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ABSTRACT 

Search services are now ubiquitously employed in searching for documents on the Internet and on enterprise 
intranets. Search services may exhibit different behavior depending on the type of information need, the quality of the search 
service, the ease of filtering results, the user’s domain knowledge and search experience. Users are thus faced with the 
selection of a search service in order to minimize cost, reduce uncertainty, and maximize the benefits derived for their efforts. 
This research develops a model of the search process and considers the noise effects of querying, search and filtering of 
results to derive a benefit measure for evaluating the search service. A methodology for comparing search services based on 
the benefit measure is presented along with an empirical analysis using three popular search services to validate the 
methodology.  Our analysis revealed that the economic benefit of a search service is determined more by the information 
need type than by the search service itself. For a particular information need type, the value is determined primarily by the 
ease of filtering in the search service interface. 
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INTRODUCTION 

With the growth of the World Wide Web, one 
technology that has become ubiquitous and indispensable 
is that of Web search. Search services are now widely 
employed in searching for documents on the Internet and 
on enterprise intranets.  There are many commercial 
search services available to users.  Users are thus faced 
with the task of comparing search services in order to 
minimize costs, reduce uncertainty, and maximize the 
benefits derived for their efforts.   

The process used to search for information is 
composed of multiple steps.  An example is Kuhlthau’s 

information search process or ISP [14].  Kuhlthau’s ISP is 
composed of the tasks of initiation of information need, 
selection of topic to be investigated, exploration of 
feelings of confusion, formulation of a sense of clarity, 
collection of information, and presentation or use of 
findings of search.  For the purpose of our research, we 
assume that the search process begins when a user faced 
with a decision problem that may consist of multiple 
information needs. For each information need, the user 
formulates a query and submits it to a search service to 
obtain search results. The user filters the search results to 
look for information relevant to the decision problem. 
Based on the filtering, the user may reformulate or refine 
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the query and submit it to the same or a different search 
service. Finally, the user either makes a decision based on 

the search results or decides to abandon the search.  (See 
Figure 1) 

 

 
 

       Figure 1:  Search Process Model 
 
 
Traditionally, precision and recall have been 

used to evaluate search.  Other measures used include the 
stability of a search service over time, recall or precision 
over a subset of retrieved documents, and correlation 
between human and engine ranking [4, 10, 24].  However, 
all these measures focus on only the performance of the 
search service, and do not measure the noise or garbling 
introduced during various stages of the search process. 
First, user characteristics that may play a role in the 
search outcome are not taken into account.  Noise may be 
introduced into the search process by the inability on the 
part of the user to provide good query terms.  When users 
translate information needs to keyword queries, the 
quality of keyword and phrase construction could 
influence the results returned by the search service.  
Second, certain search services may be better at handling 
certain types of information needs than others.  Lastly, 
users have to use their filtering skills to find useful 
documents.  The filtering skills could depend on several 
factors such as the user’s domain knowledge and skill 
with searching, as well as the user interface of the search 
service. 

Users are thus faced with the choice of a search 
service to get the best possible results for their 
information needs while factoring in user ability as well 
as effectiveness of the search service. While most 
Internet-based search services are free to the general 
public, the value of a search service in satisfying an 
information need has a tangible economic value. Users 
are thus faced with making a decision about which search 
service to use so as to extract the maximum economic 
value for their information need.  The decision is bound to 
depend on user characteristics that affect the search 
process, the type of information need, and search service 
characteristics.  There is no standard or recommended 
manner in which search services can be compared in 
order to pick one that would be most appropriate for 
specific users with their individual information needs.  In 
the case of intranets, more often than not, search services 
have to be purchased for a price.  In such a situation, a 

decision has to be made about which search service would 
be most useful for the needs of that organization.  This 
paper describes a methodology for comparing search 
services within the context of certain types of user needs.   

The key contribution of this research is a 
methodology for estimating and comparing the economic 
value of a search service based on a benefit measure. 
Here, we utilize the definition of value from the 
perspective of the benefit to the user. We derive the 
economic benefit of a noisy information structure to come 
up with a comparable benefit equation that can be used to 
rate search services. To validate our methodology, we 
conducted an empirical analysis using three popular 
search services – Google, Yahoo and MSN, and analyzed 
the data to estimate the overall value of a search service. 
Our analysis revealed that the economic benefit of a 
search service is determined more by the information 
need type than by the search service itself, and that there 
is no statistically significant difference between the 
qualities of the three search services. Within an 
information need type, the benefit is determined primarily 
by the ease of filtering in the search service interface. 

