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Abstract. An adequate combination of verification and validation (V&V)
methods is important to improve software quality control throughout the
development process and to reduce costs. However, to find an appropriate set of
V&V methods that properly addresses the desired quality characteristics of a
given project is a NP-hard problem. In this paper, we present a novel approach
that combines V&V methods efficiently in order to properly cover a set of quality
characteristics. We modelled the problem using a bipartite graph to represent the
relationships between V&V methods and quality characteristics. Then we
interpreted our problem as the Set Cover problem. Although Set Cover is
considered hard to be solved, through the theoretical framework of Parameterized
Complexity we propose an FPT-Algorithm (fixed-parameter tractable algorithm)
that effectively solves the problem, considering the number of quality
characteristics to be covered as a fixed parameter. We conclude that the proposed
algorithm enables combining V&V methods in a scalable and efficient way,
representing a valuable contribution to the community.
Keywords: combination, verification, validation, software quality, FPT, set
cover, parameterized complexity.

1 Introduction
Studies suggest high costs related to quality assurance activities in software
development projects [1]. The appropriate combination of verification and validation
(V&V) methods is seen in the literature as a way to reduce these costs and increase
product quality [2]. Over the years, some knowledge has been generated regarding
V&V methods when observed in isolation [3]. However, the selection of different
V&V methods as well as the interdependencies among them are still not wellunderstood [4].
A significant part of the software industry is made up of small and medium-sized
companies that, given the lack of guidelines for performing the right combination of
V&V methods, have difficulties in optimizing this combination for their context,
increasing the costs of resources and time and mainly harming the quality of the
produced software.
According to the Guide to the Software Engineering Body of Knowledge
(SWEBOK) [5], verification is used to ensure that the software product is built in the
correct way, that is, it complies with the previously defined specifications. On the other
hand, validation guarantees that the product is adherent to the user needs. It is known
that an adequate combination of V&V methods outperforms any method alone [6].
Most of the studies presented in a systematic mapping [9] do not clearly specify which
V&V methods cover which quality characteristics (e.g., considering the quality
characteristics described in the ISO 25010 quality model standard).

Finding a set of methods that together properly addresses all quality characteristics
of interest can be seen as a Set Cover Problem (SCP) [11]. The SCP is a classic NPhard problem in the computational complexity area, whose decision version belongs to
the list of the 21 Karp's NP-complete problems [11]. This means that when the number
of methods or quality characteristics increase, the performance of an algorithm to
aiming at combining them in an optimal way would drastically decrease.
The existence of efficient algorithms to solve NP-complete, or otherwise NP-hard,
problems is unlikely, if the input parameters are not fixed; all known algorithms that
solve these problems require exponential time (or at least super-polynomial time) in
terms of the input size. However, some problems can be solved by algorithms for
which we can split the running time into two parts: one exponential, but only with
respect to the size of a fixed parameter, and another polynomial in the size of the input.
Such algorithms are denoted FPT (fixed-parameter tractable) in the Parameterized
Complexity field, because the problem can be solved efficiently for small values of the
fixed parameter [13][14][15]. This field emerged as a promising alternative for
working with NP-hard problems [12].
In this paper, we propose an algorithm to obtain an optimal combination of methods
covering software quality characteristics of interest in reasonable computational time.
In order to find an optimal solution for the problem (based on the desired software
quality characteristics and the relation between those and V&V methods, provided as
input), we adopted a parameterized approach, considering the set of quality
characteristics as fixed parameter, and obtaining an algorithm classified as FPT. The
implemented FPT algorithm is the first of its kind that solves the SCP.
Our proposed algorithm reached its goals: it runs in 𝑂(𝑓(𝑘) × 𝑛), where the
constant 𝑘 is the number of quality characteristics, 𝑛 is the number of methods, and
𝑓(𝑘) is some function of 𝑘. Considering that the number of quality characteristics of a
given quality standard is always constant, the algorithm runs in polynomial time in
terms of the number of V&V methods to be combined. As a result, it provides the
minimum set of V&V methods addressing all quality characteristics of interest. While
this information is surely useful, we are aware that companies may choose to
complement these methods with others to further assure the quality of the product (or
even chose others) and that other factors, such as cost, should be considered when
taking the final decision.
The remainder of this paper is organized in the following sections: Section 2
presents the background and related work concerning quality characteristics, V&V
methods, and the combination of V&V methods. In Section 3 the problem is modeled
as a SCP. Section 4 briefly introduces parameterized complexity theory. Section 5
presents the FPT–Algorithm that obtains the optimal combination. Section 6 contains a
computational experiment analysis. Section 7 discusses the contributions and
limitations of our approach. Section 8 presents the concluding remarks.

