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Abstract: We argue that writing a first set of test cases is easy, and most developers do such basic testing. Our experiments 
showed that such test cases easily reach 60 % of test quality (see [12]). Improving test quality implies a particular and 
specific supplementary testing effort. In this section we investigate the use of genetic algorithms as a pragmatic way to 
automatically improve the basic test cases set in order to reach a better test quality level with limited effort. Indeed, the basic 
test cases set carries information that can be optimized to create better test cases, by some cross-checking and “mutation” of 
the test cases themselves. So, at the beginning we have a population of mutants programs to be killed and a test cases pool. 
We randomly combine those test cases (or “gene pool”) to build an initial population of test cases seen as predators of the 
mutant population. From this initial population, we apply a genetic algorithm to improve its ability to kill mutants programs.  
We propose a new AI algorithm that fits better to the test optimization problem we called bacteriological algorithm (BA): 
Bas behave better that GAs for this problem. However, between GAs and BAs, a family of intermediate algorithms exists: 
we explore the whole spectrum of these intermediate algorithms to determine whether an algorithm exists that would be 
more efficient than BAs.: the approaches are compared on a .Net system. 
 
 
I. INTRODUCTION 
 
We evaluate a novel approach for test data 
generation, which we call whole test suite generation, 
that improves upon the current approach of targeting 
one goal at a time. We use an evolutionary technique 
in which, instead of evolving each test case 
individually, we evolve all the test cases in a test suite 
at the same time, and the fitness function considers all 
the testing goals simultaneously. The technique starts 
with an initial population of randomly generated test 
suites, and then uses a Genetic Algorithm to optimize 
toward satisfying a chosen coverage criterion, while 
using the test suite size as a secondary objective. At 
the end, the best resulting test suite is minimized, 
giving us a test suite as shown in for the Stack 
example fro With such an approach, most of the 
complications and downsides of the one target at a 
time approach either disappear or become 
significantly reduced.  
 
The technique is implemented as part of our testing 
tool EVOSUITE [18], which is freely available 
online. This novel approach was first described in and 
this paper extends that work in several directions by, 
for example, using a much larger and more variegated 
case study, verifying that the presence of infeasible 
branches has no negative impact on performance, and 
by providing theoretical analyses to shed more light 
on the properties of the proposed approach. In 
particular, we demonstrate the effectiveness of 
EVOSUITE by applying it to 1,741 classes coming 
from open source libraries and an industrial case 
study (Section 5); to the best of our knowledge, this is 
the largest evaluation of search-based testing of 
object-oriented software to date. Because to 
effectively address the problem of test suite  

 
generation we had to develop specialized search 
operators, there would be no guarantee on the 
convergence property of the resulting search 
algorithm. To cope with this problem, we formally 
prove the convergence of our proposed technique. In 
the .Net framework, few attentions has been paid for 
improving the internal consistency and robustness of 
components.  
 
This consistency can be greatly improved when the 
code can benefit from design specification: this is the 
case with contracts, that can be seen as 
structural/functional properties derivable into 
executable assertions (invariant properties, pre/post 
conditions of methods). We present a testing for trust 
methodology particularly adapted to a design-by-
contract approach that uses mutation as a backbone 
technique.  
 
Mutation analysis consists in systematically 
introducing faults in the component under test to 
produce mutants (modified version of a component). 
It is then possible to qualify a set of test cases by 
computing a mutation score corresponding to the 
proportion of mutants the set can detect.  
 
This approach is especially well adapted for .Net 
components, where we can benefit from the 
interoperable platform. The challenge for applying 
this technique resides in the difficulty of injecting 
faults at the Intermediate Language (IL) level, that 
may correspond to a code generated from a faulty 
source code. We detail in the following how this issue 
can be overcame. While it is reasonable to expect 
from the tester the systematic delivery of test cases, it 
is an arduous task to expect these test cases to be 
100% efficient, in terms of mutation score. The work 
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presented in this paper focuses on automating the test 
cases improvement step. We present here the 
adaptation of genetic algorithms to this context, and 
analyze the results obtained with a case study: 
optimizing test cases for a C# parser in the .Net 
framework. Because the test case optimization is 
more an adaptation process than an evolution process, 
we propose bacteriological algorithms, taken from the 
bacteria adaptation phenomenon. Results show that 
this new algorithm provides a better optimization of 
test cases for the case study.  
 
