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Abstract. This work presents a collaborative clustering approach, allowing to take into account another classifications
results without recourse to the data in an unsupervised learning context. The approach is presented in the case of
Kohonen Self-Organizing Maps and valid for all prototypes based classifications. Having a collection of distributed
datasets on several different sites, the problem is to cluster each of these datasets by considering only the local data and
the distant classifications from other collaborative datasets, without sharing the data among different centers (datasets).
For this purpose, our approach is divided into two steps: a local and a collaboration step. The local step uses the classical
algorithm of Kohonen, local and independently on each of datasets, which will result in obtaining a SOM map (Self
Organizing Map) for each of those bases. The collaboration step would be collaborating each dataset with all the SOM
maps associated with other databases obtained from the local step. The article presents the formalism of the approach
and its validation.

1 Introduction

In this work we address the problem of clustering and specifically the collaborative clustering using prototypes based clas-
sification models allowing visualization of discovered clusters. With a collection of distributed data on several different
sites, the problem is to cluster each of these datasets by considering only the local data and the clustering results obtained
from other sites in order to enhance/enrich the local classification, without the need for sharing data between different
centers.
We propose two approaches for the collaborative clustering between several classifications from multiple distant datasets.
The first method is the horizontal approach for collaboration of datasets that describe the same objects but with different
variables. This approach can be seen as a multi-view clustering where the treatment is done on multi-represented data,
i.e. the same set of objects described by several representations (variables). The second collaborative approach is called
vertical for the collaboration of several datasets containing the same variables but with different objects. During the col-
laboration step, we do not need the datasets but only of the results of distant classifications. Thus, each site uses its dataset
and the information from other classifications, which would provide a new classification that is as close as possible to that
which would be obtained if we had centralized the datasets and then make a clustering.
In this study, we assume that we have a collection of existing datasets at different sites. This could include data describ-
ing customers of banking institutions, stores, or medical organizations. The datasets could include data about different
individuals. They could represent the same people but with different descriptors (variables), reflecting the activities of the
organization. The ultimate goal of every organization is to find out some key relationships in the dataset. This discovering
could be finest by taking into account the dependencies between the different analysis carried out by various sites, in order
to produce an accurate view of the global hidden structure in different datasets without having direct access.
The Collaborative Classification is an emerging problem in data mining and only some work on this subject have been
made in the literature [CK1, P1, PR1, SG1]. The approach proposed in this paper is based on the work on the Fuzzy
c-means collaborative clustering [P1, PR1] and introduces the concept of the self-organization firstly introduced in the
self-organizing maps of Kohonen (SOM: Self Organizing Maps) [K1].
The rest of this paper is organized as follows: we present the principle of collaborative classification in Section 2. Our
proposed collaborative approaches (vertical and horizontal) are presented in sections 2.1 and 2.2. In Sections 3 and 4, we
present different results and, finally the paper ends with a conclusion and some future works for the proposed methods.

2 Collaborative Clustering

According to the structure of datasets to collaborate, there are three main types of collaboration principle: horizontal,
vertical and hybrid collaboration [P1, PR1]. In this work, we are particularly interested in horizontal and vertical collabo-
rations.
Horizontal collaboration is most difficult, since in such cases, the datasets are described in different spaces: each dataset is
described by different variables, but has the same observations (objects) as other datasets. In this case the problem is how
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to collaborate the clusters derived out of a set of classifications from different characteristics? The vertical collaboration
consist in collaborating the clustering results obtained from different datasets described by the same variables, but having
different observations.
In this work, we study the collaboration between several clustering results, especially the collaboration between several
self-organizing maps.

2.1 Horizontal collaboration

In the case of a horizontal clustering, all datasets are described by the same observations but in different spaces of de-
scription (described by different variables): the same number of objects but a different number of variables. The main idea
of the horizontal collaboration principle between different SOM maps is that if an observation from the ii-th dataset is
projected on the j-th neuron in the ii-th SOM map, then that same observation in the jj-th dataset will be projected on
the same j neuron of the jj-th map or one of its neighboring neurons. In other words, neurons that correspond to different
maps should capture the same observations. Therefore we added to the classical SOM objective function an additional
term reflecting the principle of collaboration:
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where P represents the number of datasets (or the classifications), N - the number of observations, |w| is the number of
prototype vectors from the ii-th SOM map (the number of neurons). χ (xi) is the assignment function which allows to
find the Best Matching Unit (BMU), it selects the neuron with the closest prototype from the data xi using the Euclidean
distance. K

[cc]
σ(i,j) is the neighborhood function on the SOM [cc] map between two cells i and j.

