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Multi-View Based Unlabeled Data Selection Using

Feature Transformation Methods for SemiBoost

Learning

Thanh-Binh Lea, Sugwon Honga, Sang-Woon Kima,∗

aDepartment of Computer Engineering, Myongji University, Yongin, 17058 Korea

Abstract

SemiBoost [23] is a boosting framework for semi-supervised learning, in which
unlabeled data as well as labeled data both contribute to learning. Various
strategies have been proposed in the literature to perform the task of selecting
useful unlabeled data in SemiBoost. Recently, a multi-view based strategy
was proposed in [20], in which the feature set of the data is decomposed into
subsets (i.e., multiple views) using a feature-decomposition method. In the
decomposition process, the strategy inevitably results in some loss of informa-
tion. To avoid this drawback, this paper considered feature-transformation
methods, rather than using the decomposition method, to obtain the multi-
ple views. More specifically, in the feature-transformation method, a number
of views were obtained from the entire feature set using the same number of
different mapping functions. After deriving the number of views of the data,
each of the views was used for measuring corresponding confidences, for first
evaluating examples to be selected. Then, all the confidence levels measured
from the multiple views were combined as a weighted average for deriving
a target confidence. The experimental results, which were obtained using
support vector machines for well-known benchmark data, demonstrate that
the proposed mechanism can compensate for the shortcomings of the tradi-
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tional strategies. In addition, the results demonstrate that when the data
is transformed appropriately into multiple views, the strategy can achieve
further improvement in results in terms of classification accuracy.

Keywords: SemiBoost learning · useful unlabeled data selection · multiple
views of feature set · feature decomposition methods · feature
transformation methods

1. INTRODUCTION1

In semi-supervised learning (SSL) approaches [5, 32, 43], both a limited2

number of labeled data (L) and a multitude of unlabeled data (U) are used3

to learn a classification model. Specifically, in SemiBoost [23], which is a4

boosting framework for SSL, confidence levels of all U examples are first5

computed based on the predictions made by an ensemble classifier initialized6

with L only, and the similarity among the examples of L ∪ U . Then, a few7

examples with higher confidence levels are selected to retrain the ensemble8

classifier together with L. However, it is not guaranteed that adding the9

selected data to the training data will lead to a situation in which the clas-10

sification performance can be improved [35]. Therefore, various approaches11

have been proposed in the literature for selecting a small amount of useful12

unlabeled data (Us) from U : these include the self-training [25, 30, 40] and13

co-training [3, 12, 18] approaches, confidence-based approaches [19, 20, 23],14

density/distance-based approaches [8, 27, 28], and other approaches used in15

active learning (AL) algorithms [7, 11, 33].16

Meanwhile, in many applications, the objects may be represented natu-17

rally from multiple viewpoints or even observed from different sensors. These18

observation patterns have led to the development of various multi-view learn-19

ing algorithms. More specifically, in [39], a number of representative multi-20

view learning algorithms in different areas were reviewed and categorized21

into three groups: co-training [3], multiple kernel learning [2], and subspace22

learning [15]. In the multi-view learning strategy, different classifiers can be23

trained on different views; the goal of multi-view learning is to combine clas-24

sifiers for each view in order to improve overall performance and exceed that25

of classifiers which are trained on each view separately. The first success-26

ful multi-view learning technique is co-training [3]. Other notable multi-view27

techniques are co-regularization [29], techniques relying on (kernel) canonical28

correlation analysis [26, 31], multi-view Fisher discriminant analysis [9, 10],29
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generalized multiview analysis [34], spectral embedding [38], etc.30

Motivated by this, in [20], in order to select useful Us efficiently, the con-31

fidence levels of all x ∈ U examples were measured using multiple views32

extracted from the feature set of the data. In the multi-view based strategy,33

a small amount of useful Us are selected as follows: first, multiple views of34

the data are derived independently through a decomposition method of the35

feature set of the data; second, each of the views is used to measure the con-36

fidence levels of the data; third, all the confidence levels measured from the37

views are used as a weighted average to derive a target confidence. The cen-38

tral idea of this strategy is that confidence, which cannot be measured from39

the whole feature set itself, might be obtained from other views extracted40

from the set. As a result, the performance of the selection strategy strongly41

depends on the method with which the feature vector is decomposed into42

multiple views.43

From this perspective, it is interesting to consider how in the multi-view44

based strategy the original set of features can be decomposed into several sub-45

sets. Recently, in [39], feature decomposition methods were categorized into46

three approaches. These included methods of constructing multiple views47

from meta data through random approaches, as in randomly selecting feature48

subsets to train different classifiers [16]; methods of reshaping or decompos-49

ing the original single-view feature set into multiple views, such as genetic50

algorithm (GA) based methods [36]; and methods of performing feature set51

partitioning automatically, such as PMD (pseudo multi-view decomposition)52

[6]. In addition to the above categories, other methods, including FESCOT53

(feature selection for co-training) [22], TSFS (two-view subspace feature split-54

ting using a principal component analysis) [41], and MaxInd (maximizing the55

independence between two feature subsets) [14], have been proposed in the56

literature.57

In general, generating different views corresponds to feature set partition-58

ing, which generalizes the task of traditional feature selection. However, it is59

also well known that feature selection / feature extraction inevitably results60

in some loss of information. In order to address this point, data transfor-61

mation techniques, including principle component analysis and the Fourier62

transform technique, for example, have been considered for extracting mul-63

tiple views of the data. In that case, the orthonormal eigenvectors and the64

Fourier coefficients are used together, and then both features can help each65

other when measuring confidence. That is, the confident values that have66

been inappropriately measured from the latter feature can be verified by67
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referring to the values obtained from the former.68

The significant point is that multiple transformation techniques can be69

used to derive multiple views with minimal loss of information, and, in turn,70

select Us from U successfully, instead of using decomposition-based meth-71

ods. Motivated by this, in this study, an approach for transforming the72

whole feature set into multiple views using different mapping functions was73

implemented and empirically compared. More specifically, a strategy of se-74

lecting useful Us based on a multi-view setting was implemented, in which a75

number of distinct views were achieved using the same number of mapping76

functions.77

The main goal of this paper is to demonstrate that using a transformation-78

based selection (TBS) method when selecting Us from U , instead of the data79

decomposition-based selection (DBS) method (which has been developed in80

[20]), leads to an improvement in terms of classification accuracies. In DBS,81

the feature set of the data is independently decomposed into multiple views.82

As a result, implementing that strategy inevitably leads to losing information83

for discrimination. Furthermore, with regard to decomposing the feature set,84

there is no specific way to decide which one is better than the other. Mean-85

while, unlike DBS, TBS can generate distinct views by differently mapping86

the input-feature space to the other subspaces. In particular, since the map-87

ping can be performed with the entire feature set, the data can be projected88

into another space with minimal loss of information.89

In summary, a theoretical comparison of the two methods described above90

can be made as follows. In order to obtain the two views from single-view91

sources when selecting Us from U , TBS as well as DBS can be considered.92

In TBS, the two views are obtained using two different mapping functions,93

while, in DBS, they are achieved using feature-splitting methods. However,94

competitive DBSs are more expensive to calculate and need to be operated95

with labeled data L, i.e., in supervised modes. Moreover, the method suffers96

from information loss that occurs in the process of splitting feature sets.97

In order to avoid these drawbacks, in TBS, using two feature extractors98

for the single-view source data (e.g., PCA (principal component analysis)99

and SNE (t-distributed stochastic neighbor embedding) [37]), two different100

views are extracted first, and then applied to the SemiBoost type learning101

algorithm. That is, in order to obtain the multiple views with minimal loss of102

information and, more importantly, in unsupervised mode (i.e., U as well as103

L can be utilized), TBS can be considered, and then, a transformation-based104

SemiBoost type classifier can be designed.105
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The main contribution of this paper is to demonstrate that the classifica-106

