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ABSTRACT: Web search engines have become an integral part of the daily life of a
knowledge worker, who depends on these search engines to retrieve relevant infor-
mation from the Web or from the company’s vast document databases. Current search
engines are very fast in terms of their response time to a user query. But their useful-
ness to the user in terms of retrieval performance leaves a lot to be desired. Typically,
the user has to sift through a lot of nonrelevant documents to get only a few relevant
ones for the user’s information needs. Ranking functions play a very important role
in the search engine retrieval performance. In this paper, we describe a methodology
using genetic programming to discover new ranking functions for the Web-based
information-seeking task. We exploit the content as well as structural information in
the Web documents in the discovery process. The discovery process is carried out for
both the ad hoc task and the routing task in retrieval. For either of the retrieval tasks,
the retrieval performance of these newly discovered ranking functions has been found
to be superior to the performance obtained by well-known ranking strategies in the
information retrieval literature.

KEY WORDS AND PHRASES: business intelligence, genetic programming, information
retrieval, machine learning, ranking function, search engine, text mining, Web mining.

FINDING INFORMATION FROM THE INTERNET by utilizing Web search engines is among
the top three activities on the Internet according to the Searchenginewatch.com. But
it is well known [16] that finding relevant information using these search engines is a
difficult task. Typically, a user has to look at a lot of documents to get only a few
useful and relevant ones (low precision), or the user typically does not get all the
relevant documents that he or she is looking for (low recall). The user has to refine
the query several times before getting some useful results. Current search engines,
such as Google and Yahoo, are quite good at finding certain specific types of infor-
mation, such as person names and Web site home pages, but they are not effective
when faced with a generic and comprehensive search task. Their performance, in
terms of precision and recall, needs to be improved a lot.

Retrieval process involves three main subsystems: documents, queries, and the rank-
ing functions that match information in the documents with that in the queries. Rank-
ing functions rank the documents in a decreasing order of predicted relevance to the
user. Retrieval performance is affected by factors affecting any of these three sub-
systems. A search engine’s performance can be affected by many factors including
query representation, indexing of documents and queries, controlled vocabulary, stem-
ming, and stopping words [26]. Factors affecting document representation and query
representation and manipulation have received a lot of attention in the information
retrieval literature. For example, query expansion techniques, based on user feed-
back, have been utilized to discover user’s real information needs [17, 39, 40]. Simi-
larly, modifying document descriptions has been attempted [14, 15]. In this paper,
we concentrate our efforts on the third subsystem—the ranking functions.
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Traditional information retrieval systems/functions, such as Okapi BM25 (denoted
at Okapi) [32] and Pivoted TFIDF [36], typically use content-based ranking of docu-
ments. In these methods, lexico-syntactic statistics of words in documents and que-
ries are used for ranking purposes. Some examples of such statistics include token
frequency of words in documents (tf), number of documents the word appears in (df),
and document length. In the context of retrieval from the Web, two more types of
ranking strategies are increasingly being used. They are link-based ranking and struc-
ture-based ranking. These strategies try to exploit the typical characteristics of Web
documents.

Link-based ranking functions utilize Web interconnection information to help boost
the ranking performance. The main idea in these ranking functions is that if a Web page
is being linked to by many other Web pages—that is, it is highly endorsed by other Web
pages—then the page that it is linked to is an authoritative page and should be ranked at
the top of the retrieved list. Two of the most successful ranking functions utilizing link-
based information are PageRank [3], and HITS [24]. These link-based ranking func-
tions are especially useful to identify authoritative pages on popular topics.

Structure-based ranking functions, on the other hand, assign weights to words ap-
pearing in different structural positions, such as title, header, and anchor. They then
use weighting heuristics to improve ranking performance [1].

Recent TREC (Text REtrieval Conference) evaluations [20, 21] have focused on
comparing various retrieval systems that cater to the retrieval of Web documents.
Various competing retrieval systems used one or more of the three main retrieval
strategies mentioned above. However, it was observed in these evaluations that using
link-based information does not provide much help in performance improvement as
compared to using the retrieval strategy based purely on lexico-syntactic content. This
is especially true about queries that are looking for new documents. It is not possible
for news documents to be quickly linked by many documents. Since the link-based
algorithms rely on Web pages that link to an authoritative document, newer docu-
ments get relatively low retrieval scores by such algorithms. Link-based algorithms
work well for relatively stable and popular topics. In the TREC evaluations, it was
also observed that some ranking strategies based purely on content alone were still
among the best-performing ones. For example, Okapi was found to be very successful
in these evaluations. Since link-based information was not found to be very useful in
improving retrieval performance in the TREC evaluations, in this paper we will con-
centrate our efforts on the content-based and structure-based ranking strategies.

