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Abstract In contrast to the standard construction of Voronoi regions, in which the
boundaries between different regions are at equal distance from the given points,
we consider the construction of modified Voronoi regions obtained by giving greater
weights to spots reported to have higher abundance. Specifically we are interested in
applying this approach to 2-D proteomics maps and their numerical characterization.
As will be seen, the boundaries of the weighted Voronoi regions are sensitive to the
relative abundances of the protein spots and thus the abundances of protein spots, the
z component of the (x, y, z) triplet, are automatically incorporated in the numerical
analysis of the adjacency matrix, rather than used to augment the adjacency matrix as
non-zero diagonal matrix elements. The outlined approach is general and it may be
of interest for numerical analyses of other maps that are defined by triplets (x, y, z) as
input information.

Keywords Proteomics maps - Voronoi regions - LY 171833 peroxisome proliferator -
Weighted Voronoi regions
1 Introduction

We consider a novel representation of proteomics maps, which are characterized by
a triplet of numbers (X, y, z), where (x, y) give the locations of the proteins and the
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coordinate z the abundance. The resulting 2D maps incorporate indirectly information
on protein abundances. The outlined approach, which is general and applies equally
to other problems involving triplets of numbers (X, y, z), illustrates a novel route to
2D graphical representation of 3D geometrical objects distinct from approaches using
traditional projections.

After a brief review of several approaches to the numerical characterization of pro-
teomics maps, we will outline the construction of the adjacency matrix for proteomics
maps for a set of N points having known (X, y) coordinates based on boundaries of
accompanying Voronoi regions. A description of earlier developments on numerical
characterization of proteomics maps can be found in a review [1]. More recent devel-
opments relating to numerical characterization of proteomics maps have been outlined
in other reviews [2,3]. All hitherto approaches, including also one based on Voronoi
regions [4], initially ignore the abundances of protein spots (the third coordinate of a
straightforward 3D representation of such maps). After one constructs matrices asso-
ciated with the representation of the map as a geometrical object, the information of
the relative abundances is taken into account by replacing the diagonal zeros with
abundance values.

Matrices hitherto considered were the adjacency (A) and the distance (D) matrix of
a graph superimposed over a proteomics map. The former is a sparse matrix (matrix
having many off-diagonal zero entries) whereas the latter is dense matrix (matrix with
non-zero numerical off-diagonal matrix elements), which are computationally more
intense. In addition one can also consider a hybrid matrix, the adjacency-distance
matrix AD, in which one considers only distances between adjacent spots, or adja-
cent spot regions. In the case of maps based on Voronoi regions, the AD matrix is
constructed by replacing the binary elements A(i, j) of the adjacency matrix by the
corresponding numerical elements of the distance matrix D(i, j), given by the distance
between the center spots of the corresponding regions. We should also mention the
D/D matrix [5], the matrix elements of which are given as the quotients of the Euclid-
ean distance and the distance along the shortest path connecting the pair of points in
(X, y) plane.

The abundances of spots are incorporated as diagonal entries of such matrices after
suitable weighting of abundances. A similar ad hoc approach has been used to dif-
ferentiate among heteroatoms in molecular graphs, leading to variable connectivity
indices for use in SAR and QS AR studies [6—8]. Here we will outline a different way to
incorporate the information on abundances of spots in a proteomics map into matrices
to represent proteomics maps. The basis for this novel approach is our observation that
the introduction of weighting factors (that depend on the relative values of the abun-
dances) causes Voronoi regions to change their boundaries. Consequently one arrives
at variations of adjacency matrices or map regions, that is variations in off-diagonal
elements of adjacency matrices.

After an introductory outline on numerical characterization of proteomics maps
we will describe the new approach and will illustrate it on a set of proteomics maps
using different concentrations of the same peroxisome proliferator administrated of
to experimental animals. The data used for illustration is that of Anderson et al. [9],
the proteomics maps of which has been analyzed by principal component analysis by
Anderson et al. [9], and a graph theoretical approach [10,11] in the which no infor-
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mation on (x, y) coordinates was used. The (x, y) coordinates are of interest when
comparing proteomics maps, but are irrelevant when one wishes to compare proteo-
mes (collection of proteins in a single cell). Significantly, despite using different inputs
both graph-theoretical approaches eventually have shown the presence of hormesis at
the cellular level (that is a non-linear dose-response curve). Thus while the hormesis
at the cellular level is not in question, it remains of considerable interest to see which
theoretical approaches can also confirm this spectacular result, which Anderson et al.,
who used the principal component analysis, could not detect.

