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Abstract. The generalization ability of a machine learning algorithm varies on the specified values to the model parameters and
the degree of noise in the learning dataset. If the dataset has an enough amount of labeled data points, the optimal value for the
model parameter can be found via validation by using a subset of the given dataset. However, for semi-supervised learning –
one of the most recent learning algorithms, this is not as available as in conventional supervised learning. In semi-supervised
learning, it is assumed that the dataset is given with only a few labeled data points. Therefore, holding out some of labeled data
points for validation is not easy. The lack of labeled data points, furthermore, makes it difficult to estimate the degree of noise in
the dataset. To circumvent the addressed difficulties, we propose to employ ensemble learning and graph sharpening. The former
replaces the model parameter selection procedure to an ensemble network of the committee members trained with various values
of model parameter. The latter, on the other hand, improves the performance of algorithms by removing unhelpful information
caused by noise. The experimental results demonstrate the applicability of the proposed method for many real-world problems
with no concern for the technical difficulties, by selecting the best parameter values and mitigating the influence of noise.

Keywords: Data mining, machine learning, semi-supervised learning, graph sharpening, ensemble learning, parameter selection,
noise reduction

1. Introduction

In supervised learning, the performance of a model can be improved and stabilized as data with class
labels become more available, since learning of the model has more chance to be correctly guided by the
class labels [1]. However, it is often difficult, expensive, and time-consuming to collect the data with la-
bels while unlabeled data are readily available or relatively easy to collect [2]. The research domains such
as speech recognition, text categorization, parsing, video surveillance, and protein structure prediction,
etc., may provide good examples for the case. For speech recognition, speech can easily be recorded from
radio broadcasts; for text categorization, text documents can be collected from the Internet; for parsing,
sentences are everywhere; for video surveillance, surveillance cameras run continuously; and for protein
structure prediction, protein sequences are readily available from gene databases [2]. One may assume
that those unlabeled data still give valuable information for learning. In order to utilize information from
unlabeled data for learning, a new learning framework called semi-supervised learning (SSL) has been
proposed [3–5]. This learning framework mainly deals with situations where labeled data are only a
few while unlabeled data are given in a large quantity. Many related researches have shown its valid-
ity in a number of application domains such as spam filtering [2], document categorization [6], video
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surveillance [7], text classification [8], text chunking [9], time-series classification [10], gene expression
data classification [11,12], visual classification [13], question-answering task for ranking candidate sen-
tences [14], and webpage classification [15], etc. In those literatures, SSL is often compared with the
representative models of supervised learning, and shows its superiority over them thanks to its capability
of learning from only a few labeled data utilizing a large amount of unlabeled data.

Although the merit of SSL, one may encounter more difficulties with SSL (than with supervised
learning) when facing to the issues of the model parameter selection and the robustness to data noise.
The generalization ability of a model, irrespective of supervised learning or SSL, is dependent on the
values specified for the model parameters and the degree of noise in the learning dataset [16]. As the
parameter selection depends on the degree of noise, the two problems are often approached together
as a single problem. Difficulty in model parameter selection is rather related to the complexity of the
problem which is unlikely to be identified in advance than to the degree of noise itself since it still
remains even after the noisy data are removed from the dataset. If the dataset has a sufficient amount
of labeled data, the optimal value for the parameter can be found by trial-and-error by checking the
validation performance. In supervised learning, cross-validation is generally used for this. However, for
SSL, it is difficult to reserve some of the labeled data from the training set in order to make a separate
set for validation because of lack of usable labeled data. Meanwhile, a higher degree of noise also
complicates the problem and increases the model complexity. If the degree of noise is known in advance,
overfitting to the noise can be prevented by imposing a greater penalty on a more complicated model. In
supervised learning, even if the degree of noise is not known in advance, it can be estimated by checking
the class impurity with the labeled data. In SSL, however, such noise estimation is not easily available
because of the lack of labeled data as aforementioned. Therefore, we propose the application of ensemble
learning and graph sharpening to circumvent the addressed difficulties. In ensemble learning, many
models trained with different values of model parameters are combined, therefore it does not require
parameter selection procedure to pick the best value of the parameter. Ensemble learning also has effect
of performance improvement by reducing the bias or variance of the error of model estimation [17–20].
On the other hand, in graph sharpening– one of the most recently proposed methods in SSL, the noisy
or corrupt information in the dataset is eliminated or reduced by taking into explicit account the values
of relationship between data [21]. To rephrase this, the influence of noise in the dataset is alleviated or
removed by graph sharpening.

