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Introduction
Appearance of products is one of the factors of customer attraction. This necessitates 
customer-centric design of products and product customization [1–3]. One of the meth-
ods proposed in this area is the direct use of designs proposed by users for designing 
the products. However, offering a design requires specialized knowledge and neces-
sary skills for working with design software and tools and customers lack such require-
ments. Besides, strong presence in competitive markets requires quick development of 
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customer-centric designs for products and services. These factors have paved the way 
for the emergence of interactive evolutionary algorithms in the design area. Interactive 
evolutionary algorithms are a class of problem solving methods in which the human fac-
tor serves as a fitness function [4]. One type of interactive evolutionary algorithms is the 
interactive genetic algorithm which is explained in “Genetic algorithm and interactive 
genetic algorithm” section.

Despite the aforementioned merits, the interaction of humans with evolutionary algo-
rithms also creates challenges which have been investigated in different studies. One of 
the most important of these challenges is user fatigue which is caused by the evalua-
tion of candidate solutions (where each solution represents a candidate design) in each 
algorithm iteration [4, 5]. The approach adopted in the present study is prevention of 
undesirable solutions using the candidate elimination algorithm in combination with the 
interactive genetic algorithm and which reduces the number of generations of the algo-
rithm, prevents the evaluation of designs which are probably not desirable for the users, 
and considerably reduces the time of achievement of a design which is desirable for the 
user.

In what follows, first, in “Genetic algorithm and interactive genetic algorithm” sec-
tion, the genetic algorithm and the interactive genetic algorithm are briefly discussed. 
In “Candidate elimination algorithm” section, the candidate elimination algorithm is 
introduced. In “Review of literature” section, the related literature is introduced. In “The 
proposed method” and “Evaluation” sections, the proposed method is introduced and 
evaluated in comparison with two former methods. Finally, in “Conclusion” section, 
some conclusions are drawn.

Genetic algorithm and interactive genetic algorithm
The genetic algorithm, which is one of the best-known evolutionary algorithms, has 
been inspired by Darwin’s theory of natural selection [6]. In this algorithm, the initial 
population is produced from the candidate solutions for the intended problem. Each of 
the candidate solutions is called a ‘chromosome’. The population members are evaluated 
by fitness function and are scored based on their degree of fitness. During the process 
of selection, a number of chromosomes with highest scores are selected as parents to 
generate the next generation, and, through a crossover operation between these chro-
mosomes, a new population is generated. Crossover operation is a process whereby the 
combination of two parent chromosomes generates new solutions each of which inherits 
some features from the first parent and some from the second. Also involved in gen-
erating the second generation are the two processes of mutation and elitism. In muta-
tion, akin to what happens in nature, it is probable that a gene belonging to an offspring 
chromosome undergoes random change. This alteration affects population variety and 
achievement of optimal solutions. In the processes of elitism, based on elitism rate, the 
chromosomes which have received the highest scores from the fitness function are con-
veyed directly to the next generation. The generation process is iterated until optimal 
solutions are achieved [5, 6]. In the interactive genetic algorithm, the genes of each chro-
mosome together describe a possible design [5]. For example, if the interactive genetic 
algorithm is applied for design of a book cover, the background color, image location, 
text font, text size and so forth are each specified by a gene. Similar to the genetic 
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algorithm, the first population is randomly generated. The genes of each chromosome 
are converted into predefined graphical features and the book cover design correspond-
ing to that chromosome is shown to the user through a graphical interface. Afterwards, 
the user, serving as the fitness function, scores the candidate solutions. Then, selection, 
crossover, and mutation operators are applied and a new population is generated. This 
process is iterated until the user accesses his/her favorite book cover design.

Candidate elimination algorithm
In the method proposed in the present study, the candidate elimination algorithm is 
used to reduce user fatigue in the interactive genetic algorithm. Hence, in this section, 
this algorithm is discussed.

The candidate elimination algorithm falls into the category of concept learning algo-
rithms where the goal is to predict whether or not a sample is a member of a set [6, 7].

In the candidate elimination algorithm, the training process is carried out on a number 
of samples whose labels are known as “positive” or “negative” indicating the member-
ship or non-membership in the set, respectively. In this training process, during some 
stages which will be explained later on, two boundaries are determined named lower 
and upper boundaries. Each boundary contains some hypotheses for rejecting or accept-
ing the samples.

