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A B S T R A C T   

Context: The quality of software systems is significantly influenced by design testability, an aspect often over
looked during the initial phases of software development. The implementation may deviate from its design, 
resulting in decreased testability at the integration and unit levels. 
Objective: The objective of this study is to automatically identify low-testable parts in object-orientated design 
and enhance them by refactoring to design patterns. The impact of various design metrics mainly coupling (e.g., 
fan-in and fan-out) and inheritance (e.g., depth of inheritance tree and number of subclasses) metrics on design 
testability is measured to select the most appropriate refactoring candidates. 
Method: The methodology involves creating a machine learning model for design testability prediction using a 
large dataset of Java classes, followed by developing an automated refactoring tool. The design classes are 
vectorized by ten design metrics and labeled with testability scores calculated from a mathematical model. The 
model computes testability based on code coverage and test suite size of classes that have already been tested via 
automatic tools. A voting regressor model is trained to predict the design testability of any class diagram based 
on these design metrics. The proposed refactoring tool for dependency injection and factory method is applied to 
various open-source Java projects, and its impact on design testability is assessed. 
Results: The proposed design testability model demonstrates its effectiveness by satisfactorily predicting design 
testability, as indicated by a mean squared error of 0.04 and an R2 score of 0.53. The automated refactoring tool 
has been successfully evaluated on six open-source Java projects, revealing an enhancement in design testability 
by up to 19.11 %. 
Conclusion: The proposed automated approach offers software developers the means to continuously evaluate 
and enhance design testability throughout the entire software development life cycle, mitigating the risk of 
testability issues stemming from design-to-implementation discrepancies.   

1. Introduction 

Software design is a crucial and challenging activity affecting soft
ware products’ quality and reliability. A good software design should 
not only meet the functional and non-functional requirements of the 
system but also support its testing in a given test context. Design test
ability is the degree to which a software design supports its testing [1]. A 
testable design facilitates early testing of program modules and their 
interactions, reduces testing effort and cost, increases test coverage and 
effectiveness, and improves the maintainability and evolvability of the 
system. On the other hand, a design that does not consider testability as 
an essential quality factor may result in increased complexity, coupling, 
ambiguity, and redundancy, which make testing more complex and less 

efficient [2]. 
Software testability can be measured and improved according to 

different testing levels, such as units, integration, and systems testing, 
each one is based on specific software artifacts [1]. Unit testing per
formance is mostly affected by the source code testability, while the 
performance of integration and system tests heavily depends on design 
testability. However, measuring and enhancing software design test
ability is not trivial due to various design artifacts, systems complexities, 
and the unavailability of design artifacts in most legacy projects. Most 
existing methods for design testability measurement rely on executing 
the design with test cases that are time and resource-consuming and 
require full implementation of the system [3]. Moreover, most of the 
existing methods for design testability improvement are based on 
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manual refactoring that may introduce new errors or degrade other 
quality attributes [4]. Recent research on software testability improve
ment has focused on applying different methods, such as refactoring 
[4–6], design patterns [7,8], aspect-oriented programming [9], and 
model-driven engineering [10]. These methods aim to enhance the 
quality attributes of software design, such as cohesion, coupling, 
encapsulation, abstraction, modularity, and reusability, which often 
indirectly affect design testability. 

Few works have been dedicated to studying software testability at 
the design level directly, despite remarkable attempts to measure and 
improve the testability of source code. This paper presents an approach 
to measuring design testability based on the standard definition of 
software testability in the ISO/IEC 25010 standard [11]. Then, methods 
based on refactoring to design patterns are introduced to automatically 
improve the testability of a given design. Testability measurement is a 
prerequisite for testability improvement since it is difficult to guide the 
improvement process in the right direction without an appropriate 
measurement approach. 

ISO/IEC 25010 standard emphasizes two factors of test effectiveness 
and test efficiency in the definition of software testability. In our recent 
work [5], we measured the source code testability in terms of test 
effectiveness and test efficiency of the unit tests. This paper extends our 
work to measure design testability in terms of the effectiveness and ef
ficiency of the integration tests for a given design described by the UML 
class diagram. Integration testing aims at testing interaction between 
units, best described by the class diagram as a well-known static view of 
the object-oriented design in UML. However, it cannot describe the exact 
runtime interactions between components. Moreover, class diagrams are 
often ambiguous and incomplete and may lead to false interpretations at 
implementation time. On the other hand, other UML diagrams, such as 
collaboration and sequence diagrams, only display snapshots of some 
possible behaviors of the system, not an exhaustive design view [2]. In 
addition, collaboration and sequence diagrams are often not available 
for a given system, nor can they be extracted accurately from the source 
code. The class diagram with the runtime information obtained from 
testing can be best used to measure design testability by mapping the 
design metrics to test information. Class diagrams can be extracted from 
the source code. Therefore, it is possible to collect a large set of class 
diagrams to create the mapping between design metrics and test infor
mation for design testability prediction. 

This paper proposes an automated approach to measure and improve 
software design testability based on class diagram testability prediction 
and refactoring to design patterns. Identifying testability issues during 
design prevents downstream problems. Throughout the software 
development life cycle, we can continuously evaluate and enhance 
design testability. To this aim, we adapt the proposed source code 
testability prediction approach by Zakeri-Nasrabadi and Parsa [5] to be 
used for design testability prediction by limiting the required metrics to 
the design-level metrics. The authors in [5] have proposed using ma
chine learning to predict source code testability based on an extensive 
set of source code metrics. It should be noted that not all source code 
metrics are available during the design phase. While source code metrics 
focus on low-level constructs (e.g., lines of code and cyclomatic 
complexity), design metrics consider higher-level abstractions (e.g., 
class coupling and inheritance) appearing early in the design phase. Our 
approach maps these design-level metrics available at design time to test 
criteria during training machine learning models which consequently 
learn from these mappings to predict testability. These metrics serve as 
our compass in navigating the transition from source code to design, 
design to testable design, and design to source code, ultimately leading 
to more testable software. 

The proposed approach consists of the following four steps. (1) An 
extended class diagram is extracted as a directed labeled graph from the 
production code of a given software as the primary artifact used for 
measuring and improving design testability, (2) ten design metrics are 
computed using the created graph to vectorize the different classes of the 

class diagram, (3) the created class vectors are used as samples to learn a 
model measuring the testability probability of each class in a class dia
gram, (4) two well-known patterns, the factory method [12] and de
pendency injection (DI) [13], mainly concerned with facilitating tests, 
are identified and applied to improve the design testability automati
cally. The program source code is analyzed, required design artifacts are 
extracted, refactoring opportunities are identified, and finally, the 
identified refactoring is applied directly to the source code. The main 
contributions of this paper are summarized as follows:  

i. A new approach to measure software design testability based on 
machine learning is presented that does not require executing the 
design with test cases. Traditional testability assessment often 
relies on executing code, which can be time-consuming and 
resource-intensive. By leveraging machine learning, our new 
approach provides a faster and more efficient way to evaluate 
design testability. It also opens up possibilities for early test
ability assessment during the design phase, reducing downstream 
defects. As a result, researchers and practitioners can now focus 
on design improvements without waiting for code 
implementation.  

ii. The most important design testability metrics are determined 
using the prediction model feature importance analysis. Under
standing which metrics significantly impact testability allows 
targeted interventions. This knowledge contributes to a more 
informed and effective design process. Researchers can prioritize 
efforts to improve specific aspects of design (e.g., modularity, 
coupling, cohesion, or inheritance). Moreover, practitioners gain 
insights into where to focus their attention during design reviews 
and refactoring.  

iii. Methods based on refactoring to design patterns are proposed to 
automatically improve software design testability by changing 
the most influential design metrics. Refactoring is a powerful 
technique for improving code quality, but applying it at the 
design level is less explored. Design testability is enhanced by 
automatically transforming the existing design into established 
design patterns that focus on changing influential design metrics. 

iv. The identification and application of factory methods and de
pendency injection patterns are automated to separate concerns 
of objects’ creation and usage in the software design. Separating 
concerns (creation vs. usage) improves modularity and test
ability. A tool that supports our approach is implemented and 
evaluated on several open-source projects. The implemented tool, 
publicly available on GitHub [14], facilitates real-world adoption 
and evaluation of design testability on open-source projects. 

These contributions collectively advance the state-of-the-art in soft
ware design testability by providing novel assessment methods, 
actionable insights, and practical tools for enhancing testability during 
the design phase. 

The rest of this paper is organized as follows: In Section 2, we provide 
concrete examples of the code that is pretty testable and the code that is 
not as a motivating example. Section 3 outlines background information 
on software testability and discusses related work. Section 4 describes 
our approach to measuring software design testability based on machine 
learning and methods to improve software design testability based on 
refactoring to design patterns. Section 5 describes our experiments with 
the proposed approach and discusses the results. Section 6 discusses 
some threats to validity of the proposed method and its evaluation. 
Finally. Section 7 concludes the paper and outlines future work. 

2. Motivating example 

One of the common flaws in design destroying testability is per
forming real work in the constructor body. When the constructor has to 
instantiate and initialize its collaborators, the result tends to be an 
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inflexible and prematurely coupled design. Such constructors shut off 
the ability to inject test objects when testing resulting in poor testability. 
Fig. 1.a shows the “House” class implemented in Java with hard-wired 
dependency to its collaborator classes, i.e., “Kitchen” and “Bedroom”. 
These collaborator classes must be implemented and compiled before 
any test can be performed on the House class. Using the dependency 
injection (DI) pattern makes it possible to test the House class with 
dummy objects from its collaborators. Fig. 1.b shows how refactoring to 
dependency injection patterns can solve the problem of hard-wired 
dependence, reduce concentrate coupling, and improve design test
ability. The constructor of the “House” class takes interfaces of “Kitchen” 
and “Bedroom” classes as its arguments which can be passed by the 
client with different types of objects at runtime. Fig. 4 in Section 4.4 
shows the corresponding class diagrams for code snippets in Fig. 1 
before and after refactoring to the dependency injection pattern. In this 
paper, we propose algorithms to automate the transformation from code 
snippets in the style of Fig. 1.a to code snippets in the style of Fig. 1.b to 
improve software design testability. 

3. Related work 

Testability is a critical quality attribute of software systems, as it can 
significantly impact the cost and effectiveness of testing [15]. A recent 
survey by Garousi et al. [1] indicates many challenges in measuring and 
improving testability, including the lack of a standardized definition and 
the difficulty of measuring testability in large, complex systems. Simi
larly, as reported by Bluemke and Malanowska [16], there are almost no 
reliable tools for testing effort estimation, and the industry does not use 
any testing effort estimation-specific tool support. Sharma et al. [17] 
have concluded that developers’ opinions and perspectives about test
ability and testability smells are not supported by empirical software 
engineering data. While these surveys provide a comprehensive over
view of the research on software testability, they do not suggest specific 
guidance on how to improve testability in practice, specifically design 
testability. 

A highly testable design can reduce the time and effort required for 
testing, improve the accuracy and completeness of testing, and increase 
the reliability and maintainability of the software system [18–20], 
specifically object-oriented software. The object-oriented paradigm has 
facilitated software design and development through the key concepts of 
abstraction, inheritance, and information hiding. However, 
object-oriented software has been demonstrated to have lower test
ability than procedural implementations [21]. 

Design for testability (DFT) concerns early life-cycle activities that 

can promote the testability of the software systems at unit and inte
gration testing levels [21–23]. An essential prerequisite for successful 
DFT in object-oriented software is a precise testability measurement 
mechanism for object-oriented design artifacts, such as the class dia
gram. Nevertheless, most of the existing approaches focus on measuring 
source code testability using software metrics [5,24–29]. These ap
proaches require the full implementation of the system, i.e., the source 
code, and hence do not support testability assessment at the early stages 
of development. 