tion accuracy of the supervised / semi-supervised classifiers can be improved107

using the multi-view based selection strategy. In particular, it is demon-108

strated that when multiple views are derived using the data transformation109

techniques, classification accuracy can be further improved.110

The remainder of the paper is organized as follows: in Section 2, a brief111

introduction to the selection criteria used in SemiBoost and its modified ver-112

sions is provided; in Section 3, proposed methods of obtaining multiple views113

using feature-transformation methods and learning an ensemble classifier are114

presented continuously; in Section 4, illustrative examples for adjusting the115

experimental parameters, such as mapping combinations and selection cri-116

teria, and the experimental results obtained using the benchmark data are117

presented; in Section 5, the concluding remarks and limitations that deserve118

further study are presented.119

2. RELATED WORK120

In this section, the SemiBoost [23] algorithm and the related criteria,121

which are closely related to the present paper, are briefly overviewed in order122

to make it complete. The detailed description can also be found in the123

literature [19, 20, 23].124

2.1. SEMIBOOST AND ITS VARIANTS125

The goal of SemiBoost is to iteratively improve the performance of a su-126

pervised learning algorithm (named A) by using U = {(xi)}nu
i=1 in conjunction127

with L = {(xi, yi)}nl
i=1, where xi ∈ Rd and yi ∈ {+1,−1}. At each iteration,128

the top few most confident examples are selected from U and then provided129

for the learning of a base classifier through the algorithm A. After repeating130

the select-and-train process, the base classifiers obtained from each iteration131

are combined linearly into an ensemble classifier.132

In order to exclude noninformative samples from this boosting as well as133

to provide highly reliable pseudo-labeled samples to the classifier, all xi ∈134

U are evaluated using a criterion of |pi − qi|. Here, pi(≡ p(xi)) and qi(≡135

q(xi)), which are measured using the pair-wise similarity function, S(j, k) =136

e−‖xj−xk‖2
2/σ2

, for all xj and xk of the training set, denote the confidence in137
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classifying xi into a positive class and negative class, respectively 1. Also, σ138

is the scale parameter controlling the spread of the function.139

When computing |pi − qi|, all xi ∈ L examples in class {+1} and class140

{−1} can be divided into L+ = {(xi, yi)|yi = 1}n+
l

i=1 and L− = {(xi, yi)|yi =141

−1}n−
l

i=1, where n+
l + n−

l = nl, and then the computation of the criterion,142

ρ1(xi) = |pi − qi|, can be re-formulated as follows:143

ρ1(xi) = |X+
i − X−

i + Xu
i |, (1)

where X+
i = e−2Hi

∑
xj∈L+ Sul

i,j, X−
i = e2Hi

∑
xj∈L− Sul

i,j, and Xu
i = C

2

∑
xj∈U144

Suu
i,j (eHj−Hi −eHi−Hj). Here, Hi(≡ H(xi)) denotes the ensemble classifier; Sul

145

(and Suu) the nu × nl (and nu × nu) submatrix of S.146

From (1), the value of X+
i − X−

i can be considered as the relative mea-147

surement for estimating the possibility that xi belongs to {+1} or {−1} class.148

From this consideration, it can be seen that if the value is nearly zero, then149

xi could remain on the boundary of the classifier. In order to address this150

problem, SemiBoost uses Xu
i in (1) to provide more meaningful information151

for enlarging the margin.152

However, using more data is not always beneficial. If the value obtained153

using Xu
i is very large or X+

i is nearly equal to X−
i , (1) will generate some154

erroneous data. In this case, the confidence estimation for xi will depend155

on the U examples. In order to avoid this, in [19], the criterion is modified156

by taking a balance among the three terms in (1). This modification can157

be achieved through balancing the three terms through a reduction in the158

impact of the third term, especially when X+
i ≈ X−

i . This idea is motivated159

from the rule of mapping the selected unlabeled example (xi ∈ Us) to a160

predicted label (ŷi) being viewed as a procedure for obtaining the estimates161

of a set of conditional probabilities. Using the probability estimates as a162

penalty cost, the criterion of (1), ρ1(xi), can be modified as follows:163

ρ2(xi) =
∣∣X+

i − X−
i + Xu

i − (1 − pE(xi))
∣∣ , (2)

where pE(xi) denotes the class posterior probability of an instance of xi (i.e.164

a certainty level) and 1 − pE(xi) corresponds to the percentage of mistakes165

when labeling xi.166

1Details of pi and qi are omitted here in the interest of compactness, but can be found
in the literature [23, 19, 20].
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2.2. MULTI-VIEW BASED CRITERION167

In multi-view learning strategy [39], for example, in co-training [3], two168

classifiers, h1 and h2, are trained using L1 and L2, two views of L, respec-169

tively: h1 is based on L1, while h2 is based on L2. The two classifiers are170

then evaluated using U . After evaluating the examples of U using h1 and171

h2 separately, a subset of useful unlabeled examples (Us), which are the172

most confident, are selected and then added to L for the next iteration, i.e.173

{(xi, h1(xi))} to L2 and {(xi, h2(xi))} to L1. Both h1 and h2 are now re-174

trained on the expanded L1 and L2 sets, and the procedure is repeated until175

some stopping criterion is met.176

Motivated by this, a multi-view based selection strategy is proposed re-177

cently in [20], in which the selection is performed as follows: after dividing178

the feature set into multiple subsets (i.e., views), confidence levels are eval-179

uated first; then, all the confidence levels measured from the multiple views180

are combined as a weighted average to derive the target confidence. Here,181

in order to decompose the feature set, various methods are considered, in-182

cluding the random splitting method (RD), genetic algorithm based method183

(GA), traditional feature selection based method (FS), mutual information184

based decomposition (MI) [21], etc.185

More specifically, the decomposition based selection is described as fol-186

lows. First, assume that a labeled data set L = {(xi, yi)}n
i=1, xi ∈ Rd and187

yi ∈ {+1,−1}, consists of two views with their respective feature decompo-188

sitions:189

L1 =
{

(x
(1)
i , yi)

}
and L2 =

{
(x

(2)
i , yi)

}
, (3)

where x
(1)
i ∈ Rd1 , x

(2)
i ∈ Rd2 , and d =

∑2
j=1 dj.190

Using a RD, for example, L (and U) is divided into Lk (and Uk), (k = 1, 2).191

Then, after training hk using Lk, classification error rates of hk, ε (hk), are192

evaluated using Lj, (j 6= k). For all xki ∈ Uk, after measuring the two193

quantities, pki(≡ p(xki)) and qki(≡ q(xki)), a weighted average for xi ∈ U ,194

ρ3(xi), is measured as follows:195

ρ3(xi) =
2∑

k=1

1

ε (hk)
ρk(xi), (4)

where ρk(xi) is measured using (1) or (2) for Lk. Then, ρ3(xi) is used as a196

confidence level for xi ∈ U .197
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In (4), however, if ε (hk) is near zero, then the advantage of the multi-198

view setting is lost, i.e., the value of ρ3 becomes solely dependent on the value199

of ρk, and not the values of the other counterparts, ρj, (j 6= k). To avoid200

this, the expected (average) value of information contained in each view is201

considered in lieu of the classification error rates. When deriving the target202

confidence in (4), the Shannon entropy can be used as a weight as follows.203

Assume that a discrete probability space, Lk, (k = 1, 2), which is com-204

posed of two classes having p
(1)
E and p

(2)
E , respectively, as the class-conditional205

(a posteriori) probability estimated using L1 and L2, where p
(1)
E + p

(2)
E =206

1. Then, from the definition, the Shannon entropy of Lk is: H(Lk) =207

−(p
(1)
E log2(p

(1)
E ) + p

(2)
E log2(p

(2)
E )), which is the information contained in the208

probability space. Referring to this quantity, another confidence value for209

xi ∈ U in (4), ρ4(xi), can be measured as follows:210

ρ4(xi) =
2∑

k=1

H(Lk) ρk(xi), (5)

