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Overall, accuracy as a performance measure does not fully consider modular accuracy: the accuracy of 
classifying 1 (or true) as 1 is not same as classifying 0 (or false) as 0. A smarter classification algorithm would 
optimize the classification rules to match the modular accuracies’ goals according to the nature of problem. 
Correspondingly, smarter algorithms must be both more generalized with respect to the nature of problems, and free 
from decretization, which may cause distortion of the real performance. Hence, in this paper, we propose a novel 
vertical boosting algorithm that improves modular accuracies. Rather than decretizing items, we use simple 
classifiers such as a regression model that accepts continuous data types. To improve the generalization, and to 
select a classification model that is well-suited to the nature of the problem domain, we developed a model selection 
algorithm with smartness. To show the soundness of the proposed method, we performed an experiment with a 
real-world application: predicting the intellectual properties of e-transaction technology, which had a 47,000+ record 
data set.
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1. Introduction

In our everyday business, we are faced with 
managerial or strategic decisions that are supported 
by classification techniques such as e-commerce 
transactions (Yang and King, 2009), personal 
credit evaluation (Wu and Xia, 2008), financial 
data mining (Shi et al., 2010), and stock market 
prediction (Lu and Chen, 2009). Current ensemble 

methods of the classification algorithms have 
“room for improvement” in a couple of key areas 
(Ha et al., 2013). First, these methods have yet to 
demonstrate competency with very large data sets. 
Scalability is a key feature for acceptance in actual 
business systems. Second, to increase their 
classification accuracy, current methods use a 
discretization technique, which transforms 
continuous models and equations into discrete 
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counterparts. However, information loss and/or 
corresponding biases may occur during the 
transformation.

Meanwhile, classification algorithms suffer 
from the problem of data uncertainty (Qin et al., 
2009). One of the reasons for data uncertainty is 
data imbalance, with uneven numbers of positive 
and negative cases (Lee and Kwon, 2013). 
Different sampling methods have been proposed 
to address this problem: oversampling, under- 
sampling, and weighted sampling. However, in 
spite of slight improvement by using sampling 
methods, using such methods results in an 
increased computational cost due to the increase 
in the training data points (Hwang et al., 2011). 
Undersampling balances the training dataset by 
sampling the majority training set to make a 
smaller subset, and makes the size of the class 
even. Weighted sampling defines the weight for 
each individual piece of data. In handling an 
imbalanced training set using the support vector 
machine (SVM) technique, for example, giving an 
appropriate weight makes the technique 
outperform the standard SVM. At this time, 
setting the appropriate weight is a critical issue. 
Hwang et al (Hwang et al., 2011) simply set the 
weight according to the size of positive and 
negative dataset.

Not a few actual data sets have data 
imbalance that leads to bigger misclassifications. 
Data imbalance causes inconsistent classification. 
Inconsistency here refers to the issue relating to 
some training cases where input values are 
identical to each other except the class value. 

Inconsistency definitely makes the classification 
accuracy worse. Rough set theory (Pawlak, 1982) 
has been regarded as a solution to address the 
inconsistency problem, because rough set is a 
formal mathematical tool that works with 
imprecise, uncertain, and vague data sets: it 
extracts meaningful features from the inconsistent 
data set. However, since a rough set exhaustively 

examines all N2  subsets of features from N 

features, it tends to be a NP hard problem, and 
hence needs a more efficient approximate 
algorithm. Second, imbalanced data set also results 
in rule imbalance problem. Rule imbalance refers 
to the problem that the number of rules concluding 
that the result is positive (useful) and negative 
(useless) are not balanced. These two concerns still 
remain unresolved in current classification 
algorithms research. In particular, subtle 
differences in the domain characteristics of 
business data may have a strong impact on the 
classification accuracy (Theissen, 2001). However, 
to our best knowledge, researchers have yet to 
propose any classification algorithms that address 
inconsistency and rule imbalance. 

Hence, the purpose of this paper is to 
propose a smarter boosting method for the 
imbalanced data set which contains inconsistency 
and rule imbalance problems. An algorithm with 
smartness, rather than just overall accuracy, is 
newly developed to select a classification model 
which is best fit to the nature of the problem 
domain in terms of consistency and balance. To 
show the method’s soundness, we performed an 
experiment with a representative business data: 
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predicting the transferability of e-transaction 
technology intellectual properties, using a actual 
data set of over 47,000 records; 50 times larger 
than the data set used in the earlier study (Kwon, 
2011). 

The remainder of this paper is organized as 
follows. Related works on classification methods 
and an idea of smartness as a novel performance 
measure are described in section 2 and 3. In 
section 4, the main idea and algorithm of the 
new vertical ensemble method are described. The 
performance of the proposed method is 
demonstrated via an experiment with actual cases, 
outlined in section 5. Lastly, concluding remarks 
and future research issues are discussed in 
chapter 6.