Few studies have attempted to measure software testability at design 
levels using dependency analysis of UML diagrams [2,23,30]. However, 
these studies have some limitations, such as manual extraction of in
formation, lack of tool support, low efficiency, and incompleteness. For 
instance, Baldini and Prinetto [23] have proposed a DFT approach to 
highly reconfigurable component-based systems [31] by manually 
extracting the kinds of dependency trees from UML diagrams. The de
pendency trees represent the relationships between three levels, 
including requirements, logic components, and resources, enabling the 
identification of the tests necessary for each version. Their approach is 
not specific to a software design artifact such as the class diagram nor 
supported by any tool. Moreover, the complexity of the design is not 
considered when creating the dependency trees, and no additional in
formation is added to the design to measure and improve its testability. 

The software design can be augmented with additional information 
facilitating testing components. Rocha and Martins [30] have presented 
a strategy to improve component testability by including self-checking 
capabilities and tracking mechanisms in the byte codes of Java com
ponents. The proposed testable module contains the component under 
test, a Tracker component responsible for the tracking mechanisms, and 
a Tester component performing the assertions inclusion. The authors 
have not provided any experimental results for their approach. In 
addition, the required information obtained by instrumenting the pro
gram byte code might not be available at design time. 

Software artifacts that are mostly created and available during the 
design phase of object-oriented software are the class diagrams. Baudry 
and Traon [2] have proposed an approach to measure the testability of 
the UML class diagram based on the number of interactions between 
classes in a given design. The authors have quantified the count of class 
interactions as an approximation for object interactions. This estimation 
relies on the hypothesis that during integration testing, for each class 
interaction in a given class diagram, either a test case is generated to 
demonstrate a corresponding object interaction or a report is produced 
indicating that this interaction is not feasible. Therefore, the number of 
interactions between classes estimated the difficulty of testing a system. 

Fig. 1. Example of untestable design and its testable counterpart.  
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The class interactions between two classes are measured with a proposed 
‘complexity of interaction’ metric. 

To compute the complexity of interaction [2], first, the class diagram 
is transformed into an annotated graph, called the class dependency 
graph (CDG) where the nodes are classes or interfaces and the edges 
show interactions. After that, all possible paths between two nodes of 
the CDG are computed. If there are n classes in the descendent’s path, 
which are not pure interfaces, the complexity of the sub-component is 
n(n − 1). The advantage of this approach is that the program source 
code is not required to compute the complexity of interaction. However, 
the time complexity of the proposed algorithm to compute the interac
tion complexity between all pairs of classes in a design with v classes 
equals O(v!). It means considerable time is required to compute the 
proposed metric for large designs. On the other hand, the complexity of 
interaction only corresponds to the design test effort. Indeed, according 
to the standard definition [11], test effectiveness should be considered 
when measuring testability. 

Test effectiveness is typically measured through code coverage 
metrics, such as statement and branch coverages [32]. Some researchers 
have used machine learning to predict code coverage of the class under 
test at unit testing as a proxy of test effectiveness based on source code 
metrics [33,34]. These approaches are unsuitable for measuring design 
testability since they do not consider test effort metrics, such as the 
complexity of interaction [2]. In our recent research, we have used the 
time required to generate test data along with the size of the minimal 
test suite as crucial metrics to include test effort in testability mea
surement [5]. However, the proposed machine learning model required 
source code metrics, which may not be available at the design level. 

This paper uses a set of well-known design metrics based on the in
heritance and dependency relationships computable from the class di
agram to predict the testability of each class at the design phase. The low 
efficiency and incompleteness of the Baudry and Traon approach [2] to 
measuring design testability is addressed by introducing a design test
ability prediction model built upon actual test criteria. The prediction 
model enables efficient and frequent measuring of design testability 
after applying any transformation on the class diagram to indicate po
tential improvements. 

Our approach also introduces automated refactoring to creational 
design patterns to improve class diagram testability. Baudry et al. [7] 
have computed the complexity of interaction for different design pat
terns and suggested using the “create” stereotype to guarantee that the 
implementation will not introduce actual objects’ interactions and side 
effects. Creational patterns that we automatically introduce to an 
existing design use the “create” stereotype to reduce the complexity of 
interaction. The design patterns are introduced to the legacy design by 
automated refactoring algorithms working at the design level, i.e., class 
diagram. 

Manual refactoring to design patterns was initially discussed by 
Kerievsky [8]. To the best of our knowledge, limited attempts have been 
made regarding automated refactoring to design patterns [35–38] in 
software systems. Wei et al. [35] have proposed automated algorithms 
to identify and apply factory and strategy design patterns at the source 
code level. They used Eclipse JDT to extract the program abstract syntax 
tree (AST) and then performed the required analysis and transformation 
for each refactoring operation. However, their approach is not sup
ported by a publicly available tool. In addition, the impact of refactoring 
on different quality attributes, specifically testability, has not been 
studied. 

Zafeiris et al. [36] have introduced a code transformation for refac
toring Call Super (calling a parent class method in the child class) in
stances to the template method design pattern [12]. They conduct 
refactoring to the template method by identifying before and after 
fragments in the Super Call method, extracting them as separate 
methods, and forming the template method in the parent class to remove 
the Super Call statements in the child class. The authors have shown the 
improvement of the Specialization Index (SIX) metric, which expresses 

the proportion of concrete overriding among all the methods of a given 
class multiplied by the depth of the class in the inheritance hierarchy. 
However, they do not consider the impact of the refactoring on external 
quality attributes such as testability. In addition, the information 
required to identify and apply this refactoring is mainly available at the 
source code level, i.e., after implementing a given design, and is not 
suitable for refactoring the class diagram. 

Ouni et al. [37] have proposed a search-based refactoring recom
mendation approach to introducing design patterns. They have intro
duced the refactoring to four design patterns, including the visitor, 
factory method, singleton, and strategy patterns, to improve design 
quality and remove smells. The refactoring opportunities are randomly 
selected and optimized during a many-object search with the NSGA-III 
algorithm [39]. Randomly initializing the parameters of the refactor
ing operations makes the process inefficient [40]. For example, the 
factory method must be parametrized by one creator class and a set of 
product classes, which forms a huge search space. Their approach also 
does not consider testability as an objective. Therefore, it is difficult for 
this approach to improve testability with refactoring. Moreover, their 
proposed tool, MORE [37], is not publicly available for additional usage 
and evaluation. 

In this paper, we automate the identification and application of 
factory method and dependency injection patterns and study their 
impact on the design testability measured with the proposed testability 
prediction model. Motivated by related work, we propose algorithms to 
automate these refactoring which works at the design and source code 
levels. Our approach is different from the existing ones with respect to 
some flexibility factors that aim to improve the generalization of the 
approach. For the factory method, we introduce a heuristic to find nearly 
similar classes as candidates’ product classes, making the algorithm 
flexible and applicable to various designs. For the dependency injection 
pattern, we first make an interface for classes whose objects are injected 
into the target class. Then, change the constructor(s) of the target class 
to accept the parameters of the newly created interfaces. This way the 
code will be ready for testing in isolation. 

4. Methodology 

This section presents our proposed approach for measuring and 
improving software testability at the design level. Our approach evalu
ates and improves testability at the design level which is mainly con
cerned with classes, interfaces, and their relationships. The main reason 
behind working at the design level is that the low code may not be 
developed or available in hand. On the other hand, the design artifacts 
such as class diagrams may not be available for the legacy software. 

Fig. 2. An overview of the proposed testability measurement and improve
ment approach. 
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Finally, synching design and implementation is an important part of the 
improvement process in the maintenance phase. For these reasons, our 
approach works directly at the design level while it can extract the 
design from legacy code and then program change to the code. We begin 
with an overview of the approach and discuss each step in detail. 

4.1. Overview 

The proposed approach consists of four main steps, illustrated by a 
flowchart in Fig. 2. In Step 1, an annotated version of the class diagram is 
extracted from the input program. The input can be either a source code 
or a class diagram. The tool automatically extracts the class diagram if 
the user provides the source code. Design testability is measured in Step 
2 using testability prediction. In Step 3 and Step 4, factory method and 
dependency injection opportunities are identified and applied at the 
design level and propagated to the source code level. Finally, the 
refactored system’s testability is predicted to determine the improve
ment in design testability value. It is worth noting that parts of codes 
responsible for creating and manipulating objects are required for our 
approach to operating. For instance, constructors and fields of classes 
are attached to each node in the class diagram. However, full imple
mentation, such as methods’ bodies, is not necessary to be available. 

We begin by searching for factory method refactoring opportunities 
because it yields greater benefits regarding design testability and at the 
same time understandability and reusability. Indeed, if we first refactor 
to the dependency injection pattern, we may miss those factory patterns 
that their products affected by the dependency injection. As described in 
Section 5.5, DI refactoring removes some objects created by a class (in its 
constructors), which may lead to the loss of a factory method refactoring 
opportunity. On the other hand, as shown in Table 7, the improvement 
of applying the dependency injection method without considering the 
factory is about 4.81 %, which is lower than that obtained by applying 
both the factory method and dependency injection refactoring opera
tions. Hence, we prioritize refactoring to the factory method over de
pendency injection. It is worth noting that applying the two refactoring 
operations in parallel is only applicable to parts without any overlap and 
shared dependencies. In such a situation the parallel execution yields the 
same results with sequential execution. 

4.2. Extended (annotated) class diagram 

According to Baudry and Traon [2] the main views on which test
ability must be analyzed are class diagrams and statecharts, and the 
other views only display snapshots of some possible behaviors. More
over, the full implementation of the system may not be available in all 
situations. Hence, our work focuses on the testability weaknesses of 
UML class diagrams, rarely covered by the literature. The extended class 
diagram proposed in this section contains all relationships between 
classes including those created by method interactions. It captures all 
information required for refactoring to the factory method and de
pendency injection. We use static analysis and abstract syntax tree 
processing at the source code level mentioned whenever possible, i.e., 
when the course code is available to generate the extended class dia
gram. However, our method also works in the absence of program 
source code, e.g., at the development phase. 

Technically, the class diagram can be modeled as a directed labeled 
graph in which vertices represent classes and interfaces of an object- 
oriented system and edges class associations. In the proposed extended 
class diagram the nodes contain basic information about classes’ fields 
and their types, methods, parameters, and constructors required to 
identify and perform refactoring to factory method and dependency 
injection. These data are saved as node attributes in the corresponding 
directed graph. Furthermore, edges in the extended form are labeled 
with different stereotypes that clarify the precise type of relationships 
between the two classes. The complete list of the stereotypes is as 
follows:  

1. Realization: An edge that connects the implementing class to its 
implemented interface.  

2. Extend: An edge that connects the child’s class to its parent.  
3. Create: An edge that connects class A to class B whenever class A 

creates an instance of class B.  
4. Use-consult: An edge that connects class A to class B whenever class A 

uses an object of class B and does not change the status of the object.  
5. Use-def: An edge that connects class A to class B whenever class A 

uses an object of class B and also changes the internal state of the 
object. 

The reason for separating the creation and use dependencies from the 
use-def dependencies is that they do not need to be tested during inte
gration testing. In other words, these relationships do not incur any test 
costs. Moreover, the object creation subgraph could be entirely replaced 
by a fake subgraph that uses test doubles to realize the test in isolation of 
each component. If one type of the above relationships occurred more 
than once between two classes, a weight indicating the frequency of 
occurrence is assigned to the corresponding edge. 

