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Abstract. The use of optimization techniques has been recently proposed to 
build models for software development effort estimation. In particular, some 
studies have been carried out using search-based techniques, such as genetic 
programming, and the results reported seem to be promising. At the best of our 
knowledge nobody has analyzed the effectiveness of Tabu search for 
development effort estimation. Tabu search is a meta-heuristic approach 
successful used to address several optimization problems. In this paper we 
report on an empirical analysis carried out exploiting Tabu Search on a 
publicity available dataset, i.e., Desharnais dataset. The achieved results show 
that Tabu Search provides estimates comparable with those achieved with some 
widely used estimation techniques. 
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1   Introduction 

Several methods have been proposed in the literature to estimate software 
development effort. Many of them, named Model-Based, exploit data from past 
projects in order to estimate the effort for a new project under development [3,4,41]. 
These data consist of some relevant factors of the software projects, named cost 
drivers, and the actual effort spent to develop the projects. In this class, we can find 
some widely used techniques, such as Linear and Stepwise Regression (LR and 
SWR), Classification and Regression Tree (CART), and Case-Based Reasoning 
(CBR) [5]. 

In the last years, some researchers have analyzed the use of genetic algorithms [18] 
to address the effort estimation problem, reporting results which encourage further 
investigations (e. g., [7,15,32]).  

Genetic algorithms are search-based approaches that exploit techniques inspired by 
evolutionary biology to address optimization problems [22]. Indeed, effort estimation 
can be seen as an optimization problem, where we have to search for the most 
accurate estimate, i.e. the one that minimizes the difference with the actual effort. 
There exist other search-based techniques that have been found to be very effective 
and robust in solving numerous optimization problems. In particular, Tabu search is 
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an approach that has been applied to a wide range of application domains ranging 
from telecommunication and transport, to network design and parallel computing [17]. 
As for software engineering Tabu Search has been successfully applied for software 
testing [1,12,13,14], for object replication in distributed web server [34] and for 
Software-Hardware Partitioning [31]. To the best of our knowledge nobody has 
analyzed the effectiveness of Tabu search for development effort estimation. Thus, in 
this paper we report on an empirical analysis carried out by applying Tabu Search on 
a publicity available dataset, i.e., Desharnais dataset [11]. In particular, the specific 
contributions of this work are: 

- the definition of a Tabu Search algorithm for effort estimation; 
- the analysis of the estimation accuracy of the proposed approach; 
- the comparison of the effectiveness of the proposed approach with widely 

used estimation methods, i.e. SWR and CBR; 

The remainder of the paper is organized as follows: Section 2 provides a brief 
description of the Tabu Search approach and presents the Tabu Search algorithm we 
used to estimate development effort. The design of the case study we performed is 
summarized in Section 3, while the results of the performed empirical analysis are 
presented in Section 4. Related works are described in Section 5 while some final 
remarks and an analysis of future work conclude the paper. 

2   Using Tabu Search for Software Development Effort Estimation 

In the following we first provide a brief description of the Tabu Search and then we 
give some details of the Tabu Search algorithm we designed for effort estimation. 

2.1   Tabu Search 

The Tabu Search (TS) is an optimization method proposed originally by Glover 
aiming at overcome some limitations of Local Search (LS) heuristics [17].  

As in classical LS, a general step of the TS optimization process consists in 
constructing from a current solution i a next solution j and in checking whether one 
should stop there or perform another step. Indeed, TS is a neighbourhood search 
method in which a neighbourhood N(i) is defined for each feasible solution i, and the 
next solution j is searched among the solutions in N(i).  

In contrast to traditional LS heuristics, Tabu Search is based on the premise that 
problem solving, in order to qualify as intelligent, must incorporate adaptive memory 
and responsive exploration [17]. The adaptive memory feature of TS allows the 
implementation of procedures that are capable of searching the solution space 
economically and effectively. Since local choices are guided by information collected 
during the search, TS contrasts with memory-less designs that heavily rely on semi-
random processes that implement a form of sampling. Examples of memory less 
methods include semi-greedy heuristics and the prominent genetic and simulated 
annealing algorithms. The emphasis on responsive exploration in TS derives from the 
supposition that a bad strategic choice can yield more information than a good 
random choice. Responsive exploration integrates the basic principles of intelligent 
search, i.e., exploiting good solution features while exploring new promising regions.   
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More particularly, the Tabu search begins by marching to a local minima and 
records recent moves in one or more Tabu lists, marking these moves as taboo. Such 
information is useful to avoid retracing the steps previously used. It is worth noting 
that the aim of the tabu list is not to prevent a previous move from being repeated, but 
rather to insure it is not reversed. Since taboo sometimes may prohibit attractive 
moves or they may lead to an overall stagnation of the searching process [16], 
aspiration criteria are used to revoke the tabu status of a move. The searching process 
will terminate when a stopping condition is met.  