In order to see the effects of combining the content-based and structure-based rank-
ing strategies, we performed a preliminary experiment using the 10GB Web data
available in TREC 10. We used the three well-known ranking functions in the field of
information retrieval: Okapi, Pivoted TFIDF, and Inquery. More details about these
functions are available in Singhal et al. [36]. It was observed that Okapi was the best-
performing ranking function when only the content information was taken into ac-
count. Moreover, when we considered information from the title of the Web documents,
in addition to the information in the main body of the Web documents, we observed
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that the performance increased by a small margin. This indicated that adding struc-
tural information of the Web documents may help to improve the overall search per-
formance. It is to be noted that when we added structural information with the content
information in these preliminary experiments, we simply merged text from the title
with the text from the main body and then applied the term weighting strategies of the
individual ranking function. Ideally, we would have liked to apply different weight-
ing strategies (tf, tf * idf, etc.) to terms in different document structures (title, body,
anchor, etc.) and eventually combine these weighted scores to rank documents. This
is so because the importance of terms in different structural parts of the documents
may differ significantly. For example, terms appearing in the title of a Web document
are more indicative of the content of the document than terms appearing only in the
body of the document. Current Okapi, Pivoted TFIDF, and Inquery formulas do not
support treating different structures of the Web document differently, as they do not
consider the structural information at all in their ranking. However, as noted earlier,
our preliminary experiments suggested that such combination of content and struc-
tural information may yield better retrieval performance.

The above discussion led us to the main question addressed in this paper: “How can
we design and discover a ranking strategy for retrieving Web documents by effec-
tively leveraging both the content and the structural information in the Web docu-
ments?”

We answer this question by exploiting the content and structural information in the
Web documents by using genetic programming (GP), an evolutionary technique spe-
cifically suited to optimize structural or functional form. The discovery framework
presented in this paper is based on some prior work in the area of ranking function
discovery from unstructured documents [7, 8]. However, the work presented in this
paper differs significantly from the prior work in two important aspects. First, the
prior work is well suited to unstructured documents. It does not take into account any
structural information that may be available in documents. As noted earlier, in the
Web context, significant information may be available in the different structural com-
ponents of documents, such as information in the title, anchor, body, or abstract for
the document. Relative importance of terms occurring in different structural parts of
the documents may be different. The work presented here is well suited to structured
documents. Moreover, the discovery framework presented in this paper is more flex-
ible, as it can handle both the structured and unstructured documents. Second, in the
prior work, the authors discovered ranking functions for a particular specific query
(the routing task in information retrieval). Thus, every new query requires a new
discovery process to be run. In this paper, in addition to discovering ranking func-
tions for the routing task mentioned above, we also discover ranking functions for the
ad hoc task in retrieval. In the ad hoc task, just a single ranking function is utilized for
a group of queries rather than having a different ranking function for different que-
ries, as in the routing task.

We believe this paper makes a threefold contribution in the area of information
retrieval and specifically retrieval of Web documents. First, we will present a generic
ranking function discovery methodology using GP to optimize Web search engine
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performance. We will demonstrate that the retrieval performance of our methodol-
ogy is significantly better than that obtained by other well-known ranking functions.
Second, we will demonstrate how utilizing structural information available in Web
documents affects retrieval performance in both the ad hoc and routing tasks in re-
trieval. Third, we will look at the effects of utilizing different fitness functions on the
retrieval performance. Fitness functions, as will be discussed later, play an important
part in the discovery process. We will explore whether different fitness functions will
yield different retrieval performance.

Background and Related Work

IN THIS SECTION, WE WILL BRIEFLY REVIEW research related to our work in this paper.
Specifically, we will first review the Vector Space Model (VSM), which is the theo-
retical model upon which we base our framework of ranking function discovery.
Then we will review some of the work in the area of ranking function optimization in
the field of information retrieval.

