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Abstract
Metagenomic studies aim to reconstruct the structure of microbial communities through the use of DNA sequence

data of complex composition. To this end, they generally embed multidimensional data into low dimensional spaces
followed by a binning process. The performance of the dimensionality reduction techniques, the clustering methods, and
the internal cluster validity indices vary depending on the biological, statistical and computational features that are part
of the metagenomic analysis, yet it is seldom evaluated systematically. The explained problematic was explored through
an unsupervised binning of metagenomic DNA sequences, based on the Subtractive and Fuzzy c-means algorithms
applied to the two- and three-dimensional metagenomic sequences obtained via the Barnes-Hut t-Stochastic Neighbor
Embedding (BH-SNE) algorithm in conjunction with Principal Component Analysis (PCA), with the aim of assessing
the performance of the BH-SNE including and not including a preliminary PCA, besides the assessment of four Internal
Cluster Validity Indices (ICVI) that conditioned the clustering procedure. In addition, the assessment of the ICVIs
demonstrated that the Silhouette index had the best performances based on the median values of the F measure.
Moreover, Silhouette index was also the most consistent index obtaining the highest values of F median in two- and
three-dimensional treatments. In the case of high AAI ranges, the Silhouette index had equal results compared with
Calinski-Harabasz index in terms of highest values of F median in three-dimensional treatment, although there were
differences between their performance in two-dimensional treatments. In particular, Dunn index generated the worst
performances in the low AAI percentages, while the Davies-Bouldin index was the worst in high AAI percentages.
Additionally, the Dunn and Davies-Bouldin indices were the most consistent generating the lowest F median values.
Moreover, the results of this research suggest that the biology of the metagenomic sequences could have an incidence over
the best ICVIs performances. Finally, it was possible to determine that the highest F median values were obtained by
the ICVIs in 3D embeddings, with equal results for BH-SNE including and not including preliminary PCA. Furthermore,
it was also demonstrated that there was no significance between the results that included or not included a preliminary
PCA. In terms of consistency, it was not possible to determine which was the most consistent treatment (2D or 3D
embedding with BH-SNE including and not including preliminary PCA) that led the ICVIs to obtaining the best and
worst F median results.

Keywords: metagenomics, clustering, cluster validity index, fuzzy clustering, embedding, BH-SNE

1 Introduction
Metagenomic studies aim to reconstruct the ecological structure of microbial communities, based on complex samples of
DNA, without relying on the cultivation of the constituent populations. In general, there are two metagenomic sequencing
approaches: targeted, which sequences an amplified gene that serves as a taxonomic marker; and shotgun sequencing,
which sequences mixed DNA fragments without specific amplification [1] aiming for Whole Metagenome Sequencing
(WMS). The targeted approach is limited to the analysis of groups for which taxonomically informative genetic markers
are known and can be amplified [2]; the WMS approach reduces this bias by considering all regions of the genome [3].
WMS is often used to analyze unknown mixed microbial communities without a previous knowledge of its genomes,
gaining insight into the functional and evolutionary processes shape a community.

Metagenome reconstruction from sequences obtained with high throughput technologies such as Illumina requires
assembly and binning, in order to identify the constituent populations. The complexity of microbial communities
interferes with the quality of genome assemblies [4]. The lack of prior knowledge about the number of microbial groups
and their relative abundance makes the binning procedures a very challenging task [5]. The different levels of relatedness
among populations complicate the assembly process [6].
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In WMS studies, it is common to embed sequence data into a low-dimensional space, and then perform a binning
process [7, 8, 9]. Barnes-Hut t-Stochastic Neighbor Embedding (BH-SNE) is a non-linear dimensionality reduction
method introduced as an approach to enable the visualization and subsequent binning of genomic fragments [7]. BH-SNE
applies an initial Principal Component Analysis, retaining by default the 50 most informative dimensions for embedding
into a two or three dimensional space [9, 10], even though most studies default to the former. Data loss through
dimensionality reduction algorithms such as BH-SNE or PCA may compromise the interpretability of the results [11],
and yet their use has been justified on the improvement of genome reconstruction originated from the reduction of the
data complexity [4].

Generally speaking, there are two main binning strategies for metagenomic shotgun DNA sequences: supervised,
or taxonomy dependent; and unsupervised, or taxonomy independent, where taxonomy refers to the group of close
organisms that are included in the same biological classification [12]. Supervised methods require prior knowledge of
the analyzed species and a reference data set; unsupervised methods focus on the extraction of taxon parameters using
machine learning techniques such as clustering to analyze higher dimensionality data sets, without prior knowledge
about the species [3]. Methods used in unsupervised approaches to cluster re-projected, low-dimensional metagenomic
sequence data include clustering K-means and Adaptive Resonance Theory (ART) [13]; Mcluster (improving K-means)
[14]; Average Linkage Hierarchical clustering with Euclidean metric [15]; Cluster size insensitive FCM method (csiFCM),
AbundaceBin and MetaCluster3.0 [16]; improved version of Fuzzy C-Means method (IFCM) [17]; assembly-assisted
method MetaProb [18].

Evaluating the quality of the groups resulting from clustering algorithms is a subject that has been implemented
inconsistently in metagenomic studies [7, 8, 10, 19, 20]. Various Internal Cluster Validity Indeces (ICVI), such as the
Calinski-Harabasz (CH) index, the Dunn index (DI), the Davies-Bouldin index (DB), The Silhouette index (SI), and
others have been employed [21], albeit in a mostly idiosyncratic manner. Gisbrecht et al [19] proposed the Dunn Index
as an appropriate metric of quality, while Lux et al [8] recommended the use of the Davies-Boulding index, but resulting
from limited comparisons.

A difficulty with evaluating in a comparative manner the performance of the metagenomic sequence binning
approaches, is the lack of consistent metrics for genome relatedness in the construction of the synthetic test communities
[7, 8, 10, 19, 20]. The amino acid identity (AAI) among orthologous genes shared by two genomes provides a measure of
genome relatedness [22], an by extension a taxonomic proxy. While not a perfect measure, given its inability to account
for unique genes, the use of AAI as a criterion in the construction of synthetic test communities could aid in assessing the
real capacity of the embedding and unsupervised methods in metagenomic analysis.

The stochasticity in many of the algorithms employed in metagenomic binning pipelines has also not been considered
in performance assessments, and consequently statistics on the consistency of the methods are not available. In particular,
BH-SNE is inherently an stochastic algorithm, since its core objective function is minimized using a gradient descent
optimization which is initiated randomly [23], then different runs of the BH-SNE algorithm provides different embeddings
on metagenomic data.

The present work has as a starting point the research [9], expanding the exploration of BH-SNE into three dimensional
embeddings and the impact of the preliminary PCA step. We adopt a larger and more diverse data set than previously
used [9], structuring it based on AAI relationships among genomes. We develop a statistically rigorous evaluation scheme,
implementing four different validity indeces and multiple replicates. In summary, this work aims to address the following
questions:

• When applied to metagenomic data embedding, is there any effect in the performance of BH-SNE, positive or
negative, from the use of the preliminary PCA dimensionality reduction?

• Are 3D BH-SNE embeddings equally fitted for unsupervised binning of metagenomic sequence data as the traditional
2D embeddings?

• Among the following internal validity indices: Calinski-Harabasz, Dunn, Davies-Bouldin, and Silhouette; which
index presents the best performance and consistency?

• In the case of the best dimensionality reduction strategy in conjunction with the most outstanding internal validity
index, can the index performance be affected by the biology of the metagenomic sequences?

This article consists of the following sections: theoretical framework, where the theory on embedding techniques,
clustering methods and internal cluster validity indices and others are explained; materials and methods, which includes
the methodology implemented to achieve the aims of the research; results and discussion, where the results of all the
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procedures are presented and discussed; and conclusions, where are summarized the main achievements of the investigation.

2 Theoretical framework

2.1 Dimensionality reduction techniques
Two-dimensionality reduction methods are considered in this study, namely BH-SNE and PCA. BH-SNE is a non-linear
dimensionality reduction technique designed to embed high-dimensional data into a space of two or three dimensions
[10]. In the case of PCA, it reduces the dimensionality of multivariate data preserving the major quantity of relevant
information through principal components, which are a linear combination of the original data [24, 25]. In addition, PCA
can be used to pre-process high-dimensional data in order to speed up the computation of the BH-SNE method and
suppress some noise [10].