2. Measuring classification methods

A classification algorithm is a procedure for 
selecting a hypothesis―a mapping from feature 
vectors to Boolean, numeric or ordinal class, from 
a set of alternatives that best fits a set of 
observations. Classification algorithms aim to 
minimize the classification error. Widely accepted 
classification algorithms are decision trees (ID3, 
C.4.5 etc.) (Quinlan, 1993), rule-based induction 
(Cohen, 1995), artificial neural networks (Andrews 
et al., 1995), case based reasoning, genetic 
algorithms, Bayesian networks (Langley et al., 
1992), Swarm intelligence, SVM Classification 
(Vapnik, 1995), and the ensemble method. Among 
those, the ensemble method approach has been 

regarded as better performer than classification 
with single classifier. 

Among the classification algorithms, the 
selection of the most adequate classification 
algorithm that fits to a specific problem is a 
difficult task (Brazdil and Soares, 2000). Training 
all classifiers to constitute an ensemble is a 
complex task and can lead to increased 
computational time and costs. Hence, using the 
ensemble approach may not appropriate for 
real-time or dynamic classification problems (Liu 
et al, 2004). 

Evaluation criteria are very important for 
developing classification algorithms simply 
because it determines what to focus on in the 
design phase. Since the goal of classification 
algorithms is to minimize classification error, 
accuracy has been a major evaluation criterion. 
Accuracy is potentially determined by the 
finiteness of the training sample size: the smaller 
the sample size, the more biased a classification 
error becomes (Raudys and Pikelis, 1980). Sarunas 
et al. (Sarunas et al., 2009) suggested a method of 
choosing the type of the classification algorithm in 
the case of a limited learning sample size. Another 
widely accepted performance measure for the 
classification algorithm is generality, which refers 
to how well the method is able to tolerate different 
classifiers (Kuncheva and Jain, 2011). However, in 
many cases, as Brachman et al. stated, algorithm 
selection is an exploratory process, and hence 
depends on the analyst’s knowledge of the 
algorithms and of the problem domain (Brachman 
et al., 1996). Leaning on generality sometimes 
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discourages the selection of a specific classification 
algorithm that would be optimally suited to a 
specific domain. Thus choosing the correct 
classification algorithm lies somewhere between 
generality and customizability.

Traits of the training data are key in 
identifying the rationality of the classification 
algorithms. Without the proper understanding of 
the traits, the downgrade of a classification 
algorithm may happen in real-world applications. 
In particular, the data of a given business domain 
may not be clear due to either a lack of attribute 
values, errors or outliers present, or inconsistent 
results: cases of the same input conditions may 
have different output values. Even though quality 
decisions must be based on quality data, the 
real-world data can be irregular, unpredictable, or 
incomplete. Classification algorithms therefore 
involve pre-processing activities: data cleaning and 
reduction. Data cleaning tasks generally encompass 
filling in missing values, identifying outliers, 
smoothing out noisy data, and correcting 
inconsistent data―tasks that have conventionally 
been accomplished by clustering, regression 
techniques, or human monitoring. However, in the 
real world, especially as regards business data, 
changing or “finessing” or “smoothing” such data 
may have important yet unknown consequences. 
Sophisticated classification methods are needed to 
address these concerns.  

3. Smartness: Performance measures 
for data imbalance

3.1 Concerns of conventional performance 
measures

Accuracy and Area Under the ROC Curve 
(AUC) are well-known measures for model 
selection in classification problems (Caruana and 
Niculescu-Mizil, 2004). This section aims to 
describe why accuracy and AUC measure must be 
improved.

To think of the performance of the 
classification algorithms, suppose there are four 

probabilities: 1,0,1,0,, == jip ji  where 0 and 1 

indicate the positive state and negative state, 
respectively. 

00p : The probability that a sample in a negative 

state is predicted as negative. 

01p : The probability that a sample in a positive 

state is predicted as negative. 

10p : The probability that a sample in a negative 

state is predicted as positive. 

11p : The probability that a sample in a positive 

state is predicted as positive. 