We developed a custom software tool aligned with our requirements 
to extract the annotated class diagram from the program source code 
aligned with the described requirements. The proposed tool is publicly 
available in our GitHub repository [14] to be used and improved by 
other researchers. The parse trees of the production source files are 
created and traversed to extract the extended class diagram from the 
source code. The nodes, edges, and annotation data are extracted while 
traversing the parse trees in a depth-first manner. The algorithm’s time 
complexity is O(n), where n is the number of nodes in the parse tree 
[41]. 

To create and traverse the parse tree for Java programs, we 
employed the ANTLR parser generator [42]. ANTLR generates the parser 
code for the Java language from a formal description of Java grammar 
using the recursive decenet parsing technique [43]. A listener interface 
containing methods called when visiting the parse tree nodes is also 
generated along with the parser. For instance, the ‘enter
ClassDeclaration’ method is invoked when the parser enters a class 
definition within the Java source file. We override this method such that 
it creates a new node corresponding to the entered class and adds it to 
the extended class diagram. Similarly, other methods of the ANTLR 
listener interface were implemented to extract the required information 
for building the annotated classed diagram as a directed graph modeling 
a Java project. 

4.3. Design testability prediction model 

According to ISO/IEC 25010:2011 standard [11], testability is sub
ject to the effectiveness and efficiency of tests. The testability of a given 
design can be best estimated based on the testability of its building 
blocks. We have recently proposed a mathematical model to compute 
the component testability regarding test effectiveness and efficiency [5]. 
In this model, the testability, T(X), of the class, X, is calculated based on 
the parameters obtained by the actual testing of class X using Eq. (1): 

T(X) = E
(
Clevel(X)

)
×

1

(1 + ω(X))

⌈
|τ(X, C)|− 1

TNM(X)

⌉ (1) 

The parameters constituting Eq. (1) are available after complete 
testing of a class in a system with an automatically or a manually 
generated test suite and are defined formally as follows:  

• τ(X, C): The test suite generated for testing the class under test, X, 
regarding the test adequacy criteria, C. The test adequacy criteria 
considered in this paper are widely used code coverage metrics, 
including statement coverage, branch coverage, and mutation 
coverage [44]. These criteria are calculated and reported by many 
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test data generation tools, specifically the EvoSuite tool [45] for Java 
programs, during and after running the tool on the program under 
test. |τ(X, C)| denotes the size of the test suite, i.e., the number of test 
data in the test suite which should be greater than zero on a suc
cessfully completed test. A test suite with at least one test data is 
required to compute the next parameter, E

(
Clevel(X)

)
. The larger test 

suite results in a greater test effort reducing the testability of class, X.  
• E

(
Clevel(X)

)
: Expected coverage is defined as the mean value of the 

coverage regarding mutation, branch, and statement coverages, C, 
achieved when executing X with the test suite τ(X, C). The value of 
each code coverage metric is essentially in the range of [0, 1] where 
zero means no coverage and one denotes the full coverage regarding 
that metric. Therefore, the average of these three code coverage 
metrics is also in the interval of [0, 1]. The higher E

(
Clevel(X)

)
results 

in a more effective test which signs for high testability of the class 
under test.  

• ω(X): The average time of generating one test case which is equal to 
t

|τ(X, C)|, where t is the overall execution time of the test cases τ(X, C).
The testability equation considers the average time for generating 
one test case as the factor that its incrementation negatively affects 
the class testability.  

• TNM(X): The number of methods in the class, X. As the size of the 
class grows in terms of its methods the test suite size naturally in
creases. Therefore, Eq. (1) normalized the test suite size with the 
number of methods in the class to avoid basing the testability value 
on the class size. 

Two main ingredients of Eq. (1) are E
(
Clevel(X)

)
, specifying the test 

effectiveness, and (1 + ω(X))

⌈
|τ(X, C)|− 1

TNM(X)

⌉

, estimating the test effort. 
Hence, the proposed formulation conforms to the standard definition of 
testability proposed by ISO/IEC [11]. After computing the testability of 
all the classes that serve as building blocks of the program under test, the 
testability T(X) of each class component X in the program under test can 
be estimated. The design testability T ‾(D) can then be calculated as the 
average testability of all the classes using Eq. (2): 

T(D) =
1
n
∑n

i=1
Ti(X) (2) 

Eq. (2) measures the program design testability precisely. However, 
each class in the design should be executed several times with a given 
test data set to establish the degree of its testability by Eq. (1), which is 
very time-consuming. As described by Fraser and Arcuri [46], to ensure 
that their experiments with testing 23,886 Java class in the SF110 

benchmark of projects finish within a finite amount of time, a general 
timeout of six minutes per class was assigned to test each class in the 
project. In total, it took them about (23,886 × 10 × 6)/(60 × 24) = 995 
days to test all classes in SF110. In other words, it took their automatic 
test data generation tool, EvoSuite [45], approximately 9 days to test a 
Java project on average. EvoSuite [45] uses an evolutionary process, 
executing the software under test several times to generate test data and 
compute its coverage. In the case of scientific code, it may take several 
minutes, hours, or even days to run a program that, for instance, uses an 
iterative algorithm to solve a partial differential equation [47]. This 
situation becomes even worse in our case where the testability of the 
program is to be checked after every refactoring. Moreover, Eq. (2) re
quires the testability of all classes in the program, while at the design 
phase, even the program’s source code is not available. 

To address the above-mentioned challenges, we propose a testability 
prediction model using machine learning regression techniques. The 
testability prediction model is trained to map a set of design metrics 
extracted from classes in a given class diagram to the testability value of 
many classes in different designs. The testability of the classes in the 
training set is calculated with Eq. (1) only once to build the design 
testability prediction model. Afterward, the learned model is used to 
predict design testability. The resultant model would predict design 
testability without any need to execute the program under test. Another 
important promising point is that once the machine learning model to 
measure the class testability is built, there will be no need to access the 
source code. 

Fig. 3 shows the machine learning pipeline to construct and evaluate 
the design testability prediction model. First, the design metrics for a 
large corpus of the projects are computed from their extended class di
agram. After that, the proposed mathematical model calculates the 
testability of each class in the class diagram. The design metrics and 
testability values form the dataset on which a machine learning model is 
trained to predict design testability. Each class is mapped into a vector of 
design metrics, measured while analyzing the class statically. At the 
same time, each class is tested using an automatic test data generation 
with a specific time budget. The required test code metrics for 
computing class testability, including statement coverage (St Cov.), 
branch coverage (Br Cov.), mutation coverage (μ Cov.), and test suite 
size (τ), are computed according to the results of a test data generation 
tool, e.g., EvoSuite [45]. The vectors of class metrics are preprocessed 
and standardized to be fed into the machine learning regression algo
rithms. As mentioned, each fixed-length vector representing a class in 
the design is labeled with its corresponding class testability, computed 
by the mathematical model in Eq. (1). As a result, learning samples for 
training and evaluating the testability prediction models in a supervised 

Fig. 3. Testability prediction pipeline.  
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manner are prepared. At prediction time, only static analysis of the given 
class is required, and there is no need to test the input class with an 
automatic test data generation tool. This way, no testing cost is implied 
when computing class testability. 

4.3.1. Design metrics 
The input of machine learning models typically is fixed-length 

feature vectors. Therefore, classes must be converted into fixed-length 
vectors representing their features. We employ a comprehensive set of 
design metrics that can be extracted from the proposed extended class 
diagram to vectorize each class in the design, modeled as class diagrams. 
A total of 10 metrics, shown in the second column of Table 1, are used to 
build the feature vector for the machine learning pipeline. The only 
criterion we considered in choosing these metrics is their availability in 
the design phase. As discussed in Section 1, the majority of software 
metrics can be only computed based on the information available at the 
source code level. Our approach extracts class diagrams from the source 
code of the legacy system when it is provided or accepts the class dia
gram produced as design phase artifacts. 

As shown in the first column of Table 1, each metric in the feature 
vector is categorized into either dependency or inheritance class re
lationships. Therefore, it is possible to study the impact of each type of 
these coupling relationships on the design testability. The fourth col
umn, “level,” indicates whether each metric concerns a ‘class’ or a 
‘package’ entity. The only package-level metric shows the number of 
interfaces defined in the package enclosing the class to be vectorized. 
The metric is used to calculate the impact of the design abstraction on 
the design testability. 

Initially, we do not know how each design metric would affect the 
testability and to which extent this impact is important. The impact of 
each metric on testability is learned while building the machine learning 
regressor models. Post analysis the learned model indicates the most 
important design metrics affecting testability. Section 5.4 discusses the 
results of feature importance analysis on our testability prediction. 

4.3.2. Test data generation 
The vectors representing classes in a design are labeled with the 

testability value computed by Eq. (1) to form the design testability 
prediction dataset. To obtain the test suite information required by Eq. 
(1), we used the EvoSuite test data generation tool [48] on a large corpus 
of Java projects previously collected by the EvoSuite developers. Evo
Suite generates test data for each Java class with the genetic algorithm, 
executes the class with the generated test data, and reports compre
hensive information and metrics about the test suite, including the test 
coverage, test time, and the number of test data. These data are fed into 
Eq. (1) to compute the accurate testability of each class in the given 
projects. The advantage of using automatic test data generation instead 
of manually created test data is that the overall testing process is not 
biased towards the human tester skill. Moreover, the computational 
resources and test budget used to test all classes in all projects are the 
same. This way, we can ensure that the computed testability values are 

only affected by the inherent features of the design, which are described 
with design metrics. It is essential to control the tester’s skills and test 
budget when measuring testability since testability is an intrinsic feature 
of the software artifact. 

Manual test data generation on the other hand is subject to the 
expertise of the human tester. Indeed, we cannot ignore the variability 
and differing skill levels of human testers. A human tester with limited 
skill or knowledge could produce an extensive test suite that attains low 
coverage, while an experienced tester might produce a smaller suite that 
attains higher coverage of the same class. Therefore, we should consider 
the variability and differing skill levels of human testers as a significant 
factor affecting the test budget. The testing budget could vary depending 
on the human tester’s expertise, mood, and decisions. However, stan
dards do not make any considerations for the tester’s expertise since 
testability is an inherent characteristic of software design or source code 
affected only by software engineering principles. 

Another important advantage of using test data generation tools is 
the ability to generate tests for a large corpus of software projects. Such a 
corpus is required to create a large and quality dataset for the testability 
prediction task. Creating manual tests for a high number of projects, 110 
projects, in our case, is not practical. It not only takes considerable time 
but also requires the human tester to understand the structure and logic 
of the code before designing any tests. 

4.3.3. Learning algorithms 
Testability computed by the proposed model is a real number in the 

interval [0,1]. Therefore, we used different algorithms from the family of 
regression models to find the best algorithm for the testability prediction 
task. As a final result, we found that the combination of three regressors, 
including multi-layer perceptron (MLP) [49], random forest (RF) [50], 
and histogram gradient boosting (HGB) [51], could be used to predict 
the design testability with a maximum R2 score. Our hybrid model 
combines conceptually different machine learning regressors and 
returns the weighted average of predicted values by each base regressor 
to balance out the individual regressors’ weaknesses. The final predic
tion value is computed based on Eq. (3) below: 

Tpredicted(X) =
1

∑
m∈{MLP, RF, HGB}R2

m

∑

m∈{MLP, RF, HGB}

R2
m⋅Tm(X) (3) 

In Eq. (3), X is the input class, m is one of the base regressors, R2
m is R2 

score corresponding to model m, and Tm(X) is the prediction result for 
class X based on model m. To compute Tpredicted(X) with voting regressor, 
first, each base regressor model, m, is called to predict the testability 
value, Tm(X). This value is multiplied by the R2 score corresponding to 
model m. The results of all individual models are then summed up and 
divided by the total value of base regressors R2 scores. The weighted 
average in this way allows the model with a higher R2 score contributes 
to the final output more than the model with a lower R2 score. The 
overall results of the voting regressor are more accurate than the based 
regressor, since most likely for each input sample, one base regressor 
operates better than the other. Indeed, the prediction error of any base 
regressor for different samples is different which is reduced by averaging 
the results of different regressors on that sample. 

