Several clustering variables

The variables in the data can convey several clustering view points with respect to different groups of variables Allow to find some clustering which could be hidden by other variables Some references Illustration : n = 100 from a MGMM with B = 2 blocks of two variables.

Variable 1 and 2 belong to block 1 and variables 3 and 4 in block 2 Each block follows a bi-component Gaussian mixture (i.e., G b = 2) with equal proportions (i.e., π bg = 1/2) and µ 1j = 4, µ 2j = -4 and σ gj = 1.
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Model-based variable clustering Natural extension to the heterogeneous data setting Identifiability Model identifiability is directly obtained from the identifiability of Gaussian mixture with local independence (Teicher, 1963(Teicher, , 1967)). f j (ω j ),

fπ b = n i=1 G b g =1 z ibg ln π bg and f j (ω j ) = n i=1 Gω j
g =1 z iω j g ln φ(x ij |µ ω j j , σ 2 ω j j ). 

EM algorithm

Starting from the initial value θ [0] , iteration [r ] is composed of two steps: E-step Computation of the fuzzy partitions t

[r ]

ibg := E[Z ibg |x i , m, θ [r -1] ], hence t [r ] ibg = π [r -1] bg j∈Ω b φ(x ij |µ gj , σ 2 gj ) G b k=1 π [r -1] bk j∈Ω b φ(x ij |µ kj , σ 2 kj )
, M-step Maximization of the expected value of the complete-data log-likelihood over the parameters,

π [r ] bg = n [r ] bg n , µ [r ] gj = 1 n [r ] ω j g n i=1 t [r ] iω j g x ij and σ [r ] gj = 1 n [r ] ω j g n i=1 t [r ] iω j g (x ij -µ [r ] ω j j ) 2 .

Remarks

Independence between the B blocks of variables permits to maximize the observed-data log-likelihood on each block separately.

Possible modification to perform the block estimation and the parameter inference simultaneously. 

  Galimberti & al. (2007): First proposition of a multiple Gaussian mixture model Galimberti & al. (2017): Refinement of the previous model with ideas similar to to Raftery & Dean (2006) et Maugis & al. (2009) Remarks Smart modelling of the role of each variable Search hard to perform when the number of variables is large Specific to the Gaussian setting 6 Vincent VANDEWALLE 1,2 , Thierry MOTTET 2 , Matthieu MARCBAC 3 Model-based variable clustering B independent blocks. block b follows a Gaussian mixture with G b components (for b = 1, . . . , B), with the assumption of class conditional independence of the variables ω = (ω j ; j = 1, . . . , d) the repartition of the variables in blocks; ω j = b if variable j belongs to block b. The probability distribution function (pdf) of x i is p(x i |m, θ) ij |µ gj , σ 2 gj ), m = (G 1 , . . . , G B , ω) defines the model Ω b = {j : ω j = b} the subset of variables belonging to block b θ = (π, µ, σ) model parameters π = (π bg ; b = 1, . . . , B; g = 1, . . . , G b ) the proportions with 0 < π bg and G b g =1 π bg = 1 µ = (µ gj ; g = 1, . . . , Gω j ; j = 1, . . . , d) the means σ = (σ gj ; g = 1, . . . , Gω j ; j = 1, . . . , d) the standard deviations φ(.|µ gj , σ 2 gj ) the pdf of the Gaussian distribution with mean µ gj and variance σ 2 gj .

Remarks

  Different partitions explained by subsets of variables. Generalizes approaches used for variable selection in model-based clustering (if B = 2 and G1 = 1 then variables belonging to block 1 are not relevant for the clustering, while variables belonging to block 2 are relevant) MGMM permits variable selection and multiple partitions explained by subsets of variables (variables classification). Sparse model: number of parameters νm = B b=1 (G b -1) + 2G b card(Ω b ) Better model search expected than in the model of Galimberti & al. (2017)

  likelihood for sample x and model m B independent mixtures z = (z ib ; i = 1, . . . , n; b = 1, . . . , B) vectors of the component memberships z ib = (z ib1 , . . . , z ibG b ) where z ibg = 1 if observation i arose from component g for block b, and z ibg = 0 otherwise Completed-data likelihood for sample x and model m

  Rel: religion, Oc: occupation, OcH: occupation of the husband, SLI: standard-of-living index and ME: media exposure). 16 Vincent VANDEWALLE 1,2 , Thierry MOTTET 2 , Matthieu MARCBAC 3 Model-based variable clustering Conclusion Proposition of model-based clustering with several class variables, each one explaining the heterogeneity of a block of variables: Find groups of variables producing the same clustering of the individuals Interpret the clustering produced for each group of variables Model search performed simultaneously with parameters estimation Proposed model can be used in the heterogeneous data settings 19 Vincent VANDEWALLE 1,2 , Thierry MOTTET 2 , Matthieu MARCBAC 3 Model-based variable clustering

	Mixed dataset	
	x i = (x i1 , . . . , x id ) is a vector of mixed variables (continuous, binary, count	
	or categorical	
	local independence within block ⇒ extension to the mixed data analysis	
	Subset of the 1987 National Indonesia Contraceptive Prevalence Survey	
	1473 Indian women described by	
	One continuous variable (AGE: age)	
	One integer variable (Chi: number of children)	
	Seven categorical variables (EL: education level, ELH: education level of	
	the husband,	
	Vincent VANDEWALLE 1,2 , Thierry MOTTET 2 , Matthieu MARCBAC 3 Model-based variable clustering	11
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The EM algorithm to achieve arg max (ω,θ) pen(θm |m, x), starting from (ω [0] , θ [0] ) is at iteration [r ]: E-step Computation of the fuzzy partitions t

[r ]

, M-step Maximization of the expected value of the complete-data log-likelihood over the parameters, Starting at the initial value ω [0] , each ω j is uniformly sampled among {1, . . . , B}, the algorithm at iteration [r ] is Partition step: find z [r ] such that for b = 1, . . . , B p(

|m [r ] ).

Model step: find ω [r +1] such that for j = 1, . . . , d