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Abstract The aim of this work is to develop a visualization method for multilevel-multigroup
analysis based on a multiway nonlinear dimensionality reduction. The task of the method is
to visualize what kinds of members each group is composed and to visualize the similarity
between the groups in terms of probability distribution of constituent members. To achieve
the task, the proposed method consists of hierarchically coupled tensor self-organizing maps
(TSOMs), corresponding to the member/group level. This architecture enables more flexi-
ble analysis than ordinary parametric multilevel analysis, as it retains a high level of in-
terpretability supported by strong visualization. We applied the proposed method to one
benchmark dataset and two practical datasets: one is the survey data on the football players
belonging to different teams and the other is the employee survey data belonging to different
departments in a company. Our method successfully visualizes the types of the members
that constitute each group as well as visualizes the differences or similarities between the
groups.
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1 Introduction

To analyze survey data obtained from multiple groups, it is not easy to grasp the whole
image of the data, because we need to analyze it at both individual level and group level,
and to find out the relation between them. The aim of this study is to develop a visualization
method for multigroup dataset based on the self-organizing map (SOM), which enables us
to understand the whole image of the dataset intuitively.

A typical example is a psychological investigation of sports players belonging to differ-
ent teams. To discover knowledge from the dataset, we need to know the psychological state
of each player by finding out the factors representing the states. We also need to know how
each player is similar or different to others by comparing their psychological states, and to
compare the teams in terms of their constituent players. Another example is a morale survey
of departments in a company, in which the task is to analyze the departments in terms of the
morale states of constituent employees. We often encounter such kind of datasets at schools,
at local governments, and so on.

The simplest method for group analysis is to use the mean value of the constituent
members. In this case, the individual data are averaged over the members for each group,
which is regarded as the feature vector of the group [1]. This approach is convenient if the
mean value represents the members’ property well. However, if the data distribution is not
unimodal, this approach produces false results. For example, if the members of a group
form some distinct clusters, then the average only represents the intermediate point between
clusters, and there may not be any members around the mean point. This approach can
be extended to other parametric models such as linear regression or principal component
analysis (PCA), by which the obtained model parameters are regarded as the feature vector
of each group [1]. Even in these cases, the obtained parameters also need to represent the
member distribution well.

The alternative is to use a nonparametric representation such as a histogram. Like the
cases of Bag-of-Features (BoF), the obtained histograms are regarded as the feature vectors
of the groups. This provides a more flexible representation than the parametric approach,
but is only available for low dimensional cases. To overcome this limitation, a combina-
tion of nonparametric representation and dimensionality reduction is required. Thus, high
dimensional data are mapped to a low dimensional latent space in advance, and the data
distributions in the latent space are estimated by a nonparametric model [2]. This approach
seems to be promising, but it sacrifices the interpretability of the results, especially in non-
linear cases. Thus, one can see the member distribution in the latent space, but it is not easy
to grasp the member property from the low dimensional expression.

In this paper, we introduce a multiway nonlinear dimensionality reduction based on the
tensor SOM (TSOM) [3]. TSOM is a nonlinear tensor decomposition method to analyze
relational dataset, and it visualizes a relational dataset by producing two (or more) maps.
Though designed to analyze relational datasets, the TSOM can also visualize ordinary high
dimensional datasets by regarding them as relational ones. In this case, the TSOM produces
a map of the target objects and a map of the data components, with the latter visualizing
the intrinsic factors underlying the data. Thus, the TSOM enhances the interpretability of
high dimensional datasets. By introducing the TSOM to multilevel-multigroup analysis, we
achieve both a tractable representation of the member distributions and a interpretable result.

Furthermore, the TSOM can be employed to visualize the groups, as the member—group

affiliations are represented by relational data. As a result, the entire architecture becomes a
hierarchical network of two TSOMs, one for the member level analysis and the other for
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the group level analysis. Using the TSOM network, multilevel-multigroup analysis can be
executed in a consistent and seamless manner.

The remainder of this paper is organized as follows. Sec. 2 formulates the task, before
the algorithm is described in Sec. 3. In Sec. 4, some visualization methods are introduced.
Related works are summarized in Sec. 5. In Sec. 6 reports the experiment results of this
method. The last section is the conclusion of this study. Some preliminary results were
reported as a conference proceeding [4].

