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The Effect of Hybrid Crossover Technique on
Enhancing Recall and Precision in Information
Retrieval
Ammar Al-Dallal

Abstract— Several techniques are proposed to retrieve the
most relevant HTML documents to user query. Among these
techniques is the genetic algorithm which iteratively creates
several generations using selection, crossover and mutation
before producing the final result. In this paper, a new hybrid
crossover technique is proposed to enhance the quality of the
retrieved results. This technique is applied to HTML
documents and evaluated using recall, precision and recallprecision measures. Its performance is compared to three well
known techniques of crossover. The results show high
improvement in the quality of the retrieved documents in
terms of these measures.
Index Terms— genetic algorithm; HTML documents;
hybrid crossover; information retrieval
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I. INTRODUCTION

he study of IR techniques has increased since the advent
of the World Wide Web, but still web users encounter
two problems when trying to retrieve useful information.
One of them is that many of the highly ranked retrieved
documents are not related to the user query. On the other
hand, there still many related documents which are not
retrieved [22]. For this reason, many paradigms and models
have been developed to solve the IR problem. One of these
is genetic algorithm (GA). This technique uses the
principles of selection and evolution to produce several
solutions to a given problem.
There are many approaches investigate GA engine that
can solve web search problem [5][12][13][17][20][22]. In
this type of approaches, GA generates a population which is
a group of individuals called chromosomes and each
chromosome consists of a set of genes selected randomly.
These genes in the proposed system represent an index to an
HTML document in the search space. The individuals in the
population are then evaluated using fitness function which is
provided by the programmer and gives the individual a
score based on how well it reflects relativity to the user
query.
Next generations are re-produced from previous ones
using selection, crossover and mutation. The selection of
individuals is controlled by the fitness function. This
continues until a suitable solution has been found or a
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certain number of generations have been passed.
The rest of this paper is organized as follows: Section 2
lists the related work. Section 3 explains in details the
proposed hybrid crossover technique which will overcome
many of the drawbacks of the existing crossover techniques.
The description of the document set used is provided in
section 4. Section 5 describes the measures applied to
evaluate the proposed hybrid technique. Section 6 represents
and explains the achieved results. Last section concludes
this work by highlighting ideas to enhance this work.
II. RELATED WORK
This paper focuses on the crossover part of the GA
process. Once the individuals are selected using the
selection operator, they are ready for crossover operation. In
GA, crossover is the second operator which is applied with
a pre-defined probability to two selected individuals of a
population to generate new offspring of new generation.
These offspring inherit some features from parents. Higher
fitness chromosome has an opportunity to be selected more
than lower one, so good solution always alive to the next
generation [18] [2].
The simplest and most popular one [1][2][4][5][6][10]
[13][14][16][18][20][22][24] is to choose single point
randomly within the chromosome and copy the values of
parents 1 and 2 before or after this point to the same
locations in the new offspring 1 and 2. Then, the values
after or before this point are exchanged by copying them to
the new offspring such that genes of parent 1 are copied to
offspring 2 and that of 2 are copied to offspring 1. The
drawback of this method is that best building blocks can be
broken. Also the offspring may have lower performance
than parents unless there is restriction on exchanging the
genes. The third drawback is that if the cross point happen
to be close to one edge of the chromosome then the
generated offspring will be very similar to the parent
Another technique used for crossover which overcomes
the last drawback of 1-point crossover is known as the twopoint crossover [17]. It is similar to the 1-point crossover
except that two points are selected randomly as crosspoints
and genes between them are exchanged to form the
offspring. This technique provides wider diversion from
parents than 1-point crossover do, and researchers agree that
2-point crossover is generally better than 1-point crossover
[5]. However, if the crosspoints are close to each other then
the offspring will not much differ from the parents. This
technique is generalized by introducing n-point crossover
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[11][13][22]. In n-point crossover the operation is done by
randomly choosing a number of crossover points and
applying n simple crossover operations on the parents
simultaneously. However, adding more crosspoints affects
the speed of the crossover process and also disrupts the
building blocks.
Other techniques for crossover include uniform crossover
which is applied by [5][23]. It is implemented in two ways.
The first one is to generate a binary mask randomly with the
same number of components of the chromosome. Each
mask is used to generate a child from a pair of parents. The
binary values zero or one in each mask are used to select the
value of genes from either the first or the second parent,
respectively. The second way of implementing uniform
crossover is to define a swapping probability pswap and
perform swapping between parents if the generated random
is less than pswap for each gene.
Inversion is another technique used for crossover in
which the order of genes between 2 randomly chosen
positions within the chromosome is reversed [9]. Hence it is
