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ABSTRACT
Accurate software effort estimation has always been chal-
lenge for software engineering communities. To improve the
estimation accuracy of software effort, many studies have
focused on effort estimation methods without any consider-
ation of data quality, although data quality is one of impor-
tant factors to impact to the estimation accuracy. In this pa-
per, we investigate the influence of outlier elimination upon
the accuracy of software effort estimation through empiri-
cal studies applying two outlier elimination methods(Least
trimmed square and K-means clustering) and three effort es-
timation methods( Least squares, Neural network and Bayes
ian network) associatively. The empirical studies are per-
formed using two industry data sets(the ISBSG Release 9
and the Bank data set which consists of the project data
performed in a bank in Korea) with or without outlier elim-
ination.

Categories and Subject Descriptors
D.2 [Software Engineering]: Management; K.6.3 [Mana
gement of Computing and Information Systems]: Soft-
ware Management—Software process

General Terms
Experimentation, Management, Measurement
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1. INTRODUCTION
As the variety of software development environment and

the software complexity increase, the importance of soft-
ware project management is more emphasized. For effective
software project management, accurate and reliable software
cost estimation is essential. In particular, it has an influence
on the project success or failure. For example, an underes-
timation of software project cost causes a schedule delay
and over-budget, which finally can lead to the project fail-
ure; its overestimation causes a waste of cost owing by over-
allocation of development resources.

To estimate an accurate software cost, many organiza-
tions use a software effort estimation model built upon their
project history data[6, 12, 15, 17, 21]. However, these project
history data contain outliers which can degrade project data
quality. The outlier is defined as a set of data to be an obser-
vation which appears to be inconsistent with the remainder
of the set of data[2]. It is caused by (1)the instable project
environment such as frequent turnover of developers, (2)the
rare event such as performance of large- scaled project in the
software organization which mainly performed small-scaled
projects, (3)the measurement mistake such as human collec-
tor’s confusion between LOC and KLOC.

Like the maxim “Garbage In, Garbage Out”, if a soft-
ware effort estimation model is built on the history data
containing outliers, it is difficult to obtain the accurate ef-
fort estimation results because of the distortion of result by
outliers. For example, Figure 1 shows the quantitative rela-
tion between team size and development effort using linear
regression model. The slope difference of each effort esti-
mation model created before(Figure A) and after(Figure B)
eliminating of two outliers is remarkable. Consequently, the
outlier elimination is nesseary for reliable and accurate soft-
ware effort estimation based on the history data which reflect
the general characteristics of past projects.

Although software data quality is one of important fac-
tors which affect the accuracy of software effort estimation,
many studies have focused on the development of effort esti-
mation method without any consideration of data quality[6,
12, 15, 17, 21]. Except that few studies mentioned outlier
elimination as one of the preprocessing tasks, it is empiri-
cally unknown well that the effect of outlier elimination to
the accuracy of software effort estimation.

In this paper, we investigate the influence of outlier elimi-
nation upon the accuracy of software effort estimation through
empirical studies applying two outlier elimination methods
and three effort estimation methods associatively. The Least
squares, Neural network and Bayesian network are used to
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Figure 1: A variation of effort estimation model by
outlier elimination

software effort estimation because they are commonly used
effort estimation methods based on statistics, machine learn-
ing and probability respectively. The Least trimmed squares
and K-means clustering are used to detect outliers as the
representative methods of statistics and data mining respec-
tively. We perform the empirical studies using the following
two industry data sets with or without outlier elimination:
the ISBSG Release 9[1] and the Bank data set which consists
of the project data performed in a bank in Korea. Finally,
through the comparison with accuracy of each effort esti-
mation result, we discuss the effect of outlier elimination to
the accuracy of software effort estimation with respect to
the characteristics of target data set and effort estimation
method.

The reminder of this paper is organized as follows. Sec-
tion 2 briefly introduces three software estimation methods
and two outlier elimination methods used in our work as the
background. Section 3 describes the related work. In Sec-
tion 4, the overall approach of our empirical experiment is
presented and the detail explanation of tasks and comple-
tion results of each step is described. We provide the final
experimental result and discussion in Section 5 and conclude
this paper with future work in Section 6.

