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A B S T R A C T   

Metagenomics has enabled culture-independent analysis of micro-organisms present in environmental samples. 
Metagenomics binning, which involves the grouping of contigs into bins that represent different taxonomic 
groups, is an important step of a typical metagenomic workflow followed after assembly. The majority of the 
metagenomic binning tools represent the composition and coverage information of contigs as feature vectors 
consisting of a large number of dimensions. However, these tools use traditional Euclidean distance or Manhattan 
distance metrics which become unreliable in the high dimensional space. We propose CH-Bin, a binning 
approach that leverages the benefits of using convex hull distance for binning contigs represented by high 
dimensional feature vectors. We demonstrate using experimental evidence on simulated and real datasets that 
the use of high dimensional feature vectors to represent contigs can preserve additional information, and result in 
improved binning results. We further demonstrate that the convex hull distance based binning approach can be 
effectively utilized in binning such high dimensional data. To the best of our knowledge, this is the first time that 
composition information from oligonucleotides of multiple sizes has been used in representing the composition 
information of contigs and a convex hull distance based binning algorithm has been used to bin metagenomic 
contigs. The source code of CH-Bin is available at https://github.com/kdsuneraavinash/CH-Bin.   

1. Introduction 

The field of metagenomics involves the analysis of genomes of micro- 
organisms found in environmental samples (Riesenfeld et al., 2004). 
Environments such as soil (Rondon et al., 2000), seawater (Kennedy 
et al., 2008), and human gut/feces (Cho and Blaser, 2012) contain 
complex microbial communities and the development of 
high-throughput sequencing technologies such as next-generation 
sequencing (NGS) have enabled the direct extraction of genetic mate-
rial from these environments. Metagenomics has paved the path to 
obtaining complete insights about micro-organisms, not being limited to 
those that are only possible to be investigated through cultivation 
(Kaeberlein, 2002). These insights are crucial in identifying previously 
unknown genes, functions and interactions that may prove useful in 
fields such as medicine (Asnicar et al., 2021; Pasolli et al., 2020; Nayfach 
et al., 2019), biochemistry (Simon and Daniel, 2011) and agriculture 
(Enebe and Babalola, 2020; Carlson et al., 2020). 

Metagenomic binning facilitates the characterisation of the taxonomic 
composition of metagenomic samples by assigning genomic sequences 
to their corresponding taxonomic groups (Sedlar et al., 2017). Ideally, at 
the end of the binning process, each sequence has to be placed in an 
imaginary bin that only contains sequences belonging to the same 
taxonomic group (Sedlar et al., 2017). Once a metagenomic sample is 
sequenced using NGS technologies such as Illumina to obtain short se-
quences called reads, they can be binned prior to assembly (Kislyuk 
et al., 2009; Wu and Ye, 2011; Chatterji et al., 2007). However, binning 
reads is not commonly carried out due to the unreliable binning results 
caused by short read lengths (Yu et al., 2018). Hence, reads are first 
assembled into longer sequences called contigs and then these contigs are 
binned into different taxonomic groups. This binning result can be used 
in various downstream analyses and evaluations in metagenomic pipe-
lines to study the functions and interactions of different microbial 
communities. 

There are two main approaches for binning metagenomic contigs; (1) 
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taxonomy-dependent binning and (2) taxonomy-independent binning 
(Sedlar et al., 2017). The taxonomy-dependent binning strategies rely on 
reference databases to bin sequences. However, since most of the 
reference databases are incomplete, these approaches are generally not 
very effective when novel species are encountered (Mande et al., 2012). 
Taxonomy-independent strategies typically use clustering and other 
machine learning approaches to bin the contigs based on information 
that is present in the samples. Taxonomy-independent strategies can be 
categorised as; (1) sequence composition based approaches, (2) abundance 
based approaches, and (3) hybrid approaches (Sedlar et al., 2017). 
Sequence composition based methods rely mainly on comparing 
genomic signatures obtained from oligonucleotide composition while 
abundance based methods use coverage of contigs (i.e., the average 
number of reads that map to each base of the contig) to perform binning 
(Sedlar et al., 2017). The sequence composition based methods suffer 
from few drawbacks (Sedlar et al., 2017). An accurate genomic signature 
can be obtained only for the sequences with sufficiently long sequence 
lengths (roughly >1000 bp). Moreover, the composition based ap-
proaches tend to perform poorly when distinguishing between se-
quences from closely related organisms due to the similarities in 
genomic signature. Abundance based approaches such as MGS-Canopy 
algorithm (Nielsen et al., 2014) try to overcome that problem by 
comparing the abundance of sequences across multiple samples. How-
ever, distinguishing between similar species in the absence of abun-
dance information from multiple samples still remains a challenge. 
Hybrid approaches make use of both sequence composition and 
coverage based approaches to perform metagenomic binning. Moreover, 
bin-refinement tools such as Binning_refiner (Song and Thomas, 2017), 
GraphBin (Mallawaarachchi et al., 2020a), GraphBin2 (Mallawaar-
achchi et al., 2021; Mallawaarachchi et al., 2020b) and METAMVGL 
(Zhang and Zhang, 2021) have shown improved binning results, but 
require initial binning results from existing tools. 