2 Problem formulation

As a typical example, let us consider a case where a questionnaire survey is conducted on /
members with J rating queries. Thus the dataset becomes a matrix X = (x;;) € R/ Suppose
that there are K groups, and each member belongs to at least one of the groups. (Duplication
is allowed.) This member—group affiliation is represented by a matrix Y = (yy) € {0, 1)K,
where y; = 1 if the ith member belongs to the kth group, and otherwise y; = 0.

The aim of the proposed method is to visualize the relationships between the members,
the groups, and the queries by mapping them to low-dimensional latent spaces i.e., member-
map, query-map, and group-map, respectively. Thus, our task is to estimate the three latent
variable sets {ngember)}’ {z(.query ) }, {z,((gmum } This task consists of two subtasks, corresponding
to the member-level analysis and the group-level analysis.

In the member-level analysis, the subtask is to estimate the latent variables {z(.member)},

1

{z;q”ery ) }, and a smooth nonlinear map f, so that the observed data is approximated as

Xij = f(zgmember), Z;query)). (1)

After these latent variables are estimated, the member distribution of each group is charac-
terized by a probability density in the latent space. Here let py(z(™™®") denote the member
distribution of the kth group.

In the group-level analysis, the subtask is to estimate the latent variable {z,({gmuP )} and a
nonlinear smooth map ¢, so that the member distribution of the kth group is represented as

(member)) ~ (member) | Z]igroup))' (2)

pi(z q(z

3 Architecture and Algorithm
3.1 Architecture

In an ordinary SOM, the latent space (map space) % is discretized to grid nodes, and a ref-
erence vector is assigned to every node. If the latent space is discretized to 2 = {{},...,{;},
then the SOM has L reference vectors {fj, ..., f;}. In the case of the TSOM of order 2, the
TSOM has 2 latent spaces 21, Z'® which are discretized to L and M nodes respectively, as
in the ordinary SOM. However, unlike the conventional SOM, the reference vectors of the
TSOM are assigned to all combinations of 2 nodes. Thus, there are L X M reference vectors
f11,.... £} [31

The proposed architecture for multilevel-multigroup analysis consists of two TSOMs
of order 2, one for the member-level and the other for the group-level (Fig. 1). Suppose
that three latent spaces g, (member) ey (query) . (eroup) are discretized to L, M, N nodes respec-

tively, and {{Emember)}, {lavem)y (80 are the positional vectors of the nodes. In the
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Fig. 1 The architecture of the proposed method. Two TSOMs are coupled by sharing the member-map.

TSOM for the member-level analysis, reference vectors are assigned to all combinations
of {({ (memben) g 5,‘3““”)} so that fi,, = f({ ;member), £99)) 1 Then, the entire set of reference

vectors becomes a matrix F = (fj,,) € RPM, A row vector fl(member) = (fit,..., fin) and a

column vector £9°™ = (fi,.. .., fim) act as conventional reference vectors for members
and for queries, respectively.

Similarly, reference vectors in the group-level TSOM are assigned to all combinations of
{({ (memben) ¢ ;grou')))} so that gj, = (£ | £ Thus, the entire set becomes a matrix
Q = (g;n) € RPN In this case, a column vector q, = (1, ...,qr,) acts like a reference
vector for groups.

Besides these reference vectors, the algorithm includes the vectors ggmember) e RL,

g&quer") € RM and p; € RM. These play the role of data vectors for members, queries,

and groups, and are calculated in the algorithm.

3.2 TSOM for member-level analysis

The proposed algorithm consists of two stages: the member-level TSOM learns first, fol-

lowed by the group-level TSOM. The learning algorithm for the TSOM is the expectation-

maximization (EM) algorithm in a broad sense, with the E and M steps iterating alternately.
The learning algorithm of the member-level TSOM can be described as follows.

Initialization First, all latent variables {zgmember)}, {z(jq"ery)} are randomly initialized, and the

calculation time is set to ¢ = 0. After that the EM algorithm starts from M step.

1 Actually f;,, becomes a scalar here, but we call it a reference vector for consistent explanation.
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M Step F is calculated using Nadaraya-Watson kernel smoother:

1 J
flm — Z Z R(member)R(query)x”, (3)

i=1 j=1

(member) p(query)
where R;; ij

are given by

h ( {(member) (member))

(member)

li Zz h(g(member) (member))

“

(query) _ (query)
(query) _ & 2 )

mj - Z I §<query> (query))

(&)

Here h({,z) = exp (II{ —7)? /20‘2(t)) is the smoothing kernel, also referred as neighborhood
function in SOM literatures. o(¢) determines the kernel size, which is reduced gradually
with the calculation time ¢.

