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Abstract: Feature selection is an important step when building a classifier. However, the feature selection tends to be
unstable on high-dimension and small-sample size data. This instability reduces the usefulness of selected
features for knowledge discovery: if the selected feature subset is not robust, domain experts can have little
trust that they are relevant. A growing number of studies deal with feature selection stability. Based on the
idea that ensemble methods are commonly used to improve classifiers accuracy and stability, some works
focused on the stability of ensemble feature selection methods. So far, they obtained mixed results, and as far
as we know no study extensively studied how the choice of the aggregation method influences the stability of
ensemble feature selection. This is what we study in this preliminary work. We first present some aggregation
methods, then we study the stability of ensemble feature selection based on them, on both artificial and real
data, as well as the resulting classification performance.

1 INTRODUCTION practice. Moreover, a classifier based on a high num-
ber of features will not be easily interpretable. The
Feature selection is a critical step of the supervised point problem is about the robustness of the selected
classification procedure and specially in the small- features. To obtain a confident classifier, the selected
Samp|e h|gh dimension Settings_ Sma||-samp|e h|gh subset has to be stable. To deal with all of these prob—
dimension settings refers to problems where the num- lems a feature selection is necessary in order to reduce
ber of features is higher than the number of examples. dimensionality of the data.
This kind of problem is increasingly frequent, espe- Feature selection refers to the process of remov-
cially in bioinformatics with the massive production ing irrelevant or redundant features (in our con-
of "omics” data. In this context the learning algo- text, genes) from the original set of featurgs=
rithms met several problems called the curse of di- {fy, f2,..., fir|_p}, S0 as to retain a subset 7 con-
mensionality (Simon, 2003). In high dimension, find- taining only informative features useful for classifi-
ing the actual informative features becomes more dif- cation (Liu et al., 2010). Beyond classification per-
ficult and the risk of overfiting strongly increases. The formance, the other main objective of the gene selec-
consequence is the worse generalization performancetion is to obtain a reliable and robust list of predictive
of the classifiers (Jain and Chandrasekaran, 1982).genes: a gene which is regularly selected over several
Secondly, very high dimension alone is an issue it- datasets dealing with the same problem — or at least
self, as classifiers frequently do not scale well to huge over various random subsamples of the same dataset
numbers of features, leading to increased computa-— is more likely to be really relevant, and is of greater
tion times. Thirdly, a classifier based on a small sub- interest to domain experts willing to use the classi-
set of genes will be easier and less expensive to use infication results for knowledge discovery purposes. In
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practice, this is generally not the case, and many stud-gation method. We first briefly present the stability
ies on feature selection stability emphasized the diffi- measures and the three ensemble aggregation meth-
culty to obtain a reproducible gene signature on high- ods we used. Then we perform an empirical analysis
dimension small-sample data (Ein-Dor et al., 2006; of feature selection stability on both artificial and real
Haury et al., 2011). Stability of feature selection microarray datasets.

strongly depends on the/D ratio and problem dif-

ficulty. For example in one previous work we have

shown that on a simple two Gaussian classes problemy  ENSEMBLE FEATURE

with 1000 features, a t-test based selection has a prob-

ability of more than 0.95 to select the very informative SELECTION

features wheiN = 1000, but this probability falls to : . .
less than 0.2 wheN = 50 (Dernoncourt et al., 2014). Creating an ensemble feature selection can be divided

into two steps. The first step is to create a set of di-
verse feature selectors. The second step is to aggre-
¢9ate them.

