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Abstract
As our goal, we are interested in estimating the degree of software reliability based on
software development project data. It is widely-known that several software development
attributes which are measured can be used to evaluate and predict software
reliability/quality via multi-variable analyses. In this article, we focus on the data
treatment method which is needed prior to the software reliability assessment, since the
software development data sets often include missing data. This paper discusses the
method of data preparation against missing data and their effectiveness by using the
Random Forest as a multi-variable analysis.
Keywords: Software Quality, Software Project Data, Missing Value Imputation, EMB
Algorithm, Random Forest

Introduction
It is known that software quality is influenced by how the software was developed.
Several past studies have proposed the methods to estimate the software reliability from
the software development attributes data sets (e.g., [1-4]). Such software project data sets,
i.e. multi-variable software development data sets consist of many attributes of software
development activities and records, e.g., SLOC (source lines of code), the number of
pages of design review reports, and so on. Among those variables, several ones are chosen
as the explanatory variables for multi-variable analysis in order to predict the objective
variable. As an objective variable, in general, it is often the case that the number of
detected software failures or the software failure occurrence in the testing/operational
phase is selected. By choosing the effective explanatory variables (in the sense of
statistics, for example), the prediction performance of the software quality is improved.
However, in the real situation, the data sets collected from the software development
companies contain many missing values. One reason of yielding missing values may be
the busyness of the development companies' workers. That is, in the software
development companies, measuring and recording many attributes of the current
development projects are difficult to be perfectly executed because all workers are so
busy and the goal of the companies is not to record the data but to deliver the quality
software product to the users at the strict delivery due date. Therefore it is considered to
be natural that these data sets contain missing values.
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Hence we focus on the performance of the treatment methods of missing values
included in the software development project data sets in this study. In particular, the
EMB (expectation-maximization with bootstrapping)-based multiple imputation method
is used to fill the blanks of data sets. On the performance evaluation of this imputation
method, we compare the prediction performances of multi-variable analysis by using the
complete data and the virtual incomplete data which are made by masking some values of
the complete data. Furthermore, the multi-variable analysis is executed by the Random
Forest.
Under such a set-up, we investigate the robustness of the imputation method. That is, if
the prediction performances of the objective variable of each data set (complete
data/virtual incomplete data) are considered the same, we can judge that our imputation
method is acceptable and robust for the missing value treatment.

Software Project Data with Missing Values
The original data sets [5] to be analyzed here, were disclosed to us by the IPA/SEC1
under the written contract. The data set consist of 3089 cases of the real companies'
software development projects. The IPA/SEC has been continuously collecting such
software development data sets from system integrators and software vendors in Japan in
order to grasp the degree of the quality of the developed software systems and the
goodness of the companies' development activities in our country. In other words, such
multi-dimensional data sets may indicate the abilities of the software development
companies and quality of their software products.
In terms of our data sets to be analyzed, the data have in total 611 attributes concerning
software development activities. Among these attributes, one attribute shows the number
of detected software faults in the operational phase after the release of the developed
software system. This value directly reflects the software quality. Therefore one of our
interests is to find the relationship among several development attributes and the number
of detected software faults. More concretely, we would like to predict the number of
software faults when the project attributes data are available before the software release or
before the system test phase. If it is possible, the information on the number of failure
occurrence will be able to help the software testing/development management.
Looking into the actual datasets, however, we see that the datasets contain a lot of
missing values due to each company's information management scheme and some other
reasons (one of them was mentioned in the previous section). Therefore we firstly need to
fill the blanks of missing values in the data sheets with some substitute values.
In the next 2 sections, we explain a missing-data processing method and discuss the
method of the missing pattern adjustment.
Preparation of the data sets
One of our research purposes is to estimate whether at least one software failure will be
occurred in the operation phase or not. In the past research of us[1], we discussed how we
could precisely predict the number of faults latent in the released software system.
However, the market and users of the software systems strongly require the zero-bug
software. From such a view point, occurring at least one failure during the first one month
after the release is considered fatal. Therefore we use the number of failures occurred
within a month after the release as the objective variable for the multi-variable analysis.
Each value of this objective variables are categorized by two values ‘zero’ and ‘≧1’.
On the selection of the explanatory variables for the multi-variable analysis, by
considering the results of our past research[1] and other investigation, we found the
1
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influential variables are SLOC, the number of planned months, and the average
manpower for the development. Hence we decided to use four variables (one objective
and three explanatory variables) for the analysis, however, we need to impute the missing
values as mentioned before.
Table 1 summarizes the missing patterns of the observed three explanatory variables
and one objective one. There are 8 data which have some missing values out of 57 data. In
the table, the value 0 means “missing” and the value 1 means “observed”. We found 3
patterns of the existence of the missing values (6 data belong to the missing pattern
0-1-1-1, and other data do 0-0-1-1 and 1-0-0-1 in the table). We call this the missing
pattern (7, 2, 1). On the other hand, 49 (= 57-8) data have no missing values. The
objective variable i.e. the number of failures (in the right most column) were completely
observed in the all 57 data sets.
Table 1. Missing Patterns Seen in the Original Data Sets

