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Abstract: RELIEF is considered one of the most successful algorithms for assessing the quality of
features. In this paper, we propose a set of new feature weighting algorithms that perform significantly
better than RELIEF, without introducing a large increase in computational complexity. Our work starts from
a mathematical interpretation of the seemingly heuristic RELIEF algorithm as an online method solving
a convex optimization problem with a margin-based objective function. This interpretation explains the
success of RELIEF in real applications, and enables us to identify and address its following weaknesses.
RELIEF makes an implicit assumption that the nearest neighbors found in the original feature space are
the ones in the weighted space, and RELIEF lacks a mechanism to deal with outlier data. We propose
an iterative RELIEF (I-RELIEF) algorithm to alleviate the deficiencies of RELIEF by exploring the
framework of the Expectation-Maximization algorithm. We extend I-RELIEF to multiclass settings by
using a new multiclass margin definition. To reduce computational costs, an online learning algorithm is
also developed. Convergence analysis of the proposed algorithms is presented. The results of large-scal
experiments on the UCI and microarray datasets are reported, which demonstrate the effectiveness of the
proposed algorithms, and verify the presented theoretical results.
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I. INTRODUCTION

Feature selection is one of the fundamental problems in machine learning. Not only can its proper
design reduce system complexity and processing time, but it can also enhance system performance ir
many cases. It becomes even more critical to the success of a machine learning algorithm in problems
involving a large amount of irrelevant features. One example is DNA microarray data [2], [3], where the
number of features (genes) is typically on the order of thousands or even tens of thousands, while the
number of the useful genes is believed to be in the range of tens and hundreds. Due to the high costs
of collecting a large number of patient data, one usually only has tens or at most hundreds of samples
for training. With limited training samples, selecting useful features for these kinds of problems poses a
serious challenge to the existing feature selection algorithms.

The research on feature selection is very active in the past decade [4], [5], [6], [7], [8]. The existing
feature selection algorithms can be generally categorizedragper or filter methods based on criterion
functions used in searching for informative features [9]. In wrapper methods, the performance of a learning
algorithm is used to evaluate the goodness of selected feature subsets, whereas in filter methods criteriot
functions evaluate feature subsets by their information content, typically interclass distance or information-
theoretic measures, rather than optimizing the performance of any specified learning algorithm directly.
In most cases, filter methods are computationally much more efficient but perform worse than wrapper
methods. Given a criterion function, feature selection is reduced to a search problem. An exhaustive
search is optimal but only works when the number of features is not too large, as it quickly becomes
computationally infeasible with the increase of problem size. Some heuristic combinatorial searches, such
as forward and/or backward selection [5], are usually employed. These algorithms have shown some
successes in practical applications. However, none of them can provide any guarantee of optimality. For
more detailed discussions, interested readers can refer to [7] and the references therein.

The computational issue of combinatorial search can to some extent be alleviated by using a feature
weighting strategy. Allowing feature weights to take real-valued numbers instead of binary ones enables
the employment of some well-established optimization techniques, and thus allows for efficient algorith-
mic implementation. Among the existing feature weighting algorithms, the RELIEF algorithm [10] is
considered one of the most successful ones due to its simplicity and effectiveness [11]. The pseudo-code
of the algorithm is presented in Fig. 1. The key idea of RELIEF is to iteratively estimate feature weights
according to their ability to discriminate between neighboring patterns. In each iteration, a pattern
randomly selected, and then two nearest neighbors afe found, one from the same class (termed the
nearest hitor NH) and the other from a different class (termed tigarest mis®r NM). The weight of
the i-th feature is then updatedy; = w; + |x — NM@(x)| — |x® — NH®(x)|. RELIEF was extended
to handle noisy and missing data in [12], wherein a probabilistic interpretation for RELIEF was also
provided, stating that the learned weights approximate the following probability:

w; = P(different value ofi-th feature| NM) — P(different value ofi-th feature| NH) . (1)

It is, however, not easy to understand this interpretation since both probabilities in Eqg. (1) are not well
defined. To further examine the problem, in Section Il we present a novel interpretation for RELIEF
from the optimization perspective. We prove that RELIEF is an online algorithm that solves a convex
optimization problem with a margin-based objective function. The margin is defined based-biNa



RELIEF Algorithm
(1) Initialization : given D = {(x,,, yn) }._;, Setw; =0, 1 <i < I, number of iterationg’;
2)fort=1:T

(3) Randomly select a pattesnfrom D;

(4) Find the nearest hit Ngx) and miss NMx) of x;

G)for i=1:1
(6) Computeaw; = w; + [x® — NM® (x)| — [x® — NH® (x)|;
(7) end
(8) end

Fig. 1. Pseudo-code of RELIEF [10]

(one-nearest-neighbor) classifier [13]. Therefore, compared with filter methods, RELIEF usually performs
better due to the performance feedback of the nonlinear classifier in search for informative features;
compared with conventional wrapper methods, by optimizing a convex problem, RELIEF amyds
exhaustive or heuristic combinatorial search and thus can be implemented very efficiently. These two
merits make RELIEF particularly suitable for large-scale problems such as microarray data analysis.

The new interpretation of RELIEF enables us to identify and address some weaknesses of the algorithm.
One major drawback of RELIEF is that the nearest neighbors are defined in the original feature space,
which are highly unlikely to be the ones in the weighted space. Moreover, RELIEF lacks a mechanism
to deal with outlier data. In the presence of a large number of irrelevant features and mislabeling, the
solution quality of RELIEF can be severely degraded. To mitigate these problems, in Section Ill, we
propose a new feature weighting algorithm, referred to as I-RELIEF, by following the principle of the
Expectation-Maximization (EM) algorithm [14]. I-RELIEF treats the nearest neighbors and identity of a
pattern as hidden random variables, and iteratively estimates feature weights until convergence. We provide
a convergence theorem for I-RELIEF, which shows that under certain conditions I-RELIEF converges to a
unique solution irrespective of initial starting points. We also extend I-RELIEF to multiclass problems. In
Section 1V, by using the fact that RELIEF optimizes a margin-based objective function, we propose a new
multiclass RELIEF algorithm using a new multiclass margin definition. We also consider online learning
for I-RELIEF. The new proposed I-RELIEF algorithms are based on batch learning. In the case where
there exist a large amount of training samples, online learning is computationally much more attractive.
We develop an online I-RELIEF algorithm in Section V, wherein a convergence theorem is also provided.
To verify the effectiveness of the newly proposed algorithms and confirm the theoretical results established
in this paper, we conduct a large-scale experiment in Section VIl on nine UCI datasets and six microarray
datasets. We finally conclude the paper in Section VIII.

A. Main Contributions

The main contributions of the paper are twofold:
« First, in algorithmic aspects, starting from a new interpretation of RELIEF, we propose a set of



feature weighting algorithms. The effectiveness of those algorithms, in terms of solution quality and
computational efficiency, is experimentally demonstrated on a wide variety of datasets. Considering
the increased demand for analyzing data with large feature dimensionality in some emerging domains
such as bioinformatics, we expect widespread usage of these algorithms in these applications.