The paper is organized as follows. In Section 2, the related work adopted for the proposed method
is introduced. In Section 3, the basic idea of the proposed method is described. Section 4 provides the
experimental results on an artificial problem, five benchmark problems, and a real-world problem on
insurance company’s marketing campaign. Concluding remarks are presented in Section 5.

2. Related work

2.1. Graph-based semi-supervised learning (SSL)

In many recent real world classification problems, the number of class-labeled data points is small
because they are often difficult, expensive, or time-consuming to acquire, requiring qualified human
annotators [7,22]. On the other hand, unlabeled data can easily be gathered and can provide valuable
information for learning [23]. However, supervised-learning algorithms use only labeled data; therefore,
they encounter difficulties when only a few labeled data are given. SSL uses both labeled and unlabeled
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data to improve on the performance of supervised learning [3,23]. Among several types of SSL algo-
rithms, a graph-based SSL is employed in our study. There are many graph-based SSL algorithms, e.g.,
mincut, Gaussian random fields and harmonic functions, local and global consistency, Tikhonov regular-
ization, manifold regularization, graph kernels from the Laplacian spectrum, and tree-based Bayes [5].
In the graph-based SSL, a data point xi(i = 1, . . . , n) is represented as a node i in a graph, and the
similarity between data points is represented by an edge (see Fig. 1) [24]. The connection strength from
each node j to each other node i is encoded in element wij of a weight matrix W . Often, a Gaussian
function between points is used to specify the connection strength [25]:

wij =

⎧⎪⎨
⎪⎩
exp

(
−(xi − xj)

T (xi − xj)

σ2

)
if i ∼ j,

0 otherwise

(1)

where i ∼ j stands for nodes i and j having an edge between them that can be established by k nearest
neighbors (kNN) and k is a user-specified parameter. The labeled nodes have labels yl ∈ {−1, 1},
whereas the unlabeled nodes have zeros yu = 0. The algorithm will output an n-dimensional real-
valued vector f = [fT

l fT
u ]

T = (f1, . . . , fl, fl+1, . . . , fn=l+u)
T , which can be thresholded to make

label predictions on fl=1, . . . , fn after learning. The graph-based SSL assumes label smoothness over
the graph. This assumption states that if two data points are coupled by a path of high density (e.g.,
it is more likely that both belong to same group or cluster), then their outputs are likely to be close,
whereas if they are separated by a low-density region then their outputs need not be close [3]. This can
be rephrased as fi of a node should not be greatly different from fj of its adjacent nodes (smoothness
condition). The other assumption is about the loss or error, which states, in labeled nodes, the value of
fi should be similar to the value of the given label yi (loss condition). Two conditions are included in
the following quadratic objective function, and one can obtain the output vector f by minimizing

min
f

(f − y)T (f − y) + μfTLf (2)

where y = (y1, . . . , yl, 0, . . . , 0)
T , and the matrix L, called the graph Laplacian, is defined as L =

D −W where D = diag(di), di =
∑

j wij [24,26]. The parameter μ trades off loss versus smoothness.
The solution of this problem is obtained as

f = (I + μL)−1 y. (3)

To obtain the output vector f , one must calculate the inverse of the matrix which may incur computa-
tional difficulties. Generally, the matrix representing the graph is sparse, therefore f is usually obtained
by solving a large sparse linear system y = (I + μL) f . This numerical problem has been intensively
studied, and there exist efficient algorithms, whose computational time is nearly linear in the number
of non-zero entries in the weight matrix [27]. This implies that the computation gets faster as the graph
gets sparser. Moreover, when the linear system solver is parallelized and distributed on a cluster system,
the graph-based learning algorithm easily scales to much larger graphs.

2.2. Graph sharpening

The recently proposed graph-sharpening is an efficient method to improve the performance of graph-
based SSL by removing noisy or undesirable relationships from the [7,22]. The algorithm operates on
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Fig. 1. An ordinary graph by W : The labeled node is de-
noted as “+1” or “−1”, and the unlabeled node as “?”. The
edge has no directionality.

