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» ANR GENOSHIFT : toxic agents are a major risk for human/animal health and biosystems, to understand their modes of action, a multi-omic study is conducted to identify biomarkers of exposure
» The differential gene analysis revealed Differentially Expressed Genes (DEGs) for some of these 12 molecules and no DEGs for others. But, variable selection highlighted a transcriptomic effect for

» Statistical integration of metabolomic and transcriptomic data: identify genes and metabolites correlated and modulated by chronic exposure of human liver cells to 12 genotoxic compounds.

Context ~

following chronic exposure of human liver cells to 12 reference genotoxic compounds at low doses.
these latter compounds.
» Selection of the most "informative" variables for statistical integration by removing non-informative, redundant and noisy variables in transcriptomic data using the following methods:

d Affinity Propagation Clustering[2] (apcluster R package), unsupervised method of selection by grouping similar variables: allows to remove redundancy.
(J RELIEFF[3] (mt R package), supervised method of selecting discriminant variables. y
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e < Variable with the highest average correlation.

Unsupervised method : selection of non-redundant variables “* Variable with the smallest Euclidean distance.
\ ** Center of the cluster. /

Transcriptomic data & for each Affinity Propagation
treatment Example : sample s1 m Clustering method [2] Grouped variables Representative variables
mm. s4 Varl 0.6 Selected variables Heatmap
; Control RELIEFF f ol ____
> oo method [3] s8

Cells treated with 12 reference

genotoxic compounds for 5 days
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Metabolomic data

Material and Methods
Variable selection methods are applied on the

m transcriptomic data to reduce the data dimension in
64 samples and 875 variables

Nuclear Magnetic Resonance 600 MHz order to integrate them with the metabolomic data.
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Transcriptomic data

To select the representative variable of each cluster in an unsupervised
Agilent SurePrint G3 Human GE V3 8x60K microarray e

64 samples and 31 972 variables manner, the following methods were used :

Varl arl |
Var2 0.15
\ Var2 Var2 | ‘
s2 Control SG— /52 Var3 0.57 Var6 Var6 Var6 Vard l
s3 Control <, Vard 0.63 vars vara vars vars |
s3

54 Contr0| Compute the 57 Var5 009 V Va rn Va r3
: arn
S5 Traited K Nearest For each variable, if the average Var6 0.37 Var3 Var3 Var3

s6 Traited Neighbors distance between sample s1 -0.7 : : e
- — for each and its neighbors in the Selection of Negative euclidean distance is CI"_'OOSG the representative Selection of non- _ V.|su.aI|zat|on of
_ sample. opposite group is greater than varn 0-35 discriminant variables calculated between variables in vzfmable for each 'cluster: the redundant variables. discriminant a.nd non-
s8 Traited that with its neighbors in the (weight > 0). order to group similar variables variable with the highest weight redundant variables on
same group then the weight of into the same cluster. obtained by the RELIEFF method a heatmap.
\ the variable increases. is selected.
K Supervised method : selection of discriminant variables Unsupervised method : selection of non-redundant variables /
- Results and Discussions ~N
Affinity Propagation Clustering RELIEFF method combined with Affinity Propagation clustering  Groups
AFB1 (5473 DEGs) ETO (287 DEGs) DEA (31 DEGs) I Control
Treatment
Compounds vs Control Number of selected variables s R
AFB1 vs Control 1456
ETO vs Control 1405
CIS vs Control 1232
TAX vs Control 1278
DAT vs Contro 1185
DEA vs Contro 1255
Number of non-redundant variables selected by Affinity Propagation clustering: each :
line indicates the number of variables selected for a compound compared to its control. w
\ Heatmap of discriminant and non-redundant variables selected by the RELIEFF method combined with Affinity Propagation
X Affinity Propagation cIustering[Z] allowed to remove redundancy clustering. In line, there are the selected variables and in column, the control samples (in blue) and treated samples (in orange).
between variables and thus reduce the dimension of transcriptomic - ~
. data. o ) ¢ aria) | f ) ¢ The RELIEFF [3] method combined with Affinity Propagation clustering [2] selected
L X 4 . . . . .
« The table |nd|cate§ the r:umber;) variables >€ Iected of ee;c discriminant and non-redundant variables, particularly for compounds where there was no
Eompound. apprc;mm.ateI Y onfe;c\ ousand \;aLlab esfwere se Iecte.d to differentially expressed gene (e.g. CIS, TAX, DAT.).
avefa numbgr © var!ab es of the order of those of metabolomic “* We can see on the heatmaps that the selected variables have a differential expression
K data for data integration. / \ between the control vs treatment groups. /
e Conclusions and Perspectives ~
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v" These results show that the RELIEFF method combined with Affinity Propagation clustering is able to select discriminant and non-redundant genes, particularly for
compounds for which there is a no clear transcriptomic effect (e.g., CIS).

v' The unsupervised method (Affinity Propagation clustering) reduced the size of the data by selecting around 3% of variables.

v' The selected variables will be used for statistical integration with the metabolomic variables.
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