The rest of the paper is organized as follows: The 
Research Model section presents a formalization of the 
model behind our research so as to provide a theoretical 
framework for our methodology. The empirical analysis 
presents the empirical analysis and the subsequent results, 
and conclusions are presented in the final section. 

 

RESEARCH MODEL 

 
To get a deeper understanding of how users 

translate their information need into a web search, we 
propose a model (see Figure 2) to capture the various 
factors at play.   The various pieces in the model are 
outlined below: 

a) Sub-processes: The search process consists of 
three main sub-processes – query formulation, use of 
the search service, and filtering of search results.   

Next 
need 

Query Search  
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Filtering 

Information 
Need 

Search Environment 

Reiterating 
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b) Factors: Each sub-process could be influenced 
by several factors such as (i) the user profile, (ii) the 
information need type, (iii) the search service 
characteristics, and (iv) the web search environment.  
c) Outputs: The output of each sub-process of the 
search process is also distinct: the query 
formulation, use of the search service and search 
results filtering yield an input query, search results 
corresponding to the query and filtered search 
results respectively. The last output is instrumental 
in determining whether the information need is 
satisfied at which point the user can reformulate the 
query or abandon the search process.   

d) Noise: Each of the search process outputs 
generates information noise due to the inherent 
characteristics of the process itself. For example, a 
non-ideal query may generate irrelevant search 
results that are hard to filter. As a result, we can say 
that the particulars of the query act as a source of the 
information. 
e) Measures: Each of the search process outputs can 
be measured using surrogate measures such as query 
complexity, search result precision and ease of 
filtering. It is important to note that the output of 
each search sub-process is influenced by the output 
of the previous search sub-processes.  

 

 
 

Figure 2: Web Search Model 
 

 

Information Need 
Before, we describe the search process, we 

elaborate on the concept of an information need as this 
concept drives the entire search process. Information need 
refers to the type of information sought by the user.  
Belkin et. al. define an information need as a problematic 
situation where a person cannot attain some goals due to 
inadequacy of resources or knowledge [2].  Kuhlthau 
defines an information need as the gap between the user’s 
problem or topic and what the user needs to know to solve 
a problem [14]. 

Information needs have been classified in 
various manners by different researchers.  Tague-Sutcliffe 
[23] classified information needs into categories such as 
quick reference questions, how-to-do questions, questions 
that involve collecting and synthesizing information about 
a topic, and doing a literature search for a project.  These 
were based on the kind of information required for the 
user task or question for which information is sought, as 
well as whether there would be variation among users 
about expected results.  Glover et. al. [9] suggested 
categories based on the kind of information sought.  
Categories include research papers, home pages of 
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research organizations, topical current events, and 
introductory articles.  Kelly et al. [13] categorized user 
needs into task oriented questions and fact oriented 
questions. 

In this paper, we use a classification system 
based on the granularity of the information need of the 
user. This is based on the typical usage model of web 
search services as empirically observed by other 

researchers [22]. Our classification system consists of the 
following types of information needs – (i) Atomic (one 
answer), (ii) One Page (jewel), (iii) Some of All Pages, 
(iv) All of the Pages, and (v) Meta Search (any related 
pages). The following table shows the various information 
need types with examples that illustrate a typical query 
that might be used to satisfy the information need. 

 

Table 1: Information Needs 
 

Information Need Type Information Need 
Description 

Example 

Atomic (one answer) A very short answer to a question What is/are the telephone area codes for Tucson, AZ? 

One page  A single document Where is the webpage for WWW conference 2005? 

Some of the pages A selection of documents Documents about US Policy on North Korea 

All of the pages Every document matching a 
criterion 

All documents authored by Richard Feynman 

Meta Search (any related pages) Exploratory research   "I want to learn about RFID.  What are the sub-topics?" 

 

The Search Process 
The search process that is the foundation of our 

model is based on the statistical decision model from 
Marschak [18,19] and later applied to a computing 
environment in [15]. In the model, the decision making 
process is divided into inquiring, communicating and 
deciding sub-processes with costs associated with each. 
Marschak also developed the concept of informative-ness 
based on the noise in “information structures”. In our 
analysis, the concept of information structures is 
equivalent to modern search services which transform 
events of the environment into search results.  

