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Abstract. A large set of object-oriented programming (OOP) languages
exists to realize software for different purposes. Companies often create
variants of their existing software by copying and modifying them to
changed requirements. While these so-called clone-and-own approaches
allow to save money in short-term, they expose the company to severe
risks regarding long-term evolution and product quality. The main rea-
son is the high manual maintenance effort which is needed due to the
unknown relations between variants. In this paper, we introduce a model-
based approach to identify variability information for OOP code, allow-
ing companies to better understand and manage variability between their
variants. This information allows to improve maintenance of the variants
and to transition from single variant development to more elaborate reuse
strategies such as software product lines. We demonstrate the applicabil-
ity of our approach by means of a case study analyzing variants generated
from an existing software product line and comparing our findings to the
managed reuse strategy.

1 Introduction

Object-oriented programming (OOP) languages are widely used to develop soft-
ware for different applications. Depending on the systems’ requirements, different
languages provide a suitable degree of abstraction from the underlying hardware.
For instance, C++ allows development of software with real-time requirements
(e.g., in embedded systems), while Python or Java are often used to develop
software for desktop applications (e.g., administration tools).

Software companies often are specialized in developing solutions for a certain
domain (e.g., logistics software) and their applications have a common function-
ality. However, customers often have differing requirements and, thus, variants
of the software need to be developed. For instance, a certain functionality is
required by a customer for a company-specific process (e.g., the way stock data
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is stored). Thus, copying existing variants and modifying them to changed re-
quirements is common practice to reuse functionality and reduce the develop-
ment time for variants. This so-called clone-and-own practice allows companies
to save money during the creation of a software family consisting of related vari-
ants with slight differences. However, companies rarely document the relations
of created variants and existing errors are propagated between variants. As a
consequence, identifying and fixing errors becomes a time-consuming and costly
task because corresponding parts have to be identified by manually comparing
the variants. Thus, the practice of clone-and-own is considered harmful to the
long-term development process [5, 7, 12].

One solution to overcome clone-and-own related problems is introducing
managed reuse of functionality to the created family of product variants instead
of maintaining independent variants in isolation. Reverse engineering variability
information (i.e., common and varying parts) from the related product variants
allows developers to identify relations between them and use these insights dur-
ing maintenance. For instance, changes can be propagated more easily between
the variants and managed reuse of existing functionality is possible. Thus, the
software quality improves and shorter development times for new products are
possible [13]. In previous work, we successfully demonstrated family mining, a
variability mining technique for block-based modeling languages [18, 19].

In this paper, we introduce a model-based code mining framework, which
allows to identify the variability between related variants realized in source code
of OOP languages. The framework uses a language-independent meta-model as
a data structure and executes all comparisons between the analyzed artifacts on
this basis. In particular, we make the following contributions:
– We present a language-independent meta-model for OOP languages.
– We introduce a model-based code mining framework allowing to identify the

variability between OOP code variants.
– We demonstrate the applicability of our approach by means of a case study.

This paper is structured as follows: Section 2 gives an overview of OOP lan-
guages, model-based software development, and family mining. Section 3 de-
scribes our model-based code mining approach and the language-independent
meta-model for OOP languages. Section 4 provides a case study to show appli-
cability of model-based code mining for OOP code. Section 5 discusses related
work and Section 6 concludes with an outlook to future work.

2 Background

In this section, we give an overview of OOP languages (cf. Section 2.1), model-
based development (cf. Section 2.2), and variability mining (cf. Section 2.3).