Popular contig-binning tools such as CONCOCT (Alneberg et al., 
2014), COCACOLA (Lu et al., 2016) and SolidBin (Wang et al., 2019) use 
numerical feature vectors to represent contigs, each of which is a com-
bination of a vector comprised of composition information and a vector 
comprised of coverage information. The composition information of 
contigs is represented as normalized frequencies of oligonucleotides 
(short strings of a particular length k, also referred to as k-mers) 
(McHardy and Rigoutsos, 2007). Previous studies (Deschavanne et al., 

1999; Karlin et al., 1997; Karlin and Burge, 1995) have shown that the 
frequencies of oligonucleotides tend to be unique to a species and are 
conserved within the genome of a species. This phenomenon has been 
observed in oligonucleotides ranging from size 2 (dinucleotides or 
2-mers) to 8 (octonucleotides or 8-mers) (Dick et al., 2009). Hence, it is 
possible to consider the normalized k-mer frequencies for multiple k 
values to increase the resolution of the features. The dimensionality of 
the generated composition feature vectors increases exponentially with 
the k value (as there will be 4k possible k-mers). The use of multiple k 
values will also cause the dimensionality of the composition feature 
vectors to increase. Consequently, the majority of the state-of-the-art 
contig-binning tools that use oligonucleotide composition make use of 
only one k value (k = 3 or k = 4 is commonly used) to generate features. 
This choice of a single k value is generally motivated from a usage/-
performance perspective to reduce computational complexities. The 
coverage information is represented using the contig coverage values 
from multiple samples (Albertsen et al., 2013). The dimensionality of 
the generated coverage feature vectors increases when there is a large 
number of samples. Given the increasing amount of sequencing data 
produced, it is worth investigating how to handle feature vectors with a 
large number of dimensions in metagenomic binning. 

Binning methods that use clustering-based approaches on feature 
vectors employ distance measures to compare the similarity between 
contigs. Some of the common distance measures used are the Manhattan 
distance (Wang et al., 2019; Lu et al., 2016) and Euclidean distance (Lin 
and Liao, 2016). These measures lack reliability when clustering high 
dimensional data due to inherent problems of sparsity and irregular 
distribution of data (Agrawal et al., 2005). This, in turn, affects binning 
results obtained from the nearest neighbour based clustering methods 
(Cevikalp, 2019). Moreover, many binning approaches would perform 
dimension-reduction of large feature vectors to reduce complexities 
caused when clustering, which may result in loss of information. To 
overcome these issues, a recent study related to high dimensional data 
clustering (Cevikalp, 2019) has introduced a novel clustering algorithm 
based on affine/convex hulls. It has shown promising results out-
performing other state-of-the-art high dimensional data clustering al-
gorithms on well-known datasets related to image processing and 
machine vision. Tools such as BusyBee Web (Laczny et al., 2017) have 
made use of convex hulls only to visualise low-dimensional represen-
tations of feature vectors of contigs. It can be observed that limited 

Fig. 1. Overview of CH-Bin workflow.  
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research has been carried out on clustering feature vectors with a large 
number of dimensions in the field of metagenomics. Hence, we would 
like to tackle the problem of high dimensionality encountered in binning 
metagenomic contigs, by adopting the aforementioned high dimen-
sional data clustering approaches (Cevikalp, 2019). 

In this paper, we present CH-Bin, a convex hull based approach for 
binning metagenomic contigs. We leverage the benefits of using convex 
hull distance for high dimensional data clustering as opposed to the 
conventional spatial clustering methods that use Euclidean distance or 
L1 distance. We explore the potential of utilizing k-mers of sizes larger 
than 4 (e.g., k = 5 and k = 6), and combinations of multiple k values for 
generating composition feature vectors. To the best of our knowledge, 
this is the first time that the composition information from oligonucle-
otides of multiple sizes (multiple k values) has been used to bin meta-
genomic contigs. 

2. Methods 

The complete workflow of CH-Bin is denoted in Fig. 1. CH-Bin has 
four major steps. In the first step, CH-Bin generates feature vectors using 
the oligonucleotide frequencies and coverage values of contigs. Next, in 
the second step, the number of bins is determined using single-copy 
marker genes. Then, in the third step, CH-Bin obtains an initial 
binning based on contigs containing single-copy marker genes. CH-Bin 
performs convex hull distance based binning in the fourth step and 
finally, outputs the bins with their corresponding contigs. Each step is 
explained in the following sections. 

2.1. Preprocessing 

Initially, we assemble short reads into longer contigs using a meta-
genomic assembler. For this study, we use the popular metagenomic 
assembler metaSPAdes (Nurk et al., 2017). Next, we use CoverM 
(available at https://github.com/wwood/CoverM) to compute 
sample-wise read coverage for the assembled contigs. The generated 
contigs and the sample-wise coverage values of the contigs are provided 
as input for CH-Bin. 

2.2. Step 1: generate feature vectors 

Previous work (Wang et al., 2019; Lu et al., 2016; Alneberg et al., 
2014) shows that longer contigs (e.g., longer than 1000 bp) provide 
more reliable information for binning, and hence, CH-Bin uses a length 
threshold l (1000 bp by default) to filter out shorter contigs from the 
downstream analysis. We continue binning with the remaining long 
contigs. 