The search process (Figure 1) has the following 
steps:  

Decision Problem: The user faces a decision 
problem, and needs information to help with the decision 
making process.  Typically, a decision problem involves 
multiple information needs and the user proceeds to 
resolve these needs based on some strategy. 

Query: For every information need, the user 
formulates a query for the search service.  This may be a 
simple query consisting of one or more keywords, or an 
advanced query consisting of keywords as well as 
operators such as “+”, “-”, or quotation marks. The query 
complexity is defined in terms of the number of words in 
a user query and the number of complex operators used in 
the query. The query complexity is influenced by the 
characteristics of the user such as prior knowledge of the 
decision domain, the information need and experience 
using search services [17].  It is expected that given the 
same decision making scenario, different users will 
formulate queries with varying degree of complexity that 

produce different results of varying quantity and quality 
under the influence of the factors listed above. In our 
model, this step is one of the sources of noise. In other 
words, the quality of the query could potentially enhance 
or reduce the quality of the output in terms of 
informative-ness to the decision maker.  

The correctness and fineness of the query have 
direct effects on the quality of returned results from the 
search service. For example, a query might not be 
directing the search service correctly and result in 
retrieving not relevant results. Another example is that 
due to the fineness (or not so fineness) of the query, the 
results miss relevant content. The effect of the query on 
the quality of the results in the form of noise is 

represented as 
Qη . 

Search Service: Once the user’s query is 
submitted to the search service, the search service is 
deployed to process the query, and execute the underlying 
algorithms to return results to the user.  Each search 
service can be characterized by how it spiders the Web 
contents, how often it performs the spidering, its indexing 
algorithm, its internal organization, and its ranking 
method.  A review of past literature reveals that different 
search services could produce different results of varying 
quantity and quality for the same query [10]. The search 
service quality is thus another source of noise and is 

represented as 
Sη .   

The output of this search sub-process is a 
collection of search results.  Measures such as precision 
and recall of relevant documents, stability of a search 
service over time, and correlation between human and 



USING INFORMATION NOISE TO COMPUTE THE ECONOMIC BENEFIT OF A SEARCH SERVICE 

 

 

Journal of Information Technology Management, Volume XIX, Number 1, 2008 5

service ranking are popularly used to evaluate the quality 
of a search service [4, 10, 24].  In this research, we have 
used the measure of Precision at 10 or P@10 as a 
indicator for the accuracy of a search service [21].   
Precision at 10 refers to the proportion of documents 
relevant to the user’s need in the top 10 results presented 
by the search service.   

Filtering: When the user is presented with the 
results, the user filters the results in order to evaluate the 
quality of the results as related to the decision problem.  
In other words, the user tries to find results relevant to the 
decision domain. Depending on user characteristics such 
as those described in the Query step, the filtered results 
could vary from user to user, and thus contribute as 
another source of noise.  

The results of the query being returned to the 
user contain both organic or natural results as well as paid 
placements in the form of sponsored links and 
advertisements [20].  The user will have to spend time 
and effort in filtering out the relevant information from 
the irrelevant using experiential knowledge as well as the 
specific information need.  

Our assumption is that ease of filtering is 
impacted by user characteristics such as domain 
knowledge and experience with search as well as factors 
such as quality of search results, proportion of organic 
results and paid placements, and the design of the user 
interface.  

The effect of filtering in detracting the user from 
relevant results in the form of information noise is 

represented in the economic model as Fη  in the Benefit 

Analysis section. 
Deciding: Based on the information filtered from 

the search results, the user makes a strategic 
determination of the next information need to be satisfied 
(if any) so as to solve the decision problem. If the user is 
not satisfied with the results, he can refine his query and 
seek better results by going back to the Query step. 