Note that 111100100 =+++ pppp . The 

confusion matrix of two-classification problems is 
shown in <Table 1>.
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<Table 1> Confusion matrix two-classification 
problems

Predicted

Positive Negative

Actual
Positive 11p 01p

Negative 10p 00p

Then, the performance of the classification 
can be evaluated as overall accuracy as (1):

11100100

1100

pppp
ppaccuracy

+++
+

= (1)

However, accuracy is not sensitive to the 
differences of the classifiers’ performances, which 
is not perfect to model selection. Moreover, 
accuracy does not show explicitly the Type A 

accuracy (
0111

11

pp
p
+ ) and Type B accuracy 

(
1000

00

pp
p
+ ), which have been usable as measures 

of the classification algorithms (Forbes, 1995). To 
explain the concern for accuracy, we applied two 
widely accepted classification techniques: decision 
tree and support vector machine (SVM) to the 
benchmark data (Kwon, 2011). First, as a decision 
tree technique, we selected ID3 with pre-pruning. 
We used the source code developed by Bruno 
Woltzenlogel Paleo (http://planeta.terra.com.br/arte 
/lua/) and Matthias Kirmse, as a project to build a 
spam filter system. However, the code is general, 
in accordance to WEKA's framework, and thus 
applicable to other problems. Second, we used the 

Libsvm tool, a library for support vector machines, 
for support vector machine for classification 
(C-SVM) (http://www.csie.ntu.edu.tw/~cjlin/libsvm). 
It also provides an automatic model selection tool 
for C-SVM classification.

Other than accuracy, the Receiving 
Operating Characteristic (ROC) curve has been 
used for summarizing a classifier’s performance 
considering the trade-offs between Type A 
accuracy and Type B accuracy. The area under the 
ROC curve represents the expected performance 
(Rosset, 2004). AUC is also widely accepted as a 
model selection criterion to select a model with 
best future ranking performance. However, while 
AUC is weak in estimating the predicted 
probabilities, Root Mean Square Error (RMSE) 
can. To avoid this limitation, Huang and Lin 
proposed Softened AUC (SAUC) which is a mean 
square gap between Type A and Type B 
accuracies, to reflect both ranking and probability 
predictions. However, AUC and SAUC still do not 
reflect the user’s relative value on Type A and 
Type B. Moreover, how well a type of accuracy 
(especially Type A) endures its performance in 
spite of the increase of another’s performance is 
not measured. In fact, an excellent classification 
model should overcome the trade-off between 
Type A and Type B accuracy, and a performance 
measure must calculate it. Thus, a new metric to 
address these concerns is needed.

3.2 Smartness

Taking into consideration the typical issues 
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around measures for model selection, we propose 
a new measure called smartness. We may have 
multiple models for context prediction according to 
the types of model, parameters, and others. Among 
those, the best model refers to a model that is 
smart: better at predicting a state that the decision 
maker thinks is more important or desirable than 
the other state. The ideal model would accurately 

predict any case ( %10000 =p  and %10011 =p ). 

However, most of actual problems do not allow 
the prediction models to be perfect due to their 
uncertainty, inconsistency, existence of unknown 
factors and even randomness. These cause the 
decrease of prediction quality. If we admit the 
impossibility of obtaining the ideal model, then the 
second best strategy is to find a model that is 
smarter than the other available models. When it 
comes to finding a second best model, if a model 
answers that every case should be estimated as 1 
(positive), then the model’s result will be 

%10011 =p  but %000 =p . No matter what the 

overall accuracy is, this is not smart at all because 
it does not reflect the decision maker’s preference, 
and hence is useless. This is the same case when 
another model predicts 0 for every case. A model 

is smarter if 11p is higher and at the same time 00p  

is, at least, not lower. Hence, we define a new 

measure, smartness (x ), as an alternative model 

selection criterion other than MAD or RMSE. 
Suppose we have Model E and the decision 
maker’s preference is like smart curve 2 as shown 
in <Figure 1>. And also let us assume that the 
absolute value of gradient of Model E is w . Then 

L2 will be represented as (2):

)(1
0011 pxpy -=-

w
(2)

Correspondingly, a is represented as 

)
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distance from Model E to a ( 0d ) is as follows (3):
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where w  indicates the relevant weight of 
accurately predicting positive status. 

Hence, smartness (x ) is equivalent to the 

distance from Model E and dot a (4):

î
í
ì >+

=
otherwise

ppifd
          0

1   00110x (4)

If a model’s performance is located below 

the baseline ( 10011 <+ pp ), the smartness will be 

evaluated as 0. Baseline means there is no 
smartness in the model.

Each dot on the area indicates a model's 

performance, which is represented as ( 00p , 11p ). 

Models on the baseline indicates that they have no 

smartness because 11100 =+ pp . The value of 

smartness increases when the model's performance, 
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represented here as a dotted line, is longer. For 
example, Model A is clearly better than Model B 
and C. However, when comparing the performance 
of Model A and D, which distances from the 
baseline are same with each other, they seem to be 
incomparable. Model A predicts positive states 
better than Model D, and vice versa.

