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Abstract: We investigate a problem of object-oriented (OO) software quality estimation from a multi-instance (MI) perspective.
In detail, each set of classes that have an inheritance relation, named ‘class hierarchy’, is regarded as a bag, while each class in the
set is regarded as an instance. The learning task in this study is to estimate the label of unseen bags, i.e., the fault-proneness of
untested class hierarchies. A fault-prone class hierarchy contains at least one fault-prone (negative) class, while a non-fault-prone
(positive) one has no negative class. Based on the modification records (MRs) of the previous project releases and OO software
metrics, the fault-proneness of an untested class hierarchy can be predicted. Several selected Ml learning algorithms were evalu-
ated on five datasets collected from an industrial software project. Among the MI learning algorithms investigated in the ex-
periments, the kernel method using a dedicated MI-kernel was better than the others in accurately and correctly predicting the
fault-proneness of the class hierarchies. In addition, when compared to a supervised support vector machine (SVM) algorithm, the

MI-kernel method still had a competitive performance with much less cost.
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1 Introduction

In the last decade, the object-oriented (OO)
method has become one of the most common para-
digms in software design and development. Thus, the
problem of OO software quality estimation becomes a
focus in OO software engineering. Correctly pre-
dicting and detecting the fault-prone module before
the software releases are delivered can reduce both
manual testing and maintenance cost.

In general, a software quality estimation model
is constructed with the following three steps. First,
software modules collected from similar or previous
releases are labeled as fault-prone (FP) or non-fault-
prone (NFP). Then each module is transformed into a
corresponding attribute-value vector by a suite of
software metrics (Chidamber and Kemerer, 1994).
For OO-style software, the specifically designed OO
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software metrics (Basili et al., 1996; Briand et al.,
2000; Cartwright and Shepperd, 2000) are usually
chosen for quality model construction. Finally, these
labels and vectors, which store the information about
the software, are used together to establish a model.
Software quality estimation models have proven
to be effective in many real-world software projects
(Khoshgoftaar et al., 1997; Cartwright and Shepperd,
2000; Kanmani et al., 2007). Traditional OO quality
estimation models are mostly built using the super-
vised learning schema, which views each class in OO
software as a basic module, and demands the labels of
every module in the training. Reliable labels of the
software modules can be obtained only by thorough
testing and careful locating, which are time-
consuming and costly. Moreover, many practical
factors such as multi-site development and project
transfer may lessen the credibility of some available
labels. Therefore, a semi-supervised learning schema
such as multi-instance (MI) learning can greatly
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reduce the number of necessary labels, which con-
tributes towards both effort reduction and reliability
enhancement. Other important reasons for introduc-
ing Ml learning to the OO software quality estimation
problem include:

1. In practice, fault prediction tools can be used
only as an early auxiliary component for large-scale
software projects. Manual and automatic testing is
still unavoidable to assure the software quality. Thus,
a fault prediction model does not need to localize the
fault in a very small area.

2. Limited fault data always reduce the size of
available training data due to many practical software
engineering problems (Seliya and Khoshgoftaar,
2007), while MI learning can utilize plentiful
attribute-value vectors and relatively few labels.

3. In OO systems, the complete definition of an
inherited method is allowed to be absent in the class
that inherits it. A fault or modification in a class may
not be separated from other classes in the same class
hierarchy, meaning that these classes should be
learned as a whole.

4. Even when some inheritance-related software
metrics are used, treating class as a basic module
(supervised learning schema) can still partly ignore
the relational information hidden in the inheritance-
related classes as reported in previous research
(Huang and Zhu, 2008).

In Ml learning, the elemental learning units are
labeled bags which are composed of unlabeled in-
stances. Under the given precondition that there is at
least one positive instance in a positive bag while no
positive instance in the negative bags, the task of Ml
learning is to predict the label of unseen bags. Diet-
terich et al. (1997) demonstrated that supervised
learning algorithms such as the popular decision tree
and neural networks do not work well in this scenario
compared with their proposed Ml learning framework.