In order to perform binning, we utilize coverage and composition 
information of the contigs. Similar to previous work (Alneberg et al., 
2014; Lu et al., 2016; Wang et al., 2019) we represent each contig using 
an O dimensional composition vector (generated using seq2vec (Wick-
ramarachchi, 2021)) and M dimensional coverage vector where O is the 
number of distinct k-mers obtained from the k value(s) selected and M is 
the number of samples. A k-mer and its reverse complement are com-
bined. The composition vectors are normalized over contigs to eliminate 
the impact of varying contig lengths. The coverage vectors are first 
normalized over contigs and then over samples, to eliminate the impact 
of different samples having a different number of reads (Alneberg et al., 
2014). For each contig, we concatenate the composition and coverage 
vectors and obtain the feature matrix of the contigs as X ∈ RN×(O+M). 
(Here N refers to the number of contigs). 

2.3. Step 2: determine the number of bins 

Previous metagenomic binning studies have shown that single-copy 
marker genes can be used to identify the number of species present in a 
metagenomic sample (Mallawaarachchi and Lin, 2022; Wang et al., 

2019; Wu et al., 2014). Single-copy marker genes appear only once in a 
genome and have been effectively used in evaluating the genome 
completeness of bins (Albertsen et al., 2013). Motivated by previous 
studies (Wu et al., 2014; Wang et al., 2019), CH-Bin employs single-copy 
marker gene analysis in estimating the number of bins (corresponding to 
the number of species) in a metagenomic dataset. FragGeneScan (Rho 
et al., 2010) is used to predict genes from the contigs. The predicted 
genes are then scanned using HMMER3 (Eddy, 2011) (with the trusted 
cutoff setting) for the set of 107 single-copy marker genes that are 
preserved in genomes of a majority of the bacterial species (Dupont 
et al., 2011). From the mapped genes thus obtained, genes that have 
coverage less than marker gene coverage cutoff mc are filtered out. Next, 
for each single-copy marker gene, we obtain the number of contigs that 
contain it. Ideally, the count of contigs containing each single-copy 
marker gene should be equal to the number of genomes/species pre-
sent in the sample. However, in reality, these counts may get under-
estimated due to errors in assembly and alignment. Moreover, these 
counts could be over-estimated due to the possibility of some marker 
genes being fragmented over two or more contigs. To overcome these 
issues, all the single-copy marker genes are sorted in ascending order 
according to their contig counts and the contig count of the marker gene 
at the predefined marker gene selection percentile mg is considered as 
the number of bins K. 

2.4. Step 3: obtain an initial binning based on contigs containing single- 
copy marker genes 

CH-Bin uses the results of single-copy marker gene analysis in 
determining an initial binning result. All single-copy marker genes 
having contig counts equal to K are considered as candidate marker 
genes. For each of these candidates, the length of the shortest contig that 
contains the candidate is identified and is considered as the minimum 
contig length of the candidate. The candidate marker gene whose min-
imum contig length is the longest out of all candidates is selected and the 
contigs which contain the selected marker gene are used as seed contigs 
in the initial binning. Choosing the seed contigs so that even the shortest 
contig would be of a considerable length in this manner is important 
because next, the seed contigs will be split as described below. 

The seed contigs are split into smaller contigs of fixed length s. The 
feature vectors for those split contigs are generated in the same way as 
described under Step 1. Then, CH-Bin initializes the bins, where for each 
seed contig, all of its split contigs are assigned to create a bin. This will 
result in K bins containing split contigs. This splitting step is performed 
to obtain an initial binning result with a considerable number of points 
in each bin thereby ensuring the proper execution of the main binning 
algorithm explained in the next step. 

2.5. Step 4: apply convex hull distance based binning 

A recent study by Cevikalp (Cevikalp, 2019) has revealed that affi-
ne/convex hull distance is more reliable compared to commonly used 
distance metrics such as Euclidean distance and Manhattan distance 
when clustering high dimensional data. CH-Bin adopts the convex hull 
distance based clustering algorithm proposed by Cevikalp to bin meta-
genomic sequences. 

2.5.1. Computation of convex hull distance 

Definition. Given a set of points P = {P1, P2, …, Pm} in Rd space, the 
convex hull of P can be defined as (Zhou and Shi, 2009), 

CHull(P) =

{

x : x =
∑m

i=0
wi.Pi

⃒
⃒
⃒
⃒
⃒

∑m

i=0
wi = 1,wi ≥ 0

}

As such, given a query point Q and a set of points P = {P1, P2, …,

Pm} ∈ Rd, we can formulate the convex hull distance from Q to P as 
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(Zhou and Shi, 2009), 

d(Q,CHull(P)) = min
x∈ConvexHull(P)

‖ Q − x ‖ (1)  

Taking P = (P1, P2, …, Pm), w = (w1,w2,…,wm)
T and e =

(1,1,…,1)T
(1×m), 

d(Q,CHull(P)) = min
w

‖ Q − P.w ‖ s.t., eT .w = 1, w ≥ 0

d2(Q,CHull(P)) = min
w

‖ Q − P.w‖2

= min
w
(QT .Q − 2.QT .P.w + (P.w)T

.P.w)

= min
w
(QT .Q − 2.QT .P.w + wT .PT .P.w)

Since QT.Q is a constant, the optimization problem we have to solve 
becomes, 

min
w

− 2.QT .P.w + wT .PT .P.w

s.t. eT .w = 1 and w ≥ 0
(2)  

CH-Bin solves this convex quadratic optimization problem to calculate 
the convex hull distances. 