After calculating F, {gl(.member) } and {g(querw } are also calculated by
(member) (query)
l"’l Z R"’lj (6)
(query) Z R(member) (7)

E Step The best matching nodes of members and queries are determined. For the ith mem-
ber and the jth query, they are determined as follows:

l,* _ aI'g min ”g(member) fl(member)”z (8)

my = arg m1n||g

12
b (query) f’(r(l]uery ” ) (9)

(member) _ {(member) Zavery) _ é«(query)

Then the latent variables are estimated as z, 1 VZ;

These M and E steps are iterated until the TSOM reaches the steady state with a reduced
neighborhood size.

3.3 TSOM for group-level analysis

Once the first stage is finished, the group-level TSOM is trained.
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Initialization Before starting the learning process, the member distributions of groups {px}
are calculated by kernel density estimation as:

P = — ZR(member) (10)

where

h({(member) (member))
> (member)
Rli

an

Z h(z(member) (member)
r

»Z ]

and Ny is the number of the members belonging to the kth group. Note that p; represents the
probability density pi(z™™"), i.e., the member distribution of the kth group. After that the

latent variables {zﬁ(group )} are initialized randomly.

M Step In the M step, the reference vector Q = (qy,) is updated by

Z Rfiroup) ( 1 2)

where

h({;group)’ Z;(group))

R(group) —

i (13)

Zk’ h(gflgroup)’ z%roup)) .

Note that q,, represents the conditional probability g;, = q({?member) | £°9) Tt is assured
that q,, satisfies the axiom of the probability that it is nonnegative and the sum is 1, since
Nadaraya-Watson kernel smoother generates mixture distributions of {p}.

E Step The E step determines the best matching nodes. As p; and q,, represent probabilities,
the errors are evaluated by the cross entropy instead of Euclidean distance,

L
ny = arg max Z piIngy,. (14)
" =1

The latent variables are then estimated as z;(gmuP ) = gl

These M and E steps are iterated alternately until the group map converges.



Hierarchical tensor SOM network for multilevel-multigroup analysis 7

4 Coloring and exploring maps
4.1 Coloring

To discover knowledge from the generated maps, the maps can be colored by various ways.
The most common coloring method of SOM is U-matrix, which represents Laplacian of
f(z) [5]. By using U-matrix, regions with large differentials are emphasized in the map,
suggesting the cluster boundaries. In this paper, we used full-color representation for U-
matrix, by which the cluster boundaries are indicated by red (see Fig. 2 (a)—(c) and Fig.
4).

Another common coloring method is the component plane, which enhances the region
where the mapping f(z) takes large value [6]. In TSOM, the method is extended to Con-
ditional Component Plane (CCP), by which one of the maps is colored according to f,
while other latent variables are fixed as the condition [3]. For example, if one wants to see
the score distribution of members for a query, the member map is colored by regarding
f(z(memben Zlauery)y = f(z(memben) | zquery)y a9 3 function of z™e™beD | while @) gives the
condition. Thus the member map is colored according to the members’ score when a query
is specified by the position in the query map.

If one wants to see the property of a group, then the query-map is colored by the expec-
tation of CCP (ECCP), as

7(Z(QUeF}’)|Z(grouP)) = E ytmemben yterom) [ f(Z(Query)|Z(member))] ) (15)

Here f(z(9"y)|z(&ouP)) represents the average score of the members belonging to the group
Z(eroup).

In this paper, CCP and ECCP are represented by blue-red colors, where red/blue corre-
spond to high/low regions. For example, Fig. 2 (e), (f), (h), (i) are colored by CCP. Fig. 6
(c)—(e) and Fig. 7 (c)—(e) are also colored by CCP, while Fig. 6 (b) and Fig. 7 (b) are ECCP.

The last coloring visualizes a member distribution. Since g(z™e™be"|z(&°uP)) represents
a probability distribution at z&°'""), the member distribution of z&°'"P can be visualized
by coloring the member-map according to ¢g. In Fig. 2 (d) (g), the member distribution is
represented by monochromatic scale.