Since BA differs from GA by the memorization of 
best test cases and by the unbounded size of the 
individuals, an infinite set of intermediate algorithms 
exists between BA and GA. So, we explored all the 
spectrum of possible algorithms from genetic to 
bacteriological algorithms.  
 
The rest of this paper is organized as follows. Section 
2 opens with a brief summary about mutation 
analysis, its application to .Net and the design for 
trust methodology for .Net. Section 3 compares 
genetic and bacteriological algorithms. At last, 
section 4 defines the family of algorithms between 
genetic and bacteriological ones: the study aims at 
determining whether an intermediate algorithm can 
be more efficient than bacteriological algorithms. 
 
II. TEST SUITE OPTIMIZATION 
 
To evolve test suites that optimize the chosen 
coverage criterion, we use a search algorithm, 
namely, a Genetic Algorithm (GA), that is applied on 
a population of test suites. In this section, we describe 
the applied GA, the representation, genetic 
operations, and the fitness function. 
 
2.1 Genetic Algorithms 
Genetic Algorithms (GAs) qualify as metaheuristic 
search technique and attempt to imitate the 
mechanisms of natural adaptation in computer 
systems. A population of chromosomes is evolved 
using genetics-inspired operations, where each 
chromosome represents a possible problem solution. 
The GA employed in this paper is depicted in 
Algorithm 1: Starting with a random population, 
evolution is performed until a solution is found that 
fulfills the coverage criterion, or the allocated 
resources (e.g., time, number of fitness evaluations) 
have been used up. 
 
 In each iteration of the evolution, a new generation is 
created and initialized with the best individuals of the 
last generation (elitism). Then, the new generation is 
filled up with individuals produced by rank selection 
(Line 5), crossover (Line 7), and mutation (Line 10). 
Either the offspring or the parents are added to the 
new generation, depending on fitness and length 
constraints.  

 

 
Genetic algorithms have been first developed by John 
Holland, whose goal was to rigorously explain natural 
systems and then design artificial systems based on 
natural mechanisms. So, genetic algorithms are 
optimization algorithms based on natural genetics and 
selection mechanisms. In nature, creatures which best 
fit their environment (which are able to avoid 
predators, which can handle cold weather…) 
reproduce and thanks to crossover and mutation, the 
next generation will fit better. This is just how a 
genetic algorithm works: it uses objective criteria to 
select the fittest individuals in one population, it 
copies them and creates new individuals with pieces 
of the old ones. This objective criteria used to go 
from one generation to the other is one of the 
interesting points of genetic algorithms, but there are 
others. As we will see, these algorithms are 
computationally simple, they improve rapidly and 
they work at the population level, not on a single 
individual. 
To apply genetic algorithms to a particular problem, 
it has to be decomposed in atomic units that 
correspond to genes. Then individuals can be build, 
corresponding to a finite string of genes, and a set of 
individuals is called a population. All the individuals 
in a given population have the same size (the same 
number of genes). A second criterion needs to be 
defined: a fitness function F which, for every 
individual among a population, gives F(x), the value 
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which is the quality of the individual regarding the 
problem we want to solve. This corresponds to the 
function we want to maximize. 

 
• choose an initial population 
• calculate the fitness value for each    
   individual 
• reproduction 
• crossover 
• mutation on one or several individuals 
•several stopping criteria: x number of generations, a 
given fitness value reached … 
Moreover, a genetic algorithm uses three operators: 
reproduction, crossover, mutation. 
 
• Reproduction: This operator copies the individuals 
which are going to participate in crossover: they are 
chosen according to their F(x) value. The choice can 
be seen as spinning a roulette wheel where each 
individual has a slot proportional to its fitness value. 
We spin the wheel as many times as the size of the 
population, and so we have a new population which is 
going to participate to crossover. This new population 
is made of individuals of the old one, and the number 
of each type of individual is proportional to its fitness 
(there are many of the fittest and few of the ones with 
a low fitness). 
•Crossover: The members of the population after 
reproduction are mated randomly, then every pair is 
crossed, to create as many new pairs, like this : first, 
you choose, at random, an integer value k between 0 
and the size n of an individual less one. Secondly, 
you create two new individuals A’ and B’ with a pair 
(A,B), A’ is made of the k first genes of A and n-k 
last genes of B, and B’ is made of the k first genes of 
B and the n-k last genes of A. 
• Mutation: The mutation operator modifies one or 
several genes’ value. (e.g. if an individual is a bit 
string, mutation means changing a 1 to 0 and vice 
versa ) Once the problem is defined in terms of genes, 
and the fitness function is available, a genetic 
algorithm is computed following the process 
described Figure 5. Next section presents a model to 
apply genetic algorithms for automatic optimization 
of an initial tests set. 
 