2.5.2. Convex hull distance based clustering algorithm 

Algorithm 1. Clustering Algorithm (Modified from (Cevikalp, 2019)).  

Algorithm 1 for the clustering is a modified version from Cevikalp 
(Cevikalp, 2019), with initialization modified to use the initial binning 
result obtained in Step 3. In contrast to the original approach suggested 
by Cevikalp (Cevikalp, 2019), we keep the initial binning assignment 
obtained in Step 3 fixed throughout the binning process. This ensures 
that split contigs would not change their clustering assignment, and 
thus, no bin would be left with zero contigs in the initial iteration, which 
may leave the bin with no contigs assigned in future iterations. 

In Algorithm 1, the inputs will be X the set of points corresponding to 

the contigs, K the number of bins available in the initial binning result 
obtained from Step 3, and T the maximum number of iterations. The 
algorithm initializes a vector S with the initial binning assignment (with 
-1 assigned for non-seed contigs). Additionally, the algorithm pre- 
calculates a distance matrix D containing the pairwise distances be-
tween each point. 

Only the non-seed subset of X are assigned to bins in each iteration. 
This point set is denoted as Y. Each iteration would evaluate the points in 
set Y in random order and assign them to the bin with the minimum 
convex hull distance. Note that, following Cevikalp (Cevikalp, 2019), 
only a fixed number of nearest neighbours m of the query point y are 
considered in determining the set of points to compute the convex hull 
distance from y. These neighbour points, denoted as Pm, are computed 
using the pre-calculated distance matrix D. This iterative assignment 
will continue in this manner until the binning assignment converges to a 
specific value or until the maximum number of iterations T is reached. 

After assigning the non-seed contigs to the bins in the above- 
mentioned approach, CH-Bin will output the bins with their corre-
sponding contigs. 

2.6. Different settings of CH-Bin 

We used CH-Bin with varying k values to explore how the nucleotide 
composition of different sizes of oligonucleotides affect the binning 
result. A summary of different settings can be found in Table 1. 

3. Experimental design 

3.1. Datasets 

3.1.1. Simulated datasets 
Total of six simulated datasets named Sim5, Sim10, Sim20, Sim50, 

Sim100 and CAMI2 UG were used for testing and evaluation of CH-Bin. 
The first four datasets were simulated using the 5, 10, 20 and 50 most 
abundant species respectively from the simMC+ dataset (Wu et al., 
2014). The Sim100 dataset was simulated using 100 bacterial species 
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found in the simHC+ dataset (Wu et al., 2014). Reads of these datasets 
were generated using InSilicoSeq (Gourlé et al., 2018) modelling a 
MiSeq instrument with 300 bp mean read length. Then the generated 
reads were assembled into contigs using metaSPAdes (Nurk et al., 2017) 
with default parameters. Species details of the Sim datasets can be found 
in Tables 1, 2 and 3 of the supplementary material. The CAMI2 UG 
dataset refers to the Urogenital tract dataset from the Toy Human 
Microbiome Project Dataset of the second Critical Assessment of Meta-
genome Interpretation (CAMI) challenge (Meyer et al., 2022). This 
dataset contained 9 samples, and the reads from all the samples were 
combined together and assembled to obtain the contigs using meta-
SPAdes (Nurk et al., 2017) with default parameters. 

3.1.2. Real datasets 
We used the pre-born infant gut metagenome (Sharon et al., 2012) 

(referred as Sharon) as our real-world metagenomic dataset. This 
dataset is composed of 18 runs from 11 fecal samples collected from 
premature infant gut. The reads from all the runs were combined 
together and assembled to obtain the contigs using metaSPAdes (Nurk 
et al., 2017) with default parameters. 

Further details about all the datasets including the read length, 
number of reads, assembly size and number of contigs can be found in 
Table 2. 

3.2. Tools used 

In the evaluations, we compared the results of CH-Bin with several 
state-of-the-art contig-binning tools; MaxBin2 (Wu et al., 2015), Busy-
Bee Web (Laczny et al., 2017), SolidBin (Wang et al., 2019) with default 
parameters and MetaBAT2 (Kang et al., 2019) with -m 1500. 

MaxBin2, which is an extension on MaxBin (Wu et al., 2014) tool, 
uses a probabilistic model based on tetra-nucleotide frequencies 
computed using selected bacterial genomes. The binning is done via an 
EM-algorithm (Moon, 1996). The primary improvement in the new 
version is the ability to work with multi-sample data. As such, the 
upgraded version yields much better results compared to the original 
version. MaxBin2 uses single-copy marker genes in the initialization as 
well as binning refinement. 

BusyBee Web is a web-based tool based on bootstrapped supervised 
learning. The tool uses pentanucleotide frequencies which are then 
reduced to 50 dimensions and then to 2 dimensions using PCA and BH- 

SNE respectively, filtering out short contigs in each step. After applying 
DBSCAN on the longer contigs, the result is used to train a random forest 
model which is employed to predict the bins of the contigs. 

