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Abstract—Fuzzy systems offer a formal and practically pop-
ular methodology for modelling nonlinear problems with in-
herent uncertainties, entailing strong performance and model
interpretability. Particularly, semi-supervised boosting is widely
recognised as a powerful approach for creating stronger ensemble
classification models in the absence of sufficient labelled data
without introducing any modification to the employed base
classifiers. However, the potential of fuzzy systems in semi-
supervised boosting has not been systematically explored yet. In
this study, a novel semi-supervised boosting algorithm devised
for zero-order evolving fuzzy systems is proposed. It ensures
both the consistence amongst predictions made by individual
base classifiers at successive boosting iterations and the respec-
tive levels of confidence towards their predictions throughout
the process of sample weight updating and ensemble output
generation. In so doing, the base classifiers are empowered to
gradually focus more on challenging samples that are otherwise
hard to generalise, enabling the development of more precise
integrated classification boundaries. Numerical evaluations on a
range of benchmark problems are carried out, demonstrating the
efficacy of the proposed semi-supervised boosting algorithm for
constructing ensemble fuzzy classifiers with high accuracy.

Index Terms—boosting; classification; fuzzy system; semi-
supervised.

I. INTRODUCTION

EMI-SUPERVISED learning is a hybridization between
supervised and unsupervised learning [1], [2]. Semi-
supervised learning goes beyond conventional supervised
learning by leveraging a great amount of unlabelled data sam-
ples along with a small amount of labelled one to construct a
precise classification model, thereby overcoming the labelling
bottleneck in light of the scarcity of labelled data. Thanks
to the appealing capability of achieving greater classification
performance with less human labour, semi-supervised learning
has gained growing attentions in recent years and is now one of
the most hotly studied topics in the field of machine learning.
Existing semi-supervised learning algorithms [2] can be
categorized broadly into two major groups, namely, 1) in-
ductive approaches and 2) transductive approaches. Inductive
approaches [3]-[7] generally extend mainstream supervised
classification algorithms, such as decision tree (DT), k-nearest
neighbours (kKNN), support vector machine (SVM), artificial
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neural network (ANN), etc., to incorporate unlabelled data
in model training, yielding a stronger classifier. In contrast,
transductive approaches [8]-[11] do not produce a classifi-
cation model but directly provide predictions on unlabelled
data presented during training. Such approaches generally
construct a graph structure from both labelled and unlabelled
data with samples sharing similar characteristics connected
by edges, and then assign labels to unlabelled samples by
propagating labelling information along the edges of the graph.
Transductive approaches typically offer greater classification
performance because their predictions over unlabelled data
are directly optimized based on the labelled ones. However,
the predictive power of transductive approaches is limited
to the unlabelled training samples only because they do not
build classification model, whilst the classifiers learned by
inductive approaches can be used for classifying any unseen
data samples in the same data space [1], [12].

Wrapper methods are among the best known inductive ap-
proaches for semi-supervised learning [2], [12] that can prac-
tically be used to extend any standard supervised classification
algorithms. Wrapper methods, which include self-training [6],
[13], co-training [8], [14] and ensemble learning [15]-[18],
iteratively train one or multiple supervised base classifiers
from labelled training samples and selected unlabelled samples
with the most confident predictions made by base classifiers
at earlier iterations, namely, pseudo labels.

Different from other wrapper methods, semi-supervised
boosting extends conventional supervised boosting algorithms
[19]-[21] by utilizing pseudo-labelled samples to augment la-
belled training data at each boosting iteration. Semi-supervised
boosting trains individual base classifiers sequentially with
various distributed labelled and pseudo-labelled data through
an iterative process. Similar to supervised boosting [22],
semi-supervised boosting gives extra sample weights to these
difficult-to-classify ones (both labelled and unlabelled) at each
iteration to force base classifiers to gradually focus on them,
and combines the obtained base classifiers into a stronger
ensemble classifier via weighted majority voting, where more
weights are given to these more accurate base classifiers. Semi-
supervised boosting can effectively improve the classification
performance of any supervised classifiers using unlabelled data
when there lacks sufficient labelled training data. However,
existing studies employ mainstream supervised classifiers as
the ensemble components and have reported promising per-
formance, but they pay less attentions to the transparency
and explainablity of the constructed ensemble classifiers [15]—
[18]. With the wider use of AI models in high-stakes ap-
plications in domains such as healthcare, finance, legal, etc.
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[23], [24], transparency and explainablity have become the
pressing issues in machine learning research. There is an
urgent demand for developing novel semi-supervised ensemble
models that offer both great predictive performance and high
model interpretability.

Fuzzy systems are widely used for modelling nonlinear
problems with real-world uncertainties in the form of easy-
to-interpret linguistic IF-THEN fuzzy production rules [25].
They attempt to mimic human reasoning rather than the
brain structure, and have regained increasing attention in the
current move towards explainable AI [26]-[29]. Evolving
fuzzy systems (EFSs) are a class of fuzzy systems that
are capable of self-developing and self-updating the system
structure and parameters online from data streams in a single-
pass manner, efficiently transforming the learned knowledge
into human-interpretable fuzzy rules [29]. Zero-order EFSs
[30]-[33] are a special group of EFSs that construct a set
of prototype-based IF-THEN rules with singleton consequent
parts from data to perform fuzzy inference. Compared with
fuzzy systems of other types [34]-[37], zero-order EFSs have
simpler model structures and lower computational complexity.
Their internal reasoning and decision-making are based on
the mutual distances of data and, thus, inherently explainable.
However, a major issue associated with fuzzy systems (in-
cluding zero-order EFSs) is that the prediction performance
of a fuzzy system is usually limited on high-dimensional,
large-scale complex problems without building a oversized
rule base. However, system obesity will inevitably reduce the
interpretability and efficiency of the learned model [28].

A feasible solution to improve the performance of individual
fuzzy systems without trading off their interpretability is to
build ensemble models for problems with high complexity.
There have been a few ensemble models employing fuzzy
systems as ensemble components in the literature, offering
greater prediction accuracy. For instance, in [38], [39], an
AdaBoost-based approach to construct ensemble systems from
neuro-fuzzy systems is proposed. To ensure that all the base
models contribute equally in decision-making, an approach
to normalize the activity levels of different base models is
also proposed in [39]. An ensemble fuzzy rule-based system
with attribute regrouping is introduced by [40] to tackle high-
dimensional problems. The core idea of this approach is to
train multiple base classifiers with different lower dimensional
projections of training data to form an ensemble, bypassing
the so-called “curse of dimensionality” problem. The very first
ensemble fuzzy system using EFSs as base learner is proposed
in [41] for data stream classification. An EFS-based ensemble
system named parsimonious ensemble (pENsemble) is de-
scribed in [42]. pENsemble has a flexible evolving ensemble
structure that can automatically add and/or prune base models
to self-adapt the new patterns of data streams, and is able
to perform online attribute selection to reduce computational
overheads. An extension of pENsemble, namely, pENsemble+
is proposed by [43]. pPENsemble+ can actively select training
samples for base classifier updating and is equipped with an
ensemble merging mechanism, which merges base classifiers
with strong mutual correlation together instead of pruning
them to better preserve the diversity between base classifiers.

In [44], an online-learning ensemble composed of multiple
evolving optimal granular systems (eOGSs) is proposed for
time-series prediction. Despite that the base models are all fed
with the same data stream, each individual base model uses
a different parameter setting from others, and the diversity
between base models is thereby attained. The possibility of
constructing deep ensemble models with fuzzy systems is
firstly explored in [45], resulting in a multi-layered ensemble
evolving fuzzy model that can learn multi-layered distributed
representations from data for classification. A fuzzily weighted
adaptive boosting (FWAdaBoost) algorithm that utilizes con-
fidence scores produced by zero-order EFSs in both weight
updating and ensemble output generation to create stronger
ensemble evolving fuzzy classifier is introduced in [46]. In
[47], an online bagging-based ensemble fuzzy classifier that
can autonomous prune base fuzzy classifiers with higher
prediction errors is presented. An online sequential ensemble
of fuzzy predictors for chunk-wise data stream learning is
introduced in [48], which learns a separate fuzzy predictor
from each data chunk to maximize the processing speed and
reduce system obesity. However, the vast majority of existing
studies on ensemble fuzzy systems are conducted in the fully
supervised scenarios. The use of fuzzy systems in semi-
supervised boosting has not been explored yet.

To bridge this gap, in this paper, a novel semi-supervised
boosting algorithm named, Semi-Supervised Fuzzily Weighted
Adaptive Boosting (SSFWAdaBoost) is proposed for con-
structing stronger ensemble fuzzy systems for multi-class
classification by using EFSs, in particular, zero-order ones
as implementation basis. SSFWAdaBoost extends the recently
introduced FWAdaBoost algorithm [46] by incorporating un-
labelled samples into the iterative boosting process to con-
struct more precise classification boundaries in the absence of
sufficient labelled data. SSFWAdaBoost uses the confidence
scores produced by individual base classifiers in sample weight
updating for both labelled and pseudo-labelled samples. Its
unique sample weight updating scheme forces the base clas-
sifiers to gradually focus more on difficult-to-classify labelled
samples as well as these unlabelled samples with conflicting
predictions produced by individual base classifiers. The uti-
lization of confidence scores in sample weight updating also
slows down the weight decline for data samples with low clas-
sification margins, especially, these correctly classified ones,
enabling the base classifiers to pay sufficient attention to them
in later iterations. The consistence between the predicted labels
at successive boosting iterations is considered in ensemble
output generation such that individual base classifier showing
greater consistency with their predecessors will receive higher
weights and contribute more in the final ensemble outputs.
Numerical studies on benchmark datasets demonstrate that
SSFWAdaBoost can construct highly accurate ensemble clas-
sifiers with zero-order EFSs as the ensemble components from
a combination of labelled and unlabelled data, outperforming
the state-of-the-art classification approaches involved in the
experimental investigations. It is further demonstrated that
SSFWAdaBoost can be utilized to improve the classification
performance of first-order EFSs. To summarize, key features
of SSFWAdaBoost include:
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1) it is a generic semi-supervised boosting algorithm de-
signed specifically for zero-order EFSs to build stronger
ensemble models for classification without introducing
any modification to the employed system;

2) it integrates both the consistence between the predictions
produced by individual base classifiers and their respec-
tive levels of confidence in sample weight updating and
ensemble output generation;

3) it encourages the base classifiers to focus on more
challenging labelled and pseudo-labelled samples whilst
paying sufficient attention to these samples with low
classification margins, thereby achieving greater classi-
fication accuracy.

The remainder of this paper is organized as follows. The
theoretical background of this study is provided by Section II.
The proposed SSFWAdaBoost is described in Section III and
a theoretical analysis on the bound of training error is also
given. Numerical examples are presented in Section VI as the
proof of concept. This paper is concluded by Section V.

II. PRELIMINARIES

In this section, basic knowledge of zero-order EFSs and
FWAdaBoost is recalled briefly as the foundation of this study.

First of all, let X = {wxy,xs,...,2r1x} (@ =
[Tk 1, Tk 2y Te ] € RM) be a particular dataset in the
M dimensional real data space, R™, where the subscript
k denotes the time instance at which @ is observed. It
is assumed that X is composed of data samples of C
different classes. Only the class labels of first L samples,
Xy = {x1,@9,..,xp} are available a priori, denoted as
Y. = {y1,y2,--yr} (yr € 1,2,...,C). The remaining K
data samples, X = {11, T2, ..., £L+ Kk } are unlabelled.
There are X; UXg = X and X;, N Xg = Q.

A. Zero-order EFSs

Using AnYa type fuzzy rules as example [49], a standard
zero-order EFS is composed of C' IF-THEN rules in the
following form (¢ = 1,2, ..., C; one rule per class) [29]:

R.: IF (m ~ ac,l) OR ... OR (513 ~ aC,Pc) (1)
THEN (y = c)
where ac; = [ac,i,hac}i,% .. .JL:,@‘,M]T is the ith premise

part (prototype) of R.; “~” denotes similarity; P, is the total
number of prototypes associated with R..

Prototypes of zero-order EFSs are typically identified from
empirically observed data samples through a single-pass, non-
iterative process based on their ensemble properties and mutual
distances. They help preserve the structure and underlying
patterns of data, and form the knowledge bases of the resulting
systems for performing reasoning and making inference.

Conventional zero-order EFSs follow the “winner takes
all” principle for decision-making based on the confidence
scores. Given a particular unlabelled data sample, @, each IF-
THEN rule (assuming the ¢t one) of the zero-order EFS will
produce a confidence score, denoted as A.(x), namely, one
score per rule/class. Although different zero-order EFSs may
calculate confidence scores differently [29], A.(x) is usually

obtained based on the similarity between o and the prototypes
associated with R.. Taking the self-organising fuzzy inference
system (SOFIS) [32], [46] as an example, the confidence score
of the ¢'* IF-THEN rule, R, on z is derived by Eq. (2):

)\C(Zl?) — efllmfa'c,n*ll2 (2)

where ||z — y|| = /(z — y)T(z — y); acn- denotes the

nearest prototype to x in the data space that is associated

with R.; and there is n* = argmin,_, , _p (|[x — ac;l]?).
The class label, § of x is then determined by the IF-THEN

rule with the highest confidence score as follows [29]:

arg max (A;(x)) 3)

c=1,2,...,

* *

y:C;C:

B. FWAdaBoost

FWAdaBoost is a recently introduced boosting algorithm
designed for constructing stronger fuzzy ensemble classifiers
with zero-order FISs as the ensemble components. The algo-
rithmic procedure of FWAdaBoost is summarized by Algo-
rithm 1 [46].

Different from alternative boosting algorithms, FWAd-
aBoost uses the confidence scores produced by its individual
ensemble components in sample weight updating as Eq. (4),
such that higher weights are assigned to hard-to-classify
samples and these with lower classification margins, resulting
in more precise combined classification boundaries [46].

Wi_1 ke*aﬂﬂt,k

Wi p = 4

bk W, 4)

where w; j, is the weight of x;, (z;, € X;) at the t*" iteration;
«; is the weight of the t'" base classifier, hy(x); t = 1,2, ..., T

T is the number of iteration; W; = Zlewt,lﬁke_o‘”’f»k
is a normalization factor; ¢, ; is defined by Eq. (5) as the
difference between the confidence score corresponding to the
true class of @y, namely, \; ,, () and the highest confidence
score excluding Ay, () produced by hi(x) [46]:

Otk = Ay, (@Tk) — . Rax At,e(Tr)) 5)

.,C ;(
cFYk

Another key feature of FWAdaBoost is the utilization of
confidence scores in its ensemble output generation as given
by Eq. (6). In so doing, the higher confident predictions made
by the individual ensemble components will play a greater
role than these less confident predictions in the final ensemble
outputs, leading to greater overall classification accuracy [46].

T

arg max ; Aif/i,c (6)
c:l,gQ ..... C(; 4 )

F(x) =

where ¢, is defined by Eq. (7) as the difference between
the highest and second highest confidence scores produced by
hi(x) with respect to x, and Yt’c is a C-dimensional encoded
vector from the predicted label, 4; as Eq. (8) [46].

b= M@ = _max  (\o(@)) ™

£t

n 1 ) =
Vo={ b o= )
—C—1 else
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It is worth mentioning that FWAdaBoost uses only two
confidence scores for sample weight updating and ensemble
output generation each time. Therefore, it is suitable for both
binary and multi-class classification problems.

Algorithm 1 FWAdaBoost.
input: training data, X;, and Y 1 ; number of iteration, 7'; base
classifier, h(x).
for k=1to L do
initialize sample weight as: wo , = 1;
end for
for t=1to T do
train base classifier h,(x) with weighted X, and Y 1;
use hy(x) to predict the class labels Y, of Xp:
calculate the prediction error, ;¢ of hi(x) by Eq. (9);

L
o= w1k I(fk # i) ©)

k=1

if ¢; < % and ; > 0 then
calculate classifier weight, a; by Eq. (10);
1 1-— Et

==
a 2(n( E¢

for k=1to L do
update sample weight, w; ;, by Eq. (4);
end for
else
Q< 0,
for k. =1to L do
Wi,k < Wi—1,k;
end for
end if
end for

) +1In(C — 1)) (10)

output: ensemble classifier, F'(x).

III. PROPOSED SSFWADABOOST ALGORITHM

As aforementioned, SSFWAdaBoost is a semi-supervised
boosting algorithm designed to construct a strong ensem-
ble fuzzy classifier from both labelled and unlabelled data
with minimal requirement of human labelling efforts. In this
section, technical details of the proposed SSFWAdaBoost
algorithm are presented.

The diagram of SSFWAdaBoost is depicted in Fig. 1. As
shown in Fig. 1, SSFWAdaBoost trains a total 7' + 1 base
classifiers from data, but the first base classifier, ko (x) will not
take part in the ensemble output generation. SSFWAdaBoost
employs the same ensemble output generating scheme used by
FWAdaBoost, such that confidence scores produced by indi-
vidual ensemble components can be utilized to generate more
precise ensemble outputs [46]. However, SSFWAdaBoost fur-
ther utilizes the unlabelled data samples with the predicted
class labels to augment the labelled training set by exploiting
the so-called “pseudo labelling” technique [5]. By gradually
adjusting the weights of both labelled and unlabelled samples
based on the confidence scores produced at each boosting
iteration, SSFWAdaBoost is able to focus more on these highly

—>| Sampling |—>|h1(x)
—Pl Sampling |—>|hz(x)
v

—Fl Sampling |—>|h1-(.x)
Fig. 1: Diagram of SSFWAdaBoost.

challenging samples and achieve greater classification accu-
racy with the extra information learned from unlabelled data.
Note that, the proposed SSFWAdaBoost is a generic boosting
algorithm capable of constructing ensemble fuzzy systems
with greater classification accuracy in the absence of sufficient
labelled data from different types of zero-order EFSs that
calculate the confidence score for each class separately and
utilize a similar decision-making scheme as given by Eq. (3)
for fuzzy inference. It will be demonstrated in Section VI that
SSFWAdaBoost can also be used for boosting the classification
performance of multiple-input multiple-output (MIMO) first-
order EFSs with only minor modification introduced to the
ensemble components for rescaling the value range of system
outputs.

A. Proposed Boosting Scheme

The proposed algorithm is presented in Algorithm 2 and
explained in detail as follows.

To incorporate unlabelled data in boosting, a base classifier,
ho(x) (t = 0) is firstly trained with the labelled data samples,
Xy and Y, and used to predict the class labels, Y K,0 of
unlabelled data samples, X [15]. Then, X; and X are
combined to build the augmented training set by Eq. (11) with
YK,O used as the pseudo labels of Xk

X* X, UXg: Yo YUYk (11)

Note that ho(x) is used for producing the initial pseudo
labels for unlabelled samples only. It will not participate in
the ensemble output generation.

The weights of data samples within X* are then initialized
by Eq. (12):

12)

where ¢, is defined by Eq. (7); Wy is the normalization

factor:
L+K

1 1
= — —_— D
Wo 2+2K E ©0,k
k=L+1

13)

Remark 1. There are two reasons for initializing the weights
of labelled and pseudo-labelled samples differently as Eq. (12).
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First, to obtain a meaningful base classifier, labelled samples
should play an instrumental role in model training rather than
heavily relying on pseudo-labelled samples, especially in the
cases where labelled samples are scarce but unlabelled samples
are plentiful (namely, L < K). Second, samples with highly
confident pseudo labels should weight more than samples with
less confident pseudo labels to reduce the pseudo-labelling
errors accumulated in the base classifiers.

Then, the iterative boosting process of SSFWAdaBoost
begins (¢ < t+ 1) by training a new base classifier h;(x) with
the weighted X* with the corresponding class labels, Y. The
base classifier h;(x) is used to predict the class labels, Y, of
X* with the prediction error calculated by Eq. (14).

L+K

eo=>_ w1 kl(fex # yi1x)

k=1

(14)

where 3, 1, € Y, and Yi 1 € Y, ;.

Remark 2. By treating the pseudo labels as true labels for
these unlabelled samples, the prediction error, €, of h;(x) is
calculated based on both labelled and pseudo-labelled samples.
In so doing, the accordance between pseudo labels generated
at the previous boosting iteration and the predicted labels at
the current iteration is considered, and these base classifiers
that show greater consistency with their predecessors and make
less errors on classifying labelled samples will receive higher
classifier weights and contribute more in the ensemble outputs.

If the prediction error ¢, satisfies the condition specified by
Algorithm 2, the classifier weight, a; is calculated by Eq. (10),
and the sample weights are updated by Eq. (15):

—atey g .
weorse TN @ e X,y
Wtk = —ar @y k1t k (15)
’ Wi—1,k€ .
- W, if xp € Xg

where Iy = (Gt = y; 1) — Wbtk # yi_14)s #rk and
¢,k are calculated by Eqgs. (5) and (7), respectively, and; W}
is defined as:

L+K
§ : § : — I
Wy 1ke at@tk_’_ Wi _ 1ke atPt k1t K (16)
k=1 k=L+1

Remark 3. The weights of pseudo-labelled samples are
updated differently from the weights of labelled samples by
Eq. (15) due to the lack of true labels for them. This weight
updating scheme gives greater sample weights to hard-to-
classify labelled samples and these unlabelled samples with
inconsistent pseudo labels over successive boosting iterations,
thereby forcing the base classifiers to gradually focus on them.

After both the classifier and sample weights have been
updated to the latest, a partial ensemble classifier, Fy(x) is
built using Eq. (17) to produce a new set of pseudo labels,
Y Kt for X K-

Fi(x) = argmax Z%% Yi.) (17)

c=1,2,..., i—1
The class labels of the augmented training set X* is then
updated as:

Yr (*YLUY[Qt (18)

Otherwise, namely, the prediction error, ¢, fails to meet the
condition specified by Algorithm 2, the classifier weight of
he(x) is set to be oy = 0, and the class labels of the augmented
training set and sample weights stay the same for the next
boosting iteration:

YI — Y:—ﬁ Wt | < wt_l,k,mG cX* (19)

Once the current iteration finishes, SSFWAdaBoost starts
the next boosting iteration until the maximum number of
iteration, 1" is reached.

