
UN
CO

RR
EC

TE
D

PR
OO

F

Pattern Recognition Letters xxx (2017) xxx-xxx

Contents lists available at ScienceDirect

Pattern Recognition Letters
journal homepage: www.elsevier.com

A methodology to discover and understand complex patterns: Interpreted Integrative
Multiview Clustering (I2MC)
Beatriz Sevilla-Villanueva ⁎, Karina Gibert, Miquel Sànchez-Marrè
Knowledge Engineering and Machine Learning Group (KEMLG), Universistat Politècnica de Catalunya - BarcelonaTech (UPC), Jordi Girona 1–3, Barcelona 08034, Spain

A R T I C L E I N F O

Article history:
Received 29 June 2016
Received in revised form 3 January
2017
Accepted 10 February 2017
Available online xxx

Keywords:
Multiview Clustering
Crossing clustering
Nutritional studies
Cluster Interpretation
Automatic profiling

MSC:
41A05
41A10
65D05
65D17

A B S T R A C T

The main goal of this work is to develop a methodology for finding nutritional patterns from a variety of individual
characteristics which can contribute to better understand the interactions between nutrition and health, provided that the
complexity of the phenomenon gives poor performance using classical approaches. An innovative methodology based on
a combination of advanced clustering techniques and consistent conceptual interpretation of clusters is proposed to find
more understandable patterns or clusters. The Interpreted Integrative Multiview Clustering (I2MC) combines the previ-
ously proposed Integrative Multiview Clustering (IMC) with a new interpretation methodology NCIMS. IMC uses cross-
ing operations over the several partitions obtained with the different views. Comparison with other classical clustering
techniques is provided to assess the performance of this approach. IMC helps to reduce the high dimensionality of the
data based on multiview division of variables.

Two innovative Cluster Interpretation methodologies are proposed to support the understanding of the clusters. These
are automatic methods to detect the significant variables that describe the clusters; also, a mechanism to deal with the
consistency between the interpretations inter clusters of a single partition CI-IMS, or between pairs of nested partitions
NCIMS. Some formal concepts are specifically introduced to be used in the NCIMS.

I2MC is used to validate the interpretability of the participant’s profiles from an intervention nutritional study. The
method has advantages to deal with complex datasets including heterogeneous variables corresponding to different topics
and is able to provide meaningful partitions.

© 2016 Published by Elsevier Ltd.

1. Introduction

The paradigm of Health Science is evolving towards personalized
medicine, and nutrition habits are crucial for healthy life styles promo-
tion. Traditionally, dietary intervention studies have been conducted
to understand why similar diets have different effect on apparently
similar people. These studies aim to find the effect of nutrients over
the participants by comparing the state of a person before and af-
ter the interventions. These are highly complex studies, since they
mix a large number of variables for describing the participants. These
variables have different origins such as anthropometric and socio-de-
mographic data, habits recording, and clinical blood, urine and ge-
netic tests. In addition, the interactions between the diet or other envi-
ronmental factors and genes are very complex and difficult to detect
by classical modeling methods. There are additional sources of com-
plexity: among them, the relatively small effect of dietary interven-
tions on physiological parameters; nutrition effects on gene-expres-
sion patterns are also hard to detect ([2]); also, as the intervention ef
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fect has not specific target, it can be reflected in multiple bio-markers.
The classical pre-post intervention studies approach considers nu-

merical variables, compute differences and search for a model relating
the diet with those differences. Until now, these techniques have not
been expressive enough to allow the extraction of complex relation-
ships in nutritional intervention studies, given that the level and degree
of interactions between different subsets of variables is too complex,
within this context, to be captured by simple data analysis or pre-post
statistical testing.

In this paper, it is proposed to previously identify participants’ pro-
files suitable for finding intervention effects locally to each type of in-
dividual.

Clustering of participants is difficult since the big amount of vari-
ables include a wide range of aspects and not all variables play the
same role. Thus, the Interpreted Integrative Multiview Clustering
(I2MC) methodology is proposed to get a profiling of participants
properly conceptualized.

The transfer of knowledge is crucial in interdisciplinary contexts.
Hence, the interpretation of the resulting clusters is essential for fur-
ther decisions. Cluster Interpretation is the post-process of finding the
common and distinctive characteristics of every cluster and express-
ing them in a conceptual synthesis, directly understandable. How-
ever, this is still an open issue from the methodological point of
view ([37]). In previous works, authors developed the use of statisti

http://dx.doi.org/10.1016/j.patrec.2017.02.008
0167-8655/© 2016 Published by Elsevier Ltd.
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cal tests to select the significant variables in the clusters ([38]) by in-
troducing the Test-Value in the interpretation process (more sensible
and informative than other classical tests). Nevertheless, tests are sen-
sible to the cluster size and produce some interpretative inconsisten-
cies. In [21] a modification of the Test-Value is introduced to avoid
inconsistent interpretations due to the size differences among clusters.
Also, the consistency between interpretation of nested partitions is an-
alyzed.

In the present work, these partial results are refined and integrated
in two formal interpretation new methodologies. To do that, new ele-
ments have been introduced in this work: 1) a formalization of the con-
cept of cluster descriptor providing the language over which interpre-
tations will be built; 2) a generalization of Test-Value to variable sam-
ple sizes to evaluate robustness of results; 3) a formal and general Sen-
sitivity Analysis method that uses the generalized Test-Value to assess
robustness of cluster descriptor to variations of sample sizes; 4) the
formalization of the concept of description-power of a cluster descrip-
tor that graduates its robustness according to the Sensitivity Analysis
results; 5) the introduction of a special type of basic descriptors for
quasi-constant variables inside a cluster that cannot be assessed by sig-
nificance tests; 6) a regular-expression-based method to transform for-
mal cluster descriptors into conceptual description of a cluster.

