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Abstract—Feature selection and taking into account dynamic
environments are two important aspects of modern data analysis
and machine learning. In particular, performing feature selection
on datasets where the latest instances contain more features
than the initial ones is a problem that may be encountered
in many application areas where new sensors are acquired.
This paper proposes a method for incremental feature selection
with rankings combining the information extracted before and
after the introduction of new features, even when the number
of instances that include these new features is small. Results
on three real-world datasets show that using the ranking of
features on the original, smaller-dimensional dataset improves the
feature selection results performed on the new, larger-dimensional
dataset.

I. INTRODUCTION

Machine learning is widely used nowadays for data classifi-
cation and regression. Datasets are often high-dimensional due
to the possibility to easily measure information, the availability
of low cost sensors and the always increasing capacity of
storage. Examples of machine learning applications include
diagnosis improvement in medicine, stock market prediction,
weather prediction, consumer behaviour analysis and predic-
tion, and many others.

With high-dimensional datasets, it is often essential to
select a smaller group of features amongst all the available
features in the dataset. Feature selection helps to reduce the
dimension of the dataset by eliminating redundant, or less
useful, features. With only the most relevant features for the
problem at hand, the dataset is then more understandable
and manageable; machine learning is also facilitated, as high-
dimensional datasets suffer from the curse of dimensionality.
Many works focus on such methods to efficiently reduce the
size of datasets [1]–[5].

Moving environment is also a characteristic of modern data
analysis. Data collected today for a specific problem might
slightly differ from the data collected in the past for the same
problem. Among the moving environments situations, one spe-
cific situation is when the number of features (the dimension of
the data space) is increased during the data collection process.
For example, this could happen in an industrial process or in a
medical environment, where new sensors are added to improve
the quality of the acquired information.

Increasing the number of features when instances have
already been collected is a realistic situation that might be
encountered in many application domains. The problem can
be defined as follows: suppose that feature selection has been
performed on a dataset. Suppose then that new instances are
added to the dataset, and that these new instances contain
additional features to those already contained in the original
dataset. The question is to determine if the new features are
relevant to the problem, even if the number of additional
instances is low (which prohibits to consider a standard feature
selection on the larger-dimensional features only; the result of
the feature selection on the initial set should be used in some
way). To the best of our knowledge this problem has not been
tackled intensively in the literature. Given the current state-
of-the-art, the only solution is to run a new feature selection
procedure on the additional small dataset, and to discard
all results on the smaller-dimensional, but larger dataset. Of
course such procedure could be not reliable enough (because
of the small number of instances), and not optimal because it
discards most of the available information.

This paper focuses on the above problem of feature selec-
tion with small but higher-dimensional additional datasets. It
proposes a method that keeps the results of feature ranking
that has been reliably performed on the initial dataset. Then
it extracts information from the new dataset, even with a few
instances, in order to know if some new features are more,
or less, relevant than initial features, in the form of a second
ranking. Finally it uses a ranking combination method, the
Schulze method, to combine the first reliable ranking with
the less reliable ranking from the small second dataset. This
combined ranking can be used to reduce the dimension of the
dataset and to have a better understanding of the problem.

The remaining of the paper is organised as follows. The
new problem introduced by this paper is detailed in Section II.
Section III reviews feature selection with mutual information
and Section IV details the Schulze method. The proposed
methodology to solve the problem of additional feature selec-
tion with small datasets is described in Section V. Experiments
and their results are shown in Section VI. Finally, conclusions
are given in Section VII.



Figure 1. Representation of the three datasets Dfull, DA and DB . There
are n = nA + nB instances in Dfull, nA in DA and nB in DB where
nB � nA. There are d1 features in DA and d1 + d2 features in DB , where
d2 < d1.