2 Numerical representation of proteomics maps

A way to arrive at a matrix to represent proteomics map is to associate with any proteo-
mics map some geometrical object. The first numerical characterization of proteomics
maps was obtained by simply connecting (by line segments) spots in a map in sequen-
tial order of their relative abundances [12—14]. This produced a zigzag curve for which
one can construct D and D/D matrices. It is also possible to construct alternative zigzag
curves based on the ordering of protein spots relative to their charges and relative to
their mass [15], or based on canonical labels for protein spots [16]. Another approach
is to consider partial ordering for protein spots, using the coordinates (X, y) of spots as
entries for a graph depicting partial order [17,18]. The partial ordering thus induces a
graph having fixed geometry embedded over the map, the adjacency matrix of which
is the starting point for evaluating selection of graph invariants as map descriptors.
Later on, additional graph embeddings over the proteomics map were constructed:
(i) by clustering spots at distances shorter than a selected critical distance [19];
(i1) by connecting spots which form the nearest neighbors [20], and more recently
(iii) by construction of the graph embedded over the proteomics map obtained by
connecting spots 1 and 2 and then connecting each successive spot to the nearest spot
having the smallest label [21,22]. Such a construction has an advantage in that if one
decides to augment the map by introducing additional spots, the resulting tree (acyclic
graph) will be an extension of the existing graph. In other words, new vertices will be
added to the already constructed tree, which will remain the same; this is not the case
if one is to connect spots which form the nearest neighbors.

What is common to all these approaches is that they allow one to construct matri-
ces A, D, AD and D/D, the selected invariants of which (like for example the leading
eigenvalues, the set of eigenvalues, the coefficients of the characteristic polynomials,
the average matrix elements, the ordered set of row sums, and such) allow one to make
numerical comparisons of different maps. However, before such comparisons can be
meaningful, one has to modify the A, D, AD and D/D matrices to include the infor-
mation on relative abundances. In proteomics maps of the same living cells subject
to different procedures proteins always have the same (x, y) coordinates (they do not
change mass or charge) so such maps differ only by showing different abundances.
A way to include abundances, as already mentioned, is to replace zeros on the main
diagonal by the values of suitably scaled abundances as the diagonal matrix elements.
The scaling of the diagonal elements allows one to adjust and give a greater or lesser
role to diagonal entries in a matrix. If one has no special reasons to do differently, it
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Fig. 1 Voronoi regions for the 20 most abundant protein spots of the protomics maps of mice liver cells as
reported by Anderson et al. [7] for the control group of animal

was recommended that diagonal entries are scaled so that the sum of diagonal entries
is the same as the sum of off-diagonal entries [18].

3 Partitioning of maps into Voronoi regions

Recently in this journal we have outlined a scheme for arriving at numerical character-
izations of proteomics maps by partitioning of proteomics map into Voronoi regions
[23]. About 100 years ago, in 1907, the Russian mathematician Voronoi outlined a
general procedure for partitioning of a plane in which there are N points with coordi-
nates (xi,y;) (i =1,2,3,... N)into N regions such that each region R; consists of all
points (X, y) of the plane which are closer to point i than any other point j # i [24]. For
a thus-partitioned plane, one can construct the adjacency matrix A, the corresponding
distance matrix D, the adjacency-distance matrix AD, and the distance/distance matrix
DD. In Fig. 1 we illustrate, for a proteomics map of mouse liver cells, Voronoi regions
for 20 spots having the largest abundances. This is the proteomics map for the control
group in a study of the effects of peroxisome proliferators on protein abundances in
mouse liver cells carried out by Anderson et al. [9]. Table 1, columns two and three,
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Table 1

The coordinates of 20 spots of proteomics map having the largers abundance for the control group