The BH-SNE method has been proposed as a variant of another dimensionality reduction technique named
t-Distributed Stochastic Neighbor Embedding (t-SNE), due to the optimization problem associated with the latter
technique requires a time O

(
N2
)
, while the BH-SNE overcomes this issue by requiring a time O (N logN) [23].

Given a set of objects D = {x1,x2, . . . ,xN} in a high-dimensional space Rr, the goal of the t-SNE [23] is to learn an
s-dimensional embedding in which each object is represented by a point of a set E = {y1,y2, . . . ,yN}, with yi ∈ Rs. In
particular, this algorithm looks for an embedding such that nearby and distant points correspond to similar and dissimilar
objects in the original space, respectively. To this end, the joint probabilities pij that measure the pairwise similarity
between objects xi and xj by symmetrizing two conditional probabilities are defined as follows:

pi|j =
exp

(
−d (xi,xj)2 /2σ2

i

)
∑
k 6=i exp

(
−d (xi,xk)2 /2σ2

i

) , pi|i = 0 (1)

pij =
pj|i + pi|j

2N
, (2)

Where d (xi,xj) is a function that computes a distance between xi and xj (usually the Euclidean distance), and σi is the
bandwidth of the Gaussian kernel whose value varies per object [26]. Likewise, joint probabilities qij that measure the
pairwise similarity between the two corresponding points yi and yj are defined as follows:

qij =

(
1 + d (yi,yj)

2
)−1

∑
k 6=i

(
1 + d (yi,yk)

2
)−1 , qii = 0 . (3)

However, unlike the normalized Gaussian kernel used to measure similarities in the original space, a normalized Student-t
kernel is used in the embedding in order to account for the difference in volume between both spaces.

To learn the aforementioned embedding, i.e. the location of points yi in Rs, the t-SNE technique tries to match these
two distributions as well as possible by minimizing a cost function

C (E) = KL (P ||Q) =
∑
i6=j

pij log

(
pij
qij

)
, (4)

Which is a sum of Kullback-Leibler divergences between the original (pij) and induced (qij) joint distributions for each
object. In particular, this cost function can be minimized by descending along the gradient ∂C

∂yi
, which it is initialized

randomly, as follows:
∂C

∂yi
= 4

∑
j 6=i

(pij − qij) qijZ (yi − yj) , (5)

Where
Z =

∑
k 6=i

(
1 + d (yi,yj)

2
)−1

. (6)

The Barnes-Hut-based variant of the t-SNE implements a sparse approximation to the probabilities pij . This
approximation is viable since probabilities pij corresponding to dissimilar objects xi and xj are nearly infinitesimal
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when similarities are computed using a Gaussian kernel. Then, if Ni is the subset of nearest neighbors of xi, the BH-SNE
algorithm redefines the pairwise similarities pij as follows:

pi|j =


exp(−d(xi,xj)

2/2σ2
i )∑

k 6=i exp(−d(xi,xk)
2/2σ2

i )
, if j ∈ Ni

0 , otherwise
(7)

pij =
pj|i + pi|j

2N
, (8)

Where each subset Ni is found in O (N logN) time by building a vantage-point tree on the data set [27].

Afterwards, the BH-SNE address the problem of the t-SNE cost function (Equations 7 and 8) which can be rewritten
as:

∂C

∂yi
= 4

∑
j 6=i

pij

(
1 + d (yi,yj)

2
)−1
− 4

∑
j 6=i

q2ijZ (yi − yj) (9)

Notice that the first term of the right in Equation (9) is computationally efficient in comparison with the second one. In
this regard, the BH-SNE algorithm constructs a quadtree on the current embedding and the quadtree is traversed using a
deep-first search, then at every node in the quadtree, the algorithm decides whether the corresponding cell can be used as
a “summary” for the gradient contributions of all points in that cell. In particular, for a given point yi and any two points
yj and yk inside a cell with Ncell points that is sufficiently small and sufficiently far away from the first point, we have that
d (yi,yj) ≈ d (yi,yk)� d (yj ,yk). Therefore, the gradient contributions of all points yj inside the aforementioned cell is
given by

∑Ncell

j=1 q2ijZ (yi − yj), and can be approximated by Ncellq2i,cellZ (yi − ycell), where ycell is the center-of-mass of
the embedding points that are located inside the cell. Once the above equations are applied, the second term of the right
in Equation (9) is approximated in O (N logN) time instead of O

(
N2
)
time.

2.2 Clustering methods
Generally speaking, clustering aims to divide a given set of n objects X = {x1,x2, . . . ,xn} into clusters such that objects
in the same cluster are similar and objects in different clusters are dissimilar to each other [28]. If the similarity is evaluated
in terms of distances, then clustering aims to minimize intra-cluster distances while inter-cluster distances are maximized.
The clustering methods known as Subtractive clustering and FCM have been selected based on the applications presented
by [9].

2.2.1 Subtractive clustering

Subtractive clustering [29] is a method used to estimate the centers of clusters of a data set. The algorithm can be used
as a preliminary method for more complex clustering algorithms that need to know in advance the initial clusters centers
of a data set. However, the algorithm computational cost grows as the square of the number of the objects in the data
set.

Estimated centers by this algorithm are objects of the data set itself and they are identified based on a measure of
potential, iteratively. In the first iteration (i = 1), the potential Di(xj) for an object xj is a function of its distance to the
remaining objects in the data set:

Di (xj) =
n∑
l=1

exp

(
−‖xj − xl‖2

(ra/2)
2

)
, (10)

Where ra is a positive radius used to define a neighborhood around each object in order to measure its potential value.
Thus, an object with many nearby objects (i.e. with a high density of surrounding objects) will have a high potential
value. In particular, the first estimated cluster center ci is selected as the object having the highest potential Di(xj).
Then, a value of potential is subtracted from each object as a function of its distance from the first center ci:

Di+1 (xj) = Di (xj)−Di (ci) exp

(
−‖xj − ci‖2

(rb/2)
2

)
. (11)

In particular, rb is a second positive radius used to define the neighborhood of a found cluster that will experiment a
subtraction (reduction) of its potential. In practice, it is suggested to set rb larger than ra (e.g. rb = 1.25ra) in order to
ensure the identification of cluster centers that are sufficiently separated [29].
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Once the potential of the objects near the first cluster is reduced, the object with the highest remaining potential Di

is selected as the next estimated cluster center ci in a second iteration (i = i + 1). Henceforward, the method iterates k
steps (until i ≤ k) between the procedure of reducing the potential of objects around found cluster centers and finding
new potential cluster centers based on proposed criteria. A strategy to improve the process of finding new clusters by
considering the possibility of rejecting some of them and automatically establish the number of clusters is also developed
in [29].

2.2.2 Fuzzy C-Means

FCM is a clustering algorithm that considers that each point of the data set can belong to more than one cluster with
a certain degree of membership [11]. Indeed, FCM aims to partition a set of n data points x1,x2, . . . ,xn into C fuzzy
clusters such that the following cost function J is minimized:

J =
C∑
i=1

n∑
j=1

(uij)
m ‖xj − ci‖2 (12)

Where 0 ≤ uij ≤ 1 and
∑C
i=1 uij = 1; m > 1 is a fuzzification parameter; and ci is the center of i -th fuzzy cluster.

The cost function J can be minimized with an iterative procedure that updates the following equations:

ci =

∑n
j=1 (uij)

m
xj∑n

j=1 (uij)
m , (13)

uij =

[
C∑
l=1

(
‖ci − xj‖
‖cl − xj‖

)2/(m−1)
]−1

. (14)

The uij are the entries of the fuzzy membership or partition matrix U , and each of them describes the degree of
membership of the data point xj in the i -th fuzzy cluster with a value (between 0 and 1) that is inversely proportional to
the distance of this data point to the cluster center ci. The degree of membership of a data point to every fuzzy cluster
is fixed, so the sum of elements in each column of the matrix U is equal to 1.

The fuzzification parameter m affects the entries of the fuzzy membership matrix U and determines the level of cluster
fuzziness. As m increases, the entries of U decreases, and thus clusters become fuzzier. If m is close to 1, the entries of U
converge to 0 or 1, so clusters become crispier and FCM behaves like the conventional K -means algorithm. By default,
the value assigned to m is 2 [28].

2.3 Cluster validity indices
Cluster validation is the process of estimating how well the partitions of an input data set fits its underlying structure [21].
Cluster validation can be performed by computing external and internal indices, where the external indices measure the
agreement between the results from the first clustering procedure and ground truth clustering, whereas internal indices
measure the goodness of the performed clustering without external information by examining just the partitioned data [11].