applied to a single parent to produce a single offspring.
Similar to inversion is the reordering crossover technique
but it is applied to two parents to produce two offspring [5].
It is applied to 1-point or 2-points crossover where the order
is maintained after each crosspoint. The purpose of
reordering is to find gene ordering which have better
evolutionary potential [5].
In fusion crossover [22], only one offspring is generated
from two parents where for each gene, the child inherits the
value from one or the other of the parents with a probability
according to its performance.
III. THE HYBRID CROSSOVER TECHNIQUE
In order to produce high quality offspring, some
drawbacks have to be avoided in the proposed crossover
technique while others could be overlooked or reduced by
combining several techniques together. The main drawbacks
that need to be avoided are generating lower performance
offspring, breaking building blocks, generating offspring
out of search space and low speed of convergence. These
drawbacks are to be avoided in the proposed crossover
which is called hybrid crossover.
A. The Design of Hybrid Crossover
The proposed crossover operator chosen to be
implemented here is a combination of reordering crossover
[22], fusion crossover [22] and one-point crossover. When
genes within a chromosome are ordered based on their
fitness value and the order is important, then the crossover
applied to such chromosomes is called a reordering
crossover. In fact, the order of genes in the proposed
crossover is important as it represents the ranked documents
that will be displayed to the user. If one offspring is to be
produced from the crossover process rather than two, then it
is called a fusion crossover. Combining these two
techniques together and applying a one-point crossover on
them forms the new crossover suggested in this paper.
In the one-point crossover, GA selects one point
randomly to perform exchange of genes. A reordering
crossover is applied to chromosomes having their genes
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ordered based on their fitness value from higher to lower.
Since genes are in order within the chromosome then a 2point crossover could not produce better results as the high
quality genes are on one edge while the exchange is done
for the genes somewhere in the middle. Other techniques of
crossover are not applied to the proposed model due to their
disadvantages mentioned earlier.
The rationale behind using the ordered crossover
technique over other techniques is the need to inherit the
good genes and maintain the good building blocks while
passing them to the resulting offspring.
In fusion crossover, only one offspring is generated from
the two selected parents. In this technique, the offspring
inherits the genes from one of the parents with a probability
according to its performance. The advantage of this
technique is that the good genes of both parents are
inherited simultaneously to the offspring, producing high
quality offspring and increasing the speed of convergence.
Combining the three techniques of crossover into one
process allows fast convergence with high quality offspring.
The ordered technique gathers the good genes into one side
of the chromosome. Then the one-point crossover copies
these gathered genes from the heavy side of both parents to
one offspring only. This results in an offspring having the
best genes of the parents.
B. The Functionality of Hybrid Crossover
The hybrid crossover operates in the following manner.
Suppose there are two parents x and y of length L. These
two individuals are selected randomly using binary
tournament selection from current population pi to produce
one offspring O of population pi+1. Firstly, the
chromosome’s genes are ordered based on their fitness
value from higher to lower from the previous generation.
Then a one-point crossover is applied by choosing
crosspoint cp randomly over the range [1.. L]. The selected
crosspoint divides the chromosomes into two parts. The first
O's genes [O0, .., Ocp] are copied from the candidate parent
that has the greatest gene’s value at position L0, suppose it is
x in this example. The remaining genes of O are copied
from the second parent starting from the leftmost position
until the offspring O is filled up or until it reaches the
specified location cp. Through the process of copying the
remaining genes from the parents, the uniqueness of the
copied gene must be considered, i.e., each gene can occur
only once in the new offspring O. This is implemented by
excluding the genes that already exist in O. When O is not
filled up to the specified length, the fitness values of other
genes in both parents are compared starting from location
cp+1. The gene that has a higher fitness value contributes to
O. This is done in order to generate offspring with
appropriate genes from each parent and to guarantee that the
length of O is maintained at L. Figure 1 gives an example of
the proposed crossover in which numbers in each
chromosome represent the fitness value of the gene at that
position. The two candidates x and y that are shown in
Figure 1 -Step A. The crosspoint cp is selected randomly to
perform a one-point crossover- Step B in Figure 1. In this
example it is 3. Because the first gene of x has a greater
fitness value than the first gene of y, x's genes along with the
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fitness values are considered as the first three genes of O.
To complete the genes of O, the other three genes are copied
starting from the leftmost position of y. Then a competition
between the genes in both x and y is done to complete the
creation of O. Because the gene at position cp+1 in y has a
greater value than that of x’s, then y’s genes are copied into
O (the right bold set of genes in step C in Figure 1). Once
all positions in the offspring are populated with genes, these
genes are ordered from higher to lower based on their
fitness value (step D in Figure 1). The steps of this hybrid
crossover are illustrated in Algorithm 1.

