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Computational mapping tools for
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During the past decade, computational technologies have become well integrated in the modern drug
design process and have gained in influence. They have dramatically revolutionized the way in which we
approach drug discovery, leading to the explosive growth in the amount of chemical and biological data
that are typically multidimensional in structure. As a result, the irresistible rush towards using

computational approaches has focused on dimensionality reduction and the convenient representation
of high-dimensional data sets. This has, in turn, led to the development of advanced machine-learning
algorithms. In this review we describe a variety of conceptually different mapping techniques that have
attracted the attention of researchers because they allow analysis of complex multidimensional data in

an intuitively comprehensible visual manner.

Introduction

Humans can visualize quite complex data to differing degrees
depending upon individual memory. Probably since prehistoric
times, however, humans have also relied on maps to visualize
very complex coordinates and topologies, as well as their rela-
tionship to the world. For example, surviving early maps relate
to the earth (c1300) and the universe (1092) in 2D, maps on the
very largest scale. It is only relatively recently that we have
turned our attention to mapping the universe at the molecular
scale and specifically determining the different molecules that
inhabit this ‘space’ [1-3]. Starting with the molecules themselves
is just the beginning, as one would also need to consider the
physicochemical properties and the interactions with different
biological systems, an incredibly complex and overwhelming
amount of information. As we shall see some advanced mapping
methods derive from our understanding of the neural networks
involved in image perception by the primary visual cortex of the
human brain.
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It is therefore no surprise that modern technologies of drug
design and development confront us with a wealth of experi-
mental and theoretical data, such as expression profiles of differ-
ent genes from the human genome, data obtained from high-
throughput biological screening of combinatorial libraries and
data from different chemical or biological databases (e.g. Chem-
Bank, DrugBank, HMDB, PDSP, PubChem, ZINC, CDD, eMole-
cules, ChemSpider, and so on). Extracting the useful knowledge
deeply embedded in the complex array of chemical and biological
information is a key task of modern computer-based informatics.
In most cases such data are generally represented by highly
structured information content, which is usually hidden under
the complex set of intrinsic relationships or high-dimensional
abstractions. Consequently there is a need for advanced and
generally quite sophisticated graphical tools aimed at compre-
hensive visualization and structure-activity analysis of such high-
dimensional data sets. These methods play an important role in
gaining an intuitive understanding of complex and often contra-
dictory relationships within multidimensional space. Advanced
computational approaches targeted at dimensionality reduction
and self-organizing mapping represent powerful tools for modern
drug design and development.
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This review focuses specifically on nonlinear dimensionality
reduction techniques, which are commonly based on advanced
mapping and ‘quasi-mapping’ algorithms. It describes both basic
theoretical principles and some practical applications of these
approaches in the field of chemical data mining and visualization.
The main mapping techniques described herein include cluster-
ing, diffusion maps (DM), self-organizing Kohonen maps (Koho-
nen SOMs), nonlinear sammon maps, stochastic proximity
embedding (SPE) and IsoMap. Because of space limitations, the
review does not cover several mapping algorithms, such as kernel
maps [4], conformal eigenmaps (CEM) [5] and FastMap [6], which
can be considered as extensions of the techniques listed above.

Computational mapping techniques for drug design

A variety of advanced computational algorithms and methods
have been effectively applied recently in medicinal chemistry
for dimensionality reduction and visualization of the chemical
data of different types and structure. The majority of these com-
putational models are commonly based on the basic principles of
dimensionality reduction and mapping. In turn, dimensionality
reduction is an essential computational technique for the analysis
of a large-scale, streaming and tangled data. Typically these data
are tightly packed in the multidimensional set of various numer-
ical descriptors that cannot be properly analyzed by simple statis-
tical procedures. Thus, dimensionality reduction providing a low-
dimensional data representation (in the case of 2D projection or
3D projection it produces maps) plays an important role in gaining
an intuitive understanding of the complex and often contradic-
tory relationships dispersed chaotically within multidimensional
data sets.