Spot Coordinates Control Concentration of LY 171883
X y 0 0.003 0.01 0.03 0.1 0.3 0.6
1 —0.198  —0.192 0.464 0.515 0.455 0.502 0.498 0.578 0.394
2 0.198  —0.063 0.438 0.402 0.522 0.425 0.371 0.181 0.198
3 0.184  —0.163 0.353 0.467 0.385 0.304 0.422 0.313 0.295
4 —0.103 0.063 0.251 0.203 0.248 0.275 0.272 0.353 0.424
5 0.143  —0.031 0.190 0.108 0.141 0.184 0.104 0.138 0.150
6 0.124  —-0.025 0.182 0.168 0.158 0.151 0.149 0.131 0.114
7 —0.026 0.048 0.171 0.157 0.081 0.093 0.139 0.097 0.050
8 —0.127  —0.002 0.138 0.073 0.080 0.091 0.110 0.073 0.128
9 0.037  —0.043 0.134 0.088 0.114 0.108 0.127 0.070 0.076
10 0.106 0.030 0.126 0.116 0.107 0.102 0.100 0.106 0.070
11 0.129  —0.166 0.100 0.137 0.069 0.079 0.060 0.065 0.010
12 0.103  —0.166 0.090 0.111 0.061 0.054 0.052 0.056 0.005
13 0.066  —0.090 0.088 0.054 0.059 0.052 0.067 0.038 0.022
14 0.132  —-0.222 0.083 0.077 0.070 0.080 0.063 0.067 0.055
15 —0.116 0.066 0.083 0.063 0.069 0.079 0.093 0.099 0.126
16 —0.161 —0.151 0.078 0.059 0.037 0.044 0.058 0.062 0.050
17 —0.103 0.118 0.072 0.054 0.099 0.127 0.168 0.208 0.295
18 0.164 0.001 0.069 0.051 0.122 0.109 0.092 0.143 0.205
19 0.119 0.004 0.068 0.051 0.069 0.079 0.078 0.098 0.106
20 —0.087 0.110 0.029 0.036 0.040 0.038 0.036 0.040 0.054
\C (0]
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Fig. 2 The peroxisome proliferator LY 171883

list the x, y coordinates for the selected 20 spots, whereas in the following columns
are listed the corresponding abundances. The remaining columns of Table 1 give the
corresponding abundances for the selected 20 protein spots for animals exposed to
various concentrations of the peroxisome proliferator LY 171883, illustrated in Fig. 2,
the proteomics maps of which we will later examine thoroughly.
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Fig. 3 The Delaunay triangulation, the dual of Voronoi regions of Fig. 1

Observe that Fig. 1 is truncated, but in fact it extends to infinity. We call adjacent
the regions sharing a border of non-zero length. The adjacency and the boundaries
between some regions on the periphery of the finite image need not be obvious. For
example, while one can deduce that regions 1 and 8 are adjacent, and even that regions
10 and 20 may be adjacent, it is not clear if region 1 is adjacent to region 3. It looks
that region 1 is not adjacent to region 17, but whether region 1 and region 3 are
adjacent is much harder to decide by visual examinations of the finite part of the
(x, y) plane. Fortunately, there is a way to establish the adjacency for various regions
on the boundary of truncated Voronoi map outlined by Delaunay [25]. Already in 1934
Delaunay, a student of Voronoi, has shown that the construction of a dual of Voronoi
map which is illustrated in Fig. 3 for the map of Fig. 1 gives an answer on adjacency
of Voronoi regions. Geometrically speaking, Fig. 3, which is the dual of Voronoi map,
represents the triangulation of the map of Fig. 1.

The adjacency matrix of the graph of Fig. 2 has zeros on the main diagonal, which
is used to incorporate suitably scaled abundances of the 20 spots of Table 1 (fourth
column). In Ref. [18] we have outlined how the abundances of spots should be scaled
before being inserted as the diagonal elements to the augmented adjacency matrix.
According to Kowalski and Bender [26] such input data (experimental X, y, z quantities
which may be of different nature and measured by different units) should be rescaled
to the interval [0, 1]. However, it was argued in ref. [16] that in our approach this is not
adequate because (X, y) represent off-diagonal elements of matrices while abundances
define the diagonal matrix elements. The rescaling by Kowalski and Bender does not
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take into account the size of the adjacency matrix, which in our case plays a role. For
example, scaling of diagonal entries for 20 proteins of the 20 x 20 adjacency matrix in
order to balance the influence of non-diagonal entries will not hold when one considers
40 proteins, because in the 40 x 40 adjacency matrix the off-diagonal matrix elements
would outweigh the role of the diagonal elements of a 20 x 20 matrix. A way out is
to normalize diagonal entries of a matrix so that the sum of diagonal entries equals
the sum of off-diagonal entries in the matrix. This procedure allows an extension of
analysis by inclusion of larger number of protein spots in proteomics maps. Knowing
all these preliminary steps, we decided in this article to reconsider Voronoi diagrams
by taking the abundances as the weighting factors in partitioning of the (x, y) plane
so that regions belonging to spots having larger abundance receive a proportionally
larger share of space as compared to traditional partitions in which all points in plane
have the same weight.