2. BACKGROUND
This section introduces the three effort estimation meth-

ods and two outlier elimination methods.

2.1 Effort estimation methods
The effort estimation methods applied in this paper are

Least squares, Neural network and Bayesian network. These
methods have entirely different theoretical background like
statistics, machine learning and probability respectively. This
section describes the essential concepts and contents for ef-
fort estimation.

2.1.1 Least squares(LS)
Least squares which generates regression model based on

statistic minimizes the sum of squared errors to determine
the best estimates for coefficients[9]. This method is the
most commonly used method for developing software esti-
mation models[6, 12, 15] due to its simplicity, compared with
other effort estimation method, and its availability in most
statistical software packages[8].

2.1.2 Neural network(NN)
Neural network is an information processing technique

based on machine learning which is composed of the nodes

correspond to neurons and the arcs correspond to synap-
tic connections in the biological metaphor. NN is initial-
ized with random weights for its arcs and gradually trained
using the data sample by adjusting its weights to reduce
the distance between actual data and predicted data of the
model[11]. Among many different types of NN, the most
commonly used type in our research area is feed-forward
NN trained by the back-propagation algorithm[8, 6]. Feed-
forward NN is designed that each layer contains connec-
tions to the next layer without backward connections. Back-
propagation algorithm calculates error and adjusts weights
of the layers backwards from output layer to input layer[11].
In this paper, we use this feed-forward back-propagation
type for software effort estimation using NN.

2.1.3 Bayesian network(BN)
Bayesian network is a probabilistic graphical model that

represents a set of variables and their probabilistic depen-
dencies. It consists of an associated set of probability tables
and a causal model which describes the cause-effect relation-
ships between variables. The variables have discrete interval
values as their states and presented by node. The probabil-
ity table for each node specifies how the probability of each
state of the variable depends on the states of its parents us-
ing Bayes’ theorem. Consequently, BN represents the com-
plete joint probability distribution. Bayesian analysis using
BN is a well-defined and rigorous process of inductive rea-
soning that has been used in many scientific disciplines[4].
Recently, BN has been used for software effort estimation[4,
17, 22] because traditional software effort estimation models
do not provide any support for risk assessment and mitiga-
tion using ‘what-if’ analysis.

2.2 Outlier elimination methods
The outlier elimination methods applied in this paper

are Least trimmed squares and K-means clustering. These
methods have entirely different theoretical background as
statistics and data mining respectively. This section intro-
duces not only the fundamentals of these methods but also
the concept of outlier from a viewpoint of them.

2.2.1 Least trimmed squares(LTS)
While LS described in Section 2.1.1 minimizes the sum of

the squared residuals, Least trimmed squares minimizes the
sum of h, trimming constant, smallest squared residuals[19].
Instead of adding all the squared residuals as in LS, LTS can
limit to a trimmed sum of squares by ordering the residuals
(ε21 ≤ ε22 ≤ · · · ≤ ε2n). Therefore, outlier elimination method
using LTS regards the posterior trimmed values of h as out-
liers. Figure 2 shows an example of outliers identified by
LTS. The data having large residual is identified as outlier
while the data which is close to the line(linear regression
model) that minimizes the sum of the squared residuals is
regarded as normal data.

2.2.2 K-means clustering(K-means)
The process of grouping a set of data into classes of sim-

ilar data is called clustering. A cluster is a collection of
data that are similar to one another within the same cluster
and are dissimilar to the data in other clusters[10]. Con-
trary to supervised learning which learns how to perform a
task, this method is unsupervised learning which groups to-
gether based on similarity by itself. Among many clustering
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Figure 2: An example of outliers identified on LTS