The classical methods of dimensionality reduction, for example,
principal component analysis (PCA) and multidimensional scaling
(MDS) are not specifically adapted for large data sets and ‘straight’
mapping. Therefore, there is a growing interest in novel soft-
computing approaches that might be applicable to the analysis
of such data sets providing a comprehensive visualization. For this
purpose, advanced computational mapping techniques, such as
agglomerative hierarchical clustering, which is primarily based on
2D-structural similarity measurement, self-organizing mapping,
such as Kohonen SOMs, Sammon mapping and SPE algorithm, as
well as generative topographic mapping and truncated Newton
optimization strategy could be effectively used. The practical uses
of some mapping techniques are, however, weakened by a ‘quad-
ratic’ restriction relating to large data sets, but they have several
key advantages compared to PCA and MDS. In contrast to the
traditional linear PCA and MDS, advanced data mining techniques
compute the principal eigenvectors of the kernel-based matrix/
function, rather than those of the covariance matrix. A curious
property of nonlinear mapping is that it preserves the global or
relative topology of the original input vector space as close as
possible in a faithful and unbiased manner.

Clustering

Clustering is a common and simple computational technique
broadly used to partition a set of estimated data points into groups
(clusters), so that the objects in each group share common char-
acteristics in accordance with the distance or similarity measure
used [7]. This technique has already found numerous applications

in different scientific areas including drug discovery. With respect
to chemical data mining, it allows scientist to reduce significantly
the complexity of large chemical data sets to a more manageable
size. All clustering techniques can be roughly classified in two key
categories: hierarchical, which partition the data by successively
applying the same procedure to clusters formed during previous
iterations or non-hierarchical, which determine clusters in a single
step [8]. There are several well-known cluster techniques that have
been successfully used in QSAR analysis, including the most
popular: Ward'’s algorithm, a representative example of hierarch-
ical methods, k-means algorithm is a good example of partition-
based methods, and Jarvis-Patrick algorithm—representative
example of nearest neighbor methods.

Many efforts have been made to visualize the results of hier-
archical and non-hierarchical clustering based on graph drawing
and tree layout algorithms. The most commonly used method,
particularly targeted for diversity applications, is the Jarvis—Patrick
algorithm. Several key algorithms for graph construction, such as
tree visualization and navigation, including hierarchical cluster-
ing, have been comprehensively reviewed by Herman [9]. Strehl
and Ghosh [10] also have evaluated many computational algo-
rithms for visualizing non-hierarchical clusters including the
similarity matrix plot. It should be noted that the classical den-
drogram remains the most popular cluster visualization method.
The basic limitation of radial space filling and linear tree visualiza-
tions, however, is the decreasing size and resolution of clusters
with many nodes or when you drill deep down into the hierarchy.
To overcome these challenges Agrafiotis et al. [11] have recently
developed a new radial space-filling method for visualizing cluster
hierarchies based on radial space-filling system and a nonlinear
distortion function, which transforms the distance of a vertex
from the focal point of the lens. This technique has been parti-
cularly applied for visualization and analysis of two different types
of chemical data sets: chemically diverse combinatorial libraries
(Figure 1a,b) [11] and the conformational space of small organic
molecules (Figure 1c) [11,12].

Radial clustergrams represent an intuitively comprehensible
method for graphical visualization of cluster hierarchies. In con-
trast to conventional dendrograms where the terminal nodes are
usually arranged in a linear fashion, radial clustergrams organize
the nodes circularly. A visual color-coding basis allows the scientist
to clearly understand how the aggregate properties are propagated
up the hierarchical structure, and a convenient zoom tool can be
effectively used to magnify areas of particular interest without
losing sight of the wider context (Figure 1a—c).

Among other modern clustering algorithms that should also
be mentioned, the following methods have been applied in che-
moinformatics for various applications: the Maximin Algorithm
[12,13], Stepwise Elimination and Cluster Sampling [14], Hook-
Space [15], Minimum Spanning Trees [16], Graph Machines [17],
Singular Value Decomposition (SVD) and Generalized SVD [18].

