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Abstract Clustering technology is a method for grouping data points into clusters containing a group of

similar data points. In a real dataset such as microbiome data, the data points are presented as profiles or a

probability distribution. These data points form the periphery of a cluster, making it difficult to identify the

real clustering structure. In this study, we used density clustering on several distance measures to overcome this

difficulty. Experiments using a real dataset indicated that the Manhattan distance is an appropriate distance

measure for clustering analysis of microbiome data.
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1 Introduction

Analysis of the microbiome is a holistic approach that emphasizes the integration and interaction of

different elements in a microbial community [1, 2]. Microbiome datasets are often comprised of different

representations of data such as metabolic pathways, taxonomic assignments, and gene families [3, 4].

DNA sequences obtained from metagenomic or 16SrRNA sequencing technologies could be summarized

using metagenomic profiles, which represent the abundance of functional or taxonomic categories in

metagenomic sequences. A metagenomic profile matrix typically contains hundreds of metabolic path-

ways, thousands of species, or tens of thousands of protein families (see Figure 1 for an illustration) [5].

Machine-learning and multivariate statistics have been employed on the profile matrix to explore and ex-

tract the complex structures and correlations [6]. For example, metagenomic samples could be represented

by several “components”, which may facilitate biological interpretation and discovery [7].

Clustering is an efficient data-mining technique, with many applications for real data. Clustering

can be used to identify groups of objects that may reflect significant phenomena such as biological or

social grouping. In recent years, the clustering of microbiome data samples has been frequently used for

analyzing microbiome data. Arumugam et al. [8] integrated principal components analysis and clustering
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Figure 1 Illustration of the metagenomic profile. The columns are usually the metagenomic samples; the taxonomic

profile contains thousands of rows of taxa, and the functional profile contains many rows of functional categorizations.

analysis and found that the microbial composition in the human gut is not random, but can be classified

into at least three enterotypes. Although the origin of different enterotypes remain unknown, it may be

related to the response of the human immune systems to bad or good bacteria, or different methods of

excreting wastes from the body [9, 10]. Similar to blood type, enterotype is not related to demographic

factors such as country, age, gender, race, or other body indices. There are also different opinions related

to the concept of enterotypes, with some authors suggesting that it is not practical to collapse enterotype

variation into a few discrete clusters [11]. Instead, they argued that enterotype distribution is continuous,

and can vary widely within an individual. Thus, the utility of discrete clustering in microbiome analyses

remains a topic of active debate.

With the increasing size of datasets in microbiome studies, it is now possible to use probabilistic models

to investigate the enterotype. Based on the functional elements derived from the non-redundant coding

DNA sequence catalogue of the human gut microbiome, we have demonstrated that the configuration of

functional groups in metagenome samples can be inferred using probabilistic topic modeling [12]. Each

microbial sample (assuming that the relative abundances of functional elements are already known from

a homology-based approach) can be considered as a “document” which is a mixture of functional groups,

while each functional group (considered the “latent topic”) is a weighted mixture of functional elements

(including taxonomic levels, and indicators of gene orthologous groups and KEGG pathway mappings). In

the analogy, the functional elements can be considered as the “words”. Estimating the probabilistic topic

model can uncover the configuration of functional groups (the latent topic) in each sample. The results

derived from this approach were found to be consistent with recent discoveries in a fecal microbiota study

of patients with inflammatory bowel disease [12]. The latent topics estimated from human gut microbial

samples were verified by the recent discoveries in the fecal microbiota study, which demonstrated the

effectiveness of the probabilistic topic model.

In this paper, we propose using the Manhattan distance(L1 distance) instead of the common L2 distance

for microbiome clustering. We also compare two information distance measures that are frequently used

in microbiome studies. We employed an efficient density clustering method for clustering data points.

Finally, experiments on a real microbiome dataset indicated that the proposed approach has potential

merits for application in microbiome studies.

2 Methods

Dataset: We used the dataset obtained from the Human Microbiome Project (HMP [13, 14]). After

filtering out body sites with less than 15 samples, the dataset contained 637 samples drawn from seven

body sites, including one vagina(posterior fornix), one gut(stool), one nasal(anterior nares), and three

oral (supragingival plaque, tongue dorsum, and buccal mucosa) sites. Table 1 shows a summary of the

dataset. The phylogenetic profile containing the relative abundances of microorganisms was estimated

using the software MetaPhlAn at the species level (710 × 637). The datasets were all downloaded from

the HMP data site: http://hmpdacc.org/ [5].

Several density clustering approaches have been proposed in recent years, including K-means, K-

medoids, mean-shift, density-based spatial clustering of applications with noise, and others [15]. These

methods are useful for different types of datasets, but they also have drawbacks in dealing with particular
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Table 1 Summary of the HMP samples

ID Body sites Number of samples

1 Stool 134

2 Posterior fornix 49

3 Anterior nares 86

4 Buccal mucosa 106

5 Plaque 122

6 R Retroauricular crease 17

7 Tongue dorsum 123

data types. A novel density-based approach has been proposed using a fast search and find of density

peaks [16]. This powerful method has a simple assumption that the cluster centers are surrounded by

neighbors with a lower local density and that they are at a relatively large distance from any points with

a higher local density. We employed this method in the microbiome data analysis for this study owing

to its efficiency over other methods.

Distance matrix: The input of the method is a distance matrix; for example, a Euclidean distance

matrix is often used in many applications. However, we found that the L1 distance (also called the Man-

hattan distance or city block distance) may be more suitable for analyzing microbiome data. Considering

two data points x = (x1, x2, . . . , xn) and y = (y1, y2, . . . , yn), the L2 distance is defined as

d(x, y) =

n∑

i=1

(xi − yi)
2.