The stages of the candidate elimination algorithm are as follows [6, 7]

  • First, upper boundaries (G) and lower boundaries (S) are initialized in such a way 
that the upper boundaries are in the most general form and accept every sample and 
the lower boundaries are in the most specific form and accept no samples.

  • Afterwards, the following process is iterated for each training sample:

  – In cases where the sample has a positive label, each hypothesis in G which rejects 
the sample is eliminated and boundaries in S become generalized enough to accept 
the sample. Modification of boundaries in S must be conducted in such a way that 
S becomes generalized as minimally as possible and boundaries in S stay more spe-
cific than boundaries in G.

 – In cases where the sample has a negative label, each hypothesis in S which accept 
the sample is eliminated and boundaries in G become specialized enough to accept 
the sample. Modification of boundaries in G must be conducted in such a way that 
G becomes specialized as minimally as possible and boundaries in G stay more 
general than boundaries in S.

For further explanation of the algorithm, its pseudo-code is given in Fig. 1. The main 
loop in this pseudo code consists of two “If” blocks, the first block is for the positive 
samples and the second one is for the negative samples. If sample d is positive, each 
boundary in G or S that is inconsistent with d is removed. The boundaries in S become 
generalized enough so that they accept d and be more specific than boundaries in G. 
In the last “Remove” statement in the first “If” block, all boundaries in S that are more 
specific than another boundaries in S are removed. In a similar manner, the negative 
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samples are managed in the second “If” block. The output of this algorithm is one or 
more boundaries in G and S.

After completion of the training process and the determination of the upper and lower 
boundaries, new samples falling between the two boundaries are labeled as positive (i.e., 
members of the set) and other samples are labeled as negative (i.e., non-members of the 
set).

Review of literature
The issue of interactive evolutionary computation started approximately from 1980 
and it was first applied to art, graphics and animation and then to various areas such 
as industrial design, information retrieval, games, robotics, etc. [8]. In “Review of the 
applications of the interactive evolutionary algorithm for design” section, some of the 
applications of the interactive evolutionary algorithms for design in different areas are 
addressed, and, in “Review of literature on reducing user fatigue in interactive evolution-
ary algorithm” section, recent studies on the improvement of user fatigue in the interac-
tive evolutionary algorithm is reviewed.

Review of the applications of the interactive evolutionary algorithm for design

Different studies have used different interactive algorithms, particularly the interactive 
genetic algorithm, for design in different areas. For example, one of the initial applica-
tions of this algorithm was its use in fashion design [9] in which different parts of a piece 
of clothing are codified as the genes (i.e., characteristics) of a chromosome and users can 
create their design by evaluating the designs of each generation. In a different study, to 
generate mobile phone designs, seven different parts of a cell phone were taken into con-
sideration. These parts formed the structure of chromosomes, and the hierarchical inter-
active genetic algorithm was used to create the optimal design [10]. Another interesting 
area is the use of this algorithm in designing the virtual environment of games and social 
media. In this application, characteristics such as water level, sunlight direction, and 

Fig. 1 The pseudo-code of candidate elimination algorithm [7]
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cloud motion are taken into consideration and codified in chromosomes. In this appli-
cation, the designs existing in each population are graphically shown to the user and 
the user chooses three images from the presented images [11]. In another study, in an 
image retrieval system, the interactive genetic algorithm was used to improve the results 
obtained from the search. The initial results obtained from searching for an image were 
considered as the initial population, and the three features of background, color, and 
image margin were incorporated into each chromosome. Afterwards, the population 
was gradually improved [12]. In other studies, applications such as website appearance 
design [13], sign sound design [14], and greeting card design [15], carpet pattern design 
[16], and the design of office layout design for polygonal space [17] were applied using 
the interactive evolutionary algorithm.

