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“data fusion”

“analysis of coupled/linked data”

“multiset data analysis”

“integrative data analysis”

generic model
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1. Data and problem

• examples of data sets
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Smilde et al. (2005): comprehensive view on microbial metabolome

metabolites

LC/MS GC/MS



example 3

Omberg et al. (2007): yeast cell cycle time course
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1. Data and problem

• examples of data sets

• generic structure of the data



data block: mapping

number of sets in Cartesian product of domain = # ways

number of different sets in Cartesian product of domain = 
# modes

examples

1 2: ... nS S S Y× × × →B

generic structure of the data
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coupled data: set of data blocks with shared modes

examples

generic structure of the data (ctd)
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coupled data: set of data blocks with joint modes

examples

note 1: data blocks may share multiple modes

generic structure of the data (ctd)
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coupled data: set of data blocks with joint modes

examples

note 1: data blocks may share multiple modes

note 2: possibility of partially shared modes

generic structure of the data (ctd)
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gene expression data stemming from two different organisms



1. Data and problem

• examples of data sets

• generic structure of the data

• examples of problems
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example 1

Aerts et al. (2004): gene prioritization

which test genes are most 
similar to the training 
genes that are known to 
be associated with the 
disease under study?



example 2

Omberg et al. (2007): yeast cell cycle time course
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binding

does transcription binding 
predict gene expression
profiles over time? 
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Smilde et al. (2005): comprehensive view on microbial metabolome

metabolites

LC/MS GC/MS

which are the common
and distinctive aspects of 
the metabolome that are 
captured by the two
measurement platforms?



1. Data and problem

• examples of data sets

• generic structure of the data

• examples of problems

• generic aspects of questions



which information is to be derived from the data?

which information is to be derived from each data 
block? 

- full information (data reconstruction)? 
- partial information (e.g., derived similarity or 

discrimination information;  information on 
dependence/interaction between different data 
modes)?

which information is to be derived from the whole of the  
data blocks? 

- consensus/vote/average?
- commonalities and differences between blocks?
- information on linking relation(s) between blocks)?

generic aspects of questions



are different data blocks exchangeable in terms of role or 
not? (e.g., predictor block vs. criterion block)

do different data blocks have different levels of priority or 
importance?

generic aspects of questions (ctd)



1. Data and problem

• examples of data sets

• generic structure of the data

• examples of problems

• generic aspects of questions

• complicating factors



alignment/mapping problem

complicating factors
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gene expression data stemming from two different organisms
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fMRI data stemming from two different persons



alignment/mapping problem

problem of comparability

complicating factors



comparability/commensurability/conditionality

possibilities: block-conditionality, mode-conditionality 
(e.g., gene-conditionality), other

relation to preprocessing



alignment/mapping problem

problem of comparability

problem of heterogeneity in size

complicating factors



alignment/mapping problem

problem of comparability

problem of heterogeneity in size

problem of heterogeneity in noise level

complicating factors



1. Data and problem

• examples of data sets

• generic structure of the data

• examples of problems

• generic aspects of questions

• complicating factors

• our aims



data reconstruction (full information to be derived from 
each data block 

interest both in commonalities and differences between 
blocks and in linking relation(s) between blocks)

data blocks exchangeable in terms of role and of priority/  
importance

our aims



no:
- exclusive focus on mapping/alignment
- meta analysis (high level data fusion)
- regression-type of models
- canonical correlation type of models
- models of derived similarities

yes:
- low level data fusion

our aims (ctd)
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preliminary note

deterministic heart

optional stochastic periphery
(see, e.g., Leenen et al., 2008, Psychometrika)



2. Model

• preliminary note

• submodel per data block

• linking structure between different submodels

• examples of instantiations



Submodel per data block
(Van Mechelen & Schepers, 2007, CSDA)

assume N-way N-mode data block B

reduction / quantification of mode n by means of an
matrix:

gene1 0 1 0

gene2 1 1 0

gene3 1 0 0

gene4 1 0 1

gene5 0 0 0

...

gene1 3.2 5.2

gene2 4.1 -6.7

gene3 5.8 3.9

gene4 1.0 -2.1

gene5 -2.3 8.0

...

( )× × × ×1 ... ...n NI I I

n nI P× nA



Submodel per data block (ctd)

quantification of a mode: special cases
- lowdimensional representation
- partitioning
- nested clustering
- identity matrix

gene1 1 1 0

gene2 1 1 0

gene3 1 0 1

gene4 1 0 1

gene5 1 0 1

...

gene1 1 0

gene2 0 1

gene3 1 0

gene4 0 1

gene5 0 1

...



