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Abstract 
ComDim is a multiblock data analysis, initially called Common Components and 
Specific Weights Analysis (CCSWA). Its objective is to determine common 
components of K datasets as well as specific weights for each dataset highlighting its 
contribution to the determination of these common components. Properties related to 
this method of analysis can be found in Hanafi & Qannari (2008). In this presentation 
we introduce an extension of ComDim to the analysis of (K+1) datasets. More 
precisely, we seek common components that highlight the relationships between a 
given dataset to K other datasets. 
Keywords: ComDim, multi-block data analysis, Multiblock PLS. 

 
Résumé en Français  
ComDim est une méthode d’analyse de données multi-tableaux, initialement connue 
sous l’appellation ACCPS (Analyse en composantes communes et poids spécifiques). 
Elle vise à déterminer les composantes sous-jacentes aux K tableaux à analyser 
(composantes communes) et, associé à chaque tableau et chaque dimension, elle 
exhibe un poids qui reflète l’importance de la composante pour le tableau considéré. 
Nous nous intéressons ici à l’extension de ComDim à l’analyse de K+1 tableaux. De 
manière précise, nous cherchons à explorer les relations entre un tableau 𝑌 et K 
tableaux  𝑋1, … ,𝑋𝐾. Cette exploration est effectuée sur la base de composantes 
communes aux tableaux 𝑋1, … ,𝑋𝐾 qui présentent un lien optimal avec 𝑌. Des poids 
spécifiques aux différents tableaux permettent de mettre en évidence l’importance 
relative de chacun des tableaux dans la détermination de chacune des composantes 
communes. La méthode, appelée P-ComDim, est illustrée sur la base d’une étude de 
cas en évaluation sensorielle et étude des préférences. Les résultats de P-ComDim sont 
comparés à ceux de PLS Multiblocs.  
Mots-clés: ComDim, tableaux multiples, PLS multiblocs. 

 
1. Introduction 
 
Common Component and Specific Weight Analysis was first introduced within the context of sensory 
analysis (Qannari et al., 2000) and soon afterwards it was used in different contexts such as 
instrumental measurements (Nielsen et al., 2001), multivariate images (Courcoux et al., 2002) … The 
acronym “ComDim” which stands for “Common Dimensions” was first used in Nielsen et al., (2001) 
and in a Matlab program available under SAISIR environment (Cordella & Bertrand, 2014). Properties 
relating ComDim to other methods of analysis were shown (Hanafi et al., 2006; 2010). Moreover, an 
extension of ComDim, called AComDim, for the assessment of the influence of a set of factors on 
multivariate data was introduced by Jouan-Rimbaud Bouveresse et al. (2011).   

mailto:angelina.el-ghaziri@oniris-nantes.fr
mailto:elmostafa.qannari@oniris-nantes.fr


 
 AgroStat 2016 Congress, March 21-24 2016, Lausanne 
 

We propose a new extension of ComDim for the analysis of (K+1) datasets. In the presence of a 
response dataset, 𝑌, and K datasets pertaining to different measurements on the same individuals, the 
objective is to seek common components that highlight the relationships between the K datasets and 𝑌 
and determine specific weights that reflect the contributions of the various datasets to the 
determination of these components. Properties related to this new method will be shown and an 
illustration on the basis of a case study which involves sensory and preference data will be presented 
(Pham et al., 2008).  
 
2. From ComDim to P-ComDim 
 
We recall that for a set of multiblock data 𝑋1, 𝑋2… 𝑋𝐾 supposed to be centered, ComDim aims at 
determining common components 𝑞1, 𝑞2… 𝑞𝑛 and saliences (𝜆𝑟

(𝑘)) that reflect the importance of each 
block dataset in determining the underlying common components. These blocks and saliences are 
sought so as to approximate the association matrices 𝑊𝑘 = 𝑋𝑘𝑋𝑘𝑇

 by 𝑄𝛬𝑘𝑄𝑇 = ∑ 𝜆𝑟
(𝑘)𝑞𝑟𝑞𝑟𝑇𝑛

𝑟=1   
 
This problem is solved in a sequential manner by seeking, at each stage, a common component and its 
associated saliences. 

The strategy of analysis that we shall refer to as P-ComDim (i.e. Predictive ComDim) tackles 
the situation where we aim at predicting a dataset 𝑌 from K datasets 𝑋1, 𝑋2,…, 𝑋𝑘. It follows the same 
pattern of analysis as ComDim by replacing the matrices 𝑊𝑘 = 𝑋𝑘𝑋𝑘𝑇 by 𝑇𝑘 =  𝑋𝑘𝑋𝑘𝑇𝑌𝑌𝑇. Obviously, 
these latter matrices reflect the relationships of 𝑋𝑘 (k=1 …K) with 𝑌. 

In the first stage of P-ComDim, we seek two components t and u, supposed to be of length 1, 
so as to minimize the quantity: 

� ||𝑇𝑘 − 𝜆(𝑘)𝑡𝑢𝑇||2
𝐾

𝑘=1

 

In this expression, both components 𝑡 and 𝑢 are introduced to account for the fact that, unlike 𝑊𝑘 =
𝑋𝑘𝑋𝑘𝑇 the matrices 𝑇𝑘 =  𝑋𝑘𝑋𝑘𝑇𝑌𝑌𝑇 are not symmetric. 

Four algorithms can be proposed to solve the previous minimization problem ranging from a 
non-iterative algorithm to a NIPALS-like algorithm. 

It is worth noting that some of the saliences 𝜆(𝑘)are likely to be negative to account for the 
orientation of the variables in 𝑋𝑘 in comparison to 𝑡 and 𝑢. Therefore, we propose to assess the 
contribution of 𝑋𝑘  to the determination of 𝑡 and 𝑢 by �𝜆(𝑘)�2. 

 For the determination of common components of higher order, we propose to deflate the 
datasets 𝑋𝑘 (k=1… K) and 𝑌 with respect to the latent variables, 𝑡, determined at the previous stages. 

 
The strategy of analysis is illustrated using datasets from a consumer study. The aim is to 

explain the preference scores (dataset 𝑌) by three datasets: 𝑋1 (flavor), 𝑋2 (aroma), 𝑋3 (texture). These 
data are taken from Pham et al. (2008). 

The outcomes of P-ComDim analysis are compared to those of Multiblock-PLS (Wangen et al., 
1989; Westerhius et al., 1998) 
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