 

Benefit Analysis 
In this paper, we utilize the definition of value 

from the perspective of the user.  In this section, we 
outline the methodology for estimating and comparing the 
economic value of a search service. The concept of value 
used in this paper is based on the measure of worth that is 
based purely on the utility derived from the consumption 
of a product or service [3]. Utility derived value allows 
products or services to be valued based on outcome 
instead of demand or supply theories that have the 
inherent ability to be manipulated. For example, the real 
value of a book sold to a student who pays $50.00 at the 
cash register for the text and who learns nothing from the 

content is essentially zero. However; the real value of the 
same text purchased in a thrift shop at a price of $0.25 
and provides the reader with an insight that allows him or 
her to earn $100,000.00 in additional income is 
$100,000.00 or the extended lifetime value earned by the 
consumer. This definition of economic value is more in 
alignment with the search service domain as opposed to 
classic economic definitions of value based on cost of 
input and demand-supply parameters. 

In our analysis, we first postulate the benefit of a 
decision in a noise-less information space, then take noise 
into account and finally, adapt the benefit equation to the 
search process.   

First, we compute the benefit of a decision in a 
noise-less information space. Let us assume X is the state 
of states in the decision-maker’s environment, W the set 
of messages received by the decision maker, and A the set 
of possible actions to be taken by the decision maker. For 
every state x in X, the prior probability of being in the 

state is represented as )(xπ , and the decision maker’s 

strategy on the action taken on receiving a message w in 

W is given by the function aw =)(α  where a is a 

member of A. The benefit of taking an action a in state x 

is given by the function ),( xaβ . As the information 

structure is noise-less, the message w generated in a state 

in a state x is given by the function wx =)(η . With all 

these above assumptions, the benefit equation for the 
decision maker’s environment can be represented as the 
summation of the benefits at every state x in the decision 
maker’s environment:  

 (A.1)  
∑=
=

x
xxx

BB

))),((()(

),;,(

ηαβπ

βπαη
 

 
Next, we adapt this equation to a noisy 

environment. The most important change to the equation 
A.1 comes in the calculation of the probability of being in 
state x. Due to the noisy environment, there is now a 
conditional probability of the message w being generated 
given state x and this is represented by p(w|x). If the joint 
probability of a message w being generated while in state 
x is given by p(x,w), the probability of being in state x is 

given by the equation: .)|()(),( ∑∑ =
ww

xwpxwxp π  

If we assume that η  is a noisy function that determines 

the message delivered to the user given an event, then 

xwη = p(w|x) where ∑ =
w

xw 1η  as the sum of all 

conditional probabilities must equal 1 for the state x. 
Consequently, the benefit equation takes the form: 
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Blackwell’s theorem [15] tells us that we can use 

the η  matrix to compare two information spaces. 

Specifically, the theorem states that  [ ]xwηη =  is more 

informative than [ ]wx ′=′ ηη  if and only if there exists a 

Markov matrix [ ]wwQQ ′=  such that Q⋅=′ ηη . 

Finally, we adapt the benefit equation to the web 
search process. It was shown in our research model that 
the query, search and filtering sub-processes contribute to 
the information noise emanating from the search process. 
That is, they contribute to the make-up of the information 
space described above. In effect, we can formulate the 

equation below using the terms 
Qη ,

Sη and Fη defined 

above, 

(A.3)  FSQ ηηηη ••=  

Now, we can compute the η matrix for each 

search service and use Blackwell’s theorem to compare 
the search service for a benefit assuming that the 

remaining variables βαπ ,,, x  are constant in the decision 

making scenario.  
 

EMPIRICAL ANALYSIS 
The goal of our empirical analysis is to measure 

and analyze the influence of the various factors on the 
search process as postulated in our research model. An 

online instrument was created to collect data about users 
and their search experience.   

We designed and conducted an experiment to 
collect 480 independent observations from subjects going 
through the search process. An experiment using 40 
undergraduate students as subjects was conducted where 
each subject was familiar with the search service process, 
though none of them were aware of the internal workings 
of a search service. The subjects were divided into two 
groups for ease of data collection, and the same 
experiment was conducted on each of the two groups.   
There were no incentives provided to any of the subjects 
to participate in the experiment. While the subjects of this 
experiment are biased towards those with a higher level of 
education than the general population, our results are 
consistent wherever applicable to prior results [22]. In the 
experiment, the subjects used Google, Yahoo and MSN as 
representative search services since these are the leaders 
in terms of number of web pages indexed [9].  We used 
four different scenarios representing different information 
need types.  In each independent iteration of the above 
experiment, a subject was asked to formulate a query 
given an information need type and an input search 
service. The iterations continued till all combinations of 
information need types and search services were chosen 
for each of the subjects.  As a result, there are 40 * 4 * 3 
or 480 independent observations of subjects going 
through the search service process. 