2 Background and Related Work
2.1 Quality Characteristics
Concerning software product quality characteristics, the product quality model defined
in the ISO 25010 standard includes eight characteristics, for which quality
requirements may be defined and measured during software development [10]. The
characteristics and short descriptions for them, based on the ISO 25010 standard, can
be found in Table 1.

Table 1.
Characteristic
Function
Suitability
Performance
Efficiency
Compatibility
Usability
Reliability
Security
Maintainability
Portability

ISO 25010 Quality Characteristics.

Short Description
Degree to which a product or system provides functions that meet stated and implied
needs when used under specified conditions.
Represents the performance relative to the amount of resources used under stated
conditions.
Degree to which a product, system or component can exchange information with
other products, systems or components, and/or perform its required functions, while
sharing the same hardware or software environment.
Degree to which a product or system can be used by specified users to achieve
specified goals with effectiveness, efficiency and satisfaction in a specified context
of use.
Degree to which a system, product or component performs specified functions under
specified conditions for a specified period.
Degree to which a product or system protects information and data so that persons
or other products or systems have the degree of data access appropriate to their types
and levels of authorization.
Degree of effectiveness and efficiency with which a product or system can be
modified to improve it, correct it or adapt it to changes in environment, and in
requirements.
Degree of effectiveness and efficiency with which a system, product or component
can be transferred from one hardware, software or other operational or usage
environment to another.

2.2 V&V Methods
Several V&V methods have been proposed over the years. In this paper we concentrate
on a subset of V&V methods extracted mainly from the SWEBOK [5] and some other
sources [19][20] to compose our corpus. The list of methods can be found in Table 2.
Due to space constraints, a short description of the methods is not provided, but it can
be easily obtained in the cited sources. It is noteworthy that there are variations for
each of these methods (e.g., different control flow-based criteria, different inspection
techniques). Nevertheless, we use this more generic classification as a starting point,
given that characterizing all possible variations to obtain a representative input for our
algorithm would be hard to accomplish. Thus, a method covering a quality
characteristic, in the context of this paper, means that there are ways of appropriately
addressing it using the method.
Table 2. V&V Methods.
Classification
Based on Intuition &
Experience
Input Domain-Based

Code-based
Fault-based
Usage-based
Model-based
Reviews

Method
Ad Hoc Testing
Exploratory Testing
Equivalence Partitioning
Pair wise Testing
Boundary-Value Analysis
Random Testing
Cause-Effect Graphing
Control Flow-Based Criteria
Data Flow-Based Criteria
Error Guessing
Mutation Testing
Operational Profile
Usability Inspection Methods
Finite-State Machines
Workflow Models
Walkthrough
Peer Review or desk checking
Technical Review
Inspection

2.3 Combination of V&V Methods
It is known that the quality of software products is strongly dependent on the
appropriate combination of V&V methods employed during development [2].