2.1 Object-Oriented Programming Languages

OOP languages are widely used in different domains to develop software systems
for various application scenarios. For this reason, a large number of OOP lan-



1 class Rectangle:
2 def __init__(self, a, b):
3 self.a = a
4 self.b = b
5
6 def calculateArea(self):
7 return self.a * self.b

Listing 1.1: Python class

1 public class Rectangle {
2 private int a, b;
3
4 public Rectangle(int a, int b) {
5 this.a = a;
6 this.b = b;
7 }
8
9 public int calculateArea() {
10 return a * b;
11 }
12 }

Listing 1.2: Java class

1 #ifndef RECTANGLE_H
2 #define RECTANGLE_H
3 class Rectangle {
4 private:
5 int a, b;
6 public:
7 Rectangle(int a, int b);
8 int calculateArea();
9 };
10 #endif /* RECTANGLE_H */

Listing 1.3: C++ header

1 #include "Rectangle.h"
2
3 Rectangle::Rectangle(int a, int b) {
4 this->a = a;
5 this->b = b;
6 }
7
8 int Rectangle::calculateArea() {
9 return a * b;
10 }

Listing 1.4: C++ class

guages exists to realize information structures supporting different requirements
(e.g., developing desktop and server software).

In Listings 1.1 to 1.4, we show code examples for Python, Java, and C++.
All three languages provide similar concepts but use different names for some of
them. They consist of classifiers (also referred to as classes), which are part of
a namespace to organize and encapsulate them. Classes define the structure for
objects containing variables to store values with different types (e.g., integers or
characters) and methods to execute operations on them. Each example shows
a Rectangle class storing two integers a and b to calculate the rectangle’s
area using the method calculateArea(). Methods have a signature, which
is defined by their visibility modifier (e.g., public or private), return type
(i.e., the type of the method’s result), method name, and parameters. Visibility
modifiers are used to control the accessibility of variables and methods inside of
classes (i.e., whether other classes can access them). Parameters pass informa-
tion to constructors (i.e., the method initializing objects during object creation)
or methods to further process them. Although the basic structure of most OOP
languages is very similar, certain differences exist. For example, C++ classes
are normally defined in header files (cf., Listing 1.3), while their concrete imple-
mentation is defined in a separate implementation file (cf. Listing 1.4). Another
example is Python as it does not provide explicit visibility modifiers (i.e., all
class variables and methods are accessible by other classes).

2.2 Model-Based Software Development

Model-based software development uses meta-models to define the language el-
ements that can be used for a specific language. Models as concrete instances of



meta-models allow to store data with regard to the provided language elements.
With a suitable parser, source code can be perceived as a model conforming with
a specific meta-model. The concrete syntax of a language is defined by a gram-
mar and allows parser technology to create such a model representation from
source code by transforming it to an instance of the meta-model. Developers
use the concrete syntax (e.g., the textual syntax of Java source code) provided
by many languages to implement their software (i.e., models). Meta-models are
also referred to as a language’s abstract syntax because they define how model
instances have to be realized in order to conform with the language.

2.3 Family Mining

Companies often develop software for a specific domain (e.g., the logistics do-
main) with a large number of customers. These customers mostly use the same
functionality but often have requirements to support certain company-specific
tasks (e.g., a tax calculation module for a specific country). As a result, software
companies need to develop variants of their products. A common strategy to
create new variants is cloning-and-owning, which allows to reuse existing func-
tionality, but also introduces risks to the development process (e.g., duplicate
bug fixing of errors that were propagated between variants) [5].

A possible solution is to introduce managed reuse of existing functionality
to the product family. Software product lines (SPLs) provide a suitable reuse
mechanism as they manage all implementation artifacts (e.g., source code) for
multiple variants in a single location. Features represent configuration options
for such SPLs [13] and allow to configure and generate variants from the product
family. In previous work, we successfully introduced family mining, a variability
mining technique, to reverse engineer the variability information (i.e., common
and varying parts) for block-based languages by using a metric-based compare
algorithm [18, 19]. After identifying relations between the compared variants,
we merge all analyzed variants in a 150% model annotating all implementation
artifacts with their variability. This information allows to analyze relations be-
tween variants and, thus, to improve the maintenance (e.g., by applying changes
to all variants more easily). Furthermore, the variability information allows to
gradually introduce SPL reuse strategies by mapping artifacts to features [1]. In
this paper, we introduce family mining for source code of OOP languages.

