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Abstract

This document is based on the manuscript of Kraemer et al. (2018)
which was published in the R-Journal and has been modified and ex-
tended to fit the format of a package vignette and to match the extended
functionality of the dimRed package.

“Dimensionality reduction” (DR) is a widely used approach to find low
dimensional and interpretable representations of data that are natively
embedded in high-dimensional spaces. DR can be realized by a plethora of
methods with different properties, objectives, and, hence, (dis)advantages.
The resulting low-dimensional data embeddings are often difficult to com-
pare with objective criteria. Here, we introduce the dimRed and coRank-

ing packages for the R language. These open source software packages
enable users to easily access multiple classical and advanced DR methods
using a common interface. The packages also provide quality indicators
for the embeddings and easy visualization of high dimensional data. The
coRanking package provides the functionality for assessing DR methods
in the co-ranking matrix framework. In tandem, these packages allow for
uncovering complex structures high dimensional data. Currently 15 DR
methods are available in the package, some of which were not previously
available to R users. Here, we outline the dimRed and coRanking pack-
ages and make the implemented methods understandable to the interested
reader.

1 Introduction

Dimensionality Reduction (DR) essentially aims to find low dimensional
representations of data while preserving their key properties. Many meth-
ods exist in literature, optimizing different criteria: maximizing the vari-
ance or the statistical independence of the projected data, minimizing the
reconstruction error under different constraints, or optimizing for differ-
ent error metrics, just to name a few. Choosing an inadequate method
may imply that much of the underlying structure remains undiscovered.
Often the structures of interest in a data set can be well represented by
fewer dimensions than exist in the original data. Data compression of this
kind has the additional benefit of making the encoded information better
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conceivable to our brains for further analysis tasks like classification or
regression problems.

For example, the morphology of a plant’s leaves, stems, and seeds re-
flect the environmental conditions the species usually grow in (e.g., plants
with large soft leaves will never grow in a desert but might have an advan-
tage in a humid and shadowy environment). Because the morphology of
the entire plant depends on the environment, many morphological combi-
nations will never occur in nature and the morphological space of all plant
species is tightly constrained. Díaz et al. (2016) found that out of six ob-
served morphological characteristics only two embedding dimensions were
enough to represent three quarters of the totally observed variability.

DR is a widely used approach for the detection of structure in multi-
variate data, and has applications in a variety of fields. In climatology,
DR is used to find the modes of some phenomenon, e.g., the first Em-
pirical Orthogonal Function of monthly mean sea surface temperature of
a given region over the Pacific is often linked to the El Niño Southern
Oscillation or ENSO (e.g., Hsieh, 2004). In ecology the comparison of
sites with different species abundances is a classical multivariate problem:
each observed species adds an extra dimension, and because species are
often bound to certain habitats, there is a lot of redundant information.
Using DR is a popular technique to represent the sites in few dimensions,
e.g., Aart (1972) matches wolfspider communities to habitat and Morrall
(1974) match soil fungi data to soil types. (In ecology the general name
for DR is ordination or indirect gradient analysis.) Today, hyperspectral
satellite imagery collects so many bands that it is very difficult to an-
alyze and interpret the data directly. Resuming the data into a set of
few, yet independent, components is one way to reduce complexity (e.g.,
see Laparra et al., 2015). DR can also be used to visualize the interi-
ors of deep neural networks (e.g., see Han et al., 2017), where the high
dimensionality comes from the large number of weights used in a neural
network and convergence can be visualized by means of DR. We could
find many more example applications here but this is not the main focus
of this publication.

The difficulty in applying DR is that each DR method is designed to
maintain certain aspects of the original data and therefore may be ap-
propriate for one task and inappropriate for another. Most methods also
have parameters to tune and follow different assumptions. The quality
of the outcome may strongly depend on their tuning, which adds addi-
tional complexity. DR methods can be modeled after physical models
with attracting and repelling forces (Force Directed Methods), projec-
tions onto low dimensional planes (PCA, ICA), divergence of statistical
distributions (SNE family), or the reconstruction of local spaces or points
by their neighbors (LLE).

As an example for how changing internal parameters of a method can
have a great impact, the breakthrough for Stochastic Neighborhood Em-
bedding (SNE) methods came when a Student’s t-distribution was used
instead of a normal distribution to model probabilities in low dimensional
space to avoid the “crowding problem”, that is, a sphere in high dimen-
sional space has a much larger volume than in low dimensional space
and may contain too many points to be represented accurately in few di-
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mensions. The t-distribution, allows medium distances to be accurately
represented in few dimensions by larger distances due to its heavier tails.
The result is called in t-SNE and is especially good at preserving local
structures in very few dimensions, this feature made t-SNE useful for a
wide array of data visualization tasks and the method became much more
popular than standard SNE (around six times more citations of van der
Maaten and Hinton (2008) compared to Hinton and Roweis (2003) in
Scopus (Elsevier, 2017)).