4 Partition of the plane into Voronoi regions by weighted protein spots

The rule for partition of a plane having N points with coordinates (xi, y;) (i =
1,2,3,...N) into Voronoi regions states that each region contains all points in the
plane nearest to one of the N points with coordinates (x;, y;). Let us use the symbol
D; for the distance of any point (X, y) in a plane from point (x;, y;), and Dj; for the
abundance of the spot with coordinates (xi, y;). We will use a modified rule for Voronoi
regions partitioning of the plane into “Weighted Voronoi Regions” [27]:

All points in the plane for which the product D;Dj; is the smallest define the
weighted Voronoi region for point (x;, y;).

In Fig. 4 we illustrate the map of weighted Voronoi regions for the same 20 spots with
the largest abundance for the control group of the proteomics map of mouse liver cells
from the study of Anderson et al. [7]. This figure was drawn using the available multi-
plicatively weighted Voronoi diagram, computer program of Mu [28]. As was the case
with Fig. 1 also Fig. 4 is truncated, and in fact it extends to infinity. Here again there
may be difficulties to determine adjacencies for some regions; although most regions
are determined by curves, this appears less troublesome. Possible uncertainties appear
when four curves appear to meet in a single point, as may be the case with regions 1,
4,7, and 9. This will not happen often but while in such cases a higher resolution of
the figure may give the answer, it is better again to construct the dual of the Voronoi
diagram, which we have illustrated in Fig. 5. As we see from Fig. 5, the region 1 and
the region 7 are not adjacent, because the corresponding vertices of the graph are not
connected.

Observe that now the dual of the Voronoi diagram could be a non-planar graph,
i. e. a graph exhibiting crossing of lines, as is the case with the lines connecting the pair
7,9 and the pair 2, 4. In addition the dual or Delaunay diagram, no longer represents a
triangulation of Voronoi diagram as there are many terminal vertices (corresponding
to isolated regions) and bridge vertices (like the spots 8 and 13 in Fig. 5). However, the
graph allows the construction of the adjacency matrix and other matrices of interest
and thus serves a useful purpose. A comparison of Figs. 1 and 4 does not appear to

@ Springer



2696 J Math Chem (2012) 50:2689-2702

Fig. 4 Voronoi regions for the 20 most abundant protein spots of the protomics maps of mice liver cells as
reported by Anderson et al. [7] for the control group of animals

17

Fig. 5 The Delaunay dual of Voronoi regions of Fig. 4
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Fig. 6 Voronoi regions for the 20 most abundant protein spots of the protomics maps of mice liver cells as
reported by Anderson et al. [7] for the concentration of 0.003 of LY 171883 in animal food

offer useful insights, because the two Voronoi diagrams are vastly different. Similarly
a comparison of Fig. 3 with Fig. 5 of the corresponding Delaunay diagrams equally
does not give useful insights because the two diagrams are again vastly different. Not
only that the Delaunay diagram of weighted regions has many missing lines that are
present in Fig. 3, but it also has lines that are not present in the diagram of Fig. 3, such
as the connections (1, 2), (1, 3), and (1, 9), then (2, 6), (2, 4), (2, 9) and (2, 13) and
SO on.

The situation appears chaotic, but as we will see, this is not a cause for desperation,
but it may be viewed as a blessing in disguise. What that means is that the diagrams of
Figs. 3 and 5 have vastly different adjacency matrices, and in this approach the infor-
mation on the relative abundances of protein spots are directly reflected by changes
in the adjacency matrices. We may conclude that in the construction of weighted
Voronoi regions, the abundance of the protein spots in the proteomics maps is only
one of contributing factors, and one no longer needs to use diagonal elements of the
adjacency matrix to include information on the third coordinate of the triple (X, y, z).
This is a profound novelty as it illustrates how data from a 3D space, which is the
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Conc. 0.01 Conc. 0.1

Conc. 0.03 Conc. 0.3

Fig. 7 Voronoi regions for the 20 most abundant protein spots of the protomics maps of mice liver cells as
reported by Anderson et al. [7] for the concentration of 0.003 of LY 171883 in animal food

natural space for depicting triplets (x, y, ), can in some situation, as is one illustrated
here, be reduced to visual information in 2D space. This for itself would be enough to
advertise this novelty, but since we are interested in further developments of numerical
characterizations of proteomics maps we will continue to explore this novel approach
in order to see if it can be of help in analyzing of experimental data of proteomics
maps and in showing possible hidden features of such maps.