Algorithm 2 SSFWAdaBoost.
input: training data, Xy, Y and Xy ; number of iteration,
T'; base classifier, hA(x).
train base classifier ho(x) with X, and Y ;
use ho(x) to predict the class labels Y K0 of Xg;
obtain augmented training set X* and Y, by Eq. (11);
for k=1to L+ K do
initialize sample weight wq 5, by Eq. (12);
end for
fort=1to T do
train base classifier h(z) with weighted X* and Y;_;;
use hy(x) to predict the class labels Y, of X} |;
calculate the prediction error, &; of h:(x) by Eq. (14);
if e, < <% and ; > 0 then
calculate classifier weight, a; by Eq. (10);
for k=1to L+ K do
update sample weight, w, ;, by Eq. (15);
end for
create partial ensemble classifier F;(x ) by Eq. (17);
use Fi(x) to predict the class labels Y K.t of Xk
update Y;_; to Y; by Eq. (18);

else
ap = 0
Y <Y,

fork—lto L+ K do
Wik < Wt—1,k>
end for
end if
end for

output: ensemble classifier F'(x).

B. Theoretical Justification

The upper bound of the training error (classification error
rate on labelled training samples) of SSFWAdaBoost is given
by Theorem 1.

Theorem 1: The following upper bound holds for the
training error, e, of the semi-supervised ensemble classifier
constructed by SSFWAdaBoost from both labelled and unla-
belled training samples:

=t Y

xreEX]L

(G # yr) < Wr, - HWt
t=0

(20)

where Wr p, = 2(3_, cx, WT.k)-
Detailed proof to Theorem 1 is given by Supplementary
Section S1. Note that this proof is derived on the basis of the
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mathematical proof of Theorem 1 in [46] and is inspired by
[20], [21].

Remark 4. Theorem 1 gives the upper bound of the pre-
diction errors made on the labelled training samples by the
SSFWAdaBoost-based ensemble systems. However, due to the
lack of ground truth for the unlabelled samples, it is not possi-
ble to provide an upper bound for the prediction error made on
the unlabelled samples. Nevertheless, it will be demonstrated
by numerical examples in Section IV that SSFWAdaBoost
can effectively improve the classification performance of zero-
order EFSs by utilizing a large amount of unlabelled data
samples to augment the labelled training set at each boosting
iteration via pseudo-labelling.

IV. EXPERIMENTAL INVESTIGATION
A. Configuration

In this section, numerical examples on popular bench-
mark classification problems are presented to demonstrate
the efficacy of the proposed SSFWAdaBoost. In this study,
three mainstream zero-order EFSs, namely, SOFIS [32], zero-
order autonomous learning multi-model system (ALMMo0)
[31] and self-organizing fuzzy belief system (SOFIBS) [33]
are employed as the base classifiers for demonstrating
the peformance of SSFWAdaBoost. For clarity, the ensem-
ble classifiers constructed by SSFWAdaBoost with SOFIS,
ALMMOo0 and SOFBIS as the ensemble components are de-
noted as SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMo0
and SSFWAdaBoost-SOFBIS, respectively.

In this study, a total of 18 numerical datasets from UCI
Machine Learning Repository' and Keel Dataset Repository?
are employed for performance demonstration, which include
1) Firm teacher (FT); 2) Cardiotocography (CA); 3) German
credit (GC); 4) Mammography (MA); 5) Occupancy detection
(OD); 6) Wall-following robot navigation (WF); 7) Segment
(SE); 8) Letter recognition (LR); 9) Optical recognition of
handwritten digits (OR); 10) Pen-based recognition of hand-
written digits (PR); 11) Phishing websites (PW); 12) Multiple
features (MF); 13) Page-blocks (PB); 14) Shill bidding (SB);
15) Semeion handwritten digit (SH); 16) Texture (TE); 17)
Gesture phase segmentation (GP) and 18) Image segmentation
(IS). To evaluate the performance of SSFWAdaBoost on high-
dimensional problems, four popular visual datasets,namely,
MNIST?, Fashion MNIST (FMNIST)*, MNIST permutations
(PMNIST) and rotations (RMNIST)> are employed for exper-
imenting. In running the experiments, each image of the four
visual datasets (with the uniform size of 28 x 28 pixels) is
converted into a 784 x 1 dimensional vector in advance. Key
information of the benchmark problems used for performance
demonstration is summarized by Supplementary Table SI.
Note that BA dataset is employed for visualization purpose
only due to its relatively simpler structure and smaller size.

The algorithms are developed using MATLABR2021b plat-
form and experiments are performed on a desktop with dual

! Available at: https://archive.ics.uci.edu/ml/index.php

2 Available at: https:/sci2s.ugr.es/keel/index.php

3 Available at: http://yann.lecun.com/exdb/mnist/

4 Available at: https://github.com/zalandoresearch/fashion-mnist
5 Available at: https:/nlp.stanford.edu/projects/mer/

core i7 processor 3.80 GHzx2 and 32.0 GB RAM. By
default, all the reported experimental results are obtained as the
average of 10 Monte Carlo experiments in offline scenarios for
fair comparison. To allow a certain degree of randomness, in
each experiment, the data is divided into different subsets for
semi-supervised learning based on the given splitting ratio in a
purely random manner. All the numerical examples presented
in Sections IV.B, IV.C and IV.D are carried out under the
transductive setting and the numerical examples presented in
Section IV.E are carried out under the inductive setting. Unless
specifically declared otherwise, the number of base classifiers,
T is set to be 20 for SSFWAdaBoost following the same
setting as [16], [46], [50]. The level of granularity, G for
SOFIS is set to be 12 following the recommended setting by
[32], [46], the level of granularity, G' for SOFBIS is set to be
9 as suggested by [33], and ALMMo0 uses the default setting
as given by [31]. Note that these are the recommended pa-
rameter settings for SSFWAdaBoost-SOFIS, SSFWAdaBoost-
ALMMOo0 and SSFWAdaBoost-SOFBIS, which may perform
differently from problem to problem.

B. Sensitivity Analysis

To understand how the number of base classifiers, T' influ-
ences the performances of the ensemble fuzzy systems built
by SSFWAdaBoost, a sensitivity analysis is performed using
the following six numerical datasets, namely, FT, CA, GC,
MA, OD and WF, and the analysis results are presented in the
Supplementary Section S3.

It can be observed from Supplementary Table S2 and
Fig. S1 that by increasing the number of base classi-
fiers from 1 to 30, the average classification error rates
of SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMo0O and
SSFWAdaBoost-SOFBIS are reduced from 0.2009 to 0.1802,
0.2300 to 0.1955 and 0.1603 to 0.1573, respectively. In other
words, the performances of the three ensemble fuzzy models
are improved by 11.49%, 17.65% and 1.91%, respectively.
This shows that SSFWAdaBoost is able to construct ensem-
ble fuzzy classifiers with greater accuracy by increasing the
number of base classifiers in the ensemble structure. One may
also notice that the more base classifiers are created to build
the ensemble, the more computational resources the ensemble
system consumes, whilst the less performance improvement is
observed by further increasing the ensemble scale. In addition,
it can be observed from Supplementary Table S3 that by
using pseudo-labelled samples to augment the training set at
each iteration, the base classifiers are able to identify more
prototypes from both labelled and unlabelled training samples
and gradually become more focused on these challenging,
hard-to-classify samples during the training process. Hence,
there is a notable increase in the number of prototypes from
the base classifier ho(x) (trained by a smaller amount of
labelled samples only) to the base classifier /1 (x) (trained by
a combination of labelled and pseudo-labelled samples). With
the increasing weights given to these hard-to-classify samples
over the boosting process, the learned base classifiers (from
hi(x) to hsg(x)) will gradually focus on these samples and the
numbers of prototypes identified from the augmented training
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data will decrease accordingly because of the utilization of
weighted sampling with replacement. Due to the same reason,
if the base classifier ho(x) is less accurate and makes more
pseudo-labelling errors, an increase in the number of proto-
types in the base classifiers trained at the first few boosting
iterations can be expected because these base classifiers tend
to show greater inconsistency in the predictions, causing the
weights of some less challenging data samples to increase (for
example, see the results obtained using ALMMOo0 as the base
classifier in Supplementary Table S3). Very importantly, the
ensemble systems offer greater classification performances on
unlabelled samples surpassing any individual base classifiers
(see Supplementary Tables S2 and S3). This further verifies the
validity of the proposed semi-supervised boosting algorithm.

It has to be stressed that a globally optimal setting does not
exist theoretically. In practice, to maximize the performances
of SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMo(O and
SSFWAdaBoost-SOFBIS, one may need to adjust the parame-
ter setting according to the nature of data. Nevertheless, it will
be demonstrated by the numerical examples presented in the
rest of this section that, with the recommended settings, the
ensemble fuzzy systems built by SSFWAdaBoost can achieve
superior classification performance, surpassing or, at least, on
par with alternative single-model and multi-model competitors
on 16 benchmark problems different from the ones used for
sensitivity analysis.

C. Ablation Analysis

In this section, ablation analysis is performed to demon-
strate the effectiveness of the weight initialization and up-
dating schemes designed for SSFWAdaBoost. The classifica-
tion performances of ensemble fuzzy systems built by SS-
FWAdaBoost are compared with the ensemble fuzzy systems
built by two alternative versions of SSFWAdaBoost, denoted
as SSFWAdaBoost; and SSFWAdaBoost,, respectively. In
SSFWAdaBoost,, the initial weights of the pseudo labelled
samples are all set to be uniformly the same, ﬁ by
removing ¢ ; from Eq. (12). In SSFWAdaBoost,, on top of
the modification introduced to SSFWAdaBoost;, the weight
updating scheme is further simplified by removing ¢; ; and
¢ from Eq. (15) following the standard approach used by
SAMME [21]. The performance of SSFWAdaBoost is com-
pared against SSFWAdaBoost; and SSFWAdaBoost, on the
same six numerical datasets used for sensitivity analysis under
the same experimental settings, and the results are reported
in Supplementary Table S4 in terms of average classification
error rates on the unlabelled samples per dataset. It can be seen
from this table that SSFWAdaBoost is able to offer greater
classification accuracy than its two alternatives in all cases
with the only exception that SSFWAdaBoost; outperforms
the original design with SOFBIS as the base classifier on
FT dataset. This, again, demonstrates the effectiveness of the
designed weight initialization and updating schemes.

D. Performance Demonstration under Transductive Setting

In this section, numerical experiments are carried out under
the transductive setting for performance evaluation, where the

performances of the semi-supervised classifiers are evaluated
directly on the unlabelled data used for training [2].

1) Performance comparison against alternative boosting al-
gorithms: First, numerical experiments are conducted to com-
pare the performance of the proposed SSFWAdaBoost against
the following eight popular supervised and semi-supervised
boosting algorithms: 1) FWAdaBoost [46]; 2) AdaBoost.M1
[19]; 3) AdaBoost.M2 [19]; 4) SAMME [21]; 5) SAMME.R
[21]; 6) Robust AdaBoost (RobAdaBoost) [50]; 7) ASSEM-
BLE [15], and; 8) SemiBoost [16]. Note that ASSEMBLE and
SemiBoost are the two most popular semi-boosting algorithms.
The 12 numerical datasets, which include SE, LR, OR, PR,
PW, MF, PB, SB, SH, TE, GP and IS, are employed for this
example. For each dataset, the following four different splitting
ratios between labelled and unlabelled samples are considered,
namely, 1:19, 1:9, 3:17 and 1:4, which are equivalent to using
5%, 10%, 15% and 20% of data as labelled training samples,
respectively. In running the experiments, SOFIS, ALMMo0
and SOFBIS are used as the base classifiers for performance
demonstration. The number of base classifiers is set to be
T = 20 for all the boosting algorithms involved in comparison.
SSFWAdaBoost, FWAdaBoost, AdaBoost.M1, AdaBoost.M2,
SAMME and SAMME.R do not have any other externally
controlled parameters to be predefined. The three parameters
of RobAdaBoost, namely, A\, o and (3 are set as 0.35, 1.5
and 0.5 according to [50]. The parameters of ASSEMBLE
are set as a; = 1 and f§ = 0 as recommended by [15].
SemiBoost also requires users to preset a scale parameter,
o [16], which has a large impact on the performance of the
constructed ensemble classifier. In this study, the value of o
is chosen from the similarity values between data samples at
the top 10", 30t" and 50" percentiles following [16], and the
the lowest classification error rate on the unlabelled training
samples of each dataset is reported. To tackle multi-class
problems, RobAdaBoos, ASSEMBLE and SemiBoost use the
“one-versus-rest” strategy for decision-making as suggested
by [16]. The classification performances of the three EFSs
boosted by the nine boosting algorithms over 12 benchmark
datasets under different splitting ratios are tabulated in Table I
in terms of average classification error rates on the unlabelled
training samples, where the best results are in bold. The results
obtained by SOFIS, ALMMo0 and SOFBIS are also reported
as the baseline. The detailed results (per dataset per splitting
ratio) are given by Supplementary Tables S5-S16. For better
evaluation, the obtained ensemble classifiers and the single-
model EFSs, namely, the baseline, are ranked from the best
(1%%) to the worst (10*") based on their average classification
error rates on each dataset per splitting ratio and the average
ranks over the 12 datasets are reported in Supplementary Table
S17. In addition, the corresponding classification error rates on
the labelled training samples are tabulated in Supplementary
Table S18.

From Table I and Supplementary Table S17 one can see
that the ensemble classifiers constructed by the proposed
SSFWAdaBoost offer the greatest classification performance,
outperforming alternative boosting algorithms, including these
semi-supervised ones. It is also noticeable that supervised
boosting algorithms often fail to offer better results than the
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TABLE 1
PERFORMANCE COMPARISON BETWEEN SSFWADABOOST AND ALTERNATIVE BOOSTING ALGORITHMS OVER 12
BENCHMARK PROBLEMS UNDER TRANSDUCTIVE SETTING

Algorithm SOFIS ALMMo0 SOFBIS
1:9 3:17 1:4 1:19 1:9 3:17 1:4 1:19 1:9 3:17 1:4 1:19

SSFWAdaBoost  0.1588  0.1166  0.0965  0.0844 | 0.1484 0.1116  0.0934  0.0822 | 0.1192 0.0908 0.0763  0.0687
FWAdaBoost 0.1737  0.1329 0.1105 0.0970 | 0.1679 0.1296 0.1079  0.0962 | 0.1389 0.1041 0.0861 0.0764
AdaBoost.M1 0.1890  0.1459 0.1256 0.1097 | 0.1861 0.1469 0.1284 0.1143 | 0.1404 0.1030 0.0856  0.0741
AdaBoost.M2 0.2282  0.1717 0.1393  0.1213 | 0.2174 0.1698 0.1399  0.1234 | 0.1608 0.1111  0.0903  0.0781
SAMME 0.2088  0.1585 0.1325 0.1146 | 0.2200 0.1727 0.1517 0.1355 | 0.1661 0.1229  0.0996  0.0855
SAMME.R 0.2364  0.1568 0.1239 0.1090 | 0.2416 0.1576 0.1176  0.1014 | 0.4204 0.4141 0.3815 0.3290
RobAdaBoost 0.1650  0.1251 0.1042 0.0910 | 0.1650 0.1272 0.1066  0.0939 | 0.1311 0.0966 0.0796  0.0707
ASSEMBLE 0.1424 0.1112 0.0974 0.0868 | 0.1479 0.1181 0.1030 0.0925 | 0.1359 0.1016 0.0848 0.0739
SemiBoost 0.1913  0.1551 0.1368 0.1223 | 0.1976 0.1660 0.1479  0.1385 | 0.1789 0.1500 0.1307 0.1193
Baseline 0.1869  0.1468 0.1287 0.1101 0.1793  0.1511  0.1278  0.1190 | 0.1256  0.0941 0.0799 0.0701

baseline because the base classifiers are insufficiently trained
due to the lack of sufficient labelled training samples, leading
to the worse performances of the ensemble models. As the
semi-supervised boosting algorithms are able to utilize greater
amounts of unlabelled samples to augment the labelled training
sets, their classification performances are typically greater than
the supervised alternatives. In addition, SSFWAdaBoost can
utilize the confidence scores produced by the base classifiers
for sample weight updating and ensemble output generation
(similar to FWAdaBoost), hence, it is able to achieve better
classification performance than other boosting algorithms.

To examine the statistical significance of the performance
improvement of SSFWAdaBoost over the alternative boosting
algorithms and the baseline, Friedman test [53] is firstly car-
ried out using the average classification error rates of different
models on each dataset under the four splitting ratios. The
test results in terms of p-value are reported in Supplementary
Table S19, where one can see that all three p-values returned
are 0. For better verification, pairwise Wilcoxon signed rank
tests [54] are further carried out as suggested by [55], [56]
and the p-value returned from the pairwise tests are reported
in Supplementary Table S20. It can be seen from this table
that 26 out of the 27 p-values reported are below the level
of significance specified by @ = 0.05, suggesting that the
performance of SSFWAdaBoost is significantly better than
other comparative boosting algorithms.

2) Performance comparison against alternative semi-
supervised classifiers: Next, the classification performances
of SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMo(O and
SSFWAdaBoost-SOFBIS are compared against a number of
well-known semi-supervised approaches on the 12 benchmark
problems under the same experimental protocol used in the
previous example. In this example, the following eight single-
model semi-supervised classifiers are used for comparison: 1)
Local and global consistence (LGC) [8]; 2) Greedy gradient
max-cut (GGMC) [11]; 3) Anchor graph regularization with
kernel weights (AGRK) [10]; 4) Anchor graph regularization
with local anchor embedding weights (AGRL) [10]; 5) Effi-
cient anchor graph regularization (EAGR) [51]; 6) Laplacian
support vector machine (LSVM) [9]; 7) Transductive minimax
probability machine (TMPM) [52], and; 8) Self-training hier-
archical prototype-based classifier (STHP) [13]. In running the

experiments, the externally controlled parameters, o and p of
LGC and GGMC are set to be 0.99 and 0.01, respectively, as
suggested by [8], [11]; and both LGC and GGMC use the kNN
graph with £ = 5; AGRK, AGRL and EAGR select a total of
0.1(L + K) anchors from data by k-means (L + K is the total
number of data samples); the number of the closest anchors
s is set as s = 3 [51]; the iteration number of local anchor
embedding is set to be 10 for AGRL [10]; as the performance
of LSVM is sensitive to its parameter setting, in this study,
three different parameter settings are considered for LSVM,
namely, i) 0 = 10, uy = 1, ua = 1075, k = 15 (as suggested
by [9]); ii) 0 = 10, uy = 0.5, ua = 1076, k = 15; iii) 0 = 1,
wr =1, pa = 1078, k = 15; and the best classification
result on the unlabelled training samples of each dataset is
reported; the values of two externally controlled parameters,
A and p of TMPM are varied from [107%,1073,1072, ..., 10%]
as suggested by [52], and 10% of the labelled training samples
are randomly selected to help TMPM determine the best
parameter setting for each problem as the validation samples;
STHP uses the following parameter setting v, = 1.1, H = 6
and N = 1000 [13].

In addition, three mainstream co-training/boosting al-
gorithms are also involved in performance comparison,
which include tri-training [3]; ASSEMBLE [15], and; Semi-
Boost [16]. The following six semi-supervised ensem-
ble models are created using decision tree (DT) and k-
nearest neighbour (kNN) classifiers as the base learn-
ers, namely, 1) tri-training-based DT ensemble classifier
(TriTrain-DT); 2) tri-training-based kNN ensemble classifier
(TriTrain-kNN); 3) ASSEMBLE-based DT ensemble classi-
fier (ASSEMBLE-DT); 4) ASSEMBLE-based kNN ensemble
classifier (ASSEMBLE-KNN); 5) SemiBoost-based DT en-
semble classifier (SemiBoost-DT), and; 6) SemiBoost-based
kNN ensemble classifier (SemiBoost-kNN). During the exper-
iments, ASSEMBLE and SemiBoost follow the same protocol
used in the previous example; the maximum number of split is
set to be L; — 1 for DT (L, is the number of training samples
presented to DT) and £ = 3 for kNN, following the same
setting as [6].

The average classification error rates of SSFWAdaBoost-
SOFIS, SSFWAdaBoost-ALMMo0, SSFWAdaBoost-SOFBIS
and the 14 single-model and multi-model alternatives on
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TABLE 11
PERFORMANCE COMPARISON BETWEEN
SSFWADABOOST-SOFIS, SSFWADABOOST-ALMMOO,
SSFWADABOOST-SOFBIS AND ALTERNATIVE
SEMI-SUPERVISED CLASSIFICATION MODELS OVER 12
BENCHMARK PROBLEMS UNDER TRANSDUCTIVE SETTING

Algorithm 1:19 1:9 3:17 1:4
SSFWAdaBoost-SOFIS 0.1588 0.1166  0.0965  0.0844
SSFWAdaBoost-ALMMoO  0.1484  0.1115  0.0934  0.0822
SSFWAdaBoost-SOFBIS 0.1192  0.0908 0.0763  0.0687
LGC 0.1140  0.0951  0.0895  0.0843
GGMC 0.2619  0.2289  0.2069  0.1885
AGRK 0.1588 0.1419 0.1314  0.1232
AGRL 0.1635 0.1493  0.1362  0.1295
EAGR 0.1624  0.1417 0.1296  0.1234
LSVM 0.1612  0.1377  0.1137  0.1068
TMPM 0.2053  0.1777  0.1669  0.1573
STHP 0.1588  0.1262  0.1092  0.0997
TriTrain-DT 0.2169  0.1725 0.1482  0.1344
TriTrain-kNN 0.1686  0.1283  0.1047  0.0916
ASSEMBLE-DT 0.1721  0.1025 0.0862  0.0755
ASSEMBLE-KNN 0.1444  0.1079  0.0904  0.0809
SemiBoost-DT 0.1574  0.1502  0.1311  0.1194
SemiBoost-kNN 0.1955 0.1618  0.1433  0.1305

the 12 benchmark problems under four different splitting
ratios are reported in Table II (the best results are in bold).
Detailed results obtained by theses algorithms are given by
Supplementary Tables S21-S24. For better evaluation, the 17
semi-supervised classifiers are ranked from the best (1%%) to
the worst (17¢") based on their classification performances on
each dataset per splitting ratio and the average ranks over the
12 datasets are reported in Supplementary Table S25.

