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Abstract. Utilization of financial data becomes one of the important issues for
user adaptive marketing on the bank service. The marketing is conducted based
on personal information with various facts that affect a success (clients agree to
accept financial instrument). Personal information can be collected continuously
anytime if clients want to agree to use own information in case of opening an
account in bank, but labeling all the data needs to pay a high cost. In this paper,
focusing on this characteristics of financial data, we present a global-local
co-training (GLCT) algorithm to utilize labeled and unlabeled data to construct
better prediction model. We performed experiments using real-world data from
Portuguese bank. Experiments show that GLCT performs well regardless of the
ratio of initial labeled data. Through the series of iterating experiments, we
obtained better results on various aspects.
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1 Introduction

Marketing is a typical strategy to enhance business. Especially, telemarketing process
mostly involves one or more calls. Making a call to contact every customer is
expensive and time consuming. Therefore, it would be useful to call only customers
who would be most willing to buy a certain product or service. One way to find these
customers is to use a machine learning technique. This enables telemarketer to elim-
inate unnecessary contact to client through the evaluation of available customer
information. Figure 1 shows the number of contacts performed for client in UCI bank
marketing dataset. In the figure, x-axis means the number of contacts, and y-axis means
the number of clients and the total number of telephone calls. The total number of calls
is 124,943 from 45,198 clients. In order to contact clients, a telemarketer needs about 3
times more calls than the number of total clients. However, time-consuming contacts to
clients do not always guarantee a good result. For this reasons, it is hard to predict the
potential clients in telemarketing.
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Many classification problems of financial field like prediction of telemarketing have
complicated problem spaces according to data explosion and unforeseeable causal
relationship of data. To solve this problem, Jacobs et al. presented mixture-of-experts
model based on principle of divide and conquer [1]. Another issue of classification is
about unlabeled data. In financial field, as unlabeled data have increased with time,
unlabeled data is easier to get than labeled data [2]. These unlabeled data can be used to
improve the performance of classification if the data can be used with labeled one.

In this paper, we present a global-local co-training (GLCT) method that can
automatically predict the result of a phone call to sell long-term deposits by using
co-training scheme [3]. Such GLCT is valuable to assist managers in prioritizing and
selecting the next customers to be contacted during bank marketing. As a consequence,
the time and costs of marketing would be reduced. To evaluate the usefulness of the
proposed method for predicting bank marketing, we conducted experiments using real
datasets collected from Portuguese retail bank.

2 Related Works

2.1 Co-training

Co-training is the multi-view semi-supervised learning approach proposed by Blum
and Mitchell [4]. The algorithm works well if the feature set division of dataset satisfies
two assumptions. First, each set of features is sufficient for classification. Second, the
two feature sets of each instance are conditionally independent given the class.
Co-training uses two learnable models with different feature sets. The models are
trained independently and each model enlarges the opponent’s training data set by
predicting unlabeled instances iteratively. Despite the original co-training requires the
conditional independencies between the two feature sets as views, it is not easy to
separate feature sets nicely in real-world problems. To overcome this problem, Gold-
man and Zhou discovered that two models trained by different learning methods can be
regarded as two different views [5].

2.2 Mixture-of-Experts

Mixture-of-experts models [1] consist of a set of experts, which model conditional
probabilistic processes, and a gate which combines the probabilities of the experts. One
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Fig. 1. The number of calls to clients in the UCI dataset
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of the advantages of mixture-of-experts is the divide and conquer principle. By this
principle, some non-linearly separable problem can be decomposed into a set of lin-
early separable ones. One of the considerations when implementing model is the way to
separate the input data space and generate experts. In order to divide the input data
space into several subgroups, clustering techniques such as k-means algorithm can be
applied as shown in [6]. In semi-supervised learning, it requires an extra learning
method to deal with unlabeled data. The simplest way to train the mixture-of-experts
model with both labeled and unlabeled data is to apply previous semi-supervised
learning techniques such as self-training or co-training directly to the model.