methods, K-means clustering is popularly used because of
its simplicity and efficiency. K-means sets K initial center
points and partitions repeatedly the data into K mutually
exclusive clusters until all clusters have the minimum total
Euclidean distance between the data and their center point.
To determine the important parameter of this method, the
number of clusters(K), the mean silhouette value is used in
this paper. The silhouette value for each data point mea-
sures the similarity of the data point with data of its own
cluster compared to data of other clusters[14]. It ranges from
-1 to +1. The more close to the +1, the better clusters are
formed for each data point. With a viewpoint of K-means,
outlier is regarded as the data which has silhouette value
less than 0 or which is a element of the cluster whose size is
less than the minimum cluster size(the minimum number of
data elements) to be meaningful cluster. Figure 3 presents
an example of outliers identified by K-means. In our work,
the minimum cluster size is 3. Therefore, if data is a element
of the cluster containing one or two data elements or has the
silhouette value less than 0, it is regarded as outliers.
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The data point with the 
silhouette value of less 
than zero

One or two data points in the cluster

(Team size)
Outlier

Figure 3: An example of outliers identified on K-
means

3. RELATED WORK
Until now, the effect of outlier elimination to the software

effort estimation has not been investigated much. However,
the necessity of the research on this issue has been empha-
sized as the research interest in the performance improve-
ment of quantitative analysis model based on the quality
of measurement data increases. As the recent work, Chan
et al.[3] have proposed a methodology to detect and elim-
inate outliers using Least Median Squares(LMS)[18] before
software effort estimation based on the ISBSG Release 6[1].
Although Chan et al. show the outlier elimination is neces-
sary to build an accurate effort estimation model, their work
has the following limitations in terms of research scope and
experimentation:

• Because this work only used statistical methods for outlier
elimination and effort estimation, it cannot show the effect
of outlier elimination to the accuracy of software effort es-
timation on the inappropriate data set to be applied by the
statistical method; for example, the data whose distribution
is unknown. Therefore, the application of various methods
of outlier elimination and effort estimation having different
theoretical background also needs to be investigated for our
issue.
• The evaluation of effort estimation accuracy was not in-
sufficient in this work. Although various evaluation criteria
are provided to measure the accuracy of prediction model,
this work used only MMRE(The Mean Magnitude of Rel-
ative Error) which has the following weakness: the value
may be strongly influenced by a few predictions with large
MREs [12, 13]. Therefore, other evaluation criteria should
be used to more reliable evaluation of the effort estimation
accuracy.
• The data characteristics were not considered to build the
effort estimation model in this work. The ISBSG data con-
tains many software project data with different characteris-
tics collected from worldwide organizations in various busi-
ness domains such as financial, insurance, manufacturing,
and so forth. To obtain more accurate estimation result, it
is better to use the data set after categorization according
to similar characteristics such as business domain.

Instead of LMS, LTS is used in this paper, because LTS
build more robust estimation model for outlier than LMS
theoretically[19].

4. EMPIRICAL EXPERIMENT
This section describes the overall approach of our empir-

ical experiment. As shown in Figure 4, the overall process
consists of four steps. In Step 1, a data preprocessing is
performed to prepare the appropriate data set for the pur-
pose of experiment by accomplishing proper attributes and
data seletion, missing data handling, normality andcorrela-
tion test, and data normalization. In Step 2, the training
and testing data set are prepared according to the concept of
10-fold cross validation, and the outlier detection and elimi-
nation are performed by outlier elimination method. In Step
3, effort estimation models are built using the prepared data
set with and without outlier elimination. The accuracy of
software effort estimation result is compared and analyzed
in terms of outlier elimination method, software effort es-
timation method and data characteristics in Step 4. The
following sections present the description of target data set
and experimental environment and the detailed explanation
of tasks and interim results of each step.

4.1 Description of target data set and
experimental environment

To investigate the effect of outlier elimination to the accu-
racy of software effort estimation, the ISBSG data set and
the Bank data set are used to our work.

The ISBSG Release 9[1] is publicly available multi-compa
ny data set which contains software project data collected
from various organizations around the world from 1989 to
2004. This data set has been used by many studies focused
on the issue of software effort estimation in spite of the di-
versity of its data elements.