MetaBAT2 uses a graph-based clustering algorithm, which is 
different from its former version’s (Kang et al., 2015) modified k-medoid 
clustering algorithm. A composite score of normalized tetra-nucleotide 
frequency (TNF) score, abundance score, and abundance correlation 
score (when three or more samples are given) are used in the algorithm. 
Binning process consists of two main steps. First, the initial graph is built 
using strong TNF scores, and then, iterative graph building and graph 
partitioning (using a modified label propagation algorithm) is carried 
out using the composite score. 

SolidBin is based on a semi-supervised spectral clustering algorithm. 
In addition to composition and abundance information it uses pairwise 
must-link (should be in the same bin) and cannot-link (should be in 
different bins) constraints which can be generated from contigs them-
selves or external taxonomic information. SolidBin uses single-copy 
marker genes to determine initial clusters. It then performs the clus-
tering using the k-means algorithm. It has multiple modes which utilize 
constraints in a different manner but for the evaluations of CH-Bin, only 
the naive mode was used. 

3.3. Evaluation criteria 

The popular evaluation tool AMBER (Meyer et al., 2018) was used to 
evaluate the results obtained from all the binning tools for all the 
datasets. The ground truth required for AMBER was determined using 
Minimap2 (Li, 2018) and SAMTools (Danecek et al., 2021) by aligning 
with the respective reference genomes of each dataset. Following this, 
only the contigs that have the highest mapping quality were considered 
for the final ground truth. Average purity (bp), average completeness 
(bp), F1 score (bp), accuracy (bp), percentage binned (bp) and number 
of bins identified were taken as the evaluation metrics from AMBER 
results. 

4. Results and discussion 

4.1. Results on simulated datasets 

Tables 3 and 4 denote the evaluation results produced from all the 
binning tools for the simulated datasets. In terms of the performance in 
small simulated datasets, specifically of Sim5, Sim10, and Sim20 data-
sets, the results indicate that both MaxBin2 and CH-Bin have performed 
better overall compared to other tools in terms of purity, completeness, 
F1 score and accuracy. However, there does not seem to be a significant 
improvement amongst different settings of CH-Bin itself. 

On the large and more complex datasets Sim50, Sim100 and CAMI2 
UG, CH-Bin has generally outperformed other tools in terms of purity, 
completeness, and F1 score. For the Sim50, CH-Bin has shown the best 
performance with the setting k = 5, 6 demonstrating an F1 score of 
96.91 %. It also has achieved the second highest values for average 
purity (95.28 %), average completeness (98.60 %), and accuracy (93.10 

Table 1 
Summary of different CH-Bin settings.  

CH-Bin setting k values used Total number of composition features 

CH-Bin (k = 4) 4 136 
CH-Bin (k = 5) 5 512 
CH-Bin (k = 6) 6 2080 
CH-Bin (k = 4,5) 4 and 5 648 
CH-Bin (k = 4,6) 4 and 6 2216 
CH-Bin (k = 5,6) 5 and 6 2592 
CH-Bin (k = 4,5,6) 4, 5 and 6 2728  

Table 2 
Information about the datasets used for benchmarking.  

Dataset Read length 
(bp) 

Number of paired end 
reads 

Assembly size 
(Mb) 

Number of species present/ 
identified 

Total number of 
contigs 

Number of contigs 
> 1000 bp 

Mean contig 
length (bp) 

Sim5 300 2 000 000 26.59 5 519 251 51 237 
Sim10 300 6 999 998 43.23 10 920 394 46 985 
Sim20 300 15 000 001 67.13 20 1 452 679 46 235 
Sim50 300 20 730 313 145.92 50 5088 2231 28 680 
Sim100 300 51 797 596 314.23 100 15 729 6706 19 978 
CAMI2 UG 150 21 722 060 333.33 193 192 679 49 927 1747 
Sharon 100 135 493 567 45.06 14 37 164 7067 1212 

Sharon (Sharon et al., 2012) is the real dataset. 
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Table 3 
AMBER results for simulated Sim5, Sim10 and Sim20 datasets.  

Dataset Tool Average purity (bp) Average completeness (bp) F1 score (bp) Accuracy (bp) Percentage binned (bp) Number of bins identified 

Sim5 MaxBin2 99.88 % 99.82 % 99.88 % 99.88 % 99.91 % 5  
BusyBee Web 89.91 % 95.39 % 92.56 % 85.00 % 95.48 % 4  
MetaBAT2 100.00 % 23.61 % 38.15 % 94.66 % 94.66 % 34  
SolidBin 87.08 % 99.57 % 92.77 % 85.85 % 99.94 % 5  
CH-Bin (k = 4) 99.91 % 99.82 % 99.87 % 99.88 % 99.94 % 5  
CH-Bin (k = 5) 99.93 % 99.84 % 99.89 % 99.89 % 99.94 % 5  
CH-Bin (k = 6) 99.84 % 99.71 % 99.78 % 99.83 % 99.94 % 5  
CH-Bin (k = 4,5) 99.91 % 99.82 % 99.87 % 99.88 % 99.94 % 5  
CH-Bin (k = 4,6) 99.91 % 99.82 % 99.87 % 99.88 % 99.94 % 5  
CH-Bin (k = 5,6) 99.82 % 99.69 % 99.76 % 99.81 % 99.94 % 5  
CH-Bin (k = 4,5,6) 99.91 % 99.82 % 99.87 % 99.88 % 99.94 % 5 

