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Abstract. Feature selection and ranking techniques play an important
role in the analysis of high-dimensional data. In particular, their stability
becomes crucial when the feature importance is later studied in order to
better understand the underlying process. The fact that a small change
in the dataset may affect the outcome of the feature selection/ranking
algorithm has been long overlooked in the literature. We propose an
information-theoretic approach, using the Jensen-Shannon divergence to
assess this stability (or robustness). Unlike other measures, this new met-
ric is suitable for different algorithm outcomes: full ranked lists, partial
sublists (top-k lists) as well as the least studied partial ranked lists. This
generalized metric attempts to measure the disagreement among a whole
set of lists with the same size, following a probabilistic approach and be-
ing able to give more importance to the differences that appear at the
top of the list. We illustrate and compare it with popular metrics like
the Spearman rank correlation and the Kuncheva’s index on feature se-
lection/ranking outcomes artificially generated and on an spectral fat
dataset with different filter-based feature selectors.

Keywords: Feature selection, feature ranking, stability, robustness,
Jensen-Shannon divergence.

1 Introduction

Feature selection techniques play an important role in classification problems
with high dimensional data [6]. Reducing the data dimensionality is a key step
in these applications as the size of the training data set needed to calibrate
a model grows exponentially with the number of dimensions (the curse of the
dimensionality problem) and the process of knowledge discovery from the data
is simplified if the instances are represented with less features.

Feature selection techniques measure the importance of the features according
to the value of a given function. These algorithms can be basically divided in
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three types [7]: filter, wrapper and embedded approaches. The filter methods
select the features according to a reasonable criterion computed directly from the
data and that is independent of the classification model. The wrapper approaches
make use of the predictive performance of the classification machine in order to
determine the value of a given feature subset and the embedded techniques
are specific for each model since they are intrinsically defined in the inductive
algorithm. Regarding the outcome of the feature selection technique, the output
format may be a full ranked list (or weighting-score) or a subset of features.
Obviously representation changes are possible and thus, a feature subset can be
extracted from a full ranked list by selecting the most important features and a
partial ranked list can be also derived directly from the full ranking by removing
the least important features.

A problem that arises in many practical problems, in particular when the
available dataset is small and the feature dimensionality is high, is that small
variations in the data lead to different outcomes of the feature selection algo-
rithm. Perhaps the disparity among different research findings has made the
study of the stability (or robustness) of feature selection a topic of recent in-
terest. Fields like biomedicine, bioinformatics or chemometrics require not only
accurate classification models, but a feature ranking or a subset of the most
important features in order to better understand the data and the underlying
process. The fact that under small variations in the available training data, the
top-k feature list (or the ranked feature list) varies, makes this task not straight-
forward and the conclusions derived from it quite unreliable.

The assessment of the robustness of feature selection/ranking methods be-
comes an important issue [11,9,3,1], specially when the aim is to gain insight
into the underlying process by analyzing the most relevant features. Neverthe-
less, this is a topic that has received little attention and it has been only during
the last decade that several works address this analysis. In order to measure
the stability, suitable metrics for each output format of the feature selection
algorithms are required.

The Spearman’s rank correlation coefficient [10,11,19] and Canberra distance
[9] have been proposed to measure the similarity when the outcome represen-
tation is a full ranked list. When the goal is to measure the similarity between
top-k lists (partial lists), a wide variety of measures have been proposed: Jac-
card distance [11,19], an adaptation of the Tanimoto distance [11], Kuncheva’s
stability index [13], Relative Hamming distance [5], Consistency measures [20],
Dice-sorense’s index [15], Ochiai’s index [22] or Percentage of overlapping fea-
tures [8]. An alternative that lies between full ranked lists (all features with
ranking information) and partial lists (a subset with the top-k features, where
all of them are given the same importance) is the use of partial ranked lists,
that is, a list with the top-k features and the relative ranking among them.
This approach has been used in the information retrieval domain [2] to evaluate
queries and it seems more natural when the goal is to analyze a subset of fea-
tures. Providing information of the feature importance is fundamental to carry
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out a subsequent analysis of the data, but a stability measures have not been
proposed yet for these partial ranked lists.