The two new interpretation methodologies proposed are: CI-IMS
(Cluster Interpretation based on Integrated Marginal Significance),
providing automatic conceptual description of a given partition by
guaranteeing both consistency of concepts inter-clusters and stability
of results. NCI-IMS (Cluster Interpretation based on Integrated Mar-
ginal Significance for nested partitions), providing automatic concep-
tual description of a given pair of nested partitions by guaranteeing
consistency inter-parts, consistency inter-partitions and stability of re-
sults. NCI-IMS uses CI-IMS inside and combines CI-IMS interpreta-
tions of both nested partitions.

CI-IMS and NCI-IMS integrate the Test-Value and the proposed
sensitivity analysis to find cluster descriptors with a certain descrip-
tion-power for giving conceptual interpretations.

On top of that, the I2MC combines IMC ([39]) to build the profiles,
which intrinsically produce a final partition nested in some interme-
diate ones created by the IMC itself, and gives consistent and robust
interpretation for final and intermediate partitions by using NCI-IMS.

In this work, data from a trial study of the Mediterranean diet ef-
fect is used to show the benefits of the presented proposal.

The structure of this paper is: background on Multiview Cluster-
ing approach, clustering in real nutritional studies and Cluster Inter-
pretation is presented in Section 2; the proposed I2MC methodology
is detailed in Section 3 together with specific details on the different
steps, by including all the new concepts introduced to formalize the
two Cluster Interpretation methods proposed CI-IMS and NCI-IMS ;
then, the case study and the results are presented; finally, conclusions
and future work.

2. Background

Clustering tries to find hidden structure in unlabeled data. The aim
of clustering is to group a set of objects into distinct clusters of similar
objects. The similarity used varies from one method to another ([12]).
Currently, there are multiple clustering approaches most with some
variants.

The Multiview Clustering deals with the high dimensionality of
data. In this approach, the variables are split in several groups. Then,
the subjects are clustered under each group of variables or view. In [6],
variables are split in two independent groups by their meaning. In

[43], the user specify the views through some keywords such that a
query system retrieves all relevant variables to that keyword in the
database. In cross-clustering, separated views are build as multiple
Hierarchical Bayesian Clustering using a single variable each; the sev-
eral views are merged uncer certain criteria in a final single clustering
[32].

The need of finding consensus techniques to combine the various
clusterings obtained under Multiview Clustering is stressed by [1]. En-
semble methods and semi-supervised techniques are proposed among
others. Authors claim that most of the effort must concentrate on the
agreement between the different views or resulting partitions.

As said before, clinical studies use traditional basic hypothesis test-
ing or statistical modeling. Clustering is not very popular in this area.
Few works are found in the field using clustering. In [27], K-means is
used with dietary variables and other lifestyle factors using K-means.
In [41], a two-step cluster analysis based on diet and physical activity
revealed two distinct clusters: obesogenic and non-obesogenic. Even
though few works are found, the use of clustering for finding patterns
of response to diet may be of help to assist decision making in diet de-
sign and finding the best target population for a specific type of food
or dietary pattern.

In many data mining processes there is still a gap between raw data
mining results and effective decision-making. Some works point to
this issue [10,19] and, for the particular case of clustering, interpre-
tation and conceptualization of clusters is key to this purpose. Some
previous works give some ideas [3,15–17,40]. Cluster Interpretation
is usually made by examining the cluster centroids (averages inside
each cluster). Clusters are distinguishable only if some variables show
means significantly different in some clusters [36], often assessed with
independent t-test or ANOVA. In [8], the variables used in the clus-
tering are ranked with the logWorth index based on χ2-Independence
Test.

3. Methodology

In this work, Interpreted Integrative Multiview Clustering (I2MC)
is proposed to find conceptual patterns on a set of individuals. The
variables collected in the data set can describe different aspects of the
persons like intrinsic characteristics or physical activity. The idea is
to split the original set of variables into different subsets according to
the semantics of the variables. These subsets can be analyzed locally,
as in original Multiview Clustering approach, this addressing the high
dimensionality. The variable’s space is split in different subsets that
play different roles in the analysis, named here thematic blocks. Do-
main knowledge is used to identify the different roles of the variables
and to define the thematic blocks. These blocks are made in such a
way that each one regards a different aspect of the individuals. Then,
individuals are clustered using a single thematic block each time, gen-
erating independent views.

However, giving several disconnected views of the data, as clas-
sical Multivew proposes, do not help to decision-making. Thus, IMC
([39]) extends the Multiview Clustering by an integrative step where
the results of each view are properly combined to give a single parti-
tion combining the structure found under all views (see Fig. 1).

The result of IMC is a set of partitions corresponding to cluster
each thematic block and a final partition integrating all the thematic
partitions. The final partition is nested by construction to the the-
matic ones. To understand the meaning of the resulting clusters, the
NCI-IMS is used for interpretation that guarantees the consistency be-
tween the interpretation of all partitions.

The proposed I2IMC is as follows. Given:

- a set of individuals
- a set of variables describing the individuals of
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Fig. 1. Integrative Multiview Clustering Scheme.

1. Data Preprocessing: real data require a preprocessing step to pre-
pare them for the analysis. The dataset is treated with common
methods like variable’s selection, correction of data errors and in-
consistencies whenever possible, creation of composite indicators,
aggregations, recodifications, missing data treatment ([20]). The
partition resulting from clustering do not contain missing values
and need not specific treatment before interpretation step.

2. Determine the Thematic Blocks:
Divide variables in a small number of thematic blocks using
the background expertise in the area. Ideally one thematic block
per topic referred in the data set is recommended.

such that: it holds that:
i) ; ii)

3. Profiling of the individuals:
3.1 Integrative Multiview Clustering over each block

getting an integrated partition :
i. For each block from cluster using the variables

in the block (see section Section 3.1) and get a partition
of namely . This produces several partitions of

.
ii. Build the integrated partition .

Formally, there is no limitation on the number of thematic
blocks built in step 2. However, from a practical point of
view β > 5 can produce very sparse cartesian products at this
step and it is recommended to keep β smaller.