II. PROBLEM STATEMENT

This paper addresses the problem of feature selection on a
dataset DB , where d2 features have been added with respect
to an original dataset DA. The datasets are shown in Fig.
1. Dataset Dfull is divided into two parts: the first part DA
with many instances nA and d1 features, and the second part
DB with more features d1 + d2 but only a few instances nB ,
with d2 < d1. It is assumed that there is no concept drift
between DA and DB , i.e. that they both come from the same
data distribution. The question is “How to be able to perform
feature selection on the new dataset with additional features
DB when there are not enough instances for a reliable selection
procedure?" Indeed it would be possible to perform feature
selection directly in DB but, as n2 is small, the result would
not be reliable enough. This introduces another question, the
question addressed in this paper: “Can we use what has been
learned up so far, with the feature selection procedure on the
initial dataset DA and combine it with the information brought
by the new dataset with additional features DB in order to give
a relevance ranking of every feature in DB?"

The first goal of this paper is to introduce this new feature
selection problem, occurring when the feature dimension of the
data increases. Second, the paper proposes a first solution that
allows one to compute which features are relevant and which
are not, on a small dataset with recent additional features.

III. FEATURE SELECTION WITH MUTUAL INFORMATION

This section reviews feature selection with mutual infor-
mation, which will be used in Section V to produce rankings.
The estimator used below is adapted to classification problems
but the methodology can be easily applied to regression.

A. Feature Selection with Filter Methods

When dealing with high-dimensional data, feature selection
[4] is a fundamental preprocessing step. It consists in selecting
a reduced subset of features among all the features of a
dataset. Feature selection aims to find the most relevant subset
of features and to discard useless and redundant features.

Such a procedure has two main purposes. First, feature se-
lection helps fighting the curse of dimensionality [6], [7],
also known as the empty space phenomenon. Indeed, the size
of a dataset should theoretically scale exponentially with its
dimensionality, what is not the case in practice. Reducing the
dimensionality therefore improves the performances of classi-
fication or regression methods on high-dimensional datasets.
Second, feature selection can make it easier to interpret and
to understand the application domain. This is of particular
importance e.g. in medical domains where physicians want
to understand underlying biological phenomena [8], [9].

There exist several standard procedures for feature selec-
tion. This paper focuses on filter methods that select rele-
vant features based on a relevance criterion (e.g. correlation
or mutual information) between the features and the target
variable. Filter methods have the advantage to be fast because
they do not require to train models, contrarily to wrapper
[5] and embedded methods [10]. Many filter procedures exist
[3]: univariate feature ranking, forward selection, backward
selection, forward-backward selection, etc.

B. Mutual Information for Feature Selection

In order to select relevant features among all the available
ones, a decision criterion is necessary. One efficient such
criterion, used in this paper, is the mutual information [11].
Mutual information (MI) is a symmetric measurement of the
dependence between random variables, introduced by Shannon
in 1948 [12]. It measures the information contained in a
feature, or in a group of features, with respect to another one.

MI has several advantages. First, it is model independent.
Second, it is able to detect non-linear relations, what is
particularly important for feature selection. Third, it is able
to handle multivariate problems, i.e. it is able to measure how
a subset of features is relevant to a problem. In opposition,
criteria like e.g. the correlation can neither detect non-linear
relationship nor deal with subset of features.

Let X and Y be two random variables. MI measures the
reduction in the uncertainty on Y when X is known

I(X;Y ) = H(Y )−H(Y |X) (1)

where
H(Y ) = −

∑
y∈Y

pY (y) log pY (y) (2)

is the entropy of Y and

H(Y |X) =

∫
X

pX(x)H(Y |X = x)dx (3)

is the conditional entropy of Y given X . The mutual informa-
tion between X and Y is equal to zero if and only if they are
independent. If Y can be perfectly predicted as a function of
X , then I(X;Y ) = H(Y ). MI can also be rewritten as

I(X;Y ) =

∫
x∈X

∑
y∈Y

pX,Y (x, y) log
pX,Y (x, y)

pX(x)pY (y)
dx, (4)

i.e. it measures the statistical dependency between X and Y .
MI has been shown to be a reliable criterion to select relevant
features in classification [13] and regression [14]. As a matter
of fact, it is used in many works [15]–[18].



