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Abstract
The Self-Organizing Map (SOM) is an ecient tool for
visualization of multidimensional numerical data. One
of the tasks it is used for is correlation hunting. In this
paper we present a simple method to enhance correlation hunting in the case of a large number of variables.
Dierent variations of the method - component plane reorganization - are evaluated on a complex test data. The
purpose is to somewhat validate the use of SOM in correlation hunting and to evaluate the strengths and weaknesses of dierent reorganization procedures. A case with
a real world data is also presented to show the usefulness
of the method.

1

Introduction

Data mining is an emerging area of new research efforts, responding to the presence of large databases
in commerce, industry, and research. It is also a title
for a large number of widely divergent methods ranging from relational learning to neural networks and
is, as such, part of a larger framework, Knowledge
Discovery in Databases (KDD) [3]. Data mining is
an interactive process requiring that the intuition
and background knowledge of humans are coupled
with the computational eciency of modern computer technology. For this reason visualization is a
very important part of data mining.
The Self-Organizing Map (SOM) [6] is a neural network algorithm based on unsupervised learning.
The SOM implements an ordered dimensionalityreducing mapping of the training data. It has several
benecial features which make it a useful method
in data mining. The map follows the probability
density function of the data, is readily explainable,
simple and - perhaps most importantly - easy to
visualize. The SOM has proven to be a valuable tool
in data mining and KDD [2, 5, 8].

In this paper one aspect of the use of SOM in data
mining is inspected: correlation hunting. The term
correlation does not encompass only linear correlations, but also nonlinear and local or partial
correlations between variables. The term hunting
is used because visualization is used as the primary
tool, and the nal assessment of a connection between variables is done by the human rather than by
the algorithm.
Correlations are hunted from the component planes
visualization of the SOM: similar patterns in identical positions indicate correlation between the respective components (variables). This kind of pattern
matching is something that the human eye is very
good at. However, when the number of variables
is large (a few dozen or more), the pattern matching becomes a rather tedious process. To aid it, the
component planes can be organized so that possibly correlated components are close to each other.
In the subsequent sections several variations of this
basic scheme are considered and tested on a complex test data set. A case of a real-world data set is
also presented to demonstrate the usefulness of the
method.
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2.1

Methods
Self-Organizing Map

The SOM is formed of neurons located on a regular
low-dimensional grid (usually 1D or 2D). Higher dimensional grids are also possible, but they are not
generally used since their visualization is problematic. The lattice of the grid can be either hexagonal
or rectangular. Each neuron i of the SOM is an ndimensional prototype vector i = [mi1 ; : : : ; min ],
where n is equal to the dimension of the input space.
On each training step, a data sample is selected
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and the unit c closest to it (the best-matching unit,
BMU) is located from the map. The prototype vectors of the BMU and its neighbors on the grid are
moved towards the sample vector:
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where (t) is learning rate and hci (t) is a neighborhood kernel centered on the winner unit c. Both
learning rate and neighborhood kernel radius decrease monotonically with time. During the iterative training, the SOM behaves like a exible net
that folds onto the cloud formed by input data.
2.2

Component planes

The fact that the prototype vectors are organized on
a low-dimensional grid makes their visual inspection
easy. One way of doing this is component plane
representaion. Each component plane of the SOM
consists of the values of the same component in each
prototype vector. Thus, they can be thought of as a
sliced version of the map. The component planes
are typically visualized by giving each map neuron a
color according to the relative value of the respective
component in that neuron. By plotting all component planes and comparing them with each other,
correlations between variables can be seen.
The order of the component planes is usually that
of the order of the variables in the vector. However,
when the number of components is large, the sheer
number of component planes makes it dicult to discern which planes resemble each other (Figure 4(a)).
The task can be made easier if the component planes
are reorganized so that the correlating ones are presented near each other (Figure 4(b)). To do this, the
component planes, or some representation of them,
is projected on a plane. The projection could be
done using, e.g., Sammon's mapping [7] or another
SOM.
If the SOM is used, the projection of each component
plane is the location of its BMU. To prevent several
component planes from being assigned to the same
place a simple procedure is applied: for any unit
with multiple component planes, the worst matching of them is moved to its next-best-matching unit.
This is repeated until no two component planes are
in the same location. The use of a SOM for the componet plane projection gives an important benet
thatw the placements of the component planes can
be shown on a regular grid. However, as these placements are limited due to the grid, they may not be
as correct as in Sammon's mapping or PCA. One

of the goals of this paper is to investigate whether
this is a serious problem.
The choice of the component plane representation allows several variations to this basic procedure. There
are two possibilities for the initial representation of
the component planes:




the component plane itself is transformed into
a vector and normalized to unit length to ignore dierent scalings of components (CP)
the average dierence in component values
(distance) of each unit with respect to its
neighbors is calculated and processed as above
(DtN). The motivation of this is that large cooccuring changes (positive or negative) in two
components imply that they are connected.