The main contribution of this study is to inves-
tigate the effect of MI learning in estimating OO
software quality. Several popular MI learning algo-
rithms were selected and experimentally evaluated on
five datasets collected from an industrial optical
communication software project. A supervised sup-
port vector machine (SVM) algorithm was also stud-
ied for comparison. The experimental results revealed
that the kernel method combining a special Ml kernel
and SVM has a superior performance in terms of

prediction accuracy and Type | and Type Il error ra-
tios among the studied MI learning methods. Al-
though it was slightly inferior to the two-step super-
vised support vector classifier (SVC), the Ml-kernel
method still had a competitive outcome with much
less effort in obtaining labels.

2 Related works
2.1 Supervised learning method

Most attention of related works is given to su-
pervised learning methods for software quality esti-
mation. Briand et al. (2000) took logistic regression to
explore the relationships between four groups of OO
metrics and the fault-detected system classes during
testing. Khoshgoftaar et al. (1997) applied back
propagation neural networks to predict the fault-prone
software modules in a large telecommunication pro-
ject. Kanmani et al. (2007) investigated two fault
prediction models based on OO metric and neural
networks using a dataset of software modules de-
signed by students. Among the two neural networks,
the probabilistic neural network outperformed the
back propagation one in accurately predicting the
fault-proneness of the OO modules. Reformat et al.
(2003) exploited several techniques of computational
intelligence to support the quality assessment of in-
dividual software objects. These techniques covered
granular computing, neural networks, self-organizing
maps and evolutionary-based developed decision.
Recently, Elish and Elish (2008) evaluated the capa-
bility of SVMs in predicting defect-prone software
modules and compared their prediction performance
to eight statistical and machine learning models in the
context of four National Aeronautics and Space Ad-
ministration (NASA) datasets.

Several other supervised learning approaches
including regression trees (Khoshgoftaar et al., 2002),
Bayesian belief networks (Fenton et al., 2002), deci-
sion trees (Huang et al., 2006), genetic programming
(Evett et al., 1998), and random forests (Guo
et al., 2004) have also been reported for software
quality estimation.

2.2 Semi-supervised learning method

Semi-supervised learning for software quality
estimation was first introduced by Seliya and
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Khoshgoftaar (2007). They viewed the class labels as
missing values and used an expectation-maximization
(EM) algorithm to estimate the labels, which repre-
sented the class fault-proneness. According to their
study, the semi-supervised learning using an EM
algorithm provided comparable results to the com-
pared supervised classifiers. Catal et al. (2008) stud-
ied a software quality prediction model using a simple
semi-supervised learning algorithm called YATSI
(Driessens et al., 2006). This semi-supervised ap-
proach had a similar performance to the leading su-
pervised classifier using random forest (RF) on some
public software datasets.

In our prior work (Huang and Zhu, 2008), a
kernel method with a layered kernel has been applied
to quality prediction of the class hierarchy in OO
systems. Compared to the statistical kernel, the lay-
ered kernel showed a superior performance for both
the artificial and real-life datasets.

2.3 Ml learning applications

MI learning was first introduced for drug activity
prediction (Dietterich et al., 1997). As a new learning
framework, MI learning has been given much atten-
tion and applied to many machine learning problems,
such as scene classification (Zhou and Zhang, 2006),
web mining (Zhou et al., 2005), data mining applica-
tions (Ruffo, 2000), text categorization (Andrews et
al., 2003), image categorization (Tang et al., 1999),
and object class reorganization (Chen et al., 2006). To
our knowledge, Ml learning for OO software quality
estimation has not been reported.

3 Multi-instance learning for object-oriented
software quality estimation

The M1 learning problem in this paper is limited
to the definition below, which is consistent with its
standard form (Dietterich et al., 1997):

Definition (MI problem) An MI concept is a func-
tion ¢y on 22— Q. Here Q={+1, —1} and y denotes the
instance space. It is defined as

¢, (X)=-1iff IxeX:c(x)=-1 (1)

where ¢y is a specific concept from a concept space,
and Xcy is a set of instances. Note that compared to
the usual formulation of the Ml setting, positive and

negative labels have changed their roles in Eq. (1).