The Bank data set collected from 2005 to 2006 in a fi-
nancial company in Korea. Since this company acquired the
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Figure 4: The overall process of our experiment

SW-CMM level 3 certification, the software project infor-
mation has been measured continuously. This data set is
managed using a measurement supporting tool, which pro-
vides simple data management functions such as the record
and basic analysis of data. Because this tool can’t automat-
ically measure or collect software project data, user has to
insert data manually using this tool.

With these multi-company and single-company data set,
all outlier elimination methods and two software effort es-
timation methods using LS and NN are performed using
MATLAB v7.3.0.267. The software effort estimation using
BN is carried out using BayesiaLAB v4.3.1. Statistical sig-
nificance was set at 0.05.

4.2 Data preprocessing
In this step, the ISBSG and the Bank data are prepro-

cessed to obtain the appropriate data set for the purpose
of experiment by performing the selection of attributes and
data elements from two target data set, the handling of miss-
ing data, the normality and correlation test and the data
normalization. At first, in the ISBSG data set, we selected
99 project data and 6 attributes as shown in Table 1 based
on data quality rating and same business domain(bank do-
main) among 3,024 projects data. In the Bank data, 120
project data and 6 attributes were selected as shown in Ta-
ble 1 by excluding the data having the zero or negative value
on the attribue Effort.

After the selection of attributes and data elements, miss-
ing data handling was performed using imputation method.
The ISBSG data set had 6% and 4% of missing values on the
attribute Duration and Lan respectively and the Bank data
set had 2.5% of missing values on the attribute KAELOC.
We applied K-Nearest Neighbor(K-NN) imputation to these
missing values[21].

Because we use two statistical methods, LS as effort esti-
mation method and LTS as outlier elimination method, nor-
mality and correlation test are necessary to know whether
the target data are under the assumption of statistical method.
To confirm normality of ratio-scaled attributes, Shapiro-
Wilks test was used[16] after log transformation of attributes.
Also, dummy variables[9] were generated for the nominal-

scaled attributes. Thus, two-tailed Pearson’s correlation test
and one-way ANOVA test were used to assess the relation-
ship between attributes. After completion of all normality
and correlation tests, the data were normalized to have val-
ues ranging from 0 to 1. The data normalization is impor-
tant to K-means because it prevents the distortion of clus-
tering result caused by differences in scale across different
attributes.

4.3 Outlier elimination
In this step, two outlier elimination methods are applied

to the preprocessed data. In Step 2 and 3, 10-fold cross vali-
dation was applied to the data sets to obtain reliable results.
The approach divides the whole data set into 10 folds, and
then 9 folds are used for the training set and the remaining
fold is used for the testing set. After building the effort esti-
mation model using 9 folds, compute an estimation accuracy
by the evaluation criteria(Section 4.5) using the remaining
one testing fold. Finally, the accuracy results across all the
folds are aggregated by average. Outlier elimination meth-
ods were applied to the 10 training set on the two data sets.
Figure 5 shows an example of applying LTS and K-means
to the 10 training set on the ISBSG data using 10-fold cross
validation.

The trimming constant(h) for LTS can be chosen between
n
2

and n (n is the total number of data). The default value
which is roughly 0.75n[20] was used in this paper. The K
value for K-means was chosen by comparing the mean sil-
houette values. After the K-means clustering was applied
using the K value, the data point which has the silhouette
value less than zero and which is included in the cluster
whose size is one or two was identified as outlier and then
eliminated. Table 2 shows the number of outlier detected by
LTS and K-means on the two data sets. A different number
of outliers were detected by the outlier elimination meth-
ods, and more small number of outliers were detected in the
Bank data set than the ISBSG data set.