2.2. Genetic algorithms for test optimization 
The gene modeling is specific to the application of 
genetic algorithms to a test optimization problem. In 
this case a gene corresponds to a test case for the 
component under test. This appears on the 
architecture as a TestCase class that implements the 
Gene interface. The gene model is strongly dependent 
of our case study: a parser. For this particular system, 
the input data is a source file that is parsed to build a 
syntactic tree. The gene model is given in the 

following definition. Gene modeling for test 
optimization. For the problem of test optimization, a 
gene is modeled as a test case. In the particular case 
of a parser agene is a source file for the particular 
language. Each file contains several constructs from 
the language (nodes from the syntactic tree). If there 
are x nodes in the file a gene can be represented as 
follows: 
G = [N1,…,Nx] 
Another aspect of the genetic algorithm has to be 
decided for the particular problem of test 
optimization: the fitness function. We have chosen the 
mutation score of an individual as the fitness 
function. The Genetic class encapsulates a set of 
mutants that is used to compute the fitness function 
for every gene. 
Fitness function: The fitness value for an individual 
is its associated mutation score. An individual is a set 
of genes. Let I=[G1, …, Gn] be an individual 
composed of n genes. Let Si be the set of mutants 
detected by Gi. At last, let nbMutants be the total 
number of mutants generated for the component 
under test. The fitness function of individual I is 
computed as follows: 

 
The union set of all Si corresponds to the set of 
mutants killed by the individual. The cardinal of this 
union is thus the number of mutants killed by the 
individual. Then the mutation score of the individual 
is the percentage of the global set of mutants it can 
kill. Now, let us define the genetic operators for the 
particular problem of test cases optimization. 
• Reproduction : The slot for each individual in the 
roulette wheel, is proportional to its mutation score. 
• Crossover : Let m be the size of individuals in a 
population, and let’s select an integer i at random 
between 1 and m-1, then from two individuals 
and , we can create two new individuals  
and ; one made of the i first genes of  
and the m-i 
last genes of , and the other made of the i first 
genes of  and m-i last genes of . This 
operator in the following figure. 

 
• Mutation. Based on the gene modeling, the 
mutation operator consists in replacing a syntactic 
node in a source file (an individual) by another licit 
node. The class hierarchy for the node types makes it 
easy to 
build a compatible node, once the node to be mutated 
has been chosen (cf. Figure 7). The mutation operator 
thus chooses a gene at random in an individual and 
replaces a node in that gene by another one as 
illustrated in the following figure: 
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Concrete examples of a source file, and the how it is 
mutated in are given in appendix A. The problem 
when mutating one gene is to generate a new test case 
which is syntactically correct. For our case study (a 
parser for the C# language), this is made easy thanks 
to the particular structure of the test cases. Mutating a 
gene consists in replacing a node from the syntactic 
tree by another one. Since these nodes are 
hierarchically ordered (see Figure 7), a node must be 
replaced by a node which is at the same level in the 
tree (a brother node) to build a new correct test case. 
For example, a method can be replaced by either a 
destructor, a constructor, a field or a property. Based 
on this model of the test case optimization problem, 
next section proposes an experiment using a genetic 
algorithm. It gives results of the application of a 
genetic algorithm to automatically improve the 
quality of test cases for a parser for the C# language. 
 