Fig. 2. A graph sharpened by Ws. By graph sharpening
some edges have been removed or have assumed direction-
ality according to the importance of the information flow.

the similarity (weight) matrix W , adjusting the edges (connections) between the nodes (data points).
As described above, the relationship between the data points is represented by the similarity matrix
W which plays a critical role in prediction as a form of graph-Laplacian L. Related to the matrix W ,
graph sharpening addresses two points. First, noisy data points form unnecessary edges and degrade the
algorithm performance. Second, the matrix W is considered to be fixed and symmetric, the edge to be
directionless, and the reflected similarity to be an undirected edge. As the weight matrix W , however,
describes the relationships between the labeled and unlabeled points, it is not necessarily desirable to
regard all such relationships as symmetric. That is, the contribution of all edges to the information flow
may be varied by weighing them unequally. Graph sharpening improves the algorithm performance by
changing the weight matrix to remove the edge caused by noise and to employ directionality between
edges by asymmetrically weighing edge-weights. If an ordinary weight matrix is represented as a block
matrix W = [WllWlu|WulWuu], graph sharpening changes the matrix as Ws = [diagonal 0 |WulWuu]
in the simplest case. Wlu should be read as the weight of an edge from an unlabeled node to a labeled
one (u → l). The output for unlabeled nodes can be predicted using the following equation:

fu = μ (I + μ (Duu −Wuu))
−1Wulyl (4)

Figure 2 shows the change in the graph after sharpening. Some of the edges have been removed and
have assumed directionality. Graph sharpening yields a sparser graph that contains less noise and, in
turn, reduces computational expense and improves prediction with no additional parameters. A detailed
mathematical foundation and empirical validation of graph sharpening can be found in [21].

2.3. Ensemble learning

The key characteristic of ensemble learning is that it involves combining a set of classifiers each
of which essentially accomplishes the same task [17,28,29]. The use of an ensemble can provide an
effective alternative to the tradition of generating a population of classifiers, and then choosing the one
with the best performance, while discarding the rest. The basic idea underlying the ensemble-based
approach is to find ways of exploiting instead of ignoring the information contained in these redundant
classifiers. In principle, a set of classifiers could vary in terms of their model parameters. There are a
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number of parameters which can be manipulated in efforts to obtain a set of classifiers which generalize
differently. These include the following: varying the model parameters and varying the data. Varying the
model parameters: A set of classifiers can be created by varying the model parameters. Varying the data:
The methods which seem to be most frequently used for the creation of ensemble are those which involve
altering the training data. There are a number of different ways in which this can be done which include:
bagging [17], boosting [30] and the Random Subspace Method (RSM) [31]. In bagging, one samples the
training set, generating random independent bootstrap replicates [17], constructs the classifier on each
of these, and aggregates them by a simple majority vote in the final decision rule. In boosting, classifiers
are constructed on weighted versions of the training set, which are dependent on previous classification
results. Initially, all data points have equal weights, and the first classifier is constructed on this data
set. Then, weights are changed according to the performance of the classifier. Erroneously classified
data points get larger weights, and the next classifier is boosted on the reweighted training set. In this
way, a sequence of training sets and classifiers is obtained, which is then combined by simple majority
voting or by weighted majority voting in the final decision. In the random subspace method, classifiers
are constructed in random subspaces of the data feature space. These classifiers are usually combined by
simple majority voting in the final decision rule.

In general, the ensemble learning is effective when the size of dataset used for model construction
(training set or validation set) is small, it may be difficult to construct a good single classifier. Usually, a
classifier constructed on small training sets is biased and has a large variance as the model parameters are
poorly estimated. Consequently, such a classifier may be weak, having a poor performance. Moreover,
often it will be unstable: small changes in the training set cause large changes in the classifier. The
ensemble learning is known to reduce the bias or variance of weak classifiers which includes badly
performing classifiers, unstable classifiers, classifiers of a low complexity, or classifiers depending upon
certain assumed models that are not always true [17–20,32].

3. Proposed method

The procedure of the proposed method begins with generation of multiple graphs set to various values
of model parameter. For each of the graphs, then, the noisy or redundant edges are removed by employing
graph sharpening. These multiple “sharpened” graphs are combined into an ensemble network. And the
final output is calculated by taking the simple mean of the output values of the member graphs of the
network. The followings explains the aforementioned steps in due order.