« Second, in theoretical aspects, this paper may provide a new direction of feature selection research
in addition to providing some new algorithms. Feature selection plays a critical role in machine
learning. Yet, as opposed to classifier design, it still to date lacks rigorous theoretical treatment.
This is largely due to the difficulty in defining an objective function that can be easily optimized
by some well-established optimization techniques. It is particularly true for wrapper methods that
use a nonlinear classifier to evaluate the goodness of selected feature subsets. The crisp partition o
a feature set and the nonlinearity of a classification function make the resulting objective function
non-convex and even non-differentiable. For this reason, most feature selection algorithms rely on
heuristic search. The I-RELIEF algorithms has a clearly defined objective function and can be solved
through numerical analysis instead of combinatorial search, and thus presents a promising direction
for a more rigorous treatment of feature selection problems.

Before moving on to the main body of the paper, we make a brief discussion on feature redundance.
It is reported that redundant features can deteriorate classification performance [9]. Therefore, for clas-
sification purposes, removing redundant features is necessary. However, in some applications such a:
DNA microarray, some researchers have pointed out that the identification of a small gene subset with
good predictive power may not be sufficient to provide significant insight into the understanding and
modeling of the relationship between genes and certain diseases [15]. Redundant (or co-regulated) gene
may provide biologists with some useful side information. Moreover, in the presence of a huge number
of irrelevant features, removing both irrelevant and redundant features simultaneously could make the
resulting algorithm complicated. Therefore, we suggest performing the task in two stages: the first stage
tries to recover all of the relevant features, and the second stage, examining a much smaller feature subse
performs some computationally more expensive algorithms such as wrapper methods to remove redundan
features if the ultimate goal is for classification. Designing an accurate feature weighting algorithm that
can be used in the first stage is the focus of this paper.

[I. OPTIMIZATION APPROACH TORELIEF ALGORITHM

In this section, we provide a mathematical interpretation for the seemingly heuristic RELIEF algorithm.
Let D={(x,,yn) })_,€X x) denote a training dataset, whetec R is the pattern spacé,is the feature
dimensionality andy={+1} is the label space. Following the margin definition in [16], we define the
margin for a patterrx,, asp, = d(x, — NM(x,)) — d(x, — NH(x,)), where NMx,,) and NHx,,) are
the nearest miss and hit of pattexp, respectively, and/(-) is a distance function. For the moment, we
defined(x) = ), |z;|, which can be extended to other distance functions. Notethat 0 if and only
if x,, is correctly classified by a-NN classifier. One natural idea is to scale each feature such that the
averaged margin in a weighted feature space is maximized:

N N /1 I
max an(w) = mvé&xz (Z wg|xD — NMO(x,,)| — Zwi|xg) - NH(i)(Xn)’> : @)
n=1 n=1 \i=1 i=1

st. |wli=1,w=>0,



where p, (w) is the margin ofx, computed with respect tev. The constraint|w||3 = 1 prevents the
maximization from increasing without bound, awd> 0 ensures that the weight vector induces a distance
measure. By defining = Z,]Ll(lxn — NM(x,)| — |x, — NH(x,)|), where| - | is the point-wise absolute
operator, Eg. (2) can be simplified as:

max w'z,

e ©)
st. |wllz=1w=>0.

The Lagrangian of Eg. (3) is:

I
L= Wzt AWl - 1)+ 3 Gl-w,). (4)

=1
where A and ¢ > 0 are the Lagrangian multipliers. Taking the derivative lofwith respect tow and
setting it to zero yields:
g—fv:—z+2)\W—C:0 = W:%(Z—I—C) (5)

Below, we derive a closed-form solution fer. In the derivation, we make an assumption that there exists
ani,1 <i <1, such thatz; > 0. This assumption is very weak since if it does not hold (zes; 0), it
simply says that on average the distance between a pattern and its nearest miss is larger than the distanc
of the pattern from its nearest hit, which is very rare in real applications. In this case, machine learning
algorithms that make decisions based on neighborhood information (i.e., RBF, and SVM with RBF kernel)
will perform poorly. With the above assumption, we prove that 0 by contradiction. Supposg < 0.
Since there exists; > 0, thenz; + ¢; > 0. We would havew; < 0, which contradicts the constraint
w > 0. By using the Karush-Kuhn-Tucker (KKT) condition [17], nameély, G;w; = 0, it is easy to verify
the following three cases:

e Case 1lz;=0=(;=0andw; =0 ;

e Case 22, > 0= 2+ >0=>w;>0=>(=0;

e Case 32; < 0= >0=>w=0=2=—( .
It immediately follows that the optimal solution @ can be calculated in a closed form:

{0 if 2, <0
W; =

%Zi if z; >0

and
w=w/[wl2=(2)"/[l(z)" |2, (6)

where(z)™ = [max(z;,0), - - ,max(z7,0)]7.

By comparing Eq. (6) with the weight update rule of RELIEF in Fig. 1, we conclude that RELIEF is
an online algorithm that solves the optimization scheme of Eq. (2). This is true exceptwyher for
z; < 0, which usually corresponds to irrelevant features discarded in RELIEF.

Our proof is inspired by the previous work [8] where RELIEF maximizing the averaged margin was
empirically observed, but no mathematical proof was provided. From our analysis, we find that RELIEF
is a feature weighting algorithm that utilizes the performance of a highly nonlinear classifier in search for
useful features, yet results in a simple convex problem with a closed-form solution. This clearly explains
the simplicity and effectiveness of RELIEF.



Other distance functions can also be used. If the squared Euclidean distance is used, the algorithm will
be the RELIEF algorithm defined in [8]; if Euclidean distance is used, the resulting algorithm is Simba
[8]. One major problem with Simba is its implementation. First, Simba returns many local maxima, which
is mitigated in Simba by restarting the algorithm from several starting points. Hence, the acquisition of
the global maximum is not guaranteed through its invocation. Second, Simba is a constrained nonlinear
optimization problem which cannot be easily solved through conventional optimization techniques. There-
fore, Simba first performs gradient ascent over the objective function while ignoring the constraints, and
then projects the solution onto the constraints at the last step. It is unclear whether Simba converges.

I11. | TERATIVE RELIEF ALGORITHM
A. Algorithm

The new interpretation of RELIEF as an online implementation of a convex optimization problem
provides some insights into its success in practical applications. More importantly, it enables us to identify
some weaknesses of the algorithm and to propose some solutions to fix them. Two major drawbacks of
RELIEF become clear from the objective function defined in Eq. (3). First, the nearest neighbors are
defined in the original feature space, which may not be true in the weighted feature space. Second, the
objective function optimized by RELIEF is actually the average margin. In the presence of outliers, some
margins can take large negative values. In a highly noisy data case with a large amount of irrelevant
features and/or mislabelling, the aforementioned two issues can become so severe that the performanc
of RELIEF may be greatly deteriorated.