As shown in Fig. 1, the basic learning unit in our
study is not a single class, but a bag of classes. The Ml
bagging schema in this study is clustering by inheri-
tance relation. Preliminary experiments (Huang and
Zhu, 2008) have showed that knowledge concerning
the inheritance relationship can be better reserved in
the class hierarchies if they are trained as a whole
rather than as a group of separate instances. In our Ml
learning model for OO software, each set of classes
that have inheritance relation, named “class hierarchy’
(Fig. 2), is regarded as a bag, while each class is re-
garded as an instance. Each class instance is repre-
sented by a vector C=[cy, Cy, ..., Cq], Where ¢; (i=1,
2, ..., n) denotes the measurement on this class using
the ith member in the suite of software metrics for this
project. The suite of OO software metrics selected in
our experiments is described in Section 5.2. Now the
MI prediction task of our software quality estimation
is to label the untested class hierarchy as FP (negative)
or NFP (positive). A positive bag means that no fault-
prone class exists in this class hierarchy, while a
negative bag is a class hierarchy containing at least
one fault-prone class.
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Fig. 1 The difference between (a) supervised learning
and (b) M1 learning in software quality estimation
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Fig. 2 An example of an MI bag for object-oriented
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It is worth mentioning that encapsulating each
class hierarchy into a bag is an effective but not the
only available schema for the MI learning in OO
software quality modeling. Other bagging rules such
as clustering by software function or by designer can
also be considered.

4 Selected Ml
evaluation

learning algorithms for

Many learning algorithms have been developed
for MI problems. All these algorithms can be divided
into two major categories: specifically designed ap-
proaches and approaches adapted from existing su-
pervised learning methods. The axis-parallel rectan-
gles (APR) algorithms and its variants (Dietterich et
al., 1997), the diverse density (DD) approach (Maron
and Lozano-Pérez, 1998) and its upgraded version
EM-DD (Zhang and Goldman, 2001), and a boosting
method devised to find the optimal ball in MI space
(Auer and Ortner, 2004) belong to the first category.
The lazy learning algorithms Bayesian-kNN and
Citation-kNN (Wang and Zucker, 2000), the decision
tree algorithm MI-ID3 (Chevaleyre and Zucker,
2001), the back propagation (BP) neural network
MI-BPN (Zhang and Zhou, 2004), and the MI ver-
sions of SVM (Andrews et al., 2003) are in the second
category. Recently, some MI-kernels were also intro-
duced (Gartner et al., 2002) to solve the MI problems.

Several representative algorithms (Table 1) were
selected to investigate the Ml learning in OO software

Table 1 Selected M1 learning methods for comparison
Symbol Method description

MIOptimal- Optimal ball algorithm for Ml
Ball (Auer and Ortner, 2004)

Citation- Citation k-nearest neighbors algorithm
kNN (Wang and Zucker, 2000)

MI-SVM  Support vector machine for Ml
(Andrews et al., 2003)

MI-DD Diverse density approach for Ml
(Maron and Lozano-Pérez, 1998)

MI-EMDD Diverse density approach with expectation
maximization for MI (Zhang and Gold-
man, 2001)

MI-1D3 MI version of the decision tree algorithms
ID3 (Chevaleyre and Zucker, 2001)

MI-BPN Back propagation neural networks for Ml
(Zhang and Zhou, 2004)

MI-kernel ~ An MI kernel method

quality estimation. The MI-kernel method was im-
plemented using the SimpleSVM (SSVM) toolkit
(Vishwanathan et al., 2003), and other algorithms
were based on the open source WEKA (Waikato En-
vironment for Knowledge Analysis, http://www.cs.
waikato.ac.nz/~ml/weka/) learning toolkit. The ex-
perimental results are detailed in Section 6.

5 An empirical study
5.1 Description of the software system

The software project used to investigate the Ml
learning based OO software quality estimation was
taken from the optical communication domain. Writ-
ten in C++, this software project implements mainly
commuting and transporting data packages varying
from 2 kb to 10 Gb in the synchronous digital hier-
archy (SDH) networks. It was developed by the soft-
ware development team in the optical networks de-
partment of Alcatel-Lucent, Shanghai. Another in-
dependent system verification and validation team
(SVT) in the same department undertook the testing.
After the codes passed the functional test performed
by software team (SW) itself, they were verified and
validated by the SVT in the practical communication
environment. Hundreds of test-cases, including both
manual and automatic tests, were executed to ensure
product quality. If the test results did not meet re-
quirements, corresponding modification reports (MRs)
were proposed. Each MR was assigned a severity
level from 1 to 5 with increasing severity.