Review of literature on reducing user fatigue in interactive evolutionary algorithm

As mentioned previously, user fatigue is one of the most important challenges to interac-
tive evolutionary algorithms and different methods have been developed to tackle this 
challenge so far. In one study, the interactive evolutionary algorithm was used to design 
book covers [18], and the k-means clustering method was used to reduce user fatigue so 
that only the centroid of each cluster was shown to the user. After evaluation of clus-
ter centroids by the user, the other members of each cluster were scored based on their 
similarity to the cluster centroid. This system was evaluated by three users and the results 
indicated a faster algorithm convergence and hence lower user fatigue. The fuzzy c-means 
clustering is another common method for tackling user fatigue which has been studied 
in recent decades. In this connection, a study has developed a system for solving une-
qual facility layout problem [19]. In this study, chromosomes are clustered using fuzzy 
c-means algorithm, and only the cluster centroids are evaluated by the user. Other clus-
ter members are scored based on the cluster centroids scores. To evaluate the algorithm, 
the square and rectangular factories were used and it was demonstrated that the designs 
expected by the experts have been achieved after a reasonable number of algorithm itera-
tions. Later on, in order to improve on the aforementioned study, another study was 
conducted in 2015 in which attempts were made to preserve population variety [20]. For 
this purpose, niching methods [21] were used in the interactive genetic algorithm. Com-
parison of this study to previous studies showed a decrease in standard deviation and in 
the mean number of times required to reach the optimal design. Akase and Okada in 
2014 proposed a system that uses interactive evolutionary computation (IEC) to easily 
generate the 3D furniture layouts [22]. They proposed two prototypes; in the first pro-
totype, the fitness function is defined based on the ergonomic constraints to reduce the 
burden of user evaluation. The fitness of each chromosome is calculated by summing up 
the inverse of the ergonomic cost function and the user’s score. The user can delegate 
several early generations to the system. In this case, this system uses the inverse of cost 
function as the default fitness of chromosomes. In the second prototype, at first, the user 
chooses an elite chromosome. Then, in each generation 6 designs are shown to the user 
and the user selects the top three of them. The top two chromosomes are transferred to 
the next generation. Then, the one-point crossover is applied on the top two chromo-
somes and also on the third chromosome and elite chromosome. Mutation probability is 
set to 50% to prevent the initial convergence. It is shown that these operations reduce the 



Page 6 of 18Sheikhi Darani and Kaedi  Hum. Cent. Comput. Inf. Sci.  (2017) 7:38 

number of generations. Another method is proposed by Quiroz et al. for user interface 
design [23], in which the user just selects the best and worst designs in each generation. 
Then, the other designs are scored based on their similarity to these chromosomes. The 
chromosomes fitness is calculated by combining “the user evaluations” and “the compat-
ibility of design with the user interface design guidelines”. Furthermore, the user evalu-
ates the chromosomes every t generations. Results show that for the appropriate values 
of t, this method reduces the human fatigue and the time spent by the user on a session. 
Quiroz et al. in another study enhanced their method using a collaborative approach [24]. 
They tested their model on floorplanning. This method supports collaboration of users by 
allowing individual designers to view each other’s designs during the evolutionary process 
and share their designs via case injection. The results showed that the floorplans which 
are created collaboratively receive higher scores compared to the floorplans created indi-
vidually. In addition, it was shown that this method reduces the user fatigue.

In another study that was conducted in 2013 to design the web pages [25], instead of 
evaluating the design as a whole, the user evaluates each section of a design. In other 
words, each gene of chromosomes is scored separately. Crossover operation is imple-
mented in such a way that the gene which has a high score is more likely to be assigned 
to a child. The experiments showed that this method improves the population and 
reduces the number of generations.

In 2016, the “multi-stage interactive genetic algorithm” was developed to tackle user 
fatigue. The aim was to bring the process of interactive genetic algorithm closer to the 
process of design done by professional designers. In this method, the focus is on the 
problem of low user knowledge in the initial stages of the design process. For that pur-
pose, first, a component of the design (e.g., the background design) is shown to the 
user and it is improved upon through interactive genetic algorithm operations so as to 
achieve user satisfaction of that component. In the next step, different settings of the 
next component of the design (e.g., the cover image) are added to the optimal solution of 
the previous evolutionary stage and the interactive genetic operations are iterated again 
until an optimal design for this component is made. This process continues until all 
components have been added to the design and the design has been completed. In this 
method, chromosomes become gradually more complex during the process of evolution 
[26]. For example, if the multi-stage interactive genetic algorithm is applied for design of 
a book cover and the design items include the background color, the image location, and 
the text location, the following steps will be performed in this algorithm:

(1) The initial population is generated randomly. In this population each chromosome 
has just one gene (e.g., the background color).