4.2 Interactive analysis by graphical user interface

To make the above analysis easier, we developed an interactive graphical user interface
(GUI) for TSOM network?. When a user wants to analyze the result with respect to a group,
all one need is to point the group on the map in the display. Similarly, when one wants to
analyze a member cluster, the score is indicated in the query map by pointing the cluster
position on the member map. With the help of the interactive GUI system, it is easy to grasp
the entire image of the multigroup dataset intuitively. This is an advantage of using TSOM
in such multilevel-multigroup analysis.

2 http://www.brain.kyutech.ac.jp/” furukawa/tsom/multilevel
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5 Related works
5.1 Multigroup analysis and multilevel analysis

In statistics, methods for simultaneous analysis of multiple datasets are called multigroup
analysis. In general, multigroup analysis estimates the common structure among groups,
and analyzes individual groups under the common structure. A representative is simulta-
neous component analysis (SCA) which is the extension of PCA for multigroup analysis
[7]. In SCA, the loading matrix is shared among groups as the common structure, while
the component scores are evaluated for each group. Various variations of SCA have been
developed [8—12]. Factor analysis and partial least squares (PLS) have been also extended
to multigroup analysis [13, 14]. From the viewpoint of multigroup analysis, the proposed
method projects all data points to the same nonlinear subspace as the common structure,
whereas SCA projects them to the common linear subspace.

While multigroup analysis mainly focuses to intra-group analysis under the common
structure, the methods focusing to inter-group analysis are called multilevel analysis [15]. In
the multilevel SCA (MLSCA), PCA is applied to analyze the inter-group distribution as well
as to analyze the intra-group distributions [1]. Many other hierarchical modeling methods for
multilevel analysis have been proposed [16—18]. From the viewpoint of multilevel analysis,
the proposed method achieves it by the hierarchically combined TSOMs.

In the machine learning field, there is a class of methods called multitask learning [19].
The purpose of multitask learning is to improve learning accuracy by sharing knowledge
among different learning tasks [20-22]. Though the aim of multitask learning is different
from multigroup analysis, both categories deal with similar datasets.

From the viewpoint of visualization, this work is most relevant to document analysis
using Bag-of-Words (BoW) [23, 24]. Especially visualization method combining BoW and
dimensionality reduction is strongly related to this work [25-28]. These methods visualize
a set of documents or topics in terms of the word occurrence probability, while our method
visualizes a set of groups in terms of the distribution of members.

5.2 Multiway Dimensionality reduction

Roughly speaking dimensionality reduction methods are classified to two categories [29].
The first category is the spectral method, which aims to map data points to a low dimensional
space with keeping their similarities or distances. This group contains multidimensional
scaling (MDS), kernel PCA (kPCA), manifold learnings such as ISOMAP, and so on. An
advantage of this category is that the task becomes a convex optimization problem, and a
disadvantage is that it is not easy to recover the original data from the low dimensional
representation. The latter is called pre-image problem [30].

On the other hand, the methods in the second category aim to estimate a mapping from
the low dimensional latent space to the high-dimensional data space. SOM [31], Generative
Topographic Mapping (GTM) [32], and Gaussian Process Latent Variable Model (GPLVM)
[33] are the representatives of this category. An advantage of this category is that it is easy
to recover the original data from the low dimensional representation as well as their interpo-
lations. Thus they do not suffer the pre-image problem. The visualization by the component
plane is based on this property, and it enhances the interpretability of the analysis result.
This is the reason why we chose SOM in this study.
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As an alternative to SOM, coloring by component plane is also possible by GTM and
GPLVM. The essential difference between these methods and SOM is that GTM and GPLVM
use Gaussian process (GP) to produce smooth manifold, whereas SOM uses Nadaraya-
Watson kernel smoother. To deal with a set of probability distributions, Nadaraya-Watson
smoother is much easier than GP, because it produces nonnegative mixtures of given distri-
butions. Thus the axiom of probability is always assured for the smoothing result. This is
the reason why we chose SOM. The disadvantages of SOM are the discrete expression of
the map, and the difficulty of Bayesian treatment. These are our future issues.

To make a multiway analysis, singular value decomposition (SVD) or tensor decompo-
sition are usually used [34]. Iwasaki and Furukawa extended SOM and GTM for multiway
analysis, namely, TSOM and Tensor GTM (TGTM). These are extensions of Tucker type
tensor decomposition [3]. TSOM and TGTM provide various coloring methods such as CCP.
These are the reason why we chose TSOM for multilevel-multigroup analysis.