A heuristic algorithm, called RELIEF-F [12], has been proposed to address the first problem. RELIEF-F
averages K, instead of just one, nearest neighbors when computing the sample margins. Empirical studies
have shown that RELIEF-F can achieve significant performance improvement over the original RELIEF.
As for the second problem, to our knowledge, no such algorithm exists. One possible solution is to adopt
the large margin concept that is used in SVM [18] and AdaBoost [19], where slack variables are defined to
account for the very negative margins and a soft margin is maximized [20]. In order to solve the induced
optimization problem efficiently, a good linear or quadratic programming solver is needed. Moveover, one
introduces a very critical parameter that controls the trade-off between training performance and a penalty
term. Using the large margin concept for feature selection seems to be an interesting direction, which we
will pursue in our future work. In this paper, however, we will confine ourselves to the RELIEF framework.
Below, we propose an analytic solution to address the aforementioned two issues simultaneously.

We first define two setdM,, = {i : 1 <i < N,y; #y,} andH, ={i : 1 < i < N,y; = yn,i # n},
associated with each pattexn. Suppose now that for each pattesp, its nearest hit and miss are known,
the indices of which are saved in the s&t= {(s,1, sn2)}, Wheres,; € M,, ands,» € H,,. For example,
sp,1 = 1 ands,s; = 2 mean that the nearest miss and hixgfarex; andxs,, respectively. We also denote
o=[oy,---,on]" as a set of binary parameters, such that 0 if x,, is an outlier, oro,, = 1 otherwise.

Here, we use the term “outliers” to refer to mislabeled samples or samples highly corrupted by noise.
The objective function we want to optimize may be formulated as:
N

Cw) = — Z (I1xn = Xs [[w = %0 = Xs,2[Iw) (7)

{n=1,0n=1}



where||x||lw = >_, w;|z;|. This objective function can be easily optimized by using the conclusion drawn
in Section 1. Of course, we do not know the st {S,,}_, and the vectoo. However, if we assume the
elements of S, }_, ando are random variables, we can proceed by deriving the probability distributions
of the unobserved data. We first make a guess on the weigBly using the pairwise distances that have
been computed when searching for the nearest hits and misses, the probability-tf theda point being

the nearest miss of,, can be defined as:

flIxn = illw)
2 jemt, FU%n = %5lw)

Similarly, the probability of the-th data point being the nearest hit xf is:

SlIxn = xillw)
2 jere, JU%n = xlw)

and the probability ok, being an outlier can be defined as:

ZieMn f(”xn - XiHW)
D oxiepvxn o (Xn = Xillw)
where f(-) is a kernel function. One commonly used examplef(d) = exp(—d/o), where the kernel
width o is a user defined parameter. Throughout the paper, the exponential kernel is used. Other kernel
functions can also be used, and the descriptions of their properties can be found in [21].

Now we are ready to derive the following iterative algorithm. Although we adopt the idea of the EM
algorithm [14] that treats the unobserved data as random variables, it should be noted that the following
method is not an EM algorithm since the objective function in Eq. (7) is not a likelihood. For brevity of
notation, we definey;,, = P,,(i[x,, w®), 8i., = Pu(i[x,, w®), 7, = 1 — Py(0, = 0|D,w), W = {w :
w3 =1,w >0}, m;, =[x, — x| if i € M, andh,,, = |x, —x;| if i € H,.

Step 1: After the t-th iteration, the) function is calculated as

Q(wlw®) = Eso[C(w)],

N
S I O DRSNS yE
n=1

iEMy, 1€HR

P(i|x,,w) =

Yie M, . (8)

Pr(i|x,, w) =

YieH,, %)

P,(0, =0|D,w) = (10)

% —xz-uw) | b

IMore rigorously, even thouglx,, may not be an outlier, there may be outliers presenivia, and H,, that should be considered in
computing the@ function. However, mislabeling i@ has a much Iargg&impact on calculatinwargins than thatfip and H,,, which
is explained as follows: consider the term computed in Eq. (&1)= i || Xn — Xillw — Binl|Xn — Xi||lw. SUPPOSEX,, i an

iEMp i€Hn
outlier. Then the value of the margin is completely wrong; now suppeses not an outlier, but one element i, is. Since the first term

in g, is computed by averaging over the entire set\df,, there only has a little impact on the margin value. Since I-RELIEF is a data
pre-processing algorithm and performs very well on a wide variety of datasets (c.f. Sec. VII), accounting for mislabghingand H.,
may not improve the performance significantly, but will complicate the algorithm implementation and the subsequent analyses substantially.



I-RELIEF Algorithm

(1) Initialization : givenD = {(x,,,y,)}"_,, setw®) = 1/I, number of iterationg’,

criterion 9;
2 fort=1:T

(3) Calculate pairwise distances with respecttd—;
(4) CalculateP,,, P, and P, as Egs. (8), (9) and (10);
(5) Update weights as Eq. (12);

kernel widtho, stop

(6) If |w® — w1 < 6, break, end
(7) end
Fig. 2. Pseudo-code of I-RELIEF

Step 2: The re-estimation ofv in the (¢ + 1)-th iteration is:

wttD)

The above two steps iterate alternatingly until convergence||wé&*" — w®|| < 6.

We name the above algorithm as iterative RELIEF, or I-RELIEF for short. The pseudo-code of I-
RELIEF is presented in Fig. 2. Since Egs. (8), (9) and (10) return us with reasonable estimates of
P,., P, and P,, respectively, and the re-estimation wfis a convex optimization problem, we expect a
good convergence behavior and reasonable performance from I-RELIEF. In the following subsection, we

Q

arg max Q(W|W(t)) :
wew

ar maX— E
gWGVV Tn

ar max— E
gWEW n

ar max— E
gWEV\/ n

arg maxw’ — Z%

wew

Z ai,n“Xn - Xi”w -

1EMo,

3 a,nzwj

leMn

E W E amm

ZEMn

3
3

v~
v

provide a convergence analysis for I-RELIEF.

B. Convergence Analysis

> Binlxn — xillw

iE'Hu

m 2 Bn it

lEHn

Z%Zﬁm

’LEHn

W,

= @) /@)l -

We begin by studying the asymptotic behavior of I-RELIEFs I 400, then

lim P, (i|x,,w) =
o—+00

1

M|

).

(12)

(13)



for everyw € W since lim f(d) = 1. On the other hand, for a givew, if ¢ — 0, by assuming that

o—+00

for everyn, di, = ||x, — Xil|w # d;, If i # j, we have

lii%Pm(ﬂXmW) = hm exp(—di/0o)/ Z exp(—dj, /o)

JEMy,
= lim1/ Z exp(—(dj, — din)/0)
o—0 JeMn (14)
1 if di, = min dj,
JEMy,

0 if dy, > min d.,, .
in M, in

Py (i|x,, w) and P,(n|w) can be computed similarly. From the above analysis, we observe thatiD,
I-RELIEF is equivalent to iterating the original RELIEF (NM NH = 1) provided that outlier removal

is not considered. In our experiments, we rarely observe that the resulting algorithm converges. On the
other hand, ifo — +oo, I-RELIEF converges in one step because the terimn Eq. (12) is a constant

vector for any initial feature weights. This suggests that the convergence behavior and convergence rates
of I-RELIEF are fully controlled by the choice of the kernel width. In the following, we present a proof by
using the well-known Banach fixed point theorem. We first state the theorem without proof. For detailed
proofs, we refer the reader to [22].