Vector Space Model

VSM is a theoretically well-grounded model in information retrieval. It is based on
vector space and, hence, is easily interpreted from a geometric perspective [23, 34].
Each document and query is placed in an n dimensional space where its properties
can be studied using geometrical similarity between the query and document vectors.
This model has been one of the most successful models in various performance evalu-
ation studies [18, 19, 33, 35], and most existing search engines and information re-
trieval systems are designed based on it.

In VSM, both documents and queries are represented as vectors of terms. Suppose
there are t terms in the collection, then a document D and a query Q are represented as:

( )d d dtD w w w1 2, , ...,=

( )q q qtQ w w w1 2, , ..., ,=

where wdi, wqi (for i = 1 to t) are weights assigned to different terms in the document
and query, respectively. The similarity between the two vectors is calculated as the
cosine of the angle between the two vectors. It is expressed as [35]:
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The score, called retrieval status value (RSV), is calculated for each document in
the collection and the documents are ordered and presented to the user in the decreas-
ing order of RSV. Various content-based features are available in VSM to compute
the term weights. The most common ones are the term frequency (tf) and the inverse
document frequency (idf). Term frequency measures the number of times a term ap-
pears in a document or a query. The higher this number, the more important the term
is assumed to be in describing the document. Inverse document frequency is calcu-
lated as log(N/DF), where N is the total number of documents in the collection, and
DF is the number of documents in which the term appears. A high value of idf means
the term appears in a relatively few number of documents and hence the term is
assumed to be important in describing the document in which it appears. A lot of
similar content-based features are available in the literature [34, 35]. The features can
be combined (e.g., tf * idf) to generate a variety of new composite features that can be
used in term weighting.

Equation (1) suggests that in order to discover a good ranking function, we need to
discover the optimal way of assigning weights to document and query key words.
Traditional VSM focuses on the functional space of the combination of a set of weight-
ing features, such as tf, df, idf, and so on. It does not typically take into account the
structural information within documents. If we qualify these weighting features to
include the structural/positional information such as anchor, title, abstract, and body,
we can get an expanded set of features such as tfanchor, tftitle, tfabstract, tfbody, and so on. In
our discovery framework, we seek to discover new ways of leveraging structural
information in assigning weights to document and query terms. The theoretical foun-
dation serving Equation (1) can still be applied to the structural context.

Ranking Function Optimization in Information Retrieval

There has been some research in ranking function optimization in the field of infor-
mation retrieval. Fuhr et al. [10, 11] used a probabilistic approach to machine learn-
ing. Their concept of relevance description is similar to the weighting evidence tf, idf,
and so on, used in our work. However, there is a very important difference between
their work and ours. In our work, we use a ranking function of arbitrary numerical
functional form designed using GP, whereas in their work, the ranking function (called
retrieval function by them) is restricted to either a polynomial regression function
[10], or a logistic/log-linear function [11]. Gey [13] used similar ideas using logistic
regression for ranking function design.

Some researchers have explored another line of research in the ranking function
optimization by exploring a mixture of experts approach. In this approach, a set of
ranking functions are combined using numerical methods [2, 29, 38], or by a simple
majority vote [27]. In these approaches, the effectiveness of retrieval is limited by the
number of ranking functions (or experts) that are used, and by the retrieval effective-
ness of individual ranking functions involved. By contrast, in our approach, we can
produce completely new ranking functions with significantly better performance than
the individual ranking functions involved.
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Chen et al. [5] proposed a hybrid genetic algorithm (GA) and neural network (NN)–
based system for an information routing task. GA is used for concept extraction from
a set of training documents, and NN is used for concept exploration and matching in
the document collection. In this paper, we use traditional RSV relevance feedback
method for query expansion, and use GP to discover optimal ranking function for
information matching.

There has been some prior research in utilizing structural information for Web search
[1]. Typically, this research has focused on increasing the term frequency of a term if
the term appears in the title or the header of a document or if the term is in larger than
the average font size. Hence, just a linear combination of the term frequencies in
different structural components of the document is used. By contrast, our work fo-
cuses on not just the linear combinations of term frequencies but also looks at the
nonlinear combinations of these weights tuned using GP. Our work truly discovers
the best way to combine clues from different structural components of the document.