Furthermore, the L1 distance is defined as

d(x, y) =

n∑

i=1

|xi − yi| .

The differences in the L1 and L2 distance derive from the fact that in the L1 distance, dimensions with

large differences are less important than for the L2 distance. We observed that microbiome profiles often

have some dimensions with large values, whereas most of the dimensions have small values. We expect

that large-value dimensions have equal importance to the small-value dimensions. Thus, the L1 distance

appears to be a better candidate than the L2 distance in this case.

Kolmogorov distance: The Kolmogorov distance is the maximal distance between the cumulated

spectra [17]. The function returns this distance and the corresponding frequency. This is an adaptation

of the statistic computed by the non-parametric Kolmogorov-Smirnov test. The Kolmogorov-Smirnov test

does not require the assumption that the population is normally distributed. The empirical distribution

function Fn for n observations of Xi is defined as

Fn(x) =
1

n

n∑

i=1

I[−∞,x](Xi),

where I[−∞,x](Xi) is the indicator function, equal to 1 if Xi < x and equal to 0 otherwise. The

Kolmogorov-Smirnov statistic for a given cumulative distribution function F (x) is

Dn = supx |Fn(x)− F (x)| ,

where supx is the supremum of the set of distances. By the Glivenko-Cantelli theorem, if the sample

comes from distribution F (x), then Dn almost surely converges to 0 in the limit when n goes to infinity.

Difference between two cumulative frequency spectra (DiffCumSpec): Two distributions (e.g.,

two frequency spectra) are compared by computing the difference between two cumulative frequency



Jiang X P, et al. Sci China Inf Sci July 2016 Vol. 59 070104:4

0 10 20 30 40

0
2
0
0

4
0
0

6
0
0

8
0
0

1
0
0
0

1
2
0
0

Density and delta scatter

Density

δ

−100−50 0 50 100 150−
2
0
0

−
1
0
0

0
5
0

Gold standard

Points[,1]

P
o
in

ts
[,

2
]

−100−50 0 50 100 150−
2
0
0

−
1
0
0

0
5
0

Density peak cluster result

Points[,1]

P
o
in

ts
[,

2
]

Figure 2 Density clustering on the Manhattan distance (L1 distance).

spectra [18]. Both spectra are transformed into cumulative distribution functions (CDFs). The spectral

difference is then computed according to

D =
1

n
|X − Y |

with X and Y indicating the spectrum CDFs, and 0 < D < 1.

Density clustering: In density-based clustering [16], the clusters are defined as areas of higher density

than the remainder of the dataset. Objects in these sparse areas, which are required to effectively separate

clusters, are usually considered to be noise and border points. Density-based clustering computes two

quantities for each data point: the local density ρi and its distance δi from points of higher density. The

local density ρi is defined as

ρi =
∑

j

χ(dij − dc),

where χ(x) = 1 if x < 0 and χ(x) = 0 otherwise.

Then, δi is defined bymeasuring the minimum distance between the point i and any other point with

higher density:

δi = minj:ρj>ρi
(dij).

3 Results

We compared the results of density clustering based on the L2 and L1 distance using a real human

microbiome dataset. We calculated the distance matrix for each dataset, and applied density clustering.

Nonmetric multidimensional scaling was used to investigate the clustering results; specifically, the function

is oMDS in the R package MASS was used for this purpose [19].

We found that the density clustering based on the L1 distance showed better performance than that

based on the L2 distance in the metabolic profile. According to the decision graphs (left panels of

Figures 2 and 3), six cluster centers were selected in both cases. The multidimensional scaling (right

panels in Figures 2 and 3) showed that the results for the L1 distance identified more of the true cluster

structure than those for L2 (there were 7 clusters in the real data). A large skin microbiome cluster in

the L2 distance was divided into several skin clusters, which is close to the real data.



Jiang X P, et al. Sci China Inf Sci July 2016 Vol. 59 070104:5

0 10 20 30 40

0
5
0

1
0
0

1
5
0

2
0
0

2
5
0

3
0
0

Density and delta scatter

Density

−100−50 0 50 100 150−
2
0
0

−
1
0
0

0
5
0

Gold standard

Points[,1]

P
o
in

ts
[,

2
]

−100−50 0 50 100 150−
2
0
0

−
1
0
0

0
5
0

Density peak cluster result

Points[,1]

P
o
in

ts
[,

2
]

δ

Figure 3 Density clustering on the L2 distance.
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Figure 4 Density clustering on DiffCumSpec distance.

Because an information distance measure is frequently used in microbiome clustering, we tested two

information distances—DiffCumSpec and Kolmogorov distance—on the same dataset. Figures 4 and 5

show the results of DiffCumSpec and Kolmogorov distance, respectively. Density clustering on the L1

distance selected the correct cluster numbers and showed better performance for distinguishing clusters.

4 Conclusion

Although current efforts in bioinformatics have led to great progress in obtaining high-throughput mi-

crobiome sequencing data such as sequence matching, assembly of short sequences, sequence storing,

indexing, and management, there has been relatively less progress in the methods for analyzing the re-
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Figure 5 Density clustering on Kolmogorov distance.

processed profiles from microbiomic data [20, 21]. Current microbiomic data analysis methods do not

consider these data properties and often make some unrealistic assumptions such as linear, Euclidean

space, metric-space, continuous data type, which conflict with the true data properties. Current anal-

yses of microbiome data often adopt the Euclidean distance or information distances as the measure of

dissimilarity. In this paper, we propose using density clustering based on the L1 distance to analyze

microbiome data. The novel application of the L1 distance for microbiome data analysis has not been

reported previously. We showed that this method improved the clustering performance in density clus-

tering. In future work, we will investigate the clustering accuracy of the proposed method and conduct

a systematic evaluation of whether the proposed method achieves better performance with more real

datasets.
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