Nonlinear mapping techniques

Among the various dimensionality reduction techniques that have
been recently described in the scientific literature, nonlinear and
self-organizing neural-based mapping are unique alternative
approaches, owing to their conceptual simplicity and unrivalled
ability to reproduce effectively an intrinsic topology and the
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Radial clustergrams of a combinatorial library containing 2500 organic structures. The clustergrams, color-coded by the average molecular weight (a) and logP (b)
(black color corresponds to high values of descriptors), highlighted by the two clusters designated as ‘A’ and ‘B’ Although, these plots have a very similar
appearance, which reflects a significant correlation between molecular weight and logP, it can be used to distinguish major families and subfamilies of molecules
with related structures and properties at all levels of the hierarchy. Thus, sharp color changes across the cluster boundaries reveal structurally related chemical
families with distinctly different properties. While all of the tested structures share a common topology, which explains their proximity in diversity space,
compounds located in cluster ‘A’ contain several halogens as well as at least one bromine atom, which increases both their molecular weight and logP. There are no
molecules in the first cluster with a bromine atom, and none of them carries more than one lighter halogen (F or Cl). (c) A radial clustergram color-coded by the
radius of gyration (a measure of the extendedness or compactness of conformation) illustrates the application of the technique for visualizing of the
conformational space around Amprenavir (HIV-protease inhibitor). Each pair of conformers was superimposed using a least-squares fitting procedure, and the
resulting root-mean-square deviation (RMSD) was used as a measure of the similarity between two conformations.

hidden structure of the input data space in a faithful and unbiased
manner.

Diffusion maps

Diffusion maps initially originated from the field of dynamical
system theory. It is essentially a spectral clustering algorithm that
is principally based on determination of the Markov random walk
across the graph of input data [19]. Thus, the mapping from high-
dimensional feature space to low-dimensional space (e.g. Eucli-
dean space) evolves as the Markov chain progresses, where learn-
ing time controls the speed of diffusion. Following the algorithm,
a specific measure of proximity between the input data points, also
known as the diffusion distance, is implicitly defined through a
number of time steps used. In a low-dimensional representation of
the data studied, the pairwise diffusion distances are retained as
well as possible to closely approximate the initial vector space. It
should be especially noted that although diffusion maps are a
global method, they can behave as a local method depending on
the choice of the kernel function. The key underlying principle of
diffusion distance lies in the large number of paths passing
through the graph that makes the algorithm more robust to
excessive noise level compared to, for example, the geodesic
distance (see below). Although, diffusion maps are not widely
used in drug design they have been successfully applied to gene
expression analysis [20].

Self-organizing Kohonen maps

At least two different methods of self-organizing neural-based
mapping are currently applied to dimensionality reduction, fea-
ture selection and topographic structure representation. Interest-
ingly, the basic principle of the self-organizing methodology
originates from studies related to the investigation of the mechan-
ism of image perception translated by the primary visual cortex of
the human brain. Willshaw and von der Malsburg were pioneers in
this field who developed one of the first computational models in

which artificial neurons were tightly packed into the two inter-
related lattices (Figure 2a) [21].

As shown in Figure 2a, the ‘input’ lattice is projected onto the
second two-dimensional plane by the corresponding synaptic
route of the weight coefficients. The first lattice is simply con-
structed by the presynaptic neurons, while the second one consists
of the postsynaptic neurons that are not formally assigned in
accordance with the key principle—'winner takes all (WTA)".
Following both the short-range and long-range inhibitory
mechanisms, neuron weights attached to the postsynaptic surface
are adjusted iteratively following Hebb’s learning rule until the
optimal values are achieved. As aresult, an increase in one synaptic
weight directly leads to a decrease in others. Finally, it should be
emphasized that the model is applicable solely for pattern recog-
nition when the dimension of the input signal correlates closely to
the dimension of the output feature image.

