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ABSTRACT

This lecture presents an overview of the Web analytics process, with a focus on providing insight
and actionable outcomes from collecting and analyzing Internet data. The lecture first provides
an overview of Web analytics, providing in essence, a condensed version of the entire lecture. The
lecture then outlines the theoretical and methodological foundations of Web analytics in order to
make obvious the strengths and shortcomings of Web analytics as an approach. These foundational
elements include the psychological basis in behaviorism and methodological underpinning of trace
data as an empirical method. These foundational elements are illuminated further through a brief
history of Web analytics from the original transaction log studies in the 1960s through the informa-
tion science investigations of library systems to the focus on Websites, systems, and applications.
Following a discussion of on-going interaction data within the clickstream created using log files
and page tagging for analytics of Website and search logs, the lecture then presents a Web analytic
process to convert these basic data to meaningful key performance indicators in order to measure
likely converts that are tailored to the organizational goals or potential opportunities. Supplemen-
tary data collection techniques are addressed, including surveys and laboratory studies. The overall
goal of this lecture is to provide implementable information and a methodology for understanding
Web analytics in order to improve Web systems, increase customer satisfaction, and target revenue

through effective analysis of user—Website interactions.

KEYWORDS

Web analytics, search log analysis, transaction log analysis, transaction logs, log file, query logs,
key performance indicators, query log analysis, Web search research, Webometrics



Preface

I'have based this lecture on my research and practical work in the Web analytics area, along with the
work of many others. One advantage of sustained work over time in a given field is the ability to go
back and correct, modify, expand, and improve, with any luck, previous efforts, documentations, and
writings. Additionally, sustained contribution to a body of knowledge in an area often leads one to
works by and interchanges with other researchers, practitioners, and scholars who enhance and add
to the field. This lecture is the outcome of this continual and reiterative learning process. I hope the
content within jumpstarts the learning process of others in the field of Web analytics.

My goal with this lecture is to present the conceptual aspects of Web analytics, relating these
facets to processes and concepts that address the pertinence of Web analytics, and provide meaning
to the techniques used in Web analytics. To that end, each section of the lecture represents a major
component of the Web analytics field. While many sections are built on previous publications, I
have enhanced each with updated thoughts and directions in the field, drawing from my own in-
sights as well as those of others who are pushing and defining the field of Web analytics, including
both academics and practitioners. Collectively, the sections offer an integrated and coherent primer
of the exciting field of Web analytics.

This is not necessarily a “how-to” book. The field of Web analytics is dynamic, and any
“how-to” book would likely be out of date before it could be published. Instead, in this lecture, I
offer foundational elements that are more enduring than implementation techniques could be. As

such, the lecture may have some enduring value.
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CHAPTER 1

Understanding Web Analytics

Let us pretend for the moment that we run an online retail store that sells a physical product, per-
haps the latest athletic shoe, as just an example. How do potential customers find our online store?
Do they find us via major search engines or from other sites> How will we know, and why should
we care? What might it mean if they come to our Website and then immediately leave? What if
the potential customer explores several pages and then leaves? Do these customers’ actions tell us
anything valuable about our Website or call for actions on our part? If a customer starts to make a
purchase but then leaves before completing the order, should we look at a site redesign? To make our
hypothetical online store successful, we need to understand why potential customers behave as they
do, and the possible answers to our questions lie within the field of Web analytics.

The Web Analytics Association (WAA) defines Web analytics as “the measurement, collec-
tion, analysis, and reporting of Internet data for the purposes of understanding and optimizing Web
usage” (http://www.webanalyticsassociation.org/).

This seemingly clear-cut definition is not so clear-cut when we consider the numerous un-
stated assumptions, methods, and tools needed for its implementation. In fact, the definition raises
several critically unanswered questions. For example, the definition leaves Internet data undefined.
What is this Internet data? What are its strengths and shortcomings? Where does one get it? Once
defined, collection implies some application that can do the collecting. What application is doing
the collecting? Measurement implies processes and benchmarks. Where are these processes and
benchmarks? Analysis implies both a methodology and strategy for its conduct, which leads one
from the data to understanding and insight. What is this methodology, and how does one define the
strategy? What constructs is this strategy based upon? Reporting implies an organizational unit in
which to report for some external purpose. Optimizing implies a focus on technology or processes.
Understanding implies a focus on people or contexts.

Answering some of these questions is the goal of this lecture, and the questions and assump-
tions of our definition provide the structure for our discussion of the increasingly important field of
Web analytics.

Given the commercial structure of the Web, Web analytics has typically taken a business

perspective in the practitioner arena. Within academia, a near parallel movement is focusing on
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transaction log analysis (TLA) and Webometrics areas [147], where interesting academic research
is occurring. In this lecture, the perspective will shift from one paradigm to the other. Because the
jargon from the practitioner side is rapidly gaining wider acceptance, this lecture leverages that
terminology, in the main. As such, much of the discussion will take a “business” and “customer”
perspective that could be somewhat alien to some academic readers. I would recommend these aca-
demic readers to adapt. This is the direction that the field is heading, and in the main, it is for the
better. It is where the action is. Practice is informing research.

The commercial force on the Web is pushing Web analytics research outside of academia
at a near unbelievable pace. The drivers for these movements are clear. The Web has significantly
shortened the distance between a business and its customers, both physically and emotionally. The
distance between business and customer is now the duration of a single click. These clicks drive
the economic models that support our Web search engines and provide the economic fuel for an
increasing number of businesses. The click (with the associated customer behavior that accompanies
it) is at the heart of an economic engine that is changing the nature of commerce with the near
instantaneous, real-time recording of customer decisions to buy or not to buy (or some other analyst
defined conversion other than purchase).

As such, Web analytics deals with Internet customer interaction data from Web systems.
From an academic research perspective, this data is known as trace data (i.e., traces left behind
that indicate human behaviors). A basic premise of Web analytics is that this user-generated In-
ternet data can provide insight to understanding these users better or point to needed changes or
improvements to existing Web systems. This can be data collected directly on a given Website or
gathered indirectly from other applications. Almost all direct data that we can collect is behavioral
data, which is data that relates to the behavior of a user on a Web system. As such, this data pro-
vides wonderful insights into what a user is doing. It tells us the “what.” However, its shortcoming
is that it offers little insight into the motivations or decision processes of that user. These are what
academics call the contextual, situational, cognitive, and affective aspects of the user. For example, a
click online could indicate extreme interest, slight consideration, or perhaps a serendipitous experi-
ence. To explore the “why,” we need attitudinal data (i.e., the contextual, situational, cognitive, and
affective stuff). For these insights, one must typically use other forms of data collection methods to
supplement behavioral data, such as surveys, interviews, or laboratory studies. However, behavioral
data is a great starting point to isolate the most promising possibilities (based on some external goal)
and then move to attitudinal data collection methods in order to investigate possible meanings or
solutions.

As researchers, we collect this behavioral data using an application that logs user behavior
on the Website, along with other associated measures. These logging applications come in a variety

of flavors, with continually changing structure, coding, and features. However, they all perform the
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same core activities—collect and archive data in some type of storage location. This storage location
is typically a log file, characteristically known as a transaction log, hence the name fransaction log
analysis (i.e., Web analytics in academic circles). While transaction log formats vary, they all gener-
ally report similar behavioral data, along with associated contextual data concerning the computer
and related software (i.e., operating system, browser type, etc.).

The issue of the computer is extremely important as it serves to highlight one of the key
shortcomings of Internet data, namely, that the data can sometimes be inaccurate. There are sev-
eral sources of data error. Primarily, Internet behavioral data are traceable back to a computer or
computer browser and not necessarily to an exact person, assuming the person does not log into
an account. In many cases this issue may make little difference. If a product is sold, a product is
sold. However, in other situations such as search and visitor counts, this issue can cause numerous
problems. This is especially so with Web search engines where one can log on anonymously. In
addition, common use computers can skew the data. Additionally, with the proliferation of scrap-
ping software one cannot always tell whether the visitor was even a human. In the case of popular
Websites, many times most of the server load is software generated. The behavior of these bots can
significantly skew the data. Other sources of data inaccuracies include the use of cookies, internal
visitors, caching servers, and incorrect page tagging. Finally (and we computer scientists rarely dis-
cuss this), data catch applications are not perfect, based on personal experience error rates are often
in the 5% to 10% range.

Once we have collected the data, as accurately as possible, we begin the process of getting
value by reporting and analyzing it. Reporting is somewhat straightforward and generally involves
compiling data in some aggregate way for clarity and simplification. In analysis, we attempt to lever-
age the data to understand some set goal and, perhaps, to make recommendations for improvement,
identify opportunities, or highlight specific findings. In order to enable practitioners to get value
from the analysis, researchers must establish proven processes and methodologies. Methodologies
must be identified and used to correct for data inaccuracy and typically must be scalable (i.e., able to
handle large volumes of data). The tactical aspects of analysis (and the related issues of data clean-
ing before analysis) can be extremely time-consuming until one establishes an efficient procedure.
However, several commercial tools can aid in the process. The effective analysis must generate the
proper metrics and key performance indicators (KPIs).

From a formal perspective KPIs measure performance based on articulated goals for the busi-
ness, user understanding, or Web system. Each KPI, then, should link directly to goals; therefore,
KPIs enable goal achievement by defining and measuring progress. The setting of these KPIs is of
paramount importance in achieving a related technology, user, or organizational goal.

In defining KPIs, we identify the actions that are desired behaviors and then relate these

desired behaviors toward measurable goals. KPIs will vary based on the organization and Web




4 UNDERSTANDING USER-WEB INTERACTIONS VIA WEB ANALYTICS

system. Typically, KPIs for commercial sites are overall purchase conversions, average order size,
and items per order. For lead generation sites, KPIs might be overall conversions, conversion by
campaigns, dropouts, and conversions of leads to actual customers. Customer service sites might
focus on reducing expenses and improving customer experiences. For advertising on content sites,
KPIs could be visits per week, page viewed per visit, visit length, advertising click ratio, and ratio of
new to returning visitors.

Analysis results are of little value until one takes action driven by the data that is in line with
the established KPI. One generally refers to this as actionable outcomes. In academic circles, this
may mean generating publications that shed insight on user behavior, or changes to some methods
or system. In a business, this means calculated change to improve the Website or business process
that is directly dependent on the KPI selected.

We directly link KPIs to goals by monetizing (i.e., assigning value to) the desired behaviors
that these indicators reflect. Generally, these goals relate to generating additional revenue, reducing
costs, or improving the user experience. If we want more visitors, we must determine how much
each visitor is worth to us. If we are interested in items ordered, we identify the value of each addi-
tional item ordered to the organization. By clearly articulating this linkage between KPIs and goals,
we can then see the impact of these indicators and make choices about prioritizing opportunities
and problems. This type of analysis can also aid in eliminating unsuccessful projects and determin-
ing the impact of system changes. Such a linkage process can aid in determining the value of Web
campaigns and recognizing the investment return on Web system use.

In a nutshell, this is the field of Web analytics. In the following sections of this lecture, we
investigate each of the concepts and areas in more detail, beginning with an examination of the

theoretical foundations of Web analytics.




CHAPTER 2

The Foundations of Web Analytics:
Theory and Methods

What are the foundational elements that provide confidence that Web analytics is providing use-
tul insights? To address such a question, we must investigate the underlying constructs of Web
analytics. This section explains the theoretical and methodological foundations for Web analytics,
addressing the fundamentals of the field from a research viewpoint and the concept of Web logs as
a data collection technique from the perspective of behaviorism. By behaviorism, we take a more
liberal view than is traditional, as will be explained.

From this research foundation, we then move to the methodological aspects of Web analyt-
ics and examine the strengths and limitations of Web logs as trace data. We then review the con-
ceptualization of Web analytics as an unobtrusive approach to research and present the power and
deficiency of the unobtrusive methodological concept, including benefits and risks of Web analytics
specifically from the perspective of an unobtrusive method. The section also highlights some of the
ethical questions concerning the collection of data via Web log applications.

Conducting research involves the use of both a set of theoretical constructs and methods for
investigation [74]. For empirical research, the results are linked conceptually to the data collection
process. High-quality research requires a thorough methodological frame. In order to understand
empirical research and the implications of the results, we must thoroughly understand the tech-
niques by which the researcher collected and analyzed data. A variety of methods is available for
research concerning users and information systems on the Web, including qualitative, quantitative,
and mixed methods. The selection of an appropriate method is critical if the research is to have
efficient execution and effective outcomes. The method of data collection also involves a choice of
methods. Web logs (including both transaction logs and search logs) and Web analytics (including
TLA and search log analysis [SLA]) are approaches to data collection and research methodology,
respectively, for both system performance and user behavior analysis that has been used since 1967

[105], in peer-reviewed research since 1975 [116], and in numerous practitioner outlets since the

1990s [118].
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A Web log is an electronic record of interactions that have occurred between a system and
users of that system. These log files can come from a variety of computers and systems (Websites,
to online public access catalogs or OPACs, user computers, blogs, listserv, online newspapers, etc.),
basically any application that can record the user—system—information interactions. Web analytics
also takes various forms but commonly involves TLA, which was preceded by log analysis in the
academic fields of library, information, and computer science. TLA is the methodological approach
to studying online systems and users of these systems. Peters [117] defines TLA as the study of
electronically recorded interactions between online information retrieval systems and the persons
who search for information found in those systems. Since the advent of the Internet, we have had
to modify Peters’ (1993) definition, expanding it to include systems other than information re-
trieval systems. In general, the practitioner side of Web analytics seems to have developed relatively
independently, with few people venturing out and sharing learning between the practitioner and
academic camps.

Partly as a result of this separate development, Web analytics is a broad categorization of
methods that covers several sub-categorizations, including TLA (i.e., analysis of any log from a
system), Web log analysis (i.e., analysis of Web system logs), blog analysis (i.e., analysis of Web logs),
and SLA (analysis of search engine logs), among others. The study of digital libraries is also an in-
teresting domain that involves both searching and browsing. Web analytics enables macro-analysis
of aggregate user data and patterns and microanalysis of individual search patterns. The results
from the analyzed data help to develop systems and services based on user behavior or system per-
formance, and these services and performance enhancements are usually leveraged to achieve other
goals.

From a user behavior perspective, Web analytics is one of a class of unobtrusive methods
(a.k.a., non-reactive or low-constraint). Unobtrusive methods are those that allow data collection
without directly contacting participants. The research literature specifically describes unobtrusive
approaches as those that do not require a direct response from participants [102, 112, 154]. This
data can be gathered through observation or from existing records. In contrast to unobtrusive meth-
ods, obtrusive or reactive approaches, such as questionnaires, tests, laboratory studies, and surveys,
require a direct response from participants [153]. A laboratory experiment is an example of an
extremely obtrusive method. The metaphorical line between unobtrusive and obtrusive methods is
unquestionably blurred, and instead of one thin line there is a rather large gray area. For example,
conducting a survey to gauge the reaction of users to information systems is an obtrusive method.
However, using the posted results from the survey is an unobtrusive method. Granted, this may be
making a strictly intellectual distinction, but the point is that log data falls in the gray area. In some
respects, users know that their actions are being logged or recorded on Websites. However, logging

applications are generally so unobtrusive that they fade into the background [4].
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With this introduction, we now address the specific research and methodological foundations
of Web analytics. We first address the concept of transaction logs as a data collection technique
from the perspective of behaviorism, and then review the conceptualization of Web analytics as
trace data and an unobtrusive method. We present the strengths and shortcomings of the unobtru-
sive methodology approach, including benefits and shortcomings of Web analytics specifically from
the perspective of an unobtrusive method. We end with a short summary and open questions of

transaction logging as a data collection method.

2.1 INTRODUCTION

The use of transaction logs for research purposes certainly falls conceptually within the confines
of the behaviorist paradigm of research. Therefore, behaviorism is the conceptual basis for Web

analytics.

2.2 BEHAVORISM

Behaviorism is a research approach that emphasizes the outward behavioral aspects of thought.
Strictly speaking, behaviorism also dismisses the inward experiential and procedural aspects [137,
152]; importantly, behaviorism has been heavily criticized for this narrow viewpoint. Some of the
pioneers in the behaviorist field are shown in Figure 2.1.

For the area of Web analytics, however, we take a more open view of behaviorism. In this
more accepting view, behaviorism emphasizes observed behaviors without discounting the inner
aspects (i.e., attitudinal characteristics and context) that may accompany these outward behaviors.

This more open outlook of behaviorism supports the position that researchers can gain much from

Ivan Petrovich Pavlov John B. Watson Burrhus Frederic Skinner

FIGURE 2.1: Three pioneers of behaviorist research. Copyright © 2009 Photo Researchers, Inc. All
Rights Reserved. Used with permission.
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studying expressions (i.e., behaviors) of users interacting with information systems. These expressed
behaviors may reflect aspects of the person’s inner self as well as contextual aspects of the environ-
ment within which the behavior occurs. These environmental aspects may influence behaviors while
also reflecting inner cognitive factors.

The primary proposition underlying behaviorism is that all things that people do are be-
haviors. These behaviors include utterances, actions, thoughts, and feelings. With this underlying
proposition, the behaviorist position is that all theories and models concerning people have observa-
tional correlates. Moreover, the behaviors and any proposed theoretical constructs must be mutually
complementary.

Strict behaviorism would further state that there are no differences between the publicly ob-
servable behavioral processes (i.e., actions) and privately observable behavioral processes (i.e., think-
ing and feeling). Due to affective, contextual, situational, or environmental factors, however, there
may be disconnections between the cognitive and affective processes. Therefore, there are sources of
behavior both internal (i.e., cognitive, affective, and expertise) and external (i.e., environmental and
situational). Behaviorism focuses primarily on only what an observer can see or manipulate.

Behaviorism is evident in any research where the observable evidence is critical to the re-
search questions or methods, and this is especially true in any experimental research where the
“operationalization” of variables is required. A behaviorist approach, at its core, seeks to understand
events in terms of behavioral criteria [134, p. 22]. Behaviorist research demands behavioral evi-
dence, and this is particularly important to Web analytics. Within such a perspective, there is no
knowable difference between two states unless there is a demonstrable difference in the behavior
associated with each state.

Research that is grounded in behaviorism always focuses on somebody doing something in a
situation. Therefore, all derived research questions focus on who (actors), what (behaviors), when
(temporal), where (contexts), and why (cognitive). The actors in a behaviorist paradigm are people,
at whatever level of aggregation (e.g., individuals, groups, organizations, communities, nationalities,
societies), whose behavior is studied. All aspects of what the actors do are studied carefully. These
behaviors have a temporal element, and thus researchers need to study when and how long these
behaviors occur. Similarly, the behaviors occur within some context, which are all the environmental
and situational features in which these behaviors are embedded, and this context must be recognized
and analyzed. Finally, the cognitive aspect to these behaviors is the thought and affective processes
internal to the actors executing the behaviors.

From this research perspective, each of these aspects (i.e., actor, behaviors, temporal, context,
and cognitive) are behaviorist constructs. However, for Web analytics, we are primarily concerned

with defining what a behavior is.
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2.3  BEHAVIORS

Defining a behavior is not as straightforward as it may seem at first glance, yet defining a behavior
is critical for Web analytics. In research, a variable represents a set of events where each event may
have a different value. In Web analytics, session duration or number of clicks may be variables that
interest a researcher. The particular variables that a researcher is interested in stem from the research
questions driving the study.