A growing number of studies have been dealing
with feature selection stability, be it either to intro-
duce stability measures (Kuncheva, 2007; Somol an
Novovitova, 2010), to compare the stability of exist- . . .
ing methods (Haury et al., 2011), and/or to propose 2.1 Diversity Generation
innovative, stability-focused feature selection meth- [ . . . )
ods (Saeys et al., 2008; Han and Yu, 2012). SomeThe d|verS|ty _of fe:’;}tu're select?rs is a (_:ruc!al condi-
works, such as (Somol et al., 2009; Abeel etal., 2010; tion for obtaining a "wise crowd" (Surowiecki, 2004),
Haury et al., 2011), also investigated the stability of Necessary for an efficient ensemble. It can be obtained
ensemble feature selection methods. The main ideaVi2 different methods such as:
behind ensemble methods is to produce several indi- e manipulating the training sample: typically, re-
vidual feature selections and combine them in order  sampling the training set so as to perform each FS
to obtain a selection that outperforms every one of of the ensemble on a different training set,
them. This idea s based on the concept of "wisdomof o manipulating the FS method: for instance, use dif-
the crowd”, which states thander certain controlled ferent parameters for each FS, if the FS method
conditions, the aggregation of information from sev- has parameters,
eral sources, results in decisions that are often su-
perior to those that could have been made by any
single individual - even expert{Surowiecki, 2004;
Rokach, 2010). In practice, ensemble methods have
been widely applied to classifiers and since they can
improve classifiers accuracy and stability, we can sup- ¢ hybridization: use several FS methods in the en-
pose that they should provide similar benefits to fea- semble,
ture selection techniques (Yang et al., 2010). So far, or a combination of those (Rokach, 2010). In this pa-
works on ensemble feature selection have mainly fo- per, we focused on manipulating the training sample,
cused on classification accuracy, showing accuracywhich is the most commonly used method, and ob-
gains (or losses) to be problem-dependent (Han et al..tained diversity by bootstrapping the training samples
2013) and filter-dependent (Wald et al., 2013). Works B = 40 times, based on previous works that showed
which also studied stability have obtained mixed re- that ensemble FS doesn’t improve much when in-
sults too, leaving the general impression that both sta- creasing the amount of bootstrap samples further than
bility and accuracy gains (or losses) from ensemble 40 (Abeel et al., 2010) or even 20 (Saeys et al., 2008).
methods are problem-dependent (Saeys et al., 2008).

However, those works have often measured stabil- 2.2 Aggregation

ity over overlapping resamplings, which strongly in-

creases the measured stability (Haury et al., 2011),\We tested the following methods of aggregation:

and might also impact stab|l|ty. variations, and as far Average score: on each bootstrap sample, the
as we know no study_extenswely_ studied how the FS method outputs a scosg ; for each gend.
choice of the aggregation method influences the sta- We simply average the score of a gene over the

bility of gnsemple_ feature selection met_hods.- . bootstrap samples in order to obtain the ensemble
In this preliminary work, we start investigating Scorew; -
»

how ensemble methods improve feature selection B o .
(FS) stability, with a focus on the impact of the aggre- W, = 2j-15h) (1)
B

e partitioning the search space: each FS is per-
formed on a different search space, for instance,
random forest learns each tree on a random, dif-
ferent, small subset of features,
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e Average rank (Abeel et al., 2010): on each boot- LetS={S,S,...,S»} be asystem ab gene sub-
strap sample, the score of each gepg is con- sets obtained frorw runs of the feature selection rou-
verted into a ranky, ;. Then we average the rank tine on different sampling€) = 3 ; |S| be the total
of a gene over the bootstrap samples in order to number of occurrences of any geneSiandF; be the

obtain the ensemble score: number of occurrences of gerfec ¥ in systems.
B . The weighted consisten€W was defined as follow:
W — 2=t @) Fr Fr—1
= _
B =5 .
CW(S) 20 w1 4

o Stability selection (Meinshausen and Bhimann, . . o o
2010): the ensemble scdné, of each gene is ob- andCWe is obtained by adjustingW on its minimal
tained by measuring how often the gene ranks in @nd maximal possible valu€\min andC\Wnax:

the topd of each bootsE;[rap sample: CWeal (5, F) = CW(S) — CWhin(Q, W, F ) 5)
Wi — Y-l (fi )

 CWnax(Q, @) — CWhnin(Q, , F)

fi B ® 32 Arificial Data
wherel (f, j) = 1 if genef; is ranked in the topl ) -
on FS performed on thi" bootstrap sample, and We used three different art|f|C|aI. data structures, all
I(fi,}) = O otherwise. based on a two-classes Gaussian model itk
1000 genes. Each of the two classes follows a nor-
mal distribution defined respectively By (1) and
AN (—W %), wherep is a vector of means such that
|W = D andZ is the covariance matrix.