In practice, MI cannot be directly computed because it
is defined in terms of probability density functions. These
probability density functions are often unknown when only
a finite sample of data is available. Hence, MI has to be
estimated from the dataset. The MI estimator in this paper
is based on the Kozachenko-Leonenko entropy estimator [19]

Ĥ(X) = −ψ(k) + ψ(n) + log cd +
d

n

n∑
i=1

log εk(i), (5)

where k is the number of neighbours, n is the number of
instances, d is the dimensionality, cd = 2π

d
2

Γ( d
2 )

is the volume of
the unitary ball of dimension d , εk(i) is twice the distance
from the ith instance to its kth nearest neighbour and ψ is
the digamma function. This estimator is less sensitive to the
dimensionality [18] and can be used [3] to derive the estimator

Î(X;Y ) = Ĥ(X)−
∑
y∈Y

pY (y)Ĥ(X|Y = y)

= ψ(n)− 1

n

∑
y∈Y

nyψ(ny)

+
d

n

 n∑
i=1

log εk(i)−
∑
y∈Y

∑
i|yi=y

log εk(i|y)

 ,
(6)

with ny being the number of samples whose observed label is
y and εk(i|y) being defined similarly as εk(i) but considering
only the points belonging to class y. Equation (6) assumes that
pY (y) can be adequately estimated by ny

n . With this estimator,
it is possible to compute the content of information given by
a subset of features and to select the subset that brings the
maximal information content.

IV. THE SCHULZE METHOD

The Schulze method is an election method used for internal
elections published in 2011 by Markus Schulze [20]. With lists
of votes expressing preferences, the method can not only give
one winner but can also create an ordering of the candidates.
It satisfies many important criteria such as reversal symmetry,
transitivity or resolvability. For its good results, it is currently
used by many organisations such as the Wikimedia Foundation,
the Debian project, etc.

The purpose of this section is to explain the generic Schulze
method with an illustrative example. This method will be
used to combine rankings RA and RB obtained from the two
datasets DA and DB in Section V.

Here is an example of the Schulze method where four
different preferences between four candidate features X1, X2,
X3 and X4 have been gathered in Table I. The final purpose of
the Schulze method applied here is to produce a global ranking
representing the combination of the four individual rankings.

Table I. EXAMPLE OF FOUR RANKINGS OF VOTES.

Ranking 1 3 votes X1,X2,X3,X4

Ranking 2 2 votes X2,X3,X4,X1

Ranking 3 4 votes X3,X1,X4,X2

Ranking 4 2 votes X1,X4,X3,X2

Table II. MATRIX OF PAIRWISE PREFERENCES OBTAINED WITH THE
FOUR RANKINGS SHOWN IN TABLE I.

X1 X2 X3 X4

X1 - 9 5 9

X2 2 - 5 5

X3 6 6 - 9

X4 2 6 2 -

Figure 2. Directed graph between the four candidate features.

With these rankings, the first step of the method is to
compute pairwise preferences and to place them into a com-
petition matrix: how many people preferred X1 over X2 must
be placed in the cell (1,2), how many people preferred X2

over X1 must be placed in the cell (2,1), etc. The matrix
of pairwise preferences obtained is shown in Table II. This
pairwise competition matrix can be represented visually in the
form of a directed graph (see Fig. 2). To draw this graph, an
arrow is drawn between each pair of candidates. The direction
of the arrow is identified by analysing the matrix of pairwise
competition. For example, to decide the direction between
X1 and X2, the content of the cells (1,2) and (2,1) must be
compared. The larger number is in the cell (1,2), the direction
of the arrow will therefore be oriented from X1 towards X2,
because X1 wins over X2. The cost of this arrow is represented
by the content of the winning cell (1,2). This graph can already
show if there is an undisputed winner or loser: an undisputed
winner will only have arrows starting from itself towards the
others and an undisputed loser will only have arrows coming
from others towards itself. In this example, X3 is an undisputed
winner and X2 is an undisputed loser.

In order to find the complete ranking combination, the next
step of the Schulze method is to compute the strongest paths
from the directed graph. The strength of a path is the strength
of its weakest link. To find the strongest paths between the
candidates, all the paths from each candidate to any other
candidate must be identified. An example is shown in Fig.
3 from the candidate X1 to every other candidate. From X1 to
X2, there are two paths (represented by bold arrows in Fig.3).
For each path, the weakest link represents its strength: 9 for the

Figure 3. All possible paths (bold) from feature X1 to every other candidate.