The vectors thus gained can either be used as such,
or they can be further processed by calculating the
covariance matrix of the representation vectors, taking the absolute value, and using these as data
(|cov(CP)|, |cov(DtN)|). By taking the absolute
value components having strong inverse correlation
are also projected near each other, which is desirable.

3 Experiments
The variations of the proposed method obviously
highlight dierent features and therefore produce
dierent results. The purpose of the experiments
was to compare them with each other and to determine their sensitivity to noise in the input data.
The data set used in the tests contained 1000 data
vectors with 17 components. The rst three components (x; y; z ) were independent variables with
uniform distribution between [0; 1]. The other variables were dierent functions of one, two, or all of
them. In some variables the rst 500 samples had
a dierent dependence than the last 500. The dependent variables are presented in Figure 1. Some
noise was also added to the data (signal to noise
ratio (SNR) of 1, 10, 2 and 1).
Three map sizes were used: 6  4; 18  12, and 36  24
units. Two dierent representations of the component planes was used: |cov(CP)| and |cov(DtN)|,
introduced inthe previous section. These representations were then projected on a plane using three
projection algorithms: Principal Component Analysis (PCA) [1], Sammon's mapping and the SOM.
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1 and 0 respectively). In a correct placement the
distance to the variables of which the component depends on must be smaller (by a certain amount) than
to the other primary variables. In a wrong placement, the distances are in opposite order. For example, in Figure 2 (c) in the upper left corner variable
4y 2 clearly is much closer to y than x or z , so its
ranking would be correct. However, even though
the variable [x; x 1] in the lower right corner is
closer to x than y or z , the fact that the distance
between the variable and x is not small enough compared to distance between the variable and z gives
it ranking acceptable. On the other hand, since
the variable cos(10x) up in the middle of the gure
is closer to z and y than x, its ranking would be
poor. The ranking values were averaged over ten
test runs. This test shows us how the methods could
indicate dependencies between variables. Note, however, that the test results should not be taken as the
absolute truth. The test method is very heuristic,
and furthermore using distances as the indicator of
correctness is not exactly proper since our primary
interest is on visual impression.
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Figure 1: The dependent variables as a function of
the primary variables (x, y, z): 2x (a), x + y (b),
x+y+z (as a function of x and y only)(c), (x+0:01) 1
(d), 4y 2 (e), tanh(10x 5) (f), cos(10x) (g), zsin(3x)
(h), xy (i), z=(x + 0:1) (j), (x y )3 (k), [x; y ] (l),
[x; x
1] (m), [x; 1
x] (n).
For reference also a random placement of components and placement using values of the component
planes as such (CP) for the representation were considered.
Reaching the objective of positioning components
with a connection near each other was tested with
a heuristic test: for each of the 14 derived variables,
the distance between the placement of the dependent
variable and each of the three primary variables was
calculated. Based on relations between the three distances it was determined whether the placement was
correct, acceptable or wrong (ranking values 2,
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Results

The average rankings using dierent approaches are
shown in Figure 3. When calculating the eect of a
certain parameter, the rankings were averaged over
all other parameters (e.g. when the eect of the
map size was studied, the results were averaged over
noise, representation type and projection algorithm).
Furthermore, random placement and CP representation were excluded in the averaging, since were
only included in the tests for reference. As seen from
Figure 3(d), the average for random positioning is
about 0.4. Thus, results higher than 0.6 can be considered adequate, and results over 1 good.
From Figure 3(a) it can be seen that while noise
degraded the results, the average rankings were still
pretty good for a number of variables even with SNR
of 1.
The eects of dierent map sizes can be seen from
Figure 3(b). The results show two tendencies: some
variables fare best with smaller maps but the rest,
especially non-monotonic functions [x; 1
x] and
cos(10x) have best results with the middle sized map.
Presumably the small map averages too much, and
the biggest map is eected too much by the noise.
Corresponding tendencies can be seen from Figure 3(c): for the non-monotonic variables |cov(CP)|
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fails, but |cov(DtN)| still works.
The choice of the projection algorithm (SOM,
PCA or Sammon) had very little importance (Figure 3(d)). This is nice because it shows that the SOM
can be used as the second-level projection algorithm.
This is convenient because of the straightforward visualization of the SOM.
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When compared with a simple correlation analysis by calculating the covariance matrix from the
data (results not shown in this paper), the proposed
method had both advantages and disadvantages. In
some cases, when the covariance matrix correctly indicated dependency between variables, the proposed
method fared poorly. However, the covariance matrix is much more sensitive to noise, and fares poorly
in non-monotonic cases, e.g., cos(10x). Therefore,
the proposed method should be used in addition to
normal correlation analysis.
Visual examination of the maps brought up some
issues that our heuristic evaluation method missed.
One such is that we ignored correlations between
derived variables: for example variables (x + 0:01) 1
and z=(x + 0:1) seemed to be very close to each other
in the projections.