The selected software release comprised about
170000 lines of code and a total of 425 classes. After
clustering by inheritance relation, the whole dataset
had 175 bags including 33 multi-class bags. The
biggest bag contained 32 instances. The mean in-
heritance height of all class hierarchies (bags) and
multi- class class hierarchies (bags) was 1.57 and 2.33,
respectively. Because multiple inheritance mecha-
nism tends to trigger code collision and misunder-
standing, it was seldom used in this release.

5.2 Dataset construction

The whole dataset was constructed with the la-
bels of the class hierarchies and a suite of appropriate
software metrics. In our work, the fault-proneness
label of the class hierarchy (bag) was determined by
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the number of MRs and their severity. In general, if a
bag’s weighted sum of the related MRs is more than
2.5, it is viewed as fault-prone (negative).

Software metrics are usually used to capture the
characters and the quality trends of software modules.
For OO software projects, many specifically designed
OO metrics have been proposed and evaluated. Bri-
and et al. (2000) investigated 64 existing software
metrics in OO systems. All these metrics can be di-
vided into four groups, i.e., size, coupling, cohesion
and inheritance measure. In this study, 21 commonly
used software metrics (Table 2) in each of the four
groups were taken to measure each class, which cover
the core sets in Kanmani et al. (2007) and Chidamber
and Kemerer (1994). In general, fewer than 10
well-selected metrics are quite powerful in applica-
tion (Berard, 1998). According to Briand et al. (2000)
and Kanmani et al. (2007), many existing OO metrics
are based on similar ideas and hypotheses, and
therefore they are almost always interrelated and
somewhat redundant. Thus, a large number (e.g., 20
to 30, or more) of different metrics can store sufficient
information for the vectors for classes.

Table 2 Selected OO software metrics

Metric Description
CBO Coupling between object classes
CSAO Class size (attributes & operations)
CSA Class size (attributes)
Csl Class specialization index
CSO Class size (operations)
DIT Depth of inheritance tree
LOC Lines of code
LOCM Lack of cohesion methods
NAAC Number of attributes added
NAIC Number of attributes inherited
NAOC Number of operations added
NOIC Number of operations inherited
NPavgC Average number of method parameters
NSUB Number of sub classes
OSavg Average operation size

PA Private attribute usage

PPPC Percentage public/protected members
RFC Response for class

SLOC Source lines of code

TLOC Total lines of code

WMC Weighted methods in class

Since the software release delivered to the sys-
tem verification and validation team has already been

debugged, the distribution of positive and negative
instances in the whole dataset tends to be unbalanced.
According to our labeling schema, only 27 instances
were labeled as faulty (negative) compared with 148
labeled as non-faulty (positive). To investigate the
effect of unbalanced data, five datasets were taken
from the software project. D, is the whole dataset, D,
(100 bags in total) and D3 (50 bags in total) contain all
33 multi-class instances. D4 (100 bags in total) and Ds
(50 bags in total) contain all 27 negative instances.
The remaining instances in D,—Ds were randomly
selected. The details of the datasets are tabulated in
Table 3.

Table 3 Experimental datasets

Number of datasets

Dataset — - - -
Positive Negative Single-class Multi-class
D, 148 27 142 33
D, 82 18 67 33
D3 36 14 17 33
D, 73 27 70 30
Ds 23 27 22 28

5.3 Parameters for investigated algorithms

The parameters for each of the selected MI
learning algorithms are listed below. If a parameter
varied in a group of values in the experiment, only the
best result was recorded.

1. Citation-kNN: numbers of citation (C,) and
reference (R) both varied from 1 to 10.

2. MI-SVM: the regularization parameter (C)
was set at 1; the kernel function was RBF (radial basis
function), and its bandwidth (y) was set at 0.5.

3. MI-BPN: a three-layered multi-layer percep-
tron (MLP) was used as the network architecture. The
number of hidden nodes is set to 4, the learning rate is
set to 0.3, the momentum is set to 0.2, and the training
time is set to 500 epochs.

4. MI-DD, MI-EMDD, MI-ID3 and MIOpti-
malBall: default setting of WEKA.

5. Ml-kernel: the investigated kernel function is
in the form of Eq. (2), and the parameter p varied from
1to 10.

Ku(X.Y)= 3 k' (xy). 2

xeX,yeY

Here ki(x, y) is a kernel on instance space y, and
X, Y.
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5.4 Estimation performance measures

To evaluate the performance of each prediction
model, the prediction accuracy was measured.
Moreover, Type | and Type Il error ratios were also
measured because of the different positive and nega-
tive ratios of the bags in the experimental datasets.
The definitions of the three measures are given in

Egs. (3)-(5):

Accuracy = (P, + N;)/ (P +N), 3
Type lerror=PF. / P, (@)
Type Il error =N/ N. 5)

Here P and N denote the total number of positive and
negative bags respectively: P=P1+Pg, N=N1+N.
They are derived from a confusion matrix as shown in
Table 4.