We can define variables by their use in a research study (e.g., independent, dependent, extra-
neous, controlled, constant, and confounding) and by their nature. Defined by their nature, there are
three types of variables: environments (i.e., events of the situation, environment, or context), subjects
(i.e., events or aspects of the subject being studied), and behavioral (i.e., observable events of the
subject of interest).

For Web analytics, behavior is the essential construct of the behaviorist paradigm. At its
most basic, a behavior is an observable activity of a person, animal, team, organization, or system.
Like many basic constructs, behavior is an overloaded term, as it also refers to the aggregate set of
responses to both internal and external stimuli. Therefore, behaviors can also address a spectrum of
actions. Because of its many associations, it is difficult to characterize a word like behavior without
specifying a context in which it takes place to provide the necessary meaning.

However, one can generally classify behaviors into three general categories:

*  Behaviors are something that can be detected and, therefore, recorded.
*  Behaviors are an action or a specific goal-driven event with some purpose other than the
specific action that is observable.

*  Behaviors are reactive responses to environmental stimuli.

In some manner, the researcher must observe these behaviors. In other words, the researcher
must study and gather information on a behavior concerning what the actor does. Classically, obser-
vation is visual, where the researcher uses his/her own eyes, but recording devices, such as a camera,
can assist in the observation. Technology has extended the concept of observation to include other
recording devices. For Web analytics, we extend the notion of observation to include logging soft-
ware. Logging software is really nearly invisible to many users; thus, it allows for a more objective
measure of true user behavior. Web analytics focuses on descriptive observation and logging the
behaviors, as they would occur in a user—system interaction episode.

When studying behavioral patterns with Web analytics and other similar approaches, re-
searchers often use ethograms. An ethogram is a taxonomy or index of the behavioral patterns that

details the different forms of behavior that a particular user exhibits. In most cases it is desirable to




10 UNDERSTANDING USER-WEB INTERACTIONS VIA WEB ANALYTICS

TABLE 2.1: Taxonomy of user-system behaviors [67].

STATE DESCRIPTION

View results Behavior in which the user viewed or scrolled one or more
pages from the results listing. If a results page was present and
the user did not scroll, we counted this as a View Results Page.

With Scrolling User scrolled the results page.

Without Scrolling User did not scroll the results page.

but No Results in Window

User was looking for results, but there were no results in the listing.

Selection

Behavior in which the user makes a selection in the results listing.

Click URL (in results listing)

Interaction in which the user clicked on a URL of one of the results
in the results page.

Next in Set of Results List

User moved to the Next results page.

Previous in Set of Results List

User moved to the Previous results page.

Go1v in Set of Results List

User selected a specific results page.

View document Behavior in which the user viewed or scrolled a particular
document in the results listings.

With Scrolling User scrolled the document.

Without Scrolling User did not scroll the document.

Execute Behavior in which the user initiated an action in the interface.

Execute Query

Behavior in which the user entered, modified, or submitted a query
without visibly incorporating assistance from the system. This cat-
egory includes submitting the original query which was always the

Jorst interaction with system.

Find Feature in Document

Behavior in which the user used the FIND feature of the browser.

Create Favorites Folder

Behavior in which the user created a folder to store relevant URLs.

Navigation

Behavior in which the user activated a navigation button on the

browser, such as Back or Home.
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TABLE 2.1: (continued)

STATE DESCRIPTION

Back User clicked the Back button.
Home User clicked the Home button.
Browser Behavior in which the user opened, closed, or switched

browsers.

Open new browser

User opened a new browser.

Switch/Close browser window

User switched between two open browsers or closed a browser win-

dow.

Relevance action

Behavior such as print, save, bookmark, or copy.

Bookmark User bookmarked a relevant document.

Copy—Paste User copy—pasted all of, a portion of, or the URL fo a relevant docu-
ment.

Print User printed a relevant document.

Save User saved a relevant document.

View/Implement assistance

Behavior in which the user viewed the assistance offered by the

application.

Implement Assistance Behavior in which the user entered, modified, or submitted a query,
utilizing assistance offered by the application.

Phrase User implemented the PHRASE assistance.

Spelling User implemented the SPELLING assistance.

Synonyms User implemented the SYNONYMS assistance.

Previous Queries

User implemented the PREVIOUS QUERIES assistance.

Relevance Feedback User implemented the RELEVANCE FEEDBACK assistance.
AND User implemented the AND assistance.
OR User implemented the OR assistance.
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create an ethogram in which the categories of behavior are objective and discrete, not overlapping
with each other. In an ethogram, the definitions of each behavior and category of behaviors should
be clear, detailed, and distinguishable from each other. Ethograms can be as specific or general as
the study or investigation warrants.

Spink and Jansen [140] and Jansen and Pooch [69] outline some of the key behaviors for
SLA, a specific form of Web analytics. Hargittai [52] and Jansen and McNeese [67] present ex-
amples of detailed classifications of behaviors during Web searching. As an example, Table 2.1
presents an ethogram of user behaviors interacting with a Web browser during a searching session
employed in the study.

There are many way to observe behaviors. In TLA, we are primarily concerned with observ-

ing and recording these behaviors in a file, and we then can view the recorded fields as trace data.

24  TRACE DATA

In any study, the researcher has several options for collecting data, and there is no one single best
method for data collection. The decision about which approach or approaches to use depends upon
the research questions (i.e., what needs to be investigated? how one needs to record the data? what
resources are available? what is the timeframe available for data collection? how complex is the data?
what is the frequency of data collection? and how will the data be analyzed?).

When collecting transaction log data, we are generally concerned with observations of be-
havior. The general objective of observation is to record the behavior, either in a natural state or in
a laboratory study. In both settings, ideally, the researcher should not interfere with the behavior.
However, when observing people, the knowledge that they are being observed is likely to alter
participants’ behavior. For example, in laboratory studies, a researcher’s instructions may make a
participant either more or less likely to perform a particular behavior, such as smiling or following a
Web link. With logging software, the introduction of the application may change a user’s behavior.
Although in naturalistic settings, the log application has less of an impact if the user does not feel
that the data will be used immediately for research purposes.

When investigating user behaviors, the researcher must keep in mind these limitations of
observational techniques even while recording behaviors as data for future analysis. The user, a
third party, or the researcher can record the behaviors. Transaction logging is an indirect method of
recording data about behaviors, and the users themselves, with the help of logging software, make
these data records of behavior. We refer to these records as traces. Thus, transaction log records are
a source of trace data.

What is trace data? The processes by which people conduct the activities of their daily lives
many times create things, leave marks, induce wear, or reduce some existing material. Within the

confines of research, these things, marks, and wear become data. Classically, trace data are the physi-
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cal remains of interaction [154, pp. 35-52]. These remains can be intentional (i.e., notes in a diary
or initials on a cave wall) or accidental (i.e., footprints in the mud or wear on a carpet). However,
trace data can also be through third party logging applications. In TLA, we are primarily interested
in this data from third party logging.

Many researchers use physical or, as in the case of Web analytics, virtual traces as indicators
of behavior. These behaviors are the facts or data that researchers use to describe or make inferences
about events concerning the actors. Researchers [154] classify trace data into two general types: ero-
sion and accretion. Erosion is the wearing away of material leaving a trace. Accretion is the buildup
of material, making a trace. Both erosion and accretion have several subcategories. In TLA, we are
primarily concerned with accretion trace data.

Trace data (a.k.a., trace measures) offer a sharp contrast to data collected directly. The great-
est strength of trace data is that it is unobtrusive, meaning the collection of the data does not inter-
fere with the natural flow of behavior and events in the given context. Since the data is not directly
collected, there is no observer present where the behaviors occur to affect the participants’ actions,
and thus, the researcher is getting data that reflects natural behaviors. Trace data is unique; as un-
obtrusive and nonreactive data, it can make a very valuable research contribution. In the past, trace
data was often time consuming to gather and process, making such data costly. With the advent of
transaction logging software, trace data for the studying of behaviors of users and systems in Web
analytics is much cheaper to collect, and consequently, Web analytics and related fields of study have
really taken off.

Interestingly, in the physical world, erosion data is what typically reveals usage patterns (i.e.,
trails worn in the woods, footprints in the snow, fingerprints on a book cover). However, with Web
analytics, logged accretion data indicates the usage patterns (i.e., access to a Website, submission
of queries, Webpages viewed). Specifically, transaction logs are a form of controlled accretion data,
where the researcher or some other entity alters the environment in order to create the accretion
data [154, pp. 35-52]. With a variety of tracking applications, the Web is a natural environment for
controlled accretion data collection. With the user of client apps (such as desktop search bars and
what not), the collection of data is nearly unlimited from a technology perspective.

Like all data collection methods, trace data for studying users and systems has strengths and
limitations. Certainly, trace data are valuable for understanding behavior (i.e., behavioral actions)
in naturalistic environments and may offer insights into human activity obtainable in no other way.
For example, data from Web transaction logs is on a scale available in few other places. However,
one must interpret trace data carefully and with a fair amount of caution because trace data can
be incomplete or even misleading. For example, with the data in transaction logs the researcher
can say a given number of Website users only looked at the Website’s homepage and then left

(a.k.a., homepage bounce rate). However, using trace data alone the researcher could not conclude
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whether the users left because they found what they were looking for, were frustrated because they
could not find what they were looking for, or were in the wrong place to begin with. However,
with some experimental data one could make some reasonable assumptions concerning this user
behavior.

Research using trace data from transaction logs should be analyzed based on the same criteria
as all research data and methods. These criteria are credibility, validity, and reliability.

Credibility concerns how trustworthy or believable the data collection method is. The re-
searcher must make the case that the data collection approach records the data needed to address
the underlying research questions.

Validity addresses whether the measurement actually measures what it is supposed to mea-

sure. There are three kinds of validity:

*  Face orinternal validity: the extent to which the contents of the test, method, analysis, or
procedure that the researcher is employing measure what they are supposed to measure.

*  Content or construct validity: the extent to which the content of the test, method, analy-
sis, or procedure adequately represents all that is required for validity of the test, method,
analysis, or procedure (i.e., are you collecting and accounting for all that you should collect
and account for).

*  External validity: the extent to which one can generalize the research results across popu-

lations, situations, environments, and contexts of the test, method, analysis, or procedure.

In inferential or predictive research, one must also be concerned with statistical validity (i.e.,
the degree of strength of the independent and dependent variable relationships). Statistical validity
is actually an important aspect for Web analytics, given the needed ties between data collected and
KPIs.

Reliability is a term used to describe the stability of the measurement. Essentially, reliability
addresses whether the measurement assesses the same thing, in the same way, in repeated tests.

Researchers must always address the issues of credibility, validity, and reliability. Leveraging
the work of Holst [58], the researcher must address six questions in every Web analytics research

project that uses trace data from transaction logs.

*  Which data are analyzed? The researcher must clearly communicate in a precise manner
both the format and content of recorded trace data. With transaction log software, this is
much easier than in other forms of trace data, as logging applications can be reverse engi-
neered to articulate exactly what behavioral data is recorded.

*  Howis this data defined? The researcher must clearly define each trace measure in a man-

ner that permits replication of the research on other systems and with other users. As TLA
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has proliferated in a variety of venues, more precise definitions of measures are developing
[114, 151, 158].

*  What is the population from which the researcher has drawn the data? The researcher
must be cognizant of the actors, both people and systems, that created the trace data. With
transaction logs on the Web, this is sometimes a difficult issue to address directly, unless the
system requires some type of logon and these profiles are then available. In the absence of
these profiles, the researcher must rely on demographic surveys, studies of the system’s user
population, or general Web demographics.

*  What is the context in which the researcher analyzed the data? It is important for the
researcher to explain clearly the environmental, situational, and contextual factors under
which the trace data was recorded. With transaction log data, this includes providing com-
plete information about the temporal factors of the data collection (i.e., the date and time
the data was recorded) and the make-up of the system at the time of the data recording, as
system features undergo continual change. Transaction logs have the significant advantage
of time sampling of trace data. In time sampling, the researcher can make the observations
at predefined points of time (e.g., every 5 minutes, every second), and then record the ac-
tion that is taking place, using the classification of action defined in the ethogram.

*  What are the boundaries of the analysis? Research using trace data from transaction logs
is tricky, and the researcher must be careful not to overreach with the research questions
and findings. The implications of the research are confined by the data and the method
of the data collected. For example, with transaction log data we can rather clearly state
whether or not a user clicked on a link. However, transaction log trace data itself will not
inform us as to why the user clicked on a link. Was it intentional? Was it a mistake? Did
the user become sidetracked?

*  What is the target of the inferences? The researcher must clearly articulate the relation-
ship among the separate measures in the trace data either to inform descriptively or in order
to make inferences. Trace data can be used for both descriptive research to improve our
understanding and predictive research in terms of making inferences. These descriptions
and inferences can be at any level of granularity (i.e., individual, collection of individuals,
organization, etc.). However, Hilbert and Redmiles [55] point out, based on their experi-
ences, that transaction log data is best used for aggregate level analysis. I disagree with this
position. With enough data at the individual level, one can tell a lot from log data.

If the researcher addresses each of the six questions, transaction logs are an excellent way to
collect trace data on users of Web and other information systems. The researcher then examines this
data using TLA. The use of trace data to understand behaviors makes the use of transaction logs and

transaction logs analysis an unobtrusive research method.
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2.5 UNOBTRUSIVE METHODS

As noted in the introduction to this lecture, unobtrusive methods are research practices that do not
require the researcher to intrude in the context of the actors and thus do not involve direct elicita-
tion of data from the research participants or actors. Unobtrusive measurement presumably reduces
the biases that result from the intrusion of the researcher or measurement instrument. We should
note, however, that unobtrusive measures reduce the degree of control that the researcher has over
the type of data collected, and importantly, for some research questions, appropriate unobtrusive
measures may simply not be available.

Why is it important for the research not to intrude upon the environment? There are at least
three justifications. First, the Heisenberg uncertainty principle, borrowed from the field of quantum
physics asserts that the outcome of a measurement of some system is neither deterministic nor per-
fect. Instead, a measurement is characterized by a probability distribution. The larger the associated
standard deviation is for this distribution, the more “uncertain” are the characteristics measured for
the system. The Heisenberg uncertainty principle is commonly stated as, “One cannot accurately
and simultaneously measure both the position and momentum of a mass” (http://en.wikipedia
.org/wiki/Uncertainty_principle). In this analogy, when researchers are interjected into an environ-
ment, they become part of the system. Therefore, their very presence in the environment will affect
measurements of the components of that system. A common example is in ethnographic studies
where the researchers interject themselves in a given context.

The second justification for avoiding or at least limiting environmental intrusion is the ob-
server effect. The observer effect refers to the difference that is made to an activity or a person’s
behaviors by it (or the person) being observed. People may not behave in their usual manner if
they know that they are being watched or when being interviewed while carrying out an activity.
In research, this observer effect specifically refers to changes that the act of observing will make on
the phenomenon being observed. In information technology, the observer effect is the potential
impact of the act of observing a process output while the process is running. A good example of the
observer effect in TLA is pornographic searching behavior. Participants rarely search for porn in a
laboratory study while studies employing trace data shows it is a common searching topic [71].

In addition to the uncertainty principle and the observer effect, observer bias adds a third jus-
tification for reducing environmental intrusion. Observer bias is error that the researcher introduces
into measurement when observers overemphasize behavior they expect to find and fail to notice
behavior they do not expect. Many fields have common procedures to address this, although these
procedures are seldom used in information and computer science. For example, the observer bias is
why medical trials are normally double-blind rather than single-blind. Observer bias is introduced
because researchers see a behavior and interpret it according to what it means to them, whereas it

may mean something else to the person showing the behavior. Trace data helps in overcoming the
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observer bias in the data collection. However, as with other methods, trace data has no effect on the
observer bias in interpreting the results from data analysis.

Given the justifications for using unobtrusive methods, we will now turn our attention to
three types of unobtrusive measurement that are applicable to Web analytics, namely indirect analy-
sis, context analysis, and second analysis. Web analytics is an indirect analysis method. The re-
searcher is able to collect the data without introducing any formal measurement procedure. In this
regard, TLA typically focuses on the interaction behaviors occurring among the users, system, and
information. There are several examples of utilizing transaction analysis as an indirect approach [cf.
Refs. 2, 15, 32, 571.

Content analysis is the analysis of text documents. The analysis can be quantitative, quali-
tative, or a mixed methods approach. Typically, the major purpose of content analysis is to iden-
tify patterns in text. Content analysis has the advantage of being unobtrusive and, depending on
whether automated methods exist, can be a relatively rapid method for analyzing large amounts of
text. In Web analytics, content analysis typically focuses on search queries or analysis of retrieved
results. A variety of examples are available in this area of transaction log research [cf. Refs. 7, 16,
51,151, 158].

Secondary data analysis, like content analysis, makes use of already existing sources of data.
However, secondary analysis typically refers to the re-analysis of quantitative data rather than text.
Secondary data analysis uses data that was collected by others to address different research questions
or to use different methods of analysis than was originally intended during data collection. For ex-
ample, Websites commonly collect transaction log data for system performance analysis. However,
researchers can also use this data to address other questions. Several transaction log studies have
focused on this aspect of research [21, 22, 29, 30, 34, 77,107, 129].

As a secondary analysis method, Web analytics has several advantages. First, it is efficient in
that it makes use of data collected by a Website application. Second, it often allows the researcher to
extend the scope of the study considerably by providing access to a potentially large sample of users
over a significant duration [81]. Third, since the data is already collected, the cost of using existing
transaction log data is cheaper than collecting primary data.

However, the use of secondary analysis is not without difficulties. First, secondary data is
frequently not trivial to prepare, clean, and analyze [66], especially large transaction logs. Second,
researchers must often make assumptions about how the data was collected because third parties
developed the logging applications. A third and perhaps more perplexing difficulty concerns the
ethics of using transaction logs as secondary data. By definition, the researcher is using the data in a
manner that may violate the privacy of the system users [53]. In fact, some critics point to a grow-
ing concern for unobtrusive methods due to increased sensitivity toward the ethics involved in such

research [112]. Log data may be unobtrusive, but it can certainly be quite invasive.
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26 WEBANALYTICS AS UNOBTRUSIVE METHOD

Web analytics has significant advantages as a methodological approach for the study and investiga-
tion of behaviors. These factors include:

*  Scale: Transaction log applications can collect data to a degree that overcomes the critical
limiting factor in laboratory user studies. User studies in laboratories are typically restricted
in terms of sample size, location, scope, and duration.

*  Power: The sample size of transaction log data can be quite large, so inference testing can
highlight statistically significant relationships. Interestingly, sometimes the amount of data
in transaction logs from the Web is so large that nearly every relation is significantly cor-
related. Due to the large power, researchers must account for the size effect.

*  Scope: Since transaction log data is collected in natural contexts, researchers can investi-
gate the entire range of user—system interactions or system functionality in a multi-variable
context.

*  Location: Transaction log data can be collected in naturalistic, distributed environments.
Therefore, users do not have to be in an artificial laboratory setting.

*  Duration: Since there is no need for recruiting specific participants for a user study, trans-

action log data can be collected over an extended period.