There are a number of software packages for other languages provid-
ing collections of methods: In Python there is scikit-learn (Pedregosa
et al., 2011), which contains a module for DR. In Julia we currently find
ManifoldLearning.jl for nonlinear and MultivariateStats.jl for linear DR
methods. There are several toolboxes for DR implemented in Matlab (Van
Der Maaten et al., 2009; Arenas-Garcia et al., 2013). The Shogun toolbox
(Sonnenburg et al., 2017) implements a variety of methods for dimension-
ality reduction in C++ and offers bindings for a many common high level
languages (including R, but the installation is anything but simple, as
there is no CRAN package). However, there is no comprehensive package
for R and none of the former mentioned software packages provides means
to consistently compare the quality of different methods for DR.

For many applications it can be difficult to objectively find the right
method or parameterization for the DR task. This paper presents the
dimRed and coRanking packages for the popular programming language
R. Together, they provide a standardized interface to various dimension-
ality reduction methods and quality metrics for embeddings. They are
implemented using the S4 class system of R, making the packages both
easy to use and to extend.

The design goal for these packages is to enable researchers, who may
not necessarily be experts in DR, to apply the methods in their own work
and to objectively identify the most suitable methods for their data. This
paper provides an overview of the methods collected in the packages and
contains examples as to how to use the packages.

The notation in this paper will be as follows: X = [xi]
T
1≤i≤n ∈ R

n×p,
and the observations xi ∈ R

p. These observations may be transformed
prior to the dimensionality reduction step (e.g., centering and/or stan-
dardization) resulting in X ′ = [x′

i]
T
1≤i≤n ∈ R

n×p. A DR method then

embeds each vector in X ′ onto a vector in Y = [yi]
T
1≤i≤n ∈ R

n×q with
yi ∈ R

q, ideally with q � p. Some methods provide an explicit map-
ping f(x′

i) = yi. Some even offer an inverse mapping f−1(yi) = x̂′
i,

such that one can reconstruct a (usually approximate) sample from the
low-dimensional representation. For some methods, pairwise distances be-
tween points are needed, we set dij = d(xi, xj) and d̂ij = d(yi, yj), where
d is some appropriate distance function.

When referring to functions in the dimRed package or base R sim-
ply the function name is mentioned, functions from other packages are
referenced with their namespace, as with package::function.
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mean squared error which is defined as:

RMSE =

√

√

√

√

1

n

n
∑

i=1

d(x′
i, xi)

2 (20)

with x′
i = f−1(yi), f

−1 being the function that maps an embedded value
back to feature space.

The dimRed package provides the reconstruction_rmse and reconstruction_error

functions.

4 Test data sets

There are a number of test data sets that are often used to showcase a
dimensionality reduction technique. Common ones being the 3d S-curve
and the Swiss roll, among others. These data sets have in common that
they usually have three dimensions, and well defined manifolds. Real
world examples usually have more dimensions and often are much noisier,
the manifolds may not be well sampled and exhibit holes and large pieces
may be missing. Additionally, we cannot be sure if we can observe all the
relevant variables.

The dimRed package implements a number of test datasets that are be-
ing used in literature to benchmark methods with the function dimRed::loadDataSet().
For artificial datasets the number of points and the noise level can be ad-
justed, the function also returns the internal coordinates.

5 The dimRed Package

The dimRed package collects DR methods readily implemented in R, im-
plements missing methods and offers means to compare the quality of
embeddings. The package is open source and available under the GPL3
license. Released versions of the package are available through CRAN
(https://cran.r-project.org/package=dimRed) and development ver-
sions are hosted on GitHub (https://github.com/gdkrmr/dimRed). The
dimRed package provides a common interface and convenience functions
for a variety of different DR methods so that it is made easier to use and
compare different methods. An overview of the packages main functions
can be found in Table 1.

Internally, the package uses S4 classes but for normal usage the user
does not need to have any knowledge on the inner workings of the S4
class system in R (cf. table 2). The package contains simple conversion
functions from and to standard R-objects like a data.frame or a matrix.
The "dimRedData" class provides a container for the data to be processed.
The slot data contains a matrix with dimensions in columns and obser-
vations in rows, the slot meta may contain a data frame with additional
information, e.g., categories or other information of the data points.