Suppose the decision maker’s preference is 
known, labeled as a smart curve. The gradient of 
the smart curve indicates the relevant value of 
predicting a positive state based on the importance 
of predicting a negative state. For example, a 
decision maker whose preference corresponds to 
smart curve 1 thinks that predicting a positive 
status is more valuable in comparison with another 
decision maker who has another preference like 
smart curve 2. Moreover, dots on a smart curve 
are equivalent in terms of smartness level (e.g. 
Model D and E). Consequently, the smart curve 1 
decision maker may select Model A, while another 
one having smart curve 2 selects Model D, all 
other conditions being equal.

<Figure 1> Model selection and smartness

4. Main idea of smart classification: 
Vertical boosting with model 
selection

We propose a novel classification algorithm, 
vertical boosting with model selection, to be 
suitable for smartness. The proposed algorithm is 
characterized by incorporating a model selection 
process into the vertical boosting ensemble. 

4.1 Vertical boosting

The vertical boosting ensemble method 
creates N classifiers with N attributes, in contrast 
to conventional sample-based ensemble methods. 
<Figure 2(a)> depicts the basic framework for a 
classifier ensemble based on sample-based bagging 
or boosting (Kwon, 2011). Samples are divided 
into N subsets that correspond to N classifiers. If 
the subset-making strategy considers prediction 
performance, resulting in subsets of lower accuracy 
appearing more frequently, then we use boosting, 
because boosting shows better results in such 
cases. Each classifier in <Figure 2(a)> (classifiers 
1 through N) is trained using the training instances 
specific to each (Opitz and Maclin, 1999). Then, 
for each example, the predicted output of each 
classifier is combined to produce the output of the 
ensemble. Many researchers (Krogh and Vedelsby, 
1995; Breiman, 1996; Lincoln and Skrzypek, 
1989) have demonstrated that an effective 
combining scheme is simply to average the 
predictions of the network.

We adopt the boosting method because the 
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frequency of the desirable state is very low. To 
reach the ‘exceptionally observed’ goal state, our 
booster multiplies the probability of the desirable 
state by a certain signifier. All samples are divided 
into N subsets according to N attributes. Each 
classifier refers to one attribute, and then generates 
individual rules. For each individual rule, the 
probability that the desirable state will occur 
increases via booster. Then the revised individual 
rules are used to produce a set of combined rules 
(<Figure 2(b)>).

(a) Conventional General Ensemble

(b) Proposed Vertical Ensemble

<Figure 2> Comparing ensemble methods 
(cited in Kwon, 2011)

The algorithm of vertical boosting consists 
of four phases: identifying the feasible range of 
sensitivity, generating individual rules, generating 
combined rules, and reasoning with combined 
rules. Details of the vertical boosting are described 
in the previous work (Kwon, 2011).

4.2 Information hiding

Finding dependencies among the features or 
classifiers is crucial for improving classification 
tasks (Shi et al., 2011). However, finding 
dependencies can difficult in practice if they are 
too complex or noisy. Hence, rather than 
attempting to identify the dependencies or the 
attributes, our approach is to grant the complexity 
and try to analyze the clusters of the outcomes 
from the classifiers. Conventional ensemble 
methods have used a consensus method such as 
voting and averaging, whereas our approach is that 
the result depends on the distribution of the 
individual outcomes―not just the outcomes 
themselves. For example, suppose we have five 
classifiers in an ensemble, and the type of class is 
Boolean. If we apply majority voting, (1, 0, 0, 1, 
1) will be concluded as 1, while (0,0,0,1,0) will be 
0. When the class value of (1, 0, 0, 1, 1) turns out 
to be 0, majority voting is evaluated as failed and 
the case will be identified as noise. However, in 
our approach, (1, 0, 0, 1, 1) → 0 per se can be 
regarded as a meaningful information, and keep 
this as a pattern.



Smarter Classification for Imbalanced Data Sets and Its Application to Patent Evaluation

23

Rule C1 C2 C3 C4 C5 C6 Result

(a) 1 1 1 0 1 1 1

(b) 1 1 0 1 0 1 1

(c) 0 0 1 0 0 1 1

(d) 1 1 1 1 0 1 0

<Table 2> Classification rules

4.3 Smarter model selection

Our algorithm takes into consideration 
finding the best classification model with respect 
to smartness using a training data set. The model 
selection indicates finding optimal value of 

parameters: sensitivity level (s), theta (q ), and 

area of plateau (a ). Sensitivity level is the 
parameter utilized by each classifier to identify 
positive states with more sensitivity than negative 
states. Using the sensitivity level, the result of the 

i-th classifier, ir̂ , is estimated as desired (‘1’) 

when the function of ix  multiplied by s is not less 

than the mean value of the result of training set as 
shown in (5). Hence, if s becomes greater, then the 
result has more chance to be estimated as 1. 