Table 4 A confusion matrix

Matrix element

Non—fault-pr*gne Fault-pron*g
(positive) (negative)

Non-fault-prone
(positive)
Fault-prone
(negative)

“ Actual; ™ Predicted

True positive, Pt False positive, Pg

False negative, Ne  True negative, Nt

6 Results and analysis
6.1 Comparison among MI methods

On each dataset, 5-fold cross validation (Kohavi,
1995) was executed to evaluate the performance of all
the selected Ml learning algorithms above mentioned.
Fig. 3 shows the prediction accuracy of all the Ml
learning methods on the datasets D;—Ds.

The experiments indicated that the MI-kernel
method always performed best in the prediction ac-
curacy on all the five datasets (Fig. 3). Although
compared to other MI learning algorithms, the
MI-kernel method had a slightly better performance
on D, and Ds, it significantly gave a best overall pre-
diction (average 92.03% accuracy) on D;—Ds (Table
5). Moreover, the MI-kernel method also showed a
competitive performance in terms of Type | (lowest)
and Type Il (second lowest) error ratios on D;—Ds.

A close inspection of the detailed experiment
results in Table 6 indicates that as the proportion of

multi-class bags increased on D;—Dj3, the MI-kernel’s
performance improved and attained the best result
(94.00% accuracy, with 5.56% Type | and 7.14%
Type Il errors) on D3 while other MI methods showed
no obvious improvement or even degraded.

95

©
o

CIMIOptimalBall
[ICitation-kNN

Accuracy (%)
o}
o

. M|-DD
z2MI-EMDD
mm MI-ID3
E=MI-BPN
BB M|-kernel

o5}
o

75 U

%
D3 Dy Ds

Datasets

Fig. 3 Comparison of the prediction accuracy on D;—Ds
(M1 methods)

Table 5 Average accuracy and Type | and Type Il error
ratios over all datasets (Ml methods)

metiod MG B0 ermor o)
MIOptimalBall 86.46 17.11 8.15
Citation-kNN 87.80 11.25 20.95
MI-SVM 87.77 11.49 21.06
MI-DD 84.09 11.54 36.19
MI-EMDD 87.14 14.49 13.97
MI-1D3 85.34 11.14 31.75
MI-BPN 89.06 10.81 16.24
MI-kernel 92.03 6.98 11.43

As the ratios of the negative and positive bags in
D1, D4, and Ds tended to be balanced, some MI
methods (MIOptimalBall, Citation-kNN, MI-EMDD,
MI-ID3) had a decrease in prediction accuracy while
the MlI-kernel had stable discrimination accuracy. At
the same time, the Type | and Type Il error ratios of
the MI-kernel were still at a relatively low level.

In general, the specific MI-kernel method has a
solid performance concerning accuracy and Type |
and Type Il error ratios over all the datasets. This
means that the MI-kernel method was effective and
robust for the datasets with unbalanced distributions
of bag labels or bag size in this study. Thus, this
characteristic makes the MI-kernel method a poten-
tially suitable approach in predicting the quality of
large-scale and highly complex OO software projects.



