
P
os
te
d
on

4
M
ay

20
20

—
C
C
-B

Y
-N

C
-S
A

4
—

h
tt
p
s:
//
d
oi
.o
rg
/1
0.
36
22
7/
te
ch
rx
iv
.1
45
2
66
27
.v
1
—

e-
P
ri
n
ts

p
os
te
d
on

T
ec
h
R
x
iv

ar
e
p
re
li
m
in
ar
y
re
p
or
ts

th
at

ar
e
n
ot

p
ee
r
re
v
ie
w
ed
.
T
h
ey

sh
o
u
ld

n
ot

b
..
.

Searchlight-scanned Over-sampling for Class Imbalance Problem

Yi Sun 1, Lijun Cai 2, Bo Liao 2, Wen Zhu 2, and JunLin Xu 2

1Hunan University
2Affiliation not available

October 30, 2023

1



This work has been submitted to the IEEE for possible publication. Copyright may be transferred without notice, after
which this version may no longer be accessible.

Searchlight-scanned Over-sampling for Class
Imbalance Problem

Yi Sun, Lijun Cai, Bo Liao, Wen Zhu, and JunLin Xu

F

1 INTRODUCTION

C Lass imbalance problem with complex distributions at-
tracts more and more interests in data mining and ma-

chine learning. In one binary classification, class imbalance
occurs when the number of samples in one class is obviously
smaller than the other one, respectively called minority
(class) and majority (class). Especially for some applications
like stream data mining [2] [3], credit fraud detection [4], [5],
steganography detection [6], the class imbalance problem
becomes particularly prominent. Meanwhile, abnormal data
distributions (like outliers, class overlapping or disjuncts
[1]) make this problem more complex, called as complex
distributions.

To cope with the class imbalance problem, many tech-
niques have been proposed mainly involving algorithm-
level methods [7], [8], [9] and data-level methods [10], [11],
[12],or their combination [13], [15], [16]. For algorithm-level
methods, the cost-sensitive learning [6], [17] assigns higher
penalties to minority samples that being of misclassification.
Or the ensemble learning [18], [19] makes use of Bagging
and Boosting [20] for imbalanced data classification.

Different from algorithm-level methods, data-level
methods generally rebalance the distribution between
classes by decreasing the number of majority samples [21],
[22], [23] or increasing the number of minority samples [24],
[25], [26], respectively called as under-sampling methods
and over-sampling methods. Obviously, under-sampling
methods tend to loss some information from the origi-
nal data when compared to over-sampling methods. This
study focus on the over-sampling one. The most straight-
forward over-sampling technique is to repeat the minority
for several times. But it only takes the magnitude of class
size into consideration which would lead to over-fitting.
Thus, many other over-sampling methods have been pro-
posed, mainly involving interpolation-based methods [27],
[28] and structure-preserving methods [29], [30], [31]. The
interpolation-based technique often generates new samples
between the line segment of one seed minority and one of
its neighbours [27], [28]. Differently, the structure-preserving
technique often generates new samples by preserving the
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global covariance structure of minority class.
To cope the class imbalance problem with complex distri-

butions, some cluster-incorporated over-sampling methods
have been proposed. Those methods generally group minor-
ity samples into different clusters first, and then respectively
generate synthetic samples in different clusters like [32]. Be-
side, the technique in [33] designs one evolutionary ensem-
ble framework for the cluster-incorporated over-sampling
method, representing selected variables in a chromosome
mainly involving the number of clusters, the number of
synthetic samples and the selection of clustering methods.

However, except cluster-incorporated over-sampling
methods, no one pure over-sampling method has been
specially proposed for class imbalance problem with com-
plex distributions. To fill the gap, this study proposes one
searchlight-scanned over-sampling (SCOS) technique which
innovatively regards the data filling of minority area in
imbalance problem as the searchlight scanning of objective
area in real life. We first define the searchlight structure in
Rn. Then, we compute this structure for each minority sam-
ple. Finally, we fill each searchlight structure with synthetic
samples.

The proposed method is evaluated on several real-world
imbalance datasets, and outperforms current state-of-art
over-sampling techniques. Main contributions of this paper
can be summarized as follows.

1) We propose one novel searchlight-scanned over-
sampling method for imbalance data classification,
that inspired by the scene of objective area scanning
in real life.

2) We find one problem that a pair of points in the
same class tends to distribute in one continuing area
when their line segment does not go through the
area of other classes, providing a new view on the
judgement of relationship between two same-class
points.

3) We use a series of searchlight structures to scan
the minority area, being of natural robustness to
disjuncts and good robustness to class overlapping
and noises.

4) We define one searchlight structure with one vertex,
one base unit vector, one restricted scalar value of
inner product and one radius, which proofed to be
the intersection of an Euclidean ball and a cone.

The paper is organized as follows. Section 2 reviews
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related works, states the motivation, and defines the search-
light structure. And Section 3 introduces the proposed over-
sampling technique. Section 4 shows the experimental re-
sults. Discussion and conclusion are respectively included
in Sections 5 and 6.

2 RELATED WORKS AND MOTIVATION

2.1 Related works
To cope with the class imbalance problem, many over-
sampling methods have been proposed and proven to be
effective that mainly including interpolation-based methods
and structure-preserving methods. SMOTE [27] is one well-
known interpolation-based method which linearly gener-
ates new samples between the seed minority and one of
its k nearest neighbours. To clarify the borderline between
classes, B-SMOTE [36] only selects minority samples near
to the borderline to generate synthetic samples. To show
the different importance of borderline minority samples,
ADASYN [28] assigns higher weights for minority samples
that with larger number of majority in its k nearest neigh-
bours. Obviously for interpolation-based methods, some
synthetic samples tend to root into the majority area when
the line segment between the seed minority and another
selected minority goes through this area, bringing negative
impacts for the classifier. Especial for noises, almost all their
synthetic samples would root into the majority class.

Slightly different, (MWMOTE) [32] assigns higher
weights for minority samples with nearer Euclidean dis-
tance to the majority class. Additionally to fit complex dis-
tributions, MWMOTE does not select k nearest neighbours
but same-cluster samples to linearly generate new samples.
But the clustering algorithm highly depends on the distance
factor and only takes minority samples into consideration
that ignoring the existence of majority samples. Thus, two
minority samples, that divided apart by majority samples,
maybe wrongly grouped together when their distance is
near enough. Or two minority samples, that sparsely dis-
tributed, maybe wrongly grouped apart when their distance
is far enough.

For structure-preserving methods, INOS [31] generates
synthetic samples to maintain the main covariance structure
of minority class. Moreover, INOS uses a small percentage of
synthetic samples from ADASYN to protect key original mi-
nority samples. Similarly, MDO [30] first identifies suitable
minority samples that with enough minority in their nearest
neighbours; and then for those suitable minority, MDO
generates synthetic samples with the same Mahalanobis
distances from the majority. Obviously, the covariance of
minority class or the Mahalanobis distance does not care
complex distributions (like outliers, class overlapping or
disjuncts [1]) at all, so leading to the extra data cleaning
in INOS [31] or several noises and overlapped samples in
MDO [30].

2.2 Motivation
In real life, some domains, like armed defence, prison or
detention center, always use multi searchlights to jointly
scan objective areas at night, similar to the over-sampling
process in class imbalance problem. First from the perspec-
tive of purpose, the purpose of searchlight-used domain is

to scan objective areas while the over-sampling procedure is
to fill minority area with synthetic samples. Second from
the characteristic of structure, the minority and majority
area respectively corresponding to the objective area and
the barrier (like walls or buildings).

To further display their similarities, as seen in Fig. 1.
(a), minority samples distribute over two areas that can
be treated as two objective areas to be scanned, thus two
searchlights needed. As seen in Fig. 1. (d), we put the
searchlight on the center of one minority area and rotate
it for a circle to scan the whole minority area. But three
questions asked: (1) how much searchlights are needed? (2)
how to scan the minority area with irregular distribution?
for example, not a circle. (3) the scan process of rotation in
R2 fails in R3 or higher dimensions. so how to adapt to any
dimensions?

Intuitively in real life, the light cone is first started
from one launch point, then passes through the objective
area, last stopped by the surface of barrier. Thus to answer
above questions, for each minority sample, we compute one
searchlight structure first started from the inner minority
area, then passes through this seed minority and its nearby
area, last stopped by the majority class. Thus for the first
question, we do not need the number of searchlights, but
compute one searchlight structure for each minority sample.
For the second question, the searchlight structure only scans
the local nearby area of each minority, that not suffering
from the integral irregular distribution of minority class. For
the third question, we will give a definition of searchlight
structure in Rn in the next sub-section. The theory of pro-
posed method will be first demonstrated with emulational
datasets that involving different complex distributions and
evaluated with real-world datasets in the experimental sec-
tion.

2.3 searchlight structure
This subsection gives a new mathematical structure, called
the searchlight structure. First, we analyse its possible com-
ponents, then define its mathematical representation , last
discuss its geometrical characteristics.

Intuitively, in real life, the light cone consists of one
launch point, one scan direction, one cone angle, and one
distance of propagation. Except the cone angle, other three
components can be easily defined in Rn. To define the cone
angle, as seen in Fig. 2, we use the inner product of one
unit borderline vector and one unit base vector to replace
the cone angel, where the unit base vector denotes the scan
direction. Thus in Rn, searchlight structure consists of four
corresponding components as one vertex, one base unit
vector, one restricted scalar value of inner product, and one
radius.

To this end, we suppose the vertex being at the origin for
convenient discussion, and define the searchlight structure
as:

S =

{
x
∣∣∣ 〈 x

‖x‖2
,a

〉
≥ ρ & ‖x‖2 ≤ r

}⋃{
0

}
(1)

where
〈
,

〉
denotes the inner product operation of two

vectors such as
〈
c,d

〉
= c • d, a is the base unit vector
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Fig. 1: Motivation of proposed method. (a) two minority areas, (b) searchlight scanning in real world, (c) one imbalanced
data, (d) scan the minority area. Intuitively, the whole minority area in (c) can be scanned when putting the searchlight on
the center location and rotating it for a circle; two minority areas in (a) maybe need two searchlights. The motivation in
this paper is that the method of minority over-sampling is similar to the scene of searchlight scanning in real world.
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Fig. 2: Unit searchlight structures. (a)-(e) with different inner products in R2, (f)-(g) unit searchlight structures in R2 and
R3 with a • b = 0.8, ‖a‖2 = 1 and ‖b‖2 = 1

that ‖a‖2 = 1, and ρ ∈ [0, 1] is the restricted scalar value
of inner product, r is the radius. Obviously, this structure
is the intersection of an Euclidean ball B and one unknown
structure C:

C =

{
x
∣∣∣ 〈 x

‖x‖2
,a

〉
≥ ρ

}⋃{
0

}
(2)

B =

{
x
∣∣∣ ‖x‖2 ≤ r} (3)

S = C
⋂

B (4)

To this end, we discuss the geometry characteristics of C;
in brief, whether C is a cone or a convex cone in Rn.
Definition 2.1 (page 25 in [35]). A set C is a cone, only for

every x ∈ C and θ ≥ 0, have θx ∈ C.

Theorem 2.1. Given a set C =

{
x
∣∣∣ x

‖x‖2
• a ≥ ρ

}⋃{
0

}
where ρ ∈ [−1, 1] is one scalar and a is one referred unit
vector, the set C is a cone.

Proof: Since x ∈ C, we have
x

‖x‖2
• a ≥ ρ.

We consider the following two cases:
Case 1: θ = 0: Have θx = 0 ∈ C.
Case 2: θ>0, compute

θx

‖θx‖2
• a =

θx

θ ‖x‖2
• a =

x

‖x‖2
• a ≥ ρ (5)

have θx ∈ C.
Hence, θx ∈ C in both cases, C is a cone ρ ∈ [−1, 1].

Definition 2.2 (page 25 in [35]). A set C is a convex cone if it
is convex and a cone, which means that for any x1,x2 ∈
C and θ1, θ2 ≥ 0, we have

θ1x1 + θ2x2 ∈ C (6)

Theorem 2.2. Given a set C =

{
x
∣∣∣ x

‖x‖2
• a ≥ ρ

}⋃{
0

}
where ρ ∈ [0, 1] is one scalar and a is one referred unit
vector, the set C is a convex cone.

Proof: We first make f(x) =
x

‖x‖2
• a. Since

x1,x2 ∈ C, we have f(x1) =
x1

‖x1‖2
• a ≥ ρ and

f(x2) =
x2

‖x2‖2
• a ≥ ρ .

We consider the following two cases:
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Case 1: θ1x1 + θ2x2 = 0 ∈ C.
Case 2: θ1x1 + θ2x2 6= 0, compute

f(θ1x1 + θ2x2) =
θ1x1 + θ2x2

‖θ1x1 + θ2x2‖2
• a

=

θ1 ‖x1‖2
x1

‖x1‖2
+ θ2 ‖x2‖2

x2

‖x2‖2
‖θ1x1 + θ2x2‖2

• a

=

θ1 ‖x1‖2
x1

‖x1‖2
• a + θ2 ‖x2‖2

x2

‖x2‖2
• a

‖θ1x1 + θ2x2‖2

=
θ1 ‖x1‖2 f(x1) + θ2 ‖x2‖2 f(x2)

‖θ1x1 + θ2x2‖2

≥
θ1 ‖x1‖2 + θ2 ‖x2‖2
‖θ1x1 + θ2x2‖2

× ρ

≥ ρ
(7)

have θ1x1 + θ2x2 ∈ C. Noting: the last step of proof is
draw from the Triangle Inequality for norm (‖x + y‖2 ≤
‖x‖2 + ‖y‖2).

Hence, θ1x1+θ2x2 ∈ C in both cases; C is a convex cone
when ρ ∈ [0, 1].

In generally, if ρ ∈ [−1, 1], the searchlight structure is the
intersection of an Euclidean ball and a cone; if ρ ∈ [0, 1], the
searchlight structure is the intersection of an Euclidean ball
and a convex cone.

3 SEARCHLIGHT-SCANNED OVER-SAMPLING FOR
IMBALANCE PROBLEM

In this section, we propose a novel method, called
searchlight-scanned over-sampling (SCOS), for the class im-
balance problem with complex distributions. The overall
SCOS algorithm is described in Algorithm S1. First, SCOS
computes relationships between any two minority sam-
ples. Then, based on those relationships, SCOS computes
one searchlight structure for each minority sample. Finally,
SCOS generates new synthetic samples in those searchlight
structures.

3.1 Direct-interlinked relationship between same-class
points

In the first step, SCOS first describes direct-interlinked rela-
tionship between two same-class points, then computes it.
As seen in Fig. 5. (a), two minority points are considered
of direct-interlinked relationship when their line segment
does not go through the majority area. For example, the line
segment between point A and E does not go through the
majority area, so denoting A and E are direct-interlinked
or A is direct-interlinked to E. This relationship is symmet-
rical that E is also direct-interlinked to A. Whereas judg-
ing whether the line segment of two points goes through
the majority area is difficult. Because the majority area is
unknown that only majority points are known. Thus to
compute the relationship between two points, as seen in
Fig. 5. (b), SCOS selects one majority point from all majority
to makes a minimum value of inner product of two unit
vectors that directed from this majority point to two mi-
nority points. Finally, SCOS sets one threshold for it. Two

points are direct-interlinked when their minimum value is
larger than the threshold. For example, as seen in Fig. 5.
(c), the seed minority point B owns four direct-interlinked
minority points whose minimum inner-product values are
larger than the threshold −0.8910 (cos(153o) = −0.8910). It
is easily understood since the minimum inner-product value
of two non direct-interlinked points will be equal to -1 when
the majority area is fully filled with majority points; or near
to -1 when the majority area is filled with enough majority
points.

In detail, for any two minority samples xi and xj , we
compute the inner product of two unit vectors:

Dk(xi,xj , zk) =

〈
xi − zk

‖xi − zk‖2
,

xj − zk

‖xj − zk‖2

〉
(8)

where zk is the k-th sample in the majority set. When
‖xi − zk‖2 = 0 or ‖xj − zk‖2 = 0, set D(xi,xj , zk) = 0.
Then pick the minimum inner product:

M(xi,xj) = min
1≤k≤m

Dk(xi,xj , zk) (9)

where m is number of majority samples. Finally, we obtain
the relationship between xi and xj :

I(xi,xj) =

{
1, if M(xi,xj) ≥ δ
0, else

(10)

where δ is one threshold ranging in [-1, 1]. I(xi,xj) = 1 de-
notes two minority direct-interlinked, I(xi,xj) = 0 denotes
not direct-interlinked.

In the class imbalance problem, the direct-interlinked
relationship is important. Take interpolation-based methods
[27], [28], [32] for example, most of them generate one syn-
thetic point between the line segment of one seed minority
and other one selected minority. If these two minority are
direct-interlinked, the new synthetic point does not fall in
the majority area at all; otherwise, would fall in the majority
area, so causes noises or class overlapping.

3.2 searchlight structure
Based on the direct-interlinked relationship, in the second
step, SCOS computes the base unit vector, the vertex and the
radius, and sets the restricted scalar value of inner product
as one parameter of threshold for the searchlight structure
defined in Eq. 1. Thus, the essence of searchlight structure
involves into three aspects.

3.2.1 Base unit vector
In the first aspect, SCOS first explains why the vertical scan
help the searchlight structure to cover more boundary area
of minority class, then attends to compute one base unit
vector that nearly vertical to the borderline. As seen in Fig.
4, for the convenient explanation, the borderline between
classes is linear; x=0.25 is used to divide the minority area
into the boundary one and non-boundary one; in R2, the
searchlight structure is one sector. In brief, we attempt to
display which scan direction makes the area of sector that
falling in the boundary minority area maximum. As seen in
Fig. 4. (a), the scanned boundary area is of the max size in
the first graph that denoting the vertical scan. As seen in Fig.
4. (b), the scanned boundary area is of the max size in the
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Fig. 4: Why vertical scan products the maximum scanned boundary area. Where point T is the seed minority point to be
scanned; x=0.5 is a line that divides the minority area into the boundary one and non-boundary one; SOGF is one fixed
scanned sector (four components of search light structure: vertex O, angle 2× θ corresponding to restricted scalar value of
inner product, radius OG, rotated scan in each column corresponding to the base unit vector); the area in SGEJ denotes
the part of scanned sector that falling in the boundary area; in some special cases, it is SGDCF in first graph in (a), SGECF

in second graph in (a), or SKJK in first two graphs in (b). In both (a) and (b), individually rotate the sector, it individually
leaves the boundary area. (a) θ < γ; obviously SGDCF in first graph owns the max falling area in the boundary; to see
this, draw a line HI with HA=EA and IA=DA, SADE is the new joining area, SACB in second graph or SACFJ in followed
graphs is the leaving area, SADE = SAIH and SAIH ∈ SACB or SACFJ , so the leaving area is larger than the new joining
area in that case (notice: whether the net-loss area gradually increases is not confirmed owing to our limited knowledge),
(b) θ ≥ γ; obviously SKJK in first two graphs owns the max falling area in the boundary. Intuitively, the vertical scanning
to the borderline area products the maximum scanned boundary area.

first two graphs that respectively denoting the vertical scan
and nearly vertical scan. To this end, SCOS considers the
vertical scan help the searchlight structure covering more
boundary area of minority. Because the vertex of searchlight
structure is unknown, one inverse of base unit vector is
priorly estimated that vertically pointed to minority area
from the majority area. As seen in Fig. 5. (a) for the seed

minority A, SCOS draws an arrow from the center of its k
nearest majority neighbours B to A as c, denoting the nearly
vertical direction to the borderline. And uses the inverse and
unit of c as the base unit vector.

In detail, for the seed minority sample x, compute its k
nearest majority neighbours :

Sknn =
{
z1, z2, ...,zk

}
(11)
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the vector that started from the seed minority point and pointed to the direct-interlinked minority. For one seed minority
point A, first compute the center point B of its K majority neighbours, then draw an arrow from B to A as the vertical
vector c, next compute the projection on c that only positive projections are remained, last use the mean of those positive
projections as the vertex of searchlight structure as O.
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Fig. 6: Radius computation. (a) scanned majority, (b) radius.
Take the seed point A for example, first compute scanned
majority samples under one vertex O, one vertical vector a
and one scanned angle 2×θ; then select the nearest one point
C from scanned majority sample for reference, last compute
the radius; in this case, radius is the mean of OC and OA.

where zk is the k-th nearest majority sample to the seed one
x. Then compute its center:

z̄ =
1

k

k∑
i=1

zi (12)

Compute the nearly vertical vector, and normalize it:

c =
x− z̄

‖x− z̄‖2
(13)

Obtains the base unit vector:

a = −c (14)

3.2.2 Vertex
In the second aspect, SCOS finds the vertex on the vertical
vector that with one deeper location than the seed minority
sample, making the searchlight structure started from the
inner minority area first and then pass through the seed
one. As seen in Fig. 5. (b) and (c), SCOS firstly computes the
projects of between a and vectors that from the seed one to
other direct-interlinked minority points; then only remains
the positive projects and uses their mean as the location of

vertex.
In detail, for the seed minority sample x, SCOS records

its direct-interlinked minority samples as
{
x1,x2, ..,xm

}
;

where I(x,xm) = 1, m is the number of direct-interlinked
minority samples. Then obtain the vector that pointed to the
direct-interlinked minority from the seed minority:

di = xi − x (15)

where xi is i-th sample in
{
x1,x2, ..,xm

}
. And compute its

project on c

pi =

〈
di, c

〉
(16)

J(pi) =

{
1, if pi > 0

0, else
(17)

Next, compute the mean of positive projections:

p̄ =
1∑m

i=1 J(pi)

m∑
i=1

J(pi)× pi (18)

Finally, compute the vertex of searchlight structure:

v = p̄× c + x (19)

3.2.3 Radius
In the third aspect, SCOS computes the radius for the search-
light structure. To make the searchlight structure not cover
the majority area, as seen in Fig. 6.(a), SCOS firstly computes
scanned majority samples; then for the vertex, computes its
nearest scanned majority point as seen in Fig. 6.(b). Last
compute the radius that referring lengths of the nearest
scanned majority and the seed minority to the vertex. For
example, r = (OC +OA)/2 with the case OC ≥ OA.