(2) The user evaluates each chromosome. Afterwards, the new population is generated 
by applying the selection, crossover, and mutation operators.

(3) Step 2 is iterated until the user achieves his/her favorable design component (e.g., 
the background color).

(4) Previous component (e.g., the background color) will be fixed and the new compo-
nent (e.g., the image) is added to the design.

(5) Steps 2, 3, and 4 are iterated until all components are added to the design and the 
user achieves his/her desired book cover design.
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It was claimed that this trend in multi-stage interactive genetic algorithm gradually 
increases users’ knowledge of the design and diminishes the problem of low user knowl-
edge for evaluating the whole design in the early stages of the algorithm (which length-
ens the algorithm and increases user fatigue) [26].

Considering that the multi-stage interactive genetic algorithm is new and efficient, the 
method proposed in the present paper is compared with the results of the multi-stage 
interactive genetic algorithm.

The proposed method
In the proposed method, the candidate elimination algorithm is used in combination 
with the interactive genetic algorithm in order to identify the user preference in scoring 
the designs and to prevent the evaluation of inappropriate solutions (i.e., designs which 
do not match user preference) by user.

In this method, first, a population of candidate solutions (i.e., candidate designs) is 
generated randomly by interactive genetic algorithm and the graphical presentation of 
each solution is shown to the user. The user scores each design in the population based 
on his own preferences. Having been scored by the user, each design is then sent to the 
candidate elimination algorithm as a training sample. For this purpose, designs with 
scores higher than average are considered as positive samples and others are considered 
as negative samples.

Afterwards, using elitism, selection, crossover, and mutation operators in the interac-
tive genetic algorithm, a new population of candidates is generated. In this process, each 
generated offspring, prior to being added to the new population, is investigated using 
the candidate elimination algorithm and only the offspring accepted by this algorithm, 
i.e., those falling between the upper and lower boundaries of the candidate elimination 
algorithm, are shown to the user. Other offspring receive a predefined low score from 
the algorithm. This process is iterated until the end of the interactive genetic algorithm. 
Therefore, the two steps in our proposed algorithm that differentiate it from the previ-
ous interactive genetic algorithms are as follows:

•  In each iteration of the algorithm, the population members scored by the user are pre-
sented to the candidate elimination algorithm as training samples so that the bounda-
ries of the candidate elimination algorithm become increasingly precise.

For evaluating the members of each generation of interactive genetic algorithm, the 
offspring accepted by the candidate elimination algorithm are showed to the user to be 
scored. On the other hand, the designs rejected by the candidate elimination algorithm 
will probably be rejected by the user too; thus, they automatically receive a predefined 
low score from the algorithm and will not be shown to the user. Therefore, the number 
of evaluations to be done by the user is decreased and the user fatigue is reduced.

Actually, another approach to handle the designs that are rejected by the candidate 
elimination algorithm is to discard them and not to transfer them to the next genera-
tion; however, our experiments showed that discarding the rejected designs reduces the 
population diversity and decreases the algorithm efficiency.

Figure 2 illustrates the flowchart of the proposed method.
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Figures 3, 4, and 5 illustrate a sample of populations in three consecutive generations 
for the problem of book cover design. Designs which are marked by “×” signs are identi-
fied as inappropriate designs by the candidate elimination algorithm and get a low score 
from the algorithm.

Evaluation
In this section, the proposed method is evaluated. First, the design in question is elabo-
rated on, and, afterwards, the process of evaluation as well as evaluation results is dis-
cussed. It should be noted that the proposed method is application independent and can 
be used for other design problems.