The grid search strategy with the cross-validation technique was 
used to optimize base regressors’ hyperparameters and avoid over
fitting. The feature vectors were standardized with the QuantileTrans
former preprocessing API of the Scikit-learn library [52]. It transforms 
all features into the same desired distribution, the uniform distribution 
in our application, to minimize the impact of outlier values. 

4.4. Improving design testability 

Separating the object creation responsibilities from object use can be 
best performed using the factory method [12] and dependency injection 
[13] design patterns. They mainly help achieve loosely coupled, flexible, 

Table 1 
Design metrics used in testability prediction.  

Relationship type Metric name Description Level 

Dependency CBO Coupling between objects Class 
FANIN Number of incoming invocations Class 
FANOUT Number of outgoing invocations Class 

Inheritance DIT Depth of inheritance tree Class 
NOC Number of children Class 
NOP Number of parent classes Class 
NIM Number of inherited methods Class 
NMO Number of methods overridden Class 
NOII Number of implemented interfaces Class 
NOI Number of interfaces Package 

Total 10  
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and testable designs [53–55]. The identification and application of these 
refactoring are proposed to improve design testability. The factory 
method is a creational pattern that uses factory methods to deal with the 
problem of creating objects without specifying the concrete class of 
object aimed to be instantiated. According to Kerievsky [8], placing 
creational responsibilities in classes that should not play any role in an 
object’s creation results in the ’creation sprawl’ smell. In such a design, 
knowledge for creating an object is spread across numerous classes, 
making integration testing difficult. Factory pattern fixes this problem 
by using one class to encapsulate both creation logic and a client’s 
instantiation/configuration preferences. 

4.4.1. Factory method refactoring 
Factory method design pattern [12] consists of a set of similar clas

ses, named products, which are instantiated throughout another class, 
called the creator class. Factory method refactoring aims to refactor a 
class diagram by introducing factory methods to improve the code 
structure. The main idea of identifying a factory method opportunity is 
to find the products and creator candidate classes. Our proposed 
approach for automating factory method refactoring begins by iterating 
through each node in the class diagram, considering them as potential 
factory classes. For each candidate, the proposed algorithm evaluates 
neighboring classes to identify potential product classes based on a 
specified sensitivity threshold. If the number of potential products meets 
the threshold, it creates an interface with common methods among the 
products. Then, it updates the class diagram by adding factory methods 
to the creator class and replacing instantiation statements with factory 
method calls. To identify potential products, the algorithm examines 
pairs of neighboring classes, considering those with a significant overlap 
in methods as candidates. The most promising product class is selected 
based on a quality metric that considers the commonality of methods. 
Finally, the factory method refactoring algorithm returns the modified 
class diagram reflecting the introduced factory methods and updated 
instantiation patterns. 

After detecting a factory method candidate, the responsibility of 
creating the instance of the products class is delegated to the creator 
class by introducing the corresponding creator methods in that class. It is 
important to find the right candidate classes from the viewpoint of the 
software engineer. Otherwise, the applied refactoring might not be 
meaningful and logical even if it improves testability. In other words, a 
tradeoff between testability and other design quality attributes, such as 
understandability, must be considered when applying each refactoring. 
Therefore, two main preconditions are used to filter out factory method 
refactoring candidates and select the best ones. 

The first precondition is the existence of a creator class in design. 

Existing approaches [37] introduce an explicit creator class when 
applying factory method refactoring. This increases the design size with 
classes that may exist in the initial design. Our approach selects a class 
with at least one outgoing dependency as a creator candidate. This way, 
the creator class would be the class that is already used to instantiate its 
products but by using concrete dependencies. The second precondition 
checks the similarity between candidate products to ensure they are 
classes of the same supertype. If the similarity between a set of classes 
that the creator class depends on is lower than a given threshold, they 
are not eligible to form the factory method’s product classes. 

The sensitivity threshold parameter serves as the key criterion for 
determining which classes are suitable for refactoring and which ones 
are not. It defines the minimum level of method commonality required 
among neighboring classes for a class to be considered a potential 
product of a factory. When evaluating pairs of neighboring classes, the 
algorithm calculates the ratio of common methods to the total number of 
methods. If this ratio exceeds the sensitivity threshold, indicating a 
significant overlap in functionality, the second class in the pair is 
considered a potential product. Therefore, the sensitivity threshold acts 
as a comprehensive criterion that encompasses method commonality, 
ensuring that only classes with a substantial level of shared functionality 
are selected for refactoring. By adjusting the sensitivity threshold, de
velopers can control the granularity of the refactoring process, balancing 
between broader inclusion of classes and more stringent criteria for 
selection. 

Three additional preconditions are also considered when refactoring 
to factory methods to ensure the correctness and meaningfulness of the 
applied refactoring. These preconditions are as follows:  

1. The products’ entities and the creator entity should only be concrete 
classes not interfaces or enums.  

2. The stereotype between products’ classes and the creator class can 
only be ’create’, ’use_consult’, and ’use_def’.  

3. The number of product candidates corresponding to a creator class 
should be greater than one. 

Algorithm 1 shows the pseudocode of factory method refactoring, 
which performs both the identification and application of all refactoring 
candidates on a given design. It receives as input an extended class di
agram and a sensitivity threshold. The main loop (lines 1 to 13) con
siders each class with more than one outgoing dependency as a creator 
class and sends its neighbor classes along with the sensitivity threshold 
to the find_products function (line 7). If more than one product class is 
found, the factory method refactoring corresponding to the current 
creator class is applied (lines 11 and 12). First, in line 11, an interface 

Algorithm 1 
Factory method refactoring.  

Input: Digraph class_diagram, /* The program extended the class diagram as a directed labeled graph */float sensitivity. /* A threshold for considering dependent classes as products */ 
Output: Digraph refactred_class_diagram 
1. foreach Node creator in class_diagram do /* creator is a candidate for Factory class */ 
// Step 1: Factory candidate detection 
2. neighbor_classes ← creator.output_edges().destinations() /* neighbor_classes are candidates for Product classes */ 
3. if length(neighbor_classes) < 1: 
4. continue 
5. endif 
6. neighbors_methods_dict ← create_neighbors_methods() /* Map each class to its methods, keys are class names, values are method names*/ 
7. result_dict ← find_products(creator, neighbors_methods_dict, sensitivity) /* A dictionary with two keys of factory creator and products: {’factory’: creator_name, ’products’: 
{’classes’: [], ’methods’: []}}*/ 

8. if length(result_dict.products) < 1: /* The number of products depends on the value of sensitivity */ 
9. continue 
10. endif 
// Step 2: Factory application 
11. interface ← create_interface(result_dict.products_common_methods, class_diagram) /* Create an interface including the common methods of the products */ 
12. class_diagram ← update_class_diagram(creator, interface, result_dict.products, class_diagram) /* Add factory methods to creator class and replace instantiation statements with factory 

methods and update class diagram */ 
13. endfor 
14. return class_diagram  
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containing the common methods of product classes is created using the 
create_interface function. Then, the update_class_diagram function is 
called to create factory methods in the creator class and update all 
instantiation of the product classes with the creator methods. Finally, 
the refactored version of the extended class diagram is returned as the 
algorithm’s output. The pseudocode of the find_products and update_
class_diagram functions are respectively shown in Algorithms 2 and 3. 

The most important and core part in automating refactoring to fac
tory method design pattern is the find_products function shown in Al
gorithm 2. This algorithm aims to find a subgroup of classes from the 
neighbor classes of the creator class such that factory quality is maxi
mized. The similarity between the two classes is computed as the ratio of 
their common methods to all methods. The first loop in the find_products 
function iterates on all candidate product classes. The second loop adds 
each class with a similarity greater than the sensitivity threshold to a 
temporary product set. The factory quality for this set of selected classes 
is considered as the ratio of their common method to the maximum 
number of methods in product classes (line 15). The set of selected 
products satisfying the sensitivity threshold (line 10), along with the 
computed factory quality (line 15), are added to the factory_qualitities 
dictionary (line 16). After finding all satisfying sets of product classes, a 
set with the maximum factory quality is considered the final product and 
returned by the find_products function (lines 18 to 21). This way, we can 
ensure that the product classes are semantically similar together and 
should realize the same interface. 

The greater sensitivity value denotes that a pair of classes must be 
highly similar to form the product classes. Therefore, the number of 
identified factory refactoring opportunities depends on the sensitivity 
threshold value. In our experiments to improve design testability with 
factory refactoring, described in Section 4, we determine the sensitivity 
threshold to maximize the predicted testability using a different value 
for this threshold. The proposed sensitivity parameter is beneficial in 

regulating product selection quality for factory method refactoring and 
avoiding overly strong preconditions [56] to access useful trans
formations. The only automated refactoring approach for the factory 
method refactoring [37] has not considered such regularization. 

The update_class_diagram function shown in Algorithm 3 is respon
sible for applying the factory method refactoring parametrized with the 
creator class, products classes, and interface of the products. First, for 
each constructor in the product classes, this algorithm creates a ’public 
static method’ in the creator class (lines 1 to 7). The parameters of this 
method are the parameters of the corresponding constructor in the 
product class, set if line 5. However, its return type, set in line 4, is the 
interface generated for the product class in line 11 of Algorithm 1. After 
adding all creator methods to the creator class, the replace_in
stantiations function is called to replace all direct object instantiation by 
the creator methods of the creator class entire the design (line 8). This 
way, all dependencies of type ’create’ are removed between the product 
classes and other concrete classes in the design. Moreover, adding a new 
product to the product class only requires defining a creator method in 
the creator class. 

4.4.2. Dependency injection refactoring 
Dependency injection is a design pattern in software engineering 

where an object or function receives its dependencies from an external 
source rather than creating them internally. In factory method refac
toring, we seek a set of classes with similar functionality, a.k.a. products, 
to establish a creator class (with a create method) for the products. The 
creator class is selected as a class that has at least one dependency on all 
the products. However, a class may depend on different classes with 
different functionalities to perform its responsibilities that are not 
similar anyway. At the same time, instantiating and parametrizing all 
required dependencies is not the main responsibility of the class. In such 
cases, refactoring to the factory method is not a logically meaningful 

Algorithm 2 
function find_products(class: Node, neighbors_methods: Dict<Node, List<Method>>, sensitivity: float).  

1. factory_info ← {} 
2. factory_info.creator ← class 
3. candidate_product_classes ← neighbor_methods.get_classes() 
4. factory_qualitities ← {} 
5. forech class1 in candidate_product_classes: 
6. products ← set() 
7. method_list ← class1.methods /* Initialize the method list with the methods of the first class */ 
8. forech class2 in candidate_product_classes: 
9. common_methods ← intersect(method_list, class2.methods) 
10. if length(common_methods) / length(union(class1.methods, class2.methods)) >= sensitivity then 
11. method_list ← common_methods.copy() 
12. products.add(class2) 
13. endif 
14. endfor 
15. factory_quality ← products.number_of_common_methods / Max(prodcuts.number_of_methods) 
16. factory_qualitities.update({products: factory_quality}) 
17. endfor 
18. products ← factory_qualitities.argmax() 
19. factory_info.products ← products 
20. factory_info.products_common_methods ← products.common_methods 
21. return factory_info  

Algorithm 3 
function update_class_diagram(creator: Node, interface: Node, products: Dict, class_diagram: Digraph).  