Experimental studies have long demonstrated that the use of combinations of different
V&V methods to ensure the quality of a software is more effective than using isolated
methods [7][8].
Elbertzhager et al. [9] conducted a mapping study concerning the combination of
V&V methods. They describe two fundamental approaches: Compilation and
Integration. We focus on the Compilation approach since our purpose is purely to
combine existing V&V methods (Compilation process). We are not focusing on
creating new techniques by combining different methods into one, nor in using the
results of the application of some technique as an instance to apply another one
(Integration of V&V methods).
In order to establish how other works perform the combination of V&V methods in
the Compilation approach, Elberzhager et al. [9] created a categorization to classify
and organize these studies into three subgroups.
In the ﬁrst subgroup, static and dynamic techniques are combined, focusing on
thread escape analysis, atomicity analysis, protocol analysis, vulnerability analysis,
concurrent program analysis or on defects in general. All these combinations are
supported by open-source or proprietary tools.
The second subgroup compares different testing and inspection techniques
discussing advantages and disadvantages among them. In most cases, two or three
techniques are compared to each other. Several studies initially perform inspections,
followed by some tests, corroborating then the effectiveness of the combination of both
techniques.
The last subgroup describes other combinations, such as testing techniques and
inspections combined with formal specifications, bug-ﬁnding tools, comprehensive
quality control processes in industrial environments, comprising several inspections
and technical tests, requirements and static analysis, tutorials, simulations, and visionbased approaches.
The most cited papers in the systematic mapping [9] regarding the Compilation
approach are: Basili [22], Kamsties and Lott [23], and Wagner et al. [24]. Basili [22]
makes a comparison of three software testing techniques: reading of code by gradual
abstraction, functional testing using equivalence partition and border value analysis,
and structural testing using total coverage of criticism, according to efficiency, cost,
and fault detection classes. Kamsties and Lott [23], evaluate three techniques through a
controlled experiment: reading of code by gradual abstraction, functional (black-box)
testing and structural (white-box) testing. Wagner [24] describes a case study where
several projects are analyzed in an industrial environment. In this project, automatic
static analysis, testing, and reviews are used to detect defects. Their results show that
these techniques complement each other and that they should be combined.
In the systematic mapping [9], papers were analyzed until 2010. This led us to carry
out an update regarding the compilation approach, with the aim of finding more
relevant and recent papers from 2010 to present. Due to space constraints the details of
our mapping update will not be provided in this paper and we focus directly on the
recent related work.
Dwyer and Elbaum [25] suggest an approach based on dividing V&V methods into
two main classes: those that make dynamic analyses (or focused on behavior of the
system, e.g., testing) and those that use static analysis (typically focused on a single
property of the system at a time). Runeson et al. [27] compare code inspections and
structural unit tests by analyzing three replications of an experiment in order to know
which method finds more faults. Olorisade et al. [28] investigate the effectiveness of
two test techniques (partition of equivalence class and decision coverage) and one
review technique (code by abstraction) in terms of their ability to detect faults.
Cotroneo et al. [29] combine testing techniques adaptively, based on machine learning,
during the testing process, by learning from past experience and adapting the technique
selection to the current testing session. Bishop et al. [30] combine a monotonicity
analysis with a defined set of tests, showing that, unlike "independent" dynamic
methods, this combination provides a full error coverage. Solari and Matalonga [31]
study the behavior of two techniques, equivalence partition and decision coverage, to

determine the types of defects that are undetectable for either of them. Finally,
Gleirscher et al. [32] analyze three different techniques of automated static analysis:
code clone detection, bug pattern detection, and architecture conformance analysis.
They claim that this combination tends to be affordable in terms of application effort
and cost to correct defects.
It is noteworthy that none of the related work has implemented something similar to
our proposal, since we focus on covering a set of quality characteristics with few
methods, thus obtaining an optimal combination of V&V methods. While applying all
available methods represents a solution, this option might not be applicable due to cost
constraints.

3 Modeling the Problem
In this section we describe how the problem of finding the smallest combination of
methods that cover a specific set of quality characteristics can be modelled as a Set
Cover Problem.
Consider 𝐶 as the set of characteristics, and 𝑁(𝑚) as the subset of 𝐶 that is covered
by a specific method 𝑚. We need to find the smallest set of subsets that cover 𝐶. The
problem is NP-hard in general. The relation between the characteristics and the
methods can be modeled as an undirected bipartite graph as shown in Figure 1.