where H(Lk)(≡ H(P (Lk))) denotes the Shannon entropy measured from Lk.211

Also, ρk(xi) is measured using (1) or (2) for Lk.212

3. PROPOSED METHOD213

In this section, a multi-view based selection strategy and its SemiBoost214

type learning algorithm are presented. For easy explanation, the proposed215

method is presented by dividing it into two algorithms, the selection and216

learning algorithms as in [20].217

3.1. TRANSFORMATION BASED METHODS218

First, the feature-transformation based selection algorithm is described.219

As mentioned previously, the transformation based method is very similar220

to the decomposition based method, in which the feature set is decomposed221

into multiple subsets. However, in the transformation based method, a num-222

ber of views can be obtained from the entire feature set using the same223

number of mapping functions, including geometrical transformations (e.g.,224

affine transformations, local elastic deformations, Zernike moments, etc.)225

and statistical transformations (e.g., locality preserving projection, classi-226

cal multidimensional scaling, neighborhood preserving embedding, etc.). For227

example, when using two mapping functions (named F1 and F2, respectively)228
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to generate two views, a selection algorithm, called the transformation-based229

selection (TBS), can be summarized as follows (refer to Algorithm 1).230

Algorithm 1 transformation-based selection (TBS)

Input: labeled data (L), unlabeled data (U), β (% of selected Us over U),
and two mapping functions (F1 and F2).
Output: selected unlabeled data and their pseudo-labels (Us).
Procedure: perform the following steps to select Us from U by transforming
L into L1 and L2, where L ∈ Rd and Lk ∈ Rdk .

1. After transforming L ∈ Rd into Lk, (k = 1, 2), using F1 and F2, respec-
tively, for each view, train a (supervised) classifier, hk, using A with
Lk.

2. For each Lk, compute the Shannon entropy, H(Lk); also, using the same
functions as in transforming L, transform U into Uk for subsequent
steps.

3. For all xki ∈ Uk, after computing pki and qki using Lk, Uk and hk,
compute the confidence levels of xi ∈ U , ρi, in (5).

4. After sorting {xi} in decreasing order on key {|ρi|}, choose Us from top
β(%) of U , and estimate pseudo-labels for all xj ∈ Us using sign(ρj).

End Algorithm

For the sake of completeness, in addition to TBS, the selection algorithm231

developed in [20], named decomposition-based selection (DBS), is introduced232

similarly as follows (refer to Algorithm 2). However, in DBS, the criterion233

in (4) is used as a selection criterion, rather than that in (5). Also, a feature-234

decomposition method (named fD) is used.235

In the above two algorithms, the processing CPU-time of Step 1 is de-236

termined depending on which transformation function (and decomposition237

method) is used. Meanwhile, the processing CPU-times of the remaining238

steps are the same as those of the other transformation functions (and de-239

composition methods).240

More specifically, the time complexities of both TBS and DBS, in which241

a pair of F1 and F2 and a fD are employed, respectively, can be analyzed as242

follows. In Step 1, compared to SemiBoost, the execution time needed for243

the feature transformation in TBS is additionally required, while, in DBS,244

the time for the feature decomposition is additionally needed. In general, the245
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Algorithm 2 decomposition-based selection (DBS)

Input: labeled data (L), unlabeled data (U), β(% of selected Us over U),
and a decomposition method (fD).
Output: selected unlabeled data and their pseudo-labels (Us).
Procedure: perform the following steps to select Us from U by decomposing
L into L1 and L2, where L ∈ Rd, Lk ∈ Rdk and d =

∑
k dk.

1. After dividing L ∈ Rd into Lk, (k = 1, 2), using a fD, for each view,
train a (supervised) classifier, hk, using A with Lk.

2. For each hk, compute the error rate, ε(hk), using Lj, (j 6= k); also,
using the same way of decomposing L, divide U into Uk.

3. For all xki ∈ Uk, after computing pki and qki using Lk, Uk and hk,
compute the confidence levels of xi ∈ U , ρi, in (4), i.e. ρi ←

∑
k

1
ε(hk)

ρki.

4. This step is the same as Step 4 in TBS.

End Algorithm

latter takes shorter time than the former does. However, in Steps 2 and 3,246

which consist of computing the pi and qi quantities, the time needed for the247

TBS and DBS algorithms is more than twice equally that of the selection in248

SemiBoost. Finally, in Step 4, the execution times needed for both algorithms249

are the same. From this analysis, it can be seen that the required time for250

the present algorithms is generally greater than that for SemiBoost.251

3.2. LEARNING ALGORITHM252

Second, an algorithm that upgrades the traditional SemiBoost classifiers253

using the TBS (and DBS) algorithm for selecting helpful Us from U is pre-254

sented.255

First, for TBS, the learning algorithm begins by predicting the pseudo-256

labels of U using a supervised classifier that has been initialized with L only.257

After setting the related parameters, e.g. the kernel function and its related258

conditions, a small amount of U examples are selected as Us first. Then, a259

base classifier h is trained using Us as well as L. After updating the ensemble260

classifier H using the trained base classifier h for the next iteration, the261

labels of U examples are predicted again. This select-and-predict process is262

repeated while increasing j from 0 to J − 1 (where J is a predefined number263

of iterations) with an increment of 1. Based on this brief explanation, a264

10



SemiBoost type learning algorithm using TBS can be summarized as follows265

(refer to Algorithm 3).266

Algorithm 3 learning algorithm

Input: labeled data (L), unlabeled data (U), # iterations (J), and a super-
vised learning algorithm (A).
Output: final ensemble classifier (H).
Method:
Initialization: train an ensemble classifier, H(0), using L only.
Procedure: repeat the following steps while increasing j from 0 to J − 1 in
increments of 1.

1. Select U
(j)
s (and their pseudo-labels) from U by invoking TBS, for ex-

ample, with T (or L for the first iteration) and U .

2. After expanding the training data T using U
(j)
s , i.e. T ← L∪U

(j)
s , train

a base classifier, h(j), using the learning algorithm A.

3. For all xi ∈ U , after measuring pi and qi using L, U , and h(j),
compute the step length, α(j), as in SemiBoost [23], i.e. α(j) ←
1
4
ln

∑
i piδ(hji,1)+

∑
i qiδ(hji,−1)∑

i piδ(hji,−1)+
∑

i qiδ(hji,1)
, where hji ≡ h(j)(xi) and δ(a, b) = 1 when

a = b and 0 otherwise.

4. Update the ensemble classifier H(j+1) using H(j), α(j), and h(j) for the
next iteration, i.e. H(j+1) ← H(j) + α(j)h(j).

End Algorithm

Next, for DBS, in order to learn an ensemble classifier, the same algo-267

rithm as in Algorithm 3 can be used as well. Thus, the description of268

the DBS learning algorithm is omitted here in order to avoid repetition, but269

the rationale for this kind of learning is presented in subsequent sections,270

together with illustrative examples and experimental results obtained using271

real-world data.272

4. EXPERIMENTAL RESULTS273

In this section, in order to compare the effectiveness of TBS and DBS, ex-274

perimental results obtained using benchmark data are presented. Illustrative275

examples are presented first, followed by the results for real-world data.276
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4.1. EXPERIMENTAL SETTING277