In our context, the evaluation of the robustness of feature selection techniques,
two ranked lists would be considered much less similar if their differences oc-
curred at the “top” rather than at the “bottom” of the lists. Unlike metrics such
as the Kendall’s tau and the Spearman’s rank correlation coefficient that do not
capture this information, we propose a stability measure based on information
theory that takes this into consideration. Our proposal is based on mapping each
ranked list into a probability distribution and then, measuring the dissimilar-
ity among these distributions using the information-theoretic Jensen-Shannon
divergence. This single metric, SJS (Similarity based on the Jensen-Shannon
divergence) applies to full ranked lists, partial ranked lists as well as top-k lists.

The rest of this paper is organized as follows: Next, Section 2 describes the
stability problem and common approaches to deal with it. The new metric based
on the Jensen-Shannon divergence SJS is presented in Section 3. Experimental
evaluation is shown in Section 4 and finally Section 5 summarizes the main
conclusions.

2 Problem Formulation

In this section, we formulate the problem mathematically and present two com-
mon metrics to evaluate the stability of a feature selection and a feature ranking
algorithm.

2.1 Feature Selection and Ranking

Consider a training dataset D = {(xi, di), i = 1, . . . , M} consisting of M in-
stances and a target d associated with each sample. Each instance xi is a l-
dimensional vector xi = (xi1, xi2, . . . xil) where each component xij represents
the value of a given feature fj for that example i, that is, fj(xi) = xij .

Consider now a feature selection algorithm whose output is a vector s

s = (s1, s2, s3, . . . , sl), si ∈ {0, 1} (1)

where 1 indicates the presence of a feature and 0 the absence and
∑l

i=1 si = k
for a top-k feature list.

When the algorithm performs feature ranking, its output is a ranking vector
r with components

r = (r1, r2, r3, . . . , rl) (2)

where 1 ≤ ri ≤ l and 1 is considered the highest rank.
Converting a ranking output into a top-k list is conducted according to

si =
{

1 if ri ≤ k
0 otherwise (3)
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2.2 Similarity Measures

Generally speaking, the dissimilarity among ranked lists can be measured at
different levels:

– Among full ranked lists
– Among partial sublists (top-k lists)
– Among partial ranked lists (top-k ranked lists)

Ideally, this metric should be bounded by constants that do not depend on the
size of the sublist k or on the total number of features l. Additionally, it should
have a constant value for randomly generated subsets/rankings.

The Spearman’s rank correlation coefficient is the most frequent metric to
measure the similarity between two full ranking outputs [11,19,16,8] but it is not
suitable to partial lists. Among the wide variety of metrics proposed to measure
the similarity between partial lists with k features, such as the Jaccard distance,
Relative Hamming distance, Consistency measures, Dice-sorense’s index [15],
Ochiai’s index [22], Percentage of overlapping features, the Kuncheva’s stability
index appears to be the most widely accepted [13,1,8]. These metrics only apply
to top-k lists, though. Finally, other measures can be applied to full ranked lists
and top-k lists: Canberra distance, Spearman’s footrule and Spearman’s rho,
but they do not fulfil desirable properties such as, they should be bounded by
constants that do not depend on k or l and it should have a constant value for
randomly extracted subsets or random rankings.

Let r and r′ be the outcome of a feature ranking algorithm applied to two
different subsamples of D. The Spearman’s rank correlation coefficient (SR) is
defined as

SR(r, r′) = 1 − 6
l∑

i=1

(ri − r′i)
2

l(l2 − 1)
(4)

where l is the number of features. The SR metric takes values in the interval
[−1, 1], being -1 for exactly inverse orders, 0 if there is no correlation between
the rankings and 1 when the two rankings are identical.

Let also consider s and s′ as the outcome of a feature selection algorithm
applied to two different subsamples of D. The Kuncheva’s index (KI) is given by

KI(s, s′) =
ol − k2

k(l − k)
(5)

where l is the original whole number of features, o is the number of features that
are present in both lists simultaneously and k is the length of the sublists, that is,∑l

i=1 si =
∑l

i=1 s′i = k. The KI satisfies −1 < KI ≤ 1, achieving its maximum
when the two lists are identical (o = k) and its minimum for independently
drawn lists s and s′.

2.3 The Stability for a Set of Lists

When we have a set of outputs from a feature ranking algorithm, A = {r1, r2, . . .
rN}, with size N , the most common way to evaluate the stability of the set is
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to compute pairwise similarities and average the results, what leads to a single
scalar value.

S(A) =
2

N(N − 1)

N−1∑

i=1

N∑

j=i+1

SM (ri, rj) (6)

where SM represents any similarity metric (Kuncheva’s stability index KI or
the Spearman rank correlation coefficient SR, for example).