1. foreach Class product in products do 
2. foreach Constructor c in product do 
3. m ← add_method(creator, “public static create” + product.name) 
4. m.set_return_type(interface.name) 
5. m.set_param_list(c.param_list) 
6. m.set_body(“return new ” + product.name + “(” c.param_list + ”)”) 
7. endfor 
8. class_diagram ← replace_ instantiations(product, interface.name, class_diagram) /* Replace all new statements with factory methods */ 
9. endfor 
10.return class_diagram  

M. Zakeri-Nasrabadi et al.                                                                                                                                                                                                                    



Information and Software Technology 174 (2024) 107511

10

solution. Instead, a kind of dependency injection (DI) pattern, namely 
the constructor injection, can be applied to create and pass different 
dependencies to the constructors of a target class from the client class. 

Constructor injection refactoring enhances a given class diagram by 
injecting the required objects into an identified dependent class via 
constructor parameters. It promotes loose coupling and enhances the 
modularity and testability of a system by allowing for greater flexibility 
in the configuration of its components. Our approach to automated 
constructor injection refactoring first identifies classes for which the 
chosen class creates instances. If there are such classes, it ensures the 
chosen class has explicit constructors. Otherwise, no modification is 
applied to the class diagram. For each identified class that does not 
already have an interface, the constructor injection refactoring algo
rithm creates an interface and establishes the ‘realization’ relationship 
between the class and its interface. Thereafter, it modifies the 
constructor of the chosen class to accept instances of these interfaces, 
replacing direct object creations with interface instances. Finally, it 
updates the diagram to reflect these changes and returns the modified 
class diagram. The following three preconditions are checked to filter 
out constructor injection refactoring candidates and select the best one:  

1. Existence of reference type attribute(s) or variable(s) in a dependee class. 
The selected candidate class for constructor injection refactoring 

must have at least one instance attribute or constructor variable with 
a user-defined reference type. Otherwise, no constructor injection is 
required if all member attributes and constructor variables are 
primitive.  

2. Existence of object instantiation statement(s) in a dependee class. At least 
one object instantiation must be performed inside the dependee class 
or its constructor(s). Using static methods and variables does not lead 
to class instantiation.  

3. Existence of a dependent class. The dependee class must be used by at 
least one dependent class in the program. Constructor injection is 
typically applied to classes that are frequently instantiated by other 
classes within the system. Without dependent classes, there is no 
need for constructor injection. 

Algorithm 4 shows the identification and application of constructor 
injection refactoring. It receives the extended class diagram and a 
candidate class as input and performs the constructor injection where 
possible. First, in line 1, all classes having a relationship of type ’create’ 
with the input class, x, are retrieved as neighbor_classes. If no class ex
ists, the algorithm is terminated without applying any transformation to 
the class diagram (lines 2 and 3). If the input class, x, does not have any 
explicit constructor, a contractor is added to the class (lines 5 to 7). 
Afterward, an interface is created for each neighbor_classes and added to 

Algorithm 4 
Constructor injection refactoring.  

Input: Digraph class_diagram, /* The program extended the class diagram as a directed labeled graph */ 
Class x, /* A class for which constructor injection is applied */ 
Output: Digraph refactored_class_diagram 
1. neighbor_classes ← x.output_edges(“create”).destinations() /* Retrieves all classes for which x creates instances */ 
2. if len (neighbor_classes) < 1 then 
3. return class_diagram 
4. endif 
5. if len(x.constructors) < 1 then /* Create explicit constructor for class, x, if it does not have explicit constructor */ 
6. m ← add_method(“public ” + x.name()) 
7. x.add_constructor(m) 
8. else 
9. m ← x. constructors[0] 
10. endif 
11. foreach class in neighbor_classes do 
12. interface ← extract_interface(class, “I” þ class.name()) /* Create an interface of the neighbor_class to be injected */ 
13. class_diagram.add_node(interface) 
14. class_diagram.add_edge(class, interface, “realization”) 
15. instances ← x.get_instances_of(class) 
16. foreach instance in instances do 
17. m.add_parameter(interface.name(), instance.name()) 
18. x.replace_object_creations(class.name(), “I” þ class.name()) 
19. class_diagram.remove_edge(x, class, “create”) /* Remove dependency between concrete classes */ 
20. class_diagram.add_edge(x, interface, “use-consult”) 
21. endfor 
22. endfor 
23. neighbor_classes ← x.input_edges(“create”).sources() 
24. update(class_diagram, neighbor_classes) 
25. return class_diagram  

Fig. 4. Illustration of the proposed constructor injection refactoring algorithm on a sample class diagram.  
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the class diagram (lines 12 to 14). After that, in line 17, for each 
instantiation of a neighbor class in the input class, x, a parameter with 
the type of the generated interface is added to the first constructor of the 
class, x. The replace_object_creations function, called in line 18, moves 
all object creations of the neighbor class in the class, x, to the constructor 
and replaces direct object creation with the interface type. The class 
diagram is then modified by removing the ’create’ edge between the two 
concrete classes, the input class, x, and the neighbor class, and adding a 
new edge from the input class, x, to the generated interface corre
sponding to the neighbor class. After updating the input class, all classes 
that instantiate this class are retrieved as neighbor_classes (line 23) and 
updated to pass the required dependencies in the creation time using the 
update function in line 24. 

Fig. 4 shows a sample class diagram before and after applying the 
constructor injection refactoring to demonstrate the application of Al
gorithm 4. Fig. 4.a shows a class diagram containing three concrete 
classes. The “House” class directly creates instances of the “Kitchen” and 
“Bedroom” classes, which makes testing the class hard due to tight 
coupling. In Fig. 4.b, the object creation codes have been removed from 
the “House” class after applying the constructor injection automatically. 
The new design allows testing in isolation of the “House” class by 
injecting test doubles [57] to the class at runtime. Moreover, the 
refactoring algorithm ensures that dependent classes can be injected via 
interfaces, forming loose coupling and improving testability. The re
lationships between the “House” class and the generated interfaces do 
not require testing. Since the interfaces are stateless, the dependencies 
between the concrete class and interfaces are of type ’use-consult.’ 

It should be noted that dependency injection is performed after 
factory method refactoring in our approach to prioritize the objection 
creation in the theme of factory design pattern where all products have a 
common interface. If the objects created by the creator class do not form 
a suitable set of product classes, they are injected individually into the 
creator class. 

4.4.3. Adding stereotypes 
The proposed factory method and constructor injection refactoring 

operations add appropriate stereotypes to newly created relationships 
during the refactoring process. More precisely, the new object creation 
relationships are labeled with the ’create’ stereotypes, and the rela
tionship between concrete classes and interfaces in cases of dependency 
relationship is annotated with the ’use-consult’ stereotypes. An example 
of adding annotations has been shown in Fig. 4. According to Baudry and 
Traon [2], these additional specifications help programmers avoid 
implementing extra object interactions by removing ambiguities from 
the class diagram. They also help prioritize testing of the dependencies 
in integration testing. Automated verifications can then be used to check 
whether the code is in conformance with stereotypes’ constraints. 

5. Evaluation 

The proposed design testability measurement and improvement have 
been evaluated on an extensive set of real-world Java software. This 
section describes the research questions, setups, and evaluation results 
of our experiments. 

5.1. Research questions 

The experiments in this section have been conducted to answer the 
following important questions about design testability measurement and 
improvement:  

• RQ1: How is the performance of regression models trained to predict 
design testability? By assessing model performance, we can determine 
the reliability of design testability predictions in different contexts. 
Knowing the baseline performance helps find the best machine 

learning model for the task of testability prediction and compares 
new approaches or enhancements.  

• RQ2: What are the most influential design metrics affecting software 
design testability prediction? Answering this question helps developers 
focus on improving critical metrics by selecting appropriate refac
toring operations work at design and source code levels. 

• RQ3: To what extent does refactoring to the factory method and de
pendency injection patterns improve the software design testability? 
Refactoring is the most common practice to enhance software qual
ity, but its impact on design testability needs systematic investigation 
discussed in this research question. If refactoring improves test
ability, developers can apply these patterns intentionally. Moreover, 
understanding trade-offs (e.g., increased design complexity vs. 
improved testability) informs decision-making. 

To answer RQ1, we train four regression models discussed in Section 
3.3.3 on 110 class diagrams extracted from 110 Java projects containing 
23,000 Java classes, vectorized with ten metrics in Table 1. The per
formance of our testability prediction models is measured with typical 
regression evaluation metrics, mean absolute error (MAE), mean 
squared error (MSE), root mean squared error (RMSE), median absolute 
error (MdAE), and coefficient of determination (R2) score. These metrics 
are calculated by Eq. (4) to (7). In all equations, ŷi is the predicted value 
of the ith sample, yi is the corresponding true value for ŷi, y is the ex
pected value of y, and n is the number of samples. 

These are common and reliable metrics for evaluating the perfor
mance of regression models, such as our testability prediction model for 
calculating the testability score of classes in a given design. All metrics, 
except the last one, (Eq. (7)), evaluate the model error on samples. 
Hence, a lower value of them means a better model. Mean absolute error 
measures the average magnitude of the errors in the predictions, and 
mean square error measures the average squared magnitude of the er
rors in the predictions. On the other hand, the R2 score indicates the 
goodness of fit and how well the model can predict unseen samples. 
Therefore, a model with a higher R2 score has better performance. The 
best possible R2 score is 1.0, and it can be negative since the model can 
be arbitrarily worse. A constant model that predicts the expected value 
of y, disregarding the input features, would get an R2 score of 0. These 
metrics allow us to evaluate the accuracy and robustness of our test
ability prediction model and demonstrate its potential for practical use. 

MAE(y, ŷ) =
1
n
∑n− 1

i=0
|yi − ŷi | (4)  

MSE
(
(y, ŷ) =

1
n
∑n− 1

i=1
(yi − ŷi)

2 (5)  

MdAE(y, ŷ) = median(|y1 − ŷ1 |,⋯, |yn − ŷn |) (6)  

R2(y, ŷ) = 1 −

∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (7) 

To answer RQ2, the feature importance analysis based on the per
mutation importance technique [50] is performed to automatically 
determine the importance of each design metric. The importance is 
measured in terms of the model R2 score degradation when the metric’s 
values in the test set are shuffled. 

To answer RQ3, the proposed automated refactoring to the factory 
method and dependency injection patterns are applied to the extended 
class diagram of six Java open-source projects, and the change in test
ability is reported before and after applying all feasible refactoring. The 
best design testability prediction model (the model with the highest R2 

score) is used to measure the testability before and after refactoring the 
selected projects. The relative changes in testability are computed by Eq. 
(8): 
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ΔT(X)relative =

⃒
⃒Tafter(X) − Tbefore(X)

⃒
⃒

Tbefore(X)
× 100 (8)  

5.2. Experiments setup 

All experiments have been performed on a computer system with an 
Intel® Core i7 and 16 GB of RAM. Test data generation was repeated five 
times for each project, and the average of the results was used to 
compute testability values. This way, the uncertainty caused by the 
stochastic nature of the EvoSuite test data generation tool is minimized. 