136 Huang et al. / J Zhejiang Univ-Sci C (Comput & Electron) 2010 11(2):130-138

Table 6 Experimental results of different Ml methods
over all datasets

Method Accuracy (%)
D, D, Ds D, Ds
MIOptimalBall 90.29 91.00 90.00 83.00 78.00
Citation-kNN 92.00 88.00 90.00 83.00 86.00
MI-SVM 90.86 82.00 90.00 84.00 92.00
MI-DD 83.43 83.00 88.00 86.00 80.00
MI-EMDD 89.71 90.00 86.00 88.00 82.00
MI-1D3 89.71 83.00 88.00 84.00 82.00
MI-BPN 90.29 84.00 90.00 89.00 92.00
MI-kernel 93.14 91.00 94.00 90.00 92.00
Method Type | error (%)
D, D, Ds D, Ds
MIOptimalBall 9.46 10.98 13.89 16.44 34.78
Citation-kNN 541 10.98 556 822 26.09
MI-SVM 9.46 854 11.11 1096 17.39
MI-DD 811 854 1111 822 21.74
MI-EMDD 8.78 9.76 1389 959 30.74
MI-1D3 473 854 1111 959 21.74
MI-BPN 6.76 12.20 11.11 10.96 13.04
MiI-kernel 541 9.76 556 548 870
Method Type Il error (%)
D, D, Ds D, Ds
MIOptimalBall 1111 0.00 0.00 1852 11.11
Citation-kNN 22.22 16.67 21.43 40.74 3.70
MI-SVM 741 6111 7.14 29.63 0.00
MI-DD 62.96 55.56 14.29 29.63 18.52
MI-EMDD 1852 11.11 1429 1852 7.41
MI-1D3 40.74 5556 14.29 33.33 14.81
MI-BPN 2593 3333 714 1111 3.70
MI-kernel 1481 556 7.14 2222 741

6.2 Comparison with a supervised SVM classifier

A supervised SVM learning algorithm with an
RBF kernel was also evaluated on D;—Ds for com-
parison. Since supervised learning algorithms cannot
be applied directly to MI problems, different training
and testing strategies were used. In the training phase,
the supervised SVM was trained using labeled in-
stances in the training bags. In the testing phase, the
SVM classifier was utilized to predict the labels of
every instance in the testing bags. Then the bag-labels
were calculated using the predicted instance-labels
according to Eq. (1). The parameters for this super-
vised SVM were the same as those for MI-SVM and
all instance-labels were also given.

Table 7 reveals that the MI-kernel method was a
little less effective in the prediction accuracy than the

supervised SVM. However, this supervised SVM
requires the labels of every instance in the training set
and indirectly predicts the bag-labels. Considering the
cost of obtaining the labels, the MI learning algo-
rithms such as the MI-kernel method are at least
competitive if no better choices.

Table 7 Comparison of experimental results of the MI-
kernel method and a supervised SVM

Dataset  Method AC((:(;:;ICy er-[gfeéojo ) e-rrr)(/)ee(fl/l)
D:  Mi-kernel 93.14 5.41 14.81
SVM (supervised) 95.43 2.03 18.52
D, MiI-kernel 91.00 9.76 5.56
SVM (supervised) 93.00 3.66 22.22
Ds  Ml-kernel 94.00 5.56 7.14
SVM (supervised) 94.00 0.00 21.43
Ds  Mi-kernel 90.00 5.48 22.22
SVM (supervised) 91.00 6.85 14.81
Ds  Mi-kernel 92.00 8.70 7.41
SVM (supervised) 92.00 4.35 11.11

7 Conclusion and future work

This paper proposed a novel Ml learning ap-
proach for software quality estimation in OO systems.
With an MI perspective, this approach attempted to
apply an Mi-kernel method to the fault-proneness
prediction of OO software modules. In detail, the OO
software quality estimation was considered as an Ml
problem by regarding each “class hierarchy’, which is
a set of inheritance-related classes, as a bag and each
class as an instance. The Ml learning schema is suit-
able for non-thoroughly tested or in-progress OO
software projects for which it is hard and unnecessary
to ascertain the fault-proneness of every relatively
small module.

Several representative MI learning algorithms
were evaluated on five datasets from an optical
communication software project. The experimental
results showed that the MI-kernel method performs
better when compared to other MI learning ap-
proaches in terms of overall predication accuracy and
type | and type Il error ratios, and was consistently
efficient for the datasets with unbalanced size or label
distribution. When compared to a supervised SVM
learning algorithm in the same experiments, the
MiI-kernel method still had close and encouraging
results with far fewer labels.
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In the presented work, the OO software quality
estimation was limited to a standard Ml form, which
is relatively naive. That is, the non-fault-proneness
class hierarchy must have no fault-prone class in-
stance. In fact, this decision criterion may vary for
different software releases; e.g., newly started pro-
jects could have a higher threshold than the main-
tained release. Future work may extend the standard
MI model to a more generalized one (Weidmann et al.,
2003). Moreover, other kernels for multi-instance or
structured data may also be studied for the Ml based
quality estimation in OO software systems.
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