3.2 Conceptualization of clusters: characterize and interpret the
clusters of by combining the interpretations of

under the NCI-IMS interpretation methodology
(Section 3.11). This helps to understand the concept behind the
cluster. Then, experts can assign an identifier label to each
cluster, which catches the conceptualization done.

In this paper, the result of I2IMC is evaluated and validated:

1. Evaluate the goodness of the partition : use the Dunn-like clus-
ter-validity index (see Section 3.4).

2. Validation: validate the performance of the IMC by comparing the
resulting partition with other partitions obtained by other clus-
tering methods.
Cluster using the variables in by means of: Hierarchical Clus-
tering with Ward’s method and partitional method PAM.
Compare with at two levels:
• Structural: evaluate all the resulting partitions using the

Dunn-like cluster-validity index.
• Interpretability: compare the interpretations provided by the

NCI-IMS methodology between and the one getting the best
Dunn-like index.

3.1. Hierarchical Clustering

Advantages of Hierarchical Clustering include ([4]): embedded
flexibility regarding the level of granularity, easy handling of any dis-
tance, applicability to any variable types and no need to predefine the
number of required clusters.

An agglomerative Hierarchical Clustering with Ward’s method
([42]) is used. It finds compact and spherical clusters ([9]). It merges
clusters by minimizing inter-clusters variance loss. It is widely used
since it is related to the quantity of information of the clusters, and re-
sults often are easier to interpret than those obtained with other meth-
ods.

The number of clusters is determined by cutting the dendrogram at
the horizontal level maximized by the Calisnki–Harabasz Index ([7]).

3.2. Gower’s dissimilarity coefficient

All clustering methods are distance-based methods, where compar-
isons between objects are used to guide clusters formation. Most of
the works referred before on clustering with nutritional data refers to
numerical data. However, as soon as clinical information is taken into
account, qualitative variables may be included in the analysis. Since
data are heterogeneous, a mixed metrics is used. There are many pos-
sibilities in the literature, such as [24], [23], [18], [28], [34], [35] and
[22].

Gower’s coefficient used in this work considers numerical, qual-
itative, ordered discrete or binary variables ([11]). Briefly, Gower’s
dissimilarity combines a min-max normalized distance for numerical
variables with equality for qualitative variables, by taking into account
missing data. [24] demonstrates that the square of the original dissim-
ilarity is a metrics, being suitable for Hierarchical Clustering.

3.3. PAM

PAM is a partitional clustering algorithm ([29]) that minimizes the
overall distance between cluster representative and its members. It is
more robust than k-means since it uses medoids instead of centroids
and the underlying distance is not restricted to be L2-norm.

3.4. The Dunn-like index

The Dunn-like index (D) is a generalization of Dunn index ([13]).
It measures the trade-off between the cohesion of the clusters and their
separation. It attempts to identify compact and well-separated clusters.
From all generalizations of the Dunn index ([5,33]), the one available
in FPC-R package of [26] substitutes point to point distances index by
average inter-clusters distance in numerator, and average intra-clusters
distance in the denominator, thus being more robust ([25]).

3.5. Generalized Test-Value

The original Test-Value was introduced by [31] to identify the sig-
nificant variables (descriptors) in the several clusters of a partition, as

(1)
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a support to understand the clusters’s meaning. This test is based on
global versus cluster’s means difference and it is sensible to the clus-
ter size ([21]). Thus, the same means difference is significant or not
depending on the cluster size and can generate inconsistent interpreta-
tions of different clusters. A generalization is needed for a consistent
interpretations among clusters of different sizes.

Hence, the Test-Value is parameterized to evaluate all clusters un-
der the same reference: the cluster size from the original definition
of Test-Value, is substituted by a parameter ν. The new equations of
Generalized Test-Value for numeric variables and for categories of
qualitative variables are in Table 1. Thus, τν and πν assesses significant
differences between the clusters and the global population assuming a
common cluster size ν that in [21] is proposed to be the total sample
size ( ). From now, refers any of these two tests.

3.6. Basic descriptors

A specific treatment is deserved for variables that are constant in a
cluster, as they have null variance and tests cannot be assessed. In fact,
these variables are intrinsic descriptors of the cluster by themselves.
For that reason, the concept of basic descriptors is introduced here.
Basic descriptors are a relaxation of variables constant in a cluster, ad-
mitting a certain level of variability (namely δ). Given a qualitative
variable X, a category and a cluster C, s is a basic descriptor of
C iff: being . Dominant cat-
egories of any qualitative variable (with probability greater than
in the cluster) are considered. The absence of a category is also con-
sidered (probability lower than δ).

3.7. Sensitivity Analysis

Given a partition P, the proposal is to evaluate the Generalized
Test-Value with a common ν for all clusters in P. In ([21]) it was pro-
posed to use . Since the Generalized Test-Value depends on ν,
the significance of a certain variable clearly depends on cluster size,
which can vary.

As a consequence, variations in ν can change the results of the
tests, according to the intrinsic performance of significance tests
([21]). Robustness of significance to small or large variations of ν
must be assessed to evaluate the pertinence of relying in the p-values
to build interpretations. For this purpose, a Sensitivity Analysis is in-
troduced to graduate a variable according to the stability of their sig-
nificance to variations of the ν. Indeed, large differences between local
and global means will keep significant even with drastic reductions in
sample size and those variables will play a role to interpret the clus-
ter. On the contrary, small differences might present unstable results
providing significance or not, in different clusters depending on the
sample size, and maybe it will be better to ignore those variables for
interpretation.

In this paper a Sensitivity Analysis over 5 different sample sizes is
presented, although it can be easily extended to more sample sizes as
well. The proposed Sensitivity Analysis (SA method) uses two para-
meters ε1, ε2 to built 5 values of ν and evaluate robustness of signifi-
cance at 5 hypothetic sample sizes. Given

a sequence of 5 sample sizes is generated:

.