3 Stability Based on the Jensen-Shannon Divergence

We propose a stability measure based on the Jensen-Shannon Divergence able to
measure the diversity either among several full ranked lists, among partial ranked
lists or among top-k lists. When the ranking is taken into account, the differences
at the top of the list would be considered more important than differences at
the bottom part, regardless it is a full or a partial list. When we focus on top-k
lists, all the features would be given the same importance.

Our approach to measure the stability of feature selection/ranking techniques
is based on mapping the output of the feature selection/ranking algorithm into
a probability distribution. Then, the “distance” among these distributions is
measured with the Jensen-Shannon divergence [14].

Next, we present our proposal for full ranked lists and then, Section 3.1 and
Section 3.2 cover its extension to partial ranked lists and top-k lists, respectively.

Given the output of a feature ranking algorithm, features at the top of the
list should be given the highest probability (or weight) and it should smoothly
decrease according to the rank. Thus, following [2] the ranking vector r =
(r1, r2, r3, . . . , rl) would be mapped into the probability vector p = (p1, p2, p3, . . . ,
pl) where

pi =
1
2l

(

1 +
1
ri

+
1

ri + 1
+ . . . +

1
l

)

(7)

where
∑l

i=1 pi = 1
This way, we assess the dissimilarity between two ranked lists r and r′, mea-

suring the divergence between the distributions p and p′ associated with them.
When it comes to measure the difference between two probability distribu-

tions, the Kullback-Leibler (KL) divergence DKL [12] becomes the most widely
used option. The KL divergence between probability distributions p and p′ is
given by

DKL(p||p′)) =
∑

i

pi log
pi

p′i
(8)

This measure is always non negative, taking values from 0 to ∞, and DKL(p||q))=
0 if p = q. The KL divergence, however, has two important drawbacks, since (a)
in general it is asymmetric (DKL(p||q)) �= DKL(q||p)) and (b) it does not gener-
alize to more than two distributions. For this reason, we use the related Jensen-
Shannon divergence [14], that is a symmetric version of the Kullback-Leibler
divergence and is given by
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DJS(p||p′) =
1
2

(DKL(p||p̄) + DKL(p′||p̄)) (9)

where p̄ is the average of the distributions.
Given a set of N distributions {p1,p2, . . . ,pN}, where each one corresponds

to a run of a given feature ranking algorithm, we can use the Jensen Shannon di-
vergence to measure the similarity among the distributions produced by different
runs of the feature ranking algorithm, what can be expressed as

DJS(p1, . . . ,pN ) =
1
N

N∑

i=1

DKL(pi||p̄) (10)

or alternatively as

DJS(p1, . . . ,pN ) =
1
N

N∑

j=1

l∑

i=1

pij log
pij

p̄i
(11)

with pij being the probability assigned to feature i in the ranking output j and
p̄i the average probability assigned to feature i.

We look for a stability measure based on the Jensen Shannon Divergence
(SJS) that fulfills some constraints:

– It falls in the interval [0 ,1]
– It takes the value zero for completely random rankings
– It takes the value one for stable rankings

The stability metric SJS (Stability base on the Jensen Shannon divergence) is
given by

SJS(p1, . . . ,pN ) = 1 − DJS(p1, . . . ,pN )
D∗

JS(p1, . . . ,pN )
(12)

where DJS is the Jensen Shannon Divergence among the N ranking outcomes
and D∗

JS is the divergence value for a ranking generation that is completely
random.

In a random setting, p̄i = 1/l what leads to a constant value D∗
JS

D∗
JS(p1, . . . ,pN ) =

1
N

N∑

j=1

l∑

i=1

pij log(pijl) =
1
N

N

l∑

i=1

pilog(pil) =
l∑

i=1

pilog(pil)

(13)
where pi is the probability assigned to a feature with rank ri. Note that this
maximum value depends exclusively on the number of features and it can be
computed beforehand with the mapping provided by (7).

It is easy to check that:

– For a completely stable ranking algorithm, pij = p̄i in (11). That is, the rank
of feature-j is the same in any run-i of the feature ranking algorithm. This
leads to DJS = 0 and a stability metric SJS = 1
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– A random ranking will lead to DJS = D∗
JS and therefore SJS = 0

– For any ranking neither completely stable nor completely random, the sim-
ilarity metric SJS ∈ (0, 1). The closer to 1, the more stable the algorithm
is.