Thus, for the application of TS several key issues have to be addressed [17]: 

- defining a representation of possible solutions; 
- defining the neighbourhood; 
- choosing a means to evaluate the neighbourhood (e.g. an objective function); 
- defining the Tabu list, the aspiration criteria, the termination criteria. 

The following section gives some details on the design of the proposed TS for effort 
estimation. 

2.2   Design of the Proposed Tabu Search Algorithm 

In the context of effort estimation, a solution consists of an estimation model 
described by an equation that combines several factors, i.e., 

                     Effort = c1 op1 f1 op2 ... op2n−2 cn op2n−1 fn op2n C                      (1) 

where fi represents the value of the ith factor and ci is its coefficient, C represents a 
constant, while opi ∈{+,−, ·} represents the ith operators of the model. Obviously, to 
be feasible for our problem, the Effort value has to be positive. 

So, the search space of TS is simply the space of all feasible equations that can be 
generated changing the values of ci, C, and opi during each move. To avoid a 
restriction of the search space, an initial feasible solution is generated selecting 
randomly the values for coefficients and constants and the arithmetic operators. 
Starting from this solution, TS at each iteration applies local transformations to the 
current solution, i.e. moves, defining a set of neighboring solutions in the search 
space. For our problem we defined a neighbourhood to a given solution S as any other 
solution that is obtained by a random variation of the equation, exprS, representing the 
current solution. In particular, a move consists in three steps: 

1. change each coefficient ci of exprS with probability ½; the new coefficient is 
calculated by applying an arithmetic operator, chosen randomly in the range 
{+, *, - , /}, to ci and a number r, chosen randomly in the range ]0,1]; 

2. change the constant factor C of exprS with probability ½ in the same way 
coefficients are changed; 

3. change each arithmetic operators opi of exprS with probability ½ by selecting 
another operator in {+,−, ·}. 

It is worth noting that in the definition of the move we do not consider the values of 
the factors, as they are constant and do not change during the searching.  

Once the neighbourhood of a solution is obtained we have to compare the current 
best solution expr with the qualities of each expri, in order to decide whether or not a 
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move to a neighbouring solution has to be performed. Since in the effort estimation 
context we would like to select the prediction model which minimize the error made 
in estimating the effort, to evaluate the quality of a solution over a set of data projects 
we employed an objective function which minimize the value of the Mean of 
Magnitude of Relative Error (MMRE) [10]. MMRE is one of the widely used 
summary measures proposed in the literature to evaluate the accuracy of an estimation 
model (the definition is reported in Section 3.2). 

Thus, when performing a move, the algorithm has to consider the improvement of 
the current solution in terms of MMRE. If the MMRE value achieved by an expri is 
less then the one achieved by the current best solution expr, this is replaced by expri 
which will be used in the next iteration to explore a new neighbourhood; otherwise, 
the search continues by generating other moves starting from expr. 

To avoid loops and to guide the search far from already visited portions of the 
search space, the recently visited solutions are marked as taboo and stored in a Tabu 
list. Since only a fixed and fairly limited quantity of information is usually recorded in 
the Tabu list [16], we prohibit the use of a taboo move for ten iterations. Thus, at each 
iteration the Tabu list contains at most ten taboo equations. In order to allow one to 
revoke taboo we employed the most commonly used aspiration criterion, namely we 
permit a taboo move if it results in a solution with an objective function value (i.e. the 
MMRE value) better than the one of the current best-known solution.  

The search is stopped after a fixed number of iterations or after some number of 
iterations that do not provide an improvement in the objective function value.  

To implement the proposed TS algorithm a Java application based on the OpenTS 
framework [38] has been realized. For our analysis the application was executed 
exploiting a 1.4Ghz Pentium machine with 1Gb Ram.  