Fig. 1, Illustration of the hybrid crossover process

Prerequisite: Both parents are of same length and the genes in
each of them are sorted with respect to their fitness value.
begin
1. Select crosspoint cp randomly such that 0 < cp < parent length.
2. gmax= max gene(f(x0), f(y0)) --compare fitness value of first
gene in both parents
3. parent 1= chromosome with gmax
4. Create offspring such that: O
= g1, g1 ≤ cp
= g2, g2 ≤ cp, g2 O and length(O) ≤ length(parent1)
5. If length (O) < length(parent1)
begin
g`max= max gene(f(xcp +1), f(ycp +1))
parent 1`= chromosome with g`max
Copy genes from parent 1` to O such that genes are
unique in O
end;
6. Order genes in O in descending order with respect to their
fitness value.
end
Algorithm 1, The hybrid crossover operator

IV. DOCUMENT SET DESCRIPTION
In the GA system, the adoption of effective way to
represent documents has greatly influenced the scientists’
thought. Actually, the documents that will be evaluated by
IR system can be either plain text, semi-structured (i.e.,
HTML (HyperText Markup Language) documents) or
structured. Because most of web-documents are written in
HTML (Kim and Zhang, 2003), this format is adopted for
implementing our proposed system.
In similar studies, researchers tend to use ready-made
data sets which use vector space indexing models such as
TREC and ACAM data sets. These sets include documents,
vector space index, queries and their results. However, these
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sets are not suitable for the proposed model because of the
indexing model on the one hand, and due to the additional
data that need to be included in the index which is not
supported by these data sets on the other hand.
The document set or search space used in this work is a
set of HTML web documents. This set is the Carnegie
Mellon University data set (WebKB). It is a set of HTML
documents from the departments of computer science at
various universities collected in January 1997 by the World
Wide Knowledge Base project of the CMU text learning
group. It consists of 8284 documents [21] and used by
several researches [8]. This set consists of seven categories,
named: course, department, faculty, project, staff, student
and others, in additional to another 60 web documents
downloaded from the Web by passing different keywords to
the Google search engine. Hence, the total number of
HTML documents in the set is 8344. Table 1 shows the
categories of the document set as well as the number of
documents in each category. This document set is expected
to be reasonable to analyze the proposed model since this
size is in the range of document size used in similar
researches. In the literature, the data set used to test most
GA-based IR systems is CISI [2][6][18]. This data set
consists of 1460 documents and was tested against 76 to
112 queries. Table 1 shows some statistics for the
documents and queries used to test the proposed system.
TABLE I.

STATISTICS OF THE TEST COLLECTION USED IN THE
PROPOSED MODEL

Parameter Name
Number of documents
Number of queries
Number of unique indexed terms
Average number of terms by query
Average number of relevant documents by query
Average number of indexed terms by document

Value
8344
100
128213
2.69
16.82
410.28

V. EVALUATION MEASURES
The results of the proposed system are evaluated by using
precision and recall measures. Precision is defined as the
percentage of relevant retrieved documents to the total
number of retrieved documents, while recall is defined as
the percentage of relevant retrieved documents to the total
number of relevant documents.
One of the most popular measures used to evaluate the IR
systems is called average precision-recall measure (P@R)
where it is used in [2] [6][12][17][18] [19] [24]. It measures
the precision at multiples of 10% of the total relevant
retrieved documents for the given query. In other words, if
the query has 100 relevant documents, then this measure
will evaluate the precision when retrieving 10, 20, 30,..,
100% of the relevant documents. Therefore, this measure
evaluates the system in terms of percentage of the total
relevant documents.
In addition to the average precision-recall measure, two
common measures are used to evaluate such systems. These
measures are: Precision at Rank N (P@N) and Recall at
Rank N (R@N), where N is multiples of 10 [3][12]. Rank N
here means the top N ranked documents of the retrieved
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documents. In this method, the retrieved documents are
ranked in descending order based on the fitness value and
the average of precision and recall are calculated. Therefore,
this measure evaluates the system based on the percentage
of the total retrieved documents.
When the maximum value of N is 100, this measure is
called 11-point average precision [3][15] and it is widely
used to evaluate IR models, since it measures the
performance at the points 0, 10, 20, 30 up to 100 top ranked
retrieved documents, where point 0 means the first retrieved
document or the top ranked document.