The ensemble learning can be an alternative to the optimal parameter selection procedure. Instead of
choosing the best single one from multiple classifiers each of which is trained with different parameter
values, one can employ all of them without discarding any [17,28,29]. This is of great benefit to SSL,
particularly concerning the difficulties in parameter selection. Using a validation set for parameter se-
lection, which is the most representative approach and is originally designed for classifiers in supervised
learning, does not fit well into SSL because the amount of labeled data is insufficient for learning, i.e.,
too deficient even for making a training dataset. Therefore, further splitting this dataset to make a valida-
tion dataset is undesirable. In the proposed method, multiple graphs are trained with various parameter
values, without using a validation set, and then combined into an ensemble network. We construct a
set of graphs each of which is trained on a pair of the two model parameters, the number of neighbors
κ (κ = 1, . . . ,K) in Eq. (1) and the loss-smoothness tradeoff μ (μ = 1, . . . ,M ) in Eq. (2). The size of
all the possible combinations of two parameters becomes the number of the graphs of the ensemble net-
work. In the next, each of the |K| × |M | graphs is refined using the graph sharpening. First, the graph
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Fig. 3. Ensemble network of multiple graphs. (Colours are visible in the online version of the article; http://dx.doi.org/10.3233/
IDA-130585)

sharpening penalizes the information flow from unlabeled to labeled nodes because this may deliver
uncertain information to the graph. Second, the graph sharpening disconnects the edges directly linked
to oppositely labeled nodes because they may introduce conflict of information to the graph. The sharp-
ening procedure removes noisy or undesirable connections, and this leads to performance improvement.
Then, the final output of the ensemble network, F (x) in Eq. (5), is calculated by taking the simple mean
of the individual outputs, f(x) in Eqs (3) or (4), of the |K| × |M | graphs. This replaces the selection of
a single best graph via a validation set, which is becomes a more practical approach for SSL. Figure 3
illustrates the procedure.

F (x) =

K∑
κ=1

M∑
μ=1

fκ,μ(x)

|K| × |M | κ (κ = 1, . . . ,K) , μ (μ = 1, . . . ,M) (5)

The proposed method has a complexity of O(q × |K| × |M |). The q indicates the number of non-zero
entries of the similarity matrix W which should be a sparse matrix when representing connections in a
graph. As mentioned before, solving an individual graph takes nearly linear time proportional to q. And
the graph sharpening procedure cuts many of edges, which will further lead to decrease in q. Additional
time complexity by adopting ensemble approach in the proposed method is |K|×|M |. However, it should
be noted that conventional parameter searching to select the best single graph also requires the same
number of repetitions. Consequently, there is no undesirable gain in terms of computational complexity.
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Table 1
Summary of the five benchmark data sets

Data set Classes Dimension Points Comment
Digit1 2 241 1,500 Artificial
USPS 2 241 1,500 Imbalanced
BCI 2 117 400 Small, noisy
g241c 2 241 1,500 Artificial
g241n 2 241 1,500 –

Fig. 4. Two-moon toy problem. (Colours are visible in the
online version of the article; http://dx.doi.org/10.3233/IDA-
130585)

Fig. 5. AUC comparison over the parameter variation (k and
µ). (Colours are visible in the online version of the article;
http://dx.doi.org/10.3233/IDA-130585)

4. Experiments

The proposed method was evaluated on both artificial and benchmark data, and then applied to the real-
world response modeling for insurance promotion provided by the CoIL Challenge 2000. We compared
the proposed method, the ensemble of the sharpened graphs (Ensemble-Sharpened), with the original
graph (Single-Original) in terms of the area under the ROC curve (AUC) [33–35].

4.1. Artificial data

The first dataset is artificial data sourced from the two-moon toy problem in Fig. 4. Five hundred
input data were generated from two classes, each with 245 unlabeled and 5 labeled data. The AUC was
measured under various combinations of parameters such as (k, μ) ∈ {3, 5, 10, 20, 30} × {0.01, 0.1, 1.0,
10, 100, 1000}, where k and μ indicate the number of kNN in Eq. (1) and the loss-smoothness tradeoff
parameter in Eq. (2), respectively.