III. BACTERIOLOGICAL ALGORITHMS 
 
The bacteriological approach aims at mutating the 
initial population to adapt it to a particular 
environment. The individuals in the population are 
called bacteria. Unlike the genetic model the bacteria 
can not be divided. Bacteria can only be reproduced 
and altered to improve the population. The new 
approach is fairly far from the genetic model. If we 
keep the analogy with biological processes, this new 
model is close to the “bacteriologic adaptation” [7]. 
Bacteria are selected for reproduction according to 
their mutation score. The best bacteria are saved and 
reproduced to generate a new population. The notion 
of individual disappears as well as reproduction and 
crossover operators. Figure 1 shows results of the 
bacteriological approach: the test cases reach 95% of 
mutation score. Moreover, the algorithm is more 
stable than GA, and repeated experiments produce the 
same kind of curves. So BAs are more adapted to this 
test optimization problem than GAs. Experiments 
described in section 4 have shown some drawbacks of 
genetic algorithms for the problem of test cases 
optimization. This section presents a specialization of 
the genetic approach for this particular problem. The 
adaptation consists in keeping track of the best 
individuals from one generation to the other. It is then 
possible to delete the mutants those individuals can 
kill from the set of alive mutants. The time necessary 
to compute one generation then decreases at each step 
of the genetic loop with the size of the alive mutants 
set. Even if the adaptation of the genetic model seems 
based on very small changes, it actually completely 
changes the idea of genetic algorithm which is to go 
through the set of solutions looking for the optimal 
individual. Here, the set of solutions changes from 
one generation to the other since the goal of the 
search (killing every alive mutant) changes at each 
generation. Moreover, our new model does not 
generate  

3.2 The model for test optimization 
Figure displays a UML class diagram for the new 
model. The bacteriological approach is another 
technique for test optimization, thus it specializes the 
TestOptimizer class. A bacterium is modeled as a test 
case which structure is given in section. 

 
Architecture for bacteriological test 

optimization 
 
The mutation operator is still present in the new 
model. Since the structure chosen for bacteria is the 
same as the one chosen for genes, the mutation 
operator is also the same. On the other hand, since 
this approach only manipulates bacteria which 
correspond to genes in the previous approach, the 
notion of individual disappears. The reproduction and 
crossover operators have thus also disappeared. The 
removal of the crossover operation is one major 
difference with the genetic model. This corresponds 
to an evolution we thought was necessary when 
looking at the result of genetic algorithms, since this 
operator did not help converging towards the optimal 
solution (see discussion in section ). This approach, 
as the previous one, needs a fitness function to select 
bacteria that are memorized from one generation to 
the other. Since the bacterium model is the same as 
the gene model, the fitness function can be kept. 
Bacteria are thus selected according to their mutation 
score. The two other differences are the emergence of 
the Memory class, and the two associations towards 
Mutant instead of one. The Bacteriologic class uses a 
Memory that is the set of the best bacteria that have 
been saved in previous generations. On the other 
hand, a new association towards the Mutant class has 
appeared. In the genetic approach, the algorithm 
computed the mutation score of individuals on every 
mutants at each generation. The Genetic class thus 
had only one association towards the Mutant class 
corresponding to the set of all mutants generated from 
the CUT. Conversely the bacteriological approach 
aims at avoiding this expensive mutation score 
computation by saving bacteria from one generation 
to the other. The mutation score is computed only on 
mutants that have not been killed in previous 
generations. This approach thus keeps track of 
mutants that have been killed and the ones still alive. 
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This explains the presence of two associations from 
the Bacteriologic class towards the Mutant class 
corresponding to the two different sets of mutants. 
 
IV. RUNNING THE BACTERIOLOGIC 

ALGORITHM 
 
Figure displays the global architecture we used to 
automatically generate a set of test cases for the 
parser. However, this architecture is generic enough 
to be adapted to any problem that consists of 
improving the mutation score of test cases where a 
grammar can describe their structure. It has three 
main components: the bacteriologic algorithm, the 
mutation tool, and the syntax tree manager (STM). 
The process takes two input data: the CUT and the 
grammar describing test cases for the CUT. The 
output is a set of test cases with a high mutation 
score. 

 
The results of a bacteriologic approach for system test data 

optimization. 
 
