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Heterogeneous Omics data application

Central dogma of molecular biology DNA → RNA → Proteins

Gene expression measurements

• microarray measurements: continuous variables 

Usual related questions

• High dimensional framework with many genes • given the gene cluster each measure are independent

• X gji |Zg = k ∼ N (µ k ; σ k ) • Y g i |Zg = k ∼ P(λ k )
Remarks 1. λ k should be an increasing function of µ k , but this contraint is not imposed to simplify the estimation process (no need of a link function between λ k and µ k )

2. gene membership of each probe assumed to be known: often the case for human expression data, however not for bacterial data ...

3. model able to cope with partial gene information, however for identifiability reasons it is needed that each cluster contains at least one gene for which we have observed both RNAseq and microarray measurements.

Parameters estimation (1/2) Parameters estimated by maximum likelihood through the EM algorithm E-step t (r ) gk = P(Z gk = 1|xg, yg; θ (r ) ) with

P(Z gk = 1|xg, yg) ∝ π k n i ng j=1 f (x gji ; α k ) × mg =1 h(y g i ; β k )
where f is the pdf for microarray data and h the pdf for RNAseq data.

M-step

π (r +1) k = G g=1 t (r ) gk G α (r +1) k = arg maxα k G g=1 t (r ) gk n i=1 ng j=1 ln f (x gji ; α k ) β (r +1) k = arg max β k G g=1 t (r ) gk n i=1 mg =1 ln h(y g i ; β k ),

Remarks

• the model collapses all the data of a same gene g

• clustering of genes clustering of distributions

Parameters estimation (2/2) Computations considerably speed up by the use of sufficient statistics:

µ (r +1) k = 1 n (r +1) k G g=1 t (r ) gk 1 n × ng n i=1 ng j=1 x gji = 1 n (r +1) k G g=1 t (r ) gk xg σ 2 k (r +1) = 1 n (r +1) k G g=1 t (r ) gk 1 n × ng n i=1 ng j=1 (x gji -µ (r +1) k ) 2 = 1 n (r +1) k G g=1 t (r ) gk σ 2 xg + 1 n (r +1) k G g=1 t (r ) gk (µ (r +1) k -xg) 2 λ (r +1) k = 1 n (r +1) k G g=1 t (r ) gk 1 n × mg n i=1 mg =1 y g i = 1 n (r +1) k G g=1 t (r )
gk ȳg gene g can be summarized by:

• M-step: (xg, σ 2 xg , ȳg).

• E-step: ng and mg additionally needed.

• log-likelihood: • Small clusters have an higher mean

• The mean array value is monotetic according to the mean seq value

• Huge differences according to the cluster for mean seq value

https://portal.gdc.cancer.gov/projects/TCGA-LAML 10/23

Explication of the influence of microarray data

distribution not accurate for a lot of variables.

• Consider mixture of Gaussian ⇒ Increase the cost of the algorithm, work in progress . . .

Data

• n patients, described by G genes

• for each patient i, each gene g is described by:

• n g continuous microarray measurements x g1i , . . . , x gng i • m g count RNAseq measurements y g1i , . . . , y gmg i • assume that the genes come from K different clusters

• zg ∈ {0, 1} K denoting the cluster for gene g in binary coding.

Model

• For each gene g, zg is a realization of the random variable Zg ∼ M(1; π 1 , . . . , π K )

• Z 1 , . . . , Z G are assumed independent and identically distributed • x gji the microarray measurement for the measure number j (j ∈ {1, . . . , ng}) of the patient number i for the gene g is a realization of the random variable X gji .

• y g i the RNAseq measurment for the measure number ( ∈ {1, . . . , mg}) of the patient number i for the gene g is a realization of the random variable Y gji .

Presentation of the data

The Cancer Genome Atlas (TCGA) dataset Explanation of the influence of RNAseq • Non-closed form, found by numerical optimisation

• Algorithm implemented in fitdistrplus

• No sufficient statistic available due to the digamma function

Clustering of genes based on summary of each gene

• Rationale: as the number of patients n increases, the summary of each gene becomes consistent.

• Use clustering of genes based on summaries provided by Gaussian and negative binomial fit for each gene.

• Model based clustering with mixture of gaussian of these summaries • Easier to balance the influence of each kind of data.

BIC indicates approximately 14 clusters 20/23

Analysis of the results of the Gaussian mixture

• More accurate results, however cluster poorly separated

• ICL selects 3 clusters

Resulting empirical distribution in each cluster on the initial data

• Can be used to cluster new data based only on RNAseq

• Then deduce the distribution of microarray data given the observed RNAseq data

Conclusion and perspective

Conclustion

• Approach very sensitive to model assumptions

• Difficulty to balance the influence of each kind of variables

• Empirical solution through clustering of summaries

Perspectives

• Work in progress to stabilize the approach

• Take into account dependency of the measurements for a patient

• Simultaneous clustering of patients and genes 23/23