All methods of data collection have strengths not available with other methods, but they also
have inherent limitations. Transactions logs have several shortcomings. First, transaction log data
is not nearly as versatile relative to primary data because the data may not have been collected with
the particular research questions in mind. Second, transaction log data is not as rich as some other
data collection methods and therefore not available for investigating the range of concepts some
researchers may want to study. Third, the fields that the transaction log application records are many
times only loosely linked to the concepts they are alleged to measure. Fourth, with transaction logs
the users may be aware that they are being recorded and may alter their actions. Therefore, the user
behaviors may not be altogether natural.

Given the inherent limitations in the method of data collection, Web analytics also suffers
from shortcomings derived from the characteristics of the data collection. Hilbert and Redmiles
[56] maintain that all research methods suffer from some combination of abstraction, selection,
reduction, context, and evolution problems that limit scalability and quality of results. Web analytics

suffers from these same five shortcomings.

*  Abstraction problem—how does one relate low-level data to higher-level concepts?
*  Selection problem—how does one separate the necessary from unnecessary data before

reporting and analysis?
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*  Reduction problem—how does one reduce the complexity and size of the data set before
reporting and analysis?

*  Context problem—how does one interpret the significance of events or states within state
chains?

*  Evolution problem—how can one alter data collection applications without impacting

application deployment or use?

Because each method has its own combination of abstraction, selection, reduction, context,
and evolution problems, astute researchers will employ complementary methods of data collection
and analysis. This is similar to the conflict inherent in any overall research approach. Each research
method for data collection tries to maximize three desirable criteria: generalizability (i.e., the degree
to which the data applies to overall populations), precision (i.e., the degree of granularity of the mea-
surement), and realism (i.e., the relation between the context in which evidence is gathered relative
to the contexts to which the evidence is to be applied). Although the researcher always wants to
maximize all three of these criteria simultaneously, in reality it cannot be done. This is one funda-
mental dilemma of the research process. The very things that increase one of these three features

will reduce one or both of the others.

2.7 CONCLUSION

Recordings of behaviors via transaction log applications on the Web opens a new era for research-
ers by making large amounts of trace data available for use. The online behaviors and interactions
among users, systems, and information create digital traces that permit collection and analysis of
this data. Logging applications provide data obtained through unobtrusive methods, and impor-
tantly, these collections are substantially larger than any data set obtained via surveys or laboratory
studies. As noted earlier, these applications allow the data to be collected in naturalistic settings
with little to no impact by the observer. Researchers can use these digital traces to analyze a nearly
endless array of behavior topics.

Web analytics is a behaviorist research method, with a natural reliance on the expressions of
interactions as behaviors. The transaction log application records these interactions, creating a type
of trace data. As a reminder, trace data in transaction logs are records of interactions as people use
these systems to locate information, navigate Websites, and execute services. The data in transaction
logs is a record of user—system, user—information, or system—information interactions. Moreover,
transaction logs provide an unobtrusive method of collecting data on a scale well beyond what one
could collect in confined laboratory studies. Figure 2.2 provides a recap of the foundation of Web
analytics.

The massive increased availability of Web trace data has sparked concern over the ethical

aspects of using unobtrusively obtained data from transaction logs. For example, who does the
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FIGURE 2.2: Recap of foundational element of Web analytics.

trace data belong to—the user, the Website that logged the data, or the public domain? How does
(or should) one seek consent to use such data? If researchers do seek consent, from whom does the
researcher seek it? Is it realistic to require informed consent for unobtrusively collected data? These

are open questions.
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CHAPTER 3

The History of Web Analytics

There have been an increasing number of review articles on Web analytics research in academia.
One of the first, Jansen and Pooch [69] provide a review of Web transaction log research of Web
search engines and individual Websites through 2000, focusing on query analysis. After reviewing
studies conducted between 1995 and 2000, Hsieh-Yee [59] reports that many studies investigate the
effects of certain factors on Web search behavior, including information organization and presenta-
tion, type of search task, Web experience, cognitive abilities, and affective states. Hsieh-Yee [59]
also notes that many studies lack external validity.

Bar-Ilan [13] presents an extensive and integrative overview of Web search engines and the
use of Web search engines in information science research. Bar-Ilan [13] provides a variety of per-
spectives including user studies, social aspects, Web structure, and search-engine evaluation.

Two excellent historical reviews are Penniman [115, 116], who examines log research from
the very beginning as a participant/observer, and Markey [98, 99], who reviews twenty-five years of
academic research in the area.

Given the availability of these comprehensive reviews, we will touch on some of the previous
work simply to identify the overall trends and to provide historical insight for Web analytics today.
Web analytics studies fall into three categories: (1) those that primarily use transaction-log analysis,
(2) those that incorporate users in a laboratory survey or other experimental setting, and (3) those

that examine issues related to or affecting Web searching.

3.1 SINGLE WEBSITES

Some researchers have used transaction logs to explore user behaviors on single Websites. For
example, Yu and Apps [162] used transaction log data to examine user behavior in the Super-
Journal project. For 23 months (February 1997 to December 1998), the researchers recorded
102,966 logged actions, related these actions to 4 subject clusters, 49 journals, 838 journal issues,
15,786 articles, and 3 Web search engines.

In another study covering the period from 1 January to 18 September 2000, Kea et al. [82]
examined user behavior in Elsevier’s ScienceDirect, which hosts bibliographic information and full-
text articles of more than 1300 journals with an estimated 625,000 users. Loken et al. [96] examined

the transaction log data of the online self-directed studying of more than 100,000 students using a
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Web-based system to prepare for U.S. college admissions tests. The researchers noted several non-
optimal behaviors, including a tendency toward deferring study and a preference for short-answer
verbal questions. The researchers discussed the relevance of their findings for online learning.

Wen et al. [156] investigated the use of click-through data to cluster queries for question
answering on a Web-based version of the Encarta encyclopedia. The researchers explored the simi-
larity between two queries using the common user-selected documents between them. The results
indicate that a combination of both keywords and user logs is better than using either method alone.
Using a Lucent proxy server, Hansen and Shriver [50] used transaction-log analysis to cluster search
sessions and to identify highly relevant Web documents for each query cluster.

Collectively, these studies provide better descriptions of user behaviors and help to refine
transaction log research for Web log analysis of searching and single Websites from an academic

perspective.

3.2 LIBRARY SYSTEMS

Some of the original work in the area of log analysis has occurred in the library fields, with many
studies of library systems [117]. Continuing this rich tradition of using transaction logs to investi-
gate the use of library systems, more sophisticated methods are emerging. For example, Chen and
Cooper [28] clustered users of an online library system into groups based on patterns of states using
transaction logs data. The researchers defined 47 variables, using them to classify 257,000 sessions.
Then they collapsed these 47 variables into higher order groupings, identifying six distinct clusters
of users. In a follow-up study, Chen and Cooper [27] used 126,925 sessions from the same online
system, modeling patterns using Markov models. The researchers found that a third-order Markov
model explained five of the six clusters.

What is coming out of this line of research is a move in the academic field from straightly

descriptive to more predictive elements of analysis, including methods of Web mining [136].

3.3 SEARCH ENGINES

Rather than focusing on single Websites, other researchers have investigated information searching
on Web search engines. Ross and Wolfram [131] analyzed queries submitted to the Excite search
engine for subject content based on the co-occurrence of terms. The researchers categorized more
than 1000 of the most frequently co-occurring term pairs into one or more of 30 developed subject
areas. The cluster analyses resulted in several well-defined high-level clusters of broad subject areas.
He et al. [54] examined contextual information from Excite and Reuters transaction logs, using a
version of the Dempster—Shafer theory to identify search engine sessions. The researchers deter-
mined the average Web user session duration was about 12 min. Ozmutlu and Cavdur [109] inves-

tigated contextual information using an Excite transaction log. The researchers explored the reasons
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underlying the inconsistent performance of automatic topic identification with statistical analysis
and experimental design techniques. Xie and O’Hallaron [160] investigated caching to reduce both
server load and user-response time in distributed systems by analyzing a transaction log from the
Vivisimo search engine, from 14 January to 17 February 2001. The researchers report that queries
have significant locality, with query frequency following a Zipf distribution. Lempel and Moran
[92] also investigated clustering to improve caching of search engine results using more than seven
million queries submitted to AltaVista. The researchers report that pre-fetching of search engine
results can increase cache—hit ratios by 50 percent for large caches and can double the hit ratios of
small caches. There is much ongoing work in the area of using logs for search engine and server
caching [10].

In what appears currently to be one of the longest temporal studies, Wang et al. [151] ana-
lyzed 541,920 user queries submitted to an academic-Website search engine during a four-year
period (May 1997 to May 2001). Conducting analysis at the query and term levels, the researchers
report that 38% of all queries contained only one term and that most queries are unique. Eiron and
McCurley [38] used 448,460 distinct queries from an IBM Intranet search engine to analyze the
effectiveness of anchor text.

Pu [122] explored the searching behavior of users searching on two Taiwanese Web search
engines, Dreamer and Global Area Information Servers (GAIS). The average length of English
terms on these two Web search engines was 1.0 term for Dreamer and 1.22 terms for GAIS.
Baeza-Yates and Castillo [9] examined approximately 730,000 queries from TodoCL, a Chilean
search system. They found that queries had an average length of 2.43 terms. A lengthier analysis is
presented in Baeza-Yates and Castillo [8]. Montgomery and Faloutsos [107] analyzed more than
20,000 Internet users who accessed the Web from July 1997 through December 1999 using data
provided by Jupiter Media Metrix (http://www.jupiterresearch.com). The researchers report users
revisited 54 percent of URLSs at least once during a searching session.

They also report that browsing patterns follow a power law and the patterns remained stable
throughout the period of analysis. Rieh and Xu [127] analyzed queries from 1,451,033 users of
Excite collected on 9 October 2000. The researchers examined how each user reformulated his/
her Web query over a 24-hour period. Out of the 1,451,033 users logs collected, the researcher
used various criteria to select 183 sessions for manual analysis. The results show that while most
query reformulation involves content changes, about 15% of the reformulation relate to format
modifications.

Huang et al. [60] propose an effective term-suggestion approach for interactive Web search
using more than two million queries submitted to Web search engines in Taiwan. The researchers
propose a transaction log approach to relevant term extraction and term suggestion using relevant

terms that co-occur in similar query sessions.



http://www.jupiterresearch.com

24 UNDERSTANDING USER-WEB INTERACTIONS VIA WEB ANALYTICS

Jansen and Spink [70] determined that the typical Web searching session was about 15 min
from an analysis of click through data from AlltheWeb.com. The researchers report that the Web
search engine users on average view about eight Web documents, with more than 66% of searchers
examining fewer than five documents in a given session. Users on average view about two to three
documents per query. More than 55% of Web users view only one result per query. Twenty percent
of the Web users view a Web document for less than a minute. These results would seem to indicate
that the initial impression of a Web document is extremely important to the user’s perception of
relevance.

Beitzel et al. [15] examine hundreds of millions of queries submitted by approximately 50
million users to America Online (AOL) over a 7-day period from 26 December 2003 through 1
January 2004. During this period, AOL used results provided by Google. The researchers report that
only about 2% of the queries contain query operators. The average query length is 2.2 terms, and
81% of users view only one results page. The researchers report changes in popularity and unique-
ness of topically categorized queries across hours of the day. Park, Bae, and Lee (Forthcoming)
analyzed transaction logs of NAVER, a Korean Web search engine and directory service. The data
was collected over a one-week period, from 5 January to 11 January 2003, and contained 22,562,531
sessions and 40,746,173 queries. Users of NAVER implement queries with few query terms, seldom
use advanced features, and view few results pages. Users of NAVER had an average session length of
1.8 queries. Wolfram et al. [159] analyze session clusters from three different search environments.

Web analytics is also entering a variety of areas, including keyword advertising and sponsored
search [65].

Clearly, these research projects provide valuable information for understanding and perhaps

improving user—system and system—information interactions.

34 CONCLUSION

What does a historical review of transactional log analysis inform us about the current and possible
future state of Web analytics? In one of the earliest studies employing transaction logs, Penniman
[116, p. 159] stated,“The promise (of transaction logs) is unlimited for evaluating communicative
behavior where human and computer interact to exchange information.” Since the mid-1960s, we
have seen the use of transaction logs evolve from an almost purely descriptive approach focusing
primarily on system effectiveness to one focusing on the combined aspects of the both user and
system. Today, we see these tools being leveraged for more insightful and predictive aspects of the
user—system interaction. Combined with associated research methods, transaction logs have served

a vital function in understanding users and systems.
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CHAPTER 4

Data Collection for Web Analytics

As the previous brief review of research demonstrates, data for Web analytics is plentiful. How the
data is collected, however, is important. There is a proliferation of techniques (e.g., performance
monitors, Web server log files, cookies, and packet sniffing), but the most common individual tech-
niques generally fall into one of two major approaches for collecting data for Web analysis: log files
and page tagging [80]. Most current Web analytic companies use a combination of the two methods
for collecting data. Therefore, anyone interested in Web analytics needs to understand the strengths

and weaknesses of each.

41  WEBSERVER LOG FILES

The first method of metric gathering uses log files. Every Web server keeps a log of page requests
that can include (but is not limited to) visitor Internet Protocol (IP) address, date and time of the
request, request page, referrer, and information on the visitor’s Web browser and operating system.
The same basic collected information can be displayed in a variety of ways. Although the format of
the log file is ultimately the decision of the company who runs the Web server, the following four
formats are a few of the most popular: NCSA Common Log, NCSA Combined Log, NCSA Separate
Log, and W3C Extended Log.

The NCSA Common Log format (also known as Access Log format) contains only basic in-
formation on the page request. This includes the client IP address, client identifier, visitor username,
date and time, HT TP request, status code for the request, and the number of bytes transferred dur-
ing the request. The Combined Log format contains the same information as the common log with
the following three additional fields: the referring URL, the visitor’s Web browser and operating
system information, and the cookie. The Separate Log format (or 3-Log format) contains the same
information as the combined log, but it breaks it into three separate files—the access log, the refer-
ral log, and the agent log. The date and time fields in each of the three logs are the same. Table 4.1
shows examples of the common, combined, and separate log file formats (notice that default values
are represented by a dash (-).

Similarly, W3C provides an outline for standard formatting procedures. This format differs
from the first three in that it aims to provide for better control and manipulation of data while
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TABLE 4.1: NCSA log comparison.

TYPE OF LOG EXAMPLE ENTRY

NCSA Common Log  111.222.125.125 - jimjansen [10/Oct/2009:21:15:05 +0500] “GET
/index.html HTTP/1.0” 200 1043

NCSA Combined 111.222.125.125 - jimjansen [10/Oct/2009:21:15:05 +0500] “GET

Log /index.html HT'TP/1.0” 200 1043 “http://ist.psu.edu/faculty_pages/
jjansen/” “Mozilla/4.05 [en] (WinN'T; I)” “USERID=CustomerA;
IMPID=01234"

NCSA Separate Log ~ Common Log:
111.222.125.125 - jimjansen [10/Oct/2009:21:15:05 +0500] “GET
/index.html HT'TP/1.0” 200 1043
Referral Log:
[10/0Oct/2009:21:15:05 +0500] “http://ist.psu.edu/faculty_pages/
jjansen/”
Agent Log:
[10/0ct/2009:21:15:05 +0500] “Microsoft Internet Explorer - 7.0”

TABLE 4.2: W3C extended log file.

TYPE OF LOG EXAMPLE ENTRY

W3C Extended Log  #Software: Microsoft Internet Information Services 6.0
#Version: 1.0
#Date: 2009 -05-24 20:18:01
#Fields: date time c-ip cs-username s-ip s-port cs-method cs-uri-stem
cs-uri-query sc-status sc-bytes cs-bytes time-taken cs(User-Agent)
cs(Referrer)
2009-05-24 20:18:01 172.224.24.114 - 206.73.118.24
80 GET /Default.htm - 200 7930 248 31 Mozilla/
4.0+(compatible;+MSIE+7.01;+Windows+2000+Server)
http://54.114.24.224/
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still producing a log file readable by most Web analytics tools. The extended format contains user
defined fields and identifiers followed by the actual entries, and default values are represented by a
dash (-). Table 4.2 shows an example of an extended log file.

System log files offer several benefits for gathering data for analysis. First, using system log
files does not require any changes to the Website or any extra software installation to create the log
files. Second, because Web servers automatically create these logs and store them on a company’s
own servers, the company has freedom to change their Web analytics tools and strategies at will. Ad-
ditionally, using system log files does not require any extra bandwidth when loading a page, and since
everything is recorded server-side, it is possible to log both page request successes and failures.

Using log files also has some disadvantages. One major disadvantage is that the collected data
is limited to only transactions with the Web server. This means that they cannot log information in-
dependent from the servers, such as the physical location of the visitor. Similarly, while it is possible
to log cookies, the server must be specifically configured to assign cookies to visitors in order to do
so. The final disadvantage is that while it is useful to have all the information stored on a company’s

own servers, the log file method is only available to those who own their Web servers.

4.2 PAGETAGGING

The second method for recording data for Web analytics is page tagging. In page tagging, an invis-
ible image is used to detect when a page has been successfully loaded and then triggers JavaScript
to send information about the page and the user back to a remote server. According to Peterson
[118] the variables used and amount of data collected in page tagging are dependent on the Web
analytics vendor. Some vendors stress short, easy to use page tags while others emphasize specific
tags that require little post-processing. The best thing to look for with this method, however, is flex-
ibility—being able to use all, part, or none of the tag depending on the needs of the page.

This method of gathering user data offers several benefits. The first is speed of reporting.
Unlike a log file, the data received via page tagging is parsed as it comes in. This allows for near real-
time reporting. Another benefit is flexibility of data collection. More specifically, it is easier to record
additional information about the user without involving a request to the Web server. Examples of
such information include information about a user’s screen size, the price of purchased goods, and
interactions within Flash animations. This is also a useful method of gathering data for companies
that do not run their own Web servers or do not have access to the raw log files for their site (such
as blogs).

Page tagging also entails some disadvantages, most of which are centered on the extra code
that must be added to the Website. This extra code requires the page to use more bandwidth each
time it loads, and it also makes it harder to change analytics tools because the code embedded in the

Website would have to be changed or deleted entirely. The final disadvantage is that page tagging is
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TABLE 4.3: Web server log files versus page tagging [19].

LOG FILES (ALL TYPES) PAGE TAGGING (ALL APPROACHES)

ADVANTAGES DISADVANTAGES ADVANTAGES DISADVANTAGES
Does not require Can only record Near real-time Requires extra
changes to the Website interactions with reporting code added to the
or extra hardware the Web server Website
installation
Does not require extra ~ Server must be Easier to record Uses extra
bandwidth configured to assign  additional information bandwidth each

cookies to visitors time the page loads

Freedom to change Only available to Able to capture visitor ~ Can only record
tools with a relatively companies who run interactions within successful page
small amount of hassle  their own Web servers Flash animations loads, not failures
Logs both page request Cannot log physical Hard to switch
successes and failures  location analytic tools

only capable of recording page loads, not page failures. If a page fails to load, it means that the tag-
ging code also did not load, and there is therefore no way to retrieve information in that instance.
Although log files and page tagging are two distinct ways to collect information about the
Website users or visitors, it is possible to use both together, and many analytics companies provide
ways to use both methods to gather data. Even so, it is important to understand the strengths and

weaknesses of both. Table 4.3 presents the advantages and disadvantages of log file analysis and
page tagging.