It can be observed from Table II and Supplementary Table
S25 that the performance of SSFWAdaBoost-SOFBIS sur-
passes all the alternative semi-supervised classification models
in three different experimental settings by offering the low-
est classification error rates, apart from being outperformed
by LGC under the splitting ratio of 1:19. SSFWAdaBoost-
SOFIS and SSFWAdaBoost-ALMMo0 are also among the
best-performing models in this performance comparison. In
particular, SSFWAdaBoost-ALMMOo0 is ranked the respective
5th, 5th ond and 27? places among the 17 single-model
and multi-model semi-supervised classifiers under the four
different splitting ratios, whilst SSFWAdaBoost-SOFIS is also
ranked the 7t", 6!, 5! and 4'" places, respectively. The
more labelled training data is presented for training, the better
performance the ensemble fuzzy classifiers constructed by
SSFWAdaBoost can offer.

The main reason for SSFWAdaBoost-based ensemble fuzzy
classifiers to perform worse in the scenario where the labelled
data is extremely scarce, i.e., under the splitting ratio 1:19, is
that the initial base classifier, h,(x) tends to produce more
incorrectly pseudo-labelled samples due to the insufficient
amount of labelled training samples. This causes more pseudo-
labelling errors to be accumulated in the ensemble classifiers
and eventually deteriorate the overall classification perfor-
mance. For example, it can be seen from Supplementary Table
S26 that by randomly correcting % of the pseudo-labelling
errors made by the initial base classifier h,(x), the overall

classification performances of the resulting ensemble classi-
fiers built by SSFWAdaBoost (redenoted as SSFWAdaBoost /3
here) are improved greatly by at least 20%.

To examine the statistical significance, the Friedman test
[53] is firstly carried out using the average classification error
rates of SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMOo0,
SSFWAdaBoost-SOFBIS and 14 alternative semi-supervised
classifiers on each dataset under the four different splitting
ratios, where p = 0 is returned from the test, showing that
the differences between the classification performances of the
17 classifiers are of statistical significance. Next, pairwise
Wilcoxon signed rank tests [54] are carried out and the
p-values returned from the pairwise tests are reported in
Supplementary Table S27, where one can see that 34 out of
the 42 p-values reported are below the level of significance
specified by o = 0.05, suggesting that the performances of
SSFWAdaBoost-based ensemble fuzzy classifiers are signifi-
cantly better.

3) Performance comparison on high-dimensional visual
problems: Then, the performances of SSFWAdaBoost-SOFIS,
SSFWAdaBoost-ALMMo0 and SSFWAdaBoost-SOFBIS are
evaluated on the four high-dimensional visual datasets,
namely, MNIST, FMNIST, PMNIST and RMNIST. To
facilitate computation, 10000 images (1000 images per
class) are randomly selected from the original dataset and
then split into the labelled and unlabelled training sets
in running each experiment. In this example, two dif-
ferent splitting ratios are considered, namely, 1:19 and
1:9. The following 15 semi-supervised ensemble models
are created using DT, kNN, SOFIS, ALMMoO and SOF-
BIS as the base learners for comparison with the same
experimental settings used in the previous experiments,
which include: 1) TriTrain-DT; 2) TriTrain-kNN; 3) tri-
training-based SOFIS ensemble classifier (TriTrain-SOFIS);
4) tri-training-based ALMMo0 ensemble classifier (TriTrain-
ALMMOo0); 5) tri-training-based SOFBIS ensemble classi-
fier (TriTrain-SOFBIS); 6) ASSEMBLE-DT; 7) ASSEMBLE-
kNN; 8) ASSEMBLE-based SOFIS ensemble classifier
(ASSEMBLE-SOFIS); 9) ASSEMBLE-based ALMMo0 en-
semble classifier (ASSEMBLE-SOFIS); 10) ASSEMBLE-
based SOBFIS ensemble classifier (ASSEMBLE-SOFBIS);
11) SemiBoost-DT; 12) SemiBoost-kNN; 13) SemiBoost-
based SOFIS ensemble classifier (SemiBoost-SOFIS); 14)
SemiBoost-based ALMMo0 ensemble classifier (SemiBoost-
ALMMOo0), and; 15) SemiBoost-based SOFBIS ensemble clas-
sifier (SemiBoost-SOFBIS). The average classification error
rates of the 18 semi-supervised ensemble models on the four
visual datasets are reported in Table III, where the best results
are in bold. The detailed results are reported by Supplementary
Table S28 and the average ranks of the 18 ensemble models
are presented in Supplementary Table S29. Similar to the
previous examples, the Friedman test [53] is firstly carried out
to examine whether the differences between the performances
of the 18 semi-supervised ensemble classifiers are statistically
significant, followed by the pairwise Wilcoxon signed rank
tests [54]. The p-value returned from the Friedman test is,
again, 0 and the p-values returned from the pairwise tests are
reported in Supplementary Table S30.
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TABLE III
PERFORMANCE COMPARISON BETWEEN DIFFERENT
SEMI-SUPERVISED ENSEMBLE CLASSIFIERS OVER
HIGH-DIMENSIONAL PROBLEMS UNDER TRANSDUCTIVE

SETTING

Algorithm 1:19 1:9
SSFWAdaBoost-SOFIS 0.1463  0.1141
SSFWAdaBoost-ALMMoO  0.1525  0.1276
SSFWAdaBoost-SOFBIS 0.1693  0.1425
TriTrain-DT 0.3706  0.3148
TriTrain-kNN 0.1906  0.1554
TriTrain-SOFIS 0.1331  0.1102
TriTrain-ALMMOo0 0.1646  0.1389
TriTrain-SOFBIS 0.1788  0.1486
ASSEMBLE-DT 0.2036  0.1748
ASSEMBLE-KNN 0.1606  0.1356
ASSEMBLE-SOFIS 0.1542  0.1177
ASSEMBLE-ALMMOo0 0.1782  0.1437
ASSEMBLE-SOFBIS 0.1875  0.1533
SemiBoost-DT 0.2630  0.2293
SemiBoost-kNN 0.2324  0.2035
SemiBoost-SOFIS 0.2029  0.1677
SemiBoost-ALMMo0 0.2091  0.1804
SemiBoost-SOFBIS 0.2255  0.1945

One can see from Table III and Supplementary Table S29
that SSFWAdaBoost-SOFIS and SSFWAdaBoost-ALMMo0
are ranked the second and third places on the four visual
datasets among the 18 semi-supervised ensemble classifiers.
In addition, it can be observed that SSFWAdaBoost is able
to consistently achieve greater performance improvement than
the other mainstream co-training/boosting algorithms with
SOFIS, ALMMo0 and SOFBIS as its ensemble components,
though it is outperformed by tri-training when using SOFIS
as the ensemble component. This shows that SSFWAdaBoost
can effectively help zero-order EFSs achieve greater prediction
performance, which is coincident with the observation made
from Table I. The pairwise statistical test results shown in
Supplementary Table S30 also suggest that the performance
improvement of SSFWAdaBoost is of statistical significance.
It is also worth noting that the ensemble classifiers built with
ALMMOo0 and SOFIS offer better performances than the ones
built with SOFBIS because ALMMo0O and SOFIS employ
cosine dissimilarity as the distance measure, which is more
effective when the dimensionality of data is high.

4) Performance demonstration of SSFWAdaBoost with ex-
tremely weak supervision: In this example, numerical ex-
periments are conducted to demonstrate the performance
of SSFWAdaBoost in application scenarios with extremely
weak supervision, where there only exist a small amounts
of labelled training samples and some of the class labels of
these labelled samples are also incorrect. In this example,
the same 12 datasets used in Table II are employed for
demonstration and the splitting ratio between labelled and
unlabelled training samples is set as 1:19, namely, only 5%
of data samples are labelled. Among these labelled training
samples, 5% of them are mislabelled by randomly assigning
them to the incorrect classes. The classification performances
of the three EFSs, namely, SOFIS, ALMMo0O and SOFBIS
boosted by SSFWAdaBoost are reported in Supplementary

Table S31, and their original performances are also given
in the same table as the baseline results. One can see from
this table that SSFWAdaBoost is able to effectively boost the
classification performance of the EFSs by creating stronger
ensemble classifiers from a small amount of labelled training
samples with imperfect ground truth and a great amount of
unlabelled samples. The performances of SOFIS, ALMMOo0
and SOFBI are improved by 21.46%, 25.94% and 10.86%,
respectively with the help of SSFWAdaBoost. This shows the
great potential and applicability of SSFWAdaBoost in real-
world problems.

5) Demonstration of generality of SSFWAdaBoost: To
demonstrate the generality and merits of SSFWAdaBoost,
it is applied for boosting the classification performances of
three alternative EFSs, which include one zero-order model
(eClassO classifier [30]) and two first-order models (first-
order autonomous learning multi-model system, ALMMol
[57] and self-adaptive fuzzy learning system [58], SAFL). In
this example, the same experimental protocols as Table II are
used. eClass0O, SAFL and ALMMol follow the same parameter
settings given by [30], [57], [58], respectively. As both SAFL
and ALMMol are multiple-input single-output EFSs designed
for regression problems, the “one-versus-rest” strategy is used
in this example for multi-class classification problems [58],
and a sigmoid function is utilized to rescale the system outputs
to the range of [0,1] such that the outputs of first-order
EFSs can be used as the confidence scores. The classification
performances of the three EFSs boosted by SSFWAdaBoost
and FWAdaBoost are reported in Supplementary Table S32,
and their original performances are also given in the same
table as the baseline results. The detailed results are reported
in Supplementary Tables S33-S35.

It can be observed from Supplementary Table S32 that SS-
FWAdaBoost improves the overall classification performances
of eClass0, SAFL and ALMMol by up to 16.8%, 18.5% and
39.1%, respectively, over the 12 benchmark problems. This
example demonstrates the efficacy of SSFWAdaBoost as a
generic semi-supervised boosting algorithm for EFSs in the
application scenarios where there only exist a small amount
of labelled training samples. However, one may also notice
that SSFWAdaBoost is less effective than FWAdaBoost on
eClassO and ALMMol. This is due to the issue that eClass0
and ALMMol produce too many pseudo-labelling errors at
the initial stage of SSFWAdaBoost, deteriorating the overall
boosting performance. Similar to the numerical example pre-
sented in Supplementary Table S26, by randomly correcting
% of the pseudo-labelling errors made by the initial base
classifier h, (), the classification performances of eClass0 and
ALMMol boosted by SSFWAdaBoost!? are further improved
by 12.44% and 47.36%, respectively, as demonstrated in
Supplementary Table S36. This also suggests that one may
consider alternative approaches, i.e., the nearest neighbour
[15], to perform pseudo labelling prior to the boosting process
when h,(x) fails to achieve satisfactory performance due to
insufficient labelled training data.
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TABLE IV
PERFORMANCE COMPARISON BETWEEN SSFWADABOOST AND ALTERNATIVE BOOSTING ALGORITHMS OVER 12
BENCHMARK PROBLEMS UNDER INDUCTIVE SETTING

Algorithm SOFIS ALMMo0 SOFBIS
1:11:8 1:5:4 3:9:8 1:2:2 1:11:8 1:5:4 3:9:8 1:2:2 1:11:8 1:5:4 3:9:8 1:2:2
SSFWAdaBoost ~ 0.1670  0.1220  0.1030  0.0902 | 0.1561 0.1177  0.0993  0.0877 | 0.1285 0.0956 0.0818  0.0712
FWAdaBoost 0.1867 0.1405 0.1169 0.1023 | 0.1786  0.1354 0.1150 0.1013 | 0.1491 0.1082 0.0898  0.0773
AdaBoost.M1 0.1999  0.1539 0.1312 0.1156 | 0.1918 0.1524 0.1325 0.1186 | 0.1508 0.1081 0.0891  0.0765
AdaBoost.M2 0.2125 0.1624  0.1389 0.1203 | 0.2165 0.1625 0.1375 0.1239 | 0.1616 0.1118 0.0925  0.0802
SAMME 0.2111  0.1583  0.1377 0.1195 | 0.2109 0.1642 0.1421 0.1301 | 0.1686 0.1196  0.0985 0.0849
SAMME.R 0.2071  0.1534 0.1269 0.1102 | 0.1931 0.1446 0.1219 0.1061 | 0.3520 0.3684 0.3054  0.3209
RobAdaBoost 0.1747  0.1329  0.1096  0.0971 0.1742  0.1335 0.1125 0.1000 | 0.1409 0.1021 0.0852  0.0736
ASSEMBLE 0.1504 0.1135 0.0961 0.0847 | 0.1543 0.1217 0.1034 0.0919 | 0.1427 0.1057 0.0887 0.0774
SemiBoost 0.2019  0.1578 0.1332 0.1163 | 0.2148 0.1753 0.1539 0.1391 | 0.1811 0.1408 0.1205 0.1028

E. Performance Demonstration under Inductive Setting

In this section, numerical experiments are carried out under
the inductive setting for performance demonstration, where the
performances of the semi-supervised classifiers are evaluated
on a separate set of unlabelled data after the semi-supervised
learning process is completed [2].

1) Performance comparison against alternative boosting
algorithms: Firstly, numerical experiments based on the same
12 benchmark datasets used in the previous examples are
conducted to compare the performance of the proposed SS-
FWAdaBoost against the eight supervised and semi-supervised
boosting algorithms: 1) FWAdaBoost [46]; 2) AdaBoost.M1
[19]; 3) AdaBoost.M2 [19]; 4) SAMME [21]; 5) SAMME.R
[21]; 6) Robust AdaBoost (RobAdaBoost) [50]; 7) ASSEM-
BLE [15], and; 8) SemiBoost [16]. For each dataset, the fol-
lowing four different splitting ratios between labelled training
samples, unlabelled training samples and unlabelled testing
samples are considered, namely, 1:11:8, 1:5:4, 3:9:8 and 1:2:2,
which are equivalent to using, respectively, 5%, 10%, 15% and
20% of data as labelled training samples, 55%, 50%, 45% and
40% of data as unlabelled training samples and the remaining
40% of data as unlabelled samples for performance evaluation.
In running the experiments, for each boosting algorithm, the
number of ensemble components, 7" is varied from 5 to 30 with
the interval of 5, and 10% of the labelled training samples are
randomly selected and used as the validation samples for the
boosting algorithms to identify the optimal value of 7', similar
to the protocol used by TMPM in Table II. Other settings
stay the same as Table I. The classification performances
of the three EFSs boosted by the nine boosting algorithms
over 12 benchmark datasets under different splitting ratios are
tabulated in Table IV in terms of average classification error
rates on the unlabelled testing samples, where the best results
are in bold. The detailed results (per dataset per splitting
ratio) are given by Supplementary Tables S37-S48. The nine
ensemble classifiers are further ranked from the best (15%) to
the worst (9?") based on their classification performances on
each dataset per splitting ratio and the average ranks over the
12 datasets are reported in Supplementary Table S49.

One can see from Table IV and Supplementary Table S49
that the ensemble fuzzy classifiers built by SSFWAdaBoost
outperform the ensemble classifiers built by alternative boost-
ing algorithms on classifying the unlabelled testing samples

under the inductive setting in terms of average classification
performance rank. Although Table IV shows that ASSEMBLE
achieves better average classification accuracy than SSFWAd-
aBoost when SOFIS is used as the base classifier and when
ALMMOoO is used for the split ratio 1:11:8, this is due to
the noticeably higher classification accuracy of ASSEMBLE
than that of SSFWAdaBoost on SE and IS datasets in these
cases as reported in Supplementary Tables S37-S41. It is
worth noting, however, that with the same base classifier,
SSFWAdaBoost outperforms ASSEMBLE on at least half of
the 12 datasets for all split ratios and, hence, the average classi-
fication performance ranks of SSFWAdaBoost are consistently
higher than ASSEMBLE and other competitors as shown in
Supplementary Table S49. This example, again, demonstrates
the efficacy of SSFWAdaBoost as a highly effective semi-
supervised boosting algorithm designed for zero-order EFSs.
Similar to the numerical examples presented in the previous
section, Friedman tests [53] and pairwise Wilcoxon signed
rank tests [54] are carried out to test the statistical significance
of the differences between the performances of the ensemble
classifiers built by different boosting algorithms. The p-values
returned from the statistical tests are reported in Supplemen-
tary Tables S50 and S51. It can be seen from the two tables
that all the p-values returned from the Friedman tests are 0 and
only one p-value returned from the pairwise tests is above the
level of significance specified by a = 0.05, suggesting that the
performance improvement of SSFWAdaBoost is of statistical
significance.

2) Performance comparison against alternative semi-
supervised ensemble classifiers: Next, the classification
performances of SSFWAdaBoost-SOFIS, SSFWAdaBoost-
ALMMo0O and SSFWAdaBoost-SOFBIS are compared with
the six semi-supervised ensemble models constructed by tri-
training [3], ASSEMBLE [15] and SemiBoost [16] with DT
and kNN as the base classifiers, namely, 1) TriTrain-DT; 2)
TriTrain-kNN; 3) ASSEMBLE-DT; 4) ASSEMBLE-KNN; 5)
SemiBoost-DT, and; 6) SemiBoost-kNN, under the inductive
setting following the same experimental protocol used in Table
IV. In running the experiments, the maximum number of split
of DT is varied from 25, 50 and L; — 1, and the value of & is
varied from 3, 5 and 7 for kKNN. The number of ensemble
components is varied from 5 to 30 with the interval of 5
for ASSEMBLE-DT, ASSEMBLE-kKNN, SemiBoost-DT, and



IEEE TRANSACTIONS ON FUZZY SYSTEMS, VOL. XX, NO. XX, XX 2022

TABLE V
PERFORMANCE COMPARISON BETWEEN DIFFERENT
SEMI-SUPERVISED ENSEMBLE CLASSIFIERS OVER 12
BENCHMARK PROBLEMS UNDER INDUCTIVE SETTING

Algorithm 1:11:8 1:5:4 3:9:8 1:2:2
SSFWAdaBoost-SOFIS 0.1670  0.1220  0.1030  0.0901
SSFWAdaBoost-ALMMoO  0.1561  0.1177  0.0993  0.0877
SSFWAdaBoost-SOFBIS 0.1285  0.0956 0.0818  0.0712
TriTrain-DT 02175 0.1746  0.1516  0.1389
TriTrain-kNN 0.1801 0.1332  0.1137  0.0986
ASSEMBLE-DT 0.1582  0.1124  0.0952  0.0832
ASSEMBLE-KNN 0.1506  0.1118 0.0955  0.0805
SemiBoost-DT 0.1958  0.1452  0.1219  0.1030
SemiBoost-kNN 0.2041  0.1660 0.1447  0.1265

SemiBoost-kNN. The optimal settings of the nine ensemble
models are identified by using 10% of labelled training sam-
ples as the validation data, and their performances on the
unlabelled testing data are reported in Table V. Similar to the
previous example, the detailed results (per dataset per splitting
ratio) are given by Supplementary Tables S52-S55, and the
average ranks of the nine ensemble classifiers over the 12
datasets are reported in Supplementary Table S56. In addition,
Friedman test [53] and pairwise Wilcoxon signed rank tests
[54] are carried out to examine whether the performance
improvement by SSFWAdaBoost is of statistical significance.
The p-value returned from the Friedman test is 0 and the p-
values returned from pairwise Wilcoxon signed rank tests are
reported in Supplementary Table S57.

One can see from Table V and Supplementary Table 56 that
SSFWAdaBoost-SOFBIS is able to outperform all other semi-
supervised ensemble classifiers in all cases with the lowest
classification error rates, and SSFWAdaBoost-ALMMo0 offers
the second best results. It can also be observed from Supple-
mentary Table 57 that 14 out of 18 p-values returned from
the pairwise tests are below the level of significance specified
by a = 0.05. This numerical example further demonstrates
the effectiveness and validity of the proposed SSFWAdaBoost
as a powerful semi-supervised boosting algorithm for building
stronger ensemble fuzzy systems for classification.

To summarize, all the experimental studies carried out so far
collectively demonstrate the significant potential of SSFWAd-
aBoost as a powerful semi-supervised boosting algorithm
designed for EFSs. SSFWAdaBoost effectively improves the
classification performances of different zero-order and first-
order EFSs in the application scenarios where labelled training
samples are scarce but unlabelled samples are plentiful. In
particular, utilizing SOFIS, ALMMo0O and SOFBIS as the
base classifiers, the ensemble models constructed by SSFWAd-
aBoost offer greater performances on 12 popular numerical
benchmark problems and four high-dimensional visual ones,
outperforming a wide variety of state-of-the-art single-model
and multi-model classification approaches.

V. CONCLUSION

In this paper, a novel semi-supervised boosting algorithm
named SSFWAdaBoost is proposed for constructing powerful

ensemble fuzzy classifiers from a combination of labelled and
unlabelled data. With the unique sample weight updating and
ensemble output generation schemes, SSFWAdaBoost is able
to construct highly precise classification boundaries by training
a series of fuzzy classifiers with an increasing focus on these
more challenging labelled/unlabelled samples. Numerical ex-
amples demonstrate the superior classification performance of
the ensemble classifiers constructed by SSFWAdaBoost over
the state-of-the-art alternatives, particularly, in the absence of
sufficient labelled training data.

There are several considerations for future work. First,
SSFWAdaBoost is currently limited to offline application
scenarios despite that the employed zero-order EFSs can learn
from data streams. It would be very useful to develop an
online version of SSFWAdaBoost such that the ensemble
models can be continuously updated from new observations.
Second, the quality of initial pseudo labels produced prior to
the boosting iterations has a great impact on the performance
of the constructed ensemble models by SSFWAdaBoost. To
improve the performance of the ensemble classifiers, one may
consider using some alternative classification models, i.e.,
semi-supervised ones (like LGC), to produce the initial pseudo
labels, instead of training a base classifier with labelled data
only to perform this task. Third, by incorporating a certain
evolving scheme to automatically update the rule and attribute
weights of individual base models, one can expect a significant
improvement in the classification accuracy of the resulting
ensemble models. Last, but not the least, although preliminary
experiments have demonstrated the strong performance of
SSFWAdaBoost when the supervision is extremely weak, the
robustness of SSFWAdaBoost to noise needs to be investigated
in depth for its wider applicability in real-world applications.
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Supplementary Materials

S1. Proof for Theorem 1

The proof for Theorem 1 is as follows.

For a labelled training sample, x;, € X;, the following inequality holds if its predicted label y, by Eq.