3 Model-Based Code Mining Framework

In this section, we introduce our model-based code mining framework allowing
to identify variability information for related OOP code variants. In Figure 1,
we show the corresponding workflow. Our framework expects source code in a
supported OOP language (i.e., currently Java and C++), which is transferred to
an instance of our meta-model (cf. Section 3.1). For our comparisons, we utilize
a metric (cf. Section 3.2) to calculate the similarity of compared elements. The
identified variability can be exported in form of a summarizing report or a 150%
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Fig. 1: Workflow for the model-based code mining framework.

model storing all implementation artifacts from the analyzed variants together
with their annotated variability.

The first step during variability analysis is to parse the selected OOP code
variants using a corresponding parser and to transfer the resulting information
to an instance of our meta-model (cf. Section 3.3). Afterwards, we utilize the
defined metric to compare the models of the different variants (cf. Section 3.4).
The identified variability information can be exported as a summarizing report
(cf. Section 3.5). In addition, we discuss the creation of an annotated 150% model
but leave a concrete concept and its realization for future work (cf. Section 3.6).

3.1 Language-Independent Meta-Model

Using a model representation to identify variability between related code variants
allows to abstract from the language-specific textual syntax of the analyzed pro-
gramming language. This is possible because of the underlying abstract syntax
of all programming languages captured in the meta-model. In theory, it would
be possible to reuse an existing meta-model (e.g., used to define the language’s
abstract syntax) or to build one meta-model per analyzed language. However,
as a result, our compare algorithms would have to be implemented for each indi-
vidual meta-model. Instead, we created a language-independent meta-model to
have a common data-structure for OOP languages and, thus, can use the same
implementation of our algorithms for a large set of these languages (e.g., Java
or C++). Such a generic meta-model is possible due to the common language
elements of all OOP languages (e.g., classes, methods, and parameters). For com-
plete comparison of all language concepts, we also allow extension of the meta-
model with nested types, e.g., to model generics for Java or templates for C++.
Besides allowing analysis of code in different OOP languages (e.g., Java or C++)
on a common meta-model structure, our language-independent meta-model fa-
cilitates cross-language code comparisons (e.g., between Java and C++).
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Fig. 2: Excerpt from the language-independent meta-model.

In Figure 2, we show an excerpt from our language-independent meta-model.
As we can see, programs contain a set of files and namespaces. Files are contained
in a namespace and contain classifiers with different types (e.g., abstract classes
or interfaces). Classifiers can contain further classifiers (i.e., inner classes) and
define a set of methods. Methods can be declared as constructors and have
a name, visibility, and belongs-to-relation. This relation allows to distinguish
between class methods (also called static methods) and instance methods. These
methods have a return type, which is represented as a nested data structure
allowing to model more complex nested types for different languages. This nested
type is used for all data types in the meta-model (e.g., method parameters).

3.2 Metric Definition

Using the specified meta-model, we define a metric for the comparison of code el-
ements from OOP programs. This metric allows to assign different importance to
the properties of compared elements and, thus, to influence their impact on the
elements’ similarity. The overall sum of all weights for an element (e.g., methods
or fields) is normalized to be in the interval [0..1] to make calculated similar-
ity values comparable. In Table 1, we present the properties considered during
the comparison of methods and fields together with the corresponding weights,
which have empirically proven to be sensible values and have been used for
our case study (cf. Section 4). During the comparison of methods, we assign
the highest weight to their names because developers select these names for
specific reasons and, thus, these properties are an important indicator for simi-
larity. We are not just interested in equality but also in cases, which are related
variants with reduced similarity (i.e., we allow minor deviations in the names).
The return type highly influences the behavior of corresponding methods as it
determines the expected result. However, multiple methods can exist with the
same return type and, thus, we assign a lower weight to them. During the com-
parison of method parameters, we assign a lower weight to their types than to



Table 1: Metric used for the variability mining of OOP code

Method Weights Field Weights

Property Weight Property Weight

Overall Modifier 0.05 Name 0.4
◦ Visibility 0.25 Data Type 0.4
◦ Constant 0.25 Overall Modifier 0.2
◦ Static 0.25 ◦ Visibility 0.33
◦ Abstract 0.25 ◦ Constant 0.33