5.2.1. Software systems used for testability learning 
The dataset used to create and evaluate the proposed testability 

prediction approach contains the class diagrams of the SF110 corpus 
[46]. SF110 was collected by EvoSuite developers as a benchmark to 
evaluate their tool. It contains 110 open-source software projects and 
over 23,000 concrete Java classes. More specifically, the SF110 dataset 
comprises a carefully chosen set of 100 Java projects sourced from 
SourceForge, a well-established open-source repository. Additionally, it 
includes the ten most popular Java applications, which have recently 
garnered millions of downloads and active users [46]. The resulting 

SF110 corpus encompasses a substantial collection of classes, spanning 
110 projects and totaling 23,886 classes. Furthermore, it contains over 
800,000 bytecode-level branches and an impressive 6.6 million lines of 
code. The primary strength of this corpus lies in its random selection 
from an open-source repository, ensuring that the distribution of soft
ware types—such as numerical applications, business software, and 
video games—is statistically representative of the broader open-source 
ecosystem. 

We computed the design metrics and testability values for all avail
able classes in SF110. Table 2 shows the descriptive statistics of the 
SF110 class diagrams, indicating that it is large enough to be used for 
appropriate machine learning. The design testability dataset was split 
into training and testing sets such that 75 % of samples were used for 
training, and the remaining 25 % of samples were used to test the 
models. The design for the testability dataset prepared and used in our 
experiments is publicly available on Zenodo [58]. 

5.2.2. Software systems used for refactoring 
We selected six software projects from the SF110 corpus [46] to 

examine the proposed refactoring operations on them and evaluate the 
changes in design testability. Table 3 shows the projects, domains, and 
size of each project. As shown in the table, the selected projects are of 
different sizes and application domains, making it suitable to evaluate 
the proposed testability improvement approach. In total, 1507 Java 
classes with more than 73,000 lines of code are used in our experiments 
with refactoring Java classes. 

5.3. RQ1: design testability prediction performance 

Table 4 shows the performance of different design testability 

Table 2 
Learning dataset statistics.  

Statistic Nodes (classes + interfaces) Edges (relationships) Test data 

Mean 275.73 1133.13 15.67 
Minimum 3 2 0 
Maximum 7955 41,611 414.4 
Sum 29,503 121,245 377,444.9  

Table 3 
Benchmark projects, used to evaluate the proposed approach in this paper.  

Project Link to the source code Short description Number of 
classes 

Lines of 
codes 

Tullibee https://sourceforge.net/projects 
/tullibee 

Provides Java EE components that work with interactive brokers’ financial- 
trading Java API. 

20 4869 

Shop http://www.cs.umd.edu/projects/shop A hierarchical ordered planner application. 34 5348 
JHandBallMoves https://jhandballmoves.sourceforge.ne 

t 
A handball tactics board for all platforms. 69 5489 

Follow https://follow.sourceforge.net/ Monitor text files to which information is being appended asynchronously (e.g., 
log files). 

101 4946 

Fim1 https://sourceforge.net/projects/fim1/ An instant messenger server and client. 242 10,602 
Corina https://dendro.cornell.edu/corina/c 

orina.php 
An open-source dendrochronology program. 1041 42,087 

Total 1507 73,341  

Table 4 
Performance of different design testability prediction models.  

Model Best hyperparameters MAE MSE RMSE MdAE R2 

Multi-layer perceptron 
(MLP) 

’hidden_layer_sizes’: (256, 100), 
’activation’: “tanh”, 
’learning_rate’: 0.001, 
’max_iter’: 150, 
’solver’: ’adam’ 

0.1784 0.0510 0.2258 0.1428 0.4137 

Random Forest 
(RF) 

’max_depth’: 20, 
’n_estimators’: 100, 
’criterion’="squared_error", 
’min_samples_leaf’: 1, 
’min_samples_split’:2, 

0.1504 0.0414 0.2035 0.1157 0.5239 

Histogram gradient boosting 
(HGB) 

’max_depth’: 20, 
’n_estimators’: 100, 
’learning_rate’: 0.05, 
’loss’="squared_error", 
’min_samples_leaf’: 25 

0.1547 0.0412 0.2031 0.1230 0.5228 

Hybrid voting model ’MLP_weight’: 0.2803, 
’RF_weight’: 0.3569, 
’HGB_weight’: 0.3628 

0.1560 0.0410 0.2024 0.1235 0.5286  
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prediction models on the test set along with the best hyperparameters 
obtained during the grid search with five-fold cross-validation for each 
model on the training set. According to Eq. (3) in Section 4.3.3, the 
weight used to average the result in the hybrid model is proportional to 
the R2 score of the base regressors. 

It is observed that the performance of the hybrid model is better than 
the base regressors in three, including MSE, RMSE, and R2, out of the 
five evaluation metrics described in Section 4.1. The proposed model 
can predict the design testability with an MSE of 0.04 and an R2 score of 
0.53. These metrics indicate that the model can capture the relationship 
between the design features and the testability outcomes in practice. It is 
worth noting that other machine learning regressors, such as decision 
tree and support vector machine, have been evaluated in our experi
ments. However, we noticed that their performance is significantly 
lower than the models reported in Table 4. Therefore, we did not report 
their results in this section. 

Unfortunately, there is no ground truth data or relevant measure
ment tool regarding the design testability of software systems to be used 
as a basis for comparing existing approaches. Therefore, we perform a 
relative comparison of the efficiency and correctness of our testability 
prediction method with the design testability measurement method 
proposed by Baudry and Traon [2]. To this aim, we applied our test
ability prediction model to measure the testability, T(D), of 110 class 
diagrams, extracted from 110 projects in the SF110 corpus [46]. Then, 
we applied a design testability computing method called the interaction 
complexity [2] to compute the average complexity interaction of all 
pairs of classes in each class diagram of the SF110 projects. Afterward, 
we ranked the projects once based on their testability values, measured 
by our model, and once based on the inverse of the interaction com
plexities measured by the approach proposed in [2]. 

The Spearman’s rank correlation was used to evaluate the correct
ness of our testability prediction model compared to the results provided 
by Baudry and Traon’s approach [2]. Spearman’s rank correlation is a 
statistical measure that assesses the association between two ranked 

(ordered) variables. It is a valuable tool for understanding associations 
in situations where the rank order matters more than the exact values. 
Spearman’s correlation focuses on the rank order of scores rather than 
their absolute values. Unlike Pearson’s correlation, which assumes a 
linear relationship between continuous variables, Spearman’s correla
tion is nonparametric and more versatile. 

Fig. 5 shows the ranking results of the SF110 projects with the above- 
mentioned methods. The vertical axis shows the projects’ ranks, and the 
horizontal axis indicates the number of class dependencies in the pro
jects. The regression line between project ranks and the number of the 
class diagram’s relationships are illustrated to infer the correlation be
tween the two resultant ranks. In addition, a 95 % confidence interval 
computed by the bootstrap sampling technique is shown for each 
regression line. It is observed that the projects with high connections 
receive lower ranks than the projects with few relationships in both 
ranking methods. The Spearman rank correlation between testability 
prediction results and the inverse of design complexity interaction is 
0.37. A p-value lower than 0.05 indicates that this correlation is statis
tically significant, with a confidence level of 0.95. Therefore, our 
method can be used instead of Baudry and Traon’s interaction 
complexity approach [2] to estimate design testability while it maintain 
a positive correlation with that approach. 

It should be noted that a timeout of 60 min was given to compute 
design interaction complexity for each project. Computing the design 
complexity interaction for 69 out of 110 projects was not finished during 
this timeout, while testability prediction was completed for 95 out of 
110 projects. Therefore, Fig. 5 only shows the ranks of 41 projects for 
which both measurement techniques were finished reasonably. As a 
result, our approach can be used instead of Baudry and Traon’s approach 
[2] when improving class interaction complexity throughout the refac
toring process. 

The main advantage of testability prediction over the complexity of 
interaction is the interpretability of results. The proposed method pre
dicts design testability in the interval [0, 1]. This value is explainable 

Fig. 5. Interaction complexity and design testability ranks per the number of design relationships.  

Table 5 
Testability prediction and design interaction complexity computation time statistics.  

Method # Projects Computation time (second) 

Sum Mean Minimum Maximum Standard deviation 

Interaction complexity [2] 49 1137.119 25.269 0.008 936.354 140.246 
Testability prediction 95 1686.837 37.480 1.404 417.006 84.504  
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from the software engineer’s viewpoint. Moreover, the proposed test
ability prediction approach is more efficient than computing the inter
action complexity. The complexity interaction method calculates all 
possible paths between two nodes (classes or interfaces) in a class dia
gram which is an NP-Hard problem. The time complexity of computing 
the interaction complexity is O(v!), where v is the number of nodes in the 
class dependency graph. Therefore, it takes a long time to compute the 
interaction complexity between all pairs of classes for projects with a 
large number of nodes (classes). 

Table 5 shows descriptive statistics of the computation time for 
design testability protection and design interaction complexity. We 
observe that the maximum time and standard deviation of calculating 
design interaction complexity are greater than the testability prediction 
time. However, its average, minimum, and total time are still better than 
the testability prediction. It is worth noting that the computation time 
for projects whose processing was not finished in the 60-minute timeout 
has not been reported in the descriptive statistics of Table 5. Therefore, 
we conclude that the overall efficiency of testability prediction is better 
than design interaction complexity, specifically for large-scale projects. 

Similar to the testability prediction model, the interaction 

complexity method also needs to be executed after applying each 
refactoring to measure the changes in the design testability, making it 
impractical in large software projects. On the other hand, testability 
prediction is efficient but always estimates testability with some error 
rate. 

5.4. RQ2: important testability design metrics 

One of the main benefits of the proposed testability prediction model 
is the ability to find the most important design metrics automatically by 
interpreting the learned model. We proposed a hybrid regressor model 
combining the results of three base regressors. Therefore, no straight
forward feature analysis can be performed on such a model. Permutation 
feature importance [50] is a valuable model inspection technique used 
to assess the contribution of individual features to a fitted model’s sta
tistical performance on a given tabular dataset. Permutation feature 
importance is indeed a model-agnostic technique, unlike impurity-based 
methods such as Gini impurity or information gain. It can be applied to 
any machine learning model, regardless of its type (e.g., decision trees, 
neural networks, linear regression). For each feature, it randomly 

Fig. 6. Design metrics’ importance in predicting design testability.  

Fig. 7. Relationship between design metrics and design testability.  
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shuffles its values within the dataset to break the relationship between 
that specific feature and the target variable. Thereafter, it observes and 
reports how this shuffling affects the model’s performance (e.g., a 
decrease in accuracy or an increase in error). The drop in performance 
quantifies the importance of the feature that has been shuffled. 

Fig. 6 illustrates the box-whisker plot of design metrics based on their 
importance. The results have been obtained by applying the permuta
tion importance algorithm [50] to the hybrid design testability predic
tion model 100 times for each metric. The horizontal axis, labeled by 
‘importance’, shows the decreases in the R2 score of the model evaluated 
on the test set after shuffling the corresponding metrics shown by the 
vertical axis. The CBO metric is the most important design metric 
affecting testability prediction, which belongs to dependency metrics. 
Indeed, according to Fig. 6, if we remove this metric from our testability 
prediction feature set, the R2 score of the machine learning model is 
reduced on average by 0.50. The NMO metric is the second important 
metric that belongs to the inheritance metrics. Removing this metric 
decreases the learned model R2 score by about 0.16. It concludes that 
both the types of dependency and inheritance metrics are affecting 
design testability. These importance scores have been computed auto
matically and therefore they are not biased towards any human judg
ment. However, Fig. 6 does not specify the direction of relationships 
between important design metrics and testability. 