Definition 1. Let &/ be a subset of a norm spacg, and | - || is a norm defined inZ. An operator
T :U — Z is called a contraction operator if there exists a constart [0, 1) such that

IT(x) = Tl < gllz -yl (15)
for everyz,y € U. g is called the contraction number af.
Definition 2. An element of a norm spacg is called a fixed pointof : &/ — Z if T'(x) = x.

Theorem 1 (Fixed Point Theorem)Let 7" be a contraction operator mapping a complete suldgeif a
norm spacez into itself. Then the sequence generated as

D =7E®), t=0,1,2,- - (16)

with arbitrary 2(®) € U/ converges to the unique fixed poirit of 7. Moreover, the following estimation
error bounds hold:

(17)

In order to apply the fixed point theorem to prove the convergence of I-RELIEF, the gist is to identify
the contraction operator in I-RELIEF and check if all conditions in Theorem 1 are met. To this end,
let P = {p : p = [Pn, Pu, P,)} and we specify the two steps of I-RELIEF in a functional form as
Al: W — P Al(w) = p; A2 : P — W, A2(p) = w. By indicating the functional composition by a circle
(o), I-RELIEF can be written asr® = (A20 A1)(w*=V) £ T(w=1), whereT : W — W. SinceW is a
closed subset of a norm spaRé and complete] is an operator mapping a complete subdeinto itself.
However, it is difficult to directly verify thaf” is a contraction operator satisfying the condition in Eq. (15).
Noting that forc — +o0, I-RELIEF converges with one step, we haue, ., .. ||7(wy,0) =T (w2, 0)|| =
0, for everywy, wo € W. Therefore, in the limit,l" is a contraction operator with contraction constant
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g = 0, that is,lim,_,~ ¢(c) = 0. Therefore, for every: > 0, there exists a such thatq(c) < ¢
whenevers > 4. By settinge < 1, the resulting operatof’ is a contraction operator. Combining the
above arguments, we establish the convergence result for I-RELIEF, which is summarized in the following
theorem.

Theorem 2. Let D = {(x,,yn)})_; € X x Y, W = {w : ||w|2 = 1,w > 0} and I-RELIEF be defined
in Fig. 2. There exists @ such that
lim ||lw® —wD|| =0 (18)
t—+o00
whenevers > . Moreover, for a fixedr > &, I-RELIEF converges to a unique solution for any initial
feature weightsv(©® ¢ W.

Theorem 2 ensures the convergence of I-RELIEF but does not tell us how large the kernel width should
be. In our experiment (c.f. Section VII-C), we find that by using a relative largalue, sayoc > 0.5,
the convergence is guaranteed. Also, the error bound in Ineq. (17) tells us that the smaller the contraction
numberyq, the tighter the error bound and hence the faster the convergence rate. Since it is difficult to
explicitly expressq as a function ofo, it is difficult to prove thatg monotonically decreases with.
However, in general, a larger kernel width yields a faster convergence, which is experimentally confirmed
in Section VII-C. It is also worthwhile to emphasize that unlike other machine learning algorithms such as
neural networks [23], the convergence and the solution of I-RELIEF are not affected by the initial value
if the kernel width is fixed. We also experimentally find that setting the initial feature weights all to be
1/1 can only lead to slight but negligible improvement of the convergence rate compared to a randomly
generated initial value.

C. Relation to RELIEF-F

RELIEF-F is a special case of I-RELIEF. To see this, we first Ret= 0 since RELIEF-F has no
mechanism to handle outliers. Then we $&t(i|x,, w(®) and P, (i|x,, w?)) to be1/K if x; is one of
the K nearest misses or hits af, and0 otherwise, respectively. Moreover, RELIEF-F only runs for one
iteration. That is, in the context of I-RELIEF, RELIEF-F first makes a guess on the weights as all equal
to 1/1, and then calculate®,, and P, as above, and finally re-estimatesand stops. Obviously, from
our analysis, the estimate @, and P, is quite rough. Kononenko [12] suggested tlkatbe chosen as
10, which is used as a rule in practice in comparison between RELIEF-F and other algorithms. In our
experiments, however, we observe that the performance of RELIEF-F is highly influenced by the value
of K. Therefore, we estimat& through cross-validation using training data in our experiments.

IV. EXTENSION TOMULTICLASS RELIEF

In this section, we consider feature weighting for multiclass problems. Some algorithms originally
designed for binary problems can be naturally extended to multiclass settings, while for others the extension
is not straightforward. In particular, for wrapper methods, the extension largely depends on the capability
of a classifier to handle multiclass problems [7]. In many cases, a multiclass problem is first decomposed
into several binary ones [24], [25], which further increases the computational burden of a wrapper method.
RELIEF, due to the use of a nearest neighbor classifier as shown previously, does not suffer from such a
problem.
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The RELIEF algorithm was originally designed to handle binary problems. Later, RELIEF-F was
proposed in [12] to deal with multiclass problems by modifying the weight update rule (line 6 of Fig. 1)
as:

P ‘ . . .
wm vt Y RO MM ] ) NHO o) 19)
{ced,cy(x)}
where) = {1,.--,C} is the label space, NMx) is the nearest miss of from classc, and P(c) is

the a priori probability of classc. By using the conclusions drawn in Section I, it can be shown that
RELIEF-F is equivalent to defining a sample margin as:

p= > %d(x — NM,(x)) — d(x — NH(x)) . (20)
{c€V,cy(x)}

Note that a positive sample margin does not necessarily imply a correct classification in 1-NN. With the
identification of the margin of RELIEF-F, the extension of RELIEF-F to the iterative version, which we
call I-RELIEF-1, can be easily done by plugging the margin of Eq. (20) into Eq. (2). We skip the detailed
derivations here due to the space limitation.

From the commonly used margin definition for multiclass problems [25], however, it is more natural
to define a margin as:

= min dX—NMCX —d(x — NH(x )
P i () =l ) 1)
= min  d(x —x;) — d(x — NH(x)) ,
{xi€D\Dy )}

whereD. is a subset oD containing only the patterns from classCompared to the definition in Eq. (20),

this definition regains the property that a positive sample margin corresponds to a correct classification.
The derivation of the iterative version of multiclass RELIEF using the new margin definition, which we
call I-RELIEF-2, is straightforward.

V. ONLINE LEARNING

The iterative RELIEF algorithms are based on a batch learning model. That is, feature weights are
updated after seeing all of the training data. In case the amount of training data is enormous, or we do
not have the luxury of seeing all of the data when starting training, online learning is computationally
much more attractive than batch learning. In this section, we derive an online algorithm for I-RELIEF.
Convergence analysis is also presented.