Based on the best performing indices in [21], the following internal indices are taken in account: the Calinski-Harabasz
(CH) index, the Dunn index (D), Davies-Bouldin index (DB) and The Silhouette index (S).

The notation for the explanation of the internal indices is given by: Given a set X of N objects represented as
vectors in an S-dimensional Euclidean space X = {x1, x2, ..., xN}εRS . The clustering or partition of X, is noted as
U = {U1, U2, . . . , UK} with K clusters. The distance between the i-th and j-th binned objects is represented by d(xi, xj);

d also refers to a distance between other objects. uk ==
1

|uk|
∑
xi∈uk

xi is the mean vector that specifies the center of the

k-th cluster.

2.3.1 Calinski-Harabasz index

The Calinski-Harabasz index (CH) identifies the clusters of points in a multidimensional Euclidean space based on the
density of clusters [30]. The cohesion is calculated taking into account the distances from points to the centroid of the
cluster where they belong, whilst the inter-cluster distance is obtained from the distance between centroids and the global
centroids [21].
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The CH index is given by the Equation (15) that relates the inter-cluster and intra-cluster sums of squares [21, 31, 32].

CH(U) =
N − k
k − 1

∑
uk∈U |uk| d(uk, X)∑
xi∈uk

d(xi, uk)
(15)

Where X Equation (16), is the mean vector of the whole data set.

X =
1

N
∑
xi∈X xi

(16)

2.3.2 Dunn index

The Dunn index (D) estimates the quality of the binning methods, it is a ratio-type index between the clustering separation
(inter-cluster distance) and the clustering cohesion (intra-cluster distance), which are estimated by the nearest neighbor
distance and the maximum cluster diameter, respectively. Therefore, large values of D corresponds to good clusters; The
D of the clustering U is given by Equation (17) [21, 33].

D (U) =
max

1≤i,j≤K,i 6=j
{δ (Ui, Uj)}

max
1≤k≤K

{4 (Uk)}
, (17)

Where:

4 (Uk) = max
xi,xj∈Uk

{d (xi,xj)} (18)

δ (Ui, Uj) = min
xi∈Ui,xj∈Uj

{d (xi,xj)} (19)

4 (Uk) represents the diameter of the k -th cluster of U , defined as the maximum distance between any two objects in
the cluster. On the other hand, δ (Ui, Uj) is the distance between clusters Ui and Uj , defined as the minimum distance
between any two objects in different clusters [34].

2.3.3 Davies-Bouldin index

The Davies-Bouldin index (DB) is a measure of the appropriateness of data partitions, it indicates the similarity of
clusters, bringing the opportunity to compare the relative appropriateness of the overall number of clusters; the measure
is independent of the number of clusters and does not vary depending on the clustering method [35].

The Davies-Bouldin index (DB) of the object xi in X and assigned to cluster Uk is defined in Equation (20) [21, 35].

DB(U) =
1

k

∑
uk∈U

max
ul∈U\Uk

{
S(uk) + S(ul)

d(uk, ul)

}
(20)

Where:

S(uk) =
1

|uk|
∑
xi∈uk

d(xi, uk) (21)

Understanding ul as the mean vector that specifies the center of the l-th cluster, calculated like uk see notation
paragraph. Due to that, the DB index is the mean value among all the clusters [31].

2.3.4 Silhouette index

The Silhouette index (S) is a confidence indicator on the membership of an object to the cluster to which it is assigned
in comparison with the remaining clusters [33], it indicates the goodness of the clustering over a data set. The S of the
object xi in X and assigned to cluster Uk is defined as S(xi) in Equation (22) [21].

S (xi) =
b (xi, Uk)− a (xi, Uk)

max {a (xi, Uk) , b (xi, Uk)}
(22)
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Where:

a (xi, Uk) =
1

|Uk|
∑

xj∈Uk

d (xi,xj) (23)

b (xi, Uk) = min
Ul∈U\Uk

 1

|Ul|
∑

xj∈Ul

d (xi,xj)

 (24)

For a clustering U of X, its (overall average) silhouette index S(U) is defined in Equation (25).

S (U) = 1

N

∑
Uk∈U

∑
xi∈Uk

b (xi, Uk)− a (xi, Uk)
max {a (xi, Uk) , b (xi, Uk)}

(25)

a (xi, Uk) represents the average dissimilarity of object xi in Uk with the remaining members of the same cluster.
Since its value indicates how well an object is assigned to a certain cluster, a small value indicates a better assignment.

On the other hand, b (xi, Uk) represents the minimum average dissimilarity of object xi with any other cluster
different from Uk. The cluster with the minimum average dissimilarity is considered the “neighboring cluster” of object
xi representing the second-best cluster choice for xi.

The Silhouette index for an object ranges from -1 to 1. A value close to 1 indicates that the object is “well-clustered”
because any neighboring cluster is on average not as close to the object as its own cluster. A value near 0 indicates that
the object is presumably on the border of two clusters because it lies on average equally far away from two clusters. A
value close to -1 indicates that the object has been erroneously assigned because the object is on average much closer to a
neighboring cluster than to its own cluster. Thus, it would be more natural to assign this object to a neighboring cluster
[36].

In the case of most objects have a high silhouette index, then the overall clustering configuration is presumably
appropriate. On the other hand, if most objects have low or negative values, then the clustering configuration is maybe
underestimating or overestimating the number of clusters.

3 Materials and methods
This section presents the methodology implemented to achieve the aims of the research. The data set construction is
explained in Subsection 3.1; with respect to the data set embedding procedures and parameters, these are presented
in Subsection 3.2; the proposed unsupervised binning method based on Subtractive and FCM clustering, and ICVIs is
detailed in Subsection 3.3; finally, the Subsection 3.4 shows the measures used to assess the performance of the binning
method. The scheme that summarizes all these procedures is presented in the Figure 1.

Figure 1: Scheme of fuzzy binning application in low-dimensional metagenomic DNA sequences, including ICVI.
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3.1 Data set construction
Data were obtained from The Human Microbiome Project (HMP) [37] data portal (http://hmpdacc.org/HMRGD/).
Forty-six complete or nearly-complete genome sequence assemblies of intestinal microorganisms were retrieved in Fasta
format. The average Amino Acid Identity (AAI), an index of genome sequence similarity (and an approximate proxy to
phylogenetic relatedness) [22], was calculated for all possible genome sequence pairs, using The Kostas Laboratory online
AAI calculator (http://enve-omics.ce.gatech.edu/aai/). A total of 1035 AAI pairwise were obtained.

Synthetic Communities (SC) were constructed by applying a graph theory-based approach. To begin with, each
genome was considered as the vertex of a graph and undirected edges between every pair of genomes were created; then,
a weight was given to each edge connecting a pair of genomes and its value was determined by the AAI value between
them. Next, four subgraphs were derived from the above AAI graph such that edges in each graph have AAI weights in
ranges of [25, 40)%, [40, 55)%, [55, 70)%, and [70, 85)%, respectively. Then, k-vertex cliques, i.e. a subset of k vertices
such that every two distinct vertices in the subset are adjacent, were identified in each AAI subgraph in order to build
candidate SC of k genomes having pairwise AAI value in the same range. In particular, k was set to 5 and 10. Sets
of 11 pseudo-biological replicates were assembled by filtering the candidate SC such that no two communities within
each set shared more than 2 or 6 genomes in the 5-genome SC or 10-genome SC, respectively. Graph construction
and clique selection were performed using a custom R script, and candidate SC were filtered using a custom Python script.

Contigs of 1000 bp in length, and of random starting points were generated from each genome to achieve a 1x genome
sequence coverage. The number of contigs in each community varied according to the constituent genomes’ sizes. This
approach was seen as more biologically realistic than constructing data sets with an equal number of sequence fragments
from each genome, unequal population abundances not-withstanding. Pentamer (5-mer) count profiles were constructed
from all sequence fragments, combining each pentamer sequence with its reverse-complement (simplified 5-mer dictionary).
Counts were initiated with 0.1 pseudo-counts to avoid zero values in the table of frequencies. 5-mer frequencies were
obtained as specific counts divided by the total number of 5-mer.

3.2 BH-SNE-based data set embedding
As mentioned before, the BH-SNE algorithm was used to embed the high-dimensional metagenomic data into
low-dimensional spaces wherein a binning algorithm can be applied.

