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Abstract

Summary: Unsupervised machine learning provides tools for researchers to uncover latent patterns in large-scale
data, based on calculated distances between observations. Methods to visualize high-dimensional data based on
these distances can elucidate subtypes and interactions within multi-dimensional and high-throughput data.
However, researchers can select from a vast number of distance metrics and visualizations, each with their own
strengths and weaknesses. The Mercator R package facilitates selection of a biologically meaningful distance from
10 metrics, together appropriate for binary, categorical and continuous data, and visualization with 5 standard and
high-dimensional graphics tools. Mercator provides a user-friendly pipeline for informaticians or biologists to per-
form unsupervised analyses, from exploratory pattern recognition to production of publication-quality graphics.

Availabilityand implementation: Mercator is freely available at the Comprehensive R Archive Network (https://cran.
r-project.org/web/packages/Mercator/index.html).

Contact: coombes.3@osu.edu

1 Introduction

Visualization of patterns in data through unsupervised machine
learning (ML) is an important tool of scientific analysis, helping
researchers understand underlying relationships as they search for
biological meaning. As large-scale, high-throughput experiments in-
crease, new visualization methods must be developed to keep pace
with both technical demands and research potential. This problem is
especially acute in biomedical research with the advent of ‘omics’
technologies that can measure tens of thousands of features across
thousands of samples.

Here, we present Mercator, an R-package providing a flexible
and user-friendly pipeline for unsupervised ML and visualization of
any high-throughput data. Mercator makes it easy to quickly cluster
and visualize any distance matrix using standard and high-
dimensional graphical methods. These visualizations use consistent
color schemes, enabling users to compare and contrast different met-
rics or different clustering algorithms. Critically, since cluster labels
from different algorithms are arbitrary, Mercator can synchronize
them making it easier to compare unsupervised analyses on large
high-dimensional datasets. Mercator implements additional tools
for binary matrices, including tools for removal of duplicate fea-
tures, outlier detection, feature reduction and estimates of the num-
ber of clusters. In our internal tests, Mercator has successfully

processed binary data containing 70 000 samples, 2700 features and
at least 130 clusters. Package outputs from unsupervised analysis
are inter-operable with other R tools for downstream analyses.

2 Implementation

Mercator streamlines rigorous and reproducible unsupervised ML
on a matrix of binary or continuous high-throughput data in a user-
friendly pipeline. For binary data, initial filtering is performed using
Thresher (Wang et al., 2018) an R package implementing outlier de-
tection, principal components analysis and von Mises Fisher mixture
models. By identifying significant features, Thresher performs fea-
ture reduction through the identification and removal of non-in-
formative features and the unbiased calculation of the number of
groups (K) for downstream use.

Many unsupervised ML analyses rely on calculated similarities
and differences between observed samples in a large feature space,
based on a chosen distance metric. There is not one distance metric
that is seen as superior to all others in all contexts for all data types.
For continuous data, Mercator relies on existing distance metrics in
R. For binary data, Mercator supports 10 metrics, representing
major subgroups defined by Choi and colleagues (Choi et al., 2010):
Jaccard, Sokal & Michener, Hamming, Russell-Rao, Pearson,

VC The Author(s) 2021. Published by Oxford University Press. 2780

This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/by-nc/4.0/),

which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For commercial re-use, please contact

journals.permissions@oup.com

Bioinformatics, 37(17), 2021, 2780–2781

doi: 10.1093/bioinformatics/btab037

Advance Access Publication Date: 30 January 2021

Applications Note

http://orcid.org/0000-0001-5219-9996
https://cran.r-project.org/web/packages/Mercator/index.html
https://cran.r-project.org/web/packages/Mercator/index.html
https://academic.oup.com/


Goodman & Kruskal, Manhattan, Canberra, Binary and Euclidean.
These 10 representative metrics capture appropriate solutions in
common and uncommon use for asymmetric and symmetric binary,
categorical and continuous data. To cluster, Mercator uses
Partitioning Around Medoids (PAM), an efficient k-medoids algo-
rithm compatible with multiple methods of distance calculation
(Kaufman and Rousseeuw, 1990). However, Mercator allows
researchers to use any desired clustering algorithm and link import
its results for use with its visualization tools. Mercator also provides
a simple interface to computation and display of the silhouette width
(Kaufman and Rousseeuw, 1990) for any distance metric or cluster-
ing algorithm. Combined with the other visualization methods, the
ease-of-use of the silhouette width plots can help select appropriate
distance metrics or clustering algorithms that provide a good fit to
the data.

Finally, Mercator facilitates five graphical methods, including
both standard techniques (e.g. hierarchical clustering) and large-
scale multi-dimensional visualizations [multi-dimensional scaling
(MDS), t-distributed Stochastic Neighbor Embedding (t-SNE) (van
der Maaten and Hinton, 2008) and iGraph (Csardi and Nepusz,
2006)]. Flexible graphics parameters consistently aid the creation of
descriptive, showcase-quality visualizations. Mercator supports
users who mix and match distance metrics and visualization techni-
ques to gain a richer understanding of patterns in their data. These
functionalities are elaborated in the package vignettes.

3 Application

Cytogenetic data from 3387 patients with chronic lymphocytic leu-
kemia (CLL) obtained from the Mitelman Database of
Chromosome Alterations and Gene Fusions in Cancer (Mitelman
et al., 2021) was processed to a binary matrix using CytoGPS
(Abrams et al., 2019). Data were filtered with Thresher and reduced
from 2748 raw features to 845 significant features. Principal compo-
nents analysis suggested 16 clusters, which were recovered based on
Jaccard distance. Visualization with t-SNE highlighted clearly
defined clusters and closely located groups. MDS plots expand this

understanding by finding important components that distinguish
clusters; higher dimensional MDS plots are required to elucidate the
entire structure. After down-sampling the dataset to underemphasize
the strongest signals while preserving the weaker ones, the iGraph
visualization provides a better understanding of interactions be-
tween the cytogenetics of CLL. MDS visualizations were employed
to expand this understanding by separating distinguishing compo-
nents. Visualization with iGraph elucidates interactions between key
cytogenetic abnormalities (Fig. 1). Thus, Mercator provides a
streamlined approach to improve understanding of the cytogenetics
of CLL.

4 Conclusion

The Mercator R package supports a user-friendly pipeline for un-
supervised visualization of large-scale, multi-dimensional data using
10 distance methods for binary, continuous and categorical data
and 5 visualization techniques. By providing a toolbox to facilitate
distance metric selection and high-quality figure generation,
Mercator aids researchers (both informaticians and biologists) to
achieve richer understanding the underlying patterns present in their
data.
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Fig. 1. Workflow for unsupervised Mercator pipeline analysis of binary cytogenetic

data on 3387 patients with CLL. After data processing by outlier detection, feature

reduction and principal components analysis, 16 clusters were recovered with the

Jaccard distance and PAM. The first coordinate of MDS (A) shows the dominant

signal (trisomy 12, a key cytogenetic abnormality in CLL) in samples colored red. t-

SNE (B) shows not only that signal, but clearly reveals other clusters based on pat-

terns of cytogenetic abnormalities. iGraph (C) illustrates the connections between

clustered entities
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