A. Online Learning
Recall in I-RELIEF, the update of feature weights requires us to calculate the following term (Eq. (12)):

v = % Z’Yn(mn - En) (22)

Instead of treating each observation equally, we introduce a time-dependent forgetting fActor<
£ < 1) to emphasize the most recently observed data [26] by assuming that with more observations, we
should have a more accurate estimation of feature weights:

T T
v = 9 3 ([[€9) O m® - n®) (23)

t=1 s=t
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whered™) = (X7 (T'L, €))7 is a normalization factor. Eq. (23) can be further manipulated:

I 19(7’ H £9) 40 (m® —R)
=1 s=t 7:(;)
T—-1 T-1
_ @ (Z(Hgs))ﬂ(tuﬂ,m) , (24)
gmgm

- WV(T—D 4T (D)

_ (T) _
— LT 4 (1) <§<T>7,<T> (S — T 1)) _

Unravelingd™), we have:

o = QI

T-1 T-1 (25)

t
—1)\— (T-1)
= (€D 4+ DDy = i
Substituting Eq. (25) into Eq. (24) yields:

() — (-1 (T)¢(T) ((T) _ 1,(T-1)
v = v + Iy v ,
(T-1) 19<T§*1> ( (T) (T—l)) (26)
v + oo ( -v ) -
By definingn™ = 91 /(9(T-1) 4 1) as a learning rate, Eq. (26) can be rewritten as:
V(T) — I/(T_l) + 77(T) (ﬂ-(T) i V(T_l)) , (27)

(1— n(T)),/(T—l) + n(T)ﬂ-(T) .

It states that the current estimate can be simply computed as a linear combination of the previous estimate
and the current observation.
After we obtainv("), the feature weightv(”) can be calculated as:

W) = (D) /(w0 (28)

where (v;)* = max(v;,0). The pseudo-code of online I-RELIEF is presented in Fig. 3.

B. Convergence Analysis

In this subsection, we establish the convergence of online I-RELIEF. We also prove that under certain
conditions, online I-RELIEF does converge to I-RELIEF (based on batch learning) ivhensoco.

Theorem 3. The online I-RELIEF algorithm converges when the learning rate is appropriately selected.

Proof. The proof can be easily done by recognizing that Eq. (27) has the same form as the Robbins-Moron
stochastic approximation algorithm [27]. The conditions on the learningiféte

o0

lim 7® =0 ,Zn(t) = oo, and Z(n(t))2 < 400, (29)
=1 =1

t—+4o0

ensure the convergence of online I-RELIEAE
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Online Version of I-RELIEF
(1) Initialization : given D = {(x,,, yn)}Y_,, setw® = 1/I andv(®) = 0, number of iterationg’, kernel
width o;
2 fort=1:T
(3) Randomly select a pattesnfrom D;
(4) Calculate pairwise distances with respecttd—");
(5) CalculateP,,, P, and P, as Egs. (8), (9) and (10);
(6) Calculaterr® as Eq. (24);
(7) Calculater® = (1 — n®)p =1 4 5O 7O,
(8) Update weightsv® = (v®)*/||(v®)*+]|;
(9) end
(10) Outputw ™).

Fig. 3. Pseudo-code of online I-RELIEF

Eq. (27) presents a generic form for online RELIEF. However, in real applications, it is difficult to specify
a learning rate for a given dataset. The choice of learning rates is a large remaining issue in stochastic
approximation [27]. Therefore, in the following, we will only focus on a commonly used learning rate
n = 1/at with a € (0,1]. It is easy to show that this learning rate satisfies the conditions in Eq. (29).
Also note that ifa = 1, Eq. (27) can be simplified ag/”) = vV 4+ L (77 — p(T-1) = LS™T 7@
Theorem 3 ensures the convergence of online I-RELIEF but does not tell us whether online I-RELIEF
converges to I-RELIEF. We prove that it is true in the following theorem. To eliminate the randomness,
instead of randomly selecting patterns frdm we group the data into blocks, each block containing the
entire training dataset and denoted?&) = D. Online I-RELIEF successively performs online learning
over B™ m =1,2,---. The order of samples within each block is fixed.

Theorem 4. Let the learning rate;) = 1/at with a € (0, 1]. If both algorithms converge, I-RELIEF and
online I-RELIEF converge to the same solution, regardless of the learning rate (diffeient*) = 1/at)
in online I-RELIEF

To prove the theorem, we need the following lemma.

Lemma 1. Let {a;} be a bounded sequence, i.e. for evgryM; < a; < M,. If lim a; = a*, then

j—+oo

Proof. The proof is provided in the Appendix.

Proof of Theorem 4For simplicity, we first consider! = 1/t. For the m-th block of data, denote
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(t+1)
B A Trm) fan fan w
N N N N
S =H = ] ] ]
v (m=-1)xN V(me)W(t)
Jan Jan Jan
N N NP
@®* (b) T

Fig. 4. Two constructed operators: () and (b)T. Each square block denotes a search engine that, given a pattern and a feature weight
vector, returns the nearest neighbors of the pattern. The only difference beBvaeaT is that the former performs online learning while
the latter does not.

&) = LS ve ™. After running overM blocks of data, we have:

1 MxN 1 M
(MxN) _ ) — = > (m) 30
v M x N tzl T M mzlﬁ <9
From Theorem 3, we know that online I-RELIEF converges,tli? v = p*. It follows that lirf 7 =

7*. Since the data have compact support, the sequént®} is bounded. Using Lemma 1, we have:

ol 0 = iy 5 = R, @
where the last equality is due to the fact that a convergent sequence cannot have two limits.

We prove the convergence of online I-RELIEF to I-RELIEF by using the property that for a contraction
operator, the fixed point is unique. Recall that if the kernel width is appropriately selgcted] — W
is a contraction operator for I-RELIEF, i.€/(w*) = w*. We then construct an operatdt: W — W
for online I-RELIEF, which, in them-th iteration, usesv(m~1 = (p((n=DxN))+ /|| (p((m=DxN))+||, as
input, and then computes™*") by performing online learning o, and finally returnsw(™ =
(LmXNYE /|[(pmxN)) |, 1t follows from Eq. (31) that asn — +oo, we haveT(w*) = w*, where
w* = (v*)7/||(v*)"]|2. Therefore,w* is the fixed point ofZ. The only difference betweel and 7T is
that the former performs online learning whereas the latter does not. The two operators are plotted in Fig.
4. Since{r®} is convergent, it is also a Cauchy sequence. That i%; as +oo, the difference between
every pair ofv within one block goes to zero with respect to some norms. The opefattirerefore, is
identical toT" in the limit. It follows thatw* = w*, since otherwise there would be two fixed points for
a contraction operator, which contradicts Theorem 1.

The above arguments can also be applied to the case wherg0,1). The only difference is that

lim «™ = (&*)/a where#* is defined fora = 1. However, this will not change the final solution

m—-+00

since the feature weights are calculated =9 " /||(v*)"|.. H

VI. COMPUTATIONAL COMPLEXITY

One major advantage of RELIEF and its variations over other algorithms is their computational effi-
ciency. The complexity of RELIEF, I-RELIEF and online I-RELIEF &¢TNT), O(TN*I) andO(TNI),
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respectively, wher& is the total number of iterationg,is the feature dimensionality and is the number

of data points. If RELIEF runs over the entire dataset,.e= N, then the complexity i€)(N?1). In the
following section, we empirically show that online I-RELIEF can attain similar solutions to I-RELIEF
after one pass of the training data. Therefore, the computational complexity of online I-RELIEF is of the
same order as that of RELIEF.