Fig. 1. Undirected bipartite graph. In the left-hand side the methods are positioned,
and in the right-hand side the characteristics. Edges reflect the relationship between
methods and characteristics. In the depicted instance, the set of methods contains the
following elements: Peer Review (PR), Workflow Models (WM), Finite-State
Machines (FSM), Operational Profile (OP), Mutation Testing (MT), and Exploratory
Testing (ET). The set of characteristics is composed by four characteristics: Usability
(U); Reliability (R); Security (S), and Maintainability (M). The graph shows a scenario
in which method PR covers characteristics M and S, WM covers S and U, FSM covers
S and R, OP covers R and U, MT covers R, and ET covers U.
The example instance was obtained from the results of a survey [21] that collected the
opinion of experts about these V&V methods. The experts answered about their
agreement on the suitability of the methods to address the different quality attributes of
the ISO 25010 standard. The relationship between some method 𝑚 and some
characteristic 𝑐 is obtained from the median of the survey answers (1 – disagree, 2 –
partially disagree, 3 – partially agree, 4 – agree). In this example we considered that 𝑚
properly covers 𝑐 if the median is bigger or equal to 3. I.e., only methods that cover a
quality characteristic to a certain degree will have edges in the graph. The outcome of
the survey relating the quality characteristics to the V&V method can be seen in more
details in [21].
For illustrative purposes we built this graph instance taking a subset of our real data,
considering only four quality characteristics and some of the methods that can be used

to properly address them according to the answers of the respondents (19 experts from
7 different countries, all with PhDs in software engineering, active in major software
engineering and V&V venue committees, and with relevant publications in the area of
V&V). The example perfectly serves our illustrative purposes to present the V&V
method combination algorithm. Actually, this smaller example allows providing a
better understanding of the algorithm’s execution and correctness.

4 Parameterized Complexity
The Parameterized Complexity field emerged as a promising way to deal with NP-hard
problems [12][26]. It is a branch of the Computational Complexity Theory that focuses
on classifying computational problems according to their hardness with respect to
different parameters of the input. The complexity of a problem is mainly expressed
through a function of these parameters.
The theory of NP-completeness was developed to identify problems that cannot be
solved in polynomial time if 𝑃 ≠ 𝑁𝑃. However, several NP-complete and NP-hard
problems still need to be solved in practice.
For many problems, only super-polynomial time algorithms are known when the
complexity is measured according to the size of the input, and in general, they are
considered "intractable" from the theoretical point of view assuming that 𝑃 is different
from 𝑁𝑃. Nevertheless, for several problems we can develop algorithms in which we
can split the running time into a part computed in polynomial time with respect to the
size of the input and another part computed in at least exponential time, but only with
respect to a parameter 𝑘. Consequently, if we set the parameter 𝑘 to a small value and
its growth is relatively small we could consider these problems as "manageable" and
not "intractable" [13][14][15].
Thus, an important question arises: “Do these hard problems admit non-polynomial
time algorithms whose exponential complexity part is a function of merely some
aspects of the problem?” [12]. The existence of such algorithms was analyzed by
Downey and Fellows in [13], and is briefly discussed in the next section.
4.1 Fixed-Parameter Tractable (FPT) Approach
The fixed-parameter tractable (FPT) approach [13] considers the following format for
the problems: "Given an object 𝑥 and a non-negative integer 𝑘, the goal is to determine
whether 𝑥 has some property that depends on 𝑘?" The parameter 𝑘 is considered small
compared to the size of 𝑥. The relevance of these parameters lies precisely in the small
range of values they can take, being a very important factor in practice [12].
The FPT-algorithms sacrifice the execution time, which can be exponential, but
guarantee that the exponential dependency is restricted to the parameter 𝑘, which
means that the problem can be solved efficiently for small values of that fixed
parameter. The use of these algorithms provides a more rigorous analysis of problem’s
time complexity since this complexity is generally obtained from the size of the input
[12].
Formally, a problem Π belongs to the class FPT (it is fixed-parameter tractable) with
respect to a parameter 𝑘 if it admits an algorithm to solve it whose running time is of
the form: 𝑓(𝑘) × 𝑛𝑎 , where 𝑎 is a constant, and 𝑓 is an arbitrary computable function.
Note that whenever 𝑘 is bounded by a constant we have 𝑓(𝑘) = 𝑂(1), hence the
running time of the algorithm will be polynomial.
Finally, for the problem of this paper, we present a fixed-parameter tractable
algorithm where the size 𝑘 of the set of characteristics to be covered is the parameter.
I.e., we are limiting the complexity by the number of relevant product characteristics to
be considered when developing the software.
4.2 Scalability of the FPT-algorithms