Ranking Function Discovery Methodology

IN THIS SECTION, WE DESCRIBE OUR METHODOLOGY to combine the content and struc-
tural clues available in Web documents to enhance retrieval performance. We use GP
to achieve this. As mentioned in the previous section, we use VSM as the underlying
theoretical model of retrieval. First, we begin with an introduction to the GP tech-
nique and the key components involved and then present in detail our ranking func-
tion discovery process for the Web documents retrieval.

Genetic Programming

GP is an inductive learning technique mimicking the principles of biological inherit-
ance and evolution [25]. Each potential solution to the problem is represented as an
individual in the population of potential solutions. Genetic transformation operators
of selection, reproduction, crossover, and mutation are applied to the individuals in
each generation to yield more diverse and better-performing individuals in subse-
quent generation. The selection and transformation process is repeated iteratively for
a few generations to yield optimal or near-optimal solutions to the problem at hand.
Evolutionary techniques have been tried before in the field of information retrieval
[4, 15, 28, 29, 30] and in other function discovery problems [6].

Ranking Function Discovery Using Genetic Programming

In order to apply GP for ranking function discovery, we first need to have a represen-
tation of an individual in the population. We choose to represent an individual in the
population using a tree structure. A sample individual in our population is as shown
in Figure 1. A tree-based representation allows for ease of parsing and implementa-
tion. Moreover, this implementation is very easy to interpret.
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We will use GP to discover an optimal tree for the retrieval task at hand. GP is
chosen for several reasons. First, GP can be used to optimize any type of fitness/
objective function. It does not require the fitness function to be continuous or differ-
entiable. Many fitness functions in information retrieval are discrete in nature (we
will talk of our fitness function later, but it also falls under this category), and hence
GP is well suited for such a task. Second, GP has been shown to be very useful for
nonlinear function discovery [25]. Finally, it has been empirically shown that solu-
tions discovered by GP are typically significantly better than those discovered by
other heuristic algorithms and are nearly close to the global optimum [25].

In order to apply GP in our context, we need to define several components for it.
These are given in Table 1. For the purpose of our discovery framework, we will
define these parameters as follows:

• An individual in the population is expressed in terms of a tree that represents
one possible ranking function. A population in a generation consists of P such
trees.

• Terminals: We use the features mentioned in Table 2 and real constants as the
terminals. In this table, “XX” can stand for the entire document, or for the indi-
vidual structural parts of the documents such as the anchor, the title, the body, or
the abstract of the document. When the “XX” is used for the entire document,
then we are basically capturing the content information in the document. Any
other use of “XX” captures the structural information in the document. The
table thus shows 42 terminals used to capture the content as well as the struc-
tural information in the Web documents.

• Functions: We use +, –, *, /, and log as the functions allowed.
• Fitness function: We primarily use FFP4 [9] as the fitness function. It is an

order-based fitness function where the fitness value depends on the order in
which the relevant documents are retrieved. It was designed using utility-theo-
retic perspective. For the documents retrieved early in order of retrieval, this
function yielded the highest utility as compared to various other fitness func-

Figure 1. A Sample Tree Representation for a Ranking Function

03 fan.pmd 1/28/2005, 10:18 AM44



RANKING FUNCTIONS FOR EFFECTIVE WEB SEARCH     45

tions tested in [9]. We use this fitness function, as it has been found to be very
effective in retrieval studies.

For fitness function comparison purposes, we also use P_Avg as the fitness
function. It is defined in as:

( )
( )

i

jD
j

i
i

r d

r d
i

P Avg
T l

1

1

*

_ ,
Re

=

=

⎛ ⎞⎛ ⎞
⎜ ⎟⎜ ⎟
⎜ ⎟⎜ ⎟
⎜ ⎟⎜ ⎟
⎜ ⎟⎜ ⎟

⎜ ⎟⎜ ⎟⎝ ⎠⎝ ⎠
=

∑
∑

(2)

where r(di) ∈ (0,1) is the relevance score assigned to a document, being 1 if the
document is relevant and 0 otherwise. |D| is the total number of retrieved docu-
ments. TRel is the total number of relevant documents for the query.

Table 1. Essential GP Components

GP parameters Meaning

Terminals Leaf nodes in the tree data structure

Functions Nonleaf nodes used to combine the leaf nodes.
Typically numerical operations.