In detail, SCOS sets the restricted scalar value of inner
product as τ ranging in[-1,1]. Then, find scanned majority
samples that satisfying:〈

zk − v

‖zk − v‖2
, c

〉
≥ τ (20)

where zk is the k-th sample in the majority set, v is the ver-
tex of searchlight structure. Next, find the nearest majority
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point from those scanned majority samples, denoting it as
g; last compute the radius:

r = min(L(v,x), L(v, g)) + 0.5(L(v, g)− L(v,x)) (21)

where min(, ) means the minimum one from two values,
L(, ) is the Euclidean distance that L(v1,v2) = ‖v1 − v2‖2.
Obviously for non-overlapped seed minority, the seed one
is nearer to the vertex that r is the mean of two lengths;
for overlapped seed minority, the nearest majority point
is nearer to the vertex that r is the length of the nearest
majority point to minus the half gap of two length. Thus,
making the searchlight structure cover nearly half local
boundary area in normal cases, and not cover the majority
area in overlapping cases.

3.3 Data generation of minority class
Since the searchlight structure has been computed, SCOS
generates the new synthetic sample:

new = v + (ξ × r)×
−→
d (22)

where
−→
d is one rand unit vector that satisfying

〈−→
d ,a

〉
≥ τ

(Notice: in the high dimension, randomly generating the
condition-satisfied unit vector is difficult. To solve this prob-
lem, on track is to generate one random unit vector first,
then add it to a, next normalize to one unit vector again;
this procedure can be repeated for several times until one
condition-satisfied unit vector d generated. In experience,
SCOS uniformly generates a series of condition-satisfied
unit vectors first, then randomly pick up one for use).

And ξ is one rand scalar in [0,1], to make more synthetic
samples near to the boundary, SCOS randomly generates it
as:

ξ =

{
rand(), if rand() > 0.5

1, else
(23)

where rand() is one rand number in [0,1], here, two rand
values are included; one is for the half probability setting
ξ = 1, another one is for setting to ξ = rand().

4 EXPERIMENTAL RESULTS

This section compares the performance of the proposed one
with other state-of-art over-sampling methods including
SMOTE [27], B-SMOTE1 [36], B-SMOTE2 [36], ADASYN
[28], MWMOTE [32], INOS [31], AMDO [37] and GDO [26].
First for intuitive comparison, we visualize over-sampling
methods on 2D emulational datasets. Next for the fur-
ther comparison, we test over-sampling methods on real-
world benchmark datasets that collected from UCI machine
learning repository [38] and [39]. Finally, we discuss their
classification performance.

4.1 Visual comparison in R2

This section plots synthetic data of over-sampling methods
on 2D emulational datasets for visual comparison, respec-
tive named Ring, Linear, TwoBall in Fig. 7 and 8, S1 and
S2 (in the supplementary material). Black points denote
majority samples, red points denote minority samples and
blue crosses denote synthetic minority samples. Among

those datasets, Ring is added with several noises, Linear
is added with several overlapped points. For equal compar-
ison, Nmaj − Nmin synthetic data are generated for each
over-sampling method, where Nmaj is number of majority
class and Nmin is the numbers of minority class.

As seen in Fig. 7, MWMOTE and SCOS are robuster to
noises than other methods. Because MWMOTE only over-
sampling in clusters, but fails to two noises when they
distribute too close. As seen in Fig. 8, AMDO and SCOS is
robuster to overlapped points than other methods. Because
AMDO only selects minority samples that with enough
minority in their nearest neighbours but fail to generates
much synthetic samples in the boundary area.

4.2 Comparison on real-world datasets

For imbalance data classification, accuracy is not one appro-
priate performance measurement because of its bias towards
the majority class. Thus, recall, f-measure, g-mean and AUC
(area under curve) are used in this paper.

precision =
TP

TP + FP

recall =
TP

TP + FN

f −measure =
2× recall × precision
recall + precision

g −mean =

√
TP × TN

(TP + FN)× (TN + FP )

(24)

where TP, TN, FN and FP are the number of true positives,
true negatives, false negatives and false positives.

The basic information of real-world datasets is shown
in Table S1 that collected from UCI repository [38] and
[39]. We only care binary classifications so only two classes
included in each dataset. Before experience, those different
species of dataset are preprocessed by the standardized z-
scores. We select two base classifiers respectively as SVM
and neural network (NN, 10 hidden nodes), and use a
stratified 2-fold cross validation for 35 times, resulting in 70
runs for each dataset. Using the SVM as the classifier, Table
1 shows its average performance of g-mean over all datasets
when; average performances of precision, recall, f-measure
and auc are shown in Table S2-S5 (in the supplementary
materials). Using NN as the classifier, average performances
of precision, recall, f-measure, g-mean and auc are shown in
Table S6-S10.

As shown in Table 1, each table cell includes the mean
and standard deviation of 70 runs, and the rank of technique
in a bracket. Where the best rank in each row is highlighted
as bold. For example, we run SMOTE on Biomed diseased
(the second dataset) for 70 times that resulting in 70 g-mean
values, then record their mean and standard deviation as
0.8578 and 0.0312. This mean value is the 5-th best, thus
assign its rank as 5 in a bracket. Except selected over-
sampling methods, we also reserve the result on original
data for comparison, calling corresponding method as Ori
in which the classifier is directly trained on original imbal-
anced dataset.

For a rough comparison, as shown in Fig. 9, we count
the time for each method that achieves the best rank over
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Fig. 7: Synthetic data on Ring dataset. Adding it with several noises.
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Fig. 8: Synthetic data on Linear dataset. Adding it with several overlapped points.

all datasets. For example, in g-mean, SCOS achieves the best
rank over 21 datasets; its best-rank count is 21. Additionally,
as shown in Table 2 and 4, we compute the corresponding
mean ranks over all datasets. Where the best mean rank in a
row is highlighted as bold. Besides, we use the Friedman test
to judge whether the difference exists among all techniques;
and use the posthoc Bonferroni-Dunn test to judge whether
the difference exists between the proposed technique and
one of other technique when the the proposed one obtains
the best mean rank. Using the Friedman test, reject denotes
the difference exists among all method, accept denotes not.
Using the posthoc Bonferroni-Dunn test, the gap between
two mean ranks that larger than the critical value (CD=1.67),
denoting the difference exists between two methods. For
example on g-mean with SVM, using the Friedman test,
the actual value is 169.58 that larger than the table-lookup
value 15.51, thus the difference exists among all techniques;
using the posthoc Bonferroni-Dunn test, the mean rank of
proposed one is 1.85, the mean rank of SMOTE is 5.45, their
gap is 3.6 that larger than 1.67, thus the difference exists
between two methods and label one symbol † on the top
right of 5.45.

After the posthoc Bonferroni-Dunn test, there exists

some methods that their gaps is smaller than CD. Thus, as
show in Table 3 and 5, we use the Wilcoxon paired signed-
rank test to judge whether the difference exists between
the proposed technique and one of remained techniques.
p − value below 0.05 denotes the difference exists, and
highlight it as bold.

4.3 Performance analysis

From above results, over-sampling methods improve the
mean rank of recall but degrade the mean rank of precision
when compared to Ori. It is straightforward since more
samples are classified as the minority class both including
the minority and majority than Ori. Thus, the good recall
means many minority being truly classified and the bad
precision means some majority being wrongly classified.
Good f-measure, g-mean and auc mean a good balance
between truly classified minority and wrongly classified
majority.

From both mean ranks of SVM and NN classifiers, the
one proposed here, SCOS obtains the best mean rank on
recall since many synthetic samples are generated near to
the borderline between classes that more minority are truly
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TABLE 1: SVM: average g-mean

Dataset Ori SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS
Survival ¡5yr 0.1121±0.1561(9) 0.5147±0.0627(4) 0.5088±0.0635(6) 0.5337±0.0695(1) 0.5233±0.0641(3) 0.5022±0.0732(8) 0.5128±0.0654(5) 0.5029±0.0680(7) 0.5260±0.0573(2)

Biomed diseased 0.8300±0.0375(9) 0.8578±0.0312(5) 0.8627±0.0288(1) 0.8618±0.0340(2) 0.8556±0.0324(6) 0.8352±0.0403(8) 0.8526±0.0339(7) 0.8614±0.0362(3) 0.8598±0.0325(4)
Cancer wpbc ret 0.5169±0.0998(9) 0.6308±0.0702(5) 0.6367±0.0618(3) 0.6212±0.0629(6) 0.6315±0.0522(4) 0.5283±0.0886(8) 0.6515±0.0562(2) 0.6004±0.0766(7) 0.6520±0.0508(1)
Diabetes absent 0.6256±0.0362(9) 0.7004±0.0273(6) 0.7069±0.0272(2) 0.7072±0.0277(1) 0.6937±0.0333(7) 0.6880±0.0286(8) 0.7027±0.0272(5) 0.7027±0.0273(4) 0.7053±0.0278(3)

Hepatitis normal 0.6178±0.1184(9) 0.6719±0.0894(6) 0.6729±0.0855(5) 0.6707±0.0823(7) 0.6856±0.0782(4) 0.6185±0.1185(8) 0.7348±0.0692(1) 0.7106±0.0753(3) 0.7313±0.0613(2)
Housing MEDV¿35 0.6863±0.0708(9) 0.8298±0.0570(6) 0.8392±0.0551(5) 0.8110±0.0621(7) 0.8403±0.0536(4) 0.7193±0.0615(8) 0.8689±0.0314(1) 0.8543±0.0457(3) 0.8620±0.0410(2)

Spectf 0 0.6939±0.0492(9) 0.7497±0.0514(4) 0.7567±0.0420(2) 0.7519±0.0488(3) 0.7450±0.0442(5) 0.7226±0.0453(8) 0.7392±0.0402(6) 0.7389±0.0463(7) 0.7702±0.0360(1)
Iris setosa 0.9911±0.0101(6.5) 0.9911±0.0101(6.5) 0.9911±0.0101(6.5) 0.9911±0.0101(6.5) 0.9913±0.0101(4) 0.9934±0.0096(2) 0.9925±0.0098(3) 0.9903±0.0101(9) 1.0000±0.0000(1)
Vowel 3 0.6622±0.0781(9) 0.8153±0.0544(5) 0.8219±0.0554(3) 0.8135±0.0599(6) 0.8105±0.0526(7) 0.7812±0.0770(8) 0.8207±0.0504(4) 0.8223±0.0529(2) 0.8262±0.0485(1)
Vowel 8 0.0000±0.0000(9) 0.7828±0.0553(4) 0.7966±0.0496(2) 0.7620±0.0672(7) 0.7755±0.0522(6) 0.3220±0.2201(8) 0.7784±0.0478(5) 0.7936±0.0447(3) 0.8064±0.0423(1)

Waveform 0 0.7866±0.0270(9) 0.8382±0.0219(7) 0.8466±0.0217(4) 0.8408±0.0203(5) 0.8389±0.0217(6) 0.8331±0.0211(8) 0.8649±0.0137(2) 0.8519±0.0189(3) 0.8676±0.0128(1)
BreastTissue24 0.7458±0.0919(9) 0.8282±0.0607(7) 0.8368±0.0541(3) 0.8282±0.0546(6) 0.8315±0.0554(4) 0.8290±0.0543(5) 0.8370±0.0453(2) 0.8280±0.0521(8) 0.8442±0.0513(1)
BreastTissue3 0.0000±0.0000(9) 0.6242±0.1052(5) 0.6373±0.0903(2) 0.6137±0.1045(6) 0.5885±0.1416(7) 0.0066±0.0550(8) 0.6649±0.0803(1) 0.6254±0.0883(4) 0.6363±0.0823(3)

Ecoli2 0.7931±0.0447(9) 0.8413±0.0377(6) 0.8577±0.0370(3) 0.8408±0.0417(7) 0.8420±0.0370(5) 0.8274±0.0415(8) 0.8778±0.0303(1) 0.8679±0.0335(2) 0.8514±0.0364(4)
Ecoli3 0.7171±0.0691(9) 0.8585±0.0454(7) 0.8771±0.0384(2) 0.8587±0.0409(6) 0.8613±0.0416(5) 0.8427±0.0510(8) 0.8815±0.0393(1) 0.8738±0.0400(3) 0.8681±0.0421(4)
Glass5 0.4526±0.1947(8.5) 0.7620±0.1497(5) 0.7586±0.1514(6) 0.7574±0.1535(7) 0.8110±0.1339(4) 0.4526±0.1947(8.5) 0.8868±0.0620(1) 0.8516±0.1026(3) 0.8797±0.0899(2)
Glass7 0.8736±0.0746(9) 0.8921±0.0650(6) 0.8965±0.0632(4) 0.8832±0.0665(7) 0.8977±0.0604(3) 0.8799±0.0662(8) 0.9178±0.0383(1) 0.8961±0.0653(5) 0.9160±0.0442(2)

ImageSegmentation7 0.9947±0.0021(7.5) 0.9955±0.0024(5) 0.9958±0.0026(4) 0.9947±0.0021(7.5) 0.9965±0.0023(2) 0.9955±0.0023(6) 0.9962±0.0026(3) 0.9796±0.0158(9) 0.9969±0.0025(1)
ImageSegmentation5 0.6704±0.0221(9) 0.8707±0.0164(5) 0.8907±0.0100(2) 0.8590±0.0162(7) 0.8671±0.0163(6) 0.6941±0.2721(8) 0.8727±0.0129(4) 0.8948±0.0092(1) 0.8812±0.0134(3)
LibrasMovement11 0.3422±0.1884(9) 0.6670±0.1251(5) 0.6657±0.1269(6) 0.6611±0.1241(7) 0.6734±0.1385(4) 0.3491±0.1959(8) 0.8378±0.0890(1) 0.6895±0.1330(3) 0.7486±0.1277(2)
LibrasMovement15 0.6378±0.0958(9) 0.7785±0.0980(5) 0.7995±0.0838(1) 0.7820±0.0982(4) 0.7134±0.0983(7) 0.6588±0.0927(8) 0.7677±0.0907(6) 0.7930±0.0920(2) 0.7898±0.0923(3)

Pageblocks35 0.4748±0.0717(9) 0.8976±0.0288(3) 0.9086±0.0232(2) 0.8930±0.0280(4) 0.8750±0.0266(6) 0.8286±0.0447(7) 0.7643±0.0704(8) 0.9211±0.0157(1) 0.8832±0.0266(5)
StatlogVehicleSilhouettes3 0.9076±0.0154(9) 0.9377±0.0133(4) 0.9349±0.0168(7) 0.9363±0.0112(6) 0.9383±0.0111(3) 0.9366±0.0110(5) 0.9542±0.0110(1) 0.9314±0.0173(8) 0.9434±0.0125(2)
StatlogVehicleSilhouettes2 0.5244±0.0574(9) 0.7603±0.0262(3) 0.7682±0.0250(1) 0.7572±0.0277(5) 0.7497±0.0234(6) 0.6957±0.0299(8) 0.7641±0.0187(2) 0.7433±0.0248(7) 0.7589±0.0217(4)

WallFollowingRobotNavigation4 0.4709±0.0544(9) 0.8902±0.0130(4) 0.8630±0.0236(7) 0.8892±0.0147(6) 0.8921±0.0123(3) 0.8895±0.0137(5) 0.9079±0.0082(1) 0.8430±0.0174(8) 0.9057±0.0099(2)
Yeast789 0.3086±0.0822(9) 0.7076±0.0380(3) 0.6970±0.0375(5) 0.7017±0.0375(4) 0.6928±0.0440(6) 0.6070±0.0856(8) 0.6843±0.1250(7) 0.7083±0.0425(2) 0.7117±0.0362(1)
Yeast56 0.6096±0.0664(9) 0.8848±0.0258(5) 0.8827±0.0235(6) 0.8802±0.0301(7) 0.8853±0.0265(4) 0.8334±0.0341(8) 0.9038±0.0164(1) 0.8886±0.0197(3) 0.8890±0.0217(2)

DMEAntiVirus 0.9534±0.0280(6.5) 0.9534±0.0280(6.5) 0.9534±0.0280(6.5) 0.9534±0.0280(6.5) 0.9534±0.0276(4) 0.8839±0.2484(9) 0.9563±0.0285(2) 0.9555±0.0272(3) 0.9861±0.0082(1)
ParkinsonsDC 0.6837±0.0424(6.5) 0.6837±0.0424(6.5) 0.6837±0.0424(6.5) 0.6837±0.0424(6.5) 0.6812±0.0393(9) 0.6838±0.0420(4) 0.6993±0.0312(2) 0.6911±0.0419(3) 0.7414±0.0292(1)

GLRCWL1 0.6276±0.1187(6) 0.6276±0.1187(6) 0.6276±0.1187(6) 0.6276±0.1187(6) 0.6257±0.1173(9) 0.6276±0.1187(6) 0.6604±0.1182(2) 0.6280±0.1184(3) 0.7421±0.0954(1)
GLRCWL2 0.3062±0.2366(7) 0.3062±0.2366(7) 0.3062±0.2366(7) 0.3062±0.2366(7) 0.3114±0.2334(3) 0.3062±0.2366(7) 0.4713±0.2186(2) 0.3088±0.2332(4) 0.5790±0.1397(1)
GLRCNBI1 0.6408±0.1414(6) 0.6408±0.1414(6) 0.6408±0.1414(6) 0.6408±0.1414(6) 0.6389±0.1582(9) 0.6408±0.1414(6) 0.7000±0.1300(2) 0.6448±0.1458(3) 0.7535±0.1039(1)
GLRCNBI2 0.3327±0.2235(7) 0.3327±0.2235(7) 0.3327±0.2235(7) 0.3327±0.2235(7) 0.3351±0.2272(4) 0.3327±0.2235(7) 0.5043±0.1418(2) 0.3390±0.2206(3) 0.5708±0.1120(1)

Colon 1 0.5868±0.1884(6) 0.5868±0.1884(6) 0.5868±0.1884(6) 0.5868±0.1884(6) 0.5892±0.1868(3) 0.5868±0.1884(6) 0.6574±0.1546(2) 0.5850±0.1873(9) 0.7760±0.1007(1)
Leukemia 1 0.7587±0.0886(6) 0.7587±0.0886(6) 0.7587±0.0886(6) 0.7587±0.0886(6) 0.7562±0.0898(9) 0.7587±0.0886(6) 0.8935±0.0869(2) 0.7601±0.0900(3) 0.9538±0.0361(1)

Metas 1 0.2743±0.1334(7) 0.2743±0.1334(7) 0.2743±0.1334(7) 0.2743±0.1334(7) 0.2751±0.1337(3) 0.2743±0.1334(7) 0.3529±0.1236(2) 0.2751±0.1335(4) 0.4975±0.0810(1)
DrivFace1 0.7484±0.0885(6) 0.7484±0.0885(6) 0.7484±0.0885(6) 0.7484±0.0885(6) 0.7231±0.0989(9) 0.7484±0.0885(6) 0.8960±0.0543(2) 0.7521±0.0878(3) 0.9258±0.0520(1)
DrivFace3 0.7214±0.0820(6) 0.7214±0.0820(6) 0.7214±0.0820(6) 0.7214±0.0820(6) 0.7063±0.0824(9) 0.7214±0.0820(6) 0.8919±0.0641(2) 0.7237±0.0830(3) 0.9163±0.0543(1)

ARBT6 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.2227±0.3407(1) 0.0000±0.0000(6) 0.0292±0.1059(2)
ARBT5 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.4306±0.0947(1)

A stratified k-fold cross validation (k=2 in experience) is used for 35 times that 70 (2 × 35) runs are conducted. Thus for each table cell, the
mean and standard deviation of corresponding performance on 70 runs are first recorded and then its rank among all methods is followed in
one bracket. The best rank for each row is highlighted as bold.
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Fig. 9: Best-rank counts of different method over all real-
world datasets.

TABLE 2: SVM: Mean ranks on all datasets

Measurement Friedman test Ori SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS
precision 87.85(reject) 2.94 4.21 5.91 4.46 4.72 3.51 7.00 6.25 5.99

recall 175.80(reject) 7.99† 5.66† 4.41† 5.80† 5.44† 7.00† 2.49 4.16† 2.05
f-measure 87.22(reject) 7.55† 4.88† 5.22† 5.04† 4.66† 5.75† 4.21† 5.36† 2.33

g-mean 169.58(reject) 8.00† 5.45† 4.55† 5.74† 5.34† 7.00† 2.76 4.31† 1.85
auc 84.39(reject) 7.28† 4.30† 4.63† 4.81† 4.89† 6.69† 5.04† 4.75† 2.63

the Friedman Test: F=15.51, (n=9-1,alpha=0.05)
the Bonferroni-Dunn test: critical values=1.67, (k=9,alpha=0.05)

The best mean rank is highlighted as bold.
reject Using the Friedman Test with F=15.51 under (n=9-1,alpha=0.05) as one of the statistic test. If the actual value is larger than

15.51, reject the original hypothesis that significant difference exists among those methods.
† Using the Bonferroni-Dunn test with critical values=1.67 under (k=9, alpha=0.05) as one of the statistic test. If the gap of mean

rank between two methods is larger than 1.67, reject the original hypothesis that significant difference exists between two
methods and marked with †. There, we only consider the measurement in which the proposed method is of the best mean
rank , and compare it with any one of other methods.

classified than other methods. Meanwhile, SCOS obtains
the worse mean rank on precision than all other methods
except SWIM that more majority are wrongly classified.
In SWIM algorithm, although many synthetic samples are
generated nearer to the borderline when the seed one is

TABLE 3: SVM: Wilcoxon signed rank test (alpha=0.05)

recall g-mean
Ours vs. p-V Ours vs. p-V
SWIM 0.4853 SWIM 0.0091

p-value under 0.05 is highlighted as bold which
means the proposed one outperforms the com-
pared one when using the Wilcoxon rank test
(alpha=0.05)).