Scalability is the ability of a system or process to handle an increasing amount of data
[16]. Computer algorithms can be called scalable if they are efficient when applied to
large instances, i.e., instances with a large size of the input [17].
We can say that FPT-algorithms are scalable because they are efficient when
executed in large instances. These algorithms take advantage of the specific structure
of the instances, which is a differential when compared to exact or exhaustive search
algorithms that require high computational time.
It is important to note that the studied problem can handle a large number of V&V
methods, given that the number of quality characteristics tends to be relatively small.
Therefore, an FPT-algorithm with respect to the number of characteristics to be
covered will produce a tool for combination of V&V methods with high scalability.
Indeed, in our problem, the number of quality characteristics is already a known
small integer (in the ISO standard this number is 8). Therefore, scalability relies on the
ability to find the optimal solution even if the number of considered methods is
growing. Our initial set comprises 19 methods, but additional methods have been
reported by the survey respondents and our algorithm allows to efficiently work, for
example, with 30, 50, or 100 methods.

5 FPT–Algorithm to Combine V&V Methods
The goal of the algorithm, shown in the Figure 2, is to obtain the optimal combination
(smallest number) of V&V methods that properly cover all the relevant quality
characteristics for the product to be developed. Certainly, a software organization could
complement the resulting set with other V&V methods that cover similar quality
characteristics to find more defects and to further enhance quality, but at least they
would know about the minimum set of methods to consider in order to address all the
quality characteristics that are relevant for the product to be developed. I.e., a
combination such that there is a method properly addressing (i.e., with an edge in the
graph for) each relevant quality characteristic and none of them remains uncovered.
The objective function is the number of selected methods that properly cover all the
characteristics. The parameter to be set is the number of the selected quality
characteristics. In this way, we are parameterizing the Set Cover Problem by the
number of characteristics to be covered by the V&V methods.
Coming up next, we present some definitions that are used in the algorithm
presented in Figure 2:
𝐶 – set of characteristics.
𝑀 – set of methods.
𝑁(𝑚) – set of characteristics covered by the method 𝑚.
𝑃(𝑐) = {𝑥 ∈ 𝑀: 𝑐 ∈ 𝑁(𝑥)} – set of methods that cover the characteristic 𝑐.
𝑅(𝑚) = {𝑥 ∈ 𝑀: 𝑁(𝑥) ⊆ 𝑁(𝑚)} – set of methods that cover a subset of 𝑁(𝑚).
The input parameters are the set of characteristics 𝐶 and the set of methods 𝑀. The
redundant methods are removed in line 6 by using a simple preprocessing step. It
removes methods that cover a subset of characteristics covered by any other method. A
characteristic 𝑐 is selected from the set of characteristics in line 7. The algorithm then
focuses on selecting the method that will cover 𝑐 in the optimal solution. In line 8, the
variable 𝐶𝑡 that contains the characteristics to be covered is initialized. A loop runs
through all the methods that cover 𝑐 in lines 9-25. The set 𝑀′ that stores the methods
that will be part of a feasible solution is initialized with method m in line 10. The set of
characteristics to cover 𝐶𝑡 is updated in line 11 by removing the characteristics already
covered by 𝑚. The set 𝑀𝑡 , containing the methods available to cover 𝐶𝑡 , is initialized in
line 12 with all methods of 𝑀 except those covering a subset of 𝑁(𝑚). In lines 13-18 a
loop is executed while there are characteristics 𝑐 ′ that are covered by a single
method 𝑚′ . The variables 𝐶𝑡 , 𝑀𝑡 and 𝑀′ are updated in lines 15-17. The available 𝑀𝑡
methods and the characteristics that have not been covered until now are used to obtain

an optimal sub-problem solution by recursively calling the SetCover algorithm. In line
19, the obtained optimal solution is stored in 𝑀′∗ . If the methods selected in 𝑀′
together with the optimal solution 𝑀′∗ of the sub-problem improve the optimum value
found so far (𝑓 ∗ ), then 𝑓 ∗ and 𝑀∗ are updated in lines 20-23. The value of 𝐶𝑡 is
reinitialized in line 24. The best solution found (𝑀∗ ), is returned as the optimal
solution to the problem in line 27.