(6) does not match its true label y,, namely, I(9, # y;) = 1:
H(xy) = fy, (i) — f3,(xi) = a1 AePerZer <0
where f,(x;) = X4 at@t,k?t,k,c; Zt,k = ?t,k,yk - ?t,k,yk-
According to Eq. (8), there is:
Cc oA ~ ~
= U Yk = Vi &Vex F Vi
— Cc . A ~ ~
Zek =\ =270 if Do # Yk &Ik = P
0,  if Ve # Vi &Iek * Ik
Comparing between Egs. (5) and (7), there is:

{ Oek = Prier U Ve = Vi
Oek < =Pk U Jex # Vi

Combining Egs. (S2) and (S3), the following inequality holds:

C N ~
T Pek = Prilik
and inequality (S5) also holds, considering a; > 0, Vt:
C o
;Z?ﬂ A Per < D=1 AePriley <0
Hence, there is:

Y1 <0

According to the sample weight updating scheme specified by Eq. (15), there is (Vx;, € X,):

T T
woxe~ Yt=1QtPrk e Lt=1QtPrk
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Wrk =
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where wg , =

Consequently, the following inequality can be derived from inequality (S6) and Eq. (S7):

1@k # yi) < e~ Zi=1 @ Pek = 2Lwry [Ti=o W;

and the upper boundary of e, is obtained as:
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S2. Data Description

Table S1. Key information of benchmark datasets used for performance demonstration

Dataset  #(Samples) #(Attributes) #(Classes)

FT 10800 16 4
CA 2126 21 3
GC 1000 24 2
MA 11183 6 2
oD 20560 5 2
WF 5456 24 4
SE 2310 19 7
LR 20000 16 26
OR 5620 64 10
PR 10992 16 10
PW 11055 30 2
MF 2000 649 10
PB 5472 10 5
SB 6321 9 2
SH 1593 256 10
TE 5500 40 11
GP 9901 17 5
IS 2520 19 7
MNIST 70000 784 10
FMNIST 70000 784 10
PMNIST 70000 784 10

RMNIST 65000 784 10




S3. Sensitivity Analysis

In this section, a sensitivity analysis is performed to investigate the influence of the externally controlled
parameter, namely, the number of base classifiers, T on the classification performance of
SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMo0 and SSFWAdaBoost-SOFBIS. The following six
datasets, namely, FT, CA, GC, MA, OD and WF are employed for sensitivity analysis. During the
experiments, for each dataset, 10% of the data samples are randomly selected to build the labelled
training set and the remaining 90% are used as the unlabelled training samples. Note that the
experiments are conducted under the tranductive setting and the classification performances of the three
ensemble fuzzy systems are evaluated on the unlabelled training sets.

In running the experiments, the value of T is varied from 1 to 30. The three base classifiers, namely,
SOFIS, ALMMOo0 and SOFBIS use the default parameter settings. The classification error rates (err)
of SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMo0 and SSFWAdaBoost-SOFBIS on the
unlabelled sets of the six datasets with different values of T are reported in Table S2, and the average
classification error rates over the six datasets are depicted in Fig. S1. In addition, the average number
of prototypes identified by each individual base classifier from the six datasets and the corresponding
average classification error rates on the unlabelled training sets are reported in Table S3.

Table S2. Influence of T on classification performances of ensemble fuzzy systems built by

SSFWAdaBoost
Algorithm  Dataset T
1 5 10 15 20 25 30
SOFIS FT 0.3383 03125 0.3060 0.3029 0.3009  0.3004 0.3002
CA 0.1694  0.1600  0.1577  0.1557  0.1542  0.1551  0.1558
GC 0.3661  0.3494 03479  0.3457 0.3463 0.3463  0.3456
MA 0.0584  0.0252 0.0234 0.0230 0.0231  0.0230  0.0230
oD 0.0200 0.0147 0.0144 0.0143 0.0143 0.0142  0.0143
WF 0.2534 0.2405 0.2406  0.2402  0.2414  0.2409  0.2420
Average 0.2009 0.1837 0.1817  0.1803  0.1800  0.1800  0.1802
ALMMoO FT 0.3909 0.3460 0.3418 0.3409 0.3410 0.3410 0.3411
CA 0.1746  0.1629 0.1628  0.1617 0.1609  0.1603  0.1605
GC 0.3583 0.3560 0.3574 0.3551 0.3561 0.3564  0.3568
MA 0.1821  0.0893  0.0583  0.0577  0.0573  0.0571  0.0570
oD 0.0253 0.0186  0.0175 0.0171 0.0166  0.0161  0.0159
WEF 0.2487 0.2438 0.2421  0.2416  0.2418  0.2417  0.2416
Average 0.2300 0.2028  0.1966  0.1957  0.1956  0.1954  0.1955
SOFBIS  FT 0.2996  0.2889 02879  0.2879  0.2879  0.2879  0.2878
CA 0.1445 0.1438 0.1436  0.1432 0.1434 0.1434 0.1434
GC 0.3184  0.3147 03144 03143 03142 0.3142 0.3143
MA 0.0201 0.0199 0.0199 0.0199 0.0199 0.0199  0.0199
oD 0.0137 0.0136  0.0135 0.0135 0.0135 0.0135 0.0135
WEF 0.1658 0.1653  0.1653  0.1653  0.1652  0.1653  0.1651

Average 0.1603  0.1577 0.1574 0.1574  0.1574 0.1574  0.1573
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Fig. S1. Average classification errors of ensemble fuzzy systems built by SSFWAdaBoost with
different numbers of base classifiers



Table S3. Average numbers of prototypes and classification error rates of individual base classifiers

Base Classifier SOFIS ALMMo0 SOFBIS
#(Prototypes) err #(Prototypes) err #(Prototypes) err
ho 168.7000 0.2127 | 246.8500 0.2302 | 573.4833 0.1601
h, 438.9333 0.2008 | 737.9500 0.2241 | 2011.2170 0.1604
h, 436.1500 0.2007 | 757.7000 0.2234 | 2024.8330 0.1601
hs 431.1833 0.1956 | 774.3000 0.2209 | 1995.2500 0.1600
hy 422.2667 0.2116 | 797.5833 0.2110 | 1868.3670 0.1599
hs 418.6167 0.2091 | 823.8333 0.2031 | 1565.6330 0.1617
he 411.4333 0.1953 | 842.7167 0.2243 | 1295.8330 0.1661
h, 407.7667 0.2043 | 869.6000 0.2142 | 1064.2830 0.1677
hg 403.4833 0.2036 | 899.1667 0.2243 | 931.7333 0.1688
hgy 402.6167 0.2040 | 924.3833 0.2099 | 830.2000 0.1708
hio 399.2833 0.2050 | 943.1000 0.2212 | 725.6833 0.1728
hiq 399.1000 0.1943 | 960.8167 0.2208 | 681.2333 0.1739
his 395.4333 0.1951 | 982.6000 0.2243 | 644.7333 0.1722
hi3 387.9667 0.2091 | 977.3667 0.2254 | 606.7667 0.1738
his 382.1833 0.2057 | 996.9500 0.2095 | 582.5167 0.1754
his 376.9333 0.2017 | 993.6500 0.2254 | 569.1167 0.1754
hie 370.9167 0.2050 | 994.7833 0.2206 | 565.3500 0.1746
hi7 361.6667 0.2012 | 983.5500 0.2142 | 539.2333 0.1769
hig 354.4667 0.1971 | 977.4500 0.2155 | 527.8833 0.1760
hig 347.1333 0.2020 | 962.6333 0.2149 | 528.1667 0.1764
hyo 338.4333 0.2074 | 954.9167 0.2211 | 508.9167 0.1744
hs1 332.8667 0.1993 | 939.0500 0.2272 | 498.5500 0.1763
h,, 325.6167 0.1980 | 926.7000 0.2183 | 497.4000 0.1768
h,s 318.2167 0.1999 | 911.3167 0.2222 | 493.2500 0.1777
hyy 314.9000 0.1980 | 906.9000 0.2216 | 493.2000 0.1767
hys 308.3500 0.2054 | 881.6333 0.2141 | 494.6000 0.1784
hue 305.2333 0.2029 | 870.7167 0.2236 | 486.4167 0.1766
h,, 299.8667 0.1986 | 865.7000 0.2202 | 485.4333 0.1780
hyg 295.1667 0.2073 | 848.2667 0.2151 | 480.5500 0.1771
hso 293.1500 0.2061 | 827.9833 0.2157 | 474.3000 0.1794
hso 289.8000 0.2055 | 826.1500 0.2217 | 479.5167 0.1775




S4. Ablation Analysis

Table S4. Ablation analysis results

Base Classifier Algorithm FT CA GC MA oD WF

SOFIS SSFWAdaBoost  0.3009 0.1542 0.3463 0.0231 0.0143  0.2414
SSFWAdaBoost; 0.3179 0.1764 0.3479 0.1161 0.0274  0.2601
SSFWAdaBoost.  0.3303 0.1821 0.3549 0.0585 0.0282  0.2609

ALMMo0 SSFWAdaBoost  0.3410 0.1609 0.3561 0.0573 0.0166  0.2418
SSFWAdaBoost; 0.3617 0.1881 0.3746 0.1541 0.0291  0.2573
SSFWAdaBoost,  0.3654 0.1928 0.3714 0.0945 0.0301  0.2575

SOFBIS SSFWAdaBoost ~ 0.2879 0.1434 0.3142 0.0199 0.0135  0.1652
SSFWAdaBoost;  0.2859 0.1443 0.3169 0.0200 0.0136  0.1660
SSFWAdaBoost  0.2910 0.1441 0.3222 0.0200 0.0137  0.1669




S5. Experimental Results under Transductive Setting

Table S5. Performance comparison between SSFWAdaBoost and alternative boosting algorithms with
SOFIS as base classifier over 12 benchmark problems under splitting ratio 1:19

Algorithm SE LR OR PR PW MF

SSFWAdaBoost 0.2800 0.2207 0.0341 0.0349 0.1247  0.1441
FWAdaBoost 0.3279 0.2515 0.0579 0.0548 0.1094  0.1604
AdaBoost.M1 0.3449 0.2941 0.0581 0.0515 0.1281  0.1841
AdaBoost.M2 0.4594 0.3760 0.0534 0.0521 0.1140  0.2095
SAMME 0.3787 0.3421 0.0734 0.0572 0.1276  0.2341
SAMME.R 0.3668 0.2891 0.0582 0.0580 0.1129  0.1958
RobAdaBoost 0.2984 0.2482 0.0484 0.0446 0.1069  0.1577
ASSEMBLE 0.1885 0.2181 0.0359 0.0418 0.1165  0.1472

SemiBoost 0.2178 0.2582 0.0357 0.0361 0.1037  0.2226
Baseline 0.3432 0.3022 0.0521 0.0435 0.1293  0.1858
Algorithm PB SB SH TE GP IS

SSFWAdaBoost 0.0526 0.0245 0.2962 0.0437 0.3744  0.2760
FWAdaBoost 0.0549 0.0294 0.2744 0.0507 0.3890  0.3241
AdaBoost.M1 0.0584 0.0293 0.2957 0.0573 0.4251  0.3417
AdaBoost.M2 0.0570 0.0291 0.4256 0.0551 0.4798  0.4278
SAMME 0.0598 0.0294 0.3429 0.0744 0.4240 0.3616
SAMME.R 0.1023 0.0285 0.7936 0.0530 0.4020 0.3763
RobAdaBoost 0.0509 0.0257 0.2566 0.0489 0.3851  0.3082
ASSEMBLE 0.0654 0.0275 0.2764 0.0463 0.3535 0.1912
SemiBoost 0.1289 0.1047 0.2343 0.2438 0.4949  0.2154
Baseline 0.0548 0.0268 0.2512 0.0563 0.4260 0.3722

Table S6. Performance comparison between SSFWAdaBoost and alternative boosting algorithms with
SOFIS as base classifier over 12 benchmark problems under splitting ratio 1:9

Algorithm SE LR OR PR PW MF

SSFWAdaBoost 0.2119 0.1474 0.0277 0.0206 0.1012  0.1011
FWAdaBoost 0.2632 0.1679 0.0385 0.0324 0.0973 0.1154
AdaBoost.M1 0.2796 0.1977 0.0395 0.0338 0.1100  0.1286
AdaBoost.M2 0.3788 0.2396 0.0356 0.0337 0.0985  0.1409
SAMME 0.3027 0.2180 0.0444 0.0368 0.1100  0.1522
SAMME.R 0.3059 0.1949 0.0371 0.0332 0.0970  0.1291
RobAdaBoost 0.2370 0.1641 0.0328 0.0273 0.0902  0.1133
ASSEMBLE 0.1585 0.1404 0.0270 0.0241 0.1025 0.1144

SemiBoost 0.1632 0.2003 0.0243 0.0194 0.0947  0.1410
Baseline 0.3064 0.2069 0.0405 0.0364 0.1129  0.1350
Algorithm PB SB SH TE GP IS

SSFWAdaBoost 0.0447 0.0157 0.1813 0.0268 0.3077  0.2128
FWAdaBoost 0.0483 0.0185 0.2033 0.0312 0.3291  0.2499
AdaBoost.M1 0.0513 0.0210 0.2149 0.0371 0.3693  0.2683
AdaBoost.M2 0.0483 0.0203 0.2397 0.0337 0.4191  0.3720
SAMME 0.0517 0.0212 0.2495 0.0548 0.3686  0.2919
SAMME.R 0.1019 0.0198 0.3017 0.0318 0.3435 0.2862
RobAdaBoost 0.0448 0.0175 0.1904 0.0305 0.3239 0.2291
ASSEMBLE 0.0526 0.0170 0.2050 0.0294 0.2988  0.1648
SemiBoost 0.0965 0.1023 0.1721 0.2100 0.4786  0.1590
Baseline 0.0498 0.0207 0.1989 0.0335 0.3661  0.2544




Table S7. Performance comparison between SSFWAdaBoost and alternative boosting algorithms with
SOFIS as base classifier over 12 benchmark problems under splitting ratio 3:17

Algorithm SE LR OR PR PW MF

SSFWAdaBoost 0.1754 0.1117 0.0218 0.0159 0.0903  0.0861
FWAdaBoost 0.2091 0.1277 0.0305 0.0236 0.0862  0.0983
AdaBoost.M1 0.2433 0.1515 0.0316 0.0243 0.1010  0.1075
AdaBoost.M2 0.3026 0.1738 0.0275 0.0249 0.0874  0.1105
SAMME 0.2552 0.1656 0.0369 0.0254 0.1010  0.1127
SAMME.R 0.2398 0.1430 0.0294 0.0251 0.0867  0.1113
RobAdaBoost 0.1967 0.1242 0.0256 0.0204 0.0827  0.0941
ASSEMBLE 0.1542 0.1057 0.0215 0.0181 0.0921  0.0971

SemiBoost 0.1346 0.1658 0.0210 0.0150 0.0883  0.1279
Baseline 0.2561 0.1516 0.0325 0.0279 0.0933  0.1241
Algorithm PB SB SH TE GP IS

SSFWAdaBoost 0.0435 0.0138 0.1397 0.0207 0.2705  0.1686
FWAdaBoost 0.0454 0.0168 0.1658 0.0254 0.2917  0.2056
AdaBoost.M1 0.0486 0.0195 0.1881 0.0284 0.3266  0.2372
AdaBoost.M2 0.0460 0.0171 0.1886 0.0271 0.3766  0.2897
SAMME 0.0490 0.0193 0.2117 0.0381 0.3269  0.2485
SAMME.R 0.0748 0.0159 0.1916 0.0258 0.3081  0.2347
RobAdaBoost 0.0438 0.0146 0.1482 0.0237 0.2889  0.1872
ASSEMBLE 0.0514 0.0129 0.1625 0.0222 0.2771  0.1536
SemiBoost 0.0817 0.0985 0.1468 0.1828 0.4520 0.1274
Baseline 0.0477 0.0166 0.1728 0.0304 0.3228  0.2680

Table S8. Performance comparison between SSFWAdaBoost and alternative boosting algorithms with
SOFIS as base classifier over 12 benchmark problems under splitting ratio 1:4

Algorithm SE LR OR PR PW MF

SSFWAdaBoost 0.1541 0.0924 0.0197 0.0123 0.0791  0.0731
FWAdaBoost 0.1797 0.1025 0.0280 0.0174 0.0791  0.0817
AdaBoost.M1 0.2128 0.1248 0.0282 0.0177 0.0895  0.0916
AdaBoost.M2 0.2684 0.1353 0.0248 0.0178 0.0799  0.0979
SAMME 0.2185 0.1297 0.0353 0.0177 0.0895  0.0914
SAMME.R 0.2142 0.1166 0.0256 0.0184 0.0801  0.0914
RobAdaBoost 0.1634 0.1014 0.0231 0.0151 0.0752  0.0804
ASSEMBLE 0.1472 0.0862 0.0188 0.0133 0.0830  0.0833

SemiBoost 0.1219 0.1454 0.0176 0.0107 0.0824  0.0924
Baseline 0.1943 0.1317 0.0311 0.0179 0.0891  0.0944
Algorithm PB SB SH TE GP IS

SSFWAdaBoost 0.0410 0.0106 0.1240 0.0172 0.2429  0.1460
FWAdaBoost 0.0417 0.0123 0.1539 0.0201 0.2713  0.1758
AdaBoost.M1 0.0475 0.0135 0.1685 0.0241 0.2985  0.1999
AdaBoost.M2 0.0437 0.0128 0.1705 0.0213 0.3450  0.2389
SAMME 0.0475 0.0136 0.1892 0.0348 0.2984  0.2102
SAMME.R 0.0672 0.0114 0.1765 0.0200 0.2882  0.1988
RobAdaBoost 0.0410 0.0109 0.1370 0.0191 0.2637 0.1621
ASSEMBLE 0.0468 0.0096 0.1365 0.0171 0.2601  0.1399
SemiBoost 0.0708 0.0941 0.1387 0.1550 0.4321  0.1069
Baseline 0.0448 0.0119 0.1829 0.0225 0.2918  0.2088




Table S9. Performance comparison between SSFWAdaBoost and alternative boosting algorithms with
ALMMOoO as base classifier over 12 benchmark problems under splitting ratio 1:19

Algorithm SE LR OR PR PW MF

SSFWAdaBoost 0.2603 0.2036 0.0372 0.0315 0.1421  0.1208
FWAdaBoost 0.2899 0.2433 0.0553 0.0459 0.1260  0.1416
AdaBoost.M1 0.3137 0.2869 0.0622 0.0460 0.1348  0.1627
AdaBoost.M2 0.3749 0.3591 0.0521 0.0436  0.1455  0.1782
SAMME 0.3452 0.4450 0.0872 0.0574 0.1356  0.2159
SAMME.R 0.3133 0.2652 0.0511 0.0462 0.1253  0.3014
RobAdaBoost 0.2807 0.2305 0.0462 0.0384 0.1312  0.1465
ASSEMBLE 0.2161 0.2277 0.0345 0.0357 0.1262  0.1403

SemiBoost 0.2218 0.2712 0.0348 0.0397 0.1038  0.2147
Baseline 0.3076 0.2899 0.0470 0.0388 0.1365  0.1484
Algorithm PB SB SH TE GP IS

SSFWAdaBoost 0.0562 0.0229 0.2685 0.0337 0.3539  0.2500
FWAdaBoost 0.0535 0.0283 0.3038 0.0507 0.3940  0.2830
AdaBoost.M1 0.0602 0.0307 0.3211 0.0578 0.4399  0.3175
AdaBoost.M2 0.0598 0.0296 0.4220 0.0564 0.5057  0.3816
SAMME 0.0660 0.0276 0.3890 0.0819 0.4429  0.3462
SAMME.R 0.1023 0.0263 0.8989 0.0505 0.4099  0.3083
RobAdaBoost 0.0531 0.0247 0.2916 0.0476 0.4025  0.2874
ASSEMBLE 0.0606 0.0308 0.2861 0.0471 0.3672  0.2025
SemiBoost 0.1468 0.1046 0.2372 0.2713 0.5030  0.2220
Baseline 0.0514 0.0316 0.2677 0.0490 0.4838  0.2995

Table S10. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with ALMMOoO0 as base classifier over 12 benchmark problems under splitting ratio 1:9

Algorithm SE LR OR PR PW MF

SSFWAdaBoost 0.1963 0.1357 0.0286 0.0177 0.1116  0.0903
FWAdaBoost 0.2316 0.1662 0.0362 0.0268 0.1028  0.1070
AdaBoost.M1 0.2633 0.2048 0.0405 0.0278 0.1115 0.1184
AdaBoost.M2 0.3243 0.2364 0.0348 0.0260 0.1141 0.1271
SAMME 0.2803 0.3390 0.0601 0.0395 0.1101  0.1442
SAMME.R 0.2559 0.1796 0.0342 0.0256 0.1024 0.1121
RobAdaBoost 0.2253 0.1546 0.0316 0.0226 0.1056  0.1088
ASSEMBLE 0.1891 0.1454 0.0247 0.0203 0.1073  0.1061

SemiBoost 0.1673 0.2176 0.0242 0.0212 0.0942  0.1565
Baseline 0.2828 0.2115 0.0425 0.0340 0.1106  0.1283
Algorithm PB SB SH TE GP IS

SSFWAdaBoost 0.0466 0.0155 0.1950 0.0222 0.2865  0.1926
FWAdaBoost 0.0452 0.0187 0.2303 0.0307 0.3363  0.2238
AdaBoost.M1 0.0514 0.0222 0.2488 0.0378 0.3840  0.2520
AdaBoost.M2 0.0500 0.0214 0.2740 0.0346 0.4737  0.3208
SAMME 0.0532 0.0212 0.2990 0.0557 0.3907  0.2795
SAMME.R 0.0906 0.0181 0.4478 0.0301 0.3556  0.2395
RobAdaBoost 0.0437 0.0180 0.2186 0.0296 0.3445  0.2230
ASSEMBLE 0.0577 0.0191 0.2144 0.0309 0.3180 0.1838
SemiBoost 0.1207 0.1023 0.1823 0.2490 0.4924  0.1646
Baseline 0.0577 0.0234 0.2080 0.0352 0.4202  0.2588




Table S11. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with ALMMOoO0 as base classifier over 12 benchmark problems under splitting ratio 3:17

