929 0.891 0.949 0.550 0.333 0.667 

200 0.901 0.851 0.943 0.581 0.375 0.682 

225 0.921 0.88 0.946 0.579 0.375 0.687 

300 0.906 0.862 0.935 0.572 0.357 0.654 

500 0.923 0.883 0.949 0.576 0.372 0.686 
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TABLE 7. A COMPARISON OF AVERAGE PERFORMANCE RESULTS OBTAINED BY 

APPLICATION OF PHYLOGENY-RF AND CLASSICAL RF APPLIED OVER PHILR 

TRANSFORMED DATA WITH 5-FOLDS CROSS-VALIDATION (3 TRIALS)  ON HTM 

(HUMAN THROAT MICROBIOME) (BEST VALUE IN EACH COLUMN IS BOLD-

FACED). 

 

TABLE 8. A COMPARISON OF AVERAGE PERFORMANCE RESULTS OBTAINED BY 

APPLICATION OF PHYLOGENY-RF AND CLASSICAL RF APPLIED OVER PHILR 

TRANSFORMED DATA WITH 5-FOLDS CROSS-VALIDATION (3 TRIALS) ON 

CBH (COSTELLO BODY HABITATS) (BEST VALUE IN EACH COLUMN IS BOLD-

FACED). 

 

 

 

 Phylogeny-RF significantly improved classification 

performance (p-value < 0.01) in 2 of the 3 benchmark datasets 

(i.e., HTS, HTM) relative to the PhILR transform averaged 

over a different number of trees (1 – 500 trees) (Table 7-8). 

 

C. Use of k-means in the Scope of Current Study 

 

k-means as a precursor to RF is proposed in our approach as it 

helps in achieving good clustering quality and subsequently 

aids RF in attaining good quality predictions using diversified 

features. To investigate and validate the cluster quality 

obtained by k-means more objectively, a benchmark was 

carried out by generating clusters over phylogenetic diversity 

matrix with two other popular clustering techniques of 

Partition Around Medoids (PAM) [54] and hierarchical 

clustering (hclust)[55] and by using validation index of 

silhouette coefficient [56]. The value of the silhouette 

coefficient varies from -1 to 1, and; higher value represents 

better clustering quality. Experiments performed on data sets 

in the current study verified the effectiveness of k-means in 

the proposed computational method. The results of cluster 

validation indicated a higher value of silhouette coefficient (> 

0.60) with regards to k-means in the scope of the current 

study, in comparison to the other methods of PAM and hclust 

Error! Reference source not found..  

V. DISCUSSIONS 

        There exists an association between phylogenetic 

understanding of microbial evolution and the host of microbial 

communities. The current research continued constructing a 

computational model for linking microbiome evolution with a 

host by designing a tree-based ML model that uses 

phylogenetic distances to tune internal feature modelling 

within the popular RF classifier enabling a novel evolutionary 

supervised analysis. In this paper, the construction of an 

evolutionary-driven model over human and soil microbiomes 

with different phenotypes is undertaken. The preceding section 

has shown that the proposed Phylogeny-RF performs better 

than traditional RF over the three metagenomic data sources. 

The accuracy of traditional RF is improved by integrating 

phylogenetic knowledge by minimizing the correlation 

between microbial features of trees in the RF and maximizing 

the predictive ability. A decision tree-based modelling of 

Phylogeny-RF seemed to perform better (in terms of AUC-

ROC, Kappa) than MetaPhyl, which regularized the LR model 

with a phylogenetic measure driven penalty to present an 

optimization [20], over two of the data sources. This indicates 

the potential of integrating phylogeny in decision tree-based 

methods in addition to regularization methods, as suggested in 

[14].  

 

 Phylogeny-RF RF applied over PhILR 

Transformed Data 

Number 

of Trees 

Accuracy Kappa AUC-

ROC 

Accuracy Kappa AUC-

ROC 

1 

(Decision 

Tree) 

0.559 0.14 0.57 0.407 -0.189 0.397 

10 0.594 0.239 0.635 0.461 0.008 0.472 

20 0.628 0.364 0.647 0.455 -0.012 0.482 

40 0.689 0.381 0.696 0.439 -0.099 0.462 

64 0.700 0.394 0.712 0.505 0.055 0.53 

100 0.616 0.232 0.622 0.500 0.059 0.517 

128 0.639 0.323 0.674 0.428 -0.087 0.471 

164 0.672 0.365 0.689 0.442 -0.054 0.443 

200 0.672 0.396 0.711 0.422 -0.072 0.469 

225 0.661 0.344 0.694 0.322 -0.142 0.361 

300 0.694 0.37 0.696 0.41 0.045 0.457 

500 0.655 0.326 0.671 0.422 -0.154 0.427 

 Phylogeny-RF RF applied over PhILR 

Transformed Data 

Number 

of Trees 

Accuracy Kappa AUC-

ROC 

Accuracy Kappa AUC-

ROC 

1 

(Decision 

Tree) 

0.745 0.352 0.613 0.756 0.462 0.676 

10 0.717 0.207 0.561 0.790 0.469 0.655 

20 0.745 0.312 0.603 0.802 0.512 0.666 

40 0.738 0.295 .593 0.781 0.439 0.641 

64 0.743 0.307 0.595 0.815 0.547 0.683 

100 0.727 0.250 0.575 0.813 0.540 0.680 

128 0.753 0.348 0.609 0.800 0.505 0.682 

164 0.740 0.301 0.589 0.800 0.505 0.662 

200 0.735 0.279 0.584 0.808 0.526 0.680 

225 0.753 0.337 0.602 0.800 0.507 0.669 

300 0.737 0.283 0.585 0.810 0.534 0.676 

500 0.735 0.274 0.581 0.797 0.505 0.671 
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Nonetheless, what distinguishes the Phylogeny-RF from 

classical RF applied over the abundances, is the interpretability 

of microbial features (attributes) corresponding to phylogenetic 

similarity and reducing the redundancy between microbial 

features while modelling, which can be a source for biological 

insight.  