Fig. 2 Pseudocode of the Set Cover FPT-Algorithm.
5.1 Execution of the Set Cover Algorithm
Taking the graph represented in Figure 1 as the entry of the algorithm, we now
illustrate the execution of the pseudocode. After initialization steps 1-5, line 6 removes
redundant methods. In this case, methods MT and ET are removed, because they cover
only one characteristic, already covered by other methods. The result is shown in
Figure 3.

Fig.3 Algorithm execution. State of the graph after the preprocessing step.
Afterwards, the first characteristic M is chosen as 𝑐, and all the methods that cover
M must be considered in the loop that begins on line 9. Therefore, method PR is
selected. In line 11, we remove all the characteristics already covered by PR, that is, M
and S. The variable Mt gets the set of methods {WM, FSM, OP} in line 12. Since there

are no characteristics covered by only one method, the loop on lines 13-18 does not
perform any action, and the algorithm is called recursively in line 19 with set of
characteristics {R, U}, and set of methods {WM, FSM, OP} as parameters. Figure 4
illustrates the graph at this stage.

Fig. 4 Algorithm execution. State of the graph after the recursive call.
Finally, the algorithm is executed again from the beginning. Methods WM and FSM
are immediately removed as redundant, and the remaining method OP is selected to
cover the last two characteristics. The variables 𝐶𝑡 and 𝑀𝑡 became empty, and in the
next recursive call, the stopping criterion is reached. The OP method is returned as a
solution of the instance represented in Fig. 4, forming the final solution of the whole
instance together with already selected method PR. The smallest set of methods 𝑀∗ is
set as {PR, OP}, and the optimal value 𝑓 ∗ is set to 2.

Fig.5. Methods that form the optimal solution returned by the algorithm when executed
in the graph. If M is selected as the first characteristic at the beginning of the
execution, then the optimal set of methods returned by the algorithm is {PR, OP}.
As can be observed from the execution, the algorithm considers all the possible ways
of covering the quality characteristics, keeping the most efficient ones. In this sense,
the obtained solution can be considered optimal for the problem and model we pose. In
fact, the algorithm is able to determine the optimal combination (smallest number) of
V&V methods that properly cover quality characteristics of interest for a product to be
developed based on any initial graph configuration connecting V&V methods to the
quality characteristics they properly address.
5.2 Running Time Analysis
Suppose that there are n methods in the set 𝑀, and there are 𝑘 characteristics in the
set 𝐶, being 𝑘 some small integer. We note that a naive (brute force) algorithm would
test all solutions (subsets of the set 𝑀) and chose which of them cover C having
smaller size. Because there are 2𝑛 subsets of the set 𝑀, this naive algorithm has a time
complexity of 𝑂(2𝑛 ). This exponential order is intractable even for some relatively
small values of 𝑛, like 30 or 40 (which could easily be achieved when including
specific variations of the V&V methods as input).
Instead, the proposed algorithm tries to determinate which method is the best option
to cover each characteristic. After choosing some characteristic 𝑐, the algorithm tries to