Fig. 2 Flowchart of the proposed algorithm
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Graphical design

In the present study, the proposed method is evaluated on the problem of book cover 
design. Each book cover design includes the three components of background, image, 

Fig. 3 A demonstration of the first generation of chromosomes generated by the proposed algorithm

Fig. 4 A demonstration of the second generation of chromosomes generated by the proposed algorithm
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and text, each of which has their specific characteristics. To describe these components 
and their characteristics, the study conducted by Yu et al. [18] was used. Table 1 presents 
the components and the number of bits relating to each component. The RGB system 
was used for the color characteristics and 8 bits were considered for each of the three 
main colors. Therefore, each color can receive a value between 0 and 255. The font char-
acteristic can be one of the four popular fonts, i.e., Cambria, Calibri, Times New Roman, 
and Arial; therefore 2 bits are used to describe it. The size characteristic can have 4 dif-
ferent values for each image and text components; hence, 2 bits are considered for this 
characteristic. Considering that the cover design sheet is considered as a grid with two 
columns and four rows, the position characteristics has eight values. Therefore, this 
characteristic is demonstrated by 3 bits. Considering the characteristics of each compo-
nent, in sum, the size of each chromosome which describes a cover design equals 60 bits.

Parameters setting

In the interactive genetic algorithm, the size of populations is usually considered a 
number below 10. In the multi-stage interactive genetic method [26], which has been 

Fig. 5 A demonstration of the third generation of chromosomes generated by the proposed algorithm

Table 1 Components of  each chromosome and  the characteristics of  each component 
for book cover design

Components Font Position Size Color

Background – – – 24 bits

Text 2 bits 3 bits 2 bits 24 bits

Image – 3 bits 2 bits –
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compared with the methods proposed in this paper, the population size has been consid-
ered to be 6. In order to preserve the similarity, the size of all populations in the present 
paper has been decided to be 6. In addition, in choosing the rate of genetic operators 
and the details of conducting them, attempts have been made to follow the settings of 
the multi-stage interactive genetic algorithm. Therefore, the crossover rate has been 
considered 0.9, and single point crossover has been used. Crossover operation is imple-
mented in such a way that it does not disturb the genes. To do this, the crossover point is 
selected from among the separation points of genes.

In mutation, which occurs with a probability of 0.02, a bit is randomly selected and 
undergoes a change. The elitism rate has been assumed to be 0.2 so that the best chro-
mosomes of one generation proceed to the next generation. The value “1” is assigned to 
the designs that are rejected by the candidate elimination algorithm, as a predefined low 
score.

Evaluation procedure

To evaluate the proposed method, 15 users were asked to perform the cover design pro-
cess separately using the simple interactive genetic algorithm, multi-stage interactive 
genetic algorithm, and the proposed algorithm. As discussed in “Review of literature 
on reducing user fatigue in interactive evolutionary algorithm” section, the multi-stage 
interactive genetic algorithm is one of the recent methods for reducing user fatigue. In 
this algorithm, the design process is constituted by a few evolutionary stages each of 
which adds a new component to the design [26]. This method was implemented and 
compared with the proposed method for book cover design. Using each algorithm, each 
user performs the design process three times starting from three different initial popula-
tions. The three populations are identical for all three algorithms.

The mean number of generations, the mean number of chromosomes being evaluated 
by user, and the mean evaluating time are considered as the evaluation criteria. The val-
ues of these criteria averaged over the 15 users for the three algorithms are presented in 
Figs. 6, 7, and 8.

In order to measure the degree of satisfaction in addition to these criteria, the After 
Scenario Questionnaire (ASQ) [27] was employed. Using this questionnaire, the degree 
of user satisfaction with the ease of completing the design process and also the degree 
of user satisfaction with the time spent on designing were measured. The user’s answer 
to each question in the questionnaire was a number between 1 (total agreement) and 7 
(total disagreement). Each user filled out the questionnaire after the completion of the 
design process. Afterwards, the mean values of the indices (demonstrated in Figs. 9, 10) 
were determined on the basis of users’ answers to the questions. It is worth noting that 
the mean values determined for each index have been inverted and multiplied by 100 so 
as to make them appropriate for display on the diagram. Therefore, in these diagrams, 
higher values demonstrate higher user satisfaction.

Results analysis

As indicated by the results, compared with the simple interactive genetic algorithm, 
the proposed algorithm demands fewer number of design evaluations made by user 
and achieves the user’s desired design within a shorter time and after fewer algorithm 
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generations. This reduces user fatigue in the proposed method. The 60% decrease in the 
evaluation time, the 46% decrease in the number of generations, and the 53% decrease in 
the number of evaluation demonstrate that the proposed method can efficiently ascer-
tain user preference and improve the design process by screening generated chromo-
somes and predicted the chromosomes which are not consistent with user preference. In 
the proposed method, the combination of candidate elimination algorithm and interac-
tive genetic algorithm leads to the fast identification of user preferences. Therefore, the 
time to achieve the user’s desired design and the number of generations are reduced. In 
addition, scoring undesirable designs by the algorithm is another factor that reduces the 
number of user evaluations.