î
í
ì ³´

=
otherwise

yxfif
r ii

i                  0
)(s         1

ˆ (5)

Theta refers to the minimum number of 
classifiers, each of which produces the right 
answers. Hence, a classification rule that involves 
less than the theta value of right answers will not 
be taken in the classification. For example, 
suppose that there are four classification rules 
(<Table 2>): (a), (b), (c) and (d). If theta is set to 
4, the algorithm will consider the rules, (a) and 

(b), which have no less than four classifiers which 
produce 1 (positive). Note that (d) is excluded 
even though the rule has five classifiers which 
predict as 1 but the result is 0, which means the 
rule has only one right answer from C6, and hence 
the value of theta is 1 in this case.

If the number of cases resulting in positive 
(1) is very small, the prediction may not be smart 
because almost every prediction will be done as 
negative (0). To makes predictions smarter, one 
strategy is to investigate the adjacent points.

<Figure 3> shows the first phase of training, 
generating individual rules. Using the individual 
rules generated in phase 1, for all attributes in each 
training case, transferability is computed by 
multiplying the number of desired outcomes (i.e., 
the number of times technology is actually 
transferred) by s. An individual rule is then 

generated and added to IR .

As illustrated, the goal of model selection is 
to find a model in which smartness is greater than 
the others. The mathematical form to derive 

objective function ( ),,( 1100 vx ppf= , see (45)) is 

represented as (6):

)|,,(
)|,,(

~
~

.
),,(   max

111

000

1111

0000

1100

xsgp
xsgp

pp
pp

ts
ppf

aq
aq

vx

=
=
³
³

=

(6)

Where 00
~p  and 11

~p  indicate minimum 

allowable level of 00p  and 11p . Models with 00p  

and 11p which are less than 00
~p  and 11

~p  will be 
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Input: 1st training cases ( 1TR )
Output: individual rules ( IR )

Process:
// Making individual rules as a classifier 
Read 1TR ;
Set rule number i=0;
While (not the end of property of 1TR )) {

For j-th attributes (j=1..N), estimate beta ( jb ) and alpha value ( ja ) 
Compute mean y value with 1TR ;
While (not the end of 1TR ) {
     For i-th case, compute estimated y value ( ŷ ) as ijjjij xy ´+= baˆ ;
     Return jij yy -ˆ ;
}  // End While

} // End while
Return IR ;

<Figure 3> Generate individual rules algorithm

Input: individual rules ( IR ),theta (q ), area of plateau (a ),sensitivity level(s), 2nd training set ( 2TR )
Output: optimal set of parameters (theta ( *q ), area of plateau ( *a ))

Process:
// Making combined rules
For all q , a  and s
{

While (not end of 2TR )
{

Obtain qIR  from IR ; qIR  is a set of individual rules which has no less than q  classifiers which predicted 
that the result is ‘positive’;

While (not end of qIR ) {
Find sufficiently similar rule set ( ri~ ) from qIR  which satisfies:
   Euclidean distance (d ) from ri~ and 2tr  is not greater than a :

      å
"

´-=
k

kk irstrd 2
2 )(

}
If ri~ is null, then run case-based reasoning with 2tr  and IR :
            Identify the result of IR  which is the most similar to 2tr .
Else if at least one rule in ri~ predicts the result as ‘positive’, return ‘positive’;
Else if at least one rule in ri~ predicts the result as ‘negative’, return ‘negative’;

} // End while
Compute 00p  and 11p ;
Compute smartness (x );

}
Identify q , a  and s which yields highest x ; Return them as the optimal set of parameters (theta ( *q ), area of 
plateau ( *a ), and sensitivity ( *s ))

<Figure 4> Model selection algorithm
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Items Type

Ratio of the number of independents 
Scope of claim
Innovation rate 
Times of citation
Joint research expenses 
Cooperation in application
International cooperation
Patent share
Actually transferred

Real
Real
Real
Real
Real
Real
Real
Real

Binary

<Table 3> Items used in K-PEG for evaluating 
patented articles

disregarded even though either 00p  or 11p is very 

high. )|,,(0 xsg aq  and )|,,(1 xsxg aq  indicate 

the functions of sensitivity level (s), theta (q ), and 

area of plateau (a ) to compute 00p  and 11p , with 

a given training set (x). <Figure 4> shows the 
detailed process to obtain the optimal model.

5. Experiment

5.1 Implementation

To show the feasibility of the vertical 
boosting method proposed in this paper, we 
developed a prototype. The program, which runs 
on any platform, was developed using the Java 
application JDK 1.6.x. We used Microsoft Access 
as the case base, which is accessible to the main 
program via a JDBC/ODBC connection.