At the architecture’s center is the bacteriologic 
algorithm, which we described earlier. It manipulates 
two data sets: the bacteriologic medium and the 
solution set. The mutation tool computes test case 
fitness. As we explain later, we use the STM for the 
bacteriologic algorithm’s initialization and for its 
mutation function. 
Initialization: 
The initial set of test cases can either be written by 
hand or automatically generated with a random 
generator. For our experiments with the C# parser, 
the STM randomly generated the initial set from the 
C# grammar. We conducted several experiments to 
tune the size of the test cases,10 which we set at 25 
nodes. We passed this size as a parameter to the STM 
to generate the initial test cases. 
Fitness function: 
We use the mutation score of a set of test cases as that 
set’s fitness function. To compute this function, we 
developed the NMutator mutation tool, which 
automatically generates all NOR mutants. NMutator 
parses C# components to find all possible locations in 
the code where it can introduce an error. Then it 
generates all corresponding mutant components. 
Once all mutants are available, NMutator takes a set 
of test cases as an input and automatically executes 
all test cases against each mutant. For each test case, 

the tool saves the set of mutants it can kill. It can then 
compute each test case’s mutation score. Making the 
union of the sets of mutants killed by all the test 
cases, the tool computes the set’s global mutation 
score. 
 
Memorization function: 
This function computes the relative fitness of all test 
cases in the bacteriologic medium. In our case, this is 
a test case’s mutation score relative to the solution 
set’s mutation score. This relative fitness thus 
represents the proportion of mutants a test case tc can 
kill that the test cases in the solution set haven’t 
killed. The relative mutation score of a set of test 
cases is 

where MS computes the mutation score. Because 
NMutator associates a set of killed mutants to all the 

test cases, it can easily compute  by 
merging the sets of mutants killed by test cases in 
TCS and the set of mutants that tc killed. Once the 
memorization function has computed relative 
mutation scores for all test cases in the bacteriologic 
medium, it selects the test cases whose relative 
mutation score exceeds the memorization threshold 
(which is a global parameter of the algorithm). 
 
Mutation function: 
This function randomly selects test cases in the 
bacteriologic medium. The random selection is 
weighted by the test cases’ relative fitness (better test 
cases have higher chances to be selected). The 
selected test cases are then mutated to create new test 
cases that are added to the bacteriologic medium for 
the next generation. The test cases can be represented 
by the abstract syntax tree representing the program, 
and mutating a test case consists of replacing one 
node in the tree by another licit node. (By licit node, 
we mean that the node replacement must build a 
syntactically correct test case.) Because the STM can 
access the test cases’ grammar, it can parse a source 
test case, select a node in the tree, and find a licit 
node to build a target test case. The STM thus 
handles the bacteriologic algorithm’s mutation 
function. 
For example, in the test case in Figure 2, the for each 
node (lines 18 and 19) can be replaced with a while 
node such as this one: 
 

 
 
Filtering function: 
Our algorithm uses two different implementations of 
this function to delete test cases from the 
bacteriologic medium: 
1.Delete any test case whose relative mutation score 
is equal to 0 (the function kills no mutant that the test 
cases in the solution set haven’t killed). 
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2. Reduce the coverage matrix by deleting 
redundant test cases. For example, some test cases 
might kill the same mutants. Keeping all of them is 
useless. Besides these two implementations, we could 
use many other techniques for minimizing or 
prioritizing sets of test cases. 
 
CONCLUSION 
 
The general assumption for this work is to measure 
the quality of test cases (the revealing power of the 
test cases to build trust in a component passing those 
test cases. We thus propose a measure of the quality 
of test cases based on the number of injected faults 
the test cases can find. Experiments have shown that 
it is easy to write a set of mean test cases, but that 
improving this initial set is very difficult and time-
consuming. The work presented in this paper tackled 
the particular issue of automating the improvement of 
an initial test case that detects around 60% of injected 
faults so that it can detect more than 90%. We 
presented a general framework for faults injection. 
The qualification of test cases based on faults 
injection is called mutation analysis and it has been 
adapted to system test cases qualification. Based on 
mutation analysis to estimate the quality of a tests 
cases set, we experimented two different models for 
test optimization. First we computed genetic 
algorithms to improve an initial set. We modeled the 
test optimization problem so that it could fit genetic 
algorithms and ran experiments on a C# case study. 
The results of these experiments were deceiving 
because the test cases quality increased very slowly 
and did not reach very high values. A new model, 
called bacteriological model, simulates the 
bacteriological adaptation phenomenon. Conversely 
to genetic algorithms, this approach optimizes test 
cases and not a test cases set, and this new model 
memorizes efficient test cases from one generation to 
the other. We ran new experiments on the same case 
study to investigate the improvement of test cases 
quality. 
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