This exploratory study found phylogenetic diversity of 

metagenomes to be useful in each functional classification 

task capturing the relevant functional adaptations of microbial 

communities. For this reason, phylogenetic relationships of the 

input 16S rRNA microbial genes was used to regularize the 

popular state-of-the-art classifier RF. To meet the needs of the 

proposed new classifier in the current study, OTUs (microbial 

features) were clustered based on their phylogenetic similarity 

as observed in PDM which reports the pair-wise phylogenetic 

distances between OTUs. PDM serves as a simplified 

similarity model in which OTUs that are phylogenetically 

close have been grouped into a cluster. RF model selecting 

microbial features (i.e., OTUs) from different clusters 

provided the phylogenetic diverse features. 

    Specifically, some limitations in current research exist 

relating to the choice of a phylogenetic distance, the clustering 

scheme used, and the modelling parameters used for 

Phylogeny-RF. However, these could be viewed as preliminary 

heuristics in the current research. Additionally, if it is important 

that the Phylogeny-RF has meaningful features participating in 

making class decisions, that should not complicate the 

interpretation of the traditional RF model. In terms of 

clustering scheme utilized as a precursor to Phylogeny-RF, 

current research further worked towards calculating the 

clustering quality. The paper proposed the use of k-means as a 

precursor to RF as it helps in achieving good clustering quality 

and subsequently aids RF in attaining good quality predictions.  

 

VI. CONCLUSION AND FUTURE WORK 

We developed a novel and improved approach Phylogeny-RF 

for classifying 16S rRNA genes in metagenomic studies by 

incorporating biological domain knowledge into ML. Results 

indicate that phylogeny could play an important role in  

shaping metagenomes to determine their functional repertoire. 

The current metagenomic approaches consider OTUs as 

independent features for metagenomic analysis with RF; 

however, OTUs are linked by phylogeny in real-world [13]. 

Hence, we characterized an approach involving the tuning of 

the ML model with phylogenetic similarity (derived from a 

tree), and this resulted in better outcomes while performing 

metagenomic classification tasks. We constructed Phylogeny-

RF, as a predictive model for characterizing metagenomic 

functions. Phylogeny-RF is inspired from a principle to 

included maximal phylogenetic diversity while classifying 

16SrRNA genes into their functional roles. Similar genes will 

behave similarly and will be correlated. One of the aims is to 

remove correlated genes to reduce the redundancy of the data 

set. Choosing decision nodes of the constituting tree in RF- 

based on the phylogenetic diversity, supported better 

metagenomic classification. We report that the contribution of 

the clustering stage in propose approach is important as it 

improves the quality of predictions in the subsequent 

supervised learning stage. The proposed approach attained 

significantly better performance than state-of-the-art RF over 

the raw abundance counts with (p < 0.05), considering a 

different number of trees ranging from 1-500, dealing with the 

3 metagenomic environments. The proposed method also 

outperformed the state-of-the-art of MetaPhyl [20] and PhILR 

[17] in 2 of the benchmarks, indicating potential direction for 

the future research. The key highlights are summarized in 

Table 5. 

 
TABLE 5.  THE KEY HIGHLIGHTS OF THE PROPOSED RESEARCH 

 

S.No. Highlights 

1 A new classifier Phylogeny-RF (Fig.1) is proposed which is 

driven by the observation from the literature that closely related 

microbes by phylogeny are highly correlated and tend to have 

similar genetic and phenotypic traits. The proposed approach 

considers phylogenetic dependencies (similarity) between 

microbial OTUs. It was discovered that the functional analysis of 

metagenomes with RF benefitted from including the phylogenetic 

similarity. 

2 RF proposed by Breiman selects randomly the subset of features 

(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠) from the original feature space for 

classification. However, the newly proposed approach in this 

study (i.e. Phylogeny-RF) also selects randomly the 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 

𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 but with an intention to select phylogenetically diverse 

features as closely related microbes by phylogeny tend to have 

similar genetic and phenotypic traits 

3 The similarity between microbial features (OTUs/ASVs) is 

calculated from a phylogenetic tree in the form of a matrix 

(PDM) depicting the phylogenetic distances between each pair of 

leaf nodes (OTUsAaSVs) which is clustered to find similar 

microbial features by phylogeny and selecting only one amongst 

these similar features (supporting Minimum redundancy and 

Maximum relevance principle of involved microbial features). 

However, an interesting point to observe here is phylogeny has 

been used to regularize RF model which is applied to the 

abundance count table which still supports variety in trees as per 

the quantitative profiles of microbial features. 

4 Phylogeny-RF achieves better performance in lesser number of 

constituent trees in comparison to the RF 

 

       The current approach poses limitations as it is time 

intensive for a large number of samples. It is useful to extend 

upon the analysis by using the phylogeny-aware context in a 

more scalable manner or designing a scalable method. 

Furthermore, this initial analysis could be extended to the 

utilization of other different distance metrics [36] to explore 

the area of embedding phylogeny at ML model level further. 

Also, in current approach similarity between OTU-OTU is 

considered, however in future we would like to incorporate 

similarity between internal nodes of a phylogenetic trees as 

well extending and combining with our previous work 

published in [23]. 
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