ISBSG dataISBSG data

1-fold

2-fold

3-fold

10-fold

: Training set

: Testing set

: Training set

: Testing set

LTS K-means Preprocessed data

LS NN BN

Effort estimation methods

Data sets

Figure 5: Applying effort estimation methods with
outlier elimination methods using 10-fold cross val-
idation

4.4 Software effort estimation
As shown in Figure 5, effort estimation method were ap-

plied to the 10 training sets with outlier elimination by LTS,
the 10 training sets with outlier elimination by K-means, and
the preprocessed data without outlier elimination. Average
value of the 10 effort estimation accuracies using each 10
testing set is used as the accuracy of the effort estimation
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Table 1: Variable description of the ISBSG data and Bank data used in our work
Name of variable Description Mean Std.dev Type

Normalized work effort Total project effort in person hours 3745.85 3859.41 Dependent variable

Adjusted function points (AFP) The adjusted function point count 443.73 1493.76 Continuous inde-
pendent variables

Project elapsed time (Duration) Duration for the project in calendar months 7.77 7.37

ISBSG

data(99)

Development type (DT) Main development type used. Dummy variable
where ‘enhancement’ is coded as 1 and ‘new de-
velopment’ is coded as 0

Categorical inde-
pendent variables

Development platform (DP) Main development platform used

DP Multi Dummy variable where ‘Multi’ platform is coded
as 1 and others are coded as 0

DP MR Dummy variable where ‘Midrange’ platform is
coded as 1 and others are coded as 0

Language (Lan) Main language type used

Lan 3GL Dummy variable where ‘3GL’ language is coded
as 1 and others are coded as 0

Lan 4GL Dummy variable where ‘4GL’ language is coded
as 1 and others are coded as 0

Effort Total project effort in person hours 1935.57 3769.25 Dependent variable

KAELOC Total thousand assembly equivalent lines of code 340.65 1327.61 Continuous inde-
pendent variables

Project elapsed time (Duration) Duration for the project in calendar days 68.71 57

Max team size (MTS) Maximum number of members 20.76 17.26

Bank

data(120)

Development platform (DP) Main development platform used Categorical inde-
pendent variables

DP Host Dummy variable where ‘Host’ platform is coded
as 1 and others are coded as 0

DP Unix Dummy variable where ‘Unix’ platform is coded
as 1 and others are coded as 0

Life cycle model (Model) The life cycle model on the project

Model Inc Dummy variable where ‘Incremental’ model is
coded as 1 and others are coded as 0

Model V Dummy variable where ‘V’ model is coded as 1
and others are coded as 0

Table 2: The number of detected outlier
# of detected outlier

ISBSG Bank

LTS K-means LTS K-means

1-fold 12 7 11 2

2-fold 15 6 11 7

3-fold 16 6 10 7

4-fold 14 8 11 5

5-fold 15 5 11 8

6-fold 14 6 12 5

7-fold 12 4 11 6

8-fold 12 2 13 5

9-fold 14 0 11 7

10-fold 14 6 10 6

Average 13.8 5.0 11.1 5.8

Average % 13.939% 5.051%(7.6) 9.25% 4.833%(5.8)

( ) : Average number of clusters for each fold

model depending on each outlier elimination method and
preprocessed data.

The best fitting software effort models using LS presented
as the following equations:
• ISBSG data:
log(Effort) = 1.7156 + 0.6186 ∗ log(AFP ) + 0.3063 ∗
log(Duration)+(−0.21)∗log(DT )+(−0.0833)∗DP Multi+
0.1341∗DP MR+0.1178∗Lan 3GL+(−0.1009)∗Lan 4GL

• Bank data:
log(Effort) = 0.9222 + 0.1725 ∗ log(KAELOC) + 0.5314 ∗
log(Duration) + 0.6823 ∗ log(MTS) + 0.0398 ∗ DP Host +
0.0571 ∗ DP Unix + (−0.0093) ∗ Model V + (−0.0424) ∗
Model Inc

In NN, all steps to build effort estimation model oper-
ate as black box, thus so we only know the results of effort
estimation.

In the case of BN, the causal models as shown in Figure
6 were used to create the probability table of BN for effort
estimation.

Effort DurationAFP

DT DP Lan

Effort DurationKAELOC

MTS DP Model

Figure 6: Causal models for effort estimation

4.5 Experimental results and analysis
The effort estimation accuracy was measured using MMRE

[8, 12], MdMRE[12], Pred(0.25)[12, 13], and Pred(0.5)[12,
13]. MMRE is one of the most widely used criteria. It is,
however, sensitive to a few high MRE[12, 13] and to small
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actual values[7]. MdMRE is included to make up for the
weak points of MMRE. It is less sensitive to extreme values
than MMRE. The small value of MMRE and MdMRE and
the large value of Pred(0.25) and Pred(0.5) indicate that
the estimation model has good accuracy. The estimation
accuracy of MMRE≤0.25 and Pred(0.25)≥0.75 can be con-
sidered as acceptable levels of estimation accuracy[5]. Our
experimental results are provided in the next section.