 

Experiment Details 
In the survey instrument (see Figure 3), subjects 

were asked to enter experiential factors such as their 
major or discipline, their year in school, and a self 
appraisal of their experience with each of the search 
services (Google, Yahoo and MSN). 

 

(A.2)       

∑ ∑
∑ ∑

=

=

=

x w
xw

x w

xwx
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Figure 3:  Survey instrument (screens 1-3) 
 
 
For the purpose of this study, we took into 

account the four information need types described in the 
research model section – Atomic, One Page, Some of the 
Pages, and All of the Pages.  The reason we did not 
consider the Meta-search information need type is that it 
is difficult to come up with an objective measure for the 
goal of a meta-search that can be expressed succinctly. 

One scenario was constructed for each 
information need type as using multiple scenarios for a 
particular information need type did not provide any 
significant additional analytic value: 

Atomic: Which is the third most populous city in 
California? 

One Page: You plan on visiting India and want 
to find the official web page that describes the US 
Government’s recommendations for visiting India.  

Some of the pages: You recently adopted a 
Labrador Retriever. You want to find titles of books that 
you could purchase to learn how to train your dog. 

All of the pages: You want to know the 
differences between Hepatitis A, B, C, D.  

In the subsequent screens, subjects were 
presented with these information need scenarios.  They 
were then asked to rate their prior domain knowledge 
about the scenarios, and asked to construct queries for a 
chosen search.  Users had to filter the results, and grade 
the ease of filtering on a scale of 1 to 7, 1 being very 
difficult to filter and 7 being very easy to filter.  They 
were also asked to enter the number of minutes spent on 
the filtering task.  
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Figure 4: Survey instrument (screen 4 for each service) 
 
 

Test Results 
Before conducting the actual experiment, we 

performed a trial run so as to perform sanity checks on the 
results from the trial run. The trial run also provided 
valuable feedback to us about the instrument and the 
conduct of the experiment. For example, the subjects 
indicated that they did not clearly understand the concept 
of evaluating the precision of a search query. Although 
the subjects were asked to evaluate the ease of filtering 
the results, it was difficult to record which documents 
retrieved were deemed relevant by the subjects. A 
surprising incident showed the unpredictability of the 
web.  Some web sites high-jacked the functionality of the 
browser (e.g., erasing the browsing history) making it 
difficult to return to the evaluation page of the instrument. 
Based on the feedback received from the trial run, we 
performed the actual experiment and analyzed the results 
to evaluate the economic benefit for each of the search 
services for the various information need types. 

 

Estimation of Noise Parameters 

The next stage of our experiment was to identify 
the noise parameters for the search sub-processes of 
querying, searching and filtering. For each of these sub-
processes, we measure noise by calculating the difference 
between a sub-process metric with respect to the ideal 
sub-process metric.  

First, we derived an estimation measure for the 
query sub-process noise. We did this by identifying the 
query with the highest surrogate measure in terms of 
search result quality. In this paper, for each information 
need type, we use the query with the highest P@10 and 
anoint the query to be the ideal one.  After this, we use 
information theory to compute the noise between the 

query submitted by a user with a particular information 
need and the ideal query. Specifically, we use the 
Damerau-Levenshtein distance which is a string metric 
that finds the difference between two strings by giving the 
minimum number of operations needed to transform one 
string into the other where an operation is an insertion, 
deletion, or substitution of a single character.  

Next, we derived an estimation process for the 
search sub-process noise. We did this by assuming that 
the ideal P@10 for each user query in an information 
need type is perfect and is represented by the numerical 
representation of 1. Then, for each user query submitted 
to a search service in an information need type, we 
estimate the search sub-process noise for the query as the 
Euclidean distance between the P@10 of the user query in 
the search service and the ideal P@10. Finally, we 
compute the search sub-process noise for a search service 
in an information need type as the average of the search 
sub-process noises for all the user queries submitted to the 
search service in the information need type. 