In the same way, as in [7], some of the default values of the BH-SNE algorithm’s input parameters were used. The
perplexity, a parameter controlling the effective number of local neighbors based on which neighborhood structure was
captured, was set to 30. The parameter θ, a trade-off parameter ranging from 0 to 1, which controls the speed and the
accuracy of the approximations provided by the Barnes-Hut implementation of the t-SNE algorithm, was set to 0.5, since
preliminary tests with different values for θ (0.25, 0.50, 0.75) did not show significant differences in binning performance.

Two and three dimensional embeddings were obtained, in order to investigate the effects of increasing the dimensionality
of the output space over the subsequent binning of genomic fragments. In addition, the low-dimensional mappings were
generated with or without the application of a prior PCA-based dimensionality reduction step before the BH-SNE was
performed. In the case of the application of PCA, data were mapped on the first 50 principal components and then the
reduced data were used as an input to BH-SNE.

For the purposes of this work, the term “treatment” is used to describe the way in which mappings were obtained
regarding the dimensionality of the output embedding and the application of PCA as a pre-processing step. Accordingly,
below are listed the treatments considered in this study and their corresponding code-names:

• 2D: two-dimensional map, embedding obtained using the BH-SNE.

• 2DPCA: two-dimensional map, embedding includes preliminary PCA followed by the BH-SNE.

• 3D: three-dimensional map, embedding obtained using the BH-SNE.

• 3DPCA: three-dimensional map, embedding includes preliminary PCA followed by the BH-SNE.

Finally, because of the non-deterministic nature of the BH-SNE algorithm, a set of 11 technical replicates of the
embeddings were generated for treatment applied to each SC.
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3.3 Unsupervised method for metagenomic binning
As in [9], an unsupervised group identification method that uses the Subtractive and FCM clustering algorithms, in
conjunction with internal clustering validity indices, was used for binning either two- and three-dimensional mappings of
genomic fragments obtained via the BH-SNE algorithm. In particular, the aforementioned method has two stages each
having particular objectives.

In the first stage, Subtractive clustering algorithm [29] was used to address the problem of estimate the centers of
clusters in the embedded metagenomic data which correspond to different genomic populations in a SC. As mentioned
before, Subtractive assumes each data object has the potential of being a cluster center based on the density of its
surrounding data objects, and it uses a particular pair of positive radii ra and rb, with values between 0 and 1, to condition
the effect of data objects around potential cluster centers in the density measure. As in [9], second radius was set as
rb = 1.25ra, and the Subtractive algorithm was run for values of ra from 0.1 to 0.8 with increments of 0.05, to obtain
estimates of the number of clusters and their corresponding locations in the embedding space as a function of the radius ra.

Next, the second stage deals with the problem of binning genomic fragments in an unsupervised way. To this end,
the FCM algorithm (with a fuzzification parameter m = 2) was used to cluster the embedded metagenomic data based
on each of the cluster center estimates obtained in the first stage. Then, based on the resulting fuzzy partition matrix
in each instance, a hard clustering was obtained by assigned each data object to the cluster with the largest measure
of membership. Since in practice there is no ground-truth information for this kind of data, the goodness of each hard
clustering was measured using internal validity indices to determine which of these clustering results better fitted the
underlying structure of the data. For this last task, several indices were evaluated, namely Silhouette (S), Davies-Bouldin
(DB), Calinski-Harabasz (CH), and Dunn (D). In particular, this selection was based on the results of an extensive
comparative study performed in [21].

3.4 Performance evaluation
The F-measure, a commonly used performance metric in metagenomic binning studies [38, 39, 40] when the true number
of microbial populations is known. Let N be the number of microbial populations in a metagenomic data set, and C the
number of clusters estimated by the binning algorithm on the same data set. Let Aij be the number of DNA fragments
from the j-th population assigned by the algorithm to the i-th cluster. Then, according to [11], the Equation (26) presents
the accuracy of the resulting clustering in terms of F-measure.

F-measure =
2 ∗ Precision ∗ Recall
Precision+ Recall

(26)

Precision and Recall are defined in Equations (27,28) according to [38].

Precision =

∑K
i=1 maxj Aij∑K
i=1

∑n
j=1Aij

(27)

Recall =

∑n
j=1 maxiAij∑K

i=1

∑n
j=1Aij +# unassigned reads

(28)

The accuracy in terms of F-measure was calculated for the binning results derived from each ICVI (CH, D, DB, and
S) in each one of the eleven technical replicates, per treatment. This allows the calculus of the F median values for each
index in each treatment. The Wilcoxon signed rank test [41] applied to the Coefficient of Variation (CV) [42] of their F
median values contributed to explore the differences between the ICVI results per treatment.

4 Results and discussion
This section presents the results of our study and their corresponding discussion. Section 4.1 presents the results
regarding the data set construction and the subsequent embedding. Then, the assessment of the binning results based on
the Subtractive and FCM clustering in conjunction with the ICVIs are presented in Section 4.2. There, Section 4.2.1 lets
to identify the index with the best performance by means of a global analysis, and Section 4.2.2 shows the index with
the highest consistency in its results by means of a local analysis. Additionally, observations such as the impact of the
biology of the metagenomic sequences over the ICVI results, the incidence of the AAI range over the ICVI results, are
also presented in this section. Finally, Section 4.3 presents the results related to the performance of BH-SNE algorithm
with and without a PCA preliminary dimensionality reduction step.
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4.1 Data set construction and embedding
Table (1) summarizes the data sets obtained for this study. These data sets consist of 41 Synthetic Communities (SCs),
which are composed of ten, five, or three distinct genomes. The low number of distinct genomes in the Subset 5 and the
Subset 6 was due to the nature of the original data set which only allowed to identify 3-vertex cliques at most in the
subgraphs with AAI within [55, 70)% and [70, 85)%. For this AAI range, the number of generated SCs was the smallest,
especially in the last range, and this number increases as the AAI percentage decreases. The communities used in this
paper ranged from 6443 to 33199 contigs.

Table 1: Amino Acid Identity communities per range

AAI range Subset Genomes Shared genomes # SC SC index

[25, 40)%
1 5 2 10 1− 10
2 10 6 10 11− 20

[40, 55)%
3 5 2 10 21− 30
4 10 6 7 31− 37

[55, 70)% 5 3 2 3 38− 40
[70, 85)% 6 3 0 1 41

The table presents the constraints related to the generation of SC, its columns presents: AAI range, the range of percentages
that were taken into account to create the subsets of communities; Subset, indicates the number of the subset assigned to
the grouped SC; Genomes, the number of genomes that were included in each obtained SC; Shared genomes, the amount of
maximum genomes allowed to be shared between all the grouped SC; # SC, the number of SC in the corresponding subset
of data; SC index, index assigned to each genome per SC.

Figures (2,3) illustrate the two-dimensional BH-SNE-based embedding of the sixth technical replicate of the SC
22, which is composed by the following genomes: Butyrivibrio fibrisolvens 16/4, Faecalibacterium prausnitzii SL3/3,
Ruminiclostridium [Eubacterium] siraeum V10Sc8a, Lachnospiraceae bacterium 2_1_46FAA, and Acidaminococcus sp.
HPA0509. The embeddings were obtained without performing the default preliminary PCA step.

As indicated in Table (1), 41 SCs were obtained for this study. Then, given that there were four possible embedding
treatments for each SC and eleven technical replicates of each treatment, a total of 1804 BH-SNE-based embeddings were
generated and processed by our unsupervised method for metagenomic binning afterward.

4.2 Performance evaluation
The performance evaluation was executed based on two approaches: a global analysis and a local analysis. In both
approaches, median values of the accuracy of the binning results in terms of F-measure (F) and the estimated number of
genomic populations (C) were computed to perform the analysis. It is worth to mention that in the global approach were
presented the indices with the highest and lowest F median and C median values, whereas in the local approach, it was
analyzed the consistency of the indices generating the highest and lowest F median and C median results.

4.2.1 Global analysis

Table (2) presents the indices with the best and worst performances in terms of an overall F median and C median
among all the treatments per AAI range. This table was constructed by firstly calculate the F median and C median
values generated by each ICVI taking into account their results in the eleven technical replicates, for each treatment, per
SC. Later, an overall F median and C median values were calculated per treatment for each AAI range, based on the F
and C median results obtained by the ICVIs, per SC. Then, the ICVIs with the highest and lowest F median values (for
each treatment) were included in the table. Finally, for the ICVIs added in the third step, their corresponding C median
values were included in the table. It is important to mention that the most relevant results in the Table were highlighted
in bold.