TABLE 4: NN: Mean ranks on all datasets

Measurement Friedman test Ori SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS
precision 92.54(reject) 3.31 4.10 4.69 4.05 4.76 4.14 8.19† 5.72 6.04

recall 208.40(reject) 8.76† 4.47† 4.09† 5.76† 5.63† 7.72† 2.69 3.76 2.11
f-measure 112.85(reject) 7.49† 3.08 3.65 3.56 4.30 5.97† 7.17† 5.63 4.15

g-mean 160.54(reject) 8.51† 3.50 3.98† 4.59† 4.35† 7.17† 5.92† 4.83† 2.15
auc 113.88(reject) 7.40† 3.81 3.49 4.74 3.84 6.74† 6.96† 4.81 3.21

the Friedman Test: F=15.51, (n=9-1,alpha=0.05)
the Bonferroni-Dunn test: critical values=1.67, (k=9,alpha=0.05)

The best mean rank is highlighted as bold.
reject Using the Friedman Test with F=15.51 under (n=9-1,alpha=0.05) as one of the statistic test. If the actual value is larger than

15.51, reject the original hypothesis that significant difference exists among those methods.
† Using the Bonferroni-Dunn test with critical values=1.67 under (k=9, alpha=0.05) as one of the statistic test. If the gap of mean

rank between two methods is larger than 1.67, reject the original hypothesis that significant difference exists between two
methods and marked with †. There, we only consider the measurement in which the proposed method is of the best mean
rank , and compare it with any one of other methods.

TABLE 5: NN: Wilcoxon signed rank test (alpha=0.05)

recall g-mean auc
Ours vs. p-V Ours vs. p-V Ours vs. p-V
SWIM 0.5923 SMOTE 0.0026 SMOTE 0.7588
GDO 0.0045 ADASYN 0.5578

MWMOTE 0.1248
INOS 0.1428
GDO 0.5119

p-value under 0.05 is highlighted as bold which means the proposed
one outperforms the compared one when using the Wilcoxon rank test
(alpha=0.05)).

near to the borderline since using the same Mahalanobis
distance from the majority class. Such a use may generate
some overlapped synthetic samples when the Mahalanobis
distance does not meet the true distribution of borderline of
majority class.

For other over-sampling methods, on the one hand,
SMOTE, MWMOTE, INOS and AMDO obtain better mean
rank of precision than recall. In those four over-sampling
methods, AMDO performs worst on the mean rank of recall.
Because AMDO only picks the minority with enough minor-
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ity as its nearest neighbours that ignoring many minority
nearer to the borderline, that resulting in less synthetic sam-
ples nearer to the borderline. On the other hand, ADASYN
and GDO obtain better mean rank of recall than precision.
In those two over-sampling methods, GDO performs better
on the mean rank of recall. Because, GDO uses a Gaussian
distribution model for each seed minority that many syn-
thetic samples are generated nearer to the borderline than
ADASYN in which only line segment is used to generate
synthetic samples.

In generally, SCOS obtains the best mean ranks of g-
mean and auc on both classifiers, and the best mean rank
of f-measure on SVM. Which means its good balance be-
tween truly classified minority and wrongly classified ma-
jority; and better classification performance than other over-
sampling methods on SVM.

5 DISCUSSION

5.1 Parameter settings
1) δ = −0.7660: it is one threshold , ranged in [-1,1], to
be set for the judgement of direct-interlinked relationship
between two samples. For example, given two minority xi

and xj , if their minimum value of inner product satisfying
M(xi,xj) ≥ δ, they are direct-interlinked.

For one seed minority point, if no one point is direct-
interlinked to it, SCOS considers it as the noise. As seen in
Fig. S3, different settings of δ product different noise clean-
ing results. Obviously, smaller δ caused weak robustness to
noises; and larger δ earns strong robustness to noises, but
wrongly detecting some overlapped or borderline points as
noises at the same time. As seen in Fig. S4, different g-mean
and auc results are plotted with varying δ on several picked
datasets. In experience, we set δ = −0.7660. This is straight-
forward since it makes the judgement of direct-interlinked
relationship more adaptive for different densities of majority
distribution.

2) k = 7: It means k-nearest neighbours of majority
points for the seed minority one. We use k to compute a
referred direction from the center of those neighbours to the
seed one. This referred direction is intended to start from
the majority area and pointed to the minority area. In other
words, we expect the center locating deeper in the majority
area than the seed minority one.

As seen in Fig. S5, different settings of k product differ-
ent robustness to the overlapped point. Small k like k = 1
or k = 2 makes the corresponding center near to seed over-
lapped one, so bringing much uncertainty of referred vector.
And large k makes the the corresponding center deeper
in the majority area, giving one referred vector pointed to
the minority area. Except overlapped points, other normal
minority points does not highly depend on this parameter
k. For example, k = 1 can just product one referred vector
with the good verticality to the borderline. As seen in Fig.
S6, different g-mean and auc results are plotted with varying
k on several picked datasets. To considering overlapped
points, in experience, we set k = 7.

3) ρ = 0.5: This parameter, ranged in [-1,1], controls
the size of cone angle of searchlight structure. As seen
in Fig. 2, when ρ = −1, the searchlight structure is one
Euclidean ball; when ρ = 0, is one half Euclidean ball; when

ρ = 1, it is a line segment. As seen in Fig. S7, different g-
mean and auc results are plotted with varying ρ on several
picked datasets. Obviously, ρ values larger than 0.8 product
decrease performance on g-mean and auc. In experience, we
set ρ = 0.5.

5.2 Robustness to complex distributions
Although minority samples may distribute over multi areas,
calling this scene as disjuncts, their searchlight structures
just follow them into corresponding areas. Because we use
direct-interlinked minority samples to compute the vertex
of searchlight structure, which always makes this structure
located in the same area as the seed minority sample. Thus,
SCOS is naturally robust to disjuncts.

In the discussion of parameter k, SCOS is robust to the
overlapped minority sample when the center of its k nearest
majority locates in the deeper majority area that making
the direction pointed to the minority area. In many cases,
for the seed minority one, its k nearest majority just locates
deeper, producing one deeper center into the majority area;
thus robust to many overlapped minority samples.

Noises are generally surrounded by majority samples.
Thus, their line segments to any one of other minority must
go through the majority area, so no minority sample is
direct-interlinked to them. Thus, SCOS is robust to most
noises, especially for the scene that the majority area is fully
filled with points.

5.3 Drawbacks
First, the fixed threshold ρ may fail to give an accurate rela-
tionship when the density of majority area is sparse. Because
the judgement of relationship is based on the hypothesis
that majority area is filled with enough points. Second, for
the overlapped minority, SCOS may give one inappropriate
direction that pointed to the majority area when the center
of its nearest majority does not locate deeper in the majority
area. In other words, many of its nearest majority samples
do not locate deeper in the majority area than the seed
overlapped one.

5.4 Computation efficiency
We run all experience on Matlab 2017b, Windows 10, 64
bits, Core i9 CPU, RAM 32.0 GB. Table 6 shows the time
consuming of different over-sampling methods. For SCOS,
cost time of five datasets exceed 10 seconds respectively as
ParkinsonsDC (dimension: 754, minority and majority num-
ber: 192 and 564) with 17.03 seconds, DrivFace1 (dimension:
6399, minority and majority number: 27 and 579) with 18.87
seconds, DrivFace3 (dimension: 6399, minority and majority
number: 33 and 573) with 19.69 seconds, ARBT6 (dimension:
8265, minority and majority number: 12 and 578) with 21.31
seconds, ARBT5 (dimension: 8265, minority and majority
number: 31 and 559) with 24.54 seconds. Obviously, as the
dimension and the number of minority samples increase,
SCOS cost more time. Because for high dimensions, it is
time-consuming to generate one condition-satisfied unit
vector in Eq. 22. For other methods, AMDO and SWIM cost
more than 10 seconds on some high dimension datasets.
Especially, INOS and GDO cost more than 100 seconds on
some high dimension datasets.



MANUSCRIPT SUBMITTED TO IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, APRIL, 2021 11

TABLE 6: Comparison of computation time (second) of
different methods for real-world data sets

Dataset SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS
Survival ¡5yr 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.02

Biomed diseased 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01
Cancer wpbc ret 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.03
Diabetes absent 0.00 0.00 0.01 0.02 0.00 0.00 0.01 0.23

Hepatitis normal 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.01
Housing MEDV¿35 0.00 0.00 0.00 0.02 0.00 0.00 0.01 0.04

Spectf 0 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.11
Iris virginica 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01

Vowel 8 0.00 0.00 0.00 0.03 0.00 0.00 0.01 0.03
Vowel 5 0.00 0.00 0.00 0.02 0.00 0.00 0.01 0.03

Waveform 1 0.00 0.00 0.01 0.03 0.00 0.00 0.01 0.94
BreastTissue3 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00
BreastTissue25 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01

Ecoli5 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.01
Ecoli3 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.02
Glass7 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.01
Glass2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.02

ImageSegmentation1 0.00 0.01 0.01 0.18 0.01 0.00 0.03 3.67
ImageSegmentation7 0.00 0.01 0.01 0.27 0.01 0.00 0.03 3.67
LibrasMovement11 0.00 0.00 0.00 0.15 0.00 0.00 0.01 0.08
LibrasMovement8 0.00 0.00 0.00 0.12 0.00 0.00 0.01 0.08

Pageblocks35 0.01 0.07 0.12 18.30 0.10 0.00 0.09 1.17
StatlogVehicleSilhouettes1 0.01 0.02 0.04 1.41 0.02 0.00 0.01 0.52
StatlogVehicleSilhouettes2 0.01 0.02 0.04 1.23 0.02 0.00 0.01 0.55

Wine2 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.03
Yeast679 0.01 0.01 0.02 2.82 0.02 0.00 0.02 0.18
Yeast567 0.01 0.02 0.03 2.35 0.02 0.00 0.02 0.25

DMEAntiVirus 0.03 0.07 0.11 1.29 0.05 0.03 0.27 1.34
ParkinsonsDC 0.02 0.16 0.26 3.98 0.07 0.03 0.88 17.03

GLRCWL1 0.02 0.01 0.06 0.31 0.01 0.02 0.07 0.14
GLRCWL2 0.02 0.03 0.06 0.44 0.01 0.02 0.09 0.14
GLRCNBI1 0.02 0.01 0.06 0.32 0.01 0.02 0.07 0.14
GLRCNBI2 0.02 0.03 0.06 0.44 0.01 0.03 0.09 0.14

Colon 1 0.01 0.03 0.07 0.82 0.21 0.21 0.27 0.20
Leukemia 1 0.02 0.06 0.11 5.11 2.80 2.42 1.46 0.46

Metas 1 0.02 0.19 0.13 16.66 2.44 7.99 7.37 2.88
DrivFace1 0.10 0.09 0.18 138.43 22.39 17.69 141.89 18.87
DrivFace3 0.08 0.14 0.21 174.23 23.35 17.67 138.77 19.69

ARBT6 0.24 0.06 0.03 394.77 0.03 17.49 308.92 21.31
ARBT5 0.03 0.07 0.03 380.54 0.04 17.40 288.37 24.54

6 CONCLUSION

In this paper, we present one novel over-sampling method
(SCOS) to address the class imbalance problem with com-
plex distributions, like disjuncts, class overlapping and
noises. Inspired by the scene of objective area scanning in
real life, we use a series of searchlight structures to scan the
minority area and fill them with synthetic samples, where
the searchlight structure is modelled with four components
including one base unit vector, one vertex, one radius and
one restricted scalar value of inner product. To compute the
searchlight structure, SCOS tactfully treats the majority area
as the barrier of buildings; and makes the light cone first
launched from the minority area, then through the nearby
area of seed minority and last stopped by the majority area.
Moreover, to cover more boundary area, SCOS products
a nearly vertical illumination on the surface of borderline
majority samples. Additionally, this study gives one new
finding that a pair of samples in the same class tends to
distribute over a continuing area when their line segment
does not go through the area of other classes, providing a
new view on the judgement of relationship between two
same-class points.

Visualization results on emulational datasets show the
satisfied capability of SCOS to complex distributions. Clas-
sification results on real-world datasets show the superior
learning performance of proposed method when compared
with selected stat-of-the-art over-sampling methods. In the
future, some works will be attached to the better robustness
when meeting different densities of majority area, and dif-
ferent distributions of class overlapping.
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Supplementary Materials: Searchlight-scanned Over-sampling for Class Imbalance Problem

I. SCOS ALGORITHM

Algorithm S1 SCOS
Input: Training set Smaj and Smin with size N1 and N2.
Output: Synthetic samples Snew

/* Step 1: compute the relationship between pairs of minority samples */
for i=1 to N2 do

for j=i+1 to N2 do
for k=1 to N1 do

Compute D(xi,xj , zk);
end for
Compute M(xi,xj);
I(xi,xj) = 0;
if M(xi,xj) ≥ δ then
I(xi,xj) = 1;

end if
end for

end for
/* Step 2: Compute the searchlight structure for each minority sample */
for x ∈ Smin do

Compute k nearest majority neighbours from Smaj ;
Compute the center z̄ of k nearest majority neighbours;
Obtain the vertical vector a = x− z̄;
Obtain direct interlinked minority samples (I(x, xt) = 1) of x;
Compute corresponding projections on a;
Compute the mean of positive projections;
Compute the vertex v;
Find scanned majority samples;
Find the nearest one from scanned majority samples;
Compute the radius r;
if no one direct interlinked minority || a == 0 || r ≤ 0 || no scanned majority sample existed then

Considering x as the noise one or the improper one for data generation;
else

Recording the searchlight structure with v, r and ρ;
end if

end for
/* Step 3: generate synthetic samples */
for i=1 to N1 −N2 do

Randomly select one recorded searchlight structure with v, r and θ;
Randomly generate a scalar number ξ in [0,1];
Randomly generate an unit vector

−→
d that falling in the searchlight structure;

Generate one new synthetic samples new = v + (ξ × r)×
−→
d ;

Add the new synthetic samples to Snew ;
end for
return Snew

II. VISUAL COMPARISON WITH ANOTHER TWO DATASETS IN R2

-2 0 2
Curve dataset

-1

0

1

(a) Original data

majority

minority

new minority

(b) SMOTE (c) ADASYN (d) MWMOTE (e) INOS

(f) AMDO (g) SWIM (h) GDO (i) SCOS

Fig. S1: Synthetic data on Curve dataset..
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Fig. S2: Synthetic data on TwoBall dataset..

III. PARAMETER SETTING OF δ, k AND ρ
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majority
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minority with no direct interlinked

minority with negetive radius

Fig. S3: SCOS: synthetic data on varying δ.
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Fig. S4: g-mean and auc with varying δ.
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Fig. S5: Different referred vectors on varying k.
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SUPPLEMENTARY MATERIALS 4

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
0.4

0.5

0.6

0.7

0.8

0.9

1

g
-m

e
a

n

Biomed diseased

Cancer wpbc ret

Spectf 0

Vowel 3

Waveform 0

Yeast789

ParkinsonsDC

GLRCWL2

Colon 1

Leukemia 1

DrivFace1

g-mean and auc with varying  on SVM

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

a
u

c

Biomed diseased

Cancer wpbc ret

Spectf 0

Vowel 3

Waveform 0

Yeast789

ParkinsonsDC

GLRCWL2

Colon 1

Leukemia 1

DrivFace1

Fig. S7: g-mean and auc with varying ρ.

IV. BASIC PROPERTIES OF REAL-WORLD DATASETS

TABLE S1: Basic properties of real-world datasets

dataset dimension minority, majority class number ratio

Survival ¡5yr 3 - 81:225 2.8

Biomed diseased 5 - 67:127 1.9

Cancer wpbc ret 33 - 47:151 3.2

Diabetes absent 8 - 268:500 1.9

Hepatitis normal 19 - 32:123 3.8

Housing MEDV¿35 13 - 48:458 9.5

Spectf 0 44 - 95:254 2.7

Iris setosa 4 - 50:100 2.0

Vowel 3 10 - 48:480 10.0

Vowel 8 10 - 48:480 10.0

Waveform 0 21 - 300:600 2.0

BreastTissue24 8 2,4;rest 31:75 2.4

BreastTissue3 8 3;rest 18:88 4.9

Ecoli2 7 im;rest 77:259 3.4

Ecoli3 7 pp;rest 52:284 5.5

Glass5 9 5;rest 13:201 15.5

Glass7 9 7;rest 29:185 6.4

ImageSegmentation7 19 7;rest 330:1980 6.0

ImageSegmentation5 19 5;rest 330:1980 6.0

LibrasMovement11 90 11;rest 24:336 14.0

LibrasMovement15 90 15;rest 24:336 14.0

Pageblocks35 10 3,5;rest 143:5330 37.3

StatlogVehicleSilhouettes3 18 3;rest 218:628 2.9

StatlogVehicleSilhouettes2 18 2;rest 217:629 2.9

WallFollowingRobotNavigation4 24 4;rest 328:5128 15.6

Yeast789 8 7,8,9;rest 85:1399 16.5

Yeast56 8 5,6;rest 95:1389 14.6

DMEAntiVirus 531 - 72:302 4.1944

ParkinsonsDC 754 - 192:564 2.9375

GLRCWL1 698 hyperplasic;rest 21:55 2.619

GLRCWL2 698 serrated;rest 15:61 4.0667

GLRCNBI1 698 hyperplasic;rest 21:55 2.619

GLRCNBI2 698 serrated;rest 15:61 4.0667

Colon 1 1908 - 22:40 1.8

Leukemia 1 3571 - 25:47 1.9

Metas 1 4919 - 46:99 2.2

DrivFace1 6399 1;rest 27:579 21.4444

DrivFace3 6399 3;rest 33:573 17.3636

ARBT6 8265 BookOfEcclesiastes;rest 12:578 48.1667

ARBT5 8265 BookOfProverb;rest 31:559 18.0323
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V. CLASSIFICATION PERFORMANCE OF SUPPORT VECTOR MACHINE (SVM)

TABLE S2: SVM: average precision
Dataset Ori SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS

Survival ¡5yr 0.1677±0.2374(9) 0.5301±0.0905(5) 0.5199±0.0955(7) 0.4968±0.1010(8) 0.5461±0.0819(4) 0.5471±0.0782(3) 0.5493±0.0874(1) 0.5266±0.0935(6) 0.5472±0.0793(2)
Biomed diseased 0.9781±0.0361(1) 0.9328±0.0610(3) 0.8797±0.0592(8) 0.9166±0.0687(7) 0.9200±0.0656(5) 0.9391±0.0577(2) 0.9238±0.0579(4) 0.8793±0.0656(9) 0.9175±0.0557(6)
Cancer wpbc ret 0.5698±0.1169(1) 0.4770±0.0864(4) 0.4697±0.0808(6) 0.4780±0.0753(3) 0.4741±0.0734(5) 0.5542±0.1055(2) 0.4440±0.0635(8) 0.4565±0.0921(7) 0.4426±0.0743(9)
Diabetes absent 0.7860±0.0411(1) 0.7059±0.0401(4) 0.6952±0.0439(8) 0.6922±0.0412(9) 0.7108±0.0484(3) 0.7238±0.0460(2) 0.7038±0.0462(5) 0.6966±0.0463(7) 0.7010±0.0408(6)
Hepatitis normal 0.5874±0.1371(1.5) 0.5471±0.1293(4) 0.5235±0.1121(8) 0.5438±0.1087(5) 0.5494±0.1034(3) 0.5874±0.1371(1.5) 0.5278±0.0809(7) 0.5371±0.0890(6) 0.5128±0.0745(9)

Housing MEDV¿35 0.8742±0.1099(1) 0.5948±0.0676(5) 0.5794±0.0708(6) 0.6464±0.0994(3) 0.6254±0.0803(4) 0.8426±0.1146(2) 0.4810±0.0542(9) 0.5298±0.0654(7) 0.5225±0.0597(8)
Spectf 0 0.6686±0.0699(1) 0.6361±0.0651(3) 0.6338±0.0571(4) 0.6365±0.0654(2) 0.6241±0.0550(6) 0.6302±0.0556(5) 0.5284±0.0499(9) 0.6140±0.0651(7) 0.5965±0.0523(8)

Iris setosa 1.0000±0.0000(4.5) 1.0000±0.0000(4.5) 1.0000±0.0000(4.5) 1.0000±0.0000(4.5) 1.0000±0.0000(4.5) 1.0000±0.0000(4.5) 1.0000±0.0000(4.5) 0.9995±0.0046(9) 1.0000±0.0000(4.5)
Vowel 3 0.9112±0.0929(1) 0.5543±0.1337(3) 0.4152±0.0785(8) 0.4861±0.1622(5) 0.5392±0.1083(4) 0.8301±0.1143(2) 0.4183±0.0867(7) 0.3928±0.0900(9) 0.4299±0.0836(6)
Vowel 8 0.0000±0.0000(9) 0.3315±0.0515(1) 0.3271±0.0464(2) 0.3196±0.0523(4) 0.3161±0.0442(5) 0.2477±0.1747(8) 0.2891±0.0362(7) 0.3159±0.0471(6) 0.3217±0.0424(3)