43 CONCLUSION
Regardless of whether log files or page tagging is used (or new approaches that may be developed),
the data will eventually end up in a log file for analysis. In other words, while the data collection may

differ, the method of analysis remains the same.
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CHAPTER 5

Web Analytics Fundamentals

To understand and derive the benefits of Web analysis, one must first understand metrics, the dif-
ferent kinds of measures available for analyzing user information [19, 111]. Although metrics may
seem basic, once collected we can use these metrics to analyze Web traffic and improve a Website
to meet better the expectations of the site’s traffic. These metrics generally fall into one of four
categories: site usage, referrers (or how visitors arrived at the site), site content analysis, and quality
assurance. Table 5.1 shows examples of types of metrics that we might find in these categories.

Although the type and overall number of metrics varies with different analytics vendors, a set
of basic metrics is common to most. Table 5.2 outlines eight widespread types of information [63]
that measure who is visiting a Website and what they do during their visits, relating each of these
metrics to specific categories.

Each metric is discussed below.

51 VISITORTYPE

Since analyzing Website traffic first became popular in the 1990s with the Website counter, the
measure of Website traffic has been one of the most closely watched metrics. This metric, however,
has evolved from merely counting the number of hits a page receives into counting the number of
individuals who visit the Website.

Ignoring the software robots that can make up a large portion of traffic [68], there are two
types of visitors: new visitors, meaning those who have not previously visited the site, and repeat
visitors, meaning those who have been to the site previously. In order to track visitors in such a way,
a system must be able to determine individual users who access a Website; each individual user is
called a unique visitor. Ideally, a unique visitor is just one visitor, but this is not always the case. It is
possible that multiple users access the site from the same computer (perhaps on a shared household
computer or a public library). In addition, most analytic software relies on cookies to track unique
users. If a user disables cookies in the browser or if they clear their cache, then the visitor will be
counted as new each time he or she enters the site.

Because of this, some companies have instead begun to track unique visits or sessions. A
session begins once a user enters the site and ends when a user exits the site or after a set amount

of time of inactivity (usually 30 minutes). The session data does not rely on cookies and can be
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TABLE 5.1: Metrics categories [63].

SITE USAGE REFERRERS SITE CONTENT QUALITY
ANALYSIS ASSURANCE
¢ Geographic infor- e How many people e Effectiveness of key e Broken pages or
mation place bookmarks to content Server errors
e How many people the site e Most popular pages e Visitor response to
repeatedly visit the @ The search terms o Top entry pages errors
site people used to find @ Top exit pages
e Numbers of visitors your site o Top pages for single
and sessions e Which Websites page view sessions
e Search engine are sending visitors @ Top paths through
activity to your site the site
TABLE 5.2: Eight common metrics of Website analysis [19].

METRIC DESCRIPTION CATEGORY
Demographics and The physical location and information of the Site Usage
System Statistics system used to access the Website
Errors Any errors that occurred while attempting to retrieve Quality

the page Assurance
Internal Search Information on keywords and results pages viewed Site Usage
Information using a search engine embedded in the Website
Referrering URL and  Which sites have directed traffic to the Website and Referrers
Keyword Analysis which keywords visitors are using to find the Website
Top Pages The pages that receive the most traffic Site Content
Analysis
Visit Length The total amount of time a visitor spends on the Website ~ Site Usage
Visitor Path The route a visitor uses to navigate through the Site Content
Website Analysis
Visitor Type Who is accessing the Website (returning, unique, etc.)  Site Usage
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measured easily. Since there is less uncertainty with visits, it is considered to be a more concrete and
reliable metric than unique visitors. This approach is also more sales-oriented because it considers
each visit an opportunity to convert a visitor into a customer instead of looking at overall customer
behavior [17].

52  VISIT LENGTH

Also referred to as Visit Duration or Average Time on Site, visit length is the total amount of time
a visitor spends on a site during one session. One possible area of confusion when using this metric
is handling missing data. This can be caused either by an error in data collection or by a session
containing only one page visit or interaction. Since the visit length is calculated by subtracting the
time of the visitor’s first activity on the site from the time of the visitor’s final activity, when one of
those pieces of data is missing, according to the WAA, the visit length is calculated as zero [23].
When analyzing the visit length, the measurements are often broken down into chunks of

time. StatCounter, for example, uses the following time categories [63]:

* Less than 5 seconds

* 5 seconds to 30 seconds
* 30 seconds to 5 minutes
* 5 minutes to 20 minutes
* 20 minutes to 1 hour

e Greater than 1 hour

The goal of measuring the data in this way is to keep the percentage of visitors who stay on
the Website for less than five seconds as low as possible. If visitors stay on a Website for such a short
amount of time, either they arrived at the site by accident or the site did not have relevant informa-
tion. By combining this information with information from referrers and keyword analysis, we can

determine which sites are referring well-targeted traffic and which sites are referring poor quality

traffic.

53 DEMOGRAPHICAND SYSTEM STATISTICS

Forsome companies, well-targeted traffic means region-specific traffic. For example, ifan e-commerce
site can only ship its goods to people in Spain, any traffic to the site from outside of Spain is ir-
relevant. The demographic metric refers to the physical location of the system used to make a page
request. This information can be useful for a Website that provides region-specific services. In ad-
dition, region-specific Websites also want to make sure they tailor their content to the group they
are targeting; thus, demographic information can also be combined with information on referrers to

determine if a referral site is directing traffic to a site from outside a company’s regions of service.
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In addition to demographic location, companies also need information about the hardware
and software with which visitors access a Website, and system statistics provide information such
as browser type, screen resolution, and operating system. By using this information, companies can
tailor their Websites to meet visitors’ technical needs, thereby ensuring that all customers can access

the Websites.

54 INTERNAL SEARCH

If a Website includes a site-specific search utility, then it is also possible to measure internal search
information. This can include not only keywords but also information about which results pages

visitors found useful. There are several uses for analyzing internal search data [3]:

*  Identify products and services for which customers are looking, but that are not yet pro-
vided by the company

*  Identify products that are offered, but which customers have a hard time finding

*  Identify customer trends

*  Improve personalized messages by using the customers’ own words

*  Identify emerging customer service issues

*  Determine if customers are provided with enough information to reach their goals

*  Make personalized offers

By analyzing internal search data, we can use the information to improve and personalize the

visitors’ experiences.

5.5 VISITORPATH

Excluding visitors who leave the site as soon as they enter, each visitor creates a path of page views
and actions while perusing the site. By studying these paths, we can identify any difficulties a user
has viewing a specific area of the site or completing a certain action (such as making a transaction
or completing a form).

According to an article by the WAA, there are two schools of thought regarding visitor path
analysis. The first is that visitor actions are goal-driven and performed in a logical, linear fashion.
For example, if a visitor wants to purchase an item, the visitor will first find the item, add it to the
cart, and proceed to the checkout to complete the process. Any break in that path (i.e., not complet-
ing the order) signifies user confusion and is viewed as a problem.

The second school of thought is that visitor actions are random and illogical and that the only

path that can provide accurate data on a visitor’s behavior is the path from one page to the page im-
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mediately following it. In other words, the only page that influences visitors’ behavior on a Website
is the one they are currently viewing. For example, visitors on a news site may merely peruse the
articles with no particular goal in mind. This method of analysis is becoming increasingly popular
because companies find it easier to examine path data in context without having to reference the

entire site in order to study the visitors’ behavior.

5.6 TOPPAGES

The first page a visitor views makes the greatest impression about the Website. These first pages are
called top pages and generally fall into three categories: zop entry pages, top exit pages, and most popular
pages. By knowing the top entry page, organizations can ensure that the page has relevant informa-
tion and provides adequate navigation to important parts of the site. Similarly, identifying popular
exit pages makes it easier to pinpoint areas of confusion or missing content.

The most popular pages are the areas of a Website that receive the most traffic. This metric
gives insight into how visitors are utilizing the Website and which pages are providing the most
useful information. This kind of information shows whether the Website’s functionality matches up
with the organization’s goals; if most of the Website’s traffic is being directed away from the main

pages of the site, the Website cannot function to its full potential.

5.7 REFERRERS AND KEYWORD ANALYSIS

Users often reach Websites through a referral page, the page visited immediately before entering a
Website, or rather, a site that has directed the user (a.k.a., traffic) to the Website. A search engine
result page link, a blog entry mentioning the Website, and a personal bookmark are examples of
referrers. By using this metric, organizations can determine advertising effectiveness and search en-
gine popularity. As always, it is important to look at this information in context. If a certain referrer
is doing worse than expected, it could be caused by the referring link text or placement rather than
the quality of the referrer. Conversely, an unexpected spike in referrals from a certain page could be
either good or bad depending on the content of the referring page.

In the same way that the referrer metric helps us to assess referrer effectiveness, keyword
analysis helps us to measure the referrer value of referring search engines and shows which keywords
have brought in the most traffic. By analyzing the keywords visitors use to find a page, we can de-
termine what visitors expect to gain from the Website and use that information to better tailor the
Website to their needs. It is also important to consider the quality of keywords. Keyword quality is
directly proportional to revenue and can be determined by comparing keywords with visitor path

and visit. Good keywords will bring quality traffic and more income to the site.
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5.8 ERRORS

Errors are the final metric. Tracking errors has the obvious benefit of being able to identify and fix
any errors in the Website, but it is also useful to observe how visitors react to these errors. The fewer
visitors who are confused by errors on a Website, the less likely visitors are to exit the site because

of an error.

5.9 CONCLUSION

Once we understand these eight fundamental metrics, we can begin to develop a coherent Web

analytics strategy.
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CHAPTER 6

Web Analytics Strategy

Through unobtrusive transaction logs and page tags we can gather a massive amount of data about
user—system interaction, and by employing fundamental metrics we can evaluate human behavior
within the interactional context. In order to gain the most from these massive datasets, however, we
must strategically select and employ the fundamental metrics in relation to KPIs. For example, by
collecting various Web analytics metrics, such as number of visits and visitors and visit duration, we
can develop KPlIs, thereby creating a versatile analytic model that measures several metrics against
each other to define visitor trends [19, 111]. One primary concern in developing a coherent Web

analytic strategy is understanding the relationships among the foundational metrics and KPIs.

6.1 KEYPERFORMANCE INDICATORS

KPIs provide an in-depth picture of visitor behavior on a site. This information allows organiza-
tions to align their Websites’ goals with their business goals for the purpose of identifying areas of
improvement, promoting popular parts of the site, testing new site functionality, and ultimately
increasing revenue. This section covers the most common metrics, different ways for gathering
metrics, methods for utilizing KPIs, best key practices, and the selection criteria for choosing the
right Web analytics tool. In brief, this section describes the overall process of and provides advice
for Web analytics integration, and discusses the future of Web analytics.

Before beginning this discussion, we need to clarify the exact meaning of frequently used

terms. For our purpose, we will use the following definitions [20]:

*  Measurement: In the most general terms, measurement can be regarded as the assignment
of numbers to objects (or events or situations) in accord with some rule (measurement
function). The property of the objects that determines the assignment according to that
rule is called magnitude, the measurable attribute; the number assigned to a particular
object is called its measure, the amount or degree of its magnitude. Importantly, the rule

defines both the magnitude and the measure.
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*  Web Page Significance: Significance metrics formalize the notions of “quality” and “rel-
evance” of Web pages with respect to users’ information needs. Significance metrics are
employed to rate candidate pages in response to a search query and to influence the quality
of search and retrieval on the Web.

*  Usage Characterization: Patterns and regularities in the way users browse Web resources

can provide invaluable clues for improving the content, organization, and presentation of

Websites.

Usage characterization metrics measure user behavior for this purpose.

6.2 WEBANALYTICS PROCESS

Although we can collect metrics from a Website, we must be mindful of how we gather them and
how we use them to select and filter information. Effective design and use of Web analytics requires
us to do so [24]. How can the strategic use of Web analytics help improve an organization? To
answer this, the WAA provides nine key best practices to follow when analyzing a Website [101].

Figure 6.1 outlines this process.

6.2.1 Identify Key Stakeholders
The first step in the process of Web analytics is to identify the key stakeholders, meaning anyone
who holds an interest in the Website. This designation includes management, site developers, visi-

tors, and anyone else who creates, maintains, uses, or is affected by the site. In order for the Website

Web Analytics Process Guide

Identify the Most Determine
Identify Key Define Primary Im o?'/tant Site the Key
Stakeholders Goals P Performance

Vls'tors/' Indicators

Identify and Use Multiple NViake Hire and
Implement . Empower a
. ——| Technologies ———| Improvements > )
the Right : Full-Time
; and Methods Iteratively
Solution Analyst

Establish a Process of /

Continuous Improvement

FIGURE 6.1: The process of Web analytics [101].
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to be truly beneficial, it must integrate input from all major stakeholders. Involving people from
different parts of the company also makes it more likely that they will embrace the Website as a

valuable tool.

6.2.2 Define Primary Goals for Your Website

Knowing the key stakeholders and understanding their primary goals assists us in determining the
primary goals of the Website. Such goals could include increasing revenue, cutting expenses, and
increasing customer loyalty [101]. After defining the Website’s goals, it is important to prioritize
them in terms of how the Website can most benefit the company. While seemingly simplistic, the
task can be challenging. Political conflict between stakeholders and their individual goals as well as
inaccurate assumptions they may have made while determining their goals can derail this process.
Organizational leaders may need to be consulted to manage the conflict, but we can assist by keep-
ing the discussion focused on the overarching organizational goals and Website capabilities. By
going through this process, a company can minimize conflict among competing goals and maintain

relationships with various stakeholders.

6.2.3 Identify the Most Important Site Visitors

One group of stakeholders that is critical to Websites is visitors. According to Sterne, corporate
executives categorize their visitors in terms of importance. Most companies classify their most im-
portant visitors as ones who either visit the site regularly, stay the longest on the site, view the most
pages, purchase the most goods or services, purchase goods most frequently, or spend the most
money [143]. There are three types of customers: (1) customers a company wants to keep who
have a high current value and high future potential, (2) customers a company wants to grow who
can either have a high current value and low future potential or low current value and high future
potential, and (3) customers a company wants to eliminate who have a low current value and low
future potential. The most important visitor to a Website, however, is the one who ultimately brings
in the most revenue. Categorizing visitors as customer types enables us to consider their goals more
critically. What improvements can we make to the Website in order to improve visitors’/customers’

browsing experiences and intentionally to grow more visitors and revenue?

6.2.4 Determine the Key Performance Indicators
To assist organizations in determining how to improve their Website, Web analytics offers the stra-
tegic use and monitoring of KPIs. This involves picking the metrics that will be most beneficial in

improving the site and eliminating the ones that will provide little or no insight into its goals. The
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Website type—commerce, lead generation, media/content, or support/self-service—plays a key role

in which KPIs are most effective for analyzing site traffic.

6.2.5 Identify and Implement the Right Solution

After the KPIs have been defined, the next step is identifying the best Web analytics technology to
meet the organization’s specific needs. The most important things to consider are the budget, soft-
ware flexibility, ease of use, and compatibility between the technology, and the metrics. McFadden
wisely suggests that a pilot test of the top two vendor choices can ease the decision making [101].
We will expand on this topic in the next section.

6.2.6 Use Multiple Technologies and Methods

Web analytics is not the only method available for improving a Website. To achieve a more holistic
view of a site’s visitors, we can also use tools such as focus groups, online surveys, usability studies,

and customer services contact analysis [101].

6.2.7 Make Improvements Iteratively

While we all may want to address identified Website problems quickly, we should make only grad-
ual improvements. This incremental method allows us to monitor whether a singular change is an
improvement and how much of an improvement. Importantly, it also provides us with the oppor-
tunity to assess the change within the overall Website context and observe what systemic issues the

small change may have created.

6.2.8 Hire and Empower a Full-Time Analyst

Monitoring and assessing a Website’s effectiveness is a complex and compounding process. For
these reasons, it is important to have one person who consistently analyzes the data generated and
determine when, how, and why new information is needed. According to the WAA, a good ana-
lyst understands organizational needs (which means communicating well with stakeholders); has
knowledge of technology and marketing; has respect, credibility, and authority; and is already a
company employee. Although it may seem like hiring a full-time analyst is expensive, many experts

agree that the return on revenue should be more than enough compensation [101].

6.2.9 Establish a Process of Continuous Improvement
Once the Web analysis process is established, continuous evaluation is paramount. This means

reviewing the goals and metrics and monitoring new changes and features as they are added to
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the Website. It is important that the improvements are adding value to the site and meeting

expectations.

6.3 CHOOSING AWEBANALYTICSTOOL

Once one decides what is wanted from Web analysis, it is time to find the right tool. Kaushik

outlines ten important questions to ask Web analytics vendors [79]:

*  What is the difference between your tool and free Web analytics tools? Since the com-
pany who owns the Website will be paying money for a service, it is important to know
why that service is better than free services (e.g., Google Analytics). Look for an answer
that outlines the features and functionality of the vendor. Do not look for answers about
increased costs because of privacy threats or poor support offered by free analytics tools.

* Do you offer a software version of your tool? Generally, a business will want to look for
a tool that is software based and that can run on their own servers. If a tool does not have
a software version but plans to make one in the future, it shows insight into how prepared
they are to offer future products if there is interest.

*  What methods do you use to capture data? As stated earlier, there are two main ways to
capture visitor data from a Website: log files and page tagging. Ideally, we prefer a vendor
that offers both, but what they have used in the past is also important. Because technol-
ogy is constantly changing, we want a company that has a history of keeping up with and
perhaps even anticipating market changes and that has addressed these dynamics through
creative solutions.

*  Can you help me calculate the total cost of ownership for your tool? The total cost of
ownership for a Web analytics tool depends on the specific company, the systems they have
in place, and the pricing of the prospective Web analytics tool. In order to make this calcu-
lation, we must consider the following:

Cost per page view

Incremental costs (i.e., charges for overuse or advanced features)

Annual support costs after the first year

Cost of professional services (i.e., installation, troubleshooting, or customization)

Cost of additional hardware we may need

AN e

Administration costs (which includes the cost of an analyst and any additional employ-

ees we may need to hire)

*  Whatkind of support do you offer? Many vendors advertise free support, but it is impor-
tant to be aware of any limits that could incur additional costs. It is also important to note

how extensive their support is and how willing they are to help.
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6.4

What features do you provide that will allow me to segment my data? Segmentation al-
lows companies to manipulate their data. Look for the vendor’s ability to segment the data
after it is recorded. Many vendors use JavaScript tags on each page to segment the data as
it is captured, meaning that the company has to know exactly what it wants from the data
before having the data itself; this approach is less flexible.

What options do I have to export data into our system? It is important to know who ulti-
mately owns and stores the data and whether it is possible to obtain both raw and processed
data. Most vendors will not provide companies with the data exactly as they need it, but it
is a good idea to realize what kind of data is available before making a final decision.
Which features do you provide for integrating data from other sources into your tool?
Best practice, as noted previously, recommends using multiple technologies and methods in
order to inform decision making. If a company has other data it wants to bring to the tool
(such as survey data or data from an ad agency), then it is important to know whether this
information can be integrated into the vendor’s analytic tool.

What new features are you developing that would keep you ahead of your competition?
Not only will the answer to this question tell how much the vendor has thought about
future functionality, but it will also show how much they know about their competitors.
If they are trying to anticipate changes and market demands, then they should be well in-
formed about their competition.

Why did you lose your last two clients? Who are they using now? The benefits of this
question are obvious—by knowing how they lost previous business, the business can be
confident that it has made the right choice.

