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Ensemble learning has been widely applied in pattern recognition with the benefit
of more robust and accurate than the individual learners. This ensemble logic has
recently also been more and more applied in feature selection. There are basically
two strategies for ensemble feature selection, namely data perturbation and
function perturbation. Data perturbation subsamples the whole dataset, and then
selects the features consistently ranked highly across those data subsets to improve
both the stability of the selector and the prediction accuracy for a classifier.
Function perturbation integrates multiple selectors to free the user from having to
decide on the most appropriate selector for any given situation, while maintaining
or improving classification performance. We here propose a framework, EFSIS,
combining these two strategies. Empirical results indicate that EFSIS gives both
high prediction accuracy and stability.
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Figure 2. Workflow of performance evaluation
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Figure 1. Work scheme of our method «EFSIS»

Aggregation strategy

There are two aggregations in the paradigm as Fig. 1 shows.

> To aggregate the rankings of one selection method from different sub samplings,
we use the product of the ranks of one feature across the feature selection
(ranked) lists as its aggregated ranking score [1].

> To aggregate the results from different methods (SAM, GeoDE, ReliefF and
Information Gain [2 - 5]), we apply the product strategy with the stability as a
weight.

Datasets

We tested our method on 6 different cancer-related transcriptomics (see Table 1).
These datasets represent a broad range of characteristics in terms of biological
information (different types of cancers), number of samples and number of
attributes (genes).

Attributes

Samples
12625 54

Dataset name
AML [6]

CNS [7]
ColonBreast [8]
DLBCL [9]
Leukemia [10]
ProstateSingh [11]

7129 60
22283 52
7129 77
7129 72
12600 102

Table 1. Datasets

Evaluation
We used a 10-fold cross-validation (K = 10 in Fig. 2) scheme for all the feature
selection methods by applying them to nine tenths of the samples (training set) and
assessing the prediction accuracy on the remaining (test set). The model
performance was then quantified using the Area Under Curve (AUC) measure, and
summarized over the 10 runs performed in the cross-validation.

Tests were performed with varying number of features. For classification we used
Support Vector Machine (with a linear kernel).

We compared our method EFSIS with the integrated individual methods and

function perturbation.
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Results