5. EXPERIMENTAL RESULT AND
DISCUSSION

This section describes the final experimental results with
the discussion.

5.1 Results on the ISBSG data
Table 3 shows the estimation accuracy of LS, NN, and BN

using the ISBSG data set with outlier elimination by LTS
and K-means and without outlier elimination. Each result
is calculated by averaging out 10 estimation accuracy values
which were generated by 10-fold cross validation. The value
presented by bold font in the Table 3 indicates the best
estimation accuracy for each effort estimation method.

Table 3: Results for effort estimation models with
outlier elimination methods on the ISBSG data

ISBSG

LTS K-means Preprocessed

Averages from 10 fold cross validation

LS MMRE 0.7301 0.7447 0.7417

MdMRE 0.4485 0.4328 0.4381

Pred(0.25) 0.2822 0.2611 0.2711

Pred(0.5) 0.5844 0.5744 0.5744

NN MMRE 0.6232 0.7164 0.7181

MdMRE 0.3644 0.3818 0.4378

Pred(0.25) 0.3556 0.3322 0.2822

Pred(0.5) 0.6167 0.5967 0.5878

BN MMRE 0.9941 1.0468 0.9848

MdMRE 0.6054 0.5537 0.6044

Pred(0.25) 0.2222 0.2844 0.2433

Pred(0.5) 0.4133 0.4656 0.4556

The ISBSG data is collected from various worldwide orga-
nizations. As the data points which have diverse character-
istics are widely scattered, it is hard to build accurate effort
estimation models. The results are not favorable because
the minimum MMRE is large as 0.6232 and the maximum
Pred(0.25) is small as 0.3556. However, though the data
with these multi-company characteristics, the accuracy of
effort estimation model is improved by outlier elimination.
Therefore, outlier elimination is important factor to build
the accurate effort estimation model.

LS shows that applied outlier elimination methods do not
support the remarkable improvement of effort estimation ac-
curacy compared with NN and BN. The variation of four
evaluation criteria is approximately equal. In our result,
the most accurate outlier elimination method for LS is LTS
because of the smallest MMRE, the largest Pred(0.25) and
Pred(0.5). However, the estimation accuracy is not much
improved.

NN presents the best estimation accuracy results for each
outlier elimination method in terms of all evaluation crite-
ria. Although the estimation accuracy is not enough to be

accurate according to the acceptable levels of estimation ac-
curacy described in Section 4.5, NN performs better than
other effort estimation methods with and without outlier
elimination. In our result, the most accurate outlier elimi-
nation method for NN is LTS because of the smallest MMRE
and MdMRE, the largest Pred(0.25) and Pred(0.5).

BN presents the worst estimation accuracy results com-
pared with the results of LS and NN in terms of all eval-
uation criteria. The result is dropped even though LTS is
applied to eliminate outliers. None of the three results for
LTS, K-means, and preprocessed data are better than the
estimation accuracies of the other effort estimation methods.
In our result, the most accurate outlier elimination method
for BN is K-means because of the smallest MdMRE, the
largest Pred(0.25) and Pred(0.5).

Our experimental result shows that NN with LTS presents
the most accurate effort estimation result on the ISBSG
data.

5.2 Results on the Bank data
Table 4 shows the same type of the estimation accuracy

results using the Bank data set.