Algorithm 1: The horizontal collaboration algorithm

Fix the collaboration matrix α
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1. Local step:
For each dataset BD[ii], ii = 1 to P :

Find the prototypes minimizing the classical SOM objective function:
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2. Collaboration step:
For the horizontal collaboration of the [ii]-th map with the [jj]-th map:

Update the prototypes of the [ii]-th map minimizing the objective function of the horizontal collaboration:
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The nature of the neighborhood function K
[cc]
σ(i,j) is identical for all the maps, but its value changes from one map to

another: it depends on the closest prototype to the observation that is not necessarily the same for all the SOM maps.
Indeed, during the collaboration with a SOM map, the algorithm takes into account the prototypes of the map and its
topology (the neighborhood function). The horizontal collaboration algorithm is presented in Algorithm 1. The prototype
vector (w∗[ii]

jk ) updating is an iterative updating using a fixed number of iterations (t parameter).
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2.2 Vertical collaboration

Contrarily to the horizontal collaboration, in the vertical case, all the datasets have the same variables (same description
space), but have different observations. In this case, the observations of these datasets are of equal size, and the size
of prototype vectors for all the SOM maps will be the same. The basic idea of the collaboration in this case is the
following: a neuron j of ii-th SOM map and the same neuron j of the jj-th map should be very similar using the
Euclidean distance.

Algorithm 2: Vertical Collaboration algorithm

Fix the collaboration parameter α
[jj]

[ii]

1. Local step:
For each dataset BD[ii], ii = 1 to P :

Find the prototypes minimizing the classical SOM objective function:

w∗ = arg min
w

[
R
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]
2. Collaboration step:
For the vertical collaboration of the [ii]-th map with the map [jj]:

Update the prototypes of the [ii]-th map minimizing the objective function of the vertical collaboration:
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In other words, neurons that correspond to the different maps should represent groups of similar observations. Formally,
we have achieved the following new objective function:
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The vertical collaborative learning algorithm in this case arises under the scheme given by Algorithm 2. As for the
horizontal collaboration, in this case the updating of the prototype vector (w∗[ii]

jk ) is made for each fixed t iteration during
the collaboration step.

3 Experimental results

To evaluate our proposed collaborative approaches we used several datasets of different size and complexity. Especially in
the validation, we will give more details on the waveform dataset to illustrate the principle of the proposed approaches. The
used datasets are the following: waveform, Wisconsin Diagnostic Breast Cancer (wdbc), Isolet, Madelon and Spambase
[AN1].
As criteria to validate our approach we used the quantization error (distortion) [K1, JMF1] on many maps of different
sizes and the purity index [VA1] for each SOM map.

4 Interpretation of the approach on the Waveform dataset

To simplify the interpretation of the collaboration principle, in this example, we place us in the case of a collaboration
between four sites.

We divided the waveform dataset size 5, 000 × 40 in four databases: the first and the second part of the dataset
2 × (5000 × 10) which correspond to all the relevant variables and the third and fourth part 2 × (5000 × 10) containing
the noisy set of variables. Note that the first 20 variables from the waveform dataset correspond to relevant features and
the last 20 - to noisy variables. We use these four datasets to show the whole process that would collaborate these data in
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(a) SOM1 (b) SOM2

(c) SOM3 (d) SOM4

Fig. 1. Visualization of the prototypes after the first local step (classical SOM)

a horizontal manner. The collaboration matrix has been set to identity to give the same confidence for different sites. The
structure of the SOM maps to learn for each of the dataset is also fixed. We selected SOM maps of size 10× 10. Then we
achieved the local step of the proposed approach on all four datasets which is to learn a SOM map for all observations of
these datasets.

The Figure 1 represents the prototypes vectors obtained on all the four datasets after the local step of the new learning
approach. For all the figures, both axes X and Y represent respectively the indices of variables and prototypes for these
maps. The figure 1(a) and 1(b) correspond to the maps which contain the relevant variables from the waveform dataset
(1-20) which are represented by the red (darker) color and have an index of purity of 75.71% and 79.61% respectively.
Thereafter we applied the principle of the horizontal collaboration to exchange the clustering information between all the
maps without using the original data. The Figure 2 illustrate an example of the collaboration between the 1st and 4th
datasets. After the collaboration of the first dataset with the irrelevant SOM4 map, the purity index decreased to 64.17%
(Figure 2(a)) because the SOM1 map (75.71%) has used the information from a noisy map (SOM4) with a very low purity
index (51.26%). Contrarily, by applying the collaboration step in the opposite direction, the purity index of the SOM4→1

map increased to 56.18% (Figure 2(b)) thanks to the collaboration with the relevant SOM1 map (75.71% of purity).