Waveform 0 0.8005±0.0286(1) 0.7763±0.0225(4) 0.7689±0.0269(6) 0.7798±0.0263(3) 0.7754±0.0253(5) 0.7810±0.0273(2) 0.7280±0.0229(9) 0.7568±0.0250(7) 0.7475±0.0242(8)
BreastTissue24 0.7285±0.0961(1) 0.6933±0.0867(2) 0.6876±0.0903(7) 0.6922±0.0909(3) 0.6902±0.0911(4) 0.6883±0.0886(5) 0.6282±0.0822(9) 0.6839±0.0819(8) 0.6878±0.0874(6)
BreastTissue3 0.0000±0.0000(9) 0.2577±0.0628(6) 0.2646±0.0531(3) 0.2581±0.0609(5) 0.2412±0.0757(7) 0.0023±0.0189(8) 0.2776±0.0504(1) 0.2610±0.0525(4) 0.2651±0.0496(2)

Ecoli2 0.8727±0.0484(1) 0.7185±0.0629(4) 0.6805±0.0464(7) 0.7106±0.0647(5) 0.7192±0.0654(3) 0.7731±0.0639(2) 0.6606±0.0394(9) 0.6649±0.0402(8) 0.6913±0.0542(6)
Ecoli3 0.8154±0.0791(1) 0.6573±0.0491(3) 0.6042±0.0554(9) 0.6550±0.0493(6) 0.6553±0.0542(5) 0.6792±0.0621(2) 0.6284±0.0499(7) 0.6087±0.0552(8) 0.6561±0.0509(4)
Glass5 0.5095±0.2994(1.5) 0.4985±0.1399(3) 0.4940±0.1402(5) 0.4957±0.1421(4) 0.4743±0.1260(6) 0.5095±0.2994(1.5) 0.3362±0.0741(9) 0.4655±0.1004(7) 0.4401±0.1083(8)
Glass7 0.8630±0.0713(1) 0.8419±0.0681(4) 0.8238±0.0608(6) 0.8554±0.0707(2) 0.8262±0.0733(5) 0.8550±0.0725(3) 0.7749±0.0860(9) 0.7771±0.0944(8) 0.7882±0.0832(7)

ImageSegmentation7 1.0000±0.0000(2) 1.0000±0.0000(2) 0.9977±0.0068(8) 1.0000±0.0000(2) 0.9992±0.0029(5) 0.9998±0.0014(4) 0.9987±0.0031(6) 0.9323±0.0486(9) 0.9978±0.0041(7)
ImageSegmentation5 0.8770±0.0298(1) 0.4996±0.0248(5) 0.4803±0.0108(7) 0.5270±0.0263(3) 0.5028±0.0281(4) 0.5835±0.2065(2) 0.4602±0.0162(9) 0.4788±0.0115(8) 0.4990±0.0213(6)
LibrasMovement11 0.4137±0.2948(1) 0.3477±0.0949(4) 0.3461±0.0959(5) 0.3509±0.0944(3) 0.3396±0.0963(6) 0.3927±0.2886(2) 0.2804±0.0536(9) 0.3336±0.0844(8) 0.3390±0.0796(7)
LibrasMovement15 0.8567±0.1725(1) 0.3895±0.1111(6) 0.3805±0.1126(8) 0.3888±0.1158(7) 0.4640±0.1559(3) 0.8413±0.1655(2) 0.2979±0.0747(9) 0.4206±0.1242(4) 0.4028±0.0963(5)

Pageblocks35 0.8022±0.0850(1) 0.4168±0.0485(6) 0.3475±0.0451(9) 0.4343±0.0547(5) 0.4609±0.0525(4) 0.5849±0.0734(2) 0.4055±0.0632(7) 0.3508±0.0423(8) 0.4803±0.0545(3)
StatlogVehicleSilhouettes3 0.9531±0.0190(1) 0.9358±0.0209(2) 0.9312±0.0239(5) 0.9348±0.0206(3) 0.9284±0.0240(6) 0.9319±0.0225(4) 0.8906±0.0334(8) 0.8923±0.0367(7) 0.8883±0.0305(9)
StatlogVehicleSilhouettes2 0.7870±0.0761(1) 0.5820±0.0280(4) 0.5762±0.0274(6) 0.5810±0.0253(5) 0.5834±0.0309(3) 0.5998±0.0394(2) 0.5715±0.0246(8) 0.5750±0.0310(7) 0.5714±0.0262(9)

WallFollowingRobotNavigation4 0.7465±0.0555(1) 0.3961±0.0145(4) 0.3619±0.0231(7) 0.4125±0.0143(3) 0.3895±0.0166(5) 0.4174±0.0127(2) 0.3137±0.0121(9) 0.3524±0.0248(8) 0.3801±0.0131(6)
Yeast789 0.7661±0.2208(1) 0.2562±0.0389(7) 0.1737±0.0358(9) 0.2701±0.0451(5) 0.2984±0.0471(3) 0.4287±0.0904(2) 0.2623±0.0787(6) 0.2251±0.0412(8) 0.2749±0.0315(4)
Yeast56 0.8424±0.0886(1) 0.5591±0.0410(5) 0.4885±0.0534(7) 0.5970±0.0375(3) 0.5766±0.0373(4) 0.6813±0.0564(2) 0.4394±0.0340(9) 0.4731±0.0459(8) 0.5286±0.0392(6)

DMEAntiVirus 0.9711±0.0171(6.5) 0.9711±0.0171(6.5) 0.9711±0.0171(6.5) 0.9711±0.0171(6.5) 0.9711±0.0171(4) 0.9025±0.2526(9) 0.9712±0.0171(3) 0.9712±0.0170(2) 0.9726±0.0165(1)
ParkinsonsDC 0.7274±0.0539(3.5) 0.7274±0.0539(3.5) 0.7274±0.0539(3.5) 0.7274±0.0539(3.5) 0.7163±0.0517(7) 0.7278±0.0541(1) 0.4383±0.0407(9) 0.7260±0.0546(6) 0.5863±0.0387(8)

GLRCWL1 0.7064±0.1348(5) 0.7064±0.1348(5) 0.7064±0.1348(5) 0.7064±0.1348(5) 0.7164±0.1341(1) 0.7064±0.1348(5) 0.6373±0.1490(8) 0.7074±0.1351(2) 0.6144±0.0973(9)
GLRCWL2 0.3447±0.3135(6) 0.3447±0.3135(6) 0.3447±0.3135(6) 0.3447±0.3135(6) 0.3594±0.3209(2) 0.3447±0.3135(6) 0.3269±0.1726(9) 0.3457±0.3094(3) 0.3640±0.1079(1)
GLRCNBI1 0.7903±0.1618(4) 0.7903±0.1618(4) 0.7903±0.1618(4) 0.7903±0.1618(4) 0.7899±0.1866(7) 0.7903±0.1618(4) 0.6630±0.1636(9) 0.7916±0.1671(1) 0.6862±0.1430(8)
GLRCNBI2 0.3212±0.2468(4) 0.3212±0.2468(4) 0.3212±0.2468(4) 0.3212±0.2468(4) 0.3198±0.2468(7) 0.3212±0.2468(4) 0.3148±0.1200(8) 0.3117±0.2232(9) 0.3224±0.1080(1)

Colon 1 0.7979±0.2159(5) 0.7979±0.2159(5) 0.7979±0.2159(5) 0.7979±0.2159(5) 0.8007±0.2114(2) 0.7979±0.2159(5) 0.8017±0.1501(1) 0.7976±0.2158(8) 0.7532±0.1167(9)
Leukemia 1 1.0000±0.0000(4) 1.0000±0.0000(4) 1.0000±0.0000(4) 1.0000±0.0000(4) 1.0000±0.0000(4) 1.0000±0.0000(4) 0.8280±0.1640(9) 1.0000±0.0000(4) 0.9216±0.0654(8)

Metas 1 0.5078±0.2908(4) 0.5078±0.2908(4) 0.5078±0.2908(4) 0.5078±0.2908(4) 0.5063±0.2921(8) 0.5078±0.2908(4) 0.5065±0.2097(7) 0.5100±0.2902(1) 0.5000±0.1212(9)
DrivFace1 0.9828±0.0446(3.5) 0.9828±0.0446(3.5) 0.9828±0.0446(3.5) 0.9828±0.0446(3.5) 0.9732±0.0562(7) 0.9828±0.0446(3.5) 0.8402±0.0885(8) 0.9828±0.0446(3.5) 0.8157±0.0904(9)
DrivFace3 0.9618±0.0656(4) 0.9618±0.0656(4) 0.9618±0.0656(4) 0.9618±0.0656(4) 0.9615±0.0609(7) 0.9618±0.0656(4) 0.7836±0.0940(8) 0.9619±0.0655(1) 0.7513±0.0902(9)

ARBT6 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0843±0.1955(1) 0.0000±0.0000(6) 0.0714±0.2594(2)
ARBT5 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 1.0000±0.0000(1)

A stratified k-fold cross validation (k=2 in experience) is used for 35 times that 70 (2× 35) runs are conducted. Thus for each table cell, the mean and
standard deviation of corresponding performance on 70 runs are first recorded and then its rank among all methods is followed in one bracket. The best
rank for each row is highlighted as bold.

TABLE S3: SVM: average recall
Dataset Ori SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS

Survival ¡5yr 0.0386±0.0595(9) 0.3000±0.0741(4) 0.2961±0.0757(5) 0.3371±0.0886(1) 0.3064±0.0754(3) 0.2814±0.0839(8) 0.2946±0.0759(6) 0.2875±0.0782(7) 0.3093±0.0673(2)
Biomed diseased 0.6965±0.0635(9) 0.7619±0.0637(6) 0.7939±0.0631(1) 0.7771±0.0696(3) 0.7632±0.0639(5) 0.7195±0.0747(8) 0.7550±0.0621(7) 0.7913±0.0666(2) 0.7714±0.0666(4)
Cancer wpbc ret 0.3000±0.1098(9) 0.4851±0.1084(5) 0.4994±0.0990(3) 0.4658±0.0977(6) 0.4857±0.0850(4) 0.3137±0.1023(8) 0.5460±0.0970(2) 0.4416±0.1090(7) 0.5491±0.0835(1)
Diabetes absent 0.4194±0.0525(9) 0.5639±0.0497(6) 0.5814±0.0487(2) 0.5835±0.0493(1) 0.5497±0.0550(7) 0.5333±0.0452(8) 0.5692±0.0470(5) 0.5729±0.0483(4) 0.5751±0.0489(3)
Hepatitis normal 0.4366±0.1551(9) 0.5259±0.1352(6) 0.5330±0.1336(5) 0.5214±0.1276(7) 0.5464±0.1284(4) 0.4375±0.1549(8) 0.6545±0.1271(1) 0.5964±0.1289(3) 0.6509±0.1197(2)

Housing MEDV¿35 0.4798±0.0969(9) 0.7321±0.1027(6) 0.7530±0.1021(4) 0.6917±0.1095(7) 0.7458±0.0973(5) 0.5274±0.0891(8) 0.8375±0.0627(1) 0.7935±0.0899(3) 0.8101±0.0811(2)
Spectf 0 0.5395±0.0800(9) 0.6584±0.0908(5) 0.6739±0.0787(3) 0.6626±0.0840(4) 0.6556±0.0832(6) 0.6061±0.0811(8) 0.7249±0.0761(2) 0.6489±0.0815(7) 0.7316±0.0709(1)

Iris setosa 0.9823±0.0200(6.5) 0.9823±0.0200(6.5) 0.9823±0.0200(6.5) 0.9823±0.0200(6.5) 0.9829±0.0199(4) 0.9869±0.0189(2) 0.9851±0.0195(3) 0.9811±0.0201(9) 1.0000±0.0000(1)
Vowel 3 0.4470±0.1038(9) 0.7179±0.1067(6) 0.7685±0.1139(3) 0.7369±0.1234(5) 0.7077±0.0974(7) 0.6250±0.1198(8) 0.7655±0.0976(4) 0.7839±0.1158(1) 0.7714±0.1030(2)
Vowel 8 0.0000±0.0000(9) 0.7292±0.1098(5) 0.7637±0.1037(3) 0.6952±0.1330(7) 0.7226±0.1078(6) 0.1601±0.1450(8) 0.7530±0.1039(4) 0.7667±0.1009(2) 0.7893±0.0962(1)

Waveform 0 0.6778±0.0534(9) 0.7953±0.0488(7) 0.8197±0.0502(4) 0.7989±0.0463(5) 0.7974±0.0479(6) 0.7814±0.0472(8) 0.9011±0.0333(1) 0.8413±0.0463(3) 0.8869±0.0308(2)
BreastTissue24 0.6371±0.1671(9) 0.8238±0.1334(8) 0.8495±0.1189(3) 0.8267±0.1296(7) 0.8333±0.1211(5) 0.8333±0.1298(4) 0.9219±0.0886(1) 0.8324±0.1242(6) 0.8686±0.1174(2)
BreastTissue3 0.0000±0.0000(9) 0.6476±0.2123(4) 0.6746±0.2005(2) 0.6175±0.2162(6) 0.5905±0.2492(7) 0.0048±0.0398(8) 0.7683±0.1792(1) 0.6413±0.1912(5) 0.6667±0.1853(3)

Ecoli2 0.6504±0.0755(9) 0.7865±0.0901(7) 0.8387±0.0894(3) 0.7898±0.0979(5) 0.7872±0.0859(6) 0.7380±0.0878(8) 0.8955±0.0700(1) 0.8695±0.0786(2) 0.8199±0.0897(4)
Ecoli3 0.5324±0.1022(9) 0.8033±0.0927(7) 0.8632±0.0804(1) 0.8038±0.0847(6) 0.8093±0.0852(5) 0.7665±0.0994(8) 0.8610±0.0797(2) 0.8544±0.0833(3) 0.8231±0.0875(4)
Glass5 0.2476±0.1673(8.5) 0.6310±0.2338(5) 0.6262±0.2364(6) 0.6238±0.2334(7) 0.7143±0.2182(4) 0.2476±0.1673(8.5) 0.8929±0.1238(1) 0.7833±0.1847(3) 0.8429±0.1652(2)
Glass7 0.7847±0.1272(9) 0.8204±0.1165(6) 0.8316±0.1160(5) 0.8020±0.1199(7) 0.8327±0.1080(4) 0.7959±0.1181(8) 0.8806±0.0757(1) 0.8408±0.1142(3) 0.8745±0.0846(2)

ImageSegmentation7 0.9894±0.0041(7.5) 0.9910±0.0047(6) 0.9919±0.0052(4) 0.9894±0.0041(7.5) 0.9932±0.0046(2) 0.9910±0.0046(5) 0.9926±0.0050(3) 0.9716±0.0257(9) 0.9942±0.0051(1)
ImageSegmentation5 0.4548±0.0304(9) 0.8931±0.0444(5) 0.9597±0.0222(2) 0.8463±0.0386(7) 0.8825±0.0469(6) 0.7162±0.1751(8) 0.9324±0.0337(3) 0.9726±0.0169(1) 0.9195±0.0396(4)
LibrasMovement11 0.1560±0.1116(9) 0.4952±0.1743(5) 0.4940±0.1751(6) 0.4857±0.1726(7) 0.5107±0.1950(4) 0.1643±0.1237(8) 0.8405±0.1641(1) 0.5357±0.2054(3) 0.6345±0.2003(2)
LibrasMovement15 0.4190±0.1212(9) 0.6762±0.1694(6) 0.7167±0.1504(1) 0.6857±0.1744(5) 0.5524±0.1523(7) 0.4464±0.1221(8) 0.6905±0.1691(4) 0.6964±0.1649(2) 0.6905±0.1631(3)

Pageblocks35 0.2310±0.0694(9) 0.8334±0.0570(3) 0.8646±0.0472(2) 0.8227±0.0555(4) 0.7863±0.0502(6) 0.6984±0.0755(7) 0.6046±0.1124(8) 0.8887±0.0347(1) 0.8000±0.0516(5)
StatlogVehicleSilhouettes3 0.8362±0.0296(9) 0.8990±0.0260(5) 0.8953±0.0339(8) 0.8966±0.0233(7) 0.9026±0.0217(3) 0.8980±0.0205(6) 0.9498±0.0207(1) 0.9025±0.0322(4) 0.9283±0.0233(2)
StatlogVehicleSilhouettes2 0.2870±0.0637(9) 0.7019±0.0560(4) 0.7245±0.0512(1) 0.6948±0.0577(5) 0.6765±0.0490(6) 0.5585±0.0569(8) 0.7193±0.0466(2) 0.6680±0.0515(7) 0.7067±0.0498(3)

WallFollowingRobotNavigation4 0.2259±0.0488(9) 0.8660±0.0276(4) 0.8226±0.0503(7) 0.8581±0.0305(5) 0.8727±0.0260(3) 0.8571±0.0276(6) 0.9512±0.0155(1) 0.7839±0.0342(8) 0.9063±0.0226(2)
Yeast789 0.1020±0.0422(9) 0.5588±0.0647(3) 0.5949±0.0715(1) 0.5446±0.0637(6) 0.5214±0.0670(7) 0.3895±0.0953(8) 0.5466±0.1545(5) 0.5741±0.0668(2) 0.5585±0.0608(4)
Yeast56 0.3781±0.0813(9) 0.8201±0.0498(5) 0.8301±0.0465(4) 0.8058±0.0565(7) 0.8182±0.0507(6) 0.7122±0.0585(8) 0.8857±0.0328(1) 0.8450±0.0395(2) 0.8334±0.0425(3)

DMEAntiVirus 0.9159±0.0541(6) 0.9159±0.0541(6) 0.9159±0.0541(6) 0.9159±0.0541(6) 0.9159±0.0533(6) 0.8476±0.2425(9) 0.9214±0.0547(2) 0.9198±0.0528(3) 0.9790±0.0153(1)
ParkinsonsDC 0.5019±0.0631(6.5) 0.5019±0.0631(6.5) 0.5019±0.0631(6.5) 0.5019±0.0631(6.5) 0.5001±0.0602(9) 0.5021±0.0626(4) 0.7219±0.0595(1) 0.5140±0.0630(3) 0.6548±0.0542(2)

GLRCWL1 0.4414±0.1646(5.5) 0.4414±0.1646(5.5) 0.4414±0.1646(5.5) 0.4414±0.1646(5.5) 0.4371±0.1626(9) 0.4414±0.1646(5.5) 0.5200±0.1854(2) 0.4414±0.1628(5.5) 0.6686±0.1638(1)
GLRCWL2 0.1612±0.1478(6.5) 0.1612±0.1478(6.5) 0.1612±0.1478(6.5) 0.1612±0.1478(6.5) 0.1633±0.1465(3) 0.1612±0.1478(6.5) 0.3245±0.2091(2) 0.1612±0.1478(6.5) 0.4449±0.1877(1)
GLRCNBI1 0.4557±0.1901(7) 0.4557±0.1901(7) 0.4557±0.1901(7) 0.4557±0.1901(7) 0.4571±0.1982(4) 0.4557±0.1901(7) 0.5914±0.2097(2) 0.4629±0.1957(3) 0.6671±0.1808(1)
GLRCNBI2 0.1755±0.1503(7) 0.1755±0.1503(7) 0.1755±0.1503(7) 0.1755±0.1503(7) 0.1796±0.1570(3.5) 0.1755±0.1503(7) 0.3429±0.1777(2) 0.1796±0.1493(3.5) 0.4469±0.1786(1)

Colon 1 0.4117±0.2268(6) 0.4117±0.2268(6) 0.4117±0.2268(6) 0.4117±0.2268(6) 0.4143±0.2268(3) 0.4117±0.2268(6) 0.5013±0.2209(2) 0.4091±0.2258(9) 0.7169±0.1815(1)
Leukemia 1 0.5833±0.1323(6) 0.5833±0.1323(6) 0.5833±0.1323(6) 0.5833±0.1323(6) 0.5798±0.1334(9) 0.5833±0.1323(6) 0.9381±0.0916(2) 0.5857±0.1346(3) 0.9536±0.0579(1)

Metas 1 0.0988±0.0747(7) 0.0988±0.0747(7) 0.0988±0.0747(7) 0.0988±0.0747(7) 0.0994±0.0748(3.5) 0.0988±0.0747(7) 0.1540±0.0935(2) 0.0994±0.0748(3.5) 0.3025±0.1011(1)
DrivFace1 0.5681±0.1305(6) 0.5681±0.1305(6) 0.5681±0.1305(6) 0.5681±0.1305(6) 0.5330±0.1406(9) 0.5681±0.1305(6) 0.8121±0.0986(2) 0.5736±0.1294(3) 0.8681±0.0964(1)
DrivFace3 0.5277±0.1174(6) 0.5277±0.1174(6) 0.5277±0.1174(6) 0.5277±0.1174(6) 0.5062±0.1157(9) 0.5277±0.1174(6) 0.8107±0.1121(2) 0.5313±0.1188(3) 0.8571±0.0988(1)

ARBT6 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.2214±0.3708(1) 0.0000±0.0000(6) 0.0119±0.0432(2)
ARBT5 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.1943±0.0816(1)

A stratified k-fold cross validation (k=2 in experience) is used for 35 times that 70 (2× 35) runs are conducted. Thus for each table cell, the mean and
standard deviation of corresponding performance on 70 runs are first recorded and then its rank among all methods is followed in one bracket. The best
rank for each row is highlighted as bold.
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TABLE S4: SVM: average f-measure
Dataset Ori SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS

Survival ¡5yr 0.0608±0.0918(9) 0.3761±0.0699(5) 0.3680±0.0687(6) 0.3906±0.0774(2) 0.3886±0.0750(3) 0.3669±0.0834(7) 0.3776±0.0753(4) 0.3630±0.0740(8) 0.3913±0.0667(1)
Biomed diseased 0.8116±0.0440(8) 0.8354±0.0351(2) 0.8314±0.0331(4) 0.8369±0.0393(1) 0.8308±0.0386(5) 0.8109±0.0464(9) 0.8282±0.0400(7) 0.8301±0.0447(6) 0.8349±0.0368(3)
Cancer wpbc ret 0.3821±0.1112(9) 0.4754±0.0820(4) 0.4789±0.0725(3) 0.4665±0.0716(6) 0.4749±0.0605(5) 0.3904±0.0978(8) 0.4855±0.0643(2) 0.4420±0.0874(7) 0.4860±0.0627(1)
Diabetes absent 0.5442±0.0435(9) 0.6251±0.0330(6) 0.6315±0.0337(2) 0.6316±0.0342(1) 0.6179±0.0413(7) 0.6126±0.0361(8) 0.6276±0.0339(4) 0.6268±0.0337(5) 0.6302±0.0342(3)
Hepatitis normal 0.4817±0.1292(9) 0.5247±0.1029(5) 0.5188±0.1000(7) 0.5225±0.0970(6) 0.5376±0.0897(4) 0.4826±0.1299(8) 0.5750±0.0748(1) 0.5575±0.0865(3) 0.5669±0.0697(2)

Housing MEDV¿35 0.6128±0.0903(8) 0.6507±0.0587(3) 0.6493±0.0601(4) 0.6596±0.0695(2) 0.6752±0.0647(1) 0.6417±0.0762(5) 0.6086±0.0473(9) 0.6307±0.0527(7) 0.6317±0.0515(6)
Spectf 0 0.5931±0.0597(9) 0.6439±0.0629(4) 0.6504±0.0514(2) 0.6463±0.0606(3) 0.6362±0.0527(5) 0.6146±0.0535(7) 0.6090±0.0478(8) 0.6276±0.0570(6) 0.6547±0.0443(1)

Iris setosa 0.9910±0.0102(6.5) 0.9910±0.0102(6.5) 0.9910±0.0102(6.5) 0.9910±0.0102(6.5) 0.9913±0.0102(4) 0.9933±0.0097(2) 0.9924±0.0099(3) 0.9901±0.0103(9) 1.0000±0.0000(1)
Vowel 3 0.5901±0.0928(4) 0.6109±0.0843(2) 0.5315±0.0604(8) 0.5652±0.0955(5) 0.6023±0.0729(3) 0.7047±0.0962(1) 0.5334±0.0752(7) 0.5135±0.0638(9) 0.5438±0.0622(6)
Vowel 8 0.0000±0.0000(9) 0.4516±0.0569(3) 0.4540±0.0508(1) 0.4325±0.0600(6) 0.4361±0.0499(5) 0.1825±0.1397(8) 0.4151±0.0433(7) 0.4430±0.0475(4) 0.4539±0.0449(2)

Waveform 0 0.7324±0.0301(9) 0.7846±0.0239(7) 0.7922±0.0238(4) 0.7880±0.0222(5) 0.7851±0.0240(6) 0.7800±0.0233(8) 0.8048±0.0162(2) 0.7957±0.0206(3) 0.8106±0.0153(1)
BreastTissue24 0.6620±0.1026(9) 0.7435±0.0704(4) 0.7513±0.0651(2) 0.7434±0.0641(5) 0.7467±0.0682(3) 0.7431±0.0622(6) 0.7406±0.0548(8) 0.7413±0.0598(7) 0.7590±0.0618(1)
BreastTissue3 0.0000±0.0000(9) 0.3665±0.0962(5) 0.3778±0.0839(2) 0.3588±0.0930(6) 0.3390±0.1150(7) 0.0031±0.0256(8) 0.4056±0.0750(1) 0.3678±0.0807(4) 0.3769±0.0768(3)

Ecoli2 0.7416±0.0496(8) 0.7447±0.0333(7) 0.7471±0.0344(4) 0.7412±0.0373(9) 0.7458±0.0361(5) 0.7490±0.0396(3) 0.7581±0.0337(1) 0.7509±0.0351(2) 0.7450±0.0336(6)
Ecoli3 0.6352±0.0755(9) 0.7187±0.0431(4) 0.7075±0.0454(7) 0.7180±0.0395(5) 0.7203±0.0425(3) 0.7146±0.0504(6) 0.7237±0.0446(2) 0.7072±0.0463(8) 0.7262±0.0414(1)
Glass5 0.3029±0.1580(8.5) 0.5343±0.1319(4) 0.5296±0.1334(6) 0.5332±0.1442(5) 0.5531±0.1257(3) 0.3029±0.1580(8.5) 0.4825±0.0827(7) 0.5694±0.0922(1) 0.5658±0.0969(2)
Glass7 0.8149±0.0844(8) 0.8255±0.0743(1) 0.8218±0.0663(5) 0.8219±0.0750(4) 0.8247±0.0724(2) 0.8187±0.0761(7) 0.8198±0.0555(6) 0.8008±0.0832(9) 0.8245±0.0603(3)

ImageSegmentation7 0.9947±0.0021(7.5) 0.9955±0.0024(4) 0.9948±0.0040(6) 0.9947±0.0021(7.5) 0.9962±0.0024(1) 0.9954±0.0025(5) 0.9957±0.0031(3) 0.9511±0.0338(9) 0.9960±0.0031(2)
ImageSegmentation5 0.5982±0.0265(8) 0.6397±0.0173(5) 0.6401±0.0118(4) 0.6486±0.0192(1) 0.6392±0.0176(6) 0.5950±0.1495(9) 0.6158±0.0146(7) 0.6416±0.0127(3) 0.6460±0.0140(2)
LibrasMovement11 0.2055±0.1276(9) 0.3983±0.1098(4) 0.3967±0.1110(6) 0.3965±0.1071(7) 0.3979±0.1172(5) 0.2088±0.1338(8) 0.4192±0.0774(2) 0.4026±0.1120(3) 0.4357±0.1065(1)
LibrasMovement15 0.5453±0.1165(2) 0.4776±0.0988(7) 0.4822±0.0988(5) 0.4767±0.0972(8) 0.4779±0.1034(6) 0.5664±0.1093(1) 0.4048±0.0780(9) 0.5048±0.0988(3) 0.4951±0.0892(4)

Pageblocks35 0.3514±0.0791(9) 0.5526±0.0378(5) 0.4935±0.0430(7) 0.5650±0.0419(4) 0.5783±0.0398(3) 0.6316±0.0502(1) 0.4782±0.0561(8) 0.5010±0.0397(6) 0.5967±0.0360(2)
StatlogVehicleSilhouettes3 0.8904±0.0167(9) 0.9167±0.0157(2) 0.9123±0.0186(6) 0.9150±0.0131(4) 0.9150±0.0148(3) 0.9144±0.0148(5) 0.9187±0.0185(1) 0.8967±0.0242(8) 0.9074±0.0187(7)
StatlogVehicleSilhouettes2 0.4149±0.0671(9) 0.6350±0.0291(3) 0.6409±0.0288(1) 0.6317±0.0304(4) 0.6252±0.0267(6) 0.5759±0.0321(8) 0.6357±0.0203(2) 0.6167±0.0285(7) 0.6307±0.0239(5)

WallFollowingRobotNavigation4 0.3431±0.0591(9) 0.5433±0.0142(3) 0.5016±0.0223(6) 0.5569±0.0145(2) 0.5383±0.0165(4) 0.5612±0.0139(1) 0.4717±0.0143(8) 0.4856±0.0249(7) 0.5353±0.0127(5)
Yeast789 0.1779±0.0694(9) 0.3489±0.0404(5) 0.2663±0.0421(8) 0.3579±0.0432(4) 0.3772±0.0454(2) 0.3955±0.0734(1) 0.3254±0.0681(6) 0.3215±0.0481(7) 0.3668±0.0335(3)
Yeast56 0.5140±0.0736(9) 0.6633±0.0324(4) 0.6127±0.0433(6) 0.6842±0.0314(2) 0.6751±0.0308(3) 0.6944±0.0438(1) 0.5865±0.0316(8) 0.6048±0.0382(7) 0.6456±0.0312(5)

DMEAntiVirus 0.9417±0.0286(6.5) 0.9417±0.0286(6.5) 0.9417±0.0286(6.5) 0.9417±0.0286(6.5) 0.9417±0.0281(4) 0.8732±0.2455(9) 0.9447±0.0296(2) 0.9439±0.0277(3) 0.9757±0.0121(1)
ParkinsonsDC 0.5916±0.0514(5.5) 0.5916±0.0514(5.5) 0.5916±0.0514(5.5) 0.5916±0.0514(5.5) 0.5866±0.0467(8) 0.5918±0.0508(3) 0.5435±0.0357(9) 0.5995±0.0510(2) 0.6172±0.0353(1)

GLRCWL1 0.5258±0.1410(6) 0.5258±0.1410(6) 0.5258±0.1410(6) 0.5258±0.1410(6) 0.5249±0.1380(9) 0.5258±0.1410(6) 0.5498±0.1391(2) 0.5266±0.1412(3) 0.6307±0.1127(1)
GLRCWL2 0.2068±0.1756(6) 0.2068±0.1756(6) 0.2068±0.1756(6) 0.2068±0.1756(6) 0.2099±0.1726(3) 0.2068±0.1756(6) 0.3091±0.1710(2) 0.2068±0.1740(9) 0.3852±0.1275(1)
GLRCNBI1 0.5524±0.1691(7) 0.5524±0.1691(7) 0.5524±0.1691(7) 0.5524±0.1691(7) 0.5544±0.1783(4) 0.5524±0.1691(7) 0.5969±0.1508(2) 0.5572±0.1730(3) 0.6586±0.1255(1)
GLRCNBI2 0.2142±0.1632(7) 0.2142±0.1632(7) 0.2142±0.1632(7) 0.2142±0.1632(7) 0.2166±0.1673(4) 0.2142±0.1632(7) 0.3140±0.1214(2) 0.2167±0.1607(3) 0.3627±0.1136(1)

Colon 1 0.5056±0.2081(6) 0.5056±0.2081(6) 0.5056±0.2081(6) 0.5056±0.2081(6) 0.5082±0.2062(3) 0.5056±0.2081(6) 0.5835±0.1845(2) 0.5033±0.2065(9) 0.7187±0.1202(1)
Leukemia 1 0.7280±0.1084(6) 0.7280±0.1084(6) 0.7280±0.1084(6) 0.7280±0.1084(6) 0.7249±0.1100(9) 0.7280±0.1084(6) 0.8648±0.0990(2) 0.7296±0.1099(3) 0.9355±0.0471(1)

Metas 1 0.1562±0.1059(7) 0.1562±0.1059(7) 0.1562±0.1059(7) 0.1562±0.1059(7) 0.1571±0.1061(3) 0.1562±0.1059(7) 0.2230±0.1134(2) 0.1570±0.1058(4) 0.3674±0.0936(1)
DrivFace1 0.7104±0.1066(6) 0.7104±0.1066(6) 0.7104±0.1066(6) 0.7104±0.1066(6) 0.6773±0.1217(9) 0.7104±0.1066(6) 0.8196±0.0612(2) 0.7150±0.1060(3) 0.8356±0.0644(1)
DrivFace3 0.6733±0.1026(6) 0.6733±0.1026(6) 0.6733±0.1026(6) 0.6733±0.1026(6) 0.6550±0.1021(9) 0.6733±0.1026(6) 0.7895±0.0742(2) 0.6762±0.1038(3) 0.7947±0.0665(1)

ARBT6 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0795±0.1526(1) 0.0000±0.0000(6) 0.0204±0.0741(2)
ARBT5 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.0000±0.0000(5.5) 0.3178±0.1127(1)

A stratified k-fold cross validation (k=2 in experience) is used for 35 times that 70 (2× 35) runs are conducted. Thus for each table cell, the mean and
standard deviation of corresponding performance on 70 runs are first recorded and then its rank among all methods is followed in one bracket. The best
rank for each row is highlighted as bold.

TABLE S5: SVM: average auc
Dataset Ori SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS

Survival ¡5yr 0.0693±0.0866(9) 0.3437±0.0546(4) 0.3402±0.0544(6) 0.3430±0.0495(5) 0.3438±0.0604(2) 0.3277±0.0640(8) 0.3438±0.0615(3) 0.3354±0.0549(7) 0.3473±0.0629(1)
Biomed diseased 0.7479±0.0580(3) 0.7504±0.0510(1) 0.7417±0.0458(5) 0.7474±0.0450(4) 0.7396±0.0601(7) 0.7200±0.0518(9) 0.7405±0.0528(6) 0.7339±0.0532(8) 0.7489±0.0500(2)
Cancer wpbc ret 0.3870±0.0752(9) 0.4478±0.0674(5) 0.4513±0.0656(4) 0.4448±0.0698(6) 0.4538±0.0674(2) 0.3970±0.0717(8) 0.4552±0.0617(1) 0.4295±0.0718(7) 0.4522±0.0634(3)
Diabetes absent 0.4900±0.0363(9) 0.5447±0.0357(5) 0.5477±0.0354(4) 0.5436±0.0318(6) 0.5367±0.0365(7) 0.5252±0.0355(8) 0.5503±0.0323(1) 0.5486±0.0294(3) 0.5499±0.0337(2)
Hepatitis normal 0.4517±0.1211(9) 0.4999±0.1089(5) 0.4940±0.0997(7) 0.4994±0.1109(6) 0.5230±0.0943(4) 0.4535±0.1208(8) 0.5559±0.0862(1) 0.5296±0.0779(3) 0.5492±0.0805(2)

Housing MEDV¿35 0.5782±0.0898(9) 0.7298±0.0793(5) 0.7269±0.0816(6) 0.7080±0.0808(7) 0.7424±0.0744(4) 0.6237±0.0869(8) 0.7520±0.0479(3) 0.7613±0.0516(2) 0.7705±0.0557(1)
Spectf 0 0.5400±0.0628(9) 0.5880±0.0606(4) 0.5936±0.0654(3) 0.5982±0.0641(1) 0.5844±0.0663(5) 0.5661±0.0674(7) 0.5525±0.0521(8) 0.5773±0.0622(6) 0.5966±0.0499(2)

Iris setosa 1.0000±0.0000(4) 1.0000±0.0000(4) 1.0000±0.0000(4) 1.0000±0.0000(4) 1.0000±0.0000(4) 1.0000±0.0000(4) 1.0000±0.0000(4) 0.9969±0.0106(9) 0.9997±0.0024(8)
Vowel 3 0.6203±0.0959(9) 0.6883±0.0817(4) 0.7006±0.0693(3) 0.6867±0.0771(6) 0.6869±0.0833(5) 0.6797±0.0865(7) 0.6477±0.0520(8) 0.7150±0.0697(1) 0.7026±0.0573(2)
Vowel 8 0.0012±0.0098(9) 0.6811±0.0534(4) 0.6881±0.0521(1) 0.6572±0.0762(6) 0.6672±0.0540(5) 0.2112±0.1540(8) 0.6159±0.0479(7) 0.6820±0.0408(2) 0.6819±0.0430(3)

Waveform 0 0.7114±0.0327(9) 0.7553±0.0231(2) 0.7549±0.0236(4) 0.7550±0.0216(3) 0.7542±0.0254(6) 0.7537±0.0237(7) 0.7278±0.0224(8) 0.7545±0.0210(5) 0.7572±0.0239(1)
BreastTissue24 0.7028±0.0741(8) 0.7212±0.0724(2) 0.7185±0.0759(3) 0.7118±0.0740(4) 0.7233±0.0771(1) 0.7101±0.0769(6) 0.6598±0.0752(9) 0.7102±0.0724(5) 0.7096±0.0746(7)
BreastTissue3 0.0000±0.0000(9) 0.4839±0.0709(1) 0.4789±0.0787(3) 0.4687±0.0944(5) 0.4503±0.0863(6) 0.0047±0.0300(8) 0.4464±0.0713(7) 0.4824±0.0746(2) 0.4744±0.0672(4)

Ecoli2 0.7013±0.0600(9) 0.7573±0.0559(7) 0.7812±0.0456(3) 0.7596±0.0534(6) 0.7603±0.0482(5) 0.7270±0.0542(8) 0.7815±0.0303(2) 0.7884±0.0360(1) 0.7710±0.0487(4)
Ecoli3 0.6238±0.0834(9) 0.7924±0.0500(3) 0.7623±0.0469(7) 0.7990±0.0555(1) 0.7898±0.0473(4) 0.7825±0.0630(6) 0.7873±0.0338(5) 0.7570±0.0477(8) 0.7961±0.0422(2)
Glass5 0.3003±0.1967(8.5) 0.7106±0.1839(6) 0.7038±0.1892(7) 0.7161±0.1870(5) 0.7596±0.1648(4) 0.3003±0.1967(8.5) 0.7757±0.0927(3) 0.7827±0.1336(2) 0.7840±0.1231(1)
Glass7 0.8033±0.1031(8) 0.8307±0.0963(4) 0.8347±0.0916(3) 0.8063±0.1030(7) 0.8258±0.0929(6) 0.7972±0.1075(9) 0.8406±0.0564(2) 0.8299±0.0930(5) 0.8441±0.0671(1)

ImageSegmentation7 0.9924±0.0055(5.5) 0.9932±0.0055(3) 0.9922±0.0047(7) 0.9924±0.0055(5.5) 0.9940±0.0050(1) 0.9917±0.0052(8) 0.9928±0.0053(4) 0.9674±0.0181(9) 0.9938±0.0053(2)
ImageSegmentation5 0.5501±0.0267(9) 0.7922±0.0207(4) 0.8038±0.0131(1) 0.7765±0.0218(6) 0.7959±0.0190(3) 0.6161±0.2463(8) 0.7387±0.0164(7) 0.8025±0.0106(2) 0.7912±0.0168(5)
LibrasMovement11 0.2317±0.1210(9) 0.5377±0.1682(6) 0.5399±0.1714(5) 0.5295±0.1734(7) 0.5740±0.1754(4) 0.2459±0.1289(8) 0.7121±0.1194(1) 0.5814±0.1813(3) 0.6421±0.1657(2)
LibrasMovement15 0.5038±0.1151(8) 0.6549±0.1266(4) 0.6843±0.1233(1) 0.6408±0.1365(5) 0.5832±0.1388(6) 0.4992±0.1214(9) 0.5721±0.0952(7) 0.6556±0.1333(3) 0.6802±0.1130(2)

Pageblocks35 0.2848±0.0893(9) 0.8291±0.0396(5) 0.8317±0.0299(4) 0.8338±0.0382(3) 0.8171±0.0437(6) 0.7607±0.0544(7) 0.6723±0.0910(8) 0.8464±0.0191(1) 0.8376±0.0388(2)
StatlogVehicleSilhouettes3 0.8982±0.0189(6) 0.9172±0.0192(2) 0.9127±0.0173(5) 0.9175±0.0183(1) 0.9159±0.0225(4) 0.9168±0.0203(3) 0.8938±0.0174(8) 0.8884±0.0232(9) 0.8939±0.0219(7)
StatlogVehicleSilhouettes2 0.4468±0.0459(9) 0.6357±0.0279(2) 0.6384±0.0288(1) 0.6344±0.0302(3) 0.6316±0.0278(4) 0.5698±0.0345(8) 0.6312±0.0223(5) 0.6215±0.0265(7) 0.6294±0.0244(6)

WallFollowingRobotNavigation4 0.3638±0.0323(9) 0.8172±0.0199(5) 0.7905±0.0277(6) 0.8240±0.0216(4) 0.8292±0.0169(2) 0.8277±0.0202(3) 0.7902±0.0133(7) 0.7777±0.0299(8) 0.8374±0.0154(1)
Yeast789 0.1235±0.0437(9) 0.5231±0.0461(2) 0.4890±0.0424(6) 0.5164±0.0459(4) 0.5157±0.0505(5) 0.4415±0.0926(8) 0.4880±0.1179(7) 0.5195±0.0442(3) 0.5320±0.0459(1)
Yeast56 0.5546±0.0692(9) 0.7937±0.0313(4) 0.7818±0.0293(7) 0.7957±0.0373(3) 0.8039±0.0329(2) 0.7688±0.0491(8) 0.7888±0.0240(6) 0.7929±0.0266(5) 0.8090±0.0291(1)

DMEAntiVirus 0.9662±0.0226(5.5) 0.9662±0.0226(5.5) 0.9662±0.0226(5.5) 0.9662±0.0226(5.5) 0.9654±0.0226(8) 0.8966±0.2515(9) 0.9670±0.0248(3) 0.9681±0.0206(2) 0.9788±0.0163(1)
ParkinsonsDC 0.5518±0.0503(5.5) 0.5518±0.0503(5.5) 0.5518±0.0503(5.5) 0.5518±0.0503(5.5) 0.5513±0.0404(8) 0.5520±0.0504(3) 0.4764±0.0405(9) 0.5553±0.0487(2) 0.5622±0.0309(1)

GLRCWL1 0.6031±0.1267(5.5) 0.6031±0.1267(5.5) 0.6031±0.1267(5.5) 0.6031±0.1267(5.5) 0.6031±0.1260(5.5) 0.6031±0.1267(5.5) 0.5801±0.1188(9) 0.6075±0.1235(1) 0.6067±0.1142(2)
GLRCWL2 0.2981±0.1694(5) 0.2981±0.1694(5) 0.2981±0.1694(5) 0.2981±0.1694(5) 0.2946±0.1654(9) 0.2981±0.1694(5) 0.3282±0.1536(2) 0.2954±0.1692(8) 0.4178±0.1427(1)
GLRCNBI1 0.5922±0.1492(4) 0.5922±0.1492(4) 0.5922±0.1492(4) 0.5922±0.1492(4) 0.5891±0.1549(8) 0.5922±0.1492(4) 0.5878±0.1329(9) 0.5911±0.1474(7) 0.6289±0.1180(1)
GLRCNBI2 0.3248±0.1395(6) 0.3248±0.1395(6) 0.3248±0.1395(6) 0.3248±0.1395(6) 0.3244±0.1418(9) 0.3248±0.1395(6) 0.3590±0.1279(2) 0.3301±0.1400(3) 0.3830±0.1185(1)