3   Experimental Method 

This section presents the design of the case study we carried out to assess the 
effectiveness of the proposed TS in estimating software development effort. The 
goals of the empirical investigation were: 

- analyzing the effectiveness of TS in estimating software development effort;  
- comparing the estimates achieved by applying TS with the estimates obtained 

with widely and successfully employed estimation methods.  

Regarding the former research goal to evaluate the accuracy of the obtained estimates 
we employed widely used summary measures, namely MMRE, MdMRE, and 
Pred(25) [10] whose definitions are reported in Section 3.2.   

As for the second research goal, we compared the TS estimations with those 
obtained by using two widely used methods, i.e., Stepwise regression [26,28] and 
Case-Based Reasoning [23].  

3.1   Dataset and Feature Selection 

In our case study we exploited an existing dataset comprising 81 software projects. 
This dataset was derived from a Canadian software house in the late 1980s by Jean-
Marc Desharnais [11]. Despite of this dataset is about 30 years old, it is one of the 
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larger, publicly available datasets and it has been widely and recently used to evaluate 
and compare estimation methods, see e.g., [7,23,41,42]. 

Table 1 reports on the description of the eleven variables (nine independent and 
two dependent) included in the dataset. It is worth nothing that categorical (or 
nominal) variables (i.e., Language and YearEnd) were excluded from the analysis, as 
done in other works (e.g. [23]). We could handle each categorical variable as in 
classical regression analysis by transforming it into a set of n - 1 dummy variables, 
where n is the number of distinct categories in the nominal scale. However, the use of 
categorical variables to partition the dataset is not particularly attractive, especially 
when a categorical variable can assume a lot of values or there are a large number of 
these variables [23]. So, we preferred eliminated them from the analysis. Moreover, 
we also excluded the LOC variable, since this information is not available at 
prediction time but it is only known once the software is completed [41]. Moreover, 
we excluded from the analysis four projects that had missing values. It is worth noting 
that the same choice has been done in most other studies, see e.g., [23,41]. Table 2 
reports on the descriptive statistics of each selected factor. 

Table 1. Project features of the Desharnais dataset 

Variable Description Type 
TeamExp The team experience measured in years Discrete 

ManagerExp The manager experience measured in years Discrete 

Entities 
The number of the entities in the system data 

model 
Discrete 

Transactions 
The number of basic logical transaction in the 

system 
Discrete 

AdjustedFPs The adjusted Function Points Continuous 
RawFPs The raw Functions Points Continuous 

Envergue 
A complex measure derived from other factors 

defining the environment 
Discrete 

Language The language used to develop the system Categorical 
YearEnd The project year finisched Discrete 

Effort 
The actual effort measured in person hours 

(dependent variable) 
Discrete 

Length The length of the code (dependent variable) Discrete 

Table 2. Descriptive statistics of the factors selected from the dataset 

Variable Min Max Mean Std. Dev. 
TeamExp 0.00 4.00 2.30 1.33 
ManagerExp 0.00 7.00 2.65 1.52 
Entities 7.00 387.00 120.55 86.11 
Transactions 9.00 886.00 177.47 146.08 
AdjustedFPs 73.00 1127.00 298.01 182.26 
RawFPs 62.00 1116.00 282.39 186.36 
Envergue 5.00 52.00 27.45 10.53 
Effort 546.00 23490.00 4903.95 4188.19 
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3.2   Validation Method and Evaluation Criteria 

In order to verify whether or not the selected method gives useful estimations of the 
actual development efforts a validation process is required. For this reason, we 
performed a “hold-out validation” approach, thus a validation based on the use of a 
hold-out sample of applications [29]. In particular, we randomly split the original 
Desharnais dataset obtaining two datasets (i.e., training and test sets) composed of 59 
(about 3/4 of the original dataset) and 18 (about 1/4 of the original dataset) 
observations, respectively.  

Concerning the evaluation of the estimation methods, we performed a preliminary 
analysis by using some summary measures, namely MMRE, MdMRE, and Pred(25) 
[10]. They are based on the evaluation of the residuals, i.e., the difference between the 
actual and estimated efforts. In the following, we will report the definitions of these 
summary measures taking into account a validation set of n elements. 