(a) SOM1→4 (64.17%) (b) SOM4→1 (56.18%) (c) SOM1→4(2) (66.84%)

Fig. 2. Horizontal collaboration between the datasets 1 and 4 with their indices of purity

The collaboration of a noisy map with a relevant map leads to an improvement in its quality (the purity index). To
increase the influence of the relevant map in the collaborative process, the collaboration parameter must be improved for
the map with a higher purity and decreased for the irrelevant map to weaken its contribution during the collaboration
learning process.
For example, through a collaboration between the irrelevant SOM4 map and the relevant SOM1 map with the collaboration
index fixed to [0.2, 8] we have improved the purity index from 51.26% to 66.84% contrarily to 56.18% with α=[1, 1].
This transformation can be observed on the prototypes of the map shown in Figure 2(c) in comparison with the map of
the Figure 2(b). The collaborative process changes the noisy variables (Figure 1(d)) into relevant variables (Figure 2(c)).

In the case of vertical collaboration based on waveform dataset, we divided this database into 4 sets, but unlike the
horizontal collaboration, the division was made randomly on the observations. We therefore obtained four datasets of
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size 1250 × 40 and we set the collaboration parameter to 1 (identical in the both directions). We note that in most cases,
the purity index increases for the maps obtained after the collaboration with the most relevant maps, as is the case for
SOM2→1 (from 87.75% to 87.93%), SOM3→4 (from 90.04% to 91.12%), SOM1→4 (from 87.75% to 88.46%) and
SOM2→3 (from 87.75% to 87.93%).

4.1 Validation on other datasets

We applied the same experimental protocol to other datasets and all computed indices are presented in Table 1, for
horizontal and vertical collaboration respectively.

Table 1. Experimental results on different datasets

Dataset Map horizontal collaboration vertical collaboration
Purity qe Purity qe

Wdbc SOM1 94.95 1.99 96.71 90.54
SOM2 97.27 2.07 97.87 67.60

SOM1→2 95.77 1.84 96.99 71.49
SOM2→1 97.32 1.94 97.49 61.47

Isolet 5x5 SOM1 81.20 12.61 98.85 8.19
SOM2 95.12 14.45 98.46 8.76

SOM1→2 81.39 12.21 79.54 8.34
SOM2→1 96.06 14.18 98.30 8.78

Madelon SOM1 60.88 15.58 69.71 61.23
SOM2 62.64 15.50 69.87 61.15

SOM1→2 61.01 15.48 74.57 59.59
SOM2→1 63.57 15.40 70.71 59.55

SpamBase SOM1 83.86 3.45 76.26 61.83
SOM2 85.72 2.55 70.43 48.27

SOM1→2 84.17 3.23 72.28 45.98
SOM2→1 83.59 2.41 69.78 36.74

From the Table 1, we note that the purity index of the SOM maps after the horizontal collaboration increases for each
dataset and the quantization error (qe) decreases. This is due to the use of the information from the maps related to the
collaborative datasets.
For the vertical collaboration approach, these results show that the purity of maps and the quantization error is not always
improved when collaborating the maps, and depends strongly on the relevance of the collaborative map (the quality of the
collaborative classification) and on the confidence on this map (the collaboration parameter). This conclusion corresponds
to the intuitive understanding of the principle and to the consequences of such cooperation.
In this section, we pointed out that our two proposed approaches: horizontal and vertical collaborative clustering often im-
prove the quality of the maps (the purity index and the quantization error) after the collaboration, which is very promising
for a collaborative clustering process from distant sites.

5 Conclusions

The collaborative classification allows the interaction between the different sources of information for the purpose to de-
tect)the underlying structures and the regularities from the datasets. In this study, the proposed collaborative approaches
have been designed under the assumption that each dataset has the same number of prototypes. Although not particularly
limited, in some cases, this condition could be relaxed.
We have proposed two approaches for collaborative clustering between several classifications from multiple distant
datasets. The proposed horizontal learning approach is adapted for collaboration between datasets that describe the same
observations but with different variables. Contrarily, the vertical collaborative learning approach is adapted to the problem
of collaboration of several datasets containing the same variables but with different observations. During the collaboration
step, we do not need the datasets but only the results of the distant classifications. Thus, each site uses its dataset and the
information from other classifications, which would provide a new classification that is as close as possible to that which
would be obtained if we had centralized the datasets. Several perspectives can be considered for this work as: to estimate
the confidence parameters during the collaborative learning process, instead of fixing them; to combine the horizontal and
the vertical collaborative approach in order to design a new hybrid collaborative approach; to fusion all the classifications
obtained after the collaboration and to build a consensus classification for all the distant sites.
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