Fitness function The objective function that needs to be optimized.

Reproduction and crossover Genetic operators used to copy fit solutions from
one generation to another and to introduce
diversity in the population.

Table 2. Terminals Used in the GP Discovery Process

Features used Statistical meaning

tf_XX Number of times the term appeared in part XX of the document.

tf_max_XX Maximum tf in the part XX of the document.

tf_avg_XX Average tf in the part XX of the document.

tf_max_XX_Col Maximum tf_XX in the entire document collection.
df_XX Number of documents in the collection the term appeared in

the part XX. 

df_max_XX Maximum df_XX.
N Number of documents in the entire text collection.
Length_XX Length of a document part XX.
Length_avg_XX_Col Average length of part XX in the entire collection.
n Number of unique terms in the document.

Note: XX here stands for different parts (either entire document, anchor, title, body, or abstract) of
an HTML document.
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• Reproduction: Reproduction copies the top (in terms of fitness) trees in the popu-
lation into the next population. If P is the population size and reproduction rate
is rate_r, then top (rate_r * P) trees are copied into next generation. rate_r is set
to 0.1.

• Crossover: We use the tournament selection to select, with replacement, six
random trees from the population. The top two among the six trees (in terms of
fitness) are selected for crossover and they exchange subtrees to form trees for
the next generation. An illustration of a typical crossover using tree structure is
as shown in Figure 2.

It is to be noted that we did not include mutation operator, as it has been shown [25]
that it does not contribute significantly to the results when utilizing tree structure for
the GP. Given the above component settings, the overall ranking function discovery
framework is as shown in Figure 3. We now proceed to describe the research ques-
tions that we posed to test our ranking function discovery process for retrieving Web
documents.

Research Questions/Hypotheses

VIABILITY OF OUR APPROACH IN THE WEB SEARCH CONTEXT is tested by answering
the following research questions/hypotheses and conducting experiments to test them.
Before we present the research questions, it is important to note that we have two
different types of queries and two different types of search tasks.

The two types of queries are: user-provided queries (short queries in the results
section) and relevance feedback queries (feedback queries in the results section).
User-provided queries correspond to the typical Web search scenario where the search
queries are very short (typically two to four terms in a user query) [22]. Feedback
queries, on the other hand, are constructed automatically from the initial user-pro-
vided queries based on the relevance feedback information available in the training
data set. These represent a context where users’ information needs are more fully and
accurately represented. Feedback queries are generated from the user-provided que-
ries by using the Robertson Selection Value (RSV) formula [31]. This method uses
relevant documents to identify the best terms for a user’s query, even if the user does
not include them in the query. For each query, we selected the top ten words from the
relevant documents to form the feedback queries. We found this size works the best
in the training collection for the three well-known ranking functions: Okapi, Pivoted
Tfidf, and Inquery [12, 36]. In both the short and feedback queries, terms were weighted
by term frequency for the whole query.

In addition to the two query types, we also used two different search tasks men-
tioned earlier. The first task is the ad hoc task, where one ranking function is discov-
ered for a set of queries. The other task is the routing task, where one separate ranking
function is discovered for each individual query. This represents a scenario, such as
information filtering, where the knowledge worker is interested in a specific topic
and wants to see new documents tailored to this specific need.
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The following six research questions/hypotheses were tested in experiments:

1. Retrieval performance of our system (GP+S for short) incorporating GP to
evolve functions utilizing both the content and the structural clues in docu-
ments is better than the performance obtained by other baseline retrieval sys-
tems for any query type (short or feedback) and any search task (ad hoc or
routing).

2. Absolute retrieval performance of our system (GP+S) will increase for routing
task compared to the performance for the ad hoc task for either type of que-
ries. This is so because, in the routing task, GP adapts the function for an

Figure 2. Crossover in Tree Representation

• Generate an initial population of random ranking trees
• Training phase

– Perform following substeps on training documents for Ngen generations
• Calculate the fitness of each ranking tree
• Record the top Ntop ranking trees with their fitness
• Create new population by using genetic operators

– Reproduction
– Crossover

• Validation phase
– Apply the recorded (Ngen × Ntop) candidate ranking trees on validation documents
– Select the best performing tree as the discovery output

• Test phase
– Apply the chosen tree in the validation phase on the test data set
– Calculate performance measures

Figure 3. Ranking Function Discovery Process. Note: Ngen and Ntop are user-specified
parameters.
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individual query rather than for a group of queries as is done for ad hoc task.
Hence, for an individual query, the GP should be able to better fine-tune the
discovered ranking function.