Besides, in comparison with the multi-stage interactive genetic method, the proposed 
method has created a 56% improvement in the evaluation time and a 21% improvement 
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Fig. 6 The “mean number of generations” in the proposed algorithm compared to two other algorithms
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in the number of generations and 69% improvement in number of evaluations made by 
users. By performing a step by step design process, the multi-stage interactive genetic 
algorithm increases the focus of user on a component at each stage of the design. For 
this reason, compared to the simple interactive genetic algorithm, less time and fewer 
number of generations are needed to reach the user’s target. However, the results indi-
cate that the proposed method performs better than multi-stage interactive genetic 
algorithm. This is because the step by step design process increases the number of evalu-
ations needed in the multi-stage algorithm.

The great difference between the number of evaluations obtained by our proposed 
method and that of the multi-stage interactive genetic algorithm is due to the fact that 
the number of required evaluations for achieving the desired design in the multi-stage 
interactive genetic algorithm is at least equal to the multiplication of the number of 
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Fig. 8 The “mean evaluating time” of the proposed algorithm compared to two other algorithms
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design components by the population size. In our experiment, each book cover design 
includes five components. Therefore, five stages are required to complete the design, 
each of which includes evaluation of all population chromosomes. On the other hand, 
for some users, our proposed method may find the user’s desired design in the initial 
population. Hence, this great difference in the number of evaluations in our proposed 
method and multi-stage interactive genetic algorithm is natural. For the same reason, 
the number of evaluations in multi-stage interactive genetic algorithm is greater than 
that of simple interactive genetic algorithm. However, as declared by the authors [26], 
in the multi-stage interactive genetic algorithm the user is able to judge the design fea-
tures more effortlessly because of utilizing a step by step design process. For example, 
in our experiments, only the background color is evaluated by the user in the first stage 
of algorithm; in the next stage, the background color has been specified and just sev-
eral locations for the image should be evaluated by the user, and so on. Therefore, even 
though the mean number of evaluations in simple interactive genetic algorithm is lower 
than that of multi-stage interactive genetic algorithm, the user can evaluate the designs 
more quickly in the multi-stage interactive genetic algorithm. Thus, the mean evaluat-
ing time of the multi-stage interactive genetic algorithm is lower than that of the simple 
genetic algorithm. The results demonstrated in Figs. 7 and 8 confirm this issue. To inves-
tigate the significance of the statistical results, the standard deviation metric is used [20]. 
Table 2 shows the average and standard deviation of evaluation criteria (i.e., the mean 
number of generations, the mean number of chromosomes being evaluated by user, 
and the mean evaluating time) for each algorithm. In addition, the average and stand-
ard deviation of chromosome’s scores in each generation of algorithms are presented in 
Table 3. As shown in these tables the standard deviation obtained using the proposed 
method is smaller than those of other two algorithms which means that our proposed 
method is more consistent in this regard compared to other algorithms.

Figures 9 and 10 demonstrate that the degree of users’ satisfaction with “the ease of 
completing the design process” and also the degree of users’ satisfaction with “the time 
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Fig. 10 Mean user satisfaction with the time spent on design process using simple interactive genetic algo-
rithm, multi-stage interactive genetic algorithm, and the proposed method
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they spent on designing” are the highest in the proposed algorithm and the lowest in 
the simple interactive genetic algorithm. In the proposed algorithm, the designs that 
are predicted to be unfavorable for the user are scored automatically by the algorithm; 
hence, the user does not need to score them and he/she requires fewer evaluations. This 
makes the algorithm more attractive to the user and enhances the user’s satisfaction with 
his/her interaction with the algorithm. On the other hand, the multi-stage interactive 
genetic algorithm enables the user to focus on a single component in each stage. How-
ever, if an inappropriate component is selected by the user at the beginning stages of 
the design process when he/she has not still observed its combination with other com-
ponents, the user may fail to generate a desired design and hence, his/her satisfaction is 
decreased.