Each embedding method is a class which inherits from "dimRedMethod"

which means that it contains a function to generate "dimRedResult" ob-
jects and a list of standard parameters. The class "dimRedResult" con-
tains the data in reduced dimensions, the original meta information along
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6 Examples

The comparison of different DR methods, choosing the right parameters
for a method, and the inspection of the results is simplified by dimRed.
This section contains a number of examples to highlight the usage of the
package.

To compare methods of dimensionality reduction, first a test data set is
loaded using loadDataSet, then the embed function is used for DR (embed
can also handle standard R types like matrix and data.frame). This
makes it very simple to apply different methods of DR to the same data
e.g., by defining a character vector of method names and then iterating
over these, say with lapply. For inspection, dimRed provides methods
for the plot function to visualize the resulting embedding (Figure 2 b and
d), internal coordinates of the manifold are represented by color gradients.
To visualize how well embeddings represent different neighborhood sizes,
the function plot_R_NX is used on a list of embedding results (Figure 2 c).
The plots in figure 2 are produced by the following code:

## define which methods to apply

embed_methods <- c("Isomap", "PCA")

## load test data set

data_set <- loadDataSet("3D S Curve", n = 1000)

## apply dimensionality reduction

data_emb <- lapply(embed_methods, function(x) embed(data_set, x))

names(data_emb) <- embed_methods

## figure \ref{fig:plotexample}a, the data set

plot(data_set, type = "3vars")

## figures \ref{fig:plotexample}b (Isomap) and \ref{fig:plotexample}d (PCA)

lapply(data_emb, plot, type = "2vars")

## figure \ref{fig:plotexample}c, quality analysis

plot_R_NX(data_emb)

The function plot_R_NX produces a figure that plots the neighborhood
size (k at a log-scale) against the quality measure RNX(k) (see Equation
18). This gives an overview of the general behavior of methods: if RNX

is high for low values of K, then local neighborhoods are maintained well;
if RNX is high for large values of K, then global gradients are maintained
well. It also provides a way to directly compare methods by plotting more
than one RNX curve and an overall quality of the embedding by taking
the area under the curve as an indicator for the overall quality of the
embedding (see fig 19) which is shown as a number in the legend.

Therefore we can see from Figure 2c that t-SNE is very good a main-
taining close and medium distances for the given data set, whereas PCA
is only better at maintaining the very large distances. The large distances
are dominated by the overall bent shape of the S in 3D space, while the
close distances are not affected by this bending. This is reflected in the
properties recovered by the different methods, the PCA embedding recov-
ers the S-shape, while t-SNE ignores the S-shape and recovers the inner
structure of the manifold.

Often the quality of an embedding strongly depends on the choice of
parameters, the interface of dimRed can be used to facilitate searching
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scurve <- loadDataSet("3D S Curve", n = 2000)

quality_results <- matrix(

NA, length(embed_methods), length(quality_methods),

dimnames = list(embed_methods, quality_methods)

)

embedded_data <- list()

for (e in embed_methods) {

embedded_data[[e]] <- embed(scurve, e)

for (q in quality_methods) {

try(quality_results[e, q] <- quality(embedded_data[[e]], q))

}

}

This example showcases the simplicity with which different methods
and quality criteria can be combined. Because of the strong dependencies
on parameters it is not advised to apply this kind of analysis without tun-
ing the parameters for each method separately. There is no automatized
way to tune parameters in dimRed.

7 Conclusion

This paper presents the dimRed and coRanking packages and it provides a
brief overview of the methods implemented therein. The dimRed package
is written in the R language, one of the most popular languages for data
analysis. The package is freely available from CRAN. The package is ob-
ject oriented and completely open source and therefore easily available and
extensible. Although most of the DR methods already had implementa-
tions in R, dimRed adds some new methods for dimensionality reduction,
and coRanking adds methods for an independent quality control of DR
methods to the R ecosystem. DR is a widely used technique. However,
due to the lack of easily usable tools, choosing the right method for DR
is complex and depends upon a variety of factors. The dimRed package
aims to facilitate experimentation with different techniques, parameters,
and quality measures so that choosing the right method becomes easier.
The dimRed package wants to enable the user to objectively compare
methods that rely on very different algorithmic approaches. It makes the
life of the programmer easier, because all methods are aggregated in one
place and there is a single interface and standardized classes to access the
functionality.
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