Return Type 0.2 ◦ Belongs-to-Relation 0.33
Name 0.45
Parameter Names 0.2
Parameter Types 0.1

corresponding names. Here, multiple methods with the same parameter types
might exist and only their names make the parameters distinguishable. Finally,
the modifiers of methods are weighted with the lowest value as they have rela-
tively little impact on the similarity. The weight for modifiers is subdivided into
four weights for the corresponding visibility, constant (i.e., the method cannot
change class fields), static (i.e., the method can be invoked without creating a
class object), and abstract modifiers (i.e., the method has to be overridden by a
concrete implementation). In addition to the methods’ signatures, we also con-
sider their body during comparison. For the overall similarity of two methods,
we empirically identified that weighting the signature similarity with 0.6 and the
body similarity with 0.4 allows to calculate sensible results. During comparison
of fields, we consider names, data types and modifiers. Here, we assigned a low
weight to the modifiers as they only slightly influence the behavior of fields. The
weight for field modifiers is subdivided into weights for the visibility, constant
(i.e., the field cannot be changed), and belongs-to-relation modifiers.

For configuring the overall mining process and particularly the metric, we
allow developers to define configuration values to specify programs that should
be compared, to select the used compare algorithms, and to configure the metric’s
weights. Here, we allow to define relations and corresponding similarity weights
for similar types, which are not 100% equal but still can be regarded as similar
types (e.g., lists and arrays). This way, we allow adaptability and custom-tailored
code mining when applying our algorithms to programs with different settings.

3.3 Parsing and Transforming Source Code Files

The first step is to parse the source code files that should be analyzed using a
suitable parser. Our current implementation supports the import of Java and
C++ source code. For Java source code we use the Java Model Parser and
Printer (JaMoPP)3, which parses provided Java code to the JaMoPP meta-
model. The resulting meta-model instances are transformed to our language-
3 http://www.jamopp.org/

http://www.jamopp.org/


independent meta-model in order to make the parsed information available for
our variability mining algorithms or analysis by users. Our framework allows
users to implement and select further parsers to parse and analyze files from
other languages. For instance, we used the scrML4 parser to parse C++ code.
The resulting srcML XML output of the parsed code is transformed to an
instance of our language-independent meta-model and afterwards can be used
as input for our code mining algorithms.

3.4 Comparing the Source Code Variants

After parsing the source code variants and storing the parsed information in an
instance of our language-independent meta-model, we now compare them using
our algorithms. Besides utilizing our existing metric and compare algorithm, our
framework allows users to realize their own custom-tailored algorithms imple-
menting own metrics. We execute a pairwise comparison for the selected program
variants. Our algorithm uses the first program as a basis and compares all other
programs with this variant. For all comparisons between two programs, we cur-
rently use an n:m algorithm. For instance, when comparing the fields of two
classes Class1 and Class2, we compare all combinations of the fields.

First, we compare the file names and namespaces of the classes contained
in the analyzed programs to identify whether they are contained in the same
package and have the same name. Each comparison between two elements is
stored in the overall result model together with the corresponding similarity
value, which is calculated according to the weights from the selected metric.
The result model allows us, e.g., to analyze and further process the identified
relations after the comparisons. Next, we compare the classes contained in the
files of analyzed programs. We start class comparisons by comparing their names
and the contained fields. Next, we compare the methods’ signatures and bodies.
Currently, we compare the method bodies by regarding each line of the body as
a single string. By comparing these strings, we identify the number of coinciding
lines and can calculate the bodies’ overall similarity.

For the comparison of names, we calculate the strings’ similarity by identi-
fying their edit distance using the Levenshtein algorithm [9]. For methods, we
split the name into groups starting with upper case characters (camel case nota-
tion) and identify the number of equal groups. As OOP languages use differing
naming conventions, we allow configuring the used string compare algorithms.

Currently, we regard all elements with a similarity greater or equal to 85% as
mandatory (i.e., they are regarded as identical). All elements with a similarity
below 60% are regarded as non-related making each individual optional for the
software family as they are not similar enough. Elements with a similarity be-
tween the mandatory threshold and the optional threshold (i.e., ≥ 60% ∧ < 85%)
are regarded as alternative, because they still have a high degree of similarity
but differ in minor parts (e.g., a method variant has an additional parameter).