As it is shown in Fig. 8, the mean evaluating time in the proposed method is much 
lower than that of multi-stage interactive genetic algorithm. Furthermore, the user satis-
faction about the time spending on the design process is higher than that of multi-stage 
interactive genetic algorithm (Fig. 10). Although the difference in the user satisfaction 
indicates the success of the proposed method in accelerating the design process, the 
improvement in the user satisfaction is marginal. It can be concluded that despite the 
long time users spend on using multi-stage interactive genetic algorithms, the step by 
step design process is interesting to the users.

Figure 11 demonstrates the average of chromosome’s scores in each generation of the 
proposed method. As it is shown in this figure, the average score of chromosomes is 
gradually increased over the run of algorithm and finally it is converged. This means that 
the number of user desirable designs is improved during the progress of algorithm and 
finally, in sixth generation the user finds his/her favorite design and stops the process. 

Table 2 The standard deviation and  the average of  the evaluation criteria for  the algo-
rithms

The number  
of generations

The number 
of evaluations

The mean of evalu-
ating time (second)

Std. dev Average Std. dev Average Std. dev Average

Simple interactive genetic algorithm 2.59 5.77 13.76 35.33 92.93 130.97

Multi-stage interactive genetic algorithm 2.19 3.91 29.64 54.13 57.12 119.95

Proposed method 1.29 3.06 5.16 16.71 21.50 52.18

Table 3 The standard deviation and the average of the chromosome’s scores in five gen-
erations of algorithms

Number of  
generations

Simple interactive  
genetic algorithm

Multi-stage interactive  
genetic algorithm (last stage)

Proposed method

Std. dev Average Std. dev Average Std. dev Average

1 3.43 8.83 3.81 2.50 3.43 4.16

2 2.88 5 4.48 4.16 3.53 5

3 3.72 3.33 3.81 2.50 2.35 6.66

4 4.08 5 3.43 4.16 2.35 8.33

5 3.72 3.33 4.71 3.33 2.35 8.33
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It should be notified that only the score of chromosomes that are not eliminated by the 
candidate elimination algorithm are considered in calculating the average scores.

Conclusion
In this paper, a method was proposed to reduce user fatigue in interactive genetic algo-
rithm. In this method, using the candidate elimination algorithm, inappropriate chro-
mosomes (i.e., designs) are predicted and scored by the algorithm with a predefined low 
value. Evaluation of the proposed method indicated a decrease in evaluation time and a 
decrease in the number of algorithm generations in comparison with the simple interac-
tive genetic algorithm and the multi-stage interactive genetic algorithm. The proposed 
method can be utilized for customer-centric design of wide range of products such as 
cellphones, cars, and clothing. Furthermore, it can be employed in applications such 
as office interior layout design, webpage graphical design, and software user interface 
design. In the mentioned applications the user fatigue, which is one of the most impor-
tant problems during the design process, can be alleviated by our proposed method.

In addition to reduction of user fatigue, it seems that in the proposed method the 
boundaries of the candidate elimination algorithm which are gradually made on the 
basis of user scoring of chromosomes can prevent paradoxical evaluations by the user 
as well as imprecise scoring which are the shortcomings of other interactive design algo-
rithms. This may be studied and evaluated in future research.

In addition, in future research, the proposed method may be used in the design of 
other products than book covers, and the capability of this method may be assessed 
by more users. Another guideline to improve the current study is to protect the system 
against the malicious users who want to intentionally make the algorithm unusable. This 
issue may be resolved in the future studies using the authentication mechanisms [28, 29].

Another challenge in the proposed method is that if the user’s preferences change 
widely during the design process, the algorithm may be misled in learning the pref-
erences. One idea to address this problem is to apply a low training rate while the 
algorithm is in the beginning generations and the user is not still sure about his/her pref-
erences. The algorithm training rate can be increased gradually while the algorithm pro-
ceeds and the user’s preferences become stable. Besides, due to the dynamic nature of 
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Fig. 11 The average of chromosome’s scores over the proposed algorithm progress
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customer-centric design process, the evolutionary methods presented for dynamic envi-
ronments [30, 31] can be applied to improve the method.
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