3.1 Extension to Partial Ranked Lists

The similarity between partial ranked lists, that is, partial lists that contain the
top-k features with relative ranking information can be also measured with the
SJS metric. In this case, the probability is assigned to the top-k ranked features
according to

pi =

⎧
⎨

⎩

1
2k

(

1 +
1
ri

+
1

ri + 1
+ . . . +

1
k

)

if ri ≤ k

0 otherwise
(14)

The SJS is computed according to (12) with the normalizing factor D∗
JS given

by (13) and the probability pi assigned to a feature with rank ri computed as
stated in (14).

3.2 Extension to Top-k Lists

When it comes to partial lists with a given number k of top-features, a uniform
probability is assigned to the selected features according to

pi =

{ 1
k

if ri ≤ k

0 otherwise
(15)

The SJS is computed according to (12) with the probability pi assigned to a
feature according to (15) and the normalizing factor D∗

JS given by

D∗
JS(p1, . . . ,pN ) =

l∑

i=1

pilog(pil) =
k∑

i=1

1
k
log

(
1
k

l

)

= log

(
l

k

)

(16)

where k is the length of the sublist and l the total number of features.

4 Empirical Study

4.1 Illustration on Artificial Outcomes

In this experiment we evaluate the stability metric SJS for the outcomes of
hypothetical feature ranking algorithms. We generate sets of N = 100 rankings
of l = 2000 features. We simulate several feature ranking (FR) algorithms:

– FR-0 with 100 random rankings, that is, a completely random FR algorithm
– FR-1 with one fixed output, and 99 random rankings.
– FR-2 with two identical fixed outputs, and 98 random rankings.
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Fig. 1. SJS metric and Spearman rank correlation for Feature Ranking (FR) techniques
that vary from completely random (FR-0 on the left) to completely stable (FR-100 on
the right)

– FR-i with i identical fixed outputs, and 100− i random rankings.
– FR-100 with 100 identical rankings, that is, an stable FR technique.

Fig. 1 shows the SJS and the SR for Feature Ranking (FR) techniques that vary
from completely random (FR-0, on the left) to completely stable (FR-100 on
the right). For the FR-0 method, the stability metric based on Jensen-Shannon
divergence SJS takes the value 0, while its value is 1 for the stable FR-100
algorithm. Note that SJS takes similar values to the Spearman rank correlation
coefficient SR.

Assume we have now some Feature Selection (FS) techniques, which stabil-
ity needs to be assessed. These FS methods (FS-0,FS-1,...,FS-100) have been
obtained from the corresponding FR techniques described above, extracting the
top-k features (k = 600). In the same way, they vary smoothly from a completely
random FS algorithm (FS-0) to stable FS a completely stable one (FS-100). The
Jensen-Shannon metric SJS together with the Kuncheva Index (KI) are depicted
for top-600 lists in Fig. 2. Note that the SJS metric applied to top-k lists pro-
vide similar values to the KI metric. The Jensen-Shannon based measure SJS

can be applied to full ranked lists and partial lists, while the KI is only suitable
to partial lists and the SR only to full ranked lists.

Generating partial ranked feature lists is an intermediate option between: (a)
generating and comparing full ranked feature lists that are, in general, very long
and (b) extracting sublists with the top-k features, but with no information
about the importance of each feature. The SJS metric based on the Jensen-
Shannon divergence also allows to compare these partial ranked lists (as well as
top-k lists and full ranked lists). Consider we have sets of sublists with the 600
most important features out of 2000 features. We generated several sets of lists:
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Fig. 2. SJS metric and the KI for Feature Selection (FS) techniques that vary from
completely random (FS-0 on the left) to completely stable (FS-100 on the right). The
metrics work on top-k lists with k=600.

some of them show high differences in the lowest ranked features while other
show high differences in the highest rank features. The same sublist can come
either with the ranking information (partial ranked lists) or with no information
about the feature importance (top-k lists). The overlap among the lists is around
350 features. Fig. 3 shows the value SJS (partial ranked lists), SJS (top-k list)
and the Kuncheva index (top-k lists) for the lists.