Algorithm SE LR OR PR PW MF

SSFWAdaBoost 0.1569 0.1036 0.0232 0.0147 0.0971  0.0803
FWAdaBoost 0.1874 0.1263 0.0284 0.0204 0.0891  0.0903
AdaBoost.M1 0.2272 0.1611 0.0337 0.0216 0.0956  0.1030
AdaBoost.M2 0.2629 0.1716 0.0256 0.0193 0.0986  0.1018
SAMME 0.2512 0.2851 0.0421 0.0262 0.0965  0.1405
SAMME.R 0.2058 0.1341 0.0252 0.0193 0.0891  0.0964
RobAdaBoost 0.1846 0.1178 0.0249 0.0175 0.0893  0.0924
ASSEMBLE 0.1656 0.1127 0.0201 0.0169 0.0934  0.0925

SemiBoost 0.1458 0.1866 0.0206 0.0158 0.0885  0.1316
Baseline 0.2316 0.1633 0.0283 0.0204 0.0992  0.1106
Algorithm PB SB SH TE GP IS

SSFWAdaBoost 0.0454 0.0130 0.1629 0.0172 0.2540  0.1523
FWAdaBoost 0.0440 0.0169 0.1799 0.0244 0.3069  0.1811
AdaBoost.M1 0.0545 0.0196 0.2120 0.0311 0.3617  0.2199
AdaBoost.M2 0.0492 0.0177 0.2207 0.0285 0.4275  0.2553
SAMME 0.0531 0.0203 0.2544 0.0426 0.3638  0.2450
SAMME.R 0.0780 0.0155 0.1952 0.0240 0.3229  0.2055
RobAdaBoost 0.0460 0.0148 0.1777 0.0228 0.3142 0.1772
ASSEMBLE 0.0551 0.0158 0.1809 0.0248 0.2980  0.1603
SemiBoost 0.0931 0.0991 0.1521 0.2276 0.4739  0.1394
Baseline 0.0617 0.0192 0.1684 0.0291 0.3844  0.2180

Table S12. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with ALMMOoO0 as base classifier over 12 benchmark problems under splitting ratio 1:4

Algorithm SE LR OR PR PW MF

SSFWAdaBoost 0.1377 0.0872 0.0211 0.0116 0.0826  0.0683
FWAdaBoost 0.1634 0.1044 0.0259 0.0155 0.0797  0.0763
AdaBoost.M1 0.1982 0.1371 0.0302 0.0174 0.0857  0.0922
AdaBoost.M2 0.2328 0.1392 0.0227 0.0148 0.0849  0.0893
SAMME 0.2164 0.2528 0.0386 0.0245 0.0848  0.1139
SAMME.R 0.1774 0.1101 0.0230 0.0144 0.0803  0.0800
RobAdaBoost 0.1524 0.0975 0.0217 0.0131 0.0783 0.0781
ASSEMBLE 0.1508 0.0928 0.0176 0.0131 0.0850  0.0792

SemiBoost 0.1357 0.1701 0.0182 0.0113 0.0820  0.1194
Baseline 0.2105 0.1460 0.0276 0.0174 0.0925  0.0919
Algorithm PB SB SH TE GP IS

SSFWAdaBoost 0.0441 0.0103 0.1474 0.0142 0.2367  0.1253
FWAdaBoost 0.0419 0.0124 0.1678 0.0203 0.2907  0.1557
AdaBoost.M1 0.0524 0.0156 0.1841 0.0266 0.3374  0.1952
AdaBoost.M2 0.0470 0.0140 0.1918 0.0218 0.4030 0.2199
SAMME 0.0524 0.0150 0.2285 0.0409 0.3442  0.2140
SAMME.R 0.0466 0.0122 0.1790 0.0192 0.3057  0.1690
RobAdaBoost 0.0428 0.0113 0.1639 0.0185 0.2976  0.1511
ASSEMBLE 0.0509 0.0124 0.1596 0.0197 0.2850  0.1441
SemiBoost 0.0859 0.0960 0.1481 0.2028 0.4704  0.1218
Baseline 0.0553 0.0156 0.1664 0.0214 0.3628  0.2202




Table S13. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with SOFBIS as base classifier over 12 benchmark problems under splitting ratio 1:19

Algorithm SE LR OR PR PW MF

SSFWAdaBoost 0.1263 0.1988 0.0366 0.0332 0.1005  0.0671
FWAdaBoost 0.1439 0.2557 0.0585 0.0428 0.1076  0.0973
AdaBoost.M1 0.1389 0.2222 0.0684 0.0444 0.1055  0.1076
AdaBoost.M2 0.1647 0.2925 0.0590 0.0392 0.1115 0.1124
SAMME 0.1673 0.2474 0.0918 0.0719 0.1054  0.1581
SAMME.R 0.6162 0.3850 0.6584 0.3081 0.2530  0.4334
RobAdaBoost 0.1305 0.2235 0.0563 0.0373 0.1046  0.0897
ASSEMBLE 0.1627 0.2059 0.0398 0.0345 0.1045  0.1090

SemiBoost 0.1746 0.2627 0.0304 0.0285 0.1016  0.1063
Baseline 0.1346 0.2187 0.0510 0.0310 0.1038  0.0974
Algorithm PB SB SH TE GP IS

SSFWAdaBoost 0.0789 0.0253 0.2311 0.0625 0.3403  0.1294
FWAdaBoost 0.0810 0.0260 0.2763 0.0927 0.3460  0.1385
AdaBoost.M1 0.0760 0.0332 0.3115 0.0973 0.3362  0.1434
AdaBoost.M2 0.0796 0.0280 0.3655 0.0929 0.4162  0.1681
SAMME 0.0822 0.0315 0.3793 0.1433 0.3431 0.1724
SAMME.R 0.0991 0.0377 0.8377 0.3363 0.5823  0.4976
RobAdaBoost 0.0771 0.0255 0.2755 0.0797 0.3379  0.1356
ASSEMBLE 0.0830 0.0238 0.2789 0.0613 0.3621  0.1657
SemiBoost 0.1790 0.1040 0.2456 0.2370 0.4952  0.1816
Baseline 0.0750 0.0228 0.2412 0.0601 0.3333  0.1378

Table S14. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with SOFBIS as base classifier over 12 benchmark problems under splitting ratio 1:9

Algorithm SE LR OR PR PW MF

SSFWAdaBoost 0.0981 0.1359 0.0299 0.0213 0.0818  0.0557
FWAdaBoost 0.1126 0.1810 0.0421 0.0274 0.0851  0.0719
AdaBoost.M1 0.0999 0.1516 0.0462 0.0264 0.0845  0.0750
AdaBoost.M2 0.1114 0.1828 0.0405 0.0242 0.0890  0.0688
SAMME 0.1187 0.1885 0.0589 0.0377 0.0845  0.1286
SAMME.R 0.6408 0.3370 0.3212 0.0511 0.1622 0.7374
RobAdaBoost 0.0984 0.1519 0.0405 0.0227 0.0824  0.0636
ASSEMBLE 0.1181 0.1297 0.0306 0.0226  0.0899  0.0729

SemiBoost 0.1297 0.2035 0.0261 0.0194 0.0936  0.0871
Baseline 0.0943 0.1501 0.0417 0.0249 0.0836  0.0517
Algorithm PB SB SH TE GP IS

SSFWAdaBoost 0.0640 0.0142 0.1715 0.0439 0.2758  0.0978
FWAdaBoost 0.0645 0.0138 0.1992 0.0601 0.2796  0.1117
AdaBoost.M1 0.0654 0.0213 0.2264 0.0646 0.2720  0.1023
AdaBoost.M2 0.0699 0.0148 0.2419 0.0569 0.3261  0.1063
SAMME 0.0681 0.0228 0.2708 0.0958 0.2720  0.1291
SAMME.R 0.0982 0.2081 0.8359 0.4754 0.449  0.6528
RobAdaBoost 0.0650 0.0136 0.1980 0.0522 0.2745  0.0962
ASSEMBLE 0.0711 0.0113 0.2091 0.0426 0.2990 0.1218
SemiBoost 0.1442 0.1011 0.1893 0.1987 0.4799  0.1280
Baseline 0.0703 0.0172 0.1773 0.0545 0.2652  0.0988




Table S15. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with SOFBIS as base classifier over 12 benchmark problems under splitting ratio 3:17

Algorithm SE LR OR PR PW MF

SSFWAdaBoost 0.0817 0.1047 0.0246 0.0192 0.0707  0.0444
FWAdaBoost 0.0855 0.1390 0.0345 0.0206 0.0729  0.0616
AdaBoost.M1 0.0835 0.1153 0.0357 0.0190 0.0735  0.0651
AdaBoost.M2 0.0881 0.1349 0.0311 0.0191 0.0758  0.0555
SAMME 0.0991 0.1351 0.0523 0.0286 0.0735  0.0820
SAMME.R 0.6116 0.2869 0.5600 0.2101 0.0872  0.4965
RobAdaBoost 0.0786 0.1170 0.0317 0.0186 0.0719  0.0528
ASSEMBLE 0.0943 0.0985 0.0246 0.0208 0.0783  0.0621

SemiBoost 0.0996 0.1700 0.0215 0.0161 0.0865  0.0675
Baseline 0.0847 0.1142 0.0276 0.0188 0.0761  0.0506
Algorithm PB SB SH TE GP IS

SSFWAdaBoost 0.0643 0.0103 0.1425 0.0346 0.2438  0.0744
FWAdaBoost 0.0596 0.0114 0.1696 0.0473 0.2489  0.0822
AdaBoost.M1 0.0627 0.0169 0.1930 0.0495 0.2375  0.0760
AdaBoost.M2 0.0635 0.0122 0.1982 0.0427 0.2832  0.0798
SAMME 0.0647 0.0147 0.2405 0.0712 0.2375  0.0956
SAMME.R 0.0988 0.1133 0.7811 0.1945 0.4414  0.6962
RobAdaBoost 0.0598 0.0112 0.1638 0.0395 0.2389  0.0719
ASSEMBLE 0.066 0.0098 0.1730 0.0338 0.2653  0.0913
SemiBoost 0.1204 0.0986 0.1618 0.1758 0.4542  0.0970
Baseline 0.0656 0.0141 0.1588 0.0394 0.2329  0.0766

Table S16. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with SOFBIS as base classifier over 12 benchmark problems under splitting ratio 1:4

Algorithm SE LR OR PR PW MF

SSFWAdaBoost 0.0702 0.0852 0.0240 0.0146 0.0636  0.0446
FWAdaBoost 0.0744 0.1221 0.0319 0.0170 0.0635  0.0531
AdaBoost.M1 0.0728 0.0946 0.0294 0.0137 0.0636  0.0542
AdaBoost.M2 0.0743 0.1080 0.0275 0.0143 0.0657  0.0504
SAMME 0.0844 0.1284 0.0369 0.0196 0.0636  0.0726
SAMME.R 0.6503 0.2506 0.2207 0.2123 0.1477  0.7317
RobAdaBoost 0.0682 0.0965 0.0296 0.0139 0.0625  0.0484
ASSEMBLE 0.0813 0.0817 0.0221 0.0154 0.0723  0.0525

SemiBoost 0.0856 0.1510 0.0193 0.0121 0.0808  0.0609
Baseline 0.0671 0.0994 0.0289 0.0119 0.0695 0.0544
Algorithm PB SB SH TE GP IS

SSFWAdaBoost 0.0619 0.0067 0.1344 0.0317 0.2212  0.0659
FWAdaBoost 0.0603 0.0083 0.1491 0.0411 0.2227  0.0739
AdaBoost.M1 0.0600 0.0115 0.1724 0.0369 0.2114  0.0683
AdaBoost.M2 0.0619 0.0086 0.1677 0.0352 0.2529 0.0704
SAMME 0.0627 0.0126 0.2062 0.0522 0.2114  0.0754
SAMME.R 0.1009 0.0424 0.6210 0.1858 0.3530  0.4320
RobAdaBoost 0.0580 0.0082 0.1495 0.0340 0.2145  0.0649
ASSEMBLE 0.0616 0.0059 0.1480 0.0297 0.2405  0.0759
SemiBoost 0.1082 0.0957 0.1551 0.1487 0.4362  0.0776
Baseline 0.0601 0.0071 0.1538 0.0307 0.1995  0.0585




Table S17. Average ranks of classification performances of SSFWAdaBoost and alternative boosting
algorithms over 12 benchmark problems

EFS Algorithm Splitting Ratio
1:19 1:9 3:17 1:4
SOFIS SSFWAdaBoost 2.5833 2.2500 2.1667 2.0000

FWAdaBoost 5.0417 4.5417 4.5000 4.5417
AdaBoost.M1 6.8333 7.1250 7.0417 7.3750
AdaBoost.M2 7.5833 7.3750 7.1667 7.4167
SAMME 8.3750 8.7083 8.5417 8.2500
SAMME.R 7.2500 6.4167 6.0833 6.2917
RobAdaBoost 3.0833 3.0000 3.0000 2.9583
ASSEMBLE 3.0833 3.1667 3.0833 2.7500

SemiBoost 5.3333 5.2500 5.8333 6.0000
Baseline 5.8333 7.1667 7.5833 7.4167
ALMMOo0 SSFWAdaBoost 2.5833 2.4167 2.0833 1.9167

FWAdaBoost 47500 4.4167 4.3333 4.2917
AdaBoost.M1 7.1667 7.0000 7.3333 7.7083
AdaBoost.M2 8.0000 7.6667 7.3750 7.1667
SAMME 8.3333 8.2500 8.7500 8.5417
SAMME.R 6.5000 5.3333 5.1667 4.8333
RobAdaBoost 3.6667 3.4167 3.4167 3.0417
ASSEMBLE 3.0000 3.3750 3.7500 3.6667

SemiBoost 5.5000 5.5000 5.5000 5.8333
Baseline 5.5000 7.6250 7.2917 8.0000
SOFBIS SSFWAdaBoost 2.0833 2.1667 2.6250 3.2917

FWAdaBoost 5.5833 5.5000 5.2500 5.5833
AdaBoost.M1 5.6667 5.5000 5.0833 4.6250
AdaBoost.M2 7.1667 5.7917 5.5833 5.5417
SAMME 7.5833 7.4167 7.2500 7.4583
SAMME.R 9.8333 9.8333 9.8333 9.7500
RobAdaBoost 3.6667 3.2083 3.0833 3.2500
ASSEMBLE 47500 4.8333 5.2083 4.4167
SemiBoost 6.3333 7.1667 7.2500 7.6667
Baseline 2.3333 3.5833 3.8333 3.4167




Table S18. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
over 12 benchmark problems in terms of classification error rate on labelled training samples

EFS Algorithm Splitting Ratio
1:19 1:9 3:17 1:4
SOFIS SSFWAdaBoost 0.0011 0.0009 0.0007 0.0004

FWAdaBoost 0.0018 0.0012 0.0013 0.0008
AdaBoost.M1 0.0798 0.0642 0.0568 0.0500
AdaBoost.M2 0.1635 0.1204 0.0908 0.0781
SAMME 0.1197 0.0840 0.0689 0.0588
SAMME.R 0.1670 0.0924 0.0652 0.0574
RobAdaBoost 0.0528 0.0425 0.0352 0.0316
ASSEMBLE 0.0292 0.0448 0.0502 0.0490

SemiBoost 0.0514 0.0459 0.0402 0.0352
Baseline 0.0848 0.0698 0.0591 0.0491
ALMMo0 SSFWAdaBoost 0.0001 0.0001 0.0000 0.0000

FWAdaBoost 0.0006 0.0006 0.0006 0.0005
AdaBoost.M1 0.0636 0.0629 0.0578 0.0533
AdaBoost.M2 0.1319 0.1060 0.0857 0.0762
SAMME 0.1268 0.1026 0.0934 0.0867
SAMME.R 0.1501 0.0761 0.0455 0.0379
RobAdaBoost 0.0368 0.0364 0.0327 0.0307
ASSEMBLE 0.0414 0.0528 0.0507 0.0495

SemiBoost 0.0928 0.0873 0.0799 0.0749
Baseline 0.0676 0.0673 0.0562 0.0562
SOFBIS SSFWAdaBoost 0.0035 0.0035 0.0039 0.0042

FWAdaBoost 0.0010 0.0017 0.0014 0.0018
AdaBoost.M1 0.0231 0.0217 0.0189 0.0179
AdaBoost.M2 0.0693 0.0407 0.0310 0.0260
SAMME 0.0676 0.0516 0.0410 0.0368
SAMME.R 0.3691 0.3808 0.3514 0.3013
RobAdaBoost 0.0093 0.0109 0.0103 0.0112
ASSEMBLE 0.0375 0.0383 0.0337 0.0333
SemiBoost 0.0311 0.0319 0.0306 0.0280
Baseline 0.0092 0.0115 0.0107 0.0108




Table S19. p-values returned by Friedman tests for evaluating the statistical significance of
SSFWAdaBoost over alternative boosting algorithms

EFS SOFIS  ALMMo0 SOFBIS
p-value  0.0000  0.0000 0.0000

Table S20. p-values returned by pairwise Wilcoxon signed rank tests for evaluating the statistical
significance of SSFWAdaBoost over alternative boosting algorithms

SSFWAdaBoost versus EFS
SOFIS ALMMo0 SOFBIS

FWAdaBoost 0.0000  0.0000 0.0000
AdaBoost.M1 0.0000  0.0000 0.0000
AdaBoost.M2 0.0000  0.0000 0.0000
SAMME 0.0000  0.0000 0.0000
SAMME.R 0.0000  0.0000 0.0000
RobAdaBoost 0.0000  0.0000 0.0009
ASSEMBLE 0.8535  0.0003 0.0000
SemiBoost 0.0056  0.0012 0.0000

Baseline 0.0000  0.0000 0.0053




Table S21. Performance comparison between SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMoO0,
SSFWAdaBoost-SOFBIS and alternative semi-supervised classification models over 12 benchmark
problems under splitting ratio 1:19

Algorithm SE LR OR PR PW MF

SSFWAdaBoost-SOFIS 0.2800 0.2207 0.0341 0.0349 0.1247  0.1441
SSFWAdaBoost-ALMMo0O  0.2603 0.2036 0.0372 0.0315 0.1421  0.1208
SSFWAdaBoost-SOFBIS 0.1263 0.1988 0.0366 0.0332 0.1005  0.0671

LGC 0.1504 0.1842 0.0362 0.0273 0.1536  0.0251
GGMC 0.2455 0.5036 0.0751 0.0960 0.3465  0.0233
AGRK 0.1972 0.1977 0.0239 0.0221 0.1366  0.1434
AGRL 0.1932 0.2121 0.0252 0.0237 0.1345  0.1541
EAGR 0.1965 0.1937 0.0202 0.0274 0.1314  0.1329
LSVM 0.2176 0.2051 0.0263 0.0638 0.2004  0.1389
TMPM 0.2500 0.5074 0.1190 0.1443 0.0846  0.1037
STHP 0.2723 0.2056 0.0298 0.0337 0.1352  0.1429
TriTrain-DT 0.1236 0.3839 0.2550 0.1537 0.0904  0.2087
TriTrain-kNN 0.2226 0.2825 0.0421 0.0429 0.1282  0.1775
ASSEMBLE-DT 0.1685 0.2366 0.0653 0.0452 0.1015 0.1611
ASSEMBLE-kNN 0.1836 0.2117 0.0350 0.0391 0.1195  0.1589
SemiBoost-DT 0.1503 0.2671 0.0569 0.0453 0.0801  0.1854
SemiBoost-kNN 0.1822 0.2652 0.0348 0.0354 0.1042  0.2392
Algorithm PB SB SH TE GP IS

SSFWAdaBoost-SOFIS 0.0526 0.0245 0.2962 0.0437 0.3744  0.2760
SSFWAdaBoost-ALMMo0  0.0562 0.0229 0.2685 0.0337 0.3539  0.2500
SSFWAdaBoost-SOFBIS 0.0789 0.0253 0.2311 0.0625 0.3403  0.1294

LGC 0.0589 0.0223 0.1921 0.0374 0.3392  0.1409
GGMC 0.6711 0.0267 0.2472 0.0378 0.6153  0.2551
AGRK 0.2757 0.0310 0.2364 0.0468 0.3984  0.1962
AGRL 0.2721 0.0395 0.2395 0.0540 0.4149  0.1987
EAGR 0.3178 0.0923 0.1861 0.0471 0.4123  0.1913
LSVM 0.1013 0.0211 0.2073 0.1232 0.4182  0.2110
TMPM 0.1223 0.0277 0.2824 0.0521 0.5308  0.2393
STHP 0.0916 0.0268 0.2344 0.0429 0.4315 0.2588
TriTrain-DT 0.0608 0.0236 0.5417 0.2127 0.4128  0.1360
TriTrain-kNN 0.0750 0.0326 0.3258 0.0728 0.4042  0.2166
ASSEMBLE-DT 0.0664 0.0201 0.3135 0.2428 0.4894  0.1543
ASSEMBLE-kNN 0.0835 0.0380 0.2622 0.0623 0.3453  0.1931
SemiBoost-DT 0.1503 0.1055 0.2548 0.0819 0.3474  0.1636

SemiBoost-kNN 0.1769 0.1051 0.2474 0.2628 0.4995  0.1931




Table S22. Performance comparison between SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMoO0,
SSFWAdaBoost-SOFBIS and alternative semi-supervised classification models over 12 benchmark
problems under splitting ratio 1:9

Algorithm SE LR OR PR PW MF

SSFWAdaBoost-SOFIS 0.2119 0.1474 0.0277 0.0206 0.1012 0.1011
SSFWAdaBoost-ALMMo0 0.1963 0.1357 0.0286 0.0177 0.1116  0.0903
SSFWAdaBoost-SOFBIS 0.0981 0.1359 0.0299 0.0213 0.0818  0.0557