Figure 5 shows the change in the AUC over the parameter variation. Compared with the Single-
Original, the Ensemble-Sharpened exhibits more stability and higher accuracy.

4.2. Benchmark data

Table 1 shows the AUC comparison results between Single-Original and Ensemble-Sharpenedfor five
benchmarking datasets. Each dataset has two sets of 12 predetermined splits, one is for 10 labeled
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Table 2
AUC comparison for the five benchmark data sets (mean ± std)

Dataset (dimension, number of points) Single-Original Ensemble-Sharpened p-value
(1) Digit1(241,1500) 10 label 0.89 ± 0.04 0.93 ± 0.05 0.00

100 label 0.97 ± 0.02 0.99 ± 0.01 0.00
(2) USPS(241,1500) 10 label 0.65 ± 0.09 0.68 ± 0.10 0.00

100 label 0.87 ± 0.08 0.97 ± 0.01 0.00
(3) BCI(117,400) 10 label 0.50 ± 0.01 0.50 ± 0.03 0.93

100 label 0.53 ± 0.03 0.56 ± 0.02 0.00
(4) g241c(241,1500) 10 label 0.55 ± 0.03 0.56 ± 0.05 0.00

100 label 0.63 ± 0.05 0.65 ± 0.04 0.00
(5) g241n(241,1500) 10 label 0.55 ± 0.03 0.56 ± 0.04 0.00

100 label 0.63 ± 0.04 0.65 ± 0.04 0.00

Fig. 6. AUC improvement by Ensemble-Sharpened. (Colours are visible in the online version of the article; http://dx.doi.org/10.
3233/IDA-130585)

data and the other is for 100 labeled data. The AUC was measured at every combination of parame-
ters (k, μ) ∈ {3, 5, 10, 20, 30} × {0.01, 0.1, 1.0, 10, 100, 1000}. For Single-Original, the values of
model parameter (k, μ) were obtained at the best performance. The Wilcoxon signed-rank test was used
to verify the performances of both methods, where a smaller value of p indicates a more significant dif-
ference between them [36]. The values listed in the table are the mean and standard deviation of AUC
values across the 12 splits in the datasets. In most of cases, the proposed method increased the AUCs
and the effect was statistically significant.

The five pairs of bar graphs in Fig. 6 depict the average AUCs of Ensemble-Sharpened and of Single-
Original. The AUCs of Ensemble-Sharpened are consistently higher than those of Single-Original in
both the 10 labeled and the 100 labeled data cases. The improvement is much greater in the latter cases,
thereby confirming the greater effectiveness of the ensemble-sharpening method with increasing number
of labeled data.

To summarize our experiment results, the maximum average increase in AUC of 0.10 was obtained
from the USPS-100 labeled dataset and the minimum of 0 from the BCI-10 labeled dataset, thereby
guaranteeing ‘no loss’ even in the worst case.
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Table 3
The CoIL challenge 2000 data sets

Data set Classes Dimension Points
All 2 134 4,000
Demographic 2 92 4,000
Monetary 2 21 4,000
Frequency 2 21 4,000

Table 4
AUC comparison of different classification models (*: best perfor-
mance of the column)

Classification model Size of training data
800 1200 1600 2000

Logistic regression 0.55 0.54 0.54 0.53
K-nearest neighbor 0.67 0.67 0.67 0.68
Support vector machine 0.65 0.65 0.65 0.66
Ensemble-Sharpened 0.69* 0.70* 0.71* 0.71*

4.3. Real world data

The third dataset is from the CoIL challenge 2000 dataset, which is a set of real world business problem
called ‘response modeling’ in the marketing domain. The purpose of the problem is to predict which
customers are potentially interested in a caravan insurance policy. The customers who have been targeted
in a preliminary campaign are labeled either respondent (‘+1’) or non-respondent (‘−1’), whereas the
others, who have been excluded from the campaign and thus do not have labels, are called unlabeled
(‘?’). Because of the limited marketing cost for the campaign, only a small part of the customer data is
labeled, with most of the customer data remaining unlabeled.