Inthe first data structur&C210Q all genes arein-
dependenty is the identity matrix) and the elements
3 EXPERIMENTAL DESIGN i of p consisted ofl = 100 elements; = 1 (genes

useful for classification) an® — d = 900 elements
We performed experiments on both artificial and real | = 0 (noise genes). Thanwas scaled down so that
data in order to assess the impact of ensemble meth-7 would yield a specified Bayes err@ityes— 0.10).
ods on the stability of feature selection. We used four  In the second data structutdC, all genes are in-
base FS methods: t-score, random forest, recursivedependent and the elemeptf pwere drawn from
feature elimination using support vector machines a triangular distribution with a lower limit and mode
(SVM-RFE), and mutual information. For each of equalto O (probability density functiorf{x) = 2—2x
those methods, feature selection was performed withfor x € [0; 1]). In order to obtain a more realistic prob-
and without the ensemble aggregation methods de-ability density, we then raisegto a power ofy = 2,
scribed in the previous section. We then measuredsimilarly to the method used in (Dernoncourt et al.,
the stability of the feature selection on strictly non- 2014). Again,u was scaled down so th& would
overlapping sets (different generated sets on artificial yield egayes= 0.10.
data, resamplings on real data), and the average classi- In the third data structuré&;B, we added correla-
fication error rate obtained with a linear discriminant tions within blocks of ten genes, by using the covari-
analysis (LDA) classifier on the test sets. ance matrix

Finally, for each aggregation strategy, thgenes
with the largest scor@/;; are retained as the final en-
semble selection.

51 0 .- 0
3.1 Stability Measure 0 % -~ 0
Many different measures have been described to mea- : ' :
sure stability. As our main stability measure, we 0 0 - Zi00
chose to use the relative weighted consistency (Somolwhere is a block diagonal matrix ang is a 10x 10
and Novovicova, 2010;We|, which evaluates how  sgquare matrix with elements 1 along its diagonal and
frequently each feature is selected, among the feature<.5 off its diagonal, similarly to the method used in
which have been selected at least once. We chose it(Han and Yu, 2012). We used the sapas in theNC
because it ignores the stability of non-selected fea- dataset.
tures (which would artificially increase the stability From these models, 50 training sets were gener-
measure on large datasets where many features arated, on which the FS methods were performed and an
irrelevant and easy to exclude), and because it's ad-LDA classifier was trained. Each classifier was then
justed to take into account the proportion of overlap- applied to a test set consisting of 10000 instances to
ping features due to chance. estimate its error rate.
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Table 1: Microarray datasets.

Name N D Source
Colon cancer 62 | 2000 Alon et al., 1999
Leukemia 72 | 7129 Golub et al., 1999
Breast cancer Pawitan 159 | 8112 Pawitan et al., 2005
Lung cancer 203 | 2000 | Bhattacharjee et al., 200[L
Breast cancer Vijver | 294 | 2000 | van de Vijver et al., 2002