2.3 Credit Scoring Using Machine Learning

Many researchers have demonstrated AI techniques such as artificial neural networks
[7], decision tree [8], case-based reasoning [9], and support vector machine can be used
as promising methods for credit scoring. In contrast with statistical models, AI tech-
niques do not assume certain data distribution. These techniques automatically extract
knowledge from training samples. According to previous studies, AI techniques are
superior to statistical techniques in dealing with credit scoring problems, especially for
non-linear pattern classification [10] (Table 1).

There is another attempt to solve financial problem by using machine learning. For
example, Tsai performed that four different types of hybrid models are compared by
combining classification and clustering methods with a real world dataset from a bank
in Taiwan [12]. However, the approach of previous works did not consider charac-
teristics of financial data including unlabeled data. The application of co-training
approach to predicting bank telemarketing is a relatively new and unrevealed area.

3 Global-Local Co-training for Prediction

3.1 Global-Local Co-training Algorithm

Figure 2 shows the procedure of the global-local co-training (GLCT) [14]. The main
idea of the method is to use the global view and the local view simultaneously. Instead
of dividing the feature set according to the views, we chose two different learning
algorithms which generate both models.

Table 1. Related studies on prediction of financial data

Author Problem Data Method

Li et al. (2006) [11] Evaluation of
consumer loans

Customer financial
information (age,
occupation, account)

SVM

Tsai et al. (2010) [12] Credit rating Customer credit information EM + DT
EM + NB

Milad et al. (2015) [13] Risk assessment Social lending information Random forest
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Formally, since the models can be imperfect and show poorer performance than the
opponent in some conditions, the models should carefully predict labels, especially
when there are not sufficient training data for local experts to generalize the entire
problem. The algorithm compares the confidences from global model MG and local
model ML to prevent degradations due to the imperfection. After initial training using
personal data collected, the models can label instances for the opponents if only each
model is more confident than the other one. The instances passed the first criteria are
added to candidate sets U’L or U’G.

After obtaining the candidate sets, they are sorted with confidence degrees in
descending order. At the next step, at most N instances for each class with higher
confidence than the certain threshold e are chosen gradually from the top of the set to
be labeled. By choosing instances with sufficient confidence, it is expected that the
models would be improved for prediction at the next iteration. The chosen instances are
added to the training data set for each model, training data set LG for global model and
training data set LL for local model. The models are trained with newly extended
labeled data set. If LG and LL do not change, the training ends. Afterwards, the
algorithm iterates the training procedure until no additional data samples for LL and LG

remained.

3.2 Measuring Confidence Degree

In order to obtain confidence degree of examples, we design the measure for confi-
dences. Let conf(w,x) be the original confidence degree for input instance x defined by
the corresponding model w. conf(w, x) can be changed by the type of model used to
build the global or local model. In this paper, we implement both the global and the
local models by using MLP. The output of MLP can be estimated as confidence degree,
which can be simply defined as follows

Fig. 2. The overall procedure of global-local co-training method
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conf w; xð Þ ¼ w xð Þjw xð Þ is output of w for xf g ð1Þ

Since the original problem space is divided into several subspaces to generate local
experts, the number of training data for each expert is rather smaller than the global
model. This can make the ME model have large bias or variance, because there are
chances that some of the training instances for certain class are missing in some
sub-regions even though the original space contains all classes. Since some experts
have not learned about certain classes, they can generate unexpected values as outputs
for the missing classes according to the type of models used as local experts. To
prevent this problem, the existence of training instances of certain class should be
checked prior to computing confidence degrees. Equations (2) and (3) show the
modified confidence degree for class C of the global model and the ME model,
respectively.

conf MG; x; cð Þ ¼ MG;C xð Þ; if NMG;C [ 0
0; otherwise

�
ð2Þ

conf ML; x; cð Þ ¼
XN
i¼1

giconf li; x; cð Þ

conf li; x; cð Þ ¼ li;C xð Þ; if Nl;i;c [ 0

0; otherwise

� ð3Þ

4 Experiments

This section presents the experiments conducted to evaluate the usefulness of the
GLCT method on the prediction problems. The number of hidden nodes for each neural
network is fixed to ten and learning rate is 0.3. There are two aspects of the experi-
ments. One is to prove the usefulness of co-training based on unlabeled data. The other
is that the proposed method shows better classification performance than other
semi-supervised learning such as self-training.