The CoIL challenge 2000 dataset consists of 134 descriptions of customers including demographic,
monetary and frequency information. See Table 3. The original training set contains 5,822 customers
including the label information on whether or not they have a caravan insurance policy, and the original
test set contains 4,000 customers. In our experiment, 2,000 labeled customers in the training set and
2,000 unlabeled customers in the test set were randomly selected. The numbers of labeled data used
were 800, 1,200, 1,600 and 2,000, and each dataset was evaluated by taking 30 iterations. We compared
the proposed method, Ensemble-Sharpened, with the four individual graphs obtained from demographic,
monetary, frequency, and a dataset merging the three data sources (denoted as ‘All’), respectively. For
the individual graphs, the values of model parameter (k, μ) were obtained at the best performance by five
cross validation searching over (k, μ) ∈ {5, 7, 10, 20, 30, 40, 50} × {0.01, 0.05, 0.1, 1.0, 50, 100, 500}.
For the proposed method, on the other hand, an ensemble network of 147 (= 7×7×3) sharpened graphs-
from every combination of parameters (k, μ) and the three data sources, was built without parameter
selection procedure.

The box plot of Fig. 7 presents the distributions of the performance over 30 iterations. The AUC of
Ensemble-Sharpened shows more robustness to experimental repetitions and higher accuracy regardless
of different numbers of labeled data whereas the AUC of the Single-Original are less stable (individual
graphs from demographic, monetary, frequency, all).

Table 4 compares the performance of Ensemble-Sharpened with those of different types of classifica-
tion model: logistic regression, k-nearest neighbor, support vector machine. Logistic regression produced
0.53∼0.55 of the AUC, which is slightly better than random guessing. K-nearest neighbor and Support
Vector Machine, on the other hand, produced 0.65∼0.68 of the AUC, which is regarded acceptable as
an accuracy for real-world marketing data. However, it may be skeptical for domain experts when ac-
tually using those models in practical problems. Ensemble-Sharpened improves upon the supervised
models for any amount of labeled data, from 800 to 4000, achieving the highest accuracies around 0.70
of the AUC. Moreover, Ensemble-Sharpened built with a small number of labeled data points produces
results comparable to other models with a much larger number of labeled data: The AUC of Ensemble-
Sharpened in the case of 800 data points already outperforms those of other three models trained with
2000 data points. This implies that Ensemble-Sharpened performs reasonably well especially when only
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Fig. 7. AUC Comparison on the real world dataset: Single-Original vs. Ensemble-Sharpened. (Colours are visible in the online
version of the article; http://dx.doi.org/10.3233/IDA-130585)

a small number of labeled data points are available. On the other hand, the AUC of Ensemble-Sharpened
tends to increase with the number of labeled data points. This shows that even if the marketing cost for
the campaign allows the most part of the customer data labeled by domain experts, Ensemble-Sharpened
still will be a good choice as a prediction model over the supervised models because of its accuracy and
no requirement for parameter tuning.

5. Conclusion

In this paper, we proposed to use ensemble learning and graph sharpening for graph-based semi-
supervised learning. Instead of using a single graph specified to a certain value of the model parame-
ter in a trial-and-error fashion, we employed a graph ensemble of which committee members trained
with various values of parameter. Ensemble learning stabilizes the performance by reducing the error
variance-and-bias of individual learners, and renders the parameter selection procedure less critical. In
addition, the accuracy of an individual graph was improved by graph-sharpening due to its ability to
remove noisy or unnecessary edges from the original graph, which enhances the robustness to noise in
the dataset. When we applied both methods to an artificial problem and six real-world problems, their
synergy significantly improved the performance.

Several future research directions need to be addressed. First, a comparative study involving various
SSL algorithms can be considered [37]. One obstacle is that many of them are computationally inefficient
compared with the graph-based SSL that we employed in this paper. Since the proposed method deals
with multiple learners in parallel, computational efficiency should be taken into account first. Second, to
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avoid the difficulty in parameter selection, we proposed to use an ensemble network of individual graphs
set to various values of parameter. However, instead of simple ensemble integration of multiple graphs,
a more sophisticated algorithm can be adopted as an alternative such as the convex optimization based
integration as in [38]. But then, the parameter selection for integration will remain as another future
work. Lastly, we found that the proposed method is well-suited for response modeling in the marketing
domain. However, to be a proper marketing tool, the domain specific analyses using the lift or response
chart and profitability, should be further exploited.
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