The second neural mapping methodology is based on the self-
organizing strategy and is schematically outlined in Figure 2b. This
approach was originally introduced by Kohonen in 1988 [22] and
allows the construction of a low-dimensional topological repre-
sentation of a high-dimensional data set by the optimal fixed
amount of codebook feature vectors. In the Kohonen network,
a learning process is firmly based on unsupervised logic and the
target property is not considered within the training procedure. In
contrast to supervised neural networks, SOM neurons are homo-
geneously arranged within the space spanned by a regular grid
composed of many processing units in which the adaptation/
learning process is generally performed by some predefined neigh-
borhood rules. Primarily on the basis of Vector Quantization (VQ)
strategy [23], these weight vectors are adjusted iteratively to the
corresponding components of the input vector objects producing
a visually understandable 2D or 3D-topological map. At the out-
put, objects that are located close to each other in the input space
should be closely embedded in the topologically isomorphic
resulting space. Initially, all the Kohonen neurons receive
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FIGURE 2

(a) The Willshaw-Malsburg’s model of self-organizing mapping; (b) the Kohonen-based approach for dimensionality reduction and mapping; (c) a normal
Gaussian distribution, one of the most widely applied neighborhood functions integrated in the Kohonen self-organizing algorithm.

identical input, and by means of lateral interactions they compete
among themselves following the fundamental WTA principle.
Typically, many training epochs are needed to complete the
training process successfully. During the process, each neuron
becomes peculiarly sensitive to a particular region of the original
input space. The input samples that fall into the same region,
whether they were or were not included in the original training
set, are directly mapped onto the same neuron.

To date, a number of variants and different modifications of
SOM have been developed and extensively applied in various
scientific disciplines ranging from the engineering sciences to
chemistry, medicine, biology, economics and finance. From a
biological point of view, the Kohonen network is also biologically
plausible in the same way as the Willshaw-Malsburg model [24].
From a functional point of view, the Kohonen algorithm accu-
rately approximates the probability density functions calculated
for each input variable by a finite set of reference vectors with the
sole purpose of providing a low-dimensional data representation
by using a nearest neighbor rule. To date, several nearest neighbor
functions are commonly used to organize conceptually neurons
within the Kohonen map faithfully to preserve initial multidimen-
sional topology. These generally include the simplest ‘Bubble

neighborhood function’ as well as multiparametric functions that
describe the probability density distribution around the winning
neuron. Following this approach, more than just one single win-
ner neuron is adapted during each training cycle. Among these
kernel-based functions the Gaussian (normal) distribution is rou-
tinely used in SOM providing a successful low-dimensional repre-
sentation (Figure 2c).

Gasteiger et al. [25] were the first authors who successfully
applied the SOM approach for the analysis and visualization of
chemical data. Since then a huge number of scientific papers,
dedicated to the application of self-organizing methodology in
chemoinformatics, have been published. Several examples
demonstrate how they can be used in drug discovery projects.
Balakin et al. [26] have compiled a comprehensive reference data-
base following a common experimental protocol on compound
DMSO solubility (55 277 compounds with good DMSO solubility
and 10 223 compounds with poor DMSO solubility), calculated
specific physicochemical molecular descriptors (topological, elec-
tromagnetic, charge, and lipophilicity parameters), and, finally,
applied two machine-learning approaches for training neural net-
works to address the DMSO solubility. Both the supervised (feed-
forward, back-propagated neural networks) and unsupervised
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The distribution of DMSO(+) (a) and DMSO(—) (b) compounds within the Kohonen map; the Kohonen network developed for the prediction of cytochrome P-450
substrates (c) and products (d) (the distribution/density of compounds spread within the map is color-coded as follows: blue color is assigned to the low amount of
compounds per node, while red color corresponds to the high value) (e) the Kohonen map (25 x 25) containing more than 33 000 structures form the MedChem
database. The resulting map reflects the chemical feature space of the database used. The four representative groups of molecular structures are shown that are
most similar to the weight vectors of the neurons (1/1, shown in blue), (1/25, shown in red), (25/1, shown in green), and (25/25, shown in black).