3.3 Real Data (and somewhat lower error rate) than ensemble SVM-
RFE on correlated data. As with SVM-RFE, the ag-
We experimented with five publicly available mi- gregation method did not matter here.
croarray datasets, listed in Table 1. For each dataset,
50 training sets were generated by randomly drawing 4.2 Real Data
half instances from the dataset (without replacement).
For each of them, feature selection was performed andTable 3 presents the stability of feature selections and
a classifier was trained (using the same methods asthe error rate of resulting classifiers on the real mi-
with the artificial data). Each classifier was then ap- croarray datasets. In general, similarly to the artifi-
plied on a test set consisting of the samples not in- cial data, we observed that ensemble feature selection
cluded in the corresponding training set. Stability of provides similarly or more stable results than single
the feature selection was measured within each pairfeature selection, with the exception of t-score on the
of training and test sets, so as to have no overlap. Theleukemia dataset. Unlike what we observed on arti-
final measure of stability corresponds to the-averageficial data though, the error rate was in-some cases
of those 50 measures. increased by the ensemble selection.
T-score obtained the highest stability on 2 out of
5 datasets. In 4 datasets, its ensemble version had
4 RESULTS an improyed stabi_lity, but only with the average score
aggregation, and in half cases (colon cancer and lung
. cancer datasets) at the cost of a largely increased er-
4.1 Artificial Data ror rate. On the leukemia dataset, ensemble methods
reduced stability and increased error rate.
Table 2 presents the stability of feature selectionsand  SVM-RFE obtained the highest stability on 3 out
the error rate of resulting classifiers on the artificial of 5 datasets. In all datasets, its ensemble version had
datasets. In general, we observed that ensemble feaan improved stability, the best improvement occurring
ture selection provides similarly or more stable results with the average score aggregation, closely followed
than non-ensemble (single) feature selection, and aby stability selection. Aggregation by average rank
similar or lower error rate. did not perform as well: it provided the worse stability
T-score obtained the highest stability and lowest increase on the colon cancer and lung cancer dataset,
classification error rate overall. It further benefited and no stability increase or even a stability degrada-
from its ensemble version, but only with the average tion on the other datasets. The error rate was generally
score aggregation: the average rank and stability se-unchanged by ensemble methods, except for a 10%
lection aggregation slightly degraded its stability and increase in the colon cancer dataset (with any aggre-
did not improve the classification error rate. gation method) and a 20% decrease in the lung cancer
Compared to t-score, SVM-RFE had a slightly dataset (aggregation by average rank only).
lower stability on non-correlated data and half the sta- Random forest had the lowest stability on 3 out of
bility on correlated data, but with a similar error rate. 5 datasets, and tied with mutual information on the
It did not benefit from the ensemble version on non- Vijver dataset. However it had a competitive error
correlated data, but stability was improved on corre- rate (best without ensemble on Vijver and leukemia
lated data, similarly with all aggregation types. datasets, best with ensemble on the colon cancer
Random forest was the worst performer, with half dataset), even though the differences in error rates
the stability of t-score on all datasets, and a higher er- between the different feature selection methods were
ror rate on the uncorrelated datasets. It was howevergenerally small, except on the Pawitan dataset. Sim-
much more stable in its ensemble version, reachingilarly to SVM-RFE, its stability was generally in-
similar stability levels and error rate as single SVM- creased by ensemble methods. Aggregation by av-
RFE on non-correlated data, and a higher stability erage score and stability selection improved stability
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Table 2: Classification error rate and selection stabilityttee artificial datasets, with feature selection withowgesnble and
with three ensemble aggregation methods.

Artificial Ensemble t-score SVM-RFE Random forest
data type aggregation Error rate CWe | Errorrate  CWe | Error rate  CWg
NC100 Single 0.338 0.075| 0.345 0.065| 0.383 0.031

Average score 0.290 0.135| 0.339 0.071| 0.347 0.059
Average rank 0.340 0.072] 0.340 0.072| 0.347 0.061
Stability selection| 0.339 0.071] 0.344 0.068| 0.345 0.062
NC Single 0.360 0.050| 0.360 0.049| 0.391 0.027
Average score 0.320 0.071| 0.364 0.045| 0.365 0.042
Average rank 0.361 0.045| 0.364 0.044| 0.363 0.045
Stability selection| 0.366 0.043| 0.363 0.045| 0.368 0.040
CB Single 0.239 0.235| 0.242 0.113| 0.244 0.099
Average score 0.223 0.265| 0.238 0.152| 0.232 0.193
Average rank 0.235 0.226| 0.238 0.154| 0.230 0.195
Stability selection| ~ 0.237 0.217| 0.239 0.150| 0.233 0.190

Table 3: Classification error rate and selection stabilityttee microarray datasets, with feature selection withosemble
and with three ensemble aggregation methods.

