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Figure 3: ROC curves for Testing Results

Table 1: The number of features selected (d), the area of
the ROC curve scaled by 100 (Area) and the sensitivity
corresponding to 90% specificity (Sens) is shown for
all algorithms considered in this study. The values
in parenthesis show the corresponding values for the
testing results.

Algorithm d Area Sens (%)

SFLD 25 94.8 (94.9) 89 (87)
SFLD-sub 17 94.7 (94.1) 92 (85)
GFLD 17 94.3 (94.7) 85 (83)
SKFD 18 88.0 (82.0) 65 (60)
FLD 207 80.3 (89.1) 63 (77)

data. GFLD performs almost equally well with SFLD-
sub and SFLD algorithms but the difference is hidden
in the computational cost required to select the features
in GFLD. The computational cost of GFLD is propor-
tional to d3 whereas that of SFLD is proportional to
d2.

6 Conclusions

In this study we proposed a sparse formulation of
famous Fisher Linear Discriminant and applied this
technique to a Colon dataset. Experimental results
favor the proposed algorithm over two other feature
selection/regularization techniques implemented in the
FLD framework both in terms of prediction accuracy
and the computational cost for large data sets. Future
study will focus on obtaining sparse solutions in an
iterative scheme without truncating the discriminant
vector which will in turn guarantee convergence.
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