Colon 1 0.6648±0.1226(4.5) 0.6648±0.1226(4.5) 0.6648±0.1226(4.5) 0.6648±0.1226(4.5) 0.6652±0.1213(1) 0.6648±0.1226(4.5) 0.6570±0.1120(8) 0.6648±0.1226(4.5) 0.6385±0.1027(9)
Leukemia 1 0.9439±0.0538(4) 0.9439±0.0538(4) 0.9439±0.0538(4) 0.9439±0.0538(4) 0.9439±0.0538(4) 0.9439±0.0538(4) 0.7362±0.1738(9) 0.9439±0.0538(4) 0.8342±0.0789(8)

Metas 1 0.2923±0.0750(6) 0.2923±0.0750(6) 0.2923±0.0750(6) 0.2923±0.0750(6) 0.2933±0.0729(3) 0.2923±0.0750(6) 0.3122±0.0795(2) 0.2920±0.0760(9) 0.3703±0.0677(1)
DrivFace1 0.7549±0.1202(5.5) 0.7549±0.1202(5.5) 0.7549±0.1202(5.5) 0.7549±0.1202(5.5) 0.7395±0.1195(9) 0.7549±0.1202(5.5) 0.8815±0.0708(2) 0.7549±0.1230(5.5) 0.9034±0.0601(1)
DrivFace3 0.7471±0.1142(6) 0.7471±0.1142(6) 0.7471±0.1142(6) 0.7471±0.1142(6) 0.7401±0.1143(9) 0.7471±0.1142(6) 0.8614±0.0774(2) 0.7498±0.1139(3) 0.8859±0.0717(1)

ARBT6 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.0000±0.0000(6) 0.2185±0.2976(1) 0.0000±0.0000(6) 0.0786±0.0838(2)
ARBT5 0.0067±0.0201(5.5) 0.0067±0.0201(5.5) 0.0067±0.0201(5.5) 0.0067±0.0201(5.5) 0.0257±0.0429(2) 0.0067±0.0201(5.5) 0.0067±0.0201(5.5) 0.0057±0.0188(9) 0.7459±0.1185(1)

A stratified k-fold cross validation (k=2 in experience) is used for 35 times that 70 (2× 35) runs are conducted. Thus for each table cell, the mean and
standard deviation of corresponding performance on 70 runs are first recorded and then its rank among all methods is followed in one bracket. The best
rank for each row is highlighted as bold.
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VI. CLASSIFICATION PERFORMANCE OF NEURAL NETWORK (NN)

TABLE S6: NN: average precision
Dataset Ori SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS

Survival ¡5yr 0.4048±0.1891(2) 0.3749±0.0755(6) 0.3633±0.0779(7) 0.3418±0.0705(9) 0.3937±0.0715(4) 0.4580±0.0869(1) 0.3826±0.0730(5) 0.3542±0.1011(8) 0.4002±0.0790(3)
Biomed diseased 0.8580±0.0802(1) 0.7977±0.0727(3) 0.7521±0.0848(8) 0.7886±0.0711(5) 0.7731±0.0764(6) 0.8281±0.0830(2) 0.7586±0.0719(7) 0.7386±0.0905(9) 0.7958±0.0810(4)
Cancer wpbc ret 0.4377±0.2394(1) 0.3975±0.0698(4) 0.3919±0.0668(5) 0.3987±0.0623(3) 0.3840±0.0693(6) 0.4253±0.1397(2) 0.3410±0.0716(9) 0.3667±0.0725(7) 0.3456±0.0724(8)
Diabetes absent 0.6775±0.0503(1) 0.5992±0.0477(6) 0.5933±0.0352(8) 0.6040±0.0347(5) 0.6196±0.0367(3) 0.6377±0.0433(2) 0.5956±0.0354(7) 0.5903±0.0422(9) 0.6046±0.0322(4)
Hepatitis normal 0.5427±0.1866(1) 0.5204±0.0900(5) 0.5042±0.0945(7) 0.5283±0.0888(4) 0.5376±0.0792(3) 0.5392±0.1797(2) 0.4529±0.0918(9) 0.5135±0.1081(6) 0.4670±0.0748(8)

Housing MEDV¿35 0.6799±0.2150(2) 0.5634±0.0748(5) 0.5536±0.0833(6) 0.5826±0.0997(3) 0.5737±0.0970(4) 0.6926±0.1024(1) 0.3809±0.0501(9) 0.4700±0.0672(8) 0.4989±0.0790(7)
Spectf 0 0.5514±0.1654(3) 0.5442±0.0479(5) 0.5579±0.0474(1) 0.5563±0.0569(2) 0.5427±0.0569(6) 0.5507±0.0649(4) 0.4672±0.0477(9) 0.5416±0.0515(7) 0.5319±0.0531(8)

Iris setosa 0.9714±0.1678(9) 0.9995±0.0046(7) 1.0000±0.0000(3.5) 1.0000±0.0000(3.5) 1.0000±0.0000(3.5) 1.0000±0.0000(3.5) 1.0000±0.0000(3.5) 0.9887±0.0324(8) 1.0000±0.0000(3.5)
Vowel 3 0.8516±0.1640(2) 0.8146±0.1369(5) 0.8429±0.1219(3) 0.8589±0.1192(1) 0.7893±0.1281(6) 0.8321±0.1273(4) 0.4353±0.0946(9) 0.7444±0.1231(7) 0.7102±0.1238(8)
Vowel 8 0.4112±0.3005(8) 0.6628±0.1669(1) 0.6434±0.1552(2) 0.6208±0.1716(3) 0.5531±0.1394(4) 0.4470±0.2465(7) 0.2684±0.0554(9) 0.4702±0.1352(6) 0.5125±0.1504(5)

Waveform 0 0.8018±0.0344(2) 0.7849±0.0352(4) 0.7609±0.0317(6) 0.7975±0.0372(3) 0.7789±0.0372(5) 0.8041±0.0385(1) 0.7114±0.0441(9) 0.7302±0.0366(8) 0.7393±0.0354(7)
BreastTissue24 0.6766±0.1398(1) 0.6356±0.1081(3) 0.6244±0.1331(6) 0.6054±0.1259(8) 0.6388±0.1102(2) 0.6173±0.1399(7) 0.5656±0.0808(9) 0.6266±0.1226(4) 0.6252±0.0808(5)
BreastTissue3 0.0536±0.1147(8) 0.2524±0.0588(4) 0.2516±0.0660(5) 0.2600±0.0537(2) 0.2427±0.0629(6) 0.0336±0.0943(9) 0.2280±0.0780(7) 0.2586±0.0628(3) 0.2612±0.0509(1)

Ecoli2 0.7662±0.0754(1) 0.6865±0.0569(4) 0.6598±0.0539(7) 0.6981±0.0636(3) 0.6826±0.0605(5) 0.7190±0.0722(2) 0.6109±0.0618(9) 0.6326±0.0518(8) 0.6603±0.0559(6)
Ecoli3 0.7912±0.0850(1) 0.7073±0.0944(4) 0.6189±0.1061(7) 0.7201±0.0967(2) 0.6756±0.0854(5) 0.7139±0.1019(3) 0.5832±0.0957(8) 0.5407±0.1190(9) 0.6727±0.0935(6)
Glass5 0.4297±0.3350(7) 0.5279±0.1553(2) 0.5482±0.1882(1) 0.5241±0.1553(3) 0.5161±0.1321(4) 0.4486±0.3325(6) 0.2722±0.1034(9) 0.4143±0.1340(8) 0.4673±0.1309(5)
Glass7 0.8116±0.1716(1) 0.7728±0.1138(5) 0.7795±0.1034(4) 0.7844±0.1154(3) 0.7606±0.1068(6) 0.8056±0.1107(2) 0.7170±0.1083(8) 0.6551±0.1476(9) 0.7342±0.1183(7)

ImageSegmentation7 0.9985±0.0041(2) 0.9981±0.0042(4) 0.9959±0.0100(6) 0.9985±0.0040(3) 0.9972±0.0045(5) 0.9985±0.0041(1) 0.9937±0.0080(7) 0.9122±0.0816(9) 0.9923±0.0095(8)
ImageSegmentation5 0.7945±0.0680(1) 0.6080±0.1080(3) 0.6068±0.0980(4) 0.6268±0.1032(2) 0.5685±0.0793(6) 0.5517±0.2012(7) 0.5030±0.0732(9) 0.5095±0.0805(8) 0.5772±0.0903(5)
LibrasMovement11 0.3952±0.3145(4) 0.3986±0.1183(3) 0.4035±0.1127(2) 0.3861±0.1189(6) 0.3734±0.1087(7) 0.3926±0.2627(5) 0.3157±0.0899(9) 0.4389±0.1554(1) 0.3730±0.0872(8)
LibrasMovement15 0.7355±0.2714(2) 0.6382±0.1359(6) 0.6359±0.1425(7) 0.7077±0.1350(3) 0.6264±0.1213(8) 0.7824±0.1809(1) 0.2502±0.0694(9) 0.6792±0.1369(4) 0.6469±0.1152(5)

Pageblocks35 0.6882±0.0964(1) 0.2823±0.0513(5) 0.2170±0.0451(7) 0.2769±0.0529(6) 0.3439±0.0586(3) 0.5434±0.0746(2) 0.0955±0.0235(9) 0.2157±0.0442(8) 0.3367±0.0507(4)
StatlogVehicleSilhouettes3 0.9244±0.0318(1) 0.9023±0.0405(2) 0.8904±0.0497(3) 0.8877±0.0540(6) 0.8879±0.0501(5) 0.8899±0.0542(4) 0.7324±0.0545(9) 0.8207±0.0740(8) 0.8550±0.0401(7)
StatlogVehicleSilhouettes2 0.6013±0.1316(1) 0.5417±0.0608(4) 0.5323±0.0520(6) 0.5424±0.0439(3) 0.5410±0.0507(5) 0.5539±0.0578(2) 0.4796±0.0473(9) 0.4984±0.0510(8) 0.5152±0.0424(7)

WallFollowingRobotNavigation4 0.8218±0.0628(1) 0.7639±0.0600(3) 0.7457±0.0630(4) 0.7965±0.0505(2) 0.6598±0.0615(6) 0.6670±0.0557(5) 0.5043±0.0613(9) 0.5260±0.0706(8) 0.6498±0.0534(7)
Yeast789 0.5620±0.2944(1) 0.1641±0.0263(7) 0.1302±0.0151(9) 0.2129±0.0502(4) 0.2584±0.0607(3) 0.4221±0.0965(2) 0.1802±0.1235(5) 0.1365±0.0182(8) 0.1675±0.0273(6)
Yeast56 0.7002±0.1440(1) 0.4583±0.0483(5) 0.3860±0.0507(7) 0.5236±0.0497(3) 0.4846±0.0450(4) 0.5964±0.0664(2) 0.3178±0.0529(9) 0.3422±0.0401(8) 0.4296±0.0432(6)

DMEAntiVirus 0.9725±0.0170(3) 0.9722±0.0167(6) 0.9723±0.0166(5) 0.9720±0.0168(7) 0.9788±0.0184(1) 0.9340±0.1812(9) 0.9519±0.0962(8) 0.9725±0.0166(4) 0.9726±0.0165(2)
ParkinsonsDC 0.7188±0.1336(1) 0.6150±0.0722(3) 0.5948±0.0678(7) 0.6030±0.0713(5) 0.6117±0.0648(4) 0.7128±0.0612(2) 0.4522±0.0525(9) 0.6021±0.0641(6) 0.5549±0.0490(8)

GLRCWL1 0.6284±0.2288(6) 0.6490±0.1659(4) 0.6660±0.1292(2) 0.6600±0.1153(3) 0.6442±0.1158(5) 0.6227±0.2214(7) 0.4083±0.1306(9) 0.6931±0.1492(1) 0.6152±0.1405(8)
GLRCWL2 0.2434±0.2043(8) 0.3482±0.1351(3) 0.3546±0.1745(2) 0.3475±0.1814(4) 0.2971±0.1471(6) 0.2655±0.2471(7) 0.2420±0.1095(9) 0.3656±0.1708(1) 0.3204±0.1087(5)
GLRCNBI1 0.6575±0.2081(2) 0.6573±0.1485(3) 0.6476±0.1163(5) 0.6407±0.1406(6) 0.6535±0.1618(4) 0.6139±0.2196(7) 0.5272±0.1131(9) 0.6597±0.1412(1) 0.5824±0.1358(8)
GLRCNBI2 0.2156±0.2126(9) 0.3247±0.1302(3) 0.3180±0.1151(5) 0.3240±0.1197(4) 0.3352±0.1461(2) 0.2326±0.2005(8) 0.2713±0.1269(7) 0.3354±0.1385(1) 0.2936±0.1532(6)

Colon 1 0.6625±0.1895(7) 0.6860±0.1668(4) 0.6718±0.1779(5) 0.7117±0.1476(1) 0.7078±0.1566(3) 0.6703±0.1839(6) 0.5947±0.1740(9) 0.7085±0.1653(2) 0.6020±0.1541(8)
Leukemia 1 0.9221±0.1102(5) 0.9279±0.1140(3) 0.9316±0.1130(2) 0.9247±0.1457(4) 0.6973±0.1078(8) 0.8342±0.1383(6) 0.6210±0.2036(9) 0.9358±0.1368(1) 0.7699±0.1256(7)

Metas 1 0.4335±0.2006(6) 0.4567±0.0864(3) 0.4692±0.0935(1) 0.4536±0.1040(4) 0.4588±0.1011(2) 0.4157±0.1251(8) 0.4056±0.0711(9) 0.4413±0.1064(5) 0.4279±0.1042(7)
DrivFace1 0.9264±0.0856(1) 0.8645±0.1002(6) 0.8746±0.0963(3) 0.8671±0.0947(4) 0.8629±0.0809(7) 0.9019±0.0928(2) 0.6648±0.1368(9) 0.8670±0.0867(5) 0.7094±0.1112(8)
DrivFace3 0.8425±0.2077(2) 0.7999±0.1305(7) 0.8051±0.0993(5) 0.8025±0.0949(6) 0.8178±0.0882(3) 0.8560±0.1270(1) 0.6136±0.1104(9) 0.8055±0.0878(4) 0.6653±0.0937(8)

ARBT6 0.0000±0.0000(8.5) 0.5738±0.4904(1) 0.4974±0.4963(2) 0.0000±0.0000(8.5) 0.0220±0.0079(6) 0.0194±0.1263(7) 0.0258±0.0407(5) 0.2571±0.4402(3) 0.2213±0.0869(4)
ARBT5 0.2417±0.4076(8) 0.8466±0.1612(3) 0.8604±0.1280(2) 0.3126±0.4297(5) 0.0535±0.0149(9) 0.2845±0.4075(6) 0.2421±0.3900(7) 0.9461±0.1419(1) 0.4029±0.0815(4)

A stratified k-fold cross validation (k=2 in experience) is used for 35 times that 70 (2× 35) runs are conducted. Thus for each table cell, the mean and
standard deviation of corresponding performance on 70 runs are first recorded and then its rank among all methods is followed in one bracket. The best
rank for each row is highlighted as bold.

TABLE S7: NN: average recall
Dataset Ori SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS

Survival ¡5yr 0.1507±0.1070(9) 0.5264±0.1228(3) 0.4996±0.1221(6) 0.5132±0.1163(4) 0.5104±0.1108(5) 0.3943±0.0923(8) 0.5589±0.1459(1) 0.5325±0.1580(2) 0.4939±0.1221(7)
Biomed diseased 0.7550±0.0880(9) 0.8091±0.0743(5) 0.8234±0.0675(3) 0.8091±0.0798(6) 0.8074±0.0661(7) 0.7801±0.0742(8) 0.8147±0.1114(4) 0.8359±0.0718(1) 0.8242±0.0718(2)
Cancer wpbc ret 0.2764±0.2163(9) 0.5596±0.1318(6) 0.5888±0.1384(4) 0.5689±0.1139(5) 0.5559±0.1241(7) 0.3832±0.1735(8) 0.6224±0.1411(1) 0.5932±0.1284(3) 0.6168±0.1375(2)
Diabetes absent 0.5663±0.0869(9) 0.7287±0.0657(5) 0.7487±0.0635(2) 0.7179±0.0573(6) 0.6952±0.0536(7) 0.6681±0.0499(8) 0.7497±0.0536(1) 0.7299±0.0700(4) 0.7338±0.0580(3)
Hepatitis normal 0.4384±0.1998(9) 0.6295±0.1238(7) 0.6420±0.1285(6) 0.6554±0.1431(5) 0.6714±0.1239(4) 0.4705±0.2063(8) 0.7420±0.1254(1) 0.6786±0.1472(3) 0.7045±0.1403(2)

Housing MEDV¿35 0.5351±0.2002(9) 0.7756±0.1053(6) 0.7976±0.0934(4) 0.7506±0.1046(7) 0.7952±0.0948(5) 0.6643±0.0985(8) 0.9012±0.0635(1) 0.8482±0.0857(2) 0.8435±0.0896(3)
Spectf 0 0.4881±0.2147(9) 0.7635±0.1316(5) 0.7547±0.0975(7) 0.7660±0.1001(4) 0.7596±0.1054(6) 0.7237±0.1085(8) 0.8863±0.0839(1) 0.7790±0.1078(3) 0.8237±0.0795(2)

Iris setosa 0.9714±0.1678(9) 0.9994±0.0048(6.5) 1.0000±0.0000(3) 1.0000±0.0000(3) 0.9989±0.0067(8) 1.0000±0.0000(3) 1.0000±0.0000(3) 0.9994±0.0048(6.5) 1.0000±0.0000(3)
Vowel 3 0.7280±0.2134(9) 0.9155±0.0944(6) 0.9369±0.0799(5) 0.9125±0.1031(7) 0.9405±0.0844(4) 0.7976±0.1380(8) 0.9655±0.0793(1.5) 0.9583±0.0723(3) 0.9655±0.0610(1.5)
Vowel 8 0.2869±0.2586(9) 0.7940±0.1085(6) 0.8155±0.0974(4) 0.7786±0.1084(7) 0.8042±0.1125(5) 0.3827±0.2111(8) 0.8607±0.1090(3) 0.8714±0.0842(1) 0.8696±0.0818(2)

Waveform 0 0.8188±0.0507(9) 0.8678±0.0375(6) 0.8872±0.0416(4) 0.8587±0.0372(7) 0.8721±0.0395(5) 0.8554±0.0440(8) 0.9133±0.0389(3) 0.9178±0.0309(2) 0.9213±0.0287(1)
BreastTissue24 0.7352±0.2281(9) 0.8914±0.1130(4) 0.8752±0.1531(5) 0.8705±0.1885(6) 0.9038±0.1044(3) 0.8467±0.1849(8) 0.9552±0.0619(1) 0.8695±0.2022(7) 0.9114±0.0884(2)
BreastTissue3 0.0365±0.0902(9) 0.6889±0.2337(6) 0.7000±0.2512(5) 0.7048±0.2339(3) 0.6651±0.2527(7) 0.0603±0.1981(8) 0.7032±0.2971(4) 0.7302±0.2298(2) 0.7476±0.2089(1)

Ecoli2 0.7455±0.0948(9) 0.8545±0.0726(6) 0.8914±0.0670(4) 0.8534±0.0770(7) 0.8669±0.0741(5) 0.8038±0.0834(8) 0.9195±0.0558(1) 0.9139±0.0672(2) 0.8959±0.0676(3)
Ecoli3 0.7396±0.1539(9) 0.8824±0.0686(4) 0.8819±0.0666(5) 0.8681±0.0710(7) 0.8758±0.0697(6) 0.8665±0.0833(8) 0.8945±0.0737(2) 0.9055±0.0562(1) 0.8934±0.0622(3)
Glass5 0.3381±0.3069(9) 0.7429±0.2352(7) 0.7524±0.2001(6) 0.7643±0.2016(5) 0.7738±0.1750(4) 0.3833±0.3139(8) 0.8524±0.1872(2) 0.8595±0.1646(1) 0.8381±0.1725(3)
Glass7 0.7837±0.1762(9) 0.8571±0.1032(6) 0.8724±0.1038(3) 0.8439±0.1123(7) 0.8714±0.0992(4) 0.8316±0.1067(8) 0.8949±0.0737(1) 0.8622±0.1110(5) 0.8949±0.0737(2)

ImageSegmentation7 0.9911±0.0042(9) 0.9930±0.0051(3.5) 0.9930±0.0050(3.5) 0.9913±0.0047(8) 0.9945±0.0049(2) 0.9917±0.0047(6) 0.9926±0.0047(5) 0.9914±0.0078(7) 0.9952±0.0049(1)
ImageSegmentation5 0.6206±0.0962(9) 0.9446±0.0302(4) 0.9650±0.0210(2) 0.9281±0.0303(6) 0.9371±0.0331(5) 0.7719±0.1923(8) 0.8284±0.0631(7) 0.9803±0.0162(1) 0.9559±0.0289(3)
LibrasMovement11 0.2214±0.1833(9) 0.7012±0.2102(3) 0.6726±0.1879(6) 0.6417±0.2023(7) 0.6940±0.2060(5) 0.2726±0.1940(8) 0.7988±0.1688(1) 0.7012±0.2088(4) 0.7750±0.2018(2)
LibrasMovement15 0.5821±0.2735(9) 0.8357±0.1454(2) 0.8250±0.1434(3) 0.8107±0.1560(6) 0.7786±0.1623(7) 0.6119±0.1794(8) 0.8238±0.1492(4) 0.8226±0.1397(5) 0.8857±0.1362(1)