5.2 Data set

Patent evaluation becomes a very useful 
application area as an advent of recent 
knowledge-based society (Park and Kwak, 2013). 
Patent evaluation data was obtained from an 
information system called Korea Patent Evaluation 
and Grading (K-PEG) run by a government agency 
(KIPI 2010). We used the patent evaluation data to 
predict the possibility of technology transfer of 
registered patents related to e-transaction methods 
and systems. The e-transaction-related patents used 
in our experiment were registered with the Korean 
Intellectual Property Office from 2001 to 2009. 

The items used in the experiment are shown in 
<Table 3>. The overall evaluation results are 
shown as actual transferring history (0 not 
transferred, 1 transferred at least once).

For the present experiment, data was 
collected on patents falling under the G06Q code, 
which indicates patents on data processing systems 
or methods especially suited for management, 
commerce, finance, business administration, 
supervision or prediction; and other systems 
unclassified and especially suited for management. 
Finally, the result was a total of 47,823 patent 
items to use for the experiment. The distribution of 
the “actually transferred” variable was 93.32% (not 
transferred) and 6.68% (transferred at least once). 

5.3 Method

We tested our vertical boosting ensemble 
method with model selection functionality 
(VB_MS), against case-based reasoning, bagging 
with ID3, and SVM, as well as VB_RVS. First, 
for the case-based reasoning, we adopted 
Tversky’s method, which is the general method of 
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finding most similar case as (7).

å
"

-=
j

pp
ijji yxd

1

))(( (7)

Where p is the multiplier (p=0,2,4,…), while 

jx  and ijy  indicates the j-th item value of the test 

case and i-th training case. As p increases, the 

discrepancy between jx  and ijy becomes more 

exaggerated, and hence outliers are more 
discouraged to be selected as the most similar 
case. In this experiment, we randomly varied the p 
value from 2 to 10. Second, as classifiers for 
bagging, we used ID3 with pre-pruning. Next, we 
adopted classification SVM (C-SVM) with linear 
basic kernel, because SVM is a popular 
classification technique. Linear scaling and model 
selection are allowed before applying SVM. Last, 
we performed the earlier vertical boosting 
(VB_RVS). Since VB_RVS needs discretizing, a 
rough set theory was adopted to as classifiers. To 
do so, we used ROSETTA, a package for rough 
set tool. Reducting is done by Holte’s 1 method 
and then rules were generated by Boolean 
reasoning algorithm. As a result, 26 rough set rules 
are generated and used in testing. 

To compare the competing methods in terms 
of performance, for each experiment, the same 
testing data set prepared by random subsampling 
method was applied to all methods. Unlike legacy 
vertical boosting which uses a discretized data set, 
VB_MS allows continuous data values. To do so, 
a single regression method for each item is 
selected as classifiers. We use “actual 

transferability” as a dependent variable. To 
generate the decision tree in bagging and boosting, 
we adopted ID3 using the Weka software tool 
release 3.7.2. We set the ensemble size at 8, which 
is the number of items in the training and test data 
set as listed in <Table 4>.

The experiment was performed in 120 trials 
with different random sampling. For each trial, out 
of 847,812 samples, 20% was randomly used for 
training, and the remaining 80% was used to 
estimate the performance of the trained classifier in 
terms of smartness and accuracy.  There was in 
fact no significant change of performance 
according to the size of training and test data set. 
These are mainly the result of using a large 
original data set, and the algorithm’s scalability. In 
other words, to avoid the drawbacks of the simple 
holdout method, we used a random subsampling 
method. Each split randomly selects a fixed 
number of examples without replacement. For each 
data split, we retrain the classifier from scratch 
with the training examples and estimate with the 
test examples. In addition, for experimental 
simulation, a Java application program was 
developed based on the proposed algorithm.  

We conducted a performance evaluation on 
three measures: First, overall precision, the 
traditional accuracy measurement; second, 
smartness metric; third, cost-benefit analysis. Cost, 
revenue and profit are compared. Taking into 
consideration the unit expenditure required for 
technology transfer and the expected unit profit in 
case of it being realized, we measured the 
performance of each method by the expected profit 
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mean when predicting the possibility of technology 
transfer on a patented article. Then, the equation to 

find the profit is: cppp *)(* 010000 +-= qp .

5.4 Results

According to the method described as 
above, the experiment was performed with 
accuracy, smartness and cost/benefit analysis.