Table III. SCHULZE MATRIX OF STRONGEST PATHS COMPUTED FROM
THE FIG.3.

X1 X2 X3 X4

X1 - 9 - 9

X2 - - - -

X3 6 6 - 9

X4 - 6 - -

path of length 1 and 6 for the path of length 2. The strongest
path between these two has a strength of 9. This number is
placed in the cell (1,2) of a second matrix represented in Table
III, called the matrix of strongest paths. As there are no paths
from X1 to X3, the cell (1,3) will be left empty.

The last step of the method is to analyse the matrix of
strongest paths represented in Table III. In this matrix, X3

wins over X1, X2, and X4. This means X3 is the winner and
is placed at the first position of the final ranking. X1 wins over
X2 and X4 and is therefore placed at the second position of
the ranking. X4 wins over X2 and goes in third position. The
final combination of the 4 rankings is: X3, X1, X4, X2.

V. PROPOSED METHODOLOGY

Let us assume that a large dataset DA is initially available,
with nA instances and d1 features. As d2 new features become
available (e.g. new sensors are installed or new medical tests
are acquired), a new small dataset DB , with nB instances and
d1 + d2 features is obtained, where nB � nA and d2 < d1.
The complete dataset DA∪DB is denoted as Dfull. These three
datasets are represented in Fig. 1.

The goal is to show that a suitable combination of a first
reliable ranking RA obtained from DA with a less-reliable
ranking RB obtained from the small dataset with additional
features DB can result in a new reliable ranking RA+B of
features. This new ranking can be used to better understand
the problem and also to detect if some of the d2 new features
are more relevant than the d1 features, even when DB is small.
The reliability of this new ranking RA+B will be tested in
Section VI.

The methodology presented here can be split into two main
steps. First, feature rankings are created with feature selection
tools. Second, the combination of the rankings is realized with
the Schulze method. Fig. 4 presents a general overview of the
complete method described in this section.

A. Hypotheses

Two hypotheses are made in this paper. First, it is assumed
that the feature selection used to compute the rankings of
features RA from DA, RB from DB and Rfull from Dfull is
correctly executed, i.e. it means that we do not question the
method used to compute these rankings. The second hypothesis
is that the dataset DA is large enough to give a reliable RA.
Indeed, if DA was not sufficiently large, the result of the
feature selection could give a unreliable ranking RA. As RA
is used as a reference ranking when combining RA and RB ,
the second hypothesis is essential. The method described in
this paper does not take into account the possiblity to use a
non-reliable and noisy ranking RA.

Figure 4. Feature selection on DA and DB to create the rankings RA and
RB then combination of the two rankings with the Schulze method.

B. Ranking Creation with Feature Selection

When new features are made available, the questions is:
are the new features added to dataset DB more relevant than
some of the features from dataset DA? The method proposed
here addresses this question by creating a complete ranking of
features RA+B from the rankings RA and RB .

In order to take into account multivariate and non-linear
relationships, the rankings of features RA and RB are obtained
here with a feature selection process. A forward search is
performed to explore the set of possible feature subsets. The
forward search greedy algorithm starts from an empty set
of features, then progressively adds features that maximise
the MI between the new subset of features and the target
to be predicted. The first selected feature is the feature that
maximizes the MI w.r.t. the output variable. Once the first
feature has been selected, the second feature is the one that
maximises the MI w.r.t the output, if the first selected feature
is simultaneously used. This procedure is repeated until the
last feature is added. The MI criterion is used here to measure
feature relevance, since it takes into account multivariate and
non-linear relationships, contrarily to e.g. correlation. Mutual
information is standard in the literature, but other criteria could
be used to measure feature relevance. For example, Brown et
al. [21] use the conditional likelihood of the training labels,
Yang and Moody [22] propose the joint mutual information and
Peng et al. [23] define the mRMR criterion. However, since the
focus of this paper is to investigate how existing rankings can
be merged when new features are added, irrespective of the
ranking method, such alternative criteria of feature relevance
are not considered here.