Based on Table (2), two trends in relation with the binning results on the two- and three-dimensional embeddings
can be observed. In the majority of cases, selection based on the S index led to binning results in the treatments 2D
and 2DPCA with the highest F measure. In the cases of subsets with 10 number of genomes, even the best performing
indices, the S index and the CH index, tended to identify C median numbers below the expected number. However, in
the cases of subsets with five number of genomes, the S and CH indices were able to calculate the right number of C
medians in the AAI range of [25, 40)%.
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Figure 2: Two-dimensional BH-SNE-based embedding of
the sixth technical replicate of the SC 22. The upper left
panel represents with colors the organismal origin of the genomic
fragments. The remaining panels present the group assignment
suggested by our unsupervised method for metagenomic binning
as a function of distinct cluster validity indices.

Figure 3: Two-dimensional BH-SNE-based embedding of
the sixth technical replicate of the SC 22. Same as Figure 2,
except that sequences assigned to the wrong genome by the distinct
cluster validity indices are colored in black.

On the contrary, the worst binning results for the 2D treatments were generated by the D index in the first four subsets.
However, D index was also able to calculate the correct number of C median in the cases of 5 genomes. Additionally,
for the last two subsets wherein AAI percentages are higher, the DB index presented the worst performances. Indeed, D
index was not able to calculate the proper number of C median.

Metagenomic binning based on three-dimensional embeddings show better performance for all treatments. In
particular, the S index led to higher F median values in five of six subsets independently of the applied treatment. In
the remaining subset (subset 3, AAI range of [40, 55)% with 10 genomes), the DB index generated the higher values of F
median. Additionally, CH and S indices presented equal F median results in both three-dimensional treatments.

With regard to the worst binning results in the 3D treatments, the D index presented the worst performance in low
AAI ranges and DB in high AAI ranges. However, the D index was able to calculate the right number of C median when
the subsets consisted of 5 genomes, whereas the DB index led to over-clustering results in high AAI ranges. In particular,
results based on D and DB indices, under 3D treatments, indicated that the number of genomes and their biology could
affect the performance of the ICVIs.

Finally, the way in which performance of the binning method based on the S index was compromised when it comes to
determine the correct C median value in a SC with different number of genomes, and how the F median value decreased
as the AAI percentage of the subsets increases could also support the idea that the binning results associated to the ICVIs
could be affected by the biology of the genomes.

4.2.2 Local analysis

This approach was used to analyze the consistency of the indices generating the highest and lowest F median and C
median results. The analysis was done by exploring the SC located in each subset per AAI range, where the subsets were
composed by the SC listed in Table 1. The ICVI with the best and worst values of the F median and their corresponding
C median values for each SC per AAI range were presented in Tables 5 to 10 (in the annexes). In particular, Table 5
corresponds to the results of the Subset 1, Table 6 to the results of Subset 2, and so on. Based on the mentioned tables,
the indices with the highest frequency having the best and worst performances of F median and their corresponding
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Table 2: Overall median results of F and C

Subset AAI Genomes Best F measure Worst F measure
Treatment Index F C Treatment Index F C

1 [25, 40)% 5 2D S 0.862 5 2D D 0.765 5
2DPCA DB 0.869 5 2DPCA D 0.760 5

S 0.869 5
3D S 0.884 5 3D D 0.792 5

3DPCA S 0.884 5 3DPCA D 0.792 5
2 [25, 40)% 10 2D S 0.872 8 2D D 0.745 6

2DPCA S 0.887 8 2DPCA D 0.768 6
3D S 0.894 8 3D D 0.803 6

3DPCA S 0.894 8 3DPCA D 0.803 6
3 [40, 55)% 5 2D S 0.797 4 2D D 0.716 5

2DPCA S 0.807 4 2DPCA D 0.723 5
3D DB 0.817 5 3D D 0.750 5

3DPCA DB 0.817 5 3DPCA D 0.750 5
4 [40, 55)% 10 2D CH 0.759 5 2D D 0.654 7

2DPCA S 0.778 7 2DPCA D 0.620 7
3D S 0.786 7 3D D 0.672 7

3DPCA S 0.786 7 3DPCA D 0.672 7
5 [55, 70)% 3 2D S 0.632 5 2D DB 0.115 12

2DPCA S 0.681 3 2DPCA DB 0.192 12
3D CH 0.741 3 3D DB 0.0352 12

S 0.741 3
3DPCA CH 0.741 3 3DPCA DB 0.0352 12

S 0.741 3
6 [70, 85)% 3 2D S 0.365 4 2D DB 0.073 15

2DPCA S 0.454 4 2DPCA DB 0.134 15
3D CH 0.529 5 3D DB 0.207 15

S 0.529 4
3DPCA CH 0.529 5 3DPCA DB 0.207 15

S 0.529 4
This table presents the indices with the best and worst performances per subset, AAI range, and number of genomes.
Multi-column of best F measure presents the treatment, F and C values of the indices with the highest F median and their
C median; multi-column of worst F measure shows the treatment, F and C values of the indices with the worst F median
and their C median.

treatments were summarized in Table (3).

Table 3: Indices with the highest frequencies obtaining the best and worst F median results

Performance in Frequency

Subset AAI range Genomes Best Worst
Index Treatment Index Treatment

1 [25, 40)% 5 S 3DPCA D 3DPCA
2 [25, 40)% 10 S 2DPCA D 2D
3 [40, 55)% 5 DB 2DPCA D 3DPCA

S 2DPCA
DB 3D

4 [40, 55)% 10 CH 2D D ALL
S 3D

5 [55, 70)% 3 S ALL DB 2D
DB 2DPCA
DB 3D
D 3DPCA

6 [70, 85)% 3 S ALL DB 2D
DB 2DPCA
DB 3D
D 3DPCA

The Table presents the indices with the highest frequency having the best and worst performances of F and their corresponding
treatments. Multi-columns named best presents the indices and the treatments with the highest frequency being the best
ICVI; multi-columns named worst shows the indices and the treatments with the highest frequency being the worst ICVI.

From Table (3), it can be inferred that the S index presented equal results for all of the treatments in high AAI range.
However, in low AAI ranges, it was not possible to determine in which treatment the S index had more consistency
obtaining the highest F media values. In particular, results of low AAI range include: in the case of subset 1, the most
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consistent combination was the S index with treatment 3DPCA; for subset 2 and 3, the combination of S index and
treatment 2D had equal results than the combinations of DB index with treatment 2D and the DB index with treatment
3D; in the case of subset 4, the S index with treatment 3D had equal results than the CH index with treatment 2D.

Hence, based on the obtained results for the S index in low AAI ranges, it is suggested to use the S index in
conjunction with the cited treatment in the best column (see Table (3)) with the purpose to be able to perform accurately
a metagenomic binning in low AAI ranges. However, it is worth mentioning that the S index presented the highest F
median results in low AAI ranges when it was used in 3D treatments (not the most consistent with that treatment), as
can be seen in the analysis of the Table (2).

In summary, in the case of the best index, the analysis of the Table (3) led to identify that the S index had more
consistency generating the highest values of F median per subset than the rest of ICVIs, since its F median results were
high in all the 6 subsets. Thus, the S index was not only the best index (such as it was determined in Subsubsection
4.2.1) but also was the most consistent index generating the best results. In particular, the impacts of the AAI changes
over the ICVIs performances were specified in Subsubsection 4.2.1.

When it comes to analyze the ICVI with the highest consistency having the lowest values of F median, it can be
inferred, from Table (3), that D index was more consistent generating the worst performances in low AAI ranges, while
DB index was more consistent in high AAI ranges. Thus, D and DB indices (in their mentioned AAI ranges) were
not only the most consistent generating the worst results, but also generated the lowest F median values, such as was
determined in Subsubsection 4.2.1.

In order to analyze the consistency of the ICVIs results, Table (4) included the frequencies of all the indices having
the best and worst F median performances. In particular, Table (4) was constructed based on the Tables 11 to 16 (in
the annexes), where it can be found the number of times that each ICVI obtained the best and worst performances
based on their F median values, discriminating between treatments in each subset. It is important to highlight that
Tables 11 to 16 (in the annexes) were created using the information of the Tables 5 to 10 (in the annexes), which in
turn were constructed applying the embedding and binning procedure in each one of the eleven technical replicates per SC.

Table 4: Frequencies of all the indices having the best and worst F median performances

Best performance
Index Subset 1 Subset 2 Subset 3 Subset 4 Subset 5 Subset 6
CH 15 22 12 11 5 2
D 2 0 0 0 0 0
DB 24 21 25 8 0 1
S 27 32 26 14 12 4

Worst performance
Index Subset 1 Subset 2 Subset 3 Subset 4 Subset 5 Subset 6
CH 3 3 6 2 0 0
D 35 35 33 26 3 1
DB 3 2 2 0 10 3
S 2 0 1 0 0 0

The Table presents all the ICVI with the number of times that each index has obtained the best and worst performances of
F median per subset, independent of the treatments.