CONCLUSION

With an effective Web analytics strategy in place, we can turn our attention to understanding user
behaviors and identifying necessary or potentially beneficial system improvements. In practice, this

is rarely the end. Web analytics strategy typically supports some overarching goals.



CHAPTER 7

Web Analytics as Competitive
Intelligence

In order to get the most out of Web analytics, we must first effectively choose which metrics to ana-
lyze and then combine them in meaningful ways [19].This means knowing the Website’s business

goals and then determining which KPIs will provide the most insight for these business goals.

7.1 DETERMINING APPROPRIATE KEY PERFORMANCE
INDICATORS

To determine appropriate KPIs, one must know your business goals. Every company has specific
business goals. Every part of the company works together to achieve them, and the company Web-
site is no exception. In order for a Website to be beneficial, information gathered from its visitors
must not merely show what has happened in the past, but it must also be able to improve the site
for future visitors. The company must have clearly defined goals and must use this information to
support strategies that will help it achieve those goals.

For a Website, the first step is making sure the data collected from the site is actionable. Ac-
cording to the WAA [101], in order for a company to collect actionable data, it must meet three
criteria [144]:

* the business goals must be clear,
* technology, analytics, and the business must be aligned, and

* the feedback loop must be complete.

There are many possible methods for meeting these criteria. One is Alignment-Centric Per-
formance Management [14]. This approach goes beyond merely reviewing past customer trends to
carefully selecting a few key KPIs based on future business objectives. Even though a wealth of met-
rics is available from a Website, not all of the metrics are relevant to a company’s needs. Moreover,
reporting large quantities of data is overwhelming, so it is important to look at metrics in context

and use them to create KPIs that focus on outcome rather than activity. For example, a customer
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service Website might view the number of emails responded to on the same day they were sent as
a measurement of customer satisfaction. A better way to measure customer satisfaction, however,
might be to survey the customers on their experience. Although this measurement is subjective, it
is a better representation of customer satisfaction because even if a customer receives a response the
same day he or she sent an email, the customer may still be dissatisfied with the service experience
[14].

Following “The Four M’s of Operational Management,” as outlined by Becher [14], can
facilitate effective selection of KPIs:

*  Motivate: ensure that goals are relevant to everyone involved.

*  Manage: encourage collaboration and involvement for achieving these goals.

*  Monitor: once selected, track the KPIs and quickly deal with any problems that may
arise.

*  Measure: identify the root causes of problems and test any assumptions associated with

the strategy.

By carefully choosing a few, quality KPIs to monitor and making sure everyone is involved
with the strategy, we can more easily align a Website’s goals with the company’s goals because the
information is targeted and stakeholders are actively participating.

Another method for ensuring actionable data is Online Business Performance Management
(OBPM) [132]. This approach integrates business tools with Web analytics to help companies make
better decisions quickly in an ever-changing online environment where customer data is stored in
a variety of different departments. The first step in this strategy is gathering all customer data in a
central location and condensing it so that the result is all actionable data. Once this information is
in place, the next step is choosing relevant KPIs that align with the company’s business strategy and
then analyzing expected versus actual results [132].

In order to choose the best KPIs and measure the Website’s performance against the goals of
a business, there must be effective communication between senior executives and online managers.
The two groups should work together to define the relevant performance metrics, the overall goals
for the Website, and the performance measurements. This method is similar to Alignment-Centric
Performance Management in that it aims to aid integration of the Website with the company’s
business objectives by involving major stakeholders. The ultimate goals of OBPM are increased
confidence, organizational accountability, and efficiency [132].

Of course, one must identify KPIs based on the Website type. Unlike metrics, which are
numerical representations of data collected from a Website, KPIs are tied to a business strategy and

are usually measured by a ratio of two metrics. By choosing KPIs based on the Website type, a busi-
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TABLE 7.1: The four types of Websites and examples of associated KPIs [101].

WEBSITE TYPE KPIS

Commerce e Average order value
e Average visit value
e Bounce rate
e Conversion rates

o Customer loyalty

Content/Media e New visitor ratio
e Page depth
e Returning visitor ratio
e Visit depth

Lead Generation e Bounce rate

e Conversion rates
e Cost per lead
e Traffic concentration

Support/Self-service e Bounce rate
e Customer satisfaction

e Page depth

e Top internal search phrases

ness can save both time and money. Although Websites can have more than one function, each site
belongs to at least one of the four main categories: commerce, lead generation, content/media, and
support/self-service [101]. Table 7.1 shows common KPIs for each Website type.

We discuss each Website type and related KPIs below.

7.1.1 Commerce

The goal of a commerce Website is to get visitors to purchase goods or services directly from the
site, with success gauged by the amount of revenue the site brings in. According to Peterson, “com-
merce analysis tools should provide the ‘who, what, when, where, and how’ for your online purchas-
ers” [118, p. 92]. In essence, the important information for a commerce Website is to answer the
following questions: Who made (or failed to make) a purchase? What was purchased? When were
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purchases made? From where are customers coming? How are customers making their purchases?
The most valuable KPIs used to answer these questions are conversion rates, average order value,
average visit value, customer loyalty, and bounce rate [101]. Other metrics to consider with a com-
merce site are which products, categories, and brands are sold on the site and an internal site product
search that could signal navigation confusion or a new product niche [118].

A conversion rate is the number of users who perform a specified action divided by the total
of a certain type of visitor (i.e., repeat visitors, unique visitors, etc.) over a given period. Types of
conversion rates will vary by the needs of the businesses using them, but two common conversion
rates for commerce Websites are the order conversion rate (the percent of total visitors who place
an order on a Website) and the checkout conversion rate (the percent of total visitors who begin
the checkout process). There are also many methods for choosing the group of visitors on which to
base the conversion rate. For example, businesses may want to filter visitors by excluding visits from
robots and Web crawlers [5], or they may want to exclude the traffic that “bounces” from the Web-
site or (a slightly trickier measurement) the traffic that is determined not to have intent to purchase
anything from the Website.

Commerce Websites commonly have conversion rates of around 0.5%, but generally good
conversion rates will fall in the 2% range, depending on how a business structures its conversion rate
[41]. Again, the ultimate goal is to increase total revenue. According to eVision, a search engine
marketing company, for each dollar a company spends on improving this KPI, there is 10 to 100
multiple return [39]. The methods a business uses to improve the conversion rate (or rates), how-
ever, are different depending on which target action that business chooses to measure.

Average order value is a ratio of total order revenue to number of orders over a given period.
This number is important because it allows the analyst to derive a cost for each transaction. There
are several ways for a business to use this KPI to its advantage. One way is to break down the
average order value by advertising campaigns (i.e., email, keyword, banner ad, etc.). In this way, a
business can see which campaigns are bringing in the best customers and then opt to spend more
effort refining strategies in those areas [119]. Overall, however, if the cost of making a transaction is
greater than the amount of money customers spend for each transaction, then the site is not fulfill-
ing its goal. There are two main ways to correct this. The first is to increase the number of products
customers order per transaction, and the second is to increase the overall cost of purchased products.
A good technique for achieving either of these goals is product promotions [101], but many factors
influence how and why customers purchase what they do on a Website. These factors are diverse
and can range from displaying a certain security image on the site [97] to updating the site’s internal
search [161]. Like many KPIs, improvement ultimately comes from ongoing research and a small

amount of trial and error.
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Another KPI, average visit value, measures the total number of visits to the total revenue and
essentially informs businesses about the traffic quality. It is problematic for a commerce site when,
even though it may have many visitors, each visit generates only a small amount of revenue. In that
case, increasing the total number of visits would likely increase profits only marginally. The average
visit value KPI is also useful for evaluating the effectiveness of promotional campaigns. If the aver-
age visit value decreases after a specific campaign, it is likely that the advertisement is not attracting
quality traffic to the site. Another less common factor in this situation could be broken links or a
confusing layout in a site’s “shopping cart” area. A business can improve the average visit value by
using targeted advertising and employing a layout that reduces customer confusion.

One way to assess customer quality is to identify customer loyalty. This KPI is the ratio of
new to existing customers. Many Web analytics tools measure this using visit frequency and transac-
tions, but there are several important factors in this measurement including the time between visits
[100]. Customer loyalty can even be measured simply with customer satisfaction surveys [133].
Loyal customers will not only increase revenue through purchases but also through referrals, poten-
tially limiting advertising costs [123].

Yet another KPI that relates to customer quality is bounce rate. Essentially, bounce rate
measures how many people arrive at a homepage and leave immediately. Two scenarios gener-
ally qualify as a bounce. In the first scenario, a visitor views only one page on the Website. In the
second scenario, a visitor navigates to a Website but only stays on the site for 5 seconds or less [6].
This could be due to several factors, but in general visitors who bounce from a Website are not
interested in the content. Like average order value, this KPI helps show how much quality traf-
fic a Website receives. A high bounce rate may reflect counterintuitive site design or misdirected

advertising.

7.1.2 Lead Generation
The goal for a lead generation Website is to obtain user contact information in order to inform them
of a company’s new products and developments and to gather data for market research; these sites
primarily focus on products or services that cannot be purchased directly online. Examples of lead
generation include requesting more information by mail or email, applying online, signing up for a
newsletter, registering to download product information, and gathering referrals for a partner site
[23]. The most important KPIs for lead generation sites are conversion rates, cost per lead (CPL),
bounce rate, and traffic concentration [101].

Similar to commerce Website KPIs, a conversion rate is the ratio of total visitors to the

amount of visitors who perform a specific action. In the case of lead generation Websites, the most
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common conversion rate is the ratio of total visitors to leads generated. The same visitor filtering
techniques mentioned in the previous section can be applied to this measurement (i.e., filtering
out robots and Web crawlers and excluding traffic that bounces from the site). This KPI is an es-
sential tool in analyzing marketing strategies. Average lead generation sites have conversion rates
ranging from 5-6% to 17-19% for exceptionally good sites [46]. Conversion rates that increase
after the implementation of a new marketing strategy indicate that the campaign was successful.
Decreases in conversion rates indicate that the campaign was not effective and probably needs to be
reworked.

Another way to measure marketing success is CPL, which is the ratio of total expenses to total
number of leads or how much it costs a company to generate a lead; a more targeted measurement
of this KPI would be the ratio of total marketing expenses to total number of leads. A good way to
measure the success of this KPI is to make sure that the CPL for a specific marketing campaign is
less than the overall CPL [155]. Ideally, the CPL should be low, and well-targeted advertising is
usually the best way to achieve this.

Lead generation bounce rate is the same measurement as the bounce rate for commerce sites.
This KPI measures visitor retention based on total number of bounces to total number of visitors
(a bounce is characterized by a visitor entering the site and immediately leaving). Lead generation
sites differ from commerce sites in that they may not require the same level of user interaction. For
example, a lead generation site could have a single page where users enter their contact information.
Even though they only view one page, the visit is still successful if the Website is able to collect the
user’s information. In these situations, it is best to base the bounce rate solely on time spent on the
site. As with commerce sites, the best way to decrease a site’s bounce rate is to increase advertising
effectiveness and decrease visitor confusion.

The final KPI is traffic concentration, or the ratio of the number of visitors to a certain area
in a Website to total visitors. This KPI shows which areas of a site have the most visitor interest. For
lead generation Websites, it is ideal to have a high traffic concentration on the page or pages where

users enter their contact information.

7.1.3 Content/Media

Content/media Websites focus mainly on advertising, and the main goal of these sites is to increase
revenue by keeping visitors on the Website longer and to keep visitors coming back to the site. In
order for these types of sites to succeed, site content must be engaging and frequently updated. If
content is only part of a company’s Website, the content used in conjunction with other types of
pages can be used to draw in visitors and provide a way to immerse them in the site. The main KPIs

are visit depth, returning visitors, new visitor percentage, and page depth [101].
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Visit depth (also referred to as depth of visit or path length) is the measurement of the ratio
between page views and unique visitors, or how many pages a visitor accesses each visit. As a general
rule, visitors with a higher visit depth interact more with the Website. If visitors are only viewing
a few pages per visit, then they are not engaged, indicating that the site’s effectiveness is low. One
way to increase a low average visit depth is by creating more targeted content that would be more
interesting to the Website’s target audience. Another strategy could be increasing the site’s interac-
tivity to encourage the users to become more involved with the site and to motivate them to return
frequently.

Unlike the metric of simply counting the number of returning visitors on a site, the return-
ing visitor KPI is the ratio of unique visitors to total visits. A factor in customer loyalty, this KPI
measures the effectiveness of a Website attracting repeat visitors. A lower ratio for this KPI is best
because it indicates more repeat visitors and more visitors who are interested in and trust the con-
tent of the Website. If this KPI is too low, however, it might signal problems in other areas such as
a high bounce rate or even click fraud. Click fraud occurs when a person or script is used to gener-
ate visits to a Website without having genuine interest in the site. According to a study by Blizzard
Internet Marketing, the average for returning visitors to a Website is 23.7% [157]. As with many of
the other KPIs for content/media Websites, the best way to improve the returning visitor rate is by
having quality content and encouraging interaction with the Website.

Content/media sites are also interested in attracting new visitors, and the new visitor ratio
compares new visitors with unique visitors to determine if a site is attracting new people. New visi-
tors can be brought to the Website in a variety of different ways, so a good way to increase this KPI
is to try different marketing strategies to determine which campaigns bring the most (and the best)
traffic to the site. When using this KPI, we must keep the Website’s goal in mind. Specifically, is
the Website intended more to retain or to attract customers? When measuring this KPI, the age
of the Website plays a role—newer sites will want to attract new people. As a rule, however, the
new visitor ratio should decrease over time as the returning visitor ratio increases. The final KPI for
content/media sites is page depth. This is the ratio of page views for a specific page and the number
of unique visitors to that page. This KPI is similar to visit depth, but its measurements focus more
on page popularity. Average page depth can indicate interest in specific areas of a Website over time
and measure whether the interests of the visitors match the goals of the Website. If one particular
page on a Website has a high page depth, then that page is of particular interest to visitors. An ex-
ample of a page in a Website expected to have a higher page depth would be a news page. Informa-
tion on a news page is updated constantly so that, while the page is still always in the same location,
the content of that page is constantly changing. If a Website has high page depth in a relatively
unimportant part of the site, it may signal visitor confusion with navigation in the site or an incor-

rectly targeted advertising campaign.
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7.1.4 Support/Self-Service

Websites offering support or self-service are interested in helping users find specialized answers
for specific problems. The goals for this type of Website are increasing customer satisfaction and
decreasing call center costs; it is more cost-effective for a company to have visitors find information
through its Website than it is to operate a call center. The KPIs of interest are visit length, content
depth, and bounce rate. In addition, other areas to examine are customer satisfaction metrics and
top internal search phrases [101].

Page depth for support/self-service sites is the same measurement as page depth content/me-
dia sites, namely the ratio of page views to unique visitors. With support/self-service sites, however,
high page depth is not always a good sign. For example, a visitor viewing the same page multiple
times may show that the visitor is having trouble finding helpful information on the Website or even
that the information the visitor is looking for does not exist on the site. The goal of these types of
sites is to help customers find what they need as quickly as possible and with the least amount of
navigation through the site. The best way to keep page depth low is to keep visitor confusion low.

As with the bounce rate of other Website types, the bounce rate for support/self-service sites
reflects ease of use, advertising effectiveness, and visitor interest. A low bounce rate means that
quality traffic is coming to the Website and deciding that the site’s information is potentially useful.
Poor advertisement campaigns and poor Website layout will increase a site’s bounce rate.

Customer satisfaction deals with how users rate their experience on a site and is usually
collected directly from the visitors (not from log files), either through online surveys or through
satisfaction ratings. Although it is not a KPI in the traditional sense, gathering data directly from
visitors to a Website is a valuable tool for figuring out exactly what visitors want. Customer satis-
faction measurements can deal with customer ratings, concern reports, corrective actions, response
time, and product delivery. Using these numbers, we can compare the online experience of the
Website’s customers with the industry’s average and make improvements according to visitors” ex-
pressed needs.

Site navigation is important to visitors, and top internal search phrases, which apply only to
sites with internal search capabilities, can be used to measure what information customers are most
interested in that can inform site navigation improvements. Moreover, internal search phrases can
be used to direct support resources to the areas generating the most user interest, as well as to iden-
tify which parts of the Website users may have trouble accessing. Other problems may also become
obvious. For example, if many visitors are searching for a product not supported on the Website,
then this may indicate that the site’s marketing campaign is ineffective.

Regardless of Website type, the KPIs listed above are not the only KPIs that can prove useful
in analyzing a site’s traffic, but they provide a good starting point. The main thing to remember is
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that no matter what KPIs a company chooses to use, they must be aligned with its goals, and more

KPIs do not necessarily mean better analysis: quality is more important than quantity.

7.2  CONCLUSION

Any organization, business, or Website must start with clearly defined goals because they are essen-
tial for any successful strategy. With a clearly defined and understood strategy, we can then plan and
implement the tactics necessary for executing this strategy. These tactics are based on KPIs—which
are the measures and metrics of performance. As such, KPIs are the foundation for any Web goal

achievement.







CHAPTER 8

Supplementary Methods for
Augmenting Web Analytics

While the relatively unobtrusive methods of data collection that we have discussed thus far are very
valuable, proponents of using transaction logs for Web analysis typically admit that the method has
shortcomings [66, 91], as do all methodological approaches. These shortcomings include failing to
understand the affective, situational, and cognitive aspects of system users. Therefore, we must look
to other methods in order to address some of these shortcomings and limitations [124]. Fortunately,
the Web and other information technologies provide a convenient means for employing surveys and
survey research for such a purpose.

As an overview, we discuss surveys and laboratory studies as viable alternative methods for
Web log analysis, and then present a brief review of survey and laboratory research literature, with a
focus on the use of surveys and laboratory studies for Web-related research. The section then identi-
fies the steps in implementing survey research and designing a survey instrument and a laboratory

study.

8.1 SURVEYS

Survey research is a method for gathering information by directly asking respondents about some
aspect of themselves, others, objects, or their environment. As a data collection method, survey in-
struments are very useful for a variety of research designs. For example, researchers can use surveys
to describe current characteristics of a sample population and to discover the relationship among
variables. Surveys gather data on respondents’ recollections or opinions; therefore, surveys provide
an excellent companion method for Web analytics that typically focus exclusively on actual behav-
iors of participants [125].

After reviewing some studies that have used surveys for Web research, we will discuss how to

select, design, and implement survey research.

8.1.1 Review of Appropriate Survey Literature
Although surveys have been used for hundreds of years, the Web provides a remarkable channel for

the use of surveys to conduct data collection [75]. Many of these Internet surveys have focused on
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demographical aspects of Web use over time [83] or one particular Website feature [150]. Treiblma-
ier [148] presents an extensive review of the use of surveys for Website analysis.

Survey respondents may include general Web users or samples from specific populations. For
example, Huang [61] surveyed users of continuing education programs. Similarly, Jeong et al. [76]
surveyed travel and hotel shoppers, and Kim and Stoel [86] surveyed female shoppers who have
purchased apparel online.