Data Ensemble t-score SVM-RFE Random forest| Mutual inf
aggregation| Error CWyg | Error CWg | Error CWe | Error  CWg
Colon Single 0.188 0.310| 0.182 0.448| 0.196 0.163| 0.181 0.140

Score 0.305 0.327| 0.203 0.588| 0.179 0.206| 0.217 0.149
Rank 0.215 0.277| 0.203 0.494| 0.199 0.163| 0.209 0.149
Stability | 0.210 '0.262| 0.206 0.568| 0.177 0.210| 0.213 0.145
Leukemia Single 0.049 0.322| 0.044 0.525| 0.042 0.220| 0.050 0.263
Score 0.117 0.315| 0.051 0.581| 0.043 0.265| 0.052 0.300
Rank 0.054 0.269| 0.047 0.517| 0.067 0.094| 0.053 0.297
Stability | 0.058 0.246| 0.047 0.565| 0.046 0.269| 0.049 0.294
Pawitan Single 0.342 0.071] 0.283 0.129| 0.309 0.011| 0.313 0.023
Score 0.328 0.085| 0.283 0.180| 0.320 0.012| 0.343 0.024
Rank 0.344 0.065| 0.298 0.095| 0.324 0.015| 0.335 0.024
Stability | 0.317 0.047| 0.289 0.180| 0.314 0.011| 0.329 0.022
Lung Single 0.054 0.515| 0.084 0.377| 0.060 0.342| 0.061 0.372
Score 0.076 0.536| 0.083 0.498| 0.064 0.398| 0.063 0.379
Rank 0.058 0.417| 0.067 0.444| 0.063 0.389| 0.064 0.377
Stability | 0.058 0.445| 0.082 0.487| 0.063 0.394| 0.064 0.376
Vijver Single 0.382 0.254| 0.377 0.159| 0.359 0.078| 0.360 0.077
Score 0.364 0.345| 0.373 0.221| 0.368 0.107| 0.357 0.091
Rank 0.371 0.237| 0.368 0.158| 0.371 0.105| 0.360 0.092
Stability | 0.374 0.237| 0.376 0.215| 0.371 0.106| 0.359 0.088

equally and on all datasets, except for the Pawitan proved (leukemia and Vijver datasets) stability, with
dataset. Aggregation by average rank was more in-no marked difference in favor of a specific aggrega-
consistent: similar improvements as the other aggre-tion method. Ensemble increased the error rate in
gation methods on Vijver and lung cancer datasets, the colon cancer and Pawitan dataset, again with no
a better improvement on the Pawitan dataset, wheremarked difference between aggregation methods.
random forest had a very low stability compared to

the other methods, no improvement compared to sin-

gle random forest on the colon cancer dataset, and an5 CONCLUSIONS AND FUTURE

important degradation on the leukemia dataset.
Mutual information had the lowest stability on WORK
the colon cancer dataset, yet competitive error rates.
The ensemble versions had a similar (colon cancer, In this work, we studied how ensemble feature selec-
Pawitan, and lung cancer datasets) or moderately im-tion methods influence the stability of the gene selec-
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tion and, to a lesser extent, the error rate of the re- sion and small sample dat€omputational Statistics
sulting classifier on microarray data and artificial data  and Data Analysis71(0):681 — 693.
of similar dimension. We focused on the aggrega- Ein-Dor, L., Zuk, O., and Domany, E. (2006). Thousands

tion method used in the ensemble procedure, because ~ ©f samples are needed to generate a robust gene list
' for predicting outcome in canceProceedings of the

that is an important aspect of the ensemble construc- National Academy of Sciencek03(15):5923-5928.
tion procedure which, to our knowledge, had scarcely Han, Y., Yang, Y., and Zhou, X. (2013). Co-regularized
been investigated in such a setting before. Similarly ensemble for feature selection. Proceedings of the
to (Haury et al., 2011), we found that average rank ag- Twenty-Third International Joint Conference on Arti-
gregation usually performed worse than the other ag- ficial Intelligence IJCAI'13, pages 1380-1386. AAAI

Press.