5 Use of weighted Voronoi regions for analyzing a set of related proteomics
maps

We decided to revisit the data of Anderson et al. [7], who investigated effects of perox-

isome proliferators on protein abundances in mouse liver, and reported on variations in
abundances of liver cell proteins under variation of peroxisome proliferator LY 171883
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\ ~

Fig. 8 Weighted Voronoi diagram for the maximal of LY 171883 concentration of 0.6 in mice food

with gradual change of concentration of LY 171883 from 0.003 to 0.6 (a total of six
concentration steps). A few years ago, Randi¢ and Estrada [11] examined their results
but focused the attention solely to abundances, ignoring the information on the (x, y)
coordinates (that define the proteomics maps, but are irrelevant for the cell proteome).
In doing this, they were able to observe a J-shaped dose-response curve, typical of
hormesis, thus demonstrating for the first time hormesis at the cellular level. A few
years later by re-examining an earlier graph in a theoretical characterization of pro-
teomics maps by Randi¢ et al. [21] it was found the same J-shaped dose-response
curve, which was thus hidden in proteomics map data but was not recognized at that
time, 2 years before the paper of Randi¢ and Estrada [11], and was only rediscovered
around 7 years later, when writing a review article on graphical representation of pro-
teins, published in Chemical Reviews [2]. It is of interest therefore to see if this novel
approach to abundances in proteomics maps will lead to similar results as reported in
refs. [2,11], which we will examine in this section of the article.

In Fig. 6 we show the map of the multiplicatively weighted Voronoi diagram for
LY 171883 concentration 0.003, the smallest concentration used in the experiment of
Andersen at al. It is interesting to compare this diagram with that of the control group,
shown in Fig. 4. It is pleasing to see that the two diagrams are very similar, even
though, when one looks to details, there are significant differences. A comparison of
Figs. 4 and 6 shows that the approach using weighted Voronoi regions appears to be
sound and in no way chaotic. Though the changes between the two maps are small,
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Fig. 9 Plot of the leading eigenvalue of the adjacency matrices of weighted Voronoi regions against the
concentration of LY 171883 in mice food

they are sufficient to alter several adjacency relationships. Thus the spots 13 and 18
became isolated, while the adjacency of the regions 6 and 9 was disrupted. On the
other hand, regions 1 and 7 that were disjoint in the map of the control group, are now
adjacent. Briefly, all this is a consequence of changes in abundances of the spots after
a very small dose of LY 171883 was introduced into animal food.

In Fig. 7 we show the maps of weighted Voronoi diagrams for LY 171883 for con-
centrations of 0.01, 0.03, 0.1 and 0.3 and in Fig. 8 is the diagram for the maximal
concentration of 0.6 of LY 171883 in mice food. Observe that gradual change of the
concentration makes gradual changes in Voronoi diagrams that allow one to follow
the changes, but the last two steps are larger and so are the changes in the Voronoi
diagrams.

In conclusion we may say that while the abundances in proteomics maps change
chaotically (that is, in a non-predictive manner) the differences in maps for in-between
cases are not chaotic and allow one to identify regions of the diagram without many
difficulties. The maps allow one to see which spots have increased, decreased or even
drastically increased or decreased their abundance as concentrations varied. Thus
clearly adjacency matrices of weighted Voronoi regions are sensitive to variations
in abundances of different spots. However, of prime interest is to see whether such
changes are reflected in changes in selected matrix invariants that may tell us some-
thing about the trends in otherwise apparently chaotic variations of individual spot
abundances with changes in concentrations of LY 171883.

In order to see if the already observed hormesis at the proteome cell level can be
detected by this new approach, we calculated the leading eigenvalue (1) of the novel
20 x 20 adjacency matrices which are listed bellow:

Conc. 0 0.003 0.01 0.03 0.1 0.3 0.6
Al 4.978 4.796 4.272 4.692 5.392 5473 5.429
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The graphical representation of the variation of the leading value of the adjacency
matrix of weighted Voronoi regions versus concentration is shown in Fig. 9. This
result is pleasing as it agrees with the two previously reported dose-response curves,
particularly as the three approaches, this one included, are based on related but distinct
theoretical models.
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