VII. EXPERIMENTS
A. Experimental Setup

We conduct large-scale experiments to demonstrate the effectiveness of the proposed algorithms anc
to study their behavior. Since in most practical applications one typically does not know the true feature
set, it is necessary to conduct experiments in a controlled manner. We perform experiments on two test-
beds. The first test-bed is composed of 9 datasetsnorm waveform ringnorm, diabetics flare-solar,
thyroid, heart segmentatiomndyeast all publicly available at the UCI Machine Learning Repository [28].

The data information is summarized in Table I. We &ddndependently Gaussian distributed irrelevant
features to each pattern, representing different levels of signal-to-noise?rdtiosal applications, it

is also possible that some patterns are mislabeled. To evaluate the robustness of each algorithm agains
mislabeling, we introduce noise to training data but keep testing data intact. The level of noise represents
a percentage of randomly selected training data for which its class labels are changed. The second test
bed contains six microarray datasedstumors[29], Brain-tumor2[30], Leukemia-1]2], prostate-tumors

[31], DLBCL [32] and SRBCT[33]. Except forprostate-tumorsand DLBCL, the remaining four datasets

are multiclass problems (from 3 to 9 classes). One characteristic of microarray data, different from most
classification problems we encounter, is the extremely large feature dimensionality (from 2308 to 10509)
compared to the small sample sizes (from 60 to 102). The data information is presented in Table I. For
more detailed information on these data, interested readers can refer to [2], [29], [30], [31], [32], [33].
For all of the datasets, except for a simple scaling of each feature value to be béteseeh as required

in RELIEF, no other preprocessing is performed. The scaling operation was justified in [10] as to clamp
each feature weight into the interval betweemh and 1. From our analysis, we note that scaling can also
improve the performance of both RELIEF and I-RELIEF by noting that KNN usually uses this simple
heuristic to improve its performance.

We use two metrics to evaluate the performance of the feature weighting algorithms. In most applica-
tions, feature weighting is performed for selecting a small feature subset to defy the curse of dimensionality.
Therefore, a natural choice for a performance metric is classification errors. The classification-error
metric, however, may not be able to fully characterize algorithmic performance. In some cases, we find
experimentally that including a few irrelevant features may not change classification errors significantly.
Indeed, improving classification performance sometimes is not the only purpose for performing feature
weighting. In applications where the acquisition of data is quite expensive, including some useless features
is highly undesirable. For microarray data, including irrelevant genes may complicate subsequent research
This consideration is the main motivation for us to ddduseless features to original feature sets in the
UCI datasets. We treat feature selection as a target recognition problem. Though features in original feature
sets may be weakly relevant or even useless, it is reasonable to assume that the original features contai

2The signal-to-noise ratio refers to the ratio between the number of original features and that of the artificially added useless ones.
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TABLE |

DATA SUMMARY OF 9 UCI| AND 6 MICROARRAY DATASETS

Dataset Train Test Feature Class
twonorm 400 7000 20 2
waveform 400 4600 21 2
ringnorm 400 7000 20 2
diabetics 468 300 8 2
heart 170 100 13 2
flare-solar 666 400 9 2
thyroid 140 75 5 2
segmentation 210 2100 19 7
yeast 500 984 8 10
9-tumors 60 / 5726 9
Brain-tumor2 60 / 10367 4
Leukemia-1 72 / 5327 3
Prostate-tumors 83 / 2308 4
SRBCT 102 / 10509 2
DLBCL 77 / 5469 2

at least the same or more information than the useless ones that are added artificially. By changing a
threshold, we can plot a receiver operating characteristic (ROC) curve [13] that gives us a direct view

on the capabilities of each algorithm to identify useful features and at the same time rule out useless
ones. However, as the classification-error metric, the ROC metric is not exclusive. Some algorithms are
down-biased and tend to assign zero weights to not only useless features but also some presumably useft
features in original feature sets (c.f. Fig. 8), resulting in a small area under a ROC curve. Since we do not
know the true identities of features in original feature sets, in this case, we need to check classification
errors to see if the studied algorithm does select all of the useful features.

B. Experiments on UCI Datasets

We first perform experiments on the UCI datasets. For binary problems, we compare I-RELIEF with
RELIEF-F and Simba. For multiclass problems, we compare RELIEF-F with [-RELIEF-1 and I-RELIEF-2.

To make the experiment computationally feasible, we use KNN to estimate classification errors for
each feature weighting algorithm. KNN is certainly not an optimal classifier for each dataset. However,
the focus of the paper is not on the optimal classification but on feature weighting. KNN provides us
with a platform where we can compare different algorithms fairly with a reasonable computational cost.
The number of the nearest neighbdisis estimated through a stratified 10-fold cross validation using
training data. We do not spend extra effort on re-estimafingvhen only a subset of features are used
in training and testing, rather opting to use the one estimated in the original feature space. Though the
value of K is surely not optimal, we find that it is fair for each algorithm.

The kernel widtho is the only free parameter in I-RELIEF. We show in Section VII-C thas not
a critical parameter. Nevertheless, we estimate it through 10-fold cross validation in the experiment. One
problem associated with the estimation with cross validation using classification errors as criterion is that
it requires us to specify the optimal number of features used in KNN. To overcome this difficulty, the
following heuristic method is used: for a given candidaterpffeature weights are estimated, and then
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KNN is performed in the induced weighted feature space [34]. The optmslthen chosen as the one
with the smallest classification error. Likewise, we find the number of NH and NM in RELIEF-F through
cross validation, rather than presetting itltdbas suggested in [12]. The code of Simba used in the study
is downloaded from [8]. As we have seen in Section II, there are some local maxima in Simba’s objective
function. Simba tries to overcome this problem by performing a gradient ascent from serval different
starting points. We set the number of stating points tdpehich is the default value of Simba. Also,

we set the number of passes of the training data t6, ltke default value of which i$. In summary, we

try to make the comparison among different algorithms as fairly as possible.

To eliminate statistical variations, each algorithm is 20rtimes for each dataset. In each run, a dataset
is randomly partitioned into training and testing, ahd irrelevant features are added. The averaged
testing errors of KNN as a function of the number of the top ranked features are plotted in Fig. 5. (In
the notation 50/10, the first number refers to the number of irrelevant features and the second one the
percentage of mislabeled samples.) The ROC curves of the algorithms are plotted in Fig. 6. As a reference,
the classification errors of KNN on the clean data (without irrelevant features and mislabeling) and noisy
data are reported in Table II. From these experimental results, we arrive at the following observations.

(1) The performance of KNN is degraded significantly in the presence of a large amount of irrelevant
features, as reported in the literature, while mislabeling has less influence on the performance of KNN
than irrelevant features.