The Table (4) presents: the index of S, previously determined as the best and most consistent index, in the case of an
AAI of [25, 40)% was more consistent when there were 10 genomes than with 5 genomes, instead of an AAI of [40, 55)%
where it presented the inverse results, S index was more consistent with 5 genomes than with 10 genomes. This situation
did not allow to determine if there were a proper number of genomes that let to obtain a better binning and a better
validity process. Therefore, it supports the idea that the biology of the metagenomic sequences have an incidence over
the best ICVI performances, such as was determined in Subsubsection 4.2.1.

Lastly, in the case of the ICVI with the worst performances, D index was the worst ICVI almost the same number of
times in the subsets 1, 2, 3 and 4; particularly, it seems that the biology of the metagenomic sequences did not affect the
D index results.
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4.3 Performance of Barnes-Hut t-SNE
This subsection presents the results obtained to define the relevance of the performance of BH-SNE algorithm with and
without a PCA preliminary dimensionality reduction step.

In the case of the three-dimensional mappings, Table (2) indicates that there were no differences between the
performances of the best and worst ICVI in the treatments 3D and 3DPCA, since the indices led to the same numbers
of F median and C median. Although the F median measures decreased as the AAI percentage increased, the indices in
both treatments (3D and 3DPCA) found the proper number of C median in the subsets with 5 and 3 genomes. However,
an exception was evident in the subset 6, where a higher number of C median than the expected (i.e. an over-clustering)
was obtained.

Regarding the two-dimensional-based results, Table (2) indicates for the F median value that there was a better
performance of every ICVI when a PCA-based preliminary step was applied (2DPCA). In particular, the differences of
the F median values between 2D and 2DPCA treatments vary between 0.007 and 0.089. With reference to C median, in
general, the ICVIs in 2D and 2DPCA treatments found C median equal values in four subsets. In the particular case of
low AAI range of [25, 40)% with 5 genomes, the ICVIs were available to find the proper number of C median, whilst in
the particular cases of higher AAI ranges, the ICVIs were not available to find the proper number of C median.

These 2D and 3D results led to conclude that the highest F median values were obtained in 3D and 3DPCA treatments
(equal results in both 3D treatments). The results in Table (3) indicated that there were no consistent treatments where
the ICVIs had obtained the highest F median values.

From Tables (2) and (3) it can be concluded that it was not possible to identify the treatment that led the indices to
generate the worse binning results. Neither was it possible to identify the most consistent treatment where the indices
used to obtain the worse binning results.

To evaluate the relevance of applying a preliminary PCA step before running the BH-SNE algorithm, the Coefficient
of Variation (CV) of the F median values was calcuted in order to analyze the relationship between the F median and
the variability of the F value. The Wilcoxon Signed-Rank Test was applied to the F median CV to determine whether
the differences between the dispersions of each index in all treatments were significant without assuming them to follow
the normal distribution. Figures (4,5,6,7,8,9) indicated that there was no significance between all the CV of F results
of each index, comparing their results obtained in each treatment and performing the analysis per subset. This analysis
indicated that there were no significant changes regarding the metagenomic binning performance on embeddings that
included or not preliminary PCA.

Figure 4: Wilcoxon Signed-Rank Test of the Coefficient
of Variation (CV) of the F measure median results in
each treatment. Each panel represents the Wilcoxon test between
the CV results obtained by the ICVI of CH, D, DB, S in all
the treatments (2D, 2DPCA, 3D, 3DPCA) with SC of 5 genomes
included in AAI range [25, 40)%. Horizontal lines at top indicate
group-wise comparisons with the level of significance (***=0.001,
**=0.01, *=0.05, NS.= Not significant).

Figure 5: Wilcoxon Signed-Rank Test of the Coefficient of
Variation (CV) of the F measure median results in each
treatment. Each panel represents the Wilcoxon test between the
CV results obtained by the ICVI of CH, D, DB, S in all the treatments
(2D, 2DPCA, 3D, 3DPCA) with SC of 10 genomes included in
AAI range [25, 40)%. Horizontal lines at top indicate group-wise
comparisons with the level of significance (***=0.001, **=0.01,
*=0.05, NS.= Not significant).
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Figure 6: Wilcoxon Signed-Rank Test of the Coefficient
of Variation (CV) of the F measure median results in
each treatment. Each panel represents the Wilcoxon test between
the CV results obtained by the ICVI of CH, D, DB, S in all
the treatments (2D, 2DPCA, 3D, 3DPCA) with SC of 5 genomes
included in AAI range [40, 55)%. Horizontal lines at top indicate
group-wise comparisons with the level of significance (***=0.001,
**=0.01, *=0.05, NS.= Not significant).

Figure 7: Wilcoxon Signed-Rank Test of the Coefficient of
Variation (CV) of the F measure median results in each
treatment. Each panel represents the Wilcoxon test between the
CV results obtained by the ICVI of CH, D, DB, S in all the treatments
(2D, 2DPCA, 3D, 3DPCA) with SC of 10 genomes included in
AAI range [40, 55)%. Horizontal lines at top indicate group-wise
comparisons with the level of significance (***=0.001, **=0.01,
*=0.05, NS.= Not significant).

Figure 8: Wilcoxon Signed-Rank Test of the Coefficient
of Variation (CV) of the F measure median results in
each treatment. Each panel represents the Wilcoxon test between
the CV results obtained by the ICVI of CH, D, DB, S in all
the treatments (2D, 2DPCA, 3D, 3DPCA) with SC of 3 genomes
included in AAI range [55, 70)%. Horizontal lines at top indicate
group-wise comparisons with the level of significance (***=0.001,
**=0.01, *=0.05, NS.= Not significant).

Figure 9: Wilcoxon Signed-Rank Test of the Coefficient
of Variation (CV) of the F measure median results in
each treatment. Each panel represents the Wilcoxon test between
the CV results obtained by the ICVI of CH, D, DB, S in all
the treatments (2D, 2DPCA, 3D, 3DPCA) with SC of 3 genomes
included in AAI range [70, 85)%. Horizontal lines at top indicate
group-wise comparisons with the level of significance (***=0.001,
**=0.01, *=0.05, NS.= Not significant).

5 Conclusions and future work
This work presented an unsupervised binning method of metagenomic DNA sequences, through the use of Subtractive
and FCM algorithms applied to the two- and three-dimensional metagenomic sequences obtained with BH-SNE including
and no including a preliminary PCA.

By comparing the performance of BH-SNE with and without PCA, it was possible to determine that the highest
F median values were obtained by the ICVIs in 3D embeddings, with equal results for BH-SNE with or without the
preliminary PCA step. In terms of consistency, it was not possible to determine which was the most consistent treatment
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(2D or 3D embedding with BH-SNE including and not including preliminary PCA) that led the ICVIs to obtaining the
best and worst F median results. Furthermore, it was demonstrated that there was no significant difference between the
results that included or not included a preliminary PCA.

In addition, the assessment of the ICVIs demonstrated that the Silhouette index had the best performances based on
the median values of the F measure. Moreover, Silhouette index was also the most consistent index obtaining the highest
values of F median in two- and three-dimensional treatments. In the case of high AAI ranges, the Silhouette index had
equal results compared with the Calinski-Harabasz index in terms of highest values of F median in three-dimensional
treatment, despite differences between their performance in two-dimensional treatments. In particular, Dunn index
generated the worst performances in the low AAI percentages, while the Davies-Bouldin index was the worst in high AAI
percentages. Additionally, the Dunn and Davies-Bouldin indices were the most consistent generating the lowest F median
values.