Given a variable X; a cluster C and a test Θν, the idea is to assess Θν
. Then, the concept of description-power (dp) of X in C is in-

troduced here as a measure of the reliability of the variable to be used
for further interpretation. Description-power is defined in Table 2 (
indicates test was significant and × indicates test was no-significant).

This proposal is valid with any statistical test, provided that the
sample size is properly parameterized. In the context of this paper, it
will be applied over the Generalized Test-Value.

This proposal is an extension of [21] where a non-symmetric oper-
ator defined in the specific context of nested partitions was presented.
In this work, the description-power is formalized as a general operator
for any kind of variable and partition. Also, the proposal has been ex-
tended with the introduction of the new category of basic descriptors.

3.8. Formalization of a cluster descriptor

In this section a formalization of the concept cluster descriptor is
introduced such that allows homogeneous treatment of numerical and
qualitative variables in automatic conceptual interpretations of a par-
tition. Cluster descriptors are expressed in terms of a vocabulary
composed of words W:

There is one W per each numeric variable in χ (the name of the
variable itself) and one compound W per each of the values of a qual-
itative variable in χ (the pair of variable and category names). Com-
pound words are required for qualitative variables because s by them-
selves might be not unique.

Then, the descriptor of a W in a cluster C is defined as

where,

• dp is the description-power of W in cluster C , dp ∈ Π.
• sense indicates if values of W in cluster C behave significantly over

or under the global values, according to test Θ (Table 1), when suit-
able. The values of sense are ; where ↑ and ↓ are
used to express the sense of the significance for all variables, ex-
cept for basic descriptors, where the tests cannot be assessed and
⊤ and ⊥ symbols are used instead. Symbols ↑ or ⊤ mean the vari-
able is higher in the cluster than in the global sample; ↓ and ⊥ mean
the variable is lower in the cluster than in the global sample. In
Section 3.9 details on how to compute it are provided.

Table 1
Generalized Test-Value : mean of X in cluster C; : mean of X in the sample; nc: size of cluster C; s2: standard deviation of the sample; psc: proportion of category s in the cluster
C; ps: proportion of category s in the sample.

Θ X Numeric X Qualitative
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Table 2
Sensitivity Analysis.

Sample size

Description ower Π Symbol ν1 ν2 ν3 ν4 ν5

Robust Non-descriptor × × × × ×
Moderate Non-descriptor × × × ×
Weak Non-descriptor × × ×
Weak escriptor W × ×
Moderate escriptor M ×
Robust escriptor R

: test ∈ Θ

3.9. The CI-IMS methodology (Cluster Interpretation based on
Integrated Marginal Significance)

The CI-IMS methodology combines some of the concepts intro-
duced in previous sections into a general process to automatically
build conceptual interpretation of a partition where the conceptualiza-
tion of all clusters is consistent inter-clusters.

Given a set of variables and a partition P:

1. Determine the threshold δ ∈ [0, 1] to consider a category of a qual-
itative variable a basic descriptor of a cluster. In principle, a single
global δ is considered for all clusters in a partition for homogeneous
treatment of accepted uncertainty. The smaller it is, the better.

2. Determine α ∈ [0, 1] as the significance level of statistical tests in-
volved in the process.

3. Determine for building the set of
sample sizes to asses the Sensitivity Analysis.

4. Determine a minimum level of robustness r ∈ Π to accept a cluster
descriptor.

5. For all characteristics ( ) and all clusters (∀C ∈ P):
Build the cluster descriptor as:
(a) for compound W: if W is a Basic descriptor (B):

• Build
• psc ≤ δ⇒ Build

(b) for simple W or compound W non basic descriptor
(1) Find the description-power of W in C by performing SA

method using the corresponding test according
Table 1(test τν for simple W and πν for compound W)

(2) Determine the sense of the cluster descriptor according
Table 3.

6. The interpretation of P is .
7. The interpretation of P at level r ∈ Π is ΥP, r⊆ΥP, as the subset of

such that all descriptors have at least the level of robustness
r:

8. Build the conceptual interpretation of P using a regular expression
to translate the cluster descriptors in ΥP, r to a verbose sentence:

.
• if W is simple, the regular expression is:

• if W is compound, the regular expression is:
,

where takes two possible words in the regular ex-

pression:

9. Visualize the Class Panel Graphs ([17]) using only the subset of
variables that appear in ΥP, r.

3.10. Nested partitions and inconsistencies

A refinement or abstraction of an existing partition gives nested
partitions. A refined partition is nested into a more abstract parti-
tion Pℓ when is formed of classes that subdivide the classes of Pℓ.
Let us call superclasses the elements C of Pℓ and subclasses the ele-
ments C′ of . Let be the set of subclasses of a class C ∈
Pℓ. It holds that .

IMC, and consequently I2MC, automatically produces pairs of
nested partitions as it combines β previous partitions of higher gran-
ularity (obtained by independent clustering of the several views) in a
Cartesian product that constitutes the final partition provided by the
method. The final partition is nested by construction to any of the par-
titions given by the local views.

In Cluster Interpretation, consistency requires that significant vari-
ables in a superclass keep significant in some of its subclasses, as it
makes no sense that significant characteristics of a superclass distin-
guishing the whole superclass from the others, cannot distinguish any
of its subclasses from other subclasses.

Then, given a characteristic W, a class C and its set of subclasses
SC, the following situations could occur when comparing the interpre-
tations of C and SC:

1. Specification: subdividing C produces additional information (W)
in some subclass C′: W is not significant in C and becomes signifi-
cant in some subclasses (∃C′ ∈ SC: Wsignificant in C′).

2. Irrelevant: subdividing C is not providing additional information:
W is not significant in C and keeps non-significant in all subclasses
(∀C′ ∈ SC: W¬significant in C′).

3. Inheritance: the characteristic W has been propagated to some sub-
class: W is significant in C and keeps significant at least in some
subclass (∃C′ ∈ SC: Wsignificant in C′). If W is significant for all
subclasses, subdividing C does not provide additional information.