4 http://www.srcml.org/

http://www.srcml.org/


3.5 Generating a Report about the Variability Information

After comparing the selected source code variants, we can export the resulting
information. Currently, we provide the possibility to store the identified vari-
ability in a JSON format or in form of an HTML report. Both formats contain
all executed comparisons and, thus, do not contain distinct matchings between
elements (i.e., 1:1 relations). The JSON format allows users to further process
and analyze the information with other programs. The HTML report is realized
with technologies for dynamic websites, allowing users to interactively analyze
the information (i.e., the employed metric and the results) and to make anno-
tations. Most importantly, the report allows users to remove relations between
elements, which enables them to narrow down the possible relations until dis-
tinct 1:1 relations are identified. In Figure 3, we present an excerpt from a report
generated during our case study (cf. Section 4). Here, two variants of the method
addEntityType__wrappee__Fly with differing bodies were compared.

Fig. 3: Excerpt from an example report output.

3.6 Creating 150% Model using the Variability Information

In addition to the report generation, we present another export possibility. Using
the identified relations, it is possible to create an SPL in the form of a 150%model
containing all implementation artifacts from the compared variants annotated
with explicit variability information and their containing variants. We realized
such a solution in previous work for family mining of block-based languages [18,
19], thus, it seems sensible for code as well. However, as we currently did not
realize this option, we marked the corresponding path in Figure 1 with dashed
arrows and plan to realize the 150% model generation in future work. To merge
the variability information into a 150% model, we first need to identify distinct
matches between the different elements from the compared source codes. Thus,
we need to transform the n:m comparison results into 1:1 relations, allowing to
identify unique variability between the corresponding elements. The resulting list
of distinct matches can be used to merge a 150% model by adding all compared
elements to a single file and annotating their variability (i.e., whether they are
part of all variants or only contained in particular variants). In previous work,



for block-based models [18, 19], we already implemented semi-automatic algo-
rithms for distinctively matching model elements, which can easily be adapted
for our use case. These algorithms identify all comparisons containing a certain
element and select the comparison with the highest similarity. After merging the
variability information, the resulting 150% model can be used to analyze the
variability of a software family and to generate all contained variants.

4 Case Study

We applied the presented variability mining technique in a case study to source
code variants generated from an SPL case study. During this case study, we
evaluated the following research questions to analyze the approach’s feasibility.

RQ1 – Language Independence: Does the proposed language-independent
meta-model actually support storing code from different OOP languages?

RQ2 – Correctness: Is the proposed variability mining technique capable of
correctly identifying variability information between related code variants
with regard to the variability modeled in the used SPL case study?

4.1 Setup & Methodology

The SnakeFOP case study is part of the FeatureIDE [17] example library
and was realized by decomposing an existing Java implementation of the game
Snake with 28 classes, 197 methods, and 133 fields into 21 features [8]. Using
FeatureIDE, we generated all 5580 possible variants [8] from the SnakeFOP
implementation. Although the SnakeFOP case study was not realized using
clone-and-own techniques, it allows to evaluate whether our code variability
mining approach is able to identify variability between variants correctly by
providing a ground truth. For our evaluation, we selected 30 variants subdivided
into three subsets each containing 10 variants. We selected the variants by sort-
ing them into three categories (Small, Medium, and Large) according to their
average number of lines of code (LOC). In Table 2, we show the three categories
together with information about the average LOC per variant, the average num-
ber of executed comparisons, the average number of selected features, and the
average runtime of the comparisons. All comparisons were executed by a single
developer using HTML report generation and the metric weights from Table 1
in Section 3.2 on a laptop with a 2.7 GHz Intel i7 processor and 12 GB RAM. For
each category, the first variant was compared with all remaining variants (i.e, in
total 27 comparisons were executed) and each comparison between two variants
was executed 10 times to reduce the influence of inaccurate runtime measuring.