[x; y] x+y
x*y

4y

Discussion

z/(x+0.1)

Another way of looking for dependencies or correlations from the data would be to use scatter plot
for each pair of variables in a Grand Tour. Since,
in the proposed method each variable need only be
visualized once, the number of plots is reduced from
n(n 1)=2 to n. From this kind of visualization it
is easy to select interesting component combinations
to be investigated further. Furthermore, using color
to link the map and scatter plots of component pairs
together makes it possible to identify partial correlations with clusters on the map [4].

x
[x; y]

−2x

tanh(10x−5) [x; x−1]

(c) SOM
Figure 2: Examples of typical projection results for
dierent projection algorithms. In PCA and Sammon's mapping the variables can move freely which
may cause overlapping. The SOM, on the other hand,
enables the direct visualization of the component
planes themselves, since they will not overlap.
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Case: Hot strip mill data

The proposed method was also tested for a real
world data. The data set used was collected from
Rautaruukki's hot strip mill in Raahe. It included
information about chemical content, casting machines, re-heating furnaces, process conditions, and
end product quality of about 4000 hot rolled microalloyed strips. The data was analysed in order to nd
out dependencies between the variables.

Effect of map size
2

1.5

1.5
Average ranking

Average ranking

Effect of noise
2

1

0.5

0

1

0.5

SNR=inf SNR=10 SNR=2

0

SNR=1

[6x4]

[18x12]

(a) Noise

(b) Map size

Effect of projection algorithm
2

1.5

1.5
Average ranking

Average ranking

Effect of representation type
2

1

0.5

0

[36x24]

1

0.5

|cov(CP)|

|cov(DtN)|

(c) Representation

CP

0

SOM

PCA

Sammon random

(d) Projection

Figure 3: The results of the experiments. Each bar chart shows the results averaged over all other parameters,
except the one under observation. Each bar shows the average result for one variable (the order is the same as
in Figure 1). Note that average ranking of about 0.4 corresponds to the result of random positioning, as seen
from bottom right gure. Results higher than 0.6 can be considered adequate, and results over 1 good. For
example, in the upper left gure in the rst group of bars (where there was no noise in signals) the leftmost
(black) bar represents variable 2x averaged over map size, representation type (excluding CP) and projection
algorithm (excluding random placement). It can be seen that its ranking value is about 2, so the placement
of the variable was good, regardless of the other parameters used. On the other hand, in the same group the
third (light gray) bar from the left, representing variable [x; y ], shows ranking value of only about 0.2. So, the
placement of the variable was poor throughout.

(a)
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Figure 4: Correlations between components can be searched from the component planes visualization in Figure
(a). The task is easier if the planes are reorganized so that component planes which seem to be correlated are
placed near each other, as in Figure (b).
In the study component plane reorganization was
used together with traditional correlation analysis. Both of the representation types (|cov(CP)|,
|cov(DtN)|) were used. Only the SOM was used
as a second level projection method because of its
quick and easy visualization. In Figure 4 the component planes are reorganized illustrating the benet
of using the method.
As a result several global linear correlations, most
of which were already known or otherwise uninteresting, were found. However, some of them, in
addition to a few local correlations turned out to
have some valuable information. No nonlinear correlations could be found, but that was probably more
due to the nature of the data than incapability of
the methods.
Summa summarum, component plane reorganization
proved to be a very useful method in nding both
global and local correlations. Its biggest contribution
for the analysis was the detection of the local correlations since traditional correlation analysis could not
nd them. Furthermore, in this case they were the
most interesting ones, since in further analysis they
revealed some detailed information about, e.g., the
problems with dierent products under dierent process conditions.
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