In addition, in order to check the appropriateness of the data imputation method which
is provided in the following, we prepare a complete data set from the original data set.
The data set consists of 49 data. Therefore our intention in this paper can be listed below.
1. We prepare the virtual incomplete data set which contains missing values from the
original complete data set.
2. The occurrence tendency of the missing pattern seen in Table 1 is introduced into
the virtual data set.
3. The provided virtual data set is used to test the imputation method.
4. Both of the virtual and complete data sets are executed to estimate the objective
variable by using the Random Forest.
If the prediction performances of the objective variable of each data set are considered
the same, we can judge that our imputation method is acceptable for the missing value
treatment.
Consideration of missing patterns
To make the virtual data sets, we insert missing values (by masking some values) based
on the missing pattern (7, 2, 1) into the complete data sets. Upon this data preparation, in
order to make the virtual data sets look as much like the original complete data sets as
possible (cf. Table 1), we equalize the missing ratios between two data sets. The missing
ratio is denoted by r = n, where r is the number of data sets holding missing values and n
is the number of data sets. Therefore we set the following relationship for both data sets.
𝑟1
𝑟2
(1)
=
𝑛1 𝑛2
where
r1: the number of the original data set having missing values,
n1: the number of the original data set,
r2: the number of the missing values in the complete data set to be estimated,
n2: the number of the complete data set.
We solved the Eq. (1) with respect to r2, and the value was r2 = 6. 871. We rounded
6.871 to 7 as the number of masked data. We think that the missing ratio of the original
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data sets and virtual ones must be as same as possible. Thus we decided three missing
patterns (6, 2, 1) (i.e., we discard one data set from No. 1 to No. 6 of Table 1), (6, 1, 1)
(discard No. 7) and (7, 1, 0) (discard No. 8) by considering the size of data set.
Consequently, we made three types of the virtual incomplete data sets. The number of
data becomes 48 in all data sets.
After this procedure, we additionally applied the Box-Cox transformation to the data
sets. Each of three virtual data sets consists of three variables (each takes continuous
value) and one categorical variable (objective variable denoted by ‘zero’ and ‘≧1’).
Among them, the continuous variables are desirable to obey a normal distribution, since
the data imputation method which we employ later assumes normality. Therefore we
conducted the Box-Cox transformation to the three continuous variables for each data set.
Hence the virtual incomplete data sets denoted by (6, 2, 1), (6, 1, 1) and (7, 1, 0) are
respectively imputed. Upon the imputation of the data, we employ the multiple
imputations with EMB (expectation-maximization with bootstrapping) algorithm [6].
In this paper, we used “Amelia”, the package in R, to impute by the multiple
imputations with EMB algorithm [7]. We set the number of repeats of nonparametric
bootstrapping 5 based on the past works [8]. Figure 1 shows a schematic diagram of the
multiple imputations with the EMB algorithm.

Figure 1. Schematic Diagram of Multiple Imputation with the EMB Algorithm

Multi-variable Analysis by Random Forest
Now we have two kinds of the data sets. One is the original complete data set, and the
other is the masked complete data set (we called this the virtual incomplete data set 2).
The latter was imputed by the multiple imputation method with EMB. By using these data
sets, we compare each estimation result of the two in terms of the degree of failure
occurrence, in order to investigate the influence of the missing values treatment method
and the estimation accuracy. The degree of failure occurrence is the objective variable,
which is considered to be described by three explanatory variables. As mentioned before,
this objective variable is a categorical one, which is shown by ‘zero’ and ‘≧1’.
We adopted the Random Forest to estimate the degree of failure occurrence[9, 10]. In
this section, we explain the analysis method with Figure 2. Figure 2 illustrates the analysis
procedure for the imputed data sets. All 48 data sets are separated 38 data sets for learning
and 10 data sets for test which were chosen at random. We estimate by the Random Forest
with learning data sets for the first step. After the learning, the parameters of the Random
2
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Forest are tuned. Therefore by applying the test data sets to the tuned Random Forest, we
finally obtain the estimation result by taking a majority from five estimation results with
five bootstrapped data sets. For the comparison of the estimation accuracy, we analyze the
complete data set by the same fashion.

Figure 2. Analysis Processes of the Imputed Data Sets
Random Forest is one of the machine learning by means of ensemble learning [9] and
builds decision trees which are combined as weak identifiers and conducts classification
and regression as the multi-variable analysis. In this paper, we built classification trees
consist of two categories in order to estimate failures by the three explanatory variables,
i.e., SLOC, the number of planned months and the average manpower.

Estimation Results by Random Forest
Table 2-4 show the results of estimated categories and true categories of the test data.
We compare the two results, the estimated categories from the imputed data sets and that
from the complete data sets considering missing pattern. According to the two results
comparison on the missing pattern (6, 2, 1), there is no difference between two results
from the view point of the total number of the correctly-estimated categories and each
estimated result from No. 1 to No. 10. Thus we can regard the two estimation accuracy as
nearly equivalent in the case of missing pattern (6, 2, 1). On the missing pattern (6, 1, 1),
there is one difference of the estimation of test data No. 5 shown in Table 3. Moreover in
Table 4, the difference is occurred at No. 1 and No. 2 for the (7, 1, 0).
Summarizing these three comparison results, we found that the serious differences did
not occur, i.e., the missing data treatment worked to some extent, but the estimation
accuracy has a little fluctuation depending on the missing patterns.
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Table 2. Results of Missing Pattern (6, 2, 1)

Table 3. Results of Missing Pattern (6, 1, 1)

Table 4. Results of Missing Pattern (7, 1, 0)

Concluding Remarks
We have shown that the multiple imputation method exerted the decent performance
by the Random Forest estimation. Our final goal is to provide the prediction scheme for
the degree of failure occurrence of software system after its release. It is also desirable
that the prediction works at the early stage of software development. In this paper, we
could not provide the accurate prediction scheme but show our imputation method is
considerably robust for the missing data sets. In other words, if the software development
attributes data sets contain missing values, the methods which were applied in this paper
can estimate the objective value by the Random Forest with keeping the same

216

Copyright ⓒ 2015 SERSC

International Journal of Software Engineering and Its Applications
Vol. 9, No. 2 (2015)

performance as if the complete data set is available. For the future study, we need to
develop the more accurate prediction method for the objective variable by Random
Forest.
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