The proposed method, TBS, was tested and compared with traditional278

methods, including DBS. This was done by performing experiments on well-279

known benchmark data: the NIST digit-image database (32×32-dimensional,280

ten-class, 500 samples per class) [13] and other multivariate datasets cited281

from the UCI Machine Learning Repository [1].282

In all the experiments conducted in subsequent sections, the training and283

test steps were performed as follows: first, each dataset was randomly divided284

into three subsets (i.e., L, Ltest, and U) with ratios of 5%: 35%: 60%, for285

example; second, Us (the top 10% cardinality of U) was selected from U by286

referring to the confidence values measured in TBS and DBS; third, using287

the expanded training dataset (i.e., L∪Us), a base classifier was trained and288

evaluated, in which support vector machines (and decision trees) were used289

as the base classifier; fourth, based on the result obtained in the above step,290

an ensemble classifier, which was initialized with L at the beginning, was291

updated. After repeating this select-and-train process J(= 50) times, the292

obtained classification performance of the ensemble classifier was evaluated293

using Ltest in terms of classification accuracy.294

For TBS (and DBS), as was done in [19] and [20], just 10% of the available295

U (i.e., β = 10) was selected based on the confident level and utilized at the296

subsequent training steps in Algorithm 1 (and Algorithm 2) (refer to Section297

5.3 in [19] for more details on this selection)298

Throughout the experiments, for each dataset, the training-and-evaluation299

was repeated 100 times and the results obtained were averaged, unless stated300

otherwise. Specifically, in subsequent sections, the ensemble classifiers were301

designed in four ways, designated here as SB, SB2, SB2-decom, and SB2-302

trans, respectively. The details of these approaches are as follows:303

1. SB: a single-view SemiBoost learning is performed using the Semi-304

Boost algorithm [23] with L and U , in which Us is selected from U305

using the criterion of (1).306

2. SB2: a single-view SemiBoost learning is performed using the modified307

SemiBoost algorithm [19] with L and U , in which Us is selected from308

U using the criterion of (2).309

3. SB2-decom: a multi-view SemiBoost learning is performed using Al-310

gorithm 3 with L and U , in which Us is selected from U using the311

criterion of (3) through the multi-view setting after obtaining multiple312

views with DBS presented in Algorithm 2 [20].313
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4. SB2-trans: the same multi-view SemiBoost learning as in SB2-decom,314

but Us is selected using the criterion of (5) through the multiple views315

obtained with TBS in Algorithm 1.316

In the above approaches, SB and SB2 were performed in the input-feature317

space, i.e. the selection of Us, the training of an ensemble classifier, and318

its evaluation were all performed in the same space as the input-feature319

space. However, in SB2-decom (and SB2-trans) the multi-view approach is320

different: the training and evaluation were similarly performed in the input-321

feature space, but the selection of Us was obtained from the two decomposed322

(and transformed) subspaces using a feature-decomposition method (and two323

mapping functions). Table 1 summarizes the above.324

Table 1: Four ensemble methods designed using the expanded training data (L ∪ Us).

methods learning algorithm (learning mode) how to select Us from U

SB SemiBoost [23] (single-view) using (1) in the input-feature space
SB2 modified SemiBoost [19] (single-view) using (2) in the input-feature space
SB2-decom Algorithm 3 (multi-view using DBS) using (3) in the decomposed subspaces
SB2-trans Algorithm 3 (multi-view using TBS) using (5) in the transformed subspaces

Further, in order to obtain the two views when measuring the confident325

values in TBS, only four mapping functions were considered. The four map-326

ping functions employed are itemized as follows:327

1. FOU (Fourier coefficients): one of the well-known descriptors employed328

for representing closed shapes, which corresponds to the low frequency329

components of the boundary of the shape.330

2. KLT (Karhunen-Loève transform): the best known linear feature ex-331

tractor with which d′-dimensional feature sets are extracted from d-332

dimensional vectors through a d × d′ transformation matrix [13].333

3. PCA (principal component analysis): the same mapping as KLT, but334

the columns of the d×d′ matrx are obtained from the overall covariance335

matrix (weighted by the class prior probabilities) [13].336

4. SNE (t-distributed stochastic neighbor embedding): an embedding337

technique for mapping high-dimensional points into a low-dimensional338

space based on stochastic selection of similar neighbors [37].339
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For the above functions, FOU was considered to be an extractor for geo-340

metrical information and the others were included as a statistical technique.341

In particular, KLT and PCA are very similar, except for computing the co-342

variance matrix.343

Here, PCA was considered as a linear mapping function, while SNE as a344

non-linear technique. Both the functions were implemented using the soft-345

ware provided in DRToolbox (i.e., compute mapping) 2 so that the experi-346

ment can be reproduced fairly. In all the experiments, for SNE, only two347

arguments, dataset (a matrix) and dimension (an integer), were given as in-348

put parameters. Then, the other arguments, such as the perplexity of the349

Gaussian kernel and the initial solution, were provided as the ‘default’ values.350

In particular, the dimensionality to be reduced was set as that of the original351

data, meaning that the mapping was done without dimensionality reduction.352

Also, in SB2-trans, only two views obtained using pair-wised mapping353

functions were considered. That is, among FOU, KLT, SNE, and PCA, six354

combinations, which are referred to as FOU-KLT (shortly F-K), FOU-SNE355

(F-S), FOU-PCA (F-P), KLT-SNE (K-S), KLT-PCA (K-P), and SNE-PCA356

(S-P), respectively, were implemented.357

For all of the above approaches, in order to evaluate the classification358

accuracies, an SVM was implemented as the base classifier using the soft-359

ware provided in LIBSVM [4] (i.e., svmtrain and svmpredict 3) and using360

linear/nonlinear kernel functions. More specifically, the (Gaussian) radial361

basis function kernel (Φ(x, x′) = exp(−(‖x− x′‖2
2)/2σ

2)) was used; the scale362

parameter (σ) was found using the cross-validation method; and the two con-363

stants, C∗ and C, were set at 0.1 and 100, respectively. In order to further364

investigate the run-time characteristics of the approaches, decision trees were365

also considered as the base classifier.366

In addition to the above approaches, in order to compare the proposed367

method with state-of-the-art multi-view co-training methods, CoTrade (con-368

fident co-training with data editing) [42], which is a publicly available soft-369

ware package, was also included in the comparison. Here, the two views370

provided for CoTrade were obtained using the same methods as those used371

in SB2-decom (and SB2-trans). Also, in the comparison, SL-SVM (super-372

vised learning SVM using L only) was included as a baseline in order to make373

2https://lvdmaaten.github.io/software/
3http://www.csie.ntu.edu.tw/∼cjlin/libsvm/
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it complete.374

4.2. PRELIMINARY EXPERIMENTS375

In order to illustrate the functioning of both DBS and TBS, prior to pre-376

senting the classification accuracies of the SemiBoost classifiers, experimen-377

tal parameters for the methods were first considered and adjusted through378

an experiment. In order to achieve the goal of this experiment simply but379

clearly, two 1024-dimensional, two-class datasets, named N3-7 and N32-71,380

were manually reconstructed from the NIST database. For N3-8, ‘3’ and ‘7’381

digits were selected as the two classes, while, for N32-71, both ‘3’ and ‘2’382

digits were selected as one class; both ‘7’ and ‘1’ digits were selected as the383

other class, 1000 samples per class. That is, the data complexities of the two384

synthetic datasets are different.385

4.2.1. VIEW TRANSFORMATIONS386

First, in order to investigate the efficiency of the six combinations, using387

N3-7 (and N32-71), ensemble classifiers were implemented with SB2-trans388

and evaluated as follows: first, the dataset was divided into three subsets with389

ratios of 5%: 35%: 60%; second, after obtaining two views using pair-wised390

mappings, Us was selected from U in TBS; third, using L ∪ Us, an ensemble391

classifier was trained, in which SVM was employed as a base classifier. Fig. 1392

shows a graphical comparison of the classification error rates obtained using393

the ensemble classifiers trained with the six combinations for N3-7 and N32-394

71. Here, the training-and-test process was repeated 100 times.395

From the figure, it can be clearly observed that, for the two datasets396

of N3-7 and N32-71, each combination achieves similar accuracies, meaning397

that, among the six pair-wised combinations, a specific combination benefits398

more from TBS than the other ones. More specifically, for both N3-7 and399

N32-71, the lowest error rate can be obtained commonly using S-P or K-S,400

at least for this specific classification.401

However, the comparison shown in Fig. 1 might be less informative for402

choosing appropriate mapping functions and, therefore, cannot be helpful for403

combining the pair-wised combination. Thus, in addition to this comparison,404

in order to further investigate the efficiencies, receiver operating characteris-405

tic (ROC) curves were considered again. Fig. 2 presents a comparison of the406

ROC curves obtained using the six SVM ensembles with different pair-wised407

combinations for N3-7 and N32-71. Here, the training-and-test is repeated408

100 times and the results obtained are averaged.409
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Figure 1: Plot comparing the classification error rates obtained using six SVM
ensembles for N3-7 and N32-71. Here, six combinations, FOU-KLT (F-K), FOU-
SNE (F-S), FOU-PCA (F-P), KLT-SNE (K-S), KLT-PCA (K-P), and SNE-PCA
(S-P), were considered to obtain the two views when measuring the confidences in
TBS.