(Figure 3a,b) (self-organizing Kohonen neural networks) learning
strategies were used. The resulting models were then externally
validated by successfully predicting DMSO solubility of compounds
in an independent test set. Korolev et al. [27] have also applied a self-
organizing approach for successful computational modeling of
cytochrome-mediated metabolic reactions (Figure 3c,d). A training
database consisted of many known human cytochrome P-450 sub-
strates (485 compounds), products (523 compounds), and non-
substrates for 38 enzyme-specific groups (total of 2200 compounds)
was compiled, and most typical cytochrome-mediated metabolic
pathways within each group, as well as the substrates and products
of these routes, were determined.

A further example demonstrates the usefulness of Kohonen-
type SOMs for clustering massive chemical data sets (Figure 3e).
Using the MedChem compound library as a source of pharmaceu-
tically active substances (more than 33 000 entries were selected) a
Kohonen network containing 25 x 25 output neurons arranged in
a 2D-plane was trained and subsequently validated by Schneider
and Wrede [28]. During the learning procedure, the network
adapted the topology of the data distribution and, as a conse-
quence, similar molecules were grouped together. This can be
helpful to assess molecular diversity [29] and to construct small
sets of compounds covering a defined variety of chemical features
[30,31]. Following this concept, new endothelin antagonists were
found using a Kohonen network for clustering known endothelin
receptor ligands and subsequent database screening [32]. A similar
approach was followed by Polanski [33] for identification of active

site features in corticosteroid and testosterone binding globulins
(CBG/TBG): self-organizing networks were developed for pseudo-
receptor modeling based on a set of steroids with known CBG/TBG
affinity data. Additional studies include those that focused on
specific metabolic reactions, individual enzymes [34,35], receptors
transporters and ion channels [36-39].

The practical relevance of Kohonen-based SOMs in the field of
chemical data mining is quite obvious. According to the literature
data, such computational models can be effectively applied at the
earliest stages of drug discovery as a powerful tool for assessment/
prediction of a number of key drug features including ADME and
toxicity properties (e.g. blood-brain barrier (BBB) permeability,
human intestinal absorption (HIA), half-life time (¢;,2) and volume
of distribution (V4) of drug compounds in human plasma, etc.),
target-focusing specification (e.g. the common drug likeness in
silico filter as well as GPCR-targeted, kinase-targeted, CNS-targeted
libraries design, and so on), metabolic stability and pathways (for
example, cytochrome P450 metabolism assessment). In addition,
the algorithm was shown to be very effective during lead optimi-
zation and a broad chemical space analysis. For example, the
modern conception of diversity-oriented synthesis (DOS) and
the related biological trials focused primarily on expanding the
current chemical space of paramount interest and ‘fill in holes’
wherein can be appropriately performed using Kohonen SOMs in
simple and intuitively sensed manner. Practically, having novel
structures in hands, virtual and/or real, as well as computational
models listed above a specialist is then able to predict a wide
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spectrum of core drug properties; moreover it can be performed in
a simple and straightforward way. The calculated output then
provides a comprehensive and convenient visual representation
of multiparametric tangled data intricately hidden under the
molecular descriptor covering and the related score values for
the each object tested that can be reasonably used as key indicators
for the target property prediction. Furthermore, the map con-
structed provides a convenient tool for the thorough analysis
and elucidation of the knowledge obtained. For example, on
the basis of the integral inspection of particular descriptor dis-
tribution within the map a specialist may make a reasonable
suggestion towards the relations revealed.

To date, many novel variants and modifications of the basic
Kohonen algorithm and learning rule are used in various applica-
tions including ‘in silico’ drug design (for example, see [40]).
A number of approaches are aimed at defining a better match
of an input occurrence with the internal images, are currently
applied. In addition, the activation neighborhood function that
modulates the sensitivity of each Kohonen element can be
defined in many ways. For example, such methods include
[41]: Tree Structured SOM, Minimum Spanning Tree SOM, Neural
Gas, Convex Combination, Duane Desieno Algorithm, Noise
Technique, Growing Cell Structures, Two learning stages, 3D-
architecture and so on. Several software packages that incorporate
self-organizing Kohonen mapping are currently available from
various sources. Some of them can be successfully applied in
chemistry applications.