| Percentage of selected features (%)
Dataset Ranker | 03 05 07 1 15 2 3 4 5
AML SAM | 0.69 + 0.17 0.73 £ 0.16 0.73 £ 0.20 0.76 £ 0.14 0.78 £ 0.17 0.75 £ 0.18 0.74 £ 0.20 0.76 + 0.17 0.77 £ 0.16
| GeoDE | 0.74 + 0.16 0.69 + 0.25 0.76 £ 0.20 0.76 £ 0.16 0.80 £ 0.16 0.80 +£ 0.18 0.84 £ 0.15 0.79 + 0.18 0.79 + 0.22
| ReliefF | 0.66 + 0.14 0.67 £ 0.16 0.66 + 0.21 0.66 + 0.21 0.70 + 0.17 0.74 £ 0.15 0.71 £ 0.17 0.71 + 0.17 0.71 + 0.17
| Info_Gain | 0.81 +£ 0.16 0.75+0.18 0.74 £ 0.16 0.73 £ 0.17 0.79 £ 0.14 0.76 £ 0.17 0.77 + 0.17 0.79 + 0.16 0.80 + 0.17
| Func_Pert | 0.74 + 0.20 0.74 £ 0.17 0.74 £ 0.16 0.77 £ 0.16 0.78 £ 0.15 0.75 £ 0.16 0.79 £ 0.20 0.75 +0.19 0.78 £ 0.13
| EFSIS | 0.71 + 0.16 0.70 £ 0.19 0.74 £ 0.16 0.78 £ 0.12 0.73 £ 0.17 0.76 £ 0.17 0.79+0.14 0.76 + 0.17 0.76 + 0.17
CNS | SAM | 0.72 + 0.22 0.69 + 0.22 0.71 £ 0.20 0.72 £ 0.17 0.71 £ 0.21 0.72 £ 0.17 0.73 £0.18 0.69 + 0.19 0.73 £0.18
| GeoDE | 0.63 +0.16 0.76 + 0.08 0.81 £ 0.16 0.82 £ 0.13 0.82 £ 0.18 0.88 £ 0.17 0.89 +£ 0.16 0.88 £ 0.14 0.90 £ 0.14
| ReliefF | 0.72 + 0.15 0.74 £ 0.17 0.78 £ 0.20 0.78 £ 0.16 0.76 £ 0.17 0.75 +£0.18 0.69 + 0.16 0.70 £ 0.16 0.70 + 0.18
| Info_Gain | 0.69 + 0.17 0.78 + 0.18 0.76 £ 0.19 0.71 + 0.19 0.65 + 0.17 0.70 £ 0.13 0.66 + 0.18 0.71 £ 0.16 0.78 + 0.15
| Func_Pert | 0.75+0.11 0.70 £ 0.17 0.70 £ 0.16 0.76 £ 0.18 0.78 £ 0.16 0.74 £ 0.21 0.77 £ 0.20 0.81+0.21 0.78 + 0.15
| EFSIS | 0.67 £ 0.14 0.66 + 0.18 0.73 £0.14 0.75 £ 0.17 0.80 + 0.15 0.72 + 0.21 0.72 £ 0.19 0.74 £ 0.19 0.75 £ 0.18
ColonBreast | SAM | 0.98 + 0.08 0.98 + 0.08 0.97 + 0.06 0.98 + 0.05 0.99 + 0.03 0.97 + 0.07 0.97 £ 0.06 0.97 + 0.06 0.97 £ 0.06
| GeoDE | 0.99 + 0.04 0.99 + 0.04 0.99 + 0.04 0.98 + 0.05 0.95 + 0.08 0.95 + 0.08 0.95 + 0.08 0.95 + 0.08 0.98 + 0.05
| ReliefF | 0.92 +0.14 0.92 +0.12 0.93 +0.11 0.94 +£0.12 0.94 +£0.12 0.94 +£0.12 0.95 + 0.09 0.95 + 0.08 0.95 + 0.08
| Info_Gain | 0.98 + 0.05 0.95 + 0.08 0.95 + 0.08 0.95 + 0.08 0.98 + 0.08 0.98 + 0.08 0.99 + 0.04 0.98 + 0.08 0.95 +0.12
| Func_Pert | 0.98 + 0.08 0.99 + 0.04 0.98 + 0.05 0.97 + 0.05 0.97 + 0.06 0.99 + 0.04 0.98 + 0.05 0.99 + 0.03 1.00 + 0.00
| EFSIS | 0.96 + 0.09 0.97 + 0.08 0.98 + 0.08 0.99 + 0.04 0.98 + 0.05 0.98 + 0.05 0.98 + 0.05 0.98 + 0.05 0.99 + 0.04
DLBCL | SAM | 0.91 +0.13 0.90 + 0.12 0.96 + 0.08 0.96 + 0.06 0.97 + 0.07 0.97 + 0.07 0.95+0.11 0.94 +0.11 0.97 + 0.07
| GeoDE | 0.86 + 0.10 0.87 £ 0.10 0.86 + 0.12 0.89 + 0.10 0.88 £ 0.16 0.86 + 0.22 0.88 + 0.14 0.89 £ 0.11 0.92 +0.10
| ReliefF | 0.91 + 0.15 0.95 + 0.10 0.96 + 0.08 0.97 + 0.06 0.98 + 0.04 0.99 + 0.03 0.98 + 0.04 0.99 + 0.03 0.99 + 0.03
| Info_Gain | 0.95+0.11 0.95 + 0.09 0.95+0.11 0.96 + 0.08 0.96 + 0.08 0.96 + 0.08 0.96 + 0.08 0.97 + 0.08 0.96 + 0.06
| Func_Pert | 0.91 +0.10 0.93 £ 0.09 0.94 + 0.08 0.96 + 0.07 0.96 + 0.07 0.96 + 0.07 0.95+0.11 0.98 + 0.06 0.95+0.11
| EFSIS | 0.93 +0.10 0.93 +0.10 0.96 + 0.08 0.94 + 0.09 0.97 + 0.06 0.98 + 0.05 0.98 + 0.05 0.98 + 0.05 0.98 + 0.05
Leukemia | SAM | 0.99 + 0.04 0.98 + 0.05 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02
| GeoDE | 0.98 + 0.05 0.99 + 0.02 0.99 + 0.04 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02
| ReliefF | 0.98 + 0.04 0.98 + 0.04 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.04 0.99 + 0.04 0.99 + 0.02
| Info_Gain | 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02
| Func_Pert | 0.98 + 0.04 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02
| EFSIS | 0.99 + 0.04 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02 0.99 + 0.02
ProstateSingh | SAM | 0.95 + 0.08 0.95 + 0.08 0.95 + 0.08 0.96 + 0.06 0.96 + 0.07 0.95 + 0.07 0.96 + 0.07 0.96 + 0.07 0.96 + 0.07
| GeoDE | 0.90 + 0.15 0.93 + 0.09 0.94 + 0.09 0.95 + 0.08 0.95 + 0.09 0.94 + 0.08 0.95 + 0.06 0.95 + 0.06 0.96 + 0.06
| ReliefF | 0.95 + 0.09 0.94 + 0.10 0.95 + 0.08 0.96 + 0.06 0.94 + 0.09 0.96 + 0.06 0.96 + 0.06 0.95 + 0.08 0.95 + 0.08
| Info_Gain | 0.94 +0.11 0.94 + 0.10 0.94 +0.10 0.95 + 0.09 0.95 + 0.09 0.96 + 0.07 0.97 + 0.06 0.97 + 0.06 0.96 + 0.08
| Func_Pert | 0.93 +0.10 0.95 + 0.09 0.94 +0.10 0.96 + 0.07 0.96 + 0.07 0.96 + 0.07 0.96 + 0.08 0.96 + 0.08 0.94 + 0.09
| EFSIS | 0.94 + 0.10 0.94 + 0.10 0.94 + 0.09 0.95 + 0.09 0.95 + 0.08 0.97 £ 0.06 0.96 + 0.08 0.95 + 0.09 0.94 + 0.09

Table 2. Prediction performance (Mean AUC =+ standard deviation)

The best individual method is marked in green, and the ones that are significantly
(p-value < 0.05, paired t-test) worse than the best individual method are marked in
red.

» Some “best” individual methods in one dataset can be the “worst” in another one.
» Ensemble methods are worse than the best individual ones only in 3/54 tests.
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Figure 3. Stability performance

» EFSIS can improve the stability of function perturbation in most cases.
> EFSIS either has the best performance or performs moderately compared with all
the individual methods.
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