3. Absolute performance will increase for all the systems (baselines and our GP+S)
as we go from short query to feedback query irrespective of the search task.
As stated earlier, the feedback query utilizes feedback mechanism to improve
the query. Such a feedback query is better able to capture user information
needs and hence should perform better than the short query that does not in-
corporate feedback.

4. Performance improvement by our system (GP+S) over the baselines perfor-
mance is much better for short queries than for feedback queries for either
type of search task. As previously stated, short queries do not incorporate
feedback. But with feedback queries, because of the feedback mechanism,
some of the performance gains are already achieved by any of the baselines
merely by going from short queries to feedback queries. Hence, performance
gains achieved by our system over the baselines are proportionately lower for
feedback queries than they are for short queries.

5. Does incorporating document structure information while evolving ranking
functions using GP (GP+S) help as compared to a vanilla GP implementation
that does not incorporate document structure information? We believe for rout-
ing purposes our system (GP+S) should help, as this system will be better able
to fine-tune ranking functions for individual queries by exploiting structural
information in documents.

6. Does the choice of fitness function used in our methodology affect the re-
trieval performance? Based on previous work in this area [9], we believe there
will be an effect of choice of fitness function. We would like to test that effect.

Experiments

TO ANSWER THE QUESTIONS RAISED in the previous section, we conducted six experi-
ments. A combination of query type (short and feedback) and type of search task (ad
hoc and routing) gives us four different experiments. We conducted two more experi-
ments, on the ad hoc queries, to see the effect of fitness function used during the
discovery process.

Data

For all the experiments, we use the Web track document collection from the TREC 9
and TREC 10 conferences [20, 21]. It has been used extensively in information re-
trieval evaluation studies. Residual collection method [34] is used to segment the
data into three data sets: for training (50 percent), for validation (20 percent), and for
testing (30 percent). There are a total of 100 queries used in these data sets. We use
only 88 queries of these, since the remaining 12 do not have any relevant documents
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in the validation and the test data sets. The performance results reported in the next
section are based on the retrieval results obtained on test data set.

Queries Used

As stated earlier, we used 88 queries out of 100 queries available in TREC 9 and
TREC 10. There has been a lot of research in information retrieval in improving
query descriptions through relevance feedback. We wanted to test the effect of such
feedback on the performance of our framework. Hence, we used two types of queries
in the experiments. The first type is the raw queries (user-provided queries) available
from TREC. The second type is the feedback query, as explained earlier.

Performance Measures

We use P_Avg performance measure to report our results, as shown in Equation (2).
As mentioned earlier, it is the most widely used measure in information retrieval. It
not only takes into account how many relevant documents are found but also how
early in the retrieval order they are found. Thus, it is a combination of precision and
recall, the two well-known retrieval measures.

Fitness Functions

We primarily use the FFP4 [9] fitness function in our experiments. This order-based
fitness function has been found to be very effective in other retrieval studies. In order
to see how fitness function choice affects our retrieval performance, we also con-
ducted two minor experiments with P_Avg (Equation (2)) as the fitness function.

Genetic Programming Parameters

We ran the GP process for 20 generations (parameter Ngen in Figure 3). Our prelimi-
nary experiments suggested that there is no significant improvement in performance
beyond 20 generations. In each generation, we recorded the top 10 ranking trees
(parameter Ntop) along with their fitness.

Baselines

We compared the retrieval results of our ranking function discovery framework with
those obtained by other well-known ranking functions. Three ranking functions, Okapi,
Pivoted TFIDF, and Inquery, are used as baselines. These have been found in the
literature to be most effective for Web-based retrieval [36].

In addition to these three baselines, we implemented a classifier-based ranking
scheme using support vector machines (SVM) as done in Sun et al. [37]. We used
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both the content and the structure information of the Web documents while training
the SVM. SVM classifier was trained for each query, and the model produced was
subsequently applied to the test data set to get the performance results.