(2) From Fig. 5, we can see that with respect to classification errors, in nearly all of datasets, I-RELIEF
performs the best, RELIEF-F the second and Simba the worst. For a more rigorous comparison between
I-RELIEF and RELIEF-F, a Student’s paired two-tailed t-test is also performed. The p-value of the t-
test reported in each row in Table Il represents the probability that two sets of compared samples come
from distributions with equal means. The smaller the p-value, the more significant the difference of the
two average values is. The optimal number of features used in KNN is estimated through 10-fold cross
validation using training data. At th&03 p-value level, I-RELIEF wins on nine caseamgnorm (50/10),
twonorm(50/10), thyroid (50/0), waveform f-solar andyeas}, and ties with RELIEF-F on the remaining
nine cases. As we argued before, the classification-error metric may not fully characterize algorithmic
performance. Therefore, we check the ROC curves plotted in Fig. 6. In almost all datasets, I-RELIEF has
the largest area under a ROC curve, RELIEF-F the second, and Simba the smallest. Faongharh
(50/0), heart (50/10),thyroid (50/10) anddiabeticg out of nine cases that have no significant differences
in classification errors, it is clear from Fig. 6 that I-RELIEF performs much better than RELIEF-F with
respect to the ROC metric.

To further demonstrate the performance of each algorithm, we particularly focus on two datasets:
ringnorm and waveform We plot the learned feature weights of one realization in Figs. 7 and 8. For
ease of comparison, the maximum value of each feature weight vector is normalizedl tdAbaout
mislabeling, the weights learned in RELIEF-F are similar to those of I-RELIEF but the former have larger
weights on the useless features than the latter. It is interesting to note that, for both datasets, Simba assign
zero weights to not only useless features but also to some presumably useful ones. In these cases, w
need to go back to the classification-error metric. Particularlywaveform(50/0), we observe that the
testing error of Simba becomes flat after the tenth features since, except for these 10 features, the weight:
of the remaining features are all zero. This implies that Simba in effect does not identify all of the useful
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Fig. 6. Comparison of three algorithms using the ROC metric on 9 UCI datasets.
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TABLE 1l
THE TESTING ERRORS AND STANDARD DEVIATIONS%) ON 9 UCI DATASETS. THE LAST COLUMN SUMMARIZES THE PVALUES OF
STUDENT’S T-TESTS COMPARING THE RESULTS ORELIEF AND I-RELIEF FOR EACH DATASET THE LAST ROW (W/L/T)

SUMMARIZES WIN/LOSYTIE IN COMPARING RELIEF AND I-RELIEF BASED ON A SIGNIFICANCE LEVEL0.03.

Dataset KNN Mislabelling KNN I-RELIEF RELIEF P-value
(clean data) (noisy data) (I-RELIEF/RELIEF)
Ringnorm  39.2(1.3) 0% 45.1(1.2) 22.0(1.2) 21.7(1.1) 0.47
10% 44.2(1.1) 28.1(1.5) 34.0(4.5) 0.00
Twonorm 3.1(0.2) 0% 4.8(0.6) 3.1(0.7) 3.2(0.5) 0.96
10% 6.4(0.7) 3.7(0.7) 6.2(1.3) 0.00
Waveform  12.6(0.7) 0% 14.2(1.7) 10.5(1.1) 11.2(1.1) 0.03
10% 14.7(1.6) 11.2(1.2) 12.2(1.3) 0.00
Heart 17.9(3.1) 0% 19.2(2.9) 18.8(3.4) 19.6(3.2) 0.45
10% 19.8(3.9) 19.5(3.9) 20.9(3.6) 0.26
Thyroid 4.4(2.4) 0% 24.1(3.8) 5.8(3.2) 8.7(4.3) 0.02
10% 26.0(4.1) 9.8(3.8) 11.3(3.6) 0.20
Diabetics  28.9(1.5) 0% 31.6(2.6) 27.1(1.7)  27.0(2.1) 0.80
10% 31.7(2.5) 27.2(22) 27.3(1.8) 0.77
F-solar 34.8(2.4) 0% 34.5(2.6) 34.5(3.3) 37.1(3.8) 0.03
10% 36.1(1.7) 35.1(2.1) 38.7(3.7) 0.00
Segment  12.5(1.4) 0% 27.9(1.7) 17.01.4) 17.7(1.7) 0.17
10% 29.2(1.8) 17.3(1.4) 17.4(1.2) 0.92
Yeast 43.8(0.9) 0% 65.8(1.5) 45.0(1.8) 47.8(1.4) 0.00
10% 66.2(1.4) 45.5(1.7)  49.0(1.9) 0.00

W/T/L=9/9/0

features. With10% mislabeling, the weight quality of both RELIEF-F and Simba degrades significantly,
whereas I-RELIEF performs similarly as before. For example wiaveform(50/10), Simba mistakenly
identifies an irrelevant feature as the top feature. These observations imply that both Simba and RELIEF-F
are not robust against label noise.

We finally focus on the datasdtabetics for which the statistical test shows that there is no significant
difference in classification errors between RELIEF-F and I-RELIEF (p-valwes). However, from Figs.
6 and 9, I-RELIEF is the clear winner in terms of solution quality. One possible explanation is that the
datasetdiabeticscontains some weakly relevant features, and these features contribute insignificantly to
classification performance though having more information than random noise. This example demonstrates
the effectiveness of I-RELIEF in ranking features according to their relevance. Similar results are also
observed on the dataseisgnorm (50/0), heart (50/10) andthyroid (50/10). From this experiment, we
conclude that when comparing feature selection and weighting algorithms, using classification errors as
the only performance metric may not be enough.

C. Choice of Kernel Width

The kernel widtho in I-RELIEF can be estimated through cross validation on training data. It is well-
known that the cross-validation method may result in an estimate with a large variance. Fortunately, this
problem does not pose a serious concern. In this subsection, we show ihabt a critical parameter.

In Fig. 10, we plot the feature weights learned taronormand waveformusing differents values. We
observe that for relatively large values, the resulting feature weights do not have much difference. This
indicates that the performance of I-RELIEF is not sensitive to the choieevatues, which makes model
selection easy in practical applications.
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Fig. 7. Feature weights learned in three algorithmgingnorm dataset. The firs20 features are presumably useful.

We also conduct some experiments to confirm the convergence results established in Section 111-B.
Plotted in Fig. 11(a) are the convergence rates of I-RELIEF with differevdlues orwaveformdataset.
We observe that the algorithm diverges when- 0.05 but converges in all other cases. Moreover, with
the increase of values, the convergence becomes faster. In Fig. 11(b), we plot the convergence rates of
I-RELIEF with different initial values for a fixed kernel width. The line with stars is for the uniformly
distributed initial value, and the line with circles for randomly generated initial values, both averaged
from 10 runs. This experimental result confirms that I-RELIEF converges famystarting point, and
using the uniform initial value does improve convergence but the improvement is negligible.