6 Experiments

The proposed method was applied to three datasets. The first one is the sushi preference
dataset, used as a benchmark test. In this experiment, groups of users are organized by
their gender and age. The second dataset is a psychological survey of football players in
a university league. The aim of this experiment is to analyze the football teams in terms
of their constituent player types. The third dataset is a morale survey in a company. The
aim is to analyze the departments of the company in terms of the morale condition of their
constituent employees.

6.1 Sushi preference data

The sushi dataset® consists of the ranking scores of 10 sushi toppings evaluated by 5,000
respondents [35]. Thus, 10 toppings are ranked from 1 to 10 by each respondent. In this
work, they are regarded as scalar scores. The respondents were grouped according to age
and gender.

The result is shown in Fig. 2. Fig. 2 (a)—(c) are the maps of respondents, sushi toppings,
and groups. In these maps, more similar/different items are arranged closer/farther. For ex-
ample, respondents with similar preferences are located closer in the map (a), and sushi
toppings preferred by similar respondents are also arranged nearer in the map (b). These
results are consistent with the previous work [3]. In the group map, men (labelled by M) and
women (labelled by F) are located separately. In addition, the groups are ordered according
to the generation (labelled by 10 to 50, indicating 10s to 50s)*. Note that the group map
represents the similarities of groups in terms of their member distributions, and it does not
represent the similarities of preference directly.

Fig. 2 (d)—(f) show the member distribution of 20s women and their preferences, while
(g)—(i) are of 40s women. In the case of 20s women, there are two distinct clusters (labelled
by a and b in (d)), one of which prefers sea eel and egg, and the other does not. Similarly,
40s women constitute two clusters, one prefers salmon roe and sea urchin, and the other do
not. When a group consists of such opposite types of members, the average of the group has
no meaning.

3 http://www.kamishima.net/sushi/
4 50F and 50M include 60s people.
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Fig. 2 The result of the sushi preference dataset. (a) Respondent map (b) Sushi map (c¢) Group map. 10F
means 10s women, and 40M means 40s men. (a)—(c) are colored by U-matrix. (d) Member distribution of
20s women in the member map. Two clusters a and b are labelled. (e) (f) Sushi preference of 20s women
at cluster centers a and b. The red/blue regions represent favorite/dislike items. (g) Member distribution of
40s women in the member map. Two clusters ¢ and d are labelled. (h) (i) Sushi preference of 40s women of
cluster centers ¢ and d.

To verify the result, we analyzed each group by k-means clustering separately. Fig. 3
shows the result of women in 20s and 40s. The reference vectors of k-means represent the
preferences of clusters in the group (upper low). The corresponding preferences obtained
from TSOM at the cluster center show consistent results (lower row). Note that k-means
represent the clusters in the high dimensional data space, whereas clusters of TSOM are in
the low dimensional latent space. Nevertheless both results are consistent.

6.2 Football team data

The second dataset is a psychological questionnaire survey of football players in a university
league in Japan. The survey was taken for the 439 players of 16 universities. The question-
naire consisted of 112 queries of Likert scale asking how players assess themselves and their
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Fig. 3 The reference vectors of k-means obtained from subsets of the sushi dataset. First 2 primary com-

ponents are indicated (upper row). The corresponding results of TSOM are also indicated (lower row). (a)
Result from 20s women. These correspond to the clusters g, b in Fig. 2d. (b) Result from 40s women. These

correspond to the clusters ¢, d in Fig. 2g.

coaches. The queries were categorized as six types: (1) motivation, (2) self-management

skill, (3) football skill, (4) coach acceptance, (5) performance and maintenance (PM) of
coaching, and (6) perceived coaching effectiveness (PCE). Questions (1)—(3) concern self-
assessment, and (4)—(6) concern the assessments of the coach by the players. The data were

standardized in advance so that the mean and variance were zero and one, respectively.

By applying the proposed method, three maps, i.e., member-map, group-map, and query-
map were produced as shown in Fig. 4. In the query map Fig. 4 (c), the six categories
are separated. In particular, a clear cluster boundary appeared between self-assessment and

coach-assessment queries, suggesting the result is plausible.
To compare with existing parametric approach, we analyzed this dataset by Multi-level
Simultaneous Component Analysis (MLSCA) [36]. In MLSCA, a set of groups are analyzed
according to the average values of the constituent members. The results are shown in Fig. 5.
Compared with Fig. 4, the arrangement of the teams (b) and queries (c) are almost similar
to each other, indicating the consistent results. (In MLSCA, the member map (a) is arranged
according to the relative scores within each group, whereas it is arranged by the absolute
scores in our method. Thus the member maps of two methods cannot be compared.) How-
ever, some teams are located differently. For example, team B and O are located at opposite
corners in our method, whereas they are almost located similar positions in MLSCA result.