The ranking of features is simply the order in which
features are selected by the forward search. For example, the
first feature in the ranking corresponds to the first feature
selected by the forward procedure and that maximises the MI
w.r.t. the output. Notice that the feature selection process is not
used in a standard way here. Usually, a stopping criterion must
be used to stop adding more features, e.g. when considering
more features do not bring enough new information. Here,
there is no stopping criterion because the feature ranking must
contain all features, from the most to the least relevant one.

C. The Schulze Method Applied to Merge Rankings

The problem of combining rankings RA and RB is dif-
ferent than the general case treated by the Schulze method
because, for the problem described in this paper, there are two
unequal rankings to combine: RB is larger than RA. Moreover



Table IV. EXAMPLE OF UNEQUAL RA AND RB .

Ranking RA 10 votes X1,X2,X3,X5,X6,X8

Ranking RB 1 votes X2,X4,X6,X5,X1,X3,X7,X8

Table V. MATRIX OF PAIRWISE PREFERENCES OBTAINED WITH
UNEQUAL RANKINGS RA AND RB SHOWN IN TABLE IV.

X1 X2 X3 X4 X5 X6 X7 X8

X1 - 10 11 0 10 10 1 11

X2 1 - 11 1 11 11 1 11

X3 0 0 - 0 10 10 1 11

X4 1 0 1 - 1 1 1 1

X5 1 0 1 0 - 10 1 11

X6 1 0 1 0 1 - 1 11

X7 0 0 0 0 0 0 - 1

X8 0 0 0 0 0 0 0 -

the first ranking RA obtained from DA is assumed to be
reliable and is therefore used as a reference ranking for the
second ranking RB , obtained from the small dataset DB . In
the Schulze method, this corresponds to giving more votes to
RA than to RB .

Table IV gives an example of two unequal rankings RA and
RB . In this table, the number of votes for RA (10 votes) and
RB (1 vote) is proportional to the number of instances in the
two datasets DA and DB : for this example, DA is composed
by 1000 instances and 6 features and DB by 100 instances
and 8 features. The matrix of pairwise preferences obtained
with RA and RB (given by Table IV) is represented in Table
V. With this example of two unequal rankings RA and RB
(see Table IV), the Schulze matrix of strongest paths computed
from the matrix of pairwise preferences is represented in Table
VI, where an ’x’ means that there is no path between two
features. The last step of the Schulze method (see Section IV)
is to analyse the matrix of strongest paths represented in Table
VI. In this matrix, for the features of RA (X1, X2, X3, X5,
X6, X8), X1 wins over X2, X3, X5, X6 and X8. The feature
X2 wins over X3, X5, X6 and X8, etc. This means that the
ordering of the features in RA is kept in the new combined
ranking RA+B : X1, X2, X3, X5, X6, X8.

The difficult part of the method described in this paper is
to place the new features of RB (X4 and X7): first, because
the only ranking used to position the new features in the final
ranking RA+B is the less-reliable ranking RB and, second,
because, for some of these new features, the Schulze method
and its matrix of strongest paths only gives a partial order
between the features. In the example described in Tables IV,
V and VI, there are two new features in RB : X4 and X7. The
feature X7 loses against every other feature except against X8.
It will then be placed just before X8 in the final ranking. The
feature X4 wins over the features X3, X5, X6, X7 and X8 but
is ex-aequo with X1 and X2. This ex-aequo case means that
the Schulze method only gives a partial order between X4 and
the features X1 and X2. In this situation of partial ordering,
the method described in this paper will always use the “safest
case scenario” and place X4 in the lowest possible position,
with respect to X1 and X2, this to ensure that the importance
of features is never overestimated in the final ranking. For the

Table VI. SCHULZE MATRIX OF STRONGEST PATHS OBTAINED WITH
THE MATRIX OF PAIRWISE PREFERENCES SHOWN IN TABLE V.