D. Online Learning

In this subsection, we perform some experiments to verify the convergence properties of online I-
RELIEF established in Section V. The feature weights learned in I-RELIEF are used as a target vector.
The stopping criteriord (line 1 in Fig. 2) is set to bd0~° to ensure that the target vector is a good
approximation of the true solution (c.f. Eq.(17)). The convergence results with different learning rates
(differenta in n® = 1/at), averaged fron20 runs, are plotted in Fig. 12. We only present the results of
waveformandringnorm since the results for other datasets are almost identical. From the figure, we first
observe that online I-RELIEF, regardless of the learning rates, converges to I-RELIEF, which confirms the
theoretical findings in Theorem 4. We also find that afté® iterations (both datasets ha¥e0 training
samples), the feature weights are already very close to the target vectors. In Fig. 13, we plot the target
vector and the feature weights of online I-RELIEF (aft€l0 iterations). For comparison, the feature
weights of RELIEF-F forringnorm are also plotted.

The choice of learning rates is an open issue in stochastic approximation. From Fig. 12, we find that
appropriate selection of a learning rate does accelerate convergence. However, the impact on the final
solution is quite small. From this experiment, we may conclude that in practical applications we can
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simply set the learning ratel) = 1/t without sacrificing much in performance.

E. Experiments on Microarray

We finally compare RELIEF to I-RELIEF with two margin definitions on six microarray datasets. Due
to the limited sample numbers, the leave-one-out method is used to evaluate the performance of eact
algorithm.

The classification errors of KNN as a function of the0 top ranked features are plotted in Fig.

14. SinceProstate-Tumorand DLBCL are binary problems, I-RELIEF-1 is equivalent to I-RELIEF-2.
From the figure, we observe that except @BCL, in which I-RELIEF performs similar to RELIEF,

for the remaining five datasets, I-RELIEF-2 is the clear winner compared to RELIEF and I-RELIEF-1.
For 9-Tumorsand Brain-Tumor2 I-RELIEF-2 outperforms RELIEF over all ranges byt — 20%. For
Leukemia-land SRBCT though the performance of three algorithms all converge after 100 genes, it is
clear that I-RELIEF is much more accurate than RELIEF in ranking genes. For examBIRBE& T with

5 genes, the error for I-RELIEF-2 is abotftc compared to about7% for RELIEF. Also note that in
SRBCT I-RELIEF-2 almost reaches a zero error with abobtgenes, compared to aboti genes in
RELIEF (The x-axis is log-scaled.). For comparison, we also report the classification errors of KNN using
all genes. We can see that gene selection can significantly improve the performance of KNN .

We note that the numbers of genes found by I-RELIEF that correspond to the minimum classification
errors are all less thaf00. With these small gene sets, oncologists may be able to work on them
directly to infer molecular mechanisms underlying disease causes. Also, if for classification purposes,
some computationally expensive methods such as wrapper methods, can be used to further filter out some
redundant genes. By using some sophisticated classification algorithms such as SVM, much improvement
on classification performance is expected. One important issue in using feature weighting algorithms for
microarray data analysis is to determine where to cut in a ranked gene list. It may be difficult to derive an
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analytical solution. One commonly used method is through cross validation that first estimates classification
parameters, including cut-off thresholds, based on training data, and then uses the estimated parameter
to classify the held-out testing samples (also called the two-loop protocol). Detailed descriptions of the

experimental protocols is beyond the scope of the paper. Interested readers may refer to [35].

VIIl. CONCLUSION

In this paper, we have proposed a set of new feature weighting algorithms, all stemming from a simple
yet informative interpretation of RELIEF. We have proven that RELIEF implements an online algorithm
that solves a convex optimization problem with a margin based objective function. This new interpretation
enables us to identify some weaknesses of RELIEF and to propose some solutions to fix them. Following
the principle of the EM algorithm that treats unobserved data as random variables, we have proposed
an iterative RELIEF (I-RELIEF) algorithm. Using a new multiclass margin definition, we have proposed
a new multiclass RELIEF algorithm. In order to speed up the learning process of I-RELIEF, we have
also developed an online I-RELIEF algorithm. We have established some convergence theorems for the
proposed I-RELIEF algorithms.

Large-scale experiments have been conducted on nine UCI and six microarray datasets to demonstrat:
the effectiveness of the proposed algorithms and to verify the theoretical results established in this paper.
We have experimentally shown that: (1) I-RELIEF performs significantly better than the RELIEF-F and
Simba algorithms in terms of the capability to recover useful features and rule out useless ones, and is
robust against mislabeling noise; (2) I-RELIEF has a nice convergence property. If the parameter is properly
selected, I-RELIEF converges to a unique solution regardless of the initial starting points. Moreover, the
performance of I-RELIEF is not sensitive to the choice of the tuning parameter, which makes model
selection easy in practical applications; (3) with online learning, I-RELIEF can be implemented with the
same computational cost as RELIEF.

We outline several directions we will pursue in the future:

1) Although we have shown that the kernel width is not a critical parameter in I-RELIEF, it would
be highly desirable to estimate the kernel width during the learning process, making I-RELIEF a
parameter-free algorithm.

2) The correct identification of relevant genes lays solid foundation for subsequent research (e.g. breast
cancer prognosis). The effectiveness of I-RELIEF in ranking features according to their relevance
has been clearly demonstrated in the UCI datasets but only partially in the microarray datasets by
using the classification-error metric. We are currently working closely with oncologists to determine
the biological significance of the top ranked genes identified by our algorithms. Also, encouraged by
the superior performance of I-RELIEF over RELIEF-F, we intend to develop a classification system
for microarray data by combining I-RELIEF with some sophisticated classifiers such as SVM.
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X. APPENDIX— PROOF OFLEMMA1

Lemma 1. Let {a;} be a bounded sequence, i.e. for evgny\; < a; < M,. If lim a; = a*, then

Jj—-+o0

i=1

We need to prove that for eveey> 0, there exists a positive integéf(e) such thaf: >°" a0, —a*| < ¢
for everyn > N(e). We first consider: > | a; —a* < e. Since{a;} is a convergent sequence, for every
¢, we can find arg; € (0,¢) and a positive integeiN (¢;) such thatja; — a*| < €; for everyj > N(e).
Since M; < a; < M, for every j, we have

n

1 *
- a; —a ,
n <
=1
1 N(El) n
= — Z (CLZ‘ — CL*) + Z (CLZ‘ — CL*) s
"\ = i=N(e1)+1 (32)
1 N(El) n
< E (MQ — CZ*) + Z €1 5
i=1 i=N(e1)+1

= %N(el)(MQ —a* — 61) + €1 .

It immediately follows that ifn > max{N(e;)(Ms—a*—¢€1)/(e —€1), N(e1)}, =+ S.7 a; —a* < € holds.

n

Similarly, we can prove that ifi > max{N(e;)(a* — My —€1)/(e — 1), N(e1)}, 250 a; — a* > —e¢

n

holds. Therefore, for every, there existsV(¢) = max{N(e;)(My — a* —€1)/(e — €1), N(e1)(a* — My —
€1)/(e —€1),N(e)} such that|L 3" a; — a*| < e for everyn > N(e), which proves the lemma. B
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