Finally, we derived an estimation process for the 
filtering sub-process noise. We did this by assuming that 
the ideal ease of filtering for a user queries for an 
information need type is perfect and is represented by the 
numerical representation of 7 (as determined from the 
scale used in the experiment). Then, for each user query 
submitted to a search service in an information need type, 
we estimate the filtering sub-process noise for the query 
as the Euclidean distance between the ease of filtering of 
the user query and the ideal ease of filtering. Finally, we 
compute the filtering sub-process noise for a search 
service in an information need type as the average of the 
filtering sub-process noises for all the user queries 
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submitted to the search service in the information need 
type. 

Based on the above estimation, we estimate the 
noise of a sub-process for a particular search service and 
an information need type as the average of the noise of all 
user queries in the sub-process for the search service and 
the information need type. Then,  using Equation A.3, we 
come up with the total noise for the search process for a 
particular search service and an information need type as 
the product of the sub-process noises for the for the search 
service and the information need type.  

 

Results 

Table 2 below shows the estimation of the 
various noise parameters from our experiment. The 
participants in the study used the same queries for all the 
three search services as a result of which the noise 

parameter Qη  was independent of the search service and 

was related to the information need type in question. In 
this experiment, the Atomic information need type 
demonstrated significantly less query noise due to the 
specificity of the information need.  

 

Table 2: Estimation of querying, searching, filtering and total noise for Google, Yahoo and MSN for 
each information need type 

 

Information 
Need Types 

Search Service Qη  
Sη  

Fη  η  

Google 0.45 0.74 1.67 0.56 

Yahoo 0.45 0.66 2.13 0.63 

Atomic 

MSN 0.45 0.77 2.80 0.97 

Google 0.75 0.84 1.60 1.00 

Yahoo 0.75 0.86 1.20 0.77 

One-page 

MSN 0.75 0.93 2.13 1.49 

Google 0.72 0.50 1.13 0.42 

Yahoo 0.72 0.41 1.67 0.49 

Some of the 
pages 

MSN 0.72 0.58 2.33 0.97 

Google 0.63 0.59 1.87 0.70 

Yahoo 0.63 0.56 0.53 0.19 

All of the 
pages 

MSN 0.63 0.59 1.20 0.45 

 

The noise parameter Sη is a measure of the 

search service quality and is a function of both the search 
service and the information need type. As can be seen, the 
noise is higher for specific information need types such as 
Atomic and One-page – this is not surprising as search 
services are tailored for more generic information need 
types such as Some of the pages and All of the pages. 
Furthermore, both Google and Yahoo appear to 
demonstrate lower noise, but the result is not statistically 
significant.  

The noise parameter Fη is a measure of the ease 

of filtering of search results and is predominantly 
determined by the search service interface. The MSN 
interface (in our experiments) was accompanied by a lot 
of sponsored advertisements that increased the difficulty 
of filtering search results. Consequently, the filtering 
noise is statistically higher for MSN than the other two 
search services.  

Overall, statistical analysis reveals that the 

information noise η  and therefore the economic benefit is 

determined more by the information need type than the 
search service. For a given information need type, the 
information noise (and economic benefit) is determined 
primarily by the ease of filtering in the search service 
interface. As a result, for a specific type of information 
need, Google and Yahoo demonstrate significantly lower 
information noise.  

 

CONCLUSION 

This paper presents a model and a methodology 
to allow users to compare search services.  Search 
services may exhibit different behaviors depending on the 
information need, the quality of the search service, the 
ease of filtering results, the user’s domain knowledge and 
search experience. To achieve this goal, we outline a 
methodology for estimating and comparing the economic 
value of a search service. In this paper, we utilize the 
definition of value from the perspective of the benefit to 
the user and derive the economic benefit of a noisy 
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information structure to come up with a comparable 
benefit equation that can be used to rate search services. 
Finally, we use empirical analysis with three popular 
search services Google, MSN and Yahoo to validate the 
methodology. The key results from the analysis are: 

1. The query noise Qη  and the search noise Sη  are 

more related to the information need in question, 
and there is no statistically significant variation 
between the search services for search noise.  

2. The filtering noise Fη is predominantly 

determined by the search service interface and 
the design of the MSN interface (in our 
experiments) increased the difficulty of filtering 
search results.  

3. Overall, statistical analysis reveals that the 

information noise η  and thus the economic 

benefit are determined more by the information 
need type than the search service. For a given 
information need type, the information noise 
(and the economic benefit) is determined 
primarily by the ease of filtering in the search 
service interface. 
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