Sim10 MaxBin2 99.87 % 99.75 % 99.81 % 99.80 % 99.92 % 10  
BusyBee Web 81.96 % 97.05 % 88.87 % 72.82 % 96.40 % 6  
MetaBAT2 100.00 % 38.70 % 55.80 % 93.10 % 93.10 % 56  
SolidBin 99.54 % 99.43 % 99.48 % 99.57 % 99.93 % 10  
CH-Bin (k = 4) 99.95 % 99.85 % 99.90 % 99.88 % 99.93 % 10  
CH-Bin (k = 5) 99.95 % 99.85 % 99.90 % 99.89 % 99.93 % 10  
CH-Bin (k = 6) 99.92 % 99.82 % 99.87 % 99.87 % 99.93 % 10  
CH-Bin (k = 4,5) 99.95 % 99.85 % 99.90 % 99.88 % 99.93 % 10  
CH-Bin (k = 4,6) 99.95 % 99.85 % 99.90 % 99.88 % 99.93 % 10  
CH-Bin (k = 5,6) 99.92 % 99.81 % 99.86 % 99.86 % 99.93 % 10  
CH-Bin (k = 4,5,6) 99.95 % 99.85 % 99.90 % 99.88 % 99.93 % 10 

Sim20 MaxBin2 99.50 % 99.32 % 99.41 % 99.59 % 99.92 % 21  
BusyBee Web 83.25 % 97.29 % 89.72 % 74.69 % 98.22 % 12  
MetaBAT2 99.05 % 44.20 % 61.13 % 91.75 % 92.59 % 88  
SolidBin 99.30 % 99.45 % 99.37 % 99.49 % 99.93 % 20  
CH-Bin (k = 4) 99.44 % 99.44 % 99.44 % 99.46 % 99.93 % 20  
CH-Bin (k = 5) 99.46 % 99.48 % 99.47 % 99.50 % 99.93 % 20  
CH-Bin (k = 6) 99.36 % 99.42 % 99.39 % 99.41 % 99.93 % 20  
CH-Bin (k = 4,5) 99.33 % 99.25 % 99.29 % 99.32 % 99.93 % 20  
CH-Bin (k = 4,6) 99.35 % 99.30 % 99.32 % 99.36 % 99.93 % 20  
CH-Bin (k = 5,6) 99.33 % 99.39 % 99.36 % 99.40 % 99.93 % 20  
CH-Bin (k = 4,5,6) 99.31 % 99.24 % 99.28 % 99.31 % 99.93 % 20 

The best result in each category is bolded. The second best result in each category is underlined. 

Table 4 
AMBER results for Sim50, Sim100 and CAMI2 UG datasets.  

Dataset Tool Average purity (bp) Average completeness (bp) F1 score (bp) Accuracy (bp) Percentage binned (bp) Number of bins identified 

Sim50 MaxBin2 97.36 % 82.01 % 89.03 % 85.96 % 87.47 % 42  
BusyBee Web 73.07 % 95.17 % 82.67 % 55.65 % 97.17 % 20  
MetaBAT2 89.86 % 37.65 % 53.07 % 83.18 % 91.26 % 222  
SolidBin 90.48 % 95.52 % 92.94 % 90.98 % 99.85 % 45  
CH-Bin (k = 4) 94.73 % 97.57 % 96.13 % 92.77 % 99.85 % 46  
CH-Bin (k = 5) 94.95 % 98.47 % 96.68 % 93.22 % 99.85 % 46  
CH-Bin (k = 6) 94.65 % 98.68 % 96.63 % 90.82 % 99.85 % 46  
CH-Bin (k = 4,5) 95.05 % 98.16 % 96.58 % 92.99 % 99.85 % 46  
CH-Bin (k = 4,6) 95.12 % 98.18 % 96.63 % 92.97 % 99.85 % 46  
CH-Bin (k = 5,6) 95.28 % 98.60 % 96.91 % 93.10 % 99.85 % 46  
CH-Bin (k = 4,5,6) 95.08 % 98.19 % 96.61 % 92.99 % 99.85 % 46 

Sim100 MaxBin2 91.17 % 84.28 % 87.59 % 83.97 % 92.55 % 86  
BusyBee Web 73.46 % 91.09 % 81.33 % 59.46 % 99.11 % 48  
MetaBAT2 84.42 % 32.97 % 47.42 % 74.42 % 86.25 % 463  
SolidBin 90.26 % 94.50 % 92.33 % 87.58 % 99.74 % 84  
CH-Bin (k = 4) 89.82 % 94.78 % 92.23 % 81.01 % 99.74 % 85  
CH-Bin (k = 5) 90.29 % 94.29 % 92.25 % 82.55 % 99.74 % 85  
CH-Bin (k = 6) 90.44 % 94.36 % 92.36 % 82.61 % 99.74 % 85  
CH-Bin (k = 4,5) 89.49 % 94.90 % 92.12 % 80.03 % 99.74 % 85  
CH-Bin (k = 4,6) 90.41 % 94.25 % 92.29 % 82.66 % 99.74 % 85  
CH-Bin (k = 5,6) 90.17 % 96.25 % 93.11 % 77.11 % 99.74 % 85  
CH-Bin (k = 4,5,6) 89.43 % 94.23 % 91.77 % 80.08 % 99.74 % 85 