LGC 0.1155 0.1437 0.0354 0.0202 0.1256  0.0222
GGMC 0.2325 0.4181 0.0501 0.0814 0.2869  0.0229
AGRK 0.1795 0.1560 0.0251 0.0164 0.1209  0.1233
AGRL 0.1869 0.1740 0.0261 0.0185 0.1202  0.1483
EAGR 0.1752 0.1452 0.0197 0.0172 0.1074  0.1140
LSVM 0.1624 0.1639 0.0234 0.0351 0.1374  0.1010
TMPM 0.1856 0.4702 0.0867 0.1170 0.0784  0.0691
STHP 0.2037 0.1382 0.0234 0.0221 0.1096  0.1005
TriTrain-DT 0.0995 0.3119 0.1918 0.0430 0.0795  0.1064
TriTrain-kNN 0.1602 0.1918 0.0285 0.0234 0.1087  0.1252
ASSEMBLE-DT 0.0988 0.1664 0.0483 0.0318 0.0741  0.0797
ASSEMBLE-kNN 0.1503 0.1336 0.0246 0.0219 0.1079  0.1232
SemiBoost-DT 0.0974 0.2089 0.0448 0.0251 0.0919  0.1408
SemiBoost-kNN 0.1395 0.2114 0.0256 0.0192 0.0954  0.1511
Algorithm PB SB SH TE GP IS

SSFWAdaBoost-SOFIS 0.0447 0.0157 0.1813 0.0268 0.3077  0.2128

SSFWAdaBoost-ALMMo0O  0.0466 0.0155 0.1950 0.0222 0.2865  0.1926
SSFWAdaBoost-SOFBIS 0.0640 0.0142 0.1715 0.0439 0.2758  0.0978

LGC 0.0535 0.0195 0.1763 0.0298 0.2850  0.1147
GGMC 0.6420 0.0232 0.2220 0.0372 0.5256  0.2052
AGRK 0.3076 0.0137 0.2080 0.0402 0.3414 0.1709
AGRL 0.2871 0.0234 0.2105 0.0461 0.3727 0.1774
EAGR 0.3224 0.0702 0.1602 0.0394 0.3609  0.1686
LSVM 0.0959 0.0088 0.1658 0.1262 0.4724  0.1598
TMPM 0.1257 0.0262 0.2301 0.0306 0.5138  0.1992
STHP 0.0906 0.0190 0.1740 0.0346 0.3992  0.2000
TriTrain-DT 0.0447 0.0130 0.4526 0.1564 0.4672  0.1034
TriTrain-kNN 0.0613 0.0162 0.2283 0.0465 0.3894  0.1595
ASSEMBLE-DT 0.0516 0.0106 0.2392 0.0671 0.2714  0.0914
ASSEMBLE-kNN 0.0666 0.0134 0.1836 0.0399 0.2830  0.1466
SemiBoost-DT 0.1169 0.1042 0.1971 0.2117 0.4679  0.0959

SemiBoost-kNN 0.1412 0.1039 0.1918 0.2371 0.4883  0.1370




Table S23. Performance comparison between SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMoO0,
SSFWAdaBoost-SOFBIS and alternative semi-supervised classification models over 12 benchmark
problems under splitting ratio 3:17

Algorithm SE LR OR PR PW MF

SSFWAdaBoost-SOFIS 0.1754 0.1117 0.0218 0.0159 0.0903  0.0861
SSFWAdaBoost-ALMMo0O  0.1569 0.1036 0.0232 0.0147 0.0971  0.0803
SSFWAdaBoost-SOFBIS 0.0817 0.1047 0.0246 0.0192 0.0707  0.0444

LGC 0.1158 0.1289 0.0329 0.0195 0.1174  0.0205
GGMC 0.1796 0.3636 0.0414 0.0727 0.2496  0.0238
AGRK 0.1577 0.1324 0.0233 0.0156 0.1060  0.1112
AGRL 0.1593 0.1519 0.0236 0.0166 0.1072  0.1354
EAGR 0.1630 0.1211 0.0172 0.0151 0.0936  0.1071
LSVM 0.1405 0.1437 0.0200 0.0177 0.1177  0.0931
TMPM 0.1628 0.4614 0.0767 0.1147 0.0778  0.0629
STHP 0.1609 0.1077 0.0215 0.0177 0.0951  0.0818
TriTrain-DT 0.0840 0.2734 0.1716 0.0955 0.0734  0.0922
TriTrain-kKNN 0.1347 0.1477 0.0246 0.0178 0.0999  0.1059
ASSEMBLE-DT 0.0804 0.1367 0.0445 0.0274 0.0648  0.0581
ASSEMBLE-kNN 0.1187 0.1051 0.0210 0.0178 0.0953  0.1028
SemiBoost-DT 0.0762 0.1773 0.0385 0.0200 0.0856  0.1126
SemiBoost-kNN 0.1138 0.1758 0.0228 0.0145 0.0889  0.1346
Algorithm PB SB SH TE GP IS

SSFWAdaBoost-SOFIS 0.0435 0.0138 0.1397 0.0207 0.2705  0.1686

SSFWAdaBoost-ALMMo0O  0.0454 0.0130 0.1629 0.0172 0.2540  0.1523
SSFWAdaBoost-SOFBIS 0.0643 0.0103 0.1425 0.0346 0.2438  0.0744

LGC 0.0518 0.0206 0.1670 0.0278 0.2634  0.1090
GGMC 0.6575 0.0227 0.2120 0.0323 0.4700  0.1582
AGRK 0.3280 0.0123 0.1842 0.0371 0.3172  0.1523
AGRL 0.2839 0.0188 0.1851 0.0445 0.3511 0.1574
EAGR 0.3088 0.0537 0.1458 0.0354 0.3399  0.1547
LSVM 0.0921 0.0055 0.1518 0.0941 0.3622  0.1260
TMPM 0.1241 0.0264 0.1914 0.0216 0.5398  0.1432
STHP 0.1136 0.0133 0.1420 0.0276 0.3758  0.1535
TriTrain-DT 0.0439 0.0104 0.4027 0.1416 0.3092  0.0809
TriTrain-kNN 0.0577 0.0110 0.2018 0.0394 0.2875  0.1287
ASSEMBLE-DT 0.0465 0.0080 0.2145 0.0542 0.2303  0.0688
ASSEMBLE-kNN 0.0619 0.0097 0.1518 0.0310 0.2526  0.1166
SemiBoost-DT 0.0947 0.1031 0.1639 0.1923 0.4372  0.0717

SemiBoost-kNN 0.1177 0.1004 0.1631 0.2188 0.4608  0.1079




Table S24. Performance comparison between SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMoO0,
SSFWAdaBoost-SOFBIS and alternative semi-supervised classification models over 12 benchmark
problems under splitting ratio 1:4

Algorithm SE LR OR PR PW MF

SSFWAdaBoost-SOFIS 0.1541 0.0924 0.0197 0.0123 0.0791 0.0731
SSFWAdaBoost-ALMMo0O  0.1377 0.0872 0.0211 0.0116 0.0826  0.0683
SSFWAdaBoost-SOFBIS 0.0702 0.0852 0.0240 0.0146 0.0636  0.0446

LGC 0.1056 0.1192 0.0322 0.0182 0.1082  0.0201
GGMC 0.1490 0.3062 0.0414 0.0563 0.2170  0.0234
AGRK 0.1540 0.1169 0.0223 0.0124 0.0966  0.1043
AGRL 0.1586 0.1367 0.0235 0.0136 0.0955  0.1234
EAGR 0.1558 0.1074 0.0178 0.0120 0.0897  0.0999
LSVM 0.1293 0.1175 0.0204 0.0166 0.1087  0.0849
TMPM 0.1290 0.4636 0.0706 0.1098 0.0787  0.0466
STHP 0.1411 0.0911 0.0197 0.0134 0.0854 0.0738
TriTrain-DT 0.0753 0.2388 0.1504 0.0816 0.0697  0.0856
TriTrain-kNN 0.1180 0.1190 0.0215 0.0138 0.0884  0.0922
ASSEMBLE-DT 0.0583 0.1184 0.0409 0.0233 0.0599  0.0488
ASSEMBLE-kNN 0.1106 0.0868 0.0178 0.0140 0.0866  0.0879
SemiBoost-DT 0.0622 0.1582 0.0362 0.0162 0.0787  0.0972
SemiBoost-kNN 0.1028 0.1579 0.0188 0.0110 0.0841  0.1080
Algorithm PB SB SH TE GP IS

SSFWAdaBoost-SOFIS 0.0410 0.0106 0.1240 0.0172 0.2429  0.1460
SSFWAdaBoost-ALMMo0O  0.0441 0.0103 0.1474 0.0142 0.2367  0.1253
SSFWAdaBoost-SOFBIS 0.0619 0.0067 0.1344 0.0317 0.2212  0.0659

LGC 0.0496 0.0177 0.1609 0.0262 0.2562  0.0974
GGMC 0.6351 0.0192 0.2042 0.0315 0.4256  0.1532
AGRK 0.3160 0.0097 0.1695 0.0322 0.2984  0.1465
AGRL 0.2855 0.0156 0.1744 0.0376 0.3345  0.1555
EAGR 0.3008 0.0401 0.1467 0.0330 0.3229  0.1546
LSVM 0.0900 0.0054 0.1515 0.0866 0.3516  0.1187
TMPM 0.1132 0.0262 0.1860 0.0180 0.5084  0.1375
STHP 0.1022 0.0110 0.1361 0.0252 0.3665  0.1313
TriTrain-DT 0.0424 0.0066 0.3720 0.1309 0.2816  0.0774
TriTrain-kNN 0.0542 0.0065 0.1859 0.0346 0.2601  0.1054
ASSEMBLE-DT 0.0453 0.0046 0.1950 0.0490 0.2000  0.0625
ASSEMBLE-kNN 0.0574 0.0050 0.1450 0.0265 0.2302  0.1032
SemiBoost-DT 0.0814 0.1009 0.1565 0.1718 0.4117  0.0620

SemiBoost-kNN 0.1060 0.0960 0.1560 0.1980 0.4384  0.0886




Table S25. Average ranks of classification performances of SSFWAdaBoost-SOFIS,
SSFWAdaBoost-ALMMo0, SSFWAdaBoost-SOFBIS and alternative semi-supervised classification
models over 12 benchmark problems

Algorithm Splitting Ratio
1:19 1:9 3:17 1:4
SSFWAdaBoost-SOFIS 9.0000 7.8750 6.9167  6.0417

SSFWAdaBoost-ALMMo0O  7.7500 7.0833 5.9583  5.6667
SSFWAdaBoost-SOFBIS 5.0833 5.1667 49583  4.9167

LGC 4.0000 6.4167 8.0000  8.5000
GGMC 12.0833 13.6667 13.7500 13.4167
AGRK 7.6667 9.1667 10.2083 10.8333
AGRL 9.0833 11.2500 12.0833 12.7500
EAGR 7.1667 7.9167 9.4167  10.2917
LSVM 9.1667 9.0417 8.6667  9.6667
TMPM 11.6667 11.9167 11.9167 11.7083
STHP 9.2500 8.6250 8.0417  7.9583
TriTrain-DT 10.1667 9.7083 9.5833  9.6667
TriTrain-kNN 11.5000 10.2500 9.6667  8.8333
ASSEMBLE-DT 9.5833 6.9167 6.8333  6.6667
ASSEMBLE-kNN 8.7083 6.5833 6.2500  5.7917
SemiBoost-DT 9.9167 10.6667 10.7500 10.2917
SemiBoost-kNN 11.2083 10.7500 10.0000 10.0000

Table S26. Performance demonstration of SSFWAdaBoost over 12 benchmark problems under
splitting ratio 1:19 with % of pseudo-labelling errors made by the initial base classifier hy(x)
randomly corrected for training the remaining ensemble components

EFS Algorithm SE LR OR PR PW MF

SOFBIS SSFWAdaBoost®  0.0890 0.1481 0.0353 0.0244 0.0706  0.0590
SSFWAdaBoost 0.1263 0.1988 0.0366 0.0332  0.1005  0.0671

ALMMo0  SSFWAdaBoost®  0.2145 0.1913 0.0346 0.0306 0.0922  0.1044
SSFWAdaBoost 0.2603 0.2036 0.0372 0.0315 0.1421  0.1208

SOFIS SSFWAdaBoost®  0.2471 0.1961 0.0379 0.0343 0.0865  0.1234
SSFWAdaBoost 0.2800 0.2207 0.0341 0.0349 0.1247  0.1441
Algorithm PB SB SH TE GP IS

SOFBIS SSFWAdaBoost®  0.0533 0.0168 0.1767 0.0525 0.2242  0.0885
SSFWAdaBoost 0.0789 0.0253 0.2311 0.0625 0.3403  0.1294
ALMMo0  SSFWAdaBoost®  0.0417 0.0204 0.1927 0.0372 0.3091  0.2179
SSFWAdaBoost 0.0562 0.0229 0.2685 0.0337 0.3539  0.2500
SOFIS SSFWAdaBoost®  0.0394 0.0194 0.1822 0.0378 0.2852  0.2354
SSFWAdaBoost 0.0526 0.0245 0.2962 0.0437 0.3744  0.2760




Table S27. p-values returned by pairwise Wilcoxon signed rank tests for evaluating the statistical
significance of SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMo0 and SSFWAdaBoost-SOFBIS
over alternative semi-supervised classification models

SSFWAdaBoost EFS

Versus SOFIS ALMMo0 SOFBIS
LGC 0.2614 0.5451 0.0564
GGMC 0.0001 0.0000 0.0000
AGRK 0.0231 0.0012 0.0000
AGRL 0.0010 0.0000 0.0000
EAGR 0.0472 0.0107 0.0000
LSVM 0.0489 0.0107 0.0000
TMPM 0.0012 0.0001 0.0000
STHP 0.5117 0.0005 0.0000
TriTrain-DT 0.0027 0.0020 0.0000
TriTrain-kNN 0.0089 0.0014 0.0000

ASSEMBLE-DT 0.7273 0.8980 0.0015
ASSEMBLE-kNN 0.4540 0.6666 0.0000
SemiBoost-DT 0.0289 0.0125 0.0000
SemiBoost-kNN 0.0035 0.0016 0.0000




Table S28. Performance comparison between different semi-supervised ensemble classifiers over four
high-dimensional problems under two different splitting ratios.

Splitting Ratio  Algorithm MNIST FMNIST PMNIST RMNIST

1:19 SSFWAdaBoost-SOFIS 0.1275 0.2488 0.1057 0.1033
SSFWAdaBoost-ALMMo0 0.1246  0.2670 0.1108 0.1078
SSFWAdaBoost-SOFBIS ~ 0.1373  0.2685 0.1363 0.1351

TriTrain-DT 0.3748  0.3473 0.3810 0.3794
TriTrain-kNN 0.1631 0.2739 0.1652 0.1601
TriTrain-SOFIS 0.1088 0.2331 0.0944 0.0963
TriTrain-ALMMo0 0.1439  0.2638 0.1252 0.1254
TriTrain-SOFBIS 0.1508 0.2591 0.1527 0.1525
ASSEMBLE-DT 0.1762  0.2823 0.1775 0.1782
ASSEMBLE-kNN 0.1199 0.2765 0.1204 0.1255
ASSEMBLE-SOFIS 0.1271  0.2601 0.1136 0.1162
ASSEMBLE-ALMMOo0 0.1306  0.2740 0.1530 0.1553
ASSEMBLE-SOFBIS 0.1471  0.3022 0.1504 0.1504
SemiBoost-DT 0.2547  0.2842 0.2589 0.2541
SemiBoost-kNN 0.2130 0.2894 0.2151 0.2122
SemiBoost-SOFIS 0.1945 0.2638 0.1771 0.1763
SemiBoost-ALMMo0 0.2035 0.2720 0.1824 0.1786
SemiBoost-SOFBIS 0.2071  0.2749 0.2112 0.2086
1:9 SSFWAdaBoost-SOFIS 0.0971 0.2135 0.0725 0.0733

SSFWAdaBoost-ALMMo0 0.0980  0.2408 0.0870 0.0847
SSFWAdaBoost-SOFBIS ~ 0.1094  0.2481 0.1046 0.1079

TriTrain-DT 0.3186  0.3188 0.3075 0.3144
TriTrain-kKNN 0.1239  0.2490 0.1232 0.1255
TriTrain-SOFIS 0.0868  0.2083 0.0734 0.0722
TriTrain-ALMMo0 0.1156  0.2419 0.0982 0.1000
TriTrain-SOFBIS 0.1182  0.2403 0.1175 0.1182
ASSEMBLE-DT 0.1447 0.2614 0.1459 0.1472
ASSEMBLE-kNN 0.0966  0.2529 0.0949 0.0980
ASSEMBLE-SOFIS 0.0919 0.2230 0.0774 0.0785
ASSEMBLE-ALMMo0 0.0966  0.2436 0.1170 0.1177
ASSEMBLE-SOFBIS 0.1075  0.2860 0.1085 0.1111
SemiBoost-DT 0.2202  0.2650 0.2169 0.2150
SemiBoost-kNN 0.1809 0.2703 0.1830 0.1798
SemiBoost-SOFIS 0.1572  0.2408 0.1364 0.1364
SemiBoost-ALMMo0 0.1696  0.2522 0.1505 0.1492

SemiBoost-SOFBIS 0.1738  0.2555 0.1752 0.1733




Table S29. Average ranks of different semi-supervised ensemble classifiers over four high-
dimensional problems under two different splitting ratios.

Algorithm Splitting Ratio
1:19 1:9
SSFWAdaBoost-SOFIS 2.7500  2.5000
SSFWAdaBoost-ALMMoO 4.0000  4.8750
SSFWAdaBoost-SOFBIS ~ 7.2500  7.7500

TriTrain-DT 18.0000 18.0000
TriTrain-kNN 10.7500 10.7500
TriTrain-SOFIS 1.0000 1.2500
TriTrain-ALMMo0 6.1250  7.0000
TriTrain-SOFBIS 7.7500  8.5000
ASSEMBLE-DT 13.0000 13.0000
ASSEMBLE-KNN 6.5000 6.3750
ASSEMBLE-SOFIS 4.0000 2.7500
ASSEMBLE-ALMMo0 9.2500 7.3750
ASSEMBLE-SOFBIS 10.5000 10.0000
SemiBoost-DT 16.5000 16.5000
SemiBoost-kNN 16.0000 16.0000
SemiBoost-SOFIS 10.6250 10.6250
SemiBoost-ALMMOo0 12.7500 13.2500
SemiBoost-SOFBIS 14.2500 14.5000

Table S30. p-values returned by pairwise Wilcoxon signed rank tests for evaluating the statistical
significance of SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMo0 and SSFWAdaBoost-SOFBIS
over alternative semi-supervised ensemble classification models on high-dimensional problems

SSFWAdaBoost EFS

Versus SOFIS ALMMo0O SOFBIS
TriTrain-DT 0.0078 0.0078 0.0078
TriTrain-kNN 0.0078 0.0078 0.0078
TriTrain-SOFIS 0.0156 0.0078 0.0078
TriTrain-ALMMo0 0.0078 0.0234 0.1641
TriTrain-SOFBIS 0.0078 0.0391 0.0547
ASSEMBLE-DT 0.0078 0.0078 0.0078
ASSEMBLE-KNN 0.0391 0.0391 0.0391

ASSEMBLE-SOFIS 0.0625 0.2500 0.0078
ASSEMBLE-ALMMo0 0.0156 0.0156 0.3125
ASSEMBLE-SOFBIS 0.0078 0.0078 0.0156

SemiBoost-DT 0.0078 0.0078 0.0078
SemiBoost-kNN 0.0078 0.0078 0.0078
SemiBoost-SOFIS 0.0078 0.0312 0.0391

SemiBoost-ALMMo0 0.0078 0.0078 0.0078
SemiBoost-SOFBIS 0.0078 0.0078 0.0078




Table S31. Performance demonstration of SSFWAdaBoost over 12 benchmark problems under
splitting ratio 1:19 with 5% mislabelled training samples

EFS Algorithm SE LR OR PR PW MF
SOFIS SSFWAdaBoost  0.2912 0.2462 0.0646 0.0590 0.1546  0.1570
Baseline 0.3742 0.3305 0.0800 0.0735 0.1571  0.2117
ALMMoO SSFWAdaBoost  0.2860 0.2443 0.0848 0.0777 0.1781  0.1482
Baseline 0.3573 0.3360 0.1144 0.1155 0.1794 0.1921
SOFBIS  SSFWAdaBoost  0.1639 0.2252 0.0439 0.0456 0.1263  0.0957
Baseline 0.1738 0.2504 0.0672 0.0604 0.1358  0.1169
EFS Algorithm PB SB SH TE GP IS
SOFIS SSFWAdaBoost  0.0576 0.0411 0.3006 0.0673 0.3861  0.3110
Baseline 0.0870 0.0539 0.2931 0.1017 0.4395  0.3917
ALMMo0 SSFWAdaBoost  0.0949 0.0575 0.3058 0.0831 0.3803  0.2985
Baseline 0.1561 0.0827 0.3272 0.1154 0.4746  0.3690
SOFBIS  SSFWAdaBoost  0.0941 0.0546 0.2507 0.0776 0.3599  0.1751
Baseline 0.1028 0.0579 0.2913 0.1018 0.3584  0.1815

Table S32. Performance demonstration of alternative EFSs boosted by SSFWAdaBoost over 12
benchmark problems

EFS Algorithm Splitting Ratio
1:19 1:9 3:17 1:4
eClassO SSFWAdaBoost 0.2539 0.2441 0.2309 0.2305
FWAdaBoost 0.2228 0.2128 0.2012 0.1998
Baseline 0.3386 0.3306 0.3280 0.3196
ALMMol SSFWAdaBoost 0.1873 0.1865 0.1776 0.1683
FWAdaBoost 0.1753 0.1629 0.1571 0.1552
Baseline 0.2013 0.2082 0.2004 0.1919
SAFL SSFWAdaBoost 0.1119 0.0952 0.0902 0.0877
FWAdaBoost 0.1334 0.1053 0.0937 0.0893
Baseline 0.1246 0.1029 0.0958 0.0927




Table S33. Performance demonstration of SSFWAdaBoost with eClass0 as base classifier over 12
benchmark problems