Even though the lists have the same average overlap (350 features), some of
them show more discrepancy about which are the top features (Fig. 3, on the
right), while other sets show more differences at the bottom of the list. The
KI can not handle this information since it only works with top-k lists and
therefore, it assigns the same value for these very different situations. When the
SJS works at this level (top-k list), it also gives the same measure for all the
scenarios. The SJS can also handle the information provided in partial ranked
lists, considering the importance of the features and therefore assigning a lower
stability value for those sets of lists with high differences at the top of the
lists, that is with high discrepancy about the most important features. Likewise,
it assigns a higher stability value for those sets where the differences appear
in the least important features, but there is more agreement about the most
important features. Fig. 3 illustrates this fact where SJS (partial ranked lists)
varies according to the location of the differences in the list, while SJS (top-k
lists) and the KI assign the same value regardless of where the discrepancies
appear.

Consider also the following situation where the most important 600 features
out of 2000 have been extracted and the overlap among the top-600 lists of 100%.
We have evaluated several scenarios:
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Fig. 3. SJS (partial ranked lists), SJS (top-k list) and the Kuncheva index (top-k lists)
for Feature Selection (FS) techniques that extract the top-600 features out of 2000. The
overlap among the lists is around 350 common features. The situations vary smoothly
from sets of partial lists with differences at the bottom of the list (left) to sets of lists
that show high differences at the top of the list (right).

– The feature ranks are identical in all the lists (Identical)
– The ranking of a given feature is assigned randomly (Random)
– Neither completely random nor completely identical.

Working with top-k lists (KI), the stability metrics provide a value of 1, what
is somewhat misleading considering the different scenarios that may appear. It
seems natural that, even though all agree about the 600 most important features,
the stability metric should be lower than 1 when there is low agreement about
which are the most important features. The SJS measure allows to work with
partial ranked lists and therefore establishing differences between these scenar-
ios. Fig. 4 shows the SJS (partial ranked lists) and the SJS , KI (top-k lists)
highlighting this fact. SJS (partial ranked lists) takes a value slightly higher
than 0.90 for a situation where there is complete agreement about which are the
most important 600 features, but complete discrepancy about their importance.
Its value increases to 1 as the randomness in the feature ranking assignment de-
creases. In contrast with this, KI would assign a value of 1 what may misleading
when studying the stability issue.

4.2 Evaluation on an Spectral Dataset

The new measure has been used to experimentally assess the stability of four
standard feature selectors based on a filter approach: χ2, Information Gain Ratio
(GR) [4], Relief and other based on the parameter values of an independent
classifier (Decision Rule 1R) [21].
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Fig. 4. SJS (top-k list) and SJS (partial ranked lists) for Feature Selection (FS) tech-
niques that extract the top-600 features out of 2000. The overlap among the sublists
with 600 features is complete. The ranking assigned to each feature varies from FS tech-
niques for which it is random (left) to FS techniques for which each feature ranking is
identical in each sublist (right).

We have conducted some experiments on a real data set of omental fat sam-
ples collected from carcasses of suckling lambs [18]. The whole dataset has 134
instances: 66 from lambs being fed with a milk replacer (MR), while the other
68 are reared on ewe milk (EM). Authentication of the type of feeding will be a
key issue in the certification of suckling lamb carcasses, with the rearing system
being responsible for the difference in prices and quality. The use of spectroscopy
for the discrimination of fat samples according to the rearing system provides
several advantages, mainly its speed and versatility. Determining which regions
of the spectrum have more discriminant power is also fundamental for the vet-
erinarian professionals. All FTIR spectra were recorded from 4000 to 750 cm-1
with a resolution of 4 cm-1, what leads to a total of 1687 features. The average
spectra for both classes is shown in Fig.5.

The dataset was randomly split in ten folds, launching the feature ranking
algorithm with nine out the ten folds, in a consecutive way. Five runs of this
process resulted in a total of N = 50 rankings. Feature ranking was carried out
with WEKA [21] and the computation of the stability with MATLAB [17].

The SJS (full ranked list) measure gives an overall view of the stability. The
results (Table 1) indicate that in the case of the spectral data, the most stable
methods seem to be Relief and GR, while 1R appears as the one with less global
stability.