From Figs. 2 (a) and (b), it should be commonly observed that the clas-410

sification performance of the SVM ensemble based on some combinations is411

better than those of the other combinations. More specifically, the values of412

AUC (area under the receiver operating curve) can be considered, where the413

larger value results in better accuracy. By referring to the AUC values, the414

six combinations can be grouped into two: F-K, F-S and F-P and K-S, K-P415

and S-P. In particular, S-P is one of the largest on both the pictures.416

From these observations, in subsequent comparisons of the classification417

accuracies, the pair-wised combination of the mapping functions was fixed to418

be S-P for all the datasets. However, it is well-known that there are numerous419

mapping functions developed for specific needs. Thus, a question arises: how420

to choose the most suitable combination, which will work well for a problem421

in hand? The theoretical investigation to answer this remains to be done.422

4.2.2. ENTROPY BASED CRITERION423

Second, in order to investigate the underlying reason for using the en-424

tropy based criterion when measuring the target confident value in TBS,425

rather than using the error based one, a qualitative exploration was made426

as follows. Using N3-7 (and N32-71), the same ensemble classifier as for427

Fig. 2 was implemented in SB2-trans using the two criteria of (4) and (5).428
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Figure 2: ROC curves obtained using the six SVM ensembles with different pair-
wised combinations for the N3-7 and N32-71 data: (a) N3-7 and (b) N32-71. Here,
the x-axis denotes the fraction of false positives out of the total actual negatives
(FPR: false positive rate), while the y-axis denotes the fraction of true positives
out of the total actual positives (TPR: true positive rate).
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Here, SVM was employed as a base classifier too and the transformation was429

performed using S-P only, as mentioned previously. Fig. 3 presents a com-430

parison of the ROC curves obtained using the two criteria for TBS and DBS431

(referred to as TBS-Ent, TBS-Err, DBS-Ent, and DBS-Err, respectively). In432

the comparison, the results obtained using DBSs were included as a reference433

in order to make it complete.434

From Figs. 3 (a) and (b), it should be commonly observed that the clas-435

sification performance of the SVM ensemble classifiers implemented in TBS436

using the criterion of (5) is better than that of (4). That is, for both N3-7437

and N32-71, the AUC value of TBS-Ent is larger than that of TBS-Err as438

well as both DBSs.439

Based on these observations, in all the experiments subsequently con-440

ducted, the ensemble classifiers of SB2-trans were trained using the criterion441

of (5) with the S-P combination.442

4.2.3. CLASSIFICATION ACCURACIES443

Third, as a preliminary experiment, classification accuracies were mea-444

sured and compared, in which the classification was performed in SB, SB2,445

SB2-decom, and SB2-trans scenario using the same parameters as observed446

previously. Particularly, in SB2-decom, the decomposition of the feature set447

was performed with a RD, while, in SB2-trans, the feature-transformation448

was performed using S-P, as mentioned. Table 2 presents a numerical com-449

parison of the classification mean error rates (and standard deviations) (%)450

obtained using N3-7 and N32-71. Here, the training-and-test was also re-451

peated 100 times.452

Table 2: Numerical comparison of the classification error (and standard deviation) rates
(%) obtained using the single-view and multi-view approaches for the N3-7 and N32-71
datasets.

datasets SL single-view SSL multi-view SSL Co-
SVM SB SB2 SB2-decom SB2-trans Trade

N3-7 3.29 (1.34) 2.64 (1.52) 2.60 (3.20) 2.07 (1.95) 0.30 (0.36) 0.36 (0.32)
N32-71 4.64 (0.91) 9.20 (4.47) 3.04 (1.43) 3.64 (1.09) 1.10 (0.53) 2.29 (0.49)

According to the results shown in Table 2, even narrowly, it seems that the453

ensemble classifier trained in multi-view approaches works better than the454

others in terms of classification accuracy. More specifically, the values of the455
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Figure 3: ROC curves obtained using the two criteria of (4) and (5) for the N3-7
and N32-71 data: (a) N3-7 and (b) N32-71. Here, the x-axis denotes the fraction
of false positives out of the total actual negatives (FPR: false positive rate), while
the y-axis denotes the fraction of true positives out of the total actual positives
(TPR: true positive rate).
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column of SB2-trans are the lowest for each dataset. From this observation,456

it can be noted that using multiple views may lead to an improvement in457

classification and, in particular, SB2-trans (i.e., TBS) will probably be better458

than SB2-decom (i.e., DBS) as a selection strategy.459

4.3. EXPERIMENT # 1 (NIST DATA)460

Using the NIST real-world data, the classification accuracies of the two461

ensemble classifiers learned in DBS and TBS were compared and analyzed.462

Generally, for the multi-class data, classification can be performed in two463

fashions: using either one-against-all (OAA) or one-against-one (OAO) strate-464

gies. For the OAA strategy, classification is performed in the positive/negative465

problem, where a set of positive examples consists of the samples of a selected466

class and the remainder of the classes is treated as a set of negative ones. In467

contrast, for the OAO strategy, classification is done with two classes selected468

in order, and the rest of the classes are discarded.469

In this experiment, OAA classification was performed first, followed by470

that of OAO. Also, the same ensemble classifiers (SVMs) as those employed471

for Table 2 in Section 4.2 were trained and evaluated empirically. In addition,472

in order to reduce computational complexity and to simplify the classification473

task for the paper, 10 % of the data samples were randomly selected. As a474

consequence, the total number of samples per class was 50, not 500. Table 3475

presents a numerical comparison of the OAA classification mean error rates476

(and standard deviations) (%) obtained using NIST, in which classification477

was performed using the approaches of SB, SB2, SB2-decom, and SB2-trans,478

including SL-SVM and CoTrade. In particular, in SB2-decom, RD was used,479

while, in SB2-trans and CoTrade, S-P was invoked.480

The following observations can be obtained from the data presented in481

Table 3. First, it is necessary to consider the two columns (SB and SB2) of482

the single-view approaches and the two columns (SB2-decom and SB2-trans)483

of the multi-view approaches. As a simple comparison, the lowest values484

that each method earned for the datasets were counted and compared. The485

numbers of wins that the six methods earned in the competition (i.e., the486

numbers of the ? marker) were 0, 0, 1, 0, 8, and 1, respectively. From487

this comparison, it can be observed that SB2-trans obtained the highest488

count, meaning that the classification accuracy of the ensemble classifier can489

generally be improved by using TBS.490

Second, it is important to consider the columns of SB2-decom, SB2-trans491

and CoTrade separately. From this consideration, it can be observed that492
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Table 3: Numerical comparison of the OAA classification mean (standard deviation) error
rates (%) obtained using the six approaches for the NIST data. Here, in order to facilitate
the comparison in the table, the lowest error rate in each data is highlighted with a ?
marker.

digit SL single-view SSL multi-view SSL Co-
subsets SVM SB SB2 SB2-decom SB2-trans Trade