X1 X2 X3 X4 X5 X6 X7 X8

X1 - 10 11 1 10 10 1 11

X2 1 - 11 1 11 11 1 11

X3 x x - x 10 10 1 11

X4 1 1 1 - 1 1 1 1

X5 x x x x - 10 1 11

X6 x x x x x - 1 11

X7 x x x x x x - 1

X8 x x x x x x x -

Schulze matrix of strongest paths given by Table VI, where
X4 is ex-aequo with X1 and X2, this means that X4 is placed
just after X2 in the new ranking RA+B . The final combination
RA+B of the two unequal rankings of Table IV is then: X1,
X2, X4, X3, X5, X6, X7, X8.

In order to position any new features of RB in RA+B ,
whatever the situation, the analysis of the matrix of strongest
paths can be translated into to three main rules. Let Xnew
be each new feature of RB handled to be positionned in
RA+B . With the content of the Schulze matrix of strongest
paths, Xnew is compared to every feature already placed in
RA+B , beginning with the lowest feature of the ranking. Let
Xi represent a feature already placed in the ranking RA+B ,
currently compared with Xnew, but which is not a new feature
of RB .

The method begins by comparing Xnew with the last feature
of the new ranking RA+B . If Xnew wins over the last feature
(Rule 1), the method compares Xnew with the second last
feature in the new ranking RA+B . If Xnew wins over the second
last feature, the method compares it with the third last feature
in RA+B and so on until the first feature of RA+B is eventually
reached. If Xnew wins over every feature in RA+B , it is placed
in the first position in the ranking RA+B . If Xnew loses against
the current feature it is compared to (Rule 2), then it is inserted
into the ranking RA+B just after this current feature (called
Xi in the rules). Rule 2 is important for the method described
in this paper because, if Xnew does not win over Xi (Rule
1 not respected) while the first part of Rule 2 is respected
(Xi wins over Xnew in RB) but not the second part (@k 6= i
such as “Xnew wins over Xk in RB and Xk wins over Xi in
RA”), then the Schulze method only gives a partial ordering
for Xnew. In this case, Xnew is positioned just in front of Xi.
If Xnew is compared with another new feature Xnew2 of RB
already placed in RA+B , the third rule is applied. The third
rule means that the method described here tends to keep the
order of the new features in RB and to reproduce it in RA+B .
If the Schulze method is not able to sort new features Xnew

and Xnew2, e.g. if Rule 3 is only partially satisfied, the order
of the new features in RB is then used.

Rule 1 Xnew wins over Xi in RA+B iif Xnew wins over
Xi in RB and @k 6= i such as “Xi wins over Xk

in RA and Xk wins over Xnew in RB”.
Rule 2 Xi wins over Xnew in RA+B iif Xi wins over

Xnew in RB and @k 6= i such as “Xnew wins over
Xk in RB and Xk wins over Xi in RA”.



Rule 3 Xnew wins over Xnew2 in RA+B iif Xnew wins
over Xnew2 in RB and @k 6= l such as “Xnew2
wins over Xk in RB and Xk wins over Xl in RA
and Xl wins over Xnew in RB”.

VI. EXPERIMENTS

This section shows the experimental results carried out
on three real-world datasets: Mammographic Masses, Pima
and Wine, all available from the UCI Machine Learning
repository1. The first dataset consists of 961 instances and
5 features resulting from mammography tests realised on a
female population in Germany. The second dataset consists of
768 instances and 8 features resulting from diabete tests made
on a female population living in Arizona, USA. The third and
last dataset consists of 178 instances and 13 features resulting
of a chemical analysis on three types of wines.

A. Experimental Settings

Three experiments have been conducted on each dataset.
For the first experiment, each dataset has been split into two
parts : DA is composed by 80 % of the instances of the dataset
and DB is composed by 20% of the instances of the dataset.
For the second and the third experiment, the partition of Dfull
in DA/DB is 85%/15% and 90%/10%, respectively.

In order to simulate the addition of new features in DB ,
20% of the features have been removed from the initial dataset
(Dfull) in DA, for the three datasets. It corresponds to 1 feature
amongst 5 for the Mammographic Masses dataset, to 2 features
amongst 8 for the Pima dataset and to 3 features amongst 13
in total for the Wine dataset. These features are considered as
the new features added to DB .