The metric SJS also enables an analysis focused on the top ranked or selected
features. Fig. 6 depicts the SJS for a given number of the top-k selected features
(continuous line) and the SJS for the the top-k ranked features (dashed line).
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Fig. 5. Average FT-IR spectrum of omental fat samples for Milk Replacer (MR) and
Ewe Milk (EM)

Table 1. Stability of several feature selectors evaluated with the similarity measure
based on the Jensen-Shannon divergence (SJS) on a set of 50 rankings

SJS (full ranked list)

1R χ2 GR Relief

0.87 0.92 0.94 0.94

The differences between SJS for top-k lists and top-k ranked lists is explained
by the fact that in the latter, differences/similarities in the lowest ranks are
attached less importance than differences/similarities in the highest ranks. Thus,
results show that the four feature selectors share a common trend: SJS (top-k)
assigns a lower value of stability that may be sometimes substantially different.
Thus, for the 1R feature selector, SJS (ranked top-400) is 0.82, but it drops to
0.70 when all features are given a uniform weight. This is explained by the fact
that many differences appear at the bottom of the list and when they are given
the same importance as differences at the top of the list, the stability measure
drops considerably.

When we focus on the top-k (selected/ranked) features and the value of k is
low, the feature selectors are quite stable. For example, for k = 10, SJS takes
the value 0.92 for χ2, 0.73 for 1R, 0.92 for GR and 0.91 for Relief.

The plots in Fig. 6 allow to see that the stability decreases as the cardinality
of the feature subset increases for the feature selection techniques 1R, χ2 and
GR while Relief shows an stability profile with high stability regardless of the
size of sublist. While looking at the whole picture GR is as stable as Relief in
general terms, when we focus on lists with the most important features, Relief’s
robustness does not decrease as the feature subset size increases.

The proposed metric SJS can be compared with the Spearman’s rank corre-
lation coefficient (SR) when it comes to measure the stability of full ranked lists.
Likewise, it can be compared with the Kuncheva’s stability index (KI) if partial
lists are considered. Note, however, that SJS is suitable for whatever problem.
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Fig. 6. Feature selection methods 1R, χ2, GR and Relief applied on the Omental Fat
Spectra Dataset. Stability measure SJS for feature subsets with different cardinality.

Table 2. Stability of several feature selectors evaluated with the similarity measure
based on the Spearman’s rank correlation coefficient (SR) on a set of 50 rankings.

SR (full ranked list)

1R χ2 GR Relief
0.79 0.85 0.90 0.94

Measuring the robustness with SR and KI requires the computation of 2
50(50−1)

pairwise similarities for each algorithm to end up averaging these computations
as stated in Eq.(6). According to the SR values recorded in Table 2, Relief ap-
pears as the most stable (0.94) ranking algorithm, whereas 1R is quite unstable
(0.79). When SJS works on the full ranked lists, it gives a stability indication
similar to SR and the findings derived from them are not contradictory. When
SJS works on the top-k lists, its value is similar to the provided by KI (see
Fig. 7), what allows to see the SJS measure as a generalized SJS metric that
can work not only with full ranked lists or top-k lists, but also with top-k ranked
lists, while the others are restricted to a particular list format.
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Fig. 7. Feature selection methods 1R, χ2, GR and Relief applied on the Omental Fat
Spectra Dataset. Stability measure SJS and KI for top-k lists with different cardinality.

5 Conclusions

The robustness of the feature ranking techniques used for knowledge discovery
is an issue of recent interest. In this work, we consider the problem of feature
selection/ranking stability and propose a metric based on the Jensen-Shannon
divergence (SJS) able to capture the disagreement among the lists generated
in different runs by a feature ranking algorithm from different perspectives: (a)
considering the full ranked feature lists, (b) focusing on the top-k features, that is
to say, lists that contain the k most relevant features giving a uniform importance
to all them and (c) considering partial ranked lists that retain the most relevant
features together with the ranking information.

The new metric SJS shows the relative amount of randomness of the rank-
ing/selection algorithm, independently of the sublist size and unlike other met-
rics that evaluate pairwise similarities, SJS evaluates directly the whole set of
lists (with the same size). Up to our knowledge, no metrics have been proposed
so far to measure the similarity between partial ranked feature lists. Moreover,
the new measure accepts whatever representation of the feature selection output
and its behavior is: (i) close to the Spearman’s rank correlation coefficient for full
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ranked lists and (ii) similar to the Kuncheva’s index for top-k lists. If the ranking
is taken into account, the differences at the top of the list would be considered
more important than differences that appear at the bottom part.

The stability of feature selection algorithms opens a wide area of research
that includes the development of more robust feature selection techniques, their
correlation with classifier performance and different approaches to analyze ro-
bustness. The proposal of visual techniques to ease the stability analysis and
the exploration of committee-based feature selectors is our immediate future
research.
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