Results and Discussion

IN THIS SECTION, WE PROVIDE THE RESULTS of the experiments conducted. These
results are given in Tables 3 through 7 and Figures 4 and 5. Tables 3 through 6
summarize the retrieval performance in terms of P_Avg for six retrieval systems/
functions. The last column in these tables shows the percentage improvement by our
system (GP+S) over the four baselines, and over the performance obtained by vanilla
GP, which does not take document structural information into account. Table 7 lists
the retrieval performance when using two different fitness functions for short as well
as feedback queries. Figures graphically depict the retrieval performance for the six
systems. Performance for both the short and feedback queries are presented. Several
interesting observations can be made about the results.

• The structural information significantly outperform the four baselines used for
both the ad hoc and routing tasks in retrieval as well as for the user-provided
short queries and feedback queries. The performance improvement, in terms of
P_Avg, for the ad hoc task varies from 9 percent to 73 percent depending upon
the type of query and the baseline used. Similarly, the performance improve-
ment over the baselines for the routing task varies from 11 percent to 85 percent
depending upon the type of query. All these performance improvements were
statistically significant at p < 0.05. This validates our research question 1 in the
fourth section.

• Queries as we go from routing task in retrieval (Tables 5 and 6) to ad hoc task in
retrieval (Tables 3 and 4). This is expected because, by the very nature of ad hoc
queries, the discovery process is trying to find ranking functions that are suit-
able for all the queries together, while in the case of routing queries, the discov-

Table 3. Performance Comparisons for Ad Hoc Task for Short Query

Performance

Improvement by
(GP+S)

Ranking function P_avg (percent)

GP + Structure (GP+S) 0.3002 —
Pivoted TFIDF 0.1736 73
Inquery 0.1749 72
Okapi 0.2247 34
SVM 0.2199 37
GP (no structure) 0.2955 2
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ery process has to find ranking functions just for a particular query. Even with
this decrease in performance, it is observed that the ranking functions discov-

Table 4. Performance Comparison for Ad Hoc Task for Feedback Query

Performance

Improvement by
(GP+S)

Ranking function P_avg (percent)

GP + Structure (GP+S) 0.4443 —
Pivoted TFIDF 0.3382 31
Inquery 0.2792 59
Okapi 0.4001 11
SVM 0.4059 9
GP (no structure) 0.4477 –1

Table 5. Performance Comparison for Routing Task for Short Query

Performance

Improvement by
(GP+S)

Ranking function P_avg (percent)

GP + Structure (GP+S) 0.3218 —
Pivoted TFIDF 0.1736 85
Inquery 0.1749 84
Okapi 0.2247 43
SVM 0.2199 46
GP (no structure) 0.2849 13

Table 6. Performance Comparison for Routing Task for Feedback Query

Performance

Improvement by
(GP+S)

Ranking function P_avg (percent)

GP + Structure (GP+S) 0.4510 —
Pivoted TFIDF 0.3382 33
Inquery 0.2792 62
Okapi 0.4001 13
SVM 0.4059 11
GP (no structure) 0.4340 4
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ered by our discovery process (GP+S) still outperform the baselines (with statis-
tical significance at p < 0.05). This validates our research question 2 in the fourth
section.

• Baselines by our GP+S ranking function is much higher for short queries than
for feedback queries. For example, for the routing task (Tables 5 and 6), perfor-
mance improvement for short queries ranges from 43 percent to 85 percent,
whereas the range of performance improvement for feedback queries is from 11
percent to 62 percent. Similarly, for the ad hoc task (Tables 3 and 4), the perfor-
mance improvement for the short queries is from 34 percent to 73 percent, whereas
it is from 9 percent to 59 percent for the feedback queries. This indicates that for

Table 7. Effect of Fitness Function on GP+S Performance (P_Avg)

Query type

Fitness function Short Feedback

FFP4 0.3002 0.4443
P_Avg 0.2675 0.4319

Figure 4. Retrieval Performance for Ad Hoc Task

Figure 5. Retrieval Performance for Routing Task
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a typical Web search scenario, where the queries are short, our approach can
tremendously improve performance. At the same time, even though our ap-
proach improves performance less dramatically for the feedback queries, it still
significantly improves (with statistical significance) the retrieval performance
over the baselines. This validates our research question 4 in the fourth section.