First, the feature selection method presented in this paper
is run on the three complete datasets (Dfull) in order to
provide a reference for the experiments: an order of relevance
among the features, from the more relevant to the less relevant.
This reference ranking is called Rfull in the remaining of this
paper. To facilitate the reading and the evaluation of the next
rankings in the resulting tables of each dataset, Rfull has been
renumbered from 1 to 5 for Mammographic Masses, from 1 to
8 for Pima, from 1 to 13 for Wine and from 1 to 31 for Wdbc.
RA is the ranking obtained with the described feature selection
procedure on DA and RB is the ranking obtained on DB . As
mentionned in the hypotheses, the ranking RA is considered
as a reliable result, because there are enough instances in DA
to trust the results of the features selection techniques used to
obtain the rankings. But RA is incomplete, it is missing the d2

features from Rfull. On the other hand, the ranking RB is less
reliable, because the number of instances in DB is too small
but it is composed by every feature of the initial dataset.

Because RA has a high degree of reliability, it is used to
set the order of the first features present in DA, as explained
in Section V. For example, if X3 is before X2 in RA, then X3

will stay before X2 in RA+B with a possibility to have new
features in between. The ranking RB is only used to insert the
new features from DB into the ranking RA. This combination
of RA and RB is called RA+B in tables VII, IX, XI.

1http://archive.ics.uci.edu/ml/index.html

Table VII. EXPERIMENTAL RESULTS FOR MAMMOGRAPHIC MASSES.

Ranking 80%/20% 85%/15% 90%/10%

Rfull 1,2,3,4,5 1,2,3,4,5 1,2,3,4,5

RA 1,2,3,4 1,2,3,4 1,2,3,4

RB 4,3,1,5,2 3,4,1,5,2 3,4,1,5,2

RA+B 1,2,3,4,5 1,2,3,4,5 1,2,3,4,5

Table VIII. ERRORS FOR MAMMOGRAPHIC MASSES WITH THE
SPEARMAN RANK CORRELATION COEFFICIENT.

80%/20% 85%/15% 90%/10%

Error between RB and Rfull 120% 110% 110%

Error between RA+B and Rfull 0% 0% 0%

In order to compare the rankings RB and RA+B with Rfull,
and to quantify the difference between the two rankings, the
Spearman rank correlation coefficient ρ is used [24]:

ρ = 1− 6
∑
d2
i

n(n2 − 1)
= 1− error (7)

where di is the difference between ranks and n is the length
of the ranking.

For two identical rankings, this coefficient is equal to
1 and the error is equal to 0. This coefficient can also be
equal to -1, with an error equal to 2, if the two rankings are
exactly inversed. This coefficient does not take into account
the position of the features in the ranking, in the sense that it
gives the same importance to ranking errors independently of
the position of the error in the ranking. One solution consists in
computing the Spearman coefficient only on the top k features,
since they are the most relevant for feature selection purposes.
However, the datasets used in this paper have a relatively small
number of features and this aspect is not considered here.

To quantify the quality of the combination of the rankings
obtained with the method described in this paper, the error (in
%) has been computed for each test. The resulting errors are
shown in Tables VIII, X and XII.

B. Results for the Mammographic Masses dataset

For the first experiment on Mammographic Masses, there
are 769 instances in DA and 192 in DB . For the second
experiment, there are 817 instances in DA and 144 in DB .
For the third experiment, there are 865 instances in DA and
96 in DB .

The combined ranking RA+B , presented in Table VII,
shows good results for the three different partitions. The error
computed between Rfull and RB are represented in the first line
of Table VIII. For the three experiments, this error lies between
110% and 120%, what illustrates that RB is not reliable. On
the other hand, the error computed between Rfull and RA+B

is reduced to 0%.

C. Results for the Pima dataset

For the first experiment on Pima, there are 615 instances
in DA and 153 in DB . For the second experiment, there are



Table IX. EXPERIMENTAL RESULTS FOR PIMA.