For academic researchers, a convenience sample of students is often used to facilitate survey
studies, including the users of Web search engines [139]. McKinney et al. [103] used both under-
graduate and graduate students as their sample examining Website use. The major advantages of
using students that are often cited include a homogeneous sample, access [62], familiarity with the
Internet [67], and creation of experimental settings [130]. There are concerns in generalizing these
results [1], most notably for Websites and services where students have limited domain or system
knowledge [86, 89]. However, as a sample of demographic slice of the Web population, students
appear to be a workable convenience sample with results from studies with students [cf. Refs. 67,
84] similar to those using more rigorous sampling methods [cf. Refs. 51, 83]. Organizations such
as the Pew Research Center’s Internet and American Life Project use random samples of the U.S.
Web population for their surveys [125].

For the Web, the most common type of survey instruments are electronic or Web surveys.
Jansen et al. [75] define an electronic survey as “one in which a computer plays a major role in both
the delivery of a survey to potential respondents and the collection of survey data from actual re-
spondents” (p. 1). Several researchers have examined electronic survey approaches, techniques, and
instruments with respect to methodological issues associated with their use [33, 35, 40, 43, 90, 145].
There have been mixed research results concerning the benefits of electronic surveys [85, 104, 142,
149]. However, researchers generally agree that electronic surveys offer faster response times and
decreased costs. The electronic and Web-based surveys allow for a nearly instantaneous data collec-
tion into a backend database, which reduces potential errors caused by manual transcription.

Regardless of which delivery method is used, survey research requires a detailed project plan-

ning approach.

8.1.2 Planning and Conducting a Survey

Although conducting a survey may appear to be an easy task, the reality is quite the opposite. Suc-
cessful survey research requires detailed planning. The goal of any survey is to shed insight into
how the respondents perceive themselves, their environment, their context, their situation, their

behaviors, or their perceptions of others.
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To execute a survey, the researcher must identify the content area, construct the survey in-
strument, define the population, select a representative sample, administer the survey instrument,
analyze and interpret the results, and then communicate the results. While these steps are some-
what linear, they also overlap and may require several iterations. A 10-step survey research process
is illustrated in Table 8.1, based on a process outlined in Graziano and Raulin [45].

Steps 1 and 2: Determine the specific information desired and define the population to
be studied. The information being sought and the population to be studied are the first tasks of
the survey researcher. The goals of the survey research will determine both the information being
sought and the target population. Additionally, the goals will drive both the construction and ad-
ministration of the survey. If we use a survey to supplement ongoing Web log analysis, then these
decisions will follow the established parameters.

Step 3: Decide how to administer the survey. There are many possibilities for administering
a survey, ranging from face-to-face (i.e., an interview), to pen and paper, to the telephone (i.e., phone

survey), to the Web (i.e., electronic survey). A survey can also be a mixed mode survey, combining

TABLE 8.1: Process for conducting and implementing a survey [125].
1 Determine the specific information desired
2 Define the population to be studied
3 Decide how to administer the survey
4 Design a survey instrument
5 Pretest the survey instrument with a subsample
6 Select a sampling approach and representative sample
7 Administer the survey instrument to the sample
8 Analyze the data
9 Interpret the findings
10 Communicate the results to the appropriate audience
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more than one of these approaches. The exact method selected really depends on the answers to steps
one and two (i.e., what information is needed and what population is studied). Used in conjunction
with Web analytics, surveys can be conducted either before or after a laboratory study. A survey can
also be used to gain insight into the demographics of the wider Web population.

Step 4: Designing a survey instrument. Developing a survey instrument involves several
steps. The researcher must determine what questions to ask, in what form, and in what order. The
researcher must construct the survey so that it adequately gathers the information being sought. A
basic rule of survey research is that the instrument should have a clear focus and should be guided
by the research questions or hypotheses of the overall study. This implies that survey research is not
well suited to early exploratory research because it requires some orderly expectations and focus
from the researcher.

Step 5: Pretest the survey instrument with a subsample. Once the researcher has the survey
instrument ready and refined, the researcher must pilot test the survey instrument. In this respect,
a survey instrument is like developing a system artifact, where a system is beta-tested before wider
deployment. Generally, one conducts the pilot test on a sample that represents the population being
studied, after which the researcher may (generally, will) refine the survey instrument further. De-
pending on the extent of the changes, the survey instrument may require another pilot test.

Step 6: Select a sampling approach and representative sample. Selecting an adequate and
representative sample is a critical and challenging factor in survey research. The population for sur-
vey study is the larger group about or from whom the researcher desires to obtain information. From
this population, we need to survey a representative sample. If we are administering a survey to the
respondents of a laboratory study, the representativeness is not a problem because the respondents
are the representative sample. Selecting a representative sample of Web users, however, requires
careful planning.

Whenever we use a sample as a basis for generalizing to a population, we engage in an induc-
tive inference from the specific sample to the general population. In order to have confidence in
inductive inferences from sample to population, the researcher must carefully choose the sample to
represent the overall population. This is especially true for descriptive research, where the researcher
wishes to describe some aspect of a population that may depend on demographic characteristics. In
other cases, such as verifying the application of universal theoretical constructs, for example, Zipf’s
Law [164], sampling is not as important since these universal constructs should apply to everyone
within the population.

Sampling procedures typically fall into three classifications:

*  Convenience sampling (i.c., selecting a sample with little concern for its representative-

ness to some overall population),
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*  Probability sampling (i.c., selecting a sample where each respondent has some known
probability of being included in the sample), and
*  Stratified sampling (i.c., selecting a sample that includes representative samples of each

subgroup within a population).

Step 7: Administer the survey instrument to the sample. For actually gathering the survey
data, the researcher must determine the most appropriate manner to administer the survey instru-
ment. Many surveys are administered via the Web or electronically, as the Web offers substantial
benefits in its easy access to a wide population sample. Additionally, administering a survey elec-
tronically, even in a laboratory study, has significant advantages in terms of data preparation for
analysis. The survey can be administered once to a cross-sectional portion of the population, or it
can be administered repeatedly to the same sample population.

Step 8: Analyze the data. Once the data is gathered, we must determine the appropriate
method for analysis. The appropriate form of analysis is dependent on the research questions, hy-
potheses, or types of questions used in the survey instruments. The available approaches are qualita-
tive, quantitative, and mixed methods.

Step 9: Interpret the finding. Like many research results, the interpretation of survey data
can be somewhat subjective. When results are in question, it may point to the need for further re-
search. One of the best aids in interpreting results is the literature review. What have results from
previous work pointed out? Are these results in line with those previous researches? Or do the re-
sults highlight something new?

Step 10: Communicate the results to the appropriate audience. Finally, the results of any
survey research must be packaged for the intended audience. For academic purposes, this may mean
a scholarly paper or presentation. For commercial organizations, this may mean a white paper for
system developers or marketing professionals.

Each of these steps can be challenging. However, designing a survey instrument (e.g., Steps 4
and 5) can be the most difficult aspect of the survey research. We address this development in more

detail in the following section.

8.1.3 Design a Survey Instrument

Before designing a survey instrument, the researcher must have a clear understanding of the type
of data desired and must keep the instrument focused on that area. The key to obtaining good data
via a survey is to develop a good survey instrument that is based on the research questions. The re-
searcher should develop a set of objectives with a clear list of all needed data. The research goals and

list of needed data will serve as the basis for the questions on the survey instrument.
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Which features of Instant Messaging programs do you find most
What is your gender? useful when it comes to sharing information with teammates?
a. Male a. Real-Time Chat
b. Female b. File Sharing
c. Chat logs
d. None

FIGURE 8.1: Examples of multiple-choice questions.

A survey instrument is a data collection method that presents a set of questions to a re-
spondent. The respondent’s responses to the questions provide the data sought by the researcher.
Although seemingly simple, it can be very difficult to develop a set of questions for a survey instru-

ment. Some general guidelines for developing survey instruments are [113]:

*  State on the survey instrument the research goal: At the top of the survey instrument, in-
clude a very brief statement explaining the purpose of the survey and assuring respondents
of their anonymity.

*  Provide instructions for completing the survey instrument: To assist in ensuring that
survey results are valid, include instructions on how to respond to questions on the survey
instrument. Generally, there is a short introductory set of instructions at the top of the
survey instrument. Provide additional instructions for specific questions if needed.

*  Place questions concerning personal information at the end of the survey: Demographic
information is often necessary for survey research. Place these questions at the end of the
survey. Providing personal data may annoy some respondents, resulting in incomplete or
inaccurate responses to the survey instrument.

*  Group questions on the instrument by subject: If the survey instrument has more than 10
or so questions, the questions need to be grouped by some classification method. Generally,

grouping the questions by subject is a good organization method. If the instrument has

On a scale of 1-7, would you search individually or together with your workmates if you do not
know anything about the problem?

Individual Collaborate
1 2 3 4 5 6 7
* * * * * * *

FIGURE 8.2: Example of a rating question.
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On a scale of 1-5 (1—never used, 5 — use every day), rank the following items on how expe-
rienced are you with using the following communication/collaboration applications for group
projects?

a. _ Email

b. __ Instant messaging

c. _ Face-to-face meetings

d. __ Telephone

e. __ Others (please elaborate)

FIGURE 8.3: Example of a ranking question.

multiple groups of questions, each group should have a heading identifying the grouping.
Grouping questions allows the respondents to focus their responses around the central
theme of the group of questions.

*  Present each question and type of question in a consistent structure: A consistent struc-
ture makes it much simpler for respondents and increases the likelihood of valid data.
Explain the proper method for responding to each question and ensure that the response

methods for similar questions are consistent throughout the instrument.

There are three general categories of survey questions, namely multiple-choice, Likert-scale,
and open-ended questions.

Multiple-choice questions. Multiple-choice questions have a closed set of response items
for the respondents to select. Multiple-choice questions are useful when we have a thorough under-
standing of the range of possible responses (see Figure 8.1).

The items for multiple-choice questions must cover all possible alternatives that the re-

spondents might select, and each of the items must be unique (i.e., they must not overlap). Since

As part of your project, I believe that you must have confronted a situation when you did not

really know how to proceed in order to solve a problem or perform a task on the Web.

(a) Can you speak about a specific instance of your project work in which you were uncer-

tain as to how to proceed?

FIGURE 8.4: Example of an open-ended question.



58 UNDERSTANDING USER-WEB INTERACTIONS VIA WEB ANALYTICS

Which features of Instant Messaging programs do you find most useful when it comes to shar-

ing information with teammates?

a. Real-Time Chat
b. File Sharing

c. Chat logs

d. Others

e. None

FIGURE 8.5: Example of a partially structured question.

presenting all possible alternatives is a difficult task, we normally include a general catch-all item
(e.g., None of the above or Don't know) at the end of a list of item choices. This approach helps
improve the accuracy of the data collected.

Likert-scale questions. With Likert-scale questions, the items are arranged as a continuum
with the extremes generally at the endpoints. Likert-scale questions may have respondents indicate
the degree to which they agree with a statement (see Figure 8.2) or rank a list of items (see Figure
8.3).

Open-ended questions. As Figure 8.4 demonstrates, open-ended questions have no list of
items for the respondent to choose from.

Open-ended questions are best for exploring new ideas or when the researcher does not know
any of the expected responses. As such, the open-ended questions are great for qualitative research.
The disadvantages to using open-ended questions are that it can be much more time consuming and
difficult to analyze the data because each question must be coded into order to derive variables.

If we have a partial list of possible responses, one can create a partially open-ended question
(see Figure 8.5).

8.2 LABORATORY STUDIES

A laboratory study is research conducted in a laboratory setting to investigate aspects that we cannot
do in a naturalistic setting. While laboratory studies can generate useful qualitative insights, they
typically focus on quantitative research based on hypotheses because the controlled setting allows us
to manage external variables that may otherwise influence the results. This is the power of labora-
tory studies relative to naturalistic studies, surveys, or Web analytics.

The specific major strength of a laboratory study lies in the investigation of dependent vari-

ables. In a laboratory study, we can design a setting to make changes to one or more independent
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variables in order to investigate the effect on a dependent variable, while controlling for all the other
variables (i.e., control variables). In such a setting, only the variable of interest affects the outcome.

There are multiple ways of designing a laboratory study. As such, laboratory studies can be
very nuanced, and a review of laboratory studies is a lecture in itself. For more detailed examinations
of laboratory studies and experiments, I refer the interested reader to the Controlled Standards of
Reporting Trials (CONSORT) (www.consort-statement.org) that assist in the design of laboratory
experiments, specifically randomized controlled trials. CONSORT provides a 22-item checklist
and a flow diagram for conducting such studies. The checklist items focus on the study’s design,
analysis, and interpretation. The flow diagram illustrates the progress of participants through a
laboratory study. Together, these tools aid in understanding the design and running of the study, the
analysis of the collected data, and the interpretation of the results.

The Common Industry Format (CIF) is an American National Standards Institute (ANSI)
approved standard for reporting the results of usability studies. The National Institute of Standards
and Technology (NIST) developed this criterion to assist in designing and reporting the results of
usability studies targeted specifically for Websites.

One good way to learn about laboratory studies is to read what others have done. What are
some questions that one should ask when designing (or assessing) a laboratory study? One meth-
odology for accessing laboratory studies is the Centre for Allied Heath Evidence (CAHE) Critical
Appraisal Tools (CATs) (http://www.unisa.edu.au/cahe/CAHECATS/). The aim of the approach
is to identify possible methodological flaws in the design phase or in the reporting. With the use
of such a questionnaire, we can design better experiments and make informed decisions about the
quality of research evidence. The assessments presented below are based on the CriSTAL Checklist
for appraising a user study (http://www.shef.ac.uk/scharr/eblib/use.htm).

Does the study address a clearly focused issue? Essentially, the research aims should drive
the study. The issue can deal with the population (user group) studied, the intervention (service or
facility) provided, or the system. The laboratory study design must clearly identify the issue in a us-
able manner and explain how the outcomes (quantifiable or qualitative) are measured.

Is a good case made for the approach that the authors have taken? In designing a user study,
researchers can choose from an extensive array of methods. One way to assess a study, then, is to re-
view the selection of methodology (e.g., regression, ANOVA Analysis Of Variance, factor analysis,
etc.) and design setup (e.g., within or between groups). The method and setup should relate directly
to the research questions or objectives, which are tied to the research aim. A good study will clearly
identify the problem and provide justification for the questions or objectives. The methodology
must be appropriate to the research questions or objectives.

Were the methods used in selecting the users appropriate and clearly described? There are

several aspects of recruiting participants for any laboratory study, including:
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*  Type of sample: This addresses how the participants are recruited. Most studies are conve-
nience samples (i.e., you use who you can get). In academia, these are usually students, and
the participants self-select into the study. Randomly selected sample are generally preferred;
however, many times a convenience sample is not a critical shortcoming if the population
demographics are not essential to the research questions.

*  Size of sample: Sample size is an important aspect of user studies and it must be managed
carefully. A sample size calculation (i.e., how many participants do you need to represent
the population you are studying) can determine the appropriate size needed to make the
sample representative of the population (i.e., does the sample represent targeted users).
Representativeness matters for quantitative analysis. For usability studies, this is not so
important. Generally, the demographics of the sample (e.g., age, sex, staff grade, location)
must accurately reflect the demographics of the total population. Any motivation for the
participants (i.e., money, course credit, etc.) must be acknowledged.

*  Was the data collection instrument/method reliable? Any questionnaire, survey form,
or interview schedule should be pilot tested before its use in the laboratory study. When
adapting an instrument used in previous research, the case must be made for its appropriate

use.

What was the response rate and how representative were respondents of the population
under study? Whether using a convenience or random sample, researchers must ensure that no
subgroups were either over-represented or under-represented. When using convenience samples for
Web laboratory studies, sex is many times an issue.

Are the results complete and have they been analyzed in an easily interpretable way?
Just as there are several choices in methodologies, there are also several choices concerning meth-
ods of analysis and in how to present these results. Regardless, the variables must be defined and
identified.

Are there any limitations in the methodology (that might have influenced results) identi-
fied and discussed? No matter how well one designs a study, selects a sample, executes a methodol-
ogy, and analyzes the data, there are always limitations. After the study is completed, reflect on how
the study might be better implemented next time.

Are the conclusions based on an honest and objective interpretation of the results? Some-
times, a study does not tell you what you want or expect. That is actually good but frustrating.
However, one must base the conclusions clearly on the findings from the study’s data.

Just as log analysis and surveys have limitations, laboratory studies also have limitations that
we must consider [94]. The basic assumption underlying laboratory studies and experiments is that

we can extrapolate the results to the rea/ world. However, when people are involved, this is a dicey
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assumption, and the validity of results from laboratory studies to contexts outside the laboratory is
not flawless.

Some of the possible issues that can arise are laboratory effects (i.e., the context of the labora-
tory study is not a naturalistic setting), anonymity issues (i.e., the participants know they are being
observed), context (i.e., regardless of the study design, there are aspects beyond the control of the
researcher), and biased sample (i.e., regardless of the sampling method, there are biases created by
participants self selection into the study and by the fact that they do not represent the portion of the
population that never participates). By using Web analytics in conjunction with laboratory studies,

we can address many of these shortcomings.

83 CONCLUSION
Web analytics via log data are an excellent means for recording the behaviors of system users and the
responses of those systems. Because they focus on behavioral data only, however, transaction logs
are ineffective as a method of understanding the underlying motivations, affective characteristics,
cognitive factors, and contextual aspects that influence those behaviors. Used in conjunction with
Web logs, surveys and laboratory studies can be effective methods for investigating these aspects.
The combined methodological approaches can provide a richer picture of the phenomenon under
investigation.

In this section, we have reviewed a 10-step procedure for conducting survey research, with
explanatory notes on each step. We then discussed the design of a survey instrument, with examples
of the various types of questions, and then discussed aspects of designing a laboratory study, provid-

ing some key questions that can help us in planning and completing a laboratory study.







CHAPTER 9

Search Log Analytics

A special case of Web analytics is analyzing data from search logs. Exploiting the data stored in
search logs of Web search engines, Intranets, and Websites can provide important insights into
understanding the information searching tactics of online users. This understanding can inform
information system design, interface development, and information architecture construction for
content collections.

This section presents a review of and foundation for conducting Web SLA [64, 66]. A basic
understanding of search engines and searching behavior is assumed [for a review, see Ref. 93]. SLA
methodology consists of three stages (i.e., collection, preparation, and analysis), and those stages
are presented in detail with discussions of the goals, metrics, and processes at each stage. Fol-
lowing this, the critical terms in TLA for Web searching are defined and suggestions are pro-
vided on ways to leverage the strengths and address the limitations of TLA for Web searching

research.

9.1 INTRODUCTION

Information searching researchers have employed search logs for analyzing a variety of Web infor-
mation systems [34, 73, 78, 151]. Web search engine companies use search logs (also referred to as
transaction logs) to investigate searching trends and effects of system improvements (cf. Google at
http://www.google.com/press/zeitgeist.html or Yahoo! at http://buzz.yahoo.com/buzz_log/?fr=tp-
buzz-morebuzz). Search logs are an unobtrusive method of collecting significant amounts of search-
ing data on a sizable number of system users. There are several researchers who have employed the
SLA methodology to study Web searching. Romano et al. [128] present a methodology for general
qualitative analysis of transaction log data. Wang et al. [151] and Spink and Jansen [140] also pre-
sent explanations of approaches to TLA.

Generally, there are limited published works concerning how to employ search logs to sup-
port the study of Web searching, the use of Web search engines, Intranet searching, or other Web
searching applications. Yet, SLA is helpful for studying Web searching on Websites and Web search

engines.