Nonlinear Sammon mapping

Nonlinear mapping is an advanced machine-learning technique
for improved data mining and visualization. This method, origin-
ally introduced by Sammon [42], represents a multivariate statis-
tical technique closely related to MDS described above. Just like
MDS, the central objective of the Sammon approach is to approx-
imate the local geometry and a common topological structure of
multidimensional data on a visually interpretable two-dimen-
sional or three-dimensional plot. The fundamental goal of this
method is to substantially reduce the high-dimensionality of
initial data set into the low-dimension feature space, irrespective
of the number of dimensions from which it is constructed.

The classical Sammon algorithm attempts closely to approxi-
mate global geometric relationships observed across the whole
space of input vector samples. The Sammon algorithm is arguably
the most commonly used approach for accurate dimensionality
reduction, but the main problem arising from this technique is
that it does not scale well with the size of the input data set. Several
attempts have recently been undertaken to reduce the complexity
and difficulty of the task (e.g. [43]). The key advantage of the
nonlinear technique over the Kohonen network is that it often
provides much greater detail about individual compounds and the
corresponding interrelationships as demonstrated by the follow-
ing example. Target projection was carried out entirely using a set
of 12-dimensional autocorrelation descriptors and the Euclidean
metric was used as a pairwise measure of dissimilarity among the
examined structures including xanthene, cubane and adamantane
libraries [29]. The resulting 2D-plane is shown in Figure 4.

A wide number of different statistical problems can be effec-
tively solved using the Sammon methodology. For example, a new

Drug Discovery Today

FIGURE 4

A nonlinear 2D-Sammon projection of the cubane (a), adamantane (b), and
xanthene (c) combinatorial libraries. The feature space presented was
constructed using a set of 12-dimensional autocorrelation descriptors as
input variables and the Euclidean distances as a similarity metric.

method for analyzing protein sequences was also introduced by
Agrafiotis [44] based on the Sammon algorithm. When applied to a
family of homologous sequences, this method is able to capture
the essential features of the similarity matrix, and provides a
faithful representation of chemical or evolutionary distance in
an intuitive way. The key merits of the new algorithm were clearly
demonstrated using examples from the protein kinase family. The
algorithm was also investigated as a means of visualizing and
comparing large compound collections as well as ADME assess-
ment, represented generally by a set of various molecular descrip-
tors [36].

IsoMap
IsoMap is a promising new technique for resolving problems
related to the MDS algorithm [45]. The key idea is to find a
quasi-isometric, low-dimensional representation of a set of
high-dimensional data points. By analogy with Sammon mapping,
the algorithm attempts to preserve all pairwise geodesic (curvi-
linear) distances between the input data points within the whole
feature space as closely as possible. This distance is defined nar-
rowly as the shortest path between a pair of sample points and
incorporated with the classical MDS. The algorithm provides a
simple method for estimating the intrinsic geometry of a data
manifold on the basis of a rough estimate of each datum point’s
neighbors on the manifold. It is highly efficient and generally
applicable to a broad range of data sources and dimensionalities. It
should be noted, however, that this technique produces favorable
results only when a representative sampling of input data points
across the manifold is presented.