4. Inconsistency: a property that distinguishes the whole C from the
global population is not characteristic for any of its subclasses.
This is not reasonable and represents an inconsistency: W is signif-
icant in C, but not significant in any subclass (∀C′ ∈ SC: W¬signif-
icant in C′).
With these 4 possible diagnostic situations, the suitability of using

W in the description of the superclass and/or in the subclasses can be
assessed. Analyzing what happens with all C′ ∈ SC, W does not appear
in the description of any of the SC subclasses when all subclasses be-
have as homogeneously non significant; whereas it can appear in some
of them or not under a non homogeneous behavior of the subclasses,
leading to a specification or inheritance scenario depending on the sig-
nificance of W in the superclass. Thus, the aggregation is ∀C′ ∈ SC in
irrelevant and inconsistency situations and it is ∃C′ ∈ SC in specifica-
tion and inheritance situations. This shows that, for specification and
inconsistency linked to a ∀ operator, the real diagnosis of W cannot be
done unless all subclasses are analyzed together, which leads to the in-
troduction of a provisional diagnosis for a single C′ (see D Table 4).
Table 4 defines the aggregation operator for dp (D).
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Table 4
Provisional diagnosis of descriptor W in nested classes.

D Descriptor superClass

Descriptor ubClass Non-significant Significant

Non-significant Apparently irrelevant Apparently inconsistence
Significant Specification Inheritance

3.11. NCI-IMS (Cluster Interpretation based on Integrated Marginal
Significance for nested partitions)

An extension of the interpretation methodology CI-IMS is also
proposed to treat the possible inconsistencies among interpretations
of nested partitions. The proposed methodology is non-dependent of
whether the partitions are known at the same time or a refinement or
abstraction is defined later.

Table 4 is extended to the Relations Table ( ) (Table 5). Using the
CI-IMS interpretations of both partitions each descriptor of W
in a cluster C ∈ Pℓ is linked with a term and has an associated
description-power dpC. The same happens with subclasses in SC (get-
ting ). The diagnosis of W regarding C and C′ must be
done considering dpC and rather than significance of W in C and
C′. These determine a cell on (Table 5) and provides a provisional
diagnosis of W for C and C′. Thus, Table (Table 5) is modeling the
potential use of W for describing C or C′ ∈ SC. This relation table is
not symmetric neither commutative.

Now, there is not anymore a binary scenario and the Sensitivity
Analysis might produce several evaluations for the subclasses of SC.
According to that, the role of W as a descriptor seems to change from
one cluster to another. This rises the need to introduce an aggregation
operator to diagnose the global situation of W regarding the whole SC
subset. The aggregation is performed by taking the supreme of all

ie the dp of the cluster where W has more significance.
The problematic situations for consistency between interpretations

of Pℓ and come from the cells labeled as inconsistency, even mod-
erate, weak orm limit, as in these situations W seems to be relevant for
describing C but disappears from all C′ ∈ SC in some sense. One of
the contributions of CI-IMS methodology has been to generalize the
Test-Value to reduce inconsistencies. Those that persist will be man-
aged at this stage.

Table Actions ( ) (Table 6) associates a description decision to
be implemented for each situation described in table . Therefore,
a characteristic W will appear or not in the interpretation of the su-
perclass C and in some subclasses of SC or not, according to table
. Only inconsistencies over certain robustness degree are reported in
this description. The resulting 4 possible actions identified are:

• SubC: specification, W will not appear in description of C and will
appear in the description of the subclass C′ ∈ SC.

• None: irrelevance, W will not appear neither in description of C nor
C′ ∈ SC.

• Both: inheritance, W will appear both in description of C and sub-
class C′ ∈ SC.

• SupC: inconsistence, W will appear in C but not in the description of
the subclass C′ ∈ SC.

Therefore, the main goal of the NCI-IMS methodology is to pro-
duce consistent interpretations of Pℓ ( ) and the interpretation of a
nested partition ( in such a way that all relevant characteris-

tics of Pℓ appear as relevant characteristics at least in some subclasses
in :

Given a set of variables; Pℓ, two partitions such that is
nested in Pℓ; Table 5 Relations ( ); Table 6 Actions ( ).

1. Obtain the interpretation of Pℓ using CI-IMS(
) with

2. Obtain the interpretation of using CI-IMS(
) with .

3.

• iff

• iff

4. and are the input for the automatic description using regu-
lar expressions as in the methodology CI-IMS.

4. Application of I2MC to a nutritional intervention study

4.1. Nutritional intervention study

The case study aims to analyze the Mediterranean diet effect on
healthy people. In particular, it assesses if benefits associated with the
traditional Mediterranean diet and virgin olive oil consumption could
be mediated through changes in the expression of atherosclerosis-re-
lated genes as it was presented in [14,30].

First, inclusion criteria defined the participants recruited in the
study. After, the selected participants were randomly split into the
intervention groups (Mediterranean diet + Virgin olive oil, Mediter-
ranean diet + Washed olive oil and Control). Data was collected be-
fore and after the diet intervention. Trial includes 89 healthy partici-
pants aged 20 to 50 years. They were considered healthy on the basis
of a physical and biochemical examinations. Data comprised the bio-
metrical characteristics, health and familiar history, background, so-
cio-demographic data, current drug treatments, tobacco, alcohol and
dietary habits, and physical activity recorded by a questionnaire. In

Table 5
Relation Table ( ): behavior of all descriptors using the Sensitivity Analysis.

SuperClass

SubClass W M R/B

Apparently Irrelevant Apparently Moderate
Irrelevant

Apparently Weak
Irrelevant

Apparently Weak
Inconsistency

Apparently Moderate
Inconsistency

Apparently Inconsistency

Apparently Moderate
Irrelevant

Apparently Weak
Irrelevant

Apparently Limit
Irrelevant

Apparently Limit
Inconsistency

Apparently Weak
Inconsistency

Apparently Moderate
Inconsistency

Apparently Weak
Irrelevant

Apparently Limit
Irrelevant

Uncertain Uncertain Apparently Limit
Inconsistency

Apparently Weak
Inconsistency

W Weak Specification Limit Specification Uncertain Uncertain Limit Inheritance Weak Inheritance
M Moderate Specification Weak Specification Limit Specification Limit Inheritance Weak Inheritance Moderate Inheritance
R/B Specification Moderate Specification Weak Specification Weak Inheritance Moderate Inheritance Inheritance
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Table 6
Action Table ( ): actions to describe clusters.