In addition, to demonstrate the language-independence of our meta-model,
we used a set of C++ examples with a variety of language features (i.e., classes,
methods, and fields). Executing a preliminary evaluation, we used these examples
to analyze whether we can transform them to our meta-model and execute our
variability analysis on the resulting meta-model instances.



Table 2: Details of the selected variants for the case study.
Size Avg. LOC Avg. Comparisons Avg. Features Avg. Runtime

Small 2037.3 33189.8 8.7 25457,0 ms
Medium 2124.3 48150.0 13.6 30301,2 ms
Large 2274.0 54744.0 16.5 45278,1 ms

4.2 Results & Discussion

Next, we report our results and discuss them to answer our research questions.

RQ1 – Language Independence: During the preliminary analysis of the meta-
model’s language independence, we successfully transformed the used Java vari-
ants and the C++ examples to our meta-model. Using the discussed compare
algorithms, we were able to generate sensible results conforming with expecta-
tions of two consulted developers with experience in SPL design. Although, we
only analyzed the meta-model’s capabilities with two languages, we are confi-
dent that the meta-model is capable of storing code for different OOP languages
because of their common structure.

RQ2 – Correctness: After executing the comparisons for the selected cate-
gories, we manually compared the identified possible relations from the generated
HTML reports with the ground truth (i.e., the SnakeFOP SPL). During this
analysis, we found that our algorithms were able to identify all variability rela-
tions correctly, which can be accounted for by the used n:m algorithms as they
generate each possible combination. However, we used the dynamic functionality
of the HTML reports to manually reduce the relations to distinct combinations
(i.e., each element from one variant is matched to exactly one element from
the other variant) and assessed the corresponding similarity values. After con-
sulting two developers with experience in SPL design, we identified that about
70% of the values were reasonable. Here, we identified that the calculated field
similarities were sensible and only the similarity for methods did not always
meet the expectations. While, we classified about 90% of the method signature
similarities as sensible, only 50% of the method body similarities met the ex-
pectations. Main reasons were methods of different size where the statements
from the smaller method were all contained in the larger method but the overall
similarity was calculated in accordance to the larger method.

4.3 Threats to Validity

During the case study, a single developer manually evaluated the results of our
algorithms and compared them to the ground truth (i.e., the variability informa-
tion from the SnakeFOP SPL). The intuition of other researchers or developers
might differ. However, the evaluating developer consulted two developers with
experience in SPL design during the classification of the results and, thus, we
are confident that the results are close to the expectations by other develop-
ers. In addition, our approach uses metrics as heuristic weights to calculate the



similarity of compared elements. These metrics are highly dependent on human
intuition and the created results might not always conform with expectations of
other developers. However, we already gained experience in identifying variabil-
ity during our research on block-based languages [18, 19, 20] and, thus, we argue
that the employed metrics create results close to the domain experts’ intuition.

Our case study is limited to a single scenario from an SPL with Java as
OOP language and a preliminary analysis for C++ code. Thus, we cannot gen-
eralize the applicability of our algorithms to all OOP languages. However, we
are confident that our ideas are transferable to further languages as the Java
case study and the analysis of C++ code variants showed promising results.
In addition, we realized our algorithms by iteratively adding functionality to
support comparison of different OOP language features. Only afterwards, we
executed comparisons using the selected variants. Thus, we did not overfit our
implementation for the used case study and are confident that the algorithms
are capable of handling other code. Furthermore, due to the extensible design
of our framework and the common elements of all OOP languages considered
during the design of our meta-model, we are confident that our algorithms are
able to handle further OOP languages (e.g., Python).

5 Related Work

Several techniques have been proposed that aim at revealing the similarity of
source code. We contrast this work to our technique proposed in this paper.

Clone Detection: Clone detection is a prominent technique that has been pro-
posed to detect similarities in source code within or between software sys-
tems [14]. As such, it is paramount to cope with implementations that result
from clone-and-own. While many techniques exist that mainly differ in the un-
derlying program representation (e.g., text-based, token-based, or tree-based),
all of them focus on detecting similarities between code fragments. For example,
Hemel et al. analyze the result of clone detection to perform a large-scale vari-
ability analysis with the goal to detect non-propagated patches across Linux
distributions [4]. In contrast to our work, these techniques only focus on cloned
parts (except for defining different clone types) and, most notably, do not con-
sider variability semantics, such as relations between similar code fragments.

