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A TWO STEP APPROACH

GOAL SCHEMATIC PROTOCOL
Retrieve variables that explain output by significance | |
testing with false discovery rate control. screening stage cleaning stage
PROPOS|T|ON | | | D—D,UD, step 1 (D1), (Sn}ron step II (D1)>SS\ step Ill (Dz) &
Transtform an high dimensional problem to an easier fit model select model test support
problem by a two step approach, on two independant
subsamples : NOTATIONS
. . . D =1{X,y}
e Screening : Select variables with a sparse ap- . A
proach (Lasso) S\ = {.7 = {19 '°°7p}‘6j()\> # O}
1Sx}ren: All subsets estimated by Lasso, for a A grid on D,
e Cleaning : Significance test for selected variables S5: Best subset chosen by k-folds cross-validation on D,
during the screening step S: Final subset of selected variables: S is cleaned on D; to control
FDR.

IHE ADAPTIVE RIDGE SOLUTION

EQUIVALENCE WITH LASSO FISHER TEST FOR VARIABLES IN S5
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{1 -variant regression Adaptive ridge penalty Simulation design IND BLOCK TOEP™
LLASSO |B)\-| FPR SEN FPR SEN FPR SEN
ELASTIC-NET \ 1 Oj permutation F'-test 5.1 92.4 3.9 86.7 4.7 81.9
IZIN standard F'-test 9.9 93.1 11.8 89.6 154 87.1
GROUP LASSO standard t-test 8.0 94.0 12.4 93.1 7.9 85.1

\/|G<j>| > 5
( \ IND Independant variables, BLOCK Block correlation structure,
SPARSE GROUP LASsSO | & & l—a TOEP- Toeplitz correlation structure with 50% of negative
73] GG X B2 correlation. For all maz(p;.x) = 0.5.
\ meG(g) )
G(j) correspond to the group of the j*" variable.

[RESULTS IN A HIGH-DIMENSIONAL SETTING

Simulation design IND BLOCK TOEP™
FDR SEN FDR SEN FDR  SEN

Screening (Lasso) 76.7 875 76.0 839 799 5b6.5
AR* cleaning (—) 42 76.1 2.8 64.8 4.3 39.6
Ridge cleaning (--) 4.6 57.9 3.6 49.8 4.7 27.2
OLS cleaning (- - ) 3.9 483 3.1 37.1 3.7 25.3
Univar (---) 4.4 404 86.4 71.0 4.2 284
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ﬂ TP ' -~ FP ] AR* : Adaptive Ridge
SEN = E TP_I_FNH{(TP—I—FN)>O} , FDR = TP+FPH{(TP+FP)>D}
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CONCLUSION

e An efficient way to select variables in high dimensional setting

e An adaptive approach currently applied to Lasso regression, but it’s applicable to
several variants of the lasso.

Computing.

e Could be used for graphical inference or more simply to prediction
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