63
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9.2 REVIEW OF SEARCH ANALYTICS
9.2.1 WhatIsa Search Log?
Not surprisingly, a search log is a file (i.e., log) of the communications (i.e., transactions) between
a system and the users of that system. Rice and Borgman [126] present transaction logs as a data
collection method that automatically captures the type, content, or time of transactions made by a
person from a terminal connected to that system. As noted previously, Peters [117] views transac-
tion logs as electronically recorded interactions between on-line information retrieval systems and
the persons who search for the information found in those systems.

For Web searching, a search log is an electronic record of interactions that have occurred during
a searching episode between a Web search engine and users searching for information on that Web search
engine. A Web search engine may be a general-purpose search engine, a niche search engine, a
searching application on a single Website, or variations on these broad classifications. A searching
episode is a period of user interaction with a search engine that may be composed of one or more
sessions. The users may be humans or computer programs acting on behalf of humans. Interactions
are the communication exchanges that occur between users and the system, and either the user or

the system may initiate elements of these exchanges.

9.2.2 How Are These Interactions Collected?

The process of recording the data in the search log is relatively straightforward. Web servers record
and store the interactions between searchers (i.e., actually Web browsers on a particular computer)
and search engines in a log file (i.e., the search log) on the server using a software application. Thus,
most search logs are server-side recordings of interactions. Major Web search engines execute mil-
lions of these interactions per day. The server software application can record various types of data
and interactions depending on the file format that the server software supports.

As mentioned earlier, typical transaction log formats are access log, referrer log, and extended
log. The W3C (http://www.w3.0rg/TR/WD-logfile.html) is one organizational body that defines
transaction log formats. However, search logs are a special type of transaction log file. This search
log format has most in common with the extended file format, which contains data such as the

client computer’s IP address, user query, search engine access time, and referrer site, among other

fields.

9.2.3 Why Collect This Data?
Collecting the data enables us to analyze it in order to obtain beneficial information. Web analyt-

ics, as we have discussed, can focus on many interaction issues and research questions [36], but it



http://www.w3.org/TR/WD-logfile.html

SEARCHLOG ANALYTICS 65

typically addresses either issues of system performance, information structure, or user interactions.
Blecic et al. [18] define TLA as the detailed and systematic examination of each search command
or query by a user and the following database result or output. Phippen et al. [120] and Spink and
Jansen [140] also provide comparable definitions of TLA.

For Web searching research, we focus on a subset of Web analytics, namely SLA. Web
analytics is useful for analyzing the browsing or navigation patterns within a Website, while
SLA is concerned exclusively with searching behaviors. SLA is defined as the use of data col-
lected in a search log to investigate particular research questions concerning interactions among Web
users, the Web search engine, or the Web content during searching episodes. Within this interaction
context, we can exploit the data in search logs to discern attributes of the search process, such
as the searcher’s actions on the system, the system responses, or the evaluation of results by the
searcher.

The goal of SLA is to gain a clearer understanding of the interactions among searcher, con-
tent and system or the interactions between two of these structural elements, based on whatever
research questions drive the study. Employing SLA allows us to achieve some stated objective, such
as improved system design, advanced searching assistance, or better understanding of some user

information searching behavior.

9.2.4 What Is the Foundation of Search Log Analysis?

SLA lends itself to a grounded theory approach [44]. This approach emphasizes a systematic dis-
covery of theory from data using methods of comparison and sampling. The resulting theories
or models are grounded in observations of the real world, rather than being abstractly generated.
Therefore, grounded theory is an inductive approach to theory or model development, rather than
the deductive alternative [26].

In other words, when using SLA as a methodology, we examine the characteristics of search-
ing episodes in order to isolate trends and identify typical interactions between searchers and the
system. Interaction has several meanings in information searching, addressing a variety of transac-
tions including query submission, query modification, results list viewing, and use of information
objects (e.g., Web page, pdf file, and video).

For the purposes of SLA, we consider interactions the physical expressions of communica-
tion exchanges between the searcher and the searching system. For example, a searcher may submit
a query (i.e., an interaction). The system may respond with a results page (i.e., an interaction). The
searcher may click on a uniform resource locator (URL) in the results listing (i.e., an interaction).
Therefore, for SLA, interaction is a mechanical expression of underlying information needs or

motivations.
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9.2.5 How Is Search Log Analysis Used?
Researchers and practitioners have used SLA (usually referred to as TLA in these studies) to evalu-
ate library systems, traditional information retrieval (IR) systems, and more recently Web systems.
Search logs have been used for many types of analysis; in this review, we focus on those studies that
centered on or about searching. Peters [117] provides a review of TLA in library and experimental
IR systems. Some progress has been made in TLA methods since Peters’ summary [117] in terms
of collection and ability to analyze data. Jansen and Pooch [69] report on a variety of studies em-
ploying SLA for the study of Web search engines and searching on Websites. Jansen and Spink
[71] provide a comprehensive review of Web searching SLA studies. Other review articles include
Kinsella and Bryant [87] and Fourie [42].
Several researchers have viewed SLA as a high-level designed process, including Copper
31]. Other researchers, such as Hancock-Beaulieu et al. [49], Griffiths et al. [47], Bains [12],
Hargittai [51], and Yuan and Meadows [163], have advocated using SLA in conjunction with other
research methodologies or data collection. Alternatives for other data collection include surveys and

laboratory studies.

9.2.6 How to Conduct Search Log Analysis?

Despite the abundant literature on SLA, there are few published manuscripts on how actually to
conduct it, especially with respect to SLA for Web searching. While some works provide fairly
comprehensive descriptions of the methods employed, including Cooper [31], Nicholas et al. [108],
Wang et al. [151], and Spink and Jansen [140], none presents a process or procedure for actually
conducting TLA in sufficient detail to replicate the method. We will attempt to address this short-
coming, building on work presented in Ref. [66].

9.3 SEARCH LOG ANALYSIS PROCESS

Naturally, research questions need to be articulated in order to determine what data needs to be col-
lected. However, search logs are typically of standard formats due to previously developed software
applications. Given the interactions between users and Web browsers, which are the interfaces to
Web search engines, the type of data that one can collect is standard. Therefore, the SLA methodol-
ogy discussed here is applicable to a wide range of studies.

SLA involves three major stages, namely:

*  Data collection: the process of collecting the interaction data for a given period in a trans-
action log;
*  Preparation: the process of cleaning and preparing the transaction log data for analysis; and

*  Analysis: the process of analyzing the prepared data.
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9.3.1 Data Collection

The research questions define what information one must collect in a search log. Transaction logs
provide a good balance between collecting a robust set of data and unobtrusively collecting that data
[102]. If we are conducting a naturalistic study (i.e., outside of the laboratory) on a real system (i.e.,
a system used by actual searchers), then the method of data monitoring and collecting should not
interfere with the information searching process. In addition to the loss of potential customers, a
data collection method that interferes with the information searching process may unintentionally
alter that process. For these reasons, and others, collecting data from real users pursuing needed
information while interacting with real systems on the Web necessarily affects the type of data

realistically obtainable.

9.3.2 Fieldsin a Standard Search Log
Table 9.1 provides a sample of a standard search log format collected by a Web search engine.

The fields are common in standard Web search engine logs, although some systems may log
additional fields. A common additional field is a cookie identification code that facilitates identify-
ing individual searchers using a common computer. A cookie is a text message given by a Web server
to a Web browser and is stored on the client machine.

In order to facilitate valid comparisons and contrasts with other analysis, a standard termi-
nology and set of metrics [69] is advocated. This standardization will help address one of Kurth’s
critiques [91] concerning the communication of SLA results across studies. Others have also noted
terminology as an issue in Web research [121]. The standard field labels and descriptors are pre-
sented below.

A searching episode is a series of searching interactions within a given temporal span by a single
searcher. Each record, shown as a row in Table 9.1, is a searching interaction. The format of each

searching interaction is:

User Identification: the IP address of the client’s computer. This is sometimes also an anony-
mous user code address assigned by the search engine server, which is our example in
Table 9.1.

*  Date: the date of the interaction as recorded by the search engine server.

«  The Time: the time of the interaction as recorded by the search engine server.

«  Search URL: the query terms as entered by the user.

* Web search engine server software normally records these fields. Other common fields
include Results Page (a code representing a set of result abstracts and URLs returned by the
search engine in response to a query),

* Language (the user preferred language of the retrieved Web pages),
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TABLE 9.1: Web scarch engine search log snippet.

USER

IDENTIFICATION

ce00 25/Apr/2009 04:08:50 Sphagnum Moss Harvesting
+ New Jersey + Raking

3810 25/Apr/2009 04:08:50 emailanywhere

fabe 25/Apr/2009 04:08:54 Tailpiece

5010 25/Apr/2009 04:08:54 T’personalities AND

gender AND education’l
25/Apr/2009 04:08:54 dmr panasonic
89bf2 25/Apr/2009 04:08:55 bawdy poems”
“Web Analytics 25/Apr/2009

3970 04:08:56 gay and happy

29560 25/Apr/2009 04:08:58 skin diagnostic

81343 25/Apr/2009 04:08:59 Pink Floyd cd label
cover scans

3c5e 25/Apr/2009 04:09:00 freie stellen dangaard

9daf 25/Apr/2009 04:09:00 Moto.it

415 25/Apr/2009 04:09:00 Capablity Maturity
Model VS.

c03 25/Apr/2009 04:09:01 ana cleonides paulo fontoura

Note: Items in boldface are intentional errors.



«  Source (the federated content collection searched, also known as vertical), and
*  Page Viewed (the URL that the searcher visited after entering the query and viewing the

results page, which is also known as either c/ick-thru or click-through).

9.3.3 Data Preparation

Once the data is collected, we are ready to prepare the data. For data preparation, the focus is on
importing the search log data into a relational database (or other analysis software), assigning each
record a primary key, cleaning the data (i.e., checking each field for bad data), and calculating stan-
dard interaction metrics that will serve as the basis for further analysis.

Figure 9.1 shows the Entity—Relation (ER) diagram for the relational database that will be

used to store and analyze the data from our search log. The ER diagram will vary based on the

specific analysis.

searching_episode

operator,”’

(0, n) Query_Total /\ (0, 1) Query_Occurrences

occurrences

’
\

FIGURE 9.1: Web search log ER scheme diagram [66].
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An ER diagram models the concepts and perceptions of the data and displays the conceptual
schema for the database using standard ER notation. Table 9.2 presents the legend for the schema
constructs.

Since search logs are in ASCII format, we can easily import the data into most relational

databases. A key thing is to import the data in the same coding schema in which it was recorded

TABLE 9.2: Search log legend for ER schema constructs [66].
Searching_Episodes a table containing the searching interactions
boolean denotes if the query contains Boolean operators
operators denotes if the query contains advanced query operators
q_length query length in terms
qgid primary key for each record
gtot number of results pages viewed
searcher_url query terms as entered by the searcher
thetime time of day as measured by the server
uid user identification based on IP
Terms table with terms and frequency
term_ID term identification
term term from the query set
tfreq number of occurrences of term in the query set
Cooc table term pairs and the number of occurrences of those pairs
term_ID term identification
cid the combined term identification for a pair of terms
tot number of occurrences of the pair in the query set
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(e.g., UTF-8, US-ASCII). Once imported, each record is assigned a unique identifier or primary
key. Most modern databases can assign this automatically on importation, or we can assign it later

using scripts.

9.3.4 Cleaning the Data

Once the search log data is in a suitable analysis software package, the focus shifts to cleaning the
data. Records in search logs can contain corrupted data. These corrupted records have multiple
causes, but they are mostly the result of errors in logging the data. In the example shown in Table
9.1, the errors are easy to spot (additionally, these records are rendered in boldface), but often a
search log will number millions if not billions of records. Therefore, a visual inspection is not practi-
cal for error identification. From experience, one method of rapidly identifying most errors is to sort
each field in sequence. Since the erroneous data will not fit the pattern of the other data in the field,
these errors will usually appear at the top of, bottom of, or in groups in each sorted field. Standard
database functions to sum and group key fields, such as time and IP address, will usually identify any
further errors. We must remove all records with corrupted data from the transaction log database.

Typically, the percentage of corrupted data is small relative to the overall database.

9.3.5 Parsing the Data
To demonstrate how to parse data, we will use the three fields of 7e Time, User Identification, and
Search URL, common to all Web search logs to recreate the chronological series of actions in a
searching episode. The Web query search logs usually contain queries from both human users and
agents. Depending on the research objective, we may be interested in only individual human inter-
actions, those from common user terminals, or those from agents. For the running example used
here, we will consider the case of only having an interest in human searching episodes.

Given that there is no way to accurately identify human from non-human searchers [135,
146], most researchers using Web search log either ignore it [25] or assume some temporal or in-
teraction cutoff [107, 135]. Using a cutoff of 101 queries, the subset of the search log is weighted to
queries submitted primarily by human searchers in a non-common user terminal, but 101 queries is
high enough not to introduce bias by too low of a cutoff threshold. The selection of 101 is arbitrary,
and other researchers have used a wide variety of cutoffs. For our example, we will separate all ses-
sions with fewer than 101 queries into an individual search log.

There are several methods to remove these large sessions. One can code a program to count
the session lengths and then delete all sessions that have lengths over 100. For smaller log files (a
few million or so records), it is just as easy to do with SQL queries. To do this, we must first remove

records that do not contain queries. From experience, search logs may contain many such records
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(usually on the order of 35% to 40% of all records) as users go to Websites for purposes other than
searching [72].

9.3.6 Normalizing Searching Episodes
When a searcher submits a query, then views a document, and returns to the search engine, the Web
server typically logs this second visit with the identical user identification and query, but with a new
time (i.e., the time of the second visit). This is beneficial information in determining how many of
the retrieved results pages the searcher visited from the search engine, but unfortunately, it also skews
the results in analyzing the query level of analysis. In order to normalize the searching episodes, we
must first separate these result page requests from query submissions for each searching episode.

In SLA, researchers are often interested in terms and term usage, which can be an entire
study in itself. In these cases, it is usually cleaner to generate separate tables that contain each term
and their frequency of occurrence than to attempt combination tables. A term co-occurrence table
that contains each term and its co-occurrence with other terms is also valuable for understanding
the data. With a relational database, we can generate these tables using scripts. If using text-parsing
languages, we can parse these terms and associated data during initial processing.

There are already several fields in our database, many of which can provide valuable informa-
tion. From these items, we can calculate several metrics, some of which take a long time to compute

for large datasets.

9.4  DATA ANALYSIS

This stage focuses on three levels of analysis. As we discuss these levels, we will step through the

data analysis stage.

9.4.1 Analysis Levels

The three common levels of analysis for examining transaction logs are zerm, query, and session.

Term level analysis. The term level of analysis naturally uses the Zerm as the basis for analysis. A
term is a string of characters separated by some delimiter such as a space or some other separator.
At this level of analysis, one focuses on measures such as zerm occurrence, which is the frequency that
a particular term occurs in the transaction log. 7vzal terms are the number of terms in the dataset.
Unique terms are the terms that appear in the data regardless of the number of times they occur. High
Usage Terms are those terms that occur most frequently in the dataset. Term co-occurrence measures
the occurrence of term pairs within queries in the entire search log. We can also calculate degrees of

association of term pairs using various statistical measures [cf. Refs. 131, 135, 151].
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The mutual information formula measures term association and does not assume mutual in-
dependence of the terms within the pair. We calculate the mutual information statistic for all term
pairs within the dataset. Many times, a relatively low frequency term pair may be strongly associ-
ated (i.e., if the two terms always occur together). The mutual information statistic identifies the

strength of this association. The mutual information formula used in this research is

Pwi,wy)

wp,wy) = In——— "
Ty w2) = In ) Pl

where P(w;), P(w) are probabilities estimated by relative frequencies of the two words and P(wj;, w;)
is the relative frequency of the word pair and order is not considered. Relative frequencies are ob-

served frequencies (F) normalized by the number of the queries:

A F B

P(wy) = a;p(wl) = §,;p(w1, wy) = )
Both the frequency of term occurrence and the frequency of term pairs are the occurrence of
the term or term pair within the set of queries. However, since a one-term query cannot have a term
pair, the set of queries for the frequency base differs. The number of queries for the terms is the num-

ber of non-duplicate queries in the dataset. The number of queries for term pairs is defined as:
Q' = ;(2;1 -3)0,

where Q, is the number of queries with # words (z > 1), and  is the maximum query length. So,
queries of length one have no pairs. Queries of length two have one pair. Queries of length three
have three possible pairs. Queries of length four have five possible pairs. This continues up to the
queries of maximum length in the dataset. The formula for queries of term pairs (Q') account for

this term pairing.

Querylevel analysis. The query level of analysis uses the query as the base metric. A guery is defined
as a string list of one or more terms submitted to a search engine. This is a mechanical definition as
opposed to an information searching definition [88]. The first query by a particular searcher is the
initial query. A subsequent query by the same searcher that is different from any of the searcher’s
other queries is a modified query. There can be several occurrences of different modified queries by a
particular searcher. A subsequent query by the same searcher that is identical to one or more of the
searcher’s previous queries is an identical query.

In many Web search engine logs, when the searcher traverses to a new results page, this inter-
action is also logged as an identical query. In other logging systems, the application records the page

rank. A results page is the list of results, either sponsored or organic (i.e., non-sponsored), returned
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by a Web search engine in response to a query. Using either identical queries or some results page
field, we can analyze the result page viewing patterns of Web searchers.

Other measures are also observable at the query level of analysis. A unigue query refers to a
query that is different from all other queries in the transaction log, regardless of the searcher. A
repeat query is a query that appears more than once within the dataset by two or more searchers.

Query complexity examines the query syntax, including the use of advanced searching tech-
niques such as Boolean and other query operators. Failure rate is a measure of the deviation of
queries from the published rules of the search engine. The use of query syntax that the particular IR
system does not support, but may be common on other IR systems, is carry over.

Session level analysis. At the session level of analysis, we primarily examine the within-session
interactions [48]. However, if the search log spans more than one day or assigns some temporal
limit to interactions from a particular user, we could examine between-sessions interactions. A
session interaction is any specific exchange between the searcher and the system (i.e., submitting
a query, clicking a hyperlink, etc.). A searching episode is defined as a series of interactions within
a limited duration to address one or more information needs. This session duration is typically
short, with Web researchers using between 5 and 120 minutes as a cutoff [cf. Refs. 54,70, 107, 135].
Each choice of time has an impact on the results, of course. The searcher may be multitasking [106,
138] within a searching episode, or the episode may be an instance of the searcher engaged in suc-
cessive searching [95, 110, 141]. This session definition is similar to the definition of a unigue visitor
used by commercial search engines and organizations to measure Website traffic. The number of
queries per searcher is the session length.

Session duration is the total time the user spent interacting with the search engine, including
the time spent viewing the first and subsequent Web documents, except the final document. Ses-
sion duration can therefore be measured from the time the user submits the first query until the
user departs the search engine for the last time (i.e., does not return). The viewing time of the final
Web document is not available since the Web search engine server does not record the time stamp.
Naturally, the time between visits from the Web document to the search engine may not have been
entirely spent viewing the Web document, which is a limitation of the measure.