SuperClass

SubClass W M R/B

None None None None Inconsistency Inconsistency
None None None None Inconsistency Inconsistency
None None None None Both Both

W None None None None Both Both
M SubC SubC SubC SubC Both Both
R/B SubC SubC SubC SubC Both Both

addition, blood, urine and gene expression analysis were performed.
The gene expression was performed in 47 subjects.

4.2. Preprocessing

In the data set, 242 variables were referred to the initial status of
the participants. Preprocessing was conducted first, in collaboration
with the experts. First of all variables’ selection was done and vari-
ables providing useless information for clustering were cleaned (51
empty, 34 constant, 31 redundant, 25 irrelevant — i.e.: address). The
65 remaining variables were analyzed to identify null, incorrect or in-
coherent values and corrections were performed together with the ex-
perts (i.e. 43 variables referred to drug intakes and doses showed in-
consistencies with variables regarding intake of drug families, as some
participants declared consumption of an specific drug together with
no-consumption of the corresponding drug family and vice versa).
Once the inconsistencies of this part were treated, experts preferred to
retain only the 7 variables referring the drug.

4.3. Partitioning the individuals

Different profiles of individuals depending on their characteristics
at the beginning of the intervention are found.

The remaining variables basically referred to two semantic aspects.
Thus, two thematic blocks were defined:

• The baseline characteristics block (C) describes the health condi-
tions. It contains information on biometrics, tobacco, socio-demo-
graphic, diseases, drugs and bio-markers.

• The habits block (H) is related with life-style. It contains food habits
and physical activity.

According to the proposed I2MC, participants were clustered
twice, once per block (Fig. 2), with Ward’s method and the square
of Gower’s dissimilarity. The resulting clusters were crossed giving
the final partition composed by 8 clusters. Since only 2 blocks are in-
volved, a simple two way contingency table works. Resulting clusters
gave the profiles of the participants regarding their baseline character-
istics and their habits.

4.4. Structural validation

The same dataset was clustered under classical clustering methods
for comparison:

• Hierarchical Clustering with Ward’s method. The resulting dendro-
gram was cut in 6 and 12 clusters according to Calinsky–Harabasz
Index.

• PAM: K was selected using a meta-algorithm that checked several
values and proposed the one optimizing the Calinski–Harabasz In-
dex. Here, the best cut in 8 clusters was retained.

Fig. 2. I2MC Scheme applied to the case study.

The IMC obtained the best results according to the Dunn-like index
(Table 7). This indicates that IMC outperforms other methods from a
structural point of view.

4.5. Interpretability validation

Additionally, interpretability of the clusters was also considered
as it is critical from a decision-making point of view. Although the
partitions seem structurally similar this do not necessarily imply that
they are similar in terms of the participants conforming the clusters. In
fact, as clustering methods explore the searching space under differ-
ent heuristics, they get different local optima that might give different
Cluster Interpretations.

The final description of the clusters was automatically generated
with proposed methodologies of Section 3.9 for both IMC partition
and partition HC6, which is the second best in Table 7. Partition
being nested in the partitions of both thematic blocks used, was inter-
preted with the NCI-IMS with .
Partition HC6 was interpreted through CI-IMS with the same parame-
ters and with a minimum robustness of Weak-description ( ).

shows clusters more easily interpretable from the clinical point
of view. In particular, the final clusters describe 8 profiles composed

Table 7
Cluster Validity Comparison. As higher value of the Dunn-like index, better is the par-
tition.

Method k Dunn-like

Integrative MultiView Clustering (P) 8 0902
Hierarchical Clustering (HC6) 6 0896
PAM 8 0856
Hierarchical Clustering (HC12) 12 0809
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by three groups of participants (Man (M), Young Women (YW) and
Older Women all in menopause (WM)) with three different diets:
based in white meat, poor in fruits, red meat and legumes (WMbased);
based in white meat with high consumption of fruits and commercial
bakery (WMwSugars); and based in white meat, red meat and poor in
vegetables (Unhealthy) (this is not followed by menopausal women).
The labeling has been done according to the most descriptive and dis-
criminative variables. For instance, the cluster Men (M) was named
this way because the 95.8% of the individuals have the value man in
variable gender (detailed profiles in Section 4.5.1).

From the point of view of interpretation, HC6 contains 6 clusters,
with some confusing structure:

• Clusters (G3, G4, G5, G6) are mainly composed by women, G1 con-
tains basically men. G2 shows a significantly higher proportion of
men than other clusters according to Test-Value, but this seems a
contradiction with its 55% of men and 45% of women (Table 9).
Some bio-markers and food are different in G1 and G2. However,
the conditional distributions of some of the variables strongly over-
lap (F2α-Isoprostanes, C-Reactive Protein, HDL, triglycerides, Tis-
sue Plasminogen Activator) and do not support a neat characteriza-
tion towards distinguishable profiles.

• Women clusters seem to be also confusing. G5 and G6 seem to con-
tain significantly older persons than G3 and G4. However, G5 ranges
from 20 to 70 years (see Table 9). The degree of overlapping of the
conditional distributions is really high to assume real differences in
profiles, in spite of significantly p-values obtained (glucose, Inter-
leukin 10, F2α-Isoprostanes).

• Dietary patterns show high variability in some foods that are no sig-
nificant in clusters.

The CPGs of Tables 8 and 9 show these confusing profiles for the
HC6 partition in comparison with partition which shows a clearer
definition of values among clusters.