Results of this research suggest that the biology of the metagenomic sequences could have an incidence over the best
ICVIs performances. As a future work, with the aim to contribute to complement the results presented in this research,
it is suggested to perform experiments with a larger number of genomes per comunnity, specially in the case of high
percentages of AAI, in order to achieve a wide analysis of the biological impact in a fuzzy binning and its validation
procedures.
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Table 5: Best and worst F median per SC in AAI range [25,40)% with 5 genomes

SC index Best F measure Worst F measure
Treatment Index F C Treatment Index F C

1

2D CH 0.842 5 2D D 0.675 9
DB 0.842 5
S 0.842 5

2DPCA DB 0.848 5 2DPCA D 0.685 6
S 0.848 5

3D CH 0.853 5 3D D 0.724 5
DB 0.853 5
S 0.853 5

3DPCA DB 0.848 5 3DPCA D 0.797 5

2

2D CH 0.780 4 2D D 0.714 4
2DPCA CH 0.786 6 2DPCA D 0.649 3

3D CH 0.768 3 3D D 0.744 4
DB 0.768 3

3DPCA CH 0.816 4 3DPCA D 0.799 5
S 0.816 4

3

2D DB 0.874 5 2D D 0.744 5
S 0.874 5

2DPCA DB 0.884 5 2DPCA D 0.758 9
3D DB 0.905 5 3D D 0.797 5

S 0.905 5
3DPCA DB 0.922 5 3DPCA D 0.714 4

S 0.922 5

4

2D S 0.870 5 2D D 0.747 4
2DPCA S 0.885 5 2DPCA D 0.811 6

3D S 0.859 6 3D D 0.761 4
3DPCA DB 0.897 5 3DPCA D 0.591 4

S 0.897 5

5

2D CH 0.941 5 2D D 0.724 6
S 0.941 5

2DPCA DB 0.941 5 2DPCA D 0.866 6
S 0.941 5

3D CH 0.948 5 3D D 0.898 5
DB 0.948 5
S 0.948 5

3DPCA S 0.962 5 3DPCA D 0.960 5

6

2D DB 0.883 4 2D D 0.841 6
2DPCA DB 0.901 5 2DPCA CH 0.699 9

S 0.901 5
3D DB 0.916 5 3D D 0.850 4

S 0.916 5
3DPCA DB 0.941 5 3DPCA D 0.861 5

S 0.941 5

7

2D CH 0.811 5 2D D 0.804 4
DB 0.811 5

2DPCA DB 0.827 5 2DPCA D 0.660 6
S 0.827 5

3D DB 0.819 5 3D CH 0.669 3
3DPCA CH 0.848 5 3DPCA D 0.665 5

S 0.848 5

8

2D D 0.795 5 2D DB 0.765 3
2DPCA D 0.833 4 S 0.765 3

3D CH 0.890 4 2DPCA CH 0.793 7
3DPCA DB 0.924 5 3D DB 0.765 3

S 0.924 5 S 0.765 3
3DPCA D 0.859 5

9

2D DB 0.867 5 2D D 0.709 6
S 0.867 6

2DPCA DB 0.870 6 2DPCA D 0.757 5
3D DB 0.940 5 3D D 0.829 7

S 0.940 5
3DPCA DB 0.935 5 3DPCA D 0.871 5

S 0.935 5

10

2D CH 0.917 4 2D D 0.853 5
2DPCA CH 0.929 4 2DPCA D 0.608 4

S 0.929 4
3D CH 0.928 4 3D D 0.728 4

S 0.928 4 3D DB 0.728 3
3DPCA CH 0.942 4 3DPCA D 0.940 4

DB 0.942 4
S 0.942 4

Best and worst F median per SC in subset 1, includes C median obtained with Treatment-Index combination.
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Table 6: Best and worst F median per SC in AAI range [25,40)% with 10 genomes

SC index Best F measure Worst F measure
Treatment Index F C Treatment Index F C

11

2D CH 0.828 8 2D D 0.750 7
2DPCA CH 0.827 10 2DPCA D 0.668 7

3D CH 0.900 8 3D D 0.875 8
DB 0.900 8
S 0.900 8

3DPCA S 0.907 8 3DPCA D 0.861 7

12

2D S 0.870 8 2D D 0.757 7
2DPCA DB 0.914 9 2DPCA D 0.824 9

S 0.914 9
3D CH 0.895 8 3D D 0.817 7

S 0.895 8
3DPCA DB 0.941 9 3DPCA D 0.925 9

S 0.941 9

13

2D S 0.882 9 2D D 0.802 10
2DPCA DB 0.891 9 2DPCA D 0.722 9

S 0.891 9
3D S 0.891 9 3D D 0.796 7

3DPCA DB 0.880 8 3DPCA CH 0.871 11
S 0.880 8

14

2D CH 0.887 8 2D D 0.743 6
DB 0.887 8
S 0.887 8

2DPCA S 0.890 8 2DPCA D 0.786 8
3D CH 0.892 8 3D D 0.767 8

DB 0.892 8
3DPCA CH 0.903 8 3DPCA D 0.870 8

15

2D S 0.874 8 2D D 0.740 8
2DPCA DB 0.915 8 2DPCA D 0.716 9

S 0.915 8
3D DB 0.896 7 3D CH 0.880 8

S 0.896 7
3DPCA S 0.938 8 3DPCA D 0.901 8

16

2D DB 0.847 7 2D D 0.747 8
S 0.847 7

2DPCA DB 0.894 8 2DPCA CH 0.722 14
S 0.894 8

3D CH 0.849 7 3D D 0.779 8
3DPCA CH 0.905 8 3DPCA D 0.803 7

DB 0.905 8
S 0.905 8

17

2D CH 0.907 8 2D D 0.784 7
DB 0.907 8
S 0.907 8

2DPCA CH 0.916 8 2DPCA D 0.861 8
DB 0.916 8
S 0.916 8

3D CH 0.928 8 3D D 0.785 8
DB 0.928 8
S 0.928 8

3DPCA CH 0.936 8 3DPCA D 0.933 8
DB 0.936 8
S 0.936 8

18

2D CH 0.839 8 2D D 0.774 7
S 0.839 7

2DPCA CH 0.851 8 2DPCA D 0.720 6
DB 0.851 8
S 0.851 8

3D CH 0.842 8 3D D 0.816 6
3DPCA CH 0.908 9 3DPCA D 0.831 7

DB 0.908 9
S 0.908 9

19

2D CH 0.824 8 2D D 0.700 9
2DPCA S 0.847 7 2DPCA DB 0.815 6

3D CH 0.817 6 3D D 0.758 4
S 0.817 6

3DPCA CH 0.883 7 3DPCA DB 0.851 6

20

2D S 0.878 10 2D D 0.675 8
2DPCA DB 0.884 10 2DPCA D 0.767 13

S 0.884 11
3D CH 0.911 10 3D D 0.661 10

DB 0.911 10
S 0.911 10

3DPCA CH 0.919 10 3DPCA D 0.848 10
DB 0.919 10
S 0.919 10

Best and worst F median per SC in subset 2, includes C median obtained with Treatment-Index combination.
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Table 7: Best and worst F median per SC in AAI range [40,55)% with 5 genomes

SC index Best F measure Worst F measure
Treatment Index F C Treatment Index F C

21

2D DB 0.797 4 2D D 0.786 4
S 0.797 4

2DPCA DB 0.848 4 2DPCA D 0.689 9
S 0.848 4

3D CH 0.880 4 3D D 0.747 4
DB 0.880 4
S 0.880 4

3DPCA S 0.886 4 3DPCA D 0.748 4

22

2D CH 0.913 5 2D D 0.859 6
DB 0.913 5
S 0.913 5

2DPCA DB 0.918 5 2DPCA D 0.318 29
S 0.918 5

3D CH 0.926 5 3D D 0.886 6
DB 0.926 5
S 0.926 5

3DPCA CH 0.931 5 3DPCA D 0.895 5
DB 0.931 5
S 0.931 5

23

2D CH 0.689 3 2D DB 0.671 9
2DPCA DB 0.781 4 2DPCA CH 0.661 10

S 0.781 4
3D DB 0.774 5 3D CH 0.687 2

3DPCA S 0.832 5 3DPCA D 0.798 6

24

2D CH 0.775 5 2D D 0.704 5
2DPCA DB 0.758 7 2DPCA D 0.721 6

3D DB 0.814 5 3D CH 0.706 2
3DPCA DB 0.870 5 S 0.706 2

S 0.870 5 3DPCA D 0.731 5

25

2D DB 0.834 5 2D D 0.695 6
2D S 0.8345 5

2DPCA DB 0.862 5 2DPCA D 0.710 5
S 0.862 5

3D S 0.858 5 3D D 0.597 3
3DPCA S 0.824 6 3DPCA D 0.7363 6

26

2D S 0.799 6 2D D 0.765 6
2DPCA S 0.798 6 2DPCA D 0.733 8

3D CH 0.801 6 3D D 0.729 4
S 0.801 6

3DPCA DB 0.813 6 3DPCA D 0.757 5

27

2D DB 0.806 4 2D D 0.686 7
2DPCA DB 0.817 5 2DPCA CH 0.772 7

3D CH 0.824 4 3D D 0.7913 4
DB 0.824 5
S 0.824 4 3DPCA CH 0.829 6

3DPCA S 0.898 5 3DPCA D 0.829 5

28

2D CH 0.806 2 2D DB 0.694 7
2DPCA S 0.851 3 2DPCA D 0.749 5

3D DB 0.809 3 3D CH 0.804 2
3DPCA S 0.879 3 3DPCA D 0.854 4

29

2D DB 0.729 4 2D D 0.586 3
S 0.729 4

2DPCA CH 0.799 4 2DPCA D 0.670 5
DB 0.799 4
S 0.799 4

3D DB 0.745 4 3D D 0.590 4
3DPCA CH 0.806 4 3DPCA D 0.738 5

30

2D S 0.793 2 2D D 0.712 6
2DPCA CH 0.823 3 2DPCA D 0.740 4

DB 0.823 3
S 0.823 3

3D DB 0.828 3 3D D 0.789 2
3DPCA DB 0.857 3 3DPCA D 0.795 3

Best and worst F median per SC in subset 3, includes C median obtained with Treatment-Index combination.
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Table 8: Best and worst F median per SC in AAI range [40,55)% with 10 genomes