Accuracy
For the accuracy test, overall accuracy 

( 1100 pp + ), partial accuracy in case the sample is 

in a positive state ( 1*11 / pp , Type A accuracy), 

and partial accuracy in case the sample in a 

negative state ( 0*00 / pp , Type B accuracy) are 

measured. 
In terms of classification, the overall 

accuracy of the SVM is 92.5%, which is superior 
to case-based reasoning (87.1%), bagging with ID3 
(44.7%), VB_RVS (82.2%) and VB_MS (60.4%, 
see <Table 4>). Particularly, SVM is excellent in 
Type B accuracy (100%), which accurately 
predicts a negative state. This is more accurate 
than case-based reasoning (93.1%), bagging with 
ID3 (43.2%), VB_RVS (86.7%) and VB_MS 
(60.5%). However, this happens due to the 
characteristics of data imbalance problems: most of 
the results of the samples fall into the category of 
negative state. For Type A accuracy, however, 
which accurately predicts a positive state, VB_MS 
is 60.5%, which is similar to bagging with ID3 
(63.0%) and superior to case-based reasoning 

(12.4%) as well as to SVM (0%). 
The domain of technology transfer is 

considered to be a typical data imbalance problem. 
Thus, case-based reasoning and SVM show 
dramatically unbalanced outcomes and hence 
hardly can be applied in this domain. Bagging 
with ID3 and the proposed method are smoother 
than case-based reasoning or SVM. However, a 
simple comparison of accuracy levels cannot 
entirely explain the performance of this method, so 
comparison with smartness metric is still 
necessary.

<Table 4> Summary of the performance 
comparison (accuracy)

CBR Bagging
- ID3

SVM VB_RVS VB_MS

Type A 0.124 0.630 0.000 0.144 0.605

Type B 0.931 0.432 1.000 0.867 0.604

Overall accuracy 0.871 0.447 0.925 0.822 0.604

Smartness
For the first efficiency test, we performed an 

assessment by smartness. Before the performance 
evaluation, a model selection algorithm has been 
processed to identify the best ensemble model. As 

a result, the model was optimized when q =3, c=1, 

and s=2. In case of 1=w , surprisingly, smartness 

of SVM was 0.000, lower values compared to 
0.039 for case-based reasoning, 0.044 for bagging 
with ID3, 0.095 for VB_RVS and 0.148 for 
VB_MS. Hence, we could conclude that the 
VB_MS method performs best in terms of 
smartness. The comparison is shown in <Table 5>. 
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In addition, we increased w, to identify how 
the value affects the rankings of the competing 
methods, but no variations were found. Hence, we 
could conclude that the VB_MS proposed in this 
paper is robust regardless of the importance of 
predicting positive state. This implies the reliability 
and commonality of the proposed idea: The 
proposed method can be applied to the 
classification problems other than the data 
imbalance problem. These advances in comparison 
with the conventional vertical boosting mainly 
benefit from the model selection functionality. 
Rather than pre-asserting multipliers in the older 
method, VB_MS pre-considers every candidate 
models by varying sensitivity level, theta, and area 
of plateau, and then identifies a model which is 
best fit to the problem context. 

<Table 5> Summary of the performance 
comparison (smartness)

CBR Bagging
- ID3 SVM VB_RVS VB_MS

Smartness

1=w 0.039 0.044 0.000 0.041 0.148 

2=w 0.041 0.046 0.000 0.043 0.156 

3=w 0.044 0.049 0.000 0.046 0.165 

4=w 0.045 0.051 0.000 0.048 0.172 

5=w 0.047 0.053 0.000 0.050 0.178 

6=w 0.048 0.054 0.000 0.051 0.182 

7=w 0.049 0.055 0.000 0.051 0.185 

Cost-Benefit Analysis 
The cost-benefit analysis is reasonable when 

the individual accuracies have different values, and 
the user intends to maximize profit or minimize 
cost of model selection. If we adopt a cost/benefit 

feature instead of overall accuracy, net unit income 
(p ) can be asserted as (8): 

0*0*)(*)(* 00011011 ppcpcp ++-+-= qp (8)

Where q  is the unit revenue that results 

from accurately predicting that the positive state is 
positive, and c  means the unit cost of investing to 
obtain the positive state. By eliminating the third 
and last literals, (8) can be simplified as (9).

cppp *)(* 101111 +-= qp (9)

The royalty mean per item for technology 
transfer for 2009 in Korea is around SK₩40 
million, and the cost of patent administration 

around SK₩1.5 million. Based on this, q  and c 

were set at 4,000 and 150, respectively. In 
addition, the proportion of the sample that was in 
a positive state is 7.5%. Cost-benefit analysis was 
performed using these three parameters.