4.1 Bank Telemarketing Data

This paper focuses on targeting through telemarketing phone calls to sell long-term
deposits. Within a campaign, the human agents make phone calls to a list of clients to
sell the deposit or, if the client calls the contact-center for any other reason, he is asked
to subscribe the deposit. Thus, the result is a binary class (unsuccessful or successful
contact). This paper considers real data collected from a Portuguese retail bank, from
May 2008 to November 2010, in a total of 45,198 phone contacts. The training data is
used for feature and model selection and includes all contacts executed up to April
2010. The test data is used for measuring the prediction capabilities of the GLCT
method, including the most recent contacts in dataset, from May 2010 to November
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2010, in total of 11,034. Table 2 shows a summary of used data sets. Table 3 describes
the list of features with description.

4.2 Experimental Results

We conduct experiments to show the improvement of performance by using unlabeled
data. For each experiment, the performances of models trained in three different con-
ditions that are trained with all labeled data. All experiments were conducted ten times
and results were averaged. In order to show that GLCT performs well regardless of the
ratio of initial labeled data, we change the ratio of labeled instances to observe per-
formances according to the amount of initial labeled data. We changed it from 5 % to
15 % as Table 4. Figure 3 shows the result of the test on dataset. As the result, the
model trained with both labeled and unlabeled data showed better performance than the
model without co-training. This result implied that GLCT can be used as the training
method for the mixture-of-experts model in semi-supervised approach.

Finally, we compared GLCT with an alternative method to train the mixture-of-
experts model to show the superiority of GLCT. In this experiment, the self-training
algorithm [23] was used as the alternative technique to train the mixture-of-experts. As
mentioned in mixture of experts section of related works, it is one of the conventional
semi-supervised learning approach to train mixture-of-experts. Figure 4 shows the
GLCT produces significantly better performance than self-training algorithm. In the
beginning of initial iteration, there is quite a few difference in terms of accuracy.

Table 2. A summary of data sets used

Name #Features #Classes #Samples

Personal data 14 2 45,198

Table 3. Attributes and description of dataset

Attribute Description (data type)

Age Age of client
Job Type of job
Marital Marital status (categorical: divorced, married, single, unknown)
Education Education level of client
Default Has credit in default? (categorical: no, yes, unknown)
Balance Balance of account
Housing Has housing loan? (categorical: no, yes, unknown)
Loan Has personal loan? (categorical: no, yes, unknown)
Contact Contact communication type
Duration Last contact duration, in seconds
Campaign Number of contacts performed during this campaign
Pdays Number of days that passed by after the client was last contacted
Previous Number of contacts performed before this campaign
P outcome Outcome of the previous marketing campaign
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Although iterations increased, self-training cannot overtake GLCT’s on accuracies.
Also, in case of self-training, variation of accuracy of classification is high regardless of
increase or decrease. This reveals that absence of global model can degrade the per-
formance of the mixture-of-experts.

Table 4. The number of labeled and unlabeled data according to the ratio

Algorithm No. of labeled data No. of unlabeled data

Mixture of local expert 1,708 32,456
Co-training based ME 1,708 32,456
Mixture of local expert 3,416 30,748
Co-training based ME 3,416 30,748
Mixture of local expert 5,124 29,040
Co-training based ME 5,124 29,040
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Fig. 3. The comparative results of model performance
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Fig. 4. Change of accuracies in iteration for two methods
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5 Conclusion

In this paper, we have proposed a prediction method of bank marketing using the
global local co-training with both labeled and unlabeled data. Local model (Mixture-
of-experts) is a variant of divide-and-conquer paradigm, and it is proper to solve
complicated problem such as bank marketing from unrelated information. Also, one of
the characteristics of financial data is that a large-scale unlabeled data is generated from
a lot of people in the world. To utilize the unlabeled data, we try to use global-local
co-training method for predicting possible future clients in bank telemarketing using
real dataset from Portuguese bank. The experiment was based on the ratio of labeled
examples. As the result, we confirm the feasibility of this model in financial field.
Through the series of iterating experiments, we obtained quantitative results which can
be evaluated on various aspects. In the future, we need to validate the accuracy and
effectiveness by comparing to other competitive methods.
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