Splitting Ratio  Algorithm SE LR OR PR PW MF
1:19 SSFWAdaBoost 0.2466 0.4009 0.0795 0.1320 0.1747  0.2043
FWAdaBoost 0.2420 0.4128 0.0857 0.1213 0.1483 0.2114
Baseline 0.3187 0.5600 0.1446 0.1646 0.2119  0.2563
1:9 SSFWAdaBoost 0.2456 0.3621 0.0711 0.1273 0.1744  0.1893
FWAdaBoost 0.2309 0.3614 0.0765 0.1197 0.1483 0.1868
Baseline 0.3194 0.5416 0.1190 0.1667 0.2252  0.2416
3:17 SSFWAdaBoost 0.2221 0.3417 0.0696 0.1244 0.1749  0.1910
FWAdaBoost 0.2174 0.3386 0.0704 0.1085 0.1537 0.1773
Baseline 0.3012 0.5322 0.1310 0.1735 0.2175  0.2252
1:4 SSFWAdaBoost 0.2196 0.3358 0.0679 0.1211 0.1649  0.1674
FWAdaBoost 0.2070 0.3335 0.0679 0.1034 0.1518 0.1774
Baseline 0.2835 0.5251 0.1223 0.1576 0.2357  0.2226
Splitting Ratio  Algorithm PB SB SH TE GP IS
1:19 SSFWAdaBoost 0.3994 0.0992 0.3200 0.1675 0.5691  0.2532
FWAdaBoost 0.1598 0.0725 0.3167 0.1666 0.5000 0.2368
Baseline 0.4764 0.2941 0.4020 0.2234 0.6830  0.3286
1:9 SSFWAdaBoost 0.4402 0.1018 0.2524 0.1802 0.5529  0.2325
FWAdaBoost 0.2104 0.0752 0.2608 0.1640 0.4913  0.2281
Baseline 0.5114 0.2803 0.3508 0.2274 0.6727  0.3111
3:17 SSFWAdaBoost 0.4293 0.0745 0.2209 0.1655 0.5367  0.2204
FWAdaBoost 0.2104 0.0529 0.2307 0.1560 0.4937  0.2053
Baseline 0.4862 0.3401 0.3439 0.2099 0.6786  0.2967
1:4 SSFWAdaBoost 0.4411 0.1053 0.2177 0.1728 0.5441  0.2088
FWAdaBoost 0.2023 0.0655 0.2191 0.1600 0.4908  0.2196
Baseline 0.4762 0.2857 0.3352 0.2112 0.6916  0.2884




Table S34. Performance demonstration of SSFWAdaBoost with ALMMol1 as base classifier over 12
benchmark problems

Splitting Ratio  Algorithm SE LR OR PR PW MF
1:19 SSFWAdaBoost 0.1801 0.4542 0.1050 0.1482 0.0839  0.0501
FWAdaBoost 0.1862 0.4511 0.1213 0.1523 0.0837  0.0604
Baseline 0.2005 0.4782 0.1070 0.1468 0.0837  0.0848
1:9 SSFWAdaBoost 0.1644 0.4436 0.0851 0.1347 0.0820  0.0426
FWAdaBoost 0.1666 0.4383 0.0918 0.1355 0.0806  0.0464
Baseline 0.1977 0.4832 0.0864 0.1398 0.0826  0.0714
3:17 SSFWAdaBoost 0.1556 0.4383 0.0780 0.1335 0.0806  0.0463
FWAdaBoost 0.1526 0.4379 0.0843 0.1361 0.0794  0.0326
Baseline 0.1883 0.4575 0.0872 0.1396 0.0807  0.0916
1:4 SSFWAdaBoost 0.1473 0.4441 0.0744 0.1305 0.0824  0.0431
FWAdaBoost 0.1423 0.4353 0.0800 0.1309 0.0803  0.0282
Baseline 0.1760 0.4915 0.0771 0.1433 0.0823  0.1174
Splitting Ratio  Algorithm PB SB SH TE GP IS
1:19 SSFWAdaBoost 0.0761 0.0266 0.4854 0.0201 0.4468  0.1708
FWAdaBoost 0.0745 0.0264 0.2983 0.0337 0.4465 0.1696
Baseline 0.0824 0.0269 0.5034 0.0197 0.4530 0.2291
1:9 SSFWAdaBoost 0.0751 0.0272 0.5619 0.0149 0.4411  0.1651
FWAdaBoost 0.0718 0.0272 0.2648 0.0267 0.4391  0.1665
Baseline 0.0806 0.0268 0.6591 0.0152 0.4732  0.1823
3:17 SSFWAdaBoost 0.0749 0.0238 0.4883 0.0144 0.4394  0.1582
FWAdaBoost 0.0709 0.0241 0.2518 0.0207 0.4363  0.1591
Baseline 0.0783 0.0236 0.5858 0.0148 0.4674  0.1899
1:4 SSFWAdaBoost 0.0761 0.0202 0.3962 0.0133  0.4392  0.1532
FWAdaBoost 0.0746 0.0222 0.2622 0.0183 0.4322  0.1559
Baseline 0.0799 0.0205 0.4698 0.0132 0.4547 0.1774




Table S35. Performance demonstration of SSFWAdaBoost with SAFL as base classifier over 12
benchmark problems

Splitting Ratio  Algorithm SE LR OR PR PW MF
1:19 SSFWAdaBoost 0.1176 0.2416 0.0342 0.0286 0.0801  0.0578
FWAdaBoost 0.1651 0.2582 0.0478 0.0378 0.0812  0.0882
Baseline 0.1386 0.2450 0.0467 0.0308 0.0802  0.0976
1:9 SSFWAdaBoost 0.0993 0.2202 0.0251 0.0204 0.0726  0.0394
FWAdaBoost 0.1177 0.2215 0.0341 0.0243 0.0728  0.0496
Baseline 0.1065 0.2222 0.0312 0.0215 0.0730  0.0645
3:17 SSFWAdaBoost 0.0993 0.2122 0.0208 0.0180 0.0694  0.0329
FWAdaBoost 0.1031 0.2092 0.0264 0.0216 0.0685  0.0368
Baseline 0.1066 0.2163 0.0236 0.0192 0.0700  0.0506
1:4 SSFWAdaBoost 0.0962 0.2082 0.0188 0.0154 0.0706  0.0269
FWAdaBoost 0.1015 0.2033 0.0243 0.0169 0.0692  0.0315
Baseline 0.1030 0.2126 0.0215 0.0158 0.0703  0.0376
Splitting Ratio  Algorithm PB SB SH TE GP IS
1:19 SSFWAdaBoost 0.0742 0.0140 0.2057 0.0100 0.3652  0.1136
FWAdaBoost 0.0750 0.0157 0.2790 0.0245 0.3740  0.1543
Baseline 0.0746 0.0140 0.2408 0.0203 0.3723  0.1348
1:9 SSFWAdaBoost 0.0773 0.0105 0.1387 0.0059 0.3349  0.0976
FWAdaBoost 0.0630 0.0110 0.2038 0.0112 0.3390  0.1153
Baseline 0.0770 0.0109 0.1682 0.0112 0.3433  0.1057
3:17 SSFWAdaBoost 0.0830 0.0081 0.1099 0.0053 0.3264  0.0970
FWAdaBoost 0.0654 0.0104 0.1463 0.0091 0.3234  0.1045
Baseline 0.0827 0.0084 0.1265 0.0086 0.3330  0.1039
1:4 SSFWAdaBoost 0.0793 0.0085 0.1090 0.0042 0.3212  0.0945
FWAdaBoost 0.0672 0.0077 0.1275 0.0065 0.3194  0.0967
Baseline 0.0796 0.0113 0.1201 0.0064 0.3308  0.1035

Table S36. Performance demonstration of SSFWAdaBoost-eClassO and SSFWAdaBoost-ALMMol
over 12 benchmark problems under splitting ratio 1:19 with % of pseudo-labelling errors made by the
initial base classifier hy(x) randomly corrected for training the remaining ensemble components

EFS Algorithm SE LR OR PR PW MF
eClass0 SSFWAdaBoost'? 0.2128 0.3733 0.0964 0.1097 0.1412  0.1707
SSFWAdaBoost 0.2466 0.4009 0.0795 0.1320 0.1747  0.2043
ALMMo1l SSFWAdaBoost'? 0.1254 0.3260 0.0868 0.0974 0.0559  0.0591
SSFWAdaBoost 0.1801 0.4542 0.1050 0.1482 0.0839  0.0501
SSFWAdaBoost PB SB SH TE GP IS
eClass0 SSFWAdaBoost'? 0.3179 0.1960 0.2678 0.1489 0.4553  0.2191
SSFWAdaBoost 0.3994 0.0992 0.3200 0.1675 0.5691  0.2532

ALMMo1l SSFWAdaBoost'? 0.0496 0.0189 0.2369 0.0217 0.3062  0.1409
SSFWAdaBoost 0.0761 0.0266 0.4854 0.0201 0.4468  0.1708




S6. Experimental Results under the Inductive Setting

Table S37. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with SOFIS as base classifier over 12 benchmark problems under splitting ratio 1:11:8

Algorithm SE LR OR PR PW MF
SSFWAdaBoost 0.3167 0.2424 0.0354 0.0358 0.1330  0.1551
FWAdaBoost 0.3696 0.2748 0.0587 0.0526 0.1191  0.1745
AdaBoost.M1 0.3851 0.3151 0.0617 0.0538 0.1363  0.2038
AdaBoost.M2 0.4121 0.3229 0.0558 0.0554 0.1184  0.2254
SAMME 0.4047 0.3189 0.0726 0.0531 0.1367  0.2188
SAMME.R 0.4140 0.3147 0.0615 0.0618 0.1184  0.2055
RobAdaBoost 0.3377 0.2683 0.0495 0.0457 0.1121  0.1764
ASSEMBLE 0.2123 0.2369 0.0385 0.0394 0.1202  0.1617
SemiBoost 0.2732 0.2814 0.0389 0.0389 0.1166  0.2205
Algorithm PB SB SH TE GP IS
SSFWAdaBoost 0.0541 0.0271 0.2943 0.0439 0.3756  0.2906
FWAdaBoost 0.0599 0.0310 0.3024 0.0505 0.3927  0.3544
AdaBoost.M1 0.0573 0.0288 0.3053 0.0579 0.4276  0.3666
AdaBoost.M2 0.0583 0.0287 0.3449 0.0555 0.4457 0.4269
SAMME 0.0590 0.0288 0.3416 0.0770 0.4290  0.3934
SAMME.R 0.0981 0.0300 0.3281 0.0567 0.4149  0.3817
RobAdaBoost 0.0533 0.0268 0.2810 0.0483 0.3913  0.3065
ASSEMBLE 0.0648 0.0327 0.2917 0.0469 0.3659  0.1937
SemiBoost 0.1093 0.0977 0.2455 0.2693 0.4826  0.2485

Table S38. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with SOFIS as base classifier over 12 benchmark problems under splitting ratio 1:5:4

Algorithm SE LR OR PR PW MF
SSFWAdaBoost 0.2221 0.1601 0.0286 0.0235 0.1007  0.1114
FWAdaBoost 0.2738 0.1833 0.0402 0.0341 0.0988  0.1232
AdaBoost.M1 0.2975 0.2113 0.0421 0.0349 0.1137 0.1422
AdaBoost.M2 0.3383 0.2206 0.0386 0.0373 0.1004 0.1579
SAMME 0.3091 0.2113 0.0482 0.0375 0.1137  0.1435
SAMME.R 0.3019 0.2052 0.0410 0.0366 0.0979  0.1461
RobAdaBoost 0.2529 0.1771 0.0354 0.0302 0.0939  0.1236
ASSEMBLE 0.1527 0.1526 0.0309 0.0255 0.1014  0.1169
SemiBoost 0.1920 0.2119 0.0285 0.0216 0.0995  0.1435
Algorithm PB SB SH TE GP IS
SSFWAdaBoost 0.0479 0.0162 0.1760 0.0319 0.3220  0.2232
FWAdaBoost 0.0500 0.0186 0.2163 0.0368 0.3402  0.2709
AdaBoost.M1 0.0545 0.0203 0.2250 0.0418 0.3725 0.2911
AdaBoost.M2 0.0511 0.0190 0.2359 0.0379 0.3789  0.3327
SAMME 0.0550 0.0203 0.2352 0.0467 0.3719  0.3075
SAMME.R 0.0654 0.0189 0.2257 0.0372 0.3545  0.3106
RobAdaBoost 0.0490 0.0158 0.1995 0.0350 0.3320  0.2500
ASSEMBLE 0.0544 0.0180 0.2144 0.0333 0.3071  0.1550
SemiBoost 0.0850 0.0867 0.1812 0.2039 0.4439  0.1962




Table S39. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with SOFIS as base classifier over 12 benchmark problems under splitting ratio 3:9:8

Algorithm SE LR OR PR PW MF
SSFWAdaBoost 0.1850 0.1223 0.0250 0.0177 0.0922  0.0864
FWAdaBoost 0.2315 0.1386 0.0325 0.0243 0.0883  0.0940
AdaBoost.M1 0.2643 0.1653 0.0340 0.0244 0.1016  0.1162
AdaBoost.M2 0.3014 0.1696 0.0303 0.0250 0.0904 0.1104
SAMME 0.2785 0.1653 0.0423 0.0242 0.1016  0.1191
SAMME.R 0.2619 0.1569 0.0306 0.0244 0.0879  0.1053
RobAdaBoost 0.2056 0.1342 0.0291 0.0204 0.0860  0.0925
ASSEMBLE 0.1523 0.1125 0.0252 0.0176 0.0950  0.1030
SemiBoost 0.1668 0.1684 0.0243 0.0159 0.0901  0.1127
Algorithm PB SB SH TE GP IS
SSFWAdaBoost 0.0439 0.0139 0.1551 0.0236 0.2798  0.1908
FWAdaBoost 0.0449 0.0178 0.1780 0.0272 0.3044  0.2210
AdaBoost.M1 0.0510 0.0182 0.1860 0.0321 0.3364  0.2443
AdaBoost.M2 0.0481 0.0176 0.1881 0.0276 0.3698  0.2883
SAMME 0.0511 0.0197 0.2083 0.0417 0.3370  0.2632
SAMME.R 0.0577 0.0165 0.1813 0.0278 0.3205  0.2519
RobAdaBoost 0.0442 0.0156 0.1597 0.0253 0.2983  0.2048
ASSEMBLE 0.0496 0.0137 0.1617 0.0248 0.2648  0.1336
SemiBoost 0.0714 0.0752 0.1462 0.1541 0.4055  0.1680

Table S40. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with SOFIS as base classifier over 12 benchmark problems under splitting ratio 1:2:2

Algorithm SE LR OR PR PW MF
SSFWAdaBoost 0.1698 0.1015 0.0206 0.0140 0.0854  0.0795
FWAdaBoost 0.1968 0.1146 0.0283 0.0199 0.0840  0.0901
AdaBoost.M1 0.2382 0.1337 0.0294 0.0191 0.0953  0.1018
AdaBoost.M2 0.2564 0.1388 0.0260 0.0196 0.0849  0.1029
SAMME 0.2463 0.1337 0.0322 0.0191 0.0953  0.1061
SAMME.R 0.2233 0.1284 0.0267 0.0199 0.0822  0.0980
RobAdaBoost 0.1876 0.1108 0.0238 0.0159 0.0798  0.0873
ASSEMBLE 0.1276 0.0936 0.0213 0.0142 0.0887  0.0910
SemiBoost 0.1501 0.1403 0.0229 0.0128 0.0818 0.1174
Algorithm PB SB SH TE GP IS
SSFWAdaBoost 0.0408 0.0125 0.1212 0.0199 0.2554  0.1612
FWAdaBoost 0.0439 0.0153 0.1499 0.0223 0.2759  0.1861
AdaBoost.M1 0.0477 0.0163 0.1659 0.0268 0.3093  0.2036
AdaBoost.M2 0.0443 0.0147 0.1639 0.0247 0.3270  0.2399
SAMME 0.0476 0.0158 0.1827 0.0315 0.3095  0.2144
SAMME.R 0.0487 0.0143 0.1527 0.0225 0.2965  0.2094
RobAdaBoost 0.0413 0.0137 0.1361 0.0207 0.2740 0.1744
ASSEMBLE 0.0475 0.0117 0.1386 0.0210 0.2435  0.1179
SemiBoost 0.0587 0.0628 0.1239 0.1220 0.3618  0.1417




Table S41. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with ALMMOo0 as base classifier over 12 benchmark problems under splitting ratio 1:11:8

Algorithm SE LR OR PR PW MF
SSFWAdaBoost 0.2877 0.2184 0.0369 0.0304 0.1437  0.1329
FWAdaBoost 0.3244 0.2576 0.0589 0.0438 0.1312  0.1579
AdaBoost.M1 0.3265 0.3027 0.0650 0.0482 0.1408  0.1654
AdaBoost.M2 0.3909 0.3146 0.0572 0.0466 0.1477  0.2206
SAMME 0.3566 0.3288 0.0860 0.0578 0.1417  0.1906
SAMME.R 0.3390 0.2821 0.0564 0.0450 0.1307 0.1724
RobAdaBoost 0.3139 0.2499 0.0487 0.0394 0.1358  0.1604
ASSEMBLE 0.2245 0.2442 0.0340 0.0366 0.1312  0.1501
SemiBoost 0.2788 0.3030 0.0387 0.0402 0.1181  0.2324
Algorithm PB SB SH TE GP IS
SSFWAdaBoost 0.0543 0.0246 0.2826 0.0342 0.3621  0.2657
FWAdaBoost 0.0573 0.0292 0.3290 0.0521 0.4008  0.3014
AdaBoost.M1 0.0601 0.0306 0.3474 0.0586 0.4418  0.3147
AdaBoost.M2 0.0598 0.0291 0.4342 0.0572 0.4737  0.3662
SAMME 0.0658 0.0286 0.4041 0.0704 0.4482  0.3522
SAMME.R 0.1023 0.0270 0.3394 0.0515 0.4270 0.3442
RobAdaBoost 0.0538 0.0261 0.3185 0.0464 0.4175  0.2803
ASSEMBLE 0.0648 0.0327 0.2992 0.0511 0.3756  0.2071
SemiBoost 0.1453 0.0977 0.2670 0.3013 0.5027  0.2520

Table S42. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with ALMMOo0 as base classifier over 12 benchmark problems under splitting ratio 1:5:4

Algorithm SE LR OR PR PW MF
SSFWAdaBoost 0.2085 0.1435 0.0262 0.0195 0.1104  0.0995
FWAdaBoost 0.2425 0.1740 0.0400 0.0281 0.1019 0.1146
AdaBoost.M1 0.2568 0.2186 0.0440 0.0301 0.1117 0.1274
AdaBoost.M2 0.2979 0.2278 0.0375 0.0280 0.1150  0.1340
SAMME 0.2880 0.2189 0.0557 0.0386 0.1109  0.1489
SAMME.R 0.2793 0.1894 0.0368 0.0293 0.1013  0.1245
RobAdaBoost 0.2340 0.1670 0.0339 0.0245 0.1056  0.1164
ASSEMBLE 0.1902 0.1542 0.0257 0.0228 0.1056  0.1099
SemiBoost 0.2050 0.2424 0.0283 0.0234 0.1010  0.1685
Algorithm PB SB SH TE GP IS
SSFWAdaBoost 0.0498 0.0157 0.2039 0.0281 0.3035  0.2042
FWAdaBoost 0.0506 0.0177 0.2392 0.0370 0.3502  0.2287
AdaBoost.M1 0.0553 0.0198 0.2642 0.0426 0.3904  0.2677
AdaBoost.M2 0.0530 0.0182 0.2719 0.0393 0.4340 0.2929
SAMME 0.0586 0.0197 0.2947 0.0534 0.4002  0.2832
SAMME.R 0.0604 0.0177 0.2433 0.0359 0.3629  0.2539
RobAdaBoost 0.0488 0.0172 0.2267 0.0338 0.3550  0.2393
ASSEMBLE 0.0603 0.0198 0.2250 0.0378 0.3228  0.1869
SemiBoost 0.1049 0.0882 0.2058 0.2495 0.4785  0.2081




Table S43. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with ALMMOo0 as base classifier over 12 benchmark problems under splitting ratio 3:9:8

Algorithm SE LR OR PR PW MF
SSFWAdaBoost 0.1663 0.1117 0.0218 0.0158 0.0987  0.0830
FWAdaBoost 0.2025 0.1356 0.0304 0.0207 0.0932  0.0892
AdaBoost.M1 0.2342 0.1714 0.0379 0.0248 0.1020  0.1029
AdaBoost.M2 0.2570 0.1719 0.0301 0.0216 0.1030  0.1025
SAMME 0.2494 0.1777 0.0437 0.0302 0.1026  0.1109
SAMME.R 0.2147 0.1427 0.0290 0.0209 0.0932  0.0958
RobAdaBoost 0.1937 0.1282 0.0275 0.0176 0.0952  0.0889
ASSEMBLE 0.1573 0.1190 0.0225 0.0166 0.0954  0.0955
SemiBoost 0.1831 0.2034 0.0253 0.0179 0.0914 0.1311
Algorithm PB SB SH TE GP IS
SSFWAdaBoost 0.0478 0.0132 0.1694 0.0211 0.2743  0.1685
FWAdaBoost 0.0447 0.0172 0.2027 0.0274 0.3177  0.1989
AdaBoost.M1 0.0522 0.0188 0.2214 0.0323 0.3648  0.2276
AdaBoost.M2 0.0502 0.0174 0.2168 0.0310 0.3980  0.2510
SAMME 0.0532 0.0186 0.2560 0.0437 0.3716  0.2479
SAMME.R 0.0561 0.0167 0.2119 0.0274 0.3397 0.2151
RobAdaBoost 0.0464 0.0151 0.1932 0.0244 0.3259  0.1936
ASSEMBLE 0.0528 0.0157 0.1917 0.0276 0.2939  0.1531
SemiBoost 0.0866 0.0801 0.1733 0.2129 0.4633  0.1789

Table S44. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with ALMMOoO0 as base classifier over 12 benchmark problems under splitting ratio 1:2:2