4.5.1. Profiles of ( ) derived from I2MC

M-WMbased: men group, taller and heavier (weight, waist). Their
blood pressure is higher (systolic, diastolic) and lower heart rate. Most
are married. No menopause cases and they consider themselves less
stressful. No incidence of other diseases. Low consumption of drugs.
Lower level of HDL, Interleukin 6 and Interleukin 10. Higher levels of
F2α-Isoprostanes, Monocyte Chemotactic Protein-1, Tyrosol, OHTy-
rosol, MOH Tyrosol. With a diet white meat based. They consume
more butter than general sample and less gas drinks and commercial
bakery. They practice more exercise, specially intense, but they do less
household chores.

Table 8
Class Panel Graphs for partition (IMC).

Table 9
Class Panel Graphs for partition HC6.
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M-WMwSugars: men group that are older, taller and heavier (weight,
BMI, waist). With higher systolic and diastolic pressure. Most have
never smoked. Most are married. They consider themselves less
stressful. Higher incidence of bone fracture and dyspnea. Low drugs
consumption but higher intake of ”other” drugs. Lower levels of LDL,
HDL, sCD40 Ligand, C-Reactive Protein and Tyrosol. Higher lev-
els of glucose, triglycerides, Monocyte Chemotactic Protein-1, sP-se-
lectin and Tissue Plasmingen Activator. With a white meat based with
sugars diet. They consume more legumes and less red meat and they
drink more wine and less gas drinks. They practice more exercise but
less intense exercise and less at home.
M-UH: Younger men group that are taller and heavier (weight, BMI,
waist). With higher systolic pressure and lower heart rate. Lower pro-
portion of non-smokers. Higher proportion of singles. No menopause
cases. They consider themselves less stressful. No incidence of other
diseases. Lower levels of cholesterol, LDL, HDL and 8-Oxoguanine.
Higher levels of triglycerides, F2α-Isoprostanes, sP-selectin, sCD40
Ligand and Tissue Plasminogen Activator. With the Unhealthy diet.
They consume more red meat and gas drink and less butter than the
general sample. They practice less exercise in general.
WY-WMbased: group composed mainly by women. They are
younger and thinner (weight, BMI, waist). Their systolic and diastolic
pressure is lower. Higher proportion of smokers than other groups. No
menopause in general. They consider themselves more stressful. No
incidence of other diseases. They take more painkillers. Lower levels
of glucose, triglycerides, Monocyte Chemotactic Protein-1 and higher
of HDL and C-Reactive Protein. With a white meat based diet, they
eat more vegetables and fish. They consume little butter and wine.
WY-WMwSugars: woman group which are smaller and thinner
(weight, BMI, waist). Lower systolic pressure. Contains the unique
depressed person and no incidence of other diseases. Lower levels
of cholesterol, LDL, triglycerides, Oxidized LDL, C-Reactive Pro-
tein and Tissue Plasminogen Activator. Higher levels of Interferon-γ,
Tumor necrosis factor-α, OHTyrosol and MOHTyrosol. With a diet
white meat with sugars. They consume more nuts and less red meat
and legumes. They practice more intense and total exercise.
WY-UH: younger women group that are smaller and with lower
systolic and diastolic pressure. No menopause cases. They are more
stressful. No incidences of other diseases. Low consumption of drugs
but slightly higher of ”other” drugs. Lower levels of glucose, choles-
terol, LDL, triglycerides, Oxidized LDL, Tissue Plasminogen Activa-
tor and Interleukin 10. Higher levels of F2α-Isoprostanes, 8-Oxogua-
nine, Tumor necrosis factor-α, Soluble cell adhesion molecules-1, In-
terleukin 6 and Tyrosol. With an Unhealthy diet and they consume less
olive oil, gas drinks and legumes and use more butter. They do more
homework and less exercise in general.
WM-WMbased: older women which are shorter and thinner
(weight). Higher diastolic pressure and heart rate. Most are married.
All have menopause. They consider themselves more stressful. They
have higher incidence of cancer with no other incidences of diseases.
They take more ”other” drugs. Higher levels of glucose, cholesterol,
LDL, HDL, Oxidized LDL, C-Reactive Protein, Interleukin 8 and In-
terleukin 10. Lower levels of F2α Isoprostanes, sP-selectin sCD40
Ligand and Tyrosol. With a white meat based diet and rich in vegeta-
bles and poor in butter, wine, commercial bakery and nuts. They do
more light exercise but do less total exercise in general.
WM-WMwSugars: older women group which are shorter and heav-
ier (BMI, waist). They have higher blood pressure and heart rate.
Lower proportion of smokers and singles. All have menopause. No
incidence of other diseases. They take more painkillers (NSAID).
They have higher levels of glucose, cholesterol, LDL, triglycerides,

Oxidized LDL and Interleukin 10. Lower levels of HDL, Monocyte
Chemotactic Protein-1, sP-selectin, sCD40 Ligand, C-Reactive Pro-
tein and Tyrosol. With a white meat base with sugars diet. They con-
sume less vegetables, red meat, gas drinks and wine. They eat more
nuts. They do less intense exercise and more homework.

5. Conclusions and future work

This research has been tested within the scope of pre-post nutri-
tional studies. This work has been motivated by the inherent difficul-
ties to use classical approaches on this type of studies in current data
sets, more and more complex, as referred in Section 1.

The goal is to find a set of profiles describing the types of partici-
pants of the trial assay as a reference to relate, in a second step of the
research, the adherence to and the effects of the intervention in each
type of individual. For that reason, getting a meaningful set of profiles
was a main target of this work.

For this goal, the Interpreted Integrative Multiview Clustering
(I2MC) has been introduced. With a main step of IMC followed by in-
terpretation of the resulting nested partitions.