Despite some limitations, IsoMap was successfully applied
to visualization of different types of biomedical data [46].
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As recently shown, a graphical visualization of IsoMap models in contrast to PCA or MDS [47]. In addition, for more detailed
provides a useful tool for exploratory analysis of protein micro- analysis of the large protein folding data sets (molecular dynamics
array data sets. In most cases, IsoMap planes can adequately trajectories of an SH3 protein model) the algorithm was subse-
explain more of the variance presented in the microarray data quently modified using landmark points in the geodesic distance
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FIGURE 5

(a) Represents a two-component virtual combinatorial library [48] containing 10 000 compounds, derived by combining 100 amines and 100 aldehydes using the
reductive amination reaction. Each of the products was described by 117 topological descriptors including molecular connectivity indices, kappa shape indices,
subgraph counts, information-theoretic indices, Bonchev-Trinajstic indices, and topological state indices. To eliminate strong linear correlations, which are typical of
graph-theoretic descriptors, the data were normalized and decorrelated using PCA. Molecular dissimilarity was defined as the Euclidean distance in the latent variable
space formed by the 23 principal components that accounted for 99% of the total variance in the data. (b) Represents a four-component virtual combinatorial library
containing 10 000 compounds derived by combining 10 carboxylic acids, 10 primary amines, 10 aldehydes and 10 isonitriles using the Ugi reaction. Each of the
products was described by a 166-dimensional binary fingerprint, where each bit encoded the presence or absence of a particular structural feature in the target
molecule, as defined in the ISIS chemical database management system. Molecular dissimilarity was calculated on the basis of the Tanimoto coefficient. The resulting
maps exhibit the compact clusters that correspond to distinct chemical classes of the tested structures resulting from the discrete nature of the descriptors and the
diversity of the chemical fragments employed. These maps that are discussed in greater detail in [49] are illustrative of the ability of SPE to identify natural clusters in the
data set without prior knowledge or expert guidance. (c) Two-dimensional stochastic proximity map of different types of organic compounds. Therefore, this algorithm
can be easily applied to other types of binary fingerprints that typically consist of a few thousand bits or various high-dimensional descriptor spaces that are commonly
employed in different QSAR studies [50]. (d) Two-dimensional SPE maps of the Manning kinase domains using a neighborhood radius of 0.89.
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calculations. On the basis of the results obtained, it was shown that
for accurate interpretation and analysis of the original data the
approach was far more effective versus the linear techniques of
dimensionality reduction, such as PCA. Whereas the Euclidean
metric is based directly on quadratic relationships, IsoMap scales
with the third power of the number of data points and then
becomes computationally prohibitive for processing and visualiz-
ing large data sets. As mentioned in the next section, a similar
scaling problem also limits the SPE algorithm, a related approach
that produces globally ordered maps by constructing locally linear
relationships among the input data points.

Stochastic proximity embedding (SPE)

Another promising self-organizing algorithm, SPE, is a technique
recently developed by Agrafiotis et al. [48] for embedding a set of
related observations into a low-dimensional space that preserves
the intrinsic dimensionality and metric structure of the data. It
partly addresses the key limitations of IsoMap and Sammon
methodology. First, it circumvents the calculation of estimated
geodesic distances between the embedded objects and, secondly, it
uses a pairwise refinement strategy that does not require the
complete distance or proximity matrix maintaining a minimum
separation between distant objects and scales linearly with the size
of the data set. In other words, SPE utilizes the fact that the
geodesic distance is always greater than or equal to the input
proximity if the latter is an accurate metric. Unlike previous
stochastic approaches of nonlinear manifold learning that prefer-
entially preserve local over global distances, the method operates
by estimating the proximities between remote objects as lower
bounds of their true geodesic distances and uses them as a means
to impose global structure. Thus, it can reveal the underlying
geometry of the manifold without intensive nearest neighbor or
shortest path computations. Therefore, it can preserve the local
geometry and the global topology of the manifold better than
previous approaches and it can be effectively applied to very large
data sets that are intractable by conventional embedding proce-
dures.

One potential limitation of SPE is related to numerous adjus-
table and internal parameters. Thus, just like IsoMap, SPE strongly
depends on the choice of the neighborhood radius. If it is too large,
the local neighborhoods will include data points from other
branches of the manifold, shortcutting them and leading to sub-
stantial errors in the final embedding, whereas if it is too small, it
may lead to discontinuities, causing the manifold to fragment into
a large number of disconnected clusters.
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