In order to take into account the error with respect to the actual effort, the 
Magnitude of Relative Error [10] is defined as�

EFreal - EFpred
MRE =

EFreal
�

where EFreal and EFpred are the actual and the predicted efforts, respectively. MRE 
has to be calculated for each observation in the validation dataset. All the MRE values 
are aggregated across all the observations using the mean and the median, giving rise 
to the Mean of MRE (MMRE), and the Median MRE (MdMRE), where the latter is 
less sensitive to extreme values. 

The Prediction at level l [10] is defined as 

k
Pred(l)=

n
 

where k is the number of observations whose MRE is less than or equal to l, and n is 
the total number of observations in the validation set. Generally, a value of 25 for the 
level l is chosen. In other words, Pred(25) is a quantification of the predictions whose 
error is less than 25%. According to Conte et al. [10], a good effort prediction model 
should have a MMRE≤0.25 and Pred(25)≥0.75, meaning that at least 75% of the 
predicted values should fall within 25% of their actual values. 

To have a better visual insight on the effectiveness of the estimation models, we 
compared the prediction accuracies taking into account both the summary statistics 
both the boxplots of absolute residuals, where residuals are calculated as (EFreal – 
EFpred). Boxplots are widely employed in exploratory data analysis since they 
provide a quick visual representation to summarize the data, using five values: 
median, upper and lower quartiles, minimum and maximum values, and outliers [25]. 
The box of the plot is a rectangle with an end at each quartile and a line is drawn 
across the box at the sample median (m in Figure 1). The lower quartile (l in Figure 1) 
is determined considering the bottom half of the data, below the median, i.e., by 
finding the median of this bottom data. While, the upper quartile (u in Figure 1) is the 
median of the upper half of the data, above the median. The length of the box d=u-l is 
the inter-quartile range of the statistical sample. Lower tail is l−1.5*d while u+1.5*d 
is the upper tail. Points at a distance from the median greater than 1.5 times the  
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inter-quartile range represent potential outliers and are plotted individually. In 
development effort estimation, boxplots are used to visually represent the amount of 
the error for a given prediction technique.  

We use boxplot to graphically render the spread of the absolute residuals, calculated 
as |EFreal − EFpred|. 
 

 

m u l 

x 

Lower tail Upper tail outlier

 
Fig. 1. A boxplot 

In order to verify whether the estimates obtained with TS are characterized by 
significantly better accuracy than the considered benchmarks we statistically analyzed 
the absolute residuals, as suggested in [25]. Since (i) the absolute residuals for all the 
analyzed estimation methods were not normally distributed (as confirmed by the 
Shapiro test [39] for non-normality), and (ii) the data was naturally paired, we decided 
to use the Wilcoxon test [9]. The achieved results were intended as statistically 
significant at α = 0.05.  

3.3   Validity Evaluation 

It is widely recognized that several factors can bias the validity of empirical studies. 
In this section we discuss on the validity of the empirical study based on three types 
of threats: 

- Construct validity, related to the agreement between a theoretical concept and 
a specific measuring device or procedure; 

- Conclusion validity, related to the ability to draw statistically correct 
conclusions;  

- External validity, related to the ability to generalize the achieved results. 

As highlighted by Kitchenham et al. [27], in order to satisfy construct validity a study 
has “to establish correct operational measures for the concepts being studied”. This 
means that the study should represent to what extent the predictor and response 
variables precisely measure the concepts they claim to measure [35]. Thus, the choice 
of the features and how to collect them represents the crucial aspects. We tried to 
mitigate such a threat by evaluating the proposed estimation methods on a reliable 
project data coming from the industrial world [11]. Moreover, since the dataset is 
publicly available it has been previously used in many other empirical studies carried 
out to evaluate effort estimation methods, e.g., [7,23,41].  

Concerning the conclusion validity we carefully applied the statistical tests, 
verifying all the required assumptions. Moreover, we used a medium size dataset in 
order to mitigate the threats related to the number of observations composing the 
dataset. Nevertheless, the projects involved in this empirical analysis are representative 
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samples of projects conducted by one software house. Thus, the projects are related to 
one context. Indeed, each context might be characterized by some specific project and 
human factors, such as development process, developer experience, application 
domain, tools, technologies used, time, and budget constraints [6]. This represents an 
important external validity threat that can be mitigated only replicating the study 
taking into account data from other companies. Indeed, this is the only way to get a 
generalization of the results. 