SC index Best F measure Worst F measure
Treatment Index F C Treatment Index F C

31

2D CH 0.755 10 2D D 0.562 25
2DPCA S 0.773 10 2DPCA D 0.646 15

3D S 0.765 10 3D CH 0.651 4
3DPCA DB 0.826 8 3DPCA D 0.708 6

32

2D CH 0.727 14 2D D 0.700 15
2DPCA S 0.757 8 2DPCA D 0.690 7

3D S 0.772 9 3D D 0.687 6
3DPCA DB 0.847 9 3DPCA D 0.720 5

S 0.847 9

33

2D CH 0.779 11 2D D 0.569 8
2DPCA CH 0.776 11 2DPCA D 0.685 11

3D S 0.779 8 3D D 0.702 7
3DPCA S 0.808 10 3DPCA D 0.717 9

34

2D CH 0.816 10 2D D 0.741 7
2DPCA CH 0.826 10 2DPCA D 0.649 14

3D CH 0.847 9 3D D 0.666 9
S 0.847 9

3DPCA DB 0.839 9 3DPCA D 0.790 8

35

2D DB 0.742 10 2D D 0.652 5
2DPCA S 0.775 8 2DPCA D 0.608 4

3D S 0.777 8 3D CH 0.668 4
3DPCA S 0.813 9 3DPCA D 0.701 6

36

2D CH 0.794 9 2D D 0.677 16
2DPCA DB 0.784 9 2DPCA D 0.593 5

S 0.784 9
3D DB 0.798 10 3D D 0.530 4

S 0.798 9
3DPCA DB 0.795 9 3DPCA D 0.755 8

37

2D CH 0.808 10 2D D 0.687 6
2DPCA CH 0.80 11 2DPCA D 0.677 8

3D CH 0.839 9 3D D 0.692 6
DB 0.839 9

3DPCA S 0.841 10 3DPCA D 0.763 7

Best and worst F median per SC in subset 4, includes C median obtained with Treatment-Index combination.

Table 9: Best and worst F median per SC in AAI range [55,70)% with 3 genomes

SC index Best F measure Worst F measure
Treatment Index F C Treatment Index F C

38

2D S 0.782 2 2D DB 0.106 48
2DPCA S 0.680 3 2DPCA DB 0.266 14

3D CH 0.786 2 3D DB 0.035 163
S 0.786 2

3DPCA CH 0.692 3 3DPCA D 0.691 3
S 0.692 3 3DPCA DB 0.691 3

39

2D S 0.613 3 2D DB 0.188 23
2DPCA S 0.798 2 2DPCA DB 0.117 41

3D CH 0.637 3 3D DB 0.037 155
S 0.637 3

3DPCA S 0.795 2 3DPCA D 0.579 4

40

2D S 0.631 3 2D DB 0.197 22
2DPCA S 0.673 3 2DPCA DB 0.178 22

3D CH 0.741 2 3D DB 0.032 185
S 0.741 2

3DPCA CH 0.773 2 3DPCA D 0.676 3
S 0.773 2

Best and worst F median per SC in subset 5, includes C median obtained with Treatment-Index combination.
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Table 10: Best and worst F median per SC in AAI range [70,85)% with 3 genomes

SC index Best F measure Worst F measure
Treatment Index F C Treatment Index F C

41

2D S 0.365 4 2D DB 0.073 15
2DPCA S 0.454 3 2DPCA DB 0.134 15

3D CH 0.529 2 3D DB 0.207 9
S 0.529 2

3DPCA CH 0.533 2 3DPCA D 0.445 2.5
DB 0.533 2
S 0.533 2

Best and worst F median per SC in subset 6, includes C median obtained with Treatment-Index combination.

Table 11: F median frequencies in subset 1

AAI 2540-5

Treatment Best performance Worst performance
Index Quantity Index Quantity

2D

CH 5 CH 0
D 1 D 9
DB 4 DB 1
S 5 S 1

2DPCA

CH 2 CH 2
D 1 D 8
DB 6 DB 0
S 6 S 0

3D

CH 5 CH 1
D 0 D 8
DB 7 DB 2
S 7 S 1

3DPCA

CH 3 CH 0
D 0 D 10
DB 7 DB 0
S 9 S 0

Number of times that each ICVI obtained the best and worst
performances based on the F median values.

Table 12: F median frequencies in subset 2

AAI 2540-10

Treatment Best performance Worst performance
Index Quantity Index Quantity

2D

CH 5 CH 0
D 0 D 10
DB 3 DB 0
S 8 S 0

2DPCA

CH 3 CH 1
D 0 D 8
DB 7 DB 1
S 9 S 0

3D

CH 8 CH 1
D 0 D 9
DB 5 DB 0
S 7 S 0

3DPCA

CH 6 CH 1
D 0 D 8
DB 6 DB 1
S 8 S 0

Number of times that each ICVI obtained the best and worst
performances based on the F median values.

Table 13: F median frequencies in subset 3

AAI 4055-5

Treatment Best performance Worst performance
Index Quantity Index Quantity

2D

CH 4 CH 0
D 0 D 8
DB 5 DB 2
S 6 S 0

2DPCA

CH 2 CH 2
D 0 D 8
DB 8 DB 0
S 8 S 0

3D

CH 4 CH 3
D 0 D 7
DB 8 DB 0
S 5 S 1

3DPCA

CH 2 CH 1
D 0 D 10
DB 4 DB 0
S 7 S 0

Number of times that each ICVI obtained the best and worst
performances based on the F median values.

Table 14: F median frequencies in subset 4

AAI 4055-10

Treatment Best performance Worst performance
Index Quantity Index Quantity

2D

CH 6 CH 0
D 0 D 7
DB 1 DB 0
S 0 S 0

2DPCA

CH 3 CH 0
D 0 D 7
DB 1 DB 0
S 4 S 0

3D

CH 2 CH 2
D 0 D 5
DB 2 DB 0
S 6 S 0

3DPCA

CH 0 CH 0
D 0 D 7
DB 4 DB 0
S 4 S 0

Number of times that each ICVI obtained the best and worst
performances based on the F median values.
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Table 15: F median frequencies in subset 5

AAI 5570-3

Treatment Best performance Worst performance
Index Quantity Index Quantity

2D

CH 0 CH 0
D 0 D 0
DB 0 DB 3
S 3 S 0

2DPCA

CH 0 CH 0
D 0 D 0
DB 0 DB 3
S 3 S 0

3D

CH 3 CH 0
D 0 D 0
DB 0 DB 3
S 3 S 0

3DPCA

CH 2 CH 0
D 0 D 3
DB 0 DB 1
S 3 S 0

Number of times that each ICVI obtained the best and worst
performances based on the F median values.

Table 16: F median frequencies in subset 6

AAI 7085-3

Treatment Best performance Worst performance
Index Quantity Index Quantity

2D

CH 0 CH 0
D 0 D 0
DB 0 DB 1
S 1 S 0

2DPCA

CH 0 CH 0
D 0 D 0
DB 0 DB 1
S 1 S 0

3D

CH 1 CH 0
D 0 D 0
DB 0 DB 1
S 1 S 0

3DPCA

CH 1 CH 0
D 0 D 1
DB 1 DB 0
S 1 S 0

Number of times that each ICVI obtained the best and worst
performances based on the F median values.
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