Table 4: Results for effort estimation models with
outlier elimination methods on the Bank data

Bank

LTS K-means Preprocessed

Averages from 10 fold cross validation

LS MMRE 0.3183 0.3161 0.3291

MdMRE 0.1933 0.2051 0.2123

Pred(0.25) 0.5750 0.5917 0.5500

Pred(0.5) 0.8333 0.8583 0.8417

NN MMRE 0.2962 0.2772 0.3052

MdMRE 0.1774 0.1523 0.1840

Pred(0.25) 0.6250 0.7083 0.6333

Pred(0.5) 0.8417 0.8500 0.8417

BN MMRE 0.8203 0.5569 0.7584

MdMRE 0.3811 0.3132 0.3950

Pred(0.25) 0.3750 0.4167 0.3583

Pred(0.5) 0.6000 0.6750 0.5667

Contrary to the ISBSG data, the Bank data is collected
from single financial company. Therefore, it contains rela-
tively many data with similar characteristics and less out-
liers than the ISBSG data as shown in Table 2. Conse-
quently, more accurate estimation can be expectable using
the historical data. Actually, the experimental results are
favorable because the minimum MMRE is 0.2772 and the
maximum Pred(0.25) is 0.7083. The accuracies of effort es-
timation models with outlier elimination are improved, like
the results of the ISBSG data. Therefore, outlier elimina-
tion is also important factor on the Bank data to build the
accurate effort estimation model.

Similar to the LS results on the ISBSG data, the LS results
on the Bank data also present a small improvement of effort
estimation accuracy compared with the result of NN and
BN after outlier elimination. Although the most accurate
outlier elimination method for LS is K-means in our result
because of the smallest MMRE, the largest Pred(0.25) and
Pred(0.5), the estimation accuracy is not much improved.

NN presents the best estimation accuracy results for each
outlier elimination method in terms of all evaluation crite-
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ria. Although the estimation accuracy is quite accurate, the
accuracy is improved when the outlier elimination methods
are applied. In our result, the most accurate outlier elimi-
nation method for NN is K-means because of the smallest
MMRE and MdMRE, the largest Pred(0.25) and Pred(0.5).

BN presents the worst estimation accuracy results for each
outlier elimination method in terms of all evaluation criteria.
However, the results of effort estimation accuracy show the
largest variation in our experimental results. In our result,
the most accurate outlier elimination method for BN is K-
means because of the smallest MMRE and MdMRE, the
largest Pred(0.25) and Pred(0.5).

Our experimental results show that NN with K-means
presents the most accurate effort estimation result on the
Bank data.

5.3 Discussion
As shown in Table 3 and Table 4, the different results are

observed on the ISBSG and the Bank data set.
The outlier elimination using K-means does not have good

performance on the ISBSG data set because of the large
standard deviation of this data set. The large variation of
data distribution is one of the characteristics of the data col-
lected from multi-company or single-company which has in-
stable software process. This characteristic causes the poor
clustering results. Table 5 presents the silhouette values
of the ISBSG and the Bank data set. The mean silhouette
value of the ISBSG data set is smaller than that of the Bank
data set. It indicates that the quality of clustering on the
ISBSG data set is poorer than that on the Bank data set.
Therefore, there is the possibility that some outliers may not
be detected because they may be assigned incorrectly to nor-
mal cluster. Consequently, these outliers can be included to
build effort estimation models as normal data and degrade
the estimation accuracy of the effort estimation model. Our
experimental results show that LTS is more effective outlier
elimination method than K-means on the ISBSG data set in
terms of the estimation accuracy. Because LTS regards the
data as outlier when the data is over the trimming constant,
widely scattered data are identified as outliers and the rel-
atively similar data are remained. This influences on the
accurate effort estimation. However, the effort estimation
using BN with K-means has more accurate result than the
associative application of BN with LTS. BN does not seem
to be influenced above characteristics.

Table 5: Mean silhouette values on both data sets
Used 10 mean silhouette values

ISBSG data Bank data

1-fold 0.5261 0.7336

2-fold 0.5294 0.7525

3-fold 0.5162 0.7599

4-fold 0.5609 0.7725

5-fold 0.5338 0.749

6-fold 0.5231 0.7424

7-fold 0.5354 0.7673

8-fold 0.5754 0.7581

9-fold 0.5353 0.7567

10-fold 0.522 0.7873

However, K-means is better than LTS for three effort es-
timation method on the Bank data. The Bank data are

organized with the project data with similar characteristic
and smaller standard deviation than ISBSG data. There-
fore, clusters are well separated from the other clusters, and
the outliers can be identified more clearly by K-means. Ta-
ble 5 also shows the better clusters are built on the Bank
data. This has influences on the accurate effort estimation.
However, the performance of outlier elimination by LTS is
decreased. Although few outliers are in the the data set, the
data point over the trimming constant is always identified
as outlier. Therefore, though the data point is not outlier,
the point can be identified as outlier and eliminated. As a
result, effort estimation accuracy can be degraded though
the outliers are eliminated.