Pageblocks35 0.3771±0.1169(9) 0.8722±0.0483(4) 0.8895±0.0405(2) 0.8581±0.0574(6) 0.8374±0.0504(7) 0.7181±0.0646(8) 0.8879±0.1159(3) 0.9151±0.0349(1) 0.8676±0.0499(5)
StatlogVehicleSilhouettes3 0.9308±0.0311(9) 0.9602±0.0212(4) 0.9526±0.0218(8) 0.9544±0.0261(6) 0.9529±0.0283(7) 0.9545±0.0229(5) 0.9748±0.0267(2) 0.9688±0.0262(3) 0.9765±0.0174(1)
StatlogVehicleSilhouettes2 0.3937±0.1614(9) 0.7614±0.0573(5) 0.7787±0.0631(3) 0.7511±0.0643(6) 0.7497±0.0765(7) 0.6327±0.0681(8) 0.7694±0.0727(4) 0.7894±0.0692(1) 0.7861±0.0572(2)

WallFollowingRobotNavigation4 0.7784±0.1070(9) 0.8973±0.0303(5) 0.8920±0.0295(6) 0.8853±0.0321(7) 0.9239±0.0239(4) 0.8846±0.0324(8) 0.9483±0.0243(2) 0.9545±0.0299(1) 0.9422±0.0239(3)
Yeast789 0.1269±0.0968(9) 0.6367±0.0812(4) 0.6867±0.0880(2) 0.5738±0.0901(6) 0.5602±0.0710(7) 0.4381±0.0954(8) 0.5796±0.1673(5) 0.6983±0.0699(1) 0.6408±0.0775(3)
Yeast56 0.5742±0.1468(9) 0.8438±0.0532(6) 0.8568±0.0461(4) 0.8264±0.0511(7) 0.8480±0.0461(5) 0.7833±0.0539(8) 0.9055±0.0367(1) 0.8903±0.0383(2) 0.8581±0.0507(3)

DMEAntiVirus 0.9488±0.0495(6) 0.9615±0.0315(4) 0.9631±0.0340(3) 0.9540±0.0378(5) 0.8980±0.0596(9) 0.9131±0.1635(8) 0.9464±0.0570(7) 0.9726±0.0286(2) 0.9774±0.0233(1)
ParkinsonsDC 0.4905±0.1683(9) 0.7079±0.0416(6) 0.7231±0.0612(3) 0.7092±0.0524(5) 0.7144±0.0553(4) 0.5857±0.0695(8) 0.7798±0.0919(1) 0.7031±0.0624(7) 0.7570±0.0456(2)

GLRCWL1 0.5786±0.2812(9) 0.7429±0.2004(2) 0.7300±0.1860(3) 0.6986±0.1740(6) 0.6871±0.1888(7) 0.5943±0.2745(8) 0.7114±0.2243(4) 0.7086±0.2041(5) 0.7743±0.1983(1)
GLRCWL2 0.2531±0.2348(8) 0.4429±0.2022(3) 0.4143±0.2108(4) 0.4082±0.1857(5) 0.3980±0.2357(6) 0.2000±0.1890(9) 0.4673±0.2729(2) 0.3939±0.2208(7) 0.5449±0.2349(1)
GLRCNBI1 0.5814±0.2538(8) 0.7086±0.2125(4) 0.7214±0.1768(3) 0.6929±0.1883(5) 0.6600±0.2024(7) 0.5757±0.2651(9) 0.7829±0.1926(1) 0.6929±0.1944(6) 0.7586±0.2150(2)
GLRCNBI2 0.2143±0.2186(9) 0.4735±0.2377(3) 0.4612±0.2052(4) 0.4469±0.2119(5) 0.4122±0.1954(6) 0.2571±0.2366(8) 0.5347±0.2780(1) 0.3857±0.2011(7) 0.4918±0.2500(2)

Colon 1 0.6156±0.2394(9) 0.7273±0.2145(4) 0.7286±0.2197(3) 0.7208±0.2014(5) 0.7130±0.1931(6) 0.6883±0.2360(7) 0.7584±0.2242(2) 0.6649±0.2360(8) 0.7792±0.1998(1)
Leukemia 1 0.8774±0.1578(6) 0.9381±0.0760(1) 0.9083±0.1286(5) 0.9190±0.1404(4) 0.7500±0.1636(9) 0.8167±0.1492(8) 0.8357±0.2490(7) 0.9226±0.0831(3) 0.9369±0.1240(2)

Metas 1 0.2689±0.1709(9) 0.4398±0.1595(3) 0.4286±0.1314(4) 0.4118±0.1378(7) 0.4161±0.1408(5) 0.3335±0.1989(8) 0.5267±0.1767(1) 0.4155±0.1913(6) 0.4988±0.1852(2)
DrivFace1 0.7198±0.1662(9) 0.8264±0.1247(3) 0.8220±0.1280(5) 0.8242±0.1208(4) 0.8154±0.1252(6) 0.7484±0.1410(8) 0.9011±0.0899(2) 0.7945±0.1227(7) 0.9264±0.0833(1)
DrivFace3 0.5830±0.2172(9) 0.8321±0.1001(5) 0.8464±0.1002(3) 0.8393±0.1029(4) 0.8259±0.1074(6) 0.7054±0.1505(8) 0.9223±0.0841(2) 0.8196±0.1067(7) 0.9241±0.0689(1)

ARBT6 0.0000±0.0000(8.5) 0.1476±0.1997(4) 0.1095±0.1233(5) 0.0000±0.0000(8.5) 0.5214±0.2025(2) 0.0143±0.1013(7) 0.2738±0.3522(3) 0.0452±0.0799(6) 0.5643±0.1992(1)
ARBT5 0.0867±0.1814(8) 0.5495±0.1767(2) 0.5343±0.1756(3) 0.1324±0.2246(6) 0.4876±0.1302(4) 0.1029±0.2104(7) 0.0848±0.1909(9) 0.3305±0.1424(5) 0.8781±0.0908(1)

A stratified k-fold cross validation (k=2 in experience) is used for 35 times that 70 (2× 35) runs are conducted. Thus for each table cell, the mean and
standard deviation of corresponding performance on 70 runs are first recorded and then its rank among all methods is followed in one bracket. The best
rank for each row is highlighted as bold.
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TABLE S8: NN: average f-measure
Dataset Ori SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS

Survival ¡5yr 0.2057±0.1276(9) 0.4301±0.0823(4) 0.4135±0.0836(7) 0.4050±0.0750(8) 0.4355±0.0667(2) 0.4135±0.0631(6) 0.4408±0.0683(1) 0.4154±0.1033(5) 0.4322±0.0793(3)
Biomed diseased 0.7973±0.0589(4) 0.7992±0.0470(2) 0.7810±0.0523(7) 0.7946±0.0497(5) 0.7856±0.0435(6) 0.7982±0.0442(3) 0.7783±0.0921(8) 0.7781±0.0539(9) 0.8046±0.0435(1)
Cancer wpbc ret 0.2969±0.1739(9) 0.4580±0.0764(3) 0.4619±0.0710(1) 0.4607±0.0557(2) 0.4458±0.0693(4) 0.3818±0.1283(8) 0.4329±0.0769(7) 0.4428±0.0596(5) 0.4366±0.0782(6)
Diabetes absent 0.6119±0.0605(9) 0.6545±0.0353(4) 0.6600±0.0318(3) 0.6545±0.0319(5) 0.6537±0.0312(6) 0.6509±0.0347(7) 0.6626±0.0320(1) 0.6502±0.0409(8) 0.6614±0.0295(2)
Hepatitis normal 0.4638±0.1697(9) 0.5608±0.0745(4) 0.5534±0.0779(5) 0.5761±0.0920(2) 0.5867±0.0638(1) 0.4788±0.1736(8) 0.5522±0.0771(6) 0.5713±0.0875(3) 0.5520±0.0690(7)

Housing MEDV¿35 0.5823±0.1875(8) 0.6462±0.0607(5) 0.6467±0.0648(4) 0.6472±0.0722(3) 0.6590±0.0695(2) 0.6684±0.0563(1) 0.5326±0.0473(9) 0.5998±0.0563(7) 0.6212±0.0655(6)
Spectf 0 0.4997±0.1723(9) 0.6271±0.0830(6) 0.6376±0.0487(3) 0.6401±0.0529(2) 0.6283±0.0531(5) 0.6217±0.0690(7) 0.6086±0.0420(8) 0.6342±0.0512(4) 0.6431±0.0436(1)

Iris setosa 0.9714±0.1678(9) 0.9994±0.0034(6) 1.0000±0.0000(3) 1.0000±0.0000(3) 0.9994±0.0034(7) 1.0000±0.0000(3) 1.0000±0.0000(3) 0.9938±0.0172(8) 1.0000±0.0000(3)
Vowel 3 0.7748±0.1880(8) 0.8554±0.1063(3) 0.8825±0.0867(1) 0.8795±0.0947(2) 0.8520±0.0957(4) 0.8087±0.1154(7) 0.5956±0.0992(9) 0.8315±0.0916(5) 0.8124±0.0941(6)
Vowel 8 0.3175±0.2583(9) 0.7097±0.1270(1) 0.7050±0.1099(2) 0.6782±0.1340(3) 0.6465±0.1209(4) 0.3984±0.2086(8) 0.4061±0.0687(7) 0.5993±0.1182(6) 0.6327±0.1292(5)

Waveform 0 0.8086±0.0233(8) 0.8231±0.0174(3) 0.8180±0.0180(6) 0.8257±0.0171(2) 0.8215±0.0201(4) 0.8274±0.0185(1) 0.7980±0.0208(9) 0.8123±0.0205(7) 0.8194±0.0189(5)
BreastTissue24 0.6829±0.1610(9) 0.7305±0.0738(3) 0.7167±0.1079(4) 0.6998±0.1315(8) 0.7374±0.0691(1) 0.7027±0.1350(7) 0.7048±0.0578(6) 0.7101±0.1407(5) 0.7352±0.0522(2)
BreastTissue3 0.0374±0.0772(8) 0.3651±0.0918(4) 0.3647±0.1016(5) 0.3746±0.0879(3) 0.3501±0.0977(6) 0.0334±0.0876(9) 0.3382±0.1213(7) 0.3789±0.0961(2) 0.3827±0.0756(1)

Ecoli2 0.7490±0.0507(7) 0.7575±0.0338(3) 0.7549±0.0315(5) 0.7636±0.0399(1) 0.7598±0.0376(2) 0.7532±0.0426(6) 0.7309±0.0414(9) 0.7449±0.0379(8) 0.7570±0.0357(4)
Ecoli3 0.7500±0.1226(6) 0.7790±0.0553(2) 0.7210±0.0753(7) 0.7813±0.0597(1) 0.7585±0.0613(5) 0.7752±0.0616(3) 0.6987±0.0632(8) 0.6667±0.0914(9) 0.7617±0.0592(4)
Glass5 0.3433±0.2742(9) 0.5999±0.1615(4) 0.6096±0.1514(1) 0.6015±0.1395(3) 0.6034±0.1167(2) 0.3786±0.2792(8) 0.4004±0.1194(7) 0.5444±0.1214(6) 0.5835±0.1166(5)
Glass7 0.7892±0.1548(7) 0.8030±0.0719(5) 0.8147±0.0653(1) 0.8051±0.0871(3) 0.8047±0.0762(4) 0.8104±0.0815(2) 0.7892±0.0693(8) 0.7306±0.1142(9) 0.7993±0.0784(6)

ImageSegmentation7 0.9948±0.0027(5) 0.9955±0.0032(2) 0.9944±0.0050(6) 0.9949±0.0031(4) 0.9958±0.0029(1) 0.9951±0.0030(3) 0.9931±0.0044(8) 0.9483±0.0477(9) 0.9937±0.0050(7)
ImageSegmentation5 0.6935±0.0740(6) 0.7342±0.0799(3) 0.7399±0.0737(2) 0.7435±0.0753(1) 0.7048±0.0636(5) 0.6156±0.1838(9) 0.6207±0.0573(8) 0.6668±0.0692(7) 0.7154±0.0700(4)
LibrasMovement11 0.2505±0.1805(9) 0.4954±0.1255(2) 0.4895±0.1023(4) 0.4685±0.1192(6) 0.4711±0.1047(5) 0.2979±0.1904(8) 0.4444±0.0919(7) 0.5150±0.1305(1) 0.4929±0.0958(3)
LibrasMovement15 0.6218±0.2439(8) 0.7152±0.1242(4) 0.7081±0.1251(5) 0.7426±0.1189(1) 0.6799±0.1062(6) 0.6673±0.1619(7) 0.3783±0.0859(9) 0.7361±0.1206(3) 0.7386±0.1032(2)

Pageblocks35 0.4729±0.1127(4) 0.4235±0.0548(5) 0.3464±0.0556(8) 0.4159±0.0616(6) 0.4842±0.0588(2) 0.6132±0.0469(1) 0.1715±0.0388(9) 0.3467±0.0569(7) 0.4818±0.0478(3)
StatlogVehicleSilhouettes3 0.9271±0.0235(2) 0.9298±0.0248(1) 0.9196±0.0298(4) 0.9190±0.0346(5) 0.9184±0.0315(6) 0.9203±0.0355(3) 0.8354±0.0409(9) 0.8869±0.0507(8) 0.9112±0.0250(7)
StatlogVehicleSilhouettes2 0.4572±0.1562(9) 0.6309±0.0513(1) 0.6305±0.0472(2) 0.6285±0.0428(3) 0.6271±0.0546(4) 0.5882±0.0502(8) 0.5891±0.0487(7) 0.6096±0.0521(6) 0.6209±0.0384(5)

WallFollowingRobotNavigation4 0.7955±0.0940(4) 0.8234±0.0336(2) 0.8103±0.0372(3) 0.8373±0.0305(1) 0.7678±0.0417(5) 0.7586±0.0344(7) 0.6559±0.0510(9) 0.6755±0.0637(8) 0.7676±0.0363(6)
Yeast789 0.1928±0.1272(9) 0.2588±0.0292(5) 0.2176±0.0196(8) 0.3047±0.0483(3) 0.3471±0.0554(2) 0.4194±0.0745(1) 0.2366±0.0753(6) 0.2273±0.0237(7) 0.2636±0.0327(4)
Yeast56 0.6209±0.1326(3) 0.5912±0.0377(5) 0.5295±0.0465(7) 0.6384±0.0351(2) 0.6149±0.0363(4) 0.6742±0.0459(1) 0.4675±0.0474(9) 0.4924±0.0394(8) 0.5703±0.0367(6)

DMEAntiVirus 0.9596±0.0259(6) 0.9665±0.0179(4) 0.9673±0.0189(3) 0.9624±0.0210(5) 0.9355±0.0333(8) 0.9209±0.1718(9) 0.9447±0.0759(7) 0.9723±0.0173(2) 0.9748±0.0151(1)
ParkinsonsDC 0.5638±0.1666(9) 0.6549±0.0420(2) 0.6481±0.0392(3) 0.6477±0.0419(4) 0.6549±0.0349(1) 0.6384±0.0410(7) 0.5669±0.0379(8) 0.6442±0.0347(5) 0.6385±0.0374(6)

GLRCWL1 0.5708±0.2274(8) 0.6827±0.1644(3) 0.6832±0.1293(1) 0.6617±0.1073(5) 0.6466±0.1201(6) 0.5767±0.2210(7) 0.4951±0.1332(9) 0.6829±0.1450(2) 0.6696±0.1333(4)
GLRCWL2 0.2258±0.1801(8) 0.3768±0.1401(2) 0.3603±0.1484(3) 0.3542±0.1399(5) 0.3227±0.1543(6) 0.2099±0.1782(9) 0.3026±0.1349(7) 0.3556±0.1520(4) 0.3863±0.1354(1)
GLRCNBI1 0.5834±0.1919(8) 0.6629±0.1441(2) 0.6672±0.1066(1) 0.6400±0.1195(4) 0.6394±0.1500(6) 0.5690±0.2132(9) 0.6135±0.1135(7) 0.6586±0.1372(3) 0.6399±0.1451(5)
GLRCNBI2 0.1916±0.1635(9) 0.3679±0.1431(1) 0.3590±0.1229(3) 0.3623±0.1343(2) 0.3532±0.1330(4) 0.2210±0.1706(8) 0.3418±0.1428(7) 0.3436±0.1430(6) 0.3454±0.1432(5)

Colon 1 0.6008±0.1837(9) 0.6807±0.1686(3) 0.6720±0.1721(4) 0.6946±0.1538(1) 0.6906±0.1454(2) 0.6548±0.1825(7) 0.6424±0.1633(8) 0.6594±0.1890(6) 0.6679±0.1529(5)
Leukemia 1 0.8916±0.1298(5) 0.9272±0.0824(1) 0.9151±0.1089(4) 0.9177±0.1359(3) 0.7126±0.1129(8) 0.8147±0.1187(7) 0.6928±0.2002(9) 0.9195±0.1023(2) 0.8373±0.1059(6)

Metas 1 0.3038±0.1480(9) 0.4317±0.0912(4) 0.4378±0.0936(3) 0.4186±0.0948(6) 0.4197±0.0966(5) 0.3446±0.1390(8) 0.4421±0.0824(1) 0.4103±0.1235(7) 0.4393±0.1094(2)
DrivFace1 0.7968±0.1237(8) 0.8382±0.0901(2) 0.8391±0.0877(1) 0.8377±0.0828(3) 0.8324±0.0869(4) 0.8095±0.0957(6) 0.7557±0.0957(9) 0.8220±0.0827(5) 0.7970±0.0804(7)
DrivFace3 0.6684±0.1924(9) 0.8084±0.1085(4) 0.8189±0.0726(1) 0.8137±0.0691(3) 0.8154±0.0701(2) 0.7639±0.1250(7) 0.7296±0.0856(8) 0.8066±0.0711(5) 0.7685±0.0654(6)

ARBT6 0.0000±0.0000(8.5) 0.1887±0.1759(2) 0.1665±0.1728(3) 0.0000±0.0000(8.5) 0.0421±0.0152(6) 0.0112±0.0684(7) 0.0437±0.0650(5) 0.0765±0.1334(4) 0.3073±0.1120(1)
ARBT5 0.1117±0.2140(7) 0.6462±0.1507(1) 0.6338±0.1229(2) 0.1676±0.2571(5) 0.0963±0.0263(9) 0.1181±0.1966(6) 0.1087±0.2026(8) 0.4715±0.1537(4) 0.5472±0.0875(3)

A stratified k-fold cross validation (k=2 in experience) is used for 35 times that 70 (2× 35) runs are conducted. Thus for each table cell, the mean and
standard deviation of corresponding performance on 70 runs are first recorded and then its rank among all methods is followed in one bracket. The best
rank for each row is highlighted as bold.

TABLE S9: NN: average g-mean
Dataset Ori SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS

Survival ¡5yr 0.3343±0.1575(9) 0.5840±0.0836(3) 0.5718±0.0820(5) 0.5621±0.0749(6) 0.5883±0.0664(1) 0.5597±0.0558(8) 0.5817±0.0924(4) 0.5615±0.1158(7) 0.5841±0.0764(2)
Biomed diseased 0.8351±0.0487(6) 0.8452±0.0381(2) 0.8313±0.0597(7) 0.8426±0.0404(3) 0.8355±0.0348(5) 0.8400±0.0352(4) 0.8312±0.0793(8) 0.8305±0.0553(9) 0.8502±0.0344(1)
Cancer wpbc ret 0.4190±0.2091(9) 0.6320±0.0700(1) 0.6310±0.0866(2) 0.6287±0.0794(3) 0.6168±0.0759(4) 0.5324±0.1409(8) 0.6037±0.0909(7) 0.6102±0.0773(5) 0.6042±0.1127(6)
Diabetes absent 0.6917±0.0506(9) 0.7266±0.0444(7) 0.7333±0.0285(3) 0.7304±0.0268(4) 0.7301±0.0260(5) 0.7271±0.0307(6) 0.7363±0.0276(1) 0.7252±0.0353(8) 0.7359±0.0245(2)
Hepatitis normal 0.5963±0.1894(9) 0.7210±0.0623(6) 0.7164±0.0785(7) 0.7347±0.0843(4) 0.7438±0.0620(1) 0.6156±0.1891(8) 0.7359±0.0723(3) 0.7382±0.0782(2) 0.7329±0.0628(5)

Housing MEDV¿35 0.6925±0.2038(9) 0.8488±0.0550(6) 0.8585±0.0491(5) 0.8369±0.0574(7) 0.8597±0.0488(4) 0.7987±0.0563(8) 0.8701±0.0282(2) 0.8698±0.0416(3) 0.8727±0.0447(1)
Spectf 0 0.6123±0.1874(9) 0.7529±0.0825(6) 0.7617±0.0433(3) 0.7634±0.0456(2) 0.7542±0.0451(5) 0.7465±0.0589(7) 0.7349±0.0486(8) 0.7608±0.0454(4) 0.7704±0.0366(1)

Iris setosa 0.9714±0.1678(9) 0.9996±0.0027(6) 1.0000±0.0000(3) 1.0000±0.0000(3) 0.9994±0.0034(7) 1.0000±0.0000(3) 1.0000±0.0000(3) 0.9965±0.0095(8) 1.0000±0.0000(3)
Vowel 3 0.8334±0.1621(9) 0.9437±0.0554(6) 0.9575±0.0452(3) 0.9455±0.0576(5) 0.9549±0.0476(4) 0.8820±0.0817(8) 0.9134±0.0545(7) 0.9598±0.0399(2) 0.9602±0.0373(1)
Vowel 8 0.4414±0.2894(9) 0.8664±0.0652(4) 0.8756±0.0523(3) 0.8540±0.0677(6) 0.8607±0.0676(5) 0.5638±0.2182(8) 0.8027±0.0581(7) 0.8769±0.0513(2) 0.8837±0.0542(1)