CAMI2 UG MaxBin2 60.20 % 70.14 % 64.79 % 57.60 % 99.83 % 98  
MetaBAT2 64.72 % 9.29 % 16.25 % 18.20 % 27.44 % 202  
CH-Bin (k = 4) 61.21 % 73.70 % 66.88 % 47.43 % 100 % 77  
CH-Bin (k = 5) 62.51 % 73.85 % 67.71 % 48.21 % 100 % 77  
CH-Bin (k = 6) 62.91 % 74.92 % 68.39 % 46.29 % 100 % 77 

The best result in each category is bolded. The second best result in each category is underlined. 
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%). Among the different CH-Bin settings, k = 4 has yielded the lowest 
values for average purity (94.73 %), average completeness (97.57 %), 
and F1 score (96.13 %). It shows that higher k values can preserve 
additional information thus leading to potential improvements in 
binning results. It is also worth noting that CH-Bin, in any of the k value 
settings, has been able to outperform all other tools with respect to 
average completeness, F1 score and accuracy. Although MaxBin2 has 
managed to achieve a better average purity compared to CH-Bin, its 
average completeness is significantly lower than that of CH-Bin in any of 
the k value settings. This is reflected in MaxBin2′s lower F1 score of only 
89.03 % even when compared to CH-Bin’s lowest F1 score of 96.13 %. 
For the Sim100, CH-Bin (k = 5, 6) setting has again shown the best result 
with the highest F1 score of 93.11 % and average completeness of 96.25 
%, and second highest average purity of 90.50 %. The CAMI2 UG dataset 
serves as a good example where there is an incremental improvement 
when going from a smaller k value (k = 4) to a larger k value (k = 6). 
k = 6 setting has yielded the best result with the highest F1 score of 
68.39 % and average completeness of 74.92 %, and second highest 
average purity of 62.91 %. 

The best performing k value or value combination of CH-Bin for all 
the simulated datasets consisted of a k value of 5 or 6. This shows that 
compared to using a single k value such as 4, the additional information 
captured by using higher k values and multiple k values can be useful, 
especially when it comes to binning contigs from complex samples with 
a large number of species. 

4.2. Results on Sharon dataset 

Table 5 denotes the evaluation results produced from all the binning 
tools for the Sharon dataset. For the Sharon dataset, CH-Bin has out-
performed all other evaluated tools in terms of F1 score. Even though 
MetaBAT2 has achieved a near-perfect purity metric, its average bin 
completeness is significantly low. This is reflected in MetaBAT2′s poor 
F1 score of 30.62 % (This observation is true for Sim5 and Sim10 as 
well). In this dataset, higher k-values (i.e., k = 4, 6, k = 5, 6 and k = 4, 
5, 6) have shown best F1 scores, which again indicates that higher 
multiple k-values can retain useful additional information about contigs 
from samples with a large number of species. 

4.3. Discussion on number of bins identified 

As mentioned in section 4.5, CH-Bin uses the 75th percentile (3rd 

quartile) of the contig counts of single-copy marker genes to determine 
the number of bins. This value was fixed via empirical evidence and can 
be explained by the observation that most real-world datasets, especially 
due to errors in assembly and alignment, tend to underestimate the 
contig counts of single-copy marker genes, which results in an initial 
number of bins being lowered. On the other hand, the contig counts of 
single-copy marker genes can also be over-estimated due to the possi-
bility of some marker genes being fragmented over two contigs. Thus 

choosing the 75th percentile is a reasonable compromise between the 
two ends for approximating the initial number of bins. Unlike tools such 
as MaxBin2, which performs recursive binning, CH-Bin uses a fixed 
number of bins throughout. Thus, estimating the number of bins to a 
fairly accurate value in the first step is crucial to ensure a correct binning 
result. 

This empirically determined observation is validated again by the 
evaluation results. In all the datasets, The number of bins determined by 
CH-Bin is the closest or the second closest to the actual bin count. Even 
in the two cases where CH-Bin’s bin count is the second closest, its es-
timate is only off by one compared to the closest estimate. That dem-
onstrates the competence of CH-Bin in estimating the number of bins to a 
reasonably accurate value. 

4.4. Algorithm complexity and performance 

In the default configuration of CH-Bin, instead of calculating the 
actual distance to the convex hull of P, the convex hull distance is 
approximated via some slight modifications done to the problem. In that 
regard, the nearest positive-definite matrix of PT.P is calculated using 
Higham’s approach (Higham, 1988), instead of using the original PT.P, 
thus reducing the convex quadratic optimization problem to a strictly 
convex quadratic optimization problem. This allows to use Goldfarb and 
Idnani’s approach (Goldfarb and Idnani, 1983) in approximating a so-
lution to the optimization problem, which increases the performance of 
the overall process. 

The algorithmic time-complexity remains the same as (Cevikalp, 
2019). The space-complexity will be in the order of O(n2), which is due 
to the distance matrix calculation that is done at the initialization. For 
large datasets, CH-Bin’s current implementation supports both 
in-memory and in-disk distance matrix calculations. Furthermore, the 
primary parameters of the algorithm such as m (number of nearest 
neighbours to consider) and T (number of iterations to perform) can be 
set by the user to further fine-tune the algorithm. Default values derived 
by empirical evidence as mentioned in section 4.5 are used in case the 
user has not provided these values. 