Algorithm SE LR OR PR PW MF
SSFWAdaBoost 0.1491 0.0934 0.0194 0.0117 0.0878  0.0759
FWAdaBoost 0.1779 0.1105 0.0269 0.0169 0.0837  0.0841
AdaBoost.M1 0.2069 0.1484 0.0300 0.0190 0.0895 0.0974
AdaBoost.M2 0.2363 0.1421 0.0251 0.0167 0.0910  0.0960
SAMME 0.2368 0.1604 0.0352 0.0207 0.0901  0.1212
SAMME.R 0.1946 0.1158 0.0248 0.0162 0.0847  0.0906
RobAdaBoost 0.1760 0.1054 0.0231 0.0139 0.0841  0.0849
ASSEMBLE 0.1462 0.0997 0.0200 0.0134 0.0910 0.0843
SemiBoost 0.1694 0.1795 0.0231 0.0136 0.0836  0.1196
Algorithm PB SB SH TE GP IS
SSFWAdaBoost 0.0430 0.0125 0.1440 0.0167 0.2521  0.1470
FWAdaBoost 0.0423 0.0143 0.1689 0.0220 0.2939  0.1739
AdaBoost.M1 0.0519 0.0176 0.1912 0.0286 0.3421  0.2009
AdaBoost.M2 0.0485 0.0160 0.1980 0.0257 0.3728  0.2183
SAMME 0.0520 0.0180 0.2290 0.0324 0.3568  0.2090
SAMME.R 0.0416 0.0141 0.1727 0.0216 0.3115  0.1847
RobAdaBoost 0.0426 0.0138 0.1664 0.0199 0.3017 0.1681
ASSEMBLE 0.0491 0.0126 0.1664 0.0218 0.2685  0.1302
SemiBoost 0.0705 0.0741 0.1576 0.1775 0.4430  0.1575




Table S45. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with SOFBIS as base classifier over 12 benchmark problems under splitting ratio 1:11:8

Algorithm SE LR OR PR PW MF
SSFWAdaBoost 0.1531 0.2164 0.0382 0.0329 0.1040  0.0851
FWAdaBoost 0.1680 0.2588 0.0627 0.0454 0.1130  0.1204
AdaBoost.M1 0.1673 0.2441 0.0660 0.0425 0.1133  0.1209
AdaBoost.M2 0.1868 0.2510 0.0609 0.0420 0.1154  0.1321
SAMME 0.1983 0.2452 0.0894 0.0526  0.1127  0.1620
SAMME.R 0.6018 0.3868 0.2623 0.2496 0.1898  0.3549
RobAdaBoost 0.1552 0.2405 0.0579 0.0377 0.1105  0.0995
ASSEMBLE 0.1834 0.2229 0.0425 0.0356 0.1112  0.1043
SemiBoost 0.1984 0.2857 0.0369 0.0855 0.1099  0.1179
Algorithm PB SB SH TE GP IS
SSFWAdaBoost 0.0762 0.0286 0.2504 0.0684 0.3511  0.1371
FWAdaBoost 0.0818 0.0300 0.2998 0.1005 0.3530  0.1553
AdaBoost.M1 0.0813 0.0376 0.3195 0.1063 0.3499 0.1611
AdaBoost.M2 0.0795 0.0307 0.3846 0.1012 0.3902  0.1649
SAMME 0.0847 0.0389 0.3658 0.1294 0.3577  0.1862
SAMME.R 0.0990 0.0442 0.5750 0.5162 0.5098  0.4352
RobAdaBoost 0.0788 0.0290 0.3046 0.0868 0.3484  0.1416
ASSEMBLE 0.0856 0.0273 0.2912 0.0693 0.3650  0.1744
SemiBoost 0.1531 0.0925 0.2620 0.2275 0.4706  0.1836

Table S46. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with SOFBIS as base classifier over 12 benchmark problems under splitting ratio 1:5:4

Algorithm SE LR OR PR PW MF
SSFWAdaBoost 0.1038 0.1446 0.0315 0.0219 0.0844  0.0571
FWAdaBoost 0.1128 0.1779 0.0454 0.0275 0.0858 0.0771
AdaBoost.M1 0.1080 0.1611 0.0476 0.0285 0.0852  0.0792
AdaBoost.M2 0.1185 0.1738 0.0427 0.0265 0.0894  0.0700
SAMME 0.1258 0.1627 0.0600 0.0347 0.0852  0.1021
SAMME.R 0.5449 0.2795 0.2335 0.1255 0.2189  0.4245
RobAdaBoost 0.1019 0.1645 0.0435 0.0238 0.0847  0.0672
ASSEMBLE 0.1245 0.1402 0.0327 0.0253 0.0908  0.0689
SemiBoost 0.1251 0.2143 0.0306 0.0204 0.0911  0.0786
Algorithm PB SB SH TE GP IS
SSFWAdaBoost 0.0685 0.0147 0.1840 0.0466 0.2899  0.1001
FWAdaBoost 0.0685 0.0154 0.2171 0.0640 0.2927  0.1145
AdaBoost.M1 0.0677 0.0221 0.2386 0.0656 0.2873  0.1057
AdaBoost.M2 0.0733 0.0172 0.2421 0.0593 0.3121 0.1171
SAMME 0.0735 0.0212 0.2876 0.0790 0.2871  0.1166
SAMME.R 0.0977 0.2930 0.7074 0.4030 0.4143 0.6788
RobAdaBoost 0.0691 0.0157 0.2121 0.0540 0.2859  0.1029
ASSEMBLE 0.0723 0.0144 0.2192 0.0453 0.3062  0.1284
SemiBoost 0.1207 0.0808 0.2022 0.1576  0.4321  0.1364




Table S47. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with SOFBIS as base classifier over 12 benchmark problems under splitting ratio 3:9:8

Algorithm SE LR OR PR PW MF
SSFWAdaBoost 0.0837 0.1138 0.0274 0.0192 0.0718  0.0498
FWAdaBoost 0.0957 0.1412 0.0362 0.0212 0.0738 0.0611
AdaBoost.M1 0.0904 0.1218 0.0398 0.0185 0.0745  0.0658
AdaBoost.M2 0.0975 0.1321 0.0348 0.0193 0.0774  0.0615
SAMME 0.1055 0.1239 0.0464 0.0249 0.0745  0.0831
SAMME.R 0.4953 0.3063 0.2234 0.1322 0.2382  0.2410
RobAdaBoost 0.0871 0.1223 0.0367 0.0182 0.0738  0.0575
ASSEMBLE 0.1081 0.1067 0.0286 0.0200 0.0802  0.0644
SemiBoost 0.1068 0.1732 0.0284 0.0166 0.0825  0.0655
Algorithm PB SB SH TE GP IS
SSFWAdaBoost 0.0645 0.0093 0.1625 0.0390 0.2552  0.0858
FWAdaBoost 0.0660 0.0111 0.1769 0.0520 0.2554  0.0869
AdaBoost.M1 0.0633 0.0156 0.1959 0.0511 0.2475  0.0856
AdaBoost.M2 0.0694 0.0119 0.2017 0.0464 0.2650  0.0925
SAMME 0.0661 0.0152 0.2251 0.0642 0.2485  0.1043
SAMME.R 0.1007 0.2011 0.4440 0.3001 0.4506  0.5314
RobAdaBoost 0.0653 0.0107 0.1755 0.0425 0.2495  0.0828
ASSEMBLE 0.0698 0.0093 0.1736 0.0377 0.2645  0.1018
SemiBoost 0.1035 0.0717 0.1813 0.1212 0.3932  0.1016

Table S48. Performance comparison between SSFWAdaBoost and alternative boosting algorithms
with SOFBIS as base classifier over 12 benchmark problems under splitting ratio 1:2:2

Algorithm SE LR OR PR PW MF
SSFWAdaBoost 0.0700 0.0938 0.0252 0.0158 0.0680  0.0461
FWAdaBoost 0.0765 0.1145 0.0305 0.0169 0.0687  0.0571
AdaBoost.M1 0.0740 0.1000 0.0319 0.0157 0.0676  0.0578
AdaBoost.M2 0.0784 0.1108 0.0290 0.0153 0.0707  0.0545
SAMME 0.0876 0.1023 0.0355 0.0169 0.0676  0.0769
SAMME.R 0.7016 0.2641 0.0447 0.2096 0.1518  0.4881
RobAdaBoost 0.0694 0.1016 0.0297 0.0147 0.0665  0.0499
ASSEMBLE 0.0845 0.0864 0.0251 0.0168 0.0778  0.0597
SemiBoost 0.0791 0.1439 0.0276 0.0131 0.0735  0.0569
Algorithm PB SB SH TE GP IS
SSFWAdaBoost 0.0583 0.0083 0.1341 0.0312 0.2327 0.0714
FWAdaBoost 0.0598 0.0097 0.1482 0.0420 0.2289  0.0753
AdaBoost.M1 0.0607 0.0120 0.1625 0.0381 0.2232  0.0743
AdaBoost.M2 0.0609 0.0092 0.1757 0.0364 0.2440 0.0779
SAMME 0.0614 0.0122 0.2050 0.0470 0.2232  0.0834
SAMME.R 0.0993 0.1187 0.2711 0.4235 0.3857  0.6930
RobAdaBoost 0.0596 0.0091 0.1507 0.0348 0.2244  0.0723
ASSEMBLE 0.0639 0.0078 0.1531 0.0288 0.2362  0.0889
SemiBoost 0.0865 0.0614 0.1664 0.0923 0.3521  0.0808




Table S49. Average ranks of classification performances of SSFWAdaBoost and alternative boosting
algorithms over 12 benchmark problems

EFS Algorithm Splitting Ratio
1:19 1:9 3:17 1:4
SOFIS SSFWAdaBoost 2.4167 2.1667 2.3333 2.0833

FWAdaBoost 49167 4.2500 4.5833 4.8750
AdaBoost.M1 6.1250 6.6250 7.0417 6.9583
AdaBoost.M2 6.7083 7.2500 6.8333 6.6667
SAMME 7.2083 7.5833 7.7500 7.5417
SAMME.R 6.6250 6.1667 5.6250 5.7083
RobAdaBoost 2.8333 3.0000 3.0000 2.9167
ASSEMBLE 3.0833 2.7500 2.6667 2.7500
SemiBoost 5.0833 5.2083 5.1667 5.5000
ALMMo0 SSFWAdaBoost 2.1667 1.8333 1.7500 1.7500
FWAdaBoost 45417 4.2083 4.0833 4.3333
AdaBoost.M1 6.4167 6.7917 7.0000 7.0000
AdaBoost.M2 7.3333 7.0000 7.0000 6.8750
SAMME 7.5833 7.6667 8.0000 8.2500
SAMME.R 5.3333 5.2083 5.1667 4.5833
RobAdaBoost 3.3333 3.4583 3.1667 3.4167
ASSEMBLE 2.8750 3.1667 3.0000 3.0833
SemiBoost 5.4167 5.6667 5.8333 5.7083
SOFBIS SSFWAdaBoost 1.3333 1.8750 1.9583 2.3333
FWAdaBoost 49167 4.7083 4.6250 4.8750
AdaBoost.M1 5.0833 4.7083 4.1250 4.1667
AdaBoost.M2 5.8333 5.4167 5.3333 4.9167
SAMME 6.7500 6.2083 6.2917 6.2917
SAMME.R 8.8333 8.8333 8.9167 9.0000
RobAdaBoost 2.8333 209167 2.8750 2.5833
ASSEMBLE 3.7500 4.0833 4.5417 4.7500
SemiBoost 5.6667 6.2500 6.3333 6.0833




Table S50. p-values returned by Friedman tests for evaluating the statistical significance of
SSFWAdaBoost over alternative boosting algorithms

EFS SOFIS  ALMMo0 SOFBIS
p-value  0.0000  0.0000 0.0000

Table S51. p-values returned by pairwise Wilcoxon signed rank tests for evaluating the statistical
significance of SSFWAdaBoost over alternative boosting algorithms

SSFWAdaBoost versus EFS
SOFIS ALMMo0 SOFBIS

FWAdaBoost 0.0000  0.0000 0.0000
AdaBoost.M1 0.0000  0.0000 0.0000
AdaBoost.M2 0.0000  0.0000 0.0000
SAMME 0.0000  0.0000 0.0000
SAMME.R 0.0000  0.0000 0.0000
RobAdaBoost 0.0000  0.0000 0.0000
ASSEMBLE 0.4571  0.0116 0.0000

SemiBoost 0.0018  0.0000 0.0000




Table S52. Performance comparison between SSFWAdaBoost-SOFBIS, SSFWAdaBoost-ALMMoO0,
SSFWAdaBoost-SOFIS and alternative semi-supervised ensemble classification models over 12
benchmark problems under splitting ratio 1:11:8

Algorithm SE LR OR PR PW MF
SSFWAdaBoost-SOFIS 0.3167 0.2424 0.0354 0.0358 0.1330  0.1551
SSFWAdaBoost-ALMMo0 0.2877 0.2184 0.0369 0.0304 0.1437  0.1329
SSFWAdaBoost-SOFBIS 0.1531 0.2164 0.0382 0.0329 0.1040  0.0851
TriTrain-DT 0.1390 0.3838 0.2577 0.1616 0.0903  0.1759
TriTrain-kNN 0.2361 0.3219 0.0361 0.0480 0.1290  0.2034
ASSEMBLE-DT 0.1756 0.2737 0.0641 0.0458 0.0930  0.1522
ASSEMBLE-kNN 0.2108 0.2152 0.0387 0.0435 0.1232  0.1651
SemiBoost-DT 0.1516 0.3198 0.0789 0.0517 0.1033  0.2388
SemiBoost-kNN 0.2134 0.2892 0.0412 0.0369 0.1203  0.2406
Algorithm PB SB SH TE GP IS
SSFWAdaBoost-SOFIS 0.0541 0.0271 0.2943 0.0439 0.3756  0.2906
SSFWAdaBoost-ALMMo0 0.0543 0.0246 0.2826 0.0342 0.3621  0.2657
SSFWAdaBoost-SOFBIS 0.0762 0.0286 0.2504 0.0684 0.3511 0.1371
TriTrain-DT 0.0599 0.0275 0.5375 0.2056 0.4322  0.1390
TriTrain-kNN 0.0771 0.0417 0.3342 0.0850 0.4115 0.2372
ASSEMBLE-DT 0.0711 0.0225 0.3749 0.0945 0.3758  0.1554
ASSEMBLE-kNN 0.0769 0.0429 0.2579 0.0735 0.3558  0.2032
SemiBoost-DT 0.0923 0.0972 0.3036 0.2964 0.4617  0.1545
SemiBoost-kNN 0.1523 0.1019 0.2714 0.2885 0.4910  0.2022

Table S53. Performance comparison between SSFWAdaBoost-SOFBIS, SSFWAdaBoost-ALMMo0,
SSFWAdaBoost-SOFIS and alternative semi-supervised ensemble classification models over 12
benchmark problems under splitting ratio 1:5:4

Algorithm SE LR OR PR PW MF
SSFWAdaBoost-SOFIS 0.2221 0.1601 0.0286 0.0235 0.1007 0.1114
SSFWAdaBoost-ALMMo0 0.2085 0.1435 0.0262 0.0195 0.1104  0.0995
SSFWAdaBoost-SOFBIS 0.1038 0.1446 0.0315 0.0219 0.0844  0.0571
TriTrain-DT 0.1094 0.3177 0.2115 0.1227 0.0806  0.1149
TriTrain-kNN 0.1886 0.2052 0.0282 0.0279 0.1062  0.1484
ASSEMBLE-DT 0.1047 0.1766 0.0505 0.0320 0.0788  0.0751
ASSEMBLE-kNN 0.1518 0.1409 0.0258 0.0257 0.1069  0.1224
SemiBoost-DT 0.0903 0.2514 0.0651 0.0345 0.0876  0.1346
SemiBoost-kNN 0.1547 0.2287 0.0298 0.0205 0.1040  0.1737
Algorithm PB SB SH TE GP IS
SSFWAdaBoost-SOFIS 0.0479 0.0162 0.1760 0.0319 0.3220  0.2232
SSFWAdaBoost-ALMMo0 0.0498 0.0157 0.2039 0.0281 0.3035  0.2042
SSFWAdaBoost-SOFBIS 0.0685 0.0147 0.1840 0.0466 0.2899  0.1001
TriTrain-DT 0.0524 0.0152 0.4297 0.1783 0.3663  0.0969
TriTrain-kNN 0.0675 0.0189 0.2320 0.0524 0.3467 0.1763
ASSEMBLE-DT 0.0554 0.0103 0.3063 0.0753 0.2868  0.0976
ASSEMBLE-KNN 0.0691 0.0194 0.1925 0.0420 0.2925  0.1522
SemiBoost-DT 0.0660 0.0841 0.2353 0.2120 0.3947  0.0870

SemiBoost-kNN 0.1183 0.0949 0.2116 0.2389 0.4597 0.1571




Table S54. Performance comparison between SSFWAdaBoost-SOFBIS, SSFWAdaBoost-ALMMo0,
SSFWAdaBoost-SOFIS and alternative semi-supervised ensemble classification models over 12
benchmark problems under splitting ratio 3:9:8

Algorithm SE LR OR PR PW MF
SSFWAdaBoost-SOFIS 0.1850 0.1223 0.0250 0.0177 0.0922  0.0864
SSFWAdaBoost-ALMMo0 0.1663 0.1117 0.0218 0.0158 0.0987  0.0830
SSFWAdaBoost-SOFBIS 0.0837 0.1138 0.0274 0.0192 0.0718  0.0498
TriTrain-DT 0.0910 0.2839 0.1764 0.1045 0.0747  0.0929
TriTrain-kNN 0.1564 0.1604 0.0270 0.0193 0.1005  0.1210
ASSEMBLE-DT 0.0900 0.1433 0.0481 0.0258 0.0729  0.0638
ASSEMBLE-kNN 0.1364 0.1094 0.0225 0.0184 0.0971  0.1066
SemiBoost-DT 0.0740 0.2032 0.0650 0.0304 0.0775  0.1159
SemiBoost-kNN 0.1366 0.1868 0.0254 0.0167 0.0956  0.1367
Algorithm PB SB SH TE GP IS
SSFWAdaBoost-SOFIS 0.0439 0.0139 0.1551 0.0236 0.2798  0.1908
SSFWAdaBoost-ALMMo0 0.0478 0.0132 0.1694 0.0211 0.2743  0.1685
SSFWAdaBoost-SOFBIS 0.0645 0.0093 0.1625 0.0390 0.2552  0.0858
TriTrain-DT 0.0434 0.0114 0.4077 0.1462 0.3029  0.0844
TriTrain-kNN 0.0620 0.0132 0.2006 0.0379 0.3092 0.1574
ASSEMBLE-DT 0.0490 0.0073 0.2538 0.0553 0.2411  0.0921
ASSEMBLE-kNN 0.0619 0.0118 0.1771 0.0378 0.2413  0.1254
SemiBoost-DT 0.0541 0.0738 0.1997 0.1572 0.3408  0.0715
SemiBoost-kNN 0.1015 0.0836 0.1940 0.2087 0.4206  0.1306

Table S55. Performance comparison between SSFWAdaBoost-SOFBIS, SSFWAdaBoost-ALMMo0,
SSFWAdaBoost-SOFIS and alternative semi-supervised ensemble classification models over 12
benchmark problems under splitting ratio 1:2:2

Algorithm SE LR OR PR PW MF
SSFWAdaBoost-SOFIS 0.1698 0.1015 0.0206 0.0140 0.0854  0.0795
SSFWAdaBoost-ALMMo0 0.1491 0.0934 0.0194 0.0117 0.0878  0.0759
SSFWAdaBoost-SOFBIS 0.0700 0.0938 0.0252 0.0158 0.0680  0.0461
TriTrain-DT 0.0795 0.2598 0.1638 0.0883 0.0745  0.0834
TriTrain-kNN 0.1293 0.1371 0.0258 0.0143 0.0924  0.1029
ASSEMBLE-DT 0.0744 0.1229 0.0446 0.0231 0.0670  0.0501
ASSEMBLE-kNN 0.1016 0.0911 0.0214 0.0149 0.0916  0.0964
SemiBoost-DT 0.0531 0.1710 0.0620 0.0267 0.0682  0.1152
SemiBoost-kNN 0.1124 0.1583 0.0237 0.0137 0.0877  0.1271
Algorithm PB SB SH TE GP IS
SSFWAdaBoost-SOFIS 0.0408 0.0125 0.1212 0.0199 0.2554  0.1612
SSFWAdaBoost-ALMMo0 0.0430 0.0125 0.1440 0.0167 0.2521  0.1470
SSFWAdaBoost-SOFBIS 0.0583 0.0083 0.1341 0.0312 0.2327 0.0714
TriTrain-DT 0.0390 0.0092 0.3711 0.1333 0.2891  0.0759
TriTrain-kNN 0.0561 0.0074 0.1871 0.0342 0.2726  0.1242
ASSEMBLE-DT 0.0454 0.0074 0.2356 0.0489 0.2108 0.0684
ASSEMBLE-KNN 0.0581 0.0074 0.1436 0.0255 0.2100 0.1046
SemiBoost-DT 0.0450 0.0558 0.1782 0.1172 0.2925  0.0507

SemiBoost-kNN 0.0884 0.0709 0.1758 0.1770 0.3787  0.1048




Table S56. Average ranks of classification performances of SSFWAdaBoost-SOFIS,
SSFWAdaBoost-ALMMo0, SSFWAdaBoost-SOFBIS and alternative semi-supervised classification
models over 12 benchmark problems

Algorithm Splitting Ratio
1:11:8 1:5:4 3:9:8 1:2:2
SSFWAdaBoost-SOFIS 4.4167 4.4167 45000  4.3750

SSFWAdaBoost-ALMMo0O ~ 3.8333 4.0000 3.9583  4.0417
SSFWAdaBoost-SOFBIS 2.6667 3.2500 3.4167  3.5833

TriTrain-DT 5.5833 5.7500 5.5833  6.1667
TriTrain-kNN 6.3333 6.0833 6.5417  6.0000
ASSEMBLE-DT 4.5833 4.0000 4.1667  4.1667
ASSEMBLE-kNN 4.5000 4.5833 4.0833  4.0833
SemiBoost-DT 6.5000 6.0833 6.0000  5.8333
SemiBoost-kNN 6.5833 6.8333 6.7500  6.7500

Table S57. p-values returned by pairwise Wilcoxon signed rank tests for evaluating the statistical
significance of SSFWAdaBoost-SOFIS, SSFWAdaBoost-ALMMo0 and SSFWAdaBoost-SOFBIS
over alternative semi-supervised classification models

SSFWAdaBoost EFS

Versus SOFIS ALMMo0 SOFBIS
TriTrain-DT 0.0049 0.0023 0.0000
TriTrain-kNN 0.0053 0.0006 0.0000

ASSEMBLE-DT 0.6518 0.9959 0.0002
ASSEMBLE-kNN 0.3198 0.5485 0.0007
SemiBoost-DT 0.0282 0.0194 0.0000
SemiBoost-kNN 0.0010 0.0002 0.0000
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