Fig. 6 and Fig. 7 show the constitution of teams B and O, indicating that both consist of

three clusters of players (Fig. 6 (a), Fig. 7 (a)), and the score distributions of those clusters
are quite different (Fig. 6 (c)—(e), Fig. 7 (c)—(e)). The proposed method clearly discriminates

between such differences. However, the averaged score distributions are almost equal in the
query map (Fig. 6 (b), Fig. 7 (b)). In MLSCA, the team map represent the average scores of
the teams, and the differences between members within each group are ignored. This is the

reason why MLSCA arranged team B and O at similar positions in the team map.
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Fig. 4 The maps of football players and teams generated by our algorithm. (a) The member (player) map.
The symbols represent the belonging teams. (b) The group (team) map. (c) The query map. (A: Percieved
Coaching Effectiveness, O: Performance and Maintenance, X: Coaching Acceptance, V: Self-Management,
O: Football Skill, %: Motivation). These maps are colored by U-matrix method.
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Fig. 5 Result of the team analysis by MLSCA. (a) The member map. The symbols represent the belonging
teams. (b) The group (team) map. (c) The query map. Symbols represent the same as in Fig. 4.

6.3 Morale survey data

In the third experiment, we applied the method to a morale survey dataset in a company. The
task of the analysis is to compare the departments in the company in terms of the morale
state of the employees. The survey was taken for the 482 employees belonging to 15 depart-
ments. The survey consists of 16 queries of 5 grade Likert scale, consisting of 5 categories.
(1) Relationship with supervisors, (2) human resource development, (3) work content and
operation efficiency, (4) management policy of the company, (5) safety management, (6)
paid leave.

The result of the proposed method is shown in Fig. 8, and the MLSCA result is shown in
Fig. 9. Departments B, F, I have the similar average scores of their members, and are plotted
in the same place in the MLSCA result. However, as shown in Fig. 10, the departments have
different member distributions. Our method successfully represents the difference.

7 Conclusion

In this paper, we proposed a visualization method for multilevel-multigroup analysis using a
hierarchical TSOM network. The proposed method provides flexible modeling by multiway
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Fig. 6 The player distribution of team B in Fig. 4b. (a) The distribution of players from team B in the member
map. (b) The averaged score of the members in the query map. (c)—(e) The scores of clusters a, b, ¢ in the
query map.

Fig. 7 The player distribution of team O in Fig. 4b. (b) The averaged score of the members in the query map.
(c)—(e) The scores of clusters a, b, ¢ in the query map.
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Fig. 8 The maps of employees and departments in a company obtained from the morale survey dataset. (a)
The member (employee) map. (b) The group (department) map. (c) The query map. (red: management policy,
green: workcontent and operation efficiency, blue: relationship with superviser, purple: safety management,
brown: paid leave.) These maps are colored by U-matrix method.

4 ° A 8
- o Lld
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Fig. 9 Department analysis result by MLSCA. (a) The member (employee) map. (b) The group (department)
map. (c) The query map.

Fig. 10 The employee distributions of three departments (a) Department B, (b) Department F, (c) Department
L

nonlinear dimensionality reduction. It also ensures ease of analysis and highly interpretabil-
ity while avoiding information loss by averaging. With the interactive GUI, this method
becomes more useful tool which enables us to grasp the entire image of multigroup dataset
intuitively.

We call the method TSOM network, though it consists of only two TSOMs in this paper.
Actually it is easy to extend this method for more complex cases, and it becomes a net-
work of TSOMs. For example, in the case of user—item rating data of an on-line shop, both
user groups and item groups may exist. In this case, it needs a network consisting of three
TSOMs. Another example is the e-mail analysis in a company, in which e-mails are grouped
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by the senders and the receivers, and they are grouped according to their departments and
the positions. Our method easily adapts to such highly complex cases. Thus, this approach
presents a powerful and general tool for multilevel-multigroup analysis.
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