Code Merging: Using identified variability information, approaches exist to merge
software variants in different contexts. Yoshimura et al. merge several individ-
ual systems in a software family by using a clone classification and analysis
approach [21]. However, since their focus is on migration, they do not define
variation points (e.g., optional or alternative parts) but only assess the technical
opportunities of merging parts of the analyzed systems. Rubin et al. propose
an advanced algorithm with n-way comparison, which tackles the combinatorial
explosion when comparing multiple software systems [16]. However, we provide
variability information that could be used for merging in a migration process,
while Rubin et al. only focus on merging, thus, omitting variability information.



Reverse Engineering: In addition to the mentioned approaches, there exists work
to explicitly reverse engineer variability information. Klatt et al. use program
dependency graphs (PDGs) and difference analysis to recover variability infor-
mation between variants of features [6]. Their approach aims at reducing the
manual effort of merging these features and focuses on corresponding differences
in the code. In contrast, we focus on identifying variability between entire vari-
ants. While their approach exploits a language-dependent PDG, we use a flexible
meta-model allowing to analyze different languages. Martinez et al. propose a
generic framework that aims at identifying variability across multiple artifacts
(e.g., models, code, and documentation) [11]. To this end, they provide a generic
feature-oriented process, where features are explicitly identified, analyzed, and
located. Based on this information, a concept for migration to an SPL is pro-
posed. In contrast, we solely focus on source code and do not use feature informa-
tion while still revealing variability across variants. Moreover, we do not strictly
couple our approach with SPL migration (although it could be used in such a
process) but also support other use cases such as change propagation. Linsbauer
et al. provide an approach for extracting variation points between variants and
the corresponding feature-to-code mapping [10]. While they also work on imple-
mentation artifacts, they require upfront knowledge about features implemented
in each variant. In contrast, we do not include feature information and just relate
code elements to each other by means of variability relations. Duszynski et al.
transform variants to a more abstract representation of the system and identify
commonalities of variants by building unions of occurrence matrices [2]. While
their approach is limited to comparisons of these matrices, we also exploit more
syntactical information of the underlying languages. Similar to Duszynski et al.,
we are able to apply our approach to different languages because our meta-model
abstracts from too specific language elements. However, our approach provides
a more detailed summary of the results on statement level, complemented by an
overall assessment of similarity on block level (e.g. for methods).

Rubin et al. propose a framework for refactoring products into a more feature-
centric SPL engineering process [15]. Similar to us, their approach encompasses
dedicated phases for comparing and matching. However, it is only applicable to
UML and EMF models and mainly focuses on formalizing the merge operator. In
contrast, we focus on explicating variability between variants for maintenance
activities. Frenzel et al. propose an approach to compare product variants on
the architectural level [3]. Compared to our approach, their work differs in the
considered artifacts (architectural models instead of source code), the general
technique (clone detection instead of similarity analysis with variability seman-
tics), and the objective (migration instead of maintenance).

6 Conclusion and Future Work

In this paper, we introduced a model-based variability mining technique for
OOP programming languages. Our approach parses a set of source code variants
to a language-independent meta-model and executes comparisons between the



variants based on this representation. Currently, we realized an n:m algorithm
to identify the corresponding variability and to generate summarizing reports.

In future work, we plan to optimize our algorithm by automatically explor-
ing the parsed models and ruling out improbable relations to reduce the overall
number of comparisons. Furthermore, we plan to adapt algorithms from previous
work [18, 19] to identify distinct matches from the comparisons and merge all
implementation artifacts into a 150% model together with their annotated vari-
ability information. Using the resulting 150% models, we plan to realize seamless
transition from clone-and-own based variant creation to software product lines,
for example, by generating annotated code (e.g., using C preprocessors) and
corresponding feature mappings. Furthermore, we plan to improve the similarity
calculation for method bodies by analyzing them on a more fine grained level.
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