Fig. 7 shows the relationship between design metrics and design 
testability in our proposed dataset, complementing the results of Fig. 6. 
All metrics values have been normalized in the interval of [0, 1] for 
better visualization. The Pearson correlation coefficient along with the 
p-value of correlation, have been shown on each plot in the figure. Ac
cording to p-values, the reported correlation is significant in all metrics 
except FANIN and NOP, with a confidence level of 0.99. However, the 
correlation coefficient is pretty low for half of these metrics. It indicates 
that testability improvement techniques must focus on metrics highly 
correlated with testability. The CBO and NMO metrics have, respec
tively, negative and positive correlations with testability. The high CBO 
value for a given class in a design shows that the class is coupled with 
many other classes which violates the low coupling or modular design 
principle. The high NMO value indicates that a child class refused to use 
many methods of its parent class. 

As a result, both types of negative and positive correlations empha
size that decreasing relations increase design testability. However, 
despite CBO, the high value of NMO in an inheritance hierarchy is 

deemed as a sign of poor object-oriented design violating the hierarchy 
principle. Hence, it concludes that the following object-oriented prin
ciples do not necessarily result in a testable design. Indeed, testability 
must be measured after refining the design to indicate whether the 
applied changes improve testability or not. 

Increasing the NMO, NOI, and NOC metrics improve design test
ability while increasing CBO, FANOUT, and NIM decreases it. Both 
proposed automated refactoring operations, i.e., refactoring to the fac
tory method and dependency injection, increase the number of in
terfaces and overridden methods while decreasing the coupling between 
objects and outgoing dependencies. Therefore, applying these refactor
ings is expected to improve the design testability predicted by the ma
chine learning model. 

5.5. RQ3: impacts of automated refactoring on design testability 

Table 6 shows the testability value before and after applying the 
refactoring to the factory method and dependency injection (DI) on the 
extended class diagram of each project in our benchmark. The second 
column denotes the sensitivity threshold used in refactoring to the fac
tory method for which the maximum improvement in testability is 
achieved. The last column shows the total relative improvement after 
applying the batch of factory method and DI refactoring operations. It is 
observed that, on average, the applied batch refactoring has improved 
the design testability by about 11.59 %. A maximum of 19.11 % 
improvement is observed for the ‘Shop’ project, indicating a relatively 
high improvement in design testability when considering the factory 
method and DI refactoring operations in a batch mode. 

The main reason for the improvement is that during refactoring to 
factory and dependency injection some strong coupling relations be
tween concrete classes are removed and replaced by coupling between 
concrete classes and interfaces which are more flexible. As a result, the 
values of design metrics such as CBO and FANOUT decrease, and metrics 
such as NOI and NMO increase after refactoring. According to Fig. 7, 
such changes in important testability predictors lead to improving the 
overall design testability. 

According to the results shown in Table 6, the contribution of DI 
refactoring on design testability improvement is lower than the factory 
method refactoring. The reason is that when applying factory method 
refactoring, some DI refactoring opportunities are also covered and fixed 
as a result of the refactoring design to the factory method. On the other 

Table 6 
Results of applying factory method and dependency injection on design testability.  

Project Factory sensitivity (best value) Number of refactoring Testability Relative improvement ΔT(X)relative (%) 

Factory DI Initial After factory After DI Factory DI Factory + DI 

Shop 0.2 7 23 0.40442 0.48145 0.48169 19.047 0.050 19.106 
Tullibee 0.1 2 2 0.59128 0.66321 0.67313 12.165 1.496 13.843 
Fim1 0.1 5 6 0.59186 0.63202 0.65733 6.785 4.005 11.062 
JHandBallMoves 0.1 3 7 0.54228 0.56116 0.59357 3.482 5.776 9.458 
Corina 0.1 6 49 0.53462 0.54689 0.57846 2.295 5.773 8.210 
Follow 0.1 1 5 0.51742 0.53362 0.55802 3.131 4.573 7.847 
Mean 0.1 4 15.33 0.53031 0.56973 0.59037 7.818 3.612 11.588  

Table 7 
Results of applying dependency injection on design testability.  

Project Number of DI refactoring Number of constructor parameters Testability Relative improvement ΔT(X)relative (%) 

Initial After DI Initial After DI DI 

Shop 23 14 37 0.40442 0.41466 2.532 
Tullibee 2 5 6 0.59128 0.6012 1.678 
Fim1 6 82 88 0.59186 0.61717 4.276 
JHandBallMoves 7 65 72 0.54228 0.57469 5.977 
Corina 49 292 333 0.53462 0.56619 5.905 
Follow 5 56 60 0.51742 0.54182 4.716 
Mean 13.14 85.67 99.33 0.53031 0.55262 4.181  
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hand, we observed less improvement in design testability when applying 
DI refactoring before the factory method. Indeed, DI refactoring removes 
some objects created by a class (in its constructors), which may lead to 
the loss of a factory method refactoring opportunity. For these reasons, 
the best sequence to apply a batch of factory methods and DI refactoring 
operations for improving design testability is the sequence in which the 
factory method refactoring operations are detected and applied first, i.e., 
before dependency injection. 

Table 7 shows the results of applying the dependency injection 
method without considering the factory method effects. The average 
design testability improvement is about 4.81 %, which is lower than that 
obtained by applying both the factory method and dependency injection 
refactoring operations. As a result, refactoring to DI might not directly 
improve design testability as much as a factory method. However, it 
facilitates the creation of test doubles essential for an effective test in 
isolation. The third column of the table shows the number of constructor 
parameters whose type is not primitive before and after refactoring to 
DI. On average, the number of constructor parameters has increased by 
15.95 % after refactoring to DI. Indeed, the test doubles can be created 
for an average of 14 new parameters in addition to previous constructor 
parameters at each project. Therefore, refactoring to DI improves soft
ware testability at the unit level. 

It should be noted that we cannot combine factory methods and 
dependency injection into one refactoring or perform only one of these 
refactoring operations without degrading the testability improvement. 
They are different design patterns with relatively different goals and 
impacts. Moreover, not all dependency injection opportunities form a 
factory method refactoring opportunities. To understand the impact of 
both refactorings on testability, we measured the overlap between two 
refactoring operations, i.e., dependency injection and factory method on 
testability improvement. By overlap, we mean how refactoring to the 
factory method covers improvement achieved by refactoring to the de
pendency injection. In other words, is there any need to apply de
pendency injection after applying factory method refactoring? 

To measure the overlap, we computed the testability improvement 
achieved by applying dependency injection in isolation and the test
ability improvement achieved by applying dependency injection after 
performing factory method refactorings. Table 8 shows the absolute and 
relative overlap values between dependency injection and factory 
method refactoring for each project and on the overage. The fourth 
column, ‘overlap’ is the difference between testability improvement by 
refactoring to DI after the factory method (shown in column 3) and 
testability improvement by refactoring to DI without factory (shown in 
column 2). 

The relative overlap shown in the last column is computed by 
dividing the overlap value by the testability improvement by refactoring 
to DI (i.e., the value reported in column 2). For example, in the ‘Shop’ 
project if we apply refactoring to DI after applying all factory method 
opportunities, testability improvement by DI would be about 0.05 %. 

However, testability improvement by refactoring to DI before the fac
tory is about 5.53 %. Therefore, it concludes that many dependency 
injection opportunities are indeed factory methods and are covered by 
the factory. As shown in Table 8, the overlap between the two refac
torings is about 98 % in the ‘Shop’ project which is pretty high. How
ever, on average, the overlap between dependency injection and factory 
method is about 13.6 %, indicating that both of these refactoring op
erations are required and influential when improving design testability. 

An example of refactoring to the factory method identified and 
applied by our approach in the ‘Shop’ project is illustrated to indicate 
the applicability of the proposed method on real-life projects. Fig. 8 
shows the “JSTasks” class, identified as a creator class by the factory 
method refactoring algorithm, along with its dependencies. It uses 
“JSReduction” and “JSAllReduction” detected as product classes in the 
applied factory method refactoring. The “JSTasks” class also extends the 
“JSListLogicalAtoms” class. 

The factory method refactoring algorithm found that “JSReduction” 
and “JSAllReduction” have common methods. Therefore, the refactoring 
algorithm creates an interface named “Interface9” for the “JSReduction” 
and “JSAllReduction” classes. The “JSTasks” use the created interface 
instead of the “JSReduction” and “JSAllReduction” concrete classes. 
This way, the direct dependencies between “JSTasks” and its product 
classes, “JSReduction” and “JSAllReduction,” are broken. 

Fig. 9 illustrates the class diagram of “JSTasks” and the new de
pendencies after applying refactoring to the factory method pattern. As 
shown in the figure, the design is now more comfortable to test due to 
reducing the number of ‘use-consult’ relationships after refactoring. 
Moreover, the newly introduced interface allows the software tester to 
use the test doubles (mock objects) [57] instead of concrete products, 

Table 8 
Overlap between dependency injection and factory method refactoring on 
testability improvement.  

Project Testability 
relative 
improvement by 
refactoring to DI 

Testability 
relative 
improvement by 
refactoring to DI 
after refactoring 
to the factory 
method 

Overlap Relative 
overlap 
(%) 

Shop 2.532 0.050 2.482 98.025 
Tullibee 1.678 1.496 0.182 10.846 
Fim1 4.276 4.005 0.271 6.338 
JHandBallMoves 5.977 5.776 0.201 3.363 
Corina 5.905 5.773 0.132 2.235 
Follow 4.716 4.573 0.143 3.032 
Mean 4.181 3.612 0.569 13.609  

Fig. 8. “JSTasks” class in the Shop project and its dependencies before applying 
the factory method refactoring. 

Fig. 9. “JSTasks” class in the Shop project and its dependencies after applying 
the factory method refactoring. 
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facilitating unit testing of the creator class. 
The complexity of interaction does not change in the above example 

since the number of descendents-path equals one for each class in a 
design. As the design becomes more complex, the effect of automated 
refactoring on the complexity of interactions and design testability 
enhancement increases. A more complicated design demonstrating the 
“SuitGUI” class and its dependencies is shown in Fig. 10. The “SuitGUI” 
class initializes instances from the “Linear”, “Random”, “Discrete”, 
“Raise”, and “MetDataFunction” classes, and also initializes an array of 
the “Function” class, shown in the following code snippet:  

The above “Linear”, “Random”, “Discrete”, “Raise”, and “MetData
Function” classes have been identified as product classes for the factory 
method refactoring by our approach. Tables 9 and 10 show the design 
metrics and testability values before and after refactoring to the factory 
method, respectively. An average improvement of 0.0232 (3.9 %) is 
observed in design testability after refactoring to the factory method. 
This improvement is due to decreases in the design metrics that dete
riorate testability, such as FANIN and FANOUT, and increases in the 
metrics that enhance testability, such as NMO and NOI. The values 

changed after refactoring have been highlighted in Table 10. Fig. 11 
shows the extended class diagram for the “SuiteGUI” class and its de
pendencies after refactoring. The concrete dependencies between the 
“SuiteGUI” class and the production class have been removed as a result 
of refactoring to the factory method pattern. 

According to Baudry and Traon [1], the complexity of interactions 
corresponding to the “SuitGUI” class is computed as the sum of the 
complexity of each dependent path in the design. Using Baudry and 
Traon’s approach the value of “SuitGUI” interaction complexity equals 
286 before applying any refactoring operations. The complexity of in

teractions corresponding to the “SuitGUI” class decrease to 235 after 
applying factory method refactoring. 