Submodel per data block (ctd)

association between quantifications of N data modes:
- core array W
- decomposition rule:

with within any mode n = 1, ..., N:
depends only on the inth row of An

( )1 ... ...n NP P P× × × ×

1( ,..., , )Nf A A= +B W E

1

1
... ...( ,..., , )

n N

N
i i if A A W



Submodel per data block (ctd)

special cases of decomposition function f: 

1. generalized Cartesian product (Carroll & Chaturvedi, 1995):

special case: TuckerN models

1

1 1 1 1
1

1 1
... ... ... ...

1 1 1
( ,..., , ) ... ... ... ...

n N

n N n n i p n NN N
n N

P P P
N n N

i i i i p i p p p p
p p p

f A A a a a w
= = =

= ∑ ∑ ∑W

31 2

1 2 3 1 1 2 2 3 3 1 2 3
1 2 3

1 2 3 1 2 3

1 1 1
( , , , )

PP P

i i i i p i p i p p p p
p p p

f A A A a a a w
= = =
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Submodel per data block (ctd)

special cases of decomposition function f: 

1. generalized Cartesian product:

special case: several forms of biclustering
(see also Van Mechelen et al., 2004, SMMR)

1

1 1 1 1
1

1 1
... ... ... ...

1 1 1
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Submodel per data block (ctd)

special cases of decomposition function f: 

2. generalized Cartesian product in (Max, ×) structure:

(see, e.g., De Schutter et al., 2006; Van Mechelen et al., 2007, 
Psychometrika)

1

1 1 1 1
1

1 1
... ... ... ...1 1 1

( ,..., , ) Max...Max...Max ... ...
n N

n N n n N N n N
n N
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N n N
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Submodel per data block (ctd)

special cases of decomposition function f: 

3. weighted Minkowski distance; e.g., 

(see also Van Deun et al., 2007, BMC Bioi)
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2. Model

• preliminary note

• submodel per data block

• linking structure between different submodels

• examples of instantiations



linking structure between different submodels

identity link



B1 = f1(A1,A1
2 ,W1) + E1

B2 = f2(A1,A2
2 ,W2) + E2

B3 = f3(A1,A3
2,W3) + E3

ge
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B2
B1

B3



B1 = f1(A1,A1
2,A1

3,W1) + E1

B2 = f2(A1,A2
2 ,W2) + E2

X3
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linking structure between different submodels

identity link (possibly with exceptions …)



items

respondents

group 1

respondents

group 2

problem of (configural) measurement invariance (Meredith, 1993)

(psychometrics: bias, differential item functioning)



linking structure between different submodels

identity link (possibly with exceptions …)

in case of binary quantifications:
nestedness (in particular in case of partitions: one partitition is 
refinement of the other – asymmetric relation!)

logical relation (partition classes implied by first quantification are 
nested within partition classes implied by second quantification)

in case of real-valued quantifications: spaces induced by two
quantification are in a space-subspace relation



2. Model

• preliminary note

• submodel per data block

• linking structure between different submodels

• examples of instantiations



examples of instantiations

simultaneous component models (see talk Van Deun)

linked-mode PARAFAC-PCA (Wilderjans et al., in press, BRM)

CHIC (Wilderjans et al., 2008, Psychometrika)



B1 = A1(A1
2 A1

3)T + E1

B2 = A1 (A2
2)T+ E2

X3
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items

respondents

group 1

respondents

group 2

psychometrics: problem of test equating (choice of anchoring
items)

items



3. Research challenges

• design data collection

• model

• objective function

• algorithmics

• data-analytic issues



model

specify how specific existing models are subsumed by 
generic model (naming, mathematical characteristics, model 
interrelations, ...)

development novel models that meet substantive 
(psychological, biological, etc.) needs



3. Research challenges

• design data collection

• model

• objective function

• algorithmics

• data-analytic issues



objective function

determine optimal weights for different data blocks /  
elements / data entries to improve quality of inferences
(e.g., Wilderjans et al., 2009, CSDA)

development of novel objective functions that put higher
emphasis on commonality

investigation of quality of objective functions trough
simulation studies



3. Research challenges

• design data collection

• model

• objective function

• algorithmics

• data-analytic issues



algorithmics

construction suitable algorithms (?ALS, ?sequential
procedures)

challenges: avoiding local optima; computational efficiency

evaluation algorithmic performance in simulation studies 
(see, e.g., Schepers et al., 2006, CSDA)



3. Research challenges

• design data collection

• model

• objective function

• algorithmics

• data-analytic issues



data-analytic issues

model selection
- splitting/decoupling modes
- nature of submodels (which modes are to be reduced, 

nature of reduction, extent of reduction; decomposition
function; choice of possible constraints; stochastic
assumptions)

- linking structure (including measurement invariance issue)

uniqueness/identifiability

representation of uncertainty (see, e.g., Ceulemans & Kiers, in
press, BJMSP; Timmerman et al., 2009, BJMSP)

interpretation of shared quantifications (including
decomposition into common and distinctive parts)
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