N0-all 5.40 (0.77) 8.28 (4.01) 4.71 (2.97) 4.83 (1.50) ?2.99 (1.43) 3.79 (2.21)
N1-all 5.37 (1.32) 6.21 (3.02) 6.09 (2.95) 6.78 (2.49) ?3.28 (1.14) 5.29 (2.91)
N2-all 8.05 (1.86) 15.98 (5.68) 10.69 (1.55) 9.20 (2.60) 6.44 (2.35) ?6.09 (4.57)
N3-all 7.01 (0.94) 8.85 (3.22) ?4.94 (1.97) 9.20 (1.22) 5.98 (2.98) 5.98 (2.32)
N4-all 6.44 (1.25) 10.34 (4.47) 7.01 (4.92) 7.70 (4.68) ?2.99 (1.37) 5.29 (4.76)
N5-all 8.85 (1.04) 9.80 (1.18) 9.08 (1.31) 11.25 (3.69) ?6.85 (2.89) 8.97 (3.00)
N6-all 9.89 (1.37) 10.31 (1.18) 9.08 (1.03) 12.80 (3.89) ?8.89 (0.63) 9.97 (2.36)
N7-all 6.67 (2.39) 8.05 (2.26) 7.47 (1.82) 11.26 (3.03) ?6.62 (3.25) 7.70 (2.06)
N8-all 9.66 (0.48) 15.86 (6.55) 14.25 (5.23) 14.14 (5.25) ?8.95 (3.05) 11.95 (3.00)
N9-all 8.39 (0.96) 9.89 (1.88) 9.89 (1.03) 11.72 (3.85) ?8.34 (1.08) 10.57 (2.36)

# wins 0 0 1 0 8 1
means (µ) 7.07 (1.24) 10.22 (3.49) 7.63 (2.28) 8.82 (2.96) 5.50 (2.00) 6.62 (2.66)

there is no specific approach that yields the best results for all the classes493

of NIST in terms of the classification accuracy. However, more simply, the494

values of the error rates for each dataset were averaged again and compared495

(refer to the most below µ’s). From this comparison, it can be noted that496

SB2-trans works marginally better than the others in terms of classification497

accuracy.498

In addition to OAA, OAO classification was performed as follows: first,499

45 subsets of Ni-j, (i = 0, · · · , 9; j > i for each i, where Ni-j denotes that500

‘i’ and ‘j’ digits were selected as the two classes), were generated and di-501

vided into three subsets with ratios of 5%: 35%: 60%; second, for each Ni-j502

dataset, the same ensemble classifiers as those for Table 3 were trained and503

evaluated; third, the training-and-test process was repeated 100 times and504

the results obtained were averaged. However, rather than tabulating the ex-505

perimental results obtained, in the interest of readability, the results of the506

OAO classification were summarized as shown in Table 4.507

In Table 4, as compared in Table 3, the lowest values (i.e., the numbers508

of the ? marker) that each method earned for the 45 datasets were compared509

first. From this comparison, it can be observed again that SB2-trans obtained510

the highest count, meaning that the classification accuracy of the ensemble511

classifier can be improved using TBS. Next, from the comparison of the mean512

values for SB2-trans and SB2-decom, it can also be noted that SB2-trans513
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Table 4: Some statistics observed from the OAO classification error (and standard devia-
tion) rates (%) for the 45 Ni-j datasets.

items SL single-view SSL multi-view SSL Co-
SVM SB SB2 SB2-decom SB2-trans Trade

# wins 0 0 0 0 29 17
means (µ) 3.12 (1.38) 4.20 (2.74) 3.31 (2.03) 3.33 (2.31) 1.57 (2.04) 1.72 (1.17)
max / min 7.43 / 0.28 12.94 / 0.29 8.37 / 0.26 5.89 / 1.71 4.35 / 0.15 4.01 / 0.18

works marginally better than SB2-decom in terms of classification accuracy.514

4.3.1. INDIVIDUAL AND IN-COMBINATION TRANSFORMATIONS515

Meanwhile, in SB2-trans for OAA and OAO, the classification steps were516

performed in two different spaces: original input-feature spaces and trans-517

formed subspaces. The training of an ensemble classifier and its evaluation518

were performed in the input space, but the selection of Us was obtained519

from the two subspaces that were obtained using SNE and PCA, respec-520

tively. Thus, it is interesting to investigate the run-time characteristic of a521

case in which the selection was achieved from the individual subspace ob-522

tained using SNE and PCA separately (refer to as SB2-SNE and SB2-PCA,523

respectively), rather than using them in-combination (refer to as SB2-trans524

with SNE-PCA). That is, in SB2-SNE (and SB2-PCA), the Us selection was525

achieved from the subspace obtained using SNE (and PCA) individually, and526

then the training and test steps were performed in the input-feature space.527

Fig. 4 shows a graphical comparison of the classification error rates obtained528

using SB2-SNE and SB2-PCA and SB2-trans with SNE-PCA for NIST.529

A significant observation from both pictures is that, for all of the OAA and530

OAO classifications, the combination method, SNE-PCA (S-P), outperforms531

the individual ones, SNE and PCA, in terms of classification accuracy. That532

is, all the heights of the error rate bars of the former (i.e., the third bars533

for each dataset) are always smaller than those of the latter (i.e., the first534

and the second bars). From this observation, it can be noted that, when535

measuring the confident values, TBS benefits more from multiple views of536

the data than DBS does.537

In particular, compared to the two transformed single-view approaches538

(refer to the heights of the SB2-SNE and SB2-PCA bars), the multi-view539

approach (refer to the height of the SB2-trans-S-P bar) can provide the lowest540

error rate. This means that the strategy might be enforced by using the two541
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Figure 4: Plots comparing the classification error rates obtained using SB2-SNE,
SB2-PCA, and SB2-trans-S-P for OAA and OAO classifications. Here, in (b), the
results of ten datasets are selected from those of the 45 Ni-j’s.
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views together, which were obtained through SNE and PCA, respectively.542

In summary, the experimental results obtained using the NIST real-world543

data demonstrate that the transformation based methods can measure the544

confident values more efficiently from the transformed multiple views, as545

compared with measuring them individually from the original input-features,546

or the decomposition-based multiple views.547

4.4. EXPERIMENT # 2 (UCI DATA)548

In order to further illustrate the functioning of both DBS and TBS, using549

a set of public domain datasets cited from the UCI Machine Learning Repos-550

itory [1], their classification accuracies were evaluated again and compared.551

The cited UCI datasets are: Australian Credit Approval (690/14/2), Credit-552

A (653/14/2), Ecoli (336/7/8)†, Glass (214/9/6)†, Heart (270/13/2), Pima553

(768/8/2), Quanlity (4898/11/7)†, Segment (2310/19/7)†, Vehicle (846/18/4)†,554

and Vowel (528/10/11)†, where the three numbers in brackets represent the555

values of # dimensions, # samples, and # classes, respectively. However,556

in order to treat all the datasets as a binary classification, the multi-class557

objects marked with a † symbol were divided into two subgroups by taking558

the balance. The details of these datasets are omitted here, but can be found559

in the related literature [1, 5] and [20].560

Using these UCI datasets, as was done in [20], various selection meth-561

ods, including single-view approaches (SB), multi-view approaches (MB),562

and the approaches of CoTrade (CTs), were implemented and compared (re-563

fer to Table 4 in [20]). More specifically, for SBs, SemiBoost (SB) [23] and its564

variant (SB2) [19] were executed for the original feature set. Also, for MBs,565

multi-view based selections were performed together with different feature-566

decomposition methods, such as random methods (RD) and individual fea-567

ture selection methods (FS) (which are referred to as MB-RD and MB-FS,568

respectively). In addition, for CTs, CoTrade [42] was implemented with the569

RD and FS schemes (which are referred to as CT-RD and CT-FS, respec-570

tively). From the comparison in [20], certain kinds of statistical information571

can be observed and summarized as in Table 5.572

From the data presented in Table 5, the following observations can be573

made: first, among the three selection categories of SB, MB and CT, MB574

is generally superior to the others in terms of the classification accuracy;575

second, among the feature-decomposition methods of MB, none of them is576

superior to the others, i.e. the classification error rates of both MB-RD and577

MB-FS are very similar.578
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Table 5: Some statistics observed from Table 4 in [20] comparing the classification error
(and standard deviation) rates (%) among the SemiBoosts for the ten UCI datasets.