4   Results and Discussion 

In the following we report on the results achieved in the empirical study carried out in 
order to assess the use of Tabu Search in estimating development effort.  

Since no case study has been conducted so far on the effectiveness of Tabu Search 
in building an effort prediction model we exploited a variety of parameter settings to 
find suitable value for moves and iterations numbers. Concerning the number of 
moves, we executed TS using three different values, i.e., 500, 1000, and 2000. The 
best results were achieved considering 1000 moves. We also executed the algorithm 
considering different number of iterations, and the best results were achieved using 
3000 iterations. They are reported in Table 3 providing values for summary measures 
MMRE, MdMRE, and Pred(25). As we can see the thresholds provided in [10] are not 
satisfied, since Pred(25) values are less than 0.75 and MMRE (and MdMRE) values 
are greater than 0.25. In order to have an insight on these results and understand the 
actual effectiveness of TS for this dataset it is important to compare TS estimation 
accuracy with the ones of some widely used techniques, such as SWR and CBR, thus 
addressing our second research goal.  

Table 3. The results in terms of MMRE, MdMRE, and Pred(25) 

 MMRE PRED(25) MdMRE 
TS 0.45 0.39 0.43 

CBR 0.48 0.55 0.22 
SWR 0.39 0.22 0.38 

 
The results obtained by applying SWR and CBR on the same dataset are also 

reported in Table 3. First of all, we can observe that for all the employed estimation 
techniques the thresholds provided in [10] are not satisfied since Pred(25) values are 
less than 0.75 and MMRE (and MdMRE) values are grater than 0.25 (except for CBR 
having a MdMRE equals to 0.22). As for the comparison with SWR we can note that 
TS is characterized by a better Pred(25) values and slight worse MMRE and MdMRE 
values. Regarding the comparison with CBR, TS achieved a slightly better MMRE 
value but worse MdMRE and Pred(25). The analysis of these results does not provide 
a clear indication of what estimation methods, between TS, SWR, and CBR provide 
the best results. These considerations are confirmed by the boxplots in Figure 2, 
highlighting that TS has a median very close to the median of SWR and CBR. 
Furthermore, observe that SWR has three outliers but its box length and tails are less 
skewed than those of CBR and TS. The tails and box length of TS and CBR are very 
close even the boxplot of TS has one outlier.  
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Fig. 2. The boxplots of absolute residuals  

As designed we tested the statistical significance of the results obtained by 
comparing paired absolute residuals. The results of the Wilcoxon tests are reported in 
Table 4 where “<” means that “the estimation method indicated on the row provided 
significantly less absolute residuals than the estimation method on the column”. As 
we can see, the Wilcoxon test revealed that there is no statistical significant difference 
between the absolute residuals obtained with TS, CBR, and SWR. Thus, for this 
dataset TS seems to have comparable performance with respect to two widely used 
estimation techniques. 

Table 4. The results of Wilcoxon tests in terms of p-values  

< TS SWR CBR 
TS - 0.808 0.925 

SWR 0.204 - 0.831 
CBR 0.082 0.178 - 

5   Related Work 

To the best of our knowledge Tabu Search was never used for estimating software 
development effort while some empirical investigations were performed to assess the 
effectiveness of genetic algorithms in estimating software development effort. In 
particular, Dolado [15] employed an evolutionary approach in order to automatically 
derive equations alternative to multiple linear regression. The aim was to compare the 
linear equations with those obtained automatically. The proposed algorithm was run a 
minimum of 15 times and each run had an initial population of 25 equations. Even if 
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in each run the number of generation varied, the best results were obtained with three 
to five generations (as reported in the literature, usually more generations are used) 
and by using the Mean Squared Error1 (MSE) [10], as fitness function. As dataset, 46 
projects developed by academic students were exploited through a Hold-Out 
validation. It is worth noting that the main goal of Dolado work was not the 
assessment of evolutionary algorithms but the validation of the component-based 
method for software sizing. However, he observed that the investigated algorithm 
provided similar or better values than regression equations.  