A Web document is the Web page referenced by the URL on the search engine’s results page.
A Web document may be text or multimedia and, if viewed hierarchically, may contain a nearly
unlimited number of sub-Web documents. A Web document may also contain URLs linking to
other Web documents. From the results page, a searcher may click on a URL, (i.e., visit) one or
more results from the listings on the result page. This is c/ick through analysis and measures the page
viewing behavior of Web searchers. We measure document viewing duration as the time from when

a searcher clicks on a URL on a results page to the time that searcher returns to the search engine.
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Some researchers and practitioners refer to this type of analysis as page view analysis. Click through
analysis is possible if the transaction log contains the appropriate data. There are many other factors

one can examine, including query graphs [11].

9.4.2 Conducting the Data Analysis

The key to successful SLA is conducting the analysis with an organized approach. One method
is to sequentially number and label the queries (or coded modules) to correspond to the order of
execution and to their function, since many of these queries must be executed in a certain order to

obtain valid results. Many relational database management systems provide mechanisms to add

descriptive properties to the queries. These can provide further explanations of the query function

ERRIE A1 W WEE WO Ne- A S Wl RO R <53 s:24- wf
iSigpen klgeson Do | X | 4 T (W]
| ctets || hame e Mot Creded Ty |
=1 Tables & Create query in Deskgn vew |
B &l creste query by using wizand
- 1Y oy 00 no_dups thes query remove ol duphe stes From the men tabls SI20/2005 910139 PM BI12{2004 8:36:42 P Query! Make Table Query
A foms =y D1 _unigue_ip_rumber_of_queries this query identiies all the large sessions (j.e., sessions with mora than 100 quenies) AIIZIZ004 6:36:42 PM Qunry: Sabect Quary
@ Reports M ey 02 _remave_lerge_sessiore this gquery removes the largs session B/ 12{2004 6:36:42 PM Qusry: Delete Cuery
3 Pages S oy 03kt of_uniqua ips this query provides the rumber of ueries submitted by each ud S[20{7005 9:18:08 P B{12/7004 £136:42 FM Quiery: Select Query
B s B ary 04 _aversn_euevies_per_user this query provades the average, max, min, ard stdev of gueries by ud SEN2005 10:25:9..,  BMZIA04 63642 P Query; Select Query
3 oy 05 sesson length this query provides th lercth d by number of time period 2042005 10 2 Query: Select Query
A Moddes || 21 gy 05 masber_of_resit_pagns thes usry provides the count of the number of uid that viswed 4 cartisin umber of resut pages Quesy: Salact Quary
Goups || 51 gy 07 aversge_resubs_paces this query pravides the averags, max, min, and stdav of the number of resukts pages BI1Z[2004 6:36:42 P Guery: Selact Query
_u' Fw\-:u-m. || 2 ary_09 cepase_queries this query Hes rop andd & cunt of thoss rapeat quares AfIZ(Z004 E136:4T PN Quinry: Select Quary
"1 ary 09 bosksn_ousries this qusry updstes & fiedl ndicating whether or not the guery contains Boclean cperators AFI2/2004 6:36:43 PM - Query: Lipdate Guery
t gry_10_query_cperstors this query Updstes  field indicating whether or not the query contains 8 query aperstor other than Bool . S[20{2005 10:30:0,.,  B12(7004 £:36:43 PM Cuery: Update Query
S oy 11 _sum_total_terms this qusey s up the totl number of tarms i the trareaction kg SEOZ005 10:17:0,., BIAZM004 63643 PM Query: Salect Quary
Sl gry_12_svesge_query_length thiss query provides the sverage, max, min, snd stdev of query length as measured by the number of terms  5[20{2005 10, BJIZIE004 63643 M Cuery: Select Query
[ oc this query provices A lsit of tha teem co-oonurrance pais in descanding order of fraquency 2042005 10; A12/2004 6:36:43PM  Quaary: Select Quary
S ary_14 e of_ouery_lengthe this: query pravides a st an count of frequency of each query length SJ20/2005 10 B{12/2004 6:36:43PM Query: Select Query
S qry_15_term_fraquencies this quary provides a e of terms and ' of of those berms o HE02005 10 A}30/2004 31242 PM Cuaery: Select Query
B ary_16_eooc_total this query provides the rumbar of berm co-ocourence pairs in the dats sat S20/2005 10:17:5... /302004 3:25:25PM  Query: Selact Query
e —

FIGURE 9.2: SLA numbered and descriptively labeled queries [66].
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or relate these queries directly to research questions. Figure 9.2 illustrates the application of such
an approach.

Figure 9.2 also shows each query in sequence and provides a descriptive tag describing that
query’s function.

SLA involves a series of standard analyses that are common to a wide variety of Web search-
ing studies. Some of these analyses may directly address certain research questions, and others may
be the basis for more in-depth research analysis.

One typical question is, “How many searchers have visited the search engine during this
period?” This query will provide a list of unique searchers and the number of queries they have sub-
mitted during the period. We can modify this question and determine “How many searchers have
visited the search engine on each day during this period.” Naturally, a variety of statistical results can
be determined using the previous queries. For example, we can determine the standard deviation of
number of queries per searcher.

In addition to visits, we may want information about the session lengths (i.e., the number of
queries within a session) for each searcher. Similarly, we may be curious about the number of search-
ers who viewed a certain number of results pages.

We can calculate various statistical results on results page viewing, such as the maximum
number of result pages viewed and queries per day. An important aspect for system designers is
results caching because we need to know the number of repeat queries submitted by the entire set of
searchers during a given period in order to optimize our system’s performance.

Some researchers are more interested in how searchers are interacting with a search engine,
and for this purpose the use of Boolean operators is an important feature. Since most search engines
offer other query syntax than just Boolean operators, we can also investigate the use of these other
operators.

Counting the terms within the transaction log is another typical measurement. We certainly
want to know about query length, the frequency of terms pairs, and the various term frequencies.

The results from this series of queries provide us with a wealth of information about our data
(e.g., occurrences of session lengths, occurrences of query length, occurrences of repeat queries, most
used terms, most used term pairs) and serves as the basis for further investigations (e.g., session

complexity, query structure, query modifications, term relationships).

9.5 DISCUSSION

It is certainly important to understand both the strengths and limitations of SLA for Web search-
ing. First concerning the strengths, SLA provides a method of collecting data from a great number
of users. Given the current nature of the Web, search logs appears to be a reasonable and non-

intrusive means of collecting user system interaction data during the Web information searching
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process from a large number of searchers. We can easily collect data on hundreds of thousands to
millions of interactions, depending on the traffic of the Website.

Second, we can collect this data inexpensively. The costs are the software and storage. Third,
the data collection is unobtrusive, so the interactions represent the unaltered behavior of searchers,
assuming the data is from an operational searching site. Finally, search logs are, at present, the only
method for obtaining significant amounts of search data within the complex environment that is the
Web [37]. Of course, researchers can also undertake SLA from research sites or capture client-side
data across multiple sites using a custom Web browser (for the purpose of data collection) that does
not completely mimic the searcher’s natural environment.

There are limitations with SLA, as with any methodology. First, certain types of data are
not in the transaction log, individuals’ identities being the most common example. An IP address
typically represents the “user” in a search log. Since more than one person may use a computer, an
IP address is an imprecise representation of the user. Search engines are overcoming this limitation
somewhat by the use of cookies.

Second, there is no way to collect demographic data when using search logs in a naturalistic
setting. This constraint is true of many non-intrusive naturalistic studies. However, there are several
sources for demographic data on the Web population based on observational and survey data. From
these data sources we may get reasonable estimations of needed demographic data. However, this
demographic data is still not attributable to specific subpopulations.

Third, a search log does not record the reasons for the search, the searcher motivations, or
other qualitative aspects of use. This is certainly a limitation. In the instances where one needs
this data, one should use TLA in conjunction with other data collection methods. However, this
invasiveness reduces the unobtrusiveness, which is an inherent advantage of search logs as a data
collection method.

Fourth, the logged data may not be complete due to caching of server data on the client
machine or proxy servers. This is an often-mentioned limitation. In reality, this is a relatively minor
concern for Web search engine research due to the method with which most search engines dy-
namically produce their results pages. For example, a user accesses the page of results from a search
engine using the Back button of a browser. This navigation accesses the results page via the cache on
the client machine. The Web server will not record this action. However, if the user clicks on any
URL on that results page, functions coded on the results page redirects the click first to the Web

server, from which the Web server records the visit to the Website.

9.6 CONCLUSION
We presented a three-step methodology for conducting SLA, namely collecting, preparing, and

analyzing. We then reviewed each step in detail, providing observations, guides, and lessons learned.
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We also discussed the organization of the database at the ER-level, and we explained the table
design for standard search engine transaction logs. This presentation of the methodology at a
detailed level of granularity will serve as an excellent basis for novice or experienced search log
researchers.

Search logs are powerful tools for collecting data on the interactions between users and sys-
tems. Using this data, SLA can provide significant insights into user—system interactions, and it
complements other methods of analysis by overcoming the limitations inherent in those methods.
By combining SLA with other data collection methods or other research results, we can improve the
robustness of the analysis. Overall, SLA is a powerful tool for Web searching research, and the SLA

process outlined here can be helpful in future Web searching research endeavors.
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CHAPTER 10

Conclusion

This lecture presents an overview of the Web analytics process, with a focus on gaining insight
and actionable outcomes from collecting and analyzing Internet data. The lecture first provides
an overview of Web analytics, providing in essence, a condensed version of the entire lecture. The
lecture then outlines the theoretical and methodological foundations of Web analytics in order to
understand clearly the strengths and shortcomings of Web analytics as an approach. These founda-
tional elements include the psychological basis in behaviorism and methodology underpinning of
trace data as an empirical method. The lecture then presents a brief history of Web analytics from
the original transaction log studies in the 1960s, through the information science investigations of
library systems, to the focus on Websites, systems, and applications. The lecture then covers the
various types of ongoing interaction data within the clickstream created using log files and page
tagging for analytics of Website and search logs. The lecture then presents a Web analytic process to
convert this basic data to meaningful KPIs to measure likely converts that are tailored to the orga-
nizational goals or potential opportunities. Supplementary data collection techniques are addressed,
including surveys and laboratory studies. The lecture then discusses the strengths and shortcoming
of Web analytics. The overall goal of this lecture is to provide implementable information and a
methodology for understanding Web analytics in order to improve Web systems, increase customer
satisfaction, and target revenue through effective analysis of user—Website interactions.

Returning to that online retail store selling the latest athletic shoe, Web analytics can tell us
how potential customers find our online store, including those who are referred from other Websites
and those from search engines. Web analytics provides us the methods to know, and our KPIs tell
us why we should care. Our understanding of customer behavior provided by Web analytics gives us
the tool to determine what it might mean if customers come to our Website and then immediately
leave versus if the potential customer explores several pages and then leaves. We can leverage Web
analytics techniques to glean value from this data. Web analytics allows us to focus on organiza-
tion goals, including getting the customer through the entire shopping cart process. In sum, Web
analytics is the strategic tool to make our hypothetical online store successful by understanding why

potential customers behave as they do and what that behavior means.
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Key Terms

Abandonment rate: key performance indicator that measures the percentage of visitors
who got to that point on the site but decided not to perform the target action.
Alignment-centric performance management: method of defining a site’s business goals
by choosing only a few key performance indicators.

Average order value: key performance indicator that measures the total revenue to the
total number of orders.

Average time on site: see visit length.

Behavior: essential construct of the behaviorism paradigm. At its most basic, a behavior is
an observable activity of a person, animal, team, organization, or system. Like many basic
constructs, behavior is an overloaded term because it also refers to the aggregate set of
responses to both internal and external stimuli. Therefore, behaviors address a spectrum
of actions. Because of the many associations with the term, it is difficult to characterize it
without specifying a context in which it takes place to provide meaning.

Behaviorism: research approach that emphasizes the outward behavioral aspects of thought.
For transaction log analysis, we take a more open view of behaviorism. In this more en-
compassing view, behaviorism emphasizes the observed behaviors without discounting the
inner aspects that may accompany these outward behaviors.

Checkout conversion rate: key performance indicator that measures the percent of total
visitors who begin the checkout process.

Commerce Website: a type of Website where the goal is to get visitors to purchase goods
or services directly from the site.

Committed visitor index: key performance indicator that measures the percentage of visi-
tors that view more than one page or spend more than 1 minute on a site (these measure-
ments should be adjusted according to site type).

Content/media Website: a type of Website focused on advertising.

Conversion rate: key performance indicator that measures the percentage of total visitors
to a Website that perform a specific action.

Cost per lead (CPL): key performance indicator that measures the ratio of marketing ex-

penses to total leads and shows how much it costs a company to generate a lead.
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*  Customer loyalty: key performance indicator that measures the ratio of new to existing
customers.

*  Customer satisfaction metrics: key performance indicator that measures how the users
rate their experiences on a site.

*  Demographics and system statistics: a metric that measures the physical location and
information of the system used to access the Website.

e Depth of visit: key performance indicator that measures the ratio between page views and
visitors.

*  Electronic survey: method of data collection in which a computer plays a major role in
both the delivery of a survey to potential respondents and the collection of survey data from
actual respondents.

*  Ethogram: index of the behavioral patterns of a unit. An ethogram details the differ-
ent forms of behavior that an actor displays. In most cases, it is desirable to create an
ethogram in which the categories of behavior are objective, discrete, and not overlapping
with each other. The definitions of each behavior should be clear, detailed, and distin-
guishable from each other. Ethograms can be as specific or general as the study or field
warrants.

* Interactions: physical expressions of communication exchanges between the searcher and
the system.

* Internal search: a metric that measures information on keywords and results pages viewed
using a search engine embedded in the Website.

*  Key performance indicator (KPI): a combination of metrics tied to a business strategy.

* Lead generation Website: Website used to obtain user contact information in order to
inform them of a company’s new products and developments and to gather data for market
research.

* Logfile: log kept by a Web server of information about requests made to the Website in-
cluding (but not limited to) visitor IP address, date and time of the request, request page,
referrer, and information on the visitor’s Web browser and operating system.

* Log file analysis: method of gathering metrics that uses information gathered from a log
file to gather Website statistics.

*  Metrics: statistical data collected from a Website such as number of unique visitors, most
popular pages, etc.

*  New visitor: a user who is accessing a Website for the first time.

*  New visitor percentage: key performance indicator that measures the ratio of new visitors

to unique visitors.
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Online business performance management (OBPM): method of defining a site’s busi-
ness goals that emphasizes the integration of business tools and Web analytics to make
better decisions quickly in an ever-changing online environment.

Order conversion rate: key performance indicator that measures the percentage of total
visitors who place an order on a Website.

Page depth: key performance indicator that measures the ratio of page views for a specific
page and the number of unique visitors to that page.

Page tagging: method of gathering metrics that uses an invisible image to detect when a
page has been successfully loaded and then uses JavaScript to send information about the
page and the visitor back to a remote server.

Prospect rate: key performance indicator that measures the percentage of visitors who get
to the point in a site where they can perform the target action (even if they do not actually
complete it).

Referrers and keyword analysis: a metric that measures which sites have directed traffic to
the Website and which keywords visitors are using to find the Website.

Repeat visitor: a user who has been to a Website before and is now returning.

Returning visitors: key performance indicator that measures the ratio of unique visitors
to total visits.

Search engine referrals: key performance indicator that measures the ratio of referrals to a
site from specific search engines to the industry average.

Search log analysis (SLA): use of data collected in a search log to investigate particular
research questions concerning interactions among Web users, the Web search engine, or
the Web content during searching episodes.

Search log analysis (SLA) process: three stage process of collection, preparation, and
analysis.

Search log: electronic record of interactions that have occurred during a searching episode
between a Web search engine and users searching for information on that Web search
engine.

Single access ratio: key performance indicator that measures the ratio of total single access
pages (or pages where the visitor enters the site and exits immediately from the same page)
to total entry pages.

Stickiness: key performance indicator that measures how many people arrive at a home-
page and proceed to traverse the rest of the site.

Support/self-service Website: a type of Website that focuses on helping users find spe-

cialized answers for their particular problems.
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*  Survey instruments: a data collection procedure used in a variety of research designs.

*  Survey research: a method for gathering information by directly asking respondents about
some aspect of themselves, others, objects, or their environment.

*  Top pages: a metric that measures the pages in a Website that receive the most traffic.

*  Total bounce rate: key performance indicator that measures the percentage of visitors who
scan the site and then leave.

*  Trace data: measures that offer a sharp contrast to directly collected data. The greatest
strength of trace data is that it is unobtrusive. The collection of the data does not interfere
with the natural flow of behavior and events in the given context. Since the data is not
directly collected, there is no observer present in the situation where the behaviors occur to
affect the participants’ actions. Trace data is unique; as unobtrusive and nonreactive data,
it can make a very valuable research course of action. In the past, trace data was often time
consuming to gather and process, making such data costly. With the advent of transaction
logging software, trace data for the studying of behaviors of users and systems has become
popular.

*  Traffic concentration: key performance indicator that measures the ratio of number of
visitors to a certain area in a Website to total visitors.

*  Transaction log: electronic record of interactions that have occurred between a system
and users of that system. These log files can come from a variety of computers and systems
(Websites, OPAC, user computers, blogs, listserv, online newspapers, etc.), basically any
application that can record the user—system—information interactions.

* Transaction log analysis (TLA): broad categorization of methods that covers several sub-
categorizations, including Web log analysis (i.e., analysis of Web system logs), blog analy-
sis, and search log analysis (analysis of search engine logs).

*  Unique visit: one visit to a Website (regardless of if the user has previously visited the site);
an alternative to unique visitors.

*  Unique visitor: a specific user who accesses a Website.

*  Unobtrusive methods: research practices that do not require the researcher to intrude in
the context of the actors. Unobtrusive methods do not involve direct elicitation of data
from the research participants or actors. This approach is in contrast to obtrusive methods
such as laboratory experiments and surveys that require researchers to physically interject
themselves into the environment being studied.

*  Visitlength: a metric that measures total amount of time a visitor spends on the Website.

*  Visit value: key performance indicator that measures the total number of visits to total

revenue.
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Visitor path: a metric that measures the route a visitor uses to navigate through the Web-
site.

Visitor type: a metric that measures users who access a Website. Each user who visits the
Website is a unique user. If it is a user’s first time to the Website, that visitor is a new visitor,
and if it is not the user’s first time, that visitor is a repeat visitor.

Web analytics: the measurement of visitor behavior on a Website.

Web analytics: the measurement, collection, analysis, and reporting of Internet data for
the purposes of understanding and optimizing Web usage (http://www.webanalytics-
association.org/).
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CHAPTER 12

Blogs for Further Reading

Listed below are several practitioner blogs that offer current and insightful analysis on Web analytics.

*  Analytics Notes by Jacques Warren, http://www.waomarketing.com/blog

*  Occam’s Razor by Avinash Kaushik, http://www.kaushik.net/avinash/

*  SemAngel: Web Analytics and SEM Analytics by Gary Angel, http://semphonic.blogs
.com/

*  Web Analytics Demystified by Eric Peterson, http://blog.webanalyticsdemystified.com/
weblog/

*  Web Analytics Articles by Jim Sterne, http://www.emetrics.org/articlesbysterne.php



http://www.emetrics.org/articlesbysterne.php
http://www.kaushik.net/avinash/
http://semphonic.blogs.com/
http://semphonic.blogs.com/
http://blog.webanalyticsdemystified.com/weblog/
http://blog.webanalyticsdemystified.com/weblog/
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