To answer research question 5 in the fourth section, we notice that while reporting
the results in Tables 3 through 6 and Figures 4 and 5, we have introduced a ranking
function called “GP (no structure).” This ranking function uses the exact same meth-
odology for ranking function discovery as in (GP+S) ranking function except for the
fact that it does not use the document structure information explicitly. Looking at
Tables 3 and 4, we can see that using the document structure information explicitly in
the ranking function discovery process does not give any added performance im-
provement if the search task is ad hoc. But for the routing search task, incorporating
document structure information in the ranking function discovery process does in-
deed improve retrieval performance. This result has an important implication for the
design of search engines: for general ad hoc user queries, there is no need to explic-
itly use document structure information. This will save the time taken to discover the
ranking function using GP. But for routing task, it is still important to use the docu-
ment structure information. Although it may take a little more time (than the one
taken for no structure information), it will enhance retrieval performance. By the
very nature of the routing task in retrieval, performance is more important to the user
than slight loss in retrieval time. But for ad hoc retrieval task, retrieval time is impor-
tant.

Any GP-based system requires a fitness function to train the discovery process. We
have used FFP4 [9] as the fitness function in the results reported in Tables 3 through
6. To answer research question 6 in the fourth section, we look at the effect of using
a different fitness function. We used the P_Avg (Equation (2)) as the fitness function
to train the GP for the ad hoc retrieval task. It was observed (Table 7) that the choice
of fitness function is important for the eventual retrieval performance, and especially
so for the short queries. Using P_Avg as the fitness function, the retrieval perfor-
mance decreased by 11 percent for short queries and by 3 percent for feedback que-
ries. It is to be noted that although performance decreased with the use of P_Avg as
the fitness function, it still is much better than the baseline performance.

A sample of the ranking function discovered by GP is

tf Doc df Doc length avg Abstract Col

tf Doc df Doc tf avg Abstract

_ _ max_ _ _ _
log .

_ max_ _ _ _

⎛ ⎞
× ×⎜ ⎟

⎝ ⎠
(3)

We can see that the first part of the equation, (tf_Doc)/(tf_max_Doc), is the well-
known normalized token frequency in information retrieval. The second part,
(df_max_DOC)/(df_Doc), is a new normalized inverse document frequency. The third
part, (length_avg_Abstract_Col)/(tf_avg_Abstract), is the structural part of the rank-
ing function. It can be treated as a scaling factor for ranking. We can see that the GP
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process is indeed able to discover well-known existing relationships as well as dis-
cover truly new ones.

Conclusion

SEARCHING FOR WEB DOCUMENTS is an ever-growing and important activity on the
Internet. Unfortunately, current search engines/retrieval algorithms are inadequate in
terms of retrieval performance. In this paper, we have presented a ranking function
discovery framework where genetic programming is used to discover novel ranking
functions for Web search. In addition to the standard document content-based infor-
mation in the ranking process, we have also utilized the structural information within
documents. We compared our retrieval results with those obtained by four well-known
baseline retrieval functions/systems. It was found that our ranking function discovery
process yielded significantly better results than the baselines for both the ad hoc and
routing tasks in retrieval. We also discussed the role of fitness functions on the re-
trieval performance of our methodology.

We believe our work will have major implications for designing ranking functions
for Web search. New ranking functions could be discovered using our methodology
for different Web search contexts and for different audiences. For example, Web
search queries can be grouped or clustered into different types and each type may use
a different ranking function for search. Or depending on the targeted users, different
individualized ranking functions could be discovered using our methodology that
would lead to enhanced quality in search results. Training required in our approach
can be done off-line based on either explicit or implicit user feedback (monitoring
click-throughs, etc.). Such a trained ranking function now can be used for new in-
coming documents for routing or for retrieval for ad hoc task.

The ranking function methodology can also be used for business intelligence and
security informatics where information about a particular topic is often monitored
and tracked. Our methodology will enable the usage of a fine-tuned topic-specific
ranking function for more effective information scanning and screening to help the
user make better informed decisions.

There are many ideas to explore for future research in this promising field of in-
quiry. First, the newly discovered ranking functions in our approach could be used
with ranking-fusion techniques to yield even better retrieval results. Second, new
evidence representing additional structural information may be explored. Third, our
methodology could be tried on many different document collections such as XML
collections and multimedia data collections to see its viability in these settings.
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