That means this technique is capable of retrieving 85% of
total relevant documents at top 60 retrieved documents.
However, 2-point crossover technique starts by retrieving
31% of relevant documents at top 10, and as a whole it
retrieves only 48% at top 100 retrieved documents. That
implies hybrid crossover achieves enhancement of 104% at
R@10 and drops to enhancement of 79.16% at R@100.

VI. EXPERIMENTS
In this experiment, three measures are applied to study
the performance of the hybrid crossover technique which
performs one-point crossover on ordered parents to produce
one ordered offspring. These measures are P@N, R@N and
P@R. These measures will be applied to compare the hybrid
crossover technique with other three well known crossover
techniques. These techniques are: 2-point crossover (2-point
CO), non-ordered crossover (Non-Order-CO) and one-point
crossover producing 2 offspring (2-Offspring).
A. Precision @ N Measure
The first measure to be analyzed is the P@N measure
using the above four mentioned crossover techniques.
Figure 2 shows the P@N retrieved documents. It is shown
that the proposed system using hybrid crossover has much
better performances than the other crossover techniques. In
details, the hybrid crossover achieves 0.86 at top 10
retrieved documents while the non-ordered achieved 0.58,
2-offspring CO achieved 0.48 and 2-point crossover
achieved only 0.34. The average 11-point precision of the
hybrid crossover is 0.44 which is higher than the nonordered crossover by 61.36%, higher than 2-point crossover
by 236.07% and higher than 2-offspring by 237.97%. The
non-ordered crossover technique starts with 0.58 at P@10
and ends with 0.13 at P@100. That means the hybrid
crossover technique is enhanced from 48.12% to 70.62%
compared to the non-ordered crossover.

Fig. 2, Precision @ top N retrieved documents for different crossover
techniques

B. Recall @ N Measure
The second measure to be considered in evaluating these
techniques is the R@N which is depicted in Figure 3. The
hybrid crossover starts from 63% till reaches 85% at R@60.
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Fig. 3, Recall@N improvement by hybrid crossover

Looking at the performance of the 2-offspring technique,
it is shown that it retrieves 32% of the relevant documents at
top 10 and increases to 35% at top 100 retrieved documents.
These results are of low performance when compared to that
of the hybrid crossover which retrieves 63% at top 10 and
retrieves 86% at top 100 retrieved documents. In another
words, the hybrid crossover enhanced the performance from
98.42% at top 10 retrieved documents to 145.7% at top 100
retrieved documents.
When comparing the non-ordered crossover with the
hybrid crossover technique, it is noticed that the nonordered crossover performance ranges between 39% at
R@10 and 51% at R@100. This means that this technique is
lagging behind the hybrid crossover technique by 60.33% to
68.11%.
When comparing the non-ordered crossover with the
hybrid crossover technique, it is noticed that the nonordered crossover performance ranges between 39% at
R@10 and 51% at R@100. This means that this technique is
lagging behind the hybrid crossover technique by 60.33% to
68.11%.
C. Precision @ Recall Measure
The third measure is the P@R which evaluates the
precision percentage when retrieving multiples of 10% of
the relevant documents. In another words, this measure
evaluates the purity of the results from the irrelevant
documents.
From Figure 4, one can deduce the high difference in
performance between the hybrid crossover technique from
one side and the other techniques from other side, where
hybrid crossover reaches its maximum precision value of
1when retrieving 10% (P@R10) of relevant documents at
the time where 2-offspring crossover technique reaches its
maximum of 0.79 at the same point. In average, the hybrid
crossover technique has enhanced the P@R measure by
114.69% over the 2-offspring crossover as illustrated in
Table 5.
The 2-point crossover technique is the second best
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technique analyzed here. It has 22% of irrelevant documents
when retrieving 10% of relevant documents. And this
percentage rises to 69% when retrieving all relevant
documents. These scores show that the hybrid crossover
managed to achieve enhancement of 130% in average over
all 10-points shown in Figure 4 for this measure.

produce one offspring which combines the best genes of
both parents. This technique is applied as part of the genetic
algorithm to retrieve HTML documents based on user
query. Its performance is compared with 2-point crossover,
non-ordered crossover and 1-point crossover that produces
two offspring. This technique achieved highest score among
these three techniques in terms of recall, precision and
precision-recall measures. To generalize the results and
further demonstrate its efficiency in the IR domain, it needs
to be compared with other crossover techniques such as the
uniform crossover, and need to be applied to larger
document set. This work is applied on chromosome with
fixed length and there is a need to examine the performance
if the length of the chromosome is changeable
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