items SL single-view SemiBoosts (SB) multi-view SemiBoosts (MB) CoTrade (CT)
SVM SB SB2 MB-RD MB-FS CT-RD CT-FS

# wins 1 0 1 2 7 0 1
means 34.09 28.20 27.45 22.58 22.14 30.90 28.59
(µ) (1.69) (3.38) (2.93) (2.99) (2.56) (3.43) (4.93)
max 48.33 42.22 42.53 42.32 42.09 47.38 42.22
min 6.94 5.03 4.94 4.64 4.33 6.45 6.45

From these observations, the same experiment that was performed in579

Sections 4.2 and 4.3 was repeated and evaluated as follows: first, each UCI580

dataset was divided into three subsets with ratios of 20%: 20%: 60%; second,581

SVM ensemble classifiers were trained and evaluated. Table 6 presents a582

numerical comparison of the classification mean error rates (and standard583

deviations) (%) obtained using the SVM ensembles for the UCI data. Here,584

the training-and-test process was repeated 100 times.585

Table 6: Numerical comparison of the classification mean (standard deviation) error rates
(%) obtained using the SVM ensembles for the UCI data.

UCI SL single-view SSL multi-view SSL Co-
datasets SVM SB SB2 SB2-decom SB2-trans Trade

Australian 45.33 (1.48) 34.38 (4.77) 32.48 (3.73) 32.12 (4.84) ?30.55 (3.77) 37.01 (3.85)
CreditA 45.62 (1.66) 39.62 (6.84) 37.62 (5.30) 37.77 (5.56) ?35.92 (6.15) 42.92 (4.67)
Ecoli 3.48 (0.73) 5.30 (1.79) 4.70 (2.08) 4.55 (1.75) ?3.18 (1.12) 4.03 (1.43)
Glass 35.33 (7.40) 35.57 (7.73) 35.81 (9.51) 34.43 (7.86) ?32.95 (8.80) 45.00 (12.37)
Heart 44.26 (0.59) 38.15 (7.05) 39.44 (8.14) 39.00 (6.06) ?37.26 (7.94) 44.26 (7.48)
Pima 34.64 (0.00) 35.42 (3.89) 33.20 (3.68) 30.76 (3.23) ?30.51 (3.87) 32.88 (3.54)
Quality 38.11 (9.36) 39.36 (9.27) 38.92 (8.50) 37.26 (10.12) ?36.01 (10.03) 42.55 (9.85)
Segment 34.94 (1.89) 7.27 (2.62) 7.49 (1.84) 7.75 (1.70) ?6.54 (1.38) 7.88 (1.37)
Vehicle 47.92 (0.81) 14.40 (2.75) 14.56 (2.70) 14.80 (2.54) ?12.57 (2.96) 23.21 (3.26)
Vowel 8.90 (3.78) 7.29 (3.57) 6.14 (2.81) 7.24 (3.87) ?5.10 (2.88) 7.71 (2.66)

# wins 0 0 0 0 10 0
means (µ) 33.85 (2.77) 25.68 (5.03) 25.04 (4.83) 24.57 (4.75) 23.06 (4.89) 28.75 (5.05)

In Table 6, the following observations can be made: first, the lowest values586

(i.e., the numbers of the ? marker) that each method earned for the datasets587

were counted and compared. From this comparison, as in Table 3, it can588

be observed again that SB2-trans received the highest count, meaning that589

the classification accuracy of the ensemble classifier can be improved; second,590
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when considering the three columns of SB2-decom, SB2-trans and CoTrade591

separately, it can also be clearly observed that for almost all the datasets,592

SB2-trans performs better than both SB2-decom and CoTrade.593

Meanwhile, it is well-known that, empirically, ensembles tend to yield bet-594

ter results when the base classifiers are weak learners. From this viewpoint,595

rather than using the SVM, a SemiBoost classifier using weak learners such596

as decision trees as the base classifier was trained and evaluated under the597

same conditions as those in Table 6. Table 7 presents a numerical comparison598

of the classification mean error rates (and standard deviations) (%) obtained599

using the SemiBoost classifiers for the UCI data. Here, classregtree (clas-600

sification and regression tree: CRT) package provided in Matlab was used as601

the weak learner.602

Table 7: Numerical comparison of the classification mean (standard deviation) error rates
(%) obtained using the CRT (classification and regression tree) ensembles for the UCI
data.

UCI SL single-view SSL multi-view SSL Co-
datasets SVM SB SB2 SB2-decom SB2-trans Trade

Australian 18.87 (4.60) 17.96 (4.29) 17.46 (4.43) 17.68 (3.62) ?15.81 (3.68) 29.93 (5.66)
CreditA 18.23 (4.30) 18.58 (4.46) 18.55 (4.74) 18.54 (4.30) ?15.66 (3.71) 33.74 (4.55)
Ecoli 9.15 (4.76) 9.70 (4.74) 9.24 (4.35) 9.36 (5.15) 6.91 (3.76) ?6.64 (3.22)
Glass 33.62 (8.12) 34.19 (9.45) 33.62 (8.07) 33.86 (9.27) ?29.57 (7.96) 34.05 (8.24)
Heart 28.56 (6.49) 28.59 (7.16) 28.41 (7.75) 28.19 (7.32) ?25.00 (5.94) 33.70 (7.18)
Pima 30.77 (4.23) 32.25 (4.16) 29.36 (4.08) 30.80 (4.54) ?27.37 (4.65) 31.16 (3.57)
Quality 42.72 (1.18) 40.59 (1.20) 39.76 (0.85) 40.56 (1.68) ?38.73 (0.89) 42.52 (1.20)
Segment 8.11 (1.78) 7.65 (1.57) 7.63 (1.84) 7.22 (1.72) ?4.20 (0.87) 7.60 (1.75)
Vehicle 15.07 (3.19) 14.98 (3.41) 14.68 (3.50) 14.36 (2.83) ?10.14 (2.75) 17.05 (3.53)
Vowel 17.31 (4.77) 17.26 (5.02) 16.08 (4.00) 17.05 (4.52) ?10.30 (3.28) 12.36 (4.07)

# wins 0 0 0 0 9 1
means (µ) 22.24 (4.34) 22.18 (4.55) 21.48 (4.36) 21.76 (4.49) 18.37 (3.75) 24.88 (4.30)

In Table 7, the same observations can be made as observed in Table603

6. Although it is hard to quantitatively compare the values, in order to604

determine the significance of the difference in both, the Student’s statistical605

two-sample test [17] can be used. For the two learning algorithms generating606

µ1 (σ1) and µ2 (σ2), p-values were computed first. Next, using the p-values, a607

decision was made as to whether or not to accept the null hypothesis that H0:608

µ1 (σ1) = µ2 (σ2). As a consequence, the lower p-value of the hypothesis was609

more strongly negative. Figs. 5 and 6 present a comparison of the p-values610

obtained from the two t-tests using the error rates in Table 6 and Table 7,611
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respectively.612

The observations obtained from the plots shown in Figs. 5 and 6 are as613

follows. First, consider the comparison of the p-values of Pr (SB2-trans ¡614

SB2-decomp) (refer to Fig. 5 (a)). From the figure, it can be observed that,615

compared to SB2-decom, SB2-trans wins 7/10 datasets at the significance616

level of 0.05; the height of the bars is under the red dash-dotted line.617

Second, consider the comparison of the p-values of Pr (SB2-trans ¡618

CoTrade) (refer to Fig. 5 (b)). From the figure, it can also be observed that,619

among the ten datasets, compared to CoTrade, SB2-trans has all datasets620

winning at a significance level of 0.01; the height of the bars is under the blue621

solid line. From these observations, it can be noted that for all the datasets622