Waveform 0 0.8564±0.0211(9) 0.8731±0.0144(4) 0.8724±0.0155(6) 0.8733±0.0136(3) 0.8727±0.0163(5) 0.8738±0.0160(2) 0.8597±0.0161(8) 0.8714±0.0160(7) 0.8770±0.0141(1)
BreastTissue24 0.7689±0.1543(9) 0.8195±0.0761(3) 0.8074±0.1156(4) 0.7902±0.1506(8) 0.8280±0.0623(2) 0.7952±0.1349(7) 0.8023±0.0761(6) 0.8058±0.1393(5) 0.8318±0.0423(1)
BreastTissue3 0.0730±0.1451(8) 0.6118±0.1251(4) 0.6070±0.1363(5) 0.6261±0.1026(3) 0.5873±0.1506(6) 0.0547±0.1425(9) 0.5585±0.1866(7) 0.6294±0.1234(2) 0.6295±0.0956(1)

Ecoli2 0.8297±0.0469(9) 0.8664±0.0290(7) 0.8746±0.0252(3) 0.8686±0.0338(5) 0.8706±0.0307(4) 0.8497±0.0372(8) 0.8683±0.0260(6) 0.8749±0.0289(2) 0.8768±0.0272(1)
Ecoli3 0.8354±0.1108(9) 0.9038±0.0323(1) 0.8861±0.0375(6) 0.8990±0.0348(3) 0.8962±0.0370(5) 0.8964±0.0408(4) 0.8827±0.0351(7) 0.8692±0.0453(8) 0.9029±0.0306(2)
Glass5 0.4654±0.3373(9) 0.8288±0.1492(7) 0.8370±0.1271(5) 0.8432±0.1211(4) 0.8513±0.0984(3) 0.5142±0.3296(8) 0.8343±0.1135(6) 0.8817±0.0910(1) 0.8783±0.0930(2)
Glass7 0.8582±0.1605(9) 0.9033±0.0530(5) 0.9122±0.0513(3) 0.8982±0.0619(6) 0.9100±0.0540(4) 0.8939±0.0583(7) 0.9165±0.0360(2) 0.8845±0.0735(8) 0.9184±0.0394(1)

ImageSegmentation7 0.9954±0.0021(8) 0.9963±0.0026(3) 0.9961±0.0024(4) 0.9955±0.0024(7) 0.9970±0.0024(1) 0.9957±0.0024(6) 0.9957±0.0024(5) 0.9869±0.0109(9) 0.9969±0.0024(2)
ImageSegmentation5 0.7748±0.0597(8) 0.9166±0.0275(2) 0.9251±0.0232(1) 0.9143±0.0262(4) 0.9061±0.0264(5) 0.7712±0.2066(9) 0.8397±0.0283(7) 0.9042±0.0292(6) 0.9148±0.0255(3)
LibrasMovement11 0.3958±0.2404(9) 0.7911±0.1243(4) 0.7785±0.1044(6) 0.7578±0.1202(7) 0.7846±0.1157(5) 0.4569±0.2329(8) 0.8264±0.0861(2) 0.7931±0.1184(3) 0.8272±0.1079(1)
LibrasMovement15 0.7148±0.2511(9) 0.8932±0.0867(2) 0.8869±0.0858(4) 0.8828±0.0903(5) 0.8605±0.0939(6) 0.7666±0.1251(8) 0.8117±0.0792(7) 0.8896±0.0814(3) 0.9200±0.0775(1)

Pageblocks35 0.6027±0.1095(9) 0.9042±0.0238(3) 0.8994±0.0218(4) 0.8963±0.0318(5) 0.8940±0.0265(6) 0.8393±0.0369(7) 0.8178±0.0730(8) 0.9102±0.0229(1) 0.9087±0.0232(2)
StatlogVehicleSilhouettes3 0.9516±0.0173(7) 0.9616±0.0139(1) 0.9552±0.0159(5) 0.9555±0.0194(4) 0.9549±0.0184(6) 0.9560±0.0199(3) 0.9229±0.0257(9) 0.9454±0.0295(8) 0.9589±0.0134(2)
StatlogVehicleSilhouettes2 0.5735±0.1631(9) 0.7661±0.0407(2) 0.7685±0.0386(1) 0.7644±0.0353(3) 0.7632±0.0453(4) 0.7193±0.0401(8) 0.7366±0.0453(7) 0.7540±0.0463(6) 0.7628±0.0324(5)

WallFollowingRobotNavigation4 0.8740±0.0787(9) 0.9384±0.0148(5) 0.9347±0.0145(6) 0.9337±0.0166(7) 0.9459±0.0115(3) 0.9266±0.0156(8) 0.9432±0.0116(4) 0.9484±0.0199(2) 0.9543±0.0115(1)
Yeast789 0.3131±0.1677(9) 0.7105±0.0317(3) 0.6990±0.0287(6) 0.7003±0.0465(5) 0.7057±0.0395(4) 0.6442±0.0751(8) 0.6533±0.0852(7) 0.7114±0.0260(2) 0.7150±0.0349(1)
Yeast56 0.7366±0.1485(9) 0.8855±0.0241(3) 0.8800±0.0211(7) 0.8845±0.0246(5) 0.8914±0.0227(1) 0.8679±0.0289(8) 0.8842±0.0155(6) 0.8853±0.0149(4) 0.8885±0.0227(2)

DMEAntiVirus 0.9705±0.0255(6) 0.9772±0.0161(4) 0.9780±0.0173(3) 0.9733±0.0193(5) 0.9449±0.0314(8) 0.9350±0.1665(9) 0.9623±0.0530(7) 0.9828±0.0148(2) 0.9853±0.0121(1)
ParkinsonsDC 0.6553±0.1617(9) 0.7715±0.0269(3) 0.7704±0.0277(4) 0.7675±0.0284(5) 0.7728±0.0250(1) 0.7309±0.0380(7) 0.7146±0.0437(8) 0.7647±0.0269(6) 0.7721±0.0286(2)

GLRCWL1 0.6641±0.2331(7) 0.7751±0.1641(2) 0.7813±0.1113(1) 0.7632±0.0931(5) 0.7523±0.1052(6) 0.6573±0.2488(8) 0.5911±0.1706(9) 0.7729±0.1384(4) 0.7740±0.1333(3)
GLRCWL2 0.3474±0.2569(8) 0.5702±0.1530(2) 0.5480±0.1720(3) 0.5393±0.1651(4) 0.4999±0.1977(6) 0.3266±0.2546(9) 0.4866±0.1920(7) 0.5230±0.1992(5) 0.5930±0.1491(1)
GLRCNBI1 0.6728±0.2029(8) 0.7618±0.1236(2) 0.7695±0.0901(1) 0.7444±0.1139(5) 0.7373±0.1415(6) 0.6663±0.2159(9) 0.7293±0.1347(7) 0.7563±0.1327(3) 0.7480±0.1501(4)
GLRCNBI2 0.3142±0.2471(9) 0.5542±0.1771(2) 0.5448±0.1687(4) 0.5615±0.1526(1) 0.5467±0.1506(3) 0.3465±0.2591(8) 0.5302±0.1934(6) 0.5287±0.1666(7) 0.5340±0.1904(5)

Colon 1 0.6512±0.2010(9) 0.7294±0.1815(3) 0.7042±0.2152(7) 0.7498±0.1433(1) 0.7435±0.1507(2) 0.7045±0.1963(6) 0.6713±0.1998(8) 0.7232±0.1700(4) 0.7200±0.1639(5)
Leukemia 1 0.9122±0.1060(5) 0.9377±0.0958(1) 0.9319±0.0900(2) 0.9314±0.1299(3) 0.7785±0.0933(8) 0.8535±0.0952(7) 0.7361±0.2082(9) 0.9124±0.1793(4) 0.8820±0.0894(6)

Metas 1 0.4258±0.1629(9) 0.5482±0.0884(2) 0.5620±0.0783(1) 0.5437±0.0812(5) 0.5452±0.0840(4) 0.4655±0.1446(8) 0.5410±0.1009(6) 0.5226±0.1337(7) 0.5475±0.1181(3)
DrivFace1 0.8406±0.1060(9) 0.9033±0.0717(3) 0.9008±0.0747(5) 0.9023±0.0692(4) 0.8972±0.0738(6) 0.8595±0.0814(8) 0.9370±0.0478(2) 0.8858±0.0713(7) 0.9524±0.0436(1)
DrivFace3 0.7381±0.1871(9) 0.9029±0.0665(5) 0.9125±0.0560(3) 0.9085±0.0576(4) 0.9017±0.0600(6) 0.8310±0.0989(8) 0.9420±0.0450(2) 0.8979±0.0601(7) 0.9472±0.0354(1)

ARBT6 0.0000±0.0000(8.5) 0.2578±0.2307(3) 0.2359±0.2324(5) 0.0000±0.0000(8.5) 0.5086±0.1008(2) 0.0187±0.1173(7) 0.2463±0.3022(4) 0.1074±0.1849(6) 0.7061±0.1646(1)
ARBT5 0.1432±0.2576(9) 0.7247±0.1442(2) 0.7185±0.1193(3) 0.2061±0.3004(6) 0.5029±0.0718(5) 0.1718±0.2670(7) 0.1464±0.2518(8) 0.5583±0.1362(4) 0.8971±0.0695(1)

A stratified k-fold cross validation (k=2 in experience) is used for 35 times that 70 (2× 35) runs are conducted. Thus for each table cell, the mean and
standard deviation of corresponding performance on 70 runs are first recorded and then its rank among all methods is followed in one bracket. The best
rank for each row is highlighted as bold.
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TABLE S10: NN: average auc
Dataset Ori SMOTE ADASYN MWMOTE INOS AMDO SWIM GDO SCOS

Survival ¡5yr 0.5987±0.0909(9) 0.6346±0.0725(5) 0.6193±0.0676(6) 0.6119±0.0903(8) 0.6501±0.0638(2) 0.6502±0.0551(1) 0.6367±0.0772(4) 0.6186±0.0965(7) 0.6423±0.0775(3)
Biomed diseased 0.9251±0.0275(6) 0.9264±0.0266(5) 0.9226±0.0473(8) 0.9271±0.0301(4) 0.9243±0.0271(7) 0.9279±0.0247(3) 0.9283±0.0404(2) 0.9222±0.0374(9) 0.9318±0.0227(1)
Cancer wpbc ret 0.6585±0.0888(9) 0.7072±0.0647(1) 0.7043±0.0582(2) 0.6996±0.0574(3) 0.6883±0.0556(4) 0.6666±0.0936(8) 0.6708±0.0851(7) 0.6810±0.0655(5) 0.6740±0.0783(6)
Diabetes absent 0.8128±0.0272(8) 0.8136±0.0333(6) 0.8157±0.0254(5) 0.8134±0.0274(7) 0.8183±0.0227(3) 0.8213±0.0297(1) 0.8169±0.0269(4) 0.8081±0.0358(9) 0.8184±0.0261(2)
Hepatitis normal 0.8038±0.0798(8) 0.8203±0.0526(5) 0.8100±0.0600(7) 0.8205±0.0743(4) 0.8393±0.0402(1) 0.7989±0.0831(9) 0.8234±0.0734(3) 0.8248±0.0674(2) 0.8161±0.0523(6)

Housing MEDV¿35 0.9039±0.1173(9) 0.9433±0.0269(5) 0.9484±0.0229(3) 0.9374±0.0292(7) 0.9502±0.0236(1) 0.9358±0.0325(8) 0.9411±0.0225(6) 0.9465±0.0249(4) 0.9493±0.0242(2)
Spectf 0 0.8334±0.0376(8) 0.8457±0.0283(6) 0.8547±0.0262(1) 0.8493±0.0359(4) 0.8467±0.0388(5) 0.8367±0.0433(7) 0.8280±0.0372(9) 0.8503±0.0291(3) 0.8524±0.0282(2)

Iris setosa 0.9981±0.0158(9) 1.0000±0.0000(4.5) 1.0000±0.0000(4.5) 1.0000±0.0000(4.5) 1.0000±0.0000(4.5) 1.0000±0.0000(4.5) 1.0000±0.0000(4.5) 1.0000±0.0000(4.5) 1.0000±0.0000(4.5)
Vowel 3 0.9500±0.0724(9) 0.9837±0.0329(5) 0.9887±0.0307(2) 0.9812±0.0424(6) 0.9854±0.0332(4) 0.9523±0.0533(8) 0.9753±0.0416(7) 0.9873±0.0301(3) 0.9910±0.0220(1)
Vowel 8 0.8326±0.1349(9) 0.9429±0.0464(2) 0.9441±0.0394(1) 0.9322±0.0504(5) 0.9369±0.0431(4) 0.8508±0.0988(8) 0.8777±0.0506(7) 0.9317±0.0435(6) 0.9409±0.0414(3)

Waveform 0 0.9460±0.0104(6) 0.9512±0.0092(3) 0.9457±0.0106(7) 0.9522±0.0101(2) 0.9493±0.0114(5) 0.9552±0.0073(1) 0.9457±0.0127(8) 0.9400±0.0136(9) 0.9509±0.0117(4)
BreastTissue24 0.9038±0.0561(4) 0.9057±0.0458(3) 0.8997±0.0854(7) 0.8916±0.0755(9) 0.9065±0.0509(2) 0.8966±0.0608(8) 0.9023±0.0459(6) 0.9025±0.0438(5) 0.9129±0.0283(1)
BreastTissue3 0.6154±0.1448(9) 0.6748±0.0768(6) 0.6867±0.0561(2) 0.6898±0.0624(1) 0.6781±0.0575(5) 0.6385±0.1234(8) 0.6547±0.1130(7) 0.6792±0.0704(4) 0.6852±0.0591(3)

Ecoli2 0.9515±0.0145(6) 0.9548±0.0131(3) 0.9535±0.0112(5) 0.9543±0.0147(4) 0.9551±0.0132(1) 0.9512±0.0114(7) 0.9453±0.0246(9) 0.9485±0.0177(8) 0.9551±0.0109(2)
Ecoli3 0.9453±0.0217(5) 0.9504±0.0224(1) 0.9420±0.0287(7) 0.9468±0.0231(3) 0.9455±0.0235(4) 0.9433±0.0264(6) 0.9395±0.0251(8) 0.9382±0.0262(9) 0.9481±0.0228(2)
Glass5 0.8313±0.1864(9) 0.9257±0.0829(4) 0.9428±0.0629(1) 0.9171±0.0787(6) 0.9225±0.0966(5) 0.8613±0.1560(8) 0.9087±0.0868(7) 0.9282±0.0600(3) 0.9410±0.0550(2)
Glass7 0.9446±0.0405(8) 0.9465±0.0381(7) 0.9521±0.0377(2) 0.9547±0.0311(1) 0.9476±0.0342(5) 0.9496±0.0341(4) 0.9508±0.0404(3) 0.9323±0.0614(9) 0.9470±0.0378(6)

ImageSegmentation7 0.9989±0.0013(4) 0.9988±0.0016(7) 0.9993±0.0009(2) 0.9988±0.0015(6) 0.9995±0.0010(1) 0.9989±0.0013(5) 0.9982±0.0020(8) 0.9975±0.0030(9) 0.9991±0.0012(3)
ImageSegmentation5 0.9539±0.0194(6) 0.9663±0.0159(2) 0.9651±0.0191(4) 0.9654±0.0151(3) 0.9607±0.0146(5) 0.8892±0.1635(9) 0.9351±0.0177(8) 0.9497±0.0264(7) 0.9678±0.0138(1)
LibrasMovement11 0.8893±0.0644(8) 0.9113±0.0632(6) 0.9099±0.0566(7) 0.9120±0.0441(5) 0.9199±0.0484(3) 0.8885±0.1237(9) 0.9186±0.0386(4) 0.9199±0.0540(2) 0.9234±0.0432(1)
LibrasMovement15 0.8851±0.1343(9) 0.9584±0.0663(3) 0.9585±0.0517(2) 0.9467±0.0909(5) 0.9350±0.0792(6) 0.8980±0.1241(7) 0.8877±0.0905(8) 0.9556±0.0792(4) 0.9665±0.0654(1)

Pageblocks35 0.9401±0.0212(8) 0.9648±0.0116(2) 0.9609±0.0146(5) 0.9579±0.0231(6) 0.9634±0.0132(4) 0.9521±0.0184(7) 0.9115±0.0610(9) 0.9661±0.0129(1) 0.9640±0.0123(3)
StatlogVehicleSilhouettes3 0.9897±0.0059(3) 0.9909±0.0053(1) 0.9891±0.0070(4) 0.9881±0.0071(7) 0.9890±0.0078(5) 0.9890±0.0096(6) 0.9822±0.0170(9) 0.9830±0.0177(8) 0.9903±0.0052(2)
StatlogVehicleSilhouettes2 0.8035±0.0666(9) 0.8506±0.0378(3) 0.8515±0.0374(1) 0.8511±0.0310(2) 0.8479±0.0389(4) 0.8220±0.0497(7) 0.8179±0.0443(8) 0.8310±0.0480(6) 0.8424±0.0325(5)

WallFollowingRobotNavigation4 0.9809±0.0092(8) 0.9875±0.0048(2) 0.9865±0.0051(4) 0.9858±0.0062(5) 0.9874±0.0045(3) 0.9808±0.0073(9) 0.9855±0.0048(6) 0.9825±0.0106(7) 0.9889±0.0046(1)
Yeast789 0.7611±0.0907(8) 0.7970±0.0332(4) 0.7928±0.0331(5) 0.7894±0.0360(7) 0.7992±0.0300(3) 0.7912±0.0385(6) 0.7538±0.0640(9) 0.8041±0.0306(2) 0.8051±0.0335(1)
Yeast56 0.9239±0.1134(9) 0.9456±0.0147(4) 0.9433±0.0168(7) 0.9443±0.0160(6) 0.9479±0.0158(2) 0.9447±0.0175(5) 0.9428±0.0172(8) 0.9469±0.0142(3) 0.9485±0.0153(1)

DMEAntiVirus 0.9959±0.0049(6) 0.9969±0.0023(4) 0.9970±0.0021(2) 0.9965±0.0037(5) 0.9975±0.0035(1) 0.9805±0.0829(9) 0.9955±0.0090(7) 0.9944±0.0080(8) 0.9969±0.0023(3)
ParkinsonsDC 0.8316±0.0620(8) 0.8643±0.0268(2) 0.8634±0.0240(4) 0.8633±0.0232(5) 0.8667±0.0206(1) 0.8538±0.0257(7) 0.8211±0.0364(9) 0.8606±0.0202(6) 0.8639±0.0243(3)

GLRCWL1 0.8574±0.0849(7) 0.8740±0.0767(4) 0.8772±0.0785(2) 0.8744±0.0554(3) 0.8643±0.0582(6) 0.8365±0.1149(8) 0.7063±0.1458(9) 0.9004±0.0468(1) 0.8706±0.0698(5)
GLRCWL2 0.6355±0.1233(7) 0.6981±0.1025(3) 0.7204±0.1077(1) 0.6916±0.1020(4) 0.6618±0.1106(6) 0.6267±0.1273(8) 0.6159±0.1152(9) 0.7185±0.1032(2) 0.6915±0.0956(5)
GLRCNBI1 0.8522±0.1120(8) 0.8940±0.0681(3) 0.8984±0.0515(1) 0.8787±0.0742(5) 0.8883±0.0745(4) 0.8421±0.1393(9) 0.8555±0.0631(7) 0.8949±0.0848(2) 0.8757±0.0874(6)
GLRCNBI2 0.6270±0.1324(8) 0.6986±0.1027(4) 0.7003±0.0863(3) 0.6935±0.0789(5) 0.7128±0.0854(1) 0.6164±0.1424(9) 0.6560±0.1109(7) 0.7028±0.0842(2) 0.6642±0.1149(6)

Colon 1 0.7836±0.1351(8) 0.8140±0.1229(5) 0.8156±0.1220(4) 0.8277±0.1062(3) 0.8456±0.0786(1) 0.8058±0.1164(6) 0.7715±0.1625(9) 0.8296±0.1155(2) 0.7991±0.1388(7)
Leukemia 1 0.9761±0.0572(3) 0.9864±0.0267(1) 0.9796±0.0817(2) 0.9730±0.0824(4) 0.8942±0.0605(8) 0.9423±0.0648(7) 0.8769±0.1681(9) 0.9715±0.0804(5) 0.9632±0.0684(6)

Metas 1 0.6155±0.0845(7) 0.6506±0.0625(3) 0.6575±0.0652(1) 0.6464±0.0657(4) 0.6527±0.0516(2) 0.6082±0.1002(8) 0.6077±0.0743(9) 0.6449±0.0601(5) 0.6208±0.0803(6)
DrivFace1 0.9884±0.0203(8) 0.9946±0.0108(5) 0.9957±0.0041(2) 0.9949±0.0061(4) 0.9957±0.0046(1) 0.9881±0.0240(9) 0.9908±0.0124(7) 0.9945±0.0076(6) 0.9951±0.0042(3)
DrivFace3 0.9653±0.0458(9) 0.9767±0.0514(7) 0.9835±0.0151(2) 0.9819±0.0187(4) 0.9808±0.0176(6) 0.9691±0.0371(8) 0.9813±0.0190(5) 0.9831±0.0150(3) 0.9844±0.0147(1)

ARBT6 0.7198±0.1955(6) 0.9652±0.0615(3) 0.9754±0.0248(2) 0.7159±0.1678(7) 0.5273±0.1130(9) 0.7380±0.2096(5) 0.6761±0.1756(8) 0.9805±0.0154(1) 0.9131±0.0752(4)
ARBT5 0.8268±0.2054(8) 0.9825±0.0488(3) 0.9879±0.0061(2) 0.8373±0.1891(6) 0.5132±0.0791(9) 0.8314±0.1961(7) 0.8429±0.2007(5) 0.9897±0.0057(1) 0.9586±0.0512(4)

A stratified k-fold cross validation (k=2 in experience) is used for 35 times that 70 (2× 35) runs are conducted. Thus for each table cell, the mean and
standard deviation of corresponding performance on 70 runs are first recorded and then its rank among all methods is followed in one bracket. The best
rank for each row is highlighted as bold.