According to the cost/benefit structure (q  

and c), the model selection is newly performed, 

and as a result, vertical boosting with q = 2, c = 

1, and s=0 was identified as the best model in 
terms of profit. As seen in <Table 6>, the expected 
profit per item using the VB_MS method was SK
₩3,075.3, much higher than with the other 
methods. On the other hand, expected profits by 
the case-based reasoning, bagging with ID3, SVM 
and VB_RVS were around SK₩346.3, SK
₩2,349.7, SK₩0.0 and SK₩281.8 per prediction, 
respectively. Therefore, we could conclude that 
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Accuracy (%) Case-Based
Reasoning

Bagging
- ID3 SVM VB_RVS VB_MS

Overall 0.872 0.416 0.921 0.825 0.295

00p 0.938 0.398 1.000 0.813 0.248

10p 0.062 0.602 0.000 0.187 0.752

11p 0.092 0.634 0.000 0.081 0.828

Revenue ( q*11p ) 369.4 2,535.1 0.0 324.0 3,312.1

Cost ( cpp *)( 1011 + ) 23.1 185.4 0.0 42.2 236.8

Profit (p ) 346.3 2,349.7 0.0 281.8 3,075.3

<Table 6> p  calculation example (q = 4,000, c= 150, proportion of a positive state = 7.5%).

VB_MS is superior to other competing methods in 
terms of cost-benefit analysis, and hence a better 
fit than the other methods.

6. Discussion

In this paper, we proposed smartness as a 
performance measure that indicates the 
applicability of certain classification algorithms to 
overcome the limitation of accuracy measures. 
Since smartness aims to maximize the generality 
and at the same time minimize classification error, 
it is quite appropriate in real-world applications 
such as business domains, in particular data 
imbalances are found in the data set. 

Our approach was to amend the vertical 
boosting method, which was originally designed to 
address the problem domain where data imbalance 
exists. Vertical boosting (Kwon, 2011) has been 
regarded as an appropriate business decision 
making in areas such as finance, marketing, and 

technology management. However, the original 
vertical boosting algorithm depends on 
dicretization which may distort the actual 
performance, and at the same time, it is not 
examined if the continuous vertical boosting can 
be a general method which would still work well 
in areas other than data imbalance problems. 
Generality is crucial to determine if the algorithm 
can be applied in wider real-world applications. 
Moreover, the original case study examines quite 
smaller samples; a scalability test was needed with 
much larger data sets. 

Our thrust is to incorporate a model 
selection algorithm that is guided by the smartness 
concept, as a preprocessing of a vertical boosting 
ensemble method. For the ensemble, classifiers are 
allowed that can handle continuous data types. As 
a model selection criterion, a smartness metric is 
newly considered, which refers to what extent the 
algorithm yields useful prediction: predicting 
negative status as negative and also positive status 
as positive. For the selection, optimal parameters 
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(threshold, radius of plateau and sensitivity level) 
are considered as decision variables. The proposed 
method accepts continuous data types, as well as 
discrete and nominal, and endures a large data set. 
Moreover, the method has an ability to handle 
noisy data. An empirical study of data sets of 
actual intellectual property and its transferability 
benchmarks shows that our method significantly 
outperforms the competing methods (case-based 
reasoning, bagging-ID3, and SVM). As a result, 
the proposed algorithm (VB-MS) turned out to be 
more competitive than the other prediction method.  

In this paper, we regard inconsistent 
instances in the training set as they are. However, 
it seems clear that accuracy depends on the 
percentile of inconsistent instances. Advances on 
handling the inconsistency remains as a future 
research issue. Second, the proposed method stings 
to binary class, and hence lack ability to handle 
multiple classes.
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국문요약

불균형 데이터 집합에 대한

스마트 분류방법과 특허 평가에의 응용

1)권오병*․이상연**

성과 지표로서의 전방적 정확도는 정답인 경우 1, 오답인 경우 0으로 계사하는 이른바 모듈화된 정
확도를 충분히 고려하지 못한다. 이에 문제의 특징에 따라 모듈화 정확도에 맞는 판별 규칙을 최적화
하는 보다 스마트한 판별 알고리즘이 필요하다고 볼 수 있다. 이에 따라, 스마트한 알고리즘은 문제
유형에 따라 보다 일반화되고 실제 성능의 왜곡을 야기할 수 있는 이산화에 제약되지 않아야 한다. 
따라서 본 논문의 목적인 모듈화 정확도를 개선하는 새로운 부스팅 알고리즘을 제안하는 것이다. 이에
일반화를 도모하고 문제 영역의 특성에 맞게 판별화 모형을 선정하기 위해 스마트함을 고려한 모형

선정 알고리즘을 개발하였다. 제안된 방법의 성능을 검증하기 위해 실제로 47,000여건의 특허건을 가
지고 실제 실용화 가능성을 판별하는 실험을 수행하였다.

주제어 : 데이터 불균형 문제, 앙상블 기법, 지능형 시스템, 수직 부스팅
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