Han, Y. and Yu, L. (2012). A variance reduction framework
for stable feature selectionStatistical Analysis and

gregation methods. We also found that average score
aggregation usually resulted, with a few exception, in

the b_est stability, while stability selection aggregation Data Mining 5(5):428—445.

was in-between. Haury, A.-C., Gestraud, P., and Vert, J.-P. (2011). Theinflu
We observed, in some cases, a trade-off between ence of feature selection methods on accuracy, stabil-

stability and error rate. Previous studies such as ity and interpretability of molecular signatureBLoS

(Saeys et al., 2008) already suggested such a dataset- ONE 6(12):628210. _ _
dependent trade-off between robustness and classifi 72" A K. and Chandrasekaran, B. (1982). 39 dimension-
- ) ality and sample size considerations in pattern recog-
cation pgrformance. Here, however, we T'nd ,that the nition practice.Handbook of Statisti¢c®:835—-855.
aggregation method can also play a role in this trade- i ;ncheva, L. 1. (2007). A stability index for feature selec-
off, since in some cases error rate and stability were tion. In Devedzic, V., editorrtificial Intelligence and

differently affected by the different ensemble aggre- Applications pages 421-427. IASTED/ACTA Press.
gation methods. This trade-off did not seem to apply Liu, H., Liu, L., and Zhang, H. (2010). Ensemble gene se-
to our artificial data, though: on them, a better er- lection by grouping for microarray data classification.

Journal of biomedical informati¢}3:81-87.

Meinshausen, N. and Bhimann, P. (2010). Stability selec-
tion. Journal of the Royal Statistical Society: Series B

ror rate was systematically paired with a better stabil-
ity. This difference could be due to structural differ-

ences with the real data (the latter probably present- (Statistical Methodology)72(4):417—473.
ing much more complex and numerous interactions), rokach, L. (2010). Ensemble-based classifiekstificial
or to a lack of diversity in the artificial data, since the Intelligence Reviend3(1-2):1-39.

trade-off is not observed in all datasets. Nonetheless,Saeys, Y., Abeel, T., and Peer, Y. (2008). Robust feature
we observed that in all cases, the most stable method selection using ensemble feature selection techniques.

without ensemble could be rendered more stable via {2r?ﬁiﬂi@i(\e’g-rxnﬁze;?%'skn%\;v?er(‘j% Qﬂgﬁ'skéo'f,ériﬁjﬁ

ens_emble, with or without a trade-off on the classifi- Databases volume 5212 ofLecture Notes in Com-

cation error rate. puter Sciencepages 313-325. Springer Berlin Hei-
As future work, we think it would be interesting delberg.

to study or develop more aggregation methods, suchSimon, R. (2003). Supervised analysis when the number of

as average weighted rank or score (giving a higher candidate features (p) greatly exceeds the number of

weight to higher scores or lower ranks). Weighted cases (n)SIGKDD Explor. News).5(2):31-36.
Somol, P., Grim, J., and Pudil, P. (2009). Criteria ensemble

(exponential) rank reportedly performed better than in feature selection. In Benediktsson, J. A, Kittler, J.,
average rank (Haury et al., 2011), so maybe such an and Roli, F., editorsMCS volume 5519 of_ecture
improvement could be obtained by using the same Notes in Computer Sciengeages 304-313. Springer.
method on scores. Hybridization of different base fea- Somol, P. and Novovigova, J. (2010). Evaluating stabilit
ture selection methods also seems to be an interesting ~ and comparing output of feature selectors that opti-
area to explore, which will also require some specific mize feature subset cardinalityEEE Trans. Pattern

: . Anal. Mach. Intell, 32(11):1921-1939.
work on the aggregation strategies. Surowiecki, J. (2004).The Wisdom of Crowds: Why the
Many are Smarter Than the Few and how Collective
Wisdom Shapes Business, Economies, Societies, and
Nations Doubleday.
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