It is noticeable that LS with outlier elimination methods
is not significantly more accurate than LS without outlier
elimination. LS is the well-known model which is sensitive
to outliers[9]. However, LS with outlier elimination is not
performed better in our study. This is caused by the outliers
in the testing set. The estimation accuracy of the training
set for LS with outlier elimination is more improved, because
the model is more fitted to the training set with outlier elimi-
nation. Therefore, the estimation accuracy of the testing set
is more degraded than that of LS without outlier elimina-
tion. For example, Figure 7 shows box plots of the MREs
in 10-fold testing sets for LS with LTS and LS with prepro-
cessed data based on the ISBSG data. The cross symbols
present the outliers in each fold. As shown in Table 6, mean
and median MREs of the all outliers in 10-fold testing set of
LS with LTS are more inaccurate than LS with preprocessed
data. In our study, effort estimation accuracies are average
values from 10-fold cross validation. Therefore, the estima-
tion accuracies of LS with and without outlier elimination
are not significantly different.

( LS with LTS ) ( LS with Preprocessed )

Figure 7: Box plots of the MREs in 10 testing sets
based on the ISBSG data

Table 6: Mean and median MREs of the outliers in
10 testing sets based on the ISBSG data

LS with LTS LS with preprocessed

Mean 3.0672 2.7770

Median 2.163 2.08

NN provides the best estimation accuracy on both the
ISBSG and the Bank data. However, the outlier elimination
method applied to NN for the best estimation accuracy is
different. The best choice is NN with LTS on the ISBSG
data and NN with the K-means on the Bank data. Neural
network performs well when the training set contains similar
or redundant data point. In our study, as stated above, the
training set with LTS on the ISBSG data and with K-means
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on the Bank data include more similar or redundant data
relatively. This characteristic may have a great influence to
the estimation accuracy of NN

The estimation accuracy of BN is the worst in three esti-
mation models. None of the three average results for LTS,
the K-means and preprocessed data were better than other
results. BN is not largely affected by outlier elimination
method. However, BN with K-means is more accurate than
BN with LTS on both data sets.

6. CONCLUSIONS
There are inevitably a few outliers in the software project

data. When software effort estimation models are built us-
ing the data samples with outliers, these models degrade the
effort estimation accuracy for future projects. Therefore, in
this paper, we examined the estimation accuracy of effort
estimation models when applying outlier elimination meth-
ods on multiple- and single-company data sets. We used
two outlier elimination methods and three effort estimation
methods which have different theoretic background. Our
empirical study shows that the applied outlier elimination
methods improve the estimation accuracy of software effort
estimation models. On the other hand, the effects of outlier
elimination to the accuracy of effort estimation are different
depending on the characteristics of data set, effort estima-
tion method and outlier elimination method. In our result,
the application of NN and LTS on the ISBSG data set and
NN and K-means on the Bank data set as the effort esti-
mation method and outlier elimination method respectively
present the most accurate software estimation results. How-
ever, our result only shows the small part of unanswered
questions. There are a number of work to be remained be-
longs to the research issue of our work. In order to derive
more general results, more empirical study is required with
other data sets. Recently, we take another software project
data set from a single financial company. This data set con-
sists of the same attributes with the Bank data set. There-
fore we plan to perform the same experiment of this work
on two single company data sets having the same domain
and attributes. Additionally, the application of other out-
lier elimination methods such as CART(Classification and
Regression Trees) are planned. Finally, we expect to find
more valuable investigation results by strict analysis and in-
terpretation in this future work.
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