Ranking 80%/20% 85%/15% 90%/10%

Rfull 1,2,3,4,5,6,7,8 1,2,3,4,5,6,7,8 1,2,3,4,5,6,7,8

RA 1,2,6,3,5,8 1,2,3,5,6,8 1,2,3,5,6,8

RB 2,6,4,7,5,1,3,8 2,4,6,5,1,3,7,8 2,1,3,6,7,5,4,8

RA+B 1,2,6,4,7,3,5,8 1,2,4,3,5,6,7,8 1,2,3,5,6,7,4,8

Table X. ERRORS FOR PIMA WITH THE SPEARMAN RANK
CORRELATION COEFFICIENT.

80%/20% 85%/15% 90%/10%

Error between RB and Rfull 80,95% 47,61% 23,8%

Error between RA+B and Rfull 30.9% 2.38% 14.28%

653 instances in DA and 115 in DB . For the third experiment,
there are 692 instances in DA and 76 in DB .

The combined ranking RA+B , presented in Table IX,
shows good results for the different partitions. The Pima
dataset is large enough to enable a partition with a sufficiently
large DA. This results in a good ranking RA with respect
to Rfull. The combination of RA and RB gives a ranking
RA+B close to Rfull. The error computed between Rfull and
RB are represented in the first line of Table X. For the three
experiments, this error lies between 23.8% and 80.95%. On
the other hand, the error computed between Rfull and RA+B

lies between 2.38% and 30.9%. The error of 30.9% appears
because RA is more different from Rfull for the partition
80%/20% than for the other tests. As RA is considered as
reliable, the ranking RA+B cannot be better than RA.

D. Results for the Wine dataset

For the first experiment on Wine, there are 143 instances
in DA and 35 in DB . For the second experiment, there are 152
instances in DA and 26 in DB . The third experiment, where
there would have been 160 instances in DA and 18 in DB ,
has not been performed, because a dataset with 18 instances
is really too small to obtain any information.

The combined ranking RA+B , presented in Table XI,
shows good results for each partition. The Wine dataset is quite
small for feature selection techniques, especially if it is divided
into two uneven parts. Due to a rather small size of DA, the
ranking RA contains some errors that affect the combination
of RA and RB into RA+B by our method.

The error computed between Rfull and RB are represented
in the first line of Table XII. For the two experiments, this error
lies between 21.9% and 37.36%. On the other hand, the error
computed between Rfull and RA+B lies between 3.29% and
6.04%. There is a good reduction of the error when combining
RB with RA instead of only using RB .

VII. CONCLUSION

In a feature dynamic environment, when new features are
made available, the new dataset containing these new features
does not have enough instances to be easily manageable or
understandable. It can indeed be time-consuming or expensive
to obtain a large dataset with additional features. On such a
small dataset, a feature ranking method could lead to unreliable

Table XI. EXPERIMENTAL RESULTS FOR WINE.

Ranking 80%/20% 85%/15%

Rfull 1,2,3,4,5,6,7,8,9,10,11,12,13 1,2,3,4,5,6,7,8,9,10,11,12,13

RA 1,3,2,4,5,6,10,8,11,12 1,3,2,4,5,6,10,8,11,12

RB 2,1,6,9,7,8,10,5,4,3,11,12,13 2,1,6,9,3,8,7,5,4,10,11,13,12

RA+B 1,3,2,4,5,6,9,7,10,8,11,12,13 1,3,2,4,5,6,9,10,8,7,11,13,12

Table XII. ERRORS FOR WINE WITH THE SPEARMAN RANK
CORRELATION COEFFICIENT.

80%/20% 85%/15%

Error between RB and Rfull 37,36% 21,97%

Error between RA+B and Rfull 3.29% 6.04%

results if this method did not use the information of the original
dataset.

In this paper, a method combining the information ex-
tracted from the new dataset and the original dataset is
described. This method uses first a greedy forward feature
selection method using mutual information as a relevance
criterion, in order to create two rankings: one for each dataset.
Then the Schulze method is used to combine these two
rankings, in order to obtain a better feature ranking. This
combined ranking can help to better understand the problem
at hand and to eventually reduce the dimension of the new
dataset. Experiments are realised on three datasets. Results
show good results for the new combined ranking.
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