SB2-trans performs better than CoTrade in terms of classification accuracy at623

the significance level of 1%, while for the seven datasets SB2-trans performs624

better than SB2-decom at the significance level of 1%.625

Next, from Fig. 6, the comparison is similar to that shown in Fig. 5.626

Therefore, the description is omitted here in order to avoid repetition. How-627

ever, it is worthwhile to note that, when using CRT ensembles rather than628

using SVM ones, SB2-trans performs better than both SB2-decom and Co-629

Trade for the almost all datasets at the significance level of 1%. The only630

exception is of the Ecoli dataset when compared to CoTrade (refer to Fig. 6631

(b)).632

4.4.1. INDIVIDUAL AND IN-COMBINATION TRANSFORMATIONS633

In addition to the above t-test comparison, as was done in Section 4.3.1634

the results obtained in the original input-feature spaces and the transformed635

subspaces were compared, as follows. First, Fig. 7 shows a graphical com-636

parison of the classification error rates obtained using the SVM and CRT637

ensembles trained in both DBS and TBS. More specifically, in DBS, the fea-638

ture set was decomposed into two subsets (i.e., two views) using RD or MI,639

while, in TBS, the two views were obtained using SNE-PCA (i.e., S-P).640

From the picture, a significant observation is that, for almost all of the641

UCI datasets, TBS outperforms both DBSs, i.e. DBS-RD and DBS-MI.642

Meanwhile, the comparison of the classification error rates obtained using643

both DBSs shows similar results 4. This is in agreement with the comparison644

4Here, in the interest of readability, the classification errors obtained using the RD and
MI decompositions were presented in the figures, but the results of the other methods,
such as GA and FS, were excluded.
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Figure 5: Plots comparing the p-values obtained from the t-test using the er-
ror rates in Table 6: (a) Pr(SB2trans < SB2decom) and (b) Pr(SB2trans <
CoTrade). Here, the datasets are represented with three letter acronym. Also,
nonappearance means p ≈ 0.0.
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Figure 8: Plots comparing the classification error rates obtained using both the
mapping functions (SNE and PCA) separately and in combination for the UCI
data: (a) SVM ensemble classifiers and (b) CRT ensemble classifiers.

results observed in Table 5, meaning that there is no specific approach that645

yields the best results for all the families of decompositions.646

Second, Fig. 8 shows a graphical comparison of the classification error647

rates obtained using the SNE and PCA mappings separately, and using them648

in-combination for the UCI data.649

From Figs. 8 (a) and (b), as observed from Fig. 4, it can be observed again650

that, for all of the UCI data, SNE-PCA (S-P) outperforms both SNE and651

PCA. From this observation, the rationale for employing the TBS developed652

in the present work as a selection strategy is clear, rather than employing653

DBS or the traditional single view strategies, such as SemiBoost and its654
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variant.655

4.4.2. COMPARISON WITH OTHER SUPERVISED CLASSIFIERS656

In Table 6 (and Table 7), the classification accuracies of the SVM (and657

CRT) ensemble classifiers were compared to those of the boosting based clas-658

sifiers (semi-supervised learning approaches), in which SL-SVM trained with659

L only was included as a reference. In addition to these comparisons, the660

accuracies of the ensemble classifiers were further compared to those of tra-661

ditional supervised classifiers, such as a k-nearest neighbor classifier (kNN)662

and a deep architecture neural network (deepNN). For the comparison, the663

two supervised classifiers have been implemented using publicly available R664

packages, i.e., knn and darch 5. In particular, in order to make a fair compar-665

ison, the number of the user-relevant parameters is restricted to be as small666

as possible. That is, for kNN, the value of k = 3 was heuristically chosen.667

For deepNN, only the number of hidden layers was selected as a three-layer668

feed-forward architecture, and the back-propagation algorithm was used as669

the fine-tuning function for the architecture. The remaining arguments, such670

as the learning rate, the learning rate scale factors, etc. were determined as671

default values. Here, the three-layer architecture was implemented as follows:672

(INP, H1, H2, H3, OUT). The numbers of the neurons of the INP and OUT673

layers (i.e., #INP and #OUT) were determined by referring to the dimen-674

sionality (#features) and the number of the classes, respectively. Then, the675

numbers of the neurons of the three hidden layers (i.e., #H1, #H2, and #H3)676

were determined respectively as follows [24]: #H1 = #OUT*(r∧3); #H2 =677

#OUT*(r∧2); #H3 = #OUT*r, where r = (#INP/#OUT)∧(1/4). Fig. 9678

shows a graphical comparison of the classification performances between the679

ensemble classifiers and the supervised classifiers of kNN and deepNN.680

From Figs. 9 (a) and (b), it can be noted that for almost all datasets,681

classification accuracies of the SVM and CRT ensembles are superior to those682

of kNN and deepNN, i.e., bar graphs are lower for SVM and CRT than they683

are for others. However, for some datasets, the best accuracy was obtained684

with kNN, rather than SVM or CRT. (As an example, please refer to the ac-685

curacies achieved for the Gla and Pim datasets in Fig. 9 (a) and for the Eco686

dataset in Fig. 9(b).) Furthermore, it should be mentioned that for the Gla687

and Veh datasets, the neural networks did not work, which means that the688

5https://www.r-project.org/
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Figure 9: Plots comparing the classification error rates obtained using the ensemble
classifiers and the two supervised classifiers (i.e., kNN and deepNN) for the UCI
data: (a) SVM ensemble classifiers and (b) CRT ensemble classifiers. Here, kNN
and deepNN are trained using L only, while the SVM and CRT ensemble classifiers
are trained using Us as well as L in SB2-trans.
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selection of the optimal parameters for the networks is sensitive to applica-689

tion. From these considerations, it should be mentioned that, in general, the690

classification performance of the SVM (and CRT) ensemble classifier can be691

improved using the proposed feature-transformation method when selecting692

Us based on the multi-views extracted from the feature set.693

In summary, from the above observations, it can be noted that SB2-trans694

works better when compared to SB2-decom, at least for the classification of695

handwritten digits and certain kinds of UCI data. This excellence seems to696

originate from the fact that, in SB2-trans, the confident values for selection697

can be measured more efficiently from the transformed multiple views, rather698

than measuring them from the simply decomposed subsets or the original699

feature set. However, the problem of figuring out how they can help each700

other when computing the values remains to be analyzed.701

5. CONCLUSIONS702

In an effort to efficiently select useful unlabeled data using multiple703

views, transformation-based selection (TBS) and decomposition-based se-704

lection (DBS) strategies were considered and empirically compared in this705

paper.706

More specifically, experiments were performed using an SVM (and deci-707

sion tree) ensemble classifier learned with the TBS and DBS algorithms for708

handwritten digit data and UCI benchmark data; in TBS, the feature set709

was transformed into multiple views using the well-known feature selection /710

extraction functions, such as stochastic neighbor embedding (SNE) and prin-711

cipal component analysis (PCA), while, in DBS, multiple views were derived712

using the traditional decomposition methods, including the random (RD)713

and mutual information (MI) based methods.714

The experimental results demonstrated that both the TBS and DBS715

methods can compensate for the shortcomings of the traditional selection716

strategies. In particular, the results demonstrated that when the data is717

transformed efficiently, unlabeled data selection can benefit more from TBS718

than DBS for certain kinds of object classification. This benefit seems to be719

grounded in the fact that the two views, which are obtained using SNE and720

PCA respectively, help each other when computing the confidence levels in721

TBS.722

Although the ensemble classifier trained using TBS can be improved in723

terms of classification accuracy, more study should be carried out. A sig-724
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nificant task is to find an optimal or near-optimal combination of mapping725

functions for the task at hand to measure correct confidence labels. In ad-726

dition, the strategy has limitations in details that support its technical re-727

liability, and the experiments performed were limited. Thus, a theoretical728

investigation of this empirical behavior deserves further study.729
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