select each method that properly covers 𝑐, covering the rest of characteristics
recursively. Because the number of methods that cover each characteristic is at most 𝑛,
the order of this algorithm can be initially bounded by 𝑂(𝑛𝑘 ). In general, this order is
already better than the 'naive' solution.
Nevertheless, we improve the upper bound of our algorithm’s running time by
refining the actual number of methods it will analyze. In fact, there are only 2𝑘
different ways of covering a set 𝐶 of 𝑘 elements. If there is more than 2𝑘 methods, then
necessarily there will be two of them that cover exactly the same set of characteristics.
That means that these two methods would be indistinguishable to our algorithm; that is,
if they cover the same characteristics, any one of them can be used. Using this fact, we
can successively preprocess the input, improving the algorithm performance from
2
𝑂(𝑛𝑘 ) to 𝑂(𝑓(𝑘) × 𝑛), where 𝑓(𝑘) ≤ (2𝑘 )𝑘 = 2𝑘 . In our case, 𝑘 = 8 and this
means that 𝑓(𝑘) is bounded above by a constant, i.e., 𝑓(𝑘) = 𝑂(1). Then, we have a
linear algorithm for the problem instead of an exponential or even a 𝑂(𝑛8 )-time
algorithm.
Once again, the upper bound for 𝑓(𝑘) is improved (decreased) using the fact that if
some method 𝑚1 covers a subset of characteristics covered by some other method 𝑚2 ,
then 𝑚1 can be removed from the set of methods. This is because if 𝑚1 is actually
chosen, you can instead choose 𝑚2 , since 𝑚2 is 'better' method in the sense that it
covers all that 𝑚1 covers, and possibly more. Lubell [18] showed that there are no
𝑘
more than (
) combinations with the property that no one is a subset of the other.
⌊𝑘/2⌋
This implies that for 𝑘 = 8, there can be much less than 2𝑘 different methods with the
property that there is no method that covers a subset of characteristic of some other
8
method. In particular, for 𝑘 = 8 there can be at most ( ) = 70 methods satisfying
4
7
this property, and there can be at most ( ) = 35 of these methods covering one
3
common characteristic. Therefore, the redundant methods are removed by using a
simple preprocessing step that searches for methods that cover a subset of
characteristics covered by any other method. At each iteration of the algorithm, the
number of characteristics to be covered decreases and the previous steps of the
algorithm are repeated considering a decremented 𝑘 value.
Summarizing, it holds that:
𝑘−1
𝑘−2
2
𝑓(𝑘) < (
)×(
) × ⋯ × ( ) (1)
⌊(𝑘 − 1)/2⌋
⌊(𝑘 − 2)/2⌋
1
For 𝑘 = 8, it follows that 𝑓(𝑘) < 35 × 20 × 10 × 6 × 3 × 2, then our 𝑂(𝑓(𝑘) ×
𝑛)-time algorithm is an efficient (linear) algorithm where 𝑓(𝑘) is bounded above by a
constant. In practice, this constant is even lower, and does not depend on the number of
existing methods, which produces scalability with respect to the number of methods to
be worked.

6 Computational Experiments
Several experiments were performed to assess the algorithm presented above. The
algorithm was implemented in C# programming language and compiled by Roslyn, a
reference C# compiler, in an Intel Core i3 machine with a 2.0 GHz processor and 4 GB
of random-access memory, running under the Windows 10 operating system.
A number of test problems created by a random generator is considered. Each test
problem has two parameters: the number of vertices n and the probability p of a
method to cover a characteristic.
The FPT–algorithm is also executed on the instance obtained from the survey
described in [21], according to the criteria explained in the Section 3 when we build the
example with a subset of this same data.

Table 3 shows the optimal solution sizes and execution times (in seconds) for the
FPT-Algorithm solver with and without instance preprocessing (Fig. 2, line 6) and a
naive algorithm (brute force), for each instance. The name of the instance indicates the
number of methods, followed by the probability of a characteristic to be covered by a
method, in percent. The optimal solution sizes (number of methods returned) are equal
for all instances, indicating the correctness of the Algorithms.
The FTP–Algorithm with the preprocessing is more efficient than without
preprocessing and the Naive Algorithm, obtaining the result in less than 0:01 seconds
in all cases even for the biggest instances, unlike the other algorithms in which for
some instance sizes the solution is not found in a reasonable waiting time (-----). The
FTP–Algorithm without processing proves to be, in turn, more efficient than the Naive
Algorithm, executing more instances with better runtime.
For the instance obtained from the survey [21], the FPT–Algorithm with the
processing of the instance returned the methods: 12, 19 and the FPT–Algorithm
without the processing and the Naive Algorithm returned the methods: 12, 18. The
solution returned by the FPT–Algorithm with the processing contains the method 19
that covers a superset of the characteristics covered by the method 18 in the others
algorithm solutions, showing that FPT–Algorithm with preprocessing performs better
when concerning coverage, by using this additional comparison criterion.
Table 3.
Instance

Runtime
FPT-Alg
(with preprocessing)

Optimal
Solution
FPT-Alg
(with preprocessing)

Runtime
FPT-Alg
(no preprocessing)

Optimal
Solution
FPT-Alg
(no preprocessing)

Runtime
Alg-Naive
(brute
force)

Optimal
Alg-Naive
(brute
force)