5.6. Discussion and implications 

Refactoring to creational patterns mainly factory method and de
pendency injection helps separate the responsibilities of creating and 
using objects at the design and source code level and increases test
ability. Refactoring to the factory method is prioritized over dependency 
injection where possible since it results in better design testability as 

Fig. 10. Extended class diagram for the “SuiteGUI” class and its dependencies before refactoring.  
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well as modularity. Software developers and testers both benefit from 
factory method refactoring pattern as it makes the design more testable 
and flexible. Besides, there are various schemes for refactoring to factory 
methods and dependency injection patterns which may affect testability 
improvement. Developer preference may be considered when different 
schemes of refactoring to a pattern are applied. For instance, the 
update_class_diagram function in Algorithm 3 creates many static 
methods in the body of the creator class during refactoring to the factory 
method pattern. It generates a method for each constructor found in the 
products responsible for creating an object of that product. However, the 

standard scheme of the factory method often uses one static method to 
generate all types of products leveraging switch cases or if-then-else 
statements [12]. 

It would be beneficial to ask the developer to choose the desired 
refactoring scheme after identifying a refactoring opportunity. Likewise, 
the dependency injection pattern is typically performed in three 
schemes, including constructor injection, interface injection, and setter 
injection [13]. The proposed algorithm in this paper automates the 
constructor injection scheme. However, these three schemes are only 
slightly different and can be automated considering some minor changes 

Table 9 
Design metrics and testability values of the SuiteGUI class and its dependencies before refactoring.  

Class DIT NOC NOP NIM NMO NOII FANIN FANOUT CBO NOI Testability 

SuiteGUI 2 0 2 0 0 0 51 69 4 0 0.6729 
Discrete 2 0 2 13 3 0 12 15 1 1 0.6120 
Function 1 5 2 0 0 0 53 17 1 1 0.7206 
Linear 2 0 2 13 3 0 12 12 1 1 0.6414 
MetDataFunction 2 0 2 13 3 0 5 9 1 1 0.6243 
Raise 2 0 2 13 3 0 8 10 1 1 0.6364 
Random 2 0 2 13 3 0 12 16 1 1 0.6122 
SimulationAgent 2 0 1 0 0 0 141 187 19 0 0.3154 
ScenarioDesignWizard 1 0 1 0 0 0 17 13 4 0 0.5151 
Average 1.78 0.56 1.78 7.22 1.67 0.0 34.56 38.67 3.67 0.67 0.5945  

Table 10 
Design metrics and testability values of the SuiteGUI class and its dependencies after refactoring.  

Class DIT NOC NOP NIM NMO NOII FANIN FANOUT CBO NOI Testability 

SuiteGUI 2 0 2 0 0 0 51 62 6 2 0.7401 
Discrete 2 0 2 13 5 0 12 15 1 3 0.6259 
Function 1 5 2 0 0 0 53 17 1 3 0.7307 
Linear 2 0 2 13 5 0 12 12 1 3 0.6601 
MetDataFunction 2 0 2 13 5 0 5 9 1 3 0.6484 
Raise 2 0 2 13 5 0 7 10 1 3 0.6511 
Random 2 0 2 13 5 0 11 16 1 3 0.6495 
SimulationAgent 2 0 1 0 0 0 141 187 21 3 0.3384 
ScenarioDesignWizard 1 0 1 0 0 0 17 13 4 0 0.5152 
Average 1.78 0.56 1.78 7.22 2.78 0.0 34.33 37.89 4.11 2.56 0.6177  

Fig. 11. Extended class diagram for the “SuiteGUI” class and its dependencies after refactoring.  
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in Algorithm 4. Constructor injection is a fundamental aspect of de
pendency injection frameworks like Spring [59], where it is often used 
to ensure that the necessary components of an application are properly 
provided and managed. 

As a final note, the proposed testability prediction model uses 10 
metrics at the design level to predict class testability. Whatever source 
code artifacts are available more software metrics can be extracted and 
computed for each class. Enlarging the size of the feature space improves 
the performance of the machine learning model in the case of our large 
dataset [60]. Therefore, it would be helpful if we had separate prediction 
models for working at the source code level when refactoring to improve 
design testability. 

6. Threats to validity 

Several factors mainly threaten the validity of the proposed approach 
in this paper. We outline these threats along with the actions performed 
to minimize them in terms of construction and internal and external 
validity. 

6.1. Threats to construction validity 

Regarding the validity of construction, the most important threat is 
how we define and measure testability at the design level. We consider 
two ingredients, the test effectiveness and test efficiency, mentioned by 
ISO/IEC 25010 standard [5] in defining our mathematical testability 
model. Such formulations have been successfully applied to measure 
and improve testability at the source code level [5,32]. The three most 
used test adequacy criteria, including mutation score, branch coverage, 
and statement coverage, are used to estimate test effectiveness. How
ever, other criteria, such as prime path coverage [44], could be added to 
the model to improve its accuracy. 

The proposed testability prediction model predicts the testability of 
each class and then averages the results to obtain design testability ac
cording to Eq. (2), which is an indirect measurement approach. It is 
possible to use Eq. (2) to label each class diagram with the corre
sponding testability and build a model that directly predicts design 
testability. However, this approach requires many projects (greater than 
110 projects used in our method), which can be considered in future 
work. We use a set of ten design metrics to vectorize each class in the 
class diagram. These metrics have been used for different software 
measurement tasks [61] and are supported by most software analysis 
tools [62–64]. Nevertheless, other metrics can be added to the vector 
representation to improve the feature space of testability prediction 
models. 

Finally, this paper considers the class diagram as the main important 
software artifact in the design phase. It is suitable for machine learning 
objectives since it can be extracted from the source code. Nevertheless, 
design artifacts such as the activity diagram and sequence diagram 
providing behavioral information about the program are beneficial in 
both the measurement and improvement processes. 

6.2. Threats to internal validity 

The most important threat to internal validity is the use of EvoSuite 
for test data generation and computing test information. EvoSuite works 
on the program’s byte code to generate test data. Therefore, it considers 
the dependencies between classes and generates test data that maximize 
different coverage criteria. EvoSuite has achieved the highest overall 
score in the ninth unit testing competition at SBST 2021 [65]. However, 
other test data generation tools, such as JDart [66] and Randoop [67], 
are available for Java programs that can be used to improve the accuracy 
of the mathematical testability model. 

EvoSuite generates test data with an evolutionary algorithm. It 
means that the test results are different each time due to the stochastic 
nature of the initial population and operators applied during the test 

data generation process. To minimize the randomness effect, Test data 
generation with EvoSuite was repeated five times on each class with 
default setting and different random seeds, and output parameters were 
averaged for use in the testability model. Finally, to mitigate the 
randomness of the machine learning models, the five-fold cross-valida
tion method was applied during hyperparameter optimization, and the 
model with the highest R2 score was selected for each regressor. 

6.3. Threats to external validity 

We implemented and evaluated our proposed approach to work on 
software systems written in Java language. The proposed extended class 
diagram, design metrics, and refactoring operation are applicable to 
other programming languages that support the object-oriented para
digm. However, further empirical investigation is required to evaluate 
the effectiveness of the proposed approach in other programming lan
guages. Some languages support specific design features, which may 
result in a different distribution of design metrics used for testability 
precision. For instance, C++ supports multiple inheritances, which most 
presumably affects testability at the design level. 

To improve testability, we mainly rely on the creational pattern 
responsible for creating and initials objects. There are different types of 
design patterns whose impact on testability can be studied with our 
proposed framework. Specifically, the behavioral and structural pat
terns that are responsible for assembling and manipulating objects may 
be applied to improve design testability. 

7. Conclusion 

Design testability is an important quality attribute that directly af
fects the cost and quality of testing software systems at the design level. 
The class diagram is the most-known design artifact denoting the re
lationships between different entities in the program. A flexible and non- 
ambiguous class diagram provides a testable design that not only facil
itates integration testing but also results in a testable implementation. 
Due to the complexity of interactions in the class diagram of large 
codebases, machine learning techniques could be best applied to esti
mate class diagram testability and quantify testability at the design 
level. 

The design testability can be best measured in terms of test effec
tiveness, qualifying by test adequacy criteria and test efficiency denoted 
by test suite size such that it realizes the standard testability definition. 
To avoid the actual testing of the program to find its design testability, a 
machine learning model is trained on a large number of software design 
artifacts, specifically, extended class diagrams, labeled with their test
ability. The proposed hybrid machine learning regression model in this 
paper predicts design testability based on ten design metrics with a 
mean squared error of 0.04 and an R2 score of 0.58. The top four most 
important design metrics affecting class design testability are coupling 
between objects (CBO), number of overridden methods (NMO), number 
of incoming invocations (FANIN), and number of outgoing invocations 
(FANOUT). All metrics except NMO negatively correlate with design 
testability. It concludes that both the dependency (e.g., CBO, FANIN, and 
FANOUT) and inheritance (e.g., NMO) relationship metrics influence 
design testability. 

Applying refactoring to creational patterns in a batch mode separates 
the concerns of object creation and usage and makes design flexible. The 
results of automatic identification and application to two well-known 
patterns, factory method and dependency injection (DI), indicate an 
11.59 % improvement in design testability. During refactoring to these 
patterns, robust coupling connections between concrete classes are 
eliminated and replaced with more flexible couplings between concrete 
classes and interfaces. Consequently, design metrics like CBO and 
FANOUT decrease, while metrics like NMO and number of interfaces 
(NOI) increase after the refactoring. Refactoring to creational patterns, 
specifically dependency injection, also increases class constructor 
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parameters for each Java project by an average of 15.95 %, which fa
cilitates the creation of test doubles. In summary, using the proposed 
approach, developers can predict the testability of their design, auto
matically refactor classes in the design, and observe potential 
improvements. 

There is a vast opportunity for future works on the direction of this 
paper. First of all, automated refactoring to other design patterns, 
including behavioral and structural patterns, is offered to improve the 
testability of the class diagram. Other types of refactoring to dependency 
injection, including interface injection and setter injection, must be 
automated besides the constructor injection proposed in this paper. 
Search-based refactoring methods can be applied in batch refactoring 
with three or more refactoring operations to maximize the design 
quality in particular testability. To this aim, the proposed testability 
prediction model is used as a fitness function of the search algorithm. 
Finally, other design artifacts, including but not limited to the activity 
diagram, sequence diagram, and collaboration diagram, can be consid
ered in addition to the class diagram when measuring and improving 
design testability. 
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[6] M.Ó. Cinnéide, D. Boyle, I.H. Moghadam, Automated refactoring for testability, in: 
2011 IEEE Fourth International Conference on Software Testing, Verification and 
Validation Workshops, IEEE, 2011, pp. 437–443, https://doi.org/10.1109/ 
ICSTW.2011.23. 

[7] B. Baudry, Y. L. Traon, G. Sunye and J.-M. Jezequel, “Measuring and improving 
design patterns testability,” Proceedings. 5th International Workshop on Enterprise 

Networking and Computing in Healthcare Industry (IEEE Cat. No.03EX717), 
Sydney, NSW, Australia, 2003, pp. 50-59, 10.1109/METRIC.2003.1232455. 

[8] J. Kerievsky, Refactoring to Patterns, Addison-Wesley Professional, 2005. 
[9] S. Chiba and R. Ishikawa, “Aspect-oriented programming beyond dependency 

injection,” 2005, pp. 121–143. doi: 10.1007/11531142_6. 
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