Burgess and Lefley [7] assessed the use of genetic algorithm for estimating 
software development effort in a case study that exploited the Desharnais dataset [11]. 
The settings they used for the employed genetic algorithm are: an initial population of 
1000, 500 generations, 10 executions (i.e., run), and a fitness function designed to 
minimize MMRE. They obtained an MMRE = 0.45, which is close to the MMRE we 
obtained with Tabu search, and a Pred(25) = 0.23, which is worse than the one we 
obtained with Tabu Search. Even if GP did not outperform LR and ANN (Artificial 
Neural Networks) the results were promising and Burgess and Lefley suggested that a 
better set up of the genetic algorithm could improve the accuracy of the estimations. 

Successively, Lefley and Shepperd [32] also assessed the effectiveness of an 
evolutionary approach and compared it with several estimation techniques such as 
LR, ANN, and CBR. As for genetic algorithm setting, they applied the same choice of 
Burgess and Lefley [7], while a different dataset was exploited. This dataset is 
refereed as “Finnish Dataset” and included 407 observations and 90 features, obtained 
from many organizations. After a data analysis, a training set of 149 observations and 
a test set of 15 observations were obtained applying a Hold-out validation and used in 
the empirical analysis. Even if the results revealed that there was not a method that 
provides better estimations than the others, the evolutionary approach performed 
consistently well.  

An evolutionary computation method, named Grammar Guided Genetic 
Programming (GGGP), was proposed in [40] to fit models, with the aim of improving 
the estimation of the software development effort. Data of software projects from 
ISBSG [22] database was used to built the estimation models using GGGP and LR. 
The fitness function was designed to minimize the Mean Squared Error (MSE), an 
initial population of 1000 was chosen, the maximum number of generations was 200, 
and the number of executions was 5. The results revealed that GPPP performed better 
than Linear Regression in terms of MMRE and Pred(25). 

Finally, it is worth to mention that in the literature some proposals can be found 
that combine search-based approaches with other existing model-based techniques. 
Also in those cases, the investigations that have been carried out provide promising 
results, suggesting that the use of such approaches can improve estimation accuracy 
of traditional techniques [2,8,20,30,33,43]. 

                                                           
1 MSE is defined as 

n1 2MSE= (EFreal-EFpred)
ni=1
∑  where EFReali and EFpredi are the actual and the 

estimated efforts of the ith observation of the validation set and n is the number of 
observations in the validation set. 
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6   Conclusions and Future Work 

In this paper, we have provided a preliminary analysis of the use of Tabu Search for 
estimating development effort and compared the accuracy of the obtained estimates 
with those achieved by widely used estimation techniques, such as SWR and CBR. 
The empirical investigation was performed by exploiting a publicity available dataset, 
i.e., Desharnais dataset [11]. Although the configuration adopted for TS is not able to 
meet the Conte’s thresholds, the results are promising since the summary measures 
MMRE, MdMRE, and Pred(25) related to TS estimates are comparable with those 
obtained with SWR and CBR. Moreover, SWR and CBR do not significantly 
outperform TS (and vice versa), as shown by the statistical significance tests obtained 
by comparing paired absolute residuals with Wilcoxon tests. It is worth to stressing 
that our analysis is preliminary but it has been useful to understand that further 
investigations deserve to be carried out (possibly with other datasets) to analyze the 
usefulness of TS in the context of effort estimation and more in general to investigate 
the effectiveness of search-based approaches. In particular, as highlighted also by 
[7,20], specific empirical studies should be performed to understand the role played 
by different configurations of search-based approaches to improve the obtained 
estimates. These configurations could be based on: 

- other fitness/objective functions. Indeed, the choice of fitness function could 
influence the achieved results [19], particularly when the measure used by the 
algorithm to optimize the estimates is the same used to evaluate the accuracy 
of them [7];  

- aggregated fitness or Pareto optimality to consider a multi-objective 
optimization [19]; 

- an interactive optimization approach where users can influence the evaluation 
of fitness [19]. 

It would be also interesting to perform studies comparing different search-based 
techniques (i.e. Genetic Algorithms, Simulated Annealing [36], Tabu Search) since 
they have many similarities, but also distinguishing features. At the same time other 
combinations of search-based approaches with existing estimation techniques could 
be explored. For example, Tabu Search (or other search-based techniques) could be 
exploited to optimize crucial steps in the application of the CBR, such as the feature 
subset selection. 

Finally, the observation that so far there is no study that took into account new 
emerging development environments, such as model-driven development, agile 
techniques, and web applications, suggests the need to apply search-based approaches 
in these contexts. 
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