On the one hand, I2MC reduces the computational cost of ana-
lyzing high dimensional data; on the other hand, it provides more
interpretable clusters, and produces automatic conceptualization of
clusters. Data is decomposed into meaningful subsets using domain
knowledge to define the views. Individuals are repeatedly clustered
per each thematic blocks. Multiview principle is used to simplify
the problem structure and to enable local complex models. A further
cross-clustering step integrates knowledge from the multiview in a
single typology, by catching relationships between meaningful con-
cepts. The I2MC methodology is general and permits as many views
as desired (which is not considered in other proposals such as [6]). As
all methods oriented to interpretation, I2MC assumes an active partici-
pation of the experts all along the process in different steps: determin-
ing the data set to be analyzed, determining reasonable values for the
input parameters according to the costs of wrong decisions, in the pre-
processing decisions, building the thematic blocks according to the se-
mantics of the variables, conceptualizing the resulting clusters on the
basis of the automatic interpretations provided by the I2MC method,
validating the cluster’s usefulness and giving meaningful names to
each cluster (for future use). The complete methodology relies on 4
parameters δ, α, ε1, ε2 all of them related with the treatment of uncer-
tainty assumed by the method, and it is recommendable to keep the
two former small and the two later high. However, the threshold of un-
certainty in results that can be assumed by the experts is a key point to
evaluate how bigger or smaller this parameters must be. The smaller
is δ, the few basic descriptors will be identified in the clusters; the
smaller is α, the few ordinary cluster descriptors will be identified in
the clusters; the smaller are ε1, ε2 the sensitivity analysis of the ordi-
nary cluster descriptors will happen in a closer neighborhood around
the current sample size, so, the less guarantee of robustness for cluster
descriptors is given.

The method works well with small β. When the β is too high, it
means that many separate views are identified in the data set. The fi-
nal partition, which is the result of a Cartesian product, can be mapped
into a β-dimensional cross-table that increases sparsity as β increases.
In this case, some thematic packs can be merged together in a sin-
gle view to reduce β. The proposed method must be unable to iden-
tify cluster descriptors when the variability inside the clusters is too
high and the sample size too small. Then, the statistical tests will re-
sult non-significant and no descriptors will be identified for the clus-
ters. However, this is rather improbable, since high overlapping be-
tween clusters and high variability inside the clusters corresponds
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better to the situation in which clusters are artificial and no real clus-
ters exists, and this will produce non-significant Calinski–Harabasz
results to cut the dendrograms. Thus, provided that the Multiview
Clustering is performed on the basis of a Hierarchical Clustering
methods with Calinski–Harabasz as the criterion to decide the number
of clusters, it is difficult to meet this scenario.

I2MC includes a novel Cluster Interpretation process NCI-IMS
which uses the new Cluster Interpretation methodology CI-IMS.
NCI-IMS is suitable for understanding the profiles of real sample data
and to deal with the consistency of the interpretation of nested parti-
tions, both inter clusters and inter partitions.

NCI-IMS is required because the resulting partition of IMC is
nested in the partitions obtained by the several views considered.
NCI-IMS handles the possible inconsistencies between the profile of
a nested class (subclass) and the profile of its corresponding super-
class (see Section 3.11). NCI-IMS uses the resulting profiles of the
proposed CI-IMS (Section 3.9) by taking advantage of the descrip-
tion-power that graduates its robustness. Given a partition and a set of
variables, CI-IMS obtains the description of each cluster according to
the robustness of variables’ significance. This methodology introduces
the Sensitivity Analysis which determines the description-power that
graduates the strength of the descriptor. This Sensitivity Analysis
uses the proposed generalized Test-Value that can be assessed with
variable cluster sizes. Also, the basic descriptors are introduced for
quasi-constant variables that play an important role in the description
of the clusters, but cannot be assessed by statistical tests using vari-
ances in the denominator. A formalization of the concept of cluster
descriptor is introduced in this work as the reference language to eval-
uate over clusters and the resulting relevant cluster descriptors ob-
tained with the Sensitivity Analysis can be translated to natural lan-
guage conceptualizations based on regular expressions.

I2MC has been applied over the data of a real nutritional interven-
tion study. State of individuals at the beginning of the study have been
classified under two views (baseline characteristics and habits). Eight
different patterns were obtained ( ) and compared with those pro-
vided by Ward’s (HC6) or PAM method. From a structural point of
view, is the best according to the Dunn-like index. Also, accord-
ing to experts, the interpretation given by I2MC seems clearer than
the interpretation of HC6. The fact that HC6 clusters are build with all
variables at once leads to clusters that seem to mix some concepts.
Comparing each cluster of HC6 with the IMC clusters, G6 is practi-
cally equivalent to WM-WMbased and G1 to M-UH. G5 mixes women
with or without menopause that follow a WMwSugars diet. G3 con-
tains young women mainly with WMbased or UH diet and most of the
YW-UH are in this clusters.

The original dataset contained 256 variables. I2MC provided an
automatic interpretation of the 8 discovered profiles expressed in no
more than 30 variables per cluster, which are significant for the clus-
ter. A short observation of these descriptions leads the expert to a clear
comprehension of which are the relevant differences among the dis-
covered profiles.

From a methodological point of view a benchmark is being per-
formed to assess theoretical properties of our proposal by comparing
results on different data sets with different structures, as well as a syn-
thetic data set with well known structure to be used as a ground-truth.

Also, authors are working on objective metrics that can assess the
quality of an interpretation. Currently, the lack of this kind of indi-
cators reduces evaluation of interpretations to the opinions of experts
when they try to understand them. This is a valuable criteria, as it is
pointing to further usability of the discovered profiles, but further find-
ings in this topic will help.

Currently, I2MC is being used to profile participants at the end
of the intervention, and modeling the intervention adherence and ef-
fect over each type of individual is in progress. As gene expression is
available, relationships among intervention effect, type of individuals
obtained in this work and genetic conditions can be studied. Thus, fur-
ther knowledge on the role of genes in metabolizing nutrients can be
obtained.

This is an interesting research field since more and more resources
are devoted to extract more knowledge for human genome, and there
is an increasing activity in the area. The presented strategy opens the
door for personalized analysis of how diet can benefit on individuals
in the future.
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