4.5. Parameter tuning and default values 

In addition to the k value setting, CH-Bin provides another 6 user 
configurable parameters that can be tuned to improve binning perfor-
mance. Those are,  

1. Marker gene coverage cutoff (mc)  
2. Marker gene selection percentile (mg)  
3. Seed split length (s)  
4. Number of neighbors (m)  
5. Maximum number of iterations (T)  
6. Length threshold (l) 

Table 5 
AMBER results for Sharon (Sharon et al., 2012) dataset.  

Dataset Tool Average purity (bp) Average completeness (bp) F1 score (bp) Accuracy (bp) Percentage binned (bp) Number of bins identified 

Sharon MaxBin2 87.99 % 80.79 % 84.24 % 86.00 % 92.80 %  11  
BusyBee Web 72.88 % 80.06 % 76.30 % 51.61 % 92.71 %  6  
MetaBAT2 98.65 % 18.12 % 30.62 % 45.24 % 45.51 %  24  
SolidBin 90.42 % 78.01 % 83.76 % 83.94 % 93.14 %  9  
CH-Bin (k = 4) 89.90 % 84.23 % 86.97 % 86.95 % 93.14 %  10  
CH-Bin (k = 5) 89.90 % 84.23 % 86.97 % 86.95 % 93.14 %  10  
CH-Bin (k = 6) 89.86 % 84.32 % 87.00 % 87.05 % 93.14 %  10  
CH-Bin (k = 4,5) 89.80 % 84.36 % 86.99 % 87.07 % 93.14 %  10  
CH-Bin (k = 4,6) 89.87 % 84.33 % 87.01 % 87.05 % 93.14 %  10  
CH-Bin (k = 5,6) 89.87 % 84.32 % 87.01 % 87.05 % 93.14 %  10  
CH-Bin (k = 4,5,6) 89.81 % 84.38 % 87.01 % 87.08 % 93.14 %  10 

The best result in each category is bolded. The second best result in each category is underlined. 
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T adversely impacts the binning results if the results do not converge 
before reaching T. Thus a higher value for T would generally yield 
similar or better results compared to a lower value for T. However, a 
higher value would mean that the binning procedure would take longer 
to run assuming that the results have not converged. The default value of 
20 for T was chosen as a reasonable compromise. 

A default value of 1000 bp was used for l parameter, following other 
binning tools such as MaxBin2 (Wu et al., 2015) and SolidBin (Wang 
et al., 2019). 

To tune the parameters mc, mg, s and m, a grid search approach was 
used by exhaustively searching through combinations of the following 
subsets of values for each parameter.  

1. mc ∈ {0.5, 0.75, 0.95, 1}  
2. mg ∈ {50th, 75th, 95th, 100th}  
3. s ∈ {5000, 10 000, 20 000}  
4. m ∈ {5, 10, 20} 

The grid search was run on the Sim10 dataset (described in section 3.1). 
The combinations which yielded the top F1 score, as evaluated by 
AMBER, are shown in Table 6 (complete results are given in Table 4 of 
the supplementary material). 

Out of these combinations, all of which were tied for the highest F1 
score, the common values of 0.5 for mc, and 5 000 for s were selected as 
the default values for the corresponding parameters. For mg and m, the 
highest values of 75th and 20 respectively, were selected as the defaults 
since higher values should logically provide more accurate results in 
both cases. 

Table 7 contains a summary of the default values for the user con-
figurable parameters. 

4.6. Implementation and resource usage 

CH-Bin was implemented using Python 3.9 and run on a Linux Sys-
tem with Ubuntu 20.4, 4 vCPUs and 32 GB RAM. 

In Table 8, we have included running times and memory usage of 
other contig-binning tools and CH-Bin in all k-value settings for the 
Sharon dataset. Recorded values for all the datasets are included in 
Table 5 of the supplementary material. The running times of CH-Bin are 
sometimes higher than that of the other compared tools, but as discussed 
in the results, the binning result of CH-Bin is better than that of the other 
tools. So whether the performance/time trade off is worth the improved 
result should have to be taken into account depending on the context 
and the situation. 

5. Conclusion and future work 

In this paper, we introduce a novel metagenomic contig-binning tool 
CH-Bin, which adopts a convex hull distance based high dimensional 
data clustering algorithm to reliably bin contigs represented by high 
dimensional feature vectors. We also explore the use of high dimensional 
composition vectors generated by using large k values (k = 5 or k = 6) 
and combinations of multiple k values, and the potential to capture in-
formation which otherwise would not be captured by small k values 
(k = 4 or less). The convex hull distance based clustering approach has 
enabled CH-Bin to overcome the issue of the unreliability of Euclidean 
distance based and Manhattan distance based clustering algorithms 
experienced by other binning tools when it comes to binning contigs 
represented using high dimensional feature vectors. Experimental re-
sults have shown that, in datasets that contain a sufficiently large 
number of species, the additional information captured with high 
dimensional feature vectors resulting from larger k values (e.g., k = 5 
and k = 6) has the potential to improve binning results. 

As future work, we plan to explore improved ways of utilizing the 
benefits that come with the ability to use high dimensional data for 
binning, especially in representing coverage information from a large 
number of samples. The high dimensional data clustering approach used 
in CH-Bin also opens the door to the possibility of using an ensemble 
clustering-based binning approach where each binning tool utilizes a 
different k value. 
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