0.00031
0.00047
0.00062
0.00031
0.00110
0.00094
0.00094
0.00125
0.00110
0.00344
0.00188
0.00094
0.00359
0.00469
0.00234
0.00766
0.00578
0.00500

5
3
2
5
2
2
2
3
2
3
2
1
3
2
1
3
2
1

0.00375
0.01094
0.08859
0.14359
4.97453
11.4025
64.7025
---------------------------------------------

5
3
2
5
2
2
2
---------------------------------------------

0.14907
0.17703
0.22297
-------------------------------------------------------------

5
3
2
-------------------------------------------------------------

Instance_20_10
Instance_20_20
Instance_20_50
Instance_50_10
Instance_50_20
Instance_50_50
Instance_100_10
Instance_100_20
Instance_100_50
Instance_200_10
Instance_200_20
Instance_200_50
Instance_500_10
Instance_500_20
Instance_500_50
Instance_1000_10
Instance_1000_20
Instance_1000_50
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Discussion

Our proposed algorithm is effective, being able to provide the optimal combination
(smallest number) of V&V methods properly covering a set of chosen quality
characteristics to be considered when developing a software product. Additionally, it is
more efficient than brute-force or exhaustive search algorithms and its execution time
properties match the particularities of the problem well. Indeed, the algorithm can be
applied to instances of different sizes, making our approach scalable, i.e., suitable for
larger case studies (for instance, considering more V&V methods, including specific
variations of the more generic methods used for our sample).
There is, however, a basic assumption for applying the algorithm, which is having a
defined input with information on which V&V methods properly address the different
quality characteristics. For illustrative purposes, our example was based on initial
outcomes of an expert survey. It is also noteworthy that our set of 19 V&V methods

represents generic methods for which several variations are available (e.g., applying
specific testing criteria or variations of inspection methods). While they perfectly fit
our illustrative example and allowed us getting feedback from experts on whether they
can be employed to properly address quality characteristics, information on more
specific methods could be provided as input to combination algorithm. We highlight
that this initial configuration is out of the scope of the intended contribution of this
paper and that companies could use an initial configuration based on their own sets of
evidence on the V&V methods they typically use or on their own elicited expert
beliefs.
Moreover, from a practical point of view, companies might decide to complement
the optimal solution provided by the algorithm by applying additional V&V methods
that cover similar quality characteristics (e.g., aiming at finding additional defects and
further enhancing product quality), in particular for critical projects. However, using
our approach at least they would know about a minimum set of methods that would
allow them avoiding neglecting quality characteristics that are relevant for the product
to be developed.
Also, specialists on software engineering economics might argue that our solution
providing the smallest number of V&V methods is not considering the cost of applying
each method. However, to address this issue we would need to know the relative cost
among the V&V methods and this information is extremely context specific and hard
to generalize. We are aware of this limitation and further addressing it is part of our
future work. A solution option to handle this issue when using the approach described
in this paper would be removing the methods that are cost restrictive from the initial
configuration.

8 Concluding Remarks
In this paper, we modeled the problem of finding a combination of V&V methods to
cover software quality characteristics as the Set Cover problem, a NP-hard
combinatorial optimization problem. We defined a parameterized FPT algorithm that is
specially designed for our instances, since typically the number of considered quality
characteristics is small. Provided by a valid input, the proposed algorithm is able to
efficiently provide an optimal combination (smallest number) of V&V methods
properly covering a set of chosen quality characteristics to be considered when
developing a software product. Additionally, we showed that it is more efficient than
Naive (brute-force) algorithms. Furthermore, the algorithm can be applied to instances
of different sizes, making our approach scalable, i.e., suitable for larger studies (for
instance, considering more V&V methods).
Our future works consist of development of a support tool that, given a set of
selected quality characteristics and an initial configuration (e.g., from the survey
results, or any other source such as within-company expert belief elicitation), provide
the optimal combination of V&V methods. Finally, for now we focused on product
quality, and a next step would be to integrate cost-related issues into the approach.
Moreover, we believe that the Fixed-Parameter Tractable algorithm approach can be
applied to solve other problems in the software engineering domain and that sharing
our V&V method combination experience with the community could foster discussions
towards other graph theory-based solutions for relevant software engineering problems.
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